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Abstract 

Background  Whole genome sequencing offers significant potential to improve the diagnosis and treatment of rare 
diseases by enabling the identification of thousands of rare, potentially pathogenic variants. Existing variant prioriti-
sation tools can be complemented by approaches that incorporate phenotype specificity and provide contextual 
biological information, such as tissue or cell-type specificity. We hypothesised that integrating single-cell gene expres-
sion data into phenotype-specific models would improve the accuracy and interpretability of pathogenic variant 
prioritisation.

Methods  To test this hypothesis, we developed IMPPROVE, a new tool that constructs phenotype-specific ensemble 
models integrating CADD scores with bulk and single-cell gene expression data. We constructed a total of 1,866 Ran-
dom Forest models for individual HPO terms, incorporating both bulk and single cell expression data.

Results  Our phenotype-specific models utilising expression data can better predict pathogenic variants in 90% 
of the phenotypes (HPO terms) considered. Using single-cell expression data instead of bulk benefited the models, 
significantly shifting the proportion of pathogenic variants that were correctly identified at a fixed false positive rate 
(p < 10

−30 , using an approximate Wilcoxon signed rank test). We found 57 phenotypes’ models exhibited a large per-
formance difference, depending on the dataset used. Further analysis revealed biological links between the pathol-
ogy and the tissues or cell-types used by these 57 models.

Conclusions  Phenotype-specific models that integrate gene expression data with CADD scores show great prom-
ise in improving variant prioritisation. In addition to improving diagnostic accuracy, these models offer insights 
into the underlying biological mechanisms of rare diseases. Enriching existing pathogenicity-related scores with gene 
expression datasets has the potential to advance personalised medicine through more accurate and interpretable 
variant prioritisation.

Keywords  Rare disease, Variant prioritisation, Machine learning, Random forest, Interpretable models, Whole 
Genome sequencing

Background
Rare disease diagnosis remains an immense challenge. 
While specific rare diseases are singularly uncommon, 
collectively rare diseases are prevalent, with 250–450 
million people estimated to be affected globally [1]. In 
addition to the burden on patients and their families [2], 
rare diseases create a large cost on the healthcare system, 
around a trillion dollars in America alone [3]. Diagnosis 
is complicated by the asymmetry between the total num-
ber of people affected overall and the rarity of individual 
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diseases. Furthermore, the symptoms of rare diseases can 
overlap with more common conditions, increasing the 
risk of misdiagnosis.

Whole Genome Sequencing (WGS) has emerged as a 
valuable tool for rare disease diagnosis due to its com-
prehensive coverage of the genome. WGS allows for the 
detection of a wider range of potential disease-causing 
variants, including those in regulatory regions or involv-
ing complex genomic rearrangements. As WGS becomes 
more cost-effective, it is increasingly preferred as the first 
line of testing in rare disease cases [4, 5]. With 72% of 
rare diseases thought to be genetic [1], genetic testing is 
a critical avenue for rare disease diagnosis. When paired 
with well-annotated clinical datasets, WGS can provide 
key insights into the underlying genetic basis of rare 
diseases, facilitating more accurate diagnoses and per-
sonalised treatments. However, applying these insights 
in practice remains challenging. Despite substantial and 
ongoing work, individual rare disease diagnosis is ham-
pered by a paucity of clinical and genetic data, making 
genotype–phenotype correlations tenuous.

Databases such as ClinVar and the Human Phenotype 
Ontology (HPO) serve as valuable resources for linking 
genetic variants to disease. ClinVar [6] catalogues a grow-
ing number of clinically verified pathogenic and benign 
variants, while the HPO offers a hierarchy of phenotypes, 
and associations between phenotypic features and genes. 
Together with efforts like Online Mendelian Inheritance 
in Man (OMIM), Orphanet, and the DatabasE of Chro-
mosomal Imbalance and Phenotype in Humans using 
Ensembl Resources (DECIPHER), these resources pro-
vide an essential diagnostic reference for clinicians and 
researchers. These datasets provide a valuable foundation 
for variant interpretation, and our approach takes advan-
tage of the potential from combining these resources to 
enhance variant prioritisation.

With burgeoning biomedical datasets, many variant 
prioritisation tools have been developed over the last 
decade to help identify potentially pathogenic variants. 
Various omics datasets form the core of different pri-
oritisation tools. Some approaches focus on functional 
genomics [7], or proteomics specifically [8], with each 
approach providing unique benefits to variant prioritisa-
tion. The value of phenotype information is well-estab-
lished [9], and has been incorporated into tools such as 
eXtasy [10], PhenGen [11], Exomiser [12], and AMELIE 
[13]. In these tools, phenotype data is typically used at a 
late stage of the variant prioritisation process to re-rank 
or filter candidate variants. Our previous work on VARPP 
[14] provided an early demonstration that phenotype-
specific models can be derived from general-purpose 

in-silico pathogenicity scores by linking gene expression 
data with HPO terms.

Alongside the exploration of data sources, significant 
effort has been directed towards the development of 
more sophisticated models to improve prediction accu-
racy [15, 16]. Some models combine outputs from mul-
tiple predictors to optimise predictive performance [17, 
18]. While these more complex meta-predictors can 
provide high-quality predictions, these methods are 
difficult to interpret, complicating the model inspection 
and explainability. Beyond identifying the pathogenic 
variant, interpretable models that can explain predic-
tions are able to support clinical decision-making and 
guide research. Interpretability is particularly impor-
tant when trying to identify key features of a rare dis-
ease (relevant tissues and cell-types in this study), 
and in the development of targeted therapeutic inter-
ventions [19, 20]. There remains an ongoing need for 
simple, interpretable tools to prioritise rare disease var-
iants effectively.

Recent advances in single-cell RNA sequencing offer 
new opportunities to improve the biological relevance 
of features used in variant prioritisation models. Sin-
gle-cell data provides unprecedented resolution by 
capturing gene expression profiles of individual cells. 
This granularity enables the identification of cell-type-
specific expression patterns and rare cell populations. 
These patterns, lost in the blending of cell populations 
in bulk RNA-seq data, provide a deeper understanding 
of cellular heterogeneity and its role in disease. We also 
know that some heritable differences in gene function 
are captured in the stochasticity of gene expression, 
which is observable on a cell-to-cell basis but lost by 
averaging [21]. Integrating single-cell data with vari-
ant prioritisation approaches could improve the accu-
racy of genotype–phenotype correlations and enhance 
interpretability, giving clinicians insights into disease 
mechanisms and providing diagnostic guidance.

Given these advances, we hypothesise that incorpo-
rating single-cell gene expression data into phenotype-
specific models will improve both the interpretability 
and accuracy of pathogenic variant prioritisation. To 
test this hypothesis and address the need for inter-
pretable phenotype-specific tools integrating expres-
sion data, we have built on VARPP [14] to develop 
IMPPROVE: an Interpretable Modular Platform for the 
Prediction of Relevant Obscure Variants by Expression. 
IMPPROVE utilises Random Forest models, a machine 
learning method known for effectively balancing pre-
dictive accuracy and interpretability. We evaluate the 
predictive performance and interpretability of models 
using bulk and single-cell RNA-seq data. This combi-
nation of biological context with interpretable models 
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provides researchers and clinicians with a tool to iden-
tify pathogenic variants and understand the biological 
rationale behind predictions, uncovering novel disease 
mechanisms and improving diagnostic outcomes.

Methods
Experimental design
IMPPROVE serves as a framework for building ensemble 
model-based pathogenicity predictors, and generating 
variant reports. The framework allows for flexible selec-
tion of a baseline pathogenicity score, gene expression 
dataset, and ensemble model. It is implemented within 
a containerised computational pipeline, providing flex-
ibility and reproducibility across computational envi-
ronments. To test our hypothesis effectively, we selected 
Combined Annotation Dependent Depletion (CADD) 
phred scores (version 1.6) as the baseline pathogenicity 
score, and Random Forests as the ensemble model. These 
components were chosen for their well-established use, 
allowing us to demonstrate the value of bulk and single-
cell expression data. This experimental setup enables rig-
orous evaluation of how gene expression data contributes 
to variant prioritisation.

CADD scores [22] predict the deleteriousness of Single 
Nucleotide Variants (SNVs) by combining genetic con-
servation scores, epigenetic modifications, functional 
predictions, and genetic context. Moreover, CADD’s 
independence from ClinVar is crucial to avoid potential 
circularity. Circularity can occur if model performance 
is evaluated using data that overlaps with training data, 
biasing results. Since we use pathogenic variants from 
ClinVar to label pathogenic variants in the training and 
testing data, it is important to use a score like CADD that 
is independent of ClinVar.

Random Forests are a widely known ensemble machine 
learning model. They were chosen in our study for their 
balance of accuracy and interpretability. A Random For-
est is comprised of many individual decision trees, which 
make predictions through a series of yes/no questions 
about the data (e.g., “is the number of transcripts per mil-
lion of this gene in heart tissue greater than this thresh-
old?”). The cumulative nature of these decisions enables 
us to identify the key features contributing to patho-
genicity predictions, making them particularly suitable 
for investigating phenotype-specific effects of variants. 
Random Forests are highly interpretable, not prone to 
overfitting, and straightforward to train.

Data sources
IMPPROVE requires per-phenotype tabular datasets to 
learn rules that predict variant pathogenicity using gene 
expression. This section provides a high-level overview of 
how we construct phenotype-specific expression datasets 

from public resources. The preparation workflow is out-
lined in Fig.  1, with more detail on the individual steps 
given in subsections.

Starting with a list of phenotypes, given as HPO terms, 
we associate each phenotype with a list of genes using 
Phen2Gene [23]. For each phenotype-specific gene set, 
we select high-confidence pathogenic variants from 
ClinVar and high-frequency benign variants from the 
combined Genome Aggregation Database (gnomAD). 
We match gene symbols from Phen2Gene with ClinVar 
variants using the HGNC database [24]. Pathogenic and 
benign variants are then filtered and assigned to genes 
by intersecting them with exon coordinates from GEN-
CODE (version 26). Each variant is annotated with its 
CADD phred score and the gene’s expression profile, 
either using builk RNA-seq data from Genotype-Tissue 
Expression (GTEx) [25] or single-cell data from Tabula 
Sapiens [26].

This process produced 14,928 combined phenotype-
specific datasets with paired gene expression data. These 
datasets form the foundation for our phenotype-specific 
models and enable systematic evaluation of how gene 
expression data impacts variant prioritisation.

Seed gene selection by Phen2Gene
Building phenotype-specific models requires lists of 
genes associated with target phenotypes. To enable 
direct comparison with VARPP [14], we began with the 
same list of 1,879 HPO terms used in that study. These 
terms were originally selected using Phenolyzer to map 
HPO terms to genes, in combination with ClinVar (2019 
release) and dbNSFP (version 3.4a), retaining only terms 
associated with at least 25 genes with a ClinVar patho-
genic variant (with a minor allele frequency less than 1% 
in five cohorts). In this study we re-evaluated those terms 
using the successor to Phenolyzer, Phen2Gene [23], to 
find genes associated with HPO terms. Phen2Gene is pre-
ferred over Phenolyzer due to substantial improvements 
in the gene-phenotype databases used in its construction, 
expanded use of gene–gene interaction databases, and 
methodological improvements, such as the incorpora-
tion of skewness-based weighting of HPO terms. Using 
Phen2Gene and updated databases, we identified 1,866 
HPO terms from the original list that could still be used 
with the February 2022 release of HPO. We did not apply 
any additional filtering based on ontology depth, subtree, 
or redundancy. Phen2Gene associated an average of 297 
genes with each HPO term. These genes allow us to select 
high-confidence pathogenic variants for each phenotype.

Pathogenic variants
Using the ClinVar database of clinically verified patho-
genic and benign variants, we constructed a high-quality 
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set of known pathogenic variants. We downloaded 
the February 2022 release of ClinVar, and filtered it to 
SNVs with “Pathogenic” clinical significance and a 3–5 
star review confidence of either “practice guideline”, 
“reviewed by expert panel”, or “criteria provided, multiple 
submitters, no conflicts”. After filtering, we were left with 
9479 high-confidence pathogenic variants across 1450 
genes. This corresponds to a median of 547 variants, or 
59 genes, per HPO term. Each pathogenic variant was 
then paired with CADD (version 1.6) phred scores, as a 
general indicator of pathogenicity. This process yielded a 
set of high-quality pathogenic variants linked to specific 
phenotypes identified by Phen2Gene.

Benign variants
While ClinVar is an excellent source of pathogenic vari-
ants, we were concerned that it would not provide a 
representative selection of benign variants. We thus con-
sidered three sources for high-quality benign variants: 
ClinVar [6] high-confidence benign variants, The Single 
Nucleotide Polymorphism Database (dbSNP) [27], and 
gnomAD [28]. From ClinVar, we selected high-confi-
dence benign variants (at least three stars). With dbSNP 

(build 153) and gnomAD (version 3.1.1), we selected 
SNVs that occur in at least 10% of one population as we 
can be reasonably sure they are not responsible for a rare 
disease. To establish whether these sources of benign 
variants were comparable as control data for pathogenic-
ity predicting models, we trained and tested preliminary 
Random Forest models using each of the three benign 
variant sources. We found that the choice of benign 
variant source impacted model predictions, evaluated 
according to the πα−15,000 model criteria (see 2.3.2.). We 
observed stark differences in CADD score distributions 
among ClinVar, dbSNP, and gnomAD benign variants 
(see Supplementary Fig.  2). On this basis, we selected 
gnomAD as the source for benign variants in this study. 
For the subsequent stage of data integration, we need 
each variant to be associated with a gene. This is already 
the case for ClinVar, but not for gnomAD. We assigned 
each gnomAD variant to a GENCODE gene by intersect-
ing the variant coordinates with GENCODE v26 exons of 
confidence one or two, yielding 301,373 benign variants. 
As with the pathogenic variants, each benign variant was 
paired with its CADD phred score.

Fig. 1  Integration of data sources. The workflow for creating the training data for IMPPROVE models, when using GTEx expression data
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Gene expression data
The GTEx version 8 dataset [25] provides a large cata-
logue of bulk gene expression data from 838 donors 
across 49 tissue types, with a total of 17,382 samples. 
We downloaded the Transcripts Per Million (TPM) 
frequency data, and aggregated expression data by tis-
sue type according to the sample ID. The tissue-specific 
expression was aggregated by calculating the median 
expression and standard deviation for each gene across 
the tissue samples, providing measures of both central 
tendency and variability. Each benign and pathogenic 
variant was then associated with the expression profile of 
its assigned gene. The expression data introduces a bio-
logical context, locations where a gene is actively tran-
scribed, which we anticipated would improve the quality 
of pathogenicity predictions.

Tabula Sapiens provides a second expression dataset, 
an atlas of scRNA-seq reads. We downloaded 29 tissue-
specific and one combined single-cell dataset as  h5ad 
files, and used Muon.jl [29] to extract the DecontX [30] 
processed 10X count data. We normalised the counts for 
each cell by dividing by the number of Unique Molecu-
lar Identifiers (UMIs) recorded. Central tendency was 
estimated by calculating the mean expression as the sum 
of normalised counts divided by the number of cells. 
Variability was assessed using the standard deviation 
calculated directly from the counts, and dispersion was 
estimated via the marginal MLE of a Negative Binomial 

[31]. We repeated this process by tissue rather than cell-
type to produce an analogue to the GTEx bulk RNA-seq 
dataset.

With these gene expression datasets, we then create 
per-phenotype training datasets by combining the CADD 
score of the selected pathogenic and benign variants with 
the corresponding gene expression data from the selected 
gene expression dataset.

Model training
(Re)sampling scheme for model training
When training and testing models, there are some key 
statistical assumptions implicit in the methodology that 
must not be violated. We avoided potential circular-
ity with ClinVar by selecting CADD scores, but we also 
need to consider the statistical independence of observa-
tions when constructing Random Forests with bootstrap-
ping. This is required for the evaluation of the out-of-bag 
sample to actually be unbiased. Since multiple variants 
can occur in the same gene, variants can share the same 
expression data and are thus not independent. More spe-
cifically, a gene’s expression data can be mirrored across 
the testing and training groups. This necessitates a cus-
tom sampling scheme to avoid splitting variants of the 
same gene across the in-bag and out-of-bag samples. 
Additionally, the training dataset is highly imbalanced, 
with a median benign to pathogenic variant ratio of 

Fig. 2  Single-cell data enhances model predictive power. Comparison of pathogenic variant prediction performance using bulk and single-cell 
expression data against raw CADD scores, and the most important variables of selected phenotypes. a Comparison of raw CADD predictive 
performance to IMPPROVE models using GTEx bulk expression data. Points above the diagonal (78%) represent phenotypes with pathogenic 
variants where predictions are more accurately made by GTEx models as measured by the πα−15,000 metric. b Comparison of raw CADD predictive 
performance to IMPPROVE models using single-cell tissue pseudobulk (from the Tabula Sapiens dataset). Phenotypes above the diagonal (90%) 
have pathogenic variants better predicted by single-cell models. Moving from a to b, some phenotypes exhibit a particularly large improvement 
compared to the GTEx model scores. In particular, there are 180 phenotypes whose model’s πα−15,000 score more than doubles to at least 0.5. 
These phenotypes constitute the “blue horn” seen in the upper left quadrant. There are also 28 phenotypes whose model’s πα−15,000 score drops 
by at least 0.2, which can be identified as the brown dots around the bottom of the plot. c A heatmap of the variable importance for 57 selected 
phenotypes of the 180 “blue horn” models identified in b as much improved, split into variables in common with GTEx, and those unique to Tabula 
Sapiens. The five variables with the greatest mean importance are shown, with the top three labeled by their tissue. Six particular phenotypes are 
also picked out, as examples



Page 6 of 16Chapman and Lassmann ﻿BMC Genomics          (2025) 26:540 

600:1. Both of these complications can be addressed by 
modifying the sampling method used.

We developed a flexible stratified bootstrapping 
approach to resolve these issues. Stratifying the data by 
gene category, then imposing a maximum ratio of 50:1 
of genes containing only benign and pathogenic vari-
ants, preserves the statistical independence of observa-
tions. After selecting the in-bag sample of genes with this 
capped imbalance, a random variant from each gene is 
selected. The out-of-bag sample is then constructed as 
all remaining variants from all other genes. After each 
iteration of this custom sampling scheme, a single model 
(here, a decision tree) is trained. We can then fairly assess 
how well the model predicts pathogenic variants.

Performance evaluation of models, the πα−15,000 score
Appropriate evaluation of model performance is crucial 
for effectively judging IMPPROVE models. Common 
metrics like area under the ROC (AUROC) and area 
under the PRC (AUPRC) assume balanced data or rep-
resentative class imbalance, which is not the case in our 
study. Previous work [14] addressed this by counting the 
number of true positives in the top hundred results. This 
approach simulates a clinical scenario where a geneticist 
examines a prioritised list of variants and assesses top-
ranked predictions. However, as datasets evolve with 
varying numbers of true positive entries in each dataset, 
we sought a metric that adjusts to these differences and 
enables more consistent comparison across models and 
phenotypes.

Variant prioritisation in clinical scenarios often 
involves identifying a single pathogenic in a pool of a few 
thousand benign variants [32]. To reflect this, we con-
sider the probability of correctly identifying a pathogenic 
gene when the threshold is set to limit the false posi-
tive rate to no more than one in n variants. This can be 
framed as finding the maximum statistical power (π) on 
the Receiver Operator Characteristic (ROC) curve such 
that the false positive rate (α) is no more than 1/n . For 
convenience, this is denoted as πα−1n , with πα−15,000 
used throughout this paper.

Random forest hyperparameter tuning
To optimise the performance of Random Forests, we 
tuned several key hyperparameters: the bootstrap ratio, 
maximum feature count, tree depth, and tree count. 
Using a randomly selected subset of 200 HPO terms, of 
which 186 were viable (see Supplementary Table 2), hun-
dreds of permutations of hyperparameters were tested 
and compared. We took a sequential approach, initially 
considering a wide range of values for each parameter, 
and then revisiting the parameter later and testing a few 
values to make sure it was still optimal.

Bootstrap ratio
To construct decision trees effectively under the extreme 
class imbalance, we make use of the custom sampling 
scheme discussed above. To determine an appropriate 
maximum ratio between benign and pathogenic variants 
in the training data, we tried a range of values (1, 2, 3, 5, 
10, 20, 50, 100, 200, 500, 1000, 2000, unbounded). Larger 
ratios linearly increased training time but yielded dimin-
ishing returns in tree accuracy. A bootstrap maximum 
class size ratio of 50:1 was chosen because it produced 
comparable model performance to larger ratios and did 
so with a much faster training time.

Maximum number of features
Typically, selecting √number of features is recommended 
[33]. However, in our case, many variables were expected 
to be uninformative, making a larger value more appro-
priate. We tested the full range of possible selected fea-
tures (or “mtry”) values, and calculated the five-fold train 
and test error rates. Based on these results (Supplemen-
tary Fig.  6), we selected 2

3
number of features , as by this 

point the πα−15,000 score increased by half compared to 
the √n value. Beyond this point, the score increases only 
marginally.

Tree depth
In Random Forests, the maximum depth of decision trees 
can be tuned to limit their complexity. We examined 
both the πα−15,000 and AUPRC out-of-bag (OOB) scores 
as tree depth increased to identify an effective tree depth 
(Supplementary Fig.  7). The πα−15,000 score increased 
with depth, but beyond a depth of four the improvement 
was marginal. The AUPRC peaked with a depth of three 
or four. We thus selected a tree depth of four for this 
study.

Number of trees
Random forests do not overfit as the number of trees 
increases [33]. Therefore, we aimed to determine the 
minimum number of trees needed to produce stable 
results. To estimate this, we examined both the πα−15,000 
(Supplementary Fig. 8) and AUPRC scores and noted that 
by 500 trees, the variance in the πα−15,000 score was less 
than 1% for 98% of the HPO terms (the AUPRC varied by 
less than 1% for 99% of the terms). Based on these results, 
500 trees are sufficient, but to be conservative we used 
1000 trees in our analysis.

Performance evaluation
Comparison to the baseline
To determine the contribution of gene expression infor-
mation to model performance, we compared our mod-
els against the baseline predictive score, CADD. This 
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baseline is the single non-expression variable provided. It 
represents the predictive power of variant prioritisation 
without incorporating phenotype-specific gene expres-
sion information. For each selected model, we assess its 
performance using πα−15,000 and directly compare this 
to the πα−15,000 score achieved when CADD is used as 
the sole prioritisation criterion. This allows us to quan-
tify the improvement from incorporating expression data 
into our models.

Variable importance
The impact of particular variables can be evaluated using 
permutation feature importance and SHAP (SHap-
ley Additive exPlanations). Permutation importance is 
simpler but is susceptible to correlated features, feature 
interactions, and may produce biased estimates due to 
the number of feature splits. SHAP values offer a unified 
measure of feature importance and provide insights into 
how each feature impacts the model’s predictions [34]. 
By breaking down the contribution of each feature to the 
prediction, SHAP values aid in understanding the mod-
el’s behaviour and the underlying relationships between 
features and the outcome. This ability is particularly use-
ful in our study to evaluate the impact of biological fea-
tures used by the models. We first selected the top ten 
variables using permutation importance, then calculated 
their SHAP values based on the training data.

Spike‑in predictions
In addition to considering the πα−15,000 score of models, 
we also conducted a series of spike-in experiments. As 
part of these experiments, we selected a subset of models 
to compare against CADD. These models were selected 
by setting a minimum πα−15,000 score, and applied to 
related variants according to the phenotype-gene associa-
tions identified by Phen2Gene. This simulates a best-case 
clinical scenario, where the patient has been precisely 
and accurately phenotyped.

Results
Single‑cell data improves rare disease variant prioritisation
To determine how much bulk expression data enhances 
variant prioritisation, and whether single-cell RNA-seq 
data enhances performance, we assessed the perfor-
mance of phenotype-specific models using both kinds of 
expression data. The value of bulk gene expression data 
in phenotype-specific models has been previously estab-
lished [14], but since publication the breadth and qual-
ity of relevant datasets has markedly improved. ClinVar’s 
August 2018 release (used by VARPP) contained 31,672 
known pathogenic variants, and by February 2022 this 
had expanded to 46,330 variants. Concurrently, the 
GTEx bulk-tissue expression dataset [25] has undergone 

significant enhancements, doubling the number of avail-
able RNA-Seq samples and adding an additional tissue. 
We also used CADD release 1.6 instead of 1.4, which 
fixed GERP annotations and improved splice predictions. 
To assess the benefit of a particular data source for vari-
ant prioritisation, we scored the predictions of its mod-
els for each phenotype and then counted the number of 
phenotypes for which the models using expression data 
scored higher than those using CADD alone.

We first compare our results against VARPP [14], 
which uses earlier versions of our bulk data sources, by 
employing their “pp100” metric introduced therein (the 
proportion of true pathogenic variants in the top 100 
predictions). Across the 1,866 phenotypes, we observed 
an improvement in 87% of the models using the updated 
GTEx gene expression data, a 37% increase compared 
to prior results in VARPP. Consistent with these pp100 
results, we found that 78% of the models scored higher 
(Fig.  2a) according to the πα−15,000 metric (the num-
ber of true positives when the false positive rate is no 
more than 1 in 5000). This reaffirms the value of gene 
expression data to phenotype-specific variant prioritisa-
tion models, and demonstrates the substantial benefit of 
newer and more comprehensive datasets.

We evaluated the predictive performance of models 
using both bulk and single-cell gene expression data. To 
facilitate a direct comparison with bulk RNA-seq data, 
we averaged single-cell gene expression values across cell 
types and tissues, as described in the Methods section. 
When using Tabula Sapiens single-cell expression data 
aggregated by tissue, models achieved a higher πα−15,000 
score than CADD across 90% of the phenotypes (Fig. 2b). 
This is a small improvement over the 87% of GTEx pre-
dictions that outperformed CADD; directly comparing 
Tabula Sapiens tissue pseudobulk models to GTEx we 
found that 76% of the models scored higher using Tab-
ula Sapiens. Single-cell expression data generally lead to 
more accurate predictions.

Using mean expression by cell-type instead of tissue, 
we found that 86% of the models outperformed CADD, 
and 67% outperformed GTEx. Within the 76% of Tab-
ula Sapiens tissue models that outperformed GTEx and 
the 24% that did not, there were two smaller groups 
that stood out. We found 28 phenotypes where the 
πα−15,000 score dropped by at least 0.2. These pheno-
types had significantly fewer associated genes (p < 10

−8 
using a Mann–Whitney U test, with 65 associated on 
average compared to an average of 297 overall), but no 
other commonalities were identified. We also found 180 
models whose πα−15,000 score more than doubled to at 
least 0.5 with the use of single-cell data. Inspecting these 
models, we saw biologically plausible associations with 
the most important variables (ranked by permutation 
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importance). In 57 of these models, the most important 
tissue is Eye, stromal, or bone marrow, all of which are 
absent in GTEx (Fig.  2c). Even when excluding these 
models from the comparison, the predictions using 
single-cell data are significantly improved compared to 
models using GTEx ( p < 10

−30 , using an approximate 
Wilcoxon signed rank test). In cases where a relevant tis-
sue not part of the bulk expression data is included, the 
presence of the tissue drives the performance improve-
ment. There is no overall advantage to single cell in this 
regard though, Tabula Sapiens has 15 tissues that GTEx 
does not, but it is also missing 16 tissues present in GTEx 
(Supplementary Table 1). Together with the performance 
comparisons, this shows that the incorporation of single-
cell data significantly enhances model performance for 
most phenotypes.

Aggregation scale and statistics affect single‑cell model 
performance
Having established that single-cell data benefits variant 
predictions, we wanted to better understand how predic-
tion quality is affected by the choice of method and tis-
sue or cell-type aggregation of single-cell data. To assess 
this, we conducted four experiments aggregating single-
cell data either by tissue or cell-type, using either mean 
expression or dispersion. We first compare models using 
Tabula Sapiens tissue pseudobulk against Tabula Sapi-
ens cell-type pseudobulk using mean expression, then 
using dispersion, then Tabula Sapiens tissue pseudobulk 
using mean expression vs. dispersion, and finally Tabula 
Sapiens cell-type pseudobulk using mean expression 
vs. dispersion. We once again examined the proportion 
of phenotypes whose model scored higher than CADD 
alone according to the πα−15,000 score. We observed 
comparable overall performance across the four groups 
of models (Table 1). Directly comparing the models, we 
found 83 models (57 unique models, covering 55 phe-
notypes, with 26 duplicated across comparisons) which 
lay within the outer third of the score comparison plots, 
representing a difference of at least 0.423 (Fig. 3; purple 

dots). Of the 57 models, 28 performed much better using 
cell-type aggregation, with no clear commonalities, sum-
marised by either mean expression or dispersion (see 
Supplementary Table  4 for a list of the 55 phenotypes, 
and their model’s performance). This reveals that the 
choice of aggregation method can affect specific pheno-
types to a much greater extent than the overall perfor-
mance would indicate, with the average score differing by 
no more than 0.05.

We find that model performance can be highly depend-
ent on the choice of tissue or cell-type aggregation. When 
comparing the models using mean expression by aggre-
gation scale, the tissue and cell-type models had a mean 
πα−15,000 score of 0.5 and 0.48 respectively, with a Pear-
son correlation coefficient of 0.83. There are 19 that lie in 
the outer third of the comparison plot (Fig. 3a). Four of 
them performed much better with cell-type aggregation, 
and 15 that performed much better with tissue aggrega-
tion. For models using dispersion, both tissue and cell-
type models had a mean πα−15,000 score of 0.46, with 
a Pearson correlation of 0.76. In the comparison plot 
(Fig.  3d), 21 models fell in the outer third. Of these, 14 
performed much better with cell-type aggregation, and 
seven performed much better with tissue aggregation. 
This contrasts with the mean expression results, where 
twice as many models performed better using cell-type 
aggregation, underscoring the importance of cell-type 
variability in certain phenotypes. These comparisons 
indicate that neither tissue not cell-type aggregation 
is consistently better, and the best kind of model varies 
across phenotypes. We use this information to select the 
model that is the best pathogenic variant predictor on a 
per-phenotype basis.

Comparing the use of summary statistic: mean expres-
sion or dispersion, with models aggregated by both tis-
sue and cell-type (Fig.  3b and Fig.  3c), we observe a 
similar pattern to our comparison of tissue and cell-type 
(Fig.  3a). Tissue models had a mean πα−15,000 score of 
0.50 using expression and 0.46 using dispersion respec-
tively, with a Pearson correlation coefficient of 0.72. The 
cell-type models had a mean πα−15,000 score of 0.56 and 
0.48 using mean expression and dispersion respectively, 
with a Pearson correlation coefficient of 0.88. Both com-
parisons revealed particular phenotypes that are dramat-
ically affected by the choice of summary statistic, lying 
in the outer third of the plot (a difference in πα−15,000 
score of at least 0.423). For tissue models, 36 phenotypes 
fell into this group, with 29 favouring mean expression 
and seven favouring dispersion. In cell-type models, only 
seven phenotypes were strongly affected, with three per-
forming better with mean expression and four with dis-
persion. These results suggest that while mean expression 
generally results in superior model performance, in cases 

Table 1  Tabula Sapiens model performance, comparing variant 
prediction performance to CADD using the πα−15000 metric. 
These are the same four groups of models seen in Fig. 3

Aggregation Statistic Proportion 
that beat 
CADD

Tissue Mean 89%

Tissue Dispersion 89%

Cell-type Mean 86%

Cell-type Dispersion 84%
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where variation in expression is informative, dispersion 
can offer an advantage.

Known and novel disease–cell type associations uncovered 
by IMPPROVE
We will use the following acronyms when discussing 
the four Tabula Sapiens model and expression datasets: 
Tabula Sapiens tissue (pseudobulk) mean expression (TS-
TME), Tabula Sapiens tissue dispersion of expression 
(TS-TDE), Tabula Sapiens cell-type (pseudobulk) mean 
expression (TS-CME), and Tabula Sapiens cell-type dis-
persion of expression (TS-CDE).

Having identified 83 models whose performance 
strongly depends on the particular summary statistic 

and choice of tissue or cell-type aggregation, we sought 
a deeper understanding of the factors driving this varia-
tion in performance. For these models, we hypothesised 
that the variables with the greatest impact on the model’s 
predictions could be connected to the underlying biology 
of the model’s associated phenotype. Across the models 
we examined, CADD (the only direct measure of variant 
deleteriousness) consistently featured as the most impor-
tant variable. Examining the top ten variables of the 83 
models, we made qualitative assessments of the strength 
of the association between the top variables and known 
disease pathology using our knowledge and basic litera-
ture searches. Models that passed this qualitative assess-
ment were investigated in greater depth, and considered 

Fig. 3  Predictive performance can vary greatly by expression source on a per-model basis. Scatter plots of model scores using different scales 
of single-cell result aggregation, and different summary statistics. The performance of some phenotypes’ models differ enough to place them 
in the outer third of their comparison plot (in the form of a triangle in the top left and bottom right corner), with a πα−15,000 score that changes 
by at least 0.42. We consider these phenotypes’ models to be much higher scoring with one dataset than the other, and highlight them in purple. 
a-d Comparisons of model performance across expression datasets, illustrating data-dependent variability in phenotype scoring
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for presentation based on the expression dataset used 
and recorded points of interest.

We selected four illustrative cases: Psoriasiform derma-
titis (HP:0003765), Abnormality of the common coagu-
lation pathway (HP:0010990), Squamous cell carcinoma 
(HP:0002860), and Myelodysplasia (HP:0002863). Each 
model represents a unique aspect of the Tabula Sapiens 
expression datasets, showcasing the framework’s ability 
to integrate different types of gene expression data effec-
tively. The SHAP effects of these models (Fig. 4) demon-
strate how an interpretable model using gene expression 
data, such as IMPPROVE, can uncover biologically 
meaningful associations between disease pathology and 
model variables.

Psoriasiform dermatitis is characterised by inflamma-
tion and redness of the skin, along with thickened red 
skin that has flaky, silver-white patches [35]. The TS-CDE 
model identified key cell types that align with known 
immune and skin-related pathologies. With a relatively 

high πα−15,000 score of 0.65, the TS-CDE model scored 
more than thirty times higher than all other mod-
els in Table  2. Examining its SHAP effect plot (Fig.  4a), 
we note that the top three cell-types are immune cells, 
CD141 + myeloid dendritic cells, and keratinocytes. 
These cell-types align with the known pathology of pso-
riasis, an autoimmune condition involving abnormal 

Fig. 4  Effect of individual variables on model predictions. Effects of the top ten features (by permutation importance) of the four example models 
chosen. a Psoriasiform dermatitis (HP:0003765) b Abnormality of the common coagulation pathway (HP:0010990) c Myelodysplasia (HP:0002863) d 
Squamous cell carcinoma (HP:0002860)

Table 2  The πα−15000 model scores of each Tabula Sapiens 
based model for the four example terms selected. The particular 
models discussed further are marked set in bold

HPO term TS-TME TS-TDE TS-CME TS-CDE

Psoriasiform dermatitis 0.011 0.022 0.011 0.652
Abnormality of the com-
mon coagulation pathway

0.769 0.026 0.181 0.197

Squamous cell carcinoma 0.778 0.182 0.830 0.799

Myelodysplasia 0.355 0.093 0.786 0.820
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differentiation of keratinocytes [36]. Moreover, CD141 
+ cells are specifically involved in skin homeostasis and 
affect skin inflammation [37]. Notably, dispersion of 
expression in naïve regulatory T-cells emerged as the 
eighth most important variable in the model. Previous 
studies have found T-cells to be heavily involved in pso-
riasis, although average expression was not considered 
informative [38]. This finding suggests that for naïve reg-
ulatory T-cells, the variability or pattern of gene expres-
sion is more relevant to psoriasiform dermatitis than the 
mean expression level. This exemplifies the value of using 
dispersion as a metric, particularly in identifying more 
complex associations between expression and disease. 
These observations, consistent with the known disease 
mechanisms of psoriasis, underscore the ability of our 
models to identify biological variables associated with 
disease aetiology.

Abnormality of the common coagulation pathway is a 
disruption to the series of protein activations that con-
tribute to blood coagulation [35]. The TS-TME model 
identified both obvious and non-obvious tissues related 
to coagulation. Selected for its high πα−15,000 score of 
0.77, the TS-TME model scored around four times higher 
than the other three models in Table 2. The SHAP effect 
plot (Fig. 4b), lists bone marrow, liver, and blood as the 
top three tissues, all of which are associated with aspects 
of coagulation. Furthermore, the small intestine, ranked 
as the fourth most important tissue, plays a crucial role 
in the absorption of vitamin K [39], and vitamin K defi-
ciency prevents normal coagulation. The fifth and sixth 
top tissues, kidney and skin, are also associated with the 
coagulation pathway in certain kidney and skin diseases 
[40–42]. These associations again demonstrate the con-
nection between model variables and disease aetiology.

Squamous cell carcinoma is a malignant tumor of the 
skin’s squamous epithelium [35]. The TS-CME model 
identified melanocytes and skin-related tissues, well-
established in the disease’s pathology, alongside less 
common tissues such as salivary glands and ocular cells. 
While all models except TS-TDE scored highly (Table 2), 
the TS-CME model performed best, with a high 
πα−15,000 score of 0.83. In the SHAP effect plot (Fig. 4d), 
despite ranking eighth in the ordering, melanocytes had 
the largest SHAP effect (other than the CADD score). 
The influence of melanocytes is unsurprising given the 
basic pathology of squamous cell carcinoma (SCC). 
Interestingly, some of the other cell-types have indirect 
relations to SCC pathologies. For example, although rare, 
SCC can occur in the salivary glands [43] (the third most 
important tissue) and in the eye [44] (relating to the sec-
ond and ninth tissues: conjunctival and corneal epithelial 
cells). While not all top variables are directly linked to 
the disease itself, the presence of tissues like ocular and 

salivary cells may indicate underlying biological associa-
tions yet to be fully understood. Alternatively, this finding 
could reflect the model’s sensitivity to cell-type variability 
in tissues where SCC might develop in rare cases, high-
lighting both the potential and limitations of machine 
learning predictions in identifying known and potential 
associations. To distinguish between true biological asso-
ciations and artefacts of the model, further experiments 
such as transcriptomic profiling of SCC in the identified 
tissues would be needed.

Myelodysplasia is characterised by ineffective produc-
tion within one or more hematopoietic cell lineages, 
resulting in anemia and cytopenia [35]. The TS-CME 
model prioritised blood and bone marrow progeni-
tor cells, crucial in the pathology of the myelodysplasia, 
while highlighting a less well-studied relationship with 
pancreatic cells. In terms of performance, both the cell-
type based motels (TS-CME and TS-CDE) substantially 
outperform the tissue-based models (TS-TME and TS-
TDE, see Table  2). Among the tissue models, the mean 
expression model outperformed the dispersion model by 
0.26, while the two cell-type models only differed by 0.03. 
Given these results, we selected the TS-CME model, bal-
ancing the superior performance of the cell-type models 
with the better performance of mean expression mod-
els overall. In the TS-CME model’s SHAP effect plot 
(Fig. 4c), the top cell-types are erythroid progenitors and 
myeloid progenitors, which are highly relevant to myel-
odysplasia. Myelodysplasia is a cancerous clonal stem 
cell disorder characterised by ineffective hematopoiesis, 
disrupting the maturation of blood cells. It is also asso-
ciated with the function of the spleen and lymph nodes 
[45]. An analysis of erythroid dysplasia in myelodysplas-
tic syndromes found the percentage of CD117 erythroid 
progenitor cells, together with two other factors, pro-
vided the best discrimination between myelodysplastic 
syndromes and non-clonal cytopenia [46]. Low-risk mye-
lodysplastic subtypes are reportedly frequently charac-
terised by an expansion of common myeloid progenitors 
[47]. The next six cell-types are all found in peripheral 
blood and affected by myelodysplasia [48]. The tenth cell 
type, pancreatic alpha cells, was unexpected as they are 
not typically associated with the pathology of myelodys-
plasia. However, there is evidence suggesting a potential 
link between myelodysplastic syndrome and both acute 
and autoimmune pancreatitis, which could explain this 
association [49, 50]. The TS-CME model’s identification 
of relevant cell types demonstrates the benefit of incor-
porating gene expression data at the cell-type scale. In 
this case, while the TS-TME model was able to identify 
related tissues (bone marrow, spleen, lymph node, and 
blood), it lacked the specificity of the TS-CME model. 
The capability of our models to capture less obvious 
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associations suggests that our models could serve as 
hypothesis generators, identifying potential biological 
connections that warrant further investigation.

Performance validation with spike‑in variants
To assess the predictive performance of the models in a 
clinical context, we conducted a series of spike-in tests, 
simulating real-world variant prioritisation by introduc-
ing known pathogenic variants into healthy genomes. 
Healthy genomes were sourced from the 1000 Genomes 
project [51], with 100 individuals selected at random. 
Pathogenic variants were sourced from the March 2023 
release of ClinVar, excluding variants present in the Feb-
ruary 2022 release that had been used to train the mod-
els. We used the Phen2Gene data as a gene-phenotype 
association list, and assigned each variant to all pheno-
types that listed the variant’s gene. This approach allowed 
us to test the models’ ability to accurately prioritise previ-
ously unseen variants, providing a more comprehensive 

evaluation of their clinical utility than the training-based 
πα−15,000 statistic alone.

In total, we used 2,945 new high-confidence patho-
genic variants, across 1,206 genes. For all HPO terms 
associated with each new variant, we applied the relevant 
model and recorded the final rank of the pathogenic vari-
ant. In total, 308 million spike-in experiments were run. 
This gave us sufficient data to investigate how well our 
models generalise to unseen variants, using the self-eval-
uation scores to select high-performing models.

In an unfiltered evaluation of all models on new Clin-
Var variants, we observe a 5.5–8.2 fold increase in the 
top-two rank prediction rate compared to CADD alone, 
with cell-type pseudobulk models performing the best 
overall (Fig.  5a). While this unfiltered analysis demon-
strates the general utility of incorporating expression 
data and value of single-cell information, a key advantage 
of our approach is that we can leverage the per-model 
training performance score (πα−15,000) as an a priori 

Fig. 5  Comparing spike-in ranks to CADD (cumulatively). Cumulative rank of pathogenic variants introduced to an otherwise healthy genome, 
using new pathogenic variants in the March 2023 ClinVar release (compared against the February 2022 release). a Predictions for all 1866 
phenotypes on the new variants, regardless of their models’ scores on the training data, with a 95% confidence interval indicated by error bars. b 
Predictions of models that had a πα−15,000 score above 0.8, with a 95% confidence interval indicated by error bars. This includes 6 GTEx models, 58 
TS-TME models, 67 TS-CME models, and the CADD-only predictions for all included variants
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indicator of model reliability. This enables the identifica-
tion of models that we expect to perform well or poorly 
for a given phenotype, helping guide practical usage.

To examine how a priori information can aid model 
selection, we considered πα−15,000 score thresholds 
from zero to one, in steps of 0.05, and found a score of 
0.8 to be a stringent threshold for selecting high-per-
forming models. All filtered phenotype-specific models 
using gene expression substantially outperform CADD 
across the top ten predictions (Fig.  5). The pathogenic 
variant ranked in the top five predictions in 88% of the 
GTEx predictions, 85% of the TS-CME predictions, and 
78% of the TS-TME predictions. Across all the predicted 
variants, the CADD score alone only placed the patho-
genic in the top five 34% of the time. More impressive 
is the frequency with which the pathogenic variant was 
ranked in the top two predictions: 73%, 70%, and 61% of 
the GTEx, TS-CME, and TS-TME predictions respec-
tively, compared to only 9% of the CADD predictions. 
While GTEx models performed the best in this experi-
ment, it is important to note that only six GTEx models 
actually passed the πα−15,000 score threshold. By com-
parison, approximately ten times as many single-cell 
models passed this threshold, with 58 TS-TME models 
and 67 TS-CME models. This translated into a three-fold 
increase in the number of variants that single-cell models 
could be applied to.

These results should be interpreted with two key 
limitations in mind. Firstly, this analysis assumes pre-
cise and accurate phenotyping, a scenario that is rare in 
clinical settings where phenotypes are often broader or 
ambiguous. Secondly, by restricting our analysis to high-
performing models, we only cover 689 (11%) of the new 
ClinVar variants. Despite these limitations, the results 
demonstrate the utility of per-phenotype model self-
evaluation scores in ensuring that only models likely to 
generalise well are applied to unseen variants. This trade-
off reflects a realistic clinical consideration: clinicians 
are likely to trust and rely on models only when they are 
known to perform well. In this context, single-cell mod-
els are far more frequently usable, and all expression-
informed models markedly outperform CADD.

Discussion
Enhanced variant prioritisation with single‑cell gene 
expression
Our results support the hypothesis that integrating sin-
gle-cell gene expression data into phenotype-specific 
models enhances both the accuracy and interpretability 
of pathogenic variant prioritisation. While previous work 
has shown that phenotype-specific models and bulk gene 
expression data improve variant prioritisation [7, 9, 14, 
52], the benefit of single-cell data, capturing variation 

within and across tissues and cell-types, has not been 
explored.

The improvement in variant prioritisation using sin-
gle-cell expression data was particularly pronounced 
for phenotypes that exhibited tissue-specific expression 
patterns. While bulk sequencing has proven valuable in 
rare disease diagnosis [53], the value of single-cell data 
remains relatively uncharted [5]. Our study reveals that 
single-cell data provides an additional layer of biologi-
cal context that enhances predictive power. Specifically, 
a clear majority of models using single-cell expression 
aggregated by cell-type or tissue outperformed bulk gene 
expression data (GTEx). Reassessing the performance of 
models using more recent versions of the datasets used 
in [14], we observed improvements in just over a third of 
the models. This suggests that single-cell data is a valu-
able biological context and indicates that model perfor-
mance is likely to advance further with the continued 
expansion and refinement of relevant datasets.

While single-cell-derived expression data generally out-
performs bulk gene expression, the results also revealed 
considerable variation between datasets and across phe-
notypes. No single dataset consistently outperformed 
others; model performance was strongly affected by the 
phenotype and dataset used. For instance, phenotypes 
associated with ocular tissues showed reduced accuracy 
when using Tabula Sapiens data, which lacks eye sam-
ples. The absence of key tissues or cell types relevant to a 
disease in the data diminished the model’s ability to accu-
rately prioritise variants based on expression patterns 
was diminished. Conversely, certain cases benefitted 
greatly from information on specific tissues or features. 
Specifically considering the Tabula Sapiens dataset, 28 
phenotypes were identified that performed much better 
when using cell-type information, unattainable through 
bulk sequencing alone. This highlights the importance 
of comprehensive coverage when using expression data 
for accurate predictions. Ongoing initiatives, such as 
the Human Cell Atlas (HCA) [54], are critical for filling 
these gaps and enhancing the utility of single-cell RNA-
seq in pathogenicity prediction. Models with insufficient 
training data, which perform poorly, can be identified 
and excluded from clinical use, improving the reliability 
of predictions. The effectiveness of this approach was 
seen in the spike-in test, where a stringent threshold was 
applied and the models that passed outperformed CADD 
in predicting the pathogenic variant, ranking it first or 
second around seven times as often.

Moreover, our findings suggest that not only mean 
expression levels but highly variable gene expression pat-
terns within a tissue or cell-type are important for iden-
tifying causative variants in certain phenotypes. This 
was seen in our comparison of summarisation statistic, 
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between mean expression and dispersion. While mean 
expression generally provided robust predictions, we 
found that for certain phenotypes, such as psoriasis 
dermatitis, dispersion-based metrics offered unique 
advantages. Dispersion captures the variability in gene 
expression within a population of cells, something that 
cannot be measured in bulk expression data, but that 
can be particularly valuable for conditions involving high 
levels of cellular heterogeneity, such as immune-related 
conditions [55]. This provides an opportunity to pick 
the model most appropriate for each phenotype, explor-
ing which summary statistics best capture the relevant 
biology. These insights can guide future refinement and 
application of variant prioritisation models, ensuring that 
they are specific to the biology of each condition.

Uncovering biological connections with interpretable 
models
Using the performance metrics generated during train-
ing, such as the (OOB) πα−15,000 score, we can select 
highly accurate models that have likely inferred relevant 
biology. This is possible thanks to the combination of 
biologically relevant features and an interpretable model 
design. To assess the practical implications of this, we 
considered both an unfiltered scenario and a filtered sce-
nario, the latter only using models passing a conservative 
score threshold (πα−1

500 ≥ 0.8 ). This filtering substan-
tially increased pathogenic ranking precision, at the cost 
of reduced coverage. Single-cell models more often met 
the performance threshold than bulk models (3% of mod-
els compared to 0.3%), making them more broadly use-
ful in this setting. We expect the number of high-quality 
models to grow as more and higher quality expression 
and variant data becomes available.

Beyond established aetiology, our investigation of four 
high-performing models in "Known and novel disease–
cell type associations uncovered by IMPPROVE" found 
novel associations between particular phenotypes and 
cell types. Our SHAP-based analysis suggested that vari-
ants in highly dynamically regulated genes in naive regu-
latory T-cells are associated with psoriasiform dermatitis, 
and that pancreatic alpha cells are linked to myleodyspla-
sia. These results demonstrate that IMPPROVE can iden-
tify unexpected yet biologically plausible connections 
that warrant further investigation, thereby contributing 
to research on rare disease pathology. Such capabilities 
highlight the potential of interpretable models to advance 
our understanding of disease mechanisms and guide 
future research.

Limitations and future directions
While encouraging, our study has several limitations 
that should be addressed in future research. The bulk 

and single-cell RNA-seq datasets examined here cover 
30 and 28 different tissues respectively. We investigated 
the difference in tissues covered and identified pheno-
types where the presence of specific tissue is important 
to model performance. Critically, we found associations 
between these specific tissues and underlying biology of 
diseases related to the phenotypes. Emerging large single-
cell datasets offer more comprehensive coverage of the 
human body. We anticipate that repeating our work with 
these new datasets will offer further insights, improved 
model performance, and better characterisation of the 
contribution of single-cell data to variant pathogenicity 
investigations.

Our models also rely on the quality of the ClinVar data-
base. The database relies on submissions from clinicians 
and researchers, with a wide range in the confidence and 
evidence behind particular variants. We account for this 
by stringently selecting high-confidence ClinVar variants 
for our work. As the quality and coverage of the ClinVar 
database improves, our work will benefit from improved 
accuracy and generalisability.

We selected Random Forests as the machine learning 
algorithm in this work, for their balance of interpretabil-
ity and performance. This has been an effective choice 
in our analysis, but other per-phenotype models using 
expression data could be explored in future work.

Single-cell data provides insight into expression 
dynamics at the cell-type level. Moreover, gene disper-
sion is known to be heritable and associated with gene 
function and patient phenotypes [21]. These factors sug-
gest that more sophisticated approaches leveraging sin-
gle-cell data could uncover additional phenotypes that 
benefit from this level of detail.

By identifying pathogenic variants more effectively 
than CADD alone and enabling biological insights, 
IMPPROVE-like methods could enhance the diagnostic 
process, leading to more accurate and timely treatments 
for a wide range of conditions. The per-model scores let 
us assess whether cell-type or tissue expression informa-
tion is more helpful, and revert to standard approaches if 
neither score is satisfactory.

Conclusions

Our study demonstrates that the IMPPROVE framework 
improves predictive accuracy for rare disease prioritisa-
tion from a baseline pathogenicity score, by incorporat-
ing single-cell and bulk gene expression data, achieving a 
52–64% increase in top-two rank prediction rates in best 
case scenarios. Compared to existing methods, it offers 
enhanced precision and interpretability, particularly for 
phenotypes with tissue-specific expression patterns.
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Furthermore, the integration of multiple expression 
datasets, including single-cell RNA-seq data, reveals bio-
logical patterns related to the pathology of certain dis-
eases. This capacity for biological insight benefits both 
the prioritisation of pathogenic variants and provides a 
foundation for further research into the underlying bio-
logical mechanisms of rare diseases.
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