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Abstract 

 

Machine learning in predictive toxicology: investigating developmental and 

reproductive toxicity with transfer learning 

Wang Wei How Marcus 

 

The toxicity of a compound has always been a major concern in risk assessments of new 

products or drugs. In the field of predictive toxicology, with animal testing being phased out  in 

some sectors, there is an urgent need for alternative methods for determining toxicity. An in 

silico method such as machine learning is one such popular choice given that the results can be 

obtained quickly with reasonable accuracy. Over the years, a number of machine learning 

models have been trained for various important human targets. However, machine learning 

models are limited by the quality of the data used to train them. In this work, the focus is on 

important toxicity endpoints that are being evaluated by next-generation risk assessments, 

including developmental and reproductive toxicity. Chapter 3 of this work investigates the use 

of Tanimoto similarity to determine the suitability of using transfer learning. It was found that 

when the predicted test accuracy (P) or the average similarity between datasets (S) is 70% or 

more, the machine learning model is likely to have high test accuracy when predicting on the 

test dataset. In Chapter 4, the creation of a new database for developmental and reprod uctive 

toxicity allows for newer machine learning models to be trained whose performances have been 

reported in this work. Models with about 68% accuracy for developmental toxicity and 80% 

for reproductive toxicity were trained. The suitability of transfer learning using the models for 

the two toxicity endpoints has also been investigated and several receptor bindings have been 

identified as possible mechanisms leading to developmental toxicity or reproductive toxicity. 
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Chapter 1: Thesis overview 

This thesis is about machine learning in predictive toxicology, with a focus on developmental 

and reproductive toxicity as well as transfer learning. In this chapter, an outline of the entire 

thesis is presented. 

Chapter 2 is a literature review of the recent background of machine learning in predictive 

toxicology, and also covers several key terminology and concepts used in the remainder of the 

work. For predictive toxicology, the reliable prediction of the toxicity of a compound has 

always been a major concern in risk assessments of new products or drugs. With animal testing 

being phased out, there is an urgent need for alternative methods for determining toxicity. 

Machine learning, an in silico method, is one such popular choice given that the results can be 

obtained quickly with reasonable accuracy. Over the years, a number of machine learning 

models have been trained for various important human targets. Chapter 2 summarises and 

compares the machine learning models used in predictive toxicology as well as describing the 

current difficulties of using machine learning in predictive toxicology. 

 

Chapter 3 of this work investigates the use of Tanimoto similarity to determine the suitability 

of using transfer learning between datasets of human targets such as AChE, ADORA2A, AR, 

hERG, SERT etc.. A total of 79 datasets for human targets were investigated in Chapter 3. A 

metric (S) using molecular fingerprints as features and the Tanimoto similarity between 

molecules which is a measure of the average similarity between two datasets was developed. 

This metric can be used to measure how similar two datasets are, even if the datasets are from 

different human targets. This has implications for the transferability of a machine learning 

model trained on the first dataset and used to predict the properties of molecules in the second 

dataset. It also represents a measure of the relationship between the human targets being 

investigated. It was found that when the predicted test accuracy (P) or the average similarity 

between datasets (S) is 70% or more, the machine learning model is likely to have high test 

accuracy when predicting on the test dataset. This allows for the possibility of using data from 

other targets to supplement a lack of data when using machine learning for modelling. 

 

In Chapter 4, a closer look is taken at modelling the binary classification of the general 

developmental toxicity and reproductive toxicity (DART) endpoint which is known to be 

highly complex. The largest known database for the prediction of the general DART endpoint 

containing 3245 compounds (1662 positives, 1583 negatives) has been newly constructed toaid 
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in this study. Compared to using older data, the new database offers users a more updated set 

of chemicals as well as providing a list of data sources in one place for ease of use. The new 

database allows for newer machine learning models for DART to be trained and their 

performances have been reported in this work. Best-performing models with about 68% 

accuracy for developmental toxicity and 80% for reproductive toxicity were trained. A 

consensus approach was also adopted to assist users in analysing if a prediction should be 

trusted or otherwise. The use of transfer learning also shows comparable results to models 

trained from scratch, indicating that there is reasonable overlap between developmental toxicity 

and reproductive toxicity. Finally, the predictions made by the models reported in this work 

can be applied for screening purposes or in next generation risk assessment frameworks where 

they could complement other methods in the protection of human health. 

 

Finally, Chapter 5 concludes this work and summarises the key findings demonstrated in this 

thesis. This chapter also gives some suggestions to further improve on the work done in this 

thesis as well as providing an outlook for the future. 
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Chapter 2: Machine learning in predictive toxicology; recent 

applications and future directions for classification models1 

2.1 Introduction 

Machine learning is a recent field that has advanced computational chemistry with numerous 

applications such as drug discovery, cheminformatics, and predictive toxicology.2-22 Machine 

learning generally involves building a model, training the model, performing validation, 

repeating training and validation until a suitable model is obtained, and finally testing the model 

on data not previously exposed to the model (Figure 1). The goal of a machine learning model 

is to pick out patterns from the input data, or generalise these data, and apply the results to 

unknown test data.4-6, 16-20, 22 

 

These models can be used for predictive toxicology, which is a field that revolves around in 

silico predictions of in vivo toxicological effects, such as for drug candidates or drugs,6, 10, 11, 

16, 23-27 consumer products,28 agrochemicals,29 and foods.30, 31 Historically, the toxicities of new 

chemicals were determined through in vivo studies, pre-clinical trials, and clinical trials.23-27, 32, 

33 ⁠ The toxicity of a drug or drug candidate should be determined before it reaches the market 

or before any clinical trials are performed, where there is a risk of causing severe adverse 

effects to humans.23, 24, 26, 27, 32-34 ⁠ However, determining the toxicity of new compounds is 

challenging due to a wide variety of potential metabolic products,34, 35 idiosyncratic effects 

which only occur in small parts of the population,24, 27, 33, 34 and the general complexity of in 

vivo systems.⁠ These difficulties in determining toxicity have resulted in drug withdrawals or 

 

 

Figure 1. Outline of machine learning. 
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drug candidates being terminated at the pre-clinical or clinical phase.23-27, 32-37 ⁠⁠ Generally, the 

drug attrition rate is reported to be about 90% to 95% for Phase I trials.31, 38 ⁠ Such a high failure 

rate only contributes to the high cost of drug development, which totalled $2.59 billion in the 

USA in 2014, and is expected to continue increasing in the future.39 ⁠ For these reasons, and due 

to ethical concerns and regulatory advances,40-42 there has been a shift towards the use of in 

silico methods for predicting the toxicity of compounds.31, 43-47 

 

In silico methods for predictive toxicology include algorithms such as machine learning, 

quantitative structure-activity relationship (QSAR), expert-based systems, and read-across.16, 

17, 20, 48-50 This thesis chapter focuses on machine learning in predictive toxicology, and cover 

a variety of toxicity endpoints, of which the main types are hepatotoxicity, 

carcinogenicity/genotoxicity/mutagenicity, and cardiotoxicity. The focus is on classification 

algorithms, which treat toxicity as an active/inactive question, rather than on regression models, 

which attempt to make quantitative predictions of toxicity. Several software packages have 

been developed for predictive toxicology such as Derek Nexus and the OECD QSAR 

Toolbox.51-54 ⁠ Machine learning models are generally treated as black boxes, and the decisions 

made by them are sometimes unclear, or at least unexplained. In contrast, some mechanistic 

QSAR models and expert systems can be understood and interpreted, although this is not true 

for all of them. Machine learning also has the advantage that it is often able to handle complex 

problems more effectively and scales well to many different tasks, as evidenced by the 

successes so far in predictive toxicology.6, 17-19, 21, 22, 55-57 

 

Some people consider machine learning algorithms as a type of QSAR, and some consider it 

to be different. In general, QSAR modelling refers to using a structure-activity relationship to 

model a qualitative or quantitative prediction of a label. On the other hand, machine learning 

refers to using a statistical technique to generalise the data, and obtaining predictions based on 

the model. In machine learning, structure-activity relationships can be used to model the data, 

which might give rise to confusion between the two types of modelling techniques. It is also 

noted that with machine learning, there are other features that can be used to model the data, 

which need not be the molecular structure.  

 

In predictive toxicology, common databases used to build datasets for machine learning models 

include ChEMBL, ToxCast, and PubChem.58-65 ⁠ These databases contain data for different 

groups of compounds. For example, ChEMBL has data for drug-like compounds while 
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ToxCast focuses more on industrial chemicals.60-64 Other sources of data include results 

provided by pharmaceutical companies, and data that can be extracted from published papers 

or the public domain.66-72 The data are subsequently processed for suitability as model input. 

For example, missing, invalid, or unnecessary data would usually be removed. Another part of 

data processing is related to working with imbalanced data which is common in machine 

learning.71-82 Several methods have been employed to balance the classes in the dataset to train 

good quality models.71-82 These methods, which usually involve oversampling, undersampling, 

or a combination of both are described in the literature.71-82 The checking and processing of the 

raw data, structure curation, as well as checking the quality of endpoint data, are essential steps 

that are often overlooked, which can result in poor models being developed.83, 84 If the machine 

learning model does not incorporate some form of interpretability in its architecture, these poor 

data could give rise to erroneous model performance.  

 

Once the dataset has been prepared, the next step is to build a machine learning model. Many 

papers have been published on the models used in machine learning and its use in predictive 

toxicology.4, 11, 14, 16-22, 48, 55, 85-88 In general, these models can be classified into three categories: 

supervised learning, unsupervised learning, and semi-supervised learning (Figure 2). 

 

Figure 2. Different categories of machine learning models. 

 

Supervised learning refers to models that are trained on a dataset containing known inputs 

(features) and outputs (labels).89-93 The model predicts the labels while the accuracy is defined 

as the difference between the predicted labels and the experimental labels. These models are 

usually used for classification purposes. Unsupervised learning refers to models that are trained 

on a dataset containing known features but unknown labels, and this is commonly used for 

clustering or pattern recognition.9, 91, 94-96 Lastly, semi-supervised learning aims to improve 
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model performance compared to the former two model categories by making use of both 

labelled and unlabelled data.93, 97-104 

 

In predictive toxicology, supervised learning is commonly used as it can classify the input data 

into different classes (binary or multi-class classification) or labels (multi-label 

classification).20, 47, 55, 93, 105, 106 For example, a supervised learning model can be used to predict 

reproductive toxicity given the molecular fingerprint of a compound.107 Supervised learning 

can also be used for regression-based tasks, such as for predicting the quantitative value 

associated with compound toxicities.108 In contrast, unsupervised learning and semi-supervised  

learning are less commonly used in predictive toxicology.  

 

The thesis chapter focuses on supervised machine learning in predictive toxicology, with 

several model types that have been used in predictive toxicology being analyzed. These model 

types will be introduced in order of increasing complexity: 

1. Regression models 

2. k-nearest neighbours (kNNs) 

3. Decision trees (DTs) 

4. Naive Bayes (NB) 

5. Support vector machines (SVMs) 

6. Random forest (RF) and ensemble learning 

7. Neural networks (artificial neural networks (ANNs), deep neural networks (DNNs), 

Convolutional neural networks (CNNs)) 

 

In this chapter, I look at the overall situation, as well as a more focused analysis on some 

toxicity endpoints, building on earlier reviews on machine learning models in predictive 

toxicology.13, 19, 57  

 

In predictive toxicology, chemical structures are usually represented by features that can be 

processed by machine learning methods.55 This can either take the form of molecular 

descriptors, molecular fingerprints, or both.55 Molecular descriptors include features such as 

atom count, logP (the logarithm of the partitioning coefficient between n-octanol and water, 

used as a quantitative measure of lipophilicity), solubility etc., and are commonly obtained 

using cheminformatics toolkits.55 Molecular fingerprints represent the molecule as a binary 

string, with each bit in the string corresponding to the fragments or substructures in the 
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molecule and the bit value representing the absence or presence of that fragment or 

substructure.55 More detailed explanations of this subject can be found in the literature.18, 21, 55, 

79, 95, 109-126 In predictive toxicology, commonly used molecular fingerprints include MACCS 

(Molecular ACCess System) and extended-connectivity fingerprints (ECFPs) such as Morgan 

fingerprints.110, 127-129  

 

Finally, to determine the reliability of the results and the quality of these models, validation 

methods such as hold-out validation, k-fold cross-validation, or leave-one-out cross-validation 

are used.6, 13, 19, 122-124, 130-136 Using validation methods to test the models allows for the 

assessment of the models’ robustness and the reliability of the results obtained. The choice of 

validation method varies depending on the individual and task due to their inherent advantages 

and disadvantages. Another part of machine learning: performance measures and metrics have 

also been reviewed in the literature.21, 55, 73, 105, 125, 137, 138 

 

2.2 Validation methods 

2.2.1 Hold-out validation 

Hold-out validation refers to a method where the dataset is split into a training and test set 

(Figure 3A).122, 124 The data which has been partitioned into the training set is subsequently 

used for training the model and it is validated by calculating performance statistics using the 

test set. In the case where the test set is independent of the data used for building the model, 

this is known as external or independent validation. Generally, the test set contains around 20% 

of the total dataset. In some cases, the data are split into three partitions to prevent 

hyperparameter bias. The training set is used for training, the validation set for hyperparameter 

tuning and the test set for final performance review. 

 

2.2.2 k-Fold cross-validation 

k-fold cross-validation refers to a method where the dataset is split into k groups (Figure 3B), 

with k being chosen based on the dataset.123, 124, 130, 133, 136 Commonly used values of k include 

5 or 10. One of the groups is set aside as the test set while the model is trained on the remaining 

groups. This process is repeated iteratively until all groups have been chosen to be the test set 

once. Model performance is taken to be the average of the test set performance over all groups. 
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2.2.3 Leave-one-out cross-validation 

Leave-one-out (LOO) cross-validation is a special case of k-fold cross-validation, where the 

number of groups equals the number of data points (Figure 3C).109, 115, 134, 135 

 

Regarding the model training process and evaluation, LOO cross-validation follows the process 

as described earlier in k-fold cross-validation. Model performance using this validation method 

is similarly taken to be the average across all runs. Generally, LOO cross-validation is the most 

computationally expensive due to the large number of training cycles required, while the model 

also tends to overestimate performance. LOO cross-validation is best used for small datasets 

to offset these disadvantages. 

 

Figure 3: Common validation methods used in machine learning. (A) Hold-out validation, (B) 

k-fold cross-validation, (C) Leave-one-out cross-validation. 

 

2.2.4 Leave-many-out cross-validation 

Leave-many-out cross-validation (LMO-CV), also known as Monte Carlo resampling, or 

bootstrapping, is another cross-validation technique that is used in the field of machine 

learning.139, 140 It involves leaving out all possible subsets of m examples of the data.140 In a 

similar fashion to LOO cross-validation, in LMO-CV the training data are split into two 

subsets: a subset of m examples which is used for validation and a subset of (n-m) examples 

for training the model.140 In total, there are 𝐶𝑛
𝑚 splits that can be carried out on the training 

examples.140 LMO-CV carries out this procedure on all possible 𝐶𝑛
𝑚 cases, resulting in an 

exhaustive procedure that is computationally expensive.140 
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2.2.5 Monte Carlo cross-validation 

Another validation technique used in machine learning is Monte Carlo cross-validation 

(MCCV). This method randomly split the samples into two parts Sc(i) (of size nc) and Sv(i) (of 

size nv), and this procedure is repeated N times (i = 1, 2, …, N), where nc and nv are the number 

of samples in the calibration set and validation set respectively.141 This is defined in equation 

(1):141 

𝑀𝐶𝐶𝑉𝑛𝑣(𝑘) = 1𝑁𝑛𝑣 ∑ 𝑖 = 1𝑁‖𝑦𝑆𝑣(𝑖) − 𝑦̂𝑆𝑣(𝑖)‖
2
       (1) 

MCCV reduces the computational complexity drastically because of the reduction in the 

number of samples.141 In general, N = n2 is sufficient for MCCVnv to perform as well as CVnv 

(cross-validation).141 As compared to LOO cross-validation, MCCV has a larger probability to 

choose the correct number of components in a model.141 For the dataset, in order to obtain a 

larger probability using MCCV, the lesser the number of samples is required for validation.141 

 

2.3 Search protocol 

All references for the machine learning models (Table 3) were obtained by searching the first 

50 pages of results in Google Scholar using the model type, the keywords “machine learning” 

and “toxicity”, and the default settings, with all results being sorted by relevance. Each hit was 

manually checked to ensure relevance to the topic. The year range was restricted to 2010-2020 

to obtain the most recent developments. QSARs, expert-based systems, read-across methods, 

and preprints were excluded from the results. The most recent search was conducted in March 

2020.  

 

A similar search was performed with the Web of Knowledge (Web of Science Core Collection) 

using the same keywords and the default settings. The results from the Web of Knowledge 

were refined with the same criteria used with Google Scholar. It was found that there were 

fewer hits from the Web of Knowledge compared to the search performed using Google 

Scholar with the hits from Web of Knowledge generally being included in the search from 

Google Scholar (Table 1). Some of the hits from the Web of Knowledge are not included in 

the hits from the first 50 pages Google Scholar, perhaps due to the references lacking the 

keywords specified during the search, or the ordering of the hits in Google Scholar which 

caused some of the hits to be outside the first 50 pages. Additionally, the references found using 

Google Scholar were also searched in the Web of Knowledge using the title as the search 

criteria and the results are recorded in Table 1. In order to give a more complete picture of the 
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developments in the field, the hits from the Web of Knowledge are also included in the analysis. 

This search protocol generated a total of 43 references which are listed in Table 3.10, 18, 47, 142-

181   

 

Table 1. Comparison of literature searches in Google Scholar and Web of Knowledge for the 

year range 2010-2020. 

Machine 

learning 

method 

Total number 

of papers from 

both 

databases* 

Number of 

papers 

found 

during 

Google 

Scholar 

search 

Number of 

papers found 

during Web of 

Knowledge 

search 

Number of 

identical 

papers found 

in both 

databases’ 

search 

Number of 

papers from 

Google Scholar 

found in Web of 

Knowledge 

Regression 

models 
2 2 1 1 2 

kNNs 8 6 4 2 6 

Decision trees 5 2 4 1 1 

NB 14 9 5 0 9 

SVMs 15 10 8 3 10 

Ensemble 

learning and 

RF 

13 9 9 5 9 

Neural 

networks 
13 10 5 2 9 

Total 70 48 36 14 46 

*Papers with multiple machine learning methods are counted as belonging to the groups they appear in when they are searched. 

This means that the papers can be counted multiple times and thus the overall total in the table includes this result. 

 

In order to find out if there has been a shift in the situation since 2000-2009, papers were 

searched using the same criteria as Table 1 while restricting the year range to 2000-2009 with 

the results being presented in Table 2. However, to speed up the search, only the titles and the 

abstracts of the papers were considered during the searching process unlike the results in Table 

1 where the results were verified manually. This is in line with the intention to estimate the 

situation for the year range 2000-2009. 
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Table 2. Comparison of literature searches in Google Scholar and Web of Knowledge for the 

year range 2000-2009.  

*Papers with multiple machine learning methods are counted as belonging to the groups they appear in when they are searched. 

This means that the papers can be counted multiple times and thus the overall total in the table includes this result. 

 

It was also generally observed that the total number of results using Google Scholar for 2000-

2009 is significantly less than 2010-2020 (eg. ca. <1000 compared to >10000 for SVM, 1610 

vs. 15600 for neural networks). Therefore, it can be concluded that there has been a general 

increase in the number of papers published for the field of predictive toxicology for the year 

range 2010-2020. This can also be seen in Figure 4 which shows the changes in the number of 

papers over the year ranges used for the search criteria. 

 

Machine 

learning 

method 

Total number 

of papers from 

both 

databases* 

Number of 

papers found 

during Google 

Scholar search 

Number of 

papers found 

during Web of 

Knowledge 

search 

Number of 

identical 

papers found 

in both 

databases’ 

search 

Number of 

papers from 

Google 

Scholar found 

in Web of 

Knowledge 

Regression 

models 
6 5 1 0 5 

kNNs 3 2 1 0 2 

Decision trees 3 3 1 1 3 

NB 3 2 1 0 2 

SVMs 9 5 4 0 4 

Ensemble 

learning and 

RF 

3 2 1 0 2 

Neural 

networks 
8 6 3 1 5 

Total 35 25 12 2 23 
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Figure 4. Comparison of results obtained using the search protocol over the year ranges 

specified. 

 

However, compiling an exhaustive list of relevant articles on this topic when using this search 

criteria has limitations. This is because articles can list the names of machine learning methods 

used without explicitly indicating that they represent machine learning and vice versa. For 

example, it was observed during the search process that titles of papers generally do not include 

the machine learning method used i.e. They just specify “machine learning” while the machine 

learning method used is usually specified in the abstract of the paper. A similar situation would 

also apply for the toxicity endpoints and terms. Such limitations would result in papers being 

missed or papers being counted wrongly if they are not checked manually for relevance, which 

is time-consuming. Therefore, to supplement the results of the search criteria obtained in Table 

1 and Table 2, several papers obtained using a manual search which have a significant impact  

in the field of predictive toxicology have been chosen to be highlighted.  

 

In particular, the Tox21 program, which was developed in accordance with the National 

Research Council’s vision of testing toxicity in the 21st century.182, 183 The large amount of 

publicly accessible data generated due to the collaboration of many institutions have promoted 

the development and use of high-throughput screening assays.182, 183 In this chapter, Table 3 

shows the results obtained by the search which generally involves predicting the toxicity of 

drug or drug-like compounds; in other words, pharmaceuticals. As compared to 

pharmaceuticals which is the focus in recent times (Table 3), Tox21/ToxCast is different 
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because the focus is on environmental chemicals.182, 183 Several successful machine learning 

models have also been built using Tox21/ToxCast data, which have demonstrated the potential 

of these data in predictive toxicology.143, 184-188   

 

One paper to be highlighted is ToxPrint which is a widely used set of structural features from 

molecules in toxicity databases that can be represented as chemical fingerprints.144, 189 This was 

developed by Yang et al in 2015 and is based on various toxicity prediction models and safety 

assessment guidelines by several institutions including the Food and Drug Administration.144, 

189 ToxPrint has also begun to be used with machine learning models, including a recent study 

predicting estrogen binding.190   

 

Another paper to be highlighted involves XGBoost. XGBoost is a scalable tree boosting 

method used in machine learning, and has received recognition in numerous data mining and 

machine learning challenges.191 XGBoost is highly scalable in all scenarios which has 

contributed to its success in machine learning.191 Further details can be found in the work by 

Chen et al 2016.191 

 

Table 3: A summary of the results of all machine learning methods. 

No. 

Machine 

learning 

method 

Toxicity 

endpoint 

Accuracy 

(%) 

AUC 

(%) 

SE 

(%) 

SP 

(%) 

Validation 

type 

Dataset 

size 

Reference 

Number 

1 
Regression 

(Linear) 
Cardiotoxicity - 75 - - 10-fold 1917 

162 

2 
Regression 

(Ridge) 
Cardiotoxicity - 77 - - 10-fold 1917 

162 

3 

Regression 

(Partial least 

square) 

Molecular 

toxicity 
82 - - - Hold-out 2849 

173 

4 kNN Aquatic toxicity 84 92 84 85 10-fold 1005 
177 

5 kNN Carcinogenicity - - 84 84 External 661 
178 

6 kNN Cardiotoxicity 82 78 82 57 External 206 
179 

7 kNN Genotoxicity 86 93 80 90 5-fold 576 
180 

8 kNN Hepatotoxicity 62 52 91 20 External 978 
181 

9 kNN Hepatotoxicity 78 - 79 76 10-fold 1274 
142 

10 kNN Hepatotoxicity - - 
62 ± 

20 

92 ± 

14 
10-fold 288 

143 

11 kNN Organ toxicity - - 
92 ± 

8 

78 ± 

6 
5-fold - 

144 
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12 DT 
Food-related 

toxicity 
0.23

+
 - - - 10-fold 94 

175 

13 DT Genotoxicity 82 81 75 87 5-fold 576 
180 

14 DT Hepatotoxicity 89* - - - 10-fold 575 
176 

15 DT Hepatotoxicity - - 
74 ± 

16 

94 ± 

5 
10-fold 288 

143 

16 DT Organ toxicity - - 
89 ± 

12 

76 ± 

7 
5-fold - 

144 

17 NB Aquatic toxicity 77 81 70 84 10-fold 1005 
177 

18 NB Carcinogenicity 68 ± 2 - 
60 ± 

8 

75 ± 

10 
5-fold 834 

145 

19 NB 
Developmental 

toxicity 
83 - 90 67 5-fold 232 

146 

20 NB Genotoxicity 85 90 89 81 5-fold 576 
180 

21 NB Hepatotoxicity - - 73 73 5-fold 336 
147 

22 NB Hepatotoxicity - - 
70 ± 

15 

85 ± 

7 
10-fold 288 

143 

23 NB Immunotoxicity - 78 73 70 Hold-out 44615 148 

24 NB 
Mitochondrial 

toxicity 
81 ± 1 - 

88 ± 

4 

77 ± 

4 
5-fold 226 

151 

25 NB Mutagenicity 90.9 ± 0.3 - 
39 ± 

4 

95 ± 

1 
5-fold 5159 

149 

26 NB Mutagenicity 65 - - - 10-fold 3903 
150 

27 NB Myelotoxicity 82 ± 3 - 
76 ± 

6 

84 ± 

3 
External 727 

152 

28 NB Nephrotoxicity - - 62 78 
Stratified 3-

fold 
27 

153 

29 NB 
Respiratory 

toxicity 
84 - 84 85 5-fold 993 

154 

30 NB 
Urinary tract 

toxicity 
84 - 84 85 5-fold 173 

155 

31 SVM 
Acute oral 

toxicity 
90 - - - External 8102 

47 

32 SVM Acute toxicity 70 72 85 59 External 321 
156 

33 SVM Aquatic toxicity 89 94 89 89 10-fold 1005 
177 

34 SVM Carcinogenicity - - 73 79 External 499 
10 

35 SVM Carcinogenicity 68 ± 3 73 ± 3 
65 ± 

5 

72 ± 

5 
5-fold 802 

157 

36 SVM Carcinogenicity 78 - 84 74 External 661 
178 

37 SVM Cardiotoxicity 86 72 88 29 External 206 
179 

38 SVM Cardiotoxicity 87 - 90 74 10-fold 1501 
158 

39 SVM Genotoxicity 89 95 92 84 5-fold 576 
180 
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40 SVM Hepatotoxicity - - 
58 ± 

16 

99 ± 

6 
10-fold 288 

143 

41 SVM Hepatotoxicity 75 61 93 38 External 978 
181 

42 SVM Hepatotoxicity 83 89 93 68 External 1731 
159 

43 SVM Mutagenicity 72 - 69 74 10-fold 1696 
160 

44 SVM Nephrotoxicity - - 79 84 
Stratified 3-

fold 
27 

153 

45 SVM Ototoxicity 85 - 82 92 External 536 
161 

46 
Ensemble 

learning/RF 
Aquatic toxicity 86 93 83 89 10-fold 1005 

177 

47 
Ensemble 

learning/RF 
Carcinogenicity 70 ± 3 77 ± 3 

67 ± 

5 

73 ± 

4 
5-fold 802 

157 

48 
Ensemble 

learning/RF 
Carcinogenicity 74 - 65 80 Hold-out 661 

178 

49 
Ensemble 

learning/RF 
Carcinogenicity 68 ± 3 74 ± 3 

64 ± 

5 

73 ± 

4 
5-fold 802 

157 

50 
Ensemble 

learning/RF 
Cardiotoxicity 82 94 65 98 10-fold 2901 

163 

51 
Ensemble 

learning/RF 
Cardiotoxicity 97 - - - External 522 164 

52 
Ensemble 

learning/RF 
Genotoxicity 94 96 95 93 External 576 

180 

53 
Ensemble 

learning/RF 
Hepatotoxicity 69 ± 3 75 ± 3 

76 ± 

3 

62 ± 

5 
5-fold 993 

166 

54 
Ensemble 

learning/RF 
Hepatotoxicity 74 79 - - 10-fold 281 

165 

55 
Ensemble 

learning/RF 
Hepatotoxicity - - 

58 ± 

15 

97 ± 

5 
10-fold 288 

143 

56 
Ensemble 

learning/RF 
Hepatotoxicity 71 ± 3 76 ± 2 

80 ± 

4 

60 ± 

5 
5-fold 1117 

166 

57 
Ensemble 

learning/RF 
Hepatotoxicity 73 - 77 66 10-fold 1274 

142 

58 
Ensemble 

learning/RF 
Nephrotoxicity - - 89 75 10-fold 30 

167 

59 NN (ANN) Acute toxicity - 70 100 53 External 321 
156 

60 NN (ANN) Aquatic toxicity 88 94 87 89 10-fold 1005 
177 

61 NN (ANN) Genotoxicity 87 94 91 82 5-fold 576 
180 

62 NN (ANN) Hepatotoxicity 82 - 71 98 External 475 
169 

63 NN (ANN) Mutagenicity 60 - 40 81 10-fold 1696 
160 

64 NN (ANN) Mutagenicity 80 87 84 75 5-fold 6094 
170 

65 NN (DNN) Cardiotoxicity 93 97 93 91 Hold-out 3954 
168 

66 NN (DNN) Cardiotoxicity 98 - - - External 522 
164 

67 NN (DNN) General - 84 - - External 11764 
18 
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68 NN (DNN) Hepatotoxicity 81 - 82 80 External 475 
169 

69 
NN (Graph 

CNN) 
Cardiotoxicity - 96 - - - 3954 

168 

70 NN (CNN) General - 78 - 100 - 10588 
171 

71 NN (CNN) General - 85 - - - 7438 
172 

72 NN (CNN) Hepatotoxicity 63 62 64 62 - 7630 
174 

*corrected classification rate (CCR) used instead of accuracy. 

+Error between the predicted value vs. the actual value was used instead of accuracy. 

 

2.4 Model types 

2.4.1 Regression models 

A regression task involves predicting a numerical response variable using several predictor 

variables by learning a model that minimises the loss function.192 ⁠ First, a distinction is made 

between regression models and support vector regression (SVR), which is an application of 

support vector machines (SVM), and will be covered in a later section of this chapter. Also, in 

the literature, kernel functions are sometimes referred to as regression models. In this chapter, 

a distinction is made between the two: the term kernel functions will be reserved for the SVMs 

while regression models will be discussed in this section. 

 

Regression models, which are statistical models, can be broadly classified as linear regression 

and non-linear regression. These include linear, multivariate linear, polynomial, stepwise, 

ridge, and least absolute shrinkage and selection operator (LASSO).193-208 These regression 

models are used for quantitative predictions unlike the standard classification models. 

Examples of these quantitative characteristics of toxicity include LD50, LC50, IC50, and EC50. 

While linear regression models have low computational cost, their linear nature limits their 

ability to model complex problems, unlike non-linear regression models.87, 209, 210 However, 

using non-linear regression models will increase the computational cost. 

 

In predictive toxicology, regression functions have been employed in several works. These 

models, as well as all machine learning methods in this chapter, will be measured by 

performance metrics which include accuracy (Q), sensitivity (SE), specificity (SP), and area 

under the receiver operating characteristic curve (AUC). Even though the accuracy was chosen 

as the performance metric for regression model types, it is acknowledged that R2 and root-

mean-square error (RMSE) are more adequate performance metrics to gauge the quality of the 

model. However, in line with an intention to give an estimate of the performance of regression 
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models as compared to the other machine learning methods, accuracy which is a common 

performance metric used in machine learning was used. Table 3, entries 1 – 3, summarizes the 

recent performance of several regression models across different toxicity endpoints. 

 

2.4.2 k-Nearest neighbours (kNNs) 

kNN is a non-parametric classifier where the test sample is assigned a class label based on the 

most frequently occurring class label among the k-nearest neighbours.211-213⁠ A proximity 

measure, such as Euclidean distance or Manhattan distance, is used to define the k-nearest 

neighbours to each test sample.211-213 ⁠ All samples are represented by points in an n-dimensional 

feature space, while the neighbours are taken from a set of objects for which the correct 

classification or value is known.212 ⁠  

 

More formally, the k-nearest neighbours algorithm is defined as follows: Given a collection of 

incomplete/unlabelled test data {(𝑥𝑖 ,𝑦𝑖), 𝑖 =  𝑛 +  1,… , 𝑛 +  𝑚}, the problem amounts to 

predicting the class labels for 𝑦∗ =  {𝑦𝑛+1, …  , 𝑦𝑛+𝑚} with corresponding feature vectors 𝑥 ∗ =

 {𝑥𝑛+1, … , 𝑥𝑛+𝑚 }.211, 214⁠ Thus, the k-nearest neighbours algorithm amounts to classifying an 

unlabelled yn+1 as the most common class among the k-nearest neighbours of xn+1 in the training 

set {(𝑥𝑖 ,𝑦𝑖), 𝑖 =  1,…  ,𝑛}.211, 212, 214 ⁠ In the algorithm, the value of k is typically a positive 

integer, usually small (such as k = 1), or is chosen based on leave-one-out cross-validation.211, 

212, 214, 215  

 

If the value of k chosen is too small, it might result in overfitting while if the value of k is too 

large, it might result in misclassification.212 While kNN is easy to implement and often gives 

good performance, it is heavily dependent on the classification accuracy of the test class labels 

as well as the value of k.214 ⁠ Samsudin et al has also outlined several improvements to kNN in 

the literature.213 Table 3, entries 4 – 11, summarizes some of the results achieved by kNN 

models. 

 

2.4.3 Decision trees (DT) 

A decision tree is a tree-structured classifier consisting of a root, nodes, and leaves where each 

node has only one unique path from the root. The decision that the classifier makes at each 

node is based on decision rules, which depends on the features of the data used. Several papers 

have explained DTs in great detail and will not be reproduced here.216-218 Furthermore, in a 
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later section, random forest which is an ensemble of decision trees will also introduce the basics 

of decision trees. 

 

DTs have the advantage of model interpretability because the decision rules can be retrieved 

from the model for each result, unlike complex models like neural networks where each node 

is based on all of the nodes in the previous layer. However, due to the design of the tree, it is 

easier for errors to accumulate at each level, and thus a compromise on accuracy and efficiency 

has to be reached. 

 

In predictive toxicology, decision trees are not commonly used as evidenced by the data from 

Table 1 and Table 2. This could be because the toxicity endpoints are complex and thus a 

simple model cannot generalise all the patterns in the data. Table 3, entries 12 – 16, summarizes 

some of the results achieved by DT models. 

 

2.4.4 Naive Bayes (NB) 

In Bayesian classification, the given data are hypothesized to belong to a particular class.219 

The probability that the hypothesis is true is then calculated.219 Another way to describe the 

Bayesian classifier is shown in equation (2), where the Bayesian classifier is defined as 

obtaining the posterior probability P(Ci | A1, …, An) of each class Ci, using Bayes rule.220, 221 

 

               𝑃(𝐶𝑖 ∣ 𝐴1, . . . , 𝐴𝑛) = 𝑃(𝐶𝑖)𝑃(𝐴1 ∣ 𝐶𝑖) … 𝑃 (𝐴𝑛 ∣ 𝐶𝑖) 𝑃⁄ (𝐴)         (2) 

This equation makes the simplifying assumption that given the class, the attributes, A, are 

independent and thus the likelihood can be obtained by the product of the individual conditional 

probabilities of each attribute.220, 221 This is called a naive Bayes (NB) classifier. 

 

Naive Bayes models are efficient, generally robust and have high accuracy.220, 221 However, the 

NB model classification accuracy decreases when the attributes are not independent.220⁠ Also, 

NB models cannot deal with non-parametric continuous attributes.220 ⁠ Some improvements such 

as feature selection have been carried out to tackle these issues.222 Additional details about 

these improvements can be found in the literature.220, 222-225 Table 3, entries 17 – 30, shows the 

results obtained for NB models in predictive toxicology. 
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2.4.5 Support vector machines (SVM) 

The next model type to be introduced is SVM, which was introduced by Vapnik et al.226 It is 

based on the structural risk minimization principle which was developed from statistical 

learning theory.226-230 Vapnik et al state that the basis of the principle is to control the Vapnik–

Chervonenkis dimension (VC-dimension) to minimise the guaranteed risk, which is the sum of 

the empirical risk and the confidence interval.227 This, however, involves a trade-off as the 

minimum empirical risk decreases while the confidence interval increases as the VC-dimension 

increases.227 Yan et al describes this in another way, which is that SVMs, which are maximum 

margin classifiers, simultaneously minimize the empirical classification error and maximize 

the geometric margin.228 

 

According to Vapnik et al, an SVM maps the input vectors into some high dimensional feature 

space Z through some non-linear mapping chosen a priori.226 This allows a hyperplane to be 

constructed between the data points, where there is a margin of separation between the two 

classes.226 If the training data cannot be separated with error, the algorithm would separate the 

training set with a minimal number of errors, which results in a soft margin SVM.226 

 

SVMs usually results in a feature space where the data are linearly separable, even when the 

initial feature space is non-linear. In the case of a linear classifier, the feature space is separated 

by a hyperplane with equation (3), where w is the weight vector, x is the input vector, and b is 

the bias (Figure 5).21, 226, 231-233 

 

          𝑤𝑇 ⋅ 𝑥 + 𝑏 = 0        (3) 

The geometric margin is thus represented by the constraints shown in (4) and this is shown in 

Figure 5 as the boundary lines running parallel to the hyperplane.21, 226, 231-233 

                                 𝑤𝑇 ⋅ 𝑥 + 𝑏 {
≥ 1 𝑤ℎ𝑒𝑛 𝑦𝑖 = +1

   ≤ −1 𝑤ℎ𝑒𝑛 𝑦𝑖 = −1
     (4) 

 

To construct a linear SVM classifier for a non-linear feature space, kernels such as a Gaussian, 

radial basis function, or polynomial types are used.10, 160, 229, 234-239 These kernels are functions 

that work by mapping the input data which is linearly non-separable into a higher dimensional 

space where the data are linearly separable.10, 234 A hyperplane can thus be constructed that 

separates the two classes, resulting in a situation similar to a linear classifier. 
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It is known that SVMs are good at pattern recognition, can generalise well, and can handle 

high-dimensional data.226, 229, 231, 240 However, the drawbacks of SVMs include difficulty in 

choosing an appropriate kernel and being time-consuming for large datasets.234, 236, 240 

Improvements have been made to counter these drawbacks. For example, SVMs such as the 

 

generalised eigenvalue proximal support vector machine (GEPSVM) and twin support vector 

machine (TWSVM) have been developed to reduce the time consumed.241-243 These SVMs 

work by constructing two non-parallel hyperplanes instead of a single hyperplane, effectively 

reducing the quadratic programming problem (QPP) required to generate the hyperplane(s) 

from a single large QPP to two smaller QPPs.241-243 Also, multiple kernel functions have been 

developed which can handle complex classification problems better by adapting better to the 

characteristics of the data.244-247 In recent years, several SVMs have been used in predictive 

toxicology. These results are tabulated in Table 3, entries 31 – 45. 

 

 

Figure 5. A representation of an SVM with linearly separable classes. 

 

2.4.6 Random forest (RF) and ensemble learning 

A review by Sagi et al provides a comprehensive survey of ensemble learning.248 In this 

chapter, some of the ideas by Sagi et al will be introduced in this section as a general 

introduction to this machine learning method. There are also other reviews on ensemble 

learning.249-255 In this chapter, a general overview on ensemble learning will be given before 

focusing on RF as it a popular machine learning method used in predictive toxicology.  
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Ensemble learning refers to methods that combine multiple inducers to make a decision, 

typically in supervised machine learning tasks.248 An inducer, or base-learner, is an algorithm 

that takes a set of labelled examples as input and produces a model that generalises these 

examples.248 ⁠ By combining multiple models, the error of a single inducer will likely be 

compensated by other inducers, which leads to better overall performance as compared to a 

single inducer.248 In other words, the predictive performance of an ensemble learning model 

cannot be lower than the predictive performance of each model making up the ensemble.248 

 

More formally, the ensemble learning method can be represented as follows: Given a dataset 

of n examples and m features, D = {( xi , yi )}( | D | = n,  xi ∈ Rm , yi ∈ R), an ensemble learning 

model φ uses an aggregation function G that aggregates K inducers, { f1 , f2 , … , fk } towards 

predicting a single output.248 ⁠ This is represented by equation (5).248 ⁠ 

 

                                         𝑦𝑖̂ = 𝜑(𝑥𝑖) = 𝐺(𝑓1, 𝑓2 , . . . ,𝑓𝑘)     (5) 

In an ensemble method, there exist two main types of frameworks.248 The dependent 

framework is one where the inducer’s output affects the construction of the next inducer.248⁠ In 

contrast, the independent framework each inducer is built independently from other inducers.248 

For instance, popular ensemble methods such as AdaBoost, bagging, and random forest (RF) 

are examples of dependent, dependent, and independent frameworks respectively.248  

 

Ensemble learning methods are generally able to handle class imbalance, concept drift, and the 

curse of dimensionality better as compared to their machine learning counterparts.248 Also, 

these methods tend to avoid overfitting as different hypotheses are averaged to give the final 

result.248 ⁠ Moreover, ensemble learning methods decrease the risk of finding a local minimum 

while also giving a better representation of the data.248 ⁠ 

 

However, even with these numerous advantages, there are some considerations when building 

an ensemble learning model. This includes the individual method’s suitability towards the data, 

difficulty in interpreting the output of the ensemble learning model, the software availability, 

and the usability, and, sometimes, computational cost.248 As ensemble learning methods are 

built up of multiple models, it follows that the total computational cost will at least be 

equivalent to running each model separately. It is thus likely that significant computational 

resources need to be allocated to train an ensemble learning method for results to be obtained 
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within a reasonable time limit. Improvements to ensemble learning methods are also covered 

in the review by Sagi et al.248 

 

Even though ensemble learning uses a general approach eg. Bagging, the intention is to give 

an estimate of the performance of models that use these general approaches as compared to 

concrete machine learning methods like RF. Ensemble learning can be interpreted as a group 

of algorithms eg. Bagging and a machine learning method, or as a group of machine learning 

models eg. NB and neural networks. Thus, care should be taken when comparing performance 

metrics of ensemble learning methods to other machine learning methods. It should also be 

noted that RF is a special case because it is made up of an ensemble of decision trees and is 

thus treated as a concrete machine learning method. Next, RF will be covered in more detail 

while details on the other two methods can be found in the literature.255-260 

 

Breiman introduced RF in 2001 as a classifier that is made up of multiple tree-structured 

classifiers (decision trees) {h(x, θk), k = 1, ...} where the {θk} are independent identically 

distributed random vectors, and each tree casts a unit vote for the most popular class at input 

x.114, 261 Each RF consists of a root, nodes and leaves, with each split representing two branches 

at each node. (Figure 6). Each node in an RF represents the decision made by the model which 

is based on a subset of the available features while the leaves represent the outputs of the RF.114, 

261-263 These outputs, which are predictions of each tree, are combined by taking the most 

common prediction across all trees.112, 261, 262 

 

Figure 6. A random forest with two decision trees. The two colours represent the positive or 

negative decision made at each split. 

 

To build an RF for machine learning, an algorithm has to be chosen. One common algorithm 

used in literature was developed by Breiman and uses the Bagging principle together with 

random feature selection.114, 261 Each tree in the RF is grown by randomly drawing N samples 
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from the original training set with replacement, also known as bootstrapping which is then used 

to build the tree.114, 261 For each node of the tree, a portion of features from the original feature 

space is randomly drawn without replacement, among which the best split is selected.114, 261 

Throughout the process, no pruning of the tree is performed.114, 261 

 

Building an RF also requires that one considers pruning as well as the number of trees. Pruning 

refers to removing nodes in the RF-based on a criterion which simplifies the RF.263, 264 On the 

other hand, the number of trees in an RF affects the generalization of the model.114, 261 However, 

it was found that above 10000 trees using Adaboost, or 100 trees for a well-defined value of 

the number of random features pre-selected in the splitting process using the Forest-RI method, 

adding more trees does not improve performance.114, 261 

 

RFs have several advantages such as they can minimise the issue of overfitting, are resistant to 

noise with some algorithms, can handle high-dimensional data well, having the ability to ignore 

irrelevant descriptors, and being interpretable in terms of the decision rules made.112, 265, 266 RFs 

are also known to keep the benefits afforded by DTs while achieving better results most of the 

time.266 On the contrary, the disadvantages of RF include being susceptible to bias when there 

are dominant features, as well as placing more emphasis on the correlation among smaller 

groups of features.267 

 

A review by Fawagreh et al in 2014 has covered some of the recent advancements in RF.268 

They mention in the review that the performance of the RF can be improved through the use 

of different voting methods, or by implementing a weighting scheme for the features or for 

discarding trees.268 Another review by Rokach in 2016 on decision forests (including RFs) 

introduces the models, the methods to construct them, and surveys the state-of-the-art methods 

in the field.249 Next, Table 3, entries 46 – 58, summarizes the results of RFs and ensemble 

learning used in predictive toxicology.  

 

2.4.7 Neural networks (artificial neural networks (ANNs), deep neural networks (DNNs), 

convolutional neural networks (CNNs)) 

Neural networks (NNs) can generally be divided into three groups, namely artificial neural 

networks (ANNs), deep neural networks (DNNs), and convolutional neural networks (CNNs). 

In this chapter, ANNs and DNNs will be elaborated in more detail first as they as similar, 

following which CNNs will be explained in more detail. 
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In recent times, artificial neural networks (ANNs) which excel at pattern recognition and 

classification have been successfully applied in multiple fields such as novelty detection, 

renewable energy systems, and image processing.269-271 The most widely used types of ANNs 

include feedforward and recurrent neural networks, of which feedforward neural networks are 

generally enough for most binary classification tasks.272 In this chapter, the focus will be on 

feedforward neural networks. Recurrent neural networks such as long short-term memory 

(LSTM) are not covered in this thesis chapter and can be found in the literature.273-277⁠ In a 

typical feedforward neural network, the network is made up of layers, namely the input layer, 

hidden layers and the output layer. Each layer is in turn made up of independent nodes or 

neurons, with each node connected to all nodes in the subsequent layer. This is illustrated in 

Figure 7. In the literature, several strategies for determining the number of nodes as well as 

hidden layers when building a neural network have been described.278-280 

 

Figure 7. Graphical representation of a feedforward ANN. 

 

In addition to the network architecture, one must choose an activation function which is a 

function that transforms the activation level of a unit (neuron) into an output signal.281 

Examples of activation functions include linear, sigmoid, Gaussian, and Elliot.281 A popular 

and recent activation function called rectified linear unit (ReLU) has been shown to converge 

quickly for neural networks.282-284 ⁠ The ReLU activation function is represented by equation 

(6). 

  𝑓(𝑢) = 𝑚𝑎𝑥(0, 𝑢)  (6) 

Overall, the output in a feedforward neural network can be described by equation (7) where oi 

represents the output, σi is the output function, bi is the bias input of the ith hidden node, wij is 

the weight of the connection from the jth input, uj, to the ith hidden node, and M is the total 

number of inputs.285 



Chapter 2  25 

𝑜𝑖 = σ𝑖(𝑏𝑖 + ∑ (𝑤𝑖𝑗 ∗ 𝑢𝑗)𝑀
𝑗=1 )   (7) 

The starting weights are usually randomised, with the final weights commonly determined by 

backpropagation. Backpropagation is a method to calculate the gradient of the error with 

respect to weights and several algorithms have been developed which include first order and 

second-order algorithms.286, 287 One of the commonly used algorithm is the Levenberg-

Marquardt (LM) algorithm which is a second-order algorithm.288 ⁠ Wilamowski et al describes 

these backpropagation algorithms in more detail.288 

 

Recently, deep neural networks (DNNs) have gained interest due to deep learning, of which 

there have been several reviews published in the literature.2, 87, 94, 272, 287, 289-293 ⁠These DNNs are 

neural networks with a deep network architecture, where the number of hidden layers is more 

than one.294, 295 By increasing the number of hidden layers, DNNs can handle more complex 

problems, of which there are successful examples such as skin cancer classification, image 

classification, and syntheses route planning.294-296 

 

Despite the growing popularity of DNNs, one must acknowledge the several limitations of 

DNNs. These include longer network training times with an increasing number of hidden layers 

and parameters. Improvements have been made to rectify these issues. For example, graphical 

processing units (GPUs) have been employed to train neural networks, where the higher 

processing capabilities of GPUs help reduce training times.297-300 

 

On the other hand, ANNs have their own set of limitations which include their expressivity, 

which shows that they are unable to express certain functions that DNNs are capable of, as well 

as having lower approximation capability as compared to DNNs.301 Unfortunately, as these are 

issues intrinsic to the model type, there are no good solutions for them.  

 

In the field of predictive toxicology, DNNs have been shown to be successful in numerous 

examples (Table 3). Several papers have also covered on the topic of neural networks or DNNs 

in the field of predictive toxicology,11, 17, 105 in particular, the review by Tang et al in 2018.6 

Hence, this thesis chapter will not focus on the recent advances of DNNs, but rather the model 

performance of DNNs in predictive toxicology. Given the increased performance of DNNs as 

compared to their ANN counterparts, it is predicted that the use of DNNs in predictive 

toxicology will become more prevalent. The complexity provided by DNNs could also give 
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these models an edge when predicting complex toxicity endpoints, for which simpler models 

might not be able to model well. Nevertheless, the lack of inherent interpretability of the results 

of DNN models still poses a challenge in the field due to the large number of parameters, 

weights, and nodes involved.  

 

Convolutional neural networks are similar to ANNs and DNNs in the sense that they also 

consist of layers and are feedforward networks. However, unlike their counterparts, a CNN 

typically consists of convolutional and pooling layers stacked on top of each other.302-304 ⁠ The 

fully connected layers that follow these layers interpret the feature representations and perform 

the function of high-level reasoning, such as classification.303 

 

Convolutional layers serve as feature extractors, where the neurons are arranged into feature 

maps.305, 306 ⁠ Each neuron has a receptive field which is connected to the neurons in the previous 

layer via a set of trainable weights while all neurons within a feature map have weights that are 

constrained to be equal.305, 306 ⁠ Equation (8) shows the representation of the kth output feature 

map Yk, where x represents the input image, Wk the convolutional filter, the multiplication sign 

as the 2D convolutional operator used to calculate the inner product of the filer model at each 

location of the input image, and f (·) the non-linear activation function.303 

𝑌𝑘 = 𝑓(𝑊𝑘 ∗ 𝑥)  (8) 

In contrast, the pooling layers reduces the spatial resolution of the feature maps which reduces 

the number of parameters (controls overfitting), achieving spatial invariance to input 

distortions and translations.303 These pooling operations play a role in producing downstream 

representations that are more robust to the effects of variations in data while still preserving 

important motifs.303, 305⁠ Lee et al and Rawat et al describes these pooling operations in more 

detail.303, 305 In toxicology, molecules are represented as images, grids, or graphs which are 

then fed into the CNN for training.168, 171, 172, 174  

 

Similar to ANNs and DNNs, CNNs also uses the backpropagation algorithm during training. 

303 A typical CNN with both convolutional and pooling layers is shown in Figure 8. 
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Figure 8. A CNN with convolutional and pooling layers. 

 

CNNs have several advantages over traditional ANNs such as requiring fewer free parameters 

and being able to deal with the variability of 2D shapes.303 However, CNNs require a large 

amount of training data which increases computational cost and lengthens training time.303 In 

recent years, new CNNs have been developed such as deep CNNs and graph CNNs which 

outperforms traditional CNNs. A recent review by Rawat et al covers the topic of deep CNNs 

more extensively.303 On the other hand, graph CNNs are the most recent CNNs to be developed 

which consist of embedding nodes in a graph in Euclidean space.306 ⁠ More information about 

graphs and graph CNNs can be found in the literature.306-310 

 

Before the advances of CNNs in recent times, in the field of predictive toxicology, traditional 

CNNs were uncommonly used. This is because traditional CNNs use images as inputs while in 

predictive toxicology, molecular structures, fingerprints, or descriptors are more common as 

inputs. An example of this is the work by Jimenez-Carretero et al311 In their work, a CNN using 

cell-based images as features was developed. This is a situation where machine learning is used 

to generalise the biological properties, rather than the chemical properties which the main focus 

of predictive toxicology focuses on. In this chapter, the focus is on molecular structure in 

predictive toxicology as thus far, traditional CNNs have not shown themselves to be useful in 

this field. Table 3, entries 59 – 72, summarizes some of the results achieved by NN models. 

 

2.5 Overall analysis 

The popularity of SVMs and RFs could be attributed to their advantages, such as being efficient 

while easy to use, as well as being able to generalise the data well. Furthermore, numerous 

successful models have been built for these two model types, thus contributing to their well-

established reputation. On the other hand, recently developed machine learning models, such 
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as DNNs or ensemble learning, are less popular possibly due to their high computational cost 

or their complexity, or because they are not as well-established as SVMs and RFs. Machine 

learning methods perform differently on different datasets and these differences arise from the 

diverse characteristics of the data, such as the dataset size, class distribution, and the 

distribution of the data in the feature space. 

 

It is also observed that the simplest machine learning method, regression models are not the 

most popular model of choice in predictive toxicology. The performance of regression models 

also falls behind their classification counterparts. However, caution should be taken when 

comparing the performance of regression models with classification models as the two are 

inherently different. This illustrates the complexity of the problem of predicting the toxicity of 

chemicals, where usually, a more complex machine learning model is required to model the 

problem or the data more effectively. A more complex model might also produce results that 

one would otherwise miss if a simpler model was used instead, simply because the model does 

not over-generalise the data. Another probable reason is perhaps the familiarity or ease of use 

of such machine learning methods, where one is inclined to use a method that is more familiar 

to raise the chances of building a successful model. Since SVM has been well established in 

the literature, it continues to be a popular machine learning method for predictive toxicology. 

 

The statistical performance results of all machine learning methods in predictive toxicology 

covered, including the values for sensitivity (SE), specificity (SP), accuracy, AUC, and the 

validation type are summarized in Table 3. It is common to see different studies use different 

performance metrics to measure their model’s performance. While the best performance metric 

to use is still up for debate, such diversity in the performance metrics makes it difficult to 

compare across different models. Moreover, as the models generally do not use a benchmark 

dataset, it is once again difficult to compare the performance of different models. 

 

Generally, the machine learning methods in Table 3 have an accuracy or AUC of 75% or above. 

Those models which reported a lower performance than expected could have experienced 

issues with the dataset, such as the dataset not being able to generalise well to another test set. 

Most of the time, it is more likely for there to be a problem with the data or the deployment of 

the algorithm, rather than the machine learning method of choice which are generally well 

established. 
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Based on the data and the search criteria outlined in Table 3, hepatotoxicity, carcinogenicity/ 

mutagenicity/genotoxicity, and cardiotoxicity are the most common types of toxicity that have 

been investigated. For this chapter, carcinogenicity, mutagenicity, and genotoxicity have been 

grouped together as they are quite similar, and this makes it simpler to analyse the results. 

However, one should note that these are three different endpoints and that usually models for 

mutagenicity and genotoxicity performed better than for carcinogenicity which is a more 

complex endpoint (Table 3). Hepatotoxicity is important in general because most toxicity 

originates from the liver which is the main site of metabolism for drugs; that is hepatotoxic 

compounds would have adverse side effects in vivo and thus are unsuitable to be drugs.137, 159⁠ 

Hence, determining the hepatotoxicity potential of a drug candidate would allow for the quick 

screening of potential drug candidates from all of the compounds. Cardiotoxicity is important 

because side effects such as cardiac arrest are highly undesirable. Lastly, tests for 

carcinogenicity and mutagenicity are carried out during drug screening as they are important 

toxicological endpoints.228 The Ames test is used as part of a battery of in vitro methods which 

covers different mechanisms that may lead to mutagenicity.312, 313 In silico predictions of the 

Ames test mutagenicity have also been investigated by Xu et al and Hillebrecht et al, which 

highlights the need for faster and more accurate predictions of a key test in toxicology.170, 314 

Hillebrecht et al has demonstrated that the expert-based system Derek performs the best for 

predicting Ames test mutagenicity, though they believe that the fusion of the expert -based 

system and QSAR techniques would lead to improvements in the predictive power of the in 

silico models.314 This is also the basis of the FDA and EU guidance on impurity testing in drugs 

– ICH M7.315 Therefore, by screening for these major types of toxicity, the number of potential 

drug candidates can be reduced to a smaller number from a larger range of drug-like 

compounds. 

 

The distribution of all models in Table 3 is shown in Figure 9 (A). Entries without 

accuracy/AUC values, or missing data were omitted. Also, for entries that report both values, 

accuracy was chosen to represent the model performance as it ais a common performance 

metric. Larger dataset sizes do not correspond to higher model performance, but some model 

types do appear to have been more prominently reported for some dataset sizes. Ensemble 

learning/RF, nearest neighbour algorithms, SVMs, and naïve Bayes models are more common 

where training datasets are under 1000 datapoints. Neural networks of all types see more use 

in datasets over 2000 datapoints. 
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When models with accuracy or AUC greater than or equal to 90% are considered, Ensemble 

learning/RF are more prominent among smaller datasets while neural networks, support vector 

machines and naïve Bayes are more common among larger datasets. Neural networks are the 

most represented algorithm type in this category, with three models scoring above 90%. 

 

Figure 9. A graph showing model performance against training dataset size across (A) different 

model types (B) different endpoints. 

 

Looking at the highest performing models for each of the toxicity endpoints most represented 

in Table 3, some suggestions can be provided for those new to machine learning model 

construction. The highest performing models for carcinogenicity, genotoxicity, and 

mutagenicity are random forests and support vector machines using MACCS keys and 

PubChem fingerprints as inputs and relatively small datasets.180 High performing models on 

larger datasets use molecular descriptors and ECFPs in a naïve Bayes model.149 For 

cardiotoxicity, the highest performing model is a deep neural network using fingerprints on a 

small dataset.164 A support vector machine using MACCS fingerprints on a small dataset 
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provides the highest performing model in hepatotoxicity.159 These are summarised in Figure 

10 and serve as suggestions to be considered when constructing new models as the data type, 

distribution, and modelability also affect which models will perform best and how high model 

performance statistics will be. 

It has to be acknowledged that it is hard to compare the algorithm performance over different 

toxicity endpoints due to the difference in complexity and data available. Hence, a subplot of 

Figure 9 (A) was generated for the three common toxicity endpoints, namely, hepatotoxicity, 

carcinogenicity/mutagenicity/genotoxicity, and cardiotoxicity. This subplot is shown in Figure 

9 (B). There are more models predicting cardiotoxicity with an accuracy/AUC of above 90%, 

followed by carcinogenicity/mutagenicity/genotoxicity, and lastly hepatotoxicity. The lower 

overall performance of models predicting hepatotoxicity could possibly arise due to a lack of 

data used for building the models. It is also observed that most of the models have 2000 or less 

training data points. 

 

 

Figure 10. A summary of the highest performing methods and inputs found separated by dataset 

size. 

 

To study model performance based on human vs animal and in vivo vs in vitro data, the studies 

in Table 3 were differentiated based on the data used where possible and plotted alongside each 

other (Appendices: Figures A1-A4). No clear trend or pattern was observed for the generated 

plots. This indicates that the model performance is dependent on the quality and quantity of the 

data used rather than the type of data (eg. animal vs. human). It is also possible that at this 

stage, there is still not enough data in the field to make a distinction between the model 

performance of different data types. Caution must also be taken when interpreting these results 
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because these studies use different datasets. The lack of high-quality in vivo data could also 

have contributed to this outcome.  

 

In 2016, Huang et al built predictive models for 72 in vivo toxicity endpoints using in vitro data 

from the Tox21 10K library.184 It was found that the in vitro assay data-based models performed 

better when predicting in vivo toxicity end points for humans than using in vivo data from 

animals to predict in vivo end points for humans.184 Whilst more high-quality data for human 

toxicity and in vivo studies are required to better assess the model performance of these in vitro 

data-based models in the prediction of in vivo toxicity, this result demonstrates that in vitro 

data from cell-based assays offers a promising alternative to expensive and low throughput 

methods of obtaining in vivo data, and that extrapolation from these in vitro data to human in 

vivo end points is more reliable than extrapolation from animal to human in vivo data.184  

 

In another study by Novotarskyi et al in 2016, the top model for the ToxCast EPA 

(Environmental Protection Agency) challenge was reported.316 The aim of the challenge was 

to develop a model to predict the lowest effect level concentration (in vivo toxicity) based on 

in vitro measurements and calculated in silico descriptors.316 A recent study by Xu et al in 2020 

also investigated in vivo toxicity. In their work, predictive models for human organ toxicity 

based on in vitro bioactivity data and chemical structure were developed.317 The models could 

be used to hazard screen large sets of chemicals for potential human toxicity, as well as to 

provide insights into toxicity mechanisms.317 

 

In this chapter, in vivo and in vitro assay data are discussed with an expectation that the 

importance of in vitro data is likely to increase in future studies. A related subject is the 

extrapolation of in vitro assay data towards in vivo data (IVIVE) which could be important in 

the future of machine learning in predictive toxicology.318  

 

The recent successes of machine learning in predictive toxicology have demonstrated that 

machine learning methods can generalise the data, as well as predict the potential toxicity of 

compounds accurately. While the results in Table 3 are generally of the single task 

classification method, multi-task classification/learning is also another method used in 

predictive toxicology. By learning tasks in parallel, multi-task learning has the potential to 

improve the generalization of the model, provided that sufficient data are available, longer 

training times and more complex architectures are practical, and that the distinct datasets are 
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sufficiently closely linked for the models to be related.319 The assignment of more than one 

label to each instance might improve model performance by increasing model complexity. 

Several papers have explained multi-task classification, and this could be an alternative 

approach to take instead of varying the machine learning method used.20, 319-321 For example, 

the work by Mayr et al in 2016 used multi-task learning and found that it enhances the model 

performance for 10 out of 12 assays.18 In another study, Wu et al used multi-task learning on 

four different quantitative toxicity datasets.11 Generally, it was observed that the multi-task 

models performed better than single task models when suitable data were available.11 Hence, 

by using machine learning in predictive toxicology, the advantages of the various machine 

learning methods can be applied to the databases of drugs and drug-like compounds. This 

would lead to even more efficient and accurate predictions for drug toxicity. 

 

However, there are some considerations when using machine learning to predict toxicity, and 

even for using machine learning in general. Firstly, care must be taken when processing the 

dataset for input into the model. This is because the results obtained by machine learning are 

highly dependent on the characteristics of the input data. For example, a dataset containing a 

significant majority of non-toxic compounds will likely result in a model that is skewed 

towards predicting non-toxicity. This would also affect the model’s ability to predict toxicity 

on unseen data. This is part of the imbalanced data problem in predictive toxicology, as most 

of the available data are about toxic compounds, while the number of non-toxic compounds is 

significantly fewer. Other than the class distribution in the dataset, the size of the dataset also 

needs to be considered. Generally, machine learning methods perform better and can generalise 

better as the size of the dataset increases, provided that the quality of the data does not diminish.  

Another issue to take note of for machine learning concerns overfitting when training the model 

on the dataset. Overfitting of a model means that the model learns the training data too well; 

that is the model has memorised the training data. This affects the results when predicting new, 

unseen test data, in which case the model normally performs badly or more poorly than 

expected. In contrast, the results for the training data would score very well across most 

common performance metrics. During model training, overfitting can be identified as the 

region after the point at which the loss function reaches the minimum and is represented by an 

increase in the loss function after the minimum point. Another indicator of overfitting is when 

there is a significant difference between the training and test accuracy, or when the gap between 

these two metrics increases during model training. 
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Some methods to tackle overfitting include sampling techniques for imbalanced data, which 

were mentioned in an earlier section. In contrast, regularisation is commonly used during 

training to handle the overfitting problem. Regularisation aims to minimise the loss function, 

subject to a regularisation condition on the model parameter, where the regularisation 

parameter is represented by λ.322-324 The first regularisation method is early stopping, which as 

its name suggests, is stopping the training of the model before the overfitting region.325, 326⁠ 

However, this can only be carried out if there is a clear identification of the overfitting region. 

Another two common regularisation methods are L1 and L2 regularisation. L1 regularisation 

uses a penalty term which encourages the sum of the absolute values of the parameters to be 

small while L2 regularisation encourages the sum of the squares of the parameters to be small.327 ⁠ 

More details about regularisation can be found in the literature. 322-331 

 

Therefore, overfitting is an issue of immense importance in the development of all 

computational models, and complex machine learning algorithms are often considered to have 

the most danger of overfitting. Modellers often use regularisation or external validation to limit  

the effects of overfitting, but these do not establish how applicable a model is to an incoming 

novel chemical. For this an applicability domain is appropriate, and these domains are common 

practice in the QSAR field and have been identified as a key element in in silico toxicology 

modelling.332 The use of applicability domains does not yet seem to be commonplace in the 

development of machine learning algorithms. 

 

With the vast quantity of data available, how should one then choose a machine learning model 

for their dataset? Perhaps, there is no best method that can generalise all datasets, but rather 

only the most suitable method. For data with a strong correlation between features, regression 

models, kNNs, NB models, or SVMs seem to be the most suitable due to their characteristics. 

DTs or RF can be considered for noisy data as they are generally more resistant to noise while 

being able to output results efficiently. To model complex problems which typical machine 

learning methods are unable to handle, deep learning (for example DNNs), as well as ensemble 

learning seem to be the most suitable machine learning method of choice due to their more 

complex model architecture. Images are handled by the specialised CNNs, while ANNs are a 

general machine learning method that can be used to model data. Therefore, understanding the 

data well is the first step to building a successful model in machine learning. 
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2.6 Future outlook and conclusion 

Thus far, machine learning has been discussed, while the recent results of machine learning in 

predictive toxicology have been summarized and analyzed. In the future, it is expected that 

more models will be developed to predict toxicity, especially with technological advances 

which help lower computational costs and the continual development of new data sources. 

However, much needs to be done to address the main bottleneck facing machine learning in 

predictive toxicology, which is the quality and quantity of the data that is available to create 

datasets. While collaborations with pharmaceutical companies help mitigate part of this issue, 

as well as there being publicly accessible databases online, there are some gene or protein 

targets, or even toxicological endpoints which cannot be reliably predicted due to the lack of 

data. However, if a complete computational model, or more likely, a collection of 

computational models encompassing all of human toxicology, is to be built, these gaps in data 

need to be addressed. Moreover, more must be done to solve the issue of imbalanced data in 

predictive toxicology, an example of which is to collect, and disseminate, negative 

experimental results for the compounds. 

 

Nevertheless, there have been many machine learning models that have high-performance 

metrics for predicting toxicity, which demonstrates the applicability of machine learning in 

predictive toxicology. However, even the best performing model type has its own set of 

limitations that has been covered and needs to be addressed and improved on, for machine 

learning in predictive toxicology to make further advances. While several common types of 

machine learning methods have been discussed in this thesis chapter, other machine learning 

methods are being developed and may become influential as their efficacy is established.  

 

Mechanistic understanding is also key in the future of toxicology, hence, another topic on the 

rise in predictive toxicology deals with adverse outcome pathways (AOPs) and molecular 

initiating events (MIEs).58, 59, 333-338 The lack of data on some AOPs and MIEs prove to be 

detrimental when trying to understand the prediction for these toxicological endpoints. 

Although there have been some improvements in this aspect such as the establishment of a 

publicly accessible AOP database (AOPWiki: https://aopwiki.org/), much still has to be done 

if the accurate understanding and prediction of toxicity is to become a reality.  

 

https://aopwiki.org/
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Nevertheless, in silico methods have been increasingly employed in predictive toxicology, 

particularly during the screening process of new chemicals for safety decision making. The use 

of in silico methods such as machine learning to complement in vitro methods is the current 

status quo of the industry. While examples tend to be commercially sensitive and this data are 

rarely shared openly, there are some recent papers that contain some information about the use 

of in silico methods in the industry.339-341 As the amount of available data increases, machine 

learning methods will likely become more popular due to their scalability. In particular, if more 

data can be generated or made publicly available, machine learning is also expected to perform 

better even if there are no improvements in the current algorithms. Perhaps, this indicates a 

possible direction of development for future in silico methods, where the focus will be on 

generating new data. 

 

Despite their successful performance, the use of machine learning methods still remains a small 

part of the toxicological risk assessments in the industry and of regulators. It is acknowledged 

that such a cautious approach protects consumers of products from unnecessary risks, ensuring 

that the products can be used with ease of mind. It is important that the protocols for in silico 

methods are reliable and of good quality, which in turn leads to reproducible results. While in 

silico and in vitro approaches have recently experienced a period of development, there remains 

a need for their risk assessments to be as rigorous and understandable as those of traditional 

methods for them to be validated and accepted by regulatory bodies, and  before they will be 

widely accepted as a replacement for animal testing. Currently, machine learning algorithms 

are combined with more traditional computational approaches such as read across and 

experimental in vitro studies as part of a weight of evidence approach. With more evidence to 

supplement these alternative non-animal approaches, regulators will have more confidence 

when making decisions. Recently, the new approach of next-generation risk assessments 

incorporates in silico methods as part of a weight of evidence approach which signifies that the 

industry is moving in the right direction. 

 

Currently, machine learning algorithms are significantly useful, and this is highlighted by the 

recent successes of such methods in predictive toxicology. However, these methods still have 

much potential to be unlocked, which can only be done if the issues of insufficient high-quality 

data, regulatory acceptance, and model interpretability are resolved.  Nevertheless, the future 

of machine learning applications in predictive toxicology is bright, and the hope is that in silico 
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methods, in particular machine learning algorithms, will be increasingly used in the industry 

and in academia to complement the use of in vitro methods. 
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Chapter 3: Knowledge transfer between different human targets 

in predictive toxicology using Tanimoto similarity and machine 

learning 

3.1 Introduction 

After a general introduction of machine learning in predictive toxicology was covered in 

Chapter 2, this chapter will have a focus on knowledge transfer between different human targets 

in predictive toxicology.   

 

In recent times, the shift towards in silico methods for predictive toxicology has encouraged 

the use of several in silico techniques, one of which is machine learning. Machine learning is 

the generalisation of data, whereby patterns are drawn from a dataset. This generalisation 

would then be further applied to a secondary dataset. The degree of similarity between two 

distinct datasets affects the model performance and transferability of a machine learning or 

statistical model that has been trained on one of the dataset(s) and is then applied to the other.342 

If the degree of similarity between datasets is small, it would be expected that the model would 

not be able to predict the properties of the second dataset very well. Thus, by knowing the 

similarity between datasets, a decision can be made on when a model developed on one can be 

applied to the other.  

 

Similarity methods have been used to construct applicability domains, of which either the 

Tanimoto similarity coefficient or the Pearson’s coefficient can be used.342 Alternatively, 

distance-based measures such as the Euclidean distance is used to determine the applicability 

domain. Approaches using Tanimoto similarity are classified under distance-based methods. 

For molecular fingerprints, Tanimoto similarity has been regarded as a good choice as a 

similarity metric.343 These methods essentially determine if two molecules are close/similar to 

one another, in which case a threshold for the Tanimoto similarity can be specified where the 

pair of molecules are considered similar if their calculated Tanimoto similarity is at or above 

this threshold. Further information on these chemoinformatic classification methods and their 

applicability domain can be found in the literature.342 

 

For quantitative structure-activity relationship (QSAR) models, the Organization for Economic 

Co-operation and Development (OECD) has defined the applicability domain as “a theoretical 
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region in chemical space encompassing both the model descriptors and modelled response 

which allows one to estimate the uncertainty in the prediction of a particular compound based 

on how similar it is to the training compounds employed in the model development”.344, 345 

This means that one can determine if a new data point is within the applicability domain, which 

means that it can be reliably predicted from the current data. Other studies have worked on 

applicability domains, and these can be found in the literature.346-350 

 

In predictive toxicology, the concept of applicability domain has traditionally been tied to 

QSAR models and much less important when considering other machine learning methods.110 

In this study, these methods are considered to be separate. In the literature, some studies have 

focused on quantifying the applicability domain, such as the molecule similarity-based method 

by Liu et al on melting point data.351 The state of the art in the field is ensemble variance, which 

uses the average predicted results of an ensemble/group of QSAR models.352 As discussed in 

the literature, this method is known to have high computational overhead which is especially 

prominent when using large datasets.352 

 

Tanimoto similarity has been chosen to be used in a process to determine if a machine learning 

model trained on one dataset can be applied or transferred to other datasets, as compared to a 

focus on the applicability domain. This is much closer to transfer learning which involves a 

transfer of knowledge between domains.353 In doing so, the goal is to find out about the 

relationship between different targets, as well as to determine if the data from other human 

targets can be used to supplement existing data for a particular target, thereby mitigating the 

lack of quality data for some of the targets in predictive toxicology. 

 

In risk assessments for toxicology, the goal is to establish a safe dose/concentration while 

taking toxicological hazard and exposure into account while in predictive toxicology, the aim 

is to predict if the molecule/compound is toxic or non-toxic, followed by its exposure (for 

example via a pharmacokinetic model). Predictive toxicology has applications involving drug 

or drug candidates, consumer products, and foods.1, 16, 24, 346-353 In the pharmaceutical industry, 

predictive toxicology is important as it can help mitigate the costs of drug withdrawals from 

the market, of which the cost was $2.59 billion in the USA in 2014.1, 39 Such high costs due to 

drug withdrawals come about due to unexpected side effects during clinical trials, or even after 

they have been released into the market. Thus, the screening of potential compounds and their 

hazard prediction is important. Common endpoints in predictive toxicology include 
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hepatotoxicity, carcinogenicity, and cardiotoxicity.1 These endpoints are hence the focus of 

several machine learning methods.166, 168, 169, 178, 181, 354  

 

In this chapter of the thesis, the average similarity between datasets (S) was calculated with 

molecular fingerprints such as Morgan fingerprints or extended-connectivity fingerprints 

(ECFP) and with the use of Tanimoto similarity. This was inspired by the study by Mervin et 

al that uses a similar method for bioactivity data, though the authors adopted a distance-based 

approach.355 Their study uses data from WOMBAT, as well as bioactivity data from PubChem 

and ChEMBL.355 In comparison, toxicological data from ChEMBL and ToxCast which are 

well known toxicological databases,61-63, 356, 357 has been used for the work in this chapter. 

Applying the method described in this chapter to different databases would likely result in 

different levels of performance. In the literature, another study has also employed Tanimoto 

similarity with a distance-based approach.354 Their study uses melting point data while the 

work in this chapter uses data from toxicological databases. The differences in the type of data 

used would likely result in the methods of the studies not being completely applicable to the 

other data types. In short, this demonstrates that the method described in this chapter applies 

the similarity method to a different set of data/databases as compared to the literature. 

 

The method described in this chapter is also able to estimate the validation/test accuracies of 

machine learning models given the training accuracies by using the average similarities 

between datasets (Figure 11). Although the use of Tanimoto similarity on molecular 

fingerprints is a common occurrence in the field, thus far, the similarity has not been used in 

conjunction with the results of machine learning models to understand model transferability, 

especially when considering datasets from different human targets in the field of predictive 

toxicology.  

 

Also, in this chapter, this method is used to estimate model transferability or the relationship 

between two datasets for different human targets eg. (AChE vs. ADORA2A; where the method 

was able to estimate the test accuracy for a model trained on the AChE dataset that was used 

to predict on the ADORA2A dataset). This allows one to judge if a particular target has similar 

mechanism of actions as another target by using the similarity between datasets and could 

potentially identify previously unknown relationships between human targets. This could also 

potentially mean that some of the data for AChE can be used for ADORA2A. 
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In situations where the data is limited, machine learning methods are not expected to perform 

well. Hence, the hope is that the method is able to offer reasonable results when such situations 

are encountered as well as provide insights into the relationship between different human 

targets. 

 

3.2 Methods 

As this study is based on earlier work by the group,358, 359 the datasets and part of the code 

(fingerprint function was adapted for use) used for this study were taken from 

https://github.com/teha2/chemical_toxicology/tree/master/NeuralNetworks-March2020.358  

 

The datasets are comprised of data on human biological targets and were obtained from 

ChEMBL (version 23) and ToxCast.356, 357 The SMILES were used to generate Morgan 

fingerprints using RDKit (version 03/2020) with varying fingerprint lengths.360 All SMILES 

were kekulized and aromatic flags were switched off before fingerprint generation. Tanimoto 

similarities were calculated using RDKit (version 03/2020).360 All code for the algorithm was 

run using Python 3 within Google Colab or in a Jupyter Notebook.361 Lastly, all machine 

learning models were trained with a total of 100 epochs. 

 

All code used for this study is available at https://github.com/Goodman-

lab/Knowledge_transfer_with_Tanimoto_similarity. 

 

3.3 Results and discussion 

3.3.1 Workflow for the method 

A hypothesis is made that similar datasets should have similar model performance since 

machine learning (ML) models generalise their dataset. Although one can calculate all 

similarity pairs for all molecules in two datasets and obtain a measure of average similarity 

using those values, this becomes difficult for larger datasets due to the number of calculations 

performed. As many targets are going to be analysed, a quick method to estimate the similarity 

between datasets is required.  

https://github.com/teha2/chemical_toxicology/tree/master/NeuralNetworks-March2020
https://github.com/Goodman-lab/Knowledge_transfer_with_Tanimoto_similarity
https://github.com/Goodman-lab/Knowledge_transfer_with_Tanimoto_similarity
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Figure 11: General workflow of the similarity method used in this study. 

 

Figure 11 shows the general workflow for the method used in this study, where samples of the 

original dataset are taken and used to calculate the average similarity between datasets (S). The 

value of S depends on the key parameters/settings; the sample size of the datasets (A), the value 

of the Tanimoto similarity threshold (T) used, and the number of molecules before a molecule 

in one dataset is considered to be similar (N). This metric S is different from the average 

Tanimoto similarity of all fingerprint pairs between the two datasets as shown in Figure 11.  

 

As the focus is on situations where data is limited, the choice of these parameters needs to 

account for this as well as maintain a balance between good results and the quantity of data in 

the datasets. If there is not enough data, this will result in a lack of similar molecules and thus 

poor results will be obtained. However, if there is too much data, there will be too many 

dissimilar molecules which would make the results worse while machine learning models will 

also generally outperform all other metrics in this situation. Next, the study will go on to show 

how the hypothesis is verified. 

N
Required 

number of 
molecules

T
Tanimoto
similarity 
threshold

Training 
Set

Validation
/Test Set

B
The molecules in Atrain

with similarity T or better 
to N or more molecules 

in Atest

C
The molecules in Atest

with similarity T or better 
to N or more molecules 

in Atrain

S

Average similarity 
between datasets (%)

A
Sample size of training 
dataset (Atrain) or test

dataset (Atest)



Chapter 3  43 

3.3.2 Optimal settings for similarity method 

Since there are many datasets, data from five well-established targets (AChE, ADORA2A, AR, 

hERG, and SERT) were chosen to test and optimise the method. Each dataset was processed 

to fit the format required by the algorithm and fed into the algorithm. The results of the 

calculations are subsequently compared against the model test accuracies. The machine 

learning models are those that have been developed by Allen et. al for 79 human biological 

targets.358 

 

The accuracy of the model for the training set (Q) can be calculated, as well as the value for S 

for the test set. The hypothesis is that the product of S and the accuracy of the training set (Q) 

will give a useful measure of how accurate the model will be when applied to the test set; SQ 

= P, where the product is the predicted test accuracy. This is useful because this relationship 

enables the calculation of the likely accuracy of a study using the test set without having to 

apply the model to the whole test set. This is particularly powerful if the test set is very large, 

such as all of the molecules in PubChem. To investigate this hypothesis, Figure 12 is presented 

which shows a plot of the absolute difference between P and the actual model test accuracy 

(DF) for a variety of values of S which were generated by varying N and T. The full results for 

Figure 12 are in Table A1 and Figure A5 in the Appendices. 

 

By using this difference in P and the actual model test accuracy (DF), the accuracy of the 

method when calculating the properties of the test set can be determined. If the training and 

validation/test datasets are very similar, the value of DF would be small. On the other hand, if 

the value of DF is large, this would mean that the method predicts that the molecules in the 

training dataset are not representative of the test dataset i.e., the ML model trained on the 

training dataset is not transferable to the validation/test dataset. Also, if there are a lack of 

molecules extracted by the method which occurs when the Tanimoto similarity threshold (T) 

used is too high, the predicted model test accuracy is affected because a “model” trained on a 

small number of molecules would be significantly different as compared to a ML model trained 

on a large number of molecules. As shown in Figure 12B, the average similarity between 

datasets (S) decreases as the Tanimoto similarity (T) increases.  
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Figure 12: The absolute difference (DF) between the actual model test accuracy and the product 

P (SQ = P), where Q is the accuracy of the model for the training set, for several values of the 

Tanimoto similarity threshold (T) and the minimum number of molecules (N). (A) Plot of how 

the average DF varies with several values of N and T for the five targets; low values of DF 

show that the hypothesis is effective. N=1 and T=0.2 give the best results. (B) Plot showing 

how the average S decreases with increasing values of N and T. A high similarity is desirable. 

The actual model test accuracies were taken from the paper.358 

 

In comparison, if DF is small, this means that the model trained on the training dataset is 

transferable to the test dataset. Thus, since the high values for the reported test accuracies 

indicates that the training and the test datasets used are similar, the optimal settings for the 

similarity method is tuned by minimising the value of DF. Also, by maximising the Tanimoto 

similarity coefficient (T), the method will use the most similar molecules to predict the test 

accuracy. A balance is needed to be struck between having enough data (low Tanimoto 

similarity) while having a high enough Tanimoto similarity to ensure the applicability of the 

machine learning (ML) model (similar molecules). In doing so, the aim is to ensure the 

method/process is able to measure the transferability of an ML model on a new dataset. 
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Figure 12 shows that the use of T = 0.2 and the use of N = 1 gives the smallest value of DF. 

This would result in efficient transferability of the ML model between the first dataset and the 

second dataset. Above this Tanimoto similarity threshold, the value of DF increases, indicating 

that increasing the Tanimoto similarity further results in the method predicting that the training 

dataset is not representative of the test dataset, and that the method cannot be representative of 

the actual ML model. Thus, the initial optimal setting means that the algorithm would calculate 

the similarity between two datasets, where the molecules in one dataset are considered to be 

similar if they have at least one molecule in the other dataset with a Tanimoto similarity of 0.2 

and the same active state for both molecules in the similarity pairs. 

 

As shown in Figure 12, the value of DF for a similarity threshold of 0.1 to 0.2 is somewhat 

similar, but this difference significantly increases when the similarity threshold is adjusted to 

0.25. This indicates that for these datasets, using a threshold of 0.1 to 0.2 will be acceptable. A 

possible reason for this could be that the datasets are diverse, and thus using a high similarity 

threshold makes it difficult to find similar molecules between the datasets.  

 

The method was tested by comparing the predicted values against calculated/published values 

for machine learning models. In doing so, the aim is to determine if the model results will be 

influenced more by the data or the model architecture. In addition, by knowing the similarity 

between datasets, one can determine if it is worthwhile to train a ML model.  

 

Based on Table 4, using a value of T = 0.2 and N = 1 generally works for the five datasets 

tested for the optimisation process, with all targets producing values of DF of less than 10%. 

Also, the average similarity for each dataset was calculated using a sample size of 500. The 

average result of five runs was taken for each of the five targets and the results are summarised 

in Table 5. 

 

The data in Table 5 demonstrates that the sample size of 500 is sufficient for further analysis 

as the standard deviation across all runs is low. Furthermore, the consistent sample size 

eliminates errors due to the size of the datasets being different across targets. For larger 

datasets, taking a sample of the dataset will reduce the computational cost. However, if the 

dataset is small, it would be advisable to use the entire dataset instead. The choice of when to 

sample the dataset, as well as how large a sample one should use, depends on the properties 
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and distribution within the dataset, which is not in the scope of this method/study as they are 

sampling techniques.362 

 

Table 4: A comparison of the predicted test accuracies with the published accuracies of the 

machine learning models for selected human biological targets. 

Target Similarity, 

S (%) 

Reported 

training 

accuracy (%) 

Predicted test 

accuracy, P 

(%) 

Reported test 

accuracy (%) 

Absolute 

difference, 

DF (%) 

AChE 91.2 91.4 83.4 84.7 1.3 

ADORA2A 93.8 96.6 90.6 94.7 4.1 

AR 87.5 93.2 81.6 90.1 8.6 

hERG 90.9 93.9 85.4 77.3 8.1 

SERT 93.5 98.6 92.2 96.0 3.8 

The calculated similarity is between the training and test datasets for the [100,100] architecture. A similarity threshold of 0.20 

and a fingerprint length of 10000 bits was used for the calculations in the algorithm. Also, although the paper uses ECFP4, the 

algorithm in this study uses Morgan fingerprints with a radius of 2, which is known to be comparable.358 The similarities were 

calculated using a sample size of 500 for both the training and test sets. The reported/published accuracies were taken from 

the study.358 Absolute difference (DF) measures the absolute difference between predicted (P) and model test accuracies. 

 

Table 5: The average similarity between training and test datasets (S) for each of the targets 

with a total of five runs performed. 

Target Average similarity (%) Standard deviation (%) 

AChE 90.6 1.3 

ADORA2A 93.0 0.9 

AR 88.1 1.2 

hERG 89.7 0.9 

SERT 94.3 0.5 

A similarity threshold of 0.20 and a fingerprint length of 10000 bits was used for the calculations in the algorithm. The paper  

uses ECFP4 but the algorithm in this study uses Morgan fingerprints with a radius of 2, which has been shown to be 

comparable.358 The similarities were calculated using a sample size of 500 for both the training and test sets. Every dataset 

used was shuffled for each run. 
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3.4 Further applications of similarity method on more human targets 

After the method has been optimised with the five targets, the method was also applied to more 

datasets/targets from the github/reference as well as testing the validity of this method on the 

remainder (74) of the 79 targets.358 These results including that for the previous five targets are 

summarised in Table A2 in the Appendices which consist of a total of 79 targets. Based on 

Table A2, most of the results show good performance i.e. the value of DF is small (<10%). 

Overall, the accuracy rate for this method across all tested datasets is 98.7% where the outcome 

of the method is treated as successful when the value of DF is less than 10%. The average value 

of DF across all targets was also calculated to be (5.6 ± 2.1 %). This indicates that this method 

can reliably predict the test accuracy of a dataset given the training accuracy of a ML model 

and can be used to gauge the similarity or the model transferability between two datasets, even 

if the two datasets come from different targets. 

 

In the work by Allen et al, the results for an architecture of [1000,1000] were also reported 

which were thus tested with the similarity method as well.358 These results are summarised in 

Table A3 in the Appendices. Using the results in Table A3, the accuracy rate for the similarity 

method was determined to be 98.7% for the neural network architecture [1000,1000]. The 

average value of DF for the [1000,1000] architecture was also calculated to be (5.2 ± 2.1 %) 

which is comparable to the [100,100] architecture, although the average value is slightly lower. 

The consistent results of the method across both architectures have also highlighted the 

reproducibility and reliability of this method. This also means that one can trust the results 

predicted by the method 98.7% of the time. 

 

Comparing the two architectures, the total number of targets having better performance (a 

smaller value of DF) as predicted by this similarity method for the [1000,1000] and the 

[100,100] architectures is 60 versus 19 respectively. The findings by the method in this study 

thus suggest that the [1000,1000] architecture is better than the [100,100] architecture. 

However, it is noted from Table A4 in the Appendices that the number of targets with the lower 

value of DF matching the better model architecture judged by the study is 42 of 79. This 

translates to a percentage of 53.2%, which is no better than random guessing. The differences 

between the results of the study by Allen et al and the method described in this chapter suggest 

that the difference between predicted and reported test accuracies (DF) as calculated by this 

method cannot be used to judge if a particular model architecture will outperform another 
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model architecture.358 Such a conclusion is to be expected, as the information (features) in the 

datasets do not carry any information about the architecture and the model parameters. Hence, 

it is shown that the similarity method cannot make up for inadequacies or errors in building an 

optimised machine learning model. 

 

The study by Allen et al has also reported model performance statistics for varying ECFP4 

fingerprint lengths.358 In order to test if the similarity method can be used to deduce the optimal 

fingerprint length required for each target, calculations were performed on the five targets 

reported in the study. The results of these calculations are summarised in Table 6. 

 

As predicted, the similarity between datasets will increase as the fingerprint length decreases 

due to the higher proportion of “on” bits (bits with a value of 1), which increases the Tanimoto 

similarity for each similarity pair. A fingerprint length of 20000 bits has the highest value of 

DF while the value of DF experiences a decrease of 1.3% when decreasing the fingerprint 

length from 20000 to 1000 bits. This suggests that the fingerprint length does not significantly 

affect the information encoded in the molecular fingerprint, and that a smaller fingerprint seems 

to perform better. However, caution must be observed as changing the fingerprint length would 

affect the ability of the model to learn and generalise the data because the number of features 

is changed. Once again, this method does not provide any guidance on how a machine learning 

model should be built or optimised. 

 

In order to demonstrate the potential of this method on other datasets, the data from a study by 

Zhang et al about drug-induced liver injury (DILI) was used.181 The similarity method with the 

optimal settings was thus applied on these data, and the results are summarised in Table 7. It is 

observed from Table 7 that the values of DF are noticeably higher than those summarised in 

Table A2 and Table A3 in the Appendices where the similarity method was applied on human 

target data. Such a disparity is attributed to the use of a different type of fingerprint 

(substructure-based) by the work of Zhang et al,181 while the similarity method chapter uses 

circular fingerprints. The difference in representations is thus the likely cause of the increased 

error. Another alternative explanation is that the data for DILI and the data for human targets 

are dissimilar, causing an increased error in the results because the method has only been shown 

to work for similar datasets thus far. Compared to similar datasets, the relationship between 

different datasets is more significant as it suggests the possibility of knowledge transfer using 

an existing model, or simply determining the relationship between two different targets. 
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Table 6: Results obtained by the similarity method for various ECFP4 fingerprint lengths for 

the five targets taken from the work by Allen et al.358 

 

Table 7: A comparison of the predicted values obtained using the similarity calculations with 

the reported accuracies of the machine learning models from a study investigating DILI  by 

Zhang et al.181  

 

  1000 bits 5000 bits 10000 bits 20000 bits 

No. Target Similarity, 

S (%) 

Absolute 

differenc

e, DF (%) 

Similarity, S 

(%) 

Absolute 

difference

, DF (%) 

Similarity, S 

(%) 

Absolute 

difference

, DF (%) 

Similarity, S 

(%) 

Absolute 

difference, 

DF (%) 

1 AChE 92.8 3.7 91.5 3.2 91.2 0.4 89.2 5.2 

2 ADOR

A2A 

94.1 5.0 93.1 5.7 93.8 5.6 93.6 4.5 

3 AR 90.1 7.8 87.2 10.7 87.5 9.6 88.3 10.0 

4 hERG 95.1 2.2 90.8 1.7 90.9 3.9 89.3 4.8 

5 SERT 95.5 2.9 94.5 3.5 93.5 4.7 93.6 3.5 

Average 93.5 4.3 91.4 5.0 91.4 4.8 90.8 5.6 

Standard 

deviation 

2.2 2.2 2.8 3.5 2.5 3.3 2.6 2.5 

No. Fingerprint 

used in study 

Calculated 

similarity 

between 

training and test 

datasets, S (%) 

Reported 

training 

accuracy 

(%) 

Predicted 

test 

accuracy, 

P (%) 

Reported 

test 

accuracy 

(%) 

Absolute 

difference, 

DF (%) 

1 FP4 79.0 67.2 53.1 65.7 12.6 

2 MACCS 79.0 70.6 55.8 66.5 10.7 

3 MACCSKeys 79.0 79.7 63.0 64.5 1.5 
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The predicted test accuracy (P) was calculated by multiplying the training accuracy by the similarity between the datasets (S). 

A similarity threshold (T) of 0.20 was used for the calculations in the algorithm and a fingerprint length of 10000 bits was 

used. A minimum number (N) of one similarity pair was set as the threshold during the calculation. The similarities were 

calculated using a sample size of 500 for both the training and test sets. The results shown in this Table were obtained by the 

study using various fingerprints and information gain (IG)(used as a feature selection technique) thresholds.181 The 

model/published accuracies were taken from the study by Zhang et al.181 

 

Thus far, the method has been tested in cases where the training and test datasets come from 

the same target i.e. the datasets are similar. In order to verify if the method will continue to 

work even when the datasets are dissimilar, each of the five well-established targets (AChE, 

ADORA2A, AR, hERG, and SERT) were tested against the data from all other remaining 

targets (78 per target). This results in a total of 390 (78 x 5) data points for each Tanimoto 

threshold tested, where each data point represents a combination of training and test datasets 

from different targets. All these results are shown in Figure 13 as the average and standard 

deviation of the absolute difference at each of the various Tanimoto similarity thresholds (T) 

used. 

 

 

Figure 13: A plot of the average absolute difference (DF) across 3 runs (%) vs. various sample 

sizes for the training dataset of the AChE target vs. the test datasets of the five targets (AChE, 

ADORA2A, AR, hERG, and SERT). Every dataset used was shuffled for each run.  

 

Based on Figure 13, both the average absolute difference (DF) across all 390 points and its 

standard deviation are close to the minimum at the threshold of 0.2, which also coincides with 

the initial optimal settings. Hence, this verifies that the threshold of 0.2 is the optimal choice 

for the algorithm, even when the training and test datasets come from different targets. Using 
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a slightly lower threshold (eg. 0.19) is not expected to have a significant impact on the results 

as observed from Figure 13. The sample size for both datasets was also varied in order to verify 

if this sample size of 500 is the optimal sample size for the algorithm. 

 

 

Figure 14: A plot of the average absolute difference (DF) (%) of 390 data points at various 

Tanimoto similarity thresholds (T) and N=1. From the plot, a sample size (A) of 500 is optimal 

and thus this was used for all subsequent analysis. The error bars represent the standard 

deviation. 

 

The results of varying the sample size at the optimal threshold of 0.2 are summarised in Figure 

14 which shows the effect of varying the sample size on the average value of DF using the 

AChE training dataset with the test datasets of the five well-established targets (AChE, 

ADORA2A, AR, hERG, and SERT). As expected, when the sample size is too small, the value 

of DF increases because there is not enough training data. However, as the sample size 

increases, the value of DF plateaus because the sizes of the original datasets are different, which 

results in some of the targets having a smaller training dataset than the sample size. Thus, this 

increases the value of DF for some of the targets and overall, this increase in DF will cancel 

out the advantages of using a larger sample size. 

 

The plot shows that the sample size of 500 is the optimal choice for the algorithm since it has 

the smallest variance and is close to the minimum point. A two-sample paired t-test has also 

determined that the results for sample sizes 350 and 500 are the same. The test was performed 

at the 0.05 significance level where the null hypothesis is that the means for the two sample 

sizes are equal. Both the p-value for the one-tail and two-tail test which represents statistical 
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significance are calculated to be more than 0.05. Therefore, at this significance level, both one-

tail and two-tail tests accept the null hypothesis that the means for the two sample sizes are 

equal. 

 

Table 8: Results of the paired two sample t-test (for equal means) for the sample sizes 350 and 

500. Data for the statistical test was taken from Table A14 in the Appendices. 

SAMPLE SIZE 350 500 

MEAN 7.623 8.893 

VARIANCE 40.26 30.80 

OBSERVATIONS 15 15 

PEARSON CORRELATION 0.6018 
 

HYPOTHESIZED MEAN 

DIFFERENCE 

0 
 

DF 14 
 

T STAT -

0.9185 

 

P(T<=T) ONE-TAIL 0.1869 
 

T CRITICAL ONE-TAIL 1.761 
 

P(T<=T) TWO-TAIL 0.3739 
 

T CRITICAL TWO-TAIL 2.145 
 

 

The AChE target was picked as it is one of the five well-established targets, and the trend 

shown in Figure 14 is expected to be the same even if another target is picked. This is because 

a sample size of 500 has been shown thus far to perform the best with the current algorithm 

and data. For the similarity method, an emphasis was placed on the speed at which the results 

are produced (ca. three days (sample size 500) vs. 25 days (all points in dataset) for calculating 

all similarity pairs). Thus, the current settings are sufficient for further usage and analysis, with 

the assumption that the sample size is representative of the entire dataset should a much larger 

dataset be used. However, for the toxicological datasets used in this study, the results from 

Figure 14 and Table indicate that one should use at least 350 data points, and that using more 

than 2000 data points doesn’t contribute to a significant increase in model performance. As 

mentioned, and explained earlier in this study, we have chosen to use a sample size of 500. 

Regarding the “ideal” sample size, no clear guidelines have been published in the literature and 

it is largely dependent on the data used.  
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In Figure 14, the value of average DF roughly doubles from 500 data points to 2000 data points, 

showing that using too large a training set seems to result in overfitting, hence resulting in large 

errors. This could be due to the nature of this method, where the average similarity between 

datasets (S) and hence the predicted test accuracy (P) will increase as the size of the datasets 

increases. However, this increase in P will not correspond to an increase of similar magnitude 

for the actual model test accuracy. Thus, this would result in an increase in the value of DF as 

the size of the datasets increases to a large value.  

 

The relationship between the predicted and actual model test accuracies were also investigated 

using data taken from Tables A2, and A5 to A9 in the Appendices. These results have been 

summarised and shown in Figure 15. The trendline has been plotted, together with the x=y line, 

which indicates the ideal case, in order to give a comparison. The average value of DF for the 

threshold of 0.2 is taken to be 12% which was determined from Figure 13 and is shown in 

Figure 15 as the blue region. In Figure 15, if the training and test datasets come from the same 

target, the datasets are regarded as similar and vice versa. 

 

From Figure 15, it is observed that the gradient of the trendline for similar datasets is close to 

0.54, which is slightly less than half of the gradient of the x = y line. This suggests that the 

method used in this study can relate the predicted test accuracy (P) to the reported test accuracy 

for similar datasets to a reasonable extent. However, the plot also shows that the method usually 

predicts a slightly lower accuracy than the results produced by the machine learning model. 

Since the predicted accuracy (P) is based on the similarity between the datasets (S), this implies 

that the method is slightly underestimating the similarity between datasets when the training 

and test datasets come from the same target. The small value of DF (<12%) hence demonstrates 

that this method can predict the validation/test accuracy well given a training dataset and the 

training accuracy, and assuming that the model has been optimised. 
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Figure 15: A plot of predicted test accuracy (P) (%) vs. actual model test accuracy (%) for 

datasets from various targets with T=0.2 and N=1. Each point on the plot represents a different 

combination of training and test datasets from the various targets. Training and test sets 

(datasets) either come from the same target or from different targets. Data for the plot were 

taken from Tables S2, and S5 to S9 in the Appendices. A sample size of 500 was used for all 

calculations. Additional plots for calculations using 0.1 and 0.3 similarity thresholds can be 

found in Figure S5 of the SI. 

 

Comparing the results when the training and test datasets come from different targets to that 

when the training and test datasets come from the same target, it is observed that there is now 

significant variation between the predicted (P) and model test accuracy. This is due to the wide 

range of targets tested by the method which also demonstrates the viability of applying this 

method to different datasets. It was determined that 224 points (57.4%) are located within the 

blue region while the remaining 166 points (42.6%) are located outside the blue region. This 

means that out of all the 390 combinations of datasets tested, 224 combinations would be 

expected to work, that is the model trained on the data of the first target can be used to predict 

on the test data of the second target. Using an example to illustrate this point (using the data in 

Table A5 in the Appendices), the model for the AChE target can be applied on ADORA2A, 

ADRA2A, and ADRB1, but cannot be applied on AR and CHUK. This means that the former 

three targets are points that are located in the blue region while the latter two are points located 

outside of the blue region. Since the results show that the model trained on a target eg. AChE 

is able to predict on a different target eg. ADORA2A, this demonstrates that similar molecules 
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are expected to have similar behaviour which is the common assumption made when 

investigating structure-activity relationships. This does not mean that the targets have the same 

mechanism of action, but rather that the active site of the targets have some similarities which 

in turn results in similar molecules having similar activity for that target. This raises the 

possibility of using data from other targets to supplement the data for the current target, 

provided that the molecules are similar enough and their activities are the same. However, one 

must be cautious in doing so, especially if the toxicity endpoint is not well studied, as similar 

molecules do not necessarily have the same mechanism of action. The ideal approach to take 

would be to use a weight of evidence approach with other evidence such as results from in vitro 

methods. When the model trained on a target is unable to predict on another target eg. AChE 

is unable to predict on AR, this means that datasets and thus molecules for these two targets 

are dissimilar. 

 

Also, the different regions as indicated on the plot in Figure 15 assist in determining if the 

obtained results are limited by the data or the ML model. For example, if the data is in the blue 

region, the training and test datasets are expected to have high similarity between themselves. 

Thus, the results obtained by an ML model are limited by the design and performance of the 

ML model since the quality of the data is good. In the other situation, when the data is expected 

to not be similar to each other (in the white regions), the results obtained by an ML model are 

limited by the data quality instead. Hence, Figure 15 demonstrates how one can use such 

knowledge to improve the results obtained by an ML model, even when the training and test 

datasets come from different targets. 

 

In order to give a general idea of how to interpret the value of predicted test accuracy (P) 

without calculating the actual model test accuracy, Figure 16A was plotted. In Figure 16A, it 

is shown that as the predicted test accuracy increases, the proportion of points in the blue region 

(which represents efficient model transferability) increases. It is also noted that this probability 

of efficient model transferability increases significantly when the value of the predicted test 

accuracy is greater than 70%. 

 

With this knowledge, it is possible to determine how much knowledge can be transferred when 

the training and test datasets come from different targets and could also be used to determine 

the relationship between targets. For example, the model trained on the AChE target produces 

an absolute difference (DF) of 4.5% with the data from the ADORA2A target, as well as a 
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calculated similarity (S) of 65.3%. This would mean that the knowledge of 65.3% of the AChE 

data can be transferred to the ADORA2A dataset. With the calculated similarity (S), one could  

infer if the two targets have a similar mechanism of action, since similar structures would tend 

to have the same activity i.e. the structure-activity relationship.  

 

Also, in Figure 16A, the difference between the predicted and actual ML model test accuracy 

(DF) is plotted against the average similarity S (workflow in Figure 11) for training and test 

datasets from different targets. Using Figure 16A, it is possible to estimate if a model will be 

transferable on another dataset. Similar to the predicted test accuracy (P), as the average 

similarity between datasets (S) increases, the proportion of points in the blue region (Figure 

15) which is related to efficient model transferability increases. The plot shows that that having 

an average similarity between datasets (S) of 70% or higher is expected to result in good model 

performance. 

 

 

Figure 16: (A) A plot showing the change in the proportion of data points in the blue region of 

Figure 15 as the average similarity between datasets (S) or the predicted test accuracy (P) 

increases. The plot shows that having values of S or P at 70% or higher is expected to result in 

good model performance. Data for the plot was taken from Tables A2, and A5 to A9 of the 

Appendices. A sample size of 500 was used for all calculations. (B) A plot of proportion of  

datasets with S ≥ value on the x-axis and DF ≤ to the minimum value of DF for that threshold 

(%) (From Figure 3) vs. the average similarity between datasets (S) (%). Each point on the plot 

represents the proportion out of a total of 390 data points eg. At S = 55, about 57.5% out of 

390 dataset pairs have a average similarity (S) more than or equal to 55% and with absolute 

difference (DF) less than or equal to 12% for the Tanimoto similarity threshold of 0.2. High 

average similarities between datasets are likely to result in good model performance provided 

the correct values of T and N are chosen. 
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Figure 17: General workflow of applying the method in this study to two datasets.  

 

The general workflow for applying the method in this study is shown in Figure 17. Worked 

examples for Figure 17 can be found in Figure A6 and Figure A7 in the Appendices. The 

workflow shows how one can easily determine if a model is transferable to another dataset.  

 

However, with this similarity method, there are issues that one must account for. These include 

the presence of activity cliffs within the datasets, where an activity cliff is when a compound 

has a significantly different activity than the other compounds similar to it. This would cause 

issues with the machine learning model as it makes the data more difficult to generalise, though 

the model might treat these points as outliers.  

 

Also, the use of similarity cannot determine if the dataset is challenging for a machine learning 

model at a glance. Once again, this is related to the ability of the machine learning model to 

generalise the data, of which no information about this is encoded in the dataset or features. 

Thus, this will also affect the accuracy of the similarity method. However, if the predicted test 

accuracy (P) is significantly different from the actual model test accuracy, it suggests that either 

the dataset is challenging to model, or that the two datasets have different feature spaces. If  the 

predicted test accuracy is higher than the actual model test accuracy, this implies that the model 

is underperforming and is probably not optimised, or that the current model is overfitting to the 

training data. On the other hand, if the predicted test accuracy (P) is lower than the actual model 
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test accuracy, this implies that the difference in the observed accuracy is due to other factors 

other than the similarity between molecules. 

 

Thus far, the method has been shown to be useful in determining the validation/test accuracy 

of a second dataset given the training accuracy. This would assist in determining if the obtained 

results are due to the data or the model. The similarity method could thus be used to determine 

the relationship between two datasets, where the calculated value of S can be taken as the 

measure of the relationship. As the similarity method can be used to gauge how  much 

information can be transferred between two datasets, if the value of S is high, the machine 

learning model is likely to produce a good result when predicting on the test set (Figure 16). 

Naturally, this does not offer information about what the machine is learning, as this is once 

again not encoded in the information of the molecular fingerprint. Caution must be exercised 

as a high similarity method value and a good machine learning result does not necessarily mean 

that the machine learning model is predicting the “right” results.  

 

In comparison to the study by Mervin et al which shows that 0.3 is the best Tanimoto similarity 

threshold to use for their datasets,355 the results of this study show that 0.2 is the best Tanimoto 

similarity to use for the datasets in this study. This shows that it is perhaps better to try out both 

0.2 and 0.3 similarity thresholds for a particular dataset, as they might offer better or different 

results. It is likely that the ideal Tanimoto similarity threshold depends on the data used. Also, 

the difference arises because a higher cut-off restricts the number of molecules in the training 

set. On the other hand, while the lower cut-off increases the number of dissimilar molecules, 

this disadvantage is outweighed by the increase in the total number of molecules. 

 

This difference also suggests that toxicological data is very complex and using a single 

Tanimoto threshold for all datasets is underestimating the problem. If the dataset is diverse, 

and thus the similarity between molecules in the datasets are expected to be low, it is better to 

use a lower Tanimoto similarity threshold as this allows more data to be retained while keeping 

the similarity high. Conversely, if the dataset has a large number of similar molecules, this 

allows one to use a higher similarity threshold without compromising on the quantity of data 

used. Essentially, this is a situation of finding the right balance between the quantity of data 

and the similarity threshold used.  
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3.5 Further applications of similarity method on data curation 

The method could also be used to determine which molecules in a dataset are likely to be the 

sources of error when the model makes predictions on them, simply because the model has not 

been trained on similar data. The solution to this is to either omit these test molecules or obtain 

more sources of data which have similar molecules to these. If such data is not available, this 

highlights a need for more data regarding these molecules to be obtained in order to make better 

predictions for the particular target. By identifying which data points the machine learning 

model is unable to generalise upon, the model can be improved as well as offer insights into 

where future data collection needs to be focused upon. Hence, the similarity method can be 

used to analyse and improve the results of the machine learning model. 

 

Thus, this was investigated by choosing a well-established target, AChE, and testing it on the 

five targets chosen during the optimisation process. The results of a total of 10 runs have been 

summarised in Table 9. For each target, the data for both the raw and curated data, where the 

curated data refers to the raw datasets which have dissimilar molecules removed. The dissimilar 

molecules refer to those that do not meet the criteria of having a Tanimoto similarity above the 

specified threshold (0.2) and having the same active state. Both the training and test sets were 

curated, with all other model parameters remaining the same throughout the calculation. The 

full results can be found in Table A10 in the Appendices. 

 

The results from Table 9 show that curating the dataset according to the method increases the 

test accuracy of the model by 22.5%, even if the two targets/datasets are distinctly different. 

This means that by curating the dataset, one is able to identify the data points which need 

further data before they can be modelled, as well as improving the models for those data points 

that can be modelled. This also potentially allows one to use data from other targets to increase 

the training data for a machine learning model, which alleviates the issue of insufficient data 

for some targets in the field of predictive toxicology. However, it is noted that curating the data 

to fit the test set means that it is more likely that the model will fail to reliably predict results 

on molecules that are not present in the training data. One should also consider if the predictions 

on molecules that are not present in the training data, in particular when the molecules are 

dissimilar, can be trusted given that the machine learning model has not seen enough of these 

molecules to generalise a pattern. 
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Table 9: A comparison of the test accuracies for the model of the AChE target with various 

targets for both the raw and curated data. 

Test target 
Raw data test 

accuracy (%) 

Curated data test 

accuracy (%) 

Difference in 

accuracies (%) 

AChE 86.4 87.9 1.4 

ADORA2A 56.4 87.8 31.5 

AR 73.0 86.7 13.6 

hERG 55.3 87.2 31.9 

SERT 54.3 88.5 34.2 

  Average 22.5 

Curated data refers to the raw data in both training and test datasets without the molecules that have no other similar molecules  

by following the workflow in Figure 11. The difference in accuracies (%) takes the curated data as a reference and is calculated 

by subtracting the test accuracies of the raw data from the curated data. The results shown here are an average of 10 runs using 

the optimal settings. All the data was used unless specified otherwise. A Tanimoto similarity threshold of 0.2 was used. 

 

3.6 Further applications of similarity method on toxicological databases 

Moving on, this method has been applied to data from the PubChem and ChEMBL databases 

and the results are shown in Figure 18 and 19.356, 363 The datasets from PubChem were 

compared with the datasets from the human targets using the workflow in Figure 11. 

 

The plot in Figure 18 shows that as the number of molecules in the PubChem dataset increases, 

the average proportion of similar molecules does not change significantly. With this result, the 

prediction is that even if the entire PubChem database is used, this value will not change. Such 

a result indicates that if the models by Allen et al were used,358 the behaviour of about 13% out 

of 100 million molecules and their toxicological effects can be predicted. This is because 

similar molecules are known to have similar behaviour if the structure-activity relationship 

holds. A similar result was observed for the ChEMBL database as well (Figure 19). If the 

models by Allen et al were used,358 the behaviour of about 18% out of 2 million molecules and 

their toxicological effects can be predicted. The results from these two plots indicate the high 

toxicological potential of these popular toxicological databases. 
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Figure 18: A plot showing the average proportion of molecules in one dataset that have one 

similar molecule in the other dataset. The average proportion was determined by taking the 

average across all 79 targets for a total of 3 runs. The molecules in the PubChem datasets were 

randomly extracted from the PubChem database with metals removed, salts stripped, and 

duplicates removed. This was repeatedly performed until the specified number of molecules 

was reached. A Tanimoto similarity threshold of 0.3 was used. (Full results in Figure A11 to 

Figure A13 in the Appendices)  

 

 

Figure 19: A plot showing the average proportion of molecules in one dataset that have one 

similar molecule in the other dataset. The average proportion was determined by taking the 

average across all 79 targets for a total of 3 runs. The molecules in the ChEMBL d atasets were 

randomly extracted from the ChEMBL database with metals removed, salts stripped, and 

duplicates removed. This was repeatedly performed until the specified number of molecules 
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was reached. A Tanimoto similarity threshold of 0.3 was used. (Full results in Figure A14 and 

Figure A15 in the Appendices). 

 

3.7 Conclusion 

In conclusion, a method that uses Tanimoto similarity to determine the transferability of a 

model between two datasets was developed and applied to toxicological data for different 

human targets. This method has been shown to allow one to obtain a broad idea of the chemical 

space of a dataset, as well as the relationship between two datasets. This study has also 

demonstrated that with this method, when the average similarity between datasets (S) or the 

predicted test accuracy (P) is 70% or higher, it is expected that model performance will be good 

i.e. the model will be transferable to another dataset. This study has also shown that the 

proportion of similar molecules can be used for popular toxicological databases, where about 

13 million molecules (PubChem: 13%, ChEMBL: 18%) can be analysed using the Allen et al 

models for a series of important toxicological effects.358 Finally, the hope is that that this 

method/workflow can be used for other datasets in predictive toxicology. 
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Chapter 4: Investigating developmental and reproductive toxicity 

with the use of automated machine learning and transfer learning 

4.1 Introduction 

In Chapter 3, the knowledge transfer between different human targets was investigated. In this 

chapter, developmental and reproductive toxicity will be investigated, and transfer learning 

will be carried out to determine if any insights can be gained. 

 

Developmental and reproductive toxicity (DART) has been the focus of recent research due to 

its importance in human health hazard and risk assessment. It is a complex endpoint consisting 

of both developmental and reproductive aspects. For the developmental aspect, this includes 

fetal development, teratogenicity, transfer across the placenta barrier, and prenatal 

developmental toxicity.364-367 For the reproductive aspect, this includes gametogenesis, release 

of gametes, formation of the zygote, parturition of offspring, and lactogenesis.367, 368 As 

compared to reproductive toxicity, developmental toxicity is also known to be more difficult 

to assess. This is because the developmental process is especially sensitive to genetic errors 

and environmental disruptions, windows of vulnerability being created by the timing of the 

processes, and the maternal effects having an impact on all stages of fetal development.369 

There is also concern about the inter-species difference and the reproducibility of the test 

results.369 It is thus known that modelling the endpoint of DART is a complex and tricky task. 

 

Several guidelines have been developed by the Organisation for Economic Co-operation and 

Development for the testing of DART. This includes OECD 414-416, 421, 422, 426, and 

443.370 However, these guidelines involve testing on many animals while also being costly and 

which requires a long testing time.371, 372 For example, OECD 414 is used for the investigation 

of prenatal developmental toxicity and requires at least four groups of 20 female animals per 

compound tested.370 If a traditional two-generation test is used, this requires up to 3200 animals 

and is among the most costly tests.369 In 2013, the European Union imposed a ban on the sale 

and importation of cosmetics that were tested on animals or contain animal-tested 

ingredients.372, 373 Consumers are also increasingly favouring products that have been 

developed with alternative non-animal methods.374 As a result, there is an ongoing shift from 

animal testing to alternative non-animal testing methods in predictive toxicology. 
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It is important to develop non-animal approaches such as in silico methods to assess the 

potential DART toxicities of chemicals. These in silico methods can be used in a weight of 

evidence approach under the recent next generation risk assessment (NGRA) framework.375, 376 

There are multiple studies in the literature which have developed in silico methods for DART. 

The study by Wu et al in 2013 remains one of the popular choices for DART which covers a 

framework to identify structural alerts using an empirically based decision tree.377 This allows 

one to determine whether or not a chemical has structural features that are consistent with 

chemical structures known to have toxicity for DART endpoints.377 Teratogenicity is also part 

of DART and has been studied by Challa et al in 2020.364 They have found that drug structure 

is a good predictor of teratogenicity and have developed a workflow to identify teratogenic 

moieties.364 In 2021, Feng et al developed ensemble learning models for reproductive 

toxicity.368 Their findings indicate that ensemble learning can play a beneficial role in the 

prediction of reproductive toxicity and can significantly improve the ability to predict such 

toxic compounds.368 More recently, Ciallella et al has investigated prenatal developmental 

toxicity using chemical structures and biological data.365 Their work has automatically 

identified bioassay data relevant to prenatal developmental toxicity from public databases and 

created a new strategy for predicting untested chemicals early in the discovery and 

development procedure or existing chemicals with limited safety data.365 Despite all these 

studies, the investigation and modelling of DART using in silico methods with publicly 

available information remains a challenge. 

 

In this study, the construction of the largest known database with 3245 compounds with valid 

QSAR ready SMILES (1662 positives, 1583 negatives) for the general prediction of DART is 

reported. The database construction process is explained in detail under the Methods section 

and is available as an Excel workbook, which contains a database with salts and metals included 

for reference purposes, and another database without salts and metals which can be used for 

modelling. These data were taken from a total of 12 sources covering a range of endpoints on 

DART. This database was subsequently used to train machine learning (ML) models using an 

automated learning (AutoML) process and the results are reported in this study. The 

misclassification of the models was also investigated in order to determine where the current 

models fall short, and where more data needs to be gathered. 

 

Finally, the last part of this chapter will focus on transfer learning. Transfer learning is the 

development of a high-performing model for a target domain trained from a related source 
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domain.378 This is usually carried out when the data for the target is limited and thus a model 

cannot be efficiently trained on the data. It is known that when there is a difference in data 

distribution between the training and test data, the results of a predictive model can be 

degraded.378, 379 Therefore, by using this property of transfer learning, the relationship between 

different toxicity endpoints can be investigated, or if certain human targets are involved with 

the toxicity endpoint. For example, the androgen receptor is known to be linked to reproductive 

toxicity.380 Thus, a model trained on reproductive toxicity data would likely be able to predict 

well on androgen receptor activity data, especially if the reproductive data contains molecules 

that are related to androgen binding. 

 

Naturally, transfer learning also has its limitations. While a good performance by the machine 

learning model when predicting on the test data indicates that the two data sources are related, 

poor performance results could either mean that the two data sources are unrelated, or that the 

model was trained on insufficient data to be able to pick out patterns effectively on the test 

data. Thus, one must be cautious when drawing conclusions about negative relationships 

between the data sources. 

 

In this study, the similarity method in Chapter 3 was also used and the results obtained with 

transfer learning between developmental toxicity and reproductive toxicity in this chapter 

match the conclusion made in Chapter 3 about the similarity method, which is that when the 

average similarity between datasets (S) or the predicted test accuracy (P) is 70% or higher, it 

is expected that model performance will be good i.e. the model will be transferable to another 

dataset. Additionally, transfer learning between the models for developmental toxicity and 

reproductive toxicity with the human target data in Chapter 3 was carried out. In doing so, it is 

hoped that more insights can be gained into the relationships or mechanisms of action of both 

developmental toxicity and reproductive toxicity which are still not fully understood. 

 

4.2 Methods 

The raw data for the DART database was taken from the sources detailed in Table 10. The 

entry for each compound in the database was further supplemented with additional details such 

as the chemical name, InChI Key, and QSAR ready SMILES using the EPA CompTox 

Chemistry Dashboard: https://comptox.epa.gov/dashboard/. Next, entries with missing or 

unclear data were removed. If the compound has enantiomers, the toxicity values were merged 

https://comptox.epa.gov/dashboard/
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with the toxic values having priority over the non-toxic values for each source. For each source, 

the compound's toxicity value is shown as active (1), inactive (0) or not present (#N/A). Entries 

were determined to be unique (no duplicates) based on their name, InChI Key, and SMILES.  

 

To prepare the dataset for modelling, salts, and inorganics (metals) were removed from the 

SMILES of the compounds. These SMILES will thus be called QSAR ready SMILES. If 

multiple compounds have the same QSAR Ready SMILES, the toxicity values for the sources 

are merged into a single entry, with the toxicant/toxic value having a higher priority should the 

compounds be tested for the same source. Entries without QSAR Ready SMILES were 

removed. This database without salts and metals is henceforth referred to as the DART 

database. The DART database contains a total of 3245 compounds (1662 positives, 1583 

negatives). In the modelling process, only the QSAR Ready SMILES of compounds will be 

used, together with their overall toxicity value. The list of data sources in the DART database 

for the dataset without salts and metals is shown in Table 10. 

 

Table 10: List of data sources for the DART database without salts and metals 

No. Data source 
in vitro/in 

vivo 

Developmental/Reproductive 

toxicity 

No. of 

positives 

No. of 

negatives 

Total no. of 

compounds 
Ref. 

1 

Collection of 

chemicals from the 

literature 

in vivo Developmental 38 4 42 

381-

422 

2 

Framework for 

identifying chemicals 

with structural 

features associated 

with the potential to 

act as developmental 

or reproductive 

toxicants 

Mixed 

(multiple 

sources) 

Developmental/Reproductive 583 42 625 377 

3 

Identifying reference 

chemicals for thyroid 

bioactivity screening 

in vivo Developmental 27 4 31 423 

4 

Development of a 

curated Hershberger 

database 

in vivo Reproductive 25 19 44 424 

5 

Development and 

validation of a 

computational model 

in vitro Reproductive 24 35 59 425 
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for androgen receptor 

activity 

6 

Identification of 

candidate reference 

chemicals for in vitro 

steroidogenesis 

assays 

in vitro Reproductive 22 48 70 426 

7 

Profiling the ToxCast 

library with a 

pluripotent human 

(H9) stem cell line-

based biomarker 

assay for 

developmental 

toxicity 

in vitro Developmental 194 807 1001 427 

8 

A novel human stem 

cell‐based biomarker 

assay for in vitro 

assessment of 

developmental 

toxicity 

in vitro Developmental 23 15 38 428 

9 

EPA ICE data 

(provided by Dr 

Katarzyna R. 

Przybylak) 

in vitro Developmental 20 10 30 - 

10 

Predicting the 

reproductive toxicity 

of chemicals using 

ensemble learning 

methods and 

molecular 

fingerprints 

in vivo Reproductive 744 793 1537 368 

11 

Machine learning on 

drug-specific data to 

predict small 

molecule 

teratogenicity 

Mixed 

(multiple 

sources) 

Developmental 416 153 569 364 

12 

Predicting prenatal 

developmental 

toxicity based on the 

combination of 

chemical structures 

and biological data 

Mixed 

(multiple 

sources) 

Developmental 588 516 1104 365 
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Some compounds in the literature were selected because they were interesting. These 

compounds are grouped together as a collection of literature and shown as entry 1 in Table 10. 

All compounds are tested for developmental toxicity in vivo. Some of these compounds are 

also not found in other data sources. Entry 2 in Table 10 is the work by Wu et al which covers 

a framework to identify structural alerts using an empirically based decision tree.377 This allows 

one to determine whether or not a chemical has structural features that are consistent with 

chemical structures known to have toxicity for DART endpoints.377 Entry 3 is a study by  

Wegner et al where reference chemicals were selected based on thyroid bioactivity in ‘Tier 1’ 

screening assays used by the US EPA’s Endocrine Disruptor Screening Program.423 Entry 4 

covers the work done by Browne et al where a systematic literature review was conducted to 

identify Hershberger bioassays for chemicals including those used to validate the OECD/US 

EPA guideline assay, US EPA’s chemicals screened for endocrine activity, and the library of 

chemicals run in US EPA‘s ToxCast in vitro assays.424 The work by Kleinstreuer et al. is listed 

as entry 5 and is about the integration of 11 high-throughput in vitro screening ToxCast/Tox21 

in vitro assays into a computational network model to distinguish true androgen receptor 

pathway activity from technology-specific assay interference.425 Entry 6 describes an approach 

by Pinto et al for identifying in vitro candidate reference chemicals that affect the production 

of androgens and estrogens in models of steroidogenesis from a review of the ToxCast high-

throughput H295R steroidogenesis assay and gonad-derived in vitro assays used in methods 

validation and published in the scientific literature.426 

 

The work by Zurlinden et al is listed as entry 7 and is about the Stemina devTOX quickPredict 

platform which is a human pluripotent stem cell-based assay that predicts the developmental 

toxicity potential based on changes in cellular metabolism following chemical exposure.427 

Entry 8 is about the development of a new assay by Jamalpoor et al, ReproTracker, which is a 

state-of-the-art in vitro method that can identify the teratogenicity potential of new 

pharmaceuticals and chemicals and signify the outcome of in vivo test systems.428 Data for this 

entry was taken from two sources, namely Table 1 of the work by Jamalpoor et al using the 

ReproTracker assay, where the recorded value in the DART database is taken to be positive 

according to the values of teratogenicity in Table 1,428 and the ReproTracker website 

(https://toxys.com/reprotracker/) where the toxicity value of a compound is positive if the 

picture shows a red cross and negative if the picture shows a green tick. These can be found 

under the "Validation" tab on the ReproTracker website. The EPA ICE data on in vitro 

developmental toxicity which was provided by Dr Katarzyna R. Przybylak is listed in Table 10 

https://toxys.com/reprotracker/
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as entry 9. Entry 10 covers the work done by Feng et al who developed ensemble learning 

models for reproductive toxicity and whose findings indicate that ensemble learning can play 

a beneficial role in the prediction of reproductive toxicity as well as significantly improve the 

ability to predict such toxic compounds.368 Entry 11 is about the work by Challa et al who have 

found that drug structure is a good predictor of teratogenicity and have developed a workflow 

to identify teratogenic moieties.364 Lastly, entry 12 describes the work done by Ciallella et al 

on prenatal developmental toxicity using chemical structures and biological data.365 Their work 

has automatically identified bioassay data relevant to prenatal developmental toxicity from 

public databases and created a new strategy for predicting untested chemicals early in the 

discovery and development procedure or existing chemicals with limited safety data.365 

 

Finally, Table 10 contains a total of four entries with in vivo data, five with in vitro data and 

three with mixed data. There are 1621 chemicals for in vivo data (878 positives, 743 negatives) 

and 1064 chemicals for in vitro data (439 positives, 625 negatives). In Table 10, seven entries 

cover developmental toxicity, four cover reproductive toxicity and one covers both 

developmental and reproductive toxicity. The main endpoints that the database covers for 

developmental toxicity include thyroid bioactivity, teratogenicity, and prenatal developmental 

toxicity. For reproductive toxicity, the database covers androgen-responsive endpoints, 

steroidogenesis, sperm reduction, gonadal dysgenesis, abnormal ovulation, teratogenicity, 

infertility, and delayed growth. Developmental toxicity has 2202 chemicals (1206 positives, 

996 negatives) while reproductive toxicity has 1606 chemicals (848 positives, 758 negatives). 

All entries in Table 10 predicting for both toxicity endpoints and/or containing mixed in vivo/in 

vitro data were excluded from the numbers reported in this paragraph. 

 

The overall toxicity value of each compound in the database was determined based on the 

threshold used. Two thresholds have been defined in the Excel workbook containing the 

database. The first being that the overall toxicity value is positive if any of the recorded sources 

are positive. The second threshold treats the overall toxicity value as positive if the number of 

positives for the recorded sources are greater than the number of  negatives for the recorded 

sources eg. if a compound was tested in seven sources of data, with three positives and four 

negatives, the compound would be treated as being non-toxic. In the consideration of these 

thresholds, "#N/A" values are not considered. Unless otherwise specified, the threshold used 

for the overall toxicity of each compound is when the overall toxicity value is positive (1) if 

any of the recorded sources are positive (1). 
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An external test set was processed similarly to the DART database. Compounds in this external 

test set that were also found in the DART database were removed from this test set. This ensures 

that all compounds in the external test set are not present in the DART database as well as the 

training set for the DART models. This dataset was obtained from Hewitt et al and contains 

290 compounds for developmental toxicity.429 After processing, the external test dataset 

contains a total of 68 chemicals (41 positives, 27 negatives). 

 

SMILES for the compounds were converted into Morgan fingerprints with 2048 bits and radius 

2. This process was carried out using RDKit (version 2022.03.1). Unless otherwise stated, a 

total of five runs were performed for the DART database with 24 models being trained each 

run and the results are reported as an average of these 5 runs. This means that a total of 120 

models are trained and evaluated for a dataset. During each run, 20% of the dataset was 

randomly split to be the test set. The remaining 80% of the dataset was then used for model 

input in the AutoML process, with 5-fold cross validation being used. For each fold, the 

training and validation split is 80% and 20% respectively. The data was also shuffled before 

each run.  

 

To evaluate the model performance, several common metrics were used. These consist of 

accuracy (ACC), sensitivity (SE), specificity (SP), and the Matthews correlation coefficient 

(MCC) which are calculated using the values for true positives (TP), true negatives (TN), false 

positives (FP) and false negatives (FN). The formulas for these metrics are shown in equations 

(9) to (12). 

𝐴𝐶𝐶 =  
𝑇𝑁+𝑇𝑃

𝑇𝑁+𝐹𝑃+𝑇𝑃+𝐹𝑁
      (9) 

𝑆𝐸 =  
𝑇𝑃

𝑇𝑃+𝐹𝑁
       (10) 

𝑆𝑃 =  
𝑇𝑁

𝑇𝑁+𝐹𝑃
        (11) 

𝑀𝐶𝐶 =  
(𝑇𝑃×𝑇𝑁)−(𝐹𝑃×𝐹𝑁)

√(𝑇𝑃+𝐹𝑃)(𝑇𝑃+𝐹𝑁)(𝑇𝑁+𝐹𝑃)(𝑇𝑁+𝐹𝑁)
     (12) 

The key packages used in this work include AutoGluon (version 0.4.2),430 and scikit-learn 

(version 1.0). For the AutoGluon package, the TabularPredictor function was run with the 

optional arguments: num_bag_folds=5, num_bag_sets=1, num_stack_levels=1 which has been 

reported to increase model performance.430 All code for this study can be found at 

https://github.com/Goodman-lab/DART-project. The datasets and code are also available on 

Apollo at https://doi.org/10.17863/CAM.97035 and https://doi.org/10.17863/CAM.100025. 

https://github.com/Goodman-lab/DART-project
https://doi.org/10.17863/CAM.97035
https://doi.org/10.17863/CAM.100025
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4.3. Results and discussion 

The new DART database offers several advantages as compared to using other databases. 

Firstly, the database contains data that has been published in recent years which ensures that 

the predictions made with this database are in line with the current DART situation. Secondly, 

the database is versatile as it offers multiple sources of both in vivo and in vitro data, as well 

as developmental toxicity and reproductive toxicity in a single database. This means that one 

can either use the database for the general prediction of DART or use specific data such as for 

developmental toxicity only. Finally, this new database incorporates a large number of 

chemicals that are related to DART, which is more that the popular DART dataset by Wu et 

al.377 Modelling with this DART database is thus likely to produce good results. While it is 

unlikely that the DART database includes all possible chemicals that are related to DART in 

the literature, the current DART database probably covers enough of the DART compound 

space to be useful for developing new DART models. It is also noted that as salts and metals 

are omitted from the DART database, it is expected that predicting the toxicity of compounds 

containing these inorganics will not work. 

 

4.3.1 Benchmark testing 

Before a new package can be applied to the new DART database, a benchmark test must be 

carried out to verify if the package works as intended. Thus, a benchmark test of the AutoGluon 

package was carried out with the same data that Feng et al used.368 In their study, Feng et al 

developed an ensemble machine learning (ML) model for the specified dataset. They have also 

compared the performance of their model to a previous study by Jiang et al that used the same 

dataset.107, 368 Table 11 summarises the results of their models as well as the models produced 

by the AutoGluon package on the test set. 

 

Table 11: Test performance of ML models on the dataset used by Feng et al (benchmark) 

Model name ACC (%) SE (%) SP (%) MCC Ref. 

MACCSFP-SVM 83.6 78.5 88.1 - 

Jiang 

et al 

2019107 

Ensemble-Top12 84.4 77.3 90.7 - 

Feng et 

al 

2021368 



Chapter 4  72 

 

CatBoost_BAG_L1 83.1 ± 2.2 77.9 ± 4.9 87.8 ± 1.8 0.662 ± 0.044 Present 

study 

CatBoost_BAG_L2 85.1 ± 3.2 78.9 ± 5.0 90.7 ± 3.8 0.704 ± 0.067 Present 

study 

ExtraTreesEntr_BAG_L1 84.9 ± 3.2 79.5 ± 4.6 89.7 ± 3.7 0.698 ± 0.067 Present 

study 

ExtraTreesEntr_BAG_L2 85.3 ± 2.8 79.0 ± 4.9 90.8 ± 3.5 0.707 ± 0.059 Present 

study 

ExtraTreesGini_BAG_L1 85.2 ± 3.4 79.9 ± 4.8 90.0 ± 3.4 0.704 ± 0.070 Present 

study 

ExtraTreesGini_BAG_L2 85.1 ± 3.3 79.7 ± 4.7 89.8 ± 3.7 0.702 ± 0.067 Present 

study 

LightGBMLarge_BAG_L1 83.0 ± 2.9 80.8 ± 3.6 84.9 ± 3.6 0.659 ± 0.059 Present 

study 

LightGBMLarge_BAG_L2 83.6 ± 3.4 78.1 ± 4.2 88.6 ± 4.9 0.673 ± 0.072 Present 

study 

LightGBMXT_BAG_L1 83.1 ± 2.8 81.5 ± 3.2 84.4 ± 3.5 0.66 ± 0.058 Present 

study 

LightGBMXT_BAG_L2 85.3 ± 2.7 78.9 ± 4.6 90.9 ± 2.9 0.707 ± 0.055 Present 

study 

LightGBM_BAG_L1 83.1 ± 2.8 81.5 ± 3.2 84.4 ± 3.5 0.66 ± 0.058 Present 

study 

LightGBM_BAG_L2 84.9 ± 3.2 79.3 ± 5.2 90.0 ± 4.1 0.70 ± 0.068 Present 

study 

NeuralNetFastAI_BAG_L1 81.4 ± 2.3 83.7 ± 5.1 79.4 ± 2.8 0.63 ± 0.046 Present 

study 

NeuralNetFastAI_BAG_L2 82.2 ± 3.1 83.9 ± 5.5 80.7 ± 3.2 0.646 ± 0.062 Present 

study 

NeuralNetTorch_BAG_L1 84.0 ± 2.3 81.3 ± 4.7 86.5 ± 4.6 0.681 ± 0.046 Present 

study 

NeuralNetTorch_BAG_L2 85.6 ± 3.0 81.3 ± 3.8 89.5 ± 3.1 0.711 ± 0.062 Present 

study 

RandomForestEntr_BAG_L1 84.7 ± 3.2 79.5 ± 4.8 89.4 ± 3.5 0.694 ± 0.066 Present 

study 

RandomForestEntr_BAG_L2 84.6 ± 3.0 78.8 ± 4.6 89.8 ± 3.6 0.693 ± 0.062 Present 

study 

RandomForestGini_BAG_L1 84.8 ± 3.4 79.6 ± 4.5 89.5 ± 4.1 0.696 ± 0.071 Present 

study 
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RandomForestGini_BAG_L2 84.9 ± 3.3 79.6 ± 5.0 89.6 ± 3.8 0.698 ± 0.068 Present 

study 

WeightedEnsemble_L2 85.2 ± 3.4 80.7 ± 5.5 89.2 ± 3.3 0.704 ± 0.069 Present 

study 

WeightedEnsemble_L3 85.6 ± 3.0 79.1 ± 4.4 91.4 ± 3.6 0.714 ± 0.063 Present 

study 

XGBoost_BAG_L1 83.4 ± 3.5 79.3 ± 5.3 87.0 ± 2.8 0.666 ± 0.071 Present 

study 

XGBoost_BAG_L2 84.9 ± 2.9 79.2 ± 3.9 90.0 ± 4.1 0.698 ± 0.062 Present 

study 

Results from the present study are an average of five runs with the data shuffled before each run. The best performing model 

in the present study is highlighted. 

 

The results in Table 11 demonstrate that the benchmark performance of the models trained by 

the AutoGluon package in this study is comparable to the models in the literature. In addition, 

the consistent results of the models across all runs indicate that the AutoML models seem to 

have been optimised fully as evidenced by the low standard deviations. The high MCC value 

for all models also suggests that the models are learning well on the data and the results 

produced are unlikely to be a result of overfitting. The possibility of overfitting is also 

minimised because the AutoGluon package also has measures to reduce overfitting in their 

implementation. This could also be due to the consistent method used to train the models using 

AutoGluon. The documentation of AutoGluon has more details about this and will not be 

elaborated on in this study.430 The best performing model produced in this study on the ML 

dataset was determined to be the WeightedEnsemble. This model has produced an accuracy of 

85.6 ± 3.0% which is 2.0% better and 1.2% better than the models developed by Jiang et al and 

Feng et al respectively. If the standard deviations (taken from an average of five runs using the 

same parameters) are considered, the model produced by this study is comparable to that 

produced by Feng et al.368 One advantage of using AutoGluon is that the model training is 

extremely quick and without the need for manual hyperparameter optimisation, with the model 

results for all runs per dataset in the present study being produced within a day. A specified 

maximum time limit per run can also be specified in the package if necessary. However, it is 

unlikely that the model training time will exceed this limit if the dataset size is small. The quick 

model development time, together with the excellent performance metrics comparable to the 

literature highlights the potential of the AutoGluon package and the use of AutoML in 

toxicology. 
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4.3.2 Testing AutoML on datasets 

Given the success of the benchmark of the AutoGluon models against known toxicity models, 

the AutoGluon package was then applied for the DART database where the threshold used for 

the overall toxicity of each compound is when the overall toxicity value is positive (1) if any 

of the recorded sources are positive (1). Similarly, a total of 24 models were trained on the 

DART database across five runs. The metrics for model performance on this dataset are 

reported in Table 12. 

 

Table 12: Test performance of machine learning models on the DART database 

Model name ACC (%) SE (%) SP (%) MCC 

CatBoost_BAG_L1 71.0 ± 1.0 68.9 ± 2.6 73.5 ± 1.1 0.423 ± 0.019 

CatBoost_BAG_L2 71.7 ± 1.3 69.1 ± 5.0 74.8 ± 4.2 0.44 ± 0.025 

ExtraTreesEntr_BAG_L1 71.8 ± 0.6 73.0 ± 1.5 70.6 ± 1.9 0.436 ± 0.012 

ExtraTreesEntr_BAG_L2 72.6 ± 0.7 71.8 ± 2.9 73.6 ± 2.9 0.453 ± 0.014 

ExtraTreesGini_BAG_L1 71.6 ± 1.0 73.8 ± 2.4 69.3 ± 2.9 0.431 ± 0.020 

ExtraTreesGini_BAG_L2 72.4 ± 1.1 71.8 ± 3.0 73.0 ± 3.2 0.449 ± 0.024 

LightGBMLarge_BAG_L1 72.2 ± 1.2 71.9 ± 2.9 72.5 ± 1.7 0.444 ± 0.023 

LightGBMLarge_BAG_L2 71.0 ± 1.5 69.2 ± 4.4 73.0 ± 3.8 0.423 ± 0.028 

LightGBMXT_BAG_L1 71.2 ± 1.2 70.0 ± 2.9 72.7 ± 1.3 0.426 ± 0.023 

LightGBMXT_BAG_L2 71.2 ± 0.6 70.3 ± 2.8 72.3 ± 2.6 0.426 ± 0.013 

LightGBM_BAG_L1 71.2 ± 1.2 70.0 ± 2.9 72.7 ± 1.3 0.426 ± 0.023 

LightGBM_BAG_L2 71.5 ± 0.9 70.2 ± 3.5 72.9 ± 3.2 0.432 ± 0.017 

NeuralNetFastAI_BAG_L1 70.5 ± 1.2 69.2 ± 2.9 71.9 ± 3.1 0.411 ± 0.024 

NeuralNetFastAI_BAG_L2 71.2 ± 0.5 69.9 ± 2.1 72.7 ± 2.8 0.426 ± 0.013 

NeuralNetTorch_BAG_L1 70.3 ± 1.1 69.3 ± 2.2 71.5 ± 4.0 0.408 ± 0.023 

NeuralNetTorch_BAG_L2 71.5 ± 1.2 71.4 ± 4.0 71.7 ± 3.1 0.431 ± 0.024 

RandomForestEntr_BAG_L1 71.6 ± 1.5 72.9 ± 2.6 70.4 ± 2.8 0.433 ± 0.030 

RandomForestEntr_BAG_L2 72.1 ± 0.9 70.6 ± 2.7 73.8 ± 3.6 0.444 ± 0.018 

RandomForestGini_BAG_L1 72.1 ± 1.4 74.4 ± 2.5 69.7 ± 2.4 0.442 ± 0.029 

RandomForestGini_BAG_L2 72.1 ± 0.7 70.9 ± 3.0 73.6 ± 3.2 0.445 ± 0.015 

WeightedEnsemble_L2 71.8 ± 0.6 72.0 ± 2.1 71.6 ± 2.8 0.436 ± 0.014 

WeightedEnsemble_L3 71.8 ± 1.3 70.2 ± 4.0 73.7 ± 2.6 0.439 ± 0.026 

XGBoost_BAG_L1 71.1 ± 0.8 68.0 ± 3.1 74.5 ± 2.3 0.426 ± 0.014 

XGBoost_BAG_L2 71.5 ± 0.7 69.7 ± 3.7 73.6 ± 3.6 0.434 ± 0.015 
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Results from the present study are an average of five runs with the data shuffled before each run. The best performing model 

in the present study is highlighted. 

 

The ExtraTreesClassifier with the ‘entropy’ criteria produced the best results on the DART 

database. Similar to the previous benchmark dataset, all models produce similar results and 

perform consistently well. One would have expected that because the DART endpoint is 

complex in nature and covers multiple mechanisms/mode of actions, the performance metrics 

of different ML models would vary more because they generalise the data differently. It is also 

known that the benchmark dataset only covers reproductive toxicity while the DART database 

in Table 12 covers both the developmental and reproductive endpoints. This has thus resulted 

in a lower observed accuracy for all models. Even so, an accuracy of 72.6 ± 0.7% is respectable 

for modelling the overall toxicity for such a complex endpoint. However, it is acknowledged 

that when talking about model accuracy, it is ideal to consider the experimental error of the 

assay. This is because the experimental error would determine the baseline accuracy of the 

model. It is also observed from Table 11 and Table 12 that varying the algorithm or machine 

learning model is unlikely to have significant improvements in the performance of the resulting 

model. It is thus determined that improvements to model performance must come from the 

perspective of the data used for the models. However, one should also note that it is entirely 

possible that the data cannot be improved on ie. the experimental error cannot be reduced. 

 

Data from the Stemina assay on a variety of ToxCast chemicals provided in the work by 

Zurlinden et al has were used for modelling with the AutoGluon package in this thesis 

chapter.427 The Stemina assay is an in vitro assay for developmental toxicity and measures 

relative changes in 2 metabolites, ornithine and cystine, targeting the ornithine/cystine ratio as 

a biomarker for developmental toxicity.427 Hence, it is useful to investigate how the use of the 

data from this assay would affect model performance. Table 13 summarises the performance 

metrics of all ML models trained on this Stemina dataset. 

 

Table 13: Test performance of ML models on the Stemina dataset 

Model name ACC (%) SE (%) SP (%) MCC 

CatBoost_BAG_L1 65.6 ± 3.3 25.8 ± 8.0 91.0 ± 5.7 0.232 ± 0.071 

CatBoost_BAG_L2 66.5 ± 4.1 29.3 ± 6.1 90.4 ± 4.4 0.257 ± 0.090 

ExtraTreesEntr_BAG_L1 66.6 ± 3.3 36.3 ± 6.4 86.0 ± 3.7 0.260 ± 0.074 



Chapter 4  76 

 

ExtraTreesEntr_BAG_L2 66.2 ± 4.1 30.7 ± 7.9 89.1 ± 2.5 0.246 ± 0.094 

ExtraTreesGini_BAG_L1 66.2 ± 3.2 36.8 ± 6.6 85.0 ± 2.5 0.251 ± 0.079 

ExtraTreesGini_BAG_L2 67.7 ± 4.6 33.4 ± 8.9 89.8 ± 4.3 0.287 ± 0.105 

LightGBMLarge_BAG_L1 65.8 ± 2.2 28.6 ± 10.4 89.8 ± 4.5 0.238 ± 0.050 

LightGBMLarge_BAG_L2 65.2 ± 2.1 26.3 ± 8.5 90.1 ± 3.5 0.216 ± 0.056 

LightGBMXT_BAG_L1 64.0 ± 4.4 29.2 ± 7.5 86.4 ± 7.0 0.198 ± 0.074 

LightGBMXT_BAG_L2 64.8 ± 2.5 28.7 ± 6.2 88.0 ± 4.0 0.210 ± 0.072 

LightGBM_BAG_L1 64.0 ± 4.4 29.2 ± 7.5 86.4 ± 7.0 0.198 ± 0.074 

LightGBM_BAG_L2 64.6 ± 2.2 24.0 ± 7.7 90.6 ± 4.8 0.200 ± 0.051 

NeuralNetFastAI_BAG_L1 60.9 ± 2.4 52.6 ± 7.9 65.9 ± 5.3 0.184 ± 0.054 

NeuralNetFastAI_BAG_L2 59.4 ± 4.5 40.0 ± 9.3 72.0 ± 5.0 0.124 ± 0.102 

NeuralNetTorch_BAG_L1 63.1 ± 2.3 30.7 ± 6.2 83.9 ± 5.6 0.176 ± 0.048 

NeuralNetTorch_BAG_L2 63.5 ± 4.5 34.4 ± 4.7 82.2 ± 6.2 0.193 ± 0.086 

RandomForestEntr_BAG_L1 66.4 ± 3.3 37.1 ± 6.8 85.2 ± 3.3 0.256 ± 0.074 

RandomForestEntr_BAG_L2 65.8 ± 4.6 29.6 ± 8.5 89.1 ± 4.3 0.237 ± 0.105 

RandomForestGini_BAG_L1 65.7 ± 2.9 36.1 ± 5.9 84.7 ± 2.3 0.238 ± 0.071 

RandomForestGini_BAG_L2 66.3 ± 4.2 31.6 ± 8.7 88.6 ± 4.4 0.249 ± 0.101 

WeightedEnsemble_L2 65.8 ± 3.3 32.4 ± 8.9 87.3 ± 5.7 0.241 ± 0.070 

WeightedEnsemble_L3 63.1 ± 4.7 29.5 ± 5.8 84.6 ± 6.9 0.174 ± 0.086 

XGBoost_BAG_L1 65.5 ± 4.8 34.0 ± 8.2 85.8 ± 4.8 0.235 ± 0.098 

XGBoost_BAG_L2 63.6 ± 1.9 30.1 ± 6.4 85.2 ± 5.2 0.186 ± 0.028 

Results from the present study are an average of five runs with the data shuffled before each run. The best performing model 

in the present study is highlighted. 

 

In Table 13, it is observed that the best performing model is the ExtraTreesClassifier (‘Gini 

impurity’ criteria) with an accuracy of 67.7 ± 4.6%. The accuracy is about 5% lower than the 

best performing model on the DART database. Possible reasons for this observation are that 

the Stemina data contains highly diverse chemicals or has a low number of similar chemicals 

that are toxic/positive. As reported by Zurlinden et al, the Stemina dataset contains 19% out of 

a total of 1065 chemicals that tested positive for developmental toxicity.427 It is thus likely that 

the previous reasons hold true as the compounds that test negative are likely to be more 

dissimilar. The low SE and high SP values are also a result of the class imbalance in the dataset. 

It is unlikely that the low performance metrics observed in Table 13 are a result of the models 

or the AutoML process given the two successful cases in Table 11 and Table 12. Class 

weightage was not used here since the goal is not to produce the best model on this dataset but 
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to use the same AutoML process and parameters so that all results produced in this study can 

be compared. In addition, the Stemina data from this dataset is included in the DART database. 

 

Therefore, a principal component analysis (PCA) algorithm as well as a t -Distributed 

Stochastic Neighbor Embedding (t-SNE) algorithm were applied to the Stemina dataset to 

visualise the feature space. t-SNE is known to be one of the state-of-the-art techniques for 

dimensionality reduction and feature space visualisation.431 The resulting plots are shown in 

Figure 20 and Figure 21. By observing Figure 20 and Figure 21, the feature space of the 

Stemina dataset does not contain large clusters of data which would be beneficial for modelling. 

This corroborates with the low performance of machine learning models on the Stemina dataset 

since machine learning models aim to generalise the given data. This is also evidence that the 

high proportion of negatives in the dataset are dissimilar to one another. 

 

Figure 20: PCA plot for the Stemina dataset 

 

 

Given the lower performance of the models on the Stemina data, it was hence hypothesised  

that excluding these data would improve model performance on the DART database. The 

obtained results are shown in Table 14. From Table 14, it is observed that the best performing 

model has an accuracy of 78.9 ± 0.5%. As compared to the results in Table 13, the model results 

obtained demonstrate that it is much better to exclude the 546 unique compounds from the 
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Stemina dataset, though this will lower the coverage of the model since there are less data 

points used. 

 

Figure 21: t-SNE plot (perplexity=-20) for the Stemina dataset 

 

Also, the Stemina data uses the ToxCast library which covers environmental and non-drug like 

chemicals while is different to most of the other data sources. From a modelling perspective, it 

would be better to exclude the Stemina data when modelling general DART as a toxicological 

endpoint, however the Stemina data can be included when modelling more specific endpoints 

that is related to teratogenicity as the Stemina assay measures teratogenicity potential. 

 

Table 14: Test performance of machine learning models on the DART database excluding the 

compounds in the Stemina dataset 

Model name ACC (%) SE (%) SP (%) MCC 

CatBoost_BAG_L1 77.1 ± 0.9 81.3 ± 2.9 71.6 ± 4.0 0.531 ± 0.017 

CatBoost_BAG_L2 78.5 ± 1.4 82.9 ± 2.7 72.8 ± 4.3 0.560 ± 0.025 

ExtraTreesEntr_BAG_L1 78.2 ± 1.3 82.2 ± 2.9 72.8 ± 2.8 0.553 ± 0.023 

ExtraTreesEntr_BAG_L2 78.7 ± 0.8 82.6 ± 3.0 73.5 ± 3.4 0.564 ± 0.013 

ExtraTreesGini_BAG_L1 78.6 ± 0.9 84.1 ± 3.0 71.3 ± 4.0 0.561 ± 0.015 

ExtraTreesGini_BAG_L2 78.8 ± 0.9 83.1 ± 2.3 73.2 ± 4.4 0.566 ± 0.017 



Chapter 4  79 

 

LightGBMLarge_BAG_L1 77.0 ± 1.3 81.7 ± 3.5 71.0 ± 7.4 0.531 ± 0.030 

LightGBMLarge_BAG_L2 77.6 ± 1.2 82.1 ± 3.1 71.8 ± 4.4 0.542 ± 0.022 

LightGBMXT_BAG_L1 77.1 ± 1.9 81.7 ± 2.9 71.2 ± 6.6 0.532 ± 0.042 

LightGBMXT_BAG_L2 78.1 ± 1.1 83.7 ± 3.2 70.8 ± 4.9 0.552 ± 0.020 

LightGBM_BAG_L1 77.1 ± 1.9 81.7 ± 2.9 71.2 ± 6.6 0.532 ± 0.042 

LightGBM_BAG_L2 77.6 ± 2.1 83.0 ± 3.2 70.6 ± 4.4 0.542 ± 0.038 

NeuralNetFastAI_BAG_L1 76.4 ± 2.3 80.5 ± 4.1 70.7 ± 5.0 0.515 ± 0.046 

NeuralNetFastAI_BAG_L2 78.4 ± 1.9 82.1 ± 1.8 73.3 ± 4.3 0.556 ± 0.041 

NeuralNetTorch_BAG_L1 77.6 ± 1.2 82.2 ± 1.9 71.3 ± 3.3 0.539 ± 0.030 

NeuralNetTorch_BAG_L2 78.9 ± 0.5 80.9 ± 2.6 76.4 ± 2.5 0.571 ± 0.009 

RandomForestEntr_BAG_L1 78.7 ± 1.1 82.7 ± 3.3 73.5 ± 3.2 0.564 ± 0.018 

RandomForestEntr_BAG_L2 78.4 ± 0.9 82.8 ± 2.6 72.5 ± 3.8 0.557 ± 0.015 

RandomForestGini_BAG_L1 78.1 ± 1.3 83.4 ± 3.2 71.2 ± 3.8 0.552 ± 0.021 

RandomForestGini_BAG_L2 78.8 ± 1.2 82.8 ± 2.8 73.5 ± 3.6 0.566 ± 0.023 

WeightedEnsemble_L2 78.4 ± 1.0 82.8 ± 3.0 72.5 ± 3.6 0.557 ± 0.018 

WeightedEnsemble_L3 78.3 ± 1.3 82.6 ± 3.1 72.7 ± 4.4 0.556 ± 0.023 

XGBoost_BAG_L1 77.3 ± 1.1 80.5 ± 4.0 73.2 ± 5.2 0.538 ± 0.025 

XGBoost_BAG_L2 77.6 ± 1.7 81.6 ± 3.5 72.3 ± 4.2 0.542 ± 0.031 

Results from the present study are an average of five runs with the data shuffled before each run. The best performing model 

in the present study is highlighted. 

 

The feature space of all the chemicals in the DART database has also been investigated. PCA 

and t-SNE plots of the DART database separated by the data source have been constructed and 

shown in Figure 22 and Figure 23. Based on Figure 22 and Figure 23, the feature space of the 

different data sources seems to be within the same region. Some local clustering is also 

observed for the t-SNE plot which suggests similarity between some groups of chemicals, 

especially that the data points for “All other data” are structurally distinguished from rest of 

the data points. This is probably because this set of data points contains many compounds 

targeting very specific targets/endpoints including thyroid bioactivity, androgen receptor, and  

steroidogenesis.  
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Figure 22: PCA plots for the DART database separated by the data source 
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Figure 23: t-SNE plot (perplexity=40) for the DART database separated by the data source 

 

4.3.3 Testing on an external test set 

Moving on, the models trained on the DART database applied to the external test set. This 

dataset was obtained from Hewitt et al and contains 290 compounds for developmental 

toxicity.429 As compared to reproductive toxicity which has already been benchmarked 

previously, a similar benchmark has not been done for the models in the present study on 
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developmental toxicity. It is thus worthwhile to investigate the performance of the models in 

the present study on compounds that are related to developmental toxicity but not present in 

the DART database. This external test dataset was processed in a similar fashion to all the other 

datasets used in this study. After processing, the external test dataset contains a total of 68 

chemicals (41 positives, 27 negatives). The performance metrics of the ML models developed 

in this study on this external test set are tabulated in Table 15. 

 

Table 15: Test performance of ML models in Table 12 on an external test set 

Model name ACC (%) SE (%) SP (%) MCC 

CatBoost_BAG_L1 73.5 ± 2.1 79.5 ± 2.2 64.4 ± 2.0 0.443 ± 0.043 

CatBoost_BAG_L2 77.6 ± 2.6 82.4 ± 6.5 70.4 ± 3.7 0.534 ± 0.045 

ExtraTreesEntr_BAG_L1 78.5 ± 0.8 87.3 ± 3.2 65.2 ± 4.2 0.546 ± 0.016 

ExtraTreesEntr_BAG_L2 76.5 ± 3.1 82.9 ± 5.5 66.7 ± 2.6 0.505 ± 0.062 

ExtraTreesGini_BAG_L1 80.0 ± 2.5 88.8 ± 4.4 66.7 ± 2.6 0.578 ± 0.054 

ExtraTreesGini_BAG_L2 77.1 ± 1.3 84.9 ± 3.6 65.2 ± 3.3 0.515 ± 0.026 

LightGBMLarge_BAG_L1 75.9 ± 6.1 82.4 ± 9.4 65.9 ± 1.7 0.496 ± 0.122 

LightGBMLarge_BAG_L2 72.4 ± 3.0 80.0 ± 4.7 60.7 ± 2.0 0.416 ± 0.059 

LightGBMXT_BAG_L1 75.9 ± 2.9 80.0 ± 4.7 69.6 ± 3.1 0.498 ± 0.055 

LightGBMXT_BAG_L2 76.8 ± 1.9 82.9 ± 6.7 67.4 ± 6.6 0.515 ± 0.038 

LightGBM_BAG_L1 75.9 ± 2.9 80.0 ± 4.7 69.6 ± 3.1 0.498 ± 0.055 

LightGBM_BAG_L2 73.5 ± 2.8 79.5 ± 4.8 64.4 ± 3.3 0.445 ± 0.053 

NeuralNetFastAI_BAG_L1 71.5 ± 3.8 72.2 ± 6.8 70.4 ± 2.6 0.421 ± 0.066 

NeuralNetFastAI_BAG_L2 72.9 ± 4.1 74.6 ± 8.2 70.4 ± 5.9 0.448 ± 0.074 

NeuralNetTorch_BAG_L1 74.4 ± 4.0 79.0 ± 6.6 67.4 ± 3.1 0.467 ± 0.073 

NeuralNetTorch_BAG_L2 76.5 ± 2.3 82.0 ± 5.6 68.1 ± 5.6 0.508 ± 0.043 

RandomForestEntr_BAG_L1 80.3 ± 2.5 89.3 ± 4.8 66.7 ± 5.2 0.585 ± 0.053 

RandomForestEntr_BAG_L2 74.1 ± 3.8 80.0 ± 7.4 65.2 ± 3.3 0.459 ± 0.069 

RandomForestGini_BAG_L1 79.1 ± 1.2 87.8 ± 3.0 65.9 ± 1.7 0.558 ± 0.027 

RandomForestGini_BAG_L2 74.7 ± 3.2 81.5 ± 6.1 64.4 ± 3.3 0.468 ± 0.058 

WeightedEnsemble_L2 78.2 ± 2.4 85.4 ± 3.9 67.4 ± 1.7 0.54 ± 0.05 

WeightedEnsemble_L3 73.8 ± 2.8 79.5 ± 6.1 65.2 ± 4.2 0.453 ± 0.052 

XGBoost_BAG_L1 74.4 ± 2.7 77.1 ± 2.8 70.4 ± 5.2 0.471 ± 0.057 

XGBoost_BAG_L2 73.8 ± 5.0 79.5 ± 8.0 65.2 ± 2.0 0.454 ± 0.099 

Results from the present study are an average of five runs with the data shuffled before each run. The best performing model 

in the present study is highlighted. 
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Surprisingly, the performance of the ML models in the present study is higher on the external 

test set. This could mean that the compounds in this external test set are largely similar to those 

in the DART database; that is the external test set is within the models’ applicability domain. 

Also, the consistent model performance of all models shows that the models developed in this 

study are viable for the general prediction of DART. 

 

4.3.4 Developmental toxicity vs. reproductive toxicity 

As compared to reproductive toxicity (1606 chemicals, 848 positives, 758 negatives), data for 

developmental toxicity covers a larger chemical space (2202 chemicals, 1206 positives, 996 

negatives). About 600 compounds are common between both endpoints, which corresponds to 

about 27% and 38% for developmental toxicity and reproductive toxicity respectively. Thus, 

the PCA and t-SNE plots of the DART database separated by the toxicity endpoint have been 

constructed and shown in Figure 24 and Figure 25. Data solely from Wu et al was omitted as 

the data source classifies chemicals for both endpoints and it would not affect the overall plot 

visualisation significantly.377 Also, the goal is not to quantify the feature space for both 

endpoints but to get a qualitative visual representation of the feature space of DART. 

 

Figure 24 and Figure 25 indeed shows that the toxicants for reproductive toxicity are clustered 

closer together as compared to those for developmental toxicity. This is probably because the 

reproductive toxicity data in the DART database is made up of more specific endpoints as 

compared to developmental toxicity. The plots also suggest that more data on developmental 

toxicity is likely to improve model performance since the data for developmental toxicity 

covers a larger feature space. ML models were also trained separately on the endpoints with 

the results shown in Table 16 where it is observed that the models for developmental toxicity 

have lower performance metrics than reproductive toxicity. This is likely because of the 

Stemina data where the ML models have been observed to have low performance (Table 13) 

as well as the data from Ciallella et al on prenatal developmental toxicity which also had low 

model performance.365 This suggests that more data is needed in order to improve the predictive 

power for developmental toxicity models. 
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Table 16: Test performance of the best-performing ML models for developmental toxicity and 

reproductive toxicity separately 

Toxicity 

endpoint 
Model name ACC (%) SE (%) SP (%) MCC 

Developmental WeightedEnsemble_L2 67.6 ± 2.9 75.7 ± 4.1 57.6 ± 3.7 0.340 ± 0.062 

Reproductive RandomForestEntr_BAG_L1 80.4 ± 1.5 79.7 ± 2.4 81.3 ± 2.8 0.609 ± 0.031 

Results from the present study are an average of five runs with the data shuffled before each run. 

 

Figure 24: PCA plot for the DART database separated by the toxicity endpoint 
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Figure 25: t-SNE plot (perplexity=10) for the DART database separated by the toxicity 

endpoint 
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4.3.5 in vivo vs. in vitro 

In section 4.3.2, the performances of ML models on the Stemina dataset (in vitro data) were 

reported (Table 13). In this section, a more general investigation was done on all in vivo data 

(1621 chemicals, 878 positives, 743 negatives) vs. all in vitro data (1064 chemicals, 439 

positives, 625 negatives) according to the classification listed in the DART database. As there 

is a larger number of in vivo data, it is expected that a larger chemical space and thus a broader 

spectrum of the mechanism of action is covered. Once again, feature plots were constructed 

with the results shown in Figure 26 and Figure 27. 

 

Figure 26 and Figure 27 show that the two test types cover a different feature space and could 

just be due to the fact that the in vivo data contains more chemicals than in vitro data. The 

regulatory assessment of carcinogenicity and DART still relies heavily on animal testing but 

this is not the case for cosmetics where animal tests are banned .369 It is clear that more work, 

in particular adverse outcome pathways, needs to be done in this field to develop non-animal 

alternatives for the DART endpoint as well as to gain acceptance of the current in vitro 

methods. 

 

Figure 26: PCA plot for the DART database separated into in vivo vs. in vitro data 
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Figure 27: t-SNE plot (perplexity=10) for DART database separated into in vivo vs. in vitro 

data 
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ML models have also been trained separately on in vivo and in vitro data. These results are 

tabulated in Table 17. As evidenced in Table 17, the best-performing model trained on in vivo 

data has higher performance metrics than that for in vitro data. This is likely because the main 

contributor to in vivo data is the data taken from Feng et al which has good model performance 

(Table 11) while the main contributor to in vitro data is the data taken from the work by 

Zurlinden et al which has been shown to have poor model performance (Table 13).368, 427  

 

Table 17: Test performance of the best-performing ML models for the test types (in vivo versus 

in vitro) 

Test type Model name ACC (%) SE (%) SP (%) MCC 

in vivo RandomForestEntr_BAG_L2 82.0 ± 0.7 79.1 ± 2.7 85.6 ± 4.7 0.644 ± 0.023 

in vitro RandomForestGini_BAG_L2 64.2 ± 3.8 30.5 ± 6.0 89.2 ± 2.0 0.246 ± 0.070 

Results from the present study are an average of five runs with the data shuffled before each run. 

 

4.3.6 Varying thresholds for the overall toxicity value 

A different threshold for the overall toxicity value was also used to investigate if varying the 

positive threshold condition can increase SP and lower SE, which could be applied for 

screening purposes. As the original threshold produced a high SE, a different threshold would 

be required if high SP was desired. The threshold for positives for the overall toxicity value 

was thus adjusted to being positive only if the number of sources where the compound has been 

tested to be positive are greater than the number of sources where the compound has been tested 

to be negative. This results in the number of positives and negatives being 1424 and 1821 

respectively as compared to 1662 and 1583 respectively for the original threshold. The results 

for both thresholds are shown in Table 18. It is observed that the change in the threshold does 

increase SP as desired and even causes a slight increase in model accuracy. The choice of which 

threshold to use would depend on the purpose of the user. For example, if the purpose is to 

screen compounds, the original threshold of “at least one positive” would be favoured as the 

performance metrics (SE and SP) are more balanced. For toxicity confirmation, the other 

threshold would be preferred as the best-performing model’s SP is higher. 
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Table 18: Test performance of the best-performing ML models for varying positive thresholds 

Threshold for 

positives 
Model name ACC (%) SE (%) SP (%) MCC 

At least one 

positive 
ExtraTreesEntr_BAG_L2 72.6 ± 0.7 71.8 ± 2.9 73.6 ± 2.9 0.453 ± 0.014 

Positives more 

than negatives 
CatBoost_BAG_L2 75.1 ± 2.6 67.0 ± 2.8 81.3 ± 4.3 0.491 ± 0.052 

Results from the present study are an average of five runs with the data shuffled before each run. 

 

4.3.7 Maximising SE or SP 

An alternative approach to maximising SE or SP was taken by adjusting the AutoML 

parameters. Custom scorer functions for SE or SP were passed to the TabularPredictor function 

using the eval_metric parameter during model initialization with the new goal of maximising 

SE or SP during the training/validation process. These results are shown in Table 19.  

 

The results in Table 19 show that the limits for SE and SP are about 75% to 76% using the 

original threshold. This is not a significant improvement from the general best-performing 

model for DART (Table 12) that aims to maximise accuracy. Once again, this demonstrates 

that the performance of ML models on this DART database has reached a limit with further 

improvements likely requiring a higher quantity and quality of data.  

 

Table 19: Test performance of the best-performing ML models for maximising SE or SP during 

the training/validation process 

Maximise Model name ACC (%) SE (%) SP (%) MCC 

SE ExtraTreesGini_BAG_L1 73.3 ± 1.5 75.3 ± 1.9 71.3 ± 4.0 0.467 ± 0.028 

SP ExtraTreesGini_BAG_L2 74.4 ± 1.4 73.3 ± 1.5 75.6 ± 1.9 0.489 ± 0.028 

Results from the present study are an average of five runs with the data shuffled before each run. Lesser models were trained 

as some model algorithms were not suitable for the adjustment of the validation function. A total of 10 ML models were 

trained. 

 

4.3.8 Consensus approach 

In order to improve on the current results for developmental toxicity and reproductive toxicity, 

a consensus approach where the predictions made by all the models for the endpoint were first 

recorded, followed by weighting, and finally evaluating the overall prediction based on a 

threshold was attempted. Models for developmental toxicity and reproductive toxicity were 
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developed and analysed separately as it would allow for the predictions made by the models to 

be understood more effectively as compared to a global DART model (using all the data in the 

DART database for modelling) where the prediction could be due to either endpoint. Figure 28 

shows a flowchart representing this idea while the results are shown in Table 20. The consensus 

prediction in Table 20 was taken to be the majority prediction across all models. For example, 

if 13 models predict a compound is toxic while 11 models predict a compound is non-toxic, 

the compound would be classified as toxic. However, one should note that this would mean a 

low confidence for this prediction as there are 11 models predicting that the compound is non-

toxic. 

 

 

Figure 28: A flowchart showing the consensus approach to determine the overall prediction 

 

From the results in Table 20, it is observed that the consensus approach is comparable to the 

non-consensus approach which uses a single model, with models for reproductive toxicity 

having a larger difference in performance metrics between both approaches as compared to 

that for developmental toxicity. The use of the consensus approach also offers an advantage 

over the non-consensus approach, where the number of models that agree on the classification 

of the compound could be used as a level of confidence in the prediction. 

 

In order to further investigate the consensus approach, a strict threshold was applied for the 

consensus approach where all 24 models must agree on the classification of a compound before 
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the classification is accepted. Otherwise, the compound’s prediction would be treated as 

uncertain, and the compound will be excluded from the final evaluation. These results are 

summarised in Table 21. 

 

Table 20: Test performance of the best-performing ML models for developmental toxicity and 

reproductive toxicity separately using the consensus approach 

Toxicity 

endpoint 
Model name ACC (%) SE (%) SP (%) MCC 

Developmentala WeightedEnsemble_L2 67.6 ± 2.9 75.7 ± 4.1 57.6 ± 3.7 0.340 ± 0.062 

Developmentalb Consensus 67.2 71.0 62.5 0.336 

Reproductivea RandomForestEntr_BAG_L1 80.4 ± 1.5 79.7 ± 2.4 81.3 ± 2.8 0.609 ± 0.031 

Reproductiveb Consensus 77.0 78.2 75.7 0.539 

a Results from the present study are an average of five runs with the data shuffled before each run. 

b Results were obtained using the models from run 1 as the performances are comparable across all runs. 

 

Table 21: Test performance of models using the consensus approach using the strict threshold 

for developmental toxicity and reproductive toxicity separately 

Toxicity type 

Were 

rows/data 

dropped? 

No. of 

rows/data 

dropped 

Accuracy 

(%) 
SE (%) SE (%) SP (%) MCC 

Developmental 

No - 67.2 71.0 71.0 62.5 0.336 

Yes 
214 

(48.1%) 
77.1 81.1 81.1 72.1 0.535 

Reproductive 

No - 77.0 78.2 78.2 75.7 0.539 

Yes 
98 

(30.4%) 
85.3 87.0 87.0 82.8 0.697 

 

As expected, the removal of compounds whose predictions are uncertain improves the final 

evaluation. The consensus approach adopted here can thus determine when one should trust 

the prediction i.e. all 24 models agree or be cautious i.e. the prediction is uncertain. The 

improvement in performance is also rather large, with 10.1% and 9.2% for developmental and 

reproductive toxicity respectively. The number of models used as the majority prediction was 

also varied, with selected results tabulated in Table 22 and the full results in Table A16 of the 
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Appendices. Based on the results obtained, the best performance is obtained when the 

consensus prediction is agreed on by all 24 models though this would reduce the coverage.  

 

As mentioned earlier, the number of rows dropped is also an indication of the confidence of 

the ML models when predicting the toxicity endpoint. The models are more uncertain about 

compounds from developmental toxicity as compared to reproductive toxicity as observed from 

the larger percentage of rows/data dropped. Once again, this reflects the complexity of the 

endpoint, or it could possibly be due to a lack of quality data for that particular endpoint. A 

further improvement in model performance as well as the understanding of the data would be 

likely if more data can be gathered for both developmental toxicity and reproductive toxicity, 

though this remains a challenge in the field. The models for more specific mechanisms covered 

by DART should be better than models for general reproductive or developmental effects and 

the results in this chapter do demonstrate this to an extent. 

 

Table 22: Test performance using the consensus approach with varying consensus thresholds 

for developmental toxicity and reproductive toxicity separately 

Toxicity type 

No. of 

models 

used for 

majority 

prediction 

SE 

(%) 

SP 

(%) 

Accuracy 

(%) 
MCC TP FP FN TN 

Developmental 

24 81.1 72.1 77.1 0.535 103 29 24 75 

21 74.5 65.8 70.6 0.404 146 54 50 104 

16 72.9 63.8 68.8 0.368 164 68 61 120 

13 70.7 63.1 67.3 0.338 171 73 71 125 

Reproductive 

24 87.0 82.8 85.3 0.697 114 16 17 77 

21 82.1 80.5 81.4 0.625 124 24 27 99 

16 78.0 77.9 78.0 0.559 128 32 36 113 

13 77.8 76.2 77.0 0.540 130 36 37 115 
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4.3.9 Misclassification of ML models with the consensus approach 

It is also useful to know when the ML models for developmental toxicity and reproductive 

toxicity are poor at predicting the toxicity of the test compounds for the results obtained using 

the consensus approach when all models agree on the prediction. Therefore, k-means clustering 

was used to investigate if there are any similarities between compounds in a cluster for both 

the developmental toxicity data and the reproductive toxicity data. The optimal number of 

clusters for k-means was determined to be five using the elbow method (Appendices Figure 

A16 and Figure A17) for both the developmental toxicity data and the reproductive toxicity 

data. The number of false positives (FP) and false negatives (FN) in each cluster were thus 

tabulated in order to identify when the models will misclassify compounds, and this is shown 

in Table 23. The numbers in Table 23 indicate how many FPs and FNs (misclassified data 

points) are present in each cluster of the developmental toxicity data or the reproductive 

toxicity data.  

 

Table 23: Number of false positives and false negatives for developemental toxicity and 

reproductive toxicity using the consensus approach 

Toxicity 

endpoint 
Label 

Cluster 

0 

Cluster 

1 

Cluster 

2 

Cluster 

3 

Cluster 

4 
Total 

Developmental FP 4 8 4 5 8 29 

Developmental FN 5 7 - 8 4 24 

Reproductive FP 3 4 7 1 1 16 

Reproductive FN - 7 5 3 2 17 

The values shown represent the number of misclassified data points. For example, there are four FP labelled data points in 

cluster 0 for developmental toxicity. This means that four data points in the developmental toxicity data belonging to cluster 

0 have been misclassified and are false positives. 

 

Based on Table 23, there is no cluster with a significant number of misclassified data points, 

indicating that the models do not misclassify certain groups (based on the clusters) of 

compounds on a large scale. In order to investigate further, the structures of the compounds in 

each cluster were drawn and visualized using RDKit. These structures are shown in Figure 29 

to Figure 32. 

 

Although the number of structures in certain clusters are limited, it is observed that some 

conclusions can be made regarding the misclassification of compounds by the models. For 
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developmental toxicity, the misclassified compounds are mainly long chain alkyl compounds 

as well as a number of aromatic or sp2 nitrogen-containing compounds. For reproductive 

toxicity, long chain alkyl compounds are also misclassified. A possible reason is that these long 

chain alkyl compounds are surfactants and thus difficult to predict because of their properties, 

but they have to be tested since they are one of the main ingredients of cosmetics.432  

 

Figure 29: Representative structures for the clusters with the developmental toxicity FP label 
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Figure 30: Representative structures for the clusters with the developmental toxicity FN label 

 

Figure 31: Representative structures for the clusters with the reproductive toxicity FP label 
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Figure 32: Representative structures for the clusters with the reproductive toxicity FN label 

 

Some clusters for the developmental toxicity data or the reproductive toxicity data also have 

zero misclassified compounds, indicating that if a new compound falls within that cluster, it 

would be likely to be classified correctly. 

 

It is noted that the conclusions that can be drawn from the misclassification of data are limited 

as the number of structures in each cluster are small. To take a cautious approach when 

convincing regulators on the safety of products, these models can be used together with in vitro 

testing methods in a weight of evidence approach.  

 

4.3.10 Transfer learning between developmental toxicity and reproductive toxicity 

In this section, the use of transfer learning between developmental toxicity and reproductive 

toxicity is investigated. The results are summarised in Table 24 and Table 25 and suggests that 

the use of transfer learning between the two toxicity endpoints is viable; that is models trained 

on reproductive toxicity data can be applied to developmental toxicity data and vice versa. The 

performance of these ML models is also comparable to the ML models trained on the endpoints. 

According to the European Chemicals Agency (ECHA), reproductive toxicity refers to effects 

on both fertility and development, but also refers to effects on fertility alone. Developmental 

toxicity refers to chemicals' interference with normal development of the organism, originating 

from exposure of either parent prior to conception, or exposure of the developing organism.433 
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Thus, such results suggest that there is an overlap between the two toxicity endpoints, which is 

in line with the definition of the two toxicity endpoints. 

 

Table 24: Test performance for transfer learning of models developed on reproductive toxicity 

and used to predict on developmental toxicity data 

Model name ACC (%) SE (%) SP (%) MCC 

CatBoost_BAG_L1 63.9 ± 1.0 77.4 ± 1.7 47.2 ± 1.0 0.259 ± 0.021 

CatBoost_BAG_L2 67.7 ± 0.5 80.7 ± 0.9 51.5 ± 2.1 0.34 ± 0.010 

ExtraTreesEntr_BAG_L1 67.9 ± 0.4 82.4 ± 1.0 50.0 ± 1.8 0.346 ± 0.008 

ExtraTreesEntr_BAG_L2 66.6 ± 0.5 80.0 ± 1.3 50.1 ± 2.2 0.317 ± 0.010 

ExtraTreesGini_BAG_L1 67.8 ± 0.2 82.5 ± 1.4 49.6 ± 1.7 0.343 ± 0.004 

ExtraTreesGini_BAG_L2 66.8 ± 0.3 80.2 ± 1.2 50.2 ± 1.9 0.321 ± 0.007 

LightGBMLarge_BAG_L1 67.3 ± 1.0 83.0 ± 1.0 47.9 ± 2.7 0.333 ± 0.021 

LightGBMLarge_BAG_L2 67.0 ± 0.5 80.6 ± 1.0 50.3 ± 1.7 0.326 ± 0.011 

LightGBMXT_BAG_L1 64.7 ± 0.8 78.6 ± 1.4 47.6 ± 1.5 0.277 ± 0.017 

LightGBMXT_BAG_L2 66.9 ± 0.7 81.2 ± 2.1 49.3 ± 2.2 0.325 ± 0.015 

LightGBM_BAG_L1 64.7 ± 0.8 78.6 ± 1.4 47.6 ± 1.5 0.277 ± 0.017 

LightGBM_BAG_L2 67.2 ± 0.6 81.7 ± 1.0 49.3 ± 1.6 0.331 ± 0.012 

NeuralNetFastAI_BAG_L1 67.2 ± 0.6 80.9 ± 1.2 50.3 ± 1.5 0.331 ± 0.013 

NeuralNetFastAI_BAG_L2 67.3 ± 0.4 80.7 ± 2.0 50.7 ± 2.2 0.332 ± 0.009 

NeuralNetTorch_BAG_L1 66.0 ± 0.5 79.4 ± 2.7 49.5 ± 3.0 0.305 ± 0.010 

NeuralNetTorch_BAG_L2 66.7 ± 0.3 78.9 ± 2.2 51.6 ± 3.2 0.319 ± 0.007 

RandomForestEntr_BAG_L1 67.9 ± 0.3 82.3 ± 1.3 50.1 ± 2.0 0.345 ± 0.005 

RandomForestEntr_BAG_L2 67.3 ± 0.1 80.9 ± 1.3 50.6 ± 1.7 0.332 ± 0.003 

RandomForestGini_BAG_L1 67.8 ± 0.4 82.5 ± 1.0 49.7 ± 1.7 0.343 ± 0.008 

RandomForestGini_BAG_L2 67.3 ± 0.4 81.2 ± 1.0 50.1 ± 1.9 0.332 ± 0.007 

WeightedEnsemble_L2 66.8 ± 1.3 81.4 ± 1.8 48.9 ± 2.4 0.322 ± 0.028 

WeightedEnsemble_L3 67.3 ± 0.7 80.9 ± 1.1 50.5 ± 2.3 0.332 ± 0.014 

XGBoost_BAG_L1 63.7 ± 1.0 75.6 ± 1.6 49.0 ± 1.6 0.256 ± 0.021 

XGBoost_BAG_L2 67.4 ± 0.4 81.2 ± 1.0 50.3 ± 1.8 0.333 ± 0.009 
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Table 25: Test performance for transfer learning of models developed on developmental 

toxicity and used to predict on reproductive toxicity data 

Model name ACC (%) SE (%) SP (%) MCC 

CatBoost_BAG_L1 77.2 ± 1.7 84.4 ± 0.9 69.2 ± 4.4 0.544 ± 0.032 

CatBoost_BAG_L2 81.4 ± 1.4 84.3 ± 0.8 78.2 ± 2.5 0.627 ± 0.028 

ExtraTreesEntr_BAG_L1 80.3 ± 1.3 88.0 ± 1.2 71.7 ± 2.4 0.608 ± 0.025 

ExtraTreesEntr_BAG_L2 80.2 ± 1.6 85.5 ± 0.6 74.2 ± 3.7 0.603 ± 0.030 

ExtraTreesGini_BAG_L1 79.9 ± 0.8 88.0 ± 1.2 70.9 ± 2.0 0.601 ± 0.015 

ExtraTreesGini_BAG_L2 80.1 ± 1.7 85.6 ± 0.4 74.0 ± 3.7 0.602 ± 0.033 

LightGBMLarge_BAG_L1 79.4 ± 1.3 86.9 ± 0.7 71.1 ± 2.2 0.590 ± 0.025 

LightGBMLarge_BAG_L2 78.7 ± 0.9 84.7 ± 0.5 72.0 ± 2.3 0.573 ± 0.018 

LightGBMXT_BAG_L1 76.8 ± 1.5 82.6 ± 1.4 70.4 ± 2.5 0.536 ± 0.029 

LightGBMXT_BAG_L2 80.0 ± 1.6 85.8 ± 0.9 73.4 ± 3.8 0.599 ± 0.030 

LightGBM_BAG_L1 76.8 ± 1.5 82.6 ± 1.4 70.4 ± 2.5 0.536 ± 0.029 

LightGBM_BAG_L2 79.0 ± 0.9 85.1 ± 1.0 72.1 ± 2.6 0.580 ± 0.017 

NeuralNetFastAI_BAG_L1 77.0 ± 1.1 85.3 ± 1.1 67.9 ± 1.9 0.542 ± 0.022 

NeuralNetFastAI_BAG_L2 76.5 ± 2.1 84.7 ± 1.1 67.3 ± 3.4 0.530 ± 0.043 

NeuralNetTorch_BAG_L1 77.1 ± 1.2 85.9 ± 0.5 67.3 ± 2.3 0.544 ± 0.022 

NeuralNetTorch_BAG_L2 79.1 ± 2.4 83.6 ± 1.2 74.0 ± 4.1 0.580 ± 0.049 

RandomForestEntr_BAG_L1 80.4 ± 1.2 87.8 ± 0.7 72.0 ± 2.5 0.609 ± 0.024 

RandomForestEntr_BAG_L2 80.4 ± 1.3 84.5 ± 0.4 75.7 ± 2.7 0.606 ± 0.026 

RandomForestGini_BAG_L1 80.1 ± 1.2 88.0 ± 1.1 71.2 ± 2.4 0.604 ± 0.024 

RandomForestGini_BAG_L2 80.4 ± 1.3 84.6 ± 0.6 75.6 ± 3.3 0.606 ± 0.026 

WeightedEnsemble_L2 80.0 ± 1.0 87.0 ± 2.2 72.1 ± 2.1 0.600 ± 0.022 

WeightedEnsemble_L3 79.9 ± 1.6 85.0 ± 1.1 74.2 ± 4.5 0.598 ± 0.032 

XGBoost_BAG_L1 76.8 ± 1.2 83.0 ± 1.0 69.9 ± 2.8 0.536 ± 0.024 

XGBoost_BAG_L2 79.9 ± 1.1 84.6 ± 1.0 74.5 ± 2.0 0.596 ± 0.021 
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Table 26: Results of similarity method (Chapter 3) between developmental toxicity and 

reproductive toxicity datasets 

Tanimoto similarity 

threshold used 

“Similarity” of 

reproductive toxicity 

data with 

developmental 

toxicity data (%) 

“Similarity” of 

developmental 

toxicity data with 

reproductive toxicity 

data (%) 

Average 

“Similarity” between 

both datasets (%) 

0.2 93.6 98.4 95.6 

0.3 70.4 88.7 79.5 

 

In addition, the similarity between the datasets were analysed using the similarity method in 

Chapter 3. The results are shown in Table 26. Based on the results, both similarity thresholds 

indicate that the models trained on one toxicity endpoint are applicable to the other toxicity 

endpoint as the average similarity between datasets (S) is 70% or higher. This also supports the 

earlier ML results in Table 24 and Table 25. It is interesting to note that the ML results obtained 

here are comparable to those summarised in Table 16, where the models were trained from 

scratch for each endpoint. This could mean that the poor performance of ML models for 

developmental toxicity is due to compounds not commonly seen for reproductive toxicity i.e. 

they probably target different MIEs and AOPs. A quick check of the datasets for both toxicity 

endpoints shows that about 600 compounds are common between both endpoints, which 

corresponds to about 27% and 38% for developmental and reproductive toxicity respectively.  

This is unlikely to significantly influence the current ML results or be the reason for the low 

performance of the ML models for developmental toxicity. 

 

4.3.11 Transfer learning between developmental toxicity/reproductive toxicity models 

and human targets 

In order to better understand the mechanisms of action involved in DART, transfer learning 

between the models for developmental toxicity/reproductive toxicity was carried out with the 

79 sets of human target data in the work by Allen et al which was also used in Chapter 3.358 

While transfer learning is useful for endpoints with a scarcity of data, data scarcity is not a 

problem for the receptors investigated in this section. Therefore, the main goal of this section 

is to identify possible mechanisms of action involved in DART. With the knowledge that when 

the transfer learning of developmental toxicity/reproductive toxicity models on the human 
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target data results in good model performance, it represents that the molecules in the two 

datasets are similar enough. This is because the patterns learned by the developmental 

toxicity/reproductive toxicity models can also be applied to the human target data. The 

transferability of these patterns suggests that the binding to a particular receptor could be one 

of the mechanisms leading to developmental toxicity/reproductive toxicity. 

 

The models for all 5 runs per toxicity type (developmental toxicity/reproductive toxicity) were 

applied to each of the test datasets for the 79 targets and the results for the best-performing 

model for each target are summarised. Table 27 and Table 28 show the results obtained for the 

models of developmental toxicity. 

 

Table 27: Results of best-performing models obtained by applying transfer learning of 

developmental toxicity models to human target test datasets 

No. Target ACC (%) SE (%) SP (%) MCC 

1 AChE 62.6 ± 1.9 83.7 ± 4.6 36.7 ± 2.0 0.235 ± 0.044 

2 ADORA2A 75.9 ± 1.7 86.6 ± 2.9 54.7 ± 1.7 0.440 ± 0.035 

3 ADRA2A 68.3 ± 1.1 84.9 ± 1.2 55.1 ± 2.4 0.411 ± 0.017 

4 ADRB1 70.9 ± 2.6 90.2 ± 6.2 49.8 ± 1.7 0.444 ± 0.067 

5 ADRB2 63.2 ± 0.3 86.8 ± 3.9 41.0 ± 3.7 0.313 ± 0.015 

6 AGTR1 68.6 ± 1.6 91.2 ± 4.5 53.3 ± 2.6 0.458 ± 0.043 

7 AKT1 81.4 ± 1.2 93.8 ± 2.4 54.5 ± 2.5 0.548 ± 0.029 

8 AR 54.2 ± 0.9 79.3 ± 3.4 45.2 ± 1.5 0.222 ± 0.026 

9 AVPR1A 66.2 ± 2.6 84.8 ± 6.4 55.1 ± 1.9 0.395 ± 0.069 

10 BACE1 78.4 ± 1.2 91.4 ± 2.2 46.7 ± 1.6 0.437 ± 0.028 

11 BCHE 59.3 ± 1.9 78.7 ± 5.7 46.1 ± 1.5 0.255 ± 0.054 

12 CASP1 46.9 ± 0.4 77.7 ± 10.0 32.5 ± 5.2 0.108 ± 0.053 

13 CASP3 60.9 ± 1.7 79.3 ± 10.9 49.4 ± 4.1 0.292 ± 0.079 

14 CASP8 56.7 ± 2.3 69.8 ± 12.7 52.9 ± 1.6 0.191 ± 0.100 

15 CHRM1 71.3 ± 2.8 83.0 ± 4.5 51.0 ± 1.8 0.362 ± 0.056 

16 CHRM2 65.4 ± 1.4 79.2 ± 2.1 54.6 ± 1.8 0.343 ± 0.028 

17 CHRM3 67.3 ± 1.7 82.3 ± 3.7 48.4 ± 1.6 0.330 ± 0.036 

18 CHRM5 67.5 ± 0.9 89.8 ± 2.5 53.9 ± 0.4 0.438 ± 0.026 

19 CHUK 64.4 ± 1.6 92.8 ± 3.6 54.9 ± 2.3 0.418 ± 0.031 
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20 CSF1R 72.5 ± 3.1 85.0 ± 7.3 56.5 ± 3.1 0.441 ± 0.064 

21 CSNK1D 65.4 ± 1.8 81.6 ± 5.4 53.4 ± 1.9 0.357 ± 0.049 

22 DRD1 69.9 ± 0.6 90.6 ± 1.0 56.8 ± 1.1 0.475 ± 0.012 

23 DRD2 88.5 ± 1.7 96.3 ± 2.0 48.9 ± 0.8 0.538 ± 0.059 

24 EDNRA 63.2 ± 1.6 76.7 ± 2.9 48.4 ± 2.3 0.263 ± 0.034 

25 EDNRB 62.9 ± 1.8 81.9 ± 6.2 50.2 ± 2.2 0.327 ± 0.056 

26 ELANE 69.9 ± 1.6 80.9 ± 2.6 53.3 ± 3.0 0.357 ± 0.036 

27 EPHA2 69.4 ± 1.3 93.2 ± 3.8 57.1 ± 1.6 0.487 ± 0.036 

28 FGFR1 76.8 ± 1.5 90.6 ± 3.1 51.6 ± 2.6 0.472 ± 0.034 

29 FKBP1A 61.7 ± 1.4 96.8 ± 1.8 48.5 ± 2.3 0.421 ± 0.014 

30 FLT1 66.1 ± 2.7 81.1 ± 7.3 56.8 ± 1.7 0.374 ± 0.072 

31 FLT4 70.7 ± 2.0 87.6 ± 6.0 58.3 ± 2.2 0.467 ± 0.056 

32 FYN 58.8 ± 0.9 83.2 ± 4.6 49.8 ± 0.8 0.298 ± 0.038 

33 GSK3B 72.5 ± 3.2 85.3 ± 5.7 48.4 ± 2.3 0.368 ± 0.059 

34 HDAC3 59.0 ± 5.1 62.2 ± 12.8 55.8 ± 2.7 0.184 ± 0.108 

35 HRH1 71.3 ± 0.7 93.0 ± 2.4 47.5 ± 1.7 0.460 ± 0.022 

36 HTR2A 84.8 ± 1.7 92.1 ± 2.2 57.9 ± 2.5 0.529 ± 0.042 

37 HTR3A 60.5 ± 1.1 68.1 ± 2.9 57.7 ± 2.5 0.230 ± 0.010 

38 IGF1R 78.3 ± 2.6 90.8 ± 4.1 54.0 ± 1.8 0.497 ± 0.058 

39 INSR 70.0 ± 2.9 82.0 ± 6.9 59.5 ± 1.9 0.424 ± 0.068 

40 KCNH2 65.7 ± 1.0 89.8 ± 2.2 28.3 ± 2.1 0.235 ± 0.027 

41 KDR 75.9 ± 3.8 81.3 ± 4.7 47.8 ± 2.0 0.255 ± 0.046 

42 LCK 72.1 ± 5.2 79.0 ± 7.4 46.1 ± 5.4 0.236 ± 0.062 

43 LTB4R 56.2 ± 1.7 59.4 ± 11.2 55.0 ± 2.1 0.128 ± 0.083 

44 LYN 60.7 ± 2.8 79.5 ± 8.5 52.7 ± 2.1 0.298 ± 0.079 

45 MAPK1 55.4 ± 0.8 70.4 ± 5.3 47.2 ± 3.9 0.172 ± 0.018 

46 MAPK9 69.0 ± 2.8 81.1 ± 5.8 54.8 ± 0.9 0.376 ± 0.059 

47 MAPKAPK2 70.8 ± 1.0 90.7 ± 1.0 55.9 ± 1.8 0.480 ± 0.017 

48 MET 72.9 ± 4.5 83.4 ± 7.6 49.7 ± 2.5 0.351 ± 0.072 

49 MMP13 71.4 ± 3.0 79.7 ± 5.1 56.0 ± 1.5 0.365 ± 0.054 

50 MMP2 69.6 ± 1.9 83.1 ± 3.0 45.1 ± 2.5 0.306 ± 0.040 

51 MMP3 74.5 ± 2.7 86.7 ± 4.8 53.4 ± 3.1 0.434 ± 0.059 
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52 MMP9 68.0 ± 1.3 77.8 ± 2.0 54.5 ± 1.5 0.333 ± 0.027 

53 NEK2 61.3 ± 1.1 81.1 ± 9.2 55.9 ± 1.7 0.303 ± 0.065 

54 NR3C1 55.8 ± 1.1 79.1 ± 3.8 45.8 ± 1.3 0.235 ± 0.034 

55 OPRD1 73.9 ± 8.2 83.3 ± 12.1 50.9 ± 1.4 0.370 ± 0.143 

56 OPRM1 73.1 ± 2.7 87.3 ± 4.7 50.0 ± 1.3 0.411 ± 0.060 

57 P2RY1 59.9 ± 2.4 69.6 ± 5.8 55.4 ± 2.6 0.233 ± 0.057 

58 PAK4 64.7 ± 1.9 88.9 ± 5.4 57.0 ± 1.7 0.394 ± 0.050 

59 PDE4A 64.0 ± 3.4 75.4 ± 9.2 55.6 ± 2.1 0.312 ± 0.087 

60 PDE5A 64.5 ± 2.6 74.8 ± 4.7 51.9 ± 3.1 0.276 ± 0.054 

61 PIK3CA 72.3 ± 4.9 81.1 ± 7.5 53.1 ± 1.8 0.353 ± 0.080 

62 PPARG 53.3 ± 2.5 70.4 ± 6.2 42.9 ± 1.5 0.133 ± 0.065 

63 PTPN1 56.4 ± 1.4 75.2 ± 7.5 44.9 ± 3.9 0.204 ± 0.050 

64 PTPN11 58.7 ± 0.6 80.9 ± 5.4 52.1 ± 1.4 0.279 ± 0.037 

65 PTPN2 57.6 ± 1.7 65.4 ± 6.0 55.5 ± 1.1 0.172 ± 0.052 

66 RAF1 72.7 ± 3.4 82.9 ± 6.9 60.1 ± 2.3 0.447 ± 0.074 

67 RARA 61.5 ± 1.6 71.1 ± 2.3 60.2 ± 1.9 0.202 ± 0.015 

68 RARB 58.4 ± 1.8 80.0 ± 4.8 56.5 ± 2.2 0.198 ± 0.021 

69 ROCK1 72.9 ± 1.3 89.1 ± 3.8 54.4 ± 2.3 0.470 ± 0.032 

70 RPS6KA5 62.0 ± 1.5 83.2 ± 8.3 57.4 ± 2.8 0.311 ± 0.049 

71 SIRT2 56.2 ± 1.6 73.7 ± 9.9 51.1 ± 2.9 0.208 ± 0.067 

72 SIRT3 61.4 ± 2.2 79.5 ± 10.1 58.4 ± 3.3 0.264 ± 0.056 

73 SLC6A2 76.8 ± 1.2 91.4 ± 2.5 56.3 ± 2.5 0.522 ± 0.029 

74 SLC6A3 76.3 ± 0.4 90.4 ± 2.1 57.2 ± 2.4 0.514 ± 0.012 

75 SLC6A4 85.3 ± 1.6 93.8 ± 2.2 55.9 ± 2.3 0.549 ± 0.043 

76 SRC 70.5 ± 4.1 84.1 ± 7.1 48.8 ± 3.0 0.359 ± 0.081 

77 TACR2 66.0 ± 2.2 86.9 ± 5.5 56.2 ± 1.9 0.407 ± 0.057 

78 TBXA2R 60.9 ± 1.7 75.9 ± 5.5 53.9 ± 0.5 0.280 ± 0.052 

79 TEK 65.0 ± 1.2 79.3 ± 5.3 54.5 ± 2.1 0.341 ± 0.038 
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Table 28: Comparison of the best-performing models obtained by applying transfer learning of 

developmental toxicity models to human target test datasets with the best-performing models 

for developmental toxicity 

No. Target 

Best-performing model 

obtained by applying transfer 

learning 

Is this a different model as 

compared to the best-

performing model for 

developmental toxicity 

1 AChE RandomForestGini_BAG_L1 Yes 

2 ADORA2A ExtraTreesEntr_BAG_L1 Yes 

3 ADRA2A ExtraTreesEntr_BAG_L1 Yes 

4 ADRB1 ExtraTreesEntr_BAG_L1 Yes 

5 ADRB2 RandomForestEntr_BAG_L1 Yes 

6 AGTR1 ExtraTreesEntr_BAG_L1 Yes 

7 AKT1 RandomForestGini_BAG_L1 Yes 

8 AR ExtraTreesGini_BAG_L1 Yes 

9 AVPR1A RandomForestEntr_BAG_L1 Yes 

10 BACE1 ExtraTreesEntr_BAG_L1 Yes 

11 BCHE RandomForestGini_BAG_L1 Yes 

12 CASP1 ExtraTreesEntr_BAG_L1 Yes 

13 CASP3 RandomForestEntr_BAG_L1 Yes 

14 CASP8 ExtraTreesGini_BAG_L1 Yes 

15 CHRM1 ExtraTreesGini_BAG_L1 Yes 

16 CHRM2 RandomForestGini_BAG_L1 Yes 

17 CHRM3 RandomForestGini_BAG_L1 Yes 

18 CHRM5 ExtraTreesGini_BAG_L1 Yes 

19 CHUK RandomForestGini_BAG_L1 Yes 

20 CSF1R ExtraTreesEntr_BAG_L1 Yes 

21 CSNK1D RandomForestGini_BAG_L1 Yes 

22 DRD1 RandomForestGini_BAG_L1 Yes 

23 DRD2 ExtraTreesGini_BAG_L1 Yes 

24 EDNRA RandomForestGini_BAG_L1 Yes 

25 EDNRB RandomForestEntr_BAG_L1 Yes 

26 ELANE ExtraTreesEntr_BAG_L1 Yes 
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27 EPHA2 RandomForestGini_BAG_L1 Yes 

28 FGFR1 RandomForestGini_BAG_L1 Yes 

29 FKBP1A RandomForestEntr_BAG_L1 Yes 

30 FLT1 ExtraTreesEntr_BAG_L1 Yes 

31 FLT4 RandomForestGini_BAG_L1 Yes 

32 FYN ExtraTreesEntr_BAG_L1 Yes 

33 GSK3B ExtraTreesGini_BAG_L1 Yes 

34 HDAC3 LightGBMLarge_BAG_L1 Yes 

35 HRH1 RandomForestGini_BAG_L1 Yes 

36 HTR2A ExtraTreesEntr_BAG_L1 Yes 

37 HTR3A ExtraTreesEntr_BAG_L1 Yes 

38 IGF1R ExtraTreesEntr_BAG_L1 Yes 

39 INSR ExtraTreesEntr_BAG_L1 Yes 

40 KCNH2 RandomForestGini_BAG_L1 Yes 

41 KDR ExtraTreesEntr_BAG_L1 Yes 

42 LCK RandomForestEntr_BAG_L1 Yes 

43 LTB4R RandomForestEntr_BAG_L1 Yes 

44 LYN ExtraTreesEntr_BAG_L1 Yes 

45 MAPK1 NeuralNetTorch_BAG_L2 Yes 

46 MAPK9 ExtraTreesEntr_BAG_L1 Yes 

47 MAPKAPK2 ExtraTreesGini_BAG_L1 Yes 

48 MET RandomForestGini_BAG_L1 Yes 

49 MMP13 RandomForestGini_BAG_L1 Yes 

50 MMP2 ExtraTreesEntr_BAG_L1 Yes 

51 MMP3 ExtraTreesEntr_BAG_L1 Yes 

52 MMP9 ExtraTreesEntr_BAG_L1 Yes 

53 NEK2 RandomForestEntr_BAG_L1 Yes 

54 NR3C1 RandomForestGini_BAG_L1 Yes 

55 OPRD1 ExtraTreesGini_BAG_L2 Yes 

56 OPRM1 RandomForestEntr_BAG_L1 Yes 

57 P2RY1 ExtraTreesEntr_BAG_L1 Yes 

58 PAK4 RandomForestGini_BAG_L1 Yes 
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59 PDE4A ExtraTreesGini_BAG_L1 Yes 

60 PDE5A RandomForestEntr_BAG_L1 Yes 

61 PIK3CA ExtraTreesGini_BAG_L1 Yes 

62 PPARG ExtraTreesEntr_BAG_L1 Yes 

63 PTPN1 ExtraTreesEntr_BAG_L1 Yes 

64 PTPN11 ExtraTreesEntr_BAG_L1 Yes 

65 PTPN2 NeuralNetTorch_BAG_L1 Yes 

66 RAF1 RandomForestEntr_BAG_L1 Yes 

67 RARA ExtraTreesGini_BAG_L2 Yes 

68 RARB ExtraTreesEntr_BAG_L1 Yes 

69 ROCK1 ExtraTreesEntr_BAG_L1 Yes 

70 RPS6KA5 ExtraTreesGini_BAG_L1 Yes 

71 SIRT2 ExtraTreesEntr_BAG_L1 Yes 

72 SIRT3 XGBoost_BAG_L1 Yes 

73 SLC6A2 ExtraTreesGini_BAG_L1 Yes 

74 SLC6A3 RandomForestGini_BAG_L1 Yes 

75 SLC6A4 ExtraTreesEntr_BAG_L1 Yes 

76 SRC ExtraTreesEntr_BAG_L1 Yes 

77 TACR2 RandomForestEntr_BAG_L1 Yes 

78 TBXA2R ExtraTreesEntr_BAG_L1 Yes 

79 TEK RandomForestGini_BAG_L1 Yes 

 

Generally, it is observed that the values for sensitivity are high while the values for specificity 

are low. This means that there are few false negatives while there are many false positives. For 

predictive toxicology, high SE is important so as to not miss any toxic compound for the hazard 

assessment. When considering the accuracies of the predictions, arbitrary cutoffs have been 

used where accuracies with ≤ 60% are tagged as “unrelated”, 60% < Acc ≤ 70% are treated as 

“lowly related”, 70% < Acc ≤ 80% as “moderately related”, and > 80% as “highly related”. 

The cutoffs facilitate the analysis of when the model performance using transfer learning is 

regarded as “good”. For developmental toxicity, 16 targets have the “unrelated” tag, 35 targets 

have the “lowly related” tag, 24 targets have the “moderately related” tag, and 4 targets have 

the “highly related” tag. In the case of developmental toxicity, the results of transfer learning 

predict high relations with the human targets AKT1, DRD2, HTR2A, and SLC6A4.  
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AKT1 is related to the adrenal IGF1 signaling pathway which plays a vital role in the body's 

normal development of multiple organs.434 Chemicals aimed at AKT1 were also screened for 

developmental toxicity.435 DRD2 has been found to be involved in developmental toxicity to 

the cardiovascular and nervous system of zebrafish larvae.436 DRD2 has also been shown to be 

related to prenatal developmental toxicity.365 HTR2A is related to developmental neurotoxicity 

in zebrafish larvae.437 HTR2A is also an important regulator of fetal brain development and 

adult cognitive function.438 Changes in the expression of SLC6A4 which is a 5-HT transporter 

could result in altered neurodevelopment during the mid-gestational window or adverse 

neonatal outcomes in infants.439, 440  

 

The literature thus supports the results of transfer learning and thus confirms that patterns 

learned by the developmental toxicity models can also be applied to the human target data. The 

information learned can be applied to the development of adverse outcome pathways for 

developmental toxicity. Also, by investigating the results of transfer learning on the different 

human targets, more targeted in vitro screening/testing can be conducted in order to better 

understand the mechanisms behind developmental toxicity. 

 

Also, none of the best-performing models for the transfer learning process are the same as those 

trained on the developmental toxicity data as summarised in Table 28. For transfer learning 

with the models of developmental toxicity on human target data, the random forest models are 

generally the best-performing model which suggests that these models are perhaps more 

suitable for transfer learning as compared to other ML models. 

 

A similar investigation was carried out for reproductive toxicity with the results shown in Table 

29 and Table 30. Once again, the values for sensitivity are high while the values for specificity 

are low. As compared to developmental toxicity, the values are generally higher for sensitivity 

and lower for specificity. Using the same tags for the accuracies, it was determined that 31 

targets have the “unrelated” tag, 24 targets have the “lowly related” tag, 16 targets have the 

“moderately related” tag, and 8 targets have the “highly related” tag. The human targets that 

are predicted to be highly related to reproductive toxicity are ADORA2A, BACE1, DRD2, 

HTR2A, KDR, LCK, PIK3CA, and SLC6A4.  
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Table 29: Results of best-performing models obtained by applying transfer learning of 

reproductive toxicity models to human target test datasets 

No. Target ACC (%) SE (%) SP (%) MCC 

1 AChE 62.9 ± 0.2 93.7 ± 0.9 25.0 ± 1.2 0.264 ± 0.007 

2 ADORA2A 81.2 ± 1.1 98.3 ± 0.6 47.4 ± 4.1 0.574 ± 0.024 

3 ADRA2A 60.0 ± 1.0 94.2 ± 0.7 32.6 ± 1.6 0.328 ± 0.019 

4 ADRB1 66.4 ± 0.7 98.2 ± 0.6 31.7 ± 1.7 0.407 ± 0.012 

5 ADRB2 57.3 ± 0.7 95.6 ± 0.5 21.2 ± 1.3 0.249 ± 0.014 

6 AGTR1 59.9 ± 2.0 96.6 ± 0.5 35.0 ± 3.6 0.373 ± 0.025 

7 AKT1 77.8 ± 0.3 99.4 ± 0.2 31.0 ± 1.0 0.467 ± 0.009 

8 AR 55.9 ± 2.2 86.8 ± 1.4 44.9 ± 3.5 0.29 ± 0.015 

9 AVPR1A 59.7 ± 1.9 98.7 ± 0.8 36.3 ± 2.9 0.401 ± 0.028 

10 BACE1 80.4 ± 0.5 98.9 ± 0.1 35.2 ± 1.9 0.496 ± 0.016 

11 BCHE 62.0 ± 2.2 93.5 ± 1.3 40.6 ± 4.3 0.378 ± 0.026 

12 CASP1 38.5 ± 0.6 98.3 ± 1.1 10.7 ± 0.8 0.156 ± 0.021 

13 CASP3 50.9 ± 0.3 95.8 ± 1.1 22.9 ± 1.0 0.25 ± 0.009 

14 CASP8 51.9 ± 1.7 96.0 ± 1.1 38.9 ± 2.4 0.317 ± 0.013 

15 CHRM1 71.7 ± 0.5 95.1 ± 0.2 31.0 ± 1.1 0.359 ± 0.013 

16 CHRM2 67.7 ± 1.2 93.5 ± 0.8 47.5 ± 2.2 0.446 ± 0.02 

17 CHRM3 67.1 ± 1.0 95.4 ± 0.9 31.4 ± 1.8 0.359 ± 0.026 

18 CHRM5 61.3 ± 1.2 97.5 ± 0.5 39.3 ± 2.0 0.41 ± 0.013 

19 CHUK 51.5 ± 2.9 98.9 ± 0.0 35.7 ± 3.9 0.338 ± 0.026 

20 CSF1R 71.5 ± 1.6 98.9 ± 0.3 36.5 ± 4.0 0.472 ± 0.028 

21 CSNK1D 61.6 ± 1.3 98.2 ± 0.3 34.4 ± 2.2 0.399 ± 0.021 

22 DRD1 66.5 ± 1.9 93.7 ± 1.0 49.1 ± 3.7 0.446 ± 0.02 

23 DRD2 88.1 ± 0.2 99.2 ± 0.2 31.4 ± 1.4 0.484 ± 0.012 

24 EDNRA 66.3 ± 0.8 98.6 ± 0.4 30.6 ± 1.8 0.406 ± 0.015 

25 EDNRB 59.4 ± 1.0 99.6 ± 0.5 32.4 ± 1.8 0.396 ± 0.014 

26 ELANE 69.4 ± 0.5 93.0 ± 1.4 33.6 ± 3.3 0.343 ± 0.009 

27 EPHA2 57.1 ± 1.4 98.3 ± 0.6 35.8 ± 2.2 0.377 ± 0.017 

28 FGFR1 76.6 ± 0.8 99.6 ± 0.2 34.5 ± 2.5 0.493 ± 0.019 

29 FKBP1A 52.2 ± 1.9 98.8 ± 0.4 34.5 ± 2.7 0.342 ± 0.016 
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30 FLT1 66.8 ± 0.9 99.3 ± 0.1 46.7 ± 1.5 0.492 ± 0.012 

31 FLT4 63.5 ± 2.2 97.7 ± 1.0 38.4 ± 4.5 0.424 ± 0.024 

32 FYN 53.0 ± 1.6 97.6 ± 0.6 36.7 ± 2.2 0.34 ± 0.016 

33 GSK3B 75.0 ± 0.2 98.5 ± 0.4 30.5 ± 1.0 0.433 ± 0.007 

34 HDAC3 62.3 ± 1.4 91.1 ± 2.0 33.1 ± 4.3 0.298 ± 0.023 

35 HRH1 68.1 ± 0.8 98.5 ± 0.2 34.5 ± 1.6 0.437 ± 0.014 

36 HTR2A 85.2 ± 0.3 99.0 ± 0.4 35.0 ± 2.3 0.505 ± 0.013 

37 HTR3A 51.3 ± 1.4 92.7 ± 1.3 35.7 ± 2.0 0.282 ± 0.018 

38 IGF1R 77.3 ± 0.8 99.3 ± 0.3 34.6 ± 2.8 0.49 ± 0.02 

39 INSR 66.0 ± 0.9 98.3 ± 1.7 37.8 ± 2.7 0.444 ± 0.016 

40 KCNH2 65.6 ± 0.2 98.3 ± 0.3 15.1 ± 0.7 0.256 ± 0.007 

41 KDR 87.8 ± 0.3 98.7 ± 0.1 30.9 ± 2.1 0.455 ± 0.019 

42 LCK 80.7 ± 0.6 98.3 ± 0.5 14.6 ± 2.8 0.254 ± 0.039 

43 LTB4R 52.4 ± 0.9 95.5 ± 1.4 36.1 ± 1.6 0.316 ± 0.008 

44 LYN 53.3 ± 1.7 97.5 ± 0.4 34.3 ± 2.3 0.337 ± 0.019 

45 MAPK1 44.3 ± 1.3 91.6 ± 2.2 18.2 ± 3.2 0.133 ± 0.006 

46 MAPK9 67.9 ± 1.1 99.1 ± 0.7 31.3 ± 3.2 0.426 ± 0.015 

47 MAPKAPK2 60.4 ± 0.7 97.9 ± 0.8 32.4 ± 1.4 0.38 ± 0.01 

48 MET 79.3 ± 0.5 99.0 ± 0.5 35.4 ± 2.7 0.496 ± 0.01 

49 MMP13 72.0 ± 0.9 93.6 ± 1.2 31.7 ± 1.6 0.337 ± 0.027 

50 MMP2 67.3 ± 1.5 91.3 ± 1.7 24.0 ± 1.8 0.211 ± 0.042 

51 MMP3 70.8 ± 1.6 91.8 ± 1.9 34.7 ± 1.4 0.334 ± 0.044 

52 MMP9 66.7 ± 1.2 86.4 ± 1.5 39.4 ± 0.9 0.297 ± 0.028 

53 NEK2 47.7 ± 1.6 98.6 ± 1.0 34.0 ± 2.0 0.301 ± 0.017 

54 NR3C1 58.6 ± 1.0 89.3 ± 1.0 45.3 ± 1.7 0.333 ± 0.01 

55 OPRD1 79.2 ± 0.9 99.1 ± 0.2 30.7 ± 2.6 0.461 ± 0.029 

56 OPRM1 77.3 ± 0.6 98.0 ± 0.3 43.6 ± 1.8 0.527 ± 0.012 

57 P2RY1 57.4 ± 1.9 98.0 ± 0.4 38.7 ± 2.6 0.384 ± 0.023 

58 PAK4 52.1 ± 1.5 100.0 ± 0.0 37.1 ± 1.9 0.352 ± 0.013 

59 PDE4A 61.7 ± 1.1 98.7 ± 0.3 34.3 ± 2.0 0.406 ± 0.014 

60 PDE5A 69.0 ± 0.4 98.8 ± 0.4 32.6 ± 1.2 0.434 ± 0.006 

61 PIK3CA 82.0 ± 0.6 99.8 ± 0.1 43.0 ± 2.0 0.58 ± 0.014 
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62 PPARG 58.8 ± 1.1 85.0 ± 0.8 42.7 ± 2.0 0.288 ± 0.013 

63 PTPN1 49.7 ± 0.4 95.4 ± 0.8 21.6 ± 0.8 0.23 ± 0.01 

64 PTPN11 44.4 ± 1.0 90.2 ± 2.9 30.8 ± 2.0 0.202 ± 0.016 

65 PTPN2 41.9 ± 1.5 94.6 ± 0.7 27.8 ± 1.9 0.217 ± 0.016 

66 RAF1 72.3 ± 0.9 99.3 ± 0.1 38.7 ± 2.0 0.496 ± 0.016 

67 RARA 56.3 ± 1.6 90.7 ± 2.6 51.8 ± 2.0 0.273 ± 0.014 

68 RARB 55.0 ± 3.0 90.7 ± 1.3 52.0 ± 3.3 0.231 ± 0.014 

69 ROCK1 70.8 ± 1.2 99.8 ± 0.3 37.5 ± 2.7 0.489 ± 0.021 

70 RPS6KA5 48.5 ± 2.4 97.2 ± 2.4 37.9 ± 3.0 0.289 ± 0.022 

71 SIRT2 46.1 ± 1.5 85.8 ± 2.8 34.7 ± 2.5 0.186 ± 0.018 

72 SIRT3 41.8 ± 1.6 85.6 ± 8.6 34.7 ± 2.7 0.152 ± 0.053 

73 SLC6A2 75.1 ± 0.6 96.2 ± 0.3 45.4 ± 1.5 0.503 ± 0.012 

74 SLC6A3 74.7 ± 0.3 94.8 ± 0.6 47.3 ± 1.1 0.495 ± 0.007 

75 SLC6A4 83.5 ± 0.5 97.6 ± 0.6 34.2 ± 2.0 0.454 ± 0.02 

76 SRC 71.3 ± 0.4 98.8 ± 0.5 27.4 ± 1.1 0.404 ± 0.011 

77 TACR2 66.2 ± 2.4 98.8 ± 0.3 50.9 ± 3.5 0.486 ± 0.025 

78 TBXA2R 59.7 ± 0.4 91.3 ± 1.9 44.9 ± 1.2 0.358 ± 0.012 

79 TEK 62.9 ± 1.1 98.6 ± 0.7 36.8 ± 2.3 0.423 ± 0.013 

 

Table 30: Comparison of the best-performing models obtained by applying transfer learning of 

reproductive toxicity models to human target test datasets with the best-performing models for 

reproductive toxicity 

No. Target 

Best-performing model 

obtained by applying transfer 

learning 

Is this a different model as 

compared to the best-

performing model for 

reproductive toxicity 

1 AChE 
XGBoost_BAG_L1 

Yes 

2 ADORA2A 
NeuralNetTorch_BAG_L2 

Yes 

3 ADRA2A 
CatBoost_BAG_L1 

Yes 

4 ADRB1 
ExtraTreesEntr_BAG_L1 

Yes 

5 ADRB2 
RandomForestEntr_BAG_L1 

No 

6 AGTR1 
NeuralNetTorch_BAG_L2 

Yes 

7 AKT1 
CatBoost_BAG_L2 

Yes 
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8 AR 
NeuralNetTorch_BAG_L2 

Yes 

9 AVPR1A 
CatBoost_BAG_L2 

Yes 

10 BACE1 CatBoost_BAG_L2 Yes 

11 BCHE NeuralNetTorch_BAG_L2 Yes 

12 CASP1 RandomForestEntr_BAG_L1 No 

13 CASP3 CatBoost_BAG_L1 Yes 

14 CASP8 LightGBMXT_BAG_L1 Yes 

15 CHRM1 CatBoost_BAG_L1 Yes 

16 CHRM2 CatBoost_BAG_L2 Yes 

17 CHRM3 WeightedEnsemble_L2 Yes 

18 CHRM5 CatBoost_BAG_L1 Yes 

19 CHUK NeuralNetTorch_BAG_L2 Yes 

20 CSF1R NeuralNetTorch_BAG_L2 Yes 

21 CSNK1D LightGBMXT_BAG_L1 Yes 

22 DRD1 NeuralNetTorch_BAG_L2 Yes 

23 DRD2 WeightedEnsemble_L2 Yes 

24 EDNRA CatBoost_BAG_L1 Yes 

25 EDNRB XGBoost_BAG_L1 Yes 

26 ELANE NeuralNetTorch_BAG_L2 Yes 

27 EPHA2 CatBoost_BAG_L2 Yes 

28 FGFR1 CatBoost_BAG_L2 Yes 

29 FKBP1A CatBoost_BAG_L2 Yes 

30 FLT1 CatBoost_BAG_L2 Yes 

31 FLT4 NeuralNetTorch_BAG_L2 Yes 

32 FYN CatBoost_BAG_L2 Yes 

33 GSK3B RandomForestEntr_BAG_L1 No 

34 HDAC3 NeuralNetTorch_BAG_L1 Yes 

35 HRH1 ExtraTreesEntr_BAG_L2 Yes 

36 HTR2A ExtraTreesEntr_BAG_L1 Yes 

37 HTR3A CatBoost_BAG_L2 Yes 

38 IGF1R NeuralNetTorch_BAG_L2 Yes 

39 INSR NeuralNetTorch_BAG_L2 Yes 
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40 KCNH2 RandomForestGini_BAG_L1 Yes 

41 KDR CatBoost_BAG_L2 Yes 

42 LCK ExtraTreesEntr_BAG_L1 Yes 

43 LTB4R ExtraTreesEntr_BAG_L2 Yes 

44 LYN CatBoost_BAG_L2 Yes 

45 MAPK1 NeuralNetTorch_BAG_L1 Yes 

46 MAPK9 NeuralNetTorch_BAG_L2 Yes 

47 MAPKAPK2 XGBoost_BAG_L1 Yes 

48 MET NeuralNetTorch_BAG_L2 Yes 

49 MMP13 CatBoost_BAG_L1 Yes 

50 MMP2 CatBoost_BAG_L1 Yes 

51 MMP3 ExtraTreesGini_BAG_L2 Yes 

52 MMP9 CatBoost_BAG_L1 Yes 

53 NEK2 CatBoost_BAG_L2 Yes 

54 NR3C1 CatBoost_BAG_L2 Yes 

55 OPRD1 CatBoost_BAG_L2 Yes 

56 OPRM1 CatBoost_BAG_L2 Yes 

57 P2RY1 CatBoost_BAG_L2 Yes 

58 PAK4 XGBoost_BAG_L1 Yes 

59 PDE4A CatBoost_BAG_L2 Yes 

60 PDE5A CatBoost_BAG_L2 Yes 

61 PIK3CA CatBoost_BAG_L2 Yes 

62 PPARG CatBoost_BAG_L2 Yes 

63 PTPN1 ExtraTreesEntr_BAG_L1 Yes 

64 PTPN11 ExtraTreesGini_BAG_L1 Yes 

65 PTPN2 CatBoost_BAG_L1 Yes 

66 RAF1 CatBoost_BAG_L2 Yes 

67 RARA RandomForestEntr_BAG_L2 Yes 

68 RARB NeuralNetTorch_BAG_L2 Yes 

69 ROCK1 CatBoost_BAG_L2 Yes 

70 RPS6KA5 NeuralNetTorch_BAG_L2 Yes 

71 SIRT2 XGBoost_BAG_L1 Yes 
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72 SIRT3 ExtraTreesGini_BAG_L2 Yes 

73 SLC6A2 ExtraTreesGini_BAG_L1 Yes 

74 SLC6A3 RandomForestGini_BAG_L1 Yes 

75 SLC6A4 ExtraTreesEntr_BAG_L1 Yes 

76 SRC CatBoost_BAG_L2 Yes 

77 TACR2 NeuralNetTorch_BAG_L2 Yes 

78 TBXA2R XGBoost_BAG_L1 Yes 

79 TEK CatBoost_BAG_L2 Yes 

 

 

It was found in the literature that ADORA2A is related to the pathway that causes breast lesions 

which are part of reproductive toxicity.441, 442 BACE1 is suggested to be related to an estrogen 

receptor-dependent mechanism, though several studies in the literature relate BACE1 to 

developmental neurotoxicity.443, 444 DRD2 is suggested to have a role for dopaminergic 

signaling in events such as fertilization, capacitation, and sperm motility.445 HTR2A is one of 

the neurotransmission genes which are related to polymorphism that is associated with 

asthenozoospermia.446 KDR was reported to play an important role in the maintenance of 

microcirculation in ruminants testis as a vital local regulatory determinant of testicular 

functions.447 LCK is involved in the regulation of spermatogenetic events.448 PIK3CA could 

phosphorylate phosphatidylinositol and subsequently be involved in the conduction of the 

PI3K-AKT signaling pathway.449 Activation of the PI3K-AKT pathway can promote the 

proliferation and anti-apoptosis of Sertoli cells (related to sperm production in males).449 

Changes in the expression levels of SLC6A4 could lead to impaired testosterone synthesis, 

arrest of spermatogenesis, and harmful effects on male fertility.450 

 

Once again, the literature supports the results of transfer learning and thus confirms that 

patterns learned by the reproductive toxicity models can also be applied to the human target 

data. The information learned can be applied to the development of adverse outcome pathways 

for reproductive toxicity. By investigating the results of transfer learning on the different 

human targets, more targeted in vitro testing can be conducted in order to better understand the 

mechanisms behind reproductive toxicity. 
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From Table 30, only three of the best-performing models for the transfer learning process are 

the same as those trained on the reproductive toxicity data. For transfer learning with the 

models of reproductive toxicity on human target data, the CatBoost models which uses gradient 

boosting on decision trees seem to work better. 

 

Comparing the targets with the “highly related” tags to the best-performing models for the 

same target taken from Allen et al, it is generally observed that while the sensitivity values of 

the results of transfer learning outperforms the models by Allen et al, the other performance 

metrics are much worse.358 These results are shown in Table 31 and Table 32. For 

developmental toxicity, the results of transfer learning perform more poorly than the model 

trained specifically for each target. This situation is similar for reproductive toxicity with the 

sensitivities being consistently higher than the reported models for all human targets. This 

makes sense as both developmental toxicity and reproductive toxicity are complex endpoints 

and do not only follow a single mechanism of action or binding to a human target. 

 

For both developmental toxicity and reproductive toxicity, a good accuracy i.e. would indicate 

that the binding to a human target could be one of the mechanisms leading to the toxicity 

endpoint. This is because being able to classify the inactives and actives for the human target 

accurately shows that the model must have learned about the human target from the training 

dataset of the model. On the other hand, a high sensitivity with a low accuracy would mean 

that the model could just be predicting actives blindly and is thus unreliable for that particular 

human target. 

 

When the models for developmental toxicity and reproductive toxicity are applied to larger 

datasets i.e. the training dataset and the combined dataset (test + training), the performance 

metrics for the best-performing models do not change significantly. This suggests that the 

datasets are similar in the distribution of compounds. Results for these larger datasets can be 

found in in the Appendices (Table A17 to Table A20). 
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Table 31: Comparison of the best-performing models obtained by applying transfer learning of 

developmental toxicity models to human target test datasets with the best-performing models 

by Allen et al358 Only human targets with the “highly related” tags are shown. 

Target 

 

This work Allen et al358 

ACC 

(%) 
SE (%) SP (%) MCC 

ACC 

(%) 
SE (%) SP (%) MCC 

AKT1 
81.4 ± 

1.2 

93.8 ± 

2.4 

54.5 ± 

2.5 

0.548 ± 

0.029 

93.9 ± 

1.6 

96.1 ± 

0.9 

88.9 ± 

4.3 

0.854 ± 

0.035 

DRD2 
88.5 ± 

1.7 

96.3 ± 

2.0 

48.9 ± 

0.8 

0.538 ± 

0.059 

95.6 ± 

0.8 

98.3 ± 

0.8 

82.2 ± 

4.5 

0.838 ± 

0.015 

HTR2A 
84.8 ± 

1.7 

92.1 ± 

2.2 

57.9 ± 

2.5 

0.529 ± 

0.042 

96.3 ± 

0.5 

98.5 ± 

0.5 

88.4 ± 

2.4 

0.890 ± 

0.016 

SLC6A4 
85.3 ± 

1.6 

93.8 ± 

2.2 

55.9 ± 

2.3 

0.549 ± 

0.043 

96.6 ± 

0.8 

98.4 ± 

0.5 

90.5 ± 

3.4 

0.901 ± 

0.019 

 

Table 32: Comparison of the best-performing models obtained by applying transfer learning of 

reproductive toxicity models to human target test datasets with the best-performing models by 

Allen et al358 Only human targets with the “highly related” tags are shown. 

Target 

 

This work Allen et al358 

ACC 

(%) 
SE (%) SP (%) MCC 

ACC 

(%) 
SE (%) SP (%) MCC 

ADORA2A 
81.2 ± 

1.1 

98.3 ± 

0.6 

47.4 ± 

4.1 

0.574 ± 

0.024 

94.8 ± 

0.9 

96.7 ± 

1.3 

91.3 ± 

2.0 

0.884 ± 

0.018 

BACE1 
80.4 ± 

0.5 

98.9 ± 

0.1 

35.2 ± 

1.9 

0.496 ± 

0.016 

92.6 ± 

0.7 

95.8 ± 

1.5 

84.8 ± 

5.1 

0.821 ± 

0.018 

DRD2 
88.1 ± 

0.2 

99.2 ± 

0.2 

31.4 ± 

1.4 

0.484 ± 

0.012 

95.6 ± 

0.8 

98.3 ± 

0.8 

82.2 ± 

4.5 

0.838 ± 

0.015 

HTR2A 
85.2 ± 

0.3 

99.0 ± 

0.4 

35.0 ± 

2.3 

0.505 ± 

0.013 

96.3 ± 

0.5 

98.5 ± 

0.5 

88.4 ± 

2.4 

0.890 ± 

0.016 

KDR 
87.8 ± 

0.3 

98.7 ± 

0.1 

30.9 ± 

2.1 

0.455 ± 

0.019 

92.9 ± 

0.9 

95.7 ± 

1.6 

79.2 ± 

6.9 

0.747 ± 

0.030 

LCK 
80.7 ± 

0.6 

98.3 ± 

0.5 

14.6 ± 

2.8 

0.254 ± 

0.039 

93.8 ± 

2.4 

95.6 ± 

2.3 

83.1 ± 

9.4 

0.805 ± 

0.069 

PIK3CA 
82.0 ± 

0.6 

99.8 ± 

0.1 

43.0 ± 

2.0 

0.58 ± 

0.014 

96.9 ± 

0.6 

98.6 ± 

0.5 

93.1 ± 

1.2 

0.926 ± 

0.013 
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SLC6A4 
83.5 ± 

0.5 

97.6 ± 

0.6 

34.2 ± 

2.0 

0.454 ± 

0.02 

96.6 ± 

0.8 

98.4 ± 

0.5 

90.5 ± 

3.4 

0.901 ± 

0.019 

 

4.3.12 Future outlook 

As more data becomes available for DART, the re-training of all models can be considered to 

cover a larger feature space and applicability domain. To date, the DART database used in the 

present study is the largest known public database of compounds for the general prediction of 

the DART endpoint. All of the machine learning model results also indicate that the limit of 

the performance metrics has been reached given the current DART database. Since the 

AutoML process is used which has been shown to perform excellently, the improvement of 

model performance is largely dependent on the quality and quantity of data that can be 

compiled and obtained from the literature. This emphasises the importance of using good 

quality data for developing machine learning models and shows that more attention should be 

placed on ensuring the quality of the data especially when the toxicity endpoints are complex. 

The training of these models is also expected to be user-friendly and easy to implement with 

the development of machine learning methods, allowing future improvements to be carried out 

easily when the need arises. 

 

The use of a group of models that focuses on very specific endpoints is currently expected to 

be the better choice for DART. This is because the mechanisms and pathways for DART are 

still not fully explored as evidenced by the lack of AOPs for DART. Thus, ensuring that the 

toxicity predictions of models are able to be associated with mechanisms of action would be 

useful as this allows for users to interpret the model results better. While a global model for 

DART is perhaps easier to use for screening purposes, the use of specific models for 

developmental toxicity and reproductive separately will probably remain the status quo until 

more data for DART can be gathered and/or a better mechanistic understanding of pathways 

leading to DART is achieved. 

 

As mentioned earlier, for both developmental and reproductive toxicity, the literature supports 

the results of transfer learning. However, one improvement that could be made to the study 

relates to the receptors with the other tags ie. “unrelated”, “lowly related”, and “moderately 

related” following the cutoffs explained earlier in section 4.3.11. If literature that supports these 

tags can be found, it would provide further evidence about the adverse outcome pathways for 

both developmental toxicity and reproductive toxicity. By proving that a portion of the 
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“unrelated” tags are indeed unrelated to developmental/reproductive toxicity, more targeted in 

vitro testing can be carried out based on the results obtained in this study. 

 

4.4 Conclusion 

In conclusion, this study has used an automated machine learning (AutoML) process to speed 

up and optimise the development of in silico models for the binary prediction of DART 

(toxicants/non-toxicants). This study has also constructed the largest known public database 

for the general DART effect 3245 compounds (1662 positives, 1583 negatives) that contains 

data from 12 different sources which includes existing data in the literature such as from 

datasets used to build in silico models. The AutoML process was first benchmarked using 

literature data to verify its suitability and feasibility before it is applied to the DART database. 

Subsequently, the AutoML process, which was verified to produce results comparable to the 

literature, was applied to the new DART database, with a total of 24 machine learning models 

being trained per run for a total of five runs. The consistent performance of the ML models 

thus shows that even a complex task such as the prediction of DART toxicants/non-toxicants 

can be modelled quickly and effectively with AutoML. The predictions made by the models 

reported in this study can be applied for screening purposes or in Next Generation Risk 

Assessment (NGRA) frameworks where they could complement other data in the protection of 

human health.  

 

Transfer learning of these models was also carried out between both toxicity endpoints where 

with good performance metrics being achieved for some of the models. This shows an overlap 

between the two toxicity endpoints of developmental toxicity and reproductive toxicity when 

using this database. The use of transfer learning of the models of developmental toxicity and 

reproductive toxicity with human target data has also shown possible relationships which can 

be leveraged for more targeted in vitro testing. In particular, human targets AKT1, DRD2, 

HTR2A, and SLC6A4 have been shown to have links with developmental toxicity in the 

literature while ADORA2A, BACE1, DRD2, HTR2A, KDR, LCK, PIK3CA, and SLC6A4 

have links with reproductive toxicity in the literature. This demonstrates that the use of transfer 

learning to investigate receptor bindings as possible mechanisms of action leading to DART is 

viable. This is important as MIE identification is a source of AOP development, especially if 

the AOP is not yet fully understood or if the AOP is complex. When the results of transfer 
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learning have a high SE but low SP or ACC, the relationship with the human targets should not 

be interpreted as they are unreliable. 

 

It is hoped that as more data on DART becomes publicly available, the improvement in 

performance of in silico methods as well as a better understanding of the complex mechanisms 

leading to DART can support the NGRA.  
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Chapter 5: Thesis conclusion 

Thus far, the investigation of machine learning in predictive toxicology has been carried out. 

A background of the recent applications and future directions was provided in Chapter 2, while 

Chapter 3 looks at the use of Tanimoto similarity to calculate average similarity between 

datasets for human targets. With this method, when the average similarity between datasets (S) 

or the predicted test accuracy (P) is 70% or higher, it is expected that model performance will 

be good i.e. the model will be transferable to another dataset. This chapter has also shown that 

the proportion of similar molecules can be used for popular toxicological databases, where 

about 13 million molecules (PubChem: 13%, ChEMBL: 18%) can be analysed using the Allen 

et al models for a series of important toxicological effects.358 

 

Chapter 4 focuses on DART, where the largest known public database for the general DART 

effect 3245 compounds (1662 positives, 1583 negatives) was constructed. This database is 

more up to date with the recent situation given that the study by Wu et al in 2013 which covers 

a framework to identify structural alerts remains one of the popular choices for DART.377 

Models with about 68% accuracy for developmental toxicity and 80% for reproductive toxicity 

were trained using the new database. The consistent performance of the ML models for both 

toxicity endpoints thus shows that even a complex task such as the prediction of DART 

toxicants/non-toxicants can be modelled quickly and effectively with AutoML. The predictions 

made by the models reported in this study can be applied for screening purposes or in Next 

Generation Risk Assessment (NGRA) frameworks where they could complement other results 

in the protection of human health. The suitability of transfer learning between the two toxicity 

endpoints has also been investigated with good performance metrics being achieved for some 

of the models. This shows an overlap between the two toxicity endpoints when using this 

database. The use of transfer learning of the models of developmental toxicity and reproductive 

toxicity with human target data has also shown possible relationships between developmental 

toxicity and reproductive toxicity with human target data which can be leveraged for more 

targeted in vitro testing. In particular, human targets AKT1, DRD2, HTR2A, and SLC6A4 

have links with developmental toxicity in the literature while ADORA2A, BACE1, DRD2, 

HTR2A, KDR, LCK, PIK3CA, and SLC6A4 have links with reproductive toxicity in the 

literature. The use of transfer learning to investigate receptor bindings as possible mechanisms 

of action leading to DART has been demonstrated to work in this chapter. These results can be 

used in MIE/AOP development and targeted in vitro screening for DART. 
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Further improvements to this work can be made. In particular, structural alerts, which are 

another common tool used in predictive toxicology can be constructed to give an idea of the 

chemistry behind some of the predictions. It should be noted that generic structural alerts that 

are generated automatically without proper mechanistic understanding are not as useful as 

structural alerts that have been manually curated and whose chemistry have been tied to a MIE 

or AOP. Automatically generated structural alerts can still be useful if they have mechanistic 

understanding and therefore can be used for identifying the MIE. It should also be noted that 

manual curation of structural alerts requires expert knowledge which might not be possible in 

all cases, especially when potential mechanisms are unknown or the AOP is not yet fully 

understood. 

 

Looking forward, it is expected that machine learning will become an even more powerful tool 

in predictive toxicology. Recently, the trend has shifted towards explainable machine learning 

models where understanding a smaller number of predictions is favoured . A better 

understanding of the pathways/mechanism leading to the endpoints would allow for the 

generation of more data with mechanistic meaning, which would assist in the development of 

AOPs. 
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Chapter 7: Appendices 

7.1: Chapter 2 Appendices 

 

Figure A1: A plot of in vitro vs. in vivo results in Table 3 without considering toxicity endpoints 

 

 

Figure A2: A plot of in vitro vs. in vivo results in Table 3 while considering toxicity endpoints 
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Figure A3: A plot of animal vs. human results in Table 3 without considering toxicity endpoints 

 

 

Figure A4: A plot of animal vs. human results in Table 3 without considering toxicity endpoints 
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7.2: Chapter 3 Appendices 

Where applicable, the reported test accuracies as well as the judging of the better models for 

the tables and figures in this section were taken from the work by Allen et al358 

 

Table A1: Absolute difference rates for the initial test of the similarity metric with varying 

thresholds and minimum number of molecules required for a molecule to be treated as similar 

to another. The reported accuracies used a [100,100] DNN architecture and were calculated 

using ECFP4 with a fingerprint length of 10000 in the study. A Morgan fingerprint length of 

10000 was used to calculate the similarities. 

Similarity, 

T 

Min. 

no. of 

mol, 

N 

Calculated 

training 

similarity, Q 

(%) 

Calculated 

test similarity 

(%) 

Average 

similarity, 

S (%) 

Reported 

training 

accuracy 

(%) 

Predicted 

test 

accuracy, 

P (%) 

Reported 

test 

accuracy 

(%) 

Absolute 

difference 

(DF) (%) 

Target 

Average 

absolute 

difference 

(average 

DF) (%) 

Standard 

deviation 

for 

absolute 

difference 

(%) 

0.1 

1 

98.4 96.8 97.6 91.2 89.0 84.7 4.3 AChE 

4.3 
 

6.4 
 

98.2 98.4 98.3 96 94.4 94.7 0.3 ADORA2A 

97.2 98.2 97.7 92.6 90.5 90.1 0.4 AR 

98.8 98.8 98.8 93.8 92.7 77.3 15.4 hERG 

99 98.8 98.9 98.4 97.3 96 1.3 SERT 

2 

93.8 93.2 93.5 91.2 85.3 84.7 0.6 AChE 

3.8 
 

5.2 
 

96 97.2 96.6 96 92.7 94.7 2.0 ADORA2A 

94 94 94 92.6 87.0 90.1 3.1 AR 

97.2 95 96.1 93.8 90.1 77.3 12.8 hERG 

97.2 96.8 97 98.4 95.4 96 0.6 SERT 

3 

88 89.2 88.6 91.2 80.8 84.7 3.9 AChE 

4.5 
 

1.9 
 

93.6 96.2 94.9 96 91.1 94.7 3.6 ADORA2A 

92 91.4 91.7 92.6 84.9 90.1 5.2 AR 

92.8 87.6 90.2 93.8 84.6 77.3 7.3 hERG 

95.4 95 95.2 98.4 93.7 96 2.3 SERT 

0.15 

1 

97.4 95.2 96.3 91.2 87.8 84.7 3.1 AChE 

5.2 
 

5.8 
 

96.4 97.8 97.1 96 93.2 94.7 1.5 ADORA2A 

90.6 90 90.3 92.6 83.6 90.1 6.5 AR 

98.2 98 98.1 93.8 92.0 77.3 14.7 hERG 

97.4 98 97.7 98.4 96.1 96 0.1 SERT 

2 

91 90.6 90.8 91.2 82.8 84.7 1.9 AChE 

4.0 
 

3.7 
 

93 96.2 94.6 96 90.8 94.7 3.9 ADORA2A 

95.8 96.4 96.1 92.6 89.0 90.1 1.1 AR 

94.4 92.4 93.4 93.8 87.6 77.3 10.3 hERG 

94.8 94.8 94.8 98.4 93.3 96 2.7 SERT 

3 

84.6 85 84.8 91.2 77.3 84.7 7.4 AChE 

6.7 
 

2.5 
 

90.6 94.6 92.6 96 88.9 94.7 5.8 ADORA2A 

85.8 85.6 85.7 92.6 79.4 90.1 10.7 AR 

89 84.6 86.8 93.8 81.4 77.3 4.1 hERG 
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92.8 91.4 92.1 98.4 90.6 96 5.4 SERT 

0.2 

1 

93.4 89 91.2 91.2 83.2 84.7 1.5 AChE 

4.8 
 

2.6 
 

91.2 94.8 93 96 89.3 94.7 5.4 ADORA2A 

89.2 87.8 88.5 92.6 82.0 90.1 8.1 AR 

89.6 87.8 88.7 93.8 83.2 77.3 5.9 hERG 

94.4 94.6 94.5 98.4 93.0 96 3.0 SERT 

2 

84 78.6 81.3 91.2 74.1 84.7 10.6 AChE 

9.7 
 

5.4 
 

86 91.8 88.9 96 85.3 94.7 9.4 ADORA2A 

75.6 80.4 78 92.6 72.2 90.1 17.9 AR 

79.6 79 79.3 93.8 74.4 77.3 2.9 hERG 

90 89.6 89.8 98.4 88.4 96 7.6 SERT 

3 

74.2 71.6 72.9 91.2 66.5 84.7 18.2 AChE 

15.9 
 

5.7 
 

82 87.4 84.7 96 81.3 94.7 13.4 ADORA2A 

68.2 73.2 70.7 92.6 65.5 90.1 24.6 AR 

69.8 66.6 68.2 93.8 64.0 77.3 13.3 hERG 

88.4 86.6 87.5 98.4 86.1 96 9.9 SERT 

0.25 

1 

85.8 78.6 82.2 91.2 75.0 84.7 9.7 AChE 

12.2 
 

4.5 
 

86.4 89.8 88.1 96 84.6 94.7 10.1 ADORA2A 

75.8 76.4 76.1 92.6 70.5 90.1 19.6 AR 

67.6 69.4 68.5 93.8 64.3 77.3 13.0 hERG 

88.4 89.4 88.9 98.4 87.5 96 8.5 SERT 

2 

72.6 67.2 69.9 91.2 63.7 84.7 21.0 AChE 

23.7 
 

8.7 
 

78.2 82 80.1 96 76.9 94.7 17.8 ADORA2A 

55.4 61.6 58.5 92.6 54.2 90.1 35.9 AR 

52.2 50.4 51.3 93.8 48.1 77.3 29.2 hERG 

83.6 81.6 82.6 98.4 81.3 96 14.7 SERT 

3 

57.6 59.6 58.6 91.2 53.4 84.7 31.3 AChE 

32.6 
 

11.4 
 

72.4 75.6 74 96 71.0 94.7 23.7 ADORA2A 

43.4 52 47.7 92.6 44.2 90.1 45.9 AR 

35.8 38.4 37.1 93.8 34.8 77.3 42.5 hERG 

78 76.8 77.4 98.4 76.2 96 19.8 SERT 

0.3 

1 

76.2 71.8 74 91.2 67.5 84.7 17.2 AChE 

22.2 
 

9.5 
 

78.8 82.2 80.5 96 77.3 94.7 17.4 ADORA2A 

55.8 58 56.9 92.6 52.7 90.1 37.4 AR 

55.8 55.2 55.5 93.8 52.1 77.3 25.2 hERG 

84.2 83.4 83.8 98.4 82.5 96 13.5 SERT 

2 

62 58 60 91.2 54.7 84.7 30.0 AChE 

36.5 
 

13.7 
 

68.6 70 69.3 96 66.5 94.7 28.2 ADORA2A 

35.6 38.4 37 92.6 34.3 90.1 55.8 AR 

33.6 34.2 33.9 93.8 31.8 77.3 45.5 hERG 

74.2 74.2 74.2 98.4 73.0 96 23.0 SERT 

3 

47.6 45.2 46.4 91.2 42.3 84.7 42.4 AChE 

45.9 15.1 

60 62.6 61.3 96 58.8 94.7 35.9 ADORA2A 

23.8 27.2 25.5 92.6 23.6 90.1 66.5 AR 

21 25.2 23.1 93.8 21.7 77.3 55.6 hERG 

67.8 67.8 67.8 98.4 66.7 96 29.3 SERT 
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Table A2: A comparison of the predicted values obtained using the similarity calculations with 

the published accuracies of the machine learning models for selected human biological targets. 

The predicted test accuracy was calculated by multiplying the training accuracy by the 

similarity between the datasets. A similarity threshold of 0.20 was used for the calculations in 

the algorithm and a fingerprint length of 10000 bits was used. Also, although the paper uses 

ECFP4, the algorithm uses Morgan fingerprints with a radius of 2, which has been shown to 

be comparable. The similarities were calculated using a sample size of 500 for both the training 

and test sets. The results from the paper uses a neural network architecture of [100,100].  

No. Target 

Calculated similarity 

between training and 

test datasets (%) 

Reported 

training 

accuracy (%) 

Predicted 

test 

accuracy 

(%) 

Reported test 

accuracy (%) 

Absolute 

difference 

(%) 

1 AChE 91.2 91.4 83.4 84.7 1.3 

2 ADORA2A 93.8 96.6 90.6 94.7 4.1 

3 ADRA2A 91.8 95.7 87.9 90.9 3.0 

4 ADRB1 90.5 93.1 84.3 92.1 7.8 

5 ADRB2 91.5 86.4 79.1 80.7 1.6 

6 AGTR1 91.2 94.8 86.5 92.8 6.3 

7 AKT1 92.1 96.1 88.5 93.7 5.2 

8 AR 87.5 93.2 81.6 90.1 8.6 

9 AVPR1A 91.7 98.4 90.3 96.1 5.8 

10 BACE1 91.9 94.8 87.1 92.5 5.4 

11 BCHE 91.4 92.4 84.5 86.3 1.8 

12 CASP1 91.6 90.5 82.9 86.6 3.7 

13 CASP3 93.9 92.6 87.0 89.1 2.1 

14 CASP8 89.2 96.2 85.8 95.5 9.7 

15 CHRM1 91.6 95 87.0 91.3 4.3 

16 CHRM2 91.4 95.9 87.7 91.7 4.0 

17 CHRM3 91.6 95.2 87.2 90.9 3.7 

18 CHRM5 90.0 95.6 86.0 90.1 4.1 

19 CHUK 91.1 95.8 87.3 92.9 5.6 

20 CSF1R 89.5 97.9 87.6 95.3 7.7 

21 CSNK1D 90.6 97.1 88.0 92.7 4.7 

22 DRD1 89.9 92.5 83.2 88.2 5.0 

23 DRD2 94.1 96.6 90.9 95.3 4.4 

24 EDNRA 88.5 97.2 86.0 95.8 9.8 

25 EDNRB 93.6 96.3 90.1 91.9 1.8 
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26 ELANE 92.5 95.0 87.9 91.6 3.7 

27 EPHA2 89.5 96.9 86.7 94.9 8.2 

28 FGFR1 91.6 96.0 87.9 93.5 5.6 

29 FKBP1A 90.9 97.4 88.5 95.4 6.9 

30 FLT1 91.3 97.8 89.3 95.6 6.3 

31 FLT4 88.3 97.5 86.1 93.8 7.7 

32 FYN 85.5 94.4 80.7 86.1 5.4 

33 GSK3B 90.8 94.4 85.7 89.8 4.1 

34 HDAC3 90.1 96.1 86.6 93.9 7.3 

35 hERG 90.9 93.9 85.4 77.3 8.1 

36 HRH1 90.7 95.4 86.5 91.7 5.2 

37 HTR2A 93.7 97.7 91.5 96.1 4.6 

38 HTR3A 89.9 95.3 85.7 92.4 6.7 

39 IGF1R 92.2 97.1 89.5 94.5 5.0 

40 INSR 91.3 96.9 88.5 93.9 5.4 

41 KDR 91.8 93.2 85.6 91.6 6.0 

42 LCK 93.6 94.7 88.6 91.8 3.2 

43 LTB4R 89.3 96.6 86.3 95.0 8.7 

44 LYN 88.8 96.4 85.6 93.1 7.5 

45 MAPK1 93.1 79.9 74.4 78.3 3.9 

46 MAPK9 92.3 97.7 90.2 93.5 3.3 

47 MAPKAPK2 90.3 95.4 86.1 90.3 4.2 

48 MET 90.7 97.3 88.3 94.7 6.4 

49 MMP13 92.2 96.5 89.0 94.6 5.6 

50 MMP2 92.3 95.4 88.1 91.5 3.4 

51 MMP3 90.7 95.5 86.6 93.4 6.8 

52 MMP9 91.4 89.3 81.6 85.9 4.3 

53 NEK2 88.8 95.9 85.1 92.7 7.6 

54 NR3C1 88.3 91.9 81.1 90.0 8.9 

55 OPRD1 92.2 94.6 87.2 92.3 5.1 

56 OPRM1 92.6 97.3 90.1 94.0 3.9 

57 P2RY1 88.4 98.4 87.0 97.5 10.5 

58 PAK4 89.0 98.0 87.2 94.1 6.9 

59 PDE4A 89.1 95.9 85.5 91.5 6.0 

60 PDE5A 91.1 95.2 86.7 91.1 4.4 

61 PIK3CA 93.8 97.5 91.5 96.5 5.0 

62 PPARG 89.3 88.5 79.0 86.4 7.4 

63 PTPN1 92.5 92.1 85.2 80.8 4.4 
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64 PTPN11 87.7 91.7 80.4 84.2 3.8 

65 PTPN2 90.1 92.9 83.7 87.6 3.9 

66 RAF1 90.8 98.5 89.4 96.8 7.4 

67 RARA 89.4 95.7 85.6 95.3 9.7 

68 RARB 92.6 97.8 90.6 97.5 6.9 

69 ROCK1 90.5 97.0 87.8 94.1 6.3 

70 RPS6KA5 86.7 96.5 83.7 92.2 8.5 

71 SERT 93.5 98.6 92.2 96.0 3.8 

72 SIRT2 90.7 94.3 85.5 87.8 2.3 

73 SIRT3 89.6 96.5 86.4 95.6 9.2 

74 SLC6A2 91.8 95.7 87.9 93.2 5.3 

75 SLC6A3 92.2 96.7 89.2 91.8 2.6 

76 SRC 92.3 94.6 87.3 90.5 3.2 

77 TACR2 91.5 96.2 88.0 95.0 7.0 

78 TBXA2R 90.0 95.9 86.3 94.1 7.8 

79 TEK 90.7 97.0 88.0 95.1 7.1 

 

Table A3: A comparison of the predicted values obtained using the similarity calculations with 

the published accuracies of the machine learning models for selected human biological targets. 

The predicted test accuracy was calculated by multiplying the training accuracy by the 

similarity between the datasets. A similarity threshold of 0.20 was used for the calculations in 

the algorithm and a fingerprint length of 10000 bits was used. Also, although the paper uses 

ECFP4, the algorithm uses Morgan fingerprints with a radius of 2, which has been shown to 

be comparable. The similarities were calculated using a sample size of 500 for both the training 

and test sets. The results from the paper uses a neural network architecture of [1000,1000].  

No. Target 

Calculated similarity 

between training and 

test datasets (%) 

Reported 

training 

accuracy (%) 

Predicted 

test 

accuracy 

(%) 

Reported test 

accuracy (%) 

Absolute 

difference 

(%) 

1 AChE 91.2 95.8 87.4 84.4 3.0 

2 ADORA2A 93.8 91.7 86.0 94.8 8.8 

3 ADRA2A 91.8 97.2 89.3 91.2 1.9 

4 ADRB1 90.5 94.9 85.9 92.1 6.2 

5 ADRB2 91.5 85.4 78.1 80.4 2.3 

6 AGTR1 91.2 96.6 88.1 93.5 5.4 

7 AKT1 92.1 97.3 89.6 93.9 4.3 

8 AR 87.5 92.5 80.9 89.2 8.3 
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9 AVPR1A 91.7 98.9 90.7 97.0 6.3 

10 BACE1 91.9 95.4 87.7 92.6 4.9 

11 BCHE 91.4 93.7 85.6 87.1 1.5 

12 CASP1 91.6 88.8 81.3 85.9 4.6 

13 CASP3 93.9 92.8 87.1 88.7 1.6 

14 CASP8 89.2 96.9 86.4 96.0 9.6 

15 CHRM1 91.6 96.4 88.3 91.9 3.6 

16 CHRM2 91.4 97.0 88.7 92.4 3.7 

17 CHRM3 91.6 96.7 88.6 91.2 2.6 

18 CHRM5 90.0 96.3 86.6 90.2 3.6 

19 CHUK 91.1 97.8 89.1 94.5 5.4 

20 CSF1R 89.5 98.1 87.8 94.7 6.9 

21 CSNK1D 90.6 94.4 85.5 90.8 5.3 

22 DRD1 89.9 92.1 82.8 87.7 4.9 

23 DRD2 94.1 97.7 91.9 95.6 3.7 

24 EDNRA 88.5 97.6 86.4 95.8 9.4 

25 EDNRB 93.6 97.6 91.4 93.9 2.5 

26 ELANE 92.5 95.1 88.0 91.5 3.5 

27 EPHA2 89.5 98.6 88.2 96.1 7.9 

28 FGFR1 91.6 96.2 88.1 93.1 5.0 

29 FKBP1A 90.9 96.2 87.4 95.7 8.3 

30 FLT1 91.3 98.3 89.7 95.5 5.8 

31 FLT4 88.3 98.3 86.8 93.4 6.6 

32 FYN 85.5 95.4 81.6 88.2 6.6 

33 GSK3B 90.8 96.1 87.3 89.9 2.6 

34 HDAC3 90.1 96.8 87.2 93.8 6.6 

35 hERG 90.9 92 83.6 76.2 7.4 

36 HRH1 90.7 96.7 87.7 91.8 4.1 

37 HTR2A 93.7 98.4 92.2 96.3 4.1 

38 HTR3A 89.9 97.3 87.5 93.5 6.0 

39 IGF1R 92.2 97.7 90.1 95.0 4.9 

40 INSR 91.3 98.7 90.2 94.8 4.6 

41 KDR 91.8 96.1 88.2 92.9 4.7 

42 LCK 93.6 96.7 90.5 93.8 3.3 

43 LTB4R 89.3 97.9 87.4 95.9 8.5 

44 LYN 88.8 96.5 85.7 93.4 7.7 

45 MAPK1 93.1 80.4 74.9 77.8 2.9 

46 MAPK9 92.3 98.7 91.1 94.5 3.4 
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47 MAPKAPK2 90.3 95.8 86.5 90.2 3.7 

48 MET 90.7 97.8 88.7 95.2 6.5 

49 MMP13 92.2 97.2 89.6 94.7 5.1 

50 MMP2 92.3 95.9 88.5 91.5 3.0 

51 MMP3 90.7 95.9 87.0 93.1 6.1 

52 MMP9 91.4 90.4 82.6 85.1 2.5 

53 NEK2 88.8 97.2 86.3 92.8 6.5 

54 NR3C1 88.3 91.9 81.1 89.8 8.7 

55 OPRD1 92.2 96.1 88.6 92.3 3.7 

56 OPRM1 92.6 96.9 89.7 93.6 3.9 

57 P2RY1 88.4 98.5 87.1 97.3 10.2 

58 PAK4 89.0 98.6 87.7 94.7 7.0 

59 PDE4A 89.1 97.4 86.8 92.5 5.7 

60 PDE5A 91.1 96.5 87.9 91.6 3.7 

61 PIK3CA 93.8 98.2 92.1 96.9 4.8 

62 PPARG 89.3 88.8 79.3 86.3 7.0 

63 PTPN1 92.5 92.0 85.1 82.0 3.1 

64 PTPN11 87.7 93.4 81.9 85.9 4.0 

65 PTPN2 90.1 95.3 85.8 90.4 4.6 

66 RAF1 90.8 99.0 89.9 96.5 6.6 

67 RARA 89.4 97.3 87.0 96.0 9.0 

68 RARB 92.6 99.2 91.9 98.6 6.7 

69 ROCK1 90.5 97.9 88.6 93.8 5.2 

70 RPS6KA5 86.7 98.0 85.0 93.5 8.5 

71 SERT 93.5 99.1 92.7 96.6 3.9 

72 SIRT2 90.7 95.1 86.3 89.6 3.3 

73 SIRT3 89.6 96.4 86.3 92.0 5.7 

74 SLC6A2 91.8 96.3 88.4 93.2 4.8 

75 SLC6A3 92.2 95.5 88.1 91.4 3.3 

76 SRC 92.3 96.6 89.2 91.1 1.9 

77 TACR2 91.5 96.8 88.6 95.1 6.5 

78 TBXA2R 90.0 96.4 86.8 94.0 7.2 

79 TEK 90.7 98.1 89.0 95.0 6.0 
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Table A4: Results showing the best performing models for each target and the architecture 

used. Calculated absolute difference rates (%) for each architecture are also tabulated for each 

target. The better models were judged by the study. 

  
[100,100] [1000,1000] 

Better model judged by 

study   

No. Target 

Absolute 

difference 

(%) 

Absolute 

difference 

(%) 

[100,100] [1000,1000] 

Lower difference 

matches better 

model judged by 

study 

1 AChE 1.3 3.0 1 
 

1 

2 ADORA2A 4.1 8.8 
 

1 0 

3 ADRA2A 3.0 1.9 
 

1 1 

4 ADRB1 7.8 6.2 
 

1 1 

5 ADRB2 1.6 2.3 1 
 

1 

6 AGTR1 6.3 5.4 
 

1 1 

7 AKT1 5.2 4.3 
 

1 1 

8 AR 8.6 8.3 1 
 

0 

9 AVPR1A 5.8 6.3 
 

1 0 

10 BACE1 5.4 4.9 
 

1 1 

11 BCHE 1.8 1.5 
 

1 1 

12 CASP1 3.7 4.6 1 
 

1 

13 CASP3 2.1 1.6 1 
 

0 

14 CASP8 9.7 9.6 
 

1 1 

15 CHRM1 4.3 3.6 
 

1 1 

16 CHRM2 4.0 3.7 
 

1 1 

17 CHRM3 3.7 2.6 
 

1 1 

18 CHRM5 4.1 3.6 
 

1 1 

19 CHUK 5.6 5.4 
 

1 1 

20 CSF1R 7.7 6.9 1 
 

0 

21 CSNK1D 4.7 5.3 1 
 

1 

22 DRD1 5.0 4.9 1 
 

0 

23 DRD2 4.4 3.7 
 

1 1 

24 EDNRA 9.8 9.4 1 
 

0 

25 EDNRB 1.8 2.5 
 

1 0 

26 ELANE 3.7 3.5 1 
 

0 

27 EPHA2 8.2 7.9 
 

1 1 

28 FGFR1 5.6 5.0 1 
 

0 

29 FKBP1A 6.9 8.3 1 
 

1 
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30 FLT1 6.3 5.8 1 
 

0 

31 FLT4 7.7 6.6 1 
 

0 

32 FYN 5.4 6.6 
 

1 0 

33 GSK3B 4.1 2.6 
 

1 1 

34 HDAC3 7.3 6.6 1 
 

0 

35 hERG 8.1 7.4 1 
 

0 

36 HRH1 5.2 4.1 
 

1 1 

37 HTR2A 4.6 4.1 
 

1 1 

38 HTR3A 6.7 6.0 
 

1 1 

39 IGF1R 5.0 4.9 
 

1 1 

40 INSR 5.4 4.6 
 

1 1 

41 KDR 6.0 4.7 
 

1 1 

42 LCK 3.2 3.3 
 

1 0 

43 LTB4R 8.7 8.5 
 

1 1 

44 LYN 7.5 7.7 
 

1 0 

45 MAPK1 3.9 2.9 1 
 

0 

46 MAPK9 3.3 3.4 
 

1 0 

47 MAPKAPK2 4.2 3.7 1 
 

0 

48 MET 6.4 6.5 
 

1 0 

49 MMP13 5.6 5.1 
 

1 1 

50 MMP2 3.4 3.0 
 

1 1 

51 MMP3 6.8 6.1 1 
 

0 

52 MMP9 4.3 2.5 1 
 

0 

53 NEK2 7.6 6.5 
 

1 1 

54 NR3C1 8.9 8.7 1 
 

0 

55 OPRD1 5.1 3.7 
 

1 1 

56 OPRM1 3.9 3.9 1 
 

0 

57 P2RY1 10.5 10.2 1 
 

0 

58 PAK4 6.9 7.0 
 

1 0 

59 PDE4A 6.0 5.7 
 

1 1 

60 PDE5A 4.4 3.7 
 

1 1 

61 PIK3CA 5.0 4.8 
 

1 1 

62 PPARG 7.4 7.0 1 
 

0 

63 PTPN1 4.4 3.1 
 

1 1 

64 PTPN11 3.8 4.0 
 

1 0 

65 PTPN2 3.9 4.6 
 

1 0 

66 RAF1 7.4 6.6 1 
 

0 

67 RARA 9.7 9.0 
 

1 1 
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68 RARB 6.9 6.7 
 

1 1 

69 ROCK1 6.3 5.2 1 
 

0 

70 RPS6KA5 8.5 8.5 
 

1 1 

71 SERT 3.8 3.9 
 

1 0 

72 SIRT2 2.3 3.3 
 

1 0 

73 SIRT3 9.2 5.7 1 
 

0 

74 SLC6A2 5.3 4.8 
 

1 1 

75 SLC6A3 2.6 3.3 1 
 

1 

76 SRC 3.2 1.9 
 

1 1 

77 TACR2 7.0 6.5  1 1 

78 TBXA2R 7.8 7.2 1  0 

79 TEK 7.1 6.0 1  0 

Total 30 49 42 

Percentage (%) 38.0 62.0 53.2 

 

Table A5: A comparison of the predicted values obtained using the similarity calculations with 

the accuracies of the machine learning models for selected human biological targets. The 

predicted test accuracy was calculated by multiplying the training accuracy by the similarity 

between the datasets. A similarity threshold of 0.20 was used for the calculations in the 

algorithm and a fingerprint length of 10000 bits was used. The similarities were calculated 

using a sample size of 500 for both the training and test sets. The results were calculated using 

a neural network architecture of [100,100] and a model trained on the AChE training data. The 

test accuracies of the targets were obtained by using the AChE model to predict on the various 

targets in the table. 

No. Target 

Calculated similarity 

between training and test 

datasets (%) 

Model training 

accuracy (%) 

Predicted test 

accuracy (%) 

Model test 

accuracy (%) 

Absolute 

difference 

(%) 

1 ADORA2A 65.3 94.8 61.9 57.4 4.5 

2 ADRA2A 74.2 94.8 70.3 73.2 2.9 

3 ADRB1 70.2 94.8 66.5 61.2 5.4 

4 ADRB2 73.8 94.8 69.9 62.1 7.8 

5 AGTR1 69.5 94.8 65.9 65.0 0.9 

6 AKT1 62.7 94.8 59.4 52.1 7.3 

7 AR 61.1 94.8 57.9 73.6 15.7 

8 AVPR1A 69.1 94.8 65.4 71.7 6.3 

9 BACE1 61.3 94.8 58.1 46.6 11.5 

10 BCHE 84.9 94.8 80.5 80.9 0.4 

11 CASP1 70.4 94.8 66.7 58.2 8.5 

12 CASP3 73.0 94.8 69.2 64.7 4.5 
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13 CASP8 55.4 94.8 52.5 70.3 17.8 

14 CHRM1 72.6 94.8 68.8 59.3 9.5 

15 CHRM2 70.4 94.8 66.7 71.2 4.5 

16 CHRM3 75.0 94.8 71.1 66.7 4.4 

17 CHRM5 75.9 94.8 71.9 72.4 0.5 

18 CHUK 61.8 94.8 58.6 80.0 21.4 

19 CSF1R 59.1 94.8 56.0 60.8 4.8 

20 CSNK1D 64.4 94.8 61.1 65.7 4.6 

21 DRD1 71.0 94.8 67.3 76.0 8.7 

22 DRD2 81.1 94.8 76.9 66.1 10.8 

23 EDNRA 63.7 94.8 60.4 53.2 7.1 

24 EDNRB 60.6 94.8 57.4 58.6 1.2 

25 ELANE 62.3 94.8 59.0 50.4 8.7 

26 EPHA2 59.2 94.8 56.1 72.7 16.6 

27 FGFR1 63.3 94.8 60.0 60.2 0.3 

28 FKBP1A 67.0 94.8 63.5 85.1 21.5 

29 FLT1 68.8 94.8 65.2 73.3 8.1 

30 FLT4 68.1 94.8 64.5 70.9 6.4 

31 FYN 59.0 94.8 55.9 78.1 22.2 

32 GSK3B 67.7 94.8 64.2 52.9 11.3 

33 HDAC3 70.8 94.8 67.1 55.7 11.4 

34 hERG 70.9 94.8 67.2 55.2 12.0 

35 HRH1 78.3 94.8 74.2 69.2 5.0 

36 HTR2A 79.4 94.8 75.3 63.4 11.9 

37 HTR3A 75.1 94.8 71.2 84.8 13.6 

38 IGF1R 62.0 94.8 58.8 53.9 4.9 

39 INSR 71.4 94.8 67.6 66.4 1.2 

40 KDR 60.4 94.8 57.2 43.8 13.4 

41 LCK 64.4 94.8 61.0 43.0 18.1 

42 LTB4R 71.1 94.8 67.4 71.5 4.0 

43 LYN 64.6 94.8 61.2 74.3 13.1 

44 MAPK1 69.0 94.8 65.4 56.7 8.7 

45 MAPK9 71.5 94.8 67.8 68.9 1.1 

46 MAPKAPK2 66.8 94.8 63.3 70.6 7.3 

47 MET 64.7 94.8 61.3 54.0 7.3 

48 MMP13 70.7 94.8 67.0 45.7 21.3 

49 MMP2 76.4 94.8 72.4 39.8 32.6 

50 MMP3 75.3 94.8 71.4 43.8 27.5 

51 MMP9 71.6 94.8 67.9 46.1 21.8 

52 NEK2 65.5 94.8 62.1 81.7 19.6 

53 NR3C1 65.8 94.8 62.4 71.1 8.8 

54 OPRD1 77.5 94.8 73.5 66.2 7.2 

55 OPRM1 76.3 94.8 72.3 65.4 6.9 

56 P2RY1 57.8 94.8 54.8 72.6 17.8 

57 PAK4 57.3 94.8 54.3 82.0 27.7 
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58 PDE4A 65.4 94.8 62.0 67.6 5.6 

59 PDE5A 69.4 94.8 65.8 63.2 2.6 

60 PIK3CA 52.0 94.8 49.3 42.1 7.2 

61 PPARG 73.5 94.8 69.7 60.9 8.8 

62 PTPN1 69.0 94.8 65.4 62.2 3.2 

63 PTPN11 66.7 94.8 63.2 73.2 10.1 

64 PTPN2 65.3 94.8 61.8 75.4 13.5 

65 RAF1 61.3 94.8 58.1 55.9 2.2 

66 RARA 65.2 94.8 61.8 83.9 22.1 

67 RARB 63.7 94.8 60.4 87.6 27.2 

68 ROCK1 66.2 94.8 62.7 61.4 1.4 

69 RPS6KA5 60.0 94.8 56.9 82.5 25.6 

70 SERT 71.3 94.8 67.6 54.5 13.0 

71 SIRT2 68.7 94.8 65.1 80.5 15.4 

72 SIRT3 65.2 94.8 61.7 86.6 24.9 

73 SLC6A2 70.1 94.8 66.4 54.4 12.1 

74 SLC6A3 70.0 94.8 66.3 59.6 6.8 

75 SRC 62.2 94.8 59.0 57.5 1.5 

76 TACR2 69.4 94.8 65.8 75.2 9.4 

77 TBXA2R 67.5 94.8 64.0 69.3 5.3 

78 TEK 60.8 94.8 57.6 70.6 13.0 

 

Table A6: A comparison of the predicted values obtained using the similarity calculations with 

the accuracies of the machine learning models for selected human biological targets. The 

predicted test accuracy was calculated by multiplying the training accuracy by the similarity 

between the datasets. A similarity threshold of 0.20 was used for the calculations in the 

algorithm and a fingerprint length of 10000 bits was used. The similarities were calculated 

using a sample size of 500 for both the training and test sets. The results were calculated using 

a neural network architecture of [100,100] and a model trained on the ADORA2A training 

data. The test accuracies of the targets were obtained by using the ADORA2A model to predict 

on the various targets in the table. 

No. Target 

Calculated similarity 

between training and test 

datasets (%) 

Model training 

accuracy (%) 

Predicted test 

accuracy (%) 

Model test 

accuracy (%) 

Absolute 

difference 

(%) 

1 AChE 66.0 97.4 64.3 55.9 8.4 

2 ADRA2A 70.0 97.4 68.2 62.6 5.6 

3 ADRB1 63.5 97.4 61.9 58.4 3.5 

4 ADRB2 71.0 97.4 69.2 58.3 10.9 

5 AGTR1 73.0 97.4 71.1 86.2 15.1 

6 AKT1 69.5 97.4 67.7 82.4 14.6 

7 AR 60.9 97.4 59.3 73.4 14.0 

8 AVPR1A 62.1 97.4 60.5 65.7 5.2 
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9 BACE1 54.3 97.4 52.9 50.3 2.6 

10 BCHE 68.7 97.4 66.9 71.6 4.6 

11 CASP1 65.2 97.4 63.5 57.3 6.2 

12 CASP3 69.6 97.4 67.8 58.2 9.6 

13 CASP8 55.8 97.4 54.3 76.3 22.0 

14 CHRM1 66.1 97.4 64.4 41.9 22.5 

15 CHRM2 61.4 97.4 59.8 56.1 3.8 

16 CHRM3 65.3 97.4 63.6 51.1 12.5 

17 CHRM5 62.5 97.4 60.9 63.3 2.4 

18 CHUK 70.9 97.4 69.1 90.4 21.3 

19 CSF1R 73.2 97.4 71.3 84.8 13.5 

20 CSNK1D 78.0 97.4 76.0 91.5 15.5 

21 DRD1 69.2 97.4 67.4 63.9 3.6 

22 DRD2 69.7 97.4 67.9 35.6 32.3 

23 EDNRA 61.4 97.4 59.8 59.3 0.6 

24 EDNRB 59.4 97.4 57.9 68.0 10.2 

25 ELANE 59.1 97.4 57.6 46.9 10.7 

26 EPHA2 65.6 97.4 63.9 90.8 26.9 

27 FGFR1 71.2 97.4 69.4 88.3 19.0 

28 FKBP1A 59.9 97.4 58.4 70.1 11.8 

29 FLT1 74.7 97.4 72.8 88.0 15.2 

30 FLT4 75.0 97.4 73.0 84.3 11.3 

31 FYN 71.3 97.4 69.5 90.0 20.5 

32 GSK3B 80.1 97.4 78.1 72.6 5.5 

33 HDAC3 69.8 97.4 68.0 67.7 0.3 

34 hERG 64.0 97.4 62.3 49.2 13.2 

35 HRH1 72.2 97.4 70.4 53.1 17.3 

36 HTR2A 68.0 97.4 66.3 40.4 25.9 

37 HTR3A 65.5 97.4 63.8 81.9 18.1 

38 IGF1R 72.9 97.4 71.0 91.3 20.3 

39 INSR 71.0 97.4 69.1 87.7 18.5 

40 KDR 66.4 97.4 64.7 74.4 9.7 

41 LCK 74.4 97.4 72.5 80.3 7.8 

42 LTB4R 66.4 97.4 64.7 73.5 8.8 

43 LYN 71.2 97.4 69.4 92.6 23.2 

44 MAPK1 67.8 97.4 66.1 62.3 3.7 

45 MAPK9 82.9 97.4 80.8 90.8 10.0 

46 MAPKAPK2 72.2 97.4 70.4 83.4 13.0 

47 MET 73.1 97.4 71.2 78.1 6.9 

48 MMP13 70.5 97.4 68.7 44.3 24.4 

49 MMP2 61.9 97.4 60.3 35.1 25.2 

50 MMP3 59.9 97.4 58.4 40.9 17.5 

51 MMP9 62.9 97.4 61.3 43.9 17.4 

52 NEK2 74.3 97.4 72.4 91.1 18.7 

53 NR3C1 56.3 97.4 54.9 72.6 17.7 
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54 OPRD1 58.1 97.4 56.6 38.8 17.9 

55 OPRM1 59.1 97.4 57.6 44.9 12.7 

56 P2RY1 66.7 97.4 65.0 81.5 16.6 

57 PAK4 67.1 97.4 65.4 92.1 26.7 

58 PDE4A 69.5 97.4 67.8 76.7 8.9 

59 PDE5A 80.2 97.4 78.2 81.0 2.8 

60 PIK3CA 72.3 97.4 70.5 82.5 12.0 

61 PPARG 67.9 97.4 66.2 65.0 1.1 

62 PTPN1 62.5 97.4 60.9 64.5 3.6 

63 PTPN11 68.1 97.4 66.3 77.1 10.8 

64 PTPN2 56.1 97.4 54.6 77.0 22.3 

65 RAF1 66.9 97.4 65.2 77.3 12.1 

66 RARA 59.5 97.4 58.0 87.1 29.2 

67 RARB 56.7 97.4 55.3 90.3 35.0 

68 ROCK1 75.1 97.4 73.2 80.2 7.0 

69 RPS6KA5 64.0 97.4 62.3 92.2 29.8 

70 SERT 60.2 97.4 58.7 31.5 27.1 

71 SIRT2 67.1 97.4 65.3 77.3 11.9 

72 SIRT3 59.9 97.4 58.4 89.6 31.2 

73 SLC6A2 55.1 97.4 53.7 44.0 9.7 

74 SLC6A3 54.3 97.4 52.9 44.0 8.9 

75 SRC 76.9 97.4 74.9 80.8 5.9 

76 TACR2 62.9 97.4 61.3 75.6 14.3 

77 TBXA2R 63.9 97.4 62.3 69.4 7.2 

78 TEK 69.5 97.4 67.7 82.8 15.0 

 

Table A7: A comparison of the predicted values obtained using the similarity calculations with 

the accuracies of the machine learning models for selected human biological targets. The 

predicted test accuracy was calculated by multiplying the training accuracy by the similarity 

between the datasets. A similarity threshold of 0.20 was used for the calculations in the 

algorithm and a fingerprint length of 10000 bits was used. The similarit ies were calculated 

using a sample size of 500 for both the training and test sets. The results were calculated using 

a neural network architecture of [100,100] and a model trained on the AR training data. The 

test accuracies of the targets were obtained by using the AR model to predict on the various 

targets in the table. 

No. Target 

Calculated similarity 

between training and test 

datasets (%) 

Model training 

accuracy (%) 

Predicted test 

accuracy (%) 

Model test 

accuracy (%) 

Absolute 

difference 

(%) 

1 AChE 62.2 93.2 58.0 49.9 8.0 

2 ADORA2A 54.8 93.2 51.1 37.1 13.9 

3 ADRA2A 68.3 93.2 63.6 53.3 10.4 
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4 ADRB1 65.1 93.2 60.7 48.2 12.5 

5 ADRB2 71.0 93.2 66.2 50.2 15.9 

6 AGTR1 66.4 93.2 61.9 67.5 5.7 

7 AKT1 53.7 93.2 50.0 44.5 5.5 

8 AVPR1A 73.3 93.2 68.3 66.2 2.0 

9 BACE1 53.8 93.2 50.1 38.5 11.6 

10 BCHE 70.2 93.2 65.4 61.1 4.3 

11 CASP1 65.6 93.2 61.1 66.0 4.9 

12 CASP3 65.9 93.2 61.4 59.9 1.5 

13 CASP8 68.0 93.2 63.3 75.2 11.9 

14 CHRM1 62.1 93.2 57.9 37.2 20.7 

15 CHRM2 65.5 93.2 61.0 55.1 5.9 

16 CHRM3 63.6 93.2 59.3 42.8 16.5 

17 CHRM5 69.8 93.2 65.1 62.7 2.4 

18 CHUK 70.1 93.2 65.3 74.4 9.1 

19 CSF1R 60.7 93.2 56.6 49.7 6.9 

20 CSNK1D 67.4 93.2 62.8 62.0 0.8 

21 DRD1 72.1 93.2 67.2 61.2 6.0 

22 DRD2 56.6 93.2 52.7 17.3 35.4 

23 EDNRA 61.4 93.2 57.2 49.4 7.9 

24 EDNRB 64.0 93.2 59.6 58.8 0.8 

25 ELANE 71.5 93.2 66.6 61.8 4.9 

26 EPHA2 68.9 93.2 64.2 64.7 0.5 

27 FGFR1 53.2 93.2 49.6 47.2 2.3 

28 FKBP1A 67.2 93.2 62.6 69.0 6.4 

29 FLT1 68.7 93.2 64.0 66.3 2.3 

30 FLT4 66.6 93.2 62.1 61.4 0.7 

31 FYN 72.7 93.2 67.7 75.1 7.4 

32 GSK3B 60.3 93.2 56.2 41.7 14.4 

33 HDAC3 70.9 93.2 66.1 52.8 13.3 

34 hERG 54.8 93.2 51.1 43.3 7.8 

35 HRH1 70.7 93.2 65.9 48.2 17.6 

36 HTR2A 60.4 93.2 56.3 24.8 31.5 

37 HTR3A 70.6 93.2 65.8 68.8 3.0 

38 IGF1R 50.9 93.2 47.4 50.4 3.0 

39 INSR 60.8 93.2 56.7 66.4 9.7 

40 KDR 47.2 93.2 44.0 30.8 13.2 

41 LCK 45.9 93.2 42.8 35.0 7.7 

42 LTB4R 72.3 93.2 67.3 68.5 1.2 

43 LYN 69.5 93.2 64.8 73.5 8.7 

44 MAPK1 65.8 93.2 61.3 60.7 0.6 

45 MAPK9 67.4 93.2 62.8 53.6 9.2 

46 MAPKAPK2 64.0 93.2 59.6 66.2 6.6 

47 MET 61.1 93.2 56.9 42.6 14.3 

48 MMP13 61.8 93.2 57.6 36.4 21.2 
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49 MMP2 59.9 93.2 55.8 37.7 18.1 

50 MMP3 57.7 93.2 53.8 37.6 16.1 

51 MMP9 70.9 93.2 66.1 43.7 22.3 

52 NEK2 75.2 93.2 70.1 79.9 9.8 

53 NR3C1 84.6 93.2 78.8 83.3 4.5 

54 OPRD1 56.5 93.2 52.6 30.4 22.2 

55 OPRM1 61.4 93.2 57.2 39.0 18.2 

56 P2RY1 67.5 93.2 62.9 66.4 3.5 

57 PAK4 69.3 93.2 64.6 76.7 12.1 

58 PDE4A 66.7 93.2 62.2 58.5 3.7 

59 PDE5A 64.4 93.2 60.0 47.1 12.9 

60 PIK3CA 62.6 93.2 58.3 46.7 11.6 

61 PPARG 75.1 93.2 70.0 63.6 6.4 

62 PTPN1 70.4 93.2 65.6 63.2 2.4 

63 PTPN11 74.9 93.2 69.8 76.1 6.3 

64 PTPN2 74.3 93.2 69.2 77.5 8.3 

65 RAF1 68.5 93.2 63.8 72.5 8.6 

66 RARA 80.0 93.2 74.5 86.9 12.4 

67 RARB 80.6 93.2 75.1 89.6 14.5 

68 ROCK1 65.7 93.2 61.2 52.9 8.3 

69 RPS6KA5 73.6 93.2 68.5 80.0 11.5 

70 SERT 55.7 93.2 51.9 23.5 28.4 

71 SIRT2 73.6 93.2 68.5 74.8 6.2 

72 SIRT3 72.1 93.2 67.2 82.1 14.9 

73 SLC6A2 67.8 93.2 63.2 42.2 21.0 

74 SLC6A3 66.4 93.2 61.9 42.9 19.0 

75 SRC 62.0 93.2 57.8 45.8 12.0 

76 TACR2 70.3 93.2 65.5 67.0 1.5 

77 TBXA2R 75.2 93.2 70.1 67.5 2.6 

78 TEK 64.9 93.2 60.5 71.1 10.6 

 

Table A8: A comparison of the predicted values obtained using the similarity calculations with 

the accuracies of the machine learning models for selected human biological targets. The 

predicted test accuracy was calculated by multiplying the training accuracy by the similarity 

between the datasets. A similarity threshold of 0.20 was used for the calculations in the 

algorithm and a fingerprint length of 10000 bits was used. The similarities were calculated 

using a sample size of 500 for both the training and test sets. The results were calculated using 

a neural network architecture of [100,100] and a model trained on the hERG training data. The 

test accuracies of the targets were obtained by using the hERG model to predict on the various 

targets in the table. 
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No. Target 

Calculated similarity 

between training and test 

datasets (%) 

Model training 

accuracy (%) 

Predicted test 

accuracy (%) 

Model test 

accuracy (%) 

Absolute 

difference 

(%) 

1 AChE 68.4 93.3 63.8 67.5 3.6 

2 ADORA2A 64.9 93.3 60.6 52.6 8.0 

3 ADRA2A 73.6 93.3 68.7 77.1 8.4 

4 ADRB1 69.9 93.3 65.2 72.3 7.0 

5 ADRB2 72.8 93.3 67.9 66.9 1.1 

6 AGTR1 61.2 93.3 57.1 65.0 7.8 

7 AKT1 68.2 93.3 63.7 71.6 8.0 

8 AR 60.7 93.3 56.7 72.8 16.2 

9 AVPR1A 73.1 93.3 68.3 81.8 13.6 

10 BACE1 59.5 93.3 55.5 63.2 7.7 

11 BCHE 68.2 93.3 63.7 72.5 8.8 

12 CASP1 66.6 93.3 62.2 63.4 1.2 

13 CASP3 66.7 93.3 62.3 61.4 0.8 

14 CASP8 55.8 93.3 52.1 75.7 23.6 

15 CHRM1 73.7 93.3 68.8 71.5 2.7 

16 CHRM2 69.1 93.3 64.5 81.9 17.4 

17 CHRM3 73.1 93.3 68.2 77.5 9.3 

18 CHRM5 71.4 93.3 66.6 81.4 14.8 

19 CHUK 66.9 93.3 62.4 81.7 19.3 

20 CSF1R 70.2 93.3 65.5 72.8 7.3 

21 CSNK1D 63.1 93.3 58.9 73.2 14.3 

22 DRD1 70.4 93.3 65.7 74.9 9.2 

23 DRD2 81.0 93.3 75.6 82.8 7.2 

24 EDNRA 60.8 93.3 56.7 56.0 0.7 

25 EDNRB 60.6 93.3 56.6 65.1 8.5 

26 ELANE 66.4 93.3 62.0 52.4 9.6 

27 EPHA2 64.8 93.3 60.5 83.3 22.9 

28 FGFR1 65.6 93.3 61.2 66.5 5.3 

29 FKBP1A 62.3 93.3 58.2 81.8 23.6 

30 FLT1 69.7 93.3 65.1 78.9 13.9 

31 FLT4 67.1 93.3 62.7 75.0 12.3 

32 FYN 61.0 93.3 57.0 83.5 26.5 

33 GSK3B 69.8 93.3 65.1 62.1 3.1 

34 HDAC3 65.0 93.3 60.7 55.3 5.3 

35 HRH1 80.6 93.3 75.2 73.7 1.5 

36 HTR2A 80.5 93.3 75.1 76.0 0.9 

37 HTR3A 71.6 93.3 66.8 86.9 20.0 

38 IGF1R 70.6 93.3 65.9 67.6 1.7 

39 INSR 72.6 93.3 67.8 86.0 18.3 

40 KDR 67.7 93.3 63.2 58.2 5.0 

41 LCK 69.2 93.3 64.6 59.0 5.6 

42 LTB4R 58.6 93.3 54.7 72.4 17.6 
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43 LYN 65.6 93.3 61.2 84.7 23.5 

44 MAPK1 72.1 93.3 67.3 52.4 14.8 

45 MAPK9 72.0 93.3 67.2 70.4 3.2 

46 MAPKAPK2 64.3 93.3 60.0 75.8 15.8 

47 MET 69.1 93.3 64.5 63.6 0.9 

48 MMP13 70.0 93.3 65.3 44.9 20.4 

49 MMP2 68.5 93.3 63.9 44.4 19.6 

50 MMP3 64.2 93.3 59.9 43.7 16.2 

51 MMP9 66.4 93.3 62.0 48.5 13.5 

52 NEK2 65.2 93.3 60.8 84.8 24.0 

53 NR3C1 61.6 93.3 57.5 72.8 15.3 

54 OPRD1 69.2 93.3 64.6 71.0 6.5 

55 OPRM1 75.8 93.3 70.7 75.9 5.2 

56 P2RY1 59.3 93.3 55.3 85.4 30.0 

57 PAK4 59.1 93.3 55.2 80.1 24.9 

58 PDE4A 60.0 93.3 56.0 67.8 11.8 

59 PDE5A 70.9 93.3 66.2 70.4 4.2 

60 PIK3CA 66.4 93.3 62.0 56.1 5.9 

61 PPARG 64.1 93.3 59.8 65.0 5.2 

62 PTPN1 59.5 93.3 55.5 62.5 7.0 

63 PTPN11 61.2 93.3 57.1 78.7 21.6 

64 PTPN2 58.9 93.3 55.0 75.4 20.4 

65 RAF1 68.7 93.3 64.1 65.3 1.2 

66 RARA 57.1 93.3 53.3 84.3 31.0 

67 RARB 53.3 93.3 49.7 87.5 37.7 

68 ROCK1 73.1 93.3 68.2 62.0 6.2 

69 RPS6KA5 60.8 93.3 56.7 82.5 25.8 

70 SERT 78.8 93.3 73.5 79.4 5.8 

71 SIRT2 66.0 93.3 61.6 76.5 14.9 

72 SIRT3 61.0 93.3 56.9 85.7 28.7 

73 SLC6A2 76.2 93.3 71.1 77.2 6.1 

74 SLC6A3 74.3 93.3 69.3 77.6 8.3 

75 SRC 70.5 93.3 65.8 69.3 3.5 

76 TACR2 67.7 93.3 63.2 91.2 28.0 

77 TBXA2R 60.7 93.3 56.7 73.1 16.5 

78 TEK 61.2 93.3 57.1 73.0 15.9 

 

Table A9: A comparison of the predicted values obtained using the similarity calculations with 

the accuracies of the machine learning models for selected human biological targets. The 

predicted test accuracy was calculated by multiplying the training accuracy by the similarity 

between the datasets. A similarity threshold of 0.20 was used for the calculations in the 

algorithm and a fingerprint length of 10000 bits was used. The similarities were calculated 

using a sample size of 500 for both the training and test sets. The results were calculated using 
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a neural network architecture of [100,100] and a model trained on the SERT training data. The 

test accuracies of the targets were obtained by using the SERT model to predict on the various 

targets in the table. 

No. Target 

Calculated similarity 

between training and test 

datasets (%) 

Model training 

accuracy (%) 

Predicted test 

accuracy (%) 

Model test 

accuracy (%) 

Absolute 

difference 

(%) 

1 AChE 67.8 98.3 66.6 68.1 1.4 

2 ADORA2A 56.5 98.3 55.5 46.6 8.9 

3 ADRA2A 79.1 98.3 77.8 88.0 10.2 

4 ADRB1 71.9 98.3 70.7 85.3 14.6 

5 ADRB2 70.0 98.3 68.8 75.5 6.7 

6 AGTR1 52.5 98.3 51.6 64.2 12.6 

7 AKT1 67.1 98.3 66.0 82.4 16.4 

8 AR 53.4 98.3 52.5 70.6 18.2 

9 AVPR1A 71.5 98.3 70.2 81.1 10.9 

10 BACE1 51.2 98.3 50.3 59.0 8.7 

11 BCHE 64.8 98.3 63.7 74.8 11.1 

12 CASP1 54.4 98.3 53.5 59.2 5.7 

13 CASP3 58.9 98.3 57.9 65.8 7.9 

14 CASP8 45.8 98.3 45.0 74.4 29.4 

15 CHRM1 80.0 98.3 78.6 73.1 5.5 

16 CHRM2 79.6 98.3 78.2 82.8 4.6 

17 CHRM3 77.9 98.3 76.6 79.1 2.5 

18 CHRM5 83.5 98.3 82.1 84.6 2.5 

19 CHUK 56.9 98.3 55.9 80.6 24.6 

20 CSF1R 57.2 98.3 56.2 60.0 3.8 

21 CSNK1D 59.0 98.3 58.0 65.4 7.5 

22 DRD1 77.3 98.3 76.0 84.6 8.6 

23 DRD2 88.2 98.3 86.7 94.8 8.1 

24 EDNRA 57.5 98.3 56.5 59.6 3.1 

25 EDNRB 56.1 98.3 55.1 68.2 13.1 

26 ELANE 49.9 98.3 49.0 49.6 0.6 

27 EPHA2 53.3 98.3 52.4 83.3 31.0 

28 FGFR1 54.6 98.3 53.7 61.1 7.4 

29 FKBP1A 60.0 98.3 59.0 87.5 28.5 

30 FLT1 59.6 98.3 58.6 71.3 12.7 

31 FLT4 57.9 98.3 56.9 68.0 11.0 

32 FYN 55.6 98.3 54.6 77.6 22.9 

33 GSK3B 66.4 98.3 65.3 48.1 17.2 

34 HDAC3 58.4 98.3 57.4 56.1 1.3 

35 hERG 77.8 98.3 76.5 67.2 9.2 

36 HRH1 83.9 98.3 82.5 87.1 4.6 

37 HTR2A 90.8 98.3 89.3 90.8 1.6 

38 HTR3A 70.6 98.3 69.4 84.0 14.6 
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39 IGF1R 56.9 98.3 55.9 75.3 19.4 

40 INSR 56.3 98.3 55.3 75.7 20.4 

41 KDR 58.8 98.3 57.8 41.1 16.7 

42 LCK 60.9 98.3 59.9 45.2 14.6 

43 LTB4R 52.9 98.3 52.0 72.6 20.7 

44 LYN 56.8 98.3 55.8 73.8 17.9 

45 MAPK1 53.4 98.3 52.5 58.3 5.8 

46 MAPK9 60.6 98.3 59.6 59.3 0.2 

47 MAPKAPK2 59.0 98.3 58.0 76.6 18.6 

48 MET 59.7 98.3 58.7 52.4 6.3 

49 MMP13 68.3 98.3 67.1 52.8 14.4 

50 MMP2 68.9 98.3 67.7 51.4 16.4 

51 MMP3 67.3 98.3 66.2 55.2 11.0 

52 MMP9 66.0 98.3 64.9 55.8 9.0 

53 NEK2 53.6 98.3 52.7 77.9 25.3 

54 NR3C1 59.5 98.3 58.5 70.2 11.7 

55 OPRD1 72.3 98.3 71.1 86.6 15.5 

56 OPRM1 80.6 98.3 79.2 85.9 6.7 

57 P2RY1 52.6 98.3 51.7 78.5 26.8 

58 PAK4 51.9 98.3 51.0 84.0 33.0 

59 PDE4A 57.0 98.3 56.1 67.3 11.3 

60 PDE5A 60.3 98.3 59.3 62.7 3.4 

61 PIK3CA 46.7 98.3 45.9 47.1 1.2 

62 PPARG 62.4 98.3 61.3 60.7 0.6 

63 PTPN1 46.4 98.3 45.6 60.9 15.3 

64 PTPN11 58.4 98.3 57.4 78.4 21.0 

65 PTPN2 50.1 98.3 49.3 78.3 29.0 

66 RAF1 53.0 98.3 52.1 55.6 3.5 

67 RARA 49.7 98.3 48.9 86.0 37.2 

68 RARB 46.5 98.3 45.7 88.8 43.1 

69 ROCK1 65.5 98.3 64.4 65.3 0.9 

70 RPS6KA5 54.7 98.3 53.8 81.9 28.1 

71 SIRT2 56.0 98.3 55.0 74.5 19.5 

72 SIRT3 54.7 98.3 53.8 84.7 30.9 

73 SLC6A2 91.2 98.3 89.6 93.6 4.0 

74 SLC6A3 89.0 98.3 87.5 90.7 3.3 

75 SRC 60.8 98.3 59.8 59.3 0.5 

76 TACR2 75.3 98.3 74.0 93.6 19.6 

77 TBXA2R 58.8 98.3 57.8 74.4 16.6 

78 TEK 53.1 98.3 52.2 67.2 15.0 

 

Table A10: Full results for the raw data and curated data for the AChE model vs. various 

targets. The accuracies were calculated using code taken from the study using a model 

architecture of [100,100], and by using the model trained on the AChE training data to predict 
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on the test data of the various targets. A total of 10 runs were performed and the data was 

shuffled between each run. 

 Raw data non-curated data) Curated data 

Run 

no. 

Test target Training 

accuracy 

(%) 

Test 

accuracy 

(%) 

Average test 

accuracy (%) 

Test target Training 

accuracy 

(%) 

Test 

accuracy 

(%) 

Average test 

accuracy (%) 

1 AChE 94.3 86.3 

86.4 

 

AChE 94.8 86.6 

87.9 

 

2 AChE 94.1 86.1 AChE 94.3 88.9 

3 AChE 94.0 86.4 AChE 95.5 87.4 

4 AChE 94.7 86.6 AChE 95.6 86.9 

5 AChE 95.0 87.4 AChE 95.2 88.0 

6 AChE 94.9 87.0 AChE 95.8 88.3 

7 AChE 94.7 86.0 AChE 94.7 88.1 

8 AChE 94.0 85.4 AChE 95.0 87.3 

9 AChE 95.2 86.5 AChE 95.4 88.7 

10 AChE 95.3 86.8 AChE 95.1 88.7 

1 ADORA2A 94.3 54.3 

56.4 

 

ADORA2A 94.1 85.6 

87.8 

 

2 ADORA2A 94.1 59.0 ADORA2A 94.9 85.7 

3 ADORA2A 94.0 59.3 ADORA2A 94.9 88.5 

4 ADORA2A 94.7 51.9 ADORA2A 95.1 89.2 

5 ADORA2A 95.0 55.3 ADORA2A 95.1 88.9 

6 ADORA2A 94.9 54.8 ADORA2A 95.5 87.9 

7 ADORA2A 94.7 59.7 ADORA2A 95.4 89.5 

8 ADORA2A 94.0 60.1 ADORA2A 95.2 87.2 

9 ADORA2A 95.2 52.9 ADORA2A 94.3 86.3 

10 ADORA2A 95.3 56.4 ADORA2A 94.0 89.6 

1 AR 94.3 73.2 

73.0 

 

AR 95.2 88.3 

86.7 

 

2 AR 94.1 72.0 AR 95.0 85.5 

3 AR 94.0 73.1 AR 94.4 87.5 

4 AR 94.7 73.3 AR 95.0 85.3 

5 AR 95.0 74.2 AR 95.0 88.3 

6 AR 94.9 73.0 AR 95.7 86.5 

7 AR 94.7 72.5 AR 94.9 87.6 

8 AR 94.0 73.2 AR 95.2 85.3 

9 AR 95.2 72.8 AR 94.7 86.1 

10 AR 95.3 73.1 AR 95.0 86.3 

1 hERG 94.3 54.1 

55.3 

 

hERG 94.7 85.7 

87.2 

 

2 hERG 94.1 55.1 hERG 94.8 86.8 

3 hERG 94.0 58.4 hERG 95.6 87.1 

4 hERG 94.7 53.5 hERG 94.8 87.1 

5 hERG 95.0 54.0 hERG 94.7 88.5 

6 hERG 94.9 51.6 hERG 95.7 86.3 

7 hERG 94.7 58.6 hERG 94.9 88.0 

8 hERG 94.0 59.7 hERG 95.3 85.0 

9 hERG 95.2 53.9 hERG 94.8 87.5 

10 hERG 95.3 54.3 hERG 94.7 90.0 

1 SERT 94.3 51.7 54.3 SERT 95.3 89.0 88.5 
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2 SERT 94.1 58.7 SERT 95.0 88.8 

3 SERT 94.0 56.7 SERT 95.4 89.8 

4 SERT 94.7 51.6 SERT 95.4 89.7 

5 SERT 95.0 53.0 SERT 95.0 87.4 

6 SERT 94.9 45.9 SERT 95.0 86.2 

7 SERT 94.7 62.4 SERT 95.4 87.0 

8 SERT 94.0 63.2 SERT 95.1 88.7 

9 SERT 95.2 49.1 SERT 94.7 88.4 

10 SERT 95.3 50.4 SERT 95.3 89.8 

 

Table A11: Number of positive and negative labels in the raw data and curated data for Table 

S10.  

Raw data (non-curated data) 

Training 

target 

Positive 

labels 
Negative 

labels 
Total Test target 

Positive 

labels 
Negative 

labels 
Total 

AChE 2004 1467 3471 

AChE 610 496 1106 

ADORA2A 986 501 1487 

AR 648 1815 2463 

hERG 1278 825 2103 

SERT 986 283 1269 

Curated data 

Training 

target 

Positive 

labels 

Negative 

labels 
Total Test target 

Positive 

labels 

Negative 

labels 
Total 

AChE 1971 1390 3361 AChE 606 485 1091 

AChE 1623 1261 2884 ADORA2A 815 490 1305 

AChE 1592 1406 2998 AR 495 1693 2188 

AChE 1802 1320 3122 hERG 1105 753 1858 

AChE 1682 1215 2897 SERT 905 281 1186 

 

Table A12: Average absolute difference (%) of 390 data points vs. various Tanimoto similarity 

thresholds for Figure 13 in Chapter 3. The average absolute difference is based on 390 data 

points for that threshold, of which the five targets (AChE, ADORA2A, AR, hERG, and SERT) 

are tested against the remaining 78 targets. 

SIMILARITY THRESHOLD AVERAGE ABSOLUTE DIFFERENCE (%) 

0.1 24.4 

0.15 20.9 

0.17 16.0 

0.18 13.1 

0.19 11.8 

0.2 12.0 

0.21 14.6 
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0.22 19.1 

0.235 25.9 

0.24 28.0 

0.3 44.6 

 

Table A13: Standard deviations of the absolute difference of 390 data points vs. various 

Tanimoto similarity thresholds for Figure 13 in Chapter 3. The standard deviation of the 

average absolute difference is based on 390 data points for that threshold, of which the five 

targets (AChE, ADORA2A, AR, hERG, and SERT) are tested against the remaining 78 targets. 

SIMILARITY THRESHOLD STANDARD DEVIATION (%) 

0.1 15.0 

0.15 14.3 

0.17 11.9 

0.18 10.3 

0.19 8.6 

0.2 8.5 

0.21 10.2 

0.22 11.6 

0.235 13.1 

0.24 13.0 

0.3 13.8 

 

Table A14: Results for Figure 15 in Chapter 3, which is a plot of the average absolute difference 

(%) of 390 data points vs. various sample sizes. The data was shuffled between each run. 

Sample 

size 
Run Test target 

Calculated 

similarity 

between 

training 

and test 

datasets 

(%) 

Training 

accuracy 

(%) 

Predicted 

test 

accuracy 

by method 

(%) 

Test 

accuracy 

(%) 

Absolute 

difference 

(%) 

Average 

absolute 

difference 

(%) 

Standard 

deviation 

(%) 

Average 

absolute 

difference 

(%) of 3 

runs 

Standard 

deviation 

(%) of 3 

runs 

10 

1 

AChE 45.0 94.8 42.6 86.5 43.9 

56.9 10.7 

56.6 11.2 

ADORA2A 0.0 94.8 0.0 57.4 57.4 

AR 0.0 94.8 0.0 73.6 73.6 

hERG 0.0 94.8 0.0 55.2 55.2 

SERT 0.0 94.8 0.0 54.5 54.5 

2 

AChE 30.0 94.8 28.4 86.5 58.1 

51.2 9.6 

ADORA2A 10.0 94.8 9.5 57.4 48.0 
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AR 10.0 94.8 9.5 73.6 64.1 

hERG 15.0 94.8 14.2 55.2 41.0 

SERT 10.0 94.8 9.5 54.5 45.1 

3 

AChE 10.0 94.8 9.5 86.5 77.1 

61.7 12.8 

ADORA2A 10.0 94.8 9.5 57.4 48.0 

AR 0.0 94.8 0.0 73.6 73.6 

hERG 0.0 94.8 0.0 55.2 55.2 

SERT 0.0 94.8 0.0 54.5 54.5 

50 

1 

AChE 50.0 94.8 47.4 86.5 39.1 

34.8 10.9 

37.5 10.7 

ADORA2A 28.0 94.8 26.5 57.4 30.9 

AR 25.0 94.8 23.7 73.6 49.9 

hERG 37.0 94.8 35.1 55.2 20.1 

SERT 22.0 94.8 20.9 54.5 33.7 

2 

AChE 45.0 94.8 42.6 86.5 43.9 

39.1 8.2 

ADORA2A 17.0 94.8 16.1 57.4 41.3 

AR 27.0 94.8 25.6 73.6 48.0 

hERG 21.0 94.8 19.9 55.2 35.3 

SERT 29.0 94.8 27.5 54.5 27.0 

3 

AChE 60.0 94.8 56.9 86.5 29.7 

38.5 14.2 

ADORA2A 19.0 94.8 18.0 57.4 39.4 

AR 12.0 94.8 11.4 73.6 62.2 

hERG 21.0 94.8 19.9 55.2 35.3 

SERT 30.0 94.8 28.4 54.5 26.1 

100 

1 

AChE 70.0 94.8 66.3 86.5 20.2 

20.3 8.7 

22.6 9.3 

ADORA2A 42.5 94.8 40.3 57.4 17.2 

AR 40.5 94.8 38.4 73.6 35.2 

hERG 45.0 94.8 42.6 55.2 12.6 

SERT 40.0 94.8 37.9 54.5 16.6 

2 

AChE 66.0 94.8 62.6 86.5 24.0 

21.3 9.8 

ADORA2A 46.5 94.8 44.1 57.4 13.4 

AR 38.5 94.8 36.5 73.6 37.1 

hERG 39.0 94.8 37.0 55.2 18.2 

SERT 43.0 94.8 40.8 54.5 13.8 

3 

AChE 62.0 94.8 58.8 86.5 27.8 

26.0 10.2 

ADORA2A 34.0 94.8 32.2 57.4 25.2 

AR 33.5 94.8 31.7 73.6 41.9 

hERG 36.0 94.8 34.1 55.2 21.1 

SERT 42.5 94.8 40.3 54.5 14.3 

150 

1 

AChE 81.0 94.8 76.8 86.5 9.8 

12.6 10.4 

14.3 9.3 

ADORA2A 47.3 94.8 44.9 57.4 12.6 

AR 46.3 94.8 43.9 73.6 29.7 

hERG 48.7 94.8 46.1 55.2 9.1 

SERT 55.7 94.8 52.8 54.5 1.8 

2 AChE 81.7 94.8 77.4 86.5 9.1 11.9 7.2 
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ADORA2A 49.0 94.8 46.4 57.4 11.0 

AR 52.0 94.8 49.3 73.6 24.3 

hERG 48.7 94.8 46.1 55.2 9.1 

SERT 51.3 94.8 48.7 54.5 5.9 

3 

AChE 73.7 94.8 69.8 86.5 16.7 

18.3 10.7 

ADORA2A 43.0 94.8 40.8 57.4 16.7 

AR 39.3 94.8 37.3 73.6 36.3 

hERG 43.3 94.8 41.1 55.2 14.1 

SERT 49.3 94.8 46.8 54.5 7.8 

250 

1 

AChE 86.0 94.8 81.5 86.5 5.0 

7.5 7.1 

8.6 7.1 

ADORA2A 57.6 94.8 54.6 57.4 2.8 

AR 57.2 94.8 54.2 73.6 19.4 

hERG 60.2 94.8 57.1 55.2 1.8 

SERT 66.4 94.8 62.9 54.5 8.4 

2 

AChE 84.0 94.8 79.6 86.5 6.9 

9.5 8.7 

ADORA2A 50.6 94.8 48.0 57.4 9.5 

AR 52.0 94.8 49.3 73.6 24.3 

hERG 62.2 94.8 59.0 55.2 3.7 

SERT 60.8 94.8 57.6 54.5 3.1 

3 

AChE 81.0 94.8 76.8 86.5 9.8 

8.8 6.8 

ADORA2A 57.8 94.8 54.8 57.4 2.7 

AR 56.6 94.8 53.6 73.6 20.0 

hERG 65.2 94.8 61.8 55.2 6.6 

SERT 62.6 94.8 59.3 54.5 4.8 

350 

1 

AChE 86.4 94.8 81.9 86.5 4.6 

7.8 6.5 

7.6 6.3 

ADORA2A 63.4 94.8 60.1 57.4 2.7 

AR 57.6 94.8 54.6 73.6 19.0 

hERG 65.9 94.8 62.4 55.2 7.2 

SERT 63.4 94.8 60.1 54.5 5.6 

2 

AChE 90.9 94.8 86.1 86.5 0.4 

7.9 7.2 

ADORA2A 63.3 94.8 60.0 57.4 2.5 

AR 58.3 94.8 55.2 73.6 18.4 

hERG 69.9 94.8 66.2 55.2 11.0 

SERT 65.0 94.8 61.6 54.5 7.1 

3 

AChE 88.9 94.8 84.2 86.5 2.3 

7.2 6.9 

ADORA2A 60.0 94.8 56.9 57.4 0.6 

AR 58.6 94.8 55.5 73.6 18.1 

hERG 67.3 94.8 63.8 55.2 8.6 

SERT 64.1 94.8 60.8 54.5 6.3 

500 1 

AChE 91.0 94.8 86.2 86.5 0.3 

9.1 6.5 8.9 5.5 

ADORA2A 65.3 94.8 61.9 57.4 4.5 

AR 61.1 94.8 57.9 73.6 15.7 

hERG 70.9 94.8 67.2 55.2 12.0 

SERT 71.3 94.8 67.6 54.5 13.0 
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2 

AChE 92.6 94.8 87.8 86.5 1.2 

8.7 5.3 

ADORA2A 66.6 94.8 63.1 57.4 5.7 

AR 65.0 94.8 61.6 73.6 12.0 

hERG 69.0 94.8 65.4 55.2 10.2 

SERT 72.9 94.8 69.1 54.5 14.6 

3 

AChE 92.4 94.8 87.6 86.5 1.0 

8.8 6.2 

ADORA2A 65.2 94.8 61.8 57.4 4.4 

AR 67.7 94.8 64.2 73.6 9.4 

hERG 72.7 94.8 68.9 55.2 13.7 

SERT 74.1 94.8 70.2 54.5 15.7 

1000 

1 

AChEa 96.2 94.8 91.1 86.5 4.6 

13.2 10.3 

13.1 9.1 

ADORA2Aa 79.1 94.8 74.9 57.4 17.5 

AR 77.6 94.8 73.5 73.6 0.1 

hERG 79.9 94.8 75.7 55.2 20.5 

SERTa 82.2 94.8 77.9 54.5 23.3 

2 

AChEa 95.4 94.8 90.4 86.5 3.8 

13.5 9.9 

ADORA2Aa 77.1 94.8 73.0 57.4 15.6 

AR 75.0 94.8 71.0 73.6 2.6 

hERG 81.4 94.8 77.1 55.2 21.9 

SERTa 82.4 94.8 78.0 54.5 23.5 

3 

AChEa 95.3 94.8 90.3 86.5 3.8 

12.7 9.2 

ADORA2Aa 75.7 94.8 71.7 57.4 14.3 

AR 74.8 94.8 70.8 73.6 2.8 

hERG 78.9 94.8 74.7 55.2 19.5 

SERTa 82.0 94.8 77.7 54.5 23.1 

1500 

1 

AChEa 96.4 94.8 91.3 86.5 4.8 

15.5 10.9 

15.7 10.2 

ADORA2Aa 81.3 94.8 77.1 57.4 19.7 

AR 80.6 94.8 76.4 73.6 2.8 

hERG 84.7 94.8 80.3 55.2 25.1 

SERTa 84.1 94.8 79.7 54.5 25.2 

2 

AChEa 96.6 94.8 91.6 86.5 5.1 

16.0 10.7 

ADORA2Aa 81.8 94.8 77.5 57.4 20.1 

AR 81.9 94.8 77.7 73.6 4.0 

hERG 84.7 94.8 80.2 55.2 25.0 

SERTa 85.0 94.8 80.6 54.5 26.0 

3 

AChEa 96.4 94.8 91.4 86.5 4.9 

15.7 11.3 

ADORA2Aa 82.0 94.8 77.7 57.4 20.3 

AR 80.0 94.8 75.8 73.6 2.2 

hERG 84.1 94.8 79.7 55.2 24.5 

SERTa 85.4 94.8 80.9 54.5 26.4 

2000 1 

AChEa 96.9 94.8 91.8 86.5 5.3 

17.4 11.0 17.4 10.1 

ADORA2Aa 82.5 94.8 78.2 57.4 20.8 

ARa 84.1 94.8 79.7 73.6 6.0 

hERGa 86.8 94.8 82.2 55.2 27.0 
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SERTa 86.7 94.8 82.2 54.5 27.7 

2 

AChEa 97.0 94.8 91.9 86.5 5.4 

17.4 10.9 

ADORA2Aa 83.0 94.8 78.7 57.4 21.2 

ARa 84.2 94.8 79.8 73.6 6.2 

hERGa 86.9 94.8 82.3 55.2 27.1 

SERTa 86.2 94.8 81.7 54.5 27.1 

3 

AChEa 97.0 94.8 92.0 86.5 5.4 

17.4 10.8 

ADORA2Aa 83.0 94.8 78.7 57.4 21.2 

ARa 84.3 94.8 79.9 73.6 6.3 

hERGa 87.0 94.8 82.4 55.2 27.2 

SERTa 86.0 94.8 81.5 54.5 27.0 

2500 

1 

AChEa 97.3 94.8 92.2 86.5 5.6 

18.3 10.8 

18.5 10.0 

ADORA2Aa 84.2 94.8 79.8 57.4 22.4 

ARa 86.1 94.8 81.6 73.6 7.9 

hERGa 87.8 94.8 83.2 55.2 28.0 

SERTa 86.7 94.8 82.2 54.5 27.6 

2 

AChEa 97.6 94.8 92.5 86.5 6.0 

18.7 10.8 

ADORA2Aa 84.3 94.8 79.9 57.4 22.5 

ARa 86.6 94.8 82.1 73.6 8.5 

hERGa 88.4 94.8 83.8 55.2 28.6 

SERTa 87.3 94.8 82.7 54.5 28.2 

3 

AChEa 97.3 94.8 92.2 86.5 5.7 

18.4 10.8 

ADORA2Aa 83.4 94.8 79.0 57.4 21.6 

ARa 86.5 94.8 82.0 73.6 8.4 

hERGa 87.8 94.8 83.2 55.2 28.0 

SERTa 87.5 94.8 82.9 54.5 28.4 

3000 

1 

AChEab 97.6 94.8 92.5 86.5 5.9 

18.8 10.6 

19.0 10.0 

ADORA2Aab 84.7 94.8 80.2 57.4 22.8 

ARab 87.1 94.8 82.5 73.6 8.9 

hERGab 88.3 94.8 83.7 55.2 28.5 

SERTab 86.9 94.8 82.4 54.5 27.8 

2 

AChEab 97.6 94.8 92.5 86.5 6.0 

19.1 10.9 

ADORA2Aab 84.5 94.8 80.1 57.4 22.6 

ARab 87.2 94.8 82.6 73.6 9.0 

hERGab 88.4 94.8 83.8 55.2 28.5 

SERTab 88.3 94.8 83.7 54.5 29.1 

3 

AChEab 97.7 94.8 92.6 86.5 6.1 

19.1 10.7 

ADORA2Aab 84.9 94.8 80.5 57.4 23.0 

ARab 87.6 94.8 83.0 73.6 9.4 

hERGab 88.7 94.8 84.1 55.2 28.9 

SERTab 87.4 94.8 82.8 54.5 28.3 

4000 1 

AChEab 97.7 94.8 92.6 86.5 6.1 

19.5 11.1 19.5 10.2 ADORA2Aab 85.4 94.8 81.0 57.4 23.5 

ARab 87.6 94.8 83.0 73.6 9.4 
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hERGab 89.1 94.8 84.5 55.2 29.3 

SERTab 88.5 94.8 83.8 54.5 29.3 

2 

AChEab 97.7 94.8 92.6 86.5 6.1 

19.5 11.1 

ADORA2Aab 85.4 94.8 81.0 57.4 23.5 

ARab 87.6 94.8 83.0 73.6 9.4 

hERGab 89.1 94.8 84.5 55.2 29.3 

SERTab 88.5 94.8 83.8 54.5 29.3 

3 

AChEab 97.7 94.8 92.6 86.5 6.1 

19.5 11.1 

ADORA2Aab 85.4 94.8 81.0 57.4 23.5 

ARab 87.6 94.8 83.0 73.6 9.4 

hERGab 89.1 94.8 84.5 55.2 29.3 

SERTab 88.5 94.8 83.8 54.5 29.3 

a 
Test dataset size is smaller than set sample size; all data in test dataset used 

b 
Training dataset size is smaller than set sample size; all data in training dataset used  

 

Table A15: A comparison of the predicted values obtained using the similarity calculations 

with the accuracies of the machine learning models for selected human biological targets. The 

predicted test accuracy was calculated by multiplying the training accuracy by the similarity 

between the datasets. A similarity threshold of 0.20 was used for the calculations in the 

algorithm and a fingerprint length of 10000 bits was used. The similarities were calculated 

using a sample size of 500 for both the training and test sets. The results were calculated using 

a neural network architecture of [100,100] and a model trained on the training data for each 

target (AChE, ADORA2A, AR, hERG, SERT). The test accuracies of the targets were obtained 

by using the model trained on a target (AChE, ADORA2A, AR, hERG, SERT) to predict on 

the various targets in the table. The model accuracies were calculated using code taken from 

the study. Entries 1-79 are the results for AR vs. all other targets, 80-157 (ADORA2A vs. all 

other targets), 158-235 (AChE vs. all other targets),236-313 (hERG vs. all other targets), 314-

391 (SERT vs. all other targets). 

No. Target 

Calculated 
similarity 

between training 

and test datasets 
(%) 

Model training 

accuracy (%) 

Predicted test 

accuracy (%) 

Model test 

accuracy (%) 

Absolute 

difference (%) 

1 AChE 47.3 93.2 44.1 49.9 5.8 

2 ADORA2A 44.0 93.2 41.0 37.1 3.9 

3 ADRA2A 49.9 93.2 46.5 53.3 6.8 

4 ADRB1 51.2 93.2 47.7 48.2 0.5 

5 ADRB2 47.5 93.2 44.2 50.2 6.0 

6 AGTR1 51.1 93.2 47.6 67.5 20.0 

7 AKT1 35.0 93.2 32.6 44.5 11.9 
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9 AVPR1A 49.1 93.2 45.7 66.2 20.5 

10 BACE1 37.5 93.2 34.9 38.5 3.6 

11 BCHE 57.6 93.2 53.7 61.1 7.4 

12 CASP1 43.7 93.2 40.7 66.0 25.3 

13 CASP3 49.0 93.2 45.6 59.9 14.2 

14 CASP8 55.6 93.2 51.8 75.2 23.4 

15 CHRM1 41.6 93.2 38.8 37.2 1.6 

16 CHRM2 53.6 93.2 50.0 55.1 5.2 

17 CHRM3 45.8 93.2 42.6 42.8 0.1 

18 CHRM5 53.5 93.2 49.8 62.7 12.8 

19 CHUK 54.7 93.2 51.0 74.4 23.4 

20 CSF1R 41.7 93.2 38.9 49.7 10.8 

21 CSNK1D 50.1 93.2 46.6 62.0 15.4 

22 DRD1 59.9 93.2 55.8 61.2 5.4 

23 DRD2 33.0 93.2 30.8 17.3 13.4 

24 EDNRA 41.8 93.2 39.0 49.4 10.4 

25 EDNRB 45.2 93.2 42.2 58.8 16.7 

26 ELANE 44.6 93.2 41.5 61.8 20.3 

27 EPHA2 62.8 93.2 58.5 64.7 6.2 

28 FGFR1 37.8 93.2 35.2 47.2 12.0 

29 FKBP1A 53.8 93.2 50.1 69.0 18.9 

30 FLT1 57.2 93.2 53.3 66.3 13.0 

31 FLT4 49.3 93.2 46.0 61.4 15.4 

32 FYN 54.9 93.2 51.2 75.1 23.9 

33 GSK3B 39.5 93.2 36.8 41.7 4.9 

34 HDAC3 48.4 93.2 45.1 52.8 7.7 

35 hERG 38.8 93.2 36.2 43.3 7.1 

36 HRH1 48.8 93.2 45.5 48.2 2.8 

37 HTR2A 35.4 93.2 33.0 24.8 8.2 

38 HTR3A 53.8 93.2 50.1 68.8 18.6 

39 IGF1R 35.7 93.2 33.2 50.4 17.1 

40 INSR 43.9 93.2 40.9 66.4 25.5 

41 KDR 39.4 93.2 36.7 30.8 5.9 

42 LCK 22.4 93.2 20.8 35.0 14.2 

43 LTB4R 56.5 93.2 52.6 68.5 15.9 

44 LYN 53.0 93.2 49.4 73.5 24.1 

45 MAPK1 51.7 93.2 48.2 60.7 12.5 

46 MAPK9 44.0 93.2 41.0 53.6 12.6 

47 MAPKAPK2 45.9 93.2 42.8 66.2 23.4 

48 MET 36.7 93.2 34.2 42.6 8.4 

49 MMP13 39.5 93.2 36.8 36.4 0.4 

50 MMP2 43.0 93.2 40.1 37.7 2.4 

51 MMP3 40.8 93.2 38.0 37.6 0.3 

52 MMP9 52.6 93.2 49.0 43.7 5.3 



Chapter 7  192 

 

53 NEK2 57.1 93.2 53.2 79.9 26.7 

54 NR3C1 83.2 93.2 77.6 83.3 5.8 

55 OPRD1 38.2 93.2 35.6 30.4 5.2 

56 OPRM1 45.5 93.2 42.4 39.0 3.4 

57 P2RY1 52.5 93.2 48.9 66.4 17.5 

58 PAK4 55.9 93.2 52.0 76.7 24.6 

59 PDE4A 46.7 93.2 43.5 58.5 15.0 

60 PDE5A 42.5 93.2 39.6 47.1 7.5 

61 PIK3CA 41.6 93.2 38.8 46.7 8.0 

62 PPARG 72.6 93.2 67.7 63.6 4.1 

63 PTPN1 47.1 93.2 43.9 63.2 19.3 

64 PTPN11 55.9 93.2 52.1 76.1 24.0 

65 PTPN2 56.2 93.2 52.4 77.5 25.1 

66 RAF1 53.1 93.2 49.5 72.5 23.0 

67 RARA 73.0 93.2 68.0 86.9 18.9 

68 RARB 74.2 93.2 69.1 89.6 20.5 

69 ROCK1 43.9 93.2 40.9 52.9 12.0 

70 RPS6KA5 58.4 93.2 54.4 80.0 25.6 

71 SERT 36.2 93.2 33.7 23.5 10.2 

72 SIRT2 54.8 93.2 51.0 74.8 23.7 

73 SIRT3 58.3 93.2 54.3 82.1 27.8 

74 SLC6A2 48.2 93.2 44.9 42.2 2.7 

75 SLC6A3 49.3 93.2 45.9 42.9 3.1 

76 SRC 38.5 93.2 35.9 45.8 9.9 

77 TACR2 56.1 93.2 52.3 67.0 14.7 

78 TBXA2R 59.1 93.2 55.1 67.5 12.4 

79 TEK 49.1 93.2 45.7 71.1 25.3 

80 AChE 31.1 97.4 30.4 55.9 25.5 

81 ADRA2A 43.6 97.4 42.5 62.6 20.1 

82 ADRB1 34.9 97.4 34.0 58.4 24.4 

83 ADRB2 34.7 97.4 33.8 58.3 24.5 

84 AGTR1 41.6 97.4 40.5 86.2 45.7 

85 AKT1 30.7 97.4 29.9 82.4 52.5 

86 AR 50.0 97.4 48.7 73.4 24.6 

87 AVPR1A 41.1 97.4 40.1 65.7 25.7 

88 BACE1 26.1 97.4 25.4 50.3 24.9 

89 BCHE 42.1 97.4 41.0 71.6 30.6 

90 CASP1 35.9 97.4 35.0 57.3 22.4 

91 CASP3 39.0 97.4 38.0 58.2 20.2 

92 CASP8 46.2 97.4 45.0 76.3 31.3 

93 CHRM1 30.1 97.4 29.4 41.9 12.5 

94 CHRM2 40.4 97.4 39.4 56.1 16.7 

95 CHRM3 33.9 97.4 33.0 51.1 18.1 

96 CHRM5 41.6 97.4 40.6 63.3 22.8 
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97 CHUK 49.3 97.4 48.1 90.4 42.3 

98 CSF1R 36.2 97.4 35.3 84.8 49.5 

99 CSNK1D 47.1 97.4 45.9 91.5 45.6 

100 DRD1 49.5 97.4 48.2 63.9 15.7 

101 DRD2 30.8 97.4 30.0 35.6 5.6 

102 EDNRA 34.2 97.4 33.4 59.3 25.9 

103 EDNRB 35.8 97.4 34.9 68.0 33.2 

104 ELANE 30.2 97.4 29.4 46.9 17.6 

105 EPHA2 43.8 97.4 42.6 90.8 48.2 

106 FGFR1 33.1 97.4 32.3 88.3 56.1 

107 FKBP1A 43.6 97.4 42.4 70.1 27.7 

108 FLT1 48.9 97.4 47.7 88.0 40.3 

109 FLT4 43.7 97.4 42.6 84.3 41.7 

110 FYN 48.3 97.4 47.0 90.0 43.0 

111 GSK3B 41.6 97.4 40.5 72.6 32.0 

112 HDAC3 37.1 97.4 36.1 67.7 31.6 

113 hERG 28.1 97.4 27.4 49.2 21.8 

114 HRH1 36.6 97.4 35.7 53.1 17.4 

115 HTR2A 30.9 97.4 30.1 40.4 10.3 

116 HTR3A 46.5 97.4 45.3 81.9 36.6 

117 IGF1R 32.7 97.4 31.9 91.3 59.4 

118 INSR 38.5 97.4 37.5 87.7 50.1 

119 KDR 30.7 97.4 29.9 74.4 44.4 

120 LCK 23.1 97.4 22.5 80.3 57.8 

121 LTB4R 46.7 97.4 45.5 73.5 28.0 

122 LYN 47.0 97.4 45.8 92.6 46.8 

123 MAPK1 45.6 97.4 44.4 62.3 17.9 

124 MAPK9 46.3 97.4 45.1 90.8 45.7 

125 MAPKAPK2 41.8 97.4 40.7 83.4 42.7 

126 MET 29.3 97.4 28.6 78.1 49.6 

127 MMP13 34.3 97.4 33.5 44.3 10.9 

128 MMP2 28.7 97.4 28.0 35.1 7.1 

129 MMP3 30.6 97.4 29.8 40.9 11.1 

130 MMP9 38.0 97.4 37.1 43.9 6.8 

131 NEK2 51.8 97.4 50.5 91.1 40.6 

132 NR3C1 47.9 97.4 46.7 72.6 25.9 

133 OPRD1 26.8 97.4 26.1 38.8 12.7 

134 OPRM1 33.4 97.4 32.5 44.9 12.4 

135 P2RY1 47.6 97.4 46.4 81.5 35.2 

136 PAK4 47.3 97.4 46.1 92.1 46.0 

137 PDE4A 41.3 97.4 40.3 76.7 36.4 

138 PDE5A 46.2 97.4 45.0 81.0 36.0 

139 PIK3CA 38.0 97.4 37.1 82.5 45.4 

140 PPARG 46.4 97.4 45.2 65.0 19.8 
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141 PTPN1 33.1 97.4 32.3 64.5 32.2 

142 PTPN11 47.7 97.4 46.4 77.1 30.7 

143 PTPN2 45.1 97.4 43.9 77.0 33.0 

144 RAF1 38.1 97.4 37.2 77.3 40.1 

145 RARA 55.0 97.4 53.6 87.1 33.6 

146 RARB 56.9 97.4 55.5 90.3 34.8 

147 ROCK1 40.9 97.4 39.9 80.2 40.3 

148 RPS6KA5 51.2 97.4 49.9 92.2 42.3 

149 SERT 27.0 97.4 26.3 31.5 5.2 

150 SIRT2 43.4 97.4 42.3 77.3 34.9 

151 SIRT3 48.8 97.4 47.5 89.6 42.0 

152 SLC6A2 34.6 97.4 33.7 44.0 10.4 

153 SLC6A3 35.6 97.4 34.7 44.0 9.3 

154 SRC 38.6 97.4 37.6 80.8 43.2 

155 TACR2 48.2 97.4 47.0 75.6 28.6 

156 TBXA2R 45.9 97.4 44.7 69.4 24.7 

157 TEK 45.5 97.4 44.3 82.8 38.4 

158 ADORA2A 30.7 94.8 29.1 57.4 28.3 

159 ADRA2A 42.9 94.8 40.7 73.2 32.5 

160 ADRB1 34.6 94.8 32.8 61.2 28.4 

161 ADRB2 33.3 94.8 31.5 62.1 30.6 

162 AGTR1 38.2 94.8 36.2 65.0 28.8 

163 AKT1 26.8 94.8 25.4 52.1 26.7 

164 AR 45.9 94.8 43.5 73.6 30.1 

165 AVPR1A 39.0 94.8 36.9 71.7 34.8 

166 BACE1 32.8 94.8 31.1 46.6 15.6 

167 BCHE 77.4 94.8 73.4 80.9 7.5 

168 CASP1 32.1 94.8 30.4 58.2 27.8 

169 CASP3 36.7 94.8 34.8 64.7 29.9 

170 CASP8 41.8 94.8 39.6 70.3 30.7 

171 CHRM1 36.6 94.8 34.7 59.3 24.7 

172 CHRM2 43.3 94.8 41.0 71.2 30.2 

173 CHRM3 40.3 94.8 38.2 66.7 28.5 

174 CHRM5 42.7 94.8 40.5 72.4 31.9 

175 CHUK 42.7 94.8 40.5 80.0 39.5 

176 CSF1R 31.2 94.8 29.6 60.8 31.2 

177 CSNK1D 37.1 94.8 35.1 65.7 30.5 

178 DRD1 46.2 94.8 43.7 76.0 32.3 

179 DRD2 47.1 94.8 44.7 66.1 21.4 

180 EDNRA 31.5 94.8 29.8 53.2 23.4 

181 EDNRB 33.5 94.8 31.8 58.6 26.9 

182 ELANE 28.6 94.8 27.1 50.4 23.3 

183 EPHA2 40.5 94.8 38.4 72.7 34.3 

184 FGFR1 27.2 94.8 25.8 60.2 34.5 
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185 FKBP1A 43.3 94.8 41.0 85.1 44.0 

186 FLT1 37.9 94.8 36.0 73.3 37.4 

187 FLT4 37.9 94.8 35.9 70.9 35.0 

188 FYN 42.3 94.8 40.1 78.1 38.0 

189 GSK3B 28.9 94.8 27.3 52.9 25.5 

190 HDAC3 34.5 94.8 32.7 55.7 23.0 

191 hERG 35.2 94.8 33.4 55.2 21.9 

192 HRH1 48.0 94.8 45.5 69.2 23.7 

193 HTR2A 40.5 94.8 38.4 63.4 25.0 

194 HTR3A 48.6 94.8 46.1 84.8 38.7 

195 IGF1R 27.2 94.8 25.8 53.9 28.1 

196 INSR 33.8 94.8 32.1 66.4 34.3 

197 KDR 22.4 94.8 21.2 43.8 22.6 

198 LCK 16.2 94.8 15.4 43.0 27.6 

199 LTB4R 45.1 94.8 42.7 71.5 28.8 

200 LYN 40.2 94.8 38.1 74.3 36.3 

201 MAPK1 37.9 94.8 35.9 56.7 20.8 

202 MAPK9 35.8 94.8 33.9 68.9 34.9 

203 MAPKAPK2 35.5 94.8 33.7 70.6 36.9 

204 MET 27.3 94.8 25.9 54.0 28.1 

205 MMP13 33.4 94.8 31.6 45.7 14.1 

206 MMP2 30.9 94.8 29.3 39.8 10.5 

207 MMP3 30.5 94.8 28.9 43.8 14.9 

208 MMP9 37.6 94.8 35.7 46.1 10.4 

209 NEK2 46.7 94.8 44.3 81.7 37.4 

210 NR3C1 45.3 94.8 43.0 71.1 28.2 

211 OPRD1 35.4 94.8 33.6 66.2 32.7 

212 OPRM1 40.5 94.8 38.4 65.4 27.0 

213 P2RY1 42.9 94.8 40.7 72.6 31.9 

214 PAK4 43.7 94.8 41.4 82.0 40.6 

215 PDE4A 37.4 94.8 35.5 67.6 32.1 

216 PDE5A 32.5 94.8 30.8 63.2 32.4 

217 PIK3CA 25.7 94.8 24.3 42.1 17.7 

218 PPARG 45.6 94.8 43.3 60.9 17.6 

219 PTPN1 34.0 94.8 32.2 62.2 30.0 

220 PTPN11 42.4 94.8 40.2 73.2 33.1 

221 PTPN2 43.3 94.8 41.1 75.4 34.3 

222 RAF1 31.2 94.8 29.6 55.9 26.3 

223 RARA 47.8 94.8 45.3 83.9 38.5 

224 RARB 49.8 94.8 47.2 87.6 40.4 

225 ROCK1 33.6 94.8 31.9 61.4 29.5 

226 RPS6KA5 47.9 94.8 45.4 82.5 37.1 

227 SERT 32.8 94.8 31.1 54.5 23.5 

228 SIRT2 41.6 94.8 39.4 80.5 41.1 
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229 SIRT3 48.2 94.8 45.7 86.6 41.0 

230 SLC6A2 35.3 94.8 33.5 54.4 20.9 

231 SLC6A3 36.2 94.8 34.4 59.6 25.2 

232 SRC 28.0 94.8 26.5 57.5 30.9 

233 TACR2 45.6 94.8 43.2 75.2 32.0 

234 TBXA2R 38.2 94.8 36.2 69.3 33.1 

235 TEK 34.6 94.8 32.8 70.6 37.9 

236 AChE 36.5 93.3 34.1 67.5 33.4 

237 ADORA2A 34.4 93.3 32.1 52.6 20.5 

238 ADRA2A 42.9 93.3 40.1 77.1 37.0 

239 ADRB1 46.8 93.3 43.7 72.3 28.6 

240 ADRB2 39.3 93.3 36.7 66.9 30.2 

241 AGTR1 35.8 93.3 33.4 65.0 31.5 

242 AKT1 31.0 93.3 29.0 71.6 42.7 

243 AR 42.7 93.3 39.9 72.8 33.0 

244 AVPR1A 42.1 93.3 39.3 81.8 42.6 

245 BACE1 33.8 93.3 31.5 63.2 31.7 

246 BCHE 41.1 93.3 38.4 72.5 34.1 

247 CASP1 27.4 93.3 25.6 63.4 37.8 

248 CASP3 37.9 93.3 35.3 61.4 26.1 

249 CASP8 40.8 93.3 38.0 75.7 37.7 

250 CHRM1 46.1 93.3 43.0 71.5 28.5 

251 CHRM2 45.9 93.3 42.8 81.9 39.1 

252 CHRM3 44.7 93.3 41.7 77.5 35.8 

253 CHRM5 47.7 93.3 44.5 81.4 37.0 

254 CHUK 47.1 93.3 44.0 81.7 37.7 

255 CSF1R 39.6 93.3 36.9 72.8 35.9 

256 CSNK1D 42.2 93.3 39.4 73.2 33.8 

257 DRD1 49.6 93.3 46.3 74.9 28.7 

258 DRD2 62.1 93.3 58.0 82.8 24.8 

259 EDNRA 30.9 93.3 28.8 56.0 27.2 

260 EDNRB 31.3 93.3 29.2 65.1 35.9 

261 ELANE 27.0 93.3 25.2 52.4 27.2 

262 EPHA2 46.3 93.3 43.2 83.3 40.1 

263 FGFR1 32.8 93.3 30.6 66.5 35.9 

264 FKBP1A 44.2 93.3 41.2 81.8 40.6 

265 FLT1 44.0 93.3 41.1 78.9 37.8 

266 FLT4 42.7 93.3 39.8 75.0 35.2 

267 FYN 48.3 93.3 45.1 83.5 38.4 

268 GSK3B 34.5 93.3 32.2 62.1 29.9 

269 HDAC3 37.3 93.3 34.8 55.3 20.5 

270 HRH1 56.5 93.3 52.7 73.7 21.0 

271 HTR2A 54.9 93.3 51.2 76.0 24.8 

272 HTR3A 53.7 93.3 50.1 86.9 36.8 
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273 IGF1R 38.1 93.3 35.5 67.6 32.0 

274 INSR 46.1 93.3 43.0 86.0 43.0 

275 KDR 35.0 93.3 32.6 58.2 25.6 

276 LCK 30.5 93.3 28.5 59.0 30.5 

277 LTB4R 43.2 93.3 40.3 72.4 32.1 

278 LYN 47.9 93.3 44.7 84.7 40.0 

279 MAPK1 36.6 93.3 34.2 52.4 18.3 

280 MAPK9 39.5 93.3 36.8 70.4 33.6 

281 MAPKAPK2 37.2 93.3 34.7 75.8 41.1 

282 MET 37.6 93.3 35.1 63.6 28.5 

283 MMP13 33.9 93.3 31.6 44.9 13.3 

284 MMP2 31.7 93.3 29.6 44.4 14.7 

285 MMP3 29.3 93.3 27.4 43.7 16.3 

286 MMP9 36.2 93.3 33.8 48.5 14.7 

287 NEK2 49.6 93.3 46.3 84.8 38.5 

288 NR3C1 42.2 93.3 39.4 72.8 33.5 

289 OPRD1 46.3 93.3 43.2 71.0 27.9 

290 OPRM1 48.6 93.3 45.4 75.9 30.5 

291 P2RY1 44.9 93.3 41.9 85.4 43.4 

292 PAK4 46.6 93.3 43.4 80.1 36.6 

293 PDE4A 35.9 93.3 33.5 67.8 34.3 

294 PDE5A 38.2 93.3 35.7 70.4 34.7 

295 PIK3CA 30.6 93.3 28.5 56.1 27.5 

296 PPARG 43.7 93.3 40.7 65.0 24.2 

297 PTPN1 29.7 93.3 27.8 62.5 34.8 

298 PTPN11 45.0 93.3 42.0 78.7 36.7 

299 PTPN2 40.4 93.3 37.7 75.4 37.7 

300 RAF1 34.4 93.3 32.1 65.3 33.2 

301 RARA 45.0 93.3 42.0 84.3 42.3 

302 RARB 47.7 93.3 44.5 87.5 43.0 

303 ROCK1 37.5 93.3 35.0 62.0 27.0 

304 RPS6KA5 47.5 93.3 44.3 82.5 38.2 

305 SERT 53.0 93.3 49.5 79.4 29.9 

306 SIRT2 43.7 93.3 40.8 76.5 35.7 

307 SIRT3 49.2 93.3 45.9 85.7 39.7 

308 SLC6A2 50.0 93.3 46.7 77.2 30.6 

309 SLC6A3 50.6 93.3 47.2 77.6 30.4 

310 SRC 38.1 93.3 35.6 69.3 33.7 

311 TACR2 47.3 93.3 44.1 91.2 47.1 

312 TBXA2R 39.1 93.3 36.5 73.1 36.7 

313 TEK 40.0 93.3 37.4 73.0 35.6 

314 AChE 32.3 98.3 31.8 68.1 36.3 

315 ADORA2A 24.8 98.3 24.3 46.6 22.3 

316 ADRA2A 50.0 98.3 49.2 88.0 38.8 
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317 ADRB1 41.7 98.3 41.0 85.3 44.3 

318 ADRB2 32.5 98.3 31.9 75.5 43.6 

319 AGTR1 33.9 98.3 33.3 64.2 30.9 

320 AKT1 25.8 98.3 25.4 82.4 57.0 

321 AR 40.3 98.3 39.6 70.6 31.0 

322 AVPR1A 40.8 98.3 40.1 81.1 41.1 

323 BACE1 20.1 98.3 19.8 59.0 39.2 

324 BCHE 38.5 98.3 37.9 74.8 37.0 

325 CASP1 22.3 98.3 22.0 59.2 37.2 

326 CASP3 30.5 98.3 29.9 65.8 35.9 

327 CASP8 41.1 98.3 40.4 74.4 34.0 

328 CHRM1 40.5 98.3 39.8 73.1 33.3 

329 CHRM2 42.8 98.3 42.1 82.8 40.7 

330 CHRM3 38.0 98.3 37.3 79.1 41.8 

331 CHRM5 50.4 98.3 49.5 84.6 35.1 

332 CHUK 43.4 98.3 42.6 80.6 37.9 

333 CSF1R 29.5 98.3 29.0 60.0 31.0 

334 CSNK1D 36.7 98.3 36.1 65.4 29.3 

335 DRD1 51.8 98.3 50.9 84.6 33.7 

336 DRD2 59.5 98.3 58.4 94.8 36.4 

337 EDNRA 29.4 98.3 28.9 59.6 30.7 

338 EDNRB 30.8 98.3 30.3 68.2 38.0 

339 ELANE 23.6 98.3 23.2 49.6 26.4 

340 EPHA2 38.0 98.3 37.3 83.3 46.0 

341 FGFR1 25.3 98.3 24.9 61.1 36.2 

342 FKBP1A 41.3 98.3 40.6 87.5 46.9 

343 FLT1 36.4 98.3 35.7 71.3 35.5 

344 FLT4 36.1 98.3 35.4 68.0 32.5 

345 FYN 41.5 98.3 40.8 77.6 36.7 

346 GSK3B 28.0 98.3 27.5 48.1 20.6 

347 HDAC3 31.4 98.3 30.9 56.1 25.3 

348 hERG 50.7 98.3 49.8 67.2 17.4 

349 HRH1 56.4 98.3 55.4 87.1 31.7 

350 HTR2A 62.0 98.3 60.9 90.8 29.9 

351 HTR3A 51.1 98.3 50.2 84.0 33.8 

352 IGF1R 25.5 98.3 25.1 75.3 50.2 

353 INSR 32.3 98.3 31.8 75.7 43.9 

354 KDR 21.1 98.3 20.8 41.1 20.4 

355 LCK 16.0 98.3 15.7 45.2 29.5 

356 LTB4R 42.5 98.3 41.7 72.6 30.9 

357 LYN 39.5 98.3 38.8 73.8 35.0 

358 MAPK1 26.6 98.3 26.1 58.3 32.1 

359 MAPK9 30.5 98.3 30.0 59.3 29.3 

360 MAPKAPK2 34.0 98.3 33.4 76.6 43.2 
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361 MET 23.6 98.3 23.2 52.4 29.2 

362 MMP13 29.1 98.3 28.6 52.8 24.1 

363 MMP2 24.6 98.3 24.1 51.4 27.2 

364 MMP3 24.8 98.3 24.4 55.2 30.8 

365 MMP9 31.9 98.3 31.3 55.8 24.5 

366 NEK2 38.7 98.3 38.0 77.9 39.9 

367 NR3C1 35.6 98.3 34.9 70.2 35.2 

368 OPRD1 40.8 98.3 40.1 86.6 46.5 

369 OPRM1 40.0 98.3 39.3 85.9 46.6 

370 P2RY1 42.1 98.3 41.4 78.5 37.1 

371 PAK4 34.6 98.3 34.0 84.0 49.9 

372 PDE4A 28.7 98.3 28.2 67.3 39.1 

373 PDE5A 21.7 98.3 21.4 62.7 41.3 

374 PIK3CA 36.3 98.3 35.7 47.1 11.4 

375 PPARG 25.8 98.3 25.4 60.7 35.3 

376 PTPN1 41.8 98.3 41.1 60.9 19.9 

377 PTPN11 38.7 98.3 38.1 78.4 40.4 

378 PTPN2 27.8 98.3 27.3 78.3 50.9 

379 RAF1 45.0 98.3 44.2 55.6 11.4 

380 RARA 46.5 98.3 45.7 86.0 40.4 

381 RARB 30.7 98.3 30.2 88.8 58.6 

382 ROCK1 46.0 98.3 45.2 65.3 20.1 

383 RPS6KA5 39.3 98.3 38.7 81.9 43.2 

384 SIRT2 46.3 98.3 45.5 74.5 29.0 

385 SIRT3 84.7 98.3 83.3 84.7 1.4 

386 SLC6A2 82.1 98.3 80.7 93.6 12.9 

387 SLC6A3 25.1 98.3 24.6 90.7 66.1 

388 SRC 48.0 98.3 47.1 59.3 12.1 

389 TACR2 36.1 98.3 35.5 93.6 58.1 

390 TBXA2R 33.2 98.3 32.6 74.4 41.8 

391 TEK 19.1 98.3 18.8 67.2 48.4 
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Figure A5: Plot showing the full results for the initial scan of the effect of changing the 

Tanimoto similarity threshold on the reliability of the transferability process of a ML model to 

a new dataset. A plot of average absolute difference of five targets vs. the Tanimoto similarity 

threshold for various Tanimoto similarity thresholds tested during the optimisation process.  

The average absolute difference refers to the average (of 5 targets) absolute difference between 

the predicted and model test accuracies of each target (AChE, ADORA2A, AR, hERG, and 

SERT). An increasing value of the absolute difference means that the method is increasingly 

less representative of the ML model (method predicts a different outcome as compared to the 

ML model). The predicted model test accuracies were calculated by multiplying the model 

training accuracies by the average similarity between datasets for the same target. The reported 

test accuracies were taken from the paper.  All training and test sets use a sample size of 500. 
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Figure A6: Workflow showing the outcome where the model of dataset 1 can be applied on 

dataset 2. Data from Table A5 was used to illustrate the outcome. Baseline accuracy refers to 

the minimum accuracy when an unoptimised model is used i.e. the accuracy obtained when it 

is assumed that for all data points, the model predicts their class/label to be the class/label with 

the most observations in the dataset. 
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Figure A7: Workflow showing the outcome where the model of dataset 1 cannot be applied on 

dataset 2. Data from Table A5 was used to illustrate the outcome. Baseline accuracy refers to 

the minimum accuracy when an unoptimised model is used i.e. the accuracy obtained when it 

is assumed that for all data points, the model predicts their class/label to be the class/label with 

the most observations in the dataset. 
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Figure A8: Plots showing the average absolute difference (top) and the variance of the absolute 

difference (bottom) at various thresholds. The blue points were obtained using a sample size 

of 500 while the orange point was obtained using all the data. The data for five targets (AChE, 

ADORA2A, AR, hERG, SERT) was used and is summarised in Table A14, where each of the 

five targets was tested against all other targets. The two plots in this Figure show that using all 

data still results in a lower performance with this method as compared to using a smaller sample 

size and a lower threshold. It is expected that using all data at a threshold of 0.2 will still be 

worse than if a sample size of 500 is used. This is because the similarity between datasets will 

be calculated to be higher as there is a higher chance for a similar molecule to be found in the 

other dataset that is tested. Hence, this would result in a higher average absolute difference and 

variance.  
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Figure A9: A plot of predicted test accuracy (%) vs. model test accuracy (%) for datasets from 

various targets. Each point on the plot represents a different combination of training and test 

datasets from the various targets. When the datasets are from the same target, the training and 

test sets used come from the same target. When the datasets are from the different targets, the 

training and test sets used come from different targets. The x = y line has also been plotted and 

is shown as a black, dashed line in the figure. (Top) The blue region indicates the region where 

the absolute difference between datasets is less than or equal to the average absolute difference 

for the threshold (25%) as determined in Figure 3. These settings were used for the calculations: 

a similarity threshold of 0.10 and a sample size of 500. (Bottom) The blue region indicates the 

region where the absolute difference between datasets is less than or equal to the average 

absolute difference for the threshold (45%) as determined in Figure 13. These settings were 

used for the calculations: a similarity threshold of 0.30 and a sample size of 500. 
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Figure A10: Workflow outlining how one should determine and apply the Tanimoto similarity 

given two datasets. If there are three datasets i.e. training, validation, and test sets, one should 

determine the similarity between the training and validation set, before determining the 

similarity between the training and test set. One should not assume that the data will be suitable 

for machine learning even if the data is taken from the same database. 
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Figure A11: Plots showing the results of the similarity method when using it to compare 

randomly extracted datasets with a size of 1000 molecules from PubChem with the 79 human 

targets. Top: Results for PubChem datasets vs. each of the 79 targets. Bottom: Results for each 

of the each of the 79 targets vs. PubChem datasets. The positive bars represent comparison 

with target active data (data where all the target molecules are active) and the negative bars 

represent comparison with target inactive data (data where all the target molecules are 

inactive). A Tanimoto similarity threshold of 0.3 was used. The similarity indicator represents 

the proportion of molecules in the first dataset that are similar to the second dataset. 
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Figure A12: Plots showing the results of the similarity method when using it to compare 

randomly extracted datasets with a size of 2000 molecules from PubChem with the 79 human 

targets. Top: Results for PubChem datasets vs. each of the 79 targets. Bottom: Results for each 

of the each of the 79 targets vs. PubChem datasets. The positive bars represent comparison 

with target active data (data where all the target molecules are active) and the negative bars 

represent comparison with target inactive data (data where all the target molecules are 

inactive). A Tanimoto similarity threshold of 0.3 was used. The similarity indicator represents 

the proportion of molecules in the first dataset that are similar to the second dataset. 
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Figure A13: Plots showing the results of the similarity method when using it to compare 

randomly extracted datasets with a size of 10000 molecules from PubChem with the 79 human 

targets. Top: Results for PubChem datasets vs. each of the 79 targets. Bottom: Results for each 

of the each of the 79 targets vs. PubChem datasets. The positive bars represent comparison 

with target active data (data where all the target molecules are active) and the negative bars 

represent comparison with target inactive data (data where all the target molecules are 

inactive). A Tanimoto similarity threshold of 0.3 was used. The similarity indicator represents 

the proportion of molecules in the first dataset that are similar to the second dataset. 
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Figure A14: Plots showing the results of the similarity method when using it to compare 

randomly extracted datasets with a size of 1000 molecules from ChEMBL with the 79 human 

targets. Top: Results for ChEMBL datasets vs. each of the 79 targets. Bottom: Results for each 

of the each of the 79 targets vs. ChEMBL datasets. The positive bars represent comparison 

with target active data (data where all the target molecules are active) and the negative bars 

represent comparison with target inactive data (data where all the target molecules are 
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inactive). A Tanimoto similarity threshold of 0.3 was used. The similarity indicator represents 

the proportion of molecules in the first dataset that are similar to the second dataset. 

 

 

Figure A15: Plots showing the results of the similarity method when using it to compare 

randomly extracted datasets with a size of 10000 molecules from ChEMBL with the 79 human 

targets. Top: Results for ChEMBL datasets vs. each of the 79 targets. Bottom: Results for each 

of the each of the 79 targets vs. ChEMBL datasets. The positive bars represent comparison 

with target active data (data where all the target molecules are active) and the negative bars 
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represent comparison with target inactive data (data where all the target molecules are 

inactive). A Tanimoto similarity threshold of 0.3 was used. The similarity indicator represents 

the proportion of molecules in the first dataset that are similar to the second dataset. 

 

7.3: Chapter 4 Appendices 

Table A16: Full results for the test performance using the consensus approach with varying 

consensus thresholds for developmental toxicity and reproductive toxicity separately 

Toxicity type 

No. of 

models 

used for 

majority 

prediction 

SE (%) SP (%) 
Accuracy 

(%) 
MCC TP FP FN TN 

Developmental 

13 70.7 63.1 67.3 0.338 171 73 71 125 

14 70.7 63.6 67.5 0.343 169 71 70 124 

15 70.7 63.4 67.4 0.341 164 71 68 123 

16 72.9 63.8 68.8 0.369 164 68 61 120 

17 72.9 63.4 68.6 0.364 161 67 60 116 

18 72.9 64.4 69.1 0.374 159 62 59 112 

19 73.0 65.3 69.6 0.383 157 59 58 111 

20 73.6 65.9 70.2 0.394 153 56 55 108 

21 74.5 65.8 70.6 0.404 146 54 50 104 

22 76.8 66.4 72.1 0.436 136 50 41 99 

23 78.6 68.3 74.0 0.471 121 39 33 84 

24 81.1 72.1 77.1 0.535 103 29 24 75 

Reproductive 

13 77.8 76.2 77.0 0.540 130 36 37 115 

14 77.8 77.0 77.5 0.548 130 34 37 114 

15 78.2 77.9 78.1 0.560 129 32 36 113 

16 78.0 77.9 78.0 0.559 128 32 36 113 

17 79.0 77.8 78.4 0.568 128 32 34 112 

18 78.8 78.0 78.4 0.567 126 31 34 110 

19 79.6 77.8 78.8 0.573 125 30 32 105 

20 80.1 79.7 79.9 0.596 125 26 31 102 
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21 82.1 80.5 81.4 0.625 124 24 27 99 

22 83.0 79.5 81.4 0.624 122 24 25 93 

23 85.8 80.7 83.6 0.666 121 21 20 88 

24 87.0 82.8 85.3 0.697 114 16 17 77 

 

Table A17: Results of best-performing models obtained by applying transfer learning of 

developmental toxicity models to human target training datasets 

No. Target ACC (%) SE (%) SP (%) MCC 

1 AChE 63.6 ± 1.9 82.0 ± 4.5 38.5 ± 2.1 0.231 ± 0.041 

2 ADORA2A 73.3 ± 2.3 84.4 ± 3.9 52.6 ± 1.3 0.393 ± 0.045 

3 ADRA2A 70.2 ± 0.4 86.6 ± 0.9 56.3 ± 0.7 0.444 ± 0.009 

4 ADRB1 74.6 ± 1.6 92.4 ± 3.8 53.4 ± 2.1 0.506 ± 0.04 

5 ADRB2 63.2 ± 0.3 85.5 ± 3.1 41.5 ± 2.4 0.3 ± 0.016 

6 AGTR1 68.3 ± 1.6 90.2 ± 3.3 53.3 ± 1.7 0.447 ± 0.039 

7 AKT1 80.1 ± 1.2 93.5 ± 2.6 49.3 ± 2.2 0.499 ± 0.029 

8 AR 54.5 ± 0.5 79.3 ± 3.0 45.5 ± 1.5 0.225 ± 0.017 

9 AVPR1A 67.1 ± 2.0 86.1 ± 6.4 56.0 ± 1.3 0.415 ± 0.061 

10 BACE1 77.6 ± 1.5 92.1 ± 2.9 44.8 ± 2.1 0.435 ± 0.035 

11 BCHE 59.6 ± 1.7 77.8 ± 4.9 47.9 ± 0.8 0.259 ± 0.049 

12 CASP1 47.2 ± 0.8 75.2 ± 9.4 35.5 ± 4.6 0.107 ± 0.051 

13 CASP3 61.1 ± 2.0 77.5 ± 9.7 50.4 ± 3.2 0.282 ± 0.074 

14 CASP8 57.2 ± 2.1 65.9 ± 12.8 54.6 ± 1.5 0.172 ± 0.098 

15 CHRM1 70.4 ± 2.0 84.2 ± 4.4 48.5 ± 2.0 0.355 ± 0.04 

16 CHRM2 65.5 ± 0.8 79.6 ± 1.8 54.0 ± 1.4 0.343 ± 0.018 

17 CHRM3 69.5 ± 1.6 81.8 ± 3.5 51.9 ± 1.8 0.357 ± 0.032 

18 CHRM5 67.4 ± 0.9 90.5 ± 1.0 52.8 ± 1.7 0.439 ± 0.013 

19 CHUK 64.3 ± 0.9 92.2 ± 3.5 56.4 ± 1.5 0.405 ± 0.024 

20 CSF1R 73.4 ± 3.2 87.1 ± 6.0 56.0 ± 0.7 0.462 ± 0.07 

21 CSNK1D 67.3 ± 1.8 82.7 ± 5.5 56.9 ± 1.3 0.395 ± 0.051 

22 DRD1 69.0 ± 1.0 90.1 ± 1.8 54.4 ± 1.6 0.456 ± 0.021 

23 DRD2 88.1 ± 1.3 95.8 ± 1.9 49.8 ± 1.7 0.53 ± 0.037 

24 EDNRA 67.2 ± 1.8 77.2 ± 4.2 55.9 ± 1.6 0.341 ± 0.039 
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25 EDNRB 64.6 ± 1.8 80.7 ± 4.7 54.2 ± 1.2 0.347 ± 0.047 

26 ELANE 70.2 ± 1.8 82.0 ± 4.4 51.8 ± 4.2 0.357 ± 0.037 

27 EPHA2 66.8 ± 0.9 92.1 ± 4.6 54.9 ± 1.6 0.448 ± 0.036 

28 FGFR1 76.0 ± 2.4 90.3 ± 4.7 50.7 ± 2.1 0.461 ± 0.05 

29 FKBP1A 64.1 ± 1.3 94.1 ± 3.5 53.8 ± 2.1 0.424 ± 0.027 

30 FLT1 63.2 ± 2.1 80.7 ± 7.5 54.6 ± 1.4 0.336 ± 0.067 

31 FLT4 66.9 ± 1.9 86.1 ± 6.8 55.7 ± 1.5 0.413 ± 0.06 

32 FYN 64.2 ± 1.4 81.4 ± 7.1 57.3 ± 1.9 0.352 ± 0.054 

33 GSK3B 71.9 ± 3.1 82.6 ± 5.0 49.6 ± 1.0 0.339 ± 0.053 

34 HDAC3 58.5 ± 4.6 62.8 ± 10.7 54.6 ± 1.0 0.177 ± 0.103 

35 HRH1 75.0 ± 1.0 93.4 ± 2.3 53.3 ± 1.3 0.519 ± 0.026 

36 HTR2A 83.6 ± 1.3 91.5 ± 1.7 55.1 ± 1.1 0.494 ± 0.03 

37 HTR3A 61.9 ± 0.9 79.7 ± 3.7 54.0 ± 1.1 0.314 ± 0.031 

38 IGF1R 80.1 ± 3.0 91.1 ± 5.0 54.8 ± 1.8 0.508 ± 0.063 

39 INSR 65.0 ± 2.6 79.1 ± 7.2 53.9 ± 1.3 0.337 ± 0.066 

40 KCNH2 65.5 ± 0.5 89.3 ± 2.2 29.9 ± 2.4 0.244 ± 0.014 

41 KDR 74.9 ± 3.7 80.0 ± 4.9 50.2 ± 2.1 0.264 ± 0.039 

42 LCK 69.3 ± 4.2 76.9 ± 6.2 45.1 ± 2.8 0.212 ± 0.049 

43 LTB4R 56.4 ± 1.6 54.4 ± 7.4 57.1 ± 1.4 0.1 ± 0.058 

44 LYN 65.0 ± 1.3 83.5 ± 6.9 57.0 ± 1.4 0.375 ± 0.054 

45 MAPK1 53.9 ± 1.3 72.6 ± 3.6 43.3 ± 3.8 0.159 ± 0.013 

46 MAPK9 68.5 ± 2.1 79.9 ± 4.7 55.8 ± 1.1 0.37 ± 0.045 

47 MAPKAPK2 66.7 ± 1.1 90.0 ± 2.6 50.4 ± 1.9 0.421 ± 0.026 

48 MET 76.6 ± 6.0 84.8 ± 8.6 55.0 ± 1.4 0.415 ± 0.101 

49 MMP13 70.8 ± 2.5 78.9 ± 4.5 52.6 ± 2.0 0.317 ± 0.036 

50 MMP2 68.9 ± 1.3 83.9 ± 2.9 43.0 ± 2.8 0.296 ± 0.026 

51 MMP3 72.9 ± 2.0 86.6 ± 3.4 49.7 ± 1.2 0.397 ± 0.045 

52 MMP9 67.6 ± 1.3 78.4 ± 2.4 52.6 ± 1.3 0.321 ± 0.027 

53 NEK2 61.6 ± 1.3 80.5 ± 9.2 56.2 ± 1.7 0.306 ± 0.066 

54 NR3C1 54.9 ± 0.9 76.2 ± 3.3 45.6 ± 1.3 0.206 ± 0.028 

55 OPRD1 75.3 ± 4.1 85.8 ± 6.4 49.3 ± 2.5 0.378 ± 0.079 

56 OPRM1 72.6 ± 2.9 87.9 ± 5.4 49.0 ± 1.5 0.412 ± 0.065 
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57 P2RY1 60.6 ± 1.3 69.7 ± 4.2 55.8 ± 1.1 0.244 ± 0.037 

58 PAK4 63.1 ± 0.5 86.9 ± 5.6 54.6 ± 2.1 0.369 ± 0.034 

59 PDE4A 63.6 ± 1.6 76.2 ± 5.8 55.9 ± 1.3 0.315 ± 0.049 

60 PDE5A 65.0 ± 1.2 73.7 ± 2.6 53.2 ± 1.0 0.275 ± 0.023 

61 PIK3CA 73.1 ± 5.2 81.9 ± 8.1 53.1 ± 1.9 0.362 ± 0.083 

62 PPARG 52.6 ± 2.1 70.6 ± 6.2 41.9 ± 1.8 0.126 ± 0.06 

63 PTPN1 57.0 ± 1.2 75.2 ± 6.7 44.4 ± 3.6 0.202 ± 0.043 

64 PTPN11 57.3 ± 1.1 74.3 ± 6.9 52.3 ± 1.7 0.223 ± 0.05 

65 PTPN2 57.8 ± 1.0 70.5 ± 8.1 54.2 ± 2.1 0.206 ± 0.054 

66 RAF1 69.4 ± 2.2 81.3 ± 4.9 54.6 ± 1.4 0.376 ± 0.046 

67 RARA 59.2 ± 1.3 72.6 ± 3.3 57.9 ± 1.6 0.178 ± 0.014 

68 RARB 61.6 ± 1.2 74.1 ± 2.7 60.5 ± 1.5 0.193 ± 0.011 

69 ROCK1 71.6 ± 1.8 86.3 ± 3.9 54.5 ± 0.9 0.435 ± 0.042 

70 RPS6KA5 61.4 ± 1.0 84.3 ± 8.9 56.5 ± 1.2 0.312 ± 0.061 

71 SIRT2 56.5 ± 1.2 75.5 ± 10.7 51.3 ± 2.2 0.223 ± 0.075 

72 SIRT3 58.7 ± 1.0 79.8 ± 14.7 55.9 ± 0.9 0.23 ± 0.089 

73 SLC6A2 76.5 ± 1.0 91.2 ± 2.6 54.0 ± 1.6 0.501 ± 0.025 

74 SLC6A3 75.2 ± 0.6 91.7 ± 1.7 53.9 ± 1.5 0.503 ± 0.016 

75 SLC6A4 85.4 ± 1.5 94.6 ± 2.1 52.3 ± 1.4 0.536 ± 0.041 

76 SRC 72.1 ± 2.5 86.8 ± 5.4 45.2 ± 3.7 0.36 ± 0.047 

77 TACR2 65.6 ± 1.4 85.5 ± 6.0 56.6 ± 1.4 0.395 ± 0.05 

78 TBXA2R 64.2 ± 1.7 79.1 ± 5.6 56.1 ± 1.3 0.339 ± 0.05 

79 TEK 61.9 ± 2.1 72.7 ± 5.7 54.4 ± 1.2 0.27 ± 0.053 

 

Table A18: Results of best-performing models obtained by applying transfer learning of 

reproductive toxicity models to human target training datasets 

No. Target ACC (%) SE (%) SP (%) MCC 

1 AChE 65.0 ± 0.6 93.0 ± 1.4 26.7 ± 2.8 0.271 ± 0.014 

2 ADORA2A 79.9 ± 0.5 98.8 ± 0.2 44.5 ± 1.5 0.558 ± 0.012 

3 ADRA2A 65.2 ± 1.1 96.5 ± 0.8 38.8 ± 1.9 0.42 ± 0.019 

4 ADRB1 68.6 ± 0.8 97.0 ± 0.5 34.9 ± 1.7 0.417 ± 0.017 

5 ADRB2 58.0 ± 0.6 96.1 ± 0.3 20.8 ± 1.0 0.256 ± 0.014 
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6 AGTR1 59.1 ± 1.2 96.4 ± 0.5 33.6 ± 2.2 0.36 ± 0.015 

7 AKT1 79.4 ± 1.0 99.1 ± 0.2 34.0 ± 3.5 0.487 ± 0.027 

8 AR 55.5 ± 1.2 87.7 ± 0.5 43.8 ± 1.7 0.292 ± 0.01 

9 AVPR1A 59.2 ± 1.0 98.8 ± 0.2 36.3 ± 1.6 0.4 ± 0.013 

10 BACE1 80.1 ± 0.7 98.8 ± 0.4 37.7 ± 2.9 0.511 ± 0.017 

11 BCHE 60.0 ± 1.3 92.9 ± 1.3 38.7 ± 2.8 0.351 ± 0.012 

12 CASP1 39.1 ± 0.5 97.0 ± 0.8 15.0 ± 0.9 0.171 ± 0.008 

13 CASP3 52.5 ± 0.8 96.0 ± 0.4 24.2 ± 1.2 0.267 ± 0.015 

14 CASP8 48.3 ± 2.1 95.0 ± 1.1 34.8 ± 2.8 0.277 ± 0.019 

15 CHRM1 72.4 ± 0.8 96.5 ± 0.3 34.1 ± 2.0 0.413 ± 0.019 

16 CHRM2 66.9 ± 0.6 94.4 ± 0.4 44.4 ± 0.9 0.436 ± 0.01 

17 CHRM3 70.8 ± 0.4 95.9 ± 0.8 35.2 ± 1.2 0.408 ± 0.011 

18 CHRM5 58.2 ± 0.9 94.5 ± 0.6 35.3 ± 1.6 0.341 ± 0.012 

19 CHUK 50.4 ± 1.9 97.1 ± 1.3 37.2 ± 2.8 0.311 ± 0.009 

20 CSF1R 71.6 ± 0.8 99.3 ± 0.2 36.6 ± 1.8 0.48 ± 0.016 

21 CSNK1D 62.7 ± 1.6 97.7 ± 0.4 39.0 ± 2.8 0.421 ± 0.018 

22 DRD1 66.5 ± 1.7 94.7 ± 0.9 46.9 ± 3.3 0.447 ± 0.02 

23 DRD2 87.8 ± 0.4 98.7 ± 0.3 33.6 ± 3.2 0.482 ± 0.024 

24 EDNRA 68.2 ± 0.5 98.9 ± 0.6 33.7 ± 1.0 0.439 ± 0.011 

25 EDNRB 59.1 ± 1.6 99.4 ± 0.6 32.9 ± 3.0 0.394 ± 0.015 

26 ELANE 68.8 ± 0.5 95.8 ± 0.3 26.6 ± 1.6 0.325 ± 0.013 

27 EPHA2 56.6 ± 2.1 99.0 ± 0.4 36.9 ± 3.2 0.383 ± 0.019 

28 FGFR1 75.1 ± 0.7 98.8 ± 0.3 33.1 ± 2.4 0.46 ± 0.015 

29 FKBP1A 51.4 ± 1.5 98.6 ± 0.5 35.3 ± 2.1 0.334 ± 0.013 

30 FLT1 63.0 ± 1.2 98.8 ± 0.2 45.3 ± 1.8 0.449 ± 0.014 

31 FLT4 59.0 ± 1.2 98.3 ± 0.4 35.9 ± 1.8 0.391 ± 0.018 

32 FYN 53.1 ± 2.1 95.0 ± 0.5 36.4 ± 3.1 0.318 ± 0.02 

33 GSK3B 76.0 ± 0.4 98.3 ± 0.3 29.5 ± 1.2 0.422 ± 0.012 

34 HDAC3 60.9 ± 0.6 90.4 ± 1.6 34.6 ± 2.0 0.298 ± 0.013 

35 HRH1 68.4 ± 0.7 98.4 ± 0.5 33.3 ± 1.4 0.43 ± 0.015 

36 HTR2A 84.7 ± 0.5 98.5 ± 0.4 34.7 ± 1.8 0.486 ± 0.023 

37 HTR3A 53.2 ± 1.4 97.0 ± 0.4 33.6 ± 2.0 0.33 ± 0.015 
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38 IGF1R 79.4 ± 0.6 99.4 ± 0.2 33.7 ± 1.9 0.493 ± 0.019 

39 INSR 63.2 ± 1.0 98.4 ± 0.3 35.2 ± 2.1 0.415 ± 0.013 

40 KCNH2 64.5 ± 0.3 97.6 ± 0.2 15.0 ± 0.9 0.237 ± 0.007 

41 KDR 87.0 ± 0.2 98.2 ± 0.2 32.8 ± 1.6 0.453 ± 0.012 

42 LCK 78.9 ± 0.4 98.4 ± 0.7 17.2 ± 2.1 0.297 ± 0.019 

43 LTB4R 52.0 ± 2.2 95.0 ± 1.2 38.0 ± 3.2 0.311 ± 0.017 

44 LYN 55.9 ± 1.3 99.1 ± 0.3 37.2 ± 1.8 0.379 ± 0.014 

45 MAPK1 43.8 ± 1.5 91.4 ± 1.8 17.1 ± 3.3 0.116 ± 0.012 

46 MAPK9 70.3 ± 1.0 99.4 ± 0.1 37.9 ± 2.1 0.483 ± 0.018 

47 MAPKAPK2 60.1 ± 0.9 98.7 ± 0.3 32.9 ± 1.8 0.391 ± 0.01 

48 MET 80.8 ± 0.5 99.1 ± 0.0 33.1 ± 1.6 0.485 ± 0.015 

49 MMP13 74.6 ± 1.3 92.6 ± 1.7 34.2 ± 1.5 0.341 ± 0.036 

50 MMP2 67.3 ± 1.0 91.8 ± 1.4 25.0 ± 1.0 0.231 ± 0.028 

51 MMP3 70.8 ± 1.3 93.1 ± 1.5 33.2 ± 1.9 0.341 ± 0.037 

52 MMP9 70.0 ± 0.8 89.1 ± 1.3 43.1 ± 1.0 0.37 ± 0.019 

53 NEK2 51.0 ± 2.1 96.4 ± 0.9 38.0 ± 3.0 0.311 ± 0.012 

54 NR3C1 57.5 ± 1.0 86.7 ± 0.9 44.9 ± 1.7 0.303 ± 0.007 

55 OPRD1 79.6 ± 0.6 99.0 ± 0.2 31.6 ± 2.4 0.466 ± 0.019 

56 OPRM1 75.7 ± 0.9 98.6 ± 0.5 40.2 ± 3.2 0.509 ± 0.016 

57 P2RY1 56.7 ± 1.3 97.6 ± 1.0 35.4 ± 1.9 0.366 ± 0.018 

58 PAK4 51.8 ± 1.5 97.0 ± 0.2 35.7 ± 2.1 0.324 ± 0.014 

59 PDE4A 61.8 ± 1.7 98.2 ± 0.7 39.5 ± 3.0 0.421 ± 0.019 

60 PDE5A 70.3 ± 0.8 98.0 ± 0.3 32.9 ± 1.9 0.427 ± 0.015 

61 PIK3CA 83.0 ± 0.5 99.6 ± 0.2 44.9 ± 1.8 0.593 ± 0.011 

62 PPARG 57.6 ± 0.8 85.7 ± 0.9 40.9 ± 1.5 0.278 ± 0.01 

63 PTPN1 51.4 ± 0.7 94.4 ± 0.6 21.5 ± 1.2 0.219 ± 0.013 

64 PTPN11 44.6 ± 1.2 89.4 ± 0.9 31.5 ± 1.8 0.197 ± 0.006 

65 PTPN2 46.9 ± 1.2 96.1 ± 0.7 33.0 ± 1.7 0.274 ± 0.006 

66 RAF1 70.9 ± 0.7 98.9 ± 0.3 35.9 ± 1.8 0.464 ± 0.013 

67 RARA 56.9 ± 2.7 86.3 ± 1.3 53.9 ± 3.1 0.234 ± 0.012 

68 RARB 56.5 ± 1.6 95.0 ± 0.7 53.0 ± 1.8 0.264 ± 0.011 

69 ROCK1 69.4 ± 1.2 99.0 ± 0.5 34.9 ± 3.0 0.454 ± 0.018 
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70 RPS6KA5 48.2 ± 2.6 97.8 ± 0.5 37.6 ± 3.2 0.292 ± 0.019 

71 SIRT2 44.5 ± 0.8 91.8 ± 2.1 31.3 ± 1.0 0.217 ± 0.02 

72 SIRT3 44.5 ± 2.6 94.3 ± 3.8 37.8 ± 3.4 0.219 ± 0.015 

73 SLC6A2 75.4 ± 0.6 96.1 ± 0.5 43.6 ± 1.6 0.49 ± 0.013 

74 SLC6A3 73.1 ± 0.3 95.7 ± 0.4 43.8 ± 0.9 0.477 ± 0.004 

75 SLC6A4 83.7 ± 0.3 98.2 ± 0.5 31.6 ± 1.6 0.447 ± 0.015 

76 SRC 73.4 ± 0.5 98.8 ± 0.3 27.2 ± 1.5 0.407 ± 0.014 

77 TACR2 62.8 ± 2.3 96.1 ± 0.2 47.8 ± 3.4 0.429 ± 0.024 

78 TBXA2R 62.7 ± 1.1 94.8 ± 0.5 45.2 ± 1.8 0.413 ± 0.012 

79 TEK 61.0 ± 1.5 98.4 ± 1.3 35.4 ± 3.3 0.404 ± 0.011 

 

Table A19: Results of best-performing models obtained by applying transfer learning of 

developmental toxicity models to human target combined (test + training) datasets 

No. Target ACC (%) SE (%) SP (%) MCC 

1 AChE 63.4 ± 1.9 82.4 ± 4.5 38.1 ± 2.0 0.231 ± 0.041 

2 ADORA2A 73.9 ± 2.2 84.9 ± 3.6 53.1 ± 1.3 0.404 ± 0.044 

3 ADRA2A 69.7 ± 0.4 86.3 ± 0.9 55.8 ± 1.0 0.435 ± 0.007 

4 ADRB1 73.6 ± 1.6 91.8 ± 3.7 52.3 ± 1.7 0.489 ± 0.041 

5 ADRB2 63.2 ± 0.2 85.8 ± 3.3 41.3 ± 2.7 0.303 ± 0.015 

6 AGTR1 68.4 ± 1.5 90.5 ± 3.5 53.3 ± 1.8 0.45 ± 0.038 

7 AKT1 80.4 ± 1.2 93.6 ± 2.5 50.7 ± 2.2 0.512 ± 0.028 

8 AR 54.4 ± 0.5 79.3 ± 3.1 45.4 ± 1.4 0.224 ± 0.019 

9 AVPR1A 66.8 ± 2.1 85.8 ± 6.3 55.8 ± 1.4 0.409 ± 0.061 

10 BACE1 77.8 ± 1.5 92.0 ± 2.9 45.1 ± 2.0 0.435 ± 0.035 

11 BCHE 59.5 ± 1.8 78.0 ± 5.1 47.4 ± 0.9 0.258 ± 0.05 

12 CASP1 47.1 ± 0.6 75.9 ± 9.5 34.8 ± 4.7 0.108 ± 0.051 

13 CASP3 61.0 ± 2.0 77.8 ± 9.9 50.2 ± 3.1 0.283 ± 0.076 

14 CASP8 57.1 ± 2.1 66.9 ± 12.7 54.2 ± 1.4 0.177 ± 0.098 

15 CHRM1 70.6 ± 2.2 84.0 ± 4.6 48.9 ± 1.9 0.356 ± 0.044 

16 CHRM2 65.5 ± 0.4 79.5 ± 1.7 54.1 ± 1.2 0.343 ± 0.011 

17 CHRM3 69.0 ± 1.5 82.0 ± 3.5 51.0 ± 1.6 0.35 ± 0.031 

18 CHRM5 67.4 ± 0.7 90.3 ± 1.3 53.1 ± 1.3 0.439 ± 0.013 
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19 CHUK 64.1 ± 0.7 92.6 ± 2.2 55.6 ± 1.3 0.407 ± 0.013 

20 CSF1R 73.2 ± 3.1 86.6 ± 6.3 56.1 ± 1.2 0.457 ± 0.068 

21 CSNK1D 66.7 ± 1.6 82.3 ± 5.1 56.0 ± 1.3 0.384 ± 0.045 

22 DRD1 69.3 ± 0.8 90.2 ± 1.6 55.0 ± 1.3 0.461 ± 0.017 

23 DRD2 88.2 ± 1.4 95.9 ± 1.9 49.6 ± 1.2 0.532 ± 0.042 

24 EDNRA 66.1 ± 1.3 77.2 ± 3.3 53.6 ± 1.9 0.319 ± 0.027 

25 EDNRB 64.2 ± 1.6 81.0 ± 5.0 53.2 ± 1.2 0.342 ± 0.047 

26 ELANE 70.1 ± 1.9 81.4 ± 2.6 52.5 ± 3.9 0.355 ± 0.043 

27 EPHA2 67.4 ± 0.8 92.3 ± 4.2 55.5 ± 1.4 0.457 ± 0.033 

28 FGFR1 76.1 ± 2.4 90.2 ± 4.7 50.9 ± 2.2 0.462 ± 0.051 

29 FKBP1A 63.2 ± 1.2 95.1 ± 2.4 52.0 ± 1.5 0.422 ± 0.025 

30 FLT1 63.9 ± 2.2 80.8 ± 7.4 55.1 ± 1.2 0.346 ± 0.068 

31 FLT4 67.8 ± 1.5 86.8 ± 5.6 56.0 ± 1.4 0.427 ± 0.049 

32 FYN 62.9 ± 1.2 81.9 ± 6.5 55.5 ± 1.5 0.337 ± 0.05 

33 GSK3B 72.0 ± 2.9 83.2 ± 4.9 49.2 ± 1.2 0.344 ± 0.052 

34 HDAC3 58.6 ± 4.7 62.7 ± 11.1 54.9 ± 1.3 0.178 ± 0.104 

35 HRH1 74.0 ± 0.9 93.3 ± 2.3 51.8 ± 1.2 0.504 ± 0.024 

36 HTR2A 83.9 ± 1.2 91.6 ± 1.7 55.6 ± 1.2 0.501 ± 0.027 

37 HTR3A 61.5 ± 1.0 77.1 ± 3.1 54.8 ± 1.4 0.294 ± 0.025 

38 IGF1R 79.6 ± 2.9 91.0 ± 4.8 54.6 ± 1.7 0.505 ± 0.062 

39 INSR 66.3 ± 2.6 79.8 ± 7.1 55.2 ± 1.4 0.359 ± 0.066 

40 KCNH2 65.5 ± 0.6 89.4 ± 2.2 29.5 ± 2.3 0.242 ± 0.017 

41 KDR 75.1 ± 3.7 80.3 ± 4.8 49.6 ± 1.9 0.262 ± 0.041 

42 LCK 70.0 ± 4.1 77.4 ± 6.0 45.3 ± 3.0 0.217 ± 0.047 

43 LTB4R 56.3 ± 1.7 55.7 ± 9.6 56.6 ± 1.4 0.107 ± 0.073 

44 LYN 64.0 ± 1.5 82.6 ± 6.8 55.9 ± 1.2 0.356 ± 0.056 

45 MAPK1 53.9 ± 1.4 72.6 ± 3.5 43.4 ± 3.9 0.158 ± 0.014 

46 MAPK9 68.5 ± 2.1 79.9 ± 4.7 55.5 ± 1.2 0.368 ± 0.046 

47 MAPKAPK2 67.7 ± 1.0 90.1 ± 2.6 51.7 ± 1.7 0.434 ± 0.025 

48 MET 75.7 ± 5.7 84.5 ± 8.3 53.6 ± 1.4 0.398 ± 0.093 

49 MMP13 71.0 ± 2.6 79.1 ± 4.6 53.5 ± 1.7 0.33 ± 0.04 

50 MMP2 69.1 ± 1.4 83.7 ± 2.9 43.5 ± 2.6 0.298 ± 0.029 
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51 MMP3 73.3 ± 2.1 86.6 ± 3.8 50.7 ± 1.6 0.406 ± 0.048 

52 MMP9 67.7 ± 1.3 78.2 ± 2.2 53.1 ± 1.3 0.324 ± 0.025 

53 NEK2 61.1 ± 1.7 80.5 ± 10.8 55.7 ± 1.4 0.301 ± 0.081 

54 NR3C1 55.2 ± 0.8 76.6 ± 3.2 45.9 ± 1.3 0.212 ± 0.026 

55 OPRD1 75.3 ± 3.8 86.2 ± 5.9 48.4 ± 2.0 0.375 ± 0.077 

56 OPRM1 72.8 ± 2.5 88.0 ± 4.5 49.0 ± 1.5 0.412 ± 0.056 

57 P2RY1 60.4 ± 0.9 69.8 ± 3.7 55.6 ± 1.3 0.241 ± 0.029 

58 PAK4 63.5 ± 0.6 87.4 ± 5.5 55.2 ± 1.5 0.375 ± 0.038 

59 PDE4A 63.7 ± 2.0 76.0 ± 6.5 55.9 ± 1.5 0.314 ± 0.056 

60 PDE5A 64.9 ± 1.3 73.9 ± 2.9 52.9 ± 1.5 0.275 ± 0.026 

61 PIK3CA 72.9 ± 5.1 81.7 ± 7.9 53.1 ± 1.8 0.359 ± 0.082 

62 PPARG 52.8 ± 2.2 70.6 ± 6.2 42.1 ± 1.7 0.128 ± 0.061 

63 PTPN1 56.9 ± 1.2 75.2 ± 6.8 44.5 ± 3.6 0.203 ± 0.044 

64 PTPN11 57.6 ± 0.8 75.9 ± 6.5 52.3 ± 1.5 0.237 ± 0.045 

65 PTPN2 57.1 ± 0.9 69.4 ± 6.7 53.7 ± 2.0 0.191 ± 0.043 

66 RAF1 70.1 ± 2.7 81.3 ± 5.7 56.2 ± 1.9 0.392 ± 0.057 

67 RARA 61.3 ± 1.3 70.0 ± 2.2 60.3 ± 1.7 0.183 ± 0.006 

68 RARB 58.8 ± 1.2 77.2 ± 3.7 57.2 ± 1.5 0.189 ± 0.017 

69 ROCK1 71.8 ± 1.8 86.8 ± 4.2 54.5 ± 1.1 0.441 ± 0.044 

70 RPS6KA5 61.5 ± 0.8 83.9 ± 8.6 56.6 ± 1.2 0.31 ± 0.058 

71 SIRT2 56.5 ± 1.2 74.1 ± 10.4 51.5 ± 2.3 0.214 ± 0.072 

72 SIRT3 59.4 ± 1.0 77.5 ± 11.8 56.8 ± 1.7 0.226 ± 0.069 

73 SLC6A2 76.6 ± 0.9 91.3 ± 2.6 54.6 ± 1.6 0.507 ± 0.024 

74 SLC6A3 75.5 ± 0.5 91.3 ± 1.8 54.7 ± 1.6 0.505 ± 0.014 

75 SLC6A4 85.3 ± 1.6 94.4 ± 2.2 53.0 ± 1.5 0.538 ± 0.043 

76 SRC 71.7 ± 2.7 86.2 ± 5.5 46.0 ± 3.5 0.359 ± 0.051 

77 TACR2 65.7 ± 1.6 85.9 ± 5.8 56.5 ± 1.4 0.398 ± 0.052 

78 TBXA2R 63.4 ± 1.7 78.3 ± 5.6 55.5 ± 1.1 0.324 ± 0.05 

79 TEK 62.6 ± 1.8 74.4 ± 5.6 54.5 ± 1.3 0.288 ± 0.049 

 

Table A20: Results of best-performing models obtained by applying transfer learning of 

reproductive toxicity models to human target combined (test + training) datasets 
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No. Target ACC (%) SE (%) SP (%) MCC 

1 AChE 64.2 ± 0.3 94.1 ± 1.3 24.5 ± 1.9 0.266 ± 0.009 

2 ADORA2A 80.1 ± 0.6 98.7 ± 0.2 45.0 ± 1.7 0.561 ± 0.013 

3 ADRA2A 63.2 ± 0.7 96.4 ± 0.6 35.6 ± 1.4 0.391 ± 0.01 

4 ADRB1 68.2 ± 0.7 97.1 ± 0.5 34.5 ± 1.7 0.414 ± 0.015 

5 ADRB2 57.9 ± 0.5 95.6 ± 0.4 21.5 ± 1.3 0.254 ± 0.008 

6 AGTR1 59.4 ± 1.7 96.1 ± 1.0 34.4 ± 3.4 0.362 ± 0.017 

7 AKT1 78.9 ± 0.8 99.1 ± 0.2 33.1 ± 3.2 0.479 ± 0.023 

8 AR 55.6 ± 1.1 87.4 ± 0.4 44.1 ± 1.7 0.291 ± 0.01 

9 AVPR1A 59.3 ± 1.2 98.8 ± 0.3 36.3 ± 1.9 0.4 ± 0.016 

10 BACE1 80.1 ± 0.7 98.8 ± 0.3 37.1 ± 3.0 0.506 ± 0.019 

11 BCHE 60.5 ± 1.5 93.1 ± 1.2 39.2 ± 3.1 0.358 ± 0.015 

12 CASP1 38.9 ± 0.5 97.3 ± 0.9 13.9 ± 0.9 0.168 ± 0.011 

13 CASP3 52.0 ± 0.6 95.7 ± 0.4 23.8 ± 1.0 0.259 ± 0.009 

14 CASP8 49.1 ± 2.3 95.3 ± 0.9 35.6 ± 3.1 0.286 ± 0.019 

15 CHRM1 72.0 ± 0.5 96.0 ± 0.3 33.1 ± 1.1 0.395 ± 0.012 

16 CHRM2 66.9 ± 0.4 94.4 ± 0.4 44.8 ± 0.8 0.438 ± 0.007 

17 CHRM3 69.8 ± 0.6 95.7 ± 0.9 34.2 ± 1.2 0.394 ± 0.016 

18 CHRM5 59.0 ± 0.8 95.2 ± 0.6 36.3 ± 1.5 0.358 ± 0.009 

19 CHUK 50.7 ± 2.1 97.6 ± 0.9 36.8 ± 3.0 0.318 ± 0.012 

20 CSF1R 71.7 ± 1.1 99.0 ± 0.3 37.0 ± 3.0 0.477 ± 0.018 

21 CSNK1D 62.2 ± 1.6 97.7 ± 0.7 37.6 ± 3.1 0.412 ± 0.017 

22 DRD1 66.5 ± 1.7 94.5 ± 0.9 47.5 ± 3.4 0.447 ± 0.02 

23 DRD2 87.9 ± 0.3 98.8 ± 0.3 33.3 ± 2.7 0.482 ± 0.019 

24 EDNRA 67.7 ± 0.5 98.8 ± 0.5 32.9 ± 1.2 0.431 ± 0.012 

25 EDNRB 59.1 ± 1.5 99.5 ± 0.5 32.6 ± 2.9 0.393 ± 0.015 

26 ELANE 68.8 ± 0.3 96.0 ± 0.5 26.6 ± 0.9 0.329 ± 0.008 

27 EPHA2 56.8 ± 2.0 98.7 ± 0.4 36.7 ± 3.0 0.381 ± 0.019 

28 FGFR1 75.3 ± 0.5 99.2 ± 0.1 32.5 ± 1.7 0.465 ± 0.013 

29 FKBP1A 51.5 ± 1.6 98.7 ± 0.5 34.9 ± 2.2 0.335 ± 0.015 

30 FLT1 63.9 ± 1.1 98.9 ± 0.1 45.6 ± 1.7 0.46 ± 0.013 

31 FLT4 60.4 ± 1.7 97.7 ± 0.7 37.1 ± 3.1 0.399 ± 0.018 
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32 FYN 52.7 ± 1.4 96.1 ± 0.4 35.7 ± 1.9 0.323 ± 0.016 

33 GSK3B 75.6 ± 0.4 98.3 ± 0.3 29.5 ± 1.3 0.421 ± 0.013 

34 HDAC3 61.2 ± 1.1 90.9 ± 2.1 33.8 ± 3.2 0.298 ± 0.023 

35 HRH1 68.2 ± 0.8 98.0 ± 0.4 33.9 ± 1.7 0.424 ± 0.015 

36 HTR2A 84.9 ± 0.5 98.6 ± 0.3 34.8 ± 2.0 0.491 ± 0.022 

37 HTR3A 52.5 ± 1.3 96.2 ± 0.6 33.8 ± 2.0 0.318 ± 0.013 

38 IGF1R 78.9 ± 0.7 99.1 ± 0.3 34.7 ± 2.8 0.492 ± 0.018 

39 INSR 63.8 ± 0.9 98.6 ± 0.3 35.5 ± 1.8 0.422 ± 0.012 

40 KCNH2 64.7 ± 0.2 98.1 ± 0.2 14.4 ± 0.8 0.242 ± 0.005 

41 KDR 87.2 ± 0.2 98.3 ± 0.1 32.4 ± 1.7 0.454 ± 0.013 

42 LCK 79.3 ± 0.5 98.2 ± 0.7 16.8 ± 2.2 0.284 ± 0.025 

43 LTB4R 52.2 ± 2.0 94.9 ± 1.3 37.8 ± 3.0 0.312 ± 0.014 

44 LYN 55.3 ± 1.3 98.7 ± 0.3 36.5 ± 1.9 0.369 ± 0.014 

45 MAPK1 43.9 ± 1.4 91.4 ± 1.9 17.3 ± 3.3 0.12 ± 0.01 

46 MAPK9 69.6 ± 0.9 99.5 ± 0.1 35.8 ± 1.9 0.468 ± 0.015 

47 MAPKAPK2 60.1 ± 0.9 98.6 ± 0.3 32.6 ± 1.7 0.388 ± 0.009 

48 MET 80.5 ± 0.6 99.0 ± 0.3 34.0 ± 2.8 0.488 ± 0.018 

49 MMP13 74.0 ± 1.2 92.8 ± 1.5 33.6 ± 1.4 0.34 ± 0.033 

50 MMP2 67.3 ± 1.1 91.7 ± 1.5 24.8 ± 1.0 0.226 ± 0.031 

51 MMP3 70.7 ± 1.4 92.8 ± 1.6 33.3 ± 1.8 0.337 ± 0.038 

52 MMP9 69.1 ± 0.8 88.4 ± 1.3 42.2 ± 0.9 0.352 ± 0.02 

53 NEK2 50.2 ± 2.2 96.6 ± 0.8 37.2 ± 3.0 0.306 ± 0.014 

54 NR3C1 57.8 ± 1.0 87.3 ± 0.9 45.0 ± 1.7 0.311 ± 0.008 

55 OPRD1 79.5 ± 0.7 99.0 ± 0.2 31.4 ± 2.6 0.465 ± 0.021 

56 OPRM1 76.1 ± 0.9 98.4 ± 0.6 41.1 ± 3.2 0.513 ± 0.015 

57 P2RY1 56.9 ± 1.4 97.7 ± 0.8 36.2 ± 2.0 0.371 ± 0.019 

58 PAK4 52.1 ± 2.1 97.2 ± 0.7 36.6 ± 3.0 0.329 ± 0.014 

59 PDE4A 61.7 ± 1.7 98.3 ± 0.6 38.2 ± 3.0 0.418 ± 0.019 

60 PDE5A 70.0 ± 0.7 98.2 ± 0.3 32.8 ± 1.7 0.429 ± 0.012 

61 PIK3CA 82.8 ± 0.5 99.7 ± 0.1 44.4 ± 1.8 0.589 ± 0.011 

62 PPARG 57.9 ± 0.8 85.5 ± 0.9 41.3 ± 1.6 0.28 ± 0.01 

63 PTPN1 50.9 ± 0.5 94.6 ± 0.6 21.4 ± 0.9 0.22 ± 0.011 
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64 PTPN11 44.5 ± 1.4 89.4 ± 0.4 31.4 ± 1.9 0.197 ± 0.012 

65 PTPN2 45.5 ± 1.2 95.3 ± 0.6 31.6 ± 1.7 0.255 ± 0.006 

66 RAF1 71.2 ± 0.7 99.0 ± 0.3 36.6 ± 1.8 0.472 ± 0.013 

67 RARA 56.9 ± 3.0 86.9 ± 1.1 53.6 ± 3.4 0.242 ± 0.016 

68 RARB 56.3 ± 2.9 93.7 ± 1.7 53.0 ± 3.3 0.256 ± 0.011 

69 ROCK1 69.7 ± 1.2 99.2 ± 0.5 35.6 ± 2.9 0.463 ± 0.018 

70 RPS6KA5 48.3 ± 2.4 97.7 ± 0.6 37.7 ± 3.0 0.291 ± 0.015 

71 SIRT2 44.0 ± 0.8 91.4 ± 2.0 30.7 ± 1.1 0.208 ± 0.018 

72 SIRT3 44.0 ± 2.4 91.5 ± 4.9 37.3 ± 3.4 0.201 ± 0.021 

73 SLC6A2 75.3 ± 0.5 96.1 ± 0.5 44.2 ± 1.5 0.493 ± 0.011 

74 SLC6A3 73.2 ± 0.8 95.6 ± 0.3 43.8 ± 1.8 0.476 ± 0.015 

75 SLC6A4 83.6 ± 0.4 98.1 ± 0.4 32.0 ± 1.6 0.448 ± 0.019 

76 SRC 72.9 ± 0.5 98.8 ± 0.3 27.3 ± 1.3 0.406 ± 0.012 

77 TACR2 63.8 ± 2.3 96.8 ± 0.3 48.7 ± 3.4 0.445 ± 0.024 

78 TBXA2R 61.5 ± 1.1 94.5 ± 0.6 44.1 ± 1.8 0.398 ± 0.012 

79 TEK 61.5 ± 1.4 98.4 ± 1.1 35.7 ± 3.0 0.408 ± 0.011 

 

Figure A16: A plot showing the optimal number of clusters for k-means clustering for the 

misclassified developmental toxicity data in Table 23 
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Figure A17: A plot showing the optimal number of clusters for k-means clustering for the 

misclassified reproductive toxicity data in Table 23 

 

 

 


