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AbstrACt
background This study aimed to develop a risk 
prediction model based on association rule mining to 
predict recurrent febrile seizures (RFS).
Methods This is a retrospective observational study 
that examined the medical records of 105 children who 
were followed up with febrile seizure (FS) in a tertiary 
paediatric emergency department between October 2022 
and December 2023. Children were divided into RFS and 
simple FS groups. RFS was defined as seizures occurring 
more than once within 24 hours of the first FS in the same 
febrile illness. Risk factors associated with RFS were 
determined by univariate and multivariate analyses. χ2, 
Mann- Whitney U, receiver operating characteristics (ROC), 
multiple logistic regression and Classification Based on 
Association Rules Algorithm (CBA) analyses were applied 
to the dataset to obtain high- level outputs.
results RFS was detected in 32 out of 105 cases 
with FS (30.5%). Potential risk factors contributing to 
the development of RFS were seizure duration, number 
of recurrent seizures, family history, body temperature, 
time from fever onset to seizure, time from seizure onset 
to arrival at the emergency department, hyponatraemia, 
osmotic pressure and low haemoglobin level. The CBA 
algorithm obtained a total of 11 classification rules for 
the two patient groups. Additionally, the cut- off values 
obtained from CBA and ROC analysis showed satisfactory 
consistency. The CBA model achieved 97% overall 
accuracy classification performance.
Conclusion The developed CBA model shows good 
predictive ability for RFS. The relevant model can be used 
as a risk estimation tool to identify children at risk of 
developing RFS.

IntroduCtIon
Febrile seizures (FS) are the most common 
seizure type in childhood and usually occur 
in children between the ages of 6 months and 
5 years.1 The prevalence of FS in the USA 
and Western Europe is 2%–5%, but in Japan 
and Korea it is reported to be 6%–11%.1–4 
Seizures occurring more than once within 24 
hours of the first FS during the same febrile 
illness are defined as recurrent FS (RFS).5 
This subgroup accounts for approximately 
14%–24% of patients with FS.5–12

There are three concerns regarding RFS 
in the emergency department (ED): First, 
whether the fever is due to a serious illness 
such as bacterial meningitis or acute enceph-
alitis; second, whether the seizure is the onset 
of epilepsy and will recur in the future; and 
third, the possibility of a new seizure occurring 
during the same illness process.11 12 Following 
publication of guidelines by the American 
Academy of Pediatrics, children with FS have 
observed significant reductions in diagnostic 
testing, hospitalisations and healthcare costs 
without delay in the diagnosis of bacterial 
meningitis.13 14 Additionally, since the intro-
duction of Haemophilus influenzae type b and 
pneumococcal vaccines, the proportion of 
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patients diagnosed with bacterial meningitis in complex 
FS (CFS) (0.3%–0.7%) and the frequency of seizure 
recurrence during hospitalisation (3.8%) have decreased 
significantly.15–17 In Japan, FS recurrence occurred in 
16% of children with FS within 24 hours. The majority of 
seizure recurrences (82%) occurred within 8 hours of the 
initial seizure. This was found to be related to diazepam 
administration and a family history of FSs.17 Short- term 
FSs are not considered to increase the risk of neurological 
or cognitive impairment, but there is a small increased 
risk of developing afebrile seizures.18 The incidence of 
future epilepsy in children with CFS has been reported to 
be approximately 6%–8%. The risk of epilepsy is higher 
in focal features (6.3%) and prolonged seizures (29.4%). 
However, the risk of future epilepsy is lowest in seizures 
that recur within 24 hours (3.6%).19

The importance of accurate diagnosis in medical 
science necessitates the effective use of the rich wealth of 
information in databases. In this context, data mining is 
a powerful tool used to reveal hidden relationships and 
patterns by deeply analysing medical data. In particular, 
association rule mining is a frequently preferred method 
for discovering connections between items in large data-
sets.20 21 Association rules specify conditions that are 
frequently observed together in a given dataset. Inferred 
rules explain the existence of certain features based on 
other features.22 23 The Apriori algorithm is a frequently 
used method in the field of association rule mining and 
detects frequent item clusters in the dataset by deter-
mining certain support and confidence thresholds. This 
algorithm contributes to a deeper understanding of 
medical data by ensuring that the results obtained are 
interpretable and understandable.24 In the field of paedi-
atrics, the Classification Based on Association Rules Algo-
rithm (CBA) has been used to develop various prediction 
models, helping to achieve important goals such as early 
diagnosis of diseases and optimisation of treatment 
processes.25–27

This study aimed to develop a risk prediction model 
for FS recurrence in children by generating well- defined 
rules based on association rule mining. The rules 
obtained from the CBA model may provide clinicians 
with an easily interpretable/applicable decision support 
system to estimate the risk of RFS.

MAtErIALs And MEtHods
study design and participants
Medical records of patients aged 6–60 months hospi-
talised with FS at a tertiary university hospital between 
October 2022 and December 2023 were retrospectively 
examined.

Inclusion criteria: (1) children aged 6 months to 5 
years who met the criteria defined for FS and (2) hospi-
talisation of at least 24 hours

Exclusion criteria: (1) children with previous FSs 
and unprovoked seizures, (2) patients diagnosed with 
epilepsy, (3) having seizures due to central nervous 

system infection, gastroenteritis and congenital metabolic 
diseases, (4) patients with previous diagnoses such as 
genetic abnormality, head trauma, brain tumour, hydro-
cephalus, intracranial haemorrhage, developmental 
delay and cerebral palsy, (5) patients with incomplete 
medical records (demographic, clinical and laboratory) 
and (6) children referred from the primary care centre 
following a second seizure episode or children of parents 
who were brought to the ED following the second seizure 
episode were not included in the study.

Data on seizure types, duration of the first seizure, 
and the time from seizure to arrival at the ED were 
determined from interviews with parents and/or phone 
camera recordings.

Patient and public involvement
Patients and/or the public were not involved in the 
design, or conduct, or reporting, or dissemination plans 
of this research.

definitions
Simple FS (SFS), in accordance with the definitions 
established by the International League Against Epilepsy, 
was defined as a brief generalised seizure lasting<15 min, 
not recurring within 24 hours, occurring during a febrile 
attack not caused by acute nervous system disease in a 
child between the ages of 6 months and 5 years without 
neurological deficits.28

CFS was defined as a focal or generalised and prolonged 
seizure lasting>15 min, recurring more than once within 
24 hours and/or associated with post- seizure neurolog-
ical abnormalities, more often post- seizure paralysis.28

RFS was defined as seizures occurring more than once 
within 24 hours during the same febrile illness.5 11

data collection
Patient data were obtained from medical records and 
recorded on a data collection form. (1) Demographic 
information (patient age (months), gender, family 
history of FS, neurodevelopmental assessment), (2) 
characteristics of FS (body temperature before or imme-
diately after the FS attack, FS duration, time from fever 
onset to FS, time from seizure onset to reaching ED, FS 
type, number of FS recurrences in 24 hours), (3) labora-
tory parameters at admission (white blood cells, neutro-
phils, lymphocytes, platelets, neutrophil–lymphocyte 
ratio (NLR), platelet–lymphocyte ratio, mean platelet 
volume–platelet count ratio, systemic immune inflam-
mation index, haemoglobin, C- reactive protein, serum 
glucose, serum sodium, calculated osmotic pressure, 
magnesium) were collected. Osmotic pressure was calcu-
lated using the formula: osmotic pressure (mOsm/kg 
H2O) = sodium (mEq/L) × 2 + glucose (mg/dL)/18+-
blood urea nitrogen (mg/dL)/2.8.29

statistical analysis
In this study, to obtain outputs with a high level of 
evidence, χ2, Mann- Whitney U, receiver operating char-
acteristics (ROC), multiple logistic regression and CBA 
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Table 1 Cross table including distribution of some qualitative independent features in terms of febrile seizure types

Features* Categories

Types of febrile seizure

Total
(n=105) χ2 statistics P value

Simple febrile
seizure (n=73)

Recurrent febrile
seizure (n=32)

Gender Girl 32a (43.80) 17a (53.10) 49 (46.70) 0.443 0.506†

Boy 41a (56.20) 15a (46.90) 56 (53.30)

Duration of the 
first seizure 
(min)

≤1 55a (75.34) 0b (0.00) 55 (52.38) 63.67 <0.001‡

>1 to <3 13a (17.81) 9a (28.13) 22 (20.95)

≥3 to <5 5a (6.85) 11b (34.38) 16 (15.24)

≥5 to <10 0a (0.00) 7b (21.88) 7 (6.67)

≥10 to 15 0a (0.00) 5b (15.60) 5 (4.80)

Number 
of seizure 
recurrences 
within 24 hours

1 73a (100.00) 0b (0.00) 73 (69.52) 105 <0.001‡

2 0a (0.00) 23b (71.88) 23 (21.90)

3 0a (0.00) 7b (21.88) 7 (6.67)

4 0a (0.00) 2b (6.25) 2 (1.90)

Family history 
of febrile seizure 
in first- degree 
relatives

No 57a (78.08) 14b (43.75) 71 (67.62) 14.2 0.001‡

Febrile seizure 16a (21.92) 16b (50.00) 32 (30.48)

Epilepsy 0a (0.00) 2b (6.25) 2 (1.90)

Total 73 (100.00) 32 (100.00) 105 (100.00)

P values which are≤0.05 are reported in bold.
a,b ‘Each superscript indicates a subset of febrile seizure categories whose column proportions are not significantly different’.
*The features are summarised as frequency (column per cent).
†Pearson χ2 with Yates’ continuity correction.
‡Pearson χ2 (exact).

analyses were applied to the dataset, respectively. The 
statistical analysis stage is presented under four subtitles.

A priori power analysis
A priori power analysis for detecting minimum sample 
size was performed based on the findings from the paper. 
In this context, the minimum sample size required to 
detect a significant difference using ROC analysis should 
be at least 52 in the control group and 11 in the case 
group (63 in total), considering type I error (alpha) of 
0.05, power (1- beta) of 0.8, allocation ratio with 4.66 
and difference of area under the curve (AUC) values 
(between observed AUC value and null hypothesis AUC 
value (0.50) 0.2672). The relevant calculation was made 
using the WSSPAS: Web- Based Sample Size and Power 
Analysis Software tool developed by Inonu University 
Faculty of Medicine, Department of Biostatistics and 
Medical Informatics.30

univariate statistical analysis
The features used in this research were expressed with 
mean, SD, median, minimum and maximum values, 
frequency and percentage according to measurement 
levels. The evaluation of normality for quantitative 
features was achieved by the Shapiro- Wilk test. For quanti-
tative features, to examine significant differences between 
FS groups, the Mann- Whitney U test was performed. 
For qualitative features, Pearson’s χ2 and Yates’ χ2 with 
continuity correction tests were used where appropriate. 

Comparisons of column proportions of FS types in terms 
of each category of row variables were performed with 
the Two- Proportions Z- Test. A series of ROC analyses 
were performed to select optimal cut- off values based on 
the balance between sensitivity and specificity metrics. 
Youden index was used to specify optimal cut- off values. 
Boxplots were generated to demonstrate the distribution 
of the relevant quantitative features. p≤0.05 was accepted 
as the statistical significance level.

Multivariate statistical analysis
To model the relationship between prognostic features 
and FS groups, multiple logistic regression analysis 
(MLRA) was performed. The Hosmer- Lemeshow test 
was employed to evaluate goodness of data- model fit. To 
select the best subset of features, the forward selection 
technique was used where feature removal was based on 
Wald statistics. The interpretations of the statistical rela-
tionship between FS types and relevant features were 
achieved by OR statistics.

In addition to multiple logistic regression, the CBA 
was used to provide an additional explainable perspec-
tive on prognostic features used to classify FS types.31 
CBA uses the knowledge embedded in association rules 
to enhance the classification process. Association rule 
mining is a technique in data mining used to discover 
interesting relationships or associations among a set of 
items in datasets. To mine classification rules, the Apriori 
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Table 2 The distributions of quantitative independent features in terms of febrile seizure types

Features*

Types of febrile seizure

Total (n=105) P value†
Simple febrile seizure 
(n=73)

Recurrent febrile seizure 
(n=32)

Age (months) 23.78±13.45 | 21 (6–56) 27.25±12.86 | 26.5 (9–56) 24.84±13.31 | 24 (6–56) 0.131

Body temperature (°C) 39.3±0.76 | 39 (38–41) 38.47±0.63 | 38.5 (37.3–40) 39.05±0.82 | 38.9 (37.3–
41)

<0.001

Time from onset of fever to 
seizure (hours)

4.38±1.17 | 4 (3–8) 12.91±5.51 | 12 (4–22) 6.98±5.05 | 5 (3–22) <0.001

Time from onset of seizure to 
arrival at the ED (min)

33.63±4.03 | 34 (25–41) 36.16±5.22 | 37 (14–42) 34.4±4.56 | 35 (14–42) 0.001

Calculated osmotic pressure 
(mOsm/kg water)

287.68±5.06 | 286.4 
(277.81–298)

281.05±5.97 | 280.39 
(273.42–304.18)

285.66±6.15 | 285.2 
(273.42–304.18)

<0.001

Systemic immune- inflammation 
index

728.4±754.63 | 440.73 
(21.88–3682.68)

730.71±778.75 | 536.59 
(117.48–4563.75)

729.1±758.3 | 473.99 
(21.88–4563.75)

0.473

Mean platelet volume to platelet 
count ratio

9.55±0.88 | 9.6 (7.5–11.6) 9.54±0.92 | 9.2 (8.2–11.3) 9.55±0.89 | 9.5 (7.5–11.6) 0.725

Neutrophil to lymphocyte ratio 2.24±1.96 | 1.51 (0.24–
12.32)

2.22±1.57 | 1.81 (0.23–7.8) 2.23±1.84 | 1.73 (0.23–
12.32)

0.549

Platelet to lymphocyte ratio 89.74±47.92 | 79.58 (9.39–
249.17)

100.82±72.82 | 84.34 
(39.71–375)

93.11±56.54 | 81.09 
(9.39–375)

0.749

C- reactive protein (mg/dL) 17.15±25.91 | 6.2 (3.02–
150)

21.77±26.17 | 8.32 (3.1–
104)

18.56±25.95 | 7.03 (3.02–
150)

0.346

White blood cells (×109 /L) 12.98±6.68 | 11.28 (4.8–
32.61)

12.21±4.24 | 11.59 (5.84–
23.22)

12.74±6.03 | 11.28 (4.8–
32.61)

0.821

Neutrophils (%) 7.5±5.57 | 5.43 (1.06–
23.98)

7.11±3.51 | 6.23 (2.31–
17.19)

7.38±5.02 | 5.66 (1.06–
23.98)

0.446

Lymphocytes (%) 4.12±2.06 | 3.55 (1.1–9.81) 3.95±1.78 | 3.73 (0.75–9.91) 4.07±1.97 | 3.57 (0.75–
9.91)

0.944

Platelets (×109 /L) 303.95±109.1 | 299 
(43–625)

324.59±108.13 | 317.5 
(147–585)

310.24±108.7 | 306 
(43–625)

0.495

Red blood cell distribution 
width (%)

14.25±1.76 | 13.7 (12.1–
21)

14.71±2.78 | 14.3 (4.8–21.2) 14.39±2.12 | 13.9 (4.8–
21.2)

0.097

Haemoglobin (g/L) 118.8±11.5 | 117 (89–158) 112.6±12.4 | 112.5 (84–148) 116.9±12.1 | 116 (84–158) 0.029

Glucose (mg/dL) 113.41±31.52 | 106 
(67–195)

110.09±36.05 | 99 (37–248) 112.4±32.82 | 104 (37–
248)

0.519

Blood urea nitrogen (mg/dL) 22.74±7.77 | 21 (3–45) 24.84±13.79 | 21.5 (12–87) 23.38±9.97 | 21 (3–87) 0.983

Creatinine (mg/dL) 0.46±0.07 | 0.45 (0.32–0.7) 0.46±0.07 | 0.46 (0.34–0.75) 0.46±0.07 | 0.45 (0.32–
0.75)

0.878

Aspartate aminotransferase 
(U/L)

40.41±10.47 | 38 (21–82) 39.88±9.77 | 37.5 (19–75) 40.25±10.22 | 38 (19–82) 0.928

Alanine aminotransferase (U/L) 18.26±11.48 | 15 (8–99) 16±4.46 | 15 (10–32) 17.57±9.91 | 15 (8–99) 0.807

Sodium (mEq/L) 136.63±1.51 | 137 (134–
141)

133.03±1.2 | 133 (131–135) 135.53±2.19 | 136 (131–
141)

<0.001

Potassium (mEq/L) 4.24±0.57 | 4.2 (3.1–5.8) 4.4±0.47 | 4.35 (3.4–5.9) 4.29±0.54 | 4.3 (3.1–5.9) 0.176

Calcium (mg/dL) 9.62±0.55 | 9.6 (8.1–10.8) 9.46±0.42 | 9.5 (8.6–10.4) 9.57±0.52 | 9.5 (8.1–10.8) 0.119

Magnesium (mg/dL) 2.07±0.19 | 2 (1.7–2.5) 2.1±0.23 | 2.1 (1.8–2.9) 2.08±0.2 | 2.1 (1.7–2.9) 0.637

P values which are≤0.05 are reported in bold.
*The features are summarised as mean±SD and median (min–max).
†Mann- Whitney U test.
ED, emergency department.
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Table 3 The detailed ROC analysis results for significant quantitative features

Feature Cut- off value

Metrics with 95% CI

P value*AUC Sensitivity Specificity

Serum sodium ≤134.5 (mEq/L) 0.972 (0.948 to 0.995) 0.875 (0.71 to 0.965) 0.932 (0.847 to 0.977) <0.001

Body temperature ≤38.65 (°C) 0.793 (0.699 to 0.886) 0.656 (0.468 to 0.814) 0.781 (0.669 to 0.869) <0.001

Haemoglobin ≤123.5 (g/L) 0.634 (0.518 to 0.749) 0.938 (0.792 to 0.992) 0.343 (0.235 to 0.463) 0.0234

Calculated osmotic 
pressure

≤282.57 (mOsm/
kg water)

0.838 (0.746 to 0.930) 0.75 (0.566 to 0.885) 0.863 (0.762 to 0.932) <0.001

Time from onset of 
fever to seizure

≤7.5 (hours) 0.965 (0.926 to 1.000) 0.875 (0.71 to 0.965) 0.986 (0.926 to 1.000) <0.001

Time from onset of 
seizure to arrival at 
the ED

≤35.5 (min) 0.711 (0.603 to 0.820) 0.656 (0.468 to 0.814) 0.712 (0.594 to 0.812) <0.001

P values which are≤0.05 are reported in bold.
*Calculated p value for AUC.
AUC, area under the curve; ED, emergency department; ROC, receiver operating characteristics.

algorithm was implemented. In the CBA model, in order 
to constitute rule- based patterns based on quantitative 
features for outcome feature, the relevant features must 
be discretised.32 For this purpose, Class- Attribute Contin-
gency Coefficient (CACC) was used as the discretisation 
technique.33

To evaluate the interestingness of the classification 
rules, support and confidence metrics were used. Support 
measures the proportion of instances in the dataset that 
contain the items mentioned in the rule. Confidence 
measures the accuracy of the rule. It is the conditional 
probability of the consequent given the antecedent. The 
formulas of the related metrics given below:

 Classification rule : A → B   

 Support =
Frequency

(
A,B

)
N   

 
Confidence =

Frequency
(
A,B

)
Frequency

(
A
)

  
Accuracy, sensitivity and specificity, metrics were used to 

evaluate the performance of the CBA model in correctly 
classifying examples using learnt rules. Detailed informa-
tion on how to calculate these metrics can be found in 
the paper.34

statistical tools/softwares used
All statistical analyses of this research were performed 
using R (V.4.1.2) software with RStudio (V.2023.06.0) 
integrated development environment. Apart from basic 
analyses, pROC, arulesCBA, arulesViz, visNetwork, 
ggplot2 and ggstatsplot for featured analyses and graphs.

rEsuLts
The results obtained by examining whether there was 
a statistically significant difference between the febrile 
groups in terms of the qualitative and quantitative 
features used in the study are presented in tables 1 and 

2, respectively. According to table 1, there was a statis-
tically significant difference between the FS groups in 
terms of ‘Duration of seizure (min)’, ‘Number of seizure 
recurrent within 24 hours’ and ‘Family history of febrile 
seizure in first degree relatives’ features. According to 
table 2, there was a statistically significant difference 
between the FS groups in terms of body temperature 
(°C), time from onset of fever to seizure (hours), time 
from onset of seizure to arrival at the ED (min), calcu-
lated osmotic pressure (mOsm/kg water), haemoglobin 
(g/L) and sodium (mEq/L). The features presented in 
table 2, which are statistically significant according to the 
Mann- Whitney U test, the boxplot graphs are given as 
merged in online supplemental figure 1.

The detailed outputs of ROC analysis with respect to 
the features which are statistically significant according 
to the Mann- Whitney U test are given in table 3. Addi-
tionally, area under the ROC curve graphs of related 
quantitative features are given as merged in figure 1.

The outputs of the MLRA applied to model the rela-
tionship between the features that were significant 
according to the Mann- Whitney U test and febrile seizure 
groups in order to obtain explainable outputs in terms 
of ORs are presented in table 4. According to table 4, 
Hosmer- Lemeshow results show that the model- data fit 
is significant (p=0.996). Since the forward selection tech-
nique was applied in the relevant MLRA model, only two 
features (body temperature (°C) and sodium (mEq/L)) 
with significant coefficients were observed. ORs for 
these two features were calculated as 0.057 and 0.043, 
respectively.

A total of 11 classification rules were obtained after the 
application of the CBA algorithm are given in table 5. 
While six of the antecedent rules predicted the type of 
febrile seizure as ‘Simple’, the remaining five predicted 
it as ‘Recurrent’. The first column of table 5 shows the 
‘Left hand side rules (antecedent)’. Here are the input 

https://dx.doi.org/10.1136/bmjpo-2024-002908
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Figure 1 Area under the ROC curve analysis results 
(a), Youden index variations by cut- off values (b). AUC, area 
under the curve; ED, emergency department; ROC, receiver 
operating characteristics.

Table 4 Multiple logistic regression analysis results

Goodness of fit statistics Model coefficient’s statistics

Hosmer- Lemeshow test Feature β P value OR (95% CI)

χ2 df p Body temperature (°C) −2.866 0.004 0.057 (0.008 to 0.397)
0.908 7 0.996 Serum sodium (mEq/L) −3.156 0.002 0.043 (0.006 to 0.301)

P values which are ≤0.05 are reported in bold.
df, degree of freedom; β, coefficient.

rules formed by the combination of features discretised 
according to an optimal cut- off point with the CACC 
discretisation method. The second column of table 5 
shows the ‘Right hand side rules (consequent)’. This 
column shows the classification output (SFS or RFS) 
produced from the rules in the first column. For easy 
readability of table 5, feature names are abbreviated and 
explanations of abbreviations are inserted as footnotes to 

table 5. According to table 5, the classification rule with 
the highest support value was:

IF time from onset of fever to seizure = (3–7.5 hours) and 
sodium = (134–141 mEq/L) than FS type = SFS

The confidence value for this rule was 0.985. This 
means that when the rule ‘time from onset of fever to 
seizure’ = (3, 7.5) AND sodium = (134, 141) is satisfied, 
the conditional probability that the FS type is classified as 
‘Simple’ is 0.985. The antecedent rule, had the highest 
support value among the rules whose consequent rule 
was obtained as ‘RFS’. The confidence value for the rele-
vant classification rule is calculated as 1.

IF time from onset of fever to seizure = (7.5–22 hours) and 
sodium = (131–134 mEq/L) than FS type = RFS

In online supplemental figure 2, the network visualisa-
tion of classification- based association rules generated by 
CBA is presented.

Based on the learnt classification rules, FS type was 
predicted for each instance by applying the CBA model 
to the entire dataset. The results are shown in table 6. 
According to table 6, the CBA model correctly classified 
102 instances and misclassified 3 instances. The metrics 
used to measure the classification performance of the 
CBA model and the values calculated for these metrics 
are given in table 7.

When tables 6 and 7 are considered together, it is 
observed that the CBA model misclassified 2 out of 105 
samples, resulting in a model classification accuracy of 
97%. Three observations were predicted as SFS by the 
model although they were actually classified as RFS. 
Therefore, the sensitivity value of the model was calcu-
lated as 91%. Since all SFS samples were correctly classi-
fied, the specificity value was calculated as 100%.

dIsCussIon
The study aimed to develop a CBA model that predicts 
the risk of developing RFS in children with FSs. Univar-
iate analyses identified potential risk factors associated 
with the development of RFS, including seizure dura-
tion, number of recurrent seizures within 24 hours, 
family history, body temperature, time from fever onset 
to seizure, time from seizure onset to ED arrival, hypon-
atraemia, osmotic pressure and low haemoglobin. A 
total of 11 classification rules were obtained for the two 
patient groups as a result of the application of the CBA 
algorithm. The CBA model achieved 97% accuracy in 

https://dx.doi.org/10.1136/bmjpo-2024-002908
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Table 5 The generated classification rules by CBA algorithm

Left hand side rules
(antecedent)

Right hand side rule
(consequent) Support Confidence

Frequency of 
the rule

TFS=(3, 7.5) and Na=(134, 141) Simple febrile seizure 0.629 0.985 66

TFS=(3, 7.5) and TSED=(14, 35.5) and 
Na=(134, 141)

Simple febrile seizure 0.457 1 48

TFS=(3, 7.5) and Hb=(101, 119) and 
Na=(134, 141)

Simple febrile seizure 0.381 1 40

BT=(39.5, 41) and TFS=(3, 7.5) Simple febrile seizure 0.295 1 31

BT=(39.5, 41) and Na=(134, 141) Simple febrile seizure 0.276 1 29

TFS=(3, 7.5) and Hb=(124, 158) Simple febrile seizure 0.219 1 23

TFS=(7.5, 22) and Na=(131, 134) Recurrent febrile seizure 0.219 1 23

TFS=(7.5, 22) and TSED=(35.5, 42) Recurrent febrile seizure 0.162 1 17

TFS=(7.5, 22) and Hb=(101, 119) Recurrent febrile seizure 0.124 1 13

BT=(37.3, 38.3) and TFS=(7.5, 22) Recurrent febrile seizure 0.114 1 12

BT=(37.3, 38.3) and Na=(131, 134) Recurrent febrile seizure 0.105 1 11

BT, body temperature (°C); CBA, Classification Based on Association Rules Algorithm; Hb, haemoglobin (g/L); Na, sodium (mEq/L); TFS, time 
from onset of fever to seizure (hours); TSED, time from onset of seizure to arrival at the emergency department (min).

Table 6 The confusion matrix for the CBA model

Model prediction

Actual classes

Total

Simple 
febrile 
seizure

Recurrent 
febrile 
seizure

Simple febrile 73 3 76

Seizure

Recurrent febrile 0 29 29

Seizure

Total 73 32 105

CBA, Classification Based on Association Rules Algorithm.

Table 7 The classification performance of the CBA model

Metric Value (95% CI)

Accuracy 0.97 (0.92 to 0.99)

Sensitivity 0.91 (0.75 to 0.98)

Specificity 1.00 (0.95 to 1.00)

CBA, Classification Based on Association Rules Algorithm.

overall classification performance, which shows that CBA 
has good predictive ability. Well- defined rules derived 
from this model may provide clinicians with an easily 
interpretable/applicable decision support system to esti-
mate the risk of RFS.

In the present study, multiple predictors were iden-
tified indicating the multifactorial aetiology of RFS. 
Considering the results of univariate analyses, a statis-
tically significant difference was observed among FS 
subtypes for seizure duration, number of seizures, 
family history, body temperature, time from fever onset 
to seizure, time from seizure onset to arrival at the ED, 
calculated osmotic pressure, haemoglobin and sodium 
variables. ROC analysis was applied to measure the ability 
of quantitative variables to distinguish FS groups and to 
determine threshold values for the variables in question. 
The results of the ROC analysis showed that the calcu-
lated AUC values were statistically significant. Serum 
sodium and time from fever onset to seizure variables 
have the two highest AUC values. Looking at the MLRA 

results, the number of predictors included in the model 
is only two. This is because of the stepwise model selec-
tion approach used to improve the predictive perfor-
mance of the model. When the findings obtained here 
were evaluated, it was seen that each one- unit increase in 
body temperature and serum sodium predictors reduced 
the risk of RFS by 83.5% (OR=0.057, p=0.004) and 76.8% 
(OR=0.043, p=0.002), respectively.

The CBA model was used to classify FS subtypes and 
obtain interpretable rule patterns. The CBA model deter-
mined six rules for SFS and five rules for RFS to classify FS 
subtypes based on the data. Considering the classification 
performance obtained from these rules, it was seen that 
the CBA model misclassified only three children with SFS. 
When the rules produced to predict RFS were evaluated, 
it was seen that the rule patterns mostly included the time 
from fever onset to seizure, the time from seizure onset 
to arrival at the ED, serum sodium and body tempera-
ture variables. The rules obtained for these estimators 
include certain ranges. In general, the time from fever 
onset to seizure is 7.5–22 hours, serum sodium level is 
131–134 mEq/L and body temperature is 37.3–38.3°C. 
If the time from the beginning of the seizure to arrival at 
the ED is over 35.5 min, the confidence values obtained 
are seen to be 1. This means that when these rules come 
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together, RFS is estimated with 100% probability. When 
the frequencies of the rule patterns are taken into consid-
eration, it is seen that the most repeated rule is the rule 
involving the time from the onset of fever to the seizure 
and the serum sodium level. Considering the haemo-
globin rule, the range determined for the relevant vari-
able (101–119 g/L) is in both SFS and RFS. When the 
relevant rule regarding the time from seizure onset to 
arrival at the ED was examined, the time from fever onset 
to arrival at the seizure was less than 35.5 min, which had 
a high confidence value in predicting SFS. When the 
rules on the RFS side were considered, it was seen that 
the time from seizure onset to arrival at the ED was calcu-
lated as over 35.5 min. This finding allows us to conclude 
that it is completely consistent with the threshold value 
obtained in the ROC analysis for the time from seizure 
onset to arrival at the ED.

It can be seen that in the classification rules obtained 
from the CBA model, cut- off points are also deter-
mined for the variables (table 5). Although these cut- off 
points are compatible with the cut- off points obtained 
by ROC analysis, small differences are observed. This is 
because the CBA model takes other predictor variables 
into account when creating the prediction rules. In this 
context, it can be argued that the cut- off points obtained 
from the CBA model are more valuable than the cut- off 
points obtained from the single ROC analysis.

In the current study, the incidence of RFS was found to 
be 30.5%. This rate is slightly higher than that reported in 
the literature.5–12 Previous studies have identified several 
predictors of RFS, including family history of FS,10 15 
male gender,11 history of recurrent FS,12 time from fever 
onset to seizure,12 lower body temperature,8 11 12 lower 
C- reactive protein and blood glucose levels,8 hypona-
traemia,35 36 non- generalised seizure types and prolonged 
seizure duration.37 However, inconsistencies have been 
observed in these studies. This may be due to the selec-
tion of different sampling frames in determining the 
cohorts used in the studies, as well as the diversity in the 
univariate and multivariate analysis methods used.12

While hyponatraemia was confirmed as a risk factor for 
RFS in the present study,35 36 several studies have reported 
that serum sodium levels do not predict recurrence of 
FS.10 38 The development of hyponatraemia may be due 
to a slight increase in antidiuretic hormone during acute 
fever, infection and resulting fluid retention; relative 
hyponatraemia may lower the fluid threshold, exacer-
bate hyponatraemia and trigger FS.35 This suggests that 
it is not possible to conclude whether RFS affects hypo-
natraemia or hyponatraemia affects RFS. Kubota et al29 
found that the calculated osmotic pressure of children 
with prolonged seizures was significantly higher than that 
of children with simple and multiple seizures during the 
same febrile illness. Andrew39 found that lower osmotic 
pressure contributed to the onset of seizures. The results 
of this study suggest that prolonged seizures may be trig-
gered by other mechanisms. Large multicentre studies 
are needed to evaluate the relationship between osmotic 

pressure and FS. Similar to our study, easily measured 
inflammatory markers, including NLR, were not useful 
for distinguishing between types of FS in children.29 In 
the current study, the risk of RFS was significantly higher 
at lower body temperature, confirming the findings of a 
previous study suggesting that a lower temperature may 
indicate a lower seizure threshold in individuals with 
genetically predisposed brains.40 In addition, when there 
is a history of early recurrence or when the seizure occurs 
with low body temperature, it is recommended that the 
patient be closely monitored for 6–8 hours.12

Limitations
This study has several limitations. First, it is retrospec-
tive, has a relatively small sample size, and is based on a 
dataset collected from a single clinical centre. Second, we 
did not investigate the long- term neurological outcomes 
of patients with RFS, including the subsequent develop-
ment of epilepsy, cognitive impairment or psychiatric 
disorders. However, FS recurrence is not expected to have 
a significant impact on long- term prognosis.18 Finally, 
external validation with datasets from different clinical 
centres is necessary to validate the findings obtained 
from the CBA model.

ConCLusIon
In this study, we developed a CBA model with good 
predictive performance for RFS. This model can be 
used as a risk estimator to identify children at high risk 
of seizure recurrence. Additionally, well- defined rules 
obtained from the model can provide a decision support 
system for clinicians. The established rules can be used 
to generate hypotheses for subsequent studies, which can 
improve evidence- based clinical studies.
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