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Abstract
The Genetics of Neurodevelopmental Disorders Lab in Padua provided a new intellectual disability (ID) Panel challenge 
for computational methods to predict patient phenotypes and their causal variants in the context of the Critical Assessment 
of the Genome Interpretation, 6th edition (CAGI6). Eight research teams submitted a total of 30 models to predict pheno-
types based on the sequences of 74 genes (VCF format) in 415 pediatric patients affected by Neurodevelopmental Disorders 
(NDDs). NDDs are clinically and genetically heterogeneous conditions, with onset in infant age. Here, we assess the ability 
and accuracy of computational methods to predict comorbid phenotypes based on clinical features described in each patient 
and their causal variants. We also evaluated predictions for possible genetic causes in patients without a clear genetic diag-
nosis. Like the previous ID Panel challenge in CAGI5, seven clinical features (ID, ASD, ataxia, epilepsy, microcephaly, 
macrocephaly, hypotonia), and variants (Pathogenic/Likely Pathogenic, Variants of Uncertain Significance and Risk Factors) 
were provided. The phenotypic traits and variant data of 150 patients from the CAGI5 ID Panel Challenge were provided 
as training set for predictors. The CAGI6 challenge confirms CAGI5 results that predicting phenotypes from gene panel 
data is highly challenging, with AUC values close to random, and no method able to predict relevant variants with both 
high accuracy and precision. However, a significant improvement is noted for the best method, with recall increasing from 
66% to 82%. Several groups also successfully predicted difficult-to-detect variants, emphasizing the importance of variants 
initially excluded by the Padua NDD Lab.

Introduction

Neurodevelopmental disorders (NDDs) are a class of disor-
ders that affect brain development and function, character-
ized by significant genetic and clinical variability. Children 
with NDDs exhibit cognitive, behavioral, and motor devel-
opmental delays. NDDs include conditions such as autism 
spectrum disorder (ASD), intellectual disability (ID), atten-
tion deficit hyperactivity disorder, epilepsy, and motor dis-
orders (Morris-Rosendahl and Crocq 2020; Parenti et al. 

2020). Multiple NDDs co-occur with brain size abnormali-
ties, such as microcephaly and macrocephaly (Ritchie and 
Lizarraga 2023). A combination of two or more of these 
disorders is frequently reported in patients as comorbidi-
ties, which share common functional pathways (Parenti et al. 
2020).

The etiology of NDDs is associated with various genetic 
alterations, including chromosomal rearrangements, copy 
number variations, small insertions or deletions, and point 
mutations. Currently, the most common molecular diagnostic 
practice involves the use of different next-generation sequenc-
ing (NGS) approaches, such as targeted gene panels, whole 
exome sequencing (WES), and whole genome sequencing 
(WGS). Computational approaches have become crucial for 
the analysis of data generated by these technologies, enabling 
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the prediction of a patient’s phenotype from their genotype 
and the identification of causal variants against millions of 
others. However, due to the genetic and clinical complexity of 
NDDs, a considerable number of children still lack a molecular 
diagnosis. Deciphering and analyzing the enormous amount 
of data produced by WES or WGS, including genes not yet 
associated with the disease, is a challenge (Sun et al. 2015). 
Cost-effective gene panels have been widely introduced in rou-
tine clinical genetic diagnostics where the analysis of genetic 
data is limited to the selected genes. However, also in this case 
many patients will have one or more novel variants that have 
never been detected before. Following the recommendation 
from the American College of Medical Genetics and Genom-
ics (ACMG), variants can be classified in five standard catego-
ries based on criteria using typical types of variant evidence: 
pathogenic (P), likely pathogenic (LP), uncertain significance 
(VUS), likely benign (LB), and benign (B) (Richards et al. 
2015). However, despite the standardized efforts of the ACMG 
guidelines for variant interpretation, the classification of novel 
DNA variants is a difficult and incompletely solved problem 
posing significant challenges in the practical application of 
precision medicine (Kim et al. 2019). The Padua Genetics 
of Neurodevelopmental Disorders Lab at the Department of 
Woman and Child Health (University Hospital of Padua, Italy) 
provided a new Intellectual Disability (ID) panel challenge for 
the sixth edition of the Critical Assessment of Genome Inter-
pretation (CAGI6; URL: https://​genom​einte​rpret​ation.​org/). 
Similar to the ID Panel challenge in CAGI5, it involved genetic 
data obtained from a panel of 74 genes applied to a cohort of 
150 pediatric patients (Carraro et al. 2019). In CAGI6 the ID 
panel challenge expanded the cohort to include 415 patients. 
Predictors had two primary tasks: (a) predict the phenotypes 
and (b) predict one or more causal variants that explain the 
patient disease phenotype. The challenge aimed to encourage 
development of accurate prediction methods for future use in 
clinical practice, identifying the genetic cause from a pheno-
type or vice versa in complex and heterogeneous disorders.

The assessment was performed considering the clinical 
notes for each patient collected by geneticists as well as can-
didate variants identified by the Padua NDD lab through 
targeted gene-panel analysis (Aspromonte et  al. 2019). 
Moreover, for cases lacking a clear genetic diagnosis, pre-
dicted variants from various groups were evaluated to assess 
whether some overlooked variants can indeed play a key role 
in the patient’s phenotype.

Methods

Challenge description

The CAGI6 ID panel challenge consists of two tasks, (i) 
prediction of patient clinical phenotype among seven 

phenotypic traits, (ii) prediction of one or more causal vari-
ants, based on customized gene-panel sequencing of 415 
pediatric patients. The 415 VCF files contain exons and 
flanking intron regions of 74 genes for different patients. 
Sequence data were produced with the Ion Torrent PGM 
platform and processed with the Ion Torrent Suite v5.0 
software, as described in (Aspromonte et al. 2019). Further 
information on sequence data processing is available in the 
VCF files (e.g. genotype quality, coverage or called geno-
type). The variants have not been filtered, thus VCF files 
may contain sequencing errors that should be excluded by 
sequencing or genotype quality parameters. The complete 
dataset description, selected variants and patient phenotypes 
are reported in (Aspromonte et al. 2023).

The genetic disorders associated with 74 genes have been 
grouped into seven phenotypic traits: intellectual disability, 
autism spectrum disorder, epilepsy, microcephaly, macro-
cephaly, hypotonia and ataxia. Patient phenotypic traits are 
based directly on information provided by the patient’s clini-
cian. Each patient can have one or more phenotypic traits. In 
some cases, the information regarding the phenotypic trait 
is not available (NA).

Predictors were provided with a tab-delimited text file for 
submission, in which they would submit a probability for 
each phenotypic trait (with values ranging from 0, indicating 
no disease, to 1, indicating disease), as well as the predicted 
gene panel variant(s). No predictors used the optional stand-
ard deviation to indicate confidence for a phenotypic trait 
prediction. A validation script is also provided for predictors 
to check correctness of the format before submission.

Data from the previous CAGI5 ID panel challenge, con-
taining sequence information, patient phenotypes and a list 
of relevant variants from 150 patients were made available 
to participants for model training. The predictors also have 
access to the workflow for variants filtering, interpretation 
and classification (Aspromonte et al. 2019).

Phenotype prediction assessment

Phenotype prediction is assessed as a binary classification 
problem for each available phenotype. Predictors were asked 
to provide a probability for each patient and possible pheno-
type, with a probability of zero for any missing values. These 
predictions were compared against the clinical phenotype 
given in the Padua NDD lab dataset (ground truth), using 
the following procedure.

To ensure a fair comparison between predictors, the 
threshold probability for binary classification is selected by 
maximizing the True Positive Rate (TPR) at a False Positive 
Rate (FPR) < 10% for each phenotype. This binary classifi-
cation was then used to compute the Matthews Correlation 
Coefficient (MCC), precision, recall, and F1 score for each 
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phenotype based on true positives (tp), true negatives (tn), 
false positives (fp) and false negatives (fn) as follows:

Receiver operating characteristic Area Under the Curve 
(AUC) values (Bradley 1997) were generated by compar-
ing the experimental ground truth and predicted probability 
values for each phenotype using 1000 bootstrap iterations to 
visualize the trade-off between TPR and FPR. This resam-
pling technique allows us to assess the stability and reliabil-
ity of the performance estimates, especially for unbalanced 
datasets, and enhances the statistical validity of our results.

The predictors on each phenotype are ranked based on 
the bootstrapped AUC values and using the average rank.

Variants prediction assessment

Predictors were also assessed for their ability to establish 
causal associations between single nucleotide variations 
(SNVs) and individual patients in the provided VCF files. 
This is a multi-label classification problem, where each 
patient can have one or more variants selected by the Padua 
NDD lab dataset and predictors likewise can identify zero or 
more variants per patient. Gene panel sequencing on aver-
age identified 300 variants per patient in exons and intronic 
flanking regions. These were filtered based on frequency in 
the patient cohort and general population and automatically 
classified into the five ACMG categories (P, LP, VUS, LB, 
B) using InterVar (Li and Wang 2017). Whenever possible, 
in particular for VUS variants, additional experiments were 
performed to update the classification (e.g. segregation anal-
ysis, X inactivation pattern, or transcript analysis). For each 
patient, variants classified as P, LP, or VUS were reported. 
The patient report also included new or rare variants in genes 
associated with a high risk of autism and computational evi-
dence supporting their pathogenicity, even if they had been 
transmitted from healthy parents. These variants have been 
classified as risk factors (RF), as it is believed that they alone 
are not capable of causing the disease. Thus, for the CAGI6 

(TP+FP)*(TP+FN)*

(TN+FP)*(TN+FN)

Precision =
tp

tp + fp

Recall =
tp

tp + fn

F1 score = 2 ⋅
Precision

Precision + Recall
=

2tp

2tp + fp + tn

ID panel challenge, the NDD Padua Lab provided three sub-
sets of selected variants P/LP, VUS, and RF.

Precision and recall were used for assessment. True posi-
tives (tp) are cases where the predictor assigned a variant 
to a patient matching one of the associated variants. False 
positives (fp) occur when the predictor incorrectly assigns a 
variant to a patient and false negatives (fn) represent cases 
where the predictor failed to identify a variant that should 
have been associated with a patient. True negatives (tn) are 
not evaluated, as predictors will only output variants that 
should be associated with the patient. The precision metric 
is therefore calculated as the ratio of correctly predicted vari-
ants over total predicted variants.

Prediction methods

Eight teams and a total of 30 models submitted predictions 
for the CAGI6 ID panel challenge. The main software and 
tools used for variant and phenotype prediction by each sub-
mission method are summarized in Table 1 and described 
below, while the extended technical details are reported in 
the Supplementary material. Two of the participating teams 
(SID#6 and SID#7) also participated in the CAGI5 ID panel 
challenge (Carraro et al. 2019).

Group 1 – 6 models

Group 1 participated with six models. The in-house EVI-
DENCE (Seo et al. 2020) software and the Ensembl Vari-
ant Effect Predictor (VEP) tool (McLaren et al. 2016) was 
used to annotate, prioritize and analyze more than 100,000 
SNVs extracted from the 415 ID panel Variant Call Format 
(VCF) files. ACMG (Richards et al. 2015) guidelines were 
considered for classification based on gnomAD minor allele 
frequency (MAF) in the general population < 5%. Six differ-
ent predictions were based on Polygenic risk score, Random 
forest model, prior-probability and optimal threshold path-
ogenicity score. Variant predictions and enrichment with 
Human Phenotype Ontology (HPO) (Köhler et al. 2019) 
terms were used for genotype-phenotype association.

Group 2 – 6 models

Group 2 started the variant prediction by analyzing the 
provided BED file along the hg19 genome sequence, 
with mutated sequences for each patient derived from the 
VCF files. DNABERT (Ji et al. 2021) was used to obtain 
sequence-wise gene representations followed by a k-mer 
tokenization (k = 6). A gene-centric graph representation 
using a 6-channel gene-gene interaction (GGI) network 
(Karimi et al. 2020) was used to train a graph convolu-
tional network (GCN) (Kipf and Welling 2017) for message 
passing and a learnable weighted summation layer for the 
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Table 1   Computational approaches adopted by different groups for the ID panel challenge in CAGI6

SID: Submission ID; VEP: Ensembl Variant Effect Predictor; CADD: Combined Annotation Dependent Depletion; MAF: Minor Allele Fre-
quency; Hom: homozygous; LoF: Loss of Function; HPO: Human Phenotype Ontology; PRS: polygenic risk score; ESM: Evolutionary Scale 
Modeling; VPR: Variant Prioritization; EA: Evolutionary Action.ML: Machine Learning; GCN: Graph convolutional network; RFC: Random 
Forest Classifier. Mathematical models: Naive Bayes, Correlation, Bayesian, Bayesian network, Trait specific; n/a: not available

Teams Variants anno-
tation

Filters Variants 
effects

Inheritance Gene-pheno-
type associa-
tion

Mathematical 
model

CAGI5 
Train-
ingSID# Team name Low qual-

ity
Frequency

1.1 Anonymous EVIDENCE
VEP

N/a GnomAD < 5% OMIM, Clin-
Var, Uniprot. 
EVIDENCE 
uses 3Cnet, 
spliceAI, 
REVEL

Yes Patient-gene 
matrix 
scores, HPO

PRS Yes
1.2 Random forest
1.3 Random forest
1.4 Scoring 

method
1.5 N/a
1.6 N/a
2.1 AIBI-CAGI6 N/a N/a Yes DNABERT N/a N/a GCN Yes
2.2
2.3
2.4
2.5
2.6
3.1 BioStat_

CUHK
VEP
REVEL

N/a Absent or 
MAF < 5% 
in 1000 
Genomes; 
Hom exclu-
sion; 1/415 pz

ClinVar, 
Phenolyzer, 
REVEL

N/a GWAS PRS Yes
3.2

4.1 Bologna Bio-
computing 
Group

VEP,
SNPs&GO

N/a GnomAD < 1% SIFT, 
PolyPhen, 
SNP&GO, 
LoF variants

N/a HPO, Phen-
Path

Correlation N/a

5.1 Hoehndorf VEP, CADD Yes N/a ESM, CADD N/a Buckets, ESM 
from training 
data

ML (ESM) Yes
5.2
5.3
5.4
5.5
6.1 Lichtarge EA N/a MAF in gno-

mAD
Inheritance 

pattern, EA 
score, MAF

Yes ClinVar, HPO, 
DisGenet, 
Genecard, 
Pubmed

Correlation Yes

6.2 Inheritance 
pattern, EA 
score, MAF

N/a N/a

6.3 Inheritance 
pattern, EA 
score, MAF

ClinVar, HPO, 
DisGenet, 
Genecard, 
Pubmed

Correlation

6.4 EA, MAF Training data PRS
6.5 EA, MAF N/a N/a
6.6 EA, MAF Training data PRS
7.1 Mooney Radi-

vojac
ANNOVAR N/a Filter in < = 1% LINSIGHT, 

MutPred2, 
REVEL

N/a DISEASES RFC Yes
7.2

8.1 ILHyd In-house tool 
VPR

Yes Yes In-house tool 
VPR

Yes ClinVar, 
MEDLINE

Correlation Yes
8.6



231Human Genetics (2025) 144:227–242	

graph-wise representations. A seven-dimensional sigmoid 
layer perceptron was used to predict the disease labels, using 
a random 7:3 training to test set split, with six different con-
figurations submitted. For each version, the top-20 variants 
based on the attention weights were identified as the candi-
date variants. Causal variants were predicted using different 
combinations of frequency-based voting as ensemble mod-
els, with the top-6 ensemble models submitted.

Group 3 − 2 models

Group 3 used VEP (McLaren et al. 2016) and precalculated 
REVEL scores (Ioannidis et al. 2016) to annotate the raw 
VCF files, filtering based on: (1) absent or MAF < 5% in 
1000 Genomes Project data, (2) not homozygous reference 
alleles, (3) present in only one sample, (4) protein-altering 
variants. Pathogenic/likely pathogenic variants from Clin-
Var (Landrum et al. 2014) as well as top-ranked variants 
combining the Phenolyzer (Yang et al. 2015) and REVEL 
scores were identified as putative causative variants. Poly-
genic risk scores (PRS) were used to predict the seven traits 
based on previously associated variants from the NHGRI-
EBI GWAS Catalog (URL: www.​ebi.​ac.​uk/​gwas), IEU Open 
GWAS platform (URL: gwas.mrcieu.ac.uk), and GWAS 
Atlas (URL: atlas.ctglab.nl). GWAS summary statistics were 
used for ASD and epilepsy while Childhood IQ GWAS sum-
mary statistics were used for Intellectual disability. Allele 
effect sizes were also estimated by logistic regression for 
each phenotype on the training dataset. The two submis-
sions correspond to constructing PRS using existing GWAS 
summary statistics or using effect size estimates from the 
training dataset.

Group 4 − 1 model

The group 4 method consists of three steps: (i) variant 
annotation, (ii) selection of putative causative variants, 
(iii) phenotype association. Variant annotation used VEP 
(McLaren et al. 2016) filtered with SIFT (Ng and Henikoff 
2003), PolyPhen (Adzhubei et al. 2013) and gnomAD allele 
frequency and putative missense variant effects predicted 
with SNPs&GO (Manfredi et al. 2022). After filtering out 
variants with MAF > 1%, putative causative variants were 
selected as: (i) missense variants predicted damaging by 
SIFT, PolyPhen and SNPs&GO; (ii) Stop-gain variants alter-
ing > 75% of the wild-type protein sequence; (iii) frameshift 
variants. Phenotypes associated with genes containing puta-
tive and causative variants were retrieved from HPO (Köhler 
et al. 2019), manually curated data and PhenPath (Babbi 
et al. 2019). Six genes were excluded as associated with all 
seven phenotypes. Gene-phenotype associations were used 

to predict the phenotypic effect of the putative causative 
variants, with a binary score for each possible phenotype.

Group 5 – 5 models

Group 5 submitted five predictions starting by first apply-
ing quality control analysis on the variants generated from 
the sequencing data, filtering out low-depth genotypes. 
Next, variants were annotated with VEP (McLaren et al. 
2016)  and precalculated CADD scores. Two different 
methods were used for the prediction of clinical pheno-
types: Buckets and Evolutionary Scale Modeling (ESM). 
The bucket representation groups variants by genomic 
locations to regions of predefined size represented as a 
vector. The ESM protein representation corresponding to 
a single gene was used for the causal variant prediction. 
The model was trained using the set of reported variants 
(P/LP, VUS, or RF) as positive and the rest as negatives.

Group 6 – 6 models

Group 6 submitted six predictions based on the Evolu-
tionary Action method (Katsonis and Lichtarge 2014) for 
determining the pathogenic effect of variants, the gene 
inheritance pattern (dominant de novo, autosomal reces-
sive, and X-linked male causality) and the MAF extrapo-
lated from gnomAD and the CAGI5 training data. The 
genotype-phenotype association was determined using 
different criteria depending on the model considered. 
Some models were developed using information on dis-
ease inheritance, while others used known gene-trait asso-
ciations obtained from ClinVar (Landrum et al. 2018), 
DisGeNet (Piñero et al. 2017), HPO (Köhler et al. 2019), 
GeneCards (Stelzer et al. 2016), and PubMed data mining.

Group 7 − 2 models

Group 7 initially annotated variants using ANNOVAR, 
distinguishing between non-exonic variants, with patho-
genicity predicted by LINSIGHT (Huang et al. 2017), 
and exonic variants, with pathogenicity predicted using 
MutPred2 (Pejaver et al. 2020) and REVEL (Ioannidis 
et al. 2016). For each gene in the panel, seven variant-
level features were defined as maximum pathogenicity pre-
diction score within each category. The literature-based 
DISEASES (Pletscher-Frankild et al. 2015) Z-score was 
used to infer gene-disease associations after min-max nor-
malization (over the full database) to construct a gene-
phenotype matrix. The phenotype was predicted only for 
patients where potentially causative exonic variants had 

http://www.ebi.ac.uk/gwas
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been identified. The CAGI5 ID panel data was used to 
train phenotype prediction models using the same steps.

Group 8 − 2 models

Group 8 combined ranking sample variants and phenotype-
gene correlations. Variant effects were calculated based on 
multiple criteria. First, each variant was assigned a gene 
independent score using VPR (Variant Prioritization), MAF, 
evolutionary conservation, in silico deleteriousness predic-
tions, and associated disease. For each variant, cutoff scores 
were calculated from the percentile ranking of similarly 
scored variants in the ClinVar database and only those above 
the 60th percentile retained. Literature genotype-phenotype 
associations were based on PRIORI-T (Rao et al. 2020). For 
each sample and gene, variants from the filtered subset were 
ranked by quality, novelty or rarity. Gene scores were com-
puted as the average of two highest scoring variants (reces-
sive model) and highest scoring variant (dominant model). 
The probability of a phenotype being linked to a sample was 
based on the ranked gene scores.

Results

The CAGI6 ID panel challenge was designed to test: (1) 
the ability of computational methods to predict comorbid 
phenotypes from targeted gene-panel data, (2) the accu-
racy of computational methods in predicting causal vari-
ants from a set of real genetic data, and (3) the effectiveness 

of bioinformatics algorithms in improving gene panel data 
analysis for clinical practice. Additionally, groups may iden-
tify variants that were not selected by the Padua NDD Lab, 
and use them to genetically diagnose the condition of indi-
viduals without previous diagnosis.

Summary of the ID panel dataset

The ID panel dataset includes clinical and genetic data 
from 415 individuals referred to the Padua NDD Lab. Most 
patients (84.8%) had intellectual disability (ID), and various 
phenotypic traits were recorded for different portions of the 
cohort. Autism spectrum disorder (ASD) was present in 49% 
of the patients and epilepsy in 20%, making these the next 
most frequent phenotypes. Some patients exhibited multi-
ple phenotypic traits, with 40% showing both ID and ASD. 
While clinicians provided information about the presence 
or absence of these phenotypes for most patients, some data 
were missing (see Fig. 1).

The Padua NDD Lab identified at least one relevant 
genetic variant in 180 (43,4%) of the 415 sequenced individ-
uals, resulting in a total of 207 variants (see Fig. 1). These 
variants were categorized based on their potential effects as 
follows: pathogenic/likely pathogenic (60 variants), variants 
of uncertain significance (50 variants), and possible risk fac-
tors (97 unique variants). Although pathogenic/likely patho-
genic and variants of uncertain significance were unique to 
individuals, some risk factor variants were found in multiple 
individuals. Combinations of different variant types within 
the same patient were rare. All variants were treated equally 
for the purposes of assessing and ranking predictions.

Fig. 1   Summary of CAGI-6 ID panel challenge dataset. a The num-
ber of patients where the presence or absence of the phenotype was 
ascertained by a clinician. b  For the 415 patients included in the 

study, the Padua NDD lab noted at least one variant relevant to the 
phenotype in 43.4% of the patients
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Phenotype prediction assessment

Overall performance metrics

The first part of the ID-challenge in CAGI6 involved predict-
ing the phenotype for each patient among the seven clinical 
features. The overall submission performance was assessed 
using the MCC and AUC values (see Fig. 2) and ROC 
curve (see Fig. 3) for each phenotype. The AUC standard 
deviation shows the amount of variation expected in each 
bootstrap iteration. Precision, recall, and F1 score were also 
computed for each phenotype (see Supplementary Tables 
S1-S7). Looking at the results presented in Fig. 2, the over-
all performance of the predictors is quite underwhelming, 
with AUC values often very close to a random predictor. 
There is some prediction signal in the ID phenotype, with 
a maximum AUC value of 0.69 and a standard deviation of 
0.04 for SID#2.4. Although improved performance on the 
ID phenotype might initially be expected due to the bias in 
the patient panel, the ROC curve and AUC are not directly 
influenced by the prevalence of the positive class (ID phe-
notype). Instead, any observed performance improvement 
would likely result from the model’s ability to distinguish 
between ID and non-ID cases, rather than the class distri-
bution. Bootstrapping helps estimate the variance in these 
metrics but does not necessarily increase the AUC value.

Performance on different phenotypic traits

The phenotype prediction assessment was performed indi-
vidually for each of the seven traits ascertained by clini-
cians. Figure 4 shows the number of groups that correctly 
predicted a patient’s phenotype when it was actually present, 
using again the threshold for maximum FPR of 10%. Of 352 
patients with ID in the cohort, 180 (51%) were correctly 
identified with the ID phenotype by at least three groups, 
110 (30%) by two groups, and 53 (15%) by only one group. 
The ID phenotype appears to be the easiest to predict, with 
343 patients (97%) being predicted by at least one group. In 
comparison, predictions for other phenotypes range from 
80% of patients for Ataxia to 94% for Epilepsy. In most 
cases, only 30% of patients were correctly detected by a 
single group.

For different assigned phenotypic traits (see Fig. 2), the ID 
phenotype was the easiest to match, with SID#2.4 (AUC 0.69) 
and SID#5.3 (AUC 0.68) performing well. However, even 
these top predictors had fairly low MCC values of 0.06 and 
0.14, respectively, at a maximum FPR of 10%. The second 
most prevalent trait in our cohort is ASD, reported by clini-
cians in 205 out of 415 pediatric patients. The highest AUC 
values for this phenotype were achieved by SID#1.5 (AUC 
0.58), SID#1.2 (AUC 0.56) and SID#5.4 (0.53). It is worth 
noting that the AUC values for ASD remain close to random.

Fig. 2   Overall performance for each submission on phenotype pre-
diction. A Each cell represents MCC values. The color scale ranges 
from green (+ 1, perfect correlation) to red (− 1, negative correlation). 
White means no better than random prediction. B Each cell represents 
the mean AUC values of the ROC for 1000 bootstrap iterations. The 

color scale ranges from dark (+ 1, perfect performance) to white (0, 
random performance). C Standard deviation (SD) of the bootstrapped 
AUC values shown in B. AUC, area under ROC curve; MCC, Mat-
thew correlation coefficient; ROC, receiver operating characteristic
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Fig. 3   Distribution of the ROC curves for all seven clinical traits. The best performant submission for each phenotype, based on the AUC value, 
is shown
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Comparison of phenotype predictions with CAGI5

The overall submission ranking of this challenge was made 
considering the average AUC rankings for each phenotype 
(see Table 2). Comparing the results of MCC and AUC to 
the previous CAGI5 (Carraro et al. 2019) (see Table S10), 
we do not notice an improvement in phenotype prediction. 
However, it should be noted that in CAGI5, no bootstrapping 
of the ROC curves was performed, and the cutoff threshold 
was calculated by maximizing the MCC values.

For instance, in the case of microcephaly and macro-
cephaly, where the CAGI6 dataset includes more than 
twice the number of patients reported with these pheno-
types than CAGI5 (see Table 3; Fig. 1), some submissions 
demonstrated accurate phenotype predictions. SID#6.5 
achieved an AUC of 0.64 and a recall of 0.22 for micro-
cephaly (Supplementary Table S5), and SID#1.5 achieved 
an AUC of 0.61 and a recall of 0.28 for macrocephaly (see 
Fig. 2 and Supplementary Table S4).

The CAGI6 cohort reported 71 patients affected by 
hypotonia, 254 without this phenotype, and 90 for whom 
information was not available (see Fig. 1). Compared to 
CAGI5, we did not notice a significant improvement for 
this phenotype. The maximum AUC across all submissions 
was 0.55, achieved by SID#1.1 and SID#6.4, attaining a 

recall of 0.01 and 0.10, respectively (Supplementary 
Table S6).

The ataxia phenotype was observed in 30 patients, while 
285 patients did not exhibit any signs of ataxia (see Fig. 1). 
The highest-performing model, SID#5.3, has an AUC of 
0.63, but fails to attain a maximum FPR of 10% even for the 
maximum threshold of 1, resulting in a recall and precision 
equal to 0 (Supplementary Table S7). The AUC results are 
consistent with the previous assessment. However, it should 
be mentioned that fewer submissions achieved an AUC score 
exceeding 0.60 compared to the previous evaluation.

Phenotype prediction in the subset of patients 
with identified genetic variants

Similar to CAGI5, we performed an overall phenotype 
evaluation for patients where the Padua NDD laboratory 
successfully identified P/LP, VUS, or RF variants. This 
subset included 180 patients, representing 43.4% of the 
total cohort (see Fig. 1). The assessment pipeline is the 
same as before, but now considers only this patient subset. 
Some changes in prediction performance on the ID pheno-
type can be appreciated between the entire dataset and this 
subset, as the percentages of patients predicted by three 
or more groups raised to 76%, while the overall cover-
age of predicted patients decreases to 89%. Moreover, we 

Fig. 4   Performance of the eight 
groups matching the specific 
phenotype in 415 patients. 
Colors represent the propor-
tion and number of groups 
which correctly predicted the 
phenotype
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Table 2   Ranking of all the predictors based on the ROC AUC values for each phenotype

Best ranking in each category is shown in bold

SID# ID ASD Epilepsy Microcephaly Macrocephaly Hypotonia Ataxia Average ranking Final

1.1 23.02 9.01 17.07 18.87 10.58 3.26 16.28 14.01 12
1.2 21.20 1.94 6.71 16.72 2.35 9.15 20.01 11.15 4
1.3 21.29 6.31 5.80 20.19 21.35 13.69 22.08 15.82 18
1.4 9.03 17.18 3.52 6.53 17.17 5.95 11.23 10.09 2
1.5 24.81 1.14 9.56 3.15 2.20 23.76 14.70 11.33 5
1.6 26.72 8.86 7.86 24.11 9.66 7.67 6.47 13.05 8
2.1 5.01 27.61 21.68 3.73 7.32 16.97 27.29 15.66 16
2.2 5.40 26.16 23.25 5.66 10.16 16.23 23.84 15.81 17
2.3 22.98 7.03 19.39 27.79 12.74 24.40 14.46 18.40 25
2.4 3.00 27.73 20.27 11.07 4.75 22.87 28.55 16.89 20
2.5 6.20 27.47 18.31 14.51 6.37 27.07 28.33 18.32 24
2.6 4.72 24.46 13.89 25.00 6.43 26.98 28.27 18.54 26
3.1 24.46 20.00 29.87 22.20 21.36 17.19 22.24 22.47 29
3.2 9.35 26.97 20.92 22.27 21.22 16.95 22.34 20.00 27
4.1 15.75 19.43 8.43 9.43 7.96 6.03 17.24 12.04 6
5.1 20.15 26.15 16.00 16.37 27.39 25.91 13.65 20.80 28
5.2 29.45 12.51 28.92 29.93 27.04 20.00 26.07 24.85 30
5.3 3.43 19.57 10.44 23.13 15.41 11.48 1.14 12.09 7
5.4 9.44 5.12 23.73 6.89 19.59 22.12 8.46 13.62 10
5.5 27.00 8.05 22.38 26.18 11.17 17.73 5.49 16.86 19
6.1 10.10 11.21 19.30 4.79 17.46 18.24 11.52 13.23 9
6.2 15.30 14.90 21.84 6.13 9.28 22.84 11.10 14.49 13
6.3 14.32 17.47 25.65 12.26 16.94 20.67 14.42 17.39 21
6.4 13.96 23.17 6.70 12.15 17.08 2.39 2.47 11.13 3
6.5 10.91 14.37 6.10 1.19 14.06 5.33 2.90 7.84 1
6.6 9.04 14.09 7.34 13.05 28.12 6.34 18.93 13.84 11
7.1 22.19 6.42 24.34 16.96 28.41 17.60 9.43 17.91 22
7.2 25.24 7.22 16.66 26.94 28.22 4.28 18.04 18.09 23
8.1 14.33 17.51 3.42 20.10 17.46 22.46 7.86 14.73 15
8.6 17.18 15.91 5.66 17.68 25.73 9.44 10.18 14.54 14

Table 3   Patients for whom 
Padua NDD Lab identified 
at least one pathogenic/likely 
pathogenic, VUS, or Risk 
factor variant in the answer key, 
summarized by phenotype

For each class of variants, the table shows the number of patients who have a variant (Pathogenic / Likely 
Pathogenic, VUS, or Risk Factor) and the phenotype indicated in the table (e.g., ID, ASD, etc.). There are 
no unaffected patients in our dataset, but there are patients in whom no variant was found in any of these 
three classes. Note: Each patient can be associated with more than one phenotype and carry more than one 
variant
ASD, autism spectrum disorder; ID, intellectual disability; VUS: variant of Uncertain Significance

Phenotype Patients Patients 
with vari-
ants

Pathogenic / 
Likely patho-
genic

Variants of Uncer-
tain Significance

Risk Factor All unique 
variants

ID 352 161 58 45 88 182
ASD 205 86 23 21 58 98
Epilepsy 84 36 15 7 21 42
Microcephaly 45 23 9 6 10 24
Macrocephaly 47 18 6 6 9 21
Hypotonia 71 27 11 8 9 28
Ataxia 30 10 5 4 4 13
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can see an overall improvement regarding the number of 
groups that correctly identify a patient, with a decrease in 
the number of patients identified only by one group (see 
Supplementary Figure S1).

Overall, considering this smaller subset, an improve-
ment of 2.9% was achieved in AUC across the seven phe-
notypes from all submissions, averaged over all pheno-
types. SID#1 achieved the top two positions, while SID#6, 
which previously held ranks 1 and 3, moved to rank 5 (see 
Table 2 and Supplementary Table S8).

Variants prediction assessment

The second part of the CAGI6 challenge was to predict 
variants associated with the patient phenotype. The overall 
submission performance was assessed using precision and 
recall. Figure 5 shows the correctly predicted variants across 
three classes (P/LP, VUS, RF) for each submission. Groups 
8 and 6 correctly predicted most P/LP variants (54 and 52 
out of 60, respectively), followed by three other groups (4, 3, 
7). Groups 8, 3, and 7 correctly predicted the highest number 
of VUS and RF variants.

Figure 6 shows the frequency of each mutation class pre-
dicted by different groups. All P/LP variants were predicted 
by at least two groups (violet), while only 3 were predicted 
by all groups (green). All VUS were predicted by at least 
one group, except for the synonymous variant p.Asn839Asn 
in CNTNAP2, which has not been prioritized by any group. 
Risk factors are overall very sparsely predicted, with 36% 

predicted only by one group (29 variants) or not predicted 
at all (8 variants).

Table 4 reports the precision and recall of variant pre-
diction for all submissions. As observed above, SID#8.6 
emerges as the most proficient model for capturing a wide 

Fig. 5   Predicted variants distribution. Category “Dataset” is the amount of variants which were identified and classified by the Padua NDD lab. 
Each bar represents the amount of variants and types predicted by each submission. NDD, neurodevelopmental disorder

Fig. 6   Performance of the eight groups predicting the correct vari-
ants. The amount of variants was calculated for each category (P/
LP, VUS, RF). Colors indicate the proportion and number of groups 
which correctly predicted those variants
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range of mutations, exhibiting a recall rate of 82%. How-
ever, its precision of 58.7% is lower, implying a significant 
number of false positives in the results. On the other hand, 
submission SID#6.2 surpasses all other models with a preci-
sion of 72.4%, albeit at a lower recall of 35%, probably due 
to a limited performance in identifying VUS and RF variants 
(see Fig. 5). Groups 1, 5, and 2 achieved poor precision and 
recall in all the three variant classes (see Table 4). This was 
unexpected, in particular for P/LP variants, considering that 
the methods developed by group 1 evaluated both the variant 
frequency and ACMG classification criteria, while group 5 
was one of the few to consider filtering variants based on 
sequencing quality. Additionally, all three groups used the 
old CAGI5 data to train their methods (see Table 1). Many 
methods within the same group (e.g. 1, 5, 6) show identical 
precision and recall as they tend to identify the same vari-
ants. This behavior may be due to similarities in the algo-
rithms or criteria used for variant selection.

Compared to the CAGI5 challenge, a major improve-
ment can be seen, with the coverage of P/LP variant predic-
tions rising from 64 to 90%, when looking at the respective 
best model (SID#8.1 for CAGI6 and SID#2.1 for CAGI5). 
Predictions for VUS and RF variants also improved, rising 
from 66 to 79% and from 69 to 76%, respectively. Regard-
ing precision for the same models, SID#8.1 achieved 0.516 
(Table  4), while in CAGI5 SID#2.1 reached 0.21 (see 
Table 4 in Carraro et al. 2019).

Challenges in variant prediction

Multiple groups indicated some variants to predict the 
phenotypes which we defined as difficult-to-predict (see 
Supplementary Table S9). These included variants with 
sequencing parameters indicating possible technical 
errors, discordant pathogenicity predictions, and deep 
intronic variants. Initially, variants were filtered based 
on sequencing parameters and quality (Aspromonte et al. 
2019). Two variants were confirmed as pathogenic after 
Sanger validation and segregation analysis: p.(Arg504Gln) 
in GRIN2A, identified as somatic mosaicism by SID#1, 
3, 7, and 8, and p.(Pro1585SerfsTer38) in SHANK2, a 
frameshift deletion initially suspected to be a sequencing 
error, identified by SID#4 and SID#8.

To prioritize rare missense variants, computational 
methods were used, including consensus pathogenicity 
scores from 12 tools and a CADD score (> 25). Although 
three novel missense variants in PTCHD1, GATAD2B, 
and ASH1L did not pass this filter, their disease rel-
evance was confirmed through segregation analysis, 
X-inactivation, and in silico evaluation (Aspromonte 
et al. 2023). Specifically, for UniPD_0286, the heterozy-
gous GATAD2B variant (c.922T > G; p.Cys308Gly) 

was identified by six groups. The deep intronic variant 
MED13L (c.4956–17 A > G) was correctly predicted by 
four groups. Transcript analysis showed this variant cre-
ates a novel cryptic acceptor site, introducing 16 intronic 
nucleotides into exon 22 (Aspromonte MC et al. 2023).

Re‑evaluation and classification of predicted 
variants

One of the objectives for the CAGI6 ID panel challenge 
was to identify variants that might have been missed by the 
Padua NDD Lab variant analysis but could still be relevant 
to the patient phenotypes. The Padua NDD Lab reviewed 
over 8000 variants, including 3016 exonic, 4520 intronic, 7 
splicing, and 137 untranslated region (5′/3′-UTR) variants, 
linked to at least one patient phenotype. Many variants were 
excluded due to high prevalence in the cohort or general 
population (gnomAD) or being classified as sequencing 
errors (see Supplementary Figure S2). Rare variants were 
reconsidered for Sanger validation, in silico, or functional 
analysis.

For the female patient UNIPD_0215, Group 1 and 8 indi-
cated the synonymous variant c.240G > A (p.Leu80Leu) in 
the AP1S2 gene. She was suspected of having Smith-Magenis 
syndrome, presenting developmental delay, ASD, severe intel-
lectual disability, ataxia, dysmorphisms (e.g., synophrys, large 
mouth), opposite behavior, and poor impulse control. MRI 
showed a mega cisterna magna and periventricular ischemic 
dilatation of the ventricular system. These features align with 
Pettigrew syndrome (MIM# 304340) caused by mutations in 
the AP1S2 gene. Human Splicing Finder analysis suggested 
the variant might alter splicing, leading to its reclassification as 
likely pathogenic (Aspromonte et al. 2023). However, further 
segregation and transcript analysis are required to confirm its 
pathogenicity.

Discussion

We have reported the assessment of the ID panel challenge 
for CAGI6 (Critical Assessment of Genome Interpreta-
tion Consortium 2024) with the same set-up as in CAGI5 
(Aspromonte et al. 2019; Carraro et al. 2019). Sequencing 
data was provided for 74 genes from which to predict the 
patient phenotype and infer causal variants. The CAGI6 
challenge has a larger cohort (N = 415) of pediatric patients 
with NDDs as well as more participants (8 groups and 30 
submissions). Two groups (SID#6 and SID#7) already par-
ticipated in the CAGI5 ID panel challenge. Predictors were 
able to train their methods on the CAGI5 ID panel dataset 
of phenotypes and variants (N = 150). The CAGI6 partici-
pants used a variety of methods for phenotype predictions, 
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including gene-phenotype association matrices, machine 
learning approaches, and polygenic risk scores. Variant 
prediction strategies involved variant annotation, filter-
ing, and functional annotation using genomic data, Gene 
Ontology terms, or combined tool scores (see Table 1). 
In assessing phenotype prediction, we used classification 
thresholds to maximize TPR at FPR < 10%.

ID and ASD were the most common phenotypes, followed 
by epilepsy, hypotonia, macro/microcephaly and ataxia (see 
Fig. 1). The prediction of phenotypes, or observable traits, 
in Neurodevelopmental Disorders (NDDs) is particularly 
challenging due to the diverse genetic and clinical charac-
teristics exhibited by affected individuals. NDDs encompass 
a wide range of conditions with varying degrees of severity 

and symptoms, making it difficult to establish clear patterns 
between genetic variations and clinical outcomes. Compara-
tively, predicting phenotypes in NDDs differs significantly 
from challenges focused on disorders following Mendelian 
inheritance patterns, such as those encountered in the Hop-
kins challenge in CAGI4 (Chandonia et al. 2017). Some 
disorders with clearer genetic associations and inheritance 
patterns can simplify the prediction process. In our obser-
vations, we have noticed that phenotype prediction tends to 
improve when there is a strong correlation between genotype 
and disease manifestation. This correlation becomes evident 
when specific genetic variations consistently lead to particu-
lar clinical features or symptoms. In the CAGI6 ID panel 
challenge, we have demonstrated that the ability to predict 

Table 4   Summary of variants 
prediction assessment by each 
submission. Highlighted in bold 
are the best precision and recall 
values

Submission Correctly pred. 
variants

Total pred. 
variants

Correctly pred. variants/
Exp. variants
(Recall)

Correctly pred. 
variants/Total pred. 
variants
(Precision)

1.1 22 627 0.101 0.035
1.2 22 627 0.101 0.035
1.3 22 627 0.101 0.035
1.4 22 627 0.101 0.035
1.5 22 627 0.101 0.035
1.6 22 627 0.101 0.035
2.1 2 181 0.009 0.011
2.2 3 181 0.014 0.017
2.3 3 181 0.014 0.017
2.4 2 181 0.009 0.011
2.5 4 181 0.018 0.022
2.6 3 181 0.014 0.017
3.1 116 232 0.535 0.500
3.2 116 232 0.535 0.500
4.1 63 255 0.290 0.247
5.1 23 181 0.106 0.127
5.2 23 181 0.106 0.127
5.3 23 181 0.106 0.127
5.4 23 181 0.106 0.127
5.5 23 181 0.106 0.127
6.1 67 95 0.309 0.705
6.2 76 105 0.350 0.724
6.3 93 131 0.429 0.710
6.4 93 131 0.429 0.710
6.5 93 131 0.429 0.710
6.6 93 131 0.429 0.710
7.1 118 291 0.544 0.405
7.2 118 291 0.544 0.405
8.1 176 341 0.811 0.516
8.6 178 303 0.820 0.587
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the patient phenotype slightly improved in the subset of 180 
patients where a P/LP, VUS or RF was identified. While the 
phenotype can be caused by a primary pathogenic variant, 
we cannot exclude that other factors (genetic and environ-
mental) may influence the clinical status. In some patients, 
the phenotype did not fully align with what expected from 
the alteration of the specific gene, making the diagnosis 
more difficult. Similar to the CAGI5 dataset, most unex-
pected findings were related to abnormal head size. This 
is the case of patients in whom pathogenic variants have 
been found in the genes WAC​, ADNP, CHD8 or MED12 
(Aspromonte et al. 2023). There are also cases where dual 
genetic alterations have complicated the clinical condition, 
e.g. patient UniPD_0267 had a chromosome alteration (Tri-
somy X) and a pathogenic variant in MECP2 (p.Arg270Ter), 
or case UniPD_0110 with a pathogenic variant in KDM5C 
first diagnosed with fucosidosis syndrome (Leonardi et al. 
2023).

Despite the difficulties in predicting phenotypes, some 
results tend towards an improved prediction power even in 
rarer phenotypes such as microcephaly and hypotonia. The 
majority of patients exhibiting these clinical features were 
predicted by four or more groups (see Fig. 4). This means 
that more than half of the groups correctly predict these 
phenotypes.

For the variants assessment we used precision and recall. 
Accuracy was calculated as the ratio of correctly predicted 
variants. The prediction of variants had some main protago-
nists. SID#8 stood out for their predictions of variants, which 
we have divided into three classes (P/LP, VUS and RF). 
Other groups also achieved good results (SID#6, SID#4, 
SID#3, SID#7). Some of them, considered for the filtering 
and variants prioritization, quality parameters or variants 
frequency. Many of these groups used data from CAGI5 as 
training for the new challenge. For example, SID#7, which 
achieved good predictions for both pathogenic/likely path-
ogenic and VUS variants, applied a method that involved 
excluding variants with a frequency greater than 1%. SID#3 
also implemented a method that focused on frequency and 
functional impact of variants (see Fig. 5). On the contrary, 
SID#1, SID#2, and SID#5 seem to have some difficulties in 
predicting the three classes of variants. Their methods do not 
place much importance on variant frequency in the general 
population or sequencing quality to filter the hundreds of 
variants present in each VCF. This resulted in the selec-
tion of many variants that could be classified as sequenc-
ing errors. However, some difficult-to-predict variants were 
identified. Nonetheless, to infer the phenotype of the geno-
typed patients, some groups (SID#1, SID#3, SID#6) used a 
polygenic risk scoring, considering multiple variants from 
GWAS studies, both rare and common, for specific pheno-
typic traits. Additionally, we noticed that SID#8, along with 
SID#1, identified the variant in AP1S2 as pathogenic. The 

NDD laboratory in Padua, which initially did not consider 
this variant, reevaluated it based on splicing prediction and 
phenotype consistency.

Conclusions

The current phenotype prediction models exhibit significant 
limitations, with the best method (SID#2.4) achieving an 
AUC of 0.69 while many others barely exceed random val-
ues. Performance variability across phenotypes suggests a 
marginal improvement in ID predictions, influenced by a 
biased dataset. No advancements were observed compared 
to CAGI5 (Carraro et al. 2019), though a 2.9% improvement 
in AUC scores was noted when only considering patients 
with identified variants. Even in variant prediction, despite 
one group’s strong recall (SID#8.6) and another’s high pre-
cision (SID#6.2), achieving both remains challenging. Of 
note, CAGI6 marked progress with recall increasing to 82% 
in the best model (SID#8.6). Additionally, models accurately 
predicted difficult variants, and the re-evaluation of a vari-
ant in AP1S2 by the Padua NDD lab underscored its poten-
tial pathogenicity and consistency with patient phenotype. 
These findings highlight modest improvements and the need 
for further refinement to enhance prediction accuracy and 
precision.
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