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Scale Economies in New Software Development 
RAJlV D. BANKER AND CHRIS F. KEMERER 

Abslmet-ln this paper we reconcile two opposing views regarding 
the presence of economies or diseconomies of scale In new software 
development. Our general approach hypothesizes a production func- 
tion model of software development thot &lows for both increasing and 
drsmsing returns to sede, and argues that local scale economies or 
diseconomies depend upon the size of projects. Using eight different 
data sets, including several reported In previous rese8rch on the sub- 
ject, we provide tmpirkd evidence in support of our hypothesis. 
Through the use of the nonparametric DEA technique we also show 
how to identify the mmt productive scale size that may vary across 
organizations. 

Index Tcftns-Dat. envelopment analysis, function points, produc- 
tivity measurement, sepk economies. software development, source 
lines of code. 

I. RESEARCH PROBLEM 
OFTWARE development practitioners are faced with S the problem of how to appropriately size new software 

development projects so as to maximize productivity. Un- 
fortunately, much of the research in this area has arrived 
at apparently contradictory conclusions, namely that either 
economies of scale exist or that diseconomies of scale ex- 
ist. This paper integrates these apparently contradictory 
results in a consistent framework, and empirically dem- 
onstrates that the existence of local scale economies or 
diseconomies de ends upon the size of software devel- 
opment projects.'h addition, we provide a methodology 
for identifying the most productive scale size for a given 
software development environment. 

A production process exhibits local increasing returns 
to scale if, at a given volume level, the marginal returns 
of an additional unit of input exceed the average returns. 
Economies of scale are thus present when average pro- 
ductivity is increasing, and scale diseconomies prevail 
when average productivity is decreasing. Reasons pro- 
vided to explain the presence of economies of scale range 
from specialization of labor to phenomena such as learn- 
ing curves. Software engineering researchers such as 
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'In production economics, economies of scale are defined at specific 

volume levels in a production process. and are thus best described as local. 
It is thcnfore inappropriate to limit the characterization of a production 
process to only global economies (or diseconomies) of scale. In dealing 
with single input-single output production correspondences. we shall use 
the terms incrcasing returns to scale and scale economies interchmgeahly. 

Boehm [14] have noted the presence of a number of fac- 
tors in new software development that may contribute to 
economies of scale, such as software development tools 
like online debuggers or code generators. These tools may 
increase productivity, but the relatively large initial in- 
vestment, both in purchase and in the organizational 
learning costs, may proscribe their use on small projects. 
Larger projects may also benefit from specialized person- 
nel, whose expertise in a certain area (e.g., assembly lan- 
guage coding) may increase the project's overall produc- 
tivity. Finally, all projects require a certain fixed 
investment in project management overhead. This type of 
overhead (e.g., status meetings and reports) does not in- 
crease directly with project size and therefore can be a 
source of economies of scale for larger projects. 

In contrast to the reasons cited above, many authors 
have pointed out the possibility of diseconomies of scale 
on large software projects. Brooks [ 151 has suggested that 
the number of communication paths between project team 
members increases (at an increasing rate) with the number 
of team members.' This communication overhead is a 
clear case of nonlinear cost increase, and hence a factor 
that could contribute to diseconomies of scale. Somewhat 
analogously, Conte et al. [ 191 suggest that larger systems 
development projects will face more complex interface 
problems between system components. Boehm [ 141 points 
out that increasing the number of people also incteases 
the chances for personality conflicts among team mem- 
bers. Jones [23) notes that many overhead activities, such 
as planning and documentation, grow at a faster than lin- 
ear rate as project size increases. Another possible source 
of diseconomies of scale is project slack, which is likely 
to be larger on a larger project and may contribute to re- 
duced productivity. 

Given these contradictory hypotheses, how can re- 
searchers best model the software development pmduc- 
tion process? And, how can practicing software devel- 
opment managers appropriately size new software 
development projects so as to maximize average produc- 
tivity? This paper addresses these questions and is orga- 
nized as follows. Section I1 presents the empirical evi- 
dence for both the notion of economies of scale and the 
notion of diseconomies of scale in new software devel- 
opment. We integrate these two notions and suggest that 
in most organizations, the software development produc- 
tion process first exhibits local increasing returns to scale, 

'The number of paths required is it ( t i  - I )/2. where ti  is the number 
or project team members. 
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but decreasing returns set in for very large projects. We 
believe that one reason that this has not been shown by 
other researchers is due to the simple parametric models 
employed. We show in Section 111, however. that in em- 
pirical applications even the more flexible parametric 
forms are limited in their ability to estimate the returns to 
scale. This motivates our use in Section IV of Data En- 
velopment Analysis as an alternative nonparametric mod- 
eling technique to identify the most productive scale size. 
Finally, the conclusions and suggestions for further re- 
search are presented in Section v. 

11. EMPIRICAL EVIDENCE 
A number of researchers have collected empirical data 

that support increasing returns to scale theories. The gen- 
eral approach of these researchers has been to estimate a 
function of the form: 

y = a(x)” 

where y is the amount of input, typically professional 
work-hours, and x is the size of the project. typically mea- 
sured in terms of source lines of code (SLOC) or Function 
Points (FP). This function is estimated by taking the log- 
arithms of both sides and then estimating the resulting lin- 
ear model using regression techniques. 

In ( y )  = a + b In (x). ( 1 )  

An estimated exponent value b less than 1 indicates econ- 
omies of scale, while an exponent greater than 1 indicates 
diseconomies of scale. This follows because the returns 
to scale measure is the reciprocal of p where 

d?, b. 
p = - - =  Y dx  

That is, marginal productivity ( d x l d y )  is greater than 
(less than) average productivity ( x / y )  if b is less than 
(greater than) one. 

One of the earliest pieces of research to estimate this 
function was the work of Walston and Felix [28]. They 
collected data on 60 projects within IBM’s Federal Sys- 
tems Division and estimated a function with an exponent 
of 0.91, a result that would indicate mild increasing re- 
turns to scale. Jeffery and Lawrence 1221 and Vessey 1271 
have also reported economies of scale on small projects, 
although they have not published their data. 

We have extended this analysis to a number of other 
published data sets. Using the 1978-1980 data from a 
Yourdon [20] survey of 17 projects from a variety of 
firms, we estimated an exponent of 0.72, indicating in- 
creasing returns to scale. Two other data sets that display 
exponents of approximately 0.95 are from Bailey and 
Basili’s study [2] of 19 NASAEoddard Space Flight 
Center projects and Behren’s study [ 123 of 25 projects at 
Equitable Life Assurance S ~ c i e t y . ~  Kemerer’s [25] Func- 
tion Point data from a commercial data processing con- 

‘Behren’s data set is not reported directly in his paper. However. a scat- 
ter graph is provided, which was cnlarged and the Clatil directly exmpo- 
Isted. Note that the graph contains only 22 of the 25 reported data-pints. 

sulting firm yield an estimated exponent of 0.85 (see Ta- 
ble I). In summary, the evidence for economies of scale 
comes from a number of sources representing a wide va- 
riety of application environments. 

However, a number of researchers have provided em- 
pirical support for the notion of diseconomies of scale as 
well. Boehm’s [ 141 63 project COCOMO data set exhibits 
an exponent of 1.1 I .  We estimated a high exponent of 
1.49 for Albrecht and Gaffney’s [ I ]  24 projects from IBM 
measured in Function Points. Two data sets that produce 
identical exponents of 1.06, showing mild decreasing re- 
turns to scale are Belady and Lehman’s [13] 33 project 
data set from a large software house and Wingfield’s [29] 
15 project US. Army data set. Therefore, the empirical 
evidence for diseconomies of scale in new software de- 
velopment is at least as compelling as that for economies 
of scale. 

Table 1 summarizes the loglinear model analysis of the 
nine data sets, with five exhibiting increasing returns to 
scale and four exhibiting decreasing returns to scale. The 
returns to scale results reported in Table I1 thus indicate 
that the conflicting theories about the presence of scale 
economies ‘or diseconomies described in Section I are 
matched by conflicting empirical evidence obtained for 
different data sets. We reconcile this apparent contradic- 
tion by offering the hypothesis that for most software de- 
velopment “production processes” there exist increasing 
returns to scale for smaller projects and decreasing returns 
for very large projects. That is, average productivity is 
increasing as long as the project size is smaller than the 
“most productive scale size” (MPSS), and is decreasing 
for projects that are larger.4 The actual MPSS may be dif- 
ferent for different organizational settings. 

The reasons for our  above hypothesis stem from the 
conflicting arguments presented earlier in Section I for the 
presence of both economies and diseconomies of scale. 
Since most projects require a significant fixed investment 
in project management overhead, average productivity in- 
creases initially as the fixed overhead is spread over a 
larger project. Productivity increases on progressively 
larger projects may also come from the greater use of spe- 
cialized personnel and tools, and possibly greater man- 
agement attention. But, eventually the larger project size 
generally makes it more difficult to manage, and the mar- 
ginal productivity of the project team is likely to decline. 
Increasing returns continue to prevail as long as marginal 
productivity remains greater than average productivity. At 
the most productive scale size (MPSS) marginal produc- 
tivity equals average productivity, and beyond MPSS 
average productivity, being greater than marginal produc- 
tivity, is declining and decreasing returns to scale prevail. 
This intuitive argument is depicted in Fig. 1. We do not 
expect to observe situations where decreasing returns to 
scale prevail for smaller projects and increasing returns 
for larger projects. In the next two sections we reexamine 

‘Banker 131 provides a rigomus definition and discussion of the concepl 
01‘ moat productive scale sire (MPSS). We pursue this analysis further in 
Section IV. 
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TABLE I 
KEHERER 125) DATA SET 

Ptoircl HOW8 funC PU KSLOC 

1 43824 1217.1 253.6 

2 1Mco 507.3 40.5 

3 18831 1 2306.6 450.0 

4 13109 788 5 214.4 

5 51118 1337.8 449.0 

8 12780 421.3 M.0 

7 3528 S99 43.0 

I 1- 893.0 200.0 

9 17632 1592 S 289.0 

10 (OM4 240.0 39.0 

11 . 39322 1011.0 254.2 

12 3w88 789.0 128.6 

13 2164 690.9 161.4 

14 37529 1347.5 161 8 

15 lW25 1044.3 60.2 

16 11 552 lm.o lSS.0 

17 15068 1030.0 195.01 

TABLE I1 
SUMMARY OF LOGLINEAR MODELS 

- -~ ~ 

Bsnnna 22 n.i 148 w -.a2 

Walnon go 20K n6 91 n.r. 

eslby 19 29K n 6  95 - 73 

YOUmon (7  34K n 6  72 .1.21 

COCOMO 83 67K n a  1 1 1  130” 

- 

AlbrOblt 24 WK (U6 1.40 2.67’ 

Wady 33 92K n.6. 1.00 .W 

Wingliild 15 lM#( n.6. 1.06 .XI 

K s n a t a  17 22OK 1013 .65 -.?s 

eight5 of the nine data sets within the framework of less 
restrictive estimation models to provide empirical support 
for our hypothesis. 

The MPSS will tend to differ across organizations. If 
the fixed overhead is large, or if the marginal productivity 
does not decline rapidly, increasing returns will continue 
to prevail for larger projects and the MPSS will be large. 
On the other hand, if the fixed overhead is relatively small 
or if the marginal productivity declines sharply. then the 

‘Walston and Felix 1281 report their estimated loglinear model, but do 
not present the actual data. 

productivity 
(.iu/harr.) t 

pfcduction 
tunctia, 

> 
0 wpss projut scab 8iZ* 

Fig. I. Most productive scale size (MPSS). 

MPSS is small and decreasing returns set in at a lower 
scale level. 

111. PARAMETRIC PRODUCTION FUNCTION ANALYSIS 
The problem with the simple loglinear model of the pre- 

vious research is that it does not allow for the possibility 
of increasing returns for some projects and decreasing for 
others. The estimated returns to scale are determined by 
a single parameter, the exponent b. But we require a more 
general model that allows for average productivity in- 
creases as the fixed project overhead gets spread over 
larger and larger projects, and after reaching the most pro- 
ductive scale size (MPSS), it allows for declining average 
productivity caused by negative factors affecting large 
projects such as the proliferation of communication paths. 
Rather than reject the parametric approach based only on 
the simple loglinear model, we first explore more flexible 
parameteric forms that have been employed in empirical 
research in other production environments. Such a model 
that estimates MPSS would also be of use to software de- 
velopment managers because they can then identify the 
scale size where average productivity is maximized in 
their organization. 

One possible method for generalizing the restrictive 
loglinear production function for new software develop- 
ment of previous research is by simply adding a logquad- 
ratic term as an independent variable. We can thus esti- 
mate the following translog function? 

‘Christensen. Jorgenson. and Lau 1181 me lhrt thc translog is il Renible 
functional form lhat provides a local second-order approximation to an ar- 
bitrary. twice-continuously-differentiable production function. 
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Letting y equal HOURS and x equal SIZE, it is evident 
that the reciprocal of the returns to scale measure is given 
by p where 

Therefore, if the estimated & > 0 then increasing re- 
turns to scale prevail for x < exp { ( 1 - PI ) / 2 &  } and 
decreasing returns prevail for project sizes greater than 
the estimated MPSS given here by x* = exp { ( I  - 
P1)/2&}. If, however, the estimated P2 were negative 
then it would be inconsistent with our arguments above 
that the average productivity is decreasin for smaller 

Hildenbrand [21], Varian [26], and Banker and Maim- 
diratta [8] have argued that such a parametric approach 
imposes considerable untested structure on the production 
function. To provide evidence of robustness of their re- 
sults, several empirical studies therefore estimate differ- 
ent parametrically specified functional forms.’ For in- 
stance, in our present context an alternative specification 
may be the following quadratic form: 

projects, and increasing for larger projects. B 

HOURS = po + P,(SIZE) + P~(SIZE)’. (4)  

Again letting y equal HOURS and x equal SIZE, the 
reciprocal of the returns to scale measure is given by p 
where: 

x dy x (  PI + 2&x) &.x + 2&x2 
Y dx Y Po 4- P I X  + & x 2 ‘  

= ( 5 )  P E - - =  

Therefore, p > 1 if and only if P 2 x z  > Pa. If the esti- 
mated values of both Po and Pz are positive then the MPSS 
is given by x* = a0/P2, with increasing returns for x 
< x* and decreasing returns for x > x * .  If estimated Po 
< 0 and & > 0 then decreasing returns are exhibited for 
all x > 0, and if estimated 00 > 0 and 02 < 0 then in- 
creasing returns are exhibited for all x > 0.  If the esti- 
mated values of both Po and p2 are negative then decreas- 
ing returns correspond to small projects and increasing 
returns correspond to large projects, contrary to our ear- 
lier hypothesis.’ 

The empirical results for the eight available data sets 
for the logquadratic (translog) and the quadratic models 
are presented in Tables 111 and IV, respectively. Two em- 
pirical problems are encountered in practice. First, sev- 
eral researchers have observed that these so-called flexi- 

’Such contrary evidence appears in one of the eight data sets examined 
hy us. See Table 111. The validity of this inference is questionable. how- 
ever. because of the high (0.9 * * * ) correlation belween the two indepen- 
dent variables in the regression. 

“We assume here that software development effon is determined pri- 
marily by the sire metric. If other factors are also considered relevant, they 
e m  be included in the estimation model and the MPSS estimated based on 
the corresponding coefficient estimates. 

‘Negative estimates for both 8, and 13, occur in three of the eight data 
sets. See Table IV. High correlation between the two variables (SIZE) and 
(SIZE)’ suggests that returns to scale estimates are likely to he unstable. 
In fact, in all these three contrary cases, the estimated coefficients indicate 
that less hours are required for la%er projects. 

TABLE I11 
SUMMARY OF LOGQUADRATIC MODELS 

DATA SET So jI j ,  R* WSS’ 
- - 
Ea4Iw.N 6.57 4 1  2 1  I7.W Y . W  CC 

(1.81) t.44 (1.00) 

Bliby 6.27 4 4  ,075 02.6% 21.47 SLOC 
(13.81) (1.46) (1.14) 

VOwdQl 7.04 .l? .W 3O.M 140.41 KSLOC 
(2.62) (.lo) 1.33) 

- COCOMO 636 .SO8 .OS 73.8% 1.10 N(DM 

(12.10) (2.02) (.MI 

iibrcchl 3.60 .3? .on 73.6% 36.w FP 
(.U) i.11) (.U) 

Belady 6.08 1.39 -.M 70.3% WA 
(5.59) (2.31) ( 4 3 )  

Wingfield 20.00 4.W .S? 56.4% 5.08 S L O G  
(1.751 (47) I1.m) 

TABLE 1V 
S U M M A R Y  OF QUADRATIC MODELS 

322 4 ,029 50.4% 105.74 FP Whretm 
1.44) 1.39) (1.06) 

(-1.36) (6.07) (-3.07) 

i.07) (1.74) (41) mu bf .I obwnotbm 

Baiby -1728 517 -3.10 M.6% NIA 

Y W d o n  211 181 s . 9 0  42.8% Incfouhg ruurw IQ 

COCOMO 41801 2670 -1.51 57.8% NIA 
i - C . 0 8 )  lE.28l (-3.12) 

imroCh1 8478 .14 .OM 94.9% 499.41 FP 
(1.87) (-1.00) (5.59) 

h l l d v  4 4 4 2  2811 .2.50 46.1% NIA 
(..64) (3.17) (-1.76) 

GiingbM 81627 13 3.72 71.4% iw.13 KSLOC 

Kernerer 26208 40  .U9 81.8% 1a.43 FP 

1.62) (.Or) (1.31) 

11.95) (-2.35) (4 80) 

ble parametric functional forms frequently violate 
reasonable regularity conditions, such as a monotonically 
increasing relation between inputs and outputs. See for 
instance. Caves and Christensen [ 161 and Barnett and Lee 
[ I  I]. In our present context, the logquadratic models es- 
timated for the Bailey and Wingfield data sets exhibit 
dy/dx c 0 (decreasing labor requirement for increasing 
project size) for smaller projects. Similar violation of this 
regularity condition is exhibited by the estimated quad- 
ratic models; for small projects by the Albrecht and Kem- 
erer data sets and for large projects by the Bailey, 
COCOMO, and Belady data sets. 
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The second empirical problem is more serious for our 
objective of estimating returns to scale for new software 
development. The pairs of independent variables In 
(SIZE) and (In (SIZE))’, and (SIZE) and (SIZE)’, tend 
to be highly correlated. The range of pairwise correlations 
was 0.967-0.999 for In (SIZE) and (In ( SIZE))2 and 
0.915-0.974 for (SIZE) and (SIZE)’ for the eight avail- 
able data sets. This high level of collinearity implies that 
the confidence about interpreting the estimates of the coef- 
ficients fll and Pz as the change in the dependent variable 
due to a change in the independent variables will be very 
low for both the logquadratic and the quadratic models.” 
Consequently, the estimates of these coefficients are likely 
to be unstable. See for instance Judge et al. 1241. The 
usual econometric methods, therefore, may not be appro- 
priate for estimating the nature of returns to scale or the 
most productive scale size for these eight data s e t s . ”  

The high correlation between In (SIZE) and (In 
(SIZE))’ is also of importance to the interpretation of the 
results of the estimation of the simple loglinear models 
reported in Table I. The estimated coefficient 6 in this 
case is likely to also pick up the effect of the omitted vari- 
able (In (SIZE))’, and therefore, the interpretation of 6 
as the estimated returns to scale measure may not be ap- 
propriate. 

Iv. NONPARAMETRIC PRODUCTION FUNCTION ANALYSIS 

Given these problems, and the limited C-J priori knowl- 
edge about the functional form of the production process 
underlying software development, specifying a paramet- 
ric form for the production correspondence is difficult to 
substantiate theoretically or validate statistically. Also, it 
is not immediately apparent what restrictions these hy- 
potheses, treated as axioms in the econometric approach, 
impose on the production correspondence [8], 1211, [26]. 
Production economics theory indicates the need to em- 
ploy a frontier notion for a production function, with de- 
viations from the frontier occurring due to inefficiencies 
exhibited in individual observations [SI, [9]. This differ- 
entiates between characteristics of the process and indi- 
vidual inefficiencies. Therefore, we propose to use Data 
Envelopment Analysis (DEA), a nonparametric approach 
to production frontier estimation developed by Charnes, 
Cooper, and Rhodes [ I71 and extended to a formal pro- 
duction economics framework by Banker, Charnes, and 
Cooper 141. DEA does not impose a parametric form on 
the production function and assumes only that a monoton- 
ically increasing and convex’* relationship exists between 
inputs and outputs, standard economic production func- 

“’I’he standard ermrs of the estimated cocfticients are likely to be largcr. 
and the corresponding 1-statistics are less likely to  be significant when the 
independent variables are highly correlated. 

“The variance of the estimates of the returns to scalc or MPSS measures 
depend on the variance and the covariance of the estimates of&,. bl. and 
02. 

“The convexity assumption ensures that marginal productivity is de- 
creasing so that decreasing returns for smaller projects are not followed by 
increasing returns for larger projects. 

tion  assumption^.'^ More formally, the following limited 
assumptions are made about the frontier production func- 
tion f (x ) : 

I )  Monoronicity: I fy  = f ( x ) . y ’  =f(x‘ )andx 1 x’, 
andy 1 y’. 

2) Convexity: I fy  = f ( x ) ,  y‘ = f ( x ’  ) and 0 5 A I 
1 then(l  - A)y + Ay’ rf[(l  - A)x f Ax‘]. 

3) Envelopment: For each observation k.  k = 1, * , 

4) Minimum Ertrapolation: If a function g( * ) satis- 
fies the monotonicity, convexity, and envelopment con- 
ditions, then g ( x )  si f ( x )  for all x .  

The estimation of the function f ( x )  can be accom- 
plished using linear programming techniques, and esti- 
mates off (xi ) obtained in this manner are maximum like- 
lihood and consistent, see Banker [9]. The most 
productive scale size is estimated via the following linear 
programming model as in Banker 131 for the general case 
of multiple inputs and outputs.I4 

n , y ,  r f ( x * ) .  

min qA 

subject to 
n 

C X ~ X , ~ Z X , ~  j = 1 ; - * , J  

C xky,,  < qAyiA 

k =  I 

n 

i = I ,  - .  * , I 
k =  I 

V.4, x k  2 0 
where 

xjk = output j for observation k. 

yik = input i for observation k, and 

n = number of observations (k = I ,  2, * - * . n ) .  

The MPSS for the input-output mix given by ( y,, x A ) .  
whereyA (yl,, - * 9 y i A 9  ’ * 9 y/A), and xA ( X I A *  . . .  9 X j A ,  * * ‘ , xJA) ,  is computed as follows: 

XA MPSS = n .  

’ I A  
k -  1 

In our present context, we are interested only in a single 
input-single output production correspondence, and the 
computational problem is consequently considerably sim- 
plified. The solution to the linear program in (6) is given 
by simply ~2 = x,,/MyA where M = maxk { x k / y t  I k = I ,  
. . .  , n } is the maximum observed average productivity 

IS Recent developments I IO] in stochastic data envelopment analysis 
simultaneously consider deviations from the production frontier due to inef- 
ficiencies and also measurement errors. Evidence on the comparative ap- 
plication of the DEA and trdnslog models is pmvided by Banker. Conrad. 
and Strauvs IS]. 

’“Alternative models for estimating MPSS when .some inputs or outputs 
are fixed or uncontrollable. or when some variables are measured on a cal- 
egorical rather than o i  a continuous scale are described by Banker and 
Morey 161. Banker and Maindiritta 171 discuss the estimation of other non- 
convex technologies. 
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TABLE V 
MOST PRODUCTIVE SCALE SIZES USING DEA 

across all observations. The most productive scale size is 
given by the project size x,,,, say, for which xM/yM ( = M 1 
is the largest for all observations. If the maximum average 
productivity is also attained for some other observation, 
say M', with observed input-output pair (xw , y,,,.), then 
the range of project sizes between xMe and xM all represent 
MPSS. 

The MPSS was calculated for the eight available data 
sets, and the results are reported in Table V using the size 
metric chosen by each researcher. From a practitioner's 
viewpoint, the MPSS provides a project size goal in order 
to maximize the average productivity of future new soft- 
ware development projects. From a research perspective, 
it also allows the identification of both increasing and de- 
creasing returns within these empirical data sets. Projects 
larger (smaller) than the MPSS correspond to decreasing 
(increasing) returns, respectively. Table V shows the 
MPSS and the corresponding percentile value for the range 
of observed output data for each of the eight data sets. In 
five of the eight cases, the MPSS is within the interquar- 
tile range for the observed output data, thus indicating 
that both increasing and decreasing returns are present 
since there exist both smaller and larger projects than the 
MPSS at that site. It follows therefore that the loglinear 
model may be an inadequate description of many new 
software development application environments. 

V. CONCLUDING REMARKS 
In this paper we have reconciled two opposing views 

regarding the presence of economies or diseconomies of 
scale in new software development. Our general approach 
provides for a production function model of software de- 
velopment that allows for both increasing and decreasing 
returns to scale. Through use of the DEA technique we 
have also shown how to identify the most productive scale 
size. 

For the practitioner, our results contain a number of 
useful implications. In terms of project estimation, tra- 
ditional algorithmic models have suggested a simple log- 
linear model with which to estimate eventual work-hours. 

While these models have some limited applicability, they 
ignore the possibility of improving project productivity by 
carefully selecting the scale of the project. Rather than 
taking the scale as exogeneous, as most of these simple 
models do, managers could actively seek to identify the 
most productive scale size for their organization. In order 
to estimate models for their own environments. managers 
will need to collect input and output metrics for their own 
projects. As we have demonstrated the general model with 
both SLOC and Functions Points, the choice of particular 
metrics can be made by the individual manager. The only 
critical consideration is that these data be collected con- 
sistently and accurately. 

Another application of the MPSS idea is that once man- 
agers have estimated the MPSS for their organizations' 
software development process, this information could be 
used as input to the make or buy decision. If a new system 
were estimated to be of a size very different from the 
MPSS. then that would be an additional factor to take into 
account in favor of buying 'the system rather than devel- 
oping it in-house. 

Our results suggest that the MPSS varies widely across 
different application environments, and an interesting ex- 
tension to this work would be to identify factors that con- 
tribute to some organizations' ability to successfully man- 
age larger projects. Managers could also assess the effects 
on productivity of other scale-related factors, such as cal- 
endar duration and the number of new project team staff 
members.'' 

REFERENCES 
[ I ]  J .  Albncht and J .  G. Gaffney, Jr.. "Software function. source lines 

o f  code, and development effort prediction: A software science vali- 
dation." IEEE Trans. Softwire Eng.. vol. SE-9. no. 6. pp. 639-648. 
Nov. 1983. 

[Z] J .  W. Bailey and V. R. Basili. "A nieta-model for software devel- 
opment resource expenditures." in Proc. 51h Inl. Conf. Scjbare En#. , 
1981, pp. 107-116. 

131 R .  D. Banker, "Estimating most productive scale size using data en- 
velopment analysis," European J. Opcr. Res., vol. 17. no. I ,  pp. 

14) R.  D. Banker, A. Chames. and W. W. Cooper. "Some models for 
estimating technical and scale inefficiencies in DEA," Munogenienl 
Sci.. vol. 30. no. 9, pp. 1078-1092. Sept. 1984. 

151 R. D. Banker, R. F. Conrad, and R.  P. Strauss, "A comparative 
application of DEA and translog methods: An illustrative study of 
hospital production." Managemmr Sri.,  vol. 32. no. I. pp. 30-44, 
Jan. 1986. 

161 R. D. Banker and R.  C. Morey. "Efficiency analysis for exogenously 
fixed inputs and outputs," Oper. Res.. vol. 34. no. 4. pp. 513-521. 

171 R. D. Banker and A. Maindiratta. "Piecewise loglinear estimation of 
efficiency production surfaces," Manaxemenr Sri., vol. 32, no. 1, 
pp. 126-135, Jan. 1986. 

[SI -. "Nonparametric analysis of technical and allocative efficiencies 
in production." Eroononiurricu. vol. 56.  no. 6. pp. 1315-1332. Nov. 
1988. 

191 R.  D. Banker. "Maximum likelihood. consistency and data envel- 
opment analysis." Camegie Mellon Univ.. Working Paper. 1987. 

[IO] -, "Stochastic data env.elopment analysis." Manugemmr Sri.. 
1989, to be published. 

[I I] W. A.  Barnett and Y .  W. Lee. "The global properties of the mintlex 

35-44, July 1984. 

July-Aug. 1986. 

Helptul comments from C .  Beath. R .  Davis. and participants at a re- 
search seminar at the University of Minnesota on an earlier version of chis 

1% 

paper arc gratefully acknowledged. 



BANKER AND KEMERER: SCALE ECONOMIES IN NEW SOFTWARE DEVELOPMENI' I 20s 

Launnt. genenlized Leontierand translog flexible functional forms." 
Ecnnnrticrricu. pp. 1421-1437, 1985. 

1121 C. A. Behrcns. "Measuring the productivity ofcomputer systems de- 
velopment activities with function points." /&E& Truns. Sojtturc 
En#.. vol.,SE-9. no. 6. pp. 648-652. Nov. 1983. 

1131 L. A. Belady and M. M. k h m d n .  "The characteristics of largc sys- 
tems." in Reseurrh Direerinns in Sflwurr Technology. P. Wegner. 
Ed. 

1141 B. W .  Bwhm. Sojwurr Enginrering Econrrwics. Englewcxd Clilk.  
NJ: Prentice-Hall. 1981. 

1151 F. P. Bmoks. The Mythirul Mun-Mnnrh. Reading. MA: Addison.. 
Wesley. 1975. 

1161 D. W. Caves and L. R. Christensen, "Global properties of flexible 
functional forms." A n w .  Econ. Rev.. pp. 422-432. 1980. 

1171 A. Chames. W. W. Cooper, and E. Rhodes. "Evaluating program 
and managerial efficiency: An application of data envelopment anal- 
ysis to program follow through." Mmugemeitt Sci.. vol. 27. no. 6. 
pp. 668-697. June 1981. 

l l 8 l  L. R. Christensen, D. W., Jorgen.wn. and L. J. Liiu. "Transcendental 
logarithmic pmduction fmnticn." Rrv. Econ. Sfor., vol. 55, pp. 28- 
45. 1973. 

191 S. Conte. H. Dunsmore. and V. Shen. Soflwurc. €ngincvrin,q Mrtrics 
und Mrxlrls. 

1201 T. DcMarco, "Yourdon pmject survey: Final repolt." Younlon. Inc.. 
Tech. Rep., Sept. 1981. 

121 I W. Hildenbrand, "Short-tun production functions based on micro- 
data," &onnntcrrica, vol. 49. no. 5 ,  pp. I095-lI25. Sept. 1981. 

1221 D. R. JefTery and M. J. Lawrence. "An inter-organisational compar- 
ison of programming productivity," in fror. 4th h r .  CO,,/: Suftwure 
Enxineerinx, 1979. pp. 369-371. 

1231 C. Jones, PrngrumminR Pmduc'rivir~. New York: McGraw-Hill. 
1986. 

1241 G. G. Judge, W. E. Grifliths. R. C. Hill. and T. C. Lee. The Thcnry 
and Praericc c~JEconotnerrics. 

1251 C. F. Kemerer, "An empirical validation of software cost estimation 
models." Commun. ACM, vol. 30. no. 5. pp. 416-429, May 1987. 

1261 H. Varian. "The nonparametric approach to pruduction analysis." 
Ecnnnmerriru. vol. 52. no. 3. pp. 579-5Y7. 1984. 

1271 1. Vessey. "On program development ellon and productivity." / it-  

/.rm. Munagemenr, vol. IO, pp. 255-266. 1986. 
1281 C. E. Walston and C. P. Felix. "A method of programming mea- 

surement and estimation." /BM Swt. J . ,  vol. 16. no. l ,  pp. 54-73. 
1977. 

1291 C. G. Wingfield. "USACSC experience with SLIM." U.S. Army 
Inst. for Research in Management Information and Computer Sci- 
ence. Tech. Rep. 360-5. 1982. 

Cambridge. MA: MIT Press. 1979. pp. 106-138. 

Reading. MA: Benjamin/Cummings. 1986. 

New York: Wilcy, 1980. 

Kajiv D. Banker  rcccived the B.Sc. degree (with 
highest honors) in mrthcmatics and economics 
frnm the Univerjity of Bomhay and the doctorate 
fmm the Graduate Schnol of Business. Hawrrd 
University. Cambridge. MA. 

He is the Arthur Anderwn Professor of Ac- 
awnting and Information Systcms at the Univcr- 
sity of Minnesota, Minneapolis. He has authored 
over 70 papers. including publications in Mun- 
ugrmort Si.ir,rc*c. &cwicmetricu. Opcrnrinns R e  
seurch. and Ewnprun Journul ilf Operationu1 Re- 

seurrh. For the past IO yews he has worked on several research pmjecls 
involving the derign of pduc t iv i ty  measurement and management control 
systems. His current research interests also include the evaluation of eco- 
nomic and strategic impacts of information technologies and software en- 
gineering tools. 

Dr. Banker is a Co-Editor of the Journal c$Pnducrii9irj Anu/wis. and 
sewer on the editorial boards of five other journals. 

Chris  F. K e n e r e r  received the B.S. degree in de- 
cision sciences and economics from the Wharton 
School of the University of Pennsylvania. Phila- 
delphia, and the doctorate from the Graduate 
School of Industrial Administration at Carnegie- 
Mcllon University. Pittsburgh. PA. 

He is the Douglas Drane Carccr Development 
Assistant Professor of Information Technology 
and Management at the Massachusetts Institute of 
Technology. Cambridge. MA. His work has ap- 
peared in the C[~iitrrunicuri~iit~ 1$ the ACM and 

other journals. His current research interests includc software engineering 
measurement and modeling. 

Dr. Kemerer is a member of the IEEE Computer Society. the Associa- 
tion for Computing Machinery. and TIMS. 

Reproduced ulth permission of copyright owner. Further reproduction prohibited. 


