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Abstract 

The purpose of this study is to investigate scale and scope economies in the Australian 

university sector and explore another possible form of instruction output, distance education, 

which could have more potential scale and scope economies. This study uses a balanced panel 

data including 37 Australian public universities over the period 2010-12. Bayesian random 

stochastic frontier model is used to account for inefficient production and heterogeneity 

across universities. This model comprises a normalised quadratic cost function with seven 

outputs and three input factors. Estimates of scale and scope economies will be calculated 

with the sample data and estimated parameters from the model. 
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1. Introduction  

Estimating the scale and scope economies in higher education has been one of the main 

interests especially after the first multiproduct estimation of Cohn, Rhine, & Santos (1989). 

These estimations could give universities and the share-holders the up-to-date cost structure 

that underpin provision in higher education sector, i.e. knowledge of average cost, marginal 

cost and the extent of scale and scope economies, as well as the potential for efficiency 

improvements of HEIs to reflect the true education cost and operate at efficient scale. These 

theories have been wildly applied to Australian (Lloyd, Morgan, & Williams, 1993; 

Worthington & Higgs, 2011), Chinese (Cheng & Wu, 2008; Hou, Li, & Min, 2009; Li & Chen, 

2012), German (Johnes & Schwarzenberger, 2010), Japanese (Hashimoto & Cohn, 1997; 

Nemoto & Furumatsu, in press), U.K. (Johnes & Johnes, 2009; Johnes, Johnes, & 

Thanassoulis, 2008), and American universities (Agasisti & Johnes, 2013; Sav, 2011). These 

researches focus on the estimation of scale and scope economies between the conventional 

(face-to-face) instruction and research.  

Except for the face-to-face classroom teaching, the distance education has taken the form of 

video instruction, satellite broadcast, and internet to help students learn knowledge and skill 

without the limit of time and location. Nowadays, many universities provide both face-to-face 

teaching and distance education teaching. Distance education could have more potential 

economies of scale than conventional education because the most costs from conventional 

education are variable and driven by student staff ratio (Harry, 1999:72, 74). Although 

distance education still needs offices and lecturers to teaching these courses, there is much 

less need to maintain classrooms, libraries and other campus building. Most importantly, there 

is almost no upper enrolment limit for each courses compared with face-to-face teaching. 

However, there is still little empirical research of scale economies in distance education 

production (Morris, 2008), not to mention the scope economies between multiple instructional 

outputs and research outputs (Li & Chen, 2012). 

Australian universities provide us a good example to investigate these potential economies 

due to their successful experience in distance education. Students taking distance education in 

Australia are called external students whose learning is through self-paced and structured 

material delivered by post or internet. Since 1980s, distance education in Australia has not 

only played an important role of alternative mode of delivery but also become a competitive 

rival to on-campus instruction (Ashenden, 1987). Some Australian universities in 2010 even 

have half of them such as Charles Sturt University and The University of New England. This 

study will explore scale and scope economies of another possible form of instruction output, 

distance education, with Australian samples.  
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2. Data  

We employ a balanced panel dataset composed of whole 37 Australian public universities 

over the years 2010-2012. These are totally 111 annual observations obtaining from 

Department of Industry, Innovation, Science, Research and Tertiary Education (DIISRTE). All 

the monetary variables (costs, input prices, and amount of grants) have been converted to real 

values (year 2010 = 100) with consumer price index of Australian Bureau of Statistics. 

Seven outputs and three input prices are included in the cost function. Outputs (yi) consists of 

undergraduate internal completions (y1), postgraduate internal completions by coursework 

(y2), postgraduate internal completions by research (y3), undergraduate external completions 

(y4), postgraduate external completions by coursework (y5), postgraduate external 

completions by research (y6), and amount of national competitive and industry grants (y7). 

Three factor prices (wi) are price of academic labour (w1), price of non-academic labour (w2), 

and price of capital respectively (w3). These variables and their unit are summarised in Table 

1.  

 

Table 1.  
Variables used in this study 

Variables Unit 

C Total cost (total expenses from continuing operations) AUD ($'000) 

y1 Undergraduate internal completions completions 

y2 Postgraduate internal completions by coursework completions 

y3 Postgraduate internal completions by research completions 

y4 Undergraduate external completions completions 

y5 Postgraduate external completions by coursework completions 

y6 Postgraduate external completions by research completions 

y7 Amount of national competitive and industry grants AUD ($'000) 

w1 Price of academic labour 

(academic salaries per FTE academic staff) 

AUD($'000)/staff 

w2 Price of non-academic labour 

(non-academic salaries per FTE non-academic staff) 

AUD($'000)/staff 

w3 Price of capital  

(non-labour expenditure per FTE students) 

AUD($'000)/students 

These variables are chosen based on previous studies but we still make a few changes to fit 

the purpose of this study. Firstly, we choose completion over enrolment or credit hours as the 

teaching outputs mainly because the number of graduates could stand for the final 
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instructional product in a university. This indicator also considers certain quality of instruction 

since qualified students have to complete the credit hours and achieve the academic standards 

to gain the degree. 

Distance education has more potential economies of scale than conventional education 

because the most costs from conventional education are variable and driven by student staff 

ratio (Harry, 1999:72, 74). However, past studies neglect the distance education students (or 

external enrolments in Australia). These students are also important sources of enrolment and 

some universities even have half of them such as The Central Queensland University. 

Therefore, if they are not incorporated in the equation, it would have a misspecification 

problem since they also occupy a considerate amount of total cost. 

For research output, this study chooses research grant as the proxy for research output not 

only because it stands for the market value that numerous previous researches mentioned but 

also because it has a common scalar (that is, the value, money) among all different disciplines 

within a university. On the contrary, the number of publications, though used as a proxy for 

past studies frequently, is consisted of arbitrarily additions of all publications belonging to 

different subjects together. Since research grant usually has gone through serious 

peer-reviewed process and such process includes the review of the past researches of 

applicants and project, this indicator actually shares part of variance with number of 

publication and implicitly offers weights on quality and quantity.  

Finally, an ideal indicator for the price of capital is the capital expenditures per net assets. 

Unfortunately, the data of net assets it not available, we use the number of FTE students as its 

proxy following the suggestion of Worthington & Higgs (2011).  

 

3. Model specification  

We choose Quadratic Cost Function (QCF) for the estimation of scale and scope economies. 

QCF provides a more straightforward estimation especially for scope economies, since this 

functional form allows zero values for outputs.  

The price of capital ( ) is chosen as a numeraire price following choice of Worthington & 

Higgs (2011). Linear homogeneity has been imposed in equation by omitting numeraire price 

but dividing total cost and other factor prices by this price (Farsi, Fetz, & Filippini, 2007). 

The adopted normalised quadratic cost function specification can be showed as follows: 
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(1)

where subscripts h and t denote higher education institution and time (year) respectively,	 is 

the normalised total cost for the h-th higher education institution in the t-th time period at the 

normalised prices ( ), 	and	 , 	, , , are the intercept and slope coefficients to be 

estimated respectively,  is the first residual term following an exponential distribution to 

catch the cost of inefficiency in production, and  denotes the second residual term to 

catch measurement error. Two residuals are also assumed independent of each other and other 

variables.  

Symmetry condition will be imposed through restricting , , 1, … , 7  in the 

estimation procedure. Error term  follows exponential  distribution (Meeusen & van 

Den Broeck, 1977).  

The slope parameters in (1) could be assumed fixed or random but random parameters could 

offer more accurate coefficients for estimating scale and scope economies. Past studies 

(Agasisti & Johnes, 2010, in press; Johnes & Johnes, 2009; Johnes & Salas-Velasco, 2007; 

Johnes & Schwarzenberger, 2011) have applied it to cost structures in different countries 

except for Australia. Different from these studies using Maximum Likelihood estimation, our 

model will be under a Bayesian framework, since this framework naturally regards all 

parameters as random variables characterized by a prior distribution (Hsiao & Pesaran, 

2008:195; Ntzoufras, 2008). 

Another additional advantage of Bayesian framework is that it provides a statistical test (DIC 

and pD (Spiegelhalter, Best, Carlin, & Van Der Linde, 2002)) about whether Bayesian 

random stochastic frontier (SF) model could have a better model fit than Bayesian fixed SF 

model. This could be done through estimating equation (2) simultaneously. , 	, , ,  will 

be defined hierarchically as a vector with a normal distribution in the Bayesian framework 

(Tsionas, 2002). 

, 	, , , ~ , Ω  (2)

where , 	, , ,  are assumed independently distributed and follow Normal distribution 

with a vector of parameters mean and a positive definite covariance matrix Ω. The restriction 
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of covariance matrix Ω will decide whether parameters are fixed (Ω 0) or random (Ω

0)1.  

Iterative Monte Carlo Markov Chain (MCMC) simulation could be used to derive the 

estimates of the unknown parameters with the prior knowledge. For Bayesian fixed stochastic 

frontier model, its prior, likelihood, and conditional posteriors could be found in the paper of 

Koop, Osiewalski, & Steel (1997) while for Bayesian random stochastic frontier model, we 

mainly refer to the paper of Tsionas (2002) and Huang (2004). These estimates will be 

derived with statistical software, BUGS (Bayesian inference Using Gibbs Sampling)2. BUGS 

code for Bayesian fixed stochastic frontier model could be found in the paper of Griffin & 

Steel (2007). We have developed BUGS codes for Bayesian random stochastic frontier model 

(in appendix) and use software R for calling BUGS, which will bring more convenience for 

calculating scale and scope economies. 

4. Estimates of scale and scope economies 

Once the cost function is estimated by the models, various measures of scale and scope 

economies can be constructed with estimated parameters. We follow Baumol et al.(1982) to 

define the estimates of scale and scope economies for this paper.  

4.1 Ray scale economies ( ) 

The measure of ray scale economies in this study could be defined as: 

S RAY
C , , , , , ,

∗ ∗ ∗ ∗ ∗ ∗ ∗
 (3) 

where C , , , , , ,  is the total cost of producing y1, y2, y3, y4, y5, y6, and y7; 

/  (in this equation, i = 1…7) is the marginal cost of producing product . 

4.2 Product-specific scale economies ( ) 

The measure of product-specific scale economies in present research could be defined as: 

                                                 
1 This classification under Bayesian framework is based on (Gary Koop, 2003). Similar applications could be 
found in (Assaf, Barros, & Managi, 2011; Barros & Rossi, 2014). 

2 There are mainly three softwares based on BUGS language: WinBUGS, JAGS, and OpenBUGS. Since the 
development of WinBUGS has been ceased, we use OpenBUGS in this study. Please refer to their website for 
details: http://www.openbugs.net/w/FrontPage. We summarizes some useful information about BUGS 
programming in this website: http://statisticalestimation.blogspot.com.au/  
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S y
, , , , , ,

∗
, 1… 7  (4) 

where C y  is the cost of producing all the outputs except the i-th type of outputs, 

and ,therefore, C , , , , , , C y  is the incremental cost due to producing 

i-th type of outputs.  

4.3 Global scope economies (GSE) 

Calculating the economies of scope for each university could help them make the strategic 

plans such as whether outputs should be jointly produced in the same or separate institution. 

The global economies of scope are calculated as the proportion of cost savings from joint 

production relative to fully integrated costs:  

GSE
∑ C , , , , , ,

C , , , , , ,
 (5) 

where	∑  is the cost of producing product i in 7 separated specialised universities, 

and C , , , , , ,  is the costs of producing all 7 products jointly within a 

university. 

4.4 Product-specific scope economies (PSE) 

The degree of product-specific scope economies could be denoted as: 

PSE
C , , , , , ,

C , , , , , ,
, 1…7 (6) 

where  is the cost of producing all the products except for the product i. 

5. Results 
Table 2 summaries the average of year-end numbers from 2010 to 2012. In the whole sample 

(N=111), Heterogeneity across universities could be showed through the high standard 

deviations for all variables in relation to the mean. Once the sample is recalculate based on 

their alliance group, standard deviations drop within each group. All the costs and prices are 

measured in year 2010 Australian dollars with consumer price index.  
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Table 2 
Descriptive Statistics over three years (2010-2012) 

 

Whole 

(N=111) 

Alliance group  

ATN 

(N=15) 

Go8 

(N=24) 

IRU 

(N=21) 

RUN 

(N=18) 

No alliance 

(N=33) 

Mean SD Mean SD Mean SD Mean SD Mean SD Mean SD 

Ca 565,979 386,276 615,960 106,397 1,167,336 343,633 405,884 152,363 195,776 45,534 409,718 126,438 

y1 4,199 2,515 6,960 1,966 5,929 2,587 3,527 1,983 1,227 389 3,733 1,179 

y2 2,181 1,397 3,051 833 3,533 1,475 1,644 994 801 769 1,897 915 

y3 205 198 198 43 521 185 124 52 43 16 119 73 

y4 288 531 215 240 98 146 120 103 634 530 378 805 

y5 511 549 495 238 392 434 444 291 661 692 564 735 

y6 17 19 27 23 23 22 10 10 18 17 13 17 

y7
a 17,975 23,595 10,143 3,063 58,806 17,339 8,839 5,747 793 740 7,025 7,006 

w1
a 114 26 114 23 100 19 112 25 118 32 122 27 

w2
a 72 8 70 7 73 8 68 7 70 6 76 9 

w3
a 10 5 8 1 17 5 10 4 8 2 8 2 

Note:  
a in 1,000 Australian dollars (year 2010=100);  
b in per cent (%); N is the number of total observations over three years.  

 

The posterior parameter estimates are estimated from the software, BUGS, running with a 

burn-in of 20,000 iterations, with 200,000 retained draws. These estimates are summarized in 

Table 3. The lower DIC value implies a better model fit. Lower DIC value shows that 

Bayesian random SF model has better model fit than Bayesian Fixed SF model.  

However, one limitation of this study is that these two models could not be completely 

comparable because they use different prior distribution for standard deviation of cost. 

Bayesian fixed SF model can’t use uniform distribution because BUGS will give very weird 

efficiency scores (most of them are zero) while Bayesian random SF model can’t use gamma 
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distribution because BUGS will show “undefined real result”3. Negative pD in Bayesian 

random SF model further shows the potential conflicts between the prior and data 

(Spiegelhalter et al., 2002:589). Therefore, we only report our parameter estimates using 

Bayesian fixed SF model in Table 3 and use these estimates for calculating scale and scope 

economies.  

In Table 3, cost complementarity could be observed by the negative values of coefficients 

estimates. It indicates some outputs could help save costs through joint production. This is 

especially for the outputs within the same level of teaching such as undergraduate ( ) and 

postgraduate ( ). Cost complementarity also exists between teaching and research output 

based on the negative values of , , 	 	 . 

  

                                                 
3  This error occurs mainly because the prior is not suitable for the data (please refer to 
http://mathstat.helsinki.fi/openbugs/Manuals/TipsTroubleshooting.html#TrapMessages). We have tried many 
methods but still in vain: (1)use tanslog function; (2)change initial values; (3)change inefficiency distribution 
into gamma distribution (Huang, 2004); (4)run another BUGS software, JAGS. Interestingly, JAGS’s debug 
function mentions that something is wrong with the gamma distribution. We use the uniform distribution instead 
following the advice of Gelman & Hill (2006) and show their values of DIC and pD in Table 3. 
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Table 3 
Posterior parameter estimates (Bayesian fixed SF model) 

Mean St. dev. Mean St. dev. 

 -6.03E+02 9.85E+02  5.03E-02 2.78E-02 

		 1.58E+01 3.48E+00  4.44E-03 6.22E-03 

		 -3.17E+00 3.65E+00  -1.20E-02 7.49E-03 

		 -6.69E+01 4.57E+01  2.74E-01 1.83E-01 

		 -5.72E-01 8.64E+00  -4.13E-04 1.86E-04 

		 5.10E+00 9.14E+00  -3.06E-02 1.13E-01 

		 -1.44E+02 1.98E+02  1.01E-01 8.36E-02 

		 6.59E-01 3.15E-01  5.79E-01 1.38E+00 

 -4.09E-04 7.49E-04  -2.23E-03 1.67E-03 

 4.18E-04 2.39E-03  1.12E-02 1.13E-02 

 2.94E-01 2.70E-01  1.06E-01 1.75E-01 

 -1.07E-02 1.32E-02  -1.93E-04 1.25E-03 

 -2.41E-03 1.39E-02  -8.00E-02 2.01E-01 

 3.10E+00 5.72E+00  7.15E-05 7.89E-04 

 1.80E-05 1.27E-05  -1.28E-02 1.07E-02 

 1.23E-05 1.51E-03  1.72E+02 3.00E+02 

 -3.27E-02 1.33E-02  2.51E+02 5.15E+02 

 -3.47E-03 3.18E-03 DIC in Bayesian fixed SF model 2236.00 

 1.51E-03 3.17E-03 DIC in Bayesian random SF model1 -71680.00 

 -7.60E-02 9.37E-02 pD in Bayesian fixed SF model 44.75 

 2.00E-04 1.21E-04 pD in Bayesian random SF model1 -74400.00 

Note:  
1 These are the results from running with a burn-in of 20,000 iterations, with 150,000 retained draws. We can’t 
get DIC and pD for Bayesian random SF model running with a burn-in of 20,000 iterations, with 200,000 
retained draws because BUGS will give error message “TRAP 101 (invariant violated)” 
 
Estimates of scale and scope economies are calculated at 50-300% mean output and have 

been summarised in Table 4. These estimates represent whether Australian university sector as 

a whole is experiencing economies of scale and scope. Economies of scale exist if its estimate 

is greater than one while economies of scope appear if its estimate is larger than zero.  

As Table 4 shows, ray scale economies (S(RAY)) exist up to 300% output mean levels. These 

findings suggest that cost efficiency can be gained by expanding all the levels of outputs up to 

300% of the output mean.  

When all outputs do not change proportionally, product-specific economies of scale can reveal 

whether there are economies of scale when only one type of output to vary at a time. Three 

internal completion outputs appear product-specific scale economies up to 75% mean output. 
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However, product-specific scale economies only exist for postgraduate external completions 

by coursework and have more potential economies of scale than conventional education. 

Product-specific scale economies for postgraduate external completions by research are 

increasing. This implies that the current scale for this type of output is not enough to produce 

economies of scale. Although product-specific scale diseconomies for undergraduate external 

completions are present, this estimate is stable and close to one. This type of output still 

should not be separated from other types of outputs based on the appearance of 

product-specific scope economies. 

Overall, joint production of all types of output is supported by the estimates of economies of 

scope. Global economies of scope (GSE) exist up to 300% of output mean. This finding 

suggests that the cost of producing current output combination is less than the costs of 

producing them separately. Once beyond the 100% of output mean, the increasing global 

economies of scope with the levels of mean output also indicate these economies are better 

gained as scale increases. On the other hand, the results of product-specific scope economies 

are mixed. Product-specific scope economies are exhausted for postgraduate internal 

completions at most all levels of output mean, while there are product-specific scope 

economies for other six types of outputs at most levels of output mean.  
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Table 4 
Estimates of scale and scope economies varying with levels at means 

  Economies of scale  

  y1 y2 y3 y4 y5 y6 y7 S(RAY)

Levels  

at means 

50% 1.0341 1.1794 1.3437 0.8638 1.0472 -0.6562 0.8166 1.1708 

75% 1.0585 2.0617 1.6980 0.8591 1.0640 -0.0268 0.6354 1.1475 

100% 1.0911 0.2720 2.4400 0.8566 1.0777 0.1372 0.2800 1.1474 

125% 1.1369 0.6380 4.9773 0.8550 1.0893 0.2126 -0.7353 1.1583 

150% 1.2061 0.7289 -21.7750 0.8540 1.0991 0.2560 -27.9248 1.1763 

175% 1.3223 0.7701 -2.9237 0.8532 1.1075 0.2841 3.8381 1.2004 

200% 1.5586 0.7937 -1.4209 0.8527 1.1148 0.3039 2.5563 1.2304 

225% 2.2998 0.8089 -0.8652 0.8522 1.1213 0.3185 2.1517 1.2668 

250% -20.1079 0.8195 -0.5759 0.8519 1.1269 0.3298 1.9535 1.3107 

275% -0.3975 0.8274 -0.3984 0.8516 1.1320 0.3388 1.8357 1.3639 

300% 0.2141 0.8335 -0.2784 0.8513 1.1365 0.3460 1.7578 1.4288 

  Economies of scope  

  y1 y2 y3 y4 y5 y6 y7 GSE

Levels  

at means 

50% 0.2786 0.0676 0.1435 0.1360 0.1023 0.0966 0.2308 0.8255 

75% 0.3425 0.0023 0.1247 0.1125 0.0582 0.0491 0.2654 0.6907 

100% 0.4299 -0.0493 0.1230 0.1059 0.0294 0.0166 0.3213 0.6574 

125% 0.5322 -0.0967 0.1295 0.1070 0.0066 -0.0102 0.3897 0.6710 

150% 0.6470 -0.1433 0.1409 0.1126 -0.0135 -0.0347 0.4680 0.7124 

175% 0.7738 -0.1911 0.1560 0.1215 -0.0326 -0.0584 0.5553 0.7734 

 200% 0.9132 -0.2410 0.1741 0.1328 -0.0514 -0.0823 0.6518 0.8504 

 225% 1.0662 -0.2941 0.1951 0.1465 -0.0707 -0.1071 0.7581 0.9418 

 250% 1.2342 -0.3512 0.2190 0.1623 -0.0908 -0.1332 0.8751 1.0472 

 275% 1.4192 -0.4131 0.2459 0.1804 -0.1121 -0.1611 1.0042 1.1672 

 300% 1.6235 -0.4806 0.2761 0.2009 -0.1350 -0.1913 1.1469 1.3028 

Note: y1, y2, y3, y4, y5, y6, and y7 represent undergraduate internal completions, postgraduate internal completions by 
coursework, postgraduate internal completions by research, undergraduate external completions, postgraduate external 
completions by coursework, postgraduate external completions by research, and amount of national competitive and 
industry grants respectively. All prices are set to their respective means in all of the calculations. 
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Appendix.  

BUGS code for the Bayesian Fixed and Random Frontier Stochastic Model 
Bayesian Fixed Stochastic Frontier Model Bayesian Random Stochastic Frontier Model 
model 
{ 
   
    for (k in 1:K){ 
    y[k]~dnorm(y.hat[k], tau.y) 
    y.hat[k]<-alpha + inprod(B[1:P],  

data[k, 1:P])+ u[uni[k]] 
    uni[k]<- data[k, P+1]    } 
 
    tau.y~dgamma(0.001, 0.001)  
    sigma.y<- 1/sqrt(tau.y) 

 
for (i in 1:N) { 

    u[i]~dexp(lambda) 
    eff[i]<-exp(-u[i])    } 
    lambda0<--log(rstar) 
    lambda~dexp(lambda0) 
     
    alpha~dnorm(0.0, 1.0E-6) 
     

for(i in 1:P){ 
    B[i]~dnorm(0.0, 1.0E-6)    } 
} 

model 
{ 
     
    for (k in 1:K){ 
    y[k]~dnorm(y.hat[k], tau.y) 
    y.hat[k]<-alpha + inprod(B[uni[k],1:P], 

data[k,1:P])+ u[uni[k]] 
    uni[k]<- data[k, P+1]    } 
     
    tau.y <- pow(sigma.y, -2) 
    sigma.y ~ dunif (0.001, 110000)  
     

for (i in 1:N) { 
    u[i]~dexp(lambda) 
    eff[i]<-exp(-u[i])    } 
    lambda0<--log(rstar) 
    lambda~dexp(lambda0) 
     

alpha~dnorm(0.0, 1.0E-6) 
    for (i in 1:N) {for (p in 1:P) { 
    B[i, p] <- xi[p]*B.raw[i,p]     } 
    B.raw[i,1:P]~dmnorm(mu.raw[1:P], 

Tau.B.raw[1:P,1:P])
    } 

    for(p in 1:P){ 
    mu[p] <-xi[p]*mu.raw[p] 
    mu.raw[p]~dnorm(0, 0.0001) 
    xi[p]~dunif(0,100)    } 
     
    Tau.B.raw[1:P, 1:P]~dwish(W[,], df)  
    df<-P+1 
     
    for (i in 1:P){for (j in 1:P){ 
    W[i,j]<-equals(i,j)   }} 
}     

Note:  
1. K= number of observations; N= number of universities; P= number of variables (including 

intercepts in random parameter frontier model); xi is used for redundant parameterizations to 
improve model fit (Gelman, Van Dyk, Huang, & Boscardin, 2008). 

2. In Bayesian random stochastic frontier Model, it seems that the gamma distribution is not 
appropriate for being considered as the prior distribution for standard deviation of data y since 
we constantly get the error message “undefined real result” (Kéry & Schaub, 2012, pp.61). We 
use the uniform distribution following the advice of (Gelman & Hill, 2006). 
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