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Abstract
The Electronic Health Records (EHRs) present a unique
opportunity to longitudinally analyze and model disease
progressions and interactions at a population level. EHRs
can be used to construct various disease-disease and drugdrug networks for studying their interactions. Additionally,
one can also construct rich disease-drug networks, which
indicate the prescriptions that are assigned to treat those
diseases. This analysis can illuminate not only the sideeffects, but also potential candidates for disease targets. In
this paper, we employ a network-based approach for
studying disease-drug interactions. We construct an
integrated bipartite network where the nodes are drugs and
diagnoses. We found that the integrated network provides
more information on these interactions, compared to the
component or parent networks.

Introduction
The Electronic Health Records (EHRs) offer a compelling resource to longitudinally study the progression
and co-occurrence of diseases at a patient level, as well as a population health level. Analytics performed
on the EHRs can provide insight into the disease co-morbidities as well as cures recommended for the
diseases (prescriptions or procedures). We leverage the richness of the EHRs to discover disease-disease
interactions, as well as disease-drug (prescription) interactions. Our work can not only be used for
tracking potential side effects but also, discovering new drug targets. During the drug development
process, the efficacy of the drug is determined. In addition to the efficacy testing, tests are conducted to
report the interaction with other drugs or proteins (Adams & Brantner, 2006; DiMasi, 2001). Clinical
trials are conducted to test the efficacy and effectiveness of a drug on humans. The efficacy of the drug is
an indicator of how well the drug performs in the trial, whereas efficiency indicates the performance of the
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drug, even outside the trial. Moreover, leveraging these disease-disease and disease-drug interactions over
time can, also, provide useful information towards personalized healthcare, as the disease and drug
information can be potentially demonstrative of the socio-economic indicators of health (Marmot et al.,
1991).
The medical history of an individual gives the list of reported health problems, confirmed principal
diagnoses, diagnoses arising from side effects of drugs, allergies to drugs, or from co-morbid diagnoses.
Looking at the drugs prescribed and diseases or conditions such as allergy diagnosed, one can infer the
efficacy and efficiency of a drug in a real setting. We approach this work by constructing disease-disease
networks to get a richer representation of the data.
The EHRs have been used extensively to build phenotypic networks of diseases (Hidalgo et al., 2009;
Steinhaeuser & Chawla, 2009). Network based approaches are used to study the genetic associations of
diseases, pharmacological and pharmacokinetics of drugs, their interactions (Goh et al., 2007). Drug
interactions have primarily been studied at the genetic or the protein level. However, studies show that
phenotypic network of diseases is denser when compared to the genetic network of diseases (Davis &
Chawla, 2011), and can be used to identify potential targets for genetic testing.
Similarly, we posit that as a drug targets diseases, it might be useful to leverage the richer phenotypic
network as a guideline for finding possible side effects. This does not, however, eliminate the need for
experimental verification. Nonetheless, it can be used to narrow down the number of options for which
experiments have to be performed. This reduction also lowers the overall cost associated with drug
development, as well as the market price of the drug.	
  In	
  this	
  paper,	
  we	
  propose	
  a	
  network-‐based	
  
perspective	
  to	
  the	
  problem. We derive drug-drug and disease-disease networks from the EHR data based
on co-occurrence information. We, also, develop an integrated view of the drug-drug and disease-disease
network to illuminate potential side-effects.
	
  

Related Work
Network-based tools for analyzing protein-protein interactions, gene co-expression networks, and
metabolic networks, in humans have been used for over a long period of time (Stelzl et al., 2005). Some of
these tools use gene-expression data for building the network. The nodes in the networks are
genes/diagnoses. These nodes are connected if the correlation (calculated using a distance metric)
between the gene expression profiles of the nodes are above a certain threshold. These tools are aimed at
analyzing the interactions between component inside human body or model organisms. Many of these
tools use data for model organisms like yeast and transfer the knowledge gained from these studies to
humans (Uetz et al., 2000).
There are multiple ways of modeling the disease-disease network. These techniques differ in the
construction of the links or edges between the nodes. One such approach analyzes the disease-gene
interactions as a bipartite network to identify the genes that are responsible for certain diagnoses (Goh et
al.,2007). Projections from the bipartite network were made to form human disease network and human
gene network. These projection networks were analyzed to make predictions for target genes of diseases.
The co-morbidity of a disease depends on both phenotype and genotype (Schadt, 2009).After the
successful completion of the human genome project, most network-based tools used some form of
genotypic data for modeling disease network. Recent advances in disease modeling include building the
phenotypic disease network where diseases (ICD-9-CM codes) were nodes. Edges indicated the comorbidity of diseases, defined by correlation metric(Hidalgo et al., 2009; Steinhaeuser & Chawla, 2009).
Networks-based approaches have, also, been extensively used for drug related studies. One approach is
similar to that mentioned in (Goh et al., 2007).The only difference is that in this case, nodes represent
drug and target proteins (Hidalgo et al., 2009). The analysis of this network revealed that most of the
drugs were targeted towards a single protein. However, the trend is now changing towards multi-target
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drugs, where a single drug is used for treating multiple diseases. The concept of multi-target drugs was,
also, formulated using networks and is based on the fact that every drug was connected at least one other
drug (Lu, Pan, Hu, & Wang, 2012).The networks, in this case, were drug-drug and target-target (proteinprotein). All the drug-drug or drug-target networks are based on the genomic data. Neighbors of a node
in the network are used to model drug interactions and find drug side-effect similarities (Brouwers, Iskar,
Zeller, van Noort, & Bork, 2011; Ye, Liu, & Wei, 2014).

Data
Our database comprises 543,571 de-identified disease/diagnosis records of 26,843 patients, spanning
from the year 1999 to 2012. Each patient record in the Diagnosis database is represented by an encounter
ID, patient ID and diagnosis codes represented by International Classification of Diseases, Ninth
Revision, Clinical Modification (ICD-9-CM) (“International Classification of Diseases, 9th Revision,
Clinical Modification(ICD-9-CM)", 2007). ICD-9-CM is the official system of assigning codes to diagnoses
and procedures associated with hospital utilization in the United States, and are published by World
Health Organization. The ICD-9-CM codes are 3-5 digits and have a hierarchical structure; wherein each
5-digit code is a subset of a 4-digit code, which is, further, a subset of a 3-digit code. For example, the code
29011 corresponds to Presenile dementia with delirium, which can be collapsed to 2901, a generic
presenile dementia diagnosis, and further to 290, a family of dementia diagnoses. The number of
diagnoses per patient record ranges from 1 to 15, with a median of 1. The highest occurring diagnoses in
our database are 724(Back pain), 401(hypertension), 272(hyperlipidemia).
Another database comprises 315,437 medication records of 11,230 patients. The medications included
both prescription drugs and procedures. There are 10,964 patients, which have medication records
containing prescription drugs. Each record has a patient ID and an encounter ID. We only considered
those records which contained prescription drugs. The number of medications per patient record ranges
from 1 to 38, with a median of 2. The highest occurring medications in our database are acetaminophenhydrocodone, acetaminophen-oxycodone, albuterol, gabapentin.
Table 1 shows a sample patient diagnosis records. Each line in the table represents a visit. Table 2 shows a
sample patient medication history. Each line in the table represents a visit.
As these records came from a conglomeration of different databases, not every diagnosis had a
corresponding prescription and vice versa. Based on the encounter IDs present in both databases, there
are diagnosis/drug records of 4,629 patients. We only used these patients in our analysis. The diagnoses
for each patient were collapsed to the leading 3-digit codes because the leading 3-digits represent the
general diagnosis, whereas the rest of the digits provide the specific details. Some of the diagnosis codes
were missing but had textual information describing the diagnosis. We matched the text with ICD-9-CM,
for most of the cases. We ignored those entries for which the ICD-9-CM codes were missing, and the
textual information could not be used to find the codes. Obviously, some inherent noise remains in the
dataset, due to missing diagnoses, incorrect matching, wrongly entered information. Finally, we created a
dataset with23,365 diagnosis-drug pairs, which include 905 unique drugs and 623 unique diagnoses (3digit ICD-9-CM codes).

Table 1.A sample diagnosis history of a patient
Patient	
  ID	
  

Encounter	
  ID

Diagnosis
Code(ICD-9-CM)

10134

1246

40110

10134

1246

272

10134

1458

72401
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Table 2.A sample medication history of a
patient
Patient	
  ID	
  

Encounter	
  ID

Medication//Drug

10134

1246

acetaminophen

10134

1246

amoxicillin

10134

1458

aspirin

Results and Discussions
Network Construction
We built a diagnosis phenotypic network (DD) from the filtered Disease/Diagnosis data with
diagnoses as nodes. Figure 1 shows the network. An edge in this network represents the statistically
significant co-occurrence of diagnoses in a patient's diagnosis record. We determined statistical
significance using a one-tail two-proportion z-test with 95 percent confidence(Davis & Chawla, 2011).
From the diagnosis' perspective, statistical significance means that the joint probability of diagnosispairs (end-nodes of an edge) is statistically significant greater than the product of the individual
probabilities of the two diagnoses. The probability of a diagnosis reflects the prevalence of the
diagnosis in the entire population (Diagnosis database). We included those diagnoses for building
the network, which had more than 2 occurrences in the entire population. We built an undirected
network as it is unclear from the data which diagnoses led to the other. The network is weighted
where the weights denote the number of times that a diagnosis pair occurs in the filtered dataset.
DD has unique 127 nodes (diagnoses) and 157 edges (diagnosis co-morbidity).
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Figure 1. Disease-Disease Network

	
  
We also constructed a drug(or medication) network (MM) where the nodes are drugs or
medications prescribed. To distinguish from DD (Disease-Disease) network, we will use the
nomenclature of medication-medication networks here (MM). However, we will use medication
and drug interchangeably in the paper. Figure 2 shows the MM network. Two drugs share a link
(edge) if the drug-pair occurs a statistically significant number of times in the entire population.
Statistical significance is calculated in a similar fashion as in DD by one-tail two-proportion z-test
with 95 percent confidence. In MM, statistical significance indicates that the joint occurrence of two
drugs is significantly greater than that of individual occurrence of each drug (product of marginal
probabilities). We omitted those drug-pairs that had less than 3 occurrences in the filtered dataset.
MM has 139 unique nodes (drugs) and 196 unique edges. MM is, also, an undirected and weighted
network where the weights represent the number of times that a drug pair occurs in the filtered
dataset (discussed in Section Data).
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Figure 2. Drug-Drug Network

Network Analysis and Comparison
The degree of a node in an unweighted or weighted network is defined as number of nodes that are
directly connected to it. In other words, it gives the count of immediate neighbors of a node. Degree
distribution of a network (P (k)) is defined as the probability of a node with degree k, or, the
proportion of nodes having degree k. The clustering coefficient of a node is a measure that quantifies
how close its neighbors are to being a clique (Watts & Strogatz, 1998). Figures 3 and 4 include the
degree distribution and clustering coefficient distribution. The degree seems to follow the powerlaw, but there was no defined trend observed from clustering coefficient analysis indicating isolated
components.
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Figure 3. Degree Distribution(log-log scale)

	
  
Figure 4: Clustering Spectrum
The networks were visualized using Cytoscape (Smoot, et al., 2011).We applied a weighted forcedirected layout to get the connected components. The weight used by the layout represents the
number of occurrences of each link (edge or node-pair) in the network. The thickness of each edge
in the network represents the weight, relative to the maximum weight in the network. We used
Cytoscape as a proof of concept. Advanced graph or network algorithms can be used to find the
connected components or the clusters.
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Disease-Disease Network
There are 18 connected components in the diagnosis-diagnosis network (DD). One of the connected
components suggests a strong connection between hypertension (ICD-9-CM 401) and
hyperlipidemia (ICD-9-CM 272) i.e. there is high co-morbidity between them. It is also known that
hypertension increases the risk of hyperlipidemia (high cholesterol) (Ames, 1991). Hyperlipidemia is
strongly associated with acquired hypothyroidism (ICD-9-CM 244) because the treatment of
acquired hypothyroidism reduces the levels of cholesterol (O'Brien et al. 1993). Further, the same
connected component shows a strong association between hypertension and diabetes (ICD-9-CM
250). Studies have shown that hypertension is one of the major risk factors for diabetes (Grossman
& Messerli, 2008; Kaplan, 2002).Moreover, according to the 2011 National Diabetes Fact Sheet,
published by Centers for Disease Control and Prevention (CDC), 67 percent of the adults, aged 20
years or older with diabetes, had hypertension (for Disease Control, Prevention (CDC), Centers for
Disease Control, Prevention (CDC), et al., 2011). The other neighbors of hypertension are coronary
heart disease (ICD-9-CM 414) and cardiac dysrhythmias (ICD-9-CM 427). According to the
Framingham Study, hypertension was identified as one of the primary causes for coronary heart
disease (Castelli, 1984). Most of the diagnosis, related to heart disease, is present in this component
of the network. Even though Chronic kidney disease (CKD)(ICD-9-CM 585) belongs to a separate
category of ICD codes, compared to that of majority of the diagnoses present in this component,
CKD is closely associated with heart failure(ICD-9-CM 428) and, in fact, can independently predict
the risk of mortality and hospitalization for patients diagnosed with heart failure (Go et al., 2006).
The strongest link in the diagnosis-diagnosis network is between “Other and unspecified disorders
of back” (ICD-9-CM724) and “Intervertebral disc disorders” (ICD-9-CM 722). The strongest link
indicates the maximum number of occurrences of the diagnosis-pair in the entire dataset
(maximum weight of an edge in the network). The most commonly occurring diagnosis in the
filtered dataset is Backache (ICD-9-CM 724.5). This disease code (ICD-9-CM 724.5) can be
collapsed to less-specific ICD-9-CM code, 724 (“Other and unspecified disorders of back”).
Backache (Low back pain) is, indeed, a commonly occurring problem. Studies have shown that the
common anatomical structures that are sites for back pain include bones, intervertebral discs, and
ligaments (Hoy, Brooks, Blyth, & Buchbinder, 2010; Atlas & Deyo, 2001). “Intervertebral disc
disorders” (ICD-9-CM 722) also shares an edge with “Pain, not elsewhere classified” (ICD-9-CM
338), even though they are not classified in the same category.
A connected component of the diagnosis-diagnosis network contains gynecological diagnoses and
their associated procedures. “Special investigations and examinations” (ICD-9-CM V72) is one of
the centers for this connected component. It has a specific sub-category “Gynecological
examination” (ICD-9-CM V72.3). This connected component, also, contains diagnoses related to
urinary system. Some of these diagnoses included “Symptoms involving urinary system” (ICD-9CM 788), and “Other disorders of urethra and urinary tract” (ICD-9-CM 599).
Drug-DrugNetwork
The drug-drug (MM) network has 17 components. A connected component corresponds to a cluster
containing anti-hypertensive drugs, anti-hyperlipidemic drugs, and anti-diabetic drugs. Some of the
anti-hypertensive drugs in the component are lisinopril, hydrochlorothiazide, amlodipine,
metaprolol, and carvedilol. Some of the anti-hyperlipidemic drugs include simvastatin, and
atorvastatin. As stated in subsection Disease-Disease Network, there is a strong association
between hypertension, hyperlipidemia and diabetes. For example, simvastatin that treats high
cholesterol (hyperlipidemia) has a large number of anti-hypertensive drugs (like amlodipine, and
lisinopril) as neighbors in MM. Furthermore, the simvastatin node coexists with levothyroxine that
is used in the treatment of hypothyroidism. However, according to the drug usage for levothyroxine,
there is a high risk associated with levothyroxine and hyperlipidimia, hypertension (Drugs, 2011).
Ideally, precautionary measures should be taken before prescribing levothyroxine for treatment of
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thyroidism to patients with hyperlipidimia, and hypertension.
Similar to the diagnosis-diagnosis network, the drug-drug network, also, has a connected
component containing pain medications. Some of the prevalent pain medications in the component
are acetametaphin-hydrocodone, gabapentin, oxycodone, and pregabalin. The highest occurring
link in the network is between acetametaphin-hydrocodone and gabapentin. This increases the risk
of drug abuse as acetametaphin-hydrocodone is a Schedule II painkiller. According to the
Controlled Substance Act (Title II of the Comprehensive Drug Abuse Prevention and Control Act of
1970) enacted by the Congress in the United States, the most commonly drugs used for abuse are
Schedule II drugs: opioids and oxycodone(Admin, of Justice, & of America, 1978). Schedule II drugs
have high potential for abuse, though accepted for medical use in treatment in the United States.
According to the National Survey on Drug Use and Health (NSDUH) in 2011, the commonly used
prescription drugs for abuse are pain relievers, tranquilizers, stimulants, and sedatives
(Administration, 2012).
Another component or cluster in the network suggests a strong association between albuterol and
azithromycin. Albuterol is prescribed for bronchitis or asthma. On the other hand, in spite of being
anti-biotic, azithromycin is prescribed for bronchitis; though the correct dosage of azithromycin is
not known (Evans et al., 2002).This validates the link between azithromycin and albuterol in the
network. The component also shows a strong connection between albuterol and prednisone.
Prednisone, used to treat allergies or any other inflammations, is prescribed in conjunction with
albuterol for better treatment of asthma(Self et al., 1990).
Further, there is a cluster containing drugs related to depression, anxiety, mania disorders. For
example, citalopram is used for the treatment of depression (Hyttel, 1982). Clonazepam is
prescribed for seizures, panic disorder and anxiety. Similarly, quetiapine is used for treatment of
manic-depressive disorders like schizophrenia and bipolar disorder. It is used in conjunction with
other similar medications.
Network Integration
The DD network shows how different diagnoses or diseases interact with each other in a patient. On
the other hand, the MM network provides insight on how different drugs interact with each other.
Drugs can be thought of representatives of diagnoses as they are, basically, the protein molecules
aimed to treat the deformities caused in the protein structure of a gene by a diagnosis. Not at all
possible side-effects of a drug can be analyzed experimentally. The integration of the phenotypic
network of diagnosis like the DD network and the phenotypic network of drugs like the MM
network can provide more insights on the side-effects of drugs and co-morbidities of different
diagnoses.
To integrate the two networks, we built a bipartite network as shown in Fig 5. In a bipartite graph,
there are only two types of nodes and no edges exist between nodes of same type. Edges are only
allowed between nodes of different types. In our integrated network, nodes are diagnosis and
prescription drugs. An edge represent joint occurrence of a diagnosis-drug pair in the filtered
dataset, significantly more than that by chance. Significance is calculated in a similar fashion as that
for DD or MM. In this case, statistical significance is, also, calculated using one tail two proportion ztest with 95 percent confidence. From the network's perspective, statistical significance means that
the joint probability of drug-diagnosis pair (end-nodes of an edge) is statistically significant greater
than the product of the individual probabilities of the two end nodes: drug and the diagnosis
(marginal probability of drug/diagnosis). The probability of a diagnosis/drug reflects the prevalence
of the diagnosis/drug in the entire population (filtered dataset). We only consider those drugdiagnosis pairs that have more than 2 occurrences in the filtered dataset. The figure 5 shows the
visualized network and its connected components.
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Figure 5: Integrated Network

Like the diagnosis-diagnosis network or the drug-drug network, the integrated network shows
connected components or clusters centered on pain related diagnoses or drugs, gynecological
diagnoses or drugs, or, diabetes or its associated drugs.
The major topological difference between the integrated network and the individual networks is that
the integrated network has a gigantic component that includes all the pain-related diagnoses and
drugs. The component containing epilepsy related drugs or diagnoses in the diagnosis-diagnosis
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network or the drug-drug network, has been merged with the pain related ones in the integrated
network. This suggests that drugs prescribed for treatment of epilepsy like levetiracetam can be
used in the treatment of pain related diagnoses like neuropathic pain. Traditionally, researchers
believed that levetiracetam or any other anti-convulsant drug has significant effects on pain (Guay,
2003).Recent clinical trials have proved it otherwise i.e. levetiracetam has no relevant effects on
pain related diagnoses (Holbechl, Ottol, Bachl, Jensenl, & Sindrupl, 2011; Finnerup et al.,
2009).The co-occurrence of levetiracetam and a pain related diagnosis in the filtered dataset
(suggested by the edge between the two in the integrated network) indicates that the anticonvulsant drug was prescribed to patient complaining of pain, which should not have been ideally
prescribed.
Bipolar disorder (ICD-9-CM 296) is one of the nodes in the above mentioned component. It is
absent in the diagnosis-diagnosis network. It also shares a drug, quetiapine with epilepsy (ICD-9CM 345). Quetiapine, an anti-psychotic drug, is generally used in the treatment for schizophrenia
and bipolar disorder (Small et al., 1997).However, research studies state that the quetiapine has no
effect on the patient, who is also taking anti-convulsant drugs. This statement is yet to be clinically
proven (Nickl-Jockschat, Paulzen, Schneider, & Grözinger, 2009).
Additionally, “Anxiety, dissociative and somatoform disorders” (ICD-9-CM 300) is connected to
drugs that are used in the treatment of anxiety, panic disorder, insomnia. For example, it is
connected to alprazolam, diazepam and other benzodiazepines.
The network has a connected component with Diabetes mellitus (ICD-9-CM 250). Its neighbors or
the drugs that share an edge with diabetes are prescribed for its treatment. According to Wikipedia,
one of the connected drugs, metmormin is the first-line drug of choice for the treatment of type 2
diabetes (Wikipedia, 2011). Metformin has a link with “Overweight, obesity and other
hyperalimentation” (ICD-9-CM 278). Metformin is, in fact, used to control sugar levels with diet
and exercise. Research has shown that obesity is one of the leading causes for diabetes (Hjartäker,
Langseth, & Weiderpass, 2008; Barnett & Kumar, 2009). Unlike the diagnosis-diagnosis network,
diabetes is not associated with the component containing hypertension (ICD-9-CM 401) and
hyperlipidemia (ICD-9-CM 272). However, these two diagnoses are part of the same component,
along with their prescribed drugs (like lisinopril for hypertension and simvastation for
hyperlipidemia) and other co-morbid diagnosis(like ischemic heart disease (ICD-9-CM 414), heart
failure (ICD-9-CM 427)).
Another connected component in the network is azithromycin and amoxicillin. These drugs are
antibiotics, generally, provided to avoid secondary infection. Some of the nodes with amoxicillin
form links or has an edge with are otitis media (ICD-9-CM 382), acute pharyngitis (ICD-9-CM 462),
“Streptococcal sore throat and scarlet fever” (ICD-9-CM-034). According to the report (Cooper et
al., 2001), the most common line of treatment for pharyngitis is antibiotics. Similarly, azithromycin
is the most commonly prescribed for treatment of Acute bronchitis and bronchiolitis(ICD-9-CM
490), which can be seen from the network, though the correct dosage of azithromycin is not known
(Evans et al., 2002). This component also contains asthma (ICD-9-CM 493). Some of the
commonly prescribed drugs for asthma are inhaled corticosteroids (like fluticasone, budesonide,
and beclomethasone), leukotriene modifiers (like montelukast), and combination inhalers
(Fluticasone and salmeterol). The above mentioned drugs are all neighbors of asthma in the
network. Some of drugs used to treat some co-morbid diseases with asthma, like obstructive
pulmonary disease (COPD ICD-9-CM 496) are antibiotics.
The hormone related drugs, diagnoses and procedures form a single connected component in this
integrated network. “Special investigations and examinations” (ICD-9-CM V72) is at the heart of
this component for reasons similar to those in the drug-drug network. Some of commonly
prescribed hormonal drugs are progesterone, and estradiol. Herpes zoster (ICD-9-CM 053) and
Herpes simplex (ICD-9-CM 054), also, are nodes in this component. The drugs, associated with
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these two nodes, are valacyclovir and alacyclovir, which are commonly prescribed drugs for these
diagnoses (Beutner, 1995).
A small component consists of “Functional digestive disorders, not elsewhere classified” (ICD-9-CM
564) and its associated drugs. The associated drugs like docusate and lactulose are prescribed for
treatment of constipation (ICD-9-CM 564.0). ICD-9-CM 564.0 is a specific code for the generic
category ICD-9-CM 564.Another smaller component consists of drugs like varenicline and nicotine.
These drugs help to quit smoking or help to reduce tobacco dependence (Tobacco use disorder ICD9-CM 305.1). ICD-9-CM 305.1 can be collapsed to ICD-9-CM 305 (“Nondependent abuse of
drugs”).
The most common diagnosis is backache (ICD-9-CM 724.5). The backache node forms a large
number of connections with pregabalin, morphine, acetaminophen-oxycodone,tapentadol,
celecoxib, cyclobenzaprine, acetaminophen-hydrocodone, oxymorphone, topiramate, naproxen,
methadone, hydromorphone, tramadol, gabapentin, oxycodone, lidocaine topical. The backache
node shares the maximum number of edges with or maximum number of co-occurrences in the
filtered dataset with acetaminophen-hydrocodone and acetaminophen-oxycodone. These edges,
also, represent some of the strongest connections in the network.

Conclusions
In the light of our findings in the above sections, we conclude that a unified approach is necessary
for analyzing the prescription drug data. The integrated network of drugs and diagnoses provides a
better picture of their interactions. However, studying drugs in isolation can provide a different
perspective on how two drugs can interact. Advanced network algorithms can provide better
clusters, which will help to build a more compact and valid network. The previously undiscovered
interactions can be found using link prediction algorithms on the networks. These algorithms can
help to predict the unknown interactions. These predictions could provide a direction for
performing potential experiments. The networks discussed in this paper cannot discard
experiments for proving the effectiveness of drugs.
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