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Objectives: This study evaluated an unsupervised machine learning method, latent Dirichlet allocation (LDA), as a method
for identifying subtypes of depression within symptom data. Methods: Data from 18,314 depressed patients were used to cre-
ate LDA models. The outcomes included future emergency presentations, crisis events, and behavioral problems. One model
was chosen for further analysis based upon its potential as a clinically meaningful construct. The associations between pa-
tient groups created with the final LDA model and outcomes were tested. These steps were repeated with a commonly-used
latent variable model to provide additional context to the LDA results. Results: Five subtypes were identified using the final
LDA model. Prior to the outcome analysis, the subtypes were labeled based upon the symptom distributions they produced:
psychotic, severe, mild, agitated, and anergic-apathetic. The patient groups largely aligned with the outcome data. For exam-
ple, the psychotic and severe subgroups were more likely to have emergency presentations (odds ratio [OR] = 1.29; 95% con-
fidence interval [CI], 1.17-1.43 and OR = 1.16; 95% CI, 1.05-1.29, respectively), whereas these outcomes were less likely in
the mild subgroup (OR = 0.86; 95% CI, 0.78-0.94). We found that the LDA subtypes were characterized by clusters of unique
symptoms. This contrasted with the latent variable model subtypes, which were largely stratified by severity. Conclusions:
This study suggests that LDA can surface clinically meaningful, qualitative subtypes. Future work could be incorporated into
studies concerning the biological bases of depression, thereby contributing to the development of new psychiatric therapeu-
tics.
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Depression affects millions of people [1], worsens overall
health outcomes, and is a leading cause of disability world-
wide [2]. It is a significant public health concern for which
extant interventions are limited in efficacy [3,4]. To improve
treatments, recent research has focused on the development
of biomarkers to better understand the nature of psychiatric
disorders [5]. However, the highly heterogeneous nature
of depression has proven to be a consistent barrier for this
research [6,7]. To address this issue, one common approach
involves empirically analyzing large sets of data to identify
clinically actionable depressive subtypes.
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To this end, researchers regularly employ latent variable
models to refine depression diagnoses and create homog-
enous subtypes [8-10], which are beneficial because they can
function as clear endpoints for biomarker identification. Ide-
ally, biomarkers are associated with several endpoints such as
severity, treatment response, or endophenotypes, implying a
need for subtypes defined across multiple behavioral metrics
[11-13]. Here, we explore an unsupervised machine learning
method for this task. Latent Dirichlet allocation (LDA) is a
popular method for identifying abstract topics within text
corpora [14]. In this application, we instead view abstract
topics as depressive subtypes and symptoms as text. LDA is
a generative probabilistic model; under an LDA model, we
determine whether or not a patient has a symptom by:

(1) Generating a mixture of subtypes to represent the patient;

(2) Creating a distribution of symptoms for each subtype;

(3) Choosing a subtype based upon the mixture of sub-

types; and

(4) Choosing a symptom based upon the subtype’s distribu-

tion.

To generate additional symptoms, we repeat steps 3 and 4.
This process is a less natural model for describing symptom
data than a more typical latent variable model, but it is more
flexible.

The objective of this study was to evaluate LDA as a meth-
od of identifying depressive subtypes. LDA models were cre-
ated with symptom data from a cohort of depressed patients
and analyzed to identify potential subtypes. Patient groups
were constructed based upon the subtypes and assessed
with respect to outcome data. These steps were repeated
with latent class analysis (LCA), a widely used latent variable
model, to provide a point of comparison [15-17].

Il. Methods

1. Study Setting and Population

This study used de-identified Electronic Health Record
(EHR) data of 18,314 patients treated at the South London
and Maudsley NHS Foundation Trust (SLaM) between Janu-
ary 1, 2007 and November 1, 2018 [18,19]. The study inclu-
sion criteria consisted of a primary diagnosis of depression
(i.e., International Classification of Diseases, 10th revision
codes of F33 or F32), within the first 3 months of their initial
encounter with SLaM. The use of SLaM EHR data for sec-
ondary analyses has received IRB approval (Oxford Research
Ethics Committee C reference 18/SC/0372).
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2. Measures and Outcomes

Fifty psychiatric symptoms were used as binary variables
to create models. Symptoms were extracted from unstruc-
tured EHRs with TextHunter, a natural language processing
system. TextHunter requires users to define a list of regular
expressions to identify texts with a particular keyword. After
users annotate texts, it trains a support vector machine mod-
el to classify the presence of a symptom in a patient, with
features generated by rule-based algorithms. Models can be
further refined with an active learning module within Text-
Hunter. Detailed descriptions, including performance met-
rics, of each model are available in open-access catalogues
[20]. The symptoms are listed in Supplementary Table S1.

All texts in the unstructured EHRs were used as a part of
the symptom extraction process. However, the most infor-
mative texts (i.e., texts that mention symptoms), fall under
two categories: clinical correspondences and case notes. Case
notes refer to texts recorded after a clinical encounter. Clini-
cal correspondences can be written by a professional, but
they are usually a communication from a specialist to gener-
alist medical staff. No profession-specific filters were applied
to the unstructured EHRs during symptom extraction.

The validities of the subtypes were evaluated with respect to
several outcomes, available as structured data in EHRs: the
occurrence of a mental health crisis within 3 to 15 months
after a patient’s initial encounter with SLaM, the occurrence
of an emergency room presentation within the same time
window, and Health of the Nation Outcome Scales (HoNOS)
problems [21]. HONOS is a structured instrument used rou-
tinely as a part of British Mental Health Services. Each scale
rates an element related to functional impairment or mental
health from 0 (not present) to 4 (severe problem). Patients
were considered to have a HONOS problem on a given scale
if they scored between 2 (mild problem) and 4.

Covariates included gender, race (classified into White,
Black, Asian, mixed, or other), year of first SLaM contact,
and neighborhood deprivation. These data are included in
Tables 1 and 2.

3. Analyses

The LDA and LCA models were developed in a similar
fashion. The number of classes created by LDA and LCA
is a fixed number chosen prior to model creation; the ex-
perimental models featured 2 to 8 different subtypes. Two
goodness-of-fit metrics were tested to evaluate model qual-
ity: perplexity for LDA and the Akaike information criterion
(AIC) for LCA. Both proved to be ineffective measures for
the data; perplexity values did not favor any model, and AIC
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Table 1. Demographic information of the latent Dirichlet analysis groups
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Full sample Mild groups Psychotic Severe Mild Agitated  Anergic-apathetic
Total sample 18,314 12,115 3,059 3,140 4,844 4,291 2,980
Sex
Female 11,377 (62.1) 7,825 (64.6) 1,703 (55.7) 1,849 (58.9) 3,441 (71.0) 2,500 (58.3) 1,884 (63.2)
Male 6,926 (37.8) 4,283 (35.4) 1,353 (44.2) 1,290 (41.1) 1,401 (28.9) 1,789 (41.7) 1,093 (36.7)
Race
Asian 915 (5.0) 573 (4.7) 191 (6.2) 151 (4.8) 227 (4.7) 218 (5.1) 128 (4.3)
Black 2,728 (14.9) 1,709 (14.1) 571 (18.7) 448 (14.3) 670 (13.8) 603 (14.1) 436 (14.6)
Mixed 400 (2.2) 274 (2.3) 64 (2.1) 62 (2.0) 111 (2.3) 95(2.2) 68 (2.3)
Other 1,833 (10) 1,236 (10.2) 292 (9.5) 305 (9.7) 506 (10.4) 449 (10.5) 281 (9.4)
White 10,458 (57.1) 6,956 (57.4) 1,653 (54.0) 1,849 (58.9) 2,787 (57.5) 2,449(57.1) 1,720 (57.7)
Ethnicity missing 1,980 (10.8) 1,367 (11.3) 288 (9.4) 325(10.4) 543 (11.2) 477 (11.1) 347 (11.6)
Age (yr)
<18 2,352 (12.8) 1,750 (14.4) 257 (8.4) 345 (11.0) 772 (15.9) 664 (15.5) 314 (10.5)
18-34 5951 (32.5) 3,954 (32.6) 965 (31.5) 1,032(32.9) 1,580 (32.6) 1,289 (30.0) 1,085 (36.4)
35-49 4,513 (24.6) 2,923 (24.1) 757 (24.7) 833 (26.5) 1,175(24.3) 1,033 (24.1) 715 (24)
50-64 2,561 (14) 1,576 (13) 505 (16.5) 480 (15.3) 620 (12.8) 590 (13.7) 366 (12.3)
265 2,934 (16) 1,910 (15.8) 575 (18.8) 449 (14.3) 696 (14.4) 714 (16.6) 500 (16.8)
Deprivation score 25.1 +10.2 25.1+10.3 254 +10.1 24.8 +10.2 25.0 £10.0 252 +10.4 25.2+10.2
Values are presented as number (%) or mean * standard deviation.
Table 2. Demographic information of the latent class analysis groups
Full sample Psychotic Severe Moderate Mild
(n=18314) (n =987) (n =1,596) (n = 6,063) (n =9,668)
Sex
Female 11,377 (62.1) 544 (55.1) 896 (56.1) 3,729 (61.5) 6,208 (64.2)
Male 6,926 (37.8) 443 (44.9) 700 (43.9) 2,332 (38.5) 3,451 (35.7)
Race
Asian 915 (5) 83 (8.4) 92 (5.8) 298 (4.9) 442 (4.6)
Black 2,728 (14.9) 244 (24.7) 241 (15.1) 867 (14.3) 1,376 (14.2)
Mixed 400 (2.2) 12 (1.2) 35(2.2) 119 (2) 234 (2.4)
Other 1,833 (10) 76 (7.7) 137 (8.6) 589 (9.7) 1,031 (10.7)
White 10,458 (57.1) 496 (50.3) 987 (61.8) 3,605 (59.5) 5,370 (55.5)
Ethnicity missing 1,980 (10.8) 76 (7.7) 104 (6.5) 585 (9.6) 1,215 (12.6)
Age (yr)
<18 2,352 (12.8) 58 (5.9) 225 (14.1) 751 (12.4) 1,318 (13.6)
18-34 5,951 (32.5) 316 (32) 542 (34) 2,044 (33.7) 3,049 (31.5)
35-49 4,513 (24.6) 252 (25.5) 401 (25.1) 1,505 (24.8) 2,355 (24.4)
50--64 2,561 (14) 191 (19.4) 249 (15.6) 796 (13.1) 1,325 (13.7)
=65 2,934 (16) 170 (17.2) 179 (11.2) 966 (15.9) 1,619 (16.7)
Deprivation score 25.1 £10.2 25.8 +£10.2 25.7 £10.1 24.9 £10.2 25.1 £ 10.1

Values are presented as number (%) or mean + standard deviation.
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values preferred large LCA models that featured over 10
classes, many of which represented less than 5% of the total
cohort. Supplementary Table S2 provides more information.
At a high level, models were instead chosen based upon pat-
terns found in the symptom distributions and the likelihoods
that characterized each set of subtypes, described below.
LCA was implemented with poLCA, a library for R [22].
LDA and K-means clustering were implemented with sci-
kit learn, a library for Python [23]. Clinical outcomes and
characteristics were compared using the chi-square test.
Regression analyses were also performed to compare crisis
events and emergency presentations. Analyses were adjusted
for age, gender, racial group, and neighborhood deprivation

score.

1) LDA models

We evaluated LDA models by examining their symptom
distributions, which are included in Supplementary Table
S3; Figure 1 presents the partial symptom distributions for
a 5-class LDA model; Supplementary Figure S1 presents
the partial symptom distributions for a 4-class LDA model.
Most models featured a class defined by tearfulness, poor
concentration, and guilt. Given that these were the most
common symptoms in the data, this subtype was viewed as a
mild form of depression; the 2- and 3-class LDA models did
not have this subtype and as a result, were considered to be
insufficiently descriptive. However, each new model featured
an additional subtype not present in previous models. Thus,
the 6- to 8-class models were excluded since continually
adding classes could lead to overfitting.

The 4- and 5-class models featured similar subtypes; how-
ever, the added class in the latter gave rise to a subtype char-
acterized by agitation. In previous work, agitation has been
considered an important specifier for depression. Thus, the
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Unsupervised ML for Subtyping Depression

5-class LDA model was chosen as the final model to allow
for the study of a potential agitated subtype.

LDA models decompose patient data into mixtures of sub-
types. K-means clustering was used to create patient groups
with the mixtures. The K-means method creates a prede-
termined number of clusters; the number of clusters was
chosen to be the number of classes in the final LDA model,
so that each cluster could be later described by one subtype.
More information on creating patient groups can be found
under “Converting patient subtypes into patient groups” in
Supplement A.

The following labels were then assigned to the patient
groups: “psychotic” to the subtype characterized by halluci-
nation and paranoia; “severe” to the subtype characterized
by hopelessness and suicidal ideation; and “mild” to the sub-
type characterized by tearfulness and poor concentration,
two of the most common symptoms in the dataset. The last
two were labeled “agitated” and “anergic-apathetic” due to
the presence of those symptoms within each respective sub-
type. These labels were influenced by the average number of
symptoms in each group; the psychotic and severe groups
had a higher average number of symptoms (8.62 and 7.11,
respectively) than the remaining groups (5.99, 5.70, and 4.50,
respectively). Thus, they were viewed as comprising a severe
set of subtypes, and the mild, agitated, and anergic-apathetic
groups as a mild set.

2) Latent class analysis models

LCA models with more than 4 classes featured an increasing
number of groups with 10% or less of the total population,
suggesting overfitting. As a result, only the 3-, 4-, and 5-class
models were chosen for further consideration. The symptom
probabilities for the top 10 most common symptoms for each
LCA model are featured in Figures 2, 3, and Supplementary

Figure 1. Five-topic latent Dirichlet
allocation (LDA) symptom
distribution. Column colors
represent individual sub-
types. Symptoms were in-
cluded here if they were one
of the two most common
symptoms for a subtype.
The red column corresponds

Vol.28 ® No.3 e July 2022

' to the “Severe" group, blue
to "Psychotic”, yellow to
"Mild," green to “Agitated,”
and pink to "Anergic-apa-
thetic."
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Figure S2, respectively. Each model was stratified based
upon a combination of severity and psychosis. For example,
Figure 2 suggests that the 3-class model has a mild class with
low symptom likelihoods and two severe classes with high
symptom likelihoods; between the two severe classes, one is
likely to have psychotic symptoms, like paranoia, and one is
not.

The 4-class model was chosen as the final LCA model be-
cause it was able to capture both severity and psychosis in a
parsimonious way. We labeled the subtypes as “psychotic,”

» «

“severe,” “moderate,” and “mild” LCA models decompose
patient data into class membership likelihoods. Patients were
placed into groups based on the class they were more likely

to be in, which is typical for many LCA implementations.

I1l. Results

1. Clinical Qutcomes
Adjusted odds ratios (ORs) are presented in Table 3, unad-
justed odds ratios are presented in Supplementary Table S4,

260  www.e-hir.org

HIR

— Figure 2. Three-class latent class
analysis (LCA) symptom
likelihoods. Column col-
ors represent individual
subtypes. The top 10 most
common symptoms in the
dataset were included here.
The red and yellow columns
can be viewed as severe

.,\\rz‘;“o \,56%@ \rz‘}\‘oo subtypes, where the latter is

© 6\(& &@0\ distinguished by psychotic

Qoo <& features. The blue, overall,
forms a mild subtype.

Figure 3. Four-class LCA symptom

likelihoods. Column colors

represent individual sub-

types. The top 10 most

common symptoms in the

dataset were included here.

,~\\o° @ ,~\\o° The red"columrl corresponds

& & @rz, to the Sevmte group, blue

© 6\& N to “Psychotic,” yellow to

®o° <2oOﬂ "Moderate,” and green to

"Mild."

and HoNOS data are presented in Tables 4 and 5. Both the
LCA and LDA models aligned well with their outcomes. For
example, the LDA and LCA psychotic groups were the most
likely to have cognition problems, the LDA and LCA severe
groups were the most likely to have self-injury problems, and
the LDA mild set and the LCA mild group were less likely to
have emergency presentations or crisis events.

However, the differences in outcomes between the LDA
groups were more variable than LCA groups. With few ex-
ceptions, the outcomes for the LCA groups were organized
by severity. For example, the LCA mild group was the least
likely to have crisis events (OR = 0.27; 95% confidence in-
terval [CI], 0.23-0.31; p < 0.001), the severe group was the
most likely (OR = 5.26; 95% CI, 4.58-6.05; p = 0.01), and the
moderate group was in between the two (OR = 0.84; 95%
CI, 0.74-0.95; p < 0.001). However, the LDA severe group
was not significantly more likely to have crisis events (OR =
1.14; 95% CI, 0.98-1.33; p = 0.08), though patients in that
group were more likely to have emergency presentations
(OR = 1.16; 95% CI, 1.16-1.29; p = 0.01), had a higher aver-
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Table 3. Odds ratios (ORs) for crisis events and emergency presentations

Psychotic Severe Mild Agitated Anergic
LDA Emergency OR (95% CI) 129 (1.17-1.43) 1.16 (1.05-1.29) 0.86 (0.78-0.94) 0.83 (0.75-0.92) 1.01 (0.91-1.13)
presentations  p-value <0.001* 0.01* <0.001* <0.001* 0.83
Crisis events OR (95% CI)  2.45(2.15-2.80) 1.14(0.98-1.33) 0.49 (0.41-0.57) 0.96 (0.86-1.13) 0.64 (0.54-0.78)
p-value <0.001* 0.08 <0.001* 0.82 <0.001*
Psychotic Severe Moderate Mild
LCA Emergency OR (95% CI)  4.16 (3.50-4.95) 5.26 (4.58-6.05) 0.84 (0.74-0.95) 0.27 (0.23-0.31) -
presentations  p-value <0.001* <0.001* <0.001* <0.001*
Crisis events OR (95% CI) 1.32(1.12-1.56) 1.62(1.43-1.84) 1.12(1.03-1.22) 0.71 (0.65-0.77) -
p-value <0.001* <0.001* <0.001* <0.001*

Adjusted for age, gender, ethnicity, and index of multiple deprivation score.
LDA: latent Dirichlet allocation, LCA: latent class analysis, CI: confidence interval.
*p <0.05.
Table 4. HONOS problems in the LDA patient groups

Scale Total Psychotic Severe Mild Agitated Anergic p-value’

(n=18,314) (n =3,059) (n = 3,140) (n = 4,844) (n =4,291) (n =2,980)

Agitation 1,397 (7.6) 442 (14.4) 180 (5.7) 282 (5.8) 358 (8.3) 135 (4.5) <0.001
Self-injury 2,624 (14.3) 490 (16.0) 612 (19.5) 561 (11.6) 623 (14.5) 338 (11.3)  <0.001
Drug misuse 1,403 (7.7) 290 (9.5) 261 (8.3) 327 (6.8) 329 (7.7) 196 (6.6) 0.01
Cognition 1,328 (7.3) 364 (11.9) 193 (6.1) 286 (5.9) 289 (6.7) 196 (6.6) <0.001
Physical illness 3,846 (21.0) 693 (22.7) 696 (22.2) 954 (19.7) 890 (20.7) 613 (20.6) 0.06
Hallucinations 1,178 (6.4) 699 (22.9) 119 (3.8) 94 (1.9) 179 (4.2) 87 (2.9) <0.001
Depressed 9,063 (49.5) 1,634 (53.4) 1,616 (51.5) 2,243 (46.3) 2,033 (47.4) 1,537 (51.6)  <0.001
Relationship 3,685 (20.1) 709 (23.2) 691 (22.0) 925 (19.1) 822 (19.2) 538 (18.1)  <0.001
Daily living 3,130 (17.1) 635 (20.8) 553 (17.6) 689 (14.2) 726 (16.9) 527 (17.7)  <0.001
Living conditions 1,714 (9.4) 391 (12.8) 355(11.3) 363 (7.5) 347 (8.1) 258 (8.7) <0.001
Occupational 3,304 (18) 676 (22.1) 619 (19.7) 728 (15.0) 750 (17.5) 531(17.8)  <0.001
HoNOS missing 10,704 (58.4) 2,027 (66.3) 1,798 (57.3) 2,680 (55.3) 244 (57) 1,751 (58.8)  <0.001

Values are presented as number (%).

HoNOS: Health of the Nation Outcome Scales, LDA: latent Dirichlet allocation.

‘Chi-squared test with 4 degrees-of-freedom.

age number of symptoms, and were more likely to have self-
injury problems.

The differences in outcomes tended to be smaller within
the LDA groups than in the LCA groups. For example, al-
though the LDA and LCA mild groups were the least likely
to have problems with depressed mood, the range within the
LDA groups was only 7.1% compared to 28.2% within the
LCA groups (LDA, between 46.3% and 53.4%; LCA, between
43% and 71.2%). The LCA and LDA groups contained simi-
lar numbers of patients.

Vol.28 ® No.3 e July 2022

2. Model Comparisons

The two methods categorized mild and psychotic individuals
in a similar way. Seventy-seven percent of individuals who
were in the LDA mild set (the mild, agitated, and anergic-
apathetic groups) were placed into the LCA mild group; 89%
of individuals that were in the LCA psychotic group were
placed into the LDA psychotic group. The LCA moderate
patients were placed into the LDA groups, excluding the psy-
chotic group, almost evenly: 29% were placed into the severe
group, 21% in the mild group, 18% in the agitated group,
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Table 5. HONOS problems in the LCA patient groups
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Total Psychotic Severe Moderate Mild .
Scale p-value
(n=18,314) (n =987) (n = 1,596) (n = 6,063) (n =9,668)
Agitation 1,397 (7.6) 242 (24.5) 245 (15.4) 426 (7) 484 (5) <0.0001
Self-injury 2,624 (14.3) 195 (19.8) 619 (38.8) 1,043 (17.2) 767 (7.9) <0.0001
Drug misuse 1,403 (7.7) 95 (9.6) 266 (16.7) 490 (8.1) 552 (5.7) <0.0001
Cognition 1,328 (7.3) 197 (20) 126 (7.9) 413 (6.8) 592 (6.1) <0.0001
Physical illness 3,846 (21.0) 210 (21.3) 333 (20.9) 1,279 (21.1) 2,024 (20.9) <0.0001
Hallucinations 1,178 (6.4) 401 (40.6) 216 (13.5) 251 (4.1) 310 (3.2) <0.0001
Depressed 9,063 (49.5) 599 (60.7) 1,137 (71.2) 3,170 (52.3) 4,157 (43) <0.0001
Relationship 3,685 (20.1) 274 (27.8) 519 (32.5) 1,268 (20.9) 1,624 (16.8) <0.0001
Daily living 3,130 (17.1) 257 (26) 330 (20.7) 1,072 (17.7) 1,471 (15.2) <0.0001
Living conditions 1,714 (9.4) 153 (15.5) 236 (14.8) 598 (9.9) 727 (7.5) <0.0001
Occupational 3,304 (18) 255 (25.8) 446 (27.9) 1,118 (18.4) 1,485 (15.4) <0.0001
HoNOS missing 10,704 (58.4) 233 (23.6) 369 (23.1) 2,530 (41.7) 4,490 (46.4) <0.0001
Values are presented as number (%).
HoNOS: Health of the Nation Outcome Scales, LCA: latent class analysis.
‘Chi-squared test with 4 degrees-of-freedom.
1.0 4 --@- Mild
--®- Severe
_e. Agitated
5 087 e e Psychotic
é I / N Anergic  Figure 4. Symptom likelihoods for the
£ 0.61 ®. e 5 latent Dirichlet allocation
£ o __ N o \ (LDA) patient groups. Symp-
é‘ 0.4 EEERRE Shih \ toms were included here if
& 0.2- \\ "/—0'-\\\‘\\ JUUEEL N they were one of the top 10
- N e i e T3 most common symptoms,
ol . B ./ . . K—T """"" T . and were one of the top two
Tearful Concentration ~ Low  Hopelessness Paranoia Agitation Poor symptoms in an LDA sub-
energy motivation type.

and 24% in the anergic-apathetic group. However, the place-
ment of LCA severe patients into the LDA groups was less
intuitive. LCA severe patients were placed into both the LDA
severe and agitated groups at relatively high proportions (29%
and 33% of the time, respectively).

Because LDA produces a distribution of symptoms, it is
not possible to make a direct comparison between the symp-
tom likelihoods in the LCA and LDA subtypes. Instead, in
Figures 4 and 5, we present LDA symptom likelihoods as
the likelihood that a patient would have that symptom if we
were to generate the average number of symptoms for the
group the patient is in. More information can be found un-
der “Generating symptom likelihoods from LDA models” in
Supplement B.

The LDA subtypes could be differentiated by two or three
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key symptoms—that is, if a symptom was highly likely in
one subtype, it was not likely to be present in other subtypes,
with some exceptions. For example, as shown in Figure 4, the
LDA psychotic and agitated subtypes were both likely to be
described as agitated. This contrasts with the LCA subtypes,
which largely followed the same pattern as the outcome data,
with a clear stratification by the overall likelihoods of symp-
toms.

IV. Discussion

In this study, LDA and LCA were used to identify two sets of
depressive subtypes based upon patients’ symptomatology.
For each method, several models were evaluated. The final
models created subtypes that were coherent with respect
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to various outcomes. However, they differed significantly
in their relationships to the data. The LDA subtypes were
characterized by qualitative descriptions, whereas the LCA
subtypes were clearly stratified by severity; the prevalence of
different outcomes was ordered precisely from mild to se-
vere, with a few exceptions related to the psychotic subtype.

Empirically, stratification by severity has been a com-
mon trend in similar work employing LCA [8,9]. Outside
of severity, classes are most clearly characterized by one or
two key symptoms. For example, Lamers et al. [16] identi-
fied moderate, severe melancholic, and severe atypical sets
by analyzing Diagnostic and Statistical Manual of Mental
Disorders (DSM) criteria data. The latter two groups were
primarily differentiated by weight and appetite changes.
There were other statistically significant differences, but they
did not distinguish patients to the same extent; instead, is-
sues would be similarly probable, such as less sleep (0.515 vs.
0.388) or fatigue (0.964 vs. 1.000). One potential explanation
for this would be the limited set of symptoms considered in
the DSM criteria and depressive measures broadly. However,
these issues persisted in this study among all LCA models
despite the inclusion of a wider range of symptoms.

LDA departed from stratification by severity; the classes
were naturally characterized by 2 or 3 unique symptoms ac-
cording to the model. The differences in outcomes were less
clear than those in the LDA model, but this may have been,
in part, due to the even numbers of patients across groups.
For example, patients in the LCA moderate subtype were
spread across the LDA subtypes, potentially making group
outcomes more difficult to distinguish. However, for every
class, the LDA model was able to prioritize clusters of symp-
toms—that is, the most important symptoms in each sub-
type were significantly overrepresented in the corresponding
patient group. This is a departure from the results of LCA
models. Only a few symptoms, mostly associated with psy-
chosis, were unrelated to severity in the LCA model, whereas
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there was little overlap in the most important symptoms in
the LDA classes. Supplementary Table S3 presents more in-
formation on the LDA classes.

The observation that the LDA models characterized pa-
tients by qualitative characteristics and the LCA models
classified patients by severity is in line with the assumptions
made by each method. For example, the fact that the final
LDA model produced qualitative descriptions is unsurpris-
ing, given that it is a topic model. In latent variable models,
symptoms should be independent within classes. Yet, with
current depression criteria, if a class is extremely likely to
have two or three symptoms, then from a clinical perspec-
tive, it is to be expected that other symptoms are present
[24,25]. Here, the LCA model likely reconciled these condi-
tions by assigning high likelihoods for every symptom [26].
There is a need to develop new methods for deriving data-
driven depressive subtypes; the findings of the present study
suggest that to do so, shifting assumptions could be effective.

There are several limitations to this study. First, the data
source was a secondary mental health services provider,
which may include more varied cases of depression. For ex-
ample, patients (and symptoms) in the most severe subtypes,
such as psychotic patients, may not be present at the primary
care level, where depression is often first treated. In the most
extreme example, a general practitioner might not record
a single symptom related to mental health. Another con-
sideration is whether mental health treatment is a priority
for the patient or the provider. Although mood and anxiety
disorders are commonly comorbid with other chronic con-
ditions, mental health may not be discussed because the pa-
tient would prefer to focus on a separate treatment, such as
a chemotherapy session. Thus, the analysis performed here
would certainly yield different results in other outpatient or
inpatient settings.

Second, the variables used in this study are not directly
comparable to prior works. Psychiatry researchers prefer
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to use validated, structured depression measurement tools
[27], which collect data on specific symptoms and their se-
verity tied to a specific timeframe (commonly 2 weeks). In
comparison, our symptom data was based upon whether
a clinician recorded a symptom; there were no guarantees
about severity, timeframe, or symptom choice. Information
on common symptoms, such as low mood, lack of interest,
anergia, may not even have been available because a clinician
chose not to write about it. Nonetheless, the trade-off allows
for the discovery of new, novel subtypes because additional
data, such as bereavement or mental health history, can al-
ways be incorporated if resources are dedicated to their ex-
traction, whereas measurement tools are commonly limited
to 20 or fewer symptoms.

The factors that contribute to replicability issues constitute
another key limitation. These include the lack of analysis
of a separate data set and the variability of latent variable
studies. For example, the demographics of a population are
important because patients’ ethnicity is known to affect their
diagnosis, introducing bias to any data-driven analysis [28].
Furthermore, for latent variable studies, the number of latent
variables is subject to the analyst’s discretion. While theoreti-
cally motivated guidelines exist, there are always cases where
n and n+1 classes are valid options [15].

This study explored LDA as a method of identifying sub-
types of depression within a large set of symptom data. Our
results suggest that LDA is a promising method, particularly
because it surfaces subtypes associated with multiple out-
comes that can be distinguished by a unique set of observ-
able symptoms. In other words, patients were characterized
by clear descriptive criteria that correspond to actionable
clinical insights. This contrasts with previous studies, which
have typically produced subtypes characterized by severity;
that is, the subtypes tended to center the prevalence of symp-
toms in general as opposed to observable syndromes. To
confirm that our results were not just a function of our data,
we tested a commonly-used method as a point of compari-
son and found that it also produced subtypes stratified by se-
verity. Several broad classes of future work might help refine
depressive subtypes such as exploring broader measures, like
functional assessments, or extensions of LDA, such as appli-
cations to raw text data. By identifying more homogeneous
groups of patients with depression, these findings could sup-
port the creation of clinical decision support tools or down-
stream depression research for biomarker development.
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