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Abstract The importance of the impact analysis problem has led

) . ) many researchers to propose specific impact analysis tech-
Impact analysis — determining the pote_zntlal effects qf niques [2, 3, 14, 16, 21]. In [8] we present a new impact
chan_ges ona software s_ystem B p_Ia_\ys an important role _'nanalysis techniqueRat hl npact , that differs from these
helping engineers re-validate modified software. In previ- previous impact analysis techniques in its reliance on dy-
namic program behavior information gathered for a specific

ous work we presented a new impact analysis technique
Pat hi mpact , for performing dynamic impact analysis at  se4 of executions (e.g, relative to operational profilegand
specific test suites), coupled with its reliance on reldgive

the level of procedures, and we showed empirically that
the technique can be cost-effective in comparison to promi'high-level, low-cost (e.g., the level of procedure invoca-
nent prior techniques. A drawback of that approach as pre- yionq and returns) system execution information. Empirica

sented, however, is that when attempting to apply the teCh'comparisons oPat hl npact to two other prominent tech-

nique to a ne\l/v versrllon ofa syst?m as that systr(]am dand Shiques (transitive closure on call graphs and static jicin
test suite evolves, the process of recomputing the data reIS], show that it can obtain significantly greater recallrtha

quired by the technique for that version can be excessivelythe former, and significantly greater precision, with gezat
expensive. In this paper, therefore, we present algorithmsefficiency than the latter

that allow the data needed IRat hl npact to be collected ) o ]
incrementally. We present the results of a controlled eixper ~ 'MPact analysis can be expensive in terms of time and
ment investigating the costs and benefits of this increrhenta COMpPutational effort. Pat hl npact is lower-cost than

approach relative to the approach of completely recomput- Many other impact analysis techniques due to its focus on
ing prerequisite data. relatively high-level execution information. For the pur-

poses of this investigation we focus on procedure calls and

returns. Even so, following system modifications — includ-
1. Introduction ing both code modifications and changes made to test suites

in response to those modifications — time constraints may

Successful software systems evolve, and as they evolve,make it difficult to re-collect the data needed by the algo_-
the changes made to those systems can have unintende§hm. This can be the case even after only small modi-
expensive, or even disastrous effects [13], Software ahang fications to code and test suites have been m_ade. To em-
impact analysis is a technique for predicting the potential PI0Y Pat hl npact cost-effectively across entire system

effects of changes before they are made, or measuring thdifétimes, techniques are needed to efficiently update the
potential effects of changes after they are made, with thedata required by the algorithm as those systems and their

goal of reducing the costs and risks associated with releas €St Suites evolve.

ing the changed software into the field, and helping ensure In this paper we present such techniques. Our ap-
that the system remains dependable and reliable. In particu proaches take the form of recursive graph algorithms, which
lar, change impact analysis can be used to predict or igentif together handle the various types of program and test suite
portions of a system that will need to be retested as a resultmodifications that need to be accommodated to keep the
of changes. The results of this analysis can be used to deterdata required for the application #fat hl npact up-to-
mine whether the potential impact of changes on re-testingdate and available without resorting to complete recompu-
effort is low enough to allow the changes to be made, or tation from scratch. Specifically, these algorithms respon
to guide test engineers in determining how to allocate their to the addition, modification, or deletion of system compo-
regression testing efforts on the modified system. nents, or to the addition, modification, or deletion of test



cases from the system’s test suite. (We use the term “com- behaviors, it may return impact sets that are too large,
ponents” here generically to refer to parts of a software sys or too imprecise relative to the expected operational
tem, such as procedures, methods, or classes, rather than profiles of a system, to be useful for maintainers.
specifically in the sense of reusable code or COTS com-
ponents.) We present the results of a controlled experiment
investigating the costs and benefits of using this increadent
approach, relative to the alternative approach of comlglete
recomputing prerequisite data, that illustrates the wé#de
between the approaches.

e Dynamic slicing can predict impact relative to specific
program executions or operational profiles, which may
be useful for many maintenance tasks, but it sacrifices
safety in the resulting impact assessment.

e Static and dynamic slicing techniques are relatively
computationally expensive, requiring data depen-
2. Background dence, control dependence, and alias analysis, whereas

call graph based analysis is comparatively inexpensive.
In this section we review related work on impact analy-

sis, and describe ofat hl mpact approach. e Finally, all three approaches rely on access to source

code to determine the static calling structure or depen-
dencies in that code, and require a relatively large ef-
fort to recompute the information needed to assess im-
pact on subsequent releases of a software system.

2.1 Impact Analysis and Related Work

Impact analysis techniques can be partitioned into two

classes: those based on traceability analysis and thosd bas These advantages and disadvantages motivated the cre-

on dependence analysis [3]. Our work focuses on the latter'ation of our impact analysis techniquPat hl mpact ,

Dependence-analysis-based impact analysis techniques , . ! : : .
[9, 10, 11, 19] attempt to assess the effects of change onWh'C.h uses relqtlvely Iow-costmstrument_atlonto obtayn d .
semantic dependencies between program entities, typicall &?gﬁ;ggor:nt:iit;gg :t:gu:ess,}ésr:teargoingltﬁfg, :tg?‘nzogé rtg\?
by identifying the syntactic dependencies that may signal ior which it uses to estirpnate impact y
the presence of such semantic dependencies [17]. The tech- pact.
nigues used to identify these syntactic dependencies typ-

ically include static (e.g., [4, 22]) and/or dynamic (e.g., 2.2.1 Summary of the Approach

[1. 6]? slicing techniques. (For an OVerview of sllcm_g_ The Pat hl npact approach relies on lightweight instru-
techniques see [3, 20]). Other techniques using tra.n.s't'vementation to collect information from a running software
closure on C?" graphs_[3] a“‘?mpt to approximate slicing- system. The information is collected in the form of multi-
based techniques, while ay0|d|ng the CO_StS of the deen'ple execution traces in the form shown in Figure 1. Each
der(l)c?] analyses that underlie those tech_nlquesd. q trace lists each method encountered, and each return taken
ther common attempts to approximate depen ence'gsymbol v, and the system exit (symbol ’x’), in the order

based impact analysis approaches have involved EXPeTt, which they occur during execution. These traces are pro-

!udgement and code inspection; how_evgr, these are not €aS:ag5ed by a compression algorithm cal®EQUl TUR [7]
ily automated. Moreover, expert predictions of the extdnt o

: ; into a space-efficient whole-path directed acyclic graph, o

change impact have been shown to be frequently 'ncorreCR/vhole-path DAG, such as the one shown in FigureSEe-

[12], and perform_in_g_ impact anal_ysis by inspecting source QUI TUR, however, is an “online” algorithm: the sequence

code can be prohibitively expensive [16]. of traces can be processed as they are collected, obviating
the need to store large amounts of trace data. The resulting

2.2 The Pathimpact Approach whole-path DAG has been shown to achieve compression

o i by a factor of approximately 20 (a 2GB trace reduced to a
Existing, dependence-based approaches to impact anal; gopmB whole-path DAG[7]).

ysis have both advantages and disadvantages. These advan- p,; ) mpact walks the DAG to determine an impact

tages and disadvantages are discussed in detail in [8], W& given a set of changes. The complete algorithm for per-
summarize them here: forming this DAG walk is presented in [8], together with
examples of its operation and empirical results on its use,
and due to space limitations we cannot present it in detalil
here. One way to visualize its operation, however, is to con-
sider beginning at a changed component’s node in the DAG,
and ascending through the DAG performing recursive for-
e Static slicing can predict change impact conservatively ward and backward in-order traversals at each node, and
(safely); however, by focusing on all possible program stopping when any trace termination symbol is found. By

e Transitive closure on call graphs is relatively inexpen-
sive, but it can also be inaccurate, claiming impact
where none exists and failing to claim impact where
it does exist.



that can occur under all possible inputs. However, be-

MBrACDTrErrrrxMBGrrrxMBCFErrrrx X i A i i
cause this estimate is drawn on operational behavior,
Figure 1. Multiple execution traces. Upper case letters it can be used in cases where safety is not required to
denote component names, “r" denotes a return, and “x” provide more precise information relative to a specific
denotes a system exit. operational profile or set of test executions than static

analysis can provide.

e Pat hl npact is call-based, and thus identifies impact

[T‘> 2r ACDrE113G43CF4r XJ at a coarser level than that provided by fine-grained
analyses, but it is much more precise than call graph
based analysis, and requires no dependence analysis.

e The instrumentation on whidRat hl npact is based
has a relatively low overhead, and can be performed
on binaries, so the technique does not require access to
source code.

3. Incremental, Dynamic Whole Program
Path-Based Impact Analysis

Figure 2. Whole-path DAG created from the execution When a software system is modified, the execution traces
collected for the previous version of the system, and any
impact-analysis-facilitating representation built frahose
traces, may become incorrect. Even with lightweight instru
mentation, the effort to regenerate dynamic informatian, i
gases where this means reexecuting all the tests and laildin
a completely new impact representation, can exceed avail-
able resources. In such cases it may be preferable to igentif
the outdated or incorrect information, remove it, and incre
mentally generate new information where required.

To create such an incremental approach for our
Pat hl npact technique, we need to consider two possi-
ble sources of modifications that can be made to the soft-
ware system and its related information: changes to the test
suite, and changes to system components. In the remainder
of this section, we overview our approach to handling these
types of changes, and then in the next section we provide
the algorithms that comprise this approach.

Where changes to the test suite are concerned, when
maintainers remove a test case, the whole-path DAG then
contains an invalid trace, which must be removed from the
DAG. Likewise, if a test case is modified, the existing trace
] must be removed from the DAG, the test case must be reex-
2.2.2 Cost-Benefits Tradeoffs for Path-Impact ecuted, and its new trace must be added to the DAG. Finally,
Pat hl npact provides a different set of cost-benefits traces forany new test cases mustalso be added to the DAG.

tradeoffs than impact analysis techniques based on transi- Next, consider changes to system components. Changes
tive closure, static slicing, or dynamic slicing — a set whic 0 components may involve code changes, configuration
can potentially be beneficial for an important class of im- changes, environmental changes, or other changes that af-

pact analysis tasks not accommodated by those techniqued€ct the runtime behavior of the component. If a component
In particular: is removed from the system, each trace that includes that

component must be removed from the DAG. If a compo-

e Pat hl npact is fully dynamic, requiring no static  nent is modified, or the conditions that may affect a com-
analysis of the system. The resulting impact estimate ponent’s behavior are changed, each trace that could be af-

is thus not safe — it cannot predict all possible impacts fected by that modification (as a conservative approxima-

traces in Figure 1.

traversing forward in the DAG we can find all program com-

ponents which execute after the change and therefore coul
be affected by the change. By traversing backward in the
DAG we can determine by examination which components
execution returns into.

In the case of our example, when componénts
changed, the resulting impact set {M, A, C, D, E}:
these are all the components into which execution is deter-
mined, through the DAG walk, to have encountered, or re-
encountered subsequent to the changed compénéitte
that B is not included in the impact set because it returns
beforeA is called, and therefore could not be affected by
any change irA. This can be determined by examining the
sequence of nodes during the backwards traveral. Snce
is immediately preceeded by a retuBi¢annot be returned
into, and is excluded from the impact set. This also can be
seen by examining the original trace in Figure 1.



tion, each test case that executes the component) must b&on of test case deletions and additions. In Section 4.3 we
removed. In both of these cases, test cases must be reex@resent the algorithm for determining the appropriate exe-
cuted and their new traces added to the DAG. Finally, addi- cution keys related to a system change.
tion of new components must also be accommodated. An important aspect of our algorithms for handling
Two of the foregoing cases can be handled relatively eas-changes is that, although the DAG resulting from a com-
ily. First, addition of new traces, or traces gotten from re- plete rebuild and the DAG resulting from updating may not
executing test cases, to an existing DAG is easily performedhave equivalent structures, the results of impact analyses
using theSEQUI TUR algorithm described in 2.2.1, by sim-  performed on these DAGs will be equivalent. The truth of
ply concatenating the new traces to the end of the exist-this statement rests with the fact that both the rebuilt gizd u
ing whole-path DAG. Note further that these existing algo- dated DAGs contain exactly the same execution traces, only
rithms ensure that this process works even when the newthe order of the traces may change. The traversal that deter-
trace contains procedures not previously listed in the DAG. mines the impact set is insensitive to the order of the traces
Second, addition of new system components affects On|ysince the search stops at any gxecution boundary. Since the
traces that reach calls to added procedures. Such trace§@Me traces are searched, the impact sets are equivalent.
can be identified by the handling of code modifications and
through identification of new invocations of those compo- 4. Algorithms
nents (these may be invocations of new components, as well

as invocations of components that themselves, transitivel We now present our new algorithms, which we refer to

invoke other new components). collectively by the namé&vol vel npact , to distinguish

Our approach to incremental updating requires tagging them from our earliePat hl npact algorithms which did
individual test executions with unique keys. These keys ap-not accommodate updates to the DAG.
pear at the beginning of each execution trace, while each  First, we use a modification of tt8£QUI TURdata com-
execution trace ends with a system exit symbol. Any num- pression algorithm [15], which we cabdSEQUI TUR, to
ber of such traces can be concatenated and processed bduce the size of the traces that are collected and store the
MbdSEQUI TUR, a modified version of th€EQUI TUR al- required execution keys that allow updating of the DAG.
gorithm, which we present in Section 4.1. Our technique requires programs to be instrumented at

Given these unique execution keys, individual traces for component entry and exit (generally, this means procedure
deleted or modified test cases can be removed from theor method entry). Unique execution keys are added to the
whole-path DAG using the algorithm we present in Section trace before each execution begins. This produces a se-
4.2. Test cases that have simply been modified are then requence of traces, each of which is composed of a sequence
executed and their traces added to the DAG using the pro-of tokens containing a unigque execution key, a sequence of
cess for handling new test cases. procedure names and function returns, and a program exit,

The remaining problem is how to accommodate dele- in the order in which they occurred.
tions or modifications of system components. If a compo-  In the following Sections we preseMbdSEQUI TUR,
nent is removed from the system, each execution trace confollowed by our algorithms for handling test case removal
taining that component must be removed from the DAG. If and procedure removal from the whole-path DAG.

a componentis modified, each trace containing that compo-

nent must be removed, each test corresponding to aremoved.1. TheMbdSEQUI TUR algorithm

trace must be reexecuted, and the new traces must then be

added to the DAG. The MbdSEQUI TUR algorithm examines a trace gener-

In [8] we outlined an algorithm for removing traces con- ated by a program and removes redundancies in the ob-
taining a given component from a whole-path DAG. We an- served sequence of events by creating a grammar that can
ticipated that it would be easy to ascend into the middle exactlyregenerate the original trace. The trace may contain
of a trace in the DAG and perform delete operations both loops and backedges. As stated earldrd SEQUI TUR is
forwards and backwards to remove a trace. However, thean online algorithm — this means it can process traces as
introduction of unique execution keys that index el of they are generated, rather than requiring the entire trace t
traces complicates the removal of traces from the middle by be available. To facilitate re-use of the collected tracdy o
requiring extensive DAG traversal to maintain the test keys the resultingvbd SEQUI TUR grammar need be stored.
needed to support test-level incremental updating. Fortu- MydSEQUI TUR (see Figure 3), uses two hash tables for
nately, given a component in the system, it is relatively-sim each grammar rule to store the end point of each trace.
ple to determine which test cases contain that componentThe end of each trace is marked by a unique test key en-
and then remove these test cases. In this manner, a changmuntered at the beginning of each trace. One hash table
to a component in the system can be reduced to a collec{T End) stores the link in the rule’s production where a test



algorithm ModSEQUI TUR(S) [ TEnd: (la, <1-3-G>), ([b, <4-3-C>), ([c, <r-x—>) ]
input Execution Traces TLink:  (<1-3-G>, [a), (<4-3-C>, [b), (<r—x=*>, [c)

output  GrammarG TEnd: ([a, <—x-2>), (Ib, <*—x-2>)
GrammarG TLink:  (<*-x-2>, [a), (<*-x-2>, [b)

Rule T (T->2r ACDr E113G43CF4r x|
Hash Tablel' End, key = testkey, value= tlink

Hash Tablel' Link, key = link, value= list
Test Keytkey

1. foreachtokenin S
2. if( token is a Test Key )
3. tkey = token
4. continue
5. appendoken to end of production fofl”
6. if( token = systemexit )
7. Storetkey, currlink in TEnd.
8. Gettlist from TLink usingkey = currlink
9. Appendtkey to end oftlist
10. Storecurrlink, tlist in TLink.
11. if duplicate digram appears
12. if other occurrence is a rulgin G Figure 5. Evol vel npact DAG.
13. replace new digram with non-terminal @f
14. else
15. form a new rule and replace duplicate .
16. digrams with the new non-terminal. 4.2. Test removal algorithm
17. if any rule inG is used only once
18. remove the rule by substituting the production. . . .
19. returnG TheRenove- t est algorithm (Figure 6) is used to re-
move a test with keykey from the DAG.Renove- t est
Figure 3. ModSEQUI TUR algorithm. works by finding the location of the end of the execution
with key tkey and then selectively expandin@), and then
(if necessary) expanding the symbol at the beginning of the
[aMBrACDrErrrrxlbMBGrrrxlcMBCFrrrrx

trace that will be removedExpand (Figure 7) is used to
expand a single symbol in the top level rule. Aflxpand
creates the expanded representation of a syntbder t
(Figure 8) is used to replace the symboljinwith the ex-
pansion. If the list of tests obtained frafLink contains
ends, using the test identifier as a key. The other hash tabley predecessor td:ey we know that the entire trace is com-
(T Link)stores a list of test identifiers, using the link in the pressed into this one symbol . In this case there is only
production where the test ends as the key. A list must beone symbol to expand, after which we can delete the trace
stored inT Link because compression may cause multiple from 7. If there is no predecessor in the list, the algorithm

test cases to map to the same link in a production rule. Bothsearches backwardsfiuntil it finds the end of the preced-
hashes are necessary, since our algorithms must be able ting trace and expands this symbol also.

both efficiently look up where a test ends and check whether  once the beginning and end of the trace have been
a given link has any tests ending at that link. The test key |gcated and expanded, the trace is deletedRbyove-
tokens must be unique and must be easily distinguishable y gce (Figure 9) which starts at the end symbol and
from the trace tokens that follow it. deletes predecessorsinuntil a system exit is encountered.
Given the keys and traces shown in Figure 4, the result- The intervening symbols are known to be in the trace we are
ing Evol vel npact DAG is shown in Figure 5. (Inthe deleting due to the traversal that established the end of the
figure, execution keys are preceded by the “[" character. preceding trace. Therefore, we can delete the intervening
Empty hash tables are not shown.) SimdedSEQUI TUR symbols in the production of without any deeper traver-
differs from SEQUI TUR only in constant time operations, sal of the DAG.
it runs in timeO(N), whereN is the uncompressed trace Expanding a symbol may require traversing the entire
length [15]. The two hash tables grow with the number of DAG, in the worst case. Traversing the entire DAG is equiv-
traces rather than the length of the traces. Therefore, thealent to traversing the uncompressed trace){iV) steps,
size of the compressed trace is s@I[ V) worst case (no  whereN is the uncompressed trace length. In the best case,
compression possible) ar@(log V) best case [15]. Pro- expanding a symbol would requi@(log N) steps. | n-
grams containing loops may generate extremely long tracesser t has comparable running time since it may be called
however, loops will introduce redundancies tihitd SE- on to insert an expansion of the entire DAG. Likewise, then
QUI TURtakes advantage of. Renove- t r ace would have to traverse the fully expanded

Figure 4. Multiple execution traces with test keys.



algorithm Renove-t est (tkey) algorithm Expand(ezpLink, tkey)

input Test Keytkey input Link ezpLink

output DAG E input Stringtkey
Sequenceézp output  List EzpList
List ExpTestList List ExzpList, global, static

1. Gettlink from TEnd usingkey = tkey.
2. Gettlist from TLink usingkey = currjink
3. ExpTestList=tlist
4, Removetkey from T'End hash table.
5. Removelink from T Link hash table. 1.
6. Findtkey in tlist. 2.
7. Ezp = Expand(tlink, tkey ) 3.
8. Insert(tlink, Exp) 4.
9. iftkey has a predecessor in tlist 5.
10. Remove-tracefkey ) 6.
11. return; 7.
12. else 8.
13. plink = predecessor dflink 9.
14. while(plink exists ) 10.
15. Getplist from T'Link usingplink 11.
16. if plist is not empty 12.
17. break 13.
18. else 14.
19. plink = predecessor gflink 15.
20. Addplist to beginning ofExpTestList 16.
21. Ezp = Expand( plink, tkey ) 17.
22. Insert(plink, Exp ) 18.
23. Remove-tracefkey ) 19.
24. while( any rule with zero uses exists ) 20.
25. Remove the zero use rule. 21.
22.

Figure 6. Renpve-t est algorithm.

DAG. Therefore the running time foRenmove-t est is

Stringelem
Link elink, tlink
List tlist
Grammar Rulérule
irule = rule pointed to by expLink
if( irule is a terminal )
Appendirule to end of ExpList.
return
elem = first symbol in production ofrule.
elink = link in irule production containinglem
if( elem = system exit)
Appendelem to end of EzpList.
elink = link in EzpList pointing toelem
Removekey from T'End and TLink for irule.
else
Removeékey from T'End andT Link for irule.
Expandelink, tkey )
while(elem has a successor in production )
elem = successor oflem in production ofirule
elink = link in irule production containinglem
if(elem = system exit)
Appendelem to end of ExpList
Removekey from T'End andT Link for irule.
else
Expandelink, tkey )
returnExpList

Figure 7. Expand algorithm.

O(N), and the algorithm may requi@(N) space. Since  agorithm | nser t (inslink, EapList, EapTestList)
most program paths exhibit some regularity [7], however, input  Link inslink
this worst case behavior is unlikely. input  List EzpList

As an example, consider removing test key “[b” from the
DAG in Figure 5. FromI' End we find thattlink points to
< 4 —3 — C >. Expanding the symbd givesx M B. In-
serting givesT — 2rACDrFE113G4xzM BC F4rz. Since
there is no predecessoribist (line 8 inRenove-t est),
we must search backwards for the end of the previous trace.
Moving backwards iy one symbol at a time, we check for
the presense of a non-emptyst in theT' Link hash table.
We find a non-empty list at the link 1 —3 — G >. Ex-
panding3 and inserting gives the uncompressed trace, from ¢
which the trace with key “[b” is easily removed. The last 1g.
two lines ofRenove-t est attempt to clean up the gram-
mar by removing any rules which are no longer used. How-
ever, since a symbol in the grammar may expand into many

ONOOAWNE

input List ExpTestList

List tmplist
String tmpprod
Stringtmptest
while( ExpList is not empty )
tmpprod = Remove first element dbzpList
Inserttmpprod afterinslink
Moveinslink to tmpprod
if( tmpprod = system exit)
tmplist = new List
tmptest = Remove first element db zpTestList
Add tmptest to tmplist
Storetmptest, inslink in T End for T
Storeinslink, tmplist in T Link for T

Figure 8. 1 nsert algorithm.

symbols when inserted, deleting traces generally resuisi DAG representing the procedure or component and calls

larger DAG (some loss in compression) after the deletions. Move- up (Figure 11) to move upwards in the DAG to
each rule which uses the component. In each Mbsje-

up searches forward in each production rule for test keys
and adds them t@' KeyList. If no keys are found in the
When a procedure is changed or removed from the pro- production,Move- up usesDescend (Figure 12) to re-
gram we usé-i nd- Key- Li st (Figure 10) to find the test  cursively search subtrees in the DAG for test keys. After
keys corresponding to the traces in which this procedurethe keys are found the corresponding traces are removed
occurs. Fi nd- Key- Li st begins at the terminal in the usingRenpve-t est, described in the previous section.

4.3. Procedure removal algorithm



algorithm Renove-trace(T,tkey)

algorithm Move- up(rule, link)

input RuleT input Rulerule
input Stringtkey input Link link
output RuleT List nlist
List dlist Stringoroc
Link dlink Booleankeeplooking
String currentSymbol 1. proc = symbollink points to in production
1. Getdlink from T'End for T usingtkey 2. while(proc has a successor )
2. Removekey from T T End hash table. 3. proc = proc SUCCessor
3. Removallink from T T'Link hash table. 4. nlink = link in rule production containingroc)
4. currentSymbol = symbol pointed to byllink 5. Getnlist from T'Link usingnlink
5.  while(currentSymbol is not asystem exit ) 6. if( nlist is not empty )
6. RemovecurrentSymbol from T production 7. Appendnlist to T KeyList
7. returnT 8. returnfalse
9. else
Figure 9. Renove- t r ace algorithm. 10. keeplooking = descendproc)
11. if( keeplooking = false)
12. returnfalse

13. for eachrule whereproc appears in the production

algorithm Fi nd- Key- Li st (procedure) 14. move-upgule, link )
input Stringprocedure
output  List TKeyList

Figure 11. Move- up algorithm.
List T KeyList, global, static

1. for eachrule whereprocedure appears in the production

2. Move-up(rule, link )

3. returnTKeyList algorithm Descend(rule)

input Rulerule

Figure 10. Fi nd- Key- Li st algorithm. Stringproc
List tlist
Link tlink
if( rule a terminal )
returntrue
else
proc = first element of production
tlink = link in production containingroc
Gettlist from T'Link usingtlink

The worst case running time & nd- Key- Li st is also 1
2
3
4
5
6.
7. if( tlist is not empty )
8
9
10
11

O(N), whereN is the uncompressed trace length, since it
may also result in traversing the entire DAG.

Consider the effect of modifying procedut€ in the
DAG in Figure 5.Fi nd- Key- Li st would usevbve- up
to examine each rule that h&sn its production, in this case
T. Move- up usedDescend to recursively search forward
in 7, examining4, 1, andr, before findingz and encoun- _
tering a non-emptylist containing the key “[c”. ThenF' 1 If(rifljrcnefnadngOC):: false)
can be removed from the DAG by removing test key “[c” 13, while(proc has a successor in production )

Appendtlist to T'KeyList
returnfalse
else

usingRenove-t est. 14. proc = proc successor in production )
15. if( descendproc ) == false)
16. returnfalse

17. returntrue

5. Empirical Validation
Figure 12. Descend algorithm.

The primary research question we wish to investigate is
whether incrementally computing impact analysis informa-
tion with theEvol vel npact algorithms is more efficient
than recomputing that information from scratch. We also  As a subject we used a program developed for the Eu-
wish to determine whether this relationship changes with ropean Space Agency; we refer to this progranspace.
numbers of changes. Space is an interpreter for an antenna array definition lan-

We thus performed a controlled experiment comparing guage (ADL).Space has approximately 6200 non-blank,
the time required to update an initilvol vel npact non-comment lines of C code and 136 functions.

DAG using our algorithms to remove and add traces to  To provide input sets for use in determining dynamic be-
the time required to completely rebuild d&vol vel m havior, we used test cases and suites created fjarce

pact DAG, after various numbers of test suite or program for earlier experiments [18]. The test cases consisted of a
changes. We also compared the sizes of the resulting DAGs00l of 10,000 randomly generated test cases, plus 3,585
and traces. test cases generated by hand to ensure coverage of every

5.1. Experiment materials



branch in the program by at least 30 test cases. This poolffrom T'. Added test cases were randomly drawn from the
of test cases was used to generate 1000 branch coverageool of available test cases, and deleted test cases were ran
adequate test suites containing on average approximatelylomly extracted from the test cases currently remaining in
150 test cases each. We randomly selected 50 of these tedt, excluding any of the test cases just added. The result-
suites. The selected test suites in aggregate containéd 7,7 ing modified test suite was then used to rebuild a DAG from

test cases including 2,886 duplicates. scratch. The updated DAG was created by deleting the test
We implemented thEvol vel npact algorithmsinthe  cases that were removed from the test suite from the ini-
Java language, using the earlRat hl npact implemen- tial DAG, executing the added test cases to create a trace

tation as a starting point. THevol vel npact implemen- file, and then adding this trace to the updated DAG. We per-
tation consists of 35 classes and approximately 9700 linesformed this sequence of operations 15 times for each of our

of non-comment code. 50 test suites.
In the second stage of the experiment we examined the
5.2. Experiment methodology effect of making changes to proceduresace. For each
of our test suited", after building the initial DAG forT',
521 Measures we selected a random number of proceduresdace (be-

tween one and four), found the list of test cases in the DAG

To measure the efficiency of the various algorithms, we col- containing these procedures usifignd- Key- Li st , re-
lected measures of (1) the time required to collect an ini- moved the listed test cases from the DAG, reexecuted the
tial set of traces and build an initial DAG, (2) the time re- test cases, and added the new traces to the DAG. We also
quired to reexecute the changed program or test suite and rerebuilt the DAG from scratch, as in the previous stage. Note
build another DAG from scratch, and (3) the time required that in this case, since the test suite was unchanged, and
to incrementally update the initial DAG by removing and there were no actual modifications madesipace, the
adding traces using our new algorithms. When testing therebuilt DAG exactly recreated the initial DAG. While this
Evol vel npact algorithms with program modification, would not always be the case in practice (changes to pro-
we recorded how many test keys were removed and sub-cedures may or may not alter test traces) when procedures
sequently added when updating the initial DAG. We also have been modified, this process provided a necessary ex-
collected the size in bytes of each trace and each resultingoerimental control, allowing us to avoid conflating the ef-
DAG. fects of procedure changes with the associated test case

All measures were collected on five identical Sun Ultra change effects. We also used the rebuilt DAG to provide a
5 workstations. Each workstation had a 360MHz SPARC comparison and consistency check against the initial DAG.
processor, 256 MBytes of main memory, 1 GByte of swap As in the first stage, we repeated this sequence 15 times for
space, and used 100 MBIt ethernet attached storage. Thereach test suite.
were no other users on the machines during the course of
gathering information for this experiment. 5.2.3 Threats to validity

Elapsed time information was collected using the stan-
dard Java library system function which returns the current Like any controlled experiment, this experiment faces
system time in milliseconds. The sizes of the traces and thethreats to validity, and these must be controlled for, or ac-

DAGs was measured after the trace or the DAG had beencounted for when interpreting results.
stored in a disk file. Threats to internal validity concern our ability to prop-

erly draw conclusions about the connections between our
independent and dependent variables. In this experiment,
our primary concern involves instrumentation effects,hsuc
In this experiment, the three measures of time in millisec- as errors in our algorithm implementations or measurement
onds and six measures of size in bytes are our independertools, which could affect outcomes. To control for these
variables. Our dependent variables are the technique apthreats we carefully validated these implementations and
plied (rebuild from scratch versus incremental), and e@ithe tools on known examples.
the number of changes in the test suite or the number of Threats to external validity concern our ability to gen-
procedures in the program that were modified. eralize our results to larger classes of subjects. In this ex
We ran the experiment in two stages. The first stage ex-periment we have studied only one program, and although
amined the effect of changes in test suites. For each tesit is a “real” program we cannot claim it is representative
suite 7' in our set of fifty test suites, we built the initial of programs generally. Also, the test suites we use repre-
DAG for T'. We then chose a random numbkrbetween  sent only one type of suite that could be found in practice.
one and the number of test caseslinand thenk times, Finally, the program and test suite modifications were simu-
chose randomly whether to add or delete a test case to otated, not actual, modifications. Additional studies ofesth

5.2.2 Design



1.4e+06

1.2e+06

1e+06

800000 | ‘ oo IP

600000 9\ o %

Update Time (ms)
©
=0
g
"%
o
&

400000

T
oD
o __
£3)
&
&

%

200000

1 1 1 1 1 1
0 20 40 60 80 100 120 140
Test Suite Modifications

Figure 13. Rebuild times and Update times in milliseconds for test sué modifications. The average time required to
rebuild the DAG for each number of modifications is represenéd using an “x”. The average update time is shown as a circle.

programs and types of inputs are needed to address sucin bytes, and the number of changes made to the test suite.

threats to external validity. The time required to build the initial DAG was collected
Threats to construct validity concern the appropriatenessas an experimental control and consistency check. (Since

of our measures for capturing our dependent variables. Ourthe initial DAG would be created in practice regardless of

measures of time and space capture one aspect of these vaiihe decision to rebuild or update the DAG after changes, its

ables, but other factors (e.g. the amount of memory rathercreation time and size has no effect on the research question

than disk consumed) may be important in particular situ- we are investigating.)

ations. Also, Space executes very quickly, and its execu-  pe graph in Figure 13 provides a view of the rebuild and

t!on time c_ontrlbutes little _to the |n|t|_al, rebuild, anddque_ update time measurements collected during the test suite

times. This causes algorlthm run tw_ne to play a more IM- ., ygification stage. Each data point represents the average

portant role in comparisons of techmqu_es than it would for time in milliseconds for 15 trials for each number of random

a program requiring longer execution times. Longer exe- (.« suite modifications.

cution times, however, would be expected in general to in-

crease the benefit gained by the incremental algorithms. Stage two of our experiment simulated changes to proce-

duresinspace. The number of program modifications was
randomly chosen between one and four, inclusive. How-
ever, since the number of modifications is transformed into
We now present our results, beginning by presenting and@ list of test cases to remove, we reasoned that the number of
test cases removed from the DAG was a more reliable indi-
cator of the extent of changes made for each trial. We refer
531 Data to the number of test cases that were removed as the “Test
Change Factor”, or TCF. Figure 14 shows a box plot of the
In the first stage of our experiment, over each of the 50 testnumber of modifications made to the program compared to
suites, we measured three times in milliseconds, six sizesthe observed TCF for 750 trials. In general, the more pro-

5.3. Analysis and results

discussing data. Section 5.4 discusses implications.



computation. Update times were also relatively variable in
this range, most likely due to variation in the internal com-
150 L pression of the traces in the DAG. In areas of high compres-

sion, less graph traversal is required when searching #or th
appropriate test keys.

100 7
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5.3.3 Analysis of size differences

fication stage of our experiment first, followed by the size
B measurements for the program modification stage.

The average size of the initial traces generated by the test
suites during the first stage of the experiment was 982,460
bytes, with a standard deviation of 49,221 bytes. The aver-

Figure 14. Number of program modifications versus age size of the initial DAG was 80,685, with a standard de-

Test Change Factor (TCF). viation of 3,967 bytes. The average size of the initial DAG

relative to the initial trace was 7.78%. The standard devia-
cedures that were modified, the more test cases in the testion was 0.57%.
suite were affected. However, it was not uncommon fora  The recomputed DAGs in the first stage had an average
modification of a single procedure to affect the majority of size of 81,906 bytes, and standard deviation of 5,197 bytes.
the test cases in a test suite. The traces used to rebuild the DAGs had an average size of

Finally, Figure 15 shows TCF versus the rebuild and up- 1,039,282 bytes with a standard deviation of 90,874 bytes.
date times for the procedure modification stage of the ex- The relative size of the DAG compared to its corresponding

e . We present the size measurements for the test suite modi-
3

periment. trace was 7.74%, with a standard deviation of 0.56%.
Updated DAGs had an average size of 92,832 bytes with
5.3.2 Analysis of time differences a standard deviation of 8,220 bytes. The updated DAG was

) ) o on average 1.13 times the size of the rebuilt DAG, with a
When responding to test suite modifications, the average

i ! - standard deviation of 0.085. Since the size of the corre-
time required to update the DAG is less than the averagegyonging trace reflects only test cases that were added, a

time required to rebuild the DAG across the entire range of peer relative comparison of the compression obtained can
test suite modification sizes. The average rebuild time wasy o ptained by observing the size of the updated DAG in
958,156 milliseconds with a standard deviation of 172,616 g jon to the size of the traces used to rebuild the DAG. In

milliseconds. The computational effort required to update {5 case the updated DAG was 8.44% the size of the traces
the DAG after test suite modifications appears to be linear ;s to rebuild the DAG, and had a standard deviation of
in the number of test cases added to or removed from theg 7904,
DAG under the circumstances in which we collected our . . e
data. Rebuild time grows closer to update time as test suite For our expenm_e_n_ts with program modifications, the av-
size increases, but never reaches it, even as maximum test ad€ siz€ of_th_e initial DAG was 80,651 bytes, af‘d had a
i standard deviation of 4,407 bytes. The average size of the
suite size is reached. A . o
The time required to update the DAG after procedure initial traces was 982,461 bytes with a deviation of 49,221

: 0 .
modifications shows a more complex relationship in rela- bytes. On average the size of the DAG was 7.80% the size

tion to rebuild times. The average rebuild time was 830,417 of the trace, with a standard deviation of 0.57%.
milliseconds with a standard deviation of 95,340 millisec-  Thetraces used to recompute DAGs, and the recomputed
onds. For program modifications that affect fewer than ap- DAGs, exactly matched the size and variation of the initial
proximately 25 test cases in the DAG, updating the DAG traces and DAGs, since they were based on the same test
required less time than recomputing the DAG. For large Suite and the run-time behavior space did not change.

TCF values, the computational effort required by the two  The updated DAGs had an average size of 103,623 bytes
approaches appears relatively equal. Between a TCF of 25and a standard deviation of 23,833 bytes. In comparison to
and approximately 145, however, updating the DAG was the recomputed DAGSs, the updated DAGs were 1.28 times
consistently (with one outlier, a TCF of 33 having an aver- larger, with a standard deviation of 0.290. The updated
age update time of 668,389 milliseconds versus an averagddAGs were 10.0% the size of the traces used to create the
rebuild time of 830,653 milliseconds) less efficient than re recomputed DAGSs, with a standard deviation of 2.4%.
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5.4. Discussion An additional goal of our experiments was to measure
the absolute and relative sizes of the trasgace gen-
erated and thé&vol vel npact DAGs constructed from
update the DAG to the time required to recalculate the DAG. them. Th_e 51265 .Of _the traces and DAGS was consistent gnd
In all observed cases, it was more efficient to update a DAG showed little varlat|(_)n. A compression facto_r of approxi-
than to regenerate it when the program’s test suite was mod_mately 10 was consstently observed. Updatlng the whole-
. . . path DAGs caused only minor loss of compression.
ified. The computational effort measured by elapsed time

grows slowly with the number of changes made to the test

suite, never becoming equivalent to the recomputation ef-6 ~ Conclusions and Future Work

fort even when all test cases in the suite are modified.

When a procedure or procedures in the program were In this paper, we have presented algorithms that allow
modified, results varied with the number of test cases con-ourPat hl mpact approach to dynamic impact analysis to
taining the modified procedures. #pace we found it is be applied incrementally as a system evolves, processing
not uncommon for one procedure to be hit in a majority the set of test case or procedure modifications made to a
of the test cases. The computational effort required to up-program, and avoiding the overhead of completely recom-
date the DAG was less than the effort of recomputation only puting the information needed for impact analysis.
for program modifications that affect approximately 25test ~ Our empirical study of these algorithms suggest that
cases or fewer. One possible explanation for this result ischanges in a test suite can be accommodated more effi-
thatFi nd- Key- Li st may perform more graph traversal ciently usingevol vel npact than by rebuilding the DAG
operations than expected, or that the traversal may be mordrom scratch. The results also suggest that when proce-
computationally expensive than was apparent, above a cerdures are changed, the cost-effectiveness of the approach
tain modification threshold. will vary depending on the number of test cases which reach

Our primary goal was to compare the time required to



those procedures. After a system changspace, it be-

comes more efficient to rebuilt the DAG than to use the
Evol vel npact algorithms for a relatively small number

of affected tests. This may be due to the behavi@mdce

and the particular test cases we used in our experiment, but
could be expected to hold for other workloads too. An im-
mediate point of investigation is to find a practical metric
with which to determine when this threshold is reached,
both by extended experimentation wilpace and by ex-
amining the behavior of other programs. We will also inves-
tigate the possibility of creating a more efficient algamith

for removing components from the DAG, one that removes

components directly rather than usifgnd- Key- Li st
and then removing each test.

Future work includes experimentation with a wider
range of programs, an examination of the sensitivity of our
techniques to test input data, and consideration of object-
oriented and distributed programs. While this research has
investigated the application of an approach at the level of
a procedure, we intend to apply this model to other levels,
such as components. We intend to investigate scalability to
large systems by adapting the local level of modeling ac-
cording to various criteria, such as local usage or complex-

ity measures.

We also plan additional empirical comparisons with
While typical

conventional dynamic slicing techniques.

(3]

(5]

(6]
(7]
(8]

9]

[10]

[12]

dynamic slicing techniques operate at a different level [13]

(statement-level versus procedure-level) than our tech-rq4
nigues, the behavior of impact analyses based on dynamic
slicing may be more directly comparable to our techniques

than analyses based on other approaches such as static slic-
ing, and the techniques may offer different cost-benefits [15]

tradeoffs.
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