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ARTICLE INFO ABSTRACT

Keywords: Purpose: To evaluate in a sample of normal and keratoconic eyes a simple Bayesian network classifier for ker-
Corneal topography atoconus identification that uses previously developed topographic indices, calculated directly from the digital
Keratoconus

analysis of the Placido ring images.

Methods: A comparative study was performed on a total of 60 eyes from 60 patients (age 20-60 years) from the
Department of keratoconus of INVISION Ophthalmology clinic (Almeria, Spain). Patients were divided into two
groups depending on their preliminary diagnosis based on the classical topographic criteria: a control group
without topographic alteration (30 eyes) and a keratoconus group (30 eyes). The keratoconus group included all
grades except grade IV with excessively distorted corneal topography. All cases were examined using the CSO
topography system (CSO, Firenze, Italy), and primary corneal Placido-indices were computed, as described in
literature. Finally, a classifier was built by fitting a conditional linear Gaussian Bayesian network to the data,
using the 5- and 10-fold cross-validation. For comparison, the original data were perturbed with random white
noise of different magnitude.

Results: The naive Bayes classifier showed perfect discrimination ability among normal and keratoconic corneas,
with 100% of sensibility and specificity, even in the presence of a very significant noise.

Conclusions: The Bayesian network classifiers are highly accurate and proved a stable screening method to assist
ophthalmologists with the detection of keratoconus, even in the presence of noise or incomplete data. This
algorithm is easily implemented for any Placido topographic system.

Placido rings

Keratoconus indices
Bayesian network classifiers
Machine learning

1. Introduction composite indices are calculated combining two or more indices.
Many of these indices were developed specifically for early detec-
tion and classification of keratoconus (KC), as well as for discrimination

between KC and other abnormalities such as contact lens-induced

The most common technology used to measure corneal topography
is the Placido disk system [1], based on projecting an illuminated

pattern of concentric rings or mires onto the surface of the cornea. The
image of these rings is captured and digitized along a fixed number of
meridians, which provides several thousand of points in a close-to-
concentric pattern. The software of the topographer processes this data
to yield elevation, curvature and other parameters using either publicly
available (see e.g. [2-6]) or proprietary algorithms. The result is usually
represented as color maps, which permits subjective, qualitative ana-
lysis of the data; topographic indices aim at providing some objectivity
to this analysis. They typically focus on either the entire corneal surface
(whole cornea indices) or on a specific subarea (regional indices), and
return one or several numerical values characterizing the topography.
Since a single index rarely captures the whole complexity of the cornea,
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warpage and other forms of irregular astigmatism. Recall that KC is a
pathology that produces a cone-shaped deformity in the cornea as a
result of degeneration of corneal stroma tissue and subsequent bio-
mechanical alterations [7-13]. This is the cause of a significant increase
of the anterior corneal irregularity and a deterioration of the visual
quality, since this first surface of the cornea has a very relevant optical
function in the eye.

The above mentioned indices take into account the geometry and
optical properties of the anterior corneal surface [14-16], although
with the widespread use of Scheimpflug cameras more KC character-
izations use also pachimetry [17-22]. There have been attempts to
complement them with more sophisticated tools such as neural
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networks [23-25].

In [26,27], a set of indices that measure the irregularity of the
anterior corneal surface, computed directly from the image of the Pla-
cido disks reflected on the cornea, was put forward. This approach was
platform-independent and allowed bypassing the surface or curvature
reconstruction step that is currently performed by the software of every
commercial Placido topographer. Several basic (or primary) indices
were built directly from easy-to-measure parameters of the digitized
images of the rings reflected on the cornea. Also, compound metrics
were proposed (such as the generalized linear model or the classifica-
tion trees) by combining some of the primary indices to improve their
efficiency.

One of the conclusions of [26,27] was that the primary indices allow
to discriminate, with excellent accuracy, between normal eyes and eyes
with keratoconic corneas. As expected, combined indices were even
more efficient. Nevertheless, both the generalized linear model and the
classification trees have a natural intrinsic weakness: they deal poorly
with noisy or incomplete data, something that occurs very often in
clinical practice. The goal of this work is to replace these metrics with a
new combined index that based on the values of the primary indices
from [26,27] calculated from possibly noisy data, could yield no less
accurate but more robust results. This was made possible by consider-
able recent advances experiences in the fields of computational statis-
tics, artificial intelligence and machine learning.

Bayesian networks (BNs) are a flexible probabilistic tool that has
been successfully used for solving complex problems, including in-
ference, classification and regression [28,29]. They consist of a quali-
tative and a quantitative component. The former is a directed acyclic
graph (DAG), which represents the dependencies between the variables;
the latter is a set of conditional probability distributions, from which
the joint probability distribution can be recovered. The network
structure (the DAG) can be learned automatically or fixed manually
using expert knowledge about the problem. A typical DAG structure is
the naive Bayes (NB) model, which has been extensively used in clas-
sification problems due to its good results in terms of accuracy [30-33].
In a NB classifier, there is a class variable which is the only parent of the
rest of variables (explanatory variables) in the DAG. This model works on
Bayes theorem of probability to predict the class data set assuming
conditional independence among predictors, given the class. Naive
Bayes model is fast, easy to build, requires only a small number of
training data to estimate its parameters, and is known to outperform
even some highly sophisticated classification methods [29].

In this paper, the topographic indices from [26,27] were used to
build a BN, or more precisely, a naive Bayes classifier, and to evaluate
its usefulness for the detection of corneal topographic keratoconus,
comparing its accuracy and robustness to faulty measurements with the
compound indices form [27], using for that both synthetic and real
patients data.

2. Patients and methods
2.1. Patients

This study uses data of 60 eyes from 60 patients aged 20-60 years
(mean 33.86 *+ 11.46 years) from the Department of Keratoconus of
INVISION Ophthalmology clinic (Almeria, Spain). They were divided
into two groups according to whether they were diagnosed with KC or
not: a control group (30 eyes) and a KC group (30 eyes). Inclusion in the
KC group was based on the criteria established for the diagnosis of this
corneal pathology and the absence of ocular surgical history that could
have modified it. The diagnostic criteria were: asymmetric bow tie in
the topographic image and at least one sign of keratoconus in the ex-
amination with the slit lamp, such as stromal thinning, conical pro-
trusion of the cornea at the apex, Fleischer ring, Vogt striae or anterior
stromal scar. For contact lens wearers it was recommended to stop
wearing them for two weeks for soft contact lenses and four weeks for
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gas permeable rigid contact lenses. The exclusion criteria were the
existence of any ocular pathology and the presence of advanced KC
(grade 4 according to the Ali6-Shabayek classification system [14]). In
cases of unilateral keratoconus, the affected eye was always included in
the study. For patients with bilateral keratoconus, only one eye was
randomly selected for the study.

The control group included eyes with normal corneal topography
with no signs of irregularity according to the indices mentioned above,
without ocular pathology or previous ocular surgery. In this control
group, only one eye from each patient was selected for inclusion in the
study. All patients were informed about the objectives of the study,
voluntarily agreed to their participation and signed an informed con-
sent document in accordance with the Declaration of Helsinki.

For all patients, corneal topographic analysis was carried out with
CSO topography system (CSO, Firenze, Italy). This topographer ana-
lyses a total of 6144 corneal points of a corneal area delimited by a
circular ring defined by an interior radius and an exterior radius of 10
mm with respect to the corneal vertex. The software of this system,
EyeTop2005 (CSO, Florence, Italy), allows access to the raw data and
their export to an ASCII file, necessary for the calculation of the primary
corneal indices described next.

2.2. Corneal indices

In [26], a methodology for building metrics based directly on the
image captured by the digital camera of the Placido-based topographers
was put forward, and a set of corneal indices was introduced as an
additional tool for keratoconus (and in general, cornea irregularity)
detection and classification. Later their performance was analyzed in
[27]. Some of these indices are described next for the reader's con-
venience.

At the beginning, the digitized points captured by the camera of a
Placido disk corneal topographer are grouped in mires; in defining the
indices, only data from complete rings are used, limiting the number of
rings to the maximum of N < 15. For each mire, numbered by the in-
teger value 1 < k < N starting from the innermost one, the best-fit
circle was calculated, namely its radius, denoted by AR(k) (from
“average ring radius” of the kth ring), and the position of its center Cg,
in Cartesian coordinates. In what follows, only the radii AR(1) and AR
(4) of the 1° and 4™ mires are used. Additional four primary indices
were calculated, the first three labeled as PI,, (from “Placido Irregularity
indices”):

1 The diameter of the set of centers Cy (normalized by the total
number of rings N),

1
P = NmaXISn,msN”Cn = Culls

where ||| is the standard Euclidean norm in R?. PI; represents the
maximum distance between the centers of individual mires. Thus,
large values of PI; correlate with substantial asymmetry and off-
centering of the rings.

2 The total drift or deviation in the consecutive centers,

1
Ph=0—y X

1<n<N-1

||Cn+1 - Cn ”

PI, represents the length of the path connecting the consecutive
centers of individual mires. Large values of PI, mean an important
drift in the centers’ positions, and this index is therefore another
measure of asymmetry.

3 For the third index the data from mires are fit with an ellipse, and
the dispersion of the values of the axis ratios rx (see [26,27] for
details) is measured, defining

1 1
PL = |— n — 7)?, where 7= — T
3 \/N PGS N > on

1<k<N
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In other words, PI; measures the variability in the eccentricity of the
mires approximated by ellipses.

4 SL stands for the absolute value of the slope of the standard linear
regression of the coordinates of the centers Cj, so that high values of
SL correspond to a vertical alignment of the centers. SL measures the
orientation of the path connecting the centers, so that it has high
values when the centers’ drift is almost vertical and low values when
it is horizontal.

Additionally, a combined metric called GLPI (from Generalized
Linear Placido Irregularity index) was introduced in [26] and improved
later in [27]. It uses the indices PI;, PI3, AR(4) and SL as input, and
takes continuous values between 0 and 100 (0% corresponding to a
totally normal, and 100%, to a totally altered cornea), see [27] for
details.

2.3. Bayesian networks

A graph is a set of vertices or nodes and a set of edges or arcs
connecting them. A directed graph is one in which all the arcs have a
direction (i.e., they point from one node to another). A directed graph is
acyclic (or in short, DAG) when it does not contain loops or closed paths
(cycles), as the nodes are traversed following the direction of the edges,
see e.g. Fig. 1. A Bayesian network is a compact representation of the
joint probability distribution over a set of variables X = {Xj, ..., X}
whose independence relations are encoded by the structure of an un-
derlying DAG [34]. Formally, a BN is defined as a pair (G, P), where G is
a DAG and P is a set of conditional probability distributions (CPDs). G is
composed of nodes that represent random variables (X), and links be-
tween pairs of nodes representing statistical dependence. Each node X;
has an associated probability distribution p(X;|Pa(X;)), where Pa(X;)
denotes the parents of X; in the DAG G. The joint probability distribu-
tion over all the variables in the network can be recovered as the
product of the CPDs attached to each node (chain rule):

n
pX,.. Xp) = [ [ PG 1Pa(Xy)), forX; € Qi, i=1,..n,

i=1

where Q; represents the domain or set of all possible values of the
variable X;. In a naive Bayes (NB) classifier, the DAG G consist of n — 1
links, pointing from the class variable Y to each of the explanatory
variables X;. In other words, it assumes independence among predictors.
In this study, NB classifiers with a discrete class variable Y, taking va-
lues in a finite set {y1, ..., ¥m} were considered. The goal of such a
classifier is, given the values of explanatory variables X (not necessarily
all of them), to determine the probability of the features occurring in
each class {Y = y;}, and to return the most likely one:

argmax;p(Y = y; 1 X).

This is done using Bayesian probability theorem, according to which

OHORONORORD

Fig. 1. Naive Bayes classifier built from Placido-based indices explained in
Section 2.2. PI; represents the maximum distance between the centers of in-
dividual mires; PI, is the length of the path connecting the consecutive centers
of individual mires; PI3 is a measure of variability in the eccentricity of the
mires, approximated by ellipses; SL measures the orientation of the path con-
necting the centers. Finally, AR(1) and AR(4) are the radii of the circles fitting
the images of the first and fourth mire, respectively.
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prior X likelihood

posterior = -
evidence

In other words, the posterior probability distribution over the class
variable Y is calculated by performing probabilistic inference (also called
belief update) as follows:

pY =ypXIY=y)
pX)

_pr=y I p&ilY=y)

XL (Y =pp&X Y=y

pY=yl1X)=

j=1, ..,m.

The probability ratio above can be estimated by generating a large
sample from the Bayesian network and using evidence weighting [35].

The NB model can be validated employing the k-fold cross-valida-
tion technique [36], obtaining a measure of error in each fold. This
technique randomly splits the complete dataset into k subsets, using
k — 1 of them for learning (train set) and the other for validation (test
set). The performance in the classification task is evaluated by com-
puting, in every fold, the accuracy, precision, recall and F; score of the
computed model over its test set.

The programming language R, version 3.5.1, was the computational
tool used. In particular, the BN were built using the R package bnlearn
[37], while the primary corneal Placido-based indices were calculated
by means of the R package rPACT [38].

3. Results
3.1. Optometric data

The study included a total of 60 patients, divided into two groups
regardless gender: 30 eyes with keratoconus (keratoconus group) and
30 normal eyes (control group). Table 1 shows a summary of the visual,
refractive, topographic and aberrometric data of the cornea in the two
eye groups analyzed in the present study, keratoconus and control
group.

As expected, statistically significant differences were found between
the groups in uncorrected distance visual acuity (unpaired Student t
test, p = 0.04) and corrected (Mann-Whitney test, p < 0.01), with the
worst vision for the keratoconus group. The eyes of this group also
presented a significantly larger refractive cylinder component (Mann-
Whitney test, p < 0.01) and, consequently, a significantly larger to-
pographic astigmatism (Mann-Whitney test, p < 0.01). Keratoconus
corneas presented significantly more negative corneal asphericity (ob-
lique or parabolic shape). With respect to high order corneal aberra-
tions, greater amounts of spherical and coma aberrations (unpaired
Student ¢ test, p < 0.01) occurred in keratoconus corneas, with no
significant differences between groups in the level of primary spherical
aberrations (Mann-Whitney, p = 0.30), see Table 1.

3.2. Corneal indices

Table 2 summarizes the results, both for the control and kerato-
conus groups. As shown, all indices were significantly higher in the KC
group. In the specific case of PI,, the range of values obtained for both
groups were significantly different and almost did not overlap.

The average mean radius of the first ring, AR(1), was significantly
higher in the keratoconus group (mean 57.95, SD 27.49) compared to
the control group (mean 21.12, SD 10.38); unpaired t Student test
rendering p < 0.01.

For the combined index GLPI, a statistically significant difference
was found between the KC group (mean 95.97; SD 12.03) and the
control group (mean 4.39; SD 10.53), with Mann-Whitney test giving
p < 0.01. Again, the indices included in the linear model as defined in
[27] were SL, PI,, PI; and AR(4).
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Table 1
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Summary of the visual, refractive, corneal topographic, and corneal aberrometric data (mean and range) of the two groups of eyes analyzed in the current study,
Keratoconus and Control groups. P-values for the comparison among groups for each clinical parameter are also given. Abbreviations: SD, standard deviation; D,
diopters; UDVA, uncorrected distance visual acuity; CDVA, corrected distance visual acuity; K1, corneal dioptric power in the flattest meridian for the 3 mm central
zone; K2, corneal dioptric power in the steepest meridian for the 3 mm central zone; KM, mean corneal power in the 3 mm zone; AST3, corneal astigmatism for the 3-
mm central zone; AST6, corneal astigmatism for the 6-mm central zone; Q45, mean asphericity for a corneal area of 4.5-mm diameter; Q8, mean asphericity for a

corneal area of 8-mm diameter; RMS, root mean square.

Clinical parameters KC group mean (range) Control group mean (range) p-value
Visual parameters

LogMAR UDVA 0.57 (0.01 to 1.30) 0.30 (—0.18 to 1.30) 0.04
LogMAR CDVA 0.17 (0.00 to 0.82) 0.03 (—0.18 to 0.36) < 0.01
Refractive parameters

Sphere (D) —1.60 (—11.00 to +2.25) —1.92 (-14.00 to +2.75) 0.86
Cylinder (D) —3.01 (—6.75 to —0.50) —1.03 (—4.50 to 0.00) < 0.01
Topographic parameters

K1 (D) 45.13 (41.22 to 50.41) 42.82 (40.07 to 45.53) < 0.01
K2 (D) 48.72 (42.48 to 57.16) 44.04 (41.30 to 46.62) < 0.01
KM (D) 46.92 (41.90 to 53.71) 43.44 (41.00 to 46.17) < 0.01
AST 3 (D) 4.00 (0.68 to 11.04) 1.22 (0.31 to 4.12) < 0.01
AST 6 (D) 3.40 (0.67 to 9.71) 1.22 (0.23 to 3.94) < 0.01
Q45 —0.79 (—2.56 to +0.60) +0.31 (—0.44 to +1.48) < 0.01
Q8 —0.32 (—1.24 to +0.64) +0.23 (=0.51 to +1.12) < 0.01
Corneal aberrometry

Primary spherical aber. (um) —0.20 (—0.51 to +0.14) —0.12 (—0.40 to +0.33) 0.30
Primary coma RMS (um) 1.64 (0.57 to 3.99) 0.27 (0.06 to 0.55) < 0.01
Higher order residual RMS (um) 0.86 (0.20 to 1.63) 0.23 (0.10 to 0.44) < 0.01
Spherical-like RMS (pum) 0.53 (0.14 to 1.38) 0.24 (0.09 to 0.45) < 0.01
Coma-like RMS (um) 1.80 (0.59 to 4.05) 0.34 (0.13 to 0.67) < 0.01

Table 2

Summary of the values obtained for the primary corneal indices PI;-PI3 in the
control and keratoconus groups for the current study. p-values for the com-
parison among groups for each primary corneal index (PI) corresponding to
Mann-Whitney test are also given. Abbreviation: SD, standard deviation.

Primary KC group Control group p-value

indices
Mean (SD) Range Mean (SD) Range

PL, 129.67 40-150 19.16 1-58 < 0.01
(31.92) (15.41)

PI, 121.47 52-150 24.84 1.00-53.00 < 0.01
(33.60) (13.32)

PI; 92.92 (50.87) 8-150 22.68 1-68 < 0.01

(18.39)
3.3. NB model

A naive Bayes classifier was built, by fitting a conditional linear
Gaussian (CLG) Bayesian network to the data. In other words, the class
variable, called KCL (from “Keratoconus Likelihood”), takes the values
0 (= “normal eye”) and 1 = (keratoconus) with a binomial distribu-
tion, while the explanatory variables (primary indices SL, PI,, PI,, PIs,
AR(1) and AR(4)) follow a conditional linear Gaussian distribution (i.e.,
a normal distribution for each value of the parent KCL). The structure of
the network is depicted in Fig. 1. Although this choice assumes in-
dependence among predictors, which is not easy to justify, the depen-
dence turned out to be sufficiently weak to ensure excellent results
without recurring to more complex network topology.

The conditional distributions obtained for each variable using the
methodology explained in Section 2.3 (with assumption p
(KCL = 0) = p(KCL = 1) = 0.5) are indicated in Table 3, where the
notation

XIKCL =v ~ N(u, 0)

expresses that the probability distribution for the variable X, given that
its parent “KCL” takes the value v, is a normal distribution with mean y
and standard deviation o.

This model was validated using k-fold cross-validation (with ran-
domly chosen folds), with k = 5 and k = 10. The results for the NB

Table 3
Parameters y, o of the normal distribution N(u, 0) corresponding to the condi-
tional probability of the explanatory variables.

Expl. var. X X|KCL =1~ N(, 0) X|KCL = 0 ~ N(u, 0)
28 i=131.2,0=35 =195 0=11.7
Pl, i =125, 0= 34.4 =293, 0=092
Pl =935, 0=0524 1=359 0=147
SL n=115,0= 439 un=21.6,0=14.8
AR(Q1) u=96.1,0=285 u=>534,0=92
AR(4) 1n=589,0=175 u=313,0=54

model were identical in both cases: the values obtained of accuracy
(ratio of correctly predicted observations to the total observations),
precision (ratio of correctly predicted positive observations to the total
predicted positive observations), recall or sensitivity (ratio of correctly
predicted positive observations to all observations in the class “1”) and
F1-score (harmonic mean of precision and recall) were all 1.0, which
means a perfect classification in both groups, on every fold.

For comparison purposes, same analysis was carried out for the
compound index GLPI as defined in [27]. In fact, two variants were
tested: using the original definition from [27] that involves only vari-
ables (PI;, PI3, SL and AR(4)), and extended GLPI involving now the
same variables as in the NB model (that is, PI; — PI3, SL, AR(1) and AR
(4)). The original GLPI index yielded accuracy values of 0.983, while
the extended GLPI index gave an accuracy of 0.967. This decrease can
be explained by the introduction of linearly correlated explanatory
variables in the model; the generalized linear model is more sensitive to
this issue than the NB. The results were consistent with those published
previously in [27], where the accuracy of GLPI was reported to be of
0.94 — 0.95 (depending on the type of cross-validation used). Notice
that the precision for both indices was 1.0, meaning that every eye
classified as KC was indeed a keratoconus (no false positives). In other
words, GLPI have good specificity but worse sensitivity.

The results of the experiments are summarized in Table 4 (using 10-
fold cross-validation) and Table 5 (using 5-fold cross-validation).

In order to test the sensitivity of the classifiers to measurement er-
rors, another complementary experiment was carried out, in which
random measurement errors were simulated. Gaussian white noise of a
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Table 4
Mean values of the different metrics using 10-fold cross-validation.

10-fold CV NB model Original GLPI Extended GLPI
Accuracy 1.000 0.983 0.967
Precision 1.000 1.000 1.000
Recall 1.000 0.967 0.942
F1-Score 1.000 0.980 0.966

Table 5

Mean values of the different metrics using 5-fold cross-validation.

5-fold CV NB model Original GLPI Extended GLPI
Accuracy 1.000 0.983 0.967
Precision 1.000 1.000 1.000
Recall 1.000 0.95 0.928
F1-Score 1.000 0.971 0.960

specific magnitude (m) was added to the coordinates of the nodes
(points on the images of the Placido rings), so that the coordinates of
the nodes were modified according to the expressions

Xje—xj+ mp, y<y +my,

where f;, ; are independent random variables with distribution N(0, 1),
and m is the noise amplitude. The effect of these perturbations on the
original data can be seen in Fig. 2 for different values of m: 0 (no
perturbation), 0.02, 0.04 and 0.08. This is obviously the worst case

m=0
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scenario: usually central region is less affected by random noise than
the periphery.

The primary Placido indices were calculated using these artificially
perturbed data. The distributions of individual Placido indices and their
pairs are depicted in Fig. 3, for several noise levels. These plots illus-
trate the ability of every single index and every pair of indices to dis-
criminate between keratoconic and normal eyes. They also show the
change in their distributions when the data are perturbed, and how
their values tend to be more overlapping between the two groups after
adding noise. However, the plots also indicate that the Placido indices
maintain their discriminating ability, even in the presence of moder-
ately high noise.

The newly calculated primary corneal indices were fed to the dif-
ferent classifiers (the NB model, GLPI and extended GLPI) in order to re-
evaluate their accuracy in presence of noise. For the sake of brevity,
only the results of the 10-fold cross-validation (Table 6) are presented.

These results show that, even though the three models (and the
primary indices they are based on) are rather robust to measurement
errors, the NB model still performs perfectly (accuracy of 1.000, which
means a perfect classification in each group) in the presence of noise
(for m = 0.02 and 0.04). In the presence of a strong noise component
(m = 0.06), the accuracy of the NB model decreases, but still outper-
forms the other two models.

4. Discussion and summary

In the advanced stages of keratoconus, clinical diagnosis is not a

m=0.02

-3 -2 - 0 1 2 3

Fig. 2. Raw data after introducing perturbations of different amplitudes.
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Fig. 3. Scatter plots of some of the primary Placido indices calculated using the artificially perturbed data. These plots illustrate the change in the distribution of
these indices between the two groups when the noise level in the data varies, becoming their values more overlapping, but without loosing the discrimination ability.

Table 6
Accuracy of the compared metrics in presence of Gaussian noise of different
amplitudes, using 10-fold cross-validation.

Noise amplitude m NB model Original GLPI Extended GLPI
0.00 1.000 0.983 0.967
0.02 1.000 0.983 0.967
0.04 1.000 0.967 0.967
0.06 1.000 0.967 0.933

major problem due to biomicroscopic, retinoscopic and pachymetric
signs [9]. However, in the preclinical stages of the disease, it is a
challenge for the ophthalmologist in the absence of obvious clinical
signs, being extremely important due to the contraindication in these
patients of performing corneal refractive surgery, in addition to being
able to treat KC early and eventually prevent its progression. But in the
early stages of the disease, the diagnosis of keratoconus is primarily

based on corneal topography. The analysis of corneal topography data
with increasingly sophisticated software attempts to help the clinician
to detect and diagnose these keratoconic alterations. A set of simple and
apparently efficient indices for Placido-based corneal topographers
(pervasive and still dominant in the clinical practice) was proposed in
[26] and evaluated in [27]. There, the two-stage approach was im-
plemented: originally defined primary corneal indices, calculated from
the images of the reflection of the rings on the corneal surface, were
combined into different type of classifiers, considerably increasing their
performance. In particular, classification trees and a generalized linear
model (GLPI) were used.

Since then, computational statistics, artificial intelligence and ma-
chine learning have experienced a major breakthrough. The goal of this
work was to address one of the weaknesses of the combined indices
from [26,27], namely their sensitivity to the data quality. Un-
fortunately, noisy data are common in the clinical practice. Naive Bayes
classifiers, as the one developed in this work, have a number of
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advantages with respect to the classical approach. As the study showed,
they are more robust to quality degradation of the input data, without
loosing their discrimination ability.

A comparison of the new NB classifier with the combined indices
from [26,27] was carried out using an independent database of 60
patients, such as described in Section 2.1. Also, the original data was
perturbed with random noise of diverse amplitude. In all cases, the NB
showed an excellent discriminatory performance. The values obtained
of accuracy, precision, recall and F1-score were all 1.0, which means a
perfect classification in both groups (KC and normal cornea), on every
fold. The results achieved with the original indices were consistent with
those published in [26,27].

In conclusion, the use of naive Bayes classifiers feeding from the
original corneal indices (and valid for use with any Placido disc-based
topographer) provides adequate criteria for the topographic diagnosis
of keratoconus. They inherit all the advantages of the primary indices
described in [26,27], providing an additional robustness to noisy or
incomplete data, are not computationally intense and are platform-in-
dependent, being easily implemented for any Placido topographic
system that represent the vast majority of surveying devices available in
clinical practice.
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