Proceedings of Machine Learning Research 333:552-571, 2026 Conference on Health, Inference, and Learning (CHIL) 2026

Toward Improving Diagnostic Reasoning for Spina Bifida Care:
Benchmarking LLM—Patient Interactions

Asfandyar Azhar
Dept. of Biomedical Engineering, Carnegie Mellon University, Pennsylvania, USA
Dept. of Radiology, Stanford University School of Medicine, California, USA

AAZHARQANDREW.CMU.EDU

Shaurjya Mandal SMANDAL2@MGH.HARVARD.EDU

Mass General Hospital, Harvard Medical School, Massachusetts, USA

Zaid Khan
School of Medicine, Eastern Virginia Medical School, Virginia, USA

Nidhish Shah
Dept. of Computer Science, Eindhoven University of Technology, Findhoven, NL

KHANZSQODU.EDU

NIDHISHSHAHS@QGMAIL.COM

Curtis Langlotz LANGLOTZ@QSTANFORD.EDU

Dept. of Radiology, Stanford University School of Medicine, California, USA

Brad Dicianno DICIANNO@PITT.EDU
Dept. of Physical Medicine & Rehabilitation, University of Pittsburgh School of Medicine, Pennsylvania, USA

Abstract

Spina Bifida (SB) is a complex neural tube de-
fect that presents multifaceted healthcare chal-
lenges requiring multidisciplinary management.
While advances in foundation models (FMs) of-
fer promising avenues for enhancing SB care
through intelligent, context-aware support, ex-
isting models struggle to accurately identify
and reason about SB’s diverse symptoms. This
study benchmarks eight widely used large lan-
guage models (LLMs) through qualitative and
quantitative evaluations, focusing on their abil-
ity to address the unique medical challenges
of SB. This study presents an inverse prompt-
ing technique aimed at guiding LLMs through
a step-by-step diagnostic process. By incor-
porating a predefined set of symptoms rele-
vant to SB, this approach prevents premature
conclusions and enhances diagnostic reasoning,
starting to address the Problem of Inclusion-
Exclusion (PIE) as formulated in this study.
Our evaluations reveal significant limitations in
the LLMs’ abilities to accurately diagnose SB-
related conditions, underscoring the need for
specialized approaches. Building on these find-
ings, this study proposes a novel framework
that integrates a structured, symptom-based
knowledge base specific to SB, enhancing the
models’ contextual understanding and reason-
ing capabilities. This work highlights the po-

tential of tailored Al solutions in improving ac-
cess to care for individuals with SB, particularly
in populations where gaps in knowledgeable
providers persist. By addressing the shortcom-
ings of general-purpose LLMs, our suggested
framework aims to streamline SB care and im-
prove patient outcomes, paving the way for
more effective Al-assisted healthcare interven-
tions in complex chronic conditions.

Data and Code Availability This study pro-
vides methodological details sufficient for replication.
Prompt templates (including inverse prompts
and DR-CoT instructions), the definitions of «,
€, and [, and aggregation procedures are spec-
ified in Section 3 -to- 3.1. Tables report the
counts used to compute metrics. Where raw
transcripts cannot be shared due to model li-
censing, redacted exemplars have been provided
that preserve interaction structure while omitting
proprietary content (available via Github repos-
itory https://github.com/asfandyarazhar13/
conversational SBAI/tree/main ).

Institutional Review Board (IRB) This study
was conducted following approval from the Institu-
tional Review Board (IRB) at Stanford University
(Protocol 76331, IRBS8, Registration 6208), which de-
termined the research to involve minimal risk to par-
ticipants. Recruitment and data collection adhered
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to the IRB’s guidelines, including the use of informed
consent procedures. The study complies with federal
regulations for the protection of human subjects, in-
cluding 45CFR46, and retains participant confiden-
tiality in accordance with Stanford’s Research Policy
Handbook.

1. Introduction & Related Work

The integration of advanced medical care and gener-
ative artificial intelligence (GenAl) is revolutionizing
the management of complex chronic conditions like
Spina Bifida (SB). SB, a neural tube defect affecting
brain and spine development, presents multifaceted
challenges in healthcare. The condition spans various
forms, from myelomeningocele—the most severe, of-
ten coupled with hydrocephalus, Chiari IT malforma-
tion, and Tethered Cord Syndrome (TCS)—to more
benign occult forms. Symptoms range from bowel
and urinary incontinence and mobility impairments
to cognitive issues, with Spina Bifida Occulta cases
sometimes remaining undetected until later in life
(Dicianno et al., 2008).

Significant strides in medical science have increased
the life expectancy of individuals with SB, leading to
a predominantly adult population living with the con-
dition (Briggs, 2022). This demographic shift under-
scores the need for improved, multidisciplinary care
strategies that address neurological, urological, and
psychosocial aspects. However, traditional health-
care often falls short, especially in adult SB care,
resulting in gaps in access to comprehensive and co-
ordinated management.

In response to these challenges, machine learn-
ing and deep learning techniques have emerged as
pivotal tools in SB research and clinical practice.
In genetics, machine learning has been instrumen-
tal in identifying critical biomarkers and elucidating
the multifactorial nature of SB, as demonstrated by
differential gene expression analysis (Karthik et al.,
2022) and whole-genome sequence analysis (Aguiar-
Pulido et al., 2021). Prenatal screening has also
benefited, with deep learning models like Oct-U-
Net (Chen et al., 2021), image processing (Konur
et al., 2015) and segmentation algorithms (Ajitha
and Punitha, 2022) enhancing the diagnostic accu-
racy of fetal ultrasound, thus improving early de-
tection. In urology, DL models have refined the in-
terpretation of complex clinical data, aiding patient
management (Weaver et al., 2023), and innovations
like Al-optimized catheter designs (Zhou et al., 2023)

are addressing specific complications such as urinary
tract infections. Moreover, Al tools are contributing
to the development of targeted rehabilitation strate-
gies (McKernan et al., 2020) and aiding in the diag-
nosis of challenging cases like SBO from radiographs
(Duran et al., 2023).

The emergence of large language models (LLMs)
and foundation models (FMs) like ChatGPT (Ope-
nAl, 2022), which have been trained on extensive
and diverse datasets, offers a new frontier in SB
care. These models hold promise for assisting care-
givers and healthcare providers by offering intelligent,
context-aware responses across various domains. By
generating interactive agents and educational con-
tent, FMs can support individuals with SB and their
caregivers in understanding SB’s complexities and
equip them with necessary care skills and educa-
tion. However, deploying FMs in healthcare, par-
ticularly for SB, requires cautious navigation. Is-
sues like the risk of misinterpretation and domain-
specific constraints highlight the need for strategies
like prompt engineering, fine-tuning, and retrieval
augmented generation (RAG) to ensure accuracy
and relevance. While RAG improves LLM perfor-
mance by retrieving relevant documents during infer-
ence, it lacks the capability to adapt to incremental,
symptom-based reasoning that conditions like SB re-
quire (Lewis et al., 2020). Our proposed framework
differs from RAG in that it integrates a structured,
symptom-based knowledge base specific to SB rather
than retrieving documents during inference. The cen-
tralized database allows the model to maintain con-
text throughout the conversation, linking symptoms
progressively rather than relying on token generation
via external retrieval.

Despite the potential benefits of Al in SB care,
a critical gap remains in access to knowledgeable
providers, particularly for the adult SB population.
This gap represents the most pressing concern for in-
dividuals with SB and their caregivers (Struwe et al.,
2022).

While prior work has utilized Retrieval-Augmented
Generation (RAG) and reasoning frameworks like
Chain-of-Thought (CoT) and Tree-of-Thoughts
(ToT) to improve medical question answering,
these methods are primarily evaluated on static
datasets. In contrast, diagnosing SB complications
requires sequential, conversational reasoning where
an Al iteratively gathers information to narrow a
hypothesis space. Furthermore, our goal is not to
perform definitive static classification or outperform
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clinicians. Rather, we propose this system as an
accessible conversational decision-support and triage
aid, helping an underserved adult SB populace sur-
face relevant symptoms and seek timely, appropriate
care. To address this, there is an increasing focus on
developing multimodal FMs that could supplement
clinical outcomes. While models like MedPALM
(Singhal et al., 2023) and AMIE (Tu et al., 2024)
mark progress in this direction, no robust FM
specifically designed for aiding those with SB, or
similarly obscure conditions, currently exists. Such a
model, informed by diverse approaches from related
research, could significantly streamline access to care
and improve patient outcomes.

This study highlights the pressing need for a new
conversational Al agent to assist in diagnosing and
generating treatment pathways for SB. As noted, ex-
isting large language models struggle to accurately
identify its relevant symptoms. Therefore, the spe-
cific contributions of this preliminary study include:

1. Benchmarking eight widely used LLMs through
qualitative and quantitative evaluations, ad-

dressing the unique medical challenges presented
by SB.

2. Introducing an inverse prompting technique, de-
signed to guide LLMs through a step-by-step di-
agnostic process by incorporating a predefined
set of symptoms relevant to SB and solving a
formulated inclusion-exclusion task. This ap-
proach builds on, yet differs from, standard sys-
tem prompts by enforcing constraints that pre-
vent models from reaching premature conclu-
sions.

3. Evaluating the interactions of individuals with
SB using popular LLMs, leveraging the inverse
prompt to assess its effectiveness through defined
metrics , namely diagnostic accuracy (&), diag-
nostic error rate (€), and model course correction

rate (f3).

2. Methods

The nature of the exchange between a clinician or pa-
tient and the LLM is conversational. So a model is
tested on two different components of reasoning: the
ability to combine and link the given symptoms, and
attempting to ask the follow-up questions to progres-
sively narrow down the space of diagnosis. Moreover,

Initial State:

Query & Input:

Patient Input Update

Figure 1: Visual depiction of PIE framework.

the success and failure criteria for the performance of
LLMs as clinical FMs was defined as:

1. Step-wise reasoning: The model should be ca-
pable of iterating through the requested informa-
tion in a step-wise manner to avoid looping back
into its own reasoning. This prevents the model
from hallucinating or repeatedly requesting sim-
ilar information and being redundant.

2. Well-timed conclusivity: Only after a de-
tailed step-wise analysis should the model re-
quest more concrete modalities like specific
imaging outputs (that may be accessible by the
patient or their clinician) instead of jumping to
a diagnostic result prematurely while bypassing
steps in its way.

A major failure would be the LLM’s inability to
recognize signs of a shunt malfunction requiring ur-
gent evaluation. Another significant oversight would
be if it fails to identify symptoms of a urinary tract
infection or pressure injuries to the skin, and does
not prompt the user to seek immediate medical at-
tention. Figure 2 shows a comprehensive example of a
conversation leading to the diagnosis of complications
related to SB. The reasoning capabilities of popular
LLMs are insufficient for clinical reasoning which is a
subset of diagnostic tasks; and hence, for conditions
like SB, a pipeline of operations will be required (see
Section 3.2) through a conversational agent, instead
of a single generalized foundation model.

2.1. Formulating The Problem of
Inclusion-Exclusion (PIE)

The process of diagnosing a condition involves sys-
tematically gathering information to converge on
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Hi, I am experiencing mid-to-Tlower back pain that has been going
on for 3 weeks on and off. It is unbearable at this point and is
influencing my appetite and focus. Furthermore, I am finding it
hard to urinate and have to strain to get urine.

Sorry to hear that you are experiencing pain in your back and
difficulty with urination. It is likely that there is a blockage
in urinary system causing possible urine retention. This would
explain the mid-to-lower back pain (typically where your kidneys,
that process urine, are located). To further understand what the
root cause of this is, could you be a bit more specific on how
hard you have to strain to urinate, if there is a burning
sensation, fowl smell, discolouration of the urine?

The urine that comes out seems normal, with no bad smells and the
colour is light yellow. However, it does take me 10-15 minutes of
concentration and straining to get the urine out.

Given that the urine is normal, you may not have a urinary tract
infection (UTI). Further testing and imaging would need to be
done to see if a stone has held up your urinary system causing
the retention or perhaps this could be a neurological issue given
it has been going on for a few weeks. Could you tell me about
your medical details and history of significant conditions, birth
complications, or surgery?

Sure. I've had surgery for a pilonidal cyst, and skin tag on my
back that was removed at birth. Apart from that, I have flat feet
and hammer toes.

Given that you’ve had surgeries around on your back and hammer
toes, these are correlated signs of Spina Bifida and possible
Tethered Cord Syndrome which are neurological ailments. Again, I
would advise you escalate your concerns with a healthcare
professional and get the appropriate testing done for a
conclusive diagnosis and potential treatment plan.

Figure 2: Example of an ideal diagnostic chat for SB.

the most likely diagnosis given a patient’s symp-
toms. This can be framed as a Problem of Inclusion-
Exclusion (PIE), where the LLM iteratively queries
the user about symptoms, refining its understanding
by identifying the most relevant symptoms for dif-
ferential diagnosis and eliminating less relevant ones
as the conversation transpires. The objective is to
minimize the number of unnecessary queries while
ensuring high diagnostic accuracy («, defined in Sec-
tion 3), low error rate (e, defined in Section 3.1), and
reduced need for human intervention (5, also defined
in SubSection 3.1). Hence, the following formulation
can help automate the diagnostic process in clinical
settings, saving time and improving decision-making
efficiency.

Our approach exclusively employs a stepwise rea-
soning process, progressively narrowing the potential
disease space and converging on a singular condition
or producing. To ensure the reasoning process is both
transparent and clinically valid, clinical experts were
consulted to design and validate the model’s outputs.
Specifically, crafted prompts were created (see Ap-
pendix A) requiring the model to articulate its ra-
tionale or “thought process.” Furthermore, the in-
clusion of a reasoning or “thought” field in the JSON

output ensures that the model’s decision-making pro-
cess is not a black-box. This transparency allows
patients using a deployed version, such as within
a mobile health application (Dicianno et al., 2015;
Yu et al., 2019) to share the conversation and the
model’s reasoning with their primary care physician.
This enables physicians to review and contextualize
the Al’s recommendations within the broader clinical
picture, fostering trust and ensuring alignment with
real-world clinical workflows.

Symptom Set for Each Condition. Given a
set of conditions C' = {e1,¢2,...,¢m}, each con-
dition ¢; is associated with a set of symptoms
S; = {si1,8i2,...,Sin}, where s;; represents a spe-
cific symptom related to condition ¢;. Let U =
{s1,82,...,8n} be the universal set of all possible
symptoms across all conditions. The objective is to
identify the correct condition ¢* € C' by querying the
user about the presence or absence of symptoms in
U. To do this efficiently, the LLM uses an inclusion-
exclusion approach, querying about a symptom s; if
it contributes to the differentiation between multiple
conditions. Each condition ¢; is characterized by a set
of symptoms S; C U. It was assumed that each con-
dition has a unique combination of symptoms, though
overlap in symptoms between conditions is common.

Query Process. Let Q C U be the set of symp-
toms that have been queried so far, and let R(Q) C C
represent the remaining set of possible conditions
based on the symptoms identified from the queries.
Initially, R(Q) = C. The model uses an inclusion-
exclusion update rule to dynamically refine R(Q)
based on the user’s response:

R(QU{s}) =

R(Q) N {Ci | Sk € SZ}
R(Q) \ {ci | sk € Si}

if user confirms si (s = 1),

if user denies sy (s = 0).

Query Selection. To minimize the number of
queries, the LLM selects a symptom s € U \ @ that
both maximizes an information gain function, €2, to
reduce uncertainty and divides the remaining set of
conditions R(Q) as evenly as possible based on symp-
tom presence or absence. This combined approach
ensures that each query contributes to reducing diag-
nostic ambiguity while maintaining an even partition
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Table 1: Single sample comparative analysis of the set of FMs (temperature set to 0.2 for all models)

Model

Prompt Type  Reasoning Added Context (P C 5) «@
Gemini 3 (Gemini Team, 2023) Inverse, Bridging ToT See Appendix Bl v (0.5)
Mixtral 8x22B (Jiang et al., 2024) Inverse, Bridging CoT See Appendix B2 x (0.0)
Mistral Large 3 (Jiang et al., 2023) Inverse CoT, ToT See Appendix B3 v (1.0)
Claude-4.5 Sonnet (Anthropic, 2023) Inverse, Bridging CoT See Appendix B4 x (0.0)
Llama 4 (Touvron et al., 2023) Inverse ToT See Appendix B5 x (0.0)
GPT-40 (OpenAl, 2023) Inverse, Bridging CoT See Appendix B6 x (0.0)
GPT-5.1 (OpenAl, 2023) Inverse CoT See Appendix B7 v (1.0)
GPT-5.2 (OpenAl, 2023) Inverse CoT, ToT See Appendix B8 x (0.0)

of conditions. The query selection rule is:

(v- s, BQ) + (1 =) - min

*
S = arg max
seU\Q

(e: € R(Q) | s € S}, He: € RQ) | s ¢ Si}) )

sy, = arg o, (7 * Xinfo-gain + (1 =) * Xset-balance ) »

where:

® Xinfo-gain 1S the information gain from querying
symptom sg, calculated as

¢(sk) = H(C) = H(C | sx)
with
H(C) = —ZP(ci)logP(ci),

H(C | s¢) = P(ss = )H(C | sx = 1)
+P(sp, =0)H(C | s =0).

® Xset-balance €nsures the remaining conditions are
as evenly split as possible.
e v € [0,1] balances the two terms (default 0.5).

Utility Function. The utility of each symptom
query is further adjusted to account for «, €, and 3:

U(Sk) = W(Xinfo—gain + AaPo — AP — )\gpﬁ)
+(1 - V)Xset—balance,

where Petric = P(metric | si) and Apetric weight
each term (default 0.33).

Conceptual Role of PIE & Assumptions: It
is important to note that the PIE formulation and
the associated utility functions serve as a concep-
tual framework modeling ideal diagnostic reasoning,
rather than an explicit algorithm computed directly
by the LLMs. The inverse prompt functionally con-
strains the model to emulate this active exclusion pol-
icy

Convergence Requirement.

The process continues until |R(Q)| =1, i.e.,

i bject to |R(Q)| = 1.
arg min |Q)| subject to [R(Q)

While real-world clinical presentations of SB fre-
quently involve comorbidities (multiple coexisting
conditions), this strict single-condition termination
rule is employed exclusively as a simplifying abstrac-
tion for benchmarking consistency. In real-world clin-
ical deployments, this constraint would be relaxed to
output a ranked probability vector of conditions

Worked Conversational Example: To map the
PIE framework operationally to the model’s behav-
ior:

1. Initial State: The prompt primes the LLM
with SB, Brain Tumor, and Polio (|R(Q)| = 3)

2. Input: Patient reports back pain. The LLM
recognizes this exists across multiple conditions.

3. Query Strategy: To maximize information
gain and split the remaining conditions, the LLM
actively queries: Do you have headaches?’ (in-
dexing Brain Tumor).

4. Update: The patient denies headaches s; =0.
The LLM excludes Brain Tumor, shrinking the
diagnostic space to SB, Polio, and proceeds to
the next query.
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2.2. Constructing the Inverse Prompt

Rather than a fundamentally novel algorithmic ar-
chitecture, Inverse prompting operates as a highly
structured, constraint-based, knowledge-augmented
system prompt. It differs from standard few-shot
prompting, which relies on input-output exemplars,
by explicitly encoding a symptom inclusion-exclusion
constraint that restructures the LLM’s query strat-
egy at inference time Brown et al. (2020). Fur-
thermore, by embedding non-SB synthetic conditions
(e.g., Brain Tumor, Polio) as explicit foils, IP forces
the LLM into an active differential diagnosis task.
Because the models must distinguish SB from these
plausible alternatives, these foils act as internal nega-
tive controls, preventing the models from succeeding
by simply defaulting to an SB confirmation bias.

Let SB be represented by a set of symptoms
S = {s1,892,...,8,}. Furthermore, consider condi-
tions Cq, Cy, ..., Cn each represented by its own set of
unique symptoms. A composite synthetic condition,
F, is then constructed by choosing a K € Z* and
randomly sampling K symptoms from the conditions
S,Cq,C,...,Cn. Further, Fg is defined as the sub-
set of symptoms from S included in F', and Fi, is the
subset of symptoms included in C;. Then,

FZFsUFCIUFC2U"'UFCN7
FSQS, FC7QCZ7

=K.

N
|Fsl+ > |Fe,
i=1

Finally, it is required that F includes all or some of
the symptoms from S depending on K. This informa-
tion is used as the system inverse prompt to “warm
start” the FM with clinical context relevant to SB
(see Appendix A).

2.3. User Interaction Logic

Now that each LLM is posing as a clinical FM based
on the inverse prompt, users communicate with them
starting with a symptom, s; € S, followed by another
symptom, and so on, until a diagnosis is made. Note
that the number of symptoms mentioned by the user
varies, and they might not exhibit all s; € S. To
represent this, let P be the set of symptoms the pa-
tient presents during the conversation. Then: P C S,
where |P| < n (the total number of symptoms in S).
This is the added context provided to each LLM in
Table 1. Fifty participants were surveyed through

online outreach in SB patient communities like sup-
port groups (see Appendix C). Each participant en-
gaged in five separate conversations with each of the
eight LLMs. Participants were encouraged to inter-
act with the LLMs freely as if they were at a consul-
tation with a physician. The conversations covered
various SB-specific issues, including hydrocephalus,
TCS, and neurogenic bladder.

Here is the completed table with the confidence in-
tervals inserted into the appropriate cells while pre-
serving the original structure and style.

3. Experimental Setup

The efficacy of eight FMs (see Table 1) was evalu-
ated in the specific context of diagnosing complica-
tions related to SB. The ability of these models to
provide appropriate recommendations was then scru-
tinized, based on reasoning and prompting methods,
for secondary conditions experienced by individuals
with SB. Participants were asked to interact with
FMs and provide qualitative feedback about the per-
formance of each FM! This includes both common
and obscure scenarios to test the models’ range of
knowledge and adaptability. Information about the
participants themselves was not saved.

To establish a rigorous ground truth, each of the
50 diagnostic scenarios was derived directly from the
diagnoses and symptom interpretations documented
in the actual clinical notes of the patients’ healthcare
providers. These scenarios were validated by clinical
experts to ensure authenticity, spanning the follow-
ing distribution: urinary tract infections (9), neuro-
genic bladder (8), tethered cord syndrome (8), hy-
drocephalus (8), Chiari IT malformation (7), pressure
injuries (6), and CSF leaks (4).All 2,000 model in-
teractions were independently scored by two clinical
annotators blinded to the prompting method. Inter-
rater reliability was strong (Cohen’s x = 0.81). Dis-
agreements were adjudicated by a third clinical re-
viewer, with final scores determined by majority vote
(or 0.5 when all three reviewers differed). Addition-
ally, because real patient conversations are frequently
unstructured, we conducted a robustness analysis on
‘messy’ dialogues—characterized by non-sequential
reporting and symptom noise (detailed in Appendix
F). Under these conditions, IP demonstrated high re-
silience with only a marginal drop in accuracy.

1. Find summarized qualitative results in Section 3.2.
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For each model, the

performance of a no-prompt baseline (O), a standard system prompt (X), Dr-CoT (DC), and our
inverse prompt (I) was compared. Metrics shown are diagnostic accuracy («), error rate (), bridging
Metrics are reported as means + 95% bootstrap

rate (8), and mean conversation length (L).

confidence intervals.

Model Condition « € 3 L
Baseline (O) 0.752 0.311 0.351 6.22
[0.695, 0.801] [0.257,0.371] [0.294,0.412] [6.02, 6.42]
GPT-5.1 . 0.803 1 .05 0.304 | .01 0.316 | .04 6.05 | .17
Standard (X) [0.749, 0.848] [0.250, 0.364] [0.262, 0.376] [5.87, 6.23]
0.848 + .10 0.210 | .10 0.277 | .07 5.55 | .67
DR-CoT (DC) [0.798, 0.887] [0.164, 0.265] [0.225, 0.336] [5.39, 5.71]
I %)) 0.886 1 .13 0.162 | .15 0.238 | .11 5.15 | 1.07
nverse [0.841, 0.920] [0.122,0.213] [0.189, 0.295] [5.00, 5.30]
Baseline (O) 0.738 0.336 0.389 6.94
aselne [0.680, 0.789] [0.280, 0.397] [0.331, 0.451] [6.74,7.14]
GPT-5.2 0.789 1 .05 0.328 | .01 0.354 | .04 6.82 | .12
Standard (X) [0.734, 0.835] [0.273, 0.388] [0.297, 0.415] [6.64, 7.00]
0.835 + .10 0.195 | .14 0.265 | .12 5.75 1L 1.19
DR-CoT (DC) [0.784, 0.876] [0.151, 0.249] [0.214, 0.323] [5.59, 5.91]
I %) 0.845 1 .11 0.170 | .17 0.226 | .16 5.47 | 1.47
nverse [0.795, 0.885] [0.129, 0.221] [0.179, 0.282] [5.32, 5.62]
Baseline (O) 0.744 0.289 0.363 5.85
aselmne [0.686, 0.794] [0.236, 0.348] [0.306, 0.424] [5.65, 6.05]
Claude-4.5 Sonnet 0.792 1 .05 0.267 | .02 0.355 | .01 5.73 | .12
Standard (X) [0.737, 0.838] [0.216, 0.325] [0.298, 0.416] [5.55, 5.91]
0.824 1 .08 0.150 | .14 0.230 4 .13 5.23 | .62
DR-CoT (DC) [0.772, 0.866] [0.111, 0.200] [0.182, 0.286] [5.07, 5.39]
Inverse (I) 0.853 1+ .11 0.099 | .19 0.193 | 17 4.98 | .87
[0.804, 0.892] [0.068, 0.142] [0.149, 0.246] [4.83,5.13]
Baseline (O) 0.720 0.401 0.447 7.60
[0.661, 0.772] [0.342, 0.463] [0.387, 0.509] [7.40, 7.80]
Gemini 3 0.753 1 .03 0.396 | .01 0.439 | .01 7.52 | .08
Standard (X) [0.696, 0.802] [0.337, 0.458] [0.379,0.501] [7.34,7.70]
0.790 1+ .07 0.290 | .11 0.340 | .11 7.00 | .60
DR-CoT (DC) [0.735, 0.836] [0.237, 0.349] [0.284, 0.401] [6.84, 7.16]
Inverse (I) 0.812 1 .09 0.235 | .17 0.295 | .15 6.86 | .74
) [0.759, 0.856] [0.187,0.291] [0.242, 0.354] [6.71,7.01]
Baseline (O) 0.696 0.357 0.409 7.28
[0.636, 0.750] [0.300, 0.418] [0.350, 0.471] [7.08, 7.48]
Mistral Large 3 0.722 1 .03 0.350 | .01 0.387 | .02 717 L 11
Standard (X) [0.663, 0.774] [0.294, 0.411] [0.329, 0.449] [6.99, 7.35]
0.760 1 .06 0.300 | .06 0.350 | .06 6.70 | .58
DR-CoT (DC) [0.703, 0.809] [0.247, 0.359] [0.294, 0.411] [6.54, 6.86]
Inverse (I) 0.782 1+ .09 0.275 | .08 0.259 | .15 6.58 | .70
[0.727, 0.829] [0.223, 0.333] [0.209, 0.317] [6.43, 6.73]
Baseline (O) 0.722 0.383 0.377 6.82
[0.663, 0.774] [0.325, 0.445] [0.319, 0.439] [6.62, 7.02]
Mixtral 8x22B 0.758 1 .04 0.379 | .00 0.371 | .01 6.79 | .03
Standard (X) [0.701, 0.807] [0.321, 0.441] [0.313,0.432] [6.61, 6.97]
0.778 1+ .06 0.310 4 .07 0.320 4 .06 6.55 | .27
DR-CoT (DC) [0.722, 0.825] [0.256, 0.370] [0.265, 0.380] [6.39, 6.71]
I e (I) 0.828 1+ .11 0.304 | .08 0.274 | .10 5.63 L 1.19
nverse [0.776, 0.870] [0.250, 0.364] [0.222, 0.332] [5.48, 5.78]

Existing medical and biomedical FMs (Moor et al.,
2023; Luo et al., 2022), while trained on specialized
medical data, were not utilized due to their limited
accessibility and lack of commercial availability. In-
stead, the focus of this study was to evaluate widely
accessible and available LLMs, ensuring relevance to
a broader patient population. Furthermore, ground-
truth for these evaluations was established using the
diagnoses and symptom interpretations provided in
the clinical notes of users’ doctors, grounding the

study in a specific condition, Spina Bifida, and a tar-
geted clinical task, diagnostic reasoning.

Table 1 outlines one conversation of a patient with
their custom starting prompt with the various LLMs.
Based on the reasoning and response obtained from
the LLMs, they adapted their prompting strategy to
provide added context. Typically, based on a cus-
tom starting prompt, models are prompted to inquire
about further symptoms and patient history. Models
are evaluated on their ability to recognize and suggest
medical attention for symptoms relevant to SB. The
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way that this is accomplished is by observing reason-
ing methods, namely chain-of-thought (CoT) (Wei
et al., 2022) and tree-of-thought (ToT) (Yao et al.,
2023) and by deploying bridge? (Li et al., 2022) and
inverse prompting. More concretely, diagnostic accu-
racy is defined as a weighted metric that accounts for
fully and partially correct impressions (defined in Ap-
pendix D) by the LLM. A correct impression, where
the model provides accurate conclusions without user
intervention, is scored as 1. A partially correct im-
pression, where the model requires user-guided cor-
rections (e.g., bridging to refocus/relying on P after
errors or hallucinations), is scored as 0.5. Otherwise,
the score is 0. Thus, diagnostic accuracy is repre-
sented as:
2 +05¢)

o

where v are the correct impressions, ¢ are the partial
impressions, and |L| is the total number of conversa-
tions.

3.1. Quantitative Experimental Results

In Table 2, it is observed that clinical reasoning im-
proves as the error rate significantly decreases, while
the change in accuracy over the baseline for the in-
verse prompt is more than double that of the stan-
dard system prompt3. In fact, the standard system
prompt has an almost negligible effect on the error
rate, whereas the inverse prompt performs 16x bet-
ter. The standard system prompt is likely making the
correct diagnoses for the wrong reasons at the same
rate as when there is no system prompt present —
validating the hypothesis that inverse prompting ef-
fectively handles the PIE inherent in complex symp-
tom reporting. Additionally, the set of LLMs demon-
strates increased precision, with fewer conversations
requiring bridging or forced user interventions for
Bl where |B| is the total

m7
times bridging is needed), while simultaneously short-
ening the overall length of model-patient interactions

(L)

2. Bridging to SB care was adapted by linking symptoms that
are not immediately related but may have clinical relevance
in SB patients. For example, urinary incontinence may
signal both neurogenic bladder and TCS, which are not
typically linked in general diagnostics but are critical in
SB.

3. There is a significant negative correlation between « and
€ (p = —0.762, p-val = 0.028). Find additional statistical
tests in Appendix E.

course correction (8 =

The introduction of Diagnostic-Reasoning Chain
of Thought (DR-CoT) (Wu et al., 2023) adds an-
other layer of performance comparison. It improves
diagnostic accuracy by explicitly prompting LLMs
to summarize evidence, formulate ranked differen-
tial diagnoses, and iteratively refine inquiries based
on the evidence gathered. While DR-CoT performs
well and enhances diagnostic reasoning, the inverse
prompt still achieves the best overall performance
across models.

The fine-grained performance of the models is de-
tailed in Table 3. The evaluated set of symptoms, S,
corresponds to: s;: CSF leak, s3: neurogenic blad-
der, s3: TCS, s4: hydrocephalus, s5: Chiari I mal-
formation, sg: pressure injuries, and s7: urinary tract
infection.

These findings collectively reinforce the effective-
ness of inverse prompting in clinical applications
and its ability to surpass both traditional inter-
net searches and other reasoning methodologies for
LLMs in delivering accurate, patient-centered out-
comes (Figure 3).

Patient Preferences for Diagnosis Methods

Number of Patients
= b N N w w
o G S) o S vl

w

< \d
\meme‘ sea o prom®

o

. t t
g™ prom® D?\’CO" prom® erse prom®

Interaction Type

Figure 3: Surveyed patient preferences on diagnostic
methods, n = 50.

3.2. Qualitative Patient and Model Feedback

GPT-5.2. While bridging was not required, it was
surprisingly overly reliant on the details given by
the inverse prompt. It tended to be cautious, often
recommending additional tests or medical scans
rather than making a direct diagnosis. Rarely did
it venture beyond the information from the inverse
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Table 3: Fine-grained performance.

Best performance for each metric is shown in italics.

Models are

columns: G51 (GPT-5.1), G52 (GPT-5.2), C4S (Claude-4.5 Sonnet), G4o (GPT-40), L4 (Llama

4), M8x (Mixtral 8x22B), ML3 (Mistral Large 3), G3

4 95% bootstrap confidence intervals.

(Gemini 3). Metrics are reported as means

Symptom Metric G51 G52 c4s Gao L4 M8x ML3 G3
631 656 622 33 655
CSF Leak (s7) « [0.415, 0.805] [0.439, 0.823] [0. 486 0 858] [0.407, 0.798] [0. 330 o 735] [0.417, 0.806] [0.438, 0.822] [0. 328 0 729]
. . 231 .35 431 08 .2
< [0.130, 0.496] [0.172, 0.556] [0.100, 0.449] [0.184, 0.571] [0. 24% 0 641] [0.151, 0.527] [0.081, 0.416] [0. 319 0 720]
778 806 818 758 792 486
Neuro. Bladder (sg) & [0.628, 0.879] [0.659, 0.899] [0.673, 0.908] [0.607, 0.864] [0. 424 o 717) [0.644, 0.889] [0.339, 0.635] [0.442,0,733]
. .360 .383 .286 .349 274 .503 .509
; [0.230, 0.515] [0.249, 0.538] [0.170, 0.440] [0.221, 0.504] [0. 36@ o 661] [0.160, 0.427] [0.355, 0.651] [0.360, 0.656]
692 721 770 701 601 51 732 638
TCS (s3) o [0.537, 0.813] [0.567, 0.836] [0.587,0.851] [0.547, 0.820] [0.447, 0.737] [0.496, 0.779] [0.579, 0.844] [0.483, 0.769]
.359 .400 297 .331 .483 93 .303 .462
€ [0.229, 0.514] [0.263, 0.554] [0.178, 0.451] [0.206, 0.486] [0.337, 0.632] [0.257, 0.547] [0.183, 0.457] [0.318,0.613]
761 805 816 750 742 iz 693 711
Hydrocephalus (s4) « [0.610, 0.866] [0.658, 0.899] [0.670, 0.906] [0.598, 0.858] [0.590, 0.852] [0.590, 0.852] [0.539, 0.814] [0.557, 0.828]
120 .160 107 .133 .200 67 .240 267
< [0.052, 0.255] [0.077,0.302] [0.044, 0.239] [0.060, 0.271] [0. 105 0 348] [0.155, 0.420] [0.134,0.391] [0.155, 0.420]
688 739 756 692 39 499 668
Chiari II (s5) « [0.523, 0.816] [0.575, 0.855] [0.593, 0.868] [0.527, 0.819] [0. 441 o 750] [0.575, 0.855] [0.342, 0.656] [0.502, 0.800]
.300 .318 182 .209 73 .300 182
€ [0.174, 0.465] [0.188, 0.484] [0.088, 0.339] [0.107, 0.369] [0. 133 o 408] [0.154, 0.437] [0.174, 0.465] [0.088, 0.339]
; - 921 863 702 81 ; :
Pressure Inj. (sg) « [0.714, 0.952] [0.743, 0.965] [0. 771 o 976] [0.699, 0.945] [0. 523 0 835] [0.606, 0.892] [0.554, 0.857] [0.621, 0.902]
122 156 044 56 178 .200
€ [0.047, 0.283] [0.067, 0.323] [0.014, 0,199] [0.009, 0.182] [0. 110 o 397] [0.067, 0.323] [0.081, 0.349] [0.095,0.373]
991 994 999 969 873 902 888
UTI (s7) « [0.906, 0.999] [0.911, 1.000] [0.920, 1.000] [0.871, 0.993] [0. 746 o 942] [0.746, 0.942] [0.781, 0.960] [0.764, 0.951]
.005 .015 .000 .010 .088 .078 .049 .083
< [0.000, 0.088] [0.002, 0.104] [0.000, 0.079] [0.001, 0.096] [0.035, 0.206] [0.029, 0.193] [0.014, 0.155] [0.032, 0.200]

prompt, yet it was competent in proceeding with a
systematic approach to questioning a patient.

GPT-5.1. It developed a very structured under-
standing of the inverse prompt. It could reason
progressively, thus building upon each of the re-
sponses from the patient. Thus it needed the least
bridging or additional context. The nature of the
conversations (typically short to medium in length)
indicated its ability to formulate the diagnosis task
as a PIE problem and try to converge instead of
adopting an adjacent sequence of reasoning. In other
words, GPT-5.1 had the best sequential inference
ability of the eight FMs.

GPT-40. It failed to retain relevant context even af-
ter additional information via bridging. In practice,
it focused on providing remedies based on the most
recent prompts rather than forming connections with
the previous information into a collective result.

Gemini 3. It did a satisfactory job of aligning with
the context of the inverse prompt but chose to hard
iterate through the symptoms instead of using a
flow of linkage or just medical reasoning. Therefore
a lot of information had to be bridged to drive it
to a correct diagnosis thereby leading to lengthier
conversations.

Claude-4.5 Sonnet. Similar to GPT-5.1, it adopts
the PIE formulation resulting in progressive rea-
soning with usually a better diagnostic accuracy.
However, in some cases, it tends to be more limited
in its reasoning due to over-reliance on processing
eliminations. This leads to abrupt ends in conversa-
tions and arriving to conclusions prematurely.

Llama 4. It was often too hesitant to make a
diagnosis, leading to the asking of multiple questions
and looping on the information (i.e., asking the same
questions repeatedly in the same conversation). In
the cases where it did make a diagnosis, particularly
when its reasoning narrowed down to either SB or
the composite synthetic condition, it invariably re-
sorted to choosing the composite synthetic condition.

Mixtral 8x22B. It was not comprehensive about
asking for information, and the obtained reasoning
was usually tangential to the expected medical
reasoning. This prevented it from asking for enough
relevant information, which often resulted in a case
of misdiagnosis after a few exchanges with the user.

Mistral Large 3. It tended to leap to unjustified
conclusions without first posing the necessary ques-
tions. This habit could disrupt its logical sequence of
thought, resulting in an inaccurate diagnosis despite
attempts at forced bridging.
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In the experiments, several shortcomings with the
models were identified in adapting to diagnostic
tasks. The primary issue was the lack of a corre-
sponding database for the specified conditions. The
use of inverse prompting served as an initial inductive
step (or proof of concept) to empirically demonstrate
this limitation within our experiments. A condition
as complex as SB has a combination of urological,
neurological, and musculoskeletal implications. Thus
this study proposes a multistage architecture suitable
for diagnostic tasks. Figure 5 in Appendix G lays out
the architecture of our proposed approach that inte-
grates into the mainstream conversation between the
patient and the models.

3.3. Conclusion & Future Work

Eight LLMs were holistically evaluated to assess their
ability to diagnose SB, introducing inverse prompting
to guide step-wise reasoning. The results revealed
strengths and weaknesses in handling SB cases and
highlighted a gap in AI’s ability to help patients rec-
ognize complications and seek timely medical advice.
This underscores the need for integrating clinical con-
versations, health records, and literature evidence.
The approach and proposed framework, based on
experimental insights, addresses current LLM short-
comings and aims to improve healthcare for SB pa-
tients through:

Curating Specialized Datasets. Refining train-
ing data by integrating diverse samples, including
records from the National Spina Bifida Patient Reg-
istry (Thibadeau, 2017), clinical notes, and prepro-
cessed literature, to enhance diagnostic reliability.

Patient Cohorts & Solving Strategies. Involv-
ing larger patient cohorts and using strategies like dis-
crete querying agents and Socratic prompts (Chang,
2023) to improve model performance.

End-to-End Implementation & Validation.
Future work will assess the model using metrics like
ROUGE (Lin, 2004) and inter-rater reliability, with
expert validation to ensure diagnostic accuracy. A
fixed medical database will be used to fine-tune the
LLM and develop a benchmark evaluation set. To ad-
dress the limitations identified in this benchmark, we
propose a conceptual multi-stage architecture utiliz-
ing a vision-language planner and structured symp-
tom database (detailed in Appendix G and Figure
5). Notably, while Figure 5 represents a conceptual
framework, we present it as a sub-contribution, to
address the limitations patients encountered with ex-

isting LLMs during our experiments. The implemen-
tation and validation of this will be pursued as part
of future work, with the goal of establishing a more
robust/diagnostically reliable system that overcomes
the constraints of current language models. Further-
more, future large-scale evaluations will incorporate
true non-SB negative control cases to rigorously val-
idate the models’ discriminative capabilities.
Limitations. Our study’s limitations include its
relatively borderline sample size (50 participants) and
focus on specific SB-related symptoms, leaving room
to explore our framework’s utility for other condi-
tions (which would potentially yield similar results)
at a larger scale. While inverse prompting improved
diagnostics, it relies on potentially outdated knowl-
edge, underscoring the need for regular updates and
adaptation to different languages and cultures. Fi-
nally, Al-assisted care should complement, not re-
place, medical professionals. It can enhance access
to information, especially in underserved areas, but
lacks the nuanced judgment of a clinician. A collabo-
rative approach between Al and healthcare providers
is essential to ensure safe and effective patient care.

LLM Usage

No generative Al systems were used to write or edit
this manuscript. Large language models were re-
search subjects only; all analyses and writing were
performed by the authors.

Ethical Statement

Misdiagnosis and Privacy. The use of conversa-
tional Al in healthcare, especially for complex condi-
tions like SB, raises ethical concerns. A key issue is
the risk of misdiagnosis as LLMs lack the deep medi-
cal understanding of healthcare professionals. Incor-
rect advice could delay treatment or lead to inap-
propriate care for individuals with SB. Our proposed
system aims to mitigate this risk through a struc-
tured, symptom-based knowledge repository and in-
verse prompting, but it could face limitations such as
data gaps, biased training, and language ambiguities
if not developed diligently. Privacy is another con-
cern as data used to train models must follow strict
confidentiality rules. Although our study does not
collect patient data, future use of specialized datasets
must comply with frameworks like HIPAA, ensuring
anonymity and informed consent.
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Applied Deployment. Our proposed system
could also complement human clinicians, serving as
a decision-support tool rather than a standalone di-
agnostic system. It integrates a reasoning/thought
field in its output, ensuring transparency by doc-
umenting the rationale behind its responses. This
enables patients using a deployed version (e.g., in a
mobile health app) to share conversations with their
primary care physician, who can review the reason-
ing of the AI. Deployment challenges include aligning
with clinical workflows, maintaining up-to-date med-
ical knowledge, and addressing the complexities of
interdisciplinary care. By prioritizing transparency,
safety, and ethical standards, the system aims to en-
hance, not replace, clinical expertise.

Mental Health. In addition to its diagnostic po-
tential, the system can offer significant mental health
benefits. Many patients feel hesitant or uncom-
fortable discussing sensitive medical concerns with
healthcare providers, which can lead to delays in seek-
ing care or incomplete symptom reporting. By pro-
viding a safe, non-judgmental environment for pa-
tients to articulate their symptoms and concerns,
the system can act as a “training ground.” This en-
ables patients to rehearse difficult conversations, gain
clarity about their symptoms, and build confidence
before consulting a healthcare professional. Such
interactions can foster more informed and produc-
tive patient-clinician dialogues, potentially alleviat-
ing anxiety associated with medical consultations.
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Appendix A. Standard System
Prompt vs. Inverse
Prompt

The following detail both prompting methods.

A.1. Standard System Prompt

You are an Al general physician tasked with diag-
nosing patients based on the symptoms they provide.
Your role is to engage the patient in a conversational
manner, asking relevant follow-up questions to gather
more details about their condition. Throughout the
interaction , you should aim to gather as much rele-
vant information as possible to help you make a cor-
rect diagnosis. It is crucial to stay logical, avoid re-
dundant questions, and ensure that your reasoning is
clear and consistent.

TASK AND OUTPUT FORMAT: (1) Engage with
the patient, asking questions based on the symptoms
they report. (2) Use your medical knowledge to guide
the conversation, narrowing down possible diagnoses
based on the patients answers. (3) Be systematic in
your approach, ensuring that your questions are well-
reasoned and targeted to gathering the most relevant
information. (4) Arrive at a diagnosis only after you
feel you have gathered enough information to confi-
dently do so. Your responses should be structured
in a JSON format that encapsulates your reasoning
and the questions you ask, or the final diagnosis.
Heres an example of how to format your responses:
“thought”: “Explain why you are asking this specific
question or making this diagnosis, based on the symp-
toms the patient shared.”, “speech”: “This is where
you ask your question to the patient or provide your
diagnosis.”

A.2. Inverse System Prompt

You will play the role of an AI general physician for
a research experiment. You specialize in diagnosing
patients for the following conditions: Spina bifida,
Brain tumor, Polio, and Condition X. To help you
diagnose, consider the following common symptoms
for each of these conditions.

## SPINA BIFIDA ## (1) Back pain: Per-
sistent discomfort or pain in the back. (2) Urinary or
Bowel issues: Difficulty controlling bladder or bowel
movements. (3) Paralysis in legs: Complete loss of
movement in legs. (4) Weakness or numbness in legs:
Reduced strength or sensation in legs. (5) Joint or

muscle pain: Discomfort in joints or muscles. (6)
Gait abnormalities: Unusual walking patterns or
difficulty balancing. (7) Foot deformities: Presence
of hammer toes or club foot. (8) Scoliosis: Abnormal
curvature of the spine.

## BRAIN TUMOR +## (1) Headaches: Fre-
quent, severe, especially worse in the morning. (2)
Nausea or vomiting: Feeling sick or vomiting without
other causes. (3) Vision problems: Blurry vision,
double vision, or peripheral vision loss. (4) Motor
function loss: Losing feeling or movement in limbs.
(5) Balance and coordination issues: Difficulty
maintaining balance. (6) Speech issues: Difficulty in
articulating words. (7) Fatigue: Feeling unusually
tired without exertion. (8) Cognitive impairment:
Confusion, memory problems, trouble following
commands. (9) Personality or behavior changes:
Alterations in usual behavior or mood. (10) Seizures:
Sudden, uncontrolled electrical disturbances in the
brain. (11) Hearing loss: Reduced ability to hear.
(12) Vertigo: Feeling of spinning or dizziness. (13)
Increased appetite and weight gain: Unusual hunger
leading to weight gain.

## POLIO ## (1) Fatigue and anxiety: Ex-
treme tiredness and feelings of unease. (2) Fever,
headache, vomiting: Signs of infection or illness. (3)
Gastrointestinal issues: Diarrhea or constipation.
(4) Sore throat: Discomfort or pain in the throat.
(5) Neck stiffness: Difficulty in moving the neck
due to stiffness. (6) Limb pain or pins-and-needles:
Discomfort or tingling sensation in arms and legs.
(7) Severe headache: Intense pain in the head.
(8) Light sensitivity: Discomfort or pain in eyes
when exposed to light. (9) Paralysis : Loss of
muscle function, breathing, swallowing, or speaking
difficulties.  (10) Seizures: Sudden, uncontrolled
electrical disturbances in the brain.

## CONDITION X ## (1) Back pain: Per-
sistent discomfort or pain in the back. (2) Urinary
or Bowel issues: Difficulty controlling bladder or
bowel movements. (3) Gait abnormalities: Unusual
walking patterns or difficulty balancing. (4) Balance
and coordination issues: Difficulty maintaining
balance. (5) Increased appetite and weight gain:
Unusual hunger leading to weight gain. (6) Motor
function loss: Losing feeling or movement in limbs.
(7) Paralysis: Loss of muscle function, breathing,
swallowing, or speaking difficulties. (8) Limb pain or
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pins-and-needles: Discomfort or tingling sensation
in arms and legs. (9) Fatigue and anxiety: Extreme
tiredness and feelings of unease.

TASK AND OUTPUT FORMAT: Engage with
the patient through questioning to refine your
diagnosis to either Spina Bifida, Brain Tumor,
Polio, or Condition X. Before posing each question,
internally deliberate on its purpose to ensure it’s
targeted and relevant to narrowing down the diag-
nosis. Remember, accurate diagnosis is crucial for
the success of your work and the patient’s health
depends on it. Your responses should be structured
in a JSON format that encapsulates your reasoning
and the questions you ask, or the final diagnosis.
Heres an example of how to format your responses:
“thought”: “Explain why you are asking this specific
question or making this diagnosis, based on the
symptoms the patient shared.”, “speech”: “This is
where you ask your question to the patient or provide
your diagnosis.”. This format ensures that your
diagnostic process is transparent and methodical,
facilitating a clear understanding, both internally
(your reasoning) and externally (your interaction
with the patient), of your approach and the rationale
behind each question or diagnosis.

Appendix B. Added Context for FMs
in Table 1

1. Gemini 3 Sharp back pain, decreased appetite
and focus, relief by lying down, pain radiating
to sides of the torso, urinary symptoms, no pain
or burning sensations, perceived gait, flat feet,
no change in walking or balance.

2. Mistral 8x22B Sharp back pain, decreased ap-
petite and focus, intense urges to urinate with
difficulty, no balance or walking difficulties, gait
issue, flat feet, no fever or gastrointestinal issues.

3. Mistral Large 3 Back pain, affected appetite
and focus, no change in leg movement and sen-
sations, no headaches, vision issues, or cognitive
impairment. Urinary symptoms, no change in
walking or balance. No weight change.

4. Claude-4.5 Sonnet Back pain, no numbness
nor weakness in legs or feet, recent uptick in
physical activity, increased supplement intake,
urinary symptoms.

5. Llama 4 Back pain, decreased appetite and fo-
cus, no changes in walking or balance. No weak-
ness in legs. Urinary symptoms, no pain or burn-
ing. Perceived gait, feet dragging, bent toes from
birth.

6. GPT-40 Sharp back pain, decreased appetite
and focus, urinary symptoms with no pain nor
burning. No weakness or strange sensations in
the legs. No changes in walking or balance. Pain
radiating to sides of the torso, heavy physical ac-
tivity, increased supplements and fluids.

7. GPT-5.1 Back pain, decreased appetite and fo-
cus. Pain alleviated by lying down, urinary
symptoms, no weakness in legs. Bent toes.

8. GPT-5.2 Sharp back pain, decreased appetite
and focus, intense urges to urinate with diffi-
culty, no changes in walking or balancing, no
mention of weight gain or leg issues.

Appendix C. Participant Recruitment
Instructions and
Demographic
Information

Patients in Management Stage. Participants
were recruited from a social media support group
focused on the condition, resulting in a cohort that
was relatively tech-savvy, informed, and articulate.
It is acknowledged that this group may not be fully
representative of a broader patient population, as
many participants were in the management stage of
their condition and less likely to digress from the
main context of the conversation. Consequently, the
“messy” nature of real-world patient interactions
was limited, allowing us to gain valuable insights
and benchmark existing models in a more controlled
setting. As noted in the main text, the inverse
prompt embeds non-SB conditions as foils, serving
as an internal negative control.

Patient Symptom Diversity. Our cohort includes
a diverse range of Spina Bifida cases covering various
types of meningocele. Severity levels range from
mild mobility impairments and isolated neurogenic
bladder to complex presentations involving Chiari
II malformation, tethered cord syndrome, and
hydrocephalus. This breadth allowed us to evaluate
the models across both common and rare SB-related
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complications, as demonstrated in the symptom-level
experiments in Table 3.

Patient Background. The dialogues were col-
lected from adult patients representing diverse
sub-demographics, including varying socioeconomic
backgrounds, racial groups, and access to care.
While the participants were not currently active
or hospitalized patients (this was not the focus of
the study), the scenarios were validated by clinical
experts to ensure authenticity and representativeness.

Circumventing Negative Controls. Non-SB
cases were not included, as the primary objective of
this user study was to evaluate whether LLMs could
perform accurate differential diagnoses within the
SB domain. To address this, the inverse prompting
method itself incorporated synthetic conditions and
non-SB differential diagnoses as part of the prompts,
serving as internal controls for evaluation.

Accessibility. Our recruitment did not include
elderly individuals or those with significant cognitive
impairments that can sometimes accompany SB. It
is acknowledged that working with these populations
presents unique challenges in gathering accurate
symptom information. Future work could explore
adaptations to better accommodate such popula-
tions, such as integrating multi-modal input systems
or modules (e.g., voice/visual cues) or by designing
more accessible and patient-friendly interfaces.

Participant Instructions. Participants were
recruited from an online support group via a

social media platform, and post-experiments
interviews were conducted for the qualitative
analysis.  The registration form was similar to

https://forms.gle/fi58JU9f2J2V22cz8. Exact

instructions visualized below in Figure 4

Appendix D. Definitions

Impression. In the clinical context, an impres-
sion refers to a concise interpretation or summary
of observed findings, often provided by a healthcare
professional or diagnostic tool. It synthesizes avail-
able data, such as imaging results, patient history,
or physical examination findings, to propose a po-
tential diagnosis, conclusion, or recommendation for
further management. For instance, in radiology, an

Table 4: Nemenyi test results for 3 and L values.
Bold refers to a statistically significant dif-

ference.
(0] X I
Bo 1.000 0.112 0.001
8 Bx 0.112 1.000 0.112
Br 0.001 0.112 1.000
Lo 1.000 0.187 0.001
L Ly 0.187 1.000 0.085
Ly 0.001 0.085 1.000

impression might read: “Spinal dysraphism noted at
the L4-L5 level with a myelomeningocele sac; clini-
cal symptoms are consistent with tethered cord syn-
drome. A surgical consultation is advised to evaluate
treatment options.” This serves as a guiding state-
ment for clinical decision-making and patient care.

Appendix E. Statistical Testing for
Results in Table 2

Nemenyi test results from Table 4 indicate that there
are statistically significant differences in the compar-
isons involving o vs. fB; and Lo vs. Ly, with p-
values of 0.001, which are well below conventional
significance thresholds. This implies that the in-
verse prompt (B, L) leads to significant improve-
ments compared to the baseline (8o, Lo). On the
other hand, no significant differences were found be-
tween other comparisons, suggesting comparable per-
formance in those pairs.

Bonferroni-Dunn test results in Table 5 confirm sig-
nificant differences for Sp vs. 8; with a corrected p-
value of 0.000, suggesting a strong improvement with
the inverse prompt over the baseline. Similarly, for L,
there was a near-significant result in the comparison
between Lo and Lj (p-val = 0.099), indicating that
while the inverse prompt seems to reduce conversa-
tion length effectively, the evidence is not as strong as
for 8. The remaining comparisons do not show sta-
tistically significant differences, implying consistent
results across these pairs.

Concerning the Wilcoxon p-values in Table 6, our
results vary dramatically depending on the perfor-
mance metric used, highlighting that a model’s rel-
ative performance is highly task-dependent. For «,
GPT-5.2 is the primary standout, showing a statis-
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Instructions for Participants

### INSTRUCTIONS FOR PARTICIPANTS ###
Thank you for agreeing to participate in this research study! Your involvement is crucial to
improving AI tools that support the spina bifida (SB) and tethered cord community. Please
read the following instructions carefully before starting the experiment.

The goal of this study is to test and evaluate the performance of AI models in simulating a
physician consultation experience. Your participation will help us better understand how AI
can be used to assist in diaﬁnosing and managing symptoms related to spina bifida. The
feedback you provide will help shape the development of these AI tools to improve patient
care.

- You will engage in a private, simulated conversation with an AI model that will act as a
virtual assistant, asking questions about symptoms and conditions related to spina bifida
care.

- The AT will aim to guide you through a diagnostic process, asking questions about various
aspects of your health or medical history.

- Your interaction will be recorded for research purposes, but all data will be anonymized to
ensure your privacy.

- The conversation is meant to simulate a real-world physician consultation. You are encouraged
to respond as naturally and honestly as possible, just as you would in a doctors office.

- Each conversation with the AI model will take approximately 5 minutes, depending on the
complexity of the discussion.

- You will be asked to describe certain symptoms or medical experiences related to spina bifida.

- The AL may ask follow-up questions to clarify your condition and suggest possible next steps,
such as tests or consultations.

- Some scenarios might cover a range of SB-related conditions, including tethered cord syndrome,
neurogenic bladder, hydrocephalus, and others.

- If you are unsure how to respond to any question or feel uncomfortable, feel free to indicate
that during the interactiom.

- Please try to provide realistic and accurate responses based on either your own experiences or
hypothetical cases. Your answers help us understand the AI’s diagnostic capabilities.

- After each session, you may be asked for feedback about your experience. This could include
comments on how the AI performed, any issues you noticed, or improvements you would suggest.

- Remember, this is a simulation. The AI is not providing actual medical advice, and you should
always consult with your healthcare provider for any real medical issues.

- All information shared during the session, including personal health details, will be
anonymized. Your personal identity will not be connected to the data used for analysis.

- Your participation is voluntary, and you can withdraw from the study at any time without any
consequences.

1. Find a qﬁiet, comfortable place to begin the conversation.

2. Ensure that your internet connection is stable, as the conversation will take place online.

3. When youre ready, initiate the session through the provided link. If you encounter any
technical issues, please contact us using the details provided in your invitation email.

4. At the end of the session, please provide feedback using the form that will be made available.

- We look forward to your input and are excited to work together to improve AI systems for spina
bifida care. Thank you again for your valuable contribution!

- If at any time you feel uncomfortable or wish to stop the session, you are free to do so. Your
well-being and comfort are our priority.

Figure 4: Instructions shown to participants.
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Table 5: Bonferroni-Dunn test results for 3 and L
values. Bold refers to a statistically signif-
icant difference.

Comparison | 8 p-val (corrected) | L p-val (corrected)
O vs. X 0.941 1.725
Owvs. I 0.000 0.099
X vs. I 0.112 0.084

tically significant performance difference when com-
pared to nearly every other LLM. Conversely, € re-
veals a greater number of significant differences be-
tween the various models; however, Mistral Large 3
shows no statistically significant performance differ-
ence against any competitor, suggesting its capabili-
ties on this specific task are statistically indistinguish-
able from the rest of the field.

Examining the Friedman test results in Table 7 re-
veal statistically significant differences globally for all
models and symptoms using all metrics.

Appendix F. Performance Change for
Messy Dialogues

The following criteria are proposed identifying messy
dialogues within our set of conversations.

1. Temporal and Clinical Coherence:

e Non-sequential reporting mixing current
symptoms with historical medical events
(e.g., discussing current back pain, then
mentioning a surgery from years ago, then
returning to current symptoms)

e Discrepancies in symptom descriptions
across the conversation (e.g., describing
pain as “constant” in one message and “in-
termittent” in another)

e Interleaving of medical symptoms with con-
textual life details (e.g., describing blad-
der symptoms alongside details about work
schedule or daily routine)

e Usage of non-standardized terminology for
medical conditions (e.g., describing neuro-
logical symptoms as “feeling off” or “not
quite right”)

2. Conversation Length and Complexity:

e Dialogues exceeding the mean conversa-
tion length or involving numerous prompt-
response cycles

e Presence of looping or repetitive patterns
without resolution

3. Content Alignment and Response Quality:

e Misinterpretation of patient inputs or pro-
vision of irrelevant/incorrect information

e Abrupt topic shifts or responses misaligned
with patient queries

e Frequent requests for clarification or revi-
sion of the LLM’s responses

4. Diagnostic Reasoning Quality:

e Ambiguous or overly verbose reasoning in
the LLM’s thought process (from JSON
outputs)

e Patient expressions of confusion or dis-
satisfaction with diagnostic reasoning
(e.g., “This isn’t helpful”)

5. Error Metrics:

e Conversations with significantly higher pro-
portions of bridging prompts compared to
the cohort average

e Multiple corrections or clarifications needed
within the same diagnostic thread

Based on the criteria, the messy prompts are seg-
regated from the general conversations and test the
performance of the LLMs for the different settings
(no prompt, system prompt, DR-CoT prompt, and
inverse prompt). As shown in Table 8, it should
be noted that even for more messy and noisier
conversation/user-prompts, there is only a slight per-
formance drop, validating the robust nature of our
inverse prompt method when comparing values with
Table 2.

Appendix G. Proposed Multi-Stage
Architecture

The first module is responsible for forming its own di-
rected corpus based on targeted information from the
patient. The model would carry out these sectional
inquiries after the conversation starts and the model
obtains its primary prompt. The model repeatedly
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Table 6: Wilcoxon p-values for both e (below the diagonal) and « (above the diagonal) metrics across different
LLMs. Bold refers to a statistically significant difference.

(€, ) GPT-5.1 GPT-5.2 Claude-4.5 Sonnet Gemini 3
GPT-5.1 - 0.016 0.016 0.016
GPT-5.2 0.016 - 0.016 0.016
Claude-4.5 Sonnet 0.016 0.016 - 0.016
Gemini 3 0.109 0.219 0.028 -
Mistral Large 3 0.400 0.938 0.047 0.156
Mixtral 8x22B 0.297 0.753 0.031 0.173
GPT-40 0.469 0.047 0.047 0.031
Llama 4 0.031 0.109 0.016 0.938
(€, ) Mistral Large 3 Mixtral 8x22B GPT-40 Llama 4
GPT-5.1 0.078 0.375 0.109 0.016
GPT-5.2 0.047 0.028 0.016 0.016
Claude-4.5 Sonnet 0.016 0.016 0.016 0.016
Gemini 3 0.688 0.156 0.016 0.156
Mistral Large 3 - 0.375 0.078 0.812
Mixtral 8x22B 0.578 - 0.469 0.043
GPT-40 0.297 0.219 - 0.016
Llama 4 0.375 0.219 0.016 -

+ Birth Conditions
» Pain/Ailments

+ Current Medication
+ Medical History
« Lifestyle Problems

Inverse
prompt

-

Large Language Model (LLM)

Task Decomposer

Medical Information
Relational Mapping

Vision Language
Model (VLM)
Planner

S

Disease descriptions
and symptom database

Advanced Search

Conversational
AI Agent

Observation/Additional
Information

Memory module

Web search across
medical articles

Figure 5: Architectural overview of the proposed system

Table 7: Friedman test results for both diagnostic
metrics, a and €, and both conversational
metrics, S and L, across all models and

symptoms.
Metric | Stat p-val
o 35.72 | 8.19 x 10~°
€ 25.48 | 6.23 x 107%
Jé] 16.00 | 3.35 x 10™*
L 15.55 | 4.20 x 104

matches the information to the predefined descrip-
tions to formally narrow down the search space for
diagnosis. The nature of the expected responses
involves a more focused information retrieval setup
rather than a reasoning setup. Once the top-level in-
formation has been obtained, the LLM decomposes it
into several viable tasks that require more reasoning
and fundamental inputs.

In the second module, the planner module starts
with two main setups; a relational mapping between
the top-level information collected from the patient,
and the list of selected conditions obtained from the
matching in the predecessor module. We propose de-
ploying a vision-language planner instead of an LLM
planner because it extends the model’s scope to re-
quest more diverse modalities as input in this stage.
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Table 8: “Messy” dialogue SB diagnostic performance of LLMs. Table interpretation details follow Table 2.

Model Qo €O ,6’0 LO ax €X ﬁx Lx
GPT-5.1 0.733 0.304 0.344 6.08 0.779 + 0.05 0.296 | 0.01 0.307 | 0.04 5.89 L o0.19
[0.675, 0.784] [0.250, 0.364] [0.288, 0.405] [5.86, 6.30] [0.724, 0.826] [0.243, 0.355] [0.253, 0.367] [5.69, 6.09]
GPT-5.2 0.715 0.326 0.373 6.61 0.769 + 0.05 0.312 y 0.01 0.339 L 0.03 6.55 | 0.06
[0.656, 0.767) [0.271, 0.386] [0.315, 0.434] [6.39, 6.83] [0.713,0.817] [0.258, 0.372] [0.283, 0.400] [6.35, 6.75]
Claude-4.5 Sonnet 0.723 0.283 0.348 5.63 0.769 + 0.05 0.256 | 0.03 0.342 | 0.01 5.47 Lo0.16
[0.664, 0.775] [0.231, 0.342] [0.292, 0.409] [5.41, 5.85] [0.713,0.817] [0.206, 0.314] [0.286, 0.403] [5.27,5.67]
Gemini 3 0.690 0.393 0.428 7.40 0.722 1 0.03 0.378 L 0.02 0.426 | 0.00 7.26 L 0.14
[0.630, 0.744] [0.335, 0.455] [0.368, 0.490] [7.18,7.62] [0.663, 0.774] [0.320, 0.440] [0.366, 0.488] [7.06, 7.46]
Mistral Large 3 0.680 0.339 0.393 7.01 0.706 1 0.03 0.335 | 0.00 0.377 | 0.02 6.90 L 0.11
[0.620, 0.735] [0.283, 0.400] [0.335, 0.455) [6.79, 7.23] [0.647, 0.759] [0.279, 0.396] [0.319, 0.439] [6.70, 7.10]
. 0.691 0.365 0.367 6.64 0.736 1 0.05 0.366 + 0.00 0.353 L 0.01 6.52 | 0.12
Mixtral 8x22B [0.631, 0.745] [0.308, 0.426] [0.310, 0.428] [6.42, 6.86] [0.678,3.787] [0.309,3.427] [0.296,3.414] [6.32,l6.72]
Mean 0.705 0.337 0.371 6.50 0.737 + 0.03 0.324 L o.01 0.354 | 0.02 6.48 | 0.02
Model apc €Dc Bpc Lpc ar €r Br Ly
GPT-5.1 0.821 1 0.09 0.201 y o.10 0.266 | 0.08 5.31 L 0.77 0.861 1+ 0.13 0.154 L 0.15 0.231 L o0.11 5.01 | 1.07
[0.769, 0.864] [0.156, 0.255] [0.215, 0.324] [5.12, 5.50] [0.813, 0.898] [0.115, 0.204] [0.183, 0.287] [4.83,5.19]
GPT-5.2 0.801 1 0.09 0.191 L 0.14 0.252 L 0.12 5.47 L 1.14 0.808 1 0.09 0.166 | 0.16 0.216 L 0.16 5.34 | 1.27
[0.747, 0.846] [0.147, 0.244] [0.202, 0.309] [5.28, 5.66] [0.755, 0.852] [0.125,0.217] [0.169, 0.271] [5.16, 5.52]
0.796 + 0.07 0.145 L 0.14 0.225 L 0.12 5.05 | 0.58 0.835 + 0.11 0.097 L 0.19 0.185 L 0.16 4.82 L 0.81
Claude-4.5 Sonnet [0.742,2.841] [0.107,3.194} [0.178,3.281] [4.86}5.24] [0.784,3.876] [0.066,3.140] [0.142,t.238] [4.64,l5.00]
Gemini 3 0.752 1+ 0.06 0.279 L o0.11 0.325 L 0.10 6.76 | 0.64 0.792 1 0.10 0.223 L o0.17 0.281 L o0.15 6.63 L 0.77
[0.695, 0.801] [0.227,0.338] [0.270, 0.385] [6.57,6.95] [0.737,0.838] [0.176, 0.279] [0.229, 0.340] [6.45, 6.81]
Mistral Large 3 0.730 +0.05 0.288 | 0.05 0.334 | 0.06 6.44 | 0.57 0.764 + 0.08 0.264 | 0.08 0.251 L 0.14 6.25 L 0.76
[0.672,0.781] [0.235, 0.347] [0.278, 0.395] [6.25,6.63] [0.708, 0.812] [0.213, 0.322] [0.201, 0.308] [6.07, 6.43]
Mixtral 8x22B 0.749 1 0.06 0.302 | 0.06 0.305 | 0.06 6.39 | 0.25 0.802 t0.11 0.289 | 0.08 0.264 | 0.10 5.35 1 1.29
[0.692, 0.799] [0.248, 0.362] [0.251, 0.365] [6.20, 6.58] [0.748, 0.847] [0.236, 0.348] [0.213, 0.322] [5.17, 5.53]
Mean 0.776 + 0.07 0.235 L 0.10 0.284 | 0.09 6.25 | 0.25 0.794 + 0.09 0.203 L 0.13 0.237 L 0.13 5.41 | 1.09

Also, it would allow the model to interpret better
the web-based corpus related to the specific condi-
tions, since the information available may not be re-
stricted to text. This second module essentially loops
to form the conversation Al backend that connects to
the interface. To adapt the type of reasoning-based
queries obtained from patient responses, we predefine
the categories and structures of inputs and responses
extracted from the text along with a memory unit
to facilitate information linkage across longer conver-
sations. Lastly, adopting discrete model blocks en-
ables more efficient agents that follow PIE heuristics
to converge on a diagnosis.
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