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Abstract

As Large Language Models (LLMs) demon-
strate strong performance on clinical bench-
marks, it remains unclear whether this reflects
true patient-specific reasoning or reliance on
generalized symptom patterns. To address
this question, we evaluate LLMs on a coun-
seling competency benchmark to assess their
use of patient-specific contextual information.
Through controlled experiments with contex-
tual ablations, role framing, Thread-of-Thought
(ThoT) prompting, and input perturbations, we
find that removing contextual details results in
only modest performance drops, and predic-
tions remain relatively stable under input varia-
tions. Error analysis further reveals systematic
patterns where models favor general clinical
associations over context-specific cues, even
when such cues are correctly identified during
intermediate reasoning. Our findings suggest
that achieving passing-level performance may
not reflect robust context-sensitive decision-
making, revealing a potential gap between
benchmark-level clinical competence and re-
liable utilization of patient-specific contextual
information. These results highlight the need
for evaluation frameworks that more directly
assess context integration in mental health ap-
plications.

1 Introduction

More than 1 billion people worldwide live with
mental health disorders, according to recent data
from the World Health Organization (WHO).1 In
the United States alone, one in five adults expe-
rience mental illness each year, as reported by
SAMHSA2. At the same time, access to profes-
sional care remains severely constrained. Accord-
ing to HRSA3, approximately 40% (137 million)
Americans lived in designated mental health pro-
fessional shortage areas by the end of 2025. Addi-
tionally, 6 in 10 psychologists do not accept new

1WHO Mental Health Conditions Report
2SAMSHA Mental Health Facts
3HRSA Health workforce Report

patients, and the national average wait time for
behavioral health services is 48 days.

These gaps highlight the urgent need for scalable
solutions that can support mental health assessment
and care delivery. In response, recent studies have
explored how LLMs might help with various men-
tal health applications such as identifying disorders
(Guo et al., 2024; Ge et al., 2025), generating empa-
thetic responses (Loh and Raamkumar, 2023; Lee
et al., 2023), and suggesting treatment approaches
(Ghorbian and Ghobaei-Arani, 2025; Levkovich,
2025). While these models show promise, it re-
mains unclear whether they can effectively utilize
patient-specific contextual information when mak-
ing clinical decisions. In this work, we use the
term patient-specific context to refer to informa-
tion contained in clinical case vignettes beyond
the question itself. We distinguish this from the
broader NLP usage of “context”, which may refer
to conversational history, retrieved documents, or
prompt conditioning.

Mental health counseling is not merely a pattern
recognition task. It involves interpreting complex,
context-rich narratives including patients’ lived ex-
periences, stressors, and symptoms that are often
ambiguous or evolving. Effective decision-making
requires integrating information about a person’s
age, background, culture, and situational factors
(Robles-Piña and McPherson, 2002). The key ques-
tion is whether LLMs meaningfully incorporate
such patient-specific context into their decisions,
or whether their predictions are primarily driven by
general knowledge and pattern-based associations
learned during training. At the same time, it re-
mains unclear whether existing benchmarks are ex-
plicitly designed to require robust patient-specific
contextual reasoning for successful performance.
If many questions can be answered correctly using
generalized clinical knowledge alone, benchmark
accuracy may overestimate context-sensitive clini-
cal reasoning capabilities.

We investigate these questions4 through a sys-

4GitHub Repository
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tematic evaluation of LLMs on CounselingBench,
a dataset of case-based questions spanning core
counseling competencies tested in the National
Clinical Mental Health Counseling Examination
(NCMHCE), a U.S. licensing exam for mental
health counselors. The dataset reflects realistic
clinical case vignette (as shown in Example Case
Vignette Box 1) encountered by students preparing
for licensure, with a typical passing benchmark of
approximately 63% accuracy. Prior work shows
that larger, instruction-tuned LLMs can approach or
exceed this threshold (Nguyen et al., 2024), though
their reasoning capabilities remain underexplored.

Example Case Vignette

Patient Demographics: Male, 26, Caucasian, single

Mental Status Examination: Irritable affect, disor-
ganized and pressured speech, audiovisual halluci-
nations, tangential thinking, paranoid ideation, poor
insight and judgment.

Presenting Problem: First session: Medication non-
adherence post-discharge; client believes he is being
poisoned; verbal altercations with residents; refuses
medication due to side effects.

Other Contexts: Client was stable on medication
prior to stopping; resides in assisted living; case-
worker accompanied; becomes angry when hospital-
ization is mentioned.

Question: You administer the Scale for the Assess-
ment of Positive Symptoms (SAPS) to determine the
severity of which of the following?

Answer Choices:
(A) Avolition
(B) Diminished speech
(C) Agitation
(D) Social withdrawal

To examine these limitations, we evaluate mod-
els across different scales and training paradigms,
including general-purpose models (LLaMA-3-8B-
Instruct, LLaMA-3-70B-Instruct) and a medically
fine-tuned model (OpenBioLLM-70B). These mod-
els were selected based on prior work, where they
achieve performance at or above the passing thresh-
old on the benchmark. Building on this, we investi-
gate whether such performance reflects genuine use
of patient-specific context or whether predictions
remain driven by general knowledge and pattern-
based associations. This selection further allows
us to assess whether increased model capacity and
domain-specific training improve the integration of
contextual information.

Building on this motivation, we design experi-
ments to test whether LLM predictions are sensi-
tive to patient-specific context. In this work, we

define patient-specific contextual information as
four key components of the dataset: (1) patient
demographics, (2) presenting problems, (3) men-
tal status examination, and (4) other contexts that
provide clinically relevant details essential for in-
formed decision-making. To probe this, we con-
duct ablation experiments to assess whether remov-
ing such details changes model predictions, an-
swer option shuffling to test sensitivity to option
positioning and detect positional bias, and ques-
tion–answer ordering perturbations to evaluate ro-
bustness to broader input structure. We further eval-
uate prompting strategies, including role framing
(e.g., assigning the model as a student or counselor)
and context-oriented Thread-of-Thought (ThoT)
prompting, to determine whether explicitly encour-
aging attention to patient-specific details improves
contextual reasoning.

Finally, we perform a structured error analy-
sis to identify cases where models recognize but
fail to prioritize relevant contextual factors. For
instance, when symptoms follow a recent trau-
matic event, a context-sensitive model should fa-
vor trauma-related diagnoses, whereas a context-
insensitive model may default to more common
disorders based on surface-level symptom overlap.

Based on this, we address the following Re-
search Questions (RQ):

RQ1 Do LLMs utilize patient-specific contextual
information when answering clinical ques-
tions?

RQ2 Can prompting strategies, including role fram-
ing and context-oriented prompting (ThoT),
enhance the use of patient-specific contextual
information in LLM decision-making?

2 Related Work

The use of computational methods to analyze men-
tal health signals has evolved from rule-based ap-
proaches to transformer-based models capable of
processing social media posts (Greco et al., 2023;
Raihan et al., 2024; Bucur et al., 2025a,b; Bucur,
2026). With the emergence of LLMs, recent work
has examined their capacity for identifying men-
tal health risk signals and extended evaluation to
multilingual (Elboardy et al., 2025; Raihan et al.,
2024, 2026; Bucur et al., 2026) and low-resource
settings. More recently, the focus has shifted from
detection to interaction, where LLMs are studied as
agents that simulate counseling through role-based
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(Qiu and Lan, 2024; Cho et al., 2026) and multi-
agent reasoning (Ozgun et al., 2025; Shafi, 2025).
This shift raises a key question: can these models
support clinically meaningful reasoning rather than
simply produce plausible responses.

From a clinical perspective, effective psychother-
apy requires integrating general knowledge with
patient-specific context. The American Psycholog-
ical Association (APA) guidelines for evidence-
based practice emphasize that treatment deci-
sions must account for individual characteristics
such as developmental history, sociocultural back-
ground, and environmental stressors (on Evidence-
Based Practice et al., 2006). Clinical reasoning is
therefore inherently contextual, requiring not only
symptom recognition but also interpretation of pa-
tient history, situational factors, and individualized
needs (Cook et al., 2017; Moggia et al., 2024).

Current LLM evaluations do not fully capture
this requirement. Benchmarks such as Counsel-
ingBench (Nguyen et al., 2024) show that larger
LLMs can surpass the NCMHCE passing thresh-
old and generate coherent explanations. However,
such performance does not guarantee effective use
of case-specific information, as predictions may
rely on generalized symptom patterns rather than
patient details. Recent work further highlights lim-
itations of LLMs in psychotherapy settings (Chan-
dra et al., 2025; Arnaout et al., 2026), including
failures in contextual understanding (Wang et al.,
2025), misinterpretation of user experiences, and
reliance on generic responses (Iftikhar et al., 2025).
Our work directly evaluates whether LLMs utilize
patient-specific context in counseling scenarios.

3 Methods

3.1 Data

The dataset, named CounselingBench1, is cu-
rated from National Clinical Mental Health Coun-
seling Examination (NCMHCE) mock exams,
sourced from mometrix.com, tetsst.vcm, Coun-
selingExam.com, which is taken part by peo-
ple who seek to become licensed clinical men-
tal health counselors. CounselingBench contains
1,612 unique questions across 138 case studies con-
sisting patient demographics, mental status exam-
ination, presenting problems, questions with an-
swers, and expert-generated rationales. The bench-
mark assesses five key mental health counseling

1https://github.com/cuongnguyenx/CounselingBench

competencies identified through a national job anal-
ysis of over 16,000 credentialed counselors, repre-
senting empirically-validated work behaviors for
effective counseling practice. To ensure fair use
compliance, Nguyen et al. (2024) adapt procedures
from Jin et al. (2021) by shuffling answer options
while tracking correct answers. Two medical doc-
tors specializing in psychiatry independently anno-
tated all 1,612 questions to map each question to its
corresponding competency assessment area, their
distributions are shown in Table 1.

Competency #
Counseling Skills & Interventions (CS&I) 599
Intake, Assessment, & Diagnosis (IA&D) 460
Professional Practice & Ethics (PP&E) 274
Treatment Planning (TP) 253
Core Counseling Attributes (CCA) 23

Table 1: Distribution of questions across competencies

The dataset includes various demographic back-
grounds corresponding to categories present in the
US Census data. Several cases involve patients
not born in the United States, requiring cultural
competency for accurate assessment.

3.2 Modeling

To evaluate whether LLMs utilize patient-specific
contextual information or rely on pattern-based
associations, we design controlled experiments
that systematically manipulate both contextual and
structural aspects of the input.

We begin by defining what constitutes patient-
specific context in the CounselingBench dataset.
As illustrated in Figure 1, clinical reasoning re-
quires integrating four dimensions of information
beyond surface-level symptoms when making coun-
seling decisions, including demographic attributes,
presenting conditions, mental status examination,
and other contexts. These contextual dimensions
form the basis of our ablation experiments, where
specific components are removed to evaluate their
influence on model predictions.

Although Figure 1 presents these components as
structured elements for clarity, these elements are
embedded within unstructured narratives, requir-
ing models to extract and integrate relevant signals
rather than relying on explicitly structured inputs.

We select LLaMA-3-8B-Instruct, LLaMA-3-
70B-Instruct, and OpenBioLLM-70B to capture
variation across both model scale and domain
specialization. Prior work on CounselingBench
(Nguyen et al., 2024) shows that larger instruction-
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Figure 1: Breakdown of patient-specific contextual in-
formation in a representative CounselingBench case.
Patient-specific context spans four dimensions: demo-
graphic attributes, presenting problems, mental status
examination, and other context.

tuned models are more likely to exceed the
NCMHCE passing threshold of 63% accuracy, with
LLaMA-3-70B-Instruct achieving strong perfor-
mance while LLaMA-3-8B-Instruct remains closer
to the threshold. This enables comparison across
models with differing levels of task proficiency and
assess whether higher accuracy corresponds to im-
proved utilization of patient-specific context.

Additionally, prior work suggests diminishing
performance gains from scaling within newer
LLM families, motivating a comparison between
8B and 70B variants to examine whether in-
creased model capacity corresponds to differ-
ences in contextual reasoning behavior rather
than overall benchmark accuracy alone. We fur-
ther include OpenBioLLM-70B, a LLaMA-based
model additionally instruction-tuned on biomedical
and medical-domain data, to investigate whether
domain-specific adaptation improves sensitivity
to patient-specific contextual information beyond
general-purpose instruction tuning. However, be-
cause OpenBioLLM-70B is primarily optimized
for biomedical reasoning rather than psychotherapy
or counseling-specific decision-making, any im-
provements in contextual counseling performance
are not necessarily expected. This comparison
therefore allows us to examine whether higher ca-
pacity or medical-domain specialization meaning-
fully changes how models utilize patient-specific
context during clinical decision-making.

3.3 Experimental Design

To evaluate whether model predictions are sensi-
tive to patient-specific context or driven by pattern-

based associations, we introduce controlled per-
turbations to the input. These perturbations are
designed to test whether model predictions remain
stable under changes that preserve semantic con-
tent but alter presentation, providing evidence of
context-sensitive reasoning versus reliance on su-
perficial input patterns.

Ablation Study: We conduct a structured abla-
tion study to evaluate the extent to which model
predictions depend on patient-specific contextual
information. Specifically, we progressively remove
contextual components from the case descriptions
while preserving the question and answer options,
allowing us to isolate the contribution of different
types of information to model decision-making.

Contextual attributes are removed in a staged
manner, following a hierarchy from less to more
diagnostically informative components. We begin
by removing patient demographic attribute, which
provide general background information such as,
name, age, gender etc, about the patient. Next, we
remove other contexts attribute which contains re-
lationship history, and occupational stress, these
may influence interpretation but are not directly
diagnostic. We then remove the mental status exam
attribute, which captures clinical observations such
as appearance, speech, thought process, and orien-
tation. Finally, we remove the presenting problem,
which contains the core symptom descriptions and
key elements of the counseling interaction most
directly tied to diagnosis.

This progressive removal enables a graded analy-
sis of model sensitivity to different layers of patient-
specific context. A context-sensitive model is ex-
pected to exhibit increasing changes in predictions
as more diagnostically relevant information is re-
moved. In contrast, stable predictions under such
perturbations suggest that model behavior is driven
by pattern-based associations rather than the inte-
gration of patient-specific contextual information.

Surface Perturbations: In this setting, we ran-
domly reorder the answer choices to assess sensitiv-
ity to option positioning (ShuffledOP) to detect id
models have any positional bias. On the other hand,
in the question-first condition (Q-first), the question
and answer options are presented before the case
description, reversing the standard context-first for-
mat. This design allows us to analyze the primacy
effect and assess whether model predictions depend
on the relative position of contextual information.
A context-sensitive model should integrate patient-
specific details regardless of their position, while
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strong sensitivity to ordering suggests reliance on
input structure rather than contextual reasoning.

Role Framing: We adopt the prompting tem-
plate from the previous study as our baseline, where
the model is assigned the role of a student attempt-
ing to answer NCMHCE-style questions. To evalu-
ate the effect of role specification on model behav-
ior, we systematically vary the identity assigned
to the LLM. Specifically, we consider four role
configurations:

(1) Role:STU– the baseline student role,
(2) Role:LC– a licensed mental health counselor

role,
(3) Role:LC-DSM– a licensed counselor role with

explicit DSM-5 oriented diagnostic reasoning,
(4) Role:EXP– an expert-identity prompt

For the expert-identity setting, following the frame-
work of Xu et al. (2023), we prompt GPT-5.1 to
generate a specialized expert profile tailored to
solving NCMHCE-style multiple-choice questions,
which is then used to define the role and response
expectations for all evaluated models.

Finally, to assess whether aggregating across
role specifications improves sensitivity to patient-
specific context, we apply role-based ensembling
(Role:Ensemble). Each role configuration is eval-
uated independently, and final predictions are ob-
tained via majority voting across role-conditioned
outputs.

Thread-of-Thought (ThoT) Prompting: To in-
vestigate whether structured reasoning improves
patient-specific contextual integration, we adapt
Thread-of-Thought (ThoT) prompting (Zhou et al.,
2023) to the clinical counseling domain. The orig-
inal ThoT formulation is designed for retrieval-
based settings, where models must filter relevant
information from noisy inputs. However, clinical
vignettes differ in that most contextual information
is already relevant, and the primary challenge lies
in integrating and prioritizing these signals for di-
agnosis. To better reflect this setting, we modify
the ThoT trigger to explicitly structure reasoning
around key clinical dimensions.

We follow a two-step ThoT pipeline. In Step
1, the model produces a structured intermediate
summary from the patient-specific context. In Step
2, this summary replaces the original vignette and
is used for answer selection. Unlike prior work
that relies on free-text answer extraction, we use a
consistent scoring-based approach for answer se-
lection to ensure comparability across prompting

conditions.
While this formulation encourages more explicit

references to patient-specific details, it allows us
to directly assess whether improved structure trans-
lates into better diagnostic decisions, or merely
more coherent explanations without corresponding
gains in accuracy.

4 Results & Observations

4.1 Ablation Study

Table 2 presents the results of our staged contex-
tual ablation study across three models. A key
observation is that removing patient-specific con-
text components produces only modest accuracy
degradation across all models. For LLaMA-3.1-8B-
Instruct, the full context condition achieves 0.664,
while the question-only condition – with all pa-
tient context removed – yields 0.625, a drop of
only 3.9 percentage points. A similar pattern holds
for LLaMA-3.3-70B-Instruct (0.732 → 0.691, ∆
= 4.1%) and OpenBioLLM-70B (0.722 → 0.689,
∆ = 3.3%). These relatively modest performance
drops suggest that many questions in the bench-
mark may be answerable using generalized clinical
knowledge and pattern-based associations acquired
during pre-training, without requiring substantial
reliance on patient-specific contextual information.
However, the results do not conclusively determine
whether the observed behavior primarily reflects
limitations in the models’ contextual reasoning abil-
ities, limitations of the benchmark’s ability to iso-
late context-sensitive reasoning, or the inherent
difficulty and heterogeneity of context-dependent
clinical questions. Instead, the findings indicate
that benchmark-level performance alone may be
insufficient for determining the extent to which
LLMs reliably utilize patient-specific context dur-
ing clinical decision-making.

Examining the per-competency breakdown re-
veals more nuanced patterns. The Core Counsel-
ing Attributes (CCA) competency shows notably
stable performance across ablation conditions for
LLaMA-3.1-8B-Instruct and OpenBioLLM-70B,
suggesting this competency may be particularly
amenable to pattern-based responses that do not
require contextual integration.In contrast, the In-
take Assessment and Diagnosis (IA&D) compe-
tency shows a consistent decline from full-context
to question-only settings across all models, from
0.676 to 0.614 for LLaMA-3.1-8B-Instruct, 0.721
to 0.667 for LLaMA-3.3-70B-in, and 0.704 to
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Condition Overall ∆ IA&D TP CS&I PP&E CCA
Accuracy (N=466) (N=254) (N=600) (N=275) (N=23)

LLaMA-3.1-8B-Instruct
Demographics + Other Contexts + Mental Status Exam + Presenting Problem + Question with Options 0.664 - 0.676 0.665 0.695 0.575 0.696

Other Contexts + Mental Status Exam + Presenting Problem + Question with Options 0.654 -0.010 0.655 0.650 0.690 0.575 0.696
Mental Status Exam + Presenting Problem + Question with Options 0.655 -0.009 0.682 0.650 0.663 0.589 0.696

Presenting Problem + Question with Options 0.642 -0.022 0.644 0.654 0.662 0.578 0.739
Question with Options 0.625 -0.039 0.614 0.598 0.645 0.618 0.696

LLaMA-3.3-70B-Instruct
Demographics + Other Contexts + Mental Status Exam + Presenting Problem + Question with Options 0.734 - 0.721 0.720 0.757 0.720 0.783

Other Contexts + Mental Status Exam + Presenting Problem + Question with Options 0.735 0.001 0.730 0.736 0.753 0.709 0.739
Mental Status Exam + Presenting Problem + Question with Options 0.732 -0.003 0.717 0.756 0.748 0.709 0.696

Presenting Problem + Question with Options 0.727 -0.008 0.721 0.740 0.735 0.709 0.739
Question with Options 0.691 -0.044 0.667 0.677 0.722 0.673 0.739
OpenBioLLM-70B

Demographics + Other Contexts + Mental Status Exam + Presenting Problem + Question with Options 0.722 - 0.704 0.713 0.742 0.727 0.696
Other Contexts + Mental Status Exam + Presenting Problem + Question with Options 0.724 0.002 0.697 0.736 0.748 0.713 0.696

Mental Status Exam + Presenting Problem + Question with Options 0.711 -0.011 0.689 0.740 0.723 0.705 0.696
Presenting Problem + Question with Options 0.713 -0.008 0.682 0.728 0.737 0.709 0.652

Question with Options 0.689 -0.033 0.646 0.685 0.723 0.695 0.696

Table 2: Ablation study evaluating the impact of removing patient-specific contextual components on model
performance. Context is progressively reduced from full clinical vignette (demographics, other context, mental
status exam, and presenting problem) to question-only input. Performance is reported as accuracy and across
competency domains. ∆ denotes change relative to the full-context condition for each model.

0.645 for OpenBioLLM-70B, indicating greater
sensitivity to the removal of contextual informa-
tion, though the overall sensitivity remains low.

Notably, the medically fine-tuned OpenBioLLM-
70B does not exhibit substantially greater sensitiv-
ity to context removal compared to the general-
purpose LLaMA models, suggesting that domain-
specific training does not meaningfully improve
reliance on patient-specific information. Overall,
these results indicate that models approach this task
largely as a knowledge retrieval rather than one re-
quiring patient-specific reasoning, consistent with
our central hypothesis.

4.2 Surface Perturbations

Table 3 presents results across prompting strategies
including role framing input controls and ThoT
prompting for LLaMA-3.1-8B-Instruct, LLaMA-
3.3-70B-Instruct, and OpenBioLLM-70B. Shuf-
fling answer options (ShuffledOP) results in neg-
ligible changes in accuracy across all models
(LLaMA-3.1-8B: 0.660, LLaMA-3.3-70B: 0.735,
OpenBioLLM-70B: 0.707), indicating limited re-
liance on answer position. In contrast, present-
ing the question before the vignette (Q-first) leads
to the largest performance drop across models
(LLaMA-3.1-8B: 0.629, LLaMA-3.3-70B: 0.709,
OpenBioLLM-70B: 0.682), suggesting sensitivity
to input ordering rather than clinical content. One
possible explanation is that presenting the question
and answer options first encourages models to form
an initial prediction based on generalized clinical
associations and learned response patterns before
processing the patient vignette, thereby reducing

the influence of subsequent patient-specific contex-
tual information during answer selection. Together,
these findings reveal an asymmetry: while models
are robust to changes in answer option position,
they are sensitive to prompt structure, a pattern
inconsistent with robust clinical reasoning, where
decisions should be driven by clinical content rather
than sensitivity to input ordering.

4.3 Role Framing & ThoT Prompting

Across all three models, different role-framing
strategies and their ensemble combinations produce
only marginal accuracy differences. For LLaMA-
3.1-8B-Instruct, the four role-framed prompts span
a narrow range of 0.655 to 0.663, and a similar
pattern holds for LLaMA-3.3-70B-Instruct (0.734-
0.737) and OpenBioLLM-70B (0.720-0.722). This
near-uniform performance suggests that assigning
different clinical personas, from student to licensed
counselor to domain expert, does not meaningfully
alter the model’s underlying reasoning process,
consistent with our hypothesis that predictions are
driven by knowledge-based associations rather than
persona-specific clinical reasoning.

ThoT prompting consistently underperforms
the role-framed prompts across all three models
(LLaMA-3.1-8B-Instruct: 0.628, LLaMA-3.3-70B-
Instruct: 0.730, OpenBioLLM-70B: 0.709). De-
spite explicitly instructing the model to process
patient-specific context in a structured, step-by-
step manner, ThoT does not yield accuracy gains
over simpler role-framed prompts. This suggests
that structured contextual summarization alone may
be insufficient to substantially improve context-
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Accuracy IA&D TP CS&I PP&E CCA
(N=466) (N=254) (N=600) (N=275) (N=23)

LLaMA-3.1-8B-Instruct
Role: STU 0.663 0.670 0.657 0.697 0.578 0.696
ShuffledOP 0.660 0.667 0.634 0.698 0.585 0.652
Q-first 0.629 0.627 0.634 0.635 0.615 0.609
Role: LC 0.658 0.674 0.673 0.680 0.567 0.696
Role: LC-DSM 0.655 0.657 0.665 0.683 0.575 0.739
Role: EXP 0.658 0.652 0.673 0.693 0.571 0.739
Role: Ensemble 0.663 0.672 0.665 0.690 0.582 0.696
ThoT 0.628 0.633 0.626 0.652 0.571 0.609

LLaMA-3.3-70B-Instruct
Role: STU 0.735 0.721 0.720 0.758 0.720 0.783
ShuffledOP 0.735 0.730 0.728 0.755 0.709 0.739
Q-first 0.709 0.693 0.705 0.738 0.680 0.652
Role: LC 0.737 0.727 0.752 0.755 0.709 0.696
Role: LC-DSM 0.734 0.730 0.732 0.750 0.716 0.696
Role: EXP 0.737 0.719 0.752 0.753 0.727 0.696
Role: Ensemble 0.732 0.719 0.748 0.750 0.705 0.696
ThoT 0.730 0.734 0.713 0.745 0.716 0.696

OpenBioLLM-70B
Role: STU 0.722 0.704 0.713 0.742 0.727 0.696
ShuffledOP 0.707 0.689 0.705 0.720 0.720 0.652
Q-first 0.682 0.659 0.693 0.693 0.687 0.696
Role: LC 0.721 0.697 0.705 0.750 0.724 0.696
Role: LC-DSM 0.720 0.697 0.717 0.743 0.720 0.696
Role: EXP 0.721 0.695 0.705 0.755 0.716 0.696
Role: Ensemble 0.721 0.697 0.713 0.748 0.720 0.696
ThoT 0.709 0.687 0.713 0.732 0.698 0.696

Table 3: Performance across prompting strategies and
input controls for three LLMs on CounselingBench.
Results are reported as accuracy and across competency
domains. Role: STU = student persona, ShuffledOP
= shuffled answer options, Q-first = question before
context, Role: LC = licensed counselor, Role: LC-DSM
= licensed counselor with DSM-5-TR reasoning, Role:
EXP = clinical expert, Role: Ensemble = majority vote
across all four role-framed prompts, ThoT = Thread-of-
Thought two-step pipeline.

sensitive reasoning in clinical counseling tasks.
However, it remains unclear whether this reflects
limitations in the models’ ability to effectively uti-
lize patient-specific information from the generated
summaries, or whether many benchmark questions
can already be answered without substantial re-
liance on such context.

LLaMA-3.3-70B-Instruct consistently outper-
forms LLaMA-3.1-8B-Instruct by roughly 7 per-
centage points across all conditions, aligning with
prior findings that larger models achieve higher ac-
curacy on CounselingBench (Nguyen et al., 2024).
However, OpenBioLLM-70B, despite being fine-
tuned on medical literature, does not surpass the
general-purpose LLaMA-3.3-70B-Instruct and of-
ten performs comparably. This suggests that medi-
cally fine-tuned models do not provide substantial
advantages over instruction-tuned models for utiliz-
ing patient-specific context. Overall, these results
indicate that counseling competency relies more
on integrating patient-specific contextual informa-
tion than on biomedical knowledge, and models
may not effectively utilize patient-specific context

despite access to domain knowledge.

ThoT Summary - Decision Mismatch

In a pediatric counseling vignette, a 10-year-old boy presents
with anxiety symptoms following a recent family relocation and
separation from caregivers. The vignette emphasizes fears about
parental safety, sleep disturbance, and distress during separation,
and explicitly links the symptoms to this relocation.

ThoT Summary (excerpt): “The family has recently relocated,
which could be a significant stressor for Michael.”

When asked which statement is most indicative of the child’s
condition, the correct answer is family relocation, as it represents
the precipitating cause. However, all models instead select refusal to
go to school.

Despite explicitly identifying the correct contextual factor, the final
answer prioritizes a general symptom over the patient-specific cause.

5 Understanding Context-Insensitive
Errors

While earlier analyses reveal that models underuti-
lize patient-specific context, they do not explain
how this failure manifests at the level of individ-
ual clinical decisions. To investigate, we analyze
the 490 cases where all four role-framed prompts
converge on the same incorrect answer for LLaMA-
3.1-8B-Instruct model, the clearest signature of sys-
tematic pattern matching rather than knowledge-
based patient-specific reasoning. Table 4 summa-
rizes consensus behavior across all 1,621 questions;
the 30.2% unanimous-wrong category is our focus
here.

Through qualitative inspection of a representa-
tive sample of the 490 unanimously incorrect cases,
we identify three recurring error patterns that illus-
trate how context-insensitive reasoning manifests
in practice.

Consensus Type Count Percentage
All correct 1028 63.4%
All wrong (same answer) 490 30.2%
All wrong (different answer) 29 1.8%
1 correct + 3 wrong 24 1.5%
2 correct + 2 wrong 23 1.4%
3 correct + 1 wrong 27 1.7%

Table 4: Role-framing consensus analysis for LLaMA-
3.1-8B-Instruct: all correct and all wrong (same answer)
categories indicate unanimous agreement across four
role-framed prompts, while partial disagreement rows
reflect cases where prompts diverge in their predictions.

Broad-to-specific Failure: Models consistently se-
lect general-purpose instruments over the specific
tool the patient’s context demands. A 28-year-old
female attorney (Robin) presenting with alcohol
use disorder states: "I can’t live with the pain of
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our separation much longer, and I don’t know how
to cope with it". All four prompts select the Hamil-
ton Anxiety Rating Scale (HAM-A), a general anx-
iety measure. The correct answer is the Columbia
Suicide Severity Rating Scale (C-SSRS), directly
indicated by the patient’s language. The contextual
signal distinguishing a general anxiety presentation
from one with suicidal ideation is present and un-
ambiguous, the model bypasses it in favor of the
categorically familiar instrument.

Generic-priority Substitution: When contex-
tual features point in multiple directions, models
default to the higher-frequency clinical association
rather than integrating the full patient picture. A
65-year-old male (Alex) presenting with persis-
tent depression, hopelessness, feeling "down in
the dumps" and worsening affect is asked what
to discuss first at intake. All four roles select sub-
stance use history, a reasonable intake topic, but
one whose priority is overridden by the patient’s
age, sex, and explicit hopelessness. The correct
answer is suicidal ideation. The patient’s demo-
graphics and affect are available; but they do not
influence the prediction.

Relational Context Ignored: PP&E shows the
highest unanimous error rate at 38.9% (shown in
Table 5), reflecting a tendency to apply canonical
ethical heuristics without integrating case-specific
relational history. In Robin’s fifth session, the client,
who has always rescheduled in advance, fails to
appear without contact for the first time. A signed
release for her mother and an established safety
contact are documented in the vignette. All four
roles select "drive to the client’s house to perform a
wellness check", a generic crisis response. The cor-
rect answer is to contact the client’s mother, as the
established protocol dictates. The model defaults
to a dramatic but contextually inappropriate action,
ignoring the relational history that determines the
right one.

Across all three error types, a consistent pattern
emerges: model predictions appear to rely more
on general clinical associations than on integrating
patient-specific contextual details. This behavior
is consistent with our earlier findings, where re-
moving contextual information led to only modest
performance degradation and input perturbations
had minimal effect on predictions. The clinical
consequences are substantial, missed suicidality
screening, misprioritized intake assessment, and
ethically inappropriate interventions, and in each
case, the information required to arrive at the cor-

Competency Incorrect Predictions /
Total Questions Percentage

CS&I 162/600 27.0%
IA&D 136/466 29.2%
PP&E 107/275 38.9%
TP 79/254 30.7%
CCA 6/23 26.1%

Table 5: Distribution of the 490 unanimously incorrect
predictions (all four role-framed prompts selecting the
same wrong answer) across counseling competency ar-
eas, for LLaMA-3.1-8B-Instruct.

rect decision is explicitly present in the vignette but
not effectively utilized. While we do not directly
analyze training data distributions, this behavior is
consistent with reliance on high-frequency associa-
tions rather than patient-specific reasoning.

6 Conclusion & Future Directions

We revisit the research questions (RQ) posed in the
introduction and present the main findings of our
review below:

RQ1: Do models utilize patient-specific informa-
tion when answering clinical questions?

Findings: Ablation and input-structure control
experiments suggest limited observable depen-
dence on patient-specific context for benchmark
performance. Under progressive removal of con-
textual components, from demographics to pre-
senting problem, performance drops only mod-
estly. Shuffling answer options yields largely sta-
ble predictions, suggesting minimal sensitivity
to answer position, while varying question or-
der introduces more noticeable changes in per-
formance. Together, these findings indicate that
model predictions may be influenced not only by
patient-specific information, but also by prompt
structure and generalized clinical associations
learned during training. However, the extent to
which this reflects limitations in contextual rea-
soning, properties of the benchmark itself, or the
inherent difficulty of context-dependent questions
remains unclear. A qualitative error analysis of
the 490 cases where all four role-framed prompts
converge on the same incorrect answer reveals
three recurring failure patterns: broad-to-specific
failures in assessment selection, generic-priority
substitution at intake, and relational context ig-
nored in ethical decision-making. In these cases,
contextual information relevant to the correct an-
swer was present in the vignette, yet the models
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consistently selected alternatives more strongly
associated with high frequency or generalized
clinical patterns.

RQ2: Can prompting strategies, including role
framing and context-oriented prompting (ThoT),
enhance the use of patient-specific contextual in-
formation in LLM decision-making?

Findings: Role framing has no measurable ef-
fect on accuracy, with models converging on the
same wrong responses 30.2% of the time regard-
less of assigned persona. ThoT encourages more
structured representations and increases explicit
reference to patient-specific details, yet does not
improve decision outcomes. Even when relevant
context is correctly identified in intermediate rea-
soning, models fail to prioritize it during answer
selection, revealing a gap between structured
explanation and actual clinical reasoning that
prompting alone cannot close.

These findings have important implications for the
deployment of LLMs in mental health support con-
texts. Achieving a passing score on aggregate
benchmarks may not necessarily indicate robust
utilization of patient-specific contextual informa-
tion during clinical decision-making. Models may
perform well overall while still exhibiting difficulty
appropriately prioritizing contextual cues that dis-
tinguish between clinically appropriate and inap-
propriate responses in certain cases.

Future work should pursue several directions.
First, contrastive case vignette design, where iden-
tical symptom profiles require different decisions
based solely on demographic or situational context,
would provide a more direct evaluation of context-
sensitive reasoning than ablation-based approaches.
Second, the error taxonomy identified in this work
should be systematically validated across the full
set of 490 cases and extended to additional models
to determine whether these patterns reflect model-
specific behaviors or broader limitations of LLM-
based clinical reasoning. Third, given the concen-
tration of errors in Professional Practice and Ethics
(PP&E), future work should investigate whether
targeted fine-tuning on ethics-focused cases with
rich relational context can reduce reliance on gen-
eralized heuristics and improve context-sensitive
decision-making. Finally, future evaluations should
examine clinically appropriate uncertainty behav-
iors, such as asking clarifying questions, express-
ing insufficient confidence, or declining definitive

recommendations when critical contextual informa-
tion is missing.

Limitations

This study has several limitations. First, our
evaluation is restricted to LLaMA-3.1-8B-Instruct,
LLaMA-3.3-70B-Instruct, and OpenBioLLM-70B;
findings may not generalize to proprietary models
such as GPT-4 or Claude, which may exhibit differ-
ent contextual reasoning behaviors. Second, Coun-
selingBench is based on U.S. licensing examination
questions (NCMHCE), which reflect a specific cul-
tural and regulatory context. Performance on this
benchmark may not represent LLM capabilities in
counseling settings outside the United States or in
languages other than English. Third, our evalua-
tion uses multiple-choice questions, which differ
substantially from real counseling interactions that
involve open-ended dialogue, therapeutic alliance,
and moment-to-moment clinical judgment. High
benchmark accuracy should not be interpreted as
evidence of clinical competence. Finally, the ThoT
experiments use a maximum of 512∼768 generated
tokens for Step 1 summaries, which may truncate
complex multi-session vignettes and limit the qual-
ity of the intermediate clinical reasoning captured.

Another limitation is the possibility of bench-
mark contamination or indirect exposure dur-
ing pre-training or instruction tuning. Because
NCMHCE-style preparation materials are publicly
available online, models may partially rely on mem-
orized exam-style patterns rather than robust con-
textual reasoning, potentially contributing to stable
performance under contextual ablation.

Ethical Considerations

This study is purely analytical and does not involve
new data collection or human participants. All
analyses are conducted on the publicly available
CounselingBench dataset (Nguyen et al., 2024), de-
rived from U.S. mental health counseling licensing
examinations (NCMHCE). No personally identifi-
able information is used, and the study follows the
ACL Code of Ethics.1
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Appendix

A Prompts

Role:STU (Baseline):

<System>
You are a helpful, respectful, honest, and knowledgeable student
studying to become a licensed therapist. You must answer a series
of multiple-choice questions provided by the user from a US mental
health counselor licensing exam. Based on the question text and
the context provided, you must answer with either "A", "B", "C", or
"D".

</System>

<User>
Question:
The patient demographic is as follows: [PATIENT DEMOGRAPH-
ICS]
[PRESENTING PROBLEM]
[MENTAL STATUS EXAMINATION]
[OTHER CONTEXTS]
Given the context above and your expert-level knowledge of mental
health counseling, please answer the following question: [QUES-
TION]
[CANDIDATE ANSWERS]

<Assistant>
Correct Answer is (

Role:LC: You are a helpful, respectful, honest, and knowledgeable
licensed mental health counselor. You must answer a series of
multiple-choice questions similar to those on a licensing board
exam. Based on the question text and the context provided, you
must answer with either "A", "B", "C", or "D".

Everything else is as the baseline prompt.

Role:LC-DSM: You are a helpful, respectful, honest, and knowl-
edgeable licensed mental health counselor. You must answer a
series of multiple-choice questions. Based on the question text and
the context provided, you must answer with either "A", "B", "C", or
"D", applying DSM-5 consistent reasoning.

Everything else is as the baseline prompt.

Prompt to Generate Expert Identity: Suppose you need to an-
swer MCQs for the NCMHCE exam that include extensive client
demographics and detailed case studies. Provide an expert identity
prompt that can guide the model in responding effectively.

ROLE:EXP (Generated Expert Identity): You are a clinically
trained Licensed Mental Health Counselor with comprehensive ex-
pertise in DSM-5-TR diagnosis, assessment, ethics, crisis interven-
tion, and evidence-based treatment across diverse populations. You
use advanced clinical reasoning to answer multiple-choice questions
with the best possible response. Based on the question text and the
context provided, you must answer with either "A", "B", "C", or "D"

ThoT Prompt: Walk me through this patient case in manageable
parts step by step – consider their demographics, presenting prob-
lem, mental status, and other contextual factors – summarizing and
analyzing each as we go.
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B Inference Settings

Table 6 summarizes the inference settings used
across all experiments. For ThoT Step 1, we em-
ploy the Role: LC prompt to encourage more com-
prehensive summarization of the full context.

Parameter Value

Temperature (answer selection) 0.0∼0.7
Top-p 1.0
Decoding strategy Greedy
Max tokens (answer selection) 1
Max tokens (ThoT Step 1) 512∼768
Stop tokens ) and \n
Serving framework vLLM

Table 6: Inference configuration for all experiments.
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