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АННОТАЦИЯ
Обоснование. Имплантация современных интраокулярных линз позволяет офтальмологам эффективно решать задачи 
хирургической реабилитации пациентов с катарактой. Степень улучшения зрительных функций пациента напрямую 
связана с точностью предоперационного расчёта оптической силы интраокулярных линз. Для расчёта этого показа-
теля используются такие формулы, как SRK II, SRK/T, Hoffer-Q, Holladay II, Haigis, Barrett. Все они хорошо работают 
для «среднего пациента», однако не являются в достаточной степени адекватными на границах диапазонов входных 
переменных.
Цель — изучение возможности использования математических моделей, полученных в результате глубокого обуче-
ния искусственных нейронных сетей, для генерализации данных и прогнозирования оптической силы современных 
интраокулярных линз.
Материалы и методы. Обучение моделей, основанных на искусственных нейронных сетях, проводилось на масштаб-
ных выборках, в том числе на обезличенных данных пациентов офтальмологической клиники. Данные, предостав-
ленные в 2021 году врачом-офтальмологом К.К. Сырых, отражают результаты как предоперационных, так и после-
операционных наблюдений за пациентами. Исходный файл, использованный для построения модели, основанной 
на искусственной нейронной сети, включал 455 записей (26 столбцов входных факторов и один столбец выходного 
фактора) при расчёте интраокулярных линз (дтпр). Для удобного построения моделей использовали программу-симу-
лятор, ранее разработанную авторами.
Результаты. Полученные модели, в отличие от традиционно используемых формул, в гораздо большей степени от-
ражают региональную специфику пациентов. Они также позволяют переобучать и оптимизировать структуру модели 
на основе вновь поступающих данных, что позволяет учитывать нестационарность объекта. Отличительной особенно-
стью таких моделей, основанных на искусственных нейронных сетях, по сравнению с известными формулами, широко 
используемыми в хирургическом лечении катаракты, является возможность учёта значительного числа регистрируе-
мых входных величин. Это позволило снизить среднюю относительную погрешность расчётов оптической силы интра-
окулярных линз с 10–12% до 3,5%.
Заключение. Данное исследование показывает принципиальную возможность генерализации значительного количе-
ства эмпирических данных по расчёту оптической силы интраокулярных линз с использованием глубокого обучения 
моделей искусственных нейронных сетей , которые имеют значительно большее количество входных переменных, чем 
при использовании традиционных формул и методов. Полученные результаты позволяют построить интеллектуальную 
экспертную систему с динамическим поступлением новых данных и поэтапным переобучением моделей.
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линзы.
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Machine-learning technology for predicting intraocular 
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ABSTRACT
BACKGROUND: The implantation of recent intraocular lens (IOLs) allows ophthalmologists to effectively solve the surgical 
rehabilitation problems of patients with cataracts. The degree of improvement in the patient’s visual function is directly 
dependent on the accuracy of the preoperative calculation of the optical IOL power. The most famous formulas used to calculate 
this indicator include SRK II, SRK/T, Hoffer-Q, Holladay II, Haigis, and Barrett. All these work well for an “average patient”; 
however, they are not adequate at the boundaries of input variable ranges.
AIM: To examine the possibility of using mathematical models obtained by deep learning of artificial neural network (ANN) 
models to generalize data and predict the optical power of modern IOLs.
MATERIALS AND METHODS: ANN models were trained on large-scale samples, including depersonalized data for patients in 
the ophthalmology clinic. Data provided in 2021 by ophthalmologist K.K. Syrykh reflect the results of both preoperative and 
postoperative observations of patients. The source file used to build the ANN model included 455 records (26 columns of input 
factors and one column for the output factor) for calculating IOL (diopters). To conveniently build ANN models, a simulator 
program previously developed by the authors was used.
RESULTS: The resulting models, in contrast to the traditionally used formulas, reflect the regional specificity of patients to 
a much greater extent. They also make it possible to retrain and optimize the structure based on newly received data, which 
allows us to consider the nonstationarity of objects. A distinctive feature of such ANN models in comparison with the well-
known formulas SRK II, SRK/T, Hoffer-Q, Holladay II, Haigis, and Barrett, which are widely used in surgical cataract treatment, 
is their ability to consider a significant number of recorded input quantities, which reduces the mean relative error in calculating 
the optical IOL power from 10%–12% to 3.5%.
CONCLUSION: This study reveals the fundamental possibility of generalizing a significant amount of empirical data on 
calculating the optical IOL power using training ANN models that have a significantly larger number of input variables than 
those obtained using traditional formulas and methods. The results obtained allow the construction of an intelligent expert 
system with a continuous flow of new data from a source and a step-by-step retraining of ANN models.

Keywords: artificial intelligence; medical data; dataset; machine learning; intraocular lenses.
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将机器学习技术应用于眼内镜片光学倍率的预 
测：诊断数据的归纳 
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摘要

论证。现代眼内镜片的植入使眼科医生能够有效解决白内障患者的手术康复难题。患者视觉功能的

改善程度与术前计算眼内镜片光学倍率的准确性直接相关。SRK II、SRK/T、Hoffer-Q、Holladay II、 

Haigis、Barrett等公式都被用来计算这一指数。所有这些公式对于“中等症患者”来说都很有效。

但是，在输入变量范围的极端情况下，它们就不够充分。

目的。本研究的目的是探索使用人工神经网络深度学习衍生的数学模型来归纳数据并预测现

代眼内镜片光学倍率的可能性。

材料与方法。基于人工神经网络的模型训练是在大规模样本上进行的，包括来自眼科诊所患

者的匿名数据。这些数据由眼科医生K.K.谢雷赫于2021年提供。这些数据反映了患者术前和

术后的观察结果。用于建立基于人工神经网络模型的源文件包括455条记录（26列输入因子

和1列输出因子），被用于计算眼内镜片（屈光度）。为了方便地建立模型，使用了先前开

发的一个模拟程序。

结果。与传统的公式相比，所获得的模型更能反映患者的区域特性。它们还可以根据新获得

的数据重新训练和优化模型结构。这样就有可能考虑到对象的非稳定性。与白内障手术中广

泛使用的已知公式相比，这种基于人工神经网络模型的一个显著特点是可以考虑大量记录的

输入值。这使得计算眼内镜片光学倍率的平均相对误差可以从10-12%降低到3.5%。

结论。本项研究表明，使用人工神经网络模型的深度学习来归纳大量经验数据来计算人工晶

状体的光学强度是基本可行的。与使用传统公式和方法相比，这种网络的输入变量数量要大

得多。所得结果使得构建新数据动态输入、模型逐步再训练的智能专家系统成为可能。

关键词：人工智能；医疗数据；样本；机器学习；眼内镜片。

引用本文：
Arzamastsev AA, Fabrikantov OL, Zenkova NA, Belikov SV. 将机器学习技术应用于眼内镜片光学倍率的预测：诊断数据的归纳. Digital 
Diagnostics. 2024;5(1):53–63. DOI: https://doi.org/10.17816/DD623995

https://creativecommons.org/licenses/by-nc-nd/4.0/
https://doi.org/10.17816/DD623995
https://doi.org/10.17816/DD623995


DOI: https://doi.org/10.17816/DD623995 

56
Digital Diagnostics

BACKGROUND
Implantation of recent intraocular lenses (IOLs) allows 

ophthalmologists to effectively solve the surgical rehabilitation 
problems of patients with cataracts. However, the degree 
of improvement in the patient’s visual function is directly 
dependent on the accuracy of the preoperative calculation 
of the optical IOL power. For this reason, in ophthalmology, 
different formulas are designed to calculate this indicator. 
The most famous formulas include SRK II, SRK/T, Hoffer-Q, 
Holladay II, Haigis, and Barrett [1–7]. All these work well 
for an “average patient”; however, they are not adequate 
at the boundaries of input variable ranges. They have other 
drawbacks such as the following: first, they do not consider 
the nonstationarity of objects and setup when new empirical 
data are entered, such as in localization; second, the amount 
of input factors being considered is clearly insufficient. These 
circumstances result in many local corrections to the above 
formulas and their constant adaptation [2, 8].

The outstanding Russian ophthalmologist S.N. Fedorov 
(1967) is the world’s leader in “designing” formulas for 
calculating the optical IOL power [1, 2]. The most commonly 
used formulas for calculating the optical IOL power in 
ophthalmic practice include SRK/T, SRK II, Hoffer-Q, Holladay 
II, Haigis, and Barrett [3–7]. Several formulas for calculating 
the optical IOL power appeared in the late 1970s and early 
1980s, and they were either theoretical or regressive. 
Surgeons used to prefer regression formulas, and one of the 
most successful formulas was the SRK formula developed by 
J.A. Sanders, D.R. Retzlaff, and M.C. Kraff [3–5].

Currently, there is an unprecedented development of 
artificial intelligence systems based on artificial neural 
networks (ANNs), which, with deep learning using large 
volumes of empirical data, make it possible to build 
adequate models in nearly any subject area, including 
biology and medicine [9–12]. Over the past decades, modern 
ophthalmology centers have created patient data storage 
that includes tens and hundreds of thousands of digitized 
indicator records.

In this situation, the construction of an intelligent expert 
system has clearly become a radical method for solving the 
problem of preoperative IOL calculation, the core of which 
would be a mathematical model built using ANN models. 
Compared with known formulas, such models could be 
trained based on stored data, which would consider a 
significantly larger number of relevant input factors and the 
region-specific nature of patients. A step-by-step retraining 
of ANN models on newly received data from the storage, 
and, if necessary, the modification of its structure would 
ensure its adaptability and solve the problem of considering 
the nonstationarity of the objects and localization of the 
model.

The first stage in constructing such an intelligent expert 
system is to solve the fundamental problem of generalizability 
of empirical data on a large number of patients using ANN 

models, identify significant observed input factors, and 
compare the adequacy of such models with known formulas 
[1–7].

AIMS
Thus, this study aimed to study the possibility of 

generalizing a significant amount of empirical data on IOL 
calculation obtained in one of the ophthalmological centers 
in Russia as a result of treating patients using a unified ANN 
model subjected to deep learning, identify the most significant 
observed input factors that greatly affect the preoperative IOL 
calculation error, and compare calculation errors made by 
ANN models and known formulas.

Background error calculation for optical IOL power
Previously, we have compared errors in the use of some 

formulas based on a significant amount of empirical data 
provided in an impersonalized form by the Tambov branch 
of the IRTC “Eye Microsurgery” named after Academician 
S.N. Fedorov [13]. Initial data were obtained at the end of 
2014. The initial number of records was 28,940. Each record 
contained the following parameters: anonymous patient 
number, date of surgery, brand and optical power of the 
implanted IOL, age, eye length, required optical IOL power 
to correct refractive error and astigmatism (sphere and 
cylinder), and additional information related to the position 
of the IOL in the eye. The number of processed records 
was 11,701, and 17,239 records were not processed for the 
following reasons: the lens parameters were unknown or 
data in the fields were incorrect.

The Haigis, Holladay, SRK II, and SRK/T formulas were 
analyzed as being the closest to empirical data. The values of 
the mean relative errors in the IOL calculation are presented 
in Table 1. Fig. 1 shows the correlation dependence of the 
required and calculated optical IOL power according to these 
formulas. For the mean optical IOL power, all formulas give 
results close to the required ones; however, at extreme 
values, a significant scatter was observed with respect to 
the required values.

As shown in Fig. 1a, 1b, and 1d, a significant divergence 
is present in the slope angle of the dependence relative to 
the diagonal corresponding to the exact calculations. All the 
investigated formulas use three parameters as input values: 

Vol. 5 (1) 2024ORIGINAL STUDY ARTICLES

Table 1. Comparison of the IOL power calculation errors using 
different formulas

Formula Mean relative error of the IOL 
calculation,%

Haigis 15.6

Holladay 13.4

SRK II 11.7

SRK/T 12.5

https://doi.org/10.17816/DD623995
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Fig. 1. Correlation dependence of the required optical IOL power along the horizontal axis and the calculated optical IOL power along the 
vertical axis according to the formulas: a) Haigis, b) Holladay, c) SRK II, and d) SRK/T for 11,701 patients. The correlation coefficients are 
shown in the graphs.
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eye length in mm (L), arithmetic mean of the meridians in 
mm (K), and anterior chamber depth as a lens parameter. 
This circumstance inevitably suggests the presence of other 
factors (possibly unobserved), and their effects on the optical 
IOL power led to the listed features of the calculation.

In the same study [13], we presented an optimized 
regression formula obtained by minimizing the mean 
square error for 11,701 patients using nonlinear programing 
methods. We managed to reduce the mean relative error 
to 10.6% by introducing a fourth variable. This means that 
additional input variables and ideally all relevant information 
about the patient should be considered. In this case, the ideal 
tool for predicting the optical IOL power is the use of ANN-
based models.

A previous study by [14] is most related to our work. 
The study aimed to describe the use of machine learning in 

predicting the occurrence of postoperative refraction after 
cataract surgery and compare the accuracy of the model with 
formulas for calculating the optical IOL power. The training 
sample included data from 3331 eyes of 2010 patients. The 
model coefficients were optimized using data training. The 
occurrence of postoperative refraction was then predicted 
using conventional formulas: SRK/T, Haigis, Holladay 1, 
Hoffer-Q, and Barrett Universal II (BU-II). The absolute errors 
of some machine-learning methods were lower than those of 
the formulas. However, no statistically significant difference 
was found.

The results obtained in [14] appear to be quite expected 
because the authors did not use additional input parameters. 
The point is that machine learning and the least squares 
method, which are usually used for parametric identification 
of formulas, lead to comparable results. In the present study, 
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we analyze the possibilities of using ANN models to predict 
the optical IOL power using a much larger number of input 
quantities.

The work on IOL calculations is sustained because of 
the need to reduce the IOL calculation error, emergence of 
data on new factors that were not considered in previous 
calculations (previously, only four input factors were 
considered compared with the current 26 input factors), 
desire to create an adaptive model for IOL calculation, which 
could consider possible nonstationarity of the incoming 
data, and the drive to create an expert system with dynamic 
knowledge acquisition and its step-by-step training based 
on ANN models.

MATERIALS AND METHODS
In 2021, ophthalmologist K.K. Syrykh provided initial data. 

They concern depersonalized results of both preoperative and 
postoperative observations of the patients. The original data 
file adopted for the construction of the ANN model included 
455 entries: 26 columns of input factors (x1–x26) and one 
column for the output factor—IOL calculation (diopters), Y. 
The input variables were as follows: x1, sex; x2, visual acuity 
without correction before surgery; x3, spherical component 
of refraction according to visometry data before surgery; x4, 
cylindrical component of refraction according to visometry 
data before surgery; x5, axis of the cylinder according 
to visometry data before surgery; x6, visual acuity with 
correction before surgery; x7, axis of the strong meridian 
of the cornea before surgery; x8, refraction of the strong 
meridian of the cornea before surgery; x9, axis of the weak 
meridian of the cornea before surgery; x10, refraction of the 
weak meridian of the cornea before surgery; x11, spherical 
component of the refraction according to refractometry data 
before surgery; x12, cylindrical component of the refraction 
according to refractometry data before surgery; x13, axis 
of the cylinder according to refractometry data before 
surgery; x14, length of an eye (optical biometrics, mm); x15, 
visual acuity without correction after surgery; x16 spherical 
component of the refraction according to visometry data 
after surgery; x17, cylindrical component of the refraction 
according to visometry data after surgery; x18, axis of the 
cylinder according to visometry data after surgery; x19, visual 
acuity with correction after surgery; x20, axis of the strong 
meridian of the cornea after surgery; x21, refraction of the 
strong meridian of the cornea after surgery; x22, axis of the 
weak meridian of the cornea after surgery; x23, refraction of 
the weak meridian of the cornea after surgery; x24, spherical 
component of the refraction according to refractometry data 
after surgery; x25, cylindrical component of the refraction 
according to refractometry data after surgery; and x26, axis 
of the cylinder according to refractometry data after surgery.

For the convenient construction of ANN models, a 
simulator program previously developed by the authors was 
used [15].

RESULTS 
One of the most complicated points in the development of 

ANN models is to propose a hypothesis about the structure 
(architecture) of the network.

The application of the theorems of A.N. Kolmogorov [16, 
17] can often lead to an ANN model with a redundant structure. 
Generally, such a model suits well when representing the 
output variable at the nodal points; however, it has a weak 
predictive power.

In [18], we proposed a constructive algorithm that allows 
us to increase the number of neurons in the hidden layer 
and the number of hidden layers until certain conditions 
are reached. In this case, linear, quadratic, cubic, and other 
transfer functions of neurons are used rather than the 
commonly used sigmoidal transfer functions. Our approach 
is based on the expansion of the function of several variables 
in the Taylor series (1)–(2). Therefore, when expanding a 
function of many variables in a Taylor series, we must first 
introduce a differential operator:

 

(1)

The expansion of the function  
in the Taylor series takes the following form:

 

(2)

This makes it possible to obtain neural networks with 
a relatively simple architecture and good approximating 
(generalizing) and predictive abilities.

The ANN model, built in accordance with formulas (1) and 
(2), has a layer of input neurons, a functional hidden layer 
corresponding to several members of the Taylor series, a 
summing hidden layer, and an output layer. The functional 
hidden layer contains neurons with transfer functions 
corresponding to the terms of the Taylor series: linear (first 
order), quadratic (second order), and cubic (third order). The 
summing hidden layer contains one linear neuron, and its 
main function is to calculate the sum of several terms of a 
series and add a constant value to them. This architecture 
made it possible to achieve an acceptable accuracy of the 
ANN model.
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The sum of the squared deviations of the model and 
empirical values was used as the loss function.

When training models based on empirical data, the 
following optimization methods were chosen: stochastic 
gradient method, simple gradient method, and gradient-free 
Gauss–Seidel and Monte Carlo coordinate descent methods, 
which were used interactively.

The starting point for training the ANN model based on 
the IOL data was a network consisting of 26 input neurons, 
one linear neuron in the hidden layer, and one output neuron. 
Such a construction corresponded to the free and first terms 
in formulas (1) and (2). Considering the recommendations of 
previous studies [8–11], the learning process of the model 
was carried out on 70% of the entire sample, whereas the 
predictive ability of the ANN model was assessed using the 
remaining 30% of the sample. Data for training and checking 
the adequacy of the model were selected from the general 
table at random using a uniform distribution of random 
variables.

The results of the training of this simple model are shown 
in Fig. 2. The true optical power of a given type of IOL to 
obtain emmetropia in each case was determined as the sum 
of the optical power of the implanted IOL and the resulting 
refractive error. The refractive error was calculated by 
retrospective analysis during the period from 1 to 6 months 
after surgery.

In terms of the mean relative error, they are comparable 
with classical formulas; however, in contrast, a linear function 
of 26 variables is used to predict the optical IOL power. 
Moreover, the pair correlation coefficient of the calculated 

and empirical data was 0.71, and the mean relative error 
was 11.9%.

The coefficients of synaptic connections for the channels 
of the linear model represent the sensitivity of the channels, 
and their values can be used to assess their degree of 
influence on the output variable. The numerical experiments 
showed that at least 12–15 input factors (available to 
the ophthalmologist) significantly affect the preoperative 
calculation of the optical IOL power. Consequently, our 
assumptions regarding the need to consider a larger number 
of input quantities to reduce the calculation error were fully 
confirmed. Significant errors in classical formulas [3–7] can 
be associated with the presence of a substantial number of 
input factors that are unobserved in these formulas.

Among the significant factors, the values of some factors 
(x16, x21, x23, and x24) become known only after surgery. 
However, these factors correlate well with similar factors, 
and their values can be obtained before surgery and are 
therefore well predictable.

Following our algorithm [18], we modified the structure 
of the ANN model so that along with the linear neuron in 
the hidden layer, a quadratic neuron was also present. The 
training of such an ANN model using similar numerical 
methods of nonlinear programing made it possible to reduce 
the mean relative error to 5%; thus, previous results were 
immediately improved by a factor of two. In addition, the 
pair correlation coefficient increased to 0.97, and the mean 
relative error was 4.8% (Fig. 3).

Following this logic, we also built a third-order ANN 
model containing neurons with linear, quadratic, and cubic 

Fig. 2. Correlation of the calculated (Ymod) and empirical data (Ytab) 
for the first-order ANN model. The pair correlation coefficient is 
0.84, and the mean relative error is 11.9%.
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Fig. 3. Correlation of the calculated (Ymod) and empirical data (Ytab) 
for the second-order ANN model. The pair correlation coefficient is 
0.99, and the mean relative error is 4.8%.
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transfer functions in the hidden layer. Training the ANN model 
by similar numerical methods of nonlinear programing made 
it possible to reduce the mean relative error up to 3.5%, with 
a pair correlation coefficient of 0.98 (Fig. 4).

The number of degrees of freedom of this ANN model 
equal to the number of synaptic connections 26 × 3 + 3 = 81 
is significantly less than the number of entries in the training 
set. This circumstance confirms the good generalizability of 
empirical data on the calculation of the optical IOL power 
using the third-order ANN model.

Table 2 shows a comparison of various methods for 
calculating the optical IOL power. Therefore, when using ANN 
models and a significantly larger number of input variables, 
the mean relative error of calculations could be reduced 

by more than two times compared with using traditional 
methods.

DISCUSSION
The next stage of research should be the collection of a 

significantly larger amount of data about patients because 
deep machine-learning methods require significant training 
samples. Then, the models should be validated on test 
samples [8–11]. If the system also contains hyperparameters, 
i.e., the parameters that must be set “from above” and the 
successful setting of which significantly affects the solution 
of the problem, then there must also be a third, additional 
test data sample. The availability of such data will make 
it possible to build an intelligent expert system for the 
preoperative calculation of IOLs, some of which are presented 
in our paper [19].

CONCLUSION
This study has the following findings: (1) The 

fundamental possibility of generalizing a significant amount 
of empirical data on calculating the optical IOL power using 
training ANN models that have a significantly larger number 
of input variables than when using traditional formulas and 
methods. The identification of the most significant observed 
factors that have a significant effect on the target indicator 
and their inclusion in the ANN model allows the reduction 
of the calculation error by more than two times. (2) The 
ability of ANN-based models to generalize data opens up 
the possibility of creating an intelligent expert system with 
a dynamic flow of new data and step-by-step deep machine 
learning of the intelligent core. The main feature of such a 
system, in comparison with the use of traditional calculation 
formulas, should be its adaptability, which allows solving 
the problems of the nonstationarity of an object and 
localization because of the presence of feedback in it. 3) 
Currently, the developed ANN model is used in conjunction 

Fig. 4. Correlation of the calculated (Ymod) and empirical data (Ytab) 
for the third-order ANN model. The pair correlation coefficient is 
0.99, and the mean relative error is 3.5%.
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Table 2. Comparison of the mean relative calculation errors of the optical IOL power and correlation coefficients of the calculated and 
empirical data for different methods

Formula and ANN model Mean relative error, % Correlation coefficient of the calculated
and empirical data

Haigis formula 15,6 0,85

Holladay formula 13,4 0,86

SRK II formula 11,7 0,86

SRK/T formula 12,5 0,86

Linear ANN model 11,9 0,84

Nonlinear second-order ANN model 4,8 0,98

Nonlinear third-order ANN model 3,5 0,99

Note: ANN — artificial neural network
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with other calculation tools to preoperatively determine 
the optical IOL power in the mode of an ophthalmologist 
assistant.
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