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Abstract
Background  To evaluate the performance of two AI systems, ChatGPT 4.0 and Algor, in generating concept maps from 
validated otolaryngology clinical practice guidelines.
Methods  Concept maps were generated by ChatGPT 4.0 and Algor from four American Academy of Otolaryngology-Head 
and Neck Surgery Foundation (AAO-HNSF) clinical practice guidelines. Eight otolaryngology specialists evaluated the gen-
erated concept maps using the AI-Map questionnaire, covering concept identification, relationship establishment, hierarchi-
cal structure representation, and visual presentation. Chi-square tests and Kendall’s tau coefficient were used for statistical 
analysis.
Results  While no consistent superiority was observed across all guidelines, both AI systems demonstrated unique strengths. 
ChatGPT excelled in representing cross-connections between concepts and layout optimization, particularly for the Rhi-
noplasty guidelines (χ²=6.000, p = 0.050 for cross-connections). Algor showed strengths in capturing main themes and dis-
tinguishing general/abstract concepts, especially in the BPVV and Tympanostomy Tube guidelines (χ²=8.000, p = 0.046 
for main themes in BPVV). Statistically significant differences were found in representing dynamic nature (favouring 
H&NMass-GPT, χ²=7.571, p = 0.023) and overall value and usefulness (favouring H&NMass-Algor, χ²=7.905, p = 0.019) for 
the H&N Masses guidelines.
Conclusion  AI systems showed potential in automating concept map creation from otolaryngology guidelines, with perfor-
mance varying across different medical topics and evaluation criteria. Further research is required to optimize AI systems for 
medical education and knowledge representation, highlighting their promise and current limitations.

Keywords  Artificial intelligence · Concept mapping · Otolaryngology guidelines · Medical education · Knowledge 
representation
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Introduction

The application of artificial intelligence (AI) in health-
care has created new opportunities for the synthesis and 
sharing of knowledge. Huge language models like Chat-
GPT have proven to be remarkably effective at several 
tasks, including summarizing and creating content [1]. 
At the same time, idea mapping has gained popularity 
in the medical community to visualize intricate linkages 
and complex data inside clinical guidelines [2]. Con-
cept maps are useful resources for medical education 
and practice because they make it easier to comprehend 
and implement clinical practice recommendations [3]. 
These concept maps are essential for improving students’ 
understanding, retention, and critical thinking abilities 
[4]. Modern language models like ChatGPT have dem-
onstrated promise in producing text, deciphering medical 
instructions and providing conceptual illustrations [1]. 
In the same way, Algor, an additional AI system created 
for knowledge representation (​h​t​t​p​​s​:​/​​/​w​w​w​​.​a​​l​g​o​​r​e​d​u​​c​a​t​​i​
o​n​​.​c​o​m​/​i​t), demonstrated concept mapping capabilities, 
especially in the context of medical education and the 
interpretation of guidelines. The purpose of this obser-
vational study was to evaluate how well ChatGPT 4.0 
and Algor, two AI systems, perform while mapping four 
clinical practice guidelines from the American Academy 
of Otolaryngology-Head and Neck Surgery Foundation 
(AAO-HNSF) onto concept maps. The accuracy of idea 
recognition, the creation of conceptual linkages, the 
depiction of hierarchical structures, and the general visual 
presentation and user experience of the created concept 
maps were the main areas of focus for our investigation.

Methods

Study design

To assess the effectiveness of two AI systems, ChatGPT 
4.0 and Algor, in generating concept maps from clini-
cal practice guidelines, we performed a cross-sectional 
observational design. The STROBE (Strengthening the 
Reporting of Observational Studies in Epidemiology) 
recommendations are adhered to in this methods section 
to guarantee thorough and lucid reporting of our obser-
vational study [5].

Setting

Online AI platforms and digital copies of clinical practice 
guidelines were used in the study, which was carried out 

in a virtual setting. The study period was from July 1, 
2024, to 1 September 2024.

Participants

Eight otolaryngology experts rated the created concept 
maps using the AI-Map questionnaire. Evaluators were 
3 consultants with more than 10 years of experience, and 
5 mid-career specialists (5–10 years). Their subspecialty 
expertise covered rhinology (n = 2), otology (n = 2), head 
and neck surgery (n = 2), and general otolaryngology 
(n = 2). All evaluators had active academic appointments 
and regular involvement in resident education. This 
diverse composition of evaluators was chosen to ensure 
comprehensive assessment across different levels of 
expertise and subspecialty perspectives. We used for our 
study four clinical practice guidelines published by the 
American Academy of Otolaryngology-Head and Neck 
Surgery Foundation (AAO-HNSF) [6–9].

Variables

The main outcomes measured in this study were the accu-
racy and quality of concept maps produced by each AI 
system. We assessed the accuracy of concept identifica-
tion, the correctness of relationships between concepts, 
hierarchical structure representation, and the overall clar-
ity and appearance of the presentation.

Data sources and measurement

All clinical practice guidelines were given in full text to 
ChatGPT 4.0 and Algor. The following prompt was given 
to both AI systems: Based on the information and sug-
gestions from the clinical practice guideline attached 
released by the American Academy of Otolaryngology-
Head & Neck Surgery Foundation (AAO-HNSF), kindly 
construct an extensive concept map. The main ideas, 
links, hierarchies, and any connections between the many 
topic areas covered in the guideline should all be visu-
ally represented in the concept map. The concept map 
should be optimized for clarity, ease of understanding, 
and visual appeal. We adopted a standardized assess-
ment framework [10] to use validated metrics for concept 
map evaluation, including hierarchical structure (0–5), 
cross-linkages (0–5), and conceptual accuracy (0–5), 
alongside our current evaluation criteria. A group of 8 
otolaryngology specialists assessed the generated con-
cept maps using a predefined evaluation instrument, the 
AI-Map questionnaire (Suppl File I). It is composed of 
a 15-question questionnaire covering a range of impor-
tant topics, including concept identification, relationship 
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representation, hierarchical organization, visual presen-
tation, and overall efficacy. Raters use a 4-point Likert 
scale (0 = Poor, 1 = Fair, 2 = Good, and 3 = Excellent) to 
assign a score to each question. A total score is obtained 
by the 15 questions-scores sum. To reduce bias, the iden-
tity of the AI system that created each concept map was 
concealed from the expert. For every assessor, there was 
a different concept map evaluation order. Consequently, 
the specialist answer was analyzed by three independent 
judges (G.I, C.G., S.L.) to assess Inter-rater Reliability.

Statistical analysis

The Statistical Package for the Social Sciences for Windows 
(v.29.0; IBM Corp.) was used. Descriptive statistics were 
employed. To compare ChatGPT 4.0 and Algor’s perfor-
mance for each variable, chi-square tests were run. A statis-
tically significant p-value was defined as one less than 0.05. 
Using Kendall tau, the judge’s consistency (interrater reli-
ability) for AI-Map ratings was evaluated.

Results

Basic concept map creation (Q1-Q3, Q6)

Rhinoplasty guidelines show fully comparable performance 
between systems (all p > 0.405, χ² ranging from 0.444 to 
1.833) (Table 1). BPVV guidelines demonstrated Algor’s 
most substantial advantage, showing superior performance 
in key concepts (χ²=3.091, p = 0.378), structure/content 
(χ²=3.091, p = 0.378), and significantly better performance 
in capturing main themes (χ²=8.000, p = 0.046). While both 
systems performed comparably in structural elements across 

Tympanostomy and H&N Masses guidelines (p > 0.513), 
Algor showed a consistent trend toward better performance 
in main theme capture across multiple guidelines (Tym-
panostomy: χ²=3.818, p = 0.148; H&N Masses: χ²=3.000, 
p = 0.223), except for H&N Masses key concepts where 
ChatGPT trended better (χ²=2.333, p = 0.127).

Structural and hierarchical representation (Q7-Q10)

ChatGPT showed excellence in two domains: cross-linking 
in Rhinoplasty maps, χ²=6.000, p = 0.050 (Fig. 1), and rep-
resentation of dynamic nature in H&N Masses, χ²=7.571, 
p = 0.023, τ=-0.585 (Table 2). Algor showed promising 
trends, τ > 0.4, in hierarchical structure for Tympanostomy, 
χ²=3.091, p = 0.213, τ = 0.459, and distinction of general/
abstract concept in BPVV guidelines, χ²=3.091, p = 0.378, 
τ = 0.452, though the differences were not statistically sig-
nificant. Both systems were statistically equal on the rest 
of the aspects, including the dynamic nature representation 
of Tympanostomy χ²=0.000, p = 1.000 and general/abstract 
distinction for H&N Masses χ²=0.000, p = 1.000.

Visual presentation and user experience (Q4, 
Q11-Q13)

No statistically significant differences were found between 
ChatGPT and Algor across all guidelines, though several 
notable trends emerged with strong effect sizes (τ > 0.4). 
Algor showed stronger trends in clear labelling for Rhino-
plasty (τ = 0.532) (Fig.  2) and BPVV maps (τ = 0.452), as 
well as visual elements incorporation in Tympanostomy 
maps (τ = 0.471) (Table 3). ChatGPT demonstrated better 
trends in layout optimization, particularly in Rhinoplasty 
(χ²=7.571, p = 0.056, τ=-0.432) and BPVV guidelines 

Table 1  Basic concept map creation performance across guidelines
Evaluation aspect Guideline Performance Statistical values
Key concept identification Rhinoplasty Comparable χ²=0.444, p = 0.801

BPVV Algor superior* χ²=3.091, p = 0.378
Tympanostomy Algor trending better* χ²=3.091, p = 0.213
H&N Masses ChatGPT trending better χ²=2.333, p = 0.127

Relationship establishment Rhinoplasty Comparable χ²=1.833, p = 0.608
BPVV Comparable χ²=1.200, p = 0.753
Tympanostomy Algor trending better* χ²=3.091, p = 0.213
H&N Masses Comparable χ²=1.333, p = 0.513

Structure/content reflection Rhinoplasty Comparable χ²=1.810, p = 0.405
BPVV Algor superior* χ²=3.091, p = 0.378
Tympanostomy Comparable χ²=1.333, p = 0.513
H&N Masses Comparable χ²=0.343, p = 0.842

Main theme capture Rhinoplasty Comparable χ²=1.091, p = 0.580
BPVV Algor significantly superior† χ²=8.000, p = 0.046
Tympanostomy Algor trending better* χ²=3.818, p = 0.148
H&N Masses Algor trending better* χ²=3.000, p = 0.223

Abbreviation: *, noteworthy trend (τ > 0.4); †, statistical significance (p < 0.05)
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Fig. 1  Concept maps generated 
by ChatGPT 4.0 for the rhino-
plasty clinical practice guideline
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Table 2  Structural and hierarchical representation performance across guidelines
Evaluation aspect Guideline Performance Statistical values
Hierarchical structure Rhinoplasty Comparable χ²=4.400, p = 0.111, τ=-0.240

BPVV Comparable χ²=5.086, p = 0.166, τ=-0.092
Tympanostomy Algor trending better* χ²=3.091, p = 0.213, τ = 0.459
H&N Masses Comparable χ²=0.343, p = 0.842, τ = 0.112

General/abstract concepts Rhinoplasty ChatGPT trending better χ²=4.952, p = 0.084, τ=-0.308
BPVV Algor trending better* χ²=3.091, p = 0.378, τ = 0.452
Tympanostomy Comparable χ²=1.091, p = 0.580, τ = 0.193
H&N Masses Comparable χ²=0.000, p = 1.000, τ = 0.000

Cross-connections Rhinoplasty ChatGPT superior† χ²=6.000, p = 0.050, τ=-0.347
BPVV Comparable χ²=2.952, p = 0.399, τ=-0.161
Tympanostomy Comparable χ²=2.000, p = 0.368, τ = 0.371
H&N Masses Comparable χ²=1.091, p = 0.580, τ=-0.145

Dynamic nature Rhinoplasty Comparable χ²=1.333, p = 0.513, τ = 0.044
BPVV Comparable χ²=2.143, p = 0.543, τ = 0.306
Tympanostomy Identical χ²=0.000, p = 1.000, τ = 0.000
H&N Masses ChatGPT superior† χ²=7.571, p = 0.023, τ=-0.585

Abbreviations: *, noteworthy trend (τ > 0.4); †, statistical significance (p ≤ 0.05)

Table 3  Visual presentation and user experience performance across guidelines
Evaluation aspect Guideline Performance Statistical values
Ease of understanding Rhinoplasty Comparable χ²=5.111, p = 0.164, τ=-0.297

BPVV Comparable χ²=3.600, p = 0.308, τ=-0.258
Tympanostomy Comparable χ²=0.444, p = 0.801, τ = 0.120
H&N Masses Identical χ²=0.000, p = 1.000, τ = 0.000

Visual elements Rhinoplasty Comparable (both poor) χ²=2.444, p = 0.485, τ=-0.099
BPVV Comparable χ²=1.111, p = 0.774, τ = 0.177
Tympanostomy Algor trending better* χ²=3.300, p = 0.192, τ = 0.471
H&N Masses Comparable χ²=1.167, p = 0.558, τ=-0.265

Clear labelling Rhinoplasty Algor trending better* χ²=4.400, p = 0.221, τ = 0.532
BPVV Algor trending better* χ²=3.091, p = 0.378, τ = 0.452
Tympanostomy Comparable χ²=1.091, p = 0.580, τ=-0.145
H&N Masses Identical χ²=0.000, p = 1.000, τ = 0.000

Layout Optimization Rhinoplasty ChatGPT trending better* χ²=7.571, p = 0.056, τ=-0.432
BPVV ChatGPT trending better χ²=7.333, p = 0.062, τ=-0.384
Tympanostomy ChatGPT slightly better χ²=2.400, p = 0.301, τ=-0.258
H&N Masses Comparable χ²=0.444, p = 0.801, τ=-0.160

Abbreviations: *, noteworthy trend (τ > 0.4)

Fig. 2  Concept maps generated by algor for the rhinoplasty clinical practice guideline
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(τ = 0.452) and Tympanostomy guidelines (τ = 0.459) (Table 
4). Instead, ChatGPT demonstrated slightly better trends 
in overall effectiveness in Rhinoplasty maps (χ²=3.300, 
τ=-0.196), though these differences were not statistically 
significant. Both systems were comparable in respon-
siveness to feedback across all guidelines, with notably 
poor ratings in Tympanostomy maps (χ²=3.091, p = 0.213, 
τ=-0.121), and no significant differences in overall effec-
tiveness for BPVV, Tympanostomy, or H&N Masses maps.

(χ²=7.333, p = 0.062, τ=-0.384), while both systems per-
formed identically in several aspects of H&N Masses maps 
(ease of understanding and clear labelling: χ²=0.000, 
p = 1.000, τ = 0.000) (see Figs.3 and 4).

Overall effectiveness and adaptability (Q5, Q14, 
Q15)

Algor demonstrated stronger performance in overall value 
and usefulness, showing greater outcomes in H&N Masses 
maps (χ²=7.905, p = 0.019) and positive trends in both BPVV 

Fig. 4  Concept maps generated 
by Chat-GPT 4.0 for the head 
and neck masses clinical practice 
guideline

 

Fig. 3  Concept maps generated by Algor for the head and neck masses clinical practice guideline
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as Novak and Cañas [3] pointed out, hierarchical concept 
map structuring is critical to efficient knowledge representa-
tion. In this sense, our results align with those of Wang et al. 
[12]., who found that AI-powered idea-mapping tools were 
very good at recognizing overarching themes and hierarchi-
cal structures in the literature related to medicine. The varia-
tion in performance across various medical issues, probably 
related to architectural AI differences, was highlighted by 
the statistically significant variations we found in represent-
ing the dynamic nature (favouring ChatGPT) and overall 
value and utility (favouring Algor) for the H&N Masses 
guidelines. ChatGPT due to its transformer-based model, 
appears to better capture long-range dependencies and 
complex relationships between concepts. This architecture 
is of special value for surgical guidelines involving inter-
flowing aesthetics and functional outcomes. Likewise, its 
superior performance for representing the dynamic nature 
in H&N Masses (χ²=7.571, p = 0.023) indicated its ability to 
learn from sequential data and temporal connections in time 
series data. On the other hand, Algor outperformed BPVV 
guidelines (χ²=8.000, p = 0.046 for principal themes) and 
Tympanostomy Tube guidelines possibly because its knowl-
edge representation framework is more specifically tailored 
towards an organized, hierarchical expression of blackboard 
design and appropriate theme structure. This is particularly 
useful for guidelines with defined diagnostic and treatment 
pathways. This heterogeneity is consistent with the findings 
of Nesbit and Adesope [4], who pointed out that subject mat-
ter and learning context might affect how effective concept 
maps are. Like our findings across several otolaryngology 
recommendations, a study by Lugo et al. [13] on AI-gener-
ated concept maps in nursing education discovered that AI 
performance differed significantly among different medical 
specialities. Our investigation uncovered areas where both 
AI systems needed to be improved, especially when it came 
to adding visual components and accurately capturing the 
dynamic nature of medical concepts. These restrictions 

Inter-rater reliability

For the Rhino maps, the tau values ranged from − 0.432 to 
0.532, with the highest agreement observed for clear label-
ling of concepts and relationships (τ = 0.532) and the low-
est agreement for layout optimization (τ = -0.432). The 
BPVV maps showed a wider range of tau values, from 
− 0.384 to 0.688, with the highest agreement for capturing 
main themes (τ = 0.688, p = 0.000) and the lowest for layout 
optimization (τ = -0.384, p = 0.138). The Tube maps dem-
onstrated a range of tau values from − 0.258 to 0.507, with 
the highest agreement also observed for capturing main 
themes (τ = 0.507, p = 0.022) and the lowest for layout opti-
mization (τ = -0.258, p = 0.309). Lastly, the H&N Masses 
maps exhibited tau values ranging from − 0.585 to 0.449, 
with the highest agreement for representing dynamic nature 
(τ = -0.585, p = 0.004) and the lowest for both distinguish-
ing general/abstract concepts and clear labelling (τ = 0.000, 
p = 1.000 for both).

Discussion

This observational study offers insightful information about 
how well ChatGPT 4.0 and Algor perform while creating 
concept maps based on clinical practice guidelines for oto-
laryngology. ChatGPT performed exceptionally well over-
all in illustrating the relationships between concepts and 
layout optimization—especially when it came to the Rhino 
guidelines. Our findings are corroborated by research by 
Qadir et al. [11] on AI-generated concept maps for com-
puter science education, which discovered that AI systems 
were especially good at recognizing and illustrating intricate 
links between concepts. On the other hand, Algor demon-
strated proficiency in identifying general abstract concepts 
and capturing major themes, particularly in the BPVV and 
Tube recommendations. This feature is essential because, 

Table 4  Overall effectiveness and adaptability performance across guidelines
Evaluation aspect Guideline Performance Statistical values
Overall effectiveness Rhinoplasty ChatGPT trending better χ²=3.300, p = 0.192, τ=-0.196

BPVV Comparable χ²=3.091, p = 0.378, τ = 0.167
Tympanostomy Comparable (both “Good”) χ²=2.000, p = 0.368, τ = 0.029
H&N Masses Comparable χ²=2.000, p = 0.368, τ=-0.371

Overall value/usefulness Rhinoplasty ChatGPT trending better χ²=4.400, p = 0.111, τ=-0.240
BPVV Algor trending better* χ²=3.091, p = 0.378, τ = 0.452
Tympanostomy Algor trending better* χ²=3.091, p = 0.213, τ = 0.459
H&N Masses Algor superior† χ²=7.905, p = 0.019, τ = 0.311

Responsiveness to feedback Rhinoplasty Comparable χ²=3.333, p = 0.343, τ=-0.167
BPVV Comparable χ²=2.000, p = 0.572, τ = 0.064
Tympanostomy Comparable (both “Poor”) χ²=3.091, p = 0.213, τ=-0.121
H&N Masses Comparable χ²=1.333, p = 0.513, τ=-0.044

Abbreviations: *, noteworthy trend (τ > 0.4); †, Indicates statistical significance (p ≤ 0.05)
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current systems fail. In addition, Interim analyses should be 
performed on longitudinal follow-up over 12–24 months to 
determine how fast the AI system can pivot to user input, 
how performance improves across multiple updates of 
guidelines, including characteristics of learning curve and 
concepts maps temporal stability.
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align with research by Zhang et al. [14], who noted compa-
rable difficulties with AI-generated concept maps for biol-
ogy instruction. They observed that whereas AI systems 
performed exceptionally well in text analysis and concept 
extraction, they had difficulty representing biological pro-
cesses visually and expressing their dynamic interactions. 
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Study limitation
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tion beyond expert evaluators,   and restriction to otolaryn-
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