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ABSTRACT 

This paper demonstrates the use of Data Mining (DM) techniques in exploratory research. A robust model for 
identifying the factors that explain the success of Open Source Software (OSS) projects is created, validated and 
tested. The predictive modeling techniques of Logistic Regression (LR), Decision Trees (DT) and Neural Networks 
(NN) are used together in this analysis. Using Text Mining results in the predictive modeling process strengthens the 
model. SAS

®
 Enterprise Miner and SAS

®
 Text Miner are used in this research. 

INTRODUCTION 

The term OSS refers to software distributed by license that conforms to the Open Source Initiative (Feller et al. 
2002). The most common of these licenses are GNU General Public License (GPL) and Berkley Software 
Distribution (BSD). OSS projects are typically developed through online communities for software development (e.g. 
SourceForge.net, Freashmeat.org and Tigris.net) which offer project-hosting resources. These communities serve as 
a “Bazaar” where developers and end users can come together and find suitable matches to their skills and 
requirements. Users can view, update and change the project source code. They can also detect and report bugs, 
request new features, and at times, contribute to the software source code.  

According to a recent survey (Cearly et al. 2005), the use of OSS projects in the business community is increasing. 
There is a need for models that can be used to identify the projects that are more successful than others. This will 
help the users and the corporations, which intend to use OSS projects, to make the right choice of projects. The 
existing project performance evaluation models were developed for commercial software systems (CSS) and cannot 
be used for OSS. This is because most of the performance measures of CSS projects (e.g. cost, schedules) hold no 
meaning in OSS domain. Therefore, exploratory research has to be conducted to identify the factors that are critical 
in the success of these projects. 

Keeping with the philosophy of free sharing, OSS communities grant access the project source code, and other 
artifacts (e.g. e-mail communications, bug reports, number of downloads and information on developers) of the 
projects. The lack of any tested models and theories for OSS projects and the availability of rich datasets make this 
domain a good candidate for exploratory research using DM. Exploratory research can be used to discover new 
phenomenon and to develop new theories.  In past, access to software lifecycle data was a challenge and 
researchers had to rely on limited datasets to develop and test models. However availability of OSS data archives 
presents a unique opportunity for the research community to develop models based on transactional data and to 
extract knowledge from it.  

In this research a performance evaluation model for OSS projects in their development phase is formulated. This 
model identifies some critical factors that contribute to the success of OSS projects. The identification of the factors 
is very important to the practitioner and research community. The development teams can better monitor the 
performance of their projects and adjust the input variables to achieve the desired outcome. For businesses that 
intend to adopt OSS projects, this provides them with the ability to make better decisions regarding adoption. For the 
research community the model provides a deeper understanding of the phenomenon of OSS development and a 
better model to predict software project outcomes. It also identifies some new factors that have not been used in 
prior research. 

DM techniques can be used for model formulation, testing and validation (Brachman et al. 1996). The three DM 
predictive modeling techniques of; LR, DT and NN are used in this research. Each of these techniques has its 
strengths and weaknesses. The best model is selected on the basis of fit statistics and ease of explanation of the 
relationships. Knowledge from Textual documents is also used in conjunction with the DM techniques to improve the 
model. 
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PROBLEM DEFINITION 

OSS projects are usually available for free download and can be modified at the user end. But the cost of switching 
to OSS applications can be significant if a business or end user invests time, effort and resources in adopting an 
OSS project that fails. Therefore there is a need for models that can predict the outcome of OSS projects and that 
can identify the factors that contribute to the success of these projects. The available models to evaluate the 
outcomes of software projects were developed for CSS projects. The performance measures used in these models 
(e.g cost, schedule and conformance to requirements), hold no meaning in OSS domain. 

While creating a new model for OSS project success, the first challenge is to identify the critical and relevant 
variables from the data warehouse. Traditionally, product, process and resource characteristics have been used in 
models of performance evaluation for CSS projects. Product characteristics refer to the attributes of the project that 
are product specific e.g. reliability, maintainability etc. Process characteristics refer to the attributes of the process 
through which the product is developed e.g. use of configuration management techniques, use of project 
management tools etc. The resource characteristics refer to the attributes of the resources involved in the 
development of the project e.g. the size of the development team.  

In OSS, besides the above-mentioned characteristics, the role of end-users can be very important in the success of 
the project. Since there is no formal project requirements elicitation, end-user involvement in the process of 
development can be critical. Especially in projects that are end-user applications. End-users can detect and report 
errors, submit fixes, submit support requests and suggestions regarding the project. For projects that are primarily 
for the use of the developer community, this might not be very significant since the development team themselves 
can play the role of user. Considering this situation in OSS, the end-user characteristics will also be considered in 
the model for project performance evaluation.  

The next challenge is to identify a rich dataset for the use in the DM process. OSS communities maintain 
transactional datasets on the projects they host. Recently, SourceForge.net has started to share this data with the 
research community so that these rich datasets can be used in research on software systems development. The 
data warehouse for SourceForge.net contains over 100 tables and over 1000 variables for over 100,000 projects. It 
contains data artifacts on all aspects of project development and maintenance. The Sourceforge.net data archives 
starting November 1999 through May 2005 are being used for this research (Madey 2005). Table 1 describes some 
variables identified for use in the analysis. 

 
 Attribute Measure 

Reliability Time Taken to remove an error 

Functionality Number of modules added to the project 

Product 
Characteristics 

Use of Config Management A binary variable (No = 0, Yes = 1) 

Use of Communication tools A binary variable (No = 0, Yes = 1) Process 
Characteristics Team Size Count of the number of developers of the project 

User Community Size Count of the distinct members posting messages  Resource 
Characteristics Usage Number of downloads of the project 

User Activity Count of the number of messages posted online User Characteristics 

User Contributions Bugs reported by the end users of the project 

Audience Developers = 0, End-users = 1 Domain 
Characteristics Domain Type of the project  

Growth  Number of new versions released by the project Outcome 

Evolution Transition of project through development phases 

Table 1: Some important variables used in the analysis 

MODEL BUILDING USING SAS
® 

ENTERPRISE MINER 

Availability of large amounts of transactional data and need for exploratory research, makes OSS an ideal candidate 
for using DM techniques. DM allows the flexibility of using a large number of variables and extracting potentially 
useful models from them. The three main types of predictive modeling resources used in DM are LR, DT and NN. All 
these three techniques are used in this research. Results obtained from each technique are carefully analyzed to 
improve the subsequent runs. DT can be used to identify any interaction terms, while the NN analysis can be used to 
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detect any non-linear relationships that may exist.  

SAS
®
 Enterprise Miner provides the computational power to analyze large datasets and also provides modeling 

techniques to create validate and test models from the data. The following sections describe the use of SAS
®
 

Enterprise Miner and SAS
®
 Text Miner in formulating the model for OSS projects success. Figure 1, shows process 

flow of the analysis. 

 

Figure 1: Process Flow of the Analysis 

DATA SOURCE 

The data source node is used to select the required data set and to set the status of the variables to be used in the 
analysis. The model role of the variable representing the project success is set to “Target”. Redundant variables are 
set to status “reject”, while the variables that are to be used in the analysis are set to the status “input”. The data 
source node also provides the option to set the measurement scale of the variable. This node can be used to ensure 
that all variables are in the correct measurement scale. There were binary, interval and nominal variables. The data 
source menu also provides the descriptive statistics for the interval variables. The percentage of missing values, if 
any, can also be seen in the menu. After data cleaning, there were 4931 observations and 36 variables. The 
percentage of successful projects was 16.5% of the total projects. Figure 2, shows the frequency distribution of the 
target variable. 

 

Figure 2: Frequency distribution of the target variable 

Data Mining and Predictive ModelingSUGI 31

 



 

 

4 

 

INSIGHT NODE 

Analyzing the descriptive statistics of the dataset is a very significant part of any model building process. The Insight 
node has several useful options that are critical in exploring large datasets. Distributions of the important variables 
can be viewed to get more information on the relationships. The pair-wise correlations of the variables give useful 
information on the relationship they might have with each other and with the dependent variable. The insight node is 
also used to test for multicollinearity. It provides very important statistical analysis e.g. Variation Inflation Factor (VIF) 
and Conditional Index (CI) to detect multicollinearity. For the OSS data, both the VIF and the CI were within the 
acceptable range, therefore presence of multicollinearity is ruled out. Presence of missing values can corrupt the 
results of the analysis. Insight node was used to detect the missing values, which can be either replaced by 
appropriate values, or the decision to remove the entire observation can be made.  

TEXT ANALYSIS NODE 

Projects used in this analysis, are diverse in size, application domain and audience. Besides various categorization 
variables, each project maintains at least a 200 word long description of the scope of the project. This information 
was used in the Text Analysis node to cluster the projects on the basis of this textual information. Textual data can 
provide additional information that is otherwise hard to capture from numeric variables. 

Initially the default “stop” list was used to perform the analysis. The terms were later analyzed and refined to create a 
new “start” list. The automatic clustering option was selected, using the exception maximization method. The clusters 
were based on the singular value decomposition (SVD) dimensions. The term weighting method used was entropy. 

The results of the analysis yielded six clusters. The resulting clusters were analyzed (e.g. the cluster 4 contains 
projects that are related file transfer applications). The resulting dataset was saved and the cluster_id was used in 
predictive modeling to improve the model performance. The set attribute node was then used to identify the target 
and the variables to be used in the analysis. Besides the initial set of variables, the cluster ID of the project was also 
used. A screen shot of the results window is shown in figure 3. 

Text analyst can play a very important role in academic research. The use of textual data in quantitative analysis can 
significantly improve the accuracy and applicability of the results. The amount of textual data maintained by 
organizations and individuals is increasing. Therefore text analyst holds promise for academic research. It can 
provide a deeper understanding of the variables that are otherwise hard to quantify. 

 

Figure 3: Text Analysis output of the project description data 
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SAMPLING NODE 

In exploratory research, it is very important to partition the data into train, validate and test samples. If the same data 
were to be used for model creation and validation, the resulting model would likely be biased to the sample and thus 
not acceptable. Therefore the original dataset is split into training, validation and testing datasets. This is done to 
ensure that a valid model is created that will be applicable to OSS projects in general. Initially, the training set is 
used to train or build the model. Once an acceptable training model is built, the validation set is used to evaluate the 
model. A comparison is made with specific diagnostics e.g. lift charts to check how well the training model holds for 
the validation dataset. Based on the fit of the model, there might be a need to further improve the model. There can 
be several iterations of re-training before a reasonable model is selected. Once a model is selected, the validation 
data can no longer be used to test the accuracy of this model. To create a robust model, the testing dataset was 
used to fit the model. The accuracy of the model on the test data gives a realistic estimate of the performance of the 
model for OSS projects in general. The original dataset was split into 40% build, 30% validate and 30% test splits for 
the analysis. The descriptive analysis of the dataset had revealed that the number of successful projects was low. 
Therefore stratified sampling was used. 

REGRESSION NODE 

The Regression node is one of the predictive modeling techniques used in this research. Since the target is a binary 
variable, LR was used. Stepwise method was used for variable selection. The training data was used to build the 
initial model. The model was then fine tuned using the validation data. The testing data was used to get the unbiased 
estimate of the generalization error of the model. The regression node result window provides various plots, statistics 
and estimates to analyze the model. The results identified the variables that were found significant in the analysis. It 
also provides the fit statistics of the model. For multiple runs, various diagnostic tests can be performed to select the 
best model.  

Initially the results of LR were not as good as the ones from NN or DT. These initial results were used to identify 
interaction terms and higher order terms. A new LR node was added to the analysis. The interaction builder was 
used to create new interaction terms and the transform node was used to create new higher order terms (e.g. square 
of downloads). The subsequent runs indicated a significant improvement in the results obtained through the LR. 

TREE NODE 

The Tree node is used to perform the DT analyses of the data. SAS
®
 Enterprise Miner Tree node offers various 

selection options for the datasets. The advantage of using DT is that the results can be explained in simple English 
rules. Figure 4 shows the misclassification rate of the target using the Tree node. As mentioned earlier, the initial 
results indicated that the performance of DT and NN was better than LR. DT results can be effectively used to 
identify interaction between the independent variables. In this analysis, the DT results indicated that there was an 
interaction effect between the end-user activity and the intended audience of the project. Therefore this effect was 
incorporated in later LR models to improve its performance. 

 

 

Figure 4: DT preliminary results 

 

 

NEURAL NETWORK NODE 

The NN node provides the ability to fit data into models with high predictive power. Various selections of the 
available options for hidden nodes are used before the best model is selected. The problem with the results of a NN 
is that it’s very difficult to interpret the results. In exploratory research, it is very important to be able to identify the 
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factors that are significant in the model. In the initial analysis, the performance of the NN node was superior to LR 
and DT. This indicated that there could be presence of higher order effects. Therefore, after analyzing the results of 
NN, new higher order terms were added to the LR model. The results were considerably improved. This 
demonstrates that the three techniques can be used together to improve the performance of the final model.  

ASSESSMENT NODE 

The assessment node provides the ability to compare and assess multiple models and techniques. The assessment 
node was used to analyze the models. The fit statistics, misclassification rates, lift charts and ROC curves are all 
very useful in model assessment and selection. This node is very useful in exploratory research, since it provides a 
wide range of diagnostic features.  

 

 

Figure 5: Lift Chart for the analysis 

REPORT NODE 

A very significant part of any research is the reporting of the results. The reporter node provides the analysis in a 
format that is useful in preparing scientific results and reports. Addition of some features required for reporting 
research results (e.g. VIF and CI for regression) would make it more suitable for research applications. 

RESULTS AND CONCLUSION  

The dataset was analyzed using LR, DT and NN nodes. The initial results from DT and NN were far superior to LR, 
based on diagnostic testing and fit statistics. Useful information regarding interaction effects and presence of higher 
order terms was extracted through analyzing the results of DT and NN. Therefore a new LR node which accounted 
for potential interaction and higher order terms was added. This improved the performance of LR analysis and 
resulted in a model with lowest AIC. This demonstrates that for academic research various techniques can be used 
simultaneously to improve the final model. 

According to the preliminary findings of this research, the projects that were created before the year 2003 were less 
likely to succeed as compared to the more recent projects. One of the reasons can be that OSS movement is 
becoming more popular and the newer projects offer more promise to developers and the users compared to the 
older projects. This would also imply that with time, OSS teams are improving their project management process. 
Another important finding is, that the number of downloads are positively related to success. Projects that have more 
downloads are more likely to succeed. The number of bugs reported has a positive relationship to success. The 
number of bugs in CSS is typically reported to have a negative relationship to project success. But in case of OSS, 
this can be an indicator of the usage of the project rather than its quality. Therefore, the higher the number of bugs 
reported, implies that the software is being used and therefore has a positive relationship to success. The number of 
bugs open is an indicator of the inability of the project team to fix the bugs; therefore it has a negative impact on 
success. The team size has a positive impact on success, so the bigger the team size, the probability of success of 
the project increases. OSS projects also have the option to use a project manger or not. Use of project management 
methods has a positive impact on success of the project.  
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This research demonstrates the use of SAS
®
 Enterprise Miner in academic research. It has the ability to analyze 

large datasets and to create and validate new models. SAS
®
 Text Miner can be very useful in supplementing the 

predictive models by extracting useful knowledge from textual documents. This research also highlights the 
combined use of multiple predictive modeling techniques, to improve the performance of the models.  
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