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Background: With the continued advancement of artificial intelligence (Al), large language models (LLMs) such as GPT-4 may assist
clinicians in evaluating patient candidacy for spinal cord stimulation (SCS). We compared a general-purpose, non—fine-tuned LLM
(GPT-4), an expert multidisciplinary team (MDT), and a clinician-input, rule-based e-Health decision-support tool. The study focused
exclusively on decision agreement and did not assess clinical outcomes (eg, pain relief or device retention).

Methods: This single-center, retrospective cohort was conducted at Fondazione Istituto G. Giglio (Cefalu, Italy) and included 93
consecutive adults referred to the MDT for SCS evaluation between January 2022 and March 2024. The MDT issued binary
recommendations (“proceed” vs “do not proceed”) as the reference standard. The e-Health tool generated “yes”, “maybe”, or “no”
outputs from structured clinician-entered data. GPT-4 was applied zero-shot, using a single standardized prompt on anonymized
vignettes within an offline environment. The primary endpoint was agreement (weighted k) among MDT, e-Health, and GPT-4;
sensitivity/specificity analyses explored three interpretations of “maybe”.

Results: The MDT recommended SCS for 91.4% of patients, compared with 54.8% for the e-Health tool and 46.2% for GPT-4.
Agreement was moderate for MDT vs e-Health (k = 0.51) and e-Health vs GPT-4 (x = 0.46), and fair for MDT vs GPT-4 (x = 0.29).
GPT-4 demonstrated a more conservative profile, favoring specificity over sensitivity.

Conclusion: A non—fine-tuned GPT-4 approximated but did not replicate MDT decision-making, functioning as a high-specificity,
low-sensitivity filter. A layered workflow combining rule-based tools with expert oversight and targeted LLM adaptation may best
optimize SCS candidate selection.
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Background

Artificial intelligence (AI) applications in the clinical setting have made significant progress, from early-stage research
prototypes to becoming an everyday clinical asset, accelerating information retrieval, and pattern recognition across
almost every medical specialty.' > Large-language models (LLMs) such as GPT-4 can now interpret narrative clinical
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vignettes, imaging reports, and laboratory data in a fraction of the time, producing provisional, evidence-linked
suggestions.*®” Nevertheless, the suggestions may include hallucinations, plausible sounding yet fabricated information,
an issue occurring even in curated systems, and must therefore be weighed cautiously by clinicians.*®’ Evidence is
growing demonstrating that clinicians with the assistance of LLMs (trained and untrained) can solve complex case-
management questions more accurately than alone or accelerating documentation such as in the reconciling of medication
lists or tailoring peri-operative antibiotic prophylaxis.**'? Yet in other settings, the same models add little value or
misprioritize differential diagnoses, as has been reported in rare metabolic disorders or pediatric dermatology.®'? This
variability highlights a central informatics challenge — identifying which tasks can be safely augmented by a general-
purpose, untrained models, how much clinician oversight is needed, and which require further specialty specific training
of the LLM.

Successive waves of fine-tuning and clinician-in-the-loop reinforcement have started to narrow the gap. Trained
LLMs evaluated on structured clinical vignettes and simulated clinical encounters, now meet or even exceed average
clinician scores.”'*'* Evidence from LLMs answering opioid therapy and neuromodulation queries with strong relia-
bility and comprehensibility further illustrates the potential of even untrained models.*'*'* LLMs now stand alongside
an ecosystem of digital decision-support tools from dermatology image-analysis software and real-time pain-expression
detection systemsto algorithmic care pathways, such as for neuromodulation, embedded in electronic health
records.”!!-!%16

Spinal cord stimulation (SCS) therapy is a clear example when optimal patient selection requires the integration of
different biomedical and psychosocial information.'”?° Contemporary consensus statements and e-Health tools provide
useful tools yet still leave room for clinical discretion.'®*°>* We, therefore, explored how an untrained LLM compares
with a multidisciplinary team’s (MDT) decisions and with an established e-Health tool in evaluating the appropriateness
for when SCS therapy is indicated. By clarifying its strengths and limitations, this study offers a preliminary reference for
clinicians exploring the integration of Al tools into pain management workflows."*

Importantly, the present analysis focuses exclusively on agreement among decision-making systems and does not
evaluate downstream clinical outcomes such as pain relief, device retention, or explantation rates. However, current MDT
evaluations remain subject to inter-rater variability, are time- and resource-intensive, and may be influenced by subjective
bias. Objective Al-based tools could help improve consistency and efficiency in candidate triage.

Methods

The SPINE (Smart Processing and Intelligent Navigation for Evaluation) study is a single-center, retrospective cohort
study conducted at the Fondazione Istituto G. Giglio in Cefalu (Palermo, Italy). The study compared three decision-
making systems: the multidisciplinary team (MDT, reference standard), a validated rule-based clinician-input e-Health
decision-support tool, and an untrained large language model (LLM; GPT-4). Data were analyzed from a prospectively
managed clinical “SCS Pathway” study performed by the MDT, as described below. Individuals included from the SCS
Pathway study were >18 years of age with a chronic pain diagnosis who were referred to the MDT “SCS Pathway”
between January 2022 and March 2024 for consideration of SCS therapy. All consecutive adult patients (=18 years)
referred to the MDT during this period were included. No pre-screening beyond incomplete data or missing follow-up
was applied, minimizing selection bias. The MDT consists of structured assessments by two pain physicians,
a psychologist, and a specialist nurse, who convene to decide candidacy. The MDT issued a binary recommendation
(“proceed with SCS trial” or “do not proceed”), which served as the clinical reference standard for subsequent
comparisons against the e-Health tool and GPT-4. The e-Health tool generated three possible outputs (“yes”, “maybe”,
and “no”), synthesizing clinical and psychosocial inputs according to predefined weighting rules derived from expert
consensus. The e-Health tool (https://scstool.org) is a clinician-input, rule-based algorithm developed from the European
consensus recommendations for appropriate referral and selection of patients with chronic pain for SCS.'®*® It
synthesizes predefined clinical and psychosocial parameters into a weighted decision output (“yes”, “maybe”, “no”
reflecting guideline-based thresholds. The algorithm does not use self-reported or machine-learning data but structured
clinician-entered variables.
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Electronic health-record screening identified 93 patients. The study focused exclusively on agreement metrics across
evaluators; clinical outcomes such as pain reduction, implant success, or explant rates were not analyzed. For each
patient, demographic variables (age, sex, and body mass index), pain etiology, prior spine surgeries, pain phenotype
(neuropathic vs mixed), psychosocial factors (anxiety, depression, and substance dependence), comorbidities, medication
profile, and baseline scores for visual analogue scale (VAS), Douleur Neuropathique 4 (DN4), and EuroQol-5 Dimension
(EQ-5D) were extracted. Follow-up scores were collected at 3, 6, 12, 18, and 24 months after permanent implantation
when applicable. Patients were excluded if they had incomplete follow up.

For the LLM, anonymized case vignettes without identifying information were entered into separate, offline sessions
of ChatGPT-4 (OpenAl, March 2024 release). Each vignette included the same variables provided to the MDT and
e-Health tool. GPT-4 was applied in a zero-shot manner using a single standardized prompt without temperature
variation, role conditioning, or chain-of-thought prompting, to simulate a general-purpose, untrained clinical reasoning
context. The standardized question used for all cases was: “Is spinal cord stimulation appropriately indicated for this
patient?”

GPT-4’s first explicit statement (“yes”, “no”, or “maybe”) determined the categorical output. Each case was processed
in an offline, isolated GPT-4 environment (March 2024 release), ensuring no external data retrieval or model training
interaction. Since the vignettes were generated after all clinical decisions had been finalized, the LLM and e-Health tool
had no access to MDT decisions and played no role in patient care since it was entered retrospectively. Primary endpoints
were the level of agreement between LLM, the e-Health tool, and MDT decisions. Institutional Review Board approval
was obtained from Comitato Etico Locale Palermo 1 (protocol #23; 19 September 2024). All patient data were fully
anonymized prior to processing. No identifiable information was transmitted to third-party servers, and the GPT-4
environment operated locally to ensure compliance with EU GDPR and institutional data-protection policies. The board
waived individual informed consent for the retrospective analysis of the anonymized data collected from the prospective
study. All procedures conformed to the Declaration of Helsinki and applicable data-protection regulations.

Statistical Analysis

Statistical analyses were conducted using R (version 4.1.2) and the irr package for conducting inter-rater reliability
analyses.”® The weighted kappa () statistic was used to assess the agreement between the MDT, the e-Health tool, and
LLM.?” Pairwise comparisons of the assessment methods were conducted using the formula:

2" 0y
X" Ey

where w are the weighting factors, O are the observed frequencies of agreement or disagreement and E are the expected

Ky=1-

frequencies under the assumption that the assessment methods are independent. For the weighing factors, a value of 1
was used for complete agreement, where both assessment methods either accepted or rejected the patient and a value of 0
used for complete disagreement, where one assessment method accepted the patient while the other rejected them. For
partial agreement, such as when one assessment method accepted or rejected the patient while the other provided
a tentative decision, squared weights were used, that is, a value of 0.25. This weighting scheme penalized larger
disagreements (eg, accepted vs rejected) more heavily than partial ones (eg, accepted vs tentative). Agreement strength
was interpreted according to Altman’s criteria: k <0.20 poor, 0.21-0.40 fair, 0.41-0.60 moderate, 0.61-0.80 good, >0.80
very good.”’

Results
The cohort included 93 adults with a mean age of 66.1 = 10.5 years (Table 1). Of the cohort, 40.9% (38/93) were women
and 59.1% (55/93) were men. The leading diagnoses were chronic back and leg pain 41.9% (39/93) and post-surgical
pain syndrome 36.6% (34/93) with less common diagnoses being neuropathic pain syndrome 11.8% (11/93), complex
regional pain syndrome 8.6% (8/93), and idiopathic pain syndrome 1.1% (1/93).

SCS implant decision outcomes varied across the three assessment methods. Of the patients referred to the MDT, SCS
therapy was indicated in 91.4% (85/93) (Table 2). In comparison, the e-Health tool and LLM only indicated SCS therapy
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Table | Demographic and Clinical Characteristics of
Study Population

Characteristic Total (N = 96)
Age in years, M (SD) 66.13 (10.54)
Gender, n (%)

Male 55 (59.1%)

Female 38 (40.9%)
Chronic pain diagnosis, n (%)

Chronic back and leg pain 39 (41.9%)

Complex regional pain syndrome 8 (8.6%)

Idiopathic pain syndrome I (1.1%)

Neuropathic pain syndrome I (11.8%)

Post-surgical pain syndrome 34 (36.6%)
Previous spine surgery, n (%)

Yes 34 (36.6%)

No 59 (63.4%)
Pain type, n (%)

Mixed 21 (22.6%)

Neuropathic 72 (77.4%)

Table 2 SCS Implant Decisions Across Assessment Methods

Decision Multidisciplinary e-Health GPT-4 n (%)
Team n (%) Tool n (%)

Accepted 85 (91.4%) 51 (54.8%) 43 (46.2%)

Rejected 8 (8.6%) 9 (9.7%) 25 (26.9%)

Tentative N/A 33 (35.5%) 25 (26.9%)

in 54.8% (51/93) and 46.2% (43/93), respectively. SCS therapy was not indicated in 8.6% (8/93) for the MDT, 9.7% (9/
93) for the e-Health tool, and 26.9% (25/93) for LLM. Additionally, both the e-Health decision-support platform and
LLM included tentative decisions, accounting for 35.5% (33/93) and 26.9% (25/93), respectively, a category not
applicable to the MDT (Table 2).

The MDT and the e-Health tool had the highest rate of complete agreement 58/93 (62.4%) with minimal disagreement
2/93 (2.2%) and moderate partial agreement 35.5% (33/93) (Table 3) with a weighted k of 0.51, indicating moderate
agreement. Comparisons between the MDT and LLM demonstrated a lower rate of complete agreement 51/93 (54.8%)
and a higher rate of complete disagreement 17/93 (18.3%), with partial agreement at 25/93 (26.9%) with a weighted k of
0.29, reflecting fair agreement. Finally, the e-Health tool and LLM achieved complete agreement in 61.3% (57/93),
complete disagreement in 8.6% (8/93), and partial agreement in 30.1% (28/93) with a weighted kappa of x = 0.46,
indicating moderate agreement.

A sensitivity and specificity analysis was conducted to evaluate assessments made by the e-Health tool and LLM,
using the decision made by the MDT as the reference standard (Table S1). Since specificity and sensitivity rely on binary

Table 3 Pairwise Comparisons of Agreement, Disagreement, Partial Agreement, and Weighted Kappa Values

Assessment Methods Compared Complete Complete Partial Kw Interpretation
Agreement n (%) | Disagreement n (%) | Agreement n (%)

Multidisciplinary Team | e-Health tool | 58 (62.4%) 2 (2.2%) 33 (35.5%) 0.51 | Moderate agreement

Multidisciplinary Team | GPT-4 51 (54.8%) 17 (18.3%) 25 (26.9%) 0.29 | Fair agreement

e-Health tool GPT-4 57 (61.3%) 8 (8.6%) 28 (30.1%) 0.46 | Moderate agreement
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classification, the analysis treated the tentative responses through three different scenarios. The first scenario excluded
tentative decisions, removing uncertainty from the calculation. The second scenario treated tentative decisions as false
negatives, if uncertainty leads to rejections. This lowers sensitivity and makes the assessment method appear more
conservative. The third scenario treated the tentative decisions as false positives, if uncertainty leads to acceptance. This
lowers specificity and makes the assessment method appear more lenient. Overall, the LLM remains more conservative,
favoring specificity at the cost of sensitivity, while e-health is more lenient, demonstrating greater sensitivity but slightly
lower specificity when tentative decisions are factored in.

Discussion

The present study demonstrates that an untrained LLM can approximate but not yet replicate the nuanced triage decisions
of an expert MDT when selecting candidates for SCS. Overall agreement between GPT-4 and MDT was fair (k=0.29)
and markedly lower than the moderate concordance observed between MDT and the e-Health tool (x=0.51). The main
driver of discordance was GPT-4’s conservative stance as SCS therapy was indicated less than half of potential implants
46.2% (43/93) and never indicated SCS therapy when it was not indicated by the MDT, resulting in 100% specificity in
each of the three sensitivity-analysis scenarios. The model performed reliably at identifying clear exclusions often
patients with substance dependence, mixed pain phenotypes, or scant responses to prior therapy but missed
a proportion of individuals who ultimately benefited from implantation. This conservative behavior suggests that GPT-
4 may act as a highly specific but less sensitive “filter”, an observation consistent with findings from other medical
domains where untrained language models tend to avoid over-recommendation when uncertainty is high.

Sensitivity analyses illustrate the trade-off. When “maybe” responses were omitted, GPT-4 had 100% specificity but
lost approximately one-quarter of true positives (sensitivity = 0.72). Reclassifying “maybe” as false negatives accen-
tuated this shortfall, whereas regarding them as false positives confirmed GPT4’s conservative appearing approach to
SCS therapy. This pattern implies that an untrained LLM may serve as a conservative screening adjunct useful for
filtering out clear non-candidates but is not yet suitable as a stand-alone gatekeeper where the goal is to maximize access
and sensitivity.

The e-Health tool’s performance (x = 0.51) closely mirrored its original validation study (k =~ 0.54) reinforcing the
reproducibility of rule-based digital decision aids in SCS candidate selection.” Its structured, clinician-input design
allowed greater alignment with MDT reasoning than the generative, probabilistic logic of GPT-4. This suggests that
model accuracy depends less on computational complexity than on how closely the algorithm’s architecture and data
mirror the clinical reasoning process.

Our findings echo earlier reports from other fields, where untrained LLMs displayed inconsistent performance on specialized
tasks until they underwent targeted, domain-specific training. For instance, trained LLMs have equaled or surpassed clinician
accuracy in simulated national licensing examinations, dermatologic image triage, and opioid counselling chatbots, all while
improving explanatory transparency and equity across demographic subgroups.®®'%'#"'* Machine-learning models specifically
developed for SCS outcomes or chronic pain prediction (Karri et al, 2020; Celestin et al, 2009; Russo et al, 2021) have reported
accuracies around 70-80%, comparable to the moderate agreement observed here.”® These findings collectively support the view
that algorithmic tools can complement but not yet replace expert multidisciplinary evaluation.

The differential profile of the 25 patients approved by the MDT but declined by GPT-4 further highlights the need for
targeted optimization. Compared with cases where SCS was indicated, these individuals more frequently exhibited mixed
pain presentations, lower prior treatment gains, and psychosocial comorbidities variables that are semi-structured or
narrative-rich and therefore harder for a generic LLM to weigh appropriately. Augmenting the model with structured
psychological scales, longitudinal registry data, and examples emphasizing “gray-zone” scenarios could substantially
improve discrimination and contextual accuracy.

One methodological limitation concerns the prompting strategy. GPT-4 was evaluated using a single, simple zero-shot
prompt without role conditioning or temperature variation. While this design allowed a standardized baseline compar-
ison, it constrained the model’s reasoning depth. Future studies should evaluate multi-prompt or chain-of-thought
strategies to enhance reproducibility, contextual depth, and transparency. Incorporating rationale-generation (eg, explain-
your-answer prompts) would further facilitate interpretability and clinician trust.'*
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Interpretability remains a major concern: although GPT-4’s recommendations sometimes aligned with the MDT, no
explicit rationale was requested or provided, reinforcing the “black-box™ nature of Al systems inputs go in, outputs
emerge, yet the decision pathway remains largely opaque.'* Embedding rationale extraction techniques—such as chain-
of-thought transparency or rule-based attribution—could bolster clinician trust and facilitate root-cause analysis when
clinicians and LLMs.

Finally, it is noteworthy that the e-Health tool, despite its rule-based architecture and absence of generative
capabilities, achieved higher agreement with experts than the LLM. These findings suggest that performance depends
more on how closely the training data match the clinical task than on the complexity of the model. Future clinical Al
systems will likely combine deterministic algorithms that enforce guideline conformity with LLMs capable of con-

textualizing narrative data creating a hybrid, layered decision-support ecosystem rather than a single autonomous model.

Limitations

Several limitations should be acknowledged. First, this was a single-center study reflecting a specific regional referral
pattern, which may not capture variability in SCS candidate assessment across different healthcare systems. Second, the
retrospective design depended on the accuracy and completeness of electronic health records, particularly for psycho-
social variables, which were not always standardized. Third, the MDT that served as the reference standard is embedded
within the same institutional workflow as the e-Health tool, potentially inflating observed agreement due to shared
clinical culture.

Fourth, the LLM was evaluated “out-of-the-box”, without domain-specific fine-tuning or multi-prompt prompting
strategies. Its conservative behavior may therefore reflect prompt simplicity rather than genuine clinical reasoning
competence. Fifth, manual post hoc classification of GPT-4 outputs into categorical recommendations (“yes”, “no”,
“maybe”) introduced interpreter judgment that may have influenced « statistics. Sixth, long-term follow-up beyond 24
months was unavailable for a proportion of implanted patients, limiting the ability to correlate model recommendations
with sustained clinical benefit or device retention. Finally, the modest sample size precluded subgroup analyses for less
frequent pain syndromes and psychological profiles. Future multicenter, prospective studies using standardized psycho-
logical and outcome metrics are warranted to validate and refine these findings.

Conclusion

Overall, this study provides an initial benchmark for integrating Al into neuromodulation decision workflows. An
untrained GPT-4 model demonstrated high specificity but limited sensitivity, while the rule-based e-Health tool achieved
moderate concordance with experts. A combined approach—merging structured algorithms for guideline adherence with
adaptable language models for contextual reasoning—may represent the most realistic near-term pathway toward safe,
explainable Al-assisted patient selection in SCS.

In the present study, the untrained LLM functioned effectively as a conservative filter, identifying clear exclusions
with high specificity. However, its stringency would have excluded a substantial minority of patients who ultimately
benefited from SCS. Conversely, the rule-based e-Health algorithm aligned more closely with expert judgment but lacked
the nuance to interpret mixed pain presentations or psychosocial subtleties. Taken together, these findings support
a layered decision-making strategy in which automated tools expedite straightforward cases, while the MDT remains
essential for borderline or complex scenarios where prior surgical history, psychosocial resilience, or anatomical
constraints critically influence outcomes.

Future work should focus on training decision-support models using granular, outcome-linked SCS data, elucidating
mechanistic links between pain phenotype and waveform selection, and extending follow-up beyond two years to assess
long-term durability and device optimization. By integrating these advances, centers can refine patient selection, improve
efficiency, and most importantly, maximize the proportion of individuals who achieve meaningful and sustained pain
relief through spinal cord stimulation.
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