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Abstract develop quality applications on an industrial scale. Among
the different aspects that the process should cover, we must
We study the effort needed for designing Web applica-take into account the capability of predicting the complex-
tions from an empirical point of view. The design phase ity of the to-be-developed applications. This would help
takes an important part of the overall effort needed to de- both shorten the development process and better allocate re-
velop a Web application, since the use of tools can help au-quired resources.
tomate the implementation phase. We carried out an empir-

Lzaltstud)c/j v\\;:/tgotgg StUdeC\t/S Sf an ?dv?ncedd ur]|vetr5|tr3]/ (_:Iasseffort for designing Web applications, mainly its underly-
aruse as a Veb application design tec nlque'ing site. We involved the students of an advanced univer-

Ourhf'(;St goal Wtas to gompaorle thet r'elglt;ve |mp0rt<’:1rr110e of sity class on modeling Web applications to help us evaluate
each design ac 'V'ty' econd, we tried o assess the acClly, o design effort and the relationships with the used nota-
racy of a priori design effort predictions and the influence tion, tools, and designers’ expertise. The subjects received
of some factors on the effort needed for each design activity.,, "’ .

. . . ) . the specifications of a pilot application and were asked to
Third, we also studied the quality of the designs obtained. model it with W2000 [1], the modeling notation specific to

Web applications developed at Politecnico di Milano. We
also asked them to fill out a questionnaire before starting
the design, to set their expertise and make them estimate
the effort required during the various activities of the de-
1. Introduction sign phase. The subjects also filled out another question-
naire while completing the model to measure directly the
In the last few years Web applications have been evolv- actual effort.

ing from simple sites to fully distributed applications [2]. Our experimental study is an exploratory one, and has
Sites were mainly aids to advertise products, institutions, 5 number of goals. Our first goal was to compare the rel-
and events. Nowadays applications let the user play an acqjve importance of each design activity. The idea is that
tive role and are the key component to run the business ofi,o knowledge of the ranking in effort among the design ac-
several companies. tivities may help (1) identify possible improvement points

In addition to their evolution, which would be enough to , the design process and (2) better plan the design phase.
motivate a different attitude towards developing these appli- gecond. we wanted to assess the usefulness of the sub-

cations, the time-to-market is imposing even faster devel-jo ' estimates in predicting the actual effort for the de-
opment processes. The "code&fix” approach used by Webgjgn phases. We also investigated factors that may influ-
gurus in the early days is not good enough any longer. A gnce the estimated and actual effort for each design activity.
more structured development process should be the base t9hird, we also studied the quality of the designs obtained
*This work has been partially supported by the ESERNET (IST-2000- ?—nd checked if there was any Corre|ati9n between_ the sub-
28754) and UWA (IST-2000-25131) EC-IST Projects. jects’ self-assessment and the grades given by the instructor.

In this paper, we illustrate an experimental study on the
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Being an exploratory study, its main objective is to identify typical single entity is the one that defines the information
hypotheses that deserve further attention, and not to confirnto be displayed in the first page to present the bitekand
a well-established theory. authorwould be other obvious entity types (Figure 1(a)).
Despite the growing importance of Web applications, the  Entities, the key element of the hyperbase, render data
state of the art of empirical studies in effort estimation of of interest as conceptual aggregations. They can be single
Web applications is still very preliminary, due to their rela- entities, that is, ad-hoc singleton information elements, or
tive novelty. For instance, papers [5, 6] illustrate two case entity types, which define templates in the same way classes
studies on the evaluation of the development of 76 and 37do for objects. For example, if we think of an e-library, a
applications by using length and complexity metrics in Or- typical single entity is the one that defines the information
dinary Least Square prediction models. to be displayed in the first page to present the site; book and
The rest of this paper is organized as follows. Section 2 author would be other obvious entity types (Figure 1(a)).
briefly introduces W2000 to let readers understand the mod-  Entities can be organized in generalization hierarchies
eling features supplied to students. Section 3 describes thexnd are specified through sets @@mponentswhich are
experimental setting and the hypotheses we investigatedpure organizational devices for grouping the contents of an
Section 4 presents and discusses the results we obtainedntity into meaningful chunks. Components can further be
Finally, Section 5 concludes the paper and summarizes ouidecomposed in sub-components, but the actual contents can

future work. be associated with leaf nodes only. The result is a part-of hi-
erarchy with an entity as root. In the example in Figure 1(a),
2. \W2000 abookcould be defined through two components: one for

the editorial information (title, author, publisher, price), and
one for the summary. The contents of (leaf) components
is specified in terms oflots i.e., the attributes that define
the primitive information elements. Again, the slots of Ed-
itorial Info components could be: title, author name, pub-
lisher name, number of pages, publication year, price, but
also the thumbnail picture of the book and maybe a small

W2000 [1] is the latest evolution of HDM (Hypermedia
Design Model, [4]). It extends the original proposal accord-
ing to two main directions. Since Web applications are not
read-only information repository anymore, roughly speak-
ing, W2000 lets the user specify operations to add, delete,
and modify stored data. Moreover, the whole extended no-*", :
tation comes with a UML-like ([3]) concrete syntax to better p|c_ture of the auth_o_r. S.IOtS are not shown when we think
emphasize the similarities with object-oriented Ianguagesmc in-the-largespecifications, since we define here only the

and supply users with a standard way to design their mod—_Overall structure_s_of our models, but must b(_a specified in
els. in-the-smallspecification& Slots are grouped isegments

In this paper, we do not use its newer modeling features,tF0 foresee IhOW the clontents V\g" beldconsumed Itl))t/r:he usle:.
but we use W2000 as specification tool for conventional or exampie a visual segment could comprise all Nose siots

Web sites. According to this use, W2000 comprises threethat must be dlsplayed ez_;\ch time a book is presente_zd na
main model&: single page. Notice that different slots could be used in dif-

ferent circumstances.

e The Information model specifies the contents (data) The relationships among entities are specified through
available to the usehgperbasgand how the user can semantic associationsThey connect two entities to create
access itgccess structur@s the "infrastructure” for a possible navigation path, which

has to be further specified in the navigation model. For ex-

e The Navigation model rearranges the contents into  5mple; a semantic association could be defined beteeen
chunks suitable_ for Iett_ing the user navigate through thor andbookto trace who wrote what (Figure 1(a)). This
them and supplies the links among these elements.  eans also that it will be possible to navigate from the page

of a given author to the list of all his or her books.

Semantic associations have also proper, local, informa-
tion, calledassociation centersvhich contain data to spec-

ify how to represent both single target elements, in a con-
Entities the key element of the hyperbase, render datacise way, and the whole group of target elements that relate

of interest as conceptual aggregations. They casihgle to the same source. For example, the center of the previous

entities that is, ad-hoc singleton information elements, or semantic association would contain all slots (preview seg-
entity typeswhich define templates in the same way classes ment) to render a single book in the page that lists all the

do for objects. For example, if we think of an e-library, a

e The Presentation modelorganizes the outcome from
the navigation design into pages and links that are vis-
ible to the user.

2A similar distinction between in-the-large and in-the-small specifica-
LIn this paper we comply with the OMG jargon, where a model defines tions applies to all W2000 models. Roughly we can say that the former
a view on the whole specification. identify the structure while the latter add low-level details.




<<EntityType>> <<Entity Type>> <<Node Type>> <<Node Type>>
Book Author byTopicNode Edit Info Node
<<Component Type>> /
Summary
<<Node Type>> <<Node Type>>
<<Corponent Type>> Author Info Nod s Nod
Editorial Info uthor Info Node ummary Node
(a) Hyperbase Model (c) Navigation Model
<<Page Type>>
Book Page
<<Center Type>> ? <<Presentation Unit>>
byTopic Center Logo
<<Section Type>>
B - Book Section
<<EntityType>> <<Collection Type>>
Book BooksByTopic
<<Presentation Unit Type>> <<Presentation Uni‘t Type>>
Summary Unit Ed Info Unit
(b) Access structure Model (d) Presentation Model

Figure 1. Excerpts of a simple W2000 model

books written by an author, but also information to charac-  Two nodes are linked through a directctessibility re-
terize the page itself as a whole, say a brief introduction to lationship to specify that the user can navigate from the
the author’s work. source to the target node. In our e-library (Figure 1(c)),
Access structures are defined by organizing entities inWe could define syTopicNodeto render the collection;
collections i.e., sets of information objects. A collection it would become the starting point to move to the books
provides the user with a way to explore the application’s Py means ofEditinfoNodes From these nodes, we could
contents. For example, besides accessing books by navProwse to the author infoAuthorinfoNodg and the sum-
igating from the page dedicated to the author, they could Mary SummaryNode
be organized by topic (the collectidioksByTopiof Fig- Nodes exist in the context of mavigation clusterthat
ure 1(b)) to browse through all available books ordered by 9roups nodes and accessibility relationships to foster and
topic. Otherwise, they could be organized by publisher, facilitate the navigation among data (nodes). For example,
leading to the collectiomooksByPublisheror there could different clusters originate from different collections of the
be a collectiorbooksByAuthoto list all books accordingto ~ Same elements. The next element, and thus the instance of
the alphabetical order of their authors. Each collection has athe accessibility relationship that should be traversed, could
center which, similarly to association centers, defines how Pe differentif books were ordered by author or by publisher.
to concisely represent the elements in the collection (onceCIusters can be nested and can be further characterized ac-

more, we could use the preview segment associated with the&ording to the kind of information they render:

collection’s contents). e Structural clustersconsist of all the nodes derived
The Navigation modeteshapes the elements in the pre- from entity components;

vious model to specify thactualinformation chunks. The . .

information is organized in atomic units, calleddes They e Semantic clustersomprise all nodes that come from

do not define new contents, but come from entity compo- sources, targets and centers of semantic associations;

nents, semantic association, and collection centers. They
contain the slots associated with the information elements
they render. The simplest approach is that components, as-
sociation centers and collection centers become nodes, but In the simplest case, we could skip the presentation
more sophisticated navigation models could require a finermodel and use the navigation model for this purpose.

granularity; thus information elements could be rendered The underlying assumption is that the application has
through several nodes. been conceived for a single and specific channel and the

e Collection clustercomprise all nodes that come from
members and centers of collections;



identity is the mapping function between navigation and e Acquire information on their general proficiency in

presentation. computer-science-related college courses,

If we wanted a more sophisticated presentation model, o ] ] )
presentation unitare the smallest granules at this level. ~® Acquire information on their expertise on Web tech-
They can either come from nodes or add new con- nologies and design methods, and

tentg that is dgfin_ed at presentation level only for aes- | pake them estimate the overall design effort, trying
thetic/communication purposes. For example, the logo of to split it according to the main models required by
the e-library does not need to be defined at the information W2000.

level; it could simply be defined here. gectionis a set
of presentation units derived from nodes that belong to theWe asked them also to fill a second questionnaire while
same cluster. A page groups sections, even if they are notompleting their homework to report the actual effort spent
semantically related, from which it inherits links and navi- in the different phases/models), list the tools they dsaad
gation features. self-evaluate the quality of their work.

Presentation units, sections, and pages can either be sin-
gleton ad-hoc elements or define types that can be instantiy Reasylts
ated as many times as necessary. These elements can also be
sources or targets ofes_entatlon linksthatis, a connect|.0n . Our experimental study is an exploratory one, rather than
between two presentation elements to enable the navigation

: . a confirmatory one. We investigated a number of experi-
between them. According to the aforementioned concepts, .
. : ; . mental hypotheses that seemed likely to be true based on
we can further classify the links in a page as:

our beliefs and knowledge about the W2000 notation, the
e Focus linksto remain in the same page, but moving the subjects’ skills, and the steps of the design process used.
page focus from a unit to another; Our main goals were related to discovering

¢ Intra-page linksto navigate between instances of the e Which of these hypotheses were supported by empir-
same page type; ical evidence in the context of our study and deserve

. . . : further investigations;
e Page linksto navigate between instances of different 9

page types. e Which were not, and should therefore be either revis-
ited (there might have been some reason why these hy-
potheses were not true in our experimental setting), or
not investigated any longer (their likelihood is so small
that they are probably not true in general).

Figure 1(d) gives an excerpt of the pages for the e-
library: Books are rendered to users through pageok-
Page that comprise the library logo — added in this model
—and a section with all information about books. The sec-

tion itself contains the editorial informatiorEdInfoUni) We believe that it would be much too early to carry out a

and the summarySummaryUnjt confirmatory study. As explained in the Introduction, the
_ _ body of knowledge available in the literature about the ef-
3 Experimental Setting fort related to developing Web applications, and especially

the design phase, is very limited. Therefore, we report on

The experiment documented in this paper was carried outboth the hypotheses that our study confirmed and the hy-
at the Politecnico di Milano with students attending a class potheses that were not supported by our study, so that our
on how to design and implement advanced Web applica-study can be taken as a starting point for future experimental
tions. They were taught to design their applications with activities.
W2000 and then implement them with the many available  As a first step in each of our data analyses, we checked
technologies. Since they were completely new to W2000, the data points and we removed those that appeared to be
the experiment was not only aimed at measuring the designcorrupted, or clearly incorrect, or for which there was miss-
effort, but also — implicitly — the learning curve for W2000. ing information, e.g., either the value of the independent

The experiment started with assigning the projects to thevariable or the value of the dependent variable was miss-
students. Roughly, all students were asked to work on theing. As a second step in each data analysis, we carried
same project, that is, a hypothetical e-commerce applica-out a very careful outlier analysis, i.e., we removed those
tion; what changed from project to project was the applica- few data points that were much too "far” from the others.
tion domain: books, CDs, groceries, etc. This is a standard data analysis activity: it is carried out to
. After readmg the requirements, which vyere written m_ an 3It must be noticed that currently W2000 is not supported by any
|nf9rmal style, we asked the students to fill out a question- gpecial-purpose modeling tool. Users are free to use what they prefer, but
naire to: this could highly impact the quality and spent effort.




remove those few points that may unduly bias the results.
The removal of outliers is absolutely necessary especially
in exploratory studies like the one documented in this paper
because of the current stage of quantitative knowledge on
Web applications.

We now report on the experimental hypotheses we
checked in our study and the results we obtained. The hy-
potheses we describe below are the so-called "alternative
hypotheses” in the test of hypotheses. For brevity's sake,
we do not report the so-called "null hypotheses,” which can
be obtained as the logical negation of the alternative hy-
potheses. The presentation of our experimental results is

e o, the standard deviations of the regression coef-

ficients;

p, which is the statistical significance of each in-
dependent variabl& in the OLS model: given
an independent variabl¥, its p-value provides
an idea of the probability thaX' has an impact
on the dependent variablé by chance, so the
smaller the value of the p-value, the more likely
that X really has an impact of; it is usual
to consider statistically significant the impact on
Y of those independent variable$ for which

p < 0.05, i.e., there is less than 5% probability

organized as follows:

e Rationale and illustration of our hypotheses,

e Experimental results,

e Discussion.

that they have an impact dn by chance.

We now report on the hypotheses we studied. However,
in our study, we had to exclude the effort related to the pre-
sentation part, since few respondents provided data for the
actual presentation effort. At any rate, as explained in Sec-
tion 2, a presentation model is not always needed, unless

Our data analyses can be classified in two categories: (1), gophisticated kind of presentation is required. Thus, this
analyses related to the comparisons of distributions and (2)gy|sion may not have exceedingly biased our results.

analyses related to correlations between random variables.

1. When comparing two distributions, we use the follow-
ing statistics to illustrate the results:

N, the number of data points of the distribution,
M, the median of the distribution,

n, the mean value of the distribution,

o, the standard deviation of the distribution,

p, the statistical significance (p-value) of the hy-

pothesis according to which the median of one of
the distributions is greater than the median of the
other distribution.

Actual Information Effort vs. Actual Navigation
Effort: distributions

Rationale We wanted to identify the model that takes the
largest amount of time to be designed in general and for
each respondent. Thus, we checked the following hypothe-
Sis.

Hypothesis 1 The median of the actual effort related to
the information modelActinfoEff) is higher than the me-
dian of the actual effort related to the navigation modelit{
NavEff).

In this data analysis and the following ones on the com-

2. We used Ordinary Least Squares (OLS) to find out pos-parison of distributions, we used the median and not the
sible correlations among independent and dependenimean because we wanted to use statistics that were less

variables. The following statistics are used to illustrate sensitive to possible data approximations in the data pro-
the experimental results on correlations:

N, the number of data points used to build the
model; N changes from model to model because
a different number of outliers are excluded from
different models; this number provides an idea
of the statistical basis on which our results are
based,;

R?, which measures the goodness-of-fit of the

model as the percentage of variance that is ex-

plained by the model;

E, the estimates of the regression coefficients,
one for each independent variablen the model
plus one for the intercept;

vided by the students. As a consequence, we stayed on
the safe side, and we used statistical tests (known as "non-
parametric” tests) that do not depend on any specific hy-
potheses on the data distributions. These tests are less pow-
erful than those (known as "parametric” tests) that we could
have used with the means of the distributions, i.e., it is less
likely to show that a hypothesis is statistically significant
with a non-parametric test than with a parametric test. At
any rate, we would like to note that all of the following re-
sults would have been obtained by stating the hypotheses in
terms of the means and by using parametric tests.

Results The following table summarizes the statistics of
our results. We used 49 data points, since we had 49 re-



spondents for botActinfoEff andActNavEff All the actual ESEff ACtEff
and estimated effort data represent work hours. 50 -]

D 70
Variables N M m p » i
ActInfoEff 15 184 10.2 60
40
ActNaveffi  4° 8 104 67 <0001
35_ 50_

Descriptive statistics for ActinfoEff and ActNavEff 30

40 =

The data show that median AttinfoEffis much greater 25
than the median ofActNavEff To make sure that this cir- 20 %0
cumstance is statistically significant, we used the Mann-
Whitney test for the medians. Since this probability is less 15 7
than 0.0001, as shown in the p column of the previous table, 10 - 20
we can conclude that our hypothesis is certainly acceptable 5] o

at the 0.05 level. This is also supported by the fact that
45 out of 49 subjects reported a valueAaftinfoEff greater
thanActNavEff By using Wilcoxon’s matched pairs signed
rank test we obtained even better significance results.

(@) (b)

Figure 2. Distributions of  EstEffand ActEff

Discussion The information model is definitely more time

consuming than the navigation model. This confirmed our The median value o&ctEffis much greater than that Bbt-
initial hypothesis, which was based on the fact that studentsg gjnce 33 subjects provided a valueATitEff greater the
appeared to have greater problems in designing the undermeian of the distribution oEStEf the statistical test de-
lying structure and data of the application than the naviga- s¢ribed for the previous hypothesis shows that the p-value
tion model, since they are certainly more used to navigat- Hypothesis 2 is 0.0006, so we can conclude at the 0.05
ing on the Web than building systems and therefore they |gye| that the data show that the mediarAetEff is greater
have a better intuition about what needs to be done. Theyan the median dEStEf i.e., the estimates are overly op-
building of the information model precedes the building of imistic. This is also confirmed by the fact that a large ma-

the navigation model, so the subjects were probably morejqity of subjects (36 out of 44) reported a greater value for
concerned with starting right than sketch a solution Whose actgff thanEstEft

problems would show up later in the other design activities.  £q; the single categories, the descriptive statistics are

. N resented in the following tables:
Estimated Effort vs. Actual Effort: distributions P g

Variables N M m o P
Rationale The hypothesis we studied was whether the EstDataEff 5 6.4 3.6
subjects were overly optimistic, i.e., they tended to under- | ActDataEff 44 9 103 56 <0001

estimate the effort needed to design an application.
Statistics for EstDataEff and ActDataEff

Hypothesis 2 For each effort category, the median of the Variables N M m o P
actual effort is higher than the median of the estimated ef- [ EstStructEff 44 5 54 33 0.003
fort. ActStructEff 7 87 53 ’

Results We first study the distributions of the 44 subjects Statistics for EstStructEff and ActStructEeff

that provided valid data for computing both the total esti- [ Variables N M m p D
mated effort EstEff) and total actual effortActEff). The EstInfoEff 95 117 65
distributions are shown in Figure 2. ActinfoEff 44 15 19 103 <0.001
The statistics for the comparisonAEtEff andEstEffare
shown in the following table: Statistics for EstinfoEff and ActinfoEff
Variables N M m o P Variables N M m o D
EStEff 155 181 94 ActInfoEff 6 64 3.3
44 0.003
ActEff 4 2675 206 155 0-0006 ActNavEff 8 106 6.9

Statistics for EstEff and ActEff Statistics for EstNavEff and ActNavEff



Discussion Summarizing, the estimates for all the models In this table, the insufficient statistical significance of the
were overly optimistic, and this circumstance was statisti- Interceptshows that we cannot rule out the (null) hypothe-
cally significant at the 0.05 level. One of the causes of thesesis thatintercept= 0, while the statistical significance of the
results may probably be the subjects’ inexperience. How- coefficient ofEstEff is very good, i.e., we can safely con-
ever, underestimation is a common phenomenon in softwareclude thatestEff can be used to prediétctEff The value
projects at all levels (from the micro-level of individual de- of the estimate of the coefficient &stEff which is greater
velopers up to the macro-level of complete projects) eventhan 1, confirms that the subjects tended to underestimate
when experienced developers and managers are involvedthe actual effort.
The relevant factors of underestimation should be identified  For brevity’s sake, we do not report on the other correla-
and quantified. tions for each category of effort. All of them turned out to
be statistically significant.

Estimated Effort vs. Actual Effort: correlation

Discussion Our results show that it is possible to use the
Rationale We wanted to check whether effort estimates €Stimated values as predictors for the actual ones. We need
were actually useful to predict actual effort. to caution the reader that this does not mean that an accu-

rate predictive model can be built for each of these kinds of

) ) .. effort, but only that the estimated effort in each category is

Hypothesis 3 For each effort category, there is a positive ¢ rre|ated to the actual effort in that category, even though it
correlation between the estimated effort and the actual ef-yqaq ot explain all of the variance. As low time-to-market
fort. and effort are even more vital in Web applications than in
other businesses, due to the intense competition among Web
developers, ways for accurately estimating the effort would
be very valuable for project planning and marketing activi-
ties. Our results are a starting point, i.e., the estimated effort
for each category may be a component of a model that pre-
dicts the effort for that category. Other variables need to be
identified, so that we can also explain the underestimation
problems studied by Hypothesis 2. Next, we study some of
these possible factors.

60

ActEff

"ot Impact of the subjects’ technical knowledge: cor-
W Lt relation

° 12) I 1; I 2(I) I 2;5 I 3(I) I 35
EstEff Rationale The following hypotheses investigate whether
there is an influence of the subjects’ technical knowledge
Figure 3. EstEff vs. ActEff. on the estimated and actual effort values, and on the differ-

ence between estimated and actual effort. Also, we studied
whether there was an influence of the students’ technical
background on estimated learning effort, actual learning ef-
fort and the difference between the two. Learning effort,
whether estimated or actual, is the sum of the learning ef-
forts related to the single models. Our idea was that greater
skills are associated with smaller efforts and smaller differ-
ences.

Results We started by studying the overall effoEstEff
andActEff Figure 3 graphically shows the regression line
whose equation is:

ActEff = 2.31 + 1.51 EstEff
and the following table summarizes the model statis-

tics. Five outliers were identified during the analysis, so
our results and model are based@rF 39 data points.

Hypothesis 4 There is a negative correlation between the

subjects’ technical knowledge and the estimated learning
effort, actual learning effort, difference between actual and
estimated learning effort, estimated effort, actual effort, and

— >
Coefficient F g P R N difference between actual and estimated effort.
Intercept 231 4.15 0.58 0.54 39

EstEff 1.51 0.23 < 0.0001 )

Results We quantified the subjects’ technical knowl-
Model statistics for X = EstEff, Y = ActEff edge TechKnow as the number of Web-related languages



(HTML, XML, etc.) and techniques (JSP, ASP, etc.) that Results We quantified the subjects’ school proficiency by
they knew. However, none of the correlations turned out to either their average gradé\g) or the number of computer
be statistically significant except for the correlation between science examsQSBH they had passed. Four correlations
the technical knowledge and the difference between actualturned out to be statistically significant, as shown by the
and estimated efforteltaEff), whose statistics are in the following tables:

following table:

_ ,
Coeflicient  F 7 P I N Coefficient FE o p R? N
Intercept 182 4.2 00001 ., 44 Intercept 161 5.1 0.003

Techknow -3.63 152 0.2 e o o oo 008 50

Model statistics for X = TechKnow Y = DeltaEff Model statistics for X = Avg, " = EstLearnEft

. _ , h ising th th Coefficient F o P R? N
Discussion Itis somewhat surprising that some of the cor- intercept 771 459 01 o o

reIaF|o'ns thaF we believed Fo exist did not _turn out to be Avg 4.4 19 0028

statistically significant. For instance, the existence of a re-

lationship between technical knowledge and actual effort Model statistics for X = Avg, Y = ActEff

is not proved by our results. It is interesting to note that — >

neither a negative correlation nor a positive correlation ex- Coefficlent & g p R N
Intercept  -6.85 17.1 0.7

isted between technical knowledge and actual effort. (One 0.11 40
might have explained a positive correlation as the result of CSE 177 082 0038
_stronger cqmmitment to the proj_ect.) At any rate, the _results Model statistics for X = CSE Y = ActEff
in the previous show that there is a negative correlation be- _ .
tween technical knowledge and the difference between ac-| Coefficient  FE o p R N
tual and estimated effort, as shown by the sign of the esti- | Intercept  -12.86 11.41  0.27

=4 ; : 0.1 39
mate of the coefficient (-3.63). Further studies are certainly | CSE 113 056 0.048

required even for this correlation, because the goodness-of-
fit of the relationship is too small to base any predictions on
an univariate model that tries to predisttEff based only

on TechKnow In our study, we tried to build a multivariate
model that includedechKnowand EstEff as independent
variables andi\ctEff as dependent variable. However, even piscyssion There is a negative correlation betwegwng

though all of the coefficients of the model turned out to be gnq Estl earnEff which means that subjects with higher
statistically significant, the value of the goodness-of-fit as proficiency tended to believe that they would have an ad-

Model statistics for X = CSE Y = DeltaEff

measured byz” did not improve significantly. ThuSech-  yantage in the learning activities. However, this advantage
Know does not really add much to the prediction accuracy gig not materialize, since there is no correlation between
of already obtained vi&stEft AvgandActLearnEff Another interesting result is that bet-
ter proficiency (whether measured Aygor CSB seems to
Impact of the subjects’ proficiency: correlation imply higher levels of actual effort. We expected a negative

correlation, but actually found a positive one. This is not to-
tally surprising in an exploratory study like ours. One possi-

Rationale The following hypotheses investigate whether 9T i o :
there is an influence of the subjects’ school proficiency on PI€ explanation is that higher proficiency may be associated
with higher levels of commitment in carrying out the home-

the estimated and actual values, and on the difference be- . X - i
tween estimated and actual effort, and also on the learning/Ork: and this would explain the positive correlation. At

efforts. Our idea was that a better proficiency is associateg@ny rate, further stud_|es are required, also beca_use the val-
with smaller efforts and smaller differences. ues of goodness-of-fit (as measured &) are quite low,
so these independent variables may only be used as parts

of multivariate models, since they do not explain a signifi-
Hypothesis 5 There is a negative correlation between the cant part of the variance alone. As a closing note, we tried
subjects’ school proficiency and the estimated learning ef-to use the subjects’ proficiency along with their technical
fort, actual learning effort, difference between actual and knowledge to build a predictive model for estimated or ac-
estimated learning effort, estimated effort, actual effort, dif- tual effort, but we did not obtain any statistically significant
ference between actual and estimated effort. results.



Estimated vs. Actual Learning Effort: correlation

Rationale We wanted to check iEstLearnEffcould be
used as a predictor for the actual learning effort.

Hypothesis 6 There is a positive correlation betweEs-
tLearnEff andActLearnEff

Results The table summarizes the results:

Coefficient FE o P R? N
Intercept 2.8 1.2 0.027
EstLearnEff 0.51 0.21 0.022 0.14 36

Model statistics for X = EstLearnEff, Y = ActLearnEff

Discussion The results show that the hypothesis is suf-
ficiently supported by the data. Howevek? is too low
to predictActLearnEffbased only orEstLearnEff Other
predictors will have to be studied and used along Vi#h

tLearnEff Even though we do not show the corresponding
hypothesis here, we also checked if there was a tendency t

underestimate learning effort, like with all other effort cat-

egories. However, the difference between the two medians
was not statistically significant, so there does not seemtob

any underestimation, in this case.

Estimated Learning vs Estimated Effort Categories

Rationale We wanted to check whether there was a cor-

relation between the estimated learning effort and the esti-
mated modeling effort per each category. For clarity, it must
be noted that the estimated learning effort is not a part of the

estimated modeling effort.

Hypothesis 7 For each effort category, there is a positive

Coefficient E o P R? N
Intercept 1.94 | 0.43 | < 0.0001 0.20 50
EstNLearnEff| 0.68 | 0.19 | 0.0009 '

Model statistics for X = EstNLearnEff, Y = EstNavEff

Discussion All the results seem to confirm Hypothesis 7,
even though the values @2 are too low to make it possi-
ble to predict the dependent efforts based only on the cor-
responding independent efforts. At any rate, the estimated
learning efforts have an effect on the estimated modeling
efforts, so one way of improving the estimated modeling
efforts would be to improve the learning estimates. This
may be done by providing the students with better concep-
tual and practical tools for estimating their learning effort.

4.1 Self-Assessment vs. Grading
We asked the students to provide an assessment of the

work they had done, to check if there was a correlation be-
tween their self-assessment and the grading done by the in-

&tructor. No correlation was found between the two scales,

I.e., the subjects were not able to provide a reliable assess-
ment of the quality of their work, even though many of them

ehad already taken several computer science classes.

4.2 Validity of the experiment

Like in any empirical study, we need examine the pos-
sible factors that may have biased our results. We believe
that the following factors may influence an empirical study
like ours, from both an internal and an external point of
view: subjects, applications, availability of tools, notation,
and classes

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

correlation between the learning effort and the correspond-|tarnal validity ~Here, we need to examine whether the

ing modeling effort.

Results The results are summarized in the following ta-
bles:

Coefficient E o P R? N
Intercept 235 0.31 < 0.0001 013 50
EstDLearnEff 0.36 0.13 0.007 '

Model statistics for X = EstDLearnEff, Y = EstDataEff

Coefficient E o P R? N
Intercept 1.345 0.35 0.0004 0.24 47
EstSLearnEff 0.83 0.22 0.0005 ™

Model statistics for X = EstSLearnEff Y = EstStructEff

five factors could pose a threat to the internal validity of the
empirical study.

1. Subjects The subjects were not selected before-hand,
i.e., they were a veritable cross-section of the graduate
students that attend Web-related classes.

2. Applications The subjects could choose the applica-
tion they preferred. However, all of the applications
only differed in their specific details, but they were all
related to e-commerce.

3. Availability of tools The students did not use any spe-
cific tools for W2000. They standard usual text and
graphics editors.

4. Notation. All the subjects used the same notation.



5. Classes There was little difference in the percentage the largest effort in the design phase. In addition, our re-
of classes attended by the subjects, i.e., they attendedsults show that (at least in our environment) the a priori ef-

commerce). The results were obviously influenced by the

almost all the classes.

lack of tools, the notation, and the percentage of class at-
tendance, i.e., we could have obtained different results if

tools had been available, a set of different notations had

fort estimates can be used to predict the actual effort. A

. clear tendency to underestimation of effort has been clearly
We can conclude that our results were not biased by ¢hqun.

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

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-

been used, and our sample of students had attended from
0% to 100% of the classes.

External validity = The question may arise as to how rep-
resentative our empirical study is in the population of em-
pirical studies on Web application effort estimation. Even
though the results might have been biased from an inter-
nal validity point of view by the three factors availability of
tools, notation, and classes, we need to discuss the possi- ®
ble factors that may influence the outcome of an empirical
study such as ours.

1.

Subjects The subjects were representative of the pop-

ulation of Web designers and developers, since Web
designers and developers are usually taken from young
college undergraduates or graduates.

. Applications Many Web applications are actually in

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

Using measures for internal design attributes; based on
the students’ projects, we will investigate whether in-
ternal design attributes (e.g., size, complexity, cohe-
sion, coupling) are related to effort;

Including an automated measurement tool in the tool
that supports the W2000/HDM notation;

Investigating prediction for other external attributes;

Investigating the following of web development
phases, e.g., implementation and verification;

Replicating and refining this study, based on the expe-
rience we have acquired.
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