Journal of Affective Disorders 356 (2024) 64-70

FI. SEVIER

Contents lists available at ScienceDirect
Journal of Affective Disorders

journal homepage: www.elsevier.com/locate/jad

JOURNAL of
AFFECTIVE DISORDERS

Research paper

Check for

Identifying data-driven subtypes of major depressive disorder with o

electronic health records

Abhishek Sharma ", Pilar F. Verhaak “, Thomas H. McCoy ¢, Roy H. Perlis>“", Finale Doshi-

Velez” "

2 Center for Quantitative Health, Massachusetts General Hospital, 185 Cambridge Street, Boston, MA, 02114, United States of America
® Harvard John A. Paulson School of Engineering and Applied Sciences, 29 Oxford Street, Cambridge, MA 02138, United States of America

¢ Harvard Medical School, 25 Shattuck Street, Boston, MA 02115, United States of America

ARTICLE INFO ABSTRACT

Keywords:

Background: Efforts to reduce the heterogeneity of major depressive disorder (MDD) by identifying subtypes have
not yet facilitated treatment personalization or investigation of biology, so novel approaches merit consideration.
Methods: We utilized electronic health records drawn from 2 academic medical centers and affiliated health
systems in Massachusetts to identify data-driven subtypes of MDD, characterizing sociodemographic features,
comorbid diagnoses, and treatment patterns. We applied Latent Dirichlet Allocation (LDA) to summarize diag-
nostic codes followed by agglomerative clustering to define patient subgroups.

Results: Among 136,371 patients (95,034 women [70 %]; 41,337 men [30 %]; mean [SD] age, 47.0 [14.0] years),
the 15 putative MDD subtypes were characterized by comorbidities and distinct patterns in medication use.
There was substantial variation in rates of selective serotonin reuptake inhibitor (SSRI) use (from a low of 62 %
to a high of 78 %) and selective norepinephrine reuptake inhibitor (SNRI) use (from 4 % to 21 %).
Limitations: Electronic health records lack reliable symptom-level data, so we cannot examine the extent to which
subtypes might differ in clinical presentation or symptom dimensions.

Conclusion: These data-driven subtypes, drawing on representative clinical cohorts, merit further investigation
for their utility in identifying more homogeneous patient populations for basic as well as clinical investigation.
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Major depressive disorder
Representation learning
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1. Introduction

For many decades, recognizing the heterogeneity of clinical pre-
sentations and treatment responses in major depressive disorder, there
have been efforts to identify depressive subtypes that might yield more
homogeneous groups. Early efforts relied on responsiveness to mono-
amine oxidase inhibitors (MAOIs) to define atypical and melancholic
depression (Hyman Rapaport, 2007); these distinctions became less
useful with the failure to identify associated biomarkers and the
recognition that these groups did not differ in response to newer anti-
depressants (ADs). Subsequent work focused on symptom profiles or
psychiatric comorbidities (Fava et al., 2006), including anxiety (Stav-
rakaki and Vargo, 1986), and irritability (Perlis et al., 2005).

All of these efforts relied on characteristics identified a priori by
investigators, albeit on the basis of clinical experience. An alternative
approach to defining subgroups relies on data-driven or unsupervised

strategies, allowing discovery of novel subgroups based on patterns in
patient data. One such study attempted to identify symptom-based
subtypes of depression (van Loo et al., 2012), for example. However,
this data-driven strategy has proven to be challenging because most
treatment studies, the source until recently of most phenotypic data,
exclude patients with medical and psychiatric comorbidities (Rush et al.,
2004). As such, clinical trials did not reflect the range of variation in the
general population that might be necessary to adequately capture
subgroups.

A range of strategies has been employed to identify novel phenotypes
from electronic health records. One recent investigation applied
autoencoders as a means of feature engineering (Jones et al., 2023);
while this strategy captures temporal relationships that would be missed
by clustering, these features did not meaningfully improve predictions.
Another strategy examined polygenic liability for depression in elec-
tronic health records, in an effort to capture systemic features that may
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share biology with major depression (Fang et al., 2022). Other recent
work has applied natural language processing (NLP) to individuals with
depressive disorders in electronic health records, for example to capture
features of mania (Patel et al., 2022) or dimensional measures of
agitation (Hart et al., 2021). However, these latter approaches require
additional data types that may not be available in large representative
health systems, and sometimes rely on narrative notes that transfer
poorly across health systems.

As an alternative, to better understand the variability of depressive
phenotypes in less selected clinical populations, we drew on coded
clinical data in electronic health records of 2 large academic medical
centers and their affiliated community hospitals and outpatient clinics.
We hypothesized that coded clinical data would identify recognizable
clinical subpopulations, and potentially define new subtypes for further
investigation.

2. Methods
2.1. Data sources and input features

We drew on electronic health records from two large academic
medical centers and their affiliated community hospitals and outpatient
clinics. Available patient data included diagnostic codes, including ICD-
9 and ICD-10 codes, CPT codes capturing lab tests and procedures, and
RXNORM codes capturing medications along with the timestamps of the
codes. These data also included sociodemographic features including
age, self-reported gender, race, and ethnicity.

The study cohort included patients with at least one diagnosis of
major depressive disorder between 2017 and 2022 based on ICD-9 or
ICD-10 codes (see Fig. 1 for patient demographic information and S1 for
all codes). Patients without an AD RXNORM code were excluded in
addition to those patients who were younger than 18 years or older than
80 years at their last code. Only patients with codes observed both
before and after AD prescription were included. For a full description of
cohort derivation, please reference Fig. 2.
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Patients with MDD: 423,636

Excluded due to lack of any
valid DX/PROC/MED codes:

Processed patients: 406,664

16,972

Excluded due to lack of any

Patients with AD treatment:
317,946

AD treatment: 88,718

Excluded due to insufficient

Patients with adequate pre-AD
treatment history: 196,297

history pre-AD treatment (<2
years): 121,649

Excluded due to age

Age-eligible patients: 176,529

restrictions (age < 18, age >
80): 18,768

Excluded due to insufficient

Final cohort: 136,371

history post-treatment (<4

years): 40,158

Fig. 2. CONSORT flow diagram of cohort derivation.

Patient Demographics

Cluster
7 8 9 10 11

12 13 14 Total

Count- 3,232 | 12,619 | 3,810

5,499 | 4,981 | 38,701

Age: 18-30{ =i 32% 10% 17%

17% 9%

Age: 30-40 BEEER 24% 13% 25%

26% 8% 16%

Age: 40-50 9% 18% 20%

26% 21% 23%

Age: 50-60 0% 8% 15% 26% 20%

19% 32% 25%

Age: 60-70 0% 2% 8% 21% 8%

9% 27% 19%

Age: 70-80 0% 0% 3% 9% 2%

3% 10% 7%

Gender: F- S 96% 58% 66% 70%

61% 78% 64% 58%

Gender: M () 4% 42% 34% 30%

39% 22% 36% 42%

Race: Asian 2% 2%

2% 2% 2% 2% 1%

Race: Black {mBE 3% 13% 6% 7% 5%

--

4% 6% 4% 9%

70%

66% 99%

34% 1% 30%

3%

1% 2%

7% 6% 7%

Race: White JSERA 63% 90% 62% 78% 79% 78%

86% 82% 87% 79%

79% 86% 78% 79%

Race: Other BEWAL/ 25% 6% PAR) 13% 12% 15%

8% 10% 8% 11%

13% 9% 14% 13%

11% 13% 5% 6% 7%

2%

Ethnicity: Hispanic

3% 4% 3% 4%

6% 5% 8% 6%

Fig. 1. Patient demographic information.
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The Massachusetts General Brigham HealthCare institutional review
board approved the study protocol, waiving the requirement for
informed consent since only deidentified data were used and no
participant contact was required.

2.2. Exclusion criteria

The initial cohort was defined as patients with at least one MDD
diagnosis defined by ICD code (N = 423,636). We excluded patients
without any AD RXNORM code (N = 88,718). These two primary in-
clusion criteria were intended to yield a minimally selected cohort of
individuals in whom a clinician both diagnosed and treated MDD. For
any individual patient, data were restricted to 2 years before and 4 years
after initial AD prescription. In this restricted set of codes, we excluded
patients with age below 18 at their first code and with age above 80 at
their last code. To ensure sufficient coded data available prior to and
following treatment, the cohort was limited to those whose first code (of
any type) was observed at least 1 year before their first AD and whose
last code was observed at least 2 years after their first AD. In all analyses,
time was defined relative to the initial antidepressant prescription.

2.3. Modeling approach

2.3.1. Pruning step

We first sought to reduce dimensionality while enriching coded data
to ensure that it was relevant to psychiatric phenotypes, recognizing that
subsequent clustering would otherwise simply recapitulate patients'
medical comorbidities. Conversely, beginning with a curated list of
psychiatry-specific codes would limit the ability to discover depression
subtypes that might be reflected in non-psychiatric codes — for example,
in non-psychiatric comorbidity.

To select depression-relevant codes in a data-driven manner, we
instead identified coded data correlated with simple psychiatric out-
comes: binary-encoded variables that indicate the class of ADs pre-
scribed to the patient (namely, selective serotonin reuptake inhibitor
(SSRI), selective norepinephrine reuptake inhibitor (SNRI), MAOI, tri-
cyclic antidepressant (TCA), or Other), whether the patient was pre-
scribed more than three ADs in the two years following the initial AD
prescription, or whether the patient's diagnosis was subsequently
changed to bipolar disorder (for detailed patient outcome definitions,
please refer to the S2 and S3).

We computed the Matthews correlation coefficient (Matthews, 1975)
of each code with each outcome (a value between —1 and 1), and then
all pruned codes that had the absolute value correlation below 0.01 for
all outcomes. This threshold was chosen to be low so that even weakly
correlated codes are used for the analysis. This step yielded 7121 codes,
drawn from an initial 94,102 codes.

2.3.2. Representation learning step

To identify and categorize underlying disease concepts from diag-
nostic codes data, we trained a Latent Dirichlet Allocation (LDA) model
(Blei et al., 2003). LDA is an unsupervised method for finding hidden
thematic structures, called topics, within a collection of patient records
with diagnostic code counts. It works by assuming each patient record is
composed of a mixture of these topics, and each topic is characterized by
a specific distribution of codes. This allows LDA to categorize patients
based on the underlying disease concepts (i.e. topics). For a detailed list
of top words per topic, please see S4. During the training phase of the
LDA model, we summarized the total code counts into a ‘bag-of-words’
representation of the data for each patient and discovered 50 topics,
corresponding to the underlying disease concepts (see Fig. 3). After the
training phase, we divided each patient's trajectory into six equal time
windows, each spanning one year; the first AD code fell within the
second window. Using the trained LDA model, we inferred the topic
distribution vectors for each time window and concatenated these dis-
tributions to form the features representing the patient's trajectory.
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2.3.3. Clustering step

At this step, the patients' histories are summarized by their topic
distributions over their histories. We then used agglomerative clustering
with Ward's linkage criterion to cluster patients into 15 subpopulations.
Agglomerative clustering is an unsupervised learning technique that
iteratively merges clusters based on similarity, and Ward's linkage cri-
terion calculates the distance between clusters by minimizing the total
within-cluster variance. To evaluate stability of clusters qualitatively,
we first compared topic representation between clusters derived from
the two largest hospitals. We then tested each hospital-specific clus-
tering against the original clusters using the adjusted Rand index
(Steinley, 2004), a measure of similarity that ranges from —1 to 1, and
the adjusted mutual information score, ranging from 0 to 1 (Vinh et al.,
2009).

All analyses were conducted in Python, with LDA performed using
the Gensim library (Rehiirek and Sojka, 2010), clustering and evaluation
of clustering performed using the scikit-learn library (Pedregosa et al.,
2011), and subsequent analysis done using standard computational li-
braries for Python (Harris et al., 2020; Hunter, 2007; Virtanen et al.,
2020; Wes McKinney, 2010).

3. Results

The cohort included 423,636 patients who met the inclusion criteria
based on MDD diagnosis. After the exclusion of 16,972 patients who
lacked any RXNORM codes, 88,718 patients who lacked an AD treat-
ment, 18,768 patients due to age restrictions, and 121,649 patients due
to insufficient history 2 years before and 4 years after the first AD
treatment, we were left with 136,371 patients (95,034 women [70 %];
41,337 men [30 %]; mean [SD] age, 47.0 [14.0] years; see Fig. 1 for
details).

We identified 50 code-based topics, reflecting data-driven groups of
clinical presentations. These topics were then used to derive 15 clusters,
manually annotated by one of the authors to simplify further discussion,
on the basis of predominant topics as well as sociodemographic differ-
ences. (Of note, cluster numbers themselves are arbitrary and do not
indicate any priority.)

Of the 15 clusters, 3 clusters (complex psychiatric comorbidity
cluster (4), depression/anxiety cluster (6), and primary care depression/
anxiety cluster (7)) were notable for the preponderance of depression
and anxiety diagnoses in the outpatient setting. Among these, the
complex psychiatric comorbidity cluster (4) stood out for its younger
demographics (56 % were below the age of 40, as opposed to 34 % in the
overall population) and elevated prevalence of attention-deficit/
hyperactivity disorder (ADHD), group therapy, and psychotherapy,
while the depression and anxiety cluster (6) was similar but reflected
older patients (17 % and 28 % patients in age groups 18-30 and 40-50,
compared to 32 % and 18 % for the complex psychiatric comorbidity
cluster (4). The primary care depression/anxiety cluster (7) was similar
to the depression/anxiety cluster (6) but reflected substantial medical
comorbidity, primary care treatment of depression, and more male pa-
tients. (For formal contrasts, see Supplemental Materials and Methods).

Another group of clusters corresponded to patients who exhibited a
higher prevalence of pain (pain and anxiety cluster (2) and surgery and
pain cluster (5)). Among these, cluster the pain and anxiety cluster (2)
were characterized by older patients on average, while the surgery and
pain cluster (5) reflected more obesity and low back pain in particular.

A subset of clusters reflected predominantly obstetrics and gyneco-
logical (OB/GYN) diagnoses (pregnancy cluster (0), younger gyn cluster
(1), younger gyn-primary care cluster (3)). Most notably, all patients in
the pregnancy cluster (0) included at least 1 pregnancy code, while the
younger gyn cluster (1) represented younger women with more gyne-
cologic diagnoses and the younger gyn-primary care cluster (3) included
more pain diagnoses. Besides the differences in gender and increased
gynecologic diseases, patients in the younger gyn cluster (1) closely
resembled the complex psychiatric comorbidity cluster (4) and the
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Heatmap of Topic Prevalence (Red: =u+1.50, Blue: =u—1.50)
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Fig. 3. Heatmap of topic prevalence.

depression/anxiety cluster (6), but with substantially greater rates of
both substance use and suicidality. The older women cluster (13) was
predominantly older women, with nearly all (93 %) 40 or older.

Finally, a group of clusters (breast cancer (8), general hospitalization
(9), older men (10), hospitalization + hepatic disease (12), and obesity
+DM2 (14)) captured individuals more likely to be hospitalized, varying
by specific medical comorbidities (e.g., cancer in the breast cancer
cluster (8) obesity and type 2 diabetes in the obesity and diabetes mel-
litus type 2 (DM2) cluster (14) and gender (e.g., nearly all males in the
obesity and DM2 cluster (14)).

To understand the stability of clustering - i.e., the extent to which
these clusters would be likely to generalize across hospitals and health
systems — we compared results of clustering data from individual hos-
pitals post hoc to those of the system as a whole. Supplemental Fig. S5
illustrates the representation of individual topics in each of the 15
clusters, derived from individual hospitals; with very few exceptions, the

same topics drove cluster membership in each hospital. To formally test
similarity of cluster assignments, we applied two alternate methods — the
adjusted Rand index and adjusted mutual information. For comparison
of MGH and BWH to system-wide clusters, adjusted Rand index was 0.31
for each; adjusted mutual information index was 0.46 for MGH and 0.44
for BWH. Thus, both qualitative and quantitative testing supported the
lack of site-specificity of these clusters.

We then examined distribution of antidepressant treatments and
outcomes across the clusters, as a way of understanding if clusters are
meaningful in terms of understanding clinical differences. Figs. 4 and 5
illustrate the differences in each cluster for a given outcome, compared
to the mean of the sample as a whole - i.e., the extent to which each
cluster is different from the undifferentiated cohort in a particular
outcome. The proportion of patient outcomes per group, color-coded by
their deviation from the population average, can be found in S6. Chi-
squared residuals and adjusted residuals for cluster-outcome
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Fig. 4. Bar graphs of patient outcomes.
Patient Outcomes
Cluster
0 1 2 3 4 5 7 8 9 10 11 12 13 14 Total
Count{ 4,744 | 13,466 | 7,959 | 4,155 | 3,232 | 12,619 | 3,810 | 5,499 | 4,981 | 38,701 | 2,577 | 12,993 | 6,889 | 5,816 | 8,930 |136,371
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Fig. 5. Heatmap of patient outcomes.

relationships can be found in S7 and S8, indicating that nearly every
cluster differs significantly from population mean values.

The complex psychiatric comorbidity cluster (4), depression and
anxiety cluster (6), and the substance use and seizure cluster (11) were
notable for markedly greater rates of change in diagnosis to bipolar
disorder (9, 14, and 20 %, respectively), and use of 3 or more ADs in the
2 years following the first (18, 18, and 12 %, respectively). There was
substantial variation in rates of SSRI use (from a low of 62 % in the
pregnancy cluster (0), to 78 % in multiple other clusters) and SNRI use
(4 % in the pregnancy cluster (0) and 8 % in the younger women/GYN
group, up to 21 % in the breast cancer cluster (8)). Similar variability
was apparent in other (non-SSRI/SNRI) AD use, from 22 % in the older
women cluster (13) to 45 % in the pregnancy cluster (0). We identified 5
clusters with high levels of non-SSRI utilization. The breast cancer
cluster (8) and the substance use and seizure cluster (11) reflected the
highest rates of SNRI prescription and were notable for both primary
care depression and geriatric primary care.

Finally, we inspected the change of topic prevalence over time for
each of the clusters, as a means of understanding trajectories (see S9).
Within the group of clusters described by complex psychiatric condi-
tions, we observe that the complex psychiatric cluster (4) tended to

68

exhibit greater prevalence of ADHD comorbidity over time, in contrast
to the remaining clusters. The younger gyn cluster (1) was notable for its
considerable increase in the prevalence of substance use and hospitali-
zation after the index AD prescription. Among the OB/GYN clusters, the
pregnancy cluster (0) showed increasing prevalence in head, neck, and
lower back pain, while the younger gyn-primary care cluster (3) dis-
played an uptick in depression and anxiety following the initial AD
prescription before returning to baseline.

4. Discussion

In this investigation of 176,529 adults with a diagnosis of MDD, we
used unsupervised machine learning methods to generate 15 putative
data-driven subtypes on the basis of coded data from the electronic
health records of two hospital systems. Because we only clustered on
codes that were associated with future psychiatric treatment or out-
comes, we can interpret the resulting clusters as providing meaningful
distinctions among patients with MDD. For example, the pregnancy
cluster suggests that a person experiencing MDD around pregnancy is
not an MDD patient who happens to be pregnant; the fact that they are
pregnant affects correlates of their MDD.
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Overall, the discovered subtypes differed markedly in terms of pre-
dominant sociodemographic features, comorbidities, and patterns of
medication use. Beyond simply quantifying the variability within a
single psychiatric diagnosis, each of these clusters identifies a more
homogeneous, internally consistent group that may merit further char-
acterization in terms of underlying neurobiology or treatment response.
We are finding and separating constellations of medical comorbidities
that matter in the context of MDD, rather than medical comorbidities
that patients simply happen to have alongside their MDD.

This work extends longstanding efforts to parse the heterogeneity of
major depression, employing a broad range of strategies that predomi-
nantly relied on expert-curated phenotypes. Some strategies simply
employ age, distinguishing (for example) early onset depression (Zisook
et al., 2007) or geriatric depression (Alexopoulos, 2019), where treat-
ment response or tolerability may differ. Another typical approach
examined individual depressive symptoms. A systematic review of
studies that examined the existence of MDD subtypes by latent variable
analysis of depressive symptoms found insufficient evidence for MDD
data-driven symptomatic subtypes of depression (van Loo et al., 2012).
However, the reliance in those efforts on symptoms did not allow for the
possibility that systemic manifestations of illness, or even sociodemo-
graphic differences, may enable more precise characterization.

Yet another strategy has considered comorbid psychiatric or non-
psychiatric illness, as potential markers of difference in underlying
disease process. For example, one prior study computationally derived
three depression subtypes that included patients who were the oldest,
had the most comorbid diagnoses, and took the most medications (Xu
et al., 2020) — essentially recovering geriatric depression. While we do
identify significant variability in age distribution among the 15 clusters,
our clusters are driven more by specific comorbidities than age per se.

This work has multiple strengths. First, it draws on a large and
diverse outpatient population, served by multiple academic medical
centers as well as community hospitals and their affiliate networks. That
diversity should increase the generalizability of these results. By design,
we included a broad age range and inclusion criteria, reasoning that this
data-driven approach should be able to identify distinct populations
rather than needing to specify them a priori (for example, by excluding
geriatric depression). Furthermore, relying on large-scale health records
rather than a single study or group of clinical trials should also diminish
ascertainment bias, as might be the case in relying solely on individuals
entering depression treatment studies. Finally, the application of unsu-
pervised methods allows us to generate novel hypotheses about
depression subtypes, rather than pursuing the same curated subtypes
that have been a focus of research for many decades.

In aggregate, our study demonstrates the potential utility of unsu-
pervised learning approaches applied to large-scale electronic health
records to better understand the heterogeneity of MDD. The clusters
identified by our modeling approach may facilitate efforts to charac-
terize disease biology and develop predictive tools by incorporating the
temporal aspect of patient history to reason about future outcomes.
Further work will be needed to better understand the extent to which
these clusters associate with differential course or treatment response, as
well as their consistency in other regions of the US or internationally.

4.1. Limitations

We also note multiple limitations. Electronic health records lack
reliable symptom-level data, so we cannot examine the extent to which
subtypes might differ in clinical presentation or symptom dimensions
(Kung et al., 2022). Our own prior work demonstrates that narrative
clinical notes may in some cases provide such detail (Castro et al., 2014;
McCoy et al., 2016; McCoy et al., 2015), although more recent narrative
notes in Epic-based EHRs are highly templated and thus contain far more
impoverished clinical descriptions. Moreover, NLP-based phenotyping
transfers poorly across health systems, so incorporating such data would
limit the ability of other health systems to replicate and extend our work.
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We also lack data on features such as social determinants of health,
stressors, and social functioning more generally, features that might well
associate with or even drive clusters.

A further limitation is the inclusion of only one regional health sys-
tem, albeit one comprised of a heterogeneous group of academic and
community hospitals and affiliate practices. While we show consistency
of clusters across two very different large hospitals, further work will be
required to understand the transferability of the putative subtypes we
identified; it is possible that the clusters we observe are specific to fea-
tures of care in this region. In addition, our reliance on antidepressant
prescriptions to refine our definition of major depression may lead to a
more select (albeit still quite broad) population, and the extent to which
these clusters are also apparent for non-antidepressant-treated patients
remains to be determined.

Supplementary data to this article can be found online at https://doi.
org/10.1016/j.jad.2024.03.162.
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