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Emergency cases among dialysis patients are uncertain and if these patients failed to obtain
treatment within allocated treatment, it might risk their health conditions. In relation to
that, we would like to accommodate outpatients together with the emergency patients in
patient scheduling problem. Discrete-event simulation is used to estimate the outpatients
flow based on the mean arrival rate, A. A modified integer linear programming model is
presented in this paper which highlighted on the patients’ arrival time, patients’ departure
time and bed availability for emergency case. A rescheduling algorithm is also presented
to accommodate existing outpatients and emergency patients. The results show that by
rescheduling the existing outpatients and emergency patients in the system, there is no
delaying for the outpatients’ dialysis treatment. Hence, the emergency patients are able
to accommodate in the system.

Keywords: discrete-event simulation; emergency; rescheduling; patient flow.
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1. Introduction

Healthcare decision-makers frequently use discrete-event simulation (DES) as a tool to help them
accomplish their research objectives and enhance workflow. To handle emergency patients with bed
allocation, assess resource allocation demands, and investigate the intricate correlations among various
system factors, DES can be utilized as a predictive tool [1,2]. Patient arrival in the haemodialysis
(HD) unit is further explored by using DES which utilized queuing theory. Queuing theory provides
healthcare managers with insights into the cause of excessive wait times and the relationship between
wait times and capacity [3]. According to Varga [4], DES is suitable when events occur at discrete
points in time and take place instantly. In this study, DES is applicable if there is an emergency
patient arrival or emergency situation occurs at the HD unit. For instance, when a patient is required
to use the dialysis machine urgently or if a nurse is unable to attend to her duty. Therefore, this paper
estimates the outpatient flow in the HD unit by using DES to accommodate emergency patients in the
HD unit in case there is any. Subsection 2.1 presents queuing theory along with patient arrival rate, A,
and accommodates emergency patients. Along with that, rescheduling is then explored and examined
the possibilities of accommodating emergency patients in the system without delaying outpatients’ HD
treatment.

2. Methodology

This section comprises methods used in this paper. Subsection 2.1 is about DES which is used to
simulate the patient’s arrival in the system. The parameter DOT in DES algorithm is the sum of the
total duration of treatment of the patient. The value may vary according to the pre-dialysis and post-
dialysis of each patient which will be discussed in Subsection 2.1. Along with that, a modified integer
linear programming model is presented in Subsection 2.1. In Subsection 2.2, rescheduling algorithm
will be discussed to emphasize the importance of considering emergency cases in the scheduling system.

1196 (© 2023 Lviv Polytechnic National University
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2.1. Discrete-event simulation for outpatient flow in dialysis unit

Queuing theory is presented for both outpatient and emergency patient arrival at HD unit. Simulation
for the outpatient arrival at the HD unit began and then followed by the emergency patient arrival.
A M/M/1 queue model is proposed since the HD patient will use a dialyzer during the HD session. It
is presumable that the queuing concept is founded on a circumstance of finite queuing. With a mean
arrival rate, A\, as given in equation (1), patient arrival is based on the Poisson arrival distribution.
A1 = 0.1 patient per minute is assumed because the information obtained for the pre-dialysis session
from [5], the pre-dialysis session will be held within 3 minutes to 10 minutes. Therefore, Ay = 0.1 is
generated and followed by for Ao = 0.2 and A3 = 0.3. The equation for patient arrival rate, a; and
service rate, s are as follows:

1
1 ¢
s=en (2)
7
As a result, a; = 3.3 minutes, 5 minutes, and 10 minutes is obtained, where i = 1,2,3. The

patient arrival rate refers to the duration that patients need to wait to obtain their treatment. This
paper examines how the patient arrival rate affects the total DOT of patients. Along with that, the
mean service time, p is selected from HD duration, dur,; = 183.15 minutes and 246.10 minutes for
both 3-hour and 4-hour sessions. This duration is selected as this study is focusing on 3-hour and
4-hour HD sessions. Meanwhile, the post-dialysis, ¢, is exponentially distributed with probability
density function computed with equation (2). P = 20 is selected which comprises 12 outpatients and
8 emergency patients (referred from [6]). This example has been chosen since the study was previously
focused on inpatients at HD units and required bed allocation.

Scheduling process of outpatients and
emergency patients are further discussed be-

fore exploring the DES algorithm. Figure 1 il-
lustrates the flow and situation for outpatients
and emergency patients’ arrival at HD unit.
The initial schedule indicates the outpatients
that have been scheduled in the system. As
shown in the flowchart, the arrival of emer-
gency patients will be checked if there are any
patients who arrived. When the emergency pa-
tients arrived, they need to be scheduled as
soon as the treatment room is available by con-
sidering the bed availability in case the patients
needed to be admitted to the ward and also by
considering the physicians’ availability. If there
is no emergency patient arrived, treatments are
continued as scheduled and the total duration
of treatment is then computed. Time refers
to 720 minutes which is equal to 12 hours of
HD unit operating hours. The schedule will be
updated every time the treatment finishes and
also when the emergency patients arrive in the
system. In order to assign the emergency pa-
tients to the system, the other inpatients that
have been scheduled on that day may be de-

Initial schedule of
outpatients

l

Patients enter the treatment
room

Update the schedule

l

— Dialysis treatment run

Extend usage of treatment
room

!

Update the schedule

Arrival of
emergency
patients

Treatment
duration >
Time

Delay patient

Complete the total duration

END

layed or the usage Of the treatment room on Fig. 1. The scheduling process for outpatients and emer-
the day is extended. The scheduling process is gency patients.
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continued until there is no patient left on the list and hence, the total DOT is computed. However,
if the treatment duration of the patient exceeds T'ime, then the patient will be considered a delayed
patient. The patient will be receiving the treatment on the following day depending on the health
condition and stage of CKD.

Table 1. Sets, indices, & parameter used in the modified ILP model.

Set & Indices Description
A Set of treatments
P Set of patients
T Set of periods
t Index of periods where t,...,T
P Index of patients where p,..., P
i Index of the treatment where ,..., A
Parameter

durp HD treatment of patient p which excludes the setup and finish
i Treatment access route
Opt HD setup treatment of patient p € P
Opt Completion of HD treatment of patient p € P
ri Nurse demand by treatment ¢ € A
ry Room demand by treatment i € A
rb Bed demand by treatment ¢ € A
R} Nurse capacity by treatment t € T
Ry Room capacity by treatment ¢t € T
R? Bed capacity by treatment t € T'

arvy Arrival time of patient

dep; Departure time of patient

DOT Total duration of treatment

Table 1 presents the set of notations involved in this modified model. The set of notations is
modified according to our study case. The modified model is applicable for outpatient scheduling
problem cases which focuses on patients’ arrival and departure time. Meanwhile, for the emergency
patient scheduling problem, one more constraint is added to the modified model which focuses on bed
availability,

(3)

Equation (3) is the decision variable for this optimisation model, where x,; is 1 if patient p € A
assigned to vascular access route, j, 0 if otherwise.

{1, if patient p € A assigned to vascular access route, j,
Tpj =

0, otherwise.

P
min DOT = Z [th + (durp * :Epj) + ¢pt]; (4)
P
subject to prj =1, VpeP; (5)
J
DOT < dep;, VteT; (6)
arve < depy, Vte T, (7)
Zr?*me- <R}, YteT, (8)
JEA
Zr;*zmm <RI, WteT; (9)
JEA
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ZT?*prj <RY, VteT; (10)
JjEA
zp; €{0,1}, VpeP, jeA. (11)

The objective function (4) minimize the total DOT among patients during their treatment includ-
ing pre-dialysis and post-dialysis sessions. Constraint (5) ensures that each treatment is scheduled
exactly once. Constraint (6) is the total DOT constraint where the total DOT must be less than
the departure time of the patient and constraint (7) ensures that the arrival time of the patient must
be less than the departure time of the patient. Meanwhile, constraint (8) deals with nurse constraint
where the demand for nurses does not exceed the nurse’s capacity. The space constraint is handled
by constraint (9) where the demand for the treatment rooms does not exceed the treatment room
capacity. Constraint (10) deals with bed constraints where demand for the beds does not exceed the
bed capacity Lastly, constraint (11) is the decision variable used in the model.

Table 2. Notations used in the DES Algorithm.

Set Description
Opt HD setup treatment (predialysis session) of patient p € P
durpg HD treatment of patient p which excludes the setup and finish
Opt Completion of HD treatment (post-dialysis) of patient p € P
arv Arrival time of patient
Set of treatment rooms
Set of patients
Set of periods
Index of periods where ¢,...,T
Index of patients where p,..., P
Index of treatment rooms where r,..., R
DOTIp] | Total duration of treatment for patient, p

=8 N9

Table 2 shows the notation and process of the DES algorithm, while Algorithm 1 presents DES of
the outpatient scheduling process. Along with that, the patient list, P = 20 is presented in Table 3
for the DES later on. The highlighted patients are emergency patients.

Algorithm 1 Discrete-event simulation for patient arrival.

Require: oy, dury:, ¢pt;

Ensure: DOT = Zf,v(o*pt + durps * Tp; + Opt);

: calculate mean values for oy, dury; and ¢p;

. set arvy along with mean values obtained at Step 1;

: generate patient arrival based on Poisson distribution;

: while p # N

generate for next A;

: generate service rates for three stages of sessions for each patient;

. assign the patient according to available treatment room and assign the nurses for each patient;
. calculate DOT for each patient.

N B N N

The simulation test will begin by calculating the mean value for pre-dialysis, dialysis, and post-
dialysis for each patient. Patient arrival time will be set along with the mean value obtained in Step 1.
Patient arrival rate, A will be generated based on Poisson distribution and the A is set up from A\; = 0.1,
Ao = 0.2, and A = 0.3. After patient arrival is generated, service rates are generated for three stages of
sessions for each patient. Following there, patients will be assigned according to the available treatment
room and treatment nurses. The process will be ended after calculating DOT for each patient.
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Table 3. Patient list for 20 patients, (P = 20).

P | typey | stage, | opt (min) | durp; (min) | ¢pe (min) | DOT (min)
1 4 ) ) 246.10 25 276.10
2 ) 5 ) 246.10 17 268.10
3 1 5 10 246.10 15 271.10
4 ) 5 10 246.10 24 280.10
5 4 5 ) 246.10 20 271.10
6 3 5 10 246.10 30 286.10
7 2 5 8 246.10 20 274.10
8 1 5 ) 246.10 23 274.10
9 3 4 7 246.10 15 268.10
10 2 4 3 246.10 20 269.10
11 4 4 6 246.10 25 277.10
12 6 4 8 246.10 10 264.10
13 2 4 0 246.10 60 306.10
14 2 3 0 183.15 40 223.15
15 1 3 0 183.15 30 213.15
16 3 3 0 183.15 60 243.15
17 3 3 0 183.15 45 228.15
18 ) 2 0 183.15 20 203.15
19 2 1 0 183.15 45 228.15
20 4 1 0 183.15 20 203.15

Table 3 consists of 20 patients where patient 1 to patient 12 is known as outpatients and 8 high-
lighted patients are emergency patients. These emergency patients do not have a post-dialysis session
since they will be assigned to beds. This simulation test focuses on 20 patients only.

2.2. Emergency patient situation at HD unit

According to recent studies, patients missed an average of eight treatments a year for dialysis. Missed
appointments typically happen when patients have higher amounts of hospitalization, ED visits, and
death. Additionally, the consequences of missed treatments result in the buildup of too much fluid,
electrolytes, and uremic toxins. This might affect patients’ health and rescheduling is considered for
those who missed their treatments.

Based on the weekly patient scheduling algorithm, there will be patients who might be leaving the
system and also missing their HD treatments. Therefore, those patients who missed their treatments
needed extra attention from the professionals. The algorithm is built with the aim to minimize the
total DOT of the patient depending on the priority of the patient so that more patients can be treated
at the beginning of the day. Higher priority will be given to patients who missed their treatments as
the accumulation of excess fluids and toxins need to be taken into consideration. In that case, fewer
priority patients can be rescheduled for the next time slot. After rearranging schedules, other patients
in the system as per plan at the time (7" 4 1) might be delayed. Patients that are already on the
waiting list will remain in the system and there will be a calculation on how many times patients are
delayed if it occurs. The process will be ended by calculating the total DOT of patients.

The rescheduling algorithm is efficient in the sense that it will schedule the patient that needs
dialysis first and try to avoid moving those already on the waiting list because it will cause more
delays which might affect the patient’s health. Since it takes into account the urgency that is attached
to patient priority, it will eliminate the possibility that urgent patients do not receive the appropriate
treatment immediately.

Emergency patient arrival is categorized according to the Emergency Severity Index (ESI). Ac-
cording to [7], ESI is divided into five components: resuscitation (class 1), emergency (class 2), urgent
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(class 3), less urgent (class 4), and non-urgent (class 5). The median time for the duration of treatment
for these ESI is as shown in Table 4.

Based on the duration provided, only class 5 Table 4. Median time for
does not need bed allocation, meanwhile, the other the duration of treatment.
4 classes are required to stay overnight. However, Class | Duration of the treatment (hours)

this paper does not focus on overnight emergency 1 153.30 hours
cases, but the patients will be allocated to emergency

2 169.00 hours
beds. The emergency patients in this research are de- 3 124.00 hours
fined as those who needed immediate HD treatment 4 34.17 hours
as they have other illnesses which need to seek physi- 5 4.00 hours

cians for further treatment.

Table 5. Notations used in the rescheduling algorithm.

Description
HD treatment day
Outpatient patients

Emergency patients

Set of the patients

Set of periods

Index of periods where t,...,T

Index of patients where p,..., P

system[p] | If the value equal to 1, then patient, p is in the list, otherwise equal to 0
durpe[p] | Duration of HD treatment for the patient, p

SIS T PRV

Algorithm 2 Rescheduling algorithm.

Require: d, p, durp, r;
Ensure: d = dx;
1: form again a list of patient that contains P. ordered by waiting time;
2: P, ordered according by arrival time and then from longest to shortest duration;
3: assign patient p to room 7;
4: while system[p] = 1
5. for r =1, let sum = 0. If system[p] = 1, then calculate sum+ = dury[pl;
6:  let sumtlp] = sum. If sum > Time, then break. Else repeat Step (ii);
7. while system[p] =0
8  repeat for r + 1;

3. Computational result

Queuing theory experiments were performed based on discrete event simulation with inter-arrival rates
set at A\ = 0.1, Ao = 0.2, and A3 = 0.3. The results are shown in Tables 6-8 along with the treatment
room and assigned nurses for each outpatient. Pre-dialysis events, which indicate pre-connection
processes, started at predetermined intervals. Pre-dialysis events vary randomly in length from patient
to patient, which usually reflects the real-world situation. Additionally, each patient’s dialysis session is
chosen at random from among three options that last between 183.15 and 246.10 minutes. In Table 6,
for Ay = 0.1, 10 minutes gap is set between each patient. For the first round of HD treatment, patient 1
till patient 3 did not wait to obtain their treatment. However, starting from the 4th patient till the 12th
patient, 10 minutes gap is implemented between the patients. Similarly, for Table 7, 5 minutes gap is set
between the patients, and for Table 8, 3 minutes gap is set between each of them. These tables deduced
from the findings that the DOT is mostly impacted by the length of both during and after dialysis
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procedures but not by arrival time. Therefore, increasing the effectiveness of the during and after
dialysis therapies could result in a decrease in DOT'. The practices in post-dialysis like laboratory tests,
radiology, and pharmacy may specifically be improved by adding personnel or equipment, and these
improvements could result in a decrease in DOT but a correlating higher expenses. The administration
should be made a significant impact on various preferences.

Table 6. DES result for A\; = 0.1.

P Becgi)il (mlgil T Bcelgi?t (HEEL Begipri (mlg)n T Total | Treatment | Treatment | Dispensing

. . . . . . DOT room nurse, T;, nurse, D,
time time time time time time

1 0.00 5.00 5.00 | 251.10 | 251.10 | 276.10 | 276.10 1 Th1 Do

2 0.00 5.00 5.00 | 251.10 | 251.10 | 268.10 | 268.10 ) Ths Dy

3 0.00 | 10.00 | 10.00 | 256.10 | 256.10 | 271.10 | 271.10 r3 Tus Dy

4 | 10.00 | 20.00 | 20.00 | 266.10 | 266.10 | 290.10 | 290.10 1 Th1 Dys

5 | 10.00 | 15.00 | 15.00 | 261.10 | 261.10 | 281.10 | 281.10 ro Th3 Dy

6 | 10.00 | 20.00 | 10.00 | 266.10 | 266.10 | 296.10 | 296.10 r3 Tus Dy

7 | 20.00 | 28.00 | 28.00 | 274.10 | 274.10 | 294.10 | 294.10 r T Do

8 | 20.00 | 25.00 | 25.00 | 271.10 | 271.10 | 294.10 | 294.10 ro Ths Dy

9 | 20.00 | 27.00 | 27.00 | 273.10 | 273.10 | 288.10 | 288.10 r3 Ths Dy

10 | 30.00 | 33.00 | 33.00 | 279.10 | 279.10 | 299.10 | 299.10 1 Th1 Do

11 | 30.00 | 36.00 | 36.00 | 282.10 | 282.10 | 307.10 | 307.10 ) Ths D4

12 | 30.00 | 38.00 | 38.00 | 284.10 | 284.10 | 294.10 | 294.10 r3 Ths Dy

Table 7. DES result for Ay = 0.2.

p Becgi)tn (ml}f]?l T Bzgi:ft (HEI;L Begﬁi (mlg)n T Total | Treatment | Treatment | Dispensing
. . . . . . DoT room nurse, 1,, | nurse, D,
time time time time time time

1 0.00 5.00 5.00 | 251.10 | 251.10 | 276.10 | 276.10 r1 T Do

2 0.00 5.00 5.00 | 251.10 | 251.10 | 268.10 | 268.10 ) Ths Dy

3 0.00 | 10.00 | 10.00 | 256.10 | 256.10 | 271.10 | 271.10 r3 Ths Dy

4 5.00 | 15.00 | 15.00 | 261.10 | 261.10 | 285.10 | 285.10 r1 T Do

5 5.00 | 10.00 | 10.00 | 256.10 | 256.10 | 276.10 | 276.10 ) Ths Dy

6 5.00 | 15.00 | 15.00 | 261.10 | 261.10 | 291.10 | 291.10 r3 Ths Dy

7 | 10.00 | 18.00 | 18.00 | 264.10 | 264.10 | 284.10 | 284.10 r1 T Do

8 | 10.00 | 15.00 | 15.00 | 261.10 | 261.10 | 284.10 | 284.10 ro Ths Dpy

9 | 10.00 | 17.00 | 17.00 | 263.10 | 263.10 | 278.10 | 278.10 r3 Ths Dy

10 | 15.00 | 18.00 | 18.00 | 264.10 | 264.10 | 284.10 | 284.10 r1 T Do

11 | 15.00 | 21.00 | 21.00 | 267.10 | 267.10 | 292.10 | 292.10 ro Ths Dy

12 | 15.00 | 23.00 | 23.00 | 269.10 | 269.10 | 279.10 | 279.10 r3 Ths D6

The average DOT for all average arrival rates in this study ranged from 278.46 minutes to
288.27 minutes, according to Table 9. The mean DOT is minimal at A3 = 0.3, and the standard
Table 9. Comparison of DES results. deviation is 6.14 minutes. By arranging patient arrivals at
close intervals to prevent system congestion, SA for an HD
unit suggests that the service can be improved to consume
fewer resources during the pre-dialysis period. Consequently,

Mean arrival | Mean | Standard
rate (\;) DOT | deviation

0.1 288.27 11.33
0.2 980,77 7 04 thorough planning of the HD unit’s activities is essential since
0'3 278. A6 6.1 4 it may result in both cost savings and increased system effi-

ciency. The findings imply that a strategic planning technique
could enhance patients’ DOT in HD units. The results are consistent with other studies that have
shown the value of SA in the planning of HD processes.

Table 10 shows the emergency patients’ arrival at HD unit. Emergency patients are able to accom-
modate without causing delays to the scheduled patient list. It is assumed that the emergency patients
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Table 8. DES result for A3 = 0.3.
p Becgi)tn (ml}f]?l T Bzgi:ft (HEI;L Begﬁi (mlg)n T Total | Treatment | Treatment | Dispensing
. . . . . . DoT room nurse, 1,, | nurse, D,
time time time time time time
1 0.00 5.00 5.00 | 251.10 | 251.10 | 276.10 | 276.10 r1 Th1 Do
2 0.00 5.00 5.00 | 251.10 | 251.10 | 268.10 | 268.10 ) Ths D4
3 0.00 | 10.00 | 10.00 | 256.10 | 256.10 | 271.10 | 271.10 r3 Ths D6
4 3.33 | 13.33 | 13.33 | 259.43 | 259.43 | 283.43 | 283.43 r1 Th1 Do
5 3.33 8.33 8.33 | 254.43 | 254.43 | 274.43 | 274.43 ) Ths D4
6 3.33 | 13.33 | 13.33 | 259.43 | 259.43 | 289.43 | 289.43 r3 Ths D6
7 7.06 | 15.06 | 15.06 | 261.16 | 261.16 | 281.16 | 281.16 r1 Th1 Do
8 7.06 | 12.06 | 12.06 | 258.16 | 258.16 | 281.16 | 281.16 ro Ths Dy
9 7.06 | 14.06 | 14.06 | 260.16 | 260.16 | 275.16 | 275.16 r3 Ths D6
10 | 10.39 | 13.39 | 13.39 | 259.49 | 259.49 | 279.49 | 279.49 r1 Th1 Do
11 | 10.39 | 16.39 | 16.39 | 262.49 | 262.49 | 287.49 | 287.49 ro Ths Dy
12 | 10.39 | 18.39 | 18.39 | 264.49 | 264.49 | 274.49 | 274.49 r3 Ths Dys
Table 10. Emergency patients accommodation based on Az = 0.3.
p Becgi)il (mlgil T Bcelgi?t (HEEL Begipri (mlg)n T Total | Treatment | Treatment | Dispensing
. . . . . . DOT room nurse, T;, nurse, D,
time time time time time time
1 0.00 5.00 5.00 | 251.10 | 251.10 | 276.10 | 276.10 1 Th1 Dys
2 0.00 5.00 5.00 | 251.10 | 251.10 | 268.10 | 268.10 ) Ths D4
3 0.00 | 10.00 | 10.00 | 256.10 | 256.10 | 271.10 | 271.10 r3 Ths Dys
4 3.33 | 13.33 | 13.33 | 259.43 | 259.43 | 283.43 | 283.43 1 Th1 Dys
5 3.33 8.33 8.33 | 254.43 | 254.43 | 274.43 | 274.43 ) Ths D4
6 3.33 | 13.33 | 13.33 | 259.43 | 259.43 | 289.43 | 289.43 r3 Ths Dys
7 7.06 | 15.06 | 15.06 | 261.16 | 261.16 | 281.16 | 281.16 1 Th1 Dys
8 7.06 | 12.06 | 12.06 | 258.16 | 258.16 | 281.16 | 281.16 ) Ths D4
9 7.06 | 14.06 | 14.06 | 260.16 | 260.16 | 275.16 | 275.16 r3 Ths D6
10 | 10.39 | 13.39 | 13.39 | 259.49 | 259.49 | 279.49 | 279.49 1 Th1 Dys
11 | 10.39 | 16.39 | 16.39 | 262.49 | 262.49 | 287.49 | 287.49 ) Ths D4
12 | 10.39 | 18.39 | 18.39 | 264.49 | 264.49 | 274.49 | 274.49 r3 Ths D6
13 E E E 246.10 | 246.10 | 306.10 | 306.10 r1, by T Do
14 = = = 183.15 | 183.15 | 223.15 | 223.15 ro, by Ths D4
15 B B E 183.15 | 183.15 | 213.15 | 213.15 r3, bs Ths D6
16 E E E 183.15 | 183.15 | 243.15 | 243.15 r1, by Tl Do
17 E E E 183.15 | 183.15 | 228.15 | 228.15 ro, bs Ths Dy
18 B B E 183.15 | 183.15 | 203.15 | 203.15 r3, bg Ths D6
19 E E E 183.15 | 183.15 | 228.15 | 228.15 r1, by Tl Do
20 E E E 183.15 | 183.15 | 203.15 | 203.15 ro, bg Ths Dy
Note: b1,...,bg are bed allocation for the emergency patients. “~’ shows that there are no sessions occurring for the patients.

are from the delayed patient list, therefore the scheduled patients will carry out their treatment as
usual. In case, there is an emergency patient arrives at the HD unit, then it is able to assign a treat-
ment room with a bed and nurses for their further treatment. A modified model from the outpatient
scheduling problem is used by adding a constraint for bed availability for this emergency case. The

emergency patients’ arrival is highlighted in Table 10.

Table 11 presents the results obtained for the scheduled patients for the rescheduling cases. This
paper developed the rescheduling algorithm as mentioned in Subsection 2.2. First, the procedure starts
by grouping them based on the arrival time and then sorting them according to the descending order
of dialysis duration. Backtracking heuristic (BH) algorithm is used to allocate the nurse’s placement
to the patient after acquiring the patient’s schedule. The details for BH algorithm can referred to our

previous study |[8].
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Table 11. Schedule obtained for rescheduling.

r | P | stagep arvg dury; (min) | Treatment nurse, T;, | Dispensing nurse, D,
1 5 8.00 am 246.10 Tha D,s
13 4 8.05 am 246.10 T3 D4
1 16 3 8.15 am 183.15 T D2
19 1 8.17 am 183.15 T3 D4
4 5 8.35 am 246.10 T Do
8 5 8.40 am 246.10 Ths D4
2 5 800 am | 246.10 Tos Dis
14 3 8.07 am 183.15 Tor D5
17 3 8.20 am 183.15 Ts D6
2120 1 8.25 am 183.15 Thr D,s
5 5 8.37 am 246.10 Ths D6
9 4 8.43 am 246.10 Thr D,s
10 4 8.44 am 246.10 Ths D,
3 5 8.00 am 246.10 Tho D10
15 3 8.10 am 183.15 Tl Do
18 2 8.25am | 183.15 Ti Do
3 6 5 8.45 am 246.10 Tnll Dnlg
7 5 9.00 am 246.10 Tng DnlO
11 4 9.15 am 246.10 Tnll Dn12
12 4 9.16 am 246.10 Tho D10

4. Conclusion

This chapter studied the patient arrival based on DES. As hospitals and clinics face ongoing compe-
tition for their service, they must afford to provide fast and efficient service to attract new patients
and retain their existing patients. Therefore, patient arrival at HD unit is simulated based on DES
by utilizing queuing concept. The rescheduling process is implemented since there are missed treat-
ments/appointments among dialysis patients. Through rescheduling, those who missed their treat-
ments will obtain their treatments immediately with the guidance of professionals.

Based on the computational results, it can be concluded that post-dialysis influenced the total
duration of treatment among dialysis patients. On the other hand, the queuing theory of patient flow
for a typical HD unit is modeled to reflect the real case of patient arrival. Finally, the findings imply that
a small number of patients requiring emergency HD care can be accommodated during dialysis sessions
lasting roughly three to four hours without substantially disrupting the system. Delayed emergency
cases can be addressed by making slight alterations to the schedule of outpatients anticipated to arrive
within a short period of time.
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HnckpeTHo-nogiese mogentoBaHHA ambynaToOpHOro NOToOKy Ta
€KCTPEHOro HaAXOO>KEHHS NALIEHTIB Y BiAAI/IEHHS remoiani3y

Cynmap A., Paxmin H. A. A., Yen Y. 11., Hazixa M. A.

Kagedpa mamemamuru ma cmamucmury npupooHu020 Gaxyivmemy,
Yuisepcumem Iympa Manatizis, 43400 UPM Cepdane, Cenaneop, Manatizis

ExcTpeni Bunajku cepej MAIi€HTIB, SKi 3HAXOAATHCS Ha JTiaJIisi, HeBigomi, i gKIIo i ma-
[IEHTH HE 3MOXKYTb OTPHUMATH JIKYyBAHHS B MEXKAaX IMPU3HAYEHOTO JIKyBaHHS, TO I[€ MO-
JKe 3arpoxKyBaTH X 3/10pOB’10. ¥ 3B’'#3Ky 3 IIUM MM XOTUM O po3micTuTid ambyraTop-
HUX TAINEHTIB pa30M i3 Mali€eHTaMu HEBiIKJIaHOI JOTOMOTY MPHU MPOoOJeMi IIaHyBAHHS
narienTiB. JIMCKpeTHO-TI0/Ii€Be MOJIE/TIOBAHHST BUKOPUCTOBYETHCS JIJIsT OIIHKHU MTOTOKY aM-
Oy/IaTOPHUX TAIIEHTIB Ha OCHOBI CepeaHbol MBUIAKOCTI MpubyTTss A. ¥ Iiif cTaTTti moma-
HO MOIUMIKOBAHY MOJIE/b [LIOYUCEIFHOTO JIHIHHOTO IPOrPpaMyBaHHS, siIKa BPAXOBYE dac
npubyTTs MAIIEHTIB, 9ac B 131y HMAIE€HTIB 1 HASBHICTH JII2KOK JIJIsI €KCTPEHUX BUITAIKIB.
TakoxK MOIaHO AJTOPUTM TIePEILTaHyBAHHS JIJIsi PO3MIIIEHHST HASBHUX aMOyJIaTOPHUX ITa-
II€HTIB Ta MAIEHTIB eKCTPEHOI JOMOMOTrHU. Pe3yabTaTu MmoKa3yoTh, IO MeperyanyBAHHS
icHyro9YnX aMOyJIaTOPHUX TAIIEHTIB 1 MAIIEHTIB €eKCTPEHOT JJOITOMOTY B CUCTEM] He mepeada-
qa€ 3aTPUMKHU aMOyJIATOPHOIO JiaJli3HOTO JIKYBaHHs. ¥ TaKWii CIOCIO eKCTPEeH] Malli€HTH
MOXKYTh PO3MICTUTUCS B CUCTEMI.

Knw4osi cnosa: duckpemmo-nodiese modeatosarnms; aeapitinull; nepeniaHyeaHma; no-
miK NAYIEHMIB.
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