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Statistical Analysis



Preparing Data for Statistical analysis

 Cleaning up data

a @ 1%

1% dla 1 Ny Aa 1 % I = v
* AumqanAandnaaldiatianan 1 dayamiilulills visa Aaueadu
asndiays (wa : M:0:1:4)

e Coding Data luusnstifiasiinsuilasdioya 1w o =2 1
vi90 d298uAan 15000 — 30000 -2 1 iilusiu

* Organizing Data

* n19angluLLdayadIMTLNTUTENIARARUTLLAATIATANND LU N9

1% SPSS iaulzauineumnuunns1siayaaestn dayaraasgasios
Aulupadnlimaiu



Descriptive Statistics

o alidnlanuguiiaya
e saaeinga Means, medians, variances, standard
deviation uaz ranges

* nsinAnnLingautinane (Measured of central
tendency) : Anads (mean/average) Ansisagiu
(Median) sauilen (mode)

e danisnszans (Measures of spread) : range, variance,
sd

e siluuudayanisnszans : normal distribution

e neilald ND, fesudas viza 14 non-parametric



MsdFeumeuannae

* Significance test

e ttest:two independent sample
 ANOVA test tsauninndnaas : one-way, factorial, repeated , split-plot

Eoaimet desrg | Indgperdet \a() | Grditionsfor eachV Typesof teg
1 2 Indegperdent-snplet ted
Btvengoup 1 Jonoe  |oevayA\DA
20rnore 2ormore |Fedtond ANDA
1 2 Rireoksnplet te
VWhngaoup 1 3ornoe Rpeted nessre ANDA
200more  |20rmore Rypested messre A\DA
Bivemachwthngop  2ornoe Slit-plot AAMND



T tests

o 15luUnN1IMARALAINNLANFATTRY ANLAAS

* Fatnsdayaniiumeaaaufiaailu dasyainiu vea kiAo uduiug

Q/

1

* Fnaeing ; TNANNLANANNINIENINNAILALATATE 996 1Fa1 SW
ey & 18N

 |Independent-samples t test

® NINARALIAYINLANGNIZTNIWNANAINGH L1THU NgNUENITIHIATaHE BN
ngulianslfiATasie

e Paired-sample t test

* NANVIAAALNGNIALIANY WARENI9FN9AU



T tests (ao)

* ngmAluNan1TAUnL T test

o ngpuand t test liraAwnnniEandd t value dhgsaaunn null
hypothesis dnnutinaziilugedniluia (luidi3a visaluaiunm
claim) sisa dflun1maaauaAt Mean azianuLansNeii

* fasinupatdaapuimaii (95%) asiuen t value nléitigeint #
1TAa1nNmA1919 LEANIINIINARDLN AN LANFIN

* Two-tailed and one-tailed t test auatjilszisiunimeaay
 NAnuuANENTEUdNguElE SW ALla14

o nauild SW HAuEd lunnsiuwiBanan g4



M3 ansIzHaNuulsisou (Analysis of variance)

e ANOVA 1Flunsufzeuinasy mean unnnangaasngs

o izayuaniFanIilu F test

* One-way Anova

® NARALANHNLANAINTITUINNGN
o/ a = d@l o 1= dl
* pgaRaLRnIzFlsaasvIieauilasiauls ustvane ) Meuls

% 1 1 % a A o KR Y v ax a
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(Standard) wuufisadae (word-prediction) was wuw
speech-based (1unnfaeide)



Group

standard

standard

standard

standard

standard

standard

standard

standard

prediction

prediction

prediction

prediction

prediction

prediction

prediction

prediction
speech-based dictation
speech-based dictation
speech-based dictation
speech-based dictation
speech-based dictation
speech-based dictation
speech-based dictation
speech-based dictation

Participants
Participant 1
Participant 2
Participant 3
Participant 4
Participant 5
Participant 6
Participant 7
Participant 8
Participant 1
Participant 2
Participant 3
Participant 4
Participant 5
Participant 6
Participant 7
Participant 8
Participant 1
Participant 2
Participant 3
Participant 4
Participant 5
Participant 6
Participant 7

task completion time

A10819703@

245
236
321
212
267
334
287
259
246
213
265
189
201
197
289
224
178
289
222
189
245
311




a03v1 ANOVA a2e Excel

* ANUIUARTEYARINLALITNENT)

* yAaaIN ANNULITUIusTIdengl way nnalunguiaald Excel
(TWiaasAnunannaile) Tinailszuns 30 Wi wa. Ansruanuien i
ANNGINaU ) 1

e TamsaF (2,21) =777

ANOVA

Source of Variation SS df MS F P-value F crit
Between Groups 7842.25 2| 3921.125| 2.173781| 0.138667 3.4668
Within Groups 37880.375 21| 1803.827




Factorial ANOVA

* ANEIANNNUANAINTEUINNGN

v/

=\ a 1 d@l o
® pLUTRATZNINNINYINEALLLT
® FNALNY
-4 1 a all9/ a a o Y] dll = 1
® AINFIAUILANNFAINAZDUUTZANTNINNIININIUAVLLATAIHAUFIAY
U920 131889 ANE AN LANI1 KU s e N wmnNsguiunig g
LATRNNA

* ANYFNNIUWEN 2 Uszinn Reulanimesauariyivdy 6 LUy (2*3)

o (mdayalils)



Repeated measures ANOVA

a ¥ a 1 1 = di o
* nanufiasNITsziuANLANANETuNgN uaziuanaRaula 111
1N NI E TR AR TER
* saatnau Uszinnnistiunndeya (Data entry type) - 3
wazpnnlszinnaesanu (task type) — 2 fasdnwisaniaya 6
1p ALFarRaul1IIN1IMAFDLABINIITaYA 12 918N17 1119
AaNARLETENdaNaTiaay 6*12 = 72 Tusnuuneanuliainngm
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BRIAR

® FRINIINIILANLANFNTBILATANNE WA LHNNAWIIN1ITAADL

Standard Prediction Speech
Paticipant 1 245 246| 178
Paticipant 2 236] 213 289
Paticipant 3 321 265 222
Paticipant 4 212 189 189
Paticipant 5 267 201 245
Paticipant 6 334 197 311
Paticipant 7 287 289 267
Paticipant 8 259 224 197

fasld two-way ANOVA without rep. —



Q/

WAWUTUINNEDIND LAY via1gTEall

e Within-group

Standard |Prediction| Speech

Transcription Group 1l | Groupl | Groupl

Composiotn Groupl | Group1l | Groupl




ANOVA for split-plot design

* fasn1sAnevia between-group waz within-group

® F9BEN NQNAIBEING 2 NAN LANNITNAABILAATIN LAT)N

ansile
Keyboard prediction Speech
Transciption Group 1 Group 1 Group 1
Composition Group 2 Group 2 Group 2




Jomruavesns ¥ t test uaz F test
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Correlation

o Hunnslugiuuvaasnismipauduiuiaaasiaule

C Exp. [Standard|Prediction
Participlant 1 12 245 246
Participlant 2 6 236 213
Participlant 3 3 321 265
Participlant 4 19 212 189
Participlant 5 16 267 201
Participlant 6 2 334 197 C Exp. | Standard | Prediction
Participlant 7 8 287 289
. . C Exp. 1
Participlant 8 11 259 224
Standard |-0.72264 1
Prediction |-0.46753| 0.324856 1




Regression

* AuANNUEIZINFILLT INRATY BTleFaul g AuAqLUIRRTY
R NG INIE

® 3yl

e Model construction
 Model prediction



Nonparametric statistical tests

e Chi-square test
e dayalumisagyl (Contingency table) fasflugaszaindiu

o 151AR netldiayaruIALEN (AYFNINNGT 20)
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Model Evaluation

e Metrics for Performance Evaluation
— How to evaluate the performance of a model?

e Methods for Performance Evaluation
— How to obtain reliable estimates?

e Methods for Model Comparison

— How to compare the relative performance among
competing models?



Metrics for Performance Evaluation

 Focuson the predictive capability of a model

— Rather than how fast it takes to classify or build
models, scalability, etc.

e Confusion Matrix:

PREDICTED CLASS

ACTUAL
CLASS

Class=Yes |Class=No
Class=Yes a b
Class=No C d

a: TP (true positive)
b: FN (false negative)
c: FP (false positive)

d: TN (true negative)



Metrics for Performance Evaluation...

PREDICTED CLASS

Mpost widely-used metric:

Accuracy =

Class=Yes | Class=No
Class=Yes a b
ACTUAL (TP) (FN)
CLASS Class=No C d
(FP) (TN)
a-+d TP +TN

atb+c+d TP+TN +FP+FN



Limitation of Accuracy

 Consider a 2-class problem
— Number of Class 0 examples = 9990
— Number of Class 1 examples = 10

e If model predicts everything to be class O,
accuracy is 9990/10000 = 99.9 %

— Accuracy is misleading because model does not
detect any class 1 example



Cost Matrix

PREDICTED CLASS

ACTUAL
CLASS

C(i[j) Class=Yes | Class=No
Class=Yes | C(Yes|Yes) | C(No|Yes)
Class=No C(Yes|No) | C(No|No)

C(i|j): Cost of misclassifying class j example as class i




Computing Cost of Classification

Cost | PREDICTED CLASS
Matrix
cal) | + -
ACTUAL
+ -
CLASS 1 | 100
- 1 0
Model | PREDICTED CLASS Model | PREDICTED CLASS
M, M,
+ . + -
ACTUAL ACTUAL
+
CLASS i kabs il CLASS 250 | 45
- 60 250 - ) 200
Accuracy = 80% Accuracy = 90%
Cost = 3910 Cost =4255



Count PREDICTED CLASS
Class=Yes | Class=No
Class=Yes a b
ACTUAL
CLASS | Class=No C d
Cost PREDICTED CLASS
Class=Yes | Class=No
Class=Yes P g
ACTUAL
CLASS | Class=No g D

Cost vs Accuracy

Accuracy is proportional to cost if
1. C(Yes|No)=C(No|Yes) = q
2. C(Yes|Yes)=C(No|No) =p

N=a+b+c+d
Accuracy = (a + d)/N

Cost=p(a+d)+q(b+c)
=p(a+d)+q(N-a—d)
=qN-(q-p)(a+d)
=N [q - (g-p) x Accuracy]



Cost-Sensitive Measures
Precision (p) -4
a+C

Recall (r) = — 2
a+b
2rp 2a

I+ p:2a+b+c

F - measure (F) =

e Precision is biased towards C(Yes|Yes) & C(Yes|No)
e Recall is biased towards C(Yes|Yes) & C(No|Yes)
e F-measure is biased towards all except C(No|No)

Weighted Accuracy = wa-+wd
wa+wb+wc+wd




Methods for Performance Evaluation

e Howto obtain a reliable estimate of
performance?

 Performance of a model may depend on
other factors besides the learning
algorithm:

— Class distribution
— Cost of misclassification
—Size of training and test sets



Learning Curve

® Learning curve shows how

e accuracy changes with
2 1) S %M varying sample size
a5 | | 1 ® Requires a sampling
anl | schedule for creating
learning curve:
751 .
5 e Arithmetic sampling
s 0T ] (Langley, et al)
T
B r / i e Geometric sampling
BOF | . (Provost et al)
E5 1 .
50 F 1 Effect of small sample size:
45 T R T Y R - Biasin the estimate
10° 10’ 10° 10° 10 _ _
Sample Size - Variance of estimate



Methods of Estimation

Holdout
— Reserve 2/3 for training and 1/3 for testing
e Random subsampling
— Repeated holdout
e Cross validation
— Partition data into k disjoint subsets
— k-fold: train on k-1 partitions, test on the remaining one
— Leave-one-out: k=n
e Stratified sampling
— oversampling vs undersampling
 Bootstrap
— Sampling with replacement



Comparing Performance of 2 Models

e Given two models, say M1 and M2, which is
better?

— M1 is tested on D1 (size=n1), found error rate = e,
— M2 is tested on D2 (size=n2), found error rate = e,
— Assume D1 and D2 are independent

— If n1 and n2 are sufficiently large, then

€ ~ N(Migl)
€~ N(ﬂzigz)

e(l-e)
— Approximate. n

& =



Comparing Performance of 2 Models

e To test if performance difference is statistically
significant: d =el —e2
— d~ N(d,c,) where d, is the true difference
— Since D1 and D2 are independent, their variance adds up:

c'=0+0 =26 +0,
_ el(1—el) N e2(1-e2)
nl n2
d=d+Z o

— At (1-a) confidence level, t al2 =t




An lllustrative Example

e Given: M1:nl1=30,el1=0.15
M2: n2 =5000, e2 =0.25

e d=|e2—-el| =0.1 (2-sided test)
. 0.15(1-0.15) N 0.25(1-0.25)

Gd
30 5000
* At 95% confidence level, Z,,,=1.96

d =0.100+1.96x+/0.0043 =0.100+0.128

=> Interval contains 0 => difference may not be
statistically significant

=0.0043




Comparing Performance of 2 Algorithms

Each learning algorithm may produce k models:

— L1 may produce M11, M12, ..., M1k
— L2 may produce M21, M22, ..., M2k

If models are generated on the same test sets

D1,D2, ..., Dk (e.g., via cross-validation)
— For each set: compute d, = e;; — e,
— d; has mean d, and variance G,

— Estimate: Zkl(d _a)z
" k(k-1)
d=d+t &

1-a k-1 t
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e http://www.math.unb.ca/~knight/utility/t-
table.htm

e http://www.watpon.com/table/
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