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Abstract
Psychiatric intake is a sequential, high-stakes information-gathering
process in which clinicians must decide what to ask, in what or-
der, and how to interpret incomplete or ambiguous responses un-
der limited time. Despite growing interest in conversational AI
for healthcare, there is still limited infrastructure for conversa-
tional AI in this application. Accordingly, we formulate this task as
a question-selection problem with clinically grounded questions,
known target information, and controllable patient difficulty. We
also introduce a task-specific question-selection benchmark based
on a bank of 655 clinician-authored intake questions and corre-
sponding synthetic patient vignettes with 5 different behavioral
conditions. In our evaluation, we compare random questioning, a
clinical psychiatric intake form baseline, and an LLM-guided adap-
tive policy across 300 interview sessions spanning four patients
and five behavioral conditions. Across the benchmark, the clinically
ordered fixed form substantially outperforms random questioning,
and the LLM-guided policy achieves the strongest overall recovery.
The advantage of adaptation grows sharply under patient behavior
that is less amenable to field recovery, especially under guarded-
concise conditions. These findings suggest that performance in
conversational clinical systems depends not only on language un-
derstanding after information is disclosed, but also on whether the
system reaches the right topics within a limited interaction budget.
More broadly, the benchmark provides a controlled framework for
studying how clinical structure and adaptive follow-up contribute
to information recovery in interactive clinical machine learning.
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1 Introduction
Psychiatric intake is an adaptive information-gathering process
in which clinicians use open-ended and targeted follow-up ques-
tions to understand a patient’s condition [4, 14]. During intake,
clinicians must decide which questions to ask, in what order, and
how to interpret partial or ambiguous answers to support down-
stream care [14]. Because responses are often subjective, incomplete,
and context-dependent, what to ask next depends on what the pa-
tient has already discussed [4]. Unlike other medical domains with
structured measurements, these aspects make psychiatric intake an
adaptive process under uncertainty, where effective care depends
on selecting the most informative next question [4, 14].

Still, in practice, psychiatric assessment is often operationalized
through brief fixed-form screening tools and structured question-
naires, particularly for common symptom domains such as depres-
sion and anxiety [6, 15, 16]. Form-based approaches like these may
assume that relevant questions can be specified in advance, reduc-
ing intake to a fixed sequence rather than an adaptive questioning
process. However, this process can be frustrating to patients and
produce incomplete or misleading representations of a patient. This
is especially concerning in fragmented care systems, where the
intake results may be used by downstream clinicians who lack ac-
cess to the original intake context [4, 14]. Therefore, we need new
algorithms for question selection that optimize information gath-
ering under time constraints and uncertainty, rather than treating
intake as static data collection. This task is challenging because
such systems must recover safety-, treatment-, and social-context
information within a limited conversational window, often from
patients who differ substantially in how much they disclose and
how directly they answer [3, 14, 22]. Missing the right question
can mean missing critical medical information, like current suici-
dal ideation, unhealthy alcohol or tobacco use, prior psychiatric
treatment, or medically relevant background [17–19, 22].

We formalize psychiatric intake as a machine learning problem
in which questions are selected sequentially from a large, fixed
question bank to maximize recovery of clinically relevant informa-
tion under a constrained interview budget. Through a participatory
design process with clinicians, we construct a benchmark from
655 real intake questions spanning multiple psychiatric settings
(e.g. substance use clinic). Within this framework, we compare
three question-selection strategies that differ in how much clinical
structure and adaptation they use. We pair this question bank with
clinician-informed synthetic vignettes that generate responses un-
der controlled behavioral conditions (default, forthcoming-talkative,
forthcoming-concise, guarded-talkative, and guarded-concise) [5],
and evaluate the resulting interactions under a preregistered proto-
col. Specifically, we compare a random baseline, a clinically ordered
fixed-form baseline, and an LLM-guided adaptive policy, and we
review transcripts for hallucinated or unsupported information.

The evaluation yields three main findings. First, clinically struc-
tured questioning substantially outperforms untargeted random
questioning across the full benchmark. Second, the advantage of
adaptation grows as patient behavior becomes less amenable to
field recovery, especially under guarded and concise response styles.
Third, the benchmark shows that the main bottleneck in this setting
is not only whether a system can interpret disclosed information,
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but whether it reaches the right topics within a limited conversa-
tional budget. These results suggest that interactive clinical systems
should be evaluated not only by end-task accuracy, but also by how
they allocate limited conversational opportunities across clinically
meaningful topics.

2 Related Work
Psychiatric intake is distinct frommany other clinical data-collection
settings because the relevant information is often subjective, in-
complete, and only partially disclosed at the time of questioning.
Effective intake therefore depends not only on what information
is eventually elicited, but also on how the interviewer sequences
follow-up questions, resolves ambiguity, and adapts to patient be-
havior over time [4, 14, 22]. Structured psychiatric interviews such
as the SCID motivate fixed, clinically grounded interview formats,
but they are still open to adaptive clinical judgement [2]. This makes
psychiatric intake different from settings in which diagnostically
relevant features are available early through structured measure-
ments or fixed forms, and motivates treating question order itself
as part of the learning problem.

Conversational AI for psychiatric intake also has different con-
siderations than other medical conversational AI systems. Previous
work has examined conversational systems in healthcare and men-
tal health [7, 20], diagnosis-oriented medical dialog datasets [24],
virtual patients for education [5], and adaptive information acqui-
sition in a more general way [12, 21]. Systematic reviews have
emphasized both the promise and limitations of this research: many
studies remain in the early stages, narrowly skewed or evaluated
without strong evidence of safety, efficacy, or generalizability [7, 20].
In mental health specifically, prior work has focused largely on
chatbots for support, screening, or treatment-adjacent interaction
[8, 20]. However, these lines of work do not provide a method for
systematic psychiatric intake question selection with a clinically
grounded question source, known target information, controllable
patient difficulty, and a clinically meaningful fixed-form compara-
tor. Without these elements, it is difficult to determine whether
stronger performance comes from better question choice, stronger
clinical structure, easier cases, or more favorable conversational
dynamics.

Our work differs in both objective and evaluation setting. Rather
than studying support or therapeutic interaction, we study how
different questioning policies recover clinically relevant informa-
tion under a fixed conversational budget, reflective of realistic psy-
chiatric conditions that can be meaningful from an information-
theoretic lens. In particular, we make use of patient vignettes to
spawn virtual patient agents to respond to clinician questions. These
types of virtual patients are widely used as interactive simulations
of clinical scenarios [5]; here, they provide a controlled testbed for
algorithmic comparison in which patient difficulty can be varied
while ground-truth intake targets remain known.

At the machine learning level, the task is most closely related to
active information acquisition and adaptive assessment, where the
central problem is how to select the next query or measurement
under a limited budget [12, 21]. However, they do not address the
specific challenges of psychiatric dialogue, including incidental
disclosure, heterogeneous patient behavioral condition, and the

Figure 1: Overview of the conversational psychiatric intake
benchmark. Clinician-authored source materials and par-
ticipatory design are used to construct a bank of 655 in-
take questions and 10 binary evaluation targets. Clinician-
informed vignettes define synthetic patients with ground-
truth attributes and the 5 controlled behavioral conditions.
Random, form-based, and LLM-guided policies interact with
these patients under a fixed interview budget, producing
transcripts that are evaluated through automated binary re-
covery scoring and manual review.

mismatch between a large clinically grounded question bank and
a much smaller set of evaluation targets. Our work brings this
acquisition perspective into a clinically meaningful conversational
setting and makes the resulting strategy tradeoffs measurable.

3 Approach
Figure 1 summarizes the full task workflow, from question-bank
construction and synthetic patient setup to interview generation,
evaluation, and reported outputs.

The problem formulation and evaluation setting were informed
by a participatory design process with 3 clinicians and behavioral
health scientists involved in psychiatric intake across multiple care
settings. These discussions characterized the structure of intake
and the criteria for a high-quality clinical interaction. Clinicians
described psychiatric intake as a modular process organized around
key targets such as chief complaint, psychiatric history, family
history, substance use, and social context. They emphasized that ef-
fective intake prioritizes safety and risk assessment, core symptom
characterization, severity and functional impairment, and temporal
course [1, 2, 13]. They also highlighted that high-quality interviews
must resolve ambiguity, detect when patients may be guarded or
unreliable, distinguish between psychiatric and non-psychiatric
contributors, and incorporate patient goals and treatment prefer-
ences.

Clinicians advised restricting the system to a vetted set of real
intake questions to preserve clinical validity and safety. While un-
constrained language models may elicit more information in some
cases, they may also introduce unsafe, inappropriate, or clinically
misleading queries. This constraint defines the action space of our
methods as selection over a fixed, clinically grounded question
bank. They also identified the importance of the behavioral condi-
tion of the patient during the intake. A question that is effective for



AdaptiveQuestion Selection from a LargeQuestion Bank for Field Recovery in Conversational Psychiatric Intake AI4Mental@KDD ’26, August 9, 2026, Jeju, Republic of Korea

a forthcoming patient may be far less useful for a guarded or highly
concise patient, especially when disclosure requires direct prompt-
ing. A high-quality psychiatric interview was generally defined as
one that, among other aspects, identifies safety concerns, clarifies
ambiguity, assesses symptom severity and functional impact, gath-
ers information necessary for diagnosis and treatment planning,
detects unreliable reporting, distinguishes psychiatric from medical
or substance-related contributors, and incorporates patient goals
and preferences. These criteria guided the selection of target fields
and evaluation metrics used in our experiments [1].

Accordingly, we propose question selection for psychiatric intake
as a machine learning problem. Under a fixed budget of conversa-
tional turns, the central challenge is not only to interpret what the
patient says, but also to decide what to ask next. Framed this way,
intake becomes a budgeted information-recovery task in which
a questioning policy must allocate limited conversational turns
across a large bank of clinically grounded candidate questions. This
framing is related to active information acquisition and adaptive
assessment [12, 21]. The bank of questions used was derived from
clinician-authored intake materials collected from a large Depart-
ment of Psychiatry. The source material included structured intake
questions used in routine workflows, form-field artifacts, and non-
conversational fragments. After removing irrelevant, redundant, or
non-actionable items, the final bank contains 𝑁 = 655 questions,
down from 812 raw items, spanning psychiatric history, substance
use, medical history, family history, social context, and risk assess-
ment 1.

3.1 Problem Formulation
We formalize psychiatric intake as a budgeted information-recovery
problem. Let 𝑄 denote the bank of 𝑁 = 655 candidate intake
questions derived from real clinical intake practice, and let 𝐹 =

{𝑓1, . . . , 𝑓𝐾 } denote a set of 𝐾 = 10 binary target fields to be re-
covered from the interview. Each interaction is constrained by a
maximum budget of 𝑇 = 20 question turns. At turn 𝑡 , a question-
selection policy 𝜋 observes the ordered dialogue history 𝐻𝑡 =

((𝑞1, 𝑟1), . . . , (𝑞𝑡−1, 𝑟𝑡−1)) and selects the next question 𝑞𝑡 ∼ 𝜋 (· |
𝐻𝑡 ). Patient responses are generated by an external LLM condi-
tioned on the patient vignette, behavioral condition, and prior di-
alogue context. Let 𝑔∗ (𝑓𝑘 ) denote the ground-truth value of field
𝑓𝑘 , and let 𝑔𝜋 (𝑓𝑘 ) denote the retained post-session extraction from
the transcript generated under policy 𝜋 , with low-confidence or
missing extractions treated as no confident recovery. The objec-
tive, shown in Eq. 1, is therefore to maximize expected recovery
accuracy under this interaction budget:

max
𝜋∈Π𝑇

E

[
1
𝐾

𝐾∑︁
𝑘=1

1[𝑔𝜋 (𝑓𝑘 ) = 𝑔∗ (𝑓𝑘 )]
]

(1)

where 𝑞𝑖 and 𝑟𝑖 denote the 𝑖-th question and patient response,
respectively, Π𝑇 denotes the set of policies operating under the
turn budget 𝑇 , and the expectation is taken over the stochastic
interaction process induced by the policy and synthetic patient
1The raw question bank order was not treated as a clinically meaningful interview
sequence: it reflected source and spreadsheet parsing order rather than a reproducible
psychiatric assessment protocol. This distinction is important because the source
forms themselves were designed for written pre-visit completion, not conversational
assessment under a fixed 20-turn budget.

behavior. We approximate this value empirically by evaluating
each policy across benchmark patients, behavioral conditions, and
repeated runs, then averaging transcript-level recovery accuracy.
After each interview, the transcript is evaluated against the vignette-
defined ground-truth target values.

Data Provenance. The question bank was derived from real clini-
cian question data collected from psychiatric intake practice. No
real patient transcript data were used in the benchmark experi-
ments. All evaluated conversations were conducted with authored
synthetic patient profiles created by the research team and not
derived from patient records.

3.2 Synthetic Patient Simulation and Controlled
Behavioral Variation

We evaluate question-selection policies using authored synthetic
psychiatric patients rather than real patient transcripts. Patient
behavior is simulated using GPT-4o-family models [9], conditioned
on structured vignettes. This setup enables controlled variation
in patient characteristics while preserving known ground-truth
information.

Each synthetic patient profile includes a vignette, structured
background context, a specified communication style, and ground-
truth values for all 10 binary evaluation fields. Four evaluation
patients were selected from a pool of 12 authored profiles to max-
imize variation in diagnostic presentation, severity, native com-
munication style, and ground-truth field distribution. The final
set spans major depressive disorder (MDD), generalized anxiety
disorder (GAD), and post-traumatic stress disorder (PTSD), with
one severe MDD case that also includes current suicidal ideation.
The four evaluation patients are labeled Eval001–Eval004 in the
reported benchmark results.

To study the effect of patient behavior on information recovery,
we vary patient behavior along two axes: cooperativeness (forth-
coming vs. guarded) and verbosity (talkative vs. concise). Forthcom-
ing patients typically answer direct questions on the first attempt,
whereas guarded patientsmay defer or partially answer before yield-
ing on follow-up. Talkative patients elaborate and may volunteer
related detail, whereas concise patients respond briefly and rarely
expand beyond the question asked. These settings are instantiated
over the same underlying vignette and ground-truth attributes,
creating multiple interaction variants with controlled difficulty. A
default condition preserves each patient’s native communication
style without modification. The cooperativeness and verbosity ma-
nipulations should therefore be interpreted as a structured difficulty
gradient rather than as fully independent behavioral factors. To
monitor simulation fidelity, we perform manual transcript review
for inconsistencies and hallucinations.

3.3 Question-Selection Policies
We evaluated three policy classes. Across all strategies, previously
asked questions are excluded from future selection within the same
interview, so each policy operates without repeating exact question
text.

Random conversational baseline. The random baseline samples
an unanswered question uniformly at random from the bank at
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Figure 2: Evaluation pipeline for the conversational psychi-
atric intake benchmark. Each completed transcript is evalu-
ated in two stages. Automated binary evaluation uses a post-
session LLM judge to score recovery of the 10 binary target
fields and aggregate transcript-level metrics, while manual
review identifies patient-agent hallucinations and algorithm
unsupported inferences. Reported outputs include binary
recovery metrics together with condition-wise, patient-level,
and manual-review summaries.

each turn and asks it in its original bank wording. This baseline rep-
resents an interviewer with no structure and no adaptation, using
the full clinical bank without strategic targeting. Random selection
serves as a lower-bound comparator for sequential information
acquisition under a fixed budget [12].

Form-based baseline. The form-based baseline asks questions in
a fixed clinically ordered sequence derived from published psychi-
atric evaluation frameworks and clinician review. Domain priority
follows the systematic assessment structure described in the APA
Practice Guideline for the Psychiatric Evaluation of Adults, while
the modular organization is informed by structured psychiatric
interviews such as the SCID and MINI [1, 2, 13]. Safety screen-
ing is prioritized early in the sequence following suicide-risk as-
sessment literature [10]. This ordering is different from the native
order of the source intake forms, as these were designed for writ-
ten pre-visit completion rather than conversational assessment
under time/conversation restrictions. The ordering is constructed
using domain priority, per-domain budget caps, subdomain caps,
variable-key grouping to avoid redundant screening questions, and
a binary-before-open ordering within most modules.

LLM-guided policy. The LLM-guided policy performs question
selection online. At each turn, it samples up to 40 unanswered
candidate questions uniformly at random from the bank2, then
presents those candidates to GPT-4o [9] together with the conver-
sation history and the current list of unrecovered fields. The model
is prompted to select exactly one candidate question judged most
likely to recover new information. Unlike fixed-form questioning,

2The LLM-guided selector does not generate candidate questions and does not rank
the full 655-question bank at each turn. It selects only from a uniformly sampled
candidate slate of up to 40 unanswered bank questions. We used this fixed slate size to
balance candidate diversity with prompt length, latency, and API cost, while keeping
the selection procedure identical across all LLM-guided sessions.

this strategy can adapt to unexpected disclosures, partial answers,
and local topic shifts during the interview.

3.4 Evaluation Pipeline
Each completed interaction is evaluated in two stages: algorith-
mic scoring and manual review. Algorithmic scoring measures how
much clinically relevant information can be recovered from the tran-
script under a fixed evaluation protocol. Manual review identifies
process failures that are not fully captured by automated metrics,
including hallucinations by the patient agent and unsupported in-
ferences by the questioning algorithm. Figure 2 summarizes this
pipeline.

Algorithmic Scoring Evaluation. Given a completed transcript, a
post-session LLM judge implemented with GPT-4o evaluates each
of the 𝐾 = 10 binary target fields independently. For each field,
the judge returns a binary mentioned flag, an extracted value in
{true, false, null}, a confidence score, and an evidence quote
from the transcript. Extractions with confidence below 𝜏 = 0.8 are
discarded to avoid hallucinated text. During the interview itself,
the system maintains a lightweight in-loop field-tracking heuristic
based on conservative keyword matching, but final benchmark
scoring relies only on the post-session judge. This design allows the
evaluation to credit both direct answers and incidental mentions
that emerge during natural conversation, while discarding low-
confidence extractions from the final benchmark score.

Manual review. After algorithmic scoring, each generated tran-
script is manually reviewed for two classes of process failures. The
first is patient-agent hallucination, in which the synthetic patient
contradicts or invents information that is not supported by the un-
derlying vignette. The second is algorithm hallucination, in which
the questioning policy or downstream answer-generation step at-
tributes information to the patient that does not appear in the
transcript. This review therefore distinguishes failures of patient
simulation from failures of elicitation, extraction, or inference. We
report these findings separately from the main benchmark metrics
because they characterize process-level failures rather than only
end-task performance.

3.5 Metrics
Let 𝑀 denote the number of retained non-null extracted binary
fields, 𝐶 the number of correct retained extractions, 𝐿 the number
of incorrect retained extractions, and𝑊 the cumulative transcript
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word count, including both interviewer questions and patient re-
sponses. We report the following transcript-level metrics:

Accuracy =
1
𝐾

𝐾∑︁
𝑘=1

1[𝑔(𝑓𝑘 ) = 𝑔∗ (𝑓𝑘 )] , (2a)

Coverage =
𝑀

𝐾
, (2b)

Precision =

{
𝐶
𝑀
, 𝑀 > 0,

1, 𝑀 = 0,
(2c)

F1 score =

{
2 Prec·Cov
Prec+Cov , Prec + Cov > 0,
0, otherwise,

(2d)

False label rate =

{
𝐿
𝑀
, 𝑀 > 0,

0, 𝑀 = 0,
(2e)

Efficiency =

{
𝐶
𝑊
, 𝑊 > 0,

0, 𝑊 = 0.
(2f)

where𝑔(𝑓𝑘 ) is the retained judge extraction for field 𝑓𝑘 ,𝑔∗ (𝑓𝑘 ) is the
vignette-defined ground truth, and Prec and Cov denote precision
and coverage, respectively.

Accuracy is the primary metric. Coverage and precision separate
failure to elicit information from failure to interpret information
once stated. False label rate captures incorrect extractions among
extracted fields, and efficiency measures the correct fields recovered
per cumulative word.

4 Experiments
Each interview follows a fixed loop: select a question, generate
the patient response, update the transcript, and update the in-loop
recovery state. Sessions stop when the interview reaches 20 turns
or when all target fields have been recovered.

All experiments used GPT-4o-based components. The patient
agent used temperature 0.7 with a maximum of 1024 output tokens.
The LLM-guided selector used temperature 0.3. The judge used tem-
perature 0.0 with a maximum of 512 output tokens. The benchmark
uses a full factorial design with 3 policies, 4 evaluation patients, 5
behavioral conditions, and 5 repeated runs per cell, yielding 300
interview sessions in total; repeated runs capture stochasticity in
the random and LLM-guided policies, while the form-based baseline
is deterministic given its fixed ordering.

Table 1 reports pooled performance across all 300 sessions. The
overall strategy hierarchy is consistent across the full benchmark:
random performs worst, form-based improves substantially over
random, and LLM-guided performs best. Random reaches 51.7%±19.6%
mean accuracy, while form-based reaches 84.8%±15.8% and LLM-
guided reaches 95.4%±8.1%. The 33.1 percentage point gap between
random and form-based indicates that clinical structure accounts
for most of the gain, while the additional 10.6 point gap between
form-based and LLM-guided reflects the value of adapting to patient
responses in real time. These pooled results suggest that the main
difference across strategies lies in whether the relevant topics are
reached within the interaction budget rather than in how accurately
extracted information is labeled once disclosed.

Figure 3 summarizes performance across the five behavioral con-
ditions. Across the five explicit behavioral conditions, the same

Default Forthcoming
+ Talkative

Forthcoming
+ Concise

Guarded
+ Talkative

Guarded
+ Concise

Behavioral Condition
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26%
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Accuracy Across Behavioral Conditions

Random
Form-based
LLM-guided

Figure 3: Mean accuracy across the five behavioral conditions.
The form-based and LLM-guided strategies remain strong
throughGuarded +Talkative, but the form-based and random
policies degrade sharply under Guarded + Concise, while the
LLM-guided policy retains 89% accuracy.

overall ordering holds: random performs worst, form-based im-
proves substantially over random, and LLM-guided performs best.
Under Default, Forthcoming + Talkative, Forthcoming + Concise,
and Guarded + Talkative, the form-based and LLM-guided strategies
remain strong, while random remains consistently lower. Under
Guarded + Concise, however, performance drops sharply for the
random and form-based strategies, while the LLM-guided policy
retains 89% accuracy.

Across the first four conditions, the clinically ordered form re-
mains relatively close to the adaptive LLM policy. Under Guarded
+ Concise, however, the LLM–form gap expands to 29 percentage
points, showing that adaptation matters most when patients do not
quickly reveal target fields.

Performance by Behavioral Condition: Figure 4 shows strategy ac-
curacy under all five behavioral conditions. First, LLM-guided selec-
tion remains the strongest method in every condition, ranging from
89.0%±11.2% under guarded-concise to 99.0%±3.1% under default
conditions. Second, the form-based baseline is highly competitive
in non-guarded settings, staying near 92%–93% across default and
forthcoming conditions, but drops sharply to 59.5%±18.2% under
guarded-concise. Random remains substantially lower through-
out, ranging from 26.5%±13.5% to 64.0%±14.3%. The heatmap also
shows that the benchmark is not simply measuring overall patient
difficulty. Talkativeness partially offsets guardedness by increas-
ing incidental disclosure, whereas guarded-concise exposes the
limitation of fixed one-question-per-topic interviewing.

Hard-Condition Variability: Figure 5 focuses on the Guarded +
Concise condition, which is the hardest setting in the benchmark.
In this regime, random centers around 26.5%±13.5% accuracy, form-
based around 59.5%±18.2%, and LLM-guided around 89.0%±11.2%.
This is also the setting in which the fixed form collapses most
clearly, while the LLM policy remains substantially more robust –
the form strategy asks one question per topic and then moves on,
whereas the LLM policy can respond to deflections by re-asking or
switching to a better-targeted follow-up.
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Table 1: Pooled benchmark results across all 300 sessions, reported as mean ± standard deviation. Up arrows indicate higher-is-
better metrics; down arrows indicate lower-is-better metrics. Best values in each column are bolded. Standard deviations are
computed across session-level metric values. The reported mean ± standard deviation is descriptive only, so the implied range
may exceed the natural bounds of bounded percentage metrics, even though individual session-level values remain bounded.

Strategy Accuracy ↑ Coverage ↑ Precision ↑ F1 score ↑ False label rate ↓ Efficiency ↑ Mean turns ↓ Mean words ↓

Random 51.7% ± 19.6% 52.4% ± 19.5% 98.4% ± 6.9% 66.1% ± 18.8% 1.6% ± 6.9% 0.0090 ± 0.0040 20.0 ± 0.0 645.2 ± 318.7
Form-based 84.8% ± 15.8% 85.5% ± 15.8% 99.2% ± 2.8% 90.9% ± 11.5% 0.8% ± 2.8% 0.0197 ± 0.0067 20.0 ± 0.0 489.7 ± 213.3
LLM-guided 95.4% ± 8.1% 96.0% ± 7.8% 99.4% ± 2.5% 97.5% ± 4.6% 0.6% ± 2.5% 0.0207 ± 0.0097 18.3 ± 3.1 589.8 ± 309.9

Random Form-based LLM-guided

Default

Forthcoming + Talkative

Forthcoming + Concise

Guarded + Talkative

Guarded + Concise

51% ± 14% 92% ± 5% 99% ± 3%

62% ± 17% 92% ± 4% 97% ± 6%

55% ± 14% 92% ± 5% 96% ± 6%

64% ± 14% 88% ± 6% 96% ± 9%

26% ± 13% 60% ± 18% 89% ± 11%

Strategy × Behavioral Condition Accuracy

0%

20%

40%

60%

80%

100%

Figure 4: Strategy accuracy across the five behavioral con-
ditions. The LLM-guided policy performs best in every con-
dition, while the form-based baseline drops sharply under
Guarded + Concise.

Random Form-based LLM-guided
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Figure 5: Per-session accuracy under Guarded + Concise. The
LLM-guided policy is both more accurate and less variable
than the form-based and random baselines under this condi-
tion.

Efficiency Analysis: Figure 6 compares transcript accuracy against
cumulative word count across all 300 sessions. LLM-guided selec-
tion achieves the highest overall accuracy while remaining efficient
in conversational cost, with the pooled centroid in Figure 6 lying
near 95% accuracy at roughly 590 words. Form-based selection
is also efficient, centering near 85% at roughly 490 words, while
random reaches only about 52% at roughly 645 words. All three
strategies operate under the same 20-turn budget, so the comparison
primarily reflects what is asked rather than the available number
of questions.
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Figure 6: Accuracy versus conversational cost. The LLM-
guided policy achieves the highest accuracy, the form-based
policy is most word-efficient on average, and the random
policy uses the most words while recovering the least infor-
mation.

Table 2: Pooled accuracy by patient across all behavioral
conditions, reported as mean ± standard deviation over 25
sessions per patient-strategy cell (5 conditions × 5 runs). Best
value in each row is bolded.

Patient Random Form-based LLM-guided

Eval001 (MDD+GAD) 47.2% ± 19.0% 80.8% ± 16.1% 94.4% ± 8.2%
Eval002 (MDD+SI) 55.6% ± 21.8% 82.4% ± 14.5% 96.0% ± 8.2%
Eval003 (GAD) 45.2% ± 16.6% 83.2% ± 17.3% 94.0% ± 9.6%
Eval004 (PTSD) 58.8% ± 18.6% 92.8% ± 13.1% 97.2% ± 6.1%

These results show that the strongest strategy is not merely elic-
iting longer transcripts. Instead, it recovers more clinically relevant
information per unit of conversational effort.

Patient-Level Heterogeneity: Table 2 summarizes pooled accuracy
by the synthetic patient. For example, Eval004, a PTSD veteran
profile with 8/10 "yes" fields in the binary evaluation, is the easiest
case for form-based and LLM-guided selection, reaching 92.8% and
97.2% respectively. Eval001 is the hardest case for the form-based
baseline at 80.8%, while Eval003 is the hardest case for random
selection at 45.2%. More broadly, patients withmore "yes" fields tend
to be easier for random questioning because off-target questions can
still trigger incidental disclosure, whereas sparse mostly-negative
profiles depend more strongly on explicit confirmation.
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4.1 Precision and Coverage
Precision remains uniformly high across all three strategies, ranging
from 98.4% for random to 99.4% for LLM-guided. This narrow range
contrasts with the much larger gaps in coverage and accuracy. The
practical implication is that the benchmark is not bottlenecked by
transcript interpretation once information has been stated. Instead,
the main challenge is whether the interview strategy reaches the
right topics and elicits the relevant information within the available
interaction budget.

False label rates are low across all three strategies and highest
for random questioning, consistent with the tendency of random
policies to produce more tangential transcripts in which the judge
must infer field values from indirect or ambiguous context.

5 Discussion
This benchmark yields three main findings. First, question selection
matters substantially in conversational psychiatric intake. Relative
to random questioning, the clinically ordered form-based baseline
improves performance by a large margin, showing that much of
the gain comes from imposing appropriate clinical structure on
the interview. Second, adaptation still matters beyond structure.
Although the form-based baseline performs strongly across most be-
havioral conditions, the LLM-guided policy achieves the best overall
recovery, and its advantage grows sharply under guarded-concise
patients. Third, the benchmark suggests that the main bottleneck
in this setting is not transcript interpretation once information is
disclosed, but whether the interview reaches the binary evaluation
topics within a limited interaction budget.

Of note, random questioning performs poorly for a structural
reason. The question bank is clinically grounded and intention-
ally broader than the 10 benchmark targets, so many candidate
questions are plausible in intake while still being low-yield for the
measured recovery objective. A policy that samples broadly with-
out prioritization spends a substantial fraction of its turn budget on
content that does not advance recovery. The large gap between ran-
dom and form-based performance shows that clinically meaningful
ordering alone resolves much of this inefficiency.

In addition, a fixed form approach is highly competitive when
patients are forthcoming, because a clinically ordered sequence
already reaches most high-yield domains within the available in-
teraction budget. When patient behavior is less amenable to field
recovery, however, a fixed one-question-per-topic strategy becomes
brittle. When patients defer, partially answer, or provide minimal
responses, the interviewer must decide whether to re-ask, reframe,
or shift to a better-targeted follow-up. The LLM-guided policy per-
forms better in these settings because it conditions on the evolving
dialogue state and can respond to local topic shifts and partial disclo-
sure. In that sense, this benchmark clarifies that structure explains
most of the gain over random, while adaptation explains most of
the remaining gain under difficult conversational conditions.

Across all three strategies, precision remains uniformly high
but coverage varies substantially. This pattern suggests that the
benchmark is not primarily limited by post-hoc extraction once the
relevant information appears in the transcript. Instead, the more
consequential failure mode is upstream: whether the questioning
policy elicits the right information at all. For interactive clinical

machine learning, this implies that stronger language understand-
ing alone is not sufficient if the system does not ask about the right
topics at the right time.

Finally, these findings support that conversational clinical sys-
tems should not be evaluated by average task performance alone
under default conditions on patient behavioral condition. In this
setting, average recovery, degradation under behavior that is less
amenable to field recovery, conversational efficiency, and robust-
ness to behavioral variation all matter. The benchmark also does not
show that an automated system should replace a clinician during
psychiatric intake. Rather, it provides a controlled way to com-
pare questioning policies and to study how clinical structure and
adaptive follow-up affect information recovery under realistic in-
teraction constraints, but still subject to the limitations of synthetic
patient representation.

Broader implications.
(1) In interactive clinical tasks, question selection is itself an

ML task. Specific to psychiatric intake, across subdivisions,
a good intake process depends not only on language under-
standing after information is disclosed, but also on whether
the system reaches the right topics quickly.

(2) Controlled synthetic evaluation can reveal clinically rele-
vant failure modes before deployment. By varying patient
behavioral condition while preserving solvability, the bench-
mark exposes degradation patterns, robustness differences,
and efficiency tradeoffs that would be difficult to isolate in
unconstrained case studies.

5.1 Limitations and Future Work
Akey limitation is that patients are simulated rather than real, so the
results should be interpreted as benchmark results rather than direct
estimates of clinical performance. In addition, while the question
bank is grounded in real clinician-authored intake materials, it
reflects a single institutional workflow and a benchmark abstraction
of only 10 binary targets, rather than more subjective assessments
of affect or chief complaint, which were more difficult to set up
an evaluation framework for. Although the benchmark includes
300 total interview sessions, these are generated from only four
evaluation patients, corresponding to 100 patient–condition–run
combinations that are then evaluated across the three questioning
strategies. The patient set was selected to maximize heterogeneity
rather than to estimate population-level performance. In addition,
the same LLM family is used across multiple system components,
which may introduce shared biases. Finally, the benchmark does not
yet include a human clinician baseline, and although LLM-based
judges are increasingly used as scalable evaluation tools, they can
introduce systematic biases. Thus the present findings should be
interpreted as comparative results between these strategies [25]
rather than some ground truth.

The results support expanding the framework in the ways de-
scribed above, and extending it in new directions. Primarily, we
would like to compare the adaptive questioning from a question
bank (this study’s task) to a fully unconstrained human evaluation
with these patient agents. This would support a longer-term direc-
tion to build a clinician-facing training and evaluation platform
centered on reliable synthetic patient interactions. This next stage
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will require continued collaboration between machine learning
researchers and clinical stakeholders to ensure that the evaluated
task remains meaningful [11, 23].

6 Conclusion
This paper introduced a benchmark for question selection in con-
versational psychiatric intake. The benchmark is grounded in real
clinician-authored intake questions, evaluated against known re-
covery targets, and stress-tested under different patient behavioral
conditions. Across the benchmark, random questioning performed
worst, a clinically ordered fixed form substantially improved re-
covery, and an LLM-guided policy achieved the best overall perfor-
mance. The results indicated that clinical structure explains much
of the gain over random questioning, while adaptation explains
much of the remaining gain when patient behavior is less amenable
to field recovery. These findings suggest that psychiatric intake
can be meaningfully framed as a budgeted information-recovery
problem under a limited interaction budget, and under that fram-
ing, this benchmark provides a controlled foundation for future
clinician-facing training, assessment, and decision-support systems.
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A Construction of the Form-Based Baseline
A clinically ordered sequence was constructed offline because the
native bank order reflected source-sheet parsing rather than a repro-
ducible psychiatric assessment protocol. Under the 20-turn budget,
using the raw bank order would leave several high-value targets
unreached and would therefore produce an artificially weak fixed-
form comparator. The final ordering was built through four layers
of evidence-based decisions, summarized in Table 3.

The source intake forms served as the clinical origin of the ques-
tion bank and as external validation of domain coverage, but not as
the primary justification for the final order. These forms were de-
signed for written pre-visit completion rather than conversational
assessment under a fixed turn budget, and no single published in-
strument directly targets all 10 benchmark fields within a 20-turn
conversational budget.
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Table 3: Evidence layers used to construct the form-based baseline.

Design layer Decision Primary justification

Domain sequence Presenting problem→ risk→ psychiatric history→ med-
ical history→ social/family context

APA psychiatric evaluation structure; modular interview design
in SCID and MINI [1, 2, 13]

Safety elevation Move suicide-risk screening to the start of the interview Early suicide-risk assessment [10, 17]

Budget allocation Per-domain turn caps under the 20-turn budget Structured interviews distribute attention across clinically impor-
tant modules

Within-domain ordering Prioritize high-yield screening items; collapse redundant
variants; prefer binary questions aligned to benchmark
targets

Clinical screening logic and target coverage under limited turns


	Abstract
	1 Introduction
	2 Related Work
	3 Approach
	3.1 Problem Formulation
	3.2 Synthetic Patient Simulation and Controlled Behavioral Variation
	3.3 Question-Selection Policies
	3.4 Evaluation Pipeline
	3.5 Metrics

	4 Experiments
	4.1 Precision and Coverage

	5 Discussion
	5.1 Limitations and Future Work

	6 Conclusion
	References
	A Construction of the Form-Based Baseline

