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Summary
Background Postpartum depression can take many forms. Different symptom patterns could have divergent impli-
cations for how we screen, diagnose, and treat postpartum depression. We sought to utilise a recently developed
robust estimation algorithm to automatically identify differential patterns in depressive symptoms and subsequently
characterise the individuals who exhibit different patterns.

Methods Depressive symptom data (N = 548) were collected from women with neuropsychiatric illnesses at two U.S.
urban sites participating in a longitudinal observational study of stress across the perinatal period. Data were collected
from Emory University between 1994 and 2012 and from the University of Arkansas for Medical Sciences between
2012 and 2017. We conducted an exploratory factor analysis of Beck Depression Inventory (BDI) items using a robust
expectation-maximization algorithm, rather than a conventional expectation-maximization algorithm. This recently
developed method enabled automatic detection of differential symptom patterns. We described differences in
symptom patterns and conducted unadjusted and adjusted analyses of associations of symptom patterns with
demographics and psychiatric histories.

Findings 53 (9.7%) participants were identified by the algorithm as having a different pattern of reported symptoms
compared to other participants. This group had more severe symptoms across all items—especially items related to
thoughts of self-harm and self-judgement—and differed in how their symptoms related to underlying psychological
constructs. History of social anxiety disorder (OR: 4.0; 95% CI [1.9, 8.1]) and history of childhood trauma (for each
5-point increase, OR: 1.2; 95% CI [1.1, 1.3]) were significantly associated with this differential pattern after
adjustment for other covariates.

Interpretation Social anxiety disorder and childhood trauma are associated with differential patterns of severe post-
partum depressive symptoms, which might warrant tailored strategies for screening, diagnosis, and treatment to
address these comorbid conditions.
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Research in context

Evidence before this study
Previous research has pointed out the heterogeneity of
postpartumdepressive symptoms; yet clinical decisions are guided
largely by whether a sum-score exceeds a threshold. We searched
PubMed and PsycInfo for articles from inception through
November 11, 2021 using the advanced search logic: (depression)
AND ((perinatal) OR (postpartum)) AND ((phenotypes) OR
(heterogeneity) OR (measurement invariance) OR (model fit)). We
identified 30 original articles from PubMed and an additional 6
from PsycInfo that were relevant to our study. Previous studies
have suggested data-driven clinical subtypes of perinatal
depression which were characterised by symptom severity, timing
of onset of depressive symptoms, comorbid anxiety, and thoughts
of self-harm. Gaps in previous research include the lack of
analysis of how factor structures vary across subgroups and in the
limited set of symptoms included in analyses. Subtypes might be
more well-characterised by variables that were not included in
previous analyses, such as somatic symptoms.

Added value of this study
We conducted an exploratory factor analysis of depressive
symptom data from the Beck Depression Inventory, using

an analytic method that can automatically detect
differences in factor model parameters. We found that a
homogeneous two-factor model did not fit the entire
sample well; about 10% of our sample had symptoms that
differed in their factor structure. This subgroup differed in
how their depressive symptoms related to underlying
psychological constructs and had more severe responses
for all items—particularly for items related to thoughts of
self-harm and negative self-judgement. History of
childhood trauma and history of social anxiety disorder
were strongly associated with this differential symptom
pattern.

Implications of all the available evidence
Postpartum depressive symptom patterns vary across the
population. Timing of onset of depressive symptoms,
psychiatric comorbidities, and trauma history all can affect
how an individual experiences and reports postpartum
depressive symptoms. Screening tools and treatment
strategies should be developed to accommodate the
varied needs of perinatal women with depressive
symptoms.
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Introduction
Depression during pregnancy and the postpartum
period merits special attention.1 Perinatal depression
impacts maternal health, impairs maternal-child
bonding and caregiving, and has been associated with
psychological and developmental disorders in
offspring.2,3 Approximately 9–10% of postpartum
women in high income countries and 16–19% of post-
partum women in low- and middle-income countries
experience major depressive disorder according to
diagnostic criteria.4 Screening for depression during the
perinatal period identifies individuals who can benefit
from intervention and has been recommended by the
US Preventive Services Task Force,5 the American Col-
lege of Obstetricians and Gynecologists,6 the National
Institute for Health and Care Excellence in the U.K.,7

and the Centre of Perinatal Excellence in Australia.8

Evidence suggests that perinatal depression is het-
erogeneous9; varying symptom profiles potentially
reflect distinct clinical phenotypes.10–13 Like depression
outside of the perinatal period, different clinical phe-
notypes might be associated with distinct risk factors,
pathophysiology, and treatment response. Using data
from an international perinatal psychiatry consortium—

the Postpartum Depression: Action Towards Causes
and Treatment (PACT) Consortium—two previous
studies applied clustering methods to participant re-
sponses from the Edinburgh Postnatal Depression Scale
(EPDS), a widely used screening instrument for peri-
natal depression.14 One of the studies used latent class
analysis (LCA) to detect three latent classes of increasing
symptom severity10 and the other used k-means clus-
tering of EPDS latent factors (depression, anxiety, and
anhedonia) to detect five latent clusters, which they
described as severe anxious depression, moderate
anxious depression, resolved depression, anxious
anhedonia, and pure anhedonia.11 In a study conducted
with perinatal women in China, an LCA of the Patient
Health Questionnaire-9 (PHQ-9) found five latent clas-
ses distinguished by symptom severity and presence of
somatic symptoms.12 Taken together, previous studies
seem to suggest that symptom severity, comorbid anxi-
ety, timing of symptom onset, and suicidal ideation are
important distinguishing features of perinatal depres-
sion.10,11 In addition, depressive symptom patterns can
be dynamic throughout the perinatal period,12 with the
time around delivery being particularly salient.15 Vital
groundwork has been laid in this area, but further
characterization of symptom patterns, baseline charac-
teristics, and comorbid conditions could help clinicians
personalise treatments.

Different methodological approaches might pick up
on distinct aspects of diversity in symptom patterns.
Depression inventories are not perfectly interchangeable
with one another; each measures slightly different as-
pects of psychopathology.16 The reporting of symptoms
in the EPDS varies across sociocultural contexts17,18 and
the instrument excludes common somatic symptoms of
depression with the justification that the physiological
changes that women experience throughout the peri-
natal period might confound the interpretation of indi-
vidual items. Despite their ambiguity, somatic
www.thelancet.com Vol 57 March, 2023
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symptoms can still be pertinent indicators of post-
partum depression19 and might be expressed more often
by some populations than others.20 To investigate
symptoms outside of the EPDS, we analysed data from
the Beck Depression Inventory (BDI),21 a common
general depressive symptom inventory which has also
been shown to be highly predictive of major depressive
episodes throughout the perinatal period.22

The choice of analytic method could also influence
which subgroups are uncovered. When subgroups, such
as ethnic groups, are pre-specified, results are limited by
this choice. Approaches such as latent class analysis and
factor mixture analysis address this by allowing sub-
groups to empirically arise from the data, although in-
ferences can be limited by various modelling
assumptions. For example, latent class analyses often
assume that items are uncorrelated within each class.
Factor mixture models offer a rich analysis of data23 but
can yield inferences that are sensitive to the chosen
number of factors or classes. As an alternative, we
employed a robust expectation-maximization (REM) al-
gorithm24 in an otherwise typical exploratory factor
analysis, which enabled automatic detection of differ-
ences in factor structure across the sample and yielded
inferences about how symptoms were correlated within
latent groups. This approach can be used as a diagnostic
step in data analysis that finds discrepancies in model fit
across the sample, prompting model re-specification or
prioritization of population subgroups for future data
collection.

The primary goals of our study were to: (1) detect if
significant differential patterning existed in the depres-
sive symptom patterns in our sample and if so, (2)
describe symptom patterns and (3) examine associations
with demographics and psychiatric histories. A sec-
ondary goal was to demonstrate how robust estimation,
such as the REM algorithm, can be employed as a
diagnostic tool for automatically identifying heteroge-
neity in symptom patterns.
Methods
Participants
The sample consisted of perinatal women participating in
a longitudinal observational study of neuropsychiatric
illnesses across the perinatal period through the
Women’s Mental Health Program at Emory University
between 1994 and 2012 (referred to as Emory site) and at
the University of Arkansas for Medical Sciences between
2012 and 2017 (referred to as UAMS site). Women were
referred to tertiary referral centres specializing in peri-
natal psychiatric evaluation and treatment and were
enrolled prior to delivery. The studies were approved by
Institutional Review Boards at Emory and UAMS. All
participants provided informed consent.

In this paper, we conducted secondary analyses
which focused on the first 13 weeks following delivery.
www.thelancet.com Vol 57 March, 2023
The two sites were analysed together to increase socio-
demographic diversity and sample size. Given the dif-
ficulties of measurement of depression during the
perinatal period, we included participants with a lifetime
diagnosis of major depressive disorder based on the
Structured Clinical Interview for the DSM-IV25 (SCID),
which was administered at study entry. Women with a
history of depressive symptoms are at higher risk for
depression during the perinatal period,26 and so we
chose to focus on this subset of perinatal women, rather
than only those with a current clinical diagnosis, to
include a broad range of depressive symptom patterns.
This enhances the representativeness of the sample
beyond women with a clinical diagnosis during the
perinatal period to a broader population of perinatal
women suffering from depressive symptoms
throughout the life course. Participants were excluded if
they had a lifetime diagnosis of bipolar disorder (I, II, or
other), schizophrenia, or schizophreniform; did not
have a viable birth; or were missing one or more BDI
items. In addition, participants with twin births were
excluded because we thought that their experiences
might be sufficiently different to warrant a separate
analysis, and participants with less than 7 years of ed-
ucation were excluded to ensure participants had suffi-
cient reading comprehension.

Depressive symptoms
Depressive symptoms were self-reported using the BDI
original version,21 which is predictive of major depres-
sive episodes throughout the perinatal period.22 The BDI
consists of 21 items that can be self-rated on a 4-point
scale of increasing severity from 0 to 3. Commonly, the
BDI decomposes into three symptom clusters: negative
attitude towards self and negative affect (self-hate, sense
of failure, guilty feeling, self-accusation, sense of
punishment, thoughts of self-harm, pessimism, body
image, sadness, lack of satisfaction, crying spells); per-
formance impairment or anhedonia (fatigue, difficulty
working, social withdrawal, irritability, somatic concern,
libido loss, indecisiveness); and somatic symptoms
(appetite change, weight loss, sleep disturbance).27,28 If a
participant completed the BDI more than one time in
the study period, we used data only from one time point
for each participant, chosen uniformly at random. Given
its widespread use, we also measured depressive
symptoms using the EPDS and compared findings.

Independent variables
The following variables were collected at baseline:
maternal age at delivery, years of education, self-
classified race and ethnicity, and marital status. Life-
time diagnoses of major depressive disorder, panic
disorder, social anxiety disorder, generalised anxiety
disorder, obsessive–compulsive disorder, and post-
traumatic stress disorder were measured at baseline
using the SCID.25 Experiences of childhood trauma were
3
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measured using the Childhood Trauma Questionnaire-
Short Form (CTQ-SF), which can be decomposed into
five subscales: physical abuse, sexual abuse, emotional
abuse, physical neglect, and emotional neglect.29

Statistical analysis
We conducted exploratory factor analyses of the BDI
items in two ways using custom source code in MATLAB
2021a.30 We obtained estimates of item intercepts, factor
loadings, and residual variances using the expectation-
maximization (EM) algorithm31—a standard approach
to maximum likelihood estimation in factor analysis
models—and the robust expectation-maximization (REM)
algorithm.24 Technical details of these two estimation al-
gorithms can be found in the Supplementary Appendix.
We selected the hyperparameter for REM estimation us-
ing the recommended heuristic with δ = 0.05. For model
identification, we fixed factor means and covariances to
zero and factor variances to one for both EM and REM. To
select the number of factors, we considered prior subject
matter knowledge, eigenvalues of the sample correlation
matrix, magnitude of factor loadings (≥0.40), and two
modified Akaike Information Criterion (AIC) and
Bayesian Information Criterion (BIC) evaluated at REM
estimated values.24 A simulation study suggests that for
factor analyses with moderate loadings (0.50), 2 or 3 fac-
tors, and 8 or more indicators, a sample size of 150–200
yields minimal bias and at least 80% statistical power
(alpha = 0.05) for all model parameters.32 Parameter esti-
mates were rescaled to standard deviation units of the
items to enable comparisons between EM and REM es-
timates on the same scale; varimax rotations were applied
to factor loadings.

The REM algorithm has been demonstrated in
simulated factor analyses to be less sensitive to viola-
tions in modelling assumptions and can be used to
automatically identify disparity in how well a model fits
across a sample, without requiring researchers to fit
mixture models.24 The REM algorithm down-weights
the contribution of data points that poorly fit the speci-
fied model with informative, probabilistic weights that
can be examined a posteriori. To examine differences in
symptom patterns, we compared item intercepts and
factor loadings based on the EM algorithm to those
based on the REM algorithm. We defined groups based
on estimated REM weights and compared frequencies
of severe responses (2 or 3) for each item across groups.
Using R,33 we performed unadjusted and adjusted ana-
lyses of the associations of demographics and psychiat-
ric histories with down-weighting in the REM
algorithm. We performed several additional analyses to
assess consistency and generalizability of our results.
We repeated analyses stratifying by site to investigate
whether our results were specific to a site or generaliz-
able across sites. We repeated analyses using data from
EPDS rather than BDI, because of its prominent usage
in clinical practice. Lastly, we fit exploratory factor
mixture models on BDI data using Mplus Version 8.434

to assess whether alternative modelling strategies would
reveal the same latent subgrouping.

Role of the funding source
There was no funding source for this study. All authors
had access to the dataset and agreed to submit for
publication.
Results
There were 681 women with a history of major
depressive disorder in the sample. Based on exclusion
criteria, 133 women were excluded from analysis, leav-
ing 548 women in the analytic sample (426 from Emory
and 122 from UAMS). Of the 681 women, 16 were
excluded for having twin births, 38 did not have a viable
birth, three had less than 7 years of education, one had
less than 7 years of education and did not have a viable
birth, three had excluding diagnoses, and 72 were
missing data on one or more BDI items. Of the partic-
ipants missing data on one or more BDI items, 68 out of
72 were missing data on all BDI items.

Baseline characteristics of participants at each site
are summarised in Table 1. Compared to participants
from the Emory site, participants from the UAMS site
were younger on average, were less likely to be married,
had fewer years of education, and had higher CTQ-SF
scores. Most participants from both sites identified as
white and non-Hispanic. The UAMS site had a greater
proportion of participants with histories of social anxiety
disorder (SAD) and posttraumatic stress disorder, while
the Emory site had a greater proportion of participants
with histories of panic disorder, generalised anxiety
disorder, and obsessive–compulsive disorder.

The sample correlation matrix of the BDI items had
three eigenvalues greater than one, suggesting a three-
factor model. We fit factor models with one to six latent
factors. AIC-based criteria suggested a four-factor model,
while BIC-based criteria suggested a two-factor model. In
the three-factor model, only one item (loss of appetite)
had a substantial loading (≥0.40) on the third factor, so
we ultimately decided on a two-factor model.

Out of the 548 participants, 53 (9.7%) were down-
weighted by the REM algorithm. Estimated weights
were effectively either zero or one, up to four decimal
places. We dichotomised the sample into two groups,
one with REM estimated weight approximately equal to
zero and the other with REM estimated weight approx-
imately equal to one.

Analysis of depressive symptom patterns
The down-weighted group tended to have higher BDI
total scores than the group that was not down-weighted
(boxplots in Fig. A1). For all items except for item 19
(weight loss), responses from the down-weighted group
indicated greater symptom severity on average than
www.thelancet.com Vol 57 March, 2023
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Site Emory (n = 426) UAMS (n = 122)

Variable M SD Missing M SD Missing

Maternal age at delivery 33.6 4.7 0 28.2 5.7 0

Education, years 16.3 2.1 0 13.5 2.4 0

Weeks postpartum 6.1 3.5 0 5.8 3.8 0

CTQ Emotional Abuse 10.0 4.8 24 12.4 6.1 4

CTQ Emotional Neglect 10.6 4.6 21 12.6 5.5 3

CTQ Physical Abuse 6.9 3.2 24 9.3 5.0 3

CTQ Physical Neglect 6.6 2.6 21 8.6 3.8 4

CTQ Sexual Abuse 6.8 4.2 24 10.4 7.2 5

CTQ Total 40.7 14.6 28 53.1 21.3 7

Variable Count % Missing Count % Missing

Race 1 3

Asian 13 3.1 1 0.8

Black 29 6.8 21 17.2

Multiple 1 0.2 9 7.4

Native American 6 1.4 0 0.0

White 376 88.3 88 72.1

Ethnicity 0 0

Hispanic 9 2.1 7 5.7

Non-Hispanic 417 97.9 115 94.3

Marital Status 0 0

Divorced 9 2.1 9 7.4

Married 366 85.9 55 45.1

Never Married, Lives Alone 26 6.1 37 30.3

Never Married, Lives w/Partner 17 4.0 20 16.4

Separated 8 1.9 1 0.8

Widowed 0 0.0 0 0.0

Lifetime psychiatric diagnosesa

Panic disorder 102 23.9 0 20 16.4 0

Social anxiety disorder 69 16.2 0 34 27.9 0

Generalised anxiety disorder 102 23.9 0 23 18.9 0

Obsessive compulsive disorder 61 14.3 0 6 4.9 0

Posttraumatic stress disorder 74 17.4 0 56 45.9 0

aPercentages will not add up to 100% because some women had multiple lifetime psychiatric diagnoses.

Table 1: Demographics and psychiatric histories by site.

Articles
responses from the rest of the sample at a significance
level of 0.01 based on Mann–Whitney U tests (Fig. A2).
Comparing the down-weighted group to other partici-
pants, the greatest discrepancy in relative proportions
reporting the most severe response categories (values of
2 and 3) occurred for thoughts of self-harm (15.1% vs.
0.0%), self-hate (18.9% vs 1.0%), lack of satisfaction
(22.6% vs 1.8%), sense of failure (37.7% vs 3.8%), and
somatic preoccupation (26.4% vs 2.8%) items, shown in
Table 2. For item 9 (thoughts of self-harm), there was
complete separation between the two groups; partici-
pants in the down-weighted group were exactly the
participants who had reported thoughts of self-harm.
We performed several sensitivity analyses to validate
that our results were not entirely due to the responses
on the “thoughts of self-harm” item (details in Supple-
mentary Appendix).
www.thelancet.com Vol 57 March, 2023
For both EM and REM estimation, item intercepts
were generally the same for all items, except thoughts of
self-harm (Table 3). The first factor seemed to corre-
spond to cognitive-affective symptoms (e.g., pessimism,
sense of failure, self-hate) and the second factor re-
flected inhibition or somatic symptoms (e.g. work in-
hibition, fatigue, sleep disturbance). Several items
loaded on different factors during the REM estimation
compared to the EM estimation, indicating variation in
correlations of symptoms with underlying factors
(Table 3). Based on a loading cut-off of 0.40, thoughts of
self-harm and body image items loaded on the first
factor with EM estimation and did not load on either
factor with REM; sadness and social withdrawal items
cross-loaded on both factors with EM but only loaded on
the second factor with REM; irritability and loss of libido
items loaded on the second factor with EM estimation
5
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Itema Weight ≈ 0b Weight ≈ 1b Ratiod

Count (%)c Count (%)c

Self-harm 8 (15.1) 0 (0) –

Self-hate 10 (18.9) 5 (1) 18.7

Lack of satisfaction 12 (22.6) 9 (1.8) 12.5

Sense of failure 20 (37.7) 19 (3.8) 9.8

Somatic preoccupation 14 (26.4) 14 (2.8) 9.3

Sense of punishment 12 (22.6) 13 (2.6) 8.6

Sadness 21 (39.6) 23 (4.6) 8.5

Pessimism 16 (30.2) 19 (3.8) 7.9

Self-accusations 15 (28.3) 20 (4) 7.0

Social withdrawal 16 (30.2) 23 (4.6) 6.5

Crying 14 (26.4) 22 (4.4) 5.9

Indecisiveness 16 (30.2) 27 (5.5) 5.5

Loss of appetite 19 (35.8) 33 (6.7) 5.4

Irritability 20 (37.7) 41 (8.3) 4.6

Guilty feeling 21 (39.6) 45 (9.1) 4.4

Fatigue 25 (47.2) 58 (11.7) 4.0

Work inhibition 20 (37.7) 47 (9.5) 4.0

Body image 27 (50.9) 81 (16.4) 3.1

Sleep disturbance 18 (34) 78 (15.8) 2.2

Loss of libido 29 (54.7) 127 (25.7) 2.1

Weight loss 13 (24.5) 127 (25.7) 1.0

aTable is sorted descending by ratio column to highlight items with greatest
discrepancies. b“Weight” refers to the individual estimated weights from the
REM algorithm. Estimated weights were effectively either 0 or 1. These indicate
how well the fitted factor model describes each individual’s symptom data;
lower weight indicates poorer model fit. cColumn data includes responses of 2
or 3. dFor each item, the ratio column shows the proportion of individuals with
weight 0 who had severe symptoms (scored 2 or 3) divided by the proportion
of individuals with weight 1 who had severe symptoms. For example,
individuals with weight 0 were 18.7 times as likely to indicate severe responses
for “self-hate” compared to individuals with weight 1.

Table 2: Comparison of frequency of severe responses between REM
groups.
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and did not load on either factor with REM; and loss of
appetite and somatic preoccupation items loaded on the
first factor with EM and on the second with REM.

Associations with demographics and psychiatric
histories
Unadjusted, bivariate analyses of demographics and
psychiatric histories between the two groups are shown
in Table 4. On average, participants in the down-
weighted group were younger; had fewer years of edu-
cation; and had higher CTQ-SF scores on each of the
five subscales. Compared to the majority, participants in
the down-weighted group were more likely to be from
the UAMS site; more likely to identify as Black; and
more likely to be never married, living alone. Lastly,
participants in the down-weighted group were more
likely to have histories of SAD.

We fit an adjusted logistic regression model of group
membership (Table 5). After adjustment for all other
variables, we found strong evidence that greater CTQ-SF
score (for each 5 point increase, OR: 1.2; 95% CI [1.1,
1.3]; p = 0.002) and a history of SAD (OR: 4.0; 95% CI
[1.9, 8.1]; p = 0.0002) were associated with being in the
down-weighted group. There was some evidence that
each additional year of age at delivery was associated
with not being down-weighted (OR: 0.9; 95% CI [0.9,
1.0]; p = 0.033).

Site-stratified analysis
Our results were consistent across both the Emory and
UAMS sites, suggesting that the identified subgroup is
not specific to only one of the sites in our study. After
fitting exploratory two-factor models using the REM al-
gorithm separately by site, we found that the same in-
dividuals were down-weighted as those in the combined
data sample. Unadjusted and adjusted analyses of as-
sociations between group membership and de-
mographic and psychiatric histories can be found in the
Supplementary Appendix. At the Emory site, women
identifying as Black were more likely to be down-
weighted (OR: 3.8; 95% CI [1.3, 9.8]) to a similar de-
gree as in the overall analysis; however, this association
was weaker at the UAMS site (OR: 1.5; 95% CI [0.4,
4.6]). There was a larger increase in mean CTQ-SF
scores for the down-weighted group relative to the rest
of the sample at UAMS (16.1; 95% CI [4.7, 27.5])
compared with the down-weighted group relative to the
rest of the sample at Emory (6.2; 95% CI [−1.5, 14.0]). In
adjusted analyses, the associations with age, childhood
trauma, and SAD were all stronger at the UAMS site
compared to the Emory site.

Comparison with EPDS results
Analysis of EPDS data yielded very similar results in
terms of which individuals were down-weighted (details
in Supplementary Appendix). Unlike the BDI analysis,
there were not clear differences in the factor model
parameter estimates in the EPDS analysis except for the
“thoughts of self-harm” item.

Comparison with factor mixture analysis
We conducted an exploratory factor mixture analysis
using Mplus version 8.4 (details in Supplementary Ap-
pendix). Unlike in EM and REM estimation, we treated
indicators as categorical variables rather than contin-
uous. We found that a three-factor model had the lowest
BIC out of all fitted models and Lo-Mendell–Rubin tests
indicated that factor mixture models with more than one
latent class did not explain the data significantly better
than factor mixture models with a single latent class.
This would suggest that factor mixture analyses were
unnecessary. Among the fitted factor mixture models
with multiple latent classes, a model with two latent
classes, each with their own one-factor model, had the
lowest BIC and strong classification quality (en-
tropy = 0.92). Latent class 1 was the most likely class for
463 (84%) participants, while latent class 2 was most
likely for 85 (16%) participants. There was a strong
www.thelancet.com Vol 57 March, 2023
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Item Description EM Estimatesa REM Estimatesa

Intercept Cognitive/Affective Somatic/Inhibition Residual variance Intercept Cognitive/Affective Somatic/Inhibition Residual variance

1 Sadness 0.68 0.66 0.40 0.40 0.65 0.61 0.36 0.50

2 Pessimism 0.58 0.72 0.34 0.36 0.53 0.69 0.28 0.44

3 Sense of failure 0.57 0.79 0.24 0.32 0.51 0.75 0.20 0.40

4 Lack of satisfaction 0.61 0.58 0.50 0.41 0.55 0.55 0.50 0.46

5 Guilty feeling 0.61 0.70 0.29 0.43 0.56 0.71 0.22 0.45

6 Sense of punishment 0.42 0.62 0.17 0.58 0.36 0.49 0.20 0.72

7 Self-hate 0.72 0.77 0.22 0.36 0.68 0.76 0.11 0.41

8 Self-accusations 0.83 0.71 0.33 0.39 0.78 0.76 0.23 0.37

9 Thoughts of self-harm 0.30 0.55 0.17 0.67 0.00 0.00 0.00 1.00

10 Crying 0.69 0.44 0.37 0.67 0.63 0.40 0.34 0.72

11 Irritability 0.95 0.39 0.40 0.69 0.91 0.35 0.35 0.75

12 Social withdrawal 0.68 0.46 0.60 0.42 0.63 0.39 0.59 0.50

13 Indecisiveness 0.70 0.53 0.45 0.52 0.65 0.50 0.41 0.59

14 Body image 0.91 0.44 0.29 0.72 0.86 0.38 0.24 0.79

15 Work inhibition 0.85 0.43 0.58 0.48 0.80 0.42 0.53 0.54

16 Sleep disturbance 0.99 0.16 0.53 0.70 0.97 0.18 0.48 0.74

17 Fatigue 1.13 0.23 0.69 0.47 1.10 0.26 0.62 0.54

18 Loss of appetite 0.53 0.40 0.37 0.70 0.48 0.23 0.45 0.75

19 Weight loss 0.70 0.02 0.12 0.99 0.69 −0.02 0.15 0.98

20 Somatic preoccupation 0.57 0.45 0.37 0.66 0.53 0.24 0.44 0.75

21 Loss of libido 0.88 0.28 0.41 0.75 0.84 0.25 0.39 0.78

aThese estimates were obtained after scaling the data to have mean 0 and variance 1. The intercept column indicates the mean response, cognitive/affective and somatic/inhibition columns indicate the
factoring loadings for the respective latent factor, and the residual variance column indicates the unique variances of item responses. Factor loadings have been rotated using the varimax procedure. Factor
loadings greater than or equal to 0.40 are bolded.

Table 3: Estimated factor model parameters.
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association between membership in the latent classes
and membership in the REM-defined subgroups
(OR = 5.9, p = 8.6 × 10−9). Probabilities of endorsing
more severe response categories (2 and 3) were greater
for latent class 2 for all items; the greatest discrepancies
between latent class 1 and 2 occurred for thoughts of
self-harm (0.0% vs 9.4%), lack of satisfaction (0.2% vs
23.5%), social withdrawal (0.9% vs 41.2%), pessimism
(1.5% vs 32.9%), and self-accusations (1.5% vs 32.9%)
items, shown in Table A5. In an adjusted logistic
regression analysis (Table A6), a history of generalised
anxiety disorder (OR: 2.1; 95% CI [1.1, 3.8]; p = 0.02)
and a history of posttraumatic stress disorder (OR: 2.4;
95% CI [1.3, 4.4]; p = 0.003) was significantly associated
with membership in latent class 2.
Discussion
We analysed depressive symptoms collected from post-
partum women at two sites by conducting an exploratory
factor analysis of BDI responses using a novel robust
estimation approach. We sought to detect significant dif-
ferential patterning of depressive symptoms and
if present, describe how symptom patterns differed
and examine associations with demographics and psychi-
atric histories. We found that a two-factor model did not fit
all individuals in the sample equally well; individuals who
www.thelancet.com Vol 57 March, 2023
were down-weighted (i.e., did not fit the model well)
exhibited differential symptom patterns. The down-
weighted group shared a similar symptom profile to a
putative subtype of perinatal depression previously re-
ported—more severe depressive symptoms and increased
thoughts of self-harm.10 In our study, we found that this
subset was associated with histories of SAD and childhood
trauma. In addition, the use of the BDI made apparent the
increased prevalence of negative self-judgement among
this subset. These findings suggest a need for screening
and treatment strategies that accommodate different pat-
terns of postpartum depressive symptoms.

The value of valid screening instruments is crucial in
the identification of illnesses. However, striking the bal-
ance between sensitivity and specificity as well as having
an instrument that is not overly burdensomemay preclude
recognition of subtypes germane to optimizing treatment
plans. A total score of 10 for one individual might have
different implications than the same total score for a
different individual based on the pattern of symptoms
endorsed. For example, we surmise that the heightened
self-judgement cognitions reported by the subgroup
identified in our sample could benefit from an applicable
psychotherapy, such as dialectical behaviour therapy. By
contrast, individuals who are not in the identified sub-
group but otherwise score highly on a screening instru-
ment may benefit from a different psychotherapy, such as
7
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Group Weight ≈ 0a Weight ≈ 1a Mean difference [95% CI]b

Variable M SD M SD

Maternal age at delivery 29.4 5.7 32.7 5.3 −3.3 [-4.9, −1.6]***

Education, years 14.2 2.7 15.8 2.3 −1.6 [-2.3, −0.8]***

Weeks postpartum 6.7 4.2 6.0 3.5 0.8 [-0.4, 2.0]

CTQ Emotional Abuse 14.1 6.2 10.1 5.0 4.0 [2.2, 5.8]***

CTQ Emotional Neglect 13.4 5.4 10.8 4.7 2.6 [1.1, 4.2]**

CTQ Physical Abuse 9.8 5.5 7.2 3.6 2.7 [1.1, 4.3]**

CTQ Physical Neglect 8.6 3.9 6.9 2.9 1.6 [0.5, 2.8]**

CTQ Sexual Abuse 10.1 7.2 7.3 4.9 2.7 [0.6, 4.8]*

CTQ Total 54.9 23.0 42.3 16.0 12.7 [5.8, 19.6]***

Variable Count % Count % OR [95% CI]c

Site

Emory 31 58.5 395 79.8 ref

UAMS 22 41.5 100 20.2 2.8 [1.5, 5.0]***

Race

Asian 1 1.9 13 2.6 0.8 [0, 4.4]

Black 11 20.8 39 7.9 3.1 [1.4, 6.3]**

Multiple 1 1.9 9 1.8 1.2 [0.1, 6.7]

Native American 0 0.0 6 1.2 –

White 39 73.6 425 85.9 ref

Ethnicity

Hispanic 2 3.8 14 2.8 1.3 [0.2, 5.0]

Non-Hispanic 51 96.2 481 97.2 ref

Marital Status

Divorced 1 1.9 17 3.4 0.7 [0, 3.5]

Married 33 62.3 388 78.4 ref

Never Married, Lives Alone 14 26.4 49 9.9 3.4 [1.6, 6.6]***

Never Married, Lives w/Partner 5 9.4 32 6.5 1.8 [0.6, 4.7]

Separated 0 0.0 9 1.8 –

Widowed 0 0.0 0 0.0 –

Lifetime psychiatric diagnosesd

Panic disorder 10 18.9 112 22.6 0.8 [0.4, 1.6]

Social anxiety disorder 24 45.3 79 16.0 4.4 [2.4, 7.9]***

Generalised anxiety disorder 17 32.1 108 21.8 1.7 [0.9, 3.1]

Obsessive compulsive disorder 5 9.4 62 12.5 0.7 [0.2, 1.7]

Posttraumatic stress disorder 18 34.0 112 22.6 1.8 [0.9, 3.2]

*p < 0.05; **p < 0.01; ***p < 0.001. a“Weight” refers to the individual estimated weights from the REM algorithm. Estimated weights were effectively either 0 or 1. These indicate how well the fitted factor
model describes each individual’s symptom data; lower weight indicates poorer model fit. bWelch’s t-test. cWald χ2 test. dPercentages will not add up to 100% because some participants had multiple
lifetime psychiatric diagnoses.

Table 4: Demographics and psychiatric histories by estimated REM weight.
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behavioural activation. Using our method, a scoring algo-
rithm could be used to make predictions about an in-
dividual’s subgroup membership. As a proof-of-concept,
we created a web application using the R Shiny package
that would make these predictions based on BDI item
responses (publicly available at https://knieser.shinyapps.
io/app_subgrouppredict/). Before such a tool could be
recommended clinically, the method used in this paper
should be applied to a large representative sample of
perinatal women to obtain representative parameter
estimates.
We found that item responses from the down-
weighted group were more severe on average across the
board, particularly for items such as thoughts of self-
harm, self-hate, lack of satisfaction, sense of failure,
and somatic preoccupation. Social withdrawal, body im-
age, loss of appetite, and somatic preoccupation items
loaded with negative attitude or affect items in the EM
estimation but not in the REM estimation. This suggests
that these symptoms, or at least the questions, relate
differently to underlying psychological constructs for the
down-weighted group.
www.thelancet.com Vol 57 March, 2023
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Variable ORa 95% CIa pa

Maternal age at delivery 0.9 [0.9, 1.0] 0.033*

Education, years 0.9 [0.8, 1.1] 0.204

Weeks postpartum 1.1 [1.0, 1.2] 0.105

CTQ Total (5-point increase) 1.2 [1.1, 1.3] 0.002**

Site

Emory ref ref ref

UAMS 0.8 [0.3, 1.9] 0.587

Race

Asian b b b

Black 0.7 [0.2, 1.9] 0.486

Multiple b b b

Native American b b b

White ref ref ref

Ethnicity

Hispanic 1.5 [0.1, 10.9] 0.748

Non-Hispanic ref ref ref

Marital Status

Divorced b b b

Married ref ref ref

Never Married, Lives Alone 1.8 [0.6, 5.1] 0.251

Never Married, Lives w/Partner 1.1 [0.3, 3.5] 0.909

Separated b b b

Widowed b b b

Lifetime psychiatric diagnoses

Panic disorder 0.7 [0.3, 1.7] 0.450

Social anxiety disorder 4.0 [1.9, 8.1] 0.0002***

Generalised anxiety disorder 1.7 [0.8, 3.6] 0.169

Obsessive compulsive disorder 0.8 [0.2, 2.3] 0.680

Posttraumatic stress disorder 0.7 [0.3, 1.6] 0.403

*p < 0.05; **p < 0.01; ***p < 0.001. aResults adjusted for all other variables.
bInsufficient data for adjusted estimates.

Table 5: Adjusted odds ratio estimates of down-weighting with REM.
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In our sample of two sites, we found that participants
indicating thoughts of self-harm were more likely to be
younger in age, identify as Black, have fewer years of
education, and to be unmarried and living alone. This
finding has important implications for racial and so-
cioeconomic disparities in screening and treatment of
postpartum depression. For example, if Black women
are more likely to have severe symptoms of negative
self-judgement and thoughts of self-harm, this might go
unrecognised if only the sum-score from screening in-
struments are considered. Given that our sample was
mostly non-Hispanic white women, it will be crucial for
future studies in this area to better engage other racial
and ethnic groups. After adjustment for several de-
mographic factors and psychiatric histories, associations
of subgroup membership with site, self-identified race,
education, and marital status were no longer present,
suggesting that these associations could be explained by
one or more of the adjustment variables. In the adjusted
analysis, we found that childhood trauma and a history
www.thelancet.com Vol 57 March, 2023
of SAD were strongly associated with down-weighting in
REM estimation and by extension, strongly associated
with thoughts of self-harm and more severe depressive
symptoms. Childhood trauma, particularly emotional
abuse and neglect as we found in Table 4, is associated
with SAD,35,36 and one study suggests that shame and
self-criticism play a role in the impact of emotional
abuse on the development of SAD.37 This connection
could explain the increased self-judgement symptoms
seen in the down-weighted group (Table 2). SAD is a
risk factor for depression38; however, to our knowledge,
few studies have investigated its impact on postpartum
depression.39 SAD might inhibit seeking out social
support, engender perceived burdensomeness,40 and
increase distress in relationships.41 With that said, our
analyses were exploratory and can not necessarily be
interpreted causally given the complex relationships
between psychiatric comorbidities and possible un-
measured confounding; rather, these findings indicate
that childhood trauma and a history of SAD are pre-
dictive of being in the down-weighted subgroup after
holding other factors constant (more detail in supple-
mentary material).

Our study focused on responses from the BDI,
instead of the EPDS which is more commonly used in
prior studies of postpartum depression heterogeneity.
The BDI allowed us to identify distinguishing symp-
toms, such as lack of satisfaction, self-hate, and sense
of failure, not directly addressed in the EPDS. When
we repeated our analysis with the EPDS, the only
distinguishing symptom was thoughts of self-harm.
This suggests that the BDI would be a more apt
screening instrument for predicting whether an in-
dividual is a member of the subgroup we have iden-
tified, given that it includes more items that are
predictive of the subgroup membership. If the sub-
group we identified does require a distinct treatment
plan, using a screening instrument, such as the BDI
rather than the EPDS, could enhance treatment
planning.

Our application of the REM algorithm offered a
novel way to detect differences in how well models
describe postpartum depressive symptom patterns
across population subgroups. This tool, based on ideas
from robust statistics, served as a diagnostic that
brought attention to variation in symptom patterns not
accounted for in the assumed model. In response, we fit
exploratory factor mixture models, but model selection
criteria did not indicate the need for modelling multiple
latent groups. When fitting exploratory factor mixture
models, the estimation algorithm did not terminate
properly when we treated symptoms as continuous
variables, so we treated them as categorical instead,
which could be a reason for the disagreement between
methods.

There were several limitations with our study. First,
our sample is likely not representative of the general
9

www.thelancet.com/digital-health


Articles

10
population of postpartum women; participants in our
sample had a history of major depressive disorder, were
actively seeking psychiatric care, and predominately
identified as white and non-Hispanic. We focused on
women with a history of major depressive disorder
rather than a current clinical diagnosis so that we could
analyse a broad range of symptom patterns; however,
this might limit the generalizability of these results to
women without a history of major depressive disorder.
While we were able to replicate our findings indepen-
dently at each of the two sites, applying our method in a
representative sample of postpartum women would
allow for further validation of our findings and facilitate
the development of scoring algorithms to detect this
subgroup. Second, our sample was not assessed for Axis
II diagnoses, such as borderline personality disorder.
The subgroup down-weighted by the REM might have
higher rates of comorbidity with Axis II disorders,
considering they are characterised by self-judgement,
self-harm, SAD, and childhood trauma. Third, this
subgroup is not necessarily one homogeneous sub-
group; a larger sample would be required to reapply the
REM algorithm within the down-weighted group.
Fourth, we cannot disentangle whether the differences
in symptom expression are due to differential mea-
surement bias across groups or due to different under-
lying psychopathology. Fifth, this analysis is exploratory
and ideally generated hypotheses should be tested in a
separate sample.

In conclusion, an individual’s psychiatric history and
personal experiences of trauma provide an important
context for interpreting symptoms. These findings have
important implications for tailoring screening and
treatment strategies for postpartum depression to
address these needs.
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