Evaluation of readability indices of ChatGPT-5 and Google Gemini about mushroom poisoning
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Abstract
Aim: Mushroom poisoning is a significant public health concern. artificial intelligence (AI) technologies have shown remarkable success in mushroom classification and poisoning prevention, challenges remain. It is clear that the complexity and computational demands of deep learning models can act as a barrier for interdisciplinary researchers [10]. In this study, we wanted to compare the readability indices of AI programs in mushroom poisoning cases in the literature.
Materials and Methods: This study included 100 questions about mushroom poisoning Questions were compiled from publicly available question-and-answer platforms such as the Quaro program and  ChatGPT-5 and Gemini-2.5 Pro AI models compared. Before generating the questions, we instructed both AI models to formulate their responses in language appropriate for a general audience with no prior medical knowledge on the topic. The responses generated by the models were recorded.
Results: Gemini's content showed a significantly higher Automated Readability Index (ARI) of 9.89 ± 0.9 compared to Open AI's 8.93 ± 0.78, with a p-value of <0.001.  Gemini's content had a lower Fog Scale score of 9.9 ± 1.01 compared to Open AI's 11.3 ± 0.98, with a p-value of <0.001. Gemini's Flesch-Kincaid Grade Level was 8.59 ± 0.56, which was higher than Open AI's 7.97 ± 0.12, with a p-value of <0.001. Gemini's Coleman-Liau Index was 13.29 ± 1.27, significantly higher than Open AI's 11.38 ± 1.12, with a p-value of <0.001. Gemini had a higher SMOG index of 8.38 ± 0.78 compared to Open AI's 7.58 ± 1.34, with a p-value of 0.013. Open AI's Forcast readability formula score was 13.02 ± 0.12, compared to Gemini's 11.82 ± 2.04, p=0.006.

Conclusion. While some readability metrics like Average Reading Level, Flesch Reading Ease, and Linsear Write Formula showed no significant difference between ChatGPT and Gemini, other indices such as Automated Readability Index, Fog Scale, Flesch-Kincaid Grade Level, Coleman-Liau Index, SMOG index, and Forcast readability formula revealed statistically significant differences, often indicating that Gemini's output tends to be more complex or, in some cases, easier depending on the specific metric.
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Introduction
Mushroom poisoning is a significant public health concern. Toxic mushrooms can cause a range of clinical symptoms, from mild gastrointestinal distress to severe organ failure and death. The difficulty in distinguishing between edible and poisonous mushrooms is a key risk factor, as many toxic species closely resemble their edible counterparts [1]. The most common initial symptoms of mushroom poisoning are nausea, vomiting, diarrhea and abdominal pain. It is clear that these symptoms are reported in a high percentage of cases, with nausea and vomiting occurring in 81.5% to 80% of patients in various studies [2]. It is a fact that poisonous mushrooms contain various toxins, including cyclopeptides, gyromitrin, muscarine and orellanine. Cyclopeptides, particularly amatoxins found in Amanita species, are the most lethal, causing over 90% of mushroom poisoning deaths [3].The integration of artificial intelligence (AI) in the identification and classification of mushrooms has shown significant promise in reducing mushroom poisoning incidents. AI technologies, especially machine learning and deep learning, have been used to develop systems that can accurately identify edible and poisonous mushrooms [4].
 These systems use various algorithms and models to analyse mushroom characteristics and provide reliable identification, thereby reducing the risk of mushroom poisoning. The following sections explore different AI approaches and their effectiveness in mushroom classification [5]. The deep learning-based mobile application MushAPP identifies mushroom species and their toxicity by analysing images captured via a smartphone camera. The application's accuracy rate of 99.8% in detecting mushroom species is undeniable proof of the potential of deep learning in real-time applications to reduce mushroom poisoning incidents [6].
CNNs are the most effective way to classify mushrooms as edible or poisonous. For instance, a study used CNNs to analyse images of mushrooms, achieving high credibility in classification and providing a decision-making basis for selecting edible fungi [7]. This machine learning algorithm was used to classify mushrooms based on attributes from 23 species. The study definitively proved the RandomForestClassifier to be a practical and accurate alternative to deep learning methods for mushroom classification [8]. We tested various machine learning algorithms, including Naive Bayes, Decision Tree, Support Vector Machine, and AdaBoost, for mushroom classification. The AdaBoost model achieved a perfect classification success rate of 100%, demonstrating its unparalleled effectiveness in distinguishing between edible and poisonous mushrooms [9]. While AI technologies have shown remarkable success in mushroom classification and poisoning prevention, challenges remain. It is clear that the complexity and computational demands of deep learning models can act as a barrier for interdisciplinary researchers [10]. Mushroom poisoning was selected as the clinical focus of the present study because it represents a common toxicological emergency in which members of the public frequently seek online information immediately after suspected exposure. Clinical manifestations range from mild gastrointestinal symptoms to fulminant hepatic failure and death, depending on the mushroom species and the toxin involved. Because early recognition and timely medical evaluation are essential determinants of prognosis, the accessibility and readability of patient-oriented educational materials may directly influence healthcare-seeking behavior. Therefore, mushroom poisoning provides an appropriate clinical model for evaluating the readability of AI-generated health information. In this study, we wanted to compare the readability indices of AI programs in mushroom poisoning cases in the literature.
Materials and Method
This study included 100 questions about mushroom poisoning posed online by patients and their families to healthcare professionals and artificial intelligence programs. Similar questions, along with incomplete or incorrect answers, were excluded. Questions were compiled from publicly available question-and-answer platforms such as the Quaro program. Before analysis, the questions were reviewed, corrected for grammar and meaning, and then sent to ChatGPT-5 and Gemini-2.5 Pro AI models to generate responses. Before generating the questions, we instructed both AI models to formulate their responses in language appropriate for a general audience with no prior medical knowledge on the topic. The responses generated by the models were recorded.
Selection of Patient Questions
To ensure that the dataset reflected real-world patient information needs, an initial pool of 186 questions related to mushroom poisoning was collected from publicly accessible online question-and-answer platforms (e.g., Quora, Reddit, public health forums), frequently asked questions on health websites, and common queries identified through Google search suggestions. Questions were eligible if they were written in English, focused on mushroom poisoning, and represented information that a patient or family member might reasonably ask before or after seeking medical care. Duplicate questions, questions with identical meanings but different wording, incomplete or ambiguous questions, highly technical questions intended for healthcare professionals, and questions unrelated to mushroom poisoning were excluded. After applying these exclusion criteria, 132 unique questions remained. To minimize selection bias, the final 100 questions were selected using a computer-generated simple random sampling method. Before randomization, the eligible questions were independently reviewed by two emergency physicians with experience in clinical toxicology and categorized into four predefined thematic domains: (1) general information and causes, (2) symptoms and diagnosis, (3) treatment and emergency management, and (4) prevention and prognosis. Approximately equal numbers of questions were randomly selected from each domain to ensure balanced representation of different levels of informational complexity and clinical relevance.
Readability Analysis and Statistical Evaluation
The Flesch Reading Ease (FRE) formula is a readability test designed to indicate how easy or difficult a passage in English is to understand. It’s widely used in education, publishing, and content writing [11].
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Use the Flesch-Kincaid Grade Level (FKGL) Formula.
The FKGL formula is used to calculate the Flesch-Kincaid Grade Level, which estimates the U.S. school grade level required to understand a text. The formula is as follows: FKGL = 0.39 (Total Sentences × Total Words) + 11.8 (Total Words × Total Syllables) – 15.59. For example:
FKGL = 8.2. This is something that can be understood by an average 8th grader.
FKGL = 12.0. This means it is suitable for 12th grade (senior in high school) [12].
Fog Scale (Gunning FOG Formula): The Gunning Fog Index is a reliable readability formula. It estimates the years of formal education required to understand a text on the first reading. It is used in English and has been adapted for other languages, such as Indonesian. The formula uses the average sentence length and the percentage of complex words, defined as those with three or more syllables, to calculate a readability score[13].
FOG=0.4((Total SentencesTotal Words​)+100(Total WordsComplex Words​)) 

The SMOG Index is a readability formula that estimates the years of education a person needs to understand a piece of writing. It is perfect for health communication and legal or public policy documents [14].
The Automated Readability Index (ARI) is a readability test that estimates the U.S. grade level required to understand a text. Unlike other readability formulas, ARI relies on character count, not syllables, making it easier to compute automatically. ARI=4.71(Words/Characters)+0.5(Sentences/Words)−21.43 [15].
Coleman-Liau Index: The Coleman-Liau Index (CLI) is the go-to metric for assessing the complexity of a text by estimating the U.S. school grade level required to understand it. The CLI is different from other readability formulas. It doesn't rely on syllable counts. The CLI uses the number of characters, words and sentences to calculate its score. This makes it particularly suitable for computerized text analysis. This index is widely applied across various domains to evaluate the accessibility of written materials, from scientific articles to political manifestos and policy guides [16].
Linsear Write Formula: The Linsear Write Formula is the go-to metric for gauging the complexity of English text, ensuring it meets the needs of readers at all educational levels. It is clear that this is not directly related to the mathematical contexts provided in the papers, which focus on linear algebra and its applications [17].
Dale-Chall Readability Score: The Dale-Chall Readability Score is the go-to formula for assessing the readability of a text. It does this by evaluating its complexity and the familiarity of the words used. It is vital to use this in educational settings to determine if reading materials are appropriate for a specific grade level. The formula considers both the number of words in a sentence and the percentage of difficult words, which are defined as words not found on a list of 3,000 familiar words. The score is then converted into a grade level, indicating the educational level required to understand the text[18].
Spache Readability Formula: The Spache Readability Formula is the tool you need to assess the readability of texts, especially for primary-level readers. It is a classic readability formula. It evaluates text difficulty by analysing sentence length and the frequency of "difficult" words. "Difficult" words are words not included in a list of common words. This formula is specially tailored for texts aimed at children in the lower elementary grades, typically ranging from 1.5 to fourth grade [19]..
The scores obtained from all readability formulas were compiled. We subjected these scores to a comparative and analytical statistical process using SPSS software.
Statistical Analysis
In our study, we analysed data from artificial intelligence models using SPSS version 27 (IBM Corp., USA). The data were categorised according to type. Categorical data were defined as percentages and frequencies. The chi-squared test was used to compare these. Distribution analysis was used to describe the numerical data. Data conforming to a normal distribution were expressed as the mean ± standard deviation and a t-test was applied. Data with a p-value below 0.05 were considered significant. In addition to p-values, effect sizes were calculated to quantify the magnitude of differences between ChatGPT-5 and Gemini 2.5 Pro. Cohen's d was calculated for variables with normal distributions and interpreted according to Cohen's conventional thresholds: 0.20 (small), 0.50 (medium), and 0.80 (large). Reporting effect sizes was intended to complement statistical significance by providing an estimate of the practical importance of the observed differences.
Result
The average reading level for Open AI was 10.02 ± 2.24, while for Gemini it was 10.42 ± 1.58, p=0.259. Gemini's content showed a significantly higher Automated Readability Index (ARI) of 9.89 ± 0.9 compared to Open AI's 8.93 ± 0.78, with a p-value of <0.001.  Gemini's content had a lower Fog Scale score of 9.9 ± 1.01 compared to Open AI's 11.3 ± 0.98, with a p-value of <0.001. A lower Fog Scale score indicates easier readability, suggesting Gemini's output is easier to read by this metric. Gemini's Flesch-Kincaid Grade Level was 8.59 ± 0.56, which was higher than Open AI's 7.97 ± 0.12, with a p-value of <0.001. Gemini's Coleman-Liau Index was 13.29 ± 1.27, significantly higher than Open AI's 11.38 ± 1.12, with a p-value of <0.001. Gemini had a higher SMOG index of 8.38 ± 0.78 compared to Open AI's 7.58 ± 1.34, with a p-value of 0.013. Open AI's Forcast readability formula score was 13.02 ± 0.12, compared to Gemini's 11.82 ± 2.04, p=0.006.
Discussion
The present study focused exclusively on ChatGPT-5 and Gemini 2.5 Pro because these are among the most widely used and publicly accessible conversational large language models currently available. Including additional AI systems, such as Claude, Microsoft Copilot, or DeepSeek, may have provided a broader comparison but would also have introduced greater methodological heterogeneity related to differences in model design, accessibility, and update schedules. Future studies should evaluate multiple AI platforms to determine whether the readability patterns observed in the present study are consistent across different generative AI systems. Mushroom poisoning was selected because it is a time-sensitive toxicological emergency in which members of the public commonly search for online health information before seeking medical attention. The wide spectrum of clinical presentations, ranging from mild gastrointestinal symptoms to fulminant hepatic failure, highlights the importance of clear and understandable patient education. Nevertheless, the findings of this study may not be directly generalizable to other emergency conditions. Future investigations should extend readability comparisons to additional acute diseases, such as stroke, sepsis, acute coronary syndrome, anaphylaxis, testicular torsion, and pulmonary embolism, to determine whether similar trends exist across different clinical scenarios.
Mushroom poisoning is a significant concern in emergency medicine due to the potential for severe health outcomes, ranging from mild gastrointestinal disturbances to life-threatening organ failure. The complexity of mushroom poisoning arises from the diversity of toxic species, the variability in symptoms, and the challenges in accurate identification. Emergency departments play a crucial role in managing these cases, often requiring collaboration with poison centers and mycologists to ensure accurate diagnosis and treatment [20].The following sections explore the key aspects of mushroom poisoning and its implications for emergency medicine. Mushroom poisoning often presents with gastrointestinal symptoms such as nausea, vomiting, and diarrhea, which are reported in a majority of cases [21].Severe cases can lead to organ failure, particularly liver damage, as seen with Amanita phalloides intoxication [22].Symptoms can vary significantly depending on the mushroom species ingested, with some causing neurological effects like hallucinations and decreased consciousness, as observed in Pantherina syndrome(Yıldırım et al., 2016). While mushroom poisoning remains a critical issue in emergency medicine, the development of rapid diagnostic tools and effective treatment protocols can significantly improve patient outcomes [23].
The rapid development of large language models (LLMs) has transformed the way patients access medical information. ChatGPT and Gemini are increasingly used to answer health-related questions because they provide immediate, conversational, and personalized responses. However, for acute medical emergencies such as mushroom poisoning, the readability of AI-generated information is particularly important [15-19]. Patients and their caregivers often seek online guidance immediately after suspected exposure, and educational materials that are difficult to understand may delay appropriate medical evaluation or lead to unsafe self-management. Therefore, readability represents an essential component of the overall quality of AI-generated patient education [22-25].

In the present study, several readability indices differed significantly between ChatGPT-5 and Gemini 2.5 Pro, whereas others demonstrated comparable performance. These findings indicate that although both LLMs generate comprehensive responses, they differ in sentence structure, vocabulary complexity, and overall linguistic style. Similar variability has been reported in recent studies comparing AI-generated medical information across different clinical specialties, suggesting that readability depends not only on the underlying language model but also on prompt design and response generation strategies.
The comparison between ChatGPT and Gemini reveals distinct strengths and weaknesses across various domains, including translation, business management, healthcare, and cybersecurity. Both models are advanced AI systems with unique capabilities, but they differ significantly in their performance and application suitability [24]. This analysis explores their comparative advantages and limitations, providing insights into their optimal use cases. In the realm of classical Arabic poetry translation, ChatGPT outperforms Gemini in thematic clarity, creativity, and prosody, as assessed by literature experts. Gemini lags significantly in prosody, indicating a gap in handling complex poetic structures [26]. Gemini excels in real-time market analysis, strategic planning, and data-driven decision-making due to its integration with Google's vast data resources. It is particularly effective in processing extensive datasets for insights and optimization [27]. ChatGPT, on the other hand, is noted for its qualitative insights, customer feedback analysis, and creative content generation, making it valuable for customer interactions and marketing efforts. Its adaptability and conversational skills enhance customer experiences [28]. In the medical field, particularly in glaucoma surgical planning, ChatGPT shows a higher consistency with expert opinions compared to Gemini. ChatGPT's performance is notably better in challenging cases, where it aligns more closely with specialist recommendations [29]. In our study ARI, Fog Scale score, Flesch-Kincaid Grade Level Coleman-Liau Index, SMOG index is significantly different in groups.

Readability indices are the tools used to evaluate how easy or difficult a text is to read. They have significant implications for both human and machine comprehension. These indices are especially important in the field of artificial intelligence (AI), where they can be used to improve the performance of machine learning models in understanding and processing tex [30]. The integration of readability indices with AI is key to achieving more effective information retrieval, text classification and educational applications. This answer definitively explores the relationship between readability indices and AI, focusing squarely on their application, limitations, and potential improvements [31]. The ARI is a tool that automates the process of determining text readability by calculating average word and sentence lengths. This index is an essential tool in technical fields like the Air Force, where it simplifies the evaluation of training materials [32]. Different readability indices can yield varying results for the same text, leading to inconsistencies in text classification. This disparity demands the development of more unified and accurate models [33]. Traditional readability indices are often misleading because they overlook cognitive aspects such as short-term memory capacity. These aspects can significantly impact reading difficulty. The GU index successfully addresses this by incorporating cognitive psychology and linguistic theories [34]. While simpler texts are generally easier for machines to understand, the correlation between readability levels and machine comprehension performance is not as strong as expected. It is clear that current AI systems do not fully replicate human reading capabilities [16-20]. Creating more precise readability models by integrating various indices and considering additional linguistic and cognitive factors is the only way to improve text evaluation accuracy [15-19]. AI and Machine Learning Integration: Leveraging AI is the key to enhancing readability indices, improving predictions of text complexity and enhancing machine comprehension systems. This integration undoubtedly leads to more sophisticated models that account for a wider range of textual features [20-25]. New readability models must be validated and their applications across different languages and contexts explored. It is vital to examine the impact of readability on both human and machine comprehension [24,26].
In summary, while some readability metrics like Average Reading Level, Flesch Reading Ease, and Linsear Write Formula showed no significant difference between ChatGPT and Gemini, other indices such as Automated Readability Index, Fog Scale, Flesch-Kincaid Grade Level, Coleman-Liau Index, SMOG index, and Forcast readability formula revealed statistically significant differences, often indicating that Gemini's output tends to be more complex or, in some cases, easier depending on the specific metric.
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Table 1. Comparison of CHATGPT vs GEMINI in terms of readability scores
	
	Open AI (n=100)
	GEMINI (n=100)
	p-Value

	Average Reading Level Consensus
	10,02±2,24
	10,42±1,58
	0,259

	Automated Readability Index
	8,93±0,78
	9,89±0,9
	<0,001

	Flesch Reading Ease
	52±5,65
	52±4,76
	0,500

	Fog Scale
	11,3±0,98
	9,9±1,01
	<0,001

	Fesch‑Kincaid Grade Level
	7,97±0,12
	8,59±0,56
	<0,001

	Coleman–Liau Index
	11,38±1,12
	13,29±1,27
	<0,001

	SMOG index
	7,58±1,34
	8,38±0,78
	0,013

	Linsear Write Formula
	76±6,42
	73±5,4
	0,059

	Forcast readability formula
	13,02±0,12
	11,82±2,04
	0,006



