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Abstract

Background: Intraocular lens (IOL) power calculation is crucial for achieving optimal refractive outcomes in cataract surgery.
Several formulas have been developed to predict postoperative refraction, with varying degrees of accuracy. Recent
advancements in artificial intelligence (Al) have led to the exploration of Al-driven tools as potential alternatives or adjuncts to
traditional formulas. DeepSeek, a generative Al model, is one such tool that has been proposed for biometric calculations.
However, its performance in predicting refractive outcomes compared to conventional methods remains unclear. This study aims

to assess the accuracy of DeepSeek in predicting postoperative refraction and compare it with awidely used formula, the Barrett
Universal 1.

Objective: To evauate the accuracy of DeepSeek, an open-source generative artificia intelligence (Al), in predicting
postoperative refractive outcomes for intraocular lens (I0L) power calculation compared to the Barrett Universal 1l formula.

Methods: This study analyzed biometric data from 100 eyes of 50 patients who underwent cataract surgery between July 2024
and January 2025 at Humanitas Research Hospital in Milan, Italy. Only uncomplicated cases of emmetropia with Alcon
AcrySof® SAG60WF 0L implantation were included. Postoperative objective refraction was measured with Nidek TONOREF
[11. Predicted spherical equivalents were obtained using the Barrett Universal Il formula and DeepSeek Al. Mean refractive error
(MRE), standard deviation (SD), and cumulative frequency of target refractive error were calculated. A Wilcoxon signed-rank
test was performed to assess statistical significance.

Results: The MRE was significantly lower for Barrett (0.262 D) than for DeepSeek (0.659 D) (P < 0.0001). The SD was 0.386 D
for Barrett and 0.424 D for DeepSeek. Barrett achieved refractive accuracy within £0.25 D in 37% of cases, £0.50 D in 75%,
+0.75 D in 85%, and +1.0 D in 90%. DeepSeek performed worse at each threshold, reaching 10%, 30%, 55%, and 80%,
respectively.

Conclusions: DeepSeek Al demonstrated significantly higher refractive errors and lower predictive accuracy than the Barrett
Universal Il formula. Although Al is a valuable tool aready integrated into some biometric formulas, current widely accessible
generative models remain inadequate for accurate biometric calculations, emphasizing the need for human-validated formulas to
ensure optimal refractive outcomes in cataract surgery.
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Title:
“Evaluating Open-Source Generative Al in Biometry: A Retrospective Study on DeepSeek

Performance for Intraocular Lens (IOL) Power Calculation”

Abstract

Purpose: To evaluate the accuracy of DeepSeek, an open-source generative artificial intelligence
(AI), in predicting postoperative refractive outcomes for intraocular lens (IOL) power calculation
compared to the Barrett Universal II formula.

Setting: Tertiary Ophthalmology Center.

Design: Retrospective and comparative study.

Methods: This study analyzed biometric data from 100 eyes of 50 patients who underwent cataract
surgery between July 2024 and January 2025 at Humanitas Research Hospital in Milan, Italy. Only
uncomplicated cases of emmetropia with Alcon AcrySof® SA60WF IOL implantation were
included. Postoperative objective refraction was measured with Nidek TONOREF III. Predicted
spherical equivalents were obtained using the Barrett Universal II formula and DeepSeek Al. Mean
refractive error (MRE), standard deviation (SD), and cumulative frequency of target refractive error
were calculated. A Wilcoxon signed-rank test was performed to assess statistical significance.
Results: The MRE was significantly lower for Barrett (0.262 D) than for DeepSeek (0.659 D) (P <
0.0001). The SD was 0.386 D for Barrett and 0.424 D for DeepSeek. Barrett achieved refractive
accuracy within £0.25 D in 37% of cases, £0.50 D in 75%, +0.75 D in 85%, and +1.0 D in 90%.
DeepSeek performed worse at each threshold, reaching 10%, 30%, 55%, and 80%, respectively.
Conclusions: DeepSeek Al demonstrated significantly higher refractive errors and lower predictive
accuracy than the Barrett Universal II formula. Although Al is a valuable tool already integrated into
some biometric formulas, current widely accessible generative models remain inadequate for

accurate biometric calculations, emphasizing the need for human-validated formulas to ensure
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optimal refractive outcomes in cataract surgery.
Keywords
Generative artificial intelligence, artificial intelligence, DeepSeek, ChatGPT, ophthalmology,

intraocular lens, IOL, spheric equivalent, biometry, cataract, cataract surgery

Introduction

Biometry in ophthalmology refers to the precise measurement of ocular anatomical features, notably
corneal power and axial length, which are essential for determining the appropriate intraocular lens
(IOL) power in cataract surgery '. By precisely capturing these variables, surgeons aim to minimize

2. Traditional

postoperative refractive errors and reduce reliance on spectacles or contact lenses
ultrasound methods have largely been superseded by optical biometry techniques, such as partial
coherence interferometry and low-coherence reflectometry, which allow for more accurate and
reproducible AL measurements °. Modern IOL power formulas, including Haigis ¢, Holladay 2 °, and
Barrett Universal II °, incorporate additional parameters, such as anterior chamber depth (ACD) or
lens thickness (LT), to refine predictions of the effective lens position (ELP) and give accurate
results. Nonetheless, certain clinical scenarios continue to pose challenges, particularly in eyes with
unusual anatomy (e.g., extreme myopia or prior refractive surgery). These situations often result in
unexpected outcomes when using classical IOL formulas ”®. To address these outliers, advanced ray-
tracing models simulate light propagation through the cornea and IOL, offering more personalized

calculations °

. Meanwhile, machine-learning approaches have started to augment or surpass
conventional formulas by identifying subtle correlations in large clinical datasets '°.

On the other hand, generative artificial intelligence (AI) has emerged as a transformative tool in
medicine, offering innovative solutions for diagnostics, treatment planning, and personalized care .

By leveraging advanced machine learning models, such as generative adversarial networks (GANSs)

and large language models (LLMs), generative Al can synthesize complex medical data, including

https://preprints.jmir.org/preprint/ 76717 [unpublished, non-peer-reviewed preprint]
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imaging, genomic information, and clinical notes, to assist healthcare professionals in decision-
making '>".

Al has become a powerful tool in ophthalmology, particularly for diagnosing and managing eye
diseases. Al algorithms, especially those based on deep learning, excel at detecting conditions like
diabetic retinopathy, age-related macular degeneration (AMD), and glaucoma from fundus oculi
images, often matching or surpassing human experts in accuracy '*'°. Al also supports telemedicine
by enabling remote monitoring of chronic conditions like glaucoma, making eye care more
accessible *°, Beyond diagnostics, Al aids in predicting postoperative outcomes in intraocular
collamer lens (ICL) implants, refractive phacoemulsification, and cataract surgery by analyzing
preoperative biometric data, helping surgeons select the optimal intraocular lens (IOL) power for
better visual outcomes '®. Additionally, AI approaches have been applied to complex eye biometry
such as short axial length eyes *.
However, challenges remain, including the need for diverse datasets, data privacy concerns, and
seamless integration into clinical workflows. Ethical and regulatory considerations are also critical to
ensure safe and equitable use'.
In this rapidly evolving landscape, DeepSeek has recently drawn attention as an open-source deep
learning-based generative artificial intelligence ». Since its birth in 2023, and even more since the
launch of DeepSeek’s DeepThink (R1), this generative Al has been capable of advanced reasoning at
lower training costs than many rivals ***. Multiple research groups are now investigating how to
incorporate DeepSeek within secure data environments, aiming to accelerate discovery while
mitigating biases in training data *>**,

In the context of healthcare, evidence regarding DeepSeek’s applications remains limited. This is

primarily due to the very recent launch of its latest version (released on January 2025) and the

competitive landscape dominated by earlier generative Al systems, such as ChatGPT, which have

already established a significant presence in the field. While these earlier systems have been
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extensively studied and applied across various medical domains, as research progresses, DeepSeek’s
unique capabilities, such as advanced reasoning and cost-efficiency, may offer distinct advantages for
precision-driven healthcare applications [26]. Consequently, we aimed to explore the application of
DeepSeek in the field of ocular biometry, where Al-driven tools hold the potential for refining lens
constants, predicting postoperative IOL positioning, and optimizing IOL power calculations. By
utilizing DeepSeek’s advanced reasoning capabilities, we sought to evaluate its performance as a

non-inferior tool for standard-eye IOL power calculations.

Methods

This retrospective study analyzed 100 biometric datasets from 100 eyes of 50 patients who
underwent uncomplicated cataract surgery at Humanitas Research Hospital in Milan, Italy, between
July 2024 and January 2025. To ensure comparability with calculations, only patients planned for
and implanted with an intraocular lens (IOL) power targeting emmetropia were included.
Emmetropia was defined by choosing the first negative IOL power closest to a spherical equivalent
of 0.00 diopters (D). The exclusion criterion were a planned postoperative refractive target other than
emmetropia, complications during surgery and previous refractive surgery.

Preoperative biometric data were obtained using the Heidelberg Engineering Anterion® biometry
tool *. The following parameters were collected for each patient: age, gender (M/F), eye (right/left,
OD/OS), keratometry values (K1 and K2, in diopters [D]), anterior chamber depth (ACD, in
millimeters [mm]), axial length (AL, in mm), lens thickness (LT, in mm), and white-to-white

distance (WTW, in mm). Table 1 shows a summary of biometric data.

Table 1 — Biometric data demographics
The table shows the mean and standard deviation (SD, the minimum and the maximum value of the

reported parameters. AXL = axial length; K1 = flat keratometry; K2 = steep keratometry; ACD =
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anterior chamber depth; LT = lens thickness; WTW = white-to-white.

Mean + SD Minimum Maximum

AXL (mm) 23.59 + 1.29 21.10 26.96

K1 (mm) 42.86 £ 1.77 36.20 44.93

K2 (mm) 44.14 + 1.60 37.30 45.89
ACD (mm) 3.08 + 0.51 2.30 4.06

LT (mm) 4.72 £ 0.53 3.23 5.28
WTW (mm) 12.02 + 0.34 11.10 12.70
Implanted IOL (D) 21.89 + 2.66 16.00 24.50
Postoperative Sperichal

Equivalent (D) 0.14+0.41 -1.00 1.00

We chose the Barrett Universal II formula for its well-known overall precision compared to other
formulas >,

All the surgeries were performed using a temporal clear corneal main port of 2.2mm and a 1.0 mm
paracentesis. The device used for phacoemulsification was the Alcon Centurion and all the implanted
IOLs were Alcon AcrySof® SA60WF.

The final objective refraction after cataract surgery was measured with Nidek TONOREF III.

To extract IOL power calculations with DeepSeek Al the following command was entered into the

“Message DeepSeek” tool for each eye:

“Hi! I’'m an ophthalmic surgeon and I need you to assist me with intraocular lens (IOL) power
calculation data analysis. Given the following patient:

* Gender (Male/Female)

e Eye (OD/OS)

e AXL: XX.XX mm (e.g. 24.89 mm)

https://preprints.jmir.org/preprint/ 76717 [unpublished, non-peer-reviewed preprint]
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e KI:XX.XXD (e.g. 45.67 D)
o K2: XX.XX D (e.g. 43.12 D)
e ACD: X.XX mm (e.g. 4.34 mm)
e LT: XXX mm (e.g. 3.63 mm)
e WTW: XX.XX mm
e [Implanted IOL optic A constant (Alcon AcrySof® SN60WF): 119.0
TASK: I Want you to tell me the final spheric equivalent I would get after implanting a +XX.XX D
IOL in this specific eye. Just give me the final number.
NOTE: the result may also be hyperopic if you calculated so and does not need to be round to 0.05

values

To minimize DeepSeek calculation biases, the DeepSeek tool was instructed to provide only the
numerical result without explanatory text, and both the DeepThink (R1) and Web Search modalities
were activated.

Postoperative objective refractive outcomes were compared between the predicted values from the
Barrett Universal II formula and those obtained using DeepSeek. This comparison aimed to
determine which method more accurately predicted the final refractive target. The mean refractive
error (MRE, defined as the arithmetic difference between the postoperative spherical equivalent and
the predicted spherical equivalent) and the cumulative frequency of refractive target error were
calculated. The cumulative frequency analysis assessed the proportion of eyes achieving specific
levels of refractive error relative to the desired target refraction.

The primary endpoint of the study was to evaluate the accuracy of DeepSeek calculations in
predicting the final refractive outcome compared to the Barrett Universal II formula by comparing
the mean of the MRE of the two methods.

Figures and graphs were created using the Journal of Cataract and Refractive Surgery online Excel

https://preprints.jmir.org/preprint/ 76717 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Ottonelli et &
tool. Statistical analysis was conducted using the GraphPad® online calculator, with significance set
at a p-value of less than 0.05%. Given the paired nature of the non-normally distributed data, a
Wilcoxon signed-rank test was performed to assess whether the differences between the two methods
were statistically significant. This test, commonly used to compare means of non-normally
distributed data from related groups, was applied to the absolute prediction errors, defined as the
absolute differences between the actual postoperative spherical equivalent and the predicted values
from each method. A p-value of <0.05 indicated a statistically significant difference between the two
prediction methods, confirming a discrepancy in their performance.

A heteroscedasticity analysis was also conducted using an F-test to compare variances between the
Barrett Universal II and DeepSeek methods.

It is important to state that DeepSeek was used without specific fine-tuning on ophthalmology
datasets. It operated as a generalist Al model, and no training optimization specific to biometry was
performed. Additionaly, IOL constants were not optimized to nullify MRE for DeepSeek predictions,

as DeepSeek did not allow adjustment of lens constants within its structure.

Results

In Figure 1 and Figure 2, the postoperative spherical equivalent (SE) is plotted against the predicted
SE for the Barrett Universal II formula and the DeepSeek method, respectively. These visual
representations illustrate the distribution of refractive outcomes relative to the predictions made by
each approach. A comparative analysis of key descriptive statistics reveals that the Barrett Universal
IT formula demonstrated a mean refractive error (MRE) of 0.262 diopters (D), whereas DeepSeek
exhibited a significantly higher MRE of 0.659 D. The standard deviation (SD) associated with
Barrett was 0.386 D, indicating the degree of variability in its predictions, while DeepSeek presented
a comparable SD of 0.424 D. The maximum refractive error observed with the Barrett Universal 11

formula was 1.23 D, while DeepSeek exhibited a larger maximum error of 1.695 D. The minimum

https://preprints.jmir.org/preprint/ 76717 [unpublished, non-peer-reviewed preprint]
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recorded refractive error for Barrett was -0.015 D, whereas for DeepSeek, it was -0.02 D.
A visual comparison of the distribution of refractive prediction errors for both methods is provided in
Figure 3, which employs a box plot format. This representation highlights the differences in the
median values, interquartile ranges, and presence of outliers between the two methods. To rigorously
assess the absolute prediction errors, a Wilcoxon signed-rank test was performed. The analysis
yielded a highly statistically significant p-value of less than 0.0001 (P < 0.0001), confirming a
significant difference in the predictive performance of the two methods.
Figure 4 illustrates the cumulative frequency of refractive errors at various thresholds, highlighting
the superior predictive accuracy of the Barrett Universal II formula. Within +0.25 D, Barrett
accurately predicted outcomes in 37% of eyes, compared to 10% for DeepSeek. This trend persisted
across broader thresholds, with Barrett achieving 75% accuracy within +0.50 D versus 30% for
DeepSeek, 85% within £0.75 D versus 55%, and 90% within +1.0 D compared to DeepSeek’s 80%.
In conclusion, the findings of this study indicate that DeepSeek did not achieve non-inferiority when
compared with the Barrett Universal II formula for intraocular lens (IOL) power calculations. The
statistical analyses and cumulative frequency data consistently demonstrate that the Barrett Universal
IT formula provided more accurate and predictable refractive outcomes in this cohort.
Variability between the two prediction methods was compared using an F-test for equality of
variances. The analysis produced an F value of 1.208 (P = 0.45) indicating that the spread of

prediction errors was statistically comparable between methods.

Discussion
Our findings indicate that DeepSeek, as an open-source generative artificial intelligence,
demonstrated significantly lower accuracy in intraocular lens (IOL) power prediction compared to

the Barrett Universal II formula. The mean refractive error (MRE) for DeepSeek was markedly

https://preprints.jmir.org/preprint/ 76717 [unpublished, non-peer-reviewed preprint]
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higher (0.659 D vs. 0.262 D), with a statistically significant difference (P < .001). These results
confirm that DeepSeek, in its current form, is inadequate for reliable biometric calculations in
cataract surgery. Previous studies have highlighted the potential of Al in ophthalmology, particularly

in diagnostic applications and decision-support tools for complex biometric cases®'

. However, large
language models such as DeepSeek require extensive domain-specific fine-tuning to meet the
rigorous accuracy standards necessary for clinical application". The performance gap observed in
this study suggests that DeepSeek lacks the precision required to replace established biometric
formulas, particularly in standard IOL calculations. Recent studies have further emphasized the
importance of validating AI models through rigorous clinical testing and fine-tuning, particularly
when incorporating Al into systems like IOL calculations in cataract surgery .

Furthermore, our study underscores the importance of validated, human-supervised methodologies in
Al integration for medical applications. The cumulative frequency analysis revealed that Barrett
Universal II significantly outperformed DeepSeek at all refractive error thresholds. Within +0.25 D,
Barrett achieved 37% accuracy, compared to 10% for DeepSeek, and this disparity persisted at +0.50
D (75% vs. 30%) and +1.0 D (90% vs. 80%). This trend is consistent with prior research
emphasizing the robustness of traditional biometric formulas over purely Al-driven approaches ’.
Several studies have reinforced the need for a human-centered, collaborative approach when
applying Al in ophthalmology, ensuring Al models remain adjunctive tools rather than independent
decision-makers. Al should function as a support tool for human expertise, such as in the

management of complex cases or rare diseases *'

. A potential explanation for DeepSeek’s
underperformance lies in its inherent training limitations. Unlike established formulas optimized for
ocular biometric calculations, DeepSeek is a generalist Al model not specifically trained on
ophthalmic datasets. Additionally, generative Al may introduce biases due to dataset selection and

input variability, which could further compromise its accuracy in a clinical setting **. The application

of Al in ophthalmology, especially for disease prediction and management, is highly reliant on
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training data quality. Current AI models, if not properly trained with domain-specific data, may fail
to meet the precision required for clinical practice. This highlights the importance of training Al with
large, accurate datasets that are specifically curated for ophthalmic diseases™.

Interestingly, DeepSeek’s development highlights a broader shift in the Al landscape. The model’s
efficiency in reasoning and problem-solving, despite using fewer computational resources than its
competitors, signals a potential paradigm shift away from the traditional scaling law of AI, which
prioritizes larger datasets and increased computational power *. The rapid development of DeepSeek
R1, achieved with a small research team, has demonstrated that innovative algorithmic strategies can
match or even surpass larger, more resource-intensive models '*. Such innovations in Al algorithms
point to the growing potential of Al to revolutionize medical practices, including ophthalmology,
through more efficient, scalable tools that are less dependent on resource-intensive infrastructures *.
Furthermore, DeepSeek’s implementation of Mixture of Experts, reinforcement learning, and FP8
mixed precision frameworks has allowed it to achieve notable efficiency gains while maintaining
competitive performance across benchmarks °. In ophthalmology, AI models like DeepSeek could
potentially aid in predicting systemic parameters, helping doctors not only assess eye health but also
detect early signs of systemic diseases that may manifest through ophthalmic imaging *.

Another distinguishing feature of DeepSeek is its reasoning process. Unlike traditional LLMs, which
often function as black boxes, DeepSeek leverages chain-of-thought (CoT) reasoning to break down
complex tasks into logical steps. This characteristic could theoretically benefit medical applications,

such as differential diagnoses, where multi-step reasoning is essential ®

. However, in our study, this
reasoning approach did not translate into improved accuracy for biometric predictions, suggesting
that domain-specific adaptations are still required for effective integration in ophthalmology.

Despite its limitations, generative Al still holds promise as an adjunct tool rather than a standalone

solution. Future research should focus on integrating AI with traditional biometric formulas to

harness the pattern recognition strengths of deep learning while maintaining the reliability of
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validated formulas. Moreover, prospective studies should explore Al fine-tuning techniques tailored
to ophthalmology, ensuring data governance and compliance with clinical safety standards *'. As Al
continues to evolve in ophthalmology, the focus must shift toward refining its integration with
existing clinical practices and ensuring that Al-driven tools remain compatible with medical ethics
and clinical governance *.

While our study provides valuable insights into the performance of DeepSeek in IOL power
prediction, several limitations should be acknowledged. First, we exclusively analyzed cases
targeting emmetropia, which may limit the generalizability of our findings to other refractive targets,
such as myopia. Additionally, preoperative refraction was not included as a parameter, potentially
reducing the ability to fully understand individual variability in postoperative outcomes. Our study
also lacked a detailed longitudinal assessment of postoperative refractive trends, which could have
provided further insight into the long-term predictive accuracy of the AI model.

Another significant limitation is the exclusion of eyes with extreme biometric values, such as those
with high myopia or hyperopia, which are particularly challenging for IOL power calculations.
Evaluating DeepSeek’s performance in these cases is crucial to assess its broader applicability.
Furthermore, we tested only one version of DeepSeek using a single interface, which may not
account for improvements in newer iterations or alternative AI models. Lastly, technical challenges,
including frequent server congestion, resulted in slow data retrieval, with some calculations taking
up to a week. This raises concerns regarding the practicality of real-time clinical implementation. In
addition, the lack of IOL constant optimization for DeepSeek predictions, the small sample size, and
the absence of a validation cohort further limit the generalizability of the findings. Future studies
should address these challenges by refining generative Al methodologies and incorporating a wider
range of biometric profiles.

In conclusion, while AT is rapidly evolving and has demonstrated utility in various domains, our

study highlights the necessity for rigorous validation before generative models can be deployed in
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critical clinical applications. DeepSeek current performance does not meet the threshold for reliable
biometric predictions, reinforcing the continued importance of established IOL power calculation

methods.
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Figures legends

Figure 1 — Spherical Equivalent (SEQ) Attempted vs Achieved with Barrett II Universal formula

The scatter plot depicts achieved spherical equivalent refraction (D) against attempted refraction (D),

with data points representing individual eyes. Accuracy is quantified by linear boundaries: +0.5D
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(green lines) and +1.0D (pink lines), indicating the distribution of refractive errors relative to the
predicted target. Regions labeled “Overcorrected” and “Undercorrected” denote deviations from

intended refractive outcomes.

Figure 2 — Spherical Equivalent (SEQ) Attempted vs Achieved with DeepSeek Al

The scatter plot depicts achieved spherical equivalent refraction (D) against attempted refraction (D),
with data points representing individual eyes. Accuracy is quantified by linear boundaries: +0.5D
(green lines) and +1.0D (pink lines), indicating the distribution of refractive errors relative to the
predicted target. Regions labeled “Overcorrected” and “Undercorrected” denote deviations from

intended refractive outcomes.

Figure 3 — Box Plot

The figure compares refractive prediction errors (SEQ) between Barrett II Universal and DeepSeek
AT using box plots. DeepSeek exhibits a higher median error of approximately 0.6 D (mean 0.7 D)
compared to Barrett II’s 0.2 D median and mean, suggesting a systematic overestimation. Barrett 11
demonstrates greater variability with an interquartile range (IQR) of 0.6 D, spanning 0.1 D to 0.7 D,
and a wider range of -0.5 D to 1.0 D (excluding outliers). DeepSeek IQR is 0.4 D (0.5 D to 0.9 D)

with a range of -0.3 D to 1.5 D.

Figure 4 — Cumulative Frequency

The chart compares cumulative percentages of eyes achieving specific refractive errors using Barrett
IT Universal and DeepSeek AI. At 0.25D, Barrett II shows approximately 38% achieving this
accuracy, compared to DeepSeek’s 10%. At 0.50D, Barrett II reaches roughly 75%, while DeepSeek
is around 30%. At 1.00D, Barrett II attains nearly 95% accuracy, DeepSeek around 80%. Both

formulas approach 100% accuracy at 1.75D. Barrett II consistently outperforms DeepSeek across all
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reported error ranges.
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The scatter plot depicts achieved spherical equivalent refraction (D) against attempted refraction (D), with data points
representing individual eyes. Accuracy is quantified by linear boundaries: £0.5D (green lines) and +1.0D (pink lines),
indicating the distribution of refractive errors relative to the predicted target. Regions labeled “ Overcorrected” and
“Undercorrected” denote deviations from intended refractive outcomes.

3 100 eyes,
-~ ) 1 month postop
[a] Overcorrected
L=
=
IE
E -
L
)
(2
it
G
T 0
IE
=)
o
w
™
g il
k=
w
3
o Undercorrected
S +2 °
o +2 +1 0 -1 -2
S
< Attempted Spherical Equivalent Refraction (D) - Barrett II Universal

https://preprints.,jmir.org/preprint/76717 [unpublished, non-peer-reviewed preprint]



JMIR Preprints Ottonelli et &

The scatter plot depicts achieved spherical equivalent refraction (D) against attempted refraction (D), with data points
representing individual eyes. Accuracy is quantified by linear boundaries: £0.5D (green lines) and +1.0D (pink lines),
indicating the distribution of refractive errors relative to the predicted target. Regions labeled “ Overcorrected” and
“Undercorrected” denote deviations from intended refractive outcomes.
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The figure compares refractive prediction errors (SEQ) between Barrett |1 Universal and DeepSeek Al using box plots.
DeepSeek exhibits a higher median error of approximately 0.6 D (mean 0.7 D) compared to Barrett 11's 0.2 D median and
mean, suggesting a systematic overestimation. Barrett |1 demonstrates greater variability with an interquartile range (1QR) of
0.6 D, spanning 0.1 D to 0.7 D, and awider range of -0.5 D to 1.0 D (excluding outliers). DeepSeek IQR is0.4 D (0.5 D to 0.9
D) witharangeof -0.3D to 1.5D.
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The chart compares cumulative percentages of eyes achieving specific refractive errors using Barrett |1 Universal and
DeepSeek Al. At 0.25D, Barrett |1 shows approximately 38% achieving this accuracy, compared to DeepSeek’ s 10%. At
0.50D, Barrett |1 reaches roughly 75%, while DegpSeek is around 30%. At 1.00D, Barrett |1 attains nearly 95% accuracy,
DeepSeek around 80%. Both formulas approach 100% accuracy at 1.75D. Barrett 11 consistently outperforms DeepSeek across
all reported error ranges.
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