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Abstract—Clique relations are useful in understanding the
dynamics of a wide range of social interactions. One application
of studying clique relations involves studying how such
“detection of abnormal cliques’ behaviors” can be used to detect
sub-communities’ behaviors based on information from Online
Social Networks (OSNs).
In social networks, a clique represents a sub-group of the larger
group in which every member in the clique is directly associated
with every other member in the clique. Those cliques often
possess a containment relation with each other where large
cliques can contain small size cliques. Thus, finding the extent of
the clique, or the maximum clique is an important research
questions. In our approach, we evaluated adding the weight factor
and integrating graph theory to clique algorithm in order to derive
more data about the clique. In this regard clique activities are not
like those in group discussions where an activity is posted by one
user and is visible by all others. Our algorithm calculates the
overall weight of the clique based on individual edges. Users post
frequent activities. Their clique members, just like other entities,
may or may not interact with all those activities.
Index Terms—OSN groups detection; Weighted cliques; Groups
collaboration; Graph Theory and Social Media

I. INTRODUCTION
There are a diverse array of applications for tracking
and measuring relationships in Online Social Networks
(OSN’s) (Stieglitz, et al., 2015; Papadopoulos,
Kompatsiaris, Vakali, & Spyridonos, 2012). Marketing is
a common application of social network analysis (Soares,
et al., 2012). Another application is to study the influence
of emotionally charged information such as social or
political memes (Kramer, Guillory, & Hancock, 2014).
However, social network relationships are also important
for investigative applications (Duijn & Klerks, 2014).
Whether the investigating agency is a law enforcement
agency or an intelligence gathering agency the needs for
an investigative application are identical. Counterterrorism
is one area of investigation in which analysis of social
media interactions can be very important and produce
significant, actionable intelligence (Choudhary & Singh,
2015; Ishengoma, 2014; Kirby, 2007; Leistedt, 2013).
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There are diverse approaches to analyzing social media
interactions, regardless of the investigative intent (Alhajj
& Rokne, 2014; Scott, 2017). Analytical approaches can
be formulated based on diverse foundations. In some case
large scale data scraping and mining is the preferred
approach. This can be coupled with statistical analysis of
the interactions. Graph theory provides a modality for
studying a wide range of interactions (Easttom, 2018).
Thus, it is appropriate to apply graph theory to analyzing
social network relationships (Mitrou, Kandias, Stavrou, &
Gritzalis, 2014; Zafarani, Abbasi, & Liu, 2014).
The approach we used in this current study was to focus on
cliques in social media, and to apply graph theory to
analyze those relationships. In the social sciences a clique
is defined as a sub-group that has intergroup interaction
coupled with some common interest (Scott, 2017). The
specific nature of that interest does not affect the analytical
approach. The extraction of clique relations in social
networks can reveal information related the group those
members belong to. In one pending application, we are
showing how such “detection of abnormal cliques’
behaviors” can be possibly used to detect terrorists’ attacks
based on information from OSNs.
In social networks, a clique is defined as a group of
elements (people or subgroups) where every member in
the clique is a friend with every other member in the clique.
Several recent contributions tried have attempted to extract
knowledge related to cliques in OSNs (e.g. Cotterell 2013,
Comandur et al 2014, Hao et al 2014, Acemoglu et al 2014,
Basuchowdhuri et al 2014, Hunter et al 2015, Hao et al
2016). The fact of so much research focused on this
problem, is indicative of the importance of the problem.
II. MAXIMUM CLIQUES, WEIGHTED CLIQUES AND
MAXIMUM WEIGHTED CLIQUES
Clique analysis is effectively accomplished by the
application of graph theory. A clique, C, (in an undirected
graph G of (V, E), is a subset of the vertices where
between each two vertices, there is an edge (i.e. a
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relation). In the scope of groups collaborations, ω(G), is
the size of a largest clique or maximal clique of G. For an
arbitrary graph the clique can be defined as per the
formula in figure 1.

subset with 3 cliques (1,2,4,5,7,11), (1,5,6,8), and
(3,9,10). In this graph and edges-weights shown in the
right:
 Maximum clique is (1,2,4,5,7,11).
 Weighted clique is 2.84.


Figure 1: Maximal cliques
where di is the degree of a graph vertex i
Several papers have indicated that maximum cliques’
problem is an NP-complete problem (e.g. Butman et al
2007, Francis et al 2015, Paulusma et al 2016, Bart and
Jansen 2016, etc.).
Weighting is commonly applied in graph theory in order
to better model the phenomena being graphed. A
weighted clique is the total weight of weighted maximum
clique (Kumlander 2004). Based on this definition,
calculating weighted clique takes two consecutive steps:
1.

For a particular graph, calculate maximum
clique in that graph, and then:
2. For that particular clique, calculate the overall
weight of the edges in the clique.
In this formula, while for a particular graph, the
maximum clique is dynamic and may change from one
time to another, however, the weighted clique will always
be tied to the maximum clique.

Maximum weighted clique is 5.4 (for a clique
that is not a maximum clique).

A couple of observations on our definition of: maximum
weighted clique:

This is a direct graph where edges are
directional and for example value of edge-weight 1-5
is 0.1 and is different from the value of edge 5-1,
(0.05). This is particularly true for relations in Online
Social Networks (OSNs) where relations and not
symmetric. A typical example is between a fanatic
and their celebrity, edge will be very high only from
one direction (which indicates high interactions from
the fanatic side with celebrity activities).

In our hypothetic example, that may look odd
but true, a small size clique may have an overall
stronger weighted clique than a larger clique.

If we consider relations dynamics, maximum
cliques can vary dynamically as so their maximum
weighted cliques. We hypothesize that a significant
increase of maximum weighted clique for a particular
clique beyond their historical norms can be used to
predict “abnormal behaviors).
Using this method detection of some “detection avoidance
methods” is possible. For example, a clique may suddenly

Figure 2: Three hypothetical cliques and their maximum weighted cliques
delete an edge to avoid detection. However, as we
We introduced (Maximum weighted clique) to be always
dynamic and not tied to the maximum clique. This means
that for a particular graph, the maximum clique and the
maximum weighted clique may refer to different subsets
in the same graph. In order to show the difference,
assume Figure 2 below indicates a hypothetical graph
Copyright © AJSE Publishers

evaluated directed-edges, a single edge removal will not
change the structure of the clique and will only cause that
edge value to be zero.
III. METHODS AND APPROACHES
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The focus of this study is on how to analyze information
gathered from online social networks. The process of
acquiring that information is not part of this study. There
are a range of tools and techniques available for acquiring
such data. One such tool that has been applied in many
areas of social medial data gathering, is BuzzSumo
(Dicerto , 2018). This tool has been used to analyze fake
news and its relation to medical data (Waszak,
Kasprzycka-Waszak, & Kubanek, 2018). ViralWoot is
another tool that can be used to gather data from social
media (Simmhan, 2017). The specific tool or technique for
gathering the data is not relevant to this current study. Our
focus is on analyzing the data once it has been collected.
For investigative purposes, particularly in intelligence
gathering, the primary focus is on any deviation from
established norms. For example, terrorists’ networks will
often have an increase in interactions prior to an operation.
Therefore, we focused on an approach that identified such
anomalous social interactions. We propose a method to
detect “abnormal” clique behaviors through OSNs. We
will collect cliques’ networks from major OSNs such as:
Facebook, Twitter and LinkedIn. We will use a weighted
clique metric that we developed to be as a baseline for
estimating average interactions between any OSN clique
members. This weighted clique metric will be periodically
(e.g. once a week), assessed and updated. A separate
monitoring system will frequently (e.g. once every 8
hours) read the current weighted clique metric. The early
alert will be triggered if this instance metrics is
significantly (e.g. > 25%) higher than average weighted
clique.

interactions. We started collecting data, based on our
model from Facebook and Twitter. We need to extend
the collection and analysis process to collect a
“significantly” large enough dataset.
In this research we introduced the following three intuitive
concepts:
1. Weighted edges (i.e. strength of bonds between
nodes that interact with each other). Typically,
such relation is considered only from a binary
perspective (i.e. exist:1 or does not exist: zero).
We showed that the mere existence of the relation
can be misleading in some cases and a significant
amount of information is needed to know the
weight of level of such relation, if exists.
2. Weighted Friendships: Based on each node or
user (e.g. in OSNs) edges or connections,
weighted friendship can calculate a friendship
value based on the overall values of weighted
edges. We showed in our paper, some
applications for such value.
3. Weighted Cliques: As described earlier the mere
existence of relation between either one or a
group of nodes, may not be enough to understand
social interactions. Based on weighted edges, we
introduced the concept of weighted cliques to
show the strength of bond between clique
members. Figure 3 shows the different between
normal cliques count and our proposed weighted
or normalized or weighted clique.

For example, say, for a Facebook clique of 6 individuals,
weighted clique reading (as of the last month) is 13. While
reading most recent weighted clique, if it shows a weighted
clique of 20 (which is more than 25% increase from 13),
an alert will be triggered to investigate the increase.
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normalized clique strenth

clique strength

The usage of Cliques is popular in graph based analysis
areas (e.g. social networks, bioinformatics, etc.) in order to
understand connections and trust relations between graph
node members.
As an algorithm, Clique calculates the maximum number
of nodes in the graph in which every node in the Clique is
a friend to all other nodes in the Clique.
Here are the major tasks toward this goal:

We introduced a new “weighted clique”
algorithm. We showed also how this algorithm can be
used to extract different types or aspects of knowledge
in Bioinformatics or OSNs. This was the first task to
accomplish in this goal.

As we acknowledged that different OSNs have
different “models” of interactions between the different
individuals, we plan to create several concrete models,
based on the availability of time and resources for one
or more of the following OSNs: Facebook, Twitter and
LinkedIn.

A major task, in terms of time and resources, in
this goal is data collection and analysis for cliques’
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Figure 3: The comparison between
normalized/weighted clique strengths
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The extraction of clique relations in social networks can
show information related to groups and how those groups
are formed or interact with each other. In social networks,
a clique represents a group of people where every member
in the clique is a friend with every other member in the
clique. Those cliques can have containment relation with
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each other where large cliques can contain small size
cliques. This is why most algorithms in this scope focus on
finding the maximum clique. In our approach, we evaluated
adding the weight factor to clique algorithm to show more
insights about the level of involvement of users in the
clique. In this regard clique activities are not like those in
group discussions where an activity is posted by one user
and is visible by all others. Our algorithm calculates the
overall weight of the clique based on individual edges.
Users post frequent activities. Their clique members just
like other friends, may or may not interact with all those
activities.
We showed in the Table 1 the largest cliques in the
dataset. The first column includes IDs of node members in
the clique. The second column includes the number of
members in each clique. The third column includes the
clique strength as the summation of all weighted edges in
the clique. The last column represents the weighted clique
strength which divides the total clique by the number of
edges in the clique. Normal clique strength value is
constantly increasing with the number of nodes or edges in
the clique. However, the weighted clique value eliminates
the dependency on the number of nodes or edges. As such,
we can see for example that the smallest clique in the table
has the highest weighted clique.
This is not a trend however as the next highest weighted
clique is the one with 20 nodes. This indicates that trust or
interaction between members in the first clique is the
highest. When we study social networks at a larger context,
highest and lowest weighted cliques can be of special
interests. We can also look at variations in clique strength
over a certain period of time. For example, a clique sudden
increase of the weighted clique in a certain month over a
period of time can trigger further investigations of what
could cause such significant sudden increase (e.g. a clique
collaborative activity or event).
Table 1: Total and weighted cliques

216, 209, 193, 192, 191, 180, 179, 175,
170, 169, 167,

21

11.64

27.73

163, 160, 158, 151, 98, 20, 18, 9, 4, 2

VI: ENHANCING THE METHODOLOGY
It should be readily apparent that the current methodology
can be easily enhanced or modified if needed. For
example, the current weighting threshold is set at a specific
value. It would be relatively easy to adjust the method such
that the weighting is dependent on specific statistical
values that can vary over time. Such statistical values
could include the variance in weighting over a period in
time, expressed as with the following simple formula:

This measures the change in variance in relation to a
change in time (delta T). This is one example of how
statistical analysis can be applied to the clique analysis to
provide either more information, or more granular
information.
The current methodology can also be combined with graph
theory to model a given clique. The clique would be
represented as vertices in the graph, with the connections
being edges (or arcs). Each edge would be weighted based
on the strength of the connection. That strength could be
measured via frequency of connectivity, number of
messages per unit of time, or any similar measurement that
is pertinent to the investigation in question. Then the
variation in not only activity for the clique as a whole, but
also for the individual edges could be monitored. This
would allow the detection in variations of sub groups
within the clique. These sub groups would be represented
as sub graphs of the cliques’ larger graph.

Clique members

NO

Total
clique

Weighted
clique %

V: MODEL EVALUATION

221, 215, 190, 187, 177, 176, 171, 151

8

1.61

28.77

221, 215, 190, 187, 177, 175, 171, 170,
151
221, 215, 190, 181, 177, 176, 172, 171,
169, 165, 164,

9

1.43

19.96

17

6.08

22.36

162, 157, 156, 153, 152, 151
221, 215, 190, 181, 177, 175, 172, 171,
170, 169, 165,

18

6.75

22.08

164, 162, 157, 156, 153, 152, 151
221, 215, 181, 177, 175, 172, 171, 170,
169, 168, 166,

19

8.52

24.94

165, 164, 162, 157, 156, 153, 152, 151
216, 209, 206, 193, 192, 191, 180, 179,
175, 169, 167,

20

10.62

27.96

In order to evaluate our weighted clique model in OSNs
and its our ability to detect “abnormal groups dynamics”,
we built a historical dataset based on the initial dataset
described in Himel et al 2014. The volume of interactions
between the friends in the network is calculated as totals
for the given period of the collection process.
Following are our general steps to construct the model
dataset.
 Original Facebook dataset described in Himel et al
2014 is used is the baseline dataset.
 The number of nodes or Facebook users as well as
the number of edges between the members will be
frozen through our one-week historical analysis. This
is an assumption to fix the overall structure of the
model where no changes on the nodes or relations
will occur throughout the assessment. This

160, 158, 151, 98, 20, 18, 9, 4, 2
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alleviate issues related to privacy, legal concerns
and performance.

assumption is to simplify the model demonstration,
but the model and algorithms do not exclude any
frequent changes in the network structure.
 In our model, we will give to the different Facebook
activities the same weight in the relation (e.g. a Like,
Comment, Post, etc.). This is another assumption in
the model to simplify its demonstration that can be
adjusted based on the different OSNs and the nature
of the different activities.
 We will randomly vary volumes of activities
between network users between (25% of their
baseline up to 300% of their baseline). The goal is to
simulate users’ actual behaviors in OSN and also
demo cliques’ dynamics.

IV: CONCLUSION
In this paper, we proposed a statistical approach to detect
or alert for cliques’ abnormal behaviors’ using Online
Social Networks (OSNs). This can be part of national
security alert system that does not violate users’ privacies
as it does not need to look into users’ contents (i.e. posted
activities, friends, private messages, etc.). Due to its focus
only on statistical assessments, the system also balances
between security issues with performance and the impact
that such systems may cause to OSNs.

Figure 4 shows a small sample of our model output on
some selected cliques.

As was noted in this paper clique analysis can be integrated
with other methodologies. For example, the weighting can
be represented with graph theory. The individuals are the
nodes in the graph, the connections are the edges or arcs,
and the weighting can be represented in a weighted graph.
It is also possible to integrate additional statistical analysis
into the clique analysis, as was discussed in this paper.
Both of these enhancements to the currently described
clique analysis technique are avenues for further research.

We can observe the followings based on Figure 3:
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record is independent from the clique size.
Our model shows undirect edges/relations. This
means that for two-friends, we are considering only
one edge-value that can reflect one-way strength of
the friendship. This was just an assumption in the
model to simplify its demonstration and the model
can be extended to consider or assume directededges or the two-way strength of the relation. The
total number of the edges in the clique will then be
doubles (N*N-1), rather than now (N*N-1)/2. As at
the end, we are considering the overall weighted
strength of the clique, this will not make a
significant change.
The 3 Figure parts indicate three consecutive days
in the selected network. It can be used to monitor
gradual or sudden increase in the overall weighted
strength of communication of the clique. This can
be used to trigger further deeper focused analysis of
that particular clique.
Our model is built purely on statistics; it does not
require looking at the content of communication
activities between clique members. This can

Copyright © AJSE Publishers

[1] G. Eason, B. Noble, and I. N. Sneddon, “On certain integrals
of Lipschitz-Hankel type involving products of Bessel
functions,” Phil. Trans. Roy. Soc. London, vol. A247, pp.
529–551, April 1955.
[2] Acemoglu, D., Bimpikis, K., & Ozdaglar, A. (2014).
Dynamics of information exchange in endogenous social
networks. Theoretical Economics, 9(1), 41-97.
[3] Agarwal, V., & Bharadwaj, K. K. (2013). A collaborative
filtering framework for friends recommendation in social
networks based on interaction intensity and adaptive user
similarity. Social Network Analysis and Mining, 3(3), 359379.
[4] Alhajj, R., & Rokne, J. (2014). Encyclopedia of social
network analysis and mining. Springer Publishing
Company, Incorporated.
[5] Alsmadi, Izzat, Dianxiang Xu, and Jin-Hee Cho (2016).
"Interaction-Based Reputation Model in Online Social
Networks."
[6] Basuchowdhuri, P., Anand, S., Srivastava, D. R., Mishra,
K., & Saha, S. K. (2014). Detection of communities in social
networks using spanning tree. In Advanced Computing,
Networking and Informatics-Volume 2 (pp. 589-597).
Springer, Cham.
[7] Ayelet Butman, Danny Hermelin, Moshe Lewenstein, and
Dror Rawitz. Optimization problems in multiple-interval
graphs. In Proceedings of the eighteenth annual ACMSIAM symposium on Discrete algorithms, SODA ’07,
pages 268–277, 2007.
[8] Bart M. P. Jansen. Constrained bipartite vertex cover: The
easy kernel is essentially tight. In Proc. 33rd STACS,
volume 47 of LIPIcs, pages 45:1–45:13, 2016.
doi:10.4230/LIPIcs. STACS.2016.45.
[9] Cho, Jin-Hee, Izzat Alsmadi, and Dianxiang Xu. "Privacy
and Social Capital in Online Social Networks." Global
Communications Conference (GLOBECOM), 2016 IEEE.
IEEE, 2016.

American Journal of Science and Engineering, 2019, Vol-1, Issue-1

American Journal of Science and Engineering, 2019, Vol-1, Issue-1, 21-27, 2019 in AJSE Publishers (http://ajse.us)

[10] Choudhary, P., & Singh, U. (2015). A survey on social
network analysis for counter-terrorism. International
Journal of Computer Applications, 112(9).
[11] Comandur, S., Gupta, R., & Roughgarden, T.
(2014). Counting small cliques in social networks via
triangle-preserving decompositions (No. SAND20141516C). Sandia National Laboratories (SNL-CA),
Livermore, CA (United States).
[12] Cotterell, J. (2013). Social networks in youth and
adolescence. Routledge.
[13] Dicerto, S. (2018). A New Model for Source Text Analysis
in Translation. In Multimodal Pragmatics and Translation
(pp. 1-14). Palgrave Macmillan, Cham.
[14] Duijn, P. A., & Klerks, P. P. (2014). Social network analysis
applied to criminal networks: Recent developments in dutch
law enforcement. In Networks and network analysis for
defence and security (pp. 121-159). Springer, Cham.
[15] Easttom, C. (2018). "A Systems Approach To Indicators Of
Compromise Utilizing Graph Theory". 2018 IEEE
International Symposium on Technologies for Homeland
Security.
[16] M. C. Francis, D. Gon¸calves, and P. Ochem. The maximum
clique problem in multiple interval graphs. Algorithmica,
71(4):812–836, 2015.
[17] Guo, L., Zhang, C., & Fang, Y. (2015). A trust-based
privacy-preserving friend recommendation scheme for
online social networks. IEEE Transactions on Dependable
and Secure Computing, 12(4), 413-427
[18] Hao, F., Yau, S. S., Min, G., & Yang, L. T. (2014).
Detecting k-balanced trusted cliques in signed social
networks. IEEE Internet Computing, 18(2), 24-31.
[19] Hao, F., Park, D. S., Min, G., Jeong, Y. S., & Park, J. H.
(2016). k-Cliques mining in dynamic social networks based
on triadic formal concept analysis. Neurocomputing, 209,
57-66.
[20] Himel, D., Ali, M., Hashem, T. (2014). User interaction
based community detection in online social networks, in:
The 19th International Conference on Database Systems for
Advanced Applications (DASFAA), Bali, Indonesia, 580
2014.
[21] Hunter, R. F., McAneney, H., Davis, M., Tully, M. A.,
Valente, T. W., & Kee, F. (2015). “Hidden” social networks
in
behavior
change
interventions. Journal
Information, 105(3).
[22] Ishengoma, F. R. (2014). Online social networks and
terrorism 2.0 in developing countries. arXiv preprint
arXiv:1410.0531.
[23] Kirby, A. (2007). The London bombers as “self-starters”: A
case study in indigenous radicalization and the emergence
of autonomous cliques. Studies in Conflict & Terrorism,
30(5), 415-428.
[24] Kramer, A. D., Guillory, J. E., & Hancock, J. T. (2014).
Experimental evidence of massive-scale emotional
contagion through social networks. Proceedings of the
National Academy of Sciences, 201320040.
[25] Kumlander, D. (2004). A new exact algorithm for the
maximum-weight clique problem based on a heuristic
vertex-coloring and a backtrack search. In Proceedings of
The Forth International Conference on Engineering
Computational Technology, Civil-Comp Press, pp. 202–
208.
[26] Leistedt, S. J. (2013). Behavioural aspects of terrorism.
Forensic science international, 228(1-3), 21-27.
[27] Malhotra, A., Totti, L., Meira Jr, W., Kumaraguru, P., &
Almeida, V. (2012). Studying user footprints in different
online social networks. In Proceedings of the 2012
International Conference on Advances in Social Networks

Copyright © AJSE Publishers

[28]

[29]

[30]
[31]
[32]

[33]
[34]
[35]

[36]
[37]

[38]

Analysis and Mining (ASONAM 2012) (pp. 1065-1070).
IEEE Computer Society.
Mitrou, L., Kandias, M., Stavrou, V., & Gritzalis, D. (2014,
April). Social media profiling: A Panopticon or
Omniopticon tool?. In Proc. of the 6th Conference of the
Surveillance Studies Network.
Papadopoulos, S., Kompatsiaris, Y., Vakali, A., &
Spyridonos, P. (2012). Community detection in social
media. Data Mining and Knowledge Discovery, 24(3), 515554.
D. Paulusma, C. Picouleau and B. Ries, Reducing the clique
and chromatic number via edge contractions and vertex
deletions, Proc. ISCO 2016, LNCS 9849 (2016) 38-49.
Scott, J. (2017). Social network analysis. Sage.
Simmhan, Y. (2017). L1: Introduction (Doctoral
dissertation, Department of Computational and Data
Sciences© Department of Computational and Data Science,
IISc).
Soares, A. M., Pinho, J. C., & Nobre, H. (2012). From social
to marketing interactions: The role of social networks.
Journal of Transnational Management, 17(1), 45-62.
Stieglitz, S., Dang-Xuan, L., Bruns, A., & Neuberger, C.
(2014). Social media analytics. Business & Information
Systems Engineering, 6(2), 89-96.
Wang, Z., Liao, J., Cao, Q., Qi, H., & Wang, Z. (2015).
Friendbook: a semantic-based friend recommendation
system for social networks. IEEE Transactions on Mobile
Computing, 14(3), 538-551.
Waszak, P. M., Kasprzycka-Waszak, W., & Kubanek, A.
(2018). The spread of medical fake news in social media–
The pilot quantitative study. Health Policy and Technology.
Yang, X., Guo, Y., & Liu, Y. (2013). Bayesian-inferencebased recommendation in online social networks. IEEE
Transactions on Parallel and Distributed Systems, 24(4),
642-651.
Zafarani, R., Abbasi, M. A., & Liu, H. (2014). Social media
mining: an introduction. Cambridge University Press.

Authors’ Profiles
Izzat Alsmadi is an Assistant Professor
in the department of computing and cyber
security at the Texas A&M, San
Antonio. He has his master and PhD in
Software Engineering from North Dakota
State University in 2006 and 2008. He has
more than 100 conference and journal
publications. His research interests
include: Cyber intelligence, Cyber
security, Software security, software engineering, software
testing, social networks and software defined networking. He is
lead author, editor in several books including: Springer The
NICE Cyber Security Framework Cyber Security Intelligence
and Analytics, 2019, Practical Information Security: A
Competency-Based Education Course, 2018, Information Fusion
for Cyber-Security Analytics (Studies in Computational
Intelligence), 2016. The author is also a member of The National
Initiative for Cybersecurity Education (NICE) group, which
meets frequently to discuss enhancements on cyber security
education at the national level.

American Journal of Science and Engineering, 2019, Vol-1, Issue-1

American Journal of Science and Engineering, 2019, Vol-1, Issue-1, 21-27, 2019 in AJSE Publishers (http://ajse.us)

Chuck Easttom. is an independent
researcher and an adjunct professor for Capitol Technology
University as well as the Director of the Quantum Computing and
Cryptography Research Lab at Capitol Technology University.
He is the author of 26 books, 50 researcha papers, and an inventor
with 16 patents. He is a Senior Member of the IEEE, a Senior
Member of the ACM, and a Distinguished Speaker of the ACM.

Copyright © AJSE Publishers

American Journal of Science and Engineering, 2019, Vol-1, Issue-1

