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This Master Thesis aims at creating a qualitative Framework able to assess
the maturity of Data Analytics in the field of Procurement and Supply
Management. Such Framework has then been validated in Schneider Electric

S.p.A thanks to an eight-month collaboration with the company.

The following work starts by highlighting a research gap involving data
analytics applications in Procurement. Several studies highlight in fact a lack
of analytics applications in such fields, leaving PSM lagging with respect to
other functions such as marketing, sales and manufacturing.

The four research questions have the objective of accurately define what
Procurement and Supply Chain Analytics is, its key role in providing firms a
competitive advantage, the relative challenges and barriers to its
implementations and finally, to provide qualitative tools that company may
use to give and assessment of their maturity of data analytics.

It the Literature Background Chapter, it has been used a research study
found in literature to cluster the Procurement and Supply Management
Process into five main subprocesses. Then, for each sub-process it has been
shown one or more representative “State-of-the-Art” analytics models that

companies should implement to maximize their performances.

The work proceeds by providing a detailed structure of the Framework by
also explaining the assumptions behind it. Different meetings with a local
data analytics consultant have been arranged in order to provide an
experience-based approach, given the difficulties encountered when
searching for literature backup.

For each sub process it has been developed a questionnaire, made out of 11-

14 questions aiming at assessing the overall maturity level.



All the questionnaires have been sent to KEKAO Consulting, a local
consulting firm operating in the field of Supply Chain Management, process

engineering and data analytics.

All the questionnaires, available for consultation in the annexes, have then
been sent to different resources in the manufacturing plant of Schneider
Electric in Stezzano, Bergamo Province.

The last chapter of the work aims at discuss the results obtained from the
validation in the company, therefore highlighting areas of improvements

and suggestions for further research.



Il seguente lavoro ha I'obiettivo di formulare un modello qualitativo in
grado di elaborare un assessment del livello di maturita dei sistemi di Data

Analytics nella funzione acquisti.

I1 framework e stato poi validato presso la sede di Stezzano (BG) di
Schneider Electric S.p.A grazie ad un periodo di collaborazione di otto mesi

in azienda.

Lo studio prevede una prima parte di review sullo stato dell’arte del
potenziale Big Data nella funzione acquisti. In particolare vengono citati
diversi paper che evidenziano un Gap tra il livello di analisi dei dati in
funzioni piti avanzate come la produzione, il marketing e le vendite e il

procurement.

Sono stati formulati quattro quesiti scientifici con I'obiettivo di definire il
concetto di Procurement Analytics, le applicazioni pratiche e le
sfide/difficolta nella loro implementazione all'interno di un contesto

aziendale.

Il punto cruciale del capitolo di review letteraria e rappresentato dalla
suddivisione del processo PSM in cinque macroaree rappresentative.
Mediante un’attenta e meticolosa attivita di ricerca, e stato possibile
associare uno o pitt modelli che rappresentano lo stato dell’arte dei sistemi

di analisi dei dati per ciascun sottoprocesso rappresentativo.

Successivamente, e stato definito un Maturity Framework che le aziende
possono utilizzare per fare un assessment sul loro livello di maturita. Sono
stati fissati diversi meeting con un consulente per validare il modello e

apporre piccole modifiche. Un lavoro basato sull’esperienza consulenziale &



stato preferito vista la mancanza di specifiche informazioni e dati in

letteratura.

Per ciascun sottoprocesso e stato definito un questionario di 11-14 domande
a risposta chiusa e inviato alle rispettive risorse aziendali.
Tutti i questionari sono disponibili alla consultazione e all’utilizzo

nell’appendice.

L’ultimo capitolo di questa tesi trae le conclusioni su quanto appreso e
verificato tramite la validazione del modello in Schneider Electric S.p.A,
introducendo possibili estensioni del modello, limiti e considerazioni

generali per la ricerca futura.
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The Michigan State University defines Procurement and Supply
Management responsible for overseeing all the processes involved in acquiring
products, materials, goods and services required for efficient operations.
Procurement counts for more than fifty per cent of companies” expenditures,
having quite a strong impact of Profit & Loss Account (Schneider &
Wallenburg, 2013). The outsourcing trend has been rising through decades,
allowing manufacturing enterprises to focus on their core activities. Therefore
now, more than ever, there’s evidence of a strong dependence on suppliers and
procurement resources.

Highlighting the increasing importance of PSM are the studies conducted by
Prof. Stefano Ronchi from Politecnico di Milano, stating that benefits of PSM
span from the economic side of the Leverage Effect, an improved C2C cycle
through Supply Chain Finance, to Risk Management.

The role of PSM has therefore assumed a strong strategic proactive role, rather
than passive cost-focused, leading procurement to be a key strategic resource to
be investigated and invested on, to gain competitive advantage. This is mainly
due to increased globalization, technological advances in internet- based
systems and accessibility to complex computational programs.

In conclusion, a more strategic and critical eye to PSM allows to better cope
with efficiency, supplier development, cost analysis, risk management and

internal coordination. (Tassbehi & Moorhouse, 2008).
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Companies generate massive amounts of data: from sales, distribution,
manufacturing, warehousing, to planning and procurement. The ability to
capture, store and analyze data with the aim of extracting value has become
mandatory for all organizations.

Supply Chains have today the possibility to turn all the data gathered through
their operations into intelligence, and to deliver a competitive advantage.
Amazon and Walmart for instance, are clear examples of successful stories of
Data Analytics implementation. However, as pointed out in a KPMG
Consulting study, most companies have yet to leverage Big Data Analytics to

transform their supply chain operations (Singh & Reddy 2014)

Moreover, many research studies have been conducted on the integration of
PSM and Data Analytics, and results show that the great potential of the Big
Data is less mature in PSM with respect to other Supply Chain areas. If
compared to other functions, such as marketing and manufacturing for
instance, procurement is the one that particularly lags in application
development and it is forecasted to experience the largest growth over the next
few years (Sanders, 2016).

At support to the relevance of combining Data Analytics to PSM, McKinsey &
Company conducted a study which shows how a mid-size manufacturing
company with $2 billion in annual revenue is able to generate procurement data
on more than 20.000 transactions for a single category, each with four to five
significant drivers of price: more data than any one employee can track and

manage. (Innamorato et al., 2017)

This to highlight the massive amount of data that procurement resources deal

with on a daily basis: from spending analysis, supplier assessment and
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negotiation to commodity risk hedging. Data can be either internal (quality
reports, auditing information), or external data such as supplier portals and

open platforms.

Sauter (2014) argues that many procurement organizations today leverage
existing data warehouses but do not yet fully exploit the vast array of data from
internal and external sources, which could unlock significant insights and
benefits.

Arvidsson et al. confirm that both research and practice applications of Data
Analysis in PSM are lagging behind and very few mature application cases can
be identified in practice. A case study from Bain & Co stated that for supplier
relationship management (SRM), 60% of companies have no tools or rely
primarily on improvised systems using Microsoft Office.

Despite the clear urge of Data Analytics applications in PSM, the models used
by most of procurement functions dramatically simplify the available data,
losing a lot of potentially valuable insights along the way. (Innamorato et al.,

2017)
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In this first part of the research study, it has been highlighted the strategic role
played by the Purchasing and Supply Management and the inequal
implementation of Data Analytics in the Procurement domain, compared to
other functions, despite its proved relevance. The research objective is indeed

stated as follows:

“Develop and validate a framework for the assessment of the maturity of Data Analytics

in PSM”

To support the objective of the study, the following research questions will be
analyzed, through the mean of a Literature Review and the creation of a

Maturity Framework.

Why can Data Analytics be useful to increase PSM performances?

What are the main state-of-the art PSM Analytics applications companies can leverage
on to improve their PSM performances?

What are the challenges that companies face when implementing Data Analytics for
PSM?

. How can companies assess their PSM analytics maturity and therefore identify areas of

improvement?
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1.3 Research Procedure

In order to answer the research questions, the procedure is defined as follows.

1 2. LITERATURE 4. VALIDATION 5

INTRODUCTION | BAckGROuNnD [| 3- FRAMEWORK W ¢ piscussioNn | concLusions

Figure 1 Structure of the Thesis

Chapter 2 aims at defining what PSM analytics is, what are the objectives when
implementing data analytics for procurement and what are the state-of-the-art

tools and models available today, by means of a literature review.

Then, in session 3, findings are used to develop a framework for PSM analytics.
Such tool has the objective of assessing the maturity level of PSM analytics in a
manufacturing company.

The framework is then validated through its implementation at Schneider
Electric S.p.A in session 4.

Session 5 includes a discussion on the results obtained from the framework
application and the implications for Management and Research. Lastly,

Conclusions and Directions for Future Research are discussed in session 6.
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The term Big Data indicates the generation of incredibly large amounts of
data by firms.
When data is not used to extract value or insights, it is called “dark data”.
Valuable data can then be extracted to help improving the performances of
many business areas across the whole supply chain: this phenomenon is called
analytics.
Considering the entire supply chain, there are numerous analytics tools and
tields of application: from sales, marketing and distribution, up to
manufacturing, companies nowadays have the possibility to leverage on vast
amounts of data analytics techniques to enhance performances and

competitiveness.

However, not all supply chain functions have experienced the same growth

path.

Sanders (2016) believes in the presence of analytics maturity gaps along the
stages of the supply chain. For example, the largest growth has been seen in
marketing and sales, through constantly evolving knowledge; although
sourcing has been left behind in application development.

The focus of the following study will be on the upstream part of the supply

chain: the field of Purchasing and Supply Management.

Jensen (2017) defines PSM analytics as “the set of technologies that enable
management, structuring and usage of data by exploiting large volumes of

historical purchasing transactions, contracts, pricing information and supplier
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performances. “
Therefore, Big Data, along with analytics, are to be considered important future

solutions in procurement. (Schneider, & Wallenburg, 2013).

When implementing PSM analytics, it must be discussed how such technologies
will enable PSM to reach its objectives, and how they will translate into daily

operations.

Q1:"Why Data Analytics can be useful to increase PSM performances?”

Answering the first research question requires an understanding of the role of
Analytics in the PSM domain, and its influence on procurement performances.
Results from the implementation of PSM analytics go far beyond efficiency.
Bain & Co (2018) argue that companies which leverage on PSM analytics benefit
both from a more efficient and effective procurement process, due to frictionless
collaboration, automated operations and smarter procurement.

Collaboration platforms, real time data collection, predictive analysis and the
blockchain, reduce the friction between procurement resources by speeding
problem solving and generating greater value for the business.

As an example, the firm shared the great results achieved by a manufacturing
company after the adoption of a collaborative data platform, featuring contracts
records, savings opportunities, key metrics and analysis. Therefore, every
function had access to the same data source, which led the way for a
transparent and aligned procurement process.

Moreover, the implementation of analytics leads to efficiency improvements
also by automating processes and reducing errors. The consulting giant made

the example of IBM, which through process automation was able to reduce the
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time to resolve blocked invoices from 33 minutes to 90 seconds, cutting manual
intervention by 95%.

Lastly, smarter procurement translates into advanced category management,
better sourcing strategies and improved forecasting, thus resulting in cost

reductions and more accurate spending figures.

Real time visibility is a recurring topic also in a research done by Sahay (2008),
arguing how Business Intelligence and analytics provide an up-to-the-moment
view: data is current enough to be useful, and efficiency is optimized by
choosing among the best options available, displayed by the almost
overwhelming amount of BI applications.

In addition, McKinsey states that “while the personal nature of the relationship
remains important, conclusions about vendor performances should be based on
data rather than feelings”. It is therefore explained how advanced analytics lead
to effective vendor rating and eliminate human biases from the evaluation.
Moreover, PSM analytics play a big role in negotiation and spending analysis,
by grouping historical purchases into statistically significant clusters.

In conclusion, it is clear how both the literature and practitioners put in
evidence the strategic role of analytics in the PSM domain.

Both scholars and consulting firms encourage the implementation of Data
Analytics in Procurement.

In addition, given the definition by Jensen (2017) and the results of the literature
review, the main PSM Analytics applications span from spending analysis,
purchase prediction algorithms and process automation; to vendor rating and

performance monitoring.
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Spending Analysis, Purchase prediction algorithms and Process Automation
tackle both cost and time savings. Given the strong impact of procurement
expenditures on companies’ P&Ls, numerous analytics applications have been
developed.

Studies on spending analysis and portfolio optimization are highlighted by Tan
& Lee (2015), stating that the implementation of advanced data mining
techniques, such as text mining and cluster analysis, identifies opportunities for
purchases aggregations, thus aiming at economies of scale.

Relevant are also the results from the study conducted by Westerski, et.al,
(2015): a study which compares different algorithms for purchase prediction.
The implementation of Robotic Process Automation and artificial intelligence is
put in evidence by Flechsig et. Al (2022), which shows the role of RPA in
redesigning, optimizing and automating P2P Process. Supplier Relationship
Management models cover instead aspects related to vendor rating (supplier
selection and supplier monitoring) and sustainable supplier management
(SSM).

Unlike more efficiency-oriented applications, strongly related to the economic
dimension of PSM, SMR-oriented analytics open up to a wider spectrum of data
sources, encompassing all three the dimensions of the Triple Bottom Line.
(Zimmer, K., et.al, 2015).

More specifically, two families of analytics applications will be discussed.

The first model is the Analytical Hierarchy Process, implemented with PGP
programming (AHP-PGP): an effective analytics tool for supplier selection and
supplier monitoring. (Pergin, S.).

Eventually a Data Envelopment Analysis model will be examined, thus
reflecting on the importance of introducing the environmental dimension and

efficiency in supplier selection. (Dobos, L., & Vorosmarty, G. 2014)
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In conclusion, it can be stated that PSM Analytics is useful to increase PSM
performances because of its contribution to several PSM strategic pillars.

PSM Analytics enhances procurement efficiency through advanced spending
analysis, clustering techniques, purchase prediction and process automation,
thus resulting in higher productivity and improved bottom line performances.
Nonetheless, PSM Analytics can be applied to a wider, heterogenous and long-
term oriented spectrum of data, involving the environmental perspective as
well. Analytic models such as AHP-PGP and DEA
guide companies through sustainable supplier selection, monitoring
performances in the long term, enhancing relationships and increasing real time

visibility.

Q2“What are the state-of-the-art PSM Analytics applications companies can leverage

on to improve their PSM performances?”

In order to answer the second research question, it is necessary firstly to better
define the structure of the PSM Process and then to understand the key role
played by Data Analytics in each sub-process.

Procurement and Supply Management has previously been defined as the
process responsible for overseeing all the activities involved in acquiring

products, materials, goods and services required for efficient operations. To this

Figure 2 PSM Process Monczka et. al (2015)
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extend, a literature work by Monczka et. al (2015) is used to better understand

the PSM process, of which a simple conceptual framework is displayed below:

2. Supplier
Identification
& Selection

5. Settle,
Measure &
Control

1. Forecast &
Requirements
Identification

3. RFXs,
Contracts &
POs

4. Materials
Management

The PSM process starts by the identification of a need: procurement and supply
chain resources analyze annual or semestral production plans and therefore are
able to give a first estimation of future purchase needs. Analyzing procurement
patterns and trends through the means of statistics is very beneficial in
foreseeing future needs and thus providing more accurate figures. To this
extent, for this sub-process it will be examined a study of Westerski et. al (2015)
which explains how more sophisticated statistic models such as the Markov
Chain and advanced analytics can help Procurement to effectively forecast

future purchases.

Then, analysts and procurement resources proceed by scouting the market
searching for possible suppliers, evaluate them and choose the best one/s
according to pre-define sourcing strategies.

Tontini et. al (2016) states that the supplier evaluation dilemma plays a critical
role because of the risks incurrent in the buyer-supplier relationship. In this
step, price is not the only driver of choice; whether instead lead-time, supplier
capacity, quality, CO2 emissions, re-usability, flexibility on the minimum order
quantity (MoQ), effort to keep innovating and improved efficiency are to be

considered to display a more concrete and 365° view of suppliers’
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performances.

The evaluation process however does not guarantee that suppliers will behave
in the firm’s best interests; nevertheless, a detailed performance analysis may
minimize the chance of incurring in opportunistic behaviors.

Here, (Percin, 2006) introduces the Analytical Hierarchy Process: an
optimization model aiming as assigning scores, given numerous suppliers
attributes. Then Dobos et.al (2014) extend the supplier selection dilemma
through another optimization model including the environmental perspective

as well.

The process goes on with buyers establishing a communication flow between
the company and the outsourcing entities: RFIs, RFPs and RFQs are necessary
to communicate what needs to be purchased, the price and the logistic
conditions. This set of activities could be very repetitive and inefficient if not
properly managed and manually executed: many are the scholars suggesting
the implementation of Automation to increase efficiency, reduce manual error
and increase resource’s motivation and morale.

Flechsig, et. al (2022) and Zhang & Wen (2021) state how Al-drive RPAs increase
day-to-day process efficiency, leading to time savings and how artificial
intelligence can effectively deal with unstructured procurement data.
Planning analysts then are in charge of launching orders and managing the
flow according to defined inventory management strategies.

Materials management is the set of activities ranging from materials
procurement to inventory policy and product storage. Procurement Planning
and inventory decisions are strictly correlated.

Therefore, following the studies of Meller, et.al (2018) and Tontini et. al (2016),

machine learning algorithms such as the Kernel Regression and the Random
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Forest, both applied in a JEO and SEO scenarios, will be discussed, thus helping

decision makers setting optimal inventory levels.

The last phase consists in implement proper spending analysis and
classification criteria to assess the entity of spending and their classification by
purchase category: aiming at supplier discounts, lower procurement and
logistic costs and more coordinated sourcing decisions in the future.

In this regard, Byrne (2013) and Tan & Lee (2015) show the importance of
implementing spending analytics and suggest advanced text mining techniques

such as the cluster analysis.

In the following paragraph, one or more state-of-the-art analytics models will be

introduced for each sub-process, of which it will be discussed the structure,

functionalities, advantages and the disadvantages deriving from their

implementation and their impact of companies” PSM performances.

Tool / Supplier RFXs & Materials Measure &
Process Forecasting Selection POs Management Control
Markov
Chain & Westerski et. al
. (2015)
Exponer.ltlal Blackburn et.
Smoothing al. (2014)
Pergin (2006);
Dobos et.al
(2014);
AHP-PGP Tontini et. al
& DEA (2016);
Flechsig, et.
al (2022);
Zhang &
AI- RPAs Wen (2021);
MaChl.ne Meller, et.al (2018);
Learning Tontini et. al (2016)
Data Byrne (2013);
.« o Tan & Lee
Mlmng. & 2015)
Clustering

Figure 3 Literature Background table of contents
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The first step of the Procurement and Supply Process is the identification of
production needs based on forecasts. This paragraph will analyze different
analytics tools used to forecasts future demand and therefore translate it into
materials requirements.

Blackburn et. al. (2014) argues that predictive analytics for demand forecasting
can be clustered into three main disciplines: classical statistics, knowledge
discovery from databases (data mining) and machine learning algorithms.

All these three disciplines, each with key features and hurdles to
implementation, analyze the effect of covariates, or independent variables on a
response, or prediction target.

Classic statistics methods include very basic tools, such as sampling and

exponential smoothing to more effective ones such as the Markov Chain.

Random sampling is the simplest method, and it does not provide any
prediction capability: it is therefore used as a baseline for the following models.
The algorithm collects all unique references from the order history. Then,

through a random number generator a single value is picked.

Probability Distribution: this algorithm firstly computes the Probability Density
Function (PDF) and then the Cumulative Distribution Function (CDF) as a
reference for future purchases. Then, a random variable between 0 and 1 is
picked and passed as an argument to the CDF. The corresponding feature will

be extracted as final prediction.

Simple Sequential Sampling is used for both single and multiple purchase

prediction. It collects all unique description fields and it recorders them in the



same sequence they occurred in the order history. Then, the prediction would

be the sequence from the first recorded value.

Exponential Smoothing: the exponential smoothing is a well-established
demand forecasting technique, frequently used in practice. The idea behind this
model is the possibility to decompose a time series into the components level,
trend and seasonality, to which then it is applied a smoothing. The advantage
of this method is the simplicity thanks to which it is possible to gain high-

quality predictions.

Blackburn et. al. (2014) argue that the classical exponential smoothing model
can be extended into the Covariates Exponential Smoothing. Developed by Holt
(1957) and Winters (1960), this extension includes not only the history of time

series but external information such as economic indicators or product prices.

The Markov Chain

More advanced statistics is introduced in the research study conducted by
Westerski, (2015) which explain how the Markov chain can be an effective
statistic tool to predict lumpy and short-term forecasts by analyzing the

frequency of occurrence of items description fields.

Contrary to the previous models, the Markov Chain gives a prediction on
future purchase based on the previous state recorded.

Firstly, the algorithm builds a transition matrix, which models the probability of
moving between states of the Markov Chain. Transition occurs when a
purchase with a distinct description field is followed by one with a different
value, otherwise the state doesn’t change.

The probability of moving between states is estimated by dividing the number
of times a transition has occurred by the total number of transitions. Therefore,

each state in the matrix has its own probability distribution.
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The starting state in the matrix and the probability distribution to be used

depend on the feature value of the previous performed order used as an input.
On top of the Markov Chain, two more optimizations can be considered.

Results from the evaluation of the prediction algorithms show that the Markov
Chain performed better that sampling and CDF. Previous data clustering is
suggested to increase the coverage (number of requesters, thus the number of
future orders) at a small cost of slightly decreased precision. Without clustering,
Markov Chain excels in terms of precision although falling behind in coverage.
More sophisticated tools include data mining and machine learning algorithms.
The advantage of using algorithms is the possibility to process any type of
input variable Blackburn et. al. (2014).

Machine Learning techniques enable analyst to generate algorithms which train
based on historical data and are able to generate very accurate results.

This topic however will be discussed later on in the paragraph 2.1.4 when

approaching inventory optimization strategies.

The following models show how Data Analytics can be implemented in SRM,
especially in supplier selection and supplier evaluation. The first model is the
AHP-PGP, “a theory of measurement that provides the ability to incorporate
both qualitative and quantitative factors in the decision -making process”. The
focus will be on complementing the AHP with PGP programming to have a

more complete representation of the supplier selection dilemma. (Pergin, 2006)

Secondly, the Data Envelopment Analysis: a mathematical model for supplier

monitoring, which takes into consideration the environmental perspective.
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Analytical Hierarchy Process implemented with PGP Programming

High service level demanded by an even higher level of competition explain the
importance of supplier selection.

An effective supplier selection process could be quite hard to accomplish, given
the multitude of KPIs and parameters to take into account when evaluating
suppliers” performances, and models such as the weighted average might turn

out to be too simplistic.

The AHP begins by creating a hierarchical scheme of a supplier selection
problem: it is made by the final goal (selecting the optimum suppliers), the
alternatives (the n-suppliers under evaluations and the criteria) and drivers for

the evaluation, in the study Manufacturing, Technology, Business and Service.
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Figure 4 (Pergin, 2006)

The first part of the AHP-PGP process is more qualitative, and it consists in
pairwise comparisons between each criteria and sub-criteria of the supplier

selection problem. Following the study of Percjin (2006), managers are asked to
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assign scores, aiming at defining whether a criteria or sub-criteria is equally,

strongly or extremely more important that the others.

As a result, firstly the criteria and secondly the sub-criteria are evaluated and

assigned a score, computed by the service application Expert Choice.

The integration of AHP with PGP programming is a mathematical optimization
model, allowing to consider a wider spectrum of variables in the decision-
making process. The objective functions aim at maximizing product quality and
the supplier service level, while minimizing the delivery time and costs.

The objective functions are subjected to constraints taking into account
parameters such as the minimum order quantity, after sale service level, the
defect rate and the demand for raw materials.

Given the scores assigned in the pairwise comparisons, the results of the
optimization model highlight the number of active suppliers and the optimal

quantity of raw material to be purchased from each of them.

In conclusion, AHP-PGP allows to deal with both qualitative and quantitative
data according to different priorities. Qualitative data is generated by the means
of interviews to managers in order to assign priorities to each criteria and sub-
criteria. This step is strongly subjective and it could lead to suboptimal results
afterwards if not done meticulously. Quantitative data instead is generated by
actual supplier performances such as the defect rate, price, delivery time and

service level.

Moreover, it encompasses a wider spectrum of variables and objectives, such as
the minimization of the purchasing costs, the maximization of the service level,
the minimization of the delivery time, the minimization of scraps and finally
the maximization of the Utility Function.

This model enables the decision makers to analyze the supplier decision in a
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systematic and easy-to-use approach by means of utilizing the integrated
model.

On the other hand however, the solution is very sensitive to possible variations
in the assigned weights: scores resulting from the pairwise comparisons must
be given correctly in order to generate a valuable outcome during the
mathematical model implementation.

Further critics emerge from a study by Dobos et.al, (2014), which discusses how
AHP is not able to tackle more complex problems such as volatile demand and
supply chain uncertainties. For this reason, research has been conducted in
which AHP is blended with fuzzy logic in order to predict performances based
on casual relationships between metrics of the PSM process.

The main advantage of the implementation of fuzzy logics stands within the
possibility to predict future supply chain performances, elucidating managers

in evaluating “what if” scenarios. (Ganga, Carpinetti, (2011).

The DEA, or Data Envelopment Analysis, is a very interesting mathematical
model which can be applied in the Supplier Relationship Management domain.
Dobos et.al (2014) state that Data envelopment analysis is useful to extend the

traditional supplier selection problem to environmental factors and therefore
effectively monitor suppliers” performances.

The well know Kraljic Matrix defines appropriate sourcing strategies according
to the item-associated market difficulty and strategic importance, thus
clustering them in four quadrants: non critic, strategic, leverage and bottleneck.
Strategic and leverage items feature long term partnerships and collaborations,
while non-critics are characterized mainly by short term spot contracts.

The DEA model focuses on non-critic items: low value and low margin
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components which might be responsible for environmental issues. Dobos, et.al

(2014).

Up to the late 90’s, supplier selection methods only included a range of
managerial criteria, while social and environmental factors did not receive
much recognition.

Dobos et.al, (2014) argue that the environmental perspective is nowadays a
must when evaluating suppliers; nevertheless, analyzing the trade-off between
managerial and green performances is a challenge: it embeds a wider spectrum
of variables, both qualitative and quantitative, thus complicating the decision-

making process.

According to the DEA framework, each supplier is a Decision-Making Unit.
Each DMU features both managerial performances and environmental
performances. Managerial criteria (input variables) are variables such as lead
time, quality and price; while environmental criteria (output variables) are
reusability (%) and CO2 emissions (%).

The objective is to first find the weights for both managerial and environmental
variables through an optimization model. Then, once the set of weights has
been defined, they are placed in the efficiency equation to define which supplier
is the most efficient. The efficiency equation is a simple ratio Output
(environmental) / Input (managerial), which highlights how skilled a supplier is in

making the best out of its resources.

The value of the weights resulting from the optimization model indicate the
relative importance of each managerial and environmental aspect of the
supplier selection problem.

Each weight is therefore substituted in the efficiency ratio and the supplier with
the highest score is the most efficient.

In conclusion this study provides a model for supplier selection regarding



routinary items. By the introduction of an efficiency quotient, it is possible to
merge managerial and green data. This allows not only to consider the scores of

the composite indicators but also the quotient type efficiency.

This method makes it possible to rank the decision-making units (suppliers)
based on sustainable performance indicators in a simple way, commercially

available through packages such as Microsoft Excel.

The Data Envelopment Analysis and the Analytical Hierarchy Process show a
high degree of correlation in the supplier evaluation problem. However,
Rashidi (2018) state that the AHP model is more suitable for suppliers in need
of gradual improvements and few major leaps. Dramatic changes can in fact
result problematic for suppliers: investments in sustainability, production
capacity, waste management and workplace environment might turn out to be
very time consuming and expensive. Therefore, for smaller suppliers with
limited access to resources and for which time is not an issue, the AHP is
considered to be the best evaluation strategy.

Instead, DEA prescribes a quicker strategy with fewer steps and more leaps,
which could also be beneficial. If suppliers have the necessary resources to

implement significant changes, a DEA-evaluation strategy is more suitable.

In conclusion, the proposed methods offer easy to understand algorithms to
rank suppliers based on defined criteria. Other proposed frameworks, such as
the implementation of fuzzy environments require advanced mathematical

knowledge, barring a range of managers from applying them Rashidi (2018).
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Robotic Process Automation is a software technology that emulates human
actions by interacting with digital systems and software: they are able to extract

data and perform a wide range of defined actions. (UiPath Inc.,2022).

Despite the increasing supply chain digitalization growth path driven by
cutting edge technologies, RPA adoption in PSM is still in its infancy and

hardly explored.

RPAs do not require to modify companies” IT infrastructure: acting like “light
weight IT”, they are considered to be user friendly applications. In fact, through
functions such as HTML code, Java and Citrix, they are able to start
applications by copying, extracting and processing structured and semi-
structured data.

Standard RPAs are suitable for routinary processes, while more complex
processes mainly require manual intervention or Al-driven RPAs. (Flechsig, et.
al, 2022)

The range of RPA applications spans from downloading attachments and
sending emails to more complex tasks.

For instance, they are able to verify whether inventories for a certain component
in the company ERP system are below a pre-defined threshold, and therefore
send the buyer a request for purchase. In case of fixed-quota double sourcing,
RPAs can automatically divide the volumes among the two suppliers before
launching the order, according to pre-defined quotas.

Bots are useful also when sending request for quotations. The order is inserted
in the MRP, which generates the Bill of Material: a list of all components needed
for production, stating which items to buy, in which quantity and when to

purchase them, given inventory and lead-time related constraints.
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RPAs can then gather data such as the reference number, volumes, MoQs,
IncoTerm and expected delivery time (considering MRP constraints) and send
such information to the buyer which then sends it to the supplier for a

quotation.

Other interesting RPAs applications in the PSM domain are the capability of
alerting suppliers in case of shortages risks, and the automatic order

rescheduling based on supplier delays.

Recent studies highlight the potentialities resulting from the implementation of
RPAs with Al Al-driven RPAs introduce morality into the machine learning
and thus they are able to acquire competence and moral judgment. (Beerbaum,

2021).

Zhang & Wen (2021) define intelligent automation as “robots that use reasoning
and analysis information, learn new processing methods through mathematical
analysis and use artificial intelligence to complete human interactions”. The
authors argue that Al-implemented RPAs are capable of continuously correct
their behavior, thus resulting in intelligent decision-making capabilities.

The main advantage of combining RPA with artificial intelligence stands
withing the processing of unstructured data, such as paperwork and scanned
documents, which is generally not possible with standard RPAs.

Eberendu (2016) defines unstructured data as data not part of a database,
including images, object, text, and emails. In this regards, Al-implemented
RPAs are capable to run audit of identity information and OCR analysis
through advanced text mining.

Considering a study by Zhang & Wen, Z. (2021) and the characteristics of the
PSM domain, it can be stated that intelligent RPAs impact processes in two
main ways: data acquisition and decision making.

As far as data acquisition, Al-driven RPAs can be useful for RFI screening:



through OCR, bots are able to screen the technical drawings from suppliers or
check financial information and signatures during the auditing process, thus

avoiding routinary manual interventions.

Moreover, Al-bots could be very insightful on a variable quota double-
sourcing. Let’s consider a company relying on double sourcing for a certain
component. Supposably the two suppliers are monitored in terms of price,
quality and service level (On Time Deliveries). Al-driven RPAs can
automatically switch the quotas among the two suppliers according to trends in
price, quality or service level. For example, bots can change quota according to
price changes: if one supplier increases price more than the other, RPAs change
the volumes according to defined rules. The same reasoning can be done for

quality or service level.

According to Flechsig, et. al (2022), the benefits of the implementation in of

RPAs in the PSM domain are the following:

Operational efficiency: RPA promote rapid internal and external information
exchange. Fast processing and flexibility to PSM changes, result in reduction of
uncertainty thus smoothing the Bullwhip Effect. RPA adopters are able to

reduce the cycle time and idle times.

Quality improvement: Bots eliminate redundant workflows by performing
redundant tasks neglected by PSM resources. RPA adopters significantly
decrease errors, since they follow pre-defined rules, and they are not subjected

to feelings but to objective and predefined rules.

Cost savings: given the managerial attention to FTE (full time equivalent), RPAs

leave managers and buyers more time to dedicate to value adding activities.

Employee satisfaction: resources are freed up from up to 60 percent of working

time: relieved from tedious and repetitive tasks. They are therefore able to
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dedicate full attention to valuable activities such as exception handling and

sophisticated internal and external supplier communication.

The fourth PSM sub-process refers to activities such as material procurement,
inventory management and product storage.

Tontini et. al, (2016) argue that effective inventory optimization models result in
positive impact on performances such as scheduling and productivity.

One key mission for Procurement and Supply Chain resources is to determine
the optimal inventory levels to balance the trade-off between risk hedging
against uncertainties and efficiency. Excessive inventories lead in fact to high
holding costs and invested capital, although allowing to better mitigating
demand fluctuations, while very low stock results in higher efficiency although

running the risk to face tremendous stock-out costs.

As previously stated, companies can leverage on vast amount of data, which
can be analyzed and interpreted with machine learning algorithms to make

effective inventory decisions.

It is well known that in practical settings, demand not only is unknown but also
not stationary. Such features imply that in real life PSM resources need to
estimate a demand probability distribution which is affected by factors such as
seasonality, trends, weather conditions, number of working days, holidays,
promotions and much more.

A study by Meller, et.al (2018) shows that firms can record and utilize large

volume of historical data to learn and predict future demand aiming at optimal
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inventory decisions.

Demand forecasting and inventory strategies have indeed a strong influence on
the procurement side since it defines how much raw materials and components
will be purchased and what are the time constraints given by the necessity of
keeping optimal stock levels.

Predictive information used as vector variables in the machine learning
algorithm is called “data feature”. The demand equation is represented as the
sum of two components: the demand level associated to an estimated feature-
dependent probability distribution and an additional random component
which internalizes all exogenous uncertainties, also feature-dependent.

All the historical data which serves as an input of to the inventory optimization

algorithm is called “training data set”.

Meller, et.al (2018) firstly introduce the SEO model (Separate Estimation and
Optimization). In the first part, the training data set is used to estimate a
probability distribution for the demand level. Such estimation is not perfect,
meaning it contains uncertainties which need to be adjusted to make the stock
decision. The residual uncertainties from the probability distribution estimation
and the random component are translated into a distribution of forecast errors.
This latter distribution is needed as an input of the second step: the
optimization logic, which trades off expected coverage an underage costs and

provides the level of safety stocks, just like the Newsvendor Problem.

Therefore, the optimal inventory levels will be the sum of the estimated
demand level and the safety stocks.

On the other hand, the JEO model (Joint Estimation and Optimization) directly
links the feature data with the final decision, avoiding intermediate demand
estimations. The inventory decision and the demand prediction are then

combined into a unique optimization model.
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To solve the optimization model both for the SEO and JEO algorithms, Meller,
et.al (2018) introduce two machine learning techniques: the random forest and
the Kernel Regressions.

The random forest is known for its high prediction accuracy: it consists of a
number of trees partitioning feature data in R regions by grouping similar
instances. The underlying concept is that instances similar in known properties
(feature data) can be assumed to behave similarly also in unknown properties
(realized demand).

The Kernel Regression is another machine learning algorithm used to estimate a
dependent variable exploiting a locally weighted average of historical demands.
The weights depend on the distance between the historical features and those of

the instance in question.

Both the Kernel and the Random Forest are effective algorithms to put in place
both in a SEO and JEO model to predict the demand and therefore set optimal
inventory levels.

The research study also highlights that in case of high remaining uncertainty
and the presence of heteroscedasticity, the JEO model outperforms the SEO
both using the Random Forest and the Kernel Regression.

On one side the SEO model is very simple to implement. However, having two
separate optimization problems might not pe perfectly congruent and it could

lead to suboptimal decisions if the level of uncertainty is high.
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Spend Analysis is the process of identifying, gathering, cleansing, categorizing
and analyzing procurement spend data, with the aim of decreasing purchasing

costs. Morjaria, (2021).

According to Simfoni, a notorious IT company based in California, increased
visibility on category sourcing patterns is the main advantage of spend
analytics. Spending analytics techniques therefore provide procurement
resources complete view on how much money the company spends, which
supplier provides which goods/services and whether the company is getting

what it expects for the purchase or contract.

Benefits from PSM Analytics implementation are highlighted in a research
study by Tan & Lee (2015), demonstrating how advanced analytics, such as
data/mining and cluster analysis, can provide visibility on procurement
patterns, thus enhancing insights and decision- making capabilities, towards

more efficient sourcing strategies.

Moreover, the Organization for Economic Co-operation and Development
(OECD) affirms that savings are being sought through centralization and
aggregation of purchases to achieve economies of scale: an updated and
detailed analysis of past procurement spending is therefore key to strategic

PSM. Byrne (2013).

Procurement resources deal with thousands of data, for the most part expense
codes used to categorize purchases. Such codes, composed by data fields, define

components in terms of price, period of transaction, supplier and buyer details.



Tan & Lee (2015) rightfully suggest caution when manually dealing with
description fields, being mostly in free text format. They are in fact likely to
include irrelevant information such as dates, names, teams etc. and
procurement resources are often left to judgmental error when analyzing
spending.

Through a software called RapidMiner, it is possible to transform text data into
a format that can be easily analyzed by clustering techniques. In this way, each
reference code is characterized in terms of occurrence frequency of words in it,
so that eventually they can be clustered according to similar distribution of
words.

The process is briefly examined as follows.

In the first step, input reference codes for a certain estimated procurement
amount (EPA) are cleaned up using the function “Filter Stopwords” with
RapidMiner”, thus highlighting the keywords. Then, the clean dataset is then

divided into “k” clusters, using “K-mean clustering”.

The Centroid Cluster Model provides then an Excel representation of the “k”

clusters, grouped according to the frequency of keywords generated.

The last phase consists in combining each cluster with the respective spending
information: amount of spend, time interval, etc. Clusters might go under
further manual verification.

After data cleaning, the user defines “k” clusters of similar components. Each
cluster has a spend value equal to the sum of the costs of all the references
belonging to each cluster. Clusters in the same price range, example small
value purchases, might therefore be purchased together, leading to price
reductions and economies of scale, thus giving buyers more bargaining power.

This applies better if clusters are purchased through single sourcing, although

40



the same reasoning can be extended also in case of multiple suppliers.

This process can then be repeated for every estimated procurement amount.

The implementation of advanced text mining and clustering help procurement
departments gain visibility over medium and long term spending, leading to
synergies between teams, better coordination and efficient sourcing decisions.
However, this model highlights two main shortfalls. The first stands in the
interpretations of the algorithm in front similar data, i.e Apple computers or
apple the fruit. The same goes with words which are spelled incorrectly by
procurement resources. Therefore, advanced analytics such as text mining and
clustering is more rewarding when data can be further analyzed by experts
who can bring additional knowledge.

The second issue regards the fact that, despite the evident similarities between
purchases, different timelines, project deadlines and uncertain/dynamic
environments make such planning in the short term very challenging.
Therefore, sometimes separate transactions for similar or identical goods are
necessary.

In this study only k-means clustering has been adopted, however more

clustering algorithms can be applied in the RapidMiner’s text mining extension.

Q3: What are the challenges that companies face when implementing Data Analytics for
PSM?

Data Analytics is one of the biggest Data Science trends and its popularity is
spreading all across the world, and the above-mentioned models highlight the

tremendous benefits companies could gain if analytics was implemented in
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daily PSM operations: supplier monitoring, risk hedging, demand forecast,

inventories reduction and sustainability are only few.

However, many companies resist the adoption data analytics in their supply
chain, mainly due to behavioral, technological and managerial issues. There is
in fact a lot of ambivalence in understanding the potential benefits of the Big

Data. (Raut, et at, 2021)

The following paragraph aims at providing an understanding on what are the
sources of inertia and skepticism to data analytics implementation, and the
relative challenges and barriers procurement and supply chain resources face
when they are presented the opportunity to digitally revolutionize they PSM

processes.

Following the research study of Flechsig et. al (2022), the ToE Framework is
used to describe PSM analytics readiness.
Such framework clusters implementation challenges along three main

dimensions: Technological, Organizational and Environmental.

Technological barriers include challenges related to poor data quality and lack
of trust in data, IT infrastructure issues and human resources.

Hazen (2014) state that poor data quality reflects one of the biggest issues in
analytics, strongly affecting management decisions. They also argue how data
quality may regard its completeness, consistency or accuracy (intrinsic data
features) or its relevancy or value added (contextual data features).

Lack of human resources capable of dealing with large amounts of data to
extract insights and making good business decisions is another critical point.
Insufficient professional skills lead to serious difficulties in identifying and thus
implementing analytics models. (Raut et. al 2021).

Flechsig et. al (2022), underlines a good point by stating that sometimes the



issue is not just the lack of technical skills but the lack of professionalism of IT
resources, which might feel powerless and left out in front of new tools and IT
investments.

Moreover, having a solid IT infrastructure is often required to properly deal
with the huge amount of information derived from the Big Data. Due to the
complex nature of the BD, conventional database systems might not be
sufficient, therefore cloud-based and web-based systems are necessary to
ensure data integration, thus resulting in higher responsiveness and visibility.
Speaking of visibility, Flechsig et. al (2022) carefully argue the fact that very
often entities external to the organization, such as suppliers and distributors, do
not want to engage in such integrated IT infrastructure, thus avoiding data
sharing, despite the demonstrated advantages coming from having a shared

database and a high degree of visibility and collaboration.

Organizational barriers focus instead more on organizational issues such as lack
of managerial and financial support, Return on Investment uncertainties and
effort.

Raut et. al (2021) argue that lack of top management support and motivation
result in low momentum when it comes to analytics investments. The theme of
corporate inertia affects especially bigger companies which lack the proper
flexibility and open mindedness towards new potentially beneficial projects.
On the other hand, smaller entities are often more flexible, less routinary and
more welcoming, although they might lack financial capitals. Decisions about
analytics investments is in fact strongly influenced by the lack of financial
support. For example, increasing data generation requires more storing cloud
space, thus increasing the organization’s financial burden.

To this extent, Flechsig (2022) suggest a gradual investment process. Firms

should start from the “quick wins”: high value added and feasible project
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which are able in short time to show the benetfits of analytics, thus
deprioritizing low value added and less feasible ones.

Moreover, the more analytics is new to the organization and the more a
company lacks the proper human resources to deal and analyze PSM data, the
higher will be the level of uncertainty in managing related project, thus the

more difficult it will be estimating the Return on Investment.

In conclusion, environmental barriers include external variables such as
supplier lack of collaboration, privacy and security, governmental laws and
regulations.

Flechsig (2022) argues that despite analytics investments are mostly intra-
company related, third party involvement and collaboration should not be
underestimated. To enhance supply chain value, visibility and data sharing
between stakeholders is indeed necessary, and unwillingness to collaborate

could lead to detrimental results.

Web-based and Cloud-based solutions for data storage often exposes PSM
resources to possible profiling, stealing and loss of reserved sensitive
information. To this extent, Hashem et. al (2015) suggest the usage of
encryption algorithms to ensure data privacy. It is also stated that given the
relevance of data security, cloud vendors must ensure that all service level

agreements are met.

Governmental laws and regulations may constitute a serious issue, especially in
case of multinational corporations which operate in many countries and may
have different laws and restrictions. On one hand, regulations have the purpose
of protecting companies, on the other hand, restrictive set of rules may limit the
scope of action.

To this extent, Hashem et. al (2015) argue that governmental regulations

maintain a balance between risk exposure and value creation.



In the first part of this study a literature background answered the first three
research questions by defining the PSM process, the importance of
implementing data analytics in the PSM field, the State-of-the-Art analytics
applications declined for each sub-process; and finally the main challenges and

barriers of Data Analytics implementation.

The following Chapter will answer the fourth and last research question, by
introducing a Maturity Framework capable of assessing the level of data

analytics in the PSM domain.

. How can companies assess their PSM analytics maturity and therefore identify areas of

improvement?

Regarding the structure of the Framework, not much information was found in
literature. It was quite difficult to build a model based on previous research
studies. To this extent, the research work of Monczka et. al (2015) was useful to
shape the PSM Process, although without providing further guidance to the
actual work content.

Nevertheless, the research by Tontini et. al (2019) was very insightful in
structuring the maturity levels. In the article, the author provided a model
capable of assessing the maturity level of the PSM process.

Despite it was very helpful it raised two issues: first the paper gave an
assessment of Procurement maturity, it did not concern however data analytics.

Second, the author gave a different representation of the PSM process, not
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aligned with this work.

Therefore, in order to define a structured and experienced-based approach, it
was arranged a meeting with a senior consultant, expert data analyst in the field
of Operations and Supply Chain Management.

For decades he has been providing support with a team of 10 consultants to
medium manufacturing enterprises, driving digital transformations for supply
chains.

The first consideration of the meeting stated that the following work is a
qualitative assessment of Data Analytics maturity, rather than quantitative. The
tield of Data Analytics could be scrutinized at very sophisticated level, however

this is not the scope of the work.

It has been decided therefore to follow the literature work by Monczka et. al
(2015), in which the Procurement and Supply Management Process has been
streamlined into five main sub processes.

Now, the objective is to assess the data analytics maturity level for each sub-
processes: Forecast & Requirement Identification, Supplier Identification and
Selection, RFXs POs and Contracts, Materials Management and finally Settle,
Measure & Control.

The purpose of the literature work has been to go over different scientific
papers and define a “State of the Art” scenario for each sub-process at which

companies should be aiming.

Therefore, each of the five subprocess has been evaluated according to four
maturity levels: poor, basic, professional and Advanced.
Maturity increases up to level 4 (Advanced), in which ideally the subprocess

shows the attributes of the models highlighted in Chapter 2.

An idea that came out during the discussion with the consultant is the

clustering of the five above-mentioned sub-processes under the light of five



different dimensions: pervasiveness, tool, data integration, frequency and

resources.

All five dimensions together aim at shaping in the best and most complete way

possible each maturity level. In particular:

Pervasiveness: it defines the number of touchpoints and the extension reached
by analytics. The pervasiveness dimension answers the question: “how
capillary and how many are the specific touchpoints reached by analytics in
each sub-process?”

An example of increasing pervasiveness maturity in the Supplier Selection

Process is:

a. Buyers analyze only price when making evaluations (poor)

b. Buyers analyze only economic aspects, although considering also data about
leadtime, MoQs, IncoTerm and other logistic conditions (basic)

c. Buyers analyze not only the financial data, but the capability of keep
improving and innovating and the flexibility to changes and lot variations
(professional)

d. Buyers consider all the three dimensions of the Tripple Bottom Line, thus
including the financial data and logistics conditions, data about supplier’s
CO2 emissions and more sustainability standards and data about the

condition of the workforce (Advanced)

Data Integration: the level of data integration describes how much data is
shared among interested resources, both in terms of data-quantity and easiness
in data accessibility.

Tool: this dimension indicates the level of sophistication of the tool supporting

a specific data analytics application.
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4. Frequency: the frequency dimension depicts how frequent physical and digital
resources analyze data through manual checks, software runs or meetings.

5. Resources: the resource dimension allows to answer to two questions: whether
the interested resources have access to data analytics applications and to assess
their knowledge/awareness on the topics of the activities related to each sub-

process.

The following chapter aims at a conceptual assessment of the Maturity
Framework, for each sub process and declined for each dimension. Each

process will be schematically represented by a Data Analytics Maturity Card.

The first sub-process is Need Identification & Forecasts: the identification of
production and procurement needs based on forecasts which then translate into

material requirements.

The pervasiveness dimension indicates the number of touchpoints and the
extension reached by analytics. In this subprocess, the touchpoints are in terms
of the forecasting techniques used, the percentage of reached forecasted
accuracy targets and the percentage of forecasted turnover.

Ditferent levels of the pervasiveness dimension, ranging from the advanced (4)
to poor (1), implement different analytics techniques, decreasing forecast

accuracy and percentage of forecasted turnover.
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From poor to advanced the percentage of turnover covered by forecasts and the
accuracy target increases from 1 to 100 and from 1 to 12 months/ year

respectively.

For data integration, the more data is shared, visible and easy to access among
all interested parties, the higher the score. The range goes from a advanced, in
which integration is high, involving also external stakeholders
(customer/suppliers), investments in ERPs and data sharing platforms to basic,
in which forecasts are mostly shared among planning teams and procurement

through Excel.

The tool dimension indicates which applications or software are used to
support the pervasiveness and data integration dimensions for making
forecasts.

Ideally at stage 4 maturity, such tools include several BI applications for effective
data visualization and Charts, data sharing platforms, for both generating
forecasts and data sharing, and finally advance machine learning software.

In a professional maturity profile, tools are the same, although without the aid of
advanced analytics applications which enable more accurate and automated
forecasts.

Basic tools include simple simple Calculation sheets such Excel (or similar)

which include basic statistics functions and rudimental simulations.

In this first sub-process, the frequency dimension defines the pace of the
meetings the teams have to verify the accuracy of forecasts in order to
implement corrective measures and the forecast horizon. This dimension ranges
from level 4 (advanced) to level 1 poor, through which the frequency of demand

monitoring decreases as well as the planning horizon.
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As far as resources are concerned, in an advanced maturity profile, each
planning team should appoint a data expert in charge of implementing
advanced analytics algorithms. Nevertheless, each supply chain team should be
aware of the effectiveness of machine learning and automation if compared to

normal statistics.

In a professional maturity profile, resources should be able to implement root
cause analysis and data sharing platforms such as Kinaxis (or similar), thus
applying the statistics concepts defined in the pervasiveness dimension in level 3.
Resources are at least able to calculate variations between forecasted demand

and actual demand, along with rudimental statistics.

NEED IDENTIFICATION & FORECAST

PERVASIVENESS

DATA INTEGRATION

TOOL

FREQUENCY

RESOURCES

+ [Data analyst for analytics projects

+ Advanced analytics (Al+ML) * Maximum data integration + Machine Learning + Al software i
* Accuracy targets 10-12 months/y through ERP * Company's ERP = Daily KPiz checks * Every team know haw to perform
ADVANCED * 00-100% turnover coverage + Forecasts platforms for data * Bl application * Forecasts horlzon > 24 months forecasts om Kinaxis {or similar)

+ Variability clustered thus sharing available for all plants » Excel or similar * Routinary control measures * Resources know how to use BI

identifying critical items « Visibility among ALL applications and company's ERF

departments
i isti i + Forecasts are shared through BU inaxi i
PROFESSIONAL * Accuracy targets 6-10 monthsfy * Visibility among PLanning team : E’chflplications * :‘;:;:E‘S horizan up to 18 and Bl aplications.

* 80-80% turnover coverage and Procurement + Root cause analysis not
* Variability clustered thus routinary

identifying critical items

+ Resources know how to use Bl
+ Simple calculations (pirce/ LT) * Forecasts shared manually * Bl apps *» Trimestral validation meetings applications
BASIC * Accuracy targets < & months/ly without Bl applications /ERP « Excel * Forecasts horizon uo to 12 » Resources know basic statistics

* Less than 70% turnover * Visibility only among planning months formulas for forecasts

coverage teams » No formal control measures

implementad
+ Jidgmental forecasts ¢ The company does not provide * The company never implements ’ VE.II?' poor/inexisient orecasting
formal control measures skills
POOR * No accuracy targets defined actual forecasts, so data * Excel

integration is null

Figure 5 Maturity Card for Need Identification & Forecasts

Forecasting horizon is not
defined
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The second sub-process defines the maturity level of data analytics when

procurement resources engage in supplier monitoring and selection.

For the pervasiveness dimension, the touchpoints for supplier selection
through analytics are the analytics techniques used, the number of dimensions
considered in the Tripple Bottom Line, the kinds of KPIs used for the
evaluation.

Advanced analytics are the ones mentioned in Chapter2, such as the AHP-PGP
and DEA implemented with fuzzy logic and neural networks. Less advance
techniques include mostly weighted average, Total Cost of Ownership formulas
and Excel Calculations.

The more the maturity profile increases, the more sophisticated analytics
become, the higher the number of KPIs considered, the higher the company’s
attention to social and environmental data.

The level of data integration decreases from an advanced scenario in which data
in updated on company’s SRM platform and ERP, down to simple data sharing
through Excel files and emails.

More sophisticated tools allow a wider and more sophisticated range of
analysis when making supplier evaluations at support of the data integration
and pervasiveness dimension. advanced tools include Al-applications and ERPs,
while basic and professional include Excel and simple BI tables.

The frequency dimension defines how regularly suppliers performance checks
are done and how frequently supplier data is uploaded on companies’

platforms.
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ADVANCED

PROFESSIONAL

BASIC

POOR

As far as resources, the data analytics skills range from level4 (advanced), in

which data experts are appointed with other team members able to interpret the

results; to basic in which procurement resources are capable of managing

supplier data at leas in the economic dimension (price, leadtime, MoQ,

Incoterm variations).

PERVASIVENESS

Sophisticated optimization:
AHP/PGP DEA + Al/Neural
networks

Data on all three dim of TBL
Supplier data available on portal

Sophisticated formulas without
the optimization: multi-factor
weighted average + TCO
Supplier data encompasses at
least two dimensions

Supplier data available on portal

Very simple formulas made on
Excel

Mainly the economic dimension
considered

The company does not
implement any analytics and
evaluations are purely
judgmental

SUPPLIER SELECTION

DATA INTEGRATION

* Maximum cooperation between
company and supplier through a
company-supplier portal

+ Analysts can visualize and
modify data at any time through
ERP

+ Less cooperation between
company and suppliers,
nevertheless the company
provides internal sharing
platforms.

* Maximum data sharing on ERP

* Data is mainly shared through
platforms such Excel

« The compay does not provide
visibility through Bl apps

« Data analysts for supplier
evaluation is inexistent,
therefore data sharing is
minimum

Figure 6 Maturity Card for Supplier Selection

3.2.1.3 RFXs, POs & Contracts

-

TOOL FREQUENCY

Optimization software A dedicated team daily checks B

implemented with Al

ET:PIJS scouting and data analytics
Excel
* There is no dedicated team for
* ERP analizing supplier data, therefore
* Bl applications anaysis are done when factors
* Excel such as price/leadtime and
different logistics conditions
change
* Blapps * Supplier data is analyzed only
s Excel when in critical conditions and
there is a clear urge for new
suppliers
+ No opportunities are sought
» Excel « The company never deeply

analyzes supplier data besides
price.

platforms and checks suppliers’ KPIs
Regurarly buyers perform supplier

RESOURCES

* Adedicated analyst deployes
advanced analytics for supplier
selection

* Buyers and analysts at least basic
analytics for suppliers selection

» Supplier portals are widely used.

= Resources know how to use Bl
applications and monitor
supplier performances.

= Buyers and specialists are
trained by company courses on
basic analytics

* Buyers and managers know how
to make simple calculations on
supplier data with no statistical
aid

« Basic analytics courses are
offered by company

= The company does not offer
basic courses and resources are
ot able to perform analysis on
suppliers data

This subprocess aims at assessing the role of data analytics in all the processes

between suppliers and procurement resources through the means of Robotic

Process Automation.

The pervasiveness dimension defines the range of procurement activities
reached and enabled by process automation. In a advanced scenario for instance,

resources rely on automation for a wide and sophisticated spectrum of activities
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such as OCR and sophisticated automation on double sourcing as explained in

Chapter2. Processional and basic still rely on automation although with out the

aid of AL

Advanced data integration indicates that all procurement and supply planning

resources are able to automatize processes both through local automaton in

their PCs both with a solid company’s ERP, which enables maximum visibility

on RFXs, purchase orders and contracts information. In less mature scenarios

automation is only local and not shared among procurement, engineering,

planning and finance in an automatized way.

RFXs, Purchase Orders and Contracts Automation

PERVASIVENESS DATA INTEGRATION TOOL FREQUENCY RESOURCES
« RPAs are implemented with Al: full * Procurement and Supply data about « Al software, « The automation frequency is very A dedicated digital expert is in charge
T s T (T e purchase orders, RFXs and pricing is & UiPath or similar high due to high MRP runs of deploying process automation
ADVANCED return in time savings and fully automated and visible by all * ERP » Very frequent project upscaling projects .
efficiencies. members of the oranization: supply * Excel » All PSM resources have passed a base
+ Intelligent Document Recognition chain, procurement, financne, automation course offered by the
variable sourcing, automatic RFQs engineering, tendering etc. company
. A . . Resources don't necessarily know
. . . » Data on RFQs, purchase orders and « UiPath or similar e The company have streamilined allits —
PROFESSIONAL  * Medium-high automation: RPAs Qs p ) pany R advanced RPAs functionalities
X pricing is shared among interested * ERP processes, and automation is
send automatic PO and set thout the aid of Al o Excel | I ted al £ however they are aware of the
automatic rescheduling based on resources without the aid of Al. xcel or similar implemented also in case of benefits.
- * Sometimes data is redundant incremental changes.
suppliers’ delays. « 1-2 times & year proiect upscalin + Resource manage autmated POs and
* RPAs run in company's ERP to all year proj P g automated Price lists
interested resources
BASIC » Low automation: RPAs are instaleld * Data on RFQs, purchase orders and = UiPath or similar
local to send and donwload pricing is shared only between « Excel orsimilar * The company relies on proces RESF‘UVCUES know how 10_ run very
attachments and send RFQs. procurement and finance department engineering and automation only for rudlme_nta\ aumtated activities S”Fh
* RPAs are used only internally by , not automated through company’s quickwins or very disruptive events. as sentinng RFls and download prices
procurement resources. ERP.
* The company doesn't rely or promote
POOR « Data on RFQs, purchase orders and process automation. It implements * Resources are very unprepared

Procurement data is not automated
and the company does not promaote
any process automation projects.

pricing is shared only between
procurement and finance department
, not automated through company's
ERP.

Figure 7 Maturity Card for RFXs, POs & Contracts

No automation tools process streamilining every once in a

while

and not capable of using RPAs.
+ The company does not offer any
Courses.

Advanced resources implement new process automation process few times a

year, they are aware of the importance of RPAs and they benefits on companies’

performances in terms of time savings and efficiencies.
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In this sub-process, data analytics play a vital role in setting optimal inventory
levels therefore balancing the trade-off between efficiency due to lower stocks,

confronted with different level of demand variability.

In this sub-process, the pervasiveness dimension defines how advanced data
analytics techniques are to set optimal inventory strategies and therefore the
number of consequent advantages.

The level of pervasiveness ranges from top maturity advanced in which planning
resource are able to collect both internal and external sources of data, create
training datasets and through the means of advanced analytics are capable of
setting accurate inventory levels, as explained in Chapter 2. Pervasiveness
decreases to a professional level through the Markov Chain and Covariates
exponential smoothing, to a more basic approach in which simple statistics and

calculations are performed to set inventory levels.

A advanced data integration allows visibility not only to internal stakeholders
(procurement, planning and finance) but also to suppliers, enabling practices
such as VMI strategies. Less advanced are professional and basic in which
external stakeholders are not involved or, in very rudimental cases, not even
through direct internal visibility through the means of internal data sharing

platforms.

Frequency indicates how frequent planning resources check on inventories and
consequently implement control measure through the means of the techniques
described in Chapter 2. The more frequency increases, the higher the possibility

for resources to act accordingly and increase performances.
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MATERIALS MANAGEMENT

PERVASIVENESS DATA INTEGRATION TOOL FREQUENCY RESOURCES
= All plannin resources set  Very high data integration. * ML software * A\Inveptory on critic products .« .:\data expertis in chlarge of
inventory levels through the Results are shared between * ERP are Qa|ly cr_wecked. implement advaned inventory
ADVANCED means of Machine Learnining internal and external * Bl applications * Dedicated inventory strategy for  analytics
and advanced analytics stakholders. o Excel all different criticality levels . f\” resources ha\‘.rE pagé.?d an
+ Demand is clustered according « Inventory data is shared for » Rootcause analysis inventory analytics training class
to different variability clusters CPFR and VM| strategies.
« Sophisticated formulas without * Inventory data is shared only * Inventary analysis is defined * Thereis no data expert
the optimization: multi-factor internally through company's * ERP . periodically upon pre demand employed
PROFESSIONAL weighted average + TCO platform to all interested ® Bl applicatigns classification ) = Resources know how to perform
« Supplier data encompasses at members » Excel * According to ABC routinary statistics calucations for Security
least two dimensions * All plants have internal visibility control measures are stocks and inventary levels
e Supplier data available on portal implemented.
« Very simple formulas made on * Inventory data is shared only « Blapps » Standard inventory strategies * ?:;?mu‘;;ﬁ;;|kfr;0r:“j|taf?;tcakula[e
BASIC Excel internally without particular data O B are set according to Simple ABC e stocks and invento
* Mainly the economic dimension sharing platforms. classification Ty y
considered » Data is mostly shared via-email levels. B
« The company offers training
classes.
® The company does not + The company lacks proper data N » Resources don't have the basic
POOR implement any analytics and sharing platforms and * Excel * ::slcizl;i?i’n?:::ot implement knowledge to calculate SS and
evaluations are purely techniques man):gement therefgr’e not inventory levels
judgmental * Inventory dat:a is mostly shared established control measures  * Resou_rces mainly rely on
among planning resources experience

Figure 8 Maturity Card for Materials Management

3.2.1.5 Settle, Measure & Control

The last sub-process defines the role of data analytics in analyzing and
classifying spending, aiming at taking proper counter measures if needed an
highlight savings opportunities

In this subprocess, the pervasiveness dimension assesses the analytics maturity
in terms of analytics techniques and features as mono-multi dimensional
analysis.

Pervasiveness is advanced when, as explained in Chapter2, procurement deploys
advanced clustering and data mining for the analysis. Less advanced solutions
range from multi-dimensional Pareto analysis divided by quarter, customer or

geographic area (professional) or simple mono dimensional calculations (basic).
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The level of data integration decreases from maximum share through
company’s ERP and BI applications, to simple data sharing through Excel and

e-mail.

Similarly, to other subprocesses, the frequency dimension shows how
frequency procurement resources run spending analysis with the above-

mentioned tools.

SETTLE, MEASURE & CONTROL

PERVASIVENESS DATA INTEGRATION TOOL FREQUENCY RESOURCES
+ Spending analysis and » Spending data is shared among = Data mining / clustering software * SPending analysisis aregular  + Appainted data expert
classification is done through all interested resources: plannin, = ERP acthvity ) ) * Resources are capable of analyze.
ADVANCED advanced analyties such as finance and procurement * Blapps = According to em criticalidies extract and upload spending data
data mining and clustering * ERP allows maximum visibility ~ » Excel different saving strategies * Resources know how to perform
» spending is multi dimensional « Bl applications allow data & COS team established multidimensioal spednign analysis
visualization
« Spending analysis and * Spending datais shared mostly » Spending analysis is aregular , pecaurces are capable of
pending. between procurement and ) activity analyze, extract and upload
classification is done through * Bl applications * According to item criticalities
PROFESSIONAL appointed Bl platforms finance « Excel ‘ g spending data
+ spending is multi dimensianal « ERP allows maximum visibility different saving strategies « Resources know how to perform
+ Bl applications allow data multidimensioal spednign
visualization analysis
R k t least
» Spending analysis and « Data is shared amang » ERP » Spending analysis is done ' :::s;;in:m; Se:im
BASIC classification throguh simple departments although without » Excel sporadically (trimestral analysic o "
ABC analysis the aid of data shaing platforms i ¥s )
mestings) + The company offers training
= Spending is manodimensional * Data is shared mainly through » Buyers don't perform structured
Excel savings actions
* Resources are not capable of
* The company does not * Data is not shared in a ' . running spending analysis in a
POOR implement any analytics and formalized way * Bxcel ) ?gﬁ::;:z;nalym fs not structured way
evaluations are purely » Spending is collected and + Buyers don't perform structured * The company doesn't offer basic
Jjudgmental analyzed via Excel savings actions training
Figure 9 Maturity Card for Settle, Measure & Control
3.2.2 Maturity Level Evaluation

The previous paragraph introduced the Maturity Framework by defining four

maturity level: poor, basic, professional and advanced.

To better define a maturity level, five dimensions have been introduced:

pervasiveness, data integration, tool, frequency and resources.
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The second half of the meeting with the data analyst consultant revolved

around the more quantitative part of the work: the PSM maturity evaluation.

It was decided not to over-complicate the maturity evaluation since this work is

primarily qualitative, therefore the applied method is quite simple.

For each sub-process it was created a questionnaire, made out of 11-14 multiple
choice questions. Two or more multiple choices were assigned for each
dimension in each of the five sub-processes.

Each question has four possible choices, and each choice was assigned a score

from 1 to 4 reflecting four possible maturity levels.

The four possible answers were formulated so that each one reflected a
particular maturity level. The resource doesn’t know neither the dimension the
question refers to, neither the score of each of the four possible choices.
Therefore, by filling the questionnaire, the resource would implicitly reflect its
maturity profile.

An Example provided below, the full questionnaire form is available in the

Annex:

Example: Supplier Selection (Pervasiveness)

Q1: When evaluating suppliers which is the reasoning you would apply?

“Yes, price is very important although I should also pay attention to its flexibility in
uncertain environments, and the capability to keep improving performances in the long
term” (3pt)

“Well, 1 only care about the amount of money the supplier is asking, the lower the unit
price, the better it is” (1pt)

“The economic impact of the supplier on my company’s performances is the main aspect

to evaluate, considering possible variations in lead-time. MoQs and IncoTerm” (2 pt)
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d.

“When we deal with new suppliers I always take into account not only the financial
conditions of the offer, but the supplier’s maturity in terms of sustainability and care

about the conditions of its workforce”(4pt)

Q2: When analyzing suppliers” performances and offers, which are the
attributes that you consider in making the evaluation?

Only the price (1pt)

Price, Lead Time, Minimum Order Quantity, IncoTerm conditions (2pt)

On Time Delivery, Quality, CO2 emissions, Reusability, ability to innovate (3pt)
“b” and “c” (4pt)

Now, supposing that the resources answered “c” and “b” respectively to the
first and second question, the result would be a score of 2 and 2, with an
average of 2, reflecting a basic maturity level for the pervasiveness dimension in

the sub-process of Supplier Selection.

The same reasoning is applied for each dimension for each sub-process.

For simplicity it has been decided to keep the same weight for each dimension,
giving the same importance to pervasiveness, data integration, tool, frequency

and resource.

Therefore, data analytics maturity is each sub process is a simple average of the
scores of each dimension, and each dimension is an average of the scores of the

multiple-choice questions.

The overall Procurement and Supply Management Process Data Analytics
Maturity is computed as a weighted average of each of the five sub-processes

by which it has been defined in literature.
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The consultant pointed out that this kind of evaluation allows a two-level
reasoning approach: given the overall maturity level of the PSM process it is

possible to check which sub-process is weaker and which is more advanced.

Once the weakest subprocesses are identified, resources my further investigate
and see which dimension is lagging behind in analytics: does the company
provide sufficient tools for data analytics? Are resources capable of dealing
with large volumes of data and make good use of company’s tools? Is data
analytics a driving force for the organization? Are resources allowed to access

the same data at the source without duplication and redundant activities?

In this model dimensions and subprocesses were assigned the same weights,
however depending on the company’s structure and strategy, different

importance ranges can be given.

After having defined the overall structure of the Framework and the relative
questions, the model was sent to KEKAO s.r.], a consulting firm in the field of
Operations and Data Analytics, for further feedbacks and insights.

In particular, Andrea Ferri, Head of Consulting, provided some suggestions.

After the meeting, some questions were adjusted to increase their effectiveness.

Moreover, the consultant pointed out possible insightful extensions and
variations of the model, which will be discussed in the last chapter: directions

for future research.
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Schneider Electric SE is a French multinational company, world leader in the
manufacturing of electric components and software: it provides digital
solutions for efficient energy management, automation and sustainability.

The company was founded in 1836 by two brothers, and it moved from a focus
on steel and industrial products, to electricity and energy, after the acquisition
of Merlin Gerin 1975. Now it is active in more than 110 countries around the
world, employing 140.000 people with global yearly revenues of 29 billion

dollars.

This chapter aims at validating the Maturity framework defined in chapter 3 in
Schneider Electric S.p.A. The scope of the analysis will be on the manufacturing
plant in Stezzano (Bergamo Province, Italy): the headquarter of SE in Italy and
one of the biggest production sites in Europe.

Among the variety of products, SE Stezzano’s manufacturing site operates in
two divisions: low voltage and medium voltage.

The low voltage division produces switches, switchboards, push buttons and

pilot lights. Below are shown the most iconic items:

60



Figure 10 Example of low voltage switches

The low voltage site has an injection moulding department for plastic materials

and multiple lines dedicated to assembly activities.

The medium voltage division focuses mostly on the assembly of medium

voltage switchgears. Below are shown the most iconic items:

"olR

Figure 11 Example of medium voltage switchgear
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Schneider Electric strongly relies on outsourcing. The company is proper of
only two manufacturing processes: injection moulding of plastic materials for
the low-voltage division, and resins production for medium-voltage
switchgear. Therefore, the plant purchases the majority of the low strategic
components from a variety of different suppliers around the world, while

focusing on assembly and manufacturing of critic items.

The low voltage division follows a lean-supply chain in a MTS environment:
production volumes are quite stable and procurement ensures a continuous
flow of materials and components based on forecasts.

The medium voltage division instead follows a risk-hedging supply chain in a
MTO environment: products are very customized, and manufacturing starts
only upon customer requests. Given the very high complexity of the medium
voltage products, the bill of materials (BoMs) for a medium voltage switchgear
can count up to 800 components, ranging from carpentry, cables and electric

items.

Procurement strongly relies on risk-hedging strategies through double, or even

multiple sourcing supporting the manufacturing site in respecting customer

deadlines.

For the validation process, the five questionnaires were sent to different
resources in Schneider Electric.

Given the organizational structure of the company, the five sub-processes
involved two different teams: procurement and supply chain planning. The
underlying idea was to involve both figures with an operative role and ones

with a managerial role. Therefore, for each of the five questionnaires, the first
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question aimed at assessing whether a resource was a director, a manager or
operative.
For the procurement team it was picked one director, two managers and some

operative resources.

From procurement, questionnaires were sent to 4 buyers, one procurement
managere and the Operations Procurement Director.

Buyers play a vital operative role: they are the interface between the supplier
base and the different manufacturing plants. Usually, they are assigned to a
certain commodity, and they are in charge of managing all the request for
quotations coming from the plants, negotiate with suppliers and provide
savings. In this study, the buyers under consideration were the ones in close

contact with the manufacturing plant in Bergamo.

Procurement managers instead, are not in direct contact with the suppliers, they
manage the work done by the different buyers and coordinate all the
procurement activities in the manufacturing plant, thus ensuring a continuous

flow of materials needed for production.

The Operations Procurement Director in Schneider Electric is a corporate figure
which coordinates the procurement managers of all the manufacturing plants in

Europe. Its role is to drive the corporate strategy from global to local level.

For the Supply Planning team, questionnaires were sent only to three flow
managers. Flow managers instead coordinate all the flow analysts, managing
more strategic tasks, such as defining long term forecasts, inventory and
distributions strategies. In Schneider Electric there is one for the upstream and
one for the downstream part of the supply chain, managing suppliers and

customers respectively.
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4.3 Results and Discussion

PooR | osc | eroressiona ADVANGED

NEED IDENTIFICATON&

fORECAST 70

SUPPLIER SELECTION & 2o
RFXs, POs & CONTRATS a 76
MATERIALS MANAGEMENT 0 28
SETTLE, MEASURE & a
CONTROL 81

Figure 12 PSM Maturity Results divided by Sub-process

Results from the questionnaires show that Schneider Electric scored advanced
in four processes out of five, in particular supplier selection, RFXs POs and
Contracts, Materials Management and Settle Measure & Control. Need
Identification & Forecasts scored professional instead. Results have been
translated into a 100 scale to make more visual and clear comparisons.

Overall results are very good, Schneider Electric is a competitive and solid

company investing large capitals in data analytics.
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The first sub-process, Need Identification & Forecasts, is the one that according

to the survey resulted to be the less mature, with an overall score of 70.

NEED IDENTIFICATION & FORECAST

ADVANCED

PERVASIVENESS 675
DATA INTEGRATION a 50

TOOL g 100
FREQUENCY a 62

RESOURCES 62

Figure 13 Maturity Card Results for “Need Identification & Forecasts

For the pervasiveness dimension, all members of the planning team do not rely
on advanced analytics to run forecasts. However, they rely on classic statistics
although considering a wide spectrum of input data which have a direct and
indirect influence on forecasts. The planning teams are able to cluster products’

variability and apply different strategies accordingly.

In Stezzano Plant, between 70-90% of the total turnover is covered by forecasts,
hitting the accuracy targets between 6 to 10 months / year. Good results with

however still areas of improvement.
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What is interesting is the gap between the level of data integration (2),
resources (2.5) and tool (4).

The company provides a very sophisticated BI platform called Kinaxis, which
enables to generate and share production data not only to the Plant in Stezzano,
but also to all the other plants in Europe. Such platform gives full visibility to
planning people on data, divided by product line, production plant and other

multiple variables.

However, forecasts are not directly uploaded on the company’s SAP and the
planning team does not easily share and provide the forecasts to other
departments, such as procurement and finance in a transparent way: often
times if a procurement resource needs forecasts, he/she has to directly ask the
planning team.

There is not enough direct visibility between the identification of production
needs and procurement because the latter doesn’t have direct access to the data

sharing platform.

At global level, Schneider Electric Group provides workshops and very
sophisticated analytics tools, however the adoption rate by resources is
relatively low, and resources are not very skilled with data analytics, which

explain the 62 for the resource dimension.
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Supplier Selection scored a 79, displaying a advanced maturity profile. The
highest scores belong to the pervasiveness (85) and frequency (88) dimension,

while the lowest is resources (60).

SUPPLIER SELECTION

ADVANCED

PERVASIVENESS g 85

DATA INTEGRATION 0
ToOL g 8

FREQUENCY

RESOURCES g 79

Figure 14 Maturity Card results for “Supplier Selection”

Procurement resources rely on many data sources: some strictly economic-
related such as price, quality and logistic conditions, while some others related
to social and sustainability topics, considering all three dimensions of the Triple
Bottom Line, thus scoring professional in pervasiveness. As indicated in the
maturity card, resources mainly make evaluations based on formulas like the

weighted average and the Total Cost of Ownership.

81

0

987
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However, areas of improvement stand in the implementation of more
sophisticated optimization models such the AHP-PGP or the DEA considering
many objective functions and setting different priorities when making the
evaluations, as shown in Chapter 2. Literature also gives the possibility to
define a data expert capable of implementing the above-mentioned models with

neural networks and fuzzy logic.

This is nevertheless an open issue. The Plant Procurement Manager argued that
most of the times procurement resources deal with spot sourcing, in very
dynamic environments, which don’t always allow to make accurate supplier
evaluations, thus considering only the most impacting economic metrics. When
the company instead engages in more strategic partnership, different data

sources and more accurate analytics is usually implemented al global level.

Frequency is also high due to daily checks on supplier data: the company
established a COS team (Change of Suppliers) dedicated to performance
monitoring and change of suppliers.

All suppliers” data is available on a platform called “Supplier Portal” which
allows different procurement resources to have an updated view on the
economic, environmental and social KPIs of its supply base. Trends on
suppliers’ data are easily identified, allowing procurement resources to plan
alternative scenarios. Therefore, the level of data integration is very high.
Moreover, all the economic metric on supplier’s data is constantly updated on
SAP, so all interested resources can download data and make analysis at any
time.

The relatively lower performance of the resource dimension is due to the fact
that in Schneider Electric, the operational figures such as buyers and specialists

are the ones in close contact with suppliers, and they are the ones that deploy
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analytics to make evaluations. Therefore, they are the ones more skilled in
analyzing suppliers” data and they are the ones with the highest adoption rate,
while procurement managers are less mature in terms of analytics.

To this extent, in the last question of the questionnaire, managerial resources
answered that they would like to improve their knowledge for supplier

selection through analytics.

Regarding the sub process RFXs, POs & Contracts, the overall score is advanced
as well, with an overall score of 76. Tool, frequency and resources all scored 75.
The company adopts a very sophisticated SAP ERP which allows the maximum

visibility on purchase orders and RFX data, which is continuously updated.

RFXs, POs & Contracts

ADVANCED
PERVASIVENESS g 57

DATA INTEGRATION g 100
TOOL a =
FREQUENCY a 75

RESOURCES g 76

Figure 15 Maturity Card results for “RFXs, POs & Contracts”

69



Pervasiveness scored 58, depicting a gap compared to the other dimension.
Some ERP modules allow process automation: RPAs are able to perform checks
on inventory levels and generate request for purchase. Routinary purchase
orders are automatically sent and in case of fixed quota double sourcing, RPAs

are able to split volumes and send POs.

However, more advanced automation could be implemented by the means of
artificial intelligence. For example, OCR can be done for RFI and financial
statements screening. Bots could individualize price trends and delays and
suggest how two switch from one supplier to another in case of double

sourcing.

The level of data integration is 100 because bots run in Schneider ERP system
allowing maximum visibility to Planning, Procurement and Finance. Whenever
an interested party needs to visualize data on quotations, price lists, order
status and inventory levels can go on SAP and find all the data.

Overall, the resources and frequency dimension scored professional due to
different ramp-up process automation projects the company undergoes each

year and thanks to very skilled digital resources behind it.
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The fourth sub-process, related to materials management, scored an overall 78,

however it is the one who displayed critical gaps.

MATERIALS MANAGEMENT

ADVANCED

PERVASIVENESS g 67
2
DATA INTEGRATION

TOOL & 88
FREQUENCY g 100
RESOURCES g 63

Figure 16 Maturity Card results for “Materials Management”

The level of pervasiveness is good (66) but not advanced: planning resources
rely on statistics and inventory decisions consider the level of variability of the
lead-time and demand. At global level however, the company offers advanced
algorithms based on machine learning with very short data loading times, on
time results rollouts, data quality checks and support.

Planning resources cluster variability both on demand and supplier side, thus
analyzing the main statistical data and apply inventory decisions accordingly.
In Schneider Electric, inventory management is taken very seriously: stock
levels constitute one of the main KPIs upon which plants are evaluated.
Frequency is very high (100) due to daily/weekly meetings among planning

resources, routinary inventory checks and root cause analysis implementation.
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Nevertheless, resources rely mostly on experience in the field, constant
meetings and effort, without relying on the very advanced analytics offered at
global level, explaining the gap between the dimension tool (88) and resources

(62).

Very good are also the results of the Settle, measure & Control, which scored an

average of 81.

SETTLE, MEASURE & CONTROL

ADVANCED

PERVASIVENESS 667
DATA INTEGRATION &94

TOOL &88
FREQUENCY & 100
RESOURCES a 81

Figure 17 Maturity Card results for "Settle, Measure & Control”

The highest scores belong on the frequency and data integration dimensions,
scores of 100 and 93 respectively.

As far as frequency, procurement managers and the finance team work closely
and daily check procurement spending. Weekly meeting between Procurement
and finance are regularly run in order to find possible savings opportunities

and to plan future procurement strategies.

The level of data integration is also high: Schneider Electric relies on a solid

ERP (SAP), therefore spending data is always available and shared among all
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interested parties.

Lower are the scores belonging to pervasiveness and resources, reflecting a 69
and 66 respectively: despite the clear effort in monitoring spending to save on
procurement expenditures, spending analytics is mostly mono-dimensional and
it is mainly done by the means of Excel Charts and pivot tables. There is an
evident gap between resources, which scores basic, and tools which scored
professional: Schneider Electric offers multiple BI and analytics to run accurate
spending analysis such as Prism and Tableau, although resources” adoption rate
is relatively low.

Schneider Electric could consider the possibility to implement advanced
analytics such as clustering and data mining to effectively classify spending and
propose saving opportunities. Moreover, procurement resources could rely

more on Bl applications for spending analysis and classification.

In conclusions, overall results are satisfying, and it can be stated that Schneider

Electric is mature in data analytics.

The company promotes sophisticated techniques and tools which enable
procurement and supply chain resources to perform analytical reasoning on
data, to the benefits of company’s performances.

What could be implemented however is instead the adoption rate by resources
and their data analytics skills. The company could offer training classes and
should push to a more pervasive approach, so that all procurement and supply

chain people can fully exploit the potential of procurement data.

73



In the first part of this study, a research by Sanders (2016) highlighted the
research gap underneath the lags of data analytics in the Procurement and
Supply Management field, if compared to other supply chain functions, such as
manufacturing, sales and marketing.

Nevertheless, many are the scholars arguing about the potential benefits of data
analytics in such function.

This work first aimed at understanding how data analytics can improve PSM
performances. Then, it moved forward by developing a Data Analytics
Maturity Framework so that companies may assess their analytics strengths and
therefore identify areas of improvement.

The study by Monczka et. al (2015) was used to shape the PSM process, thus
clustering it into five main sub-processes: Need Identification & Forecasts,
Supplier Selection, RFXs POs and Contracts, Materials Management and finally
Settle Measure & Control: each serving a specific purpose in the procurement
domain.

Then, through the means of a literature background, it was possible to define
one or more state-of-the-art analytics models for each of the five processes,
explaining how they can improve procurement performances, by also being

compared to other techniques proposed by different authors.

The process Need Identification & Forecasts defines the set of activities related
to forecast production plans thus translate them into purchasing requirements.
Here, classical statistics such as the exponential smoothing, regressions and the

Markov Chain can be very effective when running forecasts. Regressions might
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also be implemented by machine learning algorithms and artificial intelligence
able to process large volumes of input data leading to more accurate forecasts.
Mathematical Optimization Models such as the Analytical Hierarchy Process
and the Data Envelopment Analysis provide procurement resources support
when dealing with the supplier selection dilemma, by considering multiple
objective functions and constraints. Such models can be implemented with
tuzzy logic and neural networks.

All the activities related to sending RFQs, collecting pricing information,
downloading attachments, launching purchase orders, check inventory levels

and, more in general, all the routinary procurement activities between the

company and its suppliers are clustered into the RFX, POs, & Contracts process.

Here, the literature shows how advanced AI-RPAs can be implemented to
automatize, speed up and provide insightful suggestions when dealing with
procurement data, thus leading to marked efficiencies and time savings.

Data analytics is also effective when making inventory strategies: here machine
learning algorithms such as the Kernel Regression and the Random Forests are
able to predict and estimate a probability distribution for demand through a
training data set and therefore suggest how to set inventory and safety stocks.
Lastly, scholars argue how techniques such as data mining and clustering can
be suitable for spending analysis and portfolio optimization. Instead of
manually dealing with large volumes of references numbers and materials,
advanced analytics is able to visualize and cluster data and therefore

highlighting potential saving opportunities.

In the second half of the study, it was arranged a meeting with a consultant in
which it was developed a maturity framework, then was validated in Schneider
Electric S.p.A.

This Maturity Framework results very useful for companies in order to assess
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their data analytics skills, highlighting how close they are with respect to the
state-of-the-art scenario depicted in Chapter 2, thus showing areas of

improvement.

This work ends by providing possible evolutions or insights on PSM data
analytics and the maturity framework.

When introducing the Maturity Framework in chapter 3, it was assumed that all

the five dimensions had the same weight, meaning the same importance. But what

about different assumption?

It has been demonstrated that data analytics plays a vital role in modern supply
chains. Therefore, through literature it has been demonstrated that there is a
positive correlation between supply chain performances and investments in

data analytics.

A first interesting insight could be analyzing the level of correlation between
companies’ business performance and the score resulting from the
questionnaires. It could be useful to gather a sample of similar companies and
measure the level of correlation between, for example, inventory or spending
performances and their respective scores in the Materials Management and
Settle, Measure & Control Performances. In doing so, it would be possible to
assign more significative weights to the five dimension therefore making more

accurate maturity assumptions.
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Moreover, analysts can also perform a bi-dimensional benchmark, by observing
how data analytics maturity profiles change through time among different

company.

Analyst can gather a sample of competitors, assess their analytics maturity and

see how it evolves through months or years.

Data analytics Maturity @
A

COMPANY B

COMPANY B I @
I @ COMPANY B COMPANY B

Time

Figure 18 Maturity Benchmark with competitors
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APPENDIX

NEED IDENTIFICATION & FORECASTS

(Specificity)

1. Which of the following situations is the most aligned to the way you make
forecasts?

a. We make forecasts purely based on our judgmental experience (1pt)

b. Our forecasts are based on advanced analytics such as machine learning
algorithms and data mining. (4pt)

c. We make forecasts without advanced analytics (data mining / Artificial
intelligence machine learning), however we consider a multitude of statistical
external factors which might influence our forecasts. (3pt)

d. We make forecasts with very rudimental statistics: moving average / sequential

sampling etc.. (2pt)
(Specificity)

2. When planning materials and forecasts your % coverage is (on average)
a. 0-50 % total turnover (1pt)

b. 50-70 % total turnover (2pt)

c. 70-90 % total turnover (3pt)

d. 90-100 % total turnover (4pt)

e. Idon’t know
(specificity)

3. How often do you reach your forecast accuracy targets?
a. We never reach our accuracy target (1pt)
b. Less than 6 months out of 12 (2pt)

c. Between 6 and 10 months out of 12 (3pt)

86



. More than 10 months out of 12 (4pt)

. Idon’t know

(data integration)

. Data gathered from forecasts is shared:

. Between both internal stakeholders (i.e SC, Procurement, Finance) and external
stakeholders (i.e suppliers) (4pt)

. Only among Supply Chain Planning teams (1pt)

. Among Supply Chain Planning teams and Procurement (2pt)

. All interested internal stakeholders (i.e SC, Procurement, Finance) but not

external (3pt)
(data integration)

. Which of the following is the more aligned to you reasoning?

. When we run forecasts we save them on Excel Files (or similar) locally. If
needed we share them via e-mail. (2pt)

. When we run forecasts we upload data on BI Platforms and the company” ERP
so that all interested people can visualize it. (3pt)

. At global level we have shared platforms such as Kinaxis (or similar) which

enables all plants in the world to make forecasts and visualize them. (4pt)

(tools)

. Which tools do you use plan forecasts?
. Excel Sheets or similar (2pt)

. Appointed forecasts applications such as Kinaxis or similar (3pt)
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. Appointed forecasts applications such as Kinaxis or similar + Machine Learning
/ Data Mining software (4pt)

. None of the above (1pt)
(tools)

. Do you think the demand forecasting tools implemented in your company are:
. Very insufficient with respect to what I need to do my job at the best

. Useful although to do my job best I need to ask managers to download and
provide me better tools. (2pt)

. Inline with my needs to do my job at the best (3pt)

. Very advanced, sometimes even over whelming (4pt)
(tools)

. Sometimes when working in a multinational company, at global level firms
provide very effective and sophisticated tools, which however not always are
used al local/plant level, do you agree?

. No, I don’t agree, in my company we always use all the tools proposed at global
level. (4pt)

. I agree, sometimes it could happen that some tools are not considered. (3pt)

. T'agree, often much tools are not known and used at local level. (2pt)

. Itotally agree, in my company nobody uses tools proposed at global level. (1pt)
(Frequency)

. Inyour company...

. There is no planned forecasting horizon and no fixed routinary control
measures implemented. (1pt)

. The forecasting horizon is less than 12 months. (2pt)

Forecast horizon up to 18 months. (3pt)
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10.

11.

N

12.

a.

Forecast planning horizon exceeds 24 months (4pt)
(frequency)

Which of the following alternative is the one that best describes you analytics

contorlWhen measure?

The supply chain Planning team defines trimestral validation meetings to verify

the accuracy of forecasts. (2pt)

The supply chain planning team defines monthly validation meetings to verify
the accuracy of forecasts. Root cause analysis is also implemented. (3pt)

The supply chain planning team defines monthly validation meetings to verify
the accuracy of forecasts, root cause analysis and daily KPI checks are
implemented. (4pt)

Supply chain teams usually don’t accurately control forecasts (1pt)

(resources)

On a scale from 1 to 4, how satisfied are you with demand forecasting tools
your company provided you?

Very frustrated and unsatisfied (1pt)

Could be better (2pt)

Satistied (3pt)

Very satisfied (4pt)

(resources)

On a scale from 1 to 4 how skilled you think you are at forecasting demand? (1

means very low, 4 means always updated on new tools and techniques)

1 (1pt)
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b. 2 (2pt)
c. 3 (3pt)
d. 4 (4pt)

13. If you had to choose an improvement what would you do?

a. Improve your knowledge about demand forecasting analytics.

b. Check and monitor demand more often through analytics.

c. Make sure that demand data is always available to all the interested internal /
external stakeholders.

d. Ask for more sophisticated and effective tools to run demand forecast

e. Make sure that data analytics is more pervasive and aligned to the overall

company’s mission/strategy

SUPPLIER SELECTION
(specificity)

1. When analyzing suppliers’ performances and offers, which are the attributes

that you consider in making the evaluation?

90



. Only the price (1pt)

. Price, Lead Time, Minimum Order Quantity, IncoTerm conditions (2pt)

On Time Delivery, Quality, CO2 emissions, Reusability, ability to innovate (3pt)
. “b” and “c” (4pt)

(specificity)

. When selecting new suppliers, or when evaluating existing ones, which are the
dimensions on which you focus more?

. Economic Perspective (2pt)

. Economic and Environmental perspective (3pt)

Economic, Social and Environmental Perspective (4pt)

. None (1pt)
(specificity)

. When evaluating supplier performances, which of the following alternatives
represents the most your analytical reasoning?

. Mathematical Optimization Models with objective functions and constraints
(with the help of simple software) (3pt)

. Weighted average of unit price, lead time, Minimum order quantity and Inco
Term (2pt)

Unitary price * Volumes (1pt)

. Mathematical Optimization models implemented with Artificial Intelligence

(Fuzzy Logic, Neural Networks) (4pt)
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(data integration)

. When dealing with Procurement data (volumes, prices, supplier performances,
reports etc..) you:

. Store it in local sheets such as Excel, Google Sheets, Numbers (or similar) and
share via-invitation to other colleagues + company’s ERP (if authorized) (4pt)

. Hand write it on paper and pass it to other colleagues (1pt)

Only share it via-email (2pt)

. Inlocal sheets such as Excel, Google Sheets, Numbers (or similar) that I share

via-invitation to other colleagues. (3pt)
(data integration)

. Of a scale from 1 to 4, how often you can’t get the data you need on the right

time? (1, it is a nightmare; 4 data is always available on time without hesitation)

1

= W N

(specificity)

. When evaluating suppliers which is the reasoning you would apply?

. “Yes, price is very important although I should also pay attention to its
flexibility in uncertain environments, and the capability to keep improving
performances in the long term” (3pt)

. “Well, I only care about the amount of money the supplier is asking, the lower
the unit price, the better it is” (1pt)

The economic impact of the supplier on my company’s performances is the
main aspect to evaluate, considering possible variations in lead-time, MoQs and

IncoTerm” (2pt)
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. “When we deal with new suppliers I always take into account not only the
tinancial conditions of the offer, but the supplier’s maturity in terms of

sustainability and care about the conditions of its workforce” (4pt)

(tools)

. What are the main tools you use when making suppliers evaluations?

. Simple manual calculators (1pt)

. ERP + Artificial Intelligence algorithms supported by calculations softwares
(4pt)

Excel (or similar) (2pt)

. Excel (or similar) for calculations and BI applications for visualization and

analysis (3pt)

(frequency)

. Which reasoning do you apply the most?

. “Iusually never look for new suppliers, unless they go out of business”. (1pt)
. “I'm always monitoring supplier performances by checking the company’s
supplier portal and taking proper counter measures if needed” (4pt)

“I check performance as much as possible to stay updated, although my
company lacks a proper platform showing updated suppliers” data” (3pt)

. “I believe that monitoring suppliers is necessary only if price increases too

much” (2pt)
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10.

11.

(frequency)

In your company you perform analysis on suppliers” performances...
Never, we don’t believe it is useful (1pt)

Less than once every 6 months (2pt)

Between 3 and 6 months (3pt)

There’s a dedicated team in charge of managing COS actions (change of

suppliers and evaluation). (4pt)

(resources)

On a scale from 1 to 4 how skilled you think you are in analyzing supplier data
to monitor performances and select new ones? (1 means very low, 4 means

always updated on new tools and techniques)

1

= W N

(tool)

Do you think the SRM (Supplier Relationship Management) tools implemented
In your company are:

Very insufficient with respect to what I need to do my job at the best (1pt)
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12.

13.

Useful although to do my job best I need to ask managers to download and
provide me better tools (2pt)
In line with my needs to do my job at the best (3pt)

Very advanced sometimes even overwhelming (4pt)

(tool)

Sometimes when working in a multinational company, at global levels the firm
provides very effective and sophisticated tools, which however not always are
used al local/plant level, do you agree?

No, I don’t agree, in my company we always use all the tools proposed at global
level. (4pt)

I agree, sometimes it could happen that some tools are not considered. (3pt)

I agree, often much tools are not known and used at local level. (2pt)

I totally agree, in my company nobody uses tools proposed at global level. (1pt)

(resources)

On a scale from 1 to 4, how satisfied are you with the SRM (Supplier
Relationship Management) tools your company provided you?

Very frustrated and unsatisfied (1pt)

Could be better (2pt)

Satisfied (3pt)

Very satistied (4pt)
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14. If you had to choose an improvement what would you do?

a. Improve your knowledge about Supplier Selection through analytics.

b. Check and monitor supplier data more often through analytics.

c. Make sure that suppliers data is always available to all the interested internal /
external stakeholders.

d. Ask for more sophisticated and effective tools to run suppliers performance
assessment.

e. Make sure that supplier analytics is more pervasive and aligned to the overall

company’s mission/strategy

RFXs, POs & CONTRACTS
(specificity)

1. How would you assess the level of automation in managing RFXs and POs
(PSM tasks)?

a. Automated with Al, therefore only critical/strategic tasks require human
intervention. (4pt)

b. Some PSM tasks are automated, at a local/individual level.
(sending/downloading specs and attachments on the computers). (2pt)

c. No automation, every tasks in procurement and supply chain is manually-
executed. (1pt)

d. Some PSM tasks are automated and integrated with the company’s ERP (i.e

triggering/re-scheduling purchase orders, updating price lists..) (3pt)

(Specificity)
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. In managing RFXs and POs...

. An RPA gathers data needed to launch RFQs (reference numbers, price, MoQs
ecc) from ERP/pricelists and creates and Excel Table and thus formatting an
RFQ (3pt)

. “I download from the ERP/pricelists data needed for RFQ and manually send
all the RFQs to different suppliers” (1pt)

“I download from the ERP/pricelists data needed for RFQ and an RPA on my
computer automatically sends them to suppliers” (2pt)

Data gathered before creating an RFQ has been analyzed by Al software which
identified price trends, therefore it suggests me the more convenient choices

before automatically send RFQs” (4pt)
(specificity)

. In dealing with double sourcing between A and B..

. Quota is fixed among A and B, volumes are manually split into purchase orders
and manually sent to the two suppliers. (1pt)

. Quota is fixed among A and B on, bots automatically split the volumes and
automatically send POs. (2pt)

Quota is variable according to pre-defined conditions (variations in quality,
price, exogenous variables), an Al-software can analyze variables trends and

suggests how to change the quota. (4pt)
(tools)

. What are the tools used in your company for Process Automation?
. UiPath / Automation Everywhere (or similar) (2pt)

. UiPath / Automation Everywhere (or similar) + ERP modules (3pt)
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. We only analyze processes with classic BPMN (Business Process
Mananagement Notion) (1pt)

. UiPath / Automation Everywhere + ERP modules + Al software (4pt)

(tools)

. Do you think the Process Automation tools implemented in your company are:
. Very insufficient with respect to what I need to do my job at the best (1pt)

. Useful although to do my job best I need to ask managers to download and
provide me better tools (2pt)

. Inline with my needs to do my job at the best (3pt)

. Very advanced, sometimes even overwhelming (4pt)

. Sometimes when working in a multinational company, at global levels the firm
provides very effective and sophisticated tools, which however not always are
used al local/plant level, do you agree?

. No, I don’t agree, in my company we always use all the tools proposed at global
level. (4pt)

. I agree, sometimes it could happen that some tools are not considered. (3pt)

. Tagree, often much tools are not known and used at local level. (2pt)

. Itotally agree, in my company nobody uses tools proposed at lobal level. (1pt)

(data integration)

. Data related to quotations, orders, contracts and spending...
. Is shared and visible only by procurement resources (1pt)

. Is shared among procurement and supply chain planning teams (2pt)
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10.

Is shared among procurement, supply chain planning and finance teams (3pt)
Is shared through an ERP Informative System allowing real time and complete

visibility to all authorized members. (4pt)
(data integration)

Of a scale from 1 to 4, how often you encounter a bottleneck because of lack of
availability of data? (1 =it is a nightmare; 4 = data is always available on time
without hesitation)

1

=~ W N

(frequency)

Approximately, how often does you company either implements new RPAs or
improves exiting ones through project upscaling?

Never (1pt)

Once a year (2pt)

Few times a year (3pt)

Regularly (4pt)
(frequency)

In your company you perform analysis on PSM processes...

Never, we don’t believe it is useful (1pt)

Only when we face a disruptive innovation that radically modifies current
processes. (2pt)

Even in case of incremental innovations, processes are analyzed, streamlined
and improved by the means of automation. (3pt)

There’s a dedicated team in charge of managing Process-Engineering. (4pt)
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(resources)

11. On a scale from 1 to 4, how satisfied are you with the Process Automation tools
your company provided you?

a. Very frustrated and unsatisfied (1pt)

b. Could be better (2pt)

c. Satisfied (3pt)

d. Very satisfied (4pt)

(resources)

12. On a scale from 1 to 4 how skilled you think you are at solving bottleneck and
therefore make process improvements? (1 means very low, 4 means always

updated on new tools and techniques)

a. 1
b. 2
c. 3
d. 4

13. If you had to choose an improvement, what would you do?

a. Improve your knowledge about Process Automation

b. Rely more often on Automation to do routinary activities.

c. Make sure that data about RFXs and POs is always available to all the interested
internal / external stakeholders.

d. Ask for more sophisticated and effective tools to implement Process

Automation.
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. Make sure that Process Automation is more pervasive and aligned to the

overall company’s mission/strategy.

MATERIALS MANAGEMENT
(specificity)

. Which of the following statements is the most representative of the way your
company manages inventory?

. My company doesn’t have a data-based inventory strategy. Decisions are
mainly judgmental and based on our experience in the field. (1pt)

. When setting inventory levels, we usually rely on statistics: including
variability in the lead-time from suppliers and demand variability from

customers. (3pt)

When setting inventory levels, we use simple formulas without statistical aid.

(2pt)
. When setting inventory levels, we adopt advanced analytics such as machine

learning algorithms capable of developing training data sets and forecast

inventory levels. (4pt)
(specificity)

. Which of the following statement reflects your reasoning?

. “We believe that customers” demand variability has nothing to do with our

inventory decisions because it is a source of risk located at the end of the supply

chain, therefore it does not bother us”. (1pt)
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b.

“We believe that in order to be effective in making our inventory management
decision it is necessary to segment only customer demand according to its
variability and apply different inventory decisions accordingly”. (2pt)

“We believe that in order to optimize inventory levels it is necessary to consider
and cluster demand variability both from suppliers and customer by analyzing
the main statistical parameters, segment the demand and apply different
inventory decisions accordingly” (3pt)

“We believe that in order to optimize inventory levels it is necessary to consider
and cluster demand fluctuations both from customers and suppliers, analyze
the main statistical parameters by the means of advanced analytics algorithms

and apply inventory decisions accordingly”. (4pt)

(specificity)

If you were given the following equations, which one would you use to
calculate the optimal inventory level?

Our analysis usually is just judgmental (1pt)

Inventory Level = (maximum lead time — average lead time) * average demand
(2pt)

SS = p (safety factor) * SLT * Averga demand + Average Demand * LT (3pt)

D = Estimated Demand Distribution + Residual Error (4pt)

Demand distribution estimated with a sample data set:

(T=1{Di,Xi},i = 1...n)

(data integration)
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. Data about inventories..

. is shared only among SC-planning resources. (1pt)

. is shared between the sc-planning team, procurement and finance either via e-
mail or via platforms such as Excel, Google Sheets or similar. (2pt)

is shared among all interested resources in the organization and continuously
updated on company’ s ERP. Moreover, dedicated BI applications are used for
detailed inventory data visualization. (3pt)

. is shared not only among resources inside the organization (supply chain
planning, procurement, finance), but also to external stakeholders aiming at

reducing variability and reduce stock levels. (4pt)
(data integration)

Of a scale from 1 to 4, how often you can’t get the inventory data you need on
the right time? (1, it is a nightmare; 4 data is always available on time without

hesitation)

1

=~ W N

(tool)

. Sometimes when working in a multinational company, at global levels the firm
provides very effective and sophisticated tools, which however not always are
used al local/plant level, do you agree?

. No, I don’t agree, in my company we always use all the tools proposed at global
level. (4pt)

. Iagree, sometimes it could happen that some tools are not considered. (3pt)

I agree, often much tools are not known and used at local level. (2pt)
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. I totally agree, in my company nobody uses tools proposed at lobal level. (1pt)
(tool)

. Among the following choices, which are the tools that better represents the ones
used in your company for inventory management?

. Microsoft Excel, Google sheets, numbers (or similar) (1pt)

. Microsoft Excel, Google Sheet, Numbers (or similar) + ERP (2pt)

Excel (or similar) statistics functions + ERP + BI Applications (3pt)

. Excel (or similar) BI applications, ERP, Machine Learning Software (4pt)
(tool)

. Do you think the Inventory Management tools implemented in your company
are:

. Very insufficient with respect to what I need to do to do my job at the best (1pt)
. Useful although to do my job best I need to ask managers to download and
provide me better tools (2pt)

. Inline with my needs to do my job at the best (3pt)

. Very advanced, sometimes even overwhelming (4pt)

(frequency)

. Which of the following statements is the most aligned to your reasoning?

. We consider suppliers’ variability only, therefore the more a component is
critical to purchase the more frequent we establish inventory control measures.
(2pt)

. We consider both variability in demand and suppliers”: we do daily inventory

checks and implement routinary root-analysis. (4pt)
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10.

11.

12.

We consider both variability in demand and suppliers”: we do weekly/monthly

inventory checks and establish inventory control measures. (3pt)

We run inventory checks only when we realize we stocked out. (1pt)
(resources)

On a scale from 1 to 4 how skilled you think you are in analyzing inventory
levels through data analytics? (1 means very low, 4 means always updated on
new tools and techniques)

1

=~ W N

(resources)

On a scale from 1 to 4, how satisfied are you with the inventory management
tools your company provided you?

Very frustrated and unsatisfied (1pt)

Could be better(2pt)

Satisfied (3pt)

Very satisfied (4pt)

If you had to choose an improvement what would you do?

Improve your knowledge about Inventory Analytics

Check and monitor inventory levels more often through analytics.

Make sure that data about inventories is always available to all the interested

internal / external stakeholders.
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. Ask for more sophisticated and effective tools to run inventory management
analysis.
Make sure that Inventory analytics is more pervasive and aligned to the overall

company’s mission/strategy.
SETTLE, MEASURE & CONTROL
(specificity)

When dealing with routinary spending analysis and costing, which of these
four situations better represents the one in your company?

Procurement resources such as buyers and managers record invoices and prices
on sheets such as excel. (1pt)

A dedicated procurement Team / resource implements advanced spending
analytics techniques by deploying clustering and text mining to categorize
purchases in an effective way, identify wastes and optimize the spending
portfolio. (4pt)

Procurement resources gather data coming from invoices and quotations and
perform sophisticated analysis on company’s BI-Platforms (Tableau, PowerBI,
Prism or similar...). (3pt)

. Procurement resources gather purchasing data coming from invoices and

quotations and perform basic analysis such as Pareto (ABC), pivots and charts.

(2pt)

(Specificity)

Select the option that better represents your way of running spending analysis:
Spending analysis is mono-dimensional, meaning it is either divided by

commodity, product, geographic area, customer type. (2pt)
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. Purchase analysis and classification are multidimensional and clusters through
the means of advanced analytics such as text mining and clustering. (4pt)

. Analysis are multi - dimensional, allowing to classify spending by quarter, by
supplier and by customer simultaneously. (3pt)

. Spending analysis is not done (1pt)

(specificity)

. About your spending data...

. Procurement resources do not provide structure spending analysis. (1pt)

. Spending analysis is done mainly by using pivot tables and simple Excel (or
similar) calculations and charts. (2pt)

. Procurement resources analyze spending data by using statistical models. (3pt)
. Procurement resources associate statistical knowledge with machine learning in

order to accurately forecast future spending. (4pt)

(tools)

. What are the main tools you use to run spending analysis?

. Calculation sheets (Excel, Google Sheets, Numbers and similar) + ERP + BI
applications (Power BI, Tableau, Prism and similar) (3pt)

. calculation sheets (Google Sheet, Microsoft Excel, Numbers or similar). (2pt)
calculation sheets (Excel, Google Sheet, Number and similar) + ERP + Data
Mining & clustering Applications. (4pt)

. We never do spending analysis. (1pt)
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(tools)

. Do you think the Spending Analysis tools implemented in your company are:
. Very insufficient with respect to what I need to do my job at the best (1pt)

. Useful although to do my job best I need to ask managers to download and
provide me better tools. (2pt)

. Inline with my needs to do my job at the best (3pt)

. Very advanced, sometimes even overwhelming (4pt)

(tools)

. Sometimes when working in a multinational company, at global levels the firm
provides very effective and sophisticated tools, which however not always are
used al local/plant level, do you agree?

. No, I don’t agree, in my company we always use all the tools proposed at global
level. (4pt)

. Iagree, sometimes it could happen that some tools are not considered. (3pt)

. Tagree, often much tools are not known and used at local level. (2pt)

. Ttotally agree, in my company nobody uses tools proposed at lobal level. (1pt)

(Data Integration)

. When dealing with Spending Analysis data (volumes, prices, supplier
performances, reports etc..) you:
. Store it in local sheets such as Excel, Google Sheets, Numbers (or similar) and

share via-invitation to other colleagues + company’s ERP (4pt)
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. Hand write it on paper and pass it to other colleagues (1pt)
Only share it via-email (2pt)
. Inlocal sheets such as Excel, Google Sheets, Numbers (or similar) that I share

via-invitation to other colleagues. (3pt)

(Data integration)

. Regarding the level of data integration of your spending, which situation best
represents the one in your company?

. Data is shared through platforms such as Google Drive, Teams, One Drive,
DropBox or similar between procurement and finance. (3pt)

. Spending data is sent via e-mail between procurement resources only. (2pt)
Spending data is autonomously updated on company’s ERP through Invoices
and Info-record and shared on company’s BI-Applications. (4pt)

. Spending data is stored and not shared. (1pt)

(frequency)

. How often do procurement resources run spending analysis?

. No spending analysis is performed. (1pt)

. Spending analysis is done “ad-hoc” for trimestral meetings between
procurement resources. (2pt)

. Weekly/daily spending analysis through company’s platform. (3pt)

. Spending analysis is a routinary activity, thanks to the always updated

availability of data on company’s platforms. (4pt)

(resources)
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10.

Ll

11.

On a scale from 1 to 4, how satisfied are you with Spend Analytics tools your
company provided you?

Very frustrated and unsatisfied (1pt)

Could be better (2pt)

Satisfied (3pt)

Very satisfied (4pt)

On a scale from 1 to 4 how skilled you think you are spend analytics? (1 means

very low, 4 means always updated on new tools and techniques)

1

=~ W N

. If you had to choose an improvement what would you do?

Improve your knowledge about Spending Analytics

Check and monitor spending more often through analytics

Make sure that data about spending is always available to all the interested
stakeholders.

Ask for more sophisticated and effective tools to run spending analysis.

Make sure that spending analytics is more pervasive and aligned to the overall

company’s mission/strategy.
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