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SUMMARY 
Attention deficit hyperactivity disorder (ADHD) is a neuropsychiatric disorder interfering with the normal development of the 

child. The disorder can be screened at school with the Conners Teacher Rating Scale Revised Short (CTRS-R:S). This scale goes 

beyond the disorder itself and covers a wider construct, that of abnormal child behavior. This can be understood as a complex 

system of mutually influencing entities. We analyzed a data set of 525 children in French-speaking primary schools from Belgium, 

and estimated a network structure, as well as to determine the local dependence of items through Unique Variable Analysis. A 

reduced network was computed including 15 non-locally dependent items. The structural consistency of the network was not affected 

by redundant items and was structurally sound. The reduction of the number of variables in network studies is important to improve 

the investigation of network structures as well as better interpret results from inference measures. 
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INTRODUCTION 

Attention deficit hyperactivity disorder (ADHD) is a 

neuropsychiatric disorder that interferes with the normal 

development of the child, according to the Diagnostic 

and Statistical Manual of Mental Disorders 5 (DSM 5). 

This disorder has two main features: inattention and 

hyperactivity and/or impulsive behavior. Prevalence for 

ADHD has been estimated to be around 6% in recent 

studies (Willcutt 2012), but it may vary depending on 

the country and whether children receive a diagnosis; 4 

to 12% of children may be undiagnosed (Green et al. 

1999). Screening ADHD is essential to prevent impacts 

and complications (Shaw et al. 2012). 

ADHD symptoms can be exacerbated in schools, 

making screening for ADHD in school settings useful 

(Conners et al. 1998). The Conners Teacher Rating 

Scale-revised: short (CTRS-R :S) is known as a specific 

psychometric tool completed by teachers, containing 

items adapted to school environment and offering 

clinicians an overview on the behavior child at school 

(Conners et al. 1998). CTRS-R :S is psychometric test 

composed by 28 items, subdivided into four sub scales, 

namely oppositional (items 2, 6, 10, 15, 20), hyperactivity 

(3, 7, 11, 17, 21, 24, 27), cognitive problems/inattention 

(4, 8, 13, 18, 22) and ADHD index (1, 5, 9, 12, 14, 16, 

19, 23, 25, 26, 28) previously known as hyperactivity 

index in old version (Conners et al. 1998). However, 

CTRS-R :S items do not include only ADHD symptoms 

mentioned in the DSM 5, but the scale goes beyond 

ADHD diagnosis and contains characteristics of abnor-

mal child behavior such as emotional and behavioural 

problems (Parry 2005, Till et al. 2022).  

The network approach is a recently developed frame-

work to investigate psychiatric constructs as complex 

systems (Borsboom 2017). In child psychiatry, this 

concept has already been used for autistic traits 

(Briganti et al. 2020), ADHD (Preszler et Burns 2019, 

Silk et al. 2019), or recently to assess interaction bet-

ween different trouble as ADHD and autism (Farhat et 

al. 2022). 

The network theory considers symptoms as active 

components causally influencing each other: the mental 

disorder is a network that arises from both symptoms 

and the set of their interactions (Borsboom 2017). In 

network structures, items or symptoms are represented 

by nodes (circles) which are interconnected by edges 

(lines); therefore networks allow to investigate interac-

tions among symptoms (Borsboom 2017). 

Network theory is accompanied by a set of statistical 

tools called network analysis (Borsboom et al. 2021). 

Network measures are used to quantify the relationships 
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between nodes in a network. The most commonly used 

measures in psychology are called centrality. These 

measures quantify the relative position of nodes in the 

network (e.g., the number and magnitude of connections 

to a node). Researchers interpret network structures by 

identifying high-centrality (highly connected) nodes and 

detecting items that are strongly connected, which 

represent communities (statistically similar to factors in 

factor models)(Golino & Epskamp 2017). 

Semantically similar items are common feature of 

psychological scales (Leising et al. 2020). These items 

will often have greater connectivity in networks and 

hence contribute significatively in network centrality 

measures (Golino et al. 2022). In psychometric terms, 

these items are said to be locally dependent - they do 

not contribute any unique information over and above 

the other (Edwards et al. 2018). Local dependence is 

problematic for all of psychometric measurement and 

especially for network models (Hallquist et al. 2021). 

Moreover, removing locally dependent variables 

may help to reduce the number of items of the network 

and simplify the teachers scale (e.g., CTRS-R: S). Local 

dependence can be evaluated using Unique Variable 

Analysis (UVA). UVA identifies locally dependent vari-

ables in a psychometric tool and presents them to the 

researcher as to facilitate the process of reducing the 

numbers of variables while retaining the important 

information (Christensen et al. 2020). With UVA, as 

variables are removed, the centrality of items is also 

likely to be modified: the impact of variable removal 

from the network therefore requires additional investi-

gation (Christensen et al. 2020). 

The question that arises is that once UVA is 

performed and locally dependent items are excluded, 

how will the CTRS-R: S network be modified. 

Therefore, by this statistical manipulation, how will the 

centrality be modified and how will the communities be 

affected?  

This study is structured as follow: we will evaluate 

the local dependence in CTRS-R:S and its impact on 

network centrality. UVA will be used to identify locally 

computed, containing unique variables only. We also re-

evaluate the community structure of the network to 

determine whether it is logical and similar to previous 

studies. 

 

METHOD  

Dataset 

Data from this study were retrieved from 525 

French-speaking Belgian primary schools. Teachers 

completed the CTRS-R:S by filling in age, sex, the date 

of birth. Since the questionnaires were on paper, the 

data were encoded on Excel. Our study protocol was 

approved by the Ethical Committee of the Brugmann 

Teaching Hospital in Brussels (CHU Brugmann, 

protocol B0772020000052/I/U Modeling of interactions 

between ADHD symptoms of the CTRS-R: S scale). 

 

Network estimation method 

EGA 

Exploratory Graph Analysis is a new approach in 

psychometric networks that focuses on estimating 

undirected network patterns to estimate the number of 

network dimensions with multivariate data (Golino et al. 

2020, Golino & Epskamp 2017). The advantages of this 

method are providing the number of dimensions of the 

network but also the placement of items and their level 

of association. Moreover, symptoms can be represented 

as a network of interconnections within and between 

psychopathological dimensions (Peralta et al. 2020). It 

identifies the key role of items individually. EGA 

surpasses other data-reduction methods in estimating the 

number of dimensions inherent to the date set, and 

sample size correlations among factors, and the number 

of items and factors affect the accuracy of EGA less 

(Golino et al. 2020, Golino & Epskamp 2017).  

Bootstrap Exploratory Graph Analysis 

After estimating the dimensions of the network via 

EGA, the stability of dimensions will be evaluated using 

a new method, the Bootstrap Exploratory Graph Ana-

lysis, also called bootEGA (Christensen & Golino 2021). 

BootEGA algorithm uses parametric or non-parametric 

(resampling) procedures. If the distribution is non-

normal or unknown, the resampling procedure should be 

preferred, and so used in this paper. Technically, EGA is 

performed for each test, to a pre-selected number of 

testing (Christensen & Golino 2021). 

 

Unique Variable Analysis 

UVA detects redundant variables in network psycho-

metrics has several interests in network analysis (Chri-

stensen et al. 2020). On one hand, there is an overe-

stimation number of factors (domains) in the data due to 

minor factors created by redundant variables (Christen-

sen et al. 2020). On the other hand, the estimated 

network can be distorted due to redundant variables that 

are expected to have higher node strength values 

(Briganti et al. 2020, Hallquist et al. 2021), which gives 

a strength value falsely augmented estimation (counter 

to a network without redundancies).  

It is first necessary to compute a network and esti-

mate the weighted topological overlap with the partial 

correlation matrix which quantifies the amount to 

-

(Zhang & Horvath 2005). In 

other words, it determines the degree to which they have 

a similar number and the extent of connections and how 

they are connected to similar nodes. 
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We applied the recommended significance default of 

adaptive alpha & Pericchi 2014), which adjusts 

0.05) based on sample size (here, the 

number of weights in the network).  

If the variable X is redundant with the variable Y and 

variable Y is redundant with Z, then X and Z, which are 

not two redundant variables, will be so indirectly redun-

dant. We consider that X, Y and Z are part of a redun-

dancy chain. In R, it is possible to highlight different re-

dundancies chains and to select a target variable. This tar-

get variable is a variable that shares the most directed and 

undirected connection (linked through only other variables) 

with the other redundant variables. Therefore, two varia-

bles can be indirectly redundant (Christensen et al. 2020). 

 

Community detection 

Community detection is performed using the Walk-

trap algorithm. It informs on the connectedness of 

subgraph and therefore highlights communities (Pons 

& Latapy 2005). See Golino et al. (2020) for a more 

detailed description. 

 

Structural consistency  

Structural consistency is a measure that evaluates the 

stability of dimensions by bootEGA. This concept is 

defined as the proportion of times that each empirically 

derived dimension (resulting from the initial EGA). 

Furthermore, it brings how dimensions are interrelated 

(internal consistency) and homogeneous (test homoge-

neity) in the presence of other related dimensions 

(Christensen et al. 2020). Structural consistency ranges 

-

stency can only be 1 if the items in the empirically 

derived dimension conform to that dimension across 

all replicate samples (Christensen et al. 2020).  

Centrality Stability and Difference Test 

The centrality stability and difference tests were 

performed in the reduced network through bootstrapping 

to evaluate if centrality estimate are stable (Epskamp et 

al. 2018). Centrality-stability coefficient (CS-coefficient) 

was applied to quantify the stability of centrality indices 

using subset bootstraps (Epskamp et al. 2018). CS-

coefficient should not be below 0.25, and preferably 

above 0.5 (Epskamp et al. 2018). 

 

Data analysis 

All analyses were performed in R (version 4.0.5; R 

Core Team, 2020). UVA, EGA, and bootEGA were 

applied using the EGAnet package (version 0.9.8) and 

were visualized using ggplot2 (version 3.3.5) packages 

in R. Centrality stability and different tests were per-

formed using the bootnet (version 1.4.3) package in R.  

 

RESULTS  

Initial Bootstrap Exploratory Graph Analysis 

BootEGA was executed to evaluate the stability of 

the network. We highlight only 4 clusters with the Walk-

trap algorithm, but there are logical compared to the first, 

as it will be explained in the discussion (Figure 1). 

Each community were called according to their in-

cluded items. Community 1 was called Inattentive con-

tains items 1, 4, 8, 13, 14, 16, 18, 19, 22, 25, 26. Commu-

nity 2 includes items 3, 7, 9, 12, 11, 21, 28 and was 

named Agitated. Community 3 involves items 5, 17, 23, 

24, 27, and was entitled Impulsive. And finally, items 2, 

6, 10, 15 and 20 are included in the fourth community 4 

named Oppositional. The structural consistency was satis-

fying for community 1 (0.98), community 2 (0.83) and 

community 4 (0.89) but less comforting for community 3 

 

 
Figure 1. 28-items network of CTRS-R:S estimated with BootEGA 
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.59. Item 28 has the lowest 

stability with 0.58. We did not remove items with the 

lowest stability as they were hyper-

 

have deleted an important part of the abnormal child 

behavior construct.  

 

Redundancy of CTRS-R:S network 

UVA identified redundant variable from the 28 items 

CTRS-R:S and gives target variable from a cluster of 

redundant variables. For example, item C9 was identi-

fied as target in the group of 5 items (C9, C12, C28, C3, 

C7). 13 items out of 28 were identified as redundant, the 

final network being composed of 15 items, following 

state-of-the-art recommendations on the technique 

(Christensen et al. 2020). Figure 2 was produced after 

applied BootEGA.  

Items 8, 12, 14, 15, 17, 18, 26, 27 were all selected 

as target variables (variables to be kept). Other items 

were preserved as well in the reduced network (items 4, 

5, 10, 11, 21, 22). The reduced network community sta-

bility is overall higher than the stability of the full net-

work, where community 1 stability equal= 0.99 and 

community 2 stability equal to = 0.90. 

 

Network inference and stability  

The CS-coefficient of the reduced network was 

equal to 0.672, that signifies that the centrality order 

was overall stable: up until 67.2 % of the sample can be 

dropped, and the centrality order would correlate at least 

67.2 with 95% of bootstrapped samples. For the 28 

items network, the CS coefficent was equal to 0.75.  

DISCUSSION 

This study evaluates local dependence in the CTRS-

R:S and its effect on the network structure. It is the first 

paper to our knowledge studying local dependences in 

CTRS-R:S. Certainly, previous ADHD network studies 

evaluate the nodes with local dependence, even with 

other trouble like autism (Farhat et al. 2022). Our pur-

pose is different than anterior publications and aim to 

find local dependences of variables in the CTRS-R:S 

thanks to UVA. Henceforward, this method should be 

considered as a supplementary tool in network studies, as 

psychometric scales contain items with local dependence 

or with Synthetic Aperture Personality Assessment, SAPA 

(Christensen et al. 2020). Still local dependence in items 

from psychometric test have impact on network structure 

because they falsely improve the stability of a network. 

Items locally dependent, and sometimes which are 

semantically similar, impact the network and its connec-

tivity. As previously stated, non-reduced networks have 

optimistic  results. Just as in this study, the network 

reduced from variables with local dependence is 

different than the initial network, and the stability too. 

We obtained an overall accurate network. Networks 

estimated from the complete scale will usually be more 

stable than the reduced networks because locally 

dependent items will have more consistent (partial) 

correlations with one another, making node strength 

more stable. Two new subgroups were determined, 

with a satisfactory stability. 

The 28 items network were analyzed through boot-

EGA, and four communities were identified. This result 

differs from previous study treating about CTRS-R:S  
 

 
Figure 2. Reduced network of CTRS-R:S. The variables in the reduced network were retrieved with Unique Variable 

Analysis 
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network and the estimated network is somewhat diffe-

rent from the original Bayesian estimation (Till et al. 

2022). The number of communities was different but 

communities are similar. That is relatively expected and 

a comforting result compared to the previous network 

CTRS-R:S study (Till et al. 2022). Bayesian GGMs, 

based on the value of the Bayes Factor used to select the 

model can be sparser than traditional GGMs selected 

with EBICglasso.  

Some items appearing semantically comparable were 

not excluded or proposed during the UVA procedure. 

Leaves seat in classroom or in 

other situations where remaining seated is expected

Runs about or climbs excessively in situations 

where it is inappropriate  are very similar, but are kept 

in the reduced network. Indeed, redundancy do not 

necessarily mean semantic similarity. 

All items selected by UVA with local dependences 

arise from their respective community. Each domains 

contains locally dependent items, and the selection off 

target variable may be executed on the full community, 

as is the case for community 3 (where the conserved 

variable was item 12) and community 4 (excepted for 

item 10) where the chosen variable was item 15. In 

regard of this study (Till et al. 2022), most of locally 

dependent items were from this communities to, for 

Poor in spelling Does not 

follow through on instructions and fails to finish 

schoolwork (not due to oppositional behavior or failure 

to understand instruction)

Ineffectiveness, and the more relevant item (with the 

highest strength centrality) from previous study was the 

target variable selected in this paper. 

In the reduced network, four communities do not 

recur and only 2 communities are detected; community 

1 reflects the inattention dimension with learning 

Poor in spelling Poor in 

arithmetic

Fidgets with hands or feet or 

squirms in seat

Disturbs other children

" ). Some items are related to DSM 

5 criteria for ADHD diagnosis, and other items, 

although often associated to ADHD, are more common 

for other disorders, such as oppositional disorder or 

learning disorders like dyscalculia. That emphasizes 

CTRS-R:S is more than an ADHD tool, and ease to 

find comorbidities, and other troubles, and generally 

the children's classroom behavior (Conners et al. 

1998)

network) were lowered because of the weak items 

stability of community 3, but in our assessment and in 

view of clinical interest to this items, we did not 

exclude them. 

The results of this study should be interpreted in 

light of several limitations. First, the data from this 

study was collected in a sample of French-speaking 

Belgian primary school students and this study aimed to 

study a network structure estimated from a non-clinical 

sample. We do not know whether within the observed 

group there are children diagnosed with and/or treated 

for ADHD. Moreover, the CTRS-R:S was obviously 

completed by the teacher themselves, so bias will 

betide; for instance, the subjects were evaluated depen-

ding on the teacher that did the evaluation.  

 

CONCLUSION 

The search and discovery of variables with local 

dependence will offer a scale that is easier to use for the 

teacher and to interpret for the clinician. Our findings 

should be reevaluated based on future studies using 

clinical samples in various settings to ensure their 

replicability and application in practice. 
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