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Abstract

Background Rapidly and efficiently identifying critically ill infants for whole genome sequencing (WGS) is a costly
and challenging task currently performed by scarce, highly trained experts and is a major bottleneck for application of
WGS in the NICU. There is a dire need for automated means to prioritize patients for WGS.

Methods Institutional databases of electronic health records (EHRs) are logical starting points for identifying patients
with undiagnosed Mendelian diseases. We have developed automated means to prioritize patients for rapid and
whole genome sequencing (rWGS and WGS) directly from clinical notes. Our approach combines a clinical natural
language processing (CNLP) workflow with a machine learning-based prioritization tool named Mendelian Phenotype
Search Engine (MPSE).

Results MPSE accurately and robustly identified NICU patients selected for WGS by clinical experts from Rady
Children’s Hospital in San Diego (AUC 0.86) and the University of Utah (AUC 0.85). In addition to effectively identify-
ing patients for WGS, MPSE scores also strongly prioritize diagnostic cases over non-diagnostic cases, with projected
diagnostic yields exceeding 50% throughout the first and second quartiles of score-ranked patients.

Conclusions Our results indicate that an automated pipeline for selecting acutely ill infants in neonatal intensive
care units (NICU) for WGS can meet or exceed diagnostic yields obtained through current selection procedures, which
require time-consuming manual review of clinical notes and histories by specialized personnel.
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Background

It is estimated that 7 million infants are born worldwide
with genetic disorders each year [1]. Admission to the
neonatal intensive care unit (NICU) often provides the
first opportunity for their diagnosis and treatment. Dis-
ease can progress rapidly in acutely ill infants, neces-
sitating timely diagnosis in the hope of implementing
personalized interventions that can decrease morbid-
ity and mortality. Thus, rapid whole genome sequencing
(rWGS) is increasingly being used as a first line diagnos-
tic test [2, 3].

Current estimates suggest that around 18% of neonates
admitted to the NICU harbor a Mendelian disease, and
rWGS diagnostic rates in this population are over 35%
[4, 5]. Rapidly and efficiently identifying infants for WGS
is costly and challenging, as large NICUs often see more
than 1000 admissions per year, and neonatal clinical his-
tories evolve rapidly from the time of admission. Previ-
ous studies of rWGS in the NICU used inclusion criteria
that limited enrollment to the first 96 h [3, 5] or 7 days [6]
of admission or development of an abnormal response
to standard therapy for an underlying condition, but
these restrictions may miss the earliest opportunity to
sequence a neonate. Minute-to-minute changes in labo-
ratory results, diagnostic imaging, and clinical trajectory
suggest that constant automated vigilance, as opposed
to one or two isolated points in time, may be optimal to
identify infants most likely to benefit from WGS. Done
manually, this would be prohibitively time-consuming
and costly. Automated means to prioritize patients for
WGS are thus badly needed. Indeed, this is the principal
motivation for the work described here.

Phenotype descriptions are crucial components of the
WGS diagnostic process, and many tools exist for com-
bining phenotypic terms with WGS data to prioritize
disease-causing variants [7—10]. Current best practice is
to describe patient phenotypes using Human Phenotype
Ontology (HPO) terms [11]. These descriptions usually
take the form of machine-readable phenotype term lists,
an important prerequisite for automated analyses.

Care providers emphasize the importance of clinical
notes for informing disease diagnosis, and HPO-based
phenotype descriptions are generally compiled through
manual review of these free text documents. Unfortu-
nately, this is a time-consuming process that requires
highly trained experts and is a major bottleneck for appli-
cation of WGS in the NICU [12, 13].

Natural language processing (NLP) is a class of com-
putational methods for generating structured data from
unstructured free text. Recent work has begun to explore
the utility of using clinical natural language processing
technologies (CNLP) to automatically generate descrip-
tions directly from clinical notes, with several groups
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demonstrating that rWGS diagnosis rates using CNLP
derived descriptions can equal or exceed those obtained
using manually compiled ones [12, 14]. This is a signifi-
cant step towards scalability and automation. The ability
to automatically survey all NICU admissions daily, for
example, would mean that rWGS candidates could be
ranked as part of an ever-evolving triage process based
upon the latest contents of their EHRs.

Although the use of HPO descriptions for WGS-
based Mendelian diagnosis is now established prac-
tice [7-10, 14], the benefit of prioritization of patients
for sequencing based on HPO terms is not known. To
explore the feasibility of such an approach, we have
combined a CNLP workflow with a machine learning-
based prioritization tool we call the Mendelian Phe-
notype Search Engine (MPSE) [15]. MPSE employs
HPO-based phenotype descriptions derived from
patient EHRs to compute a score. This score can be
used to determine the likelihood that a Mendelian con-
dition is contributing to a patient’s clinical presentation
and, thus, can be used for the prioritization of patients
for WGS. To demonstrate feasibility, we used a highly
curated clinical dataset consisting of 1049 patients
admitted to a level IV NICU (the highest level of acuity
for a NICU) and their clinic notes; 293 of these chil-
dren had rWGS, with 85 receiving a diagnosis. Our
cross validated results indicate that an entirely auto-
mated CNLP/MPSE-based selection process for rWGS
can obtain diagnostic rates equaling or exceeding those
obtained though manual review and selection as per
current best practice. A second independent replica-
tion study at the University of Utah provides additional
support for these conclusions, demonstrating that
MPSE operates effectively at both institutions.

Methods

Datasets

Our clinical dataset consisted of 293 probands who
underwent rWGS at Rady Children’s Hospital in San
Diego (RCHSD), 85 of which received a molecular diag-
nosis of Mendelian disorder. These cases were a sam-
ple of convenience drawn from symptomatic children
enrolled in previously published studies that examined
the diagnostic rate, time to diagnosis, clinical utility, out-
comes, and health care utilization of rWGS between 26
July 2016 and 25 September 2018 at RCHSD (Clinical Tri-
als.gov identifiers: NCT03211039, NCT02917460, and
NCT03385876) [2, 5, 12, 16, 17]. All subjects had a symp-
tomatic illness of unknown etiology in which a genetic
disorder was suspected. The diagnosed individuals repre-
sent a real-world population comprised of different Men-
delian conditions resulting from diverse modes of disease
inheritance and disease-causing genotypes [3, 14]. To this
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cohort, we added every NICU admission at RCHSD in
the year 2018. The 756 additional patients and their clinic
notes provide a diversity of phenotypes not necessarily
associated with Mendelian diseases. In total, the RCHSD
dataset consisted of 1049 individuals.

A second independent dataset of 35 probands that were
sequenced as part of the University of Utah NeoSeq pro-
gram [18] and 2930 randomly selected (as per IRB; see
Declarations) University of Utah level III NICU patients
from 2010 to 2022 was retrospectively analyzed to evalu-
ate the utility of the RCHSD training data for prioritizing
probands for rWGS at a second institution. Additional
file 1: Table S1 and Table S2 show clinical diagnosis fre-
quencies for sequenced RCHSD and Utah NeoSeq cases
broken down by positive/negative rWGS diagnostic sta-
tus. These tables highlight the variety and complexity
of Mendelian disease phenotypes found in upper level
NICUs. They also show a lack of overrepresented disease
and phenotype categories among cases or controls. This
lack of recurrent signal is consistent with the fact that
there are over 7000 known Mendelian diseases, many of
which have highly variable phenotypes. These facts led
us to pursue a general, rather than disease-by-disease
approach for prioritizing probands for rWGS.

Phenotype descriptions

Highly curated, manually created HPO-based phenotype
descriptions were provided for each of the 293 RCHSD
and 35 University of Utah WGS cases, as described in
NSIGHT1 [3]. Corresponding CNLP-derived pheno-
type descriptions were generated for all 1049 RCHSD
probands and 2965 University of Utah probands by NLP
analysis of clinical notes using CLiX ENRICH (Clini-
think, Alpharetta, GA) [14, 19]. Clinical notes dated
post-rWGS were excluded from analysis to prevent pos-
sible confounding from knowledge of sequencing results.
CLiX was run in default mode with “acronyms on.”

MPSE

The Mendelian phenotype Search Engine (MPSE)
employs Human Phenotype Ontology (HPO)-based
descriptions to prioritize patients, determining the like-
lihood that a Mendelian condition underlies a patient’s
phenotype, based upon a training dataset. MPSE does
not attempt to determine which Mendelian disease
might underlie the patient’s phenotype, rather it seeks
to categorize patients as positive or negative for Men-
delian disease. MPSE employs a simple, well-established
approach: Naive Bayes [20]. Briefy, MPSE uses the differ-
ences in HPO term frequencies between a collection of
cases and controls to score each proband. The algorithm
employs the BernoulliNB package from scikit-learn, a
general-purpose machine learning library written in the
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Python programming language [21]. We also discovered
that the number of terms in a proband’s HPO descrip-
tion correlated modestly with age (r*> = 0.0725); accord-
ingly, we used a linear regression to control for this effect.
Although one can envision many algorithmic approaches
to classification other than Naive Bayes, e.g., support vec-
tor machines or neural nets, for this proof of principle
study, we sought to demonstrate feasibility and provide
baseline performance metrics. Future work will explore
more sophisticated approaches to data modeling.

Cross validation

We validated our results using leave-one-out cross
validation (i.e., k-fold cross validation, with k = 1) [22].
More specifically, using the RCHSD data, we created
1049 different training datasets—each differing by a sin-
gle proband—scoring each proband against a (different)
version of MPSE, trained using a data subset that did
not contain the proband being scored. All performance
metrics were computed using this cross-validation
scheme. Using the cross-validated model derived from
the RCHSD dataset, we then carried out an independent
replication study using the clinical notes of 2965 Univer-
sity of Utah level III NICU admits. This dataset includes
35 WGS probands sequenced to date by the University of
Utah NeoSeq program [18].

Results and discussion

Previous work [10, 12, 23], including our own [14], has
demonstrated the utility of HPO-based, CNLP-derived
phenotype descriptions for post sequencing diagnos-
tic applications. Here, we explore the feasibility of using
CNLP phenotype descriptions, manufactured using the
same NLP protocols, for triaging patients for WGS. To
do so, we combined a natural language processing (NLP)
workflow based around the commercially available CLiX
tool [19] with an ML-based prioritization tool we call
MPSE, the Mendelian Phenotype Search Engine.

MPSE (see the “Methods” section) employs the Human
Phenotype Ontology (HPO) [11] to prioritize patients.
The a priori likelihood that a patient has a Mendelian
condition is a computed probability based on the exist-
ence of HPO terms in the patient’s phenotype that are
similar to those patients who previously had WGS. To
investigate feasibility, we utilized curated RCHSD clini-
cal data: 1049 level IV NICU admissions and their clini-
cal notes. Of these 1049 patients, 293 had rWGS and 85
received a molecular diagnosis. We validated the results
presented below using leave-one-out cross validation;
see the “Methods” section for details. To examine the
broader applicability of the RCHSD training data to
other NICUs, we also carried out a second independent
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replication study using the clinical notes of 2965 patients
from the University of Utah level III NICU.

Automated generation of HPO terms

We obtained HPO phenotype descriptions for all
probands from clinical notes using Clinithink, a third
party NLP tool [19]. Automatically generating phe-
notypic descriptions via NLP is a major strength, as it
enables the creation of large and dynamic pools of HPO-
based phenotype descriptions for downstream prioritiza-
tion activities.

Comparison of the CNLP descriptions to their cor-
responding manually compiled ones revealed notable
differences with regards to HPO term numbers and con-
tents. The CLiX generated descriptions for the RCHSD
and NeoSeq cohorts had an average of 114.8 terms (min:
3, median: 91, max: 1000) and 64.5 terms (min: 1, median:
58, max: 300) respectively, whereas the corresponding
manually created descriptions averaged 4.1 terms (min:
1, median: 3, max: 24) and 9.5 terms (min: 3, median: 9,
max: 16) respectively.

Prioritizing patients

We first sought to evaluate how effective our CNLP/
MPSE pipeline was at prioritizing patients for WGS.
In other words, did the children originally selected for

120

150 180 210 240 270 300 330

MPSE Score
Fig. 1 Automatically identifying probands with Mendelian phenotypes and prioritizing them for WGS using NLP-derived HPO phenotype
descriptions. Distributions of MPSE raw scores for RCHSD sequenced (red) and RCHSD unsequenced (blue) probands. Score distributions for Utah
NeoSeq (green) and Utah unsequenced probands (purple). Insert: Receiver operator characteristic (ROC) curve for RCHSD data. MPSE scores are -log

WGS by physicians have higher MPSE scores than those
who were not selected? Figure 1 demonstrates that this
is the case. As can be seen, the distributions of MPSE
raw scores for the RCHSD and Utah WGS-selected
children are well-separated from unsequenced ones.
RCHSD sequenced cases had an average MPSE score of
26.6 while unsequenced controls had an average score
of —31.7, statistically different by Student’s independent
samples ¢-test (p <2e—16). The difference in mean MPSE
score between Utah sequenced cases (17.3) and unse-
quenced controls (-33.7) was also statistically different
(p =2e—12). The insert shows a receiver operator char-
acteristic (ROC) curve for the RCHSD data (AUC 0.86),
indicating that MPSE can effectively prioritize probands
for rWGS. The corresponding AUC for the Utah data
was 0.85, essentially identical to the RCHSD result (ROC
curve not shown). A possible clinical application scenario
can be imagined where MPSE score cutoffs are used to
prioritize patients for further review by physicians. For
the RCHSD training cohort described here, for exam-
ple, taking only MPSE scores > 30 would prioritize 30%
(89/293) of cases and 4% (31/756) of controls, while tak-
ing only MPSE scores > 90 would prioritize 14% (40/293)
of cases and 0.8% (6/756) of controls. Anonymized MPSE
scores for each patient in these cohorts are tabulated in
Additional file 1: Tables S3 and S4.
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Fig. 2 Anautomatically generated HPO-based phenotype description scored by MPSE. In this word-cloud, size and color are proportional to each
HPO term’s contribution to the proband’s final MPSE prioritization score. Previously diagnosed by RCHSD using WGS, this child is heterozygous for a
large deletion on the X chromosome which spans the PCDH19 gene, causative for female-restricted X-linked epileptic encephalopathy

Cardinal phenotype terms

MPSE also provides means to identify, and highlight for
expert review, those terms in a phenotype description
that are most consistent with Mendelian disease. We
refer to these terms as the proband’s cardinal phenotypes.
Figure 2 shows a CNLP phenotype description as a word
cloud, wherein font sizes have been scaled by their indi-
vidual contributions to the proband’s final MPSE score;
those with the highest scores are shown in red; these are
the proband’s MPSE cardinal phenotypes. These views of
the patient’s phenotype description are designed to speed
physician review and improve explainability.

MPSE diagnostic rates

To estimate MPSE-driven diagnostic rates, RCHSD and
University of Utah sequenced probands were scored
using leave-one-out cross validation, as described in
the “Methods” section. The diagnostic fraction for these
cohorts was 29% (85/293) and 43% (15/35), respectively.
It should be borne in mind that this RCHSD diagnostic

rate is for the specific dataset under analysis. It is not the
RCHSD institutional WGS diagnostic rate. To facilitate
comparison between these groups, we randomly re-sam-
pled the larger RCHSD dataset so that it too had a 43%
(85/198) diagnostic rate.

Figure 3 shows projected diagnostic rates for these
cohorts as a function of their MPSE scores. The nega-
tive slopes of the red, green, and blue curves indicate
that when using CNLP, higher MPSE scores are asso-
ciated with diagnosed probands at both institutions.
For instance, the top 25% of probands ranked on their
MPSE scores from CNLP-generated phenotypes show
very high diagnostic rates, approaching 100% for the
highest MPSE scores. Moreover, for the CNLP datasets,
diagnostic rates remain at or above the cohort diag-
nostic fraction of 43% at every MPSE score percentile.
In contrast, the MPSE scores calculated from manu-
ally curated phenotypes (gray curve) are at best weakly
associated with diagnostic status. This is not a result
of inferiority of the physician-generated phenotypes;



Peterson et al. Genome Medicine (2023) 15:18 Page 6 of 9

100%
75%
9 D
o
Q
§ 50% 1
8 A3 A e rrrreeffere e \‘
o
Cohort
259 4 Manual Review of Selected Note Types (UofU)
== NLP of All Note Types (UofU)
NLP of Selected Note Types (UofU)
NLP of Selected Note Types (RCHSD)
0% y ' T y
0% 25% 50% 75% 100%

Top scoring fraction of probands

Fig. 3 MPSE projected diagnostic rates. Higher MPSE scores correspond to increased probability of diagnosis, and projected diagnostic rates
remain at or above the cohort diagnostic fraction of 43% at every MPSE score percentile

rather, it is due to the fact that MPSE was trained using
deep CNLP-derived phenotype data; recall that CNLP
compared to manual review resulted in 64.5 vs 9.5 HPO
terms/proband, respectively. Collectively, these results
indicate that an MPSE-based prioritization pipeline in
conjunction with manual review could increase diag-
nostic rates above those obtained solely through expert
manual case-review.

Impact of note types

Both RCHSD and the University of Utah limit manual
review of clinical notes to a subset of note types deemed
most informative by their institution’s expert reviewers.
This is done to speed review by avoiding less informa-
tive and redundant note types. A potential advantage of
CNLP is that volume is no longer an issue, and every note
can be processed. We thus sought to evaluate the utility
of processing all notes for every proband. The results of
this experiment are also shown in Fig. 3, where the blue
and green curves summarize diagnostic enrichment as
a function of MPSE score and note volumes. AUC for
the top 50% of high scoring probands using all clinical
notes vs. using only the selected note types is quite simi-
lar—62% and 65%, respectively. Thus, for the Utah data-
set, using all available notes for every proband does not
negatively impact diagnostic rates.

Impact of patient populations

It is worth noting that underlying NICU populations
differ between RCHSD and the University of Utah.
Whereas RCHSD is a level IV NICU, the University of
Utah operates a level III NICU, with the most severely
ill patients transferred to Intermountain’s Primary Chil-
dren’s neighboring level IV facility. Thus, patients in the
Utah dataset are likely to have fewer conditions requir-
ing surgical interventions and a higher level of intensive
care. Despite being trained using the RCHSD level IV
data, Fig. 1 makes it clear that the lesser acuity of level
IIT patients compared to level IV patients did not inter-
fere with MPSE’s ability to identify suitable candidates
for sequencing nor did it negatively impact the correla-
tion between MPSE score and Mendelian diagnostic rates
(Fig. 3). This finding suggests MPSE’s robustness to dif-
ferences in NICU patient populations.

Conclusions

We have demonstrated the feasibility of prioritiz-
ing individuals for WGS, using automated means,
and that supplementing clinical review with this auto-
mated process could meet or exceed diagnostic yields
obtained solely through manual review of clinical
notes. More sophisticated machine learning techniques
might further improve the accuracy of prioritization.



Peterson et al. Genome Medicine (2023) 15:18

Neural and Bayesian networks and random forest-
based approaches generally outperform naive Bayes.
Likewise, addition of other metadata such as provider
billing codes, medication histories, ancestry, and socio-
economic indicators might still further improve perfor-
mance. Nevertheless, even without such enhancements,
our CNLP/MPSE workflow prioritized patients for
rWGS with relatively high accuracy (AUC =0.86), with
maximal projected diagnostic yields highly enriched
for the top scoring quartile. These results bode well for
future improved versions of the pipeline.

The ability of MPSE to accurately distinguish
sequenced from unsequenced probands at both RCHSD
and the University of Utah demonstrates the generaliz-
ability of the RCHSD training data, at least between two
leading research institutions. The fact that MPSE was
trained using RCHSD’s level IV NICU patients and rep-
licated in Utah’s level III NICU also provides some indi-
cation of MPSE’s robustness and applicability. Broader
generalization, however, remains to be proven. Gener-
alization is important because as WGS-based diagnosis
becomes more widespread, and patients considered for
testing become more diverse, clinical cultures and insti-
tutional differences in clinical note taking might render
the parameters derived from the RCHSD training dataset
less effective at some sites. In this regard, the ability of the
pipeline to consume all notes for every proband is clearly
an advantage, as it means adopters need not establish
cross institutional equivalents in note types; instead, they
can simply harvest every available clinical note for every
proband.

More broadly, generalizability of training data must be
distinguished from generalizability of the CNLP/MPSE
workflow. The CNLP portion of the pipeline can be used
to create a similar dataset for any institution engaged
in WGS-based diagnosis, and, because it is a bayesian
classifier, retraining MPSE using these data is straight-
forward. While we chose to use the CLiX CNLP tool,
any NLP software able to produce high-fidelity HPO-
based phenotype descriptions could be used upstream
of MPSE. Going forward, we will explore the utility of
retraining and combining models derived from multi-
institutional datasets to further improve performance.
Recent work has also demonstrated the utility of WGS
for pediatric intensive care unit (PICU) patients, where
genome-based diagnoses have ended years-long diagnos-
tic odysseys [24]. The PICU generally has a more heter-
ogeneous patient population than the NICU, because it
includes patients from less than 12 months through 18
years of age, and a broader array of medical conditions
such as cancer, organ transplant, and trauma. Thus, an
automated tool such as MPSE that could help identify
the relatively less common percentage of PICU patients
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with underlying Mendelian disorders could be especially
useful for this population. These facts suggest that large
medical systems may have other, non-pediatric patients
who would also benefit from WGS—if they could be
found. MPSE could in principle be used to search elec-
tronic medical record databases for such patients. Out-
patient pediatric specialty clinics might also benefit from
using this type of automated tool.

Re-analysis of previously negative WGS cases is also
increasingly an issue. The last decade has witnessed a
huge increase in numbers of genes and variants associ-
ated with Mendelian conditions [25, 26], with 250 newly
described disorders annually, suggesting that many indi-
viduals previously undiagnosed by gene panels, WES,
and WGS, could benefit from reanalysis in light of our
ever-expanding knowledge of genetic disease. Recent
work has validated this hypothesis [27, 28]. However,
limited reimbursement and resources mean that, to be
cost-effective, only those patients with the highest likeli-
hood of diagnosis are currently reanalyzed using WGS
technologies. Once again, automated approaches such
as the one described here might provide a means to
locate and prioritize these patients for reanalysis. High
MPSE scores might also be used to strengthen argu-
ments for reimbursement. More generally, we foresee
MPSE as an electronic decision support tool for facili-
tating the patient review process.
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