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Abstract 

Global developmental delay (GDD) affects 1 – 3% of the worldwide population with up 

to 40% of cases due to underlying genetic factors. Exome sequencing (ES) is now 

recommended as the first-line genetic test for developmental delay (DD), however 

despite the advances of ES, the diagnostic yield remains limited between 30 – 40%. 

The use of machine learning predictive tools (MLPT) for phenotyping can potentially 

play a role in pre-selecting patients for ES and/or improve the phenotype guided 

analysis of ES data ultimately increasing the ES diagnostic yield.  

A data subset of 94 participants from the Deciphering Developmental Disorders 

(DDD)-Africa study was used to assess the performance of two MLPT, PredWES and 

Face2Gene (F2G). The study investigated if these MLPT can successfully predict the 

probability of a positive ES result and/or a genetic diagnosis based on the patient 

phenotype in an African cohort of participants with DD.  This was done by investigating 

whether there is a correlation between; PredWES scores and ES outcomes, and F2G 

D-Scores and ES outcomes. In addition, F2G geneticist view was investigated and the 

list of 30 suggested syndromes with their corresponding gestalt scores, feature scores, 

and combined scores compared to the ES outcome of participants. 

For PredWES, using Human Phenotype Ontology (HPO) data to predict exome 

positivity, the diagnostic yield for the top 10% of PredWES scores was 44%, lower 

than the diagnostic yield of 46% seen without any PredWES prioritisation. The F2G D-

Score has shown to be a poor predictor of ES outcome; however, the D-Score 

classification did correctly predict the need for further genetic testing for 77 – 80% of 

the ES positive group. F2G identified the correct genetic syndrome in 46% of the ES 

positive participants with a top ten accuracy of 35%. F2G provided syndrome 

suggestions with high scores for 39% of the ES negative participants.  

Overall, PredWES was shown to be ineffective in pre-selecting participants suitable 

for ES. The F2G performance was promising but still poorer than studies conducted 

on mainly European cohorts. The study provided valuable insight into the use of 

PredWES and F2G in an African setting and highlights the need for more diverse 

MLPT algorithm training and continued DD research in an African context.            

Key words: Developmental Delay (DD), Exome Sequencing (ES), Face2Gene, Machine learning 

predictive tools (MLPT), PredWES  
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1. Introduction 

Global developmental delay (GDD) or intellectual disability (ID) refers to a condition 

where children do not achieve their developmental milestones in an age-appropriate 

manner (Fieggen et al., 2019). Children with GDD experience delay in at least two or 

more functional domains – gross motor development, fine motor development, 

cognitive development, social and emotional development or speech and language 

development. Global developmental delay is estimated to affect 1 – 3% of the 

worldwide population (Mithyantha et al., 2017) with the prevalence in South-Africa 

poorly documented (Fieggen et al., 2019). 

 

Up to 40% of developmental delay (DD) cases are due to underlying genetic factors 

with monogenic causes contributing up to 10% of cases and chromosomal 

abnormalities contributing up to 30% of cases (Miclea et al., 2015). Genetic testing for 

the diagnosis of DD has advanced over the years progressing from G-banded 

karyotyping to chromosomal microarray (CMA) and next generation sequencing 

(NGS) gene panels as diagnostic tools. The diagnostic yield of testing has been 

increasing as these new technologies are adopted and their resolution improves (Miller 

et al., 2010).  

 

Despite these advances, many patients still remain undiagnosed and find themselves 

facing a diagnostic odyssey. This can largely be attributed to the phenotypic and 

genetic heterogeneity of DD, as reported in the Deciphering Developmental Disorders-

United Kingdom (DDD-UK) study. The DDD-UK addressed this by utilising exome 

sequencing (ES), an approach which tests beyond the restricted genomic range of 

targeted testing strategies (Wright et al., 2015).  

 

Exome sequencing (ES) covers a much broader genomic range by analysing all 

protein coding regions within the genome, consequently increasing the ability to 

identify causative genetic variants (Han & Lee, 2020). The current yield for ES ranges 

between 30 to 40% (Slavotinek et al., 2023; Srivastava et al., 2019; Wright et al., 

2023); therefore, ES is now recommended by the American College of Medical 

Genetics and Genomics (ACMG) as the first-line genetic test for DD and should 
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preferably also include copy number analysis (Manickam et al., 2021). However, ES 

still remains limited in detecting methylation abnormalities, deep intronic variants, 

cryptic splice site variants, low level mosaicism and repeat expansions (Burdick et al., 

2020; Corominas et al., 2022; Sanders et al., 2020). In addition, the diagnostic 

odyssey is further exacerbated by the limited resources in low- and middle-income 

countries (Porras et al., 2021) as well as the challenge of variant interpretation and 

classification within an African setting. A challenge which is attributed to the lack of 

African genomic data in public databases and the large complexity and variation within 

the African genome (Baine-Savanhu et al., 2023; Lumaka et al., 2022).    

 

The DDD-UK study performed ES on 13 449 previously undiagnosed probands with 

the aim to advance clinical genetics practice for children with DD. The study played an 

integral role in DD gene discovery and led to the development of a comprehensive 

database, Developmental Disorders Genotype-to-Phenotype database (DDG2P), with 

over 1400 published genes recognised to be associated with DD (Wright et al., 2015, 

2023). The success of DDD-UK justified the start of a local ongoing study, Deciphering 

Developmental Disorders in Africa (DDD-Africa), which aims to explore the genetic 

aetiology of DD in an African population therefore addressing the lack of phenotypic 

and genomic data and the associated challenges of diagnosis 

(https://h3africa.org/index.php/ddd-africa/).  

 

The analysis of dysmorphology and phenotypic variation plays an integral role in the 

identification of variants in genomic data and should complement the process of 

genetic testing by ensuring genotype-phenotype correlation (Köhler et al., 2014). The 

advent of the Human Phenotype Ontology (HPO), a standardised vocabulary of 

phenotypic abnormalities (Robinson et al., 2008), enabled the development of 

machine learning predictive tools (MLPT) such as PredWES and Face2Gene (F2G), 

used in this study. Such MLPT can be valuable for assisting diagnosis at a point-of-

care level as well as with the phenotype guided analysis of ES data (Gurovich et al., 

2019; James et al., 2020). 

  

https://h3africa.org/index.php/ddd-africa/
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PredWES is a free online predictive tool that estimates the probability of a positive ES 

outcome based on the patients’ clinical phenotype (https://humandiseasegenes.nl/predwes). 

The developers of PredWES report a significant increase in diagnostic yield when only 

testing patients with high PredWES scores (Dingemans et al., 2022). Thus, 

Dingemans et al. (2022) suggests PredWES could be used to pre-select patients 

suitable for ES, therefore reducing unnecessary genetic testing and increasing the ES 

diagnostic yield.  

 

Face2Gene (FDNA Inc.), powered by an algorithm referred to as DeepGestalt, is a 

free online machine learning community-driven tool that assists in the phenotypic 

evaluation of patients with DD (https://www.face2gene.com/). It has a number of different 

tools. The F2G Paediatrician View utilises Facial D-Score technology which, based on 

a facial photograph, predicts the level of dysmorphism of paediatric patients to 

determine if further genetic assessment is required (Pantel et al., 2020). The F2G 

Geneticist View analyses facial photographs of paediatric and adult patients 

subsequently providing a list of 30 suggested possible diagnoses of genetic 

syndromes, each with a ranked gestalt score, predicted to be associated with the 

dysmorphism detected in the facial image. In addition, a feature score can also be 

obtained by entering patient HPO terms resulting in a combined prediction and score 

using gestalt and feature scores (Gurovich et al., 2019). 

 

Although these MLPT have the potential to guide genetic testing and diagnosis, they 

do still have notable limitations, especially within an African context. Lumaka et al. 

(2017) found that in comparison to African clinicians, European clinicians are less likely 

to correctly identify dysmorphism in African patients, therefore demonstrating the 

subjective aspect of dysmorphology. As PredWES is a tool that relies on the ability of 

a clinician to correctly assign phenotypes, the subjective nature of the process and the 

impact of patient and clinician ethnicity are likely limitations of PredWES. In addition, 

PredWES and F2G are both trained on mainly European cohorts (Dingemans et al., 

2022; Gurovich et al., 2019) bringing into question the current value of these tools 

when applied to African patients (Lumaka et al., 2017, 2022). This limitation of F2G 

has been demonstrated by Lumaka et al. (2017) where F2G correctly identified Down 

https://humandiseasegenes.nl/predwes
https://www.face2gene.com/
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Syndrome (DS) in only 36.8% of African DS participants in comparison to 80% of 

Flemish DS participants.  

 

The aim of this study was to investigate whether MLPT can be used to assist in 

successfully predicting the probability of a positive exome sequencing result and/or a 

genetic diagnosis solely based on the patient phenotype in an African cohort of 

participants with DD from the DDD-Africa cohort. This was done by determining if 

PredWES and F2G D-Score can correctly predict a positive ES result for participants 

with DD. In addition, the predictive value of the F2G gestalt score, feature score and 

combined score was determined when compared to the ES molecular diagnosis in 

participants with DD. 

  

2. Methods 

2.1. Editorial policies and ethical considerations 

The study was approved by the University of the Witwatersrand Human Research 

Ethics Committee (HREC) with ethics clearance number M230686. The study is a sub-

study of the DDD-Africa study with ethics clearance number M180678. As participants 

were children with developmental delay, parental consent was given and assent 

obtained where possible. The consent included the use of photographs for medical 

record keeping, teaching, publication or neither. In addition, consent for the use the 

collected data in public domains was also accounted for. All participants included in 

this study provided informed consent for the use of their data in a public domain. Only 

participant with consent for the use of photograph for teaching or publication were 

used for photograph analysis. Parental consent was provided for photo publication of 

participant D3S.0016.01 seen in Appendix A and B. 

 

2.2. Study sample: 

The current study is a sub-study of the DDD-Africa study. The DDD-Africa cohort 

consists of 350 probands recruited with at least one of four inclusion criteria  A) ID 

(moderate to profound), B) multiple malformation in 2 or more body systems, C) one 

major malformation and 3/more well documented minor anomalies or D) mild to 
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moderate ID with dysmorphic features. Individuals were excluded from the DDD-Africa 

study if they had a known condition with no strong evidence for a monogenic cause, 

suspicion of an acquired brain lesion or suspected multifactorial/environmental cause. 

The DDD-Africa study is ongoing and at the time of initiation of this sub-study, clinical 

phenotype data and ES results were available for 130 probands.  

 

For the current study, only DDD-Africa probands with DD/ID were included (categories 

A and D as described above). Those with structural abnormalities only and no DD/ID 

were excluded (B and C as described above). In addition, only participants that 

provided consent for the use of their data in a public domain were included. As a result, 

there was a reduction from the initial 130 probands. Ninety-four participants were 

included in the PredWES analysis. Of these, 26 did not provide photo consent resulting 

in the inclusion of only 68 participants in the F2G analysis. F2G digitises the face into 

vectors (Gurovich et al., 2019), therefore no participant photos were stored in the F2G 

database. 

 

2.3. Data handling and analysis: 

The data subset consisted of 3 components as described below: 

1) Participant HPO terms as documented in DDD-Africa research files and patient  

files created on Research Electronic Data Capture (REDCap) hosted at the 

University of the Witwatersrand, a freely available secure electronic data capture 

tool (Harris et al., 2019). 

 

All participants in the DDD-Africa study underwent clinical phenotyping by various 

clinicians and the phenotyping information, as summarised in Table 1, was obtained 

from both the REDCap DDD-Africa research file and the REDCap patient file for each 

participant.  
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Table 1: Core systems and phenotypes obtained from the REDCap DDD-Africa research files 
and REDCap patient files respectively. 

REDCap DDD-Africa research files REDCap patient files 

Level of ID Cardiac system 

Presence of motor delay Skeletal system 

Presence of hypertonia/hypotonia Urogenital system 

Presence of seizures Brain and central nervous system 

Delayed or absent speech, Renal system 

Presence of microcephaly/macrocephaly (±3 SD) Chest and respiratory system 

Presence of underweight/overweight (±3 SD) Abdominal and gastrointestinal tracts 

Presence of tall/short stature (±3 SD) Ectodermal 

Presence of undergrowth/overgrowth (±3 SD) Head and neck 

Presence of a hearing impairment Cleft palate 

Presence of a vision impairment  

Abbreviations: SD, standard deviation. 

 

Both minor and major abnormalities were included as the exclusion of minor 

abnormalities might have resulted in the loss of important phenotypic data needed for  

accurate analysis by the MLPT. This approach was deemed appropriate as PredWES 

reportedly determines which features are the most pertinent for analysis, therefore 

reducing the need to distinguish between minor and major abnormalities. HPO terms 

and corresponding HPO codes were already assigned in the REDCap DDD-Africa 

research files. For the REDCap patient files, clinical phenotype information was 

assigned the most exact HPO term and corresponding HPO code by the researcher. 

A Medical Geneticist was consulted in a few cases where the researcher was unsure 

of the most accurate HPO description. The phenotypic information was collated using 

a Microsoft Excel spreadsheet.    

 

2) Participant facial photographs in JPEG files stored in a secure DDD-Africa Google 

Drive.  

Participant photographs were taken at the time of recruitment and the researcher 

subsequently identified the best quality frontal facial photograph for analysis in this 

study. A photo was considered of sufficient quality if it included the entire frontal face 

and was well focused.  
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3) ES genomic summary data for prioritised variants as documented in a secure DDD-

Africa Google Drive.  

For the DDD-Africa cohort, ES analysis has been done for single nucleotide variants 

(SNV) and copy number variants (CNV). Variants have been classified according to 

the American College of Medical Genetics and Genomics and Association of Molecular 

Pathology (ACMG/AMP) guidelines (Richards et al., 2015) by a multi-disciplinary team 

reviewing the clinical and molecular data. For the current study, a participant was 

considered ES positive if a pathogenic or likely pathogenic variant was found that was 

consistent with  the clinical phenotype and ES negative if no variant or a benign, likely 

benign or variant of uncertain significance (VUS) was found.    

    

2.3.1. PredWES analysis 

The developers of PredWES at the Radboud University Medical Center (Dingemans 

et al., 2022) were approached and an agreement was made to process the 

participants’ phenotype information in bulk, rather than the researcher having to submit 

each patient as an individual request. An anonymised Microsoft Excel spreadsheet 

with the DDD-Africa participant identifier code and corresponding HPO codes for the 

94 participants was sent to the PredWES developers. The PredWES developers 

returned a PredWES score (probability of a positive ES result)  ranging from 0 - 1  for 

each participant using the Microsoft Excel spreadsheet. The PredWES ES predictive 

ability, defined by the strength of association between the PredWES score and the ES 

outcome (positive/negative) was determined using a Point-Biserial correlation 

coefficient. In addition, patients were ranked according to their PredWES scores 

permitting a comparison between the highest- and lowest 10% of scores as well as 

the diagnostic yield associated with the top 10% of scores. Lastly, a Point-Biserial 

correlation coefficient was used to determine the correlation between the PredWES 

score and microcephaly or macrocephaly respectively as well as the PredWES score 

and hypotonia or hypertonia respectively, allowing for comparisons in line with 

Dingemans et al. (2022).   
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2.3.2. Face2Gene analysis 

A total of 68 participant facial photographs and HPO terms were uploaded onto F2G 

generating a F2G case number for each participant. As the goal was to investigate the 

ability of F2G to detect facial dysmorphism of African patients using a facial 

photograph, HPO terms for head and neck abnormalities were not uploaded. This was 

done to eliminate any bias introduced by including these in the phenotypic 

descriptions. Sixty-seven of the participants were paediatric and therefore uploaded 

under the F2G paediatric view allowing the calculation of a D-Score, gestalt score, 

feature score and combined score. One participant was an adult aged 52 and therefore 

uploaded under the F2G geneticist view allowing the calculation of a gestalt score, 

feature score and combined score. Prior to upload, the developers of F2G, FDNATM, 

were approached and agreed to provide bulk feedback for the participants using 

Microsoft Excel spreadsheets. The feedback was based on the latest F2G algorithm 

version at the time, DeepGestalt version 22.3.0. The Microsoft Excel spreadsheet 

contained the F2G case number with corresponding D-Score (score of 0 - 1) for the 

67 paediatric participants. The D-Score classification (low, unknown and high) was not 

included in the bulk data and was therefore manually obtained from the F2G website 

(https://app.face2gene.com). Refer to Appendix A for an example of the D-Score 

categorical classification. In addition, the Microsoft Excel spreadsheet contained the 

top 30 suggested rare syndromes for all 68 participants. Each suggested syndrome 

had a corresponding gestalt score with ranking, feature score, and combined score 

with ranking. Refer to Appendix B for an example of the F2G geneticist view output as 

displayed on the F2G website (https://app.face2gene.com). The Ultra-Rare function, which 

deals with ultra-rare conditions not currently trained by F2G, was not investigated in 

this study. The Ultra-Rare function allows patients to be matched to other patients 

based on their syndromic similarities, ultimately suggesting possible molecular 

diagnosis despite the syndrome not being previously trained by F2G (Hsieh et al., 

2022).  

 

The F2G D-score ES predictive ability, defined by the strength of association between 

the D-Score (0 – 1) and the ES outcome (positive/negative) was determined using a 

Point-Biserial correlation coefficient. Furthermore, the D-Score classification 

https://app.face2gene.com/
https://app.face2gene.com/
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(low/unknown significance/high) was compared between the ES positive and ES 

negative group using a contingency table and Chi-square analysis.  

 

The genetic syndrome diagnosis of ES positive participants was compared to the top 

30 F2G suggested syndromes. For participants where F2G identified the correct 

syndrome, the corresponding gestalt score with ranking, feature score, and combined 

score with ranking was documented and studied. For the participants where F2G did 

not identify the correct genetic syndrome, the syndrome in question was compared 

with a list of trained syndromes (provided by F2G, FDNATM) to determine if 

DeepGestalt (version 22.3.0) was trained for this syndrome. Lastly, ES negative 

participants with gestalt, feature or combined scores above 0.66 were documented 

and studied.   

 

Statistical analysis was performed using Microsoft Excel and statistical significance 

accepted at a p-value of 0.05. The researcher remained blinded to the genomic 

summary data and ES outcome till after data from PredWES and F2G was received. 

This was to avoid any biases that might be introduced in the process of data handling.  
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3. Results 

The data subset represented a total of 94 participants of which 43 (46%) were ES 

positive participants and 51 (54%) ES negative participants. The study population 

mostly consisted of paediatric participants with a median age of 10 (5-18) years and 

one adult participant aged 52 years. Overall, a median of 13 HPO terms were 

documented for each participant with a median of 14 for ES positive participants and 

12 for ES negative participants. As illustrated in Figure 1, there was marked phenotypic 

heterogeneity observed across the study population with each participant having a 

sub-set of different features, but all having DD/ID. 

 

 

Figure 1: Phenotypic heterogeneity in the study population. Participants presented with a wide range 
of phenotypic anomalies (both minor and major abnormalities) across various body systems. 
Percentage (%) refers to the proportion of participants within the study population that has the 
particular phenotypic anomaly.  

 

Supplement A summarises the phenotypic heterogeneity observed when comparing 

the ES positive and ES negative group. Of particular interest was the unexpected 



13 
 

observation of microcephaly being lower in the ES positive group (23%) compared to 

the ES negative group (43%). The analysis was however limited by a small sample 

size and none of the differences has shown to be statistically significant.  

 

3.1. PredWES performance  

All 94 participants were included in the PredWES analysis. The overall median 

PredWES score was 0.31 with the score for the ES positive group (0.30) similar to that 

of the ES negative group (0.32) (Figure 2a). This finding was noteworthy as PredWES 

indicates the probability of a positive ES result;  therefore, one would expect the score 

for the ES positive group to be higher in comparison to the ES negative group. There 

was also no significant correlation between the number of HPO terms and PredWES 

score (Figure 2b).   

 

Figure 2: (a) Point-Biserial correlation between PredWES score and ES outcome. No significant 
correlation was observed with r = 0.083 and p > 0.05. (b) Correlation between number of HPO terms 
and PredWES score. No significant correlation was observed with r = 0.146 and p > 0.05. 

 

For the top 10% of PredWES scores (range: 0.487 - 0.650, median: 0.54), 4 of the 9 

participants had a positive ES result which equates to a diagnostic yield of 44%. For 

the bottom 10% of PredWES scores (range: 0.148 - 0.065, median: 0.11), 3 of the 9 

participants had a negative ES result indicating no notable difference in number of ES 

positive participants when comparing the top and bottom 10% of PredWES scores.  

 

Participants with microcephaly had a median PredWES score of 0.43 and individuals 

with a normal head circumference a median of 0.25. Participants with microcephaly 
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were statistically more likely to receive a higher PredWES score compared to those 

with a normal head circumference (r = 0.62, p < 0.05). Although this finding is 

consistent with that of Dingemans et al. (2022), it is unexpected in this study population 

as the ES negative group had a higher number of participants with microcephaly 

compared to the ES positive group (Supplement A). For hypertonia, analysis showed 

a statistically significant difference in PredWES scores between participants with 

hypertonia (0.36) and participants without hypertonia (0.30), the correlation was 

however weak (r = 0.21, p < 0.05). PredWES scores did not correlate with the 

presence/absence of macrocephaly (r = 0.07, p > 0.05) or the presence/absence of 

hypotonia (r = 0.06, p > 0.05).  

 

3.2. Face2Gene Performance 

Sixty-eight participants were included in the F2G assessment as they had consented 

to photo usage from the parent study. Of these, 35 (51%) had an ES positive result 

and 33 (49%) had an ES negative result. One frontal facial photograph was uploaded 

per participant with a median of 12 HPO terms per participant. 

 

3.2.1. D-Score analysis 

For each of the 67 paediatric participants, the F2G D-Score (based only on the facial 

photograph) was obtained as a score range (0 – 1) as well as a categorical 

classification (low, unknown significance and high). There was no significant 

difference in the D-Score when comparing the ES positive group D-Score (median = 

0.92) and the ES negative group D-Score (median 0.88) (r = 0.18, p > 0.05). There 

was a small difference when assessing the categorical classifications with 77% of 

the ES positive group classified as high in comparison to only 59% of the ES 

negative group (Table 2). Chi-square analysis however showed no statistical 

significance when comparing the D-Score classifications of the ES positive and ES 

negative group (x2 = 3.32, p > 0.05).  
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Table 2: Comparison of D-Score classifications between the ES positive group and ES 
negative group. 

Group as per exome 

sequencing outcome 

Number of participants classified under the respective 

D-Score categories 

Low 

(D-Score: 0 - 0.33) 

Unknown Significance 

(D-Score: 0.34 – 0.66) 

High 

(D-Score: 0.67 – 1) 

ES positive n=35  7 (20%) 1 (3%) 27 (77%) 

ES negative n=32 9 (28%) 4 (13%) 19 (59%) 

 

3.2.2. Geneticist view analysis for ES positive group 

For 26 of the ES positive participants, the top-30 F2G suggested syndromes were 

compared to the ES genetic diagnosis of the respective participants. F2G identified 

the correct syndrome in 12 of the 26 participants (46%) as summarised in Table 3. 

Based on the gestalt position, in 9 out of the 26 participants (35%) the correct 

diagnosis was identified within the top 10 listed syndromes with all of these ranked in 

position 1 to 5. Although the remaining 3 participants had the correct syndrome 

identified, the scores were very low and it is unlikely a clinician would consider 

suggestions with such low rankings in practice. For these 3 participants, the top 10 

incorrect suggestions that ranked above the correct syndrome can perhaps be 

considered false positive results.  
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Table 3: Summary of Face2Gene D-Score, as well as gestalt, feature and combined results for Exome Sequence positive participants with a 
syndrome correctly identified by Face2Gene.  

¥Participant 

Exome sequencing outcome 

 

Gestalt, feature and combined results 

Gene SNV/CNV Confirmed Genetic Diagnosis  
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D3S.0117.01.1 NSD1 SNV Sotos Syndrome (OMIM 117550) HIGH 1 0.83 HIGH 0.64 MED 1 1 

D3S.0016.01.1 PGAP3 SNV 
Hypophosphatasia with Intellectual Disability Disorder 
Syndrome 4 (HPMRS) (OMIM 615716) 

 
HIGH 1 0.84 HIGH 0.43 MED 1 0.51 

D3S.0051.01.1 CHD7 SNV CHD7 Disorder (CHARGE Syndrome) (OMIM 214800) HIGH 1 0.20 LOW 0.45 MED 1 0.51 

D3S.0118.01.1 FLNA SNV FLNA-Related Disorders (OPD1) (OMIM 311300) HIGH 1 0.46 MED 0.42 MED 1 0.51 

D3S.0119.01.1 RPS6KA3 SNV 
RPS6KA3-Related Intellectual Disability (Coffin-Lowry 
Syndrome) (OMIM 303600) 

 
HIGH 1 0.99 HIGH 0.37 MED 2 0.5 

D3S.0014.01.1 SETBP1 SNV 
Schinzel-Giedion Midface Retraction Syndrome  
(OMIM 269150) HIGH 2 0.29 LOW 0.39 MED 3 0.26 

D3S.0111.01.1 PTEN SNV 
PTEN Hamartoma Tumour Syndrome (Cowden Syndrome) 
(OMIM 615107) HIGH 2 0.19 LOW 0.43 MED 4 0.25 

D3S.0077.01.1 SYNGAP1 SNV 
MRD5 (Intellectual developmental disorder, autosomal 
dominant, 5) (OMIM 612621) HIGH 5 0.23 LOW 0.37 MED 9 0.1 

D3S.0071.01.1 EHMT1 SNV Kleefstra Syndrome 1 (OMIM 610253) HIGH 5 0.13 LOW 0.54 MED 6 0.17 

D3S.0050.01.1 CHD7 SNV CHD7 Disorder (CHARGE Syndrome) (OMIM 214800) LOW 14 0.09 LOW 0.32 MED 27 0.04 

D3S.0064 .01.1 SMAD4 SNV Myhre Syndrome (OMIM 139210) HIGH 25 0.16 LOW 0.55 MED 12 0.09 

D3S.0047.01.1 ARID1B SNV 
ARID1B-Related Disorder (Coffin-Siris Syndrome)  
(OMIM 135900) HIGH 25 0.07 LOW 0.58 MED 5 0.19 

¥Participant ranking based on combined score. † Gestalt is based on the facial photograph only. ‡ Feature is based on the HPO terms only. §Combined refers to a 
combination of gestalt and feature. Abbreviations: CNV, copy number variants; OMIM, Online Mendelian Inheritance in Man; SNV, single nucleotide variants.   
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In contrast, F2G was unable to identify the correct diagnosis for 14 (54%) of the 26 

participants (Table 4). F2G (DeepGestalt algorithm version 22.3.0) was however not 

trained for 5 of the 14 genetic syndromes (36%) listed in Table 4 which explains why 

F2G did not correctly identify these particular syndromes.  

 

In addition, it seems F2G was less likely to detect the correct syndrome if the facial D-

Score was low. Within the ES positive group, 5 participants had a low D-Score 

classification. F2G was not able to detect the correct genetic syndrome for 4 of the 5 

participants (D3S.0024.01.1, D3S.0052.01.1, D3S.0056.01.1 and D3S.0086.01.1) 

(Table 4). For one participant (D3S.0050.01.1), F2G did detect the correct syndrome, 

but with a very low gestalt score and ranking (Table 3).  

 

Two ES positive participants (D3S.0085.01.1, D3S.0101.01.1) had CNVs without well-

defined syndromes or corresponding Online Mendelian Inheritance in Man (OMIM) 

numbers and were therefore analysed separately (Table 5). The gene regions affected 

by the CNV were investigated on DECIPHER in order to identify the OMIM genes most 

likely associated with disease. The list of OMIM genes were then compared to the top 

ten listed genes on F2G. For both of the participants, there was no overlap between 

the OMIM genes and the genes suggested by F2G.     

 

3.2.3. Geneticist view analysis for ES negative group 

For the ES negative group, 13 out of 33 participants (39%) had one or more 

syndrome/s suggested with either a high gestalt, feature or combined score above 

0.66 (Table 6). Three participants (9%) received a high gestalt score, 9 participants 

(27%) received a high feature score and 1 participant (3%) received a high combined 

score.  
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Table 4: Exome sequence positive participants with a genetic diagnosis which was not identified by Face2Gene. 

Participant  D-Score Confirmed Genetic Diagnosis 

Alternative title or  

synonym name† 

Gene 

Region 

SNV/ 

CNV 

Genetic Syndrome  

trained on F2G  

D3S.0013.01.1 

 

UNKNOWN 
SIGNIFICANCE 

Smith-Kingsmore Syndrome 
(OMIM 616638) 
 

NA MTOR SNV Yes 
Smith-Kingsmore Syndrome 
(OMIM 616638) 

D3S.0024.01.1 LOW Tatton-Brown Rahman Syndrome  
(OMIM 615879) 

NA DNMT3A 
 

SNV Yes 
Tatton-Brown Rahman Syndrome 
(OMIM 615879) 

D3S.0034.01.1 

 

HIGH CHD7 Disorder  
(CHARGE Syndrome) 
(OMIM 214800) 

NA CHD7 
 

SNV Yes 
CHARGE Syndrome 
(OMIM 214800) 

D3S.0043.01.1 

 

HIGH Syndromic Neurodevelopmental 
Disorder with Corpus Callosum, 
Axon, Cardiac, Ocular and Genital 
Defects  
(OMIM 618929) 

Agenesis of corpus callosum, 
cardiac, ocular and genital 
Syndrome (ACOGS) 
(OMIM 618929) 
 

CDH2 
 

SNV No
‡
 

D3S.0052.01.1 

 

LOW MECP2-Related Disorder 
 

Rett Syndrome; RTT 
(OMIM 312750) 
 

MECP2 
 

SNV Yes 
Rett Syndrome; RTT 
(OMIM 312750) 

D3S.0053.01.1 

 

HIGH AUTS2 Syndrome 
(OMIM 607270) 
 

Intellectual developmental 
disorder, autosomal dominant 
26/MRD26 
(OMIM 616521) 

AUTS2 
 

SNV No
‡
 

D3S.0056.01.1 LOW PLP1 disorder (Pelizaeus-
Merzbacher disease  
(OMIM 312080) to spastic  
paraplegia 2 (OMIM 312920) 

 PLP1 SNV Yes 

Pelizaeus-Merzbacher Disease; 
PMD 
(OMIM 312080) 

D3S.0058.01.1 HIGH Neuronal Ceroid Lipofuscinosis 
7/CNL7 
(OMIM 610951) 

 MFSD8 SNV No
‡
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Table 4 (continue) 
 

     

D3S.0070.01.1 

 

HIGH Wilms Tumour, Aniridia, Genital 
Anomalies and Mental Retardation 
(WAGR) Syndrome 
(OMIM 194072) 

Chromosome 11q13 deletion 
Syndrome  
(OMIM 194072) 

67 genes 
(8.78 Mb 
deletion) 

CNV No
‡
 

D3S.0082.01.1 

 

HIGH Zhu-Tokita-Takenouchi-Kim 
Syndrome/ZTTK 
(OMIM 617140) 

 SON 
 

SNV Yes 
ZTTK Syndrome; ZTTKS 
(OMIM 617140) 

D3S.0086.01.1 

 

LOW STXBP1-Related Disorder 
(OMIM 602929) 
 

STXBP1 Encephalopathy with 
Epilepsy  
Epileptic Encephalopathy, Early 
Infantile/EIEE4 
(OMIM 612164) 

STXBP1 
 

SNV Yes 
Epileptic Encephalopathy, Early 
Infantile  
(OMIM 612164) 

D3S.0094.01.1 

 

HIGH DDX3X-Related 
Neurodevelopmental Disorder 
(OMIM 300958) 

 

Snijders Blok type, MRXSSB 
(OMIM 300958) 
 

DDX3X 
 

SNV Yes 
Intellectual developmental disorder, 
X-linked Syndrome, Snijders Blok 
type, MRXSSB 
(OMIM 300958) 

D3S.0107.01.1 

 

HIGH Intellectual Disability with 
Pigmentary Mosaicism 
 

Intellectual developmental 
disorder, x-linked, syndromic, 
with pigmentary mosaicism and 
coarse facies (MRXSPF) 
(OMIM 301066) 

TFE3 
 

SNV No
‡
 

D3S.0124.01.1 

 

HIGH PACS1 Neurodevelopmental 
Disorder 
(OMIM 615009) 

 

Schuurs-Hoeijmakers Syndrome 
(OMIM 615009) 
 

PACS1 
 

SNV Yes 
Schuurs-Hoeijmakers Syndrome; 
SHMS 
(OMIM 615009) 

†Alternative titles and synonym syndrome names were searched for on OMIM and GeneReviews as Face2Gene might have the syndrome trained under a different title or 
synonym name. ‡ The genetic syndrome, alternative title or synonym name has not been trained on DeepGestalt version 22.3.0.  Abbreviations: CNV, copy number variants; 
F2G, face2Gene; OMIM, Online Mendelian Inheritance in Man; SNV, single nucleotide variants.   
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Table 5: Summary analysis of participants with copy number variants without well-defined syndromes. 

Participant D-Score Molecular diagnosis Gene region OMIM genes within the 
region 

F2G top genes suggested 

D3S.0085.01.1 

 

LOW [GRCh38/hg38] 
12p13.33p13.31(1262908_5647947)x1 

 

61 genes  
(4.39Mb deletion) 
 

CACNA2D4, CACNA1C, 
TULP3, CCND2, FGF23, 
C12orf4, AKAP3, NDUFA9, 
KCNA1, KCNA5  

COMT, FMR1, ACTA2, H19, APP, CAT, 
MLH1, ELN, ERCC4, GABRD, 
GABRB3, GP1BB, GH2, MSX1, CCLS, 
NFIX, SKI, INS, CD4, TERT 

D3S.0101.01.1 

 

HIGH [GRCh38/hg38] 
17q22q23.1(53822906_58756569)x1 

64 genes  
(4.39 Mb deletion) 
NOG likely 
causative gene  

COX11, NOG, DGKE, MRPS23, 
VEZF1, SRSF1, EPX, MKS1, 
MPO, TSOAP1, RNF43, 
TEX14, RAD51C 

KANSL1, COMT, CALCA, MLH1, 
ERCC4, GABRB3, GP1BB, INS, ARTX, 
CDKL5, SLC9A6, ARX, PORCN, 
HUWE1, SMARCA2, NRXN1, 
RNU4ATAC, TRIO, TCF4 

Abbreviations: F2G, Face2Gene; OMIM, Online Mendelian Inheritance in Man.   

 

Table 6: Summary of syndrome/s suggested by Face2Gene based on high gestalt, feature or combined scores for exome sequence negative 
participants. 

Participant Syndrome/s suggested 

based on a high †gestalt 

score (>0.66) 
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D3S.0019.01.1 None   Phelan-McDermid Syndrome  

(OMIM 606232)  

0.68 None   

D3S.0027.01.1 None   Phelan-McDermid Syndrome  

(OMIM 606232)  

0.74 None   

D3S.0030.01.1 Angelman Syndrome  
(OMIM 105830) 

0.72 1 None  None   
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Table 6 (continue)        

D3S.0061.01.1 None   Phelan-McDermid Syndrome 

(OMIM 606232) 

0.72 None   

    Rubinstein-Taybi Syndrome 

(OMIM 180849) 

0.69    

D3S.0069.01.1 None   Phelan-McDermid Syndrome 

(OMIM 606232) 

0.82 None   

    Saethre-Chotzen Syndrome 

(OMIM 101400) 

0.78    

    Rubinstein-Taybi Syndrome 

(OMIM 180849) 

0.76    

D3S.0083.01.1 None   None  Angelman Syndrome  
(OMIM 105830) 

1 1 

D3S.0088.01.1 Velocardiofacial Syndrome  
(OMIM 192430) 

0.91 1 None  None   

D3S.0091.01.1 None   Witteveen-Kolk Syndrome 

(OMIM 613406) 

0.83 None   

    Rubinstein-Taybi Syndrome 

(OMIM 180849) 

0.73    

D3S.0096.01.1 None   Phelan-McDermid Syndrome 

(OMIM 606232) 

0.8 None   

D3S.0113.01.1 None   Microphthalmia isolated with 

coloboma  (OMIM 615145) 

0.69 None   

D3S.0115.01.1 None   Seckel Syndrome (OMIM not 

specified by F2G) 

0.75 None   

D3S.0126.01.1 Coffin-Lowry Syndrome  
(OMIM 3030600) 

0.97 1 None  None   

D3S.0127.01.1 None   Phelan-McDermid syndrome 

(OMIM 606232) 

0.71 None   

    Hermansky-Pudlak Syndrome 

(OMIM not specified by F2G) 

0.69    

† Gestalt is based on the facial photograph only. ‡ Feature is based on the HPO terms only. §Combined refers to a combination of gestalt and feature. Abbreviations: OMIM, Online Mendelian Inheritance in Man. 
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4. Discussion 

The use of machine learning predictive tools (MLPT) such as PredWES and F2G show 

great potential to guide genetic testing and diagnosis (Dingemans et al., 2022; 

Gurovich et al., 2019; James et al., 2020). There are however few studies available 

investigating the utility of these tools within an African setting. In this study, the 

performance of PredWES and F2G were investigated in a cohort of African participants 

with DD where phenotypic as well as ES data were available. 

 

PredWES is designed to predict the probability of a positive ES outcome for patients 

with neurodevelopmental disorders based on their phenotypic presentation. 

Dingemans et al. (2022) proposes PredWES scores can be used to prioritise patients 

suitable for ES, consequently increasing the diagnostic yield and reducing the burden 

of unnecessary genetic testing. They reported a doubling in diagnostic yield (from 26% 

to 56%) when testing only the patients within the top 10% of PredWES scores. The 

PredWES score range for the top 10% is however relative to the cohort and was not 

reported by Dingemans et al. (2022), making a direct comparison with the current 

study challenging.   

 

According to Dingemans et al. (2022), the PredWES probability is a very accurate 

estimate of the actual diagnostic yield. For the top 10% of PredWES scores, the 

median score of 0.54 in this study should therefore translate to a diagnostic yield of 

54%. The actual diagnostic yield for the top 10% was however 44%, bringing into 

question the reported association between PredWES score and diagnostic yield. In 

addition, the diagnostic yield for the top 10% (44%) was lower than the diagnostic yield 

without any PredWES prioritisation (46%). Therefore, the improved diagnostic yield 

reported by Dingemans et al. (2022) was not replicated in this study. In addition, there 

was no notable difference in PredWES scores between the ES positive and ES 

negative groups indicating that PredWES could not differentiate between these two 

groups.   

 

The poor performance of PredWES could be due to bias within the PredWES 

algorithm. Dingemans et al. (2022) reported microcephaly and abnormal muscle tone 
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to be the only features showing a clear positive correlation with a positive ES result 

and consequently (due to algorithm training) correlated with a higher PredWES score. 

This explains why participants with microcephaly in this study were statistically more 

likely to receive a higher PredWES score. This correlation however contradicts the fact 

that microcephaly was more prevalent in the ES negative group compared to the ES 

positive group. Identifying the reason for this high prevalence of microcephaly in the 

ES negative group is however beyond the scope of this study. That said, the high 

prevalence of microcephaly might have introduced an inherent bias towards higher 

PredWES scores in the ES negative group. As a result, there was little difference in 

PredWES scores when comparing the ES positive and ES negative group.  

 

The absence of correlation between PredWES scores and ES outcome may also have 

been due to a cohort bias as the DDD-Africa participants were preselected for the 

clinical likelihood of an ES positive outcome. The sample size under investigation was 

however very small and further investigation will be needed to confirm these 

hypotheses.  

 

Lastly, the subjective nature of dysmorphology and the ability of a clinician correctly 

assign HPO descriptions (Lumaka et al., 2017) can perhaps be considered a limitation 

of PredWES. In addition, HPO terms describe phenotypes in a hierarchical manner 

and MLPT algorithms use the hierarchical classification to weight findings during the 

analysis process (Köhler et al., 2019). Therefore, the incorrect use of HPO terms can 

result in reduced performance of the MLPT. It is also suspected that the participant 

phenotyping process was not always done to a similar level by the Medical Geneticists 

and therefore may not have been of consistent quality. The poor predictive ability of 

PredWES might be a function of the accuracy with which HPO descriptions are 

assigned, rather than the performance of the PredWES algorithm. This illustrates the 

importance of thorough phenotyping in a clinical setting as well as consistent data 

collection when conducting research.   

 

The F2G D-Score tool was designed with the purpose of identifying the level of facial 

dysmorphism in paediatric patients ultimately suggesting to clinicians whether further 
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genetic assessment and investigations are needed (Pantel et al., 2020). In this study 

however, the D-Score was investigated to determine if it has value as a predictor of 

ES outcome (similar to the purpose of PredWES).  

 

For the F2G paediatric study population the average D-Score was high across both 

ES positive and ES negative participants. This finding was anticipated as facial 

dysmorphism is expected in patients with DD and 98.5% of F2G participants were 

clinically assessed to have some form of facial dysmorphism with no difference in 

prevalence between the ES positive and ES negative group (Supplement A). 

Therefore, in this cohort, F2G D-Score was not an effective predictor of ES outcome. 

F2G D-Score was however effective in its intended purpose as the tool correctly 

predicted the need for further genetic assessment in 77% of the ES positive group. An 

additional 3% received an unknown significance classification indicating the algorithm 

is unsure if the level of dysmorphism warrants further investigation. The interpretation 

of the unknown significance classification can perhaps be considered quite subjective 

and a clinician’s decision (based on the D-score) to conduct further testing may 

possibly be influenced by the resources available in the clinical setting.   

 

Fifty-nine percent of the ES negative participants received a high D-Score 

classification which is lower than the 77% for the ES positive group. Although there 

was no statistically significant difference found between the ES positive and ES 

negative group, reinvestigation with a larger sample size is warranted as the trend 

suggests that the D-Score classification might be able to differentiate between ES 

positive and ES negative participants.     

 

The purpose of F2G geneticist view is to assist a clinician in the diagnostic process 

either as a point-of-care diagnostic tool or as a tool to guide ES variant interpretation 

and classification (Gurovich et al., 2019). In this study, the performance of the F2G 

geneticist view was assessed in two ways. Firstly, investigating the alignment of the 

overall F2G output for ES positive participants. Secondly, investigating the ES 

negative group to analyse the F2G output of suggested syndromes.    
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For a group of ES positive participants, F2G identified the correct diagnosis in 46% of 

the participants. Based on the gestalt score, F2G had a top 10 accuracy of 35% which 

is significantly less than the 91% top 10 accuracy reported by Gurovich et al. (2019), 

a study designed specifically to reflect a clinical setting. The clinical test set used by 

Gurovich et al. (2019) only included 2 participants of African ancestry (<1% of the test 

set), therefore the marked difference in top 10 accuracy could suggest F2G has 

reduced accuracy in African patients. This is consistent with the fact that F2G has 

mainly been trained on European populations (Gurovich et al., 2019).  

 

An interesting finding was that the gestalt score performed better than the feature 

score with all these participants receiving a medium feature classification. Therefore, 

despite the overall reduced performance in African participants, the analysis of a facial 

photograph still performed better than the analysis of clinician assigned features. This 

echoes the finding that the F2G DeepGestalt algorithm is more effective than 

experienced clinicians in identifying syndrome specific dysmorphism (Gurovich et al., 

2019). As with PredWES, the performance of the feature score might also be a function 

of subjective nature of dysmorphology and the accuracy with which HPO descriptions 

are assigned. Investigation of this is however beyond the scope of the study. Lastly, 

since the combined score incorporates both gestalt and feature scores, it was slightly 

less effective when compared to the gestalt score only. It is therefore recommended 

to mainly refer to the gestalt ranking (and perhaps the combined ranking) when using 

F2G. F2G does not provide feature score rankings and, based on the results, the 

feature score should not be interpreted as a stand-alone predictor as it might result in 

false negative results. 

 

In contrast, F2G was unable to detect the correct syndrome in 54% of participants. 

This was partly explained by the fact that F2G was not trained for 36% of the 

syndromes in this group and could therefore not correctly suggest these syndromes. 

Upon further investigation it was also found that F2G did not report any high gestalt or 

combined scores for these participants. Therefore, although F2G was unable to detect 

the correct syndrome, F2G also did not make any false positive suggestions. Future 

investigation can be done to determine if the F2G Ultra-Rare tool will be valuable for 
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these particular participants. The high percentage of missed diagnoses nevertheless 

highlights the need for additional algorithm training, especially on African patients.  

 

Three participants in the F2G ES positive group had CNV molecular diagnoses and 

for these participants, F2G was unable to correctly identify the syndrome 

(D3S.0070.01.1) or any of the OMIM genes within the affected gene regions 

(D3S.0085.01.1, D3S.0101.01.1). Although F2G has been trained for some CNV, the 

training is limited and F2G was not trained for WAGR syndrome, the molecular 

diagnosis for participant D3S.0070.01.1. These finding are however to be expected as 

CNV span across numerous genes and therefore the resulting phenotype is often 

highly variable (Park et al., 2019). It is plausible that the detection of syndromes 

associated with CNV is a limitation of F2G and future studies investigating the 

performance of F2G with CNV molecular diagnoses will be very valuable.             

 

High gestalt, feature and/or combined scores were received for 39% of participants in 

the ES negative group. Of particular interest was 3 participants (D3S.0030.01.1, 

D3S.0088.01.1, D3S.0126.01.1) that received high gestalt scores with gestalt rankings 

at position 1, perhaps warranting a reinvestigation of the sequencing data. Participant 

D3S.0030.01.1, who received a very high gestalt score for Angelman Syndrome (AS), 

has undergone previous karyotyping and methylation sensitive (MS)-MLPA (Probemix 

p245 and p036) testing prior to the ES negative outcome. Several different aetiologies 

are known to contribute to the development of AS; these are chromosome 15q11q13 

deletion (70% of cases), paternal uniparental disomy (2% of cases) and point 

mutations (10% of cases). It is however estimated that 10% of cases that present with 

an AS phenotype remain without a molecular diagnosis despite undergoing extensive 

testing. This can be due to the clinical diagnosis being incorrect or perhaps an AS 

genetic aetiology which is currently unknow (Wheeler et al., 2017). The combination 

of testing done on this participant would however have covered all the known AS 

aetiologies and perhaps this participant falls within the 10% of cases that remain 

undiagnosed despite testing. Participant D3S.0088.01.1, with a high gestalt score for 

Velocardiofacial Syndrome (22q11.2 deletion syndrome), has undergone previous 

karyotyping. Of note, the participant did not undergo CMA which is currently 
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considered the first-line test for Velocardiofacial Syndrome (Szczawińska-Popłonyk et 

al., 2023). That said, the ES analysis did include CNV analysis which should have 

detected a pathogenic 22q11.2 deletion if there was one present. Participant 

D3S.0126.01.1 has a high gestalt score for Coffin-Lowry Syndrome (CLS) which 

supports the CLS clinical diagnosis made by a Medical Geneticist. Prior to the negative 

ES outcome, the participant also received negative results for MS-MLPA (Probemix 

p245 and p036) and Fragile-X syndrome testing. It can however be difficult to analyse 

the RPS6KA3 gene for CLS as it is a large gene with many exons and a wide range 

of mutations has been documented. In addition, mutations within the intronic regions 

have also been documented (Hanauer, 2002). Since phenotype-driven variant 

prioritization is associated with an improved diagnostic yield (James et al., 2020), the 

high gestalt score for these three participants warrants more robust reinvestigation of 

the sequencing data to rule out the possibility of missed variants in the gene regions 

corresponding with the suggested syndromes (Burdick et al., 2020; Gurovich et al., 

2019). If these participants remain ES negative after such reinvestigation; disease 

aetiologies beyond the scope of previous testing, novel disease aetiologies or 

differential diagnosis should be considered.  

 

Several ES negative participants received high feature scores, especially for Phelan-

McDermid Syndrome. Closer investigation of these participants showed no definite 

overlap in shared phenotypes, therefore the reason for this result is unclear. Also, as 

discussed earlier, feature scores should not be used as stand-alone predictors as such 

interpretation can lead to false positive results. There was a single ES negative 

participant with Angelman Syndrome scoring a very high combined score of 1, despite 

scoring low for both gestalt (0.24) and feature (0.6) scores. The reason for this is 

unclear and could perhaps be an algorithm artefact as the same anomaly was not 

seen for any other participants.   

 

The study provides valuable insight in the use of PredWES and F2G in an African 

setting, however; the study does have notable limitations. Firstly, the differences in 

phenotyping observed between participants could in part be an indication of a flawed 

phenotyping process rather than actual differences in levels of dysmorphism. This 

inconsistency is also true for the quality of the facial photographs used for the F2G 
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analysis and an evaluation of the photo quality is justified. Secondly, clinical genetics 

is a rapidly advancing field and future reanalysis of the sequencing data might lead to 

additional molecular diagnosis of participants currently in the ES negative group 

(Schobers et al., 2022). In addition, ES cannot detect all disease-causing variants or 

mechanisms such as methylation abnormalities, deep intronic variants, cryptic splice 

site variants, low level mosaicism and repeat expansions (Burdick et al., 2020; 

Corominas et al., 2022; Sanders et al., 2020). Furthermore, the ES variant outcome 

data was provided to the researcher from a third party and it is suspected that some 

of the ES positive classifications were in fact VUSs and should have been excluded 

from the ES positive group. Lastly, although the study produced some useful insights, 

it is based on a small sample size with limited statistical power. Further investigation 

with a larger number of participants will be required to confirm these results.  

 

In conclusion, selecting participants suitable for ES based on high PredWES scores 

has not been shown to effectively increase the diagnostic yield in the DDD-Africa 

cohort. Further investigation is required to determine if this is due to poor PredWES 

algorithm performance or due to the limitations of this study. F2G D-Score was not a 

good predictor of ES outcome which is understandable as it is not the purpose of the 

tool. The D-Score classifications were however valuable to identify paediatric 

participants that will benefit from additional genetic investigation as there seems to be 

a trend between a high D-Score classification and positive ES outcome. F2G geneticist 

view did show some promising results, especially when analysis was based on the 

facial photograph only. The range of results however highlights that tools such as F2G 

should be used as a complementary to the diagnostic process and cannot replace the 

role of the clinician. Overall, the F2G performance was promising but much lower in 

comparison to studies conducted on mainly European cohorts; therefore, 

demonstrating to need for more extensive training of phenotypic MLPT in the context 

of DD in an African setting. Future studies can be extremely valuable as much is still 

to be learned. These studies can include PredWES performance when comparing a 

control set of African participants without DD to a set of African participants with DD, 

the performance of F2G before and after training of African patients, a comparison of 

F2G performance for SNV and CNV, larger scale analysis of F2G gestalt score versus 

combined score performance, the effect of photo quality on the performance of F2G 
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and the performance of the F2G Ultra-rare tool for participants with a diagnosis 

untrained by F2G.   
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7. Appendices 

Appendix A: D-Score classification 

 

Appendix A: Face2Gene D-Score output for participant D3S.0016.01.1. The figure indicates the D-Score 
classification (low, unknown significance and high) with participant D3S.0016.01.1 scoring high for facial 
dysmorphism. (D-Score = 0.96 as provided with bulk feedback on Microsoft Excel spreadsheet from F2G 
developers).  

 

Appendix B: Face2Gene Geneticist view 

 

 

 

 

 

 

 

 

 

 

 

Appendix B: Face2Gene Geneticist view output for participant D3S.0016.01.1. Based on a combination of a 
high gestalt score (facial analysis) and a medium feature score (HPO analysis) HPMRS was correctly ranked at 
position 1 for participant D3S.0016.01.  
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8. Supporting information 

Supplement A: Table indicating the †difference in prevalence of phenotypic features or affected 
body systems between the ES positive and ES negative group. 

Phenotypic feature / Body system ES positive group (n = 43) 
n (%) 

ES negative group (n = 51) 
n (%) 

Mild intellectual disability 1 (2) 5 (10) 

Moderate intellectual disability 15 (35) 22 (43) 

Severe intellectual disability 27 (63) 24 (47) 

Motor delay 40 (90) 45 (88) 

Hypertonia 6 (14) 9 (18) 

Hypotonia 18 (42) 19 (37) 

Seizures 9 (21) 8 (16) 

Delayed speech 27 (63) 34 (67) 

Absent speech 13 (30) 12 (24) 

Microcephaly (±3 SD) 10 (23) 22 (43) 

Macrocephaly (±3 SD) 4 (9) 5 (10) 

Underweight (±3 SD) 10 (23) 15 (29) 

Overweight (±3 SD) 4 (9) 2 (4) 

Tall stature (±3 SD) 2 (5) 1 (2) 

Short stature (±3 SD) 11 (26) 15 (29) 

Undergrowth (±3 SD) 7 (16) 10 (20) 

Overgrowth (±3 SD) 1 (2) 0 

Hearing impairment 5 (12) 5 (10) 

Visual impairment 6 (14) 6 (12) 

Cardiac system 6 (14) 9 (18) 

Skeletal system 28 (65) 34 (67) 

Urogenital system 13 (30) 11 (22) 

Brain and central nervous system 24 (56) 28 (55) 

Chest and respiratory system 7 (16) 5 (10) 

Abdominal and gastrointestinal tract 9 (21)  6 (12) 

Ectodermal 20 (47) 28 (55) 

Head and neck 42 (98) 49 (96) 

Cleft palate 1 (2) 2 (4) 

† Two proportion z-tests showed no significant differences when comparing prevalence (of each category) in ES positive and 
ES negative group.  
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1. Background literature, analysis and critique 

1.1.1. Deciphering Developmental Disorders 

Developmental disorders (DD) refer to a broad category of developmental delays 

where developmental milestones are not reached in an age-appropriate manner. It 

has been reported that up to 40% of DD cases can be attributed to underlying 

genetic factors (Miclea et al., 2015) which is often associated with monogenic 

causes (Wright et al., 2015). Due to the phenotypic and genetic heterogeneity of DD, 

there is often a significant delay in diagnosis. The scarcity of genetic resources in 

low- and middle-income countries further exacerbate this delay, which is referred to 

as the diagnostic odyssey (Porras et al., 2021).  

 

Deciphering Developmental Disorders in Africa (DDD-Africa) is an ongoing study 

which aims to explore the genetic aetiology of DD in an African population. This 

study has utilised whole exome sequencing (WES) to identify disease-causing 

variants in a cohort of African patients with DD (Lombard et al., 2017). The WES 

data and variant classification is stored on the Database of Chromosomal Imbalance 

and Phenotype in Humans Using Ensembl Resources (DECIPHER) (Firth et al., 

2009). Phenotype information is stored on a secure web based clinical database, 

Research Electronic Data Capture (REDCap) (Patridge & Bardyn, 2018). 

 

1.1.2. Whole exome sequencing 

Whole exome sequencing allows the sequencing of all the protein coding regions 

within the genome. This protein coding sequence is compared to a normal reference 

sequence to identify variants (Han & Lee, 2020b) which are then classified according to 

the American College of Medical Genetics and Genomics and Association of 

Molecular Pathology (ACMG/AMP) guidelines. The guidelines facilitate sequence 

interpretation by classifying sequence variants into five categories (pathogenic, likely 

pathogenic, uncertain significance, likely benign and benign), therefore standardising 

variant reporting (Richards et al., 2015). Molecular diagnosis of DD using WES data 

is however challenging within an African context. The biggest contributing factor is 

the lack of African genomic data in reference databases making it difficult to identify 

and interpret variants within an African cohort (Lumaka et al., 2022). Therefore, the 
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use of additional tools, such as machine learning predictive tools, could be valuable 

in improving the diagnostic process.  

 

1.1.3. Machine learning predictive tools 

Machine learning predictive tools incorporate phenotypic data into machine learning 

algorithms to predict WES outcomes (Dingemans et al., 2022) and molecular 

diagnosis (Gurovich et al., 2019). A standardised clinical vocabulary, Human 

Phenotype Ontology (HPO), has been developed to standardise research in the field 

of computational deep phenotyping. HPO is used to describe the specific 

phenotypes and clinical abnormalities associated with human disease (Gao et al., 

2019). This study will specifically focus on PredWES and Face2Gene (F2G) as 

machine learning tools that utilise HPO terms and/or facial dysmorphic features as 

part of their algorithm. 

 

PredWES is an online tool developed by Dingemans et al. (2022) which is 

incorporated into the Human Disease Genes website 

(https://humandiseasegenes.nl/predwes) and is freely available for clinicians. 

PredWES uses HPO terms to help clinicians pre-select patients suitable for WES by 

estimating the probability of a positive diagnostic WES outcome. PredWES is based 

on a computational logistic regression model, the Finnish horseshoe, trained on a set 

of 1663 patients with neurodevelopmental disorders. PredWES uses the full 

phenotypic profile of a patient and claims to automatically include the most 

appropriate phenotypes to predict the likelihood of a positive WES outcome. 

Interestingly, the patients with a positive WES result were more likely to have 

microcephaly, facial dysmorphism, congenital abnormalities and severe intellectual 

disability. Dingemans et al. (2022) reported a WES diagnostic yield of 56% in the 

patients that scored within the top 10% of the highest PredWes probability. This is a 

significant improvement when compared to the initial 26% diagnostic yield seen 

without PredWES selection. Therefore, PredWES is reported to be a useful tool to 

prioritize which patients to test using WES.  

Face2Gene (F2G) is a collection of online tools available to healthcare practitioners 

to assist with genetic evaluations. F2G uses DeepGestalt technology which is a 
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facial image analysis framework that combines deep learning algorithms and 

computer vision (Gurovich et al., 2019). An expansive dataset is used to develop 

syndrome gestalts which are classifiers for specific syndrome facial morphologies. 

When a healthcare practitioner uses F2G they upload a facial photograph of the 

patient and the DeepGestalt technology will convert this photo into facial descriptors. 

The learning algorithm then compares the patient’s facial descriptors to the genetic 

syndrome gestalts available in the software to generate the output depending on the 

tool in use. In paediatric view, a facial D-score will be generated based on the 

patients’ facial descriptors. In geneticist view, F2G will generate a list of suggested 

syndromes together with a gestalt score based on the photo only. Alternatively, HPO 

terms can be uploaded to obtain a feature score.   

 

These tools have mainly been trained on European individuals (Gurovich et al., 

2019; Dingemans et al., 2022) therefore, ethnicity remains a potentially concerning 

limitation in the use of these tools (Lumaka et al., 2017). Since Africa is a resource 

constrained setting with marked ethnic and racial diversity, it is essential to analyse 

the effectiveness of these machine learning tools within an African context. 

 

2.1.1. Study aim 

To investigate whether machine learning tools can be used to successfully predict 

the probability of a positive exome sequencing result and/or a genetic diagnosis 

solely based on the patient phenotype in an African cohort of patients with 

developmental delay. 

2.1.2. Study objectives 

1. Determine if a standardised phenotypic tool, PredWES, can correctly predict a 

positive WES result for participants with developmental delay.  

2. Determine if a standardised dysmorphology tool, F2G D-score, can correctly 

predict a positive WES result for participants with developmental delay.  

3. Determine the predictive value of a standardised dysmorphology tool, F2G 

gestalt score and feature score, when compared to the WES genetic 

diagnosis in participants with developmental delay. 
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3. Methods 

3.1.1. Study sample 

The study is a sub-study of the DDD-Africa project and will make use of a subset of 

the DDD-Africa dataset. The participants were recruited from one of the following 

sites: Charlotte Maxeke Johannesburg Academic Hospital, Rahima Moosa Mother 

and Child Hospital and Chris Hani Baragwanath Academic Hospital. Participants are 

children with developmental delay and are mainly of African ancestry.   

 

The data subset will consist of DDD-Africa participants that met inclusion criteria A 

and D as listed below. This study will not include participants that met inclusion 

criteria B and/or C only, as these participants do not have developmental delay.    

DDD-Africa participants were included if they fulfilled one of the following criteria: 

A. Intellectual disability (moderate to profound) 

B. 1. Multiple major malformations in 2 or more different organ systems >1month  

2. Multiple major malformations in 2 or more different organ systems <1month 

C. One major malformation AND 3 or more well-documented minor anomalies 

D. Mild to moderate intellectual disability AND dysmorphic features  

         

Individuals were not recruited if they had a known condition with no strong evidence 

for a monogenic cause, suspicion of an acquired brain lesion, suspected 

multifactorial or environmental cause or in the case of mild intellectual disability only 

(with no additional dysmorphic features or structural abnormalities).  

 

As participants were children with developmental delay, parental consent was given 

and assent provided where possible. A separate consent was signed for the use of 

photographs as well as for the use of data in a public domain. 

The data subset includes WES data, HPO terms and facial photographs. It is a 

convenience sample as it is the first batch of available WES results from the DDD-

Africa cohort. The subset represents 93 participants with consent for the use of their 

data in a public domain such as DECIPHER. For the PredWES analysis all 93 

participants will be included as no photo consent is required. Of these participants, 
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35 have a pathogenic or likely pathogenic WES classification which is referred to as 

a positive WES outcome. This translates into a positive WES yield of 37.6%. For the 

F2G analysis, only the 69 participants that provided consent for the use of 

photographs will be included in this study. Of these participants, 29 have a 

pathogenic or likely pathogenic WES classification. Therefore, 42% of the F2G 

participants are known to have a positive WES result.    

 

Genomic summary data for prioritised variants classified by ACMG/AMP guidelines 

will be obtained from DECIPHER (Firth et al., 2009). Patient HPO terms will be 

obtained from a REDCap (Patridge & Bardyn, 2018). The patient photographs in JPEG 

files will be obtained from their respective patient folders in a secure DDD-Africa 

Google drive. The DDD-Africa Google drive is protected and only staff and 

collaborators on the project have access to the stored information. For this study, the 

main researcher will only have access to de-identified participant information in the 

form of DDD participant IDs.  

 

3.1.2. Study design and data processing 

A correlational study design will be followed. HPO terms and/or photographs will be 

uploaded to two different predictive tools namely PredWES and F2G. Data will be 

captured in an Excel spreadsheet as listed: DDD participant ID, PredWES 

probability, Facial D Score, F2G top 10 listed syndromes with separate gestalt and 

feature scores, summary of genomic data, and positive or negative WES outcome. 

The investigator will be blinded to the WES outcome till after PredWES and F2G 

analysis has been conducted. 

 

PredWES: PredWES is a new tool and follows a manual process where the clinician 

enters the HPO terms into the online tool and receives the PredWES probability 

score (a range of 0 – 1) via e-mail. After a discussion with the developers, they have 

agreed to assist in the process and will run all the participant HPO terms as a batch. 

An Excel spreadsheet with anonymised HPO terms will be sent to the developers 

and they will return a probability score for each participant using this Excel 

spreadsheet.  
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Face2Gene D-Score: A facial photo of the participant will be uploaded using the 

paediatric view and a facial D-score will be generated based on the participants 

facial descriptors. The D-Score is categorised as either low, unknown significance or 

high with the latter two suggesting the presence of dysmorphism. Although F2G D-

Score does not predict WES outcome, for the purpose of this study, the D-Score will 

be compared to the WES result in order to investigate predictiveness.     

Face2Gene Gestalt and Feature Score: The F2G geneticist view will be used to 

determine the specific syndromes F2G predicts to be associated with the 

participant’s phenotype. The F2G tool does this by comparing the participant’s facial 

descriptors to the genetic syndrome gestalts. For this study, the participant photo 

and HPO terms will be uploaded. F2G will generate a list of suggested syndromes 

together with a gestalt score (based on the photo) and feature score (based on HPO 

terms) of low, medium, or high.  

As illustrated by Figure 1 below, F2G digitises the face into vectors, therefore no 

participant photos will be stored in the F2G database (Gurovich et al., 2019).  

 

Figure 3: DeepGestalt: High-level flow and network architecture. The input image is pre-processed and cropped into facial 
regions after which it is fed into a deep convolutional neural network to obtain a softmax vector indicating correspondence 
to each syndrome in the model. 

 

Genomic data and whole exome sequencing: Genomic summary data, WES 

outcome and genetic diagnosis will be obtained from DECIPHER. For the PredWES 

and F2G D-Score analysis, participants will be classified as negative WES 

participants if no pathogenic, likely pathogenic or variants of uncertain significance 

are identified. Participants will be classified as positive WES participants if 

pathogenic or likely pathogenic variants are identified.   
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4. Data analysis 

Data analysis will be quantitative in nature using R statistical software and Excel for 

analysis.  

1. a. The correlation between the PredWES probability score (range of 0 – 1) for 

each participant and the WES outcome (positive/negative) will be investigated 

using the Point-Biserial correlation coefficient allowing comparison between 

categorical and continuous data.  

b. Calculate the percentage of participants that tested positive with WES and 

also scored within the top 10% of the PredWES probability scores. Calculate the 

percentage of participants that tested negative with WES and also scored within 

the lowest 10% of the PredWES probability scores. This analysis is in line with 

the analysis done by (Dingemans et al., 2022).   

 
2.  The categorical data from the F2G Facial D-score (low/uncertain/high) and WES 

outcome (positive/negative) will be captured in a 3 x 2 contingency table. The 

strength of the association between the D-Score and WES outcome will be 

assessed using a Pearson’s chi-square test and used as an indicator of the F2G 

D-score predictive ability. 

 
3. The F2G top 10 listed syndromes for both the gestalt score and the feature score 

will be compared to the respective participant WES genetic diagnosis. The F2G 

listed syndromes will be grouped into 4 classes according to their ranking; ranked 

1 – 3, ranked 4 – 6, ranked 7 – 10 and absent. The predictive value for each class 

will be determined and expressed in terms of test sensitivity and specificity for 

both the F2G gestalt score and the F2G feature score. 

 

Where applicable, statistical power will be determined with a 95% confidence level 

and statistical significance accepted at a  p-value < 0.05. If needed, statistical 

support will be enlisted from the University of the Witwatersrand statistical 

consultation service provided by the research office.   
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5. Ethics 

Ethical clearance for this study has been applied for and is awaiting outcome 

pending protocol approval. The DDD-Africa project does have ethical clearance. 

Ethical clearance no: M180678 (renewal in process). All participants will remain 

anonymised, and the main researcher will only have access to the participant ID’s. 

Participants for this study cohort did provide consent for the use of their information 

on a publicly available database. Please see appendix with consent forms. 

6. Timing 
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Literature review          

Preparing protocol          

Protocol assessment          

Ethics application          

Collecting data          

Data analysis          

Writing up research report          

 

7. Funding 

Resource Cost and funding 

DECIPHER, REDCap, Google drive, R studio and Microsoft Excel No associated cost* 

*The software, data and databases are already available and free. 

 

8. Possible problems and study limitations 

1. Although physical examinations are done by geneticists, there might be some 

inconsistencies between clinicians in the use of HPO descriptions to describe the 

participant phenotype. 

2. Some disease-causing variants might not be detected using WES. Therefore, a 

participant might be classified as a negative WES even though the participant 

does have an underlying monogenic cause. 

3. Face2Gene has been trained on roughly 300 syndromes (Hsieh et al., 2022). 

Therefore, participants might have a rare DD not yet analysed and trained by 
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Face2Gene resulting in the incorrect prediction by Face2Gene. The F2G ultra-rare 

tool will not be considered in this study. 

4. Face2Gene might have limited utility in young infants as facial dysmorphism might 

not be sufficiently apparent. However, most children included were not young 

infants. 

5. The study is a pilot study based on a convenience sample of a selected cohort. 

The study will be useful to investigate trends but might show to have limited 

statistical power.  

6. For practical reasons, the F2G top 10 ranked diagnosis (gestalt and feature score) 

will be categorized into 4  classes. However, it limits the findings as it only 

considers the ranking and does not consider the respective scores of low, medium 

and high for each ranked diagnosis.   
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