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Networks

in psychology
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Abstract: Th research lies in the rests on, thats, latent variable theory, in
which amental disorder is viewed as a latent variable that causes a constellation of symptoms. From this perspective, comorbidity is a
(bi)directional relationship between multiple ltent variables. We argue that such a latent variable perspective encounters serious
problems in. the study of comorbidity, and offer a radically different conceptualization i terms of a network approach, where
comodbicty is bypothested o arise fom diret relation between eymptoms of maltiple dsorders. We proose n method to
visualize comorbidity networks and, based on an empirical network for major depression and generalized ansiety, we argue that this
“pprosch generate ealistc bypotheses about patinays 1o comorbity. overlpping symptors. and diagaentic boursdancs, that are
it maturaly accommodated by Tatent varible modcle Some. patinviys to ccnarbidity theough the synpiom space. are mere Hkely
than others; those pathways generally have the same direction (i.c., from symptoms of one disorder to symptoms of the other;
overlapping symptoms play an important role in comorbidity: and boundaries between diagnostic categories are necessarily fuzzy.

Keywords: comorbidity: complex networks; generalized anxiety; litent variable models; major depression



Why do symptoms tend to co-vary?

e Symptoms directly (causally) influence each other

e Focus on symptom level
e Depression is its symptomst!

LFigure of [Cramer et al., 2012]




How to infer a network in psychology?

Emotion or symptom networks differ from social networks

e Edges are not given

Co-author network
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An example with 3 variables
VAR model

Happy; = Bi0 + BiiHappyi—1 + B1.8adi—1 + Bq3Anger_1 +eq
Sad; = P20 + Bo Happyi—1 + B1pSadi—1 + [By3Anger,_1 +eo;
Anger; = 330 + [331Happy:—1 + [333Sadi—1 + [B33Angeri_1 + es;




Networks inferred by multilevel-VAR
Multilevel-VAR model

Happyi = S10 + b1oi + ( B11 + bi1i)Happyie—1+
( 812 + b1gi)Anger; 1+
( B13 + b13i)Sad; 1+

€1it

Individual differences.




Estimation limitations until now

e Multilevel VAR is not yet well implemented in open source
software
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Estimation limitations until now

Multilevel VAR is not yet well implemented in open source
software
A frequentist multilevel VAR model can only be estimated by
sequentially estimating univariate model

o Estimate all incoming edges per node
Does not estimate all parameter covariances

¢ Not all parameters together in the same model

You have to center the lagged predictor in order to get the
mean instead of the intercept

Unequal distance/missingess is problematic




The data

Analyzing ESM data [Geschwind et al., 2011]

e Subjects having residual depressive symptoms

Mindfulness therapy/control group

Per study period
6 days
10 beeps per day

4 items: Happy Relaxed Sad Worry




Mplus code: comparing networks
Pre Post -> zeros and ones

Lets focus on the between level:

Happypre; = 700 + Y01Group + ej
Happypost; = 710 + 1 * Happypre, + 711Group + e
Happypost; — Happypre; = Y10 + 711Group + e;

$BETWEEN®
Happre Worpre Sadpre Relpre philll-phildd
WITH Happre Worpre sadpre Relpre philll-phil4d;

Happre Worpre Sadpre Relpre philll-phil44 ON Group;
Happos ON Happr

Worpos ON Worpreél Group,

sadpos ON Sadpreél Group;

Relpos ON Relpreél Group;

Phi211 ON philllel Group;
Phi222 ON phil22€1 Group;
Phi233 ON phil33€l Group;
Phi212 ON phill2€l Group;
Phi213 ON phill3€l Group;
Phi214 ON phill4€l Group;
Phi221 ON phil21€l Group;
Phi223 ON phil23€l Group;
Phi224 ON phil24€l Group;
Phi231 ON phil31€l Group;
Phi232 ON phil32€l Group;
Phi234 ON phil34él Group;
Phi241 ON phil41€l Group;
Phi242 ON phil42€l Group;
Phi243 ON phild3€l Group;
Phi244 ON phildd€l Group;

OUTEUT: TECHL TECHS STANDARDIZED (CLUSTER);
PLOT:  TYPE = PLOT3;




Mplus code

Pre Post -> zeros and ones

MODEL:
philll
phil22
phil33
phill2
phill3
philld
phil2l
phil23
phil24
phil3l
phil32
phil34
phildl
phild2
phil43
phildd

phi2ll
phi222
phi233
phi212
phi213
phi2l4
phi221
phi223
phi224
phi231
phi232
phi234
phi2dl
phi242
phi243
phi2dd

Happre
Worpre
Sadpre
Relpre
Happre
Worpre

SWITHIN%

Happre
Worpre
sadpre
Happre
Happre
Happre
Worpre
Worpre
worpre
Sadpre
Sadpre
Sadpre
Relpre
Relpre
Relpre
Relpre

Sadpos
Sadpos
Sadpos
Relpos
Relpos
Relpos
Relpos

on
OoN
oN
on
oN
onN
oN
OoN
OoN
oN
ON
oN
oN
ON
oN
on

OoN
oN
on
on
oN
oN
on
oN
oN
oN
oN
oN
oN
oN
oN
on

WITH Happo:
WITH Worpos€0;
WITH Sadpos@o0;
WITH Relposéo;
WITH Worpose€o;
WITH Sadpos@o:

Happréid;
Worpres&l;
Sadpresl;
Worpresl;
Sadpre&l;
Relpresl;
Happresl;
Sadpre&l;
Relpresl;
Happres&l;
Worpre&l;
Relpreal;
Happre&l;
Worpresl;
Sadpres&l;
Relpre&l;

Happos&l;
Worpos&l;
Sadpos&l;
Worpos&l;
Sadpos&l;
Relpos&l;
Happos&l;
Sadpos&l;
Relpos&l;
Happos&l;
Worpos&l;
Relpos&l;
Happos&l;
Worpos&l;
sadpos&l;
Relpos&l;




Results |

Posterior One-Tailed 95% C.I.
Estimate s.D. P-value Lower 2.5% Upper 2.5%
within Level

HAPPRE  WITH

HAPPOS
WORFOS
SADPOS
RELPOS

WORPRE  WITH
WORPOS

WITH
POS

RELPOS  WITH
HAPPOS
WORPOS
SADPOS

Between Level

RELPOS on
RELPRE
GROUP

PHI211 on
PHIL11

significance




Results |1

Between Level

Intercepts

PHIZ44




Results 1l

etween Level

PHIL11 on

GROUP
PHI122 on

GROUP
PHI133 on

GROUP
PHIL12 on

GROUP
PHIL13 on

GROUP
PHIL44

GR(
PHI211

GROUP
PHI222

GROUP
PHI233

GROUP
PHI212

GROUP
PHIZ13

GROUP
PHI214

GROUP
PHI221

GROUP
PHI223

GROUP
PHI224

GROUP
PHI231

GROUP
PHI234

GROUP

PHI244
GROUP




Results 1V




In line with previous research
[Bringmann et al., 2013] [Snippe et al., 2017]




Challenges

*** WARNING

HAPPOS
WORPOS
SADPRE
SADPOS
RELPOS
WORPOS&1
SADPRE& 1
SADPOS&1

Variable Cluster

10778
10778
10812
10778
10778
10754
10812
10812

One or more individual-level variables have no variation within a
cluster for the following clusters.

IDs with no within-cluster variation

10725
10725
10755
10725
10725
10755
10755
10797

SUCH POSTERIOR DRAWS ARE REMOVE

10763
10763
10843
10763
10763

10843

10846 10799
10846 10799

10846 10799
10846 10799

1 WARNING(S) FOUND IN THE INPUT INSTRUCTIONS

Number of Free Parameters

10744 10777 10828 10775
10744 10777 10828 10775 10754 10755

10744 10777 10828 10775 10812 10797
10744 10777 10828 10775

WARNING: PROBLEMS OCCURRED IN SEVERAL ITERATIONS IN THE COMPUTATION OF THE STANDARDIZED ESTIMATES FOR SEVERAL
CLUSTERS. THIS IS MOST LIKELY DUE TO AR COEFFICIENTS THAN 1 Ol

D. THE FOLLOWING CLUSTERS HAD SUCH PROBLEMS:
10778 10763 10846 10799 10744 10773 10791 10781 10722 10851 10812 10793 10732 10808 10726 10802
10772 10813 10755 10822 10783 10832 10792 10844

GIVING NON-STATIONARY MODELS.




Challenges Il

e Robustness
e Multiple testing

e Time variable
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