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1. INTRODUCTION 

In general, awareness of the importance of improving the quality of service and management is not only welcomed 

by business firms but it is also an option and a hot topic in the healthcare sector. This is because through effective 

monitoring process, hospital managers can better evaluate and improve the quality of services in hospitals from 

time to time as well as deal with resources allocations issues such as staff, medicines, beds and others. This is in line 

with the Strategic Plan 2016-2020 enacted by the Ministry of Health for the Eleventh Malaysia Plan (Ministry of 

Health Malaysia, 2016) to make the national health system more responsive and give the people the choice to get 

quality health care. 

In this regard, an early warning system should be developed before a patient is given basic treatment and care. This 

is to ascertain whether the number of patients admitted to the hospital is still under control or uncontrollable over 

time. Furthermore, the ongoing monitoring process provides an opportunity for hospital management 

improvements to be more readily available and capable in addressing the problem of resource allocation such as 

staffing, supply of medicines, beds and others. 

In literature, the statistical process control techniques (SPC) have proven to play an important role in maintaining 

and improving the quality of a process (Woodall & Montgomery, 2014; Sousa et al., 2017). SPC is the set of 

statistical techniques and analysis with the graphical presentation of data to visualize and analyze the performance 

of a process including education, manufacturing industry, environmental pollution and telecommunications 

(Antony et al., 2015; Madanhire et al., 2016; Shamsuzzaman, 2018; Marchant et al., 2019). According to Berwick 

(1989), the SPC method was first adopted in the field of healthcare in the late 1980s. However, the SPC method is 

only used for the purpose of monitoring and improving the quality of hospital management in cases of medical 

AB ST R ACT  

The main drawback of Shewhart chart to detect minor changes in the data process leads to the development of alternative charts, namely the 

Exponential Weighted Moving Average (EWMA) chart and Cumulative Sum (CUSUM) chart. In both EWMA and CUSUM charts, additional 

sensitivity rules do not need to be implemented as the two charts are more sensitive and able to detect minor changes in data processing and take into 

consideration past data. Since the EWMA chart provides a simpler interpretation than the CUSUM chart, therefore this study aims to apply EWMA 

chart to monitor the three years (2008-2010) daily hospital admission due to respiratory and cardiovascular diseases for children (less than 4 years) 

and elderly (65 years and over) in a public hospital in Klang Valley, Malaysia. This study also demonstrates the use of pre-whitening (PW) technique 

to handle the presence of autocorrelation on the EWMA chart. Results showed that there is a reduction in the percentages of anomalies point in new 

data (after applying PW) as compared to the percentage of the anomalies points in original data before the use of PW technique. Thus, it is suggested 

that EWMA chart with PW technique performs better when the daily hospital admission data series are auto-correlated. It can be concluded that the 

Phase II (monitoring period) hospital admission performance for elderly is likely to follow the similar pattern of the Phase I (baseline period) except 

23 February 2010 and 17 September 2010. However, for children, 17 anomalies points are detected in February, September and October exceeds the 

upper control limit. This means that the hospital admission performance for children on those days is not improving and essentially changing from 

what is expected in stable process (Phase I). 
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reports department, intensive care, emergency department, surgery departments and pharmaceutical science ( Bhat 

et al., 2016; Kadri, 2016; Gleicher et al., 2017; Montella et al., 2017; Chow et al., 2018; Suman & Prajapati, 

2018).Therefore, the aim of this paper is to construct an early warning system by using EWMA chart to analyze and 

monitor the daily hospital admission performance during 3-year study period (1 January 2008-31 December 2010). 

In order to eliminate the effects of autocorrelation on the EWMA chart, the PW technique has been applied as an 

alternative approach to handle the presence of autocorrelation on the statistical control charts for daily hospital 

admission of children (less than 4 years) and elderly (above 65 years).Then, the EWMA chart with 

non-autocorrelated data is constructed to compare and monitor the performances of children and elderly hospital 

admission during baseline period (1 January 2008-31 December 2009) and monitoring period (1 January 2010-31 

December 2010). 

2. DATA  

The daily record of inpatient admission to a public hospital in Klang Valley from 1 January 2008 to 31 December 

2010 was obtained from the Department of Statistics, Malaysia (DOS). This study focuses on the admission of 

patients to daily hospitalization due to respiratory disease (ICD-10 code: J00-J99) and cardiovascular disease 

(ICD-10 code: I00-I99). Both diseases are listed among the top ten main causes of admission to government 

hospitals in Malaysia. This study classifies the daily inpatient admission into two age groups: Group     children 

(less than 4 years) and Group   : the elderly (patients aged above 65 years). Data are divided into baseline period 

(1 January 2008 to 31 December 2009 or 731 days) and monitoring period (1 January 2010 to 31 December 2010 or 

365 days).  

3. METHOD 

The key assumptions before setting up a SPC chart are the process data must be identically distributed and 

statistical independent against each other. When these assumptions are met, then control charts can be built and 

utilized effectively. Unfortunately, these assumptions are often violated in real practice. This is due to the influence 

of autocorrelation or serially dependent series in process data regardless of whether the data is discrete or 

continuous (Psarakis & Papaleonida, 2007). The term autocorrelation refers to the correlation relationship between 

successive data points. For positive autocorrelation, there is a tendency for high data points followed by high data 

points and low data points followed by low data points. Whereas, the influence of negative autocorrelation also 

refers to the tendency of high data points followed by low data points and vice versa. 

Such autocorrelation can occur for several reasons. One of the reasons is that due to current measurement and 

automated recording technology, a subset of samples can be taken with high frequency, with successive samples 

being similar and thus statistically correlated. Other subgroups of correlated samples occur when items 

manufactured by the employees exhibit similar characteristics as the machine operates, this process shows seasonal 

patterns due to material or weather, or change of employee alertness over time (Tasdemir, 2012). There exist many 

different techniques to handle the effect of autocorrelation in process data ((VanBrackle & Reynolds, 1997). An 

easy solution to solve the problem of autocorrelation effects is by taking the less frequent sampling. However, the 
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use of inefficient data can lead to a decrease in the performance of the control chart as limited data is likely to take 

longer time to detect the actual change in the process compared to all data. 

Other than that, there are two modifications methods to the traditional control charts for handling the effects of 

autocorrelation. First, control limits and parameter estimation methods are adjusted to take into consideration the 

autocorrelation effects in process data (VanBrackle & Reynolds 1997; Lu & Reynolds 1999). However, this 

approach only effective for the low autocorrelations effect. 

Compared to other models, AR models are most often used for time series data. This is because the AR model is 

able to illustrate the effect of the correlation between current time series data and previous time series data. This is 

also supported by previous studies focusing on the role of a lag-one autoregressive process or denoted as AR (1) on 

the control chart performance (Lu & Reynold, 1999; Guh, 2008; Karaoglan & Bayhan, 2011). AR (1) represents a 

model for correlating processes that considers the current data in relation to previous data. Model AR (1) can be 

written as, 

             (1) 

With    time series data at time  ,   is the autoregressive coefficient (      ) and t  is independent random 

variable which is normally distributed with mean  0 and constant variance. 

A. Pre-whitening technique 

Firstly, to investigate the stationarity of AR (1) process, the trend slope is estimated using the Theil-Sen
 
robust 

slope estimator method, 
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Where b  is the estimate of slope of the trend,   and    are the  th and  th observations respectively. Secondly, 

original observation is then detrended by removing any significant linear trend,         . Thirdly, the lag-1 

serial correlation coefficient (
1r ) of the detrended series, tY  is computed as  
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at the significance level of 0.10 for the two tailed–test, if the value of 
1r  falls within the confidence 

intervals,
        √   

   
    

        √   

   
, then the original observations are assumed to be serially independent 

and statistical control chart can be directly applied to the original observations.Otherwise, it is considered to be 

serially correlated and PW is used to eliminate the serial correlation from the detrended time series data as follows: 

  
           .  (4) 

The residual series,   
  after performing the PW procedure should be an independent series. 
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B. Exponentially Weighted Moving Average (EWMA) Chart 

The major disadvantage of the Shewhart chart is that it is less sensitive in detecting small changes in process data. 

This is because the Shewhart chart only uses the information obtained from the current point plotted in the chart and 

it ignores any information provided by the previous process data sequence. Therefore, additional sensitivity rules 

are developed to help any changes in process data more quickly (Montgomery, 2013; Anhøj, & Wentzel-Larsen; 

2018). Among the well-known rules include 4 Western Electricity rules, which are (i) one or more observations 

outside the control limits, (ii) two of three consecutive observations outside the 2-sigma limit but still within the 

control limits, four or five consecutive observations outside the 1-sigma limit and (iv) eight consecutive 

observations on the top or bottom of the middle line. Although the sensitivity rules increase the ability to detect 

small changes however, the number of false signals also increases much higher than the actual rates expected (De 

Vries & Reneau, 2010). 

This leads to the new development of alternative charts, namely the Exponential Weighted Moving Average 

(EWMA) Chart and cumulative sum (CUSUM) charts. In the EWMA and CUSUM charts, additional sensitivity 

rules do not need to be implemented as the two charts are more sensitive and able to detect minor changes in data 

processing and take into consideration past data (Flaig, 2014; Zwetsloot & Woodall, 2017). In literature, EWMA 

chart is more popular and it provides a simpler interpretation than the CUSUM chart (Steiner et al., 2010; Mughal et 

al., 2018). Therefore, the EWMA chart will be used in this study to monitor children and elderly hospital admission 

performance due to respiratory and cardiovascular diseases.  

The Exponentially Weighted Moving Average (EWMA) chart is useful in detecting small shifts in the process 

mean quickly. Given a sequence of observations              the value of        is defined as the following 

                      , (5) 

where 

    the weighting factor,        

         

             

The starting value is the process target,      . The lower control limit (LCL), the center line (CL) and the upper 

control limit (UCL) of the EWMA chart are given as 

          ̂ √
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where   determines the width of the control limits for the EWMA chart and its value is set equal 3 (the 3-sigma 

control limits) or chosen regrading to the tables given by Steiner (1999).  ̂  is the estimated standard deviation 

from the moving range chart,   ̂  
  

  
.  . In this study,       dan     are used as recommended by Scrucca 

(2004), Bisgaard & Kulahci (2005) and Krehbiel et al. (2013). 

4. RESULT AND DISCUSSIONS 

Table 1 shows the correlation coefficient, the 90% confidence interval and the status of the correlation coefficient 

in the daily hospital admissions data due to respiratory and cardiovascular diseases for both age groups from the 

period of 1 January 2008 to 31 December 2010. The last column in Table 1 shows the significant correlation 

coefficients which means there exists the autocorrelation effects in the original data series,   .  Therefore, the 

presence of autocorrelation effect should be eliminated using PW method in equation (3) to produce a new data 

series, presented by   . From Table 2,    data is proven to be independent after PW procedure has been 

implemented. Therefore, the EWMA chart is utilized to    data, to assess and monitor daily hospital admission data 

to due to respiratory and cardiovascular diseases. 

Table 1 Correlation coefficient   , 90% confidence interval and    status for daily hospital admission,    for both 

age groups 

Age Group Correlation 

coefficient    

 90% Confidence Interval    Status 

LCL UCL 

              0.4314 -0.0622 0.0595 Significant 

                    0.0807 -0.0622 0.0595 Significant 

 

Table 2 Correlation coefficient   , 90% confidence interval and    status of data    for both age groups 

Age Group Correlation 

coefficient    

 90% Confidence Interval    Status 

LCL UCL 

              -0.0448 -0.0622 0.0595 Not Significant 

                    -0.0002 -0.0622 0.0595 Not Significant 

 

The    data is divided into two sub-groups of data, which are historical data sets (731    data starting from 1 

January 2008 to 31 December 2009) and future data sets (365    data from 1 January 2010 to 31 December 2010). 

The comparison between the control charts between     data (before applying PW method) and    data (after 

applying PW method) are shown in Fig.1. 
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(a) Group    (    years) 

  

(b) Group        years) 

Figure 1 Control charts comparison before and after applying PW method 

Table 3 compares the number or percentage of anomalies points between    data (before pre-whitening) and    

data (after pre-whitening) in daily hospital admission due to respiratory and cardiovascular disease by age group 

from 1 January 2008 to 31 December 2009 (historical data sets). It is found that the number or percentage of the 

anomalies points in the    data control chart is lower than the    data with 10.40% or 159 anomalies point of the    

data to 83 anomalies point or 11.35% of the    data for group   . Meanwhile, group    recorded the smaller 

number of anomalies, from five signals or 0.68% (in    data) to three signals or 0.41% for    data. The presence of 

autocorrelation influences proved to cause an increase in type I error rate, tightening the control limit and 

subsequently resulting in the increase number of false signals than the actual number of signals.  In addition, the 

high rate of false alarms that could trigger chaos in the hospital environment and affect the hospital management 

system due to the existence of a misunderstanding of the actual situation of daily hospital admissions to hospital. 

Table 3 Comparison between no. or percentages of anomalies for    and    from 1 January 2008 to 31 December 2009 (historic data set) 

Age Group        

 

No. of 

Anomalies 

(%) No. of 

Anomalies 

(%) 

              159 21.75 83 11.35 

                    5 0.68 3 0.41 
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The identified anomalies points are then eliminated, and the process of calculating and plotting control limits is 

repeated to achieve a stable control chart, until all the data are in a control limit. Based on the control limits built in 

Phase I, future data sets are used for monitoring process in Phase II to determine whether the patient's admission to 

the daily hospital is getting better, staying at the same or worse level. Fig.2 shows the control charts involving 

Phase I and Phase II in both age groups. 

 

(a) Group    (   years) 

 

(b) Group    (≥ 65 years) 

Figure 2 Control chart on hospital admission for Group    and    (Phase I & Phase II) 

Table 4 lists information of the number, date and day of the extreme high anomalies point in Phase II. A total of 17 

extreme high anomalies points were recorded for the group    in Feb, Sep and Oct. While both out-of-control 

signals for the group    occurr on 23 Feb 2010 and 17 Sep 2010. In order to improve the performance and service 

of daily hospital amission, further action and investigations should be carried out for identify and understand the 

causes of the change in the number of hospital admissions to daily hospitalization due to respiratory and 

cardiovascular diseases in Phase II. It can be clearly seen that most out-of-control signals occur on weekdays, with 

high extreme anomalies recorded highest on Tuesday and Friday (21.05%), followed by Wednesday (15.79%) and 

Sunday, Monday, Thursday Saturday (10.53%). For a high percentage of extreme anomalies by month, the 

percentage of high extreme anomalies is highest recorded in September and October by 36.84%. However, there is 

no high extreme anomalies occurring in other nine months (Jan, March, April, May, June, July, August, November 

and December). Through effective monitoring process, the hospital management is able to plan strategies and 

address the issues of resource allocation in the hospital such as the provision of equipment, labor, beds, wards and 

medical supplies especially during working days and months that exhibit high extreme anomalies signal.  

Table 4 Number of extreme high anomalies with specific date and day in Phase II  (1 Jan.2008 to 31 Dec.2010) 

Age 

Group 

No. of 

anomalies 

Date Day Month Date Day Month 

   

(< 4 

17 17-02-2010 Wed Feb 28-09-2010 Tue Sep 

 

18-02-2010 Thu Feb 19-10-2010 Tue Oct 
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years) 

 

19-02-2010 Fri Feb 20-10-2010 Wed Oct 

 

25-02-2010 Thu Feb 22-10-2010 Fri Oct 

 

22-09-2010 Wed Sep 23-10-2010 Sat Oct 

  

24-09-2010 Fri Sep 24-10-2010 Sun Oct 

  

25-09-2010 Sat Sep 25-10-2010 Mon Oct 

  

26-09-2010 Sun Sep 26-10-2010 Tue Oct 

  

27-09-2010 Mon      Sep    

   (≥    

years) 

2 23-02-2010 Tue Feb    

 

17-09-2010 Fri Sep    

 

5. CONCLUSION 

The study covered two major issues in assessing and monitoring the number of children and elderly hospital 

admission during the 3-year study period. The first issue discussed was related to the autocorrelation effect inherent 

in the data processing that were interconnected with each other. The effect of autocorrelation needs to be dealt with 

when constructing the control chart as it produces tighter control limits than required and consequently resulting in 

a false warning rate higher than the expected rate. This is evidenced in Figures, where the number and percentage of 

the anomalous points out of control limits for original data series,      are more than new data series (  ). 

Therefore, the influence of autocorrelation can not be neglected and should be importantly treated when setting up 

a control chart. In hospitals context, high false warning rates can caused chaos in the hospital and thus affect 

hospital management due to misunderstanding on the actual performance of daily hospital admissions. 

The second issue discussed in this study is the construction of a statistical control chart that is able to graphically 

illustrate the number of hospital admissions from day to day. Apart from offering statistical analysis and concise 

interpretation, it also acts as an early warning to monitor whether the admission of the patient to the hospital is in 

normal condition or vice versa. A total of 17 points of anomalies were recorded for the group    while 2-point 

anomalies were recorded by group group     with most of the outgoing signals occurring on weekdays rather than 

weekends. Percentage of high extreme anomalies by month was recorded highest in September and October. 

Continuous monitoring of patient admission to the day-to-day hospital allows all parties to improve the current 

situation and be more prepared to accommodate future hospital admission requests. Knowledge and understanding 

of the factors involved provide opportunities for assessment and improvement of the hospital management and 

services system from time to time. 
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