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AHHOTALIUA

060cHoBaHMe. MMnnaHTauus CoBPEMEHHbIX MHTPAOKYNSAPHBIX JIMH3 N03BOASET 0hTanbMonoram 3sQQeKTUBHO peLlaTh 3aaaqm
XMPYPrUYECKOi peabunuraumm NauMeHTOB C KaTapakToid. CTeneHb ynydlleHus 3puTenbHbIX GYHKUMIA MauueHTa Hanmpamylo
CBAiI3aHa C TOYHOCTbHO MpesonepaLroHHOr0 pacyéTa ONTUYECKON CUIbl MHTPAOKYAAPHBIX IMH3. [Ina pacuéTta 3Toro nokasa-
Tens ucnonb3ayiotcs Takue dopmynel, Kak SRK I, SRK/T, Hoffer-Q, Holladay II, Haigis, Barrett. Bce onu xopolo paboTatot
LNS «CPeJHero naumeHTa», 0jHaKO He SBNAKTCA B JOCTAaTOYHOW CTeNneHU afieKBaTHbIMM Ha rpaHMLaX A1ana3oHoB BXOLHbIX
nepeMeHHBIX.

Lienb — u3yyeHne BO3MOXHOCTM UCMONb30BaHUSA MaTEMaTUYECKUX MOJENeN, MoslyyYeHHbIX B pe3yfbTate rnybokoro obyye-
HWA UCKYCCTBEHHbBIX HEMPOHHBIX CETEN, [JIA reHepanu3aumum SaHHBIX U NPOrHO3MPOBAHWSA ONMTUYECKOW CUSIbI COBPEMEHHBIX
MHTPAOKYNSAPHBIX JIMH3.

Matepuansl u MeTogbl. 0byyeHe Mogenen, OCHOBaHHBIX HA MCKYCCTBEHHBIX HEMPOHHBIX CETSX, MPOBOAMIOCh HA MacLuTab-
HbIX BblOOpKax, B TOM YMC/e Ha 00e3MYeHHBIX AaHHbIX MALMEHTOB 0(TanbMONIOrMYecKol KIMHUKKW. [laHHble, NpefocTaB-
NenHble B 2021 rogy BpadoM-odtanbmonorom K.K. Coipbix, oTpaxaroT pesynbTaTbl Kak NpeonepaunoHHbIX, Tak U nocie-
OMepaLMoHHbIX HabnogeHn 3a naumeHTamu. McxogHbin daiin, “cnonb3oBaHHbIA ANA NOCTPOEHUS MOAENM, OCHOBAHHOM
Ha MCKYCCTBEHHO HEMPOHHOM CeTu, BKoYan 455 3anuceii (26 cTonbuoB BXxoAHbIX GAKTOPOB U OAUH CTONbEL, BbIXOAHOMO
(aKTopa) npu pacuéTe MHTPAOKYNAPHbIX K3 (aTNp). Ons ynobHoro nocTpoeHus Moaenei UCNonb30Baau NporpaMMy-cuMy-
NATOP, paHee paspaboTaHHylo aBToOpaMy.

PesynbTathl. [lonyyeHHble Mofienu, B OTAMYME OT TPAAMLMOHHO MCNoNb3yeMblx GopMys, B ropa3ao bonbluen cTeneHu oT-
PAXKAIOT PErMOHaNbHYI0 CneLmMduKy nauneHToB. OHK TakKe NO3BONAKT NepeobyyaTb U ONTUMU3MUPOBATL CTPYKTYpY MoLenu
Ha OCHOBE BHOBb MOCTYMALLMX LaHHBIX, YTO NO3BOMSET YUUTHIBATh HECTALMOHAPHOCTL 06beKTa. OTNNUUTENBHON 0CODEHHO-
CTbH0 TaKWUX MOJENEN, 0CHOBAHHBIX Ha MCKYCCTBEHHbIX HEMPOHHBIX CETSAX, N0 CPABHEHMIO C U3BECTHBIMU (HOpPMYNaMu, LUMPOKO
UCMO/b3YEMBIMU B XUPYPrUYECKOM JIeYEHUN KaTapaKTbl, SBMIAETCA BO3MOXHOCTb YYETa 3HAUMTENBHOMO YMCNa perucTpupye-
MbIX BXOAHBIX BEJMYMH. 3TO NO3BOMIIO CHU3UTb CPEAHION OTHOCUTENBHYIO MOMPELLHOCTb PacYETOB ONTUYECKON CUITbI MHTPa-
oKynspHbIX K3 ¢ 10-12% po 3,5%.

3aksitoueHme. [laHHoe UcCie0BaHUe NOKA3bIBAET MPUHLMMNUANBHYI0 BO3MOXHOCTb FeHEpPanM3aLmMv 3HaUUTENBHOTO KoNnye-
CTBA 3MMUPUYECKUX JaHHBIX MO PACYETY ONTUYECKOW CUNbI UHTPAOKYNSPHBIX IMH3 C MCMONb30BaHWeM rNyboKoro obyyeHus
MOZENEN UCKYCCTBEHHBIX HEMPOHHBIX CETEN , KOTOPbIE UMEKIT 3HAUUTESIbHO BoJIbLLIEE KONMYECTBO BXOLHBIX MEPEMEHHBIX, YEM
NPy UCNONb30BaHUW TPAAULMOHHBIX GOpPMYN U MeTof0B. [lofyyeHHbIe pe3ynbTaThl NO3BOAKT NOCTPOUTL UHTENEKTYaNbHYIO
3KCMEPTHYH CUCTEMY C AMHAMUYECKUM MOCTYMIEHNEM HOBbIX AaHHBIX M M03TanHbIM nepeobyyeHneM mMomene.

KnioueBble cnoBa: MCKYCCTBEHHbIVI WHTENNEKT, MeAULUMHCKWUE [laHHbIE; Bbl60pKa; MallKnHHOEe oﬁyqume; MHTPAOKYNApHbIe
JINH3bI.
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Machine-learning technology for predicting intraocular
lens power: Diagnostic data generalization
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ABSTRACT

BACKGROUND: The implantation of recent intraocular lens (I0Ls) 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 Il, 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 0L 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 I0L 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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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 Il, 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 I0OL power [1, 2]. The most commonly
used formulas for calculating the optical 0L power in
ophthalmic practice include SRK/T, SRK Il, Hoffer-Q, Holladay
I, 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 I0L 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
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models, identify significant observed input factors, and
compare the adequacy of such models with known formulas
[1-71.

AIMS

Thus, this study aimed to study the possibility of
generalizing a significant amount of empirical data on I0L
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 I0L
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 0L, age, eye length, required optical I0L 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 I0L 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:

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

Mean relative error of the I0L
Formula .
calculation,%
Haigis 15.6
Holladay 13.4
SRK I 1.7
SRK/T 12.5
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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, ¢) SRK II, and d) SRK/T for 11,701 patients. The correlation coefficients are

shown in the graphs.

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

D0l https://doiorg/1017816/DD623995

predicting the occurrence of postoperative refraction after
cataract surgery and compare the accuracy of the model with
formulas for calculating the optical I0L 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 Il (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 I0L power using a much larger number of input
quantities.

The work on 0L 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 (x,—x,,) and one
column for the output factor—IOL calculation (diopters), Y.
The input variables were as follows: x;, sex; x,, visual acuity
without correction before surgery; x,, spherical component
of refraction according to visometry data before surgery; x,,
cylindrical component of refraction according to visometry
data before surgery; xs;, axis of the cylinder according
to visometry data before surgery; x,, visual acuity with
correction before surgery; x,, axis of the strong meridian
of the cornea before surgery; x,, refraction of the strong
meridian of the cornea before surgery; x,, axis of the weak
meridian of the cornea before surgery; x;,, refraction of the
weak meridian of the cornea before surgery; x,,, spherical
component of the refraction according to refractometry data
before surgery; x,,, cylindrical component of the refraction
according to refractometry data before surgery; x;,, axis
of the cylinder according to refractometry data before
surgery; x,,, length of an eye (optical biometrics, mm); x;s,
visual acuity without correction after surgery; x,, spherical
component of the refraction according to visometry data
after surgery; x,;, cylindrical component of the refraction
according to visometry data after surgery; x,,, axis of the
cylinder according to visometry data after surgery; x,,, visual
acuity with correction after surgery; x,,, axis of the strong
meridian of the cornea after surgery; x,,, refraction of the
strong meridian of the cornea after surgery; x,,, axis of the
weak meridian of the cornea after surgery; x,,, refraction of
the weak meridian of the cornea after surgery; x,,, spherical
component of the refraction according to refractometry data
after surgery; X,s, cylindrical component of the refraction
according to refractometry data after surgery; and x,, 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].
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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:

k

Tk — i(x(m) . x(()m))

m=I

ak

- (1
ax/((m)

The expansion of the function f(x, x, ..., x™)
in the Taylor series takes the following form:

f(x('), x(Z)’ . x(")):

= Fl?, %7, ..., 2+
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+Z”:1T(x N S )+ )
¢ k!

ONE) (n)
+R,(x7, x s s X))

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 10L 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 I0L to
obtain emmetropia in each case was determined as the sum
of the optical power of the implanted I0L 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

Y oar dptr
35

30

25

20

Ylab' dptr

Fig. 2. Correlation of the calculated (Y,,,,) and empirical data (Y,,,)
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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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 I0L 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
(X;4 X1, X3, and x,,) 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

Yo dptr
35

0 5 10 15 2 5 0 3%
Ytab' dptr
Fig. 3. Correlation of the calculated (Y,,,,) and empirical data (V)

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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Fig. 4. Correlation of the calculated (Y,,,) and empirical data (Y,,,)
for the third-order ANN model. The pair correlation coefficient is
0.99, and the mean relative error is 3.5%.

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 x 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 I0L power
using the third-order ANN model.

Table 2 shows a comparison of various methods for
calculating the optical I0L power. Therefore, when using ANN
models and a significantly larger number of input variables,
the mean relative error of calculations could be reduced

Vol 5 (1) 2024
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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 I0Ls, 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

Table 2. Comparison of the mean relative calculation errors of the optical I0L 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

Holladay formula

SRK Il formula

SRK/T formula

Linear ANN model

Nonlinear second-order ANN model

Nonlinear third-order ANN model

15,6 0,85
13,4 0,86
11,7 0,86
12,5 0,86
11,9 0,84
4,8 0,98
39 0,99

Note: ANN — artificial neural network

D0l https://doiorg/1017816/DD623995
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with other calculation tools to preoperatively determine
the optical I0L power in the mode of an ophthalmologist
assistant.
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