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Using Machine Learning to Individualize 
Treatment Effect Estimation: Challenges  
and Opportunities
Alicia Curth1,* , Richard W. Peck2,3 , Eoin McKinney4,5 , James Weatherall6  and  
Mihaela van der Schaar1,5,7

The use of data from randomized clinical trials to justify treatment decisions for real-world patients is the current 
state of the art. It relies on the assumption that average treatment effects from the trial can be extrapolated to 
patients with personal and/or disease characteristics different from those treated in the trial. Yet, because of 
heterogeneity of treatment effects between patients and between the trial population and real-world patients, this 
assumption may not be correct for many patients. Using machine learning to estimate the expected conditional 
average treatment effect (CATE) in individual patients from observational data offers the potential for more accurate 
estimation of the expected treatment effects in each patient based on their observed characteristics. In this review, 
we discuss some of the challenges and opportunities for machine learning to estimate CATE, including ensuring 
identification assumptions are met, managing covariate shift, and learning without access to the true label of 
interest. We also discuss the potential applications as well as future work and collaborations needed to further 
improve identification and utilization of CATE estimates to increase patient benefit.

Healthcare professionals try to make treatment decisions about 
individual patients using the best available evidence. In such 
evidence-based medicine, the data informing these individual 
patient decisions often comes from randomized clinical trials 
(RCTs) in populations of patients who have the same disease as 
the patient needing treatment now. The underlying assumption 
is that the patient needing treatment is similar to those studied in 
the clinical trials and will respond in a similar manner. Yet, this 
assumption is often not correct and there would be great benefit 
in having better methods to estimate expected effect in each indi-
vidual patient. Such methods could be developed either during tri-
als of novel medicines or from real-world evidence generated after 
approval, and – assuming they provide a net benefit – accompany 
those medicines as they are approved and embedded in healthcare 
systems around the world.

The problems with clinical trial evidence
RCTs remain the founding cornerstone of evidence-based med-
icine. They routinely form the basis of clinical decision making 
and guide health policy development. Yet, this clinical evidence 
base has several fundamental limitations. RCTs constrain recruit-
ment to a limited group of clinically homogenous patients, limit-
ing the impact of confounding conditions but also our ability to 
extrapolate results to excluded patient groups. Older patients and 
those with comorbidities (populations that substantially overlap) 
are routinely excluded from RCTs,1,2 yet, they are increasingly the 

very population we need to treat. Staggeringly, more than half 
of RCTs exclude at least 75% of the potentially treatable popu-
lation.3,4 Despite these limitations, the evidence generated from 
RCTs is routinely extrapolated to excluded patients as the only 
alternative is not to use the treatment in them at all.5 Sometimes, 
this extrapolation can be supported by approaches such as bridg-
ing studies, real-world studies, or Bayesian borrowing, although 
on other occasions there is no additional evidence on which to 
base decision making.6

RCTs also allocate all patients to either the intervention or the 
control group (receiving standard of care, a comparator drug, or 
placebo treatment) and seek to identify a difference in the “aver-
age” treatment effect at this group level.7 Thus, another major lim-
itation is that they can only summarize average treatment effects 
across that group: they cannot estimate the individual treatment 
effect for any given patient. Heterogeneity of treatment effects 
(HTEs) are commonly present and commonly ignored in RCTs8–

11 and are often associated with uncorrected traits, such as sex, age, 
and ethnicity. A failure to understand how treatment effects vary 
in these subgroups is both a driver of health inequality and a missed 
opportunity to individualize therapy.

Finally, RCTs identify a “static” treatment effect in a given pop-
ulation at a given time. Both health care and the population being 
treated are, by contrast, constantly evolving and changing. Patient 
demographics change, comorbidity patterns change, and so do 
treatment effects.12 However, once undertaken, it is too expensive 
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and time-consuming for RCTs to be repeated to update clinical 
evidence. The same is true for estimating when, as opposed to if, 
a treatment should be given or indeed to determine when a treat-
ment should be stopped.

Although they have defined modern medicine, RCTs are de-
monstrably not representative of the real-world population that is 
being treated and cannot estimate individual treatment effects or 
re-evaluate them easily over time. However, there is an urgent need 
to develop additional methods that can generate clinical evidence 
where RCTs cannot or will not apply. We argue that novel machine 
learning (ML) methods can be used to overcome these major lim-
itations, creating a real-world evidence base that can augment and 
complement the power of RCTs.

Precision medicine vs. Individualized medicine
Precision medicine approaches – defined as getting the right treat-
ment to the right patient at the right time – are long established 
with approximately one third of new drugs being classed as per-
sonalized medicines due to their targeting of patient subgroups.13 
Even apparently individualized biomarker-based approaches, such 
as testing for gene mutations, are actually about restricting treat-
ment to the subpopulation with the mutation who have the poten-
tial to respond and avoiding treatment of those with no potential 
to respond. Because this is a subgroup of individuals, this remains 
precision medicine but not yet individualized therapy and there is 
usually still substantial HTE within the biomarker positive sub- 
population.14 In some situations, it is possible to make more accu-
rate individual-level predictions to guide therapy. A few drugs are 
suitable for therapeutic drug monitoring using population phar-
macokinetic/pharmacodynamic (PK/PD) models to guide dose 
adjustment to achieve a target concentration associated with an 
increased chance of benefit and/or reduced chance of adverse ef-
fects. Physiologically-based PK modeling (PBPK) can also be used 
to estimate individual patient PK parameters and guide individ-
ualized dose selection to achieve target drug concentrations.15,16 
Quantitative systems pharmacology (QSP) models also bring 
the potential to guide individual treatment decisions delivering 
improved outcomes compared with current standards of care.17 
However, modeling methods, such as PK/PD and PBPK, cannot 
help with the decision of which treatment to use. Furthermore, for 
many diseases, treatment choices follow treatment protocols and 
guidelines derived from populations of patients, with no method 
of accurately estimating the expected effect in each individual pa-
tient to help individualize treatment choices. ML, with its ability 
to identify complex patterns in data, has the potential to change 
this and allow much wider use of data-driven individualized treat-
ment selection.

Challenges and opportunities for ML in individualizing 
treatment effect estimation
Providing treatment decision support to healthcare professionals 
requires methods that can make reliable individual level forecasts 
of the expected effect of each treatment option, ideally at different 
doses, including that of no treatment. Yet, today’s ML methods 
are not usually designed to handle the need to make forecasts of 
treatment effectiveness, in order to decide who to treat, when, and 

with what intervention. One of the main reasons for this is that 
ML methods are particularly good at learning about the status quo 
from existing data to ultimately make outcome predictions that 
are exactly in line with the current distribution of data character-
istics, but usually not designed for tasks that involve the need to 
reason about interventions on the data generating distributions 
leading to counterfactual scenarios, like “What would be the out-
come if I were to change the treatment policy currently in place?,” 
which is exactly what is needed to infer the effects of treatments. 
Additionally, there is another nuanced difference in the intended 
outputs of the two; the goal of standard supervised ML problems 
is the prediction of individual outcomes, whereas the goal of indi-
vidualized treatment effect estimation is the estimation of differ-
ences of outcomes across different treatment levels. With this in 
mind, we therefore discuss the challenges and opportunities for 
the use of ML for forecasting individual treatment responses in 
this paper. (Throughout, we use the word “forecasting” to signify 
that we are interested in a patient’s future under different hypo-
thetical interventions, whereas “prediction” relates to the future 
without considering intervention.) We do so with two goals: on 
the one hand, we highlight that the ML literature on individu-
alized treatment effect estimation has grown rapidly over the last 
years18 and would like to bring solutions already developed therein 
closer to ultimate end-users from the medical domain. On the 
other hand, we re-emphasize that this problem setting inherently 
provides additional challenges that many ML methods are not na-
tively equipped to handle – making it an interesting problem for 
ML researchers to explore further from a technical perspective.

SETUP: ESTIMATING INDIVIDUALIZED TREATMENT 
EFFECTS FROM STATIC OBSERVATIONAL DATA
We consider a standard static treatment effect estimation problem 
setup from observational data as usually formalized within the 
potential outcomes framework.19 We consider datasets of patients 
characterized by pretreatment covariates collected in X – for ex-
ample, age, weight, gender, and other baseline measurements on 
record. In this context, we then wish to estimate the effect a treat-
ment has on an outcome Y for patients with different character-
istics that could be discrete (such as mortality) or continuous (for 
example, change in a clinical severity score). We assume for now 
the simplest setting where outcomes Y and patient characteristics 
X are measured only once. That is, there is no additional tempo-
ral structure to our data, and patients can either receive (A = 1) or 
not receive (A = 0) a treatment of interest; we discuss more com-
plex setups later. Conceptually, when deciding whether a patient 
should receive this treatment, we would then like to compare a 
patient’s potential outcome they would realize without treatment 
Y(0) to their potential outcome they would realize if given treat-
ment Y(1); the difference Y(1)−Y(0) is then their individual treat-
ment effect.

Our main quantity of interest we consider is therefore the con-
ditional average treatment effect (CATE), which is the expected 
difference between the two potential outcomes for an individual 
characterized by covariates X = x.

� (x) = E[Y (1) − Y (0)|X = x]
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This precisely gives us the expected (additive) effect a treatment 
has on the outcome of interest for an individual. This effect is some-
times also referred to as an HTE or individualized treatment effect. 
The term average in CATE just refers to the fact that we consider the 
expected (average) effect for someone characterized by the precise 
covariate profile of interest; it is generally assumed that the covariates 
X are granular enough to characterize individuals rather than just 
subgroups, although this will depend on the range of covariates con-
sidered. For example, considering only a handful of covariates may 
allow estimation of treatment effects by population subgroup (by sex 
or ethnicity, for example). With a larger range of covariates, individ-
ual profiles may be identified, allowing “granular” differentiation of 
responses at the individual level.

Instead of assessing only the change in outcome between the two 
treatment conditions, we may also be interested in making individ-
ualized forecasts of (absolute) outcomes under the two treatment 
conditions:

That is, personalized forecasts of outcome with (μ1(x)) and with-
out (μ0(x)) treatment. These may be of interest in addition to τ (x), 
for example, because an invasive treatment with a large effect τ (x) 
may not need to be given if baseline outcome expectation μ0(x) is 
positive enough. For example, deciding to perform surgery to re-
move a kidney stone may be unnecessary if there is a high chance it 
will be spontaneously passed anyway. Note that due to the linearity 
of expectation, we have that τ (x) = μ1(x) − μ0(x); the problems of 
personalized forecasting of outcomes under different treatments and 
personalized treatment effect estimation are thus inherently linked.

Unfortunately, due to the fundamental problem of causal infer-
ence,20 we can only ever observe one of the two potential outcomes: 
namely Y(A), the one associated with the treatment A ∈ {0, 1} actu-
ally received by a patient: if they were not treated, we have A = 0 so 
we observe Y(0), or if they were treated, we have A = 1 and observe 
Y(1). Information on counterfactuals, what would have happened 
to a patient had they received a different treatment, is thus gener-
ally unavailable in reality. Instead of the ideal tuple (X, Y(0), Y(1)), 
we thus observe datasets consisting of tuples (X, A, Y = Y(A)) in 
practice. Importantly, in this paper, we consider treatment effect 
estimation from observational data where treatments A are not 

assigned completely randomly (note that data from randomized 
experiments can be considered a special case of observational data, 
where the treatment assignment mechanism is known and random-
ized). As we discuss in the following section, we thus allow some 
situations where treatment assignment was influenced by patient 
characteristics (as long as these are recorded).

In the next four sections (see also Table  1), we discuss the re-
sultant challenges and opportunities inherent to estimating μa(x) 
and τ (x). We first discuss identification of effects, then learning 
under distribution shifts, and learning without the label of interest. 
Finally, we discuss the need to move beyond the simple standard 
setup outlined in this section to be able to tackle further complex-
ity encountered in practice.

PROBLEM 1: IDENTIFICATION (BEFORE ANY LEARNING 
STARTS!)
The challenge
Possibly the most crucial challenge inherent in learning to forecast 
in the presence of treatments appears before any actual learning 
starts, namely ensuring identifiability of interventional quanti-
ties from the observed data. That means answering the question 
whether the data at hand can be used at all to learn how to make 
forecasts under intervention, or whether it is too biased to do so. 
Essentially, there needs to be sufficient information in the ob-
served data to tell us something also about the part of the data 
that is unobserved,21 i.e. the counterfactuals. In our context, one 
thus needs to make strong and untestable assumptions on the re-
lationship between the true underlying potential outcomes Y(0) 
and Y(1) and treatment assignment A; namely, that once we are 
controlling for what is measured in X, A does not depend on un-
observed information that also influences Y(a) and there are no 
hidden/unobserved confounders. This ensures that treatment 
assignment is at random when conditioning on observables X, so 
that there is ignorability with respect to the treatment assignment 
mechanism.22 In randomized experiments with successful ran-
domization, this assumption should hold by design.

Further, one generally needs to make assumptions guarantee-
ing sufficient randomness in assignment,22,23 conceptually en-
suring that we could observe each potential outcome for each 
possible patient characteristic X. That is, we need to guarantee 
that each patient characteristic X has non-zero probability of 

�a(x) = E[Y (a)|X = x]

Table 1  The main problems, challenges, and opportunities for the use of ML to estimate individual-level treatment effects

Problem Challenge Opportunities for ML

Identification Ensuring identification assumptions are met 1.	Enabling inclusion of higher dim. controls
2.	Enabling learning from proxy variables
3.	Relaxing assumptions on model specification

Forecasting outcomes for different 
treatments

Handling distribution shifts across 
treatment groups

1.	Use of domain adaptation techniques
2.	Use of methods more robust to shifts

Estimating the effect of  
treatments

Learning without the label of interest 1.	Going beyond “virtual twin” approaches
2.	Creating ML methods that are better targeted at 

personalized effects

Looking beyond the basic static 
setting

Dealing with all the complexities of real data 1.	Building methods that are able to handle multiple 
sources of missingness

2.	Provision of new benchmark tasks

ML, machine learning.
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receiving either treatment (or, more formally, for treatments 
assigned with propensity π(x) = P(A = 1|X = x), we need that 
ϵ < π(x) < 1 − ϵ for some small value ϵ > 0). This overlap, or 
positivity, assumption ensures that we could, in principle, non-
parametrically learn about outcomes for each individual because 
there is a chance that we would observe either potential outcome 
for all types of patients.

This need to make untestable assumptions does not seem to 
appear in standard prediction (or supervised learning) problems 
usually considered in ML. This is because, in standard prediction 
problems, the objective is usually to predict under the same con-
ditions that data were observed,24,25 which is very different from 
forecasting under intervention on data-generating mechanisms, as 
is the setting for treatment effect estimation.

Opportunities for ML
On the one hand, we note that identification really is a data prob-
lem, and not a learning problem, so ensuring that all relevant in-
formation is measured – for example, by consulting with domain 
experts26 – is a task to be taken care of before learning starts, and 
thus important irrespective of the learning method used. On the 
other hand, ML can indirectly help by (i) making these assump-
tions more likely to hold and (ii) relaxing the needed assump-
tions slightly. A popular strategy for trying to ensure ignorability 
is to take a “kitchen sink” approach and to include as much pre-
treatment information into X as possible, making the learning 
problem more challenging through the high dimensionality of 
X. Domain expertise is also important in this context to ensure 
that no variables are included that increase or induce bias27,28 
because this requires expert knowledge of the likely underlying 
causal structure. ML has had great successes in learning good 
representations from high-dimensional and unstructured data, 
thus its ability to learn flexible functions of high-dimensional 
and/or unconventional control variables, for example, clinical 
notes,29 could indirectly help with this challenge. Additionally, 
ML has shown promise to be used with relaxed assumptions that 
allow reconstruction of confounders from proxy variables.30 
Note, however, that the positivity assumptions are progres-
sively harder to satisfy once data become more high-dimensional 
and/or multi-modal.31 ML can help here by learning lower-
dimensional representations of the high-dimensional data in 
which positivity holds.32–34 The conceptually simplest way of 
achieving this would be to use a supervised feature selection 
algorithm, which reduces the number of features used by the 
model by learning whether the observed outcomes depend on 
this feature. More sophisticated approaches would instead learn 
lower-dimensional representations or embeddings of the higher-
dimensional original feature space. Note that, because such 
lower-dimensional representations are learned in a supervised 
manner (i.e., by learning whether the observed outcomes depend 
on this feature), individual outcomes would not be expected to 
vary along dropped dimensions – the correct level of granularity 
needed for individualization will thus be learned by the model. 
Finally, note that ML implicitly helps relaxing other assump-
tions. Treatment effect estimation through covariate adjustment 
usually relies on correct specification of the outcome model, i.e. 

knowing how covariates and treatment impact outcome, to en-
sure identification.35 Being able to rely on flexible data-adaptive 
ML methods ensures that a suitable specification can be learned 
from the data instead of being prespecified.

PROBLEM 2: LEARNING UNDER DISTRIBUTION SHIFT
The challenge
If we can overcome the first challenge by taking all steps to en-
sure that identification is likely to hold, we are able to use ob-
served data to forecast the potential outcomes under different 
treatments, essentially by learning to predict the observed out-
comes, but not without further challenges. Recall that learning 
to predict from data conceptually works by empirical minimiza-
tion of a loss or empirical maximization of a likelihood, which ul-
timately involves trading off model fit across observed instances. 
For example, one usually fits predictive models for continuous 
outcomes, be it a linear regression model or a neural network, by 
minimizing the mean squared error of the predictor across the 
observed (training) sample. However, when we fit a model fa(x) 
for the outcomes Y using the data from the treatment group with 
A = a, where a could indicate either treatment (a = 1) or control 
group (a = 0), to estimate the potential outcome μa(x) in this way 
using observational data, we do so on a population with char-
acteristics distributed proportional to the observed treatment 
propensity π(x). If treatments were not assigned completely ran-
domly, this observational distribution of patient characteristics 
in each treatment group is not equal to the marginal (popula-
tion) distribution of patient characteristics. Yet ultimately it is 
the marginal, not the observational, distribution of patient char-
acteristics that is the target population of interest when we make 
forecasts of treatment outcomes at test or deployment time. This 
problem, an instance of covariate shift studied in the ML liter-
ature,36 means that individuals with high propensity for treat-
ment a are over-represented in the sample when fitting fa(x), so 
that they might get too much weight in the tradeoff of model fit 
across the population. This is known to be especially problem-
atic when models are misspecified.36–38

Opportunities for ML
The problem of covariate shift has been studied at length in the 
ML literature on domain adaptation where all kinds of distri-
bution shifts arise naturally.39 Proposed solutions in this con-
text range from more classical statistical importance weighted 
learning36 to adversarial learning of representations that aim 
to reduce distributional discrepancies.40 Many of these ideas 
have been incorporated into the recent ML literature on HTE 
estimation proposing sophisticated deep learning architectures 
that include novel elements to overcome such distribution shifts 
induced by non-uniform treatment assignment policies.41–46 
Conversely, note that because this covariate shift is particularly 
problematic when models are misspecified, modern ML may 
help with this challenge simply by allowing the use of more flex-
ible models that are less likely to be as misspecified and hence do 
not require to trade off errors across the input space, as backed 
up by recent observations that modern ML methods are more 
robust to covariate shifts.47–49
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PROBLEM 3: LEARNING WITHOUT ACCESS TO THE TRUE 
“LABEL” OF INTEREST
The challenge
Often, we may care about estimating the potential outcomes with 
functions fa(x) only as an intermediate product: they ultimately 
just help us in estimating the CATE as f1(x) – f0(x). This approach 
underlies, for example, the popular virtual twins method50 for 
discovering subgroups from clinical trial data. In an ideal world, 
however, the actual label of interest for the learning problem 
would be the unobserved Y(1) − Y(0). That is, in standard pre-
diction problems, machine learning is usually deployed to learn 
to predict label (i.e., outcome) Y from covariates X – but in the 
CATE estimation problem, the true label of interest is the poten-
tial outcomes difference Y(1) − Y(0), not the individual outcomes 
separately, and we would like to use ML to learn the relationship 
between Y(1) − Y(0) and X directly. Whether we target the poten-
tial outcomes individually to first estimate their expectations and 
then take the difference, the dominant approach in early papers 
on the topic,50,51 or whether we were to target Y(1) – Y(0) directly, 
can matter especially when the potential outcomes are a complex 
function of covariates X while the treatment effect is not. That is, 
if there is a lot of prognostic information, such as risk factors that 
influence outcomes identically regardless of treatment status52 
and relatively little predictive information (effect modifiers), this 
can mean that the hypothetical problem in which Y(1) − Y(0) 
is available for learning would be much easier to solve than the 
two potential outcome regressions separately because much of the 
complexity cancels out once we consider Y(1) − Y(0). Ideally, we 
might sometimes thus actually like to estimate CATE directly 
instead of the two potential outcomes separately. Relatedly, note 
that when estimating the potential outcomes (POs) separately, es-
timation errors can either accumulate or cancel out across the two 
PO predictions – so that, in finite samples, the model with the 
best fit in terms of PO is not necessarily the model with the best 
fit on the CATE. To see this, note that when comparing an esti-
mator that makes small yet different errors in estimating each of 
the two POs to an estimator that makes the same yet larger error 
when estimating both POs, the latter can perform much better in 
estimating the CATE if its errors cancel out perfectly, whereas for 
the former the errors compound.

Opportunities for ML
Much of the recent ML literature on CATE estimation has shown 
that approaches that simply estimate the two potential outcomes 
separately and take CATE equal to their difference, i.e. approaches 
referred to as virtual twins50 or S- and T-learner53, may not be 
optimally targeted at CATE. Targeting of estimators toward the 
estimand of interest, however, has been shown to be crucial in 
the context of (population) average treatment effect estimation in 
the extensive literature on targeted learning.54 One strand of the 
CATE estimation literature53,55–58 has therefore shown the empir-
ical and theoretical advantage of using multistage estimators that 
use pseudo-outcomes constructed using some nuisance parameter 
estimates that are used as surrogates for the unobserved potential 
outcomes contrast Y(1)−Y(0), making use of the fact that learning 
CATE this way converges much faster than through estimation of 

the potential outcomes separately. Another strand of this literature 
has shown that a related effect can be achieved when retargeting 
the inherent inductive, or simplicity, biases of ML methods at the 
CATE, for example by parameterizing or regularizing the CATE 
explicitly in a model that also outputs potential outcome predic-
tions separately.59–61 Relative to approaches that output CATE 
estimates only, this approach would be more suited in applications 
where the absolute value of the potential outcomes is relevant for 
decision making in addition to the estimated treatment effect, as 
in the previously highlighted example with an invasive treatment 
that may not need to be given if the baseline outcome expectation 
is positive enough.

A similar tradeoff applies also to the problem of selecting be-
tween multiple available candidate CATE estimators. Relying only 
on the performance of different estimators in terms of their ability 
to predict factual outcomes may not be the optimal way of choos-
ing between trained models, and more targeted approaches have 
been considered recently.62–66

SCOPING FUTURE RESEARCH AGENDAS: LOOKING BEYOND 
THE STANDARD SETTING
The challenge
Most of the ML literature has only considered a small slice of the 
problems involving treatment effect estimation in practice. In re-
ality, the observed data are often even coarser relative to the true 
forecasting targets of interest. There could be many more than 
two treatment levels, such as multiple treatment options and/or 
doses, and treatment assignment may not be the only source of 
missingness; censoring, competing events, and informative sam-
pling can also lead to additional missing outcome information. 
Thus, one needs to consider identification problems, distribution 
shifts and targeting of estimators in much more generality for a 
much broader class of problems.

Opportunities for ML
Solutions for some specific problems with extended characteristics 
have been considered in the ML literature recently, for example, in 
the context of HTE estimation with missingness in covariates,67 
more complex treatments,68–70 data from multiple sources,71 
(static) survival data with censoring,72,73 or competing risks,74 and 
regular (discrete-time) longitudinal data75–77 or irregular78,79 and 
even informatively sampled,80 continuous-time, time-series data. 
However, unified treatment of settings with more general or uni-
fied missingness patterns is still an open problem in this literature, 
leaving ample room for future method development taking into 
account the sometimes very sparse nature of such data when mul-
tiple sources of missingness are present simultaneously in practice.

We believe that one of the reasons for lack of more general con-
sideration of broader treatment effect estimation problems is that 
the ML literature often inherently relies on the availability of good 
benchmark datasets.81 Test datasets are used to check whether pro-
posed methods perform well in practical scenarios and thus pro-
vide proof-of-concept evidence for their usefulness. In the context 
of treatment effect estimation, the main benchmark datasets that 
are available consider the static binary setup, some of which are 
themselves inherently problematic.82 Thus, good testbeds for any 
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other problems are still lacking and may encourage future method 
development. There is therefore an opportunity for the clinical 
pharmacology and other applied communities to define the re-
search agenda in this context by providing guidance to the machine 
learning community on important problems to consider and ways 
of capturing success therein, such as by providing datasets and asso-
ciated metrics that could be used for future method development.

Finally, there has been some discussion in the literature recently 
on the topic of combining ML and modeling, constituting another 
important avenue for future research. For example, the January 2022 
issue of the Journal of Pharmacokinetics and Pharmacodynamics in-
cluded several articles on the general theme of using ML to assist in 
developing QSP models. There are also examples of integrating a 
model into a ML framework to enable better forecasts of treatment 
effects83 or guidance for dose adjustments84,85 than with either ML 
or the models alone. We are not aware of any examples where mod-
els have been used in combination with ML for CATE estimation 
to improve forecasting accuracy compared with either alone and 
this is an important area for future research with regard to PK/PD, 
QSP, and disease progression models. This may be especially useful 
for those cases where there are relatively small clinical datasets, for 
example, those from some clinical trials.

POTENTIAL APPLICATIONS
Forecasting treatment effects at an individual level has great poten-
tial to transform the utility of observational data for clinical prac-
tice. Physicians currently rely on RCT evidence which, although it 
aims to handle unmeasured confounders through randomization, 
has limitations including HTEs, cost, and time required to per-
form them and limited generalizability of the evidence generated.

CATE estimation based on observational data could comple-
ment current RCT evidence in important ways. Current RCT ev-
idence is routinely extrapolated to most patients who are excluded 
from them. However, accurate forecasting creates the opportunity 
to estimate which of those more complex patients would likely 
benefit from treatment. In this way, existing and new medicines 
could yield a greater overall individual and population-level health 
benefit. Currently, we expect that the clinical utility of a CATE-
based treatment decision algorithm may need to be confirmed in 
an RCT. Such a trial would compare outcomes in a group of pa-
tients where the patient and physician have access to the forecasts 
from the CATE algorithm before making treatment choices, with a 
group where CATE estimates are not used. These trials would have 
as few inclusion/exclusion criteria as possible in order to ensure 
that they represent real-world patients.

CATE estimation could be useful for any disease where there 
are treatment choices, especially those with potentially serious con-
sequences of failing to initiate effective treatment. Many cancers 
could benefit, where patients who will do poorly on first-line ther-
apy could be started straight away on second or later lines of ther-
apy. Rheumatoid arthritis is another example where CATE could 
help guide choosing which patients are best treated with anti-TNF 
drugs or anti-IL-6 to avoid structural joint damage developing 
or worsening, and when in their disease course to initiate them. 
Likewise, patients with severe asthma for which there are now 
several treatment options and where delays to initiating effective 

therapy could lead to patients suffering unnecessary exacerbations 
with a risk of death. CATE could also be useful to better under-
stand the best treatment choices for populations, such as the elderly 
or those with multi-morbidities, who are frequently poorly repre-
sented in or even excluded from clinical trials.

Accurate forecasting also creates the potential to identify repur-
posable drugs where a drug developed for one indication has effi-
cacy in an unrelated context. Hidden confounders are less likely 
with repurposing estimation as there is, by definition, no direct 
relationship between the treatment given and outcome observed. 
As repurposable drugs are typically already in routine clinical use, 
large observational datasets are a potentially rich source of training 
data for this indication.

CATE estimation could also be useful in drug development 
where clinical trial data could be used to develop an algorithm 
enabling estimation of CATE for individual patients receiving the 
drug being studied. CATE would complement the current statisti-
cal analysis of the effect in the population as a whole by providing 
a method to estimate individual treatment effects. If this could be 
done on the rather small datasets available in early development, 
the algorithm developed could be used to identify the patients to 
recruit into the phase III trial as those most likely to respond and/
or to have the largest response. Alternatively, the CATE algorithm 
could be included in a phase III trial to confirm its clinical utility 
compared with treating patients without using information from 
the algorithm. Even if the phase III trial data were needed to de-
velop an informative CATE algorithm, this would still provide a 
useful starting point for subsequent trials to demonstrate prospec-
tively the usefulness of such an algorithm and allow the prescribing 
information to be updated. In any case, because of the previously 
mentioned limitation of RCTs to represent real-world patients, 
further development of the CATE algorithm will be required after 
the drug is on the market to refine it for use in the much wider 
patient population who will be likely to be treated with it. A gen-
eral framework for this continuous refinement and updating has 
already been described.86,87 Ultimately, in addition to statements 
of the population “average” benefit from a new treatment, a future 
product label for a drug with a CATE algorithm might indicate 
how to estimate the expected benefit in each individual patient or 
even require use of the algorithm in order to target the treatment 
to those most likely to have the best response.

Once there are enough clinical data to develop a CATE algo-
rithm, it could be used to create virtual control populations to help 
streamline subsequent clinical trials. Indeed, a good CATE estima-
tor has an advantage over population-based methods for creating 
virtual control populations as it offers the potential to forecast 
what the alternative treatment/control effect would have been in 
exactly the same patients as those receiving the test agent.

Accurate estimation of CATE could also uncover treatment 
efficacy that is otherwise obscured. For example, an RCT which 
does not meet its end point is considered “negative” and typically 
results in the treatment being discarded. However, although this 
means there was no observed difference in average group outcomes, 
there may be individuals that would yet benefit from treatment. 
Applying CATE analyses to RCT data could “salvage” treatments 
by identifying those who will respond and in whom treatment 
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should be considered.50,88 However, application to RCT data in 
this way remains challenging as the approach would be subject to 
all the limitations of RCT described above (small size, restricted 
inclusion criteria minimizing heterogeneity, and therefore poten-
tially treatable subgroups).

Finally, even when the end goal is not to make individualized 
inferences on treatment effects, but rather the study or discovery 
of more aggregate summaries of effect heterogeneity, such as sub-
groups or effect modifiers, strong ML-based CATE estimators 
could be of great use: they could be used to replace less sophisti-
cated estimates that are currently used as inputs to a second stage 
for subgroup discovery50,88 or for effect-modifier discovery.89,90

CHALLENGES AND LIMITATIONS
One of the most important limiting factors to producing high 
quality estimates of individualized treatment effects remains the 
availability of good data. On the one hand, domain expertise is 
needed to make a judgment whether all important variables are 
indeed recorded in the data, so that identifying assumptions are 
likely to hold. If important confounders are likely to be unmea-
sured, point estimation of effects is not possible unless further 
assumptions are made, and standard CATE estimators will out-
put biased estimates. In such cases, it might be possible to produce 
instead a range of estimates for the CATE that are consistent with 
prespecified sensitivity models using recent advances in ML for 
creating prediction intervals under hidden confounding.91–94 On 
the other hand, even if everything important is measured in the 
data, there also needs to be enough of it. Although it is not possi-
ble to make blanket assessments of exact sample sizes needed for 
different methods, the amount of data that are needed to produce 
good estimates generally increases with the number of covariates 
and the flexibility of the ML model. An often-cited rule of thumb, 
for example, suggests that sample sizes should be at least 10 times 
the number of free parameters in a model.95 Most ML CATE esti-
mators have nonetheless been developed and tested on datasets of 
moderate size: the most popular datasets IHDP and ACIC201682 
have around 700 samples with 25 covariates and around 4,800 
samples with 58 features, respectively. As systematic studies of 
sample size requirements have not yet been conducted for CATE 
estimation, future work may want to investigate this question in a 
manner similar to recent efforts in the context of clinical predic-
tion models.96

Conversely, the less data are available, the more regularization 
(i.e., penalties for model complexity) is usually needed to avoid 
heavy overfitting on the training data. Thus, small data set sizes 
can clearly be at odds with some of the strategies discussed in this 
paper, such as the inclusion of higher-dimensional covariates to en-
sure unconfoundedness and the use of more flexible models to mit-
igate the effects of covariate shifts. Especially when one is doubtful 
whether the amount of data collected is sufficient for CATE esti-
mates to be trustworthy, it can therefore be instructive to consult 
recent methods that have been developed to quantify their uncer-
tainty and provide not only point estimates for the CATE but also 
confidence intervals97–99; if such intervals are very wide, this gives 
evidence that there are not enough data to have confidence in the 
individual predicted effects.

Another important challenge is the need to validate model out-
puts. This question is of course also deeply related to the discussion 
above -- model validation strategies are needed to choose between 
different classes of methods (and their hyperparameters) that differ 
in their implied flexibility. Two recent studies comparing different 
model selection criteria for this purpose can be found in references 
65 and 66. Yet, even when a single best final model has been cho-
sen, one may want to validate the obtained CATE estimates against 
available domain knowledge. One way of doing so is to make use of 
RCT evidence as the current gold standard by aggregating CATE 
estimates across individuals that meet the original trial’s eligibil-
ity criteria and comparing this to the published trial results.100 
Another possibility would be to extract effect modifiers discovered 
by the models (for example, using variable importance measures as 
in refs. 89 and 90) and evaluate their plausibility using existing do-
main knowledge.

CONCLUSION
ML holds great potential for individualizing treatment effect es-
timation. However, in this context, much greater care is needed 
than in the standard prediction setting for which most ML meth-
ods were developed originally. Whereas ML expertise is needed 
to ensure smooth implementation of available methods, inclusion 
of domain expertise remains necessary to verify that untestable 
assumptions hold in applications. Further, adjustments for distri-
bution shifts might need to be applied and the use of methods that 
were specifically adapted to target individual treatment effects 
instead of outcome prediction is recommended. It should also be 
recognized that, to be clinically useful, ML methods to estimate 
individual treatment effects do not need to be perfect but only to 
produce a clinically (and statistically) meaningful improvement in 
patient outcomes compared with using RCT data of average pop-
ulation level effect and assuming this correctly represents individ-
ual level effects in all real-world patients.

Validation of estimated individualized effects remains a chal-
lenge due to the fundamental problem of causal inference, and 
some or all of the strategies discussed in this paper might have to be 
applied to ensure the greatest level of trust in outputs. The lack of 
ground truth data for evaluation is also a problem during method 
development, which is why proof-of-concept for newly proposed 
methods is usually provided using simulated data that is often 
lacking grounding in real-world characteristics, and the ML com-
munity is missing good, realistic benchmark data sets to achieve 
meaningful progress on the treatment effect estimation task. There 
is thus an opportunity for the clinical pharmacology and other 
clinical communities to bring domain expertise and provide data 
sets that can act as better testbeds to enable development of even 
better methods, in particular those that are better able to deal with 
further complexities of real-world data.
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