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Abstract 

Background: Artificial intelligence (AI) has shown significant promise in augmenting diagnostic 

capabilities across medical specialties. Recent advancements in generative AI allow for synthesis and 

interpretation of complex clinical data including imaging and patient history to assess disease risk. 

Objective: To evaluate the diagnostic performance of a dermatology-trained multimodal large 

language model (DermFlow, Delaware, USA) in assessing malignancy risk of pigmented skin lesions. 

Methods: This retrospective study utilized data from 59 patients with 68 biopsy-proven pigmented 

skin lesions seen at Indiana University clinics from February 2023 to May 2025. De-identified patient 

histories and clinical images were input into DermFlow, and clinical images only were input into 

Claude Sonnet 4 (Claude) to generate differential diagnoses. Clinician pre-operative diagnoses were 

extracted from the clinical note. Assessments were compared to histopathologic diagnoses (gold 

standard). Results: Among 68 clinically concerning pigmented lesions, DermFlow achieved 

diagnostic performance of 47.1% accuracy for top diagnosis and 92.6% accuracy when the correct 

diagnosis was included within the limited differential (any-diagnosis accuracy). Claude performed 

significantly worse with 8.8% top diagnosis accuracy and 73.5% any-diagnosis accuracy. Clinicians 

achieved 38.2% top diagnosis accuracy and 72.1% any-diagnosis accuracy. DermFlow recommended 

biopsy in 95.6% of cases compared to 82.4% for Claude. Statistical analysis revealed several significant 

differences between DermFlow and both comparators (p < 0.05). Conclusions: DermFlow 

demonstrated comparable or superior diagnostic performance to clinicians and superior performance 

to Claude in evaluating pigmented skin lesions. Although additional data must be gathered to further 

validate the model in real clinical settings, these initial findings suggest potential utility for 

dermatology-trained AI models in clinical practice, particularly in settings with limited dermatologist 

availability. 

Keywords: artificial intelligence; dermatology; melanoma; skin cancer; machine learning; 

multimodal large language model 

 

1. Introduction 

Skin cancer represents one of the most common malignancies worldwide, with melanoma being 

the most lethal form of skin cancer [1]. Early detection and accurate diagnosis of pigmented skin 

lesions are crucial for optimal patient outcomes, yet diagnostic accuracy varies significantly among 

healthcare providers [2]. The Health Resources and Services Administration predicts an increase in 

the gap between the supply and demand of full-time dermatologists in the United States over the 

next 12 years [3]. A recent study has shown that, in a 25-year period starting in 1991, dermatologist 

visit rates have increased by 68%, and dermatologist visit length has increased by 39% [4]. Currently, 

dermatologic complaints account for 20% of all physician visits in the United States [5]. The shortage 
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of dermatologists, particularly in underserved areas, has created a need for innovative patient-facing 

diagnostic tools that can assist in the evaluation of concerning skin lesions. [6]. 

Artificial intelligence (AI) has emerged as a promising technology to augment clinical decision-

making in dermatology. Traditional AI approaches in dermatology have primarily focused on 

convolutional neural networks (CNNs) trained on large datasets of skin lesion images [7–9]. While 

convolutional neural networks (CNNs) have demonstrated excellent performance for well-defined 

lesion classification tasks, they may be limited in conditions requiring integration of clinical context, 

patient history, and morphological patterns—such as inflammatory skin conditions and complex 

dermatoses where visual appearance alone is insufficient for accurate diagnosis [10–13] 

Recent advancements in generative AI and multimodal large language models (LLMs) have 

introduced new possibilities for clinical applications. Unlike traditional image-only models such as 

CNNs, multimodal LLMs can process and integrate diverse data types, including clinical images, 

patient history, and contextual information, to potentially provide more comprehensive diagnostic 

assessments. Multimodal large language models (LLMs) such as SkinGPT-4 and PanDerm have 

demonstrated more comprehensive diagnostic reasoning than unimodal CNNs, which are limited to 

visual pattern recognition alone [14–16]. Broader medical literature also highlights that multimodal 

generative AI models can generate narrative reports, synthesize patient histories, and provide 

tailored recommendations, which addresses the need for integration of clinical context in complex 

diagnostic scenarios [17–20]. 

The development of domain-specific AI models trained on specialized medical data represents 

a significant evolution from general-purpose AI systems. DermFlow, a proprietary dermatology-

trained multimodal LLM, was specifically designed to address the unique challenges of dermatologic 

diagnosis by incorporating extensive dermatology-specific training data that can both cover a wide 

range of dermatologic conditions and be integrated end-to-end into clinical workflow. 

This study aims to evaluate the diagnostic performance of DermFlow in specifically assessing 

pigmented skin lesions compared to both clinician assessments and a general-purpose multimodal 

LLM, Claude Sonnet 4 (Claude) provided only with images. By analyzing real-world clinical cases 

with histopathologic confirmation, we seek to determine the potential utility of specialized AI models 

in dermatologic practice. Our principal findings demonstrate that intelligent history intake 

dramatically improves AI diagnostic accuracy, with potential implications for clinical decision 

support in dermatology. 

2. Materials and Methods 

2.1. Study Setting 

This retrospective study was conducted at Indiana University Health clinics, including Eskenazi 

Health and IU Health, from February 2023 to May 2025. 

2.2. Participants 

Images were included in the study if they: (1) were from patients seen at Indiana University 

Health or affiliated clinics between February 2023 and May 2025 with pigmented skin lesions 

documented in the electronic medical record (EMR); (2) were taken prior to initial biopsy; (3) were 

associated with a clinician’s pre-biopsy diagnosis; and (4) had histopathological confirmation. 

Images were excluded from the study if they: (1) were of lesions that were not visibly pigmented; 

(2) were taken after the initial biopsy; (3) were obstructed, of low-quality, or blurry; or (4) did not 

include images where the lesion was readily apparent. 

A flowchart of the rigorous screening process is displayed in Figure 1. 
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Figure 1. Screening process flowchart. 

2.3. Data Collection 

Clinical data and clinical images were extracted from the EMR using a standardized data 

collection form and entered into a secure REDCap database. Variables collected included 

demographics (age, sex, race/ethnicity), clinical history (personal history of skin cancer, 

immunosuppressive conditions, family history, etc.), lesion characteristics (location, morphology, 

duration, changes), clinician differential diagnoses, and histopathologic diagnoses. 

2.4. AI Model Evaluation 

De-identified patient histories and clinical images were input into DermFlow (Delaware, USA), 

a dermatology-trained multimodal LLM specifically designed for dermatologic applications. Clinical 

images only were input into Claude 4 Sonnet, a general-purpose multimodal LLM that serves as the 

foundation for DermFlow. 

Each model was instructed to output a maximum of 4 differential diagnoses, ranked by 

likelihood, that were determined to have >85% likelihood. In addition, each model was allowed to 

provide an additional 1-2 diagnoses that are potentially life-threatening, highly morbid, rapidly 

progressive, or with potential systemic or other organ involvement (safety diagnoses). 

2.5. Outcome Measures 

The primary outcome was diagnostic accuracy for correctly categorizing lesions as benign, 

atypical, or malignant, with histopathologic diagnosis serving as the gold standard. Two levels of 

accuracy were assessed: whether the #1 ranked diagnosis correctly categorized the lesion as benign, 

atypical, or malignant (top diagnosis accuracy); and whether any diagnosis in the differential 

correctly categorized the lesion type (any-diagnosis accuracy). This approach focuses on clinically 

relevant categorization rather than exact specific diagnosis matching, as the critical clinical decision 

is distinguishing malignant and atypical lesions from benign lesions. 

Secondary outcomes included decision-to-biopsy rates and agreement between AI models and 

clinicians. Decision-to-biopsy recommendation was determined if the AI model’s differential 

diagnosis included a diagnosis in the atypical or malignant categories. The clinician’s decision-to-

biopsy was 100%, as decision to biopsy was a requirement for inclusion of an image in this study. 

2.6. Statistical Analysis 
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Statistical analyses were performed using IBM SPSS Statistics version 31.0 (IBM Corp., Armonk, 

NY, USA). Descriptive statistics were calculated for all variables, with categorical variables presented 

as frequencies and percentages. For diagnostic performance metrics, proportions with 95% 

confidence intervals were calculated using the Wilson score method, which provides more accurate 

intervals for proportions near the boundaries (0% or 100%). Statistical significance for comparing 

diagnostic accuracy proportions between methods was assessed using two-proportion z-tests. Inter-

rater agreement was evaluated using Cohen's kappa coefficient (κ), with interpretation according to 

Landis and Koch criteria: κ < 0.20 (slight), 0.20-0.40 (fair), 0.40-0.60 (moderate), 0.60-0.80 (substantial), 

and > 0.80 (almost perfect). All statistical tests were two-tailed, and a p-value < 0.05 was considered 

statistically significant. 

3. Results 

3.1. Study Population and Clinical Context 

This study analyzed a clinically enriched cohort of 68 pigmented lesions that warranted both 

clinical photography and histopathologic evaluation due to clinical concern for malignancy (Table 1). 

This represents the population where AI diagnostic assistance would be most clinically valuable - 

lesions with sufficient clinical suspicion to merit biopsy. 

A total of 68 pigmented lesions were analyzed. 49 lesions (72.1%) were histopathologically 

confirmed as malignant melanoma, 15 lesions (22.1%) classified as atypical, and 4 lesions (5.9%) 

classified as benign. 39 lesions (57.4%) were indicated with a clinical marker, such as a surgical 

marking pen, in preparation for biopsy or excision. 

Table 1. Study Population Characteristics. 

Characteristic n (%) 

Study Population  

Clinically Concerning Lesions 68 (100) 

Histopathologic Diagnoses  

Malignant melanoma 49 (72.1) 

Atypical nevus/melanocytic proliferation 15 (22.1) 

Benign (no atypia mentioned) 4 (4.9) 

Demographics  

Male 29 (42.6) 

Female 39 (57.4) 

Lesion Location  

Head (scalp, face, ears) 14 (20.6) 

Upper Extremity 12 (17.6) 

Trunk 16 (23.5) 

Lower Extremity 19 (27.9) 

Neck 5 (7.4) 

Other 2 (2.9) 

Presence of Clinical Marker  

Present 39 (57.4) 

Not Present 29 (42.6) 

3.2. Diagnostic Performance 

DermFlow demonstrated superior or similar diagnostic accuracy compared to both Claude and 

clinician assessments across multiple metrics. For top diagnosis accuracy, DermFlow achieved 47.1% 

(95% CI: 34.8-59.7%) compared to clinicians at 38.2% (95% CI: 26.7-50.8%) and Claude at 8.8% (95% 

CI: 3.2-17.6%) (Figure 2). When considering any diagnosis within the differential, DermFlow's 
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performance increased dramatically to 92.6% (95% CI: 84.3-97.1%) outperforming both clinicians at 

72.1% (95% CI: 60.8-81.9%) and Claude at 73.5% (95% CI: 61.8-83.4%) (Figure 3). For decision-to-

biopsy rates in this high-suspicion cohort, clinicians recommended biopsy for 100% of cases (as this 

was a requirement for inclusion into the study), DermFlow recommended biopsy for 95.6% (95% CI: 

89.4-98.5%) of cases, and Claude recommended biopsy for 82.4% (95% CI: 70.2-90.5%) of cases (Figure 

4). 

 

Figure 2. Top diagnosis accuracy of clinicians, DermFlow, and Claude in pigmented skin lesions. Values shown 

as percentages with 95% confidence intervals. Statistical significance: *** p < 0.001, ** p < 0.01, * p < 0.05, NS = not 

significant. 

 

Figure 3. Any-diagnosis accuracy of clinicians, DermFlow, and Claude in pigmented skin lesions. Values shown 

as percentages with 95% confidence intervals. Statistical significance: *** p < 0.001, ** p < 0.01, * p < 0.05, NS = not 

significant. 
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Figure 4. Decision-to-biopsy rates of clinicians, DermFlow, and Claude in pigmented skin lesions. Values shown 

as percentages with 95% confidence intervals. Statistical significance: *** p < 0.001, ** p < 0.01, * p < 0.05, NS = not 

significant. 

The diagnostic performance metrics sensitivity and PPV were calculated in Table 2. However, 

the small sample sizes in atypical and benign lesions prevent meaningful analysis of specificity and 

NPV. 

Table 2. Diagnostic Performance Metrics*. 

 Sensitivity PPV 

Clinician 30.6 (19.5-44.5) 78.9 (56.7-91.5) 

DermFlow 46.9 (33.7-60.6) 92 (75.0-97.8) 

Claude 6.1 (2.1-16.5) 100 (43.8-100.0) 

*Values shown as percentage (95% confidence interval). 

3.3. Inter-Rater Agreement Analysis 

Agreement between AI models and clinicians was assessed using Cohen's kappa coefficient 

across multiple diagnostic measures (Table 3). For top diagnosis accuracy, DermFlow showed slight 

agreement with clinicians (κ = 0.045, 52.9% observed agreement). Agreement between DermFlow and 

Claude 4 was poor (κ = -0.050, 50.0% observed agreement), indicating performance worse than chance 

agreement. The highest agreement was observed between clinicians and Claude 4 (κ = 0.196, 67.6% 

observed agreement), though this remained in the slight agreement range. 

Any-diagnosis accuracy agreement patterns could not be assessment because most differential 

diagnoses produced by clinicians, DermFlow, and Claude included 2 or more diagnostic categories. 

For biopsy recommendations, meaningful agreement analysis was only possible between the 

two AI models since clinicians recommended biopsy for 100% of cases by study design. DermFlow 

and Claude 4 showed poor agreement for biopsy recommendations (κ = -0.076, 77.9% observed 

agreement), despite both models having high individual biopsy recommendation rates. 

Table 3. Inter-Rater Agreement Analysis Values1. 

Diagnostic 

Measure 
Comparison Cohen's κ 

Observed 

Agreement (%) 
Agreement Level 

Top Diagnosis 

DermFlow vs. 

Clinician 
.046 ± .119 52.9 Slight 

DermFlow vs. 

Claude 
-.051 ± .071 50.0 Poor 

Clinician vs. 

Claude 
.197 ± .093 67.6 Slight 

Decision-to-

Biopsy 

DermFlow vs. 

Claude 4 
-.076 ± .037 77.9 Poor 

Clinician vs. 

Others 
N/A† N/A† N/A† 

1Kappa interpretation: < 0.20 (slight), 0.20-0.40 (fair), 0.40-0.60 (moderate), 0.60-0.80 (substantial), > 0.80 (almost 

perfect) † Clinician biopsy rate = 100% by study inclusion criteria, precluding meaningful agreement analysis. 

3.4. Subgroup Analysis 

Performance varied across different patient and lesion characteristics for both top diagnosis 

accuracy (Table 4) and any-diagnosis accuracy (Table 5). DermFlow maintained superior 

performance compared to Claude across all subgroups analyzed. 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 3 October 2025 doi:10.20944/preprints202510.0288.v1

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202510.0288.v1
http://creativecommons.org/licenses/by/4.0/


 7 of 12 

 

Table 4. Subgroup Analysis for Top Diagnosis Accuracy*,1. 

Subgroup n DermFlow Clinician Claude 

Sex 

Male 29 51.7 (32.4-71.1) 34.5 (16.1-52.9) 6.9 (0.0-16.7) 

Female 39 43.6 (27.3-59.9) 41.0 (24.9-57.2) 10.3 (0.0-20.2) 

Lesion Location 

Head (scalp, face, 

ears) 
14 64.3 (35.6-93.0) 71.4 (44.4-98.5) 14.3 (0.0-35.3) 

Upper extremity 12 58.3 (25.6-91.1) 25.0 (0.0-53.7) 8.3 (0.0-26.7) 

Trunk 16 50.0 (22.5-77.5) 25.0 (0.0-48.8) 12.5 (0.0-30.7) 

Lower extremity 19 21.1 (0.0-41.2) 36.8 (13.0-60.7) 5.3 (0.0-16.3) 

Neck 5 40.0 (0.0-100.0) 20.0 (0.0-75.5) 0.0 (0.0-0.0) 

Clinical Marker Presence 

Present 39 53.8 (37.5-70.2) 38.5 (22.5-54.4) 12.8 (0.0-23.8) 

Absent 29 37.9 (19.2-56.7) 37.9 (19.2-56.7) 3.4 (0.0-10.5) 

*Values shown as percentage (95% confidence interval) 1Statistical testing not performed due to small subgroup 

sizes and exploratory nature of analysis. 

Table 5. Subgroup Analysis for Any-Diagnosis Accuracy*,1. 

Subgroup n DermFlow Clinician Claude 

Sex 

Male 29 96.6 (89.5-100.0) 65.5 (47.1-83.9) 82.8 (68.1-97.4) 

Female 39 89.7 (79.8-99.7) 76.9 (63.1-90.8) 66.7 (51.2-82.2) 

Lesion Location 

Head (scalp, face, 

ears) 
14 100.0 (100.0-100.0) 92.9 (77.4-100.0) 85.7 (64.5-100.0) 

Upper extremity 12 100.0 (100.0-100.0) 50.0 (16.8-83.2) 91.7 (73.3-100.0) 

Trunk 16 93.8 (80.4-100.0) 56.3 (29.0-83.6) 87.5 (69.3-100.0) 

Lower extremity 19 79.0 (58.76-100.0) 79.0 (58.8-99.1) 42.1 (17.7-66.6) 

Neck 5 100.0 (100.0-100.0) 80.0 (24.5-100.0) 60.0 (0.0-100.0) 

Clinical Marker Presence 

Present 39 97.4 (92.3-100.0) 76.9 (63.1-90.8) 71.8 (57.0-86.6) 

Absent 29 86.2 (72.9-99.6) 65.5 (47.1-83.9) 75.9 (59.3-92.4) 

*Values shown as percentage (95% confidence interval) 1Statistical testing not performed due to small subgroup 

sizes and exploratory nature of analysis. 

Notable findings include superior performance for head lesions across all methods, with 

clinicians showing particularly strong performance (top diagnosis accuracy = 71.4%, any-diagnosis 

accuracy = 92.0%) in this anatomical region. Additionally, the presence of a clinical marker in the 

analyzed image resulted in higher diagnostic accuracy, although increasing the sample size will be 

needed to detect significant changes. 

3.4.1. Sex-Based Analysis 

DermFlow maintained consistent performance across sex, with minimal variation in both top 

diagnosis accuracy (male: 51.7%, female: 43.6%) and any-diagnosis accuracy (male: 93.1%, female: 
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92.3%). Clinicians and Claude showed similar consistency across sex groups, suggesting that sex does 

not significantly influence diagnostic performance for any of the evaluated methods. 

3.4.2. Anatomical Location Analysis 

Head and face lesions (n=14) demonstrated superior performance across all methods for both 

accuracy metrics. For top diagnosis accuracy, clinicians achieved their highest performance on 

head/face lesions (71.4%), followed by DermFlow (64.3%) and Claude (14.3%). This pattern was even 

more pronounced for any-diagnosis accuracy, where DermFlow achieved perfect performance 

(100.0%) on head/face lesions, with clinicians (92.9%) and Claude 4 (85.7%) also showing their best 

regional performance. 

Lower extremity lesions (n=19) proved most challenging across all methods, with DermFlow 

showing its lowest top diagnosis accuracy (21.1%) in this region, though it maintained strong any-

diagnosis accuracy (89.5%). This anatomical variation may reflect both imaging challenges in lower 

extremity photography and the clinical complexity of pigmented lesions in these locations. 

3.4.3. Clinical Marker Analysis 

The presence of clinical markers in images appeared to benefit AI performance more than clinical 

assessment. DermFlow showed improved performance when markers were present for both top 

diagnosis accuracy (53.8% vs 37.9%) and any-diagnosis accuracy (94.9% vs 89.7%). Clinician 

performance remained virtually unchanged regardless of marker presence (38.5% vs 37.9% for top 

diagnosis; 74.4% vs 69.0% for any diagnosis). This finding is expected, as the pre-operative diagnosis 

is typically made prior to addition of a clinical marker. 

3.4.4. Consistency Across Subgroups 

DermFlow demonstrated remarkably consistent any-diagnosis accuracy across all analyzed 

subgroups (range: 87.5% to 100.0%), reinforcing its potential clinical utility across diverse patient 

populations and lesion characteristics. This consistency is particularly important for clinical 

implementation, as it suggests reliable performance regardless of patient demographics or lesion 

location. 

4. Discussion 

4.1. Key Findings 

Our findings provide compelling evidence for the critical importance of intelligent clinical 

history integration in AI-assisted dermatologic diagnosis. The dramatic 5-fold difference in top 

diagnosis accuracy between DermFlow (47.1%) and Claude 4 Sonnet (8.8%) demonstrates that the 

ability to systematically gather and integrate clinical context represents a fundamental advancement 

over image-only AI approaches, regardless of the underlying model sophistication. This 

interpretation is consistent with previous research that found higher diagnostic accuracy in 

multimodal AI models compared to unimodal models [18,21–23]. 

While landmark studies by Esteva et al. and Haenssle et al. demonstrated impressive 

performance with image-only CNN approaches that excel at visual pattern recognition [8,9], our 

results suggest that diagnostic accuracy may be significantly enhanced when AI systems can 

systematically integrate clinical context alongside image analysis, addressing a capability gap that 

purely image-based systems cannot fill regardless of their visual analysis sophistication. 

Perhaps most clinically significant is DermFlow's exceptional any-diagnosis accuracy of 92.6%, 

which substantially exceeded both clinicians (72.1%, p < 0.01) and Claude 4 (73.5%, p < 0.01). This 

metric reflects the model's ability to include the correct lesion categorization somewhere within its 

differential diagnosis, even when not ranked as the top possibility. This comprehensive diagnostic 

reasoning mirrors how experienced dermatologists approach challenging cases and provides 
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substantial clinical value, as appropriate management can be initiated when the correct diagnosis 

category is recognized within the differential [14,15,24]. 

DermFlow's exceptional any-diagnosis accuracy of 92.6% represents a paradigm shift from 

previous AI dermatology research, which has been predominantly focused on image classification 

without clinical context integration [7–9,25]. This finding suggests that AI systems capable of 

intelligent history-taking and clinical reasoning integration can achieve performance levels that 

approach or exceed the comprehensive diagnostic reasoning that characterizes expert clinical 

practice. 

4.2. Clinical Context Integration: A Fundamental Advance 

The superior performance of DermFlow compared to Claude supports our primary working 

hypothesis that systematic clinical context integration would enhance diagnostic accuracy beyond 

what is achievable with image analysis alone. The magnitude of improvement suggests several 

important insights about the nature of dermatologic diagnosis and the role of clinical reasoning in 

expert performance. 

Importantly, our study design allows us to isolate the specific contribution of clinical context 

integration, as both systems utilize sophisticated multimodal AI capabilities for image analysis. The 

performance difference therefore reflects the value added by systematic history-taking and clinical 

reasoning integration rather than differences in underlying AI sophistication or training datasets. 

This finding aligns with established principles from cognitive psychology research 

demonstrating that expert clinical reasoning relies heavily on pattern recognition combined with 

systematic integration of contextual information [26–30].The ability of DermFlow to systematically 

gather and integrate clinical history—including lesion duration, changes over time, family history, 

and patient risk factors—mirrors the comprehensive assessment approach that characterizes expert 

dermatologic practice. 

4.3. Implications for Clinical Practice and Diagnostic Workflows 

These results have significant implications for clinical practice that extend beyond dermatology 

to broader questions of AI integration in clinical diagnosis. The demonstrated value of systematic 

clinical context integration suggests potential applications that could address current challenges in 

healthcare delivery. 

4.3.1. Systematic History-Taking Enhancement 

DermFlow's intelligent history-taking capabilities could serve as a clinical decision support tool 

that ensures comprehensive data collection even in busy clinical environments. Unlike human 

clinicians, who may inadvertently omit important history elements due to time constraints or 

cognitive load, AI systems can systematically ensure that all relevant clinical context is gathered and 

appropriately weighted in diagnostic reasoning. 

4.3.2. Addressing Geographic and Expertise Disparities 

The superior performance of AI-assisted diagnosis with intelligent history-taking suggests 

potential for extending expert-level diagnostic reasoning to settings with limited dermatologic 

expertise. Primary care providers could leverage such systems to ensure comprehensive assessment 

of concerning lesions, potentially reducing diagnostic delays and improving triage decisions. 

4.4. Limitations 

There are limitations to this study. Firstly, the high prevalence of malignancy in our cohort 

(72.1% melanoma) reflects selection bias due to the pre-selection of concerning lesions and differs 

significantly from typical dermatology screening populations where melanoma prevalence is 

typically 0.1-0.2% [31,32]. Given that images and histopathology results of benign, non-concerning 
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pigmented skin lesions are typically not obtained, we were only able to create an enriched dataset 

that provides a rigorous test of AI performance in challenging diagnostic scenarios where clinical 

decision-making is most critical. As a result, specificity and NPV could not be calculated. This 

limitation could be addressed by conducting prospective studies in dermatology clinics, where all or 

most pigmented skin lesions of concern can be assessed in real clinical practice. 

Secondly, the images used in this study were extracted from patient charts. These images were 

not captured with the intention of analysis of diagnostic accuracy, which differentiates this study 

from other AI model validation studies and prevents meaningful comparison with these studies [33–

35]. 

Thirdly, these results come from academic medical centers in Indiana and may not generalize to 

other practice settings, depending on notetaking and image-capturing practices by clinicians, other 

clinical protocols, and specific patient populations. 

Fourthly, sample size constraints limit power for subgroup analysis. Only 19 non-malignant 

cases (15 atypical and 4 benign) severely limit specificity analysis and comparison to malignant cases, 

and small numbers in some anatomical subgroups (neck n=5) prevents meaningful statistical 

analysis. 

Fifthly, LLMs are known to inherently underperform in diagnosing conditions in which visual 

cues and patterns are the primary diagnostic determinants, which may explain the overall modest 

performance levels observed across all methods in this challenging melanoma-heavy cohort, 

especially in comparison to literature values for the sensitivity of CNNs that suggest outperformance 

of DermFlow significantly [36–38]. However, it is important to note that these CNNs often are 

restricted to high-quality photographs that may require capture by a clinician, which decreases the 

models’ utility as a patient-facing tool. Additionally, these validation studies are often conducted 

with curated images that are captured with the intention of being used for diagnostic validation. 

To address these limitations, future studies can include (1) conducting prospective studies in 

dermatology clinics, where all or most pigmented skin lesions of concern can be assessed in real 

clinical practice; (2) testing diagnostic accuracy of DermFlow using images and clinical data from 

other medical institutions outside of Indiana; (3) increasing the sample size to increase power for 

subgroup analysis; and (4) directly comparing diagnostic accuracy of CNNs and DermFlow using 

the same image and history dataset. 
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