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Performance Evaluation of Projects in Software Development
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Abstract

IT firms are able to develop various types of software development projects from small sized projects to
very large ones. A software development process is carried out by different stages of the project
management such as analysis, design, development and testing. At the end of the process, performance of
the project is evaluated by project sponsor who represents the customer of the project. There are different
factors that effect the performance of the projects like risk, project size, project type and priority, team
size, budget, duration, change requests and delays. In this study, we aim to statistically analyze effects of
these factors on performance evaluation of the project sponsor. Additionally, we try to develop a
statistical model to aid the project sponsor in performance evaluation. We use real data from software
development department of telecommunication firm.
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Introduction

Project is a temporary collection of efforts to create a unique product, service or result. Project has definite
beginning and end, definite scope and aim within a limited budget [1]. Each project has a sponsor which is
defined in [1] as “the person who is the entity giving resources and support to the project”. According to
the methodology proposed in [1], the project is closed with the approval of the sponsor.

Software development projects are different and more difficult from other engineering projects [2], as
their complexity and high rate of failure [3]-[4]. CHAOS manifesto by Standish group [5] represent that in
2012, 18% of software projects failed and 43% faced with challenges. A small portion of software projects
has been found successful [5]. Therefore understanding and measuring software project success is a
critical process in characterizing software development projects.

Literature about project success is divided into four periods [6]-[7]: First is “Early 1970s”; success
literature focuses on time, cost and quality. This dimension is defined as “iron triangle” [8]. Second is
“1980s to 1990s” that looks at the technical aspects of a project to how it related to the client organization
[9], and success was typically described with a single measure for the project instead of multiple measures
over the life [7]. Third is “1990s to 2000s” that gives importance to critical success factors frameworks
and internal and external stakeholders [10]. The “21st Century” is the last one and continuing today that
researches focus on stakeholder with project success [11]-[13]. Davis [6] also emphases about this period
that there is a high attention of owner and sponsor involvement in projects.

Prabhakar [14] expresses that different stakeholders such as customers, employees and managers assess
project success in any organization. Project success is best judged by the stakeholders, especially the
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primary sponsor [13]. Prabhakar [14] notes schedule and budget performance are considered inadequate as
measures of project success. Agarwal and Rathod [5] state that cost, time and quality are still important
criteria for evaluating the performance of software project, however cost is considered to be the least
important criterion for figuring a project’s success. Procaccinoa & Verner [15] find that completing a
project on time and completing it within budget, do not appear to have much relevance for the importance
to the project success. According to the Muller & Judgev [7], there are differences in the rating of success
criteria by project type. Muller & Judgev [7] explore the statistical behavior and associated relationships
between project success factors, PM tools, and PM methods. In their research, Reyes et al. [3] aim toward
developing software project success/risk analysis models which can aid project managers in identifying,
analyzing and controlling potential risks during software development. Because of the complexity of the
project success concept discussed above, there is lack of consensus among authors in the field [16].

In this study, we look for the statistical effects of factors on performance evaluation of the project sponsor.
Moreover, we develop a neural network model to be used to estimate project performance. In the first
section we give factors which have influence on performance evaluation. Second section is about analysis
of the factors statistically. Third section explains the tabu search training algorithm for neural networks.
Fourth section is the implementation of the algorithm for the performance evaluation of the projects.
Finally we give conclusions in the last section.

Factors in Performance Evaluation of the Projects
In this study, factors which may effect performance evaluation of projects are determined by examining
the historical data and relying expert opinions in a software development company in Turkey. Throughout
the study, “project” term is used to mean “software development projects”. These factors and their short

descriptions are listed in Table 1.

Table 1. Description of factors in evaluation of project performance

Factor No. Factor Name Factor Description
Fl1 Type of project There are many types of project such as infrastructure, service,
product, feasibility. Every project must fall into one of these types.
F2 Methodology Software development methodologies are described in here.
F3 Number of baselines Baseline is a point of reference.
F4 Severity Indicates the severity level of the project
F5 Duration of project Indicates total elapsed time of the project
F6 Difference btw actual and | Difference between the actual and planned dates
planned baseline dates
F7 Duration of analysis Time span for analysis
F8 Duration of development Time span for development
F9 Duration of test Time span for test
F10 Total number of launches Total number of launces
F11 Total number of issues Total number of bugs and issues seen throughout the project
F12 Total number of risks Total number of an events that may end up with a negative impact
F13 Total number of Change A change request is a formal proposal for an alteration to some
Request product or system
F14 Project team size Size of the project team
F15 Occurance of stand by Number of occurences of stand-bys (on-hold)
F16 Duration of stand by Elapsed time until the project starts again
F17 Reason of stand by The reason of the standy by
F18 Complexity of project The level of complexity of the project (can ben complex, moderately
complex or not complex)

The historical data also contains a project sponsor grade for each project. Each project has a sponsor
mostly a manager or executive having overall accountability for the project. The sponsor acts like a
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champion of the project, selling and marketing the project throughout the company. In this paper, it’s
assumed that performance of a project is evaluated by the project sponsor and the assessed grade by
him/her is treated as a measure of the performance for the project.

Statistical Analysis of the Factors in Performance Evaluation of the Projects

In this section, a statistical analysis is carried out to show the factors which are statistically significant in
the evaluation of project performances by the project sponsor. For this purpose, the main factors notated
by F1 through F18 are analyzed by the linear regression at significance level of 5%. Result of the study
indicates that the type of project (F1) and the duration of project (F5) are statistically significant in the the
regression model of explanation of the grades assessed by the sponsor.

Once the main factors which statistically significant on the grades of projects are obtained, a further
analysis is implemented to analyze the factors which effect these main factors. Regression analysis shows
that the relationships between F1 and F4, F11, and F14 are statistically significant at level of 5%, whereas
F2, F3, F6, F7, F8, F9, F11, F12, and F18 are statistically significant in a regression model of F5.

This statistical study points out that five of the factors that are “total number of launches, total number of
change request, occurance of stand by, duration of stand by and reason of stand by” neither directly nor
indirectly effect the evaluation of project sponsors. Therefore, they are dropped from the further analysis
explained in the next sections.

Tabu Search Training Algorithm for Neural Networks

Tabu search training (TST) algorithm is proposed by Dengiz et al. [17] as a new supervised-learning
approach to train multi-layer perceptrons (MLPs) for estimation purposes. MLPs are a kind of neural
networks which consists of layers. Each layer of an MLP contains different number of neurons and the
neurons in successive layers are connected by weights (synapses). Dengiz et al. [18] also show the
application of TST algorithm to obtain neural network metamodels for the optimization of two different
manufacturing systems.

TST algorithm utilizes a short-term memory to prevent of cycling of moves and a longer-term memory for
diversification purpose. The algorithm proceeds iteratively by repeating the neighborhood generation
mechanism managed by the short and the long-term memories until a termination criterion is met. The
neighborhood generation mechanism, utilization of the short-term and long-term memories, parameter
optimization and other aspects of the algorithm can be found in Dengiz et al. [17] in detail. The
distinguishing characteristics of TST algorithm are given below briefly. Pseduo-code of the algorithm is
also presented in Figure 1.

1. Vector of current weights, W, = [w;, W2, ..., W], is initialized randomly from a uniform
distribution in the range of [-0.5, 0.5].

2. At each iteration only one weight, wj, is increased or decreased by v; drawn from a uniform
distribution in the range of [B;, By] to provide a sensitive local search. Change in a weight is
called a move and resulting weight vector is a neighbor. Neighborhood of W, contains nK
neighbors obtained by changing each weight n K times.

3. The algorithm iterates by moving from current solution to the best available neighbor with the
minimum RMSE (root mean squared error) given in equation 1, if the move which creates this
neighbor is allowed through the tabu mechanisms.

4. Short-term memory consists of tabu lists (mechanisms). Both the indices of modified weights and
the amounts of change in weights are kept in related tabu lists to avoid from cycling around local
optima. Tabu list, tvs, records v; values for each weight, w;, through the last V iterations. The list
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tvs forces the generation of random v; values to be sufficiently different from the recorded V
values. If vj is near to one of V values then B; and By bounds are increased by A at a time. Tabu
lists, #is and tds, keep track of weight indices to prohibite increasing of a weight which decreased
during last § iterations and vice verca.

5. Frequency information about the highly repeated moves is recorded in a long-term memory, freq,
to extend the search to the unexplored regions of the solution space. According to the long-term
memory a weight w; changed F' times during L successive iterations is prohibited to give a chance
the moves which made infrequently.

ey

Where d.; and o; are the actual output and estimated output of the j™ node in the output layer, respectively.
E is the number of exemplars in the training set and J is the number of nodes in the output layer.

Initialize TST parameters

Repeat
Fori=1ton
Forj=1toK
By« BU
B« B,
Repeat
Generate v; ; < Uniform [B;, By] or v; ; = - Uniform By, By]
Generate the neighbor W“"** and calculate the RMSE value
B, -B; .
If vy j—tvs;| < 5 for any element in tvs; then
By < By + A, Bp < B, + A, tabu_status < true
If (v; ; >0) and (iter < tis; + S) then tabu_status « true;
If (v; j <0) and (iter < tds; + S) then tabu_status < true;
If (freq; > F) then tabu_status < true;
End If Y . ]
Until (tabu_status < false) or (RMSE{W“"**} < RMSE{W})
Next j
Next i

If WD) ig the best neighbor with minimum RMSE then
update W,,,, tabu lists tds; or tds; and tvs;
r < r+1 if r < L then update freg; else r <— 0 and void freq;
End If
Until a termination condition is met
Figure 1. Pseduo-code of TST algorithm
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Implementation of Tabu Search Training Algorithm for Performance Evaluation of the
Projects

In this section, TST algorithm is used to develop an NN model to estimate performance evaluations of the
projects. Structure of the NN model is MLP in which one input, one hidden and one output layers exist.
Totally 13 factors which have been found as important on performance of evaluations of the project
sponsors are the inputs of the MLP. Therefore 13 input neurons occur in the input layer to each of the
inputs. Output layer consists of only one neuron and output calculated from this neuron is the estimation
of performance evaluation with respect to the introduced inputs to the model. Addiditionally, one bias
factor also must be included to both input and hidden layers. Structure of the MLP is given in Figure 2.
Only one remaining question about the structure is the number of neurons in the hidden layer. To find the
number of neurons in hidden layer experimentally, MLP model is trained separately for varying number of
hidden neurons. Available data to develop the MLP contains 855 exemplars. Each exemplar is associated
with the 13 factors and one grade which represents performance evaluation of the project sponsor. To
select the best size of hidden layer, 570 exemplars out of 855 is used for training purpose and the
remaining 285 for testing purpose. The algorithm aims to minimize RMSE over the training set. The error,
which is used to calculate RMSE, is the difference between the grades by project sponsor from the
historical data and the estimation of the grade by the MLP. Results from this fine-tuning study is
summarized in Table 2. Table 2 shows that training and testing RMSE values according to varying
number of the hidden neurons are close to each other. This results indicates robustness of TST algoritm
against the hidden layer size. Nevertheless, the hidden size is set to 12 neurons since the lowest testing
RMSE is obtained by using 12 hidden neurons.

Estimation of the
performace evaluation

Figure 2. Structure of MLP to estimate the performance evaluation

Table 2. Training and testing RMSE values according to varying number of the hidden neurons

# of Average of
hidden Training  Testing training and
neurons RMSE RMSE testing RMSE
6 0.00351  0.00429  0.00390

7 0.00354  0.00427  0.00390

8 0.00351  0.00425  0.00388

9 0.00353  0.00425  0.00389

10 0.00352  0.00431  0.00392

11 0.00350  0.00429  0.00390

12 0.00352  0.00424  0.00388

13 0.00350  0.00428  0.00389

14 0.00351  0.00426  0.00388
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Once the structure of the MLP is constructed, TST algorithm is employed for training purpose using 570
patterns that are randomly picked from the historical data of the software development company and then
the MLP is tested on an additional 270 patterns. A four-fold cross validation technique is used to validate
the MLP. Cross validation is a standard tool in statistics to validate statistical predictions [19]. Table 3
represents the results of the four-fold cross validation in terms of the training and testing RMSE values
achieved by TST algorithm. TST algorithm is run for 5 replications and 5000 iterations per replication. As
standard deviation of the RMSE values of the five replications is quite small, the number of replications is
found enough. Average RMSE values given in Table 3 shows the validity of the MLP to estimate
performance evaluations of the projects.

Table 3. Cross-validation results

Folds Training RMSE ~ Testing RMSE

Fold1  0.00340 0.00445
Fold2  0.00353 0.00422
Fold3  0.00335 0.00434
Fold4  0.00351 0.00411

To represent extrapolation capability of the MLP model, the model is also tested on an additional data
(including 350 patterns) which are not used in both training and testing sets. TST algorithm is utilized to
train the MLP over 855 patterns. The best MLP structure from the five replications of TST algorithm is
then tested on the additional data. Result of this experiments shows that the training RMSE is 0.00356
while the extrapolation RMSE is 0.00445.

Conclusions

In this study, an NN model, MLP, for performance evaluations of the projects in a software company is
developed. Although there exist numerous statistical approaches proposed to evaluate performances of
projects in the related literature, NNs are used rarely. A tabu search based supervised learning approach by
Dengiz et al. [18] is used to train the MLP for estimation of project performances. Data used to train and
test the MLP is derived from the historical data of the company. Results obtained from the cross-
validation show that proposed MLP model is valid for the company. The MLP trained using the complete
data also is tested on an additional data which are not used in both train and test set to show the
generalization capability of the proposed approach. The experimental study indicates that proposed MLP
model can be utilized to estimate the project performances and therefore can aid the decision maker to
self-evaluate his/her decisions on the projects.
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