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Abstract—A description of patient conditions should consist of 

the changes in and combination of clinical measures. Traditional 
data-processing method and classification algorithms might cause 
clinical information to disappear and reduce prediction 
performance. To improve the accuracy of clinical-outcome 
prediction by using multiple measurements, a new 
multiple-time-series data-processing algorithm with period 
merging is proposed. Clinical data from 83 hepatocellular 
carcinoma (HCC) patients were used in this research. Their 
clinical reports from a defined period were merged using the 
proposed merging algorithm, and statistical measures were also 
calculated. After data processing, Multiple Measurements 
Support Vector Machine (MMSVM) with radial basis function 
(RBF) kernels was used as a classification method to predict 
HCC recurrence. A Multiple Measurements Random Forest 
regression (MMRF) was also used as an additional evaluation/ 
classification method. To evaluate the data-merging algorithm, 
the performance of prediction using processed multiple 
measurements was compared to prediction using single 
measurements. The results of recurrence prediction by MMSVM 
with RBF using multiple measurements and a period of 120 days 
(accuracy 0.771, balanced accuracy 0.603) were optimal, and 
their superiority to the results obtained using single 
measurements was statistically significant (accuracy 0.626, 
balanced accuracy 0.459, P<0.01). In the cases of MMRF, the 
prediction results obtained after applying the proposed merging 
algorithm were also better than single-measurement results 
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(P<0.05). The results show that the performance of 
HCC-recurrence prediction was significantly improved when the 
proposed data-processing algorithm was used, and that multiple 
measurements could be of greater value than single 
measurements in HCC-recurrence prediction. 
 

Index Terms—data mining, data processing, support vector 
machine, time series analysis, multiple measurements 

I. INTRODUCTION 
he varieties of data characteristics are one of the major 
problems of data processing [1]. There are two types of 

data: time-series data and cross-section data. Time-series data 
are a sequence of observations of a particular feature, which 
are ordered in time, while cross-section data are collected by 
observing many features at the same time. In the first type, the 
features change over time, and these changes contain 
important information. For example, the time sequence of 
blood glucose levels and blood pressure are considered as 
important health indicators [2, 3]. In the second type, multiple 
clinical data that are generated at the same time should be 
considered together to obtain a complete picture of a patient’s 
condition in a specific time period. For instance, in a routine 
health examination, the health status of individuals is 
described by the results of a series of laboratory tests and 
physical examinations, such as height, weight, white blood 
cell count, and red blood cell count [4, 5]. Designing a 
data-processing method that can handle cross-section and 
time-series data at the same time would therefore seem to be 
essential for clinical data analysis. 

Using data-processing techniques before data analysis can 
substantially improve the quality of the data, reduce the time 
required for the analysis, and improve the quality of the 
analysis [6]. There are a number of data-preprocessing 
techniques, including data cleaning, data integration, data 
transformation, and data reduction. Data cleaning is the 
process of detecting inaccurate records [7-9]. Data integration 
combines data from multiple sources [10]. Data 
transformation refers to the application of a deterministic 
mathematical function to each point in the data, which may 
improve the accuracy and efficiency of data mining [11]. Data 
reduction aggregates or eliminates redundant features of the 
data, thus reducing it to a more manageable size [12]. 
Transforming data from a low-level quantitative form to a 
high-level qualitative description is known as temporal 
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abstraction (TA) [13]. The process of TA takes either raw or 
pre-processed data as input and produces context-sensitive and 
qualitative interval-based representations. In the case of 
patients’ health data, qualitative description is closer to the 
language of clinicians [14]. Temporal classification of 
time-related clinical data has certain properties that distinguish 
it from other classification methods [15, 16], and using the 
characteristics of temporal data could, in theory, improve the 
performance of temporal classification. However, not all the 
relevant data or observations are recorded at the same time. 
For example, different laboratory tests might have different 
observation frequencies, because the orders for them might be 
originated by different departments or physicians, and might 
be further affected by the patient’s status. Data with an 
unequal collecting frequency should be processed before 
analysis. 

For combining features of multiple types observed at 
different times, a merging algorithm for time-series and 
multiple-variables data is proposed. The basic idea is to merge 
all features that occur within a defined time period; if a 
particular feature has more than one value, only one of these 
values will be chosen to represent it. This merging algorithm 
for multiple measurements is a method of data reduction; that 
is, information in the original data could be removed by the 
merging algorithm. For preserving the information, statistical 
measures of the original data in a specific time period are 
taken, and these can stand in for the tendency and the 
distribution of the original data. After multiple-measurements 
data processing, the data that include selected features are 
integrated from their various databases. 

In this study, the research targets were patients who had 
hepatocellular carcinoma (HCC) and were being treated by 
radiofrequency ablation (RFA). Their clinical reports that 
were collected before treatment were used for evaluating the 
data-processing method. After data processing, the single 
measurement and multiple measurements data were classified 
into two classes – recurrence and non-recurrence – to predict 
patients’ HCC outcome after RFA therapy. A comparison of 
the classification results obtained with single measurements 
against those obtained with multiple measurements could 
represent the performance of the data-processing method, and 
demonstrate that the method could improve the effectiveness 
of prediction of RFA-treated HCC recurrence. 

II. LITERATURE REVIEW 
Time-series data can be found everywhere; TA, temporal 

classification and sequential pattern mining methods are 
proposed [17-29] and widely used in many fields, including 
medicine [17-26], biology [27], agriculture [28] and 
environmental research [26, 29]. A number of studies have 
noted the importance of time-series data in the medical 
domain, and proposed time-series data-processing approaches 
and classification methods. These studies can be grouped by 
data sources, including signal data (such as 
electroencephalography) [17-19, 26], single variable [22], and 
multiple variables [20-23, 25]. The best-known type of 
time-series data is signal data. Sitaram et al. used support 

vector machine (SVM) and Hidden Markov Model to 
recognize the patterns in multichannel near-infrared 
spectroscopy signals [19]. Yin and Zhang identified temporal 
variations in mental workload by using SVM-based clustering 
and classification algorithms [17]. For non-signal clinical data, 
Schmidt and Gierl proposed a predictive model combing TA 
and case-based reasoning [22], and they processed multiple 
variables by abstracting them into states (i.e. high, normal, 
low) [24]. Ghalwash and Obradovic proposed a method called 
Multivariate Shapelets Detection (MSD), which extracts 
patterns from multiple dimensions of the time series, and 
evaluated it using a gene-expression dataset. The results they 
achieved were superior to those they had achieved using a 
traditional Shapelets Detection method and a single dimension 
[20]. 

In contrast to previous research, we propose a data-merging 
algorithm for multiple variables with different sampling rates 
and data types, to preserve both cross-section and time-series 
clinical information for predictive model establishment. 

III. METHODS 
The multiple-time-series data from different databases were 

extracted and cleaned. Then, the time-related data from a 
defined period were merged using the proposed data-merging 
algorithm, and statistical measures were also calculated. 
Finally, the merged multiple-measurements data with or 
without statistical measures were generalized for 
classification. After data processing, multiple measurements 
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Figure 1- The flowchart of multiple measurements classification and 
performance evaluation of multiple-time-series data-processing algorithm. 
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SVM (MMSVM) and multiple measurements Random Forest 
(MMRF) were used as classification methods, and the model 
of classification was optimized through grid search and 
cross-validation. The performance of classification using 
processed multiple measurements was compared against 
single measurement to evaluate the data-processing method 
we propose. Fig. 1 presents a flowchart of the evaluation 
method. 

 

A. Data Sources 
Our research targets were patients who received RFA as 

their first therapy for HCC in a 2,200-bed teaching hospital in 
Taiwan from 2007 to 2009. The clinical data from 180 days 
before the RFA therapy to the therapy date were collected as 
experiment data. To ensure adequate follow-up, we included 
only individuals who had continuously returned for one year 
or more. A total of 16 clinical features, taken from the 
laboratory information system (LIS) database, radiology 
information system (RIS) database, and hospital information 
system (HIS) database, were selected for model establishment 
by specialists. The data types of features are shown in 
Supplementary Data 1. The 10 laboratory tests selected were 
alanine aminotransferase (ALT), aspartate transaminase 
(AST), α-Fetoprotein, total bilirubin, platelet, albumin, 

creatinine, prothrombin time international normalized ratio 
(INR), hepatitis C virus (HCV) and hepatitis B virus (HBV). 
The six other features were tumor size and tumor number, 
extracted from radiology reports or ultrasound reports in RIS; 
stage of Barcelona-Clinic Liver Cancer (BCLC) classification 
and cirrhosis status, extracted from narrative clinical reports in 
HIS [30]; and age and gender, collected from the demographic 
database within HIS. 

The classes of the data were 1) recurrence and 2) no 
evidence of recurrence of HCC within one year after receiving 
RFA therapy. The class of each patient was confirmed by 
radiology reports or records of follow-up therapy. 

B. The Algorithm for Merging Multiple Features Based on 
Defined Time Periods 
The algorithm for merging multiple features based on time 

periods is described in pseudocode in Table 1, and its 
flowchart is presented in Fig. 2. We used time periods of 7, 
14, 21, 60, 90 and 120 days. If the time interval between the 
earliest record and the target event is 180 days, the total 
number of periods is 3 with 60-day periods or 2 with 90-day 
periods. After defining the length of period, there might be 
more than one value of a feature in each period. For example, 
there might be more than one ALT test performed in 60 days 
for following up a patient’s status. The central idea of this 

Table 1- Pseudocode for merging multiple features algorithm and adding 
statistical measures based on time periods 
BEGIN 

Read Dm = m days period (m could be 7, 14, 21, 28, 60, 90, or  
120) 

Tevent = the time of specific event //therapy 
RB = all records before Tevent, sorted by record date in descending  

order 
FB = all features in RB 
Initialize merged records array Mm based on m days period and FB 
FOR each record RBk in RB, k=1, …, N 

Tk = the time of RBk recorded 
i = (Tevent - Tk) / Dm //ith period in merged records 
Mmi = the ith merged record based on m days period 

//Get the value of each feature Fq which is closet to Tevent in  
//period i 
FOR each feature Fq in RBk (q=1, …, O) 

Set the value Wq of Fq in Mmi as the most recent value  
of  Fq from all the RBk in RB and ith period 

ENDFOR 
ENDFOR 
If statistical measures mode  
//statistical measures were defined in Supplementary Data 2 

FOR each period i in Mm 
FOR each time-related feature Ft in FB  

//time-related laboratory data in Supplementary Data 1 
Ft_Maxi = maximum of all the Ft in RB within period i 
Ft_Mini = minimum of all the Ft in RB within period i 
Ft_Avgi = average of all the Ft in RB within period i 
Ft_SDi = standard deviation of all the Ft in RB within  

period i 
Ft_Cori = Pearson’s correlation coefficient of all the Ft in  

RB within period i 
Ft_Slpi = slope of trend line of all the Ft in RB within  

period i 
Add Ft_Max, Ft_Min, Ft_Avg, Ft_SD, Ft_Cor, Ft_Slp as addition  
features into the ith merged record Mmi 

ENDFOR 
ENDFOR 

OUTPUT Mm 
END 
 
 

 
Figure 2- The flowchart of multiple-time-series data-processing for 
classification with multiple measurements merging algorithm and 
statistical measures. LIS: laboratory information system, RIS: radiology 
information system, HIS: hospital information systems, AST: aspartate 
aminotransferase, ALT: alanine transaminase, BCLC: Barcelona-Clinic 
Liver Cancer classification, SD: standard deviation. 
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merging algorithm is to choose only one value to stand for a 
feature in one period. Because the time of the target event, 
such as therapy for HCC, was set as the key time with regard 
to data processing, the value that is closer to event time could 
be more significant than others. Therefore, the most recent 
value is selected to represent a feature in a period, and 
therefore some valuable information in the original data might 
be omitted by the merging algorithm. 

In the single-measurement phase of the experiment, features 
were collected only once. If more than one relevant laboratory 
report was available, the most recent one was selected. The 

performance of prediction with single measurement was the 
baseline of this research. 

C. Calculation of Statistical Measures 
Statistical measures were calculated for describing the data 

distribution in each period. There was a possibility that 
information in the original data, such as the tendency and the 
distribution of the features, might disappear after data 
merging. To preserve this information, we adopted the 
definitions of statistical measures that are shown in 
Supplementary Data 2. The maximum and minimum are used 
for illustrating the extremes of the data. Average is a method 
for deriving the central tendency of a sample space, and 
standard deviation is a widely used measurement of variability 
or diversity. Pearson’s correlation coefficient is a statistical 
technique that shows whether and how strongly pairs of 
features are related, and expresses this relationship in values 
ranging between -1 and 1. The closer the absolute value of the 
Pearson’s coefficient is to 1, the stronger the correlation 
between the features is. A trend line represents the long-term 
movement in time-series data, and it tells whether a particular 
measure has increased or decreased in over the period of time 
[31]. These statistical measures were used for expressing the 
data distribution in a specific period, and the information lost 
during data merging might be partly retained in them. 

D. Feature Selection 
To remove redundant or irrelevant features from the dataset, 

we used a feature-selection strategy based on Random Forest: 
an ensemble classifier proposed by Breiman [32], comprising 
many classification trees, the “bagging” idea, and random 
selection of features. The frequency of a feature’s appearance 
in the classification trees represents the importance of the 
feature. The library “randomForest” in R software was used 
for implementing the Random Forest feature-selection method 
[33, 34]. All the features were ranked according to the weight 
assigned to them by Random Forest. To allow us to compare 
the performance of prediction by adding statistical measures 
with others, we set the maximum number of features as 16, 
equal to the total features in the dataset (not including 
statistical measures). The top-ranked 16 features, i.e. with the 
highest weights, were selected as the input features. 
Combinations of these features were then created by 
sequentially adding features, and were input into classification 
algorithms to generate the prediction model. This 
feature-selection approach is described in pseudocode in Table 
2. 

E. Prediction Model Establishment 
We used four data mining algorithms, including SVM and 

Random Forest regression (RF) for single-measurement data 
and MMSVM and MMRF for multiple-measurements data. 
The SVM is a data-mining method that constructs a prediction 
model for a binary class. It uses nonlinear mapping to 
transform the data into a higher dimension. With an 
appropriate nonlinear mapping to a sufficiently high 
dimension, data from two classes are separated by a 
hyperplane [35]. The LIBSVM library [36] was used for 

Table 2- Pseudocode for multiple measurements predictive model 
establishment, optimization and evaluation, including grid search of 
predictive model parameters and feature selection 
BEGIN 
Mm = the merged records based on m days period //described in Table 1 
Dm = splitting Mm into 5 equal parts 
Initialize  PERinal_m to zero //final performance of predictive model of the 
dataset Mm 
//the outer 5-fold cross validation for performance evaluation 
FOR each ith part of merged data Dmi in Dm (i=1, …, 5) 

Vmi = test dataset, Dmi 
Tmi = training dataset, all the records in Dm expect Dmi  
WF = the features’ weight from Random Forest algorithm, calculated  

from the single measurement, sorted in descending order 
Initialize LO as the optimal feature list 
Initialize PO as the optimal parameter set 
Initialize PERO to zero //the optimal performance indicator 
Initialize PERtesti to zero 
FOR each feature Fk in WF (k=1, …, 16)  
//feature combination by sequentially adding features into Lk 

Lk = feature list including F1,…,Fk 
TmiLk = training dataset Tmi contains select features in Lk  
//only use the features in Lk 
If classification algorithm is SVM 

FOR all gamma G from j power of 2 (j=-15, -13, -11,…, 1, 3) 
 //parameter optimization for SVM  

FOR all cost C from n power of 2 (n=-5, -3, -1,…, 13, 15)  
//parameter optimization for SVM  

//inner 5-fold cross validation for model optimization  
//including feature selection and parameter grid search 

PERtemp = average of performance indicators of 5-fold 
cross validation using TmiLk and the 
parameters of SVM are G and C 

If PERO<PERtemp 
PERO=PERtemp 
LO=Lk 
GO=G 
PO=P 

ENDFOR 
ENDFOR 

Else 
//inner 5-fold cross validation for model optimization including 
//feature selection 

PERtemp = average of performance indicators of 5-fold cross  
validation using TmiLk  

If PERO<PERtemp 
PERO=PERtemp 
LO=Lk 

ENDFOR 
PMO = predictive model built by using training dataset Tmi contains 

select features in LO, and the parameters of SVM are GO and 
CO (if applicable) 

PERtesti = prediction performance of using PMO to predict Vmi  
//model evaluation, details were described in Section III.E 

ENDFOR 
PERfinal_m = the average of all PERtesti (i= 1, …, 5) 
OUTPUT PERfinal_m 
END 
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implementing the SVM classification method. The most 
popular kernel function, RBF, was used for SVM model 
establishment. For multiple measurements, the classification 
results were decided by a voting mechanism: where one or 
more instances belonged to the same group (patient), the class 
with the most votes in these instances was the final result of 
classification. The MMSVM is a tool we developed to enable 
LIBSVM to conduct cross-validation and prediction with 
multiple measurements’ results from the voting mechanism; 
the pseudocode for this appears in Table 3. In addition to 
SVM, a Random Forest regression was selected as a different 
algorithm of model establishment, to increase the variety of 
evaluation. An averaging mechanism, described in Table 3, 
was also applied to MMRF for multiple measurements data. 
Similar with voting mechanism, the averaging mechanism is 
where one or more instances belonged to the same group 
(patient), the average of regression results of these instances 
was the final result of regression. 

F. Evaluation Methods 
To evaluate the impact of using multiple measurements, we 

compared the performance of HCC-recurrence prediction with 
multiple measurements against its performance with single 
measurement. Using multiple measurements with statistical 
measures was evaluated in the same way. We conducted the 
experiments for four data mining algorithms using two-loop 
cross-validation, where the inner loop optimized features and 
parameters (cost and gamma for SVM and MMSVM) and the 
outer loop evaluated prediction models. In the inner loop, the 
parameters and features were optimized by using five-fold 
cross-validation with training data. The indicators that were 
used to select the optimal setting of model establishment were 

balanced accuracy (BAC) for MMSVM due to the unbalanced 
nature of the data and area under the receiver operator 
characteristic curve (AUC) for MMRF. We established the 
prediction model using the optimal parameters. In the outer 
five-fold cross-validation, the prediction model from the inner 
loop was applied to test data, and the average of the 
performance was set as the final result of the experiments. The 
performance indicators of evaluation, including accuracy and 
BAC for MMSVM and AUC for MMRF, were used to 
describe the performance of the HCC-recurrence prediction 
models. The pseudocode for model evaluation is given in 
Table 2. 

IV. RESULTS 
There were a total of 83 patients in the experiment dataset, 

of whom 18 were recurrent patients, and 65 were 
non-recurrent patients. Among these patients, the number of 
reports from time-related clinical laboratory tests dating from 
the 180-day period prior to treatment was 1,563. The largest 
number of these pre-treatment laboratory test reports (255) 
came from ALT. The numbers and averages of the sampled 
laboratory test reports are shown in Supplementary Data 3. 

The classification performance for HCC-recurrence 
prediction using a single measurement, multiple 
measurements, and multiple measurements with statistical 
measures were analyzed. The optimal model established by 
MMSVM with RBF was using multiple measurements and a 
period of 120 days (accuracy 0.771, BAC 0.603) (Table 4). 
The performance indicators of this model were higher than 
those established by SVM with RBF using single 
measurement (accuracy 0.626, BAC 0.459, both P<0.01). 
After adding statistical measures to the multiple 
measurements, the optimal model was established by multiple 
measurements with statistical measures and a period of 120 
days (accuracy 0.721, BAC 0.572). Although its performance 
indicators were also significantly higher than those achieved 
by single measurement (P<0.05), the prediction performances 
we achieved were lower than without them. Different from 

Table 3- Pseudocode for the voting mechanism of classification models 
and the averaging mechanism of regression model 
BEGIN 

Sm = the test dataset selected from the merged records based on m  
days period //described in Table 2 

PVm = the patient list of test dataset Sm  
Rm = the training dataset selected from the merged records based  

on m days period //described in Table 2 
PMm = the predictive model established based on selected  

features in Rm, and imported parameters  
//described in Table 2 

FOR each patient Pi in PVm 
Initialize voting result of Pi, VRi to zero 
If the type of predictive model is classification 

FOR each merged record PSmi of Pi in period i in Sm 
Rmi = prediction result of PSmi by using PMm 

 //recurrence = 1, non-recurrence = -1 
VRi = Rmi + VRi 

ENDFOR 
If VRi >= 0 

Predict Pi as a positive case //recurrence 
Else 

Predict Pi as a negative case //non-recurrence 
Else If the type of predictive model is regression 

VRi = the average of prediction result of all merged record 
 of Pi in period i in Sm by using PMm 

Predict Pi by VRi //regression result 
ENDFOR 
OUTPUT performance of PMm based on the prediction results 

END 
 

Table 4 - Performance of hepatocellular carcinoma recurrence prediction 
based on single measurement, multiple measurements, or multiple 
measurements with statistical measures 
Classification 
algorithm 

Measurement 
type 

Periods 
(days) ACC a BAC b 

(MM)SVM c 
with RBF d 
kernel 

Single 
measurement - 0.626 0.459 
Multiple 
measurements 120 0.771 0.603 
Multiple 
measurements 
with statistical 
measures 120 0.721 0.572 

a Accuracy = (TP+TN)/(TP+TN+FP+FN), b Balanced accuracy = 
(Sensitivity + Specificity) / 2, Sensitivity = TP/(TP+FN), Specificity = 
TN/(TN+FP). c MMSVM: multiple measurements support vector 
machine, d RBF: radial basis function. True positive (TP): a recurrent 
patient correctly identified as a recurrent patient. False positive (FP): a 
non-recurrent patient wrongly identified as a recurrent patient. True 
negative (TN): a non-recurrent patient correctly identified as a 
non-recurrent patient. False negative (FN): a recurrent patient wrongly 
identified as a non-recurrent patient. 
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MMSVM, the performance of MMRF was reported by AUC 
(Table 5). The optimal model established by MMRF was 
using multiple measurements with statistic measures divided 
by 120 days periods, and the AUC of this model was higher 
than using single measurement (P<0.05). The details of the 
performance are shown in Supplementary Data 4 and 5. 

V. DISCUSSION 
The multiple-time-series data-processing algorithm with 

period merging is an effective method for data processing 
before classification. The results of HCC-recurrence 
prediction based on 1) MMSVM with RBF kernel and 
multiple measurements and a period of 120 days and 2) 
MMRF with multiple measurements and statistical measures 
and a period of 120 days were both significantly better than 
with single measurement. Using the multiple measurements 
with statistical measures and MMSVM with RBF also yielded 
better classification results than using the single measurement, 
but the averages of accuracy and BAC were lower than those 
of multiple measurements without statistical measures. In 
other words, after data processing, the classification accuracy 
and BAC from MMSVM with RBF kernel had increased 
23.16% and 31.37%, respectively, as compared to using a 
single measurement. Therefore, it is suggested that the 
proposed merging algorithm could improve the prediction 
performance achievable using clinical data more generally. 

In the optimal MMSVM model derived from outer five-fold 
cross-validation, the most common selected features were 
ALT and AST, which were selected in four folds. The second 
most common features were platelet count and HBV, which 
were each used in two folds. ALT and AST are frequently 
used for liver function testing in routine health examination. 
Furthermore, patients with liver disease usually have a 
decreased platelet count (thrombocytopenia) because platelet 
production is regulated by thrombopoietin, a hormone 
produced in the kidneys and liver [37]. The presence of the 
hepatitis B e antigen is associated with an increased risk of 
HCC [38, 39], and HBV viral load is associated with HCC 
recurrence [40-42]. These four clinical features are all highly 
related to liver function and HCC, and it is reasonable to 
assume that they might be useful predictors of HCC 
recurrence. In the optimal MMRF model, the most common 
selected feature was AST, which were selected in two folds. 

The optimal data-processing period was 120 days in the 
models built by MMSVM and MMRF, and it fitted the data 

characteristics described in Supplementary Data 3. Because 
the average number of reports per patient in the 180 days 
before RFA treatment ranged from 1.72 to 3.07, 
data-processing periods that were shorter than 60 days might 
increase the rates of missing values. The results of this paper 
indicate that merging multiple-time-series data in a defined 
time period could transform the related time-series data into 
useful information. Analyzing multiple-time-series data 
separately might neglect the overall situation in a specific time 
period, and thereby decrease the reliability of analysis results. 

Our data-processing algorithm for multiple measurements 
provides a general method for generating valuable data for 
classification. It can be used not only with clinical data, but 
with any kind of data that tallies with the targets of the 
multiple-time-series data-processing algorithm, such as 
descriptions of the condition of water and air, meteorological 
data, and financial data. Through this algorithm, integrated, 
time-dependent, and useful data can be created. 

Although our results suggest that the 
multiple-measurements data processing algorithm was helpful 
in HCC-recurrence prediction, it was found to have several 
limitations. First, even though the optimal accuracy and BAC 
of classification were obtained from the model using 120 days 
as a merging period, there was no evidence that a 120-day 
period would be as useful when dealing with other data sets. 
Also, the defined periods could not be set automatically based 
on the characteristics of a dataset, and it might therefore be 
possible that we missed the optimal time period because it was 
not one of the six periods we had chosen to examine; in other 
words, if a time period of 83 days or 114 days is in fact better 
than a period of 120 days, our experimental technique would 
not reveal this. Third, although the sensitivity and positive 
predictive value of HCC-recurrence prediction using single 
measurement were increased by using our proposed algorithm, 
the sensitivity and PPV were still low. The unbalanced data 
and small research population might be the reasons for this. 
Moreover, we analyzed the features by univariate analysis 
(data not shown), and only tumor size and HBV had 
significant results. Based on this, it can be said that 
HCC-recurrence prediction using laboratory reports from 
before the beginning of treatment is not easy, and could be 
improved through use of the multiple-time-series 
data-processing algorithm. 

VI. CONCLUSION 
This study presents a merging algorithm for 

multiple-time-series data with different sampling rates and 
data types, and evaluates the effects of adding statistical 
measures to it. The results show that the performance of 
HCC-recurrence prediction was significantly improved 
through use of the algorithm, and, as a corollary, that multiple 
measurements could provide more useful information for 
HCC-recurrence prediction than single measurement does. 
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