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Abstract: Polygenic developmental diseases affecting humans like autism spectrum disorder often have 

unknown causes and are difficult to cure. Gene expression and regulation is among the most important 

mechanistic elements to study. Enhancers, short regulatory stretches of non-coding DNA along 

chromosomes, significantly impact development through controlling how genes are spatially and 

temporally expressed.  Thus, identifying enhancer regions precisely is key to better elucidating the 

mechanisms of complex developmental disorders but only a few enhancers have been found with in-

vivo techniques. Hence computational approaches to find enhancer regions are appealing.  

In this study, multiple genomic datasets from the VISTA Enhancer and UCSC Genome Browsers were 

integrated to yield 2200 mus musculus (mouse) enhancers, 10% of which are limb enhancers. Features 

were extracted by calculating RPKM values for gene expression signatures associated with the 

enhancers. Supervised machine learning models were developed to baseline the performance of multiple 

classifiers on limb enhancer prediction. The efficacy of five approaches to address dataset imbalance 

was systematically investigated. The neural network ensemble developed in this study surpasses 

prevailing precision/recall rates and was further improved with a newly proposed technique to architect 

ensemble models based on input zones. New candidate limb enhancers were identified using an 

algorithm developed with the model’s predictions. Finally, semi-supervised learning techniques were 

investigated to gauge their effectiveness in improving model performance with unlabeled data. The self-

training approach enables models to be improved as unlabeled enhancer regions are discovered, thereby 

supplementing in-vivo techniques effectively. 

 

 

 

 

 

 

 

 

 

 



Introduction: Polygenic developmental diseases like autism spectrum disorder that affect humans often have 

unknown causes and are difficult to cure10,17,20. Scientists have taken a multi-pronged approach to elucidate their 

mechanisms, combining traditional biological and chemistry techniques with computational ones. Gene 

expression and regulation is one of the most significant mechanistic elements to study. Importantly, enhancer 

elements, which are short stretches of non-coding DNA along chromosomes, significantly impact organisms’ 

development through controlling how genes are spatially and temporally expressed in complex developmental 

disorders2,3,13,14. Enhancer regions bind to protein activators and can increase the probability that a given gene 

will be transcribed. Thus, mutations in enhancers can cause diseases7,18. For instance, an enhancer (ZRS) 1 Mb 

upstream of the SHH gene in an intron within another gene has been directly implicated in preaxial polydactyly 

(PPD), the most frequent limb malformation and most common of all developmental malformations6. Therefore, 

to better elucidate these kinds of mechanisms, it is important to be able to identify enhancer regions with 

precision and accuracy.  

Identifying enhancers in mammalian genomes in vivo is a challenging task. Many potential enhancer regions are 

unknown and only a few have been identified as well as validated in vivo15. Wetlab biological and chemical 

assays are limited in throughput12. This is why researchers have turned to computational approaches. Machine 

learning based computational approaches are especially effective. In this project, two machine learning 

approaches—supervised and semi-supervised methods— were explored, each with multiple classifiers. In 

supervised machine learning, all training data is labeled and the algorithms learn to predict the output from the 

input training data. In semi-supervised learning, some of the training data is labeled but most of it is unlabeled. 

The model is initially trained with the labeled data and subsequently refined with the predictions it makes on 

the unlabeled training data. Semi-supervised learning is useful in applications with large amounts of unlabeled 

data and thus, holds promise for the limb enhancer prediction task because most enhancers have not been 

classified.   

Consequently, the aim of this investigation was to develop computational machine learning methods that can 

accurately, sensitively, and precisely predict limb enhancer elements. Both supervised and semi-supervised 

machine learning models were examined, and a variety of predictive classifiers was systematically explored. 

Since the training data set was moderately imbalanced (8.4:1), different methods to counter data imbalance 

were examined to improve model generalization. A second goal of the investigation was to determine whether it 

was effective to use unlabeled enhancer data to strengthen the computational model for predictions because of 

the real-world relevance of the scenario. Hence, semi-supervised learning was investigated. The ultimate goal of 

this investigation was to develop techniques to architect precise computational models and an algorithm that 

leverages the models to find new candidate limb enhancer regions in the genome that are unknown to date. 

Data Acquisition: The challenge of building a model to predict enhancer regions was modeled by using mouse 

(mm10) genomic data because the mouse genome is very similar to the human genome. Specifically, the 

classification task at hand was determining whether a given enhancer region was involved in regulating limb 

activity in a developing mouse embryo or not. 

Datasets: Mouse (mm10) genomic data was gathered from the UCSC Genome Browser21 and a reference 

validated list of enhancers was found in the VISTA Enhancer Browser23 to aggregate 2201 mouse enhancer 

element regions. 234 of these enhancer regions were known to have involvement in regulating limb activity in 

the developing mouse embryo and were labeled positive. The remaining 1967 regions had no involvement in 

regulating mouse embryonic limb activity and were labeled negative. Consequently, the dataset was imbalanced 

with a ratio of 8.4: 1. 

Feature Extraction: Fifty features representing chromatin signatures (e.g. binding of the co-activator p300 and 

the acetylation of lysine residue 27 of histone H3, H3K27ac) in developing mouse embryonic limb tissue at day 



11.5 were selected based on literature review9,15,19,22. The bedGraph files for these 50 features were obtained 

and then overlapped with the VISTA enhancer regions to compute the reads per kilobase per million (RPKM) 

over each enhancer region for all the features (see Figure 1). Finally, as shown in Figure 2, the RPKM values were 

overlapped with limb activity data to obtain the class labels.  

Supervised Learning  

Method: Since the enhancer region data set was imbalanced, five different data balancing techniques were 

investigated: oversampling, undersampling, imbalanced, weighted cost, and undersampling ensemble (Figure 3). 

Then, seven different classifiers, both linear and non-linear, were tested for each of the data balancing 

techniques. Thus, 35 different combinations were investigated. The classifiers tested were the following: L1 

logistic regression, L2 Logistic Regression (LASSO), Support Vector Machine (SVM) with Linear Kernel, Random 

Forest, SVM with Radial Basis Function Kernel, and two different neural networks with differing numbers of 

features and layers. The dataset was split into 80% training and 20% testing and 10-fold stratified cross 

validation was used to train the supervised models (Figure 4).  

Results: Figure 5 shows the AUROC and AUPRC trends for the various classifiers and balancing techniques. The 

linear classifiers (L1, LASSO and SVM with linear kernel) perform significantly better with the weighted cost 

balancing technique, while the non-linear classifiers (SVM with radial kernel, Random Forest, and neural 

networks) perform optimally with the US Ensemble balancing technique. Importantly, as seen in Figures 6 and 7, 

the neural network with two layers consistently outperforms all the other classifiers for all the data balancing 

methods, and thus serves as a promising candidate model to refine further. Adaptive boosting and stacked 

ensembles were also investigated but offered no additional improvement to the accuracy or precision.  

Semi-Supervised Learning 

Method:  The training portion of the data set was split into 40% labeled and 40% unlabeled. After training a 

model with the labeled data the unlabeled data was classified. Only unlabeled data that met a chosen 

confidence threshold was added to the training data set (Figure 8).  This was done repeatedly until none of the 

unlabeled data could be classified confidently. Moreover, another data balancing technique (weighted cost with 

minority samples) was tested in which only labeled samples that were classified as belonging to the minority 

class were added to the training data set. Thus, 40 models were explored with semi-supervised learning.  

Results:  As seen in Figure 9, the weighted cost with only minority samples balancing technique improved the 

Self-Training AUPRC over Supervised Learning for all the classifiers. Most significantly, the neural network with 

weighted cost performed equally well with 40% training data (semi-supervised) as with 80% training data 

(supervised) demonstrating that the Supervised Learning model trained with 80% of the dataset can be 

expected to improve with self training as new unclassified enhancers are discovered. This model would thus 

significantly reduce wet lab biologists’ workload.  

Enhancing the Model: Algorithmic Approach 

Feature Ranking: The neural network model using the undersampling ensemble (NNE) was chosen for further 

refinement as it performed the best. To determine which chromatin signatures were most influential in 

classifying limb enhancers, the Pearson correlation coefficient was calculated between the Z-scores of each 

input feature and the neural net ensemble model’s prediction scores. DNase1, p300, and H3K27ac were found 

to be the most influential features (Figure 10).  This is also corroborated by wetlab research and provides 

confidence in the model’s correctness.  

Zoned Model: To further improve the model, the variation of the three principal chromatins across all enhancers 

was visualized (Figure 11). Figure 11 shows that the DNase Z-Score of most limb enhancers was positive while it 



was negative for most non-limb enhancers. Moreover, the misclassifications of the NNE (Figure 12) illustrated 

that the specificity for the enhancers with positive DNase Z-Scores was very low. Since one-third of the 

enhancers were in the positive DNase zone and there was only a small data imbalance ratio (2.8 : 1) in the zone, 

a novel approach for refining the model was investigated. A zoned model ensemble was architected (Figure 13) 

by training a model on only the enhancers with positive DNase Z-Scores, and combining the results with a model 

that been trained on all the enhancers. The final zoned NNE developed dramatically increased the PPV and 

AUPRC, especially in the positive DNase zone which is very useful as most limb enhancers are in that zone 

(Figure 14) and reduced the misclassifications significantly (compare Figure 15 with Figure 12).  

Discovering Enhancers— Algorithmic Approach: A novel algorithm was developed to predict new candidate 

limb enhancer regions. The algorithm first segmented the genome into overlapping 1 kb segments. Segments 

that overlapped known enhancers were discarded. The remaining segments were filtered to ensure that they 

had at least one of the three principal chromatin signatures to validate their biological relevance. The RPKM 

values for candidate segments were then fed into the final zoned model and prediction scores were obtained. 

Prediction scores that had a confidence less than 01.6 were discarded. Adjacent segments were merged, and the 

process above was repeated using a confidence threshold of >0.8  to identify the final limb enhancer 

predictions. The model identified over 100 new candidate limb enhancer regions (some of which are shown in 

Figure 16)  in Chromosome 9 alone. Figure 17 shows one of the predicted enhancer regions visualized in the 

UCSC Genome Browser.  

Conclusions:   

1. The neural network, a deep-learning classifier, performed the best of all classifiers in both supervised and 

semi-supervised learning models. This is the first known application of neural networks to the enhancer 

discovery task. The performance of the supervised neural network itself exceeds current published results.  

2. The application of semi-supervised learning in computational biology is also novel. Self-training with 

unlabeled data significantly improves the neural network model. Thus, the model developed here using the 

Supervised Learning method can continuously improve as new genomic datasets of unlabeled enhancer 

regions are generated through in vivo techniques. This minimizes the overhead of labeling new training data 

needed to improve a supervised learning model.  

3. The novel algorithmic technique introduced to architect zoned ensembles (ensembles of models trained on 

different feature-dependent input zones potentially using different classifiers and methods to counter data 

imbalance) can generally be more effective in increasing accuracy and precision than traditional stacked 

ensembles or boosting techniques. Additionally, these novel computational models provide high sensitivity, 

specificity, and accuracy. The AUPRC, AUROC, and accuracy of the models developed with both the 

Supervised Learning and the Self Training methods surpass those found in published literature4,5,9,16.  

4. The algorithm to identify new limb enhancer regions leveraging the superior computation models developed 

in this study will enable the development of significantly improved genome-wide prediction maps of the 

enhancers active during limb development. Thus, these results will better guide both developmental 

biologists and human geneticists’ research.  

5. This is the first study to comprehensively explore the effect of a variety of methods to counter data 

imbalance across many different kinds of classifiers. The conclusions drawn in this study will guide 

researchers to thoughtfully consider the alternatives for their investigations. 
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FIGURES: 

Figure 1:  Example RPKM Calculation for the Chromatin Feature over the Enhancer Region 

 

 

Figure 2: Expression Levels (RPKM) of Chromatin Signatures over Enhancer Regions 

 

Figure 3: Methods to Counter Data Imbalance 

 

Figure 4: Supervised Learning Approach 



 

 

Figure 5: AUROC and AUPRC Trends for all the Classifiers and Balancing Techniques 

 

 

 

 

 

Figure 6: Summary Table for Most Performant Supervised Learning Models 



 

 

Figure 7: ROC and PRC for the Supervised Learning Neural Net Ensemble 

 

 

 

 

 

 

 

 

Figure 8: Semi-Supervised (Self-Training) Approach 



 

 

 

 

 

 

 

 

 

Figure 9: Summary Table for Most Performant Semi-Supervised Learning Models 



 

 

Figure 10: Influence of Chromatin Features on the Neural Network Ensemble’s Predictions 

 

 

Figure 11: Variation of Principal Chromatins Across All Enhancers (Neural Network Ensemble) 



 

 

Figure 12: Misclassifications of the Neural Network Ensemble Model 

 

 

Figure 13: Method for Architecting Zoned Ensemble 



 

 

Figure 14: Summary of Zoned Model Ensemble Results 

 

 

Figure 15: Misclassifications of the Zoned Neural Network Ensemble Model 

 

 

Figure 16: New Candidate Enhancer Predictions in Chromosome 9 



 

 

Figure 17: Example Limb Enhancer found on Chromosome 9 by the Model. Note the high 

expression of p300, H3K27ac, DNase1 illustrating how the prediction is biologically relevant 

 


