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Detection of drug-drug interactions (DDI) can cause serious consequences during treatment. A quick
search of such interactions can provide doctors with information which is essential for making right deci-
sions. Detection of DDIs is a time-consuming task. Natural language processing for text mining of scientific
articles can be used to do DDI information more accessible for doctors. Nowadays there are some databases
containing large amount of biomedical articles. Therefore computational performance of classification
method applied for identification restricts usage of such methods. The main purpose of the research is to find
a method of fast retrieval of DDI information from biomedical texts. In this article, we investigate up-do-date
rescarch works in the area of natural language processing for detection of DDIs. Many of investigated meth-
ods require much time to perform on large text corpuses. For developing and testing of DDI extraction meth-
ods we’ve created a text corpus containing examples of articles with and without DDI information. We pro-
pose a fast text mining approach to DDI articles classification using term frequency—inverse document fre-
quency (tf-idf) statistic. Tf—idf is a numerical statistic that is intended to reflect how important a word is to a
document in a corpus. To implement and test the classification algorithm, we’ve developed the text classifi-
cation system. As a result, our approach is able to achieve reasonably high F1 score value (measure of binary
classification) in DDI articles classification while still keeping short run-time. After all, we consider how to
improve the developed algorithm for increase its precision and recall. When these improvements will be
made the software realization of the algorithm may be used by experts in DDI area to search new DDI evi-
dences in scientific publications.
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Bsammozeticteue nekapcTBeHHbIX cpencts (BJIC) MOXET BBI3BIBATH CEPHE3HBIC IMOCICACTBHSI BO
BpEMS JICUCHHS, TIPH 3TOM OBICTPBIH IMOMCK MH(OPMAINH O TAKUX B3aUMOJCHCTBHAX MOXKET IPEIOCTABHTH
Bpavuy HEOOXOIUMYIO 11 MpHHATHS perneHui nHpopmanuto. [Tonck nadopmammu 00 s¢pdexrax BIIC sBis-
eTcsl JUINTEIbHON 3amaucii. UToOsI caenars Takyro nH(OpPMAnUio Oosee JOCTYIMHON Uil Bpada, MOTYT OBITH
HCIIONI30BAHbl METOBI MAIIHHHOTO OOYUCHUS B 00IacTH 00PA0OTKH E€CTECTBEHHOTO s13bIKa. COBpPEMCHHBIC
ondmorpaduticckue 0a3bl JAHHBIX COACPIKAT 3HAYUTCIBHOC KOJHICCTBO HAYUHBIX CTATCH B 00IACTH MCIH-
IUHBL, 4 BHIMHCIUTENBHAA CIOKHOCTh METOJOB KIACCH(HMKAIWH, MPUMEHACMBIX UL OIMPEIACICHUSI CTaTeH
HY>KHOH TEMATHKH, OTPAHMIMBACT HCITOJb30BAHNE TAKUX METOMOB. [ TaBHAS LENb JAHHOTO MCCICAOBAHMS —
TOUCK OBICTPOTO MeTOAA H3BICUcHUA HH(popManuu 0 BJIC u3 TeKCTOB HAYYHBIX CTATCH MCIMIMHCKOH TEMa-
TUKH. BBUTH pOaHaNM3HPOBAHBI PE3YIbTATh COBPEMECHHBIX MCCICIOBAHHN B 00JIACTH NMPHMEHECHUS METOI0B
00paboTKH ecTeCTBEHHOTO s13bIKa Ay moucka BJIC. TIpu 3ToM OBLTO BBIIBICHO, YTO MHOTHE M3 HCCIICIOBAH-
HBIX METOAOB TPEOYIOT 3HAUHTEIBHBIX BRIMHUCIUTCIBHBIX 3aTPaT HA OONBIIMX 00BbEMAX JaHHBIX. [ pazpa-
60oTku 1 TecTupoBaHuA 3(P(PeKkTHBHBIX MeT0a0B MoucKa nH(popMamu o BJIC, 6bL1 co3aaH TEKCTOBBIH KOp-
IyC, COACpKAIINi MPUMEPBI CTATEH — KaK COACPKAIIMX TaK M HE COACPKAIMMX Takyro mH(popmamuro. bein
pa3padoTaH OBICTPBIH METOJ ABTOMATHYCCKOW KIACCH(HKAINU CTATCH C HCIOIB30BAHHCM CTATHCTHYCCKON
MCPBI «HYacTOTa CII0OBA — OOpaTHAs 4acTora JokyMmcHTay (tf-idf). Jta Mepa mcmomp3yercs Mid W3MEPCHHSA
CTCIICHH BAaXKHOCTH CIIOBA I JOKYMCHTA B KOPILyCE TEKCTOB. /ISl TECTHPOBAHUS MPEIIOKECHHOTO AJro-
purMa kraccudukamy Obl1a pazpadoTaHa CHEenHaIbHAS MporpaMMHasi cucrema. 1o pesymsrataM ee ampo-
Oammu Ha CHOPMHUPOBAHHON MOTOOPKE TCKCTOB OBLI CICIAH BHIBOA O TOM, YTO MPCIIOKCHHBIH METOI IO-
3BOJIET JOCTHYb JOCTATOYHO BBICOKMX 3HAUYCHHH F1 — MEpBI M3MEPEHHST TOUHOCTH OMHAPHOH Kiaccu(puka-
UM, TIPH 3TOM METOJ HE TPEOYET 3HAUMTEIbHBIX BHIUHCINTEIBHBIX 3aTPaT. B pesyaprare MpoBEACHHBIX HC-
CJIeTOBAHWH OBUTH HAMECUCHBI HATPABJICHHUS JATbHCHIINX YIIYUIICHUH aNTOPUTMA, KOTOPHIC MOTYT MTOBBICHTH
€ro TOYHOCTh. llocie TpakTHYeCKO# peaam3anii HAMCUCHHBIX VIYUIICHHH, MOIU(PHIMPOBAHHOE IIPO-
TPaMMHOC CPEICTBO MOXKET OBITh HCIOIB30BAHO SKCICPTAMH I MOUCKA M onrcaHui HOBBIX BJIC.

KiroueBbie cioBa: mH(OOPMAIMOHHBIC TEXHOJIOTHH, TEKCTHI HA €CTCCTBEHHOM SI3BIKE, IIOMCK HH-
(opManum, B3aNMOJCHCTBHE JCKAPCTBCHHBIX CPEICTB, MAIIMHHOEC OOYUCHHE, ABTOMATHUCCKAs OWHApHAA
knaccuukarms, craTucruieckas mepa tf-idf, BpraucnurenbHast 3(PEKTHBHOCTB.

General characteristics of the work problems. Detection of drug-drug interactions
(DDIs) is an important practical challenge. One drug can increase, decrease, or change the thera-
peutic effect of another drug. Information about DDIs can help doctors to avoid potentially danger-
ous interactions of drugs. Other interactions can be used to improve the efficiency of treatment. A com-
mon source of DDIs information is commercial databases such as factsandcomparisons.com [3] and
reference. medscape.com [7]. Being up-to-date is a crucial quality of such systems. New interac-
tions between drugs are being detected continually, that’s why information in drug monographs and
Patient Information Leaflets can be out-dated. Scientific articles are a common source of new
DDIs. Search of such interactions is a difficult task which requires qualified specialists in pharma-
cology or medicine. To find new articles which contain evidences of new DDIs demands looking
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through thousands of scientific articles, filtering of the articles with DDI evidences, determining
which drugs take part in the interaction and what is the type and significance of the described inter-
action. All these time-taking steps realized manually make almost impossible quick updating of
DDI databases. Instant adding of new interactions and their correction remains an unresolved prob-
lem, that’s why DDIs databases may lack the supporting scientific evidences and different data-
bases can have unmatched DDI information [6]. Text mining of articles can solve this problem re-
ducing time of detecting new articles, related to drug-drug interaction and thus giving experts an
opportunity to focus more on information content. To use text mining algorithm we need authorita-
tive and complete source of scientific articles and MEDLINE can be such source. MEDLINE
(http://www .ncbi.nlm.nih.gov/pubmed) [12] is the biggest bibliographic database of life sciences
and biomedical information. It provides over 13 millions article records with abstracts which are
available for free for any users. The abstracts can be used as the main source of texts for DDIs text
mining, but for such a large number of articles computational performance of classification method
can be still a valuable factor.

In this article we briefly review the recent papers in the arca of DDI automated search,
which demonstrate different methods used for classification of articles. The considered algorithms
demonstrate high precision and recall. Also we describe how we constructed corpus of articles
which contain DDI evidences and randomly selected life science articles. Also there is a descrip-
tion of software architecture we developed for testing of developed algorithms. The main purpose
of the research is to find an approach of fast retrieval of drug-drug interactions information from
large databases of biomedical texts. For this task we consider usage of different methods and esti-
mate their computational performance. After all we examine possible approaches to improve the
developed algorithm, which can help increase its precision and recall. After these improvements
the software realization of the algorithm may be used by experts in DDI area to search new DDI
evidences in scientific articles.

State of the art. The proven importance of the DDI automated search explains why many
scientists investigate this subject.

In [2] the authors construct a corpus from MEDLINE articles, using «Facts & Comparisons»
Drug Interaction Facts database and their institution’s care provider order entry system as a source of
expert-reviewed drug interactions. They applied the LIBSVM (Library for Support Vector Machines)
implementation of the SVM machine learning algorithm for classifying the articles. They show the
advantage of using this method over using simple search queries in the MEDLINE database.

Another approach is described in [11]. The authors discover DDIs through «the integration
of «biological domain knowledge» with «biological facts» from MEDLINE abstracts and «curated
sources». They use «parse tree query language» requests for extracting information from natural
language texts. After that they use AnsProlog programming language for reasoning. Using this ap-
proach over MEDLINE abstracts helped to find several potential DDIs which were not present in
DrugBank database (www.drugbank.ca).

There are also researches that compare different methods of classification. In [4] authors
use variable trigonometric threshold, support vector machine, logistic regression, naive Bayes and
linear discriminant analysis (LDA) linear classifiers on articles containing DDIs. The learning and
test sets are composed manually classifying articles finding publications with DDIs evidences.
With 5 different feature transforms it's shown that all methods except LDA are effective and
achieve high quality of classifying.

In 2011 in Huelva city (Spain) the conference «1st Challenge task on Drug-Drug Interac-
tion Extraction» was held [8]. The corpus of the challenge consists of DDIs marked-up by a re-
searcher with pharmaceutical background and annotated at the sentence level. The challenge organ-
izers assert the advantages of kernel-based methods over classical machine learning classifiers.

Many of methods mentioned above are computationally intensive and require feasible time
to perform on large text corpuses. As faster and requiring less computational resources we suggest
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using of «term frequency—inverse document frequency» (tf-idf) statistic for classification. Because
of its high performance this method was used in early search engines and showed its effectiveness
on large document sets.

Corpus. We used «Facts & Comparisons» Drug Interaction Facts database (www.factsand
comparisons.com) for constructing a group of articles, containing DDIs. It's s a reputable and com-
prehensive source of drug information [2] containing over 1,800 detailed monographs. Each mono-
graph has references to articles containing pharmacokinetics studies in which evidence for DDIs is
reported. We randomly selected 186 drug-drug interactions from this database. Most of the refer-
ences are listed by URL to article in MEDLINE. For each of the 186 DDIs, we included every ref-
erence to MEDLINE. So we identified 483 DDI articles and included their abstracts and biblio-
graphic information in our corpus and labeled them as containing DDI information (DDI articles).

To construct group of articles without DDI information, we randomly selected 532 life sci-
ence articles from MEDLINE database. It's known there is about 1 % prevalence of drug-drug in-
teraction citations in MEDLINE’s database [2]. Thus we consider that possible quantity of DDIs
articles in this set as insignificant and ignored them. All these article's abstracts were added to the
corpus as negative examples and labeled as not containing DDI information (not-DDI articles).

The whole corpus was randomly divided into three parts: training set (60 % articles); validation
set (20 % articles) and test set (20 % articles). Characteristics of the corpus are shown in the table.

Table 1
Characteristics of annotations in the text corpus
Parameter Value
Average number of words 186.59
Variance for number of words 8086.44
Standard deviation 89.92
Coefficient of variation 0.48

Classification. We extracted textual features from the abstract texts. To reduce influence of
word-forms, every word was replaced with its stem using Stanford Core NLP library (nlp.stanford.edu)
[10]. This approach doesn’t take into account words polymorphism, but it allows quickly combine dif-
ferent word-forms into one stem. To ignore numbers we deleted all words, containing numerical sym-
bols, removing the words, matching the following regular expression: «/"0-9a-zA-Z]+». Thus we pre-
sented every abstract as a word vector d = {wy, w;, ..., w,} where w; is a word's stem.

Tf-idf is a numerical statistic that is intended to reflect how important a word is to a docu-
ment in a corpus [9]. It helps to determine how unique the word is for the texts from the specified
text class. Term frequency is calculated as follows:

lf(w,d):nl.:N, €))
where 7, represents the total word w occurrences number in the document. N represents the total

number of the words in the document.
Inverse document frequency is calculated as follows:

l'df(w, D) = ‘D‘ ; (dl. ) w), )
where |D)| represents the total number of documents among the entire training documents corpus.
‘(dl. D w)] represents the total number of documents containing the word w.
Tt-idf statistic is calculated as follows:

tfidf (w,d, D)= tf (w, d) xidf (w, D). 3)
For classification we used terms confidence and support [13]. Confidence is similar with
term frequency: if term frequency determines how important the word w is for document, confi-
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dence determines importance of a document for a class of texts. The value of confidence is calcu-
lated as follows:

conf (w, cm) =N (w, cm) N (w, all ) , €))
where N (w, cm) represents the total number of documents containing word w; among the DDI arti-

cles category. N (w, all) represents the total number of documents containing feature word w;

among the entire training documents corpus.
Support is a frequency of documents containing the word w. Thus it's a document fre-
quency. The value of support is calculated as follows:

sup(w, D)= idf (w,D)" = N(w,all): ’D’ . %)
We modified the classification method «one-word location» based on presence or absence of

«feature» word in the text [11]. In this case, feature word is determined as a word with confidence
and support values bigger than some threshold values. Thus the classification works as follows:

class = DDI : conf (w, cm) > threshold N sup(w) > threshold , (6)

class = DDI : conf (w, cm) < threshold v sup(w) < threshold . (7

Because of low results of such method for our corpus we used the following modification
of algorithm. Previously we calculate the values of confidence and support for every word in the
corpus. Then we count the number of feature words in every abstract for current values of confi-
dence and support thresholds. If the number of characteristic words in the abstracts is bigger than
some particular value M, the article is classified into DDI articles as follows:

class = DDI : ‘w : conf(w, cm) >Ten sup(w) > Ts‘ >M, (8)
,class = DDI - ‘w : conf(w, cm) >Ten sup(w) > Ts‘ <M, )

where 7. is confidence threshold and 7 is support threshold.

As can be seen we have three parameters which affect the result - whether abstract is classi-
fied as DDI or not. We choose I/ score value as classification quality characteristic. In that way
we have three parameters which can be changed for optimization of // score. The F1 score can be
interpreted as a weighted average of the precision and recall, where an /7 score reaches its best
value at «1» and worst score at «0». Because of low computational complexity of classification
with beforehand calculated confidence and support values, a method of grid search optimization is
suitable. The method’s idea is in the following: we loop all possible values of optimization parame-
ters with particular steps. It guarantees finding of global maxima in given borders. Confidence and
support thresholds were looped with 0.01 steps in borders [0, 1], when M parameter was looped
with step 1 in borders [1, 10]. The choice of upper border for M parameter is explained by the
length of abstracts and frequency of characteristic words in the texts. We present a part of looped
values of thresholds and M in the table 2.

Optimization parameters and classification quality measures fable?
Optimization parameters Classification quality measures
T. T M Typel Precision Type Il er- Recall Fl score
error ror

0,95 0,03 2 0 1 0.72 0.28 0.44
0.85 0,03 2 0.14 0.86 0.55 0.55 0.67
0.75 0,03 2 0.31 0.69 0,40 0.60 0.64
0.86 0,02 2 0.11 0.89 0.43 0.57 0.69

The optimal values for learning set are the following: confidence threshold = 0.86, support
threshold = 0.02, M = 2. With these values we achieved F/ score value 0.69 (precision = 0.89, re-
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call = 0.57). Applying these values to test set we get I/ score value 0.68 (precision = 0.80, recall =
0.60). It indicated that learning model is neither under, nor overfitted (table 3).

Table 3
Top 15 feature words

Word Confidence Support
curve 1,000 0,057
withdrawal 0,950 0,021
volunteer 0,951 0,063
metabolite 0,880 0,026
half 0,882 0,053
elimination 0,941 0,035
ritonavir 1,000 0,021
contraceptive 0,961 0,027
cmax 1,000 0,021
adverse 0,909 0,023
dose 0,883 0,160
randomize 0,896 0,049
coadministration 1,000 0,030
absorption 0,919 0,038
twice 0,905 0,022
life 0,900 0,051

The list of feature words for these thresholds values includes the following: withdrawal,
volunteer, elimination, adverse, dose, randomize, pharmacodynamic, pharmacokinetic, mg, and
other words. These words are obviously connected to pharmacology and DDI subject.

To check if the method's accuracy depends on the subject of the articles from the negative
group at the next we added pharmacology articles to the random MEDLINE articles in the test set.
We manually selected 62 abstracts from «British Journal of Pharmacology» not related to DDI. In
this case F/ score value still is 0,69 (precision = 0,81, recall = 0,60).

It is worth noting that the proposed approach is quite universal and is weakly dependent on
the subject area, for example it doesn’t take into account such information as drug groups or some
semantic connections between drugs.

Also we can calculate computational complexity of this algorithm. For that we should con-
sider complexity of different steps of learning and classification stages.

The algorithm for calculating tf-idf values is shown at the figure 1.

Because the average time complexity of adding new values and search in hash table is O(1) [1],
the complexity of the whole algorithm is O(»), where » is a number of stems in the learning set.
After that the values of confidence and support are calculated for each stem. There are 7942 unique
stems in our training set. Adding new abstracts into training set can add new words into this dic-
tionary, but this amount can't be considerable, because the vocabulary of scientific articles isn't in-
finite and is kept within reasonable limits. The numbers of articles containing DDI information
should be saved for each stem. It simplifies further extensions of the learning set.
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Fig 1. Tf-idf calculation algorithm, where (1) — create an empty hash table where the key is the word stem
and the value is structure containing: number of DDI abstracts, containing the stem; total number of docu-
ments, containing the stem. (2) — add stem to the hash table. (3) — increment the total number of documents.

(4) — increment number of DDI abstracts. (5) - calculate values of confidence and support
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The next step is the learning. After the values of tf-idf have been calculated the optimal
values of thresholds should be found. The time for learning depends on the constant number of it-
erations we chose before start of learning and the size of the learning set. Thus the complexity of
the algorithm we used for learning is O(n), where n is the number of stems in the learning set.

The process of classifying of one abstract doesn't require feasible time for calculation. We
should count how many feature words contains the abstract to determine whether the abstract de-
scribes DDI interaction or not. Using hash table of feature words this algorithm's complexity is
O(m), where m is the number of the words in the abstract which is classified.

The next operation which computational complexity should be considered is the extension
of the learning set. If we add new abstracts into the learning set values of confidence and support
should be recalculated. The complexity of this operation is O(kp) where £ is the number of stems in
the new abstracts and p is the number of the words in the dictionary.

As we can see complexity of all steps of the algorithm is low, the algorithm isn’t computa-
tionally intensive and doesn’t require feasible time to perform even on large text corpuses. For ex-
ample the learning on the test set lasts about 4 minutes (Core i5 1.4GHz processor, one thread
computation), classification of an articles abstract is instant (about 2 milliseconds).

To implement and test the classification algorithm we developed the text classification sys-
tem. This system should meet the following requirements.

e It should be simple to use; it should use text user interface; the user types which action
the system should perform, specifies which file contains the input data and where the system
should place the output data.

e [t should be able to work with different input data.

e The system should be easily scalable — it should allow adding new algorithms and modify-
ing already implemented algorithms without changing core and other mechanisms of the system.

To meet these requirements we developed the following system architecture (fig. 2). Each
function of the system corresponds to one command typed in the console.

As programming language for this system we have chosen Java. First of all this decision
has been made because Stanford CoreNLP library is implemented using this programming lan-
guage. The other reasons were its full cross-platform development support and its popularity
among researchers in NLP area.

« Enumeration »
TextClass
= DDI_ARTICLE
= OTHER_ARTICLE
Lo
« dependency »
1
TextReport

« Interface »
I1Action
%3 make(): void
W3 setArguments(String[*]): void

@3 getStems(): String
@3 getTextClass(): TextClass

S

« dependency » 'I 1
1
1 1
PreprocessingFacade Action
1 1
45 getLearningSet(): TextReport[*] g inputFile: String
3 getTestsSet(): TextReport[*] g4 outputFile: String

#3 getValidationSet(): TextReport[*] /1’
; T —
CountTfidf

ProcessingFacade ClassificationEstimateAction

495 countFrequencies(): WordFrequencies #3 estimate(): Estimate

/ —
« dependency » // _ - -
< « dependency » e TfidfAction
— q =

WordFrequencies - 3 classify(): void

A

EStinate ClassifyByTfidf LearnByTfidf

3 getPrecision(): Real
5 getRecall(): Real
@3 getF1(): Real

Fig.2. Classification system class diagram
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Further works. The techniques which can be used for improvement of accuracy can be
split into three groups: replacing classification method, changing features and feature values, ma-
nipulating with learning sets.

There are several different classification methods that can be used instead of modified
«one-word location» method we are using now.

e Logistic regression.

e Linear discriminant analysis.

e Support vector machines (SVM).

¢ Binomial Naive Bayes.

Still because we target large article corpuses computational performance of these methods
should also be considered.

Improvement possibilities that require changing features and feature values are as follows.

e Filtering of drugs names. The list of feature words includes such words as phenyroin and
aspirin, which are named entities and they obviously can't improve the classification accuracy.

e After deleting or replacing named entities, using the dictionary with drug names, this
number can be considered as an additional parameter.

e Using bigrams and monograms instead of just unigrams. Using bigram textual features
together with unigrams has shown its effectiveness [8]. This improvement can significantly im-
prove classification accuracy.

e Include Medical Subject Heading (MeSH) terms. Every article at MEDLINE has a list
of Medical Subject Heading words. These words can be used as textual features too.

e Convert strings with numbers into ‘#” [4]. This action can help to increase classifica-
tion’s accuracy in case of using bigrams, because in this case, for example, such bigram as «# mg.»
can become a feature word.

o Delete short textual features (those with a length of less than 2 characters) [4]. It can ex-
clude prepositions and conjunctions from the text features.

o Delete infrequent features (which occurred in less than 2 documents) [4]. It can exclude
named entities and other rare words which can’t improve classification accuracy.

Improvement techniques that simply change learning set are as follows.

e Increasing number of DDI articles in learning set. The size of the learning set can influ-
ence the method's accuracy [3].

e Including DDI articles from other sources to learning set. To diversify the learning set
there may be included articles from the sources besides «Facts & Comparisons» Drug Interaction
Facts database (factsandcomparisons.com).

Conclusions. The suggested method of DDI articles classification demonstrates its stability
under various conditions, but its accuracy should be significantly improved. If the value of preci-
sion 1s high enough, the value of recall is low. In this case «low» and «high» estimates mean algo-
rithm's applicability to practical tasks. 19 % of incorrectly classified DDI articles can be filtered by
human editor but 40 % of articles with DDIs lost by classification algorithm are still too much.
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