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Abstract. Managing software development productivity andoffare key
issues in software organizations. Identifying theostn relevant factors
influencing project performance is essential forplementing business
strategies by selecting and adjusting proper imgment activities. There is,
however, a large number of potential influencingtdas. This paper proposes a
novel approach for identifying the most relevardtdas influencing software
development productivity. The method elicits relgvéactors by integrating
data analysis and expert judgment approaches byanefia multi-criteria
decision support technique. Empirical evaluatiorthef method in an industrial
context has indicated that it delivers a differset of factors compared to
individual data- and expert-based factor selectioethods. Moreover,
application of the integrated method significanthproves the performance of
effort estimation in terms of accuracy and precisiginally, the study did not
replicate the observation of similar investigatiomsgarding improved
estimation performance on the factor sets redugea llata-based selection
method.

Keywords: Software, development productivity, influencing tfars, factor
selection, effort estimation.

1 Introduction

Many software organizations are still proposingeatistic software costs, work
within tight schedules, and finish their projecehind schedule and budget, or do not
complete them at all [23]. This illustrates thdial@le methods to manage software
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development effort and productivity are a key issusoftware organizations. One
essential aspect, when managing development edfudt productivity, is the large
number of associated and unknown influencing factso-callegroductivity factors)
[27]. Identifying the right productivity factors éneases the effectiveness of
productivity improvement strategies by concentgtmanagement activities directly
on those development processes that have the giréafact on productivity. On the
other hand, focusing measurement activities omadd number of the most relevant
factors (goal-oriented measurement) reduces the obsquantitative project
management (collecting, analyzing, and maintairting data). The computational
complexity of numerous quantitative methods growggoaentially with the number
of input factors [4], which significantly restrictiseir industrial acceptance.

In practice, two strategies to identify relevanbghuctivity factors, promoted in the
related literature, are widely applied. bxpert-based approaches, one or more
software experts decide about a factor’s relevd@dy. In data-based approaches,
existing measurement data, covering a certainalngiet of factors, are analyzed to
identify a subset of factors relevant with respeca certain criterion [6, 10]. These
factor selection strategies have, however, sigmificpractical limitations when
applied individually. Experts usually base theicid®ns on subjective preferences
and experiences. In consequence, they tend to rdisdgrgely and omit relevant
factors while selecting the irrelevant ones [24heTeffectiveness of data-based
methods largely depends on the quantity and quafitgvailable data. They cannot
identify a relevant factor if it is not present the initial (input) set of factors.
Moreover, data analysis techniques are usuallyitsenso messy (incomplete and
inconsistent) data. Yet, assuring that all relevfaotors are covered by a sufficient
quantity of high-quality (i.e., valid, complete, caconsistent) measurement data is
simply not feasible in practice.

In this paper, we propose an integrated approaskel&rting relevant productivity
factors for the purpose of software effort estimatiWe combine expert- with data-
based factor selection methods, using a novel rortéria decision aid method
called AvalOn. The presented approach is then evaluated in dhéext of a large
software organization.

The remainder of the paper is organized as foll@estion 2 provides an overview
of factor selection methods. Next, in Section 3, pvesent the integrated factor
selection method, followed by the design of its &gl evaluation (Section 4) and
an analysis of the results (Section 5). The papés evith conclusions and further
work perspectives (Section 6).

2 Related Work

Factor selection can be defined as the process of choosing a sobdétfactors
from the original space of N factors €M), so that the factor space is optimally
reduced according to a certairiterion. In principle, the selection process may be
based on data analysis, expert assessments, astiondxperts and data. bxpert-
based factor selection, the factor space N is practically infinite andt kmown a
priori. One or more experts may simply select a subsetlef/ant factors and/or
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weight factors with respect to their relevancy (euging the.ikert scale [21]). Factor
ranking is equal to assigning discrete weightdtort. Indata-based factor selection,

the factor space N is known and determined by abkil measurement data. Most of
the factor selection methods originate from thedaining domain and belong to the
so-calleddimensionality reduction methods [8]. In principle, data-based selection
methods assign weights to available factors. Weighy be dichotomous (factor
selection), discrete (factor raking), or continu@fastor weighting).

The purpose of factor selection methods in softvedi@rt estimation is to reduce a
large number of potential productivity factors (cagivers) in order to improve
estimation performance while maintaining (or redggiestimation costs. Moreover,
information on the most relevant influence factmiay be used to guide measurement
and improvement initiatives. In practice (authasb'servation), relevant cost drivers
are usually selected by experts and the selectimreps is often limited to uncritically
adopting factors published in the related literatuBoftware practitioners adopt the
complete effort model along with the integratedtdes set (e.g., COCOMO [3]) or
build their own model on factors adapted from aistéxg model. In both situations,
they risk collecting a significant amount of poially irrelevant data and getting
limited performance of the resulting model.

In the last two decades, several data-based apmedtave been proposed to
support software organizations that are alreadiecithg data on arbitrarily selected
factors in selecting relevant factors. Various datalysis techniques were proposed
to simply reduce the factor space by excluding méy irrelevant ones (factor
selection). The original version of the ANGEL tdd®] addressed the problem of
optimal factor selection by exhaustive search. Hawefor larger factor spaces (>15-
20), analysis becomes computationally intractalle @ its exponential complexity.
Alternative, less computationally expensive fagelection methods proposed in the
literature include Principal Component Analysis 8(22], Monte Carlo simulation
(MC) [12], general linear models (GLM) [13], andapper factor selection [10, 6].
The latter approach was investigated using vargwaduation models (e.g., regression
[6], case-based reasoning [10]), and differentcdeatrategies (forward selection [6,
10], as well as random selection and sequentiéichihbing [10]). In all studies,
significant reduction (by 50%-75%) of an initialcfars set and improved estimation
accuracy (by 15%-379%) were reported. Chen et@l.cpnclude, however, that
despite substantial improvements in estimation @t removing more than half of
the factors might not be wise in practice, becdiisenot the only decision criterion.

An alternative strategy to removing irrelevanttéas would be assigning weights
according to a factor's relevancyagtor weighting). The advantage of such an
approach is that factors are not automatically atbed and software practitioners
obtain information on the relative importance o€ledactor, which they may use to
decide about the selection/exclusion of certairtofac Auer et al. [1] propose an
optimal weighting method in the context of the kakest Neighbor (k-NN) effort
estimator; however, exponential computational cexip} limits its practical
applicability for large factor spaces. Weighting ihigher-dimensionality
environments can be, for instance, performed usimg of the heuristics based on
rough set analysis, proposed recently in [11]. Wedir application requires additional
overhead to discretize continuous variables.
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A first trial towards an integrated factor selentiapproach was presented in [2],
where Bayesian analysis was used to combine thghtgebf COCOMO Il factors
based on human judgment and regression analysisbdt methods were applied on
sets of factors previously limited (arbitrarily) bgn expert. Moreover, experts
weighted factor relevancy on a continuous scaleiclwiproved to be difficult in
practice and may lead to unreliable results [24hsMrecently, Trendowicz et al.
proposed an informal, integrated approach to safpetlevant productivity factors
[24]. They used an analysis of existing projectadat an interactive manner to
support experts in identifying relevant factors the purpose of effort estimation.
Besides increased estimation performance, the rfasaection contributed to
increased understanding and improvement of softwprecesses related to
development productivity and cost.

3 AnIntegrated Factor Selection Method

In this paper, we propose an integrated methoddtacting relevant productivity
factors. The method employs a novel multi-criteteision aid (MCDA) technique
calledAvalOn to combine the results of data- and expert-basetif selection.

3.1 Expert-based Factor Selection

Expert-based selection of relevant productivitytdes is a two-stage process [24].
First, a set of candidate factors is proposed duargroup meeting (brainstorming
session). Next, factor relevancy criteria are idiect and quantified on the Likert
scale. Example criteria may include a factor’s iotpdifficulty, or controllability.
Impact reflects the strength of a given factor’'s influenen productivity.Difficulty
represents the cost of collecting factor-relatedjgmt data. Finallycontrollability
represents the extent to which a software organizdtas an impact on the factor’'s
value (e.g., a customer’s characteristics are hardhtrollable). Experts are then
asked to individually evaluate the identified fastaccording to specified criteria.

3.2 Data-based Factor Selection

Data-based selection of relevant productivity fest®mploys one of the available
factor weighting techniques. As compared to simfaetor selection or ranking
techniques, weighting provides experts with thatre¢ distance between subsequent
factors regarding their relevance. Selected waightshould be applicable to
regression problems, i.e., to the continuous dependariable (here: development
productivity). Given the size of the factor spaggtimal weighting [1] (small size) or
weighting heuristics [11] (large size) should basidered. In this paper, we employ
the Regression ReliefF (RRF) technique [16]. RRF is well suited for scdre
engineering data due to its robustness againssepard noisy data. The output of
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RRF (weighting) reflects the ratio of change todarctivity explained by the input
factors.

3.3 AnlIntegrated Factor Selection Method

Integrated factor selection combines the resultatd- and expert-based selections
by means of theAvalOn MCDA method. It is the hierarchically (tree) stued
model that was originally used in COTS (Commeroiathe-shelf) software selection
[15]. AvalOn incorporates the benefits of a treerstured MCDA model such as the
Analytic Hierarchy Process (AHP) [17] and leveraglee drawbacks of pair-wise
(subjective) comparisons. It comprises, at the séime, subjective and objective
measurement as well as the incorporation of uniogytaunder statistical and
simulation aspects. In contrast to the AHP modéictvonly knows one node type, it
distinguishes several node types representing rdiffetypes of information and
offering a variety of possibilities to process daFarthermore, AvalOn offers a
weight rebalancing algorithm mitigating typical taechy-based difficulties
originating from the respective tree structure.alfin it allows for any modification
(add, delete) of the set of alternatives while r@ning consistency in the preference
ranking of the alternatives.

3.3.1 Mathematical Background of the AvalOn M ethod
As in many MCDA settings [25], a preference amdmg dlternatives is processed
by summing upweight x preference of an alternative. In AvalOnF{g. 1), this is
accomplished for the node typesot, directory, and criterion by deploying the
following abstract model in line with the meta-mbsieucture:
pref (@)= > w, Cpref (a).
jOsubnodes(i)
wherei is a node in the hierarchg,the alternative under analysssibnodes(i) the set
of child/sub-nodes of node prefi(@)0[0..1] the preference ad in subnodgj, and
w;J[0..1] the weight of subnode Henceprefi(a) 0[0..1].
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Fig. 1. Meta-model for factor selection

In each model, a value functioval) is defined, building the relation between data
from {metrics x alternatives} and the assigned preference valugst.may be defined
almost in an arbitrary way, i.e., it allows for fslence mappings of metric scaled

data as well as categorical data.
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Fig. 2. Exampleval models

In this way,val can model the whole range of scales from semdifferential, via
Likert to agreement scales. Please note that whenlatingprefi(a) on the lowest
criterion level, the direct outputs of the functival in the subnodes, which are
modelsin this case, are weighted and aggregated. Thddtails of the general model
definition for val is described in [18]. In this context, two exangpfer val, one
metric scaled (figure on the left), and one categb(figure on the right), are given in
Fig. 2 On the x-axis, there are the input values ofréspective metric, while the y-
axis shows the individual preference outpat. A full description of the AvalOn

method can be found in [18, 15].

3.3.2 Application of the AvalOn M ethod

AvalOn allows for structuring complex informationtd groups (elementirectory

in the meta-model) and criteria (elemeniterion in the meta-model). Each directory
as well as each criterion may be refined into siketbries and sub-criteria. Each
(sub)-criterion may then be refined into individuabdel(s) and sub-models. The
models transform the measurement data coming fraoh alternative into initial
preference values. The models providing the pratere based on each measurement
by alternative are associated with a set of preshjodefined metrics. Bottom-up, the
data coming from each alternative to be potentiaiected (hereproductivity
factors) are then processed through the models and adgte@am there to the
criteria and directory level(s). Finally, in theotonode (hereAvalOn.subl), the
overall preference of the productivity factors lthsm their data about individual
metrics is aggregated using a weighting scheme ithalso spread hierarchically
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across the tree of decision (selection) criteriae Tiybrid character of the setting in
this paper can be modeled by combining expert opiand objective data from, e.g.,
preliminary data analyses, into criteria and modeithin different directories, and

defining an adequate weighting scheme.

4 Empirical Study

The integrated factor selection method proposetii;ipaper was evaluated in an
industrial context. We applied the method for therpmse of software effort
estimation and compared it with isolated experd data-based selection methods.
Data-based factor selection employed the RRF tgolen{16] implemented in the
WEKA data mining software [26]. Expert-based facdetection was performed as a
multiple-expert ranking (see Section 4.2 regardimgranking process).

4.1 Study Objectives and Hypotheses

The objective of the study was to evaluate in aganative study expert- and data-
based approaches and the integrated approach fectisg the most relevant
productivity factors in the context of softwareaftfestimation. For that purpose, we
defined two research questions and related hypeshes
Q1. Do different selection methods provide different sets of productivity factors?

H1. Expert-based, data-based and integrated methtets déferent (probably
partially overlapping) sets of factors.

Q2. Which method (including not reducing factors at all) provides the better set of
factors for the purpose of effort estimation?

H2. The integrated approach provides a set of factbed ensure higher
performance of effort estimation than factors pded by expert- and data-
based selection approaches when applied indiviguall

Some effort estimation methods such as stepwisessign [5] or OSR [4] already
include embedded mechanisms to select relevantuptieity factors. In our study,
we wanted to evaluate in addition how preliminaactbr selection done by an
independent method influences the performance of fstimation methods. This
leads us to a general research question:

Q3. Does application of an independent factor selection method increase the
prediction performance of an estimation method that already has an embedded
factor selection mechanism?

Answering such a generic question would requirduastang all possible estimation

methods. This, however, is beyond the scope ofstiidy. We limit our investigation

to the OSR estimation method [4] and define a eapwading research hypothesis:

H3. Application of an independent factor selection moet does not increase
the prediction performance of the OSR method.

Finally, in order to validate replicate the resuits the most recent research
regarding the application of data-based factor ctiele to analogy-based effort
estimation (e.g., [6, 10]) we define the followiggestion:
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Q4. Does application of a data-based factor selection method increase the prediction
performance of an analogy estimation method?
H4. Application of a data-based factor selection methimcreases the
prediction performance of a k-NN estimation method.

4.2 Study Context and Empirical Data

The empirical evaluation was performed in the ceintedf Toshiba Information
Systems (Japan) Corporation (TJSYS). The projecasomement data repository
contained a total of 76 projects from the informatisystems domain. Fig. 3
illustrates the variance of development produgtiviteasured as function points
(unadjusted, IFPUG) per man-month.

p71 p77 p78
}7|:| —| o) e = K

i i ! ! ! >K Extremes
0.0 0.2 04 0.6 0.8 1.0

Productivity [FP / MM]

O Median
[[] 25%-75%

I Non-Outlier Range

O oOutliers

Fig. 3. Development productivity variance (data preseirieginormalized form)

Expert assessments regarding the most relevarmréastere obtained from three
experts (see Table 1). During the group meetingifistorming session) an initial set
of factors was identified. It was then grouped iptoject-, process, personnel-, and
product-related factors as well as context factdtse first four groups refer to the
characteristics of the respective entities (sofewgroject, development process,
products, and stakeholders). The latter group cofamtors commonly used to limit
the context of software effort estimation or pratiltity modeling. The application
domain, for instance, is often regarded as a cofdexor, i.e., an effort model is built
for a specific application domain. Finally, expewsre asked to select the 5 most
important factors from each category and rank tfrem the most relevant (rank = 1)
to least relevant (rank = 5).

Tablel. Experts participated in the study.

Expert 1 Expert 2 Expert 3
Position/Role Project manage Developer Quality agen
Experience [#working years] 8 15 3
Experience [#performed projectd] 30 15 40
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4.3 Study Limitations

Unfortunately, the measurement repository availakitt not cover all relevant
factors selected by the experts. It was also ngsipte to collect the data ex post
facto. This prevented us from doing a full compaeaevaluation of the three factor
selection methods considered here for the purpbsefoware effort estimation. In
order to at least get an indication of the methogstformance, we decided to
compare them (instead of all identified factors)tloa factors identified by experts for
which measurement data were available. This woefttesent the situation where
those factors cover all factors available in theository and identified by experts.

4.4 Study Design and Execution

4.4.1 DataPreprocessing

Measurement data available in the study sufferedhfincompleteness (44.3%
missing data). An initial preprocessing was thugpuhed in order to apply the data
analysis techniques selected in the study. We wante avoid using simple
approaches to handling missing data such as Ist-weletion or mean imputation,
which significantly reduce data quantity and inseeaoise. Therefore, we decided to
apply the k-Nearest Neighbor (k-NN) imputation neethlt is a commorhot deck
method, in which k nearest projects minimizing artaie similarity measure
(calculated on non-missing factors) are selectathpute missing data. It also proved
to provide relatively good results when appliedsiarse data in the context of
software effort prediction [14]. Moreover, other macsophisticated (and potentially
more effective) imputation methods required remgvifiactor collinearities
beforehand. Such a preprocessing step would, hawealready be a kind of factor
selection and might thus bias the results of theaddactor selection experiment. We
adopted the k-NN imputation approach presente®]jinlfi order to assure maximal
performance of the imputation, before applyingnie removed factors and projects
with large missing data ratio so that the totaloratf missing data was reduced to
around one third, however, with minimal loss of missing data. We applied the
following procedure: We first removed factors wh@@% of the data were missing
and next, projects where more than 55% of the wata still missing. As a result, we
reduced the total rate of missing data to 28.8%lewibsing a minimal quantity of
information (removed 19 out of 82 factors and 3 ou¥78 projects). The remaining
28.8% of missing data were imputed using the k-Nidutation technique.

4.4.2 Empirical Evaluation
Let us first define the following abbreviations the factor sets used in the study:

FM: factors covered by measurement data.

FMg:  relevant FM factors selected by the RReliefF metliact@rs with weight > 0)
FMgio: the 10% most relevant FMactors

FE: factors selected by experts
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Fl: factors selected by the integrated method
FT: all identified factors (FNIFE)
FC: factors selected by experts for which measurematat are available (FMFE)

FCes:  the 25% most relevant FC factors selected by experts
FCros:  the 25% most relevant FC factors selected by the R&Rad
FCs  the 25% most relevant FC factors selected by thlegiated method

Hypothesis H1. In order to evaluate H1, we compared factor sdectel by the
data-based, expert-based, and integrated method ffEviand Fl). For the 10 most
relevant factors shared by all three factor sets,campared the ranking agreement
using Kendall's coefficient of concordance [20].

Hypothesis H2. In order to evaluate H2, we evaluated the estongperformance
of two data-based estimation methods: k-Nearestgheir (k-NN) [19] and
Optimized Set Reduction (OSR) [4]. We applied thema leave-one-out cross
validation on the following factor sets: FM, FC, &6 FCros, and FGs.

Hypothesis H3. In order to evaluate H3, we compared the estimagierformance
of OSR (which includes an embedded, data-basedrfaetection mechanism) when
applied on FM and Fi, factor sets.

Hypothesis H4. In order to evaluate H4, we compared the estimgienformance
of the k-NN method when applied on FM and ghfactor sets.

To quantify the estimation performance in H2, H3daH4, we applied the
common accuracy and precision measures defined’Jinnjagnitude of relative
estimation error (MRE), mean and median of MRE (MB&&d MdMRE), as well as
prediction at level 25% (Pred.25). We also perfatnen analysis of variance
(ANOVA) [20] of MRE to see if the error for one apach was statistically different
from another. We interpret the results as stasiicsignificant if the results could be
due to chance less than 2% of the time (p < 0.02).

5 Resultsof the Empirical Study

Hypothesis H1: Expert-based, data-based and integrated methods select different
(probably partially overlapping) sets of factors.

After excluding the dependent variable (developnmntiuctivity) and project ID,
the measurement repository contained data on @arfacExperts identified a total of
34 relevant factors, with only 18 of them beingealty measured (FC). The RRF
method selected 40 factors (kM 14 of which were also selected by experts. The
integrated approach selected 59 factors in totdh wnly 14 being shared with the
former two selection methods. Among the FC factassmany as 8 were ranked by
each method within the top 10 factors (Table 2).o0Am the top 25% FC factors
selected by each method, only one factor was inneom namely customer
commitment and participation. There was no significant agreement (Kendall 5@&6
p=0.185) between data- and expert-based rankingheoRC factors. The integrated
method introduced significant agreement on ranksdyced by all three methods
(Kendall = 0.72 at p = 004).
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Interpretation (H1): Data- and expert-based selection methods prowiéstent
(partially overlapping) sets of relevant factorsibfective evaluation of the shared
factors suggests that both methods vary regardiagassigned factor’'s importance;
yet this could not be confirmed by statisticallgrsficant results. The integrated
method introduced a consensus between individlettiens (significant agreement)
and as such might be considered as a way to conthan&nowledge gathered in
experts’ heads and in measurement data repositories

Table2. Comparison of the ranks on FC factors (top 25% ethik bold)

Productivity factor FCe FCr FC,
Customer commitment and participation 3 3 3
System configuration (e.g., client-server) 5 2 5
Application domain (e.g., telecommunication 1 6 1
Development type (e.g., enhancement) 7 1 4
Application type (e.g., embedded) 2 7 2
Level of reuse 9 4 9
Required product quality 6 10 7
Peak team size 8 9 8

Hypothesis H2: The integrated approach provides a set of factors that ensure
higher performance of effort estimation than factors provided by expert- and data-
based selection approaches when applied individually.

A subjective analysis of the estimates in Tablei@gests that the k-NN provided
improved estimates when applied on a reduced F@riacet (FE;5 FCGros and
FC.s), whereas OSR does not consistently benefit fnotiependent factor reduction
(by improved estimates). The analysis of the MREavee, however, showed that the
only significant (p = 0.016) improvement in estimat performance of the k-NN
predictor was caused by the integrated factor S8eteenethod. The OSR predictor
improved its estimates significantly (p < 0.02)yah the FE,s5 factors set.

Interpretation (H2): The results obtained indicate that a factors seluced
through an integrated selection contributes to owpd effort estimates. Yet, this does
not seem to depend on any specific way of integmatirhe k-NN predictor, which
uses all input factors, improved on factors redumgdhe AvalOn method. The OSR
method, however, improved slightly on the factoeduced by experts. This
interesting observation might be explained by thet that OSR, which includes an
embedded, data-based factor selection mechanismhined this with prior expert-
based factor selection. Still, the effectivenessuath an approach largely depends on
the experts who determine (pre-select) input facfor OSR (expert-based selection
is practically always granted higher priority).

Table3. Comparison of various factor selection methods

Predictor | Factors Set MMRE MdMRE Pred.25
FM 73.7% 43.8% 21.3%
FC 52.6% 40.0% 26.7%

k-NN FCess 46.3% 38.5% 33.3%
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FCros 48.3% 36.9% 29.3%
FCios 475% 33.3% 30.7%
FM 59.7% 50.8% 17.3%
FC 65.9% 59.2% 18.7%

OSR FCess 30.7% 57.9% 24.0%
FCros 66.2% 52.1% 14.7%
FCps 65.1% 57.9% 14.7%

Hypothesis H3: Application of an independent factor selection method does not
increase the prediction performance of the OSR method.

A subjective analysis of OSR’s estimation errori{féa3 and Table 4) suggests that
it performs generally worse when applied on theadi@chosen by an independent
selection method. This observation was, howeversapported by the analysis of the
MRE variance. The exception was the FC set redbgeskperts (FEs), on which a
slight, statistically significant improvement oEtlOSR’s predictions was observed.

Table4. Results of data-based factor selection

Predictor Factors Set MMRE MdMRE Pred.25 ANOVA
FM 73.7% 43.8% 21.3% _

k-NN FMeo 56.8% 40.7% 22.7% p=039
FM 59.7% 50.8% 17.3% _

OSR FMrao 68.1% 59.1% 16.0% p=0.90

Interpretation (H3). The results obtained indicate that no generalclosion
regarding the impact of independent factor seleatio the prediction performance of
OSR can be drawn. Since no significant deterionatibestimation performance was
observed, application of OSR on the reduced séaaibrs can be considered useful
due to the reduced cost of measurement. Yet, impgo®SR’s estimates might
require a selection method that is more effectivantthe selection mechanism
embedded in OSR.

Hypothesis H4: Application of a data-based factor selection method increases the
prediction performance of a k-NN estimation method.

A subjective impression of improved estimates ptedi by the k-NN predictor
(Table 4) when applied on the reduced factors Bdlr{y) was, however, not
significant in the sense of different variancesMiRE (p = 0.39). Yet, estimates
provided by the k-NN predictor improved significgmivhen used on the FC data set
reduced by the integrated selection method (p %6).0The two individual selection
methods did not significantly improve performané¢he k-NN predictor.

Interpretation (H4): Although a subjective analysis of the results (&ab and
Table 4) suggests improved estimates provided byktNN predictor when applied
on reduced factors sets, no unambiguous conclusiarbe drawn. The performance
of k-NN improved significantly only when applied dactors identified from the FC
set by the integrated selection method (thed<@t). This might indicate that k-NN's
performance improvement depends on the appliedrfaetiection method (here, the
integrated method was the best one).
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Threatsto Validity

We have identified two major threats to validitatimay limit the generalizability
of the study results. First, the estimation perfnge results of the factor selection
methods investigated, compared on the FC set, maty reflect their true
characteristics, i.e., as compared on the comgleteof identified factors (threat to
hypothesis H2). Yet, a lack of measurement datagmted us from checking on this.
Second, the RRF method includes the k-NN strateggetarch through the factor
space and iteratively modify factor weights. Thigint bias the results of k-NN-based
estimation by contributing to better performancekéfN (as compared to OSR) on
factors selected by RRF (threat to hypotheses td3-).

6 Summary and Further Work

In the paper, we proposed an integrated approaclsdiecting relevant factors
influencing software development productivity. Wengpared the approach in an
empirical study against selected expert- and dasgdb factor selection approaches.

The investigation performed showed that expert-datd-based selection methods
identified different (only partially overlappingkets of relevant factors. The study
indicated that theAvalOn method finds a consensus between factors idehthie
individual selection methods. It combines not ahlg sets of relevant factors, but the
individual relevancy levels of selected factors. ¥ewed that in contrast to data-
and expert-based factor selection methods, thgriated approach may significantly
improve the estimation performance of estimatiorthmeés that do not include an
embedded factor selection mechanism. Estimationhadest that include such a
mechanism may, however, benefit from integratingirtttapabilities with expert-
based factor selection.

The study did not replicate the observation of Eiminvestigations regarding
improved estimation performance on the factor sedsiced by a data-based selection
method. Neither of the estimation methods emplapethe study (k-NN and OSR)
improved significantly when applied on factor setduced by the RReliefF method.
Although k-NN improved in terms of aggregated emagasures (e.g., MMRE) the
difference in the MRE variance was insignificanheTresults obtained for the OSR
method may indicate that the change of its preatictierformance when applied on a
reduced set of factors depends on the selectiohadetsed.

Finally, we also observed that the function poifjuatment factor (FPAF) was not
considered among the most relevant factors, althdactor selection was driven by a
variance on development productivity calculatedrfrenadjusted function point size.
Moreover, some of the factors considered as retevang., performance
requirements) belong to components of the FPAFs Thight indicate that less
relevant sub-factors of the FPAF and/or the adjastnprocedure itself may hide the
impact of relevant factors. Considering sub-factofsFPAF individually might
therefore be more beneficial.

In conclusion, factor selection shall be considees an important aspect of
software development management. Since individedction strategies seem to
provide inconsistent results, integrated approachesild be investigated to support
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software practitioners in limiting the cost of mgeaent (data collection and
analysis) and increasing the benefits (understanalim improvement of development
processes).

Further work will focus on a full evaluation of thlree selection strategies
presented on a complete set of measurement datludiing data on all factors
identified by experts). Finally, methods to ideytéind explicitly consider factor
dependencies require investigation. Such informatieay not only improve the
performance of effort estimation methods, but als® understanding of interactions
among organizational processes influencing devedmpmproductivity.
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