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Abstract

Our study focuses on the effort needed for designing Web applications. The effort required for the design
phase is an important part of the total development effort of a Web application, whose implementation can be
(partially) automated by tools.

We carried out an empirical study with the students of an advanced university class that used W2000, as
special-purpose object-oriented design notation for the design of Web applications. We investigated the
impact of a few attributes (e.g., size, complexity) of the W2000 design artifacts built during the design phase
on the total effort needed to design web applications and we identified a few attributes that may be related to
the total design effort. In addition, we carried out a finer-grain analysis, by studying which of these attributes
have an impact on the effort devoted to the steps of the design phase that are followed when using W2000.
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Abstract reservations for hotel rooms or tickets, and trade on stock
markets through these applications. Several companies al-
Our study focuses on the effort needed for designing Welready view Web applications as a key component to deliver
applications. The effort required for the design phase is quality services to their customers.
an important part of the total development effort of a Web  The intertwining between hypertextual information
application, whose implementation can be (partially) auto- repositories and business models is transforming Web ap-
mated by tools. plication design from the definition of a set of hypertexts to
We carried out an empirical study with the students of 3 complex software engineering task. Practical experience
an advanced university class that used W2000, as specialopn web development shows that there are significant dif-
purpose object-oriented design notation for the design of ferences between traditional software applications and web
Web applications. We investigated the impact of a few at- applications. Web applications continuously change their
tributes (e.g., size, complexity) of the W2000 design arti- requirements, contents, and functionality, so we cannot ap-
facts built during the design phase on the total effort needed ply traditional software engineering approaches unchanged.
to design web applications and we identified a few attributes web applications call for special-purpose disciplined ap-
that may be related to the total design effort. In addition, proaches. In the context of these approaches, a few recent
we carried out a finer-grain analysis, by studying which pyplications [10, 9, 6] stress the need feb estimation
of these attributes have an impact on the effort devoted toThe ability of accurately estimating the cost of the various
the steps of the design phase that are followed when usingjevelopment phases of Web applications may provide a web
W2000. development organization with a competitive advantage.

The design phase of a Web application is often a criti-

Keywords: Web Application Design, W2000, Empirical 5| one and uses a large percentage of the development re-

Study, Effort Estimation sources. If the design phase of a Web application is carried
_ out carefully, the subsequent phases may require consider-
1 Introduction ably less resources than the design phase itself, and can be

automated to some degree, especially when supporting tools
Modern Web applications are complex distributed sys- are used.
tems that use the Web as the intel’action means and the In- The goal Of the research documented in th|s paper is to
ternet as the communication infrastructure. They offer both yild estimation models for the design phase of Web appli-
pages through which the user can navigate, a®ivices  cations. In this paper, we describe an empirical study on
with which the user can interact: We can buy goods, makethe effort required for designing complex Web applications
“This work has been partially supported by the ESERNET (IST-2000- that we carried out .dur_ing an advanced university glass on
28754) and UWA (IST-2000-25131) EC-IST Projects. modeling Web applications. We have been able to identify




a number of attributes that may have an impact on designtually, the starting point is theaformation model whose
effort. Based on these attributes, we have defined measuregoals are the identification and organization of all data that
that have allowed us to build univariate and multivariate cor- the application should deal with. The former goal is up to
relational models for the total design effort and the effort the hyperbase modgWwhile the latter belongs to theccess
used in the steps of the design phase. structures model

We worked with the students of an advanced university — The hyperbase modetentifies theentities that char-
class on modeling Web applications. The empirical study acterize the application. They define conceptual “objects”
had several goals, as we now concisely describe. (1) Wethat are of interest for the useEomponentsare then used
wanted to evaluate the ability of the subjects to predict the to structure the contents eftitiesinto meaningful chunks.
effort needed to develop the W2000 artifacts and find out They can further be decomposed into sub-components, but
the factors that affect these predictions and their accuracythe actual contents can be associated with leaf nodes only.
(2) We wanted to evaluate the accuracy of the students’Slotsidentify primitive information elements and are the
self grading of the artifacts. (3) We wanted to investigate typed attributes that specify the contents of leaf compo-
the relationship between internal attributes of the artifacts nents. Segmentsiefine “macros™ They identify sets of
produced during Web application design and the effort re- slots that can be reused in differéddmponentsnd mod-
quired. els. Figure 1(a) defines the enttgypeConcert, which con-

We published the results about goals (1) and (2) in a pre-sists of three componentBescription comprises the main
vious paper [3]. The specific results are described in the Re-information associated with the conce@iast presents the
lated Work section of the present paper (Section 6). Here,singers, andwudio is an audio fragment of the concert. No-
we focus on goal (3), i.e., we want to show that it is possible tice that we decided to detail only the first component, but
to build univariate and multivariate statistical models based all elements must be fully described.
on Web application design measures. We studied, and built  Semantic associatiorisk pairs of entitiesand identify
models for, the effort necessary to carry out the entire de-navigational paths between two related concepssocia-
sign phase. In addition, we studied and built models for the tion centersdescribe the set of “target” elements identified
effort required to design the so-calléaformation model by asemantic associationlin a 1 to n association, defines
and navigation modefequired by the W2000 web design how to identify either the entire set of targets as a whole or
notation. each individual element in the set. Figure 1(b) presents a

We would like to point out that, since the field of the es- simple association that links tisingleentity Theater with
timation of the cost of developing Web applications is a rel- g set ofConcerts.
atively new one, our experimental study is an exploratory  The access structures modisl used to organize the in-
one, rather than a confirmatory one. Its main objective is formation defined so far. It specifies the main access points
to identify and provide empirical support for hypotheses o the application. It comprises onépllectionsthat define
that deserve further attention, and not to confirm a well- groups of elements that should be perceived as related by
established theory, which can actually be built based on sev+he yser. Collectionsorganize application data in such a
eral empirical studies like ours. way that the user can fully exploit them. Alsollections

The rest of this paper is organized as follows. To make can havecenters Figure 1(c) describes the collection of all
the paper self-contained, Section 2 concisely introducesgffered concerts, that is, the whole season. It graDps-
W2000 and its modeling features, Section 3 describes thegerts so that they can be perceived as a single element. The
experimental setting, Section 4 presents our hypotheses angenter specified how each concert is rendered in the collec-
the results we obtained, Section 5 discusses the validity oftjgn (i.e., the slots that are used to describe/identify it).

our experiments, Section 6 surveys the related work, and  \yhen we move to define how the user can browse

Section 7 concludes the paper and summarizes. through the application, we build theavigation model
which reshapes the elements in the previous model to spec-
2 W2000 ify the actualinformation chunks. The main modeling el-

ements are thaodesthat define atomic information units.
W2000 [2] is the UML-like modeling notation for Web Usually, they do not define new contents, but they render in-
applications developed at Politecnico di Milano. Due to formation already defined in theformation model Clus-
space limitations, we cannot fully describe W2000 (read- terslink together sets afiodesand define how the user can
the excerpts of W2000 models presented in Figure 1 to in- _ _
troduce the main concepts 1Al W2000 elements can be eithéypedor single They belong to
) the first group when definelassesof similar elements; they belong to

W2000 fOSt?rsselpar_ation of cqncernby organizing @ the second group when define singletons, that is, elements that should be
complete specification into four different models. Concep- available as single instances only.
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in: structural clustersf all their elements come from the 3  Setting of the empirical study

sameentity, association clusteri they render associations;

collection clustersf they describe the topology of a collec- This paper documents an empirical study that was car-
tion, andtransactional clusterd they relate the setofnodes  ried out at the Politecnico di Milano with students attend-
that the user should traverse to complete a business transagng an advanced class on Web application design during the
tion. Clustersare also useful to identify how the current fourth or fifth year of their curriculum. The students were
context varies while the user interacts with the application. tayght to design their Web applications with W2000 and
Figure 1(d) defines a simple cluster: From @encert-  jmplement them with the many technologies available.

Info node, the user can move to tBast node, to theDe- The empirical study started with supplying the students
tails node, or toAudiolndex node, which is an entry point  \yith a brief and informal set of requirements for the appli-
for the set ofAudio nodes that contain the real audio frag- ation that they were asked to model. All students were
ments. The cluster identifies only the main paths through required to work on the same topic: a hypothetical e-
nodes; others can be identified while designing the actualcommerce application, but each project (student) had a dif-
pages. ferent application domain: books, CDs, groceries, etc.

Along with the requirements, the students were given
two questionnaires. We made it clear to the students that
the data they provided in the questionnaires would have no
influence on the grade they would receive. With the first
guestionnaire, which the students were required to fill be-
fore they started working on the project, we wanted to mea-
sure their general proficiency in computer science and Web
technologies and make them estimate the design effort re-
quired to model their applications. We asked them to split
the design effort according to the main W2000 models.

The second questionnaire had to be filled after complet-
ing their work and had to report on the effort actually spent
to model the application. It must be considered that when
we carried out the experiment, W2000 was not supported
by any tool and this lack could have impacted their work.

. L : , We also asked the students to self-evaluate their models.
ations modél on application data. Figure 1(e) describes When the students handed their models over o us. we
how the page that renders a concert should be organized: . '
it comprises two sections, tfheaterLogo andConcert- collected a numbe.r.of web design measures that we dgnved
Section, respectively. The former section contains only a pased on the emplrllcql hypotheses that we Wanted to nves-
presentation unit, theogo that is added in this model. The tigate, as we explain |n-the next section. Here is the list of
latter section comprises three presentation ukmiforma- measures we collected:
tion materializes theConcertinfo node,Cast renders the
Cast node, andAudio corresponds to thaudiolndex.

Thepresentation modelrganizes the application in a set
of pages along with links among them. This model may be
very similar to thenavigation modeif we assume that each
nodeis rendered through a particulpage

The presentation modedffers publishing unitsthat are
the smallest information elements that are visualized on
pages. They usually rendeodes but they can also be used
to define forms, navigable elements, and labe&gctions
group relategublishing unitgo better structure a page and
improve the degree of reuse of page fragmeRtgyescon-
ceptually identify the screens as perceived by the wseks
connect pages and identify the actual navigation capabili-
ties offered to users.Links can also “hide” the enabling
of computations (i.e., theperationsdefined in theoper-

e Information model

) ) _ — Size measures
The operations modetlescribes all th@perationsthat

can be performed by the user on the application data and * entities: number of entities in the model
are associated witlinks, thus also wittpages Eachopera- *x components:number of components in the
tion should be clearly specified in terms of pre- and post- model

conditions. W2000 simply suggests rigor and complete- * infoSlots: number of slots in the model

ness. For example, eadperationshould identify how it

modifies data (not only in terms ehtities but also consid- — Average size measures

ering back-end data), navigation (e.g., nevdesandlinks) * slotsSACenter:average number of slots per

and presentation (newage$. But each operation should semantic association center

also identify — if needed — the new page to which the user is « slotsCollCenter: average number of slots

taken after executing the operation. per collection center in the model
Operations are presented here to give a complete descrip- ~ Average granularity of decomposition

tion of W2000, but they are not further discussed and used x componentsEntity: average number of

in this paper. components per entity



x slotsComponent: average number of slots
per component

— Complexity measure

* SAssociations:number of semantic associ-
ations in the model

— Data cohesion

x SACenters: number of semantic association
centers in the model

— Reuse measure
x segments:number of segments in the model

e Navigation model

— Size measures

* nodes:number of nodes in the model
* navSlots: number of slots in the model

— Average size measures

x nodesCluster:average number of nodes per
cluster

x slotsNode: average number of slots per
node

— Complexity measure

x navLinks: number of links in the model
— Structuredness

x clusters: number of clusters in the model

e Presentation model

— Size measures

x pages:number of pages in the model

x pUnits: numer of publishing units in the
model

— Complexity measure
* prLnks: number of links in the model
— Structuredness
x sections:number of sections in the model

4 Results

Due to the limited availability of knowledge about the

confirmed by our study and the hypotheses that were not
supported by our study, so that our study can be taken as
a starting point for future experimental activities. Along
the lines of [5], we first stated "empirical hypotheses” that
referenced software attributes and not actual measures, be-
cause we were more interested in studying the impact of
factors on the effort needed for each design phase, rather
than studying the existence of correlations between specific
measures and effort.

We initially planned to study the effort related to each
design step and the effort related to the entire design phase.
Specifically, we studied the followindependent attributes

e information effort, i.e., the effort necessary to design
the information model

e navigation effort, i.e., the effort necessary to design the
navigation model

e presentation effort, i.e., the effort necessary to design
the presentation model

o total effort, i.e., the effort necessary for the entire de-
sign phase

However, in our study, we had to exclude the effort re-
lated to the presentation part, since few respondents pro-
vided data for the actual presentation effort. In what fol-
lows, the total effort is composed of the information and the
navigation effort. At any rate, as explained in Section 2, a
presentation model is not always needed, unless a sophisti-
cated kind of presentation is required. Thus, this exclusion
may not have exceedingly biased our results.

We also studied effort for the single sub-activities (e.g.,
modeling of the hyperbase and its access structures) within
each design step. We do not report on this here because
we believe that this analysis may be too-fine grained at the
present time, and it would be more useful to study and re-
port on higher level activities, i.e., the building of the in-
formation model, the building of the navigation model, the
building of the entire design.

For each dependent attribute, we stated a number of em-
pirical hypotheses that linked dependent attributes to inde-
pendent attributes. For instance, one empirical hypothesis
stated that the information effort (dependent attribute) in-
creases when the size (independent attribute) of the infor-
mation model increases. The dependent and the indepen-
dent attribute were then instantiated via measures. These

effort related to developing Web applications, especially the measures were used to build statistical models. In subsec-
effort related to the design phase, we believe that it would betions 4.1, 4.2, and 4.3, we describe the empirical hypotheses
too early to carry out a confirmatory study, so our empirical and the results we obtained for total, information, and nav-

study is an exploratory one.

igation effort. In each subsection, we used Ordinary Least

We investigated a few empirical hypotheses that we be-Squares (OLS) to find out possible correlations among in-
lieved likely to be true based on our beliefs, knowledge dependent and dependent variables. The following statis-
about the W2000 notation, and the steps of the design pro-ics are used to illustrate the experimental results on corre-
cess used. Therefore, we report on both the hypothesesations:



e c., the estimates of the regression coefficients, one for4.1  Total effort
each independent variable X in the model plus one for

the intercept. Empirical hypotheses

* p.., Which is the statistical significance of each inde-
pendent variable X in the OLS model: given an in-
dependent variable X, its p-value provides an idea of
the probability that X has an impact on the dependent
variable Y by chance, so the smaller the value of the
p-value, the more likely thaX really has an impact on
Y itis usual to consider statistically significant the im-
pact onY of those independent variablésfor which
p <0.050rp <0.10, i.e., there is less than 5% or 10%
probability that they have an impact &hby chance.

In an exploratory paper like this, we fix a 0.10 thresh-
old for the statistical Significance of the impaCt of the HTE4: the h|gher the granu|arity decomposition of the in-
independent variables, to mitigate the risk of discard- formation model, the higher the total effort

ing too many independent variables that do have an

impact on the dependent variables, but whose p-value  These empirical hypotheses and the empirical hypothe-
is between 0.05 and 0.10 in our study. Further confir- ses shown in Sections 4.2 and 4.3 motivate the choice of the
matory studies may use stricter threshold values suchweb application measures listed in Section 3, which quan-

as 0.05, to provide more evidence that these indepen-+ify the independent attributes [3] of the empirical hypothe-
dent variables actually have an impact on the depen-ses.
dent variables.

Here are the empirical hypotheses we investigated:

HTEZL: the higher the size of the information or the navi-
gation model, the higher the total effort

HTEZ2: the higher the complexity of the information or the
navigation model, the higher the total effort

HTE3: the higher the reuse in the models, the lower the
total effort

e R?, which measures the goodness-of-fit of the model Statistically significant results
as the percentage of variance that is explained by the
model. Table 1 contains the results of our univariate OLS analy-
) ] ses. Each row contains the statistics for a different OLS
e IV, the number of data points used to build the model; ,qe|. For instance, in the row corresponding to compo-
N changes from model to model because a different ot . s the estimate of the intercept, is the estimate
”L!mber of outllere are exeluded from dlﬁerent mod'els; of the coefficient of the independent variable component,
this number provides an idea of the statistical basis on,, is the statistical significance of the statistical hypothesis
which our results are based. Intercept # 0, pe1 is the statistical significance of the sta-

Prior to carrying out OLS analyses, we removed those tistical hypothesig; # 0, R? is the OLS model goodness-
data points that appeared to be corrupt, or clearly incorrect 0f-fit, and N is the number of data points used to build the
or for which information was missing, i.e., the value of ei- model whose independent variable is componeht.may
ther the independent or the dependent variable was missingdiffér across rows because of the different number of out-
The number of valid data points is 36. Then, before each liers removed to build the models. The models are reported
OLS analysis, we carried out a very careful outlier analysis, in decreasing order of goodness-of-fit. We did not report
to remove those few data points that were too “far” from the overallp-value for each model separately because it al-
the others. This is a standard data analysis activity: it is Way$s coincides withy.,. In other words, what is assumed
carried out to eliminate the in influence of those few points {0 be the overalp-value for a model is related to the proba-
that may unduly bias the results. Removing outliers is ab- bility that the independent variable does have an impact on
solutely necessary in exploratory studies because one need§® dependent variable. Thus, the fact that = 0.56 for
to build sensible hypotheses that may be confirmed in fu- the model based on components only means that we cannot
ture studies and rule out hypotheses that may appear to holdeally conclude that, 7 0, but this does not affect the fact
only thanks to too few data points. that we can realistically conclude that it is very unlikely that

The next three subsections will be structured as follows: ¢1 7 0, i-&., itis very likely that components is correlated to

the total effort.

e Empirical hypotheses We have also identified a statistically significant multi-
variate model (see Table 2), which we provide for complete-
ness. The number of data points used to build the model is
e Discussion 30, and the model'®? = 0.74.

e Statistically significant results



X co c1 Peo pa | RPN coefficients separately. However, it is worth noting that the
components| 4.06 | 2.31 | .56 | .0011| .31 | 31 sign of the coefficient of the independent variable segments
navSlots | 183 | .31 | .0001| .0053 | .22 | 33 is negative. This seems to confirm the idea that reuse may
segments | 30.6 | -3.52 | .0001 | .0014 | .21 | 28 help save effort.

Table 1. Statistics for univariate OLS models

for total effort 4.2 Information effort

4.2.1 Empirical hypotheses

In::(r:nept Esé'g‘gte 0(%7011 HIE1: the higher the size of the information model, the
onfities 385 T 00LE higher the information effort
components | 2.53 | 0.0042 HIE2: the higher the average size related to aggregations,
SACenters | 3.411 | 0.0069 the higher the information effort
slotsSACenter| -7.06 0.0030
segments -4.13 | 0.0003 HIE3: the higher the granularity of decomposition, the
clusters -1.75 | 0.0008 higher the information effort
nodesCluster| -10.4 0.0434
navSlots 0.469 | 0.0002 HIE4: the higher the complexity of the information model,

the higher the information effort

Table 2. Statistics for multivariate OLS models ) . .
for total effort HIES: the higher the data cohesion of the information

model, the lower the information effort

HIE6: the higher the reuse in the models, the higher the
Discussion information effort

Univariate OLS models The positive signs of the c1 co- While hypotheses HIE1, HIE4, and HIES5 state common be-
efficients in the rows corresponding to components and liefs that are supposed to be true for many models and soft-
navSlots in Table 1 show that there is an influence of sizeware systems, hypotheses HIE2, HIE3, and HIE6 deserve
on the total effort (hypothesis HTE1). This influence has some further comments. As for HIE2, the idea is that in-
not been found to be statistically significant in the context formation models where the average information content of
of OLS for the other size measures. For instance, the impacthe aggregations is “heavier” require a higher information
of the number of entities in the information model or nodes effort to design the structure properly. HIE3 is somewhat
in the navigation model does not appear to be statistically similar to HIE2, i.e., information models where more care
significant in the context of OLS. This shows that building has been devoted to decomposition should require a higher
theories is actually an iterative process where one starts withinformation effort.

general ideas (e.g., size has an impact on effort), whichthen The intuition behind HIE6 is that the information ef-
needs to be refined based on the evidence obtained. Comfort increases with reuse is actually due to the fact that the
plexity, as measured via our complexity measures, doesn’treusable elements are actually identified and put together
seem to have a statistically significant influence on the totalwhen building the information model and this may take
effort, so hypothesis HTE2 is not supported. On the con- some extra effort.

trary, the influence of reuse on the total effort seems to be

the expected one according to hypothesis HTE3. One canstatistically significant results

save effort by having some reusable model parts. This is an

important point, since it quantitatively shows that there is The results of univariate analyses are in Table 3. No statis-
value added in reusing when carrying out web design. No tically significant multivariate models have been identified.
correlation was found between the decomposition granular-

ity of the information model and the total effort (hypothesis Discussion

HTE4). . . : :
) The influence of size (HIE1) on the information effort

seems to be mixed. The positive coefficient of component
Multivariate OLS model The coefficients of the model demonstrates the positive influence of the number of com-
are very significant from a statistical viewpoint. Due to pos- ponents on the information effort. On the other hand, the
sible interactions among the independent variables it is notnegative coefficient of entities shows that the information
entirely possible to interpret the results by looking at the effort decreases when the number of entities increase. We



X co c1 Do 25 RZT N X co c1 Dco pa | RZ| N
components | 2.98 | 1.29 41 | .0007| .35 | 29 navLinks | 453 | .124| .0.28 | .037 | .14 | 32
segments 18.1| 2.08 | .0001| .011 | .23 | 27 slotsNode| 7.73 | 1.65| .0001 | .074 | .09 | 35
entities 240 -1.42| .0001| .085 | .10 | 30
slotsCollCenter| 12.9 | 2.07 | .0001| .067 | .10 | 33 Table 4. Statistics for univariate OLS models

for navigation effort
Table 3. Statistics for univariate OLS models

for information effort

Term Estimate P
Intercept 6.58 0.027
slotsSACenter -2.84 0.012
slotsCollCenter| -2.77 0.012

can provide a possible explanation of this phenomenon, as
follows. The same problem can be “solved” in different

. " be sinl id segments -1.35 0.0007
ways: more entities, maybe single-component ones, iden- foSIots 0253 100003
tify a trivial design, and thus less effort; less entities re- nodes 20230 0.01

quire more effort to manage complexity and clearly design navSiots 0.253 | 0.0001

their structure in terms of components. This clearly shows
the need for refining empirical hypothesis HIE1 to identify ~ Table 5. Statistics for multivariate OLS models
more precise hypotheses that address single aspects of size. for navigation effort
HIE2 seems to be partially true, since the average of slots
per collection center is statistically significant and its co-
efficient is positive, though it is the independent variable
that explains the least amount of variation of the dependentHNE4 is based on the fact that carefully structuring a navi-
variable. HIE3, HIE4, and HIE5 are not supported by our gation model will require more effort.
empirical validation, so granularity of decomposition, com-
plexity, and data cohesion (as quantified by the measures
we collected) do not seem to have any statistically signifi- 4 31  statistically significant results
cant effects on information effort. As for HIE6, the number

of segments, i.e., reusable parts of the model, has the exTaple 4 contains the results of our univariate OLS analyses.
pected impact on the information effort. Even though the v, paye aiso been able to identify a statistically signifi-

information effort increases, having reusable componentscam multivariate model, whose statistics are in Table 5. The

helps curb down the total effort. Thus, it is worth investing number of data points used to build the model is 30, and the
in identifying reusable parts in the information model. model'sR? = 0.73

4.3 Navigation effort

Empirical hypotheses Discussion
HNE1: the higher the size of the navigation model, the Only hypotheses HNE2 and HNES3 are supported by our
higher the navigation effort data. This confirms that a more complex navigation model,
i.e., one in which there is a greater amount of links between
HNEZ2: the higher the average size of aggregations, thethe nodes, will require a higher amount of effort (HNE3).
higher the navigation effort Also, navigation models with a higher size of aggregations
will require a higher effort. Size (HNE1), structuredness
(HNE4), and reuse (HNEDS) in isolation do not seem to have
any statistically significant effect on navigation effort. The
HNE4: the higher the degree of structuredness in the navj- Multivariate model seems to show th_at thgre reuse mig_ht
gation model, the higher the navigation effort actua!ly have the ex_pected |mpactZ since its coefficient is
negative. However, like for the multivariate model for total
HNES: the higher the reuse in the navigation model, the effort, we need to be cautious in the interpretation of this
lower the navigation effort variable alone in the context of the multivariate model. At
any rate, it is a fact that all the evidence we have about reuse
Some of the above hypotheses deserve further commentss in the expected direction: reuse is likely to increase the
Hypothesis HNEZ2 is analogous to hypotheses HIE2 andinformation effort, but it is also likely to decrease the navi-
HIE3 that we stated for information effort. Hypothesis gation effort, and more importantly, total effort.

HNES3: the higher the complexity of the navigation model,
the higher the navigation effort



5 Validity of the empirical study effort estimation. In other words, we need to examine the
factors that may make it difficult to extend the results of this
Like in any empirical study, we need examine the pos- Study to web development organizations.
sible factors that may have biased our results. We believe

that the following factors may influence an empirical study Subjects Since no pre-selection was carried out, our sub-

like ours, from both an internal and an external point of jects can be considered representative of the entire
view: subjects, applications, availability of tools, notation, population of students attending advanced web design
classes, and construct validity. classes. Further_more, the subjec_ts may be consldered
also representative of the population of Web designers
and developers, since Web designers and developers
are usually taken from young college undergraduates
or graduates.

These factors must be examined as for their influence on
the internal and external validity of the empirical study.

5.1 Internal validity

Applications E-commerce applications, like the ones in

Here, we need to examine whether the five factors could our study, are typical of web development.

pose a threat to the internal validity of the empirical study.

Availability of tools The design of web application may be
carried out with the aid of automated tools in indus-
trial environments. However professional tools may

Subjects No initial selection of the subject was carried out,
so no bias was apparently introduced.

Applications Even though we let the subjects choose the be used for designing Web applications, so this factor
application they preferred, all applications only dif- could have been a threat to the external validity of our
fered in their specific details, but they were all related study. However, little could be done, because of the
to e-commerce. cost of commercial tools.

Availability of tools At the time of the empirical study, no  Notation W2000 has many aspects in common with UML,

automated supporting tools existed for W2000. So, the which is becoming a software development standard
students used standard text and graphics editors. notation.

Notation All the subjects used the same notation. ClassesThe specific education may not be entirely repre-

ClassesThere was little difference in the percentage of sentative. However, little could be done about this,
classes attended by the subjects, i.e., they attended al-  Since we could certainly not prevent a part of the stu-
most all the classes. dents from attending the classes. In addition, it must be

said that Web designers and developers are trained per-

Construct validity The risk is that the measures used do sonnel, who need to continuously update their knowl-

not adequately quantify the attributes they purport to edge.

measure. The measures we used are fairly simple, to

capture the most important elements and attributes of Construct validity Other measures may be used depend-
the W2000 models in a straightforward way. We can- ing on the notation chosen. At any rate, the at-
not totally exclude that other measures for the same tributes quantified by these measures may not neces-
attributes (for instance, other size measures) would be sarily change.

correlated with the independent variables.

Thus, we can conclude that our results were not biased by® Related work

the choice of subjects or applications (in the context of e-

commerce). The results were clearly influenced by the lack  The relative novelty of Web applications and the diffi-
of tools, the notation, and the percentage of class atten-culty of collecting significant data in a such a frenetic world
dance, i.e., we could have obtained different results if tools justify the poorness of the state of the ar¥ééb estimation
had been available, a set of different notations had been To the best of our knowledge, few proposals exist on
used, and our sample of students had attended from 0% tempirical studies in effort estimation of Web applications.

100% of the classes. Mendes et al. [7, 8] illustrate two case studies on the eval-
uation of the development of 76 and 37 applications by us-
5.2 External validity ing length and complexity metrics in Ordinary Least Square

prediction models. Their experiments consider only the re-
We need to check how representative our empirical studysulting systems (pages and links), while we focus our anal-
is in the population of empirical studies on Web application ysis on design artifacts.



In a previous paper [3], we studied the effort required References

to model Web applications with W2000. We show that the
information model appears to take the largest effort in the
design phase and that a priori estimates can be used to pre-
dict the actual effort. We highlight also a clear tendency to
underestimate the actual effort.

Mendes et al. [9] compare the prediction accuracy of
three case-based reasoning (CBR) techniques to estimate
the effort to develop Web hypermedia applications. They
also compare the best CBR technique, according to their
results, against three common prediction models: multiple
linear regression, stepwise regression and regression trees.

If we move a step further towards effort prediction mod-
els, Reifer (WebMo, [10, 11]) tailors the COCOMO I
model to Web development by revising the cost factors. No-
tice that WebMo introduced/eb objectsis size measure for
these applications.

Similarly, Ruhe et al. [12] propose an adaptation of
the COBRA method (COst estimation, Benchmarking, and
Risk Assessment, [4]) to the Web domain and apply it to
the data from 12 projects developed by a small Australian
company.

7 Conclusions and future work

In this paper, we have illustrated an empirical study car-
ried out on the effort required to design web applications.
We have shown that correlational models can be built that
link measures of the attributes of web designs and various
categories of design effort.

A number of predictors have been identified, so this
study can be used as a starting point. Further research is
clearly required to identify further predictors that may ex-

plain a larger percentage of effort variance than is now pos- [10]

sible. To this end, our future research plans include:

ronment that supports the W2000 notation. Currently,
W2000 is supported by a special-purpose add-in for

Including an automated measurement tool in the envi- [11] D. Reifer.
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