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Abstract

Aim: Mushroom poisoning is a significant public health concern. artificial intelligence (Al) 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 Al 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 Al models
compared. Before generating the questions, we instructed both Al 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 Al'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 Al'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 Al'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 Al'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
Al's 7.58 £ 1.34, with a p-value of 0.013. Open Al'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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Pestome
OLLEHKA NOKA3ATEJNIEM UMTAEMOCTU CHATGPT-4 U
GOOGLE GEMINI B BONMPOCAX OTPABJIEHMA TPUBAMM
Okkec 3opTyk’,
HDxuxaxn Bepenb?, https://orcid.org/0000-0002-3823-2929

' OTaeneHue HeOTNOXHOWU MeAULMHBI, YHUBepcUuTeTckasa 6onbHuua BaHabipma, r. Banbikecup, Typuums;
2 OTpeneHve HEOTNIOXHOW MeAuUMHbI, Y4yeOGHo-uccrnepgoBaTtenbckash OGonbHMUA nNpu YHUBepcuTteTe
MeAULIMHCKMX HayK AHTanbMm, r. AHTanbsa, Typums.

LUenb: OrtpaBnenne rpubamu npeactaensetr coboi 3HauMmylo npobrnemy OOLIECTBEHHOTO 3APaBOOXPAHEHMS.
TexHonornm uckyccTBeHHoro uHtennekta (M) npogemoHCTprUpoBami 3HAUMTENbHBIE YCNEXM B Knaccudukauum rpubos un
npodunakTike OTPaBMEHWUHA, OOHAKO COXPAHAKTCA onpefenéHHble  TpygHocTM. OueBWMAHO, 4YTO  CMOXHOCTb M
BbluMCIIUTENbHbIE TpeDoBaHWA Mogeneit rnybokoro obyyeHus MOryT SBRATHCA OapbepoM ANst MEXAUCLMMIMHAPHBIX
uccneposatenei [10]. B gaHHOM uccriefoBaHUM Mbl XOTEMM CPaBHUTb WHAEKChI YuTaeMocTu nporpamm U B cnydasx
OTpaBneHus rpubamm, ONMUCaHHbIX B UTEPATYpe.

Marepuanbl u metogbl: B uccnegosanue Obimv BrrtoueHbl 100 BonmpocoB 06 oTpaBneHun rpubamu. Bompockl Gbinu
cobpaHbl 13 06LLENOCTYMHbIX NaTopM hopMaTa «BOMPOC—OTBETY, TakuX kak Quora. Bbinu cpaBHeHb! Mopenn MW ChatGPT-5 n
Gemini-2.5 Pro. Mepep reHepauyeit 0TBeToB 06eyM Mogensim 6bino AaHO ykasaHue hopMynMpOBaTL OTBETI SA3bIKOM, NOHATHBIM
LLUMPOKON ayauTopun 6€3 MeauLMHCKOM NoAroToBkW. OTBETHI, CreHepUpOBaHHbIE MOAENsMM, ObinK 3anncaH.
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PesynbTatbl: KoHTeHT Gemini npogeMOHCTpMpOBan CTAaTUCTMYECKW 3HauuMO 6onee BbICOKWA MoKasaTemnb MHAEKC
asTomatuyeckon untaemoctn (ARI) — 9,89 + 0,9 no cpasHeHuo ¢ OpenAl — 8,93 £ 0,78 (p < 0,001). Mpn atom
nokasatenb Fog Scale y Gemini 6bin Huxe (9,9 £ 1,01) no cpasHeHuto ¢ OpenAl (11,3 £ 0,98), p < 0,001. YposeHsb Flesch-
Kincaid Grade Level y Gemini coctasun 8,59 + 0,56, uto Bbiwwe, yem y OpenAl — 7,97 + 0,12 (p < 0,001). Uuzekc Coleman-
Liau y Gemini 6bin 3HaunTensHO Boiwe (13,29 + 1,27) no cpasHeHuto ¢ OpenAl (11,38 + 1,12), p < 0,001. MHaekc SMOG
TaKkke okasancs Bbiwe y Gemini (8,38 + 0,78) no cpaeHenuto ¢ OpenAl (7,58 + 1,34), p = 0,013. MNokasatenb no dopmyne
Forcast y OpenAl coctaeun 13,02 £ 0,12, Torga kak y Gemini — 11,82 + 2,04 (p = 0,006).

3akntoyeHune: XoTs N0 HEKOTOPbIM NokasaTensam YuTabenbHOCTH, TakuM Kak CpeaHuin ypoeHb YTeHns, Flesch Reading
Ease u copmyna Linsear Write, ctatuctnyeckn 3Haummbix pasnuumin mexay ChatGPT u Gemini He BbisiBneHo, apyrve
nnaekcobl Automated Readability Index, Fog Scale, Flesch-Kincaid Grade Level, Coleman-Liau Index, SMOG index n Forcast
readability formula npogeMoHCTpMpoBanK CTaTUCTMYECKN 3HauMMble pasnuuus. B GonblUMHCTBE CryyaeB pesynbTarthbl
YKa3bIBaKT Ha TO, 4To TekcTbl Gemini MoryT ObiTb Bonee cnoXHbiMW NMOO, B OTAENbHbIX Cryyasx, bonee npocTbiMu B
33BMCYMOCTU OT KOHKPETHOTO NnokasaTens.

Knroyeenie cnoea: ompasneHue epubamu, yumabensHocms, Automated Readability Index, Fog Scale, Flesch-Kincaid
Grade Level, Coleman-Liau Index, SMOG index.

Onsa umtupoBaHus:
3opmyk O., bedenb [. OueHka nokasatenen untaemoctn ChatGPT-4 n Google Gemini B Bonpocax OTpaBneHus
rpubamu /| Nauka i Zdravookhranenie [Science & Healthcare]. 2026. Vol.28 (1), pp. 99-105. doi 10.34689/SH.2026.28.1.012
Tyvingeme
CHATGPT-4 XKXOHE GOOGLE GEMINI MOAOENBAEPIHIH
CAHBIPAYKYJIAKTAH YJIAHY TYPAJNDbI MOSTIHAEPIHIH

OKbINTbIMAbLUIbIK KOPCETKIWTEPIH BAFAJAY

Okkec 3opTyK’,
HxuxaH Bepgenb?, https:/lorcid.org/0000-0002-3823-2929

' XXepen meauumHa 6enimvi, BaHabipma yHuBepcuTeTTiK aypyxaHacbl, Banbikecup K., Typkus;
2 XXepen meguuuHa 6enimi, leHcaynblK cakKTay fbifibiIMAapbl yHUBEpPCUTETIHIH AHTanbs OKy-3epTTey
aypyxaHachbl, AHTanbs K., Typkus.

Makcatbl: CanplpaykynakTaH ynaHy KOfamfblk [EHCaynblk, CakTay canacbiHhafbl Madbi3gbl Macene 60mbin
Tabbinagpl. YKacaHgbl wHTEnnekt (XKW) TexHonorusmapbl cadblpaykynakTapgbl XiKTey XoHe ynaHyfblH, angblH any
OarbITbiHA aiTapNbIKTall XKeTICTIKTEP kKepceTTi, anaitga benrini 6ip KMbIHAbIKTAP cakTanyaa. TepeH, OKbITy MOgemnbaepiHiH,
KypLeniniri MeH xofapbl ecenTey TananTapbl NaHaparblk, 3epTTeyLinep yiliH keaepri 6onybl MyMKiH ekeHi anbik [10]. Ocbl
septreyae 6i3 ospebuette cunaTTanFaH CaHplpayKynakTaH ynaHy xargainapel BombiHwa KW 6argapnamanapbiHbin,
OKbINbIMABINBIK, MHOEKCTEPIH CanbICThIPYAbl MakcaT eTTiK.

Matepuangap meH apictep: 3epTTeyre canplpaykynaxtaH ynaHy Typanbl 100 cypak eHrisingi. Cypaxktap Quora
CUSKTBI allblk, «Cypak-xayan» nnartcopmanapbiHaH xuHangsl. ChatGPT-5 xaHe Gemini-2.5 Pro xacaHgbl MHTENNEKT
Mogenbaepi canbiCTbipbingpl. XayanTapabl reHepauusnay angbiHga eki Mogenbre Ae MeduuuHanblk OiniMi XOK ke,
ayouTopusiFa TyCiHiKTi Tinge xayan 6epy Typansl Hyckay Bepingi. Mogenbaep ycbiHFaH xayanTtap Tipkengi.

Hatuxenep: Gemini yCblHFaH KOHTEHTTiH, aBTOMATTaHAbIPbIFaH OKbIIbIMABINLIK MHAekc (ARI) 9,89 + 0,9 Bonbin,
OpenAl kepceTkiliHeH (8,93 + 0,78) cTatucTukanblk TypsblhaH eaayip xorapbl 6ongbl (p < 0,001). CoHbiMeH kaTap, Fog
Scale kepceTkiwi Gemini-ae TemeH (9,9 + 1,01), an OpenAl-ge xorapsl (11,3 + 0,98) 6ongbl (p < 0,001). Flesch-Kincaid
Grade Level kepcetkiwi Gemini-ge 8,59 + 0,56 6onbin, OpenAl-gen (7,97 + 0,12) xofapbl aHbikTangel (p < 0,001).
Coleman-Liau nHaexci Gemini-ge 13,29 + 1,27 6onbin, OpenAl kepceTkiwiHeH (11,38 + 1,12) aitapnbikTan xorapsl 6onael
(p < 0,001). SMOG uHgekci ne Gemini-ge xorapel (8,38 £ 0,78), an OpenAl-ge 7,58 + 1,34 6ongsl (p = 0,013). Forcast
copmynacsl 6oiibiHwa OpenAl kepceTkiwi 13,02 + 0,12, an Gemini-ge 11,82 + 2,04 6ongs! (p = 0,006).

KopbITbIHAbI: OKbINbIMABINBIKTLIH, Kenbip KepceTKilTepi, aTan ailTkaHaa opTala oky aewreni, Flesch Reading Ease
xaHe Linsear Write chopmynackl 6oibiHwa ChatGPT neH Gemini apacbiHha CTaTUCTMKanbIK TypsbldaH Madbl3gbl
alibipmMawbInblK aHbikTanmagsl. Ananga Automated Readability Index, Fog Scale, Flesch-Kincaid Grade Level, Coleman-
Liau Index, SMOG uHgekci xaHe Forcast oopmynack! GoiibiHWa CTAaTUCTUKANbIK TypFblAaH MaHbl3fbl aibipMalLbiibIKTap
Gaiikangel. Ken xarganga Hatwxenep Gemini MaTiHAEpiHiH, Kypaenipek 6omnybl MyMKiH €KeHiH, an kenbip kepceTkiwTep
OoWbIHLLIA KepiCiHLLE KapanaibiM 6onybl bIKTUMan eKeHiH KepceTTi.

TyliHdi ce30ep: caHbipaykynakmaH ynaHy, okbibiMObiblK, Automated Readability Index, Fog Scale, Flesch-Kincaid
Grade Level, Coleman-Liau Index, SMOG uHOexci.

faliekce3 ywin:

3opmyk 0., bedenb [. ChatGPT-4 xoHe Google Gemini MopenbhepiHiH CaHblpayKynakTtaH ynaHy Typanbi
MaTiHLEPiHiIH, OKbINbIMALINbIK KepceTkiTepiH GaFanay // fuinbiM xaHe [eHcaynbik, cakTay. 2026. Vol.28 (1), b. 99-105. doi
10.34689/SH.2026.28.1.012
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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 (Al) in the identification and classification of
mushrooms has shown significant promise in reducing
mushroom poisoning incidents. Al 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 Al
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 Al 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 Al programs in mushroom poisoning cases in the
literature.

Materials and metod

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 Al models to
generate responses. Before generating the questions, we
instructed both Al 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.

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].

| 90-100 | Very Easy | 5th grade |
| 80-89 | FEasy | 6th grade |
| 70-79 | FairlyEasy | 7th grade |
60-69 Standard 8th-9th grade
50-59 | Fairly Difficult 10th—12th grade
30-49 Difficult College
0-29 Very Confusing | College graduate level

Use the Flesch-Kincaid Grade Level
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 x Total Words) +
11.8 (Total Words x 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].

(FKGL)

FOG = 0.4 ((Total Sentences Total Words)+100 (Total
Words Complex 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.
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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.

Result

The average reading level for Open Al was 10.02 +
2.24, while for Gemini it was 1042 + 1.58, p=0.259.
Gemini's content showed a significantly higher Automated
Readability Index (ARI) of 9.89 + 0.9 compared to Open
Al'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 Al'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 Al's 7.97 £ 0.12, with a p-value of <0.001.
Gemini's Coleman-Liau Index was 1329 + 1.27,
significantly higher than Open Al'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 Al's 7.58 + 1.34, with a p-value of
0.013. Open Al's Forcast readability formula score was
13.02 £ 0.12, compared to Gemini's 11.82 £ 2.04, p=0.006.

Discussion

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 (Yildinm 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 comparison between ChatGPT and Gemini reveals
distinct strengths and weaknesses across various domains,
including translation, business management, healthcare,
and cybersecurity. Both models are advanced Al 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 [25]. 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 [26]. 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 [27]. 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 [28]. In our study ARI, Fog Scale score,

102



Original article

Science & Healthcare, 2026 Vol. 28 (1)

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 (Al), where they can be used to
improve the performance of machine learning models in
understanding and processing tex [29]. The integration of
readability indices with Al is key to achieving more effective
information retrieval, text classification and educational
applications. This answer definitively explores the
relationship between readability indices and Al, focusing
squarely on their application, limitations, and potential
improvements [30]. The ARl 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 [31]. Different
readability indices can vyield varying results for the same
text, leading to inconsistencies in text classification. This
disparity demands the development of more unified and
accurate models [32]. 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 [33]. 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 Al systems do not fully replicate human
reading capabilites [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]. Al
and Machine Learning Integration: Leveraging Al 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
[24,25].

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.

Table 1.

Comparison of CHATGPT vs GEMINI in terms of readability scores.

Open Al (n=20) GEMINI (n=20) p-Value
Average Reading Level Consensus 10,02+2,24 10,42+1,58 0,259
Automated Readability Index 8,9310,78 9,89+0,9 <0,001
Flesch Reading Ease 52+5,65 52+4,76 0,500
Fog Scale 11,340,98 9,941,01 <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 766,42 73154 0,059
Forcast readability formula 13,02+0,12 11,82+2,04 0,006
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