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Keywords: redocumentation, traceability, program The research reported in this paper addresses the prob-
comprehension, object orientation lem of recovering traceability links between the free text
Abstract documentation associated with the development and main-

tenance life cycle of a software system and its source code.
When a system evolves, while the source code is changed Traceability links recovery has not been extensively in-
documentation and traceability links are barely ever up-  yestigated, very few contributions were published in the
dated: maintaining traceability information between soft- past 20 years. A cornerstone paper was written in 91 by
wareartifactsisa costly and tedious activity frequently sac- Maarek and others [10], the paper relies on information
rificed during devel opment and maintenance due to market retrieval techniques for automatically assembling software
pressure. libraries based on a free text indexing scheme. This ap-
This paper presents a new method to recovery traceabil- proach uses attributes automatically extracted from natural

ity links between high level and low level artifacts. The  |anguage IBM RISC System/6000 AIX 3 documentation to
method is based on the partial knowledge of a subset of build a browsing hierarchy which accepts queries expressed

traceabilty links. It can be fully automated and the human i natural language. Other approaches such as TOOR [13],

interventionisonly required to confirmor confute recovered IBIS [6], and REMAP [14] are few examples of software

traceability links. development tools able to build and maintain traceability
Themethod has been applied to software written in Java, links among various software artifacts.

to trace classes onto functional requirements, experimental
result demonstrate the superiority of the novel method over
the previously published results on the same system.

The method proposed in this paper shares with the pre-
vious work [10] the general framework based on infor-
mation retrieval. More commonalities can be found with
[1, 2, 3] where to recover traceability links probabilistic
modeling was coupled with computational linguistic tools
1. Introduction such as stopper and stemmer, i.e. morphological analyzers.
The key idea of those approaches is that the application-

It is widely recognized that a program must evolve to domain knowledge processed by programmers when writ-
meet ever changing user needs [9]. Several evolution driv- "d the code is captured by mnemonic identifiers. Albeit the
ing factors may be identified: new functionalities added, conjecture is strongly supported by the published results,
lack of software quality, lack of overall system performance available knowledge (e.g., on known traceability links) is
or software portability (on new software and hardware plat- disregarded; furthermore, a certain degree of manual in-
forms), market opportunities are just a few examples. tervgntlon IS required: quite often program item names are

Quite often, while source code evolves documentation obtained with complex_rules from appllcatlon-dom_am con-
and traceability links are not updated: maintaining consis- C€PtS €.., concatenation of two or more words with vowel
tency and traceability information between software arti- d€letions or substring interposition.
facts is a costly and tedious activity frequently sacrificed  This paper overcomes the limitation outlined above: a
due to market pressure. Furthermore, since outsourcingnew method to recover traceability links is presented. The
has been widely adopted as common practice, people whomethod can be fully automated and human intervention is
wrote or maintained a system may no longer be available. only required to confirm or confute automatically recovered
Hence, the only reliable source of information about a soft- traceability links. The underlying assumption is that pro-
ware system is often the system itself. grammers tend to process application-domain knowledge in
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a consistent way when writing code: program item names Section 7 summarizes the work and gives some concluding
of different code regions related to a given text document remarks.
are likely to be the same or at least very similar. Under
the above assumption, the knowledge of existing traceabil-
ity links can be exploited; once programmer behavior can
be modeled, no matter where the knowledge comes from,
few links suffice to allow the method bootstraping itself. Stochastic models are used extensively in several areas:
Stochastic modeling and Bayesian classification were automatic speech recognition, machine translation, spelling

exploited to model programmers as stochastic communica-COTTection, text compression, etc [5, 8, 15].
tion channels: programmers process high level documenta- I the software development/maintenance life cycle pro-
tion and domain concepts producing low level artifacts (e.g. 9r@mmers may be thought of as stochastic channels trans-
program item names). Once a subset of traceability links is forming a high level text dqcument ontlbservaﬂon; le.,
available (i.e couples high level/low level artifacts), for any chunks of code. More precisely, development/maintenance
given link the joint probability distribution of the text doc-  &ctivity is modeled by a stochastic channel where the se-
ument (words) and a set of linked areas of code (program duence of words (an high level text documeiif),, gener-
item names) is estimated together with the document words2€d by @ sourcé with the a-priori probability Pr (W),
marginal probability distributions. The estimated probabil- IS transmitted through a channel and transformed into the
ity distributions are used in a Bayesian classifier to score Séduence of observations O with probability(O | W).
sequence of mnemonics extracted from a notjasified In the traditional pattern recognition applications, O could
area of code (i.e., area of code not belonging to the sub-TepPresent the acoustic signal produced by uttefing the
set of known traceability links). Higher scores suggest the transiation oV, from ltalian to English, a typewritten ver-
existence of links between the area of code from which a Sion 0f Wy with possible mis-spellings. In the software en-
particular sequence of mnemonics is extracted and the doc-9ineering domain, to model development/maintenance ac-
ument that generated the marginal probability distribution. tVities Wi may represent a functional requirement or a
The method was applied to a hotel management System,mamtenance change request wiilenay correspond to the

named ALBERGATE, to recover traceability links between program item namesii.e., the n_’memonic_s for code identifiers
the functional requirements, as specified in the requirementChosen by developers/maintainers. Notice that any word of

document, and the Java source code. The goal was to bin&he Wi document (as well as of the other documents) will,

each functional requirement to the classes where itis imple- possibly, influence the entire observation

mented. Results demonstrate the advantage of exploiting Th? mde:hot;j’sl dund(;arlyéng ti.ssumpttlk(]) nis tha;l pr(ﬁram—
available traceability links knowledge even with no mor- mers tend to build code identifiers (either variable of func-

phological analysis and human intervention. While previ- tion name) processing, with a set of unknown rules, domain

ously presented approaches on the same system require@nd problem knowledge. Those unknown rules are not ex-

morphological analysis and human intervention to obtain a pected to change sha_rply over the time and from one pro-
50 % best match recall, the new method gives a figure of grammer to the other in that rules depend on the corporate

60 % once stop-words are automatically removed. If mor- culture coding standard and.the programmer skill Hgnce
phological analysis is applied an even better figure is ob- the program 'te”? names of d|'fferent gode regions are likely
tained (i.e., 64 %), however, not surprisingly, while in [2, 3] to share semantic meaning with the h|ghe_r level cc_)ncepts, or
morphological analysis greatly improves the results, it only at least they have been created by app lying conS|stenFIy the
slightly improves the new method results. set of unknown rules. Thus program item names of differ-

. o ent code regions related to a given high level text document
The paper novelties and contributions can thus be sum- 9 g g

. ; . are likely to be the same or at least very similar.
marized in a novel method and the related equations pre- . . .
) L The problem is decoding the observation O, e.g., pro-
sented; the method takes advantage of the existing knowl- ; . - . i
. . gram item names, into the original high level docuniént:
edge and could be fully automated. Experimental evidence A 2 L
is provided that the method works fine with the available that is, findingTVy that maximizes the-posteriori proba-
P bility Pr(W}, | O). Applying the Baye’s rule, the following

data, and it overcomes previously published results on theidentity is obtained:
same system.

The remaining of the paper is organized as follows: Sec- Pr(O | W) Pr(W;)
tion 2 introduces the mathematical model. The valida- Pr(Wy | O) = Pr0) 1)
tion and assessment methodology is discussed in Section
3. Section 4 presents the tools developed to implement the The probabilityPr(W}) is the high level documera-
method. While Section 5 is devoted to experimental results. priori probability, since there is no reason to believe that an
Lesson learned issues are addressed in Section 6. Finallyhigh level text document is more likely than any other (i.e.,

2. Mapping Equations
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there is noa-priori information on the document distribu- Equations (2) and (7) are central to the method, they pro-
tion), it can be safely assumed that documents are equallyvide a means to effectively recover traceability links based

likely; furthermore, in the above equatiafy(O) is a con- on thea-priori knowledge of a subset of traceability links.
stant with respect té and could be eliminated. Hence, de- The involved probabilitiesPr(o;|ws, ;) and Pr(wy,;)
coding is equivalent to find: need to be estimated orabeled training corpus i.e., a sub-
set of high level document and code fragments known to
Wy = arg max Pr(O | W) (2) belong to treaceability relations. Given the labeled training

corpus the probabilities may be approximated with frequen-
Let us assume an high Ievel text document be representedjeg:

asW, = Ulzl{wk,l} the document is composed of n

words: wg, 1, - .., wg,, assumed to be independent events c(05wr 1)
thus: Pr(ojlwe;) ~ =222 =1 nj=1...m (8)
c(we,i)
Pr(wgi,...,Wrn) = HPT(wk,i) 3) Pr(wy;) ~ c?ﬁ/’”? (9)
] k
The high level documenV’;, is transformed by program- Wherec(h) is the number of times that thfeword ap-

mers into an observatio® = ﬂ;il{oj} corresponding  pears in the texts, in the same wefl) is the number of
to a low level artifact (e.g., the identifier collection ex- times that the couplé,! appearsk in the observatiorD
tracted from a chunk of source code). Having observed and! in the document¥}) while |[IW;| is the number of
{o1Noz...Mon} low level artifact representation, traced words inW, (i.e. | |) gives the set cardinality).

into {wg 1 |Jwg,2... Jwe, } high level document, it has to

be computed: 3. Method Validation
Pr(O|Wy) = pr(ﬂ 0j] kavi) (4) Feasibility study and method assessment were per-
j=1 =1 formed by recovering traceability links between require-

ments and source code of a software system developed fol-
lowing the Boehm waterfall model [4]. For this system all
the prescribed documents were available (e.g., requirement
documents, design documents, test cases, etc.).

The software system, namely ALBERGATE, was devel-

Furtherassuméo; } N{o2} - .. N{om } conditionally in-
dependent froniV, i.e., dependencies betweén, }, {0, }
are modeled by the conditioned probability of events
{0p|W4}, {04|Wi} the above equation can be rewritten as:

m oped in Java by a team of final year students at University
Pr(0|wy) = [ Pr(o;|Wi) 5) of Verona (ltaly). ALBERGATE is a software system de-
j=1 signed to implement all the operations required to admin-
In other words each; depends on the entiti;,. The istrate and manage a small/medium size hotel (room reser-
conditioned probability”r (o ;|TW},) can be factored as: vation, bill calculation, etc.). The system has been devel-
N oped from scratch on the basis of 16 functional require-
Pr{o;[Wy) = Pr(ojWi) _ Pr(o; VUi, we.i)) ments specified (as well as all the other system documen-
Pr(Wy) Pr(Wy) tation) in Italian language. ALBERGATE exploits a rela-

tional database for most of the operations, therefore the sys-
tem size is relatively low (about 20 KLOC with 95 classes).
Non functional requirements as well as other documenta-

The event o; (U:, we,;) can be rewritten as
Ui, (ojwg,;) and sincewy,; are assumed independent

events: tion such as user manuals, UML use cases, architecture and
n detailed design were not used in the present study. The re-
Pr(oj|w;)Pr(ws,;) : .
Pr(oj|Wy) = Z Pr(We) : (6) covery process was focused on the 60 classes implementing
i=1 Wk the user interface of the software system.
As in equation (1) the probabilitiPr(1';,) corresponds Equation (2) was used in a ranked retrieval fashion;

to thea-priori high level document probability and can be ranked retrieval returns a ranked list of documents: docu-
dropped. By substituting equation (6) into equation (5) the ments are ranked according to the probability of being rel-
following expression ofPr(O|W},) is obtained: evant to the user query. ALBERGATE functional require-
ments, in the present experiment, play the role of high level
m n documents, equation (2) terkir;, while the set of identi-
Pr(O|W;,) = H Z Pr(ojwy.;) Pr(w.;) ) fiers extracted from a given class was considered to be the

=1 i=1 observatiorO i.e., the query.
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3.1. Moddl generation

Probabilities estimation was based on the term fre-
quency: Pr(wg, ;) is estimated frome(wy ;), the number
of times in which each word appears in a given document.
Using the simple term frequency would turn the product
H;”:l Pr(oj|Wy) to zero, whenever an observationwas
not present in the training set of the documBng.

This problem, known as the zero-frequency problem
[15], can be avoided using different approaches (see [11]).
Basically, it has to be decided whether or nottbeabulary
is closed. Closed vocabulary means that all the words in
the text document collection (set Bf,) and in all possible
observations are known. On the contrary, open dictionary
means that @alummy word, accounting for all unforeseen
events, is introduced.

While in other fields such as in spoken dialogue with

Requirement] #Classes Overlap
Reg. 1 10 | Req.9(4)
Reg. 2 4 None
Req. 3 2 None
Reg. 4 4 None
Req. 5 6 None
Reg. 6 7 None
Req. 7 2 None
Req. 8 3 None
Reqg. 9 4| Req.1(4)
Reg. 10 2 None
Req. 11 7 None
Req. 12 2 | Reg. 13 (1)
Reg. 13 2 | Reg. 12 (1)
Reqg. 14 1 None
Reg. 15 1 None
Req. 16 1 None

computers open vocabulary approaches are extremely ap-

pealing, closed vocabulary does not constitute a limitation

in software engineering. The adopted approach consists of

a closed vocabulary where probabilities were smoothed ac-
cording the the shifs smoothing techniques. Consider the
equation (7) Pr(wy ;) term it may be estimated with:

i—B ; ;
TWk\ + X if w; occurs inW,
Pr(wg,;) =

A otherwise

wherec; is the number of occurrences of words in
the documeni¥,. Beingw; a generic word of the closed
vocabulary it may happen that it never shows upip such
in a casePr(wy,;) is set to\. The interpolation term is:

n

A= ——

whereV is the size of the vocabulary amdis the num-
ber of different words of the vocabulary occurring in the
documentiV,. The value of the paramet@rwas chosen
according to [12] as follows:

n(l)

b= +2+n0)

wheren(j) is the number of words occurringtimes in
the documentV;,. More details and a complete overview on
different smoothing techniques and probability estimations
can be found in [11].

3.2. Model assessment

As already stated the method was conceived to take
advantage of the already available knowledge in that
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Table 1. ALBERGATE traceability matrix sum-
mary.

Pr(oj|wy,;) encompasses the information on the known
subset of traceability links. Table 1 summarizes the AL-
BERGATE traceability matrix as compiled by the original
developers: three requirements are implemented by a single
class; all the other functional requirements are traced into
two or more classes. Notice that Req. 1, Req. 9, Req. 12
and Req. 13 implementing classes have no null intersection
with other requirement implementation (e.g., 4 classes are
common between Req. 1 and Req. 9 and 1 class is common
between Req. 12 and Req. 13). Thus, classes implementing
a given requirement can be divided in two sets: a training
set and a test set.

Experiments were designed in such a way that training
and test sets do not overlap, this means that for any given
requirement the set classes implementing it has to be di-
vided into two distinct sets. In particular, the following sets
were defined

C'S; the set of software ClaSses implementingihe
th requirement;

e T R; the Training Set related to thie- th requirement,
T R; classeswere used to estimate the probabilities ex-
pressed by (8) and (9), notice tfaR; C C'S;;

TS; the Test Set related to the— th requirement
(TR; NTS; = P), TS; classes were used as queries
to evaluate the (2), notice thats; C C'S;;

ES, the set of couple€l'R;;, T'S;;) related to thé—th
experiment.
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An exhaustive cross-validation on the ALBERGATE A minimal tool suite to assist textual information pro-
software system was not feasible: there are millions of dif- cessing for the Italian language was also developed. In par-
ferent and consisterff.S;s. For this reason two classes of tjcular, text processing is performed in two steps. The first
experiments were designed. The first class of experimentsstep is completely automated, it splits in two or more words
was aimed to assess the peak performance: all classes buyings containing the underscore, capital letters are down-

one (used as query) were used as training set. The prob- .
abilities (8) and (9) were thus estimated using the largest cased and stop words (e.g.,_arucle_s, Iangua_gtjz feature) are
removed. The second step is semi-automatic: a tool with

possible amount of information. In the second class of ex- . e . .
periments,2S;s have been chosen mimicking incremental SPelling facilities prompts the software engineer with the
reconstruction from scratch of traceability links. More pre- Words that might be separated, leaving the final decision
cisely eachES; in the first class of experiments has been to the user. Moreover, a semi-automatic stemmer, based
chosen according to the constraints: on thesaurus facilities, has been implemented that helps the
software engineer to reconduct flexed words to their roots
(e.g. verbs are reconducted to their infinite fotm
- G _ C Finally, we have implemented the estimation of proba-
TSa=0 TRa=CS:—TSp Vi#ji=1...16 bilities Pr(o;|wy.s), Pr(w.:) with the shift smoothing
Given the traceability matrix compiled by the original and closed vocabulary.
developers there are 50 differehtS; verifying the above

{|TS]-1|:1 TR; =CS;; —TS;; j=1...16

constraintsiT R; | # 0 and|T'Sy| = 1. DS1 DS?2
In the second family of experiment, the th ES; has been Rec.| Prec.| Rec. | Prec.
chosen according to the constraints: Best1l| 60% | 54% | 64% | 58%

Best2| 74% | 33% | 74% | 33%

TR;i| = min(s,|CS;|) j=1...16 s=1...5
ITRyu| = min(s, |CSil) j s Best 3| 84% | 25% | 84% | 23%

TS; =CSj—TRy —J:° ... TR;
Sit = CSi Rjt = UiZinig; TR Table 2. Peak Method Performance.

and givenES,,, andES,, with m # n:
Tij # TRjn AN TSjm # TSjn

Once the size of the training set is fixed (e.gparame- 5. Experimental Results
ter) the size of the test set is derived according to the above

equations. Notice that the number of queries vary with The experiments were carried out using two different
since there is a variable number of coupl&&;;, T'Si) data sets:DS1 and DS2. The data sets have been ob-
such thalT'5;| > 0. tained by applying the same linguistic processing to the
Precision andrecall [7] were used to assess the method requirements and to the program items (i.e. class identi-
results and compare them with previous works [2,R: fiers). Linguistic processing was divided in two steps as

call is the ratio of relevant documents retrieved for a given gescribed in the previous Section: in the first step stop word
query over the number of relevant documents for that query removal and minor text normalization were automatically
in the “database” Precision is the ratio of the number of  herformed, this leads tHS1. Then morphological analy-

relevant documents retrieved over the total number of doc- sis supported by human intervention, produdsi (i.e.
uments retrieved. When applying equation (2) the most rel- 5| plurals were reconducted into singular and all flexed
evant index is precision: a fixed number of models were yerhs were transformed into infinitive form).

trained and thus a fixed number of document retrieved. The simplest way to trace software classes onto require-

ments is to use thgr ep UNIX command; the search can
4. Tool Support be done at least in two ways. In the first approach each

class identifier is used as the string to be searched into the

A number of tools have been developed to automate thefiles of requirements; this give rise to about 4800 queries

method. A top-down recursive parser was developed to an-94% of which give empty result. The second approach con-
alyze Java source code. Once the parse tree is available it isiders theor of the class identifiers, in such a case 94% of
traversed and the required information is stored in support the classes were traced onto 10 or more requirements. Even
files. For each class, comments, identifiers of attributes, worse thegr ep approach did not offer any way to rank the
methods as well as method parameters are stored in sepa€trieved requirements. From a practical point of view this
rate files. For the present study comments were disregarded: 1it is worth noting that this step is much more difficult when applied to

th_e entire traceability link recovery process relies on the at- |anguages such as ltalian, as in the case of the documentation of the case
tributes, methods and parameters of each class. study presented in this paper.
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DS2 slightly decrease. Notice that these results are globally pos-
Rec. | Prec. itive; in a foreseeable application of the presented method

Best 1| 50% | 54% a maintainer will focus on the first candidate, once the top

Best2| 70% | 38% ranked traceability link is confirmed or confuted probabil-
Best3| 77% | 28% ities will be re-estimated and a new ranked list proposed
to the maintainer. Moreover the precision decrease is re-

Table 3. Previously published results on the strained and is balanced by the recall increase.

same data set. Tables 4, 5, 6 and 7 show the results related to the

second class of experiments, with these experiments the in-

cremental reconstruction of the traceability links was simu-

lated. The tables report the average values of precision and
means that the maintainer has to examine a large numberecall and the variances (computed over 100 randomly gen-
of candidates with the same priorityr ep baseline results  erated experiments) at three different levels of retained top

were thus judged quite unsatisfactory. ranked candidates.
Best 1 Best 2 Best 3 Best 1 Best 2 Best 3
s | Rec.| Var. | Rec.| Var. | Rec.| Var. s | Rec.| Var. | Rec.| Var | Rec.| Var.
1[33%| 0.011] 47% | 0.007 | 56% | 0.007 1|33% 0081 45% | 0.005) 53% | 0.006
2 | 50% | 0.006 | 63% | 0.006 | 70% | 0.005 2 | 46% | 0.005| 60% | 0.007 | 68% | 0.007
3| 52% | 0.008 | 64% | 0.013 | 70% | 0.011 3| 51% 0.009 | 65% | 0.008 | 72% | 0.006
4| 52% | 0.012| 64% | 0.016 | 70% | 0.015 4152%| 0.018| 64% | 0.017 | 73% | 0.010
5 | 529 | 0.043| 68% | 0.043 | 73% | 0.029 5| 55% | 0.027 | 67% | 0.024 | 76% | 0.017

Table 4. Results obtained with the current Table 5. Results obtained with the current
model on DS1 model on DS2

Table 2 summarizes the results of the first class of ex-
periments aimed to evaluate the peak method performance.
The row labeled witHBest 1 refers to recall and precision
achieved by the top ranked requirement; the row labeled
with Best 2 refers to recall and precision achieved con-
sidering both the first and the second best scored require-
ments, and so on. 50 different queries were performed, thus
the number of top ranked correctly associated requirements
(ove_r 50) g_ive raise to the recall figure, while precision de- Table 6. Results obtained with the current
nommgtor is 55.Best2 and Best3 figures were computed model on DS1
accordingly.

For sake of comparison the previous results on the same
data set published in [2] were summarized in Table 3,
by comparing those results with the new result of Table 2  The most relevant result of this second class of experi-
the advantages of the new method are evident. The curreniments is the empirical evidence that the system learns. For
results significatively improve the recall: the recall is im- both data set®Sl andDS2, as thes value increases (i.e.
proved on both the data sddS1 andDS2. This represents  more training material is used) the recall and the precision
an important achievement sinEs1 is automatically pro- increase as well. This trend clearly indicates that augment-
duced. In other words, the proposed method overwhelmeding the training information improves the traceability re-
the previously obtained best results, best results obtainedcovery process. This supports the hypothesis that for this
with a certain degree of human intervention. The analysis of software system programmers tend to process application-
precision is more difficult: the precision obtained consider- domain knowledge in a consistent way when writing code.
ing the first candidate{est1) on DS1 did not decrease, on  If program names were randomly chosen, adding new train-
the other hand the precision obtained considering both theing material will not improve Tables 4, 5, 6, and 7. This
first and the second candidatd#e(t2) and the one consid- is a key result: the major limitation of previous experiment
ering the first, the second and the third candidai#ss(3) [2] was the fact that it can satisfactory work if and only if

Best 1 Best 2 Best 3
Prec.| Var. | Prec.| Var. | Prec.| Var.
35% | 0.011| 23% | 0.019 | 18% | 0.0008
50% | 0.006 | 31% | 0.001 | 23% | 0.0005
52% | 0.088| 32% | 0.003 | 23% | 0.001
52% | 0.012| 32% | 0.004 | 23% | 0.001
52% | 0.021| 34% | 0.006 | 24% | 0.002

G WNPEP®
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there is a significant intersection between the words usedsults. This is not surprisingly in that the method bootstraps
in the requirements and the source code identifiers i.e., if itself starting with a single link.

the input and the output vocabulary has no null intersection.  The joint probability distribution between program item
For this reason the results presented in Tables 4, 5, 6 anchames and high level documents model the programmers as
7 are encouraging even if the recall and precision averagecommunication channels with different input/output vocab-

values are not always greater than [2]. ularies. Coding standards represents a practice that soundly
support ana-posteriori process of traceability link recov-
Best 1 Best 2 Best 3 ery. However, a coding standapgr-se will not suffice.
s | Prec.| Var. | Prec.| Var. | Prec.| Var The coding standard has to adopted as a common practice,
1| 33% | 0.008| 22% | 0.001| 17% | 0.0007 moreover, it should be complemented by a set of rules used
2 | 46% | 0.005| 30% | 0.001 | 22% | 0.0008 to create program item names from high level documents
3| 52% | 0.009| 32% | 0.002 | 24% | 0.0007 and/or domain concepts.
4 | 52% | 0.018 | 32% | 0.004 | 24% | 0.001 The use of a morphological analyzer on the available
5| 55% | 0.027 | 34% | 0.006 | 24% | 0.001 data required particular care. The results obtained showed
] ] that a profitable use of the morphological analysis requires
Table 7. Results obtained with the current a suitable quantity of training material, in general such a
model on DS2 quantity is greater than the one required when the morpho-

logical analysis is not performed. In the experiment pre-
sented in this paper the break-point related to the method
The analysis of Tables 4, 5, 6 and 7 highlights that Performance with or without morphological analysis was
when s varies from 1 to 3 the results obtained @&nS1 s = 4. Other researchers on different software system may
are better then the ones obtained®82. This apparent|y obtain different values, further work is required to draw a
contrasts with some our previous results [2]. However, conclusion and identify rules establishing when the mor-
this phenomenon may be explained taking into account that Phological analysis add a tangible contribution.
the morphological analyzer reduces the number of differ-
ent words and consequently reduces the the dimension of7, Conclusions
the training corpus as well. This is the reason why when
the cardinality off'S;;, is lower or equal to 3 the results on
DS1 are better. Increasing the value of s (esg= 4,5)
adds enough material to the training set, thus the normal-
ization effect of the morphological analyzer adds an appre-
ciable contribution.

A new method to recover traceability links between high
level documentation, such as functional requirements or use
cases, and low level artifacts i.e., detailed design or source
code and the method equations have been presented.

Central to the method is the assumption that program-
mers tend to process application-domain knowledge in an
6. Lessons Learned uniform way, applying a set of unknown rules, when writ-

ing code, more precisely when choosing identifiers. Thus

While implementing the equations, training the models program item names of different code chunks, related to the
and carrying out the experiments experience was gained,same high level documents and/or concepts, are likely to
experience summarized in this lesson learned section. be the same or very similar. The method infers in a proba-

The Bayesian classifier adopted to recover traceability bilistic form program behavior, i.e the rules adopted by the
links needs the estimation of joint and marginal probabil- programmers choosing identifiers, those rules are implicitly
ity distributions, unfortunately, in the software engineering represented by the joint probability distributions estimated
area barely ever abundant training material is available. Ason training sets.

a consequence, in the authors’ experience, the probability The method was applied to a system written in Java: Java
distributions suffer due to zero-frequency and data sparse-source code (i.e., classes) were traced into the functional re-
ness. Several probability estimation techniques were inves-quirements and results compared with the traceability ma-
tigated among which floor discount, shift-and a naive ap-  trix compiled by the system developers.

proach in which a constant (low) value is assigned to events  In the opinion of the authors the literature does not com-
not presentin a given training set. The best results were ob-prise of any method or approach similar to the one presented
tained with the shift; this is in agreement with previous in this paper apart some previous work on the same Java
works on ALBERGATE [2] and on a C++ library of foun-  system. The newly obtained results favorably compare with
dation classes [3]. However, for this new method the choice the previous results, even if the comparison is not straight-
of the probability estimation technique is much more crit- forward and figures seem somehow contradictory.

ical: naive and floor discount estimation produce poor re-  Most noticeably, as the training set increase, the method
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performance improved; in other words, on the available [15] I. H. Witten and T. C. Bell. The zero-frequency problem:

data the method learns i.e., the joint probability distribu-
tions seems to effectively capture the rules applied when
creating identifiers.

Future works will be devoted to further validate the
method on different systems, and to evaluate other proba-
bility estimation procedures.

References

[1] G. Antoniol, G. Canfora, G. Casazza, and A. D. Lucia.
Identifying the starting impact set of a maintenance re-
quest. Proc. of the Conference on Software Maintenance
and Reengineering, pages 227-230, March 2000.

[2] G. Antoniol, G. Canfora, G. Casazza, A. D. Lucia, and
E. Merlo. Tracing object oriented code into functional re-
quirement.Proc. of the International Workshop on Program
Comprehension, To appeatr.

[3] G. Antoniol, G. Canfora, A. D. Lucia, and E. Merlo. Re-
covering code to documentation links in 0o systerRoc.
of the Working Conference on Reverse Engineering, pages
136-144, Oct 1999.

[4] B. W. Boehm. Software Engineering Economics. Prentice-
Hall, Englewood Cliffs, NJ, 1981.

[5] P.F.Brown, S. F. Chen, S. A. D. Pietra, V. J. D. Pietra, A. S.
Kehler, and R. L. Mercer. Automatic speech recognition in
machine-aided translatio@omputer Speech and Language,
8:177-187, August 1994.

[6] J. Concling and M. Bergen. Ibis: a hypertext tool for ex-
ploratory policy discussionACM Transaction on Office In-
formation Systems, pages 303-331, April 1988.

[7] W. B. Frakes and R. Baeza-Yate$nformation Retrieval:
Data Structures and Algorithms. Prentice-Hall, Englewood
Cliffs, NJ, 1992.

[8] K. Kukich. Techniques for automatically correcting words
in text. ACM Computing Surveys, 24(4):377-439, 1992.

[9] M. M. Lehman. Programs, life cycles and laws of soft-
ware evolution Proceedings of the IEEE, 68(9):1060—-1076,
September 1980.

[10] Y. Maarek, D. Berry, and G. Kaiser. An information retrieval
approach for automatically constructing software libraries.
| EEE Transactions on Software Engineering, 17:800-813, 8
1991.

[11] R. D. Mori. Spoken dialogues with computers. Academic
Press, Inc., Orlando, Florida 32887, 1998.

[12] H.New and U. Essen. On smoothing techniques for bigram-
bases natural language modelling. Rroceedings of the
IEEE International Conference on Acoustics, Speech and
Sgnal Processing, volume S12.11, pages 825-828, Toronto,
Canada, 1991.

[13] F. A. C. Pinhero and A. G. J. An object-oriented tool for
tracing requirementd EEE Software, |EEE Computer Soci-
ety Press, pages 52—64, March 1996.

[14] B. Ramesh and V. Dhar. Supporting systems development
using knowledge captured during requirements engineering.
IEEE Transactions on Software Engineering, pages 498—
510, June 1992.

Estimating the probabilities of novel events in adaptive text
compression.|EEE Trans. Inform. Theory, 1T-37(4):1085—
1094, 1991.

Proceedings of the Seventh Workin%Conference on Reverse Engineering (WCRE'00)

1095-1350/00 $10.00 © 2000 IEE



