
Global Journal of Pure and Applied Mathematics. 
ISSN 0973-1768 Volume 11, Number 6 (2015), pp. 5075-5088 
© Research India Publications 
http://www.ripublication.com 
 
 

A Hybrid Markov Chain Model of  
Manpower Data 

 
Rahela Rahim 

Associate Professor, School of Quantitative Sciences 
Universiti Utara Malaysia, Sintok, Kedah, Malaysia 

e-mail: rahela@uum.edu.my 
 

Haslinda Ibrahim 
Associate Professor, School of Quantitative Sciences 
Universiti Utara Malaysia, Sintok, Kedah, Malaysia 

E-mail : linda@uum.edu.my 
 

Sahubar Ali Nadhar Khan 
Lecturer, School of Quantitative Sciences 

Universiti Utara Malaysia, Sintok, Kedah, Malaysia 
E-mail : sahubar@uum.edu.my 

 
Shafawati Saad 

Lecturer, Mathematical Engineering Institut 
University Malaysia Perlis, Campus Pauh Putra, Arau, Perlis, Malaysia 

E-mail : shafawatisaad@gmail.com 
 

Abstract 
A hybrid model based on Markov chain and data interpolation is proposed for 
evaluating the manpower recruitment policy in higher learning institution. The 
model is developed and analysed on Excel spreadsheet. Based on the model, 
the new estimation of the states transition matrix for each category of 
manpower driven by interpolation technique is devised. The recruitment 
policy changes require some data needs modification while other data remains. 
This dataset are numerically intractable. But the revised transition matrix of 
Markov chain can be substituted by an interpolated data for which a revised 
transition probability matrix can be used as an equation solver to calculate 
mean time estimation for each category of manpower. The hybrid model 
results are then compared to the classical Markov chain result for both old and 
new policies by means of mean time estimation.Two scenarios were 
considered in the study; scenario 1 was based on historical data pattern 
between year 1999 – 2014 and scenario 2 was based on RMK 9 policies. The 
results showed the possibility average length of stay by position and 
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probability of loss for both scenarios. The greater impact is expected for 
average length of stay of senior lecturers compared to other faculty position 
considering the new policy. 
 
Keywords: Markov chains, Excel spreadsheet, matrix transition diagram, 
interpolation. 

 
 
Introduction 
Year 2015 providing an apt background for higher learning institution to reinvent their 
academic staff or faculty appointment policy. The first mission stated by MOHE 
(Ministry of Higher Education) is to create a strategic and systematic plan for higher 
education. With 900,000 students pursuing higher education in 20 public universities, 
33 private universities and university colleges, 4 foreign university branch campuses, 
22 polytechnics, 37 community colleges and about 500 private colleges (Source: 
MOHE), it is the responsibility of each institution to remain its competitiveness. The 
management of the learning institution should be able to manage all the important 
elements that serve as the catalyst for the institutional development. 
Obviously manpower is one of the crucial factor in achieving the mission and also an 
aid to the institutional planning process.. Earliest manpower analysis models in higher 
learning institutions were developed in Berkeley campus of University California [2]. 
The analysis contributes issues of staff recruitment, retirement, and retention towards 
improving recruitment success, faculty retention, and better planning for future 
campus faculty hiring needs. By understanding the manpower behaviour, management 
of the university can make a plan for the future. Central aspect of manpower planning 
problems lays in lecturers’ shortages ([3],[2]). These shortages are reasoned by no 
commensurate of supply and demand of lecturers as it comes from poor recruitment 
by management in flow of lecturers in faculty.  
Manpower planning in Higher learning institution in Malaysia has been an important 
issue especially in management. Basically the manpower planning analysis has been 
done using management approach. Other study on manpower planning in Malaysia is 
health manpower forecasting in Malaysia [4]. To meet the demand for higher 
education and to stem the outflow of foreign exchange, the government during the 
Sixth Malaysian Plan, 1991-1995, adopted a policy of expanding the role of the 
private sector as a provider of higher education. This was within the wider policy 
framework of promoting the private sector as a provider of higher education [5]. 
Because of this policy, more private universities appear and has become competitors 
to the public universities. Interesting offers from private universities and business 
organization attract more lecturers to resign from public universities. If careful 
attention is not given to forecast the impact of this scenario, public higher learning 
institution will face problem in recruiting and maintaining their academic staff of 
good quality. Indirectly this will influence their student’s academic performance.  
Based on the existing scenario, especially in the Malaysian context, some of the 
academic flow related questions decision makers must think of in long term planning 
of the institution are; 
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a. What will the academic staff demographics such as rank mix, look like in the long 
term. 

b. What will the average length of stay of academic status look like in the long term 
if the current appointment policy is maintained? If it is changed? 

Academic flow modeling can help answer these questions quickly. Once the questions 
have been answered, they will be used for faculty planning. Government has also 
considered an effort to improve the faculty employment in the public universities by 
introducing a new policy in RMK-9 (Malaysia 9th Planning) policies. The new policy 
stated that in the RMK-9, the status rank of lecturer should be decreased by 10% 
while senior lecturers and associate profesors should be increased by 70%. The 
question arise here was whether the new policy will have an impact on the distribution 
number of faculty with diverse status rank as compared to the present policy. 
Any investigation on the faculty flow of an institution must take account for 
institutional policies and plans [23]. A model begins in analysing with the presence of 
historical data and also parameters for alternative personnel plans and the policies 
which is also known as variables [23]. The variables are distinguished by three 
planning variables which are the activity, stock and price variables. In terms of supply 
and demand, planning variables are categorized as activity variables. Activity 
variables are defined as almost anything that goes on at a university during a 
particular period of time. Since activity variables can be measured in terms of quantity 
per unit of time, they should be viewed as “flows” [27]. Thus, planning variables are 
important in the faculty flow. [26] stated that, the purpose of using planning variables 
is to investigate the influence of variables to the faculty flow. In this research, several 
variables will need to be considered in developing a faculty flow model. From 
previous studies, there are many variables used in faculty flow model.  In Berkeley 
Campus of the University of California, variables used in the faculty flow model are 
tenured, untenured and retirement [35]. [19] developed a faculty cost and tenure 
model which involves the variables which are rank status, percentage at each rank, 
years of service required for tenure at each rank, present salary by rank, percentage of 
salary allocated for fringe benefits and average salary increases by rank. Meanwhile, 
several researches that have developed faculty flow models for Stanford University, 
Oregon State University, Capitol Campus (Pennsylvania State University), Michigan 
State University as well as Auburn University found that these universities have 
similar variables which are tenured, untenured, rank status, age, resignation, 
retirement, quit and death ([16],[27],[34],[23]). In this study, we focus on rank status 
and age as these two variables are related to the change of policy that is currently 
being the issue. Many studies model manpower flow using Markov chain in variety of 
field such as personnel planning by [36], military [38], management [25], healthcare 
[32] and education ([34],[23],[14]) 
Other method to model manpower flow can be found in studies such as equilibrium 
model ([35],[16]), Bowen and Sosa model [37], Cohort model ([33],[29]), simulation 
model ([38],[32],[30],[24]), System dynamic ([21],[22],[17]). Most studies focus on 
the application of Markov chain model in flow projection and mean time analysis.  
Recently, studies in Markov chain model have been on improving the forecasting 
ability by hybridising it with other potential method such as in ([28],[18],[20]). The 
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hybrid approaches are all meant to supplement the Markov chain capabilities in data 
flow forecasting. Therefore in this study, we integrate the interpolation technique in 
the Markov chain model for modeling manpower flow in order to identify the 
recruitment and promotion behavior for academic staff in higher learning institutions. 
To increase the model flexibility a matrix form or high order Markov structure is 
used, which takes into account a few number of faculty categories in order to 
determine the next faculty flow. The underlying rational behind this approach is that 
although the promotion of staff is random, it generally follows a probabilistic pattern 
which might be captured by a rich Markov model. Therefore high order model, in 
which the next flow depends on the recent history, say for the last few years seems 
more appropriate, as a modeling tool. The problem is that when changes required for 
some categories other categories are assumed to remain the same. Practically, this 
may seems impossible in real situation. Our basic approach to overcoming the 
constant states where some states are modified according to policy change has two 
key components (a) assign the respective state value to a new value as required by a 
new policy, (b) use interpolation technique to interpolate other states value. The steps 
identify new states value and form a matrix transition diagram of interpolated states 
value that can be used for forecasting. 
 
 
Motivation of the Study 
A Markov chain model is considered for modeling manpower flow in order to identify 
the recruitment and promotion behavior for academic staff in higher learning 
institutions. To increase the model flexibility a matrix form or high order Markov 
structure is used, which takes into account a few number of faculty categories in order 
to determine the next faculty flow. The underlying rational behind this approach is 
that although the promotion of staff is random, it generally follows a probabilistic 
pattern which might be captured by a rich Markov model. Therefore high order 
model, in which the next flow depends on the recent history, say for the last few years 
seems more appropriate, as a modeling tool. The mixture transition distribution 
(MTD) was introduced by Raftery for high order Markov chain model. It is flexible 
and can represent a wide range of dependence pattern [6,7,8], however MTD model 
assumed homogeneous transient states. Later Ching, et. al extended Raftery model 
with non-homogeneous transient states. We consider the non-homogeneous transient 
states for generating the possible states transition diagram when certain states required 
a fixed change. The problem with the current application of Markov chain is when 
changes required for some categories other categories are assumed to remain the 
same. Practically, this may seems impossible in real situation. Our basic approach to 
overcoming the constant states where some states are modified according to policy 
change has two key components (a) assign the respective state value to a new value as 
required by a new policy, (b) use interpolation technique to interpolate other states 
value. The steps identify new states value and form a matrix transition diagram of 
interpolated states value that can be used for forecasting. Early studies of this 
approach can be found in [10, 11, 12].  
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Data and Model Design 
The data are collected from the registrar office at the university, the detail of academic 
staff such age and status ranks are used in the model design. The data contains about 
1033 individuals and for each of the user there are three categories of rank and five 
sub-categories of age interval. Considering these categories as 3 blocks of 5 sub-
blocks. The block of staff categories are treated as training data. Suppose that training 
data consist of 5 sub-blocks including 5 A (Lecturer), 5 B (Senior Lecturer), and 5 C 
(Associate Professor). Then K = 3 and 22 27  , 2833 , 34 39 , 40 45 , 46 51 . Let ; 1,2, …  
be data arranged in sequence taking values in the state space  ,  ,   , , , the transition probabilities of an l-th order Markov chain as proposed by 
Raftery (1985) and Raftery and Tavare (1994) can be written as \ , … , \    1, 2, … (1) 
 
 Where \ ; , 1,2, … ,  and , 1,2, … ,  satisfy \ 0, , 1, … ,  and ∑ \ 1, 1, … , .  
 0, 1,2, … ,  and ∑ 1 
 
The model is known as a Mixture Transition Distribution (MTD) model. The 
advantage of MTD model is the reduction of the number of parameters, from 1  to 1 1. It should be noted that (1) can be re-written as 

  

 
Raftery model assumed . Later, Ching et. al (2013) have extended 
the MTD model by varying the , that is  and the total number of 
independent parameters in the new model is . However in this study we 
present a different method to estimate the parameter . Our method used Lagrange 
interpolation to estimate . To estimate , that is the i-th step transition matrix of the 
categorical data sequence . Given , we can calculate the transition frequency 

 in the sequence from state l to state j in the i-step. Hence the i-step transition 
matrix for the sequence  can be constructed as follows. 
 

    (i) 

Where ∑ ∑  and     ∏   , n = mxm  (ii) 
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From ,  can be estimated as follows: 
 

where ∑       ∑ 00                    otherwise     (iii) 

 
The following proposition extends the proposition of estimators by Ching et. al and 
shows that these estimators are unbiased. 
Proposition: The estimators in (iii) satisfy   

 
Proof. Let T be the length of sequence,  be the i-step transition probability 
matrix and  be the steady state probability that the process is in state l. Then we 
have 
 .     (iv) .  

.  

 
Let 

 

Therefore               . 1  . . .  .  

Then from (iv)         
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Hence satisfy that the proposed interpolated estimators are unbiased. 
 
 
Data Collection and States Transition Diagram 
We have prepared the worksheet displays the states transition matrix of 5 years 
transition of staff categorized by rank and age as shown in figure 1. Two alternative 
scenarios were proposed in this study. The first scenario considers the policy of 
promoting the academic staff remain the same as in year 1999-2014. Therefore the 
transition probabilities developed from the previous five years of data would hold. 
The second scenario considered the new policy suggested by the government that the 
appointment of lecturer should be decreased by 10% while senior lecturers and 
associate professors should be increased by 70%. In this model the transition 
probabilities would change according to the respective change in the number of 
academic staff appointed.  
 

 
Figure 1. States Transition Diagram of Scenario 1 

 
The data frequency in the transition probability matrix of scenario 1 is arranged 
ascendingly and the minimum, median and maximum data are selected. The data is 
then refered to which category of staff they are in and later assigned to a new 
frequency as stated by the rule in scenario 2. For example, the median is 17 and falls 
on state B(40-45). The new policy indicated that the category should be raised by 
70%. Therefore the median is assigned to new data frequency, 29. Based on the 
observed frequency and the three assigned frequency in Table 1, a new set of 
interpolated data are generated using quadratic interpolation formula as in Figure 2. 
Later, the obtained interpolated data are arranged accordingly to their states and a new 
states transition matrix is developed as shown in Figure 3. 
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Table 1.Interpolated state of scenario 2 

 
 

 
 

Figure 2. Interpolated transition data for each state based on Scenario 2 policy 
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Figure 3. Interpolated States Transition matrix categorized by state such as age 
interval and status. 
 

 
Figure 4. Transition Probability matrix of Interpolated data categorized by state such 
as age interval and status. 
 The new developed interpolated data transition matrix is transformed into 
transition probability matrix as shown in figure 4 using equation (iii). 
 
 
Result and Analysis 
Matrix transition probability for data distribution of year 1999-2014 was used to 
project faculty distribution. The assumption was the historical patterns for 1999-2014 
will continue if policy of faculty appointment remains the same. The transition 
probability matrix indicates the probability that a faculty will move from one state to 
another within one period (5 years). Figure 5 provides the average length of stay for 
each level of position. The important use of Markov Chain is to predict future 
manpower distributions if there is policy changes in the current policy. As stated 
earlier, regarding the RMK-9 policies, which is the recruitments of tutor and lecturer 
will be reduced by 10% and the appointment of senior lecturer, associate professor 
and professor will be increased by 70%, a new formation of matrix transition diagram 
is realized. We consider this policy change as scenario 2 and the old policy as scenario 
1. Additionally, we proposed quadratic interpolation to predict the expected 
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probability for each transition value so that it can be used as a guideline to monitor the 
transition of each state as given in Figure 4. Estimation of average length of stay, N 
for each category of staff is calculated using inverse matrix operation given by 

 

 
Figure 5. Average Length of Stay of Interpolated Data States for each Level of 
Position. 
 
 
Finally, the total estimation of average length of stay, for each state category is 
obtained by matrix multiplication , where B is the total frequency of each state in 
the state transition matrix. The average length of stay for each category of staff is 
calculated for the three scenario, which is scenario 1: the distribution of staff faculties 
remain as year 1999-2014, scenario 2: the percentage of certain staff faculties has 
been changed with respect to the new policy while others remain, scenario 3: the 
percentage of certain staff faculties has been changed with respect to the new policy 
while others are interpolated with respect to minimum, median and maximum data of 
scenario 2. The analysis is done by comparing the average length of stay between the 
three category of states. 

 
Figure 6.Comparative Average Length of Stay Between Scenario 1: Old Policy, 
Scenario 2: New Policy and Scenario 3: Interpolated Data with New Policy 
 Figure 6 shows the comparative results between the average length of stay 
value for each category using classical TPM of Markov chain and the proposed 
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interpolated TPM of Markov chain for the old and new policy. The results for 
interpolated TPM has shown a better estimates of average mean queue length of stays 
by status for states towards a higher range of age and status. 
 
 
Conclusion 
Based on the results obtained, the Markov chain model developed in this study is an 
appropriate evaluation tool for policy change concerning the appointment of 
faculty.This paper demonstrates that if new policy is implemented, there will be a 
high impact on the number of academic staff by diverse rank especially towards more 
senior faculty members. Mean time for the faculty remain in current state does not 
show much difference between old and new policy. Based on the results, it is 
predicted the proposed policy will not have much changes if it were to be 
implemented. Otherwise a modified predicted approach is required such as 
interpolated data estimators approach as proposed in this study. 
This paper presents the potential use of interpolation technique for predicting better 
estimate for projecting transition data in Markov chains. The states transition of staff 
faculties categories can easily be constructed using spreadsheet and the calculation of 
matrix performance can be done simply using excel built- in function. 
 
 
Acknowledgments 
First and foremost, we would like to extend our sincere thanks to Ministry of Science, 
Technology and Innovation, and UUM for providing this research grant (s/o code: 
12905). 
 
 
References 
 
[1] W. –K. Ching,X.  Huang, M. K. Ng, and T. –K. Siu, “Markov Chains: Models, 

Algorithms and Applications (2nd ed.),” United States: Springer, pp. 1-3, 2013. 
[2] D. J. Bartholomew, and A. R. Smith, “Manpower Planning in the United 

Kingdom: An Historical Review,” The Journal of Operational Research 
Society, 39(3), pp. 235-248,1988. 

[3] D. J. Bartholomew, A. F. Forbes, and S. I. McClean, “Statistical Techniques 
for Manpower Planning (2nd ed.),” New York: John Wiley and Sons,1991. 

[4] D. Aulia, and S. F. Ayu, “Health Manpower Forecasting in Malaysia,” Masters 
Thesis, University Kebangsaan Malaysia, 2010. 

[5] G. Sivalingam, “Privatisation of Higher Education in Malaysia,” Forum on 
Public Policy,2006. 

[6] A. E. Raftery, “A model for High Order Markov Chain,” J. R. Statist. Soc. B, 
47, pp. 528-539,1985a. 

[7] A. E. Raftery, and S. Tavare, “Estimation and Modeling Repeated Patterns in 
High Order Markov Chains with the Mixture Transition Distribution Model,” 



5086  Rahela Rahim et al 

Applied Statistics, 43(1), pp. 179-199,1994. 
[8] A. Berchtold, and A. E. Raftery, “The Mixture Transition Distribution Model 

for High-Order Markov Chains and Non-Gaussian Time Series,” Statistical 
Science, 17(3), pp. 328-356,2002. 

[9] F. A. Adnan, “Projection Analysis of Postgraduate Students Flow In A 
University,” Master Thesis, Northern University of Malaysia,2012. 

[10] R.  Rahim, H.Ibrahim, and F. A. Adnan, “Projection of Postgraduate Flow with 
Smoothing Matrix Transition Diagram,” AIP Conference Proceeding, 1522, 
pp. 1385,2013. 

[11] R. Rahim, F. Jamaluddin, H.Ibrahim, and S. A.Nadhar Khan, “A Review on 
Smoothing Technique in Markov Chain Method,” AIP Conference Proceeding, 
1635, pp. 195, 2014.  

[12] R. Rahim, H. Ibrahim, M. Mat Kasim, and F. A.Adnan, “Projection Model of 
Postgraduate Students Flow,” Applied Math. and Information Science Journal, 
7(21), pp. 383-387,2013. 

[13] V. A. Dim Itriou, and N. Tsantas, “Evolution of a Time Dependent Markov 
Model for Training and Recruitment Decisions in Manpower Planning,”2010. 

[14] R. A. Adeleke, K. A. Oguntuase, R. E. Ogunsakin, “Application of Markov 
Chain to the Assessment of Students’ Admission and Academic Performance 
in Ekiti State University,” International Journal of Scientific and Technology 
Research, 3(7), pp. 349-357,2014. 

[15] K. Anne, L. Joachim, and S. Wiebke, “A Hybrid Markov Chain Model for 
Workload on Parallel Computers, HPDC’10,” Proceedings of the 19th ACM 
International Symposium on High Performance Distributed Computing, pp. 
589-596,2010. 

[16] B. L. Bleau, “Faculty Planning Models: A Review of the Literature,” The 
Journal of Higher Education, 53(2), pp. 195-206,1982. 

[17] V. G. Diker, and Y. Barlas, “Decision Support For Strategic University 
Management : A Dynamic Interactive Game,” The 14th International 
Conference of the System Dynamics Society, Cambridge, Massachusetts, 
USA,2002. 

[18] S. R. Dindarloo, A. Bagherieh, J.C. Hower, J.H. Calder, and N. J. Wagner, 
“Coal Modeling Using Markov Chain and Monte Carlo Simulation: Analysis 
Of Microlithotype and Lithotype Succession,” Sedimentary Geology, 329, pp. 
1–11,2015. 

[19] E. D. Eddy, and R. L. Morrill, “Living with Tenure Without Quotas,” Liberal 
Education, 61, pp. 399-417, 1975. 

[20] K. Fellows, V. Rodriguez-Cruz, J. Covelli, A. Droopad, S. Alexander, and 
M.Ramanathan, “A Hybrid Markov Chain–von Mises Density Model for the 
Drug-Dosing Interval and Drug Holiday Distributions,” The AAPS Journal, 
17(2), pp. 427-437,2015. 

[21] A. Gregoriades, “Manpower Planning With System Dynamics and Business 
Objects,” The 19th International Conference of the System Dynamic Society, 
Georgia, USA,2001. 

[22] A. Gröβler, and A. Zock, “Supporting Long-Term Personnel Planning of a 



A Hybrid Markov Chain Model of Manpower Data 5087 

Service Provider,” Intenational System Dynamics Conference 2009, 
Albuquerque,2009. 

[23] E. R. Hackett, A. A. Magg, and S. D. Carrigan, “Modeling Faculty 
Replacement Strategies Using A Time Dependent Finite Markov-chain 
Process,” Journal of Higher Education Policy and Management, 21(1), pp. 81-
93,1999. 

[24] M. Hanna, J. Y. Ruwanpura, “Simulation for Manpower Forecast Loading and 
Resource Lavelling,” Wimter Simulation Conference 2007, pp. 2099-2103, 
2007. 

[25] H. G. Heneman, and M. G. Sandver, “Markov Analysis in Human Resource 
Administration: Applications and Limitations,” The Academy of Management 
Review, 2(4), pp. 535-542,1977. 

[26] D. S. P. Hopkins, “Analysis of Faculty Appointment, Promotion and 
Retirement Policies,” The Journal of Higher Education, 4(3), pp. 397-
418,1974. 

[27] D. S. P. Hopkins, and Massy, “W.F: Planning Models for Colleges and 
Universities,” Stanford, CA: Stanford University Press,1981. 

[28] J. A. Jamal, H. Marco, K. Wolfgang, and D. B. Ali, “Integration of Logistic 
Regression, Markov Chain and Cellular Automata Models to Simulate Urban 
Expansion,” International Journal of Applied Earth Observation and 
Geoinformation, 21, pp. 265–275,2013. 

[29] W. E. Knight, and R.W.Zhang, “Developing and Using a Faculty Flow 
Model,” Annual Forum of the Association for Institutional Research, San 
Diego, CA,2005. 

[30] M. B. Lari, P. Gupta, and S. Young, “A Simulation Approach to Manpower 
Planning,” Proceedings of the 2003 Winter Simulation Conference, pp. 1677-
1685,2003. 

[31] C. M. Liu, Y. Y. Guh, and K. M. Wang, “A Markov Chain Model for Medical 
Record Analysis,” The Journal of Operational Research Society, 42(5), pp. 
357-364,1991. 

[32] Y. Liu, and S. Takakuwa, “Simulation-Based Personnel Planning for Materials 
Handling at a Cross-Docking Center Under Retail Distribution Environment,” 
Proceedings of the 2009 Winter Simulation Conference, M. D. Rossetti, R. R. 
Hill, B.   Johansson, A. Dunkin and R. G. Ingalls, eds., pp. 2415-2525, 
Graduate School of Economics and Business Administration Nagoya 
University Furo-cho, Chikusa-ku, Nagoya, Aichi, 464-8601, Japan,2009. 

[33] K. T. Marshall, “A Comparison of Two Personnel Prediction Models,” 
Operations   Research, Vol. 21(3), pp. 810-822,1973. 

[34] B. A. Montgomery, J. W. Lloyd, and A. Jensen, “Use of a Markov-Chain 
Model to Evaluate Employment Policies for a Veterinary School Faculty,” 
Journal of Veterinary Medical Education, 21(1),1994. 

[35] R. M. Oliver, “An Equilibrium Model of Faculty Appointment, Promotions 
and Quota Restrictions,” New York: Ford Foundation,1969. 

[36] E. O. Ossai, and P. I. Uche, “Maintainability of Departmentalized Manpower 
Structures in Markov Chain Model,” The Pacific Journal of Science and 



5088  Rahela Rahim et al 

Technology, 10(2), Department of Statistics, University of Nigeria, Nsukka, 
Nigeria,2009. 

[37] D. T. Shapiro, “Modeling Supply and Demand for Arts and Sciences Faculty: 
What 10 Years of Data Tell Us about the Labor Market Projection of Bowen 
and Sosa,” The Journal of Higher Education, 72(5), pp. 532-564,2001. 

[38] D. Škulj, D. Štamfelj, and V. Vehohar, “The Modeling of Manpower By 
Markov Chains- A Case Study of the Solvenian Armed Forces,” University of 
Ljubljana, Faculty of Social Sciences, 32, pp. 289-291,2008. 

 
 
List of Symbols 
 
K  Category of rank 

  Data arrange in sequence 
  time 
  Sequence 

l-th  order of transition probability 
   

 
 
 
  all j 1  Reduction of the number of parameter 
  Data sequence 
  Estimate the parameter 

  Transition frequency in the sequence from state l to state j 
  Estimator 
  Steady state probabilitythat the process is in state l 

 
  Average length of stay 

 
 

List of symbols and Abbreviations 
 
MOHE  Ministry of Higher Education 
RMK-9 Malaysia 9th Planning 
et al.  (et alia): and others 
yrs  years 
MTD  Mixture Transition Distribution 
UUM  Universiti Utara Malaysia 
 
 


