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A B S T R A C T   

Food waste contributes significantly to greenhouse emissions and represents a substantial portion of overall 
waste within hospital facilities. Furthermore, uneaten food leads to a diminished nutritional intake for patients, 
that typically are vulnerable and ill. Therefore, this study developed mathematical models for constructing 
patient meals in a 1000-bed hospital located in Florida. The objective is to minimize food waste and meal- 
building costs while ensuring that the prepared meals meet the required nutrients and caloric content for pa-
tients. To accomplish these objectives, four mixed-integer programming models were employed, incorporating 
binary and continuous variables. The first model establishes a baseline for how the system currently works. This 
model generates the meals without minimizing waste or cost. The second model minimizes food waste, reducing 
waste up to 22.53 % compared to the baseline. The third model focuses on minimizing meal-building costs and 
achieves a substantial reduction of 37 %. Finally, a multi-objective optimization model was employed to 
simultaneously reduce both food waste and cost, resulting in reductions of 19.70 % in food waste and 32.66 % in 
meal-building costs. The results demonstrate the effectiveness of multi-objective optimization in reducing waste 
and costs within large-scale food service operations.   

1. Introduction 

Over the course of centuries, human endeavors have contributed to 
the evolution of global society and economy. However, this has had 
detrimental impacts on the environment. The healthcare system alone is 
estimated to cause 1–5% of total global environmental damage (Lenzen 
et al., 2020) and bears significant responsibility for the emission of air 
pollutants. It is the source of 12 % of acid rain, and 10 % of smog for-
mation (Eckelman and Sherman, 2016). Furthermore, healthcare waste 
is infectious, potentially endangering human health (Coban et al., 2023). 
In the US, the healthcare system generates 8.4 kg of waste per bed daily 
(Minoglou et al., 2017). 

The extent of food waste within hospital settings exceeds that of any 
other food service sector by a factor of 2–3 (Dias-Ferreira et al., 2015). 
Moreover, food waste accounts for slightly less than one-fourth of 
municipal solid waste (Synani et al., 2021), and in certain hospital set-
tings, it represents the most substantial portion of the overall waste 
stream (Carino et al., 2020). In Vietnam, for instance, a study indicated 
that 25 % of the overall waste generated consists of food or originates 

from kitchen-related sources (Diaz et al., 2008). 
Numerous stages of food processing, such as ingredient trans-

portation, food preparation, and food left uneaten, significantly 
contribute to this issue. However, in this study, the term “food waste” 
refers to food served to patients that goes unconsumed, which consti-
tutes a noteworthy proportion of approximately 30 % and can account 
for up to 65 % of all food served (Williams and Walton, 2011). 

A study conducted at a 1000-bed hospital in the state of Georgia in 
the US demonstrated that on average 29 tons of food waste are gener-
ated annually (Alshqaqeeq et al., 2017). Comparable patterns have been 
observed in other countries. For instance, a study in Bangladesh revealed 
that food waste accounted for 74 % of all medical waste in a hospital 
(Hossain et al., 2014). Similarly, a study of three hospitals in Italy 
estimated that 41.6 % of food served to patients was discarded (Schia-
vone et al., 2019). In Portugal, another study revealed that hospitals 
across the country dispose of roughly 8.7 thousand tons of food waste 
annually (Dias-Ferreira et al., 2015). This indicates significant 
mismanagement of resources, given that food waste is predominantly 
disposed of in landfills (ElBilali and Ben Hassen, 2020) or sewerage 
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systems (Mbongwe et al., 2008). 
The exploration of medical food waste in the literature primarily 

revolves around the measurement and mitigation of food waste. Most 
studies adopted strategies where the amount of food waste was 
measured before and after a modification in the system. The applied 
modifications include patient autonomy in portion selection (Ofei et al., 
2014), the provision of dining rooms (Williams and Walton, 2011), the 
adoption of texture-modified diets (Razalli et al., 2021), and the 
development of room service delivery (McCray et al., 2018; Kuperberg 
et al., 2008). 

The implementation of room service in a public adult facility in 
Australia resulted in a decrease of 13 % in the overall average food waste 
(McCray et al., 2018). The study concluded that this strategy led to cost 
savings in patient food expenditures, while enhancing energy and pro-
tein intake, and improving patient satisfaction levels. 

The same initiative was implemented in a pediatric hospital in 
Canada (Kuperberg et al., 2008). As a result, cost reductions of 36 % at 
breakfast, 29 % at lunch, and 19 % at dinner, and a 23 % reduction in 
food waste were generated. The caloric intake was also reduced, and 
patients’ satisfaction increased. 

In Strotmann et al. (2017), the researchers aimed to reduce food 
waste at three locations: a hospital, the hospital cafeteria, and a resi-
dential home. The involvement of employees was integral to the 
formulation and execution of measures aimed at waste reduction, which 
include raising awareness among employees regarding food waste, 
establishing continuous feedback mechanisms throughout the supply 
chain, and adjusting portion sizes based on target-specific standards and 
requirements. The implementation of these strategies yielded a sub-
stantial decrease in average waste rates: a reduction from 21.4 % to 13.4 
% in the residential home and from 19.8 % to 12.8 % in the cafeteria. 

A study carried out in Wales indicated that patients were asked about 
their preference for consuming a hot meal, yet this information was not 
utilized to adjust the quantity of food prepared, leading to an over-
estimation of the required meal count (Sonnino and McWilliam, 2011). 
Additional insights derived from this study indicate that insufficient 
staffing capabilities hindered the accommodation of patient choices. 
Furthermore, inadequate descriptions of the menu, deficiencies in 
infrastructure, and the overall substandard quality of the hospital meal 
service were factors contributing to the generation of food waste. 

Other investigations have explored the establishment of a circular 
economy through the practice of composting food waste, an environ-
mentally mindful approach to waste diversion (Amodeo and Klimas, 
2021). This approach facilitates the restoration of nutrients to the soil, 
facilitating subsequent food production. In developed countries, several 
commonly employed methods for managing waste, including infectious 
healthcare waste, are: autoclaving, microwave chemical disinfection, 
incineration, and ground disposal (Diaz et al., 2005). Additionally, 
Torkayesh et al. (2021) suggest using stratified multi-criteria decision- 
making methods (MCDM) for waste disposal, which considers 
uncertainty. 

Within the realm where medical waste and optimization intersect, 
Michlowicz (2012) presents a model that aims to optimize the transport 
and production process pertaining to medical waste. Furthermore, other 
studies have examined the association between the generation of food 
waste and several patient-related factors, including the dietary patterns 
of patients (Gomes et al., 2020). 

1.1. Contributions 

When reviewing the existing literature, the significant gap in 
addressing the issue of food waste management becomes evident, 
particularly in the context of meal planning for patients. While many 
studies have quantified the extent of waste generated, they frequently 
fail to consider the cost and to propose methods to manage or mitigate 
the food waste. On the other hand, articles suggesting how to minimize 
waste were mostly practice-based and lacked mathematical frameworks 

that could provide a comprehensive analysis. 
Furthermore, the limited research on this topic containing mathe-

matical models addressed the transport and production process, leaving 
a substantial void in optimizing meal planning. This highlights the need 
for optimization models supporting the design of meals for patients, 
guaranteeing the fulfillment of the nutritional and caloric requirements, 
and reducing food waste and meal-building costs. 

This paper aims to address the aforementioned gap by presenting a 
comprehensive and solution-oriented framework to optimize patient 
meal planning. Concretely, the study aims to:  

1. Develop mathematical models to minimize food waste and meal- 
building costs, enhancing overall system efficiency and reducing 
adverse environmental impacts. Single-objective and multi-objective 
models will help quantify the extent of improvement achievable.  

2. Provide weekly meal plans tailored to patients’ specific nutritional 
and caloric requirements and customized to their age, gender, ward, 
and dietary needs.  

3. Validate the applicability of the models with real-world data, 
ensuring that the developed framework can be replicated across 
various hospital settings, accommodating different patient demands 
and dietary needs. 

The obtained insights shed light on the unsolved issue of food waste 
generation in the healthcare system. Furthermore, this paper presents 
the first model designed to minimize food waste and meal-building costs 
in healthcare facilities. Ultimately, this study directs and expands the 
efforts of the operations research and management science societies 
within the healthcare sector. 

2. Methods 

This study applies mixed-integer programming (MIP) models for 
single and multi-objective optimization, with the food waste and the 
cost of building the meals of the patients being the two objectives to 
minimize. 

2.1. Model description 

The model generates a weekly meal plan for all patients admitted to 
the hospital, categorizing them by age range, gender, diet, and ward. Let 
Δ,Ω,D, and P denote the sets of days of the week, wards, diets, and 
patient profiles, respectively. The notations δ ∈ Δ,ω ∈ Ω, σ ∈ D, and ρ ∈

P will represent specific instances from these sets. 
Furthermore, the model incorporates a scenario where patients have 

food intolerance. Let V be the set of food intolerance scenarios, where 
each scenario α is an element of V. The set has two elements: α = 0 and α 
= 1. The scenario where patients have food intolerance is α = 1, and in 
this case, the composition of the meals is adjusted to avoid food items 
that could potentially cause intolerance. Conversely, α = 0 denotes the 
scenario where the patients do not have food intolerance, and therefore 
there is no restriction of food items. Let I be the set of eligible food items 
that can be included in a patient’s meal, where each food item i is an 
element of I. The binary parameter ai indicates whether the food item i ∈
I causes intolerance. In the case of patients with food intolerance, these 
food items are excluded from their meals. The demand for each category 
of patient is denoted as qσαδ

ρω . 
The meals were designed to fulfill the nutrient and caloric re-

quirements of each category of patient according to age range, gender, 
diet, and ward. Let U be the set of food nutrients to be considered, where 
each food nutrient μ is an element of U, and S be the set of food groups, 
where each food group τ is an element of S. Each patient requires rμρ 
grams of nutrient μ ∈ U, a caloric intake ranging from bρ to tρ calories, 
and a minimum percentage eρτ of the food group τ ∈ S present in their 
meal. The binary parameter giτ indicates whether the food item i ∈ I 

M. Arriz-Jorquiera et al.                                                                                                                                                                                                                      



Waste Management 175 (2024) 12–21

14

belongs to the food group τ ∈ S. 
Each unit of food item i ∈ I has a cost of ci dollars, contains pi calo-

ries, and has niρ grams of food nutrient μ ∈ U. The waste percentage of 
food item i ∈ I per patient with profile ρ ∈ P on ward ω ∈ Ω is denoted as 
wiωρ. 

The model contains continuous and binary variables. The continuous 
variable xρσδ

iωα represents the amount of food item i ∈ I that should be 
served to a patient from ward ω ∈ Ω, considering food intolerance sce-
nario α ∈ V, profile ρ ∈ P, diet σ ∈ D, on day δ ∈ Δ. The binary variable 
yρσδ

iωα takes the value of 1 if the food item i is served to the patient and 0 
otherwise. 

Some of the constraints of the model are applied to specific instances 
of each set. For that purpose, let σ′ represent the low-sodium diet, σ″ 

represent the vegetarian diet, μ′ represent sodium in the food nutrients, 
and τ′ represent the food group protein. Moreover, some constraints 
were applied to subsets of each set. Consequently, let I′ represent the 
subset of food items containing meat, D′ represent the subset of regular 
and low-sodium diets, and Δ′ represent the subset of consecutive days 
that each meal should not be repeated for a patient. To assist the reader, 
the sets, parameters, and variables of the model are given in the 
Appendix. 

2.2. Mathematical formulation 

The optimization models applied in this study aim to build the 
optimal meal that satisfies the caloric and nutritional requirements of 
distinct populations. The optimality of the meal is contingent upon the 
objective function selected, which may involve minimizing food waste, 
reducing the costs associated with meal construction, or a combination 
of both factors. 

2.2.1. Objectives 

2.2.1.1. Minimizing food waste. The objective function (1) aims to 
minimize the summation of food items i ∈ I to be served to patients in 
ward ω ∈ Ω, considering food intolerance scenario α ∈ V, with profile 
ρ ∈ P, following diet σ ∈ D, on day δ ∈ Δ of the week, multiplied by the 
number of patients qσαδ

ρω and by the percentage of food item i wasted per 
patient denoted by wiωρ. The summation is performed for all combina-
tions of food items, wards, food intolerance scenarios, patient profiles, 
diets, and days of the week. This represents the total food waste. 

Min
∑

i∈I

∑

ω∈Ω

∑

α∈V

∑

ρ∈P

∑

σ∈D

∑

δ∈Δ
xρσδ

iωαqσαδ
ρω wiωρ (1)  

2.2.1.2. Minimizing the meal-building costs. Objective function (2) aims 
to minimize the summation of food items i ∈ I to be served to patients on 
ward ω ∈ Ω, considering food intolerance scenario α ∈ V, with profile 
ρ ∈ P, following diet σ ∈ D, on day δ ∈ Δ of the week, multiplied by the 
quantity of patients qσαδ

ρω and by ci, the cost of food item i ∈ I. The 
summation is performed for all combinations to capture the overall 
meal-building costs. 

Min
∑

i∈I

∑

ω∈Ω

∑

α∈V

∑

ρ∈P

∑

σ∈D

∑

δ∈Δ
xρσδ

iωαqσαδ
ρω ci (2)  

2.2.2. Constraints 
This section introduces the constraints of the MIP formulation. 
Equation (3) guarantees that the food served contains the essential 

nutrients required by each patient per meal. This condition holds for 
every food nutrient μ ∈ U for all patients. The calculation of the received 
nutrients involves the multiplication of the units of food received by 
their corresponding nutrient values. 

∑

i∈I
xρσδ

iωαniμ ≥ rμρ ∀ μ ∈ U,ω ∈ Ω, α ∈ V, ρ ∈ P, σ ∈ D,

δ ∈ Δ
(3) 

Equations (4) and (5) ensure that the caloric content of each meal 
remains within the prescribed range for all patient categories, avoiding 
deficiencies and excesses. 

Equation (4) states that the product of the quantity of food served in 
the meal xρσδ

iωα and the caloric content pi of such quantity must be equal to 
or exceed the minimum caloric requirements bρ for each category of 
patient. 
∑

i∈I
xρσδ

iωαpi ≥ bρ ∀ ω ∈ Ω, α ∈ V, ρ ∈ P, σ ∈ D, δ ∈ Δ (4) 

Constraint (5) states that the product of the quantity of food served in 
the meal xρσδ

iωα and the caloric content pi of such quantity must be equal to 
or less than the maximum caloric requirements tρ for each category of 
patient. 
∑

i∈I
xρσδ

iωαpi ≤ tρ ∀ ω ∈ Ω, α ∈ V, ρ ∈ P, σ ∈ D, δ ∈ Δ
(5) 

In equation (6), for each food group τ ∈ S, ward ω ∈ Ω, patient 
profile ρ ∈ P, diet σ ∈ D, and day δ ∈ Δ, the summation of the amount of 
all food items i ∈ I multiplied by the binary parameter giτ determines the 
total quantity of food in that particular food group for the given patient 
category. This outcome should be greater than or equal to the minimum 
required for the given patient category, which is determined by the 
summation of the amount of all food items i ∈ I multiplied by the min-
imum proportion associated with the respective food group, represented 
by eρτ. Therefore, the amount of food in the meal meets the minimum 
required amount of each food group for all patient categories. 
∑

i∈I
xρσδ

iωαgiτ ≥
∑

i∈I
xρσδ

iωαeρτ ∀ ω ∈ Ω, α ∈ V, ρ ∈ P, σ ∈ D, δ ∈ Δ, τ ∈ S
(6) 

Constraint (7) states that the sum of the multiplication of the quan-
tity of food item i ∈ I served to patients adhering to the low-sodium diet 
xρσ′δ

iωα and the sodium content present in that particular quantity of food 
niμ′ must be equal to or less than the maximum permissible sodium intake 
for patients following such diet so they will not surpass the prescribed 
sodium limit. 
∑

i∈I
xρσ’δ

iωα niμ’ ≤ F ∀ ω ∈ Ω, α ∈ V, ρ ∈ P, δ ∈ Δ (7) 

In constraint (7), σ′ represents the low-sodium diet, μ′ represents 
sodium in the food nutrients, and F is the maximum amount of sodium 
that can be ingested during one meal by patients following the low- 
sodium diet. 

Equation (8) is implemented among individuals following the 
vegetarian diet and assures there is zero animal meat present in their 
meals. 

xρσ’’δ
iωα = 0 ∀ i ∈ I’,ω ∈ Ω, α ∈ V, ρ ∈ P, δ ∈ Δ (8) 

In equation (8), σ″ represents the vegetarian diet and I′ represents the 
food items containing meat. 

Constraint (9) guarantees that the meals of patients with food 
intolerance do not include food items with the potential to trigger the 
intolerance. 

xρσδ
iω1ai = 0 ∀ i ∈ I,ω ∈ Ω, ρ ∈ P, σ ∈ D, δ ∈ Δ (9) 

In constraint (9), ai is a binary parameter indicating whether the food 
item is likely to cause food intolerance. 

Expression (10) ensures that each meal will contain one type of 
protein. In this equation, τ′ represents the food group protein. 
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∑

i∈I
yρσδ

iωαgiτ’ ≤ 1 ∀ ω ∈ Ω, α ∈ V, ρ ∈ P, σ ∈ D, δ ∈ Δ (10) 

Constraint (11) ensures that consecutive meals provided to patients 
at the facility are not identical. This constraint promotes dietary di-
versity in terms of protein composition across the designated days for 
most diets. The binary variable yρσδ

iωα indicates if the food item i ∈ I was 
included in the meal of a specific patient category. Additionally, the 
binary parameter giτ′ denotes whether the food item i ∈ I belongs to the 
food group τ ∈ S. To limit the presence of each protein to one of the 
selected days, the summation over the days is restricted to less than or 
equal to 1. 
∑

δ∈Δ’
yρσδ

iωαgiτ’ ≤ 1 ∀ i ∈ I,ω ∈ Ω, α ∈ V, ρ ∈ P, σ ∈ D’ (11) 

In equation (11), Δ′ represents the consecutive days that the meal 
should not be repeated, τ′ represents the food group protein, and D′ the 
set of diets for which this constraint will be applicable. 

Furthermore, there is interdependency among the variables xρσδ
iωα and 

yρσδ
iωα because yρσδ

iωα assumes the value 1 when xρσδ
iωα is greater than 0, and 

conversely, yρσδ
iωα is 0 when xρσδ

iωα is 0. For this relationship to be applicable, 
the following constraints are needed: 

The variable yρσδ
iωα will take the value 1 if the variable xρσδ

iωα is positive, 
as indicated by constraint (12). This condition can be enforced by using 
the big M technique. When xρσδ

iωα is positive, the product of yρσδ
iωα and M 

must exceed the value of xρσδ
iωα. Given that yρσδ

iωα is a binary variable, this 
condition is only satisfied when yρσδ

iωα assumes the value 1. 

xρσδ
iωα ≤ yρσδ

iωαM ∀ i ∈ I,ω ∈ Ω, α ∈ V, ρ ∈ P, σ ∈ D, δ ∈ Δ (12) 

Constraint (13) uses the small m technique to guarantee the assign-
ment of the value 0 to variable yρσδ

iωα if x
ρσδ
iωα equals 0. To satisfy this con-

dition, the product of the value of yρσδ
iωα and m must be less than or equal to 

xρσδ
iωα. Consequently, when xρσδ

iωα is 0, the value of yρσδ
iωα will be 0. 

yρσδ
iωαm ≤ xρσδ

iωα ∀ i ∈ I,ω ∈ Ω, α ∈ V, ρ ∈ P, σ ∈ D, δ ∈ Δ (13) 

Finally, the domain of the variables is expressed in the constraints 
(14) and (15): 

xρσδ
iωα ∈ ℝ+ ∀ i ∈ I,ω ∈ Ω, α ∈ V, ρ ∈ P, σ ∈ D, δ ∈ Δ (14)  

yρσδ
iωα ∈ [0, 1] ∀ i ∈ I,ω ∈ Ω, α ∈ V, ρ ∈ P, σ ∈ D, δ ∈ Δ (15)  

2.2.3. Settings 
The model was executed under four configurations, all of which 

satisfy the nutritional requirements for each type of patient. The first is a 
feasibility problem that aims to construct the meals without minimizing 
food waste or cost. In this setting, the solver minimizes a constant that 
does not force the variables’ values in any specific direction. The result is 
a feasible solution that adheres to the given constraints, representing the 
baseline or reference point. According to the literature, these results 
approximate the system’s current state (Alshqaqeeq et al., 2017; Diano, 
2023). 

The second and third configurations shall be denoted as waste 
reduction and cost reduction, respectively. The former minimizes the food 
waste, while the latter minimizes the costs associated with the meals. 
Finally, the multi-objective model employs the perpendicular search 
technique to simultaneously minimize both objectives. The point where 
minimal waste and minimal cost meet is an unattainable solution and 
will be called the utopian point. It does not represent a feasible solution. 
Subsequently, the closest attainable solution to the utopian point, 
determined via Euclidean distance calculation, shall be regarded as the 
best trade-off solution and will be called the multi-objective setting. 

Each computational model generates individualized meals contain-
ing precise quantities of diverse food items based on a patient’s specific 

dietary requirements, hospital ward, and food intolerance, for each day 
of the week. The model precisely crafts dishes (for example, fish with 
potatoes, rice, and lettuce) by specifying the quantities of each food 
item. This process ensures a personalized and diverse weekly menu, 
reflecting the patient’s specific dietary needs. The generation of meals 
involves meticulous consideration of several factors, and the model’s 
ability to specify both the dishes and their respective portions contrib-
utes to the creation of tailored, nutritionally balanced menus aligned 
with individual patient restrictions. 

The system provides users with valuable insights about the con-
struction of the meal, the extent of food waste, the meal-building costs, 
and the distribution of food groups within the meal. Furthermore, users 
can explore the interactions considered by the mathematical framework, 
such as searching for a particular patient profile, ward, or diet, and 
evaluate the corresponding meal composition. Additionally, the model 
enables users to assess the fulfillment of nutritional requirements for a 
specific patient profile through appropriate filtering mechanisms. 

3. Case study 

This section provides a case study centered around a 1000-bed 
hospital located in Florida. The utilized data originates from the 2018 
Healthcare Cost and Utilization Project State Inpatient Databases (HCUP 
SID) (Agency for Healthcare Research and Quality, 2018), including 
patient demographics in terms of gender and age group. Inferences were 
made regarding the appropriate medical ward allocation based on the 
conditions of each patient. Patients diagnosed with cancer were allo-
cated to the oncology ward, those aged 17 and under were allocated to 
the pediatric ward, patients with orthopedic diagnoses were allocated to 
the orthopedic ward, and the remaining patients were allocated to the 
general medicine ward. 

Regarding dietary interventions, individuals diagnosed with hyper-
tension and cardiovascular diseases were assigned to the low-sodium 
diet. The limit in terms of sodium consumption for these patients was 
obtained from the California Department of Social Services (In-Home 
Supportive Services Training Academy). Moreover, 3.2 % of adult males 
and 3.5 % of adult females were assigned to follow the vegetarian diet, 
as a 2016 National Poll revealed that those are the percentages of 
vegetarian adults in the US (The Vegetarian Resource Group, 2016). The 
remaining patients were assigned to follow a regular diet. 

Regardless of the diet followed by each patient, the proportion of 
each food group present in the meal was lower-bounded according to the 
USDA’s guidelines (US Department of Agriculture MyPlate). Moreover, 
the waste percentage of the food items according to each patient profile 
was obtained from Gomes et al. (2020). 

The model was developed to meet the nutritional and caloric needs 
of individual patients. In this case study, a set of 25 essential food nu-
trients was obtained from the NIH Office of Dietary Supplements (2019). 
This online resource provides information on the minimal requirement 
of each nutrient for various patient profiles. To identify appropriate food 
sources to satisfy the specified nutrient requirements, the USDA Food 
Data Central database was utilized. This database provides compre-
hensive information on the nutrient composition of different food items. 
To determine the caloric requirements, data was obtained from the NIH 
National Library of Medicine (2022). To simulate a typical meal, the 
daily nutrient and caloric needs were divided by three, assuming a pa-
tient consumes three meals per day. The cost per food item was obtained 
from the USDA Economic Research Service (2023) and the Statista 
website (Statista). 

For this formulation, the elements of each set are presented in 
Table 1 from the supplemental material. Among the assortment of food 
items contemplated for this formulation, a subgroup comprising eggs, 
milk, wheat bread, white bread, and peanut butter was considered to 
potentially generate intolerance or allergies. Hence, the parameter ai 
will take the value 1 when i represents any of these food items, and none 
of them will be added to the meals in the food intolerance setting α = 1. 
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This model can be replicated across diverse contexts, with the parame-
ters tailored to suit individual requirements. 

Furthermore, the vegetarian diet requires the exclusion of animal- 
derived food items, which make up a large proportion of the items 
categorized as protein sources. Therefore, the implementation of 
constraint (16), which promotes diversity in the meals, was employed 
for all diets except vegetarian. 

The parameter M was assigned a value of 25 to prevent the occur-
rence of x assuming this specific value, thereby avoiding the generation 
of a meal containing 2.5 kg of food. Conversely, the parameter m was set 
to 0.05, ensuring a modest value of 5 g, as an excessively low magnitude 
would lead to the formulation of an impractical meal configuration in 
the context of food preparation in a hospital kitchen setting. 

The mathematical formulation yields customized weekly lunch plans 
for distinct patient categories, generating over 300 unique meal com-
binations daily. This diversity arises from the consideration of 14 pro-
files, 4 wards, 3 types of diets, and 2 food intolerance scenarios. To 
facilitate analysis, the present study narrows down the 14 profiles to 
three: adult females, adult males, and children. Therefore, let the 
following be the case of two patients: a male aged 15 and a female aged 
16; both patients fall within the category of “children.” According to 
established guidelines, male patients between the ages of 14 and 18 need 
a daily intake of no less than 0.9 mg of vitamin A, whereas female pa-
tients within the same age range require a minimum of 0.7 mg (National 
Institutes of Health, 2019). As both patients belong to the same cohort, 
children, it is imperative that their dietary provisions meet the re-
quirements of both genders. Consequently, both patients’ meals will 
contain a minimum of 0.9 mg of vitamin A. 

4. Results and discussion 

The results were obtained by employing the programming language 
Julia 1.8.2 and Gurobi 9.5.2 using a Dell Precision 5820 with an Intel(R) 
Core(TM) i9-10920X CPU @ 3.50 GHz, 128 GB of RAM, and 64-bit 
Windows 10 Enterprise. The model was implemented on the specified 
dataset and configurations described in the case study. Notably, a total 
of 72 meal combinations (three patient profiles, four medical wards, 
three types of diet, two food intolerance scenarios) were simulated per 
day to generate weekly lunch meals, encompassing diverse food options. 

The baseline setting determined the total amount of waste generated 
by the hospital within a weekly timeframe, resulting in 501.80 kg. This 
translates to approximately 28.76 tons of annual waste, which aligns 
closely with the literature citing a value of 29 tons per year (Alshqaqeeq 
et al., 2017). The cost obtained for this setting is $7,794.77 per week, 
and $405,328.04 in a year. 

Subsequently, the waste and cost reduction models presented the 
following weekly results: 388.74 kg of food waste and a cost of 
$6,282.51 for the waste reduction model and 439.71 kg of food waste 
and a cost of $4,911.01 for the cost reduction model. 

Finally, the multi-objective setting was implemented. Fig. 1 illus-
trates the non-dominated frontier for the food waste and the associated 
cost of meal construction in the multi-objective setting. The curve con-
tains a finite set of 787 feasible solutions that optimize the trade-off 
between the two objectives. However, as previously noted, attaining 
the utopian point is unfeasible. Hence, from all the points in the non- 
dominated frontier, the multi-objective setting was determined by the 
best trade-off solution, calculated with the minimum Euclidean distance 
to the utopian point, as outlined in Rossit et al. (2021), and Deshpande 
et al. (2013). The variables were normalized to account for the distinct 
units of measurement employed (kilograms and dollars). The results 
obtained for this solution are 402.96 kg of food waste and a cost of 
$5,249.15 per week. However, the selection of the best trade-off solu-
tion is contingent upon the specific conditions and requirements of the 
analyzed system. 

Compared to the baseline, the waste reduction setting exhibits a 
decrease of 113.06 kg in food waste and cost savings of $1,512.26 per 

week. Similarly, the cost reduction setting yields savings of $2,883.76, 
while reducing food waste by 62.09 kg per week compared to the 
baseline. Notably, the multi-objective setting mitigates both food waste 
and cost, exhibiting 98.84 kg of food waste reduction and savings of 
$2,545.62 per week. 

Over the course of a 12-month period, the baseline setting is esti-
mated to produce 26,093.60 kg (equivalent to 28.76 tons) of food waste, 
the waste reduction setting 20,214.48 kg (22.28 tons), the cost reduction 
setting 22,864.92 kg (25.20 tons), and the multi-objective setting 
20,953.92 kg (23.10 tons). Compared to the baseline, the multi- 
objective setting demonstrates a reduction of 5,139.68 kg (5.66 tons) 
in annual food waste. 

Likewise, the expenses associated with meal construction within the 
span of 1 year are estimated to amount to $405,328.04 for the baseline 
setting, $326,690.52 for the waste reduction setting, $255,372.52 for 
the cost reduction setting, and $272,955.80 for the multi-objective 
setting. This last setting presents annual savings of $132,372.24 in 
contrast to the baseline. The values of food waste (kilograms) and cost 
(dollars) obtained per meal are aggregated for each setting in Table 1. 
Since patients have different profiles, the table provides the average 
results and includes the standard deviation as a reference of the 
variability. 

Table 2 presents a comprehensive analysis of food waste generation 
per meal across various wards and diets. There are different patient 
profiles under each ward and diet, e.g., under the medicine ward, there 
are male and female patients who follow different diets and have 
different food intolerance conditions. Therefore, the table provides the 
mean and the standard deviation representing the central tendency and 
the variability on the food waste and the meal-building costs. All wards 
and diets within the multi-objective model exhibit improvements in food 

Fig. 1. The curve shows all optimal solutions when minimizing the two ob-
jectives: food waste and meal-building costs. 

Table 1 
Minimum waste and cost for each setting.  

Setting FW per meal (kg) Cost per meal ($) 

Avg SD Avg SD 

Baseline  0.16  0.03  2.53  0.65 
Waste reduction  0.13  0.02  2.04  0.56 
Cost reduction  0.14  0.03  1.59  0.56 
Multi-objective  0.13  0.02  1.70  0.60 

Abbreviations: FW = food waste; kg = kilograms; $ = dollars; Avg = average; 
SD = standard deviation  
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waste reduction compared to the baseline scenario. Notably, in both the 
baseline and multi-objective settings, the medicine and oncology wards 
exhibit the lowest food waste production, and the pediatric ward the 
highest. Furthermore, in the baseline scenario, the vegetarian diet 
generates the highest food waste, while the low-sodium diet yields the 
least waste. Conversely, in the multi-objective context, the low-sodium 
diet results in the least and the regular diet in the most food waste. 

Table 3 provides a detailed breakdown of the expenditure per meal 
incurred by each ward and diet in the multi-objective and baseline 
settings. Once again, the multi-objective model demonstrated cost sav-
ings when compared to the baseline for all wards and diets. Among the 
wards, orthopedics incurs the highest meal-related expenses and the 
pediatric ward the lowest. In the baseline scenario, the vegetarian diet 
produces the highest meal-building costs and the regular diet with the 
lowest. Conversely, in the multi-objective setting, the vegetarian diet 
has the lowest meal-related costs while the low-sodium diet the highest. 
Fig. 2 provides a visual representation of the improvement observed in 
the multi-objective setting for reduction of food waste and meal- 
building costs per ward and diet compared to the baseline. 

The figure reveals analogous patterns of waste and cost reduction in 
the medicine, oncology, and orthopedic wards. However, the pediatric 
ward exhibits the least reduction in cost and the most significant 
decrease in waste. This outcome can be attributed to the large food 
waste generated in this ward under baseline conditions, which provides 
the greatest potential for improvement. In contrast, the cost reduction 
possibilities appear limited given the already low cost on this ward. The 
results shown in the graph for the low-sodium and regular diets are 
similar. In contrast, the vegetarian diet exhibits the largest reduction in 
both variables. This outcome might be because the vegetarian diet has 
the highest food waste and cost in the baseline setting, which offers the 
greatest potential for improvement. 

The models facilitate a comprehensive examination of the intricate 
aspects pertaining to the macro-nutrients contained in the meal, 
adjusted to each specific profile. Table 4 presents the averages for the 
food waste, meal-building costs, and the food waste costs per macro 
group in a week. 

Vegetables constitute the macro group that incurs the highest food 
waste and cost. This may be due to the high proportion of vegetables 

served across the various diets, particularly the vegetarian diet. Addi-
tionally, protein-rich foods have the smallest quantity of wasted food. 
However, the macro group with the lowest meal-building cost and food 
waste cost is fruit and not protein. This could reflect patients’ prefer-
ences. Furthermore, the meals within the scenarios that incorporate food 
intolerance show the highest cost and food waste. 

The framework also enables the investigation of patient subgroups 
by considering individual parameters. Specifically, when analyzing each 
profile, it is feasible to obtain key metrics such as the average weight and 
the corresponding costs for the food served and the food wasted. This 
can be observed in Table 2 from the supplemental material. 

Notably, the average meal for the children group results in the 
highest amount of waste in weight and cost. This is unsurprising given 
the common tendency among children to be more selective in their food 
preferences, which contributes to increased waste. It also relates to the 
fact that the pediatric ward exhibits the highest waste generation. 
However, the meal for adult females (aged 19 years and above) is found 
to be the most expensive, probably due to the differing nutritional re-
quirements between genders. Specifically, females between the ages of 
50 and 70 require a higher calcium intake compared to males in the 
same age range, while women aged 19 – 50 require more iron than 
males. Regrettably, certain food items that are rich in calcium and iron 
tend to be more expensive than most food items. 

Moreover, the results reveal that 35.43 % of the children’s food is 
wasted, which accounts for 35.35 % of the meal’s cost. Likewise, 28.62 
% of female adults’ food is wasted, representing 28.68 % of the meal’s 
cost. Similarly, male adults waste 27.57 % of their meal weight, which 
corresponds to 27.42 % of the meal’s cost. 

The intake is the difference between the food served and the food 
wasted, and is 363.40 g for children, 418.03 g for adult females, and 
391.41 g for adult males. Therefore, children consume less than adults. 

The dataset described in the case study was used to obtain the pro-
portions of patients belonging to each configuration, which were 
extrapolated to accommodate the patient demand corresponding to a 
1000-bed hospital. The patient counts associated with each type were 
rounded to the nearest whole number, and in numerous instances, the 
proportions were insignificantly small, thereby approximating zero. 
Consequently, of the 36 patient configurations considered, only 17 
present patient demand in this case study. Table 3 from the supple-
mental material document lists these 17 types of patients. 

Fig. 3 presents the improvement in waste reduction for each of the 17 
patient categories, as compared to the baseline, across different settings. 
Configurations 10 and 17 exhibit the most substantial reduction in waste 
across all settings. These configurations comprise adult patients in the 
medicine ward who adhere to the vegetarian diet. The rationale behind 
this improvement stems from the fact that in the baseline scenario the 
vegetarian diet contributes the most to food waste generation compared 
to the other diets. Therefore, it is reasonable to anticipate greater po-
tential for improvement in these settings. Considering that the oncology 
ward generates the highest amount of food waste, it could be hypothe-
sized that a configuration consisting of adult females in the oncology 
ward following a vegetarian diet would yield the greatest reduction. 
However, in the current case study that configuration does not have a 
significant demand. It is important to note that there is no configuration 
with demand composed of children following a vegetarian diet assigned 
to the medicine or oncology wards in this case study. Logic suggests that 
if such configuration presented demand, it would belong to the ones 
generating the most food waste. 

The subsequent configuration that exhibits the most waste reduction 
is 3, which consists of children adhering to the vegetarian diet in the 
pediatric ward, which is the only ward that contains children following 
the vegetarian diet in this case study. To summarize, the three config-
urations involving the vegetarian diet demonstrate the highest levels of 
waste reduction. This observation implies an influence of the patient’s 
diet on the proportion of waste that can be minimized with the proposed 
model. 

Table 2 
Waste per meal (kg) among the different wards and diets.  

Ward/diet Baseline Multi-objective 

Avg SD Avg SD 

Medicine ward  0.16  0.02  0.13  0.02 
Oncology ward  0.16  0.03  0.13  0.02 
Orthopedic ward  0.17  0.03  0.14  0.02 
Pediatric ward  0.20  0.03  0.16  0.01 
Low-sodium diet  0.16  0.02  0.13  0.02 
Regular diet  0.17  0.03  0.14  0.02 
Vegetarian diet  0.19  0.02  0.13  0.02 

Abbreviations: kg = kilograms; Avg = average; SD = standard deviation. 

Table 3 
Cost per meal ($) among the different wards and diets.  

Ward/diet Baseline Multi-objective 

Avg SD Avg SD 

Medicine ward  2.55  0.66  1.73  0.62 
Oncology ward  2.54  0.67  1.70  0.59 
Orthopedic ward  2.60  0.65  1.74  0.64 
Pediatric ward  2.26  0.53  1.63  0.63 
Low-sodium diet  2.55  0.66  1.74  0.63 
Regular diet  2.42  0.65  1.66  0.59 
Vegetarian diet  2.89  0.29  1.55  0.46 

Abbreviations: $ = dollars; Avg = average; SD = standard deviation.  
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It can also be observed that among the various configurations 
examined, configurations 3, 17, and 10, demonstrate the most pro-
nounced reduction in meal-building costs across all settings compared to 
the remaining profiles. Remarkably, these three configurations are the 
ones that exhibit the most substantial decrease in generating waste. All 
three configurations correspond to a vegetarian diet, which is associated 
with the highest meal-building costs. Again, it is evident that the pa-
tients’ diet significantly impacts the reduction in meal-building costs. 

Expanding on the practical implications of the framework in hospital 
kitchen management, this research underscores a substantial improve-
ment in operational efficiency. The model not only excels in accurately 
estimating the required quantities of each food item for the upcoming 

week, directly addressing inefficiencies in the ordering process; it goes a 
step further by empowering kitchen professionals with detailed guid-
ance on how to craft meal plans efficiently. 

This enhancement simplifies the planning and ordering operations, 
and improves resource utilization. The detailed instructions provided by 
the model, specifying both the diverse and nutritionally balanced dishes 
tailored to individual patient constraints and the exact quantities of each 
ingredient required for every meal, contribute to minimizing waste and 
optimizing resource allocation. Furthermore, the provision of food to 
patients and associated levels of waste are often a priority focus on 
hospital cost management (do Rosario and Walton, 2020); hence, the 
implementation of the model will add value in the real context of 
kitchen management. 

5. Conclusions and future directions 

Optimization of the meal construction process positively impacts the 
framework of healthcare food service operations from the financial, 
waste-reduction, and nutrition-enhancement perspectives. To the best of 
our knowledge, this is the first study that employs MIP and a multi- 
objective approach to reduce food waste and the costs associated with 
preparing food servings in a hospital. 

The study reveals that the pediatric ward has the highest food waste 
per meal (0.2 kg), leading to a 20 % reduction. Children are eating on 
average 41.32 g less than adults, and their food servings generate 35.43 

Fig. 2. The graph displays the percentages of waste and cost reduced per ward and diet when comparing the multi-objective setting to the baseline.  

Table 4 
Waste weight and cost per food group.  

Macro Waste (kg) Meal cost ($) Waste cost ($) 

Vegetables  137.87  2195.74  639.42 
Fruits  66.23  406.41  117.65 
Protein  32.27  467.90  125.21 
Dairy  124.48  1211.78  348.59 
Grain  42.11  967.32  283.85 
Total  402.96  5249.15  1514.72 

Abbreviations: kg = kilograms; $ = dollars.  

Fig. 3. The graph illustrates the percentage of reduction in food waste and in meal-building costs per profile and when comparing each setting to the baseline.  
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% of waste. This suggests that children may not be receiving the 
appropriate nourishment, which may require more effective food man-
agement strategies for them. 

Moreover, the vegetarian diet exhibits the highest levels of wasted 
food and meal-building costs. Nevertheless, this diet showcases the most 
significant improvements in both of these aspects when applying the 
multi-objective model. Remarkably, up to 19.70 % reduction in food 
waste and 32.66 % in cost are achieved through this intervention. 

Based on the findings of this study, the proposed mathematical 
framework can reduce food waste by approximately 22.53 %. This 
translates to an estimated weekly waste reduction of 113.06 kg in a 
1000-bed hospital. 

The optimization models employed in this study possess inherent 
flexibility, enabling their adaptation to various contexts, including 
alternative hospital wards, diverse dietary restrictions, fluctuating de-
mands, and alternative food item selections for constructing the meal. 
Even though there may be computational challenges depending on the 
array of options considered for each parameter, the model ran multiple 
scenarios with a wide variety of food items. To the best of our knowl-
edge, it aligns with real-world demands (Johns Hopkins Medicine, 2023) 
without compromising efficiency. 

Moreover, the present study offers valuable insights into the 
behavioral patterns exhibited by distinct categories of patients. By 
determining the individuals who are predisposed to generate higher 
levels of waste, practitioners can enhance their plans for nutritional 
care, improving the overall well-being and health outcomes of their 
patients. 

The methodological framework proposed for building meal compo-
sitions minimizes costs and food waste while simultaneously meeting 
the specific nutritional and caloric requirements of various patient 

categories. The model generates standard meals based on real-world 
data, making the integration of this approach into a patient’s routine 
seamless. This experience extends beyond individual patients to include 
kitchen professionals who play a vital role in implementing the model. 
From the perspective of kitchen professionals’ routines, the model is 
designed to be efficient and supportive. It aids in planning diverse, 
nutritionally balanced menus without the need for meticulous oversight. 
The inclusion of practical constraints, such as avoiding the repetition of 
proteins within a meal and in consecutive days to account of food va-
riety, as outlined in (Guala and Marenco, 2020), further enhances our 
model’s applicability and ease of use in real-world hospital kitchen 
settings. 

The present case study examined the average patient demand in a 
week at a 1000-bed hospital in Florida. However, patients’ demand may 
vary across weeks, suggesting the need for future research to analyze 
diverse scenarios incorporating stochastic demand and parameters. 
Finally, a comprehensive understanding of the factors contributing to 
food waste in healthcare facilities is crucial to develop effective strate-
gies to minimize waste generation and enhance nutrition for patients. 
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Appendix A. Multi-objective optimization 

A multi-objective optimization model can be formulated as: 

min
x∈X

F1(x), F2(x),⋯,Fn(x), (1) 

Where Fk(x) is the linear objective function of entity k, from k = 1,⋯,nand X represents the feasible set in the decision space (Acuna et al., 2022). 
A feasible solution x′ ∈ X is called efficient if there is no other x ∈ X such that F(x) ≥ F(x′) for k = 1,⋯, n and F(x) ∕= F(x′). If x′ is efficient, then F(x′)

is called a nondominated point. The set of all nondominated points F(x′) ∈ Y for some x′ ∈ XE is referred to as the nondominated set or efficient frontier 
(Ehrgott, 2005). For this study, the multi-objective model minimizing the food and the waste was solved using the perpendicular search method, 
which utilizes a search direction that is always perpendicular to the parameter axis. Using this method, one parameter changes at a time, while all 
other parameters keep the same value (Acuna et al., 2020). 

A.1. Mixed integer programming formulation 

The present model takes into account both continuous and binary variables, leading to an MIP problem. A mixed-integer program can be 
formulated as follows: 

min
x∈X, y∈Y

cx + hy) (2)  

s.t. Ax+Gy ≤ b (3)  

x ≥ 0 (4)  

y ∈ Z+, (5) 

where A and G are matrices of dimensions (mxn) and (mxp), respectively. Similarly, c and h are row-vectors of size n and p, respectively. Addi-
tionally, b and x are column-vectors of size m and n,where the latter consist of continuous variables. Finally, y is a p column-vector of integer variables 
(Wolsey, 2020). 

A.2. Limitations 

Solving the multi-objective problem to obtain the Pareto front can be computationally demanding, particularly when considering that the quantity 
of food can be adjusted to as little as 5 grams per food item. This results in a significantly higher number of combinations to study, further adding to the 
computational complexity. In this work, where the focus was on exploring solutions without computational constraints, the model was run on a server 
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with 128 GB of RAM to obtain the full nondominated frontier, consisting of 787 non-dominated points.  

Table A.1 
Sets, parameters, and decision variables.  

Attributes Notation Definition 

Set I Set of food items, where each element is represented by i 
Set Ω Set of wards, where each element is represented by ω 
Set D Set of types of diets, where each element is represented by σ 
Set P Set of patient profiles, where each element is represented by ρ 
Set U Set of food nutrients, where each element is represented by μ 
Set S Set of food groups, where each element is represented by τ 
Set V Set of food intolerance scenarios, where each element is represented by α 
Set Δ Set of days of the week, where each element is represented by δ 
Parameter pi Calories contained in a gram of food item i 
Parameter ci Cost in US dollars per gram of food item i 
Parameter ai 1 if food item i represents a common allergy or food intolerance, 0 otherwise 
Parameter niμ Milligrams of nutrient μ present in a gram of food item i 
Parameter giτ 1 if food item i pertains to the food group τ, 0 otherwise 
Parameter bρ Minimum calories for patients with profile ρ in a meal 
Parameter tρ Maximum calories for patients with profile ρ in a meal 
Parameter wiωρ Percentage of food item i wasted per patient with profile ρ in the ward ω 
Parameter rμρ Milligrams of nutrient μ required for patient with profile ρ in a meal 
Parameter eρτ Minimum proportion of food group τ required for patients with profile ρ 
Parameter qσαδ

ρω Number of patients with profile ρ, ward ω, diet σ, with food intolerance scenario α, for the day δ of the week 
Parameter F Maximum amount (expressed in grams) of sodium to be ingested by patients following the low-sodium diet 
Parameter m Minimum quantity (expressed in grams) of any food item that may be served upon selection for placement in a meal 
Parameter M Maximum quantity (expressed in grams) of any food item that may be served upon selection for placement in a meal 
Variable xρσδ

iωα 
Grams of food item i that should be served to the patient from ward ω, with food intolerance scenario α, profile ρ, diet σ, in day δ 

Variable yρσδ
iωα 

1, if food item i was served to the patient from ward ω, with food intolerance scenario α, profile ρ, diet σ, in day δ, and 0, otherwise  

To run the model with fewer computational resources, several alternatives can be considered. These include reducing the precision of the units, 
limiting the number of solutions explored in the bi-objective approach, or running individual modes per group of patients. 

Moreover, this study represents a theoretical approach, and the next step is to bridge this gap between theory and practice. This will involve 
considering logistical challenges and fine-tuning the model based on the characteristics of the hospital. This process will enhance the practical 
applicability of the presented approach and contribute to the validation and refinement of the findings of this study in a real-world context. 

Appendix A. Supplementary material 

Supplementary data to this article can be found online at https://doi.org/10.1016/j.wasman.2023.12.010. 
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