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abstract

PURPOSEPatients who represent the negative biomarker population, those tested for a biomarker but found to be
negative, are a critical component of the growing molecular data repository. Many next-generation sequencing
(NGS)–based tumor sequencing panels test hundreds of genes, but most laboratories do not provide explicit
negative results on test reports nor in their structured data. However, the need for a complete picture of the
testing landscape is significant. Syapse has created an internal ingestion and data transformation pipeline that
uses the power of natural language processing (NLP), terminology management, and internal rulesets to
semantically align data and infer negative results not explicitly stated.

PATIENTS AND METHODS Patients within the learning health network with a cancer diagnosis and at least one
NGS-based molecular report were included. To obtain this critical negative result data, laboratory gene panel
information was extracted and transformed using NLP techniques into a semistructured format for analysis. A
normalization ontology was created in tandem.With this approach, we were able to successfully leverage positive
biomarker data to derive negative data and create a comprehensive data set for molecular testing paradigms.

RESULTS The application of this process resulted in a drastic improvement in data completeness and clarity,
especially when compared with other similar data sets.

CONCLUSION The ability to accurately determine positivity and testing rates among patient populations is im-
perative. With only positive results, it is impossible to draw conclusions about the entire tested population or the
characteristics of the subgroupwho are negative for the biomarker in question. We leverage these values to perform
quality checks on ingested data, and end users can easily monitor their adherence to testing recommendations.
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INTRODUCTION

As genetic sequencing becomes more available to
patients, especially in the oncology space, there is an
ever-growing database of biomarker information. How-
ever, very few laboratories provide explicit negative re-
sults on their reports or in structured data feeds.
Currently, the standard among molecular laboratories is
to list pertinent negatives—explicit negatives in a subset
of genes that are relevant to the cancer type and/or
targeted therapies, typically ,10 genes. Thus, many
databases relying on result ingestion from partners are
limited in that they only include patients for whom a
genetic alteration was detected or explicit negatives for
10 or fewer genes. With these limited data, it is not
possible to make any claims about the entirety of the
population who is being tested nor the population who is
negative.

Additional challenges arise from the fact that laborato-
ries change the composition of their sequencing panels.

Genome-based oncology research is continuously ad-
vancing, and as new genes and alterations are linked to
cancer or novel therapeutics are developed to target
pathogenic mutations, these genes and/or variants must
be included in tumor sequencing panels. As an ex-
ample, one prominent laboratory’s panel contained 595
genes on its initial launch and now contains 649
genes.1,2 The challenge for informaticians is identifying
these changes in real time to accurately reflect the panel
size and composition.

Many guidelines now recommend genetic testing for
oncology3-6 and as it becomes standard practice, it is
critical to capture both positivity rates and testing rates.
Positivity rates are vital for life science companies
seeking to develop targeted therapies, identify ac-
quired resistance mutations, and to analyze real-world
data on the efficacy of targeted agents.7 As real-world
data become more available, regulatory agencies have
issued guidance in using these data in approval de-
cisions for new drugs.8 Testing rates are valuable to
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health care systems as they seek to improve their practices
and ensure guidelines are met.9 Additionally, this infor-
mation is beneficial to determine if rates of utilization of
targeted therapeutics, on the basis of biomarker results, are
in line with the field. Both positivity rates and testing rates
rely on negative results to be calculated appropriately.

Negative biomarker results are also critical to ensuring
quality control in real-world oncology data. Positivity rates
are readily available in public biomarker data sets10-13 and
are often published. Completeness of real-world biomarker
data, including negative results, is imperative to perform
checks against published values.

Historically, use of tumor sequencing results in a real-world
setting relied on manual review and abstraction of clinical
reports. The mechanism by which reports are delivered to
practitioners varies from faxes, online portals, PDF docu-
ment delivery, and automated data feeds.14 To complicate
matters further, there is suboptimal standardization in mo-
lecular reporting, leading to variability in abstraction and
increased time to locate relevant biomarkers between report
types.15 Considering that most laboratories do not explicitly
call out negative results, a manual review of hundreds of
genes and comparison with reported positives is not a
feasible solution. Current collection methods for negative
results are limited to this manual review and comparison and
are heavily affected by changing panels and the lack of
conformity between laboratory reports.

Molecular testing data is siloed and not well-coordinated
across all data consumers, leading to inconsistent insights
and representations of this data to end users.

Understanding all of the biomarkers tested for a patient that
did not return any findings (a.k.a. negative results) is a
significant research undertaking toward the outcome of
accurately assessing testing and positivity rates at scale and
using those negative findings for key insights into the mo-
lecular testing landscape. We have worked to address this

data gap, and in doing so, we have enhanced the quality and
depth of our data.

PATIENTS AND METHODS

After the development and implementation of the negative
inference pipeline, a retrospective analysis was conducted
to examine the impact on molecular biomarker data quality
and completeness.

Data Source

The Syapse Learning Health Network (LHN) is an integrated
data network encompassing data from large community-based
health systems across the United States. Currently, there
are more than 3M patients who are part of Syapse’s LHN.
The LHN currently consists of 450+ hospitals, 5,200+
outpatient clinics, 1,900+ oncologists, and 216,000+
newly diagnosed patients added annually.

Study Population

Patients included in the inferred negative population had a
cancer diagnosis and at least one molecular report within
the LHN performed by next-generation sequencing. Those
reports which contained multiple testing technologies were
excluded. Reports that were canceled or associated with
samples were classified as quality not sufficient, did not
have negatives inferred. Additional data requirements for
molecular reports included a readable PDF or XML file
containing an appropriate laboratory name, test name, and
report date. The final data set consisted of 14,856 reports
across 11,373 patients, 92% of which were solid tumor
samples and the remaining being liquid biopsies.

Extraction and Processing of Gene Lists

For laboratories that do provide a gene list in their data feed,
we were able to easily create entries in our test gene list
ontology. However, for the majority of laboratories, to de-
termine which geneswere present on a panel at a given time,
as well as the types of alterations that were sequenced,
Syapse developed a way to leverage natural language

CONTEXT

Key Objective
To develop a methodology for computationally inferring negative genomic results not explicitly stated in molecular laboratory

reports.
Knowledge Generated
A negative inference process and pipeline was developed to allow for complete testing data to be reflected in our molecular

database. After the implementation of our design, we show a dramatic improvement in completeness of biomarker data, as
well as alignment with expected population rates.

Relevance
Currently, most molecular laboratories report positive test results and pertinent negative results but do not provide negative

results for all genes tested. This practice impairs the ability of data analysts and informaticists to determine exactly which
patients were sequenced for which genes and who were negative. Our negative inference pipeline has allowed for greater
completeness of biomarker data, improving the ability of health care systems, scientific investigators, and regulatory
agencies to have a more complete picture of the molecular testing landscape.
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processing (NLP) to scan report PDFs to determine the
appropriate gene alteration list.

To cover the use case where gene lists were not provided in
a structured form, the lists were extracted from unstruc-
tured documents. Unstructured documents arrive in a
variety of formats, from PDF through HL7 which in turn
presents a scalability challenge. To avoid manual extraction
in these cases, we used NLP to pull the gene lists from
these reports.

Laboratory reports were first normalized to a text-based
format. For HL7 and text-based reports, this required only
extraction of the relevant sections of the report from the
larger file. In the case of PDFs that were provided without
textual data, optical character recognition (OCR) was used
for transformation. In some cases, PDFs were structured
in such a way that a simple OCR resulted in text files with
out-of-order text (Fig 1). In these cases, a detectron model
was used to structure the PDF and extract text into coherent
chunks.

Once extracted, reports were separated into segments, and a
clinical metathesaurus16 was used to scan the resulting
text—gene lists were identified by finding clinically relevant
terms, and information about the gene name and any as-
sociated amino acid or exon ranges, as well as the type of
scan performed on that gene (mutations, fusions, etc), was
extracted. As great a specificity as possible was used to

represent the sections of gene tested: Where amino acid
ranges were provided, these were used. If they were not, but
exons were provided, these were used. Finally, if only the
gene itself was listed, this was represented with no exon or
AA information (Fig 2).

The output of this process is a raw file containing the genes
and associated alterations that are sequenced across time.
NLP-generated lists were then validated against the ingested
report data. Gene lists extracted from PDF reports using NLP
were manually checked against the PDF reports for each
date range, ensuring that all tested genes, as reported on the
PDR, were accounted for. Refinement of the NLPmethod for
extracting gene lists was conducted until the generated gene
lists matched the PDF report.

Validated gene alteration lists were then correlated, according
to the date the report was issued, to ascertain the date on
which a panel was changed. It is important to note that it was
necessary to determine not only which genes were present on
the panel but also the alterations tested for. Possible alter-
ations included single-nucleotide variants, insertion deletions
(indels), rearrangements/fusions, copy number variants, and
splice site alterations. Typically these decisions are made
based on the biological function of the gene and/or relevant
therapeutics to target certain types of mutations; however, it is
at the discretion of the testing laboratory. Additionally, al-
though there are overlaps between the gene/alterations tested,
there is no standard for oncology sequencing panels and thus

ABL1   CTNNB1   GNA11   JAK2   MTOR   PIK3CA
Exons 4-9   Exon 3   Exons 4,5   Exon 14   Exons 19,30,39,40   Exons 2,3,5-8,10,14,
43-35, 47, 48, 53, 56   19, 21
AKT1   DDR2   GNAQ   JAK3   MYD88   RAF1
Exon 3   Exons 5,17,18   Exons 4,5   Exons 5,11-13,15,16   Exon 4   Exons 3,4,6,7,10,14
15,17

C

B

ABL1

DNA gene list: Select exonic sequence for the detection of base substitutions, insertions/deletions, and copy number alterations

PIK3CAMTORJAK2GNA11CTNNB1

Exons 4-9 Exon 3 Exons 4,5 Exon 14 Exons 19,30,39,40, Exons 2,3,5-8,10,14,

43-45,47,48,53,56 19,21

3KAJQANG2RDD1TKA MYD88 RAF1

Exon 3 Exons 5,17,18 Exons 4,5 Exons 5,11-13,15,16 Exon 4 Exons 3,4,6,7,10,14,

15,17

A

ABL1

DNA gene list: Select exonic sequence for the detection of base substitutions, insertions/deletions, and copy number alterations

PIK3CAMTORJAK2GNA11CTNNB1

Exons 4-9 Exon 3 Exons 4,5 Exon 14 Exons 19,30,39,40, Exons 2,3,5-8,10,14,

43-45,47,48,53,56 19,21

3KAJQANG2RDD1TKA MYD88 RAF1

Exon 3 Exons 5,17,18 Exons 4,5 Exons 5,11-13,15,16 Exon 4 Exons 3,4,6,7,10,14,

15,17

FIG 1. Example of processing of gene list using OCR and detectron model. (A) PDFs are normally formatted to be easily read, but text position is
commonly lost in OCR PDF readers. These readers instead focus on reading the text line-by-line. (B) These highlights show the order in which PDF
OCR reads the text—note that the association between exon and gene is lost. (C) The translated results of this PDF using a typical OCR program. It is
now impossible to associate the correct exons with their genes if exon numbers take up more than one line. OCR, optical character recognition.
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informaticians who rely on ingested data must derive another
way to reliably obtain gene alteration lists.

Ontology Construction

After review of NLP output, an ontology was then con-
structed using this data. The ontology was designed with
the concept of a panel list and sequenced variant types
changing over time in mind (Fig 3).

Once the ontology was built and the relevant data were
populated, the ontology was published to BioPortal17—a
service for ontology management. In addition to this test
gene alteration ontology, Syapse currently maintains a
number of ontologies that are used in the normalization of
incoming data to aid in merging and cleaning disparate
data sets.

Pipeline Development and Algorithm

The negative inference pipeline consists of three key steps:
extraction, lookup, and inference (Fig 4). Extraction in-
volves querying multiple tables that contain report-level and
biomarker-level information and creating an in-memory
representation of this information, called a report. The
lookup step establishes the link between the test gene
alteration ontology and the ingested data. For each report,
on the basis of the laboratory name, test name, test version
code, alteration type, and report date, a full gene list is
determined. When a test version code is not available, a
date bisection algorithm is applied to account for the fact
that laboratories will update a gene list but continue to use
the same test name. Once lookup has been performed, the
full gene list and the explicit biomarker results from the

molecular report are available. The set difference between
the two gene alteration lists is taken, and the results are the
inferred negatives for the report.

After completion of the negative inference pipeline, results
are written into the corresponding tables, noting that these
results have been inferred by this process. Secondary veri-
fication of inferred negative results produced by the pipeline
was also performed, comparing the reported positive and
negative results with the inferred negatives. A randomized set
of 10 reports were selected for each test date range. Any
errors discovered during the verification process were rem-
edied and reverified.

Impact Analysis

Weconducted a positivity rate analysis comparing our internal
data sets with other publicly available data sets and literature.
Selected cancer types were lung, breast, and colon cancer as
these tumor types have the most recommendations for ge-
netic testing and standard-of-care biomarker-based targeted
therapeutics.18 Specific variant types were also selected in
each gene/tumor pair to highlight the impact of using a gene
alteration ontology. Positivity rates were compared with
publicly available data sets and publications specific to each
tumor gene variant group. Testing rates were examined in a
similar fashion, comparing the testing rates before and after
implementation of the negative inference pipeline for select
cancer and variant types.

RESULTS

Wewere able to infer an accurate and comprehensive set of
negative biomarkers that enabled us to better measure

DCBA
BRCA1 exons 2-5

BRCA2 exons 10,11

BRCA1 exon 4

BRCA1 exons 2, 3, 5
BRCA2 exons 10, 11

BRCA1,
BRCA2, EGFR

BRCA1 p.leu140lys

BRCA2, EGFR

BRCA1 (34-80, 123-156,
204-215, 300-310)

BRCA2 (43-64, 200-210)

BRCA1 p.leu140lys

BRCA1 (34-80, 204-215, 300-
310)

BRCA2 (43-64, 200-210)

Tested gene list

Variant description

Inferred negative list
(tested variants)

FIG 2. Diagrammatic representations of example report types and the resulting creation of an inferred negative list. (A) Sample diagram,
showing how the inferred negative list is derived—the variants are subtracted from the total tested genes. (B) If the exons tested are given in the
gene list and we are given which exons had the variant, only the exon associated with the variant is subtracted from the total list. Here, exon 4
contained the variant, so BRCA1 exon 4 is removed from the inferred negative list. If all exons are removed, the gene itself is removed from the
inferred negative list. (C) If the gene list provides amino acid ranges and the variant gives the amino acid at which the variant was found, only the
amino acid ranges that contained the variants are removed from the list—here, range 123-156 contained the variant at position 140, so it is
removed from the inferred negative list. If all ranges are removed, the gene itself is removed from the inferred negative list. (D) If only gene
names are provided in the genes tested list, the entire gene is removed from the inferred negative list if any variant is found—this represents the
most clarity we can achieve with the given testing specificity.
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testing rates and positivity rates and to improve our bio-
marker completeness.

To evaluate the utility of the inferred negative process, we
calculated individual biomarker testing rates within the
analysis cohort before and after the implementation of the

pipeline (Table 1). All selected biomarkers are associated
with anUSFood and Drug Administration–approved targeted
therapy in the selected cancer type.19 Patients included had
at least one next-generation sequencing (NGS) molecular
report containing data required for negative inference,

Laboratory

Test name

Variant type 1 Panel gene list

Panel gene list

Start date 1

Start date 2

Variant type 2 Panel gene list

Panel gene list

Start date 1

Start date 2

FIG 3. Example of the ontological
hierarchy that allows for inference of
negative results.

S3

SPMD

Ontology
transfer

ci-
knowledge

BioPortal

ci-value
setload

Normalization
service

Negative inference
pipeline

FIG 4. Schematic representation of the data transformation process. SPMD, Syapse Precision Medicine Database.
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including laboratory name, test name, and report issue date.
Rates improved for each biomarker evaluated, as demon-
strated by paired T test (P = .0008).

To evaluate the accuracy of positivity rates after imple-
mentation of the negative inference pipeline, we searched
several publicly available data sets and peer-reviewed articles
to obtain comparator values. Reporting laboratories do not
readily provide their internal positivity rates, so alternative data
sets were chosen for comparison. Large, publicly available data
sets were selected because of their similarity to the LHN—their
populations contain a diverse array of tumor types and se-
quencing results primarily derived from NGS-based tests. The
Sanger Institute’s Catalog of Somatic Mutations in Cancer
(COSMIC) contains data from both peer-reviewed papers and
sequencing results and is a trusted source for assessment
of somatic variants.20 Tissue types were selected to match
our comparison groups: breast, lung, and large intestine.
cBioPortal, developed at Memorial Sloan Kettering Cancer
Center, was selected because of its breadth of data and open-
source platform allowing for easy data set creation and anal-
ysis. cBioPortal’s curated set of nonredundant studies for each
tumor type group (breast, bowel, and lung) was used. Finally,
theNational Cancer Institute’s Genomic Data Commons (GDC)

database, which includes data from National Cancer Institute
programs such as The Cancer Genome Atlas (TCGA) and
TARGET, was used as a large database comparator.21 Primary
sites of breast, colorectal, and lung were applied for this as-
sessment. Analysis using these databases was completed
between August 1, 2022, and August 31, 2022. Additional
publications focused on each tumor alteration pair were also
included to ensure that a comprehensive set of positivity rates
were available for comparison. Our investigation demonstrated
that Syapse’s molecular data falls within the range of positivity
rates published by comparators10-13,21-28 (Fig 5).

As ameasure of completeness, we assessed the total number
of biomarker results in our data set. After the implementation
of the negative inference pipeline, Syapse was able to in-
crease our biomarker result repository 8-fold (Table 2).

DISCUSSION

The work presented here highlights a critical gap in the
current biomarker data ingestion paradigm. Clinical labo-
ratories that run large NGS-based tumor sequencing panels
often do not explicitly report negative results. This requires
additional steps to be taken to identify tested, but negative,
genes. At present, there are several methods by which
negative results are presented and collected. In the clinical

TABLE 1. Testing Rates of Select Alterations in the Analysis Cohort Before and After Addition of Inferred Negative Data

Gene Alteration Type
Tumor
Type Targeted Therapy

Test Rate,
% (before
inferred

negatives)

Test Rate,
% (after
inferred

negatives)

KRAS Sequence variant Colon Sotorasib 69.42 98.71

EGFR Sequence variant Lung Afatinib, dacomitinib, erlotinib, gefitinib,
mobocertinib, osimertinib

58.36 96.17

PIK3CA Sequence variant Breast Alpelisib 47.88 96.32

NTRK1 Fusion All Entrectinib, larotrectinib 0.05 77.19

NTRK2 Fusion All Entrectinib, larotrectinib 0.04 58.38

NTRK3 Fusion All Entrectinib, larotrectinib 0.05 29.61
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FIG 5. Positivity rate analysis com-
paring Syapse data set with other
publicly available external sources.
Mean positivity rate among compar-
ator values was calculated; points
represent a range of one standard
deviation. Values can be found in
Appendix Table A1. SD, standard
deviation.
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setting, a physician can reference the list of tested genes at
the end of the report and compare them with the reported
positive results to ascertain the negative results in real time.
These results may be recorded separately in the physician’s
note or could also be partially or fully replicated in the original
surgical pathology report, at the discretion of the physician or
pathologist involved. Physician notes typically do not detail all
genes tested and only highlight positive findings. On the data
ingestion side, negative results are limited to those that are
included in the structured report data, which typically
consists of a few pertinent negatives, often related to tumor
type and clinical guidelines, only. To use negative results to
create a comprehensive database of all tested genes, large
scale data companies are therefore reliant on manual ab-
straction of negative results. Many large panels numbermore
than 500 genes and require a sizable time investment for
manual capture, which is also susceptible to human error.
Additionally, as gene lists are not stable over time, a set gene
list for each test cannot be relied on. In some cases, a full
PDF of the molecular report is not available for manual
review, and abstractors are reliant on physician notes in-
cluded in the electronic medical records.

For any population-based study, internal health system
quality control, observational research, external collaboration,
or regulatory purpose, depth and uniformity of tested, but
negative, data is critical for calculation of metrics such as
the positivity rate and testing rate. To address this, we have
created an AI and informatics-based approach that allows for
inference of negative results using the gene lists provided by
the laboratory in PDF reports and/or data feeds. With the
implementation of this pipeline, we demonstrate a substantial
improvement in data quality and completeness.

Testing rates in the LHN show a significant increase before
and after the application of the inferred negative pipeline,
illustrating an important role in accurately reflecting the tested
population. These rates are a critical measure that rely on
accurate counts of tested patients. National Comprehensive
Cancer Network guidelines recommend genetic testing for all
selected alterations in our analysis, for their respective cancer
types, either at initial disease presentation or after the failure of
first-line therapy.3-5 Additionally, pan-tumor testing forNTRK1/
2/3 fusions is becoming increasingly common among phy-
sicians because of the approval of several TRK inhibitors.29

Our analysis on the inferred negative data set, which aims to
better reflect testing data, shows that these recommendations
and trends are being adopted in clinical testing panels. As
precision oncology continues to advance, molecular testing is
becoming a cornerstone in therapeutic decision making. In-
depth data surrounding the utilization of molecular se-
quencing, beyond the presence of a mutation, is therefore a
meaningful metric for providers.

Positivity rates within selected tumor gene alteration groups
were found to be comparable with other data sets and
publications. However, it is difficult to make statistical
comparisons as the rates in which mutations are observed in
certain cancer types are variable and heavily dependent on
the patient population. Aspects such as cancer stage, patient
age, sex, smoking status, and geographical location, among
others, have all been shown to affect positivity rate.30,31 Al-
though large data sets and studies exist as reference points,
we expect that our patient population will differ based on the
aforementioned variables. Accordingly, we opted to make a
qualitative comparison of positivity rates in our investigation.
With the creation of our negative inference pipeline, we hope
to enable end users to get a more complete picture of their
population of interest.

It is critical to note that the use cases for inferred negative
results are intended to be population-based retrospective
studies, regulatory studies, and quality improvement pro-
grams. The intent is not to replace or overwrite any results
reported by a testing laboratory or to inform individual patient
care decisions. We are leveraging the data already provided
by the clinical laboratories in their PDF reports and making it
more easily accessible and readable for insights and ana-
lytics. Clinical care impact for this work resides in the ability of
health care systems, health care providers, life science in-
vestigators, and regulatory agencies to more readily deter-
mine if patients are being tested as recommended by
guidelines, as required for large-scale clinical trial matching
and as needed to provide clean uniform data pertaining to
negative results for observational research studies.

An ever-present challenge in collecting and analyzing
real-world data is biomarker completeness, even when PDF
reports and structured and unstructured data are provided.32

Although physicians are able to make decisions regarding
patient care and clinical trial eligibility on the basis of those
variants not reported to be positive but referenced as tested in
a gene list, informaticians struggle with these implied negative
results since they are not readily present in ingested data.
Population-based studies thus become more difficult to
conduct as themolecular data do not paint a complete picture
beyond patients who tested positive for a biomarker. Machine
learning–based inferred negatives are a way to alleviate this
gap and enhance the completeness of real-world data.

TABLE 2. Results of the Implementation of the Negative Inference
Pipeline on Syapse’s Molecular Biomarker Repository
Explicit NGS Biomarker
Results Inferred NGS Negatives

1,678,966 8,884,559

Abbreviation: NGS, next-generation sequencing.
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APPENDIX

TABLE A1. Data for Positivity Rates Represented in Figure 5
Gene- Variant
Type- Cancer, Type Syapse, % COSMIC, % cBioPortal, % GDC, % Publications, % Mean, % SD, %

EGFR seq.var lung 16.0 26.50 18.20 12.65 15.40 18.19 5.99

BRAF seq.var lung 7.0 2.42 4.90 5.56 5.00 4.47 1.40

ALK fusion lung 2.8 NA 0.70 NA 4.50 2.60 2.69

KRAS seq.var colon 45.2 32.32 37.60 41.89 40.00 37.95 4.15

BRAF seq.var colon 10.6 12.36 9.70 14.39 9.60 11.51 2.31

PIK3CA seq.var breast 34.9 29.07 34.50 34.13 33.40 32.78 2.51

ERBB2 amp breast 6.4 8.30 12.20 NA 15.56 12.02 3.63

NOTE. Data set did not have information labeled NA. Mean and standard deviation were calculated on the basis of comparator values,
excluding Syapse.

Abbreviations: COSMIC, Catalog of Somatic Mutations in Cancer; GDC, Genomic Data Commons; SD, standard deviation.
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