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ABSTRACT

This paper investigates two essential questions related to
data-driven, software cost modding: (1) What modeling
techniques are likely to yield more accurate results when
using typical software development cost data? and (2) What
are the benefits and drawbacks of using organization-
specific data as compared to multi-organization databases?
The former question is important in guiding software cost
analysts in their choice of the right type of modeling
technique, if at al possible. In order to address this issue,
we assess and compare a sdlection of common cost
modeling techniques fulfilling a number of important
criteria using a large multi-organizational database in the
business application domain. Namely, these are: ordinary
least squares regression, stepwise ANOVA, CART, and
analogy. The latter question is important in order to assess
the feasibility of using multi-organization cost databases to
build cost models and the benefits gained from local,
company-specific data collection and modeling. As a large
subset of the data in the multi-company database came
from one organization, we were able to investigate this
issue by comparing organization-specific models with
models based on multi-organization data. Results show that
the performances of the modeling techniques considered
were not significantly different, with the exception of the
analogy-based models which appear to be less accurate.
Surprisingly, when using standard cost factors (eg.,
COCOMO:-like factors, Function Points), organization
specific models did not yield better results than generic,
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multi-organi zation models.

Keywords
cost estimation, classification and regression trees, analogy,
analysis of variance, least-squares regression

1 INTRODUCTION

The egtimation of software development cost has been the
focus of much research over the past 20 years. Many
methods have been applied to explain software
development cost as a function of a large number of
potentially relevant cost factors. A wealth of modeling
techniques coming from statistics, machine learning, and
knowledge acquisition have been used with various degrees
of success and on a limited nhumber of mostly small and
medium-size data sets.

Despite the intense research activity, few generalizable
conclusons can be drawn. For example, many of the
studies that evaluate modeling techniques consider only a
small subset of techniques. In addition, such studies are
usually based on small data sets, making the results more
vulnerable to the idiosyncrasies of the data at hand. Finally,
initial evaluations are rarely replicated, hence one can only
have limited confidence in the conclusions drawn.

One purpose of this paper is to address the first two issues
noted above. Firg, we compare the prediction accuracy of
most of the more commonly used modeling techniques in
the context of cost estimation. Second, we do so with a
large data set (by software engineering standards).

In addition, cot modeling can be based on multi-
organization data (e.g., COCOMO) and local project data,
which are specific to a given organization (e.g., SEL).
When companies group together (e.g., European Space
Agency database [17]), project cost data can be collected
much faster, thus facilitating the construction of cost
models and benchmarks. But how do the results compare
with cost models based on local, company-specific data? In



other words, assuming that data are collected somewhahvironments and reported an MMRE variation between
consistently and projects come from comparable domaingd% and 90% for their three tested models: S8} [
what are the benefits of using local data overubi- COCOMO BJ, andJensets model 11]. As a result of their
organization database? investigation, they proposed a new model COPBO |

These guestions are of high practical importance SinCcalibrated separately to the six data sets. This new model
q gn p P ielded a MMRE of 21%.

strategic decisions have to be made by softwar

organizations in order to decide whether sanitmatii- In the 1990s, comparative studies also included non-

organization databases within industry sectors are wortparametric modeling techniques based on machine learning

developing and whether they can be used for their softwaedgorithms and analog$hepperd et al24] compared an

cost estimation. Despite inherent data quality assurance aadalogy-based technique with stepwise regression. They

comparability issuesmulti-organization databases can used nine different data sets from different domains and

support the fast construction of cost models, helpingeport that in all cases analogy outperforms stepwise

organizations ensure that their cost estimation models keepgression models in terms of the MMRIEkhopadyay

up with the fast pace of technology evolution. [23] usedKemerers project data set and found that their

We can summarize the discussion above as two questionsanalogy'baSEEd modéistor, using case-base«a_lasonlng
(CBR), outperformed the COCOMO modeihnie et al.

1. Which modeling technique performs best (a) if local,[10] compared CBR with different regression models using

company-specific data is available and (b) usiogi- FP and artificial neural networks on a large database

organization data? consisting of 299 projects from 17 different organizations.

They report a better performance of CBR when compared

With different regression models based on function points.

©n addition, artificial neural networks outperformed the

CBR approach.

2. What are the advantages of company-specific data
compared tomulti-organization data from the sam
domain?

These two issues are investigated using a unique datab

consisting of 206 business software projects from 2 egression trees, artificial neural networks, funpiants ,
companies in Finland. This database is the result of

. ; : . the COCOMO model, and the SLIM model. They used the
rigorous data quality assurance process, contains proje

from a similar application domain (i.e., business applicatio%f;:(')'vIO data set (63 projects from different applications)

i dis of iderable size b ft tand sa training set and tested the results oiKémeerer data
systems), and is of considerable size by software standarg, projects, mainly business applications). The regression

Furthermore, a company code identifies projeCtStrees outperformed the COCOMO and the SLIM model.

co_r;trlljt;utgdt I%y the sarrr:_ehctompany, ma(;qng this a Ver)i'hey also found that artificial neural networks and function
suttable database on which 1o assess and compare COmmafi,; p4seq prediction models outperformed regression
software cost estimation models both within and acro

. ees.
companies.

finivasan et al. 2P] include in their comparison:

. . . ) . Using a combination of the COCOMO and imamerer
The remainder of the paper is organized as follows: SeCt'odhta setsBriand et al. ] compared the COCOMO model

B s oot ippise regression and opimzed set educton (OSR)
S e ich is a nomarametric technique based on machine
JUST['f'eS our resear_ch method. _Sectlo_n 4 presents the mag rning. OSR outperformed stepwise regression and the
salient data analysis results. D|§CUSS|o_ns of the results a COMO modelJargenseniB] used 100 maintenance
conclusions are then presented in Section 5. projects for testing several variations of regression,
2 RELATED WORK artificial neural networks, and combinations of OSR with
During the last twenty years, many differstdies regression. He found that two multiple regression models
comparing modeling techniques for software cos@nd a hybrid model combining OSR with regression
estimation have been published. In the '598@ddely used worked best in terms of accuracy. In general, he
parametric modelS][19][1][2] were compared using data recommended the use of more sophisticated prediction
sets of various sizes and environments. Some of the maimpdels like OSR together with expert estimates to justify
conclusions were that these models perform poorly whethe investments in those models.

applied uncalibrated to other environmenfl[16][9].
Kemerer, for example, used 15 projects from busine
applications and compared four models: SLIM], [
COCOMO B], Estimacs 19], and Function Points (FP)
[2]. He reported an estimation error in terms of the Mea
Magnitude of Relative Error (MMRE) ranging from 85% to
772%.Conte et al. used six data sets from widely differin

Althoughparametric techniques are included in almost all
S6f the studies comparing different cost estimation mgthods
the comparisons are partial in the sense that only certain
techniques are evaluated. Moreover, replications of studies
re rarely performed. Even when the same data set is used
in different studies, the results are not always comparable
%ecause of different experimental designand et al. and

ISERN-98-27 3



Srinivasan et al., for example, both used the COCOMO andontacted in order to verify and check their submission. At
Kemerer data; however, they used the data in differerihe time of writing, the database consisted of 206 software
ways as training and test séf§22]. Furthermore, many projects from 26 different companies. The projects are
studies use only small data sets coming from differennainly business applications in banking, wholesale/retail,
environments. This makes it difficult to drgeneralizable  insurance, public administration and manufacturing sectors.
conclusions about the modgdsrformance. This homogeneity in the data allows us to derive more
eneralizable conclusions for other projects in the business
plication domain. Six companies provided data from
ore than 10 projects. As one company submitted a big
Iﬂroportion (one third) of the whole database, we were able
to address important issues regarding the usefulness of
company specific data as compared to external data. The
system size is measured in Experience Function Points, a
3 RESEARCH METHOD variation of theAlbrechts Function Point measu@.[The
Data Set five functional categories used are the samdbaschts;
The Experience Database started in close cooperation wittowever, complexity weights are measured fore goint
16 companies in Finland. Companies buy the Experiencgcale instead of a three point scale. The variables
tool [30] and pay an annual maintenance fee. In return, thegonsidered in our analysis are presented in Table 1.
receive the tool incorporating the database, new versions ﬁfo
software and updated data sets. Companies can add th}glsr
own data to the tool and are also given an incentive t?ec
donate their data to the shared database through t%%
reduction of the maintenance fee for each projec
contributed. The validity and comparability of the data is]c .
) d ollows:

assured as all companies collect data using the same too
and the value of every variable is precisely definedAutomatable Since we use a computationally intensive
Moreover, companies providing the data are individuallycross-validation approach to calculate the accuracy values,

Our current study makes the contribution of evaluating an(g
comparing many of the common cost modeling technique
that have been used in software engineering. In additio
we use both company specific andlti-organizational
data, which allows the relative utility ofulti-
organizational databases to be evaluated.

deling Techniques

described in Sectidh) many data-intensive modeling
hniques have been proposed in the literature. Our
mparative study considered only a subset of all of these
roposed techniques. The criteria for inclusion were as

Variable | Description Scale Values / Range / Unit

Effort Total project effort ratio Person hourph)

EFP System size measured in Function Points ratio Unadjusted Experience Function Points
(EFP)

BRA Organization Type nominal | Banking, Wholesale/Retail, Insurance,
Manufacturing, Public administration

APP Application Type nominal | Customer service, Management

information systems, Office information
systems, Process control and automatia
Network management, Transaction
processing, Production control and
logistics, On-line and information service

=]

HAR Target Platform nominal | Networked, Mainframe, PC, Mini
computer, Combinedhf+pc,mini+pc,
etc.)

F1- F15 | 15 Productivity Factors: ordinal 1 -5 (very smakl very large)

Customer Participation, Development Environmient,
Staff Availability, Level and use of Standards,
Level and use of Methods, Level and use of Togls,
Logical Complexity of the Software, Requirements
Volatility, Quality Requirements, Efficiency
Requirements, Installation Requirements, Analyfsis
Skills of Staff, Application Experience of Staff,
Tool Skills of Staff, Project and Team Skills of
Staff

Table 1: Variables from the Laturi Data base
ISERN-98-27 4



we could only consider techniques that could bethree variable etc. models is less labor intensive. The final

substantially automated. This excluded labor intensivanodel is of the form:

approach h i
pp -oac- es such as tha-t squestexﬂm [ Effort =’ EFP®" Fo” F8” .

Applied in Software Engineering: There ought to be a

precedent in software engineering where the technique ha&ereais a constant which varies with the significant class
been used, especially in cost estimation. The rationale ¥riables andF is a significant productivity factor

that the technique would have an initial demonstrateda=0.05). Interaction effects of class variables were taken
utility. into consideration.

Interpretable: The results of the modeling technique haveln order to avoidmulticollinearity problems, any two

to be interpretable. For instance, if we identify a modelingariables with aSpearman rank correlation coefficient
technique that produces difficult to interpret results as thexceedingtO .75 were considered to be highly correlated
best one, this would not be a useful recommendatioand were not used in the same model. Plots of residuals vs.
because in practice project managers would be unlikely titted were examined to check for violations of least
apply a model that is not understandable. This excludesquares assumptions. In addition,Raensay RESET test
techniques such as Atrtificial Neural Networks. was used to determine if there were omitted variables, and

. o . h Kwei r W h
Based on the above selection criteria, we considered ti& e Cookweisberg test as used to check for

following modeling techniques: ordinary Ieast-squares%teroscedasucny'

regression (OLS), a standard Analysis of VarianceCART

approach for unbalanced data sets, CART, and an analogye developed regression tree-based models based on the
based approach. We also considered combinations of theSART algorithm 8] using the CART (classification and
modeling techniques: CART and OLS regression, andegression trees) to@g. A regression tree is a collection
CART and analogy-based approach. Below we describe th# rules of the forntiif (condition 1 and condition énd
modeling techniques that we applied. ...) then Z, displayed in the form of a binary tree. The

Ordinary Least Squares Regression dependent variable for the trees was productivity.

We used multivariate least squares regression analysis ach node in a regression tree specifies a condition based
fitting the data to a specified model that predicts e8firt [ on one of the project variables that have an influence on

The selected model specification is exponential, becauggoductivity. Each branch corresponds to possible values of
linear models revealed markeeteroscedasticity, violating this variable. Regression trees can deal with variables

one assumption for applying regression analysis. A mixetheasured on different scale types.

stepwise process was performed to select variables having,a. .. . . : i
P P P select variables ha %ﬁ\ldmg a regression tree involves recursively splitting the

significant influence on effod<0.05). Dummy variables (gata set until (binary recursive partitioning) a stopping

yerrieblcreaggjirfol_dea}l dW'th _c&tegoncal,t no;mgal s_;:a:lhe riterion is satisfied. The splitting criterion used isphe
ariabies. al-scaled variables were treated as | hich - most successfully separates the projects

were measured using an interval scale. This is reasonab o ; o
; ductivity values. The stopping criterion was set to a
as shown in a study IBpector 21]. He showed that there  \inimym of twenty observations for the one but terminal

is practic_ally no differencg _in using scales having equal fqq4e e selected optimal trees having an overall minimal
;Jhnetquzl_ mltervalls. Ln adgltloﬁgoﬁrnstetdtbet al.4tI)|stete_ absolute deviation between the actual and the predicted

ﬁ ordinal scales ta_lve teter;.s OV_;_'E 0 fe usable as '_ntelr}.‘)%ductivity, and having enough (ten) observations in each
when u\:,_lngptar\]rame rne ila ISHCS. t;JIS, rom ;lw;i)ractlca terminal node. The median productivity values (instead of
perspective, these variables are usable as Irteveglates o means) for all projects in a terminal node are used as

in the context of regression analysis. predicted values to account dotliers.

Sepwise ANOVA . . .
. . . A project can be classified by starting at the root node of
We applied an analysis of variance (ANOVA) procedurethg trjee and selecting a brgnch to gfollow based on the

for constlructln?ha model to prfedlctbe:‘fort. gh'j t)roce%urf rojects specific variable values. One moves down the tree
can analyze the varlance of unbalance ala an ntil a terminal node is reached. At the terminal node,

- tfort is calculated by dividing the actual size in EFP by the
using theStata tool 27]. It uses the method of least squares . dian productivity \>//vithin thg terminal node y
to fit linear models. The best models were built using a '

forward pass method similar to thatKaichenham 15]. Combination of CART with Regression Analysis

The main differences being that with this ANOVA methodWe combined CART with ordinary least-squares
the productivity factors are treated as interval variables, theegression. This involves the development of a regression
interactions among independent variables are not ignoretiee, and the application of regression analysis to projects
and the building of the best one variable, two variablebelonging to each terminal node. Thus, for each terminal

ISERN-98-27 5



node in a tree, we developed regression equations fdherefore, we used another strategy proposé&ihhie et
predicting effort, instead of just using median values foal. [10]. We applied to all categorical variablesva tailed
prediction. t-test to determine variables that show significant influence
on productivity. We generated two levels for each variable

We tested two kinds of regression on the terminal nodeg:y merging the variabeoriginal levels

univariate regression relating effort to system size, an
stepwise regression selecting the most influential factors éor effort prediction, we used both the most similar project
project effort from all the variables we considered. and theunweighted average of the two most similar
projects. These choices were used for the sake of simplicity
nd are justified, sinc8hepperd et al.2}][26] report

early equivalent accuracy when using more than two
similar projects or using weighted averages.

Combination of CART with Analogy-Based Estimation

The basic idea of the analogy-based estimation is t& : .
. . ; o ART was combined with the analogy-based approach b
identify the completed projects that are the most similar t8eveloping a regression tree andg)ellpplying ggalogy tc>)/

:i;(;:-l\;vri?rOJecMajor issues are: the selectlo_n of appmp”atelprojects that belong to one terminal node.
y/distance functions, the selection of relevan

project attributes (in our case cost-drivers), and the decisidfach projecs effort is determined by following down the
about the number of similar projects to retrieve (analogies)tree to a terminal node and by selecting similar projects
- within the project subset that corresponds to this terminal
We used an analogy-based approach similar to the oNe de
applied byShepperd et al24][25] and implemented in the '

ANGEL tool [B1]. We implemented analogy-based Evaluation Criteria

estimation using CBR-Works 4.0 beta, a case-based common criterion for the evaluation of cost estimation
reasoning toolg8]. CBR-Works is flexible to the definition models is the Magnitude of Relative Error (MRXE) This

of similarity functions and extensions such as crossis defined as:

validation. We applied a distance function identical to the i

one used in the ANGEL tod1]. This function is based on pRE = | Actual Effort, - Predicted Effort |
the unweighted Euclidean distance using variables Actual Effort,
normalized between 0 and 1. The oveligthnce(P;, P)
between two projecl andP; is defined as:

Each projec¢s effort is determined by following down the
tree to a terminal node and applying the appropriate efforﬁ
equation corresponding to this terminal node.

Anal ogy-Based Estimation

The MRE value is calculated for each observatishose
effort is predicted. The aggregation of MRE over multiple
observations, say N, can be achieved through the Mean

MRE (MMRE):
distance(R,,P, ) = 1 o |Actual Effort - PredictedEffort|
MMRE==-§
N Actual Effort,
wheren is the number of variables. The distance regardinc];_| ) - S o
a given variablé between two projec® and P, is d(Py owever, th(_a MMRE is sensitive to individual predictions
Py): with excessively larg¢MREs. Therefore, an aggregate
. measure less sensitive to extreme values should also be
[P |P P | & considered, namely the median of MRE values for the N
fe Lk X = it kiscontinuous observationsMdMRE).
_I_gmaxk- min, >

An implicit assumption in using MRE as a measure of
predictive accuracy is that the error is proportional to the
size of the project. For example, a 10 man-month
overestimate for a 10 man-month project is more serious
than for a 100 man-month project.

[ .

d(P,P; ) =0, if kiscategorical AND B, =P,
1 ,if kiscategorical AND B, * P,
[

where valuanax/min, is the maximum/minimum possible

d A complementary criterion that is commonly used is the
value of variable k. P y y

prediction at leve| PRED(I):L! where k is the number of
The ANGEL tool 81] determines the optimal combination N
of variables by implementing a comprehensive search. Thipservations where MRE is less than or eqlial to
is, however, inefficient for a high number of variables an
projects, as reported iR25][26]. In our case, with 19
variables and 206 projects, the computational time require
for a comprehensive search to determine the optima
combination of variables would be prohibitive (5129).

ISERN-98-27 6
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Cross Validation 27% insurance, 19% manufacturing, 9% wholesale, and 7%
If one constructs a cost estimation model using a particulgrublic administration. Figure 1 and Figure 2 illustrate the
data set, and then computes the accuracy of the modaloportions of projects for different application types and
using the same data set, the accuracy evaluation will barget platforms. Each of the histograms compares the
optimistic (i.e., the error will be artificially low, and does proportions of the whole database with the data coming
not reflect the performance of the model on another unseéom the bank. The proportions regarding application type
data set) 30]. A cross-validation approach gives more and target platform for the whole database and the bank
realistic accuracy measures. The cross-validation approactata are very similar. This will help our interpretation of
we use involves dividing the whole data set into multiplghe results in the remainder of the paper.

train and test sets, calculating the accuracy for each test s~*
and then aggregating thecuracies across all the test sets.

8%
0 18 606

We used two different types of train/test splits that art "
congruent with the questions we posed in Settidio &
determine the accuracy and benefits or drawbacks ¢,
generic cost models, we selected subsets of projects tl

come from a single organization as test sets. We limite *| | |~
this to organizations for which there are 10 or more project w

in our data set. In such a case, the training set is the whc

data set minus that organizat®projects. This resulted in :
six different test sets. Calculating accuracy in this manne
indicates the accuracy of using an extermallti-
organizationatiata set for building a cost estimation model,
and then testing it on an organizasqrojects. Figure 1: Distribution of projects by application

7%
9% 10%
% %
% %

1%
2% 0% [ow 0%

O B =

<]

One-ine Serv.
MIS Systems
Office Inf.

[ WHOLE_DB
[ BANK

Customer Serv.
Network Mgmt.
Process Control

Transaction Proc.
Production Contr.

To determine the accuracy and the benefits of derivin(}f}/pe

local cost estimation models we used a subset of 6 »

projects coming from a single organization. Again we use _ T
a six-fold cross-validation approach. However, in this cas
we randomly constructed six test sets, and for each test = =
we used the remaining projects as the training set. Tt
overall accuracy is aggregated acrosssiall test sets.

40

Calculating accuracy in this manner indicates the accurac ®
to be expected if an organization builds a model using it ,
own data set, and then uses that model to predict the cost | 7...
new projects. b o
0 || ’—‘&‘ [ wHOLE_pB
4 DATA ANALYSIS RESULTS Networked  Mainfraime PC Mini Computer  Combined [ BANK

We present in this section the main results of our analysi qure 2 Distribution of proiects by target
Starting with descriptive statistics, we summarize the mo t'9 ' stribution ot projects by targe

important variable distributions. We continue with theplatform

results of the comparison of the modeling techniques for Bank Data Whole DB

the whole database and for the single organization that Size Effort Size Effort
provided 63 projects. Finally, we discuss the variables (EFP) (ph) (EFP) (ph)
selected as important cost-drivers by the differentmin 48 583 33 250
techniques. The models that were generated are available[ifhean | 671.4 8109 694.6 6644.9
the Appendix. max__ | 3634 63694 | 3634 63694
Descriptive Statistics st.dev | 777.3 10453.9 | 675.9 8684.3
Table 2 summarizes the descriptive statistics for systeobs. 63 63 206 206

size (EFP) and project effort (person-hqpiny. The table

shows the results for the whole database and for t
company that submitted 63 projects. On average, projects
coming from this company have a higher effort than

projects in the remainder of the database. The company
operates in the banking domain and we refer to this part of
the database as bank data. The breakdown of projects per
organization type, for the whole data base is 38% banking,

ISERN-98-27 7
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Comparison of Modeling Techniques data sets 10][23]. Since the specifics of our analogy
Table 3 and Table 4 show the cross-validation results grocedure are very similar 8epperd et al., such results
comparing the modeling techniques in terms of MMRE{rigger the need for further studies. One possible reason
MdMRE, andPred.25) for the whole data set and for the why techniques involving analogy are less accurate is the
bank data, respectively. The values in the tables areay similarity between projects is defined. All variables

Stepwise | Stepwise | CART | CART+ | CART+ | Ana- | Ana- | CART+ | CART+
Reqr. ANOVA Reqr. stepw. logy | logy | Analogy | Analogy
Reqr. -1s -2s -1s -2S
MMRE 0.53 0.567 0.52 0.52 1.06 116 |[134 |1.25 1.39
MdMRE 0.44 0.446 0.39 0.42 0.42 0.61 | 057 |0.57 0.602
Pred(.25) | 31% 34% 34% 34% 32% 24% | 17% | 24% 16%

Table 3: Average results over all hold-out samples using the entire database

averages across theld-out samples. In Table 3 theld- considered in the similarity function on which the analogy
out samples (test sets) are the six companies with more thamcedure is based have equal influence on the selection of
10 projects. In Table 4 theld-out samples are randomly the most similar project(s).

selected samples. The detailed results fohadl-out ooking at techniques not involving analogy, simple CART
samples are listed in the Appendix. Some of the modelin:g 9 q ) 9 9y, P )
odels seem to perform slightly better than regression,

techniques are abbreviated in the talllE&RT+Regr’ stepwise ANOVA. or CART in combination with

means a combination of CART withivariate regression )
: : ” regression. CART has the lowstMRE, MMRE and the
in the regression tree leave&3ART+stepwRegr! stands highest Preq.25). But the differences among these

for a combination of CART with stepwise regression. echniques are not practically significant. The difference in
Analogy-18 is the analogy-based approach using the mo dMRE remains below or equal to 5%. The MMRE values

similar project to predict effortAnalogy-25 is the for these techniques are also quite similar. The only visible
analogy-based approach involving the two most similar is CART in combination with stepwise

) . exception

rojects for effort predictiofCART+Analogy-1%5 and ; ;
‘F‘)CART+Anangy-2§ pare a combination ofgg/:ART with  "e9ression (MMRE=1.06). However, when looking more
Analogy-1s and Analogy-2s, respectively closely at the data and the median MRE, we can see this is

due to oneoutlier prediction. Moreover, the differences in
Considering the whole database (Table 3), we observe thaihe MRE values are not statistically significant.

on average, the technigues not involving analogy (i.e .
stepwise  regression, = stepwise ANOVA, CART The results above involved the whole database. When

CART+Regr, and CART+stepwiseRegr.) outperform the looking at the bank data set (Table_ 4)_, we can observe that,
. ; : ; on average, all techniques show similar accuracy. There is
techniques involving analogy (i.e., Analogy-1s, Analogy-

X AT )
2s, CART+Analogy-1s, CART+Analogy-2s). Techniques little variation in theMdMRE values (up to 7%) and there

Stepwise| Stepwise | CART | CART+ | CART+ | Ana- Ana- CART+ | CART+
Reqr. ANOVA Reqr. stepw. | logy logy Analogy | Analogy
Reqr. -1s -2s -1s -2s
MMRE 0.67 0.787 0.569 | 0.655 0.60 0.71 0.75 0.81 0.73
MdMRE 0.41 0.424 0.462 | 0.471 0.47 0.48 0.47 0.43 0.47
Pred(.25) | 22% 22% 29% 25% 33% 14% 21% 22% 19%

Table 4: Average results over all hold-out samples using the bank data

involving the analogy-based approach showed up to a 22% no statistically significant difference among the
higherMdMRE than CART, the technique yielding the besttechniqués MRE's. Thus, in the bank data context,
results. The statistical significance of these results aranalogy-based techniques perforrbetter than in the
confirmed when using the matched-pdilcoxon signed  multi-organization case. This might be explained by a
rank test 1] (a nonparametric analog to the t-test) to higher homogeneity in the projectssidered, a factor to
compare theMRE's yielded by the various models. which analogy might be more sensitive than other models.
However, there is no statistically significant difference inConsidering that the bank data set shows much lower
the MREs among analogy-based techniques. The lowestariance in productivity, the selection of an inadequate
accuracy of analogy-based models is in sharp contrast tost-similar project will very likely have lesser
what was found in other comparative studies using differemonsequences in terms of prediction than in the context of
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the whole database. by almost all compared techniques. This implies that

Overall, the results show that simpler modeling technique@roje?tS from the bank might be similar in nature to the
emainder of the database
such as CART perform at least as well as more compleXx
techniques. In addition, the results suggest that the kdyrom a general perspective, if such results were to be
solution to achieve accurate cost predictions does not lie gonfirmed by subsequent studies, it would have serious
the modeling technique itself, but more in the quality andmplications on the way we collect cost data and build data-
adequacy of the data collection. The generic factorgiriven cost models. To really benefit from collecting
considered in our analysis, although several of them amrganization-specific cost data, one should not just
shown to be useful predictors, do not explain a large part @futomatically collect generic, COCOMO-like factors, but
the effort variation in the data set. This in turn suggests thavestigate the important factors in the organization to be
companies may need to devise their own important cosbnsidered and design a tailored, specific measurement
factors to achieve acceptable MRE lev@lsStandard cost  program J]. Another implication from our results is that it
factors may not be enough. The MRE results shown hemight very well be possible thahulti-organization
by all the models are, from a practical perspective, far frordatabases, within specific application domains and using
satisfactory for cost estimation purposes, despite the largigorous quality assurance for the data collection, yield cost
number of factors collected and the rigor of data collectiomodeling results comparable to local cost models. In
procedures. addition, multi-organization databases have the advantage
of offeringparticipating companies larger, more up-to-date

Comparison of local Models versusnulti-organization project data sets.

Models
The results in Table 5 are based on using the remainingelected Model Variables

project data in the Experience database and applying the Table 6, we summarize the frequency of selection of
models to the bank data. This emulates a situation whereilmdependent variables across model types. We consider
company (bank) has only extermallti-organization data here themodels which are based on the whole database.
available to build a cost estimation model. However, it isThis should give us some insight into the importance of the
important to point out that this data come from similarvarious independent variables with respect to cost
types of projects (MIS) and show similar distributions inprediction.

terms of application domains and target platform (see.. . i N
Sectiom). We compare the results in Table 5 regarding th:Smce we generated six models (6-fold cross validation) for

bank data with the average results from Tdbléhat are each modeling technique, we provide for each variable the
solely based on the cor%p’myocal data. These latter numbern=6 of times a variable was selected (indicated

results emulate the situation where a company has its ov&ﬂr"“gh pairs:"v 1T, see Table 6). Beside the most

data available to build a cost estimation model. We Caﬁmportant costwiver which is system size (EFP),

then observe that all techniques show siMIRIE's across prgani_zation type (BRA_) and the target pl_atform (HAR) are
Table 4 and Table 5. The largest differenceldMRE identified as the most important influential factors on cost

(13%) can be observed for AnalogyMsNIRE: 0.48 vs. by all modeling techniques. In case of stepwise ANOVA

MdMRE:0.61). But, none of the differences are statisticallyand when multivariate regression is involveduirements

significant. Thus, from this analysis alone, it would appea}’(jl""t'“ty (F8) is selected as being another important cost-

that there is no advantage to developing company-specilgc”ver' Multivariate regression, ANOVA, and the analogy-

effort estimation models using generic cost factors an ased approach identified qualigquirements (F9) as

sizing measures. One explanation is that the distribution dpportant in most of the constructed models.

projects in terms of application domains (APP) and target
platforms (HAR) is similar for the one organization data set
has and the whole database. Furthermore, these variables
(APP and HAR) were identified as important cost-drivers

Stepwise| Stepwise | CART | CART+ | CART+ | Ana- Ana- CART+ | CART+
Reqr. ANOVA Reqr. stepw. | logy logy Analogy | Analogy
Reqr. -1s -2s -1s -2s
MMRE 0.57 0.629 0.54 0.524 157 1.32 141 1.48 1.46
MdMRE 0.47 0.494 0.46 0.46 0.54 0.61 0.56 0.56 0.605
Pred(.25) | 25% 28% 27% 29% 22% 21% 14% 24% 16%

Table 5: Results on the bank data using the entire database
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Stepwisdregr. | EFP 6, BRA 6, HAR 6, APP 1, F5 1 CART models seem to be a good alternative, both from an
F73,F86,F93,F111 accuracy and interpretability point of view

Stepw. ANOVA| EFP 6, BRA 6, HAR 6, F7 1, F8 6,
F95

CART" BRA 6, HAR 4

CART+Regr EFP 6, BRA 6, HAR 4

In addressing the second question, we found that local
models developed using the one-company database do not
perform significantly better than the models developed
using externamulti-organization data, when applied to the

CARTJ_’ EFP 6, BRA 6, HAR 4, APP 4, F2 3, one-company data set. (Not considering analogy-based
StepwiseRegr. | F41,F72,F86, F101 models for the reasons discussed above). One would expect
Analogy EFP 6, BRA 6, HAR 6, APP 6, F4 8,  |ocal models to perform better because of the higher
F96,F106,F116,F136,F146 homogeneity of the underlying data set and the fact that the
Table 6: Selected variables in the models projec_ts (_:onsidered for modeling are more specific to t_he
organization. However, our results suggest that, when using
5 CONCLUSIONS data from projects belonging to similar application domains

In this study, we investigated two essential questiongnd when the data collection quality assurance is of high
related to data-driven, software cost mOdeling. Firstly, thﬁua“ty, homogeneity within  the projects of one

modeling techniques are likely to yield more accurateyrganization may not be higher than across organizations.
results when using typical software development cost data§ne explanation is that the main source of heterogeneity
And secondly, what are the benefits of using organizatiomay come from the project characteristics themselves
specific data as comparedhtolti-organization databases?  rather than the organization where they take place. If such a

In addressing the first question, our results show that tHgsult is confirmed, —this should “have important
considered modeling approaches do not show largePnsequences on _the strategies adopted by software
differences according to the three standard evaluatioh€VeloPment organizations to construct cost models and
criteria used in this study to estimate the predictiorP€nchmarks. In this case, common project data repositories
accuracy of cost models, (i.e., MMREAMRE, and across companies and within homogeneous application
Pred.25)) when applied to data c’oming from one companydomains should be considered as not only viable but also as
Simple CART models perform a little better than other® Nighly beneficial alternative. On the other hand, more
modeling approaches, which are in moases more specific measurement and data collegiionedures which
complex; however, the observed differences are nd@ke into account the specificity of projects within an

statistically significant. Therefore, the main interest of th@rganization should help improve the accuracy of cost
CART models resides in their simplicity of use an models based on local data. The standard cost factors used

interpretation in this study might not be optimal for the one organization
' where we constructed a specific cost model.

Results for themulti-company database indicate that
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APPENDI X CART

The following figure shows that the regression tree selected
the organization type and target platform as the most
important variables. The data is subdivided into three
fijlsjoint subsets.

A-1. EXAMPLESOF MODELS

All examples of the models correspond to the first row i
Table A-1. The models are all developed based on the dal
from 5 companies (Company.2, Company 6) minus the
bank data (Company 1). Then the developed models al

) BRA= Banking OR Insurance
applied to the bank data.

OL S Regression
The following equation is using dummy variables for the
nominal scaled variables (i.e., for BRA and HAR).

72 observations 71 observations

Mean productivit HAR= Network OR Mainframe OR PC

Effort =4.14" EFP%%®’ 0.097
-0.81 BRA1- ,-0.85 BRA2- -0.64 BRA4~
e e e 57 observatio 14 observations
e 0.89° HAR1~ e 0.54 HAR2~
, , Mean productivity Mean productivity
F 50.32 F 70.31 F 80.45 0211 0539

The dummy variables are coded as follows:

BRAL | BRA2 | BRA3 | BRA4 It has to be noticed that we used productivity as a
Banking 0 0 0 0 dependent variable to develop the model. One reason is that
Wholesale 0 0 0 1 system size is one of the most important influential
Insurance 0 0 1 0 vgriables on project effort a_nd thus node'_s mpludlng system
Manufacturing | O 1 0 0 size can appear very often in the t2€¢ [This hinders the
Public 1 0 0 0 interpretability of a CART tree.
Administration

A-2. COMPLETE COMPARATIVE RESULTS

HAR1 | HAR2 | HAR3 | HAR4 The following Tables are presenting the MMREMRE
Networked 0 0 0 0 and Pred.25) values for all hold-out samples. Table A-1
Mainframe 0 0 0 1 gives the results based on the entire database (6
PC 0 0 1 0 companies). Table A-2 summarizes the results based on the
Mini 0 1 0 0 bank data (6 random samples). The averages (last three
Combined 1 0 0 0 rows from each table) are identical to Table 3 and Table 4.
Stepwise ANOVA

Effort =1.43" OH = EFP®® " F7%%%" FQ%4®

The OH Multiplier is to be selected depended on the
combination of the BRA and HAR values:

HAR | Net- Main- | PC | Mini Com-
m work | frame bined

Banking 752 | 241 2.64
Wholesale 192 |195 |0.92|1.08
Insurance 233 |3.23 1.39
Manufacturing | 1.41 | 1.56 | 0.96| 0.76 | 0.43
Public 112 | 159 |1.14|1.00

Administration
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Step- Stepwise| CART | CART+ | CART+ | Ana- Ana- CART+ | CART+
wise ANOVA Reqr. stepwise | logy logy Analogy | Analogy
Regr. Regr. -1s -2s -1s -2s
Com- | MMRE 0.57 0.629 0.54 0.524 1.57 1.32 141 1.48 1.46
pany 1 MdMRE 0.47 0.494 0.46 0.46 0.54 0.61 0.56 0.56 0.605
(Bank) "preq(25) | 25% | 28% 27% | 29% | 22% 21% | 14% | 24% 16%
Com- | MMRE 0.34 0.363 0.34 0.345 0.38 0.76 0.58 0.76 0.58
pany 2 | MAMRE 0.30 0.238 0.35 0.314 0.29 0.78 0.54 0.78 0.54
Pred(.25) | 45% 55% 36% 37% 27% 18% 18% 18% 9%
Com- | MMRE 0.84 0.770 1.12 1.123 0.66 1.63 2.9 1.63 291
pany 3 | MAMRE 0.52 0.518 0.56 0.546 0.28 0.87 1.0 0.87 1.0
Pred(.25) | 27% 40% 30% 40% 50% 20% 10% 20% 20%
Com- | MMRE 0.49 0.491 0.40 0.40 0.57 0.65 0.64 0.65 0.64
pany 4 | MdMRE 0.35 0.315 0.34 0.363 0.40 0.46 0.43 0.42 0.43
Pred(.25) | 42% 42% 42% 33% 42% 33% 25% 33% 25%
Com- | MMRE 0.43 0.515 0.39 0.38 0.42 1.25 1.56 1.29 1.70
pany 5 | MAMRE 0.31 0.404 0.21 0.28 0.27 0.33 0.65 0.41 0.67
Pred(.25) | 39% 31% 54% 46% 46% 31% 23% 31% 15%
Com- | MMRE 0.35 0.375 0.36 0.373 0.41 0.65 0.80 0.65 0.80
pany 6 | MAMRE 0.36 0.458 0.30 0.311 0.37 0.68 0.71 0.68 0.71
Pred(.25) | 30% 40% 40% 40% 20% 10% 10% 10% 10%
Avg. MMRE 0.53 0.567 0.52 0.52 1.06 1.16 1.34 1.25 1.39
MdMRE 0.44 0.446 0.39 0.42 0.42 0.61 0.57 0.57 0.602
Pred(.25) | 31% 34% 34% 34% 32% 24% 17% 24% 16%
Table A-1: Results using the entire database
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Stepwise| Stepwise | CART | CART+ | CART+ | Ana- Ana- CART+ | CART+
Reqr. ANOVA Reqr. stepw. | logy logy Analogy | Analogy
Reqgr. -1s -2s -1s -2s
Test | MMRE 0.59 0.474 0.273 | 0.218 0.42 0.46 1.03 0.53 0.38
1 MdMRE 0.57 0.459 0.215 | 0.216 0.38 0.47 0.49 0.39 0.33
Pred(.25) | 0% 20% 60% 50% 20% 20% 30% 20% 40%
Test | MMRE 0.45 0.534 0.697 | 0.572 0.51 0.61 0.52 0.41 0.53
2 MdMRE 0.33 0.332 0.465 | 0.297 0.22 0.52 0.43 0.38 0.43
Pred(.25) | 20% 30% 30% 40% 70% 0% 10% 40% 10%
Test | MMRE 0.37 0.420 0.511 | 0.503 0.54 0.50 0.62 0.50 0.62
3 MdMRE 0.38 0.412 0.507 | 0.489 0.57 0.38 0.56 0.38 0.56
Pred(.25) | 30% 30% 10% 10% 20% 20% 20% 20% 20%
Test | MMRE 1.0 1.043 0.700 | 0.829 0.94 1.14 0.97 1.96 1.47
4 MdMRE 0.52 0.466 0.462 | 0.594 0.62 0.45 0.44 0.50 0.52
Pred(.25) | 20% 0% 20% 10% 20% 10% 30% 10% 10%
Test | MMRE 0.36 0.519 0.381 | 0.792 0.55 0.49 0.49 0.46 0.41
5 MdMRE 0.28 0.419 0.317 | 0.547 0.47 0.49 0.46 0.46 0.39
Pred(.25) | 40% 40% 30% 30% 30% 40% 20% 30% 40%
Test | MMRE 1.1 1.512 0.786 | 0.934 0.63 0.99 0.85 0.97 0.77
6 MdMRE 0.63 0.606 0.653 | 0.571 0.38 0.65 0.46 0.48 0.56
Pred(.25) | 23% 15% 23% 15% 38% 7% 7% 15% 0%
Avg. | MMRE 0.67 0.787 0.569 | 0.655 0.60 0.71 0.75 0.81 0.73
MdMRE 0.41 0.424 0.462 | 0.471 0.47 0.48 0.47 0.43 0.47
Pred(.25) | 22% 22% 29% 25% 33% 14% 21% 22% 19%

ISERN-98-27

Table A-2: Results using the bank data
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