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Abstract. Multidrug resistant infections in intensive care units represent a
worldwide problem with adverse health effects and negative economic implications.
As artificial intelligence techniques are increasingly applied in diagnosing, treating,
and preventing antimicrobial resistance, in this study, we explore the use of
association rule mining in the antibiotic resistance profile of critically ill patients
suffering from multidrug resistant infections.
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1. Introduction and background

Nosocomial multidrug infections in the intensive care unit environment constitute the
main cause of morbidity and mortality in critically ill patients [1-2]. As antimicrobial
resistance (AMR) is growing the treatment options become more limited, and increased
rates of adverse outcomes are observed. Serious economic implications are also induced
from the evolving phenomenon of AMR.

Artificial intelligence (AI) techniques are increasingly applied in biomedical
research, gradually altering medical practice [3]. Antimicrobial resistance prediction is
one of the fields where these innovative methods are gaining ground.

Several recent studies present the use of machine learning in diagnosing, treating,
and preventing AMR [4—6]. In a previous study [7], we evaluated five ML techniques to
predict antibiotic resistance using data from the clinical microbiology laboratory,
available in the Laboratory Information System (LIS) of the hospital.
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One of the main concepts of machine learning is association rule mining (ARM), a
procedure that seeks to identify repeatedly ensuing patterns, correlations, or relationships
within large datasets stored in different sorts of databases. Medical diagnosis and protein
sequencing are some examples where association rule mining has been employed with
successful results [8-9]. Infection control surveillance is another domain where data
mining techniques could be useful [10].

In this study, we explore the use of association rule mining in the antibiotic
resistance profile of critically ill patients suffering from multidrug resistant infections.

2. Methods and Materials

Data from the clinical Microbiology Laboratory on patients admitted to the intensive
care unit (ICU) of a Greek public tertiary hospital over a one-year period (2019) were
studied. The 6,086-instance data set contains the attributes of gender (binary), bacterial
species (categorical - Acinetobacter baumannii, Klebsiella pneumoniae, Pseudomonas
aeruginosa), antibiotics (categorical- 30 antibiotics), specimen (categorical - Respiratory
secretions, Pus, Peritoneal (ascitic) fluid, Blood, Urine, Tissue, Catheter tip, Pleural
fluid), and the binary class attribute (antimicrobial susceptibility - Resistant, Sensitive)
obtained by the culture process. The following table (Table 1) summarizes the descriptive
statistics of the data set used in this study. The Institutional Review board of the
Sismanogleio General Hospital approved the research protocol.

Table 1. Summary statistics of the data set.

Gender Bacterial species Specimen Class

Male (63.9%) A.baum.(39.16%) Resp.(76.75%)  Asc.(0.64%) Blood(8.38%) Resistant (71%)
Female (36.1%) K. pneum.(35.03%) Pus (3.91%) Ur.(7.33%)  Cath.(2.61%) Sensitive (29%)
P.aerug. (25.81%) Pleur.(0.23%)  Tissue (0.15%)

For detecting patterns in large datasets, association rule mining is a popular unsupervised
machine learning technique. Since market basket analysis is a most common application
of association rules, convention has it that data is usually structured into rows and
columns with one 'transaction' per row and one 'item' per column. In our case, the 'items'
correspond to the categorical variables: gender, bacterial species, type of sample,
antibiotics, and antimicrobial susceptibility. Each 'transaction' represents a susceptibility
testing of an isolate.

A formulation of the problem of discovering association rules is as follows [11]. Let
I ={i, 1y, ...1;,) a set of items and D = {T},T,,...T;;,) a set of transactions. Each
transaction T is a set of items such that T € I. If a transaction T contains X, this is
denoted by X € T. An association rule is an “if-then” rule stating that X associates with
Y, denoted by X = Y, where X,Y € [ and XNY = @. The left-hand side, LHS, of a rule
is called antecedent and the right-hand side, RHS, is called the consequent. Given the
rule X = Y, N: the total number of transactions, the support (supp), the confidence
(conf) and the lift are defined as follows:

Frequency(X,Y)
N

supp(XUY) =
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Frequency(X,Y
conf(X =Y) = 4 YY)

Frequency(X)

supp(XUY)

liftX =) = %) X supp )

The percentage of transactions that contain both parts of the rule is called support,
whereas confidence is the number of cases in which the rule is correct compared to the
number of cases to which it applies. At the very least, an interesting rule must have
support and confidence values greater than some (user-specified) minimum criteria,
minsup and minconf. The lift value of an association rule is the ratio of the confidence of
the rule and the expected confidence of the rule, which, in turn, is defined as the product
of the support values of X and Y divided by the support of X. A lift value greater than
one indicates that X and Y appear more often together than expected; this means that the
occurrence of X has a positive effect on the occurrence of Y.

In our analysis, we used the R programming language, specifically the 'arulesViz'
and 'arules' packages, as well as the Apriori algorithm [11]. The Apriori algorithm, which
mines frequent itermsets and interesting associations in transaction databases, is not only
the first but also the most popular association rule mining tool.

3. Results and Discussion

The association rules that can be deduced based on the given antimicrobial susceptibility
data set can be parametrized according to the knowledge that clinicians want to extract
from the database. For example, by setting minsup and minconf thresholds to 0.001 and
0.30, respectively, the first five rules sorted by decreasing order in respect of confidence
are presented in the following sample output (Table 2).

Table 2. The first five rules sorted by decreasing order in respect of confidence, by setting minsup and minconf
thresholds 0.001 and 0.30.

LHS RHS Measures
Gender men Bacteria Antibiotic ~ Susceptibility ~Support Confidence Lift
F p- K. pneumoniae Cefta/Avi S 0.0013 1.0000 3.4482
M  p K. pneumoniae Cefta/Avi S 0.0023 1.0000 3.4482
F 1e P. aeruginosa Colistin S 0.0012 1.0000 3.4482
F p- P. aeruginosa Colistin S 0.0071 1.0000 3.4482
M p P. aeruginosa Colistin S 0.0127 1.0000 3.4482

M: male, F: female, S: sensitive, Cefta/Avi: ceftazidime/axibactam, RHS: right-hand side, LHS: left-hand side

For example, the first row of the above table can be formulated as follows: IF the patient
is female AND the sample type is Respiratory secretions AND the bacteria detected is
K.pneumoniae AND the antibiotic used is Cefta/Avi, THEN the susceptibility testing
will show that this bacteria is sensitive to Cefta/Avi. By changing minsup and minconf
thresholds, we get a different set of rules.

The full collection of rules from the preceding example, along with their scatter plots,
the network graphs of the fifteen most significant rules sorted by confidence, and the
accompanying R code used, can be found in the online appendix [12].



A. Sakagianni et al. / Discovering Association Rules in Antimicrobial Resistance 433

The AMR problem has already been assessed from the point of view of supervised
ML, in previous studies [2-3,5,7]. In the present study, we strive to diagnose antibiotic
resistance against certain pathogens by searching strong association rules among
variables retrieved from the antibiotic susceptibility dataset and possible determinants of
resistance.

4. Conclusion

Association rule mining is an evolving technology linking statistics, artificial intelligence,
and machine learning to pull out significant information from large amounts of
accumulated data in databases and discover interesting correlations among them. In this
paper we applied ARM in an antibiotic susceptibility dataset, aiming to uncover the most
meaningful rules in the antibiotic resistance profile of critically ill patients suffering from
multidrug resistant infections and to offer those rules for evaluation and reflection to the
medical experts.
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