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ABSTRACT

Background: Statin-associated muscle symptoms are one of the side effects that physicians 
should consider when prescribing statins. In this study, creatine kinase (CK) levels were 
measured following statin prescription, and various factors affecting the CK levels were 
determined using machine learning.
Methods: Changes in the CK were observed every 3 months for a 12-month period in 
patients who received statins for the first time at Seoul St. Mary's Hospital. For each visit, we 
developed four basic models based on changes in the CK levels. Extreme gradient boosting, a 
scalable end-to-end tree boosting algorithm, which employs a decision-tree-based ensemble 
machine learning algorithm, was used for the prediction of changes in the CK.
Results: A total of 23,860 patients were included. Among them, 19 patients (0.08%) had 
increased CK levels of 2,000 IU·L−1 or more 3 months after statin prescription, and 65 
patients (0.27%) exhibited CK levels of over 2,000 IU·L−1 at least once during the 12-month 
study period. The area under the receiver operator characteristic of each model for each visit 
was 0.709–0.769, and the accuracy was 0.700–0.803. In each of the models, the variables that 
had the strongest influence on changes in the CK were sex and previous CK value.
Conclusions: Through machine learning, factors influencing changes in the CK were 
identified. These results will provide the basis for future research, through which the optimal 
parameters of the CK prediction model can be found and the model can be used in clinical 
applications.

Keywords: Creatine kinase; Hydroxymethylglutaryl-CoA reductase inhibitors;  
Machine learning; Myotoxicity

INTRODUCTION

Statins, also known as 3-hydroxy-3-methylglutaryl coenzyme A reductase inhibitors, or 
HMG-CoA reductase inhibitors, are frequently prescribed drugs for the prevention of 
cardiocerebrovascular disease.1)2) Although statins have various advantages, they also exert 
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side effects such as hepatotoxicity and diabetes mellitus. Among them, statin-associated 
muscle symptoms (SAMS) are the most difficult to objectively assess and diagnose.3)4)

In the Korean Adverse Event Reporting System (KAERS) database, myalgia accounts for 
the highest frequency (approximately 12.2%) among all side effects of statins.5) However, 
the causes of myopathy are diverse, and even if myopathy develops after statin prescription, 
it is not certain whether the muscle symptoms are actually caused by statins.6) As such, 
myalgia is a subjective symptom, and it is, therefore difficult to obtain a clear approach to 
managing such side effects. However, the levels creatine kinase (CK), also known as creatine 
phosphokinase (CPK), can be considered objective indicators.7)8)

SAMS is known to occur most frequently approximately 6 months after statins are first 
prescribed.9) Therefore, in this study, patients were followed up for 12 months after being 
given their first statin prescription, and the changes in their CK values over time were modeled 
through machine learning. In addition, we investigated various factors affecting their SAMS.

METHODS

From 2009 to 2018, patients over 18 years of age who were first prescribed statins at Seoul 
St. Mary’s Hospital were included in the study. The types of statins included atorvastatin, 
pitavastatin, pravastatin, rosuvastatin, simvastatin, and a statin/ezetimibe combination. The 
index date (baseline, visit 0) was set as the first day of statin prescription. A visit 2–4 months 
after the index date was defined as “visit 1 (average of 3 months later),” a visit 5–7 months 
after the index date was defined as “visit 2 (average of 6 months later),” a visit 8–10 months 
after the index date was defined as “visit 3 (average of 9 months later),” and a visit 11–13 
months after the index date was defined as “visit 4 (average of 12 months later).” Baseline 
characteristics, such as age, sex, body mass index (BMI), and blood pressure were recorded 
on the index date. Blood urea nitrogen (BUN), creatinine, estimated glomerular filtration 
rate (eGFR), total cholesterol, triglyceride, high-density lipoprotein cholesterol (HDL-C), 
low-density lipoprotein cholesterol (LDL-C), aspartate aminotransferase (AST), alanine 
aminotransferase (ALT), and CK levels were also documented on the index date. Patients 
with baseline CK values of less than 200 IU·L−1 were included in this study. CK and eGFR 
were also measured at each visit. Patients whose CK levels were not measured during the four 
follow-up periods were excluded from this study.

Patients were checked for their history of hypertension, diabetes mellitus, hypothyroidism, 
or cancer. Current medications, such as fenofibrate, gemfibrozil, propranolol, thyroxine, 
and warfarin, were also documented. Statins were divided into four groups according to the 
LDL-C lowering effect: pravastatin (10 mg, 20 mg) as the low-intensity group; atorvastatin 
(10 mg), pitavastatin (2 mg), pravastatin (40 mg), rosuvastatin (5 mg), and simvastatin 
(20 mg) as the low-moderate intensity group; atorvastatin (20 mg), pitavastatin (4 mg), 
rosuvastatin (10 mg), and simvastatin (40 mg) as the moderate-high intensity group; and 
atorvastatin (40 mg, 80 mg) and rosuvastatin (20 mg) as the high-intensity group. In the case 
of the statin/ezetimibe combination, the groups were classified according to their statin dose.

Modeling according to changes in CK
The CK values were classified as follows: ≤200 IU·L−1, normal; 201–2,000 IU·L−1, borderline; 
and ≥2,000 IU·L−1, abnormal. We aimed to develop four basic CK prediction models. First, 
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the CK values at visit 1 were predicted using the baseline characteristics (prediction model 
V1). Second, the CK values at visit 2 were predicted using the baseline characteristics and 
eGFR/CK values at visit 1 (prediction model V2). Third, the CK values at visit 3 were predicted 
using the baseline characteristics and eGFR/CK values at visits 1 and 2 (prediction model V3). 
Fourth, the CK values at visit 4 were predicted using the baseline characteristics and eGFR/
CK values at visits 1, 2, and 3 (prediction model V4).

Privacy protection
This was a retrospective cohort study. There were no physical risks to the patients, given that 
we used data from past electronic medical records (EMRs). The data extracted in the study 
are stored as an encrypted file in an anonymized format on an encrypted computer of one of 
the researchers. No other researchers have access to this information. The need for informed 
consent was not required because of the nature of the EMR-based retrospective cohort study. 
This study was approved by the Institutional Review Board of the Catholic University of Korea 
(IRB No. KC21RISI0655).

Statistical analysis
XGBoost (eXtreme Gradient Boosting),10) a scalable end-to-end tree boosting algorithm, is a 
widely used decision-tree-based ensemble machine learning algorithm based on the gradient 
boosting decision tree (GBDT)11) technique, which generates a prediction model in the 
form of an ensemble of weak prediction models of decision trees. GBDT-based approaches, 
particularly XGBoost, show a promising performance on many tabular-dataset learning tasks, 
as confirmed through various Kaggle or KDD Cup competitions, where XGBoost has been the 
winning approach and has outperformed other machine learning methods.12-14)

RESULTS

A total of 23,860 patients were included in this study, and data from 2009 to 2018 were 
used. The mean age of the patients was 58.2±13.2 years, and 48.6% (11,593/23,860) were 
male (Table 1). The mean BMI was 24.3±3.6 kg·m−2, and the mean eGFR was 79.9±28.1 
mL·min−1·1.73 m−2. The mean CK level was 82±41 IU·L−1.

After dividing the baseline and each visit into normal (CK≤200 IU·L−1), borderline (200 
IU·L−1< CK≤2,000 IU·L−1), or abnormal (CK>2,000 IU·L−1), the change in CK was checked 
for 12 months. After 3 months in the baseline group, 64.2% (15,309/23,860) of the patients 
remained in the normal group, 3.1% (741/23,860) were in the borderline group, and 0.08% 
(19/23,860) showed a marked increase in their CK values and were classified into the 
abnormal group. There were a total of 0.27% (65/23,860) patients for whom the CK values 
increased to over 2,000 IU·L−1 at least once during the visit period (19, 14, 16, and 16 patients 
at visits 1, 2, 3, and 4, respectively).

At a threshold of 0.5, the area under the receiver operating characteristic (AUROC) of Models 
1, 2, 3, and 4 were 0.709, 0.736, 0.766, and 0.769, respectively (Figure 1 and Table 2). The 
accuracy of the model was the highest at 0.803 for Model 3, 0.777 for Model 4, 0.701 for 
Model 2, and 0.700 for Model 1 (Table 2). The sensitivity, specificity, PPV, and NPV of Model 
1 were 0.579, 0.710, 0.134, and 0.955, respectively. The sensitivity and NPV were highest in 
Model 2, and the specificity and PPV were the highest in Model 3.
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When checking the change in the CK in each model, the most important variables (Figure 
2A) and their influence (Figure 2B) were investigated. Based on the SHapley Additive 
exPlanations (SHAP) value, sex had the greatest influence on the change in the CK 
(SHAP value=0.3453). Moreover, when the previous CK value was ≥2,000 IU·L−1 (SHAP 
value=0.2458) and <200 IU·L−1 (SHAP value=0.1248), the change was also large. The BMI 
(SHAP value=0.0029), status of thyroxine intake (SHAP value=0.0022), statin potency (SHAP 
value=0.0010), and gemfibrozil intake (SHAP value=0.0000) did not show a significant 
influence on the change in the CK.
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Table 1. Baseline characteristics (n=23,860)
Characteristics Values
Age (years) 58.2±13.2
Sex

Male 11,593 (48.6)
Female 12,267 (51.4)

Height (cm) 162.6±9.0
Weight (kg) 64.5±12.4
BMI (kg/m2) 24.3±3.6
Systolic blood pressure (mmHg) 129±18
Diastolic blood pressure (mmHg) 75±12
BUN (mg/dL) 18.1±11.5
Creatine (mg/dL) 1.2±1.6
eGFR (mL/min/1.73 m2) 79.9±28.1
AST (mg/dL) 27±47
ALT (mg/dL) 29±47
Total cholesterol (mg/dL) 207±55
Triglyceride (mg/dL) 158±125
HDL-C (mg/dL) 48±14
LDL-C (mg/dL) 127±43
CK (IU·L−1) 82±41
Past history

Hypertension 6,506 (27.3)
Diabetes mellitus 8,296 (34.8)
Hypothyroidism 1,759 (7.4)
Cancer 4,150 (17.4)

Current medication
Fenofibrate 674 (2.8)
Gemfibrozil 35 (0.1)
Propranolol 712 (3.0)
Thyroxine 1,598 (6.7)
Warfarin 557 (2.3)

Type of statin intensity
Low-intensity statin 2,233 (9.4)
Moderate-low intensity statin 13,034 (54.6)
Moderate-high intensity statin 6,851 (28.7)
High-intensity statin 1,742 (7.3)

Categorical variables were reported as frequencies (%), and continuous variables were reported as 
mean±standard deviation.
ALT = alanine aminotransferase; AST = aspartate aminotransferase; BUN = blood urea nitrogen; CK = creatine 
kinase; eGFR = estimated glomerular filtration rate; HDL-C = high-density lipoprotein cholesterol; LDL-C = low-
density lipoprotein cholesterol.

Table 2. Predictive values of each model of change in CK
Model AUROC Accuracy Sensitivity Specificity PPV NPV
Prediction model V1 0.709 0.700 0.579 0.710 0.134 0.955
Prediction model V2 0.736 0.701 0.647 0.706 0.156 0.960
Prediction model V3 0.766 0.803 0.574 0.825 0.238 0.953
Prediction model V4 0.769 0.777 0.596 0.793 0.211 0.955
AUROC = area under the receiver operating characteristic; CK = creatine kinase; NPV = negative predictive value; PPV = positive predictive value.



DISCUSSION

SAMS is the most common complication after statin prescription and shows varying 
symptoms; therefore, it is difficult to achieve a clear diagnosis. SAMS includes many 
subjective symptoms, and several studies have claimed that they are caused by the nocebo 
effect.6)15) In an analysis of 44 studies related to statins, SAMS occurred in an average of 1.9% 
of the patients taking atorvastatin.16) Based on an analysis of the atorvastatin dose, SAMS 
was highest in the 40-mg group; however, it occurred in less than 2.7% of the patients. By 
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Figure 1. AUROC curves for the prediction of a change in CK. 
AUROC = area under the receiver operating characteristic; CK = creatine kinase.

A

Mean SHAP value
(Average impact on model output magnitude)

B

0 0.5 1.0 1.5−0.5 Low

High

Fe
at

ur
e 

va
lu

e
SHAP value

(impact on model output)

0.0076
0.0109
0.0111
0.0180
0.0181
0.0224
0.0291
0.0314

0.0417
0.1087

0.1248
0.2458

0.3453

HDL-C
LDL-C
Height
Weight

Past history of cancer
Total cholesterol

Age
eGFR

Creatinine
AST

Normal group (CPK≤200)
Abnormal group (CPK>2,000)

Sex

Figure 2. Variables affecting changes in CK level. (A) Average impact on magnitude of model output based on mean SHAP value and (B) impact on model output 
based on SHAP value. 
AST = aspartate aminotransferase; CK = creatine kinase; eGFR = estimated glomerular filtration rate; HDL-C = high-density lipoprotein cholesterol; LDL-C = low-
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contrast, SAMS occurred in 1.3% of the patients in the 80-mg atorvastatin group, which was 
lower than that in the 40-mg group. In a study involving a placebo, the incidence of muscle 
symptoms after taking atorvastatin was not different from that after taking the placebo in a 
double-blind study.17) However, the results of open observational studies, in which patients 
were aware that they were taking a statin, were significantly higher than the placebo results. 
Thus, SAMS is a fairly subjective symptom, making it difficult to assess objectively. Therefore, 
to determine the actual prescription, a study of SAMS based on real-world evidence (EMR 
data) would be more advantageous than a double-blind study.18)19)

Because SAMS can appear with only an elevated CK and without muscle symptoms, a CK 
test is a parameter that can ensure objectivity.7)8) In this study, the number of cases without 
a baseline CK was also quite high at 36.7%. However, in this study, we utilized the current 
status survey rather than the change rate of the CK after a statin prescription to determine 
whether the CK was within the range of ≥200 IU·L−1 or ≥2,000 IU·L−1. Therefore, the absence 
of a baseline CK was not considered a factor for exclusion from this study. However, despite 
a baseline CK of ≥2,000 IU·L−1, the prescription of statins will likely require a more in-depth 
interpretation in the future.

Although predictive models for SAMS have already been extensively studied, there have been 
few attempts to build predictive models using readily available data, such as routine laboratory 
tests in a hospital. Of the models assessed in the present study, Model 4, with a threshold value 
of 0.5, was found to achieve the strongest performance. Each model included the parameters 
of the previous model and a newly added section. In Model 4, the CK values for visit 4 were 
predicted using the baseline characteristics and eGFR/CK values for visits 1, 2, and 3. In other 
words, the AUROC is higher as the period is extended because more variables are included. In 
fact, given that SAMS is reported most frequently at approximately 6 months after prescribing 
the statins, it is expected that meaningful conclusions can only be made using data from 
at least a 1-year study.9) The level of accuracy was also found to be the highest in Model 4. 
However, a low sensitivity and PPV indicate the need to supplement the model parameters.

As previously discussed, it is unclear whether the increase in CK values was actually caused 
by statins. Various machine learning methods have been used in different studies to predict 
the actual SAMS and obtain objective parameters. In a recent study, an accuracy of 90% using 
RNA-seq was reported20) along with an AUROC of >0.9 using potentially functional SNPs.21) 
However, these are not predictive models that can be easily applied clinically, and to the best 
of our knowledge, there are no predictive modeling studies on changes in the CK. For this 
reason, data construction is being actively conducted to lay the foundation for the prevention 
of statin side effects (although not specifically to prevent SAMS).22)

In this study, SHAP was used to determine the importance of changes in the CK and its 
characteristics. SHAP is a value obtained by combining several characteristics to determine 
the importance of a single characteristic, and by changing the average according to the 
presence or absence of this characteristic.23) SHAP is a method based on the Shapley value, 
and can show explanatory properties even with a small number of features.24) The biggest 
factor influencing the CK was sex. In fact, in other studies, SAMS is known to be more of a 
risk factor for women than for men.7) The immediately prior CK value also has a significant 
impact, which is a natural result. In one of the patients, the CK level was over 2,000 IU·L−1 
just prior to the examination, which seems to be why it was constantly maintained. In fact, 
as a guideline,25) a statin prescription is not recommended in situations in which CK values 
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exceed 2,000 IU·L−1. However, because this study was a retrospective cohort study, these 
findings were included.18) In the future, studies on the prescription of statins for patients with 
a high CK will be of significance. In fact, the history of CK elevation is also a well-known risk 
factor for SAMS.26) In addition, it has been well documented in previous studies that AST, 
creatinine, eGFR, and age are also factors influencing the change in the CK. The results of 
the present study are somewhat consistent with the findings of previous studies showing 
side effects of known statins.7) In this regard, the inability to identify the type and strength of 
statins in advance is one of the biggest limitations of the present study.

Hypothyroidism and the use of gemfibrozil, both of which are known to cause an increase 
in CK,27)28) did not have a significant effect on the results of this study. Even if the patient 
was diagnosed with hypothyroidism, it was presumed that they had already taken thyroxine 
to maintain a euthyroid state. Thus, it was presumed that the change in CK was unaffected. 
Moreover, given that very few patients took gemfibrozil, it can be assumed that the effect on 
changes in the CK was small.

This study has several limitations. As one of the biggest limitations, the type of statin used 
was not investigated. Although the dose of the statins may be a limitation, there are many 
reports indicating that there is no association between the statin dose and the occurrence of 
myopathy.16) Second, the data on the CK measurements at each visit were missing in this study. 
Of course, if the patient complained of myopathy, the physician would check the CK according 
to the guidelines. Therefore, it was assumed that the absence of CK level measurements 
would exclude the occurrence of myopathy. Finally, owing to the nature of a retrospective 
cohort study, there are inherent limitations to this research.18)19) Because the data were not 
collected firsthand, there could be various confounding factors affecting the change in the 
CK. The results of this study can only explain the correlation, not the causation. The AUROC 
of the prediction model in this study is 0.709–0.769, which is not much higher than expected. 
In the future, for actual clinical applications, it will be necessary to determine the optimal 
parameters of the model. We hope that this study will serve as a basis for future research.

SAMS is a strong factor influencing treatment compliance,29) and there are concerns 
regarding increased cardiovascular risk owing to a premature discontinuation. Therefore, 
if the factors affecting the occurrence of SAMS can be identified at an early stage, it will 
be of great help in actual clinical practice. An important aspect of any predictive model is 
the availability of accurate data.30) In this study, the factors affecting SAMS did not show a 
significant difference from the results of previous studies. Therefore, it was possible to have 
some confidence in the machine learning methodology used in this study, and it was possible 
to predict the weight of the factor for the change in the CK to a certain extent. In follow-up 
studies, it will be necessary to search for and determine the optimal parameters of the model 
for actual clinical applications. In conclusion, the methodology and results of this study 
will form the basis for future work on predictive modeling. The next step is to build a more 
sophisticated model that includes drugs, comorbidities, and types of statins affecting SAMS.
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