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ABSTRACT: Urinary tract infections (UTIs), which can lead to pyelonephritis, 

urosepsis and even death, are among the most prevalent infectious diseases worldwide, 

with a notable increase in incidence due to the emergence of drug-resistant pathogens. 

Current diagnostic strategies for UTIs, such as urine culture and flow cytometry, require 

time-consuming protocols and expensive equipment. We present here a machine 

learning-assisted colorimetric sensor array based on recognition ligand-functionalized 

Fe single-atom nanozymes for the identification of microorganisms at the order, genus, 

and species levels. Colorimetric sensor arrays are built from the single-atom nanozymes 

(SANs) Fe1-NC functionalized with four types of recognition ligands, generating 

unique microbial identification fingerprints. By integrating the colorimetric sensor 

arrays with a trained computational classification model, the platform can identify more 
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than 10 microorganisms in UTI urine samples within one hour. Diagnostic accuracy up 

to 97% was achieved in 60 UTIs clinical samples, holding great potential for translating 

into clinical practice applications. 

Introduction 

Pathogenic microorganisms that can cause a wide range of infectious diseases pose 

a significant threat to the public health1. Urinary tract infections (UTIs) are common 

diseases caused by the invasion of pathogens in urinary tracts2. They can lead to further 

complications such as pyelonephritis, urosepsis, and even death3, making them among 

the most prevalent infection-related diseases worldwide. The main UTI-related 

pathogens are Gram-negative bacteria (e.g., Escherichia coli), Gram-positive bacteria 

(e.g., Enterococcus faecalis), and fungi (e.g., Candida albicans)4-6. The emergence of 

drug-resistant pathogens has significantly increased the difficulty of treating UTI7, 8 

diseases in recent years. The current standard method for UTIs diagnosis is urine 

culture, which requires multistep protocols and is time-consuming9. Other technologies 

such as high-throughput sequencing and flow cytometry have also been utilized to 

detect microorganism in human urines10, 11. These diagnostic methods face challenges 

due to their complex sample preparation processes, equipment cost, and time 

requirements, hindering their applications.  

Recently, other strategies such as colorimetric dipstick, impedimetric method, and 

microfluidic chip have been reported for pathogens detection in urine samples12. 

Although these methods have the advantages of fast detection, low cost, and high 

selectivity, they cannot achieve the simultaneous identification and analysis of multiple 
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microorganisms in urine samples, underscoring the need for innovative diagnostic 

approaches that can help deliver targeted therapies to reduce the use of antibiotics.  

Optical sensing arrays, built with functionalized nanomaterials, have demonstrated 

great promise as a powerful platform in microbial analysis due to their high sensitivity 

and rapid response13-17. Different optical sensor arrays have been designed for the 

accurate analysis of microbial strains, bacterial biofilms, and gut microbiota18-21. 

However, the biosensor arrays developed to date primarily rely on mechanisms of 

electrostatic or hydrophobic interactions, whereby the optical signals utilized for 

microorganism identification are susceptible to the external environment. Hence, the 

need to explore sensing materials with unique physicochemical properties and anti-

interference ability as a key strategy to achieve accurate microorganism discrimination 

in clinical urine samples. Single-atom Fe-N-C nanozymes with active sites akin to those 

of natural enzymes exhibit excellent enzyme-like activities22. They catalyze the co-

reactive reagent hydrogen peroxide (H2O2) into hydroxyl radicals (.OH), superoxide 

and singlet oxygen, causing 3,3',5,5'-Tetramethylbenzidine (TMB) to transition from 

colorless to blue, and leading to the generation of an absorbance signal23-28. 

Additionally, modifying their surface with recognition ligands endows these 

nanozymes with high selectivity towards specific analytes. Consequently, it is 

anticipated that functionalized Fe-N-C nanozymes could be utilized to develop 

colorimetric sensing arrays for the accurate diagnosis of UTIs in clinical samples.  

With the rapid development of artificial intelligence, the integration of machine 

learning algorithms has been applied to improve the detection capabilities of these 
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sensor arrays29-32. The use of unsupervised algorithms such as PCA, T-SNE and U-

MAP allows to reduce the multidimensional features of complex datasets, and facilitate 

the following supervised learning steps. Additionally, they can reduce the training time 

and improve the learning effectiveness33, 34. More recently, support vector machine, 

random forest and other supervised learning methods have been applied to construct 

the detection model for microbial analysis and disease diagnosis35, 36. Thus, the 

synergistic combination of machine learning algorithms and optical sensing arrays with 

SANs allows to build an intelligent nanoplatform for rapid and reliable identification 

of UTI types.  

In this study, we present the development of a machine learning-assisted 

colorimetric nanoplatform (MCN) based on Fe single-atom catalyst (Fe1-NC) with 

multiple nanozyme properties for clinical diagnosis of UTIs (Fig. 1a). Four-element 

colorimetric sensor arrays are built from different types of recognition ligands including 

boric acid37, antibiotics38, D-alanine acid39 and CTAB40 that are assembled on the 

surface of SANs Fe1-NC, to identify the unique microbial fingerprints (Fig. 1b). 

Chromogenic mechanism of microbial inhibition of Fe1-NC nanozymes is explored. 

Notably, both the Fe and N active sites exhibit a crucial role in the microorganism 

identification. Coupling with U-MAP algorithms (Fig. 1c), the main UTI-related 

microorganisms with varied order, genus and species levels can be accurately 

identified. Furthermore, an SVM algorithm was developed as a mathematical model for 

the classification of healthy people, bacterial, and fungal infectious disease urine 

samples (Fig. 1d), showcasing a diagnostic accuracy up to 97% on 60 clinical samples. 
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This approach represents a significant advancement in UTI diagnostics, offering a 

promising solution for the rapid, accurate, and cost-effective identification of UTIs in 

clinical settings. 

 

Figure 1. Schematic diagram of the intelligent diagnostic nanoplatform based on 

Fe1-NC nanozymes for rapid and accurate diagnosis of UTIs. (a) The situation of 

microbiota in UTIs patients. UTIs are common diseases caused by the direct invasion 

of harmful pathogens in bladder. (b) Construction of colorimetric sensing system for 

microorganism identification based on the four-recognition molecular functionalized 

Fe1-NC nanozymes. (c) The machine learning assisted computational diagnostic model 

for microbiological assay for UTI diagnosis. (d) Performance of the detection model 

for UTI diagnosis. 

a
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Experimental Section/Methods 

Preparation of Fe1-NC and NC nanozymes: Fe1-NC catalyst was prepared with the 

strategy reported in our previous work41. 9 g of melamine, 1.6 g of L-alanine and 0.06 

g of iron (II) acetate were mixed and ball-milled for 5 h to blend them into a 

homogeneous precursor. Then, the obtained precursor was calcinated at high 

temperature in two stages. In the first stage, the precursor was pyrolyzed in a tube 

furnace from 30 oC to 600 oC at a rate of 3 ℃ min-1 and held at 600 oC for 2 h. Then, 

carbonized from 600 oC to 900 oC at a rate of 2 oC min-1 and held at 900 oC under an 

argon atmosphere for 1 h. In the second stage, after cooling down to room temperature, 

the sample was soaked in 1 M HSO4 acid at 80 °C for 24 h. After that, the acid-washed 

sample was heated again at 850 °C undern argon atmosphere for 1 h. Nitrogen-doped 

carbon (NC) catalyst was synthesized by the same procedure without adding iron (II) 

acetate. The specific fabrication steps for four types of recognition ligands 

functionalized on Fe1-NC nanozymes are described in the Supporting Information. 

Microorganism identification: Specific culture method of microorganism is provided 

in the Supporting Information. The microorganism solution was centrifuged 3 times 

(6000 rpm for 5 min) by PBS (0.01 M, pH=7.4), while diluted to the required 

concentration for the assay. Then, 25 μL four types of catalysts (20 μg/mL), 25 μL 

bacteria suspension, 25 μL TMB (5 mM) and 25uL H2O2 (0.1 M) were added into 150 

uL PBS (0.01 M, pH=6.0). After incubating for 30 min at 37°C, the UV-vis absorbance 

(λ=652 nm) of the solution was measured by UV spectrophotometer or microplate 

reader, in which A0 and A represented the colorimetric signal of catalysts in the absence 
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or presence of bacteria, respectively. Each sample was replicated for six times. The 

obtained data were normalized by (A-A0)/A0. Finally, PCA, T-SNE, U-MAP and K-

means were used to process the final dataset with SPSS Modeler 18.0 and Python 

(3.10.4) software. 

Clinical UTIs diagnosis: To construct the mathematical diagnosis model, microarray 

data of patients diagnosed with UTIs were obtained from Zhejiang Cancer Hospital 

(Taizhou District). The UTIs urine samples were first selected and labeled as bacterial 

or fungal infections (40 samples in each category). The diluted urine samples (urine: 

water, 1:10) were added to the sensing system and incubated in 96-well plates at 37°C. 

Following the above experimental steps, the UV-vis absorbance (λ=652 nm) was 

monitored by BioTek microplate reader. Then, the obtained dataset was processed using 

the U-MAP method, reducing the four-dimensional data into two-dimensional. Then, 

we trained a linear SVM algorithm based on this dataset to distinguish between bacterial 

and fungal infections. Finally, 60 UTI samples were selected for the experimental phase 

implementation, to determine the detection performance of the diagnostic model. 

Results and Discussion 

Morphological and structural characterizations 

Fe1-NC catalyst was prepared using the similar synthesis method of A-Ni-NC 

single-atom catalysts reported in our previous work41. The morphology of Fe1-NC 

catalyst was characterized by scanning electron microscope (SEM) and transmission 

electron microscope (TEM), revealing its two-dimensional sheet structure as shown in 
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Figures S1a and S1b. Atomic force microscope (AFM) measurements confirm a similar 

morphology of Fe1-NC with graphene (Fig. 2a) with a thickness of approximately 2.8 

nm. Energy dispersive X-ray (EDX) spectrometer showed that C, N and Fe atoms are 

uniformly distributed throughout the carbon substrate (Fig. 2b). X-ray diffraction 

(XRD) spectrums of Fe1-NC and N-doped carbon (NC) catalyst are reported in Fig. 2c, 

with evidence of only two broad diffraction peaks of amorphous carbon (002) and (004) 

at 26.2° and 44.0°, respectively. Besides, no diffraction peaks of metallic Fe were 

observed for Fe1-NC, indicating that neither Fe-derived particles nor crystalline Fe 

compounds exist in Fe1-NC 42. In addition, high density bright spots in the aberration-

corrected high-angel annular dark-field scanning transmission electron microscopy 

(HAADF-STEM) image of Fe1-NC further confirms that Fe species are atomically 

dispersed on the carbon substrate (Fig. 2d). The content of Fe in Fe1-NC is around 2.2 %, 

quantified by inductive coupled plasma (ICP) emission spectrometer. 

Chemical composition and elemental states of Fe1-NC were investigated by XPS 

(Fig. S2). The binding energies of Fe 2p3/2 and Fe 2p1/2 in Fe1-NC were 709.6 and 722.5 

eV, indicating that the valence of iron species in Fe1-NC are close to +2 as shown in 

Fig. 2e.  The high-resolution N 1s spectra of NC (Fig. 2f) could be deconvoluted into 

four main species, pyridine N (397.8 eV), pyrrole N (399.8 eV), quaternary N (400.8 

eV) and oxidized N (403.1 eV)43. Compared with NC, N 1s spectra of Fe1-NC showed 

an additional Fe-N at 398.7 eV, indicating Fe atom coordinated with N atom. X-ray 

absorption spectroscopy (XAS) was further performed to investigate the oxidation 

number and coordination information of Fe center in Fe1-NC. As shown in Fig. 2g, for 
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Fe1-NC, the absorption edge energy of Fe K edge adsorption is ~ 7180 eV, which is 

close to that of FePc, confirming the +2 valence of Fe in Fe1-NC. The Fourier-

transformed (FT)-EXAFS spectra (Fig. 2h) exhibit a primary peak at around 1.47 Å for 

both Fe1-NC and FePc, which is owing to Fe-N scattering44. Fe-Fe bond at around 2.2 

Å does not appear for Fe1-NC compared with Fe foil, confirming atomic dispersion Fe 

atoms in Fe1-NC. The quantitative structural parameters of Fe in Fe1-NC are obtained 

by the fitting EXAFS curve (Fig. 2i and table S1). Results show the coordination 

numbers of the single Fe atom are 4.68 and 4.20 for FePc and Fe1-NC, respectively, 

with bond distances of 1.82 and 1.98 Å, respectively, indicating Fe atom coordinated 

with four N atoms. Supplementary Fig. S3 shows the k3-weighted k-space spectra of 

different materials. 
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Figure 2. The morphological and structural characterization of Fe1-NC. (a) AFM 

image of Fe1-NC. (b) EDX elemental mapping of Fe1-NC. Scale bars in B are 500 nm. 

(c) XRD pattern of Fe1-NC and NC. (d) AC-HAADF-STEM image of Fe1-NC, scale 

bar in D is 2 nm. (e) Fe 2p high-resolution spectrum of Fe1-NC and FePc. (f) N 1s high-

resolution spectrum of Fe1-NC and NC. (g) K-edge XANES spectra of Fe1-NC, FePc, 

and Fe foil. (h) Fourier-transformed (phase uncorrected) Fe K-edge EXAFS spectra. (i) 

First-shell fitting of the Fourier transformation of the EXAFS spectrum of Fe1-NC (the 

EXAFS spectrum was fitted using the FEFF 8.2 code). Inset: the structure diagram of 

Fe1-NC. 
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Multiple enzyme-like activities of Fe1-NC nanozymes 

Bladder infection is the most common type among UTIs that occur when 

pathogens enter the urethra, and infect the urinary tract (Fig. 1a). The identification of 

microorganism in human urine samples is critical for UTIs diagnosis. Surface chemical 

structural differences of microorganisms such as Gram-positive (G+) bacteria, 

Gram-negative (G-) bacteria and fungi provided theoretical guidance for the 

functionalization of Fe1-NC sensor45, 46, as shown in Fig. 3a. Specific chemical 

complex on microbial surface such as saccharide, protein, peptide, and other 

membrane structures can be identified as recognition molecules for microbial 

discrimination. Multiple enzyme-like activities of Fe1-NC and NC were evaluated 

by colorimetric method with a chromogenic substrate 3,3',5,5'-

tetramethylbenzidine (TMB) as shown in Fig. 3b. The UV-vis absorption 

spectrum of colorless TMB showed no absorption peak in the wavelength range 

of 400~800 nm. After addition of H2O2 (10 mM), NC (2 μg mL-1) and Fe1-NC (2 

μg mL-1) into TMB solution (0.5 mM), separately, absorbance peaks at 652 nm 

were observed with color of solutions turning blue. Results indicated that both 

Fe and N sites could act as catalytic active centers for reactive oxygen species 

(ROS) generation, which can induce TMB oxidation. Among which, absorption 

peak of Fe1-NC mixed with TMB was the highest, indicating the strongest 

enhancement of catalysis of TMB oxidation by Fe active site. To investigate the 

TMB oxidation process, NC and Fe1-NC were mixed with H2O2 as co-reactive 

reagent, both of which showed a darker blue color and enhanced absorbance than 
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that without H2O2. Results suggested that the incorporation of H2O2 could 

significantly increase the effectiveness of the oxidation of TMB. Moreover, Fe1-

NC behaved a much higher catalytic performance than NC, owing to the intrinsic 

activity of SANs. Moreover, during the reaction between Fe1-NC and TMB-H2O2, 

O2 bubbles were clearly observed, which proved that Fe1-NC has catalase (CAT) 

catalytic activity. 

To fully study the mechanism concerning Fe1-NC facilitate TMB 

chromogenic, ROS generated in the catalytic system was investigated by 

Electron Spin Resonance (ESR) spectroscopy. As displayed in Fig. 3c and 3d, 5, 

5-Dietyl-1-Pyrroline -N-oxide (DMPO) and 2, 2, 6, 6-tetramethylpiperidine-1-oxyl 

(TEMPO) were utilized as free radical trap for superoxide radicals (O2˙-) and 

singlet oxygen (1O2). For NC and Fe1-NC, both O2˙- and 1O2 signals were 

captured, which were much stronger than that for H2O2, indicating the oxidase 

(OXD)-like and superoxide dismutase (SOD)-like properties. Results shown NC 

behaved stronger OXD-like properties, while Fe1-NC demonstrated better SOD-

like properties. The signal intensities were significantly strengthened with 

addition of H2O2, which attributed that NC and Fe1-NC could catalyze H2O2 

generating oxygen to promote the production of more O2˙-
 and 1O2, showing 

catalase (CAT)-like property. Besides, Fe single-atom doped of catalyst could 

convert H2O2 into more 1O2 through the Russell mechanism. The peroxidase 

(POD)-like activity was also investigated as shown in Fig. 3e, there were no 

typical hydroxyl radicals (.OH) signals for neither pure H2O2 (gray curve), NC 
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(pale yellow curve), Fe1-NC (bluish violet curve) nor mixture of NC and H2O2 

(dark green curve), indicating non or weak catalytic activity. As for the mixture 

of Fe-NC and H2O2, complex peaks were detected (Fig. 3e, purple curve). This 

might owe to the influence of dissolved O2, which was catalyzed by Fe1-NC to 

produce other radicals. Under N2 atmosphere, as shown in turmeric curve of Fig. 

3e, four resonance peaks were detected with resonance intensities of 1 : 2 : 2 : 1, 

indicating the production of .OH attribute to the POD-like activity of Fe1-NC. 

Results illustrated that NC possessed OXD-like, SOD-like, and CAT-like 

activity. The introduction of Fe active site could further enhance the catalytic 

performance of Fe1-NC, and it also demonstrated POD-like activity, showing 

dual active site of Fe and N in Fe1-NC (Fig. 3f). Hence, the multi-enzyme 

properties of Fe1-NC can significantly boost the sensitivity of the constructed 

colorimetric sensor based on TMB system, which could show merit in 

microorganism infections diagnosis. 

Specific complex chemicals on microbial surface such as saccharide, 

protein, peptide, and other membrane structures can be identified as recognition 

molecules for pathogen discrimination. Nanomaterials with diverse recognition 

ligands can be used for microbial identification at the microorganism-material 

interface. To recognize target microorganisms, four ligands including 

aminobenzeneboronic acid (BA), vancomycin (Van), D-alanine (D-ala) and 

cetyltrimethylammonium bromide (CTAB) were selected to construct the array 

sensing unit.BA was selected as the ligand to realize the classification of 
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microorganisms due to the difference of saccharides on the surface of 

microorganisms. Van can bind with D-ala in the cell wall of G+ bacteria and 

inhibit the synthesis of peptidoglycan. Hence, selecting Van as the ligand can 

achieve G+ bacteria identification. Based on the differences of amino acids 

required for cell wall synthesis between bacteria and fungi, D-ala was selected 

as the ligands to achieve accurate classification. There are numerous phosphate 

groups in the cell wall of microorganisms, and their surface presents negative 

charges under physiological conditions. The ammonium salt CTAB ligand can 

display the difference of surface charge of microorganisms. Diverse recognition 

ligands can reflect the chemical difference of microbial surface 

microenvironment from multiple dimensions, providing a theoretical basis for 

the recognition of microorganisms. In this work, the EDC/NHS cross-linking 

method was utilized to modify the surface of Fe1-NC catalyst with these four 

recognition ligands.  
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Figure 3. Characterization of multi-enzyme activities of Fe1-NC. (a) The surface 

chemistry of three types of microorganisms including G- bacteria, G+ bacteria and 

fungi. (b) UV-vis absorption spectrum of catalytic systems based on Fe1-NC and NC 

in phosphate buffer solution (PBS, pH 6.0, 10 mM). ESR spectrum: (c) TEMPO- 

O2˙- (d) DMPO- 1O2 (e) DMPO-.OH. (f) Schematic of multiple enzyme-like activities 

of Fe1-NC nanozyme for catalyzing H2O2. (g) FTIR spectrum of Fe1-NC and four 

recognition ligand functionalized Fe1-NC; (h) UV-vis absorption spectrum of BA-Fe1-
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NC upon addition of three types of microorganism (OD600 = 0.01) in PBS (pH 6.0, 

10 mM). 

FT-IR analysis was performed to investigate whether the four ligands have 

been successfully modified on Fe1-NC catalyst. As shown in Fig. 3g, peaks at 

709 cm-1 and 800 cm-1 were originated from the bending vibration of the benzene 

ring on the phenylboronic acid and the stretching vibration of C-B, respectively. 

The peak at 2927 cm-1 was derived from the C-H stretching vibration on alkanes 

in CTAB and BA. The stretching vibration band of -NH- at 3370 cm-1 is the 

characteristic of Van and D-ala ligand. Furthermore, the surface ligands on Fe1-

NC were investigated by XPS spectroscopy (Fig. S4). The specific Cl 2p peak of 

Van-Fe1-NC and B 1s peak of BA-Fe1-NC were displayed in Fig. S5a and Fig. 

S5b, respectively, which fully indicated that BA as well as Van were successfully 

modified in Fe1-NC. As shown in Table S2, the content of N and O elements in 

Fe1-NC were significantly increased with the modification of CTAB and D-ala, 

confirming that these two ligands were modified on Fe1-NC. The above results 

suggested that these four diverse ligands functionalized Fe1-NC were 

successfully prepared.  

SEM analysis were conducted to explore the specific binding between Fe1-NC and 

the above three microorganism. We selected BA-Fe1-NC as the representative sensing 

units. All the microbial cells aggregated together with BA-Fe1-NC as bridges, and some 

of them were even buried with BA-Fe1-NC “coatings” (Fig. S6). This phenomenon 

proved that the prepared functionalized Fe1-NC has excellent binding ability toward 
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target microorganism. The catalytic activity of the ligand-functionalized catalysts 

was also investigated, which did not change significantly compared with Fe1-NC 

(Fig. S7). Subsequently, E. coli O157:H7 (G-), E. faecalis (G+), and C. albicans 

(fungi) were selected as representatives to examine the changes in the catalytic 

performance of functionalized Fe1-NC after incubation with microorganism. Firstly, the 

unmodified Fe1-NC was determined after incubation of microorganism. It is worth 

noting that the absorbance of Fe1-NC catalyst did not change significantly upon 

addition of microorganism (Fig. S8a). However, the absorbance value of the BA-

functionalized Fe1-NC catalyst significantly decreased following the addition of the 

target microorganism, as illustrated in Fig. 3h. The introduction of three types of 

microorganisms – E. coli O157:H7 (G-), E. faecalis (G+), and C. albicans (fungi) – 

resulted in a varied rduction in absorbance, attributable to the specific biomolecules 

present on their surfaces. Results showed that Van, CTAB and D-ala functionalized 

Fe1-NC induced similar trends with BA-Fe1-NC upon incubation with different 

microorganisms (Fig. S8b-d). To further explore the N active site on the sensing 

system, the catalytic performance of the four ligands functionalized NC was 

investigated (Fig. S9), which reported a similar phenomenon of Fe1-NC but weaker 

effect. Notably, both the Fe and N active sites displayed a crucial role in the 

microorganism discrimination. These observations provided the foundation for the 

following UTI diagnosis. 
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Construction of taxonomic models for microbial identification 

More than 10 microorganisms were selected as the target analyte, including G- 

bacteria and G+ bacteria and fungi, which accounted for more than 90% of the 

microorganisms in human urine with UTIs (Table S3). To improve the discrimination 

ability of the sensing array, the experimental conditions for sensing including pH effect 

of PBS, reaction time, and concentration of Fe1-NC were carefully investigated. E. coli 

O157:H7 and BA-Fe1-NC was chosen as the representatives, respectively. By mixing 

a series of PBS with different pH values with E. coli, the optimal colorimetric signal 

was obtained at pH 6.0 (Fig. S10a). The reactions of Fe1-NC to E. coli took around 30 

min to reach equilibria (Fig. S10b). In addition, the colorimetric response of Fe1-NC 

toward E. coli reached the most sensitive response with a concentration of 20 ug/mL 

(Fig. S10c). In subsequent experiments, these optimized conditions were employed for 

the analysis of microorganisms. Colorimetric sensor based on Fe1-NC catalyst was 

applied to evaluate the common microorganisms in human urine. As expected, the 

functionalized Fe1-NC displayed various binding ability to target microorganism and 

generated the unique colorimetric signal fingerprints for microbial classification (Fig. 

S11). The specific colorimetric response of these four functionalized Fe1-NC towards 

G- bacteria, G+ bacteria and fungi were shown in Fig. 4a. BA-Fe1-NC and CTAB-Fe1-

NC displayed the sensitive response to fungi, while Van-Fe1-NC and D-ala-Fe1-

NC were willing to bind with G+ bacteria. This phenomenon was attributed to 

the chemical structure of microorganisms and the surface ligand properties of 

Fe1-NC. 
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There might be different concentrations and various types of microbial samples in 

clinical diagnosis of urinary tract infectious diseases, which were investigated in detail 

to study the discriminative capability of the sensing system. E. coli O157: H7 at a wide 

concentration range from OD600 = 0.00001 to 0.1 can be well classified, both in PBS 

(Fig. 4b) and human urine (Fig. 4c). The samples with microbial concentration in urine 

higher than 105 cfu/mL (OD600= 0.0001) are diagnosed as UTIs. The system could 

realize the microbial detection as low as 104 cfu/mL (OD600= 0.00001), which showed 

the potential application in actual samples. Then, the mixtures of E. coli and S. aureus 

were selected as the analyte to investigate the classification performance of the 

proposed sensor for coexisting microorganism. The U-MAP plots displayed that the 

mixtures of analyte were completely separated, five blended microorganism samples 

could be reasonably clustered and assigned to respective groups (Fig. 4d). For the 

mixtures of various types of E.coli strains, the sensor could achieve accurate 

identification and group them appropriately in the order of molar ratios (Fig. 4e). We 

also investigated the recognition of the sensing system for the mixtures of E. coli and 

S. aureus, and the mixtures of various types of E.coli strains in human urine 

environments. The sensor array has successfully realized the discrimination of the 

microbial mixtures even in human urine samples (Fig. S12). Considering that the 

surface chemical structure of the microorganism might be affected by the local growth 

environment, numerous samples should be measured to increase the accuracy of 

microbial fingerprint data. Then, we investigated glucose (50 mM), Na+ (150 mM), 

K+ (90 mM), Ca2+ (3 mM), urea (4mM), human serum albumin (10mg/ml), 



 21 

ascorbic acid (50 μM), uric acid (150 μM) and other common interfering 

substances on the colorimetric sensing system (Fig. 4f). The effect of common 

thiolate compounds on the sensing system was also evaluated. Cysteine (50 μM) 

and glutathione (5 μM) have negligible effects on the colorimetric signal of the 

system (Fig. S13). As shown in Fig. 4g, the impact of these substances on the 

system could be negligible, indicating good selectivity. In addition, the features 

of four functionalized Fe1-NC by the same microorganism showed no significant 

difference after stored for different days, indicating the stability of nanoplatform 

(Fig. S14). Results indicated four types of functionalized Fe1-NC could be 

utilized as the colorimetric sensing array for UTIs diagnosis. 

Subsequently, a taxonomic model was constructed owing to the multiple enzyme 

properties of Fe1-NC for target microorganism discrimination. Firstly, three types of 

unsupervised dimension-reducing algorithms, including PCA, T-SNE and U-MAP 

were selected to evaluate the discrimination of microorganism by the colorimetric 

sensing system. The colorimetric signals were measured 6 times for each analyte, 

producing 4 channels × 10 analytes × 6 replicates data set for the microbial taxonomic 

classification. The four-dimensional optical signals were reduced into a 2D plot by 

dimensionality reduction with the above algorithms. The first two canonical factors 

after dimensionality reduction were visualized as a 2D plot, which accurately exhibits 

numerous isolated clusters. Then we chose the K-means algorithm, a clustering 

algorithm that classifies analytes based on the Euclidean distance of the target to the 

central point, to investigate the classification of microbial strains by three algorithms 
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(Fig. S15a-c). For microbial classification at species level, T-SNE and U-MAP 

algorithms showed significant effects in the differentiation of 10 microorganisms, with 

the accuracy of 100% (Fig. S15e, f). However, the accuracy of PCA algorithm was 

91.7%, and some strains of E. faecalis were misdiagnosed as K. pneumoniae (Fig. 

S15d). We further investigate the classification effect of these dimension-reducing 

methods on microorganism at the kingdom level. The classification accuracy of K-

means algorithm for PCA (Fig. S15g), T-SNE (Fig. S15h) and U-MAP (Fig. S15i) data 

set was 75%, 65%, and 100% respectively. Given the excellent performance of U-MAP 

in microbial classification, it was selected as a dimensionality reduction algorithm for 

subsequent studies. 

 

Figure 4. The interactions between functionalized Fe1-NC and microorganisms. 

(a) The average colorimetric response of BA-Fe1-NC, Van-Fe1-NC, CTAB-Fe1-NC 

a

b c d e

f g
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and D-ala-Fe1-NC towards G- bacteria (blue), G+ bacteria (red) and fungi (green). 

The concentration of the microorganism was set at OD600 = 0.01. Canonical score 

plots for the sensor array based on functionalized Fe1-NC towards different 

concentrations of E. coli O15:H7 (OD600=0.00001, 0.0001, 0.001, 0.01, 0.01) in 

PBS (b) and artificial human urine (c) by U-MAP. Canonical score plot against 

S. aureus and E. coli mixtures (d), E. coli O15:H7 and E. coli ER2738 mixtures 

(e) by U-MAP. The total concentration of the mixture was set at OD600=0.01. (f) 

The common interfering substances including Glucose, Na+, K+, Ca2+, urea, 

human serum albumin, ascorbic acid, uric acid on the colorimetric signal in the 

presence of E. coli O157:H7. (g) The color rendering images of the corresponding 

the solutions. All these samples are prepared in PBS (pH 6.0, 10 mM), the 

absorbance of the sensing system was collected at 652 nm.  

Different taxonomic levels including kingdom, species, and strains were further 

investigated, separately, to achieve the microbial classification (Fig. 5a).  Firstly, 

Gram-negative positive bacteria, Gram-positive bacteria, and fungi were selected as the 

analytes to study the identification performance of the system at the kingdom level 

strains. Subsequently, according to the reported clinical diagnosis of microorganisms 

in urine of patients with UTIs, the species level strains were chosen as four G- bacteria 

(E. coli, K. aerogenes, P. aeruginosa, and P. vulgaris), four G+ bacteria (E. faecalis, E. 

faecium, S. aureus, and S. epidermidis) and two fungi (C. albicans and C. glabrata). As 

we all know, microbial drug susceptibility is constantly evolving, and even microbial 

strains of the same species display significantly different susceptibilities to antibiotics. 
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In the process of bacterial infection, pathogens with antibiotic resistance tend to cause 

more therapeutic difficulty. E. coli is the most frequent microorganism associated with 

UTIs. Therefore, in this study, we examined different subtypes of three drug-resistant 

E. coli and two non-resistant E. coli to investigate the classification at the strain level. 

Results showed the proposed sensor array behaved significant performances in 

kingdom (Fig. 5b), species (Fig. 5c), and strains (Fig. 5d) level classification. These 

results suggest that our developed sensor array has the potential for application in the 

analysis of microorganisms in clinical diagnostics. Moreover, the separate clusters of 

microorganisms (Fig. 5e-g) indicated that these four colorimetric signal features of 

sensor array enabled microorganism identification at three levels without any overlap, 

with all the accuracies of 100% (Fig. 5h-j). These results demonstrated that U-MAP 

algorithm enabled the colorimetric strategy to pinpoint the microbial identification. 
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Figure 5. Identification of microorganisms at different taxonomic levels. (a) 

Construction of the U-MAP model for microorganism identification. The colorimetric 

fingerprint for microorganism identification at the kingdom level (b), species level (c) 

and strain level (d) by U-MAP. 2D dimensionality reduction plot for microorganism 

identification at the kingdom level (e), species level (f) and strain level (g) by U-MAP. 

The confusion matrix for microorganism identification at the kingdom level (h), species 

level (i) and strain level (j) by U-MAP. All these samples are prepared from human 

urine. The concentration of the microorganism was set at OD600 = 0.01. 

Diagnosis of urinary tract infection disease 

Urinary tract is a common site of microbial infection in adults. UTIs are commonly 

caused by bacteria and fungi pathogens (Fig. 6a). Due to its advantages in dealing with 

binary classification problems and the number of samples in this experiment, we have 

utilized the Support Vector Machine (SVM) as the supervised learning algorithm to 

build the effective model classifier for UTIs diagnosis47. A training cohort containing 

numerous UTIs urine samples (healthy people, bacterial infection, and fungal infection) 

was first used to train the algorithm by SVM. The obtained classifier can perform 

arithmetic operations, such as weighting, summation and subtraction, to respond to 

colorimetric signals in the system and report results in the form of bacterial or fungal 

infection. The detailed computing process for UTIs diagnosis was demonstrated (Fig. 

6b). First, two-dimensional data, U1 and U2 undergo weighted multiplication after U-

MAP dimension reduction. The multiplication is calculated as [Wn × Un = An]. Here, 

Wn represents the weight predetermined by the model, and An represents the weighted 
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multiplication. Significantly, the weights were limited to integers less than 10 and 

performed the corresponding mathematical operations, which is beneficial for the 

subsequent output computation. Then, the two-dimensional data A1 and A2 inputs are 

summed for comparison (F=A1 + A2 + n). At last, the classification result is reported 

according to the F values. The critical value of the system is set to 0. If the diagnostic 

result is lower than 0, it is healthy sample, if it is higher, it is UTIs sample. For the 

identification of infection type, the U1 and U2 data are input into a new function and 

perform the same calculation process as above. If the classifier output is lower than 0, 

it is bacterial infection, if it is higher, it is fungal infection. 

 

Figure 6. Validation of the colorimetric sensor based on functionalized Fe1-NC. (a) 

Two common types of microbial infection in UTIs. (b) Schematic diagram of the 

machine learning-assistant diagnosis model for UTIs diagnosis. (c) Performance of the 

detection model with data from the training set (80 healthy samples and 80 UTIs 

samples). (d) Performance of the detection model with data from the training set (40 

bacterial infection and 40 fungal infection). (e) A classification model for the diagnosis 



 27 

of UTIs infection type. (f) Classification results of the Fe1-NC based system with 45 

clinical samples for the diagnosis of infection type.  

To demonstrate that our method can be a reliable nanoplatform for the UTIs 

diagnosis, we chose human urine with adding microorganism for further experiments. 

For the bacterial and fungal infections diagnosis, the total accuracy in artificial urine 

was100% (fig. S16). Similarly, the satisfactory results were also obtained in the 

diagnosis of G- and G+ bacterial infections (fig. S17), and the accuracy was 95%. Then, 

we collected the clinical samples to further prove that the proposed detection model 

behaves high accuracy for UTIs diagnosis. The data set contained 160 real human urine 

samples (80 health, 80 UTIs including 40 bacterial infection and 40 fungal infection) 

was first used to train the detection model by U-MAP and SVM. Then, the 

mathematical detection model (U1-10U2+2.4=0) was employed to evaluate the 

diagnosis performance of unknown clinical samples (Fig. 6c). All the testing data (15 

healthy samples and 15 UTIs samples) were identified correctly with a sensitivity of 

100%, a specificity of 100%, and a precision of 100% (Fig. 6d). The total accuracy of 

this method in human urine samples was 100% (Fig S18a). To further determine the 

type of infection, the UTIs data set (40 bacterial infection and 40 fungal infection) was 

utilized to train a new mathematical model (Fig 6e). The specific diagnosis process is 

displayed in Fig 6f. The U1 and U2 undergo the new calculations (U1-U2+2.4) to identify 

the type of infection. As shown in fig. S18b, only 2 bacterial infection sample was 

misdiagnosed as fungal infection, and the remaining 13 bacterial infection samples and 

15 fungal infection samples were classified correctly with the total accuracy of 93%. 
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(Fig. S18c).  Compared with the existing methods (Table S4) for UTIs diagnosis, the 

constructed nanoplatform showed some advantages such as high accuracy and fast 

detection speed. The extensive collection of training data, combined with the rational 

employed of machine learning algorithms, can perform UTIs intelligent diagnosis. The 

gold standard for human urine microorganism analysis in clinics is urine culture. It 

usually takes several days to determine the type of UTIs, as its complex programs 

require more human and financial resources to culture and analyze bacteria. In addition, 

flow cytometry can be utilized to achieve UTIs diagnosis, but the equipment is 

expensive and data turnaround time is slow. Dry urinalysis is a convenient and cost-

effective method for detecting UTIs at home. However, its accuracy needs to be 

improved. The proposed diagnostic strategy, combining functionalized Fe1-NC with 

machine learning algorithms to build a detection model, significantly improves UTI 

diagnoses accuracy. These results verified that the SVM-based classifier model could 

perform computation as designed for UTIs diagnosis in clinical applications. 

Conclusion 

The intelligent diagnosis of clinical UTIs is achieved through the construction of 

a machine learning-assisted MCN based on Fe1-NC functionalized with recognition 

ligands. The Fe and N species in Fe1-NC act synergistically as active sites, facilitating 

multiple oxidase (OXD), superoxide dismutase (SOD), catalase (CAT) and peroxidase 

(POD)-like activities. Colorimetric sensor arrays, built from the Fe1-NC functionalized 

with four types of recognition ligands, enable the generation of microbial identification 

fingerprints. With the assistance of machine learning algorithms, a training model for 
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the diagnosis of UTIs has been developed. Furthermore, the SVM algorithm has been 

utilized to construct a mathematical detection model for diagnosing bacterial and fungal 

infections. Integrating colorimetric sensor arrays with U-MAP algorithms allowed the 

identification of microorganisms in UTI-affected urine samples across various orders, 

genera and species levels. Notably, more than 10 microorganisms in UTI urine samples 

can be analyzed within one hour, enabling rapid screening and achieving an intelligent 

diagnosis with an accuracy of up to 97% in 60 clinical samples. The method presented 

in this study, demonstrating rapid response and convenient operation, offers significant 

advantages over current UTI diagnostic strategies, such as urine culture and flow 

cytometry, and holds great potential for practical clinical application in UTI diagnosis. 

The machine learning-assisted colorimetric sensor arrays presented here could be 

further extended to design other intelligent platforms for the identification of various 

pathogenic microorganisms towards rapid and accurate diagnosis of a wide range of 

infectious diseases. 

Supporting Information.  

The Supporting Information is available with open access at XXX 

SEM images, TEM images, XPS spectrum, the k3-weighted k-space spectra of Fe1-NC, 

the binding situation between Fe1-NC and the microorganism, the colorimetric response 

pattern obtained by the functionalized Fe1-NC with microorganism, discrimination 

performance of three unsupervised dimension-reducing algorithms, optimization of the 

experimental conditions for the sensing systems, validation of the colorimetric sensor 

in human urine.  
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