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ABSTRACT

Softwar esizeisoneof themost important inputsof many softwar e cost and effort estimation models.
Early estimation of software playsan important role at the time of project inception. An accurate
estimate of software size is, therefore, crucial for planning, managing, and controlling software
development projects dealing with the development of software games. However, software size is
unavailableduring ear ly phase of softwar e development. Thisresear ch deter minesthe utility of CK
(Chidamber and Kemerer) metrics, awell-known suite of object-oriented metrics, in estimatingthe
size of softwar eapplicationsusing theinformation fromitsUML (Unified M odeling L anguage) class
diagram. Thiswork focuseson asmall subset dealing with boar d-based softwar e games. Almost sixty
gameswritten using an object-oriented programming language ar e downloaded from open sour ce
repositories, analyzed and used to calibr atear egr ession-based size estimation model. Forwar d stepwise
MLR (MultipleLinear Regression)isused for model fitting. Themodel thusobtained isassessed using
avariety of accuracy measuressuch asMMRE (M ean Magnitude of Relative Error), Prediction of
X(PRED(x)), MdMRE (M edian of Relative Error) and validated using K-fold crossvalidation. The
accuracy of thismodel isalso compar ed with an existing model tailored for sizeestimation of board
games. Based on asmall subset of desktop gamesdeveloped in variousaobject-oriented languages, we
obtained amodel using CK metricsand forward stepwise multiplelinear regression with reasonable
estimation accuracy asindicated by thevalueof the coefficient of deter mination (R?=0.756).Comparison
results indicate that the existing size estimation model outperforms the model derived using CK
metricsin termsof accuracy of prediction.

KeyWords: Accuracy Measur es, Chidamber and Kemerer Metrics, Game Sizing, Multiple Linear
Regression, Open Source, Project Management, Project Planning, Simple Linear
Regression, Software Size Estimation, K-fold CrossValidation

1. INTRODUCTION

number of attributes can be used to describe isclassified asaninternal attribute[1]. Oncethe software
and judge various aspects of software. Some has been developed, its size can be easily measured by
of these attributes (e.g. quality) are external using any of a number of different applications called
whileothers (e.g. complexity) areinternal. Software size code counters [2]. The real challenge however, is
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estimating the size of software before its development.
Unfortunately, software size is unavailable during early
phases of software development. So we need to develop
asize estimation model that accurately predicts the size
of desktop-based software games.

Estimation of software sizeis challenging but the rewards
for accurate prediction of sizeare extremely high. Thisis
primarily because software size is one of the key inputs
of many effort and cost estimation models [3]. Some of
these models, such as the widely used COCOMO-I|
(Constructive Cost Model) [4], use both direct size
measurese.g. SLOC (SourceLinesof Code) [5]) aswell as
indirect functional size measures such asfunction points
[6]. An accurate estimate of either SLOC or the
programming-language independent function points is,
therefore, crucial in planning and managing software
development projects.

Software devel opment projects using the obj ect-oriented
paradigm [ 7] use classdiagrams[8] for modeling purposes.
Analysis class diagrams are used to model the problem
space while design class diagrams model the solution
space[9]. Apart from being used as atool for improving
understanding of the problem and solution spaces, these
class diagrams can also be used as a tool for estimating
the size of thefinal software application[10].

Application design information, whether obtained from
the class diagrams or extracted by reverse engineering
[11] code written in an object-oriented programming
language, is agood candidate for being used as an input
toasizeestimation model. Thisisprimarily becausedesign
isthelast phase beforeimplementation. Therefore, awedalth
of information isavailable at the end of the design phase.
This research attempts to take advantage of this fact.

In thiswork, we describe the derivation and validation of
a regression-based model developed to predict the size
of board-based software games. This model uses the

design information provided by CK metrics[12]. It isa
suit of most validated and most reliable metrics. It isused
to evaluate object-oriented design [13] as input and
generates an estimate of software size asoutput. A dataset
comprising around 60 open source board-based software
games is used to calibrate this model. Once calibrated,
thismodel isassessed using different accuracy measures
and is validated using K-fold cross validation [14]. The
accuracy of this model is also compared to that of an
existing size estimation model.

The next section discusses relevant past work in this
area. Section-111 presents an overview of the CK metrics
and section-1V illustratestheir calculation viaasmall case
study. Our research methodology isdescribed in detail in
section-V which also summarizes the results of model
assessment and validation and presents a comparison
withan existing size estimation model. Threatsto validity
of thisresearch are discussed in section-V1. Section-V11
highlights our major contributions and finally section-
VIl proposes some directions for further work in this
area.

2. LITERATUREREVIEW

Researchers have explored different ways of estimating
software size using information contained in the class
diagrams of object-oriented systems. One of the earliest
works in this area was done by MiSic and TeSic [15].
They used the number of classes and the number of
methods of classes in the class diagram to predict the
size of a software system via OLS (Ordinary Least
Squares) regression. Since, we do not use number of
methods and number of classes for size estimation, we
only adapted OL S regression technique.

Morerecently, Harizi [16] also proposed a software size
estimation model that relied on various parameters of a
classdiagram. However, along with such parameters, we
support amore comprehensive set of well-known suite of
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object-oriented CK metrics, in estimating the size of
software applicationsusing theinformation fromitsUML
classdiagram. Zhou et. al. [10] looked at the accuracy of
code size estimation approaches empirically using the
information contained in UML class diagramsto predict
the size of object-oriented systems. Different modeling
techniques were used to check the accuracy of models
and it wasfinally concluded that object-oriented metrics
can be used to estimate the size of software. However,
their findings are based on Java systems only. Whereas
our work validatesthe findings using systems devel oped
in various object-oriented programming languages such
as C#, C++, Python and Java etc.

A dlightly different approach was adopted by Costagliola
et. a.[17]. Thisapproach used class points - afunctional
size measure similar to function points but specifically
designed to estimate the size of object-oriented
applications. First unadjusted and then adjusted class
points were calculated. The size of the software was
predicted on the basis of these class points. Since
calculation of class points do not add any significanceto
thiswork, we did not use them.

Another attempt in this area was made by Tan et. al.
[18]. They proposed a size estimation method for
information systems. Multiple linear regression was
used to obtain a size estimation model that relied on
information present in the class diagrams (such as
rel ationships/associations between classes, attributes
of classes) to feed the independent variables (i.e.
inputs). It was concluded that using class diagram
metrics provides better resultsin predicting the size of
the data intensive systems. However, this approach
attempts to estimate the size of information systems
only which the authors refer to as database application
that supports business processes. Moreover, it relies
only on the information of association and attributes
of classesfrom UML class diagram.

Various other metrics have also been used to estimate the
size of an object-oriented system such as class diagram
related metrics[19], object-oriented function points[20],
fast& & serious class points[21] etc. All above mentioned
approaches use various class diagram rel ated metricsonly
to estimate the size of software. The assessment of model
accuracy and validation of most size estimation
approaches have not been carried out. Secondly the data
set islimited to few systemshence statistical conclusions
were hard to determine.

This study focuses on the size estimation of object-
oriented board-based software games using the design
information provided by CK metrics. These well-known
metricsare used to build aregression-based model which
is assessed for accuracy, validated using K-fold cross
validation, and compared to an existing size estimation
model.

3. OVERVIEW OF CK METRICS
SUITE

Chidamber et. al. [22] proposed a set of metricsin 1991
specifically for object-oriented software programs. It was
improved in 1994 [12] and isnow used widely. Thissuite
consists of 6 metrics viz. WMC (Weighted Methods/
Class), DIT (Depth of Inheritance Tree), NOC (Number of
Children), CBO (Coupling Between Objects), RFC
(Response For aClass) and LCOM (Lack of Cohesionin
Methods). The values of these metrics are determined for
each class in anobject-oriented software. Brief
descriptions of these metrics[12] are given below:

Weighted M ethodsPer Class: Initssimplest form, WMC
isacount of all methodsinaclass. It providesanindication
of the complexity of aclass.

Depth of Inheritance Tree: DIT refersto the “depth of
inheritance of the class’. In case of multipleinheritance,
DIT is*“the maximum length from the node to the root of
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thetree”. Asaclassgetsdeeper inthehierarchy, itinherits
more methods and variables.

Number of Children: NOC refers to the “number of
immediate subclasses subordinated to a class in a class
hierarchy” [18]. Unlike DIT, it measures the breadth of
the class hierarchy.

Coupling between Object Classes: CBO for aclassis
defined as “a count of the number of other classes to
which it is coupled”. Two classes are said to be coupled
“when methods declared in one class use methods or
instance variables defined by the other class’.

Response for a Class: RFC refersto “a set of methods
that can potentially be executed in response to amessage
received by an object of that class’.

L ack of Cohesionin Methods: LCOM” providesameasure
of therelative disparate nature of methodsin theclass’. It
indicates how closely local methods are related to local
instancevariablesinaclass. In other words, it isanumber
of digjoint set of local methods[23].

4. CASE STUDY

Consider aboard game called “X and O”. The objective
of thistwo-player gameisto win by getting three X’s or
O'sinarow. Thisgameisplayed on athree by three game
board. The players take turnsin placing X's and O’s on
the board till one of them wins or the board gets filled.
Therules of the game arelisted below:

L 2 Game Start;

° Any player can start the game.
L 4 Moves:
° The players choose their signs as

X or O and then move accordingly.

° A player can place X or O at any
empty place of the grid on histurn.

* Draw:

° The game is said to be drawn if none
of the player succeeds in getting
three in a row and the board gets
filled.

L 2 Win:
° The game is won by the player who

getsthreein arow first.

A software version of this game was developed using
Java (row 57 of Table 2) and made available on an open
source repository. Fig. 1 shows the design class diagram
of the software version of this game. This diagram was
reverse engineered from the source code of this game
using the Understand tool [24]. The same tool was also
used to extract the values of the CK metricsfor the design
of thisgame. Table 1 depictsthe values of CK metricsfor
each of the design classes shown in Fig. 1. The last row
of thistable sums up the values of each CK metric for all
individual classes. These sums are then used as inputs
for our size estimation model.

5. RESEARCH METHODOLOGY

This research extends our earlier work on the size
estimation of board-based software games[25,26]. In our
earlier work, we defined eight potential predictors to
estimate the size of desktop-based board gamesviz. NRUL
(Number of Rules), NPLY (Number of Players), ANIM
(Animation), 3DV (3D Visualization), COPP (Computer
Opponent), MSKI (Multi Skills), NTVA (Number of Type
of Variants) and MGOP (Miscellaneous Game Options)
as input of our model. In this work, we present the
derivation, assessment, and validation of a new size
estimation model based on CK metrics. The accuracy of
this new design-based model is compared with the
accuracy of an early size estimation model proposed in
oneof our earlier works[25]. Fig. 2illustratesour research
methodology. It depicts the major steps carried out in
this research.
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FIG. 1. DESIGN CLASS DIAGRAM OF THE GAME “ X AND O” USING ‘UNDERSTAND’ TOOL [24]

TABLE 1. CK METRICS FOR THE GAME “X AND O”

Classes LCOM DIT CBO NOC RFC WMC
Engine.Panel 75 2 0 0 5 5
Engine.Noughts and Crosses 82 2 3 0 16 16
Engine.Noughts and Crosses GameSide 100 1 1 0 2 2
Engine. Settings 89 1 0 0 18 18
EntryPoint.Boot 0 1 0 0 1 1
EntryPoint.Boot.main.(Anon_1) 0 1 2 0 1 1
Engine.N oughtsAndCrosses.initComponents.(for_loop_5).
0 1 1 0 1 1
(for loop 6).(Anon 1)
Engine.N oughtsAndCrosses.intComponents(Anon_2) 0 1 1 0 1 1
Total 346 10 8 0 45 45
Data Set
v
. } . . Model Fitting by Muliiple Model Assessment and Comparison with Existing
Exfraction of CK Metrics Analysis of CK Metrics Linear Regression validation Madel
v ¥ v
3LR Results MLR Results MMRE, PRED|25), MdMRE,

MMER, MBRE, MIBRE,
K-Fold Validation Results

FIG. 2. BASC STRUCTURE OF METHODOLOGY
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51 Extraction of CK Metrics

The same dataset (comprising 67 board-based games)
that was used for calibrating our previous model [25] was
used as a starting point. However, games that were not
developed using an object-oriented programming
language were pruned from the original dataset. Asshown
inTable2, thispruning resulted in adlightly smaller subset
comprising 59 games all of which were developed using
an object-oriented programming language.

Thevaluesof thesix CK metrics(i.e. LCOM, DIT, CBO,
NOC, RFC, and WMC) for each of these games were
extracted using a commercial static analysis tool called
Understand [24]. Thistool providesthe values of the six
CK metricsfor each class. Thevaluesfor the entire game
are obtained by summing up the values of each class
used inthe game. SLOC (Source Lines of Code) for each
game were counted by using USC-CSSE Unified Code
Count tool [27]. From Table 2 we can see that most of the
gameshavesingle SL OC whereasfew gameshavemultiple
SLOC. This is because those games are developed in
more than one language and hence all those languages
contribute to the FP (Function Points).

QSM’slanguage-specific GF (Gearing Factors) [28] are
used for converting the SLOC to the programming-
language independent FP. The average values of the
language-specific GFs provided in the QSM FP
Languages Table 2 [29] are used for this conversion.
Similarly we have mentioned GF for multiple languages
in the table. Using multiple GF we converted multiple
SLOCintoFP.

52  Analysisof CK Metrics

First, SLR [30] was used to determine the predictive
strength of each CK metric individually. Later, forward
stepwise ML R [31] was used to obtain our size estimation
model which uses FP asthe response variable and the six
CK metrics as the six predictor variables. Regression
analyses were done using the IBM SPSStool [32].

Table 3 showstheresults of SLR. It liststhe predictors
in descending order of predictive strength. As is
evident from these results, WMC is the strongest
individual predictor of software size (FP) with R? value
of 0.709 whereas DIT is the weakest. The size
estimation model obtained using MLR is presented in
the next subsection.

53 Modd Fittingby MLR

Before building the size estimation model, outliershad to
be eliminated. Cook’s distance [33] was used for this
purpose. Four gameswereidentified asoutliersand hence
eliminated from the dataset since their Cook’s distance
was greater than ((4/n)* 3) where n represents the total
number of games.

The dataset consisting of 55 games now (after eliminating
thefour outliers) was used to build thefinal size estimation
model. Forward stepwise ML R was used for model fitting.
This technique is helpful in discovering the set of
significant predictor variables which best explains the
relationship between the response variable (FP) and the
independent/predictor variables (LCOM, NOC, DIT, RFC,
CBO, andWMC).

In thistechnique, the model isgradually built by adding
one independent variable at a time. At each step, the
value of coefficient of determination (R?) is assessed
to check if the recently added variable increased the
value of R? or not. Besides this, only those
combinations of predictors are selected in which all
predictorsare statistically significant at +-value of 0.05.
Moreover, the presence of multicollinearity among the
predictors is also checked using the value of VIF
(Variance Inflation Factor) [34]. In our case, all of the
predictorsinthe MLR models obtained had VIF values
close to 1. The presence of multicollinearity was,
therefore, ruled out.
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TABLE 2. DATA SET

No. Games Language SLOC GF FP LCOM DIT CBO NOC RFC WMC
1. 3D Tic Tec Toe C# 2851 54 52.796 2310 15 475 2 782 380
2. C# Tic Tec Toe C# 531 54 9.833 91 1 20 0 50 32
3. Chess Bin C# 2312 54 42.815 641 4 134 0 275 149
4. Clu C# 8388 54 155.333 1554 6 417 0 1001 659
5. Connect 4 ab C# 521 54 9.648 168 1 17 0 43 25
6. Dot Chess C# 3155 54 58.426 1620 27 503 12 1069 363
7. Draughts Master C# 1196 54 22.148 831 15 152 3 400 174
8. DraughtsDotN et CH#/ISIASP 12353/3174/73 54/47/51 297.723 8355 289 1665 113 5519 1677
9. Four in a Row C# 659 54 12.204 403 2 53 0 165 75
10. Grid C# 3004 54 55.63 286 1 102 13 203 110
11. Learn Connect 4 C# 3729 54 69.056 991 10 155 7 674 321
12. LudoDP C# 2103 54 38.944 577 2 85 3 204 105
13. Ludo.net C# 11355 54 55.056 10032 175 1930 46 4915 2065
14. Multi Revrsi C# 1843 54 34.13 92 1 26 0 41 32
15. Othello Revers C# 2302 54 42.63 1549 17 243 10 664 290
16. Quixo 3D C# 3227 54 59.759 1772 56 495 19 1095 443
17. RAETTT C# 825 54 15.278 249 9 79 2 200 76
18. Revers C# 2464 54 45.63 612 6 131 0 200 110
19. Reversi 2008 C# 1434 54 26.556 1063 9 160 2 317 148

20. Scrabble for wpf C# 3170 54 58.704 3588 39 648 26 1495 652

21 Scrabble Nights C# 2976 54 55.111 1604 12 358 2 543 288

22. Sharp Checkers C# 1588 54 29.407 1011 3 259 7 467 224

23. Snake board game C# 1442 54 26.704 179 3 60 0 92 56

24, Sr Chess for WPF C# 8318 54 154.037 2625 30 776 9 1388 716

25. Stoopid Chess C# 2796 54 51.778 1026 5 209 1 336 192

26. TTT Network C# 1444 54 26.741 257 2 66 0 88 52

27. Blockem C++ 8811 50 176.22 1705 12 154 4 518 449

28. Brutal Chess CH++ 5987 50 119.74 1849 18 123 15 673 438

29. Ethereal Chess C++ 14771 50 295.42 1643 0 59 0 816 816
30. Gamebit (Chess) CH++ 6463 50 129.26 2173 35 317 22 782 558
3L Hotel C++/CH# 5452/7323 50/54 244.651 2913 31 546 13 1929 1009
32. Maxit C++ 674 50 13.48 387 3 12 0 55 54
33. Nero Othello C++ 3881 50 77.62 830 16 22 5 469 328
34. Pentobi C++/Python 17721/316 50/24 367.587 5662 86 561 54 2178 1526
35. Piskvork C++/Pascal 6670/124 50/91 134.763 30 0 0 0 5 5
36. Pouet Chess C++/Python 14272/352 50/24 300.287 3934 56 404 43 3602 1393
37. Snakes & Ladders C++ 621 50 12.429 307 6 8 0 122 101
38. The Genius C++ 3473 50 69.46 638 8 21 0 156 140
39. Tsuro C++ 8002 50 160.04 4167 110 458 75 4187 1086

40. Win Chess CH++ 9014 50 180.28 900 0 57 0 52 52

41. Capa Chess Java 5498 53 103.736 172 31 154 7 189 175

42. Cluedo Java 11188 53 211.094 5069 194 556 28 1150 981

43. Domination Java 6323 53 119.302 2125 64 142 7 788 594

44, Dots and Boxes Java 879 53 16.585 630 20 26 0 96 96

45. EBF Checkers Java 5371 53 101.34 2505 120 191 15 804 574

46. Get Four Java 515 53 9.717 304 25 38 0 70 70

47. GoBang (5 in row) Java 1863 53 35.151 620 39 67 1 184 160

48. Java Checkers Java 695 53 13.113 341 11 14 0 88 88

49. Java Frittle Chess Java 1170 53 22.075 1241 47 79 4 258 200
50. Java Tic Tec Toe Java 467 53 8.811 92 21 19 0 49 49
51. JO Chess Java 3886 53 73.321 2858 83 198 6 357 297
52. Jscrabble Java 4895 53 92.358 3715 161 335 20 694 597
53. K ludgopolB Java 14461 53 272.849 5407 260 704 43 1720 1138
54. Scotland Yard Java 1171 53 22.094 653 19 36 2 115 105
55. Two Player Chess Java 1525 53 28.774 1283 37 94 6 306 204
56. Tyrannus (chess) Java 3013 53 56.849 1581 58 129 0 298 298
57. X and O Java 267 53 5.038 346 10 8 0 45 45
58. Scrabble 3D Pascal 14326 91 157.429 3689 104 119 0 857 659
59. GlParchis (Ludo) C++/Python 4667/2747 50/24 208.478 1375 28 40 n 686 481

Mehran University Research Journal of Engineering & Technology, Volume 36, No. 4, October, 2017 [p-ISSN: 0254-7821, e-ISSN: 2413-7219]
981




Utility of CK Metrics in Predicting Size of Board-Based Software Games

Table 4 summarizes the results of applying forward
stepwise MLR on the data set. Each row in this table
represents an MLR model. A check mark (v') represents
inclusion while a dash (-) indicates exclusion of the
corresponding predictor variable. Using different
combinations of predictors, a total of six models were
obtained in which all predictors were statistically
significant at o.-value of 0.05. It isimportant to note that
all of these six models had only two predictor variables.
Thisisbecause none of the ML R models obtained using
more than two predictors had all statistically significant
predictors (at o-value of 0.05). The best model
(highlighted in bold in Table 4) has an R? value of 0.756.
The two predictors it uses are CBO and WMC. The
following Equation (1), in which EST_FP (Estimated

TABLE 3. SLR RESULTS USING CK METRICS

Function Points) denotes the estimated value of the
response variable (FP), formalizesthismodel:

54 M odd Assessment and Validation

The accuracy of an estimation modelmust be formally
assessed using different accuracy measures. In this
research, we have used the two de-facto standards i.e.
MMRE [35] and PRED(x) [35-36]. MM RE isdefined asthe
average of all MREs calculated as aresult of regression.
Ontheother hand, PRED(x) isdefined as, “the percentage
of relative error deviation that lies within x”. The most
commonly used valuesof x inliterature are 25 and 30 with
little difference in results [37]. We use PRED(25) in our
work (i.e. x = 25) which is a more stringent metric than
PRED(30). According to Conteet. a. [37] for amodel to
have reasonably good estimation accuracy, MMRE < 0.25
and PRED(25) >0.75.

No. Predictors R Despite the fact that MMRE and PRED(x) are the de-
1. WMC 0.709 facto standards of estimation accuracy, they have been
2 RFC 0.508 criticized due to their limitations [38]. Therefore, to
3 LCOM 0.460 overcome these limitations, we have used additional
4 NoC 0352 accuracy metrics as well i.e. MAMRE, MMER (Mean
: : Magnitude of Error Relative) to estimate, MBRE (Mean
> CcBo 0210 of Balanced Relative Error), and MIBRE (Mean of Inverted
6. DIT 0.19 Balanced Relative Error).
TABLE 4. MLR RESULTS USING CK METRICS
No. LCOM DIT CBO NOC RFC WMC R VIF
CBO = 2091
1 ) ) v v 0.756
WMC = 2,091
LCOM = 3.094
2 v v 0501
DIT = 3.094
LCOM = 2.429
3 v v 0.550
RFC = 2.429
LCOM = 4.715
4 v v v 0.732
WMC = 4.715
DIT = 1.336
5 v v 0.270
CBO=1336
RFC = 6.427
6. v v 0.733
MC = 6.427

Mehran University Research Journal of Engineering & Technology, Volume 36, No. 4, October, 2017 [p-ISSN: 0254-7821, e-ISSN: 2413-7219]

982



Utility of CK Metrics in Predicting Size of Board-Based Software Games

Table 5 summarizesthe values of these different accuracy

metricsfor our CK metrics-based size estimation model.

The formulas for calculating these accuracy metricsare

alsogivenin Table5. Thevalues of these accuracy metrics

clearly indicate that this size estimation model does not
have areasonably good estimation accuracy. MMRE and
other error-related means are more than 0.25.Similarly,
PRED(25) ismuch lessthan 0.75.

TABLE 5. VALUES OF ACCURACY METRICS

No. Metric Based On Formula Value
|vi - i 1N
1. MMRE MRE; = —— MMRE=— Y MRE. 0.69
Yi Ni=t !
Y -V,
2. MdMRE MRE; :u MdMRE = MEDIAN (i=1, N) [MRE] 0.32
Yi
|Y| - Q|| 1 N
3. MMER MRE; = +——— MMER = — Y MER; 0.56
i Ni=t !
|A| _Yi| ~
BRE; Y, -Y; <0
i 1N
4. MBRE . MBRE = — 3 BRE, 034
|Yi Yil - N i=1 !
BRE; Y, -V 20
i
| AI - | -~ .
IBRE; = Y, -Yi<0
1N
5. MIBRE N MIBRE=— Y IBRE. 0.91
Vi -vi| Ni=
|BRE| = — y yi yl >0
_ Y, 1 N [1if MRE; >
6. PRED(25) MRE. — [vi -¥i| PREDK) = —>{ 1 =% 036
[ Yi Ni=1| OOtherwise
TABLE 6. K-FOLD CROSS VALIDATION RESULTS
) ) - PRED
K Data Points Size Estimetion Model R2 MMRE | MdMRE | MMER MBRE MIBRE 025
17.6531 + (0.2676 * WMC)
1. 01-11 + (01251 * CBO) 0.73 0.18 0.12 0.19 0.18 0.15 0.63
25.3752 + (0.2582 * WMC)
2. 12-22 + (01264 * CBO) 0.73 1.34 1.30 0.52 1.34 0.52 0.09
26.4727 + (0.2508 * WMC)
3. 23-33 + (01370 * CBO) 0.74 1.84 1.32 0.49 1.84 0.49 0.27
14.3837 + (0.2948 * WMC)
4, 34-44 +(:00816 * CBO) 0.78 0.53 0.36 0.47 0.53 0.34 0.18
8.7118 + (0.2676 * WMC)
5, 45-55 +(.01508 * CBO) 0.78 0.35 0.19 2.26 0.35 0.32 0.54
Average 0.84 0.65 0.78 0.84 0.36 0.34
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ThetermsY andY;in Table 5, denote the actual and the
predicted values respectively obtained after regression.

K-fold cross validation [14] was used to validate this
model. The data set comprising 55 games was divided
into 5 random subsets(i.e. K = 5), each subset comprising
11 games placed randomly. In each iteration, 4 foldswere
used to train the model and the remaining 5th fold was
used to validate the model. Table 6 summarizestheresults
of this K-fold cross validation exercise. The last row of
Table 6 shows the average vales of accuracy metrics. As
indicated by these average values, the performance of
the model is not up to the mark.

55  Comparison of Results

In this subsection, the accuracy of the design-based size
estimation model obtained using CK metricsiscompared
with that of an early size estimation model proposed in
one of our earlier works [25]. The early size estimation
model usesfour inputs (i.e. number of gamerules, number
of players, animation, and miscellaneous game options)
and produces an estimate of FP as output. Table 7 shows
a comparison of the accuracy of these two models by
depicting values of different accuracy metrics. This
comparison clearly indicates that the model built using

CK metrics has much lower accuracy than the early size
estimation model proposed earlier. The early size
estimation model has higher values of R? and PRED(25)
and lower values for MMRE and other error-related
means.

A comparison of the results of K-fold cross validation
shown in Table 8 a so corroborates the same conclusion.
The early size estimation model clearly outperformsthe
design-based size estimation model built using CK metrics.
Thismay appear counterintuitive since moreinformation
is present at the time of design. It must be kept in mind,
however, that these two models use different predictors.
It is quite possible that the predictors of the early size
estimation model (for instance, number of rules) capture
crucia information about the requirements which may
have been missed by the CK metrics.

6. THREATSTOVALIDITY

A couple of factors may have animpact on thevalidity of
our results. Thefirst of theseisrelated to the comparison
of the size estimation model obtained using CK metrics
and the size estimation model proposed earlier. Theearlier
size estimation model was calibrated using 65 open source
board-based games. Since all of these games were not

TABLE 7. COMPARISON OF ACCURACY METRICS

No. Metric CK Metrics Model EarlySize Estimation Model [25]
1 R2 0.75 091

2 MMRE 0.69 0.24

3 MdMRE 0.32 0.18

4. MMER 0.56 0.22

5 MBRE 0.34 0.32

6 MIBRE 091 021

7 PRED(25) 0.36 0.75

TABLE 8. COMPARISON OF K-FOLD CROSS VALIDATION RESULTS

No. Metric CK Metrics Model EarlySize Estimation Model [25]
1 MMRE 0.84 0.23

2 MdMRE 0.65 0.18

3. MMER 0.78 0.25

4. MBRE 0.84 0.34

5 MIBRE 0.36 021

6 PRED(25) 0.34 0.71
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developed using object-oriented languages, the exact
same dataset could not be used for building a size
estimation model based on the CK metrics. A dlightly
smaller subset comprising games developed using only
object-oriented programming languages was used instead.

The second factor is related to measuring the values of
CK metrics. Inthisresearch, we have used asingle static
analysistool i.e. Understand [24]. Since different static
analysistools may use dlightly different conventionsfor
calculating the values of the CK metrics, achange of tool
may lead to a slight variance in results.

7. CONCLUSION

This paper has presented the results of an investigation
conducted to determine the utility of CKmetrics in
estimatingsoftware size. A dataset comprising around 60
open source board-based desktop games was used as a
starting point. The values of CK metrics of each game
were extracted using a commercia static analysis tool.
These values were then used for model fitting using
forward stepwise multiple linear regression. The fitted
model was assessed via commonly used accuracy
parameters and validated using K-fold cross validation.
Assessment and validation results indicate that the
accuracy of this model does not meet the recommended
standards suggesting that CK metrics alone may have
little utility in estimating software size.

The prediction accuracy of thismodel was also compared
to that of an existing size estimation model developed
specifically for estimating the size of board-based games.
The existing model relieson information available at the
time of inception while CK metrics, on the other hand, are
available only after the completion of detailed design.
Therefore, even though one may expect the model using
CK metrics to be more accurate, comparison results
indicate that the existing model outperforms the model
based on CK metricswith respect to prediction accuracy.
This unexpected behavior is, perhaps, the result of not
capturing crucial game requirements such asthe number
of rules of the game.

8. FUTURE WORK

Thiswork can be extended in avariety of ways. Sofar, we
have focused on a small subset dealing with just board-
based desktop games. Other types of games (e.g. card-
based) may also be considered. Similarly, games madefor
other platforms (e.g. mobile) may also beexplored. Thirdly,
the utility of other suites of object-oriented metrics may
be investigated. Last but not the least, a hybrid-model
using a combination of object-oriented design-based
software metrics and requirements-based metrics may be
built to get the best of both worlds.
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