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Highlights 

• Pharmacological-based strategy to restore the corneal endothelium 

 

• in silico - in vitro drug discovery pipeline for corneal endothelial regeneration 

 

• QSAR model predicts compounds as lower-dose alternatives to ROCK inhibitor Y-27632 

 

• Drug screening pipeline experimentally validates QSAR model predictions 
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Abstract  

The corneal endothelium executes its crucial role in the maintenance of corneal transparency by 

regulating the corneal hydration levels. Dysfunction of the endothelial layer leads to corneal edema, i.e. 

bullous keratopathy, for which an endothelial transplantation is currently the only available treatment 

option. Nevertheless, the limited availability of donor tissue encourages the development of alternative 

treatment strategies. This study addresses a pharmacological-based alternative approach focusing on the 

comprehension and proof-of-concept validation of a hybrid small molecule screening approach. In this 

regard, a weighted voting-based quantitative structure-activity relationship (QSAR) model was 

developed for the in silico identification of small molecule building blocks promoting corneal 

endothelial regeneration. The established QSAR model was applied to the virtual Enamine® Hit Locator 

Library, composed of 460,160 compounds.  Ultimately, the four most effective compounds predicted to 

stimulate corneal endothelial cell growth in silico, were selected for in vitro validation. All four selected 

compounds enhanced cell proliferation at nanomolar concentrations. Their effects were comparable to 

Y-27632, a ROCK inhibitor commonly used as a positive control to stimulate corneal endothelial cell 

proliferation and migration, supporting their potential as low-dose small molecule alternatives for 

corneal endothelial regeneration. These findings validate the predictive performance of our initial QSAR 

model and highlight the relevance for future screening of other hit locator library compounds, while 

feeding new biological data into the model for further refinement and accuracy improvement.  

Keywords 

QSAR modeling, Drug screening, Phenotypic screening, Cornea, Corneal endothelial regeneration, Live 

cell imaging  
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Abbreviations 

AD, Applicability domain; AUC, Area under the curve; HCEnC-B4G12, Human corneal endothelial 

cell line B4G12; CADD, Computer-aided drug design; DMSO, Dimethyl sulfoxide; FECD, Fuchs' 

corneal endothelial dystrophy; GBR, Gradient boosting regressor; HLL, Hit Locator Library; HTS, 

High-throughput screening; MLR, MLP regressor model; QSAR, Quantitative structure-activity 

relationships; RFR, random forest regressor; RMSE, Root Mean Square Error; ROCK, Rho-associated, 

coiled-coil containing protein kinase; SVR, Support vector regression model 

1. Introduction 

The corneal endothelium is the vital hexagonal cell layer that is located at the innermost surface of our 

cornea [1]. This monolayer of cells ensures a crystal-clear vision by regulating corneal hydration levels 

via a "pump-and-leak" mechanism [2, 3]. Dysfunction of the corneal endothelial layer leads to fluid 

accumulation in the corneal stroma together with the formation of epithelial bullae, also known as 

bullous keratopathy [4]. This pathological condition can lead to impaired vision, along with pain from 

epithelial bullae rupture, corneal scarring, and vascularization [5]. The primary cause of corneal 

endothelial dysfunction is Fuchs' corneal endothelial dystrophy (FECD), a genetic disorder that affects 

the extracellular matrix of the corneal endothelium. The global prevalence of FECD has been estimated 

at 7.33% among adults and is expected to increase significantly due to the aging population [6]. Today, 

a diseased or damaged corneal endothelium can only be treated by means of a corneal endothelial 

transplantation, which requires advanced microsurgical techniques [7]. However, the availability of this 

treatment is limited by a global donor shortage, further complicated by insufficient eye banks and 

cultural barriers concerning the retrieval of human cadaveric eyes [8]. The shortage of donor tissue 

forces R&D into the exploration of alternative treatment solutions, including pharmacological-based 

strategies, which aim to restore the endothelium without the need for transplant tissue. A widely 

described example in the literature is treatment with Y-27632, a selective small molecule inhibitor of 

Rho-associated, coiled-coil containing protein kinase (ROCK). Y-27632 stimulates the proliferation and 

migration of corneal endothelial cells, either as a supplement for cell-based therapies or as an additive 

in cell culture, underscoring the promise of pharmacological approaches, more specifically the 

development of standalone small molecule therapies to enhance the corneal endothelium’s endogenous 

regenerative ability [9, 10].  

Traditionally, potential candidate compounds can be identified during early small molecule drug 

development, often achieved via a high-throughput screening (HTS) approach. Those experimental HTS 

offer the possibility to screen large compound libraries in an automated and robust manner [11]. 

However, HTS has practical limitations. On the one hand, this approach necessitates a lab equipped with 

an integrated platform that combines advanced machinery, enabling screening of large compound 

libraries [12]. The upfront investments for these robotic instruments are high, with expenses totaling up 

to 0.5 million euros for a single instrument [13-15]. On the other hand, it necessitates the storage and 

availability of synthesized HTS libraries. These libraries contain thousands of compounds, hence storage 

and quality control of the molecules require an adequate and advanced compound management and 

storage system [16, 17]. 

Therefore, in silico drug design, referred to as computer-aided drug design (CADD), can serve as a cost-

effective and time-efficient alternative compared to the conventional HTS approach. Common ligand-

based approaches include pharmacophore modeling and quantitative structure-activity relationships 

(QSAR) using cheminformatics-based statistical models that employ machine learning methods [18]. 

QSAR modeling is a computational method for predicting the biological or chemical activity of 

molecules based on their chemical structure. A validated QSAR model can serve as an in silico screening 

filter, enabling the identification of hits within large, virtual compound libraries. This strategy is not 

intended to replace in vitro assays, but rather as a complementary method to facilitate the drug discovery 
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process by reducing the number of drug candidates to be tested in an experimental setup [19]. The 

current machine learning methods used to build a QSAR model range from straightforward linear 

regressions to more advanced neural networks and are based on either unsupervised or supervised 

learning approaches. [20]. However, each type of machine learning model is characterized by its own 

strengths and weaknesses. In that respect, consensus modeling emerged as a promising strategy to 

overcome the limitations of a single QSAR model, by combining the predictive power of individual 

machine learning methods into one final predictive model [21]. Furthermore, weighted voting classifiers 

are considered a specific type of consensus modeling. This approach tags the individual QSAR’s with a 

specific weight, based on its predictive performance [22].  

QSAR models find their application in different stages of small molecule development, from predicting 

the biological outcome of robust assays in early stage hit discovery to ADME and cytotoxicity 

predictions during lead optimization [23-26]. Overall, the applicability domain (AD) of a specific QSAR 

model is inherently bounded by the (physico)chemical, structural or biological space in which the QSAR 

model can make reliable biological predictions. These boundaries are defined by the molecular features 

of the compounds in the training set. AD analysis is an important tool to safeguard the reliable 

application of a QSAR model [27, 28]. Different QSAR applications, involving different endpoints to 

be predicted, e.g. biological activity, toxicity, etc., require their own training data to extend and adjust 

the chemical space for relevant and adequate predictive performance. Hence, each application 

necessitates its own suitable QSAR model to reach the complexity of the research question they need to 

address [29, 30]. Predictive modeling approaches are gaining increasing interest within the field of 

ophthalmology. For example, QSAR models have been applied to predict relevant properties of 

ophthalmic anti-infective agents, supporting the development and optimization of new therapeutics for 

ocular infections [31]. Moreover, computational prediction approaches have also been explored beyond 

QSAR-based applications in small molecule development, with deep learning-based prediction models 

showing potential for improving ophthalmic diagnosis and disease classification, including, for instance, 

glaucoma stage classification and the identification and classification of eye disorders based on fundus 

images [32, 33]. Together, these studies illustrate the growing impact of computational prediction 

models across ophthalmic research and highlight their potential to address diverse biological and clinical 

challenges. Here, we have developed a QSAR model trained to identify small molecules that enhance 

corneal endothelial regeneration. We suggest a valuable strategy within early small molecule discovery 

that has the potential to substantially accelerate the transition from hit to lead optimization in pre-clinical 

research applied on corneal endothelial regeneration. 

2. Materials and methods 
2.1 In silico modeling 
2.1.1 Data curation 

The data set used in this study for training and validation of the QSAR model comprises a proprietary 

and self-assembled small molecule database of 2066 compounds, along with corresponding 

experimental data. This includes endpoint cell counts from an image-based proliferation assay following 

treatment at 50 nM concentration. Initially, the quality of the curated experimental data was validated 

through calculation of a robust Z-score (> 0.56), which is defined as: 

Z’ robust = 1 -  
3∗MAD (Negative Control) + MAD (Positive Control) 

|Median (Negative Control) − median (Positive control)|
 

MAD: Median absolute deviation 

Salts and water molecules were removed from the structures, and compounds containing inorganic 

elements were excluded from the dataset. Compounds were converted into their SMILES representation 

and duplicate structures were subsequently discarded. 
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2.1.2 Calculation of molecular descriptors 

To characterize the physico-chemical properties of the compounds, SMILES representations were 

converted into binary molecular fingerprints, representing the presence or absence of a unique structural 

feature or molecular fragment of the molecules. In this project, we chose MACCS keys as the molecular 

descriptor. These public keys comprise 166 bits implemented in the open source cheminformatics 

software package RDKit [34].  

2.1.3 QSAR model building and validation  

All model training and validation were done with SciKitLearn open source version 1.5.0. As an initial 

data quality assessment step supporting the definition of the QSAR model applicability domain, the 

biological activity space was evaluated to identify putative outliers within the dataset. Datapoints were 

clustered using a Kernel Density Estimation function, and compounds with readouts lower than three 

standard deviations below the mean were classified as “inadequate”, whereas the remaining compounds 

were labeled as “good”. A random forest classification model was subsequently generated to distinguish 

between “good” and “inadequate” compounds. The best classification model achieved a 5-fold cross-

validated accuracy of 80.7% [35].  

Next, four different regression models were developed to predict biological readouts: (1) an MLP 

regressor model (MLR) with a single hidden layer of 450 neurons and ReLu activation function, (2) a 

support vector regression model (SVR) with polynomial kernel, (3) a gradient boosting (GBR) regressor, 

and (4) a random forest (RFR) regressor model. The predictive performance of these four individual 

regression models was evaluated through internal and external validation. Specifically, the curated 

experimental dataset was randomly divided into a training set (70%) and an independent external test 

set (30%). For internal validation, the training set was subjected to ten-fold cross-validation, in which 

90% of the training data was used for model fitting, i.e. training and the remaining 10% was used for 

validation in each iteration. Model performance was assessed based on the root mean square error 

(RMSE), regression coefficient (R²), and cross-validation coefficient (Q²). These performance metrics 

were calculated for each iterative training phase. In contrast, external validation was performed by 

evaluating model performance on the independent external test set that was not used during model 

training. To improve the overall predictive performance, a weighted voting consensus model was 

subsequently developed by combining the predictions of the individual regression models. Model-

specific weights were optimized through hyperparameter optimization, resulting in final weights of 0.1, 

1.0, 1.0, and 1.0 for the MLR, SVR, GBR, and RFR models, respectively. The predictive performance 

of the final weighted voting consensus model was subsequently evaluated using the same performance 

metrics. 

2.1.4 Hit locator library  
 

The QSAR consensus model was designed to predict the biological activity of the Hit Locator Library 

(HLL, Enamine, Kyiv, Ukraine) [36]. First, the classification model was applied to separate “good’ from 

“inadequate” compounds, and then the consensus regression model was used to predict biological 

outcomes. This commercial library encompasses a chemical diversity set of 460,160 compounds. To 

enhance the quality of the HLL, the supplier performed sequential medchem filtering and pan assay 

interference compound filtering to obtain compounds with a drug-like physico-chemical profile and to 

reduce the number of compounds that tend to interfere with the biological assay, respectively. In this 

respect, the HLL library stands out for its ‘lead-like’ character, enhancing the synthetic feasibility of the 

compounds [36, 37].  

 

2.2 In vitro screening 

2.2.1 Cell culture  
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An immortalized corneal endothelial cell line (HCEnC-B4G12) was purchased from the Deutsche 

Sammlung von Mikroorganismen und Zellkulturen Institute (Braunschweig, Germany) and cultured in 

human endothelial serum-free medium (Thermofisher Scientific, MA, USA) supplemented with 10 

ng/mL basic fibroblast growth factor (bFGF, Life technologies, California, USA). Culture flasks were 

coated with a fibronectin-collagen mix (FNC coating mix®, Athena Enzyme Systems, Baltimore, USA) 

to promote cell attachment. Prior to the drug screening assays, cells were cultured for at least two weeks 

to establish stable growth. One day prior to drug treatment, 384 well plates (PerkinElmer cell carrier 

black clear, MA, USA) were coated with FNC coating mix using the Opentrons OT-2 pipetting robot 

(Opentrons Labworks, Inc., New York City, USA), dispensing 20 µL FNC coating/well, followed by 1 

min. incubation step at 37°C followed by manual aspiration of the remaining coating. The cells, up to 

passage number twenty, were then seeded into the FNC-coated 384 well plates with the OT-2 pipetting 

robot at a density of 2.25 x 103 cells per well in a volume of 50 µL human endothelial serum-free 

medium. The 384 well plates were incubated overnight prior to drug treatment the next day. 

2.2.2 QSAR hit selection  
 

To validate the QSAR model, four of the 460,160 HLL compounds were purchased from Enamine®, 

containing 30 µL of 10 mM stock concentration dissolved in dimethyl sulfoxide (DMSO). To evaluate 

the AD of the QSAR model, the four experimentally validated compounds were projected into the high-

dimensional chemical space represented by the QSAR training dataset using t-distributed stochastic 

neighbor embedding (t-SNE) for visualization and comparative analysis. Additionally, pairwise 

Tanimoto similarity scores were calculated to assess the structural similarity between the compounds. 

 

2.2.3 Proliferation assay 

An image-based phenotypic proliferation assay was performed on HCEnC-B4G12 cells. Cells were 

seeded into 384-well plates as described above. The Tecan D300e drug dispenser (Tecan, Männedorf, 

Switzerland) was used to dispense ten different concentration levels, ranging from 50 µM to 5 nM. 

Subsequently, the 384 well plates were imaged at day zero, i.e. immediately after drug treatment, and 

every other day for a measuring period of five days by the Tecan Spark Cyto plate reader (Tecan, 

Männedorf, Switzerland) at 37 °C / 5% CO2 (4x objective; whole-well imaging acquisition mode) to 

obtain time-lapse brightfield images. The brightfield images were automatically processed using the 

brightfield label-free cell counting software of the Tecan Spark (Tecan, Männedorf, Switzerland). Cell 

counts were expressed relative to the DMSO control condition. Area under the curve (AUC) values 

(cells x day) were calculated, representing the growth trajectories. The experimental design included a 

DMSO 0.5% basal control condition, resembling the maximum DMSO solvent limit of the four HLL 

compounds, and staurosporine (Selleck chemicals, Houston, US), as a negative control condition. 

Moreover, the Y-27632 ROCK inhibitor was used as a positive control [38]. 

2.2.4 Statistics 

All data was collected in three independent biological replicates, combined with at least a technical 

triplicate. Statistical analysis was performed using the Graphpad Prism v.8 software (GraphPad, San 

Diego, California, USA). Data was tested for normality using following statistical tests: (1) D'Agostino 

and Pearson test, (2) Anderson-Darling test, (3) Shapiro-Wilk test and (4) Kolmogorov-Smirnov test. 

Datasets that passed normality testing were statistically compared using a one-way ANOVA analysis. 

In contrast, data that did not met the requirements for parametric testing, were compared through a non-

parametric Kruskal Wallis test. Data is represented in the figures as mean ± standard deviation or median 

± 95% confidence interval. A p-value < 0.05 was considered statistically significant. The different 

significancy levels were displayed in the figures as *p < 0.05, **p < 0.01, ***p < 0.001 and ****p < 

0.0001.  
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3. Results  

3.1 In silico HTS screening identifies hits stimulating corneal 

endothelial cell growth  

The QSAR model was developed using a proprietary small molecule training dataset comprising 

structurally diverse and known compounds with lead-like properties. In silico screening of 460,160 HLL 

virtual compounds yielded predicted biological activities, specifically HCEnC-B4G12 cell counts five 

days post-treatment. The prediction set ranged between 5,798 and 7,626 cells, with a mean cell count of 

6,728 ± 171.60 cells. Next, predictive accuracy was validated by comparing the QSAR-predicted cell 

counts with two experimental control conditions of the training set (Figure 1A). The DMSO solvent 

baseline showed a mean experimental cell count of 6,357 ± 773.30 cells, while the 2 µM staurosporine 

resulted in a mean experimental cell count of 577 ± 77.37 cells, representing the cytotoxic negative 

control condition. Notably, a smaller subset of predictions exceeded the DMSO control mean + 1SD, 

suggesting biological activities beyond the normal variability of the baseline condition. Hence, the 

model identified compounds predicted to enhance HCEnC-B4G12 cell proliferation, of which the top 

four were selected for further evaluation. To assess whether these predicted hits were positioned within 

the chemical space represented by the QSAR training dataset, the chemical diversity was visualized by 

projecting the small molecule training set into their high-dimensional chemical space (Figure 1B). The 

four top-ranked predicted hits were subsequently mapped onto this space, demonstrating their 

positioning relative to the broader training dataset. The t-SNE plot shows that the predicted compounds 

are positioned within the overall chemical space represented by the training data, although located at the 

boundaries of the represented chemical space supporting the need for experimental validation.  

 

Fig. 1. In silico screening of the virtual hit locator library. (A) Distribution of the predicted biological 

activities for each of the HLL compounds plotted against an in-house set of experimental control data, 

i.e. a basal DMSO control and a negative control treated with staurosporine. Mean ± SD is indicated in 

red. The blue zoom box indicates the top four selected compounds for in vitro validation of the QSAR 

model. (B) t-SNE plot visualizing the experimental validation set (blue-colored data points) in the high-

dimensional chemical space of the QSAR training points (grey-colored data points). 
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Fig. 2: 2D chemical structures and similarity analysis of the selected experimental compounds. 

Tanimoto similarity is calculated for each pair. The Tanimoto similarity score ranges from 0 to 1, where 

1 indicates identical chemical fingerprints and 0 indicates no similarity. The highest similarity among 

different compounds was observed between compound 1 and 4 (score = 0.582). Chemical structures are 

drawn with the RDKit chem.draw package and are accompanied with their SMILES notation.  

The four top-ranked compounds define two distinct types of compound groups, i.e. pyrazole-

chlorobenzene urea derivatives (compound No. 1 and No. 4) and aryl-triazole hybrids (compound No. 

2 and No. 3), each characterized by halogenated aromatic systems flanking a central urea or amide 

moiety, yielding amphiphilic architectures (Table 1). Compound No. 1 and No. 4 differ markedly at the 

distal terminus: a bulky mesityl group in compound No. 1 versus a minimal acetyl group in compound 

No. 4. Remarkably, both retain nM potency, indicating that the pyrazole-urea-aryl scaffold constitutes 

the core pharmacophore and that steric modulation at the periphery is well tolerated. The urea-linked 

framework further supports bidentate hydrogen bonding and π-π interactions, mirroring features derived 

from the trainings dataset of known kinase inhibitors (Figure 2). Compound No. 2 and No. 3 share a 

triazole-aryl-amide core. Compound No. 2 is the smallest and most flexible, while compound No. 3 

features a fused benzimidazole and greater planarity. Furthermore, to assess chemical similarity among 

the top four predicted compounds, pairwise Tanimoto similarity scores were calculated based on their 

molecular fingerprints. The Tanimoto coefficient ranges from 0 (no similarity) to 1 (identical structures). 
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The highest degree of similarity was observed between compound No. 1 and compound No. 4 (Tanimoto 

score = 0.582), suggesting moderate structural overlap. In contrast, compound pairs such as compound 

No. 1 and compound No. 3 displayed low similarity (score = 0.198), reflecting distinct chemical 

architectures (Figure 2). These Tanimoto scores shows the model's ability to identify structurally varied 

compounds with similar phenotypic bioactivity. 

 

 

3.2 Experimental QSAR validation by a phenotypic proliferation 

assay  

3.2.1 QSAR hits enhance HCEnC-B4G12 cell growth 

To experimentally validate the performance of QSAR model, an image-based proliferation assay was 

performed by using HCEnC-B4G12 cells treated with the top four selected compounds from the HLL 

library. Three control conditions were included: 2 µM staurosporine (cytotoxic negative control), 0.5% 

DMSO (basal control), and 25 µM Y-27632 (ROCK inhibitor, positive control), which significantly 

increased proliferation relative to DMSO by 57%. The heatmap displays the endpoint cell counts 

normalized to baseline DMSO growth conditions (Figure 3A). A positive hit was defined as a >20% 

increase in proliferation compared to DMSO baseline conditions, indicated by the orange gradient. All 

four compounds demonstrated significant stimulation of HCEnC-B4G12 cell growth at nanomolar 

concentrations. Specifically, compound No. 3 showed a significant increase of 47% in HCEnC-B4G12 

cells at 10 nM. Given that the QSAR model was trained on 50 nM treatment data, kinetic analysis over 

five days showed that all four compounds significantly increased HCEnC-B4G12 cell growth at 50 nM 

compared to baseline growth condition (Figure 3B). The area under the curve metric showed 

significantly higher growth relative to DMSO. Furthermore, all four compounds achieved biological 

effects comparable to those of the positive control, despite being used at lower concentrations. 

Brightfield imaging revealed that HCEnC-B4G12 cells adopted an elongated morphology 24 hours post-

treatment, representing a transient migratory and/or proliferative response (Figure 3C). By day five, 

cells had re-established a dense monolayer with a characteristic hexagonal shape, consistent with the 

restoration of their barrier-like phenotype. 

 

 

 

Table 1. QSAR validation compounds and their aromaticity.  

Compo

und No. 
Formula SMILES  

Five-

membe

red 

rings  

Six-

membered  

rings  

Bicyclic 

rings 

1 
C21H21CIN

4O2       
CC=1C=C(C)C(NC(=O)CNC(=O)C2=CNN=C2C=3C=CC(

Cl)=CC3)=C(C)C1 

Pyrazol

e 

Chlorobenz

ene,  

Tri methyl 

benzene 

N/A 

2 
C13H14BrF

N4O 
CC(C)(F)C(=O)NCC1=NC(=NN1)C=2C=CC(Br)=CC2 

Triazol

e 

Bromobenz

ene 
N/A 

3 
C17H13FN6

O 
FC=1C=CC(=CC1)C2=NNC(CNC(=O)C=3C=CC=4NC=N

C4C3)=N2 

Triazol

e,  

imidazo

le 

Fluorobenz

ene 

Benzimidaz

ole 

4 
C14H15CIN

4O2 
CC(=O)NCCNC(=O)C1=CNN=C1C=2C=CC(Cl)=CC2 Pyrazol

e 

Chlorobenz

ene 
N/A 
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Fig. 3: Image-based phenotypic proliferation assay of HCEnC-B4G12 cells.  (A) End point analysis 

of HCEnC-B4G12 cells growth. Normalized cell counts of HCEnC-B4G12 cells treated with lead 

compounds to DMSO-treated (vehicle control) cells five days post-treatment. The heatmap displays ten 

different compound concentrations, ranging from 50 μM to 5 nM. The values highlighted in orange 

represent compound conditions that exceed the DMSO control by a minimal 20% growth increase. P-

values were calculated using a non-parametric Kruskal-Wallis test, **p < 0.01, ***p < 0.001 and ****p 

< 0.0001. (B) Proliferation measured as AUC of cell growth over time post 50 nM treatment of selected 

compounds (1–4). The AUC values (cells x day) encapsulate the five-day growth profile and are 

represented by the median value within a 95% confidence interval. P-values were calculated using a 

non-parametric Kruskal-Wallis test, ****p < 0.0001. (C) Brightfield images show an example of the 

HCEnC-B4G12 phenotype at low (day 1 – 24 hours post-treatment) and high (day 5 – endpoint) cell 

confluency, respectively. Scale bar: 50 μm. 

3.2.2 Correlation analysis of the QSAR predicted and experimental obtained results 

To evaluate the predictive accuracy of the QSAR model, predicted cell proliferation values were 

compared with label-free experimental cell counts five days post treatment at 50 nM (Figure 4). The 

comparison revealed a consistent overestimation by the QSAR model, with differences ranging from 

508 to 1036 cells. As previously visualized by the t-SNE chemical space analysis, the validated 

compounds were positioned within the chemical space represented by the training dataset, although 

located towards less densely represented regions of this space. This positioning may contribute to 

increased prediction uncertainty and highlights the importance of further prospective experimental 

validation.  

 

Fig. 4: Relationship between the QSAR-predicted and experimentally obtained biological 

activities. Comparison between the predicted and experimental cell counts. The cell count difference is 

indicated in red. Size differences between the representative circles are related to the respective datasets, 
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i.e. median experimental values in contrast to single prediction values. Figure is created with 

Datawrapper. 

4. Discussion  

This study presents a hybrid in silico - in vitro drug discovery pipeline that effectively integrates a 

weighted voting-based QSAR model with phenotypic screening to identify novel small molecules 

promoting corneal endothelial regeneration [39]. This drug discovery approach addresses the need for 

seeking non-surgical treatment alternatives to corneal endothelial transplantations in diseases such as 

Fuchs’ corneal endothelial dystrophy [6]. An ensemble QSAR model was developed combining four 

machine learning regressors (MLR, SVR, GBR, RFR), optimized through a weighted voting scheme 

[40]. This consensus approach improves predictive performance compared to individual models, 

demonstrating its robustness in navigating through a high-dimensional chemical space [41, 42]. 

Furthermore, a self-made experimental trainings dataset of over 2000 lead-like compounds was used to 

build and train the QSAR model instead of relying on public available datasets to ensure translational 

and biological relevance. Internal and external model validations ensured reliable activity predictions 

across the Enamine® Hit Locator Library (460,160 compounds), from which the top four compounds 

were selected [43-45]. Importantly, the AD of the QSAR model is inherently limited by the chemical 

and biological space represented in its training dataset. Consequently, new chemical structures must be 

reasonably similar to compounds within the training dataset for reliable predictions to be expected. To 

maximize the AD of the developed model, the initial training dataset of this study was therefore designed 

to encompass a diverse range of chemical scaffolds and compound classes, including regeneration-

related chemotypes such as ROCK inhibitors [46].  

All four selected hits enhanced proliferation of HCEnC-B4G12 corneal endothelial cells with nanomolar 

potency (< 10 nM) five days after treatment, matching the benchmark ROCK inhibitor Y-27632 which 

is active in micromolar range [10]. Two distinct types of compounds were identified: pyrazole-

chlorobenzene urea derivatives (compound No. 1 and No. 4) and aryl-triazole hybrids (compound No. 

2 and No. 3). Importantly, all four compounds promoted a corneal endothelial-like morphology at their 

active concentrations, characterized by the formation of a dense monolayer and hexagonal-shaped 

HCEnC-B4G12 cells. However, as the current study employed a phenotypic screening strategy, the 

observed biological effects were evaluated without identification of the underlying molecular targets. 

Therefore, the relationship between the identified chemical structures and their biological activity, 

including potential binding specificity, remains to be further elucidated. Future studies will focus on 

mechanistic validation using target-specific assays, including biochemical kinase profiling and multi-

omics approaches (e.g., transcriptomics), to determine whether these compounds exert their effects 

through ROCK-dependent mechanisms, modulation of upstream and/or downstream ROCK signaling 

pathways, or alternative signaling cascades that promote corneal endothelial regeneration. Nevertheless, 

the composition of the Enamine® Hit Locator Library should be considered when interpreting the 

identified hits. As this library contains a substantial number of kinase-focused molecules, the enrichment 

of this subset of molecules may have influenced the chemical space explored during virtual screening.  

Furthermore, the four identified hits possess structural features resembling kinase hinge binders, 
suggesting potential similarity with kinase-binding chemotypes [47]. 

The pipeline offers a drug discovery strategy to overcome the limitations of corneal donor shortages and 

invasive surgeries, thereby seeking towards a pharmacological donor independent treatment [1]. 

Pharmacological regeneration via topical or intracameral application of such compounds could serve as 

a minimally invasive therapy, with potential synergy in combination with ROCK inhibitors or cell-based 

approaches [10]. Given that the QSAR model was trained on 50 nM treatment data, kinetic analysis over 

five days showed that all four compounds significantly increased HCEnC-B4G12 cell growth at 50 nM 

compared to baseline growth condition, which confirms the performance of the model. The integration 

of QSAR-driven screening with high-throughput, image-based phenotypic assays represents a scalable 

discovery process to identify bioactive small molecules [48]. In this regard, this model makes it possible 

to virtually screen large compound libraries for computationally guided hit identification and drastically 

reduces experimental costs and risk of failures compared to traditional HTS methodologies.  
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However, several limitations need to be addressed in the future to further strengthen the applicability of 

this QSAR-based hit identification approach. First, the current work was designed as a low-cost proof-

of-concept validation of the proposed hit discovery strategy, which included only four experimentally 

validated compounds. Therefore, extensive prospective validation will be critical to provide stronger 

evidence supporting the model's predictive performance. Such validation can be addressed by 

experimentally testing additional HLL compounds, spanning the full prediction range, including 

compounds with intermediate and low predicted activity scores, as well as structurally related analogues 

predicted to have reduced activity. Hence it will further assess the model's discriminatory capacity and 

robustness. Second, the use of a single immortalized corneal endothelial cell line (HCEnC-B4G12) 

represents another limitation of the current experimental validation. On the one hand, validating the 

identified hits in additional corneal endothelial cell models, such as the immortalized cell line HCEnC-

21(T), would strengthen the biological validation by providing orthogonal screening systems and 

reducing the likelihood of model-specific false-positive or false-negative findings [49]. On the other 

hand, although immortalized cell lines provide robust, reproducible, and scalable models that are well 

suited for hit identification, the HCEnC-B4G12 cell line has inherent limitations as a model for corneal 

endothelial cell regeneration. This includes its pleomorphic phenotype during routine culture, its 

immortalized nature, and the absence of the native corneal tissue architecture. Therefore, future hit 

confirmation in primary human corneal endothelial cells and ex vivo human corneal models will be 

essential to confirm the biological relevance and translational applicability of the identified compounds 

[50]. Moreover, these additional biological datasets can be incorporated into future iterative QSAR 

model refinement, further improving the predictive robustness and generalizability of the developed 

prediction model.  

Following biological and mechanistic validation of the identified hit compounds, subsequent 

optimization efforts may focus on structure-activity relationship (SAR) studies in which phenotypic 

morphological readouts are systematically integrated with target-related biological data to guide 

iterative compound optimization. This SAR-driven approach can be complemented by scaffold 

decoration and other medicinal chemistry strategies to generate novel analogues and chemically distinct 

derivatives with improved potency, selectivity, and drug-like properties. In addition, advanced 

physiologically relevant models, such as cornea-on-a-chip platforms, may provide a more dynamic and 

biologically complex testing environment for evaluating candidate performance, thereby supporting hit-

to-lead optimization and increasing the translational relevance of selected hit compounds  [51-53].  

Finally, future QSAR model refinements will consist of the expansion of the training set, adoption of 

graph neural networks in complex unstructured data, and integration of transcriptomic and/or proteomic 

response profiles to enable mechanism-informed predictions [18, 54].  

    5. Conclusion  

This study presents a robust methodology that bridges computational modeling and experimental 

validation to accelerate small molecule discovery for corneal endothelial regeneration applications. By 

combining a weighted voting-based QSAR model with phenotypic screening, we identified four 

chemically distinct small molecules that effectively stimulated corneal endothelial cell proliferation at 

nanomolar concentrations. Their performance matched the performance of Y-27632 at micromolar 

range, a widely investigated ROCK inhibitor candidate for corneal endothelial regeneration. These 

primary hits promoted HCEnC-B4G12 cell growth five days after treatment and induced the desired 

morphological phenotype characterized by hexagonal barrier-like structures. While the validated QSAR 

model initially overestimated the cell count, it will be refined through iterative testing. Nonetheless, 

experimental validation confirmed the compounds' bioactivity, underscoring the value of consensus-

based modeling in early-stage drug discovery. Beyond ophthalmology, this pipeline highlights a 

scalable, adaptable approach to target tissue regeneration.  
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