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Abstract 

Many hospitals operate with a structure that separates inpatients according to their primary 

disease. Conversely, these hospitals may reduce the cases of bed shortage and provide a better care 

for patients with multiple diseases by striving for a setup containing fewer nursing wards. 

We present a method for optimizing the organizational structure in a hospital where the 

medical specialties are consolidated into fewer wards. The patient diagnoses are the basis of our 

approach as we derive an improved organizational structure by using a heuristic optimization 

algorithm. In this algorithm, we evaluate the solution by simulating the patient flow and penalize 

the objective value for every patient with a diagnosis that does not match the specialties in the 

ward. 

Through numerical experimentation, and data from a Danish hospital, we validate the 
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applicability of our approach. The proposed algorithm converged to the optimal solution in all 

smaller problem instances. Further, tests with the hospital data indicate that consolidating medical 

specialties into fewer wards is beneficial for patients with diagnoses stemming from various 

medical specialties. 

Keywords: Heuristics, Optimization, Wards, Resources, Patient flow 

 

1. Introduction 

One of the most well-known problems for modern hospitals is the lack of resources to treat 

an ever-growing number of patients. This development is the result of populations that keep 

increasing in both size and age (UN, 2020). Governments typically aim to relieve the problem by 

allocating an increasing fraction of their gross domestic product to healthcare, and simultaneously 

reducing the length of stay for patients by limiting bed capacity (OECD, 2021). The situation is 

complicated further by an increasing fraction of patients with multiple chronic diseases, due to 

growing life expectancy (Schiøtz et al., 2017). These patients are often subject to complicated 

treatment pathways relating to various medical specialties that are organizationally as well as 

physically divided. 

Many inpatient nursing wards provide only a single medical specialty. Thus, if the hospital 

does not contain a central coordination unit, the workload might be imbalanced since the nursing 

wards cannot efficiently relocate patients between them. Moreover, wards containing a single 

medical specialty may not provide the necessary care for patients with multiple diseases. Since the 

prevalence of multiple diseases is increasing in society (Koné Pefoyo et al., 2015; Van Oostrom et 

al., 2017), patients might benefit from an organizational structure where wards are managed by 

staff from multiple medical specialties (Barnett et al., 2012). Simultaneously, larger wards are 
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subject to the benefit of pooling effects and may therefore operate closer to the capacity limit 

without the risk of imposing a large probability of a shortage of beds (Proudlove, 2020). 

In this paper, we address the issues mentioned above by providing an approach for 

hospitals to optimize their organizational structure. We account for the associations between 

diagnoses resulting in an optimized consolidation of the medical specialties where Association 

Rule Learning (ARL) is used to analyze the diagnoses. Our optimization approach combines this 

analysis with a simulation of the patient flow in a heuristic algorithm. 

 

1.1. Literature review 

Data mining techniques have been used to analyze associations between diseases in 

various studies, but never in connection with capacity planning. According to a survey by Yadav et 

al. (2018), the most frequent approaches include modeling disease behavior such as prevalence, 

incidence rates, and the prediction of risk due to its immediately impactful application. A similar 

survey is conducted by Brunson and Laubenbacher (2018) where the approaches are limited to 

applications of network-graphs to understand disease behavior. For this particular modeling 

approach, the number of studies is rapidly increasing. Brunson and Laubenbacher identify 59 

studies in so-called clinical co-occurrence networks, which include the analysis of multiple 

diseases. These analyses may further be divided into two groups. Firstly, networks describing the 

general associations between diseases (Warner et al., 2015; Zhao et al., 2018; Srinivasan et al., 

2018), and secondly, temporal networks where diseases are analyzed with respect to their 

occurrence over time (Jensen et al., 2014; Wang et al., 2020; Lu et al., 2021). For the latter, one of 

the most comprehensive studies seem to be conducted by Jensen et al. (2014) that cover 14.9 years 

of data from 6.2 million patients. Jensen et al. use their comprehensive dataset to derive clusters of 
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trajectories based on a Markov cluster algorithm. 

We found several applications of ARL that analyze associations between diseases. Wang 

and Wang (2017) analyze both co-occurrence and sequence patterns (i.e. temporal associations) 

for cancer patients, and Castro et al. (2018) investigate the associations between bipolar disorder 

and premenstrual dysphoric disorder. In a slightly different setting, Peng et al. (2018) employ ARL 

to assess the data quality of medical health records. Two of the most recent ARL studies in the 

context of disease associations were conducted by Feng et al. (2020) and Chou et al. (2020). Feng 

et al. employ a rank–frequency analysis, as well as a social network analysis to derive associations 

between diseases for lung cancer patients, and Chou et al. derive association rules for diagnostic 

features in intensive-care patients using a mixed-integer programming model. 

Applications of data mining techniques to analyze diseases is abundant in the literature, but 

mostly restricted to the goal of understanding disease behavior or predicting the risk for specific 

patients. Studies that mathematically optimize a consolidation of specialties by simultaneously 

accounting for co-morbidity are to our knowledge absent in the literature. 

According to He et al. (2019), many clinical departments may however benefit from a 

centralized resource allocation strategy. He et al. conclude that an optimal strategy cannot be 

obtained by only considering one hospital unit, and that centralized coordination and capacity 

reservation during busy seasons are some of the main strategies that may improve care delivery. 

There is an abundant literature on hospital planning that focuses on assessing the bed capacity, but 

many studies consider wards that are not connected (de Bruin et al., 2010; Baru et al., 2015; 

Vancroonenburg et al., 2019; Veneklaas et al., 2021). Some of the studies that do consider 

connected wards include Bekker et al. (2017), Andersen et al. (2017) and Andersen et al. (2019). 

Bekker et al. evaluate a number of bed management policies and account for multiple patient types 
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with different priorities. The authors further present an approach for deriving the distribution of the 

available bed capacity in the hospital. Optimizing the distribution of a fixed number of beds is the 

main focus in the study by Andersen et al. (2017), where a continuous-time Markov chain 

evaluates the probability of bed shortage for a system of wards that are connected through the 

relocation of patients. Andersen et al. (2019) extends this objective by including the allocation of 

room types for the wards as well. 

Van Essen et al. (2015) conduct, to our knowledge, the first optimization study that aims to 

consolidate medical specialties. The specialties (in the study denoted clinical departments) and 

wards with fixed capacity are merged using an Integer Linear Programming (ILP) model. With 

inspiration in de Bruin et al. (2010), the authors employ an Erlang loss model to evaluate bed 

occupancy in the respective wards. As a result, patients do not wait for a bed, nor are they relocated 

to an alternative ward, but are lost from the system if the capacity in the ward is full. In their study, 

Van Essen et al. aim to reduce the probability of bed shortage, but at the same time acknowledge 

that physical structure, the number of clinical departments that are merged, walking distance and 

clinical preferences play an important role in finding an applicable solution. This framing of the 

problem is reused by both Hübner et al. (2016) and Hübner et al. (2018) with adjustments to the 

structure of the mathematical formulation, the objective function, and the solution approach. All 

three approaches appear feasible for deriving an immediately applicable solution, but they do not 

account for the composition of the patient diagnoses, nor the possibility that patients may be 

relocated. 

In our study, we consider that both diagnoses and relocation of patients should affect the 

solution. To attain this, we use a point system that quantifies the quality of a solution by penalizing 

the system for every patient that has a diagnosis not specifically supported by the staff in the ward. 
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The associations between diagnoses are based on an ARL analysis, where support, confidence and 

lift are employed in the estimation of the occurrence probabilities. Based on simulations of the 

patient flow, and a heuristic optimization algorithm, we derive a solution to the distribution of 

beds, and simultaneously a solution to the consolidation of the specialties that form the respective 

wards. 

Specifically, our contribution to the literature on healthcare planning is: 

• A heuristic algorithm that optimizes the wards in a hospital by accounting for patient 

diagnoses. The algorithm derives a solution to both the bed distribution and medical 

specialties in the respective wards. 

• An ARL analysis of associations between diseases from four medical specialties for 

inpatients in a Danish hospital. These specialties cover the digestive, respiratory, 

circulatory, endocrine, nutritional and metabolic diseases. 

The remainder of this paper is organized as follows. Section 2 presents a detailed 

description of the optimization problem at hand. Next, Section 3 presents our modeling approach, 

including the concepts we employ to analyze the diagnosis associations. Section 4 defines the 

proposed optimization algorithm, and Section 5 presents both an analysis of the associations 

related to our hospital case and the results of applying the algorithm. We finally present our 

conclusions and suggestions for future work in Section 6. 

 

2. Problem description 

Consider the flow of patients that originate in the emergency department and are admitted 

in one of several inpatient nursing wards. The hospital planners must decide on a ward for each 

patient and the destination should provide a specialized personnel of both physicians and nurses. 
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We categorize each arriving patient by using two types of diagnoses: Firstly, a single 

action-diagnosis which labels the admission, and secondly a potential multiple number of 

sub-diagnoses. The latter is subordinate to the former, but the staff must still account for the 

sub-diagnoses in the delivery of care. 

Now, consider a set of nursing wards, where each ward contains a fixed capacity of beds 

and staff from either a single or multiple medical specialties. The number of staff is proportional to 

the allocated beds, and the total bed capacity in the ward is the sum of allocated beds for each 

medical specialty. 

We assume a setting where each patient has a preferred specialty and an alternative 

specialty. The staff associated with the preferred specialty match the medical specialty of the 

action-diagnosis. We denote the case where a bed under the preferred specialty is available as a 

primary admission, and assume that an alternative staff type must undertake the treatment if the 

preferred beds are in shortage. We further assume that the alternative is defined by the 

sub-diagnoses, and that the corresponding beds might be located in a different ward or hospital. 

We denote the admission as secondary when the alternative is within the same ward as the 

preferred specialty (cf. Figure 1). In either case, we assume the patient receives a reduced quality 

of care if beds and staff of the preferred specialty are in shortage. 

From a theoretical perspective the most beneficial solution is obviously to consolidate all 

the medical specialties into one ward. However, interviews from our case hospital made clear that 

a consolidation might be constrained by the physical structure as well as reluctance from staff to 

merge with other specialties. As a result, hospital management is faced with the difficult problem 

of determining the most suitable consolidation of specialties, respecting both patient diagnoses as 

well as physical and qualitative constraints. Our goal is thus to provide the management with a tool 
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that optimizes the consolidation of the medical specialties by assuming a fixed number of beds and 

a limit to the number of consolidated specialties. 

 

[[Image]] 

Figure 1: Example of a hospital setting with three different medical specialties and two wards. 

Specialty A and B are consolidated in Ward 1, whereas Ward 2 only contains specialty C. Arrows 

depict the flow of patients with action-diagnoses in specialty A. 

 

3. Modeling approach 

In this section, we present our modeling approach. We start by defining the concepts 

relating to our diagnosis analysis, in Section 3.1, and subsequently describe the formal details of 

the patient flow in Section 3.2. 

 

3.1. Association rule learning 

Association Rule Learning (ARL) is a data mining field aiming to describe associations 

between a set of items (Piatetsky-Shapiro, 1991; Agrawal et al., 1993). In practice, these items 

may correspond to products, groceries, people, or as in our case diagnoses. Consider two types of 

diagnoses, A and B, and the admission of a patient with action-diagnosis A. Let the notation 

A B  denote the rule that defines the association between the two diagnoses. In this study, we 

are particularly interested in the conditional probability that the patient has diagnosis B. For this 

reason, we confine our scope to the following concepts: Support, confidence, and lift. As we show 

in Section 4, these concepts are essential to defining the parameters in our optimization approach. 

Let T  denote the complete set of admissions in our data, where A  and B  denote the 
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subsets that contain two different diagnosis types. The support of diagnosis A , denoted supp( )A

, is defined as, 

 
| |

supp( ) = .
| |

A
A

T
 

Thus, supp( )A  estimates the probability that diagnosis A  occurs in an admission. This 

concept may be extended for rules, where supp( )A B  denotes the support for A B  — i.e. 

the fraction of admissions in T , where A  and B  occur together. The relation 

supp( ) /supp( )A B A  evaluates the relative frequency of diagnosis B  conditioned by the 

presence of diagnosis A . We denote this fraction as the confidence of the rule A B  (Han et al., 

2011, p. 246), 

 
supp( )

conf ( ) = .
supp( )

A B
A B

A


  

Note that conf ( )A B  estimates the conditional probability { | }B AProb E E , where 
AE  

and BE  are the events that the diagnoses related to A  and B  occur in an admission. Confidence 

is therefore useful for assessing the occurrence of additional sub-diagnoses under a specific 

action-diagnosis. However, since a high confidence may just be the result of two highly frequent 

diagnoses, we need to impose an additional measure to evaluate the dependence between two 

diagnoses. 

Let lift( )A B  denote an estimate of the ratio { }/ ( { } { })A B A BProb E E Prob E Prob E , 

where { }A BProb E E  is the probability of diagnoses occurring in the same admission, and 

{ } { }A BProb E Prob E  the corresponding probability when the diagnoses are mutually independent. 

Thus, by employing the definition of support and confidence, we get 
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supp( ) conf ( )

lift( ) = = .
supp( )supp( ) supp( )

A B A B
A B

A B B

 
  

The lift evaluates the proportional change of the likelihood for diagnosis B  when 

diagnosis A  is present in an admission, and can be interpreted as the correlation between the two 

diagnoses (Han et al., 2011, p. 266). If lift( ) = 1A B , then the two diagnoses are independent. 

However, if lift( ) > 1A B  diagnosis A  makes it more likely that diagnosis B  is also present. 

Conversely, if lift( ) < 1A B , then A  reduces the likelihood of the presence of diagnosis B . 

 

3.2. The patient flow 

Now, consider the system of patients that arrive to the hospital, where each patient has an 

action-diagnosis and potentially a number of sub-diagnoses. Assume that the hospital treats the 

action-diagnoses from a set, , of medical specialties, and further that patients from specialty 

i  arrive according to a Poisson process with rate 
>0i  . Additionally, let >01/ i   

denote the expected length-of-stay, and 0im   denote the allocated beds for the patients with 

specialty i . We assume that the required amount of staff (i.e. nurses and physicians) is 

proportional to the number of allocated beds. Therefore, a shortage of beds corresponds to a 

shortage of staff with specialty i . 

In the case of shortage, specialty j  is an alternative to i  with probability 

0< 1ij p
ij

p  . Therefore, if specialty i  and j  are in the same ward, ijp  denotes the probability 

that staff of specialty j  may undertake the treatment of the patient. If specialty i  and j  are not 

in the same ward, ijp  denotes the probability of physically relocating to a ward where the beds are 

staffed by specialty j . 
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According to Andersen et al. (2017) the occupancy of patients in the hospital can be 

described by a homogeneous Continuous-Time Markov Chain (CTMC), under the assumption that 

patients stay with exponentially distributed time. This CTMC has state definition, 

 

11 12 1| |

21 22 2| |

| |1 | |2 | || |

= ,

u u u

u u u

s

u u u

 
 
 
 
 
 
 
 

 

where 0iju   denotes the number of patients of specialty i  that are admitted to 

beds staffed by specialty j . As a result 
ij ji

u m


 . Now, let 
* >0ss

   denote the rate of 

transition from a current state s  to a new state *s . Then, 

*

*

*

*

if = ( , 1, ) and <

= if = ( , 1, ) and = , <

if = ( , 1, ) and > 0

i ii ij ji

i ij ij li i lj jl lss

i ij ij ij

s u u m

p s u u m u m

u s u u



 





 

 








   

where the diagonal elements * *\
=ss s s ss

 


 , and the remaining off-diagonal elements 

* = 0
ss
 . 

The state probability distribution associated with the CTMC is theoretically derived by 

solving the system of equations = 0 , where   is a row vector containing the state 

probabilities and Γ  is a matrix of the transition rates 
*ss

 . 

Note however that   has a total of 
| |

=0=1

| | 1

| | 1

m
i

ji

j  
 

 
  elements. Thus, even for a 

fairly small case with merely | |= 3  specialties and = 25im i  , the state distribution would 

contain 103.52 10   elements. If each element takes up 8 bytes of computer memory, we would 

need a total of 281.3 GB memory to store the elements in   alone. For this reason, we assume 
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that the problem of solving = 0  is intractable for most, if not all, practical applications, and 

we therefore estimate   by employing a discrete event simulation of the CTMC. In the 

simulation, we keep the assumption of exponentially distributed length-of-stay since our 

preliminary tests showed that the system is insensitive to the length-of-stay distribution. This is 

expected, since without the relocated arrivals the system reduces to | |  parallel / / /M M c c  

queues. According to Boucherie and Dijk (2011, p. 122), the / / /M M c c  queue (also denoted 

the Erlang loss system) is completely insensitive to the type of service-time distribution and only 

depends on its mean. 

 

3.2.1. Estimation of ijp  based on ARL 

Let kA  denote the action-diagnosis for an arriving patient with index 

{1,2, ,| ( ) |}k i , where ( )i  is the set of all the diagnoses in specialty i . 

Correspondingly, lB  denotes a sub-diagnosis from specialty j  with index 

{1,2, ,| ( ) |}l j . The confidence (cf. Section 3.1) that the patient has a diagnosis from ( )j  

is an estimate of the probability 
| ( )|

=1
{ | }

j

B Al l k
Prob E E , where 

A
k

E  and 
B

l
E  are the events that 

an arriving patient has diagnosis kA  and lB , respectively. Thus, the confidence is derived by the 

inclusion-exclusion formula from standard theory (Ross, 2003, p. 560), 

 

| ( )|

=1 1 < | ( )| 1 < < | ( )|

| ( )|
| ( )| 1

=1

= conf ( ) conf ( ) conf ( )

( 1) conf .

j

kj k i k i l k i l m

i i l j i l m j

j
j

k l

l

A B A B B A B B B

A B


   



        

 
    

 

  
 

For the calculation of the above expression, we further impose the condition that the 

corresponding lift must be greater than 1; otherwise we evaluate the confidence as 0. Now, the 
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overall confidence for any random patient from specialty i , ij , is evaluated by the summation of 

kj   over each action-diagnosis in ( )i , weighted by the proportion of patients that arrive with 

diagnosis 
kA . This proportion is derived by the relation /A i

k
  , where 

A
k

  denotes the arrival 

rate of patients with action-diagnosis 
kA . Thus, 

 
| ( )|

=1

= .
i

kj A
k

ij

k i

 






  

Now, since a patient has only one alternative specialty, but potentially multiple 

sub-diagnoses, we evaluate the probability that specialty j  is an alternative to specialty i  by 

normalizing the values of ij . That is, 

 

\

(1 )
= ,

ij i

ij

ijj i

p i j
 








 (1) 

where 
i  is the confidence that a patient does not have any sub-diagnoses. 

 

4. Optimization approach 

We now employ the concepts from Section 3 in a heuristic optimization algorithm, where 

the aim is to derive a set of inpatient wards containing staff from multiple medical specialties. The 

optimized wards should reflect the associations that exist between diagnoses in the patients that 

arrive to the hospital such that specialties with strong associations are grouped together in the 

respective wards. 

We assume that each arrival induces a penalty that reflects the staff’s ability to treat the 

patient. Let variable 0

tot

ijq   denote the total penalty for a patient of specialty i  who is 

admitted in a bed staffed by specialty j . The penalty 
tot

ijq  is a combination of two elements: 
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1. The lack of specialized staff for the action-diagnosis. We evaluate this penalty with 

0

act

ijq  . 

2. The lack of specialized staff for the potential multiple number of sub-diagnoses. We 

evaluate this penalty with 
0

sub

ijq  . 

Thus, =tot act sub

ij ij ijq q q . 

Recall the three admission types, primary , secondary  and other . Here, primary  and 

secondary  corresponds to the admission types where the specialty associated with the 

action-diagnosis matches the specialty of the staff in the ward, and the type denoted other  

corresponds to all other admissions. Let 

0 the admission is

= the admission is

1 the admission is

act

ij

if primary

q if secondary

if other









 

where 0 1   . 

The penalty of lacking staff for the sub-diagnoses are defined as = (1 )sub

ij il jll
q y


 . 

Here, {0,1}jly   is equal to 1 iff specialty j  and l  are in the same ward, and 0il   is the 

weight of specialty l  for patients with action-diagnosis in specialty i . Note that this 

makes the probabilities, ilp , suitable as values for il . 

 

4.1. The optimization problem 

Let vector 1 2 | |= ( , , , )Sm m mm  denote the current allocation of beds with = ii
M m

  

the total number of beds available to the hospital. Further, let 
0< ( ) 1( )i b

i
b 

m
m  denote the 
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probability that all beds associated with specialty i  are occupied. We derive ( )ib m  from our 

simulation of the CTMC (cf. Section 3.2). Therefore, rate ( ) = (1 ( ) )ii i ir b m m  and rate 

( ) = ( )ij i i ijr b p i j m m  denote the expected number of patients that are directly admitted and 

treated by alternative staff, respectively, and rate ,( ) = ( ) (1 )i rejected i i ijj
r b p


m m  denotes the 

expected number of patients that are rejected entirely from the system. Combined with our 

definition of penalties, 
,

( ) tot

ij iji j
r q

 m  reflects the penalty rate associated with admissions, and 

,( )i rejected ii
r 

 m  the penalty rate associated with rejections, where = 1i ill
 


 . Finally, 

 ,

,

= ( ) ( )tot

ij ij i rejected i

i j i

r q r 
 

 m m  (2) 

results in the total expected penalty per time unit, the objective function in our optimization 

approach. 

Let X  denote a matrix of the elements {0,1}ijx  , where = 1ijx  iff specialty i  is 

assigned to ward = {1,2, ,| |}j , and let    denote the maximum number of 

specialties that are allowed in each ward. If the sum = 0iji
x

 , then ward j  is empty, and as a 

result, removed from the system. Our aim is to find the values of X  and m  that minimizes the 

total expected penalty rate, thus resulting in the optimization problem, 

 ,

,

Minimize ( ) ( )tot

ij ij i rejected i

i j i

r q r 
 

 m m  (3) 

  

 Subject to 1 , ,ik jk ijx x y k i j        (4) 

 ij

i

x j


    (5) 
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 = 1ij

j

x i


   (6) 

 =i

i

m M


  (7) 

 (1 ) = , whereact

ij ij ijy y q i j i j       (8) 

 (1 ) = ,sub

il jl ij

l

y q i j


    (9) 

 , , {0,1} and , 0act sub

i ij ij ij ijm x y q q    (10) 

The constraints are defined as follows: 

• Constraint (4) ensures that = 1ijy  iff specialty i  and j  are allocated to the same 

ward. 

• Constraints (5) ensures that wards do not violate the limit  . 

• Constraint (6) ensures that each specialty is only assigned to a single ward. 

• Constraint (7) ensures that the total available capacity M  remains constant. 

• Constraints (8) and (9) evaluate the penalties associated with the diagnoses, where 

=tot act sub

ij ij ijq q q . 

 

4.2. The optimization algorithm 

We now present our approach to minimizing the total expected penalty rate, cf. the 

optimization problem in (3)-(10). Our approach is based on a heuristic optimization algorithm that 

recursively derives a solution in three steps. Firstly, the algorithm selects an allocation of beds, m

. Next, the associated shortage probabilities, ( )ib m , are simulated, and in the third step the 

sub-optimal consolidation, X , is derived. Figure 2 presents an overview of the three steps. We 

elaborate on the details below. 
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[[Image]] 

Figure 2: Overview of our optimization algorithm. 

 

Consider that under any fixed bed allocation, m , the optimization problem becomes 

deterministic. The reason is that the shortage probabilities ( )ib m  only depends on the number of 

resources that are currently assigned to specialty i , and therefore the rate functions ( )ijr m  

become the constants ijr . Under these conditions, the optimization problem in (3)-(10) reduces to 

the following Integer Linear Programming (ILP) model, 

 
, ,

Minimize act sub

ij ij ij ij

i j i j

r q r q
 

   (11) 

  

 Subject to 1 , ,ik jk ijx x y k i j        (12) 

 ij

i

x j


    (13) 

 = 1ij

j

x i


   (14) 

 (1 ) = , whereact

ij ij ijy y q i j i j       (15) 

 (1 ) = ,sub

il jl ij

l

y q i j


    (16) 

 , {0,1} and , 0act sub

ij ij ij ijx y q q   (17) 

Note that we exclude the rejected patients from Equation (11), since this term is constant 

under the fixed bed allocation. By substituting variables act

ijq  and sub

ijq  with Equations (15) and 

(16), we obtain a total of 2| |S  variables and 32 | | | |  inequalities in the ILP model. 
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We deem that the model can be solved using standard solver software, such as the IBM 

CPLEX Optimizer or the Gurobi Optimizer. However, since our approach should be used for 

related or compatible medical specialties, the size of the solution space is fairly limited. With no 

restrictions on the number of specialties that may be combined, we get only 203 feasible solutions 

when | |= 6 . In our applied case, where | |= 4  (cf. Section 5.3), we have only 15 feasible 

solutions. For this reason, we chose to merely enumerate the solution space related to X . 

The ILP model is then nested into a heuristic algorithm that optimizes the allocation of 

beds in m . We base our algorithm on a local search procedure commonly known as a hill climber 

(Burke and Graham, 2014, p. 9). 

A random allocation of beds in m  initializes the algorithm. All neighboring allocations 

are then derived and evaluated in random order, where a neighbor (denoted m ) is defined by the 

re-allocation of a single bed — i.e. by the change 1i im m   followed by 1j jm m  , where 

i j . Let the neighborhood ( )m  denote the set of all neighbors associated with m . ( )m  

has a total size of 2| ( ) |=| | | |m  elements, and the entire search space a total of 
1

| | 1

M  
 

 
 

different allocations of beds in m . 

An evaluation of a solution consists of two steps: First, a simulation of the shortage 

probabilities, ( )ib m  (abbreviated b  and b  for the current and neighboring allocation, 

respectively), and second, an evaluation of the sub-optimal consolidation and associated objective 

value using the ILP model in (11)-(17). The current allocation is updated whenever a neighbor 

yields a lower objective value, and correspondingly for the global best solution. The entire 

procedure is repeated whenever the entire neighborhood is enumerated. 

We allow a total of K  repetitions after which the best discovered bed allocation, m , and 

Jo
ur

na
l P

re
-p

ro
of

Journal Pre-proof



consolidation X  is returned. Pseudo-code for the entire algorithm is presented in Algorithm 1. 

 

 

Algorithm 1 The optimization algorithm. 

 1: *z  , * m , * w   Initialize global best solution 

 2: for = 1k to K  do 

 3:     ()randomAllocationm  

 4:     ( )simulateb m   Simulate probability of shortage 

 5:     , ( )z s u b o p t i m i z ex b   Sub-optimal obj. val. and consolidation 

 6:     0i   

 7:     while <| ( ) |i m  do 

 8:        ( ( ) )p i c k N e i g h b o r m m   Pick randomly from neighborhood of m  

 9:        ( )simulate b m  

10:        , ( )z suboptimize  x b  

11:        if <z z  then 

12:            z z , m m , x x , 0i    Move to new local solution 

13:        else 

14:          1i i   

15:        end if 

16:        if 
*<z z  then 

17:           *z z , * m m , * x x   Update the global best solution 

18:        end if 
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19:     end while 

20: end for 

      return * * *, ,z m x  

 

5. Computational results 

In this section, we assess the performance of our optimization approach as well as 

demonstrate its applicability to a hospital case. 

We conducted the ARL analysis (cf. Section 3.1) using the modeling language R and the 

Apriori algorithm (Agrawal and Srikant, 1994) in the package arules version 1.6-8 (Hahsler et al., 

2012) to derive the association rules. 

Algorithm 1 and the simulation was implemented in the programming language C++. 

Section 5.2 describes the specification of seeds for the simulation. Lastly, all optimization tests 

were conducted on an HPC-system with an Intel Xeon Processor 2660v3 utilizing a single 

2.60GHz core, and allocated a maximum of 64GB of memory. 

 

5.1. Associations between diagnoses 

In the following, we present our ARL analysis of admission data from a Danish hospital. 

The data consists of inpatient admissions from the period 2019-01-01 to 2020-03-01. This 

time-frame has been chosen to avoid the roll-out of a newly employed patient record system in the 

hospital, as well as the influence of the COVID-19 pandemic. Additionally, of the patients 

admitted in this time-frame we restrict our view to the digestive, respiratory, circulatory, 

endocrine, nutritional and metabolic diseases, which constitutes four medical specialties. 

We base our categorization of the specialties on the international statistical classification of 
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diseases system (ICD-10) (WHO, 2021), which corresponds to the specialties in the hospital. 

Table 1 shows the description of each specialty as well as their classification in the ICD-10 format. 

These diseases can be further specified by extending the ICD-10 letter code with a total length of 

three numbers. The letter indicates the specialty as shown in the table below, and numbers from 

00.0 to 99.9 indicates the exact specifications of the disease. As for example, diagnosis I11.0 and 

I11.9 indicates the hypertensive heart disease with and without heart failure, respectively. 

All diagnoses may be truncated to three characters (two numbers after the letter) to yield a 

more aggregated description of the disease. In this case, I11 would indicate both types of 

hypertensive heart disease. This level of detail is adequate for the scope of our study, and thus by 

truncating the ICD-10 code we get a total of 258 unique diagnoses for the association analysis. 

 

ICD-10 code Name 

K Diseases of the digestive system 

J Diseases of the respiratory system 

I Diseases of the circulatory system 

E Endocrine, nutritional and metabolic diseases 

Table 1: The four medical specialties (corresponding to the set ) and their ICD-10 code. 

 

We consider a slightly restricted analysis where rules consist only of one diagnosis to 

another diagnosis. A more complex analysis of rules with multiple diagnoses in each set is left for 

future work in the interest of not digressing from the scope of the paper. 

For the results in this section, we restrict the Apriori algorithm to finding rules with support 

and confidence above a threshold of 0.001, and fix the seed in the algorithm to ensure the same 
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rules are derived between runs. Furthermore, by omitting rules with a lift below 1.5 we get a total 

of 44 unique associations. These restrictions are withdrawn from the validation of our optimization 

approach (in Section 5.3) to derive associations between all the included diagnoses. 

The eight rules with highest lift are presented in Table 2, and Figure 3 visualizes all 44 

associations as a network-graph. Here, nodes represent diagnoses and the edges represent a rule 

between the joint vertices. We used the Fruchterman-Reingold algorithm to generate the layout of 

nodes in the graph, where the final locations were slightly modified to minimize overlaps. 

 

Rule Support Confidence Lift 

{K22}   {K44} 0.0016 0.3161 44.64 

{K44}   {K22} 0.0016 0.2316 44.64 

{K44}   {K29} 0.0019 0.2658 39.35 

{K29}   {K44} 0.0019 0.2786 39.35 

{K22}   {K29} 0.0010 0.2008 29.73 

{K29}   {K22} 0.0010 0.1542 29.73 

{K21}   {K44} 0.0011 0.1722 24.33 

{K44}   {K21} 0.0011 0.1595 24.33 

Table 2: The eight rules with highest lift. Note that patients admitted with diagnosis K22 (Other 

diseases of oesophagus) are 44.6 times more likely to have diagnosis K44 (Diaphragmatic hernia). 

As the lift is symmetric, i.e. lift( ) = lift( )A B B A  , the rules appear in both directions. 

 

[[Image]] 

Figure 3: Graph showing connections, rules, between diagnoses. An edge corresponds to a rule 
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between two diagnoses. Rules with a lift less than 1.5 are omitted, and rules with a lift above 10 are 

highlighted in bold. 

 

Table 2 and Figure 3 indicate that the digestive K-diagnoses have substantial internal 

associations and simultaneously week associations with the remaining diagnoses. The distinct 

cluster consisting of diagnosis K29, K22, K44 and K21 is the most notable indication of this 

behavior. The remaining K-diagnoses form a cluster only connected to the circulatory I-diagnoses 

through K57. 

Several of the circulatory I-diagnoses have high degrees (i.e. many connections in the 

graph) that form associations between various diagnoses spanning across different specialties. The 

most noteworthy example of this behavior is the essential hypertension disease, I10, which 

connects both K, I and several E-diagnoses. 

The most frequent diagnoses are I48, E11, I50, E10 and I10, and they occur in 11.5, 8.52, 

8.14, 8.05 and 6.85% of admissions, respectively. None of the most frequent diagnoses are present 

in the rules with the highest lift (cf. Table 2), but they still contain plenty of connections. This 

behavior is expected since diagnoses recurring in many rules induce a high support. 

Figure 3 shows that 8 out of 10 inter-specialty connections occur between I and 

E-diagnoses. Therefore, we expect that a substantial number of patients would benefit from a ward 

that consolidates these two specialties. Correspondingly, few patients are likely to benefit from a 

ward that includes the digestive (K) and respiratory (J) diagnoses, since these constitute few 

connections to other specialties. 

 

5.2. Assessment of performance 
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We tested Algorithm 1 on a range of different optimization problems, as well as algorithm 

settings. For the latter, we tested three different levels of iterations (i.e. number of hill climbing 

attempts), K . Regarding parameters in the optimization problem, we used both predefined and 

random sampling. The number of medical specialties, | | , and the limit  , was tested on 3 and 2 

predefined levels, respectively, whereas the secondary admission penalty was held constant at 

= 1/ 2 . The specific values for both K , | | , and   are presented in Table 3. 

The arrival rates, 
i , and mean lengths-of-stay, 1/ i , were sampled randomly from a 

uniform distribution such that (1/10,1)i  and (1/10,1)i . The probabilities, ijp , were 

derived by looping over each specialty i , and sampling from a discrete uniform distribution. 

Let ,1 100i rejectedp   denote the integer sample associated with the event that the alternative 

ward is outside the hospital. Further, let 0 1000ijp   denote the integer sample for the event 

where patients are relocated to one of the specialties within the hospital. The probabilities were 

then finally derived by letting ,=i i rejected ijj
L p p


 , such that , ,= /i rejected i rejected ip p L  and 

= /ij ij ip p L . The probabilities were further used to define the sub-diagnosis penalties by letting 

= ,ij ijp i j   . 

The total capacity, = ii
M m

 , was derived by sampling from a discrete uniform 

distribution such that 2 | | 2 | | 10M   . This ensured at least 2 available beds per specialty. 

We chose the upper bound 2 | | 10  to limit the solution space related to m , which allowed us 

to conduct a complete enumeration and obtain the optimal solution for the sampled optimization 

problems (recall that the sub-optimal consolidation is derived under each fixed allocation of beds). 
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Parameter type Levels 

Alg. iterations ( K ) 1 5 15 

# Specialties ( | | ) 3 4 5 

Max. spec. (  ) 2 3 - 

Sec. penalty ( ) 1/ 2  - - 

Table 3: Predefined parameters used in testing the performance of the optimization algorithm (cf. 

Algorithm 1). 

 

For each of the predefined settings (cf. Table 3) we sampled 5 different sets of random 

parameters. This resulted in 30 different optimization problems, which were tested using 3 levels 

of iterations, K , amounting to a total of 90 different tests. The optimization algorithm was 

employed in each test followed by a complete enumeration of the solution space for comparison. 

We used the bed allocation as a seed for the simulation to ensure a specific allocation would result 

in the same objective value. To ensure stability, we let the simulation run for 365 simulated days 

without observing the occupancy of beds. Next, we observed the occupancy in 61 10  simulated 

days, resulting in an uncertainty in the estimation of ( )b m  of only a few percentages. The results 

are presented in Table 4 for a selection of 9 different tests. 

In all of our 90 tests, the solution derived by the optimization algorithm was the same as 

obtained by complete enumeration – i.e. the optimal solution. This indicates that repeating the hill 

climbing procedure ( > 1K ) is redundant, since the neighborhood was not enumerated until the 

optimal solution was found. The runtime of our algorithm was on average 95.6% shorter than a 

complete enumeration when = 1K . 
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Algorithm Optimal      

1m  
2m  

3m  
4m  

5m  
1m  

2m  
3m  

4m  
5m  # 

Spec. 

( | |S ) 

Max. 

spec. 

(  ) 

Iter. (

K ) 

Rel. 

gap 

Runtime 

in sec. 

3 2 2 - - 3 2 2 - - 3 2 1 0.0 34 

3 2 2 - - 3 2 2 - - 3 2 5 0.0 112 

3 2 2 - - 3 2 2 - - 3 2 15 0.0 307 

4 4 4 3 - 4 4 4 3 - 4 3 1 0.0 100 

4 4 4 3 - 4 4 4 3 - 4 3 5 0.0 528 

4 4 4 3 - 4 4 4 3 - 4 3 15 0.0 1599 

3 3 2 4 3 3 3 2 4 3 5 3 1 0.0 352 

3 3 2 4 3 3 3 2 4 3 5 3 5 0.0 1764 

3 3 2 4 3 3 3 2 4 3 5 3 15 0.0 5291 

Table 4: Results for a selection of 9 out of the 90 performance tests. Shows both the algorithm and 

optimal bed allocation, as well as the predefined parameters. The last column shows the runtime of 

the algorithm, and the second last column the relative gap from the optimal solution. 

 

5.2.1. Further assessment 

In addition to the aforementioned tests, we compared the optimization algorithm (cf. 

Algorithm 1) to two similar algorithms, where Simulated Annealing (SA) forms the basis of the 

alternative algorithms (Burke and Graham, 2014, p. 265). In SA, we define an iteration by the 

evaluation of a neighboring solution, and let J  denote the total number of iterations. Further, SA 

can accept solutions with a probability if they do not provide an immediate improvement to the 
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locally best-known objective value, z . That is, if >z z  then SA accepts the solution with 

probability exp( ( ) / )z z T  , where = 1 ( / )T j J  and j  is the current iteration. We restart the 

search procedure when iteration =j J . The algorithm terminates and returns the globally 

best-known solution when the elapsed time exceeds a predefined limit. 

The first variant of SA employs a nested approach similar to Algorithm 1 by only replacing 

the hill climber. The second variant considers both m  and X  in the definition of the 

neighborhood. That is, the second variant conducts only a single change in each iteration by either 

re-allocating a bed, in m , or a specialty to a new ward in X . 

In this section, we test the total number of beds, M , on three predefined levels of 25, 50 

and 100 beds. The number of specialties | |  were tested with 5, 6 and 7 specialties, and the 

number of specialties that can be consolidated in a single ward,  , was fixed at 2. We set the 

penalty = 2  and conducted three uniform random samples in the range from 5 to 15 for both the 

arrival rate and mean length-of-stay. This left a total of 27 different optimization problems. For the 

algorithm settings, we set = 1K  in Algorithm 1. Both SA variants were tested with =100J  and 

1000  iterations, leaving a total of four sub-variants. In order to conduct a fair comparison between 

Algorithm 1 and the four SA variants, we used a time-limit of 2000 seconds on all five methods. 

Table 5 presents the average results for the 9 different combinations of | |  and M . 

Thus, each combination is an average over three optimization problems, where we assess the 

performance using the relative gap from the best-known solution to each problem. 

Table 5 indicates that the nested approaches perform substantially better than the unnested 

approach. The results further indicate that SA obtain better solutions with few restarts ( =100J ). 

Finally, Algorithm 1 and the nested variant of SA displays a similar performance. Algorithm 1 

attains the best average performance in 5 cases against 4 cases for the nested variant of SA (with 
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=100J ). 

 

 SA, nested SA, not nested    

Algorithm 100 iter. 1000 iter. 100 iter. 1000 iter. # Spec. (

| |S ) 

Max. spec. (

 ) 

Total beds (

M ) 

0.0* 1.51 310  1.51 310  5.21 210  5.21 210  5 2 25 

4.66 310  31.05 10 * 31.05 10 * 8.45 210  8.45 210  5 2 50 

1.14 210  45.00 10 * 45.00 10 * 7.22 210  7.22 210  5 2 100 

54.42 10 * 4.59 410  5.96 410  4.14 210  4.14 210  6 2 25 

3.76 310  46.65 10 * 6.92 410  5.11 210  5.11 210  6 2 50 

6.19 510  64.49 10 * 64.49 10 * 5.51 210  5.51 210  6 2 100 

0.0* 1.31 310  1.38 110  7.29 210  1.59 110  7 2 25 

0.0* 8.40 410  1.41 110  5.37 310  1.79 110  7 2 50 

0.0* 9.92 410  1.45 110  3.59 210  2.17 110  7 2 100 

Table 5: Results of comparing our algorithm to two variants (and a total of four sub-variants) of 

Simulated Annealing (SA). Column 1-5 shows the average relative gap from the best known 

solution. Asterisks indicate the best-performing algorithm. 

 

5.3. A hospital case 

We now demonstrate our approach by applying Algorithm 1 to our hospital case. Similar to 

Section 5.1, we limit our scope to inpatient admissions with diagnoses in the medical specialties 

related to diseases in the digestive system, respiratory system, circulatory system, and lastly 

endocrine, nutritional and metabolic diseases (cf. Table 1). The arrival rates and expected 
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length-of-stays for the four specialties, when they occur as action-diagnoses, are presented in 

Appendix A, Table A.8. The probabilities, ijp , were derived based on Equation (1) using the 

confidence of the diagnoses under the four specialties. The resulting probabilities are presented in 

Appendix A, Table A.9, showing that a fairly high fraction of patients were admitted without any 

sub-diagnoses. For the capacity, we found that a total of =116M  staffed beds were allocated to 

the four specialties at the time the data was collected. We assume the specific bed types (and thus 

also staff types) are fully interchangeable, but the size of the hospital’s budget (i.e. the value of M

) is fixed. 

The optimization algorithm was employed using a secondary admission penalty that 

ranged from 0 to 1 with an increment of 1/ 4 , and a fixed sub-diagnosis penalty 

= ,ij ijp i j   . The maximum limit on specialties per ward,  , was tested on four levels 

starting at = 1  (corresponding to the conventional hospital setting) and ending at 4. This lead to 

a total of 20 different optimization problems. Similar to our performance tests, all simulations 

were conducted with a burn-in time of 365 simulated days and an overall time of 61 10  simulated 

days. 

We divide the results into two parts. In Table 6, the resulting objective value, bed 

allocation, m , and consolidation, X , is presented for each of the 20 tests. Instead of showing the 

explicit value of ijx , we indicate the assignment of a specialty to a ward with a letter. In other 

words, the consolidated specialties are assigned the same letter. In tests where = 1 , the 

specialties cannot be consolidated, and the optimization problem is merely to find the optimal 

allocation of beds. The remaining tests ( > 1 ) therefore indicate the added benefit of employing a 

consolidation of the specialties in the hospital. We found that allowing = 2  reduced the total 
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expected penalty by an average of 24.1%, whereas for = 3  the reduction is a substantially 

49.8%. In the most relaxed case of = 4 , only the secondary admission penalty, and the penalty 

induced by rejection, are activated. The resulting average reduction is therefore the largest at 

63.8%. 

The specialties that are associated through a large confidence (cf. Table A.9) are also 

consolidated in the same wards. In the tests with = 2  and 3 , we find that the algorithm exploits 

the strong association between the circulatory (I) and endocrine (E) diagnoses, as well as the 

weaker association between the digestive (K) diagnoses and the other three specialties. Note that 

these results correspond to our findings in Section 5.1, where the K-diagnoses had few 

associations with the remaining specialties, and where the I and E-diagnoses shared many strong 

associations. 

Interestingly, the penalty   seems to have an almost negligible effect on the solution. The 

bed allocation, m , is in fact equal across all tests except when = 3 . A low value of   makes it 

more attractive to merge with wards to which patients can be relocated. At the same time, a low   

makes it less important to have sufficient bed resources for the preferred specialty, since an 

alternative specialty can replace the primary admission (if the two specialties are consolidated). 

Correspondingly, a large   enhances the requirement for beds in the preferred specialty, since the 

benefit of consolidation is reduced. Thus, we deem the results in Table 6 are a result of the fairly 

large fraction of patients that are rejected immediately from the system (i.e. i ), which makes the 

optimum less sensitive to the value of  . 

In the second part of our results, we validate the effect of consolidating wards on a range of 

specific diagnoses. The effect is assessed on the expected fraction of admissions where the ward 

contains staff from the medical specialty associated with the diagnosis. We denote this measure as 
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the care quality and distinguish between occurrences as an action-diagnosis in a primary 

admission, a secondary admission, and lastly as a sub-diagnosis. The results are presented in Table 

7 for the solutions from Table 6 where = 1/ 2  and = 1 , 2  and 3 . The three different 

solutions are separated with commas in each cell of the table, thereby showing how the care quality 

progresses as more specialties are consolidated. A supplementary result for = 3 / 4  and = 3  

is presented in Appendix B, Table B.10. In both tables, we only evaluate the care quality of the 

patients admitted within the system and disregard the patients that are relocated to a location 

outside the hospital. 

Since the bed allocation is fixed across the three levels of  , so is the care quality for the 

primary admissions in Table 7. For the secondary admissions, the benefit of consolidation is 

substantial for all specialties except for the K-diagnoses that were only consolidated when = 2 . 

A similar result applies to the sub-diagnoses. For instance, when Type 2 diabetes (E11) occurs as a 

sub-diagnosis, the expected fraction of patients with support from specialized staff increases from 

0.03 to 1.00. Just as impressive results are found for I50, E87 and E86, where the fraction increases 

from 0.0 to 1. Since patients with these sub-diagnoses are associated with action-diagnoses 

from other medical specialties, they are often not able to receive specialized treatment from the 

ward in which they are admitted — unless that ward contains staff from another medical specialty. 

 

 Bed allocation Consolidation   

Obj. val. Dig. Resp. Circ. Endo. Dig. Resp. Circ. Endo. Max. 

spec. (

 ) 

Sec. 

penalty (

 ) 

10.034 24 34 28 30 A B C D 1 0 
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10.034 24 34 28 30 A B C D 1 1/ 4  

10.034 24 34 28 30 A B C D 1 1/ 2  

10.034 24 34 28 30 A B C D 1 3 / 4  

10.034 24 34 28 30 A B C D 1 1 

7.468 24 34 28 30 A A B B 2 0 

7.541 24 34 28 30 A A B B 2 1/ 4  

7.614 24 34 28 30 A A B B 2 1/ 2  

7.688 24 34 28 30 A A B B 2 3 / 4  

7.761 24 34 28 30 A A B B 2 1 

5.349 24 34 28 30 A B B B 3 0 

5.498 24 34 28 30 A B B B 3 1/ 4  

5.648 24 34 28 30 A B B B 3 1/ 2  

4.309 28 39 36 13 A B B B 3 3 / 4  

4.394 27 40 36 13 A B B B 3 1 

3.160 24 34 28 30 A A A A 4 0 

3.398 24 34 28 30 A A A A 4 1/ 4  

3.636 24 34 28 30 A A A A 4 1/ 2  

3.874 24 34 28 30 A A A A 4 3 / 4  

4.111 24 34 28 30 A A A A 4 1 

Table 6: Resulting allocation and consolidation for the hospital case. The tests are conducted with 

varying levels of maximum specialties allowed per ward (  ) and secondary admission penalty (

). 
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ICD-10 code Diagnosis Primary adm. Secondary adm. Sub-diag. 

K80 Cholelithiasis 0.83,0.83,0.83 0.00,0.07,0.00 0.02,1.00,0.02 

K56 Paralytic ileus and 

intestinal 

obstruction without 

hernia 

0.83,0.83,0.83 0.00,0.07,0.00 0.94,0.94,0.94 

K85 Acute pancreatitis 0.83,0.83,0.83 0.00,0.07,0.00 0.05,0.55,0.05 

K35 Acute appendicitis 0.83,0.83,0.83 0.00,0.07,0.00 0.62,0.64,0.62 

J18 Pneumonia, 

organism 

unspecified 

0.84,0.84,0.84 0.00,0.11,0.89 0.52,0.70,0.82 

J96 Respiratory failure, 

not elsewhere 

classified 

0.84,0.84,0.84 0.00,0.11,0.89 1.00,1.00,1.00 

J44 Other chronic 

obstructive 

pulmonary disease 

0.84,0.84,0.84 0.00,0.11,0.89 0.28,0.55,0.72 

J45 Asthma 0.84,0.84,0.84 0.00,0.11,0.89 0.57,0.83,0.74 

I48 Atrial fibrillation 

and flutter 

0.87,0.87,0.87 0.00,0.83,0.97 0.33,0.45,0.77 

I21 Acute myocardial 

infarction 

0.87,0.87,0.87 0.00,0.83,0.97 0.31,0.31,0.31 

I50 Heart failure 0.87,0.87,0.87 0.00,0.83,0.97 0.00,1.00,1.00 
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I26 Pulmonary 

embolism 

0.87,0.87,0.87 0.00,0.83,0.97 0.33,0.71,0.81 

E87 Other disorders of 

fluid, electrolyte 

and acid-base 

balance 

1.00,1.00,1.00 0.00,0.72,0.86 0.00,0.52,1.00 

E86 Volume depletion 1.00,1.00,1.00 0.00,0.72,0.86 0.00,0.42,0.99 

E10 Type 1 diabetes 

mellitus 

1.00,1.00,1.00 0.00,0.72,0.86 0.76,0.98,1.00 

E11 Type 2 diabetes 

mellitus 

1.00,1.00,1.00 0.00,0.72,0.86 0.03,1.00,1.00 

Table 7: Care quality for the four most frequent diagnoses in each medical specialty under max. 

specialties per ward   adjusted from 1 to 3 (separated by commas), and a secondary admission 

penalty = 1/ 2 . 

 

6. Conclusion 

Hospitals must continuously strive to provide the best care for their patients. Due to current 

demographic development, new ways of organizing both resources and patient flow must be 

invented. The increasing prevalence as well as complexity of patients with multiple diseases 

makes more centralized organizational structures an appealing approach for enhancing both 

collaboration and utilization of resources, and recent literature suggests that this is immensely 

beneficial for hospitals as well as their patients (He et al., 2019). 

We follow up on this idea by combining an analysis of associations between diagnoses 
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with a heuristic optimization algorithm. Our aim is to use the associations as a guide to derive 

suggestions for an organizational structure where the medical specialties are consolidated. In order 

to quantify the quality of the solution, we propose to simulate the patient flow and induce a penalty 

whenever a patient is admitted with diagnoses that are not supported by the staff in the ward. In our 

simulation model, we account for the patients that are relocated when bed capacity is in shortage, 

and for the cases where staff from a different specialty may undertake the treatment of the patient. 

Our objective is to derive a consolidation and allocation of resources that minimize the expected 

penalty in the system. 

We tested our approach on data for four different medical specialties, and a total of 258 

diagnoses, from a Danish hospital. The association analysis indicates fairly substantial 

connections between diseases in the circulatory system, and endocrine, nutritional and metabolic 

diseases. The strongest associations appear to exist within the digestive diseases that are separated 

from the remaining three specialties. 

Incorporating the diagnosis associations into our optimization approach, and setting an 

upper limit of two specialties per ward, yields an expected division with circulatory and endocrine, 

nutritional and metabolic diseases on one side; and digestive and respiratory on the other. 

Increasing the upper limit to three specialties separates the digestive diseases from the rest, as 

expected. 

In order to validate the implications of these results for the patients, we calculated the 

fraction of admissions in which the most frequent diagnoses would be able to receive specialized 

care. The results indicate that a consolidation of the wards is greatly beneficial for patients that are 

either relocated or subject to multiple diagnoses. 

These results demonstrate the usefulness of centralizing the organizational structure in a 
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hospital from the perspective of matching the diagnoses with the specialized staff. However, we 

acknowledge that consolidating medical specialties is not an easy task due to the many issues that 

may arise when patients and personnel of various categories are combined. Diagnosis associations 

might further depend on the specific season, geographic region, and the demographic composition 

in the catchment area associated with the hospital. The results obtained from the ARL analysis 

might therefore not generalize to other hospitals, and we recommend that each hospital conduct a 

careful investigation of their patients when employing the suggested methods. Furthermore, our 

case considered patients that were similar from a medical as well as planning perspective, but other 

applications might be more intricate. In this case, we suggest applying our optimization approach 

in separate sets of specialties that are allowed to be mixed. 

For this reason, future work should include analyses of various different patient types, e.g. 

by considering the surgical diagnoses. Moreover, the many practical aspects that were covered by 

Van Essen et al. (2015), Hübner et al. (2016) and Hübner et al. (2018) should be incorporated into 

a framework where monetary costs and penalties related to care delivery are combined to derive a 

solution for the hospital. 
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Specialty Arrivals per day (
i ) Length-of-stay (1/ i ) 

Dig. 6.52 3.85 

Resp. 7.54 4.76 

Circ. 8.41 3.57 

Endo. 2.53 4.35 

Table A.8: Expected number of arrivals per day (
i ) and expected length-of-stay (1/ i ), in days, 

for the four medical specialties, cf. Table 1. 

 

 Dig. Resp. Circ. Endo. Rejected (
i ) 

Dig. - 0.02 0.16 0.08 0.74 

Resp. 0.04 - 0.18 0.10 0.68 

Circ. 0.01 0.04 - 0.20 0.75 

Endo. 0.03 0.03 0.15 - 0.79 

Table A.9: The probability that specialty j  is an alternative to specialty i  ( ijp ). 

Includes the probability that the patient is relocated to treatment outside the system ( i ). 

 

Appendix B. Further results 

ICD-10 

code 

Diagnosis Primary 

adm. 

Secondary 

adm. 

Sub-diag. 

DK80 Cholelithiasis 0.91 0.00 0.02 

DK56 Paralytic ileus and intestinal obstruction 

without hernia 

0.91 0.00 0.95 
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DK85 Acute pancreatitis 0.91 0.00 0.05 

DK35 Acute appendicitis 0.91 0.00 0.63 

DJ18 Pneumonia, organism unspecified 0.92 0.87 0.82 

DJ96 Respiratory failure, not elsewhere classified 0.92 0.87 1.00 

DJ44 Other chronic obstructive pulmonary disease 0.92 0.87 0.71 

DJ45 Asthma 0.92 0.87 0.74 

DI48 Atrial fibrillation and flutter 0.94 0.96 0.76 

DI21 Acute myocardial infarction 0.94 0.96 0.31 

DI50 Heart failure 0.94 0.96 1.00 

DI26 Pulmonary embolism 0.94 0.96 0.80 

DE87 Other disorders of fluid, electrolyte and 

acid-base balance 

0.85 0.86 1.00 

DE86 Volume depletion 0.85 0.86 0.99 

DE10 Type 1 diabetes mellitus 0.85 0.86 1.00 

DE11 Type 2 diabetes mellitus 0.85 0.86 1.00 

Table B.10: Care quality for the four most frequent diagnoses in each medical specialty under max. 

specialties per ward = 3 , and a secondary admission penalty of = 3 / 4 . 

 

Appendix C. Symbols 

Symbol Definition 

 The set of medical specialties. 

  Total expected penalty per time unit. 
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act

ijq  Penalty associated with action-diagnoses. 

sub

ijq  Penalty associated with sub-diagnoses. 

  The penalty act

ijq  equals   when admissions are secondary. 

i  Penalty associated with rejected patients. 

X  Matrix where element {0,1}ijx   indicate the assignment of a specialty i  

to a ward = {1,2, ,| |}j . 

m  Vector where element 
im  indicate the number of beds that are allocated to 

specialty i . 

ijy  Indicates if specialty i  and j  are assigned to the same ward. 

ij  The penalty when specialty i  and j  are not assigned to the same 

ward. 

M  The total number of beds that are available to the hospital. 

i  Arrival rate of specialty i . 

1/ i  Expected length-of-stay of specialty i . 

ijp  Probability that beds in specialty j  are an alternative to beds associated 

with i . 

( )ib m  Shortage probability for beds associated with specialty i . 

ijr  The expected number of patients of specialty i  that are admitted in beds 

associated with specialty j . 

  The maximum number of specialties that are allowed in each ward. 

K  The number of hill climbing attempts. 
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Table C.11:Overview of the essential symbols and definitions. 

 

References 

R. Agrawal and R. Srikant. Fast algorithms for mining association rules. Proceedings of the 20th 

International Conference on Very Large Data Bases, VLDB, pages 487–499, september 1994. 

R. Agrawal, T. Imieliński, and A. Swami. Mining association rules between sets of items in large 

databases. Acm Sigmod Record, 22(2):207–216, 1993. ISSN 19435835, 01635808. doi: 

10.1145/170036.170072. 

A. R. Andersen, B. F. Nielsen, and L. B. Reinhardt. Optimization of hospital ward resources with 

patient relocation using markov chain modeling. European Journal of Operational Research, 

260(1):1152–1163, 2017. ISSN 18726860, 03772217. doi: 10.1016/j.ejor.2017.01.026. 

A. R. Andersen, W. Vancroonenburg, and G. Vanden Berghe. Strategic room type allocation for 

nursing wards through markov chain modeling. Artificial Intelligence in Medicine, 

99:101705, 2019. ISSN 18732860, 09333657. doi: 10.1016/j.artmed.2019.101705. 

K. Barnett, S. W. Mercer, M. Norbury, G. Watt, S. Wyke, and B. Guthrie. Epidemiology of 

multimorbidity and implications for health care, research, and medical education: A 

cross-sectional study. Lancet, 380(9836):37–43, 2012. ISSN 1474547x, 01406736. doi: 

10.1016/S0140-6736(12)60240-2. 

R. A. Baru, E. A. Cudney, I. G. Guardiola, D. L. Warner, and R. E. Phillips. Systematic review of 

operations research and simulation methods for bed management. Iie Annual Conference and 

Expo 2015, pages 298–306, 2015. 

R. Bekker, G. Koole, and D. Roubos. Flexible bed allocations for hospital wards. Health Care 

Management Science, 20(4):453–466, 2017. ISSN 15729389, 13869620. doi: 

Jo
ur

na
l P

re
-p

ro
of

Journal Pre-proof



10.1007/s10729-016-9364-4. 

R. J. Boucherie and N. M. Dijk. Queueing networks: A fundamental approach. Springer, 2011. 

ISBN 978-1-4419-6471-7. doi: 10.1007/978-1-4419-6472-4. 

J. C. Brunson and R. C. Laubenbacher. Applications of network analysis to routinely collected 

health care data: A systematic review. Journal of the American Medical Informatics 

Association, 25(2):210–221, 2018. ISSN 1527974x, 10675027. doi: 10.1093/jamia/ocx052. 

E. K. Burke and K. Graham. Search methodologies: Introductory tutorials in optimization and 

decision support techniques, second edition. Springer US, 2014. ISBN 1461469392, 

1461469406, 9781461469391, 9781461469407. doi: 10.1007/978-1-4614-6940-7. 

G. Castro, R. Salvini, F. A. Soares, A. A. Nierenberg, G. S. Sachs, B. Lafer, and R. S. Dias. 

Applying association rules to study bipolar disorder and premenstrual dysphoric disorder 

comorbidity. Canadian Conference on Electrical and Computer Engineering, 

2018-:8447747, 2018. ISSN 08407789, 25767046. doi: 10.1109/CCECE.2018.8447747. 

C. A. Chou, Q. Cao, S. J. Weng, and C. H. Tsai. Mixed-integer optimization approach to learning 

association rules for unplanned icu transfer. Artificial Intelligence in Medicine, 103:101806, 

2020. ISSN 18732860, 09333657. doi: 10.1016/j.artmed.2020.101806. 

A. M. de Bruin, R. Bekker, L. van Zanten, and G. M. Koole. Dimensioning hospital wards using 

the erlang loss model. Annals of Operations Research, 178(1):23–43, 2010. ISSN 15729338, 

02545330. doi: 10.1007/s10479-009-0647-8. 

J. Feng, X. M. Mu, L. L. Ma, and W. Wang. Comorbidity patterns of older lung cancer patients in 

northeast china: An association rules analysis based on electronic medical records. 

International Journal of Environmental Research and Public Health, 17(23):1–14, 2020. 

ISSN 16604601, 16617827. doi: 10.3390/ijerph17239119. 

Jo
ur

na
l P

re
-p

ro
of

Journal Pre-proof



M. Hahsler, W. Wien, B. Grün, T. Universität Wien, K. Hornik, and W. Wien. arules – a 

computational environment for mining association rules and frequent item sets. 2012. 

J. Han, J. Pei, and M. Kamber. Data mining: concepts and techniques. Elsevier, 2011. 

A. Hübner, M. Walther, and H. Kuhn. Approach to clustering clinical departments. Springer 

Proceedings in Mathematics and Statistics, 169:111–120, 2016. ISSN 21941017, 21941009. 

doi: 10.1007/978-3-319-35132-2_11. 

A. Hübner, H. Kuhn, and M. Walther. Combining clinical departments and wards in 

maximum-care hospitals. Or Spectrum, 40(3):679–709, 2018. ISSN 14366304, 01716468. 

doi: 10.1007/s00291-018-0522-6. 

L. He, S. Chalil Madathil, A. Oberoi, G. Servis, and M. T. Khasawneh. A systematic review of 

research design and modeling techniques in inpatient bed management. Computers and 

Industrial Engineering, 127:451–466, 2019. ISSN 18790550, 03608352. doi: 

10.1016/j.cie.2018.10.033. 

A. B. Jensen, P. Moseley, T. Oprea, S. G. Ellesøe, R. Eriksson, H. Schmock, P. B. Jensen, L. J. 

Jensen, and S. Brunak. Temporal disease trajectories condensed from population-wide 

registry data covering 6.2 million patients. Nature Communications, 5(1):4022, 2014. ISSN 

20411723. doi: 10.1038/ncomms5022. 

A. J. Koné Pefoyo, S. E. Bronskill, A. Gruneir, A. Calzavara, K. Thavorn, Y. Petrosyan, C. J. 

Maxwell, Y. Bai, and W. P. Wodchis. The increasing burden and complexity of 

multimorbidity. Bmc Public Health, 15(1), 2015. ISSN 14712458. doi: 

10.1186/s12889-015-1733-2. 

Y. Lu, S. Chen, Z. Miao, D. Delen, and A. Gin. Clustering temporal disease networks to assist 

clinical decision support systems in visual analytics of comorbidity progression. Decision 

Jo
ur

na
l P

re
-p

ro
of

Journal Pre-proof



Support Systems, 148:113583, 2021. ISSN 18735797, 01679236. doi: 

10.1016/j.dss.2021.113583. 

OECD. Oecd health statistics, 2021. URL 

https://www.oecd.org/health/health-statistics.htm. 

M. Peng, V. Sundararajan, T. Williamson, E. P. Minty, T. C. Smith, C. T. Doktorchik, and H. 

Quan. Exploration of association rule mining for coding consistency and completeness 

assessment in inpatient administrative health data. Journal of Biomedical Informatics, 

79:41–47, 2018. ISSN 15320480, 15320464. doi: 10.1016/j.jbi.2018.02.001. 

G. Piatetsky-Shapiro. Discovery, analysis, and presentation of strong rules. Knowledge Discovery 

in Databases, pages 229–248, 1991. 

N. C. Proudlove. The 85% bed occupancy fallacy: The use, misuse and insights of queuing theory. 

Health Services Management Research, 33(3):110–121, 2020. ISSN 17581044, 09514848. 

doi: 10.1177/0951484819870936. 

S. M. Ross. Introduction to probability models. Academic Press, 2003. ISBN 0125980558, 

9780125980555. 

M. L. Schiøtz, A. Stockmarr, D. Høst, C. Glumer, and A. Frølich. Social disparities in the 

prevalence of multimorbidity - a register-based population study: A register-based population 

study. B M C Public Health, 17(1):422, 2017. ISSN 14712458. doi: 

10.1186/s12889-017-4314-8. 

K. Srinivasan, F. Currim, and S. Ram. Predicting high-cost patients at point of admission using 

network science. Ieee Journal of Biomedical and Health Informatics, 22(6):1970–1977, 2018. 

ISSN 21682208, 21682194. doi: 10.1109/JBHI.2017.2783049. 

UN. United nations – world population ageing, 2020. URL 

Jo
ur

na
l P

re
-p

ro
of

Journal Pre-proof



https://www.un.org/development/desa/pd/sites/www.un.org.develo

pment.desa.pd/files/undesa_pd-2020_world_population_ageing_hig

hlights.pdf. 

J. T. Van Essen, M. van Houdenhoven, and J. L. Hurink. Clustering clinical departments for wards 

to achieve a prespecified blocking probability. Or Spectrum, 37(1):243–271, 2015. ISSN 

14366304, 01716468. doi: 10.1007/s00291-014-0368-5. 

S. H. Van Oostrom, R. Gijsen, I. Stirbu, J. C. Korevaar, F. G. Schellevis, H. S. J. Picavet, and N. 

Hoeymans. Time trends in prevalence of chronic diseases and multimorbidity not only due to 

aging: Data from general practices and health surveys. Nederlands Tijdschrift Voor 

Geneeskunde, 161(34):D1429, 2017. ISSN 18768784, 00282162. 

W. Vancroonenburg, P. De Causmaecker, and G. Vanden Berghe. Chance-constrained admission 

scheduling of elective surgical patients in a dynamic, uncertain setting. Operations Research 

for Health Care, 22:100196, 2019. ISSN 22116931, 22116923. doi: 

10.1016/j.orhc.2019.100196. 

W. Veneklaas, A. G. Leeftink, P. H. van Boekel, and E. W. Hans. On the design, implementation, 

and feasibility of hospital admission services: The admission lounge case. Omega (united 

Kingdom), 100:102308, 2021. ISSN 18735274, 03050483. doi: 

10.1016/j.omega.2020.102308. 

T. Wang, R. G. Qiu, M. Yu, and R. Zhang. Directed disease networks to facilitate multiple-disease 

risk assessment modeling. Decision Support Systems, 129:113171, 2020. ISSN 18735797, 

01679236. doi: 10.1016/j.dss.2019.113171. 

Y. Wang and F. Wang. Association rule learning and frequent sequence mining of cancer 

diagnoses in new york state. Lecture Notes in Computer Science (including Subseries Lecture 

Jo
ur

na
l P

re
-p

ro
of

Journal Pre-proof



Notes in Artificial Intelligence and Lecture Notes in Bioinformatics), 10494:121–135, 2017. 

ISSN 16113349, 03029743. doi: 10.1007/978-3-319-67186-4_10. 

J. L. Warner, J. C. Denny, D. A. Kreda, and G. Alterovitz. Seeing the forest through the trees: 

Uncovering phenomic complexity through interactive network visualization. Journal of the 

American Medical Informatics Association, 22(2):324–329, 2015. ISSN 1527974x, 

10675027. doi: 10.1136/amiajnl-2014-002965. 

WHO. International statistical classification of diseases and related health problems 10th revision. 

https://icd.who.int/browse10/2019/en, 2021. Accessed: 2021-09-14. 

P. Yadav, M. Steinbach, V. Kumar, and G. Simon. Mining electronic health records (ehrs): A 

survey. Acm Computing Surveys, 50(6):85, 2018. ISSN 15577341, 03600300. doi: 

10.1145/3127881. 

C. Zhao, J. Jiang, Y. Guan, X. Guo, and B. He. Emr-based medical knowledge representation and 

inference via markov random fields and distributed representation learning. Artificial 

Intelligence in Medicine, 87:49–59, 2018. ISSN 18732860, 09333657. doi: 

10.1016/j.artmed.2018.03.005. 

  

Jo
ur

na
l P

re
-p

ro
of

Journal Pre-proof



Conflict of interest 

There are no conflicts of interest to declare. 

  

Jo
ur

na
l P

re
-p

ro
of

Journal Pre-proof



Highlights 

 • We provide an approach for optimizing the organizational structure in a hospital. 

 • The optimized structure accounts for inpatient diagnoses. 

 • The solution is derived using simulation and a heuristic algorithm. 

 • Associations between patient diagnoses are analyzed using Association Rule Learning. 
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