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Network analysis of 18 attention-deficit/hyperactivity disorder symptoms suggests the importance of “Distracted” and “Fidget” as central symptoms: Invariance across age, gender, and subtype presentations
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The network theory of mental disorders conceptualizes psychiatric symptoms as networks of symptoms that causally interact with each other. Our present study aimed to explore the symptomatic structure in children with attention-deficit/hyperactivity disorder (ADHD) using network analyses. Symptom network based on 18 items of ADHD Rating Scale-IV was evaluated in 4,033 children and adolescents with ADHD. The importance of nodes was evaluated quantitatively by examining centrality indices, including Strength, Betweenness and Closeness, as well as Predictability and Expected Influence (EI). In addition, we compared the network structure across different subgroups, as characterized by ADHD subtypes, gender and age groups to evaluate its invariance. A three-factor-community structure was identified including inattentive, hyperactive and impulsive clusters. For the centrality indices, the nodes of “Distracted” and “Fidget” showed high closeness and betweenness, and represented a bridge linking the inattentive and hyperactive/impulsive domains. “Details” and “Fidget” were the most common endorsed symptoms in inattentive and hyperactive/impulsive domains respectively. On the contrary, the “Listen” item formed a peripheral node showing weak links with all other items within the inattentive cluster, and the “Loss” item as the least central node by all measures of centrality and with low predictability value. The network structure was relatively invariant across gender, age and ADHD subtypes/presentations. The 18 items of ADHD core symptoms appear not equivalent and interchangeable. “Distracted” and “Fidget” should be considered as central, or core, symptoms for further evaluation and intervention. The network-informed differentiation of these symptoms has the potentials to refine the phenotype and reduce heterogeneity.
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Introduction

Attention-deficit/hyperactivity disorder (ADHD) is conceptualized as a neurodevelopment disorder, characterized by age-inappropriate levels of inattention, hyperactivity and impulsivity associated with impairments across settings. According to the DSM-5 (1) and ICD-11 taxonomic systems (2), ADHD is a polythetic condition of which all affected individuals share similar characteristics but are non-identical in specific patterns of symptom expression (3). In DSM-5, diagnostic threshold for children is set at 6 or more inattentive symptoms, and/or, 6 or more hyperactive/impulsive symptoms; whereas in adults, the threshold is at 5. None of the 18 diagnostic criteria is designated as “essential” or ranked as “more essential” for diagnostic classification. Two children may therefore meet the diagnostic threshold for ADHD with two substantially different sets of symptoms, for instance with overlap of only three symptoms in each domain, equating to 50% non-overlap. In adults, the overlap can be further reduced to one symptom in each domain, equating to about 89% non-overlap. Therefore phenotypic heterogeneity can be substantial across cases.

To address phenotypic heterogeneity, one current available method is to subclassify caseness based on one of the three “presentations” defined by DSM-5, such as “combined,” “predominantly inattentive,” or “predominantly hyperactive/impulsive” presentations. Within these subcategories, all symptoms are still weighted equally without hierarchical ranking, while the patterns of interaction and co-occurrence amongst symptoms are considered as irrelevant—aside the threshold of symptom count. Contrasting with the assumptions made by DSM-5 and ICD-11, empirical findings indicate the contrary to be true. A recent study reported that 18 items contribute independently to the clinical diagnosis of ADHD, with some of them carrying more weight (4). Moreover, these 18 core symptoms may not occur in the same frequency in one particular ADHD sample, and especially across samples (5). The simple sum of the symptoms (assumed to be equally-weighted)—as advocated by DSM-5 and ICD-11—will lose important clinical information and introduce greater clinical and etiological heterogeneity. In doing so, such a diagnostic approach may reduce treatment effectiveness as well as encumbering research in unraveling the pathogenesis and etiology of ADHD.

Several efforts have been conducted to overcome these limitations and provide more informative approaches to identify the latent architecture of ADHD symptomology. These include factor analyses (6, 7) and item response theory (IRT) (3, 8, 9). However, both factor analytical and IRT approaches cannot evaluate how items connect and trigger one another, especially, how they influence and perpetuate a disorder through their interactions with other symptoms within the symptom network. Such shortcomings can be addressed by a different approach that is based on the network theory of mental disorders, which conceptualizes psychiatric symptoms as networks of symptoms that causally interact (10). The traditional “latent variable approach” views the manifestations of observable symptoms (i.e., 18 ADHD diagnostic symptoms) arising from the latent construct of ADHD that cannot be measured directly (i.e., the underlying common cause of a clinical disorder). In contrast, network models of psychopathology view a set of symptoms as a causal system, initiating, perpetuating and maintaining a disorder through mutual influences without a latent causal driver (11). The findings from a network analysis can be therefore interpreted as revealing a causal system (11), within which some symptoms connect and interact with some more than others (12), exerting differential influences within the network.

Several recent studies have attempted to establish the cross-sectional network models of ADHD symptoms. Martel et al. (13) performed the first network analyses to describe interactions of ADHD symptoms across age windows. Their results indicated age-related differentiation of ADHD symptoms over the development. As a child matures, most symptoms change their expression, except “easily distracted,” which remains unchanged while serving as an important bridge symptom between inattentive and hyperactive/impulsive domains. More specifically, “easily distracted” and “difficulty sustaining attention,” unlike others, remain central symptoms across developmental periods. In a cross-sectional data, Silk et al. (5) found that “easily distracted” and “does not listen” were the most frequently endorsed inattentive symptoms, and “interrupts” was the most frequently hyperactive/impulsive symptom in the ADHD group. Within their network of ADHD symptoms, the hyperactive/impulsive domain was organized into two smaller subclusters with “awaiting turn” as a bridge”—indexing “betweenness.” However, inattentive symptoms conformed to two general clusters, around (i) planning/organization (disorganized, loses things, forgetful) and (ii) sustaining attention (distracted, difficulty sustain attention, fails close attention, avoids mental effort and not follow instructions). Of these, “lose things” was the node with the highest “betweenness centrality.” In addition, “does not listen” was found to be mostly isolated (5). Preszler and Burns (14) found that “concentration difficulties” showed the highest “expected influence.” Goh et al. (15) examined the network of ADHD and sluggish cognitive tempo symptoms, and identified eight bridge items between ADHD and sluggish cognitive tempo networks; and these items were more efficient indicators of impairment than the simple pool of all items. Taken together, these studies have identified unique characteristics of different items as described by network analysis parameters, despite inconsistencies across studies.

Several factors which may account for inconsistencies in the aforementioned findings, such as sample heterogeneity introduced by ADHD subtypes (termed “presentations” in DSM-5), gender and age distribution (16, 17). Would sample characteristics, and variable symptom distributions influence the network structure of ADHD across studies? While Martel et al. (13) assessed ADHD symptoms across age range, their findings were based on visual assessment and not statistical evaluation, given visual inspection based on subjective judgment may reduce reproducibility of their findings (12). In another study, no significant differences in network structure and bridge impairment items were found across samples of children and adolescents (13), but subthreshold cases and non-ADHD comparisons were analyzed together as a single group in this study. There are significant methodological limitations in network analysis studies of ADHD. Furthermore, to our knowledge, no study in the extant literature has examined the potential influence of subtype and gender.

The present study aimed to evaluate the network structure of ADHD symptoms in a large clinical sample of Chinese Han participants with ADHD (age 6-16), in order to address the aforementioned gaps in the literature. In particular, it aimed to probe for evidence against the equal-weight and interchangeability assumptions of ADHD symptoms. We hypothesized that (1) some specific central symptoms should be identified, that is DSM-5 symptoms are not equivalent in terms of centrality as parameterized by “strength,” “closeness,” “betweenness,” and “expected influence” and (2) the network structure across different subgroups, as characterized by ADHD subtypes (i.e. presentations), gender and age-groups, would be invariant.



Materials and methods


Participants

Children and adolescents with ADHD were recruited from Peking University Sixth Hospital/Institute of Mental Health. ADHD, subtypes and comorbidity were classified based on a semi-structured diagnosed interview conducted by a child psychiatrist was conducted using the Clinical Diagnostic Interview Scale (CDIS); (18) according to the DSM-IV (19) criteria. Moreover, all participants met the following inclusion criteria: (1) age between 6 and 16 years; (2) drug-naïve; and (3) with estimated full-scale IQ above 70. Exclusion criteria included a history of neurological disorders and other psychiatric disorders. The present study was approved by the Ethics Committee of Peking University Institute of Mental Health. Written consent was obtained from the parents and guardians of the participants.



Measures

ADHD Rating Scale-IV (ADHD RS-IV) was used to assess the psychopathology of ADHD. It was rated by parent or primary carer with best knowledge of the child on a 4-point Likert-type scale (1 = not at all, 2 = sometimes, 3 = often, and 4 = always). It consists of 18 symptom items according to the DSM-IV criteria for ADHD.

Nine inattentive symptoms were: (1) Fails to give close attention to details or makes careless mistakes in schoolwork, coded as “Details”; (2) Has difficulty sustaining attention in tasks or play activities, coded as “Span”; (3) Does not seem to listen when spoken to directly, coded as “Listen”; (4) Does not follow through on instructions and fails to finish work, coded as “Follow”; (5) Does not follow through on instructions and fails to finish work, coded as “Finish”; (6) Avoid tasks (e.g., schoolwork, homework) that require sustained mental effort, coded as “Avoid”; (7) Loses things necessary for tasks or activities, coded as “Loss”; (8) Is easily distracted, coded as “Distracted”; (9) Is forgetful in daily activities, coded as “Forget”.

Nine hyperactive/impulsive symptoms were coded as: (1) Fidgets with hands or feet or squirms in seat, coded as “Fidget”; (2) Leaves seat in classroom or in other situations in which remaining seated is expected, coded as “Seat”; (3) Runs about or climbs excessively in situation in which it is inappropriate, coded as “Run”; (4) Has difficulty playing or engaging in leisure activities quietly, coded as “Noisy”; (5) Is “OnTheGo” or acts as if “driven by a motor”, coded as “OnTheGo”; (6) Talks excessively, coded as “Talk”; (7) Blurts out answers before questions have been completed, codes as “Blurt”; (8) Has difficulty waiting turn, coded as “Wait”; (9) Interrupts or intrudes on others, coded as “Interrupt.”


Network estimation and network inference

Symptom network based on 18 items of ADHD RS-IV was evaluated in participants with ADHD. The nodes were core symptoms of ADHD. The edges of the network were partial correlations between each pair of nodes after controlling for all the other nodes in the network. As our data were ordinal in nature, Gaussian Graphical Model was estimated using graphical Least Absolute Shrinkage and Selection Operator (gLASSO) (20) in combination with Extended Bayesian Information Criteria (EBIC) model selection (21). The tuning parameter, set as 0.5 (21, 22), was applied to shrink the partial correlation coefficients to obtain a stable network. The placement of the nodes in the network was determined by the force-directed Fruchterman–Reingold algorithm (23). The R software (version 4.0.0, available at https://cran.r-project.org/) was used for network analysis in this study, R-package “qgraph” (24) was used for network estimation.

The importance of nodes was further evaluated quantitatively by examining centrality indices, including strength, betweenness, and closeness (11), as well as predictability and expected influence (EI). A node with high betweenness means it occupies frequently in the shortest paths between pairs of the other nodes. High closeness indicates close connections with all the other nodes in the network. Strength is calculated by summing the absolute weights of all the edges connected to the node. To account for negative edges that suppress other nodes contrasting with positive edges that activate other nodes, EI assesses the strength of a node accounting for the negative edges (25). In addition, the Predictability of a node measures the extent to which a node can be predicted by all the other nodes in the network (26). The higher predictability indicates the high controllability of the node, that it could be controlled via its neighboring symptoms in the network. The standardized z scores of centrality indices were calculated, higher z score indicates greater relative importance of a given node in the network. The ‘‘qgraph’’ and ‘‘mgm’’ packages1 implemented in R statistical software were used for centrality calculation and visualization.



Community detection

Two different methods were adopted to detect the community of the ADHD symptom network in the current study. Firstly, the more conventional walktrap algorithm was used to detect community using Exploratory Graph Analysis via the R-package ‘‘EGAnet’’.2 This method does not allow cross-loading, which means one item can only belong to one community. However, we considered the possibility that a few ADHD symptoms may have relatively high loading on more than one community. Thus, Clique Percolation algorithm was also used to detect communities allowing items assigned to more than one community in the network, via the R-package ‘‘Clique Percolation’’.3



Network comparisons

In order to examine the variance or invariance of ADHD symptom networks across ADHD subtypes (ADHD-I vs. ADHD-C; ADHD-HI was not included for network comparisons due to its limited sample size), genders (males vs. females) and among four age groups (6–7 years, 8–9 years, 10–11 years, and 12 years old or over; the subjects with 12 years old or over were not further devided at 2-year interval due to the limited sample size in the older age groups), we estimated these networks in samples stratified by these parameters respectively; and examined the invariance of network structure, global strength, and edge-weights using two-tailed permutation tests (10,000 times) (27). The test for invariance of network structure depends on the maximum difference between matrices consisting of all connections. The global strength of a network, defined as the sum of the absolute edge-weights of all pairs of nodes, was calculated and compared. False discovery rate (FDR) correction was adopted to address multiple comparisons of edge-weights, and adjusted p values were calculated using the Benjamini and Hochberg (28) method implemented in R. The ‘‘Network Comparison Test’’ package4 implemented in R statistical software was used for the network comparisons. The significance threshold was set at p < 0.05 for the invariance test of network structure and global strength, and adjusted p < 0.05 for differences on edge-weights.



Network stability and accuracy

The stability of each estimated network, including the accuracy of edge-weights and centrality were evaluated according to the method published by Epskamp, Borsboom and Fried (29). Firstly, the accuracy of edge-weights was estimated by drawing non-parametric bootstrapped Confidence Intervals (CIs) with 2,500 permutations. Narrow bootstrapped CIs denote low sampling variability in edge-weights, indicating an accurate network. Secondly, we investigated the stability of strength using case-dropping subset bootstrap to assess how well the order of centralities was retained in only portions of data. The CS-coefficient was used to measure the maximum drop in proportions to retain a correlation of 0.7 in at least 95% of the sample. It is suggested that the CS-coefficient should preferably above 0.5 in order to render the network stable. Thirdly, we conducted bootstrapped difference tests between edge-weights that were non-zero and node strength of the ADHD symptoms. The ‘‘bootnet’’ package5 implemented in R statistical software was used to estimate the network stability.





Results

A total of 4,033 children and adolescents with ADHD (3,355 boys and 678 girls) were recruited for analyses; and their demographic and clinical characteristics are summarized in Table 1.


TABLE 1    The demographic and clinical characteristics of children with ADHD.
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Description of 18 attention-deficit/hyperactivity disorder symptom items

Table 2 summarizes the mean rating scores and the frequencies of endorsement for each symptom in ADHD participants. For the frequency distribution of each item, we found “Details” as the most frequently endorsed symptom followed by “Distracted” in the attentive domain, while “Fidget” as the most frequently endorsed symptom followed by “OnTheGo” in the hyperactive/impulsive domain.


TABLE 2    The mean rating scores and the frequencies of endorsement for each symptom in the entire sample and subgroups of ADHD.

[image: Table 2]

This pattern across respective subgroups, based on subtypes, gender or age groups, was similar generally. However, some minor anomalies deviated from the overall pattern were noted. For the hyperactive/impulsive domain, “Fidget” and “OnTheGo” were the most frequently endorsed items, except for the 12-years group in which “Talk” was the second most endorsed symptom. As predicted by developmental maturity, the endorsement of hyperactive symptoms declined with age.



Network structure of attention-deficit/hyperactivity disordersymptom network

By visual inspection, an overall three-factor-community structure was identified including inattentive, hyperactive and impulsive clusters. Yet, it was possible to differentiate the hyperactive and impulsive items to form two subgroups within one hyperactive/impulsive cluster. The symptom “Talk,” which bridged hyperactive and impulsive clusters, was more closely linked with impulsive symptoms, rather than hyperactive symptom – a pattern more aligned with ICD-10 conceptualization (which classifies “Talk” as an impulsive item) than DSM classification. Notably, the edge-connection between “Distracted” and “Fidget” represented a bridge linking inattentive and hyperactive/impulsive domains (Figure 1A).


[image: image]

FIGURE 1
(A) Symptom network of ADHD core symptoms. The blue edges indicate positive partial correlations and edges in red indicates negative partial correlations. Thicker lines represent stronger connections. The blue ring around each node represents its predictability values. (B) Centrality indices and Expected Influence of the symptom network in ADHD. Standardized z-scores of strengths, closeness, betweenness and expected influence for each node in the network were plotted.


For the centrality indices (Figure 1B), the nodes of “Distracted” in inattentive domain and “Fidget” in the hyperactive/impulsive domain showed the highest closeness and betweenness, suggesting that they are closely connected to the other nodes in the network, and also act as “bridges” between clusters. The “Run” and “Noisy” nodes in the hyperactive/impulsive domain showed relatively high strength in the network, and after taking in account the negative values of partial correlation coefficients, the nodes of “Run,” “Noisy,” and “Follow” showed high degrees of expected influence, indicating that these nodes exert strong influences on the other nodes in the network. The “Loss” symptom from the inattentive cluster was the least central node by all measures of centrality. The mean predictability value of all modes was 37.0%. Among them, the predictability value of “Listen” in the inattention cluster was the lowest (22.2%), which was consistent with its diffuse but weak links with other items as shown in Figure 1A. The highest predictability value was indicated for the “Run” item in the hyperactive/impulsive domain (56.6%), which might be mainly due to its strong connection with “Seat” and “Noisy” as shown in Figure 1A. No significant correlation was found between the mean rating scores and the network properties (r = 0.316, p = 0.201 for Betweenness; r = 0.282, p = 0.257 for Closeness; r = −0.204, p = 0.417 for Strength; r = −0.218, p = 0.386 for Expected Influence), indicating that the network parameters were more influenced by the rating level.



Communities of attention-deficit/hyperactivity disordersymptom network

By applying the walktrap algorithm, we quantitatively identified two communities, which was partly consistent with the theoretical factor models of 18 ADHD symptoms, where the 18 items were parcellated into (i) the “Inattentive” factor as one community and (ii) the merged “Hyperactive/Impulsive” factor as the second community (Figure 2A). However, this community detention method did not allow cross-loading, which meant that one item could only belong to one community in the network. Thus, we applied the Clique Percolation method to detect communities and the results showed three communities in the network, but the nodes in the inattentive domain separated and cohered in an unconventional manner. Notably, all nine “Hyperactive/Impulsive” items form its respective factor; but “Finish,” “Follow,” “Span,” and “Details” formed the second community, whilst “Loss,” “Forget,” and “Details” formed the third community. “Listen” and “Distracted” were not assigned to any community (Figure 2B). In other words, the inattentive nodes separated into two inattentive clusters, while “Listen” and “Distracted” were unassigned and “Details” was assigned to two communities.
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FIGURE 2
Communities detected by (A) Walktrap algorithm: The R packages “EGAnet” was used to detect communities in the network and two communities were identified. (B) Clique Percolation algorithm: K was set as three as the algorithm requires a minimum k of 3 and I was set as 0.15 to obtain the highest ratio threshold and a large χ threshold. The R package “Clique Percolation” was used.




Network structural invariance across “age,” “gender,” and “ADHD subtypes” groups

We compared the ADHD symptom networks between ADHD-I and ADHD-C subtypes to test the invariance of network structures, global strength and edge-weights. The results showed that ADHD-I and ADHD-C subtypes had similar symptom network structures (M = 0.09; p = 0.482). A nominally stronger global strength was found in ADHD-C than ADHD-I (7.63 vs. 7.22; S = 0.41, p = 0.011) (Figure 3). However, no significant difference in edge-weights was found after FDR correction. In other words, the networks were at large invariant across ADHD subtypes.
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FIGURE 3
The network structures in different subtypes. (A) network in ADHD-inattentive subtype (ADHD-I); (B) network in ADHD-combined subtype (ADHD-C); (C) centrality indices and Expected Influence of the symptom networks in ADHD-I and ADHD-C.


No significant differences were found across male and female groups, indicative of the invariance of network structure (M = 0.12, P = 0.137) or global strength (S = 0.31, p = 0.339) (Figure 4). To minimize the potential bias caused by gender imbalance in sample size, we further conducted network comparisons between females and subsamples of male participants (100 times resampling with 1,000 iterations). The results indicated that only 14 and 4 out of 100 times subsampling showed significant difference between males and females for the invariance of network structure and global strength, respectively. In other words, no significant difference was found between symptom networks of males and females.
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FIGURE 4
The network structures in males and females. (A) network in males with ADHD; (B) network in females with ADHD; (C) Centrality indices and Expected Influence of the symptom networks in males and females.


Network structure invariance across age groups was estimated for four age strata (age 6–7 stratum; 8–9 stratum; 10–11 stratum; and ≥12 stratum) within the whole sample (Figure 5). The results indicated comparable network structure across these four strata, and no significant differences were found in terms of the network structure invariance (p-values > 0.1) and global strength invariance (p-values > 0.5) when all permutations of pairing among four strata were compared. Our detailed analyses suggested that the ADHD symptom network structures are consistent across age spanning childhood to adolescent (6–16 years old in this sample).


[image: image]

FIGURE 5
The network structures in different age groups. The blue edges indicate positive partial correlations and edges in red indicates negative partial correlations. Thicker lines represent stronger connections.




Network stability

Stability analysis for each estimated network (whole sample, gender groups, ADHD subtypes, age groups) showed relatively narrow bootstrapped CIs, suggesting reliable edge-weights. All the CS-coefficients for strength [CS (cor = 0.7)] were larger than 0.5, which suggests that the centrality indices were quite stable. More details of the results on network stability can be found in the Supplementary material.




Discussion

There were three key findings in our study. Firstly, a three-factor-community structure was identified for 18-item ADHD core symptoms, including inattentive, hyperactive and impulsive domains. Interestingly, “Talk” showed strong links with impulsive symptoms, which is more in accordance with the designation in ICD-10. However, the community detected using the Clique Percolation method suggested two sub-clusters in inattentive domain, implicating potential novel substructure or a chance finding or an artifact arising from the Clique Percolation method. In our findings, “Finish,” “Follow,” “Span,” and “Details” formed the one inattentive community, whilst “Loss,” “Forget,” and “Details” formed a different inattentive community. “Listen” and “Distracted” were not assigned to any community. To our knowledge, no such inattentive substructure has been reported before. Secondly, the two most commonly endorsed symptoms, “Distracted” and “Fidget” (for inattentive and hyperactive/impulsive domains respectively), showed important bridge effects, which represented critical nodes for further evaluation. Thirdly, as hypothesized, the network structure was relatively invariant across ADHD subtypes, gender and age, indicating its robustness for generalization.

In this study, a three-factor-community structure was identified; however, the hyperactive/impulsive cluster could be also further parcellated in two respective subgroups. This is consistent with the two- or three- factor structure of ADHD yielded by exploratory and confirmatory factor analyses (30). Notably, within the hyperactive/impulsive cluster, “Talk” (classified as a hyperactive symptom by DSM systems) showed stronger links with impulsive symptoms, and not with hyperactive symptoms, which is more in accordance with the designation in ICD-10 (3, 31). Interestingly, when items were freed permitting to belong to more than one community, a totally novel structure of three communities were identified, with the conventional inattentive symptoms divided into three groups: “Finish,” “Follow,” “Span,” “Avoid,” and “Details” forming the first inattentive community; “Loss,” “Forget,” and “Details” forming the second; and “Listen” and “Distracted” not assigned to any community. The node “Details” was assigned to two communities. These are empirically derived findings, which are in line with previous findings yielded by different analytical approaches. As reported in previous factor analyses, both the “Distracted” and “Listen” were found to be high cross-loading items (6, 7). Our results are therefore in line with previous findings in the literature, especially the “Distracted” item playing the “bridge” role which links the inattention and hyperactivity/impulsivity domains as shown in this study.

The two clusters identified in inattentive domain with “Details” as overlap node, suggesting the potential heterogeneity in inattention dimension. For the sub-cluster containing “Loss,” “Forget,” and “Details” items, the “Loss” item showed the lowest centrality for strength, closeness, betweenness and EI, and the centrality indices of “Forget” were also not strong. We speculate that the nodes in this sub-cluster may occur in participants with higher levels of inattention.

For the frequency distribution of each item, we found “Details” as the most frequently endorsed symptom followed by “Distracted” in the attentive domain, while “Fidget” as the most frequently endorsed symptom followed by “OnTheGo” in the hyperactive/impulsive domain. The symptoms frequencies in our study indicated some differences from that reported by Silk et al. (5) (shown in Table 2). In the inattentive domain, they reported “Distracted” as the most frequently endorsed symptom followed by “Listen.” Strikingly, the highest ranked inattentive symptom in our sample was “Details” (92.7%, ranked 1st); in contrast, it was the lowest (61.6%, ranked 9th) in the study reported by Silk et al. (5). The “Listen” symptom (71.5%) was ranked 6th in our sample, which was much lower than that in Silk et al. (91.1%, ranked 2nd). For the hyperactive/impulsive domain, the difference seems were more extensive. The most frequently endorsed symptom reported by Silk et al. (5) was “Interrupt” (84.2%, ranked 1st) followed by “Fidget” (76%, ranked 2nd). In our findings, “Fidget” was also found to be common (77.2%, ranked 2nd); however, the “Interrupt” was with lower frequency (50.4%, ranked 6th). Other differences were noted for “Seat” (Ranked 9th in our study vs. Ranked 3rd in Silk et al.), “Noisy” (Ranked 3rd vs. Ranked 9th), “OnTheGo” (Ranked 2nd vs. Ranked 7th) and “Wait” (Ranked 8th vs. Ranked 4th) between these two studies.

These aforementioned differences of symptom endorsement might help to explain the discrepancy of network properties in some extent. For instance, “Distracted” showed strong correlation with “Fidget” representing the only one bridge between inattentive and hyperactive/impulsive domains, implicating potential critical roles of this symptom in spreading and maintaining its influences between the two domains. This finding supported for the previous finding that “Distracted” cross-loads to the hyperactive/impulsive factor (6). Moreover, the results indicated “Distracted” as the highest endorsed inattentive symptom in ADHD-HI subtype and “Fidget” as the highest endorsed hyperactive/impulsive symptom in ADHD-I subtype, which also support the bridge effects of these two items in some extent. “Distracted” and “Fidget” were both most frequent symptoms in inattentive and hyperactive/impulsive domains respectively in both our study (irrespective of ADHD of subtypes) and also that of Silk et al. (5). Strikingly, they were the least severe symptoms, suggesting that they were endorsed even at low inattentive or hyperactive/impulsive levels) (32). Evidence from analysis based on IRT also indicated that “Distracted” was the most informative parent- and teacher-rated ADHD symptom with relatively lower severity threshold (3, 8, 32). In addition, “Distracted” is one of the three DSM-5 items used for screening in the research gold-standard diagnostic instrument—“kiddie-schedule for affective disorders and schizophrenia-present and lifetime version” (K-SADS-PL) (33). Taken together, “Distracted” and “Fidget” symptoms appear to be the most central symptoms in ADHD psychopathology. These two symptoms may represent critical therapeutic targets - as an intervention, which target on any one symptom or their connection can effectively reduce the symptoms severity and/or their influences within the network, should augment treatment effect and promote functional recovery. We should note that, the item “Details,” with the highest frequency of endorsement in our sample, was not with high network properties, except for the relatively high Strength. In addition, it was also the item showing the most marked discrepancy in endorsement rate between our study (92.7%, ranked 1st) and that in Silk et al. (61.6%, ranked 9th). It would be very interesting to investigate such difference, which might arise from cross-cultural difference (34).

Our findings also identified some items with low centrality indices and/or expected influence. For inattentive symptoms, “Listen” showed diffuse but weak links with other symptoms in both inattentive and hyperactive/impulsive domains, and the lowest predictability value. In the community detected using the Clique Percolation method, the node “Listen” was not assigned to any community. In the existing literature, evidence from factor analyses has indicated a weaker mean factor loading of “Listen,” weaker than that of any other inattentive symptoms (6, 7). “Listen,” also showed high cross-loading with the hyperactive/impulsive factor (7). Silk et al. (5) found that “Listen” occupied a peripheral and isolated position in the identified network, a finding similar to ours—despite “Listen” being the most frequently endorsed inattentive symptoms. If such findings were further replicated, future revision of diagnostic criteria may consider replacing “Listen” with another more informative item. In addition, “Loss” from the inattentive cluster was the least central node by all measures of centrality in our study and with low predictability value. This finding markedly differs from those reported previously that “Loss” was the node with the highest betweenness centrality although this symptom appears to be in the periphery of the network as represented in network (5). However, a recent IRT analysis reported “Loss” as a “difficult item” (i.e., endorsed only in severe ADHD cases), which is therefore present only in those individual embodying higher level of ADHD latent traits (32). In other words, a higher level of inattention is required for “Loss” to manifest clinically, which corroborates our findings.

Our identified network was at large invariant across the subgroups of age, gender and ADHD subtypes. In addition, the endorsement of each item was also largely consistent across these groups. Martel et al. (13) reported that the network became more differentiated from preschool childhood to adulthood (age spanning from 3 to 36) in a population sample. In contrast, our present study found that the networks were comparable across different age groups in the clinical diagnosed ADHD sample of a narrower age range (6–16 years old). This indicated that the interconnectivities and interactions of symptom items in the ADHD symptom networks of our clinical sample were consistent over different developmental windows from childhood to adolescence (6–16 years old). However, we should note that Martel et al. did not conduct formal community analyses and did not compare the different communities in age groups. The age effects reported by them were based on visual inspection. Consistent with the evidence from the existing literature (17), the frequencies of symptom endorsement in our present study indicated some difference among age groups, which suggested that the clinical expression of each specific symptom in different developmental periods should be different. However, we have reflected further over these findings, and note that the symptom expression difference among age groups may not be equivalent to the variance of symptom network. For example, as indicated in Table 2, while all hyperactive/impulsive symptoms declined with age, “Fidget” remains the most frequently endorsed item. This just reflected the invariance and stability of symptom network, rather than invariance in symptom expression. Similar invariance of network structure has also been reported in previous studies (15). In fact, a recent IRT study indicated that the hierarchical structure of ADHD symptoms was invariant across age and gender (9), which also supported our present findings. It should be noted that we have combined the subjects with 12 years old and over for group comparisons due to the limited sample size from the statistical perspective. Puberty, as an important developmental period, may be with strong change in behaviors. However, based on the identified invariance across age, gender and ADHD subtype, we propose that even with more refined sub-grouping, the network structure should not change. As for adulthood, it should be explained with caution, since there are some controversies on the definition of adults with ADHD as persistent ADHD, adult-onset ADHD or late-diagnosed ADHD (35). Nevertheless an alternative explanation should be also mentioned that our present study consisted of a cross-sectional sample of different age cohorts; and it is not a longitudinal follow-up study in which the developmental trajectories of symptoms over age can be tracked. The age effect is therefore confounded with the cohort effect. Moreover, all the children with ADHD came to the clinics for intervention because of functional impairments. This means that they were roughly in the same disease stage or severity – due to referral bias (case ascertainment bias). Therefore, such bias may contribute toward network invariance. So referral bias and cohort effect may lead to such artifacts, which can only be overcome by studies of longitudinal design. For the subtype, we did not find significant difference in network structure between ADHD-I and ADHD-C. Although the ADHD-HI subtype was not included for analyses and group comparisons, we anticipated that its network structure should be also invariant. By the age increasing, the prevalence of ADHD-HI would significantly decline. The invariance across age groups found in our analyses may support our assumption of the invariant network in ADHD-HI. Definitely, further collection of cases with the diagnosis of ADHD-HI subtype/presentation would help us to elucidate this more precisely. Subtypes, gender and age groups have been suggested to be potential confounding factors in ADHD studies, which would increase the sample heterogeneity (36). The invariance of networks structure across subtypes, gender and age groups give us some hints that future investigation of the underlying pathophysiology of certain symptoms, such as the widespread symptoms and/or some important “bridge” symptoms, might be expected to reduce the above-mentioned heterogeneity.

Our present findings illustrated the potential network structure of ADHD symptoms based on the network theory of mental health – that challenges the current assumptions. The current conceptualizations of ADHD within DSM-5 and ICD-11 systems are bound by three assumptions: the first is equal-weight assumption, the second is latent common cause assumption and the third is interchangeability assumption. Emerging evidence suggests that all three assumptions may not hold. In addition to the previous results from both factor and IRT analyses, the network analyses also provide evidence against the equal-weight assumption (5). Importantly, the findings from network analysis including our present study also provided preliminary evidence against both the common cause and interchangeable assumptions. More specifically, network theory provides an alternative model to latent common cause model in conceptualizing psychopathogenesis; and postulates specific phases in the pathogenic process. In the asymptomatic phase, the network is dormant. In the activation phase, an external event activates the initial cluster of symptoms, which are then spread to activate other connected (but hitherto dormant) symptoms within the network. In the maintenance phase, the network becomes self-sustaining and self-perpetuating once fully activated; and the psychopathology become stuck in an active state in the network, despite the removal of the initial triggering external event; and characteristically, the removal of the initial trigger does not lead to recovery as the pathological network has now become autonomous (i.e., independent of the initial trigger) (10). Overall, the incremental spread across nodes within a network should be directional and causal. Although our present study of cross-sectional data could not address this dynamic process, future studies using longitudinal data from normal subjects, sub-threshold cases shading with ADHD cases may compute and map the temporal progression of networks over developmental windows, which could help to understand the dynamic changes and psychopathogenic process of ADHD.

Our present findings have some clinical implications. First, both DSM-5-TR and ICD-11 utilize the polythetic system for disease classification. In the current diagnostic criteria of ADHD, none of the 18 diagnostic criteria is designated as “essential” or ranked as “more essential” for diagnostic classification. Our findings suggest that not all the ADHD 18 items should be evaluated in equal weight. For example, “Distracted” and “Fidget” might need to be given higher weight than others, while inversely for “Listen” and/or “Loss.” Instead of summing all items together equally, exploration on whether some key symptoms or their connections might refine the phenotype to decrease the heterogeneity, such as the use of weighted symptoms counts as more informative phenotypes for the investigation of the neurobiological underpinnings of ADHD (5). A previous study using IRT analysis reported “Loss” as a “difficult item,” suggesting this item embodying greater “weight” in ADHD latent traits (32). IRT analyses, however, are predicated upon the latent trait assumption. In contrast, network theory of psychopathology posits that symptoms propagate within a network and activate other nodes; and the theoretical emphasis is therefore different. In the network analysis, the nodes of early activation and acting as bridges between clusters are potential key targets for early intervention, as deactivation of these nodes can prevent further propagation and downstream activation of disease network; and therefore they can be weighted as being critical in prevention. The notion of “weight” is therefore used differently to denote different kinds of significance between IRT (i.e., severe latent traits) and network analysis (i.e., critical early activation nodes). These weighted symptoms would be the important target for precise intervention (37), albeit “weight” can be used in different sense between these two different paradigms. Second, if replicated, our preliminary findings could also become relevant to intervention strategies targeting critical nodes within the networks. Target intervention of the central, or core, symptoms or their connections may promote greater efficiency of ADHD treatments, promoting symptomatic (and by inference functional) improvements. To our knowledge, applying network analysis to elucidate treatment effects has not been explored in the literature of ADHD, whereas some promoting evidence has been yielded in the study of other psychiatric disorders (38). Future studies can either re-analyze existing data of treatment studies or target new designs of treatment studies evaluating changing configurations of symptom networks during pre and post intervention windows. Third, the identification of these key symptoms in ADHD network might be also valuable for the etiological study, as the potential target variables for the exploration of the more precise neurobiological mechanisms. For example, we can just focus on the “Distracted” symptom and investigate its related brain alteration, cognitive impairment and the genetic background. Recently, some researchers have attempted to combine the symptomatic data with the neuropsychological (39) or genetic data (40) to construct the network. The brain imaging data could also be used for similar analyses. Another possible way is to explore the relationship between the identified core symptom severity and the structural and/or functional features of the hub brain regions. Finally, more work is needed to elucidate the network structures of ADHD symptoms, including introducing other features such as emotional domains and common comorbidities, as empirical elucidation and refinement of symptom structures may also advance the progress of ADHD nosology (41).

This study has several limitations. First, as mentioned above, our analyses were based on cross-sectional data. Therefore, we could not examine the dynamic changes of the network structure, and therefore could not explore the dynamic relationship between symptoms in the network overtime and development. Longitudinal data could help to illustrate the dynamic change of ADHD symptom network over developmental windows to avoid age cohort effects by using cross-sectional data of participants from different age groups, as in our study and other published studies. Second, we only included 18 items of ADHD symptoms in our analyses based on the current DSM-5 criteria. In addition to the inattentive, hyperactive and impulsive domains, other important features such as emotion dysregulation, internalizing and externalizing symptoms are potential informative candidates for inclusion in the future analyses, given emotion dysregulation symptoms have been proposed to be a core component of ADHD symptoms (42), or sentinel features demarcating ADHD “complex” and “simplex” subtypes (43). Third, certain comorbidities were not excluded in our present study, and the extents to which existing common comorbidities may influence the network patterns or vice versus were adjusted as covariates in our analyses. Future network analyses, however, may probe the direct causal structure within network of comorbidity patterns (12). Fourth, we did not include normal controls in our present study. According the dynamic model proposed by Borsboom (10), the network structure and/or properties are likely to be different between the neurotypical subjects and the clinical cases, which was verified in a recent study of social anxiety disorder (44). Indeed, the recruitment of normally developed controls in the future could help to explore whether the network structures detected in the clinical samples can be replicated in the general population, or the network properties are different and distinct in neurotypical subjects. Moreover, a large longitudinal follow-up of a general population would help to identify the naturalistic dynamic development of ADHD symptoms, ranging from neurotypical to sub-threshold cases, shading into those with a clinical diagnosis of ADHD; yet such a study would be very large and ambitious in both scale and cost, beyond those available in our current study. The observed dynamic features would promote the identification of the key symptoms for preventive and early intervention. Finally, we have used a large sample to construct the network, which could guarantee the stability and the accuracy. Further replication in an independent sample would help to validate our findings and promote the understanding of the network structure of ADHD symptoms.



Conclusion

Our present study utilized network analysis to identify novel symptom structures in children with ADHD. Our findings confirm the invariance of symptom networks across age, gender and ADHD subtypes, and suggest “Distracted” and “Fidget” to be the core symptoms for ADHD. The network-informed differentiation of ADHD symptoms highlights the potential to refine the phenotype and reduce heterogeneity in this clinical group.



Data availability statement

The raw data supporting the conclusions of this article will be made available by the authors, without undue reservation.



Ethics statement

The studies involving human participants were reviewed and approved by Peking University Sixth Hospital/Institute of Mental Health. Written informed consent to participate in this study was provided by the participants’ legal guardian/next of kin.



Author contributions

LL, YiW, QQ, and RC conceptualized the idea and designed the study. LL and HL organized the database. LL, YiW, WC, YG, and YuW analyzed and interpreted the findings and wrote up the drafts of the manuscript. RC and QQ interpreted the findings and commented the drafts critically. All authors contributed to manuscript revision, read and approved the submitted version.



Funding

This work was supported by the National Natural Science Foundation of China (81873802), the Capital Foundation of Medical Developments (CFMD: 2022-4114), the National Basic Research Program of China (973 program 2015CB856405 and 2014CB846104), the National Natural Science Foundation of China (81571340 and 81641163), and Beijing Natural Science Foundation (7172245).



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Publisher’s note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fpsyt.2022.974283/full#supplementary-material



Footnotes

1     https://CRAN.R-project.org/package=qgraph
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4     https://CRAN.R-project.org/package=NetworkComparisonTest

5     https://CRAN.R-project.org/package=bootnet



References

1. American Psychiatric Association. Diagnostic and statistical manual of mental disorders. 5th ed. Virginia: American Psychiatric Association (2013). doi: 10.1176/appi.books.9780890425596

2. World Health Organization. International classification of diseases for mortality and morbidity statistics (ICD-11 MMS). Geneva: World Health Organization (2022).

3. Arias VB, Esnaola I, Rodríguez-Medina J. Identifying potentially marker symptoms of attention-deficit/hyperactivity disorder. Peer J. (2018) 6:e4820. doi: 10.7717/peerj.4820

4. Garcia-Rosales A, Vitoratou S, Banaschewski T, Asherson P, Buitelaar J, Oades RD, et al. Are all the 18 DSM-IV and DSM-5 criteria equally useful for diagnosing ADHD and predicting comorbid conduct problems? Eur Child Adolesc Psychiatry. (2015) 24:1325–37. doi: 10.1007/s00787-015-0683-7

5. Silk TJ, Malpas CB, Beare R, Efron D, Anderson V, Hazell P, et al. A network analysis approach to ADHD symptoms: More than the sum of its parts. PLoS One. (2019) 14:e0211053. doi: 10.1371/journal.pone.0211053

6. Willcutt EG, Nigg JT, Pennington BF, Solanto MV, Rohde LA, Tannock R, et al. Validity of DSM-IV attention deficit/hyperactivity disorder symptom dimensions and subtypes. J Abnorm Psychol. (2012) 121:991–1010. doi: 10.1037/a0027347

7. Burns GL, Walsh JA, Servera M, Lorenzo-Seva U, Cardo E, Rodríguez-Fornells A. Construct validity of ADHD/ODD rating scales: recommendations for the evaluation of forthcoming DSM-V ADHD/ODD scales. J Abnorm Child Psychol. (2013) 41:15–26. doi: 10.1007/s10802-012-9660-5

8. Li JJ, Reise SP, Chronis-Tuscano A, Mikami AY, Lee SS. Item response theory analysis of ADHD symptoms in children with and without ADHD. Assessment. (2016) 23:655–71. doi: 10.1177/1073191115591595

9. Sturm A, McCracken JT, Cai L. Evaluating the Hierarchical Structure of ADHD symptoms and Invariance Across Age and Gender. Assessment. (2019) 26:508–23. doi: 10.1177/1073191117714559

10. Borsboom D. A network theory of mental disorders. World Psychiatry. (2017) 16:5–13. doi: 10.1002/wps.20375

11. Borsboom D, Cramer AO. Network analysis: an integrative approach to the structure of psychopathology. Annu Rev Clin Psychol. (2013) 9:91–121. doi: 10.1146/annurev-clinpsy-050212-185608

12. Fried EI, Cramer AOJ. Moving forward: challenges and directions for psychopathological network theory and methodology. Perspect Psychol Sci. (2017) 12:999–1020. doi: 10.1177/1745691617705892

13. Martel MM, Levinson CA, Langer JK, Nigg JT. A network analysis of developmental change in ADHD symptom structure from preschool to adulthood. Clin Psychol Sci. (2016) 4:988–1001. doi: 10.1177/2167702615618664

14. Preszler J, Burns GL. Network analysis of ADHD and ODD Symptoms: Novel insights or redundant findings with the latent variable model? J Abnorm Child Psychol. (2019) 47:1599–610. doi: 10.1007/s10802-019-00549-y

15. Goh PK, Martel MM, Barkley RA. Clarifying ADHD and sluggish cognitive tempo item relations with impairment: A network analysis. J Abnorm Child Psychol. (2020) 48:1047–61. doi: 10.1007/s10802-020-00655-2

16. Loyer Carbonneau M, Demers M, Bigras M, Guay MC. Meta-Analysis of sex differences in ADHD symptoms and associated cognitive deficits. J Atten Disord. (2021) 25:1640–56. doi: 10.1177/1087054720923736

17. Mick E, Faraone SV, Biederman J. Age-dependent expression of attention-deficit/hyperactivity disorder symptoms. Psychiatr Clin North Am. (2004) 27:215–24. doi: 10.1016/j.psc.2004.01.003

18. Barkley R. Attention-defificit hyperactivity disorder: A clinical workbook. 2nd ed. New York, NY: Guilford (1998).

19. American Psychiatric Association. Diagnostic and statistical manual of mental disorders. 4th ed. Virginia: American Psychiatric Association (1994).

20. Tibshirani R. Regression shrinkage and selection via the lasso. J R Stat Soc Ser B. (1996) 58:267–88. doi: 10.1111/j.2517-6161.1996.tb02080.x

21. Foygel R, Drton M. Extended bayesian information criteria for gaussian graphical models. arXiv[preprint]. (2010). arXiv:1011.6640.

22. Isvoranu AM, van Borkulo CD, Boyette LL, Wigman JT, Vinkers CH, Borsboom D. Group Investigators. A network approach to psychosis: pathways between childhood trauma and psychotic symptoms. Schizophr Bull. (2017) 43:187–96. doi: 10.1093/schbul/sbw055

23. Fruchterman TMJ, Reingold EM. Graph drawing by force–directed placement. Softw Pract Exp. (1991) 21:1129–64. doi: 10.1002/spe.4380211102

24. Epskamp S, Cramer AOJ, Waldorp LJ, Schmittmann VD, Borsboom D. Qgraph: network visualizations of relationships in psychometric data. J Stat Softw. (2012) 48:1–18. doi: 10.18637/jss.v048.i04

25. Robinaugh DJ, Millner AJ, McNally RJ. Identifying highly influential nodes in the complicated grief network. J Abnorm Psychol. (2016) 125:747–57. doi: 10.1037/abn0000181

26. Haslbeck JMB, Fried EI. How predictable are symptoms in psychopathological networks? A reanalysis of 18 published datasets. Psychol Med. (2017) 47:2767–76. doi: 10.1017/S0033291717001258

27. van Borkulo CD, van Bork R, Boschloo L, Kossakowski JJ, Tio P, Schoevers RA, et al. Comparing network structures on three aspects: A permutation test. Psychol Methods. (2022) 11. doi: 10.1037/met0000476 [Epub ahead of print].

28. Benjamini Y, Hochberg Y. Controlling the false discovery rate: A practical and powerful approach to multiple testing. J R Stat Soc Ser B. (1995) 57:289–300. doi: 10.1111/j.2517-6161.1995.tb02031.x

29. Epskamp S, Borsboom D, Fried EI. Estimating psychological networks and their accuracy: A tutorial paper. Behav Res Methods. (2018) 50:195–212. doi: 10.3758/s13428-017-0862-1

30. Gomez R, Liu L, Krueger R, Stavropoulos V, Downs J, Preece D, et al. Unraveling the optimum latent structure of attention-defificit/hyperactivity disorder: evidence supporting ICD and HiTOP Frameworks. Front Psychiatry. (2021) 12:666326. doi: 10.3389/fpsyt.2021.666326

31. Arildskov TW, Virring A, Lambek R, Carlsen AH, Sonuga-Barke EJ, Østergaard SD, et al. The factor structure of attention-deficit/hyperactivity disorder in schoolchildren. Res Dev Disabil. (2022) 125:104220. doi: 10.1016/j.ridd.2022.104220

32. Garcia-Rosales A, Vitoratou S, Faraone SV, Rudaizky D, Banaschewski T, Asherson P, et al. Differential utility of teacher and parent-teacher combined information in the assessment of Attention Deficit/Hyperactivity Disorder symptoms. Eur Child Adolesc Psychiatry. (2021) 31:143–53. doi: 10.1007/s00787-020-01509-4

33. Rucklidge J. How good are the ADHD screening items of the K-SADS-PL at identifying adolescents with and without ADHD? J Attent Disord. (2008) 11:423–4. doi: 10.1177/1087054707310898

34. Thomas R, Sanders S, Doust J, Beller E, Glasziou P. Prevalence of attention-deficit/hyperactivity disorder: a systematic review and meta-analysis. Pediatrics. (2015) 135:e994–1001. doi: 10.1542/peds.2014-3482

35. Rajagopal VM, Duan J, Vilar-Ribó L, Grove J, Zayats T, Ramos-Quiroga JA, et al. Differences in the genetic architecture of common and rare variants in childhood, persistent and late-diagnosed attention-deficit hyperactivity disorder. Nat Genet. (2022) 54:1117–24. doi: 10.1038/s41588-022-01143-7

36. Faraone SV, Mick E. Molecular genetics of attention deficit hyperactivity disorder. Psychiatr Clin North Am. (2010) 33:159–80. doi: 10.1016/j.psc.2009.12.004

37. Levinson CA, Vanzhula I, Brosof LC. Longitudinal and personalized networks of eating disorder cognitions and behaviors: targets for precision intervention a proof of concept study. Int J Eating Disord. (2018) 51:1233–43. doi: 10.1002/eat.22952

38. Berlim MT, Richard-Devantoy S, Santos N, Turecki G. The network structure of core depressive symptom-domains in major depressive disorder following antidepressant treatment: A randomized clinical trial. Psychol Med. (2020) 51:2399–413. doi: 10.1017/S0033291720001002

39. Karalunas SL, Antovich D, Goh PK, Martel MM, Tipsord J, Nousen EK, et al. Longitudinal network model of the co-development of temperament, executive functioning, and psychopathology symptoms in youth with and without ADHD. Dev Psychopathol. (2021) 33:1803–20. doi: 10.1017/S0954579421000900

40. Kappelman MD, Weaver KN, Boccieri M, Firestine A, Zhang X, Long MD. PREVENT-COVID Study Group. Humoral Immune Response to Messenger RNA COVID-19 Vaccines Among Patients With Inflammatory Bowel Disease. Gastroenterology. (2021) 161:1340–3. doi: 10.1053/j.gastro.2021.06.016

41. Nigg JT, Karalunas SL, Feczko E, Fair DA. Toward a Revised Nosology for Attention-Deficit/Hyperactivity Disorder Heterogeneity. Biol Psychiatry Cogn Neurosci Neuroimaging. (2020) 5:726–37. doi: 10.1016/j.bpsc.2020.02.005

42. Karalunas SL, Nigg JT. Heterogeneity and subtyping in attention-deficit/hyperactivity disorder-considerations for emerging research using person-centered computational approaches. Biol Psychiatry. (2020) 88:103–10. doi: 10.1016/j.biopsych.2019.11.002

43. Yue X, Liu L, Chen W, Preece DA, Liu Q, Li H, et al. Affective-cognitive-behavioral heterogeneity of Attention-Deficit/Hyperactivity Disorder (ADHD): Emotional dysregulation as a sentinel symptom differentiating “ADHD-simplex” and “ADHD-complex” syndromes? J Affect Disord. (2022) 307:133–41. doi: 10.1016/j.jad.2022.03.065

44. Heeren A, Mcnally RJ. Social anxiety disorder as a densely interconnected network of fear and avoidance for social situations. Cogn Ther Res. (2018) 42:103–13. doi: 10.1007/s10608-017-9876-3



OPS/images/fpsyt-13-974283-t002.jpg
Items Rating score  Total (%)  Rank Ranks in Subtypes (%) Gender (%) Age-groups (%)
(Mean & SD) (n=4,033) Silk et al. (5)

ADHD-I ADHD-HI ADHD-C Males Females 6-7years 8-9year 10-11year >12year
(n=1,876) (n=167) (n=1,627) (n=3,355) (n=678) (n=1,136) (n=1,264) (n=642) (n=907)

Inattentive

Details 229 £0.60 2.7 1 9 (closeatt 94.3*% 74.3 93.4 92.6* 93.5* 87.9 93.8* 95.0* 96.3*
Span 215 +£0.67 86.6 3 4 (susatt) 87.0 67.1 88.8 85.8 90.1 86.2 86.5 875 86.2
Listen 1.86 £0.73 71.5 6 2 (listen 69.2 58.7 76.7 711 73.0 75.8 729 69.3 66.8
Follow 2104072 832 5 3 (instruct) 84.9 55.1 852 83.8 80.7 81.1 84.1 843 84.2
Finish 1.67 £0.82 61.8 8 6 (org) 60.9 359 66.9 62.0 60.5 65.6 61.3 62.5 57.6
Avoid 2214076 853 4 5 (avoid) 875 50.3 873 85.4 84.8 81.1 86.1 86.4 88.8
Loss 1.79 £0.79 64.5 7 7 (loses) 65.1 293 68.0 64.3 65.3 64.1 65.0 64.3 64.8
Distracted 2.30 £0.64 92.3 2 1 (distract) 91.5 86.8* 94.6* 92.2 93.2 92.8* 93.4 921 91.2
Forget 1.69 £0.77 60.3 9 8 (forget) 61.1 24.6 64.2 60.6 58.8 583 58.6 63.1 63.8
Hyperactive

Fidget 2.04£0.87 7.2 1 2 (fidget) 65.2*% 91.0* 90.2* 78.8* 69.6*% 86.3% 80.3* 74.1* 65.5*%
Seat 112 £093 336 9 3 (seat) 17.9 49.1 50.8 352 255 44.8 335 259 25.4
Run 1.24 £0.95 40.8 7 5 (runs) 211 623 61.2 43.1 29.6 337 41.8 291 326
Noisy 1.54 £0.90 56.2 3 9 (quiet 35.6 79.6 77.4 57.8 482 68.1 593 49.4 432
OnTheGo 1.75 £ 1.00 65.4 2 7 (motor, 47.8 89.2 82.9 66.5 60.2 77.8 69.9 61.1 48.7
Impulsive

Talk 1.60 £0.97 56.1 4 6 (talks) 383 754 73.6 56.7 532 61.7 553 56.1 50.9
Blurt 1.53 £0.93 53.0 5 8 (blurts) 35.4 68.9 7.5 542 471 59.4 533 525 45.8
Wait 1.19 £0.94 37.3 8 4 (turn) 195 539 559 39.1 283 435 36.1 36.3 31.8
Interrupt 1.46 £0.90 50.4 6 1 (interrupt 30.2 76.6 71.0 52.0 420 60.0 50.4 46.1 429

The items in bold indicated the top two frequent symptoms in inattentive and hyperactive/impulsive domains, while the * indicated the highest item. The underlined items indicated the symptoms with obvious different frequency between our study and
that in Silk et al. (5).





OPS/images/fpsyt-13-974283-t001.jpg
ADHD (N = 4,033)

Gender (1,%)

Males 3,355 (83.2)
Females 678 (16.8)
Age in Month (Mean = SD) 1184+ 31.2
FSIQ (Mean =+ SD) 103+ 15
DSM-1V subtypes (n,%)

ADHD-I 1,876 (46.5)
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ADHD, attention-deficit/hyperactivity disorder; FSIQ, full-scaled intelligence quotient;
SD, standard deviation; DSM-IV, Diagnostic and Statistical Manual of Mental Disorders
4th edition; ADHD-I, ADHD inattentive type; ADHD-HI, ADHD hyperactive-impulsive
type; ADHD-C, ADHD combined type; ODD, oppositional defiant disorder; CD,
conduct disorder; Mood disorder includes major depression disorder, dysthymic disorder
and bipolar disorder; Anxiety disorder includes specific phobia, social phobia, obsessive-
compulsive disorder, generalized anxiety disorder and separation anxiety disorder.
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