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Abstract
The interpretation of genomic variants following whole exome sequencing (WES) can be aided using human phenotype 
ontology (HPO) terms to standardize clinical features and predict causative genes. We performed WES on 453 patients 
diagnosed prior to 18 years of age and identified 114 pathogenic (P) or likely pathogenic (LP) variants in 112 patients. We 
utilized PhenoDB to extract HPO terms from provider notes and then used Phen2Gene to generate a gene score and gene 
ranking from each list of HPO terms. We assigned Phen2Gene gene rankings to 6 rank classes, with class 1 covering raw 
gene rankings of 1 to 10 and class 2 covering rankings from 11 to 50 out of a total of 17,126 possible gene rankings. Phen-
2Gene ranked causative genes into rank class 1 or 2 in 27.7% of cases and the genes in rank class 1 were all associated with 
well-characterized phenotypes. We found significant associations between the gene score and the number of years, since 
the gene was first published, the number of HPO terms with an hierarchical depth greater or equal to 11, and the number 
of Online Mendelian Inheritance in Man terms associated with the phenotype and gene. We conclude that genes associated 
with recognizable phenotypes and terms deep in the HPO hierarchy have the best chance of producing a high gene score 
and ranking in class 1 to 2 using Phen2Gene software with HPO terms. Clinicians and laboratory staff should consider these 
results when HPO terms are employed to prioritize candidate genes.

Introduction

Standardization of physical findings, including features that 
are typically covered by a dysmorphology assessment, can 
be performed using Human Phenotype Ontology (HPO) 
as a structured, categorical medical terminology that also 
provides a phenotype–genotype database (Robinson and 
Mundlos 2010; Koehler et al. 2014, 2017, 2019; Zhao et al. 
2020). In addition to documenting phenotypes, HPO terms 
can also predict causative genes. Numerous computational 
tools have been developed to utilize HPO terms for prior-
itization of candidate variants and genes, including Phevor 
(Singleton et al. 2014), Phen-Gen (Javed et al. 2014), eXtasy 
(Sifrim et al. 2013), Phenotypic Interpretation of eXomes 
(PhenIX; Zemojtel et al. 2014), Exomiser (Smedley et al. 
2015), Phenomizer (Koehler et al. 2009; Koehler et al. 2018) 

and Phenolyzer (Yang et al. 2015). These programs have 
improved next-generation sequencing analysis pipelines and 
diagnostic yields compared to undirected variant analysis 
(Smedley and Robinson, 2015; Son et al. 2018). Many of 
these tools require manual entry of patient clinical signs and 
symptoms to generate lists of HPO terms, but more recently, 
natural language processing (NLP) software has been uti-
lized to compile HPO terms from the electronic medical 
record (EMR; Son et al. 2018).

Trio-based whole exome sequencing (WES) in patients 
with neurodevelopmental disorders has identified causative 
variants in an estimated 36% of patients (Srivastava et al. 
2019). However, WES frequently produces negative results 
or returns variants of unknown significance (VUSs; Wright 
et al. 2018). In patients for whom one or more VUSs are 
identified, correlation of the known phenotypic spectrum 
previously attributed to the gene(s) with the clinical fea-
tures of the patient can be critical for variant interpretation. 
A comparison of tools integrating patient phenotypic data, 
typically in the form of HPO terms, with the corresponding 
variant data from 21 patients who underwent ES showed that 
the pathogenic variant was correctly assigned the highest 
rank in 10–40% of cases utilizing either PhenIX, Exomiser, 
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or eXtasy (Pengelly et al. 2017). More recently, platforms 
such Phenomizer and Phen2Gene have been developed 
to establish a priori candidate gene lists from HPO terms 
without any corresponding variant data (Koehler et al. 2018; 
Zhao et al. 2020). However, the applicability of software 
tools and the use of HPO terms for gene prediction and pri-
oritization in diagnostic settings has not been widely inves-
tigated. In this study, we used HPO terms manually derived 
from the EMR together with Phen2Gene (Zhao et al. 2020) 
to investigate the utility of this gene prediction software to 
generate gene scores and gene rankings and thus to iden-
tify the causative gene for patients with known pathogenic 
(P) or likely pathogenic (LP) variants after WES. We also 
examined our results to determine if patient variables, quan-
titative and qualitative variability in HPO terms, and factors 
pertaining to the underlying gene were correlated with the 
gene scores and rankings.

Materials and methods

Patient consent and cohort demographics

Participants were enrolled from the Pediatric arm of the Pre-
natal and Pediatric Genomic Sequencing (P3EGS) project 
that was part of the Clinical Sequencing Evidence Generat-
ing Research (CSER) Consortium. Written, informed con-
sent was obtained from all patients and family members who 
underwent genetic testing (IRB number 17–22504). Patients 
with clinical indications for WES were enrolled from Medi-
cal Genetics clinics at the Benioff Children’s Hospital Mis-
sion Bay, Benioff Children’s Hospital Oakland, Children’s 
Medical Center in Fresno and from the Pediatric Neurol-
ogy clinics at Zuckerberg San Francisco General Hospital. 
Patients were also enrolled from the inpatient services at the 
Benioff Children’s Hospital Mission Bay and the Benioff 
Children’s Hospital Oakland. In keeping with the recruit-
ment goals of CSER, more than 60% of patients were ascer-
tained from underserved and/or underrepresented popula-
tions based on at least one of the following: a home zip 
code indicating the patient was domiciled in a medically 
underserved area (MUA) or health professional shortage 
area (HPSA), state medical insurance rather than private 
medical insurance, and self-reported ancestry from parents.

Pediatric patients were enrolled from the time of birth up 
to 25 years of age, but all presented with symptoms prior 
to 18 years of age. Patients were enrolled under one of 11 
diagnostic categories that comprised intellectual disabil-
ity (ID), ID with multiple congenital anomalies (MCA), 
metabolic disease without ID, metabolic disease with ID, 
epilepsy without ID, epilepsy with ID, neurodegenerative 
disease or cerebral palsy without ID, neurodegenerative 
disease or cerebral palsy with ID, encephalopathy, MCA 

without intellectual disability, and Other. At least one bio-
logical parent was available for each patient, and patients 
and available biological parents were sequenced as trios 
whenever possible.

Whole exome sequencing

The WES results from 453 patients were utilized. For this 
study, only the 112 patients with variants that were inter-
preted as P or as LP and causative of the patient’s indica-
tion for testing were included. The WES methodology and 
variant interpretation pipeline have been previously reported 
(Mendelsohn et al. 2020). Variant classification was per-
formed according to the American College of Medical 
Genetics and Genomics (ACMG) criteria (Richards et al. 
2015). The classification for each case (‘definitive positive’ 
or ‘probable positive’) was also collected at the exome sign-
out meeting.

Curation of HPO terms

We used the EMR notes and the online database PhenoDB 
(Hamosh et al. 2013) to convert clinical information from 
the EMR into HPO terms. PhenoDB is a freely available 
website that allows clinical researchers to store standard-
ized phenotypic information, diagnosis and pedigree data 
to analyze genetic testing results. PhenoDB automatically 
generates an HPO term or terms from entry of clinical data. 
In our workflow, one of two clinicians scanned the entire 
note and selected all clinical information relevant to the 
phenotype from a single encounter note signed by a Genet-
ics or subspecialty provider, as this methodology has been 
found to be equivalent to using multiple clinical notes (Son 
et al. 2018). We utilized the last medical genetics or sub-
specialty note containing a physical examination prior to 
results disclosure to maximize the available clinical data and 
to prevent bias following the return of a diagnostic result. 
All terms that were encountered in the single clinical note 
were used, but the clinicians did not add in related terms to 
supplement the list of HPO terms, for example, we did not 
include ‘intellectual disability’ as another term that could 
be added to ‘developmental delay’. We included HPO terms 
encompassing the current condition of the patient, the past 
medical history and relevant investigative results in addition 
to physical examination findings. Clinical findings for which 
we could not identify a corresponding or appropriate HPO 
term after searching PhenoDB were excluded.

Phen2Gene

We used the HPO terms for each patient and Phen2Gene 
(Zhao et al. 2020) to predict candidate genes in the absence 
of any variant information. Phen2Gene generates a gene 



1751Human Genetics (2022) 141:1749–1760 

1 3

score and raw gene ranking for each HPO term list. To 
generate gene scores, each HPO term is assigned a weight 
representing the granularity of the phenotypic information 
conveyed by the HPO term. Each candidate gene also has a 
score that is a quantitative representation of how the gene is 
associated with the HP. Phen2Gene gives a weighted score 
to each gene if it is in the HP’s candidate gene list (for more 
details, see Zhao et al. 2020). All of the genes are then sorted 
by their scores in descending order.

Gene scores ranged from 0 to 1, with higher gene scores 
indicating a greater probability of the associated gene being 
causative for the patient’s phenotype The raw gene rankings 
ranged from 1 to 17,126, including all genes in Phen2Gene. 
A lower gene ranking indicates a greater probability of the 
associated gene being causative. We assigned the raw rank-
ings from Phen2Gene to one of six rank classes that were 
approximately logarithmic—raw rank < 11 was computed as 
rank class 1, raw rank 11:50 as rank class 2, raw rank 51:100 
as rank class 3, raw rank 101:250 as rank class 4, raw rank 
251:1000 as rank class 5, and raw rank 1001 + was computed 
as rank class 6. From a clinician's viewpoint, rank class 1 
represents strong evidence of a gene's likely association with 
the list of HPO terms derived from a patient note and class 2 
moderate evidence; the remaining rank classes 3 to 6 suggest 
weaker evidence of an association.

Statistical analysis

Data on patient variables was extracted from the RED-
Cap study database. We used R version 4.0.5 for statisti-
cal calculations on the results of the Phen2Gene analysis. 
In addition to the built-ins, we utilized the mgcv library 
for generalized additive model (GAM) regression and the 
ordinal library for ordinal regression. From the raw data 
file, a Perl program was written to merge data sources, 
filter cases, reformat data and run Phen2Gene on the list 
of HPO terms to generate a gene score and gene rank for 
HPO term list. We modelled the gene score (nominal 
gene score), and the gene rank (ordinal gene rank) for the 
causative gene relative to all the other ranked genes as the 
dependent responses. We used linear regression analysis 
to test the following direct, independent variables against 
Phen2Gene gene score: patient sex, proband age in frac-
tional years, diagnostic category, variant classification, 
case result interpretation, inheritance pattern of the causa-
tive gene, the year in which the gene was first published 
in association with a clinical phenotype, the total num-
ber of clinical terms linked to the phenotype and gene in 
OMIM, the number of body systems associated with the 
phenotype and gene in OMIM, and the number of HPO 
terms. For genes associated with more than one distinct 
clinical presentation, we used the OMIM data pertaining 
to the phenotype that most closely resembled the patient’s 

clinical presentation. We also tested two derived, inde-
pendent variables as measures of HPO term specificity: 
HPO term depth, and number of HPO terms at a depth 
of 11 or more. To compute HPO depth, the HP classes 
(i.e., the HP_number terms) were extracted from the HPO 
database (see Supplementary Materials and Methods). 
The HPO terms were then treated as nodes in a graph and 
the “subClassOf” relations then became directed edges, 
so that these data yielded an adjacency list representation 
of a directed graph. Topologically sorting the nodes and 
walking the resulting sorted list starting from the initial 
root node enabled computation of the maximum depth for 
every HPO term. As an HPO term may have multiple dif-
ferent paths from the root node with different depths, the 
maximum depth found across all paths from the HPO term 
to the root became the maximum depth for that HPO term. 
An example is provided in Table 1.

After importing the data into a .csv file, the categori-
cal and ordinal variables were cast as discrete factors in 
R for regression analysis. Phen2Gene weights phenotypic 
terms according to their specificity for gene prediction, 
with terms such as ‘cleft palate’ having far fewer gene 
and disease associations compared to broader descrip-
tions, such as seizures (Zhao et al. 2020). A more skewed 
gene score distribution is likely to increase the difference 
between high- and low-ranking genes and hence provide 
the HPO terms with greater specificity for their associ-
ated genes. The data set was, therefore, generated as four 
copies that corresponded to each of the four Phen2Gene 
weight models—‘sk’ that weights HPO terms by skew-
ness (default), ‘w’ that weights HPO terms by information 
content, ‘ic’ that changes the information content weight 
calculation, and ‘u’ that does not weight HPO term gene 
lists by information content—and thus the statistical tests 
for the factors had a Bonferroni-corrected significance 
threshold of p < 0.05/4 = 0.0125.

Finally, to determine if a random selection of HPO 
terms could result in a relevant gene ranking by chance 
alone, we created a program that, given the number ‘k’ 
of HPO terms, picked k HPO terms at random that were 
then run through Phen2Gene to create an output of the set 
of scores and ranks for all the genes that were linked to 
the HPO terms. One thousand runs of random HPO terms 
were performed for each number of HPO terms for k = 1, 2, 
3, …, 34, 35, thus generating gene scores and gene ranks 
for 35,000 random Phen2Gene runs. For each of the 112 
genes in this study, the number ‘k’ of HPO terms that was 
created was noted and the score and ranks for each of the 
genes among the 1000 random runs for that value of k 
was extracted. We then compared how often the gene was 
in the first ten genes in rank from this study versus how 
often the gene was in the first ten genes from the 1000 
‘random’ runs.
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Results

Data regarding direct and derived independent variables 
have been displayed as a single, denormalized table (Sup-
plementary Table 1) comprising Case result type (definitive 
positive or probable positive; column headed ‘case_result_
type’), gene (‘gene’), gene variant interpretation (pathogenic 
or likely pathogenic; column headed ‘gene_interpretation’), 
Phen2Gene weight model (‘u’, ‘ic’, ‘sk’, or ‘w’; ‘weight_
model’), patient sex (1 = male and 2 = female; ‘patient_sex’), 
diagnostic category as listed above (‘pediatric_screening_
code’), gene inheritance pattern (‘inheritance_pattern’), 
HPO term depth structure (‘HPO_depth_str’), number of 
HPO terms (‘num_HPO’), maximum depth of HPO terms, 
(‘max_HPO_depth’), number of HPO terms with depth 
greater than or equal to 11 (‘num_HPO_depth_ge_11’), 
number of years ago that the gene was first published, 
obtained from OMIM (‘years_ago_gene_pub’), total num-
ber of clinical terms linked to the phenotype and gene in 
OMIM (‘omim_num_terms’), number of body systems for 
phenotype and gene in OMIM (‘omim_num_systems’), gene 
rank (‘rank’) and log10 of rank (‘log10_rank’), rank class 
(‘rank_class’), rank class code (1 to 6; ‘rank class code’) and 
gene score (‘score’). We also used patient age at enrollment, 
expressed as a fractional number of years and a list of HPO 
terms in our analyses but have not included this information 
in the Supplementary Table.

Data from 112 patients with P or LP variant(s) were 
included in this study. Two patients (1.7%) had dual diag-
noses and each of these patients had two variants relevant to 
their clinical presentation, making a total of 114 HPO term 
lists available for Phen2Gene. Among the 112 patients, there 
were 50 males and 62 females. The commonest diagnostic 

category was ID with MCA (41 patients), followed by MCA 
(28 patients), and ID only (17 patients). 24 causative genes 
had autosomal dominant inheritance, 81 had autosomal 
recessive inheritance and 9 were X-linked. Our analyses 
excluded mitochondrial DNA variants, as we did not have 
cases that were positive for pathogenic variants in mitochon-
drial DNA due to limitations in the analysis of the WES 
data. A summary of data for patient age, number of HPO 
terms, maximum HPO term depth, number of HPO terms 
with depth greater than 11, year since the gene was first pub-
lished, total number of OMIM terms, and total number of 
body systems associated with each phenotype and gene from 
OMIM is provided in Table 2. Two of the causative genes, 
KIF1BP and OTOG, were not ranked in Phen2Gene as they 
were not present in the Doc2HPO database and hence were 
excluded from the analysis of gene score and gene rank. 
There were no statistically significant differences with the 
Phen2Gene weight models used, although the ‘sk’ model 
reduced the gene rank class as defined above by 1.588 and 
the ‘w’ model reduced the rank class by 0.942 relative to the 
‘ic’ model. This suggests that, given the gene score, the ‘sk’ 
model will give a lower rank class than the ‘u’ or ‘ic’ models 
and this model was used for the analyses.

From the HPO term lists generated from manual review 
of the EMR note and PhenoDB, Phen2Gene was able to 
rank the causative gene previously identified by WES in rank 
classes 1 and 2, and thus in a list of the top 50 genes, for 
27.7% of the causative genes using the ‘sk’ weight model 
(Table 3). The genes in each rank class are listed in Table 4. 
Several patients had P or LP variants in the same causative 
gene, but the rankings for one gene showed considerable var-
iation—for example, KMT2A was ranked in the top 50 genes 
for one patient, but also unranked for another. Most of the 

Table 1  Example of human phenotype ontology (HPO) terms and term depth, together with ranking for NHS gene

HPOa human phenotype ontology

Phenotype HPOa term HPO depth Gene ranking/gene score for NHS gene that can be 
associated with screwdriver-shaped incisors 

Screwdriver-shaped incisors HP:0006346 11 No linked gene
Abnormal incisor morphology HP:0011063 10 4/0.518067
Abnormality of dental morphology HP:0006482 9 67/0.170517
Abnormality of the dentition HP:0000164 8 736/0.15737
Abnormal oral cavity morphology HP:0000163 7  > 1000
Abnormal oral morphology HP:0031816 6  > 1000
Abnormality of the mouth HP:0000153 5  > 1000
Abnormality of the face HP:0000271 4  > 1000
Abnormality of the head HP:0000234 3  > 1000
Abnormality of head or neck HP:0000152 2  > 1000
Phenotypic abnormality HP:0000118 1  > 1000
All HP:0000001 0 Not valid as a phenotype
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causative genes that were ranked within the top rank class 
were pathogenic for established conditions with well char-
acterized and recognizable phenotypes, including PTPN11 
(2 patients), CDH7, TFAP2A, RPS6KA3, ELN and OFD1 
(Table 4). These genes were all associated with a clinical 
phenotype prior to 2009. Single factor scatterplots showed 
a significant correlation between the gene rank and Phen-
2Gene gene score (p = 2e-16), with a tendency to a lower 
rank class (i.e., rank class 1 or 2) with increasing gene score 
(Fig. S1). Rank class 1 had scores ranging from 0.5 to 1.0, 
whereas for the lower rank classes (3 to 6), almost all genes 
had scores below 0.4. 

A linear regression analysis of the independent and 
derived variables against the Phen2Gene gene score revealed 
that the most highly associated variable to gene score was 
the number of years since the gene was first published, with 
a positive slope indicating that the longer the time since the 
gene was first published in association with a phenotype, 
the higher the gene score (p < 0.001) (Fig. 1A, B and Sup-
plementary Table 2). For this variable, there was a strong 
threshold effect, and with one exception, all genes with a 
gene score > 0.5 were first reported as causative for a phe-
notype nine or more years ago. The number of HPO terms 
with a depth of 11 or more was also significantly associated 
with gene score (p < 0.001). All patients that had terms with 
HPO depths of 11 or greater had relatively high gene scores, 

except for a few gene scores that were > 0.6 for a maximum 
HPO depth level of 7 (Fig. 2A). A cumulative distribution of 
maximum depths for HPO terms demonstrated that slightly 
more than 10% of HPO terms were at a depth of 11 or more 
(Fig. S2). The number of OMIM terms associated with the 
gene and phenotype also exhibited a significant linear cor-
relation with gene score (p = 0.001; Supplementary Table 2). 
Genes with autosomal dominant inheritance (p = 0.015), the 
diagnostic category ID with MCA (p = 0.028) and patient 
age (p = 0.065) trended towards a significant relationship 
with increasing gene score, but none of these variables were 
statistically significant at the Bonferroni-corrected signifi-
cance threshold of p = 0.0125 (Supplementary Table 2). 

We then performed univariate (single factor) analyses 
to examine for interactions between the independent and 
derived variables and gene score. The results showed that 
the number of years, since the gene was first published 
(p =  < 0.001), number of OMIM terms for the phenotype 
and gene (p =  < 0.001), the number of OMIM systems 
involved for the phenotype and gene (p =  < 0.001), number 
of HPO terms with depth 11 or more (p =  < 0.001), maxi-
mum HPO term depth (p =  < 0.001) and number of HPO 
terms (p =  < 0.001) all reached statistical significance (Sup-
plementary Table 3). For gene score versus number of HPO 
terms, there was no clear linear effect (Fig. 2B). Examining 
gene score versus diagnostic category showed that patients 

Table 2  Case- and gene-based 
statistics for 112 patients with 
114 pathogenic and likely 
pathogenic variants

SDa standard deviation, yb years, HPOc human phenotype ontology, OMIMd online Mendelian inheritance in 
man

Case-based statistics (n = 112) Range Median Mean SDa

Patient age 0–25  yearsb 5 years 6.51 5.64 years
Number of  HPOc terms 3–35 12 13.63 6.43
Maximum HPO term depth 7–13 11 10.48 1.38
Number of HPO terms with depth greater than 11 0–5 1 1.38 1.30
Gene-based statistics (n = 114)
Years since gene first published 3–32 years 10.5 years 13.02 years 7.68 years
Total number of terms associated with each gene 

and phenotype in  OMIMd
3–95 33 34.61 18.44

Total number of body systems associated with each 
gene and phenotype in OMIM

1–30 14 13.47 7.28

Table 3  Phen2Gene rank classes for genes with pathogenic and likely pathogenic variants

Rank_class NA = KIF1BP and OTOG—these genes have been omitted from this table and the results are provided for 112/114 variants; data 
from Phen2Gene weight model ‘sk’

Causative gene 
ranked in top 10 
Phen2Gene genes

Causative gene 
ranked in top 
11–50 Phen2Gene 
genes

Causative gene 
ranked in top 
51–100 Phen-
2Gene genes

Causative gene 
ranked in top 
101–250 Phen-
2Gene genes

Causative gene 
ranked in top 
251–1000 Phen-
2Gene genes

Not ranked Total

Gene rank class 1 2 3 4 5 6 –
Number of vari-

ants
14 (12.5%) 17 (15.18%) 5 (4.46%) 11 (9.82%) 20 (17.86%) 45 (40.18%) 112
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enrolled under the category of MCA (category 12) were 
highly represented in high-scoring genes (Fig. 3), and only 
three other diagnostic categories—ID and MCA (category 
3), ID only (category 4) and Other (category 13)—had genes 
with Phen2Gene scores above 0.5 (Fig. 3).

We also modeled each rank class from 1 to 6 using ordi-
nal regression. The gene score dominated this regression 

analysis, with a Z-score of  – 15.9 (data not shown). Other 
significant variables contributing to rank class were the num-
ber of years, since the gene was first published (p =  < 0.001) 
and the total number of OMIM terms (p = 0.004; Supple-
mentary Table 4). Testing for factors associated with rank 
class beyond the gene score to determine the factors con-
tributing to the spread of ranks and different rank classes 

Table 4  Phen2Gene rank classes for causative genes with pathogenic and likely pathogenic variants

Rank_class NA = KIF1BP and OTOG—these genes have been omitted from this table and the results are provided for 112/114 variants; data 
from Phen2Gene weight model ‘sk’

Causative gene 
ranked in top 10 
Phen2Gene genes

Causative gene 
ranked in top 11–50 
Phen2Gene genes

Causative gene 
ranked in top 51–100 
Phen2Gene genes

Causative gene 
ranked in top 
101–250 Phen2Gene 
genes

Causative gene 
ranked in top 
251–1000 Phen-
2Gene genes

Not ranked

Gene rank class 1 2 3 4 5 6
Gene name ARID1A

BMP2
BRAF
CHD7
CYP1B1
ELN
GLI2
IDUA
NFIX
OFD1
PTPN11
RPS6KA3
TFAP2A
TMEM237

ACTG1
ALS2
CHD7
COL6A2
EP300
EP300
GLI2
KMT2A
KMT2D
KMT2D
KMT2D
NR3C2
PTEN
PTPN11
RAD21
SCN2A
SMAD4

DGAT1
KMT2D
PDHA1
PDHA1
PTPN11

COL6A1
FOXP2
GRIN2D
KAT6A
KAT6A
KMT2A
KMT2A
LAMA1
LAMA2
MECP2
TUBA1A

AQP2
EFTUD2
EXT2
FOXF1
GNAS
KCNK4
KIF1A
KMT2D
MAGEL2
MCPH1
MECP2
PMM2
PPP2R5D
SIN3A
SLC16A2
SLC17A5
SLC19A3
SRD5A2
SYNGAP1
TANGO2

AGA 
AHDC1
AHDC1
ANKRD11
ARHGEF9
ASH1L
BCS1L
CACNA1A
CDK10
CDK13
CDK13
CHAMP1
CHD3
CHD3
DDX3X
DYRK1A
ECEL1
HNRNPH2
IFT74
INTS1
KAT6A
KCNA2
KMT2A
KMT2A
KMT2A
KRIT1
MAGEL2
MECP2
MSL3
NALCN
NFIB
PBX1
PDCD10
POGZ
PUS7
SATB2
SATB2
SLC6A1
SLC6A1
SLC9A6
TCF12
TRAF7
WDR45
ZBTB18
ZC4H2
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across all genes with a similar gene score revealed that the 
number of HPO terms (p =  < 0.001) and weight models 
‘sk’ (p =  < 0.001) and ‘w’ (p =  < 0.001) were significantly 

associated with rank class (Supplementary Table 5). Using 
a logistic regression analysis to examine the probability 
that a gene would be present in rank class 1 (raw ranking 

Fig. 1  Relationships between year since the causative gene was first 
published in yearly and 4-yearly intervals with gene score from Phen-
2Gene. All graphs are shown as boxplots with minimum and maxi-
mum datapoints, median, and boxes representing second and third 
quartiles.  A Graphs showing the year, since the causative gene was 
first published plotted against gene score from Phen2Gene. The data-
points demonstrate a positive slope, indicating that the longer the 
time, since the gene was first published, the higher the Phen2Gene 
score. All genes with a gene score > 0.5 except one were first reported 

9 or more years ago. The year that the gene was first published was 
obtained from Online Mendelian Inheritance in Man (OMIM) and 
the plot was generated in year 2021. B. Graphs showing the years 
since the causative gene was first published in 4–6-yearly intervals, 
or epochs, plotted against gene score from Phen2Gene. The data-
points again demonstrate a positive slope until a plateau is reached 
at 13.5 years. The year that the gene was first published was obtained 
from Online Mendelian Inheritance in Man (OMIM) and the plot was 
generated in year 2021

Fig. 2  Relationships between maximum depth of Human Phenotype 
Ontology (HPO) score and number of HPO terms with gene score 
from Phen2Gene. All graphs are shown as boxplots with minimum 
and maximum datapoints, median, and boxes representing second and 
third quartiles. A Graph showing maximum depth of Human Pheno-
type Ontology (HPO) score plotted against gene score from Phen-

2Gene. The datapoints demonstrate a positive correlation between 
high gene score and increasing depth of HPO terms. B Graph show-
ing the relationship between the number of Human Phenotype Ontol-
ogy (HPO) terms versus gene score with Phen2Gene. The red line 
illustrates the mean number of HPO terms
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1–10) showed a significant relationship with the number of 
years since the gene was first published in association with 
a phenotype (p =  < 0.001) and the number of HPO terms 
with depth greater or equal to 11 (p =  < 0.001; Supplemen-
tary Table 6). Proband age was also significant (p = 0.004) 
and the age of the proband had a negative slope, indicat-
ing that the probability of the gene being in the highest 
rank decreased with increasing patient age (Supplementary 
Table 6). A similar analysis for the probability that a gene 
would be in the top two rank classes (raw ranking 1 to 50) 
demonstrated that the significant variables were the number 
of years ago that the gene was first published in associa-
tion with a phenotype (p =  < 0.001), diagnostic categories 
ID and MCA (p =  < 0.001) and ID (p = 0.009), number of 
HPO terms with a depth greater or equal to 11 (p = 0.001), 
and autosomal dominant inheritance (p = 0.001; Supplemen-
tary Table 7).

Finally, to determine if a random selection of HPO terms 
could result in a low gene ranking by chance alone, we com-
pared how often a gene was in the first ten genes in rank 
from this study versus how often the gene was in the first 
ten genes from 1,000 ‘random’ runs. Our results showed 
that, when the clinical terms selected from the EMR in this 
study were converted to HPO terms and run through Phen-
2Gene, 14/112 (12.5%) of genes were ranked in the first 10 

and 31/112 (27.7%) of genes were ranked within the top 50 
gene rankings (Table 2). For the random runs performed 
as above, 775/112,000 (0.69%) were ranked within the top 
10 and 3,188/114,000 (2.85%) were ranked within the top 
50 gene rankings. This analysis demonstrated that using a 
relevant set of HPO terms improves the chances of the gene 
being in the top ten by around 18-fold and improves the 
chances of being in the top 50 by around tenfold.

Discussion

We studied 112 patients who received a definite positive or 
probable positive case diagnosis due to P and/or LP variant(s) 
identified with WES from the Pediatric arm of the P3EGS 
study. For these patients, we used clinical terms from an EMR 
note with PhenoDB to generate HPO terms and then used the 
phenotypic information represented by the HPO terms with 
Phen2Gene to determine if the previously known, causative 
gene could be identified due to a high gene score. Our results 
showed that Phen2Gene was able to rank the causative gene 
in the two top rank classes, corresponding to a list of the 
top 50 genes, in 27.7% of cases. At this ranking level, such 
information could be clinically meaningful, although these 
results imply that clinicians and laboratorians may need to 
scan through a list of the top 50 genes to identify candidate 
genes for further consideration in situations, where WES did 
not reveal a clear diagnostic variant. However, we identified 
significant relationships between gene score and the number 
of years since the gene was first published in association with 
a phenotype, the number of HPO terms with a depth of 11 
or more, and the number of OMIM terms associated with a 
causative gene. These relationships provide guidance for best 
practices using HPO terms, implying that the use of specific 
HPO terms may be more effective for gene rankings with 
software prediction programs. In addition, clinicians should 
be attentive to the higher scores and lower rankings that are 
more likely to accompany genes that are well understood and 
connected to pleiotropic phenotypes. Although there is vari-
ation in the numbers of clinical findings that are associated 
with different genes, the importance of complete phenotypic 
delineation and documentation in the medical literature and 
corresponding databases should be stressed.

A prior comparison of Phen2Gene with Phenolyzer 
(Yang et al. 2015), AMELIE 2 (Birgmeier et al. 2020), and 
GeneNetwork Assisted Diagnostic Optimization (GADO; 
Deelen et al. 2019) showed that Phen2Gene was able to rank 
the causative gene in the top 50 genes, or top two rank class 
codes, in 47.4–66.7% patients for three different case sets 
ranging from 27 to 85 patients (Zhao et al. 2020). Phen-
2Gene incorporates HPO-gene annotations from the Jack-
son Laboratory (Kohler et al. 2019), gene–disease annota-
tions from OMIM (McKusick, 2007), ClinVar (Landrum 

Fig. 3  Graph showing the relationship between diagnostic category/
diagnostic code versus gene score from Phen2Gene. Examining gene 
score versus diagnostic category/diagnostic code showed that patients 
enrolled under the category of multiple congenital anomalies (MCA; 
category 12) dominated in high-scoring genes Only three other diag-
nostic categories—intellectual disability (ID) and MCA (category 3), 
ID only (category 4) and Other (category 13)—had genes with Phen-
2Gene scores above 0.6. The diagnostic categories used were: 3 = ID 
with MCA; 4 = ID only; 5 = metabolic disease with ID; 6 = metabolic 
disease without ID; 7 = epilepsy with ID; 8 = epilepsy without ID; 
9 = neurodegenerative disease or cerebral palsy with ID; 10 = neuro-
degenerative disease or cerebral palsy without ID; 11 = encephalopa-
thy; 12 = MCA; 13 = other
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et al. 2014), Orphanet (Rath et al. 2012) and GeneReviews 
(Adam 1993) amongst other data, and, although this list of 
HPO-gene annotations is comprehensive, it is possible that 
it does not include more recently reported genes that are first 
described in the medical literature and that accounted for 
the diagnosis in at least some of the patients in this study. 
Our lower rate of gene ranking in the top two rank classes 
may also simply be due to case selection, as the numbers in 
this study and previous work using Phen2Gene are small 
(Zhao et al. 2020). As expected, there was a highly signifi-
cant correlation between gene score and gene rank class for 
Phen2Gene (Fig. S1).

We examined the effects of patient attributes, diagnostic 
codes, gene inheritance pattern, number of HPO terms and 
depth of HPO terms and variables relating to the causative 
genes, such as the year in which the gene was first published 
in association with a clinical phenotype, number of clinical 
terms linked to the phenotype and gene, and the number 
of body systems associated with the phenotype and gene, 
to affect the gene score and ranking. We noted a signifi-
cant relationship between a high gene score and the num-
ber of years, since the gene was first published in associa-
tion with a phenotype. In support of this finding, when the 
years since a gene was first associated with a phenotype are 
subdivided into 4–6-year increments, termed epochs, gene 
score increases with each epoch until around 13.5 years, 
after which a plateau is reached (Fig. 1B). The phenotypes 
associated with ‘older’ genes are likely to be better charac-
terized than for ‘newer’ genes and this result thus suggests 
that the amount of data regarding the gene and its corre-
sponding phenotype can be important for Phen2Gene and 
similar programs to rank a given gene highly. Supporting 
this conclusion, the causative genes ranked within the top 
rank class in this work have all been associated with pheno-
types that have been extensively characterized (Table 3). It 
is also possible that these ‘older’ genes are associated with 
phenotypes that are more easily recognizable due to distinc-
tive clinical features and thus are easier to identify using 
specific HPO terms. However, this finding may also reflect 
the methodology for data ascertainment for Phen2Gene, 
in which ‘older’ genes are more likely to be represented in 
databases or reviews and it remains to be determined if the 
inclusion of recently discovered genes in ‘real-time’ will 
improve gene prioritization from HPO terms.

A second finding was that the number of HPO terms with 
a depth of 11 or more was also significantly associated with 
gene score, implying that specific terms that are deepest in 
the HPO hierarchy have the best chance of producing a high 
gene score and a low gene ranking (Table 1). However, in 
the hypothetical example provided, the most specific HPO 
term, screwdriver-shaped incisors, with an HPO depth of 11, 
was not linked to a gene (Table 1), although the prior terms 
abnormality of the dentition (gene ranking 736 and gene score 

0.157), abnormality of dental morphology (gene ranking 67 
and gene score 0.171) and abnormal incisor morphology 
(gene ranking 4 and gene score 0.518) show the improve-
ment in gene identification with increasing term specificity.

In addition to HPO term depth, there was a statistically 
significant association between gene score and the number 
of OMIM terms associated with a causative gene, suggesting 
that genes associated with complex and highly delineated 
phenotypes are more likely to achieve a higher score. These 
two variables retained their statistical significance with mul-
tiple methods of analyses. The importance of phenotypic 
specificity and complexity is further supported by statistical 
significance for the number of OMIM systems involved for 
the phenotype and gene (p =  < 0.001), maximum HPO term 
depth (p =  < 0.001) and number of HPO terms (p =  < 0.001) 
in single factor analyses.

The median number of HPO terms generated from each 
clinical note was 12, a number that is likely to be higher than 
typical for clinical scenarios that rely on health professionals 
to enter medical terms or a physical description. However, 
the relationship between number of HPO terms and clini-
cal utility is still controversial. Several studies have noted 
a correlation between a higher number of HPO terms and 
increased diagnostic yield after genetic testing (Trujillano 
et al. 2017; Thompson et al. 2019; Pearson et al. 2021). One 
study found that diagnostic yield was 0.26 with one to five 
HPO terms, 0.33 with six to fifteen terms, and 0.39 with 
more than fifteen terms and that this relationship was inde-
pendent of phenotype, family structure, or inheritance pat-
tern (Trujillano et al. 2017). A meta-analysis of hospital lab-
oratory testing with WES or whole genome sequencing that 
was associated with greater accessibility of patient informa-
tion was shown to have had a higher diagnostic utility (0.42, 
95% CI 0.38–0.45) compared to reference laboratory testing 
(0.29, 95% CI 0.27–0.31), leading to a recommendation to 
include the maximum amount of clinical information with 
send out testing (Clark et al. 2018). Other studies have sug-
gested that there is an optimal number of phenotypic terms. 
The gene-ranking tools Phrank (Jagadeesh et al. 2019), hiPh-
ive (Smedley et al. 2015), and PhenIX (Zemojtel et al. 2014) 
ranked causative genes higher at less than ten phenotypic 
terms and Phrank yielded the best causative gene rankings 
at a maximum of three phenotypic terms (Deisseroth et al. 
2019). In the same study that had an average of 291 candi-
date genes per patient, Phrank ranked the causative gene 
at an average position of 13.4 with unfiltered phenotypic 
terms generated by ClinPhen, and at an average rank of 9.5 
with ClinPhen’s three, top-priority phenotypes (Deisseroth 
et al. 2019). Prioritization of the phenotype by information 
content based on the number of genes known to cause the 
phenotype did not improve rankings (Deisseroth et al. 2019). 
A recent study on LIkelihood Ratio Interpretation of Clini-
cal AbnormaLities (LIRICAL) with a collection of 384 case 
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reports derived from the medical literature utilized a mean 
number of HPO terms per case of 11.1, with a median num-
ber of 9, and a mean number of negated HPO terms per 
case of 2.71, with a median of 0 (Robinson et al. 2020). The 
importance of specific phenotypic information for recogni-
tion of a condition is well known by health professionals 
and reflects current clinical practice (Kernohan et al. 2018).

Finally, there were associations between specific diagnos-
tic categories, such as ID with MCA, and autosomal domi-
nant inheritance with gene ranking. Patients with MCA are 
more likely to have a complex and pleiotropic phenotype 
that may be associated with specific clinical findings and this 
finding is indirectly supported by the significant association 
of number of HPO terms with a depth > 11 and rank class. 
It is also possible that ‘de novo’ variants that are associated 
with autosomal dominant inheritance are more likely to be 
designated as P or LP after variant annotation.

There is still little information on best practices for using 
HPO terms and phenotypic information in the interpretation 
of genetic variants. Although some of the clinical infor-
mation from the EMR did not have an appropriate HPO 
term, all HPO terms that were generated for each patient 
were included in the analysis. Manual extraction of clinical 
information for the generation of HPO terms by a clinician 
reviewing a note, although in some ways still seen as a gold 
standard, remains with challenges in addition to the time 
consuming and labor-intensive nature of the task. Natural 
language processing programs are faster at generating HPO 
terms, which may be critical for ill patients (Clark et al. 
2018). However, annual examination of notes does not reli-
ably capture phenotypic weighting or specificity as shown to 
be important in this work, as some features may be more rel-
evant to the clinical presentation than others and more likely 
to trigger recognition of a particular condition. In addition, 
numerous terms can be used to describe common clinical 
occurrences, such as feeding difficulties with a g-tube (for 
example, g-tube dependent, oral aversion, feeding intoler-
ance, and/or poor feeding), and it is unclear whether all 
or just one descriptor should be included. Best practices 
for determining which HPO terms should be utilized are 
still uncertain and although this work suggests that specific 
terms deep in the HPO hierarchy and increasing numbers 
of HPO terms are associated with higher gene scores, clini-
cal documentation can be contradictory. A single note fre-
quently does not capture the temporal nature of a patient’s 
symptomatology, in terms of age of onset, resolution of 
symptoms, or fluctuations of the clinical course. Many 
terms used in medical records are also non-specific, such 
as ‘pain’, and it can be unclear if terms such as ‘sleep disor-
der’ or ‘frequent ear infections’ describe normal variation 
or are indicative of an underlying medical condition. Some 
NLP programs have developed strategies to compensate for 
these shortcomings and ClinPhen ignores phenotypes that 

are commonly found in the patient population (Deisseroth 
et al. 2019). We were unable to determine if there were dif-
ferent rankings generated from the notes written by Genetics 
professionals or by subspeciality providers, as almost all of 
the notes were from Clinical Genetics providers.

Examination of the list of genes that were not highly ranked 
by Phen2Gene reveals several plausible explanations for the 
failure of a given gene to score highly after entry of HPO terms. 
Recently described or emerging genes and rare genes may be 
associated with a paucity of phenotypic and clinical informa-
tion and one limitation of Phen2Gene is that newer genes, for 
which there may also be less variant information, may not be 
sufficiently represented in the HPO2Gene Knowledgebase 
(H2GKB) data set, from which Phen2Gene derives gene rank-
ings from HPO terms. Phen2Gene incorporates HPO-gene 
annotations from several public sources as above, but the util-
ity of these sources depends on the accuracy of their curation 
and the frequency with which they are updated and there is a 
time lag between publication of novel genes in the medical 
literature and incorporation of relevant information into data 
sources. It is uncertain if a more nimble or broader pipeline 
could improve gene prediction accuracy. Genes associated with 
few specific clinical findings or non-specific phenotypes, such 
as those linked to predominantly neurocognitive presentations 
without MCA or facial anomalies, could all lower rankings. 
With increasingly widespread testing, it is also possible that 
WES can be performed prior to the development of charac-
teristic physical findings relating to the underlying diagnosis 
in the patient, thus leading to missing HPO terms that would 
be critical for gene prediction or identification. Alternatively, 
‘phenotypic noise’, with inclusion of clinical terms unrelated 
or potentially distracting to the phenotype, or a more complex 
presentation due to dual diagnoses could also prevent ranking. 
Greater inclusivity of all known genes in the database may also 
improve gene prediction rankings from Phen2Gene. In addi-
tion, we have not studied the effectiveness of this software for 
using HPO terms to rank and interpret VUSs, a function that 
is critical for genetic test interpretation.

Further studies are still needed to determine if Phen2Gene 
and similar programs will provide advantages compared to 
traditional methods of variant analysis. In particular, it is 
important to ensure that computational tools are accessible 
to users from different disciplines. It is also unclear how 
generalizable our results will be across the different software 
programs and algorithms that are currently used for gene 
prediction from phenotypic terms.

Conclusion

After obtaining HPO terms from a single provider note, we 
used Phen2Gene with the HPO terms to predict and rank the 
genes containing 112 P or LP variant(s). Phen2Gene was able 
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to rank the causative gene into the two highest rank classes 
in 27.7% of cases using the ‘sk’ weight model and high rank-
ings were associated with well characterized genes. We found 
significant associations between gene score and the number of 
years, since the gene was first published in association with a 
clinical phenotype, a high number of OMIM terms associated 
with the phenotype and gene, and the number of terms with an 
HPO hierarchical depth greater or equal to 11, implying that 
well-delineated genes, complex phenotypes and terms deep in 
the HPO hierarchy had the best chance of producing a high-
scoring gene. This information is relevant to establishing best 
clinical practices for HPO term use in variant interpretation.
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