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                       Abstract 

 
Time series ARIMA model is applied to students’ enrolment data of the 

University of Lagos from 1962 to 2012 to check the stability and detect relatively small 
shift in the admission process mean.  The descriptive statistics of the data was 
presented. The data was modeled using ARIMA (0, 1, 1) and (2, 1, 2). The R square 
for ARIMA (0, 1, 1) is 37.24% and ARIMA (2, 1, 2) is 52.84% for the undergraduate. 
The postgraduate enrolment ARIMA (0, 1, 1) is 57.73% and ARIMA (2, 1, 2) is 
62.73% respectively. The result shows that the undergraduate and postgraduate were 
out of control due to the common cause such as incremental rate in the admission 
process. Also, the special-cause plays an important role which is decay in the 
facilities, inadequate staff and equipments for teaching and research. The model 
diagnostic check indicates that ARIMA (2, 1, 2) was more fitted than ARIMA (0, 1, 1).  
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1.0    Introduction 

Control charts are used to detect anomalies in processes. They are most often used to monitor production-related 
processes. Samples taken from such processes are assumed to be independent and identically distributed. Many business-
related processes, for instance sales volumes or product prices, behave very differently. They typically contain a trend, local 
or global, and serial correlation.  The control chart helps in keeping processes in control by focusing or monitoring the key 
quality characteristics or variables. There are two phases of control charting in SPC, Phase I and Phase II. In Phase I analysis, 
historical observations are analyzed to determine whether the process is in control, to understand the sources of variation in 
the process, and to estimate the in-control parameters of the process. In contrast, Phase II control charting aims at on-line 
monitoring of future observations by using the control limits, constructed based on the estimated in-control process 
parameters from Phase I, to determine if the process continues to be in control. The objective of Phase II analysis is to 
quickly detect process changes. Obviously, a successful Phase II process monitoring depends heavily on a successful Phase I 
analysis. When the process is changed by some assignable causes, an effective control chart should be able to detect the 
changes quickly and signal requests for investigation. If assignable causes are found, then subsequent corrective actions 
should be taken to eliminate them. Substantial work has been done over the years on various charts such as  Shewhart-type 
charts based on the generalized variance [1 – 8] and multivariate exponentially weighted average (MEWMA) control charts  
[9 – 13]  on Time-Series. This paper focused on ARIMA (p, d, q) modeled to know whether the process is stable or to detect 
relatively small shift in the admission process mean of the University over the years. The remainder of the paper is organized 
as follows: Section 2 presents Autoregressive integrated moving average (ARIMA) model, section 3 presents The Data and 
Method, section 4.0 is Discussion and section 5.0 presents the Summary and conclusion. 
 
2.0 Autoregressive integrated moving average (ARIMA) model  
Autoregressive integrated moving average (ARIMA) model is a generalization of an autoregressive moving average (ARMA) 
model. These models i.e. ARIMA and ARMA are fitted to time series data either to understand the data or to forecast points 
in the series. They are applied in some cases where the data exhibit non-stationarity, where an initial differencing step  
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(corresponding to the "integrated" part of the model) can be applied to remove the non-stationarity. ARIMA models are 
generally represented by ARIMA (p, d, q) where parameters p, d, and q are non-negative integers that refer to the order of the 
autoregressive, integrated, and moving average parts of the model respectively. ARIMA models form an important part of the 
Box-Jenkins approach to time-series modeling [14]. Autoregressive Integrated Moving-Average (ARIMA) models consist of 
unit-root non-stationary time series which can be rendered stationary by the differencing operator. They are useful models in 
real applications. The well-known exponential smoothing model for forecasting is just a special case of ARIMA (0, 1, 1) 
models.  
 
2.1. ARIMA (0,1,1) Model 
This is perhaps the most commonly used model in forecasting. It is the exponential smoothing model. The general form of 
the model is  

Zt − Zt−1 = c + at −θat−1, with |θ| < 1.        (1) 
Following the common practice, we shall assume c = 0. Since the model is invertible, the Π-weights are Πi = θi−1(1 −θ) for i  
≥1. Thus, 
  Zt = (1- θ)Zt−1 +θ(1−θ)Zt−2 +θ2(1−θ)Zt−3 + · · · + at = ∑ �������� 	1 − ��
��� + ��   (2) 
The current value Zt is, therefore, a weighted average of the past values plus an innovation. The weights decay exponentially 
at the rate �. As will be seen later in forecasting, such a weighted average makes common sense as the most recent past 
values are more relevant than the remove past in determining the current value. If 0 < �< 1, the weights remain positive. This 
is the exponential smoothing model in the forecasting literature. The only difference is that in the forecasting literature the 
rate � is determined usually by minimizing sum of squares of one-step ahead forecast errors or by pre-specification. In time 
series analysis, we often estimate � by the (exact) maximum likelihood method. The � -weights of the model are �� = (1−�) 
for all i > 0. Thus,  

Zt = at + (1−�) at−1 + (1 − �)at−2 + · · ·        (3) 
It is seen that the effect of past innovations on Zt is persistent, but at a discounted rate 
(1−�) when � > 0. 
This integrated moving average model can also be viewed as follows: The “true” time series is a random walk  

Y t − Yt−1 = bt           (4) 
where {bt} is a Gaussian white noise process with mean zero and variance ��� .However, we cannot observe Yt directly. 
Instead, what we observe is contaminated by an independent Gaussian white noise {et} with mean zero and variance ���, i.e. 

 Zt = Yt + et.           (5) 
where et is a measurement error such as rounding error. By applying (1 − B) to Zt, we have 
  (1 − B)Zt = (1 − B)(Yt + et) = bt + (1 − B)et = bt + et − et−1.     (6) 

Let wt = bt + et − et−1. It is easily seen that  
E(wt) = 0, Var(wt) =��� + ���,         (7) 

and 

Cov���,����� = � −��  ��  ! = 1
   0       ��  ! > 1$        (8) 

Thus, wt is an MA (1) process and can be written as wt = at−θat−1 where {at} is a Gaussian white noise series with parameters 
� and �� satisfying 

(1 + ��)�%� = ��� + ��� and ��%� = ���       (9) 
 
Consider an AR (p) time series, say 

 ∅(B)Y t = bt.           (10) 
Very often we cannot observe Yt precisely. Instead, only a contaminated version of it is observed, say (5) above. Here, 
among many possible sources, et can simply represent a measurement error which, for simplicity, is serially uncorrelated. 
Then, we have 

 ∅ (B)Zt = ∅ (B)(Yt + et) = bt + ∅ (B)et.        (11) 
It is easy to check that the right hand side of the prior equation is an MA (p) process. Therefore, Zt follows an ARMA (p, q) 
model. This is one of the reasons for using MA models. This point, however, appears not to be fully appreciated in the 
economic literature. Of course, MA parameters are usually hard to interpret and the AR models are “relatively” easier to 
estimate. 
 
2.2 ARIMA (0, 2, 2) Model 
Another model often used in forecasting is the ARIMA (0, 2, 2) model 
  (1 − B)2 Zt = (1 −�1B – ��'�)at         (12) 
where the zeros of �(B) are outside the unit circle. Write the model as  

(1 − B)(1 − B)Zt = (1 − (�)(1 −(�)at        (13) 
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and define a new time series  
Wt by (1 − B)Wt = (1 − (�)at.         (14) 

Clearly, this newly defined series is an exponential smoothing process. That is, Wt follows an ARIMA (0,1,1) model. It 
is also easy to see that (1 − B) Zt = (1 −(�) Wt, saying that Zt is an exponential smoothing model with an exponential 
innovational series. Thus, Zt is referred to as a double exponential smoothing model. It is informative to calculate the )-
weights and *-weights of this ARIMA (0, 2, 2) model. 

In statistical process control, [15] opined that ARIMA models are used for process improvement by identifying the 
common causes in auto correlated behavior. Statistical process control (SP) is known as a random process-that is, a process 
generating independent and identically distributed (iid) random variables. Once a state of statistical control is attained, 
departures from statistical control may occur. These departures are usually seen in extreme individual observations (outliers) 
or deviant sequences of observations (runs above and below a level or runs up and down).  Also, according to [15], 
departures from a state of statistical control are discovered by plotting and viewing data on a variety of control charts, such as 
Shewhart, cumulative sum (CUSUM), exponentially weighted moving average (EWMA), and moving-average charts. These 
departures could be special causes - introduced by [16] or common causes - suggested by[17]. 
 
3.0 The Data and Method 

The data for this research work was collected from the Academic planning unit of the University of Lagos on the 
students admitted into both undergraduate and postgraduate programmes of the Institution from 1965 to 2011. There were 
two faculties at the start of the University and as a result of growth over fifty years; the Institution has been able to have 
twelve faculties altogether including College of Medicine. The University has eighty-three (83) departments all together.  The 
School of Postgraduate of the University of Lagos has eighty-three (83) programs which cut across all the departments in the 
University. The data was modeled using ARIMA (p,d,q) to detect changes and stability  in the admission process of the 
University of Lagos over the years. The control chart for the process was developed and prediction was made. 
 
4.0  Results and Discussion  
The model for ARIMA (0, 1, 1) is  

X t = Xt−1 +0.400εt          (15) 
 and the ARIMA (2,1, 2)  is of the form 
 Xt = 187.214 + 0.0009Xt−1 – 0.77999Xt−2  +0.395εt-1- εt-2     (16) 
 

The Table1 shows the result of ARIMA (0, 1, 1) that the t-statistic of parameter MA1 and their associated p values is not 
statistically significant. This implies that when the time series model is correctly specified the Autocorrelation function 
(ACF) and the Partial Autocorrelation function (PACF) of error series should be significantly different from zero. Table 2 
result shows that ARIMA (2, 1, 2) has a t-statistic of parameters AR2, MA1, MA2 and their associated p values are 
statistically significant. This implies that ACF and the PACF of error series is not different from zero. Furthermore, the 
results of descriptive statistics has a sample mean of 3615.61 with a confidence interval of (2129.11, 5102.10) for ARIMA (0, 
1, 1) while ARIMA (2, 1, 2) has a sample mean of 3625.78 with a confidence interval of (1612.14, 5639.43).This implies that 
ARIMA (2, 1, 2) has a wider length than the ARIMA (0, 1, 1) when looking at the confidence interval. Also, the mean of 
ARIMA (2, 1,2) is greater than that of ARIMA (0,1,1) 

 
Table 1: ARIMA (0, 1, 1) Parameter Estimates 
Term Lag Estimate Std Error t Ratio Prob>|t| 
MA1 1 0.40078793 0.1973708 2.03 0.0516 
Intercept 0 163.854085 140.38989 1.17 0.2527 
 
Table 2: ARIMA (2, 1, 2) Parameter Estimates 
Term Lag Estimate Std Error t Ratio Prob>|t| 
AR1 1 0.00090602 0.0328767 0.03 0.9782 
AR2 2 -0.7998832 0.122621 -6.52 <.0001 
MA1 1 0.39464846 0.1202438 3.28 0.0029 
MA2 2 -1 0.1837452 -5.44 <.0001 
Intercept 0 187.214829 167.41238 1.12 0.2737 
Constant Estimate 336.795198 
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Tables 3&4 are the summary for undergraduate and the post graduate enrolments from 1965 to 2011. The time series 

ARIMA models for (0, 1, 1) and (2, 1, 2) was applied to the data. The result for undergraduate enrolment shows that the R 
square for ARIMA (0, 1, 1) is 37.24% and ARIMA (2, 1, 2) is 52.84%. Also, for the postgraduate enrolment for ARIMA 
(0,1,1) is 57.73% and ARIMA (2,1,2) is 62.73%.The implies that ARIMA (2,1,2) was more fitted than ARIMA (0,1,1). The 
model was both stable and invertible.   
 
Table 3: Model Summary for Undergraduate Enrolment Data 
Model ARIMA (0, 1, 1) ARIMA (2, 1, 2) 
DF 29 26 
Sum of Squared Errors 50024068 34040738.5 
Variance Estimate 1724967.86 1309259.17 
Standard Deviation 1313.38032 1144.22864 
Akaike's 'A' Information Criterion 449.182288 446.634133 

Schwarz's Bayesian Criterion 452.050263 453.804069 
R Square 0.37247883 0.52842026 
R Square Adj 0.35084017 0.45586953 
-2LogLikelihood 443.289958 435.394084 
Stable Yes Yes 
Invertible Yes Yes 
 
Table 4: Model Summary for Postgraduate Enrolment Data 
Model ARIMA (0, 1, 1) ARIMA (2, 1, 2) 
DF 29 26 
Sum of Squared Errors 13283010.4 11137459.6 
Variance Estimate 458034.843 428363.83 
Standard Deviation 676.782714 654.495095 
Akaike's 'A' Information Criterion 408.075717 411.999574 
Schwarz's Bayesian Criterion 410.943691 419.16951 
R Square 0.57729887 0.62725528 
R Square Adj 0.56272296 0.56990993 
-2LogLikelihood 403.064432 399.64229 
Stable Yes Yes 
Invertible Yes Yes 
 

The Figures1&2 is based on the assumption that there is no correlation between successive observations. However, since 
the assumption of independence of observations is questionable in admission process in the University, existence of 
autocorrelation should be investigated in the first place for both undergraduate and postgraduate data collected. The 
individual control chart plot of observed undergraduate enrolment showed that six points were out of control. The plot 
reveals that the first three years of the University enrolment were out of control. The enrolment was also shown out of control 
in 1998/1999, 2001/2002 and 2002/2003 sessions. The individual observed control chart for postgraduate enrolment also 
reveals that the first four years of enrolment were out of control. The enrolment was statistically out of control in 1992/1993, 
2001/2002, 2007/2008 and 2010/2011 sessions. Further, chart of common and special causes are carried out to detect in the 
statistical process (SP) if any inherent cause regarding the lack of control in the process. 
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Fig1: Control chart for individual undergraduate   

    

Fig 2: Control chart for individual Postgraduate  
The autocorrelation function and the partial autocorrelations function in the figures 3, 4, 5 and 6 above show that the plots 
indicate positive correlation in the observations. Since there is a serious amount of autocorrelations in the data, an ARIMA 
model should be fitted in to them. Also, before the ARIMA model is fitted the trend analysis was carried out since 
identification process for Autoregressive (AR) and Moving Average (MA) requires stationary series. The result of the 
Autocorrelation function and the partial autocorrelation function reveals that there is no indication of the presence of the 
trends since ACF and PACF decay fast to zero after the first few lag. Therefore ARIMA (0, 1, 1) and ARIMA (2, 1, 2) model 
should be fitted and the series is stationary. 
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Fig3:Autocorrelation for undergraduate     

             
 Fig 4:Autocorrelation for postgraduate 

               

 

 

 

  

 

 

 

Fig 5: PartialAutocorrelation for undergraduate 
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   Fig 6: Partial Autocorrelation for postgraduate 

The charts for ARIMA (0, 1, 1) and ARIMA (2, 1, 2) were plotted in the figures 7&8. The result shows that the statistical 
control chart based on the fitted values of ARIMA (2, 1, 2) showed evidence of a better understanding of the common-cause 
of the University enrolment system than the ARIMA (0, 1, 1) model. Nine (9) data were out of control in ARIMA (0, 1, 1) 
model and eight (8) data were out of control in ARIMA (2, 1, 2). The confidence intervals implied that all points are within 
these limits. Generally, from visual examination, it is observed that the series is obviously out of control, with strong 
evidence of positively auto-correlated behavior (see also Box and Jenkins (1976).  This implies that corrective actions are 
needed to control undergraduate 

 
Fig 7: Control chart based on ARIMA (0, 1, 1) 
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Fig 8: Control chart based on ARIMA (2, 1, 2) 
 

Figures 9&10 showed Special-Cause Chart, which is the sequence Plot of Residuals, based on ARIMA (0, 1, 1) and ARIMA 
(2, 1, 2). The chart depicts that one individual points-observation 21 was out of control in ARIMA (0, 1, 1) and ARIMA (2, 1, 
2) had no points out of control Since the residual has been estimated with no violation of control limits, it has taken care of 
case of assignable causes. Also in term of stability when we compare Fig. 9 and Fig. 10 we can see that ARIMA (2, 1, 2) is 
less stable than ARIMA (0,1,1).  This further implied that there is no inherent special-cause in the undergraduate enrolment 
process system in University of Lagos.  
Figures 11&12 of postgraduate enrolment process showed the sequence plot of residuals, based on ARIMA (0, 1, 1) and 
ARIMA (2, 1, 2). The chart depicts that one individual points-observation 27 was out control in ARIMA (0, 1, 1) and 
ARIMA (2, 1, 2) has no points out of control. 

 

 

 

 

 

 

 

 

 

 

 

 

Fig 9: Undergraduates Control chart of residual based ARIMA (0, 1, 1)   
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 Fig 10: Undergraduate Control chart of residual based ARIMA (2, 1, 2) 

   
        Fig 11: Postgraduates Control chart of residual based ARIMA (0, 1, 1) 

        
   Fig 12: Postgraduate Control chart of residual based ARIMA (2, 1, 2) 
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The Figure13&14 of ARIMA (0, 1, 1) and (2, 1, 2) shows that the undergraduate control chart was out of control due to 
the common cause such as incremental rate in the admission process. The issue of the special causes also plays an important 
role in the process such as decay in infrastructural facilities such as laboratories, lecture theaters and Libraries. The control 
charts in Figure15&16 show that ARIMA (2, 1, 2) gives a better understanding of the common-cause of the postgraduate 
enrolment system than the ARIMA (0, 1, 1) model. Furthermore, the results of descriptive statistics for ARIMA (0, 1, 1) gave 
sample mean of 3615.61 with a confidence interval of (2129.11, 5102.10) and ARIMA (2, 1, 2) gave a sample mean of 
3625.78 with a confidence interval of (1612.14, 5639.43).  

                       

 

 

 

 

 

 

Figure 13: Common Cause for undergraduate on ARIMA (0, 1, 1)   

 
Figure 14: Common Cause Chart for undergraduate based on ARIMA (2, 1, 2) 

               
 

 

 

 

 

 

 

Fig15: Common Cause Chart based on ARIMA (0, 1, 1)   
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Fig 16: Common Cause Chart based on ARIMA (2, 1, 2) 
 
5.0. Conclusion 

The t-statistic of parameters AR2, MA1, MA2 and their associated p-values is statistically significant. This implies that 
when time series model is correctly specified the ACF and the PACF of error series should not be significantly different from 
zero. Also, the results of descriptive statistics has a sample mean of 3615.61 with a confidence interval of (2129.11, 5102.10) 
for ARIMA (0, 1, 1) and ARIMA (2, 1, 2) has a sample mean of 3625.78 with a confidence interval of (1612.14, 5639.43). 
The autocorrelation function and the partial autocorrelations functions show that the plots indicate positive correlation in the 
observations. The result of the Autocorrelation function and the partial autocorrelation function reveals that there is no 
indication of the presence of the trends since ACF and PACF which decayed fast to zero after the first few lags. The result of 
the ARIMA (0, 1, 1) and ARIMA (2, 1, 2) model show that specific corrective actions are needed to control enrolments. 
ARIMA (2, 1, 2) gives a better stability than ARIMA (0, 1, 1).  
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