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Background. There is a narrow therapeutic window for sodium valproate, and the blood concentration is too low to control
epilepsy, while it is easy to poison the body if the concentration is too high. It is therefore necessary to monitor drug concentration
reasonably in order to control epilepsy. The purpose of this study was to establish a model for predicting concentrations of sodium
valproate below 50 yg/mL in children with epilepsy. Methods. The clinical data and biochemical examination results of children
with epilepsy treated in the pediatric outpatient department of our hospital from June 2019 to March 2022 were retrospectively
collected and divided into a development group and a validation group according to a patient ratio of 8 to 2. Five machine learning
algorithms were used to identify the key variable factors, and a risk prediction model for sodium valproate blood concentrations
lower than the standard concentration was established. The area under the curve (AUC), calibration curve, GiViTi calibration
band, and clinical influence curve were used to evaluate the diagnostic efficacy and clinical application value of the model. Results.
A total of 525 children with epilepsy were enrolled. In the development group, the random forest algorithm performed best in
predicting that the blood concentration of sodium valproate was lower than the standard concentration, showing the highest AUC
(1.00). Six factors were determined as a nomogram to predict the incidence of low concentrations. In the validation group and the
development group, the calibration curve, GiViTi calibration band, and clinical influence curve all performed well in the
evaluation of the diagnostic efficacy and clinical application value of the model. Conclusions. This finding highlights the im-
portance of examining biochemical indices in patients when data regarding the blood concentration of sodium valproate are
lacking.

1. Introduction

Epilepsy is a chronic disease of the central nervous system
characterized by recurrent, paroxysmal, and transient dys-
function of the central nervous system caused by the ex-
cessive discharge of neurons in the brain [1]. The prevalence
rate of this disease in children is high, and most of them need

to take antiepileptic drugs for a long time to control or
prevent seizures [2]. Sodium valproate, as a broad-spectrum
antiepileptic drug commonly used in the clinic, is the first-
line therapeutic drug for the treatment of major seizures,
minor seizures, and myoclonic seizures in children with
epilepsy, and it has a remarkable curative effect [3, 4].
However, the blood concentration of valproate should be
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maintained within the effective therapeutic range
(50-100 pyg/mL). Low blood concentrations of sodium val-
proate indicate limited ability to control the disease, and
high blood concentrations can easily lead to intellectual
disability or memory impairment in children. Therefore,
monitoring the blood concentration of sodium valproate is
an effective method to ensure curative effects and safety and
realize individualized treatment [5]. Therefore, this study
adopted a retrospective analysis method to collect and an-
alyze the results of the monitoring of the serum concen-
tration of sodium valproate in children with epilepsy in our
hospital and used a machine learning method to analyze the
relationship between age, sex, dosage form, experimental
examination indices, and blood concentration to provide
a reference for the rational clinical application of sodium
valproate in children with epilepsy.

2. Methods

2.1. Study Design. A retrospective analysis of epileptic
children admitted to the Department of Pediatrics of the
Affiliated Hospital of Chengde Medical University from June
2019 to March 2022 was conducted. The research was ap-
proved by the Ethics Committee of the Affiliated Hospital of
Chengde Medical University (No. LL2020012). The in-
clusion criteria were as follows: (a) children diagnosed with
epilepsy according to the International Anti-Epilepsy Alli-
ance (ILAE) criteria; (b) children with good medication
compliance and stable blood concentration of sodium val-
proate after more than 7 days and with blood samples that
were collected before the last medication to monitor the
valley concentration of sodium valproate; and (c) patients
with complete clinical medical records. In this study,
according to the results of the monitoring of blood drug
concentrations, patients with concentrations below 50 ug/
mL were classified as the nonstandard concentration group,
and patients with levels within the effective concentration
range of 50-100 ug/mL were classified as the standard group.
The exclusion criteria were as follows: (a) patients with
incomplete clinical records; (b) patients not taking medicine
according to the doctor’s advice; (c) patients not reaching
the steady-state blood concentration within 5days after
taking the medicine; (d) patients taking sodium valproate in
the morning and who had blood taken for monitoring; and
(e) patients with blood drug concentrations greater than
100 pg/mL.

The clinical information of the children assessed in-
cluded age, sex, dosage of sodium valproate, dosage form of
sodium valproate, drugs taken in combination, blood
concentration of sodium valproate, and laboratory exami-
nation information (white blood cell count, red blood cell
count, hemoglobin level, hematocrit, platelet count, per-
centage of neutrophils, percentage of lymphocytes, per-
centage of monocytes, percentage of eosinophils, percentage
of basophils, absolute value of neutrophils, absolute value of
lymphocytes, absolute value of monocytes, absolute value of
eosinophils, absolute value of basophils, average volume of
red blood cells, average hemoglobin content, average he-
moglobin concentration, red blood cell distribution width

Journal of Clinical Pharmacy and Therapeutics

coefficient of variation, red blood cell distribution width
standard deviation, average platelet volume, platelet distri-
bution width, large platelet ratio, thrombocytocrit, total
protein, albumin level, total bilirubin level, serum total bile
acid level, glutamic-pyruvic transaminase level, glutamic-
oxaloacetic transaminase level, y-glutamyltransferase level,
alkaline phosphatase level, blood urea nitrogen level, cre-
atinine level, uric acid level, and bicarbonate level). Finally,
the child was asked whether the clinical symptoms of epi-
lepsy were controlled during the treatment with medication.

2.2. Concentration Measurement. All patients reached
a steady state after taking medicine for 7 days. The sample was
obtained from 3 mL of blood collected from the patient before
the last medication. The sample was centrifuged at 3500 r/min
for 5 min, and then 25 yL of serum was taken. Then, a sodium
valproate determination kit from Siemens was used. Finally, the
valley concentration of valproic acid was quantitatively de-
termined by the Siemens ADVIA Centaur CP system.

2.3. Statistical Analysis. Through the CBCgrps package, the
clinical features and experimental data of the nonstandard
concentration group and the standard concentration group
in this study were compared [6]. The average and standard
deviation were used to describe continuous data, and
classified data were recorded as quantity and percentage.
Significance was defined as results with a p value of <0.05.
This study was conducted by Spearman to determine
whether clinical information and outcome were correlated.

Children were randomly divided into a training set
(80%) and a verification set (20%) by the createDataPartition
function in the caret package. If the number of seeds is fixed,
createDataPartition will have random splitting proportional
to the number of outcome variables. The model was de-
veloped using the training set (80% of data) and internally
verified by the verification set (20% of data). Five machine
learning algorithms were used to select key features and
establish risk prediction models: random forest (RF), sup-
port vector machine (SVM), gradient boosting machine
(GBM), generalized linear model (GLM), and neural net-
work (NNET). The machine learning approach utilized R
packages, including “randomForest” and “caret” [7, 8]. To
ensure the data segmentation in modeling and the re-
peatability of machine learning, a fixed seed number was set
when R software was run. It is completed by NNET, GBM,
GBM and GLM, which are all included in the caret package.
It is selected among the four machine learning methods to
run the method parameter in the train function. For other
parameters, defaults are used. A comparison is made be-
tween the results of the above four methods and those of RF.
During this process, in the method used for the random
forest model, repeatedcv was adopted by setting the train
function, performing 5-fold cross-validation, using a re-
peated value of 3, and selecting grid in the search. Other
default values were used. To determine which data analysis
method is most suitable for this study, the following two
results are primarily considered by DALEX package: reverse
cumulative distribution of residual and boxplots of residual.
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As a result of hyperparameter optimization, the fol-
lowing steps are taken. Firstly, the randomForest package
sets the parameters ntree, mtry, and nodesize for the ran-
domForest reference function. Then set mtry from 2 to the
maximum value (the square root of the total number of
dependent variables) by using the tuneGrid function of carte
package. As a result, we obtain the out-of-bag (OOB) es-
timate of error rate. After determining the main risk factors
that affected low blood drug concentration by machine
learning, the variance inflation factor (VIF) was used to
exclude the factors with VIF values greater than 10 [9].

Then, using the “rms” package in R software, we
established a nomogram model based on the risk factors
obtained by the selected machine learning candidates to
predict the incidence of nonstandard concentrations in
children. For the dynamic nomogram model, the “dynnom”
R package was adopted [10]. The area under the receiver
operator characteristic (ROC) curve (AUC), calibration
curve, and GiViTi calibration band were used to evaluate the
consistency between our predicted value and the actual value
[11, 12]. Decision curve analysis (DCA) was performed, and
a clinical influence curve was drawn to evaluate whether the
decision based on this model is beneficial to patients [13].
The model was verified using 20% of the data. The variables
used in the validation data were those that were previously
identified in the modeling group. The method used to
evaluate the validation data was the same as that used to
evaluate the model data. R software version 4.0.2 was used
for all statistical analyses.

3. Results

3.1. Characteristics of Patients with Childhood Epilepsy.
First, 748 patients with blood concentrations of sodium
valproate were identified, and 571 patients remained after
removing the data of 177 patients with incomplete clinical
data. Then, 46 patients with blood concentrations of sodium
valproate greater than 100 yg/mL were excluded. According
to the range of the blood concentration of sodium valproate,
525 children were divided into two groups: standard con-
centration group (n=377) and low concentration group
(n=148) (see Table S1). Among the 525 patients in the study,
49 independent variables were taken into account. An
analysis of Spearman correlation found 18 independent
variables correlated with outcome groups (p < 0.05). There
are eight independent variables (dosage, percentage of
lymphocytes, percentage of monocytes, average volume of
red blood cells, average hemoglobin content, glutamic
pyruvic transaminase, glutamic oxaloacetic transaminase,
and y-glutamyltransferase) that are positively correlated
with the outcome and ten independent variables (carba-
mazepine, red blood cell count, hemoglobin, hematocrit,
platelet count, percentage of neutrophils, absolute value of
neutrophils, thrombocytocrit, total protein, and alkaline
phosphatase) that are negatively correlated with it (Figure 1).

Finally, a total of 525 cases were selected, among which
421 and 104 patients were divided into a development group
and verification group, respectively. Based on the data
randomly partitioned by the createDataPartition function,

the proportion of individuals with standard concentration to
those with low concentration remains approximately 7:3 in
both the development group and the verification group.
Furthermore, the ratio of standard concentration to low
concentration in this partitioned dataset closely aligns with
the ratio observed in the undivided total grouping. A total of
29% of children with epilepsy had a blood concentration of
sodium valproate lower than the standard concentration in
the development group, and the value was 23% in the
verification group. Table S2 lists the laboratory examination
results and demographic characteristics of the patients in
this study. There was no significant difference in the baseline
characteristics or intraoperative variables between the de-
velopment group and the verification group (except in red
blood cell count). Based on these, it seems reasonable and
analytical to split data randomly. There was a statistically
significant difference between the two groups in the time the
patients took the medicine to the time of the hospital ex-
amination, regardless of whether the epileptic symptoms of
patients were controlled (p =0.04). The average drug
concentration in blood in the children with controlled
symptoms was 60.11 (47.29, 72.59), while that in children
with uncontrolled epilepsy was slightly higher, with an
average drug concentration in blood of 67.61 (52.31, 78.03).

3.2. Development of Machine Learning Algorithms. We
established RF, SVM, GBM, GLM, and NNET and selected
potential factors from 49 variables to predict the occurrence
of valproate plasma concentrations below the standard
concentration. “Reverse cumulative distribution of residual”
(Figure 2(a)) and “boxplots of residual” (Figure 2(b)) both
reveal that the RF model exhibited the smallest residuals. The
residual error of most samples in the model is relatively
small, which indicates that the model is good. Therefore, the
RF model is considered the best model for predicting the
occurrence of sodium valproate blood concentrations lower
than the standard concentration. The number of variables
used was as small as possible, and the out-of-band error was
as low as possible. The hyperparameter optimization was
carried out to improve the prediction performance of the RF
model by setting the mtry parameter from 2 to 7, ntree to
3000, and nodesize to 5. Last but not least, when ntree equals
500 and mtry equals 4, OOB estimate of error rate is 27.1%.
As shown in the diagram illustrating the relationship be-
tween the model error and the number of decision trees, we
selected 3000 trees as the parameters of the final model,
which indicates the stability error in the model (Figure 3(a)).

After sorting these variables in RF according to their
importance, we visualized 30 variables (Figure 3(b)).
However, the top 10 (y-glutamyltransferase level, red blood
cell count, alkaline phosphatase level, platelet count, per-
centage of lymphocytes, red blood cell distribution width
standard deviation, dose, blood urea nitrogen level, per-
centage of neutrophils, and thrombocytocrit) of the 30
variables were selected as the candidate factors. The mul-
ticollinearity test of these 10 factors showed that the VIF of
each factor was less than 10 when six of the current factors
were included. Finally, an ROC curve was drawn to evaluate
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FIGURE 1: Analysis of the correlation between the independent variables and the outcome.

the model, and the AUC value of the ROC curve also showed
that the RF model had higher accuracy than that of the other
models (Figure 3(a)). In comparison of the AUC achieved
using the five algorithms, the AUC achieved using RF and
SVM (Z=5.17, p<0.001) further illustrated the superiority
of the RF model. Table 1 shows the evaluation index of
machine learning methods, indicating that RF is the best.

3.3. Establishment and Verification of the Nomogram. In the
development group, a nomogram based on 6 candidate
variables was generated by using the “rms” package in R to
predict the incidence of valproate plasma concentrations
lower than the standard concentration (Figure 4(c)). The
calibration curve revealed the predictability of the nomo-
gram model (Figure 5(a)). The GiViTi calibration band
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to 0.6, indicating that the decision made based on the  ability of the nomogram model was very significant
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TaBLE 1: Forecast results for development group and validation group of machine learning algorithms.
Sen Spe TP FN FP TN Accuracy Precision Recall F1 score
Development group (standard/low = 297/124)
RF 1.00 1.00 124 0 0 297 1.00 1.00 1.00 1.00
SVM 0.806 0.771 96 28 58 239 0.796 0.623 0.774 0.691
GLM 0.718 0.636 79 45 84 213 0.694 0.485 0.637 0.551
GBM 0.734 0.815 101 23 79 218 0.758 0.561 0.815 0.664
NNET 1.00 0.24 3 121 0 297 0.713 1.000 0.024 0.047
Validation group (standard/low = 80/24)
RF 1.00 1.00 24 0 0 80 1.00 1.00 1.00 1.00
SVM 0.958 0.912 23 1 7 73 0.923 0.767 0.958 0.852
GLM 0.667 0.662 16 8 27 53 0.663 0.372 0.667 0.478
GBM 0.833 0.737 20 4 21 59 0.760 0.488 0.833 0.615
NNET 0.625 0.612 15 9 31 49 0.615 0.326 0.625 0.429

RF: random forest; SVM: support vector machine; GBM: gradient boosting machine; GLM: generalized linear model; NNET: neural network; Sen: sensitivity;
Spe: specificity; TP: true positive; FN: false negative; FP: false positive; TN: true negative.

(Figure 5(d)). To provide a tool for real-time prediction,
a dynamic nomogram was used in this study to demonstrate
the performance of these six variables (y-glutamyltransferase
level, red blood cell count, alkaline phosphatase level,
platelet count, percentage of lymphocytes, and red blood cell
distribution width standard deviation) in predicting a low
concentration of sodium valproate in blood (Figure S1).

We used 104 patients to further verify the above model.
The AUC of RF in the verification group was more accurate
than that of the other algorithms (Figure 4(b)). The cali-
bration curve and GiViTi calibration band showed that the
model was good in the validation group (Figure 4). The red
line in the DCA curve remained above the gray line, and the
black line was located from 0.01 to 0.31, indicating that the
decision made based on the nomogram model may be
beneficial to the prediction of concentrations below the
standard level (Figure 5(g)). The clinical influence curve
showed that the predictive ability of the nomogram model
was also good in the validation group (Figure 5(h)).

4, Discussion

When using the risk prediction models used for children
with epilepsy, the plasma concentration of sodium valproate
is found to be lower than the standard concentration. After
comparing the performance of five machine learning al-
gorithms, we found that the RF prediction model showed the
highest AUC. This result indicates that the baseline char-
acteristics of epileptic children can be used to predict that the
blood concentration of valproate is lower than the standard
concentration. In addition, among the 50 variables included
in this study, the nomogram of the 6 factors (y-glutamyl-
transferase level, red blood cell count, alkaline phosphatase
level, platelet count, percentage of lymphocytes, and red
blood cell distribution width standard deviation) based on
the RF algorithm was developed to predict that the blood
concentration of sodium valproate was lower than the
standard concentration. The first five independent variables
are associated with the outcome (p <0.05). Because the
detection of drug concentrations in blood cannot be com-
pleted in every hospital, experimental results are difficult to

obtain. Therefore, the nomogram of these 6 indicators is
a simple and practical risk calculator for clinicians. The
clinical application value of the top 6 factors was proven by
DCA and the GiViTi calibration band. In addition, in the
verification group of 104 patients, the RF model results
further reflected the above results.

In this study, we found that y-glutamyltransferase plays
an important role in diagnosing whether the blood con-
centration of sodium valproate in children with epilepsy is
within the normal range after taking the drug.
y-Glutamyltransferase, which is an important index, has an
important physiological function. It is an enzyme located on
the outer surface of the cell membrane in many tissues,
mainly in the liver, kidney, and pancreas, and is expressed in
all cells except red blood cells [14]. Many studies have shown
that long-term use of sodium valproate causes abnormal
liver function [14-17]. For example, even when the drug
concentration in blood can be maintained within the ef-
fective  concentration  range of  50-100ug/mL,
y-glutamyltransferase levels still increase [15]. Attilakos et al.
reported that the blood concentration of sodium valproate in
patients taking the drug alone was maintained at 50-100 mg/
L during treatment, and the y-glutamyltransferase levels in
children increased after 6, 12, and 24 months [15]. In-
terestingly, the average level of y-glutamyltransferase in
children with low concentrations of valproic acid was 14.4
(11.88, 18.72), which was significantly lower (p = 0.001)
than that in children with normal concentrations of valproic
acid 16 (12.9, 22). These findings also show that it is nec-
essary to assess liver function indices when sodium valproate
is administered.

Some studies of the other five biochemical indices in-
volved in predicting that the blood concentration of sodium
valproate is lower than the standard concentration have
indicated that taking sodium valproate leads to changes in
biochemical results. Many years ago, it was reported that the
red blood cell count in patients decreased after the use of
sodium valproate [18, 19]. In this study, it was also found
that the red blood cell count in the low concentration group
was higher than that in the normal blood concentration
group (p <0.001). There has been no direct report on the
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relationship between red blood cell distribution width
standard deviation and the blood concentration of sodium
valproate. However, the red blood cell distribution width
standard deviation is another indicator that reflects the
heterogeneity of red blood cells. It is often used to diagnose

anemia in children. To date, studies on anemia caused by
sodium valproate include children and the elderly [20, 21].
These phenomena also suggest that we should pay attention
to drug-induced anemia resulting from sodium valproate
use during clinical examination. Additionally, in 3194
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FIGURE 5: Sodium valproate concentrations below the standard level of nomogram evaluation and clinical use in children with epilepsy.
(a-d) Calibration plots (a), GiViTi calibration band (b), decision curve analysis (c), and clinical impact plot (d) for predicting sodium
valproate concentrations below the standard level in the development group. (e-h) Calibration plots (e), GiViTi calibration band (f),
decision curve analysis (g), and clinical impact plot (h) for predicting sodium valproate concentrations below the standard level in the

validation group.

epilepsy outpatients, not only was the blood concentration of
valproic acid negatively correlated with platelet count
(r=-0.086) but also the blood concentration of valproic acid
combined with other antiepileptic drugs was negatively
correlated with platelet count (r=-0.079) [22]. The above
results of big data analysis are consistent with the results of
this study. This can also reflect the prediction of blood drug
concentrations by biochemical indices. A total of 851 record
findings that included sodium valproate levels and associ-
ated platelet counts in 265 patients were analyzed. There was
a significant negative correlation between sodium valproate

levels and platelet counts [23]. It has also been reported that
in children treated with valproic acid, valproic acid is as-
sociated with decreased platelet count, but platelet pro-
duction is not affected [24]. There is a causal relationship
between the increase in plasma sodium valproate levels and
the decrease in platelet counts. This finding is consistent with
the result of a high platelet count in patients with low
concentrations observed in this study. It has been reported
that there is a negative correlation between alkaline phos-
phatase level and the dosage of valproate (p<0.01) [25].
Although this study did not directly explain the relationship
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between alkaline phosphatase level and the blood con-
centration of sodium valproate, an increase in drug dosage
will affect the blood concentration of the drug in vivo. This
finding also indirectly indicates that the high level of al-
kaline phosphatase observed in patients in this study may
affect the blood concentration of sodium valproate when it
is below the standard concentration. To summarize, it was
found that the levels of the above three indices (red blood
cell count, platelet count, and alkaline phosphatase) were
low in the group that exhibited a standard concentration,
which was beneficial for predicting that the blood con-
centration of valproate sodium was lower than the standard
concentration in the clinic. However, percentage of lym-
phocytes in the standard concentration group was higher
than that in the low concentration group (p = 0.022). To
date, there have been few reports about the relationship
between lymphocytes and epilepsy [26, 27]. Giines and
Biiyiikg6l found that the level of lymphocytes in epileptic
patients was higher than that in the control group [26].
Recently, an increasing number of studies have reported on
the neutrophil to lymphocyte ratio during the diagnosis of
epilepsy [27-30]. However, the results of the above studies
are inconsistent regarding its diagnostic value. The findings
also imply that the level of lymphocytes is related to the
dosage of valproate, which is helpful to improve the ac-
curacy of medication.

This study shows the advantages of RF in predicting the
blood concentration of sodium valproate when it is below
the standard concentration used in epileptic children.
However, there are limitations of this study. First, the in-
ternal verification method adopted in this study lacks ex-
ternal verification. Second, the sample size of this study was
relatively small. Third, this study only considered the
comparison between patients with the standard concen-
tration and those with concentrations lower than the
standard concentration of sodium valproate in blood and
excluded those with high concentrations of sodium val-
proate (>100 ug/mL). This is because the data processing in
this paper is classified into two groups.

5. Conclusions

For children who need long-term detection of sodium
valproate in areas where drug concentrations in blood
cannot be detected, the relatively easy-to-obtain biochemical
index data can be the focus of clinical practice, which helps
doctors to judge the adjustment of drug dosage in combi-
nation with the curative effect of patients, thus ensuring
economic, safe, and effective treatment.
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