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Abstract

Globally, the incidence of depression and anx-
iety continues to rise, and the importance of
mental health assessment scales as diagnostic
tools has grown accordingly. Researchers are
increasingly employing generative Al to pro-
duce large volumes of items and entire scales,
which in turn elevates the costs of validating
their reliability and validity. In this study, we
used four open-weight LLMs to complete the
GAD-7 and PHQ-9, varying prompts, sampling
temperature, and dynamic contextual scenarios
to emulate realistic human response patterns.
Using multi-group confirmatory factor analy-
sis, differential item functioning analyses, and
other psychometric methods, we evaluate the
factor structure of LLM-generated responses
and assess measurement invariance relative to
human responses. Our findings reveal a criti-
cal paradox: although open-weight LLMs ex-
hibit exceptionally high internal consistency,
they demonstrate severe structural mismatch
and fail to achieve scalar measurement invari-
ance against human baselines. Furthermore,
pervasive differential item functioning and ex-
treme prompt fragility indicate that these mod-
els rely on superficial, stereotype-driven seman-
tic matching rather than simulating stable latent
psychological dynamics.

1 Introduction

Recent advances in large language models (LLMs)
have motivated growing interest in their use for
social science studies and practice (Thapa et al.,
2025), such as mental health (Lawrence et al.,
2024). As one of the most prevalent mental health
issues, anxiety and depression are exhibiting a
growing trend on a global scale (Chen et al., 2026).
Consequently, researchers are actively exploring
research and clinical practices concerning the ef-
fective application of LLMs in the diagnosis and
treatment of these conditions (Pavlopoulos et al.,
2024).
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Psychological scales such as Generalized Anx-
iety Disorder (GAD)-7 (Spitzer et al., 2006) and
Patient Health Questionnaire (PHQ)-9 (Kroenke
et al., 2001) are a common class of instruments
used for preliminary diagnosis or self-assessment
of anxiety and depression (Costello and Comrey,
1967). Currently, LLMs are widely used by schol-
ars in education and psychometric measurement to
develop new items and questionnaires (Tan et al.,
2025; Adhikari et al., 2025). Undeniably, LLMs
can design a large number of new items and scales
in a short period, greatly improving the efficiency
and time cost of item and questionnaire develop-
ment. However, the ensuing problem is that as the
number of newly designed items and questionnaires
increases, the temporal and economic costs of col-
lecting human responses to validate their reliability
and validity according to traditional methods have
also increased significantly.

Due to their robust comprehension and learn-
ing capabilities, LLMs are being utilized by re-
searchers to simulate human behavior and are con-
sidered a promising approach (Park et al., 2023).
However, when such models are used as synthetic
respondents for psychological scales, the central
question is not merely whether they can gener-
ate plausible answers, but whether those answers
remain psychometrically comparable to authen-
tic human responses. In this study, we examine
this question using two widely used mental health
screening scales, the GAD-7 and PHQ-9, and eval-
uate whether responses generated by open-weight
LLMs exhibit measurement invariance relative to
human data. To make the comparison more realis-
tic, we vary respondent personas, situational con-
text, prompting conditions, and decoding tempera-
tures. Our primary research question is therefore
whether LLM-generated responses can function as
psychometrically aligned synthetic substitutes for
human respondents on clinical screening scales.

Proceedings of the 10th Workshop on Computational Linguistics and Clinical Psychology (CLPsych 2026), pages 88-99
July 4, 2026 ©2026 Association for Computational Linguistics



2 Related Work

Given their strong natural language capabilities,
LLMs are increasingly used in the screening and
treatment of anxiety and depression. For example,
Tao et al. (2023) proposed an LL.M-based virtual
interaction framework to explore ChatGPT’s poten-
tial for detecting these disorders, while Liu et al.
(2025a) developed EmoScan, which screens for de-
pression and anxiety through brief text dialogues.
Xu et al. (2025) fine-tuned LLMs on clinical record-
ings of outpatients with depression and anxiety to
automate scale assessments, achieving robust di-
agnosis and symptom classification through an en-
semble pipeline and 10-fold cross-validation. In
addition, Zhao et al. (2025) found that LLM-driven
conversational agents can reduce mild symptoms
in young adults, and Garcia-Méndez et al. (2026)
combined machine learning and LLMs to improve
detection in unstructured conversations.

Recent studies have also examined LLM perfor-
mance on academic tests and psychometric scales.
Using Item Response Theory, Liu et al. (2025b)
compared LLMs with undergraduates on college
algebra problems and found that individual LL.Ms
show a narrower proficiency range than humans,
while ensemble models better approximate stu-
dent ability distributions. Similarly, Ferreira et al.
(2025); Cipriani et al. (2025) evaluated LLM re-
sponses to personality and climate change per-
ception scales with descriptive statistics and ex-
ploratory factor analysis, showing that LLMs only
partially reproduce human patterns. This suggests
that LLM-generated data may be useful for early
group-level psychometric prototyping, but cannot
replace individual-level validation. A fundamental
driver of these psychometric discrepancies is high-
lighted by Licht et al. (2025), who demonstrate
that LLMs process ordinal scales idiosyncratically
through heaping, mechanically concentrating prob-
ability mass on arbitrary numeric tokens rather than
reflecting true continuous distributions. This me-
chanical token bias provides a critical mechanistic
context for why synthetic responses may mimic
human averages but fail structural validation.

Battista et al. (2026) further showed that LLLMs
such as GPT-3.5 can simulate depressive symp-
toms and score highly on relevant scales, although
they may also display malingering-like patterns.
Moreover, while LLMs remain limited in captur-
ing authentic cross-cultural psychological nuances
in personality inventories (Li and Qi, 2025), they
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show social desirability bias comparable to human
responses (Salecha et al., 2024). Thus, using LLMs
to pilot personality scales and questionnaires may
be a valuable step before human administration
(de Winter et al., 2024).

From the perspective of LLM simulation, the
aforementioned studies generally rely on very
small sample sizes (fewer than 100) or use fixed
demographic profiles, which fails to mitigate the
impact of inherent LLM stochasticity on research
results. Regarding analytical rigor, most of these
studies employ basic statistical methods and lack
formal psychometric validation to establish mea-
surement invariance between LLM-generated and
human responses. Furthermore, the limited sample
sizes in these studies can potentially undermine the
precision and reliability of their conclusions.

3 Method

In this study, we selected four open-weight LLMs
to respond repeatedly to the GAD-7 and PHQ-9 by
systematically varying combinations of personas,
prompt types, dynamic situational modifiers, and
temperatures. Subsequently, we applied psycho-
metric techniques, specifically Confirmatory Fac-
tor Analysis (CFA) and ordinal logistic differential
item functioning (DIF), to evaluate the measure-
ment invariance between LLM-generated outputs
and human response data. Figure 1 shows our com-
prehensive methodological pipeline.

3.1 Data

For this study, we selected the GAD-7 and PHQ-9,
classic self-report scales for anxiety and depression,
as our primary research instruments. To facilitate
a robust comparison with human responses, we
used the GAD-7 data from 2019 National Health
Interview Survey (NHIS), and the PHQ-9 data from
2017 to 2019 of the National Health and Nutrition
Examination Survey (NHANES) after removing all
samples with missing values.

3.2 LLM-Based Response Generation

We constructed a layered respondent simulation
pipeline to generate synthetic respondent data for
PHQ-9 and GAD-7. The pipeline was imple-
mented with four open weight LLMs: Llama-3.1-
8B-Instruct, Mistral-7B-Instruct, Llama-3.3-70B-
Instruct, and GPT-OSS-120B. The inclusion of
models at both the ~8B and ~100B parameter
scales reflects a deliberate range of model capac-
ities; prior work has demonstrated that models



Framework for Evaluating LLM-Generated Synthetic PHQ-9/GAD-7 Responses Against Human Baseline Data
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Figure 1: Overall framework of the study for generating LLM-based synthetic PHQ-9 and GAD-7 responses, and
evaluating psychometric alignment between synthetic and human data.

of these scales exhibit reasonably representative
language understanding and generation behavior
suitable for the tasks of psychology and educa-
tion (Mantena et al., 2025; Xiao and Shen, 2026;
Loweimi et al., 2026; Shen et al., 2026). First,
real respondents typically exhibit relatively sta-
ble individual differences when completing ques-
tionnaires (Julian, 2011). To reflect this, we as-
signed each model a baseline persona specifying
the respondent’s symptom background. For both
scales, personas were defined at three severity lev-
els, healthy, mild, and severe, so that generated
responses showed a clear severity structure. This
layer captured relatively stable differences in re-
spondent symptom profiles and provided a basis for
later modeling of local fluctuation and item-level
variation. However, stable severity differences
alone are insufficient to explain response variation
within the same severity group. In real self-report
data, responses reflect not only overall symptom
level but also short-term fluctuations and situational
influences (Armey et al., 2015; Mengelkoch et al.,
2024). To model this, we introduced dynamic sit-
uational modifiers. Before each generation, the
system randomly appended a brief description of
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the respondent’s current state or recent experience,
such as “you slept poorly last night.” These mod-
ifiers did not alter overall severity, but influenced
item-level responses, preserving the overall sever-
ity structure while retaining more natural within-
group fluctuation. Even with baseline personas
and dynamic situational modifiers, LLM-generated
responses could still deviate from real self-report re-
sponse patterns. Whereas real self-report responses
reflect both relatively stable symptom tendencies
and short-term situational fluctuation, LLM-based
questionnaire generation may produce overly regu-
lar or internally over-consistent response patterns
(Jeon et al., 2024; Chan et al., 2025). To reduce
this mismatch, we introduced two prompting con-
ditions, Standard and Calibrated, to constrain re-
sponse style. Under the Standard condition, the
model completed the questionnaire directly from
the assigned persona and modifier. Under the Cali-
brated condition, the prompt discouraged uniformly
extreme responding and allowed moderate item-
level variation, temporary relief, and mild incon-
sistency. For example, severe respondents were
not expected to choose the highest option for every
item, while healthy respondents could still report



mild distress. This setting helped reduce overly
regular response patterns. To account for sampling
effects, we repeated generation under different tem-
perature conditions to introduce additional output
variability within the same respondent condition,
rather than fixing responses to a single decoding
setting. For each scale and model, generation con-
ditions were defined by temperature, persona, and
prompt condition. Temperature had two levels, per-
sona had three levels (healthy, mild, severe), and
prompt condition had two levels (Standard, Cali-
brated), yielding 2 x 3 x 2 = 12 generation condi-
tions per model for each scale. Each condition was
repeated for 500 iterations, resulting in 6,000 valid
responses per scale for each model, with matched
sample sizes across models. All outputs followed a
strict JSON schema with one integer score per item,
and a mixed-score example response was provided
to constrain output structure. The resulting outputs
formed the synthetic respondent dataset used for
subsequent psychometric evaluation.

3.3 Psychometric Methods

To ensure comparable group sizes in subsequent
analyses(Chen, 2007; Herrera and Gémez, 2008),
we randomly sampled 6,000 observations without
replacement from each human dataset to match the
number of LLM-generated responses per scale. We
then fitted unidimensional CFA models separately
to the human and LLM-generated data (Lowe et al.,
2008; Bianchi et al., 2022), treating item responses
as continuous and using robust maximum likeli-
hood estimation (MLR). We adopted this specifi-
cation because preliminary ordinal CFA models
produced improper solutions (e.g., non-positive
definite covariance matrices and negative residual
variances), whereas MLR yielded stable and in-
terpretable estimates for the present comparisons.
Model fit was evaluated using the criteria recom-
mended by Hu and Bentler (1999), with acceptable
fit indicated by CFI and TLI > 0.95, RMSEA <
0.06, and SRMR < 0.08. Chi-square tests for all
individual CFA models were statistically signifi-
cant (p < .001), which is expected given the large
sample sizes involved and does not in itself indicate
model misfit.

Measurement invariance between human and
LLM-generated responses was examined using
multi-group CFA under the conventional sequence
of configural, metric, and scalar models, and evalu-
ated primarily by changes in CFI between nested
models. Following common practice in social sci-
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ence research, strict invariance was not tested, as it
is widely regarded as an overly stringent criterion
that is rarely achieved in practice and is generally
not required for meaningful cross-group compar-
isons (Vandenberg and Lance, 2000; Putnick and
Bornstein, 2016). To assess item-level bias, we ad-
ditionally conducted ordinal logistic regression DIF
analyses, using a change in McFadden’s pseudo- R?
greater than 0.035 as the criterion for substantial
DIF (Zumbo, 1999; Choi et al., 2011). We also
conducted within-model multi-group CFA to com-
pare responses generated under the Standard and
Context-Calibrated prompts, assessing whether in-
ternal prompt variation altered the underlying mea-
surement structure.

4 Results and Discussion

Tables 1 and 2 show the results of our psychome-
tric evaluation and analysis of data generated by
LLMs, as well as the evaluation of the measure-
ment invariance between the LLM-generated data
and human response data. The results show a criti-
cal paradox in LLM-generated psychometric data:
the illusion of high reliability masking structural
collapse. Across the PHQ-9 and GAD-7, LLMs
exhibited exceptionally high internal consistency
(o = 0.86 to 0.96), often surpassing human base-
lines. However, CFA results expose this reliability
as spurious. Chi-square tests were statistically sig-
nificant (p < .001) for all models including the
human baseline, which is expected given the large
sample size (N = 6,000) and does not in itself
indicate misfit (Hu and Bentler, 1999). Human
data showed excellent unidimensional fit across all
practical indices (CFI = 0.972, RMSEA = 0.047),
while all LLM yielded a substantially degraded
fit, with RMSEA ranging from 0.124 to 0.364 and
CFI as low as 0.724, confirming that the signifi-
cant chi-squares for LLM models reflect genuine
structural misfit rather than a sample-size artifact.
Notably, Llama-3.3-70B showed the poorest fit,
and even the largest model evaluated (GPT-OSS-
120B) failed to reach acceptable structural thresh-
olds. This suggests LL.Ms rely on stereotype-driven
semantic matching, mechanically assigning high
scores to negative descriptors, rather than simulat-
ing a coherent latent psychological trait.

This structural mismatch is further corroborated
by testing measurement invariance against human
baselines. No LLLM achieved partial scalar invari-
ance on either scale, indicating fundamentally mis-



aligned intercepts. Furthermore, DIF analysis re-
vealed that LLMs systematically distort specific
symptom weights, exhibiting significant DIF on 7
to 8 out of the 9 PHQ-9 items. Consequently, LLM
raw scores cannot be mathematically equated to
human populations.

Crucially, we uncovered extreme prompt
fragility within the models themselves. Tables 3
and 4 report within-model multi-group CFA re-
sults comparing the two prompt conditions. Across
both scales, none of the models supported metric
or scalar invariance, and configural fit was already
weak in several cases, suggesting that changes in
prompting affected the latent response architecture.
In humans, contextual shifts may alter latent means
but rarely obliterate the underlying measurement
geometry. For LLMs, altering the persona prompt
completely rewires the response architecture.

Collectively, these findings indicate that while
LLM outputs appear clinically relevant, their under-
lying psychometric geometry remains fundamen-
tally non-human. The complete failure to main-
tain structural consistency, both against humans
and across internal prompt variations, poses severe
validity risks for deploying LLMs as synthetic re-
spondents in psychological scale pre-testing.

5 Conclusion

This study examines whether open-weight LL.Ms
can function as psychometrically valid synthetic
respondents on the GAD-7 and PHQ-9. Our re-
sults show that the answer is currently no. Despite
high internal consistency, the generated responses
do not preserve the same structural properties as
human data, fail to support scalar invariance, and
display substantial item-level bias. The central
finding is a reliability illusion: LLM-generated re-
sponses achieved Cronbach’s « values of 0.86 to
0.96, often exceeding the human baseline, yet this
apparent reliability masked severe structural mis-
fit. This paradox likely reflects stereotype-driven
semantic matching, whereby models assign scores
based on surface-level associations with symptom-
related language rather than sampling from a co-
herent latent psychological distribution. As a re-
sult, high inter-item consistency emerges not from
a shared underlying construct, but from system-
atic response tendencies that happen to co-vary
across items, a fundamentally different mechanism
from what reliability coefficients are designed to
capture. The prompt fragility results further un-
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derscore this interpretation. Across all four mod-
els, even minor changes in prompt framing were
sufficient to disrupt metric and scalar invariance
within the same model, indicating that the latent
response architecture itself shifts with surface-level
wording. In human respondents, contextual fac-
tors may shift symptom expression but rarely alter
the underlying measurement geometry of a well-
validated scale. The fact that LLMs do not exhibit
this stability suggests that they lack a stable inter-
nal representation of the clinical constructs being
measured. These findings carry practical implica-
tions for the use of LLMs in psychometric scale
development. While LLM-generated data may of-
fer utility in early-stage item generation or quali-
tative piloting, the present results caution against
their use as synthetic respondents for quantitative
pre-validation, particularly when the goal is to es-
timate reliability or factor structure prior to hu-
man administration. Treating high Cronbach’s «
as sufficient evidence of data quality in this con-
text risks systematically misleading scale develop-
ment decisions. More broadly, our results speak
to ongoing debates in the digital twin and LLM-
as-coder literature: any claim of LLM-human sub-
stitutability must be vetted through domain-expert-
led, construct-appropriate validation rather than
surface-level performance metrics alone.

We therefore argue that reliability alone is an
inadequate benchmark for synthetic psychomet-
ric data, and that measurement invariance relative
to human baselines should serve as a more strin-
gent criterion in future evaluations. Subsequent
work might explore whether instruction-tuned mod-
els with richer demographic and clinical ground-
ing, or models fine-tuned on large-scale self-report
corpora, can better approximate the psychomet-
ric geometry of human responses. Until such ev-
idence is available, researchers should interpret
LLM-generated scale responses with considerable
caution.

Limitations

Our study has several limitations. First, to enhance
applicability across clinical settings with varying
economic resources, we used only freely down-
loadable, deployable open-weight LLMs and did
not employ stronger, paid models (e.g., Gemini-3,
GPT-5), which may perform differently on the
same tasks. Second, in our experimental design, the
combination of conditions yielded approximately



balanced proportions of different mental health
states; however, the true distribution in real popula-
tions completing these scales may deviate from our
simulated proportions. For example, among respon-
dents completing these scales in mental health clin-
ics, the prevalence of actual depression or anxiety
is likely higher than in large community surveys,
and in neither context is a balanced prevalence as-
sured. Third, we did not systematically ablate the
role of dynamic contexts or prompting components,
so the specific contribution of each design choice
remains unclear. Finally, because we drew only
a single sample of human responses, multi-group
CFA comparisons may vary across different sam-
ples due to sampling variability.

Ethical Statement

This study used publicly available, de-identified
human response data from NHIS and NHANES
and did not involve new participant recruitment or
direct interaction with human subjects. These data
are fully open to the public; anyone may access
them unconditionally, without the need to apply for
special permissions or sign data usage agreements.
When researchers acquire and analyze data, they
must never re-link the data to an individual’s iden-
tity through any encoding or key. Rather than an
ethical concern intrinsic to this study, our findings
serve as a cautionary signal: using LLM-generated
responses as substitutes for real patient data, with-
out rigorous psychometric validation, would con-
stitute a failure on the part of those who disregard
such evidence.
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A Appendix
A.1 Psychometric Results for PHQ-9 and GAD-7

Here we report the full psychometric evaluation results for the sampled human data and the four open-
weight LLMs on PHQ-9 and GAD-7.

Table 1: Psychometric evaluation results for the sampled human data and four open-weight LLMs on GAD-7.

Model SRMR CFI TLI RMSEA  Cronbach’s o  Partial Metric  Partial Scalar  DIF Items
Human 0.017 0972 0.958 0.047 0.97 - - -
Llama-3.3-70B 0.088 0.724 0.586 0.364 0.93 Pass Fail 3
GPT-OSS-120B  0.038  0.926 0.889 0.178 0.94 Fail Fail 3
Llama-3.1-8B 0.056 0.878 0.817 0.216 0.92 Fail Fail 5
Mistral-7B 0.051 0.901 0.907 0.173 0.90 Pass Fail 4

Table 2: Psychometric evaluation results for the sampled human data and four open-weight LLMs on PHQ-9.

Model SRMR CFI TLI RMSEA Cronbach’s o  Partial Metric ~ Partial Scalar  DIF Items
Human 0.042 0931 0.908 0.054 0.84 - - -
Llama-3.3-70B 0.060 0.819 0.758 0.272 0.96 Pass Fail 7
GPT-OSS-120B  0.039 0919 0.891 0.167 0.96 Fail Fail 8
Llama-3.1-8B 0.056  0.897 0.863 0.124 0.86 Fail Fail 8
Mistral-7B 0.057 0918 0.891 0.151 0.92 Fail Fail 7

Table 3: Measurement invariance across prompt conditions for LLM-generated GAD-7 responses.

Model Invariance Level CFI TLI RMSEA SRMR ACFI  Status
llama-3.3-70b-instruct ~ Configural 0.658 0.487 0.526 0.129 - -
Ilama-3.3-70b-instruct ~ Metric 0.557 0.453 0.543 0.322  -0.101 Fail
llama-3.3-70b-instruct ~ Scalar 0.491 0.466 0.536 0.346  -0.066 Fail
gpt-0ss-120b Configural 0910 0.866 0.218 0.037 - -
gpt-0ss-120b Metric 0.899 0.876 0.210 0.084 -0.011 Fail
gpt-0ss-120b Scalar 0.850 0.842 0.236 0.099  -0.049 Fail
Illama-3.1-8b-instruct Configural 0.840 0.761 0.266 0.054 - -
Ilama-3.1-8b-instruct Metric 0.809 0.764 0.264 0.119  -0.031 Fail
Ilama-3.1-8b-instruct Scalar 0.785 0.774 0.258 0.126  -0.024 Fail
mistral-7b-instruct Configural 0.869 0.804 0.252 0.050 - -
mistral-7b-instruct Metric 0.839 0.802 0.253 0.099  -0.030 Fail
mistral-7b-instruct Scalar 0.797 0.787 0.262 0.128  -0.042 Fail
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Table 4: Measurement invariance across prompt conditions for LLM-generated PHQ-9 responses.

Model Invariance Level =~ CFI TLI RMSEA SRMR ACFI Status
llama-3.3-70b-instruct ~ Configural 0.718 0.624 0.419 0.106 - -
llama-3.3-70b-instruct ~ Metric 0.590 0.524 0471 0.196  -0.128 Fail
llama-3.3-70b-instruct ~ Scalar 0.572  0.560 0.453 0.201  -0.018 Fail
gpt-oss-120b Configural 0.900 0.867 0.212 0.035 - -
gpt-0ss-120b Metric 0.868 0.847 0.228 0.140  -0.032 Fail
gpt-oss-120b Scalar 0.826  0.821 0.246 0.151  -0.042 Fail
Ilama-3.1-8b-instruct Configural 0.875 0.833 0.145 0.060 - -
Ilama-3.1-8b-instruct Metric 0.838 0.811 0.155 0.107  -0.037 Fail
llama-3.1-8b-instruct Scalar 0.766  0.759 0.175 0.123  -0.072 Fail
mistral-7b-instruct Configural 0.921 0.895 0.163 0.051 - -
mistral-7b-instruct Metric 0.895 0.878 0.176 0.120  -0.026 Fail
mistral-7b-instruct Scalar 0.851 0.846 0.197 0.147  -0.044 Fail
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A.2 Persona Definitions

To improve methodological transparency without including full implementation details, we summarize
here the baseline persona settings used in the prompt construction process for PHQ-9 and GAD-7
generation.

A.2.1 PHQ-9 Persona Definitions

Table 5: Baseline persona definitions used for PHQ-9 response generation.

Persona Intended severity Description
Healthy low symptom level A completely healthy adult with a regular routine, stable mood, and
generally positive outlook on life.
Mild Depression moderate symptom  An adult with mild depressive symptoms who occasionally feels
level tired or down but can still manage daily work and life with effort.
Severe Depression high symptom level An adult experiencing a severe major depressive episode, charac-

terized by persistent hopelessness, low energy, loss of interest, and
substantial impairment in daily functioning.

A.2.2 GAD-7 Persona Definitions

Table 6: Baseline persona definitions used for GAD-7 response generation.

Persona Intended severity Description
Healthy low symptom level A completely healthy adult with a regular routine, a calm mind, and
little tendency to worry unnecessarily.
Mild Anxiety moderate symptom  An adult with mild anxiety who occasionally feels nervous or worries
level about everyday matters but can still manage daily life.
Severe Anxiety high symptom level An adult experiencing severe generalized anxiety, characterized by

persistent tension, uncontrollable worry, a sense of impending doom,
and substantial impairment in daily functioning.

A.3 Situational Modifiers

In addition to baseline personas, each generation prompt incorporated a short situational modifier sampled
from a predefined modifier pool. These modifiers were used to introduce controlled within-person
fluctuation while preserving the overall symptom profile implied by the baseline persona.

A.3.1 PHQ-9 Situational Modifiers

Table 7: Situational modifiers used for PHQ-9 response generation.

Modifier text

z
e

Even though this is your baseline state, you had a relatively peaceful morning today.
Your mood has been fluctuating a bit more than usual this week.

You’ve been trying to distract yourself with routines recently, with mixed success.
You are just going about an ordinary, uneventful day.

You recently had a pleasant but brief interaction with a neighbor.

You had a poor night’s sleep which is making everything feel a bit more intense today.
You are feeling a slight, unexpected shift in your energy levels right now.

You feel slightly more easily irritated or distracted than usual today.

[ BN N NV, BF SOOI S R

A.3.2 GAD-7 Situational Modifiers
A4 Prompt Assembly Summary

For each generation condition, the final prompt was constructed by combining four components: (1) a
baseline persona definition corresponding to the target symptom severity, (2) a short situational modifier
drawn from the predefined modifier pool, (3) the questionnaire completion instruction for PHQ-9 or
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Table 8: Situational modifiers used for GAD-7 response generation.

Z
e

Modifier text

Even though this is your baseline state, you had a relatively calm morning today.

Your anxiety levels have been fluctuating a bit more than usual this week.

You just received an ambiguous email from your boss, which is making you overthink.

You are just going about an ordinary, uneventful day.

You recently had a pleasant and relaxing conversation with a friend.

You had too much coffee today, making you feel physically jittery and more restless than usual.
You are experiencing a rare, fleeting moment of complete relief right now.

You feel slightly more easily startled or on edge than usual today.

[e<BEN le NV, I NS I S R

GAD-7, and (4) a structured output constraint requiring item-level responses in JSON format. This design
allowed us to preserve the overall symptom profile implied by the persona while introducing controlled
within-condition variability through the situational modifier.

A.5 Code

The code we used to generate responses to the scales using LLMs is available at the following link
https://osf.io/d5wrm/overview?view_only=889cc6bddaed44659fd5aa2ee98c675a.

99


https://osf.io/d5wrm/overview?view_only=889cc6bd0aed44659fd5aa2ee98c675a

