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Abstract 

It has been suggested that multilayer network models could be promising mathematical tools 

for the study of complex human behavioural phenomena. One of the reasons is that these 

models can be used to correct for differences between different data sources, which traditional 

network models cannot. However, multilayer networks models are only a few times 

empirically applied to psychological data and an important question is if we indeed can and 

should correct for differences between sources by conceptualizing the network as multi-

layered. The aim of the current proof-of-concept study is to empirically apply multilayer 

network analysis on psychological, multisource data and document choices and difficulties in 

the process. Multisource data (mental health, physical health and cognitive function) from the 

Survey of Health, Ageing and Retirement in Europe (SHARE) dataset of elderly people was 

used. The multilayer network was estimated using Sparse Network And Component 

Supplemental (SNACS) model estimation, which uses a pre-processing step to estimate the 

underlying component structure of the data and takes this into account when estimating a 

regularized partial correlation network. Results showed that a) there is an underlying structure 

in the multisource data and; b) taking this into account results in a different network model. 

However, the results heavily depend on the modelling decisions made, hampering the 

robustness of the findings. Moreover, the interpretation of the results is not straightforward. 

Nonetheless, this study indicates that taking into account differences between sources might 

be a necessary first step when using multisource data. Future research directions are 

suggested. 

 Keywords: multilayer, multisource, network analysis, psychological, complexity 
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Multilayer Network Analysis: Promises and Pitfalls 

Researchers in the psychological sciences emphasize the need for the collection and 

analysis of large, multi-source, multidisciplinary datasets and collaboration between 

disciplines to understand psychological phenomena (Bartel et al., 2013; Silverman & 

Loscalzo, 2012). This is necessary, because factors that underlie these phenomena exceed the 

boundaries of individual disciplines. This highlights the importance of understanding how 

data from different disciplines or domains relate to one another. For instance, how do 

variables typically collected in psychological sciences relate to those collected in 

neuroscience and biology, and how do these relations constitute the emergence of specific 

behaviour? Taking into account the relations between these different domains might broaden 

our understanding, open new treatment venues and increase the predictive accuracy of our 

models (Tio et al., 2020). Hence, there is a need in psychological science to develop tools that 

allow us to study psychological phenomena in a multidimensional manner.  

Multisource Data and Complex Systems 

The trend to use multisource data when analysing a psychological phenomenon is in line 

with a view that has gained popularity in the past decades: the notion that human behaviour is 

a complex dynamical system and should be analysed as such (e.g. Benthem de Grave et al., 

2020; Blanken et al., 2021; Borsboom, 2017; Braun et al., 2018; Brooks et al., 2020; De Boer 

et al., 2021; Foote, 2007; Hasselman, 2022; Heino et al., 2020; Ladyman et al., 2013; Norman 

et al., 2011; Olthof et al., 2021; Robinaugh et al., 2020; Tanskanen et al., 2007). A complex 

dynamic system is a composition of parts and wholes in which interdependencies between 

parts lead to the emergence of wholes (Van Geert, 2019). In order to understand this complex 

behaviour, interactions between the parts of the system are of interest, rather than parts in 

isolation (Hinch et al., 2006). This is because complex dynamic behaviour is considered to be 

the result of interactions between processes across multiple spatial and temporal scales 
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(interaction-dominant dynamics). In other words, it is characterised by emergence, self-

organisation, scaling, interference and synergies (see e.g. Heino et al., 2020; Ihlen & 

Vereijken, 2010; Szary et al., 2015; Turvey, 2007; Van Orden et al., 2003). When translated 

to psychological science, the dynamic system (this can for example be human behaviour or 

mental health or psychopathology) emerges from self-organized interactions between parts of 

this system, such as interactions within and between biological, environmental, psychological 

and neurological factors (Olthof et al., 2021). This approach is thus applicable to 

psychological phenomena. What this means for the study of psychological phenomena will 

now be further explained. 

Psychological Complex Phenomena 

Most studies that have been done in psychological science are in line with the assumption 

of independence, which is the idea that interacting factors interact in an additive manner, 

which allows them to be studied in isolation (Van Orden et al., 2003). This assumption has led 

psychological scientists to focus on unique contributions of specific factors to psychological 

phenomena. In contrast, in the complex adaptive systems framework, interacting factors are 

seen as inseperable because processes in one subsystem (e.g. formed by psychological 

factors) are dependent on the processes of all other related systems (Van Orden et al., 2012). 

Empirical studies that compared both assumptions have found evidence in favor of the 

interdependence assumption, where taking into account interactions between subsystems 

(which can for example be originated from different sources) increased the amount of 

explained variance (Ihlen & Vereijken, 2010; Wijnants, 2014). This implies that complex 

human phenomena, such as psychopathology, need to be treated and studied as a whole, and 

thus with multiple levels of explanation (Olthof et al., 2021; Van Geert, 2019; Wallot & 

Kelty-Stephen, 2018). 
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An example of a psychological phenomenon that can be seen as a whole, is the 

concept depression (Van Geert, 2019). Depression is studied in many different disciplines and 

theoretical frameworks and is therefore reflected in different kind of factors, studied by 

distinct domains. For instance, the factors persistent sad emotion (psychological factor), 

rumination (cognitive factor), inactivity (behavioural factor) and loss of appetite 

(physiological factor) all reflect depression. Moreover, these different variables of different 

domains often interact with each other, for instance when rumination → sad emotion → 

inactivity → rumination. This is called a feedback loop, because rumination is both the reason 

for the sad emotion but indirectly also the consequence of it. These feedback loops within the 

system make the phenomenon complex (Borsboom & Cramer, 2013). An important 

consequence of conceptualizing a phenomenon as an interdependent whole of subsystems 

(e.g. behavioural, physiological etc.), is thus that the phenomenon needs to be studied as a 

whole, instead of studying only one subsystem of the phenomenom. This indeed calls for 

studies with data from multiple sources. Moreover, this conceptualization of psychological 

phenomena as complex systems creates an opportunity where techniques used in complexity 

science can be used to examine psychological phenomena. 

Network Tools 

One way to increase understanding of relationships within a complex system, is using 

statistical tools from network science (Barabási, 2016) to estimate relations among elements 

of the system of interest (Fried, 2020; Fried & Robinaugh, 2020). The network approach suits 

the complex systems approach, since networks can be used to analyse complex relationships 

such as feedback loops (described earlier). The popularity of such network psychometrics 

approaches have increased over the past decade (Borsboom, 2017; Robinaugh et al., 2020b). 

We will first explain what a network is. The simplest network can be seen as a visualisation of 

a correlation matrix of all the data. A network can consists of nodes and edges. Nodes in a 
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symptom network represent the variables, for example of a psychological construct like 

feeling depressed. Edges represent the relationships between the nodes and can be estimated 

in several, more, or less complex psychometrics (e.g. correlation or unique relationships). 

Using this approach has led to valuable insights (Koller & Friedman, 2009). However, most 

network studies have been performed with data from only one level of analysis (e.g. self-

ratings of psychological states). This aspect is in line with the assumption of independence 

described above, and not with the assumption of interdependence which suits the complexity. 

Levels of Explanation 

The reason why the use of one level of analysis for complex multisource data is 

specifically problematic, is because multisource data is expected to consist of clusters. 

Clustering arises when some nodes are more alike than others. This can be the case when 

variables have different spatial or temporal scales, when there are different subsystems in the 

data or when nodes are originated from different sources (such as different datasets, measures 

or operationalisations). Multisource data is therefore expected to cluster based on the source it 

belongs to and therefore, edges between and within those clusters need to be treated 

differently according to the assumption of interdependence, where clusters are seen as 

subsystems that interact with each other (e.g. Ihlen & Vereijken, 2010; Wijnants, 2014). If 

these differences in edges within and between clusters are not taken into account, the 

representations of the estimated edges might be biased, which is the case for networks with 

one level of explanation (Tio et al., 2020). Moreover, Miller (2010) and Thomas and Sharp 

(2019) reviewed attempts to link different levels of explanation in a monolayer network and 

argued against popular monolayer network strategies for the use of multiple levels of 

explanation because of their inadequateness on logical as well as conceptual grounds. 

However, it is suggested to use multilayer network models for the study of psychological 

phenomena with multiple levels of explanation (Boccaletti et al., 2014; Braun et al., 2018; De 
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Boer et al., 2021; Hasselman, 2022; Nelson et al., 2017; Norman et al., 2011; Riese & 

Wichers, 2021). 

Multilayer Network Models 

In the past couple of years, multilayer network analysis has become increasingly popular 

after the physics community began to use them with names like multilayer networks (Jo et al., 

2006; Kurant et al., 2007; Kurant & Thiran, 2006), network of networks (Zhou et al., 2006, 

2007) and node-colored networks (Newman, 2003; Vazquez, 2006). These models could 

theoretically integrate different types of data (e.g. neurobiological, physiological, 

psychological, environmental) into one model, allowing for insights and analyses that could 

not be performed when focusing one layer of analysis only (Kivelä et al., 2014). Following 

the multilayer network framework of Kivelä and colleagues (2014), we conceptualize 

multilayer network as an overarching term for various network types. We consider a network 

type multilayer when the network consists of multiple layers with within- and between-layer 

edges. Every single layer represents a subsystem of the whole system. The most described 

goal of multilayer network analysis is to increase understanding about the dynamics (e.g. 

Nelson et al., 2017) and/or topological features (e.g. Kaiser et al., 2007) of a certain system. 

We will now explain different categories of multilayer network types in further detail.  

Multilayer Network Categories 

In this section, we will discuss the most important types of multilayer networks for 

psychological phenomena (for an extensive overview, see e.g. Bianconi, 2018; Boccaletti et 

al., 2014; Hammoud & Kramer, 2020; Kivelä et al., 2014). Multilayer networks can be 

categorized into two broad categories: edge-based and node-based multilayer networks 

(Hammoud & Kramer, 2020). We now briefly describe these categories and most common 

types that exist within those categories. 
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Edge-based. Edge-based networks are networks used to examine different types of 

relationships between nodes. Every layer represents another type of relationship and  the 

network is node-aligned, which means that nodes can belong to multiple layers (for 

exceptions, see e.g. Buccafurri et al., 2013). The most used multilayer network type in 

empirical studies is edge-based, which is the multiplex network (Gluckman, 1995; Szell et al., 

2010; Verbrugge, 1979), which can be seen in Figure 1. This network type originated from 

sociology and can for example be used to examine different types of one-to-one interactions 

between players of a game (e.g. positive connotation such as friendship, communication and 

trade, or negative connotation such as enmity, armed aggression, punishment), where every 

interaction type is placed on another layer (Szell et al., 2010).  

Another edge-based network is the multilevel network (Figure 2). This network type 

uses subsets of nodes as wel as subsets of edges on every layer, where nodes can exist on 

multiple layers. This type is for example used for a transportation network where layers 

represent different transportation methods and not all stops (nodes) are used by all 

transportation methods (Aleta et al., 2017). Within edge-based networks, one can also make a 

distinction between different types of nodes (for example based on gender) and hierarchical 

structures can be included in multilevel networks, such as individuals as part of organizations 

(Lazega et al., 2008). Moreover, when the same nodes are being examined at different points 

in time in one multilayer network, this can also be conceptualised as an edge-based network. 

Each layer can for example be used to construct the network at each timepoint. The focus in 

edge-based networks is on the interactions and dynamics within and between the layers of the 

system. 

Figure 1 

Multiplex Network 
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Note. All layers represent another type of relationship between the same nodes. Reproduced 

without permission from Hammoud and Kramer (2020). 

Figure 2 

Multilevel Network 

 

Note. Every layer consists of a subset of nodes and edges. Between-layer edges only exist 

between the same nodes on different layers. Reproduced without permission from Hammoud 

and Kramer (2020). 

Node-based. In contrast to edge-based networks, node-based networks are not focused 

on different types of relationships but instead on different groups. The dataset is first divided 

into groups and every group is placed on a single layer. Most node-based networks are 

therefore layer-disjoint, which means that a node only exists on one layer. An example is the 

interconnected network (Figure 3), also called interacting network, or, network of networks 
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(e.g. Brummitt et al., 2012; Buldyrev et al., 2010; Criado et al., 2012; Donges et al., 2011; 

Rocklin & Pinar, 2013; Rosato et al., 2008). It can be seen as a collection of networks (e.g. 

subsystems or groups are placed on a single layer and every layer forms a network that 

interacts with other networks (Donges et al., 2011).  

A more complex node-based network is the hypergraph (Chemero & Turvey, 2008). In 

this network type, different intersecting subnetworks can be analysed, with nodes that can 

belong to multiple subgroups and thus to multiple layers (Figure 4). These networks are 

therefore node-aligned. The edges in the network are a special kind and called hyperedges. 

These hyperedges can connect multiple nodes at the same time. Each hyperedge is mapped to 

a single layer (for mor information on hypergraphs and hyperedges, we refer to Chemero & 

Turvey, 2008). The reason this type is considered node-based is that the focus is on the 

grouping in the network. The focus in node-based networks in general is on the exploitation 

of the topology within the system. For instance, these network types might help achieve 

global synchronization between different layers (for more information on global 

synchronization, see Boccaletti et al., 2014). 

Figure 3 

Interconnected Network 

 

Note. a. The network in a monolayer view (left); b. The network in a multilayer view (right). 
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Nodes that belong to the same group are placed on the same layer. Reproduced without 

permission from Hammoud and Kramer (2020). 

Figure 4 

Hypergraphs 

 

Note. a. The network in a monolayer view (left); b. The network in a multilayer view (right). 

Nodes that belong to the same sub-group are placed on the same layer. Note that the 

difference with an interconnected network is that a node can belong to multiple sub-groups 

and thus layers. Reproduced without permission from Hammoud and Kramer (2020). 

Multilayer Networks in Psychology 

We will now give some examples of the use of multilayer networks in psychology.  

Multilayer networks in psychology have been primarily proposed to be of use for the concept 

of psychopathology (Braun et al., 2018; Maatman, 2020; Masten et al., 2021; Olthof et al., 

2021) but also on personality (Brooks et al., 2020), stress (Epel et al., 2018; Norman et al., 

2011), brain and cognition (Simpson-Kent et al., 2021) and human experience (Hasselman & 

Bosman, 2020). To give a more in-depth idea of the possibilities when using multilayer 

networks in psychology, we will now explain two studies in further detail. 
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Simpson-Kent et al. (2021) examined the neurocognitive structure of general 

intelligence in struggling learners. In this study, three distinct monolayer networks were 

compared with one multilayer network that combined those networks. One layer was a 

cognitive network with verbal abilities with a focus on reading and two other layers were both 

a structural brain network: one layer consisting of grey matter cortical volume and one layer 

consisting of white matter fractional anisotropy. The authors found multiple positive and 

negative partial correlations between the layers of networks, indicating that brain and 

behaviour interact with each other.  

Another study that uses empirical data is the study by Hasselman & Bosman (2020). A 

multilayer design was used to study human experience using Ecological Momentary 

Assessment (EMA) data, which were self-ratings of, for instance, self-esteem, depression and 

mood. The EMA data contains timeseries, since the same items are collected multiple times a 

day for multiple days. To take these timeseries into account, recurrence networks were created 

for every variable (for an explanation of recurrence networks, we refer to Hasselman & 

Bosman, 2020). These recurrence networks were then connected using a multilayer network 

design. Moreover, multiple between-layer edge psychometrics were compared in this study. 

This unique approach to multilayer networks is promising for the use of timeseries data, 

which provide more accurate information about the patterns in complex dynamic systems than 

studying variables on only one point in time (Wijnants, 2014). 

The present study 

The studies described in the last paragraph are unfortunately two of the very few 

empirical studies using multilayer networks in psychology. Most studies namely focus on the 

theoretical framework or on simulation studies. As a consequence, many conceptual and 

methodological challenges concerning the nature of psychological data are not yet put to the 

test. Specificallly, to date it is not clear yet how we should construct, analyse and interpret the 
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multilayer network model in psychology and what methodological and conceptual issues 

might arise when doing so, and how network structures of multilayer networks are different 

from network structures in monolayer networks. 

To fill this gap, the present paper is structured as a guideline for researchers that are 

planning to use multilayer network analysis for multisource data to study psychological 

phenomena. The aim and structure of this study is threefold: 1) to provide an overview of 

steps and choices that need to be made when constructing a multilayer network for 

psychological phenomena; 2) to perform a proof-of-concept study and; 3) to discuss 

conceptual and methodological advantages and limitations of this approach. We follow 

through with a summary of the results and provide suggestions for future research. 

Modelling Decisions when Construing Multilayer Networks: A Step-by-step Guide 

Step 1: Goalsetting  

The goal of your study can already constrain the modeling decisions that have to be 

made. First, the goal of your study will inform what kind of variables are of interest. Second, 

it will inform what type of multilayer network structure you should use. For instance, if you 

are interested in relationships between groups of variables, the model should be node-based; if 

you are interested in examining multiple relationship types between the same variables, your 

network should be edge-based. 

Step 2: Choosing Variables 

What variables to select for your model, will depend on your specific goals, on 

theoretical considerations, and on the dataset available. Here, we will focus specifically on the 

latter. One method to collect suitable data is combining data from different sources, for 

example by extracting information from different social-media websites (Magnani & Rossi, 

2013). Another method is to directly collect different types of data from one source, such as 
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mobile-phone billing, where text messages as well as phone calls can be extracted (Zignani et 

al., 2014). A third method is to use observation and differentiate between different types of 

interactions (Szell et al., 2010). A fourth method is to directly collect different types of data 

from the same participants, such as neurological and psychological data. 

As always when using psychological data, be aware of interpretation difficulties, for 

example as a consequence of overlap in concepts, unclear definitions, instrumental 

limitations, interpretation difficulties and missingness (Jensen et al., 2022). If possible, avoid 

them (see e.g. Bringmann et al., 2020) but if not, these difficulties have to be taken into 

account when interpreting the results.  

Step 3: Multilayer Network Design  

The next step is to design the multilayer network. There are many different 

possibilities and one can get quite creative with it. However, the goal of the study and the 

chosen dataset will exclude many options, which will make it easier to choose. In designing 

your multilayer network analysis, the following decisions should be made: how to represent 

the layers (3.1); how to order them (3.2), and how to design the between-layer edges (3.3). 

3.1 Representation of the layers. When designing the network, first think about what 

the layers should represent. If your goal requires an edge-based network, different types of 

relationships should be placed on different layers and layers should be node-aligned (e.g. 

nodes can exist on multiple layers). In contrast, if your goal requires a node-based network, 

different subsets of the data should be placed on different layers and the network should be 

layer-disjoint. 

3.2 Ordering of the layers. If the goal is to include hierarchy in the layers, based on 

theoretical considerations, then the layers have to be ordered accordingly. If not, you can skip 

this paragraph. This hierarchy can be based on timescales or for example part-whole grouping 



MULTILAYER NETWORK ANALYSIS IN PSYCHOLOGY 15 

in the data (Lazega et al., 2008). Part-whole grouping is for example when an individual is 

part of a whole, such as an organization. Processes on the individual level are then placed on a 

lower layer than processes on the organizational level. When hierarchy is based on timescales, 

variables are grouped together that fluctuate on the same timescale. Subsystems with faster 

processes are typically placed on lower layers and higher layers are typically used for 

subsystems of a ‘higher order’, meaning slower processes. Most studies that use hierarchy 

have a clearly visible hierarchy in their data already (Campi et al., 1997; Jeong et al., 2001; 

Noh, 2003; Ravasz & Barabási, 2003; Schuster et al., 2000; Wasserman & Faust, 1994). This 

is for example the case in biology when movement is being studied, where some layer 

represents processes within a single cell, the next layer represents processes within a muscle 

and the next layer represents processes on a behavioural level (Alves et al., 2018; Berenstein 

et al., 2016; Gomez et al., 2020). In this example, the hierarchy is based on both part-whole 

relationship and timescale, since processes on cell level within a muscle (part-whole) fluctuate 

on a faster timescale than processes on the muscle level. If hierarchy indeed suits the goal and 

the theory, the layers should be ordered according to the theory.  

3.3. Design of the between-layer edges. When the representation (and, if required, 

the ordering) of the layers is chosen, the nodes can be assigned to the corresponding layers. 

The next step is then to choose whether between-layer edges should be connecting the same 

nodes on different layers (e.g. in edge-based networks) or different nodes (e.g. in node-based 

networks). After finishing this step, it should be possible to draw an empty version of the 

multilayer network. 

Step 4: Deciding on the Appropriate Method for Analysis 

Listing all different techniques that have been used in multilayer networks is out of the 

scope of this article. Whilst the field will undoubtedly develop further in the upcoming years, 

there are various decisions that have to be taken into account when performing your analysis.  
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Decisions concerning network sparsity. In networks, the number of possible edges 

grows when using larger datasets, which is often the case in multilayer networks. Therefore, a 

common used technique is the lasso, which provides sparser network structures (Friedman et 

al., 2008; Kivelä et al., 2014). The sparseness is regularized by a hyperparameter, sometimes 

called gamma. Unfortunately, the best value for this hyperparameter is a complex function of 

the true network structure, which is usually unknown (Epskamp & Fried, 2018). This makes 

the choice of the hyperparameter  somewhat arbitrary and it can be set based on the choice 

whether the estimation should be more conservative (e.g. gamma = 0.5), possibly resulting in 

omitting true edges from the network (Foygel & Drton, 2010) or if the goal is to discover (e.g. 

gamma = 0), possibly admitting edges that do not exist (Dziak et al., 2020). Network sparsity 

using regularization can be used for estimation of within-layer edges as well as between-layer 

edges.  

Connecting layers. Given that the new contribution of multilayer network analysis to 

network science is predominantly the differentiation between within- and between-layer 

edges, the main new methodological challenges concern the between-layer edges. However, 

literature has primarily focused on the connections within layers and neglected between-layer 

connection strength and the quantification of relative, weighted rates of information 

relationships between-layers (Min & Goh, 2013). Therefore there are still many questions 

remaining about what the best way is to connect layers with each other. This is  especially the 

case for node-based networks, since estimating between-layer edges should be less 

complicated in edge-based, node-aligned networks, where the between-layer edges connect 

the same node on different layers (Kivelä et al., 2014).  

Current approaches to connect layers primarily use similarity-based between-layer 

edges (Vaiana & Muldoon, 2020). Examples of those methods are for instance simply using 

correlations, the edge overlap measure (which estimates similarity and coherence between 
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layers and its average) and the strength-based interlayer Mutual Information (Eroglu et al., 

2018; for comparison of these between-layer measures, see Hasselman, 2022). 

Step 5: Interpretation 

 The last step that needs to be taken before performing the analysis, is deciding how to 

evaluate the research questions. Depending on whether the study is exploratory or 

confirmatory, the evaluation operationalization can be more, or less concrete. If the goal is to 

compare network models, than this should be done based on theory compatibility (Schmank et 

al., 2021) and the proposed data-generating mechanism (Van Bork et al., 2021) and should 

not be done using only goodness-of-fit indices (Simpson-Kent et al., 2021). One common 

used strategy is to compute centrality indices and clustering coefficients to interpret the 

network model. However, one question that should be asked is if it makes sense to consider 

correlations between variables (we highly recommend to read Bringmann et al. (2020) for a 

critical review on interpretation of centrality measures). For instance, psychological networks 

are strikingly different from networks studied in most other disciplines, because the edges are 

usually known (Wasserman & Faust, 1994), whereas those in psychological networks 

represent unknown statistical relationships that need to be estimated. This poses novel 

problems for statistical inference, which is why interpretations of the results need to be done 

with caution (Epskamp & Fried, 2018). However, when you decide to use the centrality 

indices and clustering coefficients anyway, both the accuracy and stability of the results 

should be examined before interpreting the results, which can be done using bootnet 

(Costantini et al., 2015; Epskamp et al., 2017).  

Proof-of-Concept Study 

After presenting this general step-by-step guide, we will now apply one specific 

method to an empirical dataset: a proof-of-concept study. This proof-of-concept study is 

based on a simulation study by Tio, Waldorp and Van Deun (2020). In this study, a multilayer 
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network design was used to combine different models from multiple sources to see how these 

interact. The authors explain that it is a necessity when working with multisource data, to take 

into account the underlying structure of associations. They argue that different sources may 

inherently differ from one another, which could bias the estimation of what the edges 

represent, which is essentially a measure of an association. Therefore, Tio et al. 

conceptualized networks based on multisource data as multi-layered and performed a 

simulation study where an underlying structure was written in the data. First the underlying 

structure was estimated and then this was taken into account when estimating the relationships 

using a regularized partial correlations. This resulted in a multilayer network model which 

was then compared to several monolayer network models, estimated from the same data. Tio 

et al. found that the multilayer network model better captured the true relationships that were 

written in the data than the monolayer network models. This indicates that if there are 

differences between the different sources, a multilayer network model should be used instead 

of a monolayer network model. However, this method has not been used on empirical data 

yet. Therefore it is unknown whether using this method on empirical data would lead to the 

same conclusions. Moreover, it is expected that problems might occur when applying this 

multilayer method to empirical data and it would be valuable to document what these 

challenges are and, if possible, how these can be dealt with. These questions will be addressed 

in the present proof-of-concept study. 

Step 1: Goalsetting 

In this proof-of-concept study, we want to examine if we have to take differences into 

account between within- and between-layer edges when using multidomain data. More 

specifically, we are interested in whether there is a potential component structure underlying 

the different empirical data sources we include (RQ1), and whether taking this into account, 

which results in a multilayer network, leads to different outcomes compared to monolayer 
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networks, estimated on the same dataset, that do not take this underlying structure into 

account (RQ2). Based on the simulation study of Tio et al. (2019), we hypothesize that the 

answer to both questions is yes (H1 and H2). Any conceptual and methodological challenges 

that arise during this application study will be documented and evaluated in the discussion. 

Step 2: Choosing Variables 

Ideally, as explained earlier, one would base the variables of the dataset on theoretical 

assumptions. However, for the goal of this study, namely to show how a node-based 

multilayer network can methodologically be created with psychological data, this is not as 

relevant because we are not interpreting the outcomes for theory-building or understanding of 

the phenomena. The reason for this is that we argue that we must withheld from theoretical 

interpretation as long as we have strong conceptual and methodological challenges and 

unknowns. Moreover, finding or collecting an ideal theory-based dataset was out of the scope 

and time of this study. We focused on finding a dataset with multiple sources or domains with 

at least psychological and physical or biological data with a connection to mental health, to 

demonstrate how these domains can be connected in multilayer networs. In the present study, 

we used a dataset with the domains mental health, psychical health and cognitive function 

from the Survey of Health, Ageing and Retirement in Europe project (SHARE-project; 

Börsch-Supan, 2022), Wave 7 (Bergmann et al., 2019). This data was collected from 77202 

elderly people in 28 different countries, covering the whole European Union. 

Exclusion of cases was based on practical reasons: for most subjects, not all scales of 

all these three domains were collected in Wave 7. We excluded these cases, which reduced 

the sample size to 13577 cases. The exclusion criteria of variables were informed by 

theoretical considerations: variables in the domains cognitive function and physical health 

were excluded if there was no reason to think it would be related to mental health. 

Furthermore, we concatenated some variables to change them from binary data to ordinal (e.g. 
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we concatenated yes/no answers on items of physical conditions). This was done because the 

matrix estimation needed for network analysis does not handle mixed data well (e.g. binary, 

ordinal and continuous data). Moreover, we used imputation to account for missing values 

(mice package; Van Buuren & Groothuis-Oudshoorn, 2011). After exclusions and 

concatenations, we had reduced the dataset to 22 variables. All variables, possible values and 

information about type and whether they were concatenated are listed in Appendix A. The 

script with all exclusions and operations on the data can be requested from the author. 

Step 3: Multilayer Network Design  

Our goal is already able to constrain some of our modelling decisions: to test our 

hypotheses, we conceptualized our data as divided based on the different domains (e.g. mental 

health, physical health or cognitive function) and placed every domain on another layer, 

which makes our network multilayer, node-based and layer-disjoint (step 3.1). We did not put 

hierarchy in our network because this was not the goal of this study and because there is no 

clear theory-based hierarchy visible in the data (step 3.2). Because our multilayer network is 

node-based, the connections between layers are automatically between different nodes and not 

between the same node on different layers, because this does not exist in our node-based 

model (step 3.3). Because one of our goals is to compare a multilayer network model with 

monolayer network models, we also estimate three monolayer network types that can be used 

for comparison. 

Data standardization for multisource data can be done with Grand-mean 

standardization as well as Group-mean standardization. The Grand-mean standardization is 

the standardization method that is built in in the pre-process function in Regularized SCA 

described below. The Group-mean standardization is in literature for example being used 

when the interactions between groups are of interest. This method is also used in SNAC (Tio 

et al., 2020). Since between groups interactions (namely the different domains) is indeed our 
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goal, we think that the Group-mean standardization will suit our goal better than the Grand-

mean standardization. For exploratory purposes, we decided to use both methods to see how 

this choice might influence the network structure. Therefore, all analyses described below are 

done twice: once with Grand-mean standardized data and once with Group-mean standardized 

data. 

Step 4: Deciding on the Appropriate Method for Analysis 

Monolayer Analysis Method 

The first monolayer network is a correlation network that can be plotted from a 

correlation matrix. Although correlation networks can be very helpful and easy to interpret, 

spurious correlations might exist, for instance when two nodes share an edge with a third 

node. To control for this, partial correlation networks can be estimated, which is done in our 

second monolayer network model. This network controls for correlations with all other 

variables and therefore shows the conditional dependencies between the variables. The partial 

correlation coefficients can directly be estimated from the correlation matrix by taking the 

inverse of the matrix (Lauritzen, 1996). 

Our third monolayer network model is the regularized (also called weighted) partial 

correlation network. To estimate this network, the graphical lasso (glasso; Friedman et al., 

2019) is used. This lasso variant is specifically aimed at estimating partial correlation 

networks by inverting the sample variance-covariance matrix (Friedman et al., 2008). When 

estimating an edge between two nodes, this method controls for the relationships of these 

nodes with every other node in the network. This creates sparser networks, thereby decreasing 

the risk of potentially spurious connections by penalizing for more complex models and this 

enables interpretation of conditional dependencies between nodes (Epskamp & Fried, 2018). 

These regularization techniques have been shown to perform well in retrieving the true 
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network structure (Foygel & Drton, 2010; Friedman et al., 2008). This regularized partial 

correlation is also used in the SNACS function. 

Multilayer Network Analysis 

The technique used to estimate the multilayer network is based on the Sparse Network 

and Component function (SNAC) created by Tio et al., 2020. This two-step component-

graphical model first performs a component analysis to measure between-layer relationships 

in data from 2 sources, before estimating the network. The aim in the publication by Tio et al. 

was to only connect models from different sources, therefore it does not estimate the within-

layer relationships. We obtained the function from the original authors and made some 

adaptations to the function so it can handle more than two data sources and can also estimate 

within-layer relationships. We named this the Sparse Network and Component Supplemental 

function (SNACS). The script of this function can be found in Appendix B.  

The function SNACS first estimates the component structure within the multilayer 

network and regenerates the data based on this structure, using Regularized SCA (version 

0.5.4, Zhengguo & Van Deun, 2018). Next, the multilayer network is estimated using 

regularized partial correlation. 

Regularized SCA. The core algorithm of Regularized SCA is based on simultaneous 

component analysis (SCA) which is a well-known method in psychometrics to integrate data 

(Smilde et al., 2017) and has already been used to combine data from multiple sources in 

biology as well as psychology (De Tayrac et al., 2009; Lock et al., 2013; Van Deun et al., 

2013; Wilderjans et al., 2011). This method allows for identification of components for all 

sources. However, this method does not identify joint sources of variation that offer shared 

information across data sources and it does not identify unique variation that provides critical 

information on a subset of the data sources (Gu & Van Deun, 2019). This method can 
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therefore not be used when the goal is to only link a subset of specific variables of different 

sources. Moreover, the interpretation of components in SCA is based on all variables and 

therefore the interpretation of the results are more difficult (Van Deun et al., 2011). Because 

of these shortcomings, the package Regularized SCA has been developed that combines SCA 

with structured selection of variables. It allows to identify both the joint variation that is 

shared across the different data sources and the specific variation associated with one or a few 

of the data sources. Moreover, it is able to estimate component matrices with predefined 

structures, such as the structures of multiple data blocks (e.g. sources). This last option is the 

reason why this package is of interest for the estimation of multilayer networks. 

In the Regularized SCA package used in SNACS, decisions have to be made within 

three steps before a model can be estimated. The different choice options lead to six different 

possible models (see Figure 5 for a flowchart for model selection in Regularized SCA; Gu & 

Van Deun, 2019). In step 1 it has to be decided whether to use either VAF or PCA-GCA to 

identify the number of components that need to be estimated. In step 2 the method for the 

component structure estimation needs to be chosen. In f the choice is to use the Group Lasso 

penalty, it also has to be decided whether the Group Lasso penalty needs to be imposed on the 

entire component matrix (block-wise method) or on every component of all data sources 

(component-wise method). In the experience of Gu and Van Deun (2019), the component-

wise method is more useful in practice because the common and distinctive components are 

directly identified. However, they advise to use the block-wise method when users are not 

sure whether certain data blocks provide any information at all. In this method, entire blocks 

can be dropped from the analysis if they do not provide any information. In step 3 it has to be 

decided whether to achieve sparseness in the component structure.  

Figure 5 

Flowchart for Model Selection in Regularized SCA 
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Note. Model selection is based on 1) the measurement method of the amount of component; 

2) if the component structure is known and 3) if you want sparseness within common and 

distinctive components. Note that CS stands for component structure, and C/D stands for 

common and distinctive components. Reproduced without permission from Gu & Van Deun 

(2019). 

After the component analysis using Regularized SCA, SNACS can be used to 

regenerate the data based on the component structure. With this new data, a regularized partial 

correlation network is estimated in the same way as the monolayer regularized partial 

correlation network. After these two steps, SNACS is finished. The output of SNACS is a 

matrix that can be plotted using qgraph (Epskamp et al., 2012). This matrix can also be used 

to compute centrality indices and clustering coefficients for interpretation purposes, to see if 

the same nodes are central in the different network models. 

Step 5: Interpretation 
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Centrality Indices 

To determine what nodes are most important in the network structures, centrality 

indices will be computed. These indices give information about the patterns of the 

connections of the nodes as well as the tolerance of the network to the removal of specific 

nodes (Crucitti et al., 2004; Jeong et al., 2001). This can also be used as a guide for network 

interventions (Valente, 2012). We first explain the various indices. Degree centrality 

represents the number of connections a node has with other nodes (Freeman, 1979). The 

strength centrality is the generalization of the degree centrality to weighted networks by 

summing the weights of the connections of the node (Barrat et al., 2004; Newman, 2004). 

Another class of indices is based on the distance between nodes, which is defined as the 

length of the shortest path between two nodes (Brandes, 2001). Two common indices of this 

class are the closeness and betweenness centralities. The closeness centrality can be seen as 

the expected speed of arrival of something flowing through the network and the likelihood of 

a node to quickly affect other nodes or to be quickly affected by changes in other nodes 

(Borgatti, 2005). The closeness centrality represents the inverse of the sum of the distances of 

the focal node from all other nodes in the network (Sabidussi, 1966). The betweenness 

centrality is defined as the number of shortest path between other nodes, that travel through 

the focal node (Brandes, 2001; Freeman, 1979). This centrality assumes that if a node that is 

high in betweenness centrality is removed, the distance among other nodes will increase. 

In the present study, we will focus on all these centrality indices to understand the 

patterns and important nodes in the different networks in the individual networks. Moreover, 

we can also use them to compare the networks, for instance if monolayer networks and 

multilayer networks have similar or different ordering of the centrality of the nodes. 

Clustering coefficients can serve the same purpose.  

Clustering Coefficients 
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Clustering in networks is also very important for network structures and dynamics. 

The local clustering coefficient represents the number of connections among the neighbors 

(the directly connected nodes) of the focal node, divided by the maximum of possible 

connections among these neighbors (Watts & Strogatz, 1998). This coefficient can be 

interpreted as how redundant a node is, because removing a node when its neighbors have 

many interactions, will not make it much harder for the neighbors to interact (Latora et al., 

2013). Unfortunately, the original clustering coefficients cannot take into account the edge 

weights of weighted networks but there are several new types that have been generalized to 

weighted networks (Saramäki et al., 2007), where Barrat and colleagues (2004) were the first 

to introduce this. Other types are the coefficient by Onnela and colleagues (2005) and one that 

is particularly suited for correlation networks (Kalna & Higham, 2007): the clustering 

coefficient by Zhang and Horvath (2005). All existing clustering coefficients can give 

different results. We refer to Saramäki and colleagues (2007) for a critical comparison.  

Since the clustering coefficient of Watts and Strogatz (1998) cannot take into account 

the edge weights of our weighted networks, and the clustering coefficient of Zhang and 

Horvath is particularly suited for correlation networks, we will only focus on the coefficients 

proposed by Barrat and colleagues (2005) and Onnela and colleagues (2005). 

Accuracy and Stability 

Before interpreting the results of the analyses and indices, we will examine both the 

accuracy and stability of the results. Accuracy represents how prone the network estimation is 

to sampling variation and stability represents how similar interpretations remain with less 

observations (Epskamp et al., 2017). The stability of the outcomes increases with larger 

samples. To examine the stability of the results, the network estimation procedure and the 

centrality indices and clustering coefficients can be re-estimated using bootstrapping methods 

(Costantini et al., 2015; Epskamp et al., 2017). 
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Results 

All statistical analyses and visualizations were performed using R (R Core Team, 

2020), version 4.0.3 (“Bunny-Wunnies Freak Out”). Estimation of the networks was 

performed with the packages qgraph (Epskamp et al., 2012), igraph (Csardi & Nepusz, 2006) 

and graphical lasso (glasso; Friedman et al., 2019). Descriptive statistic of the data are listed 

in Appendix C.  

Network Estimation 

We started our network estimations by Group-mean standardizing the data and by 

Grand-mean standardization. The Grand-mean standardized data was produced using the pre-

process function in Regularized SCA (Gu & Van Deun, 2019) that also weighs each block by 

taking into account the number of variables, since blocks can dominate each other when one 

block contains much more variables than another (Van Deun et al., 2009). 

Monolayer Networks 

Then we computed the correlation matrix of the data, see Figure 6. The figure 

indicates that the sources cluster together (e.g. three blocks of strong correlations are visible 

on the diagonal). This suits our assumption that data from different domains or sources might 

inherently differ from each other. This is something we hope to take into account in the 

multilayer network analysis. The matrices were the same for both the Grand-mean 

standardized and the Group-mean standardized data. This correlation matrix can directly be 

used to visualize the correlation network. From this matrix we also estimated the partial 

correlations (using package corpcor; Whittaker, 1990) and the weighted partial correlations 

(using glasso; Friedman et al., 2019) for both Group-mean and Grand-mean standardized data, 

which resulted in six network estimations.  
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Figure 6 

Correlation Matrix of the Data 

 

Note. Variables are ordered based on the source they belong to: the variables 

Conditions_amount to Limit_work belong to the source Physical health; the variables from 

Hearing to WordsMemoryB belong to the source Cognitive function and; variables Mood to 

Social belong to the source Mental health. 

Multilayer Networks 

We estimated two multilayer network models: model 1 with the Grand-mean 

standardized data and model 2 with the Group-mean standardized data. Because we do not 

have a priori knowledge or literature about the general component structure in our data, we 

need to use model 3 or model 4 of the Regularized SCA models, which are both meant for 
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estimation with unknown component structure. Because we want sparseness in our model, we 

want a lasso tuning parameter that is non-zero (step 3), which results in the choice of model 4. 

The first step is to use the VAF method to identify the number of components. This 

method computes the proportion of VAF for each simultaneous component in each data block 

(Schouteden et al., 2013). In model 1, in the physical health block, the first two components 

explain most information (37.14% and 7.64%). In the cognitive function block, the first five 

components explain most information (27.49%, 21.07%, 1.63%, 11.02% and 8.54%) and in 

the mental health block, three components explain most information (25.84%, 2.16% and 

22.28%). Taking these blocks together, we conclude that we need to retain five components 

for the analysis for model 1. In model 2, the first two components explain most information in 

the physical health block (22.67% and 37.37%). In the cognitive function block, the first three 

components explain most information (56.54%, 9.02% and 12.19%) and in the mental health 

block, first four components explain most information (24.42%, 10.62%, 1.65% and 30.83%). 

For model 2, we therefore conclude that we need to retain four components for the analysis. 

In step 2, we used cross-validation and the Group Lasso penalty to identify the 

component structure. We used the block-wise method because we are not sure whether all 

data sources provide any information at all. The output of step 2 consists of the identified 

component structure as well as the best fitting Lasso and Group Lasso tuning parameters, 

which we use to run the models in step 3. In step 3 we again used cross-validation and we use 

both Group Lasso penalty and Lasso penalty to estimate the final Regularized SCA model. All 

(Group) Lasso penalties in step 2 and 3 are performed using 10-fold cross-validation with a 

sequence of 20 Lasso tuning parameters and 20 Group Lasso tuning parameters. We run 

model 1 with parameters λL = .215, λG = 1.53, and R = 5 and model 2 with parameters λL = 

.71, λG = 5.84, and R = 4. 
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To evaluate research question 1, we check for sparseness in both models in the 

estimated component loading matrix (Table 1 and Table 2). All components are common 

components, meaning that all components have at least some variables of every source that 

load on them. However, both model 1 and model 2 show some sparseness, which can be seen 

by the loadings of zero. This answers our first research question concerning whether there is a 

component structure underlying the different empirical data sources we include. The answer 

to this question is yes: although all components are common components, we see that there is 

some sparsity in the component loading matrix, indicating that there is indeed an underlying 

component structure in the data.  

After finishing this last step of Regularized SCA, the first of two steps within SNACS 

was finished. We then performed the second and last step, wich was to use the function 

SNACS to regenerate the data based on the estimated component structure. Regularized 

partial correlations were estimated using graphical lasso. This results in the multilayer 

network structure which is ready to be visualized as a network. 

Table 1 

Grand-mean Standardized Re-estimated Non-shrinkage Component Loading Matrix 

Variable Comp. 1 Comp. 2 Comp. 3 Comp. 4 Comp. 5 

Amount of Conditions 0.30 7.09 -3.20 1.08 -14.82 

Pain level -0.23 5.28 -4.80 -0.51 -14.76 

Difficulties Activities 1 1.17 11.94 -1.75 15.83 -2.71 

Difficulties Activities 2 0.14 11.98 -3.80 9.85 -11.57 

Frailty 2.07 8.55 -5.52 9.04 -6.69 

Does Help Meet Needs -0.38 8.89 -0.02 12.63 -8.02 

Health General 1.39 11.55 -3.82 -0.64 -14.12 
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Chronic Health Problems 0.78 3.42 -0.72 0.36         -17.57 

Limited Activities 0.51 7.38 -2.21 6.00 -16.65 

Limited Work 1.27 6.67 -1.11 6.05 -14.45 

Hearing 3.40 -13.82 -0.81 3.70 1.47 

Reading 0.28 -21.28 0.00 4.41 -0.49 

Writing 0.00 -21.32 0.00 3.75 0.00 

Oriëntation -7.83 -8.50 0.00 -12.41 -2.28 

Words Memory -17.66 -11.74 0.52 -0.97 1.19 

Numeracy Substraction -11.74 -9.25 3.76 0.00 0.37 

Words Memory Delay -17.90 -10.91 0.51 0.32 1.34 

Mood -0.58 4.14 -18.05 1.77 -3.03 

Perspective 4.01 8.50 -12.22 2.02 0.00 

Fitness 0.14 5.55 -13.94 1.65 -8.39 

Mental Fitness 1.25 9.27 -12.78 1.61 -1.24 

Social 1.59 7.04 -14.07 0.89 -1.52 

 

Table 2 

Group-mean Standardized Re-estimated Non-shrinkage Component Loading Matrix 

Variable Comp. 1 Comp. 2 Comp. 3 Comp. 4 

Amount of Conditions 43.49 41.41 -0.75 -56.29 

Pain level -32.62 33.00 7.83 -29.20 

Difficulties Activities 1 5.46 3.77 5.80 -106.51 

Difficulties Activities 2 28.89 54.37 -0.42 -140.03 

Frailty -14.10 14.34 5.14 -20.28 
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Does Help Meet Needs -45.36 25.75 0.00 -71.87 

Health General 115.64 7.82 -6.61 -40.21 

Chronic Health Problems -62.00 17.63 11.32 -10.20 

Limited Activities -56.99 23.51 11.36 -25.92 

Limited Work -78.92 18.06 16.35 -11.74 

Hearing -39.40 0.00 -9.53 19.40 

Reading -19.85 -2.78 -37.00 32.08 

Writing -29.83 -1.57 -36.59 35.88 

Oriëntation 0.00 3.09 -11.19 16.73 

Words Memory 83.56 5.87 -107.73 52.05 

Numeracy Substraction -43.74 15.27 -91.06 38.49 

Words Memory Delay 144.60 -3.39 -124.48 45.22 

Mood -6.66 42.79 15.89 -10.51 

Perspective -55.80 16.39 21.52 -6.17 

Fitness -24.32 27.35 12.34 -16.85 

Mental Fitness -39.79 19.72 21.56 -12.01 

Social 24.15 96.96 48.69 -5.95 

 

Network Visualization 

After finishing all network estimations, we used the package qgraph (Epskamp et al., 

2012) to visualize the networks. The matrices with weighted partial correlations as well as the 

multilayer networks were not positive definite so we forced symmetry (Matrix package; Bates 

& Maechler, 2021). To facilitate comparison and easier interpretation, we grouped the data 

together based on source and gave every source a distinctive colour. For the networks created 

with Grand-mean standardized data, see Figure 7. The networks estimated with the Group-
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mean standardized data can be found in Figure 8. Positive associations are green, whereas 

negative associations are red and the thicker the line, the stronger the association. The figures 

of the networks indicate that the standardization method has a big impact on the network 

estimations, especially in the multilayer networks. To evaluate and compare the network 

structures in more detail, we now compute the centrality indices and clustering coefficients.   

Figure 7  

Grand-mean Standardized Networks 

 

Note. The multilayer network looks similar to the correlation network. 

Figure 8  

Group-mean Standardized Networks 
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Note. The multilayer network looks different than the other networks. 

Centrality Indices and Clustering Coefficient 

To compare the different network models, we computed centrality indices and 

clustering coefficients using the function centralityPlot from package qgraph (Epskamp et al., 

2012). In the centrality plot, we focused on the coefficients of Barrat and colleagues (2005) 

and Onnela and colleagues (2005). All centrality indices and clustering coefficients reflect the 

importance of all nodes, with higher values indicating that nodes are more important. Figure 9 

shows the centrality and Figure 10 the clustering of all four Grand-mean standardized 

networks. For the Group-mean standardized networks, Figure 11 shows the centrality indices 

and Figure 12 the clustering coefficients. Before we interpret them, we want to know how 

stable and accurate the results are. 
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Figure 9   

Grand-mean Centrality 

 

Note. Different indices of relative centrality. Note that the centrality of the nodes in the 

multilayer network are most similar to the correlation network. 

Figure 10 

Grand-mean Clustering

 

Note. Different clustering coefficients. Note that none of them show variation in clustering of 

all networks and that Onnela and Barrat show almost the opposite results. 
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Figure 11  

Group-mean Centrality 

 

Note. Different indices of centrality. Note that the central nodes differ between networks, 

especially in the multilayer network. 

Figure 12 

Group-mean Clustering 

 

Note. Different clustering coefficients. Note that Onnela and Barrat again show completely 

different results, making it hard to interpret the clustering of the networks. 
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Accuracy and Stability 

The bootnet function of the bootnet package (Epskamp et al., 2018) was used to 

perform all accuracy and stability analyses. All plots were extremely similar, if not the same, 

for both the Grand-mean standardized and the Group-mean standardized data. We therefore 

only show the plots for the Group-mean standardized data. Unfortunately, our multilayer 

network matrices are not automatically positive definite. Throughout the network estimations, 

we forced them to be symmetric, which made the matrices positive definite. The functions for 

the accuracy plots however do not work with matrices bus with the data. Therefore, we cannot 

use those functions for the multilayer networks. However, the accuracy and stability are partly 

relying on the sample size, which is the same for all estimated networks in this study. 

Therefore, the results of these plots on the correlation matrix might be an indication of the 

stability and accuracy of the other networks as well. 

Edge-weight Accuracy 

We assessed edge-weight accuracy using the plot method to show bootstrapped CIs for 

the estimated edge weights (Figure 13). The y-axis represents all 231 edges. The names of the 

nodes they connect are left out, because this would have been unreadable and not important 

for interpretation of the plot. The blue and red lines in the plot represent the estimated edges 

and the bootstrap means of the edges. Because these are extremely similar, in this plot there is 

only one line visible. This indicates that the estimation of the edge-weights is very accurate. 

The grey area around the line in the plot consists of the bootstrapped CIs. Because this line is 

quite small, this indicates that many edge-weights likely significantly differ from one-another. 

This implies that the interpretation of the order of most edges will be accurate.  



MULTILAYER NETWORK ANALYSIS IN PSYCHOLOGY 38 

Figure 13 

Edge-weight Accuracy 

 

Note. The y-axis represents the edge-weights, ordered from highest to lowest edge-weight. 

The grey area around the line in the plot consists of the bootstrapped CIs. Non-overlapping 

CIs indicate two statistics significantly differ at significance level .95.  

Centrality Stability 

 To examine the stability of centrality indices we again perform a bootstrap but this 

time by using subsets of the data. The resulting plot (Figure 14) shows that the lines do not 

drop, which indicates very high stability of all indices. The stability is quantified using the 

CS-coefficient, which quantifies the maximum proportion of cases that can be dropped while 

still retaining a correlation with the original centrality of higher than .7, with a 95% certainty. 

The cut-off value for stability is .5. The CS-coefficient for betweenness, closeness and 
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strength are all .75, indicating that they are all stable under subsetting cases. We can therefore 

conclude that all indices are stable enough to interpret. 

Figure 14 

Centrality Stability

 

Note. The areas around the lines indicate the range from the 2.5th quantile to the 97.5th 

quantile. Note that the lines and the areas around the lines barely drop, indicating the indices 

are stable.  

Testing Significant Differences 

The difference tests of node strengths (Figure 15) and edge-weights (Figure 16) are 

plotted using the non-parametric bootstrap results. In both plots, black boxes represent 

significant differences and grey boxes non-significant differences. The white boxes on the 

diagonal in Figure 15 show the values of the node strengths. The results show many black 
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boxes, indicating that most nodes as well as edge-weights significantly differ from one-

another. 

Figure 15 

Significant Difference Node-strengths

 

Note. Bootstrapped difference tests (α = 0.05) between node strengths. White boxes show the 

value of node strength. Black boxes indicate that nodes are significant different from one-

another and gray boxes indicate nodes that do not significantly differ from one-another.  
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Figure 16 

Significant Difference Edge-weigths

 

Note. Bootstrapped difference tests (α = 0.05) between all non-zero edge-weights. Black 

boxes indicate that edges are significant different from one-another and gray boxes indicate 

edges do not significantly differ from one-another. 

Interpretation of the Network Estimations 

Now that we can (with caution) interpret the results, we can evaluate the results in 

order to answer the second research question, which entails whether the multilayer networks 

are different form the monolayer networks in this study. All monolayer network plots look as 

expected: the correlation network has the most edges, the partial correlation model has less 

edges and the regularized partial correlation model is even sparser. However, the multilayer 

network model for the Grand-mean standardized data gave unexpected results. The multilayer 

network model does not look sparser than any of the monolayer network models and even 

looks almost exactly the same as the correlation network. The centrality indices show the 

same pattern: the multilayer network model does not look extremely different from the other 
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networks and is most similar to the correlation network. Interestingly, the clustering 

coefficient show another pattern: when looking at Onnela’s coefficient, the correlation 

network seems to stand out while all other networks have a clustering coefficient of (almost) 

zero for all nodes. Barrat’s coefficient shows a different pattern, where all networks except for 

the regularized partial correlation network show a coefficient of one for all nodes. However, 

both coefficient do not seem to be able to compare clustering in all different networks at once, 

which might be the result of large differences in the network structures. Therefore we expect 

these patterns are not reliable.  

In contrast to the Grand-mean multilayer network, the Group-mean standardized 

multilayer network does show completely different results than the monolayer networks, 

which aligns with what we expected. This indicates that taking into account the underlying 

component structure does indeed lead to different network structures, when standardizing the 

data on Group-mean level. The centrality indices also indicate that all networks have 

somewhat different structures, where the multilayer network shows the most distinctive 

patterns. Just as with the Grand-mean standardized data, the clustering coefficients for these 

Group-mean standardized networks do not seem to be reliable, although Onnela’s as well as 

Zhang’s coefficients seem to be able to catch at least some variation in all networks.  

In conclusion, the result indicate that the standardization method is an important 

choice when constructing a multilayer network model. Taking into account the underlying 

component structure of Group-mean standardized data in a multilayer network format using 

SNACS, results in a network that is different from monolayer networks (RQ2), while a 

multilayer network of Grand-mean standardized data is not much different than a monolayer 

(correlation) network.  

Discussion 
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Now that we primarily focused on the possibilities of multilayer network analysis by 

providing information on how to design a multilayer network study and by performing a 

proof-of-concept study, we arrive at the last part of this study: discussing the conceptual and 

methodological challenges and providing suggestions for future research. We first explore 

challenges based on the implementation study and then we assess conceptual issues. 

Challenges Based on the Implementation Study 

An important limitation of the study concerning the methods Regularized SCA and 

therefore also both SNAC and SNACS, is that we found that outcomes heavily depend on 

small differences. For instance, differences in one variable in the dataset and even rounding of 

the lasso tuning and group lasso tuning parameter settings have led to very different outcomes 

in both lasso parameters (in the case of a change in one variable), component estimation, 

matrix estimation and therefore also on the network structures. This means that the results are 

equally unstable and therefore possibly unreliable. It would therefore be valuable if future 

research evaluates the stability, reliability and suitability of cross-validation and the 

Regularized SCA method and explore other options such as canonical analysis (Tenenhaus & 

Tenenhaus, 2014) and the Index of Sparseness (Gajjar et al., 2017; Trendafilov, 2014; Zou et 

al., 2006). The Index of Sparseness for instance has shown to outperform the cross-validation 

method when estimating component loadings (Chen & Chen, 2008). It would be interesting to 

see if these methods are more redundant against rounding in parameter settings and small 

changes in the data, when estimating the component structures for multilayer models.  

Three other methodological limitations of this study impacted the interpretability. 

First, we needed to concatenate several data items before we could use them for this study, 

which constrains the interpretability of all individual items and might have altered the results. 

Furthermore, we could only assess the accuracy and stability of the correlation network model 

and not the other network models, since these data matrices were not positive definite and 
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forcing symmetrie was not possible in the function to assess accuracy and stability. Moreover, 

the clustering coefficients do not seem to be able to reliably compare clustering in all 

monolayer networks as well as multilayer networks. This might be the result of the large 

differences between the networks. Hence, further research is needed to develop clustering 

coefficient that can be used for this purpose and research is needed to know how non-positive 

definite data can be assessed on stability and accuracy. 

Another challenge concerning the interpretablity of the multilayer network is of a 

conceptual kind, namely how the relationships between the edges should be interpreted. Take 

for example the plausible strong positive edge between the nodes reading and writing from 

the Cognitive function domain. This relation is almost zero in the multilayer network of the 

Group-mean standardized data, while we assume, based on theory and reasoning, that the 

relationship does exist in the true world (e.g. Fitzgerald & Shanahan, 2000). The question 

arises how this multilayer network then should be interpreted, and what information should 

and should not be extracted from the multilayer network. Moreover, this also raises questions 

about the method SNACS itself. It does account for the underlying component structure but it 

results in a network that loses some strong relations, making it possibly useless for certain 

goals of multilayer network analysis, for instance when one simply wants to understand 

behaviour and relationships from variables between and withing different sources. It would be 

valuable if follow-up studies on interpretability would not only focus on methodology but also 

on more conceptual questions such as how (not) to interpret multilayer networks.  

Moreover, if the actual goal of a multilayer network model is to increase 

understanding of relationships within sources as well as to increase understanding of how 

these sources interact with each other, it might be better to keep their within-layer edges 

intact. This can be done by only accounting for differences between sources when estimating 

the between-layer edges but not when estimating the within-layer edges. This way, the edges 
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within the sources are not disturbed by taking into account the underlying component 

structure. This is actually very similar to what Tio, Waldorp and Van Deun did with SNAC: 

combining models from different disciplines, without estimating the edges within the 

disciplines. This approach might also increase interpretability and it would be interesting to 

compare it to the current SNACS function, using simulation data. This way, the actual 

structure of the data is known and models can be evaluated on what best fits the real structure. 

Conceptual Challenges 

Throughout the article, we assumed that the multisource data should be placed on 

different layers based on the source they belong to. The reasoning behind this is that data from 

different sources might be inherently different, which leads to clusters in the data based on the 

source they belong to. For instance because their constructs/measurement 

instruments/timescales might be more similar as opposed to those of other sources. The 

assumed clustering is therefore theory-based. In our proof-of-concept study, it turned out to be 

true that the data was clustered based on source. However, it might also be the case that 

clustering in empirical data happens to be cross-source, for instance when data sources are 

more similar. In those cases, it makes more sense to divide data not based on theory (e.g. the 

different data sources) but on the actual clustering in the data, which would be a data driven 

approach. Currently, we do not know if this would lead to different network structures and we 

do not know which of these two approaches would be better for different goals. To assess 

these questions, a study that compares the data-driven versus theory-driven approach  in the 

step where nodes are assigned to layers, would benefit the debate on this topic. This can first 

be done in a simulation study, where different structures can be written in the data (e.g. with 

the factoextra package; Kassambara & Mundt, 2020).  

A more fundamental problem concerns the use of psychological data for network 

estimations. For instance, many disciplines that work with network models use connections 
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that exist in the real world, while relationships in psychological research are estimated: they 

are abstract representations of relationships between concepts that are restricted by how we 

measure them. Therefore we do not know if a relationship we find in the model truly exists, 

since it can instead reflect something else, for example the similarity between the 

operationalization of the psychological concepts. Furthermore, sample sizes in psychology are 

often limited and yet we do not know how this might affect the results (Epskamp & Fried, 

2018). Both problems make it necessary to be cautious when interpreting and reporting 

network structures and especially when planning to use the results as a base for interventions. 

Moreover, in this article we mentioned that the results of a multilayer network model 

strongly depend on theoretical considerations that inform, amongst others, variable choice and 

model design. However, these theoretical considerations are not always straightforward when 

it comes to psychological phenomena, where the concepts we use are not as well defined as in 

other disciplines that make use of multilayer networks. This also affects decisions concerning 

on what layer to put the different sources. This again underlines the importance of being 

cautious when interpreting the network structure.  

Summary and Conclusion 

 In this article, we explored the possibilities of constructing a multilayer network using 

empirical, multisource data in psychological science. We created an overview of choices that 

need to be made to construct and evaluate a multilayer network and then performed a proof-

of-concept study where we used SNACS model estimation. This method creates a two-step 

component-graphical model by estimating the underlying component structure and then 

taking this into account when estimating the network model. Based on this implementation, 

we documented challenges of this particular implementation as well as multilayer network 

analysis in psychology in general and provided suggestions for future research. 
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 In line with our hypotheses, the proof-of-concept study showed that an underlying 

component structure was found in the multisource data and that taking this structure into 

account, using a multilayer network design, leads to different outcomes compared to 

monolayer network models where this underlying structure was not taken into account, when 

the data was Group-mean standardized. This indicates that taking into account the underlying 

component structure might be very important and maybe even a necessity when examining 

multisource data. These findings serve as a substantiation for the argument of Tio, Waldorp 

and Van Deun (2020) that constructing a monolayer network using multisource data might 

result in biased estimations because of a possible underlying structure that is not being taken 

into account.  

However, as discussed, the results heavily depend on the modelling decisions made, 

hampering the robustness of the findings. Moreover, the interpretability of the multilayer 

network structures are difficult and need to be done with caution. Both limitations indicate 

that the resulting network structures may not be ready to be used for inferences about 

psychological phenomena yet and instead, further research needs to be done to a) develop 

methods that are more stable and b) increase interpretability (see discussion for suggestions). 

Insights gained in this study are a first step towards understanding the use, possibilities 

and difficulties of constructing multilayer network models of psychological phenomena and 

constitute to the theoretical debate on this topic. Furthermore, the documentation in this study 

can serve as a starting point and guideline for psychological researchers that are planning on 

using multilayer network models in their studies. Moreover, this line of research is promising 

for implementation in practice to understand patterns in behaviour or psychopathology (see 

e.g. Borsboom & Cramer, 2013; Braun et al., 2018; De Boer et al., 2021; Nelson et al., 2017), 

although we argue based on the present study that we first need to increase our understanding 

of and provide solutions for the methodological and conceptual challenges explained in this 
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article. In conclusion, using component analysis to estimate multilayer network models for 

multisource data seems to be a promising approach to further develop. 
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Appendix A 

Data Concatenations and Variable Types 

Source Variable, 

Type, Possible 

Values 

Concatenated Question 

Physical 

health 

Amount of 

conditions 

 

Count  

0-18 

Yes; 1 binary 

item (yes/no)  

Please look at card [SHOWCARD]. 

Has a doctor ever told you that you had/Do you 

currently have any of the conditions on this 

card? With this we mean that a doctor has told 

you that you have this condition, and that you 

are either currently being treated for or 

bothered by this condition. 

Yes; 17 binary 

items (yes/no) 

Please tell me the number or numbers of the 

conditions. 

1. A heart attack including myocardial 

infarction or coronary thrombosis or any other 

heart problem including congestive heart 

failure 

2. High blood pressure or hypertension 

3. High blood cholesterol 

4. A stroke or cerebral vascular disease 

5. Diabetes or high blood sugar 

6. Chronic lung disease such as chronic 

bronchitis or emphysema 
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10. Cancer or malignant tumour, including 

leukaemia or lymphoma, but excluding minor 

skin cancers 

11. Stomach or duodenal ulcer, peptic ulcer 

12. Parkinson disease 

13. Cataracts 

14. Hip fracture 

15. Other fractures 

16. Alzheimer's disease, dementia, organic 

brain syndrome, senility or any other serious 

memory impairment 

18. Other affective or emotional disorders, 

including anxiety, nervous or psychiatric 

problems 

19. Rheumatoid Arthritis 

20. Osteoarthritis, or other rheumatism 

21. Chronic kidney disease 

Yes; 1 item 

(binary; yes/no) 

What other conditions have you had? 

Pain level 

 

Ordinal 

0-3 

0: none 

1: mild 

Yes; 1 item 

(binary; yes/no)  

Are you troubled with pain? 

 

Yes; 1 item 

(ordinal)  

How bad is the pain most of the time?  

1. mild 

2. moderate  

3. severe 
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2: moderate 

3: severe 

Difficulties 

activities 1 

 

Count 

0-15 

Yes; 15 items 

(binary; yes/no) 

Please look at card [SHOWCARD]. 

Please tell me if you have any difficulty with 

these activities because of a physical, mental, 

emotional or memory problem. Again exclude 

any difficulties you expect to last less than 

three months. 

1. Dressing, including putting on shoes and 

socks 

2. Walking across a room 

3. Bathing or showering 

4. Eating, such as cutting up your food 

5. Getting in or out of bed 

6. Using the toilet, including getting up or 

down 

7. Using a map to figure out how to get around 

in a strange place 

8. Preparing a hot meal 

9. Shopping for groceries 

10. Making telephone calls 

11. Taking medications 

12. Doing work around the house or garden 

13. Managing money, such as paying bills and 

keeping track of expenses 
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14. Leaving the house independently and 

accessing transportation services 

15. Doing personal laundry 

0. None of these 

Difficulties 

Activities 2 

 

Count 

0-11 

Yes; 11 items 

(binary; yes/no) 

Please look at card [SHOWCARD]. 

Please tell me whether you have any difficulty 

doing each of the everyday activities on this 

card. Exclude any difficulties that you expect 

to last less than three months. 

1. Walking 100 metres 

2. Sitting for about two hours 

3. Getting up from a chair after sitting for long 

periods 

4. Climbing several flights of stairs without 

resting 

5. Climbing one flight of stairs without resting 

6. Stooping, kneeling, or crouching 

7. Reaching or extending your arms above 

shoulder level 

8. Pulling or pushing large objects like a living 

room chair 

9. Lifting or carrying weights over 10 pounds/5 

kilos, like a heavy bag of groceries 

10. Picking up a small coin from a table 

0. None of these 
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Frailty 

 

Count 

0-4 

 

Yes; 5 items 

(binary; yes/no) 

For the past six months at least, have you been 

bothered by any of the health conditions on this 

card? Please tell me the number or numbers.  

1. Falling down 

2. Fear of falling down 

3. Dizziness, faints or blackouts 

4. Fatigue 

0. None 

Help meet 

needs 

 

Ordinal 

0-4 

 

 

Yes; 2 items 

(binary + 

ordinal) 

Thinking about the activities that you have 

problems with, does anyone ever help you with 

these activities? (binary) 

Would you say that the help you receive meets 

your needs? 

1.  All the time 

2.  Usually 

3.  Sometimes 

4.  Hardly ever 

 

Health in 

General 

 

Ordinal 

1-5 

No Would you say your health is... 

1. Poor 

2. Fair 

3. Good 

4. Very good 

5. Excellent 

Chronic health 

problems 

No Some people suffer from chronic or long-term 

health problems. By chronic or long-term we 
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Binary 

0-1 

mean it has troubled you over a period of time 

or is likely to affect you over a period of time. 

Do you have any such health problems, illness, 

disability or infirmity? 

Yes/no 

Limited 

activities 

 

Ordinal 

0-2 

No For the past six months at least, to what extent 

have you been limited because of a health 

problem in activities people usually do? 

0. Not limited 

1. Limited, but not severely 

2. Severely limited 

Limited Work 

 

Binary 

0-1 

No Do you have any health problem or disability 

that limits the kind or amount of paid work you 

can do? 

Yes/no 

Hearing 

 

Ordinal 

1-5 

No Would you say  your hearing (using a hearing 

aid as usual) is.. 

1. Poor 

2. Fair  

3. Good 

4. Very good 

5. Excellent 

Cognitive 

Function 

Reading 

 

Ordinal 

No Now I would like to ask some questions about 

your reading and writing skills. How would 
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1-5 you rate your reading skills needed in your 

daily life? Would you say they are... 

1. Poor 

2. Fair  

3. Good 

4. Very good 

5. Excellent 

Writing 

 

Ordinal 

1-5 

No How would you rate your writing skills needed 

in your daily life? Would you say they are... 

1. Poor 

2. Fair  

3. Good 

4. Very good 

5. Excellent 

Orientation 

 

Count 

0-4 

Yes; 4 items 

(binary;  yes/no) 

Part of this study is concerned with people's 

memory AND ability to think about things. 

First, I am going to ask about today's date. 

Which day of the month is it? 

Which month is it? 

Which year is it? 

Can you tell me what day of the week it is? 

Words memory 

A  

 

Count 

Yes; 4 items 

(count; 0-10) 

Now, I am going to read a list of words from 

my computer screen. We have purposely made 

the list long so it will be difficult for anyone to 

recall all the words. Most people recall just a 
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0-41 few. Please listen carefully, as the set of words 

cannot be repeated. When I have finished, I 

will ask you to recall aloud as many of the 

words as you can, in any order. Is this clear? 

Now please tell me all the words you can 

recall. 

10 words, first trial 

10 words, second trial 

10 words, third trial 

10 words, fourth trial 

Words Memory 

B 

 

Count 

0-41 

Yes; 4 items 

(count; 0-10) 

A little while ago, I read you a list of words 

and you repeated the ones you could 

remember. Please tell me any of the words that 

you can remember now? 

10 words, trial 1 delay 

10 words, trial 2 delay 

10 words, trial 3 delay 

10 words, trial 4 delay 

Numeracy 

Subtraction 

 

Count 

0-5 

Yes; 5 items 

(binary; yes/no) 

Now let's try some subtraction of numbers. 

One hundred minus 7 equals what? 

And 7 from that 

And 7 from that 

And 7 from that 

And 7 from that 
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Mental 

Health 

Mood 

 

Count 

0-6 

Yes; 5 items 

(binary + 

ordinal) 

n the last month, have you been sad or 

depressed? 

Binary (yes/no) 

In the last month, have you felt that you would 

rather be dead? 

Binary (yes/no) 

Do you tend to blame yourself or feel guilty 

about anything? 

0. No such feelings 

1. Mentions guilt or self-blame, but it is 

unclear if these constitute obvious or excessive 

guilt or self-blame 

2. Obvious excessive guilt or self-blame 

 

What have you enjoyed doing recently? 

Binary (yes/no) 

In the last month, have you cried at all? 

Binary (yes/no) 

Perspective 

 

Count 

0-2 

Yes; 2 items 

(binary; yes/no) 

What are your hopes for the future? 

0  Any hopes mentioned 

1  No hopes mentioned 

 

0. Less interest than usual mentioned 

0. Non-specific or uncodeable response 

1. No mention of loss of interest 

 

Fitness Have you had trouble sleeping recently? 
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Count 

0-3 

Yes; 3 items 

(binary; yes/no) 

In the last month, have you had too little 

energy to do the things you wanted to do? 

In the last month, have you had too little 

energy to do the things you wanted to do? 

Mental Fitness 

 

Count 

0-3 

Yes; 3 items 

(binary; yes/no) 

How is your concentration? For example, can 

you concentrate on a television programme, 

film or radio programme? 

1.  Difficulty in concentrating on entertainment 

2.  No such difficulty mentioned 

 

Can you concentrate on something you read? 

1.  Difficulty in concentrating on reading 

2.  No such difficulty mentioned 

 

Have you been irritable recently? 

1.  Yes 

5.  No 

 

Social 

 

Count 

0-8 

Yes; 4 items 

(ordinal; 0-2) 

How much of the time do you feel you lack 

companionship? 

0. Hardly ever or never 

1. Some of the time 

2. Often 

 

 

How much of the time do you feel left out? 

  0. Hardly ever or never 

  1. Some of the time 

 2. Often 

 



MULTILAYER NETWORK ANALYSIS IN PSYCHOLOGY 77 

How much of the time do you feel isolated 

from others? 

0. Hardly ever or never  

1. Some of the time  

2. Often  

 

How much of the time do you feel lonely? 

0. Hardly ever or never  

1. Some of the time  

2. Often  
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Appendix B 

 

Script SNACS 

 

#' SNACs 

#' Sparse Network And Component (supplemental) analysis 

#' Adapted from original SNAC function 06-05-2022 

#' 

#' 

#' @param data Data matrix, ordered according to groups, variables group normalized 

#' @param Jk Numeric vector of length equal to number of sources in the data, each value 

indicating the number of vars belonging to each source (block) 

#' @param preProcess Should the data be pre processed according to 

[RegularizedSCA::pre_process] 

#' @param sourceStandardize Standardize variables by group (source/block) 

#' @param R Number of components to consider... 

#' @param graphLambda Lambda for call to [glasso::glasso] 

#' @param nfolds Perform n-fold cross validation [RegularizedSCA::cv_sparseSCA] 

#' @param NStart Multi starts see [RegularizedSCA::sparseSCA] 

#' @param method How to calculate lasso penalty see [RegularizedSCA::sparseSCA] 

#' @param MaxIter Max iterations see [RegularizedSCA::sparseSCA] 
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#' @param estLambdas If `TRUE` and `crossval` is also `TRUE`, recommended Lambda's 

will be estimated from cross-validation [RegularizedSCA::cv_sparseSCA], this takes a lot of 

time. If `TRUE` and `crossval` is  `FALSE`, function [RegularizedSCA::maxLGlasso] will be 

used, which is fast, but likely less optimal than cross validation. If `estLambdas` if `FALSE`, 

provide the values in `SCALambda` and `SCAgroupLambda` 

#' @param crossval If `TRUE` and `estLambdas` is `TRUE` recommended Lambda's will be 

estimated from cross-validation [RegularizedSCA::cv_sparseSCA], this takes a lot of time. 

#' @param crossvalMethod How to calculate lasso penalty in cross validation see 

[RegularizedSCA::cv_sparseSCA] 

#' @param SCALambda Recommended Lambda for [RegularizedSCA::sparseSCA] 

#' @param SCAgroupLambda Recommended Group Lambda for 

[RegularizedSCA::sparseSCA] 

#' 

#' @return 

#' 

#' @export 

#' 

#' @examples 

#' 

SNACS <- function(data, 

                  Jk, 
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                  preProcess = FALSE, 

                  sourceStandardize = FALSE, 

                  R, 

                  graphLambda = 0.002, 

                  NStart = 10, 

                  method = c("component","datablock")[2], 

                  nfolds = 10, 

                  MaxIter = 100, 

                  estLambdas = TRUE, 

                  crossval = FALSE, 

                  crossvalMethod = c("component","datablock")[1], 

                  SCALambda = NA, 

                  SCAgroupLambda = NA){ 

 

  require(RegularizedSCA) 

  require(glasso) 

 

  if(is.numeric(Jk)&(length(Jk)>=2)){ 

    if(!sum(Jk)==NCOL(data)){ 

      stop("Number of variables on data not equal to blocks in Jk") 



MULTILAYER NETWORK ANALYSIS IN PSYCHOLOGY 81 

    } 

  } 

 

  JkID <- c(1, cumsum(Jk)) 

 

  if(preProcess){ 

    data <- RegularizedSCA::pre_process(data) 

  } 

 

  if(sourceStandardize){ 

    for(j in 2:length(JkID)){ 

      M  <- mean(unlist(data[,JkID[j-1]:JkID[j]]), na.rm = TRUE) 

      SD <- sd(unlist(data[,JkID[j-1]:JkID[j]]), na.rm = TRUE) 

      data[,JkID[j-1]:JkID[j]] <- (data[,JkID[j-1]:JkID[j]]-M)/SD 

    } 

  } 

 

  #Find lambda values for lasso and grouplasso using cross-validation 

  if(estLambdas){ 

    if(crossval){ 
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      para <- RegularizedSCA::cv_sparseSCA(DATA = data, Jk = Jk, R = R, nfolds = nfolds, 

method = method, MaxIter = MaxIter) 

      SCALambda      <- para$RecommendedLambda[1] 

      SCAgroupLambda <- para$RecommendedLambda[2] 

    } else { 

      para <- RegularizedSCA::maxLGlasso(DATA = data, Jk = Jk, R = R) 

      SCALambda      <- para$Lasso 

      SCAgroupLambda <- para$Glasso 

    } 

  } else { 

    if(any(is.na(SCALambda),is.na(SCAgroupLambda))){ 

      stop("Need values for SCALambda and SCAgroupLambda") 

    } else { 

      message("Skipping cross-validation...") 

    } 

  } 

 

  SCALambda      <- round(SCALambda, digits = 6) 

  SCAgroupLambda <- round(SCAgroupLambda, digits = 6) 
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  #Run SCA 

  results <- RegularizedSCA::sparseSCA(DATA = data, 

                                       Jk = Jk, 

                                       R = R, 

                                       LASSO = SCALambda, 

                                       GROUPLASSO = SCAgroupLambda, 

                                       NRSTART = NStart, 

                                       method  = method, 

                                       MaxIter = MaxIter) 

 

  #Undo shrinkage done on the P and T matrices 

  final   <- RegularizedSCA::undoShrinkage(DATA = data, R = R, Phat = results$Pmatrix) 

  Pmatrix <- final$Pmatrix 

  Tmatrix <- final$Tmatrix 

 

  #combis <- data.frame(t(utils::combn(seq_along(Jk), 2L)), stringsAsFactors = FALSE) 

 

  #Find common components 

  common   <- matrix(NA, nrow = ncol(final$Pmatrix), ncol = length(Jk)) 

  comdist  <- character(length = R) 
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  sources  <- paste0("s",seq_along(Jk)) 

 

  for (c in 1:ncol(final$Pmatrix)){# look per component whether it is a common or distinctive 

one 

    d <- NULL 

 

    for (j in 2:length(JkID)){ 

      d[j-1] <- sum(abs(final$Pmatrix[JkID[j-1]:JkID[j],c])) 

      if(d[j-1]!=0){d[j-1] = 1} 

    } 

 

    common[c,] <- d 

 

    if(sum(d)>=2){ 

      comdist[c] <- paste("common:", paste(sources[d==1], collapse = " & ")) 

    } else { 

      if(sum(d)==1){ 

       comdist[c] <- paste("distinct:", sources[d==1]) 

      } else { 

        comdist[c] <- "NA" 
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      } 

    } 

  } 

 

  common <- data.frame(common, type = comdist, row.names = paste0("comp",1:R)) 

  colnames(common) <- c(paste0("source",1:length(Jk)),"type") 

 

    print(common) 

    cat("\nWhich components (in rows) do you want to keep?\n1. All\n2. Some\n3. None 

(quit)") 

    CHOICE <- readline() 

    comp <- try(switch(CHOICE, 

                   "1" = paste(1:R, collapse=","), 

                   "2" = readline("Enter component numbers, seperated by a comma: "), 

                   "3" = NA)) 

 

  if(any(is.na(comp))){ 

    warning("No components selected!\nReturning unshrunken results.") 

    return(final) 

  } else { 
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    comp <- strsplit(comp, ",") 

    comp <- as.integer(comp[[1]]) 

    comp <- na.exclude(comp) 

  } 

 

  TmatCommon = matrix(NA, nrow = nrow(data), ncol = length(comp)) #, dimnames = 

list(colnames(data),colnames(data))) 

  PmatCommon = matrix(NA, nrow = ncol(data), ncol = length(comp)) #, dimnames = 

list(colnames(data),colnames(data))) 

 

  for (i in 1:length(comp)){ 

    TmatCommon[,i] = final$Tmatrix[,comp[i]] 

    PmatCommon[,i] = final$Pmatrix[,comp[i]] 

  } 

 

  #Create data set based on selected components 

  Xcom <- TmatCommon%*%t(PmatCommon) 

 

  #Graphical lasso 
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  SigmaINVC_hat <- glasso::glasso(s = cov(Xcom), rho = graphLambda, penalize.diagonal = 

FALSE)$w 

  attr(SigmaINVC_hat,"scaLambdas") <- c(LASSO = SCALambda, GROUPLASSO = 

SCAgroupLambda) 

  if(estLambdas){ 

    attr(SigmaINVC_hat,"crossval") <- para 

  } 

 

  colnames(Xcom) <- colnames(data) 

  #dimnames(SigmaINVC_hat) <- colnames(data) 

  return(list(compVsource = common, 

              comp = comp, 

              componentData = Xcom, 

              glasso = SigmaINVC_hat) 

         ) 

} 
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Appendix C 

Descriptive Statistics 

No Variable 

Stats / 

Values 

Freqs (% of 

Valid) 

Graph 

1 

Conditions_amount 

[numeric] 

Mean 

(sd) : 2 

(1.6) 

min ≤ 

med ≤ 

max: 

0 ≤ 2 ≤ 

12 

IQR 

(CV) : 

2 (0.8) 

 

13 distinct values 

 

2 

Painlevel 

[numeric] 

Mean 

(sd) : 

0.9 

(1.1) 

min ≤ 

med ≤ 

max: 

0 : 7181 ( 52.9% ) 

1 : 1444 ( 10.6% ) 

2 : 3448 ( 25.4% ) 

3 : 1504 ( 11.1% ) 
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No Variable 

Stats / 

Values 

Freqs (% of 

Valid) 

Graph 

0 ≤ 0 ≤ 

3 

IQR 

(CV) : 

2 (1.2) 

 

3 

Difficulties_activitiesB 

[numeric] 

Mean 

(sd) : 

1.6 

(1.9) 

min ≤ 

med ≤ 

max: 

0 ≤ 1 ≤ 

15 

IQR 

(CV) : 

0 (1.2) 

 

16 distinct values 
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No Variable 

Stats / 

Values 

Freqs (% of 

Valid) 

Graph 

4 

Difficulties_activitiesA 

[numeric] 

Mean 

(sd) : 

1.9 

(2.4) 

min ≤ 

med ≤ 

max: 

0 ≤ 1 ≤ 

10 

IQR 

(CV) : 

3 (1.3) 

 

11 distinct values 

 

5 

Frailty 

[numeric] 

Mean 

(sd) : 

1.3 

(0.6) 

min ≤ 

med ≤ 

max: 

0 : 2 ( 0.0% ) 

1 : 11366 ( 83.7% ) 

2 : 1305 ( 9.6% ) 

3 : 610 ( 4.5% ) 

4 : 294 ( 2.2% ) 
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No Variable 

Stats / 

Values 

Freqs (% of 

Valid) 

Graph 

0 ≤ 1 ≤ 

4 

IQR 

(CV) : 

0 (0.5) 

 

6 

Help_meet_needs 

[numeric] 

Mean 

(sd) : 

0.9 

(1.6) 

min ≤ 

med ≤ 

max: 

0 ≤ 0 ≤ 

4 

IQR 

(CV) : 

0 (1.8) 

 

0 : 10200 ( 75.1% ) 

1 : 36 ( 0.3% ) 

2 : 208 ( 1.5% ) 

3 : 829 ( 6.1% ) 

4 : 2304 ( 17.0% ) 
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No Variable 

Stats / 

Values 

Freqs (% of 

Valid) 

Graph 

7 

Health_general 

[numeric] 

Mean 

(sd) : 

3.2 (1) 

min ≤ 

med ≤ 

max: 

1 ≤ 3 ≤ 

5 

IQR 

(CV) : 

1 (0.3) 

 

1 : 756 ( 5.6% ) 

2 : 2404 ( 17.7% ) 

3 : 5309 ( 39.1% ) 

4 : 3832 ( 28.2% ) 

5 : 1276 ( 9.4% ) 

 

 

8 

Chronic_health_problems 

[numeric] 

Min : 0 

Mean : 

0.5 

Max : 

1 

 

0 : 6568 ( 48.4% ) 

1 : 7009 ( 51.6% ) 

 

 

9 

Limited_activities 

[numeric] 

Mean 

(sd) : 

0.6 

(0.7) 

0 : 7336 ( 54.0% ) 

1 : 4327 ( 31.9% ) 

2 : 1914 ( 14.1% ) 
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No Variable 

Stats / 

Values 

Freqs (% of 

Valid) 

Graph 

min ≤ 

med ≤ 

max: 

0 ≤ 0 ≤ 

2 

IQR 

(CV) : 

1 (1.2) 

 

10 

Limit_work 

[numeric] 

Min : 0 

Mean : 

0.3 

Max : 

1 

 

0 : 10107 ( 74.4% ) 

1 : 3470 ( 25.6% ) 

 

 

11 

Hearing 

[numeric] 

Mean 

(sd) : 

3.3 (1) 

min ≤ 

med ≤ 

max: 

1 : 469 ( 3.5% ) 

2 : 2247 ( 16.6% ) 

3 : 5553 ( 40.9% ) 

4 : 3621 ( 26.7% ) 

5 : 1687 ( 12.4% ) 
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No Variable 

Stats / 

Values 

Freqs (% of 

Valid) 

Graph 

1 ≤ 3 ≤ 

5 

IQR 

(CV) : 

1 (0.3) 

 

12 

Reading 

[numeric] 

Mean 

(sd) : 

3.7 

(1.1) 

min ≤ 

med ≤ 

max: 

1 ≤ 4 ≤ 

5 

IQR 

(CV) : 

2 (0.3) 

 

1 : 598 ( 4.4% ) 

2 : 1352 ( 10.0% ) 

3 : 3975 ( 29.3% ) 

4 : 3804 ( 28.0% ) 

5 : 3848 ( 28.3% ) 
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No Variable 

Stats / 

Values 

Freqs (% of 

Valid) 

Graph 

13 

Writing 

[numeric] 

Mean 

(sd) : 

3.5 

(1.2) 

min ≤ 

med ≤ 

max: 

1 ≤ 4 ≤ 

5 

IQR 

(CV) : 

1 (0.3) 

 

1 : 791 ( 5.8% ) 

2 : 1756 ( 12.9% ) 

3 : 4130 ( 30.4% ) 

4 : 3538 ( 26.1% ) 

5 : 3362 ( 24.8% ) 

 

 

14 

Oriëntation 

[numeric] 

Mean 

(sd) : 

3.8 

(0.6) 

min ≤ 

med ≤ 

max: 

0 : 159 ( 1.2% ) 

1 : 114 ( 0.8% ) 

2 : 287 ( 2.1% ) 

3 : 1357 ( 10.0% ) 

4 : 11660 ( 85.9% ) 
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No Variable 

Stats / 

Values 

Freqs (% of 

Valid) 

Graph 

0 ≤ 4 ≤ 

4 

IQR 

(CV) : 

0 (0.2) 

 

15 

WordsMemoryA 

[numeric] 

Mean 

(sd) : 5 

(1.8) 

min ≤ 

med ≤ 

max: 

0 ≤ 5 ≤ 

10 

IQR 

(CV) : 

2 (0.4) 

 

11 distinct values 
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No Variable 

Stats / 

Values 

Freqs (% of 

Valid) 

Graph 

16 

NumeracySubtract 

[numeric] 

Mean 

(sd) : 

3.6 

(1.9) 

min ≤ 

med ≤ 

max: 

0 ≤ 5 ≤ 

5 

IQR 

(CV) : 

4 (0.5) 

 

0 : 1070 ( 7.9% ) 

1 : 2457 ( 18.1% ) 

2 : 895 ( 6.6% ) 

3 : 544 ( 4.0% ) 

4 : 615 ( 4.5% ) 

5 : 7996 ( 58.9% ) 

 

 

17 

WordsMemoryB 

[numeric] 

Mean 

(sd) : 

3.6 

(2.2) 

min ≤ 

med ≤ 

max: 

11 distinct values 
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No Variable 

Stats / 

Values 

Freqs (% of 

Valid) 

Graph 

0 ≤ 4 ≤ 

10 

IQR 

(CV) : 

3 (0.6) 

 

18 

Mood 

[numeric] 

Mean 

(sd) : 

1.1 

(1.2) 

min ≤ 

med ≤ 

max: 

0 ≤ 1 ≤ 

6 

IQR 

(CV) : 

2 (1.2) 

 

0 : 6041 ( 44.5% ) 

1 : 3382 ( 24.9% ) 

2 : 2334 ( 17.2% ) 

3 : 1225 ( 9.0% ) 

4 : 418 ( 3.1% ) 

5 : 137 ( 1.0% ) 

6 : 40 ( 0.3% ) 
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No Variable 

Stats / 

Values 

Freqs (% of 

Valid) 

Graph 

19 

Perspective 

[numeric] 

Mean 

(sd) : 

0.3 

(0.5) 

min ≤ 

med ≤ 

max: 

0 ≤ 0 ≤ 

2 

IQR 

(CV) : 

0 (2) 

 

0 : 10474 ( 77.1% ) 

1 : 2474 ( 18.2% ) 

2 : 629 ( 4.6% ) 

 

 

20 

Fitness 

[numeric] 

Mean 

(sd) : 

0.8 

(0.9) 

min ≤ 

med ≤ 

max: 

0 : 6234 ( 45.9% ) 

1 : 4355 ( 32.1% ) 

2 : 2308 ( 17.0% ) 

3 : 680 ( 5.0% ) 
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No Variable 

Stats / 

Values 

Freqs (% of 

Valid) 

Graph 

0 ≤ 1 ≤ 

3 

IQR 

(CV) : 

1 (1.1) 

 

21 

MentalFitness 

[numeric] 

Mean 

(sd) : 

0.5 

(0.8) 

min ≤ 

med ≤ 

max: 

0 ≤ 0 ≤ 

3 

IQR 

(CV) : 

1 (1.5) 

 

0 : 8438 ( 62.1% ) 

1 : 3457 ( 25.5% ) 

2 : 1191 ( 8.8% ) 

3 : 491 ( 3.6% ) 
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No Variable 

Stats / 

Values 

Freqs (% of 

Valid) 

Graph 

22 

Social 

[numeric] 

Mean 

(sd) : 

1.3 (2) 

min ≤ 

med ≤ 

max: 

0 ≤ 0 ≤ 

8 

IQR 

(CV) : 

2 (1.5) 

 

0 : 7174 ( 52.8% ) 

1 : 2104 ( 15.5% ) 

2 : 1432 ( 10.5% ) 

3 : 905 ( 6.7% ) 

4 : 832 ( 6.1% ) 

5 : 354 ( 2.6% ) 

6 : 327 ( 2.4% ) 

7 : 180 ( 1.3% ) 

8 : 269 ( 2.0% ) 

 

 

 

 

 


