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Linear regression:
Univariate

One independent variable, one (continuous) dependent variable.

Outcome; = Model. + Error;,
Y =by+ b X, + &

b,: Interception at y-axis
b,: line gradient
X,: predictor variable

& . Error

X, predicts Y.



Linear regression:
Multivariate

Several independent variables, one (continuous) dependent variable.

Y=b,+b X, +b,X,+...+b X + &

b,: interception at y-axis

b,: line gradient

b, : regression coefficient of X
X,: predictor variable

& . Error

X, predicts Y.



Assumption

Linear regression assumes linear relationships between variables.

This assumption is usually violated when the dependent variable is
categorical.

The logistic regression equation expresses the multiple linear regression
equation in logarithmic terms and thereby overcomes the problem of
violating the linearity assumption.



Assumption cont.

log, ...[number]
log,16 =4 => 24=2x2x2x2=16
‘natural logarithm’: In
In =log, [number] | e = Eulers constant = 2,7182818284...

In[odds] => ‘logit’

logit(p) = In—2F
Y-

: p
elogit(p) —

elogit(p) (1-p) = 1;9 = elogit(p) _ pelogit(p)
p+ pelogit(p) = elogit(p)
p(1+ elogit(p)) = elogit(p)
1
p = ]t logith)




Binary logistic regression:
Univariate

One independent variable, one categorical dependent variable.

1

P(Y)=——
1+e (bo bl-xl)

P: probability of Y occuring

e: natural logarithm base (=2,7182818284...)
b,: interception at y-axis

b,: line gradient

X, predicts the probability of Y.



Binary logistic regression:
Univariate cont.

As P(Y) ranges from O to 1, the logit ranges from -oo to +oo.
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http://data.princeton.edu/wws509/notes/c3s1.html



Binary logistic regression:
Multivariate

Several independent variables, one categorical dependent variable.

bo+b1X1+b2xz+”'+bnxn
py)=-£
1+ e

bo+ b1 Xt b2 X+t bn X,

P: probability of Y occuring
e: natural logarithm base

b,: interception at y-axis

b,: line gradient

b,: regression coefficient of X

X,: predictor variable

X, predicts the probability of Y.



Binary logistic regression:
Multivariate cont.

=> Linear regression predicts the value that Y takes.

Instead, in logistic regression, the frequencies of values 0 and 1 are used to
predict a value:

=> Logistic regression predicts the probability of Y taking a specific value.



Research question

Broad: How intelligible is Danish to Swedish listeners without previous exposure?

Here: Which factors predict whether a Danish word is easily decoded by Swedish

pre-schoolers or not?
Dependent variable: Word intelligibility

Every word can be

— Decoded (1), or }

— Not decoded (0)
Independent variables:
— Phonetic distance
— Toneme

— Number of ‘difficult’ sounds for the listener

Binary variable

Continuous variable (0.00 - 1.00)
Binary variable (0,1)
Categorical variable (0,1,2,3,...)



Experiment

50 Danish word were auditorily presented to 12 Swedish children via
headphones

Similarly, 200 pictures (1.e. 4 pictures per sound) were presented visually on
a touch screen

The children were instructed to point to the corresponding picture

Resulting data: Intelligibility scores per word per subject

N

50 x 12 = 600 scores



Independent variables: Examples

* Phonetic distance: mane/mane hund/hund apa/abe
Sw. [mo:na]| [hend] [a:pa]
Da. [mo:na] & [hun?] & [e:bo]
0% 50% 100%
e Swedish tonemes: Toneme 1 (e.g. béibis §/) Toneme 2 (e.g. dpple )
(NB: Tonemes not found in test language, 500 500 \
only in listeners’ native language!)
)Q></\ e __________
00 Time (5) | 00 Time (s) 00 00
Swedish Danish Time (s) Time (s)

bdibis vs dpple baby vs eble

e ‘Difficult sounds’: Danish sounds that have been shown to be significantly more
difficult to decode for Swedes (Schiippert & Gooskens, in prep.): [€], [0], [j], [E]



Data

ia: intelligibility _LogReqg.sav [Datasetl] - 5P5S Data Editor

File Edit “iew Data Transform Analyze Graphs  Ublities  Window  Help

cde E ol =k &l Ee] BlalE %lel

|1 : Stimulus |ahe
Stimulus Stimr suhject |intelligibility] toneme [difficult souf phonetic dif °
1||abe 1,00 200 0 1 1 1,00
2|baby 200 200 1 a 1 A2
3| badekar 3,00 200 1 1 2 4
4ballon 400 200 1 a a A0
5lbanan 500 200 a a 1 A0
B il B 00 200 1 0 a o
7| bjgm 7 a0 200 1 0 1 38
8| blomst g,00 200 a 1 a B4
Slbog 800 200 1 0 a b7
10| bald 10,00 200 1 a a 38
11| bard 11,00 200 a a a i
12| bad 12,00 200 1 a 1 a3
13| cykel 13,00 200 1 a a A0
14| dar 14 .00 200 1 a 1 i
15| elefant 15,00 200 1 a 1 A4
16|finger 16,00 200 1 a a 70
17 |fisk 17,00 200 1 a a A3
18 | flyver 18,00 200 a 1 a B3
19| fod 19,00 200 a a 1 b7
20| fug 20,00 200 1 a a B0
21| gaffel 21,00 200 1 ad 1 20




Data Entry

i1 intelligibility_LogReqg.sav [Datasetl] - SPSS Data Editor

Fil= Edit ‘iew Data Transform | Analyze Graphs  Utilities  Window  Help

= EAETH N, B Reparts k z
EI _l_l El‘ Descriptive Statiskics ] ﬂ w
|1 : Stimulus F Tables K
Stimulus StimMr C':'mparle_mea"'s = P | toneme | difficult sou phonetic di]
1labe 10 zeneral Linear Mode k 1 1 1,00
3 bah ol Mixed Models b 0 1 17
=15 dl‘l'fk 3I|:| Correlate 3 - — '?1
Chalicl ! Regression k Linear. .. :
4]ballon 40 Loglinear ] Curve Estimation. .. A0
B bil B0  Data Reduction k n":"l LI:I;ISII:” t' I Ao
7| bjem 701 el ; Dud.lnc;mla ogiskic. .. g
2l hlomst B0 Monparametric Tests 3 Pr :ta Fd
9| hog g Time Series 3 robi. E7
.-ll:l t”:lld .-ll:l I:I 5LIWi'v'E|| h |"-.|l:ll'||iI‘|EEr... 38
1 bord 11 IIII Multiple Response b Weight Estimation. ., '?5
13[bad 13 Il:l Missing vYalue Analysis. .. 2-Skage Leask Squares. ., '33
3
' Complex Samples b !
13 cykel 13 0o pauu . Optimal Scaling. .. Al
14| dar 14 00 200 1 a 1 i
15| elefant 1500 200 1 0 1 T4
161 finger 16,00 200 1 a a o
17 | fisk 17 00 200 1 0 0 g3
18| flyver 18,00 200 a 1 a B3
191 fod 1900 200 0 0 1 By
20} fugl 20,00 200 1 a a B0
21| gaffel 2100 200 1 0 1 20




Data Entry

.1 intelligibility_L ogReq.sa¥ [Datasetl] - PSS Data Editor

File Edit “ew Data Transform Analvze Graphs  Uklities  Windos  Help Blockl
B B ol =k al Els] BldklE %l

|'] - Etimuloe [ 2ha
By ey '
1| & St = Dependent: 0K :
2 | ¢ Subject “ & intelligibilt oo i
3 ?tnneme aste | |
4 difficult_sounds_Fo N Feset B
£ ﬁphunetic_distance i M B
F ﬁ WaR0006 Covvariates: Cancel B
= ﬁ‘\-’.&HDDDE =T1[FILT | honehc distance Help —
ﬁF‘redicted probability . =
8 &) Predicted group [PC >a”|:|:| |
d ﬁ.ﬁ.nalng of Cook's inl |
10 .&Leverage value [LE :
 ethod: = =
11 ﬁNnrmalized residusl IEnter J i
12 ‘&DFEET'&“ for consta Selection Yariable:
13 .ﬁiDFEET.ﬂ. for Levensﬂ * . | Fule... B
14
15 Cateqorical .. | Save. . Optiohz. .. |
15
17 |fisk 17 00 200 1 I 0 g3
18| flyver 18,00 200 0 1 0 =]
19| fod 18,00 200 1 a 1 a7
20} fugl 20,00 200 1 a ] =]
21| gaftel 21,00 200 1 0 1 20




Data Entry

vt intelligibility _LogReqg.sav [Datasetl] - 5P5S Data Editor

Fil=  Edit

Miews Data  Transform  Analyze  Graphs  Uklities  Window  Help

c|da @ @ =]k &l Ele

1 Stimuls [aha
M Logistic Regression i
T | stimhr - [
2 |4 subject 2
3 | toneme 1
4 ﬁdifficult_snunds_Ful 1
5 é? phonetic_distance 0
= ﬁ WARDDDE Covaniates: Lancel 0
> ﬁ WaR000E =1 [FILT toneme ) Help o
ﬁF"redicted prabahility difficult_sounds For Swedes
£ &3 Predicted group [PC 4
d ﬁ.ﬁ.nalng aof Cook's inl i
10 Leverage value [LE ; &
11 ? Nnrmalied residLaI i IEnter j o
12 ﬁ DFBETA for consta Selection Y anable; 3
13 | & DFBETAforLevense| [0 | | Fule.. ¥
14 o
15 Cateqgaorical... | Save... Optiohz. .. 4
15 I
17 | fisk 17 00 200 1 0 0 g3
18| flywer 18,00 200 0 1 0 =%
19 fod 1900 200 0 0 1 =T
201 fugl 20,00 200 1 0 0 =10
21| gaftel 21,00 200 1 a 1 20

Block 2



Data Entry

. intelligibility_LogReg.sav [DatasetZ] - 5P55 Data Editor

Fil= Edit

Wiew [ata  Transform  &nalvze  Graphs

Lklities  ‘Window  Help

=aE B o2 =k al el BlalE %lel

| 1 Stimmloes

I Logistic

[ =ha
Regression

1 ShimM = Dependent; 0k I
2 ? SL:IITI : ' _l } |- _| ol
3 ﬁ i Logistic Regression: Define Categorical ¥ariables il -
4 & dit Covariates: Categaorical Cowvariates: Conti [
5 ﬁphc ‘& T TR ortinLe
ﬁ"v‘.ﬂ. phonetic_distance bohieme]l ndicator]
b ﬁv " f difficult_sounds_Far_S Cancel
; ﬁPfE ] Help
%F‘re
: f.ﬂ.n.
1 fLw — Change Contrazt
11 ?EE Caontrazt: Ilndicatl:ur vI Change |
12
13 @DF Reference Categony: % Last O First
14
15 Categorical... I Save... I Options... I 4
15 I
17 | fisk 17 00 200 1 1 a 13
18| flyver 18,00 200 [ 1 0 b3
19| fod 18,00 200 0 1] 1 BF 100
201 fugl 20,00 200 1 1 a B0
21| gaftel 21,00 200 1 0 1 20




Data Entry

.1 Intelligibility_L ogReqgr.sav [DataSetl] - SP55 Data Editor

File Edit ‘iew Data Transform Analyze Graphs  Uklities  Window  Help

=|d|B| B o] =] & Fir SlalE %l

|1 - Stimulns [aha

1 ShmM - Dependent; 0k [
[ [Zn o] oy e o |
| T E—— xif
4 |« [ Statistics and Plots Eotlitie I
& | |V Classification plots [T Comelations of estimates [
B |* | HosmerLemeshow goodness-of-fit W lteration history Cancel I
7 B lm e iz lizting of rezidual Clf B I % &
) V¥ Caszewise listing of residuals | ar explBl |95 & Help
o . & Outliers outside IE std. dev. 4
9 i " Al cases i
N Dizplay =
11 ¢ | % Abeach step Al last step 5
12 |« » . B
13 |+ -~ Probability for Stepwise Clazzification cutoff: I,E 0
14 Entry: I,DE Femaoval: I,'I 0 5
T b anirnarn [terations:; IEEI .
15 W Include constant in model 0
17 | fisk 7 00 =00 T 0 u, 13
18] flyver 1800 200 0 1 0 B3
19 fod 1900 200 0 [ 1 B
201 fugl 20,00 200 1 0 a B0
21 gaffel 21,00 200 1 0 1 20




Output: Block 1 (Phonetic distance)

COmnibus Tests of Model Coefficients Maodel Summary
Chi-sguare df Eig.
Step 1 Step b2 0449 1 aan Step
Block 1 ooo L
Model E2,049 1 RIJH|E
Improvement f
through added Improvement is -2LL:
variable significant: predictor ~Amount of
‘phonetic distance’  ‘phonetic distance’  unexplained
contributes to the variance
model

2 2
R..=012 R =017



Exp(B) < 1

Output: Block 1 (Phonetic distance)

Classification Tahle=

Fredicted
intelligibility Percentage
Qhserved 1] 1 correct
Step 1 intellicitility I 18 113 13,7
1 12 aa7r L5
Owverall Percentage m’

Indicates that phonetic

distance correlates negatively

Model predicts correct

value in 75% of the cases.

with intelligibility.
Variahles in the Equation
85 0% C.1.for EXF(BE)
B 3.E. Wald df Eig. ExpiB Lowwer Lpper
Step  phonetic_distance -3,704 526 49 658 000 (025 ] 009 il
1 zonstant 3,084 331 26,654 o0 21,544




Output: Block 1 (Phonetic distance)

Chserved Groups and Predicted Probhabhilities

50 + 1 e
1
1
F 1
123 a0 1 B
E 1
Qo 1 1 1
) 1 1 1
E 40 1 1 1 1 1 1 B
N 1 1 1 1 1
c 1 11 1 1 1
T 1 11 1 1 1
20 1 o 11 1 1 o 111 111 1 +
o o 11 1 1 o 111 111 1
o 1 11 0 11010 0O o 110 111 1
o 0 00 0 ooooo o o 110 111 1
Predicted I I I
Prob: ] ;25 5 P 1

,
Group: 00000Q00000OQO000C0Q00000000000112111133333111313131331113333111111

Nondecoded stimuli seem to be difficult to predict (the zeroes should be
concentrated further to left).

Decoded stimuli are more correctly predicted by the model (note the 1-
columns on the right hand side of the plot).



Output: Block 2
(Phonetic distance, Toneme, Difficult Sounds)

Omnibus Tests of Model Coefficients Madel Summary
Chi-gquare df =1 -2 Log Cox & Snell Magelkerke
Step 1 Step 14 754 3 a0z Step likelihood R Sguare R Square
Block | Azl 3| Cozy [
Model /B 804 4 L
2L f
Amount of
Model hgs l’rflurthe}rl Significant value: unexplained
1mmproved throu N . .
d(Il) d bl (g) indicates that one or variance 18
added variable(s
both of the new reduced from \
: : 513,09 to 498,34
predictors improve the |

new model.

2 2
R.,=014 R =021

2
(Block 1:  Res=0-12 Ry=17 )



Output: Block 2

(Phonetic distance, Toneme, Difficult Sounds)

Variables in the Equation

45 0% C.|Lfor EXP{H)

B S.E. Wald df Sig. Exp(B) Lowwer Llpper
Step phonetic_distance -2,950 ATz 26,5545 1 ana Riays 17 JE1
1 tonemei1) 272 206 a04a 1 341 | 1,313 749 2,302

difficult_sounds_

For Syodes - 363 171 4 506 1 Cozs ) 497 a73

Caonstant

2,746 456 36,209

Significant value

indicates that variable ‘difficult

sounds’ improves the model. Non-significant value

Exp(B) < 1 indicates a negative indicates that variable ‘toneme’

correlation. does not improve the model.



Results and Conclusion

Phonetic distance correlates negatively with intelligibility and contributes
significantly to the model.

Tonemes seem not to be contributing to the model. This phenomenon, that
listeners are familiar with from their native language but that 1s missing in
the test language, does not seem to puzzle the listeners.

The number of difficult sounds correlate negatively with intelligibility and
contribute significantly to the model.

Together, phonetic distance and number of strange sounds account for 14%
to 21% of the variance.
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