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Introduction
Welcome to the 2020 MIT-Zaragoza Masters of Engineering in Logistics and Supply Chain
Management Research Journal!
The six papers included in this journal were chosen from the fifteen projects submitted by
the class of 2020 at the Zaragoza Logistics Center. The articles are written as executive
summaries and are intended for a business, rather than an academic audience.
The purpose of the executive summaries is to give the reader a sense of the business
problem being addressed, the methods used to analyze the problem, and the relevant
results, conclusions and insights gained. The complete projects are, of course, much more
detailed. We have also included a complete list of this year´s projects with short
descriptions at the end of this journal.
The articles in this publication cover a wide range of interests, approaches, and
industries. This variety of topics illustrates one of the hallmarks of the MIT Zaragoza
program; the students´ ability to focus their course work and research on topics that
most interest them.
These projects are conducted in conjunction with the Zaragoza Academic Partner (ZAP)
Program, an initiative to enhance applied research and closer industry-academia
relationships in the field of supply chain management.
The ZAP Program gives MIT-Zaragoza students the opportunity to work closely with
industry professionals on actual supply chain problems, and gives companies an
opportunity to interact with a student or student team along with a professor as expert
thesis advisor who together bring new insights and approaches to a current supply chain
project.
We hope you enjoy the articles. If you wish to discuss any other aspect of the program or
wish to find out how your company can interact with our students, please do not hesitate
to contact me directly.

Happy reading!
Marta Romero
Director of International Masters
Zaragoza Logistics Center
mromero@zlc.edu.es
www.zlc.edu.es

Dynamic tool for Demand Forecasts, SKU Segmentation and
a Prescriptive Planning Dashboard for a life science company
By Rohit R. Kamath and Juan Pablo Salazar
Thesis Advisor: Yasel Costa, Ph.D.
Summary:
This thesis tackles supply chain planning challenges in environments with sporadic demand. By designing,
developing, and deploying a Python-based forecasting and clustering web application and an Excel-based
prescriptive planning dashboard, value was added to a life sciences company’s overall planning process.
Improvement in forecast accuracy by 100% was one of the enhancements actualized through the usage of
the tool.
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KEY INSIGHTS
1. Quantitative techniques based on AI/ML such
as Artificial Neural Networks can be adopted
to overcome existing forecasting challenges.
2. Advanced predictive, analytical techniques
can be utilized in a data-driven manner to
dynamically generate the MRP to help
reduce inventory, improve customer service
level and positively impact the bottom line.
Introduction
A Swiss-based life-science company that
manufactures medical devices is facing fastgrowing inventory levels represented in total
inventory value increasing by 45% in just two
years, going from 12.7m CHF in 2017, 17.4m CHF
in 2018 and 18.4m in 2019. A root-cause analysis
pointed at the fact that Engineered-To-Order
(ETO) equipment manufacturing and spares in the
life-science industry are characterized by Stock
Keeping Unit (SKU) proliferation, continuous
innovation, and demand characteristics such as
intermittency, which make it difficult to forecast.

An Economic Order Quantity (EOQ) model is currently
used to plan replenishment quantities, but this has not
alleviated the problem. The use of standard
functionalities of SAP ERP R/3 to perform the demand
forecasting yields a meager average forecast accuracy
of 30%.
Having identified the most significant contributing
factors to the problem on hand, the objective of the
thesis was to provide the life sciences company with an
end-to-end dynamic planning solution that would
upgrade the Material Requirement Planning (MRP)
process and lower the inventory levels.
Methodology
The delivery goal of the thesis was to design, develop,
and deploy a dynamic Python-based web application
that the life sciences company could easily use to
perform demand forecasting and SKU segmentation for
their portfolios. The objective was to also design and
create a dynamic planning dashboard that could
simulate scenarios based on the generated forecast
and prescribe near-optimal order quantities and safety
stock levels, highlighting financial implications.

In order to achieve the goal, the Cross-Industry
Standard Process for Data Mining (CRISP-DM)
methodology was followed, as shown in the figure
below. The designed tool needed to be 1) robust
and scalable, 2) dynamic and flexible for
extensive use by the life sciences company, and
3) easy to use for minimal change management.
A continuously improving planning process was
envisaged through the use of the end-to-end
planning solution.

Upon reviewing relevant literature, forecasting and
clustering techniques such as Croston’s Method,
Feedforward Neural Network (FNN), K-Nearest
Neighbors (KNN), some of which are based on Artificial
Intelligence and Machine Learning (AI/ML) concepts
were explored. Empirical evidence suggested the
appropriateness of the shortlisted techniques.
The process architecture as shown in the figure above
involved obtaining historical data such as Sales Orders
and Inventories from SAP ERP. This data serves as
the input to the web-based application developed
during the course of the thesis which was named
Smart4kast. The tool performs the clustering and
forecasting operations and generates a downloadable
output file with the results. The tool’s output file serves
as an input to the Excel-based planning dashboard
designed during the course of the thesis, which
dynamically prescribes near-optimal safety stock
levels and order quantities and assists a demand
planner with several decisions that have to do with
inventory management.
Design, Algorithms and Features

During the Data Understanding phase of the
project, it was apparent that a majority of the SKUs
(70%) were characterized as ones with low
continuity in demand and low demand volume. It
was fairly evident that the intermittency in demand
was resulting in sub-par forecasting accuracies.

The tool is provided with monthly buckets of historical
data. The applications forms clusters of SKUs with
similar characteristics in terms of overall volume of
demand and intermittency of demand. The k-nearest
neighbours method was used to perform the
unsupervised data mining process of clustering. For
the purpose of forecasting, historical data is broken
down into a training and testing set. 80% and 20% of
the data is treated as the training set and testing set
respectively.

Using the Limited Memory BFGS quasi-newton
method, relevant coefficients (such as alpha, beta,
gamma for Holt-Winters’ Method) are optimized in
order to derive the Root Mean Square Error
(RMSE) and Mean Absolute Percentage Error
(MAPE) for each forecasting technique and SKU
combination. The method that results in the
minimum RMSE (on the testing set) for a particular
SKU, is selected as the ideal forecasting technique.
The selected forecasting technique is further used
to extrapolate demand for that SKU over the next
twelve months. This is performed for each SKU
captured in the input file.
Hypertext Markup Language (HTML), Cascading
Style Sheets (CSS), and JavaScript were
languages used to design the frontend of the
application. The framework selected to build the
web application was Django. An SQLite database
was selected to be used as the repository for all the
data that needs storing and processing during each
instance of the application.

On the frontend, the tool provides a trendline of the
historical data and the prediction. It displays the
predictions of the top 5 forecasting techniques ranked
according to RMSE. The tool’s dashboard also
provides a scatterplot to view the various clusters of
SKUs.
When the output file generated by the tool is fed to
the Excel based Prescriptive Planning Dashboard,
simulations are created assuming a continuous
inventory review policy (R,Q Model) to explore
aspects such as expected cost of safety stock, orderup-to level, on-hand inventory to name a few. The
dashboard was designed keeping several fields (such
as replenishment lead time) parametric for the user to
be able to update them accordingly.

To verify and validate the fact that the web-based
application is being used by planners from the
company, a layer of protection based on username
and password was added to the application.
Furthermore, to notify the user once the results are
generated, a feature of pre-emptively sending the
output file via email to the user was added to the
application.

Results and Conclusions

The 1.2 GB application, consisting of open-source
libraries and application programming interfaces
(APIs) was deployed onto a Linux based Linode
server with 2 GB RAM. A firewall was deployed on
the network layer to prevent unauthorized access
from a private network.

During the testing phase, the application was made
to generate forecasts for company’s entire portfolio.
Different stages of testing involved the use of different
sets of forecasting techniques that were parallelly
being implemented in Python using open-source
libraries such as keras, tensorflow, and statsmodel.

An improvement in the forecasting key performance
indicator (KPI), MAPE through the implementation
of Feedforward Neural Networks (FNN), Recurrent
Neural Networks (RNN) and Croston’s Method was
observed. While techniques such as Holt Winter’s
Exponential Smoothing (HWES) with two years of
historical data generated a MAPE of 78.2%, RNN,
FNN, and Croston’s obtained a MAPE of 40.7%
when used with five years of historical data. It is
important to note the significance of providing the
tool with large volumes of data. A remarkable
improvement in forecasting accuracy was observed
when the tool was provided with 3 additional years
of historical demand data, as shown in the table
below.

The Prescriptive Planning Dashboard simulated
scenarios with a 12-month horizon and projected
savings of nearly 2 million CHF by adjusting safety
stock levels for individual SKUs which are maintained
as master data on SAP ERP. The R,Q Model
simulator further prescribed near-optimal lot sizes for
each SKU. Multiple sessions were conducted to train
the users from the company as a part of the user
acceptance training (UAT). A standard operating
procedure (SOP) and user manual was shared with
the users. Process owners and stakeholders were
confident about the value it would add to the MRP
process. The results obtained during the pilot run of
the application promises significant improvements in
KPIs relevant to demand forecasting and planning.
Cited Sources

Phase

Forecasting
techniques
used

5 years
historical
data

3 years
historical
data

2 years
historical
data

MAPE

MAPE

MAPE

I

WMA, SES,
HWES

75.1%

76.5%

78.2%

II

Addition of
ARIMA

69.3%

72.6%

74.2%

III

Addition of
FNN, RNN

55.8%

61.6%

63.1%

IV

Addition of
Croston’s
method

40.7%

49.2%

52.1%
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for time series forecasting. International Journal of
Forecasting. Pages 375– 387
m

Segmentation-based Inventory
Management in the Tobacco Industry
By Rodolfo Lisita Pinto and Isabel Alexandra Ramirez Penagos
Thesis Advisor: Dr. Spyridon Lekkakos
Summary:
The thesis identifies a more sophisticated approach to inventory management in a leading Tobacco
manufacturer. A product segmentation based on sales volume (ABC) and demand variability (LMH) was used
to assess the effect of the current policy in the setting of inventory targets and alternatives to the current
classification. A reduction of 25% in the value of DIOH was achieved whilst service level maintained at 97.94%.
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KEY INSIGHTS
1. Product segmentation can improve inventory
management policies.
2. Products with high importance to the business
should be monitored closely and actively.
3. “One size fits all approach” results in
unnecessary high investments on inventory.
Segmentation with specific policies can balance
inventory levels without compromising servicelevel.

Introduction
Today, over one billion individual consumers smoke
cigarettes and other combustible tobacco products
(Tobacco Economics, n.d.). Supporting this growing
statistic, the Sponsor (a leading global cigarette
manufacturer) had expanded into 55 manufacturing
facilities in 48 countries, along with 15 green-leaf
threshing plants worldwide since 2018. In addition, the
Sponsor’s supply chain comprises more than 1,500
direct and 30,000 indirect suppliers of goods and
services in over 150 countries worldwide.

With such a vast and complex network, achieving high
stock availability involves prominent working capital
investment and high cost of execution. The Sponsor
has traditionally maintained high service levels (98%)
using a general “one size fits all” approach across the
network.
Achieving high service levels in terms of inventory
availability is of paramount importance due to the high
risk of brand substitution. Studies done with US
cigarette consumers point out that if a product has a
strong brand image, consumers are prone to switch to
a similar large cigarette brand (Dawes, 2012).
Similarly, this same “cross-brand purchasing” is also
observed among brands within the same price range
(Cornellius et al., 2003).
In addition, Corsten & Thomas (2004) have analyzed
consumer reactions in the retail business to learn how
they react to stock-outs. Information gathered from
more than 71,000 consumers in 29 countries showed
that substitution (considering different and same
brand) seems to be the most common reaction.
Moreover, with more than 300 cigarette brands
worldwide, if not a one-time substitution, the Sponsor
will potentially lose an estimated 16 to 23 years of
revenue from each consumer lost. Under these

circumstances, it is imperative for the Sponsor to have
an appropriate inventory management policy that can
reduce the inventory costs downstream the supply
chain while managing the risk of potential lost sales.
The study aimed to identify opportunities to reduce
working capital by means of inventory costs without
compromising actual service level. The analysis
considers one year of sales (2018) for the South
African operation.
The approach to solving this problem was the
application of a product segmentation matrix to
identify and suggest a different inventory policy for
each product segment instead of the “one size fits all”
approach.
The segmentation matrix considered for this study is a
3x3 matrix, with strategic importance (sales volume)
vs. demand variability (Coefficient of Variability) as
shown in Figure 1.

In terms of demand variability, this was measured by
calculating the coefficient of variation (CV) for each
SKU family. References have been found in multiple
sources regarding segment thresholds. In general, it
was found that low variability lies between 0.2 and 0.3
and high variability from 0.5 and above. The resulting
segments were formed as follows: low variability (CV
<= 0.25), medium variability (CV<=0.5) and high
variability (CV>0.5). The segments are illustrated in
Table 1.
Segment AL

Segment AM

Segment AH

•

5 SKUs

•

10 SKUs

•

7 SKUs

•

19% of
volume

•

20% of
volume

•

42% of
volume

Segment BL

Segment BM

Segment BH

•

10 SKUs

•

22 SKUs

•

9 SKUs

•

4% of volume

•

9% of volume

•

2% of volume

Segment CL

Segment CM

Segment CH

•

51 SKUs

•

44 SKUs

•

62 SKUs

•

1% of volume

•

2% of volume

•

1% of volume

Table 1: SKU's and sales volume for the resulting
segmentation matrix

Inventory Policies
For each segment, different values for the safety
factor k were suggested.
•

Figure 1: Segmentation matrix (Adapted from Accenture,
2014)

For each of the segments, products were analyzed,
and a different inventory replenishment policy was
suggested.
Product Segmentation
Products were ranked by sales volume for every
warehouse. The following intervals were considered to
classify between ABC groups:
“A” products represent up to 80% of the sales volume
for that warehouse. “B” products represent the next
95% of the sales volume for that warehouse. “C”
products are the remaining 5% of the sales.
The most representative items in terms of volume will
be in group A, followed by group B, and finally
remaining in group C.

Low variability segments – rules for “AL”, “BL”
and “CL”

The approach is to keep low safety factors (between
80-85%) for low important items, and a high safety
factor for important items. Moreover, since the
statistical forecast is very efficient in predicting
demand for low volatility segments, the demand could
be fulfilled without the need of high inventories. The
recommendation is to hedge against 85% of the
expected variability of the demand for B and C (k =
1.0364) and 98% for A items (k = 2.0537).
•

Medium variability segments – rules for “AM”,
“BM” and “CM”

The approach is to follow the strategic importance
ABC with higher safety factors (between 96-98%) for
A and B products and a lower safety factor (between
90-95%) for C products. Note that the safety factors in
this medium variability segments are higher than the
ones for the low variability segments. The
recommendation is to use are 98% for “AM” and “BM”
(k = 2.0537) and 90% for “CM” (k = 1,2815).

•

High variability segments – rules for “AH”,
“BH” and “CH”

On these segments, the safety stock calculation (1)
will produce the highest safety stock, and
consequently, the largest days on inventory on hand
(DIOH)1. In addition, these 3 segments hold 45% of
the annual sales volume; hence, these are segments
where the company will have to invest an important
amount to keep the overall service level high.
Considering the high cost of doing so, instead of using
the same level for all segments and considering the
strategic importance (ABC), the recommendation is to
use 98% for AH segments (k = 2.0537) and 90% for
BH and CH (k = 1,2815).
Table 2 below shows the summary of the safety
factors suggested
L

M

H

A

98%

98%

98%

B

85%

98%

90%

C

85%

90%

90%

Table 2: Proposed new safety factors for each segment

DIOH Simulation and Gains Estimation
In order to estimate the average inventory on hand
with the new policies for each segment, a simulation
was run in excel to observe the behavior of the
inventory during 2018 with the actual sales (at the
SKU level), following the application of new safety
factors for each segment. All calculations derived from
the use of a Periodic Review policy, where the optimal
level of inventory in calculated using equation (1).

L

M

H

A

1.94

2.38

3.91

B

1.33

2.40

3.57

C

1.91

3.30

6.66

Table 3: DIOH after simulation of new policies

The indicative value of the average inventory on hand
with these policies is calculated at GBP 0.83 million,
which represents a reduction of 25% when compared
to the current levels provided by the company.
On the other hand, calculating the actual service level
by comparing the proposed order up to policy with
actual sales, an overall 97.94% service level could be
achieved.
This demonstrates that segmentation does provide an
approach towards inventory optimization without
having to compromise considerably on service level.
L

M

H

A

99.18%

97.32%

96.45%

B

97.09%

97.90%

95.92%

C

97.94%

96.65%

93.85%

Table 4: Service levels achieved with simulation

Conclusions
In the analysis of the sales data, products were
classified according to sales volumes (ABC
segmentation) and the demand’s coefficient of
variation (LMH segmentation). Consequently,
different safety factors were proposed for each
segment and a simulation of the DIOH was done.
The average DIOH was monetized and the achieved
service levels were calculated. The results were
compared to the current situation of the Sponsor.
The results suggest that there is opportunity to
optimize inventory levels without compromising
service-level by inventory policies among with product
segmentation. According to the simulation results,
25% of the value of the DIOH could be decreased
using this approach whilst the achieved service level
was maintained at still high levels (97.94%) overall.

Subsequently, the satisfied demand vs. lost sales
(service level) was calculated, as well as the average
inventory on hand at the end of each week. The
resulting DIOH (per product and grouped by segment)
are summarized below:

1

DIOH was calculated as (Average weekly inventory/
Daily demand)

It has been demonstrated that utilizing a combined
segmentation using the ABC and LMH approach is a
more efficient way of formulating inventory policies
that can optimize the overall investment in inventory
without necessarily having to sacrifice the service
level to the customer.

Cited Sources
Accenture (2014). Inventory Optimization. Functional
Document – Control Tower. Spain.
Cornelius ME, Driezen P, Fong GT, et al. Trends in
the use of premium and discount cigarette brands:
findings from the ITC US Surveys (2002–2011).
Tobacco Control 2014;23:i48-i53.
Corsten, D. & Thomas, G. (2004). Stock-Outs Cause
Walkouts. Retrieved from Harvard Business Review
website
https://hbr.org/2004/05/stock-outs-causewalkouts
Dawes, John. (2012). Cigarette Brand Loyalty and
Purchase Patterns: An Examination Using US
Consumer Panel Data. Journal of Business
Research. 67. 10.2139/ssrn.2126951.
Tobacco Economics (2019). Retrieved from the
website: https://www.pmi.com/who-we-are/tobaccofacts/tobacco-economics

E-Commerce Sales Forecasting Leveraging Machine Learning
By: Maria del Carmen Isabella Gomez Roque and Sneha James
Thesis Advisor: Dr. Mustafa Çagri Gürbüz
Summary: This study aims at improving forecast accuracy of sales on the e-commerce platform of a multinational health tech company. Traditional methods of forecasting ecommerce demand are no longer sufficient,
and a significant breakthrough is needed. We aim to provide an automated forecast process, that leverages
machine learning and sentiment analysis.
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KEY INSIGHTS
1. Root Mean Square Error (RMSE) of the
proposed ML model from the Azure automated
machine learning process is up to 90% lower
than that of a traditional model.
2. Running the auto ML process on SKU
aggregation lowers the RMSE by about 564%
on an average, compared to creating a universal
model.
3. Introducing the Sentiment Feature Variable
further brings down the RMSE by about 65% on
an average.
Introduction
As the world transforms and matures into a digital
ecosystem, the importance of E-Commerce has
never been more emphasized as of today. The
ability to connect directly to the end consumer via a
digital platform has opened a vast world of
opportunities for many companies. However,
companies fulfilling directly to the end consumer
through this medium face a myriad of complexities in
comparison to standard distribution models. Setting
service levels and fill rate goals become more
difficult due to the ever-increasing demand

Sneha James
Computer Science
Engineer with
international experience in
managing ERP projects
and with experience in
conversational Artificial
Intelligence, Machine
Learning, Data Science,
Cloud Computing and IoT.

uncertainty. In the online world, several factors such
as competition from other marketplaces, promotions
that are online, offline, internal, or external, and
brand reputation propagated via social media trends,
create even more volatility in market demand.
A paramount concern for companies who are
moving into the e-commerce space is how to tackle
these challenges in order to best meet demand,
reduce lost sales, and all the while keep a healthy
inventory level that minimizes product obsolescence
and write-offs. To be able to address this,
companies must develop appropriate strategies
beginning by having a reliable, robust, and
responsive demand forecast. This forecast should
be able to deliver consistent and reasonably
accurate forecasts even if the assumptions are
drastically changing because of unforeseen
circumstances. With the increased ability of
information gathering and tracking from online
transactions, consumer behavior, and user
metadata, there is much potential and advantage to
enhance these forecasts through this rich layer of
dimensionality.
Traditional forecasting models such as Holt’s Linear
model and ARIMA, have enjoyed small success in
trying to capture accuracy of forecasts. However,

these models are not able to capture the effect of
exogenous variables such as macroeconomic trends
or weather data, for example, as well as the rich
information that are easily acquired by e-commerce
systems to improve forecast performance. With the
introduction of machine learning models that are
able to utilize these data combined with operational
information, there exists a plethora of possibilities
and opportunities to vastly increase prediction power
(Ruomeng, et al. 2018).

During the training, Azure Machine Learning creates
a number of in parallel pipelines that try different
algorithms and parameters. The service iterates
through ML algorithms paired with feature selections,
where each iteration produces a model with a
training score. The higher the score, the better the
model is considered to "fit" the data. It will stop once
it hits the exit criteria defined in the experiment. The
following diagram illustrates this process.

This thesis paper aims to uncover the value of
utilizing artificial intelligence/ machine-learning
models over traditional demand forecasting models.
This approach will be applied to the ecommerce
ecosystem of a consumer health-tech company
Automated Machine Learning
Automated machine learning, is the process of
automating the time consuming, iterative tasks of
machine learning model development. It allows data
scientists, analysts, and developers to build ML
models with high scale, efficiency, and productivity all
while sustaining model quality. Traditional machine
learning model development is resource-intensive,
requiring significant domain knowledge and time to
produce and compare dozens of models. Moreover,
researchers conclude that looking only at historical
data as well as considering variables in a linear
relationship limits the accuracy of a proposed
algorithm to a certain degree (Gao, et al. 2011,
Pavlyshenko 2019).
With automated machine learning, there is an
acceleration in the time it takes to get productionready ML models with great ease and efficiency.
Automated ML democratizes the machine learning
model development process, and empowers its
users, no matter their data science expertise, to
identify an end-to-end machine learning pipeline for
any problem. Therefore, in this thesis Azure
automated machine learning is used to create
automated models for the timeseries dataset.
Azure Automated ML provides users with both native
time-series and deep learning models as part of the
recommendation system. These learners include:
Prophet, ForecastTCN, Elastic Net, Gradient
Boosting, Decision Tree, K Nearest Neighbors, LARS
Lasso, Random Forest, Extremely Randomized
Trees, Stochastic Gradient Descent (SGD), Xgboost,
Deep Neural Network (DNN) Regressor, Voting
Ensemble, Stack Ensem (Microsoft Research
2020)ble Auto-ARIMA and Linear Regressor.

Figure 1 Azure Automated Machine Learning (Microsoft
Research 2020)

Sentiment Feature Variable
The sentiments extracted from the product reviews of
each SKU on the ecommerce website is extracted
and used as an input feature variable in the
automated ML process. The first step to calculate the
sentiment variable is to create a sentiment analysis
algorithm. There are a number of challenges which
make sentiment analysis an interesting problem. A
robust approach is to train models that detect
sentiment (Parimi 2015).
Here is how the training process works – obtain a
large dataset of text records that was already labeled
with sentiment for each record. The first step is to
tokenize the input text into individual words, then
apply stemming. Next, construct features from these
words; these features are used to train a classifier.
Upon completion of the training process, the
classifier can be used to predict the sentiment of any
new piece of text. It is important to construct
meaningful features for the classifier, and the list of
features of the Microsoft Cognitive Text Analytics API
includes several from state-of-the-art research,
including N-grams, Part-of-speech tagging as well as
word embeddings. Neural networks are a popular
choice for constructing such a mapping. For
sentiment analysis, neural networks that encode the
associated sentiment information can be employed
as well. The layers of the neural network are then
used as features for the classifier.
The sentiment variable is obtained from the product
review dataset collected from the ecommerce
platform. A simple algorithm is used to obtain the
value of the sentiment variable for a particular week.

The sentiment score calculation algorithm is as
follows:
Step 1: Collect the product reviews of the particular
SKU that are dated before the particular week for
which the sentiment variable needs to be calculated.
This will be the dataset.
Step 2: For each of the product reviews in the
dataset run the sentiment analysis algorithm
(explained above) to obtain a sentiment score
ranging in between 0 and 1 where 1 is the most
positive.
Step 3: Take the average of the sentiment score of
all the product reviews in the data set. This is the
sentiment variable/score for that particular week for a
specific SKU.

Table 1 Automated ML Universal Model
Aggregation Level
Time Series
Run Time
RMSE
Model Selected

Agg 1
SKU ID

Sentiment Analysis
Time Series
Run Time

This was life changing

Mixed feelings
I m so happy with this!

Language
Detection

Key Phrase
Extraction

Sentiment
Scoring

RMSE
Model Selected

Social Media

No functiona. Llevo 5 sesiones y no noto los resultado esperado

Figure 2 Sentiment Analysis Framework

Impact of Machine Learning and Sentiment
Analysis
The automated ML was used to create models for
different aggregations of the dataset. The different
scenarios are differentiated based on the number of
SKUs used and the variables that were used. Each
of the scenarios are run three times with three
different grain settings/aggregation levels. In the first
scenario we treat the entire dataset as the input for
the automated ML python program. This would entail
that the input would comprise of the historical sales
data for the 3542 SKUs that were provided by the
sponsor company. Therefore, the model generated
as a result can be used to forecast any of the SKUs
in the dataset. The results of running this scenario
with the three different aggregations are as shown in
the table below.

Agg 3
SKU ID,
Country
31878
162 hours
54 mins
27.36
Stack
Ensemble

Table 2 Automated ML SKU model
Aggregation Level

Shockingly bad design..

3542
33 hour
05 mins
23.48
Random
Forest

Agg 2
SKU ID,
Market
14168
88 hours
47 mins
26.22
Voting
Ensemble

In the next scenario we treat just one of the SKUs as
the input for the automated ML python program. This
would entail that the input would comprise of the
historical sales data for just 1 SKU that was provided
by the sponsor company. The model generated as a
result can be used to forecast the sales of this
particular SKU in the future. The results of running
this scenario with the three different aggregations are
as shown in the table below.

The sentiment analysis framework used in this thesis
can be summarized as shown below:

The best product ever!

Agg 1
SKU ID

1
1 hour 03
mins
2.84
Voting
Ensemble

Agg 2
SKU ID,
Market
4
1 hours 35
mins
4.33
Voting
Ensemble

Agg 3
SKU ID,
Country
9
2 hours 46
mins
5.67
Voting
Ensemble

This next scenario is the same as scenario before, as
in we use only one of the SKUs as the input, but the
difference lies in introducing the sentiment feature
variable. The sentiment feature variable for this SKU
was calculated from the product reviews for the SKU
used that were available on the ecommerce website.
Similar to the previous case, the model generated as
a result can be used to forecast the sales of this
particular SKU in the future. The results of running
this scenario with the three different aggregations are
as shown in the table below.
Table 3 Automated ML with Sentiment Analysis
Aggregation Level
Time Series
Run Time
RMSE
Model Selected

Agg 1
SKU ID
1
1 hour 15
mins
1.82
Voting
Ensemble

Agg 2
SKU ID,
Market
4
1 hours 56
mins
2.72
Voting
Ensemble

Agg 3
SKU ID,
Country
9
3 hours 04
mins
3.13
Voting
Ensemble

Root Mean Square Error (RMSE) represents the
standard deviation of the prediction errors. The lower
the RMSE, the more accurate the model prediction.
In all the above scenarios the models that generate
separate forecasts for countries and markets
(Aggregations 2 and 3) have a greater RMSE as
expected, but on adding these forecasts and
recalculating the RMSE proves them to have lower

RMSE values and hence more accuracy as shown in
the tables below.
Table 4 Automated ML Scenario 1 Comparable Results
Aggregation Level
Time Series
Run Time
RMSE
Model Selected

Agg 1
SKU ID
3542
33 hour
05 mins
23.48
Random
Forest

Agg 2
SKU ID,
Market
14168
88 hours
47 mins
8.64
Voting
Ensemble

Agg 3
SKU ID,
Country
31878
162 hours
54 mins
6.33
Stack
Ensemble

Table 5 Automated ML Scenario 2 Comparable Results
Aggregation Level
Time Series
Run Time
RMSE
Model Selected

Agg 1
SKU ID
1
1 hour 03
mins
2.84
Voting
Ensemble

Agg 2
SKU ID,
Market
4
1 hours 35
mins
1.33
Voting
Ensemble

Agg 3
SKU ID,
Country
9
2 hours 46
mins
1.23
Voting
Ensemble

Table 6 Automated ML Scenario 3 Comparable Results
Aggregation Level
Time Series
Run Time
RMSE
Model Selected

Agg 1
SKU ID
1
1 hour 15
mins
1.82
Voting
Ensemble

Agg 2
SKU ID,
Market
4
1 hours 56
mins
0.88
Voting
Ensemble

Agg 3
SKU ID,
Country
9
3 hours 04
mins
0.66
Voting
Ensemble

Based on the results obtained from the Automated
ML programming the following conclusions can be
made:
•

Aggregating the SKUs by both their IDs and
country provides the best accuracy among
the different comparable aggregations that
were tried.

•

Creating individual models for each SKU
definitely yields a lower RMSE by about
564% on an average, than creating a
universal model for all the SKUs combined.

•

Introducing the Sentiment Feature Variable
further brings down the RMSE by about 35%
on an average.

Conclusions
In assessing the advantages of ML vs traditional
forecasting, four different aspects are evaluated:
model accuracy, run-time, cost to implement, and
scalability.
Accuracy - Model accuracy is determined by the
lowest RMSE. In all cases where the models were
run, the recommended algorithm was always a ML

model. The normalized RMSE of the proposed ML
algorithm was up to 900% lower than that of a
traditional model and on an average about 780%
lower than the traditional models used in the Azure
automated programming.
Run-time - Run-time refers to the amount of time
needed to generate/train and execute a model. For
ML models, run-time is dependent on the size of
data. In the case of the company in study having 3
million data points, it took an average of 2 hours to
train an ML model for a single SKU. In comparison,
generating a traditional model is negligible. Once
generated, both ML and traditional models will have
similar run times in generating the forecast.
Cost to Implement - Cost to implement is dependent
on required computing power. For the company in
study, it would be easy for them to use their existing
infrastructure to create their models. However, if they
need to rely on a third-party service, such as
Microsoft Azure, the cost of creating an ML model
with 3 million data points is about 200USD. On the
other hand, traditional models would not require
much computing power. Personal laptops may be
used to generate these models, which is essentially
free.
Scalability - Automated ML can be scaled better than
traditional models. Because the environment of the
ML model requires a one-time set up which formats
data inputs, structures the data in the format needed,
and easily allows for the inclusion or exclusion of
more variables into the model, expanding and
executing an error free model becomes very easy.
On the other hand, traditional models will require
more manual intervention in formatting new data and
loading it into the model. If revisions need to be done
such as changes in parameters, variables, and other
settings, this needs to be fixed one by one which can
be a labor intensive and time-consuming task. In
addition, the more the manual interventions, the
higher degree of error likely to occur.
From the scenarios that were run using the
automated ML program we see sufficient proof in the
form of results to continue exploring how the
company can incorporate Machine Learning as well
as automation into their forecasting process.
As seen in the results introducing the sentiment
feature variable helps in improving the accuracy of
the model. Even if there is not enough data for other
feature variables just introducing this variable
significantly improves the forecast. Creating a
universal model for all the SKUs seem to have a

higher RMSE than individual SKU models, but it
would be time consuming and impossible to manage
separate models for each SKU. Therefore, using the
results from the EDA the sponsor company can
group SKUs together and create group models.
The recommendation to the sponsor company would
be to use this study as a proof of concept and
develop a fully functional automated ML process for
their sales forecasting.
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KEY INSIGHTS

Introduction

1. The company’s strategic goal of replacing air
routes with sea transportation is precise, as the
air mode totally reflected the highest CO2e per
thousand tonne-kilometers and the transition of
the most pollutant routes per origin location
resulted in a beneficial proposal for a decrease in
the total CO2e emissions WtT and freight costs.

In recent years, environmental responsibility has
found its way into the international agenda and the
relevance of the topic has intrigued the freight
transport sector. According to a study in sustainability
and resource productivity from McKinsey & Company
(2019), a worldwide management consulting firm,
most of the environmental impact associated with the
consumer sector is embedded in supply chains.

2. The model creation through the defined routes
will help to strength the control of the emissions
generated in the warehouses (Scope 1&2) and of
the direct primary suppliers (Scope 3),
contributing as a device to track the system and
make more accurate decisions on the desired
tradelines and the supplier agreements.
3. The key benefit of the model is its possible
replication for other/new routes considering
changing or adding the variables and constraints
that would be respectably involved, this dramatic
improvements in its supply chains sustainability
performance not only would reduce costs
significantly but also allow for strong growth and
profitability for the company.

[Type here]

Although consumer companies incur more in social
and environmental costs than their own manufacturing
operations, 80% of greenhouse-gas (GHG) emissions
impact air, land, water, geological resources, and
biodiversity, but only 25% of companies are engaging
their suppliers to address the Scope 3 emissions
(Nyquist & Rogers, 2019).
Multinational consumer companies have more
awareness of integrating carbon emissions in supply
chain management and minimizing the undesired
side-effects of their operations on the environment.
Starting from a greenfield project with no established
structure in place, the expectation of the sponsor
company is to be the pioneer by committing to the
implementation of sustainability initiatives that define

a clear policy contributing to a better carbon footprint
in the bottom line.
Due to the increasing pressure from regulators,
shareholders, employees, and customers to make
their supply chains more sustainable, companies
around the world are paying more attention to their
environmental impact considering the declaration of
the United Nations Sustainable Development Goals in
2015 (McKinnon, 2018).
The transportation sector is considered the main
growing contributor to global climate change, and
according to International Transport Forum, freight
transport is mainly responsible with about 39% of its
releases. In Europe, freight constitutes 6% of its total
CO2 emissions, and worldwide around 8% of CO2
emissions (Punte, 2019).
Despite this acknowledgment, freight transport has
been identified as one of the hardest socioeconomic
activities to decarbonize due to a continued robust
growth justified by economic development, crosssectoral decarbonization, and the climate-proofing of
settlements and infrastructure. This future growth is
expected to have a triple increase in freight tonnekilometer between 2015 and 2050, and a rise of freight
transport emissions from 3.2 to 5.7 Gt CO2e.
(McKinnon, 2016:2019).
Considering this described complex situation around
the world, the thesis sponsor company is a European
multinational firm in the pharmaceutical sector that
works towards commitment, integrity, and excellence
in all their products and philanthropic activities.
Consequently, they decided to analyze the impact of
their transportation and logistics activities from their
main warehouses’ location of Dublin-Ireland, BallerupDenmark and Vernouillet-France.
According to European Commission Eurostat (2018),
for the main centers of distribution of the company, the
economic activity excluding households that
represents the highest amount of greenhouse gas
emissions is transportation and storage. This activity
represents approximately 56% of the emissions in the
total production activities in Denmark, 24% in Ireland
and 13% in France.
This project aims to develop a dynamic model that
helps the firm to identify sustainability issues by
understanding and measuring the greenhouse-gas
emissions generated per unit of output during the
transportation flow framework of each site. Measuring
the releases in the warehouses, which involves Scope
1

GLEC Framework: https://www.flexmail.eu/f-844a1f54174eb51e

1 emissions for the direct emissions produced by the
firm’s activities, and Scope 2 emissions for the indirect
emissions of the energy and water consumption.
Following this, the measurement of the direct primary
suppliers’ releases with Scope 3 emissions represent
all the indirect emissions excluding those from Scope
2, that are generated as part of the company’s
upstream and downstream supply chain and logistic
activities.
Methodology
Because of the complex and shifting nature of supply
chains, there is no international standard for
companies to follow regarding footprint measurement
in logistics. Therefore, to be able to provide accurate
carbon footprint accounting in freight transport without
a globally and recognized certification, the information
on different guidelines and standards sources was
compared and compiled to follow an appropriate
framework to achieve the objective of the company of
ensuring transparency and a higher degree of
sustainability performance in collaboration with the
direct primary logistics suppliers. The project applies
mainly the GLEC Framework principles because it
covers all the main factors for the carbon footprint
accounting, direct and indirect emissions, all modes of
transportation and scopes, and it homogenizes and
harmonizes the data.
This framework, the Global Logistics Emissions
Council (GLEC)1, was developed in partnership with
leading multinationals, associations, and experts in
freight movement as the first universal methodology of
calculating the carbon emissions in the logistics
services. The GLEC Framework provides helpful
guidance for accounting and reporting greenhouse
gas emissions based on existing practices from
relevant associations within a single framework
ensuring simplicity, transparency, accuracy and
flexibility. It plays a crucial role in tracking and
reducing carbon emissions from freight transport by
providing a common language to manage climate
impacts (Greene and Lewis, 2019).
The GLEC Framework links the base methodologies
and the different modes of transportation to make
them comparable by using the emission factors that
arises from the fuel use. Therefore, the
homogenization of transport modes helped to define
the project not by product but by a specific route.

Data Collection and Main Formulations
There were two challenges faced in the data collection
stage. First, the information of warehouses is not
commonly registered separately from the other
activities within a company; therefore, some of the
values were given as approximations with reference of
the total production cycle. Second, the data collection
from the direct primary transportation suppliers is part
of the indirect third scope; hence, this information
management was not within the control of the
company but of the business partners and their
willingness to share their records.
The main register of the emissions accounting in the
transportation flow within the company warehouses
and the LPS services, would be given by the
calculation and knowledge of Greene & Lewis (2019).

The proposed measurement methodology is
considered highly related to the current guidelines of
the company, since after the input of the specific
characteristics given by the main 3PLs, the average
amount of CO2 grams emitted by each mode of
transport per 1 ton of goods per 1 km to be used in the
model corresponds to 3.5 g by sea, 40 g by road and
568 g by air.
Model Structure
The model design includes in its composition Excel
Sheets with the input data of the Scopes 1, 2 and 3
according to the templates provided and information
shown in the TtW2 Detailed Report and WtT3 Detailed
Report, as well as a detailed cost analysis of the
warehouses consumption types and the monthly costs
presented by transport mode in the Costs sheet. The
output of the model is shown in the WtW4 Basic
Report, the Performance, WtT per location, WtT per
transport mode, Ranking and Alternative.
Emissions Impact and Alternatives

Starting Point
The company has established a Corporate Social
Responsibility Policy and is working on a suitability
strategy for 2025. With the greenfield project in mind,
its current objectives include establishing a regulation
for airfreight expeditions. To accomplish the strategy
goal of reducing freight costs and carbon footprint, the
airfreight is not considered by the company as a
standard transportation option, as it is up to ten times
more expensive to use airfreight for a standard-size
shipment.
The following information was provided by the firm,
regarding the amount of CO2 grams emitted by each
mode of transport per 1 ton of goods per 1 km
according to the updated shipping guidelines in 2019:
3 g by sea, 47 g by road and 560 g by air. Its actions
have led the company to reflect in the environmental
performance of 2017 a percentage decrease of 4.3%
compared to the previous year.

2
Tank-to-Wheel (TtW): Final energy consumption and vehicle
emissions, equal to the operation.
3
Well-to-Tank (WtT): Upstream energy consumption and upstream
emissions, equal to energy provision, production, and distribution.

The final model output showed a total CO2e WtW
emission of 1,871.5 tonnes in the 12-months scope
analyzed. Denmark represented 356 tonnes of CO2e
WtW, France with 291 tonnes of CO2e WtW and
Ireland with 1225 tonnes of CO2e WtW. Pointing out,
this parameter allows to account the release carried
out with the freight transport, however, a comparison
of the most polluting location cannot be established
since the number of tradelines determines the value
for its total calculation.
Furthermore, it can be determined that for all the sites,
the WtT CO2e produced by the transport from each
source location represents more than half of the total
WtW CO2e, even representing 91.8% for Ireland.
Regarding TtW CO2e, France produces a greater
release due to its higher energy consumption.
Additionally, it is important to mention that for the three
origin countries the mode of transport with the highest
CO2e WtT emissions is the air mode, which represents
92% of the CO2e WtT emissions in Denmark, 85% in
France, and 89% in Ireland.
Considering the financial performance of the company
in these three main locations, the total cost related to
the WtW freight is € 3,510,591.43. For the warehouse
TtW cost, Denmark represented the most expensive
facility due to its highest energy and water costs. For
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Well-to-Wheel (WtW): Total energy consumption and total
emissions is the sum of operation and upstream figures.

the transport WtT cost, Ireland represents the highest
value for origin country with a total of € 2,507,784.39,
but once again it can be attributed to the number of
shipments departed from it; consequently, the latter
also represents the highest WtW cost.
Thinking about a more precise evaluation, it was
analyzed the difference in terms of total CO2e per
shipment. For air transport, even Denmark presented
a smaller number of flights, the impact in terms of
CO2e /flight is greater with 3,449.23 emissions but with
a similar average of 3,243.93 emissions compared to
other countries. For sea mode, France did not ship,
however, in the case of Ireland, which presented a
greater number of ships, the impact in terms of CO2e
/vessel is greater than that of Denmark with 199.7
emissions and with 56.48 more emissions compared.
Then, in the case of road mode, Ireland had the
highest number of shipments and also the greatest
impact in terms of CO2e /road with 98.54 emissions
but with a minimum average of 59.43 emissions
compared to the other countries.
In general, for the annual period determined in the
thesis, it could be observed that the road mode
presented the highest number of shipments with a
total weight of 8,043 tonnes distributed in 1,977
shipments. However, the airfreight mode produced the
greatest polluting impact in terms of CO2 emissions
per thousand tonne-kilometers with 582 releases,
which represents approximately 15 times the effect of
the road and 146 times the effect of the maritime.
Regarding the need of improvement tradelines given
in the Top 3 Ranking per transport mode per location,
it can be seen for Denmark, France, that the main
pollutants tradelines with highest CO2e WtT emissions
are located in China and United States, because of the
greater distance between these destiny locations and
the origin warehouses located in the European Union.
Taking this into significance, the alternative option
analyzed for the tradelines in need of improvement per
origin location was developed considering the
company’s Environmental strategy of switching air
transport mode to the sea transportation, as it has a
lower emission intensity factor. The shifting of the
routes maintained the same distance and weight and
the results were positive for both an environmental
and financial perspective.
Denmark showed a reduction of 28% of its total WtT
CO2e emissions and a decrease of 7% incurred in its
total WtW costs. Ireland showed a reduction of 15% of
its current total WtT CO2e emissions and a decrease
of 1% incurred in its total WtW costs. And France

showed a reduction of 32% of its current total WtT
CO2e emissions and a decrease of 6% incurred in its
total WtW costs. With this alternative option, the
overall the logistics carbon footprint can have an
advantage of 19% less total WtT CO2e emissions and
of 2% less total freight costs.
The model allows to have an accurate measurement
output of the total WtW CO2e emissions produced by
the company within the scope time period, and allows
to have a visual representation of the effect of these
emissions in detail by warehouse location and the
transport mode in place on each, as well as rank the
need of improvement tradelines at each origin country
to facilitate and give an initial acknowledgement for a
decision-making starting point.
This thesis has identified the most representative
factors that lead the emissions production; therefore,
it will provide companies with the tools to evaluate the
best actions towards a smaller sustainable disruption
in the supply chain, while at the same time benefitting
the company in a financial aspect because of cost
minimization caused by the system optimization, a
high marketing potential for taking action as pioneers
in the pharmaceutical area of sustainable logistics. It
is also a relevant contribution to the environmental
strategy of the company since it would help to develop
an approach to an eco-label possibility.
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KEY INSIGHTS

HEREoperations can be optimized
1. Current 2-hour
with a relatively easy route modification.
2. It is beneficial to have a more decentralized
network to service 2-hour delivery. Savings
result from cost reduction in last-mile transport
and cheaper rental rates in the outskirts. A
wider coverage of the 2-hour service is an
added benefit.
3. Tweaking the traditional periodic base stock
policy to partially estimate spillovers between
the fulfillment centers greatly reduces
spillovers and the total relevant cost.

Introduction
In the times of fierce competition and the ecommerce boom, our sponsor company set itself
to be the market leader by giving the best
customer service. Expedited delivery is a big way
to win customers’ hearts (Hausmann et al.,
2014), hence the birth of 2-hour delivery service.
At the same time, it is critical to optimize the costs
to make the operations and growth sustainable.
In online retailing, network design and inventory
management are at the core of the service level
and cost optimization.
1.

1

Our thesis aimed to answer the questions:
•

•

added to the
coverage
(the
part with cross
pattern on the
map) through the
routes’ revision.

Where should the fulfillment centers be
located to have the 2-hour delivery network
optimized?
Which replenishment policy should be
followed?

Our partnership with the company focused on the
2-hour delivery network in the biggest city of
Vietnam, Ho Chi Minh City (HCMC). Throughout
our research we found several opportunities to
improve the operational costs.
Methodology

Max coverage
problem
We considered
expanding
the
service coverage
not
only
by
reconfiguring the
existing network,
Figure 2. Route-revised
scenario
but by testing a
set of different combinations of maximum driving
distance and the number of FCs. To overcome
the rigor constraint of covering 100% demand of
HCMC, we rather maximized the percentage of
demand can be covered as much as possible,
considering area with high demand will have
more weight to the model. The maximum
covering location addresses such concern
(Daskin, 1995). The summary of the demand
uplift is presented in the table below. The routerevised scenario showed a minor uplift, but it
should be the most practical given the situation of
COVID-19. However, as we allowed the network
to be more decentralized, we were able to
improve the coverage by about 20%.

Figure 1. Overview of the methodology

After defining the targets for the study and
gathering the data, we modelled the baseline
(‘as-is’) network design and then applied the
maximum covering and facility allocation
problems. We then moved to further optimization
potential assessed through replenishment
policies.
Baseline scenario
The current area where 2-hour service is
available (‘as-is’) is visually sub optimal. Some
wards are left outside of the coverage, while
some distant wards are included (the part in
purple on the map).
We reconfigured the current operation set-up and
found that 4.4% of total demand in HCMC can be

2 (routerevised)

4

9

14

Max distance (D)

11

11

7

5

% of net increase
in coverage
compared with
“as-is” scenario

4.4

19.7

19.4

18.9

# of FCs (P)

Table 1. Scenarios comparison

Facility allocation
estimation

and

cost

per

order

We used the set of locations from the previous
section as an input for allocation problem. The
objective was to minimize last-mile transportation
costs. As a result, each demand node was to be
served by the closest facility. Based on the
throughput volume at each FC, we identified the
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size of the facility and estimated the storage
costs. We added up all the cost components to
determine the best cost-per-order scenario. The
summary is presented in the table below.
Cost category
Orders Volume
Storage cost
Fulfillment cost
Middle-mile cost
Last-mile cost
Total Cost
Cost per Order
% Savings vs
As-is

Route-revised
228,662
2,257,639,873
3,416,897,765
521,863,313
5,534,872,569
11,731,273,520
51,304
7.1%

D11 P4
262,173
2,591,551,399
3,917,650,021
598,344,195
5,958,378,927
13,065,924,542
49,837
9.7%

D7 P9
261,516
2,630,067,339
3,907,831,349
596,844,623
5,084,751,914
12,219,495,225
46,726
15.4%

D5 P14
260,421
2,673,922,604
3,891,466,894
594,344,888
4,639,607,752
11,799,342,138
45,309
17.9%

Table 2. Costs summary

A visual representation of four scenarios is
presented in Figure 3.

Figure 1. Allocation in each of the four scenarios

The problem presented a trade-off between lastmile cost saving and an increase in storage costs.
We did a sensitivity analysis in order to identify
the “inflection” point of the total cost per order.
The picture below shows for the situation, where
minimum rental size was 600 sqm and rental rate
was up by 30%; in such a case the scenario of D
= 5 km, P = 14 FCs was more expensive than the
scenario of D = 7 km, P = 9 FCs.

Conclusion from network optimization
It is beneficial to have a more decentralized
network within HCMC to service 2-hour delivery.
The upside comes from the fact that the current
setup is suboptimal, hence the couriers must
travel a greater distance, and several highdemand areas are not yet within reach. By a
simple modification in the routing system, the
company can expect to cut the traveling distance
by a double-digit percentage, plus enjoy a 4.4%
increase in demand.
Later, it is recommended to add more smaller
sized facilities, scattered across the city. The
potential gain would be the sum of cost savings
in the last-mile transportation and a cheaper
monthly rental in the outskirts. With the scenario
with 14 FCs and 5 km of maximum driving
distance, we estimated a net increase of 18.9%
in total demand, while the average cost per order
shipped was reduced by 17.9%, compared to the
as-is operations.
Storage cost, which is a function of rental cost,
can be detrimental to the model’s economy if the
real estate market turns into an unfavorable factor
for the decentralization. If the minimum rental size
is high and the rental price goes up, the decision
to add FCs must be taken carefully, including rerunning the optimization model. In our calculation,
a minimum rental size of 600 sqm made the
option of having 14 facilities more expensive that
those with fewer FCs; that is an example of how
the real estate dynamics can make a difference
to the model’s outcome.
Replenishment policy assessment
The sponsor company is currently using a
traditional base stock replenishment policy (LBS),
although it is often overridden by the decision to
cover certain stock keeping units (SKUs) for 49
days of sales.
As for comparing and testing the optimal
replenishment policy, we compared projected
based stock (PBS) and LBS thorough the
simulation of 7,000 runs (3.5K each) with 31 days
in every run (93K days).

Figure 2. Scenarios costs per order comparison
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The online nature of the eco-system of the
sponsoring company is quite different from
traditional retailing, where any fulfilment center
can spill over some of its inventory to a region out
of its primary coverage in order to make up for a
local out-of-stock case. This phenomenon is
called “spillover”, as referred to by Acimovic &
Graves (2017).

Estimating costs

Spillovers can also create temporal interactions.
If an FC spills over some of its stock to another
region during a review cycle, then in the next
review cycle there is a higher probability that it will
serve less than its own region demand. This
phenomenon is referred to as “whiplash”.

The spillover cost was the cost of the last mile,
when an FC is serving a cross region, assuming
the truck had to travel a longer distance to deliver.

FC

Load
factor 𝜆

Order Amounts
1st
order

FC1
FC2

0.84
0.16

2nd
order

Proportion of total
order
3rd
1st
2nd
3rd
order order order order

55132 60,325 52,988 33%
13,480 12,113 13,035 35%

36%
31%

31%
34%

Table 3. Empirical evidence of whiplash from one of
the simulation runs

Storage cost paid for warehouses and wards,
depreciation, utilities, and is a function of rental
rate were based on location, average inventory
level in cubic meters (cbm).
Our estimation for the out-of-stock (OOS) was the
cost of a lost sale assuming average order value.

Conclusion from replenishment policy
Throughout our simulation, spillover showed up
for 1.9% using the LBS and only 0.027% using
the PBS. Similarly, for OOS 4.8% and 0.004% for
LBS and PBS consecutively.
That would conclude a decrease of 14% and 90%
for the total relevant costs in PBS from LBS,
excluding OOS and including OOS consecutively
or 107K USD savings per month.

As seen above, whenever a spillover happens
using traditional base-stock policy from one FC to
another, the whiplash effect is created affecting
all future orders (i.e., order levels go high-lowhigh or vice versa).
Spillover effects
We investigated the direct costs associated with
spillovers (i.e., the cost to fulfill cross region to a
more distant FC coverage) and tried to account
for these spillovers at the time of placing an order
to avoid local out-of-stocks.
As mentioned by Acimovic & Graves (2017), if
service level is 0.99, but if there are n = 6 FCs,
then each FC stocks out with a probability of 0.17
in each review cycle. We saw that local stockouts would be frequent even if system-wide
Whiplash effect in
service levels were very high.
LBS
Order Quantity
The simulation tried to mimic
the current Demand
real-life
for FC1
in
region 2
scenario the
sponsor company is following,
Time delay/checks
inventory level in FC1
B
Inventory on hand
assuming a 2-FC system and
taking into account
Replenishment
in FC2
loop
+
the same average demand and
standardInventory on hand
Stockout
in FC1 deviation for HCMC as indicated
by the + past
Spillover
year’s (2019) data and the stochasticity of the
demand.

Figure 3. Total relevant costs comparison

Through our replenishment policy simulation, we
found empirical evidence on the effect of
traditional local-base-stock policy on spillovers
and how the new proposed PBS policy
outperforms in terms of spillovers and local outof-stocks.
Whiplash remedy
in PBS

Time
delay/checks
inventory level in
all FCs

Order Quantity for
FC1+spillover
Demand in
region 2'

B
Replenishment
loop
Inventory on hand
in FC1'
-

+

R

Spillover
+

Inventory on hand
in FC2'

Spillover
Correction
Stockout
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Whiplash remedy
in PBS

Whiplash effect in
LBS
Order Quantity
for FC1
Time delay/checks
inventory level in FC1

Demand in
region 2

B
Replenishment
loop
Inventory on hand
in FC1 -

Inventory on hand
in FC2

+

Stockout
Spillover

+

Time
delay/checks
inventory level in
all FCs

Order Quantity for
FC1+spillover
Demand in
region 2'

B
Replenishment
loop
Inventory on hand
in FC1'
-

+

R

Spillover
+

Inventory on hand
in FC2'

Spillover
Correction
Stockout

Figure 4. Spillover and whiplash loop and remedy

Conclusion and final recommendations
We demonstrated that the company can benefit
from having more facilities than it currently does.
The 2-hour coverage would be increased while
the cost per order would decrease. However, if
the rental conditions become unfavorable, it may
be better to retreat to a plan with fewer FCs.
The inventory policy that is currently implemented
can be further improved. We showed the potential
upside of the projected base stock policy and
recommend the company to start experimenting
with a system-wide policy for all cities. The effect
that the FCs in different cities have on each other
can reduce spillover and out-of-stock costs.
Overall, the effects on storage and last mile costs,
combined with the effect of PBS on spillover and
OOS costs, should bring down the operating cost
considerably.
Cited Sources
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Summary: This project is focused on developing a decision-making model for strategic capacity planning under
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YOUR
KEY INSIGHTS
PHOTO
1. The medical devices industry faces the highest
HERE
level of uncertainty from a demand and
technology adoption perspective.
2. Benchmarking insights helped to adopt the
stochastic programming approach with Monte
Carlo simulation of demand scenarios as the
preferred method to solve this type of problem.
3. The decision-making model will help the sponsor
to undertake better decisions when evaluating
capacity
addition/mitigation
investment
opportunities for long term planning horizon.

INSERT
demand for a long-term duration and reducing or
removingYOUR
the need to keep on incurring such
expenses at a regular rate in the near to long term
horizon.PHOTO
(Martel & Klibi, 2016)
In 2019, HERE
the global medical devices market size was
USD 456 billion and is expected to reach USD 652
billion by the end of 2026, with an Annual Growth
Rate of 5.2% during 2021-2026 (360 Research
Reports, 2019). The industry faces a high level of
uncertainty, and strategic planning initiatives
therefore serve to be a competitive differentiator for
organizations striving to keep their market share
intact. The sponsor company is a global leader in
medical devices industry committed to provide bestin-class services to customers and patients. They
possess a large majority – 80 percent – of market
share in surgical sutures in the U.S. Established in
1915, and with corporate headquarters in Ohio and
New Jersey, their 2017 annual revenues amounted to
USD 76.45 billion. (Compton, 2017)

Introduction
Strategic capacity planning projects have always
been challenging initiatives owing to the complexity of
the problem and the high number of factors that can
introduce risk and uncertainty into estimates of
demand and supply planning. Long term investments
that are aimed at increasing capacity are generally
high value capital expenditure undertaken by the
companies, with an objective of meeting projected

Project Definition
As mentioned on the summary the objective is to
develop a decision-making model for strategic
capacity planning under demand uncertainty for two
new surgical medical devices. There are 7 major
suppliers located around the world that supply most
of the important components or materials to an
assembly factory to assemble the finished good.

The final deliverable is the Decision-Making Model
that will be used by the decision-makers, and give
them a clear vision of how much capacity is needed
and when to invest in capacity or other alternatives,
to meet the demand uncertainty and all the variables
involved to make an optimal decision. The
development of the model encompassed best
practices as observed from the benchmarking and
literature review research.

2. Monte Carlo Simulation to determine Risk and
Probability of Lost Sales.
3. Decision-Making Process Analyze and choose
the best alternatives among several options.
Figure 2 Model Framework

Figure 1 Supply chain Network in scope

Model Architecture

Methodology
The management of this project was based on the
Lean Six Sigma’s DMADV methodology, which stands
for Define, Measure, Analyze, Design and Verify. This
methodology is used specifically when a new product
or process is implemented, and it fits accurately with
the thesis project because it involves a new decisionmaking model that the sponsor company will
implement. As a slight variation, the approach
Measure was changed to Explore, as a strong
exploration of literature review was required.
Benchmarking & Literature Review Insights
Research was conducted to find out on how other
companies perform strategic capacity planning, as
well as associated best practices, to apply them into
this project. The Monte Carlo simulation was found as
the most reliable method used nowadays in order to
generate demand uncertainty, and multiperiod
stochastic programming was identified as one of the
most common techniques used for capacity planning.
(Sabet, 2012)

The Decision-making model, is basically a
spreadsheet on Microsoft Excel ® that works with the
add-in of Oracle Crystal Ball Optquest, and give the
following visualization:
1. Demand Planning: simulate the impact of
demand uncertainty for two products.
2. Capacity Planning: When and how much
capacity should be purchased?
3. Risk Analysis: Determine the risk of lost sales
using Monte Carlo Simulation.
4. Production Planning: When and how much to
produce?
5. Inventory Management: how much inventory is
required and in which process?
6. Financial Analysis: What is the cost of the
proposed scenario and ROI?
7. Decision-making: What are the possible
scenarios or alternatives for an optimal decision
making?
Figure 3 Structure of the decision-making model

Model Framework
In order to find a balance of how much capacity is
necessary between the upstream (suppliers of
components) and Midstream (Assembly line) working
under Demand Uncertainty, the Model follows three
steps which are
1. Simulation based Stochastic Optimization under
demand uncertainty to determine the optimal solution
of capacity investment decisions and production plan
from the Assembly Lines and the 7 suppliers of
components.

The model was built to minimize not only the cost
generated from the investment of capacity and leftover stock from the Assembly Line side, but also to
consider all the other equipment’s of all the suppliers
of components, in order to find a balance in costs from
both sides, in other words, it optimizes the capacity

and inventory penalty costs from the Upstream and
Midstream supply chain, giving an optimal solution of
where and how much to invest in capacity and leftover stock.

quantity of capacity chunks to purchase 𝐾𝑡+𝐿𝑇𝐴,𝐴
considering the Lead time of implementing capacity.
(5) the production plan 𝑋𝑡𝐴 of each product A, will
always be less than or equal to the capacity 𝛿𝑡𝐴 at
period of time t and product or component A.

Optimization Model
Model
There are two main decision variables which are the
quantity of capacity chunks to purchase 𝐾𝑡𝐴 of product
or supplier 𝐴 at a period of time 𝑡 and the second one
is the production plan of product or component 𝑋𝑡𝐴
and one auxiliary variable 𝑆𝑡𝐴 which is the left-over
stock at the end of the period 𝑡. And the following
parameters, let 𝑃 be the set of products and 𝐶 the set
of components and 𝐶(𝐴) the set of children materials
to make product or component 𝐴, let 𝐹𝐴 be the
investment of buying capacity and 𝐻𝐴 the penalty cost
for the left-over stock

𝑆𝑡𝐴 . The capacity is

represented by 𝛿𝑡,𝐴 and 𝛾𝐴 is the chunk of capacity
for each supplier machine given by the sponsor
company and LT is the lead time from the time where
the decision of adding more capacity is made to the
point where the capacity is commercially available.

Although the complete decision-making model
contemplates the 7 suppliers, the figure 4, depicts
only the stage for the finished goods assembly lines
which is very similar to the stage for the suppliers of
components. The decision variables can be seen in
mustard color which are the quantity of chunks and
the production plan, The Demand uncertainty that is
simulated with Monte Carlo is in green light, as well
as the maximum and minimum values, for terms of
non-disclosure agreements the numbers on the
picture are not the real numbers of the sponsor
company.
Figure 4 Decision-Making Model for finished good assembly line
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𝑀𝑖𝑛 𝑍 = ∑ ∑ (𝐹𝐴 ∗ 𝐾𝑡𝐴 + 𝐻𝐴 ∗ 𝑆𝑡𝐴 )

(1)

𝑡=1 𝐴∈𝑃∪𝐶

Subject to:
𝑆𝑡+1,𝐴 = 𝑆𝑡𝐴 + 𝑋𝑡𝐴 − 𝐷𝑡𝐴 ∀ 𝑡 = 0 … 𝑇 − 1; ∀ 𝐴 ∈ 𝑃 ∪ 𝐶

(2)

𝑋𝑡𝐴 ≤ 𝑆𝑡−1,𝑀 + 𝑋𝑡𝑀 ∀ 𝑡 = 1. . 𝑇; ∀ 𝑀 ∈ 𝐶(𝐴)

(3)

𝛿𝑡,𝐴 = 𝛿𝑡−1,𝐴 + 𝜑𝐴 ∗ 𝐾𝑡+𝐿𝑇𝐴 ,𝐴 ∀𝑡 = 𝐿𝑇𝐴 + 1 … 𝑇; ∀𝐴 ∈ 𝑃 ∪ 𝐶 (4)
𝑋𝑡𝐴 ≤ 𝛿𝑡𝐴 ∀𝑡 = 1. . 𝑇; ∀𝑀 ∈ 𝑃 ∪ 𝐶

(5)

𝑆𝑡,𝐴 , 𝑋𝑡,𝐴 , 𝐾𝑡,𝐴 , 𝜑𝑡,𝐴 ≥ 0

(6)

∀ 𝑡 = 1 … 𝑇, 𝐴

The objective function (1) is to minimize the total
investment cost of capacity and left-over stock that will
generate a supply chain flexibility between the
assembly line and the suppliers of components to
meet demand uncertainty in a three-year period. The
model is subject to three constraints, (2) 𝑆𝑡+1,𝐴 is the
initial stock of the next period of time 𝑡 which is equal
to 𝑆𝑡𝐴 left-over stock from previous period of time 𝑡
plus the production plan 𝑋𝑡𝐴 minus the Demand
period 𝑡 of product or component 𝐴, for all the set of
parameters. (3) is the production plan constraint is the
link with the assembly lines side with the bottleneck
of the suppliers side it is less than or equal to the sum
of the left-over stock at the end of the period 𝑡 plus
the production plan for all the suppliers of
components 𝑀. (4) it is used every time when there is
a purchase for new capacity, and is basically the initial
capacity from previous period t 𝛿𝑡−1,𝐴 , plus the chunk
of capacity 𝛾𝐴 for product or component A, times the

Variable
Maximum Product A
Demand Product A
Minimum Product A
Maximum Product B
Demand
Demand Product B
Uncertainty
Minimum Product B
TOTAL DEMAND
CAPACITY
CAPACITY UTILIZATION KPI
PLANNING
FG Assembly - Line 1
FG Assembly - Line 2
When and How
Quantity of Chunks
much capacity
Planned Capacity
should be
Planned Capacity Available
purchased?
TOTAL CAPACITY
Component Availability Product A
PRODUCTION
Component Availability Product B
PLANNING
Initial Stock Product A
Initial Stock Product B
How much to Production Plan Product A
produce?
Production Plan Product B
TOTAL PRODUCTION PLAN
Total Stock Product A
INVENTORY
Total Stock Product B
MANAGEMENT
TOTAL STOCK
STOCK COVERAGE KPI
How much safety
Left-Over Stock Product A
stock should be
Left-Over Stock Product B
generated?
TOTAL LEFT-OVER STOCK
RISK ANALYSIS
LOST SALES (UNITS)
FINANCIAL
Investment Cost
ANALYSIS
Left-over Stock Penalty Cost
TOTAL COST
How much is the
Price
cost to match
Revenue
Supply and
OPERATING PROFIT
Demand?
ROI
DEMAND
PLANNING

$
$
$
$
$
$

T0

T1

T2

T3

4,500
4,000
3,500
20,500
20,000
19,500
24,000
27%
80,000
0
0
0
0
80,000
3,683
18,151
500
2,000
3,683
18,151
21,834
4,183
20,151
24,334
0.6
183
151
334

8,500
8,000
7,500
30,500
30,000
28,000
38,000
55%
80,000
0
2
80,000
0
80,000
10,983
32,786
183
151
10,983
32,786
43,769
11,166
32,937
44,103
0.9
3,166
2,937
6,103

12,500
12,000
11,800
35,500
35,000
34,000
47,000
34%
80,000
0
0
0
80,000
160,000
13,278
40,820
3,166
2,937
13,278
40,820
54,098
16,444
43,757
60,201
1.2
4,444
8,757
13,201

16,500
16,000
15,900
40,500
40,000
39,000
56,000
34%
80,000
0
0
0
0
160,000
12,131
41,967
4,444
8,757
12,131
41,967
54,098
16,575
50,724
67,299
1.2
575
10,724
11,299

$
6,680 $
6,680 $
455 $
1,820,000 $
1,813,320 $
0%

10,000,000
122,060
10,122,060
455
3,640,000
(6,482,060)
-65%

$
$
$
$
$
$

264,020
264,020
455
5,460,000
5,195,980
0%

$
$
$
$
$
$

225,980
225,980
455
7,280,000
7,054,020
0%

Key Questions
• When and how much capacity and left-over stock
are required from each Supplier of Components
and in the Finished Goods side to minimize the total
cost and lost sales risk?
• Is it possible to delay a capacity investment from
the Finished Goods side if there is more left-over
stock from the Suppliers of components side?

There are two types of analysis made for this thesis, a
deterministic approach and a stochastic Optquest
approach, these models are described in detail as
follows:
1. Deterministic approach and risk analysis:
Deterministic Optimization: Without considering the
demand uncertainty Tool: Ms. Excel Solver
Risk Analysis: was the only part where the demand
uncertainty was considered, with the decision
variables calculated by the deterministic optimization.
Tool: Oracle Crystal Ball, running 10,000 scenarios in
Monte Carlo, to determine how flexible the supply
chain is considering a deterministic approach.
Figure 5 Results of Monte Carlo Simulation

2. Decision-Making under demand uncertainty
by nature a demand forecast is wrong, therefore we
cannot rely on making investment decisions based
on a single demand number, supply chain
managers must start considering demand
uncertainty in every investment decision, as well as
the risk in the decision-making process this will
create a flexible supply chain that can reduce future
stock-outs considering potential future scenarios.
while matching supply and demand.
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2. Stochastic Optquest approach and risk
analysis:
• Optimization: Considering demand uncertainty
o Tool: Oracle Optquest and Crystal Ball
• Risk Analysis: Considering demand uncertainty with
the decision variables given by the stochastic
optimization.
o Tool: Oracle Crystal Ball, running 10,000
scenarios in Monte Carlo, to determine how flexible the
supply chain is considering a stochastic approach.
Conclusions
1. Visibility in Capacity Planning Decisions
In order to make long-term capacity planning
investment decisions it is important to have visibility
of the most relevant factors involved in the supply
chain planning process such as the capacity of the
suppliers, projected inventory and the time line to
understand the impact and the risk of making
decisions at the right time.

Martel, A., & Klibi, W. (2016). Designing valuecreating supply chain networks. In Designing
Value-Creating Supply Chain Networks.
https://doi.org/10.1007/978-3-319-28146-9
Sabet, E. (2012). A strategic decision making model
on global capacity management for the
manufacturing industry under market
uncertainty. March.
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Multi-echelon physical distribution approach: centralized vs. decentralized
Team: Mahmoud Elaraby, Cody Fritz and Hemanth Holla
Advisor: Yasel Costa
This thesis reviews Elaraby´s plan to increase response time for growing customer demand
by adding new distribution centers to its Egyptian network. Utilizing the concepts of supply
chain network design and Llamasoft´s Supply Chain Guru software, this paper
recommended decentralized distribution network based on data provided and highlights
alternate location options.

Analysis of a perishable goods supply chain and forecasting with advanced
techniques
Team: Diego Dias, Claudia Navarro and Mohsin Rizvi
Advisor: Alejandro Serrano
Food industry is characterized by high requirements in terms of freshness and service level.
This thesis aims to address the challenges in the food industry due to demand variability,
seasonality cost and perishability. The goal is to compare the current forecasting method
with alternative ones to improve service level and reduce risk from perishability.

Land transport distribution and visibility
Team: Brigida Raimondi and Omar Sheabar
Advisor: Emilio Larrodé
A multinational oilfield service company was seeking a Transportation Management
System (TMS) to improve visibility and reduce costs for their global logistics operators.
Through the use of Multi Criteria Decision Making methodology PROMETHEE, the authors
were able to identify the vendors that satisfy different conflicting objectives at the same
time. A robust solution suggests two possible outcomes focused on either networking or
simplicity.

Safety stock recommendations for a health technology company
Team: Luiza Goldani and Jorge Ros
Advisor: Spyros Lekkakos
This thesis analyzed a global health-tech company with no clear inventory strategy and
low service level. The goal was to define inventory strategies and identify safety stock
opportunities. SKU segmentation was used to recommend inventory strategies and help
the company to understand their current parameters and the new segmentation process.
A step-by-step approach for inventory management was also provided.

Scenario planning model for aftermarket supply chain
Team: Deepakshi Jain, Fidel Rodríguez and Carlos Stelling
Advisor: Gültekin Kuyzu
This thesis proposes an analysis of the demand of spare parts in the heavy equipment
machinery business. It uses techniques such as graphic analysis, clusters, and change
point detection to find patterns linked to external indicators that may predict supply chain
disruptions. Finally, it provides insights from those methods to generate a scenario
planning process to prepare for possible future events.

Introduction of logistic hubs and their impact on the network design
Team: Karim Massihi and Fermín Zúñiga
Advisor: Gültekin Kuyzu
This study proposes the introduction of Local Hubs to improve the supply chain
performance for the spare parts department in a company in the Asphalt Plants industry.
Mostly driven by the need to improve the level of service to their customers and develop
new markets, this company aims to find the right location(s) to open new hubs. The
optimal locations were identified through a system network design approach, and then
through a multi criteria decision making process the best option was recommended.

Supply chain network optimization in the Chemical industry
Team: César Camargo and Khem Singh Negi
Advisor: Gültekin Kuyzu
This study proposes a supply chain network design model for the production and
distribution of coating products. In the context of a dynamic demand, driven by project
requirements, the goal of the model is to identify the optimum number of factories and
warehouses in Europe that minimize total operating costs whilst high levels of customer
service are maintained.

Inventory optimization in clinical trial supply chain
Team: Álvaro Lerma and Paul Lichtenstein
Advisor: Çagri Gürbüz
This thesis seeks to demonstrate that the optimal inventory positioning might impact
overall costs in Clinical Trial Supply Chains tremendously, by enhancing its efficiency,
reducing inventory, and ensuring 100% drug availability, so that volumes, cost and risks
are balanced in a more effective approach. For this purpose, we implement a stochastic
optimization-simulation model designed to reduce clinical trial costs and waste.

Demand uncertainty in Automobile industry: warehousing vs. changing
business needs
Team: Muhammad Saad and Gewei Wang
Advisor: Yasel Costa
This project tackles the question of how a warehouse can absorb uncertainties without
changing its current capacity. We investigate the sources of uncertainties driven by
demand and redesigned the warehouse using assemble to order strategy to achieve
desirable utilization. We simulated the warehouse operations to check robustness of
design and decided the optimal number of forklifts to enable us to follow schedule.
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