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Abstract
To compare diagnostic treatment suggestion, and answer quality of three artificial intelligence (AI) chatbots with an ophthalmology resident for macular

hole, we assembled 50 macular hole cases, including lamellar macular hole, full-thickness macular hole (Gass II–IV), and macular hole with rhegmatogenous

retinal detachment. Cases with insufficient preoperative information were excluded. Each anonymised record was presented to three AI chatbots (ChatGPT-

o3, DeepSeek-R1, Gemini 2.5 Pro) and to an ophthalmology resident with three years of training. The consensus diagnosis and treatment suggestion of two

retinal  specialists  served as  the  gold  standard.  Outcomes were  diagnosis  agreement,  treatment  suggestion agreement,  and Global  Quality  Score  (GQS).

Diagnosis agreement was 86% (95% CI 73.3–94.2) for ChatGPT-o3, 82% (68.6–91.4) for DeepSeek-R1, 80% (66.3–89.9) for Gemini 2.5 Pro, and 82% (68.6–91.4)

for the resident. Treatment suggestion agreement was 92% (80.8–97.8), 86% (73.3–94.2), 80% (66.3–89.9), and 70% (55.4–82.1), respectively; the resident's

agreement  was  significantly  lower  than ChatGPT-o3 (p =  0.006).  GQS ratings  ranked Gemini  2.5  Pro  highest,  followed by  ChatGPT-o3,  the  resident,  and

DeepSeek-R1.  In  conclusion,  the  three  AI  chatbots  achieved  similar  diagnosis  agreement  for  macular  hole;  ChatGPT-o3  most  often  matched  specialist

treatment suggestions, and Gemini 2.5 Pro provided the highest answer quality, suggesting that combining their strengths may enhance clinical decision

support.
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 Introduction
Macular hole threatens central vision and can cause lasting visual

disability if surgical repair is delayed, imposing a serious burden on
participants  and  health  systems[1,2].  This  condition  often  affects
people  in  their  working  years,  so  delayed  treatment  carries  signifi-
cant  personal  and  socioeconomic  consequences.  Access  to  timely
and  consistent  care  is  challenging  in  many  regions  due  to  a  short-
age and uneven distribution of retinal specialists, with referral path-
ways  varying  widely[3].  As  a  result,  general  ophthalmologists  often
struggle to accurately diagnose and manage macular holes without
specialist input.

Over the past few years, large language models (LLMs) have been
rapidly developed and deployed in healthcare,  with artificial  intelli-
gence  (AI)  chatbots  like  ChatGPT  and  DeepSeek  becoming  widely
accessible  by  2025[4,5].  AI  chatbots  show  good  performance  on
board-style  examination  questions  and  are  now  widely  used  in
patient-initiated consultations[6,7].  As access expands, these AI chat-
bots can assist generalist providers with complex cases, which moti-
vates focused evaluations in specific diseases[8].

Recent ophthalmic studies have applied AI chatbots to glaucoma
and retina management questions, professional examination items,
patient education materials, and planning and interpretation of clin-
ical images[9].  Across these evaluations,  leading systems sometimes
approached  clinician  output,  but  performance  and  readability
varied  by  model  and  task[10].  Evidence  for  macular  hole  remains

limited, and further studies are needed to verify the performance of
AI chatbots as clinical decision support for diagnosis and treatment
suggestions.

This  study  aims  to  compare  three  AI  chatbots  (ChatGPT-o3,
Gemini  2.5  Pro,  and  DeepSeek-R1)  for  macular  hole  by  assessing
agreement  for  diagnosis  and  treatment  suggestion,  and  answer
quality using the Global Quality Score (GQS).

 Methods

 Study design and participants
The  study  adhered  to  the  Declaration  of  Helsinki  and  was

approved by the Institutional Review Board of Shenzhen Eye Hospi-
tal  (No.  2025KYPJ120,  approved  on  10  July  2025).  The  ethics
committee  granted  a  waiver  of  informed  consent  because  of  the
retrospective design and the use of deidentified data.

We  performed  a  retrospective  comparative  review  of  50  partici-
pants  with  macular  holes  identified  from  medical  records  between
1  January  and  31  March  2025.  Records  were  eligible  when  the
chart contained adequate clinical history, examination findings, and
ancillary  results,  including  optical  coherence  tomography  (OCT)
report  results  when  available,  to  construct  a  standardized  partici-
pant  record.  Records  lacking  core  preoperative  information  were
excluded.  Atypical  or  equivocal  presentations  were  not  specifi-
cally  selected,  and  most  eligible  records  had  sufficiently  clear
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documentation  to  support  a  reference  diagnosis.  For  each  eligible
participant,  key clinical  variables were abstracted,  deidentified,  and
rewritten  as  a  participant  record  with  harmonized  terminology,
derived  from  medical  records  and  OCT  report  results.  The  overall
workflow is shown in Fig. 1.

 Case preparation and prompting protocol
All  participant  records  were  rewritten  into  a  fixed  text  template

with  harmonized  length  and  terminology.  For  each  participant

record,  the  template  included  age,  sex,  affected  eye,  presenting
symptoms  and  their  duration,  and  preoperative  best-corrected
visual acuity, as well as lens status, any history of ocular surgery, and
major systemic comorbidities when documented.  For every partici-
pant record, an OCT report was available and had been written in a
standardized  format  by  experienced  technicians  in  the  imaging
department.  From  these  OCT  reports,  we  recorded  the  minimum
hole diameter, the base diameter when reported, and whether vitre-
omacular  traction,  epiretinal  membrane,  intraretinal  cysts,  and reti-
nal  detachment  were  present.  The  same  order  and  phrasing  were

 

a

b

c

Fig. 1  Study design and workflow. The workflow comprised three steps: (a) Medical documentation and specialist standards used to construct the MH
participant  record and define the gold standard,  (b)  response generation and evaluation by three AI  chatbots  and an ophthalmology resident,  and (c)
outcome analyses, including diagnostic agreement, treatment suggestion agreement, and GQS. Abbreviations: MH, macular hole; OCT, optical coherence
tomography; GQS, Global Quality Score.
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used for all templates so that the three AI chatbots and the resident
received  comparable  structured  information.  The  order  of  partici-
pant  records  was  independently  randomized  for  each  method.  To
standardise language, the source participant records were written in
Chinese  and  translated  to  English  through  a  single,  standardized
pass  with  ChatGPT;  the  same  English  version  was  used  unchanged
for  all  evaluations.  Prompts  requested  one  final  diagnosis  and  one
treatment  suggestion  for  each  record.  External  tools  and  web
browsing were disabled.

All  AI  chatbot  interactions  followed  one  uniform  protocol.  If
neutral  clinical  wording triggered safety filters,  we applied minimal
rephrasing without altering clinical content. If a reply was cut off by
the platform's  length limit,  we sent  one continuation request.  If  an
answer  drifted  from  the  requested  structure,  we  issued  one
reminder  to  return  to  the  predefined  format. Supplementary  Figs
S1–S3 show the standardized interaction format used in this study.

 AI chatbots selection
Each  participant's  record  was  presented  as  text  to  three  AI  chat-

bots and to an ophthalmology resident with three years of training.
ChatGPT-o3  (OpenAI,  USA;  released  April  2025;  knowledge  cutoff
June  2024)  was  included  as  a  widely  used  conversational  model
with  peer-reviewed  evidence  from  clinical  settings[11].  Gemini  2.5
Pro  (Google,  USA;  released  March  2025;  knowledge  cutoff  January
2025)  was  included  as  a  contemporary  model  with  a  published
head-to-head  evaluation  against  ChatGPT  on  retinal  detachment
information tasks, covering accuracy, readability, and expert quality
grading[12].  DeepSeek-R1  (DeepSeek,  China;  released  January  2025;
knowledge  cutoff  2024)  was  included  for  its  clinical  reasoning
strength  and  growing  use  in  China,  with  published  evaluations
reporting  competitive  performance  on  clinical  decision-support
tasks[13].  All  interactions  with  the  AI  chatbots  were  performed  in
June 2025 using the official web interfaces with default settings. An
ophthalmology  resident  working  full-time  in  our  department
received the same participant records and provided one final  diag-
nosis and one treatment suggestion per participant.

 Outcomes and grading
The primary outcome measures were the agreement of diagnosis

and treatment suggestion with the gold standard set by two retinal
specialists.  All  participant records were deidentified and then inde-
pendently reviewed by two retinal specialists,  each with more than
ten  years  of  experience  in  clinical  practice.  For  every  participant,
each  specialist  first  recorded  an  initial  diagnosis  as  full-thickness
macular  hole,  lamellar  macular  hole,  macular  hole  with  retinal
detachment,  or  another  diagnosis  when  appropriate.  They  then
recorded  an  initial  treatment  suggestion,  including  whether  they
would  recommend  surgery  or  observation,  the  main  surgical
approach  they  would  choose  if  surgery  was  planned,  the  type  of
intraocular  tamponade  they  would  use,  whether  they  would
perform  combined  cataract  surgery  in  the  same  session,  and  the
postoperative  positioning  they  would  advise.  After  this  indepen-
dent  step,  the  two  specialists  met  to  review  all  participant  records
together.  Whenever  their  initial  opinions  differed  for  the  diagnosis
or for the treatment suggestion, they discussed the clinical details of
that  participant  until  they  reached  a  consistent  conclusion.  If  they
could  not  reach  an  agreement  after  discussion,  that  participant
would be excluded from the study. These initial independent assess-
ments  were  also  used  to  summarise  the  inter-observer  agreement
between  the  two  specialists  before  consensus.  The  final  consensus
diagnosis  and  the  final  consensus  treatment  suggestion  for  each

participant were used as the gold standard. A response from a chat-
bot  or  from  the  ophthalmology  resident  was  counted  as  correct
when it matched this consensus diagnosis or treatment suggestion.

Answer quality was graded by two masked graders, each with ten
years of ophthalmology clinical experience, using the five-point GQS
(Table  1).  Graders  evaluated  each  participant's  record  for  clarity,
clinical correctness, completeness, and practical usefulness. Graders
worked independently and were masked to the responder's identity
and to each other's scores. For each grader, GQS was analysed sepa-
rately.

 Statistical analysis
All  statistical  analyses  were  performed  using  R  software  (version

4.4.1; Posit,  USA). Initial inter-observer agreement between the two
retinal specialists before consensus was summarised as raw percent-
age agreement for diagnosis and for treatment suggestions.  Paired
chi-square  test  was  used  to  compare  accuracy  rates,  and  score
comparisons were conducted with the generalized estimating equa-
tion (GEE). For the GQS, the mean score of each response was calcu-
lated,  followed  by  the  computation  of  the  overall  mean  score.
p < 0.05 was considered statistically significant.

 Results
The study consisted of 50 participants with a mean age of 59.5 ±

9.9 years. Of these participants, 72% were female, and 40% had the
right eye affected. Phenotypes included full-thickness macular hole
(FTMH) 37 (74%), lamellar macular hole (LMH) 5 (10%), and macular
hole  with  rhegmatogenous  retinal  detachment  (MH-RRD)  8  (16%).
For  the  FTMH  subset  (n =  37),  Gass  staging  was:  stage  II,  9  (24%);
stage III,  3  (8%);  stage IV,  25  (68%).  In  the  gold  standard treatment
suggested by the retinal specialists, the tamponade choice was gas
in 44/50 (88%),  silicone oil  in 4/50 (8%),  and no tamponade in 2/50
(4%). Baseline characteristics are summarised in Table 2.

 Diagnosis agreement
Before  consensus,  the  two  retinal  specialists  showed  high  initial

agreement,  with  raw  agreement  of  49/50  (98%)  for  diagnosis  and
47/50  (94%)  for  treatment  suggestions.  Diagnosis  agreement  was
43/50  (86%;  73.3–94.2)  for  ChatGPT-o3,  41/50  (82%;  68.6–91.4)  for
DeepSeek-R1,  40/50 (80%; 66.3–89.9)  for  Gemini  2.5 Pro,  and 41/50
(82%; 68.6–91.4) for the resident. By macular hole subtype, diagnos-
tic  agreement  with  the  reference  standard  was  high  for  FTMH  and
LMH  and  lower  for  MH-RRD.  For  FTMH  (n =  37),  agreement  was
31/37 for ChatGPT-o3, 30/37 for DeepSeek-R1, 29/37 for Gemini 2.5
Pro,  and  32/37  for  the  ophthalmology  resident.  For  LMH  (n =  5),
agreement  was  5/5  for  ChatGPT-o3,  5/5  for  DeepSeek-R1,  5/5  for

 

Table 1.  Global quality score description.

Score Overall description

1 Poor quality, poor flow of the site, most information missing, not at
all useful for patients

2 Generally poor quality and poor flow, some information listed but
many important topics missing, of very limited use to patients

3 Moderate quality, suboptimal flow, some important information is
adequately discussed but others poorly discussed, somewhat useful
for patients

4 Good quality and generally good flow, most of the relevant
information is listed, but some topics not covered, useful for
patients

5 Excellent quality and excellent flow, very useful for patients
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Gemini 2.5 Pro, and 4/5 for the ophthalmology resident. For MH-RRD

(n = 8), agreement was 7/8 for ChatGPT-o3, 6/8 for DeepSeek-R1, 6/8

for  Gemini  2.5  Pro,  and  5/8  for  the  ophthalmology  resident.  Paired

Chi-square  tests  versus  ChatGPT-o3  showed  no  significant  differ-

ences  (DeepSeek-R1 p =  0.617;  Gemini  2.5  Pro p =  0.248;  resident

p = 0.803). Table 3 summarises these results,  and Fig.  2a shows the

diagnosis agreement.

 Treatment suggestion agreement
Agreement  rates  were  46/50  (92%;  80.8–97.8)  for  ChatGPT-o3,

43/50 (86%; 73.3–94.2)  for  DeepSeek-R1,  40/50 (80%; 66.3–89.9)  for
Gemini  2.5  Pro,  and  35/50  (70%;  55.4–82.1)  for  the  resident.  In
comparison  with  ChatGPT-o3,  differences  were  not  significant  for
DeepSeek-R1 (p = 0.248) or Gemini 2.5 Pro (p = 0.077), whereas the
residents'  agreement  was  significantly  lower  (p =  0.006). Fig.  2b
shows the comparison of treatment suggestion agreement.

 Answer quality of three AI chatbots
Answer  quality  was  independently  rated  by  two  graders.  For

grader  1,  the mean GQS was 4.02 ± 0.43 for  Gemini  2.5  Pro,  3.78 ±
0.65 for ChatGPT-o3, 3.70 ± 0.65 for the resident, and 3.18 ± 1.26 for
DeepSeek-R1.  Gemini  2.5 Pro was the highest,  ChatGPT-o3 and the
resident were close, and DeepSeek-R1 was the lowest. For grader 2,
the  mean  GQS  was  3.88  ±  1.00  for  Gemini  2.5  Pro,  3.78  ±  1.00  for
ChatGPT-o3,  3.50  ±  1.02  for  the  resident,  and  3.14  ±  1.32  for
DeepSeek-R1. The order was the same.

Pairwise  comparisons  from  a  GEE  model  showed  the  following.
For  grader  1,  Gemini  2.5  Pro  was  higher  than  ChatGPT-o3  by  0.24
points  (p =  0.007)  and higher  than the resident  by 0.32 points  (p <
0.001).  Both  Gemini  2.5  Pro  and  ChatGPT-o3  were  higher  than
DeepSeek-R1 (0.84, p < 0.001; 0.60, p = 0.003), and ChatGPT-o3 and
the resident did not differ (p = 0.151). For grader 2, ChatGPT-o3 was
higher than DeepSeek-R1 by 0.64 points (p = 0.006) and higher than
the  resident  by  0.28  points  (p =  0.007),  and  Gemini  2.5  Pro  was
higher than DeepSeek-R1 by 0.74 points (p = 0.003). Gemini 2.5 Pro
did  not  differ  from  ChatGPT-o3  (p =  0.587)  and  was  0.38  points
above the resident (p = 0.051). Across graders, DeepSeek-R1 scored
consistently  lower,  whereas  Gemini  2.5  Pro  and  ChatGPT-o3  had
similar scores, and their rank varied by grader (Fig. 3a, b).

 

Table 2.  Baseline clinical characteristics of participants with macular hole.

Variable Value n (%)

Number of participants 50 N/A
Age (years) 59.5 ± 9.9 N/A
Sex (male/female) 14/36 28/72
Eye laterality (right/left) 20/30 40/60
Macular hole phenotype

LMH 5 10
FTMH 37 74
MH-RRD 8 16

Gass stage (FTMH only, n = 37)
Stage II 9 24
Stage III 3 8
Stage IV 25 68

Tamponade in reference plana

Gas 44 88
Silicone oil 4 8
None 2 4

Ocular comorbiditiesb

Cataract 8 16
High myopia 6 12
Epiretinal membrane 5 10
Others 3 6

a Percentages  use  the  cohort  size  as  denominator. b Comorbidities  are  not
mutually  exclusive.  Abbreviations:  LMH,  lamellar  macular  hole;  FTMH,  full-
thickness  macular  hole;  MH-RRD,  macular  hole  with  rhegmatogenous  retinal
detachment.

 

Table 3.  Macular hole diagnosis and treatment suggestion agreement and global quality score.

Evaluator
Diagnosis (95% CI) Treatment (95% CI) GQS

Agreement (%) p Agreement (%) p Grader 1 Grader 2

ChatGPT-o3 0.86 (73.3-94.2) N/A 0.92 (80.8-97.8) N/A 3.78 ± 0.65 3.78 ± 1.00
Gemini 2.5 Pro 0.80 (66.3-89.9) 0.248 0.80 (66.3-89.9) 0.077 4.02 ± 0.43 3.88 ± 1.00
DeepSeek-R1 0.82 (68.6-91.4) 0.617 0.86 (73.3-94.2) 0.248 3.18 ± 1.26 3.14 ± 1.32
Resident 0.82 (68.6-91.4) 0.803 0.70 (55.4-82.1) 0.006 3.70 ± 0.65 3.50 ± 1.02

CI,  confidence interval;  GQS,  Global  Quality  Score.  Agreement p-values  are  from the  paired chi-square  test  versus  ChatGPT-o3.  Both  masked graders  had ten years  of
ophthalmology clinical experience.

 

a b

Fig.  2  Diagnosis  and  treatment  suggestion  agreement  for  macular  hole  across  ChatGPT-o3,  Gemini  2.5  Pro,  DeepSeek-R1,  and  an  ophthalmology
resident. (a) Diagnosis agreement. (b) Treatment suggestion agreement. Bars indicate the agreement rate, with exact Clopper–Pearson 95% confidence
intervals  (n =  50).  Pairwise  comparisons  were  performed  using  paired  chi-square  tests.  ** p <  0.01;  ns,  not  significant.  Abbreviations:  CI,  confidence
interval.
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 Error analysis
We  grouped  errors  into  three  main  categories:  diagnostic  errors,

treatment planning errors,  and format deviations.  All  three AI chat-
bots  provided  a  diagnosis  and  a  treatment  suggestion  for  every
participant,  so  errors  rarely  involved  a  missing  answer.  Diagnostic
errors mainly reflected mislabelling rather than completely different
disease types. The most typical pattern was that the written descrip-
tion mentioned high myopia, but the macular hole was still labelled
as idiopathic (ChatGPT-o3 n = 3, DeepSeek-R1 n = 2, Gemini 2.5 Pro
n = 1), which can be regarded as misclassification of etiology.

For treatment planning, errors were mostly omissions or inconsis-
tencies in key perioperative details, such as whether to recommend
face-down  positioning,  whether  to  combine  cataract  surgery,  and
how  to  describe  the  planned  procedure.  Among  participants  for
whom  gas  tamponade  was  recommended,  face-down  positioning
was recorded in 44/49 cases by ChatGPT-o3, 13/45 by DeepSeek-R1,
and  3/47  by  Gemini  2.5  Pro;  the  remaining  suggestions  omitted
positioning and were counted as errors.  The AI chatbots also rarely
suggested  combined  cataract  extraction  and  vitrectomy  when  a
clinically significant cataract was described in the participant record;
this combination appeared once with Gemini 2.5 Pro and not at all
with  ChatGPT-o3  or  DeepSeek-R1.  These  treatment  planning  omis-
sions  tended  to  occur  in  records  where  macular  findings  were
described in detail, but cataract symptoms or postoperative instruc-
tions were not emphasized in the text.

Format  deviations  were  uncommon  and  mainly  involved  giving
more  than  one  diagnosis  or  listing  several  possible  procedures
instead of one clear treatment suggestion. When this happened, the
responses  were  re-generated  after  a  brief  repeat  prompt,  and  the
clinical  content  did  not  change.  For  the  ophthalmology  resident,
discrepancies  with  the  reference  standard  also  mainly  concerned
perioperative  details,  such  as  whether  to  recommend  face-down
positioning  or  whether  to  combine  cataract  surgery,  rather  than
opposite  decisions  on  whether  to  operate  or  completely  different
diagnostic categories.

 Discussion
Using participant data from medical records and OCT reports, we

compared  the  performance  of  three  AI  chatbots  on  agreement  in
diagnosis,  treatment  suggestion,  and  answer  quality.  An  ophthal-
mology resident was also included as a clinical comparator. Diagno-
sis agreement was similar across three AI chatbots and the resident.

Treatment  suggestion  agreement  was  highest  for  ChatGPT-o3  and
lowest  for  the  resident.  For  answer  quality,  both  graders  ranked
Gemini 2.5 Pro highest, ChatGPT-o3 in the middle, and DeepSeek-R1
lowest.

Diagnosis agreement was similar across three AI chatbots and the
resident.  Tao  et  al.  reported  moderate  to  good  performance  for
ChatGPT-3.5  and  Bing  Chat  on  well-defined  ophthalmic  questions,
and Fowler et al. found that chatbots performed best when prompts
were explicit and narrowly scoped[14,15]. Carlà et al. analysed 50 reti-
nal  detachment  cases  and  reported  the  diagnostic  performance:
agreement  was  80% for  ChatGPT-3.5,  84% for  ChatGPT-4,  and 70%
for  Google  Gemini,  and  ChatGPT-4  was  higher  than  Gemini  (p =
0.03)[16].  Studies  outside  ophthalmology  also  describe  strong  accu-
racy when instructions are clear and information is structured[17].  In
our subtype analysis, agreement remained high for FTMH and LMH
but was lower for MH-RRD, consistent with the added complexity of
detachment-related cases. Overall, the current chatbots aligned best
with conventional  macular  hole diagnosis  and standard vitrectomy
decisions, rather than newer refinements in surgical technique[18].

Differences  among  the  three  AI  chatbots  became  significant
when  providing  treatment  suggestions.  ChatGPT-o3  most  often
matched the reference treatment suggestions for whether to oper-
ate  and  for  tamponade  choice,  making  it  useful  for  cross-checking
core decisions. Gemini 2.5 Pro achieved the highest GQS and usually
provided  clearer  explanations,  which  may  be  helpful  for  clinical
notes  and  patient  instructions,  although  some  aetiology  labels  did
not match the reference. DeepSeek-R1 showed similar agreement to
the other models,  but it  had the lowest  GQS and more often omit-
ted  face-down  positioning.  These  differences  show  that  the  main
gaps were in perioperative details rather than in the core treatment
choice.  The  resident  showed  the  same  pattern,  with  lower  treat-
ment  suggestion  agreement,  so  combining  ChatGPT-o3  for  check-
ing treatment suggestions and Gemini 2.5 Pro for clear documenta-
tion can improve clinical decision support for macular holes.

The treatment suggestion agreement was lower than the diagno-
sis  agreement.  This  is  consistent  with  clinical  practice  for  macular
hole,  where decisions are based not only on the macular  diagnosis
but also on patient-specific factors. Published studies report that the
value  of  face  down  positioning  depends  on  hole  size  and  related
factors,  and  that  centres  differ  in  how  they  prescribe  it,  including
whether  they  use  it  routinely  or  selectively  and  how  long  patients
are  asked  to  maintain  it[19].  For  large  macular  holes,  surgeons  may
choose internal limiting membrane peeling or the inverted internal
limiting  membrane  flap,  and  both  are  used  in  practice[20,21].  Retina

 

a b

Fig. 3  Global quality score across ChatGPT-o3, Gemini 2.5 Pro, DeepSeek-R1, and an ophthalmology resident. (a) Grader 1. (b) Grader 2. Bars show mean ±
SD.  Brackets  indicate  pairwise  comparisons  based  on  generalized  estimating  equations.  *p <  0.05,  ** p <  0.01,  *** p <  0.001;  ns,  not  significant.
Abbreviations: GQS, Global Quality Score; SD, standard deviation.
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specialists  also  consider  coexisting  cataract,  patient  age,  systemic
comorbidities,  visual  needs,  the  status  of  the  fellow  eye,  and  the
patient's  ability  to  comply  with  postoperative  positioning.  These
clinical variations and patient factors make modest disagreement in
treatment suggestions plausible even when diagnosis agreement is
high.  Our  findings,  therefore,  support  using  AI  chatbots  as  adjunct
tools  to  check  core  treatment  suggestions  and  to  generate  clear
written  explanations,  rather  than  as  standalone  decision  makers,
with  the  treating  retinal  specialist  remaining  responsible  for  inte-
grating all patient-specific factors. This is especially important when
clinical information is uncertain. If the clinical record or OCT report is
ambiguous  or  incomplete,  AI  chatbots  may  still  answer  with  high
confidence,  which  can  be  misleading  in  borderline  cases.  These
patient-related factors can influence both the treatment suggestion
chosen as the reference standard and the agreement rates observed
for  different  evaluators.  Studies  outside  ophthalmology  report  the
same pattern, with lower agreement for treatment suggestions than
for diagnosis[22].

Answer  quality  differed  across  the  three  AI  chatbots,  consistent
with  prior  ophthalmic  reports.  Work  on  cataract  education  found
that  chatbot  materials  were  generally  appropriate  yet  differed  in
readability and factual accuracy,  which is  in line with the variability
we  observed  in  GQS[23].  Eid  et  al.  also  noted  that  patient-facing
materials from AI chatbots often needed improvements in readabil-
ity[24].  Even  AI  chatbots  developed  for  ophthalmology  still  show
differences  in  clarity  and  factual  accuracy  across  systems  and  with
changes in prompt wording[25,26]. When questions require interpret-
ing images, performance is lower than when answers can be drawn
from  the  participant  record,  so  clear  written  reasoning  remains
important  when  only  medical  records  and  OCT  report  results  are
available[27].  Together,  these  findings  explain  why  AI  chatbots  can
reach  similar  diagnosis  agreement  while  diverging  on  GQS  and
support using answer quality as a complementary metric.

In  this  study,  we  evaluated  the  AI  chatbots  using  case  records
compiled  from  medical  records  and  OCT  reports,  reflecting  a
common  workflow  in  which  clinicians  review  written  information
before deciding. This text only design is consistent with recent reti-
nal detachment work that applied GPT-based platforms to standard-
ized  clinical  records  without  raw  imaging  and  reported  encourag-
ing  agreement  with  clinical  decisions[28].  A  fixed  template  and  a
uniform interaction protocol enabled consistent comparison across
evaluators.  Guidance  on  evaluation  and  deployment  emphasises
clear  prompts,  transparent  procedures,  and  ongoing  monitoring
when chatbots are used to support documentation and triage[29,30].

 Limitations
Our  study  has  several  limitations.  First,  the  participant  records

were compiled retrospectively from routine charts,  so some clinical
details may have been missing or simplified, which could have influ-
enced how the AI  chatbots and the ophthalmology resident stated
the diagnosis and the treatment suggestion. Second, all evaluations
used a  standard case template  prepared from medical  records  and
OCT reports, and neither the chatbots nor the resident saw the OCT
images  themselves;  this  cleaner  text  format  may  overestimate
performance  compared  with  daily  practice,  where  clinicians  inter-
pret  imaging  together  with  incomplete  or  sometimes  inconsistent
notes. Finally, answer quality was graded with the five-point Global
Quality Score, a subjective measure, and the AI chatbots were evalu-
ated at a single time point, so their recommendations may not fully
reflect later changes in macular hole surgery or in model updates.

 Conclusions
Three  AI  chatbots  demonstrated  comparable  diagnosis  agree-

ment  for  macular  holes.  ChatGPT-o3  achieved  the  highest  agree-
ment  in  treatment  suggestions,  while  Gemini  2.5  Pro  received  the
highest ratings for overall  answer quality.  Combining the strengths
of  different  AI  chatbots  may  enhance  clinical  decision  support  in
macular hole management.
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