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A B S T R A C T   

Perseverative thinking (PT), such as rumination or worry, is a transdiagnostic process implicated in the onset and 
maintenance of emotional disorders. Existing measures of PT are limited by demand and expectancy effects, 
cognitive biases, and reflexivity, leading to calls for unobtrusive, behavioral measures. In response, we developed 
a behavioral measure of PT based on language. A mixed sample of 188 participants with major depressive 
disorder, generalized anxiety disorder, or no psychopathology completed self-report PT measures. Participants 
were also interviewed, providing a natural language sample. We examined language features associated with PT, 
then built a language-based PT model and examined its predictive power. PT was associated with multiple 
language features, most notably I-usage (e.g., “I”, “me”; β = 0.25) and negative emotion language (e.g., “anxiety”, 
“difficult”; β = 0.19). In machine learning analyses, language features accounted for 14% of the variance in self- 
reported PT. Language-based PT predicted the presence and severity of depression and anxiety, psychiatric co-
morbidity, and treatment seeking, with effects in the r = 0.15–0.41 range. PT has face-valid linguistic correlates 
and our language-based measure holds promise for assessing PT unobtrusively. With further development, this 
measure could be used to passively detect PT for deployment of “just-in-time” interventions.   

1. Introduction 

Perseverative thinking (PT) is a process involving difficulty disen-
gaging from negative thinking (McEvoy et al., 2013). Two common 
forms of PT are worry, or difficult-to-control negative thinking about 
uncertain future events (Borkovec et al., 1983), and rumination, or 
negative thinking about one’s feelings or past events (Nolen-Hoeksema, 
1991). PT plays an important role in the onset, maintenance, and 
recurrence of numerous mental disorders (Ehring & Watkins, 2008; 
Harvey et al., 2004). Despite its importance, progress in understanding 
and treating PT has been hampered by the challenge of measuring this 
covert process. 

PT is typically assessed using trait questionnaires. Although these 
global assessments are reliable and convenient, they are biased by errors 
related to recall, averaging, and meta-cognitive appraisals (Fahrenberg 
et al., 2007; Mathersul & Ruscio, 2020; Wells, 2013). State measures 
sample PT periodically in daily life (e.g., Ruscio et al., 2015) or in real- 
or next-to-real time in the laboratory (e.g., Stade et al., 2022). While 

these methods circumvent some limitations of global ratings, they likely 
are still affected by recall errors and lack of insight, especially in clinical 
populations (Mineka et al., 2003). These methods also run the risk of 
“reflexivity” (Watkins & Roberts, 2020), wherein the natural thought 
process is disrupted or altered as individuals reflect and report on their 
thoughts. 

1.1. A behavioral measure based on natural speech 

Given these limitations, theorists have called for the development of 
an implicit behavioral measure of PT (Watkins & Roberts, 2020). Else-
where in the field, researchers seeking behavioral measures of covert 
psychological processes have drawn on computational linguistics (Kern 
et al., 2016; Schwartz et al., 2013). Computational linguistics involves 
automated processing and analysis of human language using interdis-
ciplinary methods based in linguistics, cognitive science, and artificial 
intelligence (Clark et al., 2010). In recent years, researchers have made 
progress in identifying language markers and building language-based 
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models of depression (Guntuku et al., 2017) and psychosis (Hitczenko 
et al., 2021). The verbal-linguistic nature of PT (Ehring & Watkins, 
2008) makes this construct well-positioned for linguistic investigation; 
however, to our knowledge, no study has undertaken a thorough 
exploration of language as a behavioral indicator of PT. 

Several lines of research hint that PT may have natural language 
correlates. First, findings suggest that negative thoughts may “spill out” 
into day-to-day conversations. The self-reported tendency to discuss 
personal concerns excessively with friends—a process termed “co- 
rumination”—shares a moderate to strong correlation with self-reported 
trait rumination (Jose et al., 2012; Rose, 2002). Furthermore, in con-
versations between romantic partners about a topic of shared concern, 
self-rated worry exhibits moderate to large associations with partner- 
and observer-rated expressed worry (Parkinson et al., 2016). These re-
sults suggest that there exists an “expressed PT” behavior that a) is 
related to internally-experienced PT and b) is detectable by both familiar 
and unfamiliar outside observers. However, neither the co-rumination 
nor the expressed worry literatures have quantified this effect in natu-
ral language by searching for linguistic markers of trait perseveration. 

Further indirect evidence comes from work on linguistic markers of 
disorders in which PT is heightened. First-person singular pronoun use 
(e.g., “I,” “my”; “I-usage”) is robustly related to depression (Edwards & 
Holtzman, 2017). Notably, research linking I-usage to depression grew 
out of early research on the association depression shares with 
self-focused attention and repetitive negative thinking (Ingram & Smith, 
1984; Pyszczynski & Greenberg, 1987), and some researchers have 
posited that increased I-usage in depression reflects rumination (Nala-
bandian & Ireland, 2019). Negative emotion language has also been 
associated with depression, though less reliably than I-usage (Ireland & 
Mehl, 2014). Experimental research suggests that depression may 
interact with rumination to produce negative emotion language (Lyubo-
mirsky et al., 1999). 

Research on generalized anxiety disorder (GAD) may offer further 
clues, given the central role of worry in this disorder. Mothers with GAD 
show heightened use of present- and future-tense verbs when interacting 
with their children (Geronimi & Woodruff-Borden, 2015), and patients 
with GAD show increases in past-tense verbs over the course of therapy 
(Dirkse et al., 2015). Together these results suggest a relationship be-
tween worry and language oriented toward the present and future, 
rather than the past. Additionally, our group found that I-usage and 
negative emotion words were shared by GAD and depression (Stade et al., 
under review), hinting that these linguistic markers reflect trans-
diagnostic process(es). Similar conclusions are suggested by research 
showing a relationship between I-usage and neuroticism (Tackman et al., 
2019), a common factor underlying depression and anxiety. 

PT is a transdiagnostic risk factor for depression and anxiety (Spin-
hoven et al., 2018) that loads highly on neuroticism (du Pont et al., 
2019), and many of the linguistic markers revealed in prior studies (e.g., 
I-usage, negative emotion words, and temporal orientation of speech) are 
conceptually related to PT (Ehring & Watkins, 2008). This raises the 
possibility that PT shares a direct relationship with, or is even driving, 
these language features. 

We are aware of only one prior attempt to investigate linguistic 
markers of PT. Brockmeyer et al. (2015) examined language use during 
recall of negative and positive memories among depressed and healthy 
individuals, reporting mixed results for a relationship between trait 
rumination and I-usage. However, I-usage was the only language feature 
examined, rumination was assessed via a single short-form question-
naire, and the diagnostic groups were very small, limiting statistical 
power to detect an effect. Furthermore, the study’s focus on rumination 
left open the question of whether I-usage is unique to rumination or is 
characteristic of the broader construct of PT. Finally, as only one lin-
guistic feature was investigated, the study was unable to move beyond 
descriptive analyses to building a predictive model. Prior evidence for 
verbal expressions of PT in natural conversation hints that a behavioral 
measure of PT could be extracted from spoken language and, in turn, 

used to predict clinical outcomes. 

1.2. The present study 

Here, we present the first comprehensive study of linguistic markers 
of PT in natural language. Given evidence that the common factor of 
repetitive negative thinking, rather than worry- and rumination-specific 
factors, accounts for most of the variance in psychopathological out-
comes (Samtani et al., 2022), we elected to study PT as a unitary 
construct. We recruited a mixed clinical sample that varied widely in 
self-reported trait PT. Participants engaged in an interview in which 
they provided free-form, spoken responses to a series of questions about 
changes or difficulties in various life domains. We transcribed their 
language and subjected it to computational linguistic analysis. After 
examining relationships between self-reported PT and a variety of lan-
guage features, we built and tested a language-based model of PT. 

1.2.1. Hypotheses 
We preregistered our hypotheses and analysis plan on the Open 

Science Framework (https://osf.io/qmwn5). Following APA Style 
Journal Reporting Standards (Kazak, 2018), we posed primary and 
secondary hypotheses. Primary hypotheses tested language features 
previously associated with depression and/or anxiety that have a con-
ceptual relationship with PT. We hypothesized that trait PT would be 
related to I-usage, reflecting increased self-focus, and negative emotion 
language, reflecting PT’s focus on negative content (Ehring & Watkins, 
2008). We also expected to find a relationship of PT with cognitive pro-
cesses language, which has been posited to index rumination (Eichstaedt 
et al., 2018). 

Secondary hypotheses tested language features that are consistent 
with definitions of PT but have less extant support. We predicted that PT 
would be related to reduced concreteness, capturing its abstract quality 
(Watkins, 2008), as well as increased comparisons, given claims that PT 
results from discrepancies arising from mental comparisons between an 
actual and ideal state (Carver & Scheier, 1990). Finally, we examined 
the sentence-to-sentence coherence of speech using sentence embeddings 
(Iter et al., 2018). This technique measures the semantic relation be-
tween each possible sentence pair in a given text. Although it has pre-
viously been used to study cognition and communication in psychosis 
(Tang et al., 2021) and autism (Lee et al., 2018), embedding-based 
coherence could also capture the perseverative quality of PT. 

Worry and rumination are commonly described as focusing on the 
future and past, respectively (Borkovec et al., 1983; Nolen-Hoeksema 
et al., 2008). Consequently, we suspected that trait PT would be asso-
ciated with future- and past-, rather than present-, focused language. We 
further proposed the primary hypotheses that worry would share a 
stronger relationship with future-focused language than rumination, and 
that rumination would share a stronger relationship with past-focused 
language than worry. 

1.2.2. Exploratory analyses 
In exploratory analyses, we examined relationships between trait PT 

and all available language features. This allowed us to search for novel 
language correlates of PT in a data-driven manner. Leveraging these 
correlates, we then built a language-based model of PT. Such models are 
trained using language features to predict a psychological construct of 
interest, and thus can be used to estimate an individual’s score on the 
construct based on language alone. In the present study, language fea-
tures served as input to the model, which output a continuous score 
estimating each participant’s PT severity. To test the predictive power of 
this model, we examined the ability of the language-based estimates of 
PT to predict relevant clinical outcomes. 
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2. Method 

2.1. Participants 

We recruited adult participants from the Philadelphia community via 
online and in-person advertisements. Those who passed an initial 
screening were invited to the lab, where we obtained informed consent 
prior to administering the Anxiety and Related Disorders Interview 
Schedule for DSM-5–Lifetime Version (ADIS-5L; Brown & Barlow, 
2014). To enroll a sample that varied widely in PT, we recruited a mixed 
sample (N = 188) that included clinical participants (n = 148) who had a 
current, principal (most severe) diagnosis of either major depressive 
disorder (MDD) or generalized anxiety disorder (GAD) along with 
nonclinical participants (n = 40) who had no current or past psycho-
pathology. We permitted psychotropic medications at a stable dosage, 
but excluded individuals with current suicidal intent, acute psychosis, or 
substance-related disorders (other than tobacco) within the past month. 

Participants were primarily female (65%) and ranged in age from 18 
to 80 (M = 33.01, SD = 13.16). The sample was racially diverse: 61% of 
participants identified as White, 18% as Black, 11% as Asian, and 10% as 
a different race; 7% of participants reported their ethnicity as Hispanic/ 
Latinx. Most participants completed college (66%), and self-reported 
household income ranged from $0 to $200,000 (Mdn = $32,750, SD 
= $34,623). 

2.2. Measures 

2.2.1. Trait PT measures 
Participants completed four self-report measures of PT. The Persev-

erative Thinking Questionnaire (Ehring et al., 2011) is a 15-item scale 
that measures PT transdiagnostically, emphasizing key process charac-
teristics such as repetitiveness, intrusiveness, and uncontrollability. 
Participants rate how they typically think about negative experiences or 
problems using a scale from 0 (never) to 4 (almost always). 

The Penn State Worry Questionnaire (PSWQ; Meyer et al., 1990) is a 
16-item measure of pathological worry. Items assess the frequency, 
intrusiveness, and pervasiveness of worry, rated on a scale from 1 (not at 
all typical of me) to 5 (very typical of me). 

The Ruminative Responses Scale (RRS; Nolen-Hoeksema et al., 1993) 
is the most widely used measure of rumination. It consists of 22 state-
ments describing styles of cognitive responding when depressed. Items 
are rated on a scale from 1 (almost never) to 4 (almost always). 

The Rumination-Reflection Questionnaire (Trapnell & Campbell, 
1999) contains rumination and reflection subscales that have been 
shown to tap different underlying constructs and consequently are 
scored separately. Here we used the rumination subscale, which con-
tains 12 items assessing a general tendency to ruminate, rated on a scale 
from 1 (strongly disagree) to 5 (strongly agree). 

The four PT questionnaires had excellent reliability in the present 
sample (Cronbach’s α = 0.94–0.97) and were strongly correlated (r =
0.71–83). Following Stade et al. (2022), we created a PT composite by 
summing the standardized scores of the four questionnaires to provide 
broad coverage of the PT construct, reduce the number of analyses, and 
ensure that findings reflected the PT construct rather than idiosyncratic 
properties of any particular questionnaire. The PT composite had high 
internal consistency (α = 0.93). Subsequent analyses used this com-
posite variable to represent PT, apart from analyses testing worry- and 
rumination-specific hypotheses, for which we used the PSWQ (α = 0.97) 
and RRS (α = 0.94) total scores, respectively. 

2.2.2. Clinical outcomes 
MDD and GAD Diagnosis and Severity. We used the ADIS-5L to 

assess current mental disorders according to Diagnostic and Statistical 
Manual of Mental Disorders, Fifth Edition (DSM-5; American Psychiatric 
Association, 2013) criteria. In addition to categorical diagnoses, the 
ADIS-5L yields a clinical severity rating for each disorder on a scale from 

0 (none) to 8 (very severely disturbing/disabling). Interviewers were 
Master’s- or Bachelor’s-level diagnosticians trained to a high level of 
reliability with an expert rater. Diagnostic decisions and clinical severity 
ratings for each participant were finalized in weekly consensus meetings 
of the assessment team. 

We focused on MDD and GAD given the particularly close relation-
ship of PT to these disorders. Interrater reliability was high for MDD 
diagnosis (K = 0.88) and severity (ICC = 0.95) as well as for GAD 
diagnosis (K = 1.00) and severity (ICC = 0.95) based on blind, inde-
pendent ratings of recorded interviews (n = 32) selected at random from 
studies in our lab. 

Global Depression and Anxiety Severity. We used the clinician- 
administered Hamilton scales to capture depression and anxiety 
severity extending beyond MDD and GAD. The Hamilton Rating Scale 
for Depression (Hamilton, 1960) is a 17-item scale assessing depressive 
symptoms experienced in the past week, whereas the Hamilton Anxiety 
Rating Scale (Hamilton, 1959) is a 14-item scale assessing symptoms of 
anxiety experienced in the past week. Interrater agreement was excel-
lent for both scales (ICC = 0.96–0.97). 

Total Disorders. We calculated the number of mental disorders (out 
of 13) diagnosed on the ADIS-5L to serve as an overall index of psy-
chopathology. These included MDD, GAD, persistent depressive disor-
der, bipolar or cyclothymic disorder, posttraumatic stress disorder, 
acute stress disorder, panic disorder, agoraphobia, social anxiety dis-
order, specific phobia, separation anxiety disorder, obsessive- 
compulsive disorder, and any other disorder identified during the 
interview (most commonly tobacco use disorder). As other substance- 
related disorders were exclusion criteria for the study, these disorders 
were not included in the calculation. We summed the number of current 
disorders for which DSM-5 diagnostic criteria were met. 

Treatment Seeking. Participants were asked about their treatment 
utilization in the Medical History module of the ADIS-5L. We analyzed 
dichotomous variables reflecting current use of psychotropic medication 
and psychotherapy, respectively, for any mental health problem. 

Symptom Dimensions. Participants completed the Mood and Anxiety 
Symptom Questionnaire (MASQ; Watson, Clark, et al., 1995; 1995b), a 
self-report measure assessing overlapping and distinct symptoms of 
depression and anxiety. The General Distress: Mixed Symptoms subscale 
captures symptoms largely overlapping between depression and anxiety, 
while the General Distress: Depressive Symptoms and General Distress: 
Anxious Symptoms subscales capture symptoms that are somewhat 
more specific to one construct versus the other. The Anhedonic 
Depression and Anxious Arousal subscales capture symptoms that are 
unique to depression and anxiety, respectively. All MASQ subscales had 
excellent reliability in the present sample (Cronbach’s α = 0.88–0.95). 

2.3. Procedure 

All procedures were approved by the University of Pennsylvania 
Institutional Review Board. The ADIS-5L interview began with an 
Introduction section containing open-ended questions about life changes 
or difficulties. First, participants were asked: “I would like to get a 
general idea of what sorts of problems you have been having recently. 
What have they been?” This was followed by: “What would you say is 
the main thing that is bothering you right now?” Participants subse-
quently were asked about stressors in each of seven life domains: family, 
social life, romantic relationships, work/school, finances, health, and 
legal matters (e.g., “In the past year, have you had any changes in or 
difficulties with … family?”). Four follow-up questions that we added to 
the Introduction section asked about employment or schooling (e.g., 
“What kind of work/schooling are you in now?” “What are your short- 
term educational or employment goals?”). After the Introduction sec-
tion, participants completed the remainder of the ADIS-5L interview, 
followed by the Hamilton scales. The entire interview session was audio 
recorded. Participants returned to the lab approximately three weeks 
later and completed self-report measures, including the trait PT 
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measures and the MASQ. 

2.4. Data processing 

2.4.1. Interview transcription 
Trained research assistants blind to participants’ clinical status 

transcribed the audio recordings of the ADIS-5L Introduction section 
using XTrans software (Glenn et al., 2009). Transcription was carried 
out following a transcription protocol developed by the Linguistic Data 
Consortium (LDC) at the University of Pennsylvania and adapted for this 
project with guidance by the LDC. For each participant, we produced a 
verbatim transcript of all participant and interviewer speech. A second 
independent transcriber listened to each audio recording, correcting the 
transcript as needed. When participants’ enunciation or audio quality 
made transcription more challenging, a third independent transcriber 
performed an extra check of the transcription. The transcribing team 
met weekly to prevent transcriber drift from this protocol. 

2.4.2. Linguistic feature extraction 
We next converted participants’ language into variables or features 

for use in subsequent analyses. We deleted end-of-sentence punctuation, 
retaining only language, then separated the language into “n-grams,” i. 
e., words and two-to three-word phrases (Schwartz et al., 2013). We 
extracted language features (e.g., I-usage, negative emotion words, 
cognitive processing words) using the unweighted Linguistic Inquiry and 
Word Count lexica (Pennebaker et al., 2015), the weighted National 
Research Council Canada affect intensity and valence/arousal lexica 
(Mohammad, 2018a; 2018b), and a weighted concreteness lexicon 
(Brysbaert et al., 2014). For unweighted lexica, we counted the relative 
frequency with which terms from the lexicon were used by the partici-
pant, producing a lexicon score. For weighted lexica, we counted the 
relative frequency with which each lexicon term was used by the 
participant, multiplied it by the predetermined term weight, then sum-
med the frequency-by-term-weight products to produce a lexicon score, 
similar to a regression equation. Additionally, we derived several lan-
guage ratios (e.g., non-present-focused versus present-focused language) 
from the lexicon-based assessments, along with meta-language features 
(i.e., total words, average word length). Finally, we calculated 
sentence-to-sentence coherence across the two Introduction section 
questions that assessed general problems. Additional details about the 
linguistic feature extraction process appear in the online supplement. 

2.5. Data analysis 

Analysis code is available on the Open Science Framework 
(https://osf.io/d4cxa). We performed analyses using R, version 4.0.3. (R 
Core Team, 2019), and the Differential Language Analysis ToolKit, 
version 1.2.6 (Schwartz et al., 2017). The present sample of 188 in-
dividuals included all participants who spoke a minimum of 200 words 
in the Introduction section, as this threshold followed published rec-
ommendations while retaining the largest sample possible (Kern et al., 
2016). Participants spoke an average of 891 words (SD = 752). 

Using OLS regression, we quantified the relationship of PT with each 
language feature. Using the pwr.r.test function from the pwr package in R 
(Version 1.3.0, Champely, 2020), power was estimated to be 0.79 to 
detect an effect of β = 0.20 using a sample as large as ours. To retain 
maximum power for our primary hypotheses, we applied the standard p 
< .05 threshold without correction for multiple comparisons. For sec-
ondary hypotheses and exploratory analyses, we applied Benjamini and 
Hochberg (1995) false discovery rate correction. All analyses controlled 
for age and sex, as language use varies by these demographic features 
(Schwartz et al., 2013). 

Lastly, we used machine learning to build a predictive model of PT 
using language alone. We used regression with elastic-net regularization 
(Zou & Hastie, 2005) to select language features that predict PT, sub-
mitting all language features described above for evaluation as 

predictors in the model. We used 10-fold cross validation, which 
repeatedly divides the dataset into a “training set” and a “test set” to 
better estimate the generalizability of the model to new datasets. R2 

values yielded by these analyses convey the average accuracy of the 
model across 10 repetitions of cross validation in predicting 
self-reported trait PT using language features. To evaluate predictive 
power, we examined the ability of the language-based model to predict a 
range of clinical outcomes, including concurrent and subsequent 
depression and anxiety, total number of mental disorders, and 
treatment-seeking behavior. 

3. Results 

3.1. A priori analyses 

3.1.1. Primary hypotheses 
We began by examining language features that were hypothesized to 

be related to PT. Effects are reported as standardized beta weights (β), 
which can be interpreted analogously to Pearson’s r. Language terms 
shown in parentheses are the top three words that appeared most often 
in our dataset from each category (or, in the case of weighted lexica, the 
words that had the highest frequency-by-term-weight product in our 
dataset from each category). 

As hypothesized, there was a significant association (95% CI in 
brackets) between trait PT and I-usage (e.g., I, my, I’m), β = 0.25 [0.11, 
0.38], p = .001. Also as expected, PT was significantly related to negative 
emotion language (e.g., anxiety, bad, difficult), β = 0.19 [0.05, 0.32], p 
= .010. However, contrary to expectations, trait PT was not related to 
cognitive processes language (e.g., but, know, not), β = 0.01 [-0.14, 0.15], 
p = .910. 

We next examined whether specific forms of PT, worry and rumi-
nation, had different associations with temporal orientation language. 
Worry (β = − 0.04) and rumination (β = − 0.06) each had very small, 
negative associations with future focus language (e.g., then, going, will). 
Worry shared a small, positive association (β = 0.08), and rumination 
shared a near-zero, negative association (β = − 0.02), with past focus 
language (e.g., was, had, been). None of these coefficients differed 
reliably from zero (all p > .277) or from each other (both t < 1.77, both p 
> .077), contrary to the expected pattern of greater future focus in worry 
and past focus in rumination. 

3.1.2. Secondary hypotheses 
To test whether high perseverators (i.e., individuals higher in trait 

PT) talked more about the past or future relative to the present, we 
constructed a ratio of non-present-focused language to present-focused 
language. PT shared a small, nonsignificant relationship with this 
ratio, albeit in the expected direction, β = .07 [-0.08, 0.21], p = .460. 
There were similarly small, nonsignificant effects in the predicted di-
rection for concreteness (e.g., I, um, a; β = − 0.12 [− 0.26, 0.02]) and 
comparison (e.g., like, as, more; β = 0.06 [− 0.09, 0.20]) language, and 
for sentence-to-sentence coherence (β = 0.12 [− 0.02, 0.26]), all p > .201. 

3.2. Exploratory analyses 

3.2.1. Language features of perseverative thinking 
Next, taking an exploratory approach, we identified the top language 

features related to PT by examining associations between the trait PT 
composite and all possible features, including lexicon-based features 
and feature ratios, language-based estimates, coherence, and meta- 
language features. To control the false discovery rate, we report only 
effects that were significant at Benjamini-Hochberg corrected levels. 
These analyses revealed several additional language features related to 
PT. Trait PT was positively related to feelings (e.g., feel, hard, pain; β =
.23 [0.09, 0.36], p = .032) and sadness (e.g., lost, sorry, low; β = 0.21 
[0.07, 0.35], p = .044) words. Trait PT was inversely related to antici-
pation (e.g., what, about, hm; β = − 0.25 [-0.38, − 0.11], p = .024) and 
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work (e.g., work, school, working; β = − 0.25 [-0.38, − 0.11], p = .032) 
words. Lastly, high trait perseverators used more prepositions (e.g., like, 
to, of; β = 0.24 [0.10, 0.37], p = .035) and fewer negations (e.g., not, no, 
don’t; β = − 0.26 [-0.38, − 0.12], p = .024) during the interview. 

3.2.2. Language-based model of PT 
We next built a predictive model of PT by entering all language 

features (93 in total) as predictors in an elastic net model using 10-fold 
cross validation. Language features collectively accounted for 14% of 
the variance in the self-reported PT composite. To further assess the 
robustness of our model, we tested whether language accounted for 
variance beyond easy-to-obtain demographic variables. We first fit a 
model using age and sex to predict self-reported PT, then built a second 
model predicting the first model’s residuals using language features 
alone. Language features accounted for 13% of the variance in PT above 
and beyond these demographic variables. 

Elastic net models weight each language feature according to its 
informativeness. To understand the inner workings of our model, we 
examined the features that received the highest weights. In addition to 
the features revealed in earlier exploratory correlational analyses, 
several new features were identified through the modeling process. PT 
not only was predicted by I-usage (namely, first-person singular pro-
nouns), but also was positively predicted by first-person plural pronouns 
(e.g., we, we’re, our) and negatively predicted by second-person pronouns 
(e.g., you, your, you’re). Other new features that positively predicted PT 
included anxiety (e.g., anxiety, worry, anxious), affiliation (e.g., we, 
family, friends), sexual (e.g., sex, hiv, prude), religion (e.g., god, hell, 
rabbinical), and space (e.g., in, on, at) words. Other new features that 
negatively predicted PT included death (e.g., died, dead, die), health (e. 
g., life, health, living), home (e.g., family, house, home), discrepancies (e. 
g., would, want, if), and hear (e.g., say, said, saying) words, as well as the 
emotions surprise (e.g., was, actually, trying) and joy (e.g., with, life, 
family). 

3.2.3. Predictive power of the language-based model 
Finally, we assessed the predictive power of our language-based PT 

model by examining its relationship with a range of clinical outcomes. 
The model significantly predicted all concurrent, clinician-assessed 
outcomes, with effects mostly in the moderate range (median r = .32; 
see Table 1). Specifically, the model-generated PT score robustly pre-
dicted GAD and MDD status and severity. The associations were simi-
larly robust with global anxiety and depression measured via the 

Hamilton scales. The model predicted the total number of mental dis-
orders that were diagnosed during the interview, and it predicted which 
participants were currently receiving psychotherapy and pharmaco-
therapy. Language-based PT also predicted subsequent self-reported 
depression and anxiety symptoms on the MASQ, with small to moder-
ate effects (median r = 0.25). The strongest association was with General 
Distress: Mixed Symptoms, followed by Anhedonic Depression, General 
Distress: Anxiety Symptoms, and General Distress: Depressive Symp-
toms. The weakest association was with Anxious Arousal. 

4. Discussion 

Perseverative thinking is a transdiagnostic process that plays an 
important role in depression, anxiety, and other forms of psychopa-
thology. Novel, behavioral methods of assessing PT hold the potential to 
yield new insights into this construct. Here, we investigated language 
features associated with PT. We found several correlates of PT in spoken 
language expressed during a brief interview, including hypothesized 
features such as I-usage and negative emotion language, as well as novel 
features such as prepositions use, we-usage, and (lack of) you-usage. A 
language-based model capitalizing on these features captured mean-
ingful variance in self-reported PT, above and beyond demographic 
variables. This model, in turn, predicted a variety of clinical outcomes. 
These results provide proof of concept for a clinically relevant measure 
of PT based in natural language, opening up new avenues for theory, 
research, and practice. 

4.1. Language correlates of PT 

As expected, negative emotion words were related to PT, and explor-
atory analyses revealed other emotion categories as predictors of PT: 
feelings, sadness, anxiety, and (lack of) joy. These findings likely reflect 
the important role of negative valence in PT (Watkins, 2008) as well as 
PT’s deleterious effects on mood (McLaughlin et al., 2007). Our results 
add to this literature by showing that PT is related to the expression, as 
well as the experience, of adverse emotional states. However, it remains 
to be seen whether these language features, detected in an interview 
about recent stressors, reflect a dispositional style of responding or an 
objectively higher level of stress in the lives of high trait perseverators. 
Future analyses controlling for the number or severity of life stressors 
could help disentangle these possibilities. 

Other language correlates observed here may reveal insights about 
the nature of PT. For example, the relationship of PT with space and 
preposition words, which refer to physical space or location (Pennebaker 
& King, 1999), could reflect looming cognitive style, a cognitive 
vulnerability related to PT involving a sense of impending or rapidly 
approaching threat (e.g., “I am in deep trouble,” “I am running out of 
options”; Hughes et al., 2008). Other findings appear to reflect the 
context in which language was expressed. Decreased negation words (e. 
g., not, no, don’t), spoken in response to direct questions about problems 
or difficulties, may indicate that individuals with higher PT were less 
likely to deny problems during the interview. Increased religion words (e. 
g., god, hell, praying) may reflect reactions to the difficult life circum-
stances participants were describing, but may also have been driven by 
the use of the word god to express disbelief, frustration, or anger. 

4.2. Construal level and other cognition language in PT 

We had predicted that PT would be associated with high-level, ab-
stract construals in language. Although we found a small effect in this 
direction for concreteness, the lexicon we used to index level of construal, 
the effect was nonsignificant. Notably, in the PT literature, level of 
construal is typically measured during the act of perseverative thinking. 
It is possible that measuring construal level outside “bouts” of PT hin-
dered our ability to detect an effect. Alternatively, the concreteness 
lexicon may not map perfectly onto level of construal as operationalized 

Table 1 
Predictive power of the language-based perseverative thinking model.  

Method Clinical Outcome r 95% CI 

Clinician-rated GAD severity .41 [.28, .52] 
GAD diagnosis .33 [.20, .45] 
Syndromal anxiety .36 [.23, .48] 
MDD severity .32 [.19, .45] 
MDD diagnosis .24 [.10, .37] 
Syndromal depression .37 [.24, .49] 
Psychiatric comorbidity .24 [.08, .39] 
Current psychotherapy use .17 [.03, .31] 
Current psychotropic medication use .15 [.00, .28] 

Self-reported General Distress: Mixed Symptoms .30 [.16, .42]  
General Distress: Anxious Symptoms .25 [.11, .38]  
General Distress: Depressive Symptoms .25 [.11, .38]  
Anhedonic Depression .26 [.12, .39]  
Anxious Arousal .18 [.04, .32] 

Note. GAD = generalized anxiety disorder, MDD = major depressive disorder. 
Syndromal anxiety and depression were measured using the Hamilton Anxiety 
Rating Scale and Hamilton Rating Scale for Depression, respectively. All other 
clinician-rated outcomes were measured using the Anxiety and Related Disor-
ders Interview Schedule for DSM-5–Lifetime Version. Self-reported symptoms 
were measured using the Mood and Anxiety Symptom Questionnaire. All effect 
sizes are significant at Benjamini-Hochberg corrected significance levels. 
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by PT theorists, who define abstract construals as focused on the desir-
ability and importance of outcomes, while concrete construals are 
focused on the feasibility and planning of outcomes (Watkins, 2008). 
Lastly, perhaps features of the interview context—such as being 
prompted to reflect on specific life domains, or expressing concerns out 
loud—led participants to be more concrete than when they perseverate 
internally without direction. 

Along similar lines, we found no relationship between PT and 
cognitive processes language and actually observed an inverse relation-
ship with discrepancies. This was surprising given prior evidence for a 
positive relationship between depression and discrepancies language in 
social media posts (Eichstaedt et al., 2018). It could be that discrepancies 
and its parent category cognitive processes, which reflect attempts to 
understand, explain, or reason about events, may have been used at a 
low level given the contextual demand for relatively focused, concise 
responses in the overview section of this lengthy interview. For both 
construal level and cognitive processing language, it would be valuable 
to replicate results in a different context, such as giving participants an 
extended period to describe a specific past event or anticipated future 
event, which may offer more opportunity for elaborate cognitive 
processing. 

4.3. What do pronouns reveal about the nature of PT? 

Pronouns carry crucial information about what has been and what 
will be the center of focus in any utterance or written phrase (Gordon 
et al., 1993; Grosz et al., 1995). As expected, I-usage was related to PT in 
both correlational and predictive analyses. Previously identified as one 
of the strongest linguistic correlates common to depression and anxiety 
(Stade et al., under review), I-usage likely reflects the self-referential 
nature of PT. Importantly, in this interview about recent life diffi-
culties, all participants were prompted to reflect on themselves and their 
problems. Nevertheless, it was the highest perseverators who spoke the 
most about themselves and their negative emotions. 

Unexpectedly, two other classes of pronouns emerged as predictors 
of PT: PT was positively predicted by first-person plural pronouns (e.g., 
we, we’re, our; “we-usage”) and negatively predicted by second-person 
singular pronouns (e.g., you, your, you’re; “you-usage”). Whereas I- 
usage is shared with depression and anxiety, these other pronouns 
appear to be relatively specific to PT, representing a novel contribution 
of our study. Increased we-usage is surprising given evidence that, in the 
context of close relationships, we-usage reflects connectedness and 
affiliation (Horn & Meier, 2022); as high perseverators report more 
interpersonal conflict (Nolen-Hoeksema & Davis, 1991), we might have 
expected we-usage to relate negatively to PT. Perhaps in the context of an 
interview about difficulties, we-usage—and also affiliation words (e.g., 
we, family, friends), which positively predicted PT—index interpersonal 
conflict or shared problems (e.g., “We were fighting,” “My family has 
been struggling”). A similar explanation could account for the increased 
use of sexual words (e.g., sex, hiv, prude) by high perseverators, which 
may reflect concerns about sexual health and intimate relationships. 
Alternatively, perhaps we-usage and affiliation words came up in the 
context of participants worrying about the well-being of loved ones, 
given that other people and relationships are a common source of worry 
for individuals with GAD (Roemer et al., 1997). 

Conversely, you-usage was a negative predictor of PT in our model. 
This is also surprising, as you-usage has been associated with negative 
communication between romantic partners and is thought to index 
blaming (Horn & Meier, 2022). However, unlike prior studies which 
investigated you-usage in conversations between intimates, we studied 
language in a context akin to a first clinical encounter, wherein in-
dividuals provided a series of largely one-sided responses to questions 
posed by an unfamiliar professional. Perhaps high perseverators were 
more likely to become absorbed in their own problems and focus less on 
the clinician during the interview, resulting in fewer attempts to engage 
the clinician or check understanding (“you know?”) through you-usage. 

Given the limited range of contexts in which dyadic communication has 
been studied in computational linguistic research on psychopathology, 
it is an open question whether you-usage is adaptive or maladaptive. 
Future research should systematically explore the use of different classes 
of pronouns across diverse contexts, including a wide range of topics (e. 
g., problems/difficulties, positive life events, neutral topics) and part-
ners (e.g., peers, intimates, strangers, clinicians; see Meier et al., 2021). 

4.4. Temporal orientation is not evident in the language of PT 

We found that worry and rumination are not differentiated by tem-
poral orientation of language, and that their parent construct PT is not 
associated with increased use of non-present-focused language. 
Although temporal orientation is often pointed to as a difference be-
tween worry and rumination, there is a risk of reification given that most 
studies have used definitions and measures of the constructs that 
reference the future (for worry) or past (for rumination; Hallion et al., 
2022; McEvoy et al., 2010). On the other hand, our failure to detect a 
temporal effect may reflect the difficulty of measuring temporal orien-
tation via language. For example, we can compare two statements using 
the present-tense verb “am”—“I am reading the article” versus “I am a 
reader”—and notice that only the former conveys information about 
what is happening in the present, while the latter conveys a persistent 
truth claim with little information about the here and now. A final 
possibility is that our interview, which prompted all participants to 
focus on the past (i.e., changes/difficulties that occurred “recently” or 
“in the past year”), may have led everyone to talk more about the past 
and thereby flattened individual differences in preferential focus on the 
past, present, or future. Eliciting language using more open-ended 
prompts, or recording natural language in participants’ daily environ-
ments (Mehl et al., 2001), would be a valuable next step in adjudicating 
among these explanations. More generally, studying spontaneous ut-
terances in the natural environment could help reveal whether the 
context in which language is spoken shapes the linguistic correlates of 
PT. 

4.5. Language-based model of PT 

Our language-based model of PT successfully predicted clinically 
relevant outcomes across multiple measures and methods of assessment. 
The score yielded by this language-based measure was moderately 
associated with clinician ratings rendered later in the interview; robust 
associations were observed for GAD and MDD, the disorders most 
strongly linked to PT, as well as for broader syndromal measures of 
anxiety and depression. In line with evidence that PT, as a trans-
diagnostic process, is associated with comorbidity (McEvoy et al., 2013; 
Ruscio et al., 2011) and help-seeking behavior (Patel et al., 2021), 
language-based PT predicted total number of mental disorders and use 
of psychotherapy and pharmacotherapy, respectively. 

Language-based PT also shared small-to-moderate associations with 
self-reported depression and anxiety symptoms assessed three weeks 
later. These analyses served as a particularly conservative test of pre-
dictive validity, as they employed a new method (self-report) and were 
separated temporally from when language was collected. We found 
particularly strong relationships of language-based PT with subscales 
reflecting general distress symptoms that are relatively nonspecific to 
depression and anxiety, consistent with studies showing that PT is a 
common risk factor for these conditions (e.g., McLaughlin et al., 2007; 
Ruscio et al., 2015; Spinhoven et al., 2018). By contrast, language-based 
PT shared the smallest association with MASQ Anxious Arousal, in line 
with research showing anxious arousal to be relatively weakly related 
(Brown et al., 1995) or even unrelated (Naragon-Gainey et al., 2016) to 
worry. 

Our language-based model represents a meaningful first step toward 
the development of an unobtrusive, behavioral measure of PT. The 
variance explained by our model, corresponding to a medium-sized 
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effect (14% or r = 0.37), compares favorably to the weaker associations 
more typically observed between self-report and behavioral measures of 
the same construct (r < 0.20; Dang et al., 2020). Our model also per-
formed well compared to other language-based models of psychological 
constructs (e.g., r = 0.39; Schwartz et al., 2014). 

Although these results are promising, further work is needed on two 
fronts before our model can be ready for real-world applications. First, 
the model will need to be strengthened by incorporating additional 
linguistic correlates of PT, including smaller effects that add incremen-
tally to prediction as well as different types of effects (at the level of 
specific words or phrases, rather than broad categories) that we were not 
powered to detect. Detecting these sorts of effects using a data-driven 
approach will require sample sizes in the thousands as well as lan-
guage sources with more words per participant. Social media posts 
afford these benefits, though the extent to which our interview-based 
language model translates to social media language remains to be 
seen. Given that intake interviews are a staple of clinical practice, a 
different strategy may be to encourage routine recordings of these in-
terviews that could be aggregated, perhaps through practice research 
networks (Parry et al., 2010), to construct the large dataset this work 
requires. 

Second, more research is needed to validate the language-based 
model of PT. As the field has raced ahead in developing novel behav-
ioral, passive measures of psychopathology constructs, guidelines for 
evaluating the convergent validity of such measures have lagged. 
Typically, behavioral measures are compared exclusively to self-report 
measures of the same construct (mono-trait, hetero-method correla-
tions), despite the added importance of mono-trait, mono-method 
comparisons for establishing convergent validity (Campbell & Fiske, 
1959). Guidelines are needed to help researchers select appropriate 
validators when developing behavioral measures. For our measure, 
candidate validators include behaviors that would be expected to relate 
to PT, such as distracted communication during interpersonal encoun-
ters (Merolla et al., 2019) or time spent indoors or physically inactive, 
measured via smartphone sensor (Mohr et al., 2017). 

Work is also needed to evaluate the discriminant validity of our 
language-based PT model vis-à-vis closely-related psychopathology 
constructs. Such tests have been rare in the literature on natural lan-
guage processing and psychopathology, where language is commonly 
examined vis-à-vis a single construct without performing tests of spec-
ificity. The few studies that have made these comparisons suggest that 
some of the same language features are implicated in different forms of 
psychopathology (e.g., Stade et al., under review), raising the possibility 
that transdiagnostic processes or co-occurring conditions account for a 
subset of observed effects. In the case of our language-based PT model, 
appropriate tests of discriminant validity will require a very large 
dataset and measures of a range of psychopathological constructs to 
which we did not have access here. For example, we might expect 
language-based PT to share smaller correlations with more distal con-
structs like externalizing disorders, intermediate correlations with fear- 
based internalizing disorders such as phobias, and the highest correla-
tions with distress disorders such as GAD and MDD. Even more fine- 
grained discriminant tests, such as between cognitive and noncogni-
tive features of these disorders, will require even larger datasets to 
provide the necessary statistical power. 

4.6. Strengths and limitations 

Our study had several strengths. We used multiple analytic ap-
proaches (correlational analyses, multivariate machine learning 
modeling) to uncover novel language features associated with PT. We 
analyzed PT as a dimensional, transdiagnostic construct using a com-
posite measure offering excellent coverage of the PT construct. We 
recruited individuals with disorders in which PT is a prominent clinical 
feature, as well as individuals without psychopathology. This yielded a 
sample of individuals with widely varying levels of PT, thereby 

maximizing range and increasing statistical power. Lastly, we analyzed 
clinical interview language, which may be more sensitive to individuals’ 
current experiences and concerns than the social media language 
commonly used in linguistic analyses. 

Nevertheless, our conclusions are tempered by several limitations. 
Our measurements of language and PT were separated by approximately 
three weeks, which may have weakened our ability to detect effects. 
Furthermore, our sample, although of reasonable size given its clinical 
nature, was relatively small for computational linguistic analysis. Power 
calculations indicated that we were adequately powered to detect effects 
as small as .20, but language features with smaller effects may have been 
missed, especially given our conservative analytic approach using FDR 
correction. Equally important was that, although we controlled for age 
and sex, we lacked the statistical power to covary potential third vari-
ables that may be driving the relationship between PT and language 
features. This means our language-based model could be tapping into 
constructs closely related to PT, such as depression, anxiety, or life 
stress. Additional validation work using larger samples is required to 
rule out this possibility. 

All of our high perseverators had GAD or MDD, and nonclinical 
participants made up a small portion of the sample. Consequently, our 
results are best understood as characterizing PT in the context of psy-
chopathology, and may not represent features of high worriers or high 
ruminators whose experiences fall within the normal range. Relatedly, 
our results may be less representative of PT occurring in other disorders 
(e.g., insomnia) or of forms of PT not explicitly included in our com-
posite measure (e.g., obsessions). Further research is needed to deter-
mine the generalizability of our language-based PT measure to other 
samples and clinical conditions. 

4.7. Conclusions 

We conducted the first comprehensive computational linguistic 
investigation of perseverative thinking. We found that PT has a linguistic 
signature in a clinical interview setting, including negative emotion lan-
guage and a unique pattern of pronoun use. Several language features 
revealed new insights, such as that use of space or location words could 
convey a cognitive style related to PT. These findings highlight the 
promise of computational linguistics for advancing understanding of 
covert processes like PT. Furthermore, a model of PT based solely on 
language features predicted outcomes of interest to clinicians. Although 
additional work is needed to further refine and validate our measure, 
these results show proof of concept of unobtrusive, behavioral, and fully 
automated detection of PT. By circumventing the limitations of self- 
report, this measure could facilitate mechanistic research on PT and 
the delivery of just-in-time adaptive interventions for this deleterious 
cognitive process. 
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