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ARTICLE

Characterizing trends in clinical genetic testing:
A single-center analysis of EHR data
from 1.8 million patients over two decades

Lisa Bastarache,1,2,* Rory J. Tinker,3 Bryce A. Schuler,2,3,4 Lucas Richter,2 John A. Phillips III,4

William W. Stead,1,5 Gillian W. Hooker,3,6 Josh F. Peterson,1,5 and Douglas M. Ruderfer1,2,7
Summary
A lack of structural data in electronic health records (EHRs) makes assessing the impact of genetic testing on clinical practice challenging.

We extracted clinical genetic tests from the EHRs of more than 1.8 million patients seen at Vanderbilt University Medical Center from

2002 to 2022. With these data, we quantified the use of clinical genetic testing in healthcare and described how testing patterns and

results changed over time. We assessed trends in types of genetic tests, tracked usage across medical specialties, and introduced a new

measure, the genetically attributable fraction (GAF), to quantify the proportion of observed phenotypes attributable to a genetic diag-

nosis over time. We identified 104,392 tests and 19,032 molecularly confirmed diagnoses. The proportion of patients with genetic

testing in their EHRs increased from 1.0% in 2002 to 6.1% in 2022, and testing became more comprehensive with the growing use

of multi-gene panels. The number of unique diseases diagnosed with genetic testing increased from 51 in 2002 to 509 in 2022, and there

was a rise in the number of variants of uncertain significance. The phenome-wide GAF for 6,505,620 diagnosesmade in 2022 was 0.46%,

and the GAF was greater than 5% for 74 phenotypes, including pancreatic insufficiency (67%), chorea (64%), atrial septal defect (24%),

microcephaly (17%), paraganglioma (17%), and ovarian cancer (6.8%). Our study provides a comprehensive quantification of the

increasing role of genetic testing at amajor academicmedical institution and demonstrates its growing utility in explaining the observed

medical phenome.
Introduction

Over the last 20 years, our ability to interrogate the human

genome has become more robust, efficient, and cost effec-

tive, resulting in more opportunities to use genetic testing

for clinical purposes.1–3 However, informatics solutions to

integrate these tests into electronic health records (EHRs)

have lagged behind.4 Researchers have long envisioned a

system where genetic test results are stored in a searchable

format and easily flow between systems, similar to other

laboratory test results.5 In reality, genetic test results are

often stored in the EHR as scanned documents that are

not machine readable and are hidden from easy

accounting.6–8

The lack of EHR integrationmakes it challenging tomea-

sure the impact of genetic testing in healthcare. Most

studies of genetic testing utilization have focused on spe-

cific clinical contexts or testing indications and often rely

on imperfect datasets, such as coded billing data, which

lack specificity and are inconsistently applied, or data

from testing laboratories, which lack medical context

and longitudinality.9–12 Despite these limitations, prior

studies have highlighted key trends, including the

increased use and enhanced diagnostic capability of ge-

netic testing within certain clinical populations,13–15 as
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well as current challenges related to inclusive testing re-

sults and inefficiencies of the testing process.16–19 How-

ever, a full accounting of how genetic testing has been

adopted across subspecialties and indications has not yet

been performed.

To address this gap, we generated a clinical genetics data-

base (CGdb) by extracting genetic testing results from the

EHRs of 1.86 million patients at the Vanderbilt University

Medical Center (VUMC) from 2002 to 2022. Using both

automated parsing andmanual chart review, we uncovered

a substantial amount of genetic testing hidden in unstruc-

tured text of the EHRs. Our study tracks the cumulative

growth of clinical genetic testing and illustrates the

complexity of extracting such information, given the cur-

rent lack of structure. We also analyze the evolution of ge-

netic testing over the past two decades and note a shift to-

ward more comprehensive testing. Additionally, we

catalog diagnoses made through genetic testing, including

the many rare conditions that are enriched in a tertiary

healthcare population, and quantify the accumulation of

uncertain test results. Finally, we assess patient exposure

to genetic testing across specialties and measure the

morbidity explained by genetic diagnoses across pheno-

types. Our results demonstrate that genetic testing is now

pervasive in medicine, and we provide examples of the
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value of structured clinical genetic testing data for both

operational and research purposes.
Subjects and methods

Study population
Our study focused on patients seen at the VUMC from January 1,

2002, to December 31, 2022. All data were derived from the

research derivative (RD), which is an image of the structured and

textual data elements of the EHRs and was organized by the obser-

vational medical outcomes partnership (OMOP) common data

model. It includes demographics, claims data (e.g., International

Classification of Disease [ICD] codes), clinical notes, problem lists,

visit information, vital signs, and laboratory measures. The cohort

included individuals with at least three encounters spaced a min-

imum of 90 days apart or those who were born at the VUMC. To

avoid an influx of thinly phenotyped patients during the

COVID pandemic, we excluded ICDs for vaccination, testing, or

prophylactic treatment of infectious disease. Outpatient visit dates

and clinic type/subspecialty information were obtained using the

care site identifier linked to each patient’s visit. Outpatient visits

included office visits, outpatient evaluations, and telemedicine

visits. Race and gender were extracted from the demographics ta-

ble in the EHRs. State of residence and insurance type were re-

corded on the basis of the most recent entry for each patient. All

ICD codes were mapped to phecodeX.20 See Table S1 for data

element definitions. This studywas approved by Vanderbilt’s insti-

tutional review board (IRB; #171011).

Identifying and processing genetic test results
Our goal was to comprehensively extract and curate germline ge-

netic tests from the EHRs, including single-variant or single-gene

tests, multi-gene panels (tests that analyze two or more genes),

exome and genome sequencing (ES/GS), nucleotide repeat expan-

sions, chromosomal microarrays (CMAs), and karyotypes. We also

included methylation tests for syndromic disorders (e.g.,

Beckwith-Wiedemann syndrome and Angelman syndrome). We

did not attempt to extract pharmacogenetic testing, somatic tu-

mor testing, or circulating fetal DNA tests.

Our efforts to comprehensively curate genetic test results in the

EHRs began with a survey of the data to locate where genetic test

results were recorded and discussed. To locate tests reported in

clinical notes, we indexed the text content of the OMOP notes ta-

ble for 4,207 gene names from the Online Mendelian Inheritance

in Man (OMIM) (Table S2) and the names of the genetic testing

laboratories. A review of gene mentions in the notes revealed

that genetic test results were recorded in three distinct formats:

pathology reports, templated reports, and free text. Pathology

reports were produced by the local pathology laboratory and re-

corded in the EHR in a standard format. We identified these struc-

tured test reports by searching the OMOP note table for keywords

related to genetics (e.g., genetics, gene, and DNA) in the pathology

report note types (note type concept ID 44814642). After locating

these reports—which included CMAs, karyotypes, and single-gene

or -variant tests for HFE, F2, MTHFR, etc.—pathology reports were

excluded from further searches for test results. Templated reports

was discovered during a review of gene mentions in the clinical

notes, which revealed instances of recurring text surrounding

genementions. These templates were created by clinicians to orga-

nize genetic testing results and were most commonly used in

clinics with a high volume of genetic testing such as medical ge-
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netics and the hereditary cancer clinics,. Templated reports were

identified using regular expressions to find the key field. Custom

parsers were developed to extract information from pathology re-

ports and templated results (see Note S1A for examples of pathol-

ogy reports and templates).

A review of gene mentions also revealed a plethora of test re-

sults that were recorded in clinical notes as natural language.

Many of these unstructured mentions pertained to tests from

external laboratories, which were not stored in a structured

format but were rather linked to the EHR as non-searchable

PDF reports. The first step in processing these results was to

distinguish between gene mentions that pertained to the target

patient’s test results and those that were false positives, which

included synonymy, mentions of genetic variants found in fam-

ily members, discussions of possible genetic testing, and somatic

variants (see Note S1B for examples of false positives). A

200-character window around each gene name was screened

for false positive results using recurrent phrases like ‘‘CCND1

amplification.’’ We used a locally developed tool to manually re-

view patient records with gene name mentions that were not

already included in the database; this interface allowed the

reviewer to process one patient record at a time, highlighting

gene mention context to enable rapid review. Positive mentions

(i.e., those referring to germline testing for the patient) were

added to the database through the terminal interface, including

information about the test type (e.g., single-gene or multi-gene

panel), indication (e.g., diagnostic, cascade testing, or carrier

screening), and variants returned from testing. PDFs were re-

viewed to cross-check information recorded in the notes and

retrieve information missing from clinical notes. Each test

instance was annotated by the test type, name, date, and any var-

iants returned. Variants were annotated based on the interpreta-

tion provided by the clinical testing laboratory.

Test results were annotated as diagnostic if they detected

pathogenic variants that were consistent with a diagnosis docu-

mented in the EHR. Diagnostic test results were linked to

unique disease identifiers from OMIM or Orphanet if OMIM

lacked a specific disease identifier.21,22 Twenty-seven diagnoses

were defined as risk factors as they contributed to a multifacto-

rial disorder with both genetic and environmental components

(e.g., factor V Leiden thrombophilia, MIM: 188055). (Table S3)

Tests were labeled as ‘‘carrier’’ if they returned a pathogenic or

likely pathogenic variant linked to an autosomal recessive

gene, ‘‘inconclusive’’ if they returned one or more variants of

uncertain significance (VUSs), and ‘‘negative’’ if they returned

no variants. A clinical geneticist grouped genetic panel tests

into broad disease categories (e.g., cancer, endocrinology, or

cardiology).

Linking diseases and genes to phenotypes
We linked genes and genetic diagnoses to phecodeX; phecodes are

ICD-basedphenotypes that capture diagnoses, signs, and symptoms

across themedical phenome.23 Todo so,weused theHumanPheno-

type Ontology (HPO) annotations for rare diseases (v.2024-04-24)

that link genetic diseases and genes to phenotypes encoded as

HPO terms.24 We developed an HPO-to-phecodeX map such that

the phenotypic manifestations of each disease and gene could

be described as a set of phecodes (per methods described in prior

publications).25,26 To link diagnoses and test results to medical sub-

specialties, we mapped 12 of the HPO high-level phenotype cate-

gories to corresponding subspecialties (e.g., neoplasm/oncology)

(Tables S4–S6).
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Figure 1. The cumulative growth of ge-
netic testing recorded in the EHRs
The cumulative number of tests by year,
stratified by test type. Cumulative counts
of tests are shown for years 2002, 2005,
2010, 2015, 2020, and 2022. Cumulative
totals for each test type are labeled on
the right side of the figure.
Descriptive statistics for tests and diagnoses
To assess changes in genetic testing utilization over time, we sum-

marized the cumulative and yearly counts for the number of tests,

diagnoses, and variants returned, stratified by test type and/or indi-

cation. We also summarized the test types and panel disease cate-

gories by diagnostic yield (i.e., the percentage of tests that returned

a diagnostic result), as well as the fraction of tests that returned car-

rier status (i.e., a single pathogenic variant for an autosomal reces-

sive disease), uncertain variants, or no results (negative).
Assessing testing rates across subspecialty clinics
We assessed the percentage of patients exposed to genetic testing

over time, with the denominator as the number of patients who

were seen at the VUMC for each target year and the numerator

as the number of patients who had genetic testing in their EHRs.

We stratified the percent-tested measure across all outpatient

clinics that saw at least 200 patients in our cohort in 2022. For

12 subspecialties, we further assessed the relevance of the genetic

testing present in patients’ records by linking their diagnoses and

results to subspecialties.
Computing the genetically attributable fraction
Genetic diagnoses can explain a wide range of signs and symp-

toms. For instance, a diagnosis of cystic fibrosis clarifies why a pa-

tient may experience bronchiectasis and pancreatitis, while hered-

itary transthyretin (TTR) amyloidosis accounts for a patient’s heart

failure and neuropathy. We developed a metric called the geneti-

cally attributable fraction (GAF) to measure the proportion of a

phenotype that can be linked to a genetic diagnosis. The GAF is

calculated as follows: the denominator is the total number of pa-

tients with a specific phenotype (affected individuals), while the

numerator is the number of these affected individuals that have

a genetic diagnosis associated with that phenotype (diagnosed

affected individuals). We defined affected individuals as those

with a specific phecode recorded on at least two distinct dates

within the target year. We linked phecodes from patient EHRs to

genetic diagnoses by using the HPO-to-phecodeX map described

earlier. We computed phenome-wide GAFs for all phenotypes

observed in 2022 (excluding phecodes in the genetic diagnosis

chapter) as well as for individual phenotypes. Additionally, we as-

sessed the change in GAFs from 2002 to 2022 for 25 phecodes with

at least 100 cases, a GAF > 5%, and linkage to more than one ge-
The America
netic disease. Only one phecode per parent code was included. We

similarly linked non-diagnostic test results to the target phenotype

using the HPO-to-gene mapping.
Results

Cohort characteristics

Our cohort included 1,836,752 patients with a median age

of 36 at their last encounter at the VUMC (interquartile

range [IQR]: 16–60), with a median of 12 encounters

(IQR: 6–28) and a median of 5.0 years (IQR: 1.7–10.9) be-

tween the first and last encounters. 5.1% of patients were

born at the VUMC, and 33.9% had at least one encounter

as a pediatric patient (age < 18). The cohort was linked to

314,313,905 clinical notes from the EHRs. A full descrip-

tion of cohort demographics can be found in Table S7.
The EHR contains a significant and expanding repository

of clinical genetic tests and diagnoses

Collectively, information relating to genetic tests, results,

and diagnoses was compiled into a resource we call the

CGdb, which includes a cumulative total of 104,392 ge-

netic tests for 77,033 patients (Figure 1). Overall, multi-

gene panels were the most common test type (26.0%), fol-

lowed by single-gene tests (23.1%), single-variant tests

(17.3%), CMA (14.3%), karyotype tests (9.7%), repeat-

expansion tests (7.1%), exome or genome sequencing

(ES/GS, 1.3%), and methylation tests (1.1%). By indica-

tion, most tests were for diagnostic purposes (85.8%); car-

rier screening and familial variant testing accounted for

9.6% and 4.4%, respectively. In terms of results, the major-

ity of tests were negative (63.1%); 15.7% were diagnostic,

2.7% returned a risk factor, 5.9% returned carrier status,

and 10.1% returned one or more VUSs and no diagnosis

(Table S8).

Overall, the CGdb comprises 19,032 diagnoses and risk

factors for 18,476 patients; 533 patients (2.8%) had more

than one diagnosis, similar to rates reported in other

studies.27,28 The CGdb includes diagnoses for 1,564
n Journal of Human Genetics 112, 1029–1038, May 1, 2025 1031



Table 1. The prevalence of genetic disorders as estimated by Orphanet and measured in the CGdb

OrphaCode Disease
No. affected
in CGdb

Prevalence estimates (per 100,000)
Estimated population
biobank sizeOrphanet CGdb

870 Down syndrome 1046 57 56.9 1,835,088

586 Cystic fibrosis 962 11.1 52.4 8,641,831

399 Huntington disease 335 2.7 18.2 12,407,407

881 Turner syndrome 325 5.5 17.7 5,909,091

567 DiGeorge syndrome 286 37.5 15.6 762,667

363700 Neurofibromatosis, type 1 234 21.3 12.7 1,098,592

98896 Duchenne muscular dystrophy 195 2.8 10.6 6,964,286

558 Marfan syndrome 167 15 9.1 1,113,333

98878 Hemophilia A 103 4.9 5.6 2,123,711

273 Myotonic dystrophy 1 97 12.5 5.3 776,000

The table includes the ten most common genetic diagnoses in CGdb with available prevalence data available from Orphanet.
different diseases, including 20% of the 7,528 disorders

currently cataloged in OMIM (Tables S9A and S9B). Most

diseases were uncommon in the CGdb: 85% (n ¼ 1,330)

were diagnosed in fewer than 10 patients, and 43%

(n ¼ 673) were diagnosed in a single patient. Importantly,

the prevalence of diagnoses in the CGdb depends on the

likelihood that a genetic disorder is diagnosed with molec-

ular confirmation. Patients who were not tested, received a

test that did not interrogate the causal gene, or were clini-

cally diagnosed without genetic confirmation were not

included in the prevalence figures. Several diseases were

enriched in the CGdb. On the basis of Orphanet’s ‘‘Preva-

lence and incidence of rare diseases’’ (November 2023), a

population-based biobank would need over 5 million par-

ticipants to have the equivalent of patients diagnosed with

cystic fibrosis, Huntington disease, and Duchenne

muscular dystrophy29 (Table 1). The relatively high preva-

lence of these three diseases may, in part, be related to re-

ferrals to VUMC clinics that treat these specific disorders.
No consistent convention for documenting genetic

testing or diagnosis in the EHR

Genetic testing and diagnostic information was scattered

throughout the EHRs in multiple formats, and building

the CGdb necessitated both custom automated extraction

methods and substantial manual review. We identified

65,836 structured reports generated by the pathology lab

at the VUMC, 80.8% of which were for CMAs, karyotypes,

and single-gene or -variant tests. The remaining 38,556

tests were embedded in clinical notes, including 5,881 tests

recorded in templated language pasted within the body of

a note and 32,745 tests that lacked any consistent format-

ting. To locate genetic testing mentioned in free text only,

we indexed all notes for genementions, yielding 3,526,486

mentions for 432,581 patients and 3,994 unique genes.

Only 10% of gene mentions indicated the results of a ge-

netic test. False positive mentions included synonymy
1032 The American Journal of Human Genetics 112, 1029–1038, Ma
for short gene names (e.g., ESPN andOTC), mentions of ge-

netic variants found in family members, discussions of

possible genetic testing, and somatic variants. Overall,

36.9% of tests were recorded in the clinic notes with no

structure, including most multi-gene panels and ES/GS

(81.6% and 64.2%, respectively). The fraction of tests re-

ported in free text only increased over time, from 14.8%

in 2002 to 48.9% in 2022 (Figure S1).

Genetic tests originated from 112 different laboratories,

accounting for 32,218 of the tests in the CGdb. Eight

external labs contributed more than 1,000 tests each, ac-

counting for 25.1% of the tests overall. 103 additional

external laboratories contributed an additional 6,029 tests.
Growth of genetic testing over 21 years

An increasing percentage of the cohort received genetic

testing over the course of the study period. 6-fold more pa-

tients had genetic testing recorded in their EHRs in 2022

(6.1%) compared to 2002 (1.0%), as illustrated in

Figure S2. The number of new tests increased over time

except for in 2020, where there was a notable decrease in ge-

netic testing, likely due to healthcare disruptions during the

COVID-19 pandemic (Figure S3). In 2002, the percentage of

patients with a molecularly confirmed diagnosis or genetic

risk factor was 0.2%, which increased to 1.4% in 2022.
A shift toward more comprehensive testing increased

the variety of diagnoses made with genetic testing

In 2002, the most common test types were single-gene

(33.0%) and single-variant (28.0%) tests. Multi-gene

panels grew in popularity over the study period. In 2015,

multi-gene panels overtook single-gene tests as the most

popular test type and accounted for 46.3% of testing in

2022 (Figure 2A). The first instance of ES/GS was reported

in 2011, and 349 new instances of ES/GS were reported

in 2022, surpassing the number of karyotypes that year

(n ¼ 314).
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Figure 2. Trend toward more compre-
hensive tests and unique diagnoses
(A) The number of new genetic tests per
year, stratified by test type.
(B) The unique number of diagnoses per
year made with different test types. Some
diseases were diagnosed with different
test types in the same year; the black line
represents the overall number of unique
diagnoses made in that year, regardless of
test type.
As genetic testing became more comprehensive, the

number of different diseases diagnosed with genetic

testing increased from 51 in 2002 to 509 in 2022

(Figure 2B). Multi-gene panels diagnosed 984 unique ge-

netic diseases, or 63% of all diseases observed. Despite

making up only 1.5% of tests overall, ES/GS yielded diag-

nostic results for 410 different diseases, 168 of which

were not diagnosed with any other test type.
More comprehensive testing associated with increased

diagnostic yield as well as uncertainty

Overall, 28,646 pathogenic variants and 25,623 VUSs were

returned from genetic testing. While the cumulative num-

ber of pathogenic variants was greater than VUSs, by 2018,

VUSs began accumulating at a faster rate than pathogenic

variants, with 1.7 VUSs per pathogenic variant by 2022

(Figure S4). The increase in the rate of VUSs corresponded

with the increase in multi-gene panels and ES/GS testing,

which returned an average of 2.6 and 1.9 VUSs per patho-

genic variant, respectively. While ES/GS was the most

likely test to return a diagnosis (36.6%), it was also the

most likely to return inconclusive results (29.8%;

Figure S5). We also observed differences in the diagnostic

yield across panel test categories, with tests for vision disor-

ders having the highest diagnostic yield (49.5%) and

obesity the lowest (1.5%; Figure S6).
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Genetic testing is pervasive across

medical specialties

To determine the pervasiveness of ge-

netic testing, we assessed the genetic

testing rates among patients who

visited various outpatient clinics.

6.5% of patients with an outpatient

visit in 2022 had one or more genetic

test in their EHR. The percentage of

patients tested varied by clinic type,

ranging from 1.1% for student health

to 80.5% for medical genetics

(Figure S7; Table S10). Because not

all genetic tests are relevant to every

subspecialty, we further analyzed the

relevance of genetic testing across 12

medical specialties. For patients with

outpatient visits with these subspe-

cialties, an average of 11.9% (SD:
4.4%) had testing in their EHR; 2.6% (SD: 1.7%) had a rele-

vant diagnosis, 2.8% (SD: 1.0%) had a relevant inconclu-

sive test, and 0.7% (SD: 1.5%) had a relevant negative

test (Figure 3).
A substantial and increasing proportion of the observed

medical phenome can be attributed to genetic

diagnoses

Finally, we assessed the proportion of diagnoses in our

population attributable to a diagnosed genetic disease us-

ing the GAF (see subjects and methods). In 2022, patients

received 6,462,640 diagnoses as encoded by 3,201 unique

phecodes, of which 29,545 were linked to a genetic diag-

nosis, resulting in a phenome-wide GAF of 0.46%. The

GAF increased over time across a variety of unrelated phe-

notypes (Figure 4). Of the 2,049 phecodes with at least

100 cases, 788 had a GAF > 0%. The phecodes with the

highest GAF were exocrine pancreatic insufficiency

(67.1%), chorea (63.5%), and long QT syndrome

(56.4%). Developmental delay had a GAF of 6.2% (659

of 10,704 patients) and was linked to 301 different ge-

netic diagnoses, the largest number of any phenotype.

Nine neoplasm phecodes had a GAF > 4%, including par-

agangliomas (16.6%), ovarian cancer (8.6%), and breast

cancer (4.8%; Figure S8).
etics 112, 1029–1038, May 1, 2025 1033



Figure 3. Percentage of patients with
genetic testing in their EHRs, by clinic spe-
cialty
The bars show the fraction of patients with
genetic testing in the EHRs, stratified by
clinical specialty. Only outpatient or tele-
medicine visits in 2022 were included. Ge-
netic tests were deemed relevant to the
subspecialty if they were linked with a
phenotype related to the subspecialty
(e.g., breast cancer is relevant to oncology
and hypothyroidism is relevant to endo-
crinology). The definition of the test cate-
gories are as follows: ‘‘relevant, diagnostic’’
includes tests diagnostic for a condition
linked to the subspecialty, ‘‘relevant,
inconclusive’’ includes non-diagnostic
tests that returned a VUS or carrier status
linked to the subspecialty, and ‘‘relevant
negative’’ includes all other unlinked tests.
Discussion

By comprehensively curating genetic testing from the

EHRs, we were able to characterize its use and value across

medical specialties and over time. Our findings were

broadly consistent with previous studies, showing an in-

crease in clinical genetic testing over the last 20 years, a

trend toward more comprehensive testing, a correspond-

ing increase in the total number and diversity of diagnoses,

and an increased number of inconclusive test results. Un-

like in prior studies, here we show how these trends man-

ifest across test types and indications for an entire medical

population.

Our study demonstrates the increasing role of genetic

testing in clinical medicine. The rate of clinical genetic

testing increased year over year from 2002 to 2022, consis-

tent with prior studies that looked at genetic testing for

particular populations, including hereditary cancer

screening and preimplantation screening.11,13 In contrast

to prior studies, we provide information on testing across

the entire medical enterprise that allows for a more

comprehensive understanding of how widespread clinical

genetic testing has become since the completion of the Hu-

man Genome Project. By 2022, nearly 1 in 16 patients had

received some form of genetic testing during their clinical

care. Importantly, this number continues to grow, and

expansion has occurred in nearly every area of medicine.

This includes more than 20% of oncology patients, similar

to prior estimates for patients with breast or ovarian can-

cer,30 but less than 7% of urology and rheumatology pa-

tients. These findings suggest that a growing number of cli-

nicians are faced with the challenge of managing patients

with genetic testing; at the same time, these tests are

becoming more complex to interpret and utilize.

Our results also show the real-world impact of the

increasing diagnostic power of genetic testing. Over the

course of the study, the number of unique diseases diag-

nosed with genetic testing each year increased 10-fold—

from 51 in 2002 to 509 in 2022—representing great prog-

ress in the ability to detect a wide variety of diseases with
1034 The American Journal of Human Genetics 112, 1029–1038, Ma
genetic testing. These genetic diagnoses explained a signif-

icant and growing fraction of the observed phenome.

Among the nearly 6.5 million phenotypes observed in

2022, 0.46% could be linked to a genetic diagnosis. This

measure is one example of how EHR-linked genetic test

data can be used to track the utility of genetic testing at

the population level and measure the effect of

interventions.

Our findings also reflect the known tension between the

improved diagnostic resolution of comprehensive testing

and the rise in VUSs.31 We found that the highest rate of

uncertain tests came from ES/GS, followed by panel

testing. Here, our results contrast with a recent study of

over 1.5 million genetic test results from 19 clinical labora-

tories, which found that the rate on inconclusive tests was

higher for multi-gene panels compared with ES/GS.12

These differences likely reflect variations in variant report-

ing guidelines and local testing practices, highlighting the

importance of assessing the utility of genetic testing across

a variety of real-world settings. The shift toward more

comprehensive testing is driving a growing demand for

improved tools to support variant annotation and inter-

pretation32,33 and calls to reexamine reporting practices.34

Systematically organizing genetic test data throughout a

healthcare system can be valuable for various purposes.

Operationally, it can be utilized to monitor emerging

trends in the fast-evolving field of genetic testing,

providing valuable insights that aid in the development

of best practices in areas where they have yet to be estab-

lished, such as follow-up on inconclusive ES results.35

Measuring these trends can also help assess the impact

of new guidelines on testing practices. Additionally, a

comprehensive genetic database may help identify gaps

in testing. For example, comparing the use of genetic

testing across clinical contexts might reveal where current

practices could be altered to increase diagnostic yield and

reduce diagnostic delay.36 Furthermore, measuring diag-

nostic yield across different test types and clinical con-

texts may inform cost-benefit analyses, which are essen-

tial for expanding the reach of genetic testing.37,38 In
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Figure 4. The percentage of phenotypes attributable to genetic diagnoses
Each square represents data for a single phenotype with the GAF (green), the fraction of patients with an inconclusive test (yellow), and
the fraction of patients with genetic testing not linked to the phenotype (gray). Phecode labels were abbreviated for space. CM, congen-
ital malformation; CNS, central nervous system.
summary, these data can be used to guide more effective

use of genetic testing, enabling studies of medical practice

and promoting a virtuous cycle of health improvement as

envisioned by proponents of the learning healthcare

system.39

Our study also reveals that the EHRs of a single academic

medical center contain a wealth of genetic testing and di-

agnoses that could be used to improve knowledge and

treatment of genetic diseases. Prior studies show the value

of EHR-based cohorts to increase our understanding of the

phenotypic manifestations and natural history of rare dis-
The America
orders,40 improve our understanding of the epidemiology

of these conditions,41 identify patients for clinical trials,42

and train machine learning algorithms to facilitate early

detection.43 Indeed, an EHR-linked CGdb constitutes a

kind of biobank, one that is highly enriched for rare ge-

netic diseases and continues to grow over time. With

nearly 20,000 patients with a genetic diagnosis across

over 1,500 diseases at the VUMC alone, a collaborative

resource spanning multiple medical centers—a ‘‘diagnosed

disease network’’—could revolutionize the study of rare

diseases.
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A major challenge in curating clinical genetic testing is

the poor organization of EHRs, necessitating substantial ef-

forts to extract these data. More than one-third of tests

were not recorded in a structured format but instead were

documented as natural language in narrative text. The pro-

portion of these unstructured tests increased over the

study period, driven by the growing use of send-out tests

originating from more than 100 different external labora-

tories. While indexing the medical records for potential

gene mentions enabled us to locate unstructured tests,

manual review was used to identify true positives and

extract the relevant information. We found that only

10% of potential gene mentions in the narrative text

referred to germline test results pertinent to the target pa-

tient. The high incidence of reporting somatic variants,

test results for family members, and hypothetical results

complicated our efforts to automatically extract test results

using traditional natural language processing methods.

Manually curating these data with a simple, locally devel-

oped tool was time consuming. More sophisticated lan-

guage models that leverage larger context windows may

prove more effective.

The lack of searchable, machine-readable test results is a

widespread problem that not only limits the potential to

use these data for analytics but is also fraught with clinical

risk.3 Standards have been developed to facilitate EHR inte-

gration, but progress has been slow and restricted to a small

number of institutions.44,45 Improvements in integration

would make it easier for clinicians to locate genetic test re-

sults and enable more sophisticated clinical decision

support.46

Our study has several key limitations. First, this work was

conducted at a single academic medical center with a sub-

stantial clinical genetic footprint. Genetic testing trends

and patterns may differ across institutions and clinical spe-

cialties, such that our results may not completely gener-

alize to other medical settings. Relatedly, the way genetic

tests are recorded in the EHRs is likely to vary between in-

stitutions. Consequently, we cannot provide a universally

applicable methodology. Instead, the approach detailed

in this paper serves as a guideline. Implementing a similar

system in other settings will necessitate tailored program-

ming to accommodate specific institutional requirements.

Second, we identified testing by indexing medical records

for keywords, including gene names and genetic testing

companies. This process might have missed genetic testing

that was not recorded in the clinical notes, and this might

have biased our dataset against negative tests. Third, our

dataset is restricted to germline testing, except for pharma-

cogenomics, fetal DNA, and tumor testing. We anticipate

that these forms of testing could be incorporated via a

slightly modified approach.

In their current unstructured state, clinical genetic test

results represent a vast and largely untapped resource.

Structured test results can be used operationally tomeasure

and monitor genetic test utilization and clinical utility.

This dataset can be leveraged for research to improve un-
1036 The American Journal of Human Genetics 112, 1029–1038, Ma
derstanding of how genetic diseases present in the EHRs

for improved detection and recognition. As clinical genetic

testing becomes an ordinary part of healthcare, it has

become necessary to capture testing data in a computable

format to improve genetic testing and diagnostics in the

future.
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