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Abstract 
Retrieving, reviewing, and synthesizing technical information can be time-consuming and 
challenging, particularly when requiring specialized expertise, as is the case of variant assessment 
for rare disease diagnostics. To address this challenge, we developed the Evidence Aggregator 
(EvAgg), a generative AI tool designed for rare disease diagnosis that systematically extracts 
relevant information from the scientific literature for any human gene. EvAgg provides a thorough 
and current summary of observed genetic variants and their associated clinical features, enabling 
rapid synthesis of evidence concerning gene-disease relationships. EvAgg demonstrates strong 
benchmark performance, achieving 97% recall in identifying relevant papers, 92% recall in 
detecting instances of genetic variation within those papers, and ~80% accuracy in extracting 
individual case and variant-level content (e.g. zygosity, inheritance, variant type, and phenotype).  
Further, EvAgg complemented the process of manual literature review by identifying a substantial 
number of additional relevant pieces of information. When tested with analysts in rare disease case 
analysis, EvAgg reduced review time by 34% (p-value < 0.002) and increased the number of papers, 
variants, and cases evaluated per unit time. These savings have the potential to reduce diagnostic 
latency and increase solve rates for challenging rare disease cases.  

Introduction 
Information retrieval (IR) and synthesis are fundamental yet challenging tasks, involving the 
extraction and consolidation of relevant information from vast and often unstructured data sources 
(1). These tasks are particularly cumbersome when requiring expertise to sift through large 
literature knowledge bases (2). This challenge is relevant in rare disease (RD), where diagnosis rates 
are modest and time to diagnosis can be protracted due to the scarcity of well-established 
evidence for individual genetic variants as well as many gene-disease relationships (GDR) (3), (4).  
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RDs affect ~300 million people worldwide, creating a substantial collective burden of morbidity and 
mortality, and often have an underlying genetic cause that is challenging to identify (5) (6) (7). One 
of the major challenges in the care of individuals affected by RDs is the need to obtain a confident 
genetic diagnosis in order to provide access to reproductive testing, appropriate treatment and 
support, and access to clinical trials for new therapies (3) (5) (7) (8). The increasingly widespread 
use of diagnostic genome sequencing (GS) and exome sequencing (ES) presents the opportunity for 
variant analysts to have access to vast amounts of genetic information, but also presents 
substantial scaling challenges given tens of thousands to millions of variants are identified in each 
individual when typically only one or two variants are thought to be causing their disease (8).  

Genomic analysis uses bioinformatic methods for filtering to a tractable set of variants for human 
review, but interpreting the potential role of the remaining variants in an individual’s disease is a 
complex task that involves aggregating information from a variety of sources (9). Much of this 
process requires searching for and reviewing academic papers about the disease, genes, and 
variants in question, which can be time intensive and error prone, making this essential diligence a 
major bottleneck for RD diagnosis (9).  

The objective of this literature review process is to gather multiple lines of evidence to support or 
rule out a potential causal variant (9) (10). This requires analysts to conduct their own searches and 
content review using tools such as PubMed (11) or access paid-subscription services, such as the 
Human Gene Mutation Database (HGMD) and Mastermind, which aggregate literature-mined 
variant data (12) (13). There are publicly funded or community organized curation efforts that 
provide freely accessible information on GDRs or variant pathogenicity (e.g., OMIM, ClinVar, 
ClinGen, GenCC) (14) (15) (16) (17), but none of these resources systematically collect all 
published literature on genes and variants making them incomplete for use in genomic curation.  
LitVar2 attempts to aggregate all variation from the published literature (18)  though struggles with 
the lack of standardization of variant descriptions in the primary literature. And none of these 
resources collate information in ways that make it readily viewable to a genomic analyst performing 
case review (18). 

In response to these challenges, researchers have investigated the possibility of applying natural 
language processing (NLP) techniques to assist in curation efforts and accelerate diagnostic 
workflows (12) (19) (20). Recently, large language models (LLM) such as GPT-4 have shown great 
potential for both IR and complex reasoning tasks (21) (22) (23) (24). Generative AI (GenAI) has 
already been applied in other biomedical settings (25) (26). AI-based approaches have the potential 
to make previously untenable ongoing literature curation efforts possible (24). As GenAI models 
such as GPT-4 are capable of sophisticated contextual reasoning, we hypothesize that LLMs can 
assist variant analysts in the lengthy task of determining what primary literature is relevant to their 
case  (27)  (28).  

Here we introduce the Evidence Aggregator (EvAgg), a tool for scientific literature evidence 
aggregation about rare disease variants in any human gene (Figure 1). Starting with a query gene, 
EvAgg generates a reference resource that consolidates pertinent literature, extracting detailed 
information about observed variants and their phenotypic impacts. By greatly reducing the amount 
of time and effort spent manually searching the literature and compiling notes for each potential 
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GDR relevant to the phenotype of their case, EvAgg enables analysts to more thoroughly analyze 
cases, reanalyze unsolved cases, and prioritize other work.  

We evaluated EvAgg’s ability to perform this with a set of standardized benchmarks (see Results 
section, Benchmark performance) that compared the tool’s outputs to a curated dataset of 
manually curated evidence from the scientific literature. In addition, we directly assessed the utility 
of EvAgg in our intended use case of rare disease genomic case analysis by conducting a user study 
of analysts’ experience using EvAgg and its impact on their workflow.   

  

 

Figure 1: Overview of the Evidence Aggregator. The Evidence Aggregator leverages 
generative artificial intelligence (AI) to perform analyst’s literature review tasks, which are 
currently a manual process in their gene/variant analysis workflow. Analysts conduct 
literature review for one variant and gene at a time, curating gene-level phenotypes, variant 
locations, and pathogenicity mechanisms to support or refute variant pathogenicity and 
relevance to the case under review. *Manual analyses of genes and/or variants will range in 
quantity and rigor of the analysis dependent on preliminary assessment of the literature and 
degree of associated phenotype match. Evidence Aggregator character icon was AI-
generated using DALLE·3. WGS, whole genome sequencing; GDR, gene-disease 
relationship; LLM, large language model. 

Methods 
Pipeline overview and design criteria 
The Evidence Aggregator (EvAgg) is an AI-based tool that assists variant analysts in the process of 
literature review associated with evaluation of pathogenicity of a given genomic variant. The 
pipeline is implemented as three independent modules: paper selection, observation finding, and 
content extraction.  
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First, EvAgg identifies relevant literature containing examples of observed human variants in the 
gene containing the variant in question (the query gene). Once the relevant publications have been 
identified, EvAgg finds all variants and individual observed cases within those publications, then 
extracts details about those observed cases that are relevant for the variant analysts’ case review 
(Figure 1).  

Development of EvAgg pipeline requirements and its evaluation process involved collaborations 
between researchers, software engineers, and rare disease diagnosticians, informed by an 
extensive needs-finding exercise (28). EvAgg was heavily optimized to favor recall over precision 
based on the determination that it was substantially more detrimental to omit relevant content 
than it was to include extraneous information. 

The following sections discuss the implementation of EvAgg’s submodules in more detail. See 
Figure 2 and Figure 3 for a graphical representation of the implementation and the Supplementary 
Methods and GitHub repository for additional detail. 

 

Figure 2: EvAgg schematic. This figure depicts the processing steps that take place within 
each module of the EvAgg tool. The first module is responsible for identifying PubMed 
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papers that are potentially diagnostically relevant for the gene of interest. The second 
module has the task of identifying observations of human genetic variation in those papers, 
where a unique observation is specified by a gene, HGVS variant description, and individual 
case identifier. The third module then extracts specific details about those individual 
observations, such as phenotypes and inheritance patterns. EvAgg uses a combination of 
internal logic, API calls to external web resources, and prompts or prompt chains issued to 
the LLM. Dashed-outline yellow boxes represent content included in structured output. 
NCBI, National Center for Biotechnology Information; LLM, large language model; regexp, 
regular expression (text pattern matching); HPO, Human Phenotype Ontology; AF, allele 
frequency; API, application programming interface. 

 

Figure 3: Evidence Aggregator (EvAgg) structured output example. EvAgg processes user 
input gene symbol to produce a structured output table: relevant papers are outputs of Module 
1 (Paper Selection), observed individuals & their variants are outputs of Module 2 (Observation 
Finding), and extracted content (details about each observation) are outputs of Module 3 
(Content Extraction). Each table row represents an individual observation: a reported case of 
an individual with a variant in the query gene, as described in the source publication for that 
observation. Evidence Aggregator character icon was AI-generated using DALLE·3.  Indiv. ID, 
individual identifier; HGVS C., Human Genome Variation Society variant description in terms of 
the coding DNA region of the gene; HGVS P., Human Genome Variation Society variant 
description in terms of the protein-coding amino acids of the gene; HPO, Human Phenotype 
Ontology; Frequency in pop., population frequency as reported in gnomad v4. 

 

Paper selection 
EvAgg retrieves candidate publications for each query gene from PubMed using REST API calls to 
the NCBI E-utilities service (29). The query string provided to the API is “<GENE SYMBOL> pubmed 
pmc open access[filter]” which restricts returned publications to only those included in the 
PubMed Central Open Access (PMC-OA) dataset. Candidate publications are further pre-filtered 
based on license type, including only licenses that permit data mining and derivative use. All 
subsequent operations are performed on the full text of candidate publications which EvAgg 
obtains via the BioC API (30). 
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EvAgg determines publication relevance by leveraging a consensus approach using two methods: 
keyword matching and LLM-based classification. Keyword matching involves searching each 
paper’s abstract and title for inclusion and exclusion keywords to retain papers containing variant 
observations relevant to rare disease (e.g. “mendelian”, “monogenic”, “rare variant”, “variant of 
uncertain significance”) and filtering out papers describing non-monogenic disease and somatic 
cancer. LLM-based classification leverages a single prompt to predict relevance based on the 
paper’s abstract and title with four few-shot positive and negative examples (see Supplemental 
Methods). If the two methods yield different results, EvAgg runs the LLM-based classifier a second 
time to break the tie.  

Observation finding 
Once EvAgg identifies the candidate publications for each query gene, the next step is to identify all 
observations of human genetic variation associated with the query gene within those papers.  

The observation finding module is implemented via a series of individual prompts, leveraging a task 
decomposition approach that has been shown to increase LLM performance on complex tasks 
(31). First, a series of prompts are used to identify candidate entities of interest; including the 
variants themselves, variant metadata such as reference human genome build (32) and gene 
transcript identifiers, and individual case identifiers. Second, string representations of variants are 
normalized to Human Genome Variation Society (HGVS) nomenclature (32), validated, and then 
consolidated, such that logically linked variant entities (for example, a coding DNA variant 
description and its associated protein consequence) are treated as single entities. This challenging 
series of sub-tasks, given the diversity of representations of genetic variants found throughout the 
literature (33), is addressed using a series of heuristic filters and regular expressions to normalize 
the nomenclature variability, subsequently leveraging Mutalyzer v3  (34) for validation (HGVS 
description syntax and biological validity) and consequence prediction. Finally, EvAgg links variants 
to cases, creating individual observations.  

EvAgg discards selected papers with no found observations as presumed false positives from the 
paper finding module. 

Content extraction 
We identified the categories of content to extract from each observation from a needs-finding 
exercise with variant analysts (28). From the source text, EvAgg uses individual prompts or prompt 
chains (combination of multiple prompts) to extract information about each observation’s 
phenotype (mapped to HPO terms), zygosity, variant type, and inheritance pattern (see 
Supplemental table 1 for value lists). In addition to LLM-derived content categories, EvAgg also 
references gnomAD allele frequencies (v4.1) (35) and publication metadata. 

Presentation of pipeline outputs 
EvAgg is a standalone tool with a minimal interface. The user provides one or more query genes 
with optional restrictions and EvAgg produces a structured dataset with relevant observations of 
genetic variation from source publications. 
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To facilitate use of EvAgg’s outputs by variant analysts, we modified the open-source seqr genome 
analysis platform (36) by adding a minimal user interface that integrates EvAgg’s output into a 
typical seqr variant search workflow. The additional UI presents aggregated evidence about a query 
gene alongside case-specific information. 

Prompt implementation detail 
When issuing prompts to the LLM, EvAgg provides the entirety of the text of each paper to the 
model. In addition, when searching for variants, individuals, or phenotypes, EvAgg will also run the 
associated prompts separately on any tables within a paper, as these are often enriched for the 
entities of interest. EvAgg retains the union of results from applying these prompts to the full text 
and the individual tables.  

Due to this design decision, we restricted model selection to Azure OpenAI (AOAI) Service models 
supporting context sizes of 128k+ tokens available at the time of development and evaluation: GPT-
4-Turbo, GPT-4o, and GPT-4o-mini. 

Benchmarking curated dataset generation 
Evaluation of EvAgg performance was complicated, as a structured reference fit for the task did not 
exist, and benchmarking of paper selection against up-to-date curation services like HGMD 
prohibit this type of performance comparison in their use terms. In turn, we generated a curated 
dataset to which pipeline outputs could be compared (Figure 4). This task was performed by a 
subset of the paper authors (AC, HT, LP, SB, EO, RP, MW; “curation team”). The process of 
generating and verifying the curated dataset was time intensive and proved to be an invaluable 
resource for the development and validation of EvAgg, so we have made this curated dataset 
publicly available with the hopes that others in the community will benefit from it and contribute to 
subsequent versions (see Data availability). 

Currently, the primary objective of EvAgg is to facilitate information retrieval from the literature for 
genes without well-established GDR, so we used the following process to identify the genes for 
which truth data were generated. First, we identified 1900 genes submitted by ClinGen to GenCC 
(15) (14). Then we took the subset of those genes where the most recent ClinGen-submitted GDR 
was “Moderate”, “Limited”, or “No known GDR” (14) (15). Finally, we randomly selected 15 genes 
from each of these three categories, leading to a final set of 45 genes. 
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Figure 4: Benchmark curated dataset generation process. 1) Forty-five genes were 
randomly selected from the subset of ClinGen submissions to GenCC with only moderate, 
limited, or no known gene-disease relationship (GDR). 2) Approximately 4400 papers were 
returned by a PubMed search for these genes and manually assessed for diagnostic 
relevance using a standardized rubric, with ~400 papers deemed relevant (Supplementary 
methods). 3) From these ~400 relevant papers, we selected up to 2 papers for each of the 
45 genes and curated detailed content for observations of individuals with genetic variants 
in the gene of interest. The curated dataset, consisting of the complete list of ~400 relevant 
papers and curated content for ~200 observations, was used for subsequent benchmarking. 
Yellow boxes represent curation team actions. Funnel-shaped connectors represent 
filtration steps, dotted line arrows represent random sampling steps, dotted outline shapes 
represent random samples, bold arrows with yellow highlight represent inclusion of 
information in curated dataset. GDR, gene-disease relationship; HGVS, human genome 
variation society; HPO, human phenotype ontology. 

For each of the 45 genes, our curation team performed a deep review of all papers returned by 
PubMed search for each gene, focusing on publications that appear after the GDR curation was 
approved by a ClinGen expert panel. Curators selected relevant papers based on a rubric they 
designed to reflect variant analysts’ approaches to identifying publications containing observations 
of human genetic variation that support or refute variant pathogenicity while analyzing a rare 
disease case (Supplementary methods, Curated dataset generation rubric).  

We randomly selected at most two relevant papers for each gene from the PMC-OA subset with 
licenses that permitted derivative use. For each of the selected papers, curators extracted 
individual observation content: publication information, individual case identifiers, variant cDNA 
and protein HGVS annotation, variant type, variant genome build (e.g. hg19), gene transcript, 
zygosity, inheritance, phenotype text description, phenotypes encoded as Human Phenotype 
Ontology (HPO) terms (37), study type, and functional study information when available.  

Once curators constructed the curated dataset, we randomly split the curated dataset into a 
development (dev) and evaluation (eval) set on a per gene basis, with 70% of the genes in the dev 
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set and the remainder in the eval set. The dev set was used for iterative development of EvAgg while 
the eval set was held in reserve for benchmarking after development was completed. 

Error analysis 
To assess pipeline performance, identify consistent error modes, and determine if EvAgg was able 
to identify additional relevant information in the literature, we conducted an in-depth review of 
putative errors. This also provided an opportunity to refine the curated dataset, as manual curation 
could introduce human error due to fatigue effects. Our approach to performing this review was to 
focus on consistent disagreements (i.e., those observed in most pipeline executions) between the 
curated dataset and EvAgg, obtain multiple independent assessments of each error, and minimize 
bias based on whether EvAgg or the curated dataset curation team was the source of any given 
piece of information.   

After executing the five replicates of benchmark pipeline runs, we compiled consistent 
disagreements between pipeline outputs and the curated dataset. We formatted these putative 
errors into true-false or multiple-choice questions. Each question was randomly assigned to be 
reviewed by two expert variant analysts (manuscript authors LP, SB, and EO). Reviewers were 
blinded as to which of the candidate answers to each question was provided by EvAgg and which 
was provided by the curated dataset. Reviewers independently answered all questions assigned to 
them, adhering to the curated dataset generation rubric to ensure consistency. When reviewer 
responses to questions differed, the larger curation team reviewed all questions until all errors were 
resolved.  

Following error analysis completion, warranted updates were made to a revised version of the 
curated dataset. 

Pipeline benchmarking 
We benchmarked three aspects of the EvAgg pipeline: selecting relevant papers, finding 
observations of human genetic variation within those papers, and extracting specific details about 
those observations (e.g. individual’s phenotype).  

For paper selection, to determine if EvAgg could find all the papers we were looking for, we 
calculated recall (the proportion of papers within the curated dataset that EvAgg successfully 
retrieved) and to determine EvAgg’s ability to filter out irrelevant papers we calculated  precision 
(the proportion of papers returned by EvAgg that were included in the curated dataset).  

Like for paper selection, observation finding recall and precision were calculated in comparison to 
curated dataset observations. Each unique observation was identified by an individual+variant pair. 
To better understand whether missing or extraneous observations could be attributed to entity 
recognition (i.e., finding the correct variants within a paper) or entity linking (correctly associating 
those variants with individuals), we separately assessed precision and recall of variant finding using 
the same approach while treating all individual case identifiers as equivalent. 

Finally, for all content categories except phenotype (inheritance, variant type, zygosity), we 
assessed accuracy by comparing the proportion of curated dataset content that exactly matched 
the values produced by EvAgg. Direct comparison of pipeline outputs to the curated dataset for 
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observed phenotypes was challenging as curated dataset values were manual transformations of 
free text phenotypes into specific HPO terms, a subjective task that itself has been the subject of 
much study (38) (39). Recognizing that the primary use of phenotypes in a rare disease diagnostic 
context is to assess affected organ/systems, we benchmarked phenotypes based on agreement of 
broader phenotypic categories.  

All benchmark runs were conducted five times each and reported performance metrics include the 
mean and standard deviation across those five runs. To better understand the impact of LLM 
variability, we evaluated the between-run consistency for paper finding.  

Benchmarking was performed repeatedly on the dev set during implementation to assess common 
error modes in the pipeline and provide the opportunity to address them. Benchmarking on the eval 
set was performed only once after completing development.  

User study design and analysis 
We designed and conducted a user study to assess utility and user experience of incorporating 
EvAgg into rare disease case review. Study participants were individuals from collaborating 
institutions who have been previously trained to perform rare disease case analysis within the seqr 
platform.  

To control for time-of-day and fatigue effects, we split the protocol into two sessions with the same 
start time on different days. Study sessions were recorded and conducted virtually with screen-
sharing. During each study session, the study administrator (HT) observed a single participant 
performing rare disease case analysis for one hour, taking notes including timestamped participant 
actions. The first study session served as a baseline for user experience without the use of EvAgg. 
EvAgg outputs were available during the second study session.  

To minimize the impact of differences between participants and the difficulty of individual cases, 
we created fixed-order, approximately difficulty-matched sets of four unsolved cases selected from 
the Broad Institute’s Rare Genomes Project (raregenomes.org). Participants were randomized to 
one of the case sets on the first day, analyzing the reciprocal set on the second day (Figure 5). 

In Likert-scale surveys following use of EvAgg, we solicited comparison of their experience during 
case analysis with/without the EvAgg outputs as well as their sentiment and trust towards EvAgg. 
Semi-structured interview discussions included feedback about specific features contributing to 
sentiment and trust, importance of accuracy, characterization of how EvAgg may impact their work, 
and features which would improve their user experience. Survey and semi-structured interview 
feedback was analyzed jointly to identify key themes. 

We observed workflow changes from time-stamped user action recording as well as timestamped 
artifacts generated by seqr. We used a mixed-effects model to analyze the impact of EvAgg on 
individual behavioral metrics, accounting for both fixed effects (study session and case set) and 
random effects (individual participants). 
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Figure 5: User study design. (A) User study participants analyzed unsolved cases from the 
rare genomes project (RGP) over the course of two days. Cases in each set were presented 
in a fixed order, with individual cases being pairwise difficulty-matched (i.e. RGP case 1A 
was of similar difficulty to RGP case 1B). Participants were randomly assigned one of the 
two case sets for session 1 and analyzed the reciprocal case set for session 2. (B) The 
session 1 procedure involved 1 hour of standard procedures for case analysis and 
concluded with a short survey of the experience. The procedure for session 2 began with 
training on the use of EvAgg followed by 1 hour of case analysis with access to the tool. The 
day concluded with a survey and participant interview. During each hour of case analysis, 
analysts were asked to work at their normal pace and were not expected to complete all 
cases within the hour, as the intention was to measure effects of EvAgg on their workflow, 
not to evaluate individual analyst’s “performance”. RGP, Rare Genomes Project; ≡, 
represents pairwise-matched RGP cases approximately matched by affected status of 
family members in pedigree, quantity of variants returned in seqr variant search, and 
ClinGen/GenCC annotation of genes returned in seqr search. 

Responsible AI practices and institutional review 
EvAgg engineering and open-source release underwent Microsoft subject matter expert review for 
Responsible AI considerations. Transparency documentation was developed to highlight the key 
components for users: permitted uses, user responsibility, limitations, and data attributions. This 
documentation can be found in the EvAgg README on GitHub (see Data Availability).  

Performance was carefully designed to align closely to end-use, with the application-specific, 
expert-curated curated dataset evaluated for performance. User study design underwent subject 
matter expert review and IRB review (OHRP-IRB00009672)  at Microsoft. 

Data and code availability 
The Evidence Aggregator (EvAgg)  code is fully available and documented in an open source 
repository on GitHub at https://github.com/microsoft/healthfutures-evagg. All source data, 
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including the manually generated ground truth, the quantitative data from the user study, and the 
results of the error analysis are available in the same repository. All scripts necessary to regenerate 
the quantitative findings in this manuscript are available in the same repository. 

Results 
We evaluated the performance of Evidence Aggregator (EvAgg) against the benchmark of human 
curators performing manual information retrieval and in the context of rare disease case analysis, 
the primary intended use case.  

Curated dataset characteristics 
The manually generated curated dataset was sourced from PubMed search results containing 4401 
papers of potential interest. The depth of literature concerning any given gene varied widely; the 
average number of papers per gene requiring review was 112.85 ± 92.65 (mean ± std throughout). 
Of these, 10.05 ± 15.11 per gene were deemed relevant given our rubric (392 total). This suggests 
that during manual review of literature, only approximately 1 in 11 papers read is likely to contain 
variant-informed evidence relevant to the task of diagnosis. Of the 392 relevant papers, 133 were 
annotated as “in-scope” for benchmark analyses based on their presence in the PubMed Open 
Access subset and meeting licensing requirements.  

From the set of 133 in-scope papers, we identified observations in 41 papers, representing 24 of the 
45 genes of interest. This process resulted in manual curation of relevant information about 224 
unique observations representing 167 different genetic variants. There were on average 9.33 ± 12.91 
observations (6.96 ± 10.09 variants) per gene and 5.60 ± 9.53 observations (4.28 ± 8.13) per paper. 

Error analysis 
While the curation team was rigorous in development of the curated dataset, this task was 
specialized for comparison with EvAgg outputs and not an exact match with the typical literature 
review workflow during case analysis. This complex task required intense, often lengthy, periods of 
undivided attention and strict adherence to the rubric, potentially introducing fatigue and natural 
human error. Evaluation of putative errors was conducted to both gauge true performance of EvAgg, 
as well as refine the curated dataset.  

Across the three subtasks (paper selection, observation finding, and content extraction), despite 
overall excellent performance, there were a substantial number of consistent disagreements 
between the initial version of the curated dataset and pipeline outputs. There were 470 points on 
which the curated dataset and pipeline outputs disagreed half the time or more, with 74 (15.7%) 
attributable to paper selection, 81 (17.23%) to observation finding, and 226 (48.1%) to phenotype 
extraction from 52 distinct observations.  

Two curators independently provided the same disagreement resolution in 188 (61%) of cases. 
Manual review of 470 disagreements showed that for 235 of them (50%) reviewers ultimately 
deemed the EvAgg outputs as more relevant/correct than the original curated dataset. These 
findings provide an interesting picture of the complexity of the task of manual targeted information 
retrieval from the literature, and the potential for AI-based IR to greatly assist in this process.  

.CC-BY 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted March 13, 2025. ; https://doi.org/10.1101/2025.03.10.642480doi: bioRxiv preprint 

https://doi.org/10.1101/2025.03.10.642480
http://creativecommons.org/licenses/by/4.0/


- PREPRINT - Page 13 of 22 
 

Hope Twede, Ashley Conard, et al. 2025 
- PREPRINT - Evidence Aggregator: AI reasoning applied to rare disease diagnostics 

See Figure 6  and Supplemental table 5 for additional detail on the error analysis results. 

 

 

Figure 6: Breakdown of error analysis shows EvAgg errors and identifies additional 
information for inclusion in the curated dataset. Each subplot shows the proportion of 
each putative error type that was adjudicated as either a verified error by EvAgg (orange, 
EvAgg errors) or required an update to the curated dataset (blue, EvAgg additions to curated 
dataset). (A) Breakdown of the paper selection task putative errors with majority of both 
extra papers (papers selected by EvAgg that were not part of the original curated dataset) 
and missing papers (papers from the curated dataset that EvAgg didn’t select as relevant) 
resulting in curated dataset updates after review. (B) Depicts the same for observation 
finding putative errors and shows that while EvAgg ultimately correctly identified a large 
number of observations that were overlooked in the curated dataset, the majority of 
observations that EvAgg omitted were indeed errors. (C) Shows the error analysis for 
content extraction, with the vast majority of content extraction errors originating in the 
assessment of phenotype with a fairly even distribution between errors that let to curated 
dataset updates and those that did not. 

 

Benchmark performance 
The following results discuss performance using the evaluation (eval) subset after curated dataset 
revision. Full benchmark analyses (dev and eval, pre- and post-error analysis with curated dataset 
revision) are available in the Supplementary results. Additionally, a performance comparison of 
GPT-4-Turbo and other candidate LLMs is included in the Supplementary results.  
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Figure 7: Benchmarking overview and results. (A) Individual steps of the EvAgg pipeline 
were separately evaluated against the curated dataset to assess tool performance in 
different aspects of the task. (B) Task performance when benchmarked against the 
evaluation subset from the curated dataset: precision and recall for the paper selection and 
observation finding tasks, accuracy (i.e., the frequency of matching curated dataset 
content) for the content extraction task. Evidence Aggregator character icon was AI-
generated using DALLE·3. 

Selecting relevant papers 
EvAgg repeatedly selected similar sets of papers with a given paper appearing 89.3% of the time, 
indicating stable performance despite expected noisiness of the underlying LLM generations. 

EvAgg excelled at retrieving all the papers flagged as relevant in the curated dataset, with an 
average recall of 0.97 ± 0.017 (Figure 7b). This constitutes an average of 1.6 false negatives (of 53 
total papers) per run. 

While optimizing recall was the primary focus of the development process, precision remained 
suitable for the intended application, with an average of 0.832 ± 0.28, corresponding to an average 
of 10.4 false positives (of 53 average papers retrieved) per run. 

Finding observations of genetic variation 
For each of the papers in the curated dataset with associated observations, we evaluated EvAgg’s 
ability to specifically identify those observations. The average recall for this task was 0.783 ± 0.055.  
In comparison to the recall of 0.950 ± 0.009 for the slightly different task of identifying relevant 
genetic variants (irrespective of the associated individual), this degraded performance on 
observation finding is due to failures in either correctly identifying specific individuals or correctly 
linking those individuals with the genetic variant they possess.  

As was the case in paper selection, precision on the observation finding task was slightly lower 
than recall, averaging 0.767 ± 0.042. Precision on variant finding was unsurprisingly higher at 0.821 
± 0.018. 
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Extracting detail about observations 
The average accuracy in determining zygosity was 0.922 ± 0.027, for variant type it was 0.888 ± 
0.012, and for variant inheritance it was 0.768 ± 0.076 (Figure 7b). 

The proportion of observations with exact concordance of generalized phenotypes between the 
curated dataset and pipeline was 0.862 ± 0.047. We observe that on average, the number of 
phenotypic terms reported by EvAgg exceeded the number of terms provided in the curated dataset 
(Figure 8b): 2.68 ± 3.13 in truth vs 3.91 ± 4.02 in EvAgg output, which corresponds to the relatively 
high recall for phenotype extraction (0.961 ± 0.025) when compared to precision (0.892 ± 0.033). 
See Figure 8c for detail. Overall, this suggests that EvAgg is extremely capable of extracting all the 
phenotypes described in the curated dataset, and errors primarily involve inclusion of extraneous 
terms. 

 

  

 

Figure 8: Phenotype benchmarking methodology and results. (A) Depiction of the 
phenotype generalization approach. Specific HPO terms derived from paper text were 
generalized to corresponding organ/system description terms in the HPO (generally a child 
of parent term “HP:0000118 – Phenotypic abnormality”) before making comparisons. (B) 
This scatter plot shows that EvAgg consistently identifies more phenotypic terms per 
observation than are found in the curated dataset. (C) Bar plot separately showing the 
accuracy, recall, and precision of phenotype extraction. Accuracy is defined as the 
proportion of observations with a perfect match of generalized organ/system description 
terms, recall defined as the proportion of observations where all curated dataset 
organ/system description terms were included in EvAgg’s output, and precision defined as 
the proportion of observations where there were no extraneous terms included in EvAgg’s 
output. Relatively high recall as compared to precision is concordant with the consistent 
overidentification of HPO terms shown in subplot B. 
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User study in rare disease case analysis 
The study included eight highly educated participants with 1-10 years of experience in rare disease 
genome case analysis. Two study participants were authors (LP, SB) involved in curated dataset 
curation and error analysis but were not involved in engineering, benchmarking, or user study 
planning and administration. 

Workflow changes 
We collected detailed notes and compared objective measures of the workflow: number of EvAgg 
interactions, number of cases/variants reviewed, number of publications read (opened full-text and 
spent time to review), and time spent per case/variant. Participants were able to review cases 34% 
faster when they had EvAgg available (27.2 ± 11.3 vs 17.9 ± 4.8 min/case, p<0.002) (Figure 9). 
Analysts reviewed substantially more papers with EvAgg (2.5 ± 2.2 vs 6.0 ± 4.8, p<0.02) despite no 
significant change in the number of manual publication searches conducted (p=0.39). 

 

Figure 9: Workflow changes observed with EvAgg use. Changes measured from user 
study in terms of time per completed case analysis and total number of publications read 
during 1 hour of case analysis. See Supplemental figure 3 for workflow changes stratified 
by case set and participant for additional detail. S1, measure from user study session 1 
(baseline without EvAgg, yellow bar); S2, measure from user study session 2 (case analysis 
with EvAgg available, green bar). 

User experience 
All participants expressed positive sentiment and desire to use EvAgg frequently, thought it was 
easy to use, and believed they could learn to use EvAgg very quickly (Figure 10, Supplemental 
figure 2). When asked for the impact of using EvAgg “tomorrow”, one participant stated “even if 
tomorrow is Saturday I would use it Saturday as well if it would save me time”. Key likes described 
by most participants were: time savings, workflow alterations such as phenotype-based screening, 
and table features like links to publications. The top feature request was for EvAgg availability for 
all/more genes. 
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The majority of participants felt EvAgg made cases less difficult. All participants perceived time 
savings, with the caveat that “rabbit holing” and inexperience with the tool could lessen actual time 
savings. Most participants imagined they would use the saved time to dig in deeper into cases while 
half described altering their workflows to complete other tasks. EvAgg was predominantly viewed 
as an early resource for gathering information. 

Trust 
Participants indicated mixed trust, with more than 50% rating their trust positively (Figure 10). 
Participants expressed that their trust would be increased once they had a better understanding of 
how EvAgg works and its limitations. While accuracy was generally considered important due to the 
nature of the task (“I think [accuracy is] very important because it's patients that we’re assessing”), 
accuracy of phenotype and variant location/change were considered the most important aspects of 
accuracy. Every participant indicated tolerance for inaccuracy, with most reasoning that they would 
double check all information and expect some amount of error (“I'm not concerned if there is 
something not accurate because I'm not taking the information in the table blindly”). Notably, trust 
did not seem to be correlated with sentiment, as all participants expressed positive sentiment and 
desire to immediately start using EvAgg. 

 

Figure 10: User sentiment and trust toward EvAgg as reported by participants. A) User 
sentiment from survey data reported on a 5-point Likert scale: scores ranged from 1 
(strongly dislike: “Awful”) to 5 (strongly like: “Fantastic”). B) User trust from survey data 
reported on a 7-point Likert scale: scores ranged from 1 (“completely trust”) to 7 
(“completely distrust”). 

 

Discussion 
Our study demonstrates the potential of generative AI (GenAI) to significantly improve information 
retrieval and reasoning in rare disease diagnostics, reducing the time and effort required for 
analysts. The Evidence Aggregator (EvAgg) is effective in retrieving and reasoning over relevant 
literature, as indicated with high sensitivity, specificity, and accuracy on benchmark evaluations. 

.CC-BY 4.0 International licenseavailable under a
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made 

The copyright holder for this preprintthis version posted March 13, 2025. ; https://doi.org/10.1101/2025.03.10.642480doi: bioRxiv preprint 

https://doi.org/10.1101/2025.03.10.642480
http://creativecommons.org/licenses/by/4.0/


- PREPRINT - Page 18 of 22 
 

Hope Twede, Ashley Conard, et al. 2025 
- PREPRINT - Evidence Aggregator: AI reasoning applied to rare disease diagnostics 

Notably, our results show over 95% recall when selecting relevant rare disease papers and variants 
within those papers, with high performance linking variants and individual cases as well as 
extracting relevant content from those papers. Evaluation of putative errors revealed that EvAgg 
was able to identify additional relevant papers, observations, and content, demonstrating the 
applicability of GenAI as an assistant in complex domain-specific curation efforts.  

Our user study highlights EvAgg’s utility for experienced analysts to more efficiently analyze cases. 
Beyond our objective findings, users expressed positive sentiment and wanted a tool like EvAgg to 
be integrated into their workflows “tomorrow”, perceiving case analysis as easier with the number 
one request being more genes with EvAgg-derived evidence. We observed that analysts were able 
to complete more cases in the allotted time, review more variants, and read more papers within 
each case analysis.  

User study subjects indicated that understanding how EvAgg works, including performance 
characteristics and error modes, is important for increasing trust. The rigorous task-specific 
curated dataset generation and error analysis ensure performance metrics of EvAgg are accurate 
and relevant, which contributes to user trust. We have made our benchmarking curated dataset 
available in our GitHub repository and welcome feedback and contributions from the community. 

GenAI has the potential to democratize access to summarized information, making it more 
accessible to a wider audience. This could significantly impact the field by providing timely and 
relevant information to researchers and clinicians. Application of GenAI tools like EvAgg is 
advantageous in contrast to resource-intensive manual curation and bespoke natural language 
processing modeling techniques which require vast amounts of training data and compute 
resources. 

Limitations 
EvAgg's performance is limited by the underlying model. Future models may outperform GPT-4-
Turbo, which we used in most benchmark analyses. The cost of using advanced AI models may be 
prohibitive in resource-limited settings. Strategies like text chunking and few-shot examples could 
enhance future pipeline versions. Currently, EvAgg processes inputs and outputs only in English. 

The curated dataset development was rigorous, but the data set is small. This underscores the 
need for shared curated datasets and benchmarks for robust evaluation and comparison using 
more analysts and more cases. 

While we were able to observe workflow changes in our user study, a larger longitudinal study is 
needed to quantify the effect on user experience during case analysis with EvAgg assistance. 

The information returned by EvAgg is not exhaustive. Cost and performance for strong/definitive 
GDR genes with extensive literature was not evaluated. We did not explore processing abstracts or 
user input files/credentials for closed-access papers. Increasing open access and suitable license 
terms is crucial to facilitate improvements in the capability of GenAI and other computational 
approaches to assist in synthesizing scientific knowledge. 
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Summary 
In the context of rare disease diagnosis where the burden to continuously review academic 
literature is extremely high and the time availability to do so is low, automated tools to facilitate this 
process have the potential to significantly impact clinical outcomes. We have demonstrated that 
GenAI-based approaches like EvAgg have the potential to alleviate some of this time burden and 
also identify overlooked relevant information. Additionally, when employed in a representative 
diagnostic setting, access to EvAgg appears to significantly accelerate case analysis. We have 
made EvAgg and the curated curated dataset data used for benchmarking publicly available with 
the hopes that the community will carry out their own evaluations, improve the tool’s capabilities, 
and ideally leverage it in their own workflows. 
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