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How to spread the nets
over nuisance data?

Introduction to Network Analysis, L3
Edita Chvojkova

edita.chvojkova@maib:munisz

IO TN L CH e O e i
Py [N R (N R S R R UNIVERSITEIT VAN AMSTERDAM
I ()


mailto:edita.chvojkova@

Today’s lecture

* non-normal continuous data
* transform variables first (huge .npn in huge)

e ordinal data

* use Spearman correlations as input

* binary data
* IsingModel

* personalized networks & time series

* why are personalized networks so hot?




Binary data: The Ising model

The Ising model is a model from physics, which describes magnetisation.

* the model is based on pairwise interactions between neighbouring
variables in a network

* can model binary data (-1 / 1 or 0 / 1) - two neighbouring nodes want to
be in the same state

* joint estimation (e.g., maximum likelihood) is hard, because of the
partition function.

* luckily, the Ising model can be estimated in a series of logistic
regressions!



Binary data: The Ising model in bootnet

Regularized — IsingFit

Claudia van Borlgulo’s elLasso algprithm
uses a series of plecewise regressions

One by one, each variable features as a
dependent variable in a logistic regression,
with all the other variables as independent

This gives a regression equation, which is
optimised using a penalisation function
(lasso)

When a variable X is included in the
g{rediction function for Y, then we say that
is in the neighbourhood of Y

When two variables are estimated to be in
each other’s neighbourhood, we connect
them with an edge

Unregularized — IsingSampler

* many different estimation methods

e don’t do it
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Personalized networks & time-series

* N=1 graphical VAR
* N > 1 multilevel VAR
* panel data — a strange thing;

the mysterious latent trait makes its return!




N =1 ~ personalized networks

Graphical VAR

One person measured several

times in a short period

Cases cannot reasonably be assumed

to be independent

* Knowing someone’s level of fatigue at
a time point helps predict his or her
level of fatigue at the next time point.

Likelihood not easy to compute

without two assumptions:

* The time-series factorize according to

a graph

* The model does not change over

time
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Thoughts of ending your life




Molenaar on ergodicity — read it!

* Only under extremely unrealistic assumptions are parameters estimated
from cross-sectional data the same as parameters you would estimate
from time-series data

* Molenaar, P. C. (2004). A manifesto on psychology as idiographic science:
Bringing the person back into scientific psychology, this time forever.
Measurement, 2(4), 201-218.

* Many cross-sectional datasets, however, are not administered in the same
way as a question in an time-series study.
* E.g., “are you a person that on average 1s ...»”" rather than “did you feel ... in the
last hour?”

* Such results should definitely not be interpreted as within-person, but
allow for a between-person interpretation, which can be very interesting!
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We will use the lag-1 factorization and assume the variables to be centred!



Temporal network

relaxed sad nervous concentration tired rumination bodily.discomfort time
31 5 6 4 5 6 4 4 2014-05-01 10:15:00
32 3 5 4 5 6 4 5 2014-05-01 13:15:00
33 2014-05-01 16:15:00
34 3 5 4 5 6 4 014-05-01 19:15:00
35 4 EQ 5 4 2014-05-01 22:15:00
36 - 3 5 5 2 3 2014-05-02 10:15:00
37 4 3 4 5 5 3 2 2014-05-02 13:15:00

* The temporal network shows that one variable predicts another variable in the
next measurement occasion

* Granger causality — philosophical disclaimer

* Only temporal network from (graphical) VAR needed in predicting new responses



Contemporaneous network

relaxed sad nervous concentration tired rumination bodily.discomfort time
31 5 6 4 5 6 4 4 2014-05-01 10:15:00
32 3 5 4 5 6 4 5 2014-05-01 13:15:00

33 2014-05-01 16:15:00
34 : I‘ S 1_5"_6_»‘ : $014-05-01 19:15:00
35 4 6 4 4 7 5 4 2014-05-01 22:15:00
36 4 3 3 5 5 2 3 2014-05-02 10:15:00
37 4 3 4 5 5 3 2 2014-05-02 13:15:00

* The contemporaneous network shows that two variables predict one-another after
taking temporal information into account
* Contains effects faster than the time-window of measurement (granularity)
* Somatic arousal — anticipation of panic attack — anxiety
* The temporal network can be seen as a correction for dependent measurements in
estimating the contemporaneous GGM



Temporal network

Contemporaneous network

Energetic




Estimation: 2 options

* Estimation without regularization

* Stepwise non-regularized estimation implemented in the
psychonetrics package (psychonetrics.org)

* Inlcludes full information maximum likelthood (FIML) for missing
data handling
* Model selection possibly using multiple regressions

* LASSO estimation with EBIC model selection implemented in the
graphicalVAR package

* Missings can be handled using the Kahlman filter in the
lmpute.ts package



Assumptions

* Stationarity

* Plausible when data is obtained in short time-span, less plausible if data is obtained in
longer time-span
* Stationary means
* Can be assessed by regressing each time-series on time itself as predictor

* Detrending 1s possible: for example one can remove a linear trend (see practical)

* Equidistant measurements
* With multiple measurements per day, by default violated due to nights
* Remove nights, or model nights as missing observations

* Continuous time modelling poses promising ways to deal with non-equidistant
measurements



Personalized Networks in Clinical Practice

(a) Temporal network — Patient 1 (b) Contemporaneous network — Patient 1

relaxed relaxed

badily
‘ discomifiort

Contemporaneous network: conditional concentration given t — 1

Temporal network: regression coefficients between t — 1 and t



Pacient 1

Muz, 42 let. Pfijat na skupinovou terapii v pobytovém stacionaii Psychosomatické kliniky
v Praze. V soucasné dobé na ¢ekaci listiné. U pacienta se projevovaly nasledujici symptomy:
uzkost, nervozita, buSeni srdce, ztuhlost, vyboje na §iji, rozostfené vidéni, nahla ztrata energie
a bolesti nohou, otoky kloubti (diagnostikovana revmatoidni artritida, nyni v remisi). Za hlavni
spousté¢ byla v anamnéze oznaCena pracovni 1 mimopracovni zatéz. V rozhovoru pied
spusténim méreni byl seznam symptomu aktualizovan. Vzhledem k upravenému pracovnimu
rezimu se pracovni zatéz povedlo omezit. Situace u mimopracovni zatéze pretrvava v disledku
vazné nemocného blizkého ¢lovéka v rodiné. Pacient je velice aktivni. Sportuje, vénuje se
horské turistice, ma dvé zaméstnani. Potize se zacaly projevovat po velké zatézi, ktera byla

spojena s vlastnoru¢ni rekonstrukci rodinného domu. Vyznamnou roli hrala také stresujici a

Spatné organizovana prace v jeho tehdejSim zaméstnani.

Novacek, T. (2019). Personalizovany sitovy model pro medicinsky nevysvétlené symptomy. Nepublikovana diplomova prace, Masarykova Univerzita.



https://is.muni.cz/th/s52if/

(b3) Soubezna sit detrend a fit

Pozn.: crp = mam pocit tlaku v oblasti hrudniku, restr = moje télesné obtize mi zabranuji délat to, co chci, think =
aktudlné myslim na své télesné obtize, awa.r = prave v tomto okamZiku si v§imam, kde v téle co citim, weak =
citim se zeslably, tremb = tresou se mi ruce / nohy, stres = jsem v napéti, anxi = mam z néceho obavy, activ =
prave se venuji aktivité, ktera me naplnuje, mood = celkove se citim takto: (vizualizace grafickymi znaky s mirou
zamraceni — usmeévu), hand = citim bolest v dlanich / chodidlech, neck = Citim vyboje na 5iji, help.r = aktudlné
potrebuji kontakt s jinymi lidmi, Coll = aktudlné jsem s kolegou, Home = aktualné jsem doma.

Novacek, T. (2019). Personalizovany sitovy model pro medicinsky nevysvétlené symptomy. Nepublikovana diplomova prace, Masarykova Univerzita.



https://is.muni.cz/th/s52if/

OutStrength InStrength Strength
activ activ 1
anxi anxi 1
awa | awa |
r r
cpr 1 Cpr -
mood o mood -
restr - restr
stres 1 stres 4
think - think 4
tremb tremb
weak - weak
00 01 02 03 000 005 0.10 0.15 0.20 0.00 0.25 0.50 0.75 1.00

Novacek, T. (2019). Personalizovany sitovy model pro medicinsky nevysvétlené symptomy. Nepublikovana diplomova prace, Masarykova Univerzita.
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Pacient 2

Zena, 51 let. Pfijata na skupinovou terapii do pobytového stacionafe Psychosomatické
kliniky v Praze. V dobé vyzkumu byla na fekaci listin€. Tyden po ukonceni sbéru dat
nastoupila do terapie. Mezi klicové symptomy patii bolesti zad a svall jako reakce na zatézove
situace. Pfed zapocCetim sbéru dat byl s pacientkou uskutecnén rozhovor pro aktualizaci
symptomii @ moznych spoustécu. Pacientka pfi rozhovoru méla silné bolesti zad, nicméné

dokazala s1 nastavit sezeni v kiesle, abychom dokézali vSe potfebné zvladnout.

Novacek, T. (2019). Personalizovany sitovy model pro medicinsky nevysvétlené symptomy. Nepublikovana diplomova prace, Masarykova Univerzita.



https://is.muni.cz/th/s52if/

(a3) Prubezna sit detrend a fit (b3) Soubezna sit detrend a fit

Poznamka. crp = mam pocit tlaku v oblasti hrudniku, restr = moje télesné obtize mi zabranuji délat to, co chci,
think = aktualné myslim na své télesné obtize, awa.r = pravé v tomto okamzZiku si v§imam, kde v téle co citim,
stres = jsem v napéti, anxi = mam z néceho obavy, activ = praveé se vénuji aktivité, ktera mé napliuje, mood =
celkové se citim takto: (vizualizace grafickymi znaky s mirou zamraceni — usmévu), trape = boli mé trapézovy
sval, back = boli mé zada v oblasti beder, help.r = aktualné potiebuji kontakt s jinymi lidmi, psych = citim se
psychicky vycerpana, muscl = boli mé svaly, nause = je mi nevolno , avoid = vyhybam se fyzicke aktivité, protoZe
aktudlné Setrim sily, fatiq = jsem unavend, Home = aktuadlné jsem doma, Child = aktualné jsem s vauckou/dcerou.

Novacek, T. (2019). Personalizovany sitovy model pro medicinsky nevysvétlené symptomy. Nepublikovana diplomova prace, Masarykova Univerzita.
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Novacek, T. (2019). Personalizovany sitovy model pro medicinsky nevysvétlené symptomy. Nepublikovana diplomova prace, Masarykova Univerzita.
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N > 1: Multi-level VAR

* Each subject is assumed to have their own temporal and contemporaneous

VAR model

* Between-subject effects can be modeled in a level 2 model

* which gives 3 networks 1n total!
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Each Parameter has a Distribution
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Individual Networks
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Random Effects
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Fixed Effects
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Fixed Effects




Individual Differences
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Within—subjects Between—subjects

Spelling
errors

Spelling
errors

Example based on Hamaker, E. L. (2012). Why Researchers Should
Think ‘Within-Person': A Paradigmatic Rationale. Handbook of
Research Methods for Studying Daily Life. The Guilford Press New
York, NY, 43-61.



Within—subjects

Heartrate

Physical
activity

Between—subjects

Heartrate

Physical
activity

Example kindly provided by Ellen Hamaker and based on Hoffman,

L. (2015). Longitudinal analysis: Modeling within-person fluctuation
and change. New York, NY, USA: Routledge.



Both methods use within-person centring using the sample mean per person.

E Stim atio n This will highly bias results with too few measurements per person (< 20)!
Two-step Multilevel VAR Pooled and individual LASSO estimation
Step 1: Pool all within-person centred datapoints and estimate

Node-wise multilevel regressions of variables on graphical VAR model to obtain fixed effects.

within-person centred lagged predictors (temporal
effects) and person-wise means (between-subject
effects)

Step 2:

Estimate GGM on means of subjects for between-
subject effects.

Node-wise multilevel regressions using residuals

from step 1 (contemporaneous effects) Estimate N = 1 networks for every subject for

individual effects.

Implemented in m1VAR Implemented in graphicalVAR

(mlGraphicalVAR)



Fixed effects

Temporal

fudvanturous

Mammurm: (.2

Contemporaneous

Mdventuraus

Energetic

Maximum; 0.5

Between-subjects

Maximum: 0.5




Individual Differences

Temporal Contemporaneous




Contemparanaous

Temporal 8

Between-subjects

© Neuroticism

@ Conscientiousness
@ Extraversion

© Exercise

1 = “Worried”; 2 = “Organized”; 3 = “Ambitious”; 4 = “Depressed”; 5 =
“QOutgoing”; 6 = “Self-Conscious”; 7 = "“Self-Disciplined”; 8 = “Energetic”; 9 =
“Frustrated”; 10 = “Focused”; 11 = “Guilty"”; 12 = “Adventurous”; 13 =
“Happy”; 14 = “Control”; 15 = “Achieved”; 16 = “Angry"”; 17 = “Exercise.”



Panel data

* An often occurring datatype between cross-sectional and time-series data
is panel data

* Many people measured on a few repeated occasions

* When the measurement occasions are the same for each subject (e.g,
baseline, one month after baseline, etcetera), structural equation
modeling (SEM) offers many possible analyses methods closely related to
network modeling:

* e.g., latent change-score models, latent growth curve models, random-intercept
cross-lagged panel models.

* Like m1VAR, this assumes stationarity






Self esteem

(SE) (Pes)

Pessimism

Optimism
(Opt)

Pes1 || Pes2 || Pes3

Life satisfaction

Positive affect
(PA)

Negative affect

(LS) (NA)

LSt

Optl || Op2  Opt3

(a) Estimated factor loadings

™
\ PA )
g oAl

(b) Estimated temporal
network, standardized to
partial directed correlations.

(¢) Estimated

contemporaneous partial

correlation network.

(d) Estimated
between-subjects partial
correlation network.



Temporal
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Grip Strangth
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af Life

Depressiaon

Doctor Visits

Contemporaneous

Grip Strangth

Doctor Visils

Betwean—subjects

Perceived

Health ’

Quality
of Life

Doctar Wisils




Thank you for your attention and good luck
with the assignment!



