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Network Analysis

agreeableness
@ Al: Ser indiferente a los sentimientos de los demds
© A2: Preguntar por el bienestar de los demas.
® A3: Saber consolar a los demds
® Ad: Amar a los nifios.
@ AS5: Hacer que la gente se sienta a gusto

‘conscientious
o C1: Soy exigente en mi
© C2: Continuar hasta que todo sea perfecto
© C3: Hacer las cosas segun un plan
® Cd: Hacer las cosas a medias
® C5: Perder el tiempo

extraversion
© E1: No hablar mucho
© E2: Me resulta dificil acercarme a los demas
© E3: Saber cautivar la gente
© E4: Hacer amigos con facildad
© E5: Tomar las riendas

© N1: Enfadarse facilmente

© N2: Se irrita con facilidad

© N3: Tener frecuentes cambios de humor
© N4: A menudo me siento triste

© N5: Entrar en panico facimente

openness
© O1: Estoy lleno de ideas

© 02 Evitar el material e lectura difici

© 03 Lievar la conversacion a un nivel superior

© O4: Dedicar tiempo a refiexionar sobre fas cosas
© 05: No profundizar en un tema

Matriz de escalado diagonal

Carga varianzeovarianza
v © 9 ¢ 9

: . , . ' i i Red de correlacion parcial
Carga Factorial Residual varianzeovarianza Matriz de varianz&ovarianza P
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directly affect each other rather than being caused by an unobserved latent entity. In this tutorial, we 13—2

introduce the reader to estimating the most popular network model for psychological data: the partial
correlation network. We describe how regularization techniques can be used to efficiently estimate a

parsimonious and interpretable network structure in psychological data. We show how to perform d\eﬂ j. zm van Mgc_d. 2014
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Investigating the feasibility of idiographic network models.

G+ exPORT % Add To My List 0  © Request Permissions %y Database: APA PsycArticles  First Posting

Mansusto_Alessandra C. Wiers Reinout W,  wvan Weert Julia C. M.  Schouten Barbara C.  Epskamp, Sacha

Citation

Mansueto, A. C., Wiers, R. W., van Weert, J. C. M., Schouten, B. C., & Epskamp, 5. (2022). Investigating the feasibility of
idiographic network models. Psychological Methods. Advance online publication. hitps://dei.org/10.1037/met0000466

Abstract

Recent times have seen a call for personalized psychotherapy and tailored communication during treatment, leading to the
necessity to model the complex dynamics of mental disorders in a single subject. To this aim, time-series data in one patient can
be collected through ecologmal momentary assessment and analyzed with the graph|cal vectur autoregressive model, estimating
temporal and contamng aus idigorachic patwaorke ldicaranhic nahun idual orocaszsas that may be potentially
used to tailor ps g tool for clinical practice.
e conducted a large-scale
different numhears of

granh intarind

An introduction to directed acyclic graphs in trauma research.

Journal Article

G+ exPORT % Add To My List 9  © Request Permissions %y Database: APA PsycArticles

Sonis, Jeffrey  Jiang, Tammy

Citation

Sonis, J., & Jiang, T. (2023). An introduction to directed acyclic graphs in trauma research. Psychological Trauma: Theory.
Research, Practice, and Policy, 13(6), 899-905. https://doi.orgM0.1037/tral 001545

Abstract

Objective: Directed acyclic graphs (DAGs) are visual representations of the presumed causal structure of an empirical research
data set. They are important tools for researchers but have been used rarely in the psychological trauma literature. The purpose of
this article is to explain what DAGs are and why {and how) they are useful for trauma researchers. Method: We first describe the
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Estimating psychological networks and their accuracy:

A tutorial paper

Sacha Epskamp' - Denny Borshoom' - Eiko L Fried'

Published online: 24 March 2017

@ The Author(s) 2017. This article is published with open access at Springerlink.com

Abstract The usage of psychological networks that con-
ceptualize behavior as a complex interplay of psychological
and other componenis has gained increasing popularity in
various research fields. While prior publications have tack-
led the topics of estimating and interpreting such networks,
little work has been conducted to check how accurate (ie..
prone o sampling variation) networks are estimated. and
how stable (i.e. interpretation remains similar with less
observations) inferences from the network structure (such
as centrality indices) are. In this tutorial paper, we aim to
introduce the reader to this field and tackle the problem
of accuracy under sampling variation. We first introduce
the current state-of-the-art of network estimation. Second,
we provide a rationale why researchers should investigate
the accuracy of psychological networks. Third, we describe
how bootstrap routines can be used o (A) assess the accu-
racy of estimated network connections, (B) investigate the
stability of centrality indices, and (C) test whether network
connections and centrality estimates for different variables
differ from each other. We introduce two novel statistical
methods: for (B) the correlation stability coefficienr, and
for (C) the boetsirapped difference fesi for edge-weights
and centrality indices. We conducted and present simulation

studies to assess the performance of both methods. Finally,
we developed the free R-package bootaet that allows for
estimating psychological networks in a generalized frame-
work in addition to the proposed bootstrap methods. We
showcase boofael in a witorial, accompanied by R syn-
tax, in which we analyze a dataset of 359 women with
posttraumatic stress disorder available online.

Keywords Network psychometrics - Psychological
networks - Replicability - Bootstrap - Tutorial

Introduction

In the last five years, network research has gained substantial
attention in psychological sciences (Borsboom & Cramer,
2013; Cramer et al_, 2000). In this field of research, psycho-
logical behavior is conceptualized as a complex interplay of
psychological and other components. To portray a potential
structure in which these components interact, researchers
have made use of psycholopical netiworks. Psychological
networks consist of nodes representing observed variablas,
connected by edges representing statistical relationships.
This methodology has gained substantial footing and has

A Tutorial on Regularized Partial Correlation Networks

Sacha Epskamp and Eiko L. Fried

University of Amsterdam

Abstract

Recent years have seen an emergence of network modeling applied to moods, attitudes, and problems in the
realm of psychology. In this framework, psychological variables are understood to directly affect each other
rather than being caused by an unobserved latent entity. In this tutorial, we introduce the reader to estimating
the most popular network model for psychological data: the partial correlation network. We describe how
regularization techniques can be used to efficiently estimate a parsimonious and interpretable network
structure in psychological data. We show how to perform these analyses in R and demonstrate the method in
an empirical example on posttraumatic stress disorder data. In addition, we discuss the effect of the
hyperparameter that needs to be manually set by the researcher, how to handle non-normal data, how to
determine the required sample size for a network analysis, and provide a checklist with potential solutions for
problems that can arise when estimating regularized partial correlation networks.

Translational Abstract

Recent years have seen an emergence in the use of networks models in psychological research to explore
relationships of variables such as emotions, symptoms, or personality items. Networks have become partic-
ularly popular in analyzing mental illnesses, as they facilitate the investigation of how individual symptoms
affect one-another. This article introduces a particular type of network model: the partial correlation network,
and describes how this model can be estimated using regularization techniques from statistical learning. With
these techniques, a researcher can gain insight in predictive and potential causal relationships between the
measured variables. The article provides a tutorial for applied researchers on how to estimate these models,
how to determine the sample size needed for performing such an analysis, and how to investigate the stability
of results. We also discuss a list of potential pitfalls when using this methodology.

Keywords: Partial correlation networks, Regularization, Network modeling, Tutorial

Supplemental materials: http://dx.doi.org/10.1037/met0000167 .supp
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Network Psychometrics

Sacha Epskamp, Gunter Maris, Lourens J. Waldorp,
and Denny Borsboom

Introduction

“In fact, statistical field theory may have even more to offer. It always struck me that
there appears to be a close connection between the basic expressions underlying
item-response theory and the solutions of elementary lattice fields in statistical phys-
ics. For instance, there is almost a one-to-one formal correspondence of the solution
of the Ising model (a lattice with nearest neighbor interaction between binary-valued
sites; e.g., Kindermann & Snell (1980), Chapter 1) and the Rasch model Fischer
(1974). (Molenaar, 2003, p. 82)”

In recent years, network models have been proposed as an alternative way of looking
at psychometric problems Van der Maas etal. (2006 ); Cramer, Waldorp, van der Maas&
Borsboom (2010); Borsboom & Cramer (2013). In these models, psychometric item
responses are conceived of as proxies for variables that directly interact with each other.
For example, the symptoms of depression (such as loss of energy, sleep problems, and
low self-esteem) are traditionally thought of as being determined by a common latent
variable (depression, or the liability to become depressed; Aggen, Neale, and Kendler
(2005)). In network models, these symptoms are instead hypothesized to torm net-
works of mutually reinforcing variables (e.g., sleep problems may lead to loss of energy,
which may lead to low self-esteem, which may cause rumination that in turn may rein-
force sleep problems). On the face of it, such network models offer an entirely different

A Psychometric Network Perspective on the
Validity and Validation of Personality Trait
Questionnaires

Alexander P. Christensen'”, Hudson Goline?, and Paul J. Silvia’

ABSTRACT

This article reviews the causal implications of latent variable and psychometric network models for the validation of personality trait
questionnaires. These models imply different data generating mechanisms that have important consequences for the validity and
validation of questionnaires. From this review, we formalize a framework for assessing the evidence for the validity of questionnaires
from the psychometric network perspective. We focus specifically on the structural phase of validation where items are assessed for
redundancy, dimensionality, and internal structure. In this discussion, we underline the importance of identifying unique personality
components (i.e., an item or set of items that share a unique common cause) and representing the breadth of each trait’s domain
in personality networks. After, we argue that psychometric network models have measures that are statistically equivalent to factor
models, but suggest that their substantive interpretations differ. Finally, we provide a novel measure of structural consistency,
which provides complementary information to internal consistency measures. We close with future directions for how external
validation can be executed using psychometric network models.

Keywords: network analysis, personality, validity, measurement, assessment
Compiled: April 39 2020

Note: This is the pre-copyedit version of this article, which has been accepted as a part of the European Journal of Personality’s
special issue on “New approaches towards conceptualizing and assessing personality.”



Fundamentals of . EDITED BY jADELA-MARIA ISVORANU, SACHA EPSKAMP,

S'EIJ:::IYTSI I-gATIV - I\]3rla1f1 \I\iletw[vkorll(”Aﬁztlysw . .L_OURENS WALDORP, AND DENNY BORSBOOM

OF ECOLOGICAL

NETWORKS |

Mark R.T. Dale NETWORK PSYCHOMETRICS

Marie-Josée Fortin

WITH R

A Guide for Behavioral and Social Scientists

Network Analysis,
Architecture, and Design
35.“:7 EDITION




-

Comollegael analisigle redes a

la psicologia ’
VAR (A
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Psychological Review y Psychological Association
2006, Vol. 113, No. 4, 842-861 0033-295X/06/S12.00 DOL: 10.1037/0033-295X.113.4.842

A Dynamical Model of General Intelligence: The Positive Manifold of
Intelligence by Mutualism

Han L. J. van der Maas, Conor V. Dolan, Raoul P. P. P. Grasman, Jelte M. Wicherts,
Hilde M. Huizenga, and Maartje E. J. Raijmakers

University of Amsterdam

Scores on cognitive tasks used in intelligence tests correlate positively with each other, that is, they
display a positive manifold of correlations. The positive manifold is often explained by positing a
dominant latent variable, the g factor, associated with a single quantitative cognitive or biological process
or capacity. In this article, a new explanation of the positive manifold based on a dynamical model is
proposed, in which reciprocal causation or mutualism plays a central role. It is shown that the positive
manifold emerges purely by positive beneficial interactions between cognitive processes during devel-
opment. A single underlying g factor plays no role in the model. The model offers explanations of
important findings in intelligence research, such as the hierarchical factor structure of intelligence, the
low predictability of intelligence from early childhood performance, the integration/differentiation effect,
the increase in heritability of g, and the Jensen effect, and is consistent with current explanations of the
Flynn effect.

Keywords: intelligence, g factor, dynamical systems, mutualism, reciprocal causation

Van DeiMaas H. L. J., Dolan, C.8rasmanR. P. P. R¥icherts J. M.HuizengaH.
M., & RaijmakersM. E. J. (2006). dynamicaimodelof generalintelligence The
positivemanifoldof intelligenceby mutualism PsychologicaReview1134), 84%;
861. doi:10.1037/003295x.113.4.842

El objetivo de este articulo es esbozar una t¢
posibilidad, una nueva explicacion de la mat
positiva. Esta explicacion se basa en un moé@
desarrollo formulado matematicamente con
mutualismo o relaciones beneficiosas positivas
entre procesos cognitivassta explicacion
identifica un mecanismo plaugiblda origen a

la matriz positiva, pero que no incluye "g"

como una variable cuantitativa lateAte

menos, esto demuestra que una variable latente,
gue esta establecida de manera psicométrica (es
decir, en analisis de factanes)ecesariamente
tiene que corresponder a una variable
cuantitativa reaGomo la velocidad de
procesamiento o el tamafio del cerebro. Este
modelo también sugiere explicaciones de otros
fendmenos empiricos importantes en la
investigacion de la inteligencia (VataBest

al., 2006, p. 843).
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Comorbidity: A network perspective

Angélique O. J. Cramer

Department of Psychology, University of Amsterdam, 1018 WE Amsterdam,
The Netherdands
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Lourens J. Waldorp
Department of Psychology, University of Amsterdam, 1018 WE Amsterdam,
The Netherands
L.J.Waldorp @uva.nl
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Han L. J. van der Maas
. sterdam, 1018 WEB Amsterdam,

The Netherands
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I Denny Borsboom I
panment of Fsychology, Un of Amsterdam, 1018 WEB Amsterdam,

The Netherands
D.Borsboom@uvanl
htip:/ /sites.google.com/ site /borsboomdenny /dennyborsboom

Abstract: The pivotal problem of comorbidity research lies in the psychometric foundation it rests on, that is, latent variable theony, in
which a mental disorder is viewed as a latent variable that causes a constellation of symptoms. From this perspective, comorbidity is a
(bi)directional relationship between multiple latent variables. We argue that such a latent variable perspective encounters serious
problems in the study of comorbidity, and offer a radically different conceptualization in terms of a network approach, where
comorbidity is hypothesized to arise from direct relations between symptoms of multiple disorders. We propose a method to
visnalize comorbidity networks and, based on an empirical network for major depression and generalized anxiety, we argue that this
approach generates realistic hypotheses about pathways to comorbidity, overlapping symptoms, and diagnostic boundaries, that are
not naturally accommodated by latent variable models: Some pathways to comorhidity throngh the symptom space are more likely
than others; those pathways generally have the same direction (ie., 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; latent variable models; major depression

[ S

mDur jo—m— ¢ gDur

Figure 4. A comorbidity network for major depressive disorder (MDD) and general anxiety disorder (GAD). Larger nodes represent
more frequent symptoms, darker circumference represents higher centrality, thicker edges represent higher frequency of co-
occurrence, and darker edges represent stronger associations. Only edges with a log odds ratio higher than (+ or -)0.60 are
represented. Centrally positioned nodes (mConc, gConc, mSleep, gSleep, mFatig, gFatig, mRest, and gRest) represent overlapping
symptoms. Non-overlapping MDD symptoms are displayed on the left of the figure, and non-overlapping GAD symptoms on the right.

Cramer, A., Waldorp , L., Vander Maas, H., & Borsboom, D. (2010). Comorbidity : A network perspective . Behavioral and Brain Sciences 33(2-3), 137-150.

doi:10.1017/S0140525X09991567
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Abstract

In network approaches to psychopathology, disorders result from the causal
interplay between symptoms (e.g., worry — insomnia — fatigue), possibly
involving feedback loops (e.g., a person may engage in substance abuse to
forget the problems that arose due to substance abuse). The present review
examines methodologies suited to identify such symptom networks and dis-
cusses network analysis techniques that may be used to extract clinieally and
scientifically useful information from such networks (e.g., which symptom
is most central in a person’s network). The authors also show how net-
work analysis techniques may be used to construct simulation models that
mimic symptom dynamics. Network approaches naturally explain the lim-
ited success of traditional research strategies, which are t}-‘l)"ll_"d]]'\-' based on
the idea that symptoms are manifestations of some common underlying fac-
tor, while :Jﬁhﬁng promising 111cth:1[|(1]:1g‘ic:1| alternatives. In addition, these
techniques may offer possibilities to guide and evaluate therapeutic inter-
ventions.

Las apariencias sugieren que, en psicopatologia, un proceso analo
funcionamiento. Se presenta un ejemplo en la Figura 1, en el que I
causa raiz de sus sintomas observables (ver Tabla 1 para la leyenc
correspondiente). Sin embargo, esta similitud entre la psicopatolog
medicina moderna es solo supetieighmente, los clientes son
diagnosticados con un trastorno en funciéon de un conjunto de sinta
después de lo cual el diagnostico se utiliza para elegir un protocolo
tratamientoEsto sugiereidentificacion y el tratamiento de una causa
raiz.Sin embargo, aunque en las ultimas décadas se ha hecho muc
sugerencia de que los sintomas en psicopatologia tienen tales cau:
ha sugerido diversas bases en deseos reprimidos, indefension apre
desequilibrios hormonales, anomalias neurales o defectos genéticc
ahora ha sidmposible identificar estos empiricamebie hecho, es
imposible identificar cualquiera tledtigsnos mentales comunes como
condiciones que existen independientemente de sus sinttmagestra
opinion, es poco probable que esto cambie; es decir, consideramos
probable que, en el futuro, con equipos de deteccidn mejores y tarn
muestra mas grandesjamos identificar tales condiciones
independientemente de sus sintolfBarsbaom & Cramer. 2013, p{29%

Borsboom, D., & Cramer, A. O. (2013). Network analysis: an integrative approach to the structure of psychopathology. Annual review of clinical psychology, 9, 91-

121.
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Network_Yes: | go out on the street

Network_No: | don't go out on the street

PHQS -
PHQS -

BSFL4 -3
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Centrality
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Condition
%= Network_No
B Network_Yes

Ventura-Leon, J., Lopez-Jurado, R., Porturas, E., Ledn-Mostacero, I., & Canchanya-Balbin, S. E. (2022). Anxiety, depression, stress, worry about COVID-19 and fear of

loneliness during COVID-19 lockdown in Peru: A network analysis approach. Frontiers in Public Health, 10, 946697.
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library("bootnet")
library("psychTools")

#t Load data:
data("bf1i")

# First 25 items:

bfiData <- na.omit(bfil[,1:25])

ega.wmt <- EGAC(

data = data, La base de datos
corr = c("cor_auto", "pearson", "spearman"),

model = c("glasso", "TMFG"),

algorithm = c("walktrap", "leiden", "louvain"),

plot.EGA = TRUE,

plot.args = list()



# Load packages:

library("bootnet")
library("psychTools")

#t Load data:
data("bf1i")

# First 25 items:

bfiData <- na.omit(bfil[,1:25])

ega.wmt <- EGA(

Article Selected

Which estimation method to choose in network psychometrics? Deriving guidelines for applied

researchers.

By Isvoranu, Adela-Maria,Epskamp, Sacha
Psychological Methods, Vol 28(4), Aug 2023, 925-946

Abstract

The Gaussian graphical model (GGM) has recently grown popular in psychological research, with a large body of estimation methods being
proposed and discussed across various fislds of study. and several algorithms being identified and recommend as applicable to psychological
data sets. Such high-dimensional model estimation, however, is not trivial, and algorithms tend to perform differently in different settings. In
addition, psychological research poses unique challenges, including placing a strong focus on weak edges (2.g., bridge edges), handling data
measured on ordered scales, and relatively limited sample sizes. As a result, there is currently no consensus regarding which estimation
procedure performs best in which setting. In this large-scale simulation study, we aimed to overcome this gap in the literature by comparing
the performance of several estimation algorithms suitable for Gaussian and skewed ordered categorical data across a multitude of seitings.
as to arrive at concrete guidelines from applied researchers. In total, we investigated 60 different metrics acrosg 564,000 simulated data selsl
We summarized our findings through a platform that allows for manually exploring simulation results. Overall, we Tound that an exchange
between discovery (2.g., sensitivity, edge weight correlation) and caution (e.g., specificity, precision) should always be expected, and
achieving both—which is a requirement for perfect replicability—is difficult. Further, we identified that the estimation method is best chosen in
light of each research question and have highlighted, alongside desirable asymptotic properties and low sample size discovery, results
according to most commeon research questions in the field. (Psycinfo Database Record (c) 2023 APA, all rights reserved)

data = data, ) \/amos a preferir Spearman
corr = c("cor_auto", "pearson", "spearman"),

model = c("glasso", "TMFG"J,

algorithm = c("walktrap", "leiden", "louvain"),
plot.EGA = TF
plot.args

I

list()

et

Isvoranu, A.-M., & Epskamp, S. (2023). Which estimation method to choose in network psychometrics? Deriving guidelines for applied researchers. Psychological

Methods, 28(4), 9251 946. https://doi.org/10.1037/met0000439
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# Load packages:
library("bootnet")
library("psychTools")

#t Load data:
data("bf1i")

# First 25 1tems:

Algoritmos de deteccion de comunidades

ega.wmt <- EGAC(

data = data,

corr = c("cor_auto", "pearson", "spearman"),
model = c("glasso", "TMFG"),

algorithm = c("walktrap", "leiden", "louvain"),
plot.EGA = f

plot.args = list()

Towards A Network Psychometrics Approach to Assessment:

Simulations for Redundancy. Dimensionality, and Loadings

Alexander P. Christensen
University of North Carolina at Greensboro
Doctoral Dissertation

2020

En cuanto al nUumero de respuestas, los algoritinmsvain Fastgreedy

y Walktrapdel método GLASSO obtuvieron la mejor precision (88,6%,
87,8% y 87,1%), seguidos del algoritmo PCA del método PA (86,7%;
Tabla 3). En cuanto a los métodos de red, se observo una tendencia
general a que el método GLASSO (79,9%) obtuviera mejores resultac
gue los dos métodos de correlacion parcial no regularizados (AIC =
63,3% y BIC = 58,6%).

Christensen, A. P. (2020, March 14). Towards a Network Psychometrics Approach to Assessment: Simulations for Redundancy,

Dimensionality, and Loadings. https://doi.org/10.31234/osf.io/84kgd



Table 3

Percent Correct for Each Independent Conditions.

Sample Size £ of Factors £ of Variables Factor Correlationg Factor Loadings Number of Besponses
Alzorithm Method 250 500 1000 5000 1 2 4 4 g 12 000 030 0350 0.70 040 0355 070 Contmuous  Polytomous  Owerall

Edgze ATC 364 469 1 57 8T 471 159 517 497 3T 337 514 472 403 384 525 5T 555 40.9 482

Betweenness BIC 31.7 537 6E.8 731 TiE 53 415 654 58 484 657 618 553 452 374 42 B34 676 45.2 57
(37. %) GLASSO 622 663 693 744 98 o©44 407 646 695 TS BOS 743 654 0 531 j29 M5 TT 723 4.6 68.3
Fast. ) AIC 522 737 844 §79 807 615 716 IO 782 &4 80O 78T Tié6 64 604 814 814 83 65.7 743
(74.9%) d BIC 308 351 3.7 898 783 M 582 754 831 0 696 668 6le 519 426 697 M2 733 515 625
- GLASS) 797  B6.8 §0.5 937 987 80  B44 B33 892 8% W47 811 873 77 68.3 93 99.3 §9.1 86.7 8.8
Tnfo AIC 382 438 487 496 993 182 214 417 488 449 52 486 43 372 42 41% 599 4581 413 452
(58 ﬁiﬁ' BIC 341 335 68.7 718 8.7 475 #442 604 606 511 666 628 553 H“1 367 628 711 66.9 474 573
o GLASSD 671 717 743 754 93 515 651 609 753 809 871 BOT 683 53.1 03 T2 94 6.6 684 723
Labal AIC 427 512 584 6l 95% HM5 218 586 344 471 809 574 5le 431 406 553 64 583 47.2 532
Propagation BIC 274 435 65.1 689 T3l 504 3 632 325 433 598 568 512 4209 M6 588 B35 645 40.7 52.7

(60.6%) GLASSO 701 76 78.2 789 984 698 SB5 T18 TeT T9T7 B9.6 BAS 73 58 M9  Tee 934 0.6 27 76
Leading ATC 583 711 T6.1 758 93X 686 303 LT T3T 654 T5E 738 688  6l4  6l5  Ted 73 78 62.5 70.2
Eigenvalue BIC 316 517 678 781 Ti4 5731 398 698 579 466 638 6l3 568 4890 417 844 B2 678 475 5717
{6%%a) GLASSO 746 754 79.6 514 9538 B39 526 772 T892 B4 B85 Bl4  TE4 693 655 824 B&T 79.6 78.3 75.9
Lowvain AIC 511 723 843 901 892 &2 724 809 79T 628 805 T34 T3 s44 614 Bl3 B 831 65.5 743
(75.2%) BIC 3l 35 734 91 76 44 588 761 635 499 &96 669 619 526 437 70 73.7 73.8 51.5 62.8

" 2 8nr o4 98y oEv oI &5y &9 00 e S S S X! 00 oA

I:Tlgf;:ja ) PA 591 788 8  9L5 751 82 8l 692 852 836 BLI SL6 799 749 64 85 866 59.5 69.3 79.4
{EI;C;};DJ PA 701 879 913 964 984 871 745 788 905 907 945 931 882 71 SL1 883 906 917 516 56.7
o AIC 465 667 712 8.2 809 565 & 806 716 347 733 716 619 607 92 751 707 I 59 [
,:'.’;'ﬁl.i‘; BIC 301 489 6 802 567 388 605 846 3569 424 3562 54 514 466 532 569 481 654 372 524
. GLASSO 748 82 848 869 91§ 737 76 847 805 T8l 847 837 809 743 593 823 898 88.7 75.8 5018
Wa AIC 45 713 803 858 92 &1 614 732 766 685 803 776 721 609 561 804 80 51 63.6 727
a 3[“35‘,?‘; s D2 32 2 605 S04 415 688 733 2.6 30,4 §
S 388 904 948 OL7 863 756 671 99 993 88.3 36 87.1

Note. Bolded values represent conditions where 80% or more of the replicated samples were estimated correctly. The

algorithms are denoted with their percent correct across conditions i parentheses. PFA = principal factor analysis and

PCA = principal component analysis.

Christensen, A. P. (2020, March 14). Towards a Network Psychometrics Approach to Assessment: Simulations for Redundancy,
Dimensionality, and Loadings. https://doi.org/10.31234/osf.io/84kgd



# Load packages:

library("bootnet")
library("psychTools")

# Load data:
datal"bf1i") \\\
Py 2, G2
# First 25 items: \ A/
bfiData <- na.omit(bfil[,1:25]) Ny QS>
C4

Algoritmos de deteccion de comunidades
ega.wmt <— EGA( (ﬁ%‘ E5

data = data, "\ |

corr = c("cor_auto", "pearson", "spearman"), //

model = c("glasso", "TMFG"), S Eo -

algorithm = c("walbkfrap" "leijden" "lopwain!)

plLot.EGA = .

plot.args = list() O ——lo5=—iga: VA,
. E1

o1

Christensen, A. P. (2020, March 14). Towards a Network Psychometrics Approach to Assessment: Simulations for Redundancy,
Dimensionality, and Loadings. https://doi.org/10.31234/osf.io/84kgd
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# Calcular la

net.loads(ega.

Items
A3
A2
A5
A4
A1
Cc2
C1
C3
C5
C4
E2
E1
E5
E3
E4
N1
N3
N2
N4
N5
03
o1
04
02
05

fuerza
wmt)$std

estand

1 2 3 4 5
0.38| 0.00 0.10 0.00 0.01
0.37| 0.03 0.06 0.00 0.01
0.22| 0.00 0.18 -0.03 0.01
0.17| -0.10 0.05 0.00 0.00

-0.16/ 0.00 0.00 0.03 -0.02
0.05( 0.30f 0.04 0.01 0.03
0.00( 0.26f 0.03 0.00 0.06
0.03( 0.26f 0.02 0.00 0.00

-0.05| -0.24| 0.04 0.09 0.02
0.00| -0.37| -0.02 0.05 0.06

-0.03 0.03| 0.32| 0.09 0.05

-0.02 0.01| 0.24| 0.01 -0.01
0.05 0.12]-0.18| 0.03 0.09
0.14 0.00|-0.18| 0.00 0.16
0.19 0.00|-0.26 | -0.04 0.02
0.04 0.02 0.01| 0.41| 0.00
0.00 0.00 0.00| 0.39| 0.01

-0.02 0.02 0.02| 0.37| 0.00
0.00 0.09 0.10| 0.24| 0.06
0.00 0.03 0.04[ 0.21] 0.06
0.02 0.03 0.14 0.00| 0.30
0.00 0.03 0.10 -0.01| 0.25

-0.02 0.03 0.04 0.06| 0.17
0.00 0.03 0.01 0.04|-0.21
0.01 0.04 0.01 0.01]-0.30
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On the equivalency of factor and network loadings

arizada de los nodos

Alexander P. Christensen & & Hudson Golino

Behavior Research Methods 53, 1563-1580 (2021) | Cite this article

3317 Accesses | 50 Citations | 5 Altmetric | Metrics

Abstract

Recent research has demonstrated that the network measure node strength or sum of a node’s
connections is roughly equivalent to confirmatory factor analysis (CFA) loadings. A key finding
of this research is that node strength represents a combination of different latent causes. In

the present research, we sought to circumvent this issue by formulating a network equivalent

Teniendo en cuenta estos resu ltados’ su geri mos q ue IaS d I reCtrices of factor loadings, which we call network loadings. In two simulations, we evaluated whether
generales SObre el tamaﬁo del efECto para |aS Carg as de red sean de these network loadings could effectively (1) separate the effects of multiple latent causes and
0,15 para las pequeias,
0,25 pal’a |aS mOderad as y the network loadings can effectively do both. In addition, we leveraged the second simulation
O , 35 pal’a |as g I’andes . to derive effect size guidelines for network loadings. In a third simulation, we evaluated the

(2) estimate the simulated factor loading matrix of factor models. Our findings suggest that

similarities and differences between factor and network loadings when the data were
generated from random, factor, and network models. We found sufficient differences between
the loadings, which allowed us to develop an algorithm to predict the data generating model
called the Loadings Comparison Test (LCT). The LCT had high sensitivity and specificity when
predicting the data generating model. In sum, our results suggest that network loadings can
provide similar information to factor loadings when the data are generated from a factor
model and therefore can be used in a similar way (e.g., item selection, measurement

invariance, factor scores).

Christensen, A.P., Golino, H. On the equivalency of factor and network lod8iehgs/ior Research Methodss,
15631580 (2021). https://doi.org/10.3758/s134280-015006






boot.wmt <- bootEGA(data = bfiData,

Empirical EGA Communities ) 1

0.89
0.89
0.89
0.86
0.86

1
1
1
1
1
1
1
1
1
1

A1
corr = "spearman", A2 -
model = "glasso", ﬁi'
algorithm = "louvain", A5 -
plot.type = "GGally", C1-
ftbootstrap e
. i C3 4
1ter = 1000, C4-
seed = "2023", E?-
type = 'rezgwpllng“, g E2-
ncores = 12) g E4

= E5-

E3+

N1

N2 A

N3 4

N4 4

N5 A
g . . . . 01 i

Un valor de 0.89 en eitém stability' indica que el item en cuestién ha sido 02 -

identificado consistentemente en esa dimension en aproximadamente el 89% de 03

las muestras replicadas. Esto significa que ese item tiende a pertenecer 044
predominantemente a esa dimension en particular en el analisis de la red 05+ y .
psicométrica. Sin embargo, también puede haber ocasiones en las que el item se 0.00 0.25

haya replicado en otras dimensiones en menor medida

0.50
Replication

0.75

Christensen, A. P., Golino, H., and Silvia, P. J(2020) A Psychometric Network Perspective on the Validity and Validation of Pe

Questionnaires.

European Journal of Personality, 34, 1095z1108. https://doi.org/10.1002/per.2265
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Métodos basados en laovariacionde los items

Kuder & Richardson (1937) Cronbach (1951) McDonald (1999)

N nn A s 2 [B = ]
K € a Pqg _ K ¢ as? ]
KReo = N g1- @ PR 2= S e S B_] [er |
K-1ga S7 ¢
_ d ) q dos los i Donde:
1PQ: suma ae varianzas de todos los Ite k= Niimero de iterms
. i Dénde:
S, Vanianza del test ZS}Q =Suma de las varianza de cada items
k= ndmero de items

¥: es el s2mbol o de
"Ajes la carga factorial estandarizada de i.

2 .
Sy = Varianza Total

Kuder G. F., & Richardson, M. W. (1937). The theory of theCronbach, L. J. (1951). Coefficient alpha and the internal
estimation of test reliabilityPsychometrika2(3), 1531

coef

McDonald, R.P. (1999). Test theory. A unified treatment.
structure of testsPsychometrikal6(3), 297334.

Mahwah, NJ, Lawrence Erlbaum Associates.



# Estimacion Consistencia estructural
res <- dimensionStability(boot.wmt)
res$dimension.stability$structural.consistency

La consistencia estructural se refiere a la medida en que los componentes de un
cuestionario forman una subred coherente dentro de una red mas amplia. Es un
indicador de la homogeneidad y coherencia interna de los items en un contexto
multidimensional. La consistencia estructural puede evaluarse utilizando una
medida llamada "consistencia estructural” que proporciona informacion
complementaria a las medidas de consistencia interna tradicionales

Dim

A~ W N -

5

value
0.995
1.000
0.856
1.000
0.999

Estosvaloresindicanla magnitudde la consistenciaestructuralen cadadimension Cuantomascercanoa 1 seael valor, mayor serala consistencia
estructural Eneste caso,lasdimensionesl, 2 y 4 tienen una consistenciaestructuralmuy alta, cercanaa 1. Ladimension5 tambiéntiene unaalta
consistenciastructural,aunqueligeramenteinferior a lasdimensionesanteriores Sinembargo,la dimension3 presentauna consistenciastructural
algo mas baja en comparacioncon las otras dimensiones Esto puede indicar que los elementosdentro de esta dimensionpueden ser menos

homogéneos interrelacionadosn comparaciérconlasotrasdimensiones

Christensen, A. P., Golino, H., and Silvia, P. J(2020) A Psychometric Network Perspective on the Validity and Validation of Pe

Questionnaires. European Journal of Personality, 34, 1095z1108. https://doi.org/10.1002/per.2265
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Garcia-Pardina, A., Abad, F. J., Christensen, A. P., Golino, H., & Garrido, L. E. (2022). Dimensionality assessment in the presence of wording effects: A network
psychometric and factorial approach. PsyArXiv. doi:10.31234/osf.io/7ygau



