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Introduction 
 
Large language models (LLMs) are artificial 
intelligence systems capable of generating human-
like textual responses through processing vast 
amounts of text data (1). Since ChatGPT's release 
in November 2022, these models have been 
rapidly integrated into healthcare and medical 
research (2). LLMs can achieve passing scores on 
medical licensing examinations, with a pooled 
accuracy of 81.8% for ChatGPT-4 (3), and a 
randomized clinical trial reported that an LLM 
alone outperformed physicians in diagnostic 
reasoning (4). The application of LLMs in 
specialized medical fields has yielded variable 
results. A systematic review of 519 studies 
concluded that existing evaluations are fragmented 
and insufficient in covering diverse specialties (5), 
with most investigations using fewer than 100 test 

items (6). LLM accuracy has also been shown to 
vary across levels of clinical complexity (7). In 
forensic medicine, LLMs have been recognized as 
a new frontier with both opportunities and 
challenges (8). A Turkish study evaluating 
ChatGPT-4 across 366 medicolegal cases found 
the model could aid forensic medicine assistants, 
although discrepancies existed between AI-
generated and expert-prepared reports (9). A 
recent benchmarking study of eleven multimodal 
LLMs on 847 forensic questions reported 
emerging potential for structured assessments but 
persistent limitations in complex scenarios (10).  
Disability assessment is a critical function of 
forensic medicine that directly influences 
compensation in personal injury litigation. In 
Turkey, disability ratings for adults are determined 
by the "Regulation on Disability Assessment for 
Adults" (Official Gazette, 20 February 2019, No. 
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30692), which provides standardized impairment 
tables and the Balthazard formula for combining 
multiple impairments (11). This assessment 
requires integrating clinical findings, imaging data, 
and regulatory tables—demanding both medical 
expertise and precise numerical calculation. 
Despite growing interest in AI-assisted 
medicolegal documentation, no study has 
specifically evaluated the ability of LLMs to 
calculate disability ratings using national 
regulatory frameworks. This study evaluated three 
leading commercial LLM-based chatbots—Gemini 
3 Pro (Google), ChatGPT Plus (GPT-5; OpenAI), 
and Claude AI (Opus 4.6; Anthropic)—in 
calculating disability impairment ratings, 
temporary work disability duration, and caregiver 
need duration using standardized cases based on 
the Turkish regulation. Comparing AI outputs 
against expert-determined values across 100 cases, 
this is the first systematic assessment of LLM 
accuracy in quantitative medicolegal disability 
evaluation. 

Materials And Methods 

Study design: This was a cross-sectional 
agreement study comparing disability impairment 
ratings generated by three commercial LLM-based 
chatbots—individually and as a three-model 
ensemble—against expert-determined reference 
values across 100 standardized cases. The study 
was reported in accordance with the GRRAS 
guidelines (12). 
Ethics statement: All clinical cases were 
fictional, purpose-constructed narratives; 
therefore, ethical committee approval and 
informed consent were not required. The use of 
AI tools is declared in accordance with Van 
Medical Journal policy. 
Case construction: One hundred fictional clinical 
cases were constructed by a forensic medicine 
specialist (Y.E.) to represent the clinical spectrum 
encountered at the Forensic Medicine Outpatient 
Clinic of Dursun Odabaş Medical Center in terms 
of age distribution, injury mechanisms, affected 
body systems, and disability rate distribution. 
Each case included: demographic information 
(age, sex), injury mechanism and date, medical 
history and surgical interventions, physical 
examination findings with range-of-motion 
measurements, imaging results, and current 
clinical status. The distribution of injury 
mechanisms was as follows: traffic accidents 
(n=89), other accidents (n=6), assault (n=2), 
occupational injuries (n=2), and falls (n=1). The 
affected body systems included the 

musculoskeletal system (lower extremity, upper 
extremity, and spine), neurological system, thorax, 
internal organs, eyes, ear-nose-throat, and 
psychiatric conditions. Seventy cases involved 
multiple impairments requiring the Balthazard 
combined rating formula, while 30 cases involved 
a single impairment. 
Reference standard (Gold Standard): Each case 
was independently evaluated by a forensic 
medicine specialist using the "Regulation on 
Disability Assessment for Adults" (Official 
Gazette, February 20, 2019, No. 30692) (11). 
Three outcome measures were determined for 
each case: (1) permanent disability impairment rate 
(%), (2) temporary work disability duration (days), 
and (3) caregiver need duration (days). The 
impairment tables, figures, and the Balthazard 
formula specified in Annex-2 of the regulation 
were applied. These expert-determined values 
served as the reference standard for all 
comparisons. The distribution of reference 
disability rates was as follows: 0% (n=9), 1–10% 
(n=41), 11–20% (n=24), and ≥21% (n=26), with a 
mean of 16.0±16.0% (range: 0–100%). 
Large language model evaluation: Three 
commercial LLM-based chatbots were evaluated 
using paid subscription tiers: ChatGPT Plus with 
GPT-5 (OpenAI, USA), Google AI Pro with 
Gemini 3 Pro (Google, USA), and Claude Pro 
with Claude Opus 4.6 (Anthropic, USA). All 
evaluations were conducted in February 2026 via 
the web interfaces of each platform. A new 
conversation session was initiated for each batch 
to prevent context carryover. A standardized zero-
shot prompt was developed that included: (a) a 
system role definition assigning the model the 
persona of an experienced forensic medicine 
expert, (b) the complete text of the relevant 
regulation tables and classification criteria from 
Annex-2, (c) the Balthazard formula with a 
worked example, and (d) explicit instructions to 
provide a single integer value for each of the three 
outcome measures without disclaimers or ranges. 
The cases were presented in batches of 10, and the 
models were instructed to output a structured 
summary table at the end of each batch. The same 
prompt template and case text were used 
identically across all three models. 
Outcome measures: The primary outcome was 
the disability impairment rate (%). Secondary 
outcomes were temporary work disability duration 
(days) and caregiver need duration (days). For one 
case with lifelong caregiver need and one case 
with indeterminate  temporary  work   disability,  
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Table 1: Descriptive Statistics of Disability Impairment Rate, Temporary Work Disability Duration, and Caregiver Need 

Duration 

Disability Impairment Rate (%) 

Source n Mean ± SD Median IQR (Q1–Q3) Min Max 

Expert (Reference) 100 16.0 ± 16.1 10.5 5–21 0 100 

Gemini 3 Pro 100 14.9 ± 17.1 10.0 3–19 0 96 

GPT-5 100 14.4 ± 16.3 8.0 5–20 0 100 

Claude Opus 4.6 100 15.7 ± 17.0 11.5 3–22 0 100 

Three-Model Ensemble 100 15.0 ± 16.0 11.0 5–18 0 99 

Temporary Work Disability Duration (days) 

Source n Mean ± SD Median IQR (Q1–Q3) Min Max 

Expert (Reference) 99 155.1 ± 111.1 180 90–225 15 540 

Gemini 3 Pro 99 165.7 ± 95.7 180 90–270 15 365 

GPT-5 99 152.1 ± 93.3 180 90–225 10 365 

Claude Opus 4.6 99 174.9 ± 91.9 180 105–270 15 365 

Three-Model Ensemble 99 164.3 ± 87.1 180 98–230 13 363 

Caregiver Need Duration (days) 

Source n Mean ± SD Median IQR (Q1–Q3) Min Max 

Expert (Reference) 95 64.6 ± 53.9 60 26–90 0 180 

Gemini 3 Pro 99 47.2 ± 46.4 45 15–60 0 365 

GPT-5 100 47.6 ± 57.9 30 0–60 0 365 

Claude Opus 4.6 99 54.1 ± 46.8 45 30–90 0 360 

Three-Model Ensemble 95 45.3 ± 32.4 50 18–70 0 150 

IQR, interquartile range; SD, standard deviation. 

 
 
these values were treated as missing in the 
corresponding analyses. 
Ensemble model approach: In addition to 
evaluating each LLM individually, an ensemble 
approach was examined in which the arithmetic 
mean of the three models' outputs was calculated 
for each case and each outcome measure. The 
ensemble value for disability impairment rate was 
rounded to the nearest integer for categorical 
accuracy comparisons. This approach was based 
on the rationale that aggregating predictions from 
multiple independent models may reduce 
individual model errors and yield more robust 
estimates—a principle well established in machine 
learning as ensemble averaging (13). 
Statistical analysis: Descriptive statistics were 
presented as mean ± standard deviation and 
median (interquartile range) for continuous 
variables, and as frequencies and percentages for 
categorical variables. The Shapiro-Wilk test was 
used to assess the normality of difference 
distributions. Agreement between each LLM and 
the reference standard was evaluated using the 
intraclass correlation coefficient (ICC), with a 
two-way mixed-effects model and absolute 
agreement for single measures [ICC(3,1)] (14). 
ICC values were interpreted as: <0.50 poor, 0.50–
0.75 moderate, 0.75–0.90 good, and >0.90 
excellent (15). Spearman rank correlation 

coefficients (ρ) were calculated for monotonic 
association, as the disability rate distributions were 
non-normally distributed. Systematic bias was 
quantified using the Bland-Altman method: the 
mean difference (bias), standard deviation of 
differences, and 95% limits of agreement (LoA = 
bias ± 1.96 × SD) were calculated and plotted for 
each AI model (16). Error magnitude was assessed 
using mean absolute error (MAE) and root mean 
square error (RMSE). Categorical accuracy was 
reported as the proportion of cases where the AI-
generated value exactly matched the reference 
value (exact agreement) and the proportion within 
±5 and ±10 percentage points of the reference. 
The Friedman test was applied to absolute errors 
to compare the three AI models, with post-hoc 
Wilcoxon signed-rank tests and Bonferroni 
correction when significant. The Wilcoxon signed-
rank test was also used to compare the absolute 
errors of the ensemble against each individual 
model. Subgroup analyses were conducted by 
stratifying cases according to reference disability 
rate categories (0%, 1–10%, 11–20%, ≥21%) to 
evaluate whether AI performance varied across 
the severity spectrum. The same agreement 
metrics (ICC, MAE, Bland-Altman) were 
calculated for the ensemble predictions. An 
additional subgroup analysis was performed by 
categorizing cases as single impairment (n=30) or  
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Table 2: Agreement and error metrics for disability impairment rate between AI models and expert reference. 

ICC, intraclass correlation coefficient; CI, confidence interval; MAE, mean absolute error; RMSE, root mean square error; LoA, limits of  
agreement. 

 

 

 

Figure 1: Bland-Altman plots showing agreement between AI-generated and expert-determined disability impairment rates. Panels A–C 
represent individual models (Gemini 3 Pro, GPT-5, and Claude Opus 4.6, respectively), and Panel D represents the three-model ensemble. 
The solid red line indicates mean difference (bias), and dashed gray lines indicate 95% limits of  agreement (bias ± 1.96 SD) 

 

Table 3: Subgroup Analysis of Mean Absolute Error and Bias by Disability Severity Category 

Category n 

Gemini 3 
Pro 

MAE 

Gemini 3 
Pro 
Bias 

GPT-5 
MAE 

GPT-5 
Bias 

Claude 
Opus 4.6 

MAE 

Claude 
Opus 4.6 

Bias 
Ensemble 

MAE 
Ensemble 

Bias 

0% 9 0.0 +0.0 0.0 +0.0 0.2 +0.2 0.1 +0.1 

1–10% 41 3.1 -0.4 2.8 +0.8 3.5 +0.9 2.5 +0.4 

11–20% 24 5.3 -1.9 7.8 -3.8 6.5 +0.2 5.2 -1.9 

≥21% 26 9.9 -2.0 11.5 -3.9 11.0 -3.1 9.1 -3.0 

Overall 100 5.1 -1.1 6.0 -1.6 5.9 -0.4 4.7 -1.1 

MAE, mean absolute error. Bias = AI prediction minus expert reference (negative values indicate underestimation). 

Model 
ICC (3,1) 
[95% CI] 

Spearma
n ρ 

MAE 
(point) 

RMSE 
(point) 

Bias ± SD 
(points) 95% LoA 

Exact 
Agreement 

n (%) 
±5 Points 

n (%) 
±10 Points 

n (%) 

Gemini 3 Pro 
0.875 

[0.821–0.915] 
0.833 5.1 8.3 -1.1 ± 8.3 -17.4 to 15.1 24 (24%) 73 (73%) 84 (84%) 

GPT-5 
0.814 

[0.739–0.873] 
0.788 6.0 9.9 -1.6 ± 9.8 -20.8 to 17.6 31 (31%) 63 (63%) 78 (78%) 

Claude Opus 
4.6 

0.848 
[0.781–0.894] 

0.821 5.9 9.1 -0.4 ± 9.2 -18.3 to 17.6 21 (21%) 65 (65%) 81 (81%) 

Three-Model 
Ensemble 

0.890 
[0.843–0.926] 

0.870 4.7 7.5 -1.1 ± 7.5 -15.7 to 13.6 20 (20%) 75 (75%) 85 (85%) 

 



 

Etli et al/ LLM Performance in disability rating 
 

 

Van Med J Volume:33, Issue:3, July/2026 
 

232 

multiple impairment requiring the Balthazard 
combined rating formula (n=70) to evaluate 
whether the computational complexity of 
cumulative calculations affected AI performance. 
The Mann-Whitney U test was used to compare 
absolute errors between these two groups. All 
statistical analyses were performed using Python 
3.12 with SciPy 1.17, NumPy 2.4, and Pandas 3.0 
libraries. Figures were generated using Matplotlib 
3.10. A two-tailed p-value of <0.05 was 
considered statistically significant. 

Results 

All 100 cases were successfully evaluated by each 
LLM, with complete data for the primary 
outcome. For temporary work disability duration 
and caregiver need duration, 99 and 95 cases were 
evaluable, respectively. Descriptive statistics are 
summarized in Table 1. 
Disability impairment rate: The expert-
determined disability rates ranged from 0% to 
100% (mean 16.0±16.1%, median 10.5%). The 
agreement and error metrics for each model and 
the three-model ensemble are presented in Table 
2. All three models showed good agreement with 
the reference standard, with ICC values from 
0.814 (GPT-5; 95% CI: 0.739–0.873) to 0.875 
(Gemini 3 Pro; 95% CI: 0.821–0.915), and 
Spearman coefficients of 0.788–0.833 (all 
p<0.001). Gemini 3 Pro had the lowest MAE (5.1 
points); GPT-5 had the highest exact agreement 
(31%). All models showed slight negative bias, 
indicating a tendency to underestimate disability 
rates (Table 2). Bland-Altman limits of agreement 
(Figure 1) were narrowest for Gemini 3 Pro 
(−17.4 to +15.1) and widest for GPT-5 (−20.8 to 
+17.6). 
Ensemble model performance: The ensemble 
yielded the highest ICC (0.890; 95% CI: 0.843–
0.926), approaching excellent agreement. It also 
achieved the lowest MAE (4.7), lowest RMSE 
(7.5), narrowest limits of agreement (−15.7 to 
+13.6), and highest proportion within ±5 pp 
(75%) (Table 2). The ensemble significantly 
reduced absolute errors compared with Claude 
Opus 4.6 (p<0.001) and GPT-5 (p=0.028); 
improvement over Gemini 3 Pro approached 
significance (p=0.065). 
Inter-Model comparison: The Friedman test 
revealed no statistically significant difference in 
absolute error magnitudes among the three 
individual models (χ²=0.47, p=0.790), indicating 
comparable overall performance. 
Subgroup analysis: Performance varied 
substantially across disability categories (Table 3). 
For 0% cases, all models achieved near-perfect 

accuracy (MAE ≤0.2). MAE in the 1–10% range 
was 2.5 (ensemble) to 3.5 (Claude Opus 4.6). 
Accuracy declined progressively with severity: in 
the ≥21% category, MAE reached 9.1 (ensemble) 
to 11.5 (GPT-5), with all models showing negative 
bias and systematic underestimation (Figure 2). 
These error patterns are summarized in Figure 3, 
which presents the distribution of absolute errors 
across the individual models and the ensemble 
(A), the proportion of predictions falling within 
increasing tolerance thresholds (B), and mean 
absolute error stratified by disability rate category 
(C). 
 

 
Figure 2: Correlation scatter plots between expert-determined 
and AI-generated disability impairment rates. Panels A–C 
represent individual models (Gemini 3 Pro, GPT-5, and Claude 
Opus 4.6, respectively), and Panel D represents the three-model 
ensemble. The dashed black line indicates perfect agreement 
(identity line), and the solid red line indicates the linear regression 
fit. ICC and Spearman ρ values are shown in each panel. 

 

 
 
Figure 3: Error analysis of disability impairment rate 
predictions. (A) Box plots showing the distribution of 
absolute errors for each model and the ensemble. (B) 
Cumulative accuracy curves showing the proportion of 
predictions within a given tolerance threshold. (C) Mean 
absolute error stratified by expert disability rate category 
(0%, 1–10%, 11–20%, and ≥21%). 
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Table 4: Agreement Metrics for Temporary Work Disability Duration and Caregiver Need Duration  

Temporary Work Disability Duration 

Model n 
ICC (3,1) 
[95% CI] 

Spearman ρ 
MAE 
(days) 

Bias 
(days) 

Exact 
Agreement 

(n) 

Gemini 3 Pro 99 
0.729 

[0.624–0.811] 
0.798 45.7 +10.5 46 

GPT-5 99 
0.701 

[0.583–0.788] 
0.765 50.5 -3.0 33 

Claude Opus 4.6 99 
0.750 

[0.665–0.834] 
0.801 43.8 +19.8 47 

Three-Model Ensemble 99 
0.773 

[0.681–0.842] 
0.825 44.2 +9.1 22 

Caregiver Need Duration 

Model n 
ICC (3,1) 
[95% CI] 

Spearman ρ 
MAE 
(days) 

Bias 
(days) 

Exact 
Agreement 

(n) 

Gemini 3 Pro 95 
0.529 

[0.431–0.700] 
0.703 28.7 -20.5 37 

GPT-5 95 
0.497 

[0.406–0.685] 
0.688 31.4 -23.6 33 

Claude Opus 4.6 95 
0.585 

[0.466–0.722] 
0.730 27.6 -13.8 32 

Three-Model Ensemble 95 
0.556 

[0.462–0.720] 
0.737 28.8 -19.3 17 

ICC, intraclass correlation coefficient; CI, confidence interval; MAE, mean absolute error.  

 
 
 
 
Table 5: Agreement metrics for disability impairment rate by impairment type (single vs. multiple/Balthazard) 

Single impairment (n=30) ICC (3,1) 
Spearman 

ρ 
MAE Bias 95% LoA ±5 pp (%) ±10 pp (%) 

  Gemini 3 Pro 0.970 0.853 1.9 +0.5 −6.6 to +7.5 97 97 

  GPT-5 0.919 0.900 2.3 +1.6 −9.6 to +12.8 93 93 

  Claude Opus 4.6 0.865 0.900 3.4 +2.6 −13.1 to +18.4 87 90 

  Ensemble 0.950 0.938 2.2 +1.6 −7.2 to +10.3 90 93 

Multiple impairment  
(n=70) 

ICC (3,1) Spearman ρ MAE Bias 95% LoA ±5 pp (%) ±10 pp (%) 

  Gemini 3 Pro 0.826 0.745 6.5 −1.8 −20.5 to +16.9 63 79 

  GPT-5 0.757 0.689 7.7 −3.0 −24.3 to +18.3 50 71 

  Claude Opus 4.6 0.824 0.732 6.9 −1.7 −20.0 to +16.7 56 77 

  Ensemble 0.854 0.809 5.7 −2.2 −18.2 to +13.9 69 81 

Mann-Whitney U Test Results † 

 p-value  p-value  p-value  p-value 

Gemini 3 Pro 
<0.001   GPT-5 <0.001 

  Claude 
Opus 4.6 

<0.001   Ensemble <0.001 

ICC, intraclass correlation coefficient; MAE, mean absolute error; LoA, limits of agreement; pp, percentage points.  

†Mann-Whitney U test comparing absolute errors between single and multiple impairment group
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Single vs. multiple impairment analysis: A 
marked performance difference emerged between 
single and multiple impairment cases (Table 5). 
For single impairment cases (n=30), all models 
achieved excellent-to-good agreement: ICC 0.970 
(Gemini 3 Pro), 0.919 (GPT-5), and 0.865 (Claude 
Opus 4.6), with MAE of 1.9–3.4 pp and slight 
positive bias. The ensemble achieved ICC 0.950 
and MAE 2.2. In contrast, for multiple 
impairment cases (n=70), agreement was 
substantially lower: ICC 0.826 (Gemini 3 Pro), 
0.757 (GPT-5), and 0.824 (Claude Opus 4.6), with 
MAE of 6.5–7.7 and negative bias. The ensemble 
ICC was 0.854 (MAE 5.7). The proportion of 
predictions within ±5 pp dropped from 87–97% 
(single) to 50–63% (multiple). The between-group 
difference was highly significant for all models 
(Mann-Whitney U, all p<0.001). 
Secondary outcomes: Agreement for temporary 
work disability duration was moderate across all 
models, with ICC values of 0.729 (Gemini 3 Pro), 
0.701 (GPT-5), and 0.750 (Claude Opus 4.6) 
(Table 4). MAE values ranged from 43.8 to 50.5 
days. Claude Opus 4.6 demonstrated the highest 
positive bias (+19.8 days), indicating a tendency to 
overestimate work disability duration. Agreement 
for caregiver need duration was poor to moderate, 
with ICC values ranging from 0.497 (GPT-5) to 
0.585 (Claude Opus 4.6) (Table 4). All three 
models systematically underestimated caregiver 
duration, with negative biases ranging from −13.8 
to −23.6 days. 

Discussion 

To our knowledge, this is the first study to 
evaluate LLMs in calculating quantitative disability 
impairment ratings based on national regulatory 
frameworks. While prior studies have assessed 
LLM capabilities in forensic report writing (9), 
medical licensing examinations (3), and clinical 
diagnostic accuracy (7), this study addresses a 
distinct task: numerical computation of disability 
percentages requiring simultaneous clinical data 
extraction, regulatory table lookup, and multi-step 
arithmetic including the Balthazard formula. 
Current commercial LLMs can perform this task 
with good overall agreement (ICC 0.814–0.875), 
although accuracy varies considerably across 
severity levels. The near-perfect accuracy for 0% 
disability cases (MAE ≤0.2) contrasted with 
progressively increasing errors for higher rates 
(MAE 9.1–11.5 for ≥21%) has important practical 
implications. Lower disability rates typically 
involve single-system injuries assessed with a 
single table lookup, whereas higher rates involve 
multi-system injuries requiring sequential 

application of the Balthazard formula—
compounding errors at each step. This pattern is 
consistent with findings that LLM accuracy 
declines significantly in multi-step computational 
tasks (17); GPT-4o accuracy dropped from 62.7% 
to 43.6% under strict step-wise evaluation, 
revealing errors masked by lenient tolerance 
thresholds (17). Our findings suggest that the 
primary challenge for LLMs in disability 
assessment lies not in clinical interpretation but in 
the precise numerical execution of sequential 
regulatory computations. The subgroup analysis 
by impairment type further substantiates this 
conclusion. For single impairment cases requiring 
only a direct table lookup, all models achieved 
excellent agreement (ICC 0.865–0.970, MAE 1.9–
3.4), demonstrating that LLMs can reliably extract 
clinical findings and match them to appropriate 
regulatory table entries. However, for multiple 
impairment cases requiring the Balthazard 
formula, agreement decreased substantially (ICC 
0.757–0.826, MAE 6.5–7.7), with a reversal from 
positive to negative bias. This pattern indicates 
that the primary technical bottleneck is the 
cumulative mathematical computation inherent in 
the Balthazard formula, where each sequential 
calculation step introduces compounding errors. 
The highly significant difference between groups 
(all p<0.001) confirms that computational 
complexity of combining multiple impairment 
ratings is the dominant factor driving accuracy 
decline. This finding carries particular clinical 
significance because cases with ≥21% disability 
rates carry the greatest medicolegal impact—larger 
compensation, longer work disability periods, and 
greater caregiver needs. Systematic 
underestimation in this subgroup means uncritical 
reliance on LLM outputs could result in 
undervaluation of patients’ impairments, with 
direct adverse consequences for their legal rights 
and financial compensation. The three-model 
ensemble outperformed every individual model 
across all agreement metrics (ICC 0.890, MAE 
4.7), with significant improvements over Claude 
Opus 4.6 (p<0.001) and GPT-5 (p=0.028). This 
aligns with emerging evidence that combining 
outputs from multiple LLMs yields more reliable 
predictions than any single model. Barabucci et al. 
showed that aggregating differential diagnoses 
from four LLMs produced higher accuracy than 
the best individual model (18), and Yang et al. 
reported that ensemble frameworks consistently 
outperformed individual models in medical 
question-answering (19). Our study extends this 
principle to continuous quantitative estimation in 
a medicolegal context, suggesting that averaging 
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outputs from multiple AI systems may reduce 
errors in AI-assisted disability assessment. 
Performance on secondary outcomes was notably 
weaker. Agreement for temporary work disability 
duration was moderate (ICC 0.701–0.750), while 
caregiver need duration showed poor-to-moderate 
agreement (ICC 0.497–0.585), with systematic 
underestimation across all models. Unlike 
disability rate calculation, these outcomes lack an 
explicit tabular framework and require holistic 
judgment about recovery trajectories—a task 
current LLMs appear less equipped for. This 
underscores that LLM performance partially 
depends on structured, rule-based reference 
frameworks. The Turkish disability assessment 
landscape involves multiple regulatory 
frameworks: the 2019 regulation for adults (11), 
the 2008 regulation on work capacity loss, and the 
2013 regulation on disability criteria (20). In a 
prior study at our institution on 548 Van disability 
cases, traffic accidents accounted for 91.6% and 
19.5% healed without residual impairment (20). 
Our case distribution (traffic accidents 89%, 0% 
disability 9%) was designed to approximate this 
real-world pattern, enhancing ecological validity. 
Nevertheless, it must be acknowledged that 
simulated cases, regardless of how carefully 
constructed, represent a controlled testing 
environment that may not fully reflect the 
challenges of real clinical practice. Actual 
medicolegal cases often present with incomplete 
medical records, ambiguous clinical findings, 
comorbidities, and conflicting imaging 
interpretations—factors that could further 
challenge LLM performance. Therefore, the 
agreement levels observed in this study should be 
interpreted as an optimistic estimate, and 
prospective validation with real patient data is 
essential before any clinical implementation can be 
considered. 

Study limitations: This study has several 
limitations. First, the reference standard was 
determined by a single forensic medicine specialist 
rather than a multi-rater panel. In clinical practice, 
disability assessment committees may reach 
different conclusions for the same case due to 
subjective interpretation of clinical findings and 
regulatory criteria. The absence of inter-rater 
reliability data for the reference standard means 
that the observed AI–expert disagreements may 
partially reflect inherent variability in expert 
judgment rather than AI error alone. Future 
studies should employ multiple independent raters 
to establish a more robust reference standard. 
Second, all clinical cases were fictional, purpose-
constructed scenarios rather than actual patient 

records. Although these cases were designed to 
reflect the clinical spectrum encountered in real 
forensic practice, fictional cases may not fully 
capture the complexity, ambiguity, and incomplete 
documentation characteristic of real medicolegal 
evaluations, which limits the external validity and 
generalizability of the findings. Third, the study 
used a zero-shot prompting approach; alternative 
strategies such as chain-of-thought prompting or 
retrieval-augmented generation may yield different 
results. Fourth, LLM outputs are non-
deterministic, and we did not perform repeated 
measurements to assess intra-model consistency. 
Fifth, given the rapid pace of model development, 
the results reflect a specific point in time 
(February 2026) and may not generalize to future 
model versions. Finally, all cases were based on 
Turkish regulatory tables, and the findings may 
not be directly transferable to disability 
assessment systems in other jurisdictions. 

Conclusion 

Three leading commercial LLMs demonstrated 
good agreement with expert-determined disability 
impairment ratings across 100 standardized cases 
(ICC >0.80 for all models). However, a critical 
limitation emerged: accuracy declined substantially 
for disability rates ≥21%—the cases with greatest 
medicolegal consequence—where MAE reached 
9.1–11.5 pp and all models systematically 
underestimated disability rates. Subgroup analysis 
confirmed that this decline reflects the 
computational complexity of the Balthazard 
formula rather than clinical interpretation errors. 
A three-model ensemble yielded the highest 
agreement (ICC 0.890) and lowest error (MAE 
4.7), suggesting that aggregating outputs may 
partially mitigate individual model errors. Despite 
these results, the findings do not support LLMs as 
independent tools in medicolegal disability 
assessment. The systematic underestimation in 
complex cases, combined with limitations inherent 
in simulated cases and a single-expert reference 
standard, necessitates considerable caution. At 
present, LLMs may serve only as preliminary 
screening aids under direct expert supervision, and 
their outputs must be independently verified 
before any medicolegal application. Further 
studies with real patient data, multi-rater 
referencestandards, and prospective validation are 
essential before any integration into clinical 
practice. 
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