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Abstract. The COVID-19 pandemic led to a substantial increase in the
volume, diversity, and output pace of healthcare data. Countries depended
on traditional methods to monitor diseases and public health to manage the
epidemic, while advanced technology such as artificial intelligence and
computation enabled efficient data processing. That datasets are usually
enormous, growing exponentially, and comprise a collection of complicated
item sets. To extract big, complicated itemsets, robust, straightforward, and
computationally efficient techniques are crucial. Based on concepts from
computer science, machine learning, and data mining, the Apriori method is
a viable approach for supporting the values of database items in this study.
There are two distinct implementation methods for Apiori: low confidence
and support (Apiori algorithm) and the Apriori property algorithm. In
conclusion, the performance of the Apriori property algorithm was superior
to that of the traditional Apriori algorithm.

1 Introduction

Patients develop hospital infections, sometimes known as hospital-acquired infections, upon
admission. In developed nations, approximately 5% to 10% of patients contract nosocomial
infections, whereas the frequency in developing nations approaches 25%. Infections
contracted in hospitals can lead to unanticipated morbidity and mortality, in addition to
increased healthcare expenses [1]. Also as an illustration, hospital-acquired infections affect
millions of patients in the United States every year, resulting in the expenditure of billions of
dollars, and are responsible for around 50% of all severe hospital problems [2]. If infected
people are not swiftly discovered and treated, other patients or healthcare personnel may
become sick. As a consequence of this, proactive surveillance at the hospital and sub-hospital
levels are essential to detect outbreaks and growing resistance at an earlier stage.
Traditionally, nosocomial infection surveillance has relied on in-person visits to individual
wards, examinations of patient charts, and written reports of microbiologic data. In most
cases, analysis is performed by either compiling data that has been handwritten or entering
data into a database on a computer. Traditional methods of infection management take a long
time, require a lot of labor, and are ineffective, which makes them difficult to use in
quantitative investigations and when dealing with the increasing complexity of antibiotic
resistance. The potential usefulness of computer-based monitoring has received a lot of
attention in recent years, and numerous recent publications have detailed useful computer
applications for disease prevention and control [3]. On the other hand, extensive hospital data
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analysis requires significant time and resources. Consequently, these data are underutilized,
and the patterns they contain remain unidentified [4]. Also, it is challenging to locate a
significant number of workable rules because the dataset is so huge. Consequently, efficient
algorithms are necessary to explore the search space and only investigate the significant and
interesting frequencies of all criteria for data trend identification. Thus, approaches such as
machine learning and data mining must be utilized. With hospital readmission data mining
being a field of applied artificial intelligence that permits the extraction of valuable
knowledge from vast amounts of data, it is possible to extract useful information from vast
amounts of data. Consequently, data mining is becoming a greater concern for this reason
[5]. A further point to consider is that an increase in readmission research is being driven by
the increased interest in hospital readmission rates. For example, determining the variables
or predictors of risk that led to readmission and predicting the risks of readmission through
the use of statistics, machine learning, and data mining [6]. The Apriori algorithm, which
was developed by [7]. In this study will be using a comparative research utilizing two
different approaches. The first approach is the traditional one. As a second technique of
comparison, we will also be employing Apriori, which is a method that is termed Apriori
property which was developed by [8].

2 Literature Review of Hospital Readmission for Covid 19
Pandemic

2019 marked the commencement of the COVID-19 pandemic, which has been
responsible for the deaths of millions of people all across the globe [9]. During this time, the
impact of the ongoing economic crisis was noted severely in the field of healthcare. The
purpose of this study was to assess the utilization of medical specialties one to twelve months
and thirteen to twenty-four months after hospital release in COVID-19 survivors who were
either critically ill or not critically ill. Both the COVID-19 survivors who were readmitted
for follow-up care after being released from the hospital (89 individuals) and the COVID-19
survivors who were not readmitted for follow-up care after being released from the hospital
(205 people) were followed up on in this retrospective study. An analysis was done on the
data about hospital readmission after survival. A staggering 98% of patients made it through
the ordeal alive. Even though readmissions to the hospital were 34%. Some of the patients
continued to struggle with issues related to their neurological health, respiratory health,
chronic weariness, and cardiovascular health [10]. Because there were fewer resources
available during the crisis, the demand for medical care rose to a higher priority. covid19.
One of the most important leading indicators of health quality improvement is the quality of
service that is being improved in the health sector [11]. To effectively limit hospital
infections, it is required to employ data mining and machine learning-based approaches and
algorithms. Additionally, it is necessary to identify the factors that contribute to a spike in
hospital readmission instances [12].

3 The Methodology

The process of “Association Rule Mining is a type of data mining” that is based on a set
of rules and is used to unearth intriguing connections between various items in enormous
datasets. This technique is used to find interesting correlations between items in massive
datasets. The approach begins with item sets that are often observed to discover the rules.
These rules are offered in the form of sentences that follow the format “if — then” and they
offer information regarding the likelihood of item linkage. In market-basket analysis, it is
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helpful to have the knowledge that if a consumer purchases item (X), then that consumer is
likely to purchase item (Y). It was the very first time that fact had been brought up [13].

3.1 Apriori Algorithm

According to [14], the Apriori is a technique for “mining association rules” that is capable
of producing accurate results while using minimal time and resources. The Apriori
methodology enables the application of prior knowledge of characteristics of itemsets that
occur frequently. A level-wise survey is an iterative method that Apriori employs. This
approach uses k-itemsets to explore “(k+1)-itemsets”. After that, the set of frequent “(1-
itemsets)” is found by searching the database, increasing the count of each item, and selecting
the items that meet both the “min- sup and min_ conf conditions”. This completes the process.
The first thing that needs to be done is to search through the database while concurrently
increasing the count for each item to find the collection of unique one-item sets. And choose
those things that meet both the “min- sup” criteria and the “min_ conf” qualifiers. “The set
resulting is L. Next, L; is used for finding L, the set of frequent (2-itemsets), which is used
for finding L3, and so on until no more frequent k-itemsets were also found. Each (L)
requires a full database scan to be generated” [15], see “FIGURE 1,”.

1- L;= {large 1-itemsets};

2- for {k=2; Li.1 ¥ O; k++} do begin

3- Cx = apriori-gen(Ly~1); // new candidates

4- For all transactions t €D do begin

5- C,.=subset (Cy, 1); // Candidate Contend in t
6- for all candidates ¢ €C,do

7-  c.count++;

8- finish
9- Ly ={C €Cy 1 c.count > minsup;}
10- end

11- Ans. = Up L5
Fig. 1. The “Apriori algorithm construction”.
The first phase of the algorithm is just a straightforward count of the number of occurrences
of each item, therefore this is the only thing that is done in this phase (I-itemsets). The
following pass, which will be referred to as pass k, is divided into two stages. The first thing
that happens is that the enormous itemsets Li; that were produced in the previous pass (k-1)
are put to use to generate the candidate itemsets Ci, by making use of the Apriori-gen
function. Following this step, the database is reviewed, and a tally of the number of supports
in favour of each candidate in Cy is performed. Efficient computation needs to have a method
that accurately identifies “the candidates in Cy: that was involved in a specific transaction t.
Li”: A collection of huge k-items, specifically those with min- sup. And each member of this
set has two parts: Itemset and support count.” Cy: is a set of candidates (k-itemsets)”. Each
individual in this collection possesses two fields, which are as follows: (itemset & sup.
count). Apriori Candidate Generation as its input, “the apriori-gen function accepts Li.1,
which is the collection of all huge “(k - 1)-itemsets”. It gives you a superset of the set of all
large “(k - 1)-itemsets” as its return value. The function works as follows [16], in the join
step, join Ly with Li.i: Insert into Cy. Select P.item | = q.item » ...., p.item k.1 ,q.item k-
From the Li.1 p, Lk-1 q ©“. Where the “p.item | = g.item i .... p.item g = g.item k.2, p.item g-»
less than q.item k-»». Also, in the step of prune, “all itemsets ¢ € Ci such that some (k-1)”
subset of ¢ is not in the L .1: “For all the itemsets ¢ € Cy do. For all the (k-1)-subsets s of ¢
do”. “If (s & Lk -1) then delete ¢ from Cy. Example: Let Lz : {{123},{124}, {134},{13
5}, {2 3 4}}”. After the step of join, “C4 will be: {{1 2 3 4}, {1 34 5}}. Then, the step of
pruning will delete the itemset {1 3 4 5} because it is not existing in L3. “Then be left with
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the set {1 2 3 4} in C4 only. Compare this candidate generation with the one used in the AIS
[17], and SETM” [18], algorithms. In pass k of these algorithms, a database transaction t is
read and it is specified which of the huge itemsets in Ly, are exist in t. Each one of these
enormous item sets I is then augmented with all of those enormous terms that are found in t
and come later in the lexicographic ordering than any of the terms found in 1. Referring to
the previous example, consider the transaction {1 2 3 4 5}. In the fourth pass, “AIS” and
“SETM” will be creating two candidates, “{1 2 3 4} and {1 2 3 5}, “by extending the massive
itemset {1 2 3}”. In the same approach, the other huge item sets that are found in L3 will be
expanded upon in order to create an extra three prospective item sets. This will bring the total
number of candidates up for consideration in the fourth pass to five. “The apriori, on the other
hand, only generates and counts a single itemset, written as “{1 2 3 4}”, because it includes
an a priori declaring that the other sets cannot theoretically have the minimum support. This
implies that only the “{1 2 3 4} is generated and counted by the apriori”.

3.2 Apriori Property Algorithm

According to [19], “Apriori property” means: any subset of a frequent itemsets must be
frequent. The conventional “apriori algorithm uses prior information the Apriori property”
of frequently occurring k-itemsets to reduce the search space in preparation for the mining of
“(k+1)-itemsets” [20]. It starts by finding the frequent “(1-itemsets L;), L; used for detecting
Ly, L, “ used for discovering L3, and so on. “The creation of Ly is a (two-step)” process
comprising a join and a pruning step. “The joining step is detecting frequent (k-itemsets) Li
from the frequent (k-1)-itemsets (Lk-1) by connecting (Li-1)” to itself. “This results in the (k-
itemsets) to which the “apriori property is applied, to generate (k-itemsets) Cy, which may or
may not be frequent. During the pruning phase, the transactions database is searched to
determine which of the candidate item sets are utilized most frequently”. The results of this
investigation are then added to the set (Lk). “The joining step joins itemsets “lj, I, ... I of
L1 to each other, where two itemsets 1j, Iy of Li.; are joinable if their first (k-2 items)” are
prevalent (i.e., “(L[1]=L{1DA (2] = L2 ... A ([k-3] = Lj[k-3]* (I[k-2] = k-2 (Ii[k-
1] < Ij[k-11)", where “l;[j] is the j* item in itemset I;)”. For showing the working of the
classical Apriori algorithm, let the database (D), “of transactions, be exemplified in “TABLE
1,” below, and the minimum support count is 3.

Table 1. The transactions in apriori property.

TID Items
tl "a, b, c,e"
2 "b,c"

3 "a, b, d"
t4 "a, c"
t5 "b, c"
t6 "a,b,c"
t7 "a, b, c,e"
t8 "a,b,e"

The steps required for making the frequent itemsets are shown below, see “TABLE 2,”
“Check database D to count each candidate 1-itemset (C;). Comparing (C;) itemsets with
min- support, and generating the (L;). Check D for getting candidate (1-itemset) counts”.

Table 2. The frequent items.

Ci interest Support
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{a} 6
{b} 7
{c} 6
{e} 1
{d} 3

Compare the C; support count with the minimum support, as in “TABLE 3,”:
Table 3. The Comparaisons of supports of C1.

Ci interest Support
{a} 6
{b} 7
{c} 6
{e} 1

Joining L; with itself and using the “Apriori property for generating the candidate (2-
itemsets) C,, (C; interest: “{a, b}”, “{a, c}”, “{a, e}”, “{b, c}”, “{a, e}”, “{c, e}”). Scanning
the database D to count of each (C)”. Comparing (C,) itemsets with the min-sup. and
generate L, Joining (L1, L;) then apply Apriori [21].
Scanning [22], D to get candidate as in “TABLE 4,”:

Table 4. Scanning of D.

C; Itemset Support
“{a,b}” "s"
“{a,c}” "4"
“{a,e}” "3"
“{b,c}” "s"
“{b,e}” "3"
“{c,e}” A

Assess the C, support count with the lowest support, as in “TABLE 5,”:

Table 5. The comparaison step of Coa.

L Itemset Support
“{a,b}” "5
“{a,c}” "4"
“{ae}” "3"
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“{b,c}” usu

“{b,e}” u3u

Joining L, with itself and using the “Apriori property for generating the candidate (2-
itemsets) Cs, (Cl1 interest:{a,b,c},{a,b,e}). Scanning the database (D) to count of each Cj-.
Comparing Cs itemsets with the min-sup. and generating the Ls. Joining (L, L,) and applying
Apriori. Scan the (D) for getting the candidate (3-itemsets) counts, see “TABLE 6,”.

Table 6. The scanning D.

L. Itemset Support
“fa,b,c}” "3"
“{a,b,c}” "3"
Comparing the amount of support for (C3) with the required amount, as shown in “TABLE
7,
Table 7. Comparing Cs support with min-support.
L3 Itemset Support
“{a,b,c}” "3"
“fa,b,c}” "3"

“Determining all of the (2-itemset) subsequences of Cs».

“t; (a, b, c): {ab} {ac} {bc}”

“ti (a,b,e): {ab} {ae} {be}”

“ti (a,c,e): {ac} {ae} {ce}”

“t1 (b,c,e): {bc} {be} {ce}”

“t3 (a, b, d): {ab} {ad} {bd}”

“ts (a, b, c): {ab} {ac} {bc}”

“t7 (a, b, c): {ab} {ac} {bc}”

“t7 (a, b, e): {ab} {ae} {be}”

“t7 (a, c,e): {ac} {ae} {ce}”

“t7(b,c,e): {bc} {be} {ce}”

“tg (a, b, e): {ab} {ae} {be}”

The following procedures are repeated over and over in the algorithm: Finding the potential
candidate "(k-itemsets), Ck. "Check the database for detecting the support count for every
itemset in "Cy. "Comparing the support count for each itemset in "(Cy) "with minimum
support count, [23], for detecting the frequent itemsets "Ly. "Joining Ly to itself and applying
the “Apriori property” for detecting the “Cy+;. Let”, the join between the L, with itself, which
generates an initial candidate “(3-itemsets) Cs». Joining L, with itself, “where L, = {{ab},
{ac}, {ae}, {b c}, {be}}”. Initial candidate (3-itemsets) “Cs: {{a b c}l{abel,{facel{bce}}”.
Select the (2-itemset) subsequences:

“labc): {ab} {ac}, {bc}”

“labe): {ab} {ae}, {be}”

“lace): {ac), {ae}, {ce}”

“tbcee):{bc} {be}, {ce}”

It is possible to use the "Apriori property "to exclude from consideration any members of C3
that contain one or more of the two-item subsequences that are absent from the “L (i.e., in
Li.1)”, i.e., whose support counts are lower than the minimum support count. To accomplish
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this, the support counts of these members are compared to the support count required to meet
the minimum. This leaves candidate "(3-itemset) subsequences "“C3; = {{abc} {abe}}”.
Check to see if the item sets in C3 are repeated by searching the database for all “(3- itemset)”
subsequences and counting the number of apparitions of each Cj; itemsets. “{a b c}: t1, t6, t7
(3 occurrences) and {a b e}: tl, t7, t8 (three occurrences)”. Both of the candidates “(3-
itemsets)” listed above clearly “meet the minimum support count of (3) in this case and are
thus included in L3 «. [24], noted that it should be emphasized that the primary benefit of the
Apriori attribute is that this results in a decrease in the total number of candidate item sets,
which in turn results in a reduction in the overall complexity of the method in terms of both
space and time. However, there is a possibility that the main memory cannot hold the large
number of potential item sets that are formed.

4 The Results

In this section, will be using the dataset about hospital readmission to test the two models
and making an analysis of those datasets for knowing the important indicators that effecting
on hospital infection, the datasets we will utilize for the two model's empirical evaluation
account for 10161 patients and by using the jupyter environment and doing coding for those
two algorithms -Apriori and property Apriori algorithms- then the results will be as below in

“TABLE 8,”:
Table 8. The averages of support, confidence, lift, and performance of algorithms.
The Average of Average of Average of The
Algorithms Support confidence Lift performance
Apriori 0.005905 0.589423 6.713469 Slow
Apriori 0.16996 0.775362 6.137681 Fast
property

Here also some Figures represented the averages of various indicators in different algorithms

see “FIGURE 2,”, “FIGURE 3,” and “Figure 4,”:
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Fig. 3. The averages of confidence.
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Fig. 4. The averages of lift between the algorithms.
Also, there are some of represented of important factors of hospital infection as below in
“FIGURE 5,”:

Top 10 reason to enter the hospital based on the reason for admission
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1000
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FIG. 5. The top reasons for hospital readmission.
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5 Conclusion

In terms of confidence, support, and execution time, the Apriori property algorithm was
superior to the Apriori algorithm, as disclosed in the findings section. The Apriori algorithm
performed better than the Apriori property in the lift indicator. This makes it possible to
utilize the property Apriori approach and apply it to an additional large healthcare system
dataset. Infections in hospitals, for instance, might assist doctors in making appropriate
decisions regarding patient situations and reducing infection rates in hospitals. Professionals
and doctors can make the correct option regarding this crucial issue based on the discovery
of hidden patterns that are intriguing. The factors of hospital infection revealed that covid-19
was the primary cause of the hospital's heavy workload; for instance, there were (4340)
patients infected with covid-19, and they accounted for the majority of hospital admissions.
Another crucial aspect was the kind of admission, with 9300 patients admitted to the ward
and (860) admitted to the intensive care unit; these results could lead to a reduction in hospital
infections in the future. Also, in future work, it will be beneficial to employ a larger dataset
using the same algorithms or another's methods for comparison research or algorithm
improvement.
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