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ABSTRACT

Introduction. In attempt to find an answer regarding the possible scenarios of epilepsy evolution in women of repro-
ductive age (e.g. worsening, remission, antiepileptic drug resistance, status epilepticus occurence), preferably - objective,
based on simple, replicable, observable indicators that can be included in a mathematical probability estimation model,
could significantly improve their quality of life and increase the effectiveness of prescribed treatments.

Materials and methods. Bidirectional, cohort, descriptive-analytical study, conducted between 2016-2020. Primary data
were collected in the Diomid Gherman Institute of Neurology and Neurosurgery, the State Hospital of Republic of Moldova
and the Excellence Private Medical Institution. Out of 366 unique parameters, which were recorded in the 159 patients
enrolled in the study at each visit (total, 4 documentation visits over 5 years period), 10 parameters were selected for
multivariate analysis, considered relevant for predicting clinically significant outcomes. Criteria for parameter relevance
were: reaching p<0.1 in univariate analysis, easy documentation. Subsequently, testing for multicollinearity (calculation
of variance inflation factor) and the contribution of each parameter in the formula was performed using the Akaike infor-
mativeness criteria. The performance of the developed predictive models was expressed by the area under the ROC curve,
positive and negative prognostic power. Statistical analysis: GraphPad Prism, v. 9 trial (Graph Pad Software, Boston, USA).

Results. Age at onset of the disease 14.0+6.3 years; age at first referral to specialist 24.0+7.2 years. The developed predic-
tive model, based on 3 parameters (depressive state, annual frequency of seizures, presence of brain lesions on MRI) has
a positive predictive value of 83%, negative of 62%, with an area under the ROC curve of 0.72 (95%CI = 0.56 to 0.88) and
a probability of occurrence of 96%.

Conclusions. Depressed patients with documented structural lesions on MRI and a high frequency of epileptic seizures
have a progressive, significant risk (an OR of 5.3-24.0) of developing resistance to antiepileptic drugs.
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The novelty added by manuscript to the already published scientific literature
The predictive model developed, based on 3 parameters (depressive state, annual seizure frequency, presence of brain lesions
on MRI) has a positive predictive value of 83%, negative of 62%, with an area under the ROC curve of 0.72 (95%CI = 0.56 to

0.88) and a probability of 96%.

Introduction

Epilepsy is a fairly common disease (ranked 3rd after
stroke and Alzheimer’s disease) in the general population,
affecting 1-3% of people [1-3]. The true prevalence of ep-
ilepsy is unknown and virtually impossible to estimate. In
Republic of Moldova, according to data from the National
Bureau of Statistics, 60,000 people are diagnosed with epi-
lepsy, of which 13,500-15,000 are women [4]. Correspond-
ingly, the estimated prevalence of epilepsy in Republic of
Moldova is 16-19 persons per 1000 population (2015) [5].
As the disease is a stigmatizing one, especially in relation to
women, epilepsy becomes an important public health and
medico-social problem.

One of the most common requests from patients and
their relatives in medical consultations is to provide an an-
swer regarding the outcome and/or prognosis (chance of
cure, recurrence, duration, likelihood of complications, suc-
cess of the treatment, etc.). In order to give a plausible an-
swer, doctors either rely on their own experience, on litera-
ture data, or apply various estimation and forecasting tools
(scores, nomograms, mathematical models).

The limitations of each of the outcome prediction meth-
ods is different - from empirical estimation (intuition of the
outcome), with 50/50 probability of error vs. success, based
on practical experience, to a population approximation
(based on probabilistic scores and models). Unfortunately,
none of the methods, no matter how sophisticated, is able
to provide a personalized prognosis of what the patient re-
quires.

A compromise option would be to use probabilistic
prediction models, based on clinical, instrumental and
laboratory indicators, developed using logistic regres-
sion. The logistic regression method allows the likelihood
of an event to be predicted, based in particular on binary
events (presence or absence of crisis, abandonment or not
of treatment, etc.). Among the advantages of using logistic
regression in the present research are the ease of imple-
mentation, interpretation, and sufficient clinical accuracy,
given simple and easily obtained parameters. Among the
disadvantages should be mentioned the assumption of a
linear relationship between the independent variable (the
sought outcome) and the dependent variable(s) (which
in the real world is not always linear) and the problem of
(multi)collinearity. Contemporary statistical tools, howev-
er, allow the impact of these shortcomings to be minimized
[6-8]. Treatment-resistant epilepsy is defined as the thera-
peutic failure of two or more antiepileptic drugs, correctly
chosen and administered in appropriate doses, depending
on the form of epilepsy. The mechanisms of this resistance
are either pharmacogenetics in origin, the consequence of

neuroplasticity following disease progression, or the con-
sequences of the seizures themselves (e.g., hippocampal
sclerosis).

About 7% to 20% of children with epilepsy have devel-
oped resistance to anti-epileptic drugs. Meanwhile, 30% to
40% of adult patients remain refractory to drug treatment.
Numerous studies have touched on predictors associated
with medical resistance in both children and adults. Con-
firmed risk factors for drug resistance are: early onset of the
disorder, abnormal EEG findings and neurological deficit or
mental retardation at the time of diagnosis, symptomatic
etiology, high seizure frequency and lack of response to first
anti-epileptic treatment [9].

In Xue-Ping W’s (2019) meta-analysis [9] it was found
that the prevalence of drug-resistant epilepsy was approx-
imately 27% and the relative risk factors were: abnormal
EEG (both slow wave and epileptiform discharges), status
epilepticus, symptomatic etiology, febrile seizures and sei-
zures of multiple types, positive outcome to short-term
therapy, delayed neurodevelopment, and high frequency
of primary seizures. Based on these risk factors, in clini-
cal practice it would be useful for clinicians to predict the
course of epilepsy within a short period after diagnosis and
to early identify children at risk of intractable epilepsy; this
is important both for counselling parents and for clinicians
to consider alternative treatments.

However, despite the development of 20 new anticon-
vulsant drugs since the 1990s, the proportion of patients
with drug-resistant epilepsy has remained stable (30%-
40%) over the last 30 years. In addition, 80% of patients
with epilepsy have been reported to have experienced ad-
verse reactions related to their anticonvulsant medication
and 30-40% have reported that adverse effects substantial-
ly affected their quality of life or led to discontinuation or
non-adherence to medication [10].

The proportion of people with drug-resistant epilepsy
has not changed substantially since the 1980s. However, the
field of epilepsy has advanced over the last decade and is
now entering the era of targeted and precision medicine. In-
creased understanding of the etiologies of epilepsy, includ-
ing immune, genetic, and structural causes, has now made
it possible, in some patients, to identify specific targets for
therapies that go beyond anti-seizure drugs and allow treat-
ment of the cause of epilepsy [10, 11].

Based on the above, the aim of the present study was to
develop a predictive mathematical model for the develop-
ment of antiepileptic medication resistance in women of
reproductive age with epilepsy, using the logistic regression
and likelihood calculus method, based on 5 years of fol-
low-up of 159 patients.
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Methods and materials

The given study is a bidirectional, cohort, descrip-
tive-analytic study. The accumulation of primary material
took place during 2016-2020 in the outpatient departments
of the Diomid Gherman Institute of Neurology and Neuro-
surgery, the State Hospital of Republic of Moldova and the
Excellence Private Medical Institution, based on bilater-
al collaboration contracts, signed with each institution, in
compliance with bioethical clauses, confidentiality, and pro-
tection of personal data and informed consent of patients.

The study protocol was approved by the Research Eth-
ics Committee of the Nicolae Testemitanu State University
of Medicine and Pharmacy (minutes no. 55 of 03.06.2016).

The study subjects were women of reproductive age
with epilepsy, where the first epileptic seizure started from
birth to 49 years range.

Inclusion criteria were:

e women of reproductive age (15-49 years);

¢ signed informed consent;

e with no predetermined duration of illness before
enrolment, regardless of seizure type;

e no comorbidities;

¢ onset of illness - from birth to the end of reproduc-
tive age (49 years).

Exclusion criteria were:

o refusal of informed consent;

e age of patients assessed for enrolment outside the
age range 15-49 years;

¢ undocumented or unconfirmed epileptic seizures;

e patients with persistent epileptic encephalopathy.

After confirming eligibility and obtaining informed con-
sent, prior to the initiation of the investigation, patients en-
rolled in the study were informed in detail about the pur-
pose of the study, the requirements, benefits, and risks of
the investigations and the treatment administered.

Thus, 159 complete records of patients of reproductive
age with epilepsy, who met the inclusion criteria and had
none of the exclusion criteria, were included in the final
analysis.

All patients enrolled in the study were examined accord-
ing to the National Clinical Protocol "Epilepsy in Adults“ and
institutional protocols[5].

The clinical examination included the recording of
patient data - medical history with epidemiological and
demographic data: age, residence, profession (working
conditions), level of education (studies), medical history
- personal and hereditary medical history (presence of ep-
ilepsy in first and second degree relatives), vicious habits,
sexual history (menarche, menstrual cycle characteristics,
obstetrical and gynecological history, sexual activity and
menopause). Objective general clinical examination and
neurological examination was performed. Patients were
examined by standard clinical methods to assess general
condition and neurological status. General and focal neu-
rological symptoms, possible psychiatric, cognitive disor-
ders were identified and entered into the standardized
data recording form.
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In order to clarify certain events, with the consent of the
patients, their relatives and eyewitnesses of the seizures
were interviewed. The technique of guided interview ques-
tions was applied.

Patients also completed a seizure diary (paper format),
which described the symptomatic nature of the seizure, fre-
quency and duration, aura and post seizure signs, time of
onset and triggers. This data were then transcribed into the
standardized data recording form. Disease- and patient-spe-
cific variables with epilepsy were collected a priori, based
on the individual and clinical characteristics of each patient.
Information about clinical events accompanied by loss of
consciousness, amnesia, confusion was assessed based on
family and witness information and no objective screening
tool was applied to the subjects of the present study.

Before starting the collection of primary material, the
number of patients required for enrolment in the study
(sample size) was estimated, which would allow confirma-
tion or rejection of the null hypothesis. Thus, the required
number of patients was calculated using the free online
software GPower 3.1 [12].

Since the main outcome parameters of the study are cat-
egorical, with non-Gaussian (non-normal) distribution, and
the number of data series was 4 (according to the number of
visits), the Kruskal Wallis Test was selected for calculation.

The following calculation steps have been carried out in
the Gpower 3.1 software (1) Selected F tests from the Test
family menu; (2) Selected ANOVA: fixed effects, omnibus,
one way from Statistical test; (3) Selected A priori from
power analysis.

Background information was entered: 95% confidence
interval for significance of the results, minimum statistical
power - 80%; difference of result f = 0.25; number of groups
n = 3; number ratio between data series - 1:1.

Calculation results: non centrality parameter (describ-
ing the degree of difference between H1 and HO values) A
= 9.94, critical F-value = 3.05, numerator of degrees of free-
dom df = 3 (because the calculation was performed based
on 4 data series), denominator of degrees of freedom df =
156. Total number of patients required for research = 159.

Regarding the collected parameters, as criteria for their
non-inclusion in the logistic regression analysis and the
construction of the predictive model for the onset of antie-
pileptic drug resistance were established: (1) parameters
with many individual data missing or having low variability
over time; (2) parameters that are in close correlation with
others, to avoid collinearity effect problems; (3) parameters
that showed insufficient statistical significance (p = 0.2) in
univariate analysis.

Finally, for the creation and testing of variants of the an-
tiepileptic drug resistance prediction model, the following
parameters were selected (with consideration of the condi-
tions stated above): age at onset of illness (by age categories,
at 10, 20 and 30 years), drop-out or poor adherence to pre-
scribed antiepileptic treatment, presence of a brain lesion
on brain MRI scan, prolonged confusion after an epileptic
seizure (postictal sign), focal activity on electroencephalog-
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raphy without seizure symptoms, anxiety; depression, sei-
zure duration over 6 minutes, status epilepticus occurrence,
seizure frequency (discrete quantitative variable).

Since the selected variables were found to be binary
categorical, ordinal (with a small ordinal number), or dis-
crete quantitative, the best-fitting predictive models were
developed based on multivariate analysis (multiple logistic
regression).

The calculation of the probability of occurrence of an
event, in models based on logistic regression analysis was
done according to formula (1):

gho+ BiX
T 1gePorAX

(1);

where,

0: the mean value of the response variable (the inter-
ceptor) when X = 0;

1: the average change in the response variable (con-
stant) for a one unit increase in X;

X: value for the predictor variable (in this case, the clin-
ical sign).

For each model version, the final number of remaining
parameters were selected according to the results of the
collinearity test, the variance inflation factor (VIF) and the
Akaike informativeness criteria. All analysis was performed
with the help of Graph Pad Prism software, version 9 trial.
For practical convenience, the same results were also re-
flected by Odds ratios (OR).

Results

The general description of the patients enrolled in the
study in terms of age, level of education, living environ-
ment, socio-familial status, etc., is presented in Table 1.
These characteristics will define the profile of patients of
reproductive age with epilepsy for whom the predictive
model for the onset of antiepileptic drug resistance is con-
structed.

The results of logistic regression of the parameters that
met the eligibility criteria (anxiety, depressed state, brain
structural abnormality on MRI image, discontinuation of
antiepileptic treatment, epileptic seizure lasting more than
6 minutes, confusional state after epileptic seizure, status
epilepticus, and frequency of epileptic seizures) are pre-
sented in Table 2. Of note, the parameters in Table 2 do not
show collinearity with each other because the variance in-
flation factor, VIF <2, R?30.

Of all the parameters mentioned in Table 2, only “an-
nual frequency of epileptic seizures” is a discrete quanti-
tative parameter. As the number of observations increas-
es, it tends to have a normal (Gaussian) distribution and
behaves as a continuous quantitative parameter. In this
respect, it was examined whether a cut-off value could be
identified, which would allow a more accurate prediction
(with clinically acceptable sensitivity and specificity) of
the onset of resistance to antiepileptic drug treatment. Re-
spectively, figure 1 shows the ROC curve of antiepileptic
drug-resistant epilepsy cases (from the study group) ver-
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sus annual seizure frequency. Although it is clearly shown
that increased frequency of epileptic seizures is one of the
relevant clinical indicators (AUC = 0.71; 95CI: 0.65 - 0.76;
p=0.0001) of the onset of resistance to antiepileptic treat-
ment, an exact cut-off value in this respect is impossible to
define (identify).

Table 1. The general description of the patients enrolled in the study.

All patients
Parameters (n=159)
. 14.0+6.3
Age of onset of the disease, years [2-34]
) . 24.0+7.2
Age of first referral to a neurologist, years [2-46]
Level of education
e primary 4 (2.5%)

e secondary
e high education

100 (62.3%)
56 (35.2%)
Living environment

e rural 84 (52.8%)

e urban 75 (47.2%)
Family status

e single 109 (68.6%)
e married 45 (28.3%)
e divorced 5(3.1%)

e widowed 0 (0.0%)

Social class
e industrial workers
e rural workers/farmers

83 (52.3%)
61 (38,3%)

e intellectuals 15 (9.4%)
Vulnerabilities

¢ unemployed* 12 (7.6%)
o degree of disability** 11 (6.9%)

Reproductive function
® no.pregnancies
e no. births

40 (25.2%)
33 (20.8%)

Note: Age data are expressed as mean and standard deviation, with
extreme values presented. * - patients with official unemployment status;
** - patients with disability status, granted by the National Disability
Determination Council of the Republic of Moldova. Data are presented as
mean and standard deviation [extremes] or as absolute (relative) values.

Table 2. Multiple logistic regression parameters for the onset over time of
patients’ antiepileptic drug resistance calculated according to the clinical
indicators proven to be relevant.

Mean

Parameters B OR VIF R? Proba-
(SE) (95C1) ility

I(‘éf%”eptor 0.78(0.34) 219 (1.13-432) - - 69%
A(B1) 0.06(0.24) 1.06 (0.67-1.70) 1.046 004 52%
B (82) 0.75(026) 2.11(L2-350) 1066 006  68%
C (B3) 0.68(0.26) 1.97 (1.20-3.30) 1.095 009  66%
D (B4) 034(0.25) 0.71(043-1.17) 1.075 007  42%
E (B5) 0.24(0.25) 1.28(0.78-2.08) 1127 011 56%
F (B6) 043 (0.77)  0.65(0.15-3.42) 1.039 004 39%
G (87) 0.16(025) 117(0.71-191) 1.049 005  54%
H (B8) -0.001(0.001) 0.99 (0.99-1.00) 1.068 0.06  50%

“Nota:”: A - anxiety; B - depression; C - brain structural abnormality on
MRI image; D - drop-out of antiepileptic treatment; E - epileptic seizure
lasting more than 6 minutes; F - status epilepticus; G - confusional state
after epileptic seizure; - annual frequency of epileptic seizures; VIF -
variance inflation factor; R2 - multiple correlation coefficient.
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Figure 2 reflects the interrelationship between the likeli-
hood of developing epilepsy resistant to antiepileptic treat-
ments and the annual frequency of epileptic seizures, where
the trend is evident. This finding leads to the conclusion
that in a probabilistic model for predicting the development
of antiepileptic drug resistance over time, seizure frequency
must necessarily be part of the model.

From figure 2, for practical guidance - a number of 20
epileptic seizures per month, for 2 consecutive months (ac-
cording to the following calculations: 250 seizures per year

1.0
0.8
2
S 0.6
.*é
Fig. .ROC 8 047 o
curve of cases of “ AUC ROC =0.71
epilepsy resistant 0.2 95CI =0.65-0.76
to antiepileptic 0.0 p=0.0001
" 1

treatment depending
of annual number of
epileptic seizures.

1 1 1 1
00 02 04 06 08 1.0
1 - Specificity

Mold J Health Sci. 2023;10(4):11-18

with 50% average probability of resistance installed / 52
weeks of the year = 5 epileptic seizures per week), against
the background of correct treatment, as drug combination
and appropriate dosage, will indicate a high probability
of antiepileptic drug resistant epilepsy. It should be noted
that in this case, other concurrent symptoms (depression,
anxiety, post-seizure symptoms), which increase the prob-
ability of antiepileptic drug resistance, were not taken into
account, but only the epileptic seizure itself as an on event
(unspecified, however, in duration and intensity).

1.0
g 0.8- Fig. 2.
§ Likelihood of
5 0€7 resistance to
8 antiepileptic
s 047 drug treatment
E 0.2 depending
. of the annual
0.0 I T . . number of
0 100 200 300 400 recorded
Seizure frequency, episodes / year ep_llepth
seizures.

Table 3. A comparison of two multiple logistic regression models for the onset of resistance to EC treatment over time, calculated on the basis of clinical

indicators with significant odds ratios.

Model rez_1 Model rez_ 2

Parameters

B (SE) OR (95CI) B (SE) OR (95CI)
Interceptor (80) 1.16 (0.97) 3.2 (0.5-24.2) 0.99 (0.86) 2.68 (0.52-16.37)
A(B1) 0.10 (0.25) 1.1(0.7-1.8) 0.11 (0.25) 1.12 (0.69 - 1.82)
B (B2) -0.21 (0.65) 0.8 (0.2-2.9) 0.22 (0.54) 1.24 (0.42 - 3.55)
C(B3) -0.91 (0.79) 0.4 (0.1-1.9) -1.14 (0.72) 0.31 (0.08 - 1.33)
D (B4) -0.48 (0.67) 0.6 (0.2 - 2.3) -0.35 (0.26) 0.70 (0.41 - 1.16)
E (BS) 0.20 (0.72) 1.2 (0.3-5.3) 0.23 (0.62) 1.26 (0.37 - 4.34)
F (B6) 0.45 (0.77) 1.6 (0.3 -6.8) 0.47 (0.77) 1.60 (0.31 - 6.85)
G (B7) 0.23 (0.68) 1.3(0.3-4.8) 0.01 (0.55) 1.01 (0.34 - 2.99)
H (88) -0.01 (0.002) 0.9 (0.8-1.0) -0.01 (0.002) 0.98 (0.96 - 0.99)
B+ C(B9) 0.74 (0.66) 2.1(0.5-7.5) 0.74 (0.64) 2.10 (0.58 - 7.30)
B+ D (B10) 0.77 (0.59) 22(0.7-7.1) -
B+E (B11) 0.12 (0.60) 1.1(0.3-3.7) 0.17 (0.59) 1.19 (0.38 - 3.80)
B+G(B12) 0.13 (0.67) 1.1(0.30-4.2) 0.23 (0.65) 1.27 (0.35-4.57)
C+D(B13) -0.42 (0.58) 0.6 (0.2 - 2.0) - -
C+E(B14) 0.50 (0.57) 1.6 (0.5-4.9) 0.47 (0.56) 1.60 (0.53 - 4.81)
C+G (B15) 1.19 (0.67) 3.3 (0.8-12.4) 1.16 (0.65) 3.17 (0.89 - 11.55)
D +E (B16) -0.06 (0.53) 0.9 (0.3-2.7) -
D +G (B17) -0.37 (0.57) 0.7 (0.2 - 2.1) - -
E+G(B18) -0.55 (0.54) 0.6 (0.2-1.6) -0.66 (0.53) 0.52 (0.18-1.43)
B+ C+H(B19) 0.01 (0.005) 1.0(1.0-1.1) 0.01 (0.005) 1.01 (1.00 - 1.03)
B+ G+H(B20) 0.001 (0.004) 1.0 (0.9 - 1.0) 0.001 (0.004) 1.00 (0.99 - 1.01)
C+G+H(B21) -0.006 (0.007) 0.9 (0.9-1.0) -0.007 (0.007) 0.99 (0.98 - 1.01)
AlCc (B0) 512.0 513.0
AlCc of the model 492.0 486.0
AUC ROC 0.74 (0.69 - 0.79) 0.74 (0.68 - 0.79)
PPN, % 62% 59%
PPP, % 83% 83%
Probability, % 96% 96%

“Nota:” A - anxiety; B - depression; C - brain lesion on MRI examination; D - discontinuation of antiepileptic treatment; E - epileptic seizure lasting 6 minutes or
more; F - epileptic status; G - confusional state after epileptic seizure; H - seizure frequency; AICc - Akaike informativeness criterion.
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Based the parameters described in table 2, it is possi-
ble to develop several prediction models, based on multiple
logistic regression, by summing the individual contribution
of each parameter to the final characteristics of the model,
with or without taking into account the influences produced
by the interaction between variables.

Table 3 presents the characteristics of two probabilistic
prototype models, named rez_1 and rez_2, which also take
into account the contribution of interaction effects between
2 and 3 variables, in addition to the individual contribution
of each model parameter to its summary predictive ability.
Model rez_2 differs from model rez_1 in that the contribu-
tions of interaction effects between B-D (depression, drop-

1.0

rez_1

0.8+
2
S 0.6+
:5
S 0.4
? " AUC=0.74

0.2 95Cl: 0.68-0.79

p=0.0001
0.0

T T T T 1
00 02 04 06 08 1.0

1 - Specificity
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out of antiepileptic treatment), C-D (MRI brain lesion and
drop-out of antiepileptic treatment), D-E (drop-out of antie-
pileptic treatment and seizure lasting more than 6 min) and
D-G (drop-out of antiepileptic treatment and confusional
state after seizure) were not included.

Both models (rez_1 and rez_2) possess absolutely sim-
ilar performance characteristics (AUC ROC, PPN, PPP, like-
lihood) (Figure 3). At the same time, the Akaike informa-
tiveness criterion points to a low contribution to the final
characteristics of the models of interactions between 2 and
3 variables, which means that they can be omitted from
the calculations, with the deduction of a simpler predictive
model.

1.0

rez_2

0.8
2
> 0.6
[ 0.4— o
» AUC=0.74

0.2 95Cl: 0.69-0.79

p=0.0001
0.0

| T T T T |
0.0 0.2 04 06 038 1.0

1 - Specificity

Fig. 3 Parameters of the ROC curves of the probabilistic models rez_1 and rez_2 for predicting antiepileptic drug resistance over time,
based on the characteristics of the variables in Table 3.

After simplification, the AErez model is the “successor”
of models rez_1 and rez_2, which was developed with con-
sideration of the findings made based on the information in
Table 3. A mandatory parameter in the model was the annual

frequency of epileptic seizures. A frequency of 20 or more ep-
ileptic seizures per month was proposed, somewhat empir-
ically, as a condition for including the variable in the model.
Thus, the AErez model is presented in formula (2 and 3).

e'**+DEP™"* 4+ RMN ™% +FREQ ™™™

P(AErez) =

3.19+0.81+0.40+0.99

P(AErez) = 1+(5.39)

So, according to the AErez model, patients with epilepsy
who suffer from depression and have a brain lesion on MRI
imaging, who have, for example, 20 or more epileptic seizures
per week, have an 84% probability of developing a treat-
ment-resistant form of epilepsy. In other words, patients who
have all of the above characteristics will have at least (0.84 /
1-0.84) 5.3 times more frequent treatment-resistant epilepsy
than patients who do not have these characteristics.

Discussions

A PubMed search on predictive models (of any kind) in
epilepsy (any category), covering the period 1975-2022,

=0.84

1+(e**® +DEP~ 22 +RMN O3+ FREQ ~00%) (2)

(3)

returned 2821 results based on the keywords “predictive
models”, “outcome prediction”, “epilepsy”. An exponen-
tial increase in the number of publications selected by the
search engine based on these keywords began to emerge
after 2010 (86 publications per year), reaching 355 pub-
lications in 2022. A search by restriction criteria (articles
in extenso, published between the years 2012-2022, in En-
glish, that directly address the topic of predictive models in
epilepsy), led to a final list of 25 publications, which have
been analyzed and systematized in this section.

In adults, the rate of resistance is about 4% per year.
In the study group, the rate of resistance, expressed as the
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total number of episodes observed during the 4 visits, was
107 episodes per 462 patient-visits (23.1%), which is an ex-
tremely high rate. In this context, the identification of clini-
cal predictors, framed in a mathematical model, is particu-
larly motivating and important.

Prediction models have long been used as clinical deci-
sion support (CDS) tools in medical practice. CDS is a com-
plex term that encompasses a variety of tools designed to
assist clinicians in their workflow and improve patient out-
comes. Established examples include alert systems, com-
puterized ECG interpretation, automated dose adjustment
assistance for patients with renal failure, diagnostic tools,
and models that can aid decision making (e.g., medication
choice) and outcome prediction [13]. However, the data rev-
olution in medicine and science is spurring increased inter-
estin CDS and personalized prediction.

Unlike traditional approaches, which rely on the as-
sumption of a data model, algorithms developed by ma-
chine learning (ML) models are retrieved directly from
data [14].

Examples of ML models include decision trees (a deci-
sion tree is a type of supervised machine learning used to
classify or make predictions based on how a previous set of
questions was answered; the model is a form of supervised
learning, meaning that the model is trained and tested on
a data set containing the desired categorization), support
vector machine (SVM), k-nearest neighbor algorithm, ran-
dom forests study method, artificial neural networks, and
K-means. Machine learning models are divided into su-
pervised learning and unsupervised learning. Supervised
learning involves “training” ML algorithms on datasets con-
sisting of inputs (or features) and “labeling” outputs. Unsu-
pervised learning does not use labeled data, but attempts to
extract underlying patterns from a dataset [13]. To calculate
prognosis, numerical values are often simplified as categor-
ical variables, and the weight given to predictive factors is
rounded to integers and only a limited subset of variables
can be included in the prognostic index. ML is a branch of
artificial intelligence, which is entering the clinical research
field at an increasing pace. ML allows digital algorithms to
learn from experience without being explicitly programmed
to do so [15].

In the study by Lamberink H. (2017) [16], it was out-
lined that the strongest predictors included in nomograms
for crisis recurrence were: duration of epilepsy, duration of
seizure-free interval, age at seizure onset, history of febrile
seizures, ten or more seizures before remission, absence
of a self-limited epilepsy syndrome (such as, absence or
Rolandic epilepsy, or Panayiotopoulos syndrome), intelli-
gence quotient (I1Q) below 70, and epileptiform abnormali-
ty on EEG before discontinuation of antiepileptic drugs. To
predict long-term seizure outcome, the eight independent
predictors selected were: duration of epilepsy, duration of
seizure-free interval, number of antiepileptic drugs before
discontinuation, female gender, family history of epilepsy
in first- or second-degree relatives, ten or more seizures
before remission, presence of focal seizures, and epilepti-
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form abnormality on EEG before discontinuation of antie-
pileptic drugs. Validation, or assessing how well a predic-
tion works on data other than that on which the model was
built, is arguably the most important issue in prognostic
modelling.

Comparing with accessible scientific evidence, it was
found that a number of common parameters were found
in the own models developed, reported by a number of
authors - namely, (early) age, drop-out from antiepileptic
treatments, EEG abnormalities, structural abnormalities
on MRI. However, the investigated cohort (patients of re-
productive age) has not been mentioned in predictive mod-
els in the literature. Also, for the first time, attention was
paid to depression - a symptom frequently encountered in
reproductive age patients with epilepsy, which contributes
significantly to the increased likelihood of an adverse out-
come scenario.

Finally, it is found that in predictive models, based on
clinical indicators (“categorical data”), taking into account
the contribution to accuracy of the interactions between 2
and/or 3 parameters, added to the contribution given by
the sum of the results of the individual variables is not so
relevant for clinical practice, brings unnecessary complex-
ity and decreases the clinical practice adoption medical
practitioners. It is therefore recommended to use the devel-
oped simplified models.

Future studies are needed to build a model that is ap-
plicable to a wider range of patients with epilepsy, which
will provide an easier, faster and more reliable method to
predict the risk of antiepileptic drug resistance.

Conclusions

The predictive model developed (AErez), based on 3
parameters (depressive state, annual frequency of sei-
zures, presence of brain lesions on MRI) has a positive
predictive value of 83%, negative of 62%, with an area
under the ROC curve of 0.72 (95%CI = 0.56 to 0.88) and
a probability of event occurrence of 96%. Depressed pa-
tients with documented structural lesions on MRI and a
high frequency of epileptic seizures have a progressive,
significant (5.3-24.0-fold) risk of developing resistance
to antiepileptic drugs.
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