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Abstract 

Background  Current phenotype-based diagnostic tools often struggle with accurate disease prioritization due 
to incomplete phenotypic data and the complexity of rare disease presentations. Additionally, they lack the ability 
to generate patient-centered clinical insights or recommend further symptoms for differential diagnosis.

Methods  We developed PhenoDP, a deep learning-based toolkit with three modules: Summarizer, Ranker, and Rec-
ommender. The Summarizer fine-tuned a distilled large language model to create clinical summaries from a patient’s 
Human Phenotype Ontology (HPO) terms. The Ranker prioritizes diseases by combining information content-based, 
phi-based, and semantic-based similarity measures. The Recommender employs contrastive learning to recommend 
additional HPO terms for enhanced diagnostic accuracy.

Results  PhenoDP’s Summarizer produces more clinically coherent and patient-centered summaries than the gen-
eral-purpose language model FlanT5. The Ranker achieves state-of-the-art diagnostic performance, consistently out-
performing existing phenotype-based methods across both simulated and real-world datasets. The Recommender 
also outperformed GPT-4o and PhenoTips in improving diagnostic accuracy when its suggested terms were incorpo-
rated into different ranking pipelines.

Conclusions  PhenoDP enhances Mendelian disease diagnosis through deep learning, offering precise summariza-
tion, ranking, and symptom recommendation. Its superior performance and open-source design make it a valu-
able clinical tool, with potential to accelerate diagnosis and improve patient outcomes. PhenoDP is freely available 
at https://​github.​com/​TianL​ab-​Bioin​fo/​Pheno​DP.
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Background
Mendelian genetic diseases, or monogenic disorders, 
impact millions of newborns annually, affecting approxi-
mately 8% of the global population, with a cumulative 
incidence ranging from 1.5% to 6.2% [1–3]. Early and 
accurate diagnosis is critical for predicting disease risks, 
guiding preventive interventions, and improving patient 
care [4, 5]. Whole-genome sequencing (WGS) and 
whole-exome sequencing (WES)—which analyze either 
the entire genome or just the protein-coding regions—
are widely employed in clinical settings to identify 
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pathogenic variants [6–8]. Despite advances in sequenc-
ing technology, the diagnostic yield of WES and WGS 
remains around 40% [5, 7, 9, 10], due in part to the preva-
lence of non-monogenic conditions with complex genetic 
or multifactorial etiologies, as well as the limitations of 
existing diagnostic systems for monogenic diseases. 
Additionally, stringent filtering often leaves hundreds 
of variants for manual expert interpretation—a labori-
ous and complex task [11, 12]. The challenges are further 
compounded by the growing number of Mendelian dis-
eases cataloged in the OMIM database [13], which now 
includes approximately 7500 conditions associated with 
4900 genes, with new disease-gene associations emerging 
each year. To improve diagnostic efficiency and accuracy, 
the integration of phenotype data—observable clinical 
characteristics—into genetic analyses has emerged as a 
critical approach. This approach is crucial for improv-
ing the efficiency of genetic testing, ultimately benefiting 
patient care and reducing the strain on clinicians tasked 
with manual variant interpretation.

Incorporating clinical symptoms characteristic of Men-
delian disorders into the diagnostic process, alongside 
gene-driven data, has proven effective in narrowing down 
potential diseases and accelerating diagnosis [14, 15]. 
This process begins with clinicians collecting a patient’s 
clinical symptoms, which are then mapped into standard-
ized terms using the Human Phenotype Ontology (HPO) 
[16]. This conversion can be performed manually or 
through automated tools, such as PhenoBERT [17]. The 
HPO not only provides standardized symptom descrip-
tions but also links these symptoms to diseases and genes 
cataloged in databases like OMIM and Orphanet [18]. 
Once symptoms are mapped to HPO terms, automated 
tools can compare the patient’s terms to those associated 
with specific diseases or genes, streamlining the diagnos-
tic process.

Phenotype-driven tools have demonstrated consider-
able clinical potential. For example, Muffels et  al. [19] 
highlighted the strong clinical utility of the Phrank tool 
[20], which uses phenotypic overlap to identify potential 
genetic causes of disease. Existing tools for disease prior-
itization can be broadly categorized into those that rank 
diseases based on phenotypic data alone (e.g., GDDP 
[21]) and those that incorporate both phenotypic and 
genetic data to prioritize causative genes. These tools 
vary in their approaches: some prioritize diseases first 
and then rank genes based on the disease (e.g., PhenoPro 
[22]), while others directly rank genes without initial dis-
ease prioritization (e.g., Phen2Gene [23]). All these meth-
ods leverage the directed acyclic graph (DAG) structure 
of the HPO to relate phenotypes to diseases and genes, 

though they differ in how they measure the similarity 
between HPO terms [24].

Despite the success of these tools, significant limita-
tions remain. One key issue is the incomplete use of 
available data. For instance, Phen2Disease [25] employs 
bidirectional similarity between patient and disease HPO 
terms but neglects ancestral terms in the HPO DAG. 
In contrast, GDDP includes ancestral information but 
lacks precise weighting of HPO terms. Furthermore, an 
over-reliance on the HPO DAG for semantic analysis 
overlooks the richer, real-world context of phenotypic 
terms—a context that has been successfully incorporated 
into advanced gene prioritization tools [14]. Another 
limitation is that patients in clinical settings often pre-
sent with only a few HPO terms, making it difficult to 
distinguish among top candidate diseases. Suggesting 
additional HPO terms to help differentiate closely ranked 
diseases can reduce diagnostic time and improve accu-
racy. While PhenoTips [26] provides this functionality, 
its effectiveness has not been comprehensively validated 
across diverse scenarios, highlighting an ongoing chal-
lenge in the field.

To address these challenges, we introduce PhenoDP, a 
phenotype-driven, deep-learning-based toolkit for ana-
lyzing Mendelian diseases. PhenoDP comprises three 
core components: Summarizer, Ranker, and Recom-
mender. The Summarizer leverages DeepSeek-R1-671B’s 
advanced reasoning capabilities [27] to fine-tune an 
open-source large language model (LLM) Bio-Medical-
3B-CoT [28], generating high-quality, patient-centered 
clinical summaries from provided HPO terms. The 
Ranker integrates multiple similarity measures to pri-
oritize the most likely disease based on the presented 
HPO terms. It consistently outperforms existing meth-
ods in disease ranking across simulated patient datasets 
and three real-world patient datasets. The Recommender 
utilizes contrastive learning to identify and suggest miss-
ing symptoms from incomplete clinical data, enhancing 
differential diagnosis. Across various scenarios, incorpo-
rating the Recommender’s suggested HPO terms more 
effectively distinguishes target diseases compared to 
those generated by GPT-4o or PhenoTips. What is more, 
the Summarizer can also integrate with the Ranker and 
Recommender to generate structured clinical reports, 
combining personalized clinical symptoms with probable 
diagnoses and additional symptoms to support differen-
tial diagnosis. By integrating natural language process-
ing (NLP), deep learning, and phenotype-driven analysis, 
PhenoDP enhances diagnostic accuracy, reduces time to 
diagnosis, and supports clinical decision-making, posi-
tioning itself as a valuable asset for the future of genomic 
medicine. PhenoDP is implemented in Python 3.7, and 
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its code is available at https://​github.​com/​TianL​ab-​Bioin​
fo/​Pheno​DP.

Methods
Design of PhenoDP
PhenoDP consists of three core modules: the Sum-
marizer, Ranker, and Recommender. Given a set of 
HPO terms from a patient, the Summarizer gener-
ates a patient-centered clinical summary summarizing 
the patient’s clinical symptoms. The Ranker produces a 
ranked list of Mendelian diseases most likely affecting the 
patient, and the Recommender suggests additional HPO 
terms that a physician might examine to refine the diag-
nosis based on the Ranker’s top-ranked diseases.

Below, we describe the construction of each of the 
three modules separately.

The Summarizer module
The PhenoDP Summarizer is designed to generate con-
cise, patient-centered clinical summaries from Human 
Phenotype Ontology (HPO) terms, streamlining diagnos-
tic workflows for clinicians. Initially, we began by extract-
ing HPO terms associated with 4731 OMIM entries 
(April 17, 2024 version) and 3654 Orphanet entries (April 
18, 2024 version), focusing on entries with non-empty 
descriptions or definitions. Using these, we fine-tuned 
large language models (LLMs), such as FlanT5-Base 
(250 M). The input consisted of concatenated HPO term 
definitions (April 26, 2024 HPO version), and the target 
outputs were expert-written disease descriptions from 
OMIM (“Description” section) or Orphanet (“Definition” 
section). This approach aimed to generate expert-level 
disease definitions. However, it fell short in producing the 
patient-centered, context-rich clinical summaries needed 
for practical applications, such as creating abstracts from 
datasets like SUMPUBMED [29].

To overcome this limitation, we shifted to a more capa-
ble model: DeepSeek-R1-671B, a state-of-the-art LLM 
recognized for its advanced reasoning abilities. We used 
concatenated HPO term definitions from disease entries, 
paired with tailored prompt templates, to generate sim-
ulated patient-centered clinical summaries. A manual 
review confirmed that these summaries were of high 
quality, capturing the detailed, scenario-based insights 
clinicians depend on. Despite its effectiveness, DeepSeek-
R1-671B’s large size made it impractical for deployment 
on standard workstations due to its significant resource 
requirements.

To create a practical yet powerful solution, we selected 
Bio-Medical-3B-CoT, a Qwen2.5-3B-Instruct variant 
released on January 7, 2025, optimized for healthcare 
tasks. This model, trained on over 600,000 biomedi-
cal entries (as exemplified in Additional file 2: Table S1) 

using chain-of-thought prompting—a technique that 
improves reasoning by breaking down complex tasks—
outperformed FlanT5-Base in both disease definition 
generation and SUMPUBMED abstract synthesis. We 
further refined this model using low-rank adaptation 
(LoRA) technology [30], a method that fine-tunes effi-
ciently by adjusting fewer parameters, reducing computa-
tional demands. The training process used concatenated 
HPO term definitions from all 8385 disease entries as 
input. The target outputs were the patient-centered clini-
cal summaries and reasoning chains previously generated 
by DeepSeek-R1-671B. This fine-tuning produced the 
final PhenoDP Summarizer, a model that balances high 
performance with practicality for widespread clinical use.

The Ranker module in PhenoDP
Given a set of HPO terms Q = {hi, i ∈ {1, 2, 3, . . . , n})} 
from a patient, the ranker evaluates Q against each dis-
ease’s HPO terms D = hj , j ∈ {1, 2, 3, . . . , nk}  using 
three similarity measures, which are then combined to 
generate an overall similarity score:

(1) IC-based similarity: This measure first computes the 
similarity between each HPO term from the patient ( hi ) 
and each HPO term from the disease ( hj ) using the Jiang 
and Conrath (JC) method [31], based on the information 
content (IC) of the terms. The similarity between Q and 
D is weighted based on each HPO term’s specificity:

where IC(h) denotes the information content of an HPO 
term, with 

∣
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hMICA represents the most informative common ancestor 
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similarity between hi and all HPO terms in Dc . To com-
pute the similarity between Q and Dc , we further weight 
each HPO term hi based on its specificity:

where IC(D) denotes the information content of a disease 
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the disease ( 
∣

∣hD
∣

∣ ) and the total number of HPO terms 
( 
∣

∣hall
∣

∣ ), and T  represents all diseases associated with the 
term h . The final similarity score between Q and Dc is 
then computed as:

(2) Phi-based similarity. This method calculates the phi 
correlation between Q and Dc , by considering both the 
HPO terms and their ancestors. The correlation is calcu-
lated using contingency tables that summarize shared and 
unique ancestor terms for the patient and disease. The sim-
ilarity is then computed using the following formula:

where A(·) denotes the set of HPO terms and their ances-
tral HPO terms.

(3) Semantic-based similarity: In this approach, we uti-
lized a graph convolutional network (GCN) [32] with two 
convolutional layers to capture the semantic relation-
ships among HPO terms within the HPO directed acyclic 
graph (DAG). We employed the Summarizer to gener-
ate semantic embeddings for each HPO term based solely 
on its name (although incorporating the term’s definition 
yielded similar results). These embeddings were then aver-
aged into 256-dimensional vectors representing the terms 
in the HPO DAG. To enhance the model’s robustness, we 
randomly masked 20% of the edges and node features and 
trained the GCN to reconstruct the original graph struc-
ture. After 2000 training epochs, we obtained the final 
model, referred to as the Pre-trained Semantic & DAG-
based HPO Encoder (PSD-HPOEncoder).

This method leverages the semantic embeddings gen-
erated by the PSD-HPOEncoder to compute similarity 
between the patient’s HPO terms and the disease’s HPO 
terms. The similarity score is derived by calculating the 
cosine similarity between the embeddings.
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(8)Simphi−based =
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(9)eh = PSD −HPOEncdoer(h)

(10)Sim(eh,D) = max
t∈D

eh · et
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where eh is the embedding of h from the 
PSD-HPOEncoder.

The final disease ranking score is obtained by summing 
the similarity scores:

A ranked list of diseases based on these scores is gen-
erated, and the coefficient of variation (CV) is computed 
for the top three candidate diseases to assess the reliabil-
ity of the rankings.

The Recommender module in PhenoDP
The Recommender module utilizes a Transformer [33] 
encoder architecture and contrastive learning to sug-
gest missing HPO terms crucial for diagnosis. The input 
consists of concatenated HPO terms, treated as tokens, 
and their embeddings are generated by the PSD-HPOEn-
coder. During each training, 2000 diseases were sampled, 
creating two sentences for each disease by randomly 
selecting 70% of its associated HPO terms. Sentences 
from the same disease were classified as positive pairs 
of sentences, while those from different diseases served 
as negative pairs of sentences. The InfoNCE loss [34] 
maximized cosine similarity for positive pairs and mini-
mized it for negative pairs, leading to the creation of the 
PCL-HPOEncoder, which refines the semantic vectors 
from the PSD-HPOEncoder to enhance local semantic 
representation.

The Recommender suggests additional HPO terms for 
a patient based on their current term set and contrastive 
embeddings. First, the term sets of candidate diseases are 
processed through the PSD-HPOEncoder for semantic 
embeddings, which are then fed into the PCL-HPOEn-
coder to generate contrastive embeddings. For each dis-
ease, a term not yet seen in the patient or other diseases 
is added to the patient’s term set, and their contrastive 
embedding is updated. The patient’s updated embed-
ding and the disease form a positive pair, while other 
combinations are treated as negatives. The InfoNCE loss 
is calculated, and its reciprocal gives the term’s score. 
This process is repeated for all terms of the disease and 
other diseases, resulting in a ranked list of recommended 
terms.

Benchmark datasets
Disease definition datasets
Initially, we fine-tuned large LLMs, such as FlanT5-
Base [35] for disease definition generation. For this, we 
sampled 3000 disease entries from each—OMIM and 

(11)Simsemantic−based =
∑

h∈Q sim(eh,Dc)

|Q|

(12)Simdisease = SimIC−based + Simphi−based + Simsemantic−based



Page 5 of 20Wen et al. Genome Medicine           (2025) 17:67 	

Orphanet—concatenating the definitions of their asso-
ciated HPO terms as input and using their respective 
disease definitions (Definition section for Orphanet and 
Description section for OMIM) as targets. To avoid data 
leakage, we trained and tested the models separately 
within each dataset.

Medical summarization evaluation dataset
The SUMPUBMED dataset, introduced by Gupta et  al. 
in 2021, is a specialized resource for benchmarking bio-
medical abstract generation models [29]. It comprises 
33,772 documents from BioMed Central (BMC) litera-
ture, covering various fields such as medicine and nurs-
ing. This dataset has been widely used as a benchmark for 
biomedical abstract generation in multiple studies [36, 
37]. Each document in SUMPUBMED consists of two 
sections: Front section: contains the summary (abstract) 
of the article; Body section: includes background, results, 
and conclusions. For our study, we selected the first 
1000 documents from the dataset, using the Body sec-
tion (background, results, and conclusions) as input to 
generate abstracts. We then compared these generated 
summaries to the gold-standard abstracts in the Front 
section.

Synthesized patient‑centered clinical summary dataset using 
DeepSeek‑R1
We utilized DeepSeek-R1-671B, a state-of-the-art large 
language model (LLM) known for its strong reason-
ing capabilities, to synthesize a patient-centered clini-
cal summary dataset. Using 8385 disease entries from 
OMIM and Orphanet, we concatenated their HPO term 
definitions and designed tailored prompts to instruct 
DeepSeek-R1-671B to generate corresponding patient-
centered clinical summaries along with chain-of-thought 
(CoT) reasoning. To evaluate the fine-tuned Bio-Medi-
cal-3B-CoT model, we first fine-tuned it on a randomly 
selected subset of 3000 OMIM or Orphanet diseases, 
using concatenated HPO term definitions as input and 
the synthesized clinical summaries with CoT reasoning 
from DeepSeek-R1-671B as targets. We then tested the 
model on the clinical summaries of the remaining OMIM 
or Orphanet disease entries.

Simulated patient datasets
To assess PhenoDP’s disease ranking performance, we 
generated simulated datasets by randomly selecting three 
HPO terms for each disease. These datasets were divided 
into four types based on the relationship between the 
selected HPO terms and their respective diseases: (1) 
Precise Only: all three terms are specific to the disease 
(i.e., terminal nodes), (2) 2 Precise + 1 Imprecise: two 
specific terms and one broader parent term, (3) 2 Precise 

+ 1 Noise: two specific terms and one unrelated term, 
and (4) Mixed: two specific terms, one broader term, and 
one unrelated term, mimicking real clinical conditions. 
Each simulation ran 3000 resampling iterations, yielding 
3000 patients per dataset.

Real‑world patient datasets
PhenoDP was further validated on two real-world data-
sets. The first dataset comprised 384 cases provided by 
LIRICAL [24], where the HPO terms and the diagnosed 
disease of each case were taken from original files. Three 
cases—“Ge-2019-TJP2-proband,” “Javadiyan-2017-MAF-
patient_CSA108.01,” and “Nevidomskyte-2017-SMAD3-
54-year-old_woman”—were excluded due to phenotypes 
not matching the target disease, leaving 381 cases for 
analysis.

The second dataset comprised 130 manually curated 
cases from published articles on genetic and rare dis-
eases. Specifically, we conducted a search on Google 
Scholar for case reports and selected around 500 rel-
evant publications for manual inspection. From these, 
we selected 130 reports, each corresponding to a unique 
OMIM-classified disease, ensuring a one-to-one map-
ping between disease and case report. For each selected 
report, we extracted a single patient case description—
randomly choosing one if multiple cases were present—
to represent the diagnosed disease. Since these reports 
lacked HPO annotations, we applied three established 
tools—PhenoBERT [17], PhenoTagger [38], and ClinPhen 
[39]—with default parameters to infer HPO terms from 
the text. This process yielded 130 literature-based cases, 
each comprising a diagnosed disease, a patient descrip-
tion, and a set of annotated HPO terms.

The new LIRICAL dataset now includes 8182 patient 
cases, with each case including the annotated HPO 
terms and the diagnosed disease [40]. For robustness, 
we applied the following filtering criteria: we removed 
patients with fewer than three HPO terms, those anno-
tated with more than one OMIM disease, and those 
whose recorded HPOs did not overlap the HPO set of 
their corresponding OMIM disease. After filtering, 5485 
cases remained for testing.

For each case in the three datasets mentioned above, 
we calculated a score for each OMIM disease based on 
the provided HPO terms and assessed the ranking of the 
target disease.

Evaluation of PhenoDP
Evaluation of the Summarizer module
The performance of the Summarizer was assessed using 
three key metrics: Word Mover’s Distance (WMD) [41], 
BioLinkBERT [42], and PubMedBERT [43]. Each metric 
captures different aspects of text similarity, ranging from 
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word-level associations to sentence-level semantics and 
deep contextual understanding.

(1)	 Word Mover’s Distance (WMD): WMD quanti-
fies text similarity by measuring the “distance” 
between word meanings in two texts. It leverages 
pre-trained word embeddings (e.g., Word2Vec) 
to compute the minimum effort required to align 
words between the texts, even when they differ lexi-
cally (e.g., “sick” vs. “ill”). While WMD is effective 
for topic-level comparisons, it does not account for 
sentence structure.

(2)	 BioLinkBERT: BioLinkBERT extends the LinkBERT 
architecture by pretraining on PubMed abstracts 
using citation links between documents. Unlike 
WMD, which compares individual words, BioLink-
BERT captures deep contextual semantics and 
inter-entity interactions, enabling richer sentence-
level representations for biomedical text.

(3)	 PubMedBERT: PubMedBERT is a domain-specific 
variant of BERT, pre-trained from scratch on over 
14 million PubMed abstracts and full texts, rather 
than fine-tuned from a general BERT model. It 
excels at capturing deep contextual relationships, 
considering both word sense disambiguation (e.g., 
“cell” as a biological unit vs. a prison term) and syn-
tactic dependencies. This makes PubMedBERT the 
most sophisticated metric for biomedical text simi-
larity, as it fully models meaning within technical 
texts. However, it is also the most computationally 
demanding among the three.

By combining these metrics, we ensure a comprehen-
sive evaluation of the Summarizer’s output, balancing 
lexical, sentence-level, and deep contextual similarity 
assessments.

Evaluation of the Ranker module
The Ranker was assessed using two metrics: coverage 
percentage and mean reciprocal rank (MRR). Cover-
age percentage measures the frequency at which the 
correct disease is ranked within specified top positions 
(top 1, top 5, top 10, and top 20), with the average value 
used as the metric. MRR quantifies the average recipro-
cal rank of the correct disease across cases. This study 
focuses on the top 20 diseases, as lower-ranked diseases 
generally receive less clinical attention and exhibit score 
convergence. For both metrics, diseases ranked beyond 
the top 20 are assigned a rank of 21 to ensure consistent 
evaluation.

Evaluation of the Recommender module
The Recommender was assessed by comparing its sug-
gested HPO terms with those generated by GPT-4o and 
PhenoTips through the following three experiments:

(1)	 Impact on disease ranking confidence: For cases 
where the Ranker initially placed the target disease 
in the first position, we evaluated how adding the 
recommended HPO terms influenced ranking con-
fidence. Specifically, we measured the difference in 
ranking scores between the top-ranked disease and 
the second-ranked disease before and after incor-
porating the recommended terms.

(2)	 Improvement in disease ranking position: For cases 
where the Ranker initially ranked the target disease 
in the second or third position, we assessed the 
effectiveness of the recommended HPO terms by 
calculating the percentage of cases where the target 
disease moved to the first position after their inclu-
sion.

(3)	 Impact on overall disease ranking performance: For 
cases where the Ranker initially placed the target 
disease within the top three, we analyzed how add-
ing the recommended HPO terms affected overall 
ranking performance. This was quantified using the 
mean reciprocal rank (MRR) metric across multiple 
disease-ranking models, including PhenoDP, Phe-
noPro, and GDDP.

These experiments provide a comprehensive evaluation 
of the Recommender’s ability to enhance disease ranking 
accuracy and confidence.

Competing methods of PhenoDP’s Ranker
PhenoPro
PhenoPro [22] is a pathogenic gene ranking algorithm 
that prioritizes genes by integrating phenotype and vari-
ant data. It ranks diseases based on the probability of 
each phenotype being associated with a disease, using 
Bayesian principles and a one-sided KS test to assess the 
likelihood of a patient’s phenotypes. Diseases are then 
ranked according to their p values. The phenotype-only 
disease ranking function of PhenoPro is implemented 
via the Ranked_Score_Disease_Pheno function, which 
takes a set of HPO terms as input and outputs a ranked 
list of candidate diseases. PhenoPro is available at https://​
github.​com/​TianL​ab-​Bioin​fo/​Pheno​Pro.

GDDP  GDDP [21] is an online disease ranking tool. It 
introduces the ancestor nodes of the patient’s and dis-
ease’s HPO terms, weights these nodes based on IC val-
ues, constructs contingency tables, and applies Fisher’s 
exact test to measure the similarity between the patient’s 
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https://github.com/TianLab-Bioinfo/PhenoPro
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phenotypes and the disease. The GDDP website is https://​
gddp.​resea​rch.​cchmc.​org/, and the benchmark uses 
default algorithm settings.

Phen2Disease
Phen2Disease [25] is a recently proposed algorithm for 
pathogenic gene and disease ranking. Its design also fol-
lows the approach of ranking diseases first, then match-
ing genes. The algorithm weights HPO terms based on 
IC values and introduces a bidirectional set similarity 
measure, both patient-centric and disease-centric. The 
phenotype-only disease ranking function of Phen2Dis-
ease is executed using the scripts Phen2Disease-patient.
py and score2disease_patient.py. Phen2Disease is avail-
able at https://​github.​com/​ZhuLab-​Fudan/​Phen2​Disea​se.

Phrank
Phrank [20] is a classic algorithm for pathogenic gene and 
disease ranking. Its core disease ranking method expands 
the phenotypes of a disease by using gene-associated 
phenotypes, and it introduces a set similarity measure 
based on Bayesian networks and information theory. The 
phenotype-only disease ranking function of Phrank is 
implemented via the rank_diseases function. Phrank can 
be accessed at https://​github.​com/​meng-​ma-​biome​dical-​
AI/​F29_​Phrank.

LIRICAL  LIRICAL [24] is a Java-based application for 
pathogenic gene and disease ranking. It evaluates the 
likelihood of each disease by calculating the interpret-
able clinical genomics likelihood ratio (LR) between the 
patient’s phenotypes and the target disease. The tool gen-
erates an LR based on the probability of observing spe-
cific phenotypes with and without the target disease, sup-
porting diagnosis. The phenotype-only disease ranking 
function of LIRICAL is executed using the command-line 
argument –observed-phenotypes. LIRICAL is available at 
https://​github.​com/​TheJa​ckson​Labor​atory/​LIRIC​AL.

Phenomizer
Phenomizer [44] is an online disease ranking tool. It is 
the first tool to use HPO terms for phenotype-disease 
association profiling and is the recommended analysis 
tool by the HPO project. Its algorithm is primarily based 
on traditional information theory. Phenomizer is avail-
able at https://​compb​io.​chari​te.​de/​pheno​mizer.

Exomiser
Exomiser [11] is a computational tool designed to prior-
itize genes and variants in next-generation sequencing 
(NGS) data. However, Exomiser also features an “only 
phenotype” mode, enabling phenotype-driven prioriti-
zation, which we have incorporated into our evaluation. 

Exomiser is available at https://​github.​com/​exomi​ser/​
Exomi​ser.

Competing methods of PhenoDP’s Recommender
GPT‑4o
The prompt template designed for GPT-4o to gener-
ate recommended HPO terms is detailed in Additional 
file 2: Table S2. GPT-4o was accessed via its official web-
site (https://​chatg​pt.​com/), and the evaluation was con-
ducted using the version released on September 27, 2024. 
All cases were manually input into the chat interface to 
obtain the recommended terms.

PhenoTips
We utilized the latest open-source version of PhenoTips 
(https://​github.​com/​pheno​tips/​pheno​tips/). Given a case 
with a known target disease, we manually entered its 
associated HPO terms into PhenoTips and extracted the 
top recommended HPO terms.

Results
Overview of PhenoDP and its core modules
PhenoDP is an innovative tool designed to enhance dis-
ease diagnosis through comprehensive phenotype data 
analysis, comprising three core modules: the Summarizer, 
the Ranker, and the Recommender. The Summarizer har-
nesses DeepSeek-R1-671B’s advanced reasoning ability 
to fine-tune Bio-Medical-3B-CoT, producing high-qual-
ity, patient-centered clinical summaries from provided 
HPO terms. The Ranker compares a patient’s HPO term 
set against each OMIM disease using multiple similarity 
measures, producing a ranked list of possible diagnoses. 
Building on this, the Recommender suggests additional 
HPO terms that may refine the diagnosis, employing a 
contrastive learning framework to identify the most dis-
criminative phenotype terms. Collectively, these modules 
empower PhenoDP to deliver precise disease rankings 
enhanced with contextual insights, thereby facilitating 
improved clinical decision-making. The workflow of Phe-
noDP is illustrated in Fig. 1, with further details available 
in the Methods section.

PhenoDP’s Summarizer: utilizing DeepSeek‑R1 to generate 
high‑quality patient‑centered clinical summaries
To enhance the ability of the PhenoDP Summarizer to 
generate clinically relevant summaries, we undertook 
a systematic refinement process, involving multiple 
iterations of model training and evaluation. Initially, we 
fine-tuned the FlanT5-Base model using disease defini-
tions sourced from expert-curated databases: Orphanet 
and OMIM. Specifically, we used the “Definition” sec-
tion from Orphanet and the “Description” section from 
OMIM, as both provided concise and structured disease 

https://gddp.research.cchmc.org/
https://gddp.research.cchmc.org/
https://github.com/ZhuLab-Fudan/Phen2Disease
https://github.com/meng-ma-biomedical-AI/F29_Phrank
https://github.com/meng-ma-biomedical-AI/F29_Phrank
https://github.com/TheJacksonLaboratory/LIRICAL
https://compbio.charite.de/phenomizer
https://github.com/exomiser/Exomiser
https://github.com/exomiser/Exomiser
https://chatgpt.com/
https://github.com/phenotips/phenotips/
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information. We sampled 3000 disease entries from each 
dataset, concatenating the definitions of their associated 
HPO terms as input, with the disease definitions as tar-
gets. To prevent data leakage, we ensured that training 
and testing were conducted separately for each dataset. 
The fine-tuned models successfully outperformed the 
baseline FlanT5-Base in generating disease definitions 
(Fig. 2).

Despite these promising results, we realized that rely-
ing solely on disease definitions—whether from OMIM 
or Orphanet—posed significant limitations for the Sum-
marizer’s ultimate goal of producing real-world clinical 
summaries. Disease definitions are abstract and gener-
alized, offering broad descriptions that lack the nuance 
and patient-centered detail required for clinical practice. 
Without a dataset of paired clinical symptoms and sum-
maries, we turned to the SUMPUBMED dataset—a col-
lection of 33,772 biomedical documents commonly used 
for abstract generation in previous research. We selected 
the first 1000 documents, using the “Body” sections 
(background, results, and conclusions) as input to gener-
ate abstracts, and compared them to the gold-standard 
“Front” sections (summary). Surprisingly, the fine-tuned 
models underperformed the baseline FlanT5-Base, sug-
gesting that training on disease definitions did not trans-
late effectively to more complex summarization tasks like 
biomedical text abstraction (Fig. 2).

To overcome these limitations, we explored large-scale 
biomedical language models (LLMs) that are specifi-
cally optimized for healthcare applications. We adopted 
Bio-Medical-3B-CoT, a Qwen2.5-3B-Instruct variant 
released on January 7, 2025, which had been trained on 
over 600,000 biomedical samples with chain-of-thought 
prompting. Without additional fine-tuning, this model 

outperformed FlanT5-Base in both disease definition 
generation and SUMPUBMED abstract synthesis. We 
then fine-tuned Bio-Medical-3B-CoT separately on the 
OMIM and Orphanet datasets. While the fine-tuned 
model performed well in generating disease definitions, it 
struggled to synthesize coherent clinical narratives from 
sets of HPO terms—highlighting the challenge of adapt-
ing disease-focused training to more dynamic, patient-
oriented summarization tasks (Fig. 2).

To address the challenge of generating high-quality, 
patient-centered summaries, we turned to DeepSeek-
R1-671B, an advanced LLM renowned for its reason-
ing capabilities. We leveraged 8385 disease entries from 
OMIM and Orphanet, concatenating their HPO term 
definitions and crafting tailored prompts to instruct 
DeepSeek-R1-671B to generate detailed, patient-centered 
clinical summaries. A manual review confirmed that 
these outputs were of high quality, capturing the nuanced 
insights that clinicians rely on for decision-making. How-
ever, the computational demands of DeepSeek-R1-671B 
made it impractical for widespread deployment in a clini-
cal setting.

To create a more efficient solution, we applied knowl-
edge distillation to fine-tune Bio-Medical-3B-CoT using 
the patient-centered summaries and reasoning chains 
generated by DeepSeek-R1-671B. Figure  3a illustrates 
an example, showing the input text, prompt, undistilled 
model output, clinical summary with reasoning chains 
from DeepSeek-R1-671B, and the distilled model output. 
The resulting model, Bio-Medical-3B-CoT-R1-Distilled, 
retained the advanced capabilities of the larger model 
while being lightweight enough to run on standard hard-
ware. This distilled model demonstrated strong perfor-
mance in both SUMPUBMED abstract generation and a 

(See figure on next page.)
Fig. 1  The PhenoDP framework. PhenoDP consists of three core modules: the Summarizer, the Ranker, and the Recommender. a Deep learning 
architecture of PhenoDP. PhenoDP fine-tunes the pre-trained Bio-Medical-3B-CoT model using synthetic cases generated by DeepSeek-R1-671B 
to develop the Summarizer. The Summarizer’s encoder captures real-world semantic nuances by processing Human Phenotype Ontology 
(HPO) terms. Each HPO directed acyclic graph (DAG) node represents a term’s semantics, while edges encode term-to-term relationships, 
including anatomical and conceptual connections (e.g., between HP:0040279 [Frequency] and HP:0040283 [Occasional]). PhenoDP applies random 
masking and trains a graph convolutional network (GCN) via unsupervised learning, creating the PSD-HPOEncoder to generate hidden embeddings 
for all nodes. These embeddings treat phenotype terms as tokens and diseases as sentences, enabling the PCL-HPOEncoder to produce 
representations for patient or disease phenotype sets using the CLS token. b Workflow of the HPO Recommender. Given a patient’s phenotype set 
and candidate diseases, the Recommender suggests additional symptoms. For each candidate disease, an unobserved phenotype term is added 
to the patient’s set. This augmented set, along with the term sets of all candidate diseases, is processed by the PCL-HPOEncoder to generate 
embeddings. Positive pairs are formed from disease-patient embedding pairs, while others are treated as negatives. The InfoNCE score is calculated 
for each symptom, generating relevance scores. c Functional overview of PhenoDP. The Summarizer generates a patient-centered clinical 
summary based on the patient’s phenotype. The Ranker evaluates candidate diseases using three similarity metrics: (1) IC-based similarity, derived 
from information theory and phenotype-disease relationships; (2) phi-based similarity, calculated using the phi coefficient after considering shared 
ancestor terms between the patient and disease; and (3) semantic-based similarity, obtained by computing the cosine similarity between hidden 
embeddings generated by the PSD-HPOEncoder. The Ranker outputs a list of candidate diseases with corresponding scores, and the coefficient 
of variation (CV) is calculated—higher CV values indicate higher confidence in the ranking, while lower values suggest insufficient symptom data. 
Finally, the Recommender suggests additional symptoms based on the ranked diseases
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Fig. 1  (See legend on previous page.)
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test set of unseen clinical summaries produced by Deep-
Seek-R1-671B (Fig. 3b).

This enhancement ensures that PhenoDP’s Summarizer 
not only achieves its original objective of structured clini-
cal summary but also adapts to the complexities of real-
world medical decision-making, making it a useful tool 
for clinicians.

PhenoDP’s Ranker: strong disease ranking performance 
across simulated and real‑world datasets
We evaluated PhenoDP’s ability to prioritize target dis-
eases based on a patient’s HPO terms using both simu-
lated and real-world datasets. PhenoDP was compared to 
seven competing methods: PhenoPro, GDDP, Phen2Dis-
ease, Phrank, LIRICAL, Phenomizer, Exomiser. It is 
important to note that Phenomizer was only assessed in 
two of the three real-world datasets due to its nature as 
an online tool, making it impractical to run on the simu-
lated datasets and one of the real-world datasets, which 
contain thousands of patients.

We constructed four types of simulated datasets 
representing patient phenotypic data: Precise Only, 2 
Precise + 1 Imprecise, 2 Precise + 1 Noise, and Mixed, 
ordered by increasing difficulty (refer to the Meth-
ods section for simulation details). As illustrated in 
Fig.  4a–d, all methods exhibited a decline in coverage 
percentage with stricter criteria; however, PhenoDP 
consistently attained higher coverage percentages 
across all datasets. Notably, PhenoDP more frequently 
ranked the target disease within the top 20 than other 

methods, demonstrating its superior performance in 
these simulated scenarios. When compared to Phe-
noPro, which ranked second in coverage, PhenoDP 
achieved an average improvement of 11.7% across all 
datasets, with a significant 10.4% improvement in the 
more complex Mixed dataset. Additionally, PhenoDP 
outperformed all other methods in terms of mean 
reciprocal rank (MRR), achieving the highest over-
all MRR, while PhenoPro ranked second. PhenoDP’s 
average MRR improvement over PhenoPro was 12.6%, 
highlighting its effectiveness in prioritizing the correct 
diagnosis at the top of the ranked list (Fig. 4e).

We further assessed PhenoDP’s real-world applicabil-
ity using three patient phenotype datasets derived from 
actual clinical cases, with detailed data acquisition infor-
mation provided in the Methods section. The first data-
set contained 381 cases provided by LIRICAL [24]. The 
second dataset included 130 manually curated cases from 
published articles on genetic and rare diseases, compiled 
by our team. The third dataset consisted of 5485 cases, 
recently updated by LIRICAL [40]. Both the first and 
third datasets included annotated HPO terms and the 
diagnosed disease for each case. For the second data-
set, diagnosed diseases were sourced from the articles, 
while HPO terms were extracted from patient symptom 
descriptions using automated tools, such as PhenoBERT, 
ClinPhen, and PhenoTagger. Notably, all disease ranking 
methods performed optimally with HPO terms extracted 
by PhenoBERT (Additional file  2: Table  S3), which we 
used for the second dataset.

Fig. 2  Evaluation results of disease definition generation and medical abstract summarization performance. Top. Performance of FlanT5 
and Bio-Medical-3B-CoT in disease definition generation before and after fine-tuning. “FlanT5” and “Bio-Medical” denote the original models, while “ + 
lora” indicates fine-tuning with specific datasets. “(OMIM)” and “(Orphanet)” represent training on 3000 randomly sampled OMIM and Orphanet 
disease entries, respectively, with testing conducted on the remaining entries (1731 for OMIM, 654 for Orphanet). Bottom. Performance of FlanT5 
and Bio-Medical-3B-CoT in medical abstract summarization before and after fine-tuning. Models were trained using the described methods, 
with the prompt “Summarize the following text: {Text Input}” applied consistently during training and testing. Identical parameters were used 
for both training and evaluation
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PhenoDP’s Ranker consistently outperformed all other 
methods across the three datasets, achieving an improve-
ment of 8.1%, 8.6%, and 2.6% over the second-best 

approach in the first, second, and third datasets, respec-
tively (Fig. 5a–c). GDDP ranked second in the first data-
set, while PhenoPro ranked second in the second and 

Fig. 3  Model distillation process and evaluation of text summarization performance before and after distillation. a Example of the distillation 
process for the disease capillary malformation-arteriovenous malformation 2 (OMIM:618196), annotated with six HPO terms. Definitions 
of these HPO terms were concatenated and input into a fixed template to generate model inputs. The leftmost boxes represent the output text 
(synthesized patient-centered summary) and chain-of-thought (CoT) from DeepSeek-R1-671B. The middle boxes show the output and CoT 
from the unmodified Bio-Medical-3B-CoT model, while the rightmost boxes display the output and CoT from the distilled model. b Evaluation 
of text summarization performance before and after distillation. “OMIM-Synthesized Case” and “Orphanet-Synthesized Case” were generated using 
synthesized patient-centered summaries and CoTs from 3000 randomly selected disease entries (from OMIM or Orphanet) as training templates, 
with synthesized summaries from the remaining entries used for testing. In both evaluations, “R1-Distill” represents the fine-tuned model, 
while Bio-Medical-3B-CoT remained unmodified. “SUMPUBMED” is an independent medical literature summarization dataset, with the first 1000 
articles and their summaries used for evaluation
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third datasets. In the second dataset, PhenoDP’s supe-
rior performance was maintained across HPO terms 
extracted by the other tools as well (Additional file  2: 
Table S3).

Following PhenoDP’s ranking, we calculated the coef-
ficient of variation (CV) for the scores of the top three 
diseases. A higher CV indicates greater variability among 
the top disease scores, which we hypothesized could 
signal the presence of the true target disease among the 
top-ranked options. Our findings supported this hypoth-
esis: in real-world dataset 1, the high CV group (CV > 2) 
exhibited an MRR of approximately 0.7, significantly 

higher than the low CV group (MRR: 0.256, p = 1.18 
× 10−26). Similarly, in real-world dataset 2, the high CV 
group had an MRR of 0.555, compared to 0.378 in the 
low CV group (p = 0.014). In real-world dataset 3, the 
high CV group exhibited an MRR of 0.570, compared to 
0.367 in the low CV group (p < 1 × 10−100) (Fig. 5d).

The Ranker combines three similarity-based metrics—
IC-based, phi-based, and semantic-based similarity—to 
rank diseases. Further analysis revealed that IC-based 
similarity played the most crucial role (Additional file 1: 
Fig. S1a), while phi-based similarity also contributed sig-
nificantly. In contrast, the contribution of semantic-based 

Fig. 4  Performance of PhenoDP’s Ranker on simulated datasets. a–d depict the coverage percentage of various disease ranking methods 
across four simulated datasets: “Precise Only”, “2 Precise + 1 Imprecise”, “2 Precise + 1 Noise” and “Mixed”. The first three datasets each contain three 
terms, while the “Mixed” dataset includes two precise terms, one imprecise term, and one noise term. Each dataset consists of 3000 samples. 
Coverage percentage indicates the proportion of cases where the ranking tool places the target disease (i.e., the true disease) within a specific rank. 
e shows a bar chart comparing the mean reciprocal rank (MRR) for each method across the four simulated datasets. MRR measures the average 
reciprocal rank of the target disease, providing an overall assessment of ranking accuracy
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similarity was minimal, possibly due to real semantic data 
being derived from a limited dataset.

In conclusion, PhenoDP’s Ranker consistently out-
performs other methods across both simulated and 
real-world datasets, providing significant advantages in 
coverage percentage and MRR. These results underscore 
its robustness and effectiveness in accurately prioritizing 
diagnoses, particularly in complex clinical scenarios.

PhenoDP’s Recommender: suggesting relevant symptoms 
for clinical assessment
In numerous clinical cases, the observed symptoms 
(HPO terms) may prove insufficient for accurately dif-
ferentiating the target disease from other conditions 
with similar presentations. To address this challenge, we 
developed a Recommender system that suggests addi-
tional symptoms for clinicians to consider based on the 
patient’s observed symptoms. The effectiveness of this 
Recommender was evaluated through three benchmark 
scenarios.

In the first scenario, for cases where the Ranker initially 
placed the target disease in the first position, we evalu-
ated the impact of incorporating the recommended HPO 

terms on ranking confidence. Specifically, we measured 
the difference in ranking scores between the top-ranked 
disease and the second-ranked disease before and after 
adding the suggested terms, assessing how the inclusion 
of these terms influenced the disease ranking confidence.

In the second scenario, for cases where the Ranker 
initially ranked the target disease in the second or third 
position, we assessed the effectiveness of the recom-
mended HPO terms by calculating the percentage of 
cases in which the target disease moved to the first posi-
tion after their inclusion, thereby measuring the improve-
ment in ranking position.

In the third scenario, for cases where the Ranker ini-
tially placed the target disease within the top three, we 
analyzed how adding the recommended HPO terms 
affected overall ranking performance. This was quantified 
using the mean reciprocal rank (MRR) metric, which was 
applied across multiple disease-ranking models, includ-
ing PhenoDP, PhenoPro, GDDP, Phen2Disease, and 
LIRICAL.

For comparison, we included the latest version of 
GPT-4o and PhenoTips in the benchmark. A spe-
cific prompt was designed for GPT-4o, wherein it was 

Fig. 5  Performance of PhenoDP’s Ranker on real-world datasets. a–c Line plot showing the coverage percentage of different disease ranking tools 
across three real-world datasets respectively (N = 381; N = 130; N = 5485). d Bar plot of the mean reciprocal rank (MRR) of disease ranking results 
generated by PhenoDP, with cases grouped according to their coefficient of variation (CV) values. These groups are based on PhenoDP’s ranking 
results, considering three candidate diseases for each case. A CV threshold of 2 is used, with cases categorized as high CV (above 2) and low CV (2 
or below)
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provided with the symptoms (HPO terms) for both the 
target and competing diseases, alongside the observed 
patient symptoms. GPT-4o was then instructed to rec-
ommend an additional symptom that would aid in diag-
nosing the patient with the target disease. The prompt 
templates utilized in this comparison are outlined in 
Additional file 2: Table S2. For PhenoTips, given a case 
with a known target disease, we manually entered its 
associated HPO terms into PhenoTips online webpage 
and extracted the top recommended HPO terms.

In the first scenario, the Recommender consistently 
outperformed both GPT-4o and PhenoTips in increas-
ing the score difference between the top-ranked target 
disease and the second-ranked disease (Fig. 6a). Among 
195 cases where the Ranker placed the target disease in 
the top position (N = 150 in real-world dataset 1, N = 
45 in real-world dataset 2), the Recommender achieved 
an average score improvement of 0.086, significantly 
surpassing GPT-4o’s improvement of 0.071 (p = 5.63 
× 10−4, paired t-test) and PhenoTips’ improvement of 
0.0581 (p = 5.04 × 10−9) (Fig. 6b).

In the second scenario, the Recommender success-
fully elevated the target disease to the top-ranked posi-
tion in 78.1% of cases, markedly outperforming GPT-4o 
(53.4%) and PhenoTips (23.3%) (Fig. 6c). In the third sce-
nario, incorporating HPO terms suggested by the Rec-
ommender resulted in superior performance across all 
methods, as evidenced by higher MRR scores compared 
to those suggested by GPT-4o or PhenoTips (Fig.  6d). 
This finding underscores the superior quality of the Rec-
ommender’s suggestions in more effectively distinguish-
ing the target disease.

Illustrating the Recommender: case study 1
In this scenario, a patient was diagnosed with Immuno-
deficiency 103 (OMIM:212050, IMD103). The patient 
presented with symptoms including increased circulating 
IgE concentration, eosinophilia, increased circulating IgG 
concentration, lymphopenia, abnormal proportions of 
CD8-positive T cells, nail dystrophy, chronic oral candid-
iasis, and abnormal proportions of CD4-positive T cells. 
While PhenoDP’s Ranker correctly identified IMD103 

Fig. 6  Performance of PhenoDP’s Recommender on real-world datasets. a–b Scatter plots comparing the score differences 
between the top-ranked and second-ranked diseases after term recommendations and re-ranking by PhenoDP’s Recommender versus GPT-4o/
PhenoTips, evaluated on 195 cases (150 cases from real-world dataset 1 and 45 cases from real-world dataset 2, where PhenoDP’s Ranker initially 
ranked the target disease as top 1). The y-axis represents score differences for GPT-4o/PhenoTips, while the x-axis shows those for PhenoDP. The 
black dashed line indicates equality, with red points denoting cases where PhenoDP performed as well or better than GPT-4o/PhenoTips, and blue 
points where GPT-4o/PhenoTips outperformed PhenoDP. c Histogram showing the percentage of cases where the target disease moved to the top 
1 position after term recommendation by PhenoDP, GPT-4o, and PhenoTips, evaluated on 73 cases (51 cases from real-world dataset 1 and 22 cases 
from real-world dataset 2, where PhenoDP’s Ranker initially ranked the target disease as top 2 or top 3). d Comparison of mean reciprocal rank (MRR) 
between PhenoDP and GPT-4o/PhenoTips after term recommendation. Results are based on re-ranking by PhenoDP, PhenoPro, GDDP, Phrank, 
Phen2Disease, and LIRICAL after adding the first recommended term to the HPO set for a total of 268 cases (195 cases + 73 cases)
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as the top-ranked disease, the scores for the second and 
third-ranked diseases—Immunodeficiency 25 (IMD25) 
and Immunodeficiency 23 (IMD23)—were close, with 
scores of 0.800 for IMD103, 0.742 for IMD25, and 0.704 
for IMD23.

To better distinguish IMD103 from IMD25 and 
IMD23, the Recommender suggested “Lymphadenopa-
thy” (HP:0002716), while GPT-4o proposed “Hypere-
osinophilia” (HP:0032061), and PhenoTips recommended 
“Protracted diarrhea” (HP:0032061). Incorporating the 
Recommender’s suggestion raised IMD103’s score to 
0.832, further separating it from IMD25 (0.708) and 
IMD23 (0.670). In contrast, adding GPT-4o’s suggested 
term increased IMD103’s score to 0.817, with IMD25 
at 0.729. However, using PhenoTips’ recommendation 
caused IMD103 to drop to second place (0.764), while 
IMD25 rose to the top (0.774), leading to an incorrect 
ranking.

Supporting this finding, a related study documented 
lymph node enlargement in 9 out of 15 patients with fun-
gal infections and CARD9 mutations [45], the causative 
gene of IMD103. Meanwhile, increased eosinophils, diar-
rhea, or protracted diarrhea have been reported in cases 
of IMD103, IMD25, and IMD23 [46–48], suggesting that 
the latter two suggested terms lacked specificity in distin-
guishing IMD103.

Case study 2
In this scenario, a patient was diagnosed with Catecho-
laminergic Polymorphic Ventricular Tachycardia-3 
(OMIM:614021, CPVT3), presenting with symptoms 
such as atrial arrhythmia, abnormal QT interval, ven-
tricular arrhythmia, cardiac arrest, syncope, prolonged 
QT interval, and ventricular fibrillation. Initially, Pheno-
DP’s Ranker placed Short QT syndrome 2 (SQT2) in the 
top position with a score of 0.809, followed by Long QT 
syndrome 6 (LQT6) at 0.805, while CPVT3 ranked third 
with a score of 0.795. Incorporating the Recommender’s 
suggested term—“Polymorphic ventricular tachycar-
dia” (HP:0031677)—elevated CPVT3 to the top position 
with a score of 0.835, while SQT2 dropped to third place 
(0.756) and LQT6 fell to fifth (0.751). The new second-
ranked disease was Cardiac arrhythmia syndrome, with 
or without skeletal muscle weakness (OMIM: 615441, 
CARDAR), with a score of 0.792.

GPT-4o recommended “Juvenile onset” (HP:0003621), 
which, when included, increased CPVT3’s score to 0.857 
at the top position, but ranked Long QT syndrome 9 
(OMIM: 611818, LQT9) second with a close score of 
0.830. Notably, both SQT2 and LQT6 have also been 
associated with juvenile onset [49, 50], reducing the spec-
ificity of this feature for CPVT3. Despite CPVT3 moving 
to the top position after adding the terms suggested by 

the Recommender and GPT-4o, the narrow score dif-
ferences between CPVT3 and other top-ranked diseases 
suggested the need for additional distinguishing features.

In contrast, PhenoTips recommended “Abnormality of 
the ear” (HP:0000598), after which CPVT3 remained in 
third place (0.782), while SQT2 retained the top position 
(0.799). This result underscores the importance of select-
ing highly relevant phenotypic terms to enhance disease 
differentiation.

In conclusion, the Recommender module of PhenoDP 
has demonstrated strong performance in enhancing dis-
ease differentiation and improving diagnostic accuracy 
by effectively suggesting additional symptoms. It outper-
formed both GPT-4o, a state-of-the-art generative lan-
guage model, and PhenoTips, a tool specifically designed 
for phenotype-based disease prioritization. While GPT-
4o is not specifically optimized for HPO term recom-
mendation, making its lower performance unsurprising, 
the Recommender’s superior results compared to Phe-
noTips highlight its effectiveness in refining differential 
diagnoses. With its innovative design and consistent 
performance across diverse datasets, PhenoDP’s Recom-
mender proves to be a valuable tool for clinicians navi-
gating complex diagnostic challenges.

Finally, we integrated the Summarizer, Ranker, and 
Recommender to generate structured clinical reports 
using a tailored Summarizer prompt (see Additional 
file  2: Table  S4). The report includes patient-centered 
symptoms derived from HPO terms, probable diagno-
ses ranked by the Ranker, and additional symptoms for 
differential diagnosis suggested by the Recommender. 
Figure 7 presents an example for case 1. Notably, in this 
example, the language model also suggested FGFR2 
and TNXB as candidate genes. While our prompt did 
not request gene prioritization, this output reflects the 
model’s tendency to incorporate inferred biological asso-
ciations when not explicitly restricted. The suggestion of 
FGFR2 is biologically plausible, as the epithelial isoform 
FGFR2b is critical for normal morphogenesis of the skin 
and related structures, and its disruption has been associ-
ated with impaired skin elasticity and cutis laxa-like fea-
tures (Katoh [51]). The suggestion of TNXB is even more 
consistent with current biological knowledge, as TNXB 
has been identified as a causative gene for Ehlers-Danlos 
syndrome, according to the report by Vanakker et al. [52].

Discussion
PhenoDP introduces a new approach in the field 
of genetic disease diagnostics, leveraging large lan-
guage models (LLMs) and deep learning methodolo-
gies to address ongoing challenges in clinical practice. 
By comprising three core modules—the Summarizer, 
Ranker, and Recommender—PhenoDP introduces a 
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Fig. 7  Example of a structured clinical report generated by the summarization model. The case from case study 1 was used, with the prompt 
provided in Additional file 2: Table S4
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comprehensive toolset that enhances diagnostic work-
flows through automated case report generation, robust 
disease ranking, and precise symptom recommendation. 
These innovations contribute to a more accurate, effi-
cient, and scalable diagnostic process, positioning Phe-
noDP as a valuable tool in modern healthcare.

The Summarizer module represents a significant 
advancement in generating patient-centered clinical sum-
maries, a critical component for clinical decision-making. 
Our results demonstrate that while fine-tuning language 
models like FlanT5-Base on static disease definitions 
from Orphanet and OMIM improved disease description 
generation, this approach did not translate effectively to 
the dynamic, nuanced task of clinical summarization. 
The performance gap observed using the SUMPUBMED 
benchmark underscored the need for models that can 
capture the rich contextual detail of real-world clinical 
scenarios. By leveraging DeepSeek-R1-671B’s advanced 
reasoning capabilities and subsequently distilling its 
performance into Bio-Medical-3B-CoT, we developed 
Bio-Medical-3B-CoT-R1-Distilled—a lightweight yet 
powerful model that excels in generating high-quality, 
patient-centered summaries. This refined Summarizer 
now seamlessly integrates with PhenoDP’s Ranker and 
Recommender to deliver structured clinical reports fea-
turing tailored case summaries, probable diagnoses, 
and additional differential symptoms. Moving forward, 
potential improvements include further fine-tuning on 
larger, more diverse clinical datasets and incorporating 
real-time feedback from clinical experts to enhance the 
model’s ability to capture evolving clinical language and 
context-specific nuances.

The Ranker module integrates three similarity-based 
measures—IC-based, phi-based, and semantic-based 
similarity—to prioritize diseases based on patient phe-
notypes. Among these, the IC-based similarity measure 
is particularly impactful, leveraging the Jiang and Con-
rath method, which has consistently outperformed other 
similarity metrics [25]. This method’s effectiveness is aug-
mented by a bidirectional weighting system, which miti-
gates noise commonly associated with disease-centric 
data. Phi-based similarity complements this by incorpo-
rating ancestral information and indirectly factoring in 
disease-specific similarities. Semantic-based similarity, 
though limited by the size of its training dataset, still con-
tributes to improved disease ranking. Future iterations of 
PhenoDP should focus on expanding the dataset used for 
semantic training [53] and refining its integration, which 
could further enhance ranking performance. Notably, 
the Ranker also exhibits impressive computational effi-
ciency, maintaining minimal time overhead when pro-
cessing input sets with variable numbers of HPO terms 
(Additional file  1: Fig. S1c). This scalability underscores 

its suitability for real-world clinical environments where 
rapid and accurate diagnoses are imperative [12].

The relationship between the Summarizer and Ranker 
modules is critical to understanding the overall perfor-
mance of PhenoDP. Importantly, the Summarizer was 
fine-tuned to generate coherent and clinically relevant 
summaries from concatenated HPO definitions rather 
than to differentiate between diseases. Although this 
process may capture some phenotype co-occurrence pat-
terns, our experiments demonstrate that these patterns 
do not inadvertently enhance disease ranking. For exam-
ple, when we compared cosine similarities of specific 
HPO term groups using both the base FlanT5 model and 
its fine-tuned counterpart or the Bio-Medical-3B-CoT 
model and the distilled model, we observed no significant 
improvement in ranking the correct disease (Additional 
file  1: Fig. S2a, b). Moreover, the node vectors derived 
from the Summarizer, when used in the graph model, 
yielded consistent Ranker performance regardless of 
the source model (Additional file  1: Fig. S2c). This sug-
gests that the advantage in disease differentiation is more 
dependent on the underlying model architecture and pre-
training data—evidenced by the superior performance 
of the Bio-Medical model over FlanT5—than on fine-
tuning aimed at improving summary quality. Thus, the 
design of the Summarizer module, focused on enhancing 
clinical summary generation, does not compromise the 
evaluation of the Ranker’s performance in distinguishing 
diseases.

The Recommender addresses the challenge of iden-
tifying unobserved but relevant symptoms by using 
contrastive learning. By utilizing a contrastive learning 
approach, the Recommender predicts missing symptoms 
based on observed data, thus aiding clinicians in refin-
ing the diagnostic process. Case studies demonstrate the 
module’s capacity to suggest overlooked symptoms that 
enhance diagnostic accuracy. Nonetheless, further devel-
opment, including the incorporation of real-world HPO 
term frequencies and gene-phenotype relationships [54], 
would improve the accuracy and relevance of recom-
mendations. Additionally, expanding the Recommender’s 
ability to account for more complex and variable pheno-
typic presentations would increase its clinical utility and 
adaptability [55]. However, the phenotype annotations 
from resources such as OMIM and Orphanet may be 
incomplete or biased toward well-documented features. 
Consequently, the recommended HPO terms may not 
always provide effective discriminatory power in real-
world scenarios, especially when the phenotype spec-
trum of diseases is broader or underreported. We also 
observed that the model may occasionally generate can-
didate gene suggestions, even without explicit prompting. 
While such outputs can reflect biologically meaningful 
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associations—as in the case of FGFR2 and TNXB—they 
should be interpreted cautiously. These inferences are 
shaped by the model’s training data and are not validated 
clinical recommendations. Users should evaluate such 
suggestions within the appropriate clinical or experimen-
tal context.

Looking ahead, PhenoDP’s modular design provides a 
robust foundation for future enhancements. Key areas of 
development include the integration of gene-phenotype 
associations, expansion of the semantic data corpus, and 
leveraging advancements in long-token processing technol-
ogies. These improvements will enhance diagnostic accu-
racy while ensuring adaptability to evolving clinical needs.

In conclusion, PhenoDP represents a transformative 
platform for genetic disease diagnostics through its inte-
gration of advanced large language models (LLMs) and 
deep learning techniques. This integration streamlines 
clinical workflows and enhances diagnostic processes. 
With continued refinement, it has the potential to further 
revolutionize clinical workflows, offering healthcare pro-
fessionals more personalized, data-driven, and efficient 
diagnostic support.

Conclusions
PhenoDP offers a transformative approach to Mende-
lian disease diagnosis by integrating deep learning into 
a modular, phenotype-centric framework. Its three core 
modules—Summarizer, Ranker, and Recommender—col-
lectively address key diagnostic challenges, delivering 
structured clinical summaries, accurate disease prioriti-
zation, and context-aware symptom recommendations.

The Summarizer, leveraging a distilled large lan-
guage model, generates patient-centered clinical sum-
maries that provide actionable insights for clinicians. 
The Ranker, combining multiple similarity measures, 
achieves superior disease prioritization, as demonstrated 
by its consistent outperformance of existing tools across 
simulated and real-world datasets. The Recommender, 
powered by contrastive learning, enhances differential 
diagnosis by suggesting discriminative HPO terms, out-
performing both traditional systems and advanced gen-
erative models like GPT-4o.

With its open-source availability and modular design, 
PhenoDP seamlessly integrates into clinical workflows, 
offering scalability and adaptability. Future enhance-
ments, such as incorporating gene-phenotype asso-
ciations and expanding semantic data, will further 
strengthen its diagnostic capabilities. By improving accu-
racy, efficiency, and transparency, PhenoDP empowers 
clinicians to make faster, more confident decisions, mark-
ing a significant step forward in rare disease diagnostics.
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