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Antigen presentation is argued to be a very complex process that entails compartment of 
intercellular with other complex pathogen degradation events or combine together to bind major 
histocompatibility complex proteins (MHC) class I (MHC-1) or class II (MHC-11). The presentation 
of antigens produces a specific response, MHC-I, cytotoxic, T helper antibody, antibody, as well as 
MHC-II (Garrido et al., 2016). Cytotoxic T cell alongside MHC-I presentation is involved in the 
protective anti-tumoral immune system. MHC-I presents peptides with a varying number of amino 
acids ranging from 8-11 produced from cytosolic protein antigen's proteasomal degradation taken 
up by ER ( Endoplasmic reticulum) which are eventually loaded onto MHC-I molecules. After the 
binding of the peptides to MHC-I in the endoplasmic reticulum, it is transported to the cell 
membrane for it to be scrutinized via CD8 cell circulation through a process referred to as immune 
surveillance (Schumacher& Schreiber, 2015). The process of binding antigens, as well as its 
presentation, are analyzed not to be universal due to the high polymorphic characteristic of the 
MHCs. 

 Besides, there exist some "public" MHC-I proteins that are often presented predominantly 
through distinct ethnic groups. Hence, they are considered as the target molecules that are 
effective for the therapeutic vaccine (Kreiter et al., 2015). Nevertheless, MHC-I may also be used to 
present cryptic antigens produced by non-standard translational and transcriptional mechanism. 
Antigen presentation through tumor cells is viewed to have some significant differences from the 
normal cells and hence, tumor antigens as well as cryptic tumor analysis differs vastly between 
them. Data from different laboratory experiments depict that expression of tumor antigens from 
the presence of normal cells. However, in some specific tumors, the employment of docking 
models regarding data generated from various MHC-I and pertinent tumor-specific antigens (TSA) 
or tumor-associated antigens (TAA) has shown a probability cluster. The cluster is binding and 
the "in vivo" response. However, highly immunogenic epitopes and the novel, having the ability to 
induce an effective anti-tumor response are never encountered easily (Wang & Celis, 2015). 
Therefore, the objective of the undertaking of the study is to avail an elaborate data of peptide 
vaccine as cancer immunotherapy, as well as the new patents submitted in the recent years. 





A series of studies have been conducted with an effort to understand if the usually hindered 
response against the tumor is characterized by the deficiency of the abnormal cell recognition or 
immune response. However, researchers have used a number of approaches in an effort to 
address the issues. As argued by Nishikawa & Sakaguchi (2014), the first lesson learned by the 
researchers from the study is that the expression of the tumor antigen is heterogeneous. 
Furthermore, the expression of the antigens at different levels may be faced back as unavailability 
of antigens, low level of antigens, high quantity of antigens, and homogeneous or heterogeneous 
antigens which may either be mixed or combined antigens. However, finding the appropriate 
antigen upon which the immune response should be administered is quite a difficult task. 
Harmonization of tumor cells for the assessment of specific antigens was employed as the first 
strategy in the cancer vaccine. Nevertheless, the approach alongside the application of vaccine 
with or without adjuvants as well as immune enhancers contributed to the absentia of specific 
responses and a significant number of secondary effects (Desrichard, Snyder, & Chan, 2015). 

Besides, an alternative tactic to tumor homogenates is by the application of tumor cells, 
cDNA libraries as well as the subsequent transfect. The process enables the translated antigens to 
be presented and processed as epitopes loaded in MHC-I molecules. The technique is much 
essential and effective for MAGE-I, the melanoma antigen which is often presented by HLA-AL, 
tyrosinase which is presented by HLA-A2 as well as other antigens. Nonetheless, tumor antigen 
procession does not have any resemblance to the “in vivo” antigen presentation due to the fact 
that antigen’s transcriptions may be modulated distinctively in tumor cells unlike in normal cells. 
Essentially, there may be under or overexpression of the antigen alongside posttranscriptional 
modification which can depict a difference between tumor versus normal cells. Another strategy 
to establish the tumor antigens is “motif pre-direction” through the use of pMHC-1 binding 
algorithms. The model entails a series of peptides which bind the MHC-I with the ability to cleave 
through the proteasomal complex. Rekoske et al. (2015) posit that employing the prediction 
model enables researchers to identify nineteen distinct candidates for Her2-binding to HLA-A. 
Nonetheless, only one among the nineteen candidates was able to produce good cytotoxic “in vitro” 
response. However, for antigens including carcinoembryonic antigen (CEA) as well as Her-2/neu, 
the epitopes calculated could effectively bind several HLA A3 alleles, especially in the superfamily. 

The observation, therefore, suggests that the peptide could overcome some dissimilarities 
in HLS expression in patents to the patent comparison. Also, the model fails to avail the only 
specific interaction in the sense that antigen binding could be recorded to other MHC molecules 
having a different affinity (Lipson et al., 2015).  Therefore, one may imagine that the models of the 
algorithm may partially represent what happens in vivo and may be the direct analysis of 
cytotoxic cells found within the tumor would contribute to more detailed results. Studies carried 
out with mass spectroscopy, and HPLC of the MHC-I complex peptide has the ability to 
authenticate the predictive models and to produce the new possible targets further. 
Immunoproteomic assessment signifies enormous advantages resulting from the fact that 
naturally presented epitopes on the surface of tumor cells correspond to the clinically significant 
targets for vaccine design and immunotherapy. Furthermore, it is recommended that cancer 
neoepitope must be consciously (Yoshimura et al., 2016). Nonetheless, the significant problem is 
based on the ascertainment of the actual epitopes to which the vaccine should be directed, the 





construct, immune enhancers, and adjuvant which would result to the ultimate goal (the immune 
response against tumor). 

Melero et al. (2014) argue that a lot of new developments have emerged in the field which 
needs extensive examination in clinical trials for the approval of their authenticity. Initially, 
development of a single type of HLA had been accomplished; however, several peptides based on 
epitopes are currently being investigated. Multivalent peptide vaccine which is a multi-peptide 
vaccine that incorporates helper –epitopes and CTL, cocktail vaccines, personalized vaccines, 
hybrid vaccine and peptide-pulsed dendrite cell vaccines mark the subheadings upon which 
vaccine developments are going on. Most of the patent developments entailed peptide 
composition whereby the significant portion activate MHC-I and MHC-II and are either directed to 
a particular protein endogenous or inhibitors of distinct cell pathways (Lu, & Robbins, 2016). A 
significant number of peptides have been patented for a definite or from the treatment of 
combined cancer. To consider a general example, scientists developed two peptides generated 
from a snail protein discussing the response of the immune system and its response to the tumor. 

 Also, some studies have been conducted focusing on the construction of a vaccine 
approximately 6 and 13 proteins generated from tumor antigens which have the potential to 
generate extensive response against tumors. The construction was based on an earlier patent on 
personalized tumor peptides. Through the use of several, distinct analogies, several volumes of 
peptides have further been patented in response to the special kind of tumor resulting from the 
experiments, through the use of personalized cancer peptide vaccine and other approaches 
(Romano & Romero, 2015). Nevertheless, there are no published clinical examinations on the 
patients although, to the best of our understanding we have indicated the trials as much effective 
despite the author’s argument that their hypothesis enhances the immune response against the 
tumors. Other patented strategies entailed specific tumors. 

For a hematological tumor, a very complex peptide tactic that incorporates leukemia, 
myeloma, and lymphoma was selected. The peptide vaccine should be able to generate an effective 
response against some unique types of tumor. The arguments that undifferentiated tumor should 
be the center of the target is receiving increasing support due to the fact that tumor blockage and 
metastasis m be acquired in specific models (Littman, 2015). Maximum efforts have also been 
incorporated in producing optimal vaccines against tumor antigens especially the WTI (72-75), 
Wilms tumor I antigen. The advancing developments in health studies have proposed a new 
immune stimulant (Di Stasi et al., 2016). Some of the stimulants are already identified and 
recognized as part of the polysaccharides characterized by infectious agents. The stimulant was 
patented some few years ago, and it is majorly applied in the management of influenza. Other new 
immune stimulants include complex metallic compound depicting similar fashion aluminum salts. 
The stimulant has been used for more than 100 years as an adjuvant. 

Kuai et al. (2017) posited that cancer peptides vaccines are small fragments of tumor 
antigen protein forming a complex with HLA and are expressed on the surface of cancer cells. In 
cancer peptide vaccine therapy, patients are administrated a sufficient number of synthesized 
epitope peptides derived from tumor antigens (Figure 1A). These peptides then form a complex 





with HLA on the surface of APCs such as DCs. When the naive CTLs recognize the complex of 
peptide and HLA class I, these CTLs are activated and proliferated. The activated CTLs will then 
recognize the identical peptides presented on the surface of cancer cells and subsequently attack 
these cancer cells. As argued by Kaufman (2015), the peptide vaccines have majorly been 
developed with the prediction motif methodology involving renal carcinoma and melanoma 
implicated with multiple epitopes and protein MAGE 1 (antigen associated with melanoma). 
Currently, some of the current peptide vaccines assays that have been developed by this technique 
and determined to be effective on cancer immunotherapy are tumor tissue homogenates, tumor 
cells genomic library, autologous tumor antigen, immune-proteomic, CD8 and cells antigens, HLA 
classes I and II antigen peptides, Chaperone protein, Dendric cells, Her-2 antigen, mutated Ras 
antigen, VEGF target, cell cycle inhibition, apoptosis pathway target inhibitors, immune response 
and autophagy induction, and T cells regulatory target (Kumai et al., 2017).  These peptide 
vaccines. Peptide vaccines are cost-effective compared to other vaccine approaches. Moreover, 
peptide vaccines take advantage of computer algorithms to screen amino acid sequences for 
candidates with MHC class I-restricted peptide epitopes derived from cancer antigens. Those 
candidate epitopes are then tested for immunogenicity to induce and activate the specific CTLs 
experimentally. Therefore, an ideal epitope to elicit strong immune responses against target 
antigens can be selected (Kumai et al., 2017).  

Besides, as reported by Tarhini et al. (2012), the protein MAGE 1 was implicated by the first 
clinical trial. The immunoproteomic assessments provided the results that involved multiple 
epitopes. The interesting report of these assessments dealt with the effectiveness of a 12 versus a 
4 MHCI-I peptide-based vaccine on the melanoma patients. The clinical results have recorded that 
the there was an increase in the production of IFNy by the cytotoxic cells which consequently 
implied that the vaccine had the ability to generate cytotoxic responses to the inoculated antigens. 
From the clinical trial of 12 versus 4 MHCI-I peptide vaccines, multiple epitope vaccines have been 
designed to help in overcoming the antigen loss (Lozano et al., 2016).    

In evaluating the effectiveness of 12 versus 4 MHC-I peptide vaccines on cancer 
immunotherapy, the vaccine containing 12 peptides along with helper peptides, GM-CSF and 
Montanide ISV-51, induce strong CD8 responses (high productions and response of IFNy. The 
preparation of peptide vaccines with 12 peptides is safe and there is are competitions among the 
peptides for the MHC-I presentations. Gubin et al. (2015) used data from 85 vaccinated patients 
with stage IV melanoma to the T-cell activations upon the peptide presentations defined by IFNy 
secretions and determined that there was a correlation with increased rates of survival. However, 
it is important to understand that the addition of cytokines to these peptide vaccines preparations 
is likely to reduce the number of CD8 and CD4 cells in circulation. Since the activation of CD4 can 
potentiate the CD8 cytotoxic responses, the CD4 activating peptides are added in the peptide 
vaccines preparations. Cerezo et al. (2015) compared the CD8+ and CD4+ T cell responses in two 
groups each with 75 patients with stage IV melanoma after the inoculations of a 12 peptide MHC-I 
restricted vaccines and a vaccine combined with tetanus peptides, melanoma helper epitope, and 
a vaccine containing 6 melanoma MHC-II helper peptide. In the activation of CD8+, there was no 
increase in the survival rates in one group. Conversely, when the vaccine containing melanoma-
specific helper peptides was used in the other group, there was an increase in the survival rates. 
Therefore, the optimal activation responses of the CD4+ and CD8+ cells rather than only the 
assessments of CD8+ cell numbers and cytotoxic activities is more illustrative of the in vivo effects 
of the peptide vaccines on cancer immunotherapy. 





Researchers in the field of oncology have established that the dendritic cell activations 
induce optimal responses to the vaccines that use HLA-A24 and HLA-A2 melanoma-specific 
peptides. Using these peptides along with the TSA and TAA for the tumor peptide vaccines on the 
cancer immunotherapies have been designed to attack numerous targets. This includes the 
vascular endothelial growth factor receptors I (VEGFRI) for several cancers, indoleamine and 
dioxygenase for the HLA-A2+ lung cancer patients, glypican-3 peptides for hepatocellular 
carcinoma, and multiepitope vaccines for the breast, ovarian, biliary tract, and prostate cancers 
(Van Elsas et al., 2009). Hurwitz et al. (2010) analyzed how the issue relating to how the peptide 
vaccines should be administered to the cancer patients. Depending on the route of administering 
the vaccines, there is a potential risk exposed to the patients since the antigen presentations may 
be lost, impaired, or not presented efficiently. The adjuvants used in the design of the vaccines also 
condition the processes and ways on how the peptide vaccines are to be administered. Therefore, 
the design of vaccines for cancer therapies is a task is absolutely challenging (Kuai et al., 2017). 
Nevertheless, Hurwitz et al. (2010) determined that the vaccines and peptide on cancer 
immunotherapy are administered through the subcutaneous, intratumor, and intradermal routes 
depending on the composition of the vaccines and the characteristics of the tumor. The aim of 
using these routes is to ensure that the lymph nodes are reached through the traditional antigen 
presenting cells so as to facilitate the generation of non-tolerogenic, marked, and immune 
responses. 

The follicular dendritic cells are the key players in the presentation of tumor antigens and 
are involved in the effective anti-tumor responses. Dendritic cells activations have been applied in 
different models of cancer vaccine. The initial ex vivo models for the reinfusion and priming of 
antigens have been extremely promising even though they are quite expensive. The other 
interesting conditions is the use of antibodies that are directed against the endocytic receptors on 
the DCs surfaces or against the inhibitory molecules so as to perform cross activations on the 
dendritic cells for the purposes of inducing optimal responses and the use of the glycan ligands for 
the dendritic cell receptors (Quezada et al., 2016). The use of antibodies against the T-cell 
inhibitory receptors such as the activating glands, CDTA4, and PD-I, enhance the immune 
responses in the intra-tumor peptide vaccines. The situation suggests that the targeting of the 
dendritic cells near the tumor has the capability to increase the presentations of the specific 
antigens efficiently while triggering blockage of the tolerogenic responses associated with the 
dendritic cells close to the tumor. In this regard, the peptide vaccines enhance specific immune 
responses against the tumor helping to overcome tolerance (Parmiani et al., 2012).                 

 The use of the immune response enhancers such as Montanide, GM-CSF, and Chaperone 
proteins (heat shock proteins) has proven to be not only effective but also successful in the breast 
and colon cancer with Her-neu and CEA. The immunotherapy in such cases require IFNy to be 
induced upon vaccination, but clinical responses are not usually strong as might be expected. Thus, 
to enhance the effective clinical responses, several groups constructed vaccines in which tumor 
cells have the possibility of decreasing their replications or, on the contrary, promote the death of 
the cells by activating autophagosome and apoptosis pathways are used (Quezada et al., 2016). 
Taking into consideration that most of the chemotherapies being used would, as the main goal, 
affect the autophagosome and apoptosis pathways, the clinical responses are, therefore, having 
the potential to increase substantially. In order to overcome T regulatory cell generation and 
induce autophagosome formation, Aronowitz (2012) planned in a vaccination scheme, involving 
renal cell cancer patients. The authors constructed a vaccine with nine HLA-A2 restricted peptides 
retrieved by immunoproteomic assays and injected intradermally with IMA901 and GM-CSF after 





treating the patients with cyclophosphamide 3 days prior the inoculation. Cytotoxic T cell 
responses to the used antigens were associated with limited disease and prolonged survival. The 
survival rate was due to a decrease of T regulatory cells in the tumor microenvironment. Several 
other important elements in the vaccine construct have been proposed. 

 Cell cycle inhibition, apoptosis or autophagosome inducers have also been used in 
combination with peptide vaccines. Mutated p53, present in several tumors, cyclin B1 as well as 
other kinases that regulate cell cycle appear to be interesting targets for tumor growth inhibition 
which would facilitate immune eradication. Several vaccines have been generated against p53. 
Moreover, protein apoptosis inhibitors like survivin would also enhance tumor survival and are, 
along with p53 mutated, and are useful targets for cancer therapy; several vaccines have been 
directed to surviving and its mutated counterparts. Van Elsas, Hurwitz, & Allison (2009) assessed 
the effects of survivin peptide vaccine with or without Montanide ISA-51 in phase I trial of 
patients with breast cancer. Even though in this trial the clinical response was not as expected, the 
results served for generating new approaches for compound vaccines using other adjuvants. More 
recently, Willems et al. (2017) showed interesting results in patients with solid tumors suggesting 
the effectiveness of peptide vaccines in cancer immunotherapies. The good results reported by 
Willems and his colleagues in their research showed that the patients with colon cancer could be 
treated with a mixed vaccine that contained Montanide, IFNy and cancer and survivin peptides, 
with those of involving the mixture of long p53 peptide and IFNy. The inhibition of cell cycle and 
apoptosis induction are critical in this type of cancer, colon cancer. Most probably, the constructs 
and a combination of both (up to date no reports of the combination have been published) are 
effective in reducing tumor burden and enhance the immune responses. 

An important element is involving several other targets VEGF, her-2, her-2/neu, Wilms' 
tumor gene 1 (WT1) which may benefit more than one type of cancer type. Among other good 
targets is the use of vaccines against mutated ras oncogene which would decrease tumor 
resistance to chemotherapy. Several examples of TAA and TSA for tumor peptide vaccine therapy 
involve, as had been reviewed previously, vascular endothelial growth factor receptor 1 (VEGFR1) 
for several cancers, indoleamine 2, 3 dioxygenase (IDO) for HLAA2+ lung cancer patients, 
glypican-3 peptides for hepatocellular carcinoma, and multiepitope vaccines for ovarian and 
breast cancer, prostate cancer, biliary tract cancer. Several researchers have postulated that 
personalized vaccines are good approaches for cancer vaccines. Probably, combined vaccine 
schemes could enhance anti-tumor responses. Other interesting approaches are the carbohydrate 
moieties present in the tumor. Carbohydrate molecular mimicry has been used to enhance 
immunogenic properties of glycan peptides in tumor cells plus an enhancement of peptide 
epitopes for cancer cells. In addition, conformational analysis and deconvolution analysis of glycan 
proteins expressed in tumor cells have revealed new possible targets. One example is the mucin 
family of proteins and its glycan backbones that seem to differ depending on the types and stages 
of cancer. It has been shown that mucin proteins, in general, are not drastically modified in tumor 
tissue but rather its carbohydrate moiety varies, including circulating antibodies against the 
glycan protein can be observed in cancer patients (Hurwitz et al., 2010). Thus, it is an interesting 
idea to merge peptides and carbohydrate to build an effective vaccine for cancer therapy. 

Adjuvant and delivery systems are important elements in the efficiency of peptide vaccines 
in cancer immunotherapy. The uses of new adjuvants and emulsions have been important for the 
peptide vaccines in the treatment of other infectious diseases as well. A group of different 
adjuvants has been used and tested in clinical trials. The use of chaperone proteins and other 
ligands of Toll receptors and PAMP receptors have promising results in the inhibition of tumor 





cells. One of the adjuvants and delivery systems being used is a non-emulsion vaccine delivery 
formulation DepoVax™ (DPX) which has been an effective inductor of cytotoxic responses in 
ovarian, breast or prostate cancer. Nanoparticles and nanoemulsions, even though incipient, have 
been proposed for intratumor delivery of antigens and for the use of monoclonal antibodies 
against inhibitory molecules (Gubin et al., 2014). The documentation of the different new 
adjuvants, delivery systems, and immune enhancers aims at giving knowledge on subject so as to 
provide supportive information that will be linked with different outcomes of clinical trials to 
create awareness that vaccine therapy drawbacks likely to occur in some situations of cancer 
immunotherapy may not be due to the peptide used but due to the other components of the 
vaccine. 

Numerous studies have been conducted on the prevalence of cancer. However, the most 
unfortunate bit from the study is that most of the studies have not been fully successful. Based on 
their failures, scientists often perceive that in clinical experiments, the type or characteristics of 
the patients involved in the complex trials are often treated with some specific therapies thus 
rendering them to be immune deficient. Therefore, it then trails that the results obtained from the 
clinical examinations are complex and difficult to interpret or understand (Regan et al., 2016). 
However, although there are there are issues regarding cancer therapy, the new strategies being 
adopted tend to be quite promising. The argument can be affirmed by the evidence of the increase 
in the number patients surviving from cancer and a decrease in patients with tumor burden for 
the last five years. Therefore, the future analysis may spearhead the developments of more 
advanced therapies or a combination. 

Combined peptides, ability to present some specific antigens alongside cell pathways 
inhibition, inhibitor receptors or cell cycle, alongside the effective and efficient presentation of 
antigen is a significant representation of the new promising therapeutic vaccine. Extensive studies 
on the delivery system, adjuvants, as well as nanotechnology may further enhance the efficacy and 
the efficiency of the vaccine therapy.  Besides, the construct which incorporates more than a single 
antigen identified by dissimilar MHC and other general tumor antigens would play a vital role of 
enhancing the effectiveness of vaccine therapy (Romano, & Romero, 2015). The therapy may 
eventually emerge as the simple and the most effective way of inducing an appropriate antitumor 
immune response.  However, the journey to cancer therapy is still quite long as depicted from the 
increase of tumor victims across the world. The rise in the number of tumor population is a 
sounding an alert to the authorities to promote the development of new approaches to reduce the 
prevalence of cancer, a terrible disease. Hopefully, the ever-growing technology will extend its 
arms to the health departments for essential and effective research on the best ways through 
which cancer can be treated, for a brighter future than expected. 

Cancer vaccine and immunotherapy is significantly a challenging and complex process. 
However, a peptide vaccine avails numerous benefits in comparison to the conventional vaccine. 
Peptide vaccines have proven to be an economical and a safe technology as compared to the 
traditional vaccines manufactured of dead or weakened pathogens, recombinant subunits, as well 
as inactivated toxins. Peptide vaccines prevent the insertion of unnecessary elements with high 





react against the immune response to the host like lipopolysaccharides, toxins, and lipids. Peptide 
vaccine may incorporate several epitopes generated from distinct antigens and integrate T cells 
alongside B cells epitopes onto a single antigenic formulation. The future delivery strategies of 
vaccine peptides may aim at the combination of adjuvant formulation, ability enhancement 
strategies, as well as the novel adjuvant for the stimulation of innate immunity and inducement of 
specific adaptive immune response.  

Therefore, the development of clinically effective peptide vaccine is scientifically regarded 
as a multi-component task that is required for the exploration of the optimal combinations of 
adjuvant remedy, antigens, delivery tools as well as study design. Active immunotherapy, 
specifically, peptide vaccines should be able to address the tolerogenic and immunosuppressive 
mechanisms deployed by tumors, and combination alongside an established immunotherapies 
including immune checkpoint inhibitors which are attractive strategies. However, the 
arrangement or the identification of peptide vaccines, which may elicit powerful CTLs adequate to 
eradicate tumor cells, as an ultimate partner of immune checkpoint inhibitor is a crucial task. 
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Alzheimer Disease (AD) is defined classically as a progressive neurodegenerative disorder 
depicting successive emergence of cognitive as well as neuropsychiatric alterations that cause 
impairment on the daily activities of a living being. Typically, patients suffering from the AD show 
early noticeable deficit in episodic memory which is then shadowed by several associations with 
visuospatial as well as executive language deficit. Identification of the cognitive and the 
determination of the actual clinical profile is the basis of AD's clinical diagnosis as indicated by the 
NICDS-ADRDA criteria (Mo et al., 2017). Besides, amnestic profile, neuropathological studies have 
provided an in-depth description of AD's focal atypical presentation. The AD's phenotypical 
variants do not adhere to the typical amnestic configurations and entail a "non-amnestic focal 
cortical syndromes" like the frontal variant AD and cortical atrophy. The variants display 
Alzheimer pathology's characteristic histological lesions revealed by post-mortem experiment. 
Clinical analysis indicates that Alzheimer pathology is the most conspicuous pathological 
diagnosis depicting a close association with posterior cortical atrophy (Cummings, Morstorf, & 
Zhong, 2014). However, patients showing projecting behavioral deficit like the ones evident in 
behavioral variant frontotemporal dementia (bvFTD) have fewer reports concerning Alzheimer 
pathology. Alzheimer is regarded as the most common type of dementia and contributes to 
approximately 65-75% of the dementia cases (Mo et al., 2017). It affects people in several ways, 
and its progression is reliant on the effects of Alzheimer disease itself and the personality of the 
person as well as the health status of the person. However, the current physiopathological 
developments in AD makers enhances easy identification of AD's primary pathological processes 
"in vivo" especially in patients presenting the processes through the atypical clinical presentation. 
The use of physiopathological makers like amaylodo makers on cerebrospinal fluid (CSF) and 
roimaging makers creates possibilities of establishing "in vivo" AD's biological diagnosis in focal 
cortical syndromes (Nicoll et al. 2003). 





Scientific studies indicate that the Aβ (A-beta) peptide main contributor to the AD. 
Illustrations from the amyloid cascade state that the Aβ peptide collect into plagues and triggers 
several events leading to the death of neuronal cells thus causing dementia. The same scenario 
also applies in the case of the AD since it is one of the major forms of dementia (Salloway et al 
2014,). However, the Aβ peptide has been targeted through the application of scientific 
immunotherapy to halt the prevalence of AD. Application of immunotherapy enhances the 
conversion of Aβ peptides from their soluble form to toxic oligomers, β-sheet-rich, as well as into 
organized fibrils that finally collects into plagues (Salloway et al., 2014). Conversely, the toxic duty 
played by the Aβ aggregates present in AD brains has not been clearly explained. Besides, senile 
plagues were regarded as the toxic species found in an AD over a long time. Within the aged 
rhesus monkey's brain context, neuron's toxicity are introduced by the Aβ fibrils in the plagues 
vicinity. Recent studies state that the application of immunotherapy on AD significantly plays a 
protective role as opposed to its toxic effects since it enhances the process of plague accumulation 
(Wuchter et al., 2015). Therefore, contrary to the therapeutic treatments that are hypothesized to 
be insignificant in reversing or stopping the aggregation of Aβ which results to AD pathogens, both 
the active and passive Aβ immunotherapies have been approved to be essential in reversing and 
clearing the Aβ disposition (Schneider et al. 2014). The Aβ vaccination (AN1792), an active 
immunotherapy vaccination has been analyzed to have the capability of reducing the plague 
burden in the brain cell and in the T-cells. Also, the application of antibodies on AD patients has 
shown significant enhancement of the memory measures of the patients. Furthermore, anti- Aβ 
therapy can still be employed as a viable choice in AD treatment if potential dangerous 
proinflammatory can be avoided. 

Active immunotherapy entails immunization with antigens stimulating the immune 
response (Van Dyck, 2017). The antigens can generally be immune stimulants such as activated 
immune cells or immunoglobulin which are used in the stimulation of brain cells and to trigger the 
response of the immune system of the patient. Importantly, the use of Amyloid-beta as an active 
immunotherapy for the AD was first introduced by Schenk alongside coworkers in 1999 (Valera, 
Spencer, and Masliah, 2016). Passive immunotherapy entails antibodies and other components of 
the immune system which are manufactured outside the body particularly in the laboratory and 
administered to patients objectively to provide immunity against a specified disease so as to 
enable them to fight an infection. Passive immunotherapy does not work like a vaccine in 
stimulating the immune system of a patient. According to Weksler (2004), passive 
immunotherapy has gained much limelight as it is perceived to be the safest alternative to 
immunotherapy compared with active immunization depicting a variety of setbacks. Most of the 
patients vaccinated by the notorious AN-1972, an active immunotherapy end up 
meningoencephalitis. Extensive experiments conducted on animals with an effort to determine the 
efficacy of passive or active immunotherapy in the treatment of AD depict that passive vaccination 
is more effective and has very limited setbacks (Wilcock, et al. 2004). Hence, the efficacy and 
safety of the trials have identified passive immunotherapy as one with the ability to address the 
problem of AD thus giving hope for modification of Alzheimer disease. 





 

The recent developments in preclinical studies based on animals have exhilarated 
humanized antibodies development necessary for clinical trials. The antibodies are developed to 
provide a safety guarantee for clinical trials. One of the key antibodies is bapineuzumab which is 
an IgG1 (humanized monoclonal immunoglobulin G1) antibody which identifies the Aβ1–5 region 
(Ayari-Riabi et al., 2016). Preclinical analysis indicated a reduction in the plague problem in 
transgenic mice. The second phase of the trial depicted that bapineuzumab immunization 
effectively abridged the level of cerebral Aβ, total levels of tau, as well as hyperphosphorylated tau 
found inside cerebrospinal fluid if compared with placebo-treated mice. Nonetheless, the antibody 
never depicted a noticeable change in AD mice compared with the placebo group (Ayari-Riabi et 
al., 2016). Post clinical trials indicated a significant effect in apolipoprotein (Apo)ε4 non-carriers 
although approximately 9% of the mice depicted vasogenic cerebral edema. In the third phase of 
the clinical trials, there were no indications of improvement both from the AD patients who were 
noncarriers or those carrying the Apoε4 allele. Solanezumab is another antibody that has been 
used in the clinical trials of the active immunotherapy in mice (Hanaei et al. 2018). The antibody 
recognizes the Aβ13–28 region and shows limited empathy for fibrillar materials. However, the 
antibody showed no characteristic of microhemorrhage, meningoencephalitis, or vasogenic edema 
as observed in the second phase of the clinical trials. Also, solanezumab treatment never 
encouraged any sort of improvement in cognition. Consequently, there are still some looming 
uncertainties over the implications of removing the Aβ plague from the brain of mice having 
grounded AD pathology. It is not explicitly illustrated whether other characteristics of AD 
pathology including synaptic as well as the neuronal loss will be affected or if cognitive 
improvement analogous observed from immunized DA mice will occur.  

A large number of the models of the amyloid animal depend on the Mendelian genetic 
mutation found in the pathway of PP or PSEN genes in which the familial AD cases indicate below 
one percent of the total population of AD worldwide. Hence, the sporadic AD has not been 
addressed effectively via the available amyloid transgenic models. However, the greatest 
percentage of Aβ-based animal models only show Aβ and without NFT pathology as opposed to 
postmortem tissues (Hanaei, et al. 2018). Contrarily, the convincing hypothesis that tau is 
imperious for neurodegeneration has contributed to the establishment of a series of tauopathy 
mouse resembling a model like pR5, JNPL3, and PS19 that expresses mice tau without Aβ 
pathology. The passive immunization with proper amyloid beta (Aß) antibodies have indicated 
the potential of reducing the amyloid disposition in the cells of hAPP transgenic mice as well as 
humanized monoclonal antibodies to several Aß  epitopes as indicated from the several clinical 
trials. The last three years have marked significant developments in the field of tau which is likely 
to create a significant implication in the development of strategies targeting aggregates of soluble 
tau (Eger et al. 2016). However, the perception that the tau pathology has the ability to diffuse 





from one cell to another especially in prone-like fashion has been confirmed by distinct 
laboratories. Besides, more publications affirm the continuous spread of pathological tau in some 
transgenic mouse models which further affirms the existence of extracellular tau species that are 
significant in the emergence of the disease. The recent analysis from different clinical laboratories 
has firmly affirmed that passive immunotherapy can be effective in halting the tau accumulation 
development. The study indicated that monoclonal antibodies MC1 alongside DA31/PHF1 
recognize the AD-specific tau both in the AD brain and the normal brain. Similarly, the trials 
indicated that MC1 is very effective in reducing the tau burden. Hence, passive immunotherapy is 
regarded as effective in treating the non-human primates with the AD. 

The first clinical trial conducted using active immunotherapy for AD failed as a result of 
adverse effects. The first immunization trial entailed a mixture of adjuvant QS-21, recognized as 
AN1792 and Aβ-42 peptide. The clinical results obtained from the clinical trials depicted very 
limited distinction between the placebo group and the antibody in the treatment that entailed 
several behavioral assessments. The tests included AD Assessment Scale-cognitive (ADAS-Cog), 
Clinical Dementia Rating, Dementia Disability Assessment, Mini-mental State Examination, as well 
as Clinical Global Impression of Change (Delrieu et al., 2014). Although the first phase indicated 
significant tolerability, the second phase was interrupted since approximately 8% of the 
immunized patients developed meningoencephalitis. Similarly, a follow up on the individuals who 
were vaccinated by AN1792 in the first phase showed a clearance of amyloid plagues without 
halting the disease's progression, and there was no evidence of neurodegeneration reduction after 
a period of five years. The post-mortem analysis from the clinical trials illustrated that the 
infection of the brain was characterized with the activation of T-cells depicting a relation sequence 
of the protein provided that the Aβ-carboxyl terminus comprises of epitopes for T-cells. Hence, 
distinct N-terminal Aβ peptides such as ADO, ACC-001, ADO2, CAD 106, as well as ACI – 24 were 
derived and are currently in the second phase of the clinical trial. Patients immunized with the Aβ 
peptide identified as CAD106 indicated adverse effects such as injection site erythema and 
nasopharyngitis (Sankaranarayanan et al., 2015). The clinical trials conducted on ten patients 
subjected the patients to adverse effects although none indicated a relationship with the peptide. 
However, the treatment augmented total levels of Aβ and abridged free Aβ in plasma. Moreover, 
there were no significant alterations in the level of Aβ in cerebrospinal fluid. 

Clinical trials regarding passive immunotherapy on AD human provides illustrations on the 
Selective Aȕ42 lowering agents. The clinical experiment illustrates that formation of Aβ through 
the transmembrane protein cleavage whereby it is eventually cleaved by secretase and β secretase 
(the competing enzymes). In Alzheimer’s disease, β-secretase is the most dominant pathway. 
BACE1 which is a β – secretase enzyme promises a target although it has two basic problems. The 
first issues s that it has major physiological responsibilities implying that its inhibition may have 
some toxic effects (Sankaranarayanan et al., 2015). The second effects are that the active site of 
BACE 1 is large and have many bulky compounds. Numerous clinical trials indicate that passive 
administration of immunotherapy on a human can be effective or ineffective depending on the 
time of the vaccine administration in the treatment of AD. All the clinical trials conducted by mAbs 





against distinct epitopes found in Aβ1-42 molecule failed to prevent or enhance cognitive. 
Nonetheless, the trials have not indicated clearly whether the passive immunotherapy treatment 
will be able to effectively eliminate the deposits of Aβ peptide alongside plagues as well as toxic 
species or not.  

Active immunization is guided by the basic concept of priming the immune system to 
recognize the antigens as foreign proteins so as to mount effective responses against them (Hardy 
& Selkoe, 2002). The most common strategies of active immunization are used against bacterial 
(typhoid, pertussis, meningitis), viral (hepatitis, influenza, chicken pox), and toxin (tetanus, 
diphtheria) antigens. In active immunization, the antibody-producing cells (B-cells) enter 
maturation processes including the removal of all cells that could possibly generate antibodies 
against the proteins already being made by the body in the B-cells tolerance process. The situation 
ensures that the immune system does not generate antibodies accidentally or mount an immune 
system against itself. In this regard, the clinical intervention to induce immune responses against 
Aβ (endogenous protein) would require that self-tolerance be broken (Dodart et al., 2002). 
Considering that the brain is an immune-protected organ and owing to the possibility of limited 
transportation of antibodies from the blood to the brain due to the difficulty in transiting across 
the BBB, active immunization induces the immune system to produce proteins with specific 
receptors on the BBB to be transported to the neural side for the protection of the brain. Therefore, 
active immunization could prevent the plaque formation and progression bringing a breakthrough 
in the treatment of AD as a therapeutic clinical process that directly targets the accumulation and 
generation of Aβ proteins (Bruckmann et al., 2017). Clinical treatments use full-length Aβ42, for 

instance, as an active vaccine with adjuvants to prime the immune system in treating AD. In the 

treatment of AD, the patients administered with the Aβ protein show a significant response to the Aβ 

antigen clearing of the hippocampal Aβ plaque and reduction in the plaque density coupled with 

reductions in the levels of phosphorylated tau compared to the non-treated AD patients (Landlinger et 
al., 2015). 

Passive immunization shows success in the treatment of disease the present with the “self-

antigens” (Laskowitz & Kolls, 2010). Active immunization which follows the well-known paths of 

vaccination proven to be successful in the clinic at treating and preventing the diseases that present as 

“foreign antigens” such as toxins, viruses, and bacteria. Contrary to active immunization, passive 

immunization, instead of priming the immune system to not only sustain but also generate immune 

responses against the novel antigens, its premise is to identify the epitope in the laboratories so as to 

generate antibodies ex vivo which are then injected directly into the patients (Wisniewski & Goñi, 
2015). The advantage of the approach used in passive immunization is that it directs the epitopes to 

which the antibodies will be targeted, the isotope of the generation of antibodies, and the dose interval 

and delivery of antibodies (Dai et al., 2015). Unlike active immunization, one of the disadvantages of 

passive immunization is that it has the possibility of requiring continuous dosing of the generated 

antibodies by the AD patients. However, in regards to the treatment of AD, passive immunization has 

been proven to better than active immunization. In active immunization, antibodies are developed 

against the N-terminus of the Aβ protein. 





The treatment of AD with the antibodies shows significant reductions in the CNS Aβ and 

reversed memory deficit in the recognition of objects. On the contrary, passive immunization through 

the ponezumab, crenezumab, gantenerumab, and solanezumab clinical trials have proven that the 

humanized antibodies developed in the laboratories against the Aβ1-11 antigens are effective in binding 

both the plaques and amyloid fibrils (Bard et al., 2003). The treatment of AD using passive 

immunization reduces the brain amyloid loads without causing an increase in the levels of plasma Aβ, 

specifically using the gantenerumab (the only fully developed human antibody). Therefore, though both 

active and passive immunizations cause a reduction and clearance of plasma and cerebral concentrations 

of the amyloid-β and other molecules associated with the development of the Alzheimer’s Disease, the 
passive immunization is better and more efficient as it leads to more promising clinical results in 
the treatment of AD than active immunization. Passive immunization is a promising treatment 
both in the prodromal and advanced phases of AD and the associated development of biomarkers 
is useful in monitoring adverse effects of the therapy. The process of monitoring of adverse effects 
of the treatment is crucial in improving safety and increasing the positive clinical outcomes in the 
Alzheimer’s disease immunotherapy (Bard et al., 2000). 

The immunotherapy against AD are dominated with the lack of acetylcholine, glutamate 
transmission, and concept of amyloid hypothesis in Aβ pathway. First, the lack of acetylcholine in the 

immunotherapy against AD has been determined to be responsible for the loss of cholinergic tone in the 

brain leading to the gradual cognitive decline. As result, measures have been taken to enhance the 

acetylcholine responses. There is enhancement of the acetylcholine responses by the 

acetylcholinesterase inhibitors for the treatment of AD. Currently, rivastigmine, donepezil, and 

galantamine are three main cholinesterase inhibitors being used in the immunotherapy of AD to reduce 

the activity of acetylcholinesterase (Mo et al., 2017). These agents slow the loss of cognitive functions. 

Also, the acetylcholine responses are enhanced using the 5-HT6 receptor antagonists. The serotonergic 

neurotransmitter systems are impaired as AD progresses and develops, therefore, modulation of these 

pathways is considered to be of therapeutic values. 5-HT6 receptor antagonists enhance the cholinergic 

neurotransmissions which consequently activate the specific serotonin 5-HT receptors expressed in the 

hippocampus and cortex brain areas responsible for the memory and learning processes. 
Second, there is status quo in the immunotherapy processes against AD affiliated to the 

glutamate transmissions. Excitotoxicity that results from the excessive activations of the N-
methyl-D-aspartate (NMDA) receptors are likely to enhance the localized vulnerabilities of 
neurons in manners that are consistent with the neuropathology of Alzheimer's disease. However, 
Memantine is the only NMDA receptor antagonist that continue to be used in the clinical treatment 
of AD to date. Though Memantine cannot prevent neuronal losses, it is effective in the protection 
of neurons from glutamine-mediated excitotoxicity. Despite the status quo in its dominant use, 
Memantine use in the treatment of AD remains controversial with conflicting reports being issued 
from different meta-analysis (Kazim et al., 2017).        

 Third and finally, the status quo with the immunotherapy against AD relates to the concept 
of the amyloid hypothesis in the Aβ pathway. Aβ is derived from the amyloid precursor proteins (APP) 

in two-step proteolysis reactions by the membrane-bound enzyme complexes, β-secretase (BACE) and 

γ-secretase. The Aβ (amyloid) hypothesis issues the contention that depositing the Aβ peptide in 

the brain in the main factor causing AD pathology (Kazim et al., 2017). Until today, the development of 





potential and clinical treatments of AD continues to be guided by this hypothesis. Besides, the 

hypothesis has further been supported by compelling emerging clinical and preclinical evidence as the 

key role for the Aβ dyshomeostasis in the initiation of the AD and its treatment. Hence, the γ- and β-
secretase have maintained the status quo of attracting strong interests as the potential targets for 
monoclonal antibodies and drugs that are used to reduce the Aβ depositions. As a result, 
immunotherapies against AD have been regarded as therapeutic approaches via both passive and 
active vaccines against Aβ (Bruckmann et al., 2017). 

The world, specifically the medical scientists and care professionals (doctors and nurses) 
think that immunotherapy plays a critical role in the pathogenesis of AD subsequently leading to 
Aβ being a target for both the active and passive immunotherapies (Kohyama & Matsumoto, 
2015). Personally, I similarly think that the immunotherapies through the use of active and 
passive immunizations provide hope in the effort to fight against, prevent, and treat Alzheimer's 
disease, specifically at the early stages. For instance, considering the two primary types of 
immunotherapies namely “Amyloid-β (Aβ) directed immunotherapies” and “Tau directed 
immunotherapies,” different aspects of usability come into play. Aβ directed immunotherapies 
mostly employ a passive approach by using the anti-Aβ b monoclonal antibodies in the clinical 
trials of treating AD. These immunotherapies have successful effectiveness when used to 
neutralize and clear the toxic forms of amyloid peptides and the progression of the AD. The 
immunotherapies are also appropriate when used to treat AD in the cases where plague is already 
is in the early stages of development (Holmes et al., 2008). 

On the contrary, Tau directed immunotherapies are used in assisting to stabilize the 
cytoarchitecture, particularly the neurons. Since Tau exists as a protein within the cells, it plays 
crucial roles in the normal processes of neural functioning. When aggregated and misfolded, Tau 
becomes one of the major components of neurofibrillary tangle characteristics and amyloid 
plaques for AD (Pedersen and Sigurdsson, 2015). However, with the use of active 
immunotherapies coupled with phosphorylated tau epitopes, the treatment of AD at the early 
stages has been made possible. Tau directed immunotherapies elicit immune responses against 
pathological conformers of phosphorylated tau epitopes without mounting autoimmune reactions 
against the physiological forms of ubiquitous intracellular proteins. Thus, to improve 
immunotherapy against AD so as to make it much useful when it comes to clinical treatment and 
prevention of the disease progression, it is imperative to use the Intravenous Immunoglobin (IVIG) 
which improves the preparation of human polyclonal antibodies (Hock et al., 2003). IVIG alters the 
levels of amyloids in the plasma causing a major impact on the progression of the AD. Besides, 
IVIG facilitates the production of anti-prion protein antibodies which reduce Aβ-related 
synaptotoxicity providing vivo evidence of the principle for therapeutic strategies in treating AD 
(Lopez et al., 2009).  

The BBB (Blood-Brain Barrier) controls the passage of substances from the blood to the 
CNS (Central Nervous System). Therefore, there is a major challenge when it comes to the delivery 





of the monoclonal antibodies following either passive or active immunization in the 
transportation of these large proteins to the CNS. The receptors expressed on the endothelial cells 
of the BBB function to enhance the capturing of proteins in the blood, transcytose and endocytose 
the receptor complex and protein to the neural side of the cells where the proteins are released. 
Thus, targeting the receptors on the BBB could facilitate the transportation of "cargo" proteins to 
the CNS. The approach has been used to target the process of transporting peptides and proteins 
across the BBB efficiently so as to deliver monoclonal antibodies for passive vaccination 
immunotherapy for the AD. The monoclonal antibodies are cleared from the CNS through the 
mechanism of Fc receptor expressed on the microglial cells. These techniques show that there are 
novel methods that can be used to improve the penetration and concentration of 
immunotherapeutic antibodies in the CNS. Hence, targeting the brain and active transport across 
the BBB may prove to be synergistic in the field of AD immunotherapy and needs to be actively 
investigated. 

 Alzheimer’s disease is the most common form of dementia involving the accumulation of 
intra-neuronal Tau and as well as extra and intra-neuronal Aβ. Currently, there are over 35 million 

patients with the AD and about 5 million patients in the United States. Clinical trials on the Aβ 

immunotherapy for the treatment of AD has shown promise. Active immunization with N-terminus Aβ 

and passive immunization with monoclonal antibodies targeting the Aβ continue to show increased 

safety margins in the treatment of AD. The use of active and passive immunization are effective 

approaches showing clinical efficacy in the treatment of the disease and improving penetration of the 

antibodies to the brain. The active and passive immunizations are helpful in the in the treatment of 

individuals with AD prior to the onset of the symptoms and development in the lab on the strategies 

focused on helping improve the penetration and transportation of the antibodies to the CNS. 

 Anti-amyloid-beta antibodies are produced through active immunization and are used in 
the treatment of AD by facilitating the antibody-mediated FcR-independent and FcR-dependent 
mechanisms for the removal of Aβ from the brain. The removal of Aβ from the brain improves the 

antibody-mediated direct disassembling of plaques, clearance of the plagues by the phagocytosis, 

prevention of the Aβ aggregations, neutralization of the oligomer toxicities, peripheral sink effects by 

clearing the Aβ in circulation, intracerebral sequestration of Aβ in monomeric states, hydrolysis of Aβ by 

the IgM, and antibody independent for the cell-mediated plaques. The clinical trials with the use of the 

antibodies that target different forms of Aβ such as crenezumab, gantenerumab, and solanezumab are 

advancing the use of anti- Aβ monoclonal antibodies to neutralize and clear the toxic forms of amyloid 

peptides using amyloid-based therapies.           
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The 21st century is associated with remarkable evolutions in the scientific field 
characterized by technological advancements. Among the developments include the emergence of 
computational biology, a scientific field that has received immense acknowledgment for bringing 
together standard biology with the enormous computing power of algorithms on software. The 
combination is approved to be the most efficient molecular manipulating method concerning cost 
and time (Sorek, Lawrence, & Wiedenheft, 2013). Through computational biology, scientific 
processes that would have consumed years worth of time can be reduced to a matter of minutes. 
For example, the process of establishing molecular combinations that produce effective drugs has 
been dramatically shortened through the use of computers which, through the analysis of mass 
data, rapidly simulate different molecular compositions without physical experimentations.  

Some software, for instance, Basic Local Alignment Search Tool (BLAST), help scientific 
researchers compare two DNA sequences each with possibly millions of letters, provide analysis 
on how they are significantly related, and point out the specific region of the sequence coding for 
the protein. The study has focused on discussing a standard molecular modeling software known 
as “Abalone” which allows its users to simulate macromolecular construction including 
hydrocarbons and proteins that are considered as the basic building blocks of all living organisms. 
The study focus has provided more insight into the occurrence of complex biological phenomena 
at the molecular level. Other than this software, there is still a crucial area in computational 
biology being developed by several scientists that are expected to permanently change the face of 
genetic engineering (Alkhnbashi et al., 2014). The Scientists’ specific area of concern is the 
Clustered Regularly Interspaced Short Palindromic Repeats (CRISPR), a revolutionary genetic 
engineering method derived from bacteria that makes swift and cheap genetic modification a 
reality. The implementation of the CRISPR system is one of the strongest chances that scientists 
have towards discovering defenses for diseases currently considered incurable such as cancer and 
HIV; moreover, CRISPR is also making significant contribution in finding efficient methods of 
developing stem cells that could even solve the world concerned issue of a scarcity in the supply of 
organs. Therefore, as the study on the scientific technologies progresses, the work has indulged 
into an in-depth understanding of CRISPR which is an example of how computational biology has 
emerged in the current society. 





There are three fundamental modeling software arising from the field of computational 
biology: Ascalaph Designer, Abalone, and force fields. Each of the software has been discussed 
categorically as illustrated below to obtain maximum insights into how they work and their 
efficiency.  

Ascalaph Designer is a program designated for creating molecular models. It provides open 
grounds for ordinary quantum and classical molecular modeling programs including NWChem, 
CP2K, Firefly, ORCA, and MynaMix. Some of the calculations covered in molecular mechanics 
under Ascalaph Designer include model building, molecular dynamics, and energy optimization. 
PC, GAMES currently identified as Firefly, covers a range of methods based on quantum chemistry. 
However, as illustrated by Combet et al. (2002), it is imperative to note that Ascalaph Designer is a 
general purpose molecular modeling software that can simulate the development of molecular 
structures released under the consent of Version 2 of the GNU General Public License (GPLv2).   

Abalone is a molecular modeling software designed for macromolecular simulations such as 
proteins and DNA. The software supports both implicit and explicit solvent models (Vinter, Davis, 
& Saunders, 1987). Unlike Ascalaph which is tailored towards the simulation of small molecules, 
Abalone focuses on modeling biopolymers, allowing us to observe their behavior in specific 
environments. In addition, it also offers effective methods such as hybrid Monte Carlo and Replica 
exchange. There are other two key things to note about Abalone that do not exist in other 
molecular modeling software. The first important point is that with Abalone, it is possible to 
simulate protein folding as well as to construct desired hydrocarbons. The second important point 
is that apart from forming macromolecules, Abalone can also run dynamic simulations; for 
example, it can set a specific temperature and simulate how a specific protein will respond, and 
this provides a picture of in what form these proteins exist in living organisms that have set body 
temperatures.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 





 

It is often advisable for one to be much vigilant when defining a “force field” in the context 
of molecular modeling to avoid getting confused with the term (force field) as used in classical 
physics. In the context of molecular modeling, the term “force field” is a parameter and a 
functional form applied in the calculation of the potential energy of atomic systems or coarse-
grained particles existing in the simulations of molecular mechanics as well as molecular 
dynamics (Guberman-Pfeffer,  lcickas, & Gasc n, 2015). The energy function parameters may be 
used in calculations conducted in chemistry, physics, or quantum mechanics experiments (Hall et 
al., 2017). An important fact is that the basic potential energy’s functional form in molecular 
mechanics entails bonded atomic interconnection terms linked by a bond referred to a covalent 
bond. Also, force fields can support protein modeling when combined with nucleic acids, lipids, 
carbohydrates, alongside other small molecules. The reason for applying these force fields is that a 
protein, a highly complex macromolecule, may consist of hundreds of atoms, and each of these 
atoms have far too many degrees of freedom which exponentially increases the number of 
conformations that a single protein can take. Therefore, the main purpose in applying force fields 
is to significantly narrow down the possible conformations, since the force fields act as 
parameters that limit the degrees of freedom each atom has.  

The continuing developments in molecular dynamics simulation demands for an 
improvement in force fields used and the ability to sample models of distributions. Recent 
advances made in both areas have enabled multi-microsecond simulation of two fundamental 
proteins including ubiquitin and Protein G, via the use of different force field numbers (Guvench & 
MacKerell, 2008). Even though the force fields often share a general mathematical form, there is a 
difference in the philosophy and the parameters in which they are derived from. Numerous 
experiments have been conducted to provide insights into the relationship existing between force 





field parameterization, the resulting conformation ensemble, and the experiments’ level of 
agreement. The outcome of the results indicates that at coarse levels, preservation of most 
emotional properties takes place across several force fields, though not all. However, at finer 
levels, there is a distinctive difference both in the structure and the two proteins’ dynamics which 
can, in conjunction with experimental data comparison, be helpful in the selection of protein-
simulation force field (Henri ues, Cragnell, & Skep , 2015). 

Based on the persistent developments in the scientists’ ability to generate conformation 
samples, several significant molecular mechanic force fields’ developments have been seen in the 
recent years. Through the use of the Anton computer, a two-small protein 10-microsecond 
simulation experiment was performed on Ubq (ubiquitin) and Protein G B3 domain (GB3) via the 
use of eight distinct protein force fields alongside a water model identified as TIP3P. The resulting 
ensembles were then compared to a broad experimental data range alongside contemporary 
studies which focused on several distinct force fields and experimental data sources (Ye, McGinnis, 
& Madden, 2006).  

The comparison requires a sensitive probe for structure and dynamics validations for as 
described by molecular dynamics (MD) simulation. From the experiment that involved evaluation 
of the eight force fields through the 10-microsecond simulation, three distinct agreement levels 
were established between simulation and experiment (Lapthorn et al., 2015). The first level 
constituted of four force fields including CHRN22*, CHARMM27, Amberff99SB*-ILDN, and Amber 
ff99SB-ILDN which contributed to a recognizable agreement between simulation and experiment. 
The second level constituted of two force fields, Amber ff03, and Amber ff03* which are much 
related. They resulted in an intermediate agreement level with experimental data. The final level 
which was also inclusive of two force fields, OPLS AD CHARmM22, like the second level resulted in 
a significant agreement with experimental data on a very short timescale (Mi et al., 2016). 
However, the level encountered an extensive conformational drift in a simulation which 
characterized a decrease in agreement upon a simulation comparison with the experiment.  

The studies on flexible peptides and the force field’s ability to fold proteins to the natural 
states afford a systematic analysis of numerous force fields commonly employed. However, the 
MD force field evaluation in the essential subspace illustrates that the ensembles produced by the 
CHARMM22 force field had a more extensive region of conformation compared to the simulations 
remaining (Piana, Klepeis, & Shaw, 2014). The results obtained from such experiments affirm the 
evidence of continued accuracy improvement on force fields characterized by minor alterations in 
the potential of torsion for the side chain and polypeptide backbone. Likely, the study in 
conjunction with other significant considerations like software implementation as well as 
parameter availability for molecules apart from proteins is very important in several ways. For 
instance, when crafting simulation studies based on the relationship existing between protein 
structure and its function or when conducting a survey of the biophysical properties of peptides 
and proteins (Coordinators, 2017). 

To complement the approach towards the evaluation of the force fields’ choice effects in 
molecular dynamics (MD) simulation, it is important to directly compare structural ensembles by 
direct quantification of the existing overlap between the conformational spaces which are defined 
distinct groups (Timiri eta al., 2015). Therefore, the concept of Principal Component Analysis 
(PCA) becomes much appropriate in this context since it provides a robust and straightforward 
approach of analyzing the structures observed in MD simulations. For instance, the concept of PCA 
had been employed previously in comparing simulations depicting distinct force fields to a 





conformational ensemble derived through experiment. Also, it has been used in the evaluation 
process on the quality of sampling attained from MD simulation.  

 

 
The figure indicates the conformation distribution of (A) GB3 and (B) Ubq as projected 

laterally to the first principal components. The results indicated from the figure belongs to the 
PCA’s simulation with the eight force fields studied earlier.  

Assisted Model Building with Energy Refinement (AMBER) is categorized under the 
umbrella of force fields for MD (molecular dynamics) of biomolecules. The software was 
developed originally developed at the University of California in San Francisco by a group headed 
by the late Peter Kollman (Wang et al., 2006). AMBER also refers to the MD software package 
stimulating force fields. The functional forms as used in AMBER include numerous parameters 
whereby each member of the AMBER force field family provides values for the parameters 
alongside their own names. The functional form of the AMBER force field is as shown in the image 
below. 





 

The e uation defines the system’s potential energy whereby the force is the derivative for 
the potential which is relative to its position. Similarly, AMBER has an energy function which is 
represented by the image shown below (Slingsby, Vyas, & Maupin, 2015). 

 

Scientifically, it is essential to have the force field’s parameter values such as e uilibrium 
bond lengths and angles, force constants, as well as charges to effectively use AMBER force field. 
According to illustrations provided by numerous scientific studies, there is evidence that the 
parameter sets exist in fairly large numbers and are described extensively under the AMBER 
software manual for the user. As argued by Hart et al. (2011), it is imperative to note that every 
set of a parameter is named and similarly avails parameters for specific molecular types. The 
naming strategies are illustrated as follows. The nucleic acid, protein, and peptide parameters are 
given by parameter sets with names starting in “ff” with a two-year number, such as “ff99.” 
Contrarily, General AMBER force field (GAFF) avails small organic molecules’ parameters that 
facilitate the drug simulation as well as small ligands together with biomolecules. Besides, 
GLYCAM force field developed through the efforts of Rob Woods to assist in the simulation of 
carbohydrates.  

The software provides several sets of programs towards the application of the AMBER     
force field to the biomolecules simulation. The software is written in the Fortran 90 and C 
programming language with extensive support towards most vital compilers and Unix-like 
operating system. Its development mostly takes place in academic labs by loose associations 
whereby most of its new versions are often released during springs of the years having even 
numbers. For instance, AMBER 10 was developed and released in April 2008. The AMBER 
software programs include “LEaP” which is used in the preparation of simulation programs’ input 
files also Antechamber which is essential in the small organic molecules parameterization process 





through the use of GAFF (Hart et al., 2011).  Another program includes “Simulated Annealing with 
NMR-Derived Energy Restraint” (SANDER) which is modified as the central simulation program. It 
provides energy minimization facilities alongside molecular dynamics depicting a wide range of 
options. The next program identified as “Pmead” which scientific analysis perceives to be having 
insufficient features. The program was designed by parallel mind processing, and it carries out its 
functions more efficiently than SANDER when operating on 8-16 processors or more. Another 
AMBER program is identified as “mode” which is effective in the calculation of normal modes. The 
following program is known as “ptraj” that facilitates the analysis process of the simulation results 
numerically.  However, visualization capabilities are not entailed in AMBER since it is often 
performed by VMD. Besides, “Sirius” has been developed as a new alternative for visualization.  
The last program in the AMBER software is “MM-PBSA” which enables implicit-solvent snapshot 
calculations characterized by simulation of dynamic molecules.   

Chemistry at HARvard Macromolecular Mechanics (CHARMM) is a set of force field that has 
been used extensively in reference to macromolecular dynamics. Also, CHARMM is viewed to be 
the name referring to MDS (molecular dynamics simulation) that is associated with the analysis 
package (Hemmingsen, et al., 2004). The development project of CHARMM that inclusive of 
developers’ network running throughout the world working in close collaboration with Martin 
Karplus. Besides, Karplus’s work in conjunction with his group based in Harvard towards the 
development and maintenance of the CHARMM program. The following are some of the 
CHARMM’s force field for proteins. CHARMM19 is used for united –atom, CHARMM22, that is 
usable for all protein atoms, CHARM22/CMAP which is applicable in dihedral potential corrected 
variant, and CHARMM27 used in RNA, DNA, and lipids (Zhao et al., 2010). Also, it is imperative to 
note that there are specific force fields that can be combined, for instance, CHARMM22 and 
CHARMM27 may be combined purposely for protein simulation and DNA binding. The CHARMM 
software is written in Fortran 77/95 language with support for compilers and Unix-like system 
(Wiberg & Rablen, 1993), and incorporates advanced features: FEP (free energy perturbation) 
correlation analysis, quasi-harmonic entropy, and the QM/MM method (quantum and molecular 
mechanics methods). 

Nucleotide and protein sequence comparison is a powerful molecular biology tool: by 
obtaining similarities with sequences that are already known, scientists gain a general idea on 
what functions the new sequences are responsible for. As a result of genome sequencing, 
similarity sequence searching can be adapted to predict the function and location of protein-
coding as well as genomic DNA’s transcription regulatory regions (Pronk et al., 2013). BLAST 
(Basic Local Alignment Search Tool) is the most frequently used tool in the calculation of sequence 
similarity. The tool appears in variations that are usable with distinct query sequences against 
different databases. According to McGinnis & Madden (2004), all the applications formed in 
BLAST and the information to be used by BLAST program alongside other significant 
documentation are recorded on the tool’s (BLAST) homepage. Besides this knowledge, it is 
recommendable to analyze how the tool works, its outputs, as well as the manner through which 
the output alongside the program can be customized or manipulated further. There are several, 





but distinct BLAST variations available for use in the comparison of different sequences. For 
example, a comparison may be conducted between a DNA database and a DNA query and a protein 
query and protein database (Conesa et al., 2005). There are several adaptations associated with 
BLAST; for example, PSI-BLAST that is adapted to use a “position score-matrix” in the search for 
similarities in the iterative protein sequences. Another adaptation is depicted in PS-BLAST which 
is adapted to conduct searches on the protein domains in the CDD (conserved domain database). 
Therefore, the two adaptations are essential when contrasting sequence profiles.  

 Query sequence 

 DNA Protein 

DNA BLASTN TBLASTN 

Protein BLASTX BLASTP 

 

The BLAST algorithm relies on some specific shortcuts to perform a quick heuristic search, 
which means it is encoded to set two DNA sequences as similar if they have letters in common. 
BLAST compares two sequences with local alignments rather than global alignments, meaning 
that the program only compares subsequences rather than the entire sequence at once. A 
significant percentage of proteins appear to be modular, and their functional domains often get 
repeated within a single protein and across distinct proteins obtained from different species 
(Uribe et al., 2015). The BLAST algorithm is channeled to obtain the domains or shorter-
se uenced stretches similarities. Also, the alignment is a depiction that “mRNA” can easily be 
aligned through a genomic piece of DNA as often required in genome assembly and analysis. 
However, concerning motifs and domains, few similarities would be observed if the BLAST started 
local alignment by trying to align two or more sequences synonymously over the whole of their 
lengths. Furthermore, when submission of a query is made through the BLAST webpage, the 
sequence alongside other input data including the database candidate for search, expect value, as 
well as word size, are entered to the algorithm located on the server of BLAST. The BLAST 
operates by preparing a look-up table first, containing all “words” as well as “neighbor words.” 
Then, the sequence database is scanned for hotspots and it is employed in initiating gap-free as 
well as the “word” gap extension.  

BLAST does not directly search for GenBank flat files, instead, BLAST databases are fed with 
sequences. Every entry is divided into equal halves to form two files, one that entails the header 
information and the other one that is containing sequence information. Generally, the two 
divisions are the source of information used by the algorithm. Running the BLAST in a “stand-
alone” mode demands the data file to be inclusive of local, private data, or a downloaded NCI 
BLAST database.  pon looking up all “words” that are viewed to be possible from the se uence of 





queries and maximally extended, algorithm assembles the most efficient alignment for every 
query-sequence pair. It then records the information in ASN (SeqAlign) data structure. The BLAST 
Formatter located on its server can then utilize the information from ASN to retrieve similar 
sequences established then present the series in some ways. Hence, upon the completion of a 
query, the information can then be reformatted minus re-executing the search.  

 

 

After the BLAST has established a similar query sequence in the database, it is imperative to 
have some information the viability of the alignment, specifically to confirm whether it is “good” 
and if it portrays any possibility on the occurrence of any biological relationship. Similarly, it is 
viable to determine whether the observed similarities were just by chance. BLAST employs 
statistical theory in the production of E-value (expect value) and bit score for every alignment pair. 
The bit score indicates the strength of the alignment basing on the knowledge of “the higher the 
score, the better the alignment.” Contrarily, the E-value delivers an indication of the statistical 
importance of a specific pairwise alignment. Also, it makes reflections on the database size as well 
as the employed scoring system. In this case, the lower E-value signifies a more significant hit. 

In the 21st century, these major advances in the field of computational biology such as the 
establishment of software BLAST and Abalone are able to simplify the process of studying initially 
complex mechanisms like CRISPR. Placing this into perspective, not only are we able to determine 
the most probable structure of proteins involved in CRISPR, such as the Cas9 protein which are 
responsible for the deletion of segments of DNA in our sample, but we are also able to scan DNA 
strands consisting of millions of nucleotides and pinpoint which regions of the strand are actually 
transcribed into functional proteins. Therefore, just like computational biology offers significant 
support in understanding how CRISPR easily modifies genes, further studies should be conducted 
to establish new technologies under computational biology to tackle other scientific problems.   
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The paper goes over what would happen when deep learning methods are implemented for 
University Network Traffic. In order to predict the outcome, the paper will compare the network 
before the implementation of deep learning and after the implementation of deep learning. If the 
results show an increase in data transfer speed after the implementation of deep learning, it 
suggests that the implementation of deep learning in any network system will most likely improve 
the data transfer speed. The paper first defines what deep learning is. It then utilizes different 
methods of deep learning in order to train the system. The system will go through the training 
phase, testing phase, and the prediction phase in order to familiarize it with the current network 
system. Once it understands the network system, it will find the optimized network system in 
order to improve the speed of network connection. 

In the past, most universities have network traffic of information & communication 
technology center in all the faculties, institutes and units. Nowadays, most universities have 
implemented more web-based applications in order to support the academician and 
administrative activities in the teaching-learning process. These activities include financial 
information systems, human resources information system, academic information systems, e-
library, e-learning, etc. A good internet traffic regulation is required to support these web-based 
applications. This traffic regulation can be achieved by predicting the university network traffic 
using the past network traffic data. 

Currently, some common prediction methods that have been broadly implemented are the 
simple method regression analysis, decomposition, and exponential smoothing method. Though 
these methods are very well implemented in some predictions, they still have some drawbacks. A 
linear data can be predicted very well using these methods, but for non-linear data, the results are 
less accurate and they also can’t be applied to predict data that uses many factors [1]. However, 
predicting using the artificial neural network (ANN) model can give better results, and it is also 
very effective for predicting [2], in which, this method is found capable to work well on the non-
linear time-series data. Therefore, this tutorial paper will implement one of the artificial neural 





network models, namely the deep neural network model to predict the university network traffic 
using the past network traffic data. 

Deep learning is an active research area in the fields of artificial intelligence and machine 
learning. Deep learning has been proven to be the most effective approach for solving many 
complicated real-world problems like prediction, object recognition, natural language processing, 
speech and audio processing, information retrieval, multi-modal and multi-task learning, etc.  

Deep learning has different closely related definitions. Necessary definitions of deep 
learning are as follows. 

Definition 1: Deep learning is a class of machine learning techniques that is mainly used for 
pattern analysis and classification. 

Definition 2: Deep learning is a set of algorithms in machine learning that try to learn in 
multiple levels where each level is learning features or representations at increasing levels of 
abstraction. It normally uses artificial neural network models having more than one hidden layer. 

Definition 3: Deep learning is a new area of machine learning research, introduced with the 
aim of moving machine learning nearer to at least one of its original goals: Artificial Intelligence. 

Deep learning works due to the following reasons:  
The brain performs many levels of processing. Each level is the learning options or 

representations at increasing levels of abstraction. For example, the brain first extracts edges, then 
patches, surfaces, objects, etc., according to the standard model of the visual cortex. This study has 
inspired the researchers to develop deep learning models. Deep learning models attempt to mimic 
the working of the brain. They have more than one hidden layer for information processing- same 
as the brain.  

Shallow architectures work well in solving many simple or well-constrained problems, but 
they do not work well in solving complicated real-world problems like object recognition, natural 
language processing, speech processing, etc., because of their limited depth and representational 
power. But deep learning models work well in solving complicated real-world problems because 
of their deep architectures (more than one hidden layer) and representational power.  

Two types of deep learning networks are explained as follows. 

Supervised deep learning networks [3] are used for supervised learning tasks. They are also 
called discriminative deep learning networks. In supervised learning tasks, both input 
observations and output observations are given. During the learning phase, supervised deep 





learning networks try to find the connections between two given observations, namely inputs and 
outputs. These learned connections in form of weights can predict the outputs of new input 
observations that have not been previously learned. 

Unsupervised deep learning networks [3] are used for unsupervised learning tasks. They 
are also called generative deep learning networks. In unsupervised learning tasks, all input 
observations are given and no output observations are available. Unsupervised deep learning 
networks try to find the associations and patterns among input observations. 

We will use the deep neural network [4] to predict the university network traffic using past 
network traffic data. Deep neural network is a supervised deep learning network. Deep neural 
network is a neural network that has two or more hidden layers. The architecture of deep neural 
network is shown in figure 1. 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 
 
 
 

The leftmost layer of the network is known as the input layer. X1, X2 and X3 are inputs of the 
network. The rightmost layer of the network is called the output layer. Y1 is an output of the 
network. The middle layer of the network is called the hidden layer. It is called the hidden layer 
because its values are not observed in the training samples. The network is comprised of one 
input layer, two hidden layers and one output layer. The network has 3 input units, 5 hidden units, 
1 output unit. Node B1 represents 3 bias values, node B2 represents 2 bias values and node B3 
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represents 1 bias value. Bias values represented by node B1, B2 and B3 might be different. So, the 
network has a total of 6 bias units. The convention used for weights and bias is as follows:    

WX1-H11 denotes the value of weight associated with the connection between unit X1 and 
unit H11.  
BB1-H11 denotes the value of bias associated with the connection between unit B1 and unit H11. 
The activation function is denoted by f. The computation represented by this network is given as 
follows. 
 
H11 = f (X1WX1-H11 + X2WX2-H11 + X3WX3-H11 + BB1-H11) 
H12 = f (X1WX1-H12 + X2WX2-H12 + X3WX3-H12 + BB1-H12) 
H13 = f (X1WX1-H13 + X2WX2-H13 + X3WX3-H13 + BB1-H13) 
H21 = f (H11WH11-H21 + H12WH12-H21 + H13WH13-H21 + BB2-H21) 
H22 = f (H11WH11-H22 + H12WH12-H22 + H13WH13-H22 + BB2-H22) 
Y1 = f (H21WH21-Y1 + H22WH22-Y1 + BB3-Y1) 
 

The network has only two hidden layers so the standard learning strategy is as follows. 

1. Randomly initialize the weights of the network.  

2. Apply gradient descent using back-propagation. 

This kind of network is useful if we are interested in predicting the output.  

The following back-propagation algorithm [5] can be used to train the deep neural network. 
The trained deep neural network can then be used to predict the university network traffic. 

Given: A set of input-output vector pairs. 
Compute: A set of weights that maps inputs onto corresponding outputs. 
Step 1: Let A be the number of units in the input layer, as determined by the length of the 

training input vectors. Let C be the number of units in the output layer. Now choose B, the number 
of units in the hidden layer. The input and hidden layers each have an extra unit used for bias. The 
units in the input and hidden layers will sometimes be indexed by the ranges (0,…,A) and (0,…,B). 
We denote the activation levels of the units in the input layer by xj, in the hidden layer by hj, and in 
the output layer by oj. Weights connecting the input layer to the hidden layer are denoted by w1ij, 
where the subscript i is the indexes of the input units and j is the indexes of the hidden units. 
Likewise, weights connecting the hidden layer to the output layer are denoted by w2ij, where the 
subscript i is the indexes of the hidden units and j is the indexes of the output units. 

Step 2: Initialize the weights in the network. Each weight should be set randomly to a 
number between -10.0 and 10.0. 
w1ij = random(-10.0,10.0)          for all        i = 0,…,A, j = 1,…,B 
w2ij = random(-10.0,10.0)          for all        i = 0,…,B, j = 1,…,C 

Step 3: Initialize the activations of the bias units. The values of these bias units should never 
change. 
x0 = 1.0 





h0 = 1.0 
Step 4: Choose an input-output pair. Suppose the input vector is xi and the target output 

vector is yi. Assign activation levels to the input units. 
Step 5: Propagate the activations from the units in the input layer to the units in the hidden 

layer using the following activation function. 
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             for all j = 1…..B 

Note that i ranges from 0 to A. w10j is the bias weight for hidden unit j. x0 is always 1.0. 
Step 6: Propagate the activations from the units in the hidden layer to the units in the 

output layer using the following activation function. 
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             for all j = 1…..C 

Here, w20j is the bias weight for output unit j. h0 is always 1.0. 
Step 7: Compute the errors of the units in the output layer, denoted δ2j. Errors are based on 

the network’s actual output (oj) and the target output (yj). 
δ2j = oj (1 - oj) (yj - oj)            for all j = 1…..C 

Step 8: Compute the errors of the units in the hidden layer, denoted as δ1j. 
δ1j = hj (1 - hj)  δ2  w2  

 
    for all j = 1…..B 

Step 9: Adjust the weights between the hidden layer and the output layer. The learning rate 
is denoted as n; its function is the same as in perceptron learning. A reasonable value of n is 0.05. 
∆ w2ij = n * δ2j * hi  for all i = 0…..B, j = 1…..C   

Step 10: Adjust the weights between the input layer and the hidden layer.  
∆ w1ij = n * δ1j * xi  for all i = 0…..A, j = 1…..B 

Step 11: Go to step 4 and repeat. When all the input-output pairs have been presented to the 
network, one epoch has been completed. Repeat steps 4 to 10 for as many epochs as desired. 

The above algorithm is for one input layer, one hidden layer and one output layer. However, 
the above algorithm generalizes straightforwardly to networks of more than one hidden layer. For 
each extra hidden layer, insert a  forward propagation step between steps 6 and 7, an error 
computation step between steps 8 and 9, and a weight adjustment step between steps 10 and 11. 
Error computation for hidden units should use the equation in step 8, but with i ranging over the 
units in the next layer, not necessarily the output layer. The speed of learning can be increased by 
modifying the weight modification steps 9 and 10 to include a momentum term α. If α is set to 0.01 
or so, learning speed is improved. 

For prediction of the university network traffic, the deep neural network goes through the 
following three phases. 

Deep neural network uses the pair of input and output values during the learning phase. 
During the learning phase [6], deep neural network tries to find the connections between the 
values of inputs and outputs. These learned connections in form of weights can predict the outputs 
of new inputs that have not been previously learned. 





Once the training phase has been successfully completed, we can test the accuracy of the 
deep neural network in the testing phase. Again, we know the values of all inputs and outputs in 
the testing phase. In the testing phase [6], we will compare the predicted output value and target 
output value in order to test the accuracy of the trained deep neural network. 

Once the training and testing phase has been successfully completed, we can use the deep 
neural network to predict the outputs of new inputs that have not been previously learned. 

This section presents domains in which deep learning methods can be successfully applied. 

Prediction [7] is the first area in which the application of deep learning methods has been 
found to be very successful at an industrial scale. Time is the only moving thing in the world that 
never stops. In the case of forecasting, the human mind is known to be more inquisitive as we 
know that things change with time. Therefore, we are concerned to make forecasts early. 
Anywhere time is an influencing factor, there is a hypothetically valuable thing that can be 
foreseen. 

Different types of forecasting we can make the deep learning methods do in real life. 
Business forecasting assists in forecasting/predicting the future values of a critical field which has 
a possible business value in the industry. Deep learning hierarchical decision models can 
successfully solve the problems in financial prediction and classification [8]. Deep learning can be 
successfully used to predict the university network traffic, internet traffic, vehicles traffic on 
highways, the health condition of a person,  results of a sport or performance parameters of a 
player based on previous performances and previous data, weather, earthquakes, rainfall, fog at 
airport, water quality, crypto-currency prices, stock market returns, human work efficiency in 
noisy environment, propagation path loss for mobile communications systems, fabrics’ extensibility, 
etc. 

Speech recognition is the second area in which the application of deep learning techniques 
has been found to be very successful at an industrial scale. The credit of this success goes to the 
Microsoft research department that initiated the research, forming a close group of academic-
industrial researchers to satisfy the industrial need for large-scale development [9]. 

Speech recognition has been dominated by the Gaussian mixture model - hidden Markov 
model system long time in the past. Neural networks were a popular approach but they had not 
been competitive with the Gaussian mixture model - hidden Markov model system. Deep learning 
and the deep neural networks have started creating their influence in speech recognition after 





close collaborations between the academic and industrial researchers in 2010. The following two 
factors quickly spread the success of deep learning in speech recognition to the speech industries. 
 

1. Deep learning techniques have significantly lowered errors compared to the Gaussian 
mixture model - hidden Markov model system. 

2. Strong modelling power of deep neural network has reduced system complexity. 

By 2013, the success of deep neural networks has been experimentally confirmed by major 
speech recognition groups such as Microsoft, Google and IBM, etc.  

Deep learning has also quite impacted their power in the area of audio and music 
processing. Deep learning has mainly impacted music signal processing and music information 
retrieval in the general field of audio and music processing. A unique set of challenges should be 
faced by deep learning in these areas. Music audio represents time series signals. Events are 
prearranged in musical time instead of real time. Musical audio signals change as a function of 
rhythm and expression. The measured signals usually mix multiple voices that are synchronized in 
time. Frequency overlapping is also present in mix multiple voices. Musical tradition, composer, 
style and interpretation are some of the influencing factors. The signal representation problems 
are higher because of the high complexity and variety of signal. The signal representation 
problems are well-suited to the high levels of abstraction afforded by deep learning. 

The extent of deep learning work in the area of audio and music processing is 
comparatively less than the extent of work in the area of speech recognition. Much more deep 
learning work is expected in the area of audio and music processing in the near future. 

Tremendous progress has been made in applying deep learning techniques in object 
recognition field of computer vision in the past five years. Computer vision community has 
accepted the success of deep learning in this area [9]. It is the third area after the speech 
recognition area in which deep learning methods have been successfully applied.  

The features such as scale invariant feature transform (SIFT) and histogram of oriented 
gradients (HOG) were used for object recognition in computer vision over the past many years. 
SIFT and HOG only capture low-level edge information. It is much more difficult for the design of 
features which can effectively capture mid-level information such as edge intersections and/or 
high-level representation such as object parts. Deep learning automatically learn hierarchies of 
visual features in both unsupervised and supervised way directly from data to overcome such 
challenges. The deep learning techniques applied to computer vision field by past researchers are 
as follows.  

1. Unsupervised feature learning: The deep learning is used to extract features only. Extracted 
features may be subsequently fed to a relatively simple machine learning algorithm for 
classification or other tasks.  

2. Supervised learning: The deep learning is used jointly for feature extraction and 
classification when large amounts of labelled training examples are available. 





The goal of language modeling is to provide a probability of any arbitrary sequence of 
words or other linguistic symbols such as letters, characters, etc. Natural language processing 
deals with sequences of words or other linguistic symbols, but the tasks involved in natural 
language processing are much more diverse than the tasks involved in language modeling. Tasks 
involved in natural language processing are natural language understanding, generation, 
translation, parsing, text classification, etc. Thus, natural language processing does not focus on 
providing probabilities of linguistic symbols. The connection is that language modeling is often an 
important and very useful component of natural language processing systems. 

Deep learning research communities are active when applying deep learning techniques in 
the field of natural language processing [9]. Natural language processing research community has 
also considered deep learning as one of the most promising techniques. However, the extent of 
deep learning work in the area of natural language processing is comparatively less than the 
extent of its work in the area of speech and vision because the hard proof which proves that deep 
learning is better than the current state of the art natural language processing methods has not 
been as strong as available in the area of speech and vision. 

The automated computer system that contains a collection of many documents can be used 
for the purpose of information retrieval. The goal of information retrieval is to get a set of most 
relevant documents based on user query [9]. Information needed by a user can be represented by 
a query. One example of a query is a search string entered in the web search engine. A query may 
not uniquely identify a single document in the collection but a query may match with several 
documents with different degrees of relevancy.  

A document may include information in the form of text, image, audio and video. Sometimes, 
a document is called an object in a more general term. Documents often are not saved directly in 
the information retrieval system. Rather, the system represents them by metadata. Typical 
information retrieval systems calculate a numeric score of each document indicating how well 
each document matches with the query and then rank the documents according to this score. Then 
the systems show the top-ranking documents to the user. If the user wants to refine the query, 
then the process may be repeated. 

Use of deep learning techniques in information retrieval field has just started. The deep 
learning techniques are mainly used for extracting semantically meaningful features. Extracted 
semantically meaningful features will be used to rank the documents. Much more deep learning 
work is expected in the area of information retrieval in the near future. 

Multi-task learning is a machine learning approach that uses a shared representation to 
solve several related problems at the same time. There are two major classes of transfer learning. 
One of them is multi-task learning which focuses on generalizations across distributions, tasks or 
domains. The other major class is adaptive learning where knowledge transfer is executed in a 
sequential manner, usually from a source task to a target task. Multi-modal learning is a closely 
related concept to multi-task learning. In multi-modal learning, the learning tasks cut across 





several modalities for human-computer interactions. Relating information from multiple sources 
is also involved in multi-modal learning. 

Deep learning is used to automate the process of learning effective features or 
representations for any machine learning task. The deep learning can also be used for 
automatically transferring knowledge from one task to another concurrently. Multi-task learning 
is often applied to situations where no or very few training examples are available for the target 
task domain. So, it is sometimes called zero-shot or one-shot learning. It is obvious that difficult 
multi-task learning naturally fits with the concept of deep learning or representation learning. The 
shallow learning models were used for multi-modal and multi-task learning before deep learning 
models were adopted. The reported performance of shallow models was worse than the expected 
performance. Ultimately, difficult multi-modal learning problems have been successfully solved by 
deep learning models which enable a wide range of practical applications of deep learning models 
in these areas [9].   

The following table 1 represents the network traffic data of university for Monday. 
 

Time slot Input neurons Output neuron 

P1 = Traffic of 
5 Feb 2018  

P2 = Traffic of 12 
Feb 2018 

P3 = Traffic of 19 
Feb 2018 

P = Traffic of 26 
Feb 2018 

10:00 am to 10:29 am 60 Mbps 62 Mbps 60 Mbps 61 Mbps 

10:30 am – 10:59 am 65 Mbps 70 Mbps 70 Mbps 72 Mbps 

11:00 am – 11:29 am 60 Mbps 65 Mbps 70 Mbps 65 Mbps 

11:30 am – 11:59 am 70 Mbps 70 Mbps 75 Mbps 72 Mbps 

12:00 pm – 12:29 pm 80 Mbps 85 Mbps 90 Mbps 75 Mbps 

12:30 pm – 12:59 pm 85 Mbps 75 Mbps 75 Mbps 80 Mbps 

1:00 pm – 1:29 pm 90 Mbps 90 Mbps 85 Mbps 85 Mbps 

1:30 pm – 1:59 pm 85 Mbps 85 Mbps 85 Mbps 80 Mbps 

2:00 pm – 2:29 pm 70 Mbps 60 Mbps 70 Mbps 65 Mbps 

2:30 pm – 2:59 pm 60 Mbps 70 Mbps 60 Mbps 75 Mbps 

3:00 pm – 3:29 pm 60 Mbps 65 Mbps 65 Mbps 55 Mbps 

3:30 pm – 3:59 pm 60 Mbps 55 Mbps 55 Mbps 60 Mbps 

4:00 pm – 4:29 pm 50 Mbps 50 Mbps 55 Mbps 55 Mbps 

4:30 pm – 5:00 pm 60 Mbps 50 Mbps 55 Mbps 55 Mbps 
 

A University starts at 10:00 am and ends at 5:00 pm. The first column of table 1 represents 
30 minutes time slots between 10:00 am and 5:00 pm. Maximum university network traffic is 90 
Mbps and minimum university network traffic is 50 Mbps as per table 1. In table 1, P1 = Traffic of 
5 Feb 2018, P2 = Traffic of 12 Feb 2018, P3 = Traffic of 19 Feb 2018 and P = Traffic of 26 Feb 
2018. The following days (5 Feb 2018, 12 Feb 2018, 19 Feb 2018 and 26 Feb 2018) fall on Monday. 
So table 1 represents the network traffic data of university for Monday. Similarly, we can create 
the network traffic data of a university for Tuesday, Wednesday, Thursday, Friday and Saturday, 





to predict the university network traffic for the corresponding days. As per the first entry of table 
1, if values of P1 = 60 Mbps, P2 = 62 Mbps and P3 = 60 Mbps, then the value of P would be 61 
Mbps. The values of P1, P2 and P3 represent input neurons and the value of P represents output 
neuron of deep neural network. Here, the university network traffic was measured in Mbps unit. 

Normalization process should be performed on the data of table 1 in order to make training 
faster and reduce the chances of getting stuck in local optima. The normalized value of the 
university network traffic can be calculated by using the following equation. 

Normalized value of university network traffic = (Actual value of university network traffic 
– minimum value of university network traffic) / (maximum value of university network traffic – 
minimum value of university network traffic) 

Let us convert P1 = 60 Mbps into normalized value. Normalized value of P1 = (60 – 50) / 
(90 – 50) = 0.25. Similarly, we can convert all the values of table 1 into the normalized values. The 
following table 2 represents the table 1 in the normalized form. Table 2 can be used to train the 
deep learning method. The normalization process used in this paper is similar to the 
normalization process used in [10] and other various research papers. 
 

Time slot Input neurons Output neuron 

P1 = Traffic of 
5 Feb 2018  

P2 = Traffic of 12 
Feb 2018 

P3 = Traffic of 19 
Feb 2018 

P = Traffic of 26 
Feb 2018 

10:00 am to 10:29 am 0.25 0.3 0.25 0.275 

10:30 am – 10:59 am 0.375 0.5 0.5 0.55 

11:00 am – 11:29 am 0.25 0.375 0.5 0.375 

11:30 am – 11:59 am 0.5 0.5 0.625 0.55 

12:00 pm – 12:29 pm 0.75 0.875 1 0.625 

12:30 pm – 12:59 pm 0.875 0.625 0.625 0.75 

1:00 pm – 1:29 pm 1 1 0.875 0.875 

1:30 pm – 1:59 pm 0.875 0.875 0.875 0.75 

2:00 pm – 2:29 pm 0.5 0.25 0.5 0.375 

2:30 pm – 2:59 pm 0.25 0.5 0.25 0.625 

3:00 pm – 3:29 pm 0.25 0.375 0.375 0.125 

3:30 pm – 3:59 pm 0.25 0.125 0.125 0.25 

4:00 pm – 4:29 pm 0 0 0.125 0.125 

4:30 pm – 5:00 pm 0.25 0 0.125 0.125 

 

The following code divides the university network traffic data into training and testing data 
set. 
static void DivideTrainTest(double[][] alltheData, double TrainPrediction, 
      int seed, out double[][] trainDataSet, out double[][] testDataSet) 
    { 
      Random random = new Random(seed); 
      int TotalRows = alltheData.Length; 





      int TotalTrainRows = (int)(TotalRows * TrainPrediction);  
      int TotalTestRows = TotalRows - TotalTrainRows; 
      trainDataSet = new double[TotalTrainRows][]; 
      testDataSet = new double[TotalTestRows][]; 
 
      double[][] CopyData = new double[alltheData.Length][];  
      for (int i = 0; i < CopyData.Length; ++i) 
        CopyData[i] = alltheData[i]; 
 
      for (int i = 0; i < CopyData.Length; ++i)  
      { 
        int r = random.Next(i, CopyData.Length);  
        double[] temp = CopyData[r]; 
        CopyData[r] = CopyData[i]; 
        CopyData[i] = temp; 
      } 
      for (int i = 0; i < TotalTrainRows; ++i) 
        trainDataSet[i] = CopyData[i]; 
 
      for (int i = 0; i < TotalTestRows; ++i) 
        testDataSet[i] = CopyData[i + TotalTrainRows]; 
    }  

 

The following code illustrates how to train deep neural network using back propagation 
algorithm. 
 
public double[] TrainDeepNeuralNetwork(double[][] trainDataSet, int MaxEpochs, 
      double LearningRate, double Momentum) 
    { 
       
      double[][] HiOutGrads = CreateMatrix(Hidden, Output, 0.0);  
      double[] OutBiGrads = new double[Output];                    
 
      double[][] InHiGrads = CreateMatrix(Input, Hidden, 0.0);   
      double[] HiBiGrads = new double[Hidden];                    
 
      double[] OutSignals = new double[Output];                   
      double[] HiSignals = new double[Hidden];                   
 
        
      double[][] InHiPrevWeightsDelta = CreateMatrix(Input, Hidden, 0.0); 
      double[] HiPrevBiasesDelta = new double[Hidden]; 
      double[][] HiOutPrevWeightsDelta = CreateMatrix(Hidden, Output, 0.0); 
      double[] OutPrevBiasesDelta = new double[Output]; 
 
      int epoch = 0; 
      double[] OneValues = new double[Input];  
      double[] TwoValues = new double[Output];  
      double deri = 0.0; 
      double ErrorSig = 0.0; 
 
      int[] seq = new int[trainDataSet.Length]; 
      for (int i = 0; i < seq.Length; ++i) 
        seq[i] = i; 
 
      int ErrInt = MaxEpochs / 10;  
      while (epoch < MaxEpochs) 





      { 
        ++epoch; 
 
        if (epoch % ErrInt == 0 && epoch < MaxEpochs) 
        { 
          double TrainError = SumOfSquaredError(trainDataSet); 
          Console.WriteLine("epoch = " + epoch + "  error = " + 
            TrainError.ToString("F4")); 
           
        } 
 
        Shuffle(seq);  
        for (int ii = 0; ii < trainDataSet.Length; ++ii) 
        { 
          int idx = seq[ii]; 
          Array.Copy(trainDataSet[idx], OneValues, Input); 
          Array.Copy(trainDataSet[idx], Input, TwoValues, 0, Output); 
          CalculateOutputs(OneValues);  
 
           
          for (int k = 0; k < Output; ++k) 
          { 
            ErrorSig = TwoValues[k] - outputs[k];   
            deri = (1 - outputs[k]) * outputs[k];  
            OutSignals[k] = ErrorSig * deri; 
          } 
   
           
          for (int j = 0; j < Hidden; ++j) 
            for (int k = 0; k < Output; ++k) 
               HiOutGrads[j][k] = OutSignals[k] * hOutputs[j]; 
  
           
          for (int k = 0; k < Output; ++k) 
            OutBiGrads[k] = OutSignals[k] * 1.0;  
 
           
          for (int j = 0; j < Hidden; ++j) 
          { 
            deri = (1 + hOutputs[j]) * (1 - hOutputs[j]);  
            double sum = 0.0;  
            for (int k = 0; k < Output; ++k) { 
               sum += OutSignals[k] * hoWeights[j][k];  
            } 
            HiSignals[j] = deri * sum;  
          } 
 
           
          for (int i = 0; i < Input; ++i) 
            for (int j = 0; j < Hidden; ++j) 
              InHiGrads[i][j] = HiSignals[j] * inputs[i]; 
 
           
          for (int j = 0; j < Hidden; ++j) 
            HiBiGrads[j] = HiSignals[j] * 1.0;  
 
          
          for (int i = 0; i < Input; ++i) 





          { 
            for (int j = 0; j < Hidden; ++j) 
            { 
              double delta = InHiGrads[i][j] * LearningRate; 
              ihWeights[i][j] += delta;  
              ihWeights[i][j] += InHiPrevWeightsDelta[i][j] * Momentum; 
              InHiPrevWeightsDelta[i][j] = delta;  
            } 
          } 
 
          
          for (int j = 0; j < Hidden; ++j) 
          { 
            double delta = HiBiGrads[j] * LearningRate; 
            hBiases[j] += delta; 
            hBiases[j] += HiPrevBiasesDelta[j] * Momentum; 
            HiPrevBiasesDelta[j] = delta; 
          } 
 
           
          for (int j = 0; j < Hidden; ++j) 
          { 
            for (int k = 0; k < Output; ++k) 
            { 
              double delta = HiOutGrads[j][k] * LearningRate; 
              hoWeights[j][k] += delta; 
              hoWeights[j][k] += HiOutPrevWeightsDelta[j][k] * Momentum; 
              HiOutPrevWeightsDelta[j][k] = delta; 
            } 
          } 
 
          
          for (int k = 0; k < Output; ++k) 
          { 
            double delta = OutBiGrads[k] * LearningRate; 
            oBiases[k] += delta; 
            oBiases[k] += OutPrevBiasesDelta[k] * Momentum; 
            OutPrevBiasesDelta[k] = delta; 
          } 
 
        }  
 
      }  
      double[] bestWeights = GetWeights(); 
      return bestWeights; 
    } 
 

The following code calculates the sum of squared error. 
 
private double SumOfSquaredError(double[][] trainDataSet) 
    { 
      
      double sumOfSquaredError = 0.0; 
      double[] OneValues = new double[Input];  
      double[] TwoValues = new double[Output];  
 
       





      for (int i = 0; i < trainDataSet.Length; ++i) 
      { 
        Array.Copy(trainDataSet[i], OneValues, Input); 
        Array.Copy(trainDataSet[i], Input, TwoValues, 0, Output);  
        double[] ThreeValues = this.CalculateOutputs(OneValues);  
        for (int j = 0; j < Output; ++j) 
        { 
          double err = TwoValues[j] - ThreeValues[j]; 
          sumOfSquaredError += err * err; 
        } 
      } 
      return sumOfSquaredError / trainDataSet.Length; 
    } 

This paper has presented the university network traffic prediction using the deep neural 
network. Back propagation algorithm was used to train the deep neural network. The 
performance of the back propagation training algorithm has been evaluated on training and 
testing data sets. It was found that the proposed back propagation algorithm is capable to 
generate promising results. The proposed deep neural network, when trained by proposed back 
propagation algorithm, generated 100% accuracy on training data sets and 90% accuracy on 
testing data sets. Also, errors were minimized as the number of epochs increase. The use of this 
deep learning method provides a new way of thinking for simulating and predicting the university 
network traffic, and also provides a reference for the planning of university network traffic. 
Therefore, one of the planned future works is to combine the back propagation algorithm with a 
genetic algorithm in order to optimize the prediction accuracy. 





[1] Claveria, O., S. Torra, 2014. Forecasting tourism demand to Catalonia: Neural networks vs. time 
series models. Economic Modelling, 36: 220-228. doi: 
http://dx.doi.org/10.1016/j.econmod.2013.09.024. 

[2] Chen, G., K. Fu, Z. Liang, T. Sema, C. Li, P. Tontiwachwuthikul, R. Idem, 2014. The genetic 
algorithm based back propagation neural network for MMP prediction in CO2-EOR process. 
Fuel, 126: 202-212. doi: http://dx.doi.org/10.1016/j.fuel.2014.02.034. 

[3] Deng, L. and Yu, D., 2014. Deep learning: methods and applications. Foundations and Trends®  
in Signal Processing, 7(3–4), pp.197-387. 

[4] Jiang, Y.G., Wu, Z., Wang, J., Xue, X. and Chang, S.F., 2018. Exploiting feature and class 
relationships in video categorization with regularized deep neural networks. IEEE 
transactions on pattern analysis and machine intelligence, 40(2), pp.352-364. 

[5] Cilimkovic, M., 2015. Neural networks and back propagation algorithm. Institute of Technology 
Blanchardstown, Blanchardstown Road North Dublin, 15. 

[6] Chilimbi, T.M., Suzue, Y., Apacible, J. and Kalyanaraman, K., 2014, October. Project Adam: 
Building an Efficient and Scalable Deep Learning Training System. In OSDI (Vol. 14, pp. 571-
582). 

[7] LeCun, Y., Bengio, Y. and Hinton, G., 2015. Deep learning. nature, 521(7553), p.436. 

[8] Heaton, J.B., Polson, N.G. and Witte, J.H., 2016. Deep learning in finance. arXiv preprint 
arXiv:1602.06561. 

[9] Deng, L. and Yu, D., 2014. Deep learning: methods and applications. Foundations and Trends®  
in Signal Processing, 7(3–4), pp.197-387. 

[10] Gupta, S., Agrawal, A., Gopalakrishnan, K. and Narayanan, P., 2015, June. Deep learning with 
limited numerical precision. In International Conference on Machine Learning (pp. 1737-
1746). 

 

http://dx.doi.org/10.1016/j.econmod.2013.09.024
http://dx.doi.org/10.1016/j.fuel.2014.02.034




Clustering is a type of unsupervised learning. Unsupervised learning is where references 
are drawn from datasets having unlabeled response of input data. Clustering is therefore grouping 
together unlabeled data into groups of similarity such that a group’s data points are the same 
within a certain group but not comparable to the other groups’ data points, or distance measure 
(Mukhopadhyay, 2018). These similarity groups are known as clusters. 

Clustering is very important since it determines the inner grouping of unlabeled data. The 
clustering criteria depend on the needs of the user, and thus there is no best method of clustering 
(Serra & Tagliaferri, 2018). Appropriate algorithms must be implemented to come up with the 
appropriate clusters that are valid. 

The basic idea in these methods is that the clusters are located in the data space’s dense 
regions (Kriegel, Kröger, Sander, & Zimek, 2011). These methods are capable of merging two 
clusters due to their good accuracy. Some examples of density-based methods incude: Density-
Based Spatial Clustering of Applications with Noise (DBSCAN), Ordering Points to Identify 
Clustering Structure (OPTICS). 

In this method clusters are formed in a tree-type structure, where the new clusters rely on 
the previously formed clusters. The most important feature of clustering is finding the best distant 
function that involves determining the distance between data and patterns. The hierarchical based 
method features results to a number of methods of clustering such as complete linkage and single 
linkage (Wilks, 2011). Hierarchical based methods fall into two categories: The first is 
Agglomerative method which is also known as a bottom-up approach. It starts with initial clusters 





and then keeps on merging. The second is the Divisive method which is referred to as the top-
down approach. 

Examples of hierarchical based methods are among the following: Clustering Using 

Representatives (CURE), Balanced Iterative Reducing Clustering and using Hierarchies (BIRCH). 

This method involves having various partitions constructed and then a given criterion is 
used in evaluation of those partitions. This implies that an object is partitioned into k clusters and 
then one cluster is formed from each partition. This method is applied in objective criterion 
optimization of function similarity. 

Examples of the partitioning methods include: K means, Clustering Large Applications 
Based upon Randomized Search (CLARANS). 

These methods are based on the granularity structure on a multiple level. The clusters are 
made into cells of finite number, forming a grid-like structure. Operation done on clustering the 
grids is independent of the data objects and is fast (Aggarwal & Reddy, 2013). 

Examples include CLIQUE (Clustering In Quest), wave cluster and STING (Statistical 
Information Grid). 

There are a number of Clustering Algorithms. However, we shall discuss the most 
commonly used in machine learning. The main ones are K-means clustering algorithm and 
hierarchical Agglomerative clustering. These two clustering algorithms are the only algorithms 
that are currently are contained in the NIp Tools\ Clustering namespace. 

K-means algorithm of Clustering 
This algorithm is the easiest method to learn, understand, and implement in code. This 

algorithm comes up with k clusters by partitioning n observations (Celebi, Kingravi, & Vela, 2013). 
The main objective of this algorithm is to calculate the distance between the centers of groups and 
data points and thus it has fewer computations. 

K means clustering algorithm has a number of disadvantages. First, in the this algorithm, 
the first step is to identify the number of groups, which is not appropriate since the idea of the 
algorithm is to figure out the clusters so as to find some understanding from the data points. 
Different results of clustering may come up from different runs since cluster centers are initialized 
randomly. Hence, the results may lack consistency as opposed to other cluster methods. 

The algorithm works in the following way: 

1. We let K be the number of clusters to be found. We then initialize the center points of each 
of the K clusters randomly. It is important to pinpoint the distinct groupings by scanning 
through the data in order to come up with the appropriate number of classes to use. 

There are a number of methods that can be used to come up with the optimal number of 
clusters, and the most preferred method is the ‘Elbow’ method. 





2. We the assign the nearest cluster to each of the data points by finding the distance between 
the centroids and the data points using the Euclidean method. 

3. The cluster centers are then recomputed by finding the mean all data points in the group. 

4. The second and third steps are then repeated until no major changes are noted between 
iterations. Another option is initializing the group centers randomly for some few times 
and then identify the run that seems to have provided the best results. 

This is an example of in the test of NIp Tools: 
 

“use NlpTools\Clustering\KMeans; 

use NlpTools\Similarity\Euclidean; 

use NlpTools\Clustering\CentroidFactories\Euclidean as EuclideanCF; 

use NlpTools\Documents\TrainingSet; 

use NlpTools\Documents\TokensDocument; 

use NlpTools\FeatureFactories\DataAsFeatures; 

  

$tset = new TrainingSet(); 

$tset->addDocument( 

    '', //class is not used so it can be empty 

    new TokensDocument(array('x'=>0,'y'=>0)) 

); 

$tset->addDocument( 

    '', //class is not used so it can be empty 

    new TokensDocument(array('x'=>1,'y'=>0)) 

); 

$tset->addDocument( 

    '', //class is not used so it can be empty 

    new TokensDocument(array('x'=>0,'y'=>1)) 

); 

$tset->addDocument( 

    '', //class is not used so it can be empty 

    new TokensDocument(array('x'=>3,'y'=>3)) 

); 

$tset->addDocument( 





    '', //class is not used so it can be empty 

    new TokensDocument(array('x'=>2,'y'=>3)) 

); 

$tset->addDocument( 

    '', //class is not used so it can be empty 

    new TokensDocument(array('x'=>3,'y'=>2)) 

); 

$clust = new KMeans( 

    2, // two clusters 

    new Euclidean(), 

    new EuclideanCF() 

); 

print_r( 

    $clust->cluster($tset, new DataAsFeatures()) 

);” 

(2016) 

Hierarchical Agglomerative Algorithm 
All data points in hierarchical clustering are assigned as their own cluster contrasting the K-

means algorithm (Murtagh & Contreras, 2012). This algorithm forms a tree structure by 
combining data points that are nearest to each other to form the next step and then merging them 
together to get a single cluster. 

The Hierarchical clustering works as follows: 

1. A single cluster is assigned each data point, such that the total number of data points equals 
the clusters available. The difference in distance of two clusters is then measured by 
selecting an appropriate distance metric. 

2. The distance found using the Euclidean method is then used in determining the pair of 
cluster that is closest to each other. The closest pair is then merged into one cluster. 

3. The second step is then repeated until every data point is enclosed in only one cluster. 

The diagram is a representation of the results of hierarchical clustering. It is known as a 
dendrogram and can be interpreted as:  





 
This is an example of using Hierarchical clustering algorithm in the test of NIp Tools: 
 

“use NlpTools\Clustering\Hierarchical; 

use NlpTools\Clustering\MergeStrategies\SingleLink; 

use NlpTools\Similarity\Euclidean; 

use NlpTools\FeatureFactories\DataAsFeatures; 

  

$clust = new Hierarchical( 

    new SingleLink(), 

    new Euclidean() 

); 

// Assuming $tset is the same from the above example in K-Means 

$dendrogram = $clust->cluster($tset, new DataAsFeatures()); 

print_r($dendrogram); 

print_r(Hierarchical::dendrogramToClusters($dendrogram, 2));” 

(2016) 

Clustering can be applied in various fields including the following: 
Earthquake studies – Clustering is important in finding out the most dangerous zones. 

City Planning - We can study the values of houses, and their groups based on the present 
factors and their geographic locations. 
Insurance – Clustering helps in identification of frauds and customers’ policies identification. 





Libraries – Used for book classification based on the information and topics they have. 
Biology – Used when classifying different species of animals and plants. 
Marketing – Used for discovering and characterization of segments of customers for 

purposes of marketing. 

In this paper we have discussed that clustering is a type of unsupervised learning method 
and therefore results are obtained from datasets. Clustering methods including methods that are 
grid- based, those that involve partitioning, hierarchical based, and methods that are density 
based have also been mentioned. The two main algorithms under clustering are K-means 
algorithm and Hierarchical Agglomerative clustering. K-means clustering is the most used, since it 
is fast and easy to understand and implement. These two algorithms among others, helps solve 
problems on large data sets. It is important to find the best algorithm that can help obtain the 
most optimal clusters. 
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Humans learn from their past experiences and machines follow instructions given by 
humans. To make work easier and be more accurate humans have continually tried to teach 
machines to make informed decisions without human intervention. Machine or Automated 
Learning is a machine’s ability to make future decisions based on previously provided information 
(Mitchell, 1997). In the financial sector, banks and other loan institutions have struggled to 
determine who to give or not to give loans as opposed to their target of getting as many people 
applying for loans as possible. We look at how a machine can be taught to make this decision 
without incurring major losses and unbiasedly encompass all potential clients, the outcome 
requires bias towards a given result though (Nilsson, 1998). This machine should be able to learn 
for its launch various other aspects that it was not given from launch. This will promote accuracy 
and will also expose various aspects of loans and client’s repayment potentials that were not at 
first humanly noticeable or overlooked. 

In the financial sector, institutions have struggled to determine who to give or not to give 
loans. And because banks barely make enough money without loan facilities, the goal is to actually 
assume that all are eligible just not at the same levels.  

Banks need to know that even though we all qualify, how much do we qualify for? And the 
amount that we qualify for, is it commercially viable against a given time period? If not, how long 
will it take to make it viable? 

To ascertain all these, a bank employee employs various criteria. The employee looks at: 

 Account Balances 

 Account Statement 

 Withdrawal Rates 

 Previous Loan Repayments if any 

 Guarantors if any 

Though, humans have the ability to do these they can be compromised by bias and 
experience. It also takes time and it is a tedious process to determine all these (Alpaydın, 2010). 





There are two kinds of determination generally used to determine future steps of action by 
a machine. These are generalization and memorization. Generalization is using scenarios that have 
played out before to make correct decisions in situations that are taking place for the first time 
based on their similarities. Memorization is used when a system remembers or logs trends or 
patterns and uses that information to make future decisions. 

It is vital to note that with the more the information or data fed for teaching a machine, the 
better the model and the more accurate the outcome. 

K-Nearest Neighbour criteria of machine learning uses the immediate surrounding of a 
subject to determine likelihood. So, based on our example a client opens an app. The app 
immediately pulls up his/her history: - 

 Date the account was opened 

 Determines the average minimum balance of the account 

 Last Deposit and possibly average intervals of deposit 

 Average deposit amount 

 Last withdrawal and the intervals 

 Average withdrawal amounts 

Note: the averages are based on monthly or yearly data. 
If the client’s monthly activity is scarce. It would be advisable to consider him/her for more 

long-term yearly loans. But it would be imprudent to use yearly data for monthly considerations. 

The client wants $8,000. 
The client’s monthly average is $10,000 but with only two transactions.  

Jan average + Feb Average …. Dec Average 
  12 (No. of Months) 
 

This client only transacts an average of twice in a month but has been in the bank for 5 
years. And his or her yearly average is $25,000. 
 
Jan Total + Feb Total … Dec Total 
 12 (No. of Moths) 
 

Based on the amount of data this client is better off with a long-term loan, he/she is more 
likely to pay the $25,000 yearly than the $10,000 per month. 

Next, the machine considers the bank’s targets. For instance, the bank is looking at 
$2,000,000 monthly profit. If the bank is at $800,000 and there is only one week left to end of the 
month then giving this person a loan becomes riskier, but say if the yearly target is $24,000,000 
and the bank is already at $40,000,000 in the 9th month, that risk reduces tremendously. 





These are scenarios that can’t be performed daily without machine intervention and take 
awfully long to determine and accuracy may be off. This way the machine has been taught to use 
general information to determine an outcome. Memorization is elusive when there is only a 
sporadic small amount of data (Anderson T. W., 1958). 

So far, we have determined that this client is good for a loan especially because the bank is 
having a good year and he proves worthy based on his yearly saving data. But then, he comes from 
Oklahoma and data shows that out of the $2,000,000 dollars borrowed by Oklahoma residents 
only a paltry $200,000 have been repaid. And the average monthly of Oklahoma Residents is 
$40,000 and the yearly average is $50,000 (Bennett & Mangasarian, 1992). This new information 
complicates the risk levels of the client tremendously. To determine this, the machine uses the K-
Nearest Neighbour criteria. So the reasoning is that though personally credible when planted in a 
more localized environment (Baum E, 1994). He suddenly becomes a huge risk.  

So, the machine needs to be taught which takes more precedence over the other, and when 
to take a leap of “faith” in an individual. Say the machine decides to issue the client with a loan and 
the success rate of the machine's decision is 90% and the bank has already surpassed its yearly 
targets though not fairing on well in the said month. So the machine supposedly flags that 
transaction and moves on. In that month apparently, there was a new tax introduced by the 
government. The bank can then relate the weird trend to the new tax, but the machine can be 
taught further to divulge such things as well. 

To enable the machine to spot these discrepancies later, human intervention is needed to 
provide what we call supervised learning. The rest of the process was all unsupervised. The 
machine is provided other similar situations until it learns that when faced with such scenarios its 
outcome should be in a given way (Anderson & G., 1973). 

In the same bank, a client applies for a loan on his phone. The client’s monthly average is 
$2,000 but he/she wants a loan of $400 dollars and he has taken the said loan 5 times already 
around the same date and always deposits $5,000 a week later normally end of the month. The 
machine will still go through most of the processes like in the first example. But with this scenario. 
All the machine needs is within the client’s own information. First, the amount requested is well 
within the client’s potential. The transaction is also not uni ue to this system. So the machine 
decides to issue the loan without much consideration of the bank’s general performance. 

This is an example of a memorization-based decision. The machine has developed a pattern 
based on its past interactions with the said account (Bishop, 2006). 

Say the same client defaults this time out. The $5,000 comes in and is not withdrawn, 
neither is the loan paid. The machine then flags the account and gives a report for a desirable 
action. The bank decides to directly deduct the amount. The machine flags the account again after 
a while, this time there is no loan request as well as the monthly deposit. The machine then now 
send a critical flag, the account balance hasn’t changed for months and there have been no 
deposits either. The bank then triggers the system to send a promotional text. Then out of the blue, 
the account receives $3,700,000 from a new account. The machine then raises another flag but this 
time ceases all remote transactions from the account.  





In this example, the machine was asking for intervention in between the last two deposits. 
It was receiving new parameters that it is not used to, a trend was getting deviations and it needed 
further instructions on what to do. 

Finally, it raises a flag but this time takes preventive measures used by banks to fight 
corruption and money laundering but still awaiting human decisions. 

After a one-on-one with the client the employee allows further transactions and now the 
machine “understands” there is nothing wrong just some external legitimate changes. 

The machine learning system is almost always certainly a collection of many systems 
coming together to perform a much wider task. Though efficient, machines can’t work on their 
own. There is always going to be new scenarios and shifts in human behaviour. In other 
interactions with non-living things, it is highly possible to consistently apply machine learning. 
These are places like production houses and warehouse, greenhouses – when to open and close 
windows when to reduce humidity that is among others. This is because these things don’t make 
their own decisions and are bound to repeat the same things every day. 

Humans are a whole different ball game. Just as machines learn, humans can also learn how 
to beat the machines for those with malicious intentions. With humans, the best a machine can do 
is prevent and raise issues when they occur. Humans do things (many things) subconsciously but 
when deterred a number of times because of a given element, the unconscious finally becomes 
part and parcel of their awareness. Machine Learning can be used in Spam filtering, Credit Card 
Fraud Detection and various other applications (Rosenblatt, 1958). 
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The locations of facilities are very important, especially ones in which the distance away 
from the facility can affect the amount of time before a service can be provided (police, fire 
departments). The facility location problem enables us to find the most effective placement of a 
facility under certain conditions. To develop upon this study several benefits and costs of facility 
location problem were analyzed. The different variants of the facility location problem, including 
the Uncapacitated Facility Location Problem (UFLP) and the Capacitated Facility Location 
Problem(CFLP) were discussed, along with several methods to solve the facility location problem: 
factor-rating analysis, center of gravity analysis, cost-profit-volume analysis. Lastly, a practical use 
case of the facility location problem was hypothesized using some of the very basic foundations of 
the facility location problem equation. The locations of police stations in Jeju Island were analyzed 
and two new locations for police services were proposed. In the future, using computational 
methods, the full analysis of the uncapacitated location problem will be used to determine 
whether the two proposed locations are viable or recommended.  

A facility serves a purpose, and this can be in the form of customers for retail 
establishments, rescue and security for police and emergency units, or network broadcasting for 
cell sites. Placing the facilities in certain areas can optimize their efficiency and area of service. The 
Facility Location Problem is an area of Operations Research and Spatial Analysis that aims to make 
the optimal placement of a facility (or a set of facilities) to meet certain considerations. The 
problem of strategically placing facilities across a space has been an ongoing challenge for various 
fields and industries. In this paper, we discuss the various approaches to solving the Facility 
Location Problem, from both an analytical and an algorithmic standpoint. 

Facility Location, or Location Analysis, is a problem that deals with the optimal placement 
of facilities. In a broader sense, the facilities can represent establishments, people, or events. A 
space, which can be unidimensional or multidimensional, is specified, and the facilities can be 
assigned to specific points or subsets within the space.  

Various methods of solving the Facility Location have been studied over the years [1, 2, 3, 4]. 
One of the most commonly used approach is to see the problem as a representation of a graph and 





applying techniques in Graph Theory for solving [5]. Most of the graph optimization algorithms 
are considered NP-Hard, hence the Facility Problem representations also fall under this category. 

The Facility Location Problem has seen various applications, but there are similarities, 
either in representation or in solving. When assessing for the location for a facility, we have a set 
of possible values, which can either be discrete or continuous. An area of land, for example, can 
constitute the solution space for a facility location problem. The solution space is continuous if any 
coordinates within that area can be a potential location for the facility. On the other hand, we 
consider a discrete solution space if we have a finite number of potential locations for the facility. 

In a problem, each feasible facility location has associated costs, both for initial setup, and 
for operational costs.  

For each facility   opened, we assume a setup cost of   , . This includes the fixed costs prior 

to start of facility operations, such as initial land purchase, facility construction costs, and one-
time costs to business operations. 

For each facility   opened, we assume an operational cost of   , . This includes ongoing costs 

per unit of time (e.g. monthly, quarterly, or annually) incurred by a facility as long as it is in 
service. Included in this variable are lease of land, maintenance costs, costs of utilities, and staff 
and administrative costs. 

Additionally, each facility   has associated benefits   , either in the form of number of 
customers serviced, or revenue generated for each facility.  

For each cluster of customers, the nearer a facility is, the more likely that it can get a greater 
share of the potential benefits within that cluster, either in terms of count of serviced units, or in 
terms of the magnitude of service.  

In the perspective of a unit that is serviced by the facility, e.g. a consumer that goes to a 
retail establishment, the benefit is in the form of distance to the nearest facility. The shorter the 





distance needed to travel to a facility, the greater the benefits. There will be different cases where 
the facilities 
 

Most studies at first focused only on simple versions of the facility location problem, where 
the number of of customers a facility can serve was not limited. This meant that the only factor 
that mattered when deciding whether or not to provide more facilities was the existence of a 
facility in a certain distance. However, as a single facility may not succeed to provide services to all 
customers in a certain radius, such as a single convenience store not being able to serve an area 
full of apartments, recent studies also study facility location with regards to the capacity of each 
facility. Thus, there are 2 different types of facility location problem: uncapacitated facility location 
problem and capacitated facility location problem. 

The Uncapacitated Facility Location Problem (UFLP), also known as Simple Facility 
Location Problem (SFLP), deals with assessing and selecting optimal facility locations to minimize 
the fixed setup and variable operating costs associated with each opened facility [6, 7]. The 
problem does not consider limits on the capacity of a facility to provide service and assumes the 
facility will be able to service these customers over time. 

Therefore, it could be said that the UFLP concentrates only on one type of good for a certain 
time span. For example, a week’s record of sales for a certain restaurant which can act as an 
indicator of the restaurant’s long run demand and cost.  

One advantage of formulating the problem as a UFLP, is that once the optimal facility 
locations are determined, the decision maker will be able to determine the projected demand for 
each facility, and thus factor this in the planning stages on how big a facility is. Ultimately, the 
result is a setup of well-placed facilities that can sustain the projected demand and prevent cases 
where customers need to go to the next nearest facility location due to servicing capacity 
restrictions. 

In contrast with UFLP, the Capacitated Facility Location Problem (CFLP) limits the capacity 
of each facility in terms of servicing its customers [8, 9]. In a CFLP, the problem deals with placing 
the optimal location for each facility, minimizing fixed setup and variable operating costs, and at 
the same time, putting restrictions on the servicing capacity for a facility per given unit of time. 

Some situations call for restrictions on servicing capacity, such as placing convenience 
stores or banks in urban areas. In these scenarios, access to bigger area of operations may prove 
to be a challenge, and thus business may need to settle with fixed lot areas instead, and just put up 
more facilities in other nearby locations. Some business models also prefer smaller establishments 
in greater quantity, in the interest of minimizing distances from the potential cluster of customers. 





As discussed in the previous sections, the approaches in solving a Facility Location Problem 
can be analytical or algorithmic, with the model formulation providing details on the latter. This 
section will discuss various methods on solving the problem, both from an Analytical (Numerical 
Computations) and an Algorithmic (Operations Research) standpoint. 
 

When finding solutions for facility location problems, a decision maker may prefer to use 
mathematically-sound methods that are fast, efficient, and is more suited for simpler problems [10, 
11]. These techniques are usually applied in location analysis for a single facility. 

In this analysis technique, the potential locations for a facility are evaluated over several 
criteria. These criteria are solely up to the decision maker, depending on the quantifiable 
information that the business considers as valuable. A score of 0 to 100 is given to each potential 
site based on criteria such as site climate, taxing schemes (less revenue), ease of delivery of 
supplies, and so on. Each criterion is also assigned a weight – the higher the weight, the greater 
importance it is in driving the decision for selecting the facility. 

 
  Potential Facilities 

Factors Weight A B C D E 

Minimum Wage 0.25 65 50 77 90 60 

Political Stability 0.05 80 75 20 50 60 

Proximity to 
Urban Areas 

0.20 70 80 90 60 75 

Geographic 
Suitability 

0.10 85 88 99 45 55 

Ease of 
Transport of 
Goods 

0.20 76 89 80 30 45 

Population 
Density 

0.20 70 80 100 50 89 

In order to obtain the scores for a potential facility, we get the weighted scores for each by 
multiplying the factor weight by the score for each factor. For example, to get the weighted score 
of Potential Facility A on the Minimum Wage factor, we multiply the weight 0.25 by the score 65, 





which gives us 16.25. We perform this operation on all factors and sites. The table below shows 
the weighted scores, indicating that the best location based on the factors considered is Potential 
Facility C. 
 

 Weighted Scores 

Factors A B C D E 

Minimum Wage 16.25 12.5 19.25 22.5 15 

Political Stability 4 3.75 1 2.5 3 

Proximity to Urban 
Areas 

14 16 18 12 15 

Geographic Suitability 8.5 8.8 9.9 4.5 5.5 

Ease of Transport of 
Goods 

15.2 17.8 16 6 9 

Population Density 14 16 20 10 17.8 

Total 71.95 74.85 84.15 57.5 65.3 

This kind of analysis is advantageous as they combine diverse factors under a single format 
and numeralize the relative importance. Also, unlike other processes, a lot of different factors may 
be taken into consideration depending win the need of the researcher. These key characteristics 
has let factor rating system the most widely used location technique. 

However, as with all methods, there are certain limitations. Since the different factors to 
include depend completely on the decision of the researcher, interpretation of the importance of 
the factors may be subjective. The analyst will have a certain rank for different factors but 
reasonable people may disagree. Also, there are a variety of methods to determine the number of 
factors to include, yet disagreement as to which may be best is still ongoing. From this limit comes 
another problem which is that the factors that are considered may only be from the ones an 
analyst asks. It is impossible to select all questions that may influence a research. 

In this technique, the decision focuses on the costs incurred by distance from the cluster of 
customers to the facility, along with the weight of each cluster. The weight can be represented 
differently across different problems. In retail establishments, these can be the volume of 
customers that are potential clients. In that example, we would want to be as close as possible to 
the establishment where the establishment can server a greater population, or weight. More 
importantly, in this analysis, the decision maker has an existing list of customers that need to be 
serviced, and the goal is to find a single facility that minimizes the distance travelled by all of the 
customers. 





In this method of analysis, if we have  potential customers, for each cluster of customers , 
we obtain their corresponding coordinates (xi,yi) and demand or weight wi. The center-of-gravity 
(x,y) are computed as follows:  

 

To illustrate, suppose we have 5 clusters of customers where we supply raw materials to. In 
order to improve efficiency of delivery, the company decides to put a distribution center within 
the area. The following table shows the current locations of the customers, as well as the volume 
of deliveries that need to be handled within some time period. 

 
Customer xi yi wi 

A 100 100 1000 

B 20 50 2000 

C 55 10 1500 

D 75 75 500 

E 10 10 1000 

 

Calculating the values for x, y, and W, we obtain the following: 

 





A visual representation is also provided for reference. 
 

 

In this method, the decision maker has a list of potential sites that will be assessed based on 
the fixed costs, as well as the associated costs per unit of product that is serviced in a facility. As 
some facilities may have lower fixed costs and higher variable costs, and vice-versa, the best 
facility can possibly change per level of production. The goal of this technique to evaluate the best 
facility depending on the projected production levels. 

We define Fixed Costs F, Variable Costs per Quantity V, and Quantity Q, where the total 
costs is computed as the sum of the fixed costs and the variable costs over the total quantity 
produced. 

 

As an illustration, we look at three potential facility locations, and their associated costs. 
 

Facility Fixed Cost, Variable Cost, 

A $100,000 $5 

B $50,000 $11 

C $250,000 $2 

You will notice that while some facilities have relatively low fixed costs, but relatively high 
variable costs, and the converse exists for some. The quantity to produce is the key determinant of 





the total cost for each. At varying levels of production, one facility may incur either a higher or a 
lower cost. The table below shows the total costs for some production levels. 
 

Facility Fixed Cost, F Variable Cost, V TQ(1,000) TQ(10,000) TQ(100,000) 

A $100,000 $5 $105,000 $150,000 $600,000 

B $50,000 $11 $61,000 $160,000 $1,150,000 

C $250,000 $2 $252,000 $270,000 $450,000 

 

Based from the Cost-Profit-Volume Analysis, the best facility can greatly vary depending on 
the volume of items to produce. Production levels of 1,000, 10,000, and  100,000 will result in 
selecting Facility B, A, and C, respectively. 

In a Facility Location Problem, it is important for the decision maker to know what the goal 
is, in order to select the most appropriate variant of the facility location problem.  

The decision maker needs to know if the exact or maximum number    of facilities that 
need to be placed. For each facility  , the binary variable     0,1  denotes if a facility is to be 
selected, with value of 1 denoting that a facility will be selected, 0 otherwise. We define the set   
to define the solution to the facility location problem. 

     ,   ,   , … ,     

As an illustration, suppose there are   5 possible locations, and the business needs to 
open up (exactly) 2 new facilities in a new area. If they decide to open up facility 3 and 5, the set   
will be as follows: 

   0,0,1,0,1  

However, if the business is planning to set up at most 3 facilities, then the optimal solution 
may contain either 1, 2, or 3 facilities whose values are set to 1.  

 
   0,0,1,0,0 , (              3    ) 

   0,0,1,1,0 , (                3   4) 

   0,0,1,1,1 , (                3,4,    5) 

The model also defines   clusters of customers that can be serviced, each with a demand 
that needs to be fulfilled with the facilities in the solution space.  





In a capacitated facility location problem, each cluster of customers   1,2, … ,  have a 
specific demand   . Furthermore, each facility can service a proportion of that demand, denoted 

by   ,  (0,1]. As this is a CFLP, each facility   has a limit on its service, denoted by   . We denote 

these as follows: 
     , ,   , , … ,   , ,   , ,   , , … ,   , , … ,   ,   

     ,   , … ,     

As an illustration, let’s look at the case of a mobile phone reseller shop. Suppose that the 
first cluster of customers   1 has a potential 100 customers that need to buy the same phone 
model in the same month. Moreover, let’s say that the first possible facility   1 can only have a 
monthly stock of 20 units of the same model in that month. If this facility is nearest to this cluster 
of customers, it can only service 20/100 of the demand, or   ,  0.20. Additionally, in this 

scenario, the demand for cluster of customers   1 is    100, the capacity of facility   1 is 
   20. 

The goal of the problem is to find the set of facilities that will minimize the fixed setup costs 
  ,  and variable costs   , , within the service capacity of each facility. The total setup costs are 

calculated as the sum of the costs of the facilities that are opened, formulated as follows: 

  ( )     ,         ,           ,          ,     

 

   

 

Similarly, the operating costs are a determined as the sum of all costs for servicing 
customers at a facility. As the operating costs are dependent on the volume of service, we calculate 
the operating costs for each facility as the sum of all clusters serviced, factoring in the proportion 
of customers serviced, formulated as follows: 
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To ensure that a facility will service customers within its capacity, we also define 
constraints for each facility such that the total demand serviced is within the service capacity. For 
each customer  , the demand serviced is equal to the total demand for a customer    multiplied by 

the proportion serviced by the facility   for the customer  , denoted by   , . The total demand 





across all customers should not exceed the maximum capacity for the facility  . We formulate this 
as follows: 

  ( )        ,         ,           ,   

  ( )        ,         ,           ,   

… 

  ( )        ,         ,           ,   

The demand function for each facility must not exceed the capacities for each facility to be 
opened, i.e.   ( )       , for all facilities   1,2, … ,  . The mathematical programming problem 
for the capacitated problem is now formulated as follows: 
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,         1,2,… ,  
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,         1,2,… ,   

  ,  0,         1,2,… ,       1,2,… ,  

    0,1         1,2,… ,   

 

In an uncapacitated facility location problem, a there is no limit to the customers that a 
facility can serve, hence customers can be serviced fully by the nearest facility. Since demand and 
capacity are no longer considered, we introduce a single binary variable   ,   0,1  that denotes if 

customer   will be serviced by facility  . It also implies that a customer will be services by exactly 
one facility. 

Similar to a CFLP, the goal of the UFLP is to find the set of facilities that will minimize the 
fixed setup costs   ,  and variable costs   , , for each opened facility. The total setup costs are 

formulated in a similar manner to the UFLP, as follows: 

  ( )     ,         ,           ,          ,     

 

   

 

For the operating costs, these are calculated in the same manner as with capacitated 
facilities. The difference lies in the use of variables – whereas the capacitated facilities take a 
proportion based on the capacity of the facility, the uncapacitated facilities no longer factors in 





proportions, and either services the entire cluster, or does not. Given this, the manner of 
formulation is also similar: 
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Since a facility will always be able to meet the demands of any customer, the capacity 
restrictions are relaxed, where the maximum capacity of a facility will either be unlimited (  ) if 
it is opened, or 0 otherwise.  

In order to add the unlimited capacity as a constraint, we first need to find a tight upper 
bound for the constraint relating to capacity. It is known that every value of   ,  can either be 1 or 

0. For a given facility  , if the facility is not opened, i.e.    0, no customer can be serviced by that 
facility, hence   ,  0 for all   1,2, … , . If the facility is opened, however, at most of those   ,  

will be set to 1, and the rest are set to 0. We can therefore conclude for the latter that the sum 
should be set to at most 1. This is formulated as follows: 

  ,    ,         1,2,… , .       1,2,… ,  

As an illustration, consider facility   3 out of   5 facilities, and let’s say we have   10 
clusters of customers. We consider two scenarios, depending if a facility will be opened or not: 

 If facility   3 is opened, and customer   1 will be serviced by this facility, then   ,  1, 
and all other   ,  0,   1. Generally, if a facility is open, the relevant z values can be equal 

to either 0 or 1. 

 If facility   3 is closed, then no customer will be serviced by this facility. All relevant   
values are set to 0. 

This follows that a tight upper bound for   ,  will always be dependent on the facility   , 

where   ,    . The mathematical programming problem for the uncapacitated problem is now 

formulated as follows: 
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    0,1         1,2,… ,   

There are several known methods to determine the optimal solution to the Knapsack 
Problem. Given the currently known algorithms being NP-Complete, several factors are 
considered when selecting which of the algorithms to apply. The algorithms are selected based on 
their computational complexity, efficiency of usage in terms of memory and processing time, and 
convergence to local and global optima.  

While some algorithms will result in a global optimum, the processing time required for 
execution can be drastically high, and by the time the results are obtained, they are no longer 
usable, as the next set of optimization problems are already in queue. On the other hand, other 
algorithms might not provide the global optimum, but can produce usable results within a shorter 
time frame. These considerations specifically hold true for industry use, where timeliness and 
correctness are equally important. 

In the succeeding sections we provide explanations on several algorithms to solve for the 
Knapsack Problem. 

In this paper, an exemplary case of police station locations in Jeju, South Korea is going to 
be studied. Jeju has 24 police boxes and 3 police stations in total. As policing in Korea is 
experiencing a severe lack of workforce, the government is continuously looking for methods to 
increase the efficiency of allocating officers. However, there still exists the problem of being short-
handed. Therefore, methods to find a possible location to install an extra station(s) will be 
discussed. 

Policing in Jeju is most likely to be uncapacitated as South Korea is ranked 90th among 132 
OECD countries in the world with only a 13.89 crime level rate. This is more easily comprehended 
when we look at the United States crime level rate of 55.84 which is around 4 times higher than 
that of South Korea. Thus, a single police station can well manage an area within a certain range. 
Especially, Jeju island has a rather low population density of 287.7 persons per sq. km. compared 
to Seoul with 17,000 persons per sq. km. 

As an uncapacitated facility location, the factor - rating analysis was used with only 1 
criterion, distance. In the diagram below, a grid map of the current police stations in Jeju is shown. 

 





 

As each police station is assumed to be able to facilitate all its customers in its radius, the 
following diagram shows the spread of police force. 

 

 





As the blue circles represent the areas that are already served by a police station, the two 
areas that are in need of immediate attention are the two red circles. Therefore, if there is an 
additional station to be established, it is highly likely that the most efficient location would be near 
the two red circles. 

However, as this example shows an extremely simplified model of a facility location 
problem, it may be possible that other factors may influence the result in a different way. 

The Facility Location Problem has seen several variations to the problem, as well as 
practical applications. Existing techniques, both analytical and algorithmic in perspective, can be 
used on problems depending on the goal of the decision maker. Facility Location Problems also 
have the flexibility of selecting the number of facilities to open, as well as assigning capacities for 
each facility. 

The example of Jeju island police stations has been discussed and two possible new 
locations have been suggested after analyzing locations of existing facilities and population 
densities. In the future, the uncapacitated location problem will be implemented using 
computational methods in order to determine precisely where within these red circle areas would 
be the ideal location to service the residents of Jeju there. In addition, if given sufficient time, the 
capacitated facility location problem would also be applied to Jeju island and then a comparison of 
the capacitated and uncapacitated solutions would be performed.  
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