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Abstract 

The demographic shift toward an aging population is increasing the

burden  of  public  health.  On  average,  a  person  of  70  years  can

combine the intake of up to seven medications. The administration

of multiple drugs at the same time is known as polypharmacy. The

often  unnecessary  use  of  more  drugs  that  would  be  strictly

necessary is the cause of many problems for the patient such as drug

interactions, serious side effects, and lack of adherence to treatment.

The  increasing  use  of  polypharmacy  leads  to  an  increase  in

morbidity  and mortality.  The national  health  agencies  are  clearly

interested  in  the  reduction  of  polypharmacy,  given the  enormous

cost of associated side effects and consequent hospitalizations.

To try to deepen some of the most important aspects associated with

the practice of polypharmacy, this thesis focused on three main lines

of  research:  on  the  one  hand,  the  identification,  extraction  and

storage  of  relevant  data  in  polypharmacy,  which  led  to  to  the

construction of two databases, Drug Metabolites database (DMdb)

and Drug-Drug Interactions database (DDIdb); on the other hand,

the exploitation of the collected data for the development of models

that allow to anticipate possible secondary effects; and finally, the

analysis  and  review  of  the  different  polypharmacy  approach

strategies  in  various  countries  as  an  approach  to  a  coordinated

strategy  proposal  in  the  face  of  this  increasingly  important

challenge for the health management of aging populations.
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Resum

El canvi demogràfic cap a una població envellida està augmentant

la  carga  de la salut publica. De mitja, una persona de 70 anys pot

arribar a combinar la ingesta de fins a set medicaments. El consum

de diversos fàrmacs al mateix temps es coneix com a polifarmàcia.

L'ús,  normalment  innecessari,  de  més  medicaments  de  què  seria

estrictament necessaris és la causa de molts problemes pel pacient

com interaccions farmacològiques, efectes secundaris greus i falta

d'adherència  al  tractament.  L'augment  de  l'ús  de  la  polifarmàcia

comporta  l'augment  de  la  morbiditat  i  mortalitat.  Les  agències

nacionals de salut estan clarament interessades en la reducció de la

polifarmàcia, donat l'enorme cost que suposen els efectes secundaris

associats i les hospitalitzacions. 

Per  intentar  profunditzar  en alguns  dels  expectes  més importants

associats  a  la  pràctica  de  la  polifarmàcia,  la  present  tesi  es  va

focalitzar  en  tres  línies  d'investigació  principals:  per  una  part  la

identificació,  extracció  i  emmagatzematge de  dades  rellevants  en

polifarmàcia, el que va donar lloc a la construcció de dos bases de

dades, Drug Metabolites Database (Dmdb) i Drug-Drug Interactions

Database  (DDIdb):  per  una  altre  part,  l'explotació  de  les  dades

recollides pel desenvolupament de models que permetin anticipar

possibles efectes secundaris, i finalment les anàlisis i revisió de les

diferents  estratègies  d'abordatge  de  la  polifarmàcia  en  diversos

països, com a aproximació a una proposta d'estratègia coordinada

davant d'aquest repte d'augment importància per la gestió en salut

de poblacions cada dia més envellides. 
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Preface 

Today,  the  average  70-year-old  takes  seven different  prescription

medications. With a high possibility to experience unpleasant and

harmful adverse drug reactions, there is an urgent need to unders-

tand and handle better drug interactions. In addition, currently, three

times more people die because of prescription drugs than from a

motorcycle accident.

Polypharmacy  continues  to  increase  and  is  known  to  be  an

important  risk  factor  for  morbidity  and  mortality,  especially  for

elderly people. Nearly one in 25 older people are at risk of serious

health  problems  such as  bleeding  and muscle  weakness  because

they take unwise combinations of drugs, which often includes non-

prescription medications.  In  older  Europeans'  and Americans'  the

use of prescription drugs and over-the-counter medications and die-

tary supplements has increased during the past decade. 

Potential  interactions  can  happen  within  prescription,   over-the-

counter and dietary supplements. For example, taking warfarin (a

prescription blood thinner) together with simvastatin (a prescription

cholesterol-lowering drug) increases the risk of bleeding and rhab-

domyolysis  (a  severe  muscle  tissue  injury).  Taking  lisinopril  (a

prescription  anti-hypertension  drug)  with  potassium  (a  food  su-

pplement) produces a higher risk of abnormally high blood levels of

potassium.  Taking  both  niacin  (a  non-prescription  cholesterol-lo-

xi



wering medication) and garlic (a dietary supplement) also produces

a higher risk of rhabdomyolysis.

With  around  3000  existing  prescription  drugs,  300  dietary  su-

pplements, and some 600 herbal products currently available, it is

extremely  difficult  for  physicians  to  take  into  account  poly-

pharmacy problems for patients for whom little history is known

and who often cannot recount the medicines and supplements that

they are already taking. Naturally, doctors do their best to avoid ad-

verse  drug  interactions.  Nonetheless,  for  patients  taking  two

medications, the risk of a drug interaction is 15%. This risk rises to

40% for those taking five medications and to an alarming 80% for

patients  taking  seven  or  more.  The  risk  of  a  toxic  medication

interaction is very real, considering that more than one half of non-

institutionalized adults  older  than 65 years  take five or  more di-

fferent medications, and 12% use 10 or more. 

Indeed, in hospitalized patients,  adverse drug interactions are  es-

timated to be the fourth leading cause of death. According to the

Agency for Healthcare Research and Quality,  more than 770,000

people are injured or die each year in hospitals from adverse drug

reactions and other adverse drug events, which may cost up to $5.6

million per hospital.

Unfortunately,  while  national  governments  and  health  insurance

companies are equally interested in reducing polypharmacy, there

remains a gap in the literature regarding the polypharmacy and its
xii



developmental course. More research is needed to examine the ex-

tent of simultaneous poly-drug use as well as the factors and con-

sequences associated with multiple drug use. For many applications

including drug discovery, drug re-purposing, and the definition of

pharmacogenomic modulators, we need a molecular-level unders-

tanding of drug effects, but this is often either missing or incomple-

te. There are significant gaps in our understanding of the pathways

by which drugs act. This incomplete knowledge limits our ability to

use rational mechanistic molecular information to re-purpose drugs,

to understand their interactions with other drugs, and to predict both

positive  clinical  outcomes,  i.e.  the  desired  therapeutic  effects  of

drugs (often referred to as “indications”) and negative clinical ou-

tcomes, usually known as drug side effects.

Understanding the “magic triangle” of drugs, targets, and their side

effects have become a “holy grail” of the pharmaceutical industry.

In this thesis, I will analyze the approach of quantitatively predic-

ting polypharmacological relationships between drug classes, meta-

bolites, targets, and their side effects. This will allow the biological

relevance of combinations of drugs to be evaluated in terms of re-

lated pathways, molecular functions, and disease-gene relationships.
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1. INTRODUCTION 

1.1  Adverse drug reactions

An adverse drug reaction (ADR) is a harmful reaction followed by

the administration of one or more drugs. Differently, a side-effect

(SE) in an expected reaction. It is listed normally in the drug label

of the drug's package. If a patient experience an SE, often it can

continue with the therapy, however in the case of ADR, it may re-

quire  discontinuation of  the  treatment  or  the  dose reduced1.  Fre-

quently, taking a combination of drugs may lead to serious,  life-th-

reatening  ADRs.1.

ADR has become an important problem globally. According to the

federal agency of the United States; Food and Drug Administration

(FDA), there are well over 2 million ADRs reported yearly, of whi-

ch 100,000 cases result in patient death2.  Because of this, ADRs

have become the 4th leading cause of death in the US and are asso-

ciated with a financial cost of 136 million dollars per year3.  In 1994

an estimated 106 000 deaths were caused by ADRs in the United

States. In 2014 the number of deaths associated with adverse drug

reactions  was  128.000  4.  However  there  are  articles  that  say the

number of deaths caused by drugs is much lower3,  5. It is also di-

fficult to get the correct number, as in public databases the deaths by

a drug reaction, overdose, household products, poisons, and acci-
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dents  are  all  put  together6.  Other  research indicates  that  globally

83.700 people die because of adverse effects of medical treatment7. 

Nonetheless, for patients taking two medications, the risk of a drug

interaction is 15%. This risk increases to 40% for those using five

prescriptions and to a dangerous 80% for patients taking seven or

more  medications.  The  ADR  related  toxicity  is  a  high  priority

concern, considering that the world generation is getting older, and

the elderly take five or more different medications daily, and 12%

of them use 10 or more8,9. Due to gender differences in hormonal

and immunological physiology, the woman has a higher risk to de-

velop ADR compared with man10.

On the one hand when the patient does not take the prescribed dose,

mixing with other medications the number of ADRs increase. The

increasing  variety  of  over  the  counter  (OTC)  drugs,  herb  su-

pplements the number of unexpected ADRs exponentially increases.

On the other hand, a lack of knowledge among doctors concerning

newly discovered dangerous combinations may also put patients life

at risk (table 1). Approximately 50% of the older generation takes at

least  one more medication that  is  not  medically  necessary10.  The

process of identification of ADR and the causing drug is tedious and

can be mistaken by allergy, side effect, and intolerance11. 
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Type of drug 
interaction

Examples ADR of the interaction

Drug-drug
Warfarin and

Sulfadiazine

may increase the plasma

concentrations and hypop-

rothrombinemic effects of

coumarin anticoagulants

Drug-disease
NSAID use in re-
nal disease

may impair renal function,

inhibition of prostaglandin

synthesis

Drug-herbal St. John’s Wort

and fluoxetine

may potentiate the risk of
serotonin syndrome, hy-
perstimulation of brains-
tem 5-HT1A and 2A recep-
tors

Drug-alcohol
Metronidazole
and ethanol 

may result in a disulfiram-
like reaction 

Drug-food
Calcium and le-
vothyroxine 

may decrease the effects of
levothyroxine 

Drug-nutritional 
status

Ventricular ta-
chycardia and
CCBs 

can precipitate cardiac
arrest

Drug duplication
ACE inhibitor
and ARB 

high risk of vascular even-
ts or renal dysfunction 

Table 1. Types of drug interactions and their ADRs.

OTC drugs sold directly to a consumer without a prescription nee-

ded. They are popular, and usually, patients use prescriptions and
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OTC medicines together. However, the effect of recent regulatory

and market forces on these patterns is so far not known. Lately, the

use of no-prescription-needed drugs has raised, which puts 15% of

elderly at risk for major drug interaction12. 

The main reason to  use  OTC drugs is  to  calm pain and inflam-

mation, lower cholesterol and blood sugar and treatment of gastroe-

sophageal  reflux  disease12.  The  most  common ADRs  due  to  co-

medication leads to gastric, hepatic and skin damage13–15. ADRs as-

sociated  drugs  are  antithrombotic  agents,  diabetes-related  drugs,

and diuretics13.  Misused OTC medication is also associated with

addiction, euphoria, irritation, economic cost, accidents and effects

on job  and  relationships15.  Patients  are  not  aware  of  the  recom-

mended doses of OTC drugs and herbal products. A study showed

that one-third of adults are unable to identify the correct dose of

ibuprofen, the time between doses and contraindications16. 

The use of dietary supplements raised globally14,17.  They are not

only used as nutritional supplements but also in the prevention and

treatment of diseases17. Interestingly, in many cases, patients don´t

tell  their  doctor that they use supplementations14,  as they are not

aware that supplements can interact with medicines, and it  could

drive to dangerous ADR17. Additionally, more than 60 herbs, herbal

drugs, and herbal supplements are associated with hepatotoxicity18,

Elderly people often take multivitamins, vitamin B and C, calcium,

iron, zinc, coenzyme Q10, and vitamin D supplements, while a low

intake of vitamin E, folic acid, zinc and saw palmetto12,17. 
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The most common ADRs in older adults are dizziness (may cause

falling), orthostatic hypotension, delirium, renal failure, gastrointes-

tinal and intracranial hemorrhage. These ADRs are strongly linked

to diuretics, NSAIDs, antiplatelet, antidepressants and antidiabetic

drugs.  It  is  not  surprising  that  twice  as  many  elderly  adults  are

hospitalized  because  of  ADRs  than  adults  younger  than  65,  and

have a median stay of 8 days. ADRs have significant economic and

clinical  costs,  as  they  usually  lead  to  hospital  admission,  pro-

longation  of  hospital  stay  and emergency  department  visits.  The

consequences and control of ADRs, only in the USA  cost up to

30.1 billion dollars annually.

Considering that more than half of ADR related admissions are pre-

ventable, it is an enormous economic burden.  Pharmacovigilance is

intended at identifying drug safety signals as early as possible, thus

minimizing potential consequences of ADRs19.

Most drugs are associated with ADRs, sometimes discovered late in

drug development  or only during the extended course of clinical

use. ADRs are linked to the therapeutic target, pathway or could ari-

se  as  an  outcome  of  an  off-target  effect  of  a  drug-drug  combi-

nations20.

A toxic effect is always dosage related.  They use the same mecha-

nism as the therapeutic effect, while unforeseen ADRs use separate
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mechanisms1. The risk of such effects ranges from low (duloxetine

and omeprazole) to high (aspirin and warfarin).

Around 80% of ADRs are type A, typically dose-related and predic-

table, while type B is not dose-related, unpredictable and idiosyn-

cratic10. Idiosyncratic reactions can affect many different organ sys-

tems,  either  as  -an isolated event  (e.g.,  hepatitis)  or  as part  of  a

syndrome (e.g., drug hypersensitivity syndrome). 

Type Type of effect Characteristics Example

A Augmented

Dose dependent,
predicted from
known pharmacolo-
gy of the drug

Hypoglycaemia -
insulin

B Bizarre
Dose independent,
unpredictable, idios-
yncratic

Anaphylaxis to pe-
nicillin

C Cronic Prolong treatment
Analgestic neuro-
pathy

D Delayed
After years of treat-
ment

Antipsycotic -
turdive dyskinesia

E End of use Withdrawal effect
GC withdrawal,
adrenocortical

Table 2. Types of ADRs and their characteristics.

Formation  of  reactive  metabolites  of  compounds  in  combination

with a reduced capacity for detoxification may be the initiating step

in many idiosyncratic reactions21.  However, not all  ADRs fit  into

type A and type B categories; therefore, additional categories have

been developed. These include type C (continuing), type D (delayed

use),  and  type  E  (end  of  use)  reactions  (table  2).  Sensitivity  to
6



ADRs is  determined by age,  gender,  health  status,  ethnicity,  and

polypharmacy22. 

ADRs are a major public health concern and are among the top cau-

ses of morbidity and mortality. The principal reasons for ADRs are

drug metabolites, drug-drug interactions, and polypharmacy.

7



8



1.2  Drug metabolites

Drug metabolism is the enzymatic transformation of one chemical

compound into another. The drug metabolism mainly occurs in the

liver, and some metabolic processes occur in the lungs, kidney, epi-

thelial cells of the gastrointestinal tract, or in the skin23.

Overall,  the metabolic system converts  lipophilic,  water-insoluble

and nonpolar drugs into more polar and water-soluble metabolites.

This step is crucial for the excretion of the drug by body liquids. A

few compounds can be excreted,  without being metabolized,  e.g.

vancomycin .

The liver hepatocytes contain the essential enzymes for the meta-

bolism of both endogenous and exogenous compounds. The main

enzymes  in  metabolism are  part  of  the  cytochrome P450  group.

They are localized mainly in the smooth endoplasmic reticulum of

the cell24.  The speed of the metabolism defines the duration and

intensity of a compound's pharmacological action. Altogether, the

drugs therapeutic effect diminishes as they are metabolized,  The

process may result in pharmacologically active,  inactive,  or toxic

metabolite. 

Drug metabolism is classified into two phases of biochemical reac-

tions - phase 1 and phase 225 (Figure 1).  
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Phase 1 metabolism involves chemical reactions such as oxidation,

reduction,  hydrolysis,  epoxidation,  hydroxylation,  epoxidation,

dealkylation, deamination (table 1).

 There  are  three  probable  outcomes  of  phase  1  metabolism;  

    •  The compound and its  metabolites  become fully  inactive.  

    •  The  metabolite(s)  are  less  active  than  the  original  drug.  

    • An inactive drug e.g. enalapril (a prodrug), metabolized into a

pharmacologically active metabolite. 

If the metabolites of phase I reactions are enough polar, they can be

excreted by the body without passing for phase 2. 

10

Figure 1: Metabolism of Aspirin. Aspirin undergoes phase 1 hydrolysis to salicy-
lic acid. In phase 2 it is congugated with either glycine or glucoronic acid

forming a range of ionised metabolytes that can then be excreted in the urine.



Phase Chemical reaction

Phase I

Hydroxylation (aliphatic, aromatic or nitrogen)
Epoxidation (aliphatic, aromatic)
Dealkylation (O-, N-, or S-)
Deamination
Oxidation (N-, or S-)
Reduction (nitro, azo, disulfide, keto, aldehyde, olefin)
Hydrolysis (amide, ester, cabamate, epoxide)                 

Phase II

Glucuronidation
Sulfation
Methylation
Acetylation
Amino acid conjugation (glycine, glutamic acid, and
taurine)
Glutathione conjugation

Table 3. Chemical reactions of phase 1 and 2 metabolism.

In  phase  2  metabolism,  an  ionized  group  is  attached  to  the

compound.  This involves glucuronidation, sulfation, methylation,

acetylation, amino acid or glutathione conjugation (table 3).  Pro-

ducts of conjugation reactions have increased molecular weight and

make the metabolite more water soluble.

 

Most phase 2 reactions inactivate completely drugs and their active

metabolites. After phase II, the conjugated compounds may be me-

tabolized again.

Many factors  can  affect  liver  metabolism;  age,  gender,  ethnicity,

intestinal  flora,  and  nutrition.  Frequently  consumed  food  can

interfere with Cytochrome activity, like grapefruit juice and the herb

St John’s Wort inhibit Cytochrome P450 activity26.
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Diseases  can  diminish  enzyme  activity,  like  in  the  elderly,   the

numbers of hepatocytes and enzyme activity  decline.  Coadminis-

tration of drugs also has a huge impact on the rate of metabolism.

The concentration of metabolites in our body is also linked to va-

rious diseases, for example, a low concentration of allopregnanolo-

ne is observed in alcoholism.27.

Structural alerts are commonly used to flag compounds with toxici-

ty  risk,  and usually,  they  are  modified to  avoid ADR. Structural

alerts are chemical structures that can be activated into reactive me-

tabolites.  Approximately  78–83%  of  compounds  that  are  linked

with ADRs, contain at least one structural alert, and about 62–69%

of them are reactive metabolites28. Structural alerts are commonly

used to flag compounds with toxicity risk, and ususally they are mo-

dified  to  avoid  ADR.  Studies  have  revealed  that  toxicities  of

anticancer compounds and their adverse effects are linked to their

chemical structure and molecular weight.  Thus, it may result in a

number of metabolites interacting with drug off-target networks ne-

tworks29. 

Formation of reactive metabolites of drugs in conjunction with a de-

creased ability for detoxification is believed to be the initiating step

in  many  idiosyncratic  reactions21,28.  They  can  form covalent  and

noncovalent  interactions  with  cellular  macromolecules  such  as

DNA, proteins, and lipids. Covalent interactions can lead to cancer

or trigger hypersensitivity reactions. Noncovalent interactions can

cause oxidative and other intracellular stress30. 

12



Figure 2: Example of structrual alerts: furan, phenol, thiophene, aromatic amine

and aniline

Remove structural alerts like furan, a formyl group, aromatic ami-

nes,  thiophene,  phenol,  and  aniline  sometimes  also  means  lose

pharmacological benefits31. The dose of the drug and the amount of

covalent binding are major factors in the formation of reactive me-

tabolites. Generally, if the doses of the drug do not reach 20mg/day,

it's less likely to be associated with idiosyncratic drug reactions32.

Moreover,  structural  alerts’ toxicity  depends on its  the metabolic

pathway and reactivity of the metabolites33. 

The  thiophene structural  alert  in  methapyrilene  undergoes  bioac-

tivation, while no activation occurs for eprosartan. The differences

in biotransformation lead to drastic differences in the safety profiles

of the two compounds. While methapyrilene was withdrawn from

the market due to hepatotoxicity, eprosartan is safe and commonly

prescribed antihypertensive. 

13



Fenfluramine was used to treat obesity, but its reactive metabolite,

norfenfluramine affects the serotonin receptor 2B, causing cardiac

fibrosis34.  It  was withdrawn from the market in 1997. Norfenflu-

ramine is also a reactive metabolite of Benfluorex, which was with-

drawn 12 years later, in 2007 for the same reason, and is associated

with the hospitalization of many diabetic patients because of cardiac

valvular  insufficiency35.

Strategies to minimize the formation of reactive metabolites are the

use of structures and functional groups that are resistant to meta-

bolism or change the site of metabolic activation32.

One drug or its active metabolite can lead to a serious adverse reac-

tion, which can be difficult to recognize, and the whole picture gets

more complex if we add more compounds, heading to a drug-drug

interaction.

14



1.3  Drug drug interactions

A drug-drug interaction (DDI) is when a drug affects the activity of

another when both are taken together. This effect can be synergistic,

antagonistic or a new effect can emerge. Principal causes of drug

interactions  and  unwanted  drug  effects  are  the  wrong  choice  of

drug, wrong dosage,  errors in taking the drug, health status (e.g.

poor renal function). Along with co-administration of drugs,  use of

dietary supplements, non-prescription drugs, food choice (e.g. co-

ffee, citrus juice) could also alter the effect of the drug, thus leading

to adverse drug reactions36. 

DDIs are the most common cause of ADRs in the elderly. Yet, for

patients  taking two medications,  the risk of a drug interaction is

15%. This risk increases to 40% for those using five prescriptions

and  to  a  dangerous  80%  for  patients  taking  seven  or  more

medications.

We  can  distinguish  three  types  of  DDIs;  pharmacodynamic,

pharmacokinetic and pharmaceutical interaction (table 4). 

In pharmacodynamic interaction the drugs affect each other direct-

ly;  one drug has an antagonistic,  additive,  synergistic  or  indirect

pharmacologic effect on another  (table 5)36,37. For instance, fluoro-

quinolones  taken with macrolides  can  result  in  QT prolongation.

The combination of ACE inhibitors with potassium-sparing diure-

tics can increase potassium retention which can lead to life-threaten-

ing hyperkalemia.
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Interaction Description Example

Pharmacodynamic 

One drug has an 
antagonistic, addi-
tive, or synergistic
effect on another

Fluoroquinolones
and erythromycin
can result in QT
prolongation

Pharmacokinetic 

One drug alters
the absorption,
distribution, meta-
bolism or excre-
tion of the other

Inefficacy of digo-
xin after coadminis-
tration of
carbamazepine

Pharmaceutic

Occurence is due
to physical or
chemical
incompatibility

Inactivation of
cisplatin by mesna

Table 4. Types of DDIs.

Pharmacokinetic interactions involve the alteration of abortion, dis-

tribution, metabolism or excretion of drugs. It alters the drug plasma

concentration  and  involves  cytochrome  P450  enzymes38.  For

example, increased bioavailability of digoxin when taken with vera-

pamil.

Pharmaceutical incompatibility happens when two drugs are mixed,

and one makes a complex with the other. This is a pure chemistry

and  no  pharmacological  systems  are  included.  For  example  the

inactivation of the platinum compound cisplatin by the addition of

the  thiol  mesna  (sodium  2-mercaptoethanesulfonate).  If  these

compounds are combined, a mesna-platinum adduct forms37.
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Typical additive interactions

Compund 1 Compound 2 Possible side effect

NSAIDs SSRI, phenprocoumon
Increased risk of blee-
ding

NSAIDs Glucocorticoids 
Increased risk of gas-
tric bleeding

ACE inhibitors
Spironolactone, 
amiloride

Hyperkalemia 

SSRIs Triptans Serotonin syndrome
Tricyclic antidepress-
ants

Low-potency neuro-
leptics

Increased anticholi-
nergic effects

Quinolones 
Macrolides, citalop-
ram

QT-interval pro-
longation, torsade de 
pointes

Typical antagonistic interactions

Compund 1 Compound 2 Possible side effect
Acetylsalicylic acid Ibuprofen Reduced effects
ACE inhibitors NSAIDs Reduced effects
Levodopa Classical neuroleptics Reduced effects
Phenprocoumon Vitamin K Reduced effects

Table 5. Examples of typical additive and antagonistic pharmacodynamic

interactions (SSRI, selective serotonin reuptake inhibitor; NSAID, nonsteroidal

anti-inflammatory drug)37

Alteration of enzyme and/or transporter activities involved in the

absorption, distribution, metabolism, or excretion of a new molecu-

lar entity by other concomitant drugs may lead to a change in expo-

sure leading to altered response (safety or efficacy). For example,

inhibition of cytochromes P450 and transporters are two of the ma-

jor mechanisms underlying drug-drug interactions. 
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Drugs can be categorized as inhibitors (slows down the normal ac-

tivity level of a metabolic enzyme), inducers (speed up the rate of

metabolism), or substrates (a compound that is identified as a meta-

bolic target of a particular enzyme) (figure 3)39.  

Based on this  there are  six patterns of drug-drug interactions,  1)

inhibitor added to a substrate (increase the serum level of the subs-

trate), 2) substrate added to an inhibitor (decrease the serum level of

the substrate), 3) inducer added to a substrate (decrease the serum

level of the substrate), 4) substrate added to an inducer (ineffective

dosing), 5) removal of an inhibitor (reversal of enzyme inhibition),

6)  removal  of  an  inducer  (reversal  on enzyme induction)40.   For

example if a compound A is metabolized by a CYP and compound

B  inhibits  the  CYP's  activity,  the  plasma  concentration  of  the

compound A will be higher than expected and potentially cause to-

xicity. CYP inhibition can either be via a reversible or irreversible

mechanism. If compound A is metabolized by a CYP and compound

B  induces  or  increases  the  enzyme's  activity,  then  the  plasma

concentrations of compound A will be lower than expected and may

cause compound A to be ineffective38. 

Drug transporters also play an important role in supervising drug

concentrations in the blood and in various organs (liver, brain, lung,

kidney, small intestine)40–42. 
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Figure 3.  A) Normal reaction, the substrate molecule binds to the enzyme’s

active side, a reaction occurs, and product molecules are formed. B) Allosteric

activation, inducer help the substrate to bind with the active site. C) Competitive

inhibition, the inhibitor molecule binds to the active side, preventing the binding

of the substrate. D) Allosteric or non-competitive inhibition, the inhibitor

prevents the binding of the substrate by changing the shape of the active site.

19



Transporters comprise the largest family of membrane proteins in

the  human  organism,  including  members  of  solute  carrier

transporter  and  ATP-binding  cassette  transporter  families.  These

proteins frequently are in charge of drug absorption,  elimination,

and can enhance the effectiveness of drugs. 

Each drug has its own target profile, one drug one target paradigm

was replaced with one drug multiple target i.e polypharmacology.

There is the primary target profile, which is the list of targets expec-

ted to hit the drug when consumed according to the recommended

dose. 

The secondary or off target profile is when the drug concentration

alters,  hitting  new,  unexpected  targets.  Many  drugs  have  an

incomplete target profile, compared with small amount of experi-

mentally verified drug target interactions, there exist a large number

of unknown drug-target interactions. 

The inhibition and induction of drug metabolism are generally not

altered with aging. Nevertheless, the elderly are more sensitive to

drug interactions due to continuous age-related physiologic41.  For

example,  age-related  changes  in  body composition  (increased  fat

mass and decreased total  body water)  may drive to  an increased

volume  of  distribution  and  a  prolonged  half-life  with  lipophilic

drugs, although water-soluble drugs tend to have a decreased volu-

me of distribution. The most noticeable age-related change is the

decrease in renal drug clearance corresponding with the decline in
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creatinine clearance. Hepatic blood flow may be decreased too, as

well as nutritional status42. Changes in pharmacodynamic responses

also are very important factors that contribute to drug interaction

susceptibility.  Even is  a  dosage is  decreased appropriately to  ac-

count for age-related pharmacokinetic changes and decreased ho-

meostasis  may  result  in  greater  sensitivity  to  adverse  drug reac-

tions9.

Therapy with two or more drugs is more the rule than the exception,

particularly in aging societies. Drug-drug interactions are frequently

undesirable  and  may  lead  to  increased  toxicity  and  mortality.

Accordingly, the evaluation of a new molecular entity's drug-drug

interaction  potential  is  an  integral  part  of  drug development  and

regulatory review prior to its market approval43. 

Drug-drug interactions may lead to serious adverse drug reactions.

Polypharmacy, which is common in elderly patients, increases the

risk substantially9.
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1.4 Polypharmacy in the elderly

Current population ageing in Europe is seen as a challenge for many

policy areas, between these, health and long-term care in particular.

Europeans are living longer and they want healthier lives. However,

ageing entails many problems that simply cannot be solved. The hu-

man machinery slows down, often the organs do not work properly

as before, the muscles and bones are not strong as they were before,

giving rise to chronic diseases, cardiovascular problems, hyperten-

sion,  diabetes,  rheumatoid arthritis,  chronic pain,  anxiety and in-

somnia, tremors, falls and consequent fractures, as the most com-

mon, between others44–46. 

The average 70-year-old now takes seven or more different pres-

cription medications to cope with the aging condition. The use of

multiple  medications  is  often  referred  to  as  polypharmacy.  Poly-

pharmacy  can  cause  problems  such  as  drug-drug  interactions,

serious side effects, and non-adherence to treatment if an appropria-

te drug prescription is not followed. Inappropriate prescribing is cu-

rrently  a  hot  topic  in  our  aging  population.  Elder  patients  see

multiple  specialists  that,  either  are  not  well  informed of  the  full

medical  history  and  medication  that  the  patient  takes,  or  do  not

always agree in a consensus47.  Not to mention patients who self-

medicate  or  take  dietary  supplements  or  over  the  counter  drugs,

which can cause also problems of drug-drug interactions and adver-

se effects. 
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Therefore,  we  are  facing  a  complex  situation.  Polypharmacy  is

necessary for the elderly condition and cannot be prevented. Howe-

ver, it is essential to assess the risks associated to it in order to pro-

perly manage it.  Hence, the key question is how to better manage

the ageing condition in order to give our ageing population well-be-

ing and the best possible quality of life.

Consequently, there is currently an increasing interest to generate

and start seriously implementing polypharmacy policies in Europe.

Moreover, national health agencies are clearly interested in reducing

polypharmacy, given the huge sums of money they spend when re-

sulting side effects and hospitalizations, or repeated and avoidable

clinical tests.

Generally adults aged over 65 years with chronic diseases, which

include heart disease, hypertension, diabetes, arthritis, and cancer,

often  require  multiple  medications  for  optimal  management48.

Patients who take antipsychotics have a higher change to suffer ad-

verse effects of polypharmacy9. Self-medication is another contribu-

ting factor to polypharmacy. Polypharmacy is more common in wo-

men, and its prevalence increases with advancing age49. An elderly

man between 60-79 takes an average 6 medications, while a woman

at the same age 7. Above 80 years both genders take an average 9

medications daily50,51. 

The number of medications a person's uses is by far the strongest

risk  factor  for  medication-related  problems.  As  the  number  of

medications  rises,  adverse drug reactions become more common.
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Adherence  worsens,  drug  drug  interactions  increase  50.  Between

1995  and  2010,  the  proportion  of  adults  dispensed  more  than  5

drugs doubled to 20.8%, and the proportion dispensed to more than

10 drugs tripled to 5.8%. Receipt of more than 10 drugs is strongly

associated with increased age52.

There  are  many  negative  consequences  associated  with  poly-

pharmacy. The most common consequences of polypharmacy inclu-

de  adverse  drug  reactions,  drug  interactions,  medication  non-

adherence, worsen quality of life, cognitive impairment and falls53.

These may manifest in increased health service utilization and in-

creased risk of geriatric syndromes54. As patient age and their health

status changes, medications may become ineffective, more harmful,

or require dosage changes to prevent adverse drug reactions from

occurring.  Nonpharmacologic  therapy,  such  as  diet  and exercise,

should be considered whenever possible55. 

We can distinct five classes of polypharmacy: same-class-, multi-

class-, adjunctive-, augmentation- and total polypharmacy (table 5).

Additionally, there are five factors associated with the rise of poly-

pharmacy: scientific, clinical, economic, political and cultural Kuk-

reja56.

The number of medications used by older adults is associated with

poorer nutritional status. Decrements in physical health were asso-

ciated with decreasing intake of many fat-soluble and water-soluble

vitamins, major minerals, trace minerals and electrolytes. Excessive

macronutrient  use,  specifically  relating  to  the  intake  of  saturated
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fats,  refined  carbohydrates  and cholesterol,  along with  decreased

intake of fibre and bioavailable protein sources, was also associated

with poor physical health49. 

Type of poly-
pharmacy

Description Example

Same-Class
use of more than one
medication from the same
class

use of two selective
serotonin reuptake
inhibitors in a case of
depression

Multi-Class

use of full therapeutic do-
ses of more than one
medication from different
classes for the same symp-
tom cluster

use of valproate along
with an atypical antip-
sychotic, such as
olanzapine, for treat-
ment of mania

Adjunctive

use of one medication to
treat the side effects of
another medication from a
different class

use of trazodone for
insomnia caused by
bupropion

Augmentation

use of one medication at a
lower than normal dose
along with another
medication from a di-
fferent class in full thera-
peutic dose for the same
symptom cluster

addition of low dose
haloperidol in a
patient responding
partially to risperido-
ne

Total 
total count of medications
used in a patient

Table 5. Types of polypharmacy

Health  care  providers  often  utilize  various  methods to  avoid  the

incidence of polypharmacy. The most common interventions inclu-

de the utilization of Beers' criteria57, the “brown bag” approach58,

using  mnemonics  such  as  SAIL59 and  TIDE60,  and  the  “10-step

approach”61.
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It is very common in the elderly that unnecessary medications pres-

cribed without indication, without evidence on ongoing therapeutic

benefit, used in excessive dose or duration, and in the presence of

adverse consequences51. More than half of the medication errors is

due  to  wrong prescription,  30% administration  errors50,62.  Studies

shown  that  the  use  of  unnecessary  medications  in  older  adults

ranges  from  40-50%,  with  medications  often  continued  until

death55,62. Any insult or adverse event has the potential to irreversi-

bly contribute to patient decline an premature death. It is therefore

important to understand how to both identify and reduce unnecess-

ary medications in this vulnerable population50. 

Current European health policies focus on the digitization of health-

care given the increasing digitization of today's society. Information

technology in healthcare is the core of the current health policie-

s63,64.  The  greatest  difficulty  currently  encountered  is  the  lack  of

good interoperable systems to access and share all electronic health

records of Europeans citizens. If this can be solved, this will allow

health IT data usage and analytics across EU countries borders to

the benefit of patients, physicians, and hospitals.

Prevention and educating courses for hospital and primary care wo-

rkers are fundamental for preventing and handling polypharmacy in

the most adequate way65. Currently courses are compulsory in parts

of Germany and Sweden, and everywhere in Catalonia,  Scotland

and Northern Ireland. 
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In  Catalonia  these  courses  teach  general  pharmacy  indicators

(number of prescriptions per user, average cost of prescription per

patient),  polypharmacy  management  specific  indicators  (%  of

patients  with  polypharmacy,  index  of  prescription  quality)  and

pharmacy  cost  indicators  (cost  per  patient  treated  with  ACEI  or

ARB,  cost  per  patients  treated  with  cholesterol  lowering  agents,

cost per patient treated with antidepressants)54. 

In Scotland the courses include standard polypharmacy indicators

(10 or more British National Formulary (BNF) paragraphs dispens-

ed in a 6 month period with at least one high risk drug) and high

risk prescribing indicators (older person >75 years prescribed with

antipsychotic drug, older person >65 years currently taking an ACE

inhibitor/angiotensin receptor blocker and a diuretic who is prescri-

bed a NSAID -the triple whammy-, older person >75 years prescri-

bed a NSAID without gastroprotection, older person >65 years cu-

rrently  taking  either  aspirin  or  clopidogrel  who  is  prescribed  a

NSAID without gastroprotection, current anticoagulant user prescri-

bed a NSAID without gastroprotection, current anticoagulant user

prescribed aspirin or clopidogrel without gastroprotection)66. 

In Sweden the courses teach about drug specific indicators (drugs

that should be avoided unless a specific reason exists: long-acting

benzodiazepines,  drugs with significant anticholinergic properties,

tramadol) and diagnosis specific indicators (COPD: irrational use,

oral  beta-2  receptor  agonist,  hazardous  use,  non-selective  beta-

receptor blocker)62.
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Policy  efforts  aimed  at  reducing  the  impact  of  morbidity  and

mortality  related  to  overprescription  causing  polypharmacy  may

reduce the supply of prescription drugs and thus reduce the potential

for  drug diversion  that  leads  to  misuse and abuse.  According to

Twillman et al.67,68 policy initiatives that focus on the supply of pres-

cription drugs should consider 

1. abuse-deterrent opioid formulations,

2. increased medication storage security at home,

3. drug take-back opportunities,

4. improved clinician education, 

5. improved effectiveness of prescription drug monitoring pro-

grams.

For example, improved clinician education aims to teach clinicians

“to prescribe only the number of doses they expect patients to need

in acute pain settings and the importance of avoiding excess prescri-

bing.” Similarly, PDMP electronic databases provide supplemental

information on controlled substance prescriptions and allow for de-

tection of and intervention among individuals attempting to fraudu-

lently obtaining such prescriptions. Although supply-side initiatives

are a major  focus in prescription drug abuse efforts,  the demand

side of the equation is equally important.

Policymakers and public health officials must also aim to reduce the

demand for prescription drugs to prevent individuals from develo-

ping the disease of addiction. Primary drug abuse prevention efforts
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that aim to educate patients and their families form the foundation

for reducing prescription drug demand. Research efforts must focus

on understanding how to improve the effectiveness of primary drug

abuse prevention programs. Furthermore, these programs must be-

come more prominent throughout the country to prevent the develo-

pment of addiction.

As expounded before, drug misuse and abuse are increasing among

people  in  their  60s,  together  with  taking  multiple  medications

concurrently for the treatment or management of several comorbidi-

ties. This population is at higher risk for medication misuse than the

general  population,  largely as a result  of increased rates of pain,

sleep disorders/insomnia,  and anxiety.  In  addition,  elderly indivi-

duals are typically more sensitive to medications because of their

slower  metabolism.  Therefore,  improved  health  outcomes  in  this

population may depend on successful care coordination and reduc-

tions in cases of polypharmacy.
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1.5 In silico tools for drug safety

Intervention strategies that aim to curb the overprescription/misp-

rescription drug must 

1. improve legislation and enforcement of existing laws,

2. improve medical  practice  with  respect  to  overprescribing/

misprescribing drugs,

3. educate prescribers regarding the underappreciated risks and

benefits of high-dose overprescribed drugs, and

4. include secondary and tertiary prevention measures to imp-

rove access to substance abuse services and overdose harm

reduction programs69.

In addition, policy initiatives must not focus solely on the supply

side  of  the overprescription/misprescription drug equation,  which

could reduce access to treatment among patients who have a legi-

timate need for medications to control chronic pain. As such, policy

initiatives  focused  on  demand  must  also  be  considered,  with

particular  attention  to  populations  disproportionately  affected  by

prescription drug misuse and abuse.

A way to implement these measures could be integrated in the form

of a “SMART” healthcare service (hospital/primary care center/ge-

neral practitioner (GP) center/emergency service)70. The “SMART”

healthcare service would consist on the use of computerization &

health information systems to the operational support of the clinical
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management plan in order to improve the effectiveness and efficacy

of the healthcare system itself.

A health care milieu with a high degree of clinical and economic

integration must bring together funding, coordination and the conti-

nuum of health services for a given population. 

Computerization & health information systems are basic to support/

perform this integration scheme (i.e. computerized clinical history

of patients is crucial to 

a) have quick access to the information, 

b) easier analysis of patient information, 

c) perform direct statistics from patient data,

d) easier extraction of conclusions…). 

Moreover, various liaison devices can be introduced, such as a ma-

trix structure or information systems, in order to be communicated

all the processes / algorithms between them (i.e. communication be-

tween patients information, use of resources, interventions, outco-

mes).

By introducing computerization & health information systems into

the clinical practice guidelines, makes it possible to incorporate a

concurrent review model with decision-making based on the deve-

loped standards and criteria; thus, for example, it allows for the au-

tomation of alerts and reminders, and the capture of key outcomes

and abnormal data. The computerization & health information sys-

tems for analyzing outcome data as a support for medical practice
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will  provide  information  on outcomes  enabling  improvements  in

coordinated care management at a patient-centered level.

The evaluation of the impact of the aforementioned measures could

be  done  by  an  observational,  prospective  multicentric  study,

evaluating the influence of the measures applied in reducing poly-

pharmacy, patient wellbeing or patient adverse effects, by multiva-

riate regression analysis. If a high association is found between the

measures and reducing polypharmacy / adverse effects, the measu-

res would be effective. On the contrary, those related with reducing

patient wellbeing, would not be effective.

Current  tools  for  identifying potentially  inappropriate  prescribing

(PIP) in older patients are time-consuming, tedious, impractical and

inadequate. As aforementioned, several studies have found that pol-

ypharmacy is associated with negative health outcomes, but more

research is needed. Regarding European projects, this field has been

only tackled recently in the European innovation Partnership Ac-

tions: “Polypharmacy Patterns: Unraveling Systematic Associations

between Prescribed Medications”71, the “SIMPATHY project to ma-

nage polypharmacy in the elderly by 2030”72,  the “FRIENDD: a

study group on DDIs in polypharmacy in the elderly”73,74, the CRI-

ME project: CRIteria to assess appropriate Medication use among

Elderly  complex patients71,  the  PREDICT EU project:  Increasing

the PaRticipation of the ElDerly in Clinical Trial75, the ICARE4U

project:76 Innovating care for people with multiple chronic condi-
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tions  in  Europe,  the  MICMI  project:  Methods  for  Improving

Compliance  with  Medicine  Intake77, EU-ADR78,  eTOX79,  and

eTRANSAFE80.

As aforementioned, there are tools available to help reducing poly-

pharmacy in the elderly. The Screening Tool of Older Person’s Pres-

criptions  (STOPP)  criteria65,  the  STOPP/START  of  the  NHS

Cumbria toolkit81,  the Beers  Criteria  updated 201258,  the FORTA

(Fit  FOR  The  Aged)  list82,  the  NHS  Highland  system83,  the

Medication  Appropriateness  Index (MAI)  tool84,  the  NO

TEARS85 and ARMOR86 systems, decision algorithms, the French

consensus  panel87,  McLeod’s  criteria88,  Lindblad’s  panel89,  or  the

PRISCUS list90. All of these tools contain a consensus panel with

several criteria of body systems or drugs (figure 3).

Additionally, there are currently available several Internet sources

helping to tackle and understand better polypharmacy. Pharmacovi-

gilance resources like FAERS91, Yellowcard92, European database of

suspected ADR reports93 , OECD Health Statistics94. 

Digitization of healthcare records has literally paved the way for a

far more informed, innovative, and personalized care paradigm. Cu-

rrent  effort  is  being  put  into  an  open  secured  access  across  EU

countries  borders  of  the  fully  digital  patient  personal  electronic

health records. This will allow having access to the clinical history

of every patient in every hospital in Europe and avoiding inapprop-

riate prescriptions. It is essential though to solve the still  existent

problem of  systems’ interoperability,  as  well  as  it  is  essential  to
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perfectly deal with the cyber security issues. Moreover, a common

use of e-health records will avoid unnecessary or repeated expensi-

ve clinical tests and will definitely help to avoid inappropriate pres-

cription. 

Figure 3: STOPP, The following cardiovascular system releated drug prescrip-
tions are potentially inappropriate in persons aged > 65 years of age 

Electronic prescribing (e-prescribing) is another important stage in

the overall digital technology transformation. There is strong evi-

dence from several health national authorities that digital prescri-

bing saves both time and money, it promotes patient safety with its

real-time support and guidance for prescribers. Furthermore, it also

definitely helps reducing inappropriate prescription. These policies

will  help  to  rational  deprescribing.  Rational  deprescribing  is

important  to  better  manage  polypharmacy.  We  could  reduce
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medications to an elder patient, even if the ended medication is less

efficacious for the patients’ clinical profile, but it is improving the

quality  of  life  of  the  elder  patient  (less  tedious  side  effects  that

impede well-being/quality of life).

Hence, the current and future tendency of policies is focused on e-

health solutions, mhealth (mobile health) solutions,  where mobile

health applications are used from monitoring a chronic patient, to

attend virtually  to  doctor  visits,  to  help  remembering medication

(improving adherence), to control a wearable that monitors specific

compounds/metabolites  and  downloads  data  that  can  be  send

straightforward for the doctor to analyze and take decisions on the

lifestyle needed to be carried out (already extensively used with dia-

betic patients), telehealth, telemedicine, “elderly smart homes”, IT

advancements  to  get  patients  out  of  the  waiting  room  faster,

gathering data such as genomic data and use it through AI health

systems,  i.e.  for  cognitive  computing  health  prescriptions  (IBM

Watson Health system)95.

In short, current policies are focused on putting the patient at center

stage, going from intervention to prevention, from hospital based-

care to patient-centered based care (in elderly smart homes, by the

use of wearables to gather, share data and monitor patients with, i.e.

chronic diseases), and the use of all these personal data gathered to-

wards  personalized  medicine.  Predictive  modeling  and  genomic

sequencing are fast becoming components of fully digitized health
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organizations in partnership with the patients and communities they

serve.

However,  is  this  just  the  right  way to proceed? We could  argue

about it, taking just a perfect and very timely example, IBM Watson

Health platform. Last June 2017 was announced the failing of this

IBM platform on  prescribing  obvious  prescriptions  or  non-sense

prescriptions96. Until which point can be useful gathering databases

and extracting data for AI predictions? A combination from different

sources is normally the virtue.

It is worth noting that from the standpoint of wellbeing and health-

care improvement it is better to under prescribe to avoid side effects

than prescribe without well knowing the effects of combined drugs

or  even  prescribe  when  the  health  outcome  improvement  is  not

going to be substantial adding a new drug to the patient lists of con-

sumed drugs. Once taken this into account, the adoption of a policy,

which takes into account the lines of actions expounded, seems a

good solution. Below, some evidence that confirms the effective-

ness of the lines of action proposed.

There is a relative risk reduction on medication error and adverse

drug  events  by  computerized  physician  order  entry  systems

(CPOE). There is evidence that electronic prescribing can reduce

the risk for medication errors and adverse drug events97. Hence, the

policy should implement an electronic prescribing system with a log

of all the drugs the patients take, listing the prescribing doctor, the

date and reason prescribed, and the directions and cautions about
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the medication use. In this way any doctor can have information

about all the drugs being taken, including those prescribed by other

physicians,  such as  the  log  called  the  "Passport  to  Good Health

Care," included in the department's booklet, available free from the

National Clearinghouse for Alcohol and Drug Information98.

Regarding the implementation of psychosocial counseling and treat-

ment for any co-occurring disorders: According to government figu-

res,  an  estimated  120,000  older  people  are  affected  annually  by

mental impairment or Parkinson's disease-like trembling - induced

by  drugs.  Each  year  another  32,000,  woozy  from  prescription

tranquilizers and sleeping pills, fall and break hips. According to the

U.S. Health and Human Services Department, federal officials es-

timate that some 200,000 elderly are hospitalized each year because

of the drugs they take - and this figure, is a gross underestimate99.

Some  older  people  add  to  the  problem  by  mis-medicating

themselves -  confusing schedules or taking too much or too little.

Fewer than half of the elderly patients who take prescription drugs

follow their physician's orders100.

Regarding the implementation of mandatory courses for doctors in

geriatrics: For one thing, age itself increases the likelihood of bad

drug reactions. Drugs tend to be tested on younger people and the

dosages set accordingly. The elderly, whose livers and kidneys are

less effective at clearing drugs from their systems, can be staggered

by quantities that are safe for younger people.  Older people also
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take a greater number of drugs. The average senior gets more than

15 prescriptions a year.

A study done a few years ago found that fewer than two percent of

all  medical  students  were  required  to  take  courses  in  geriatrics.

Most physicians had only one class in pharmacology.100.

Regarding  the kind  of  drugs  prescribed  when  existing  poly-

pharmacy: The elderly are most likely to be harmed by psychoac-

tive drugs - drugs that affect the mind. They include potent antipsy-

chotics like Haldol or Mellaril, used to treat serious mental illness,

and tranquilizing benzodiazepines such as Valium or Halcion. Psy-

choactive drugs have numerous effects other than the desired ones.

They can  reduce  alertness  and coordination,  which  increases  the

risk of falling. Older people taking long-acting tranquilizers such as

Valium are nearly twice as likely as those not taking the drugs to

fall and break a hip - an injury that for an older person can mark the

beginning of the end. Hence, for older people, the key question is,

'Do I need this drug in the first place?' and if yes, in which dose?

Regarding  the  adoption  of  measures  to  follow  continuously  the

medical history of the patient, the review with follow up service has

been  proven  to  be  successful,  i.e.  the  Spanish  conSIGUE  pro-

gram101.

Our life expectancy is nowadays significantly higher than it would

have been even some few decades ago. This progress, leading to

aging societies, is of influence to the organization of health care and

39



to the future development. The measures adopted should include re-

search for the development and investigation of appropriate trans

institutional information system architectures, of adequate methods

for strategic information management, of methods for modeling and

evaluating health information systems, the development and inves-

tigation  of  comprehensive  electronic  patient  records,  providing

appropriate  access  for  health  care  professionals  as  well  as  for

patients, including home care and health monitoring facilities102.

Therefore: 

1. Urges public health and public policy education programs to

prioritize  and  implement  evidence-based  community  and

provider  training  programs  on  mental  health,  non-

pharmacological pain treatment alternatives, substance abu-

se, and overdose prevention, prescribed drugs that can cause

possible or severe adverse effects (Table 1). Gaps in edu-

cation can be assessed and continuing education provided.

2. Urges  public  education  on  non  sharing  of  prescription

medications  as  well  as  safe  storage,  use,  and disposal  of

medications.  Messaging  must  come  from  multiple  public

health partners and resources, including public radio and te-

levision, billboards, and social media. 

3. Urges pain prescription providers to become more knowled-

geable on identifying and treating pain with alternative mo-
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dalities  and  to  coordinate  pain  management  with

complementary and integrative care providers.

4. Urge  providers  to  be  educated  on  and require  the  use  of

Prescription  Drug  Monitoring  Programs  (PDMP)  before

prescribing pain medications and to increase integration of

patients’ information  into  their  electronic  health  records.

Prescribers need to be educated on referral and treatment op-

tions if concerns are identified on the PDMP assessment.

5. Urges  state  legislators  to  prioritize  resources  for  develop-

ment  and  continued  support  of  evidence-based  poly-

pharmacy treatment programs that include medication-assis-

ted treatment and supportive counseling.

6. Urges state  legislation to  require  individuals to have phy-

sical  and  mental  examinations  before  they  are  prescribed

pain medications.

The classical view of drug action, “one molecule interacts with one

target to give one therapeutic effect” has been replaced by the new

polypharmacology paradigm “one molecule (or more) interacts with

several targets to give several therapeutic effects and certain side

effects”. These targets are in a complex cellular network. 

The  emerging  discipline  of  Quantitative  systems  pharmacology

(QSP) aims to understand how drugs modulate cellular networks in
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space and time in order to predict drug targets and their role in hu-

man pathophysiology. It is worth mentioning that although QSP mi-

ght be considered to be a new approach, the principle of drug “re-

purposing” is well-established in the pharmaceutical industry as a

way to identify new targets for drug molecules which have failed at

the clinical testing stage for their original target. 

Hence,  both  the  QSP concept  and  the  enterprise  view  of  poly-

pharmacology can be adapted to the field of polypharmacy. As men-

tioned above, hospitals are spending large sums of money because

of polypharmacy and ADRs, and current tools for identifying PIP in

older patients are time-consuming and inadequate. Therefore, QSP

can  be  essential  to  deal  with  these  problems,  with  practical

application  in  the  promising  field  of  personalized  medicine  and

drug repositioning with reduction of ADRs.

In recent years, several new sources of data have enabled resear-

chers to better identify, predict, and explain polypharmacology and

drug safety. Table 6 shows the most representative databases and re-

sources for pharmacology studies. The major sources of scientific

articles on biomedical field are Medline102,  Scopus103 and Google

Scholar104.  Comprehensive  drug  databases,  like  Drugbank105,

KEGG106 and  PharmGKB107 contain  detailed  drug (i.e.  chemical,

pharmacological and pharmaceutical) data with comprehensive drug

target  (i.e.  sequence,  structure,  and  pathway),  drug  metabolite

information. 
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Database Description
MEDLINE The world's largest repository of scientific articles in 

the biomedical domain
SCOPUS Elsevier’s abstract and citation database 
Google 
Scholar

Indexes the full text or metadata of scholarly literatu-
re across an array of publishing formats and discipli-
nes.

Drugbank Comprehensive drug information database
KEGG Collection of databases dealing with genomes, biolo-

gical pathways, diseases, drugs, and chemical subs-
tances 

PharmGKB Knowledgebase of human genetic variation on drug 
response 

HMDB Human Metabolome Database is a comprehensive 
database of small molecule metabolites found in the 
human body 

Transformer Transformation and transport of xenobiotics in the 
human body

CTD Comparative Toxicogenomics Database illuminates 
how environmental chemicals affect human health. 

FooDB Database containing chemical composition data on 
common, unprocessed foods.

ChEMBL Manually curated chemical database of bioactive 
molecules with drug-like properties 

ChemSpider Chemical structure database 
FAERS Contains information on adverse event and 

medication error reports submitted to FDA
SIDER contains information on marketed medicines and their

recorded adverse drug reactions 
eTOXsys Highly relevant proprietary data, donated by 

pharmaceutical organisations 
FDA Food and Drug Administration  is a federal agency of 

the United States Department of Health and Human 
Services

JAPIC Japan Pharmaceutical Information Center is a comp-
rehensive pharaceutical database

Drugs.com Online pharmaceutical encyclopedia which provides 
drug information
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UMLS Unified Medical Language System is a compendium 
of many controlled vocabularies in the biomedical 
science 

ATC Anatomical Therapeutic Chemical Classification Sys-
tem is used for the classification of active ingredients 
of drugs according to the organ or system on which 
they act and their therapeutic, pharmacological and 
chemical properties

Table 6. The most representative databases and rescources for poly-

pharmacology and drug safety.

The  Human  Metabolome  database  (HMDB)103 facilitates  human

metabolomics research, including the identification and characteri-

zation of human metabolites. Likewise the Transformer database104,

which  comprehensive  information  on  the  transformation  and

transport of xenobiotics in the human body. 

Comparative Toxicogenomics Database (CTD)105 curates scientific

data  describing relationships  between chemicals/drugs,  genes/pro-

teins,  diseases,  taxa,  phenotypes,  GO annotations,  pathways,  and

interaction modules. The Food Database (FooDB)106 is a database

containing chemical (micronutrient and macronutrient) composition

data on common, unprocessed food.

The  most  often  used  chemical  structure  databases  are

ChEMBL107 and  ChemSpider108.  ChEMBL is  a  manually  curated

chemical database of bioactive molecules with drug-like properties

contains compound bioactivity data against drug targets. ChemSpi-
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der contains information on more than 63 million molecules from

over 280 data sources.

Principal databases to study drug safety are FAERS91, SIDER109 and

eTOXsys110. FAERS is  the FDA Adverse Event Reporting System

contains information on adverse event and medication error reports

submitted  to  FDA’s  Safety  Information  and  Adverse  Event  Re-

porting  Program (MedWatch).  SIDER contains  drugs,  ADRs and

drug–ADR pairs data, as well data set of drug indications, extracted

from the package inserts using Natural Language Processing. The

eTOXsys  delivers  access  to  highly  relevant  proprietary  data,  do-

nated by pharmaceutical organisations through the eTOX database. 

The Food and Drug Administration (FDA)2 is responsible for pro-

tecting and promoting public health through the control and super-

vision of food safety, tobacco products, dietary supplements, pre-

scription and over-the-counter pharmaceutical drugs (medications),

vaccines, biopharmaceuticals, blood transfusions, medical devices,

electromagnetic radiation emitting devices and cosmetics. Likewise-

JAPIC111,  a comprehensive database for pharmaceuticals available

in Japan. 

The website  www.drugs.com112 is an online pharmaceutical ency-

clopedia  which  provides  drug information,  such as  drug interac-

tions, side effects and dosis,  for consumers and health care profes-

sionals.
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A widely used classification system for drugs based on their active

ingredients is the Anatomical Therapeutic Chemical (ATC) Classi-

fication System. This pharmaceutical coding system divides drugs

into different  groups according to  the organ or  system on which

they act, their therapeutic intent or nature, and the drug's chemical

characteristics.  It  is  controlled by the World Health Organization

Collaborating Centre for Drug Statistics Methodology (WHOCC).

The Unified Medical Language System (UMLS) is a compendium

of many controlled vocabularies in the biomedical sciences. It pro-

vides a mapping structure among these vocabularies and thus allows

one to translate among the various terminology systems; it may also

be  viewed  as  a  comprehensive  thesaurus  and  ontology  of  bio-

medical concepts.

With the increasing availability of the above databases, various me-

thods have been applied to predict molecular polypharmacology.  

In silico methods are gaining extreme interest to detect drug – target

– side effect – coadministration (D-T-SE-CO) relationships. These

approches fall  into six main group.  The first  group uses systems

biology/pharmacology approaches. The second and third group fo-

cuses on similarity methods. The fourth an fifth group contains me-

thods to extract and predict information from databases and text mi-

ning.  The sixth group uses docking methodologies (table 7).
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Methodology Description 
Systems biology/
pharmacology appro-
aches 

Uses experimental and computational appro-
aches to have the systems-level unders-
tanding of diseases and both the therapeutic 
and adverse mechanisms of drug actions. 

Side-effect similarity Drugs/Targets are mapped based on phenoty-
pic side-effect similarities. 

Similarity ensemble 
approach (SEA) 

Relates proteins based on the set-wise 
chemical similarity among their ligands. It 
can be used to rapidly search large 
compound databases and to build cross-target
similarity maps. 

Knowledge-based 
approach 

Form the associations and depict as a netwo-
rk between various biomolecules stored in 
various databases. 

Text mining tools Text mining tools were used to dig the ma-
pping information from literature and public 
databases 

Docking/Inverse do-
cking QSAR

Docking a ligand against several targets 

Table 7. A broad classification of polypharmacological methods to study poly-

pharmacy and drug safety.113

System biology/pharmacology approaches

Systems biology approaches are being frequently used to identify

new off-targets off-targets114. Combining pathway and network anal-

yses, pharmacokinetic and pharmacodynamic models, and a know-

ledge of polymorphisms in the genome will enable the development

of predictive models of therapeutic efficacy. For example, a study

used tissue protein e symptom relation identification predicted that

10.7% side effect is related to off-target tissue effects. 115
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Side effect similarity

Side effects, or the adverse effects of drugs, contain important cli-

nical phenotypic information that may be useful in predicting novel

or unknown targets of a drug116–119. It has been suggested that drugs

with similar side-effect profiles may share common targets120. Side-

effect similarity of drugs could also be caused by their target pro-

teins being close in a molecular network, which as such could cause

similar downstream effects. A study found that only a minor fraction

of side-effect similarities (5.8 %) are caused by drugs targeting pro-

teins close in the network, compared to side-effect similarities caus-

ed by overlapping drug targets (64%)121.

Similarity ensemble approach

The Similarity Ensemble Approach (SEA) considers proteins from a

chemocentric point of view, relating them through the chemical si-

milarity  of their  ligands122.  Similar  molecules  have similar biolo-

gical profiles and bind similar targets.  SEA is a promising method,

which has been successfully applied in many drug-related studies
120,123,124.

Knowledge-based approach

There are different sources of information used in pharmacovigi-

lance to identify, evaluate, and disseminate medical product safety
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evidence including spontaneous reports, published peer-reviewed li-

terature, and product labels. For example, Tatonetti et al.  presented

an adaptive data-driven approach to study FAERS data, and they

built a comprehensive database of drug effects and a database of

drug-drug interaction side effects125.  Another study created a know-

ledge-based framework for  the  management  and effective use  of

knowledge on adverse drug event prevention. effects126

Text mining tools

Text mining is the computational process of extracting meaningful

information from large amounts of unstructured text127. Text mining

is emerging as a tool to leverage underutilized data sources that can

improve pharmacovigilance, including the objective of adverse drug

event detection and assessment. For example, a study used internet

search  logs  to  identify  a  very  common  but  undetected  DDI128.  

Using text  mining tools a  group from Spain created a  webbased

search tool of adverse hepatobiliary reactions129

Docking/Inverse docking

Molecular docking is a key tool in structural molecular biology and

computer-assisted drug design. The goal of ligand-protein docking

is to predict the predominant binding mode(s) of a ligand with a

protein of known three-dimensional structure130. In contrast to tradi-

tional  molecular  docking,  inverse docking is  used for identifying
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receptors  for  a given ligand among a large number of receptors.

Inverse docking can be used to discover new targets for existing

drugs and natural compounds,  explain polypharmacology and the

molecular mechanism of a substance, find alternative indications of

drugs through drug repositioning, and detecting adverse drug reac-

tions  and drug toxicity119-120  toxicity131.  Computational  appro-

aches useful for predicting polypharmacology. Statistical data anal-

ysis  and  bioinformatics,  ligand-based,  and structure-based appro-

aches can be applied either singularly or in combination, to take ad-

vantage of the peculiar features and strengths of each approach.132

The concept of polypharmacology involves the interaction of drug

molecules with multiple targets, which may interfere with a single

or  multiple  disease  pathways.  The  polypharmacological  studies

could uncover new off-targets for the existing drugs. The approach

could provide us with the explanation for the drug side-effects and

disastrous toxicities. 

Computational approaches for polypharmacology modeling will wi-

tness rapid growth and wide application in drug discovery.  High le-

vel  data  curation/integration  and methodology development  from

various  drug discovery  disciplines  would  be needed for  accurate

prediction of polypharmacology prediction and rational design of

multi-targeting  agents.  Various  challenges  still  exist  for  poly-

pharmacology modeling, and rational design133
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2. OBJECTIVES

• Construction  of  a  database  of  drug  metabolites

(DMdb) by careful extraction, curation, and storage

of their chemical structures from public and biblio-

graphic sources

• Development  of  a  new knowledge-based statistical

approach to predicting drug metabolites based on the

contents of DMdb

• Construction of a database of drug-drug interactions

(DDIdb) by careful extraction, curation, and storage

of pairs of drug names annotated with the safety is-

sues associated with their co-administration

• Analysis  of  DDIdb  to  identify  trends  among  drug

classes most susceptible to be involved in drug-drug

interactions

• Based  on  the  data  and  knowledge  acquired  in  the

previous objectives, review current worldwide poli-

cies on polypharmacy to devise a strategy that could

help to reduce the number of co-administered drugs

and towards a more cost-effective health system
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Abstract

The role of drug metabolites in drug efficacy and safety has gained

increasing interest over the past years. Because of that, computa-

tional approaches can be of great assistance for the rapid structural

determination of drug metabolites. Early identification of the most

probable sites of metabolism in NCEs is essential for selecting com-

pounds  with  favourable  pharmacokinetic  properties.  Accordingly,

we have constructed DMdb, a drug metabolite database that con-

tains 6124 metabolites for 1149 drugsand 6124 drug metabolites.

On this basis, a new statistical approach for predicting the formation

of drug metabolites was developed and its performance compared to

other established methodologies.
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Introduction

Elderly patients  usually  take multiple  drugs  daily  to  treat  one or

more illnesses. This polypharmacy naturally leads to an increased

number of drug-drug interactions. Many diseases are accompanied

by one or more physiological and biochemical changes that affect

the absorption,  distribution,  metabolism and elimination (ADME)

of those drugs. Accordingly, gaining a better understanding of drug

metabolism is of key importance in polypharmacy.

Aging is not regarded as a disease. However, as we become older,

our ability to metabolize drugs decreases. This is thought to be due

to several physiological changes that occur in the liver, such as a

~40% decrease  in  liver  volume,  a  ~40% decrease  in  liver  blood

flow, and decline in the expression of CYP enzymes. Liver cirrho-

sis,  hypoxia,  infection,  inflammation,  chronic kidney disease and

some genetic disorders are known to have effects on the hepatic and

extrahepatic metabolism of drugs1.

Metabolism is a biochemical process in which compounds generally

of lipophilic nature are converted to more hydrophilic entities to en-

hance their elimination from the body2. Most metabolites are phar-

macologically  less  active  and less  toxic  than their  corresponding

parent drugs. This notwithstanding, it is common that biotransfor-

mation reactions may lead to undesirable effects such as rapid drug

clearance, formation of pharmacologically active metabolites, drug-
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drug interactions via inhibition or induction of drug metabolising

enzymes, and/or formation of toxic metabolites. Therefore, the iden-

tification of the likely sites of metabolism and determination of the

metabolic  rate,  biotransformation  pathways,  and  pharmacological

and  toxicological  liabilities  of  drug  metabolites  have  become  of

paramount importance to pharmaceutical research.

Adverse drug reactions can be classified into type A or type B de-

pending on the source of the adverse effect3. Type A reactions are

associated with the primary pharmacology of the drug and are re-

sponsible for 80% of all major adverse effects. Type B are unrelated

to the mechanism of action of the drug and thus they do not occur at

normal therapeutic doses in most patients. The generation of reac-

tive metabolites are related with some severe cases of type B ad-

verse reactions such as hepatotoxicity, severe cutaneous reactions,

anaphylaxis and blood dyscrasias4.

The reactions catalysed by xenobiotic biotransforming enzymes are

generally divided into two groups referred to as phase I and phase

II5. Phase I reactions modify the compounds and involve hydrolysis,

reduction,  and  oxidation.  These  reactions  expose  or  introduce  a

functional group and usually result in only a small increase of hy-

drophilicity. Phase II biotransformation reactions are conjugating el-

ements,  which  include  glucuronidation,  sulfonation,  acetylation,

methylation, conjugation with amino acids. The cofactors for these

reactions react with functional groups that are either present on the
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xenobiotic or are introduced/exposed during phase I biotransforma-

tion. Most phase II biotransformation reactions result in a large in-

crease in xenobiotic hydrophilicity, hence they greatly promote the

excretion of foreign chemicals.

Our efforts to compile a database of drug metabolites have involved

integrating data from different public sources and carefully curating

contents from over 800 articles to come up with a total count of

6124 metabolites for 1149 drugs. Drug-metabolite pairs were then

used to developed a statistical knowledge-based approach to predict

metabolite structures. Details on the database, the methodological

aspects and the main results obtained are provided in the following

sections.

Database sources

A priority list of 1394 drugs were selected to search for drug metab-

olite information. Our goal was to find as many confirmed metabo-

lites of each drug as possible. First of all, we searched all main drug

databases.  We parsed Drugbank6,  HMDB7 and ChEMBL8 for the

drugs and their metabolites. In some cases, the drug was linked to a

metabolite, but no structure was given, or the given structure was

ultimately found to be incorrect. The name and the structure of the

parent drug were saved to a text file, alongside with the name (tag)

and structure of the drug metabolite and the bibliographical refer-

ence. 

56



Once the parsing of the databases was completed, we searched for

peer-reviewed articles from the NCBI Pubmed, using keywords as

“metabolite”, “metabolism” or the name of the parent drug, for ex-

ample,  "metabolite aspirin" or "metabolism aspirin".  The first  20

hits  were searched for metabolite structures. If an article had the

structure of the drug metabolite, we checked for uniqueness in the

other sources and, if new, the metabolite structure was drawn and

entered into the database. When annotating records in DMdb, ef-

forts were made to ensure that the database is as complete, correct

and updated as possible. A simple protocol was used to obtain the

SMILES of the metabolites. We used Chemspider and ChEMBL's

drawing tool to draw each structure and then export it to SMILES.

An important aspect is that special attention was paid in defining

the  right  stereochemistry  in  the  structures.  Once  we  had  the

SMILES of the metabolite structure, before entering it in the data-

base, we opened it up with Cactvs and confirmed that the structure

was plotted correctly when read directly by the software from the

SMILES. 

Once the SMILES were confirmed, the process was completed by

adding the additional information into a text file with the following

five columns: name of parent drug, SMILES of parent drug, name

of drug metabolite, SMILES of drug metabolite, and reference to

the article from which all data were extracted, for example, Drug

Metab Dispos 25 (1997) 133. Finally, some additional information

was included: the molecular weight, the InChI key of each structure
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using RdKit, and the ChEMBL Id for each metabolite, when avail-

able.

Overall,  a  total  of  948  drug  metabolites  were  extracted  from

HMDB, 1239 from DrugBank, 867 from ChEMBL and the rest was

manually identified in journals, the vast majority in Drug Metabo-

lism and Disposition, from which all articles were reviewed since

1997.

Methodological aspects

With DMdb available, we implemented a protocol to extract infor-

mation from the pairs of drug-metabolite structures stored. First of

all, an all atom-by-atom superposition was performed to automati-

cally identify the site of metabolism (SoM) and define the type of

chemical transformation produced with details on the parts of the

molecules that were added, deleted or modified (change in bond or-

der). Figure 1 provides an example of this step using one of the me-

tabolites of nefazodone.

The next step was to mathematically describe the environment sur-

rounding  the  SoM.  For  that  we used  pharmacological  fragments

(phrags) up to length 5 around the SoM. The presence of a given set

of phrags among a significant percentage of drugs associated to a

given chemical transformation (CTphrags) can be interpreted, from

a statistical  point  of  view,  as the specific  structural  requirements

defining it. 
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Figure 1. The all atom-by-atom alignment between nefazodone and one of its me-
tabolites. Portions of the original drug removed (in red), modified (in blue) and
added (in green) are marked on the two structures and stored using a purposely
designed internal notation.

Figure 2. The all atom-by-atom alignment between nefazodone and one of its me-
tabolites. Portions of the original drug removed (in red), modified (in blue) and
added (in green) are marked on the two structures and stored using a purposely
designed internal notation.
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Accordingly, each chemical transformation is defined by a unique

set of CTphrags. The full list  of 71 chemical transformations for

which CTphrag models could be derived is provided in Figure 2.

Then,  a  statistical  analysis  is  performed to  assess  how often  the

presence of a given CTphrag in the structure of the drug actually

leads to the chemical transformation encoded by the CTphrag. This

can be interpreted as the probability that a chemical structure con-

taining that CTphrag would actually undergo that chemical transfor-

mation. This is one of the most appreciated aspects of the methodol-

ogy developed as it assigns every metabolite predicted a confidence

score that reflects current metabolite knowledge on drug metabo-

lites, as stored in Dmdb.

Finally, we had to validate the methodology to ensure a proper be-

havior of the confidence score. For that, we divided the full contents

of DMdb into a training set (80% of drug-metabolite pairs) and vali-

dation set (20% of drug-metabolite pairs) and repeated the operation

100 times. The results of this validation exercise are illustrated in

Figure 3. As can be observed, an optimal balance between recall

and precision is achieved in confidence scores between 0.2 and 0.3.

Depending on whether the preference to shift the balance to have

more recall or more precision expected from the metabolites pre-

dicted, the user can use lower or higher confidence scores, respec-

tively. 
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Figure 3. Levels of recall (in black) and precision (in red) for the training (TS)
and validation (VS) sets along the full range of confidence scores. 

Results and Discussion

Analysis of DMdb contents. A total of 829 scientific articles pub-

lished in 136 journals were used as a reference data to create DMdb.

Figure 4 shows the distribution of sources of the metabolite data. It

is observed that the main source of drug metabolites is the journal

Drug Metabolism and Disposition (in blue), followed by DrugBank

(in red), Xenobiotica (in orange), and ChEMBL (in green). These

four sources contribute with almost 83% of the contents in DMdb. 
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Figure 4. Distribution of sources of drug metabolite data.

The mean number of metabolites per drug in DMdb is 5. Figure 5

shows the distribution of the number of drugs having a certain num-

ber of metabolites. Most drugs have between 1 and 2 metabolites

whereas only a couple of drugs have more than 20 metabolites. 

Figure 5. Number of drugs having a certain number of metabolites.
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Comparative performance with other methods.  At the time of

initiating  this  project,  there  were very few drug metabolite  data-

bases available in the public domain, those available were of limited

scope and none of them was actually being exploited to predict drug

metabolism.  More  recently,  several  computational  approaches  to

predict xenobiotic metabolism have emerged. XenoSite is a tool for

predicting the atomic sites at which xenobiotics will undergo meta-

bolic modification by Cytochrome P450 enzymes9. SMARTCyp uti-

lizes a set of pre-computed activation energies in combination with

topological  accessibility  descriptors10.  Metaprint2D derives  likeli-

hoods of metabolic transformation for atoms with a defined atomic

environment  by mining large  biotransformation databases11.  Cyp-

Score has a collection of six multiple linear regression (MLR) mod-

els to cover the major reaction types of CYPs12. RS-WebPredictor is

a array of pre-trained support vector machine (SVM) models using

topological descriptors and SMARTCyp reactivities for predicting

SoMs13. FAME is a set of random forest models for predicting phase

I and II metabolism in different species trained on drugs, drug-like

molecules,  endogenous  metabolites  and  natural  products14.  Al-

though these tools seem promising, they remain as prediction data,

with a certain precision score, which usually is not higher than 60-

70%. All prediction methods are rely on a starter dataset with real

data, and we hope our database can help improve their prediction

score and improve precision.Some of these tools are highly used but

they share a common limitation: they fail to provide a probabilistic
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confidence score that allows the user to assess the validity of the

predicted metabolite structures. 

In addition, some of these methods aim at being comprehensive in

the  enumeration  of  metabolite  structures,  often  resulting  in  hun-

dreds  of  proposed  metabolites  that  are  of  limited  use  to  the  re-

searcher.

In contrast, our approach generates a limited number of metabolites

predicted with an associated probabilistic confidence score. As an

example, Figure 6 shows the 7 metabolites predicted for efavirenz,

all of them but one having been reported experimentally. Alongside

with the predicted metabolite structure, we provide also information

on the chemical transformation occurred, the molecular weight dif-

ference with respect to the parent drug (to assist in its spectrometric

identification), and the confidence score. 

Pinto et al.15 performed an analysis of the estrogenic activity of the

metabolites for 50 drugs. Some of the drugs had already known me-

tabolites with confirmed estrogenic activity, such as Mestranol or

Formonometin.  Their  main  interest  was  to  find  metabolites  with

higher estrogenic activity than the parent drug because xenobiotic

chemicals  exhibiting  estrogenic  activity  often  interact  with  more

than one estrogen receptor subtypes and can produce many biologi-

cal and adverse health effects in mammals, such as early puberty in

females, reduced sperm counts, altered functions of reproductive or-
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gans, obesity, altered sex-specific behaviours, and increased rates of

some breast, ovarian, testicular, and prostate cancers.

Figure 6. The list of 7 metabolites predicted for efavirenz. The portion of the me-
tabolite structure that has been added relative to the parent drug is marked in
blue.

 Fetal, newborn, and juvenile mammals are reported to be particu-

larly sensitive to chemicals having estrogenic activity, and effects

have been observed at very low doses16. Using our method based on

DMdb, we could predict all 38 parent drug metabolites with estro-

genic activity  reported  in  their  manuscript  in  a  record time of  1

minute. Besides it also predicted an estrogenic activity for a drug,

what they had in their negative set. This is a confirmation what CT-

link's prediction method is highly reliable and fast.
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Finally,  Piechota  et  al.17 performed  a  much more  comprehensive

validation exercise using three different softwares to predict metab-

olites, namely, MetaPrint2d, Meteor, and SMART-Cyp, on two dif-

ferent data sets, one composed of a set of 28 homogeneous non-

steroidal  anti-inflammatory  drugs  (NSAIDS)  and  paracetamol

(DS1) and the other one containing a diverse set of 30 top-selling

drugs (DS2). The results are summarized in Figure 7. As it can be

observed, they pushed the boundaries of all methods to predict up to

400 metabolites per drug. Obviously, the larger the number of me-

tabolites generated the higher the recall (recovery of known drug

metabolites) but at the expense of heavily penalizing precision. 

On  average,  when  they  generate  5  metabolites  per  drug,  they

achieve recalls around 45% (DS1) and 35% (DS2) with precisions

around 25% (for both sets), but when the methods are pushed to

generate 20 metabolites per drug, recall levels increase up to 60%

(DS1) and 70% (DS2) but precisions decay below 10% (for both

sets). In contrast, when we set the confidence score at 0.10, recall

and precision values are 47% and 21% for DS1 and 49% and 28%

for DS2, and when we move the confidence score bar a bith higher

at 0.20, then recall values decrease a bit (42% for DS1 and 49% for

DS2) but precision values increase significantly (30% for DS1 and

37% for DS2) at levels unachievable by any other method used in

their work. 
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Figure 7. Comparative performance of recall (top) and precision (bottom) values
of our method against MetaPrint2D, Meteor, and SMART-Cyp applied to the DS1
(left) and DS2 (right) drug sets (see text for details). Red and black dashed lines
refer to the results obtained with confidence score thresholds (CSthr) of 0.10 and
0.20, respectively.

Conclusions

A new database of drug metabolites (DMdb) has been constructed.

Its  contents  has  been extracted  from a diverse  range of  publicly

available sources and every record has been manually curated. The

quality of its contents, both in terms of correctness and coverage, is

reflected in the quality of the metabolite predictions made by a new

purposely designed statistical method. Although much work is still

needed to reach high levels of performance when predicting drug

metabolites, our method can be regarded as the state-of-the-art in

the field and it represents an incremental contribution towards de-

veloping safer, more effective, drugs. 
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Abstract 

The demographic shift towards an older population is dramatically

increasing the public health burden. The average 70-year- old now

takes  seven different  prescription  medications.  This  causes  many

problems such as drug-drug interactions, serious side effects, and

non-adherence  to  treatment.  National  health  agencies  are  clearly

interested in reducing polypharmacy, given the huge sums of money

they  spend  on  the  resulting  side  effects  and  hospitalizations.

In this work, we analyzed the FDA confirmed DDIs and their safety

profiles as well as the profiles of the interacting drugs. We categori-

zed the drugs by Anatomical Therapeutic Chemical (ATC) Classi-

fication System, to understand the connection between ATC drug

classes and safety events and we detected that drug classes on the
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ATC 4th level with the highest propensity are targeted at  cardio-

vascular, nervous system and anti-infective diseases.  

Introduction

The  average  70-year  old  now  takes  seven  different  prescription

medications. The use of multiple medications is often referred to as

polypharmacy,  but  also  refers  to  the  administration  of  more

medications than clinically indicated, representing unnecessary drug

use.  This  causes  many  problems  such  as  drug-drug  interactions,

serious side effects, and non-adherence to treatment. With increa-

sing, polypharmacy comes rising morbidity and mortality, and pub-

lic health agencies are being forced to take notice. The Food and

Drug Administration (FDA) recently recommended tighter controls

on prescriptions. National health agencies are clearly interested in

reducing polypharmacy, given the huge sums of money they spend

on  the  resulting  adverse  reactions  and  hospitalizations1.  A small

number  of  studies  have  shown  the  potential  to  reduce  poly-

pharmacy, but more research is needed for a molecular-level unders-

tanding of drug effects and drug pathways2.

 

According to the Food and Drug Administration (FDA), there are

over 2 million ADRs reported yearly, of which 100,000 cases result

in  patient  death3.  Because  of  this,  ADRs  have  become  the  4th

leading cause of death in the US and are associated with a financial

cost of 136 million dollars per year1. Hence, taking one drug can

cause side effects but taking a combination of several drugs can lead
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to unexpected life-threatening adverse events. In this respect, it is

worth stressing that ADRs increase exponentially with 4 or more

drugs  taken  in  combination,  which  puts  the  elderly  population

particularly  exposed  to  this  extreme danger,  since  a  65-year  old

patient is recognized to take, on average, 5 different drugs for a di-

verse range of health conditions4.

Identifying drug-drug interactions is a major challenge in drug de-

velopment. 

There are many methods available, but until now, none of them can

predict if two drugs will interact with each other or not. Every me-

thod has its limitations, with the newer methods, like the data-dri-

ven approach by Tatonetti NP et al.5, producing decent predictions

of not only if the drugs will interact, but also what will be the ex-

pected side effects.

 Ligand-based DDI predictions are QSAR and similarity search ba-

sed, depending on the number of known ligands for target protein of

interest6. 

There are also receptor-based DDI predictions, using docking me-

thods7. which main limitation is that they cannot be applied to targe-

ts lacking 3D structures.  The literature based text mining predic-

tions suffer from the problem of redundancy in the compound/gene

names in the literature8. In the recent years network-based appro-

aches have become the hot topic in DDI prediction studies9. 
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Relying on the usage of bipartite graphs, just like the phenotype-ba-

sed approaches10. They are considered as the most reliable methods

so far. The latest idea is about making drug interaction predictions

based on side effect similarity11. If two drugs share a side effect,

there is a high possibility that they share a target as well. 

The problem for studying DDIs, is that there is not enough precise

information available for DDIs nor for drugs, and using this data to

predict new effects cannot be complete and truly reliable. Another

weak point of all the approaches trying to predict interactions, is the

difficulty to put them into practice. 

Methods

We  manually  curated  an  in-house  database  of  currently  known

DDIs,  targets,  safety  terms,  and  participating  drugs.  Drug-drug

interaction  data  and  their  possible  adverse  effect  were  extracted

from online databases  Drugbank13 and  drugs.com14.  The  DDIs in

drugs.com are divided into three groups, based on their therapeutic

effect (minor, moderate and major). We decided to extract just the

major interactions to stay within manageable numbers and to detect

the most significant drug combinations. 

The drug safety profile was downloaded from Comparative Toxico-

genomic Database17,  Drugmatrix18,  PharmGKB19,  and drug labels.

Chemical structures were extracted from public repositories such as

DrugBank, PubChem15 and ChEMBL16. We downloaded drug target

information  from  the  Therapeutic  Target  Database,  UniProt  and
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Drugbank. In total, our raw database contained 57.494 DDIs, 1034

safety terms, and 1033 drugs, (figure 1).

Figure 1. Flowchart of protocol to integrate and curate the contents

from different sources

The IUPAC International Chemical Identifiers (InChI), precisely In-

ChI keys were used for an identification key for each compound.

Then,  drugs  were  categorized  by  the  Anatomical  Therapeutic

Chemical (ATC) Classification System12 which has five levels. The

drugs  are  divided  into  fourteen  main  groups  (1st  level),  with

pharmacological/therapeutic subgroups (2nd level). The 3rd and 4th

levels are chemical/pharmacological/therapeutic subgroups and the

5th level is the chemical substance. 

We parsed the  safety description  and we removed the ones  with

unclear description. Then, the safety terms had been linked to the

Unified  Medical  Language  System  (UMLS).  For  every  safety
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record, we collected synonyms to make sure the program detects

every illness listed, even if the illness is described by its acronym.

ATC code Descriprion
A Alimentary tract and metabolism

(1st level, anatomical main group) 

A10 Drugs used in diabetes
(2nd level, therapeutic subgroup) 

A10B Blood glucose lowering drugs, excl. insulins
(3rd level, pharmacological subgroup) 

A10BA Biguanides
(4th level, chemical subgroup) 

A10BA02 metformin
(5th level, chemical substance) 

Table 1. Example of ATC classification system

Consistently, safety terms described the same side effect with a dis-

tinct name (renal toxicity and nephrotoxicity) but not classified as

synonyms in UMLS. It was very time-consuming to manually co-

llapse those terms. Nevertheless, it was a crucial step to get a better

view  of  the  analysis.  It  is  worth  to  mention,  that  even  though

"elderly" are not considered as an illness, it was present in 27% of

the DDI safety description.

We filtered our database, and we removed DDI pairs with no clear

safety description. Thus, we ended up with 49.120 DDIs with safety

description. In case of 24.079 DDIs, both participating drug with

safety profile, and 27.676 with target profile for both compounds. 

In  the  database  we  had  23.879  DDIs,  where  both  participating
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compounds  had  safety  and  target  profile  information.  Next,  we

checked how many of  them shared  at  least  one  target,  and how

many of them shared at least one cytochrome target. We found out,

that 13.29 DDIs shared at least one target, and 8.343 had at least

one cytochrome target in common.

As expected, the most common cytochrome targets are CYP3A4,

CYP2D6,  CYP2C9, CYP1A9, and CYP2C8. While the most com-

mon GPCR targets are Multidrug resistance protein 1, Sodium-de-

pendent noradrenaline transporter, Potassium voltage-gated channel

subfamily  H member  2,  Sodium-dependent  serotonin  transporter,

Sodium-dependent dopamine transporter, and Serum albumin.

The ability of drugs to act as inducers, inhibitors, or substrates is

predictive of whether concurrent administration of these compounds

with  a  known  substrate  might  lead  to  altered  drug  disposition,

efficacy or toxicity. Hence, we also wanted to see the drug-target re-

lation, whether the target acts as an inhibitor, an inducer, a substrate

or it is inconclusive. Figure 2 shows the distribution of CYP targets,

and their role. We see that the main combination is substrate and

inconclusive, as well as substrate and inhibitor.

Drug targets are also associated with certain safety terms. Based on

the frequency of the safety term in DDIs and drugs,  as well  the

target  significance,  we reviewed what  safety  terms are  linked to

DDI, drug, and target. 
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Figure 2. Distribution of the role of CYP targets in DDIs
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For the CYP3A4 the top five safety terms are dizziness, depression,

nervousness, respiratory depression, and lightheadedness; for CY-

P2D6  is  dizziness,  tachycardia,  lightheadedness,  depression,  and

nervousness,  for  CYP2C9,  is  dizziness,  depression,  nervousness,

agitated and pain, for CYP1A2, is dizziness, increased heart rate,

lightheadedness, nervousness, and arrhythmia, for CYP2C19 is de-

pression, nervousness, dizziness, respiratory depression, and increa-

sed  heart  rate,  for  CYP2C8 is  dizziness,  palpitation,  arrhythmia,

pain, and nausea. 

For  multidrug  resistance  protein  1  is  dizziness,  lightheadedness,

arrhythmia,  increased  heart  rate  and  torsades  de  pointes,  for  so-

dium-dependent  noradrenaline  transporter  is  agitated,  increased

heart rate, confusion, increased body temperature, and depression,

for potassium voltage-gated channel subfamily H member 2 is arrh-

ythmia,  tachycardia,  depression,  torsades de pointes and nervous-

ness, for sodium-dependent serotonin transporter is  increased heart

rate, agitated,  increased body temperature,  mydriasis, and depres-

sion, for sodium-dependent dopamine transporter is agitated, increa-

sed heart rate, confusion, increased body temperature, and mydria-

sis, for serum albumin is inflammation, dizziness, urinary tract di-

sorder, gastrointestinal disorder, and nausea.

We checked how many times a safety term is present in the DDIs

descriptions.  Using the compounds present in DDIs with at  least

one safety description, we created a confusion matrix (Table 1). In

this  matrix,  we  analyzed  how  many  DDIs  and  their  interacting
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drugs are reported to have the same side-effect. We also counted the

DDIs not reported with a safety term. In order to complete the ma-

trix, we did the same analysis for the single drugs. To find the safety

events that are significantly present in DDIs, we applied chi-square

analysis over this matrix.

Drug and safety 

event (A)

Drug with no safe-

ty event (C)
DDI and safety 

event (B)

DDI with no safety

event (D)
Table  1. Confusion matrix of appearance of

safety events in DDIs and single drugs

Using cell “B” of the matrix of table 1, we created three subgroups: 

1) both of the drugs in the DDI are linked to the safety event, 

2) one of the drugs is annotated to this safety term,

3)  none of them are.

For  every drug and safety  term pair  we completed  this  analysis.

With this data, we created a second confusion matrix (table 2). We

also applied chi-square analysis over this matrix.

DDIs involving 

drugs and linked to

safety term

DDIs not involving

drugs and linked to

safety
DDIs involving 

drugs and not li-

nked to safety

DDIs not involving

drugs and not li-

nked to safety
Table 2. Confusion matrix of appearance of safety events in DDIs
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Safety terms, that are annotated to DDI, but neither of the interac-

ting drug, which suggest that those effects are a result of the drug

combination (Appendix B). 

Until this point we used InChI keys in the analysis, but from this

point we switched to ATC codes.  Removing the last  level of the

ATC code, we clustered the drugs into drug-classes. As we did pre-

viously, for every ATC code and safety term pair we did the same

analysis. We formed a new matrix based on the previous matrix's

cells (table 3) and a chi-square analysis was also applied over this

matrix.

DDIs involving 

drugs in ATC level 

and linked to safety

term

DDIs not involving

drugs in ATC level 

and linked to safety

DDIS involving 

drugs in ATC level 

and not linked to 

safety

DDIS not 

involving drugs in 

ATC level and not 

linked to safety
Table 3. Confusion matrix of appearance of safety events in ATC drug classes

Results 

In 49.120 studied interactions, we have found 859 different safety

events for the DDIs with the most frequent being dizziness, hypo-

tension, hypertension, pain, and depression(table 4). In the top 25

safety terms, we see various life-threatening events, such as tach-

yarrhythmia,  arrhythmias,  irregular  heartbeat,  torsade  de  pointes,
83



ventricular  arrhythmia,  hallucinations,  and  respiratory  distress

syndrome. What is worrisome, is to find death and sudden death in

the top of the list.

Safety term Frequency %
1 Dizziness 62,76%

2 Hypotension 37,99%

3 Hypertension 37,35%

4 Pain 28,03%

5 Depression 27,91%

6 Tachyarrhythmia 27,75%

7 Nervous 27,48%
8 Syncope 26,25%

9 Tendinopathy 25,06%

10 Arrhythmias 17,70%

11 Hyperthermia 17,66%

12 Irregular heartbeat 17,03%

13 Hypoventilation 16,71%

14 Torsade de pointes 13,62%

15 Confusion 13,15%

16 Death 12,56%

17 Ventricular arrhythmia 12,30%

18 Seizures 11,35%

19 Fever 10,76%

20 Weakness 10,27%

21 Nausea 10,03%

22 Hypokalemia 9,95%

23 Hallucinations 9,78%

24 Sudden death 9,68%

25 Respiratory distress syndrome 9,60%

Table 4: list of safety issues most often linked to DDIs

Those DDIs were made of 865 single drugs, and we obtained safety

profiles for 808 of them. We determined that the ten most common
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safety terms for single drugs are nausea, dizziness, headache, rash,

vomiting,  diarrhea,  weakness,  pain  hypotension,  and itching.  We

can certainly see, that safety terms of single drugs are not as that

serious as the possible safety effects of the combination of drugs.

The top presented drugs in DDIs are acetaminophen, caffeine, acet-

ylsalicylic acid, trimipramine, clomipramine, clozapine,  hydrochlo-

rothiazide,  imipramine,  perphenazine,  and  thioridazine  (table  5).

Hydrochlorothiazide is a cardiovascular drug, while the rest has a

therapeutic effect on the nervous system. Acetaminophen is present

in 458 DDIs (0.98%), caffeine in 440 DDIs (0.90%) and acetylsalic-

ylic acid in 439 DDIs (0.88%). The frequency of the most present

drugs is in table 5.

Rank Drug name Frequency
1 Acetaminophen 0,98
2 Caffeine 0,90,
3 Acetylsalicylic acid 0,88
4 Trimipramine 0,87
5 Clomipramine 0,86
6 Clozapine 0,86
7 Hydrochlorothiazide 0,84
8 Imipramine 0,82
9 Perphenazine 0,81
10 Thioridazine 0,81

Table 5: list of drugs with high propensity to DDIs

After the collation of the ATC codes to 4th level, we got 36.336

DDIs, with 342 unique fourth level ATC codes. The top drug classes

with a high propensity to DDIs are non-selective monoamine reup-

take  inhibitors,  beta-blocking  agents,  plain,  selective,  hydantoin
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derivatives, protein kinase inhibitors, beta-blocking agents, non-se-

lective,  benzodiazepine  derivatives,  fluoroquinolones,  thiazides,

plain, platelet aggregation inhibitors excl. heparin, and other antide-

pressants (table 6).

ATC category name ATC code Frequency
Non-selective monoamine reuptake 

inhibitors
N06AA 9,72

Beta-blocking agents, plain, selective C07AB 5,69
Hydantoin derivatives N03AB 5,48
Protein kinase inhibitors  L01XE 5,36
Beta-blocking agents, non-selective C07AA 4,97
Benzodiazepine derivatives N05BA 4,75
Fluoroquinolones J01MA 4,74
Thiazides, plain C03AA 4,71
Platelet aggregation inhibitors excl. heparin B01AC 3,83
Other antidepressants  N06AX 3,54

Table 6: list of drug classes with high propensity 

Safety terms, that are annotated to DDI, but neither of the interac-

ting drug, which suggests that those effects are a result of the drug

combination  (Appendix  B.1).   Most  commonly  occurring  safety

terms for  ATC 4th level are tachyarrhythmia, depression, hypogly-

cemia, dizziness and tendinopathy (Appendix B.2).

There are thirteen ATC groups (A:Alimentary tract and metabolism,

B:Blood  and  blood  forming  organs,  C:Cardiovascular  system,

D:Dermatologicals,  G:Genito-urinary  system  and  sex  hormones,

H:Systemic hormonal preparations, excluding sex hormones and in-

sulins, J:Antiinfectives for systemic use, L:Antineoplastic and im-

munomodulating  agents,  M:Musculo-skeletal  system,  N:Nervous
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system,  P:Antiparasitic  products,  insecticides  and  repellents,

R:Respiratory system, S:Sensory organs, V:Various)

Figure 3. Interaction network between drug classes and safety events. 

We created a graph to display the result of the chi-square analysis

based on the confusion matrix of the appearance of safety events in

the ATC drug classes (figure 3). L (dark blue), C (red) and N (ye-

llow) drug classes show a strong signal while the top side effects

take place in the middle of the graph. S (pink), J (green), M (cyan)
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and A (orange) drug classes do not show a strong connection be-

tween the group members and safety terms.

Next, we displayed the drug pairs of 4th level ATC group (figure 4).

There is a strong cross-signaling in drug class C, drug class J, and

drug class N. A class has two fourth level drug pairs; sulfonamides,

urea derivatives, and H2-receptor antagonists.  Interestingly inside

the group, they do not show significant interaction.  B interacts with

most of the other drug classes. C has many drug pairs in common

and they are also connected with most of the other drug groups,

especially with the ones related to N.  J is highly connected with

group C.  The group L has two subgroups that are showing connec-

tions  with  other  drug  classes;  “other  antineoplastic  agents”  and

“other immunosuppressants”. 

In M, the subgroups “other centrally acting agents” and “coxibs”

show a high diversity of drug groups, which can be found among

most of the other drug classes.  Most of the drugs that show a high

propensity to DDIs are related to N. Subgroups “other antidepress-

ants”,  “non-selective  monoamine  reuptake  inhibitors”  and  “other

antipsychotics” are linked to various drug groups, especially with

the compounds related to drug class C. Drug class R  also shows a

high diversity of shared drug pairs with other drug classes. S has

four subgroups that are linked to significant drug pairs. Those drug

classes are antibiotics, anti-inflammatory agents, non-steroids, beta-

blocking agents and anti-infectives. Beta-blocking agents have sig-

nificant connections with group C and N.
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Figure 4. Shares safety terms between ATC 4th level drug classes.

The highest number of shared safety terms present in ATC 4th level 

drug classes belong to non-selective monoamine reuptake inhibi-

tors, other antidepressants, thiazides, plain, dihydropyridine deriva-

tives and other psychotics (appendix b.3). 

Discussion 

The top five side effects of DDIs and single drugs are related to the

general not-feeling-well side-effects. This may mean that, as present
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in most of the single drugs, these side-effects are probably the effect

of the drug and not a new side-effect of the DDI. However, if we

examine the other significant side-effects of single drugs, we can

see they are not life-threatening. In the contrary, many side-effects

of  the  DDIs  can  be  serious,  even  lethal,  such  as  “torsade  de

pointes”, respiratory depression or even death/sudden death itself.

“Torsade de pointes” it  is also a very well known side effect for

drugs, but according to the analysis, it is the 14th most common si-

de-effect among DDIs and 191th in single drugs. 

The highest  propensity  to DDIs includes over the counter  drugs,

such as paracetamol and caffeine.  Also,  many of them are being

used to treat mental illnesses, which explains the high number of

safety terms related to the nervous system. The fact, that in 259 ca-

ses the side effect is not linked, or not annotated to either of the

drug  presents  in  the  interaction  (appendix  b.1),  can  mean  two

things.: either the description of the DDIs is poor, maybe due to a

lack of pharmacovigilance data; or those side effects are caused by

the co-administration of two drugs while taking either of them alone

would not result in this safety term. 

Heat tolerance is, for instance, linked to 2675 DDIs and none of the

interacting drugs have been annotated to this effect. Blood pressure

medicines  and decongestants  may cause  a  decrease  in  the  blood

flow to your skin, also inhibiting sweat production. Decongestants

can also cause increased muscle activity, which can raise the body’s

temperature. Stereotypy is also present in a high number of DDIs,
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which is not typically linked to the effect of a drug. In figure 3 we

can  observe  a  really  strong  connection  between  cardiovascular,

nervous system and antineoplastic and immunomodulating agents,

indicating that those groups have many common significant safety

terms. 

The  co-administration  of  these  drugs  causes  more  frequent  side

effects than other drug classes. Also if both of the interacting drugs

belong to the same drug class, it is a high possibility of an adverse

reaction (appendix b.1). Appendix b.2 shows the drug class “other

antidepressants” is highly present among the top drug-classes sha-

ring  a  side  effect.  while  most  of  the  drug-classes  belong  to  the

nervous system and cardiovascular system. There are also many stu-

dies  confirming  a  significant  connection  between  cardiovascular

and nervous system interactions (20, 21). 

Conclusions

Drug-classes do have similar side-effects, especially “cardiovascu-

lar system”, “nervous system”, “sensory organs” and “antineoplastic

and immunomodulating agents”, thus taking drugs from these drug-

classes  could  facilitate  the  prediction  of  a  possible  DDI.  On the

other hand analyzing new effects of DDIs, which are not linked to

either drug could lead us one step closer to develop a successful

prediction method.
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Abstract

Introduction: The demographic shift towards an older population is

dramatically increasing the public health burden. The average 70-

year- old now takes seven different prescription medications. The

use of multiple medications is often referred to as polypharmacy.

This causes many problems such as drug-drug interactions, serious

side  effects,  and  non-adherence  to  treatment.  National  health

agencies are clearly interested in reducing polypharmacy, given the
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huge sums of money they spend on the resulting side effects and

hospitalizations. 

Areas covered: We present the risks, determinants and complexity

of polypharmacy, and the current existing approaches and possible

solutions to tackle and reduce polypharmacy in the elderly. We des-

cribe the medicine utilization pattern in people aged 65 years and

older, especially focusing on inappropriate prescriptions, and we es-

timate the health and economic benefits of the prevalence of exces-

sive polypharmacy. We report on the potential of a novel approach

to reduce polypharmacy by using systems pharmacology and in sili-

co chemo-informatic methods, and its potential impact into the cu-

rrent digitization of society. 

Expert opinion: Eliminate all taken drugs by the elderly is not yet

possible, but reducing the number of medications taken can greatly

improve the quality of life of the patients. Current existing appro-

aches to tackle polypharmacy follow an experimental test and adjust

methodology, which makes them very tedious and costly.  Hence,

the great number of challenges associated with exploiting systems

pharmacology,  and  in  silico  chemo-  and  bio-informatic  methods

combined with data mining, to tackle polypharmacy in the elderly

should be seen as a great source of opportunities for the future, for

experimental and computational scientists alike.
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Article highlights box:

• An aging population is an imminent economic and social burden.

The objective is to improve the health of senior citizens while also

reducing the burden of health-care costs.

• Polypharmacy is the use of multiple medications. With increasing

polypharmacy  comes  rising  morbidity  and  mortality,  and  public

health agencies are being forced to take notice. 

• The medicine utilization pattern in people aged 65 years and older

is an average of 7 drugs, where the most commonly used drugs are

paracetamol, senna, lactulose, sangobion, aspirin, isosorbide dinitra-

te, potassium chloride, amlodipine, famotidine and enalapril. These

drugs may lead to potential serious adverse effects. 
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•  The main determinants of polypharmacy and inappropriate pres-

cribing are age, gender, number of medications taken (prescription

and  OTC)  reason  for  admission  to  hospital  (acute  disease,

exacerbation  of  a  chronic  disease),  nutrition,  lifestyle,  emotional

well-being,  dwelling,  number  of  general  practitioner  (GP)  or

emergency room (ER) visits during the previous month.

• In order to reduce the inappropriate prescribing in the elderly, the

key questions are, 'Do I need this drug in the first place?', ‘Will the

benefit of taking the drug be greater than the risk of possible side

effects?’, and if yes, in which dose?

• Current existing approaches to tackle polypharmacy follow an ex-

perimental  test  and adjust  methodology,  which  makes  them very

tedious and costly. Doctors do their best to avoid inappropriate pres-

cribing, but they do not always have all the information from all the

specialists that see the patients, and hence it is difficult to arrive to a

consensus between doctors, and they don’t normally use prevention

strategies.

•  Systems pharmacology, chemo-and –bio- informatics approaches

combined with data mining have a great potential as a novel way to

tackle polypharmacy.
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1. Polypharmacy in the society

An aging population is an imminent economic and social burden.

According to the United Nations, Department of Economic and So-

cial Affairs1, Germany and Spain are the European countries, after

Japan, S. Korea and China, which its growing number of older peo-

ple is a major problem. Germany’s and Spain’s old-age dependency

ratio (number of people age 65 and older per 100 working age peo-

ple (age 15-64) may rise 55 percentage points to 60 and 52 percen-

tage points to 67, respectively, within four decades.

This older growing population live longer but have comorbidities

and multiple chronic diseases, which reduces their quality of life.

Today,  the  average  70-year-old  takes  seven different  prescription

medications2. With more people currently dying from prescription

drug  overdoses  than  from  motor  vehicle  crashes,  public  health

agencies are being forced to sit up and take notice3. Polypharmacy

and inappropriate prescription continues to increase and is known to

be an important risk factor for morbidity and mortality4. Nearly one

in 25 older people are at risk of serious health problems, such as QT

prolongation,  twisting  of  the  points,  arrhythmias,  bleeding  and

muscle weakness because they take unwise combinations of drugs,

which often include over-the-counter (OTC) medications5. The use

of prescription drugs and OTC medications and dietary supplements

has increased during the past decade1,6. Serious drug-drug interac-

tions (DDIs) can occur between prescription and non-prescription

drugs as well as dietary supplements. For example, taking warfarin

(a prescription blood thinner) together with simvastatin (a prescrip-
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tion cholesterol-lowering drug) increases the risk of bleeding and

rhabdomyolysis (a breakdown of muscle tissue). Taking lisinopril (a

prescription  anti-hypertension  drug)  with  potassium  (a  food  su-

pplement) produces a higher risk of abnormally high blood levels of

potassium.  Taking  both  niacin  (a  non-prescription  cholesterol-lo-

wering medication) and garlic (a dietary supplement) may lead to

rhabdomyolysis5.

Polypharmacy  is  a  complex  situation,  and  managing  it  is  also

complex. Around 3000 existing prescription drugs, 300 dietary su-

pplements, and 600 herbal products7 are currently available. It is ex-

tremely difficult for physicians to take into account polypharmacy

problems for  patients  for  whom little  history  is  known and who

often cannot recount the medicines and supplements that they are

already taking8.  Naturally,  doctors do their  best  to  avoid adverse

drug interactions. Nonetheless, for patients taking two medications,

the risk of a DDI is 15%. This risk rises to 40% for those taking five

medications and to an alarming 80% for patients taking seven or

more9. The risk of a toxic medication interaction is very real, consi-

dering that more than one half of non-institutionalized adults older

than 65 years take five or more different medications, and 12% use

10 or more10. Indeed, in hospitalized patients, adverse drug interac-

tions  are  estimated to  be the fourth leading cause of  death6.  Ac-

cording to the Agency for Healthcare Research and Quality, more

than 770,000 people are injured or die each year in hospitals from
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adverse  drug  reactions  (ADRs)  and  other  adverse  drug  events

(ADEs), which may cost up to $5.6 million per hospital11.

Unfortunately,  while  national  governments  and  health  insurance

companies are equally interested in reducing polypharmacy, there

remains a gap in the literature regarding the polypharmacy and its

developmental course 9-12.

Many studies have found that simultaneous drug treatments for di-

fferent conditions are associated with negative health outcomes, but

more research is needed to further delineate the consequences asso-

ciated with unnecessary drug use in elderly patients. De-prescribing

is the process of tapering, stopping, discontinuing, or withdrawing

drugs, with the goal of managing polypharmacy and improving ou-

tcomes13. Currently, it is very difficult to de-prescribe drugs ratio-

nally to achieve a desired effect in a clinical setting. However, evi-

dence is emerging in support of a structured approach to de-prescri-

bing. For example, doctors may follow a series of steps to manage

polypharmacy in practice comprising: 

(a) a patient assessment, 

(b)  identification  of  inappropriate  drugs  from an accurate  list  of

medications using software tools14,15,16,17,18,19,20,21,22 or decision algori-

thms23,24,25, 

(c) assess each drug for specific risks versus benefits (consecutive

take one drug at a time and discontinue it over weeks to months),

(d) agree to stop/reduce dose and withdraw slowly,
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(e) communicate with prescriber, 

(f) monitor, review and adjust regularly. 

However, beyond this structured and practical approach, there are

very few rigorously designed intervention studies  that  have been

shown to reduce unnecessary polypharmacy24, 25. Moreover, the cu-

rrent approach is very tedious, costly and not mandatory. Doctors do

not  always  have  enough  time  to  investigate  every  drug  in  the

patient’s medication list, suggest changes, and monitor the process.

On  the  other  hand,  most  patients  undertaking  this  experimental

approach  get  tired  before  a  proper  statement  of  polypharmacy

reduction can be made and they normally see multiple specialists

that do not always agree in a consensus (i.e., specific practical stu-

dies in Spain carried out by San José et al. 26, 27). 

The aims of this work are 

1) analyze and collect all recently published studies related to poly-

pharmacy and inappropriate prescribing in the elderly.

2) Identify the most important risks, determinants and consequences

of  inappropriate  prescribing,  focusing  on  economic,  social  and

health impact.

3) Present current approaches to identify and reduce DDIs.

4) We present MINI-MED, a project to combine all this information

in order to reduce inappropriate prescribing in the elderly.
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2. Aspects To Take Into Account To Manage Polypharmacy

National governments and health insurance companies are highly

interested in reducing polypharmacy to reduce its economic impact

(i.e. hospitals are spending large sums of money because of poly-

pharmacy and ADRs11).

The consumption of pharmaceuticals per capita in the EU has in-

creased by around 50% since 2000, as well as the numbers of doc-

tors and nurses per capita (EU annual average growth rate of around

3.1%)28. Furthermore, there are 96 million people over the age of 65

in the 28 EU member states (EU28)31. If every retired person in the

EU could avoid taking just one prescription medicine and if we as-

sume a cost of 100 euro per year for a generic medicine, the total

saving would be in the order of 9.6 billion euros per year. Moreover,

since the average health expenditure per capita in EU28 is currently

around 2,800 euros28, this estimate is probably highly conservative.

If we could reduce the excess consumption of prescription medici-

nes by one third or even one half, this would mean an average cost

reduction per person per year of around 1400 euros. Given that EU

countries allocate on average 10% of their GDP to health, from whi-

ch almost three-quarters is publicly financed28, and that several EU

countries have been forced to cut their  health spending since the

economic crisis of 2009 (EU annual average growth rate of 3.1% in

2000-2009  compared  to  0.7%  between  2009-2012).  The  public

spending on long-term care as a share of GDP is also projected to

grow  over  the  coming  decades  due  to  population  aging,  which

means that achieving this aim could have an enormous impact on
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old peoples' health, and it could dramatically reduce the cost to the

state-funded  prescription  medicines  in  Europe  and  around  the

world.

One of the inherent of aging is body and mind changes. There are

conditions that are directly linked to aging, such as chronic pain,

cardiovascular  and  heart  diseases,  weaker  immune  system,  os-

teoarthritis,  osteoporosis,  dementia  or  delirium.  Also,  social  and

emotional life changes with age,  social  networks narrow, and the

experience of negative emotions affects physiological functioning

and  ultimately  physical  health29.  Reducing  the  number  of  taken

medications  also has an important  health  benefit  on the patients.

Taking fewer drugs means less risk of potential DDIs, ADRs and

side effects, which can greatly improve the patient’s quality of life.

The most common ADRs caused by DDIs are depression,  tachy-

cardia, nervousness, dizziness and fainting. Reducing the possibility

of suffering from any of these conditions, and only having to take a

drug or two, enhance the mood of the patient. The elderly gains so-

cial and emotional well-being, and feels it can be an active and use-

ful member of the society once again29.  Elderly who have strong

and positive social networks are 60% less likely to show signs of

dementia30. Women are more vulnerable to emotional changes re-

lated to aging, especially to low levels of emotional support. Elderly

women who received low levels of emotional support are twice as

likely to die, that women with high levels of emotional support29.

There are many aspects influencing the well-being of the elderly,
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such as family, economic situation, mental and physical health, and

reducing inappropriate prescribing can help to the elderly to have as

well a better quality of life and well-being.

The consequences of reducing even just one prescription drug per

person can have a huge impact , not only on the quality of life and

well being of the elderly, who wants to live longer and healthier, but

also strongly on the health economics aspect. 

3. Current Tools To Identify And Reduce Polypharmacy

Current  tools  for  identifying potentially  inappropriate  prescribing

(PIP) in older patients14, 15, 16, 17, 18, 19, 20, 21, 22 ,23, 32, 33, 34 are time-consu-

ming, tedious, impractical and inadequate. As aforementioned, se-

veral studies have found that polypharmacy is associated with nega-

tive health outcomes, but more research is needed23, 25,  35,36, 37,38, 14,39,

40,41,42,43,26, 27, 44, 45, 46, 47, 48, 49, 50, 51,51,52,26,27. Regarding European projects,

this field has been only tackled recently in the European innovation

Partnership  Actions53:  “Polypharmacy  Patterns:  Unraveling  Sys-

tematic  Associations  between  Prescribed  Medications”52,  the

“SIMPATHY project  to  manage  polypharmacy  in  the  elderly  by

2030”54,55, the “FRIENDD: a study group on DDIs in polypharmacy

in the elderly”56, the CRIME project: CRIteria to assess appropriate

Medication use among Elderly complex patients7, the PREDICT EU

project: Increasing the PaRticipation of the ElDerly in Clinical Trial
57, the ICARE4U project: Innovating care for people with multiple

chronic conditions in Europe58, or the MICMI project: Methods for

Improving Compliance with Medicine Intake59.
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As aforementioned, there are tools available to help reducing poly-

pharmacy in the elderly. The Screening Tool of Older Person’s Pres-

criptions  (STOPP)14 criteria,  the  STOPP/START  of  the  NHS

Cumbria toolkit15, the Beers Criteria updated 201216,17, the FORTA

(Fit FOR The Aged) list18, the NHS Highland system19, the MAI to-

ol20, the NO TEARS21 and ARMOR systems22, decision algorithms

23,24,25, the French consensos panel60, McLeod’s criteria61, Lindblad’s

panel62, or Potentially inappropriate medications in the elderly: the

PRISCUS list63.

Additionally, there are currently available several Internet sources

helping to tackle and understand better polypharmacy. Pharmacovi-

gilance resources like FAERS64, Yellowcard65, European database of

suspected ADR reports66, OECD Health Statistics67. Patients’ forums

such  as  Ehealthme68,  Smart  Patients69,  Patients  like  me70,  or

Healthkeep71. DDI checking tools such as drugs.com72 and drugbank

database73.

Although there are many ongoing projects, useful tools, and Internet

sources to tackle, identify and help to reduce polypharmacy in the

elderly, these tools are not currently applied by most of the doctors

and hospitals (except when a research group carries out a study in

polypharmacy). Even when these tools are applied, GPs, specialists

and health centers are not aware off or do not have access to all the

medications the patient takes, or if they do, they do not usually have

enough time to apply these experimental tools.
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4. Determinants Linked To Polypharmacy

a) Studies analysing current tools to reduce polypharmacy and de-

terminants linked to it

The BELFRAIL study is a prospective, observational, population-

based cohort  study of  500+ patients  aged 80 years  and older  in

Belgium40 gems, egb studies. All of these studies deal with inappro-

priate prescribing in elderly people, gender differences, prevalence,

most frequently used medicines, most common drug combinations

and adverse effects, and associated factors to polypharmacy (such

as economic cost). 

There was not much literature regarding this issue until the last cou-

ple  of  years.  However,  recently  some experimental  studies  have

been carried out to try to delineate the consequences associated with

unnecessary drug use in elderly patients. Mainly in Australia 23, 25, 35,

Singapore36, UK37, Ireland38,14, Austria39, Belgium40, Croatia41, Ger-

many42, Italy43, and Spain26,  27,  44,  45,  46,  47,  48,  49,  50,  51. Concerning the

existing literature,  scarce studies have been carried out regarding

the  determinants  of  polypharmacy in  healthcare:  three  studies  in

Spain74,75,76, one in Belgium77, one in Germany78, one in Sweden79

and one in  China80.  All  of  them with quite  recent  data,  J.  Díez-

Manglano et al. use data coming from internal medicine and acute

geriatrics (n = 457)74. E. Frutos Bernal et al. use a subsample data of

the National Health Survey 2006, for adults over 65 (n = 458)75. D.
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Walckiers et al. use data from the Belgian Health Interview Survey

carried out in 2008 for population of 65 years and older (n= 2835).

C. Jäger et al. use data from general practitioners participating in

the  HzV  care  contract  of  one  German  health  insurance  in  one

federal state in Germany, for patients over 64 years old, with pres-

criptions for more than four different drugs in at least one quarter of

the year and diagnosis of at least three chronic conditions (n= 3400)
78.  B. Hovstadius et al.  use data from the the Swedish prescribed

drug register of dispensed prescription drugs in the entire Swedish

population79, L. Dong et al. use data from 20 125 prescriptions from

June 2005 to August 2005 collected from 680 primary health clinics

in villages from 40 countries in 10 provinces of Western China (n =

20125)80.  Other  related  studies  are  those  from  Mukhtar  et  al.81,

Ching Ho et al.82, Krause et al.83, Zamorano et al.84, Mateos et al.85,

Gamma et al.86, Domínguez et al.87, Hervás and García de Jalón33.

A. San-José et al. (Spanish Ministry “PUMEA” project26,27) carried

out a thorough observational, prospective and multicentric study in

elderly  patients  admitted  to  seven  Spanish  hospitals  for  a  year,

involving 336 patients48 and 672 patients49. They performed a multi-

variate  logistic  regression  analysis  with  dependent  variable:  ina-

ppropriate prescribing indicators and independent variables a) so-

ciodemographic variables b) multimorbidity variables49, c) geriatric

conditions and d) number of prescription medicines in the preceding

month before hospitalization. The data of San-José tries to relate by

multivariate regression analysis the risk factors associated with po-
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tentially inappropriate medicines (PIM) and potentially prescribing

omissions (PPO). Their data relate: a) PIMs and PPOs with the age,

b) Risk factors associated with PIM, PPO and inappropriate prescri-

bing (IP), c)Risk factors associated with STOPP, START and ACO-

VE-3 criteria,  d)  Beers,  STOP,  START criteria  with  medications

(drugs’ family) inappropriate prescribed (See Tab. 2,3). 

Studies from Paul Gallagher38, M. Noale43, E. Delgado-Silveira88 or

S Chuen Li36 deal with the similar issue. All of them study, using

multiple logistic regression models, the determinants (sociodemo-

graphic, geriatric, multimorbidic) associated with the non-existence,

mild, moderate or high existence of polypharmacy (normally highly

related with inappropriate prescribing). They investigate the most

commonly prescribed drugs, significant potential DDIs, the drugs

more  frequently  involved  in  drug  adverse  reactions,  the  most

frequently  encountered  PIPs  according  to  Beers’,  STOPP  and

START criteria, and the prevalence rates of developing Drug Re-

lated Problems (DRPs) and ADRs for the various patient subgroups.

The baseline characteristics of patients normally taken into account

for studying the determinants of polypharmacy are: age group (65-

74, 75-84, 85 or older), gender (female, male), reason for admission

to hospital (acute disease, exacerbation of a chronic disease), origin

(emergency  room,  others),  dwelling  (community,  nursing  home,

others),  living with (couple/family,  single, others), number of ge-

neral practitioner visits during the previous month of admission to

hospital (none, one, two or more), Brathel index (basal, on admis-
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sion, at discharge), Reisberg index (1-2, 3-5, 6-7), positive confu-

sion assessment method (CAM) at admission to hospital (providing

qualitative  measure  of  “delirium  present”  or  “delirium  absent”),

failures in Pheiffer test,  Charlston index, multimorbidity and dis-

charged to (home, nursing home, died, others)49. 

Regarding the PIMs and the PPOs, in patients aged 85 years and

over compared with those aged 75 to 84 years, the main PIMs are:

1) short to intermediate-acting benzodiazepines and tricyclic antide-

pressants for syncope and falls, 2) ferrous sulfate at dose 32.5 mg/dl

and amiodarone for other adverse effects, 3) long-term and long-ac-

ting benzodiazepines for central nervous system and psychotropic

symptoms, 4) benzodiazepines which adversely affect those prone

to falls, 5) aspirin at dose >150 mg day, 6) aspirin with no history of

coronary,  cerebral  or  peripheral  arterial  symptoms  or  occlusive

arterial event for the cardiovascular system, 7) calcium channel blo-

cker for chronic constipation, 8) long term NSAID for relief or mild

moderate joint pain in osteoarthritis for musculoskeletal system47, 48. 

On the other hand, the main PPOs are 1) ACE inhibitor with chronic

heart failure or chronic heart failure, 2) warfarin in the presence of

chronic atrial fibrillation and statin therapy with history of coronary,

cerebral or peripheral vascular disease, where the patient's functio-

nal status remains independent for activities of daily living and life

expectancy is >5 years for cardiovascular system, 3) calcium and

vitamin  D  supplement  in  patients  with  known  osteoporosis  for

musculoskeletal system, 4) antiplatelet therapy in diabetes mellitus

if one or more coexisting major cardiovascular risk factors are pre-
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sent for the endocrine system, 5) ACE inhibitor or ARB in elderly

with known history of HF, left ventricular hypertrophy, IHD, chro-

nic  kidney  disease,  or  cardiovascular  event  for  hypertension,  6)

anticoagulations with chronic artial fibrillation and medium to high

risk for stroke and atrial fibrillation, 7) beta-blocker with hyperten-

sion  and  IHD  for  hypertension,  8)  bisphorsphonates,  raloxifene,

calcitonin,  hormone replacement  therapy or  teripapatide  with  os-

teoporosis  in  females  for  osteoporosis,  9)  acetaminophen  when

elderly treated for osteoarthritis, 10) rapid-acting bronchodilator for

chronic obstructive pulmonary disease47, 48.

Following the aforementioned PIMs and PPO, Table 1 shows the

most  commonly  encountered  PIMs  and  PPO  according  to  the

respective  instruments.  Beer-listed  PIM conditions,  STOPP-listed

PIM systems, START-listed PPO systems and ACOVE-3-listed PPO

conditions49.

Regarding  the  inappropriate  prescriptions,  in  general,  the  most

frequently  encountered  PIPs  according  to  Beers’,  criteria  are  1)

short-intermediate acting BZDZ or TCAs with syncope or falls, 2)

calcium  channel  blockers,  anticholinergics  or  TCAs  with  cons-

tipation, 3) long-term BDZ with depression, amiodarone, barbitura-

tes, anticholinergics, muscle relaxants or CNS stimulants with cog-

nitive impairment, 4) long-acting BDZ, long-term stimulant laxa-

tives, fluoxetine, anticholinergics or antihistamines with bladder ou-
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tflow obstruction, 5) aspirin, NSAIDs, dipyridamole, ticlopidine or

clopidogrel with blood clotting disorders or anticoagulation. 

The most common PIPs according to STOPP‘ criteria are 1) BDZs

in those prone to falls, 2) any regular duplicate drug class prescrip-

tion, 3) PPIS for peptic ulcer disease at full therapeutic dosage for

>8 weeks, 4) neuroleptic drugs in those prone to falls, 5) aspirin wi-

thout  coronary,  cerebral  or  peripheral  symptoms,  6)  long-term

aspirin >150mg/day, 7) calcium channel blocker with chronic cons-

tipation, 8) long-term, long acting benzodiazepines, long-term neu-

roleptics with Parkinsonism, 9) long-term neuroleptics as hypnotics.

The PIPs according to START’ criteria are  1) calcium/vitamin D
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with known osteoporosis, 2) statin with known coronary, cerebral or

peripheral vascular disease, 3) statin with diabetes mellitus and >1

major  cardiovascular  risk  factor,  4)  ACE  inhibitor  with  chronic

heart failure, 5) aspirin or clopidogrel with known atherosclerotic

coronary, cerebral or vascular disease, 6) antidepressant drug with

moderate-severe depressive symptoms lasting >3 months, 7) met-

formin with type 2 diabetes mellitus+metabolic syndrome, 8) regu-

lar inhaled beta-2 agonist or anticholinergic agent for mild-modera-

te asthma or COPD, 9) fiber supplement with chronic symptomatic

diverticular disease with constipation, 10) anticoagulant with chro-

nic atrial fibrillation38.

Regarding the independent risk factors associated to inappropriate

prescribing (IP), PIMs and PPOs. Table 2 shows these associated

independent risk factors with the correspondent multivariate logistic

regression analysis and the independent risk factors associated with

Beers,  STOPP,  START  and  ACOVE-3  criteria,  with  its  corres-

ponding multivariate  logistic  regression analysis  according to  the

work of San Jose et al.49. 

According to the results of the multivariate regression analysis in

San-José et al. PUMEA project , the associated factors to PIM and

PPO are number of medicines (10 or more) for the Beers criteria,

number of medicines (5-9, 10 or more), severe dependence in ADL

and multimorbidity  for  the STOPP criteria,  non-community dwe-
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lling and multimorbidity for the START criteria and STOPP-listed

PIM for ACOVE-3 criteria for 85 years old and over48.

Other associated factors to polypharmacy are shown in Table 3: sex,

living  area,  diabetes  duration,  body  mass  index,  hypoglycemic

events,  diabetes complications,  short portable mental status ques-

tionnaire,  cumulative  illness  rating  scale  comorbidity  index,  and

mini nutritional assessment43.
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regression analysis49.



b) Other determinants linked to polypharmacy in the elderly

Although drug prescribing  is  often  beneficial  to  patients,  elderly

patients are particularly exposed to the side effects of medications

and their consequences. Metabolic and hormonal changes, nutritio-

nal status changes, food-nutrient, and food-nutrient - drug interac-

tions are also determinants linked to polypharmacy. Advancing age

is characterized by impairment in the function of the many regulato-

ry processes that provide functional integration between cells and

organs [89]. Because of this we get more vulnerable to drugs. There

are important issues on absorption (deglutition disorders, reduction

of gastric acid), distribution (decrease of lean body mass, smaller

volume of distribution), metabolism (progressive reduction in liver

volume and liver blood flow) and elimination (reduced renal func-

tion)  of  drugs89,90.  As  a  result,  water-soluble  drugs  become more

concentrated and fat-soluble drugs have longer half-lives because of
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the slow release of the drug from the fatty tissues91. Other problem

is, that due to several reasons that lead to inadequate diets, many

elderly  are  malnourished.  Malnutrition  in  aging,  associated  with

impairment  in  food  and  drug  metabolism,  leads  to  many

complications  such as  adverse  reactions,  drug-drug and drug-nu-

trient interactions92. There is statistically significant inverse corre-

lation between increasing number of medications and intake of fi-

ber. This might be because they have difficulty of chewing (missing

teeth) or swallowing (decreased saliva production)93. On the other

hand, intake of cholesterol, glucose and sodium are positively asso-

ciated with increasing medication use. A trend is also observed for

increased phosphorus intake and increased number of medications

used. Decrements in physical health are associated with decreasing

intake of many fat-soluble and water-soluble vitamins, major mi-

nerals,  trace  minerals  and electrolytes.  Excessive  macronutrients,

specifically relating to the intake of saturated fats, refined carbohy-

drates  and  cholesterol,  along  with  decreased  intake  of  fiber  and

bioavailable protein sources, is also associated with poor physical

health94.

Medicines taken incorrectly with food, or the wrong kind of food

can alter  drug bioavailability,  which may lead to a serious ADR.

Fruit juices, caffeine and herbal teas are the most common cause of

food-drug  interaction,  as  they  are  very  likely  to  share  the  same

target as the drug. Drugs likely to interact with food are warfarin,

monoaminine oxidases, antihypertensive drugs, antibiotics, analge-

sics and antipyretics, bronchiodilators, antihistamines, antitubercu-
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lar  drugs,  antidiabetics,  thyroxine  and  antitumor  drugs95.  These

drugs are highly consumed by the elderly5,96.

Prescription drug use increases with age.  Three-quarters of those

aged 50 to 64 use prescription drugs, compared to 91 percent of tho-

se age 80 and older. The average number of prescriptions filled also

increases with age, from 13 prescriptions filled annually for adults

aged  between 50 to  64,  increases  to  22  annual  prescriptions  for

elderly of 80 and older97. Many studies confirm that females take an

average  of  2-3  additional  drugs  than  males,  and  they  also  have

higher  chance  to  suffer  from an  ADR or  DDI98,99.  However,  for

patients older than 80 years old, or being hospitalized, there is no

significant difference between female and male drug consumption
97. Depression is twice as common in women than men likely related

to the hormonal profile and gender differences in serotonin levels

and activities99. Women have 1.5 to 1.7 fold-increased risk to deve-

lop ADRs compared with men. This can be attributed to gender di-

fferences in immunological and hormonal physiology100.

With regard to the most common prescribed drugs, for the elderly

aged between 75-84 they are: paracetamol, senna, lactulose, sango-

bion, aspirin, isosorbide dinitrate, potassium chloride, amlodipine,

famotidine and enalapril36. On the other hand, omeprazole, parace-

tamol, furosemide, acethylsalicylic acid, lorezapam, enalapril, amlo-

dipine,  metformin,  nitroglycerin  nitrate,  simvastatin,  ipratropium

bromide, acenocoumarol and hydrochlorothiazide are the most com-
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mon prescribed drugs for the 85 years old and older, as shown in

Table 448. 

The most prescribed drugs with identified cases of ADRs are: 1) co-

ffee ground vomits, bleeding GIT, epigastric pain with vomiting and

gastric ulcer for aspirin, 2) declining renal function, chronic cough

with  wheezing  and  postural  hypotension  for  enalapril,  3)  hypo-

natremia  and thrombocytopenia  for  carbazepine,  4)  giddiness  for

phenytoin, 5) tremors for valproate, 6) hypoatremia, increased INR,

increased liver function tests for fluvoxamine, 7) hyponatremia for

fluoxetine, 8) dehydration and increased liver function tests for fru-
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semide,  9)  postrural  hypotension  for  amlodipine,  10)  generalized

rash and decreased hemoglobin for ticlopidine, 11) itch for parace-

tamol, 12) antiphopholipid syndrome for procainamide, 13) genera-

lized  rash  for  ethambutol,  14)  extrapyramidal  side  effects  for

sulpiride, 15) asthma exacerbation for propranolol, 16) rigors and

facial  flushing  for  streptokinase,  and  finally  16)  increased  liver

function tests for simvastatin and glipizide36. The common prescri-

bed drugs with significant potential DDIs are: 1) atenolol with ni-

fedipine causing severe hypotension and heart failure occasionally,

2) phenytoin with folic acid decreasing the plasma level of pheny-

toin, 3) simvastatin with erythromycin increasing the risk of myo-

pathy, 4) simvastatin with warfarin which may lower enhanced th-

reshold,  and 5) theophylline with calcium channel blocker which

possibly enhance theophylline effect36. The most problematic drugs

for the elderly are antiaggregants, statins, ACE inhibitors, PPIs, diu-

retics, betablockers, metformin, acenocoumarol, calcium/cholecalci-

ferol, benzodiazepines, risperidone, haloperidol, clomethiazole and

antidepressants, as shown in Table 588.

As it has been shown, polypharmacy in elderly has many determi-

nants that doctors should handle with care. Patients often receive

additional medications to treat side effects, especially the elderly.

Indications for medication should be taken individually, in order to

develop a realistic risk–benefit ratio, taking into consideration fac-

tors such as quality of life and life expectancy. 
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Most of the adverse drug reactions are preventable. If the patient

receives many medications for a long period of time, doctors should

revise them, as some of them may have become unnecessary. In the

next section we present a novel way to tackling polypharmacy in

the  elderly,  by  using  an  in  silico  tool  combining  existing

chemoinformatic and systems pharmacology approaches.

5. A Novel Way To Tackling Polypharmacy In The Elderly

More  research  is  needed  to  examine  the  extent  of  simultaneous

poly-drug use as well  as the factors and consequences associated

with multiple drug use. For many applications including drug disco-

very,  drug  re-purposing,  and  the  definition  of  pharmacogenomic

modulators, we need a molecular-level understanding of drug effec-

ts, but this is often either missing or incomplete. There are signi-

ficant gaps in our understanding of the pathways by which drugs

act. This incomplete knowledge limits our ability to use rational me-
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chanistic molecular information to re-purpose drugs, to understand

their interactions with other drugs, and to predict both positive cli-

nical outcomes (COs), i.e. the desired therapeutic effects of drugs

(often referred to as “indications”) and negative clinical outcomes,

usually known as drug side effects (SEs).

In this regard, systems pharmacology, chemo-and –bio- informatics

approaches combined with data mining have a great potential as a

novel way to tackle polypharmacy.

For example, the MINI-MED project awarded by the Spanish Mi-

nistry of Economy and Industry / Carlos III Health Institute asso-

ciated  with the  2016 call  for  the Strategic  Health  Action  2013 -

2016 (Ref:  CP16 / 00088) aims to exploit multiple chemical and

biological databases to build drug-target-SE-CO networks. By anal-

yzing  these  diverse  databases  containing  structural  features  of

compounds, their bioactivity profiles, their relationships to the phe-

notypic effects  observed,  gene–SE and gene-disease  associations,

related molecular functions, and target-related pathways, the project

aims to properly (a) predict the SEs associated with a given target,

(b) re-purpose drugs for two or more medical conditions, (c) reduce

SEs, (d) predict DDIs, and (e) generate biologically meaningful hy-

potheses  for  reducing  drugs  in  simultaneous  prescription

medications.

By using in silico methods in combination with the large amount of

bioactivity  and bioinformatics  information available  in  databases,

MINI-MED advances the understanding of drug-target-SE-CO re-

lationships and opens the way to rational drug de-prescribing.
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a) Systems pharmacology to predict drug-drug, drug-target interac-

tions and adverse effects

The classical view of drug action, “one molecule interacts with one

target to give one therapeutic effect” has been replaced by the new

polypharmacology paradigm “one molecule (or more) interacts with

several targets to give several therapeutic effects and certain side

effects”.  These  targets  are  in  a  complex  cellular  network.  The

emerging  discipline  of  quantitative  systems  pharmacology (QSP)

aims to understand how drugs modulate cellular networks in space

and time in order to predict drug targets and their role in human

pathophysiology (Figure 1).  It  is  worth mentioning that  although

QSP might be considered to be a new approach, the principle of

drug  “re-  purposing”  is  well  established  in  the  pharmaceutical

industry as a way to identify new targets for drug molecules that

have failed at the clinical testing stage for their original target. 

However, it has never been applied to polypharmacy. This is, i.e. the

main  novelty  of  the  aforementioned  MINI-MED project.  Hence,

both the QSP concept and the enterprise view of polypharmacology

(i.e.  dealing  with  drug-target-SE-CO  cellular  networks)  can  be

adapted to the field of polypharmacy. 
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As mentioned above, hospitals are spending large sums of money

because of polypharmacy and ADRs, and current tools for identif-

ying  PIP  in  older  patients14-23,32,33,34 are  time-consuming  and

inadequate. Therefore, QSP can be essential to deal with these pro-

blems, with practical application in the promising field of persona-

lized medicine and drug repositioning with reduction of SEs.

There are numerous databases containing information about DDIs.

The DrugBank database73, Drugs.com72, the Food and Drug Admi-
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nistration is a federal agency64, the JAPIC database101,102, the KEGG

DRUG  database103,  the  Comparative  Toxicogenomics  Database

(CTD)104,  the  Anatomical  Therapeutic  Chemical  (ATC)  Classi-

fication  System105,  the  World  Health  Organization  (WHO)106, or

Transformer108.

Regarding  data  mining,  text  mining  and  statistical  analysis  of

pharmacovigilance  resources  for  predicting  DDIs,  Cheng  et  al.

created a heterogeneous network- assisted inference framework to

assist with the prediction of DDIs109. They calculated drug–drug pair

similarities using four features: phenotypic, therapeutic and geno-

mic similarity. David et al. created an update of the CTD database

in collaboration with Pfizer110.  Revising almost 100.000 scientific

articles  manually,  they  updated  the  database  with  toxicogenomic

interactions,  chemical–disease,  chemical–gene,  gene–disease  and

phenotype interactions. Boyce et al. used natural language proces-

sing to identify pharmacokinetic DDIs described in drug labels111.

Their  machine-learning  algorithm  can  identify  and  classify

pharmacokinetic DDIs. Thirty institutes work together in the eTOX

project112.  It  aims  to  develop  a  drug  safety  database  from  the

pharmaceutical  industry  legacy toxicology  reports  and public  to-

xicology data, innovative in silico strategies and novel software to-

ols to better predict the toxicological profiles of small molecules in

early stages of the drug development pipeline. Zazo et al. organized

a DDI extraction challenge in 2011 and 2013, where participants

from 14 groups compared their best text mining methods113. They

created a DDI corpus where all the data of the challenge was inclu-
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ded, and can be used for academic research. Abacha et al. took it to

the  next  level  and  applied  the  corpus  used  in  text  mining  for

pharmacovigilance and created a machine learning methodology114.

Takarabe et al. created a network based characterization of adverse

drug-drug reactions, based on ATC classification from the Japanese

JAPIC and KEGG DRUG database115. Percha et al. published an au-

tomated text mining solution for identifying gene-drug relationships

and aggregating them to predict novel DDIs116. Ayvaz et al. created

a complete dataset of DDIs117. To do so they combined all the pub-

licly available sources of DDIs using a common data model after

conducting a comprehensive and broad search. 

Regarding the prediction of potentially dangerous DDIs by means

of Internet based searches and the analysis of drugs, targets, meta-

bolism,  and safety  profiles,  White  et  al.  discovered  an  unknown

DDIs of paroxetine and pravastatin from a Google search analysis
118. Google users searched paroxetine and pravastatin as drugs they

were taking together, as well as the symptoms they were experimen-

ting,  such  as  thirst,  fatigue,  or  blurred  vision.  Those  are  typical

symptoms of hyperglycemia. Takarabe et al.  defined pharmacolo-

gical similarity for all possible drugs using the FDA Adverse Event

Reporting  System  and  developed  a  method  to  predict  unknown

drug-target  interactions  (DTIs)  on  a  large  scale119.  They  made  a

prediction for off-targets of 1874 drugs with known targets and po-

tential target profiles of 2519 drugs without known targets. Tatonetti

et  al.  created  an  adaptive  data-driven  approach  that  reduces
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confounding factors120. They created two resources of adverse drug

effects and DDIs, a comprehensive database of drug effects OFFSI-

TES, and a database of DDIs side effects TWOSIDES. Using these

two datasets, they made and confirmed the prediction that selective

serotonin  reuptake  inhibitors  and  thiazides  are  associated  with

specifically increased incidence of prolonged QT intervals. 

Each drug has its target profile. The primary target profile is the list

of  targets  expected  to  hit  the  drug when consumed  in  a  recom-

mended dose. The secondary or the off target profile is when the

drug concentration alters,  so it  can hit  new, unexpected target(s).

Many drugs have an incomplete target profile, given that exists a

large number of unknown DTIs compared with the small amount of

experimentally verified DTIs. The study and understanding of the

complete target profile of drugs can prevent unexpected side-effec-

ts, DDIs and the reduction of healthcare costs. Regarding network

pharmacology  and  chemoinformatic  approaches  for  predicting

DDIs, Cobanoglu et al. used a probabilistic matrix factorization for

a quantitative analysis of known DTIs121. They created a mechanism

for predicting hidden DTIs with 88% confidence. Alaimo et al. pre-

sented a  network based interference  network method,  called Do-

main Tuned-Hybrid,  which extends drug target prediction by do-

main  -based  knowledge  including  drug  and  target  similarity122.

Laarhoven et al. created a machine learning method that uses the

drug-target network as the only source of information123. They intro-

duced interaction profiles of drugs in a network, which are binary

vectors specifying the presence or absence of interaction with every
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target in the network. They made predictions for DTIs with a Gaus-

sian Interaction Profile, with a precision recall profile of 92.7. Chen

et al. studied four important classes of DTI networks, including enz-

ymes, ion channels, GPCRs and nuclear receptors124. They used a

semi-supervised learning network, based on similarity values.

Secondary pharmacology is an essential component of drug disco-

very  and  is  used  extensively  in  the  pharmaceutical  industry  for

achieving optimal specificity on new drugs via early hazard iden-

tification and off-target mitigation125. The importance of this disci-

pline has been achieved by target-drug-ADR associations and integ-

ration of secondary pharmacology data  with pharmacokinetic  pa-

rameters. Whitebread et al wrote the first review about an essential

tool, an in vitro safety pharmacology profiling in 2005126. They co-

llected a selection of cardiovascular targets that when hit by certain

compounds possible ADRs can be expected. Urban et al. analyzed

the modeling safety aspects of drugs with an integrated molecular

network approach127. In silico methods are more frequently used to

test  compounds.  They  have  a  great  utility  in  the  design  of  new

molecules devoid of off-target effects and guide chemists to synthe-

size  those  structures  which  carry  less  or  no  hazard  towards

unwanted ADRs. Urban et al. also created a Drug-Target-ADR ne-

twork128. In their network they predicted and confirmed more than

half of the predicted off-targets and side effects. Simon et al. intro-

duced a polypharmacology-based approach which is able to relate

complex drug – protein interaction profiles with effect profiles129.
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Their prediction method, the Drug Profile Matching is a robust and

highly accurate approach that calculates the effect profile of drugs

solely on a basis of their complex binding properties. A year later,

Peragovics et al. improved the Drug profile matching method using

it  for  target  fishing  as  well130.  Kepiro  et  al.  presented  an  opto-

pharmacological  tool,  molecular  tattooing,  which enables in  vivo

subcellular localization of drug effects104.  They apply two-photon

microscopy  for  covalent  enrichment  of  photoreactive  drugs  on

specific targets, confining drug effect solely to the irritated area131.

b) MINI-MED methodology

MINI-MED investigates which drugs can be reduced in common

combinations of prescription medications taken by the elderly, ei-

ther because a SE of one drug produces the desired effect of another

one already being taken, or because a new drug can be used for two

or  more  medical  conditions.  By developing formal  mathematical

and  systems-based  computational  models,  MINI-MED  aims  to

predict therapeutic and adverse drug SEs and evaluate the biological

relevance  of  combinations  of  drugs  according  to  pathway  and

molecular  function enrichment  analyses.  The project  has  a direct

application  in  the  field  of  personalized  medicine,  which  the

emerging  discipline  of  quantitative  and  systems  pharmacology

encourages.
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Some of the strategies to reduce adverse effects are:

- Eliminate unnecessary drugs (PIM)

- Use drugs for diseases that had not been taken into account

(besides the disease treated), or drugs than can be used for two di-

seases (PPO)

Hence, the data of San-José et al., which refers to the kind of drug

and inappropriate prescription, is a reference work very interesting

for this purpose.

Figures 2 and 3 show two example cases of using drug-target-SE-

CO networks to decrease the number of drugs in simultaneous pres-

cription medications. This in silico supplement to conventional pol-

ypharmacy approaches will be extremely beneficial to speed up the

process  and  to  enlighten  the  path  to  reducing  polypharmacy.

Example  1  reduces  11  medications  to  6.  Example  2  reduces  13

medications to 7. Commonly prescribed dosage for drugs is shown

just for illustrative purposes. A medical validation step has not yet

been performed in the aforementioned examples.

 There are also real example studies describing successful reduction

of inappropriate prescription132. A case study in 2015 describes a 85-

year-old female, who took 7 drugs for a long time (amlodipine, val-

sartan, hydrochlorothiazide, lysine acetylsalicylate, sinvastatine, and

trimetazidine). In June 2013, she presented thoracic pain and recei-

ved propranolol, tramadol, and paracetamol. One week later, she de-

veloped a diffuse skin lesion. After that, drugs considered unnecess-
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ary were discontinued (Sinvastatine, trimetazidine, antihistamic and

iron) and corticosteroid was administered orally. 

About 10 months later, the patient received only 20 mg of corticos-

teroid and she has not presented any vesiculobullous disease since.

When  analyzing  simultaneous  prescription  medications,  MINI-

MED first  looks at  the prescribed drugs and the disease/COs ac-

cording to the clinical profile of the patient.  After, these disease/

COs are mapped with their corresponding targets, and the SEs asso-

ciated to  these targets  are  found using calculated scores.  Having

created  the  drug-target-SE-CO  network  relationships,  both  from

available experimental data and -when missing experimental data-

132

Figure 2. Reducing polypharmacy Case Example 1. Example 1 reduces 11
medications to 6. Commonly prescribed dosage for drugs is shown just for illus-

trative purposes. A medical validation step has not yet been performed.



from predicted data by systems pharmacology using i.e. CTlink133 or

GES134,135 and GESSE136 approaches, MINI-MED checks for drugs

in the clinical profile that can be repositioned. 

 If one drug is found to bind both the therapeutic target for which is

prescribed and an off-target, this drug is kept and the drug given in

the prescription for the off-target is eliminated. New drugs that are

not present in the clinical profile but which can be used for two or

more diseases/COs are also checked. If a new drug is found to bind

two or more therapeutic targets or off-targets, then this drug is intro-

duced in the clinical profile, and those drugs initially prescribed for
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Figure 3. Reducing polypharmacy Case Example 2. Example 2 reduces 13
medications to 7. Commonly prescribed dosage for drugs is shown just for illus-

trative purposes. A medical validation step has not yet been performed.



these  targets  are  eliminated.  Figure  4  shows  schematically  this

strategy to reduce polypharmacy. 

In this scheme it is assumed that drug-target-SE-CO network has a

one-to-one relation for simplification purposes. However, as before,

each drug can have several SEs, can be used for several COs, or can

bind several targets.  Figure 5 shows a specific example of the MI-

NI-MED strategy to reduce polypharmacy. Following the strategy to

reduce polypharmacy, schematized in Figure 4, in the example sho-

wn in Figure 5 the patient is prescribed zonegran for tremor and

propanolol  for  hypertension,  propranolol  can  be  repurposed  for

tremor and avoid zonegran and its SEs. 
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Figure 4. Scheme of the MINI-MED strategy to reduce polypharmacy. In this
scheme it is assumed that drug-target-SE-CO network has a one-to-one relation
for simplification purposes. (1) From the list of medications, one drug for two of
the COs present in the patient’s clinical profile is re-purposed (e.g. Evista for os-
teoporosis & breast cancer in Example 1). Given that the drug that is eliminated
could produce a SE, a SE could be reduced, and only keep the SE for the drug

that is used. (2) A new drug that can be used for two COs is used, hence binding
two targets, and probably also reducing SEs because two drugs are reduced to
one (e.g. cymbalta for depression & urinary incontinence in Example 2 is used

instead of enablex, that was for urinary incontinence, and celexa, that was for de-
pression, thus avoiding the SE stomach discomfort). (3) This new drug can be

used for two COs since it is a new drug for the patient, it could have a different
SE, but since one drug was successfully reduced, the patient will still have fewer
SEs than before. Ideally, the introduced SE would be a desired therapeutic effect
in the clinical profile (e.g. prolixin for schizophrenia & rheumatoid arthritis in

Example 2 has the new SE essential tremor, which is a CO of the clinical profile).



The patient is prescribed enabex for urinary incontinence and lexa-

pro for depression, and omeprazol for stomach discomfort, a new

drug (cymbalta) can be found for both CO, hence avoiding enablex

and its strong stomach discomfort SEs, not needing the omeprazol.

The patient is prescribed abilify for skizofrenia and humira for rheu-

matoid arthritis, a new drug (prolixin) can be found for both CO.

The  SE  of  this  new  prolixin  drug  is  tremore,  which  is  already

treated y propanolol in the clinical profile

The patient is prescribed dextroamphetamine for a shoulder injury,

which SE is insomnia and anxiety, so he is prescribed diazepam.
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Figure 5. Example of the MINI-MED strategy to reduce polypharmacy. Scheme of
a 80 year old man with a drugs profile of 11 drugs to treat the following clinical

profile: skizofrenia, depression, a shoulder injury, hypertension, stomach
disconfort, rheumatoid arthritis, hip pain, urinary incontinence, and tremor. By

using systems pharmacology approaches, the patient's profile and clinical outco-
mes (CO) can be matched with the corresponding mapping targets and target-SE

assocations. By analysing the drugs-CO-targets-SE networks it is possible to
reduce non-essential medications and check for drug-drug, drug-disease, drug-

target interactions in order to avoid serious side effects.



Diazepam is  a  sedative  (increases  sedation),  while  dextroamphe-

tamine is a CNS stimulator (decreases sedation). One drug offsets

the effects of the other; this DDI can lead to serious adverse effects

such  as  serotonin  syndrome,  leading  to  seizures  and  high  blood

pressure.

For this reason, the strategy number 5 is avoiding the DDIs leading

to  serious  adverse  effects,  for  instance  using  strategy number  4,

changing dizaepam, which is a sedative, by stresam, which is a CNS

stimulant,  such  as  dextroamphetamine,  hence  avoiding  the  bad

DDIs.

Moreover diazepam is a non-selective benzodiazepine binding GA-

BAA receptor, and as it is well known for benzodiazepines, with

high drowsiness; tired feeling; muscle weakness; or loss of coordi-

nation  SEs  between  others,  However,  stresam  binds  the   mito-

chondrial translocator protein (18 kDa) (TSPO). TSPO, which in its

turn  modulates  GABAA  receptors,  thereby  exerting  anxiolytic

effects. The fact of binding the TSPO protein first, and no directly

GABAA receptor  as  benzodiazeines,  avoids  the  benzodiazepines

addictive-based  SEs  ad  has  less  SEs,  such  as  slight  drowsiness,

appearing in the early days of admission and usually disappearing

on their own in the course of treatment.

Finally, the patient is prescribed two non-steroidal anti-inflammato-

ry drugs (NSAIDs.) for his hip pain. Following strategy number 6,

one of the drugs can be suppressed, hence avoiding drug duplication

for the same CO. If the pain is not strong, it is recommendable to

stop the oral doses which, although more potent, causes higher SEs
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such  as  stomach  discomfort  or  hypertension  (which  in  this  case

there are already treated in the clinical profile, except if we remove

omeprazol as aforementioned).

In summary, it could be possible to reduce 11 drugs to 6, with the

consequent reduction of SEs such as stomach discomfort and drow-

siness, and the new SEs that would appear (tremor, hypertension,

insomnia) they would be already treated on the clinical profile.

Overall,  the  MINI-MED  example  of  a  systems  pharmacology

approach combined with chemo–bio- informatics and data mining

to reduce polypharmacy may be summarized as a five-step protocol:

Step 1: ASSES the patient's medications, especially certain groups

of medications that have a potential for adverse outcomes, in order

to use drug repositioning to avoid side effects (e.g. beta blockers,

antidepressants,  antipsychotics,  other  psychotropics,  pain

medications, other medications listed in the Beers criteria, vitamins

and supplements). 

Step  2:  CHECK for  drug-drug,  drug-disease,  drug-target  interac-

tions in order to avoid side effects by building drug-target-SE-CO

networks and analyzing them using chemoinformatics and mining

approaches. 

Step 3: REDUCE non-essential medications. Eliminate medications

that lack evidence for their usage. Eliminate medications for COs

that can be achieved by drug re-purposing, while decreasing SEs.

Try to reduce those drugs whose risks out-weigh their benefits and

which have high potential for a negative impact on primary body
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functions  (appetite,  weight,  pain,  mood,  vision,  hearing,  bladder,

bowel, skin, swallowing, activity level). 

Step 4: EVALUATE the reduced list of medications according to se-

veral rounds of prospective computational and medical validation to

increase  trust  in  the  networks  and  SE/CO  prediction.  Adjust

medications with the help of doctors’ assessment. 

Step 5: REFINE results (chemoinformatics + data mining + strong

biostatistics + network analysis) to make them fit the computational

and  medical  validation  using  several  rounds  of  testing  and  refi-

nement.

6. Conclusion

The  use  of  multiple  medications  is  often  referred  to  as  poly-

pharmacy, but also refers to the administration of more medications

than clinically indicated, representing unnecessary drug use.

With increasing polypharmacy comes rising morbidity and mortali-

ty, and public health agencies are being forced to take notice. The

FDA recently recommended tighter controls on prescriptions. Here

we show that  the  medicine  utilization  pattern  in  people  aged 65

years and older is an average of 7 drugs, where the most common

used  drugs  are  paracetamol,  senna,  lactulose,  sangobion,  aspirin,

isosorbide dinitrate, potassium chloride, amlodipine, famotidine and

enalapril,  which  can  cause  potential  serious  adverse  effects.  We
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show that the main determinants of polypharmacy and inappropriate

prescribing are age, gender, number of medications taken (prescrip-

tion  and  OTC),  reason  for  admission  to  hospital  (acute  disease,

exacerbation  of  a  chronic  disease),  nutrition,  lifestyle,  emotional

well-being,  dwelling,number  of  general  practitioner  (GP)  or

emergency room (ER) visits during the previous month.

A small number of studies have shown the potential to reduce poly-

pharmacy, but more research is needed for a molecular-level unders-

tanding of drug effects and drug pathways. Here we show the poten-

tial of a novel approach to reduce polypharmacy by using systems

pharmacology  and  in  silico  chemo-informatic  methods.

Chemoinformatic approaches start from the molecular structures of

drugs, and biostatistics and data mining analyze the available drug-

target-SE-CO relationships. These approaches deal with huge volu-

mes of chemical and biological data, which is processed, stored, and

queried efficiently, for drug re-positioning simultaneously reducing

SEs. By defining drug-target-SE-CO networks for the most com-

mon drugs and their related targets, these approaches could reduce

poly-drug  use  in  the  most  common  simultaneous  prescription

medications (the most common examples of polypharmacy), which

is vital to advance in this challenging and important area.

Hence, systems pharmacology, chemo-and –bio- informatics appro-

aches combined with data mining have the potential to transform

current  strategies  for  reducing  polypharmacy.  The  polypharmacy
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predictions that could be retrieved by these approaches, could even

be complemented, and may be improved, by exploring the effect of

patients’ age and gender response to drugs by means of pharmaco-

genomics.

7. Expert Opinion

Unfortunately,  while  national  governments  and  health  insurance

companies are equally interested in reducing polypharmacy, there

remains a gap in the literature regarding the polypharmacy and its

developmental course. Current existing approaches to tackle poly-

pharmacy follow an experimental test and adjust methodology, whi-

ch makes them very tedious and costly. Most patients using them

get tired before a proper statement of polypharmacy reduction can

be  made  and  they  normally  see  multiple  specialists  that  do  not

always agree in a consensus. 

Systems  pharmacology,  chemo-and  –bio-  informatics  approaches

combined with data mining have a great potential as a novel way to

tackle polypharmacy. For example, the MINI-MED project aims to

build the first in silico reducing polypharmacy logical approach by

combining  bioactivity  and  bioinformatics  data  (collected  through

several  repositories and practical  approaches)  with computational

systems pharmacology approaches (developed and refined with this

data). This will provide insights into the drug pharmacology, drug

safety and differentiation of patient drug response towards persona-
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lized medicine, hence opening the way to rational drug de-prescri-

bing.

By developing and using these in silico approaches it will be possi-

ble to make statements such as the following: If compound 1 is ac-

tive on target A and compound 1 has SEs n1, n2, ..., nx, then target

A has n1,n2,...,nx associated SEs; so it will be possible to answer

“which are the side effects associated to a given target”? The objec-

tive is that these in silico approaches propose alternative treatments

with fewer SEs for certain COs by re-positioning existing drugs,

and recommend ways to reduce the profile of simultaneous pres-

cription drugs taken by the elderly in a way which will still treat a

given patient's profile of diseases but with fewer SEs. Possible limi-

tations of these approaches are the assumption that the phenotypic

effects  of  drugs  are  protein-mediated  and that  these  drugs  reach

only protein targets (i.e. ignoring all kinds of RNA). Drug concen-

tration effects should be also explored, given that reducing a drug’s

concentration can be an important  practical  polypharmacy consi-

deration. Tissue location, the presence of active metabolites and ad-

ditional  information  related  to  CO and SE needs  to  be  used  for

complex cases (i.e.. by creating tissue specific functional relations-

hip networks utilizing knowledge of tissue-specific gene expression

patterns manually associating each SE with a specific tissue/organ).

Regarding the risks of these approaches, a percentage of false-posi-

tive drug-target or drug-SE associations are predicted for this reason

a thorough computational validation step, by in vitro and/or cellular

assays, is needed to confirm the predictions. However, these false-
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positives can be also taken as new known information of real nega-

tive results.

Understanding the “magic triangle” of drugs, targets, and their SEs

has become a “holy grail” of the pharmaceutical industry. Unders-

tanding the triangle of drugs- targets-SEs, and being able to make

predictions, i.e.  by developing new computational approaches for

the emerging discipline of quantitative and systems pharmacology

(QSP), will allow the biological relevance of combinations of drugs

to be evaluated in terms of related pathways, molecular functions

and disease-gene relationships, making a significant contribution to-

wards understanding the effects of poly-drug use. All pharmaceu-

tical companies desperately want to know in advance that working

with target X could cause side effects n1, n2, ..., nx. Once a tool for

linking systems pharmacology with drug action has been developed,

it  seems straightforward to  apply it  to the increasingly important

problem of reducing polypharmacy. The ability to do this is highly

relevant to the rational treatment of complex conditions requiring

simultaneous  prescription  medications  and  to  provide  a  deeper

understanding of the adverse SEs that may be caused by multiple

drug combinations. 

There is currently more and more experimental available data to ex-

ploit to tackle specific targets, as well as algorithms, to predict off-

targets for drugs and to annotate them with pathway-related molecu-

lar functions and disease-related genes. Hence, there is a need to ex-
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ploit the large amount of data in the field of active aging and poly-

pharmacy. 

As far as we know, nobody has applied systems pharmacology tools

to the field of polypharmacy, which urgently needs from an in silico

help to improve the current very tedious and costly experimental

approaches. Furthermore,  computers are more powerful than ever

before, there is more data than ever before, and hence it is much ea-

sier to perform larger-scale studies/calculations than ever before. All

these data we are currently capable to manage and process can be

very useful to complement, help to understand, and make quickly

advance the research of experimental experts (biologists, chemists,

genetics...). We believe that the future in science comes from joi-

ning more and more several branches of science in an interdiscipli-

nary way to help understand the complicated scientific  problems

with  a  wide  perspective,  as  QSP promotes.  Therefore,  it  is  very

important to promote the interdisciplinary work, i.e on the border

between biology, chemistry,  pharmacology and computer science,

fundamental for advancing in the future in health research, between

other fields. In this respect, for example, the Food and Drug Admi-

nistration  launched  precisionFDA  (https://precision.fda.gov/),  a

cloud-based research and development portal designed to allow re-

searchers to analyze genome data and run comparisons against re-

ference material, such as sample data widely accepted. It is a crowd-

sourced platform to provide a digital environment for members of

the genomics community to work together. Hence, allowing more
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data available for developing pharmacogenomic approaches, follo-

wing President Obama’s Precision Medicine Initiative [137].

Hence, the great number of challenges associated with exploiting

systems pharmacology, and in silico chemo- and bio-informatic me-

thods combined with data mining, to tackle polypharmacy in the

elderly should be seen as a great source of opportunities for the fu-

ture, for experimental and computational scientists alike.
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4. DISCUSSION

The demographic shift towards an older population is dramatically

increasing the public health burden. The average 70-year- old now

takes seven different prescription medications. The use of multiple

medications is often referred to as polypharmacy. This causes many

problems such as drug-drug interactions, serious side effects, and

non-adherence to treatment. National health agencies are clearly in-

terested in reducing polypharmacy, given the huge sums of money

they spend on the resulting side effects and hospitalizations.

Eliminate all taken drugs by the elderly is not yet possible, but re-

ducing the number of medications taken can greatly improve the

quality of life of the patients. Current existing approaches to tackle

polypharmacy follow an experimental test and adjust methodology,

which makes them very tedious and costly. Hence, the great number

of challenges associated with exploiting systems pharmacology, and

in silico chemo- and bio-informatic  methods combined with data

mining, to tackle polypharmacy in the elderly should be seen as a

great source of opportunities for the future,  for experimental and

computational scientists alike.

Current evidence suggests that the implementation of tools such as

Beers or STOPP lists, although still imperfect, reduces inappropriate

drug  use  and  drug-drug  interactions  [Gallaguer  Clin  Pharmacol

Ther  2011:89:845-54,  Blozizik,  Drugs  Aging  2010;27:1009-17].

However these tools are not systematically implemented and used
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in the clinical care of older people. As Schoenenberger and Stuck

point out in their review, these tools, as well as START list to avoid

drug underuse or the CRIME recommendations for complex patien-

ts, could be incorporated in electronic databases which clinicians

can automatically  check for  potential  inappropriate  drug use and

drug-drug interactions or by building computer-based decision-su-

pport  and electronic  prescribing  systems.  The  digitization  of  the

healthcare  system  is  one  of  the  strong  points  in  prevention,

intervention strategies and current policies trying to better manage

polypharmacy. Regarding this aspect, there has been quite contro-

versy. The majority of European governments consider that the bi-

ggest trend in healthcare IT these days it is big data. “It aims to bri-

dge the innovation gap in personalized medicine  One example of a

computer-based decision-support and electronic prescribing systems

is IBM’s Watson technology 

The system was presented as the “big hero behind the Health Deal”,

being able to access to several 100 million anonymised patient pro-

files and scanning nearly 300 medical journals, more than 200 tex-

tbooks plus 12 million pages of free text, trained by 1000 doctors

over 3 years. Moreover, if we add the possibility of having a joint

data  centre  that  integrates  patient  data  from various  IT solutions

such as Watson, this brings the possibility of having big-data netwo-

rks to be used to do clinical research or identify patients for clinical

trials.  The analysis  of  this  big-data  is  very interesting  for  policy

makers  and  hospitals  in  order  to  identify  medical  risks  for  their

patients.
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However, last June 2017 there was a big scandal when several doc-

tors checked the fact that Watson was not working as expected. For

example, regarding the prescription field, Watson was returning se-

veral times either obvious prescriptions or nonsense prescriptions.

The perception now is that Watson has not met lofty expectations.

This may make us think that just the integration of databases for ra-

tional  drug deprescribing  might  not  help.  The full  integration  of

data-driven healthcare might not be the solution.

Until which point can be useful gathering databases and extracting

data for AI predictions? A combination from different  sources  is

normally the virtue. The same argument can be used when talking

about crowsourced data.

Society  is  changing.  People  now  gain  medical  literacy  through

Internet searches. The digital traces left  by searches can improve

medicine and properly deprescription of drugs by revealing insights

into health that are difficult to obtain in other ways. “An example of

this is when people find it difficult to report side-effects that appear

months after they begin taking a drug because they do not associate

the adverse reaction with the drug.” Instead of that, they search time

after the side effect and the drug and can be associated. Hence, ex-

tracting information from Internet searches can be useful to propose

a rational drug deprescribing and avoid important drug-drug interac-

tions and side effects. The search engine can even in cases provide

167



more sensitive data than the currently available to health authorities.

For example, only a small fraction of the people who has flu will vi-

sit a medical provider to see what they can do about their aliments,

but much more people will search that into Internet than go to the

doctor. Furthermore, there are certain areas in which the Internet is

the primary venue for people to search and discuss their conditions.

However,  it  is  important  to  take  into  account  that  one  problem

would be assuming that crowdsourced data explains everything.

With the digitization of healthcare, the patient takes center stage.

The citizen will need to be more self-aware of his health. Regarding

mhealth  and  healthacare  wearables,  the  process  of  deprescribing

could be monitored by mobile applications, the data saved and sto-

red to take conclusions. Only doing this for several patients in each

country/hospital  and  sharing  the  information  would  increase  the

data available,  that after  being analysed,  could give new insights

into rational drug deprescribing. Computer-based decision-support

and electronic prescribing systems could be applied to older patients

with polypharmacy and monitored by mhealth applications, the re-

sults obtained would be analyzed and would help to propose ratio-

nal drug deprescription, as well as calibrate and refine the AI sys-

tems. This would still take significant time and would not be still

very  efficient,  but  it  is  a  step  forward  managing  better  poly-

pharmacy. The gathering of big data and data driven healthcare allo-

ws going from intervention to preventive medicine.
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What it is clear is that there is enough evidence that the systematic

use of tools such as STOPP, Beers list, START or CRIME, in the

clinical  routine  is  helpful  to  manage  polypharmacy and improve

patients’ outcomes. It is essential, then, to refine these tools and do-

cument their effectiveness, and determine how much we rely on big

data and data-driven healthcare and how much on the traditional

approaches.

Polypharmacy is necessary for the elderly condition and cannot be

prevented. However, it is essential to assess the risks associated to it

in order to properly manage it. Current European health policies fo-

cus on the digitization of healthcare given the increasing digitiza-

tion of today's society. Data-driven healthcare and the analysis of

the big-data generated is very interesting for policy makers and hos-

pitals in order to identify medical risks for their patients. Current

and future prevention and intervention strategies to  inappropriate

prescribing  are  significatively  based  on e-health  measures.  How-

ever, several examples shown here demonstrate that the unique use

of data-driven healthcare and just gathering databases and extract-

ing data for AI predictions might not be enough to better manage

polypharmacy and the effects associated to it. Therefore, we are fac-

ing a complex situation.

The classical view of drug action, “one molecule interacts with one

target to give one therapeutic effect” has been replaced by the new

polypharmacology paradigm “one molecule (or more) interacts with
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several targets to give several therapeutic effects and certain side ef-

fects”. These targets are in a complex cellular network. The emerg-

ing discipline of Quantitative systems pharmacology (QSP) aims to

understand how drugs modulate cellular networks in space and time

in order to predict drug targets and their role in human pathophysi-

ology. It is worth mentioning that although QSP might be consid-

ered to be a new approach, the principle of drug “repurposing” is

well-established in the pharmaceutical industry as a way to identify

new targets for drug molecules which have failed at the clinical test-

ing stage for their original target. However, it has never been ap-

plied to polypharmacy. 

This project aims to exploit multiple chemical and biological data-

bases to build drug-target-SE-CO networks. By analyzing these di-

verse databases containing structural features of compounds, their

bioactivity profiles, their relationships to the phenotypic effects ob-

served, gene–SE and gene-disease associations,  related molecular

functions, and target-related pathways, we can (a) predict the SEs

associated with a given target, (b) re-purpose drugs for two or more

medical conditions, (c) reduce SEs, (d) predict drug-drug interac-

tions, and (e) generate biologically meaningful hypotheses for re-

ducing  drugs  in  simultaneous  prescription  medications.

If successful, this work has the potential to transform current strate-

gies for reducing polypharmacy. Many studies have found that si-

multaneous drug treatments for different conditions are associated

with negative health outcomes, but more research is needed to fur-
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ther delineate the consequences associated with unnecessary drug

use in  elderly patients.  De-prescribing is  the process of tapering,

stopping,  discontinuing,  or  withdrawing  drugs,  with  the  goal  of

managing  polypharmacy  and  improving  outcomes.

Currently,  it  is  very  difficult  to  de-prescribe  drugs  rationally  to

achieve the desired effect in a clinical setting. However, evidence is

emerging in support of a structured approach to de-prescribing. For

example, doctors may follow a series of steps to manage polyphar-

macy in practice comprising: (a) a patient assessment, (b) identifica-

tion of inappropriate drugs from an accurate list of medications us-

ing software tools (e.g. the Screening Tool of Older Person's Pre-

scriptions (STOPP) criteria,  STOPP/START of the NHS Cumbria

toolkit,  Beers  Criteria  updated  2012,the  FORTA (Fit  FOR  The

Aged)  list,  the  NHS  Highland  system,  the  MAI  tool,  the  NO

TEARS and ARMOR systems or  decision  algorithms,  (c)  assess

each drug for specific risks versus benefits (consecutive take one

drug at a time and discontinue it over weeks to months),(d) agree to

stop/reduce dose and withdraw slowly,(e) communicate with pre-

scriber,(f) monitor, review and adjust regularly. 

However, beyond this structured and practical approach, there are

very few rigorously designed intervention studies that  have been

shown to reduce unnecessary polypharmacy. Moreover, the current

approach is very tedious and costly. Most patients using it get tired

before a proper statement of polypharmacy reduction can be made

and  they  normally  see  multiple  specialists  that  do  not  always

agree in a consensus.  By using in silico methods in combination
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with a large amount of bioactivity and bioinformatics information

available in databases, we can advance the understanding of D-T-

SE-CO relationships and open the way to rational drug de-prescrib-

ing.
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5. CONCLUSIONS

• A database of drug metabolites (DMdb) by careful

extraction,  curation,  and  storage  of  their  chemical

structures  from  public  and  bibliographic  sources

have  been  constructed.  The  DMdb  contains  6124

drug metabolites and 1149 drugs, with their smiles,

molecular weight, and reference article.

• A new knowledge-based statistical approach to pre-

dicting  drug  metabolites  based  on  the  contents  of

Dmdb has been developed.   The quality of its con-

tents, both in terms of correctness and coverage, is

reflected in the quality of the metabolite predictions

made  by  a  new  purposely  designed  statistical

method.ur  method can be regarded as the state-of-

the-art in the field and it represents an incremental

contribution  towards  developing  safer,  more  effec-

tive, drugs. 

• A database  of  drug-drug  interactions  (DDIdb)  by

careful extraction, curation, and storage of pairs of

drug names annotated with the safety issues associ-

ated with their co-administration have been created.

A DDIdb includes  49120 DDIs,  859 safety  condi-

tions, and 865 compounds. We concluded that drug-
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classes do have similar side-effects,  especially car-

diovascular system, nervous system, sensory organs,

and antineoplastic and immunomodulating agents.

• An analysis of DDIdb to identify trends among drug

classes most susceptible to be involved in drug-drug

interactions. High propensity drug classes to interac-

tions and side effects have been identified. Nervous

and  cardiovascular  system  drug  classes  have  the

highest propensity, the most consumed prescriptions

belong to these classes.

• Based on the data data and knowledge acquired in

the previous points, an extensive review of current

worldwide  policies  on  polypharmacy  have  been

made.  The best strategies that could help to reduce

the number of co-administered drugs and towards a

more  cost-effective  health  system  have  been  ex-

plained,  together  with  a  new methodology,  MINI-

MED,  to  tackle  polypharmcy,  de-prescribe  and re-

duce economic cost.
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6. OUTLOOK

Identifying  and  predict  drug  interactions,  and  adverse  effects  of

drugs is extremely complicated, but many times we tend to forget to

step back and see the whole picture. Treat a disease with a pill is the

easy solution, and many cases the disease could be prevented and

treated with lifestyle changes, such as nutrition and physical exer-

cise. We believe we need to take more data into account in order to

make the best suggestion of medicines and treatment. That's why

our further goal is the creation of MINI-MED & NUTRI-BÉ. 

MINI-MED & NUTRI-BÉ is a tool aimed at improving the quality

of  life  and  well-being  of  elderly  people,  aimed  both  at  guiding

patients and giving support to doctors in order to make the most

appropriate decisions when prescribing medications for elderly peo-

ple prioritising the welfare of patients, along with a diet that increa-

ses this well-being.

The MINI-MED & NUTRI-BÉ platform will also include a space

for digital consultations and online courses focused on nutrition for

elderly people, balanced and protective food to improve the quality

of life during aging, which helps to benefit from the combination of

drugs taken by the patient. The platform will use chemoinformatics

and system pharmacology methods in order to advise which drugs

could be reduced in the medical history of an elderly patient. Ac-

cording to the result, the platform will propose what nutrients and

175



what  diet  enhance  this  action,  always  with  the  aim  of  reducing

secondary effects and improving the patient's well-being.

MINI-MED & NUTRI-BÉ will have mobile app support, PC plat-

form, and web server. It is intended both to guide patients and to

help/support  doctors in order  to make the most  appropriate deci-

sions when prescribing medications to the elderly prioritizing the

welfare of patients, along with a diet that increases this well-being.

The platform will include a space for digital consultations, online

courses focused on nutrition for the elderly, food balanced and pro-

tective to improve the quality of life during aging, which helps be-

nefit from the combination of drugs taken by the patient trying to

reduce their adverse effects The platform portal will always be up-

dated with news of interest according to the most common clinical

cases in the elderly. Advices, recipes, diets and menus enriched with

certain types of nutrients and trace elements when there are certain

deficiencies in the most common medical history of polypharmacy

in elderly patients.

Following the trend of today's society with regard to the digitali-

sation of the industry, the health field is not far behind. We want to

create, therefore, a digital product of support for both patients and

doctors.
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Appendix A

Supplementary information for Result session 3.1 DMDB
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Metabolite id MW drug MW metabolite Diff. MW Smiles Chembl ID Inchi Key Reference
1-nitronaphthalene.metabolite.G 173,17 143,19 29,98 C1=CC=CC2C=CC=C(CHEMBL57394 RUFPHBVGCFYCNW-UHFDrug Metab Dispos. 1999 Dec;27(12):1456-65.
1-nitronaphthalene.metabolite.i1 173,17 189,17 -16 C1=CC2OC2C2C=CC=C(not found GSAMVXYBVGOJMK-UHDrug Metab Dispos. 1999 Dec;27(12):1456-65.
1-nitronaphthalene.metabolite.i2 173,17 189,17 -16 C1=CC=CC2=CC3OC3C(not found FZZLDSFTICXCRO-UHF Drug Metab Dispos. 1999 Dec;27(12):1456-65.
1,2-dibromoethane.metabolite.m1 187,86 138,95 48,91 C(=O)(O)CBr CHEMBL60851 KDPAWGWELVVRCH-UHDrug Metab Dispos. 1997 Apr;25(4):508-15.
1,2-dibromoethane.metabolite.m2 187,86 124,97 62,89 C(O)CBr CHEMBL468583 LDLCZOVUSADOIV-UHFDrug Metab Dispos. 1997 Apr;25(4):508-15.
1,2-dibromoethane.metabolite.m3 187,86 178,16 9,7 C(=O)(O)CSCC(=O)C( CHEMBL259106 FDUKYMHTXNDQPD-UHDrug Metab Dispos. 1997 Apr;25(4):508-15.
1,2-dibromoethane.metabolite.m4 187,86 150,16 37,7 C(=O)(O)CSCC(O)=O CHEMBL1570500 UVZICZIVKIMRNE-UHF Drug Metab Dispos. 1997 Apr;25(4):508-15.
17-alpha-hydroxy-progesterone caproate.metabolite.1 428,61 330,47 98,14 C1CC(=O)C=C2CCC([Hnot found DBPWSSGDRRHUNT-WDDrug Metab Dispos 36 (2008) 9
17-alpha-hydroxy-progesterone caproate.metabolite.pr 428,61 314,47 114,14 C1CC(=O)C=C2CCC([HCHEMBL1489845 RJKFOVLPORLFTN-GKKDrug Metab Dispos 36 (2008) 9
18-methoxycoronaridine.metabolite.18-hc 368,47 354,45 14,02 c1:c:c:c:c2NC3C(C( CHEMBL607049 FRCVRUHRFLXLAI-UHFDrug Metab Dispos. 2002 Jun;30(6):663-9.
2-allylthio-pyrazine.metabolite.m1 152,21 142,18 10,03 N1=CC=NC(S(C)=O)= not found FHTBBZMYISOPBI-UHF Drug Metab Dispos. 1999 Feb;27(2):221-6.
2-allylthio-pyrazine.metabolite.m2 152,21 168,22 -16,01 N1=CC=NC(S(CC=C)=not found KALRQHIHOGSAEC-UHFDrug Metab Dispos. 1999 Feb;27(2):221-6.
2-allylthio-pyrazine.metabolite.m3 152,21 184,22 -32,01 N1=CC=NC(S(=O)(CCnot found NUZRWVGVIVNVRG-UHFDrug Metab Dispos. 1999 Feb;27(2):221-6.
2-allylthio-pyrazine.metabolite.m4 152,21 142,18 10,03 N1=C(O)C=NC(SC)=Cnot found XEHFWBQFLYETFK-UHFDrug Metab Dispos. 1999 Feb;27(2):221-6.
2-allylthio-pyrazine.metabolite.m5 152,21 168,22 -16,01 N1=C(O)C=NC(SCC=Cnot found OKIWTIJWAAVEAG-UHFDrug Metab Dispos. 1999 Feb;27(2):221-6.
2-phenylpropionic acid.metabolite.R-2-ppa.glucuronid 150,17 326,3 -176,13 C1(=CC=CC=C1)[C@H0not found YDYDFDAUGYHMIG-VWDrug Metab Dispos. 2008 Apr;36(4):682-7.
2-phenylpropionic acid.metabolite.S-2-ppa.glucuronid 150,17 326,3 -176,13 C1(=CC=CC=C1)[C@@Hnot found YDYDFDAUGYHMIG-HRDrug Metab Dispos. 2008 Apr;36(4):682-7.
2,4-dichlorophenoxyacetic acid.metabolite.2.4-d-gluc 221,03 397,16 -176,13 c(OCC(OC1OC(C(=O)O)Cnot found VWTUPYKAIBDFAG-UHFDrug Metab Dispos. 1997 Sep;25(9):1065-71.
2,4-dichlorophenoxyacetic acid.metabolite.2.4-d-glyci 221,03 278,09 -57,06 c(OCC(NCC(=O)O)=O)1:not found ZSUWKPLZWNKGFI-UHFDrug Metab Dispos. 1997 Sep;25(9):1065-71.
2,4-dichlorophenoxyacetic acid.metabolite.2.4-d-tauri 221,03 328,17 -107,14 c(OCC(NCCS(=O)(=O)O)not found KMIBHQUPOLCZOA-UHFDrug Metab Dispos. 1997 Sep;25(9):1065-71.
20s-protopanaxadiol.metabolite.M1-1-1 460,74 476,74 -16 C1C[C@H](O)[C@H0]CHEMBL3527019 NZMLWOMSTXSMTL-GLDrug Metab Dispos. 2011 Mar;39(3):472-83.
20s-protopanaxadiol.metabolite.M1-1.6 460,74 476,74 -16 C1C[C@H](O)[C@H0]CHEMBL3527019 NZMLWOMSTXSMTL-GLDrug Metab Dispos. 2011 Mar;39(3):472-83.
20s-protopanaxadiol.metabolite.M1-2.2 460,74 476,74 -16 C1C[C@H](O)[C@H0](CHEMBL466363 DOAJFZJEGHSYOI-GLFYDrug Metab Dispos. 2011 Mar;39(3):472-83.
20s-protopanaxadiol.metabolite.M1-3.3 460,74 476,74 -16 C1C[C@H](O)[C@H0](CHEMBL466363 DOAJFZJEGHSYOI-GLZ Drug Metab Dispos. 2011 Mar;39(3):472-83.
20s-protopanaxadiol.metabolite.M2-1.4 460,74 474,73 -13,99 C1CC(=O)[C@H0](C)(CHEMBL2426028 MOCDJPYINJXPKU-RANDrug Metab Dispos. 2011 Mar;39(3):472-83.
20s-protopanaxadiol.metabolite.M2-2.5 460,74 474,73 -13,99 C1CC(=O)[C@H0](C)(CHEMBL2426028 MOCDJPYINJXPKU-HZMDrug Metab Dispos. 2011 Mar;39(3):472-83.
20s-protopanaxadiol.metabolite.M6-1 460,74 494,76 -34,02 C1C[C@H](O)[C@H0](CHEMBL3526681 ROUZPBFWHICWJH-GLFDrug Metab Dispos. 2011 Mar;39(3):472-83.
20s-protopanaxadiol.metabolite.M6-2 460,74 494,76 -34,02 C1C[C@H](O)[C@H0](CHEMBL3526681 ROUZPBFWHICWJH-GL Drug Metab Dispos. 2011 Mar;39(3):472-83.
20s-protopanaxadiol.metabolite.M7-1 460,74 652,87 -192,13 C1C[C@H](O)[C@H0](CHEMBL3527036 IXJGZEZCKFQBLU-BNVDrug Metab Dispos. 2011 Mar;39(3):472-83.
20s-protopanaxadiol.metabolite.M7-2 460,74 652,87 -192,13 C1C[C@H](O)[C@H0](CHEMBL3527036 IXJGZEZCKFQBLU-XWBDrug Metab Dispos. 2011 Mar;39(3):472-83.
24,25-dihydroxyvitamin d 3.metabolite.24-oxo-1-25- 416,64 430,63 -13,99 C(=C/C=C1/C2CCC(C(not found BWFQMABKLLTETH-ZEPhysiological Reviews 64 (1984) 2
24,25-dihydroxyvitamin d 3.metabolite.24.25-trihydr 416,64 432,65 -16,01 C(=C/C=C1/C2CCC(C(CHEMBL3351075 WFZKUWGUJVKMHC-ZEPhysiological Reviews 64 (1984) 2
24,25-dihydroxyvitamin d 3.metabolite.25-26-trihydr 416,64 432,65 -16,01 C(=C/C=C1/C2CCC(C(not found LUMQIGNPUDCMLN-MDPhysiological Reviews 64 (1984) 2
24,25-dihydroxyvitamin d 3.metabolite.25-dihydroxyv 416,64 444,61 -27,97 C(=C/C=C1/C2CCC(C(not found WMYIVSWWSRCZFA-ASPhysiological Reviews 64 (1984) 2
24,25-dihydroxyvitamin d 3.metabolite.Calcitroic.acid 416,64 374,52 42,12 C(=C/C=C1/C2CCC(C(CHEMBL3544529 MBLYZRMZFUWLOZ-HVPhysiological Reviews 64 (1984) 2
3-butene-1,2-diol.metabolite.2-hydroxy-3-butenal 88,1 86,09 2,01 C=CC(O)C=O not found PPNVQCFSKPIRKK-UHF Drug Metab Dispos. 1998 Sep;26(9):914-20.
3-butene-1,2-diol.metabolite.acrolein 88,1 56,06 32,04 C=CC=O CHEMBL721 HGINCPLSRVDWNT-UHFDrug Metab Dispos. 1998 Sep;26(9):914-20.
3-butene-1,2-diol.metabolite.epoxybutane.diol 88,1 104,1 -16 C1OC1C(O)CO not found KRBIHOANUQUSRV-UHFDrug Metab Dispos. 1998 Sep;26(9):914-20.
3-butene-1,2-diol.metabolite.hydroxymethylvinyl.ket 88,1 86,09 2,01 C=CC(=O)CO not found LHBQGXZUVXFJRH-UHFDrug Metab Dispos. 1998 Sep;26(9):914-20.
3-butene-1,2-diol.metabolite.m1 88,1 30,02 58,08 C1C2C3C=C([2H])C(Onot found JNSKNIJBMFAKLY-UORJ. Chromatogr. B 738 (2000) 267-279
3-hydroxybenzo-a-pyrene.metabolite.benzo.a.pyrene-3 268,31 444,44 -176,13 C12=CC=C3C=CC(OC4not found SJYHOQLSWMWVSY-UHDrug Metab Dispos. 1998 Sep;26(9):914-20.
3-hydroxybenzo-a-pyrene.metabolite.benzo.a.pyrene-3- 268,31 332,38 -64,07 C12=CC=C3C=CC(S(=not found MQHMCTZTWIOPSS-UHFDrug Metab Dispos. 2001 May;29(5):721-8.
3-hydroxybenzo-a-pyrene.metabolite.benzo.a.pyrene-3 268,31 282,3 -13,99 C12=CC=C3C=CC(=O)not found MYRYNZSMCVOJHZ-UHDrug Metab Dispos. 2001 May;29(5):721-8.
3-methylindole.metabolite.2.3-epoxide 131,17 147,18 -16,01 C1=CC=CC2NC3OC3(not found WHTZCVZCHNDLHB-UHDrug Metab Dispos. 2001 May;29(5):721-8.
3-methylindole.metabolite.3-hydroxy-3-methylindolen 131,17 147,18 -16,01 C1=CC=CC2[NH+]=CCnot found HYZSAMREMMAXPO-UHDrug Metab Dispos. 2001 Jul;29(7):950-3.
3-methylindole.metabolite.3-hydroxy-3-methyloxindo 131,17 163,18 -32,01 C1=CC=CC2NC(=O)C(not found XCHBYBKNFIOSBB-UHFDrug Metab Dispos. 1999 Jul;27(7):798-803.
3-methylindole.metabolite.3-methyleneindolenine 131,17 129,16 2,01 C1=CC=CC2[NH+]=CCCHEMBL3623240 BCNUXXXHEIUHJB-UHFDrug Metab Dispos. 1999 Jul;27(7):798-803.
3-methylindole.metabolite.3-methyloxindole 131,17 147,18 -16,01 C1=CC=CC2NC(=O)C(not found BBZCPUCZKLTAJQ-UHFDrug Metab Dispos. 2001 Jul;29(7):950-3.
3-methylindole.metabolite.3minac 131,17 292,36 -161,19 C1=CC=CC2NC=C(CSCnot found GPAMNSHJZSIQCJ-UHFFDrug Metab Dispos. 2001 Jul;29(7):950-3.
3-methylindole.metabolite.indole-3-cabinol 131,17 147,18 -16,01 C1=CC=CC2NC=C(COCHEMBL155625 IVYPNXXAYMYVSP-UHFDrug Metab Dispos. 2001 Jul;29(7):950-3.
3-nitrobenzanthrone.metabolite.3-aba 275,26 245,28 29,98 C1C=CC=C2C(=O)C3=not found ZXPXRBDYCANCCU-UHFDrug Metab Dispos. 2001 Jul;29(7):950-3.
3-nitrobenzanthrone.metabolite.I-1 275,26 245,28 29,98 C1C=CC=C2C(=O)C3=not found ZXPXRBDYCANCCU-UHFDrug Metab Dispos. 2006 Aug;34(8):1398-405.
3-nitrobenzanthrone.metabolite.I-2 275,26 245,28 29,98 C1C=CC=C2C(=O)C3=not found ZXPXRBDYCANCCU-UHFDrug Metab Dispos. 2006 Aug;34(8):1398-405.
3-nitrobenzanthrone.metabolite.N-oh-aba 275,26 261,28 13,98 C1C=CC=C2C(=O)C3=not found WCPKDLWOWHLXNO-UHDrug Metab Dispos. 2006 Aug;34(8):1398-405.
3-nitrobenzanthrone.metabolite.NAT-1 275,26 291,31 -16,05 C1C=CC=C2C(=O)C3=not found DEJHBLOVSUCGJL-UHFDrug Metab Dispos. 2006 Aug;34(8):1398-405.
3-nitrobenzanthrone.metabolite.NAT-2 275,26 341,34 -66,08 C1C=CC=C2C(=O)C3=not found MBBWEJFOKGQOKS-UHFDrug Metab Dispos. 2006 Aug;34(8):1398-405.
3,3',4,4'-tetrachlorobiphenyl.metabolite.2-oh-tcb 291,98 307,99 -16,01 C1(=C(O)C(Cl)=C(Cl) not found PMUPQKJUSIWQCV-UHFDrug Metab Dispos. 2006 Aug;34(8):1398-405.
3,3',4,4'-tetrachlorobiphenyl.metabolite.4-oh-tcb 291,98 307,99 -16,01 C1(=CC(Cl)=C(O)C(Clnot found RQGVZEFZWFEKQR-UHFDrug Metab Dispos. 1997 May;25(5):564-72.
3,3',4,4'-tetrachlorobiphenyl.metabolite.4.5-epoxide 291,98 307,99 -16,01 C1(C=C(Cl)C2(OC2C=not found ZOEYQLPQDMENKR-UHFDrug Metab Dispos. 1997 May;25(5):564-72.
3,3',4,4'-tetrachlorobiphenyl.metabolite.5-oh-tcb 291,98 307,99 -16,01 C1(=CC(Cl)=C(Cl)C(Onot found KMGGIEHZQDAYLW-UHDrug Metab Dispos. 1997 May;25(5):564-72.
3,3',4,4'-tetrachlorobiphenyl.metabolite.5.6-epoxide 291,98 307,99 -16,01 C1(=CC(Cl)=C(Cl)C2 not found WQAFZHJGQMPBHM-UHDrug Metab Dispos. 1997 May;25(5):564-72.
3,3',4,4'-tetrachlorobiphenyl.metabolite.6-oh-tcb 291,98 307,99 -16,01 C1(=CC(Cl)=C(Cl)C= not found GPHKIEYWDKDZEA-UHFDrug Metab Dispos. 1997 May;25(5):564-72.
3,4-methylenedioxyamphetamine.metabolite.hha 179,21 167,2 12,01 OC1C(=CC=C(CC(C)NCHEMBL28278 KSRGADMGIRTXAF-UHFJournal of analytical toxicology 31 (3):138-43 2007 
4-aminophenol.metabolite.apap 109,12 151,16 -42,04 c(NC(=O)C)1:c:c:c(O):cCHEMBL112 RZVAJINKPMORJF-UHF Drug Metab Dispos. 1997 May;25(5):564-72.
4-aminophenol.metabolite.apap-gluc 109,12 327,29 -218,17 c(NC(=O)C)1:c:c:c(OCCHEMBL1647 IPROLSVTVHAQLE-UHFDrug Metab Dispos. 2000 Aug;28(8):880-6.
4-aminophenol.metabolite.fpap 109,12 139,15 -30,03 c(NCO)1:c:c:c(O):c:c:1not found DXFHTRGLOOTEFS-UHFDrug Metab Dispos. 2000 Aug;28(8):880-6.
4-aminophenol.metabolite.i1 109,12 153,14 -44,02 c(NC(=O)O)1:c:c:c(O):cnot found MSMJEQQYVMQBSR-UHDrug Metab Dispos. 2000 Aug;28(8):880-6.
4-aminophenol.metabolite.i2 109,12 107,11 2,01 C(=N)1C=CC(=O)C=Cnot found WELKBINNNXKQQS-UHFDrug Metab Dispos. 2000 Aug;28(8):880-6.
4-aminophenol.metabolite.pap-gluc 109,12 285,25 -176,13 c(N)1:c:c:c(OC2C(O)Cnot found ZARKEMJKQOXOSQ-UHFDrug Metab Dispos. 2000 Aug;28(8):880-6.
4-methylthioamphetamine.metabolite. 181,29 197,29 -16 C1=CC(SCO)=CC=C1Cnot found KTCMDZMUYKEXKX-UHJournal of analytical toxicology 26 (4):228-32 2002
4-methylthioamphetamine.metabolite.4-methylthioben 181,29 168,21 13,08 C1=CC(SC)=CC=C1C(CHEMBL99816 KWHCPERWLHBLOT-UHFJournal of analytical toxicology 26 (4):228-32 2002
4-methylthioamphetamine.metabolite.4-methylthioph 181,29 197,29 -16 C1=CC(SC)=CC=C1C(not found NHDBTQFIBYMJRB-UHFJournal of analytical toxicology 26 (4):228-32 2002
4-phenylbut-3-yn-2-one.metabolite.pba 144,17 146,19 -2,02 C1=CC=CC=C1/C=C/CCHEMBL73639 BWHOZHOGCMHOBV-BQDrug Metab Dispos. 2002 Apr;30(4):414-20.
4-phenylbut-3-yn-2-one.metabolite.pbaol 144,17 148,2 -4,03 C1=CC=CC=C1/C=C/CCHEMBL1490851 ZIJWGEHOVHJHKB-BQYDrug Metab Dispos. 2002 Apr;30(4):414-20.
4-phenylbut-3-yn-2-one.metabolite.pbo 144,17 146,19 -2,02 C1=CC=CC=C1/C=C/CCHEMBL1490851 BWHOZHOGCMHOBV-BQDrug Metab Dispos. 2002 Apr;30(4):414-20.
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Appendix B

Supplementary information for Result session 3.2 Propensity of 
drug-classes to drug interactions

Appendix B.1

Appendix B.1. List of safety terms, that are annotated to DDI, but neither of the
interacting drug.
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Appendix B.2

Appendix B.2. List of safety issues that appear most often linked toDDIs

involving drugs from certain drug classes (ATC 4th level). 
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Appendix B.3

Appendix B.3  Number of shared safety terms between ATC 4th level drug classes
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