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ABSTRACT
Background: Refractive surgery (RS) for myopia has made a very big progress regarding its safety and predictability of
the outcome. Still, a small percentage of operations require retreatment. Therefore, both legally and ethically, patients
should be informed that sometimes a corrective RS may be required. We addressed this issue using Neural Networks
(NN) in RS for myopia. This was a recently developed validation study of a NN.
Methods: We anonymously searched the Ophthalmica Institute of Ophthalmology and Microsurgery database for
patients who underwent RS with PRK, LASEK, Epi-LASIK or LASIK between 2010 and 2018. We used a total of 13 factors
related to RS. Data was divided into four sets of successful RS outcomes used for training the NN, successful RS outcomes
used for testing the NN performance, RS outcomes that required retreatment used for training the NN and RS outcomes
that required retreatment used for testing the NN performance. We created eight independent Learning Vector
Quantization (LVQ) networks, each one responding to a specific query with 0 (for the retreat class) or 1 (for the correct
class). The results of the 8 LVQs were then averaged so we could obtain a best estimate of the NN performance. Finally,
a voting procedure was used to reach to a conclusion.
Results: There was a statistically significant agreement (Cohen’s Kappa = 0.7658) between the predicted and the actual
results regarding the need for retreatment. Our predictions had good sensitivity (0.8836) and specificity (0.9186).
Conclusions: We validated our previously published results and confirmed our expectations for the NN we developed.
Our results allow us to be optimistic about the future of NNs in predicting the outcome and, eventually, in planning RS.
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INTRODUCTION
Artificial Intelligence (AI) and Neural Networks (NN) are
considered as powerful assistants when sensing, learning,
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reasoning, and making decisions are required, especially
in tasks where “learning” of different tasks requires the
processing of large amounts of data [1, 2].

VALIDATION OF NEURAL NETWORK PREDICTIONS FOR THE OUTCOME OF REFRACTIVE SURGERY
In ophthalmology, for a number of retinal diseases, Deep
Learning (DL) algorithms, already make referral
recommendations processing 3-dimensional optical
coherence tomography (OCT) data [3]. The DL
recommendations exhibit equal or better validity with
experts’ ideas. DL algorithms, for instance, scan images for
signs of diabetic retinopathy [4], have reduced the burden
of interpretation of an ever-growing volume and
complexity of diagnostic images. In another
implementation in East and Southeast Asia, AI predicts the
progression of myopia and detects high myopia in young
adults, up to 8 years in advance of its onset [5]. Last but
not least, a statistical classifier algorithm maximizes the
use of “big data” [6] to predict refractive surgery (RS)
outcome.
RS already fulfills strict criteria for safety, efficacy and
cost-effectiveness [7, 8]. However, regarding the
predictability of refractive outcome a small, albeit not
negligible percentage of patients require a corrective
retreatment [9-11]. Not only considering medical ethics,
in some countries, the law also requires that patients
should be well informed of any possibility that corrective
RS may be required. We focused on myopia because, in
our experience, myopia correction is the most broadly
used refractive correction and, by far, the most popular
among young adults. In previous work [12], we developed
a NN to predict the possibility of retreatment in RS
performed to correct myopia. In that paper, we developed
the mathematical and computational tools to tackle the
problem and we isolated the necessary clinical
parameters from a sample of more than 4500 RS myopia
procedures to train and test the NN that we used to detect
high-risk patients. The only criterion for the selection was
that we had a complete set of data, for each and every
patient we selected. on the parameters that we used for
NN training and testing.
The present paper was dictated by two basic
considerations. First because “Replicating studies are
important” [13], and there is a need “to establish nuanced
solutions to improve transparency, accountability, and
reporting of research]” [13] and, in addition, “Concern
over the reliability of published biomedical results grows
unabated” [14]. Second, by establishing the repeatability
of our method and disseminating verified results, we can
facilitate widely testing of our NN (which is available for
anyone that requests it) in a clinical setting.
METHODS
This study adhered to the same principles as our original
study [12]. We randomly selected patients who
underwent RS with PRK, LASEK, Epi-LASIK and LASIK by the
Ophthalmica surgeons from January 2010 to September
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2018. We investigated a total of 13 RS related factors as
described in our original study [12].
In our experience, success of NN training strongly depends
on the way the parameters used are normalized, because
the NN training is extremely sensitive to data [12, 15, 16]
of the type of the 13 parameters we use. Although,
theoretically, it is not necessary to normalize independent
(i.e., numerical) data, it turns out that normalization of
numerical data values often makes NN training more
efficient, and it makes the NN a better predictor [17].
The training and application of used DL network is based
on the so called “back propagation algorithm” which
involves a two-stage procedure; a forward propagation
stage (recognition) and a back-propagation stage. The
computations performed either during training or
application of the NN depends on the multiplication of
real-valued weights by a real-valued activation function
(forward propagation) or by the gradient mentioned
above (back-propagation) [18]. This approach to
normalization, eliminates most multiplications by forcing
the weights to be binary [18]. To achieve this, we chose to
represent each integer by a 12-bit serial code. 12-bit
encoding was used because of the size and the negativity
of the integers used. Thus, following this preprocessing
stage, a vector of all the data values for each patient was
encoded in a 1 x (13*12) = 1x156 bit size binary vector.
To classify data, i.e., to determine which myopia RS needs
a retreatment, we used a Learning Vector Quantizer (LVQ)
NN, which is based on a self-organizing network approach
whereby the training vectors recursively “tune” those
hidden NN units which correspond to different categories
of the inputs.
A trained network categorizes an input vector as member
of a class which is represented by the nearest hidden unit
[19]. LVQ networks perform very well in pattern
classification [20]. The reason we chose an LVQ NN was
that LVQ NNs are characterized by non-linear classification
properties [17]. LVQ NNs comprise two layers; a first layer
maps input vectors into clusters determined during the
learning phase and a second layer which consolidates
these clusters into classes characterized by the target
data. The first step in LQV NN design deals with setting
the parameters of the two NN layers. The data vectors
that will be used as input are divided into a training and
a test group. During learning, a “codebook
Initialization” is performed first. The codebook vector is
a table that represents the average of all the vectors
that belong to a cluster. Our NN then compares the
number of codebook vectors that correspond to each
target group with the number of occurrences for that
group. Following that, these vectors are adjusted to the
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center of the input range. In this way two training
groups, a retreat and a non-retreat group are created.
The training itself of an LVQ is a two-step procedure.
During the first step, the initial positions of the codebook
vectors are determined in the r-dimensional space, for a
given number of classes using standard clustering
algorithms. One such algorithm is the K-Means that
partitions observations into k clusters so that the pairwise
squared deviations of points within the same cluster are
minimized. Another similar algorithm is the Linde–Buzo–
Gray algorithm (LBG algorithm). During the second step,
the codebook vectors are iteratively updated in order in
an attempt to minimize the total classification error of the
training set. The codebook vectors are “marshaled” in the
direction of data vectors of the same class, while being
distanced from the data vectors of different classes [21,
22]. Following codebook Initialization, a Winner decision
is taken. The Euclidean distance is calculated between the
training data vector and the codebook vector. Thus,
whenever a member of the training set feature vector, is
incorrectly classified, both involved correct and incorrect
codebook vectors are updated. The LVQ network is selforganizing since it is determined by the weights of the
competition layer and it uses the training input vectors, to
reflect distribution of the sample data patterns in the
output layer. The LVQ pattern recognition algorithm is
resultant from the Kohonen competitive algorithm [17,
21]. The architecture of the LVQ network is depicted in
Figure 1.
During testing, the network reacts with an unknown vector P
(see figure 1). The decision depends on the error difference
between the output y vector and the reconstructed vector
and it has two values; 0 for the correct class or 1 for the
retreat class. It is designated as ynet.
To improve the range of the values for both sensitivity and
specificity of the individual NN predictions we resorted to
a Voting Procedure among a number of NN to which we
posed the same question.
In effect, the Winner decision of each NN queried is
followed by a voting procedure among the NNs. This is
akin to an information aggregation procedure and joint
decision-making by more than one NNs. In our proposed
system, the new query vector is tested against each of the
K two-way classifiers. The result is the determination, by
each NN, of the class it belongs to. The correct class
indicates (with a high probability) that the RS myopia will
be successful; in contrast, the retreat class reflects a
particularly low probability for successful RS outcome.
This procedure results in K scores from the K classifiers.
Obtaining an “unambiguous” (i.e., highly probable)
prediction for a given testing vector [23, 24] is achieved by
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reducing or eliminating false positives. In our case, all
votes from the eight classifiers we use, are tallied and the
class that receives the most votes becomes the final
prediction. At this second step of the decision stage,
therefore, false positives are in fact eliminated. In
eliminating the false positives, the decision boundary is
drawn between two “true” classes of training vectors,
instead of one “true” class and its complementary
“others” class, which is enormously complex. These
classes are determined according to the test input and the
decision threshold so that:
If more than 4 NN “vote” “correct, (i.e., 1)” for a nonretreat test vector than the result is “correct
identification”.
If less than 4 NN “vote” “retreat, (i.e., 0)” for a non-retreat
test vector than the result is “not correct identification”.
If more than 4 NN “vote” “correct, (i.e., 1)” for a retreat
test vector than the result is “correct identification”.
If less than 4 NN “vote” “retreat, (i.e., 0)” for a retreat test
vector than the result is “not correct identification”.
In this way, false positives are eliminated accurately. Also,
for non-correct identification (or the cases that indeed
require retreat) we set stricter criteria for securing correct
identification. Thus, we adopted a larger range of votes
(i.e., 0, 1, 2, 3 and 4) than the case for the correct
identification to increase the specificity. The complete
mathematical reasoning and development of our NN has
been previously described [12].
From the January 1, 2010 to September13, 2018, a total of
5210 RS operations were performed by fifteen ophthalmic
surgeons in Ophthalmica. Of these, 5117 were original
treatments and 93 corrective retreatments. Overall
retreatment/treatment ratio was 0.01785, lower than the
reported rates in the literature [10, 25-35].
The previously calculated correlation of the experience of
the individual surgeons with their RS outcomes was (r for
number of treatments vs % of retreatments) very close to
zero (-0.06352), which indicates the independence of the
operating surgeon experience from the outcome.
Therefore, surgeon identity was not included in the 13
factors which are related to RS and used in the
construction of the binary vector of 156-bit size, which
encoded the parameters for each patient, as mentioned
above.
Of the above set of operations, following and matching
exactly the protocol we used in our previous study, we
randomly isolated from our cohort 2378 non-retreat and
70 retreat patients from those 5210 treatments who were
followed-up for over a year and complete data was
available for the RS parameters that we used.
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The 2378 non-retreat and 70 retreat vectors were
constructed according to the Preprocessing Stage. The
rest of the NN operation, strictly followed the description
for Data Classification Stage and Decision Making. As
mentioned, for the voting procedure, the above
procedure was repeated, for every attempt to predict the
RS outcome, eight times randomly, whereby each
procedure represented a different training and testing
NN.
RESULTS
To prove that the used neural classification test predicts
the outcome of RS with a reasonable accuracy, we had to
determine the validity of the prediction. To measure
validity, one must use the values of sensitivity and
specificity. For this a conventional two- by-two (2 x 2)
table (Table 1) was used. Table 1 compares the outcome
of RS that required no retreatment versus those who
required retreatment. This comparison was made for each
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run of the NN algorithm before the voting stage is
implemented.
To understand whether a substantial agreement exists
between the outcome of neural classification (“observed”
agreement) and the RS outcome recorded in the database
(“expected” agreement), we used Cohen’s Kappa [36, 37].
The Cohen’s Kappa range is between -1 and 1, whereby 1
indicates a perfect agreement, 0 is what one would expect
purely by chance, while negative values indicate a
systematic disagreement (i.e., less than that expected by
pure chance).
Sensitivity, specificity and Cohen’s Kappa statistic were
calculated for the results for our NN which consisted of 78
neurons (see above Data Classification Stage and Decision
Making), and it was trained for ≤ 100 epochs. Each training
vector (both treatment and retreatment groups) was 30.
Every time, the procedure continued until the mean
square error was minimized within ≤ 100 epochs. The
detailed presentation of the individual classification tests
(before the voting procedure) is cumulatively presented
(for 8 individual classification tests) in Table 1.

Figure 1. The architecture of the LVQ network. An input vector P with R dimensionality is used. S 1 is the number of competitive neurons in the layer;
IW1.1 is the matrix of the weight coefficients that join the input and competition layer; n 1 is the input to the competition layer neuron; a1 symbolizes
the competition layer neuron; LW2.1 is the matrix of the weight coefficients for the connections which is extracted through the competition between
the comparative layers and the linear output layer [38]; n2 is the input to the linear output layer; a2 is the linear output layer neuron. The output of
the training procedure is vector y.

Table 1. Cumulative detailed presentation of the individual classification tests
Retreat Case
Non-Retreat Case
Test positive to predict Retreat Cases
True Positives (TP)
False Positives (FP)
a (TP) =416
b (FP) =4880
Test positive to predict Non-Retreat Cases

False Negatives (FN)
c (FN)=144
Total
a+c =560
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True Negatives (TN)
d (TN)= 13584
Total
b+d= 18464

Total Test Positives
a+b=5296
Total Test Negatives
c+d=13728
Total Population
a+b+c+d=19024
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In table 1, cell “a” contains the cases who were correctly
classified as retreat ones, i.e., true positives (TP). Cell “b”
contains the cases who were incorrectly classified as
retreat ones, i.e., false positives (FP). Cell “c” contains the
cases who were incorrectly classified as non-retreat ones,
i.e., false negatives (FN). Finally, cell “d” contains the cases
who were correctly classified as non-retreat ones, i.e.,
true negatives (TN). Thus, sensitivity and the specificity
were given by:
Sensitivity = TP / (TP+FN) = 416 / (416+144) = 0.7429
Specificity= TN / (TN+FP) = 13584 / (13584+4880) =0.7357
The ranges of the values for the sensitivity and specificity
of any individual NN predictions were 0.7429 and 0.7357
respectively.
However, following the voting procedure, which gives the
final prediction the values both for the indexes were
improved significantly reaching 0.8836 and specificity
0.9186. With respect to the final prediction, Cohen’s
Kappa test (0.7658) indicates a substantial agreement
between the classification results and the actual outcome
[36, 37]. The software in machine Learning was
industrialized by the Laboratory of Information
Technologies of the Ionian University in close
collaboration with the Ophthalmica Institute of
Ophthalmology and Microsurgery, Thessaloniki, Greece
(which provided the necessary data for the software
development and testing). It can be used as an
experimental tool for assessing the probability that
corrective treatment may be required following RS for
myopia. The software, which can be used either for testing
or to explore its capabilities using a researcher’s own data
is available free on internet, where the relevant
disclaimers for using our software are described [39].
DISCUSSION
Although, major advances in RS took place during the last
few decades and an excellent predictability of the
refractive outcome [4, 5] has been achieved, a small
percentage of RS outcomes require corrective
retreatment [6-8]. Despite the general decline in the
incidence of RS failures, there is still a place for
improvement. In addition, the low incidence of
retreatments brings about an enhanced anticipation for a
perfect RS outcome to patients. Therefore, surgeons must
explain to patients that sometimes a corrective RS may be
necessary. Otherwise, they open themselves to ethical
and legal questions about a potentially unacceptable or
inferior (to what is accepted as gold standard), outcome.
Our own research efforts have focused on the possible
relevance of the numerical representation of five
objective patient-related and eight objectives
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(clinical/operation) procedure-related parameters for
identification (by NNs) of myopic patients who are at highrisk for retreatment after RS. In the past, we used the
above thirteen parameters to construct a NN which met
this task. The NN we have developed predicts potentially
unsatisfactory outcomes of RS for myopia with good
sensitivity and specificity [12].
Given that the replication of published results is of
paramount importance, in the present article we
attempted to validate the performance of NN that we
previously developed; For this, we randomly selected
2378 non-retreat and 70 retreat cases from a total of 5210
treatments with a follow-up of over a year and for which
we had complete sets of data on record.. All 5210 cases
were recorded in the Ophthalmica Institute of
Ophthalmology and Microsurgery database of RS (PRK,
LASEK, Epi-LASIK or LASIK) and performed between 2010
and 2018.
The five, objective patient-related, parameters that our
NN-based algorithm uses are age, axis of astigmatism (in
degrees), thickness of the corneal stroma, keratometric
values for the horizontal and the vertical axes of the
cornea. The other eight objective parameters are related
to the conditions under which the operation took place.
These can be controlled by the surgeon in his surgical
approach to the specific patient. The statistical strength
(Cohen’s Kappa statistic = 0.7595 for correct predictions
vs actual outcomes) [36, 37] and the resulted sensitivity
(0.8836) and specificity (0.9186), allow us to be really
optimistic about the future of NNs use in the outcome
prediction and eventually planning of RS.
CONCLUSION
We validated our previously published results and
confirmed our expectations for the NN we developed. Our
results allow us to be optimistic about the future of NNs
in predicting the outcome and, eventually, in planning RS.
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