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Dermatology Practical & Conceptual

Introduction: Diagnostic algorithms may reduce noise and bias and improve interrater agreement of 
clinical decisions. In a practical sense, algorithms may serve as alternatives to specialist consultations 
or decision support in store-and-forward tele-dermatology. It is, however, unknown how dermatolo-
gists interact with algorithms based on questionnaires.

Objectives: To evaluate the performance of a questionnaire-based diagnostic algorithm when applied 
by users with different expertise.

Methods: We created 58 virtual test cases covering common dermatologic diseases and asked five 
raters with different expertise to complete a predefined clinical questionnaire, which served as input 
for a disease ranking algorithm. We compared the ranks of the correct diagnosis between users, ana-
lyzed the similarity between inputs of different users, and explored the impact of different parts of the 
questionnaire on the final ranking.

Results: When applied by a board-certified dermatologist, the algorithm top-ranked the correct diagnosis 
in the majority of cases (median rank 1; interquartile range: 1.0; mean reciprocal rank 0.757). The median 
rank of the correct diagnosis was significantly lower when the algorithm was applied by four dermatol-
ogy residents (median rank 2-5, P < 0.01). The lowest similarity between inputs of the residents and the 
board-certified dermatologist was found for questions regarding morphology. Sensitivity analysis showed 
the highest deterioration in performance after omission of information on morphology and anatomic site.

ABSTRACT
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Introduction

Skin diseases have a profound impact on public health as 

they are estimated to account for a large fraction of all 

primary care visits [1,2]. Skin diseases are the fourth most 

common form of illness and affect almost one-third of the 

world population at any time [3,4]. Furthermore, because 

of the rising incidence of skin cancer in most countries, ac-

curate diagnosis and treatment of cutaneous neoplasms are 

required to maintain a high standard of care in the future. 

Recent developments in the field of artificial intelligence 

(AI) propelled machine learning algorithms in the center of 

image-based diagnostic dermatology [5,6], but this develop-

ment was also the target of substantial critique [7-9]. The 

main points of critique include lack of robustness and inter-

pretability of current machine learning algorithms as well 

as failure to include relevant diagnostic information beyond 

what is captured in images. A more complete view of the 

patient including contextual information may lead to better 

and more robust diagnoses for neoplastic and inflammatory 

diseases [10,11]. Attempts to incorporate multimodal infor-

mation in machine learning models for automated diagnosis 

are emerging slowly [12-17]. Only a few digital tools employ 

a bottom-up approach starting with the description of the 

appearance and distribution of primary lesions and addi-

tional symptoms [18,19].

Objectives

We recently described an interactive diagnosis ranking al-

gorithm based on high-level, symbolic representations of 

structured descriptions of dermatologic conditions by hu-

man readers [20]. Herein, we want to assess this algorithm 

in a vignette-based study simulating a potential applica-

tion in tele-dermatology decision support. The major goals 

of this pilot study were to assess the baseline performance 

of such an algorithm and to explore typical problems of 

human-computer interaction.

Methods

A reasoning based clinical diagnosis-ranking algorithm 

(CDRA) was used as an example for an interactive diagnos-

tic system based on high-level, human readable, symbolic 

logic [20]. Five physicians with varying experience in 

clinical dermatology independently rated 58 consecutive 

patient vignettes (virtual test cases). The raters input con-

sisted of structured descriptions of the dermatologic con-

ditions presented in the vignettes. The  descriptions were 

entered into the software via a simple multiple-choice 

questionnaire, resulting in ranked lists of differential 

diagnoses.

Clinical diagnostic ranking algorithm

The CDRA uses a custom dermatological knowledge da-

tabase, containing 620 different dermatologic diagnoses at 

the time of conducting the study, as described recently [20]. 

Briefly, it provides probability-ranked differential diagnoses 

through a reasoning component, based on computational 

logic. The user interface in this study was a simple ques-

tionnaire that allowed users to enter the following informa-

tion: 1) basic epidemiologic information (patient sex, age, 

skin type, number of lesions); 2) arrangement of lesion(s)  

(information regarding multiplicity, distribution and  

arrangement of the lesions); 3) localization of lesion/s in  

anatomic areas (including special sites such as sun-exposed 

areas); 4) morphology of lesion(s); 5) color of lesions; 6) 

timing and onset of the disease; 7) additional non-cutaneous 

signs and symptoms. The participants did not receive any 

additional information or exemplar cases of primary lesions. 

After completing the input, the algorithm creates a ranked 

list of all 620 diagnoses in the background. The software 

generates up to 8 “top-ranked” diagnoses and an arbitrary 

number of “excluded diagnosis”. No correction of data en-

try after the first submission was permitted or possible, and 

users did not see ranked lists at any point.

Rater characteristics and training

Four dermatologists-in-training and 1 board-certified der-

matologist from a single center served as independent raters 

(Supplementary Table 1). Dermatologists in-training were 

ranked by post-graduate years (PGY-1 to PGY-4). Before en-

tering any study-specific information, all raters were trained 

on the technical data entry process of the software. Raters 

received individual user access for the software and a pdf-file 

containing all virtual patients in random order. Every rater 

had a separate computer workstation and no time con-

straints for entering the information into the CDRA.

Conclusions: A simple questionnaire-based disease ranking algorithm provides accurate ranking for 
a wide variety of dermatologic conditions. When applied in clinical practice, additional measures may 
be needed to ensure robustness of data entry for inexperienced users.
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Vignettes

The convenience sample was collected from educational 

material of the Medical University of Vienna, and contained 

58 virtual patient cases including common dermatologic dis-

eases but also more rare conditions, if they seemed relevant 

for a primary care setting. Fitzpatrick skin types, as assessed 

by a single author based on digital images, were 93.1% I-II 

(N = 54), 5.2% III-IV (N = 3), and 1.7% V-VI (N = 1). A 

complete list of diagnoses alongside basic patient informa-

tion is shown in Supplementary Table 2. Vignettes included a 

brief medical history covering only the main points, and be-

tween one and four representative clinical images involving 

overviews of different body parts and, if necessary, close-up 

images of individual skin lesions. The views were selected 

to allow evaluation of morphologic features of the primary 

lesions as well as their distribution, arrangement and color. 

The 58 vignettes covered a range of different disease cat-

egories including allergic, autoimmune, benign neoplastic, 

exogenous, hereditary, infections, inflammatory, malignant 

neoplastic, and other diseases like melasma or amyloidosis). 

Of the 58 vignettes, 31 contained information about non-cu-

taneous signs and symptoms.

Statistical analysis

A single correct diagnosis served as the ground truth for each 

vignette. We used the median correct ranking position and 

the Mean Reciprocal Rank (MRR) to estimate the ranking 

ability of the algorithm. The Reciprocal Rank is defined as 

1/k, where k is the rank position of the correct diagnosis as 

predicted by the CDRA. The MRR is the mean across all 

cases. We calculated the Sørensen-Dice-coefficient (Dice) to 

measure the similarity between descriptions. Paired compar-

isons of rank positions were performed with the Wilcoxon 

Signed-Rank test. Confidence intervals (CI) and interquartile 

range (IQR) are reported where applicable. We used R Sta-

tistics (version 4.1.0) for all statistical analyses and applied a 

Bonferroni-Holm correction to all p-values [21,22]. A two-

sided P value < 0.05 indicates statistical significance. Plots 

were created using ggplot2 [23].

Results

Fifty-eight vignettes described by five raters, with one entry of 

rater PGY-2 missing through a technical error, resulted in 289 

probability-ranked diagnosis lists. For all raters, the correct 

diagnosis was top-1 ranked in most vignettes (Figure 1). While 

most rankings following inputs of more experienced users fell 

into the top-8 ranks, inputs by younger participants (PGY-1 & 

PGY-2) frequently resulted in a very low ranking of the cor-

rect diagnosis (> 128; Figure 1). The mean reciprocal rank of 

the algorithm was 0.757 when applied by the board-certified 

dermatologist, and significantly lower when applied by resi-

dents (Table 1). The highest MRR was measured for benign 

(0.68; 95% CI: 0.35-1.01) and inflammatory (0.68, 95% CI: 

0.46-0.90), the lowest for autoimmune (0.39; 95% CI: 0.02-

0.76) and exogenous (0.43; 95% CI: 0.30-0.56) diseases.

Similarity of data entry

The vignettes’ descriptions of the four residents were com-

pared with those of the board-certified dermatologist for 

similarity. The median Dice-score ranged from 0.64 (95% 

CI: 0.60-0.67; PGY-2) to 0.74 (95% CI: 0.71-0.77; PGY-3; 

Suppl. Figure 1). Furthermore, we analyzed the similarities 

Table 1. Performance of the CDRA with different users. MRR: Mean Reciprocal Rank. P-Value 
denotes paired Wilcoxon Signed-Rank test, comparing the diagnosis ranks of a dermatology resident 

to those of a board-certified dermatologist (Reference).

Rater Median Rank Position of the Correct Diagnosis MRR P

PGY-1 2.00 (IQR: 21.50) 0.514 < 0.001

PGY-2 5.00 (IQR: 239.00) 0.355 < 0.001

PGY-3 2.00 (IQR: 2.75) 0.597 0.003

PGY-4 2.00 (IQR: 4.00) 0.557 0.003

Board-certified 1.00 (IQR: 1.00) 0.757 Reference

IQR = interquartile range; PGY = post-graduate year of dermatology residency.

Table 2. Similarity of descriptions of residents 
compared to the corresponding descriptions of 
a board-certified dermatologist according to 

subsections. Results are pooled over all users and 
cases, lowest values are highlighted in bold.

Questionnaire Section Dice (mean)

Arrangement 0.75 (95% CI: 0.72-0.79)

Color 0.75 (95% CI: 0.71-0.79)

Epidemiology 0.96 (95% CI: 0.94-0.97)

Localization 0.72 (95% CI: 0.69-0.75)

Morphology 0.57 (95% CI: 0.54-0.60)

Signs and Symptoms 0.85 (95% CI: 0.81-0.89)

Time 0.62 (95% CI: 0.58-0.65)

CI = confidence interval
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Figure 1. Histogram of ranking positions of the correct diag-

nosis. Black color denotes the categorization as a highly rele-

vant differential diagnosis, the brightest gray as “excluded”. 

between the pooled ratings of the residents and the board-cer-

tified dermatologist for different subsections of the question-

naire. Inputs for the sections “epidemiology” and “signs & 

symptoms” obtained the highest average similarity between 

residents and the board-certified dermatologist (Dice 0.96, 

[95% CI: 0.94-0.97] and 0.85 [95% CI: 0.81-0.89], respec-

tively). We observed the lowest Dice scores for descriptions 

of morphology, arrangement and time (Table 2).

Similarity of inputs regarding morphology  
and time

Descriptions for primary lesions (“elevation”, “plane”, 

“even”) and surface changes (“crust”, “erosion”) were used 

consistently, whereas descriptions of consistency (“firm”, 

“soft”, “indurated”) were more ambiguous (Supplementary 

Figure 2A). Regarding the section of time and disease course 

(Suppl. Figure 2 B), the terms “recurrent” and “progres-

sive” were used consistently, while the similarity of inputs 

for the terms “limited”, “self-limited”, and “transient” was 

rather low.

Influence of users input on performance of the 
algorithm

Complete omission of subsections of the questionnaire de-

teriorated ranking results. The decrease in performance was 

most pronounced for the subsections on anatomic site and 

morphology (Figure 3; Supplementary Table 3). In a small 
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tions. Columns denote a single case, column groups denote grouping of cases to a diagnostic category. Row groups denote description groups 

within the data entry form.
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for primary care and in the setting of store-and-forward 

tele-dermatology [18,25].

We further demonstrate that human understandable 

symbolic AI fed by human inputs could be a worthwhile al-

ternative to deep learning algorithms for image based diag-

nostic dermatology. In contrast to deep learning, the rules of 

symbolic AI are derived from expert knowledge, which facil-

itates explainability. Aside from that, the rules can be easily 

adjusted, if errors occur. The disadvantage of this approach, 

however, is the reproducibility of human inputs.

To better pin down potential sources of noise and bias 

introduced by user inputs, we studied the impact of user 

expertise on ranking and the similarity of user inputs for 

corresponding cases. Finally, we also performed a sensitiv-

ity analysis to test the robustness of rankings if parts of the 

clinical description are either missing or misleading. In this 

respect, we found that the algorithm is most vulnerable to 

omissions of sections regarding morphology and localization.

We further found that the rank of the correct diagnosis 

significantly decreased if less experienced users were respon-

sible for the input. In some cases, the correct diagnosis was 

subgroup of vignettes, omission of inputs on morphology 

and color from novices improved the rankings.

Conclusions

In this pilot study we conducted an experimental validation 

of a simple diagnosis ranking algorithm based on compre-

hensive and structured clinical descriptions provided by 

physicians. If applied by an experienced user, the algorithm 

top-ranked the correct diagnosis in the majority of cases. The 

median rank of the correct diagnosis was not below the fifth 

position even for the least experienced participant (Figure 1).  

This means that in a typical use case the correct diagnosis 

will be included in the first eight ranked diagnoses. The 

measured accuracy of our approach outperformed similar 

algorithms in general medicine, in which the top-5 results in-

cluded the correct diagnosis in about 50% of cases [24]. Our 

results are in line with other promising reports of clinical de-

cision support systems for dermatology and provide further 

evidence that a logic-based, interactive diagnosis ranking al-

gorithm may be a useful tool in clinical practice, especially 
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even excluded (Figure 1). As the CDRA is structured in sec-

tions simulating a bottom-up dermatologic work-up starting 

with descriptions of primary lesions, we were able to decipher 

the reasons for these errors in most cases. Considering the 

inputs of the board-certified dermatologist as the reference 

standard, the residents’ descriptions were most similar to the 

reference standard for questions regarding epidemiology, age 

group, skin type, and additional symptoms (Figure 2). Not 

unexpectedly, the most ambiguous parts of the questionnaire 

were the subsections covering morphology and timing.

Haptic elements such as induration were used inconsis-

tently, which can be easily explained by the virtual setting 

which makes palpation impossible (Supplementary Figure 2A).  

Follow-up studies with live patients will be necessary to de-

termine whether such elements should be entirely removed 

from the algorithm or omitted only in image-based case 

presentations. Analysis of user inputs referring to timing 

demonstrated that terms describing the course of the dis-

ease (“recurrent”, “progressive”, “chronic”; Supplementary 

Figure 2B) were used rather consistently, but not terms re-

lated to resolution (“transient duration”, “self-limited”, 

“limited”). The explanation may be that experienced users 

will already know the correct diagnosis and may fabricate 

a description that is in line with the correct diagnosis, even 

if the information given in the vignette or by the patient is 

ambiguous. This points to a limitation of our study since 

we did not compare diagnostic rankings of users with and 

without support by the algorithm. The aims of this pilot 

study, however, were to investigate whether the algorithm is 

principally feasible for clinical use and to improve the logic 

of the algorithm and the composition of the questionnaire 

upon the results of this small-scale experiment, if necessary. 

Our results show that the performance of the algorithm will 

depend on the quality of user inputs. To improve the evolu-

tion of this and similar algorithms, developers need to focus 

not only on machine learning issues but also on the user in-

terface and how to minimize noise and bias. The results of 

our study indicate that it is crucial to select variables that are 

equally robust and relevant. The number of variables and the 

time spent for data input will significantly impact the user 

friendliness of the interface. Poor user friendliness and time 

efficacy constitute important barriers for deploying such sys-

tems in primary care [26]. Furthermore, we learnt from this 

pilot study that the number of variables and the granular-

ity of descriptions were probably too high, which had the 

adverse effect of increasing noise while decreasing accuracy.

This was a small-scale pilot study using a convenience sam-

ple and vignettes instead of live consecutive patients. The study 

included only dermatologists, either board-certified derma-

tologists or dermatology residents, and did not include main 

target users such as primary care physicians or nurses. Because 

of the small number of raters included, especially quantitative 

findings should be verified in larger follow-up studies. As 

baseline accuracy of raters was not measured, applicability 

and added value in a clinical setting could not be estimated. 

The range of skin types of patients in the vignettes was biased 

towards lighter skin and skin of color was underrepresented, 

which may limit the generalizability of our findings [27].

In conclusion, we demonstrated that our previously de-

scribed clinical diagnosis ranking algorithm performed well 

across a wide range of dermatologic. In our small rater group, 

we found inconsistent input from inexperienced users, who 

are an important target population of this algorithm, intro-

duced noise and bias and decreased its performance.
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