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Researchers have documented moderate to large correlations between scores on burnout and

depression measures, fueling debate over whether the two constructs are distinct. A key limitation of

this literature is its near-exclusive reliance on self-report measures, which are vulnerable to shared

method variance, mono-method bias, and intracategory variability in item interpretation. This

exploratory study examines whether burnout and depression can be distinguished at the level of

natural language using Large Language Models (LLMs). Drawing on publicly available qualitative data,

transcripts and verbatim excerpts were analyzed from frontline healthcare professionals (11

participants, 1,017 speech turns). Using detailed, theory-based prompts, two LLMs (ChatGPT and

ClaudeAI) independently classified participant statements as reflecting burnout, depression, both

constructs, or neither. Healthcare workers' speech primarily reflected burnout, although a subset of

individuals also evidenced depressive language. Substantial individual differences emerged in the

degree of overlap between burnout and depression, suggesting that this relationship may be

idiographic rather than uniform across individuals. A dose-response interpretation may explain the

relative absence of depression among this group of less-experienced healthcare workers. LLM analysis

appears to offer a complementary approach that may help clarify the dynamic relationship between

burnout and depression while addressing limitations inherent in self-reports.
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Introduction

Over the past 40 years, burnout researchers have sought to interpret the substantial overlap observed

between scores on burnout and depression self-report scales [1][2]. Moderate to large correlations between

burnout and depression have been consistently observed between these measures [3][4][5][6]. A review of

92 studies published between 1984 and 2014 found a comparable degree of burnout–depression overlap

across both cross-sectional and longitudinal designs [3]. Similarly, a meta-analysis of 67 studies published

between 2007 and 2018 found an average correlation of .52 between burnout and depression [4].

Despite similarities of findings, researchers have reached different conclusions regarding the relationship

between burnout and depression. One argument is that burnout and depression reflect a single

underlying construct  [3][6]. In line with this perspective, the 9-item Occupational Depression Inventory

(ODI)  [6][7]  was created to assess depressive symptoms that individuals attribute to their occupational

context. Another new measure of burnout was recently developed to include depressive symptom

items [8]. Post item-level analyses, test developers concluded that "burnout is unlikely to be synonymous

with depression but…a burnout syndrome is commonly if not always accompanied by some depressive

symptoms" (p. 6) [8][9]. Finally, Koutsimani et al. examined correlations among burnout, depression, and

anxiety measures and concluded that burnout and depression are more likely to be two different

constructs rather than one, with no conclusive overlap among the three [4].

Less attention has been paid in the literature to methodological factors that might influence the observed

burnout–depression correlation. Evidence exists for mono-operations bias since the Maslach Burnout

Inventory (MBI) has been employed in approximately 80% of studies [3]. Since burnout and depression

are largely measured via self-report, research on burnout also suffers from mono-method bias  [10].

Shared method variance from self-reports, the degree to which the common measurement methodology

contributes to test scores, likely inflates the burnout/depression correlation. In addition, research

suggests that individuals often interpret items on self-report psychological tests with different meanings

than test developers intended [11]. This problem has been labeled intracategory variability, indicating that

test-takers interpret and respond to self-report items based on widely varying personal experiences [12].

When asked to report a recent "serious illness," for example, respondents will describe events ranging

from routine flu to a heart attack. The criteria individuals use for answering health-related items on self-

report measures can span from the catastrophic to the trivial [12].
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Identification of Negative Affect Via Linguistic Analyses

Researchers employ AI and other automated methods to identify psychological constructs and mental

health data in text [13][14][15]. Shapira et al. (2021) examined linguistic features reflecting psychotherapy

clients' distress using computerized text analysis  [14]. Using data from 58 clients and 729 transcribed

sessions, they found that fewer first-person singular words and fewer negative emotion words were

associated with lower distress in both the same and next session. Decreases in the use of first-person

singular words from early to later stages of therapy were related to improved treatment outcomes.

Large language models (LLMs) have been employed to investigate psychological constructs that

potentially contribute to ceiling effects observed in working alliance measures  [16]. Using a classic

psychotherapy transcript (the Rogers–Gloria session)  [17], they applied a psychometric framework to

evaluate whether LLMs could detect four theoretically relevant psychological constructs potentially

linked to early alliance formation (i.e., client distress, social anxiety, attachment style, and positive

transference). Using detailed, construct-specific prompts, ChatGPT analyzed 72 client speech turns; the

analysis was then repeated three weeks later to test temporal stability and cross-validated using a

different LLM (Claude AI). The AI identified numerous statements consistent with psychological distress

and social anxiety, with these constructs showing the highest rates of unique classification, replication,

and cross-model agreement [16].

When evaluating a large quantity of text, an AI analysis has the potential for greater consistency, cost-

effectiveness, and potentially less bias than a human rater  [18]. Linguistic analysis using AI is also

unobtrusive, avoids reactivity effects, and can be performed without human raters  [19]. AI language

analyses can also provide a person-centered idiographic approach  [20]  that assesses an individual's

unique characteristics over time that may be unrelated to nomothetic traits.

Methods

A university librarian with expertise in online databases and ChatGPT were consulted to identify studies

of persons who describe their experiences of depression and burnout in publicly available qualitative

data. A major obstacle to obtaining complete transcripts is that most qualitative studies do not make

their transcripts publicly available because of confidentiality promised to research participants. Relative

to the purposes of this research, only three studies were found [21][22][23]. Fullen [21] studied individuals

diagnosed with clinical depression who reported their perceptions of depressive symptoms, social media
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use, and interpersonal relations. Because only 49 extracted quotes from interviews were available, this

sample was deemed too small for language analysis of burnout and depression. Similarly, Li et

al. [22] conducted semi-structured interviews with 14 operating room (OR) nurses who worked in a large

general Chinese hospital. Only 43 statements were available in the study.

Smith et al. [23] employed semi-structured interviews with health and social care professionals to explore

barriers and facilitators regarding expressive writing about occupational stress and well-being. Eleven

UK-based frontline health and social care workers from psychological and mental health were recruited

through professional networks and social media. Participants were 82% female with a mean age of 31.55

years; most participants indicated they had only a few years of work experience. Containing a total of

1,017 speech turns, the interviews were posted online at https://osf.io/zfmtk/files/guqnv; permission was

obtained to employ this language sample for analysis. For each interview, the transcript designates each

speech turn as uttered by either the interviewer or the healthcare worker. Each speech turn consists of

one or multiple statements that can include sentences as well as phrases that potentially could be

classified as belonging to more than one construct.

Construct Analysis Prompt and AI Applications

Just as the development of psychological tests rests on initial specification of constructs that guide item

and task construction [24], specific wording of the prompts employed to query LLMs strongly influences

subsequent output. Consequently, considerable effort was devoted to writing detailed prompt

instructions for use with study transcripts. Existing research literature provides indications about how

burnout and depression might be distinguished in terms of expressed negative affect. Differences may be

apparent in emotional tone, focus of attention, cognitive style, and social language  [3][4][25][26][27][28].

Burned out individuals, for example, may be more likely to employ words like exhausted, frustration, and

cynical, specific to their work context. In contrast, depressed persons' language may include hopeless,

worthless, and pointless.

Research findings guided the creation of a detailed prompt (see Appendix A) employed for LLM analysis

of transcripts. The AI was instructed to classify each separate piece of text as "reflecting burnout,

depression, both burnout and depression, or neither." The prompt then provided multiple examples of

burnout versus depression language for the AI program to employ for its analysis.

Participant speech turns consisted of individual segments as designated by the respective researchers.

Examples include "I always want to do everything perfectly, so I constantly feel that what I do is never
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good enough" and "The hardest part is not the regular work but completing all those additional tasks. At

first, it gave me a sense of accomplishment, but over time, the imbalance between effort and reward

made me feel resentful."

Large Language Models

An advanced Large Language Model (LLM) based on a knowledge base developed across multiple

domains, the ChatGPT program was designed for natural language understanding and generation.

ChatGPT has been employed for multiple purposes, including content creation, code generation, and

qualitative analysis [29]. OpenAI has introduced a newer model, GPT-4o, which began replacing GPT-4 in

ChatGPT as of April 30, 2025. Model sub-versions, temperature parameters, and token-handling settings

reflected standard system settings. Similarly, Claude AI is an advanced Large Language Model with

training across diverse domains and disciplines. As Claude 4 Opus/Sonnet 4.1, its training data extends

through January 2025. Anthropic (claude.ai) characterizes Claude as offering nuanced understanding of

complex topics across academic, professional, and creative domains.

Preprocessing procedures involved (a) removing all interviewer content from the transcripts, leaving the

LLMs to analyze only participant speech turns, and (b) labelling each participant speech turn with a

consecutive number for identification purposes. For each study, the LLMs analyzed the participant

transcripts during a single run.

Research Questions

This study's sample of professionals employed in health and social care may potentially evidence both

depression and burnout constructs in the language analysis. The major research questions are:

1. Can LLMs identify statements that reflect burnout in persons employed in occupations with

occupational stress?

2. Can LLMs identify statements that reflect depression in persons employed in occupations with

occupational stress?

3. What is the proportion of burnout compared to the proportion of depression statements within and

across all participants?
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Results

For each transcript, both LLMs were prompted to rate participants' spoken segments as indicating

burnout, depression, both, or neither. For participants, neither was the most frequently chosen rating;

statements rated as neither were factual comments, brief acknowledgments, professional discussions,

and yes/no responses to interviewer questions and prompts. Both ratings were very infrequent, tallying

only 8 ratings across both LLMs and all participants. The LLMs agreed on the neither and burnout

categories most consistently. The primary source of disagreement was ChatGPT coding 53 statements as

reflecting burnout that Claude coded as neither, and 22 statements coded in the reverse direction. Based

on a total of 1,010 pair ratings for the 11 participants, kappa equaled .658, indicating substantial

agreement between the LLM ratings [30].

Table 1 displays data regarding the LLM ratings of burnout and depression ratings per participant. The

LLMs rated speech turns from 11 participants (57,659 words), and the total number of statements

averaged 92.45 (SD = 13.93, range = 60 to 113) per participant. The number of ChatGPT-rated burnout

segments averaged 18% of the total number of segments, while ClaudeAI-rated burnout segments

averaged 12% of the total. The number of segments was not significantly correlated with the number of

burnout or depression ratings. The number of ChatGPT and ClaudeAI burnout ratings was significantly

correlated (r = .72, p = .01); the number of burnout and depression ratings were not significantly

correlated for either AI program (r = -.18, p = .60, for ChatGPT and r = .02, p = .95, for ClaudeAI).

The final row in Table 1 displays means, standard deviations, and the ratio of standard deviation divided

by the mean. A ratio between .05 and .15 indicates that the scale has enough variation to be useful for

statistical analyses [31]. The total number of participant segments falls in this range, while other indices

exhibit higher variability. At the participant level, ChatGPT-rated burnout segments ranged from 40% of

the total segments (Participant 6) to 4% (Participant 9). ClaudeAI-rated burnout segments ranged from

22% (Participants 10 and 11) to 4% (Participant 9). Only Participants 3 and 4 produced depression

segments. ClaudeAI accounted for most of the depression ratings, while ChatGPT rated more segments as

indicating burnout than ClaudeAI.

Discussion

With a substantial degree of agreement indicated by a κ of 0.658, LLM analyses offer a complementary

perspective on the longstanding controversy involving the sizeable correlations found between scores on
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quantitative measures of burnout and depression. The LLMs were able to identify (a) both burnout and

depression statements and (b) whether a particular statement reflected burnout or depression.

The most noteworthy result was the observed individual differences in research participants regarding

their expressions of burnout and depression. The assumptions of quantitative research are typically

nomothetic in nature: researchers who analyze total scores from burnout and depression self-report

measures at least implicitly assume that employees experience, express, and respond to occupational

stress in similar ways. Two employees with a high score on a burnout scale, for example, are expected to

be experiencing the same level of occupational stress. In this study, however, the relationship between

burnout and depression appeared to be idiographic, meaning that the burnout/depression relationship

differed by individual. Different healthcare workers expressed (a) both burnout and depression and (b)

burnout but no depression. This variation in the burnout/depression relationship fits well with other

research that documents changes in this correlation by age and work experience [1].

One possible explanation for the relative absence of depression ratings in this sample is that these

workers had not yet experienced sufficient occupational stress exposure for their distress to develop into

more generalized depression. Study participants reported three or fewer years of work experience. In a

dose-response model [32], once burnout reaches a sufficient threshold of intensity and duration, it may

generalize to depression. Research indicates that depression risk increases with higher intensity or

repeated exposure to job strain  [33], and psychosocial work factors such as high demands, low control,

and work–family conflict also predict depressive symptoms in proportion to their frequency of

exposure [34]. Quantitative workload indicators, such as long working hours, exhibit similar graded risk

patterns [32].

Regarding study limitations, non-verbal communication often provides different and sometimes more

valid expressions of psychosocial characteristics  [19]. Consequently, future research should compare

analysis of text and nonverbal information for evaluating occupational stress and burnout. Additionally,

archival transcripts in research present both strengths and limitations: reactivity is minimized because

participants are unaware of research questions, but additional questions that arise during the research

process cannot be addressed. Even though analysis of interview transcripts removes many issues present

in self-report measures, retrospective bias, differences in willingness to self-disclose, and interviewer

effects remain.
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Finally, the ability of LLMs to process sizeable amounts of text means that future research should

replicate and extend these initial findings with larger language, diverse, and occupational samples.

Participant# (Gender,

age)

Total # of Participant

Segments

#ChatGPT

Burnout Ratings (%

Total)

# Claude

Burnout

Ratings

(% Total)

# ChatGPT

Depress

Ratings

(% Total)

# Claude

Depress

Ratings

(% Total)

1 (M, 32) 95 12 (13%) 6 (6%) 0 0

2 (F, 26) 90 17 (19%) 8 (9%) 0 0

3 (F, 27) 88 22 (25%) 15 (17%) 0 6 (7%)

4 (F, 37) 97 12 (12%) 6 (6%) 6 (6%) 4 (4%)

5 (F, 31) 106 6 (6%) 6 (6%) 0 0

6 (F, 24) 81 32 (40%) 15 (19%) 0 0

7 (F, 44) 113 21 (19%) 14 (12%) 0 0

8 (M, 30) 60 13 (22%) 4 (7%) 0 0

9 (F, 24) 89 4 (4%) 4 (4%) 0 0

10 (F, 36) 99 21 (21%) 22 (22%) 0 0

11 (F, 36) 99 20 (20%) 22 (22%) 0 0

Totals 1,017 180 (18%) 122 (12%) 6 (1%) 10 (1%)

M

SD

SD / M

92.45

13.93

.15

16.36

8.02

.49

11.09

6.82

.61

0.55

1.81

3.29

0.91

2.07

2.27

Table 1. AI Classification of Healthcare Workers’ Language Samples [23]

Note. Participant# refers to a particular healthcare worker, while Total # of Participant Segments indicates the

number of separate participant statements during the interview. The LLMs were prompted to rate participants’
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speech turns as indicating Burnout, Depression, Both, or Neither. The respective columns report the number of

rated Burnout and Depression entries, with percentages of the total number of segments in parentheses.

Appendix A

AI Prompt for Detecting Burnout and Depression in Text

I will upload a transcript from [transcript description]. I would like you to examine [text] and identify it as

reflecting burnout, depression, both burnout and depression, or neither. Place each quote designation,

your classification, and the rationale in an APA formatted table.

The language of depressed individuals tends to be focused inward, hopeless, self-critical, global, and

heavy, while the language of burned-out individuals tends to be focused outward, exhausted, frustrated,

cynical, and specific to work/stress context.

Here are additional examples of burnout and depression expressed verbally:

Depressed individual:

More likely to use negative emotional words (“hopeless,” “worthless,” “guilty”).

Stronger focus on sadness, emptiness, or self-criticism.

Emotional language often feels heavy, global, and self-directed.

Burned-out individual:

May use language of exhaustion and frustration (“drained,” “can’t keep up,” “overwhelmed”).

Emotional tone is often more about irritability, cynicism, and stress than despair.

Complaints often point outward (toward work, colleagues, or the system).

Depressed individual:

More likely to use negative emotional words (“hopeless,” “worthless,” “guilty”).

Stronger focus on sadness, emptiness, or self-criticism.

Emotional language often feels heavy, global, and self-directed.

Depressed individual:

Language is self-focused: higher use of “I” pronouns.

Rumination about the past and general negative worldview.

Generalized hopelessness (“things will never get better”).

Burned-out individual:

Language often work- or task-focused.
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Complaints about external demands, workload, bureaucracy, or lack of support.

Less about self-worth, more about capacity and resources.

Depressed individual:

Absolute or all-or-nothing phrasing (“always,” “never”).

Catastrophic framing (“nothing matters,” “I can’t go on”).

Slowed, sometimes flat or sparse speech, reflecting psychomotor slowing.

Burned-out individual:

Pragmatic, detail-oriented complaints (“too many meetings,” “I can’t finish deadlines”).

Language often indicates mental overload but not necessarily hopelessness.

May still show energy in venting, but in a cynical or detached way.

Depressed individual:

Withdrawal signals: “I don’t want to see anyone,” “I’m a burden.”

Loss of interest and pleasure in social engagement.

Burned-out individual:

Social talk may turn sarcastic, bitter, or resentful, especially about colleagues or supervisors.

Can still maintain some humor or venting with peers.
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