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TESTING COMPOSITE HYPOTHESES WITH
EQUALITY AND ORDER CONSTRAINTS

The magnitude of statistical parameters are not absolute but relative.

Effects are not only relative to each other, but also to the area of the
science, and to the research method that is employed (Cohen, |988).
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TESTING COMPOSITE HYPOTHESES WITH
EQUALITY AND ORDER CONSTRAINTS

The magnitude of statistical parameters are not absolute but relative.

Effects are not only relative to each other, but also to the area of the
science, and to the research method that is employed (Cohen, 1988).

For example, a (standardized) effect of .3 may be large when regressing
political left-right placement on educational level, but small when
regressing quality-of-life on treatment dosage.

Therefore test composite hypotheses with equality (=) and order
constraints (<,>) on the effects of interest.




ORDER HYPOTHESES ON RELATIVE EFFECTS

Workplace aggression from inside and outside the organization.

Employees at hospitals indicated whether they experienced any form of
aggression by managers, coworkers, and/or visitors.

The degree of anxiety, depression, and job dissatisfaction was
measured for each respondent which served as dependent variables.




ORDER HYPOTHESES ON RELATIVE EFFECTS

Relative effects of independent variables on a dependent variable
are generally modeled using regression models.

An example of workplace aggression on workers' well-being.

Depression = [3, + By x Aggression(V) + 3 x Aggression(C) + 3,; x Aggression(M) + error

with By = Relative effect of aggression from visitors on depression.
= Relative effect of aggression from colleagues on depression.
C 8 8 P

By = Relative effect of aggression from managers on depression. o



ORDER HYPOTHESES ON RELATIVE EFFECTS

Hypotheses are often formulated with order constraints.
We expected a positive effect of aggression from visitors on depression, i.e., B, > 0.
We expected a positive effect of aggression from coworkers on depression,i.e., B > 0.
We expected a positive effect of aggression from managers on depression, i.e., B > 0.

Based on the hierarchy in the organization we expected that the relative effect of
aggression on depression is largest for managers, followed by coworkers, followed by

visitors: By > Bc > By

See Braeken et al. (2014).




ORDER HYPOTHESES ON RELATIVE EFFECTS

We can combine these order constraints into a single 'order hypothesis'.

"All sources of workplace aggression have a positive effect on depression and the effect

is largest for managers, followed by coworkers, followed by visitors":

Power differential hypothesis: H,: By > Bc > By > 0
versus

Complement hypothesis: H,:“not H,”.




ORDER HYPOTHESES ON
INTRACLASS CORRELATIONS

The Trends in International Mathematics and Science Study (TIMSS)
measures the performances of fourth and eight graders in more than 50
participating countries around the world (www.iea.nl/timss).

Interest is not only in testing the average grades across countries, but also
in testing the variability of school performance within countries.

The relative variability between schools is quantified by country
specific intraclass correlations.




ORDER HYPOTHESES ON
INTRACLASS CORRELATIONS

Country | Country 2

Level 2: Schools < betweerkschools >

Level |:Students



ORDER HYPOTHESES ON
INTRACLASS CORRELATIONS
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ORDER HYPOTHESES ON
INTRACLASS CORRELATIONS

Focus on The Netherlands, Croatia, Germany, and Denmark.
Null hypothesis: Equal intraclass correlations over countries:
Ho: PnL = Pcr = Paer = PDEN-

Order hypothesis: Previous research suggest that between schools
variability is largest for Danish schools, followed by German schools,
followed by Croatian schools, followed by Dutch Schools:

Hi:pne < Per < Peer < Poen-
Complement hypothesis:

H,: neither Hy, nor H,.




ORDER HYPOTHESES IN
DYNAMIC SOCIAL NETWORKS

A relational event history data was collected of email messages

between colleagues containing information about innovative ideas in a large
consultancy firm.

The data contain information about who send a message to whom and
when in the year 2010.

Interest was in the relative importance of drivers of these social
interactions between colleagues and how this changes over time.

The relational event model of Butts (2008) was employed.
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ORDER HYPOTHESES IN
DYNAMIC SOCIAL NETWORKS

It is often suggested that information-sharing occurs sooner and at a higher rate among
colleagues who they feel related to - this is often attributed to identity.

Thus, having the same position may have a positive and strong effect on information
sharing, while working in the same building, or being of the same gender may also have a
positive effect but to a lesser extent.

HI: Bposition > Bbuilding > Bgender >0

Alternatively, only being in the same location may have an effect.

H2: Bposition > Bbuilding - Bgender =0

H;: neither H,, nor H,.




WHY TEST ORDER HYPOTHESES?

Why test order hypotheses instead of the classical null and alternative
hypotheses?
We test the magnitude of the effects relative to the scientific field and study.

We get a direct answer whether our theory or expectations (with order

constraints) are supported by the data.
We test with more statistical power.
Compare the two-tailed test (“f§ # 0) with the one-tailed test (“B > 0”).

More power implies that we are more likely to draw the correct conclusions@



HOW CAN WE TEST ORDER HYPOTHESES?

Significance tests using p-value...

...are only available for testing specific types of order hypotheses for
‘standard’ models (Silvapulle & Sen, 2004);

Hy: B, = B, = By against H;: B, >3, >3 YES
H,: B, > B, > Bs against H;: B,, B, , B3 YES
Hy: B, = B, > B; against Hy: 3,, B, , B3 NO

Hy: B, > B, > Bsyagainst H: B, <B, <3 NO




HOW CAN WE TEST ORDER HYPOTHESES?

Significance tests using p-value...

...are only available for testing specific types of order hypotheses for
‘standard’ models (Silvapulle & Sen, 2004);

...on pairs of parameters (posthoc testing) can be problematic (Braeken et
al., 2014), e.g., conflicting results;

B, # 0 (sign.), B, = 0 (not sign.), B, = B, (not sign.).




HOW CAN WE TEST ORDER HYPOTHESES?

Significance tests using p-value...

...are only available for testing specific types of order hypotheses for
‘standard’ models (Silvapulle & Sen, 2004);

...on pairs of parameters (posthoc testing) can be problematic (Braeken et
al., 2014), e.g., conflicting results;

...are inconsistent when the null is true;
Hy: B, = B, = B3 against Hy: B, > 3, > B35

For extremely large samples there is still a probability of a to incorrectly reject a true H,,.



HOW CAN WE TEST ORDER HYPOTHESES?

Significance tests using p-value...

...are only available for testing specific types of order hypotheses for
‘standard’ models (Silvapulle & Sen, 2004);

...on pairs of parameters (posthoc testing) can be problematic (Braeken et
al., 2014), e.g., conflicting results;

...are inconsistent when the null is true;

...are not designed for simultaneously testing multiple (more than 2)
hypotheses.

Hy:B,>B,>B; vs H;:P, <P,<P; vs H,: neither H,, nor H,. Q



HOW CAN WE TEST ORDER HYPOTHESES?

Significance tests using p-value...

...are only available for testing specific types of order hypotheses for
‘standard’ models (Silvapulle & Sen, 2004);

...on pairs of parameters (posthoc testing) can be problematic (Braeken et
al., 2014), e.g., conflicting results;

...are inconsistent when the null is true;

...are not designed for simultaneously testing multiple (more than 2)
hypotheses.

...depend on the sampling plan.




HOW CAN WE TEST ORDER HYPOTHESES?

(Classical) information criteria, such as the AIC or BIC, are not

designed for testing models with order hypotheses on the parameters
(Mulder et al., 2009).

AIC = 2d — 2log(L)

Model complexity Model fit
(number of free parameters) (maximized likelihood)

How many free parameters d does H;: B, > B¢ > By > 0 have?



BAYES FACTORS

The Bayes factor (Jeffreys, 1961) is defined as the ratio of the marginal likelihoods

marginal likelihood(H,)

BF(H,,H,) =
(Hi,Hy) marginal likelihood(H,)

The marginal likelihood of H, quantifies how plausible the data were generated
under hypothesis H,.

For example, a Bayes factor of BF(H|,H,) = 10 implies that it was |0 times more
plausible that the data were generated under H, than under H,.

Marginal likelihoods can be difficult to compute.

Bayes factors can be sensitive to the prior.



BAYES FACTORS FOR TESTING
A ONE-SIDED HYPOTHESIS

When testing order hypotheses we can use the encompassing prior
approach to set priors under the hypotheses (e.g., Klugkist et al., 2005).

Consider H,: By, > 0 versus H,: ), unconstrained,

We set a vague We truncate this
prior under H, \ | / prior under H,
|
:
| | i | |
-2 -1 0 I 2

Bm




BAYES FACTORS FOR TESTING
A ONE-SIDED HYPOTHESIS

The Bayes factor of an order hypothesis H, against the unconstrained
hypothesis H, is then equal to

posterior probability that the constraints of H, hold under H,

BF(H,,H,) =
(H1,H) prior probability that the constraints of H, hold under H,

Relative fit of H,

Relative complexity of H,



BAYES FACTORS FOR TESTING
A ONE-SIDED HYPOTHESIS

For example, H,: B, > 0 versus H,: B, unconstrained,

Prior under H,

posterior probability that 3> 0
BF(H\,H,) =

prior probability that 3, > 0




BAYES FACTORS FOR TESTING
A ONE-SIDED HYPOTHESIS

For example, H,: B, > 0 versus H,: By, unconstrained,

Prior under H,

posterior probability that 3, > 0
BF(H\,H,) = = —
prior probability that 3, > 0 0.5




BAYES FACTORS FOR TESTING
A ONE-SIDED HYPOTHESIS

For example, H,: B, > 0 versus H,: By, unconstrained,

Prior under H, / Posterior under H,
WZ T | T
2 | 0 Bnm |
By —>
posterior probability that 3, > 0
BF(H\,H,) = = —

prior probability that 3, > 0 0.5




BAYES FACTORS FOR TESTING
A ONE-SIDED HYPOTHESIS

For example, H,: B, > 0 versus H,: By, unconstrained,

Prior under H, / Posterior under H,

posterior probability that 3, > 0 0.9
BF(H,\,H,) = = —— =138
prior probability that 3, > 0 0.5




BAYES FACTORS FOR TESTING
A PRECISE HYPOTHESIS

For example, Hy: By = 0 versus H,: B, % 0,

Prior under H, / Posterior under H,
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For example, Hy: By = 0 versus H,: B, % 0,

Prior under H, / Posterior under H,
WZ T | T
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posterior density at [,=0
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For example, Hy: By = 0 versus H,: B, % 0,

Prior under H, / Posterior under H,

posterior density at [,=0
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prior density at 3,,=0




BAYES FACTORS FOR TESTING
A PRECISE HYPOTHESIS

For example, Hy: By = 0 versus H,: B, % 0,
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prior density at 3,,=0 4




BAYES FACTORS FOR TESTING
A PRECISE HYPOTHESIS

For example, Hy: By = 0 versus H,: B, % 0,

Prior under H, / Posterior under H,

posterior density at [,=0 g
BF(Ho,H|) = = — = 1.75
prior density at 3,,=0 4




SENSITIVITY OF THE BAYES FACTOR TO THE PRIOR

Bartlett’s paradox: The evidence for a null hypothesis H,: 5,y = 0 against H:
B # 0 can be made arbitrarily large by setting the prior variance large enough.



SENSITIVITY OF THE BAYES FACTOR TO THE PRIOR

Bartlett’s paradox: The evidence for a null hypothesis H,: 5,y = 0 against H:
B # 0 can be made arbitrarily large by setting the prior variance large enough.

Prior under H, / Posterior under H,

posterior density at S,=0 4
BF(Ho,H)) = = — = |.75
prior density at 3,,=0 4




SENSITIVITY OF THE BAYES FACTOR TO THE PRIOR

Bartlett’s paradox: The evidence for a null hypothesis H,: 5,y = 0 against H:
B # 0 can be made arbitrarily large by setting the prior variance large enough.

Prior under H, / Posterior under H,

——r ——
Bu | 2 By —>
posterior density at S,=0 4
BF(Ho,H|) = = — = 3.50
prior density at =0 2



SENSITIVITY OF THE BAYES FACTOR TO THE PRIOR

Bartlett’s paradox: The evidence for a null hypothesis H,: 5,y = 0 against H:
B # 0 can be made arbitrarily large by setting the prior variance large enough.

Prior under H, / Posterior under H,
7 N\
.02 \ ’/

posterior density at S,=0

BF(Ho,H)) =
prior density at =0 .02



SENSITIVITY OF THE BAYES FACTOR TO THE PRIOR

Bartlett’s paradox: The evidence for a null hypothesis H,: 5,y = 0 against H:
B # 0 can be made arbitrarily large by setting the prior variance large enough.

If clear prior information is absent use a default prior that contains the
information of a minimal experiment.



SENSITIVITY OF THE BAYES FACTOR TO THE PRIOR

Bartlett’s paradox: The evidence for a null hypothesis H,: 5,y = 0 against H:
B # 0 can be made arbitrarily large by setting the prior variance large enough.

If clear prior information is absent use a default prior that contains the
information of a minimal experiment.

The BIC is a Bayes factor approximation based on a unit information prior
(Schwarz, 1978; Raftery, 1995).



SENSITIVITY OF THE BAYES FACTOR TO THE PRIOR

The unit information prior as centered at the ML estimate.




SENSITIVITY OF THE BAYES FACTOR TO THE PRIOR

A default prior should be centered at the null value. Then

Prior under H,




SENSITIVITY OF THE BAYES FACTOR TO THE PRIOR

A default prior should be centered at the null value. Then

negative effects are equally likely as positive effects;

Prior under H,




SENSITIVITY OF THE BAYES FACTOR TO THE PRIOR

A default prior should be centered at the null value. Then
negative effects are equally likely as positive effects;

small effects are more likely a priori than large effects.

Prior under H,




POSTERIOR ODDS OF HYPOTHESES

The Bayes factors can be used to update the prior odds of two
hypotheses to obtain the posterior odds between the two hypotheses.

P(H, | data) P(H))
P, [daa) -~ BF(HLH) x5

T ]

posterior odds Bayes factor prior odds




BAYES FACTORS FOR TESTING ORDER HYPOTHESES

Example of multiple hypothesis test
H;: By >0,B>0 (both effects are positive)
H,: By > Bc (effect of managers is larger than effect of coworkers)
H;: By > Bc >0 (combination of H, and H,)

H,: Bu, Bc (no specific expectation on the effects)




BAYES FACTORS FOR TESTING ORDER HYPOTHESES

Example of multiple hypothesis test Bm
Hi:By>0,Bc>0 \
H;: By > PBc >0 Be
H: B Be \\\\\\\\“—/,/ y

A vague prior for 3c and v under Hu.




RELATIVE COMPLEXITY OF ORDER HYPOTHESES

Example of multiple hypothesis test
Hy: Py >0,pc>0
Hy: By > Be
Hs: Py > Bc >0

H,: By and B¢

So H, is most complex (largest

parameter space), followed by H,

H,, and H; (smallest parameter

space).

H,:pu>0,pc>0,c1=1/4
B

e

N

\ /o /

d /

Hs:pu>pe>0,c3=1/8

B

7

| [
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H2 (Pu>Pe,c2=1/2
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RELATIVE COMPLEXITY OF ORDER HYPOTHESES

H, :Bu>0,pc>0,c1=1/4 Hy . pu>pe.ca= 172
. . B P
Example of multiple hypothesis test B IE
:"/ // - 4 2 /- \\\ .\l,

Hl: BM > O, BC > O [ [ A \ J— / L \

Hy: By > Be N 2 . 1-. /

Hy: By >Pc >0

H;: Byu>pe>0,c3=1/8 H e : B and e unc.. ca = 1
. 3%

H,: By and B¢ Ty .
Relative complexity (Mulderet ~ -~ 8 / /f-ﬁ
al, 2010). e

-. ~ Be & y/ﬂc




RELATIVE COMPLEXITY OF ORDER HYPOTHESES

Data A: fi =1 DataA: f2=1

* Output for hypothetical Data A.

Data A

03 08 Pc
¢, f  BF(M,M,) PMP
H, 1/4 1 4 0.27
H, 12 1 2 0.13
H 1/8 1 8 0.53 Data A fi= 1
Hunc 1 1 ] 0.07




COMPARISON
BAYES FACTOR VS POSTERIOR PROBABILITY

Consider H;: By > 0, B¢ > 0 versus H,:“not H,”.
Compare Pr(H,|data) with Pr(3 > 0|data).

—— Posterior probability( >0)

prior BC —— Posterior probability(H,) using BFs

A

Pm

Pm

00 02 04 06 08 1.0

likelihood \




USEFUL PROPERTIES OF BAYES FACTORS

Bayes factors...

... have an intuitive interpretation as the relative evidence in the data

between statistical hypotheses.

... can be used for testing multiple equality and order hypotheses.
... do not rely on large sample theory.

... do not rely on the sampling plan.

... are consistent in very general scenario’s




SOFTWARE FOR BAYES FACTOR TESTING

BIEMS (Mulder et al., 2012) for testing hypotheses with equality and

order constraints in the (multivariate) t test, (multivariate) regression,
(M)AN(C)OVA, repeated measures .

BIEMS has a user-friendly interface.

R-package in development.




SOFTWARE FOR BAYES FACTOR TESTING

@® [ J BIEMS
vV Step1 v Step 2 I~ Step3 I~ Step 4 BIEMS - Bayesian
Data Input —Models————— — Generate Default Prior— — Calculate Bayes factors mequaI[Iy and equality
constrained model
lection.
elect or r}emal odel Specificati ~erate Defaut F o/ Edit Defout | etz Bayes fae| | By Jors Muider
[ Specify Model
- 2 List of Model
—1: Compose
Variables Model 2 Edit Model I
1.1 x
| o - -]
al2.1) Delete Model
af31] 7 | 8 | 9 | + |
4 | 5 | EI N | & S.utkim_.. -
_— — — Prior Restrictions CECPP
1 | 2 | 3 | < | 1 Equivalent to model constraints
0 | | - | 1 Specify restrictions manually | 1odz! ode I
— Scale of prior variance r,‘
4= Number of free parameters under the restrictions I
Backspace

— 1 Manually:
I, e |
Add to list I Max BF steps f dels with liti 30
0 hist ax steps for models with equalities b

~ Standardi

[~ 2 List of Inequalities and E qualiti

T EXEA] Wariable ‘Yes ‘No

al21)> af31) r 4

af31)>0 Ev1 r v
EV2 r 2
EV3 r v

|

Edit Delete Define as Model Step Back

Close |




SOFTWARE FOR BAYES FACTOR TESTING

BOCOR (Mulder, 2016) and BCT (Mulder & Gelissen, in prep.) for testing

equality and order constraints on bivariate correlations, partial

correlations, polychoric correlations, etc.

BOCOR and BCT are stand-alone executables. @

R-package in development. ’\
W\

-
/\'; ),Jl4\N
@




SOFTWARE FOR BAYES FACTOR TESTING

r [ NON ) BCT_input.txt

' Input 1: model
#DV #covs intercept #populations Ntotal
3 3 1 1 1286

Which DVs are ordinal (@=continuous, 1=ordinal)
111

Input 2: hypotheses
#hypotheses

2

#equalities, #inequalities
|1 1

02

Input 3: constraints in hypotheses

Equalities H1l; Inequalities H1l; Equalities H2; Inequalities H2; etc.
121131

131132

-10

1210
1320109

Input 4: implementation details
iterations, iseed, delta

1000 123 .1

BOCOR/BCT!




SOFTWARE FOR BAYES FACTOR TESTING

Bain (Gu et al,, in press) for testing equality and order constraints on

parameters for general statistical models.

Baln uses an approximate Bayes procedure that only needs the ML estimates

and estimated covariance matrix.

Baln is a R-package. It is currently being
implemented in JASP (Wagenmakers and colleagues)/#" Q




SOFTWARE FOR BAYES FACTOR TESTING

ece RStudio J
9l-2- 63 Ol - Addins - &) Project: (None) ~
lancedR (] Untitled1® » (2] simulation log_reg_mixed_approx.R * {2 multiple ICC bal and unt > Environment | History |
) | ISource on Save A /' ~#Run o9 Source + [ Import Dataset + = ¥ List » i
) Global Environment + i
= rnorm(1000) O coxdata 3631200 obs. of 13 variables ]
= rnorm(1000) > —_— _
mysterious(x1,x2) Files Plots Packages Help Viewer
cor(x1,x2) @ New Folder @ | Delete (= Rename gk More ~ !
4 Home I ° °
A Name Size Modified
estimate<-c(0,0.5) . \ a I n I n
covariance<-matrix(c(0.1,0,0,0.2),nroy @) RData 30.9 MB Oct 24, 2017, 8:11 PM
SﬂmP125i2§<-ZU 7 Rhistory 16.1 KB Oct 24,2017, 8:11PM | |
E::::::::EES:Qf%i?é:::ﬂ ol | administratielijst2017_410127.... 447 B Jun 26, 2017, 8:09 AM
| administratielijst2017_424504.... 2.3 KB Jun 26, 2017, 8:09 AM
administratielijst2017_424530... 10158 Jun 26, 2017, 8:08 AM
administratielijst_ENG2_41012... 2318 Jul 12,2017, 10:17 AM | |
administratielijst_ENG2_41012... 465 B Jul 12,2017, 10:22. M| |
administratielijst_ENG2_42453... 7998 Jul 12,2017, 10:17 AM | |
administratielijst_ENG2_42453... 1.6 KB Jul 12,2017, 10:22 AM I
TR T 7 administratielijst_NL2_424503.... 8718 Jul 12,2017, 10:15 AM
) administratielijst_NL2_424503_.. 1.7 KB Jul 12,2017, 10:57 AM | |
orisoe 1 administratielijst_ NL2_424504.... 1.6 KB Jul 12, 2017, 10:16 AM
| 1 administratielijst_NL2_424504_... 3.2 KB Jul 12, 2017, 10:57 AM
1 admlijst2014.txt 6.1K8 Jul 8, 2014, 7:24 AM
1 admlijst2016_2eMAW.txt 198 Jun 24, 2016, 6:40 AM
1 admlijst2016_2ePSY.txt 21k8 Jun 24, 2016, 7:01 AM ’
1 admlijst2016_MAW_2e.txt 23K8 Jun 30, 2016, 1:4s aM | |
) admlijst2016_PSY_2e.txt 21K8 Jun 30,2016, 3:13AM | | -
1 admlijst2017.txt 29K8 Apr 17,2017, 2:18 PM
Bainestimates, covariance, samplesize, ERr, IRr)| 1 admlijst2017_410127.txt 8848 Jun 26, 2017, 8:15 AM \




SOFTWARE FOR BAYES FACTOR TESTING

B eantestdus” o

R o | o
lﬂ v l& . #i v

Tats  ANOVA  Regesscn
T 2 puredsoma,1  peed oo
N\ BgDfference
N\ smatD#ference 7
‘Q "1"'." Bayeslan Informative Hypothesis T-Test
N
> poredDL} i Inormatie Hypomasis Pred -
NJeciopt Bayesian inormatie Hypomesis Pared T-Tast
\ pobedtamet Hpothess B
S — b paredsame_1-paesame 2 Equal
= Bigger 0184
Smaliee 0130
Hypothesa test Addtional Statistics The nt WP oqual means & 13ted 3anst e cther hypatheses. The
O Equalvs Not equal [ Descriptives DustAN0r DIODDIRES e 52500 0 6QUBI PO PIODIRES
Exual i Bagger
O Equal v Sater Bayes factor Plot

- ] Bayes tactor comparson
Bigger s Smaler R — pairedsame_1 - pairedSame_2
® Eqoalvs Biggervs Smaler
Cresible ntenvl (35 %
Bayes factor
K Missing Vases
B Equal vs Other N
(® Exchode cases anaysis by amabyss
® BF.: Other vs Exual =2 =~
O Exchose cases Sstwise
Log scale
® o

O Legie#)




SOFTWARE FOR BAYES FACTOR TESTING

Other software packages include:
BFvar (Boing-Messing et al., 2017) for testing equality and order constraints on group variances.
BF-ICC (Mulder & Fox, under review) for testing constraints on intraclass correlations.

BF-NAM (Dittrich et al., in prep.) for testing constraints on

network autocorrelations.

Bayes factor testing not for order constraints:
BayesFactor R-packge (Morey & Rouder, 2015)
JASP (Wagenmakers and colleagues, 2016).

SPSS (latest version).




ORDER HYPOTHESES ON
RELATIVE EFFECTS REVISITED

We can combine these order constraints into a single 'order hypothesis'.

"All sources of workplace aggression have a positive effect on depression and the effect

is largest for managers, followed by coworkers, followed by visitors”

Data: N = 864.

Davar diffavantial huhathaocic: TT - QS Q2 S QS 0

Analysis in BIEMS
BF(H,H,) = 9.1 > BF(H,,H,)=19.8
BF(H,,H,) = .46




ORDER HYPOTHESES ON INTRACLASS
CORRELATIONS REVISITED

Null hypothesis: Ho: PnL = Per = PGER = PDEN-
Order hypothesis: H:pne < Per < Peir < PDEN-

Complement hypothesis: | H,: neither Hy, nor H,.

Data: 100-150 schools per county; school classes of |5 students.

Results:

Analysis in R (Mulder & Fox, under review)

BF(Ho,H,) = .000 P(Ho|Data) = .000
BF(H,H,) = 18.1 > P(H,|Data) = .986
BF(H,,H,) = 261 P(H,|Data) = .014




ORDER HYPOTHESES ON INTRACLASS
CORRELATIONS REVISITED

Posteriors under
unconstrained

model

Netherlands

Croajja Germany

Denmark
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ORDER HYPOTHESES IN DYNAMIC
SOCIAL NETWORKS REVISITED

It is often suggested that information-sharing occurs sooner and at a higher rate
among colleagues who they feel related to - this is often attributed to identity.

HI: Bposition > Bbuilding > Bgender >0 P(H,|Data) = .06

H2: Bposition > Bbuilding = Bgender =0 jl> P(Hz Data) =.%4
H;: neither H|, nor H,. P(H;|Data) = .00.




ORDER HYPOTHESES IN DYNAMIC
SOCIAL NETWORKS REVISITED

It is often suggested that information-sharing occurs sooner and at a higher rate
among colleagues who they feel related to - this is often attributed to identity.

Data: 1505 emails among 51 colleagues.

HI: Bposition > Bbuilding > Bgender >0 P(H,|Data) = .06

HZ: Bposition > Bbuilding = Bgender =0 jl> P(H2 Data) =.94
H;: neither H|, nor H,. P(H;|Data) = .00.




ORDER HYPOTHESES IN DYNAMIC
SOCIAL NETWORKS REVISITED

Posteriors under ——

unconstrained
model
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CONCLUSIONS

The Bayes factor has many useful properties for testing statistical
hypotheses such as

its intuitive interpretation as the statistical evidence between competing
hypotheses;

the ability to test multiple hypotheses with equality and order
constraints;

its consistent behavior or their invariance for the sampling plan.

Software for computing Bayes factors is becoming more and more available
for challenging testing problem:s.
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