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Abstract

This report provides a detailed description of the steps followed to formulate the
objective distribution problem mathematically, a type of NP-hard resource allocation
problem, and subsequently solve it using a metaheuristic approach.

The fundamental outcome of this effort is the development of a method to determine
the optimal objective distribution vector, not reliant on the wholesaler’s expertise but
based on rigorous analysis of pharmaceutical wholesaler behavior, medicine trends, de-
mand fluctuations, and seasonal patterns, employing techniques from various disciplines,
including statistics, estimation, machine learning, data analysis, data preprocessing, op-
erational research, and optimization.

Keywords : Objective Distribution Problem, Bounded Knapsack Problem, Opera-
tional Research, Gradient Boosting Regressor, Metaheuristic Approaches, Data Prepro-
cessing, Pharmaceutical Supply Chain.
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“The only constant variable is the unexpected. We can’t control it. It’s only when you
look backwards, that you see how it was all connected.”

– Lessons in Chemistry, 2023
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General Introduction

As part of the training and preparation of engineering students for their prospective
careers, with the aim of qualifying them for the job market using applied methods, the
Ecole Polytechnique de Tunisie offers an obligatory engineering internship, enabling its
students to explore the environment of engineering work within a company in its au-
thentic setting, and allowing them to immerse themselves in its corporate environment,
concretize theoretical knowledge, hone practical skills, and cultivate a sense of responsi-
bility.

During the period from July 1 to August 15, 2023, we completed an engineering
internship in the data science department of Medicacom, a startup located in Sfax, spe-
cializing in IT services within the field of e-health.

The assigned project aimed to address the issue of chaotic monthly medicine pur-
chases, including problems of overstocking and understocking faced by pharmaceutical
wholesalers. The objective was to propose an optimal objective distribution. As a mat-
ter of fact, the pharmaceutical industry, a cornerstone of healthcare, operates within a
complex network of supply chains involving diverse stakeholders and intricate logistics.
This realm is marked by various challenges—demand fluctuations, inventory management
intricacies, and resource allocation dilemmas—which directly impact the availability of
medications to patients, a non-negotiable exigency in healthcare.

In the pursuit of optimizing these processes, our engineering internship report offers
solution based on data analysis, machine learning, and operational research to optimize
pharmaceutical supply chains. The report unfolds methodically, commencing with an
overview of the sector and the hosting company, followed by a detailed presentation of
the project’s goals and a summary of the internship’s circumstances and progress.

The subsequent chapter enumerates the steps of the pharmaceutical supply chain to
comprehend our project’s position and identify the wholesaler’s needs, thereby clarifying
the project’s objectives. We then proceed to reformulate the problem mathematically,
concretizing the concepts.

The third chapter focuses on exploring the dataset provided by Medicacom, with the
aim of preparing it for integration into a machine learning model designed for forecast-
ing the sales vector. This step consumed nearly half of our time during the engineering
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internship, driven by our belief in the principle of ’Garbage In, Garbage Out.’

In the subsequent chapter, our attention shifts to the development of a sales forecast-
ing machine learning model capable of generating a forecast sales vector, enabling us to
completely state the objective distribution problem.

The fifth chapter centers on solving the objective distribution problem using an oper-
ational research approach, by projecting it onto another resource allocation problem, the
bounded knapsack problem.

The subsequent chapter provides detailed instructions for using the notebook and the
implemented solution. We showcase and discuss the outcomes achieved thus far. Finally,
we will wrap up our work with a conclusion and some recommendations for the future.

It is worth mentioning that through this internship experience, we applied our mul-
tidisciplinary background and the theoretical knowledge acquired during our training
at EPT, specifically in data analysis, machine learning, operational research, optimiza-
tion, and estimation, demonstrating the multidisciplinarity of polytechnic engineering
students—a key quality that we do believe is highly demanded. Beyond enriching our
expertise, this internship allowed us to refine our scientific rigor, critical thinking, open-
mindedness, and taught us the adaptability required of an engineer.



Chapter 1

Project Overview

Introduction

In this chapter, we will present an overview of the hosting company, Medicacom, where
our engineering internship took place. Next, we will provide details about the project’s
context, the identified problematics, the existing solution, and the project’s primary ob-
jectives. Afterward, we will illustrate the progress of the internship using a Gantt chart.

1.1 Host Organization

Medicacom, founded in 2020 and based in Sfax, is an IT services startup specialized
in delivering innovative technological products covering a wide range of business. With a
keen focus on developing the field of e-health, it adopts advanced methodologies inspired
by latest technologies, notably artificial intelligence, to optimize patient care pathways.[9]

Its multidisciplinary team, comprising medical experts, software engineers, and data
scientists, seek to help healthcare professionals explore the world of artificial intelligence,
including machine learning and deep learning, and harness its incredible advantages in
the health sector, which have proven to be highly effective.[9]

Medicacom’s vision revolves around designating the patient as the main player in their
health journey and offering them remote support from health experts through advanced
e-health tools, all while maintaining strict confidentiality policies. Besides, the startup
advocates for prevention over treatment, emphasizing the importance of preventing dis-
eases before they occur and taking necessary precautions to minimize potential risks.[9]

1



CHAPTER 1. PROJECT OVERVIEW 2

1.2 Project Presentation

1.2.1 Context

In the complex world of pharmaceutical supply chains, medicines journey from man-
ufacturing industries, to monthly bulk purchases by pharmaceutical wholesalers, and,
ultimately, to pharmacies, reaching eventually individual consumers.

More concretely, the purchasing operation between the industry and pharmaceuti-
cal wholesalers operates as follows: every month, each wholesaler sets an objective, or
turnover, that they aim to achieve by purchasing appropriate medicines. In simple terms,
they have a budget they want to use for buying the right medicines, considering seasonal
trends and their current stock. So, they allocate their budget among medicines based on
intuition and their expertise in the field.

1.2.2 Problematic

However, with this approach, pharmaceutical wholesalers have found themselves deal-
ing with issues of overstocking and understocking. In fact, some wholesalers, midway
through the month, run out of the products pharmacies need, which ends up costing
them customers. Additionally, this chaotic stock management results in certain products
ending up sitting in storage for months before they’re sold, occupying unprofitable space,
and causing financial losses.

The industry, too, faces its set of challenges in preparing orders. The sales operation
is essentially a retail process, not made-to-order manufacturing. Wholesalers place their
monthly orders with the industry and expect delivery within a week, necessitating orders
estimation in advance and manufacturing products accordingly. However, the industry’s
estimation methods, rooted in experience, lack the rigor required for such precision, lead-
ing to potential customer loss.

In short, we need a method or model to optimize the distribution of wholesalers’
monthly objectives among medicines, considering their stock status and seasonal pat-
terns, and at the same time, it provides the industry with precise quantities for manu-
facturing, thereby avoiding excess or shortage in production.

1.2.3 Description of the Current Scenario

Medicacom plays as an intermediary between the industry and pharmaceutical whole-
salers, handling the digitalization of product sales operations. In fact, at the beginning
of each month, after receiving the Monthly Statements from each wholesaler – which de-
tail the quantities of medicines sold in the previous month, current stock status, and this
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month’s objective – the industry records this data on a platform developed by Medicacom.

Medicacom has also developed a formula for objective distribution proposal, based on
least-squares method and stock ratios. This formula indirectly aids the industry in de-
termining the appropriate quantities to be manufactured in advance. More importantly,
the industry utilizes it to propose the objective distribution to wholesalers or to suggest
adjustments to their orders, as orders are negotiable as long as the distribution aligns
with the objective.

1.2.4 Main Mission of the Project

The main mission of this project is to create a predictive model based on machine
learning to optimize the distribution of pharmaceutical wholesalers’ monthly objectives
among medicines. The model considers factors like the sales history from the past three
years, seasonal patterns, inventory capacities, clearance ratios, and product prices. By
doing so, this approach ensures effective inventory management for both pharmaceutical
wholesalers and the industry.

1.3 Internship Progress

Throughout our internship, we adhered to an organized and structured schedule, as
illustrated in the following Figure 1.1. Roughly half of our internship was focused on prob-
lem modeling and data preprocessing, driven by our belief in the postulate of ’Garbage
In, Garbage Out’.
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Figure 1.1: Gantt Chart

Conclusion

In this chapter, we presented an overview of the hosting company, Medicacom. Next, we
provided details about the project’s context, including the identified problems, the exist-
ing solution, and the project’s primary objectives. Afterward, we illustrated the progress
of the internship using a Gantt chart. The next chapter will focus on reformulating the
problem mathematically and rigorously concretizing the concepts.



Chapter 2

Problem Reformulation and Modeling

Introduction

In this chapter, we will enumerate the steps of the pharmaceutical supply chain in order to
understand our project’s position and identify the wholesaler’s needs, thereby clarifying
the project’s output. Next, we will reformulate the problem mathematically, concretizing
the concepts and defining the problem parameters and variables. This step is at the
core of our engineering internship since the engineer’s fundamental task is modeling
before solving. Subsequently, we will define the problem constraints and the criterion
function. We will then state the problem, which we refer to as the objective distribution
problem (ODP). Afterward, we will break down the problem resolution into steps that
we will follow in the remainder of our work, clarifying the solution’s architecture through
a sequence diagram. Finally, we will discuss the weaknesses of the Medicacom formula.

2.1 Pharmaceutical Supply Chain Process

The pharmaceutical supply chain process, which outlines the steps and illustrates the
trajectory of medicines from manufacturing to consumption, is quite complex in reality,
involving numerous intricate details. One way to schematize it simplistically is as shown
in Figure 2.1, and the following steps outline this process:

1. Demand Estimation: The industry1 estimates in advance the quantities of prod-
ucts that are likely to be ordered by its regular customers, in our case, 32 different
pharmaceutical wholesalers. Subsequently, the industry fabricates the medicines
predicated on these estimations.

2. Monthly Objective Setting: At the beginning of each month, the wholesaler sets
its objective for the month. Essentially, a Monthly Objective refers to the turnover

1In precise terms, "the industry" refers to the manufacturing entities of medicines. In our case,
Medicacom collaborates with two entities. However, for methodological simplicity, we consider them as
one industry, as our developed model depends on the type of medicine, not the manufacturer.

5
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that a wholesaler aims to achieve this month or even surpass. It can also be de-
fined—and this is the definition we shall adopt for the remainder of the report—as
the allocated budget for the month, earmarked by the wholesaler for procuring the
appropriate medicines.

3. Order Creation: To create an order, the wholesaler either autonomously dis-
tributes the objective among medicines, considering its current stock status, sea-
sonal patterns, inventory capacity, and its own expertise, or it may solicit industry
guidance for objective distribution and ask for a suggestion based on collective ex-
pertise gained from interactions with other wholesalers. In both cases, the order
remains negotiable as long as the distribution aligns with the objective.

4. Purchasing Operation: After the order is placed, the purchasing operation oc-
curs. The wholesaler formally submits the order and expects delivery within a
week. This underscores the necessity for the industry to prepare and manufacture
products in advance.

5. Inventory Management: Subsequently, the wholesaler stores the bulk quantities
of medicines purchased in its inventory until each product is sold to a pharmacy.

6. Consumer Dispensation: Finally, the medicines reach individual consumers
through pharmacies.
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Figure 2.1: Schematic representation of the pharmaceutical supply chain
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2.2 Mathematical Reformulation

One way to formulate the objective distribution problem mathematically is as follows:

2.2.1 Problem Parameters

First, we define the problem parameters:

2.2.1.1 Industry Parameter

Let M be the number of medicines from which the wholesaler selects what to purchase
in bulk from the industry; in our case, M = 154 medicines.
The iteration through M is executed using the medicine identifier i ∈ [[1;M ]].

Let P = (p1, . . . , pM) ∈ RM denote the price vector, where each element, pi, represents
the price of the ith medicine expressed in TND.

2.2.1.2 Wholesaler Parameter

The wholesaler is identified by w, the wholesaler identifier, where w ∈ [[1;W ]], with W

being the number of regular customers wholesalers of the industry; in our case, W = 32

wholesalers.

2.2.1.3 Month Parameter

Let t represent the month identifier, where t ∈ [[1; 12]], corresponding to the twelve
months of the year.
We define the generic month, denoted as t̃ ∈ N∗, as the identifier of the month accounting
for the current year. This notation proves valuable for integrating historical data from
the previous 3 years.
Given that our dataset originates from the year 2019, we establish t̃ as follows:

t̃ = t+ 12 · (y − 2019) , where y signifies the year (2.1)

2.2.2 Problem Variables

Second, we define the problem variables:

2.2.2.1 Objective Variable

Let Ow,t represent the objective of wholesaler w in month t, typically around the
magnitude of 100, 000 TND.
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2.2.2.2 Distribution Vector

Let the vector of decision variables, referred to as the distribution vector, be denoted
by Xw,t = (x1

w,t, . . . , x
M
w,t) ∈ NM , where xi

w,t represents the quantity of the ith medicine to
be purchased by wholesaler w at the onset of month t.

We shall distinguish between the distribution vector that did happen, denoted as Xw,t,
and the proposed ones calculated before the purchasing operation occurred, denoted as
X̂w,t or X∗

w,t.

2.2.2.3 Stock Vector

Let Sw,t = (s1w,t, . . . , s
M
w,t) ∈ NM represent the stock vector, where each element siw,t

signifies the quantity of the ith medicine stored in the inventory of wholesaler w, at the
onset of month t.

2.2.2.4 Sales Vector

Let Vw,t = (v1w,t, . . . , v
M
w,t) ∈ ZM represent the sales vector, where each element viw,t

signifies the quantity of the ith medicine sold during month t by wholesaler w.
The sales vector Vw,t remains unknown during the month t and will only be known at the
end of the month. Thus, we define the forecast sales vector V̂w,t.

2.2.3 Problem Constraints

Then, we define the problem constraints:

2.2.3.1 Budget Constraint

Since we defined the monthly objective Ow,t as the allocated budget for the month,
earmarked by wholesaler w for procuring the appropriate medicines, the cost of the bulk
quantities of medicines to be purchased by the wholesaler should match2 the objective.
Hence, the mathematical translation is formulated as follows:

M∑
i=1

xi
w,t · pi = Ow,t (2.2)

2.2.3.2 Forecast Demand Vector

Let Dw,t = (d1w,t, . . . , d
M
w,t) ∈ NM represent the demand vector, where each element

diw,t signifies the quantity of the ith medicine requested from the wholesaler w during
month t.
The demand vector Dw,t remains unknown during month t and will only be known at the
end of the month. Thus, we define the forecast demand vector D̂w,t.

2equal or slightly higher than the objective
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2.2.3.3 Understocking Constraint

By definition, understocking refers to the situation in which a wholesaler fails to main-
tain adequate inventory levels of its products to fulfill pharmacy demands.
It occurs when the quantity of medicines on hand is not sufficient to meet the immediate
needs of customers, leading to stockouts and potential lost sales opportunities.[16]

In other words, to avoid understocking, the quantity of each medicine stored in the
inventory of wholesaler w at the onset of month t, combined with the quantity to be
purchased by the wholesaler at the onset of the month, should be higher than the quantity
of the medicine requested from the wholesaler during the month. Namely:

siw,t + xi
w,t ≥ diw,t , for i = 1, 2, . . . ,M (2.3)

Since the demand vector Dw,t is unknown at the onset of month t, we forecast it by
analyzing historical sales data and seasonal patterns. This necessitates the application
of the machine learning model, which assumes a crucial role in the analysis.
Furthermore, assuming the entire demand quantity will be sold, the understocking con-
straint can be expressed as follows, using the forecast sales vector V̂w,t:

siw,t + xi
w,t ≥ v̂iw,t , for i = 1, 2, . . . ,M (2.4)

2.2.3.4 Threshold Vector

Let Hw,t = (h1
w,t, . . . , h

M
w,t) ∈ ZM represent the threshold vector, where each element

hi
w,t signifies the maximum quantity of the ith medicine beyond which, if the stored

quantity of the ith medicine in the inventory of the wholesaler w, at the onset of month
t, surpasses it, this medicine will remain dormant for more than 2 months.
Evidently, this vector is unknown; hence, we define the approximate threshold vector
denoted by Ĥw,t.

2.2.3.5 Overstocking Constraint

By definition, overstocking refers to the situation in which a wholesaler holds excess
inventory beyond what is necessary to meet current or future demand. While maintaining
a sufficient stock level is crucial for uninterrupted operations, overstocking can lead to
various challenges that impact a company’s financial health and overall efficiency.[11]

It occurs when the medicine remain dormant for more than 2 months. In other words,
to avoid overstocking, the quantity each medicine stored in the inventory of wholesaler w
at the onset of month t, combined with the quantity to be purchased by the wholesaler
at the onset of the month, should be lower than the maximum quantity of the medicine
beyond which, if the stored quantity of the medicine in the inventory of the wholesaler
w, at the onset of month t, surpasses it, this medicine will remain dormant for more than
2 months. Namely:
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siw,t + xi
w,t ≤ hi

w,t , for i = 1, 2, . . . ,M (2.5)

Since the threshold vector Hw,t is unknown, and difficult to calculate by a heuristic
method, we approximate it by analyzing historical sales data, storage costs and seasonal
patterns.

2.2.4 Problem Formulation

The objective distribution problem (ODP) is an optimization problem in which
a set of medicines, each with a price pi, a value νi

w,t and a trend coefficient τ iw,t, must
be purchased in bulk with a limited budget Ow,t in such a way as to maximize the total
value of the medicines purchased. The challenge is to determine the optimal quantity of
each medicine to be purchased xi

w,t, with these quantities being the decision variables.

2.2.4.1 Trend Vector

Let τw,t = (τ 1w,t, . . . , τ
M
w,t) ∈ [0, 1]M represent the trend vector, where each element τ iw,t

signifies the percentage of the seasonal sales trend of the ith medicine by the wholesaler
w during month t.

2.2.4.2 Value Vector

Let νw,t = (ν1
w,t, . . . , ν

M
w,t) ∈ RM represent the value vector, where each element νi

w,t

signifies the value of the ith medicine for the wholesaler w during month t, computed as
the product of the price and the respective trend coefficient:

νi
w,t = pi · τ iw,t (2.6)

2.2.4.3 Criterion Function

The goal is to determine the optimal distribution vector X∗
w,t in such a way as to

maximize the probability of each purchased medicine x∗,i
w,t being sold in this month t or

the next t + 1, at most. In other words, we aim to maximize the total value of the
medicines purchased. Thus, the criterion function is defined as follows:

maximize

M∑
i=1

xi
w,t · νi

w,t (2.7)

2.2.4.4 Problem Statement

One way to state the objective distribution problem is as follows:

Find the optimal distribution vector X∗
w,t in order to:

maximize

M∑
i=1

(xi
w,t · pi) · τ iw,t (2.8)
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subject to constraints:

∑M
i=1 x

i
w,t · pi = Ow,t

siw,t + xi
w,t ≥ v̂iw,t , ∀ i ∈ [[1;M ]]

siw,t + xi
w,t ≤ ĥi

w,t , ∀ i ∈ [[1;M ]]

xi
w,t ∈ N , ∀ i ∈ [[1;M ]]

(2.9)

2.3 Resolution

In the problem statement, we have three unknown vectors τw,t, V̂w,t, and Ĥw,t apart
from the distribution vector we are searching for. Thus, we need to calculate or estimate
these vectors initially before proceeding to solve the ODP.

2.3.1 Solving Steps

To solve the ODP, we have put together a step-by-step approach to be employed:

1. Trend Vector Calculation: Compute the trend vector τw,t by analyzing histori-
cal sales data. (Skill: Data Analysis)

2. Sales Vector Forecasting: Forecast the sales vector V̂w,t by analyzing historical
sales data and seasonal patterns. (Skill: Machine Learning)

3. Threshold Vector Approximation: Approximate the threshold vector Ĥw,t by
analyzing historical sales data, storage costs, and seasonal patterns. (Skill: Machine
Learning)

4. Operational Research Problem Solving: Determine the optimal distribution
vector X∗

w,t by solving the ODP as an operational research problem equivalent to
the UPK. (Skill: Operational Research)

5. Implementation: Implement the solution in a notebook to make it practical for
the industry. (Skill: Information System)

2.3.2 Sequence Diagram

To better understand the link between the ODP solution and the wholesaler’s needs,
we employed a sequence diagram, illustrated in Figure 2.2, to visualize the solution’s
architecture.

A sequence diagram simply depicts interactions between objects in a sequential order,
detailing the sequence in which these interactions occur. It describes how the objects in
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a system function and in what order.[14]
In fact, this sequence diagram stands as a map schematizing all of our work

done during the engineering internship.

Figure 2.2: Sequence Diagram
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2.4 State of the Art

To determine the approximate optimal distribution vector X̂w,t, Medicacom has for-
mulated an equation—which was used before this internship—incorporating the least-
squares method, Inventory Ratio, and Sales Average.

2.4.1 Sales Average

The sales average, denoted as v̄iw,θ, represents the average quantity of the ith medicine
sold by wholesaler w in the last 12 months.

v̄iw,θ =
1

12
·

t̃−1∑
θ=t̃−12

viw,θ (2.10)

2.4.2 Inventory Ratio

The inventory ratio, denoted as s̄iw,t, is the ratio of the quantity of the ith medicine
stored in the inventory of wholesaler w at the onset of month t to the average quantity
of the ith medicine stored in the wholesaler’s inventory over the last 12 months.

s̄iw,t =
siw,t

1
12

·
∑t̃−1

θ=t̃−12 s
i
w,θ

(2.11)

2.4.3 Medicacom Formula

The Medicacom formula can be expressed as follows:

x̂i
w,t = (1 + s̄iw,t) · v̄iw,θ − siw,t (2.12)

2.4.4 Discussion

However, this formula lacks precision. While it takes historical sales data into account,
it does not consider seasonal patterns, storage costs, or the collective historical sales data.
Therefore, there is a need for a metaheuristic method and a machine learning approach.

Conclusion

In this chapter, we detailed the pharmaceutical supply chain, positioned our project, and
clarified its output compared to the wholesaler’s needs. Next, we rigorously reformulated
the problem mathematically and concretized the concepts. Subsequently, we defined the
problem constraints, the criterion function, and stated the objective distribution problem.
Afterward, we divided the problem resolution into steps and visualized the solution’s
architecture through a sequence diagram. Finally, we discussed the limitations of the
Medicacom formula. The next chapter will detail the data preprocessing and analysis,
which is the first step of the ODP resolution.



Chapter 3

Data Preprocessing and Analysis

Introduction

In this chapter, we will focus on the exploration of the dataset provided by Medicacom,
aiming to prepare it for integration into a machine learning model designed for forecast-
ing the sales vector V̂w,t. First, we will present and understand the dataset and each
attribute, and we will explain how the data was collected in order to understand how to
correct the errors. Then, we will enumerate the issues of the dataset, which arrived in a
less-than-ideal state, such as missing values, noisy data, and redundant features. After-
ward, we will explain the strategic steps we followed in data preprocessing, which aim to
transform raw data into a refined, useful format, ultimately facilitating the forecasting
of the sales vector, and to correct the dataset errors based on the inventory dynam-
ics formula that we shall define. After handling the dataset issues, we will analyze the
data to uncover hidden connections and identify the correlation between features, such
as wholesaler behavior and seasonal patterns. Then, we will transform the features into
homogeneous features with the sales vector by proposing four ways to approximate the
sales vector. We will evaluate these proposed four features and identify the most relevant
and significant ones to create our final dataset. It is noteworthy that the work explained
in this chapter took almost half of our time during the engineering internship,
driven by our belief in the postulate of ’Garbage In, Garbage Out’.

3.1 Dataset Overview

To forecast the sales vector V̂w,t, we will construct a machine learning model. To
accomplish this, we have been given a dataset comprising recorded purchasing operations
from the past three years. This dataset serves as a valuable repository of wholesaler
behavior, enabling us to gain insights into seasonal patterns.

3.1.1 Dataset Presentation

The dataset provided by Medicacom for exploitation consists of purchasing, sales, and
inventory data from more than 32 regular wholesalers, spanning the period between Jan-

15
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uary 2019 and May 2023. Figure 3.1, extracted from this database, illustrates the first
22 lines out of 1,014,839 lines. Each line contains 8 attributes: the wholesaler’s name,
the medicine’s name, the type of operation, the date, the medicine’s code, the measure,
the type of measure, and the way of recording.

Figure 3.1: Screenshot of the Initial Dataset

For instance, the first line of the Figure 3.1, reads as follows: the wholesaler " ", at
the "onset of the month" on "Thursday, December 1, 2022", had a medicine " " identified
by the code " " in its "inventory", with a "volume" of "13".

3.1.2 Data Acquisition

This dataset is formed by the accumulation of recordings of the Monthly Statements
of each wholesaler, which contain the last sales vector Vw,t−1, the stock vector Sw,t, and
the monthly objective Ow,t, along with the data collected by the industry, which is the
distribution vector Xw,t.

It is important to mention that the format presenting the data is unusual because
logically, a line should contain the data collected from the same monthly statement. It
is unnecessary to divide the same monthly statement into six lines for each medicine
purchased—two for sales data, two for stock data, and two for purchasing data—along
with separate lines for quantity and value measurements, which introduces redundancies.
These issues will be addressed through the application of data reduction and transforma-
tion techniques.

3.1.3 Dataset Issues

The received format of the dataset is unusable directly since it presents several prob-
lems. The quality of the data should be checked before applying machine learning to
transform it into a format that is more easily and effectively processed[3]. Therefore, it
is imperative to make necessary adjustments before starting machine learning[8]. In fact,
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good data preparation is key to producing valid and reliable models[4]. Failing to do so
may result in the well-known adage, "garbage in, garbage out," where the machine learns
something wrong. Some detected issues of the dataset are represented as follows:

3.1.3.1 Dirty Data

Upon scanning the dataset, it becomes evident that there are a lot of missing values
and noisy data, highlighting the necessity for data cleaning.

3.1.3.1.1 Missing Values In fact, the errors related to missing values are entirely
normal. Sometimes, the wholesaler might not provide the monthly statement, or even
if they do, the industry may fail to add it to the database. Additionally, the monthly
statement is often added to the database without the distribution vector, or vice versa.
This situation renders the sample, characterized by the objective and the distribution
vector, unqualified for analysis. Such errors can be rectified using a data cleaning tech-
nique, which involves assigning default values to the missing entries, for example, or of
course using the inventory dynamics formula that we will define later.

3.1.3.1.2 Noisy Data On the other hand, we found two types of errors in noisy data.
The first type is represented by a zero value in the attribute of quantity measurement,
indicating that the registered quantity is zero. However, in reality, it may not be zero
since it is unreasonable for a purchasing operation to occur and its monthly statement to
be full of zeros. Additionally, the data for the first 10 months or more of 2019 are almost
all assigned to zero because the data recording platform was developed by Medicacom
after that period.

The second type of noisy data results from the non-compliance with the inventory
dynamics formula, often due to donation or sales of medicines occurring under the table
(off the record) without proper traceability. These activities evidently bias the data, and
these issues need to be addressed using data cleaning techniques. Additionally, we shall
detect and resolve data value conflicts through outlier analysis.

3.1.3.2 Categorical Features

Before applying machine learning, we also need to convert the nominal attributes
to numeric values. For example, the wholesaler and the medicine should be defined by
identifiers. In fact, many machine learning algorithms, like regression, operate seamlessly
with numerical inputs.

3.1.3.3 Redundant Features

To facilitate machine learning, we should eliminate redundant features, such as the
extra measurements we have—both quantity and value—that essentially convey the same
information. One measurement by quantity is entirely sufficient since the other measure
is derived from it. These issues will be addressed through redundancy and correlation
analysis, a technique of data integration.
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3.1.3.4 Missing Features

Additionally, a sample should contain information about the objective, so the machine
can learn who it was distributed to, as the startup didn’t provide us with that data due to
its confidentiality. However, this issue will be resolved by the budget constraint formula
and feature engineering, a technique of data integration.

3.1.3.5 Data Complexity

The challenge posed by the monthly statement’s division makes the analysis difficult.
Thus, we shall pivot the stock values, the sale values, and the purchase values into separate
columns, which will result in a reduced representation of the dataset that is much smaller
in volume, yet closely maintains the integrity of the original data. Such issues will be
addressed through numerosity reduction, a data reduction technique.

3.1.3.6 Heterogeneous Input Features

In order to facilitate the forecasting of the sales vector, which serves as the output
feature of the machine learning model, it is preferable for the input features to be homo-
geneous with the output feature. Therefore, we will manually estimate the sales vector
using estimation methods that involve reducing and transforming the dataset through a
data transformation technique.

3.2 Data Preprocessing

In this section, we will look at the major steps involved in data preprocessing, namely,
data cleaning, data integration, data reduction, and data transformation, in order to
facilitate the forecasting of the sales vector.

3.2.1 Inventory Dynamics

Derived from the postulate of matter conservation, a medicine should not be disparate.
Evidently, when a wholesaler purchases a medicine, this medicine should be stored in
the inventory and then sold to a pharmacy. Based on that, it should pass through
the distribution vector, the stock vector, and the sales vector. In other words, what
the wholesaler purchases at the onset of the month, combined with what he has in his
inventory at the beginning of the month, should be equal to what remains in the inventory
at the end of the month, combined with what he sold during the month. In other terms,
this could be expressed mathematically as follows:

xi
w,t + siw,t = siw,t+1 + viw,t (3.1)

3.2.2 Filtering Data

First of all, we filtered the data, keeping only the 32 pertinent wholesalers and the
154 medicines of interest, and eliminating the remaining ones.



CHAPTER 3. DATA PREPROCESSING AND ANALYSIS 19

3.2.3 Data Transformation

3.2.3.1 Converting Nominal to Numeric

Then, we converted the nominal values to numeric values. We assigned an identifier
denoted as w to each wholesaler and replaced the wholesaler name column with the
wholesaler identifier, where w ranges from 1 to 32. The correspondence between the
wholesaler name and identifier was preserved in the wholesaler matrix, depicted in the
right section of Figure 3.2.

Similarly, we replaced the medicine designation and code columns with an identifier
i for each medicine, ranging from 1 to 154. The correspondence between the medicine
name, code, and identifier was stored in the medicine matrix, as illustrated in the left
section of Figure 3.2. Noteworthy is the fact that medicine identifiers were associated
based on the sales tendency. For example, identifier i = 1 was assigned to the highest-
selling medicine.

Figure 3.2: Screenshot of the wholesaler matrix (right) and the medicine matrix (left)

As for the ’DD/MM/YYYY’ date format, we extracted the month t = MM , and
calculated t̃ using the formula defined in 2.1.

3.2.3.2 Redundant Data Elimination

We then merged the measure and type of measure columns into one column, ’quantity’,
eliminating the measure of the value, as the quantity alone was entirely sufficient. The
other measure could be derived from it by multiplying the quantity by the respective
price.

We pivoted the type of operation into three columns: the stock vector, the sales vector,
and the distribution vector, each encapsulating information from the quantity column.

We removed the lines with a "way of recording" column value equal to "mid month," as
it indicated incomplete monthly statements, rendering the data unqualified for analysis.
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Next, we removed the entire column, as it no longer served its purpose, featuring a
uniform value of "onset of the month," for all lines.

3.2.4 Data Cleaning

Data cleaning routines attempt to fill in missing values, smooth out noise, while
identifying outliers, and correct inconsistencies in the data. Our cleaning will be based
on the inventory dynamics formula.

3.2.4.1 Handling Missing Values

Missing values in the stock vector, sales vector, and distribution vector columns were
filled using the inventory dynamics formula defined in Equation (3.1), if and only if there
was one missing value among the four quantities employed in the formula. Otherwise,
remaining missing values were filled with zeros, as we assumed that these values referred
to unoccurred purchase operations after consulting and understanding the data recording
process.

3.2.4.2 Handling Noisy Data

Outliers were identified as values deviating by more than 10% from the inventory
dynamics formula, and these samples were eliminated from the analysis.

3.2.5 Data Integration

3.2.5.1 Price Vector Integration

Subsequently, we added a new column containing the price of the respective medicine.

3.2.5.2 Monthly Objective Integration

We calculated the monthly objective using the budget constraint formula defined in
Equation (2.2) and added the results in a new column.

3.2.5.3 Integrating the Sales Vector of the Last Month

Additionally, a new column containing the sales vector of the last month was ap-
pended, which would be useful for forecasting the sales vector.

3.2.6 Data Reformatting

Ultimately, the dataset obtained after applying these data preprocessing techniques
is shown in Figure 3.3.
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Figure 3.3: Screenshot of the dataset after applying preprocessing

3.3 Data Analysis

Although each feature of the obtained dataset, after applying preprocessing, carries
significant and distinct information, applying the machine learning model fails to pro-
duce an accurate sales forecast vector. Specifically, our experimentation with the gradient
boosting model revealed a mere 54.9% determination coefficient for the sales vector. This
may be explained by the heterogeneity of the input features, as illustrated in Figure 3.4,
highlighting the importance of each feature. Ideally, the input features should be homo-
geneous with the output feature. Therefore, there is a need for feature engineering, data
analysis, and correlation analysis.

Figure 3.4: Importance of each feature for forecasting the sales vector

3.3.1 Correlation Analysis

Searching for the explanatory variables of the sales vector, we can evidently conclude
from Figure 3.4 the importance of the sales vector of the last month, and the importance
of both the stock vector and the distribution vector from Figure 3.5. This significance
can be further augmented by applying a coefficient.
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Although Figure 3.5 does not show a strong correlation between the sales vector and
the objectives, the medicine, and the wholesaler, it is obvious and evident that there
exists a correlation among these variables, and the key lies in rendering it homogeneous.

Figure 3.5: Correlation Heatmap

3.3.2 Feature Engineering

In this section, we will attempt to generate informative features that are homogeneous
and highly correlated with the sales vector. We will utilize the large number of the existing
features that are uncorrelated with the sales vector in order to uncover hidden patterns,
improve model accuracy, and enhance the efficiency of machine learning algorithms. We
propose four features that will encompass all the necessary information. Subsequently,
we will eliminate any irrelevant features, if they exist.

v̂iw,t = f(v̂D,i
w,t , v̂

T,i
w,t, v̂

S,i
w,t, v̂

G,i
w,t) (3.2)

3.3.2.1 Incrementation Matrix

Let κw,t = (κ1
w,t, . . . , κ

M
w,t) ∈ [0, 1]M represent the incrementation vector, where each
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element κi
w,t signifies the average ratio between the sales vector of the current month

t and that of the preceding month t − 1. In essence, multiplying this incrementation
vector by the sales vector of the last month yields an approximate sales vector for the
current month. Since our dataset spans the period between January 2019 and May 2023,
nmax = 3. Formally, the incrementation matrix is denoted as (κi

w,t)1≤i≤M,1≤w≤32,1≤t≤12.

κi
w,t =

1

3
·

3∑
n=1

vi
w,t̃−12·n

vi
w,t̃−13·n

(3.3)

After applying this formula, we obtain the incrementation matrix shown in Figure 3.6.

Figure 3.6: Screenshot of the incrementation matrix

3.3.2.2 Dynamically Predicted Sales Vector

In order to approximate the sales vector based on its correlation with the sales vector
from the previous month, we introduce the dynamically predicted sales vector, denoted as
V̂ D
w,t, computed by multiplying the sales vector from the last month by the incrementation

coefficient, as outlined below:

v̂D,i
w,t = κi

w,t · viw,t−1 (3.4)

3.3.2.3 Priority Matrix

Let ρw = (ρ1w, . . . , ρ
M
w ) ∈ [0, 1]M represent the priority vector, where each element

ρiw signifies the ratio of the importance of medicine i to the wholesaler w, computed
by dividing the quantity sold of all medicines by the quantity sold of medicine i by the
wholesaler during the last 53 months recorded. Formally, the priority matrix is denoted
as (ρiw)1≤i≤M,1≤w≤32.

ρiw =

∑53
t̃=1 v

i
w,t̃∑154

j=1

∑53
t̃=1 v

j

w,t̃

(3.5)

After applying this formula, we obtain the priority matrix shown in Figure 3.7.
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Figure 3.7: Screenshot of the priority matrix

3.3.2.4 Traditionally Predicted Sales Vector

In order to approximate the sales vector based on its dependence on the objective,
the wholesaler, and the medicine, we introduce the traditionally predicted sales vector,
denoted as V̂ T

w,t, computed by dividing the objective by the price of medicine i and
multiplying it by the priority coefficient, as follows:

v̂T,iw,t = Ow,t · ρiw · 1
pi

(3.6)

3.3.2.5 Seasonal Trend Matrix

Let τt = (τ 1t , . . . , τ
M
t ) ∈ [0, 1]M represent the seasonal trend vector, where each element

τ it signifies the percentage of the seasonal purchase trend of the ith medicine during month
t, independently of the wholesaler. This is computed by dividing the quantity purchased
of all medicines at the onset of month t by all wholesalers, by the quantity purchased of
medicine i by all wholesalers at the onset of month t, during the last 53 recorded months.

τ it =
1

4
·

3∑
n=0

∑32
w=1 x

i
w,t̃−12·n∑154

j=1

∑32
w=1 x

j

w,t̃−12·n

=
32∑

w=1

τ iw,t (3.7)

where:

τ iw,t =
1

4
·

3∑
n=0

xi
w,t̃−12·n∑154

j=1 x
j

w,t̃−12·n

(3.8)

3.3.2.6 Sales Vector Predicted by Seasonal Trend

In order to approximate the sales vector based on its dependence on the objective, the
seasonal patterns, and the medicine, we introduce the sales vector predicted by seasonal
trend, denoted as V̂ S

w,t, computed by dividing the objective by the price of medicine i and
multiplying it by the seasonal trend coefficient, as follows:

v̂S,iw,t = Ow,t · τ it ·
1

pi
(3.9)
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3.3.2.7 Global Trend Vector

Let τ = (τ 1, . . . , τM) ∈ [0, 1]M represent the global trend vector, where each element
τ i signifies the percentage of the sales trend of the ith medicine, independently of the
wholesaler and the month. This ratio is computed by dividing the total quantity sold
of all medicines across 53 recorded months by all wholesalers, by the quantity sold of
medicine i across all recorded months by all wholesalers.

τ i =

∑53
t̃=1

∑32
w=1 v

i
w,t̃∑53

t̃=1

∑154
j=1

∑32
w=1 v

j

w,t̃

(3.10)

3.3.2.8 Sales Vector Predicted by Global Trend

In order to approximate the sales vector based on its dependence on the objective,
and the medicine, we introduce the sales vector predicted by global trend, denoted as
V̂ G
w,t, computed by dividing the objective by the price of medicine i and multiplying it by

the respective global trend coefficient, as follows:

v̂G,i
w,t = Ow,t · τ i ·

1

pi
(3.11)

3.3.3 Feature Selection

Consequently, we evaluate the proposed four features and identify the most relevant
and significant ones, not only to improve the forecasting of the sales vector but also to
reduce the dimensionality of the data, ultimately resulting in more accurate predictions.

Figure 3.8: Importance of each proposed feature for forecasting the sales vector

As Figure 3.8 illustrates, the key predictors for forecasting the sales vector are the
dynamically predicted sales vector and the traditionally predicted sales vector. Thus, we
keep only these two features and eliminate the rest, resulting the final dataset displayed
in Figure 3.9. This dataset will be used for the machine learning model that will forecast
the sales vector.
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Figure 3.9: Screenshot of the Final Dataset

Conclusion

In this chapter, we presented the dataset provided by Medicacom and explained the
meaning of each attribute. Next, we identified the issues with the dataset, which arrived
in a less-than-ideal state, and took strategic steps for data preprocessing. This involved
employing techniques such as data cleaning, data transformation, data integration, and
data reformatting. We established the inventory dynamics formula that guided our data
cleaning process. Subsequently, we analyzed the data, uncovering hidden connections
and identifying correlations between features, such as wholesaler behavior and seasonal
patterns. We transformed the features into homogeneous ones using the sales vector,
proposing four methods to approximate it. We evaluated these four features and identi-
fied the most relevant and significant ones to create our final dataset. This final dataset
will be used in the next chapter which will detail the development process for the sales
forecasting machine learning model.



Chapter 4

Sales Forecasting Model

Introduction

In this chapter, our focus centers on the development of a sales forecasting machine
learning model capable of generating a forecast sales vector V̂w,t. First, we will specify
its characteristics so it can be applicable to the final preprocessed dataset. Then, we
will identify the type of supervised machine learning algorithm and demonstrate that
our model should definitely be a regression algorithm. Next, we will limit and narrow
down our choice to commonly used machine learning models for regression tasks, such
as Random Forest Regressor, Gradient Boosting Regressor, Support Vector Regressor,
and Neural Networks. We will then train each model on the preprocessed dataset and
compare their evaluation metrics, such as the coefficient of determination R2, in order to
choose the top-performing and best-fit model for our case. Afterward, we will present the
chosen model and explain its algorithm. Following that, we will tune its hyperparame-
ters by empirically testing the grid search to further enhance its performance, which we
will discuss later. Once the creation of our sales forecasting machine learning model is
complete, it will be prepared to determine the unknown components in the objective dis-
tribution problem statement. We will enumerate the steps followed to forecast the sales
vector and approximate the threshold vector, the remaining two unknown vectors of the
ODP. In fact, the work that we will explain in this chapter is the key to completely
stating the objective distribution problem where all its components are known,
allowing us to finally solve the ODP.

4.1 Model Specification

The final dataset obtained, as shown in Figure 3.9 and comprising 73,009 samples of
reliable and representative data, will serve as the input for the sales forecasting model,
where the sales vector Vw,t functions as the dependent variable, while the dynamically pre-
dicted sales vector V̂ D

w,t and the traditionally predicted sales vector V̂ T
w,t act as predictors.

In fact, the model should be a supervised one since the values of the outcome variable

27
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are present in the dataset, and it should be constructed using the following approach:

V̂w,t = f(V̂ D
w,t, V̂

T
w,t) (4.1)

We randomly divided the dataset into an 80% training set and a 20% test set. The
samples in the training dataset will be utilized to fit the model parameters, while those
in the test dataset will be used for an unbiased evaluation of the final model, which was
trained on the training data.[15]

4.2 Model Selection

4.2.1 Regression

A regression model provides a function that describes the relationship between one or
more independent variables and a dependent, or target variable.[13]

In a regression model, which is applicable to our case, the relationship between the
dependent variable Vw,t and the independent variables V̂ D

w,t, V̂
T
w,t is represented by an

equation of the form:
Vw,t = f(V̂ D

w,t, V̂
T
w,t) + ϵ (4.2)

Where:

- Vw,t is the dependent variable (the quantity we want to predict).

- V̂ D
w,t, V̂

T
w,t are independent variables (predictor variables).

- f represents the functional relationship between the dependent and independent
variables.

- ϵ represents the error term, which accounts for the variability in Vw,t that cannot
be explained by the predictor variables.

The goal of a regression model is to estimate the parameters of the function f in such
a way that the predicted values V̂w,t are as close as possible to the actual values of Vw,t.
The process of estimating these parameters typically involves minimizing the difference
between the observed Vw,t values and the predicted values using a suitable criterion, such
as minimizing the sum of squared errors or maximizing the likelihood function.[12]

4.2.2 Possible Models

There are various machine learning models that can be applied to solve a regression
problem. From this rich array of possibilities, we narrowed down our choice to commonly
used machine learning models for regression tasks, including Linear Regression, Random
Forest Regressor, Gradient Boosting Regressor, AdaBoostRegressor, CatBoostRegressor,
XGBoost Regressor, LightGBM, Support Vector Regressor, K-Nearest Neighbors Regres-
sor, and Neural Networks. Each model is trained using the same training dataset and
then tested with the test dataset. Next, we will select the best-performing model among
them based on the best evaluation metrics.
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4.2.3 Model Comparison

After training each model with the training set and testing it with the test set, we cal-
culated the evaluation metrics for each model, including the mean absolute error (MAE),
the root mean squared error (RMSE), and the coefficient of determination R2, as detailed
in the table below:

Table 4.1: Model Comparison

Model Evaluation Metric
MAE RMSE R2

Linear Regression 193878.31 0.6958
Random Forest Regressor 159275.79 0.7501
Support Vector Regressor 271369.73 0.5423

K-Nearest Neighbors Regressor 172588.14 0.7148
Gradient Boosting Regressor 116.72 364.31 0.7917

AdaBoostRegressor 391.16 936.46 -0.3758
CatBoostRegressor 116.10 460.95 0.6666
XGBoost Regressor 116.52 416.90 0.7273

LightGBM 116.16 431.63 0.7077
Neural Networks (3 layers: 64, 32 and 1) 111.90 350.73 0.8060

The coefficient of determination, denoted as R2, is a statistical measure used to assess
the proportion of the variance in the dependent variable that is predictable from the
independent variables in a regression model. In simpler terms, it indicates how well the
independent variables explain the variability of the dependent variable in a regression
analysis.[2]

R2 ranges from 0 to 1, where:{
R2 = 0 : The predictors do not explain any variability in the dependent variable.

R2 = 1 : The predictors explain 100% of the variability in the dependent variable.

Therefore, the criterion for choosing the model is logically the one with the highest
coefficient of determination R2. By applying this criterion, we find that the best model
is the neural network with R2 = 80.60%, followed by the gradient boosting regressor
with R2 = 79.17%. However, considering that the training phase in neural networks
takes around 4 minutes, and in gradient boosting regressor takes around 5 seconds, and
acknowledging that the coefficient of determination can be further enhanced by hyperpa-
rameter tuning, we have evidently chosen the gradient boosting regressor as the model
for sales forecasting.

4.2.4 Gradient Boosting Regressor

In essence, gradient boosting regressor (GBR) is a popular machine learning algorithm
used for both regression and classification tasks. It is an ensemble learning method that
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combines the predictions of several base estimators (typically decision trees) to create
a strong predictive model. Gradient boosting regressor builds trees sequentially, where
each new tree aims to correct the errors made by the combined existing set of trees.[5]

The algorithm unfolds as follows:

1. Initialization: The algorithm starts with an initial prediction, often the mean of
the target values for regression problems. This initial prediction is used as the first
base estimator.

2. Sequential Training: It trains a series of weak learners (usually shallow decision
trees) in a sequential manner. Each tree is trained to correct the errors of the
combined predictions made by the existing ensemble of trees. The new tree focuses
on the samples where the previous predictions were inaccurate.

3. Weighted Combination: The predictions from each new tree are combined with
the predictions from the existing ensemble. Predictions from new trees are scaled
down (using a learning rate) to prevent overfitting and to make the algorithm more
robust.

4. Iterative Process: The process of adding new trees and adjusting the predictions
is repeated for a specified number of iterations or until a certain level of accuracy
is achieved.

5. Final Prediction: The final prediction is made by combining the predictions of
all the trees in the ensemble.

Gradient boosting regressor has several hyperparameters that can be tuned to op-
timize its performance, such as the number of trees (n_estimators), the learning rate
(learning_rate), the maximum depth of the trees (max_depth), and the minimum num-
ber of samples required to split an internal node (min_samples_split), among others.[5]

Advantages of gradient boosting regressor include its ability to handle complex rela-
tionships in the data and its resistance to overfitting, especially when proper hyperpa-
rameters are tuned.[5]

4.3 Hyperparameter Tuning

Hyperparameter tuning involves finding the best set of hyperparameters for a machine
learning algorithm to optimize its performance. Hyperparameters are external configu-
rations that are set prior to training a model and are not learned from the data, unlike
model parameters. Proper tuning of hyperparameters can significantly improve a model’s
accuracy and generalization on unseen data, and can prevent overfitting (when the model
performs well on training data but poorly on unseen data) and underfitting (when the
model is too simplistic to capture the underlying patterns in the data).[6]
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4.3.1 Empirical Test

To enhance the coefficient of determination R2, we empirically tried the grid search
method in order to find the optimal hyperparameters. In this method, we specified a
predefined set of hyperparameters each time, and the algorithm evaluated the model’s
performance for all possible combinations of these hyperparameters. While grid search
is exhaustive, it was computationally expensive and took a considerable amount of time,
requiring many minutes. Figure 4.1 illustrates an example of the grid search application
and its empirical test results.

Figure 4.1: Example of the grid search application

The final results of the empirical grid search test are as follows: learning_rate=0.0955,
max_depth=3, n_estimators=55.

4.3.2 Model Performance

By applying the optimal hyperparameters we found, we observed an improvement
in the coefficient of determination R² of the GBR, increasing from R2 = 79.17% to
R2 = 80.61%, as shown in the following figure:
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Figure 4.2: Gradient Boosting Regressor Performance

It is noteworthy that 80.61% of the variability in the dependent variable is explained
by the independent variables included in the GBR model, which represents the best result
we found among all the models we tested. The remaining 19.39% of the variability is
unexplained and could be due to other factors not considered in the model or inherent
randomness in the data

4.4 Finalizing the Objective Distribution Problem State-
ment

After creating a sales forecasting model, we can now finalize the objective distribution
problem statement that we defined in Equation (2.8), wherein we had three unknown
vectors: τw,t, V̂w,t, and Ĥw,t, in addition to the distribution vector X∗

w,t that we are
searching for. The first unknown vector, denoted as the trend vector τw,t, was computed
in Equation (3.8) when we analyzed historical sales data. As for the other two vectors,
we will approximate them using the GBR model recently developed.

4.4.1 Sales Vector Forecasting

Forecasting the sales vector V̂w,t involves four simple steps, as follows:

1. Coefficients Upload: Upload the incrementation matrix (κi
w,t)1≤i≤M,1≤w≤32,1≤t≤12,

the priority matrix (ρiw)1≤i≤154,1≤w≤32, and the price vector (pi)1≤i≤154.

2. Data Input: Enter two key pieces of information, specifically the sales vector of
the last month Vw,t−1 and the current objective Ow,t.

3. Input Preprocessing: Compute the dynamically predicted sales vector V̂ D
w,t, and
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the traditionally predicted sales vector V̂ T
w,t using the following formulas:{

v̂D,i
w,t = κi

w,t · viw,t−1

v̂T,iw,t = Ow,t · ρiw · 1
pi

(4.3)

4. Gradient Boosting Regressor Application: Execute the GBR model on the
dynamically predicted sales vector V̂ D

w,t and the traditionally predicted sales vector
V̂ T
w,t, resulting in the forecast sales vector, V̂w,t, which is obtained as follows:1

V̂w,t = ⌊fGBR(v̂
D,i
w,t , v̂

T,i
w,t)⌋ (4.4)

4.4.2 Threshold Vector Approximation

Approximating the threshold vector Ĥw,t involves three simple steps, following the
forecasting of the sales vector process:

5. Input Preprocessing: Normally, matrices are uploaded, the objective is entered,
and the sales vector is forecasted. Compute the dynamically predicted sales vector
of the next month V̂ D

w,t+1 and the traditionally predicted sales vector of the next
month V̂ T

w,t+1 using the following formulas:{
v̂D,i
w,t+1 = κi

w,t+1 · v̂iw,t

v̂T,iw,t+1 = Ow,t · ρiw · 1
pi
= v̂T,iw,t

(4.5)

6. Forecasting the Sales Vector of the Next Month: Execute the GBR model on
the dynamically predicted sales vector of the next month V̂ D

w,t+1 and the traditionally
predicted sales vector V̂ T

w,t, resulting in the forecast sales vector of the next month,
V̂w,t+1, which is obtained as follows:

V̂w,t+1 = ⌊fGBR(v̂
D,i
w,t+1, v̂

T,i
w,t)⌋ (4.6)

7. Approximating the Threshold Vector: Each element ĥi
w,t of the approximate

threshold vector signifies the approximate maximum quantity of the ith medicine
beyond which, if the stored quantity of the ith medicine in the inventory of whole-
saler w, at the onset of month t, surpasses it, this medicine will remain dormant for
more than 2 months. Hence, the threshold vector Ĥw,t is approximated using the
following formula:

Ĥw,t = V̂w,t + (1 + µ) · V̂w,t+1 (4.7)

where µ denotes a safety margin, typically of the order of 5%, to compensate for
the errors introduced by the predictions of the GBR model.

1⌊.⌋ denotes the entire part
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4.4.3 Complete Problem Statement

In this stage, we know all the vectors employed in the objective distribution problem,
except, of course, the distribution vector X∗

w,t that we are searching for. One way to com-
pletely state the objective distribution problem is as follows, where all its components
are known:

Find the optimal distribution vector X∗
w,t in order to:

maximize

M∑
i=1

(xi
w,t · pi) · τ iw,t (4.8)

subject to constraints:

∑M
i=1 x

i
w,t · pi = Ow,t

siw,t + xi
w,t ≥ v̂iw,t , ∀ i ∈ [[1;M ]]

siw,t + xi
w,t ≤ ĥi

w,t , ∀ i ∈ [[1;M ]]

xi
w,t ∈ N , ∀ i ∈ [[1;M ]]

(4.9)

where:

- the trend vector (τ iw,t)1≤i≤M is computed using Equation (3.8)

- the sales vector (v̂iw,t)1≤i≤M is forecasted using Equation (4.4)

- the threshold vector (ĥi
w,t)1≤i≤M is approximated using Equation (4.7)

- the objective Ow,t and the stock vector (siw,t)1≤i≤M are provided by the industry

- the price vector (pi)1≤i≤M is sourced from the database

Conclusion

In this chapter, we developed a machine learning model for sales forecasting, capable of
generating a forecast sales vector V̂w,t. We started by specifying its characteristics to suit
the final preprocessed dataset. Then we identified its type as a regression model. Next,
we narrowed down the choice of the model to commonly used machine learning models
for regression tasks. We tested each one on our dataset and compared their results along
with their evaluation metrics, such as the coefficient of determination R2. Consequently,
we selected the Gradient Boosting Regressor as the top-performing and best-fit model
for our case. Subsequently, we defined it and presented its algorithm. Afterward, we
fine-tuned its hyperparameters through empirical testing using grid search to further
enhance its performance. We then discussed the results, deeming them acceptable. Upon
completion of our sales forecasting machine learning model, it became ready to determine
the unknown components in the ODP statement. We enumerated the steps followed
to forecast the sales vector and approximate the threshold vector, the remaining two
unknown vectors of the ODP. Finally, we fully stated the objective distribution problem
where all its components are known, paving the way for the next chapter to finally solve
the ODP.



Chapter 5

Solving the Objective Distribution
Problem

Introduction

In this chapter, we will focus on solving the objective distribution problem using an
operational research approach. To achieve this, we will identify the type of the ODP
as a resource allocation problem. We will then define the bounded knapsack problem
(BKP), which is a resource allocation problem applicable to our context, with numerous
algorithms capable of solving it. Next, we will convert the ODP to a BKP by making
the necessary changes and introducing the intermediate variables for the translation. To
establish a clear correspondence between the variables of the ODP and the BKP, we
construct an analogy table. With this groundwork in place, we will state the objective
distribution problem in the framework of a bounded knapsack problem, defining all its
components. Subsequently, we will solve the BKP using exact methods such as dynamic
programming and approximate methods such as metaheuristic algorithms. We will com-
pare these methods. By doing so, we will finally solve the objective distribution
problem and respond to the wholesaler and the industry’s needs by providing
them with the optimal distribution vector X∗

w,t that prevents understocking and over-
stocking and guarantees the best objective distribution.

5.1 Bounded Knapsack Problem

The knapsack problem is the following problem in combinatorial optimization: Given
a set of items, each with a weight and a value, determine which items to include in the
collection so that the total weight is less than or equal to a given limit and the total value
is as large as possible.[7]

There are several variations of the problem, one of which is the Bounded Knapsack
Problem. In this version, a knapsack of capacity C1 should be filled by use of n given item

1To avoid any confusion between the quantities defined in the ODP problem and those defined in the
BKP problem, each entity defined in BKP shall be denoted as a letter unused by the ODP.
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types, where type j has profit or value ϑj, weight ωj, and a bound mj on the availability.
The problem is to select a number χj (0 < χj < mj) of each item type such that the
profit sum of the included items is maximized without having the weight sum to exceed
C.[1]

Formally, the Bounded Knapsack Problem can be defined as follows:

1. Input:

- n items, where each item j has a weight ωj, a value ϑj, and a maximum
quantity mj.

- Knapsack capacity C

2. Objective: Maximize the total value of items in the knapsack without exceeding
the total weight capacity.

3. Constraints: The total weight of selected items cannot exceed the knapsack capac-
ity, and for each item, the quantity selected cannot exceed the maximum quantity
available.

The BKP may thus be defined as the following optimization problem:

maximize
n∑

j=1

ϑj · χj

subject to:
n∑

j=1

ωj · χj ≤ C,

χj ∈ {0, 1, . . . ,mj}, j = 1, 2, . . . , n

(5.1)

where all coefficients are positive integers.

Solving the BKP can be challenging, especially when the input size is large, as it is
considered NP-hard. There are dynamic programming-based approaches that can be
used to solve this problem, which involve constructing a table to store intermediate solu-
tions and iteratively filling it based on subproblems.[1]

5.2 Converting the ODP to a BKP

Our ODP is of type resource allocation problem. To address this, we aim to transform
it into a well-established resource allocation problem for which solutions already exist.
In order to facilitate the resolution of the ODP, we will convert it to a BKP, as the BKP
already contains numerous algorithms capable of solving it.
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5.2.1 Simplification by the Understocking Constraint

Given the problem statement in Equation (4.8), the first step of the resolution be-
comes evident through the understocking constraint. In fact, the minimal distribution
vector Xmin

w,t should precisely be equal2 to the forecast sales vector (v̂iw,t)1≤i≤M so that
the wholesaler could respond to the demand, as defined by the understocking condition.
Thus, the optimal distribution vector X∗

w,t is determined as follows:

X∗
w,t = Xmin

w,t +X+
w,t (5.2)

where X+
w,t = (x+,1

w,t , . . . , x
+,M
w,t ) ∈ NM denotes the complementary distribution vector

that we will search for using the BKP, and where:

xmin,i
w,t = v̂iw,t , for i = 1, 2, . . . ,M (5.3)

5.2.2 Modification on the Overstocking Constraint

By analogy, using the overstocking constraint, we define the maximum distribution
vector Xmax

w,t as follows:

xmax,i
w,t = ĥi

w,t − siw,t , for i = 1, 2, . . . ,M (5.4)

This leads to the following constraint:

xmin,i
w,t ≤ x∗,i

w,t ≤ xmax,i
w,t , for i = 1, 2, . . . ,M (5.5)

or still can be expressed as:

v̂iw,t ≤ x∗,i
w,t ≤ ĥi

w,t − siw,t , for i = 1, 2, . . . ,M (5.6)

or another constraint pertains to the complementary distribution vector:

0 ≤ x+,i
w,t ≤ ĥi

w,t − siw,t − v̂iw,t , for i = 1, 2, . . . ,M (5.7)

5.2.3 Bound Vector

Let βw,t = (β1
w,t, . . . , β

M
w,t) ∈ ZM represent the bound vector, where each element βi

w,t

signifies the maximum quantity of the ith medicine that the complementary distribution
vector can attain. This can be expressed as follows:

βi
w,t = ĥi

w,t − siw,t − v̂iw,t , for i = 1, 2, . . . ,M (5.8)
2If :

∑M
i=1 x

min,i
w,t · pi ≤ Ow,t
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5.2.4 Analogy Between ODP and BKP

Once the problem statement is simplified through the understocking constraint, we
can easily transform the objective distribution problem into a bounded knapsack problem
using the following table:

Table 5.1: Analogy Between ODP and BKP

Bounded Knapsack Problem Objective Distribution Problem
Meaning Symbol Meaning Symbol

Item j Medicine i
Number of Items n Number of Medicines M

Knapsack Capacity C Residual Objective Ores
w,t = Ow,t −

∑M
i=1 x

min,i
w,t · pi

Weight ωj Price pi

Value ϑj Value Vector νi
w,t = pi · τ iw,t

Bound mj Bound Vector βi
w,t = ĥi

w,t − siw,t − v̂iw,t

Number of copies χj Comp. Distribution Vector x+,i
w,t = x∗,i

w,t − v̂iw,t

5.2.5 ODP Statement in the Framework of a BKP

Having established the analogy table, we are now able to state the objective distribu-
tion problem in the format of a bounded knapsack problem. One way to concretize that
is as follows:

Find the complementary distribution vector X+
w,t that:

maximize
M∑
i=1

(pi · τ iw,t) · x
+,i
w,t

subject to:
M∑
i=1

pi · x+,i
w,t ≤ Ores

w,t ,

x+,i
w,t ∈ {0, 1, . . . , βi

w,t}, i = 1, 2, . . . ,M

(5.9)

where:

- the trend vector (τ iw,t)1≤i≤M is computed using Equation (3.8)

- the bound vector (βi
w,t)1≤i≤M is computed using Equation (5.8)

- the sales vector3 (v̂iw,t)1≤i≤M is forecasted using Equation (4.4)

- the threshold vector4 (ĥi
w,t)1≤i≤M is approximated using Equation (4.7)

- the stock vector5 (siw,t)1≤i≤M is provided by the industry

- the residual objective is computed as follows: Ores
w,t = Ow,t −

∑M
i=1 v̂

i
w,t · pi

- the price vector (pi)1≤i≤M is sourced from the database
3used in calculation of the bound vector
4used in calculation of the bound vector
5used in calculation of the bound vector
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And after solving the BKP by finding the complementary distribution vector X+
w,t,

we will conclude using the following formula, which is derived from Equation (5.2), the
optimal distribution vector X∗

w,t:

X∗
w,t = X+

w,t + V̂w,t (5.10)

5.3 Solving the Bounded Knapsack Problem

Various methods are known for solving the BKP, ranging from exact methods that pro-
vide optimal solutions to heuristic approaches that offer approximate solutions. Among
these methods are both exact and approximate techniques. The most well-known method
for solving the BKP is the dynamic programming approach, which provides an exact so-
lution.

5.3.1 Dynamic Programming

Dynamic programming breaks down the problem into smaller subproblems, solving
them recursively and storing the solutions in a table to avoid redundant computations.
Specifically, Dynamic programming algorithms for the BKP involve the construction of a
multidimensional table, where each cell represents a subproblem of the original problem.
The table is systematically filled based on the relationships between subproblems, allow-
ing for the computation of optimal solutions iteratively. By leveraging the principle of
optimality, these algorithms avoid redundant computations and significantly improve the
efficiency of the solution process.[4] Although this algorithm provides an optimal solution,
it is simple to code, as shown below:

1 def knapsack_bounded(values , weights , bounds , k, i=0, lookup=None):
2 if lookup is None:
3 lookup = {}
4

5 if (i, k) in lookup:
6 return lookup [(i, k)]
7

8 if i == len(values):
9 return 0, [0] * len(values)

10

11 max_value = 0
12 max_counts = [0] * len(values)
13

14 for count in range(bounds[i] + 1):
15 if weights[i] * count <= k:
16 value , counts = knapsack_bounded(values , weights , bounds , k

- weights[i] * count , i + 1, lookup)
17 current_value = count * values[i] + value
18 if current_value > max_value:
19 max_value = current_value
20 max_counts = [0] * len(values)
21 max_counts[i] = count
22 max_counts[i + 1:] = counts[i + 1:]
23

24 lookup [(i, k)] = max_value , max_counts
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25 return max_value , max_counts

Listing 5.1: Knapsack Bounded Algorithm

This algorithm, like other exact algorithms, is designed to provide optimal solutions
by exhaustively exploring all possible combinations of items within the weight constraint.
These exact methods guarantee finding the best solution, but they can be computation-
ally expensive, especially for large instances of the problem.[1]

In other words, executing this dynamic programming algorithm on our case, with a
time complexity of O(Ores

w,t · M · (βi
w,t)max), blocked our laptop for more than an hour.

Therefore, we need a metaheuristic method.

In fact, the choice of method depends on the problem size, the required level of
optimality, and the computational resources available. Exact methods are preferred for
small problem sizes, while metaheuristic methods are preferred for larger problem sizes
or when an approximate solution is acceptable. Also, a set of relevant methods depends
on the selected formulation of the KP.[1]

5.3.2 Metaheuristic Algorithm

Metaheuristic approaches offer approximate solutions by employing smart strategies
to navigate the solution space more efficiently. Metaheuristics are particularly valuable
when dealing with large-scale instances of the BKP, where finding an optimal solution
within a reasonable time frame becomes challenging. Although metaheuristic methods
do not guarantee optimality, they often yield satisfactory solutions in practice.[10]

Drawing inspiration from the dynamic programming algorithm, we have developed a
formula as shown below, that approximately calculates the complementary distribution
vector X+

w,t:

x+,i
w,t = O+

w,t · λi
t,w · 1

pi
(5.11)

where O+
w,t denotes the surplus objective computed as follows:

O+
w,t = Ow,t −

M∑
i=1

(v̂iw,t + v̂iw,t+1) · pi (5.12)

The decision coefficient δO+
w,t

is computed as follows:

δO+
w,t

=

{
1 if O+

w,t ≤ 0,

0.8 if O+
w,t > 0.

(5.13)

The order vector (λi
t,w)1≤i≤M is determined by:

λi
t,w = τ iw,t · (1− δO+

w,t
) + δO+

w,t
· σi

w,t (5.14)

Additionally, the purchasing coefficient ϱw,t is calculated as:
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ϱw,t = max
1≤i≤M

siw,t

v̂iw,t+1

(5.15)

Lastly, the surplus vector (σi
w,t)1≤i≤M is obtained using the following formula:

σi
w,t =

2 · ϱw,t · v̂iw,t+1 − siw,t∑M
i=1 2 · ϱw,t · v̂iw,t+1 − siw,t

(5.16)

This methodology, accumulated after empirical tests, has been proven to effectively
calculate the complementary distribution vector X+

w,t.

Once the BKP is solved by finding the complementary distribution vector X+
w,t, we can

easily conclude, using Equation (5.2), the optimal distribution vector X∗
w,t, the solution

of the ODP.

Conclusion

In this chapter, we solved the objective distribution problem using an operational research
approach. First, we identified the type of the ODP as a resource allocation problem and
then chose a well-known resource allocation model applicable to our context, with various
predefined algorithms to solve it. We defined the bounded knapsack problem. Next, we
converted the ODP to a BKP by implementing essential modifications and introducing
intermediate variables for the translational process. To establish a clear correspondence
between the variables of the ODP and the BKP, we constructed an analogy table. Then,
we stated the objective distribution problem in the framework of a bounded knapsack
problem. Afterward, we solved the BKP using exact methods such as dynamic pro-
gramming and approximate methods such as metaheuristic algorithms. We chose the
metaheuristic algorithm for its rapidity and acceptance of results. Ultimately, we arrived
at the optimal solution for the objective distribution problem, proposing the optimal
distribution vector X∗

w,t and fulfilling the precise requirements of the wholesaler and the
industry. The next chapter will detail how the solution was implemented in the notebook
and provide instructions for using the implemented solution.



Chapter 6

Implementation and Validation

Introduction

In this chapter, we will explain the process to be followed for using the implemented
solution and clarify the input and output from the user’s perspective. We will define the
input data and the specific format to follow explicitly. Then, we will provide detailed
instructions for using the notebook. This step aims to make our work easily usable
by Medicacom. Afterward, we will test the model using a randomly selected sample.
Subsequently, we will comment on the generated results solely in terms of the comparison
between the forecast sales vector and the sales vector, as the optimal distribution vector
is a decision made by the wholesaler.

6.1 Notebook and Matrices

As shown in the sequence diagram (Figure 2.2), the industry inputs the wholesaler’s
name, the month t, the sales vector from the last month Vw,t−1, the stock vector Sw,t, and
the objective Ow,t. They attend to receive an optimal distribution vector and, optionally,
the forecast sales vector, as specified in the project requirements. This is how we build
our model, and it’s also how the notebook functions: it takes the input variables and
produces the output variables. We implemented our solution in a Python notebook on
Google Colab and shared it with Medicacom, alongside the necessary matrices for the
notebook to function.

Within the model integration process, specific matrices are necessitated, which we
used throughout the resolution, namely the wholesaler matrix, the medicine matrix, the
price vector, the preprocessed dataset, the trend matrix, the priority matrix, and the
incrementation matrix. These matrices are essential for the notebook to function, and
we have calculated and formatted them appropriately in CSV files, ready to be uploaded
to the notebook.

It is noteworthy that the notebook functions each time one sample is taken to gener-
ate only one optimal distribution vector. A sample by definition consists of a wholesaler
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and a month. This means that every time we select a particular wholesaler and a specific
month, we input their corresponding data to ultimately receive the outcomes.

6.2 Instructions for Using the Notebook

To ensure the proper functioning of the notebook and the model, the following steps
must be carefully followed1:

1. Select a sample, a specific wholesaler w, and a particular month t, where an opti-
mal objective distribution of medicines needs to be determined, meeting demand
requirements while avoiding both overstock and understock situations.

2. Create an Excel file to enter the sample coordinates following this format:

- Include a column titled “Medicine Code”, housing the medicine codes
- Integrate a column named “Sales vector of the last month”, Vw,t−1, capturing

the quantities of medicines sold by wholesaler w in the previous month t− 1

- Encompass a column labeled “Stock vector of the current month”, Sw,t, repre-
senting the quantities of medicines present in the inventory of wholesaler w at
the onset of month t

Save this Excel file in CSV format with semicolons as separators.

3. Import the seven constant files, namely wholesalerMatrix, medicineMatrix, prepro-
cessedDataset, priorityMatrix, incrementationMatrix, trendMatrix and priceVector,
along with the sample file.

4. In the “INPUT: Sample Coordinates” section, update the variables: wholesaler_name,
month t, objective Ow,t, and sample_path, as illustrated in Figure 6.1.

5. Click “Run”, followed by “Restart and run everything.”

6. In the downloaded Excel file, detailed estimations for each product will be provided,
indicating both the forecast quantity to be sold by the wholesaler w during month
t and the recommended quantity for purchase.

Throughout the implementation process, error exceptions have been integrated to
assist users in identifying the specific cause of errors and pinpointing the step where the
protocol is not being respected.

1It’s noteworthy that this notebook is provided to Medicacom data scientists and not to the industry.
For the industry, it should be user-friendly.
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Figure 6.1: Input of the Sample Coordinates

6.3 Testing the Implemented Solution

In order to test and validate the implemented solution, we chose a sample of the
wholesaler ’ ’ in the month of ’July 2022’.

6.3.1 Input

As Figure 6.1 illustrates, we inputted the data as follows:
wholesaler_name = “ ”
month = 7
objective = 100000 # en TND
sample_path = “/content/ECHANTILLON G1 M7.csv”

And we created a CSV file, shown in Figure 6.2, containing the “Sales vector of the
last month” Vw,t−1 and the “Stock vector of the current month” Sw,t.
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Figure 6.2: Screenshot of the Input Data of the Sample

6.3.2 Output

After executing the model on the input data of the selected sample, which lasts
approximately about 10 seconds, we obtain the model output in an Excel file downloaded
systematically, as represented in Figure 6.3.

In Figure 6.3, the optimal distribution vector X∗
w,t is referred to as the “Quantity to

purchase proposed”, while the forecast sales vector V̂w,t is labeled as the “Quantity to sell
this month”.
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Figure 6.3: Screenshot of the Model Output

6.3.3 Discussion

To gain insight into the performance and realism of the output, we compare the fore-
cast sales vector V̂w,t, referred to in Figure 6.3 as the “Quantity to sell this month” with
the actual sales vector Vw,t.

In Figure 6.4, we present the forecast sales vector and the actual sales vector together
to visualize the difference. We calculated the coefficient of determination, R2, between
the forecast sales vector and the actual sales vector, which was 78.53%. This value is
entirely acceptable and sufficient for making decisions regarding the distribution vector.
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Figure 6.4: Comparing the forecast sales vector and the sales vector

Conclusion

In this chapter, we have explained the process to be followed for using the implemented
solution and have clarified the input and output from the user’s perspective. We defined
the input data and the specific format to be followed explicitly. Then, we provided
detailed instructions for using the notebook. Afterward, we tested the model using a
randomly selected sample. Subsequently, we commented on the generated results solely
in terms of the comparison between the forecast sales vector and the sales vector, as the
optimal distribution vector is a decision made by the wholesaler. We concluded that the
result is entirely acceptable and sufficient for making decisions regarding the distribution
vector, as our main goal is to propose an optimal distribution vector, not to forecast the
sales vector.



General Conclusion and Perspectives

Due to demand fluctuations, inventory management intricacies, and resource allo-
cation dilemmas being major challenges in the healthcare sector, various studies have
been conducted, including those utilizing statistics, estimation, and machine learning ap-
proaches. In our report, we employ these approaches alongside our accumulated knowl-
edge in data analysis, data preprocessing, operational research, and optimization, to
follow a strategic plan, initially formulating the objective distribution problem mathe-
matically and subsequently solving it using a metaheuristic approach by projecting it
onto another resource allocation problem—the bounded knapsack problem. This process
involves creating a sales forecast machine learning model, specifically the gradient boost-
ing regressor, which allowed us to completely define the objective distribution problem.

In simpler terms, we have successfully developed a model that takes the monthly
statement of a specific wholesaler and a particular month as input, then proposes the
optimal objective distribution vector to the wholesaler, preventing both understocking
and overstocking and ensuring the best objective distribution to meet pharmacy demands.

A significant portion of this engineering internship was dedicated to mathematically
reformulating the problem and preprocessing the dataset, driven by our belief in the engi-
neer’s fundamental task of modeling before solving and our adherence to the postulate of
’Garbage In, Garbage Out.’ Beyond enhancing our expertise, this internship allowed us to
refine our scientific rigor, critical thinking, open-mindedness, and adaptability—qualities
essential for an engineer.

The next stage will be to integrate the developed model, implemented in a Python
notebook, into a user-friendly platform. This will enable industry professionals to use it
without the need for expertise in data science.

Furthermore, future research will focus on integrating the upcoming new database
into the training set of the gradient boosting regressor to enhance its predictions further,
since the current dataset comprises recorded medicine purchasing operations spanning
the period between January 2019 and May 2023, which is evidently biased due to the
effects of Covid-19.
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