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Abstract—This preliminary study applied a computer-assisted
quantitative linguistic analysis to examine the effectiveness of
language-based classification models to discriminate between
mothers (n = 140) with and without history of treatment for
depression (51% and 49%, respectively). Mothers were recorded
during a problem-solving interaction with their adolescent child.
Transcripts were manually annotated and analyzed using a
dictionary-based, natural-language program approach (Linguis-
tic Inquiry and Word Count). To assess the importance of
linguistic features to correctly classify history of depression, we
used Support Vector Machines (SVM) with interpretable features.
Using linguistic features identified in the empirical literature,
an initial SVM achieved nearly 63% accuracy. A second SVM
using only the top 5 highest ranked SHAP features improved
accuracy to 67.15%. The findings extend the existing literature
base on understanding language behavior of depressed mood
states, with a focus on the linguistic style of mothers with and
without a history of treatment for depression and its potential
impact on child development and trans-generational transmission
of depression.

Index Terms—depression, language, dyads, mothers, LIWC,
SVM

I. INTRODUCTION

Depression is one of the most common mental health
problems with a lifespan risk of over 20% [1]. In the US,
nearly 8% of the general adult population has experienced at
least one major depressive episode, with a near 2-fold greater
prevalence among adult women compared to men, and the
highest prevalence among women at a child-bearing age (18-
25 years) [2]

These data mean that an estimated 1 in 10 children are being
cared for by a mother with depression [3]. The clinical features
of major depression have the potential to adversely affect

Research reported in this publication was supported in part by the US
National Institutes of Health under Award Number MH096951. The content
is solely the responsibility of the authors and does not necessarily represent
the official views of the National Institutes of Health.

family interactional processes and relationships, and generate
risk for depression in offspring [4]. Children with a depressed
parent are three to four times more likely to develop depression
than children of non-depressed parents [5]. Although genetic
mechanisms represent one risk factor [6], [7], the exposure
of children to negative parenting behaviors are an important
adverse environmental factor underpinning intergenerational
transmissions [8], [9]. Relative to that of mothers without
depression, parenting style of mothers with depression is
characterized by high levels of hostility, irritability, negative
affect, intrusiveness, criticism, unpredictable behavior, with-
drawal and unresponsiveness, and lower levels of maternal
sensitivity, availability, and verbal and visual interaction [10]–
[12]—all which have the potential to adversely impact child
outcomes in cognitive, emotional, health, and social domains
[3]. This effect is even more pronounced in mothers who
experience adversity (e.g. poverty, separation or divorce, un-
employment) and those from ethnic minority backgrounds [3].
As a consequence, children of parents affected by depression
are at an increased risk of developing poorer physical health
and well-being, difficult temperament, insecure attachment
patterns, affective functioning difficulties and poorer internal
functioning [5].

Observational research with a focus on parent-child face-
to-face interaction has also found that parental expressions
in interactions represent a pathway for the development of
psychopathology and behavioral problems in adolescents, such
as higher rates of depression, and higher rates of and more
severe levels of internalizing and externalizing symptoms [13].
Despite the strengths of observational measures to explore
risk trajectories for depression in young people, there is a
dearth of literature that uses observational measures. This
might be partly related to the expensive and time-consuming
nature of observational studies compared to other method-
ological approaches—for example, previous empirical work
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on depression has emphasized experimental tasks related to
the occurrence of depression using self-report measures in
the clinical interview context (e.g. Hamilton Rating Scale for
Depression, HRSD) [14].

This current preliminary study applied a computer-assisted
quantitative linguistic analysis to the transcripts of recorded
lab-based dyadic problem-solving interactions between moth-
ers with and without a history of treatment for depression
(Depressed and Non-Depressed) and their adolescent children.
The Problem-Solving Interaction task (PSI) is designed to
elicit negative affect [15], [16]. This study focused on mothers’
language use only, thus the utterances of the adolescent chil-
dren and any dyadic features were excluded. To examine the
effectiveness of a language-based classification model to dis-
criminate between mothers in the depressed and non-depressed
group, we used a machine learning approach (Support Vector
Machine) and a dictionary-based natural language program
approach (Linguistic Inquiry and Word Count [LIWC]) [17].
Although the applied methodology is not necessarily novel,
this study is an important contribution to the clinical literature
of affective disorders. We hypothesized that accurate discrim-
ination between mothers in the depressed and non-depressed
group would be possible with the combined set of the follow-
ing linguistic variables: first-person singular pronouns, positive
emotion words, negative emotions words (i.e. anxiety, anger,
sadness), cognitive process words, and temporal words (i.e.
past, present, future). Due to the interpersonal context of this
study, we further hypothesized that second-person pronouns
would contribute to a classification model as indicators of
depression [18] and lower relationship quality (e.g. lower
cohesion, higher conflict) by reflecting an interpersonal barrier
rather than mother-child relational closeness [19] [20].

The main contributions of this study are three-fold:
1) We propose language-based classification models to

discriminate between mothers in the depressed vs. non-
depressed group.

2) We identify sets of most important linguistic features for
history of treatment for depression.

3) To the best of our knowledge, this is the first study to
analyze linguistic style in mother-child interactions of
mothers with a history of treatment for depression.

II. RELATED WORK

There is a long-standing history of assessing psychological
states in individuals using automated language analysis. This
work is based on the premise that language represents an
observable and measurable behavior that can be studied in
a systematic manner. It provides a data source to develop
language-based models to make inferences and predict psy-
chological states and behavior.

A growing number of studies have explored the relationship
between negative schemas underlying depressive symptoma-
tology and language behavior using computerized approaches
to language analysis. Consistent with negative schemas un-
derlying depressive symptoms and their impact on views of
the self (i.e. feeling worthless or inadequate), the world (i.e.

feeling nothing is worthwhile) and the future (i.e. nothing
will ever change) [21], computer-assisted studies using lan-
guage analysis have identified depression-specific word use in
various contexts, including social media [22]–[29], literature
[30], psychotherapy dialogues [31]–[34], and experimental
writing and speech tasks [35], [36]. Based on the cognitive
schemas underlying depression and existing empirical studies
the following linguistic features have been associated with
depressive symptoms: a greater use of self-references reflect-
ing self-focused attention; negative emotion associated with
negative thoughts about the past, present and future; and
cognitive process words related to rumination, and a lower
use of positive emotion words.

Linguistic studies of behavior using computerized ap-
proaches to language analysis with a focus on depression in
mothers and their offspring are relatively rare. The majority
of studies explored language behavior associated with positive
affect. For example, Goodlett et al [37] examined maternal
positivity emotion word use as an indicator of maternal
positivity and potential buffer between maternal depressive
symptoms and child internalizing problems in a vulnerable
sample (i.e. low-income, ethnic minority families raising
young children in an impoverished urban context). Based
on positive emotion word use during an attachment script
assessment, the results identified that mothers’ use of positive
emotions words partially attenuated the link between maternal
depressive symptoms and at-risk young children’s internalizing
problems. This finding has implications about the association
between maternal depression and child internalizing problems.
With a focus on late childhood depressive symptoms, Moran
et al [38] explored the links between mothers’ positive affect
socialization and children’s affect regulation and depressive
symptoms. They showed that mothers’ questioning responses
to children’s positive affect during the discussant task related
to children’s depressive symptoms, indicating that mothers’
questioning may be maladaptive.

III. METHODOLOGY

A. Data and Sample Characteristics

The data were collected as part of a larger study of parenting
behavior in mothers of young adolescents [15] that included
180 mothers with a history of treatment of depression (De-
pressed) and without a history of treatment of depression (Not
Depressed). Of these, 140 women aged 22.35 to 54.97 (mean
age=40.25 years) and their adolescent children aged 10.3 to
15.9 (mean age=12.86 years) took part in a lab-based dyadic
interaction task which is the focus of this study. The group of
women did not differ significantly in age or diversity (i.e. race,
ethnicity). Demographics of mothers are presented in Table I.

Seventy two mothers (51.4%) had a history of treatment for
depression. They were aged 28.43 to 54.97 years (mean age
40.31). Sixty eight mothers (48.6%) were without a history
of treatment for depression. They were aged 22.35 to 54.48
years (mean age=40.19). Screening of depressive symptoms
was conducted using the Patient Health Questionnaire-8 (PHQ-
8) [39]. Mothers in the depressed group were selected for



TABLE I: Maternal demographic characteristics by group

Depressed Non-Depressed
Variable N Mean % N Mean %
Age 72 40.31 68 40.19
Race
American Indian/ Alaska Native 1 1.4 3 4.4
Asian 1 1.4 0 0
Native Hawaiian/Pacific islander 0 0 2 2.9
White or Caucasian 63 87.5 57 83.8
Multiple Races 7 9.7 4 5.9
No response/ unknown 0 0 2 2.9
Ethnicity
Latino or Hispanic descent 4 5.6 7 10.3
Not Latino or Hispanic descent 68 94.4 61 89.7

current elevated depressive symptoms (PHQ-8 >/= 10) and
a history of depression. Mothers in the non-depressed group
demonstrated no more than mild current depressive symptoma-
tology (PHQ-8 < 8), no history of treatment for depression,
and no recent (i.e. past month) treatment for any mental
health disorder. The women were of low income; meeting
eligibility criteria for Medicaid. Exclusion criteria for mothers
and adolescents included no current diagnosis of psychosis or
other illness or cognitive impairment that would interfere with
participation (e.g. substance use that would render abstinence
for the assessment difficult to tolerate). In specific, for the
purpose of this study we refer to mothers with a history
of treatment for depression as ’mother with a history of
depression’, and mothers without a history of treatment for
depression as ’mothers without a history of depression’.

B. Recruitment
The majority of participants were recruited through the orga-

nization that administers the Oregon Health Plan (Medicaid)
in the county where data were collected, and the remainder
of participants were recruited through online advertisements.
Mothers and adolescents were compensated for their partici-
pation.

C. Assessment Procedure
Family-interaction assessment: Mother-adolescent dyads

completed a 15-minute lab-based Problem-Solving Interaction
task (PSI) designed to elicit negative affect was video recorded
for subsequent coding. For the PSI task, mother-adolescent
dyads were asked to discuss and try to resolve an issue of
conflict from the Issues Checklist [40]. Topics chosen for
discussion were those with the highest mean frequency by
intensity ratings across mother and adolescent reports. The
PSI task has been shown to elicit negative affect [41]. The
artificial lab-based context of the behavioral PSI task ensures
standardized conditions and control to eliminate confounding
extraneous variables.

D. Measures
1) Diagnostic Measure: Mothers completed the Structured

Clinical Interview, non-patient version (SCID-NP) [42] to
characterize the sample and ensure that participants in the non-
depressed group, did not meet criteria for current depressive
disorder.

2) Self-Report Questionnaires: Mothers completed the Pa-
tient Health Questionnaire-9 (PHQ-9) [43] which is a self-
administered questionnaire to assess the presence and severity
of depression. 30 out of 72 mothers reported their PHQ-9
scores within in one week of the task. The distribution of PHQ-
9 in the depressed of group can be found in Table II. Because
depression symptoms are a state rather than trait-dependent,
we do not report severity for mothers who reported their PHQ-
9 beyond one week about the PSI task.

TABLE II: Distribution of current depression in the depressed
group (N=72)

Depression severity PHQ-9 range # mothers
None 1 - 4 3
Mild 5 - 9 7

Moderate 10 - 14 12
Moderate-severe 15 - 19 5

Severe 20 - 17 3
Not reported within 1 week 42

3) Linguistic Measure: To calculate the linguistic measures,
the audio recordings collected during the PSI task were
manually segmented and transcribed. We defined utterances
as continuous spoken activity with less than 300ms of silence.
Each utterance was characterized with a start and stop time.
Filler words such as ”mhm”, ”uhh”, ”err” were also segmented
and transcribed. The utterances were transcribed by native
English speakers. Segmentations and transcriptions were re-
viewed to ensure accuracy. During the transcription process,
the speaker of each utterance was identified along with the
spoken content. In case of overlapping speech, both speakers
were identified and content was transcribed. Subsequently, the
English version of the LIWC [17] was administered to all
transcripts. However this study focused on mothers’ language
use only, thus the utterances of the adolescent children and
any dyadic features were not included for further analysis.
The LIWC is a dictionary-based natural language program
that measures the frequency of words that have been pre-
categorized into semantic and syntactic categories. The LIWC
uses a word count method to measure the frequency of words
categorized to psychological meaning categories with the aim
to predict behavioral outcomes. The LIWC output refers to
the percentages of each variable of total words within a text.
The LIWC comprizes approximately 4,500 words and word



stems that are categorized to 80 semantic categories and sub-
categories. The semantic categories are organized with three
overarching categories, including ‘Linguistic Processes’ (e.g.
personal pronouns, articles, verbs), ‘Psychological Processes’
(e.g. social processes, affective processes, cognitive processes),
and ‘Personal Concerns’ (e.g. work, leisure, death). The LIWC
is hierarchically organized and, for example, all sadness words
belong to the sub-category ’negative emotions’ which forms
part of ’affect words’ category. Table III provides a list
of example words that characterize the linguistic features,
including main categories and sub-categories, relevant to this
study. A series of non-parametric independent samples tests
were computed to identify the linguistic variables that differ
significantly between mothers in the depressed and non-
depressed group at a liberal cut-off of p<.05 (Table III). The
amount of text normalization performed was minimal. We
removed words that were not discernible to the annotators and
corrected any misspelling manually. Since the LIWC contains
features related to punctuation, we preserved the punctuation.
We did not perform stemming or lemmatization of words to
preserve tense and parts-of-speech.

4) Support Vector Machine: Support Vector Machines
(SVM) are supervised non-probabilistic machine learning
methods, that separate data points using hyperplanes. We
used SVM for classification of dichotomous outcomes-i.e.
mothers’ with and without a history of depression. Hassan et.
al [44] examined the state-of-art supervised machine learning
methods performance on LIWC features and found that SVM
outperform other methods. Motivated by this finding, we also
use SVM in our experiments. To evaluate the SVM learning
model, the following classifier evaluation metrics were used:
accuracy, precision, recall, positive agreement (PA), negative
agreement (NA), and Cohen’s Kappa (κ).

For our experiments, we performed LOO testing with nested
grid search to identify the best parameters. The search was
done using 5 fold cross validation. LOO gives as an unbiased
estimate of the error rates [45] over a k-fold and hence our
results are based on the LOO testing. For the first experiment,
we used LIWC features that have been identified in previous
empirical research on language use in depression: first-person
singular pronouns, second-person pronouns, positive emotion
words, anger words, sadness words, anxiety words, cognitive
process words, focus past words, focus present words, and
focus future words; we refer to it as Model 1.

Next, we used SHapley Additive exPlanation (SHAP) [46]
approach to understand what features would be significant for
SVM prediction. As SHAP values are averaged they have
multiple advantages such as they are regularized, consistent
and are not prone to multicollinearity distortions. Next, to
see the prominent features and how they affect the SVM
predictions, we plotted the SHAP values [47]. Finally, for the
second experiment we trained a SVM using only those features
that were identified to be most impactful, by SHAP values, to
see if there is change in the predictive power of the SVM;
referred to as Model 2.

(a) Model 1

(b) Model 2

Fig. 1: Confusion Matrix for SVM Classifier

IV. RESULTS

A. Clinical outcome measures

At assessment, mothers in the depressed group (N 72) had
a PHQ-9 mean of 12.15 (SD=5.89, range=2-27) and mothers
in the non-depressed group (N 68) had a PHQ-9 of 2.42
(SD=2.55, range=0-12).

B. Predicting Mothers’ Depression vs. Non-Depression

The descriptive statistics of the LIWC features in mothers
with and without a history of depression can be seen in Table
III.

Model 1, the SVM classifier gave 62.85% accuracy, 0.63
precision, 0.67 recall, 0.65 PA score, 0.61 NA, and 0.26 κ.
From the confusion matrix (Figure 1a), it can be seen that
48 cases were correctly classified as depressed and 40 cases
as non-depressed. We performed the Chi Square Contingency
test, and obtained p<.01, indicating the model was not a
random guess.

Figure 2a plots SHAP values in decreasing order of feature
importance. The top feature is most important and the bottom
feature is the least important. Each point on the SHAP plot is a
prediction from the LOO validation, and the color represents



TABLE III: Linguistics frequencies and their comparison between depressed and non-depressed groups of LIWC features. ns
indicates p>.05

Depressed Mothers Non-Depressed Mothers
Variable Mean SD Mean SD p-value
Word count 853.38 283.37 964.04 379.73 ns
Personal pronouns

First-person singular pronouns (e.g. I, me, mine) 4.59 1.99 3.92 1.52 .047
Second-person pronouns (e.g. you, your, thou) 7.72 1.86 7 2.24 .044

Affect 5.48 1.39 5.42 1.92 ns
Positive emotion (e.g. love, nice, sweet) 3.81 1.17 4.1 1.67 ns
Negative emotion (e.g. hurt, ugly, nasty) 1.6 0.9 1.29 0.86 .011

Anger (e.g. hate, kill, annoyed) 0.63 0.66 0.42 0.54 .026
Sadness (e.g. crying, grief, sad) 0.25 0.27 0.21 0.18 ns
Anxiety (e.g. worried, fearful) 0.18 0.21 0.18 0.24 ns

Cognitive process (e.g. cause, know ought) 15.3 2.5 14.98 2.18 ns
Time

Focus past (e.g. ago, did, talk) 2.26 1.09 2.7 1.37 ns
Focus present (e.g. today, is, now) 18.27 2.36 17.06 2.14 .002
Focus future (e.g. may, will, soon) 1.83 0.72 2.05 0.79 ns

the value of the feature; red color indicates a higher value
of the linguistic feature whereas blue color indicates a lower
linguistic feature value. The position of the dot indicates
the effect of the linguistic feature; when the SHAP value is
negative it indicates that the linguistic feature is contributing
towards the non-depressed and when the linguistic feature is
positive it is indicative that the linguistic feature is contributing
towards the depressed category. Based on this and the plot, we
can see that focus present, focus future, focus past, first-person
singular pronouns, second-person pronouns and anger words
are the most important linguistic features. Focus present,
first-person singular pronouns, second-person pronouns, anger
words and sadness words have a positive impact on SVM
prediction; that is the higher the value, the prediction is
more likely to be that the mother is in the depressed group.
In contrast, focus future words, focus past words, cognitive
process words and anxiety words have a negative impact on
the prediction; the higher the value, the more likely the model
is to predict that the mother is not in the depressed group.

TABLE IV: Performance of the models

Model 1 Model 2
Number of Features 10 5

Accuracy 0.63 0.67
NA 0.61 0.66
PA 0.65 0.68

Precision 0.63 0.68
Recall 0.67 0.68

Cohen’s Kappa 0.26 0.34
Chi Sq (p-value) <.01∗ <.01∗

Based on Figure 2a, we selected the top 5 most SHAP
impactful features; that is, focus present words, focus future
words, focus past words, first-person singular pronouns, and
second-person pronouns, and trained the second SVM model
(Model 2). From Table IV, we can see that selecting just
the top 5 linguistic features boosted SVMs predictive power
across all the metrics. Accuracy increased from 62.85% to
67.15%, PA increased from 0.65 to 0.68, NA from 0.61 to
0.66, Precision from 0.63 to 0.68, Recall from 0.67 to 0.68

and κ from 0.26 to 0.34. Model 2 obtained p<.01, indicating
the model was not a random guess. From Figure 1b, we can see
that the SVM model can more accurately detect mothers in the
non-depressed group. From the Figure 2, we can see that the
impact of the linguistic features are consistent in both models,
and the correlations of the linguistic features also remain
consistent between both models. That is, increased values
of focus present word, first-person singular pronouns, and
second-person pronouns increased the chance of a prediction
of mothers with a history of treatment for depression, whereas
increased values of focus future words and focus past words
decreased the chance of predicting mothers with a history of
depression. Using McNemar’s test [48], we obtained p<.01,
this shows that the two models were statistically different.

V. DISCUSSION

The application of computer-assisted approaches to lan-
guage analysis to examine, predict and classify depressive
symptoms has assumed increased interest in various disci-
plines, including computing science and clinical psychology.
In contrast to previous computer-assisted linguistic research
that focused on language in individuals with depression across
different contexts [22]- [35], or studies that examined de-
pression in mothers and their offspring with an emphasis
on language reflecting positive affect [37], [38], this study
is novel as it is the first to examine the effectiveness of
an automatic algorithm based on Support Vector Machines
(SVM) to discriminate between mothers with and without a
history of depression (Depressed and Non-Depressed).

The results supported the hypothesis that the LIWC fea-
tures were critical in achieving a sufficient level of accurate
discrimination between mothers with and without a history of
depression, with a classification performance of approximately
63%. According to our findings, the LIWC features that
predicted mothers with a history of depression related to a high
frequency of words with a focus on the present, pre-occupation
with themselves and their adolescent conversational partner,
and feelings of anger, whereas LIWC features that predicted



(a) Model 1 features

(b) Model 2 features

Fig. 2: SHAP Values Plot

mothers without a history of depression related to a high
frequency of words that focus on the past and future. However,
cognitive process words, positive emotion words, anxiety and
sadness words did not contribute sufficiently to the model.

Consistent with previous empirical research [49], the lan-
guage of mothers with a history of depression was character-
ized by a high frequency of self-referential terminology as a
marker of self-focused rumination and distress. Unsurprisingly
previous studies identified that individuals with depression are
also more likely to use negative emotion words [28], [50], and
in our sample, anger words were a high-importance linguistic
feature associated in mothers with a history of depression, but
not sadness words as mentioned in previous research [33].
Anger typically relates to the occurrence of irritability and
hostility, which has been associated with depression [25], and
in this study it might be also related with an increased negative
affective arousal elicited by the problem-solving task.

Interesting is the use of temporal words. In mothers with
a history of depression, present focus was identified as a
high-importance linguistic feature which might be related
to increased reflection and rumination as part of resolving
discrepancy experienced as part of problem-solving task. In
contrast, mothers without a history of depression might have
presented higher cognitive flexibility, reflected in a greater
focus on past experiences as a reference for solving the
problem-solving task and to guide related actions in the future
[51].

Also consistent with our hypothesis, second-person pro-
nouns ”you” were a high-importance linguistic feature in accu-
rately classifying mothers with a history of depression, possi-
bly indicating a lower-quality mother-child relationship char-
acterized by negative relationship processes, such as higher
conflict and lower interpersonal cohesion [19], compared to
children of mothers without a history of depression.

VI. CONCLUSIONS

This study examined the possibility and effectiveness of
using a language-based classifier to discriminate between
mothers with and without a history of treatment for depression.
We assessed the importance of the included linguistic features
that would be significant for SVM prediction, and through
this identified a set of high and low-importance linguistic
features. These findings extend the existing literature-base with
a focus on language style by a) exploring the application of
a linguistic classifier, b) analyzing language obtained in the
context of lab-based parent-child dyadic interactions, and c)
including mothers with and without a history of treatment for
depression. These findings extend the existing literature-base
on the relationship between language and mood states with a
focus on the linguistic style of mothers with and without a
history of treatment for depression, and its potential impact
on child development and transgenerational transmission of
depression.
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