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Abstract
Objective—To explore the underlying structure of symptom presentation in older adults with major
depression by identifying homogeneous clusters of individuals based on symptom profiles.

Design—Secondary data analysis using latent class cluster analysis.

Setting—Clinical Research Center for the Study of Depression in Later Life conducted at Duke
University.

Participants—366 patients age 60+ who met DSM-IV criteria for major depression and were
enrolled in a longitudinal naturalistic treatment study.

Measurements—Responses to the ten items of the Montgomery-Asberg Depression Rating Scale
(MADRS) at the time of study enrollment.

Results—We identified four latent clusters of older adults with major depression. Patients in Cluster
1 (47.2%) had mean scores of average severity for reported and apparent sadness and lassitude and
low mean scores for reduced appetite. Patients in Cluster 2 (27.1%) had higher mean scores compared
to Cluster 1 for all items, and particularly for apparent sadness. Patients in Cluster 3 (18.9%) had the
lowest mean scores for both apparent and reported sadness, but a similar profile compared to Cluster
1 for inner tension, reduced sleep, reduced appetite, and concentration difficulties. Cluster 4 (6.8%)
had the highest mean scores for each item. Both apparent and reported sadness accounted for a large
amount of variance among the four clusters. Patients in Cluster 4 were more likely to have 12 or less
years of education and/or one or more functional limitations.
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Conclusion—The heterogeneity in symptom presentation among older adults diagnosed with
major depression can potentially inform the development of DSM-V.
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depression; latent class analysis

The prevalence of major depression among older adults in community samples can be as high
as 5% (1–3), and in primary care settings, home health care populations, and institutional
samples can range from 4–14% (4–7). In longitudinal studies, depression has been shown to
often have a chronic course, and to be associated with adverse outcomes such as disability,
cognitive decline, and mortality (8). The current nomenclature may not adequately reflect
depression as observed in older adults, suggesting the true prevalence of clinically significant
depressive symptoms may be even higher.

Across psychiatry in general, there have been recent discussions about the validity of
psychiatric diagnoses as the field moves toward a revised nomenclature. For example, Krishnan
suggested a dual classification system – one reflecting clinical manifestations and the other
reflecting etiology, a suggestion particularly applicable to geriatric psychiatry where patients
with late onset disorders may differ from those with an earlier onset (9). Others support the
importance of moving beyond categorical diagnoses while noting establishing causality in the
midst of comorbid conditions as often observed among older adults may present additional
challenges to geriatric psychiatry (10). There has also been discussion about the necessity and
advantages of focusing on or adding a dimensional approach to complement the existing
categorical criteria (11,12). Kraemer recently reviewed the history and context of this potential
enhancement to the nomenclature, pointing out within a categorical diagnosis there can be
variation in etiology, clinical characteristics, symptomatology and adverse consequences, and
the necessity of identifying important sources of heterogeneity among those patients with a
categorical diagnosis (12).

Recent work has utilized latent class cluster analysis to examine the structure of various
psychiatric syndromes, including posttraumatic stress disorder (13), hypochondriasis (14),
Alzheimer’s disease (15), chronic fatigue and fibromyalgia (16), borderline personality
disorder (17), psychosis (18), and eating disorders (19,20).

In cluster analysis, individuals are grouped into clusters based on their personal data such that
individuals in one group share similar characteristics and differ from those in other groups.
This technique differs from other classification techniques such as factor analysis, where the
multivariate relationship among variables is of interest. For example, a factor analysis of
depressive symptoms in a scale would show how different symptoms covary due to their
dependence on underlying latent constructs (factors) that suggest a subdimension of depression
(e.g., negative affect). In a cluster analysis, the study participants are placed into groups or
clusters based on their characteristics such as depressive symptoms. Cluster analysis
characterizes individuals into subtypes (i.e., individuals are assigned to groups based on their
symptom profiles). Latent class cluster analysis has potential advantages over more traditional
clustering techniques in that latent class cluster analysis utilizes a model-based approach and
assigns individuals to clusters based on their posterior membership probabilities (21,22). As
in traditional clustering methods, the number of groups is unknown a priori and is specified as
k. The dependent variable for these cluster models, therefore, is a k-category latent variable
where k represents the number of clusters derived from the data. In latent class cluster analysis,
each individual is assigned a probability of class membership for each of the identified clusters
based on both measured and unmeasured characteristics. These types of models therefore have
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much to offer the field of psychiatry in their ability to identify sources of heterogeneity within
samples of individuals.

The structure of depressive symptoms has been studied in community samples across all age
groups using latent class analysis. Eaton et al. fit a three-class model to the Baltimore and Duke
ECA data and found one class resembled DSM-III major depression. A second class was an
intermediate disorder and the last group was a group of ‘normals’ (23). Sullivan et al. using
latent class analysis identified six classes of depressive symptoms among participants in the
National Comorbidity Survey who reported a lifetime history of depressive symptoms. The
classes were severe typical, mild typical, severe atypical, mild atypical, intermediate, and
minimal symptoms (24). Older adults, however, were not included in this sample. Similar work
was done using the Virginia Twin Registry in which seven classes of depression were
identified, again with the classes generally on a gradient (25). Using data from the National
Survey of American Life, Lincoln et al. recently examined profiles of depressive symptoms
among African Americans and Caribbean Blacks, and identified a high symptom and low
symptom class (26). Two decades ago, using data from the Duke Epidemiologic Catchment
Area (ECA) Survey and grade-of-membership analyses, Blazer et al. identified five subtypes
of depression among those 18 or older with depressive symptoms (27). One profile closely
resembled major depression, while other subtypes included a premenstrual syndrome among
younger women, a mixed anxiety/depression group, a mildly dysphoric group, and a group
with cognitive difficulties.

Little is known about the structure of depressive symptoms specific to older adults. With the
number of older adults expected to increase over the coming decades, the public health impact
of depressive symptoms in this population may be substantial, and a greater understanding of
the structure underlying symptom presentation as a potential source of heterogeneity is critical.
The structure of depressive symptoms in older adults may differ from that observed in younger
adults since depression in older adults like other psychiatric syndromes can be more
heterogeneous and affected by variables such as age of onset, number of lifetime episodes, and
particularly, comorbidity, which can contribute to, be associated with, or result from
psychopathology. Work is needed to identify symptom profiles in both community and clinical
populations of older adults.

As noted, studies of depressive symptoms in community samples, like those for other
psychiatric syndromes, typically identify one or two classes that resemble DSM disorders.
Whether or not there is heterogeneity within groups of individuals with a categorical diagnosis
is not known, but relevant to the field of psychiatry. The purpose of this analysis was to identify
latent clusters or discrete groups of individuals within a sample of older adults diagnosed with
major depression based on symptom scores at the time of study enrollment. These clusters or
subtypes are therefore derived from the actual symptoms older adults reported to clinicians,
and can lead to other studies focusing on etiologic and treatment variables associated with these
subtypes as well as outcomes and course of depression over time. We hypothesized that we
would find more than one cluster of patients within this group with a categorical diagnosis,
that is, that symptomatology would be an important source of heterogeneity. A secondary
objective was to examine if demographic, clinical and social variables known to be associated
with late life depression were differentially associated with the clusters identified.

Methods
Sample Design

Participants were 366 inpatients and outpatients 60 years of age or older who met DSM-IV
(28) criteria for major depression and were enrolled in the NIMH Mental Health Clinical
Research Center (MHCRC) for the Study of Depression in Later Life conducted at Duke
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University. The purpose of the MHCRC is to examine neurocognitive outcomes of late life
depression among patients without dementia or suspected dementia at enrollment (29). Patients
were also excluded if they had any comorbid major psychiatric illness such as schizophrenia,
any primary neurologic illness, active alcohol or drug abuse or dependence, or metal in the
body which precluded magnetic resonance imaging of the brain. A total of 24 patients with
symptoms of cognitive impairment who were enrolled and then later determined to be ineligible
for the MHCRC because their decreased cognitive function did not improve with treatment
were excluded from this analysis. Patients were recruited through clinician referrals from both
psychiatry and primary care clinics at Duke. Both new (incident) and recurrent (prevalent)
cases were included. The study is a naturalistic treatment study and patients have been followed
up to 12 years. All patients provided written informed consent to participate and the research
protocol is reviewed and approved annually.

Measures
At study enrollment, patients were administered the Duke Depression Evaluation Schedule
(DDES) (30), a composite diagnostic instrument that included sections of the Diagnostic
Interview Schedule (DIS) (31) modified for DSM-IV, the Montgomery-Asberg Depression
Rating Scale (MADRS) (32), the Mini-Mental State Examination (MMSE) (33), and selected
questions concerning demographics, limitations in basic and instrumental activities of daily
living (ADLs), perceived stress and subjective social support. The primary variables of interest
in this analysis were the responses to each of the ten items on the MADRS at the time of study
enrollment. Each item is clinician scored from 0–6, with lower scores indicating less severity
for that symptom.

A number of variables at their baseline level were examined as correlates of cluster
membership. Demographic variables included sex, age as a continuous variable, race (White
vs. Black/other), marital status (married vs. not married), and years of education (high school
or less vs. more than high school). Clinical variables included MMSE score (<28 vs. 28+), age
of onset of first spell of depression as a continuous variable, and number of lifetime depressive
spells lasting two weeks or more (<4 vs. 4+). Social variables included perceived stress asking
‘On a scale of 1–10 how would you rate your average stress during the preceding 6 months?’
with 10 indicating high stress. We also included a measure of subjective social support (34),
dichotomized as impaired/not impaired. We identified any difficulties or limitations with
activities of daily living (ADLs) or mobility/instrumental ADLs as no limitations vs. one or
more.

Statistical Analysis
The dependent variable for the latent class cluster analyses was a k-category latent variable
where each k category represents an unobservable or latent subgroup or cluster. The predictor
or indicator variables were the ten items of the MADRS. Each cluster represents a
homogeneous group of patients who share similar responses to the model parameters (the
MADRS symptoms). Individuals are assigned to clusters based on their posterior membership
probabilities – and assigned to the cluster for which their probability is the highest (21,35).
The latent class cluster analyses were run using Latent Gold (36) analysis software.

We first explored models comparing a score of 0 (symptom not present) vs. 1 or more (symptom
present) and found a one-cluster model fit the data well based on symptom endorsement. A
one-cluster model suggests a similar profile for all the individuals with random variation around
the mean for each symptom. Because this was a sample of patients with current major
depression, most of the patients endorsed the majority of the ten items at some degree. For
these analyses, we therefore looked at models that would incorporate symptom severity, and
used each item score as an ordinal variable with a range of 0–6.
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We assessed the fit of five consecutive models with 1–5 clusters each and used fit statistics to
identify the model with the best fit to these data. The L2 likelihood-ratio statistic indicates the
amount of the observed relationship between the ten MADRS items that remains unexplained
by the model (36). The significance of the L2 is a measure of the fit of the model, with
significance levels p>.05 desired. Because we were modeling a number of variables each with
a number of values and the data in individual response categories could be sparse, we estimated
the significance by bootstrapping (n=500 iterations). The resulting p-value for each model is
the proportion of the re-estimated models with a higher L2 than in the comparison model
(35,36). We also used the Bayesian Information Criteria (BIC) which takes the number of
parameters into account to compare the models. A smaller BIC indicates a better fit. Because
these were nested models, we also used a conditional bootstrap option (n=500 iterations)
computing the difference in the log-likelihood statistics between the two models (-2LL Diff)
to see if adding another cluster significantly improved the model fit. In our final model, we
examined the bivariate residuals assessing how well the model explained the correlation
between each of the variables.

To identify covariates associated with cluster membership, we ran bivariate descriptive
analyses using SAS (37) analysis software. For categorical variables, we used chi-square
analyses, and for continuous variables we compared means across the clusters using F tests.
Because we conducted multiple tests between covariates and cluster membership, we set our
significance level at α < .01 to decrease the probability of a Type I error. All statistical tests
were two-tailed.

Results
There were a total of 382 eligible patients enrolled in the study. Four patients had missing
baseline (enrollment) MADRS data and 12 patients had missing MMSE data. These patients
were excluded, resulting in an analysis sample of 366 patients. Patients were predominantly
white (85.5%) and female (66.1%), and had a mean age of 69.1 years. Approximately 56% of
the patients were taking an antidepressant at the time of study enrollment, while 33% had no
history of antidepressant use.

The distribution of symptom scores for each of the ten items of the MADRS is shown in Table
1. Over 98% of the patients had apparent sadness, reported sadness, lassitude and inability to
feel at some degree, which would be consistent with a diagnosis of major depression. Suicidal
thoughts (not present in 30%), and reduced appetite (not present in 45%), were the least
prevalent symptoms. Most symptoms, if present, were more likely to be moderate or severe
rather than mild with two exceptions. Pessimistic or suicidal thoughts were more likely to be
scored 1 or 2 compared to 3 or greater.

In Table 2, we present the results of the model selection process. All of our models fit the data
based on the L2. Using the BIC, we determined a four-cluster model adequately fit the data.
The addition of a cluster was significant through four clusters, while adding a fifth cluster was
not significant at p<.01. We then refined our four-cluster model. There were seven bivariate
residuals that were significant at the p<.05 level. As suggested by the developers of the
software, we included each bivariate residual as a direct effect in the model therefore
introducing local dependencies (21,35,36). This was done individually beginning with the
largest residual, and the model was then re-estimated. In our final model, there were five
bivariate residuals included as direct effects for the following pairs: items 3 and 9, items 4 and
7, items 6 and 7, items 7 and 8, and items 9 and 10. Two other residuals were significant at p<.
05, but with the addition of the fourth and fifth bivariate residuals, the model fit was not
improved, so these two other residuals were not included. Because cluster assignment is based
on probability across ten items, the model is open to classification error once more than one
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cluster is included. The proportion of cases estimated by the model to be misclassified was low
(8%), indicating a good separation of clusters.

A total of 47.2% of the patients were assigned to Cluster 1, 27.1% to Cluster 2, 18.9% to Cluster
3, and 6.8% to Cluster 4. Cluster numbers were assigned based on size. Figure 1 shows the
symptom profile for each cluster, with mean scores plotted for each item by cluster. Across all
clusters, we note that some symptoms have higher mean scores than others, indicating more
severity. The four clusters seem to generally differentiate by severity – that is, the profiles are
roughly parallel for inner tension, concentration difficulties, lassitude, inability to feel,
pessimistic thoughts, and suicidal thoughts. But there are several other patterns noted. Reduced
appetite is more severe for patients in Cluster 4 and of similar severity to other classic
depressive symptoms within this cluster. Reduced appetite is noticeably less severe for the
other three clusters, and similar for Clusters 1 and 3. Clusters 1 and 3 also have similar mean
scores for reduced sleep and concentration difficulties. The clusters may differentiate by
apparent and reported sadness, with patients in Cluster 3 having more mild sadness compared
to the other three clusters. For patients in Cluster 1 (almost half of the sample), reported sadness
was more prevalent than apparent sadness, but this pattern was not observed within the other
three clusters.

In analysis not shown, all ten MADRS items were positively associated with Cluster 4 and
negatively associated with Clusters 1 and 3. Each of the ten symptoms significantly
discriminated between the clusters, and the degree of sadness, in particular, accounted for much
of the variance between clusters.

In Table 3, we show the characteristics for the sample as a whole and across the four clusters
to identify covariates associated with cluster membership. Cluster 4 has a higher proportion of
individuals with high school or less years of education compared to the other clusters. The
proportion of patients with ADL and IADL limitations is also considerably higher in Cluster
4. Other demographic, clinical, and social variables do not appear to be associated with cluster
membership. We also looked at history of antidepressant use at the time of study enrollment
by cluster using our STAGED variable (38), and found significant differences (χ2[12]=71.98,
p<.0001). The proportion of patients without a history of antidepressant use was 43.8% in
Cluster 1, 23.3% in Cluster 2, 43.9% in Cluster 3, and 4.2% in Cluster 4. The proportion of
patients taking an antidepressant at the time of enrollment was 40.6% in Cluster 1, 68.5% in
Cluster 2, 48.8% in Cluster 3, and 95.8% in Cluster 4. A total of 36% of the patients in the
analysis sample had missing data on this variable, so these findings must be interpreted with
caution and as a suggestion for future research. We also examined if there were differences
among the clusters with regard to receiving ECT treatment during the course of the study and
found significant differences. Overall, 20.5% of these patients later received ECT– 8.2% in
Cluster 1, 26.1% in Cluster 2, 6.4% in Cluster 3, and 83.3% in Cluster 4 (χ2 [3]=75.99,
p<0.0001). A total of 27% of the patients had missing ECT data, so these results must also be
interpreted with caution.

Discussion
To the best of our knowledge, these findings are the first to explore the latent structure of
depressive symptoms within a clinical sample of older adults diagnosed with major depression.
Our major finding was that a multi-cluster model fit the data better than a one-cluster model,
suggesting heterogeneity among these older patients in our clinical sample based on their
profile of depressive symptoms at the index episode. In other words, these findings provide
evidence to what is clinically known, that there is considerable variability in symptom
presentation among older adults who are diagnosed with a single categorical diagnosis, major
depression. However, we also recognize that a pattern across the four clusters emerged, such
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that sadness was frequent and suicidal thoughts were less frequent, suggesting also some
homogeneity in presentation.

We found a four-cluster model provided a good fit to these data. Almost half of the patients
were assigned to Cluster 1, which exhibited a symptom profile consistent with DSM-IV major
depression – moderate apparent and reported sadness, lassitude and inability to feel.
Approximately a quarter of the patients had the highest probability of being assigned to Cluster
2, which followed a similar profile to Cluster 1 but each symptom tended to be more severe.
The remaining quarter of the patients were divided between a cluster that had a milder profile
of symptoms (Cluster 3), and particularly were less likely to report sadness, and a cluster with
more severe symptoms (Cluster 4). While a small proportion of patients were assigned to
Cluster 4, this cluster seemed to exhibit the most severity and greater likelihood of having all
symptoms and was significantly associated with functional limitations. This association
provides evidence to support what is known in geriatric psychiatry, that functional impairment
and depression are commonly associated in late life (39), especially among the more severely
depressed. Overall, these findings support our hypothesis that within a group of patients
diagnosed with major depression there exist discrete homogeneous clusters of patients who
share similar symptom profiles.

Explanations for the association between fewer years of education and membership in Cluster
4 or reduced likelihood of membership in the other three clusters are not immediately apparent.
It is possible patients with more years of education seek treatment before the symptoms become
as severe as those seen in Cluster 4. Other studies have shown a lower attained educational
level may be one of a number of factors that put older adults at risk for chronic or recurrent
depression (40). Consistent with this hypothesis, we also noted that Cluster 4 had the highest
proportion of patients already taking an antidepressant at the time of the index episode. This
cluster may represent patients with a severe depression with more biologic symptoms which
may be refractory to medication. The higher probability of reduced appetite may be due to the
side effects of antidepressant use, but is more likely consistent with more severe depression.
We did not find cluster membership to be significantly associated with other clinical variables
such as age of onset and number of lifetime spells of depression or social variables such as
perceived stress and social support, suggesting these variables are similarly associated across
all four subtypes of late life depression. It is not likely that the clusters reflect treatment response
since Cluster 4, which had the highest levels of symptom endorsement, also had the highest
proportion of patients taking an antidepressant at the time of study enrollment, and, a higher
proportion of patients in Cluster 2 were taking antidepressants at baseline when compared to
Cluster 3.

It appears from these data that the degree of sadness may play a significant role in differentiating
the clusters. Of particular interest are the mean levels of the two sadness variables for Clusters
1 and 3. Particularly for Cluster 3, sadness (a key component of DSM-IV major depression) is
not the most severe symptom in the symptom profile. While sadness in some degree was present
across all clusters, the data support the concept of 'depression without sadness' (41) seen in
older adults.

These analyses provide support for a multi-cluster model, and we can conclude as suggested
by Kraemer (12), that we have identified a source of heterogeneity within a sample of patients
with a categorical diagnosis of major depression. The symptom profiles suggest the patient
groups may differ in terms of symptom severity providing support for an adjunct dimensional
component as the nomenclature goes forward. But we also found different covariates were
associated with cluster membership, suggesting the patients may potentially differ in ways
other than severity. We noted in Cluster 4, for example, that a higher proportion of patients
later received ECT. Latent class cluster analysis allows us only to conclude there appear to be
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discrete patient groups within a sample of older adults diagnosed with major depression who
may differ because of measured variables (e.g., symptom severity) or unmeasured factors (e.g.,
etiologic factors). At this point, it is not clear how we could label these clusters, and it is
preferable to allow the data to speak for themselves. Whether the clusters differ in ways other
than severity will be the subject of additional work. A simple sum of the items would suggest
the relationship with future behavior is linear. Latent cluster analysis assumes the relationship
is not linear – that each symptom may not have the same effect. Future research will determine
if these clusters differ in their longitudinal course or are differentially associated with adverse
outcomes.

In summary, these profiles provide new information concerning the heterogeneity of late life
depression by identifying naturally occurring symptom profiles within discrete clusters of
patients. Across all age groups, considerable effort has been expended to identify a genetic
component of major depression (42). Analyses such as these, which separate patients into
unobserved or latent clusters, can add much to this discussion by helping identify phenotypes
that have a greater genetic component, while others may be more linked to environmental or
situational variables such as functional impairment. Future work will also explore symptom
profiles within a sample of community dwelling older adults, which can help with an overall
goal of identifying homogeneous groups of older adults based on their endorsement of
depressive symptoms.

There are several limitations to these findings. Our sample of older adults with major depression
was predominantly White, the majority had education past high school, and the sample was
drawn from a clinical population and may not be representative of all older adults diagnosed
with major depression. Our patients were also predominantly healthy and able to come into
the clinic for follow-up visits and may not reflect those patients in poorer health. Because this
was a naturalistic treatment study, our patients approximate those seen in clinical practice
seeking treatment, and may overlap with patients typically seen in primary care. Our clusters
were based on the responses to the ten items of the MADRS. In future work, we plan to look
for consistency across other assessments of depression in this sample. Our structure was based
on the use of each MADRS item as an ordinal variable, and as we indicated earlier, had we
used only symptom endorsement we would have found a one-cluster model fit the data best
because most patients endorsed each of the symptoms at some degree.

Assignment to each cluster is based on probability across symptoms, which may introduce
misclassification error. Specifically, if a patient has a profile that is very similar to the profile
of two or more clusters and has similar probability of being in each cluster, the patient will be
assigned to the cluster with the highest probability when in fact another cluster may have a
similar profile as well. Using the items as ordinal variables also resulted in a complex model
with data spread across various levels for each item and some slightly significant local
dependencies present. We relaxed the local independence assumption for these pairs of
MADRS symptoms by including their bivariate residuals into the model as direct effects which
was not hypothesized a priori but generally provides a better fit than adding another cluster to
the model. While the additional of these bivariate residuals as direct effects improved the fit
of the model, the overall findings did not change.

Overall, these types of analyses are critical in beginning to disentangle the structure of late life
depressive symptoms through the use of latent classes. This work is exploratory, but these
clusters within samples of older adults diagnosed with major depression can later be linked to
biologic and genetic variables and provide important information in understanding etiology
and treatment response. Finally, we plan to explore whether the clusters differentiate not only
the course of depression but adverse outcomes.
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Figure 1.
Profiles of depressive symptoms at enrollment by cluster
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Table 1
MADRS Symptom Endorsement at Study Enrollment (n=366)

MADRS Symptom Mean Standard Deviation Range

Item 1: Apparent sadness 3.25 1.14 0–6

Item 2: Reported sadness 3.43 1.04 0–6

Item 3: Inner tension 2.86 1.18 0–6

Item 4: Reduced sleep 3.02 1.38 0–6

Item 5: Reduced appetite 1.58 1.69 0–6

Item 6: Concentration difficulties 2.79 1.19 0–6

Item 7: Lassitude 3.16 1.13 0–6

Item 8: Inability to feel 3.01 1.11 0–6

Item 9: Pessimistic thoughts 2.34 1.28 0–6

Item 10: Suicidal thoughts 1.38 1.23 0–6

Total MADRS Score 26.82 7.37 14–54
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