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Abstract—In this article we present an application of Artificial making by providing prognosis of the most important feagure
Intelligence for estimation of software projects. The research of software project. All data used in presented experiments

presented herein was based on several methods of classificatiorwere extracted from SourceForge.net being the leading OS
and metaclassification. Due to increasing significance of Open fi latf Th b f. isti tabl d th
Source, we have selected projects being hosted on the Ieadind105 Ing platiorm. € number of exisling tables an e

platform for Open Source projects — Sourceforge.net. number of stored records were a serious test to capabilities
In the first part of article, we describe steps of data extraction of prediction methods, that applied to this complicated rea

which was a large scale task because the datasource containedife problem must have proven their speed, precision and

tens of tables and hundreds of fields, that were originally |5 memory requirements. Moreover, the methods of machine

gathered to be used by project management web-based system . -
Therefore extraction of meaningful data required analysis of learning used herein were carefully selected after anajysf

databases structure and transformation of sets of records imt their ability to work with datasets containing large numbér

a four datasets. These datasets were used to predict four fans unordered, non-numeric attributes.

important to project management i.e skills, time, costs an  We decided to examine OS project as a fast growing part of
effectiveness. Late_r, we present the results of experlmen'tﬁ’,lat software projects, therefore an Al-based project manageme
were performed using C4.5, RandomTree and CART algorithms. . . . .

In the final part of this article, we describe how boosting and is highly desired for these projects. As the usgd datas_et was
bagging metaclassifiers were applied to improve the results and large, due to number of records and many various attributes,

we also analyse influence of their parameters on generalization we used it as a real-life test for different Al methods.
abilities an prediction accuracy.

Index Terms—Classification, Metaclassification, Decision trees, Il. DATASETS
Software estimation, Project management The source of data about OS projects was “A Repository
of Free/Libre/Open Source Software Research Data” being

. INTRODUCTION a copy of internal databases gathered by SourceForge.net

Currently many popular software applications are being dplatform [1]. In presented research a potential source td da
veloped as Free Libre/Open Source Software (OS later in tliggge complexity of database on Figure 1) contained a large
article). The results of these projects, done by team memimber of features and its form of storage was not designed
bers cooperating via web-systems, sometimes overperfaonbe later used in knowledge extraction process. It was
proprietary software. Therefore OS projects become strobgilt to store all data necessary to run a web-based project
competitors to the classic closed-source software predédst management service offering forum, subversion control or
the result, methods of software management must be extentisks assignments. This caused that the presented prolaem w
by solutions specially tailored to OS characteristic. a modelling example of real life data mining application i.e

The basic assumption of project management is that thiguation where meaningful attributes must be extractechfr
knowledge and experience, acquired from the past projeaista repositories and the scale causes that some algorithms
help to effectively manage risk during software developinién fail. It must be noted that sometimes methods that work fine
is coherent with the basic purpose of data mining, that fesusduring purely scientific experiments are useless in largdéesc
on knowledge extraction from the past observations and fisoblems due to high demand on resources or low speed.
conversion to forms easily understandable and usable in ffechnically, the data source contained almost 100 tablds an
future e.g. rules or charts. a monthly increase of data was estimated at 25 GB.

Herein, we present an large scale Data Mining application, This data repository was previously a subject of researgh e.
whose aim was to create a set of models supporting decis[@hexamined logistic regression, decision trees and neata



works in analysis of success factors for Open Source Softwar 4t = {21, ds, dv, 24, d7, 28, 29, d5, d3 },

The other research [3] examined similarity measures for OSS Cr = {wr,wr, w5, w2, 25, W, 24, 23, 22},
projects and performed clustering, while research [4] diesd Ky " {21, 01, 26, 28, 4z, aa},
how abandonment of an OS project could be predicted. Unlike, £t = {ra, 713,711,714, 710,79, 78, 12, K5, K, 77, K

the previous researches, presenting selected aspectsteof aWe found that number of features may be reduced more, as

mining applied to OSS, we present herein a complete analy gre eX'Sted _s_maller subsets for Whlch prediction acgurac
of 4 projects dimensions. The described research was based'gS "ot 5|gn|flcantly worse than maximum. The selected
an assumption that it is more important to offer a predictbn Sma'.'ef subsets. of information attributes, required foe th
a few factors, that will aid a successful project managemel‘?f‘ad'zCtlon of prOJZCt ;eatures were:
than to predict if project become successful or not (like in C’t i 5}1’ :}’ 111;2411}),}
some previous researches). P {Zl’a E’ o

The extracted dataset contained information about the most Et _ Lo

. . t {r2,713,711}-
important aspects of OS projects. These four datasets Wer\nalysing the results of this stage, we prepared an expla-

[5]: nation of individual information attributes fqoroject scope
« project scopeZ; - the duration of project from the Z;:
moment of project initialization (project registrationl) t  , the average number of working hours spent on completion
the last published presentation of the project effects; of the project tasksz(),
containing 39 attributes, including 8 attributes pertain- , number of selected project tasks),
ing to the project field ), 28 attributes pertaining to , subject scope of the softwaré,f,
the project resources;f) and 3 attributes pertaining to , number of project contractors.),
project communicationk,), « number of selected subprojects;),

« project timeC} - the time of task completion expressed , number of project contractors at the position of a Devel-
in working hours spent on completing a particular task;  oper ¢),

containing 12 attributes, including 7 attributes pertagni  , number of unique time zones,,
to general conditions of task completiom:§ and 5 at-  , software languagedf),
tributes pertaining to the resources of persons completing, user interfaceds).

the task £), For project timedimension selected attributes werk:

« project costK; - the average number of working hours K et . ¢ ¢
spent by a particular project contractor on task com- * task completion time, expressed as a number of days from
the task initialization till its completiom; ),

pletion; containing 18 attributes, including 8 attributes L X

pertaining to the participant competence,)( and 10 « number of tasks w_|th|n a subprqjeeb{), .

attributes pertaining to the participant activity,{, o number of preceding tasks which a particular task de-
« project effectsE, - the number of completed tasks as of pends on ¢s), .

the date of diagnosis; containing 21 attributes, including ® pe.rcentage Of. task completion), .

16 attributes pertaining to activity of project execution * SKillS Of a project contractor completing the task)(

(r.) and 5 attributes pertaining to communication activity * @Sk Statusiy), _ _
related to project executiork,) « role / position of a project contractor completing the task

. .. (24)1
The numeric characteristic of created dataset was prabente, role / position of a project contractor assigning the task

in Table I. The columnReduced recordslenotes how many (23),
records passed through filters e.g. we have excluded empty number of contractors assigned to complete the tasgk (
projects or projects with an empty development team. The project costcould be predicted by,:
To select the most important attributes we have Uuséat- : ) .
mation Gain Ratipthat in its core calculates change of entropy * registered tlme_ of the project contractor (mthsj)(
from stateX to X|A (information gain caused by feature A). *° number of asslgned j[askslo, .
Assuming thatFH(..) is an entropy function, the information ¢ "umber of unique skills of project contractors},
gain may be calculated aBG(X, A) = H(X) — H(X|A). « the most frequt_antly held role/ assigned posm@g),(
Selecting a subset of attributes helped to limit space wews © "umber of projects executed by a particular contractor
and increase classification accuracy by rejecting unnapgess (a2), . .
features, being informational noise. For each dataset we ha * number OT posts sent by a particular contractors to dif-
examined various models, where number of input was chang- ferent project - related Web foruma,.
ing from 1 to D;, where D; was a number of attributes The last dimensioproject effectscontained attribute&;:
for i dataset. Figure 2 presents an example of this step of. the average task completion status in percentagle (
experiments folime dataset. « nhumber of tests in CVS version control systems],
The selected sets of information attributes for the beste number of open artefacts (additional artefacts in the
prediction models (desired attributes) were: project) ¢11),



Fig. 1. Structure of tables used by SourceForge.net projactagement system [1]

TABLE |
DETAILS FOR Scope Time CostsAND EffectsSDATASETS.

Dataset | Unique records| Reduced record§ Objects | Attributes
Scope 167698 167698 2881 39
Time 233139 104912 77592 12
Costs 127208 20353 10889 18

Effects 96830 15492 64960 21

number of comments in CVS version control system « number of threads on forums assigned to particular

(r14), project ¢4),

number of closed error reports, (), « number of closed binary code modifications)(

number of open error reportsg, « number of project documentation grougs X

number of requests for helps), These attributes were used in next stage of experiments.
number of closed artefacts (additional artefacts in the must be noticed, that some of them to be created were
project) 12), calculated from other database fields or were a result of

number of project mailing listsk), frequency analysis.
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Fig. 2. Prediction accuracy vs used inputs Tame dataset

1. EXPERIMENTS WITH CLASSIFIERS Bagging is an acronym for Bootstrap AGGregatING. Its idea

The practical applications of software estimation ofter ug to create an ensemble of classifiers built using bootsigap

description of software risk or complexity in form of IabeIOf the training dataset. Output of this ensemble is a result

e.g. high, mid or low. Thus, we decided to use classificatioor{. plurality vote. The process of internal classifiers dueat

as a method of prediction instead of regression that oftezsgi might be parallel and therefore their outputs are indepeinde

. : Tables Il and IV show accuracy dfdaBoostand Bagging
large errors for software. To ensure an unbiased envirohmen . . . i .
. . N .methods with different number of internal iterations. The
each dataset was filtered to form uniform distribution of it

decision trees described in the previous section were used

classes. It must be kept in mind, that for 5 uniform classes o ; o .
. . as$ the core classifiers in each of metaclassifiers. This fpart o
the accuracy of blind choice equals 26%.

. . . xperiment was performed usirigffects dataset, because it
Table Ii contam; comparison of accuracy ratios for C4'§\’/as as the most difficult of all four datasets.
RandomTree_(RT in abbrv.) 300' Classnflcatlon ano_l Regres_suonl_he results from C4.5 and CART decision trees increased
Tree (CART in abbrv.) classifiers —_the detailed |nformat|0([11l1tter usage of metaclassifiers. RandomTree, due to its con-
about these methqu may be found in [6], [7], [8] af‘d [9]. T.héatruction and random internal loops, was not affected by
\éalléZihpﬁ;:;tf?:r in Table I are the best accuracies aCh'eié%osting Therefore, we claim that this algorithm is a robust
yA " b .t' d th ‘ ‘ thod f ember of decision trees family.

s It can be noticed, the most accurate mewnod 1or eachr, Baggingalso caused accuracy increase for all analysed

dataset was RandomTree. This method also did not requie

ful and histicated adiust s of ters ther ssifiers, but a low number of iterations for this metasifees
carélul and sophisticated adjustments ot parameters O resulted in slightly decrease of it accuracy.

methods. It must be mentioned that the most popular dec:isior]:Or another boosting method LogitBoostwe have com-

tree classifier i.e. C4.5 had the largest number of adjustiBgred its accuracy in 2 different variants . This metaclssi

parameters. That increase searching space in which reeearccan use resampling or reweighting during boost procedure.

must be looking for an optimal _conﬂguratlor_]. Morfaoverl’:igure 3 presents plots with dataseries for both variants

RandomTree was the fastest algorithm comparing their SPes LogitBoost The core classifier used ihogitBoost was

of learning. REPTreebeing an algorithm of “Fast decision tree learner”.

It must be noted that value corresponding to O-iterations is

the accuracy foREPTreenot LogitBoost Thus, an increase

In the second stage of experiments, we have tested metactifsaccuracy aftet.ogitBoostingcan be noticed.

sifiers to check if they were able to increase performance ofDuring the evaluation of the results another important-char

previously examined classifiers. During this stage of eixpemacteristic, apart of accuracy ratio, was examined — Receive

ments we have used 2 methods of boostingA@aBoos{10], Operating Characteristic (ROC) [14]. As it can be noticed on

LogitBoost[11] and Baggingmetaclassifier [12], [13]. Figure 4, ROC for each class increased with a number of
Adaptive—Boosting (AdaBoot) is a process of iterative cladultiBoost iterations (ROC equals to 1 for an ideal classjfie

sifiers learning, where training sets are resampled aauptdi  Similarly to the previous experiments the metaclassifiezsew

the weighted classification error. The more errors occuhén thuilt over REPTree

class, the bigger weight this class receives. LogitBoostnis Figure 5 presents how classification accuracy increases for

another variant of Boosting that uses binomial log-likebd MultiBoost It can be noticed that this metaclassifier also

weight calculating function. managed to achieve better prediction results than its core

IV. EXPERIMENTS WITH METACLASSIFIERS



TABLE Il

COMPARISON OF PREDICTION MODELS FOR DATASETS - Scope Time CostsanD Effects

Classifier Scope Time Cost Effects
C4.5 | 97.3560% | 67.6481% | 78.2700% | 55.3124%
RT | 99.2803% | 71.8745% | 91.9815% | 76.8332%

CART 96.47% | 64.9173% | 74.5639% | 70.3331%
TABLE IlI
THE PREDICTION ACCURACY VS NUMBER OF ITERATION FORAJaBOOSIMATACLASSIFIER (EffectSDATASET).
Iterations C4.5 RT CART
2 | 55.3124%| 76.8267% | 69.1696%
51 62.0127% | 76.8267% | 75.7681%
10 | 63.6393% | 76.8267% | 76.4975%
TABLE IV

THE PREDICTION ACCURACY VS NUMBER OF ITERATION FORBaggingMATACLASSIFIER (EffectsSDATASET).

Iterations

C4.5

RT

CART

2 | 58.4172%

72.4245%

53.4018%

5 | 62.5871% | 77.298% | 56.6873%

10 | 64.685%

78.3308%

57.7459%
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Fig. 4. ROC values for each class vs. no. of iterationsMaiftiBoost (Effectsdataset)

classifier. Therefore it is possible to claim that metadfess
offer a potential to increase estimation accuracy.

V. CONCLUSIONS

The research presented herein prove that Open Sourcetgrojec
management may be supported by data mining methods. As
all four datasets presented herein were extracted or eaécll
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Fig. 5. Classification accuracy vs no. of iterations KtultiBoost (Effectsdataset)

from database fields, designed to store data required by welt Y. Gao, Y. Huang, and G. Madey, “Data mining project higtdn

based project management platform, it is possible to predic
important factors for project without necessity to use atiep 4]
(external) data sources.

open source software communities,”Ntorth American Association for
Computational Social and Organization Scienc2804.

R. English and C. M. Schweik, “Identifying success andradtonment of
floss commons: A classification of sourceforge.net projetipgrade:

The exam|ned ClaSS|f|ers and metaclass|f|ers Showed |arge The European Journal for the Informatics Professignail. Vol. VIII,

differences in performance e.g. Neural Networks and SuppO[rS]
Vector Machines were rejected at early stages, due to their |

no. 6, 2007.
D. Dzega, “The method of software project risk assessrhétit,D.
dissertation, Szczecin University of Technology, June&00

accuracy for each dataset. It was caused by a |arge number[@f R. Quinlan,C4.5: Programs for Machine LearningSan Mateo: Morgan

unordered labelled attributes. This resulted in decrepsed |,
formance of Neural Networks and Supporting Vector Machine
classifiers, that work well on numeric attributes. HoweverLS]
several methods from decision trees family showed hig
accuracy for examined data and we claim that it designafes
them to problems with similar datasets. The next stage of
experiments by incorporating metaclassifiers they alloteed [11]
increase significantly the prediction accuracy.

It is worth of mentioning, that some methods of classifi-
cation were practically impossible to use due to their speg&]
or to high memory requirements. In our opinion, researchqis]
focus their attention too much on developing new methods
of data processing, that achieve a slight increase of acgur 14
forgetting to check if these methods work of fail in front of a
complicated tasks.

In the future research, we plan to analyse the dynamics of
modelled process, that could lead to better understandidg a
more effective decision support. We also plan, using cteate
datasets, to analyse computational complexity and rempaing
of computer resources for popular machine learning algo-
rithms.
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