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Abstract

Purpose: Severe genetic diseases affect 7 million births per year, worldwide. Diagnosing these
diseases is necessary for optimal care, but it can involve the manual evaluation of hundreds of
genetic variants per case, with many variants taking an hour to evaluate. Automatic gene-ranking
approaches shorten this process by reporting which of the genes containing variants are most
likely to be causing the patient’s symptoms. To use these tools, busy clinicians must manually
encode patient phenotypes, which is a cumbersome and imprecise process. With 60 million
patients expected to be sequenced in the next 7 years, a fast alternative to manual phenotype

extraction from the clinical notes in patients’ medical records will become necessary.

Methods: We introduce ClinPhen: a fast, high-accuracy tool that automatically converts the

clinical notes into a prioritized list of patient symptoms using HPO terms.

Results: ClinPhen shows superior accuracy to existing phenotype extractors, and when paired

with a gene-ranking tool it significantly improve the latter’s performance.

Conclusion: Compared to manual phenotype extraction, ClinPhen saves more than 5 hours per
case in Mendelian diagnosis alone. Summing over millions of forthcoming cases whose medical
notes await phenotype encoding, ClinPhen makes a substantial contribution towards ending all

patients’ diagnostic odyssey.
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Introduction

Every year, 7 million children worldwide® are born with rare genetic diseases. Diagnosing these
conditions currently involves determining which (if any) of numerous genetic variants (100-300
coding variants alone, if there are no sequenced relatives) is causing the patient’s symptoms.
This is done by spending an average of 54 minutes evaluating each variant? until the causative
one is identified (Figure 1). As sequencing technology becomes more time- and cost-efficient,
the number of clinical applications skyrockets, to the point that over 60 million patients are
expected to be sequenced by 2025%. As more patients with genetic diseases are sequenced, the
procedure of manually evaluating the possible causative variants for each patient creates a

bottleneck in the diagnostic process.

Although a clinician must make the final decision on the diagnosis, the process leading up to it
can be greatly expedited by computational tools. Phrank?, hiPhive®, Phive®, PhenIX’, and other
automatic gene-ranking tools®* aim to speed up the process of evaluating potentially causative
genes. These algorithms require as input a list of symptoms encoded as terms from an existing
phenotype ontology (notably, the Human Phenotype Ontology, or HPO). In addition, they
require a list of genes containing potentially deleterious genetic variants. These tools
automatically rank the list of candidate genes using their own estimates of each gene’s likelihood
of causing the patient’s disease. Consequently, the clinician can reach a diagnosis faster by going

down the ranked list, evaluating the candidate genes until the causative gene is identified.
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The process of annotating a patient’s genetic variants and filtering them to a list of candidate
genes is greatly facilitated by tools such as ANNOVAR! VAASTY, VEPZ, and snpEffL,
However, comparable tools for automatically encoding phenotypes mentioned in the patient’s
clinical notes into phenotype ontology terms are lacking. While gene-ranking tools can
considerably shorten the lengthy manual review of a gene list to reach a diagnosis?, their ability
to do so depends on the phenotypes used (see below). The manual encoding of phenotypes is a

slow and unstructured process, making gene-ranking tools difficult for clinicians to adopt.

Existing Natural Language Processing tools that identify patient phenotypes were not designed to
accelerate the diagnosis of Mendelian diseases??28, Many of these tools only look for indications
of specific subsets of phenotypes or diseases?’2°2. Others report and encode all of the
phenotypes they can find—including negated phenotypes (“The patient does not have symptom
X”), findings in family members (“The patient’s mother has symptom X”’), and phenotypes
mentioned in the discussion of a differential diagnosis (“Patients with disease W often have
symptoms X, Y, and Z”’)—requiring manual review of the clinical notes to remove the out-of-
context phenotypes?*?, Two general-purpose phenotype extractors, cTAKES? and MetaMap??,
aim to extract only the phenotypes that apply to the patient, thus returning a list of patient

phenotypes that are ready to run through an automatic gene-ranking tool.

cTAKES and MetaMap, however, have not been optimized for a clinical genetics workflow.
They have relatively slow runtimes and suboptimal accuracy (see below). Importantly, they do
not indicate which phenotypes may be more useful in establishing a diagnosis. A patient’s
clinical notes taken before the diagnosis can have over 100 phenotypes mentioned about the
patient, but clinicians do not usually list all of them when trying to diagnose. Instead, they list

only the ones that they think will be the most useful in diagnosing the patient.
4
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Here, we introduce ClinPhen: a fast, easy-to-use, high-precision, and high-sensitivity alternative
to existing phenotype extractors. ClinPhen scans through a patient’s clinical notes in seconds,
and returns phenotypes that help gene-ranking tools rank the causative gene higher than they
would with manually-identified phenotypes. Using a cohort of diagnosed patients, we show how
to accelerate the diagnosis of Mendelian diseases by letting gene-ranking tools run directly on

phenotypes extracted from the clinical notes by ClinPhen.

Materials and Methods

Overview of ClinPhen

ClinPhen is an algorithm for fast, accurate phenotype extraction from clinical notes (Figure 2).
ClinPhen extracts phenotypes encountered in the free-text notes and translates them into terms
from the Human Phenotype Ontology (HPO), a structured database containing 29,107 names and
synonyms of 12,486 human disease phenotypes. ClinPhen uses the UMLS Metathesaurus® and
the Monarch Initiative®? to expand HPO’s synonym list from 29,107 to 69,690 synonyms for the

same 12,486 phenotypes.

To extract HPO terms from the clinical notes, ClinPhen proceeds as follows: first, the free text is
broken into sentences, subsentences, and words. ClinPhen “lemmatizes” the words using the
Natural Language Toolkit (NLTK) Lemmatizer®®. “Lemmatization” refers to a process in which
inflected forms of words are replaced with normalized forms. The word “lesions”, for instance, 1s
lemmatized to “lesion”. This allows ClinPhen to accept phrases such as “localized skin lesions”

(plural) to match the name “localized skin lesion” (singular).

Subsequently, ClinPhen uses a custom rule-based heuristic to match subsentences against

phenotype names and synonyms (Online Methods). ClinPhen does not look for continuous
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phrases, but instead checks if the subsentence contains all words in the given synonym. As an
example, “Hands are large” will be a valid mention of the phenotype “Large hands”. For
efficiency, ClinPhen does not search the entire collection of notes for each phenotype. Instead, it
uses a hash table3 to pass over the notes once, record which words appeared in which
subsentences, and then be able to quickly identify which subsentences in the notes contain all of

the words in a given phenotype name.

After identification of phenotype terms in free text, ClinPhen uses a rule-based Natural-
Language-Processing (NLP) framework to decide how a phenotype mention should be
interpreted. The framework relies on an extensive list of keywords to decide if a mentioned
phenotype applies to the patient. If, for instance, a sentence contains words such as “not” or
“mother”, then ClinPhen assumes any phenotypes mentioned in the sentence do not apply to the

patient.

For each HPO phenotype, ClinPhen counts the number of valid occurrences in the clinical notes,
and saves where in the notes it first appears. ClinPhen returns a sorted list of all HPO phenotypes

found, with the most- and earliest-mentioned phenotypes at the top (Figure 2).

ClinPhen extracts the most accurate phenotype sets

Real patient cases used to improve and test ClinPhen

ClinPhen was trained and tested on patient data obtained from the clinical genetics service at
Stanford Children’s Health (SCH). Two sets of patient data were used. The Training set
consisted of the clinical notes of 20 patients with presumed but undiagnosed genetic diseases,
and was used to improve the accuracy of ClinPhen. The Test set consisted of the clinical notes,

genetic data, and diagnoses of all available (24) patients who had clinical notes from genetics
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and/or pediatrics, were diagnosed with a genetic disease by Medical Genetics at the Lucille
Packard Children’s Hospital (LPCH) in Stanford, and consented for research use. This set was
used to test the accuracy of ClinPhen, as well as the performance of gene-ranking tools when
using ClinPhen’s phenotypes. For all experiments, only notes created by the clinical genetics and

pediatrics services at LPCH before the patient’s diagnosis were used.

Ontology and thesauruses
ClinPhen uses the Directed Acyclic Graph (DAG) of phenotypic abnormalities provided by the

Human Phenotype Ontology (HPO)Y'. The HPO DAG is a large collection of phenotypes, where
the more-general “parent” phenotypes are linked to their more-specific subcategories, or “child”
phenotypes. “Generalized tonic-clonic seizures”, for instance, is a child of “Generalized
seizures”, which is a child of “Seizures”. HPO also has a list of synonyms for every phenotype.
“Seizures”, “Seizure”, and “Epilepsy”, for instance, all correspond to the same phenotype,
represented by the ID HP:0001250. ClinPhen looks for these synonyms in the clinical notes to
determine if the phenotype is mentioned. All phenotypes descending from the node “Phenotypic
Abnormality” (HP:000018) are considered. Since many of the widely-used synonyms for
phenotypes are not yet included in HPO, ClinPhen supplements HPO’s thesaurus using the
metathesauruses provided by the Monarch Initiative® and the Unified Medical Language System
(UMLS)%L, These two databases provide additional synonyms for the 12,486 HPO phenotypes
(from the July 2017 release), and expand ClinPhen’s vocabulary from 29,107 to 69,690

phenotype synonyms.

Sentence and subsentence splitting and flagging

To extract phenotypes from clinical notes, ClinPhen splits the notes into sentences using a set of
sentence delimiters. Each sentence is split into a list of subsentences using a set of subsentence

7


https://doi.org/10.1101/362111
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/362111; this version posted July 4, 2018. The copyright holder for this preprint (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 available under
aCC-BY-NC-ND 4.0 International license.

delimiters. ClinPhen additionally records each sentence’s “flags”: words that indicate that a
phenotype mention may not apply to the patient. For phenotypes such as “Negative chorea”,
ClinPhen will count the phenotype as validly mentioned, even though the sentence contains the

flag word “negative”.

Training flags and delimiters used by ClinPhen

We used the Training set to manually determine which words and characters are best used as
flags or delimiters. Phenotypes from the clinical notes of these 20 patients were extracted, once
manually, and once by ClinPhen. The flags and delimiters used by ClinPhen were optimized so

that ClinPhen’s phenotypes would be as similar as possible to those found manually.

The set of sentence delimiters after training consisted of periods, bullet points, tabs, semicolons,
newlines (Only during a second pass, in which ClinPhen checks for phenotype lists in the format
“criterion: value”, which are common in EMRs, and often lack periods or other sentence
delimiters), and the words “but”, “except”, “however”, and “though”. The set of subsentence
delimiters after training consisted of commas, colons, and the word “and”. The set of flags
included words that indicate that the mentioned phenotype applies to a family member, not the
patient (cousin, parent, mom, mother, dad, father, grandmother, grandfather, grandparent, family,
brother, sister, sibling, uncle, aunt, nephew, niece, son, daughter, grandchild); words that directly
negate the mentioned phenotype (no, not, none, negative, non, never, normal); and words that
indicate that the phenotypes are mentioned as part of a differential diagnosis (associated, gene,
recessive, dominant, variant, cause, patients, literature, individuals).

Accuracy Testing

To test the accuracy of the extracted phenotypes, we compared the All set to the phenotypes

returned by ClinPhen across all of the Test Patients. Due to the nature of the HPO DAG, the

8


https://doi.org/10.1101/362111
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/362111; this version posted July 4, 2018. The copyright holder for this preprint (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 available under
aCC-BY-NC-ND 4.0 International license.

presence of a phenotype in a patient implies the presence of all ancestor phenotypes in the
patient. For instance, the term “Seizures” is an ancestor node of the term “Grand mal seizures”: if
a patient presents with grand mal seizures, then the patient also presents with seizures. The
“closure” of a set of HPO terms S consists of S plus all ancestors of the terms in S up to
“Phenotypic Abnormality” (HP:0000118). We compared the extracted phenotypes to the true
phenotypes using the closures of the two sets.

For each of the Test Patients, we found the closure of the All set and that of the phenotype set
returned by ClinPhen. True positives were defined as the nodes that are present in both the All
and ClinPhen closures. False positives were defined as the nodes only present in the ClinPhen
closure. False negatives were defined as the nodes only present in the All closure. The standard

definitions of precision and sensitivity were used, as given by equations (1) and (2).

True Positives

(1) Precision = — —
True Positives + False Positives

True Positives

(2) Sensitivity =

True Positives + False Negatives

We calculated the 95% confidence interval around the average precision using equation (3).

ag

ol t23(0.05),

(3) Confidence Interval = Average precision +

where o is the standard deviation of the precision across all 24 Test patients and tz3 is the inverse
of Student’s t distribution with 23 degrees of freedom. The confidence interval around the
average sensitivity was calculated similarly.

Since the phenotype extractors cTAKES and MetaMap output UMLS terms, not HPO terms, we
translated the output of these tools to HPO using the UMLS Metathesaurus, which matches

UMLS phenotypes to synonymous HPO phenotypes.
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Automatic extraction of phenotypes accelerates Mendelian disease
diagnosis

Per conventions in the field % we used Exome Aggregation Consortium3® and 1000 Genomes
Project®” frequency data to produce a fixed list of candidate causative genes per patient. The lists

were used to compare all gene-ranking methods. Please see Supplementary Methods and

Materials for the details.

ClinPhen consistently runs in less than 10 seconds

As mentioned above, for each of the 24 Test patients, a licensed physician timed himself reading
through the clinical notes, manually extracting the phenotypes that he considered useful for
diagnosis and finding their matching HPO terms, thus creating the Clinician set. The times taken
by the physician served as reference points for how long a clinician would take to manually
extract phenotypes from clinical notes. We also timed each of the automatic phenotype extractors

when running them on the same clinical notes.

Results

ClinPhen extracts the most accurate phenotype sets

A phenotype extractor can best help with disease diagnosis if its extracted phenotypes accurately
reflect the patient’s symptoms. We compare the accuracy of 3 tools that can automatically

extract phenotypes from clinical notes: ClinPhen, cTAKES, and MetaMap.

To determine which extractor is the most accurate, we used a Test set of 24 real patients
diagnosed with Mendelian diseases. Each patient was associated with next-generation
sequencing data, a diagnosis (including a single causative gene), and the clinical notes created

before the diagnosis. For each Test patient, we produced a gold-standard phenotype set called the
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All set: A licensed physician and a non-physician independently extracted phenotypes from the
clinical notes. The physician recorded only the phenotypes that he considered useful for
diagnosis (those that are more likely to pertain to a genetic disease, such as skeletal
abnormalities, as opposed to allergies) to generate the Clinician phenotype set. The non-
physician recorded all of the phenotypes he found, regardless of predicted usefulness. The
physician then verified the non-physician’s identified phenotypes to be correctly interpreted and
applicable to the patient. These verified phenotypes, plus those in the Clinician set, made up the
All phenotype set. We ran each automatic phenotype extractor on the patient’s clinical notes, and
measured the extractor’s precision and sensitivity by comparing the extracted phenotypes to the

All set.

Across the 24 Test patients, cTAKES had an average precision of 57%, and MetaMap had an
average precision of 56%. ClinPhen had a precision of 70%, significantly higher than that of

cTAKES or MetaMap (both p-values < 3.0*10; Wilcoxon signed rank text).

CcTAKES had an average phenotype sensitivity of 57%, and MetaMap had an average phenotype
sensitivity of 71%. ClinPhen had an average phenotype sensitivity of 72%, significantly higher

than that of cTAKES (p<3.0*107), and slightly higher than that of MetaMap (Figure 3a).

Automatic extraction of phenotypes accelerates Mendelian disease
diagnosis

Limiting the number of extracted phenotypes leads to better results with
automatic gene-ranking methods

A patient undergoing genome sequencing can have well over 100 candidate genes containing
variants of uncertain significance, and each gene takes, on average, an hour to evaluate?. Gene-

ranking tools expedite the process of finding the causative gene by sorting the genes based on

11


https://doi.org/10.1101/362111
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/362111; this version posted July 4, 2018. The copyright holder for this preprint (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 available under
aCC-BY-NC-ND 4.0 International license.

how well their associated symptoms match the patient’s. The closer the causative gene is to rank
1, the sooner clinicians will find it. The rankings are dependent on a provided list of patient
phenotypes, meaning that the ideal phenotype set for diagnosis is the one that helps gene-ranking
tools rank the causative gene close to the top. We show that this goal is better accomplished not

by the full set of patient phenotypes, but by a subset thereof.

For genetic disease diagnosis, a good phenotype set accurately reflects the patient’s symptoms,
but a great phenotype set excludes the environmentally caused symptoms, and reflects only the
genetically caused ones. Symptoms caused by a common cold, rather than a genetic variant, can
easily mislead a gene-ranking tool and make the causative gene harder to identify. ClinPhen, as
far as we are aware, is the first phenotype extractor to account for this caveat: phenotypes
extracted from the clinical notes are prioritized, first by number of occurrences in the notes
(phenotypes that likely pertain to a genetic disease are usually mentioned in multiple clinical
notes, and even multiple times in the same note), then by earliest occurrence in the notes
(clinicians usually begin a note with a summary of the phenotypes that seem striking and

indicative of a genetic disease).

To determine the ideal number of top-priority phenotypes to use when running gene-ranking
tools, we ran ClinPhen on the Test patients’ clinical notes, and filtered the extracted phenotypes
down to the n highest-prioritized phenotypes, for every number n from 1 to 100 inclusive. Each
set of n highest-priority phenotypes was used as input to four automatic gene-ranking algorithms:
Phrank?, hiPhive®, Phive®, and Phenix’. For each phenotype-count(n)/gene-ranking-tool pairing,

we found the average causative gene rank across the 24 Test patients (Figure 3b).
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The higher-performing gene-ranking tools (Phrank, hiPhive, and PhenlX) generally ranked the
causative genes higher at phenotype maxima below 10 (n < 10). Phrank, the highest-performing
of these, showed a clear spike in performance, yielding the best causative gene rankings at a
phenotype maximum of 4 (n = 4). It was thus approximated that the 4 highest-priority

phenotypes returned by ClinPhen generally lead to the best causative gene rankings.

Across the 24 Test patients, Phrank ranked the causative gene at an average rank of 14.0 with
unfiltered ClinPhen phenotypes, and 7.63 with ClinPhen’s 4 top-priority phenotypes (lower
number means better ranking). Limiting to the 4 highest-prioritized phenotypes significantly
improves Phrank’s causative gene rankings (one-sided Wilcoxon Signed Rank test: p<0.00662).

Gene-ranking tools perform better when using automatically extracted
phenotypes

Phrank, when run with the 4 phenotypes found and prioritized highest by ClinPhen, puts the
causative genes at an average rank of 7.63. If using manually extracted phenotypes were to lead
to higher-ranked causative genes, then using ClinPhen-extracted phenotypes would not save time

in identifying the causative gene.

We thus set out to show that Phrank does not rank causative genes lower when using ClinPhen’s
extracted phenotypes than when using manually extracted phenotypes. We compare two ways of
manually extracting phenotypes from clinical notes: manually subsetting all mentioned
phenotypes to those that a clinician thinks are most likely to help with the diagnosis (represented
by the Clinician phenotype set); and listing all mentioned patient phenotypes, whether or not
they are likely to help with the diagnosis (represented by the All phenotype set). The Clinician

and All phenotype sets were generated for each of the 24 Test patients.

13
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The 24 Test patients were each run through the automatic gene-ranking tool Phrank using each
of 6 phenotype sets: the All set; the Clinician set; ClinPhen(All), the full set of phenotypes
returned by ClinPhen; ClinPhen(4), the 4 top-prioritized phenotypes returned by ClinPhen; the
phenotypes returned by cTAKES, and the phenotypes returned by MetaMap (Figure 3c).
Running Phrank with the All set results in an average causative gene rank of 14.3, using the
Clinician set results in an average rank of 12.9, and using ClinPhen’s 4 top-prioritized
phenotypes results in an average rank of 7.63 (lower number means better ranking). Phrank
ranked the causative genes significantly higher with the Clinician set than with the All set (one-
sided Wilcoxon Signed Rank test: p<0.0380), and, strikingly, significantly higher with
ClinPhen(4) than with the Clinician set, or with the phenotypes returned by cTAKES or
MetaMap (all p-values < 0.00980). Assuming a clinician examines a ranked gene list from top to
bottom, spending an average of one hour evaluating the variants in each gene for their potential
to have caused the patient’s phenotypes?; using the 4 top-prioritized ClinPhen phenotypes
(instead of manually extracted phenotypes) as input to an automatic gene-ranking tool can save

roughly 5 hours per case in the diagnostic process.

ClinPhen consistently runs in less than 10 seconds

A good phenotype extractor runs in a short amount of time. More clinical notes take a longer
time to read through, and some patients have far more clinical notes than others do. Therefore,
automatic extractors that can quickly extract HPO phenotypes from long collections of clinical

notes are ideal.

The Test patients had an average of 4 free-text pre-diagnosis clinical notes per patient. The
physician who extracted the Clinician set (defined above) of HPO phenotypes from the notes

measured the time he took to do so for each patient. For the average patient, he identified 25

14
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phenotypes in 11:55 minutes. Running cTAKES took an average of 4:07 minutes per patient, and

running MetaMap took an average of 57 seconds per patient.

The time taken to extract a patient’s phenotypes scaled with the combined length of the notes: for
the longest collections of notes, it took over 1,000 seconds to run cTAKES or produce the
Clinician set, and it took over 100 seconds to run MetaMap. ClinPhen, uniquely, maintained a
nearly constant runtime of 7 seconds per patient, even when run on the longest collections of

clinical notes. (Figure 3d).

Discussion

Automatic gene-ranking tools expedite genetic disease diagnosis, but they currently require
manually encoding patient phenotypes found into phenotype ontology terms. We show here that
an automatic phenotype extractor, ClinPhen, produces an accurate phenotype list in under 10

seconds, and saves an average of 5 hours of candidate gene evaluation per case.

Most of the diagnosis time saved by ClinPhen can be attributed to its unique ability to prioritize
the more-relevant extracted phenotypes. Phenotypes that are likely not caused by a genetic
disease can derail a diagnosis, and while clinicians use their intuition to filter out these
phenotypes, automatic phenotype extractors until now have not done such filtering. When we use
a phenotype filter to limit ClinPhen’s phenotypes to the 4 most-mentioned, then earliest-
mentioned; automatic gene-ranking algorithms rank the causative gene much higher than they
would with unfiltered phenotypes, or even with phenotypes found and filtered by a clinician.
ClinPhen thus enables clinicians to search through 8 genes rather than 13 before they find the

causative gene, thus reaching a diagnosis an average of 5 hours sooner?.
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The time saved in phenotype extraction is not to be disregarded, either: while manual extraction,
on average, takes 12 minutes of full-time work, clinicians do not tend to extract phenotypes full-
time. Since it is a monotonous process, a true manual extraction will involve breaks, and multiple
extractions will often be spread out across multiple days. Some patients will be phenotyped this
week, some next week, and some a month from now. With ClinPhen, though, a large number of
cases can be run through a gene-ranking tool right away, allowing the diagnostic rate to catch up

to the accelerating rate and volume of sequence data generation.

Compared to other phenotype extractors, ClinPhen produces more-accurate HPO phenotypes in a
shorter amount of time. We optimized ClinPhen for HPO term extraction because HPO terms are
commonly used to describe patients with Mendelian diseases®383°. Rapidly growing databases
like OMIM* use HPO terms to describe tens of thousands of disease-phenotype associations.
ClinPhen could be used to accelerate the growth of these databases by quickly analyzing
patients’ clinical notes and finding new disease-phenotype associations at a rate unachievable by

clinical experts, or even by other phenotype extractors.

Upon publication, ClinPhen will be made available at bejerano.stanford.edu/clinphen, as a
standalone, free-to-use, noncommercial tool. Users can download ClinPhen and run it on a
patient’s clinical notes to get an encoded list of HPO terms, along with the number of mentions
and location of the earliest mention of each phenotype. The large number of undiagnosed
patients* with presumed Mendelian diseases necessitates a rapid diagnostic process. With the
help of ClinPhen, clinicians can accurately diagnose patients more than 5 hours ahead of

schedule, and provide them with faster, more-effective medical care.

16


https://doi.org/10.1101/362111
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/362111; this version posted July 4, 2018. The copyright holder for this preprint (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 available under
aCC-BY-NC-ND 4.0 International license.

Acknowledgments

We thank Stanford Children’s Health for providing the medical records, and Julia Buckingham
for assistance with obtaining the patient data. We also thank members of the Bejerano Lab and
Elijah Kravets for their feedback on the project. CD was supported by a Bio-X Undergraduate

Summer Research Program (run by Heideh Fattaey). JB was supported by a BioX SIGF

fellowship. GB was supported by DARPA and the Stanford Pediatrics Department.

Author contributions

CD wrote the extraction program under the supervision of JB and GB. CD, JB, JAB, and GB all
provided ideas for improving and testing the extractor. CD and JB identified undiagnosed and
diagnosed patient cases. JAB confirmed the diagnoses. CD downloaded patient records. CD
produced the All phenotype sets, and EEB verified them. EEB produced the Clinician phenotype
sets. CD ran tests (designed by CD, JB, and GB) on the extractor for precision, sensitivity, and
automatic gene ranking performance. CD, JB, and GB wrote the manuscript. JB, CD and GB

designed the study. All authors read and commented on the manuscript.

Web Resources

Upon publication, ClinPhen will be made publicly available at bejerano.stanford.edu/clinphen as

a non-commercial, free-to-download tool.

17


https://doi.org/10.1101/362111
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/362111; this version posted July 4, 2018. The copyright holder for this preprint (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 available under
aCC-BY-NC-ND 4.0 International license.

References

1. Church G. Compelling Reasons for Repairing Human Germlines. N Engl J Med.
2017;377(20):1909-1911. doi:10.1056/NEJMp1710370

2. Dewey FE, Grove ME, Pan C, et al. Clinical interpretation and implications of whole-
genome sequencing. JAMA. 2014;311(10):1035-1045. doi:10.1001/jama.2014.1717

3. Birney E, Vamathevan J, Goodhand P. Genomics in healthcare: GA4GH looks to 2022.
bioRxiv. January 2017. doi:10.1101/203554

4. Jagadeesh K, Birgmeier J, Guturu H, et al. Phrank measures phenotype sets similarity to
greatly improve Mendelian diagnostic disease prioritization. bioRxiv. January 2018.
d0i:10.1101/225854

5. Smedley D, Jacobsen JOB, Jager M, et al. Next-generation diagnostics and disease-gene
discovery with the Exomiser. Nat Protoc. 2015;10(12):2004-2015.
doi:10.1038/nprot.2015.124

6. Robinson PN, Kéhler S, Oellrich A, et al. Improved exome prioritization of disease genes
through cross-species phenotype comparison. Genome Res. 2014;24(2):340-348.
d0i:10.1101/gr.160325.113

7. Zemojtel T, Kohler S, Mackenroth L, et al. Effective diagnosis of genetic disease by
computational phenotype analysis of the disease-associated genome. Sci Transl Med.
2014;6(252):252ra123-252ra123. doi:10.1126/scitranslmed.3009262

8. Bauer S, Kohler S, Schulz MH, Robinson PN. Bayesian ontology querying for accurate and
noise-tolerant semantic searches. Bioinformatics. 2012;28(19):2502-2508.
doi:10.1093/bioinformatics/bts471

9. Birgmeier J, Haeussler M, Deisseroth CA, et al. AMELIE accelerates Mendelian patient
diagnosis directly from the primary literature. bioRxiv. August 2017. doi:10.1101/171322

10. James RA, Campbell IM, Chen ES, et al. A visual and curatorial approach to clinical
variant prioritization and disease gene discovery in genome-wide diagnostics. Genome
Med. 2016;8:13. doi:10.1186/s13073-016-0261-8

11. Javed A, Agrawal S, Ng PC. Phen-Gen: combining phenotype and genotype to analyze rare
disorders. Nat Meth. 2014;11(9):935-937.

12. Kohler S, Schulz MH, Krawitz P, et al. Clinical Diagnostics in Human Genetics with
Semantic Similarity Searches in Ontologies. Am J Hum Genet. 2009;85(4):457-464.
doi:10.1016/j.ajhg.2009.09.003

13. Singleton MV, Guthery SL, Voelkerding KV, et al. Phevor Combines Multiple Biomedical
18


https://doi.org/10.1101/362111
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/362111; this version posted July 4, 2018. The copyright holder for this preprint (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 available under
aCC-BY-NC-ND 4.0 International license.

Ontologies for Accurate Identification of Disease-Causing Alleles in Single Individuals and
Small Nuclear Families. Am J Hum Genet. 2014;94(4):599-610.
doi:10.1016/j.ajhg.2014.03.010

14. Smedley D, Schubach M, Jacobsen JO, et al. A Whole-Genome Analysis Framework for
Effective Identification of Pathogenic Regulatory Variants in Mendelian Disease. Am J
Hum Genet. 2016;99(3):595-606. doi:10.1016/j.ajhg.2016.07.005

15. Trakadis YJ, Buote C, Therriault J-F, Jacques P-E, Larochelle H, Lévesque S. PhenoVar: a
phenotype-driven approach in clinical genomics for the diagnosis of polymalformative
syndromes. BMC Med Genomics. 2014;7:22-22. doi:10.1186/1755-8794-7-22

16. Yang H, Robinson PN, Wang K. Phenolyzer: phenotype-based prioritization of candidate
genes for human diseases. Nat Methods. 2015;12(9):841-843. doi:10.1038/nmeth.3484

17. Groza T, Kohler S, Moldenhauer D, et al. The Human Phenotype Ontology: Semantic
Unification of Common and Rare Disease. Am J Hum Genet. 2015;97(1):111-124.
d0i:10.1016/j.ajhg.2015.05.020

18. Wang K, Li M, Hakonarson H. ANNOVAR: functional annotation of genetic variants from
high-throughput sequencing data. Nucleic Acids Res. 2010;38(16):e164-e164.
doi:10.1093/nar/gkg603

19. Hu H, Huff CD, Moore B, Flygare S, Reese MG, Yandell M. VAAST 2.0: Improved
Variant Classification and Disease-Gene Identification Using a Conservation-Controlled
Amino Acid Substitution Matrix. Genet Epidemiol. 2013;37(6):622-634.
doi:10.1002/gepi.21743

20. McLaren W, Pritchard B, Rios D, Chen Y, Flicek P, Cunningham F. Deriving the
consequences of genomic variants with the Ensembl API and SNP Effect Predictor.
Bioinformatics. 2010;26(16):2069-2070. doi:10.1093/bioinformatics/btq330

21. De Baets G, Van Durme J, Reumers J, et al. SNPeffect 4.0: on-line prediction of molecular
and structural effects of protein-coding variants. Nucleic Acids Res. 2012;40(Database
issue):D935-D939. doi:10.1093/nar/gkr996

22. Aronson AR. Effective mapping of biomedical text to the UMLS Metathesaurus: the
MetaMap program. Proc AMIA Symp. 2001:17-21.

23. Cui L, Sahoo SS, Lhatoo SD, et al. Complex epilepsy phenotype extraction from narrative
clinical discharge summaries. J Biomed Inform. 2014;51:272-279.
d0i:10.1016/j.jbi.2014.06.006

24. Jonquet C, Shah NH, Musen MA. The Open Biomedical Annotator. Summit Transl
Bioinforma. 2009;2009:56-60.

25. Kohler S, Vasilevsky NA, Engelstad M, et al. The Human Phenotype Ontology in 2017.

19


https://doi.org/10.1101/362111
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/362111; this version posted July 4, 2018. The copyright holder for this preprint (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 available under
aCC-BY-NC-ND 4.0 International license.

Nucleic Acids Res. 2017;45(Database issue):D865-D876. doi:10.1093/nar/gkw1039

26. Savova GK, Masanz JJ, Ogren PV, et al. Mayo clinical Text Analysis and Knowledge
Extraction System (cTAKES): architecture, component evaluation and applications. J Am
Med Inform Assoc JAMIA. 2010;17(5):507-513. doi:10.1136/jamia.2009.001560

27. Shivade C, Raghavan P, Fosler-Lussier E, et al. A review of approaches to identifying
patient phenotype cohorts using electronic health records. J Am Med Inform Assoc JAMIA.
2014;21(2):221-230. doi:10.1136/amiajnl-2013-001935

28. Taboada M, Rodriguez H, Martinez D, Pardo M, Sobrido MJ. Automated semantic
annotation of rare disease cases: a case study. Database J Biol Databases Curation.
2014;2014:bau045. doi:10.1093/database/bau045

29. Cui L, Bozorgi A, Lhatoo SD, Zhang G-Q, Sahoo SS. EpiDEA: Extracting Structured
Epilepsy and Seizure Information from Patient Discharge Summaries for Cohort
Identification. AMIA Annu Symp Proc. 2012;2012:1191-1200.

30. Liao KP, Cai T, Gainer V, et al. Electronic medical records for discovery research in
rheumatoid arthritis. Arthritis Care Res. 2010;62(8):1120-1127. doi:10.1002/acr.20184

31. Unified Medical Language System (UMLS). Unified Medical Language System (UMLS).
https://www.nIlm.nih.gov/research/umls/. Accessed September 27, 2017.

32. Mungall CJ, McMurry JA, Kohler S, et al. The Monarch Initiative: an integrative data and
analytic platform connecting phenotypes to genotypes across species. Nucleic Acids Res.
2017;45(Database issue):D712-D722. doi:10.1093/nar/gkw1128

33. Bird S. NLTK: the natural language toolkit. COLING-ACL 06 Proc COLINGACL Interact
Present Sess. July 2006:69-72. doi:10.3115/1225403.1225421

34. Wilson G, Oram A. Beautiful Code: Leading Programmers Explain How They Think.
O’Reilly Media; 2007. https://books.google.com/books?id=gJrmszNHQV4C.

35. Wenger AM, Guturu H, Bernstein JA, Bejerano G. Systematic reanalysis of clinical exome
data yields additional diagnoses: implications for providers. Genet Med. 2017;19(2):209-
214,

36. Exome Aggregation Consortium, Lek M, Karczewski KJ, et al. Analysis of protein-coding
genetic variation in 60,706 humans. Nature. 2016;536(7616):285-291.
doi:10.1038/nature19057

37. The 1000 Genomes Project Consortium. A global reference for human genetic variation.
Nature. 2015;526(7571):68-74. doi:10.1038/nature15393

38. Deciphering Developmental Disorders Study. Prevalence and architecture of de novo
mutations in developmental disorders. Nature. 2017;542(7642):433-438.

20


https://doi.org/10.1101/362111
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/362111; this version posted July 4, 2018. The copyright holder for this preprint (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 available under
aCC-BY-NC-ND 4.0 International license.

39. Taruscio D, Groft SC, Cederroth H, et al. Undiagnosed Diseases Network International
(UDNI): White paper for global actions to meet patient needs. Mol Genet Metab.
2015;116(4):223-225. d0i:10.1016/j.ymgme.2015.11.003

40. Amberger JS, Bocchini CA, Schiettecatte F, Scott AF, Hamosh A. OMIM.org: Online
Mendelian Inheritance in Man (OMIM(®)), an online catalog of human genes and genetic
disorders. Nucleic Acids Res. 2015;43(Database issue):D789-D798.
doi:10.1093/nar/gku1205

21


https://doi.org/10.1101/362111
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/362111; this version posted July 4, 2018. The copyright holder for this preprint (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 available under
aCC-BY-NC-ND 4.0 International license.

Figures
Figure 1.

| Clinical notes W:olle-exome/ Exome/genome sequence
The child has Physician . | o e-g?nome UECCELAE I E T
microcephaly and appointments 5€GUENEINE | GCCTGAAGAGAGGACCGC
seizures. She has long e é CGGTCAGGAATGCCTGGA
fingers and short toes, TGGCTGCTCTTGGATCCT
but her father has short ) TATATTCTATTTGCCACA
fingers and long toes. ... Pat I e nt CGCTCA
Manually
find and OR Run Rare variant
encode ClinPhen (Millions of individuals filtering
PE‘:"OWF’;S (500 estimated to benefit
cases, :
hour) cases/hour) from this procedure) B IE
Phenotype list > Gene/Variant- <€ OXT: SNV
' ranking tool DUSP7: Insertion
HP:0000252: Microcephaly SERTAD4: SNV
HP:0001250: Seizures * ARHGAP26: Deletion
HP:0100807: Long fingers - SOCS3: SNV
HP:0001831: Short toe Ranked gene list CENY: SNV
1. CCNY CC2D1A: Indel
2. SERTAD4 LTB4R2: SNV
(Up to 100 phenotypes, 3. ARHGAP26 PRMT7: SNV
pre-diagnosis) 4. OXT NAV3: Insertion
5. DUSP7 ROML1: SNV
6. SOCS3 RUVBL2: SNV
7. . TTLLS: Indel

Expert review

(Up to 300 coding variants

Diagnosis alone per patient)

Figure 1. Steps to diagnose a patient with a Mendelian disease using automated gene-
ranking algorithms. The patient’s genotypic information is encoded using standard formats
(Variant Call Format (VCF) file, candidate causative gene list) and a list of patient phenotypes
encoded as ontology terms. Extensive tool support exists for obtaining candidate causative
variants and genes from an exome sequence. Tool support for obtaining an appropriate list of
encoded patient phenotypes from the patient’s clinical notes is limited. Encoded phenotypes are

currently acquired by manually reading through the patient’s clinical notes and recording the
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phenotypes found as their IDs in a phenotype ontology. We introduce ClinPhen, a tool that

automates phenotype extraction from clinical notes, optimized for accelerated patient diagnosis.
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Figure 2.
The child has microcephaly and seizures.
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‘ HPO ID Hl’henotype name%iNo. occurrences l‘Earllness (lower = earlier) H Example sentence iVlew in HPO
HP:0000252)  Microcephaly 1 0 the child has microcephaly and seizures View Output
HP:0001250 Seizures 1 1 the child has microcephaly and seizures.  View
HP:0100807  Long fingers 1 2 she has long fingers and short toes but View
HP:0001831 Short toe 1 3 she has long fingers and short toes but View

Figure 2. ClinPhen sentence analysis process. ClinPhen splits the clinical notes into sentences,
and those sentences into subsentences. It then finds phenotypes whose synonyms appear in the
subsentences. A high-precision, high-sensitivity, rule-based natural-language-processing system
decides which phenotypes correspond to true mentions and which are false positives. Since the
third sentence contains the flag word “father”, for instance, it is assumed that this sentence does
not refer to the patient, and any phenotype synonyms found in the sentence will not be

considered. ClinPhen sorts the identified phenotypes first by how many times they appeared in
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the notes (descending), then by the index of the first subsentence in which they were found

(ascending), and then by HPO ID (ascending).
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Figure 3. Performance of all extraction methods

(a) Comparison of the extractors’ precision and phenotype sensitivity (higher bars mean higher
accuracy). We compared the average precision and sensitivity values of ClinPhen, cTAKES, and
MetaMap, using the 24 Test patients as test subjects, and the All set (all of the phenotypes found

manually and confirmed by a physician to apply to the patient) as the “correct” phenotypes. The
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average (column) and 95% confidence interval (calculated using Student’s t distribution) of the
precision and sensitivity values across the 24 patients are displayed for each extractor. ClinPhen

has the highest average precision and sensitivity among the automatic extractors.

(b) Causative-gene-ranking performance of each gene-ranking tool when run with different
numbers of phenotypes returned by ClinPhen (lower number means better causative gene
rankings). ClinPhen was run on the clinical notes of the Test patient set, and the gene-ranking
tools were called with the patient’s genetic information and the n highest-priority (most-
mentioned, first-occurring) extracted phenotypes, with n running from 1 to 100 inclusive. The
average causative gene rank across the 24 patients was taken for each phenotype-count-
limit(n)/gene-ranking-tool pairing. The better-performing gene-ranking algorithms rank the
causative gene higher when run with a few (around 4) high-priority phenotypes than with all

extracted phenotypes.

(c) Phrank’s causative-gene-ranking performance across all extraction methods (lower numbers
mean better causative gene rankings). We compared the causative gene ranks obtained by
running Phrank on the Test patients, with various extracted sets of phenotypes (All manually
found, physician-verified phenotypes (All) vs. phenotypes considered by a physician to be useful
for diagnosis (Clinician) vs. automatically extracted phenotypes using various methods). Phrank
ranks are sorted lowest-to-highest for each extractor. Phrank performs significantly better when
run with ClinPhen’s 4 highest-priority phenotypes (the most-mentioned, earliest-occurring
phenotypes in a patient’s clinical notes) than when run with other phenotype sets, manually or

automatically extracted.
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(d) Extractor runtime comparison on each patient (lower number means faster runtime). We
measured the runtime of each extractor (ClinPhen, cTAKES, and MetaMap) on each patient’s
clinical notes, in seconds. For each patient, we also measured the time taken for a physician to
manually scan through the same notes read by the automatic extractors, and encode the
phenotypes considered useful for diagnosis to produce the Clinician Phenotype set. Each data
point is one patient whose clinical notes were scanned by one of the extractors. The horizontal
position is the total number of words in the patient’s clinical notes. The vertical position is the
time taken for the extractor to run on the notes (logarithmically scaled). While MetaMap’s
runtime scales linearly and cTAKES’ exponentially with the total length of the clinical notes,
ClinPhen runs in near-constant time. All automatic extraction tools are much faster than manual

extraction.
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