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Open issues In data quality
(for software engineering)

e Conclusion Instability
® Locality

® Best way to find significant data
® How toimport data from other sites
® Relevancy filtering

® Feature selection
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Background




The PROMISE Experiment

® 2005, ...2011

® Repeatable, improvable, maybe evenrefutable experiments in software
engineering

® Putuporshutup
® [Menzieso7]

® [fyoupublish a paper, itis strong encouraged that you also offer the
data on which the conclusionwas made

® 130 data sets:

® Defectprediction

e Effortestimation

® Model-based reasoning
® Textmining

® efc
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In 2006, the repository held 23 data sets.
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In 2008, at last update, the repository holds 100 data sets in the following areas:

Defect Prediction (57)
Effort Prediction (18)
General (9)
Model-based SE (7)
Text Mining (9)
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PPROMISE,

The 6th International Conference on Predictive Models in Software Engineering
Co-located with ICSM'10, at Timisoara, Romania
Sept 12-13, 2010

Home | Program | Venue | Registration | Call for papers | Dates | Committees | Keynotes | Submit | Promote

Important Dates

Papers:

Abstract Submission Deadline: May 28, 2010

Paper Submission Deadline: June 4, 2010

Student Symposium Submission Deadline: June 4, 2010
Notification of Results: July 9th, 2010

Camera Ready Copy Submission Deadline: July 23th, 2010

cese e

Registration:

* Early registration deadline: August 16, 2010
Conference:

* Main conference: September 12 and 13, 2010

* Student 13, after
(Note: symposium attendees must register for the mam conference.)

Special issue:

* Invitations to submit: October 1, 2010

* Paper submission deadline: Dec 31, 2010

* Notifications of first round reviewing: March 31, 2011
* Publication: late 2011 (planned)

Hotel. PROMISE: 2005, 2006, 2007, 2008, 2009 | Contact: mail (at) promisedata.org




Relevance to quality

Other repos Our repo
® Extensive software ® No restrictions on
support forthe data research questions
storage
e E.g [Gentlemanoy, ® Send us something,
Leischoz] e \We'llplace it on-line

e Elaborate design of ® Let many groups

research questions: analyzing that data

® E.g. CeBASE [Basilio] e Extensive list of

® None of those SE repos conclusions

are still on-line e Still an active, on-going

research initiative.
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Some results:

Learning to Organize Testing

® [nspect X% of the code, find Y% of the bugs

A=30 B=45
® But which X%? 100 ' ' ' '
® Askadataminer best Ct-85
T 8Ff A .
: = good Q7
e Typical results: 3 S o
[} QI_I' Q ,
® [Ostrandio]: X=20% df files,Y=75t093% g 60 |- & é\{\\@ S -
RENS)
® [Tosunio]: X=25%. Y= 88% 2 D 0,,}0
: < Q
® [Menziesio0a] X=25%, Y=70% § 40 & i
e Orany ctherpoint you like S “ba
rarl P |
0 /- 1 | ] ]
0 20 40 60 80 100

Effort (% LOC inspected)
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20 * 90% sub-samples

® Linearregression on COCOMO

data

e \Wild variance in the learned

model

e Specifically, inthe variable

coefficients

10/2/10

(c) Tim Menzies 2010
creativecommons.org/licenses/by-sa/3.0/3.0

coeffecient value

attributes coeffecients

/r.
.
/ 1
/' "l
] .
'.' @"0
/
' Y
oo
/"'_'4100-0 //
.3 8 o ! N
/o 8 SIS P P 4
',' 1/ 1% K o b
vl . S
IS e ® A
XS poead) i
I

4 g ReNcral !
i |

SRR OROMEH CRCHONS) O'O‘O"'O ICECHSRI)
: I

acap —+—

aexp ——X--
cplx --%--
data (-
lexp — - 7]
loc - © -
modp -- @ --
pcap ---A--
rely ---A---
sced —v—
stor —-v-- —
time --&--
turn —©—-
vexp N
vit -- O--

all coeffecients, sorted



Localit

S Ty
LT 0



10/2/10

[Brady10]: case-based reasoning

to tame instability

Seek best changestoa project

® Tames conclusioninstability, but conclusions project specific

® PBeware the snake

oil salesman telling
you that "it worked
there, it willwork
here”

® Besttoassess

policies w.r.t.
local data

® (Areyou

collecting
lecalidata?)

acap apex ltex Itex plex pmat pmat sced sced stor time tool #of
cases query 3 3 3 4 3 3 4 2 3 3 3 3 Changes
nasa93 ground 100% | 55% 85% 3
nasa93 flight 95% | 70% 100% 3
nasa93 osp 95% | 90% 100% 3
nasa93 osp2 100% 80% | 85% 3
coc81 flight 60% 65% 2
coc81 osp2 55% | 55% 65% 100% 4
coc81 ground 80% 100% 2
coc81 osp 65% 65% 2
Overall: 12% | 11% 7% 19% | 24% | 49% | 10% | 11% | 21% | 23% | 21% | 13%
(c) Tim Menzies 2010
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Some data is better than others

SERS Sisncvl teling One of these things is

s not like the other
® Relevant =the k-th nearest 7% |

neighbors in the train set

® Only train on this “relevant” set

® Datasubset selection

® Revealthe core content

(c) Tim Menzies 2010
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Relevancy filtering:

How to use other people’s data

Learnin : _
= ® Anexperiment with N
® (a) software development

e contractors
estimation or ® Imported:
® (b) software defect predictors ® train onthem, test on me
® |ocal
Suppose you don't have local data ® train onone, testof one

® Relevant:
® find nearest neighborsin
them, train on just those
® test on me

® Findrelevant datafrom other
companies

Works as well as if you had local

data ® Pd = detection, pf =falsealarm
® |Imported pd,pf=94(!), 68
® |ocall pd pf=75,29

® Rlevant: pd,pf= 69,27

® Fordefectprediction
[Turhanog]

® Foreffort estimation
[Menziesi10]

(c) Tim Menzies 2010
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Feature selection:
strip away spurious details

X-axis
sorted by entropy
sum(-p*log(p))
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Useful = 6/16, 10/35, 1/7, 5/45 = 38%, 26%, 14%, 11%
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Select features
with Nomograms

®Nomograms [Mozinao4]:

® Discretize every feature.

® Forall pairsoftarget/ other classes

of size C1, & count frequency of
range N1, N2 in each class

® | og(oddsratio) =
log((N2/C1) [ (N2/&))

® [f positive, then more frequent in target

Data from Fenton’s Bayes Nets
® [Fentono8]
® Target class: worst defects
® Useful subset of attributes: 7%
® And of those attributes,
® Onlya fewranges matter

Points

Scale_of_distributed_communication
Complexity_of_new_functionality
log_KLOC_new_
log_KLOC_existing_
Integration_with_3rd_party_s_w
quality_of_existing_code_base
Rework_effort
Defined_process_followed
Development_process_effort
Complexity_of_existing_code_base
Process_maturity

Project_planning

Testing_effort
Internal_communications_quality
Rework_process_quality
Spec___doc_effort
Significant_Subcontracts

Testing_staff_experience
Requirements_stability
Standard_procedures_followed
Requirements_management
Relevant_experience_of_spec___doc_staff
Testing_process_well_defined
Quality_of_documented_test_cases
Development_staff_training_quality
Programmer_capability
Regularity_of_spec_and_doc_reviews

3 2T 1!
9-19372 ' 1

Stakeholder_involvement 4
IQuality of anv nrevi docu b4
. -3 -2 -1 0 1 2 3 4 5 6
Points T T T
0.05 .2 04 06 0.8 09
Log OR Sum r L e T ;
0.1 0.3 0.5 0.7 0.95
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Caution

® Simple entropy, nomograms,
® runningin linear time

® notthe bestfeature selector

® Best=WRAPPER
® Asearchthrough all subsets of F features

e Warning: may be impractical for large data sets

e Mixed strategies

® Send out the scouts (e.g. nomograms) to quickly prune
e Before firingthe big guns (WRAPEPR)

(c) Tim Menzies 2010
creativecommons.org/licenses/by-sa/3.0/3.0
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Example 1: Select columns
with WRAPPER for effort estimation

50 @ Before pruning (B) ——
40 | E 100 After pruning (4) ——
S 80 100+ (B - A)B——
30 | P
S 60
20 Eaw
10 5 E 2l
2 2 1 = -
0- - - - - E I I I I 1 I 0 1
Low Nominal o A B cii0 ciid cocina60 call pall tall c03 c01 {03 p04 102 c02 p02 po3
Complexity Data set
Pruning just columns Pruning columns and some rows Pruning columns and many rows
75 [ - x”/x\,( ‘
g
3 S0 =
a
25 o
® Reference: [Menziesos]
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® USQfUlz 65% g 120 =
2 80~ -1
£
= s &1 w—\
| Y ! | ! W
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Before —+—— After e Number of rows 4 ’




Example 2: Select columns
with WRAPPER for defect prediction

® 10-way cross-val, LSR, on [Bno8]

Defects =

82.2602 *S1=, M VH +
158.6082 *S1=M VH +
249.407 *S1=VH+
£1.0281 *Sa2= H+
68.9153 *Sa2=H +
151.9207 *S53=M,H +
125.4786 *S3=H +
257.8698 *S4=H M VL +
108.1679 *S4=VL +
134.9064 *S5=_ M +
-385.7142 *S6=H M VH+
115.5933 *S6=VH +
-178.9595 *S7=H,L M VL +

[ 50 lines deleted ]

R? = 0.45 (mean on x-val)

e WRAPPER:

® Search for attributes that

matter, 10 times on 90% of
the data

® Only build model from

attributes selected at least
50% of the time.

Defects =
876.3379 * S7=VL+
-292.9474 * D3=L, M+
483.6206 * Po=M +
S B2 S G Pl | (B8
95.4278

Uses 4/53 =8% o f the data

R?=0.98 (meanonx-val)  *°



Implications for data
quality planning

® Awarning: it may be a waste of effort to:

® [xpendgreat effortto precisely define all
possible data points,

® Then spend much time collecting data
according to those definitions.

® Rather, more effective to:

1. Quickly implement a draft definition/
collection plan.

2. Assoonasanydataisavailable, apply
feature selection.

3. Only elaborate data that feature selection
reports are significant.

(c) Tim Menzies 2010

dol2ito creativecommons.org/licenses/by-sa/3.0/3.0

20




SEJNEL LV
T




Explaining the surprising
conclusions of PROMISE

Value of
conclusions actual ‘\ +

believed

Collection effort

® Giventhe local conditions of a particular project,
® Only asmallnumber of features are insignificant:
e [£.g 38%,26%, 14%, 11%, 63%, 7%, 7%
® Soin alarge pool of messy data
® They may exist a subset that is still useful for prediction
® So real-world data is good, providing you get enough

of it, and throw most of it away before you learn

(c) Tim Menzies 2010
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Open issues In data quality
(for software engineering)

e Conclusion Instability
® Locality

® Best way to find significant data
® How toimport data from other sites
® Relevancy filtering

® Feature selection
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Questions?
Comments?
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