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Abstract 

Context Matters: Using Genomic Knowledge to Improve 

Disorder Classification Models 

Eric J. Barnett 

Stephen V. Faraone 

Despite heritability estimates that suggest a high ceiling for the classification of many complex 

genetic disorders, current models have only been moderately successful at accurately classifying 

cases and controls of these disorders. The knowledge base about the human genome is large and 

continuously growing, but disorder classification models rarely use any of that information 

beyond genetic associations. We use three different genomic context data granularities, 4 

different machine learning models, and datasets of mood disorders, ADHD, and type 2 diabetes to 

test hypotheses on whether including genomic context can improve modelling of disorder risk. 

When predicting whether subjects had been diagnosed with any mood disorder, we found that 

using polygenic risk scores from other psychiatric disorders in logistic regression models 

improved classification performance as measured by the area under the receiver operating 

characteristic curve (AUC). In another study classifying cases of ADHD and controls, we found 

that the addition of summations of risk based on the genetic variants’ inclusion in gene sets 

associated with ADHD improved AUCs in random forest modelling. The random forest 

importance scores of those gene set polygenic risk scores showed biological relevance through 

the correlation of importance scores with relative gene set expression in the brain. In the final 

study classifying type 2 diabetes cases and controls, for each genetic variant, we attached several 

types of functional genomic annotations to genotype data. These genomic context informed 

genotype data were used in convolutional neural networks and significantly improved AUC 

compared to polygenic risk score models while using a within-model adversarial ancestry task to 
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adjust for potential confounding due to ancestry. In these models, we found that some risk 

features developed by context informed data overlapped with features developed with standard 

genotype input while other risk features were unique to the input type. Together, these studies 

provide evidence that context matters when looking at the disorder risk conferred by genetic 

variants in complex genetic disorders. 
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Introduction 

Many psychiatric disorders are highly heritable (Pettersson et al., 2019). While high heritability 

should make genetic prediction or classification of these disorders effective, performances of 

models with these tasks have been lower than expected. In studies that build machine learning 

models for multiple disorders, psychiatric disorders tend to be on the lower end of the 

classification performance range, even though they have higher heritability than many of the 

other disorders modeled (Evans et al., 2009; Mittag et al., 2015). One main culprit of model 

ineffectiveness is the staggering genetic complexity of these disorders, which is in large part due 

to the disorders’ polygenicity, pleiotropy, and heterogeneity. 

Psychiatric disorders and other complex genetic disorders like Type 2 Diabetes have been shown 

to be highly polygenic, meaning the disorders are influenced by many different genomic loci. 

While researchers have only identified relatively few genetic variants that are associated with 

most psychiatric disorders at a genome-wide significance threshold, it is thought that the actual 

number of variants involved in these disorders is in the thousands (Psychiatric Genomics 

Consortium, 2014; Stahl et al., 2019; Sullivan & Geschwind, 2019; Wray et al., 2018). In most 

cases, any single common variant changes the risk of a disorder by a small amount. While there is 

evidence that some rare variants have a large effect on genetic risk, it is hypothesized that in most 

cases a person’s genetic risk of a psychiatric disorder is through the accumulation of these small 

effects (Visscher et al., 2017; Zoghbi et al., 2021). The polygenicity of these disorders led to the 

popularity and success of polygenic risk scores (PRS) which sum the risk of a person across many 

loci across the genome (Visscher et al., 2017). Multiple studies using PRS have shown that the 

combination of risk at loci at and below the threshold for genome wide significance results in 

better classification accuracy when modelling the risk of complex genetic disorders in 

comparison to modelling a single variant or small groups of genome-wide significant variants 

(Evans et al., 2009; Mittag et al., 2015).  
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Another factor driving the complexity of these disorders is pleiotropy, which refers to genes 

affecting two or more phenotypes. This well studied aspect of complex genetic disorders results 

in genetic overlaps between different traits and disorders (Cross Disorder Group of the 

Psychiatric Genomic Consortium, 2019). Multiple studies have shown that many common genetic 

variants are shared among disorders (Anttila et al., 2018; Mullins et al., 2022; Rommelse et al., 

2010; Smoller et al., 2013; Tylee et al., 2018). In the clinic, this may be a factor in the widespread 

comorbidity of psychiatric disorders as pleiotropic variants influence the risk of multiple 

disorders simultaneously. This pleiotropy and comorbidity along with other evidence suggests 

that the discrete, categorical disorders in psychiatry may represent overlapping clusters of people 

at the extremes of multiple continuous traits (Smoller et al., 2019). 

Genetic heterogeneity, which refers to the development of risk for some disorder through 

different genetic mechanisms, is also a critical component of the complexity of psychiatric and 

other complex genetic disorders. As previously mentioned, individual variants only affect the risk 

of the disorder by a small amount. This means that when calculating the risk of that variant, the 

proportion of people that had the variant was only slightly different in people who had the 

disorder compared to people without the disorder. Therefore, many people are seemingly 

unimpacted by variants that in other people influence the accumulation of risk that leads to the 

development of the disorder. Studies comparing distributions of PRS in people with and without 

some disorder show a similar feature (Hess et al., 2019; Hou et al., 2022). Even when summing 

risk across the genome, there are many people who have a high combined risk for a disorder but 

do not have the disorder. On the other hand, there are also people with a low combined risk for a 

disorder that have the disorder. Multiple factors likely influence this finding, including differing 

environmental risks, rare variant risk, and genetic resilience. Another explanation is that different 

sets of genetic risk accumulation have different effects on overall risk. This type of heterogeneity 
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would help explain the low ability of PRS to predict disorders, since finding the meaningful sets 

of accumulated genetic risk among hundreds of thousands of variants would be a difficult task.  

These aspects of the genetic complexity of psychiatric disorders combined with others have 

limited the performance of models aiming to accurately classify people with and without some 

psychiatric disorder. In classification models, one common performance metric is area under the 

receiver operating characteristic curve (AUC). The AUC plots the true positive rate against the 

false positive rate at many thresholds to separate cases from controls.  One then calculates the 

area under that curve.  The AUC is the probability that a random case/control pair are correctly 

classified. One study derived a mathematical equation relating the maximum AUC for a genetic 

model given a disorders heritability and prevalence (Wray et al., 2010). Based on the equation, 

most psychiatric disorders and other complex genetic disorders have a possible maximum AUC 

above 0.9 when all known genetic variance is explained and many of the disorders have possible 

AUCs near 0.9 when half of the known genetic variance is explained by the model. Some studies 

achieve results close and, in some cases, even exceeding these estimated maximum AUCs (Botta 

et al., 2014; Liu et al., 2021; Sinoquet, 2018). Unfortunately, those studies used methods that are 

known to result in bias and misleading results that do not generalize to other data sets (Wray et 

al., 2013). Other studies with less biased methods, resulting in more generalizable models, have 

reported classification performances far below the estimated limits (Evans et al., 2009; Mittag et 

al., 2015; Pirooznia et al., 2012). This suggests that current models only capture a small portion 

of the known genetic variance. Further methodological improvements are likely necessary to 

capture more of the known genetic variance and achieve higher and more useful AUCs.  

Improving the performance of genetic models is useful for a variety of reasons. Most directly, if 

the classification performance of these models were high enough, they could be useful clinically 

for screening purposes. One study found that in a suicide risk prediction task, a positive 

predictive value of only 0.8% for predicting suicide attempts was cost-effective from a health 
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care sector perspective (Ross et al., 2021). However, the performance necessary to be helpful 

clinically differs between disorders and is dependent on the cost of implementing the model, 

interventions based on the model, results of interventions based on the model, and ethical 

considerations of taking potentially harmful actions on false positive predictions (Clayton, 2003; 

Shickle & Chadwick, 1994). Better classification models also improve the estimation of disorder 

risk, which would be useful in improving the cost and efficiency of clinical trials. Clinical trials 

of prevention strategies are often burdened with high costs to have the statistical power necessary 

to detect improvements. However, a study showed that using polygenic scores to enrich the study 

sample with people at higher risk for a disorder could increase the proportion of study 

participants that will experience the onset or progression of the disorder (Fahed et al., 2022). This 

“prognostic enrichment” improves power and reduces the number of participants necessary to 

detect a significant change. The strength of the enrichment is tied to how well risk can be 

estimated, so improvements in risk estimation could further decrease the number of participants 

necessary for clinical trials. Another benefit of improving classification performance is the 

potential for improved understanding of the disorder. Given the complexity of these disorders, 

there is much that we do not understand about the disorders. Interpretable and accurate models 

could provide insights into the underlying biology of these disorders and indicate areas in which 

more research should be conducted.  

In this dissertation, I present a review paper analyzing the study features that lead to high and 

often biased AUCs in genomic machine learning literature followed by three primary research 

studies focused on testing the hypothesis that providing models with more genomic context can 

improve the models’ performance in estimating risk and thereby correctly classifying cases and 

controls. Across the studies, I analyze different approaches to providing genomic context to 

answer these questions: (1) Does the inclusion of risk estimates from genetically correlated 

phenotypes improve risk modeling? (2) Does summation of risk across gene sets associated with 
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a disorder improve risk modeling compared to a genome-wide summation? (3) Does directly 

providing a model with functional annotation information or more explicit directions on what 

information to use improve risk modeling? My dissertation includes the development of several 

novel methods to help answer these questions. I developed the methods using different disorders 

and data sets that were best suited for the research questions of each study. The results of this 

work suggest that genomic context can be useful in improving risk modeling for complex genetic 

disorders and provides multiple pathways to explore in advancing genetic classification models 

and interpret and validate results of machine learning models. 
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Genomic Machine Learning Meta-regression: Insights on 

Associations of Study Features with Reported Model 

Performance 

Eric J Barnett1, Daniel G Onete2, Asif Salekin3, Stephen V Faraone1,4 

1Department of Neuroscience and Physiology, SUNY Upstate Medical University, Syracuse, 

New York, USA 

2College of Medicine, MD Program, SUNY Upstate Medical University, Syracuse, New York, 

USA 

3Syracuse University, Laboratory for Ubiquitous and Intelligent Sensing, Department of 

Electrical Engineering and Computer Science, Syracuse, New York USA 

4Department of Psychiatry and Behavioral Sciences, SUNY Upstate Medical University, 

Syracuse, New York, USA 

Abstract 

Background: Many studies have been conducted with the goal of correctly predicting diagnostic 

status of a disorder using the combination of genomic data and machine learning. The methods of 

these studies often differ drastically. It is often hard to judge which components of a study led to 

better results and whether better reported results represent a true improvement or an uncorrected 

bias inflating performance. 

Methods: In this systematic review, we extracted information about the methods used and other 

differentiating features in genomic machine learning models. We used the extracted features in 

mixed-effects linear regression models predicting model performance. We tested for univariate 

and multivariate associations as well as interactions between features.  
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Results: Of the models reviewed, 71% had some form of data leakage. In univariate models the 

number of hyperparameter optimizations reported, data leakage due to feature selection, and 

model type were significantly associated with an increase in reported model performance. In our 

multivariate model, the number of hyperparameter optimizations, data leakage due to feature 

selection, and modelling an autoimmune disorder were significantly associated with an increase 

in reported model performance.  

Conclusions: Our results suggest that methods susceptible to data leakage are prevalent among 

genomic machine learning research, resulting in inflated reported performance. Best practice 

guidelines that promote the avoidance and recognition of data leakage may help the field avoid 

biased results. 

Introduction 

The genetic study of complex disorders has made great strides in the discovery of genome-wide 

significant genetic loci and substantial evidence for polygenicity (Wray et al., 2014).  These 

discoveries have generated new hypotheses about the etiology of these disorders and have 

motivated machine learning (ML) efforts to separate cases and controls using genome-wide 

association study (GWAS) data. While results from early genomic ML research had been 

promising, the potential pitfalls of such studies have limited their interpretation (Whalen et al., 

2022; Wray et al., 2013). Although best practices have previously been described, the methods, 

reporting, and overall study design for genomic ML studies vary so drastically that it is often 

difficult to compare and evaluate studies (Libbrecht & Noble, 2015). This between-study 

heterogeneity may contribute to distrust and underutilization of machine learning results.   

To better appreciate the strengths and weaknesses of genomic ML research, one must understand 

the differences between ML analyses and traditional GWAS. GWAS seeks to determine loci that 

are statistically significantly different between cases of a disorder and healthy controls and to test 
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for polygenicity (Tam et al., 2019). Since these studies examine hundreds of thousands to 

millions of loci, researchers apply stringent genome-wide significance thresholds (most 

commonly p < 5 x 10-8) to reduce reporting false positive results.  

In the ML analyses we review here, the primary goal is accurately predicting whether subjects are 

cases or controls genotype data from each individual. Towards achieving this goal, relying only 

on loci that meet the threshold for genome-wide significance limits the learning capability of ML 

models.  For example, a schizophrenia GWAS found that while 108 genome wide significant loci 

were able to explain 3.4% of the variation on the liability scale, including loci that met the 

nominal significance threshold (0.05) increased the variation explained to 7% (Psychiatric 

Genomics Consortium, 2014). This effect may be more pronounced in ML models which take 

advantage of interactions between loci to find patterns that are useful in differentiating cases and 

controls since more loci give the models more potential to find patterns. 

Including additional loci in ML models has some drawbacks. One of the most important aspects 

of generalizable ML models is avoiding overfitting, which becomes more difficult as the number 

of loci increases (Ying, 2019). Overfitting occurs when a model learns patterns that are only 

present within the data used to train the model (See Figure 1). In ML algorithms, the training 

process learns model parameters that minimize the difference between the predicted and actual 

case/control labels. Researchers aim to build models that use real, generalizable differences 

between cases and controls to make each prediction, but in practice, models are free to use 

whatever patterns best minimize that difference. If a model memorizes the noise specific to only 

the training data, the model is less motivated to learn patterns that may be more generalizable if 

using those patterns is less successful than memorizing training data noise. For many ML models, 

constraints are added to reduce the model’s ability to overfit, but overfitting is rarely completely 

avoided (Ying, 2019). Each additional locus that a model has access to increases the probability 
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of overfitting but also has the potential to add generalizable information the model can use to 

increase its ability to separate cases and controls. 

Many ML researchers account for overfitting by testing the performance of their models on data 

that were not seen during training (Cawley & Talbot, 2010).  One of two methods is typically 

used: cross-validation within the training set and validation with data not used at all in the 

training process. In k-fold cross-validation, researchers randomly split the data into some number 

of subsets, called folds, and then complete the association analysis and modeling that detect and 

use loci that are different between cases and controls to best separate the two classes using all but 

one of the folds.  The model is trained using data from k-1 folds and its accuracy is tested in the 

single fold that was not included in training. This process is repeated until the model has used 

each fold as the withheld subset. Then the results across all iterations are averaged.  

In the hold-out method, researchers randomly split the data into either two (training and test) or 

three (training, validation, and test) subsets. The training subset is used for the association 

analysis and modeling. If present, the validation subset is used to tune the model by setting the 

optimal hyperparameters, which are all the options and configurations that are not trained by the 

model itself, to best predict the validation subset. Then, the test subset is used to measure and 

report model performance. Unlike in cross-validation where all folds are the same size, the hold-

out method typically uses 60-80% of the data in the training subset, while the remaining data is 

split evenly between the validation and test subsets. Cross-validation is often used when data is 

limited since in this method the model has a chance to train using each person in the study. The 

hold-out method, while not allowing the model to train on each person, is thought to be the more 

conservative approach and less likely to produce an overfit model.  

The value of external testing can easily be lost through methods that leak information about the 

test subset/fold into the training of a model (Kaufman et al., 2012). When this occurs, the model 

can use that information to model the specific test data more accurately. Consequently, the test 
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data no longer represent unseen data and no longer account for overfitting to the same degree. 

This results in a model that is biased in favor of the test data. This problem, called data leakage, is 

especially detrimental because it often goes unnoticed, leading researchers and their audiences to 

believe that their model performs exceptionally well even outside the training subset when 

instead they are observing model bias. The amount of data leakage caused through 

methodological issues can vary from slight leakages that may result in some overreporting of 

performance, to major leakages that cause the testing subset/fold to mimic the training 

performance with near-perfect prediction. One example of minor data leakage could be a cycle of 

checking the performance of a model in the test subset, then deciding to try more types of models 

using the same data subsets until the performance meets a threshold deemed worthy of reporting. 

In this situation, researchers indirectly leak information about the test data into their modeling, 

allowing them to select the model that performed best in the test data and reporting an inflated 

result (See Figure 1). An example of major data leakage is using the entire data set to select 

which of the many different features best separate cases and controls and only splitting the data 

into subsets during the actual modeling. In this situation, when the features were selected with the 

entire data set, information about the test data were directly leaked into the process and the 

features included in the model will perform well in the test data, but in unseen data will either be 

less predictive or entirely unpredictive if the features selected are specific to the data in the 

feature selection process.  

The choices researchers make regarding which ML models to train, loci to include, and methods 

to use for measuring performance and optimization are critical decisions that will determine the 

outcome and validity of their study. But since few studies compare ML variations in the same 

external data sets, comparisons between studies are difficult even within the same disorder. This 

leads to a potential dilemma: Is a model with a higher reported performance better than a lower 

performing model or more overfit to their data?  
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Here, we report a systematic review that extracted information on model performance, disorder, 

training size, ML methods, optimization methods, performance measurement methods, and 

reporting on common issues from all genomic ML papers found in our search. We use this 

information in a mixed-effects linear regression model predicting model accuracy as measured by 

the area under the receiver operating characteristic curve (AUC). Within each data set and study 

involving machine learning models, many factors, such as training size, model type, and disorder, 

likely have a real, generalizable impact on reported model performance. When looking at a group 

of studies, those factors may be harder to identify due to the variable effects of data leakage 

among the studies in the group. We hypothesized that data leakage would be associated with a 

significant increase in reported AUC.  We sought to test this hypothesis and to identify other 

study features that lead to increased reported AUC. The purpose of our study is not to scrutinize 

any specific study or model, but to instead look at the current work in the field as a whole to 

understand what can be strengthened or avoided in future work to improve results. 

Methods 

Search strategy and selection 

To identify studies that used genotype data as input for machine learning models to predict any 

disorder, we searched PubMed using the key-words ‘(GWAS OR genotype{ti} OR SNP OR "risk 

score") AND (classif* OR predict*) AND ("machine learning" OR "data mining"{ti} OR "neural 

network*" OR "random forest" OR "support vector machine" OR "deep learning")’. The search 

produced 1435 studies (up to July 6, 2022).  

We excluded studies that were not using classifiers to predict a human disorder and studies that 

did not report results for genotype only models. We excluded studies that did not report testing 

performance outside the data used to train the model because these models are likely overfit to the 

data given the ability of machine learning models to learn the random noise within the training 
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data. Since models that use all data on training can achieve near perfect prediction on those data 

regardless of other methodological features inclusion of these studies could mask other important 

features, especially when model complexity is high as is often the case in genomic models 

(Whalen et al., 2022).  We also excluded studies that only used variants identified in previous 

studies, since these studies are generally focused on a small number of specific variants that have 

been thoroughly studied and validated and therefore do not face the data leakage due to feature 

selection issue addressed in this paper. We excluded studies that did not report AUC as a 

performance metric since combining different performance metrics in our analysis would limit 

interpretation and potentially bias results. After exclusion criteria, 56 studies 

remained(Abdulaimma et al., 2018; Abraham et al., 2013; Almlöf et al., 2017; An et al., 2017; 

Antonucci et al., 2020; Badré et al., 2021; Botta et al., 2014; Cánovas et al., 2020; J. Chen et al., 

2018; Chen et al., 2021; Chuang & Kuo, 2017; Cope et al., 2021; Evans et al., 2009; Fergus et al., 

2020; Garza-Hernandez et al., 2022; Gaudillo et al., 2019; Guo et al., 2016; Hu et al., 2021; Jo et 

al., 2022; Kang et al., 2011; Kinreich et al., 2021; Kooperberg et al., 2010; Krautenbacher et al., 

2021; Kwon et al., 2022; Lauber et al., 2022; Lee et al., 2020; Li et al., 2018; Li et al., 2021; Liu 

et al., 2021; Mittag et al., 2012; Mittag et al., 2015; Muneeb & Henschel, 2021; Nguyen et al., 

2015; Osipowicz et al., 2021; Pal et al., 2017; G. Paré et al., 2017; Pirooznia et al., 2012; 

Romagnoni et al., 2019; Romero-Rosales et al., 2020; Sinoquet, 2018; Skafidas et al., 2014; Sun 

et al., 2007; Thomas et al., 2020; Vivian-Griffiths et al., 2019; Wang & Avillach, 2021; Wang et 

al., 2018; Wang et al., 2016; Wang et al., 2019; Wei et al., 2009; Wei et al., 2013; Widen et al., 

2021; Wu et al., 2012; Yan et al., 2021; Zhang et al., 2021; Zhao et al., 2016).  These studies 

provided accuracy statistics for 100 models because some studies modeled multiple disorders. 

Figure 2 shows the article selection procedure in a PRISMA diagram. 

Data extraction  
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We extracted the following data from each included study: disorder predicted, number of subjects 

used for training and testing, number of participants the model was trained on, highest AUC, 

method for testing/reporting model AUC, reporting on optimization, number of hyperparameters 

optimized, reporting on imputation, reporting on quality control procedures, and type of machine 

learning method with the highest AUC. We split studies that modeled multiple disorders such that 

each row of extracted data represented a single disorder from a single study.  

Regression analysis 

We fit linear mixed-effects models to test the individual and combined contribution of study 

variables to AUC using STATA17 (StataCorp, 2019). We used this type of model to test the 

statistical significance of the included study features while accounting for the between-study 

heterogeneity present in this analysis of many different methods and disorders (Harrer et al., 

2021). The standard error of each of our models was estimated using a clustered sandwich 

estimator clustering on PMID of the included studies, which adjusts standard errors for the lack of 

statistical independence of results within studies.  We fit univariate models with AUC as the 

dependent variable and used the following as independent variables: data leakage through feature 

selection, data leakage through hyperparameter optimization, disorder type, reporting of 

optimization, reporting of quality control procedures, reporting imputation usage, number of 

hyperparameter optimizations reported, disorder heritability, model type, testing method, and size 

of training dataset.  

“Data leakage due to feature selection” was a binary feature scored as 1 if the data used to test 

model performance were used to select which features would be included in the model. It was 

scored zero otherwise.  “Data leakage due to optimization” was a binary feature scored 1 if the 

data used to test model performance was used at all in optimizing the model. It was scored zero 

otherwise.  “Optimization reported” was a binary variable scored 1 if the authors reported any 

optimization of model hyperparameters. It was scored zero otherwise. “Quality control (QC) 
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reported” was a binary variable scored 1 if authors reported the quality control procedures for 

their genotype data and zero otherwise. “Imputation reported” was a binary variable scored 1 if 

authors reported using imputed genotypes in their analysis and zero otherwise. “Number of 

hyperparameters optimizations” indicated the number of hyperparameters the authors reporting 

optimizing in the model with the highest AUC. “Disorder heritability” for each disorder included 

in these studies was gathered from heritability studies of those disorders based on twins or 

families(Smoller & Finn, 2003) (Almgren et al., 2011; Arkema et al., 2019; Bulik et al., 2006; 

Cánovas et al., 2020; Christophersen et al., 2009; Elks et al., 2012; Faraone & Larsson, 2018b; 

Gatz et al., 2006; Gordon et al., 2015; Hamza & Payami, 2010; Hilker et al., 2018; Hottenga et 

al., 2005; Joergensen et al., 2016; Kuja-Halkola et al., 2016; Kyvik et al., 1995; Lønnberg et al., 

2013; MacGregor et al., 2000; Möller et al., 2016; Sandin et al., 2017; Seddon et al., 2005; 

Svensson et al., 2009; Ullemar et al., 2016; Verhulst et al., 2015; Willemsen et al., 2008; 

Zdravkovic et al., 2002). Training size was the total number of cases and controls used to train the 

model. “Model type” was a binary variable scored 1 if the model with the highest AUC was non-

linear and 0 if it was linear. “Testing method” was a binary variable scored 1 if cross-validation 

was used to test model performance and 0 if a hold-out test subset was used to test model 

performance. Scatter plots of numerical variables and box plots of binary variables are shown in 

Figures 3 - 6. 

We corrected univariate p-values for multiple testing using Bonferroni correction based on the 

number of features tested across all univariate models. Variables were added to a multivariate 

model sequentially, ordered based on the p-value of the variables univariate model, and kept if 

the variable remained significant.   

Among the possible interaction terms for the variables used in our models, we identified 6 

interactions that could be reasonably hypothesized to impact prediction performance. These 6 

terms were: data leakage through feature selection + training size, number of hyperparameter 
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optimizations + training size, testing method + training size, data leakage through hyperparameter 

optimization + training size, number of hyperparameter optimizations + data leakage through 

hyperparameter optimization, and number of hyperparameter optimizations + testing method. We 

tested the potential interaction terms as individual additions to the multivariate model, added the 

interactions sequentially ordered by the p-value of the initial interaction models, and kept the 

interactions in the final model if they remained significant after Bonferroni correction based on 

the number of interactions tested. We also performed sensitivity analyses removing studies with 

extreme values from models with the number of hyperparameter optimizations and training size 

variables.  

Sensitivity Analyses 

For the purpose of sensitivity analyses, we kept all studies that met the condition of: 

1.5 => |(value – upper quartile) / IQR| 

If the value was above the upper quartile, and: 

1.5 => |(value – lower quartile) / IQR| 

If the value was below the lower quartile 

For the number of hyperparameter optimizations variable, 15 models had extreme values and 

were excluded. The univariate model modelling AUC with number of hyperparameter 

optimizations of the remaining models had a coefficient of 0.05, standard error of 0.04, z of 1.39, 

and p-value of 0.17 before any multiple testing correction. For the training size variable, 11 

models had extreme values and were excluded. The univariate model of the remaining models 

had a coefficient of 5.79 x 10-6, standard error of 1.4 x 10-5, z of 0.41, and p-value of 0.68. For the 

disorder heritability variable, 2 models had extreme values and were excluded. The resulting 
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univariate model had a coefficient of 9.6 x 10-4, standard error of 0.1, z of 0.01, and p-value of 

0.99.  

Results 

Among the 56 studies and 100 models included, 31 different disorders were modeled. The 

average AUC among all models was 0.75. Figure 6 shows a histogram of the frequency 

distribution of reported AUCs. Thirty-two percent (N = 32) of the models modeled eight 

autoimmune disorders and had a mean AUC of 0.80 ± 0.12. Sixteen percent (N = 16) of the 

models modeled six psychiatric disorders and had a mean AUC of 0.73 ± 0.15. The remaining 52 

models modeled 16 disorders that did not fit into either of these groups and had a mean AUC of 

0.73 ± 0.17. The included studies and all data used in our models can be found in Table 1.  

Of the models studied, 71% had at least one form of data leakage. Forty-six percent had methods 

with some degree of data leakage due to feature selection. Sixty-two percent had methods with 

some degree of data leakage due to optimization. Imputation and quality control procedures were 

reported in 46% and 91% of the models examined, respectively. Fifty-two percent of the models 

were non-linear while the remaining 48% were linear models. Cross-validation was used for 

testing in 65% of the models.  

In univariate models the number of hyperparameter optimizations reported, data leakage due to 

feature selection, and model type were significantly associated with an increase in AUC in the 

test data after correcting for multiple testing (Table 2). Modelling an autoimmune disorder was 

nominally associated with an increase in AUC but did not remain significant after correcting for 

multiple testing. Reporting on optimization, reporting on quality control procedures, reporting 

imputation usage, training size, testing method, disorder heritability, and data leakage due to 

optimization were not significant.  
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When interactions were entered one at a time, the interaction between data leakage due to feature 

selection and training size, the interaction between number of hyperparameter optimizations and 

training size, and the interaction between data leakage due to optimization and training size were 

nominally associated with AUC but did not remain significant after correcting for multiple testing 

(Table 3). When sequentially adding the interactions, none of the interactions were significant 

after Bonferroni correction. 

Our final multivariate model included the number of hyperparameter optimizations, data leakage 

due to feature selection, and autoimmune disorder modelling (Table 4). In this model, number of 

hyperparameter optimizations, data leakage due to feature selection, and modelling an 

autoimmune disorder were significantly associated with an increase in AUC after correcting for 

multiple testing. Based on the variable coefficients, our model estimated that the presence of data 

leakage due to feature selection leads to an overestimation of 0.15 in AUC.  Models that 

classified autoimmune disorders saw an estimated AUC increase of 0.10 compared to all other 

disorders. The AUC predicted by the multivariate model had an R-squared of 0.53 in a regression 

model with the actual AUC values of the models examined. A correlation matrix of all variables 

used in this analysis can be found in Table 5. 

Discussion 

Our analysis to determine which features of genomic ML studies lead to significant increases in 

AUC found evidence that, in many studies, methodological issues result in overreporting of 

model performance. Out of the studies investigated here, 44% had some form of data leakage due 

to feature selection. The most common form of data leakage due to feature selection was using 

the entire dataset for the GWAS and later splitting the dataset into multiple subsets or folds. Since 

the test data were used to determine the loci that best separate cases from controls before ML 

modeling, even if researchers split the data into separate subsets during ML, information from the 

test data has already leaked into the process, which would lead to overestimates of accuracy. The 
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coefficient of our multivariate model for this feature indicates that, on average, this form of data 

leakage increases the AUC by 0.15 after adjusting for other factors.  For some applications, an 

increase in AUC of that magnitude would be enough to move models into a performance range 

that would falsely suggest clinical utility. Although this is the first demonstration of this problem 

for a collection of genomic ML studies, others have previously warned of the potential for this 

type of issue to interfere with results.   

Out of the included studies, 56% had some form of data leakage due to optimization. In this form 

of data leakage, the test data are used multiple times as the researcher is optimizing the 

hyperparameters of a model to determine which set of those hyperparameters results in the best 

performance in the test data. A study using random training data showed that improper use of 

cross-validation, one example of data leakage due to hyperparameter optimization, leads to biased 

performance in the compromised dataset (Varma & Simon, 2006). This type of data leakage 

allows the model to overfit the data by giving it many different opportunities to find a model that 

best separates those specific test data.  It is typically used for smaller data sets where it is not 

feasible to create an independent test set.  Instead, a more generalizable practice would be to 

either use a different subset or cross-validation within the training data to optimize 

hyperparameters and apply those hyperparameters to a single model in the test data (Cawley & 

Talbot, 2010).  

Although the main effect of data leakage due to optimization was not significant, its interaction 

with training size was nominally significant. Learning curve analyses have demonstrated that 

increasing training size results in increased performance in machine learning since the model has 

more opportunities to learn patterns and features within the data (Banko & Brill, 2001; Halevy et 

al., 2009). In learning curve analyses, a machine learning model is trained with an increasing 

number of training examples and prediction performance is measured at each training size 

(Perlich, 2010). Generally, models will gradually improve with training size until a plateau is 
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reached. The amount of training data necessary to reach the plateau and the prediction 

performance at the plateau depend on the complexity of the model and the prediction task.  

Increased training size also makes it more difficult for ML models to find non-generalizable 

patterns within the noise of large datasets and the correlated increase in test size makes it more 

difficult to bias towards the test data when data leakage is present (Babyak, 2004). Thus, we 

thought that the interaction of data leakage due to hyperparameter optimization and training size 

would be important and included it in our analysis. This finding suggests that optimizing directly 

on test data should be avoided and verifies that increasing the number of subjects included in 

machine learning studies could further improve results. Our model also warns that if data leakage 

due to optimization occurs, studies with this issue may not benefit as much as expected from 

increasing training size. 

The number of hyperparameter optimizations reported by researchers was associated with 

increased AUC in our univariate and multivariate models. The model type variable was 

associated with increased AUC in a univariate model but was not associated in multivariate 

models, most likely due to its correlation with number of hyperparameter optimizations. This 

correlation was expected since non-linear models have more hyperparameters that can be 

optimized compared to linear models. Unlike the data leakage features, which are clearly a source 

of bias, the number of hyperparameters optimized and using non-linear models could lead to 

genuine improvement, bias, or a balance of the two. The “no free lunch” theorem states that all 

optimization algorithms have the same performance when averaged over all possible tasks 

(Wolpert & Macready, 1997). Applied in the context of machine learning hyperparameters, this 

means that it is impossible to know which type of model or hyperparameters within the model 

will perform best on a given dataset without prior knowledge. This maxim has led to the best 

practice of optimizing the hyperparameters of a model by either using a grid search over different 

values of those hyperparameters or using hyperparameter optimization algorithms and suggests 
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that at least some of the improvement due to the number of hyperparameters optimized is due to 

genuine prediction improvement.  

Conversely, the variable representing the number of hyperparameters optimized may also be a 

proxy of cryptic data leakage due to optimization. If data leakage due to hyperparameter 

optimization is present within the study, more optimizations will likely result in a model that is 

more biased in favor of the test data because the model has more opportunities to use the 

information it obtains about the test data through data leakage to find the optimal configuration 

for those data. This is similar to the data leakage illustrated in Figure 1, but instead of being only 

biased towards the unreported validation subset, the model would also be biased towards the test 

data. It is possible that even when optimization is reportedly handled appropriately, data leakage 

due to hyperparameter optimization may still be present. However, these findings should not be 

interpreted as evidence that hyperparameter optimization should be avoided to reduce data 

leakage. Hyperparameter optimization is an important component of improving machine learning 

models and can be done in ways that avoid data leakage. Instead, our results point towards the 

necessity of establishing and following standard practices that are more careful in avoiding data 

leakage in the genetics machine learning field. 

The type of disorder studied was significantly associated with AUC in our final multivariate 

model after Bonferroni correction. After adjusting for other significant predictors of AUC, 

models of autoimmune disorders had significantly higher AUCs compared to both psychiatric 

disorders and all other disorders. We were surprised by the lack of association between disorder 

heritability and AUC since disorders with a larger genetic component should theoretically be 

more predictable in genetic models, but the significance of a disorder type may help explain 

disorder heritability’s lack of significance in our multivariate models. The hypothesis that 

disorder heritability may be associated with an increase in AUC assumes that the difficulty of 

extracting and modeling the genetic components is equivalent in all disorders. If the accessibility 
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and ease of modelling genetic risk differ between disorders, we would no longer expect 

heritability to be associated with AUC. While this conclusion could previously be inferred by 

comparing the effect sizes of individual loci in GWASs of different disorders, our analysis 

provides further evidence that the genetic information from some groups of disorders may 

collectively differ in accessibility and ease of modelling. Differences in accessibility and ease of 

modelling could be due to differences in genetic architecture or differences in measurement (e.g., 

differences in misclassification rates). For example, the risk for Celiac disease is largely within a 

single region, whereas the genetic risk for most psychiatric disorders is spread thinly across the 

genome (Abraham et al., 2013; Sullivan et al., 2012). Another possibility is that the autoimmune 

models were consistently different from the other models in some untested way. However, many 

of the autoimmune models were part of papers that also studied non-autoimmune disorders, 

which makes this possibility less likely.  

Our study has several limitations that may have limited our ability to detect associations between 

the included features and AUC. Like all meta-analytic regressions, we were only able to model 

study characteristics as they were reported within each study. In some studies, information about 

the test data may have been leaked in inadvertent and unreported ways that we could not 

examine. The reported AUCs from some models were better than the theoretical maximum AUCs 

for the disorders and nearly perfect, which could reflect label leakage (Wray et al., 2010). Label 

leakage is a more direct form of data leakage where the model is given access to class labels, 

which the model can then use to make a prediction of those same labels. Label leakage is almost 

always accidental and unreported, so we were unable to study it. Figure 7 shows the peak caused 

by the near-perfect models in the frequency distribution of reported AUCs. If any confounding 

study characteristics are present, it is possible that the real effect of included variables could 

differ from our results. For example, disorder heritability and training size, which we would 

expect to influence model performance but were not significant in our analysis, indicate the 
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limitations of representing study characteristics in our analysis. Disorder heritability and training 

size may have had their true effect masked by unreported data leakage, inappropriate method 

choices within studies, or some other confounding factor. For example, if an inappropriate 

modeling strategy was selected, leading to a low AUC, that would make it more difficult to detect 

effects. Our clustered sandwich estimator usage limits but does not eliminate the possibility of an 

unreported study characteristic in a single study confounding our results. Alternatively, the 

variables we included could be acting in part as proxies for unreported or untested study 

characteristics. However, any potential proxy relationships may also have importance for 

understanding current practices and informing future guidelines. 

The studies used in this analysis are heterogeneous due, in part, to the inclusion of any human 

disorder. These disorders likely have differing genetic complexities and optimal prediction 

performances, which may have limited our ability to detect differences in AUC based on the 

features of the study but also highlights the strength of the features that were detected despite this 

heterogeneity. We were unable to use specific disorders as a feature in our analysis due to the 

limited number of studies with each disorder. Excluding papers that did not use AUC as a 

performance metric limited the number of studies we could include in this analysis. Some 

relevant studies may have been excluded from our analysis because they did not match our search 

query. Our study was also limited to using what was reported in these studies, which may have 

limited our ability to fully assess data leakage and optimization. The data leakage features we 

used in this study were binary, but in practice different methods have different types and 

severities of data leakage which would be difficult to accurately represent in this type of analysis. 

Our analysis of genomic machine learning studies has implications for defining best practices for 

genomic ML studies.  Although such studies may eventually lead to clinically actionable risk 

calculators, publications that overestimate results will not be replicated, which could lead the 

field to prematurely abandon ML. We found data leakage due to both feature selection and 
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optimization to be prevalent. The former leads to increased AUCs that likely overestimate the 

models’ true performance outside the training data while the latter limits or hides the effect of 

increasing training size. Perhaps our most important finding is that 71% of studies showed some 

form of data leakage, which suggests a need to promote better machine learning practices in the 

field as is being done by the MLPsych consortium (Quinn et al., 2022). We also found evidence 

that suggests data leakage due to optimization may occur even when studies report methods that 

should minimize the effects of data leakage. If genomic machine learning methods and results are 

to be improved and trusted, researchers must recognize and avoid these issues. Thorough best 

practice guidelines that promote the avoidance of data leakage and other common issues will be 

critical as the field grows and advances. 
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Table 1: Features of the Analyzed Genetic Machine Learning 

Classifier Models 

 

pmid AUC psych disorderautoimmune disordertraining size disorder h2 model type dl opt optimization reportednumber of opt dl fs testing method imputation reported qc reported

18133515 0.5784 0 0 4314 0.69 1 1 1 1 1 0 0 1

18466563 0.94 0 1 825 0.6 1 1 1 1 1 1 1 1

19553258 0.668 1 0 3348 0.725 0 1 1 1 0 1 1 1

19553258 0.6 0 0 3406 0.48 0 1 1 1 0 1 1 1

19553258 0.627 0 1 3228 0.75 0 1 1 1 0 1 1 1

19553258 0.61 0 0 3432 0.54 0 1 1 1 0 1 1 1

19553258 0.666 0 1 3340 0.6 0 1 1 1 0 1 1 1

19553258 0.749 0 1 3443 0.72 0 1 1 1 0 1 1 1

19553258 0.601 0 0 3404 0.69 0 1 1 1 0 1 1 1

19816555 0.84 0 1 3443 0.72 1 0 1 6 0 0 1 1

20842684 0.637 0 1 2808 0.75 0 0 1 1 0 0 1 1

21427131 0.72 0 1 2223 0.75 0 1 1 1 0 0 1 1

22081063 0.576 1 0 3625 0.725 0 1 1 1 0 0 1 1

22777693 0.61 1 0 3502 0.725 1 1 1 2 1 1 1 1

22777693 0.56 0 0 13243 0.41 1 1 1 2 1 1 1 1

22777693 0.88 0 1 3504 0.72 1 1 1 2 1 1 1 1

22777693 0.62 0 0 3503 0.69 1 1 1 2 1 1 1 1

22965006 0.749 0 0 855 0.83 0 0 0 0 1 0 0 0

22987127 0.9271 0 0 541 0.41 1 1 1 2 1 1 0 1

23203348 0.734 1 0 4806 0.725 0 1 1 1 1 1 0 1

23203348 0.877 0 1 6785 0.75 1 0 1 1 0 0 0 1

23203348 0.683 0 0 4864 0.48 0 1 1 1 1 1 0 1

23203348 0.768 0 1 4686 0.75 0 1 1 1 1 1 0 1

23203348 0.7 0 0 4890 0.54 0 1 1 1 1 1 0 1

23203348 0.766 0 1 4798 0.6 0 1 1 1 1 1 0 1

23203348 0.895 0 1 4901 0.72 0 1 1 1 1 1 0 1

23203348 0.713 0 0 4862 0.69 0 1 1 1 1 1 0 1

23731541 0.864 0 1 15173.6667 0.75 0 0 1 1 0 0 1 1

23731541 0.826 0 1 13584 0.67 0 0 1 1 0 0 1 1

24695491 0.959 1 0 5000 0.725 1 1 1 2 1 1 1 1

24695491 0.999 0 0 5000 0.48 1 1 1 2 1 1 1 1

24695491 0.955 0 1 5000 0.75 1 1 1 2 1 1 1 1

24695491 0.969 0 0 5000 0.54 1 1 1 2 1 1 1 1

24695491 0.996 0 1 5000 0.6 1 1 1 2 1 1 1 1

24695491 0.94 0 1 5000 0.72 1 1 1 2 1 1 1 1

24695491 0.979 0 0 5000 0.69 1 1 1 2 1 1 1 1

25708662 0.975 0 0 364 0.58 1 1 1 3 1 1 0 0

25708662 0.959 0 0 541 0.41 1 1 1 3 1 1 0 0

26285210 0.5834 1 0 3500 0.725 1 1 1 3 0 1 0 1

26285210 0.5843 0 0 3500 0.48 1 1 1 2 0 1 0 1

26285210 0.6178 0 1 3500 0.75 1 1 1 2 0 1 0 1

26285210 0.5617 0 0 3500 0.54 0 1 1 1 0 1 0 1

26285210 0.7276 0 1 3500 0.6 1 1 1 2 0 1 0 1

26285210 0.8682 0 1 3500 0.72 1 1 1 2 0 1 0 1

26285210 0.5861 0 0 3500 0.69 1 1 1 2 0 1 0 1

26792494 0.693 1 0 4402 0.56 0 0 1 1 0 0 1 1

27080919 0.89 0 1 705 0.72 0 0 1 1 0 0 0 1

27444562 0.7239 0 1 1590 0.68 1 0 1 . 0 0 0 1

28045094 0.702 1 0 2035 0.725 0 0 1 1 0 0 1 1

28358032 0.855 0 0 737 0.58 0 1 1 2 1 1 1 1

28512778 0.72 0 1 5000 0.75 1 0 0 . 0 0 1 1

28740209 0.78 0 1 3871 0.61 1 1 1 2 0 1 0 1

28979001 0.602 0 0 2000 0.69 1 1 1 4 0 0 1 1

29587628 0.958 1 0 4806 0.725 1 1 1 13 1 1 0 1

29587628 0.968 0 0 4864 0.48 1 1 1 13 1 1 0 1

29587628 0.952 0 1 4686 0.75 1 1 1 13 1 1 0 1

29587628 0.94 0 0 4890 0.54 1 1 1 13 1 1 0 1

29587628 0.962 0 1 4798 0.6 1 1 1 13 1 1 0 1

29587628 0.957 0 1 4901 0.72 1 1 1 13 1 1 0 1

29587628 0.961 0 0 4862 0.69 1 1 1 13 1 1 0 1

30183645 0.9998 0 0 1221.6 0.25 1 1 1 4 1 0 0 1

30193110 0.69 0 0 401 0.77 0 1 1 1 1 1 0 1

30204480 0.7 0 0 139 0.74 1 1 1 2 0 1 0 0

30276764 0.905 1 0 10858.5 0.79 0 1 1 9 1 0 1 0

30516002 0.697 1 0 11853 0.79 0 0 0 0 0 1 1 1

31316157 0.802 0 1 34634 0.75 1 0 1 . 1 0 1 1

31564248 0.69 0 1 111 0.75 1 0 0 0 0 0 0 1

31595034 0.75 1 0 140 0.49 0 1 1 . 0 1 1 1

31800601 0.64 0 0 128 0.75 1 1 1 3 1 1 0 1

31948640 0.48 1 0 440 0.79 0 0 1 2 0 0 0 0

32106268 0.62 0 0 137 0.31 1 0 1 1 0 0 1 1

32324812 0.844 0 0 1382 0.58 0 0 1 1 1 0 1 1

32758450 0.654 0 0 72791 0.16 0 1 1 2 0 0 1 1

32887683 0.671 0 0 7505 0.54 0 0 1 1 0 0 1 1
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32997854 0.54 0 1 1410 0.82 0 0 1 1 0 0 1 1

33009504 0.674 0 0 39288.8 0.31 1 0 1 3 0 0 0 0

33714937 0.955 0 0 3144 0.83 1 0 1 12 1 0 0 1

33866309 0.703 0 0 7240 0.58 0 0 0 0 0 1 0 0

33874881 0.97 0 0 69 0.69 1 1 1 6 1 0 0 1

34003914 0.78 0 0 27215 0.46 1 0 1 2 0 0 1 1

34109382 0.957 1 0 1486 0.74 1 0 1 . 1 0 0 1

34209487 0.493 0 0 2791 0.48 0 0 1 1 0 1 0 1

34209487 0.505 0 0 2791 . 0 0 1 1 0 1 0 1

34209487 0.65 0 1 2910 0.72 0 0 1 1 0 1 0 1

34209487 0.637 0 0 2910 0.69 0 0 1 1 0 1 0 1

34209487 0.558 0 0 2791 0.54 0 0 1 1 0 1 0 1

34209487 0.527 0 0 2791 . 0 0 1 1 0 1 0 1

34209487 0.551 0 0 2910 . 0 0 1 1 0 1 0 1

34209487 0.574 0 0 2791 0.74 0 0 1 1 0 1 0 1

34327330 0.57 0 0 1519 0.58 1 0 0 0 0 1 0 0

34336000 0.981 0 0 1316 0.58 1 1 1 . 0 0 0 1

34430925 0.738 1 0 12065 0.79 1 0 1 7 1 0 1 1

34745218 0.85 0 0 367 0.41 0 0 1 1 1 0 0 1

34749286 0.598 1 0 1010 0.79 0 0 1 3 0 1 1 1

34892435 0.999 0 0 988 0.58 1 1 1 . 0 0 0 1

35086918 0.82 0 0 4099 0.62 1 1 1 4 0 0 0 1

35183061 0.82 0 0 981 0.58 1 1 1 . 1 1 1 1

35239643 0.609 0 0 3688 0.69 0 0 1 1 1 1 1 1

35239643 0.507 0 0 3951 0.48 0 0 1 1 1 1 1 1

35306380 0.667 0 1 8421 0.75 0 1 1 1 0 1 1 1
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Table 2: Univariate mixed-effects linear model results 

 

  



27 

 

Table 3: Multivariate mixed-effects linear model interaction results 
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Table 4: Multivariate mixed-effects linear model results 
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Table 5: Correlation matrix of variables used in the analysis.  
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Figure 1: Overfitting, sample size, and data leakage 

Plot Overview: In this illustrative example, we have condensed most of the known genetic 

variance for a hypothetical disorder into 2 continuous features scaled from 0 to 1. In these graphs 

the axes represent those 2 continuous features, and each point represents a person in the training 

subset based on their values for each feature. People who are cases of the hypothetical disorder 

are shown in red while people who are controls are shown in blue. The true population 

distribution of cases and controls, which would be unknown to us when modeling since we can 

only sample from the population, is represented by the background, with the intensity of the 

gradient representing how likely a person is to be a case (red) or control (blue) given the 2 

features. The white space represents a region in which the likelihood of being a case or control is 

similar and perfect separation of cases and controls is impossible with only genetic data. Our task 
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is to build a model that predicts whether each person is a case or control. To do this task in this 

example, we will build models that enclose all predicted controls. The optimal solution in this 

case would be a circle splitting the white region, but since our data are not a perfect 

representation of the population distribution, the models we make will inevitably be less optimal. 

We will discuss several factors that commonly impact how similar a model can be to the optimal 

model.  

Overfitting: Many models are easily capable of achieving perfect prediction on the data that are 

used to build or train the model. However, that performance may be specific to the training data, 

as illustrated by the overfit Model 1. To get a more generalizable measure of model performance, 

we should test performance in data that are not used to train the model. If we were to test Model 1 

in a different sample of unseen data (validation subset) we may find that it is not nearly as 

predictive in that subset since the model was trained using some patterns that generalize to the 

population and some patterns in the training data that do not match the population distribution. 

Advantages of Increasing Training Size: If we increased the training size (only case/control 

boundary examples illustrated) it would become clear that Model 1 was overfit to the original 

data and the model does not generalize to the population. At this point it may still be possible to 

get perfect prediction by overfitting the model to the data with more complex models, as 

illustrated by Model 2, but overfitting becomes increasingly difficult as more data are added to 

the training subset.  

Bias due to Data Leakage: To find the model with the best prediction in unseen data, we can use 

a validation subset (not shown) to optimize which model type we use and which hyperparameters 

or options to use within a model. During this process, we indirectly learn information about the 

validation subset as we find the model that best predicts that specific set of unseen data. 

Therefore, our model is biased towards correctly predicting the validation subset due to indirectly 

“leaking” information from the validation subset during model optimization. Each additional 
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model trained during optimization increases the potential for data leakage, but also increases the 

potential of finding the optimal model. The best model among many trials optimizing towards the 

validation subset is illustrated by Model 3. Since the data in the validation subset are no longer 

truly unseen data, we should test the best model in a new, completely unseen subset to avoid data 

leakage from inflating our reported model performance. We can use the test subset (not shown) 

for this purpose to report the performance of the optimized model on unseen data. In this 

example, the validation data contained more cases than controls in the unshaded area wherein the 

population is equally split between cases and controls. This resulted in choosing a model that 

performs better in the validation subset compared to the test subset because the test subset and 

population do not have all the same patterns seen in the validation data. The imperfect 

generalization of models to unseen data is expected, which is why a final test on truly unseen data 

is important for accurate performance reporting. Testing more models on the test subset may lead 

to the same indirect data leakage occurring in the test subset, resulting in inflated reported 

performance, so use of the test subset should be reserved for the final model.  
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Figure 2: The Preferred Reporting Items for Systematic Reviews 

and Meta-Analyses (PRISMA) diagram of article selection 

procedure. 
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Figure 3: Scatterplot of AUC and disorder heritability. AUC represents 

the area under the receiver operating characteristic curve reported by each study and disorder_h2 

represents an estimation of disorder heritability based on twin-studies.  
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Figure 4: Scatterplot of AUC and number of hyperparameter 

optimizations reported. AUC represents the area under the receiver operating 

characteristic curve reported by each study and number_of_opt represents the number of 

hyperparameter optimizations that were reported by the study. 
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Figure 5: Scatterplot of AUC and training size. AUC represents the area 

under the receiver operating characteristic curve reported by each study and training size 

represents the total number of cases and controls used to train the model. 
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Figure 6. Box plots of all binary features used in our analyses. The 

“psych_disorder” variable represented whether the disorder studied was a psychiatric disorder. 

The “autoimmune_disorder” variable represented whether the disorder studied was an 

autoimmune disorder. The “model_type” variable represented whether the model used was linear 

(0) or non-linear (1). The “optimization_reported” variable represented whether the study 

reported any optimization of model hyperparameters. The “data leakage: feature selection 

variable represented whether the subset used to test the performance of the model was used to 

select the features used within the model”. The “data leakage: optimization” variable represented 

whether the subset used to test the performance of the model was used to optimize the 

hyperparameters of the model. The “testing_method” variable represented whether model 
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performance was tested using cross-validation (0) or hold-out (1). The “imputation_reported” 

variable represented whether the study reported using imputed genotypes. The “qc_reported” 

variable represented whether the study reported any quality control procedures. 
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Figure 7: A histogram showing frequency distribution of reported 

AUCs. AUC represents the area under the receiver operating characteristic curve reported by 

each study and frequency represents how often an AUC within each histogram bin is reported 

within our study sample.  
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Abstract 

Objective: Mood disorders often co-occur with attention deficit-hyperactive disorder (ADHD), 

disruptive behavior disorders (DBD), and aggression. We aimed to determine if polygenic risk 

scores (PRSs) based on external genome-wide association studies (GWASs) of these disorders 

would be associated with mood disorders. 

Methods: We combined six independent family studies that had genetic data and diagnoses for 

mood disorders that were made using different editions of the DSM. We predict mood disorders, 

either concurrently or in the future, in participants between 6 and 17 years of age using PRSs 
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calculated using summary statistics of GWASs for ADHD, ADHD with DBD, major depressive 

disorder (MDD), bipolar disorder (BPD), and aggression to compute PRSs. 

Results: In our sample of 485 youths, 356 (73%) developed a subthreshold or full mood disorder 

and 129 (27%) did not. The cross-validated mean areas under the receiver operating characteristic 

curve (AUCs) for the seven models predicting development of any mood disorder ranged from 

0.552 in the base model of age and sex to 0.648 in the base + all five PRSs model. When included 

in the base model individually, the ADHD PRS (OR=1.65, p<0.001), aggression PRS (OR=1.27, 

p=0.02), and MDD PRS (OR=1.23, p=0.047) were significantly associated with the development 

of any mood disorder. 

Conclusions: PRSs ADHD, MDD, BPD, DBDs and aggression were modestly associated with 

the development of mood disorders. These findings extend evidence for transdiagnostic genetic 

components of psychiatric illness and demonstrate that PRSs calculated using traditional 

diagnostic boundaries can be useful within a transdiagnostic framework. 

Introduction 

Mental health problems, which have been shown to account for 45% of the global burden of 

disease in people between 10 and 25 years old, are complicated by low healthcare utilization 

(Gore et al., 2011). One study found that 66.9% of adolescents in need of healthcare services for 

psychiatric disorders received none (Costello et al., 2007).  Many studies have found that shorter 

duration of untreated disease is correlated with improved treatment response in mood disorders 

(Ghio et al., 2014; Hung et al., 2017; Kraus et al., 2020) (Berk et al., 2011; Bukh et al., 2013). 

Thus, better screening for these disorders would help get patients the care they need in the 

developmental period that gives the largest opportunity to improve outcomes.  

In contrast to the Diagnostic and Statistical Manual of Mental Disorders (DSM) view of 

psychiatric disorders as distinct entities, several lines of evidence suggest that a transdiagnostic 
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paradigm may be more appropriate.  Several decades of research has shown that psychiatric 

comorbidity is pervasive for childhood disorders (Biederman et al., 1990; Neuman et al., 

2001).  More recently, multiple groups have shown that many common genetic variants are 

shared among psychiatric disorders (Anttila et al., 2018; Smoller et al., 2019) and that these 

disorders share some brain variations documented by neuroimaging (Radonjić et al., 2021).  In 

parallel, many studies indicate that most psychiatric disorders fall along a continuum that is not 

discrete from the rest of the population (Smoller et al., 2019).  These findings suggest that the 

discrete, categorical disorders of the DSM may be better represented as overlapping clusters of 

people expressing the extremes of multiple continuous traits. This evidence suggests that 

transdiagnostic evidence may be useful when screening for disorders because, for example, 

subthreshold or biomarker manifestations of one disorder might be useful when diagnosing other 

disorder. Polygenic risk scores (PRSs) estimate risk by summing the effects of common genetic 

variants across the genome.   For psychiatric conditions, such scores have not yet proven useful in 

clinical settings.  Nevertheless, given the genetic correlations among many psychiatric disorders, 

a PRS from one disorder may be predictive of other genetically correlated disorders (Smoller et 

al., 2019).  There are two reasons that PRS from other disorders may be useful.  First, it is well 

known that the reliability of a measure comprising correlated predictors is higher than the 

reliability of each individual predictor (Nunnally, 1978).  Thus, adding risk estimates calculated 

based on other disorders may result in better estimates of the true risk of psychopathology.  A 

second point to consider is that the risk estimate derived from a comorbid disorder may be much 

more reliable than the risk estimate derived from the disorder that is the target of the predictive 

model.   This occurs when the sample used to derive the PRS for the comorbid disorder is much 

larger than the sample used to derive PRS for the target disorder. 

Here, we use PRSs to predict the onset of mood disorders in children and adolescents.  We know 

from prior clinical and epidemiologic studies that mood disorders frequently co-occur with 
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attention deficit-hyperactive disorder (ADHD) (Demontis et al., 2019; Faraone & Biederman, 

1997; Nigg et al., 2019), disruptive behavior disorders (Anney et al., 2008; Demontis et al., 2021) 

and aggression (Zhang-James & Faraone, 2016).  Moreover, GWAS studies have shown that 

these disorders share common genetic variants (Demontis et al., 2019; Demontis et al., 2021; 

Schiweck et al., 2021; van Hulzen et al., 2017). 

Given these associations, and the lack evidence for prediction of mood disorders in children using 

PRS derived from mood disorders alone (Biederman et al., 2021), we sought to capitalize on 

correlated associations to predict the emergence of any mood disorders in a sample of well-

characterized youth.  Our analytic strategy aimed to determine if PRSs based on external genome-

wide association studies (GWASs) of bipolar disorder (BPD), major depressive disorder (MDD), 

ADHD, ADHD with disruptive behavior disorders (DBD), and aggression could improve upon 

the predictive accuracy afforded by a mood disorder PRS alone.  

Methods 

Sample 

The sample was derived from six independent studies using identical assessment methodology: 1) 

and 2) were prospectively controlled family studies of boys and girls 6 to 17 years of age with 

and without DSM-III-R ADHD and their first-degree relatives (Boys Study: N=140 ADHD 

probands with N=454 first-degree relatives and N=120 control probands with N=368 first-degree 

relatives; Girls Study: N=140 ADHD and N=122 Controls) (Biederman et al., 1996) (Biederman 

et al., 2006); 3) was a prospective controlled family study of youth 10 to 18 years of age with and 

without DSM-IV pediatric BP-I disorder and their first degree relatives (N=105 BP-I probands 

with N=320 first-degree relatives and N=98 control probands with N=288 first-degree relatives) 

(Wilens et al., 2008);  4) was a prospective family study of youth 6 to 17 years of age of both 

sexes with active symptoms of DSM-IV BP-I Disorder and their first degree relatives (N=239 
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BP-I probands with N=687 first-degree relatives) (Wozniak et al., 2012); 5) was a cross-sectional 

family study of men and women 18 to 55 years of age with and without DSM-IV ADHD and 

their first degree relatives (N=224 ADHD probands with N=300 first-degree relatives and N=146 

control probands with 118 first-degree relatives) (Faraone et al., 2006); and 6) was a cross-

sectional linkage study of families with two or more full biological siblings with a lifetime 

diagnosis of DSM-IV ADHD (N=271 families, N=1,170 genotyped individuals) (Faraone et al., 

2008). Subjects from the boys ADHD study were followed-up after one, four, 10, and 16 years; 

subjects from the girls ADHD study were followed-up after five and 11 years; and subjects from 

the BPD family study were followed-up after four, five, and six years. Subjects from the other 

three studies had cross-sectional data only.  

The pediatric ADHD studies (1 and 2) recruited subjects from pediatric and psychiatric clinics. 

The BPD studies and ADHD linkage study (3, 4, and 6) recruited subjects from referrals to the 

Clinical and Research Programs in Pediatric Psychopharmacology at the Massachusetts General 

Hospital and through advertisements in the community. The ADHD linkage study (6) also 

recruited subjects from pediatric clinics and private child psychiatry practices. The adult ADHD 

study (5) recruited subjects from psychiatric clinics and advertisements in the community. 

Controls were recruited from pediatric clinics, advertisements to hospital personnel and 

community newspapers, and Internet postings.  Potential subjects were excluded from all six 

studies if they had major sensorimotor handicaps, inadequate command of the English language, 

or a Full-Scale IQ <70 (<80 for the pediatric and adult ADHD studies), and from all studies 

except the adult ADHD study (1,2,3,4,6) if they were adopted or if their nuclear family was not 

available for study. Potential subjects were also excluded from all four ADHD studies (1,2, 5, 6) 

if they had psychosis, from the pediatric ADHD and BPD studies if they had autism, from the 

BPD studies if their BP-I disorder was due solely to a medication reaction, and from the ADHD 

linkage study if they did not want to provide a blood sample. For all six studies, every subject 18 
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and older provided written informed consent. Children and adolescents provided written assent to 

participate and the parents provided written informed consent. The Partners Human Research 

Committee approved these studies. 

For the current study, we restricted our sample to subjects who were 6 to 17 years of age, had 

genetic data available, and had diagnosis information for bipolar disorder and major depressive 

disorder. Based on these criteria, our sample consisted of 485 subjects including 112 subjects 

from the boys ADHD study (1), 144 subjects from the girls ADHD study (2), 21 subjects from 

the controlled BPD study (3), 80 subjects from the BPD family study (4), 10 subjects from the 

adult ADHD study (5), and 117 subjects from the ADHD linkage study (6).  There was also one 

subject with genetic data included from an “unselected” clinic population referred for psychiatric 

care at MGH for which there were no exclusion criteria and for whom we received approval from 

the Partners Human Research Committee to review, analyze, and report on anonymously.  

Diagnostic Assessments 

In all six studies, psychiatric assessments of subjects younger than 18 were made with the Kiddie 

Schedule for Affective Disorders – Epidemiologic Version (K-SADS-E) (Orvaschel & Puig-

Antich, 1987). For subjects 12 and younger, diagnoses were based on independent interviews 

with parents. For subjects 13 to 17, diagnoses were based on independent interviews with parents 

and direct interviews with children and adolescents. Data were combined such that endorsement 

of a diagnosis by either reporter resulted in a positive diagnosis. 

Extensively trained and supervised psychometricians with undergraduate degrees (or graduate 

degrees for the ADHD linkage study) in psychology or a related field conducted all interviews. 

For the pediatric ADHD studies, ADHD linkage study, and the controlled BPD study, raters were 

blind to the ascertainment status of the families.  For the BPD family study, raters were blind to 

the study assignment and whether the subject was a proband or sibling. For the adult ADHD 
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study, raters were blind to the subject’s ascertainment status, ascertainment site, and all prior 

assessments. To assess the reliability of our overall diagnostic procedures, we computed kappa 

coefficients of agreement by having experienced, blinded, board-certified child and adult 

psychiatrists and licensed experienced clinical psychologists diagnose subjects from audiotaped 

interviews made by the assessment staff. Based on 500 assessments from interviews of children 

and adults, the median kappa coefficient was 0.98 for the pediatric ADHD studies, adult ADHD 

study, and the controlled BPD study, and 0.99 for the BPD family study. Based on 173 

assessments from interviews of children and adults, the median kappa coefficient was 0.99 for the 

ADHD linkage study.  

Socioeconomic status (SES) was measured using the 5-point Hollingshead scale (Hollingshead, 

1975). A higher score indicates being of a lower socioeconomic status. 

Polygenic Risk Scores 

All participants provided blood for DNA extraction and genome wide genotyping of 585,979 

SNPs on the Illumina PsychArray. A minimum call rate of 98% was set to exclude variants and 

individuals with missing data. In addition, we removed variants that showed significant departure 

from Hardy-Weinberg equilibrium (p < 1×10-6) and variants with a minor allele frequency 

(MAF) less than 1%. Following these steps, data 504,432 variants were retained.  The Michigan 

Imputation Server was used to perform automated haplotype phasing with Eagle v.2.4 and 

imputation of missing genotypes with Minimac4 based on the Haplotype Reference Consortium 

(version r1.1 2016), a reference panel of 64,940 haplotypes from individuals of predominantly 

European ancestry. After genotype imputation, quality control steps were performed to exclude 

variants with a MAF less than 1%, variants with a call rate under 98%, and variants that were not 

robustly imputed (R2 < 90%).  In order to detect variation between patients due to ancestry, we 

performed a principal component analysis (PCA) on directly genotyped variants that exhibited a 

minimum MAF of 10% and approximate linkage equilibrium (Plink command: --indep-pairwise 
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100 10 0.2). Variants found in the extended major histocompatibility (MHC) locus of 

chromosome 6 (24mb – 35mb) were excluded to avoid biasing our PCA due to extensive linkage 

disequilibrium (LD). Top principal components (PCs) were included in initial analyses to check 

and adjust for potential confounding due to ancestry.  

At the time of writing, we used published genome-wide summary statistics from the largest 

available genome-wide association meta-analyses of ADHD, ADHD with DBD, MDD, BPD, and 

aggression to compute PRSs (Demontis et al., 2019; Demontis et al., 2021; Stahl et al., 2019; 

Wray et al., 2018). We used imputed genome-wide SNP genotypes (n SNPs = 8,063,863) to 

calculate PRSs for three neuropsychiatric disorders (ADHD, BPD, and MDD).  All PRSs were 

computed using the conventional LD-pruning and p-value thresholding (P+T) method (Purcell et 

al., 2009). Pre-processing steps were followed to exclude uncommon SNPs (MAF < 10%), 

insertions and deletions, variants in the extended MHC locus, variants with an imputation quality 

score less than 90%, strand-ambiguous variants (i.e., CG, AT), and variants not included in our 

target dataset from the GWAS summary statistics. We then used Plink v.1.9 to perform a greedy 

pruning of SNP associations (or “clumping”) such that the resultant SNP set was largely LD-

independent.  The parameters used for the clumping algorithm were as follows: --clump-p1 1.0 –

clump-p2 1.0 –clump-kb 250 –clump-r2 0.1.  When computing PRSs in our dataset, we chose the 

p-value threshold that was reported to have maximized the phenotype variance explained (R2) in 

a sample that was independent from the initial training sample that was used to derive the PRS 

formula (ADHD: p ≤ 0.2; BPD: p ≤ 0.01; MDD: p ≤ 0.05; aggression: p < 0.1 (Elam et al., 2018). 

ADHD with DBD was an exception to this criteria; in absence of a reported best p-value 

threshold, we computed PRS for ADHD with DBD using a threshold of p < 0.5. PRSs were 

standardized to a mean of zero and unit variance for downstream statistical analyses. 

Statistical Analysis 
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First, we stratified patients by lifetime development of any subthreshold or full mood disorder 

(MDD or BPD) and compared them on sociodemographic characteristics using t-tests, ordered 

logistic regression, and Pearson’s chi-square tests. We included subthreshold cases based on a 

meta-analysis that showed evidence for the validity of subthreshold cases (Vaudreuil et al., 2019). 

Participants were classified as having a subthreshold mood disorder if they did not meet full 

criteria, had three or more symptoms, and had a duration of symptoms that lasted at least one 

week to qualify as an episode. For subjects from the pediatric ADHD studies and the BPD family 

study, we defined lifetime history of any mood disorder as positive if the subject met 

subthreshold or full diagnostic criteria for MDD or BPD at any assessment (baseline or follow-up 

visits). For subjects with cross-sectional data from the adult ADHD study, ADHD linkage study, 

and controlled BPD study, we defined lifetime history of any mood disorder as positive if the 

subject met subthreshold or full diagnostic criteria for MDD or BPD at the time of assessment.  

Next, we examined the predictive utility of seven models to identify any mood disorder versus no 

mood disorder. We started by using multiple logistic regression to test a model that predicted any 

mood disorder from age, sex, and the first 10 principal components from a principal components 

analysis, which reduces the dimensionality of the genetic data to explain as much variance as 

possible. If the ancestry of our subjects differed between cases and controls, the principal 

components would be predictive and control for differing ancestries between samples (Price et 

al., 2006). However, none of the principal components were significantly predictive and were 

therefore excluded from other models to minimize overfitting and overestimation of performance 

that could be caused by overparameterization. We used a logistic regression model using age and 

sex to predict any mood disorder as the base model. We then added each PRS to the base model 

individually (i.e., base model + BPD PRS; base model + MDD PRS; base model + ADHD PRS; 

base model + ADHD with DBD PRS; base model + Aggression PRS) to test the predictive utility 

of each PRS. Finally, we tested a model that included all five PRSs plus the base model. We 

assessed the predictive utility of the models using receiver operating characteristic (ROC) curve 



49 

 

analysis with 10x cross-validation and summarized the results using mean area under the curve 

(AUC) statistics across the ten folds. In our 10x cross-validation protocol, we randomly split 

subjects into 10 folds and each fold is iteratively held out of model fitting to measure the 

prediction performance in that fold on a model fit using the other 9 folds. All AUCs we report are 

based only on the prediction performance in the withheld folds during cross-validation. AUC 

represents the probability that a randomly selected case/control pair are accurately classified. 

AUCs from different models were compared using the DeLong test (DeLong et al., 1988) for 

comparing AUCs. Our test for equality of AUC statistics used a single AUC based on cross-

validated probabilities for each model.  We also performed two sensitivity analyses; the first 

restricted the sample to Caucasian patients and the second predicted full mood disorders only. All 

analyses were two-tailed and performed at the 0.05 alpha level using Stata (Version 16.1) 

(StataCorp, 2019).  

The PCs and PRSs were standardized based on the means and standard deviations of the current 

sample. For each model, we assessed goodness of fit using Akaike’s Information Criterion (AIC), 

Bayesian Information Criterion (BIC), and Nagelkerke’s pseudo-R2. When comparing AIC and 

BIC values across models, lower values indicate a better fit model. When comparing 

Nagelkerke’s pseudo-R2 values across models, higher values indicate a greater percentage of 

variance explained by the model. The amount of variance explained by the PRS variables is 

calculated as the difference of Nagelkerke’s pseudo-R2 in the model including the PRS compared 

with the base model. 

Results 

Sociodemographic Characteristics 

In our sample of 485 youths, 356 (73%) developed a subthreshold or full mood disorder and 129 

(27%) did not. As shown in Table 1, there were significant differences between those who did 
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and did not develop a mood disorder in socioeconomic status (SES) and sex. Those who 

developed a mood disorder were of lower SES and had a greater percentage of males compared to 

those who did not. There were no significant differences between the groups in age or race. 

 

Prediction of Any Mood Disorder by Polygenic Risk Scores 

As shown in Table 2, the fit statistics were the best for the base model + all five PRSs with the 

lowest AIC (AIC=1.110) and second lowest BIC (BIC=-2427.326). The BIC, which penalizes 

more heavily for complex models, was slightly lower in the base model + ADHD PRS (BIC=-

2440.554) compared to the base model + all five PRSs. The base model + all five PRSs had the 

highest Nagelkerke R2 (R2=0.114), with the five PRSs explaining 9.8% of the variance when 

comparing this model to the base model (R2=0.016).  The base model + ADHD PRS had the next 

highest Nagelkerke R2 (R2=0.081), with the ADHD PRS explaining 6.5% of the variance when 

comparing this model to the base model. The base model + BPD PRS, base model + MDD PRS, 

base model + ADHD with DBD PRS, and base model + Aggression PRS performed no better 

than the base model itself, explaining only 0.05% to 1.5% of the variance. All comparisons 

marked significant at p < 0.01 were statistically significant after correction for multiple 

comparisons. 

The cross-validated mean AUC statistics for the seven models ranged from 0.552 for the base 

model to 0.648 for the base model + all five PRSs (Table 2, Figure 1). Pairwise comparisons 

revealed that the base model + ADHD PRS performed significantly better at identifying youths 

with any mood disorder than all the other models except for the base model + Aggression PRS 

and the base model + all five PRSs.  

The base model + all five PRSs performed significantly better at identifying youths with any 

mood disorder than all the other models except for the base model + ADHD PRS. 
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When included in the base model individually, the BPD PRS (OR=1.14, p=0.20, 95% CI: 0.93 – 

1.40) and ADHD with DBD PRS (OR=1.17, p=0.13, 95% CI: 0.95 – 1.45) were not significantly 

associated with any mood disorder, but the MDD PRS (OR=1.23, p=0.047, 95% CI: 1.00 – 1.52), 

ADHD PRS (OR=1.65, p<0.001, 95% CI: 1.33 – 2.05), and Aggression PRS (OR=1.27, p=0.02, 

95% CI: 1.03 – 1.56) were significant before correction for multiple testing. Higher MDD, 

ADHD and Aggression PRSs were associated with increased odds of having a mood disorder. 

When all five PRSs were included in the base model at the same time, only the ADHD PRS 

(OR=1.68, p<0.001, 95% CI: 1.34 – 2.10) and Aggression PRS (OR=1.33, p=0.01, 95% CI: 1.07 

– 1.66) remained significant.  

Discussion 

Although genetic associations among psychiatric disorders have been well documented (Smoller 

et al., 2019), this study is the first to use PRSs for several psychiatric disorders to predict the 

emergence of mood disorders in youth. Using PRSs for ADHD, MDD, BPD, DBDs and 

aggression, we could modestly predict the lifetime development of mood disorders 

(operationalized as subthreshold or full presentation) in a set of independent family studies. These 

models extend evidence for transdiagnostic components of psychiatric illness using genetic data 

and demonstrate that PRSs computed using traditional diagnostic boundaries can be leveraged 

within a transdiagnostic approach to child psychopathology. 

Several factors might explain the failure of the BPD and MDD PRSs to predict new onsets of 

these disorders.  We studied youth who were 6 to 17 years of age but the samples that generated 

the PRSs were mostly ascertained as adults. One interpretation of our findings is that the genomic 

etiology of the early onset mood disorders associated with ADHD differs from the genomic 

etiology of adult-onset mood disorders.  If so, there may be a neurodevelopmental mood disorder 

associated with ADHD and aggression. The ADHD PRS may have been significantly predictive 

in this sample due to its ability to predict an ADHD specific depression, which could also explain 
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the overrepresentation of males in the group with any mood disorder. Consistent with this idea, 

Levitan et al. (Levitan et al., 2020) proposed a neurodevelopmental theory of depression and 

inflammation associated with obesity and metabolic dysfunction, which are also seen in ADHD 

(Q. Chen et al., 2018; Chen et al., 2019; Muntaner-Mas et al., 2020).   

It would be reasonable to suspect that our inclusion of subthreshold cases of BPD and MDD may 

have limited the success of those PRSs in predicting any mood disorder since both GWASs only 

include cases meeting full criteria. If the genetic risk architecture of subthreshold disorders differs 

from that of the corresponding full threshold disorders, the former would be less accurately 

predicted by PRS generated by the latter type of sample. However, results were similar when we 

predicted only full mood disorders, which is consistent with the continuum theory of psychiatric 

disorders (Smoller et al., 2019). 

We followed up the single PRS models by testing a model that included age, sex, and all 5 PRSs. 

This model had the highest AUC among the models we tested of 0.65. This was a significant 

improvement from all models except the base + ADHD PRS model. Compared with the ADHD 

PRS model, the 5 PRSs model also had a lower variance among cross-validation folds. In the base 

+ 5 PRSs model, only the ADHD and aggression PRSs were significantly associated with any 

mood disorder after controlling for age, sex, and the other PRSs. This suggests that, while the 

inclusion of multiple PRSs was not enough to significantly improve prediction in our sample, it is 

noteworthy that the aggression PRS was associated with the development any mood disorder 

even after controlling for the ADHD PRS.  

This study has several limitations.  The study sample used here differs from the population that 

would be screened as part of a transdiagnostic clinical staging paradigm. We are also limited by 

using PRSs as the only genetic sources of information as that may have limited the flexibility of 

the models to represent the genetic architecture of the complex disorders we are attempting to 

predict. Because allele frequencies differ across races and ethnicities, more work is needed to 
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collect data from underrepresented groups. The data sets we used in these analyses were also 

included as part of larger GWAS studies that were used to estimate PRSs. This could lead to 

overestimation of the prediction performance of overlapping PRSs but given the large size of the 

GWAS relative to the overlapping data sets used here the impact is likely minimal. In our 

analysis, 8 out of 485 children were related, which could also lead to overestimating prediction 

performance. Given the lack of significance of any principal components and the minimal use of 

related individuals, the impact of this limitation is likely small.  

While our models predicting any mood disorder using genetic data show the potential of using 

genetic information alone, further improvements might be made by using genetic risk profiles 

alongside clinical interviews and other biomarkers in screening for these disorders.  While the 

complementarity of genetic data with other sources of data in mood disorders still needs to be 

investigated, studies in other disorders have found that combining genetic data with other data 

sources leads to improved prediction (Li et al., 2018; Xu et al., 2011). The low predictive 

accuracy of the models presented here makes it unlikely that they would be clinically useful 

individually and therefore do not warrant reporting conditional probability or other more 

clinically relevant metrics nor are they relevant to any specific clinical setting. Instead, our study 

shows that in this opportunistic sample gathered from data available to us, the genetics a child is 

born with are modestly predictive of that child developing a mood disorder with simple models.  

If further genetic risk modelling improvements are made and used alongside the clinical 

interviews currently implemented in screening, we may eventually improve detection of patients 

at risk for mood disorders.   
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Table 1. Sociodemographic characteristics 
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Table 2: Comparison of fit statistics and predictive utility 
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Figure 1. Receiver operating characteristic (ROC) curves 
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Abstract 

Background: Polygenic risk scores (PRSs), which sum the effects of SNPs throughout the 

genome to measure risk afforded by common genetic variants, have improved our ability to 

estimate disorder risk for Attention-Deficit/Hyperactivity Disorder (ADHD) but the accuracy of 

risk prediction is rarely investigated. 

Methods: In a study of 10,887 participants across 9 cohorts, we performed gene set analysis of 

GWAS data to select gene sets associated with ADHD within a training subset. For each gene set, 

we generated gene set polygenic risk scores (gsPRSs), which sum the effects of SNPs for each 

selected gene set.  We created gsPRS for ADHD and for phenotypes having a high genetic 

correlation with ADHD. These gsPRS were added to the standard PRS as input to machine 

learning models predicting ADHD. 

Results: On the test subset, a random forest (RF) model using PRSs from ADHD and genetically 

correlated phenotypes and an optimized group of 20 gsPRS had an area under the receiving 

operating characteristic curve (AUC) of 0.72 (95% CI: 0.70 – 0.74). This AUC was a statistically 
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significant improvement over logistic regression models and RF models using only PRS from 

ADHD and genetically correlated phenotypes.  

Conclusions: Summing risk at the gene set level and incorporating genetic risk from disorders 

with high genetic correlations with ADHD improved the accuracy of predicting ADHD. Learning 

curves suggest that additional improvements would be expected with larger study sizes. Our study 

suggests that better accounting of genetic risk and the genetic context of allelic differences results 

in more predictive models. 

Introduction 

The field of psychiatric genomics has made great strides discovering genetic loci that are 

significantly associated with psychiatric disorders (Demontis et al., 2019; Psychiatric Genomics 

Consortium, 2014; Stahl et al., 2019). These discoveries have generated new hypotheses about 

the genomic architecture complex pathogenesis of many of these disorders. The combination of 

risk conferring alleles has improved the prediction of psychopathology (Smoller et al., 2019).  

A multi-site ADHD GWAS found that 12 genome-wide-significant loci captured a small amount 

of the heritability of ADHD while risk profiles using all loci captured a significantly larger 

amount of heritability, which proved the usefulness of loci that are, individually, are not 

significantly different between cases and controls (Demontis et al., 2019). Even in this study of 

over 20,000 people with ADHD, the complex genetic architecture of the disorder makes 

predicting generalizable risk and establishing significance at each common variant difficult.  

Previous work has shown that ADHD has significant genetic overlaps with other psychiatric and 

non-psychiatric disorders (Brikell et al., 2018; Chen et al., 2017; Cole et al., 2009; Faraone et al., 

2017; Rommelse et al., 2010; Skoglund et al., 2015). This supports the theory that ADHD risk 

comprises traits that are also present in the phenotypes with which it is genetically correlated. The 

risk estimation of SNPs in genetically correlated disorders could be more predictive in ADHD 
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relative to the risk estimation of SNPs in ADHD GWASs due to larger sample sizes being better 

for estimating risk. In addition, when dealing with disorders with high heterogeneity like ADHD 

it is possible that other less heterogeneous phenotypes better estimate risk for genetic loci for 

some clusters of patients. Therefore, using the genetic overlap with other disorders could be 

useful in improving the predictive modeling of ADHD. 

A review of twin-studies of ADHD found that the mean heritability of ADHD across 37 studies 

was 74% (Faraone & Larsson, 2018a). The high heritability of ADHD suggests that predicting 

ADHD using genetic and environmental data is achievable. However, reports on predictive 

models of ADHD using genetic data are limited. Significant improvements in prediction and our 

understanding of the disorder must be made before genetic information can be used in the clinic 

as part of future objective diagnoses and personalized medicine plans that aim to improve 

outcomes in ADHD. 

One potential area of improvement is balancing the flexibility of models to detect robust risk 

patterns with complexity and generalizability. Combining the risk at SNPs across the genome into 

a single polygenic risk score (PRS) has proven to be a successful way to create a more useful and 

generalizable feature than any individual SNP (Wray et al., 2020). However, summing all SNPs 

into a single value per individual limits any modelling method’s capacity to learn more 

complicated patterns and interactions. On the other end of the complexity spectrum, using 

individual SNPs as input into machine learning models of complex and heterogenous disorders 

like ADHD leads to concerns of overfitting and lack of generalizability (Ying, 2019). Combining 

risk at the gene set level could be an effective middle ground between these two extremes. While 

research using features combining risk at the gene set level to predict a disorder is limited, gene 

set association analyses have shown that this middle ground can be useful.   

While machine learning classification models of ADHD using genomic data have not been 

reported, many researchers have used such models to predict diagnoses for other heritable 
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complex disorders (Almlöf et al., 2017; Evans et al., 2009; Mittag et al., 2015; Wang et al., 2016; 

Wei et al., 2013). Collectively, these studies have shown the potential of machine learning to 

predict many disorders but concerns of how well these models would perform on unseen external 

data sets remain. In addition, many machine learning methods generate “black-box” models that 

are uninterpretable. Since most models lack the performance necessary for clinical application, 

interpretable models may provide additional useful results apart from the model that would 

otherwise only be an intermediate to eventual models that will be useful clinically. Interpretable 

genomic models could yield biological insights by finding new loci of interest or new groups of 

loci that together improve models. These models also could incorporate further model validation 

by relating the output to our understanding of the biology behind the disorder. 

Here, we balance these issues by summing risk across gene sets to create gene set polygenic risk 

scores (gsPRSs) that may be used alongside PRS to improve predictive accuracy by providing the 

model with information about gene sets associated with ADHD. We hypothesized that including 

gsPRSs as input into machine learning models would improve prediction performance compared 

to models that use only traditional PRS.  We also supplemented the model with summary 

statistics from phenotypes with high genetic correlations with ADHD as additional features to test 

if these data are useful to improve ADHD prediction.  

Methods 

Data Preprocessing and Splitting 

Quality control and imputation were done using the RICOPILI pipeline (Lam et al., 2020). After 

quality control, 2455 ADHD cases and 8432 controls across 9 cohorts with European ancestry 

aggregated by the PGC were available for analysis as part of the fast-track data analysis pipeline 

(Demontis et al., 2019).  We excluded SNPs with a minor allele frequency < 0.01, missing 

genotype rate > 0.05, and deviating from Hardy-Weinberg equilibrium in controls at p < 1 x 10-5. 
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The participants were randomly split into a training subset containing 1673 cases and 5818 

controls, a validation subset containing 406 cases and 1329 controls, and a test subset containing 

376 cases and 1285 controls.  The training subset was used to teach the model to differentiate 

different cases and controls by optimizing the parameters within the model. The validation subset 

was used to estimate the model performance outside examples used to train the model and to 

optimize model hyper-parameters. The test subset was used for reporting the results of our final 

models on an unseen sample.  

Gene Set Association Analysis 

Using the SNP association p-values generated in the SNP association analysis, we used MAGMA 

to compare allele frequencies between cases and controls at the gene and gene sets level (de 

Leeuw et al., 2015). Both analyses used an extended gene window starting 35 kilobases upstream 

and ending 10 kilobases downstream of each gene to account for cis regulatory elements. The 

complete MsigDB gene ontology gene sets collection was used as input into the analysis. The 

gene sets most associated with this study sample have been previously reported (Demontis et al., 

2019). 

Polygenic Risk Scoring 

From the associations collected from gene set analysis, we selected the most associated gene sets 

based on their p-values. To avoid including the same risk signal multiple times within a score, we 

adjusted SNPs tagging each gene set for linkage disequilibrium using PRS-CS, a tool that infers 

posterior effect sizes of each SNP after removing overlaps due to linkage disequilibrium. This 

method was used instead of removing SNPs by clumping and thresholding so that we could retain 

all SNPs in the analysis without inflating results due to linkage disequilibrium. From these 

linkage disequilibrium-adjusted SNPs effect sizes, we used polygenic weighted scoring of all 

SNPs with an association p-value less than or equal to 0.5 in the training subset to generate a risk 
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profile for each gene set in each subject using Plink. We calculated genome-wide polygenic risk 

profiles using the same combination of PRS-CS and Plink scoring. For comparison, we also 

generated PRS using the clumping and thresholding method. The Plink parameters used for the 

clumping algorithm were: --clump-p1 1.0 –clump-p2 1.0 –clump-kb 250 –clump-r2 0.1.  

Correlated Trait/Disorder Polygenic Risk Scoring 

We calculated additional risk profiles using SNP effects estimated from GWASs of disorders and 

traits with the highest genetic correlation with ADHD and heritability over 0.1 found using 

GWAS Atlas (Watanabe et al., 2019). After excluding similar phenotypes based on study size, the 

included phenotypes were age at first sexual intercourse(Watanabe et al., 2019), opioid use(Wu et 

al., 2019), college completion(Rietveld et al., 2013), childhood IQ(Benyamin et al., 2014), 

childhood extreme obesity(Riveros-McKay et al., 2019), autism spectrum disorder(Grove et al., 

2019), time spent watching television(Watanabe et al., 2019), psychiatric cross-disorder 

risk(Cross-Disorder Group of the Psychiatric Genomics Consortium, 2013), intracranial 

volume(Adams et al., 2016), and myopia(Watanabe et al., 2019). We calculated the gsPRS for 

genetically correlated disorders on the gene sets most associated with ADHD diagnosis by using 

the SNP effects from the summary statistics for each trait in additional MAGMA gene set 

analyses. We included PRS and 100 gsPRS for each of the 10 phenotypes in machine learning 

feature selection.  

Machine Learning Preprocessing and Feature Selection 

We adjusted each polygenic risk score for ancestry by extracting the top 5 principal components 

from a principal components analysis (PCA) of the training subset and using those 5 principal 

components in a generalized linear model predicting each polygenic risk score. We replaced the 

unadjusted polygenic risk score with the residual of each prediction using the 5 principal 
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components. We normalized each score between 0 and 1 using min-max normalization and 

balanced cases and controls in each subset by random case up-sampling with replacement.  

For gsPRS only models, we started by selecting gsPRS from the 40 gene sets most associated 

with ADHD within the training subset. The 40 gene set inclusion value was selected based on 

manual tuning in which we looked at ranges of starting gene set values between 10 and 400. We 

optimized the hyperparameters of a random forest based on this initial set of features. Then, we 

performed a random iterative feature selection process in which we kept and recorded the most 

important features, based on the permutation feature importance calculated from the mean 

difference in Gini impurity, and randomly replaced the less important features with a different 

gsPRS feature until the model found a set of gsPRS that outperformed the previous best set. We 

reoptimized the random forest hyperparameters after 3300 intervals, a number such that each 

gene set would likely be used in three models. We repeated this reoptimization strategy until the 

set of gsPRS was stable. At the end of this process, we selected the best group of 20 gsPRS based 

on random forest importance score for model performance evaluation. 

In the models that included gsPRS and PRS-CS, we used the same random iterative feature 

selection approach used in the gsPRS only model, but also included the genome-wide PRS-CS 

scores calculated from the training subset and summary statistics from GWAS of related 

disorders in every model.  

Machine Learning Model Optimization  

Within Scikit-learn, we used grid search optimization to select the best hyperparameters for all 

models using the AUC in the validation subset (Pedregosa et al., 2011). We optimized multiple 

types of models to better compare the performance of different methods within the validation 

subset and select the best model for this application.  Exploring multiple models is essential given 
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that for any given problem, one algorithm may be ideal, but it is not possible to know in advance 

what algorithm will be best (Wolpert & Macready, 1997).  

Model Performance Evaluation and Feature Importance Tracking 

To measure the performance of the models selected with grid search optimization we used area 

under the receiver operating characteristic curve (AUC) in the test subset. Data leakage is a 

common issue in machine learning research normally caused by inadvertently learning 

information about the test data that improves performance in those specific data. One way data 

leakage can occur is through testing many models on the test data, which increases the chance of 

selecting a model that is randomly configured in a way that is more optimal for the test data but 

not generalizable. With the goal of minimizing data leakage that might bias our results towards 

the test data, we tested model performance in the test subset only on the model with the highest 

AUC in the validation subset for each analysis. We estimated the known genetic variance 

explained by each of the models using a formula developed for the genetic interpretation of 

AUCs using 0.75 as the heritability estimate and 0.05 as the prevalence estimate (Wray et al., 

2010). We compared AUCs from different models using DeLong’s test for two correlated ROC 

curves. We also tested the probability of achieving the AUC in the best gsPRS grouping by 

comparing the AUC in the test subset with the distribution of AUCs from 10,000 models with 

random gsPRS groups of the same size. All models included the PRS for all correlated phenotype 

summary statistics. We used learning curves to model whether additional training examples 

would improve model performance and to compare models. 

To calculate a more generalizable importance score for each gsPRS outside of the best group of 

gsPRS, we estimated feature importance for each gsPRS and PRS-CS feature in RF models with a 

random group of gsPRS calculated from gene sets associated with ADHD and tracked the 

permutation feature importance that measures the decrease in model performance when a single 

feature value is randomly shuffled. We calculated the mean feature importance of each gsPRS 
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across 10,000 models that used 40 random gsPRSs each.  We did not use feature importance 

scores calculated from the test subset for feature selection or any optimization. 

Testing Biological Relevance of gsPRS Feature Importance 

To further validate our methods by testing for correlations with the known neurobiology of 

ADHD, we computed correlations between tissue-specific gene expression and feature 

importance (Faraone, 2018; Faraone & Biederman, 1998). For ADHD, we would expect that 

most gene sets truly associated with the disorder would be more relevant to the brain and less 

relevant to other tissues. Therefore, if the importance of the gsPRS generated in our analysis are 

correlated with brain expression relative to all other tissues, we can be more confident that 

gsPRSs are collectively picking up a real generalizable risk feature instead of modelling random 

noise.  We used a dataset containing gene expression data for 54 tissue types from the genotype-

tissue expression (GTEx) project. We combined this gene expression data into gene set 

expression data for the same gene sets used in the gsPRSs. We estimated relative gene set 

expression in the brain using the Preferential Expression Measure formula which estimates how 

different the expression of a gene is relative to the expected expression level. We fit a linear 

model predicting gene set expression in brain tissues relative to non-brain tissues using the 

MAGMA gene set association p-value to establish a baseline. We fit a linear model using the 

base model with gsPRS feature importance as a second predictor to test for association of gene set 

expression with gsPRS importance score after controlling for MAGMA gene set associations. We 

fit linear models with the same dependent and independent variables using only gene sets 

calculated from the ADHD training subset or from the group of correlated phenotypes to test 

whether each group was independently associated with gene set expression. To test whether the 

association between mean importance score and relative gene set brain expression in the brain 

was dependent on whether the gsPRS was calculated from the ADHD training subset, we 

estimated predictive margins using STATA16’s margins command, which computes the average 
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probability for each observation at a fixed level of a selected variable. In our analyses, these 

predictive margins estimate the average relative gene set expression in the brain for each gsPRS 

while fixing the ADHD vs non-ADHD variable to each value. A meta-analysis on subcortical 

brain volume differences in ADHD found that the volumes of the accumbens, amygdala, caudate, 

hippocampus, and putamen were smaller in participants with ADHD (Hoogman et al., 2017). We 

fit linear models predicting gene expression in these brain regions implicated in ADHD relative to 

all other brain regions with gene set expression as the dependent variable and MAGMA gene set 

association p-value and gsPRS feature importance. 

Results 

Model performance 

To establish baseline performance, we measured the prediction performance in the test subset of a 

logistic regression with the PRS calculated from the training subset. This PRS only logistic 

regression had an AUC of 0.62 (95% CI: 0.60 – 0.64) in the test subset and explained 5.0% of the 

known genetic variance. Replacing PRS with PRS-CS in another logistic regression model led to 

an AUC of 0.66 (Figure 1; 95% CI: 0.64 – 0.68) and explained 9.0% of the known genetic 

variance. We then measured the performance of logistic regression and random forest models 

containing the PRS-CS from the training subset and PRS-CS calculated from summary statistics 

from phenotypes with a heritability above 0.1 with the highest genetic correlation to ADHD 

(Table 1). The logistic regression model had an AUC of 0.66 (95% CI: 0.64 – 0.68) while a 

random forest model using the same input had an AUC of 0.69 (Figure 1; 95% CI: 0.67 – 0.71) in 

the test subset and explained 12.8% of the known genetic variance.  

After using our feature selection method to select the best group of 20 gsPRS, we trained a 

random forest model using the selected group and all PRS-CS. In the test subset, this model had 

an AUC of 0.72 (Figure 1; 95% CI: 0.70 – 0.74) and explained 17.4% of the known genetic 
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variance. This was a significant improvement in comparison to the RF that included only the 

PRS-CS from each trait (p = 0.0057, DeLong’s test for two correlated ROC curves). The RF 

model with all PRS-CS and the best group of 20 gsPRS also had a significantly higher AUC (p = 

1.2 x 10-6, Delong’s test for two correlated ROC curves). compared to a lasso model fit with all 

PRS-CS and gsPRS as input, which had an AUC of 0.65 (95% CI: 0.63 – 0.67). The AUC of the 

best group model was greater than 99.6% of the 10,000 random group models. The mean AUC of 

the random group models was 0.69. All the gene sets used in the random groups were associated 

with ADHD in the training subset with a p-value of less than 0.05 without correction for multiple 

testing. 

We trained and optimized another random forest model using only gsPRS. The model had an 

AUC of 0.61 (95% CI: 0.59 – 0.63) in the test subset. The AUC of the best group model was 

greater than 99.1% of the 10,000 random group models. 

Random Forest Learning Curve and Feature Importance Analyses 

For the best random forest model, we generated a learning curve (Figure 2) that plots the AUC 

against the number of training examples (Perlich, 2010). We also optimized a random forest 

model using only PRS-CS and generated a learning curve (Figure 3) for comparison. 

Using the optimized random forest model, we generated feature importance scores in the test 

subset for all the features used in the model. The most important features and their importance 

scores are listed in Table 2.  

Testing Biological Relevance of gsPRS Feature Importance 

The base linear model we fit with relative gene set expression as the dependent variable and 

MAGMA gene set association p-value as the independent variable showed a significant negative 

correlation between the two variables (p = 1 x 10-5). The model adding mean gsPRS importance 

score as an independent variable showed a significant positive correlation between mean gsPRS 
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importance score and relative gene set expression after controlling for MAGMA gene set 

association p-value (p = 2 x 10-4). We found no significant differences in gene expression 

between brain regions implicated in ADHD and other brain regions.   

The base + mean gsPRS feature importance model we fit using only gsPRS calculated from the 

ADHD training subset showed a significant positive correlation between mean gsPRS importance 

score and relative gene set expression in the brain (p = 0.008). The same model fit using only 

gsPRS calculated from the correlated phenotypes also showed a significant positive correlation 

between mean gsPRS importance score and relative gene set expression in the brain (p = 0.003). 

An additional linear model we fit adding an independent variable specifying whether the gsPRS 

was calculated in the ADHD training subset or a correlated phenotype and that variable's 

interaction with importance score showed that the correlation of gene set expression in the brain 

with mean gsPRS importance was negatively dependent on whether the gsPRS was calculated in 

the ADHD training subset (p = 5 x 10-4). As illustrated in Figure 4, our predictive margins 

analysis of this interaction estimated a significant positive association with a slope of 4.7 (p < 

0.001) when the variable indicating development in the ADHD training subset was fixed to 0, 

meaning the gsPRS was developed using one of the correlated phenotypes, and a significant 

positive association with a slope of 0.60 (p = 0.015) when the same variable was fixed to 1, 

meaning the gsPRS was developed using the ADHD training subset. 

Discussion 

This study is the first to produce gene set specific risk profiles predicting the presence/absence of 

a psychiatric disorder with machine learning. The addition of optimized groups of gsPRS to 

genome wide PRS-CS significantly improves prediction performance compared to both models 

without gsPRS and models with random groups of gsPRS. We further validated these results by 

testing for biological correlation of the random forest importance scores, which showed that 
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importance scores were significantly positively associated with increased relative gene set 

expression in the brain. 

Compared to simpler models that rely on a single PRS value per individual and more complex 

models that rely on “black-box” dimension reduction methods, gsPRS models have the potential 

of offering more interpretability and have the possibility to shed light on mechanisms involved in 

risk prediction and test specific gene set hypotheses. To improve interpretation of our models, we 

generated two sets of feature importance measurements that capture similar, but distinct 

information regarding the predictiveness of gsPRS. The feature importance measurements from 

the best group of gsPRS (Table 2) show how useful each gsPRS and PRS-CS were in that specific 

model. Unsurprisingly, the ranking is led by the PRS-CS from a cross-disorder GWAS that 

studied the shared risk across multiple psychiatric disorders including ADHD and the PRS-CS 

calculated from the training subset. Those PRS-CS are followed by a group of gsPRS that 

collectively led to significant improvements in prediction. It is likely that this group contains less 

overlapping risk information relative to other groupings since such overlaps would increase 

model complexity without adding value for prediction. However, overlapping gsPRS could still 

be important individually or in different groupings. Therefore, we calculated average gsPRS 

feature importance in 10,000 models that each used 40 gsPRS as input. This average represents 

how often and how strongly each gsPRS was able to improve prediction.  

With this list of gsPRSs and their feature importance, we sought to further validate our methods 

by testing for correlations with what is known about the neurobiology of ADHD (Faraone, 2018; 

Faraone & Biederman, 1998). Our baseline regression analysis found a significant negative 

correlation between relative gene set expression in the brain and MAGMA gene set association p-

value. This met our expectation since MAGMA is a widely used tool and we would expect that 

gene sets more associated with ADHD and correlated phenotypes would be correlated with 

increased relative expression of that gene set in the brain, which is consistent with the report of 
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Demontis et al (2019). Our analysis adding mean gsPRS importance score to the baseline 

regression analysis found that, even after correcting for MAGMA gene set association, mean 

gsPRS importance score was significantly positively correlated with relative gene set expression 

in the brain. This suggests that the mean gsPRS importance scores can be used to select 

biologically relevant gene sets beyond their association with ADHD as calculated using 

MAGMA.  This finding suggests that combining MAGMA and mean gsPRS importance scores 

could provide a better way to prioritize gene sets for future study compared with using MAGMA 

alone.  

We were also interested to test whether the correlations between relative gene set expression in 

the brain and mean gsPRS importance scores were dependent on whether the gsPRS was 

calculated using the ADHD training subset or from summary statistics of the correlated 

phenotypes. In both groups (ADHD and correlated phenotypes), the correlation between gene set 

expression and importance scores remained significant but the correlation of relative gene set 

expression in the brain and gsPRS importance score was stronger when the gsPRS was developed 

using summary statistics from correlated phenotypes (see Figure 4). This finding may seem 

counterintuitive, considering that most of the gsPRS from other phenotypes had low gsPRS 

importance scores relative to the gsPRS calculated using the ADHD training subset. However, 

when a gsPRS from a correlated phenotype is predictive in ADHD that gene set has shown an 

association and importance in its initial study, the ADHD training subset in our study, and the 

ADHD test subset in our study. We find it unsurprising that gsPRSs calculated from such 

generalizable gene sets would be more likely to represent true risk signals and therefore be more 

likely to have increased relative gene set expression values in the brain.  

The learning curves suggest that the performance improvements from gsPRS should increase with 

increasing sample size. More complex models generally require more data to train, as 

demonstrated by the early stages of the learning curve that show perfect training subset 
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performance and no predictability in the validation subset as the model is complex enough and 

sample size is low enough to memorize the training data instead of learning patterns among those 

data. In both learning curves, it is evident that the model is better at predicting the training data 

compared to the validation data even after selecting hyperparameters that specifically maximize 

prediction in the validation subset. This further illustrates the importance of testing performance 

on data the model does not learn from during training to get an accurate representation of model 

performance and generalization.  As training size increases, the model can no longer rely on 

memorization and starts to learn patterns that generalize to the validation subset. The continued 

validation subset prediction improvements at the highest training sizes suggest that the model 

could still benefit from more training data. In comparison, the learning curve of a random forest 

model using only PRS-CS shows a quick plateau to optimal performance and additional training 

size does not further improve performance.  

Our study has several limitations that could limit performance. To best estimate model 

performance and reduce overfitting, we split our data into several subsets, thereby limiting the 

number of study participants available to train the models. We also adjusted for the effects of the 

top 5 principal components in a PCA of the training subset to control for ancestry. This 

adjustment could inadvertently remove non-confounding information that might have improved 

performance and likely does not remove all ancestry information. A better method of selectively 

removing known confounders like ancestry would likely further improve both the performance 

and generalizability of these models. The gene sets we used to sum sets of SNPs into gsPRS, 

although capture the biological functions and pathways, may not be ideally suited for prediction 

tasks. A more data-driven approach to develop sets of SNPs that best collectively predict 

diagnosis may be necessary to maximize prediction performance.  

More advanced machine learning methods and architectures may also lead to more predictive 

models. Including data beyond genotype information like clinical data and data that captures at 
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least a portion of the environmental component of ADHD pathology could help machine learning 

models better estimate ADHD risk and better separate ADHD cases and controls. With the right 

set of interpretation tools, models that can accurately discriminate ADHD cases and controls 

would be useful in improving our understanding of the disorder and allow for testing specific 

hypotheses. 
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Figure 1. Model ROC Comparison. The logistic regression model using 

traditional PRS methods had an AUC of 0.62 (95% CI: 0.60 – 0.64). The logistic regression 

model using PRS-CS methods had an AUC of 0.66 (95% CI: 0.64 – 0.68). The random forest 

model using PRS-CS and an optimized group of 20 gsPRS had an AUC of 0.72 (95% CI: 0.70 – 

0.74).  
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Figure 2. Learning Curves for gsPRS + PRS-CS Random Forest 

Model. The learning curve analysis of the random forest model containing all PRS-CS and the 

best group of 20 gsPRS. Each point represents the accuracy of the model when trained with a set 

number of training examples.  
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Figure 3. Learning Curves for PRS-CS only Random Forest Model. 

The learning curve analysis of the random forest model containing all PRS-CS. Each point 

represents the accuracy of the model when trained with a set number of training examples. 
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Figure 4. Predictive Margins Analysis of Interaction between 

Importance Score and Relative Gene Set Expression. When the variable 

indicating gsPRS development in the ADHD training subset was fixed to 0 (developed in a 

correlated disorder) there was a significant positive association with a slope of 4.7 (p < 0.001). 

When the variable was fixed to 1 (developed in the ADHD training subset) there was a significant 

positive association with a slope of 0.60 (p = 0.015). 
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Table 1. Genetically correlated phenotypes for which external 

GWAS summary statistics were used to generate additional genetic 

risk features. 

Phenotype genetic 

correlation  

N SNP.h2 

Age at first sexual intercourse -0.584 339614 0.1132 

Opioid use 0.565 78808 0.146 

College completion -0.524 95427 0.105 

Childhood IQ -0.461 12441 0.2744 

Extreme obesity (childhood) 0.436 7916 0.5078 

Autism spectrum disorder 0.384 46350 0.1944 

Time spent watching television (TV) 0.372 365236 0.1023 

PGC cross disorder 0.262 61220 0.1715 

Intracranial Volume -0.248 26577 0.2467 

Myopia -0.217 78647 0.1532 
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Table 2. Top feature importance scores for the best group of gsPRS 

and PRS random forest model.  

Feature Phenotype Importance 

Genome Wide Polygenic Risk Score pgc cross disorder 0.0324 

Genome Wide Polygenic Risk Score training subset 0.0250 

GO_CELLULAR_RESPONSE_TO_ENDOGENOUS_STIMULUS training subset 0.0055 

GO_POSITIVE_REGULATION_OF_PROTEIN_MODIFICATION_PROCESS training subset 0.0044 

GO_RESPONSE_TO_TOXIC_SUBSTANCE training subset 0.0032 

GO_REGULATION_OF_PRESYNAPSE_ORGANIZATION training subset 0.0027 

GO_REGULATION_OF_PLASMA_LIPOPROTEIN_PARTICLE_LEVELS training subset 0.0026 

GO_POSITIVE_REGULATION_OF_TRANSFERASE_ACTIVITY training subset 0.0026 

GO_PRESYNAPSE_ORGANIZATION training subset 0.0025 

GO_SYNAPTIC_SIGNALING pgc cross disorder 0.0024 

Genome Wide Polygenic Risk Score age first had 

sexual intercourse 

0.0022 

GO_REGULATION_OF_VASCULAR_PERMEABILITY training subset 0.0019 

GO_PRIMARY_ALCOHOL_BIOSYNTHETIC_PROCESS training subset 0.0018 

GO_HEAD_DEVELOPMENT pgc cross disorder 0.0017 

GO_LIPASE_ACTIVITY training subset 0.0017 

GO_REGULATION_OF_NEURON_DIFFERENTIATION pgc cross disorder 0.0014 

GO_MICROTUBULE_PLUS_END_BINDING training subset 0.0013 

GO_NEURON_DIFFERENTIATION pgc cross disorder 0.0012 

GO_CEREBELLAR_GRANULAR_LAYER_FORMATION training subset 0.0011 

GO_SOMATODENDRITIC_COMPARTMENT pgc cross disorder 0.0009 

GO_POSITIVE_REGULATION_OF_EXCITATORY_POSTSYNAPTIC_POTENTIAL training subset 0.0008 

GO_REGULATION_OF_MEMBRANE_POTENTIAL pgc cross disorder 0.0008 
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Abstract 

Background: The development of a high-risk prediabetes group has led to better prevention of 

type 2 diabetes mellitus (T2D). Despite high heritability estimates, no genetic data are used in 

establishing this high-risk group. This is in part because accuracy of current genetic classification 

models for T2D is lower than expected given the disorder’s heritability.  

Methods: In a matched pairs study of 78,528 participants from the UK Biobank, we built a 

context informed data matrix that included genomic annotation information and other genomic 

context for a set of genetic variants. In a novel analysis, we used this data with genomic context 

as input to convolutional neural networks and compared several model architectures with 

adversarial tasks to test hypotheses on the usefulness of genomic context and adjustment for 

confounding due to ancestry.  

Results: An ancestry adjusted neural network using genotype data (AUC: 0.66) and an ancestry 

adjusted convolutional neural network using context informed genotype data (AUC: 0.65) both 
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outperformed an ancestry adjusted polygenic risk score approach (AUC: 0.57) in classifying type 

2 diabetes. Adversarial ancestry tasks eliminated the predictability of ancestry without changing 

model performance. 

Conclusions: Our results suggest that context informed genotype and standard genotype data 

input can both be useful in classifying T2D and can find genomic risk features specific to each 

input type. Within-model adjustment for ancestry shows promise in eliminating confounding 

while retaining genetic risk information. 

Introduction 

It is estimated that 6.3% of the world’s population has type 2 diabetes mellitus (T2D), a 

prevalence that has steadily increased since the center for disease control and prevention (CDC) 

began tracking in 1958 (CDC Division of Diabetes Translation, 2017; Centers for Disease 

Control and Prevention, 2022). To prevent diabetes, a high-risk group called prediabetes was 

developed, which includes people that do not meet the criteria for diabetes but have the presence 

of IFG and/or IGT and/or A1C 5.7-6.4%(American Diabetes Association Professional Practice 

Committee, 2021). Multiple studies have shown that interventions in this high-risk group are 

effective in decreasing the incidence of diabetes in the group (Knowler et al., 2002; Knowler et 

al., 2009; Ramachandran et al., 2006; Tuomilehto et al., 2001). One risk factor that is regularly 

not included in establishing the high-risk group is the genetic risk of an individual, despite 

heritability estimates that range from 25% in shorter term follow-up studies to 80% in longer term 

follow-up studies (Prasad & Groop, 2015). 

Genome-wide association studies of T2D have been successful in identifying hundreds of genetic 

variants that are significantly associated with the disorder (Mahajan et al., 2022; Xue et al., 2018). 

Studies using machine learning models to classify people with and without T2D have been 

comparatively less successful, with reported model performances that are lower than expected 



81 

 

relative to the heritability of T2D and the classification performance of diseases with similar 

heritability (Abraham et al., 2013; Evans et al., 2009; Mittag et al., 2012). This lower-than-

expected performance could be attributed a variety of factors. One possible factor is that the 

genetic risk for T2D is more complex, with small amounts of risk spread throughout the genome, 

compared to disorders like type 1 diabetes mellitus where the risk is largely contained in a single 

region (Noble & Valdes, 2011). If this were the case, more complex models or more useful input 

may be necessary to better model the genetic risk. 

Increasing machine learning model complexity comes with its own disadvantages, mainly in 

terms of model generalizability(Whalen et al., 2022). A complex model is more capable of 

modeling patterns of input features specific to the data that the model is trained on. If those 

patterns are more effective at classifying correctly compared to the real effects, those real effects 

may be avoided in favor of the patterns specific to the training data. When this occurs, a model 

will “overfit” to the training data. Meaning the model will perform well on the data it was trained 

on, but the performance will drop when testing on unseen data that do not share the same patterns 

present in the training data.  

One concerning example of learning patterns specific to the training data occurs due to population 

stratification (Freedman et al., 2004). In population stratification, the cases and controls within 

the training data have systematic ancestry differences. A machine learning model could use those 

different frequencies of genetic variants between ancestry groups to accurately classify cases and 

controls, but in reality, the model is only classifying the ancestry groups. When testing such a 

model on data that do not have the same unbalanced ancestry between cases and controls, the 

model’s classification performance will decline. 

In genome-wide association studies (GWAS) and in models that use polygenic risk scores, 

population stratification is commonly accounted for by including principal components as 

covariates in the analyses determining associations and calculating risk scores (Price et al., 2006). 
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It is thought that most of the ancestry information is contained in the top principal components, so 

removing those effects from the model allows for the true disease risk to be detected and used. 

However, it is difficult to know how many principal components are necessary to remove 

ancestry. In more complex non-linear models, it is unclear whether current linear adjustments are 

sufficient to stop the model from using ancestry information. Within-model adjustment of 

ancestry may be more effective at eliminating confounding by ancestry. 

One cause of overfitting complex models to training data is the number of parameters within a 

model (Ying, 2019). One study found that many of the most popular machine learning models 

can almost perfectly classify data with random labels within training data due to the huge number 

of parameters used within the models compared to the size of the training data (Zhang et al., 

2017). This is of particular importance in genomic machine learning models, where the number of 

genetic variants available within many data sets can be in the millions while the number of study 

participants are normally orders of magnitude lower. One common approach to this issue is 

limiting the number of genetic variants used in the model(Ying, 2019). This can be effective in 

reducing overfitting, but in complex genetic disorders may limit the maximum model 

performance if genetic variants that influence risk of the disorder are removed.  

In this article, we use convolutional neural networks (CNNs) to limit the number of parameters 

without losing information from removing genetic variants. The CNN’s capacity to learn local 

patterns and reduce dimensions has made it popular in the image recognition and classification 

field. Several studies have had success using CNNs on genetic data, largely focusing on disease 

classification or annotation prediction based on genotype values (Waldmann et al., 2020; Zhou & 

Troyanskaya, 2015). One area that has not been investigated is whether CNNs, which specialize 

at finding local patterns, can be used alongside genetic annotations to create a representation of 

the genomic context surrounding genetic variants in disease classification models.  
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Given the strengths of CNNs and availability of information about the genome, we sought to 

incorporate the two in models that search for T2D genetic risk patterns based on the combination 

of genotype data and the nearby and correlated genetic annotations. Our analytic strategy aimed 

to determine if training a novel CNN informed by genomic context could improve classification 

performance and if the patterns learned by such a model were different than those obtained in 

models without genomic context. We also sought to test if using gradient reversal layers to 

establish adversarial multi-task networks could control for confounding by ancestry within the 

models.  

Methods 

Data Acquisition and Preprocessing 

We obtained genotype and phenotype data for UK Biobank (Sudlow et al., 2015), a prospective 

cohort study of over 500,000 individuals in the United Kingdom. The genotype data were 

generated by a combination of the UK Biobank Axiom array and UK BiLEVE Axiom array. In 

the resulting genotype data, 1,037 sample outliers, multi-allelic single nucleotide polymorphisms 

(SNPs), and SNPs with a minor allele frequency (MAF) < 1% were removed, resulting in 

641,018 SNPs (Marchini, 2015). These SNPs were used to impute ungenotyped SNPs, leading to 

a dataset of 73,355,667 variants. For our analyses, we removed all SNPs with MAF < 1%, all 

SNPs with > 5% missingness, all individuals with > 5% missingness, and one member of any 

estimated kinship equal to or closer than second-degree relatives using Plink. We randomly split 

the data into a training subset (70%), validation subset (15%), and testing subset (15%). In each 

subset, we performed 1:1 case-control matched pairing based on age and sex using the MatchIt 

package in R (Ho et al., 2011; R Core Team, 2014). The resulting training subset had 55,168 

subjects, the validation subset had 11,712 subjects, and the test subset had 11,648 subjects.  

Context Informed Data Matrix Construction 
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Model Overview and Input: We trained several models with differing architectures and input to 

test hypotheses. Simplified diagrams of model architectures, inputs, and outputs are shown in 

Figure 1. An overview of the models used in our analysis is shown in Table 1. The genotype input 

used in our NN models is the number of alternate alleles at each SNP for each person. The 

additional input used in our CNN models is a context informed data matrix (CID) that contains 

each SNP along with information about that SNP; columns in a CID represent each SNP and rows 

contain genomic annotations and risk values at each SNP. Figure 2 shows a simplified example of 

a CID. For each individual, the CID, which largely contains information about each SNP that 

does not change between individuals, is multiplied by the genotype values of the individual to get 

an individualized-CID for model training. For all T2D classification models, we used a binary 

variable representing the presence of the ICD-10 code for T2D, E11, in each individual as the 

label. Our models output values from 0 to 1 with the goal of minimizing the error in predicting 

the label for each individual. 

Genomic Annotation: The genomic annotations provided information on whether the SNP 

occurs at a location known to be an miRNA, DNASE hypersensitivity site, CPG island, gene, 

intron, 5’ UTR, 3’ UTR, splice site, promotor, transcription factor binding site using the 

AnnotationHub (Morgan & Cauce, 1999) and VariantAnnotation (Obenchain et al., 2014) 

packages in R. We did this by loading the SNP locations and annotation ranges, and then finding 

the overlaps between the two. Any SNP that had an overlapping location with an annotation was 

coded as a 1 for that annotation or was otherwise coded as a zero. We included whether the SNP 

was a coding variant using the same overlap method.  

We also added annotations indicating whether the SNP was within the range of each of the 20 

gene sets most associated with T2D among gene sets in the lowest 10% standard error in 

MAGMA gene set analysis (de Leeuw et al., 2015). We used the lowest 10% standard error 

threshold to ensure that the resulting gene set annotations were relatively denser due to using 
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larger gene sets and gene set association was consistent in the training subset as determined by 

MAGMA gene set analysis. The results of MAGMA gene set analysis on the training subset can 

be found in the supplementary results.  

Risk Values: To give the model information about documented disease risk associations, we 

added the log odds ratios for each SNP from an external GWAS on T2D to the CID (Mahajan et 

al., 2022). Only SNPs present in both the UK Biobank data and the external GWAS were 

included in the model. To reduce computational cost of this analysis, we further reduced the 

number of SNPs for ML models by only included SNPs that were associated with T2D in the 

external GWAS at p ≤ 0.01. This reduction left us with 11,730 SNPs for machine learning 

models. We also included odds ratios from correlated disorders based on genetic correlations 

calculated by GWAS Atlas (Watanabe et al., 2019). From the list of the 100 most correlated traits 

with T2D, we selected traits that had ICD-10 codes available in the UK Biobank data. The 

included traits were overweight and obesity, disorders of lipoprotein metabolism and other 

lipidemias, essential hypertension, chronic ischemic heart disease, cholelithiasis, angina pectoris, 

other disorders of the urinary system, and pain in throat and chest. We performed GWASs on 

these traits using genotyped UK Biobank individuals that were not included in our machine 

learning models. The top 10 principal components (PCS) were used as covariates in the model to 

adjust for population stratification. We included the log odds ratios calculated from these GWASs 

in the CID.  

Correlation to Annotation: It is likely that, for most SNPs, the risk associated with the SNP is 

due to another genetic change that is associated with the SNP through linkage disequilibrium. To 

account for this possibility, we added an annotation for each previously described binary 

annotation that indicates the maximum correlation each SNP has to a SNP with the binary 

annotation. Correlations were calculated using Plink (Purcell et al., 2007). In cases where the 

SNP has the annotation, the correlation is 1 and the resulting annotation value is identical to the 
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original annotation value. These annotations representing how correlated each SNP was to a SNP 

with each genomic annotation replaced the original genomic annotations in the CID. 

Model Hyperparameter Optimization 

Within TensorFlow (Abadi et al., 2016), we used the KerasTuner (O'Malley, 2019) framework to 

optimize the hyperparameters of our models. Using the Hyperband search algorithm, we searched 

for the optimal number of genomic convolutional blocks, number of filters within each block, 

filter and pool width within each block, number of dense layers, number of nodes and dropout 

rate within each layer, gradient reversal weights, L2 regularization presence and factor, number of 

epochs, and learning rates. The objective of the search algorithm was to maximize the area under 

the receiver operating characteristic curve (AUC) in the validation subset for classification tasks 

and maximize validation subset R2 for regression tasks.  

Detecting and Adjusting Ancestry Confounding with Principal Components 

and Adversarial Learning 

ML models use all information available to them to produce the best performance possible. This 

can result in models that perform well mainly due to a confounding variable. As previously 

described, one common confounder is ancestry. To reduce our model’s capability to use ancestry 

to predict T2D status, we ran a principal components analysis using the SNPs that were not 

included in our ML models nor correlated with the SNPs (r2 < 0.2) that were used in the ML 

models. We extracted the top 10 PCs, as is frequently used for ancestry inference (Price et al., 

2006), and used them as labels in several models.  

To establish whether population stratification was an issue in our data, we built a model that used 

the ancestral principal components to predict T2D status (Model 2a). To determine if the subset 

of SNPs used as predictors in our model could recreate the principal components within the 

model, we used the genotype data as input in a neural network model that predicted the PCs 
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(Model 2b). We determined the effectiveness of all model architectures in estimating the PCs 

with mean squared error (MSE) and R2. In models that had a positive R2 value, we also tracked 

T2D classification AUC from the PC estimates. 

To test if a neural network could classify T2D and estimate PCs using the same layers, we 

designed a multi-task model with both tasks (Model c, Figure 1c). All layers besides output layers 

were shared between the tasks. An additional task classifying T2D from the PC estimates was 

used to compare classification performance between the PC estimates and the true PCs.  

To test whether, in classifying T2D from genotype data, our model inadvertently uses PC-like 

ancestral information, we built a multi-task model where one task classified T2D from the 

genotype input and another task estimated PCs (Model d, Figure 1d) from the output of the dense 

layers. In this model, we used a stop gradient layer between the PC estimation task and the dense 

layers, which stop backpropagation. By using this layer, we stopped training such that the task 

estimating PCs did not influence the dense layers upstream from the layer unique to their tasks. 

This strategy allows us to track the performance of a task, in this case PC estimation, without 

interfering with shared layer training. If the PC estimation task was predictive, this would suggest 

the model classifying T2D from genotype data used ancestral information that could be directly 

transformed into PC estimations.  

To test whether we could teach the network not to use ancestry information when predicting T2D, 

we built a multi-task model (Model e, Figure 1e) with the same two tasks as the previous model 

but replaced the stop gradient layer with a gradient reversal layer, a technique initially developed 

in the domain adaptation field of machine learning (Ganin et al., 2016). This layer reverses the 

direction of gradients in gradient descent, thereby directing the weights in the layers upstream of 

the gradient reversal layer to adjust in a way that maximizes the error in the task, instead of the 

typical minimization. By using this gradient reversal layer, we create an “adversarial task”, which 

directs the model to find patterns that are ancestry invariant by penalizing classification strategies 
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that lead towards more accurate estimation of ancestral PCs. Layers that are downstream of the 

gradient reversal layer still adjust weights in a way that minimizes error in the task. This means 

the adversarial task still attempts to minimize error and accurately estimate PCs in the layers that 

are unique to the task, thereby leaving adjustment of shared layers as the only option in 

maximizing error. We used this architecture to remove any PC-like ancestry information from the 

shared layers. If the model is unable to estimate PCs, it suggests the ancestry information present 

within the PCs is not being used in the shared layers. 

Convolutional Neural Network Model Architecture for Genomic Data 

In all our CNN models, we used the matrices as input into genomic convolutional blocks, which 

are repeating units within the model that contain a combination of convolutional layers with 

ReLU activation functions, pooling layers, and batch normalization layers. Within convolutional 

layers, the convolutional filters require spatial invariance, meaning a signal on one part of the 

two-dimensional data structure means the same thing as the same signal anywhere else in the data 

structure This is true for images, for which convolutional layers were originally developed.  In 

contrast, the height dimension of the context informed data matrix used as input in our model, 

which is the annotation information at each SNP location, has no spatial meaning and filters at 

different heights could mean vastly different things, which violates spatial invariance. To address 

this issue, we set the height of each convolutional filter equal to the total number of rows present 

in the matrix to assure that output signals from one part of the matrix were equivalent to those 

from another part. After each convolutional layer, the output was fed into a batch normalization 

layer. After the genomic convolutional blocks, the output was used as input into one or more 

dense layers with ReLU activation functions, depending on hyperparameter optimization. Finally, 

we used a dense layer with a sigmoid activation function to produce an output prediction of the 

T2D status for each person. We used the Adam optimizer and binary cross-entropy loss function 

to train our models. 
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To test whether genotype only models and context informed genotype models can share the same 

features, we trained a CNN model that had two input sources and a T2D classification task 

specific to each input, but shared intermediate layers (Model f, Figure 1f). One input was the CID 

as previously described. The second input was the genotype data portion of the CID replicated 

such that it had the same dimensions as the CID. Both inputs shared all layers except the output 

layer specific to each input/task. If both tasks can classify T2D, it would suggest that there are 

similarities in the patterns used in the two input types. A PC estimation task with a stop gradient 

layer was used to track whether ancestry information was used within the model. 

To test whether overlaps in the patterns found and used in both tasks are present when only 

training the CNN with CID input, we trained another CNN model (Model g, Figure 1g). In this 

model, we used the same base structure as model f, but used a stop gradient layer prior to the 

output layer of the genotype only model, thereby preventing the task from training layers besides 

the output layer unique to the task. If the task is still able to classify T2D diagnosis with these 

constraints, it suggests that at least some of the similarities in the patterns used for both tasks are 

used even when not directed to find shared patterns. 

To test whether the CNN with CID input can find patterns that the genotype only model cannot 

use to classify T2D, we built a third CNN model (Model h, figure 2h). In this model, the stop 

gradient layers in model g were replaced with gradient reversal layers. This effectively forces the 

shared layers away from any patterns that could be used by the genotype only input to classify 

T2D. Likewise, the shared layers are forced away from using ancestry information that could be 

used to estimate PCs. If the CID input can classify T2D using the same layers as the genotype 

only input, it would suggest that the CID input can model patterns that the genotype only input is 

not able to model. To test whether the CNN with genotype input can find patterns the model with 

CID input cannot, we built a similar model (Model i, Figure 2i) that switched the main and 

adversarial tasks of model h.  
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To test whether models h and i contained non-overlapping T2D risk information we built a model 

that used a combination of the risk features generated by models h and I to predict T2D. To do 

this, we concatenated the output from the final intermediate layer in both models. This combined 

output was used as input into a neural network model (Model h+i) with the task of classifying 

T2D diagnosis. We compared the performance of this combined model to the performance of 

models h and i individually. 

Logistic Regression Models and Model Comparison 

We fit logistic regressions using the PRS from all SNPs and from the same set of SNPs used in 

the genomic CNN for comparisons. For both sets of SNPs, we used Plink to prune correlated 

SNPs and calculate polygenic risk scores (PRSs). We adjusted both PRSs for ancestry by 

regressing the PCs on the PRSs and keeping the residual. We used this residual in the glm 

function within the base stats package in R to fit a logistic regression using only the training 

subset. We predicted the test subset T2D status and the performance within the test subset to 

compare to other models. We used AUC to measure performance in the test subset. AUC 

confidence intervals were computed with 2,000 stratified bootstrap replicates using the pROC R 

package (Robin et al., 2011). We also used the pROC package to compare the performance 

between models with DeLong’s test for two correlated ROC curves. 

Results 

In the following, "genotype data" refers to the set of genotypes used as input to the models, 

"GWAS PCs" refers to ancestrally informative PCs estimated from the full set of GWAS SNPs 

and "ML PC estimates" refers to PCs estimated in machine learning models using genotype data 

as input. 

Table 2 shows the performance of all models on the test subset. The hyperparameter optimization 

ranges and values are in Table 3. Model a (Figure 1a) had a small but significant level of 
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predictive accuracy, with an AUC of 0.55 (95% CI: 0.54 – 0.56). Model b, which used genotype 

input to estimate PCs (Figure 2b), which were calculated in a GWAS that did not include the 

genotype data used in the NN model, had an R2 of 0.73. The additional task that predicted T2D 

diagnosis from ML PC estimates in this model had a significant AUC of 0.55 (95% CI: 0.54 – 

0.56). The prediction of T2D using GWAS PCs and the prediction of T2D using ML PCs 

estimates were not significantly different (p = 0.65, Delong’s test for two correlated ROC curves). 

The PRS and PC adjusted PRS logistic regressions had AUCs of 0.60 (95% CI: 0.59 – 0.61) and 

0.57 (95% CI: 0.56 – 0.58), respectively. These two models were significantly different (p = 2e-

13). 

Model c (Figure 1c) was significantly predictive in all tasks. The T2D classification task had an 

AUC of 0.66 (95% CI: 0.65 – 0.67, the estimation of PCs task had an R2 of 0.62 and MSE of 

0.38, and the T2D from PC estimates task had an AUC of 0.56 (95% CI: 0.55 – 0.57). The 

prediction of T2D from GWAS PCs and ML PC estimates based on genotype input was not 

significantly different (p = 0.35). Model d (Figure 1d) had an AUC of 0.65 (95% CI: 0.64 – 0.66) 

for T2D classification and an R2 < 0, indicating that the model’s predictions are worse predictions 

than using the mean, and MSE of 1.70 for the PC estimation task. 0Model e (Figure 1e) had an 

AUC of 0.66 (95% CI: 0.65 – 0.67) for the T2D classification task, while the estimation of PCs 

task had an R2 < 0 and MSE of 2.32.  

Model f (Figure 1f) had an AUC of 0.62 (95% CI: 0.61 – 0.63) for the T2D from CID input task 

and 0.63 (95% CI: 0.62 – 0.64) for the T2D from genotype only input task. The PCs estimation 

task with stop gradient layer designed to track but not influence PC usage in the shared layers had 

a R2 < 0 and MSE of 0.69.  

Model g (Figure 1g) had an AUC of 0.65 (95% CI: 0.64 – 0.66) for the classification of T2D from 

CID input task. The AUC for classifying T2D from genotype only was 0.54 (95% CI: 0.53 – 

0.55), which was significantly lower than the T2D from CID input task (p = 2e-16). 
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Model h (Figure 1h) had an AUC of 0.59 (95% CI: 0.58 – 0.60) for the T2D from CID input task. 

The classification of T2D from genotype only input task was not significantly predictive (AUC = 

0.50). The adversarial PCs estimation task had a R2 < 0 and MSE of 3.30. Model I (Figure 1i) had 

an AUC of 0.57 (95% CI: 0.56 – 0.58) in its main task of classifying T2D from genotype input. 

This was a small but significant decrease in AUC compared to the model h (Figure 1h) (p = 

0.0002). Model h+i had an AUC of 0.61 (95% CI: 0.60 – 0.62). This was a significant increase 

compared to both model h (p = 8.4e-4) and model I (p = 1.8e-11). 

Discussion 

Our results show that using genetic annotations to provide context for common genetic variants 

provides information not found in prior genomic machine learning models. Our methods using 

convolutional layers with genomic context are the first of their kind and results suggest that 

unique risk patterns can be learned through these methods. We report the first use of gradient 

reversal layers in genomics machine learning research, which we found to be useful in both 

ancestry adjustment and hypothesis testing. The series of models we tested in our study also 

provided evidence of confounding due to ancestry and suggest within-model control methods 

could be useful for directly excluding and tracking ancestry information.  

In a large dataset of over 70,000 subjects, a NN model (Model a, Figure 1a) significantly 

predicted T2D using the top 10 PCs from a PCA in which we used only SNPs that were not 

included or in linkage disequilibrium with SNPs that were used in estimating our models. We also 

show that the genotype information that was included in the model accurately estimated the PCs 

in another NN (Model b, Figure 1b). Taken together, these two results suggest that machine 

learning models can recreate ancestry information and use those data to classify T2D diagnosis 

and, likely, other disorders. Model b (Figure 1b) tested this ancestry inference to disorder 

diagnosis pathway directly and resulted in T2D classification performance not significantly 

different from classifying directly from GWAS PCs. Model e (Figure 1e) did not perform any 
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worse than Model c (Figure 1c), despite eliminating its ability to estimate PCs and use those 

ancestry data. It is likely that since the layers within the adversarial model were forced away from 

using ancestry information, the nodes of the model that would have otherwise been occupied with 

ancestry inference were instead used to represent additional real risk features of T2D. 

It's possible that some models use ancestry information while others do not, depending on model 

architecture, data structure, or even initialization. However, it is hard to know in traditional 

approaches when ancestry is influencing a model. Our study provides a pair of solutions for this 

dilemma. First, we use a subtask that estimates ancestry-adjusted PCs from the output of layers 

used in the main classification task.  This subtask cannot influence the weights of the shared 

layers due to a stop gradient layer. Without the stop gradient layer, this subtask would have the 

opposite of our desired effect, as backpropagation would encourage the weights in the layers of 

the main classification task to change in a way that improves the model’s ability to estimate PCs 

and thereby use ancestry information. Instead, the task with stop gradient essentially monitors 

whether ancestry information is used without changing the main network. If ML estimation of 

PCs is significant with the stop gradient layer, it indicates that ancestry information may be 

present within the shared layers. In this case, the stop gradient layer can be replaced with an 

adversarial layer which reverses the direction of the weight changes suggested by gradient 

descent when entering the upstream layers used by the main task. This would direct the model to 

maximize errors in PC estimation, thereby avoiding ancestry information. This capability can be 

seen by comparing the MSE between the models in Figure 1d and 1e. When the stop gradient 

layer is replaced with a gradient reversal layer it creates an adversarial task that increases the 

MSE of the PC estimation task from 1.70 to 2.32. Weights of the strength of the adversarial task 

can be adjusted as needed to eliminate ancestry information. If ancestry estimates beyond PCs are 

available, those data can be used in the same way to guide models away from using ancestry 

information. Studies have shown that genetic risk models, which are largely developed on people 
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with European ancestry, do not generalize well to other ancestry groups (Duncan et al., 2019; 

Martin et al., 2019). Adversarial ancestry tasks may help minimize this discrepancy by directing 

models towards finding ancestry invariant patterns that should be more consistent across different 

ancestry groups. 

In model f (Figure 1f), we trained a model with genomic context information (CID Input) and 

without genomic context information (genotype input) to classify T2D. The input types trained 

and used the same shared layers, apart from output layers that were unique to each input. The 

classification performance resulting from the two input types were similar. This suggests that the 

input types can find and use the same patterns within the data to classify T2D. This result was 

expected since the two input types share the same genotype information.  Likewise, models c and 

g were not significantly different, suggesting that enough information can be learned from 

genotype only data to match the performance of CID models with the genomic context 

information included in our analyses. 

However, in a different model (Model g, Figure 1g) that only allowed the CID input to train the 

shared layers, we found that the CID input was significantly better at classifying T2D compared 

to genotype input that did not train the shared layers (p = 2e-16, Delong’s test for two correlated 

ROC curves). This suggests that while the two input types share similarities in their ability to 

represent the risk of T2D, CID input can build models that have unique risk representations that 

cannot estimate risk when using genotype data alone.  

Our use of gradient reversal layers to create adversarial tasks in model h and model i further 

separated out input dependent features of CNN models. While both models’ performance 

declined relative to other CNN models, the main inputs still had AUCs that were statistically 

significant. In comparison, the alternate input (genotype input for model h and CID input for 

model i) was unable to significantly classify T2D using the same shared layers used by the main 

input. This suggests that the risk representations within the models leading to T2D classification 
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were unique to the main input. We found that model h, which was trained to classify T2D from 

CID input with an adversarial task for genotype input was significantly better at classifying T2D 

compared to Model i, which trained to classify T2D from genotype input with an adversarial task 

for CID input. This could mean that fewer or less useful risk representations are unique to 

genotype input or could represent a failure of hyperparameter optimization to find the best models 

in the more complex hyperparameter search spaces of these two models. In addition, the 

optimized gradient reversal weight for the adversarial CID input task (0.0012) was very small 

compared to the optimized gradient reversal weight for the adversarial genotype input task (0.18). 

This suggests that the risk representations created by the CID input are harder to find and 

therefore easier to avoid. One possible explanation of the unique risk representations is that they 

represent the same underlying risk features but are constructed in a way that can only be used 

with one input type. To test this theory, we trained model h+i, which combines the features of the 

final intermediate layers of model h and model i. If the features from models h and i were 

overlapping, one would expect the model using the features from both models to have the same 

classification performance. We found that model h+i was significantly better at classifying T2D 

compared to both individual models. This suggests that the risk representations found in models h 

and i are at least in part unique to those input types. This could mean that some of the genetic risk 

for T2D can be transformed into higher order risk features using genomic context (features from 

model h) while other risk cannot be transformed with the set of genomic context information used 

in our analyses. Further investigation of the genetic variants and higher order risk features used 

and developed in these models could reveal insights for future genetic risk modelling efforts. 

Type 2 Diabetes has a history of low classification performance in genetic models. The 

performance of our NN and CNN models improve on prior results. One study reported an AUC 

of 0.60 when using a gradient boosted and LD adjusted heuristic polygenic score and an AUC of 

0.61 when using LDpred polygenic scoring (Paré et al., 2017; Vilhjálmsson et al., 2015). The 
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same study reported an AUC of 0.58 in an LD unadjusted polygenic risk score and an AUC of 

0.58 when using traditional pruning and thresholding polygenic scoring methods, which is similar 

to our polygenic risk score methods and results. Another study that investigated many different 

models and feature encodings reported a maximum AUC in T2D across all models/encodings of 

0.59 (Mittag et al., 2015). Our best genotype (model e, AUC: 0.66) and CID (model g, AUC: 

0.65) models are both improvements over these prior studies. While these are significant 

improvements, they are small; further advances will be necessary to reach the goal of clinical 

utility. 

Our study had several limitations that may have limited our models’ ability to classify T2D. Due 

to computational limitations, we were only able to use a small subset of the genetic variants. It is 

possible that using more genetic variants would increase the CNNs ability to detect local patterns 

since the genetic variants would be spaced closer together and the distance between variants 

would be more uniform.  Increasing the number of genetic variants would likely impact the 

number of weights necessary in a CNN less than a NN because the weights in convolutional 

layers are not determined by the number of inputs and the pooling layers following convolutional 

layers reduce the dimensionality of the data. In each optimized CNN model, the best model had at 

least some degree of pooling and convolutional filter width, suggesting that local feature 

summation is useful to the model and reducing dimensions through pooling does not reduce 

classification performance. Insufficient optimization of hyperparameters may have also limited 

performance of our models. In more complex models, the hyperparameter space becomes too 

large to efficiently explore all possible solutions. Therefore, it is likely that our model 

architectures are not the optimal solution. Further exploration of the hyperparameter space could 

improve results. The annotations used to create the CID may not be the best combination of 

information. Further study on the best genomic context information to use in classification tasks 

may improve upon our results. There has been some evidence that ancestry information is also 
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present outside of the top 10 principal components (Privé et al., 2020). Our models are only able 

to judge the ancestry component based on the PC labels provided, so it is possible that other 

ancestry data are still included in the model and undetected. Including more PCs as labels in 

adversarial tasks may further reduce the models’ ability to use ancestry information. 

In summary, we have described novel CNN/NN architectures that combine genomic context 

informed genotype data, and within model ancestry detection/adjustment.  Our results indicate 

that this may be a useful direction for improving our ability to classify complex genetic disorders. 

While classification performance remains too low for clinical utility and earlier detection of T2D 

risk, incremental improvements such as those reported here may get to the point of clinical utility 

in the future.   
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Figure 1: Simplified model architecture diagrams. The Black arrows 

represent the layers that connect each input to each output. The green arrows represent the 

positive feedback from backpropagation that aims to minimize error. The unfilled/white arrows 

represent stop gradient layers, which prevent the task from changing the weights in all layers 

upstream from the stop gradient layer. Red arrows represent gradient reversal layers of 

adversarial tasks, which reverse the direction of the weight changes and maximize loss for the 

task in any layer upstream from the gradient reversal layer.  

 

 



99 

 

Figure 2: An illustrative example of a portion of a context informed 

data matrix (CID). A CID is constructed for each person within the study. For each 

person, the annotation values are multiplied by the allele count at each SNP and the resulting 

individualized annotation matrix is used as input into machine learning models.
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Table 1. Overview of Machine Learning Models
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Table 2. Machine Learning Model Results 
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Table 3. Hyperparameter Optimization Ranges 
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Discussion and Final Remarks 

I presented a review paper and three primary research studies in this dissertation that all help to 

answer the question: Can we use genomic context to improve complex genetic disorder 

classification models? The most obvious way to measure improvement in classification models is 

to focus solely on AUC or some other performance metric. However, much of the work presented 

in this dissertation suggests that model improvements can be found in other ways. Improvements 

can come in the form of interesting or useful model outputs or byproducts, better validation 

techniques for testing generalizability, and better methods and tools for hypothesis testing. While 

we did find evidence that improvements can be made in terms of model AUC, we also found that 

focusing solely on increasing a metric can inadvertently lead to worse models.  

The genomic machine learning meta-regression review paper I presented here showed that a 

staggering 71% of models published in peer-reviewed journals had some form of data leakage. At 

least in part due to this data leakage, many papers report terrific and often unbelievable model 

classification performances. However, if applied to a new dataset, most of the models with the 

highest reported AUCs would perform worse than the models with low AUCs that used methods 

that don’t artificially inflate AUC. Ungeneralizable, inflated-AUC-models are destructive to 

machine learning work in several ways. First, the models don’t offer any useful information about 

the disorder, because they are too overfit to the data to separate real genetic risk signals from 

noise. Similarly, they offer no useful applications for the disorder because they are specific to the 

dataset used to train the model. In addition to the lack of useful outputs, these models 

unintentionally negatively affect generalizable models. For the audience that does not understand 

the pitfalls of machine learning, generalizable models with lower AUCs will be seen as less 

impressive compared to the study with near-perfect classification performance. For the audience 

that does understand the pitfalls, every result is suspicious due to the prevalence of inappropriate 

methods. Reduction or elimination of publishing models that use faulty methods would be a huge 
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boon for the field, which makes educating interested audiences about the issues and promoting 

the avoidance of data leakage and other machine learning pitfalls critical for the future of 

genomic machine learning. 

The first question I sought to answer with this dissertation was: Does the inclusion of risk 

estimates from genetically correlated phenotypes improve risk modeling? Our study aiming to 

classify the diagnosis of any mood disorder based on logistic regression models with and without 

polygenic risk scores of psychiatric disorders found that the inclusion of additional risk estimates 

from correlated phenotypes did significantly improve model AUC. We also found this to be true 

in our study of gsPRS, which found that many of the most important gsPRS in the random forest 

model were from disorders besides ADHD. In addition, when investigating the correlations 

between the random forest importance scores and relative gene set expression, we found that the 

correlation was higher in correlated disorders, suggesting that the gsPRS that had high importance 

scores tended to be real risk effects since we would expect gene sets that are informative of 

ADHD risk to be expressed more in the brain relative to other tissue types. Risk scores for 

genetically correlated phenotypes were also included in the context informed data matrix (CID) 

used as input into CNNs in our third study, which found that the CID was able to find patterns 

that genotype only input could not use. However, since this study only looked at the overall 

addition of genomic context, further investigation is necessary to determine if the inclusion of the 

correlated risk scores had an impact on establishing the unique risk representation of the CID 

model. These studies individually and collectively strengthen the evidence that risk estimates 

from genetically correlated phenotypes are useful by showing model improvements in different 

model types (logistic regression, random forest, and CNN), disorders (any mood disorder, 

ADHD, T2D), and granularities (whole genome summation, gene set summation, individual 

genetic variants).  
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The second question I aimed to answer in this work was: Does summation of risk across gene sets 

associated with a disorder improve risk modeling compared to genome-wide summations? In the 

gsPRS analyses, we found that the inclusion of gene set summations of risk did significantly 

improve the AUC of ADHD classification models compared to models that only used genome 

wide polygenic risk scores. In addition to AUC improvements, using gsPRS also let us generate 

potentially informative output in the form of the average feature importance of each gene set. 

Finally, gsPRS inclusion made it possible to further validate the results based on their biological 

relevance, which helps improve confidence that the results were generalizable. Gene sets 

associated with T2D were used as input into the CID but were not tested specifically to determine 

if they had a significant effect on the results of our analyses. However, it is notable that the 

convolutional filter widths and pooling widths selected by the hyperparameter optimization 

algorithm we used were almost all greater than 1, suggesting that the CNN also found some level 

of local risk summation beneficial. 

The final question my work sought to answer was: Does directly providing a model with 

functional annotation information or more explicit directions on what information to use improve 

risk modeling? Judging based on AUC, the answer to this question might be no, given the current 

computational limitations of our CNN model using functional annotation information as part of 

the input. Our analysis showed that while the CNN was an improvement over logistic regression, 

it was not significantly different from the performance of our neural network models that only 

used genotypes as input. However, using adversarial tasks, we were able to demonstrate that the 

CNN using CID input created a representation of the genetic risk of T2D that the genotype input 

could not replicate using the same shared layers. This suggests that genomic context based on 

functional annotation information could play a role in the overall genetic risk of the disorder. We 

also used a series of multi-task neural networks with specialized layers that either permitted, 

stopped, or reversed training to show that ancestry information can be reconstructed in machine 
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learning models but can also be avoided by giving the model explicit directions on which 

information to avoid. The avoidance of ancestry confounds and ability to test for unique risk 

representations are both interesting tools for strengthening generalizability and testing 

hypotheses, and therefore improve our risk modeling even when AUC results remain similar.  

Together, the work presented in this dissertation provides evidence in several ways that genomic 

context in many forms, model types, and disorders can lead to improvements in risk modelling. 

Incremental, generalizable, and verifiable improvements like those described in these studies will 

be necessary to continue to push the genetic machine learning field towards the goals of clinical 

utility and a better understanding of complex genetic disorders. 
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