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Abstract: Attention Deficit/Hyperactivity Disorder (ADHD) is a neurodevelopmental disorder 
that affects attention and behavioral control, characterized by constant presence of inattention and 
hyperactivity. This article describes a study that used a database with results from tests of voluntary 
and automatic attentional orientation activity in a complex network of ADHD patients, in order 
to understand the characteristics of the elements and attentional variability of patients. Centrality 
metrics and the Louvain method were applied to obtain the network communities. The most 
important elements of the network were identified and differences in reaction times of the activities 
were observed in the identified communities. The study provides useful information to understand 
of deficit hyperactivity disorder spectrum in patients with ADHD.
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deficit hyperactivity disorder spectrum 11

1. Introduction 12

Attention-Deficit/Hyperactivity Disorder (ADHD) is a complex neurodevelopmental 13

disorder characterized by chronic patterns of inattention and/or hyperactivity-impulsivity, 14

which can significantly impede a child’s social, personal, and cognitive functioning, as 15

well as their overall development [7]. To warrant a diagnosis of ADHD, it is crucial that 16

symptoms are observable across multiple environments, indicating a consistent presence of 17

ADHD-related behaviors in various contexts. Inattention symptoms encompass persistent 18

difficulties in task engagement, lack of sustained focus, challenges with organization, and 19

diminished responsiveness when addressed by others. On the other hand, hyperactivity 20

is manifested through excessive and inappropriate motor activity, an inability to engage 21

in leisure activities calmly, and difficulties with turn-taking during conversations. In 22

adulthood, the presentation of ADHD symptoms may differ, characterized by a sense 23

of inner restlessness and racing thoughts. Although ADHD predominantly emerges in 24

childhood, it often persists into adulthood, affecting approximately 5% of children and 25

2.5% of adults [7]. 26

ADHD exhibits a range of manifestations and is influenced by multiple factors, lacking 27

a specific biological marker for definitive diagnosis. Consequently, the diagnostic process 28

for ADHD entails a comprehensive and meticulous evaluation of the patient’s condition 29

[11]. In order to attain a comprehensive understanding of ADHD, it is imperative to 30

delve into the intricate nuances of attention development across its diverse presentations 31

and discern how deficits in this process contribute to the attention-related difficulties 32

associated with ADHD [12]. Thus, inattention assumes a central role in the assessment of 33

ADHD symptoms, impairing the individual’s task performance and precipitating impulsive 34

behaviors [7,13,14]. Researchers investigating ADHD ought to consider these factors as 35

they conduct their empirical investigations. 36
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However, it is crucial to acknowledge that there exists considerable variability in the 37

level of attention among patients diagnosed with attention deficit hyperactivity disorder 38

(ADHD), rendering a uniform treatment approach less than ideal (Araujo, 2009; Mirella). 39

Consequently, it becomes imperative to employ computational techniques to discern the 40

distinctive characteristics of these variations and identify specific patient subgroups. 41

Among the potential methodologies, Complex Networks, with a particular focus on 42

community detection, offer a promising avenue for exploring the nuances of attention 43

variations [1–3,15]. This article proposes as objective an approach centered on the detection 44

of community networks within cohorts of individuals diagnosed with ADHD. Within 45

each identified community, an exhaustive analysis of individual patient attributes will 46

be undertaken to gain a comprehensive understanding of the degree to which a given 47

community demonstrates either milder or more severe symptom profiles. This, in turn, 48

facilitates the establishment of an ADHD spectrum, encompassing the diverse symptomatic 49

manifestations. 50

To accomplish this objective, the application of centrality measures is paramount, as 51

they enable the identification of patients exerting the most significant influence within the 52

network structure, thereby illuminating the attention variations exhibited by individuals 53

diagnosed with ADHD. 54

In addition to the introduction that presents the context and objective of the work, the 55

article is organized in: Section 2, a review of the works related to the theme of this article is 56

presented; Section 3 brings specific information about the data used in the study and we 57

present the methodology adopted for the analysis of the collected data; the results found 58

are detailed in Section 4; finally, in Section 5, it is presented the conclusion and future work. 59

2. Related Works 60

The detection of communities in complex networks is a widely employed technique 61

across various domains, serving to tackle diverse problems, such as discerning interest 62

groups in social networks or uncovering clusters within health data. Given its promising 63

versatility, numerous studies have focused on enhancing and implementing community 64

detection algorithms for complex networks. In a study conducted by [22], a complex 65

network was utilized to identify influential entities via centrality measures. To accomplish 66

this, the Louvain algorithm [10] was employed, successfully identifying over 4 communities 67

associated with the accusations arising from the Lava Jato operation conducted by the 68

Brazilian Federal Police. Similarly, in the work carried out by [21] on the same subject, a 69

complex network incorporating textual data from Twitter and YouTube was employed. The 70

author employed the Louvain algorithm to detect communities. 71

In the area of health, particularly within the field of psychology, researchers have 72

increasingly turned to the use of complex networks to gain insights into various psy- 73

chopathologies. A notable study conducted by [30] sheds light on the application of 74

complex networks in psychological research, particularly in the study of mental disorders. 75

The study elucidates the fundamental concepts of networks, which consist of intercon- 76

nected nodes (such as symptoms) connected by edges that signify associations between 77

these nodes. Furthermore, the study highlights the application of statistical procedures for 78

analyzing network structures. It also explores several visualization methods for networks, 79

including multidimensional scaling, principal component plotting, and self-model net- 80

works. The author emphasizes the growing importance of understanding the intricacies of 81

network analysis within psychology. Additionally, the article acknowledges the successful 82

application of network analysis in studying personality and attitudes and suggests its 83

potential for analyzing other psychological constructs in future research. 84

The study conducted by Mendes [20] introduces a sophisticated network methodology 85

for automated classification of CT images displaying patterns of Interstitial Lung Disease 86

(ILD). This study is specifically aimed at researchers in the field who are interested in 87

utilizing advanced techniques for image analysis and classification. The authors transform 88

the CT images into complex networks and apply the Closeness centrality measure to extract 89
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information from the image texture. They generate histograms for each network, which 90

are then concatenated to form a vector of texture attributes. The data is further sorted 91

using the K nearest neighbors algorithm. This research provides valuable insights into 92

the application of complex network methods for image classification, particularly in the 93

context of Interstitial Lung Disease. 94

In a separate study by Sato [31], functional magnetic resonance imaging (fMRI) data 95

is utilized to examine brain connectivity networks in individuals with Autism Spectrum 96

Disorders (ASD) compared to healthy controls. This study targets researchers in the field 97

of neuroimaging and autism research. The study employs graph analysis to investigate 98

the modular organization of brain networks in individuals with ASD. The findings reveal 99

differences in graph centrality and entropy measures between ASD patients and healthy 100

subjects in various networks, including the default mode, frontoparietal, somatomotor, and 101

cerebellar networks. These results contribute to understanding of brain connectivity in 102

ASD and provide insights into the specific brain networks associated with different aspects 103

of the disorder. The study highlights the potential of utilizing graph analysis techniques to 104

uncover biomarkers and develop diagnostic and therapeutic interventions for ASD. 105

Both studies provide valuable contributions to their respective fields and are targeted 106

towards researchers who are interested in advancing knowledge and exploring innovative 107

approaches within their areas of expertise. 108

The related works have demonstrated the practicality and efficacy of community 109

detection in complex networks across diverse scenarios, ranging from analyzing textual 110

data to identifying diseases in computed tomography images. Detecting communities 111

in complex networks holds significant potential as a valuable tool in numerous fields, 112

particularly in situations that require identifying and understanding groups or clusters, as 113

is the case of this paper. 114

3. Materials and Methods 115

This study involved a survey conducted to collect information on the performance of 116

60 children in a computerized test. The children were divided into two groups: one with 117

ADHD and another control group. The ADHD group comprised 30 children (8 girls and 22 118

boys), aged 6 to 12, who had been diagnosed with ADHD. The control group consisted of 119

30 children (8 girls and 22 boys), aged 6 to 11, who exhibited no signs of ADHD or any other 120

neurodevelopmental disorder. The test was specifically designed to measure voluntary 121

and automatic attentional orientation, based on the reaction time between target indication 122

and pressing the space bar on the keyboard, with time being measured in milliseconds. 123

The purpose of collecting these data was to investigate potential differences in attentional 124

performance between the two groups of children. 125

For the voluntary orientation task, participants were instructed to focus on a central 126

fixation point displayed on a computer screen. Two boxes were positioned on the right and 127

left sides of the screen. Following a randomly determined time interval (ranging from 800 128

to 1800 ms), an arrow pointing either left or right appeared adjacent to the fixation point. 129

Subsequently, after a specific duration (300 to 800 ms), a target appeared within one of the 130

two boxes and persisted until the participant pressed the spacebar on a keyboard or until 131

1500 ms elapsed. The target could manifest in the position indicated by the arrow, referred 132

to as the valid condition (70% of presentations), or in the opposite position indicated by the 133

arrow, known as the invalid condition (30% of presentations). Participants were explicitly 134

instructed to maintain their focus on the fixation point and swiftly direct their attention to 135

the arrow-indicated position, responding as quickly as possible, irrespective of the target’s 136

actual location. 137

In the automatic orientation task, a central fixation point is presented on the screen 138

along with two boxes positioned on the left and right sides. Following a 700 ms delay, one 139

of the boxes is illuminated with a 50% probability. After a subsequent interval ranging 140

from 100 ms to 800 ms, a target (in the form of an illuminated square) is displayed within 141

one of the two boxes. The target remains visible until the participant initiates a response 142
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by pressing the space bar on the keyboard or until a maximum time limit of 1500 ms is 143

reached. In the ipsilateral condition, the target is presented in the same spatial position 144

as the initial stimulus, while in the contralateral condition, it is presented in the opposite 145

position. Participants are instructed to maintain fixation on the central point, disregard the 146

first stimulus, and provide a rapid response to the target, regardless of its specific location. 147

Based on the test results of the aforementioned activities, a dataset comprising eight 148

attributes has been generated. These attributes are as follows. AutomContra100 is a 149

millisecond-based indicator utilized to assess the processing speed of attention during an 150

automatic orientation task. It measures the time it takes for the space bar to activate from 151

the moment the target appears at the fixation point, within a 100 ms interval, specifically 152

in the contralateral condition. AutomContra800 is a metric that quantifies reaction time 153

in automatic attention guidance tasks, specifically measuring the duration between target 154

display at the fixation point and participant activation of the space bar within an 800 ms 155

interval in the contralateral condition. AutomIpso100 accurately measures attention pro- 156

cessing speed in automatic orientation tasks, providing precise timing in milliseconds. It 157

evaluates the duration from the target’s display at the fixation point to the activation of the 158

space bar within a 100 ms interval, specifically in the ipsilateral condition.AutomIpso800 159

measures the reaction time in automatic attention guidance tasks, specifically focusing 160

on the ipsilateral condition within a precise 800 ms timeframe, providing results in mil- 161

liseconds. VoluntInvalida300 is a precise metric employed in research studies to evaluate 162

reaction time during a voluntary attention-guiding task. It quantifies the duration between 163

the target being presented at the fixation point and the subsequent pressing of the space 164

bar, specifically within a 300ms interval when the target is incorrectly indicated on the 165

opposing side. VoluntInvalida800 is a metric used to evaluate reaction time in voluntary 166

attention-guiding tasks. It represents the time elapsed from the presentation of the target at 167

the fixation point until the activation of the spacebar, specifically within an 800 ms window 168

after the target is indicated on the incorrect side. Voluntvalida300 is a metric, expressed in 169

milliseconds, employed for evaluating reaction time within a voluntary attention guidance 170

task. It quantifies the duration from when the target appears at the fixation point until the 171

spacebar is pressed, specifically within a 300 ms window following the target’s indication 172

on the relevant side. VoluntValida800 is a performance metric expressed in milliseconds 173

(ms) that quantifies the duration between the display of the target on the fixation point 174

during a voluntary attention orientation task and the subsequent pressing of the spacebar 175

by the user. It specifically captures the reaction time within an 800 ms timeframe, starting 176

from the indication of the target to its presentation on the designated side. 177

Therefore, within the scope of this research, every child will be evaluated based on 178

these eight attributes. The primary objective of this study is to identify distinct ranges of 179

values that can delineate various manifestations of ADHD, ultimately contributing to the 180

characterization of a comprehensive attention spectrum. 181

3.1. Proposed Work 182

This subsection provides a detailed presentation of the procedures and strategies 183

employed to achieve the objective proposed in this study. The general methodology, 184

based on validated scientific assumptions and methods found in the literature, is visually 185

represented in a simplified form in Figure 1. The process includes various steps such 186

as data collection, analysis, and interpretation, each of which will be described in depth. 187

Additionally, the techniques and tools utilized will be discussed. Data collection and 188

pre-processing tasks are performed using the R language, while Python is employed for 189

graph analysis. The graph analysis step specifically utilizes the Gephi tool 1. 190

It is important to emphasize that, in accordance with the objectives of this research 191

proposal, our analysis will solely focus on the dataset of children diagnosed with ADHD. 192

1 https://gephi.org/

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 16 June 2023                   doi:10.20944/preprints202306.1211.v1

https://doi.org/10.20944/preprints202306.1211.v1


5

This deliberate approach aims to contribute to the overall understanding of the subject 193

matter by exploring a spectrum within this specific group. 194

Figure 1. Flow Diagram of the Methodology Used in Research on Complex Networks of Attention
Orientation Tests.

The process (refer to Figure 1) begins by organizing the dataset in a manner where 195

children, identified solely by their attributes, are arranged in rows, and each column 196

represents one of the eight attributes. This arrangement generates a collection of 30 objects, 197

each having eight attributes. 198

The initial step in processing the dataset involves normalizing the attributes using the 199

z-score method [29]. This is a common practice in data analysis, particularly in psychology 200

research, where the goal is to standardize attributes across various scales based on standard 201

deviation units [28]. To accomplish this, we utilized the scale() function, which is a built-in 202

component of the R programming language’s standard library. 203

The second procedure involves analyzing the similarity among the children them- 204

selves. To accomplish this, a matrix is generated wherein each child is compared to the 205

entire dataset, resulting in a 30 × 30 similarity matrix for each group (ADHD and control). 206

Each element of the matrix represents the similarity calculated using the Euclidean distance, 207

which can be computed in R using the ’dist()’ function. Since the objective of this process 208

is to create a graph where each child is a vertex and the edge represents the distance, it is 209

desired to express the similarity inversely in graphs, meaning that stronger relationships 210

are indicated by smaller values. Therefore, the following operation on the similarity matrix 211

becomes necessary: 212

rel =
1

dist(x, y)
(1)

where rel is the relationship between any two children x and y of the dataset. 213

The data from the similarity matrix is exported to the desired Gephi format for research 214

purposes using the function "gephi_write_edges_from_df()" from the Gephi library in the R 215

language [26]. The resulting file includes essential information on the connection strength 216

between the nodes, represented by the weights. 217

By importing the adjacency matrix into Gephi, researchers can effectively manipulate 218

and explore the network, visualize and spatialize it, apply filters, and export the results 219

[26] for further analysis. However, initial visualizations might appear chaotic and lack 220

meaningful insights. To address this, the graph distribution algorithm called Force Atlas 2 221

[6] was employed. This algorithm employs a physical simulation approach, simulating the 222

behavior of charged particles that repel each other like nodes, while edges act as attractive 223

springs. The outcome is a visually enhanced and comprehensible graphical representation 224

of the network. 225

After modeling the graph, we apply centrality measures such as intermediation, 226

degree, and proximity, followed by the application of modularity to effectively detect 227

communities. 228
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The degree centrality measure determines the significance of a node based on the 229

number of direct connections it has with other nodes in the graph [27]. It is represented 230

mathematically by the following equation: 231

CG(v) =
d(v)
n − 1

where CG(v) is the degree centrality of vertex v, d(v) is the degree of vertex v, and n is the 232

number total number of vertices in the graph [17]. 233

Betweenness centrality, also referred to as flow centrality, is a measure that relies on 234

the transmission of information through nodes. Its calculation assumes that information 235

always traverses the shortest paths. By quantifying the frequency with which a vertex acts 236

as a bridge along the shortest path connecting two other vertices, the betweenness measure 237

provides valuable insights into network dynamics [16]. 238

To determine the betweenness centrality of a vertex vk in a graph G with n vertices, one 239

must aggregate the individual partial betweenness scores of vk within G. This cumulative 240

value is represented as CB(vk), which quantifies the betweenness centrality of vk within the 241

graph G, and can be computed using the following formula: 242

CB(vk) = ∑
s ̸=vk ̸=t

σst(vk)

σst

where CB(vk) is the betweenness centrality of vertex vk, σst is the number of shortest paths 243

between vertices s and t, and σst(vk) is the number of shortest paths between s and t that 244

pass through vertex vk. 245

Proximity centrality, as defined by Freeman [27], measures the closeness between two 246

vertices in a graph. Specifically, for a vertex vk in a graph G, its proximity centrality is 247

determined by calculating the reciprocal of the sum of the shortest distances from vk to all 248

other vertices within G. 249

CP(v) =
1

∑u ̸=v d(u, v)

where CP(v) is the proximity centrality of vertex v and d(u, v) is the distance between 250

vertices u and v. 251

After computing the centrality measures, we employ the modularity algorithm to 252

assess the connectivity of graph partitions based on their configuration (degree, betweeness, 253

betweenness) [9]. This algorithm facilitates the identification of communities [15]. For 254

community detection, we utilize Gephi’s implementation of the Louvain method [10], a 255

heuristic algorithm that relies on modularity. The Louvain method automatically identi- 256

fies communities characterized by vertices with stronger interactions among themselves 257

compared to vertices outside the community. 258

The Louvain algorithm (Algorithm 1) is an iterative method that enhances the overall 259

modularity of a graph [10]. By maximizing the internal structure and minimizing connec- 260

tions between communities, it produces a final modularity value that signifies the division 261

of the graph into distinct communities. This algorithm efficiently detects communities 262

in graphs by optimizing graph modularity through iterative vertex movements between 263

communities. Its ability to identify high-quality communities in large graphs makes it an 264

invaluable tool for analyzing complex networks across diverse fields of research. 265

4. Experimental Results 266

In the current study, we generated a network consisting of 30 elements that represent 267

positive cases of ADHD, as mentioned earlier. Figure ?? visually presents this network. 268

It is essential to note that the colors used in the figure are purely illustrative and hold no 269

significance beyond the analyses conducted in each experimental procedure. 270

The degree centrality measure was applied to the network of patients with ADHD, 271

depicted in Figure 3, it was discovered that 80% of the nodes in the network are connected 272
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Algorithm 1 Louvain Algorithm

1: Initialize each vertex as a separate community
2: repeat
3: repeat
4: for each vertex v do
5: Calculate the modularity gain ∆Q by moving v to each neighboring commu-

nity C
6: Set Cmax as the community that maximizes ∆Q
7: Update the community of v to Cmax and store the corresponding ∆Q
8: until no further improvements in modularity
9: Merge communities with the same labels

10: Reassign new labels to the merged communities
11: until no further improvements in modularity

Figure 2. Network with elements (patients) with ADHD.

to all other 29 nodes. Conversely, the remaining 20% of nodes, specifically nodes 6, 14, 273

15, 19, 25, and 29, are only connected to 28 nodes, as shown in Figure 3. The substantial 274

interconnectivity observed among the 80% of network nodes suggests a propensity for 275

extensive social interactions or a greater dissemination of information within this group. 276

Moreover, this connectivity also implies that patients who connect to the network share 277

similar characteristics in terms of voluntary and automatic attention activities. 278

However, it is noteworthy that the subgroup of ADHD patients exhibiting a slightly 279

lower degree of connections indicates a reduced level of interconnectedness within this 280

specific group. This finding may imply a diminished inclination towards intense social 281

interactions or a limited spread of information. It is crucial to highlight that these conclu- 282

sions are drawn from the degree centrality measure, offering valuable insights into the 283

network structure and dynamics of connections among the analyzed ADHD patients, thus 284

enhancing our understanding in this area of research. 285

In relation to the measurement of betweenness in the network, an intriguing observa- 286

tion was made: 80% of the nodes with the highest degree exhibited a frequency of 0.10 in 287

terms of their appearance on the shortest paths between the graph’s vertices. In contrast, 288

the remaining 20% (nodes 6, 14, 15, 19, 25, and 29) displayed a rate of 0.07. This notable 289

difference highlights the crucial role played by nodes identified through the betweenness 290

measure in facilitating the flow of information within the network. 291

In addition, the proximity measure assigns equal importance to nodes based on their 292

degree and intermediation measures. These nodes exhibit the shortest distances between 293
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graph vertices compared to the remaining 20% of nodes, indicating their higher proximity 294

and potential significance for overall network connectivity. 295

These findings emphasize the relevance of nodes with high intermediation and prox- 296

imity in shaping the network’s structure and dynamics. They play a crucial role in efficient 297

information transfer and maintaining connectivity between graph vertices. 298

Consequently, the analysis reveals the presence of a distinct community within the 299

network. By employing the modularity algorithm, two clearly separate communities were 300

identified in the graph. 301

In this study, the discovered communities are defined as follows: The communities 302

identified as the ADHD group are classified into Moderate and Severe groups, as shown 303

in figure 4. The classification is based on an analysis of the attributes that constitute the 304

dataset, representing each node. 305

The results of the exploratory analysis revealed that the Moderate ADHD group 306

exhibited significantly lower reaction times on both automatic and voluntary attention- 307

oriented tasks compared to the Severe ADHD group. Conversely, the Severe ADHD group 308

demonstrated prolonged attention processing time across all tested activities. 309

Figure 3. Centrality Results.

Figure 4. Discovered Communities.

The discovered communities within the network are subjected to an exploratory anal- 310

ysis, focusing on the attributes of each subset, specifically children. The analysis outcomes 311

are visually presented in the histograms depicted in Figure 5. These results can be utilized 312
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by specialists to establish attribute ranges for different diagnostic categories (moderate or 313

severe). It should be noted that instances of overlapping values exist, indicating areas of 314

uncertainty. To facilitate comprehension, Table 1 provides a comprehensive overview of 315

the value ranges, with minimum and maximum limits clearly defined. 316

The obtained findings indicate that there are behavioral distinctions in attention pro- 317

cessing capacity between the Moderate ADHD and Severe ADHD groups. Such insights 318

carry significant implications for comprehending individual variations in cognitive per- 319

formance and contribute to the advancement of personalized treatment approaches for 320

patients diagnosed with Attention Deficit Hyperactivity Disorder (ADHD). 321

Table 1. Minimum and maximum values of the attributes of the identified communities: a compara-
tive analysis. Metrics expressed in milliseconds.

Atributo TDAH Moderado TDAH Severo

AutomContra100 272 - 807 615 - 915,50
AutomContra800 220 - 529,80 445,50 - 927,50
AutomIpsoa100 343,50 - 622,95 545,25 - 910
AutomIpso800 224,50 - 494,15 404 - 717,70

VoluntInvalida300 287,50 - 630,50 509 - 1192
VoluntInvalida800 255,50 - 653 471 - 1226

Volunvalida300 270 - 495,50 457 - 857,50
VoluntValida800 232 - 456,50 384,50 - 757

5. Conclusion and Future Work 322

The article presented a proposal to identify variations in values resulting from tests 323

in ADHD patients by utilizing community detection in complex networks. The aim of 324

the study was to explore the possibility of defining profiles of different attentional impair- 325

ments, which could contribute to characterizing the ADHD spectrum. To achieve this, a 326

methodology was introduced where the tests represented the children (individuals), and 327

their relationships were revealed through a similarity matrix. The matrix was structured to 328

enable the exploration of a complex network using Gephi. 329

The findings indicated that 80% of the vertices exhibited similar betweenness rate 330

and proximity values. Moreover, employing the modularity algorithm, two distinct com- 331

munities were identified in the analyzed graph, namely the moderate and severe groups. 332

These results suggest that the groups display behavioral differences in attention processing 333

capacity. These findings have significant implications for comprehending inter-individual 334

variation in attentional performance and may assist in the development of personalized 335

treatment approaches for ADHD patients, thereby opening avenues for further research in 336

the field of attention deficit hyperactivity disorder (ADHD). 337

For future research, the inclusion of patients from control groups is intended to 338

investigate the separation of value ranges. Additionally, by incorporating the control 339

group, the significance of each attribute can be assessed to differentiate between positive 340

(ADHD) and negative cases. Another approach involves exploring centrality, betweenness, 341

and degree measures more comprehensively in terms of their relationship with attribute 342

values. For instance, examining whether attributes of the highest degree node can serve 343

as a diagnostic reference or marker. Lastly, comparing the attention guidance networks 344

of individuals with ADHD before and after treatment using centrality measures and 345

community detection could shed light on potential changes in network organization and 346

its association with improved ADHD symptom outcomes. 347
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Figure 5. Graphical Analysis of Database Attributes
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