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Abstract

Patient referral is one of the strategies recommendednioancing access to healthcare as
stipulated by the Sustainable Development Goals Targeth® United Nations. However, the
succes®f patient referrais directly dependent upon knowledgkthe availabilityof requisite
resources in the referral facility. Whereas sever@ets based on heuristic search algorithms
have been developed for healthcare system resourcetiallgcaone seem to have been
targeted at paediatric patients. This paper presents diigerne distributed system resource
allocation model basedn Honey Bee Foraging theory for improving healthcare esgst
provisionto paediatric patients. The model was proteetde effectivein enhancing healthcare
service delivery due to informed decision making before aredfprocess was completed.
More models should be designed which are capable of integtients and specialist data
across county boundaries to facilitate wider referrabmigti

Key words: Resource Allocation; Healthcare System; Paediatric Patient Referral; Beaey
Foraging; Heuristics;

1.1 Introduction

Efficient allocationof scarce healthcare resources formsafrike serious problems associated
with complex and fragmented healthcare systemsu@re2017). Accordingo Youse,
Hasankhani and Kiani (2020), timely allocatiaf specialist care, facilitiesas well as
coordination of care has proved to be a permanent heattablealth operation researchers.
However, the risein artificial intelligence including machine learning and dataning
techniques has enabled pursuance of matching of patient demérgpecialist care (Hao,
Zhang, Liu and Goh, 2022). This notwithstanding, two questionairemhich hospital should
receive the patient, and how should the patergiotted?

One of the methods that has widely been deployed to adypéimal or near-optimal solutions
in complex situations is heuristics (Hoon, Singh, Hankee, 2013; Mijwel, 2015). A Greek
word meaningd‘serving to find outor discover”, heuristics are experientially derived cognitive
“rules of thumb” that serve as guides in problem-solving processes (Todd and Gigerenzer,
2000). Abel (2003) argues that problem solvers depend on heuridtick help them in
simplifying choices regarding numerous complex and impeyfeettilerstood factors that act
simultaneously to shape problems, or the n-puzzle problem.rdingoto Ahmed (2012),
swarm-based decision-making in natural environments haeatig@merged as a family of
nature-inspired, population-based algorithms that are capapteducing low-cost, fast, and
robust solutions to several complex problems. Consequéhd collective problem-solving
capabilitiesof social animals have been useanodel new optimization algorithmsthe fields
1IRP 2083 1eMy ineering:. andimathematiosarosenberg and Willcox, 2@Bpngst thisweohective
behaviourof social animals, honey bee social foraging has been waggdlauded for being
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robust and simply to adopt (Xu and Duan, 2010). This paper utiheeHaney bee foraging
theoryto develop a model for resource allocatioa paediatric healthcare systenaid patient
referral in Kisumu City of Kenya.

Patient referral is a request from one doctor to anotheod asking the latter to diagnose or
treat a patient for a medical condition (Hao et al, 203@)ne of the reasons a patient might
be referred to specialty care including diagnosis, managieaayice, and treatment beyond
the scope of the primary care physician (Greenwood-LeettleNoodhouse and Marshall,
2018). Therefore, effective patient flow contiohnimportant means balance the healthcare
resource utilizatiomn a disintegrated healthcare system (Mills, Argon, aigd,2018). Agola
and Raburu (2018) contend that for a referral to be suctetsiicritical to know of the
availability of the specialist doctor, his/her cost, time scleduterms of patient workload,
and the distancer his/her location from where the referimbeing made. This importantin
avoiding referring a patient to a doctor with many patientthe waiting queue which might
end up delaying the treatment thus risking the life of theepttiResource optimization
researchers have considered distance and availabiliyspithl resources (Muriki, 2020) and
background of the patient such as socio economic vari@htesse, et al, 2020) as important
metricsin determining patient referral success. However, modelsajeatb guide healthcare
resource allocation have not comprehensively focused atigpae health systems especially
in regions with high rates of under five (U5) mortality saseich Kisumu County of Kenya.

Over the years, western Kenya region has had a significant contribution to the country’s poor
health indicators. For example, International Depelent Research Centre (IDRC, 2017)
reports that the infant mortality rate in the regiofi® per 1,000, against the national rate of
72 per 1,000. Malaria is the most prevalent disease. Theimféction rate sits at 15%
(National AIDS & STI Control Programme, 20015), and preleenpf motherto-child
transmission, as well as voluntary counseling and tesfjptake, are low. The contraceptive
prevalence rate sitt 46%, and only 44%f women deliver babies with skilled birth attendants
present (UNICEF, 2012). A model to help situate key healthem@urces to aid referral of
paediatric patients was considered as significant by tfesearchers.

1.2 Statement of the Problem

Kenya, like most developing countries Soathhe Sahara, has not attained the SDG target3:2
of achieving below 35 mortality rate. The mortality rat# this population accounts for 45%
of all deathsn the last five years, with Kisumu County contributamgaveragef 16%of such
deaths during the same period. Whereas several modetsdrd®euristic search with artificial
intelligence have been developed for healthcare systemurce allocation, none sethave
been targeted at paediatric patients. There was themdeketo develop a model capable of
aiding resource allocation for quick response to paediattierpaduring referral processes
especially for the unique Kenyan system.

1.3 Objective of the paper
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The purpose of the paper was to develop a model for the mation of resource allocation
for paediatric healthcare systems during patient refeBpécifically, the model aimed at
improving paediatric healthcare system by aiding:

i.  The referral of patients based on availabiifyspecialists
ii.  The referrabf patients basedn distance to specialists
iii.  The referrabf patient basedn cost of specialist

2. Theory and PreviousLiterature on Resour ce Allocation Models

2.1 Theoriesfor Resource Allocation

The model development was guided by the honey bee foraging .tecording to Ahmed
(2012), the past several decades have witnessed biologistatmal scientists studying the
behaviours of social insects because of the amazingeeffy of these natural collective
decision making systems. Among the biological societieb as bees, ants, and birds, among
others, the cooperation between individuals and self-orghgizripings enable achievement
of optimal efficiency in fundamental survival tasks sashpredator avoidance and foraging,
among others, feats which are not easy to make individ(Rfigm and Castellani, 2009). In
consequence, computer scientists started proposindiscigmsightsor modelsof this natural
collective behaviour into engineering into engineeriRpgenberg and Willcox, 2019). Yu,
Wang, Han, Liu and Zhang (2015) assert that models adoptingtoaldehaviour of such
natural animals have practical characteristics which ainmprove the deficiencies of the
algorithm ando improve the performana# the algorithm. Such characteristics include being
strong and robust since they are distributed, andnweitientral control: their work environment
isin a wide range hence onesome individual problems can not harempactonthe group,
strong robustness. They are also simple and with opesatvhich are easy to control; have
better scalability since the amount of information affeandividual sensing is limited; have
strong self-organization since the complex behaviors dgkilddy group are the result of
individual interactions; and also have potentially patfisiin and distributed features (Fritsche-
Guentheet al, 2011). Dueo its wide usage for informing decision making regardirspuoece
allocation in various fields, this study adopted Honeg Becial Foraging algorithm to guide
the model development.

Bees have peculiar foraging behaviour for collecting tfeds. According to Pham and
Castellani (2009), the honey bee foraging framewsrkherefore suitable for modeling
foraging efforts capable of performing a kind of explavatneighbourhood search combined
with random explorative search. Researchers (TereahkolLoengarov, 2005; Yuce et al
(2013) explains that the foraging behaviour of honey bee iagobome bees known as
employed bees being sent out to look for promising foodcssun the first stage (Figure 1).
After a good food source is located, bees return tiac&lony and perform a waggle darioe
spread out information about the source. Three p&idesormation are includeth the dance:
distance, direction, and quality of food source. Theebéftie quality of food source, the more
bees become attracted. Therefore, the best food semmerges (Lim, Jain and Dehuri, 2009).
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After employed bees have shared information about feodrces, onlooker bees
probabilistically choose their destination accordinglyudlly, thisis calculated dependingn
the fitness values provided by employed bees. The thirddfibdes is the scout bees, which
were usually employed bees abandoned by the algorithms beabauguality of food sources
they found was poor. Scout bees would again start frofpeifpgning and search for other new
food sources randomly (Karaboga and Ozturk, 2009).
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Figure 1: wa bees wortio find food sources

The meta-heuristic extracted from the foraging behawblbees can also be applied to solve
combinatorial problems; especially problems involve globalimmim or maximum. Indeed
algorithms adopting the honey bee foraging theory haeeeisting applications in numerical
optimizations, for example, it can be used to find glodgatimal solutions of functions.
Moreover, recent studies suggest that the BCO algorithmalsarbe applied to problems in
shop scheduling (Quijano and Passino, 2007), neural netwarktrgKaraboga and Ozturk,
2009) and imaging processing (Xu and Duan 2010).

2.2 Related Literature
2.2.1 Patient Referral M odels

In patient referral, a request from one doctor to anatdbetor is made, asking the latter to
diagnose or treat a patient for a medical conditiorsuch a process, an effective patient flow
control is a critical means to balance the heatthcasource utilization among the facilities in
the system. Many scholars have documented steps takiafoiming decisions regarding
resource utilizationn such systems. For instance, Mills, Argon and Ziya (2008)ied a

WWw.ijrp.org



Maurine Awuor Onyango / International Journal of Research Publications (IJRP.ORG) @ IJ RP. 'ORG
ISSN: 2708-3578 (Online)
233

hospital selection decision problem in which patientsewweansported from multiple disaster
sites using a stochastic model. They proposed a Markov bed¢socess (MDP) model, and
developed two heuristic policies, Myopic and Policy Improgat. Geng et al (2017) studied
patient assignments with a diversion penalty considewogtypes of patients and three time
slots.An average-cost MDP model was developzdynamically control the queue lengthis
the two types of patients.

To achieve the wait-time targdtsa cost-effective manner, Patrick, Puterman, andbettireen
referral hospitals, to assemsagreement framework between the ULH and the LLH.

2.2.2 Heuristic Search M odels

Heuristics have been widely used to readily obtain optimatear-optimal solutions. To
address the shortage of the emergency medical resoardd€l, Shin and Lee (2020)
developed a heuristic policy for the stochastic dynamwmdeh for patient transport
prioritization and hospital selection. Chern, Chied &hen (2008) proposed a heuristic to
minimize the waiting timef patients and doctors for the patient health examinatibeduling
problem. Li, Pan, and Xie (2020) developed several strategéetermine the patient transfer
time and the receiving hospital using simulation modets proposed RSOOCBA algorithm

to find the best control threshold for each strategy. dHowmnd, MirHassani, and Akhavein
(2018) proposed an improved Genetic Algorithm with a new chsome assigning rule for
solving the daily operating room scheduling problem with stoahastigery duration. To
minimize the hospital’s operating costs and improve patient satisfaction, Qiu et al. (2019)
studied the scheduling problem of a single MRI facility ofuscertain service duration. A
multi-objective evolutionary algorithm based the decomposition framework was developed
by combiningan improved multi-objective evolutionary algorithm and @pgort vector
regression surrogate modeb optimize hospital selection and treatment orderimgé&tients,
Repoussis et al. (2016) proposed a mixed-integer programmingl mssteiated with an
iterated Tabu Search algorithm to minimize the required titcompleting the entire patient
transport and treatmerTio set the relationship among the medical process aondireeof the
patient scheduling problem, Li et al. (2019) presented a Rstramd developed a greedy
heuristicto allocate the bottlenecked medical resources of an ategjhospital system.

3. Model Development

3.1 Proposed M odel

The proposed model denotes the foraging behaviour ofheddony. Under the Bee Colony
Optimization, the employed bee searches the entire papulat possible food sources for
suitable foodstuffs. The search is terminated when a $oodce is found and the source is
recommended for the entire colony. If a suitable so(specialist) is not found, a thorough
searchs conductedn the nearby hospitals. Again, the seastterminatedf a suitable source
is found and recommendation is made. In the eventatlsaitable source is not found, then
further search is found among the surrounding populatiospftals). Figure 1 presents the
proposed distributed model guided by the honey bee fordugagt.
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Fitness Searcbr Searchor suitablefood (Resources):
1. Specialist Doctors availability; 2.Medical Cost;

3.Distance
Ifthereareno | Fitness Evaluation: Baseuh the _| Terminate if
suitable initial search: suitable
resources J_
v
Recommend
referral

1. Search Facllity A (for distance, fitness,

costs) .

. . ) Terminate search
2. Search Facility B (for distance, fitness, cos| | it itable .| Recommend
3. Search Facility C (for distance, fitness, cos[ " resourcés found Referral

4. Search Facility Oor distance, fithess, costs

v

If there are no
suitable resources

A

Initiate Further Search in other areas (Glob
Search)

Figure 2: Search for Suitable Food Source under Bee Colonyni2ation Principle
3.2 Model Development

Figure 3 presents the development layafithe resource allocation model.

Patient treatment requirements (Resources)

v

1. Specialist Physicians
2. Cost of the Specialists
3. Distance to speciality facility

v

1. Resource requirement for outcome A
2. Resource requirement for outcome B
3. Resource requirement for outcome C
4. Resource requirement for outcome D

A 4

Sorting Algorithm

A 4

Suitable resource output selected

Y

Appropriateness of paediatric healthcare system

Figure 3: Development Layout for the proposed Resource aitlocaodel based on Bee
Colony Optimization
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3.3 Search Process

The search process adopted for the modelAwaSearch Algorithm. This aninformed search
algorithm, or a best-first search formulated in teohsveighted graphs capable of solving
many kinds of problems. This algorithm also finds the skbgath through a search space to
goal state using heuristic function. A* requires heuritiction to evaluate the cost of path
that passes through the particular state. Rte algorithm adopted was described using
following formula:

f(n) = g(n)+h('n)
Where:
g(n): The actual cost path from the start state to thewnustate.

h(n): The actual cost path from the current diagpal state.

The distance from the node ({B)the goal (G) was estimated as example given in figure

RESULT of A* Search: SSB->G, or S>A->G

Figure 4:A* Search Algorithm Process

Note: G is for Goal: $ for Node: A and D are available routs or distances
3.4 Sorting Process

For the purposesf coming up with the best solutiamasfar asdecision making priorities are
concerned, a sorting algorithm which requires less volonsirdata and memory space was
deemed suitable. According to Chauhan and Duggal (2020), theti@elsort is the most
simplistic sorting algorithms. Selection sort algorithmint&ns two sub-arrays in a given
array. The first sub-array which is already sortedtaecsecond remaining sub-array which is
unsorted. In ever iteration of selection sort, thghsést element from the unsorted secondary
array is picked and moved to the sorted secondary arrag leesuring that sorting is done to
every input data.
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3.5 Choosing most appropriate outcome

This model provides the necessary information regarding resgants of health resources
within shortest time possible which impacts overall pentnceof health information system,
and health service delivery. The following flow chart diéses the whole integrated process
during the allocatiolf resources to paediatric patients during referral decjsiocess.

| Input referral factors |

v

Tabulate Data set |

v

| Read Data set |

v

| Transform Data set |

v

Segregate Data set into H
and T

v

Compute rankRK
for each Data set

v

Compute segregation

A 4

threshold ST M

e

Extract features for these Extract features for these
data sets data sets
v v
Compute split quality value, Compute split quality value,
SQV SQV

Figure 5: Data flow for the referral decision process

4 Model Simulation

4.1 Data Description
The dataset used was from New York City Regional Electrédioption Centre (NYC -

REACH) Members data set initially provided by the Departroéhtealth and Mental Hygiene
(DOHMH). It entails particulars of doctor. The details carabeessed by various people like
when there is need for a specialist to diagnose a céitalrof condition.
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4.2 Setup of the environment

This model was simulated on Anaconda3 2021.11 (64-bit) alonggitherPprogramming
language version 3.9.7. The Anaconda application deplayetthis model was Jupyter
Notebook, a web-based integrated development environments) iz sises diverse default
web browsers and enable creation and sharing of assortathélots or textx simultaneously
(Rolon-M’erette, et al, 2020). The code for the project wden in the Jupyter Notebook
Python 3 IPython Notebook (IPYNB). Belasithe interfacef Anaconda application deployed
in the simulation of this model.

2) .
) ANACONDA NAVIGATOR
ﬁ Home

Channels e

Applications on |  base (root) ]

‘ Environments

‘ Learning
CMD.exe Prompt

0.1
Run 2 cmd.exe terminal with your current
environment from Navigator activated

an Community

Datalore

Online Data Analysis Tool with smart
coding assistance by JetBrains. Edit and run
your Python notebooks in the cloud and
share them with your team.

1BM Watson Studio Cloud

IBM Watson Studio Cloud provides you the
tools to analyze and visualize data, to
cleanse and shape date, to create and train
machine learning models. Prepare data and
build models, using open source data

o &« v @ 0© |

JupyterLab
321
An extensible environment For interactive
and reproducibie computing, based on the
Jupyter Notebook and Architecture.

ANACONDA science tools or visual modeling.
| Launch | | Launch ( Launeh ) | Launch
Back up your /
environments in
Nucleus for free
o = o o
. d o
= awe =
Easily back up, port, and Opyter % IPy! P
ity S Wby ' Q
g . "
Documentation Notebook Powershell Prompt Qt Console Spyder
- 0.04 5 515

5.1
PyQt GUI that supports inline figures,
proper multiline editing with syntax

highlighting, graphical calltips, and more.

Run a Powershell terminal with your
current environment From Navigator
activated

7 4.5
Web-based, interactive computing
notebook environment. Edit and run
human-readable docs while describing the
data analysis. debugging and introspection features

Yy & ¢ -

Scientific P'rthon Development
EnviRonment. Powerful Python IDE with
advanced editing, interactive testing,

Anaconda Blog

Figure 6: The interface of the Anaconda application

Anaconda has been applaudegrovide accest® different environments knowasknownas
integrated development environments (IDEs) which allow codingither Python or other
programs hence greatly ease the developwieside. The screenshota sampleof notebook
directory structure interface of the libraries that ecenmonly used in various models is
presentedn Figure 7.

@ localhost:B288/iree
— Jupyter qut | Logout
Files Running Clusters
Select items to parform actions on them Upload | New ~ | &
1o ~ Bmf Name & | | Last Modified File size
O [ 3D Objects 10 months ago
O O[3 anaconda3 2 months ago
O bin a year ago
O [ Beoks 4 months ago
O [T Code 3 months age
O [T Contacts 10 months ago

Figure 7: Sample of Notebook directory structure interface
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4.3 Importation of libraries and modules

Importation of libraries and modules for the model simoiawas performed using Pandas.
Tabular data suchsdata storeth spreadsheets databases are best handled with a tool which
helpsto explore, clean, and process such data. Past@sright tool. Pandasanopen source,
BSD-licensed library providing high performance, esuse data structure and analysis tools
for the python programming language (Harrison, 2016). In panddataatable is called a
DataFrame. For purposes of implementation of K-Nearesgthdeurhoos search algorithm in
Python programming language, the sklearn (Scikit-learngirfpwwvas used. In addition, to
enable visualization of data in the form of treemaps opgtional rectangular structures, the
model adopted the Squarify library. Figure 8 presents the tatpor of libraries.

import pandas as pd

import matplotlib.pyplot as plt
import numpy as np

import sklearn.neighbors

#TF

- st v A A ancral ] Fyrvr omnerml |4 -~ 1= 1 + = wnrrrnd--hal Aus
#L7 sqguar lj'; 15 not instaLled, try installing it using the command DELOW:

Hran anctall craiiaes £
#Fpip wnstaill squarify

import squarify

Figure 8: Importatiorf libraries and Modules
5 Optimization of Specialist during Patient Referral
5.1 Referral of patientsbased on availability of specialists

The flow chart in Figure 9 shows how the Patient refewas simulated based on the

availability of a specialist.

A A

User enter patient requirements eg
condition

I

The system determines the
appropriate specialist
doctor according to cost

/ System outputs the specialist doctor /
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Figure 9: Flowchart for predicting data according to availgtulitspecialist

Codes were generated through simulation as presented ie BEQulhe parameters x for the
ailment expected to be diagnosed and y for the locatioa wsed. Thereafter the prediction
from the algorithm was mapped to the solution dataset withideyasion to the values of x
and y. After that process, the values obtained were sbyt¢de average treatment cost and
distance (avg_trt_fee and final_dist) respectively.
def pred sorted cost(x, y):

solution = data[(data.speciality == x)]\

.sort_wvalues(['avg_trt_fee', "final dist'], ascending = (True, True))
return solution

Figure 10: Code for predicting the availabilifa specialist

After that process, a specialist and his/her locatiar weovidedo obtain the outpun Figure
below.

pred_sorted cost('Surgeon', 'Kisumu')

specialist_name speciality facility name  phone_no available_days time location facility_type consultation_fee min_trt fee max_trt_fee avg_trt_fee

Mondayand 8- Kondele Referral
124450 Friday 12pm  Kisumy Hospital

==

Dr Ongonga  Surgeon  JOOTRH 500 100000 300000  20000.0

B Kisumu Referral

1 Dr. Atieno ~ Surgeon KCHR 723484737.0 Tuesday v T Haspal

500 100000 300000 200000

, Kisumu
6 DrOngonga Sugeon  OASS Taeag  nead & T Rerd 000 2000000 2500000 1125000
Monday 1pm Certre Hospital

Wednesday 8- Kondele Referral

5 Dr Atieno  Surgeon St Jairus  723636464.0 ndSunday 2o Kisumu Haspa

15000 1500000 2000000  175000.0

Ky

f DiOngonga Sugeon  Avemie T4TMggg ondayend Ty Refera W00 2000000 2000000 2000000
Friday  2pm il Hospital
Kisumu Monday and 2 Kumu Referral

% OrOwonga  Sugeon M 40450 S | W00 0000 600000 3400000
Specialist Tugsday g Oente Hospital

Figure 11: Outputs (Availabilitgf specialist) in accordande Location

5.2 Referral of patients based on Distanceto specialists
The flowchart in Figure 12 was used to predict possible referrad patient based on the
distance to the referred specialist with regards to squangmeter:
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User enter patient requirements eg
condition

\

The system determines the
appropriate specialist doctor
according to distance

/ System outputs the specialist doctor /

Figure 12: Flowchart for sorting predictions accordimglistance

As reflected in Figure 12, the simulation code presenteHigare 13 demonstrates how
specialist sorting prediction was simulated accortlingistance. The function pred_specialist
takes the parameters x and y respectively representintathe of the specialist and his/her.
Consequently, the output dataset column order are sorsadjirence of various distances in
the ascending order. The code then takes ugptiedalist’s name and magtin the prediction
to get a final output named the output dataset in Figure 13.

def pred specialist(x, y):
solution = data[(data.specialist name == x)]\
.sort_values(['final dist’, 'avg trt fee'], ascending = (True, True)).head(5)
output = solution[['specialist name', 'speciality’, 'facility name', 'phone no’,
‘available days', 'time', 'location’, 'final dist’,
‘avg trt fee', 'min_trt fee', 'max_trt fee']]
return output

Figure 13: Code for sorting predictions accordmglistance

After the processf sorting specialists based distance, the next input was the specific name
of the specialistin this case Dr. Ongonga (as showrFigure 14). This specialist was located

within different health facilities in the area of Kisuras provided in the screenshot in Figure
14 when sorted according to distance.
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pred_specialist('Dr. Ongonga', 'Kisumu')
specialist_name speciality  facility_name  phone_no  available_days time location| final_dis avg_trt fee min_trt_fee max_trt_fee
. Kibuye Markef,
1 Or.Ongonga ~ Surgeon Avenue 7247340380 Monday and Friday — 7-2pm Kisu 61425499  200000.0 2000000  200000.0
Sunday and Kisumu Town
6 DrOngonga  Surgeon OASIS 72438437410 Monday 9-1pm Centre 63085331 1125000 2000000 2500000

0 Or.Ongonga ~ Surgeon JOOTRH 7204747450 Monday and Friday ~ 8-12pm  Kondele Kisumu 63.126547 200000  10000.0 30000.0

Kisumu Mondayand  2pmto Kisumu Town
] Dr.Ongonga  Surgeon Specialist TIATATE0 Tuesday 4pm Centre

[==]

73120836 3400000 800000 600000.0

Figure 14: Predictionsf Specialists according sorted distances

5.3 Referral of Patients based on cost of Specialist

Referral was also predicted according to the costsaaisaing the specialists, that is, charges
levied by the doctor. The simulation run utilised the datahencondition of the patient,
matchedt with the available specialists and sorts the owpairdingto the costsillustrated

in the flowchart in Figure 15.

Start

User enter patient requirements eg
condition

I

The system determines the
appropriate specialist doctor
according to cost

|

System outputs the specialist doctor

End

Figure 15: 1Referralf patients basedn costs of available specialists

To obtain the flowchart presenteth Figure 15, the codes presenting a function
pred_speciality_cost was used to simulate prediction of avaijabilithe sought specialist
basednthe needsfthe patients (Figure 16). Sortinfthe availabilityof the needed specialist
was basedn his/her average treatment fee denoted by avg_trt fee wieiehcategoriseh
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ascending order. In the event that treatment fee happdres @gual for two specialists or

facilities, the next factor considered in the sorting pgeceas the distance to the referred
specialist or facility. The output would then be returned thataset for solutions. Figure 16
presents codes for prediction of specialist based on chargests.

def pred speciality cost(x, y):
solution = data[(data.speciality == x)]\
.sort values(['avg trt fee', 'final dist
return solution

'], ascending = (True, True)).head(5)

Figure 16: Prediction of a specialist accordingost

Basedonthe codes generat@dFigure 16, the outputs were soriedccordingo the average
treatment cost that is in the data of the last columihe screenshot in Figure 17.

pred_speciality cost('General Paediatrics’, 'Kisumu')

specialist_name speciality facility_name  phone_no available_days time location facility_type consultation_fee min_trt_fee max_trt_fee | avg_trt fee
. General = Thursday and 6- Kondele, Referral 4

14 r Ochido 5, 318 yooTRH 7263887280 S e e 500 150000  150000] 150000

- General o , & Kondele, Referral
19 Drawonda o 39 yo0TRH 7204484870 Tuesday oo wemy  Hospita 500 20000 300000 160000
2 Dr. Watter ,_General OASIS 720404957 'ednesdayand  ~ 7- nfa?%te Rofonal 20000 600000  1000000|  70000.0
- paediatrics : Saturday 12pm Kis u;mi Hospital : ; ; :
12 Dr Waker _,_ General Avenue 7248548030 Wednesday .| rﬁug Rikoal 5000 2000000 2500000  112500.0
" Paediatrics S : ' Y 11am Kiszj;nﬁ Hospital : :

Figure 17: Prediction of Patient Referral accordmgorted costef Specialist
6 Discussions and Conclusion
6.1 Discussions

The researchers developed a model for the optimizafioesource allocation for paediatric
healthcare systems during patient referral, specificatlgtancing referral of patients based
on availability of specialists, distance to specialists, @ost of specialist. The social foraging
behaviour of honey bee, being one of the widely utilised swatetligence methods in
resource allocation processes, was adopted. As had heeated by Yu et al (2015), the
search for suitable specialistthe model was robust, and faildoeget the right referrah one
facility did not limit it from foraging the environment (othkospitals). Earlier researchers
(Karaboga and Ozturk, 2009; Quijano and Passino, 2007; Xu and Duan 201@jstad
achieved optimization in models applying honey bee sociagjiegasuch in shop scheduling
among other fields.

The applicatiorof the model for resource allocation enabled soxtindpe specialists baseah
the distancesf their locations, their availability (including specifime during the day), and
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their respective costs or charges. These were taikwéde capabilities and needs of the
patients. Indeed better integration between primary etk and specialty care simulatai
ICT developed model has also been revemetienetal (2016), Greenwood-Lext al (2018),
Breuer (2017), and Zhao et al (2021) among others. In their, wgda and Raburu (2018),
developed a model which enabled knowledbavailability and workloadf consultant doctor
during referral process. It is therefore critical ttieg model developed in this paper is a step
in the direction of solving the problem of under-five mitittan Kisumu County and, by far,
the entire Kenya.

6.2 Conclusion

This paper concludes that swarm intelligeis@nappropriate algorithm for locating resources
in complex and distributed environments. Such models, imguthe one presented in this
paper, are robust, simple, and are controlled by oneecdntthis paper, bee colony model
developed for allocating resources in paediatric heakhsgstem was found to enhance
referral basedn distance, availability, and cost the specialist doctors. Thisturn standso
ensure thateach patient has acces® healthcare irrespectivef their socio economic
backgrounds.
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