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ABSTRACT:

Recent advances in artificial intelligence (Al) offer new opportunities for companies to stream-
line operations and gain a competitive edge. This thesis explores the potential of Al to improve
customer support operations within a specific unit of a case company.

The study addresses three research questions: (1) What Al solutions are currently possible for
different types of requests? (2) What is the most relevant data for training the Al model?
(3) What key factors should future research address to improve Al solutions?

To answer these questions, the research analyzed customer support tickets from a three-month
period, categorizing them into two groups based on their resolution methods. Group 1 consisted
of cases that are straightforward to resolve, typically requiring only order-specific data from the
company’s enterprise resource planning (ERP) system provided by SAP. Group 2 included more
complex cases that required additional investigation, often involving internal documentation or
collaboration with engineers.

The analysis found that tasks in Group 1, due to the dynamic nature of order-specific data, were
not ideal for direct Al model training. However, an Al-powered chatbot could assist specialists
by providing guidance on case resolution and navigating the SAP ERP system. In contrast, tasks
in Group 2, which involve more stable data such as technical documentation, are more suitable
for Al integration. Al models trained on this data could improve information retrieval efficiency.

To test these findings, a pilot implementation was conducted using a subset of Group 2 cases.
The pilot showed promising results, demonstrating the potential for further Al integration. How-
ever, limitations were also identified, including challenges with data processing and handling
complex queries.

This study provided a solid framework for future research and Al implementations within the
case company. Moving forward, enhancing Al models through improved data preprocessing and
broader training datasets is crucial. Further investment in advanced Al technologies and their
integration to support ticket system can significantly improve customer support capabilities.
Collaboration with IT specialists and engagement with other ongoing Al projects within the com-
pany are recommended to optimize resources and maximize benefits.

KEYWORDS: Customer support, Resolution methods, Al model training
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Tyon ohjaajat: Nasser Abdullah ja Jouni Lampinen
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TIVISTELMA:

Viimeaikaiset edistysaskeleet tekodalyssa (Al) tarjoavat uusia mahdollisuuksia yrityksille tehostaa
heidan toimintojaan ja saavuttaa kilpailuetua. Tama diplomityo tutkii tekodlyn mahdollisuuksia
kehittda asiakastuen toimintaa tietyssa kohdeyrityksen yksikdssa.

Tyo késittelee kolmea tutkimuskysymysta: (1) Mitka tekoalyratkaisut ovat talla hetkellda mahdol-
lisia erityyppisille asiakastukipyynnaille? (2) Mika on tarkeintad dataa tekoalymallin kouluttami-
sessa? (3) Mitka keskeiset tekijat tulisi ottaa huomioon tekoalyratkaisujen parantamiseksi tule-
vissa tutkimuksissa?

Naihin kysymyksiin vastaamiseksi tyossa analysoitiin asiakastukipyyntdja kolmen kuukauden
ajalta. Pyynnot pystyttiin jakamaan kahteen selkeasti toisistaan eroavaan ryhmaan niiden rat-
kaisumenetelmien perusteella.

Ryhma 1 koostui tapauksista, jotka ovat nopeampia ratkaista ja vaativat tyypillisesti vain tilaus-
kohtaisia tietoja yrityksen toiminnanohjausjarjestelméasta (ERP). Ryhma 2 sisdlsi monimutkai-
sempia tapauksia, joiden ratkaiseminen vaatii enemman tutkimusta. Naiden ratkaisu vie enem-
man aikaa, koska tietoa joudutaan etsimaan erilaisista tiedostoista ja yhteistyo insindorien
kanssa saattoi olla tarpeellista.

Analyysi osoitti, ettd ryhman 1 tehtavat eivat ole ihanteellisia tekoalymallin kouluttamiseen ti-
lauskohtaisten tietojen dynaamisen luonteen vuoksi. Sen sijaan tekoaly voisi auttaa asiantunti-
joita tarjoamalla ohjeita tapausten ratkaisemiseksi ja SAP ERP -jarjestelmassd navigoimiseksi.
Ryhman 2 tehtdvien ratkaisemiseen kaytettava data, kuten tekniset dokumentit, on vakaampaa
ja soveltuu siten paremmin tekodlymallin kouluttamiseen. Nailla tiedoilla koulutetut mallit voi-
sivat parantaa tiedonhakutehokkuutta.

Naiden havaintojen testaamiseksi suoritettiin pilottitoteutus kayttdaen pienta osaa ryhman 2 ta-
pauksista. Toteutus antoi lupaavia tuloksia, mika osoittaa tekodlyn potentiaalin asiakastuessa.
Erilaisia rajoituksia kuitenkin havaittiin, mika vaikeutti monimutkaisten kyselyiden kasittelya.

Tutkimus tarjosi hyvan pohjan jatkotutkimuksille. Lisdinvestoinnit tekoalyteknologioihin ja nii-
den integrointi tarkeisiin asiakaspalvelu tyokaluihin voivat merkittavasti parantaa asiakastuen
toimintaa. Yhteistyo IT-asiantuntijoiden kanssa ja resurssien yhdistaminen kaynnissa oleviin te-
koalyprojekteihin yrityksen sisalla on myds suositeltavaa hyotyjen maksimoimiseksi.

AVAINSANAT: Asiakastuki, Ratkaisumenetelmat, Tekodlymallien koulutus
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1[]Introduction

Recent advancements in artificial intelligence (Al) have created new opportunities for
businesses to improve their operations. The case company is aware of these possibili-

ties and sees the potential of using its internal data to train advanced Al models.

This thesis focuses on the customer support team’s work processes, within a specific
unit in the case company. It aims to identify work processes that would benefit most
from Al implementations and to determine the most useful training data for each pro-

cess.

1.1 /Case Company

The case company is a significant player in the industrial field specializing in robotics,
automation, and electrification. They manufacture products such as industrial robots,

control systems, electrical drives, and electric motors.

1.2[ /Purpose

Customer support specialists are responsible for helping sales units on the issues their
customers have raised. Support tickets are opened to the queues based on the nature of

the issue.

While solving some of the requests is straightforward, others require more effort. In
these cases, specialists might need to rely on documentation to verify the feasibility of
the changes. Finding the correct files can be challenging and take a lot of time, especially

when the documentation is not organized well.



The primary purpose of this thesis is to develop a chatbot that uses Al to make the cus-
tomer support workflow more efficient. By training the Al model with relevant docu-
ments, the chatbot could provide immediate and accurate responses to questions re-
lated to the customers’ inquiries. This would make retrieval of the information faster and
reduce the reliance on engineers. Overall time to solve tickets could be reduced and

some of the mistakes would be avoided.

This thesis will provide theoretical suggestions on how to implement the chatbot for dif-
ferent types of customer support cases. Each case type will be examined to determine
the best approach for the implementation. Following this, a small number of cases will
be selected for pilot implementation. This will serve as a starting point for a project that

is expected to continue in the future.

While the primary proposal of this thesis focuses on specific uses of Al in customer sup-
port, the case company also requested a plan for a larger-scale Al project. The last chap-

ter will address this and show the way for future research.

1.3 /Research Questions and Scope of the Thesis

To fulfill these goals, the following research questions are used.

1.[1What Al solutions are currently possible for different types of requests?
The study uses support ticket data from Salesforce to see what kind of requests
the customer support team receives and how those are solved. This data to-
gether with the author's work experience is used to determine the Al solutions.

2.[1What is the most relevant data for training the Al model?
Explores the types of data currently used by customer support specialists and
evaluates what should be used for Al implementation.

3.00What key factors should future research address to improve Al solutions?
Solutions are proposed for the limitations identified in the original work. These

insights can be used to guide future research.



This study is limited to the customer support team’s workflow. Research data is collected
from three-month period, covering in total 2,875 customer requests. This research is
specifically designed for the unique industry and working environment of the case com-

pany. As a result, some conclusions might not apply to other industries.

1.4( |Structure

This introduction is followed by six chapters, each offering a detailed exploration of key

aspects of the research topic.

-[J Chapter 2 provides a detailed literature review, introducing the key concepts of
artificial intelligence (Al) and its subfields. Also explores a simple transformer ar-
chitecture, which is the foundation of modern large language models.

-[J Chapter 3 goes through various customer requests received by the support team
and explains how they are resolved.

-[J Chapter 4 proposes two Al solutions, each tailored for different types of cases.

-[1 Chapter 5 presents the pilot implementation using Azure Al studio. Provides a
starting point for future projects.

-[J Chapter 6 outlines a framework for future research and introduces two other
ongoing Al projects within the case company.

-[J Chapter 7 concludes the study and present the results and gives suggestions for
future research.
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2[ITheoretical background

This chapter covers the key concepts related to artificial intelligence (Al) and its subfields.
It will also introduce an architecture that is the foundation of today’s large language

models.

2.1 Artificial Intelligence (Al)

Artificial Intelligence (Al) has gained a lot of popularity in recent years. The first obvious
sign of this was the launch of ChatGPT in 2022 which made conversational Al accessible
to everyday users. Since then, models have kept improving and competition in the Al
sector has increased. While the models keep getting larger and smarter, they are con-

stantly getting more use cases from various business fields.

The European Commission (2018) defines Al as "systems that display intelligent behavior
by analyzing their environment and taking actions — with some degree of autonomy — to
achieve specific goals." This definition covers a wide range of Al systems that can act
smartly, understand their environment, and work on their own to achieve specific goals
(European Commission, 2018). While the definition from the European Commission is
accurate it can be viewed as too broad and general. Examining the definition from dif-

ferent perspectives can improve our understanding.

Russell and Norvig (2020, p. 1-5), have outlined two primary approaches for exploring Al
systems and their functionalities. In the human-centric approach, the aim is to replicate
human intelligence when creating an Al system. This is done, by studying human behav-
ior and cognitive processes primarily based on psychological principles. The human-cen-

tric approach relies heavily on empirical studies in psychology.
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The rationalist approach emphasizes logical decision-making to achieve goals, without
human resemblance. It prioritizes intelligent behavior and rationalism as the main char-
acteristics. This perspective integrates mathematical and engineering principles from

fields like statistics and economics.

2.2[ /Machine learning

Machine learning is a subset of artificial intelligence. According to Muhammad and Yan
(2015), It enables machines to learn from experience and improve its models over time

as more training data becomes available.

Machine learning (ML) algorithm’s main function is trying to analyze data, identify pat-
terns, and determine key predictors without manual intervention. Unlike traditional da-
tabase systems, which are designed for data storage and retrieval, ML algorithms can

extract meaningful insights from data (Muhammad & Yan, 2015).

Muhammad and Yan (2015) further explain that the most common approaches to ma-
chine learning include supervised, unsupervised, and reinforcement learning. Each
method offers pros and cons when it comes to pattern recognition and decision-making.

Deciding which method to use will depend on the intended use case of the model.

2.2.171 Different Types of ML

Supervised Learning

Supervised learning, explained by Shetty et al. (2022), involves training algorithms on
labeled datasets where every value is paired with a known outcome. This allows the al-
gorithm to learn the relationships between input values and their corresponding labels.
Learned patterns from the labeled datasets can then be used to make predictions on

new, unlabeled datasets.
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Supervised learning was divided into two main categories in the study:
-1 Classification: Categorizes data into different classes or groups. For example, de-
ciding if an email should be marked as spam or not.
-[J Regression: Predicts a continuous values based on given inputs. Could be used

to do weather forecasts or estimate stock prices.

Unsupervised Learning

Unsupervised learning algorithms use training data, where the input values have no pre-
defined output values (Niranjani et al., 2020). Instead, algorithms are trained to group
and identify the data independently (Naeem et al., 2023). By doing so, the hidden pat-

terns and structures can be found from the datasets.

Unsupervised learning includes:
-1 Clustering: Grouping similar data points together. For example, customers with
similar purchasing behaviors (Naeem et al., 2023).
-0 Association: Identifying connections or patterns between data points. For exam-
ple, customers who buy product X will most likely buy product Y as well (Naeem

et al., 2023).

Reinforcement Learning

Reinforcement learning uses a method called trial-and-error. Instead of training the
model with labeled datasets where the desired result is predefined, the agent receives
feedback for every action. According to Puiutta and Veith (2020), the designer of the task
sets different reward values for each action on the model. Random actions are then tried
against the dataset. As the agent continues to interact with the data, it learns from the

feedback received through these rewards.

Reinforcement Learning is widely used in sectors like gaming, transportation, and robot-
ics for its ability to adapt to dynamic environments and optimize decision-making pro-

cesses in real time (Puiutta & Veith, 2020).
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2.3 /Deep Learning and Neural Networks

Deep learning, as defined by Deng et al. (2012), is a subset of machine learning focused

on pattern recognition from raw data without the need for manual feature engineering.

Central to deep learning are Artificial Neural Networks (ANNs), which mimic the struc-
ture and function of the human brain. According to Dongare et al. (2012, p. 190), these
networks are composed of interconnected neurons organized into input, hidden, and

output layers. This structure is fundamental to all specialized neural network models.

Deng et al. (2012) also note that advancements in hardware, the availability of large da-
tasets, and improvements in training techniques have led to the development of more
advanced and complex neural networks. This progress has significantly impacted various

fields.

2.3.1( Deep Learning Architectures

Convolutional Neural Networks; Image processing
Convolutional Neural Networks (CNNs) are specialized for recognizing patterns in images,

making them useful for tasks like image classification and object detection.

CNNs work through several key parts. The input layer receives the raw pixel data of an
image. The convolutional layer scans the image with filters to detect patterns and fea-
tures. The pooling layer reduces the size of the data, decreasing the computational work-
load. Finally, the fully connected layers use the identified features to determine what the

image represents (Saxena et al., 2022).

Self-Organizing Maps and Autoencoders; Data Compression
Self-organizing maps (SOMs) and Autoencoders are algorithms used for data compres-
sion. They both turn complex, high-dimensional data into simpler, lower-dimensional

forms while maintaining the key features (Qu et al., 2021).
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SOMs assist in visualizing and identifying patterns in complex data by converting it into
a more manageable format. Qu et al. (2021) state that SOMs have two main parts: an
input layer and a competition layer. The input layer receives the data, and the compe-

tition layer groups it based on feature similarities.

Autoencoders are designed to learn informative representations from the compressed
data by reconstructing it. According to Bank et al. (2023), Autoencoders have three
main components: an encoder, a latent feature representation, and a decoder. En-
coder compresses the input data into a smaller format known as the latent feature
representation. This representation then captures the key features of the data. Finally,

the decoder reconstructs the data into its original form (Bank et al., 2023).

For practical applications, such as recognizing handwritten digits, an autoencoder fo-
cuses on capturing key features like the number of strokes and their orientations, ra-
ther than the exact pixel values. Michelucci (2022) explains that this approach results
in a compressed yet meaningful representation of the data. As a result, the autoen-

coder can better group and identify the data, making it easier to understand the main

features of the dataset.

Recurrent Neural Networks; Sequential data

Recurrent Neural Networks (RNNs) are designed to handle sequential data by maintain-
ing connections that pass information from one step to the next (Salehinejad et al., 2017).
Unlike traditional feedforward neural networks, which process inputs independently,
RNNs capture patterns and dependencies over time by using a hidden state that acts as
memory. According to Salehinejad et al. (2017), this makes them ideal for tasks where

the order and context of data points are crucial.

In an RNN, each input is processed in sequence, one step at a time. As Das et al. (2023)
explain, the network uses the current input along with the hidden state from the previ-
ous step to compute a new hidden state. This new hidden state influences the current

output, enabling the network to dynamically understand the sequence and capture
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patterns over time. This ability to retain information from previous steps allows RNNs to

understand and predict sequential information accurately (Das et al., 2023).

Lipton et al. (2015) highlight that one significant challenge in training RNNs is learning
long-range dependencies due to issues like vanishing and exploding gradients (see page
26). However, new designs and architectures have been introduced to help retain im-

portant information over longer sequences.

2.4 ITransformer Architecture

Early natural language processing (NLP) models relied on Recurrent Neural Network ar-
chitectures. However, adjusting the model’s parameters correctly, especially with longer
sequences posed challenges. These difficulties in the training process led to the devel-
opment of improved recurrent networks like Long Short-Term Memory (LSTM) and
Gated Recurrent Unit (GRU) networks. Although these models addressed some issues,

they still struggled with longer sequences (Singh & Mahmood, 2021).

The breakthrough came with the Transformer architecture introduced by Vaswani et al.
(2017), which overcame the limitations of RNNs. This mechanism allowed the model to
process inputs in parallel without sequential dependency, significantly improving the

performance.

To achieve this, transformers use self-attention layers to relate different words within
the same sequence. Unlike in traditional methods, self-attention does not require the
model to handle processes in fixed order. This eliminates the need for complex opera-

tions as the distance between words increases (Antipova & Horban, 2024).
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To allow the model to process the inputs in parallel, layers are stacked together in a
structure known as multi-head attention (Shin et al., 2022, p. 4). Additional components
such as feed-forward layers, residual connections, and normalization layers are also in-
cluded to capture more complex patterns and ensure stable training (Rahali & Akhloufi,

2023).

The Generative Pre-Trained Transformer (GPT) models are built using transformer archi-
tecture. This allows GPT models to perform tasks and hold conversations in ways that
closely resemble human communication (Yenduri, 2023). Transformer models are the

foundation for large language models used in tools like ChatGPT and MS Copilot.
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2.5 1Encoder-Decoder structure

The transformer model consists of two primary components: the encoder and the de-
coder. These components are used in sequence-to-sequence tasks such as language

translation and conversational Al.

The encoder converts the input sequence into a numerical format, which is then refined
to capture important details and context. The decoder then transforms this numerical
data into a meaningful output (Chitty-Venkata et al., 2023, p. 4). The combination of
these modules allows the Transformer to effectively manage complex tasks that require

a deep understanding of context and sequential relationships.

2.5.1(] Encoder

Word Embedding

Word embedding is a technique in natural language processing (NLP) that converts
words into vector representations. By analyzing large amounts of text, embedding mod-
els learn to position words with similar meanings and contexts close to each other in the
vector space. This helps models comprehend the relationships between words, leading

to an improved ability to understand language (Madaan et al., 2024, p. 1388-1389).

To give an example, consider a sentence with the words “Gmail,” “Google,” and “Mi-
crosoft.” The resulting vector from this combination would be close to the vector of “Out-
look.” This demonstrates the ability of NLP systems to understand analogies, such as
“Gmail is to Google as Outlook is to Microsoft.” While this is a simplified example drawn
from the study conducted by Di Gennaro et al. (2021, p. 2), the same concept applies to

more complex tasks.
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Positional Encoding

Similarly to the word embedding, positional encoding is used to improve the models’
ability to understand sequences better. According to Li et al. (2021), positional encoding
is used to capture the positional information of data, such as the order of words in a
sentence or pixel coordinates in an image. In combination with content representation

(word embeddings), positional encoding improves the representation of inputs.

The original Transformer model used absolute positional encoding to indicate the posi-
tion of each word in a sequence. It used fixed sine and cosine functions to create unique
position vectors. Rosendahl et al. (2019) state that while this approach was simple and

effective, it had limitations in capturing the distances between positions.

To address these limitations, Rosendahl et al. (2019) described relative positional encod-
ing, which focuses on the distances between words rather than their absolute positions.
By using trainable distance encodings, this method allows the model to better under-

stand and adapt to the positions in the sequence.

The study conducted by Dufter et al. (2022), highlights the significance of positional in-
formation in defining the meaning of a sentence. For example, “meeting in Teams”
clearly refers to a virtual meeting on Microsoft Teams, while “Teams in meeting” has a
completely different meaning. This demonstrates the critical role of positional data in

accurate presentation of information.

Self-Attention Mechanism
The self-attention mechanism is a key part of modern language models. It allows the
models to focus on the most relevant parts of the input data, which is crucial when han-

dling sequential data with long-term dependencies.
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Choi and Lee (2023, p. 3-4) explain how this mechanism improves the model’s capability
to handle complex sequences. Unlike traditional methods that process data in a strict
order, self-attention allows each element in a sequence to interact with every other ele-
ment in the same sequence. This approach gives the model a better ability to capture

relationships between elements, regardless of how distant they are.

The core purpose of self-attention is to figure out how much attention to place on dif-
ferent parts of the input when generating the output. Since self-attention alone doesn’t

account for the order of elements, positional encoding is added to fill this gap.

To implement self-attention, the scaled dot-product attention mechanism is used. As de-
tailed by Choi and Lee (2023, p. 4), this mechanism calculates attention scores to deter-
mine the importance of each element in the input sequence relative to other elements.
It has three main components: the query (Q), the keys (K), and the values (V). The pro-

vided image shows how these elements interact.

Keys Values

Search Retrieval

where to look? what to pick?

Figure 2 Scaled dot-product attention (Mittal, 2022).
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Definitions
-J Query (Q): The information currently being processed by the model.
-1 Key (K): Elements compared against the query to determine their significance.

- Value (V): Final output that is selected based on the attention score.

The process starts with a search phase, where the model compares the query to each
key to calculate relevance scores, known as weights. These weights serve as indicators
of the importance that each key has in relation to the query. Following the computation
of weights, the model enters the retrieval phase. Here, it extracts the information asso-
ciated with the keys that have the highest weights. This extracted information is referred

to as the value (Choi & Lee, 2023, p. 4).

To understand the self-attention mechanism better, consider an online shopping sce-
nario presented by Lezmi and Xu (2023). When users search for desired products, they
input preferences such as brand, price, and features into the search engine. The platform
matches these preferences with the basic details of all available products and returns
the ones that match the user's criteria. Here, the user's preferences function as the
query (Q). Basic information of each product is the key (K), and the products themselves

are values (V).

Just as an online shopping platform utilize the user preferences to find the most relevant
products, transformer models use the attention mechanism to measure the similarity
between the query and key. By focusing on the keys with the highest weights, the model
can accurately identify and retrieve the most relevant values. This allows the model to

understand the input data more precisely (Choi & Lee, 2023, p. 4).
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Multi-Head Attention Mechanism

To improve the model's capacity to focus on different parts of the input simultaneously,
the transformer uses a multi-head attention mechanism. This involves running multiple
self-attention processes (heads) in parallel, each with different learned projections of
the queries, keys, and values. The outputs of these parallel processes are then combined

and linearly transformed to produce the final output (Shin et al., 2022).

Layer Normalization and Residual Connections

When training transformer models, it is important to have a correct balance on how
much certain training data affects the model’s performance. Borawar and Kaur (2023)
highlight that gradients indicate the ratio of how much the weights are adjusted during
training. If they become too small (vanishing gradients) the model becomes inaccurate,
because the weights are not adjusted enough. Another issue is gradients becoming too
big (exploding gradients). This causes the weights to be updated too much, making the

training unstable.

To address these issues, two key techniques are used: residual connections and layer
normalization. Nguyen et al. (2019) explain that residual connections work by adding the
original input of the self-attention layer to its output. This helps the network to retain

information from previous layers and simplifies the learning process.

After adding the residual connection, the combined values are normalized. Layer nor-
malization adjusts the values, so they have a consistent scale and distribution. The nor-
malized result is then passed on to the next layer. Together, residual connections with
layer normalization maintain stability and effectiveness throughout training. (Nguyen et

al., 2019).
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Feedforward

Following the normalization, the feedforward network (FFN) is introduced. The FFN is
designed to identify various patterns across different layers. In the lower layers, it learns
simple patterns, while in the higher layers, it captures more complex ones (Pires et al.,

2023).

While self-attention layers connect different parts of the input broadly, helping the
model to see the big picture. The feedforward network focuses on specific details, im-
proving the understanding of local contexts. By adjusting the way information is repre-
sented, the feedforward network makes sure the outputs are more accurate and rele-

vant to the context (Pires et al., 2023).

2.5.2[] Decoder

The decoder in the Transformer architecture shares a very similar structure as the en-
coder but with a few key differences. While the encoder processes the entire input se-
guence at once, the decoder generates the output sequence one token at a time in an
auto-regressive manner (Greco & Tagarelli, 2023). This allows the decoder to use previ-
ously generated tokens to influence the next ones. This is a key feature for conversational

Al.

The decoder has several components that are also found in the encoder:
-[J Word Embedding: Converts words into vectors that reflect their meanings.
-[J Positional Encoding: Adds positional details to the vectors.
-[J Residual Connections: Stabilizes the model by keeping track of the original values.
-[J Layer Normalization: Normalizes the values to keep a consistent scale.

-[J Feed-Forward Network: Applies non-linearity to capture complex patterns.
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Masked Multi-Head Attention

The masked multi-head attention mechanism in the decoder prevents future positions
in the sequence from being accessed, ensuring that predictions are made sequentially.
It operates similarly to the encoder's multi-head attention but includes a masking mech-
anism that ensures the model only attends to earlier positions in the output sequence.
This approach is crucial for maintaining the auto-regressive property of the decoder,
where each token is predicted based on the previously generated tokens (Greco & Ta-

garelli, 2023).

Cross-Attention

Cross-attention in the decoder integrates the encoder’s output with the decoder’s con-
text. This mechanism uses the encoder’s output as (keys and values), while the output
from the decoder’s masked attention serves as the (query). By doing so, cross-attention
enables the decoder to utilize the encoded information from the input sequence, which

is essential for the model to generate intelligent responses (Chitty-Venkata et al., 2023).
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3[/Work Processes in Customer Support

Responsibilities of customer support specialists include assisting sales units with issues
reported by their customers. Direct communication with customers is not part of the
role. Instead, the sales units act as a link between customer support team and the cus-

tomers.

Salesforce is used as the ticketing system for managing customer inquiries. When a cus-
tomer has questions about their order, they reach out to their respective sales unit. If
sales unitis not able to solve the issue by themselves, they will open a ticket to Salesforce,

where customer support specialist can help in solving the problem.

Relevant details about the customers inquiry are inputted by the sales unit into
Salesforce. This includes the nature of the problem, any helpful context, and the order
number so the ticket can be connected with the correct motors. The name of the sales
personnel who opened the case is also entered, alongside with resolution deadline, and

the case category.

Selecting the correct category is important as it determines which queue the ticket will
go to. Each Salesforce queue is managed by a specialist based on their expertise. Once
the specialist has taken the case under their name, a structured approach is followed to
resolve the issue. While every case type has unique resolution methods, some of the

work processes are very similar.

Solving the cases begins by reading the request from Salesforce. After the issue is under-
stood, the provided order number is copied and entered into the Enterprise Resource
Planning system (ERP), provided by SAP SE. This system allows specialists to track order-
related details such as technical specifications, production status, and delivery details.
After the requested task is resolved, the specialist will write a message to the sales unit
indicating what was done and if any issues arise. This message is automatically sent via

salesforce and email, when the ticket is closed.
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3.1[ /Research data used in this work

Research data was gathered from the customer support ticketing system Salesforce.

Cases were collected from three-month time period between 1.4.2024 - 30.6.2024 and

in total 2,875 requests were received. The distribution of the Support tickets in different

queues can be seen in Figure 3.

Delivery

Order change
Cancellation

Drawings

Testing Documents
Pricing

Expedite order

Rating plates

Missing Order Ack. / Order Confirmation
New requirement
Change address
Datesheets

Mechanical engineering
Various administrative
Electrical engineering
Certifications

Order status

Pre-order incuiry
Technical Clarification
Change shipping method
Postpone order
Customer testing
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Application engineering
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Figure 3 Case Sub Types
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After organizing the Salesforce data based on case subtypes, a deeper analysis was con-

ducted. The goal was to find a more accurate representation of the requests to under-

stand common issues faced by customers better.

The analysis showed that many similar requests were spread across different queues.

Some of the original queues were also too broad to accurately describe what was asked

in the cases. By placing these cases into a more detailed groups, a clearer picture of the

common issues was achieved. Figure 4 shows the new case groups.

Routine tasks (Grey) / Other tasks (Blue)

Expedite delivery / Place on high priority
Cancellation of order line / lines
Document related changes

Rating plate changes

Drawing related changes

Technical Clarification (Engineers)

Info plate changes

Request to confirm order urgently
Warranty delivery of Motors / Parts
Change of cable entry / gland

Change delivery address

Provide delivery status

Change price according to quatation
(Change / Add / Remove) Parts of motor
Certification related changes

Provide datasheets

Open additional cost lines for (documents or drawings)
Postpone delivery

Provide reason for delay

Painting related changes

Test related changes

Mounting related changes

change delivery method

Open shippinig order

Credit notes

Request directed to wrong factory

Figure 4 Requests
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Cases were then divided into two groups based on their resolution methods. Cases
marked with grey color are cases that can be resolved faster with a smaller amount of
documentation and investigation. Cases marked with blue are cases that usually take
more effort because the suitability of the change must be verified, and costs calculated.
These same groups will also be used in Chapter 4 to describe Al solutions suitable for

each approach.

Other tasks |

Routine tasks

0 200 400 600 800 1000 1200 1400 1600

Figure 5 Case Resolution Types

3.2[/Routine tasks, Group 1

Cases that follow consistent resolution patterns are categorized as routine tasks in this
chapter. Resolving these tasks doesn’t usually require the use of additional data
sources. Because most of the needed information is found solely from Salesforce and
SAP, the cases can be handled faster than other cases. In Figure 5, routine tasks are

highlighted in grey.

Delivery

Delivery cases cover the largest portion of routine tasks. The most common request in
these cases is to expedite the delivery dates. Whether the dates can be changed de-
pends on when the request is made. If the production schedule is still far away,
changes are easy to make. However, requests often come in late, even after the pro-

duction has already started. In such cases, rescheduling is more challenging.
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There are also situations where customers ask to postpone the delivery dates. This can
usually be arranged, but once the production has begun, additional storage fees might

be charged.

In addition to these, delivery cases may also involve requests to provide order status

updates, modify delivery terms and methods, or explain reasons for order delays.

Plates
Another common category involves updating plate information. These are opened

when customers either forget to include plate details or provide incorrect ones.

To make the change specialist copies the plate details provided in Salesforce and up-
dates it into SAP. The cost for the change is also easy to determine based on the pro-
duction status. Because any other validations are not needed these changes can be

done rather quickly. However, if the plate information has to be changed to multiple

orders the manual effort can make the change time-consuming.

Pricing

In pricing cases customers want certainties that agreed price quotations have been ap-
plied to their orders. To detect any pricing mismatches, the specialist compares the
prices mentioned in the quotations to those listed in SAP. This ensures that pricing is

accurate and helps avoid any possible billing errors.
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3.3[10ther tasks, Group 2

While routine tasks primarily relied on information from Salesforce and SAP, resolutions
of cases discussed in this section might require additional data sources or collaboration
with engineers. Although these cases often involve a deeper level of investigation, ex-
perienced specialists may have had similar cases previously, therefore recalling the res-
olution without documentation.

O

Technical modifications

Technical modifications require the specialist to verify that the requested changes meet
the technical requirements of the motors. The process includes reviewing product de-
tails and specifications in SAP and cross-referencing those to the documentation. For
more complex inquiries, specialists may need to consult engineers to verify if the
changes are feasible. Technical modifications can include adjustments to how a motor
is mounted, modifications to parts, changes to cable entries/glands, or painting the mo-

tors with different colors or durability classifications.

Cancellations

Handling cancellations varies in complexity based on the order's production status.

For cancellations requested before production, the case can be resolved with a straight-
forward change in SAP. However, if requested after the production has started it be-
comes more complex. In these situations, the specialist must calculate cancellation costs

and issue billing statements in addition to updating the order status.
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Documents

Customer requests for documentation can include product drawings, certifications, test
reports, and datasheets. When handling these requests, the customer support specialist
first identifies the correct Variant code associated with the requested document. This

code ensures that the appropriate document is retrieved from the system.

-[J Product drawings (2D or 3D), provide detailed visual representations of the prod-
ucts. Those are used to get a better understanding of the product’s design.

-] Certifications confirm that products meet industry standards and regulatory re-
quirements.

-] Test reports detail the results of motor testing, verifying performance and relia-
bility.

-] Datasheets contain technical information about the product’s specifications and

features.

Warranty

Managing warranty shipments involves verifying details from Salesforce and working
with carrier firms to ensure that replacement parts or motors are shipped according to
agreements. When managing logistics, communication with the customer throughout

this process is important.
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4[| Proposed Al solutions for Customer Support

Al has the potential to improve efficiency across various work processes in customer
support. By making resources more accessible, response times can be improved. Train-
ing advanced Al models with a company's internal data can lead to significant long-
term benefits. When Al models are trained with internal data, they can perform sev-

eral key functions better.

This section will discuss two different approaches for utilizing Al in customer support.
Each group introduced in the previous chapter will be presented with a suggested Al

solution, based on their resolution methods.

4.1( lInstructions for Routine Tasks

Implementing Al solutions using order-related data from SAP systems is challenging due
to the dynamic nature of the data. Training large Al models with constantly changing
data would be impractical. A better solution for these cases would be to train an Al model
to give guidance to the specialist. Rather than accessing the data directly, the chatbot
would assist users by guiding them on how to find the necessary information themselves.
This approach simplifies the process and reduces the need for constant updates to the

Al model. Routine tasks include requests such as:

Delivery cases
-J Expedite delivery dates
-[J Place the order on high priority
-0 Confirm the order urgently
-[J Change delivery address
-0 Provide delivery status
-[J Postpone delivery dates
-0 Provide a reason for the delay

-[J Change delivery method
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Plates
-[J Changes to the texts of tag plates or additional data plates

-0 Modifications to the values in the rating plates

Pricing
-] Confirm that the price is according to the provided quotation

-[] Open credit notes

An approach where a chatbot gives guidance on how to resolve cases, would be helpful,
especially for new employees who are still learning the work processes. Chatbot could
provide consistent instructions, making resolving cases easier. It would guide users step-
by-step through specific SAP transactions, helping them retrieve the needed information
without directly interacting with the dynamic data. This method not only simplifies the

learning process but also helps with retaining knowledge in the case company.

To make the chatbot work, customer support specialists would play an important role in
the training process. This would include documenting detailed steps and guidelines for
various scenarios. By sharing their knowledge and insights, the chatbot could provide

accurate guidance for resolving routine tasks.

Gathering the needed information for the model would be easiest to do during the ori-
entation period for new trainees. This way extra work would be reduced as steps of each
task are repeated either way. All the existing orientation material should be analyzed

before collecting new data to avoid doing the work twice.

To further refine the model, the context of the resolution steps needs to be connected
with the actual customer requests. This will make the chatbot more practical as it can

understand less precise and detailed inputs.
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With this integration, users can input support tickets directly into the chatbot. The Al
model would recognize the relevant guidelines stored earlier and provide immediate as-
sistance, eliminating the need for users to figure out the steps themselves. Relevant in-

formation for this approach would include:

Customer Support Specialist’s input
-[J Resolution methods: Provide information on the best practices to solve different
requests. Connect the guidance with the proper category (Figure 4).
-[J Locate information: Document the steps involved to find needed information

from SAP transactions.

Salesforce cases
-[J Case description: Contains the customer's request for what needs to be changed
in the order.
-[] Categories (Figure 4): Cases must be properly categorized so the model can

match requests with accurate resolution guidance.

4.2 lInformation Retrieval for Other Tasks

When resolving technical modifications, it often requires the specialist to navigate a va-
riety of resources. Unlike order-related data, this information is more stable. Because
the data does not require frequent updates, it is more suitable for Al integration. Typical

requests that can utilize this documentation include.

Technical Adjustments
-0 Modifications to cable entry or gland sizes
-[J Alterations to components in the motor
-[J Changes in the mounting position of the motor
-[J Clarifications regarding technical specifications

-0 Adjustments to painting systems or surface colors
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Documentation Provision
-[J Providing product drawings (2D or 3D) for detailed visual representations of the
products.
-] Supplying certifications to confirm compliance with industry standards and reg-
ulations
-] Issuing test reports to verify the performance and reliability of the motors.

-0 Delivering datasheets containing data about motor's performance and features

Order Cancellations

-0 Cancel the order and issue an invoice for any incurred expenses.

Warranty
-0 Coordinate with couriers to ship replacement parts or motors as per warranty

agreements.

To resolve these tasks variety of different documentation can be utilized. One of the most
frequently used resources is the product catalogs of each motor type. Catalogs contain
detailed information about the products the company offers, including mechanical spec-
ifications, performance metrics, and IP ratings. It also features images and diagrams to
help visualize the product. Because the case company is specialized in highly customiza-

ble products, the catalog also gives the options for different modifications.

Another important data source for specialists is the variant code descriptions. They work
as identifiers used to specify unique configurations and features of a product. These
codes simplify the process of detailing modifications, ensuring precise customization of
the products. Each of these codes have a documentation that describes what they are

used for.
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In addition to the documentation that specifies features related to the motors, excel files
also hold vital information. They have information about costs regarding modifications
and cancellations. These files also have formulas that are used to evaluate costs and de-
livery impacts in different situations. Using those makes resolving cases easier and hu-

man error in calculations can be reduced.

Specialists need to retrieve information from these sources often, when doing technical
modifications. Because the documentation is poorly organized, locating the correct files

can be challenging and time-consuming.

When files are not organized well, it can cause the specialists to skip checking the docu-
ments altogether and rely solely on their memory and experience. This may lead to mis-
takes and addressing those later can be difficult. It is also common to consult engineers
with technical questions, that the specialist could have found from the documentation
themselves. While it is a good practice to validate the changes from engineers, simpler

modifications should not be their priority.

To make the retrieval of this information easier and faster, an Al model could be trained
with this data. By providing the customer inquiry and product details, the user can ask
the chatbot how to resolve the issue. Response from the chatbot might give the user a
straight answer to the problem or lead them to the correct documentation. Relevant

documentation for training the model would include.

Product Catalog Details
-0J Product specifications: Detailed information on mechanical features and
performance metrics of specific motor types and sizes.

-] Modification options: A comprehensive list of customization possibilities.
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Variant Code Documentation
-[J Code Explanations: Clear descriptions of each variant code and their impact on

product configuration, enabling accurate customization guidance.

Excel Files
-[J Cost evaluation formulas: Formulas for calculating costs associated with
modifications and cancellations.
-1 Delivery impact formulas: Formulas to evaluate delivery delays in different

situations.

In addition to this, the same process as in the routine tasks should be done with the
salesforce tickets. By gathering enough customer request data from salesforce and cate-

gorizing those the model could understand the context better.

The following chapter will showcase a pilot implementation involving a small subset of
order change tasks. If successful, the approach can be expanded to cover the broader

range of customer requests mentioned in this chapter.
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5[] Pilot Implementation

For this thesis, the goal was to develop a pilot version of an Al model to demonstrate
the potential of using Azure Al Studio for larger-scale implementations in the future.
Implemented chatbot would assist specialists to solve cases related to cable entry and

gland changes.

From the 2,875 cases received by the customer support division in three months, 98

involved cable entry and gland changes, representing 3.4% of the total cases.

Requests

Expedite delivery / Place on high priority
Cancellation of order line / lines
Document related changes

Rating plate changes

Drawing related changes

Technical Clarification (Engineers)

Info plate changes

Request to confirm order urgently
Warranty delivery of Motors / Parts
Change of cable entry / gland

Change delivery address

Provide delivery status

Change price according to quatation
(Change / Add / Remove) Parts of motor
Certification related changes

Provide datasheets

Open additional cost lines for (documents or drawings)
Postpone delivery

Provide reason for delay

Painting related changes

Test related changes

Mounting related changes

change delivery method

Open shippinig order

Credit notes

Request directed to wrong factory

o
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Figure 6 Scope of Pilot Implementation
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5.1 /Purpose

The case company manufactures motors that include terminal boxes for cable connec-
tions. These boxes have flanges where cable entry holes are drilled. Sizes and quanti-
ties of entry holes vary based on the product type and frame size. It is common for cus-
tomers to request custom cable entry combinations when standard solutions do not

meet their needs.

Changes are straightforward when the required entries are smaller than the standard
ones and when the quantity of the entries does not increase. However, when the sizes
or quantity of cable entries increase, feasibility needs to be verified. To make sure the
solution is valid, specialists must search information from documentation. In some in-
stances, engineers may need to be consulted to verify, if certain entry holes can be fit-

ted in the flanges of particular motors.

This work process was selected for pilot implementation because the data for model
training is stable and will not change in the near future. Although all the necessary infor-

mation is available, it has not been easily accessible for specialists to utilize.

By making the data easier to access, the workflow of specialists can be made faster and
more efficient. Engineers will also save valuable time when they don’t have to validate

cable entry combinations.
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5.2[ /Data Selection

Every product type has a catalog that contains all the necessary technical data of the

motors. All of these catalogs were used as training data for the model.

Al models typically perform more effectively when working with text-based information
that has a clear context. However, when the catalog data was uploaded to the model, it
became clear that the model was not able to fully utilize this data. This challenge oc-
curred because the technical data primarily consisted of numerical values, presented in
data tables. When the chatbot was prompted to retrieve specific values from these ta-

bles, the results were inconsistent and unreliable.

Because the training data in this implementation is not well-structured and has no pre-
defined outputs, unsupervised learning algorithms are used. This approach enables the
model to identify relevant patterns and understand the data better (Niranjani et al., 2020;

Naeem et al., 2023).

Standard Cable Entry Sizes

To help the model find these patterns, information regarding cable entries was gathered
from all 15 product catalogs. The extracted data was placed into a single file named
"Standard Cable Entry Sizes". This file includes details on four aspects: motor type, frame

size, flange type, and standard cable entry sizes.

The data was organized and categorized by motor types and sizes, with corresponding
flange types and standard sizes presented in a clearly formatted table. The purpose of
this was to make the information more accessible and understandable for the Al model,
which previously struggled with data tables. Figure 7 shows the information of one mo-

tor as an example. “Standard cable entries” file has tables for 15 motor types.
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3GBL: Totally enclosed fan-cooled synchronous reluctance motor with cast
iron frame

Size Flange type Terminal box standard cable entries
160 B 2xM40

180 B 2xM40

200 C 2xMB3

225 C 2xM63

250 Cc 2xM63

280 C 2xM63

3155M D 2xMB3

315ML D 2xM63

315LKA | E 2xM75

315LKC | E 2xM75

Figure 7 Standard cable entries

Maximum cable entry size combinations per flange type
While the "Standard Cable Entry Sizes" file helped the model to read standard cable en-
try solutions, it didn’t address scenarios where customers require custom cable entry

sizes. To find the maximum cable entry sizes, a detailed investigation was carried out.

Mechanical engineers were first consulted to give their insights on what cable entry so-
lutions are possible. With their help, old drawings from the internal database were found.
These drawings had information about cable entries that were designed for each flange
type in the past. In addition to this, previous modifications from Salesforce were re-

viewed to get a better understanding of possible solutions.

With this investigation, enough information was gathered to determine what custom
cable entries are possible for each flange type. This information is documented in the
file titled "Maximum Cable Entry Size Combinations per Flange Type." While this file only
mentions the maximum sizes, it can be assumed that smaller sizes can be fitted if the

larger ones are possible.



41

Flange Type 2 Holes 3 Holes 4 Holes SHoles 6 Holes
B-flange 2xM40 1xM40 + 2xM32 + 5xM20
1xM32 + 2xM20
1xM20
2xM32 +
1xM25
2xM40 +
1xM16
C-flange 2xMB3 2xM50 + 1xMB3 + 1xM50 + 4xM25 +
1xM20 3xM20 2xM32 + 2xM20
2xM20
2xM75 2xMEB3 + 2xM50 +
2xM25 1xM25 +
2xM20
2xM7T5 +
2xM25
D-flange 2xM90 3xM7TS 2xM7T5 + 4xM50 + AxM50 +
2xM20 1xM32 2xM25
4xMB3
3xM7T5 +
1xM25
E-flange 2xM30 3xM7TS AxM7T5 4AxMB3 + 4xMB3 +
1xM32 2xM25

Figure 8 Custom cable entries

This file includes the maximum cable entry combinations for each flange type. Gathered
information allows the model to determine custom cable entry solutions by cross-refer-
encing with the flange types provided in the "Standard Cable Entry Sizes" file. With this
new data, the model was provided with easier access to both standard and custom cable

entry information.
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5.3 /Azure Al

After all the required training data was gathered, Azure Al Studio was used to build and
train the model. Azure Al Studio provides tools and frameworks for creating custom Al
solutions designed for particular requirements (Microsoft Azure, 2023). This platform
allows the integration of pre-trained models, which can be fine-tuned with internal data

(Brown et al., 2020).

Al model in this chapter follows the same principles as self-attention mechanisms. When
the user types their question to the chatbot, their input serves as the query (Q). The
training data used for the model acts as keys (K), and each key is given weights that de-
scribe the relevance in relation to the query. The model then compares the query and
key values, using the scaled dot-product attention mechanism. If the model is trained
accurately, the output values (V) can give useful answers to the user (Choi & Lee, 2023,

p. 4; Lezmi & Xu, 2023).

The following files were uploaded into the Azure Al model:
-] Catalogs for 15 motor types
-0 Standard Cable Entry Sizes
-1 Maximum Cable Entry Size Combinations per Flange Type

-0 The variant code description +554 - flanges modified as per the request.

Before the files were uploaded to the model, they were indexed with the Azure Al Search
service. This indexing process organized the data, improving the model's ability to com-
prehend information. With the necessary data indexed, the next step was to upload it
into the model and test its performance with different queries. Figure 9 shows how the

chatbot was fine-tuned to understand the prompts better.
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You are an Al assistant that helps customer support specialist to solve support tickets.

Required actions:

-[J Make sure the prompt has all the needed information. Motor type, motor size and
the requested cable entry is mandatory.

-0 Check “Standard cable entries.pdf” and see if the cable entry size match with
Terminal box standard cable entries of the motor type and size.

-0 If match is not found, read the flange type from “Standard cable entries.pdf”

-[0 Custom cable entry sizes can be found from file “Maximum cable entry size
combinations per flange type.pdf”

-0 Give the user detailed response on the feasibility of the change and link the used

sources.

Figure 9 Fine-Tuning

5.4 |Testing

Chatbot’s ability to handle queries was tested through several interactions. This sec-

tion summarizes the model's performance with different prompts.

Standard cable entries
Responses were accurate for simple inquiries regarding standard cable entries. The

chatbot was also able to provide references so the user could verify the information.

what is standard cable entry of Motor type 3GKP size 180

<Y

The standard cable entry for Motor type 3GKP size 180 is 2 x M40

with plugged entries ' 2.

~ 2 references

1 3GJE 3GKP 3GGP 3GAA_Ex_for_gas_atmospheres.pdf - Part 1

2 | Standard cable entries.pdf - Part 1

Figure 10 Test 1[
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what is standard cable entry of Motor type 3GGP and size 315

SIS

To determine the standard cable entry for Motor type 3GGP and size

315, | consulted the document titled 'Standard cable entries.pdf' 7.
According to this document, for size 315 of Motor type 3GGP, the flange

type is ‘D’ and the standard cable entry is 2xM63 1 .

> 1 references

Figure 11 Test 2

Custom cable entry solution
Conversation in the figure 11 was continued with a question about the feasibility of a
custom cable entry solution. The model was able to correctly read the flange type from

the documentation and gather information about custom cable entry combinations

However, the response was incorrect. Reason for this was most likely the format how
the information was presented in the file. Better preprocessing of the source data

could fix this issue.

Would it be possible to add a custom cable entry 3xM75 for that flange type?

4 9

To determine if it is possible to add a custom cable entry of 3xM75 for the given flange
type, | consulted the document titled ‘Maximum cable entry size combinations per

flange type.pdf’ 1 . According to this document, for the flange type ‘D" which is used for
size 315 of Motor type 3GGP, the maximum cable entry size combination is 2xM63 or

2xM75 or 2xM63 and 1xM75 1. Therefore, it is possible to add a custom cable entry of
2xMT5 ar 2xM63 and 1xM75, but 3xM75 is not listed as a feasible combination for this

flange type T

> 1 references

Figure 12 Test 3
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Salesforce request

In the last test contents of the support tickets were directly entered into the chatbot.
Responses were not useful, because the prompt did not follow the fine-tuned guide-
lines. While the chatbot should have given a follow-up question asking for more detail

like motor type and size, it gave irrelevant information from catalog data.

hello,

we need to change cable glands in order WW0061904. We need 1xM32x1,5 + 1xM20x1,5. Thank you
U

b 9

Based on the documentation, the motors are delivered with plugged cable entries as described in the previous
section 1234 There is a broad selection of different types of cable glands available which are suitable for different
types of cables and outer diameter ranges ' 24 The size of the threaded opening for the M32x1.5 cable gland is

listed as 1 x M32 in the table for the main cable entries for motor frame size 80-132 ", while the size of the
threaded opening for the M20x1.5 cable gland is listed as 1 or 2 x M50 in the table for the main cable entries for

motor frame size 160-180 1. Please note that it is important to select the cable glands carefully, as it is difficult to

modify the cable entries on a flameproof terminal box afterwards 2.

> 4 references

Figure 13 Test 4[|

Hello,

customer informed us, that they need cable entry M50 instead of M&3. According to the
M3GP catalog and the drawing attached in OMS at this order the motor has standard M63.
Please change M&3 to a flange with 2* M50x1.5, thanks.

4 9

The standard cable entry for the M3GP catalog motor is M&3 12 The customer reguested

a change to a flange with 2* M50x1.5 cable entry 2 To check if this request is feasible,
GCS needs to be contacted for a quotation .

~ 2 references

1! +554 - Cast iron fla...cording to order.pdf - Part 1

2 | #554 - Cast iron fla...cording to order.pdf - Part 2

Figure 14 Test 5
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5.5 /Results

Developing a chatbot is a complex task that requires significant expertise and time, par-
ticularly when it comes to preprocessing and indexing the source data. The main goal of

this project was to test Azure Al Studio's ability to assist customer support specialists.

The performance of the model could have been better if the training data was prepro-
cessed before indexing. However, doing so would have extended the scope of the thesis
too much. Therefore, the data was only collected to assist the model in finding infor-

mation more easily.

Limitations regarding the quality of training data became apparent during testing. The
chatbot struggled to provide accurate and reliable responses, as its performance was

highly dependent on how well the questions were drafted.

The data indexing was managed by Azure Al Search Service, which only supported key-
word and semantic searches. While these methods can be useful, they have limitations.
Keyword search looks for exact word matches, and semantic search tries to understand
the general meaning of phrases. With unstructured training data, these methods often

fail to capture the full context of queries, resulting in less accurate results.

Better option would have been vector indexing, but due to technical issues and it was
not supported. Vector indexing converts data into numerical representations that cap-
ture deeper relationships from the data. This is similar to word embedding, where words
with similar meanings were positioned close to each other in the vector space (Madaan

et al., 2024).
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For future projects it is recommended to partner up with the team responsible for Tool
1 (Introduced in Chapter 6.4.1). This would be beneficial as they have experience in data
preparation. In addition to better preprocessing of the data, including vector indexing
and the support for GPT-4 model are crucial aspects to overcome the limitations identi-

fied in this implementation.

Despite these challenges, the chatbot demonstrated the potential of using Azure Al Stu-

dio to assist specialists in managing cable entry and gland changes.
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6L/ Future possibilities

While the previous chapters focused on specific, uses of Al in customer support, this
section brings out possibilities for a future larger-scale implementation. An approach like
this would require more resources and collaboration with specialized IT consultants. If
carried out, implementation would not only make resolving tickets faster for the cus-

tomer support team, but also reduce the overall cases that the sales unit needs to open.

6.1 /Goal

The goal of the proposed Al implementation is to create an advanced chatbot integrated

into Salesforce. It would provide support to the sales unit and customer support team.

When a customer has a request regarding their order, they contact their representative
sales unit. The sales unit then opens a Salesforce ticket to forward the request to a cus-
tomer support specialist. In many cases, these requests are simple and follow set of rules

when resolving them.

The issue with this workflow is that specialists need to spend time, solving problems that
could have been addressed without opening a case. Opening tickets is also time-con-

suming for the employees in the sales unit.

A chatbot that helps the sales unit to analyze the customer inquiries, could reduce the
number of routine cases opened for the customer support team. By training the Al model
with past cases and other relevant data, it could identify patterns and offer potential
solutions automatically by reading the customer’s request. Chatbot would also offer fol-

low-up questions to reach more accurate case resolutions.
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This pre-screening process could resolve simple, repetitive issues within the sales unit,
reducing the number of cases that need to be opened to queues handled by the cus-
tomer support team. If the chatbot’s responses do not provide a satisfactory solution or
if the inquiry requires more detailed analysis, the sales unit could then be guided to open

a normal support ticket.

The customer support team would then utilize the same chatbot to solve the cases from
the Salesforce queues. While the use case would be slightly different for each team, the
model could be fine-tuned accordingly. The sales Unit should be provided with a model
that focuses on handling the simpler inquiries, while the customer support team would
have the chatbot focus on finding solutions to more complex issues. By customizing the

Al model for each team, common issues could be addressed more efficiently.

For the chatbot to deliver these benefits, the model must be trained on a large set of
high-quality data. The next section will detail the most relevant data for the training pro-

cess.

6.2 |Training Data

Research data for this thesis consisted of Salesforce cases from a three-month period.
Future work should expand this scope to include all cases ever received by the cus-
tomer support team, prioritizing more recent cases. The initially processed dataset
could be used as a reference for the Al model to identify the most relevant data points

from the remaining cases. The key elements of the Salesforce data are:

-[] Subject: Order number, Short title describing the change
-[J Description: Detailed explanation of what changes are needed
-] Case resolution description: Comment from a specialist stating what was done

for the order
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Information gathered from salesforce should be then paired with quality notification
data. This will give information about whether or not the requested changes were actu-

ally done and how they impacted the order.

Quality notifications are opened as a part of the order change process. They work as an
assignment to production workers to make the changes that were updated to the order.
Every notification goes through an acceptance process where engineers and other em-
ployees verify the feasibility of the change. If approved, the request is sent to the pro-
duction line and the modification is made. Relevant information in Quality notifications

includes.

Notification feed:
-[] Updates on the progress of the change
-] Possible validation errors

-[J Detailed information about proposed order changes

Description:
-] Production status at the time of the modification

-[J Tells what variant codes are used in the change

For a more precise Al model, it's important to connect motor-specific details from SAP
with the quality notification data. This way chatbot’s responses can consider the limita-
tions of certain motor types. Relevant details include the motor type and size, as well as
the variant codes associated with each motor. By combining Salesforce and quality noti-
fication data with the motor details, the Al model can gain an understanding of the entire

order change process, from the initial request to the final resolution.
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6.3 /Combining Resources with Ongoing Al Projects

When a company starts a new, expensive project, it's crucial to ensure that ongoing pro-
jects do not overlap, so the work is not done twice. Currently, the case company has at
least two other ongoing Al projects. After interviewing the people involved, an overview
of these projects was created to ensure proper coordination and effective use of re-

sources.

6.3.1( 1 Tool 1

In 2020, the case company launched a project to develop a chatbot capable of being
trained with internal data. The time was not right for the initial launch and the project
was restarted in the fall of 2023. As of June 2024, (Tool 1) is primarily used by the war-
ranty and technical teams in one of the case company’s departments, with plans for fu-

ture expansion to other departments.

Features

(Tool 1) was built using Blazor full stack and is hosted on Azure’s virtual machines. Several
features are offered to improve user experience. It provides example questions to help
users get started and allows them to choose between GPT-3.5-turbo and GPT-4 Al mod-
els, depending on whether they want faster or more accurate responses. The chatbot
also saves conversation history, assists with follow-up questions, and includes a search

function that allows for more precise searches.

Training data
Data for the chatbot has been collected from the case company’s library database, pri-
oritizing documents based on their usage frequency. Once sufficient data is gathered

from the library, attention will shift to other important databases.

Data used for (Tool 1) involves mainly PDF files and some Excel spreadsheets. Accurate

indexing is crucial for the model to understand the content. Training the Al model
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includes entering metadata into Excel spreadsheets, linking this metadata to corre-
sponding PDF documents, splitting PDF documents into pages and chunks, and convert-

ing the processed data into JSON objects that can be hosted on Azure virtual machines.

Testing and feedback
Since the spring of 2024, a four-person team has been testing (Tool 1), identifying bugs,
and suggesting new features. Each chatbot response includes a feedback button to eval-

uate its usefulness.

The project has received positive feedback, with many employees saying that they pri-

marily use (Tool 1) before searching the answers elsewhere.

6.3.2[ ] Tool 2

Another ongoing project helps the sales unit match customer specifications with the
right motor configurations. This tool reduces the manual effort and improves the accu-

racy of product selection.

Features
(Tool 2) assists sales professionals by automating the extraction and organization of mo-
tor specifications from customer-provided PDF files. It extracts relevant specifications,

and based on this data it can help on finding the correct motor for this customer.

If a customer forgets to provide some of the relevant data, (Tool 2) will identify the miss-

ing information, simplifying the process of following up with the customer.

The Al tool operates using in-house coded algorithms to gather and process information
forimmediate use and to improve future performance. As the model handles more spec-

ifications, it becomes more accurate in its recommendations.



53

(Tool 2) also offers intelligent suggestions, such as adding a specific variant code to better
match customer requirements. Specialists can choose to use or ignore these suggestions

based on their judgment.

To summarize the final specifications, the tool leverages GPT-4 alongside its in-house
algorithms. It scans the entire PDF and other data to produce a clean summary. This task
runs in the background, allowing specialists to continue working without interruptions.
After the summary is ready, the professional double-checks the summary to make sure

there are no mistakes.

Possibilities in the future, Feedback
At the moment, the sales unit asks questions from customer support team via Salesforce.
As (Tool 2) improves, the sales unit can ask some of the technical questions directly from

it, reducing the workload of customer support specialists.

(Tool 2) can also serve as a discussion forum for questions about different specification
options and their feasibility. This integration ensures that questions are connected to the
context of the motor specifications. These discussions can also train the model, enabling
it to provide answers without needing help from other specialists if the same questions
are asked repeatedly. If (Tool 2) doesn't know the answer, it can provide a link to the
correct Salesforce queue, where the case is solved with the methods mentioned earlier
in this thesis. The development of (Tool 2) can help reduce the volume of repetitive que-

ries in customer support queues.
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7 1Conclusions

This chapter presents the conclusions drawn from the study. It will summarize the re-
search objectives, key findings, limitations, and give recommendations for future re-

search.

7.1 1Results

The following three research questions were presented:

RQ1. What Al solutions are currently possible for different types of requests?
RQ2. What is the most relevant data for training the Al model?

RQ3. What key factors should future research address to improve Al solutions?

To answer these questions, data was collected from a Salesforce ticketing system over a
three-month period, covering 2,875 customer inquiries. The goal was to gain a better

understanding of the types of requests customers make regarding their orders.

After organizing the Salesforce data based on case subtypes, a deeper analysis was con-
ducted. The goal was to find a more accurate representation of the requests to under-

stand the common issues faced by customers better.

The analysis showed that many similar requests were spread across different queues.
Some of the original queues were also too broad to accurately describe what was asked
in the cases. By placing these cases into a more detailed groups, a clearer picture of the

common issues were achieved.

Cases were then divided into two groups based on their resolution methods. This cate-

gorization guided the identification of suitable Al implementations for each type of case.
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For routine cases, the necessary data was mostly available in the SAP ERP system. Due
to the order-specific nature of this data, it was not practical to use it directly in Al model
training. Instead, the study concluded that implementing a chatbot that provides instruc-
tions, on how to resolve cases would be better. By giving step-by-step instructions how
to find information from specific SAP transactions, the Al model is not required to di-

rectly interact with the dynamic data.

In contrast, resolving technical cases requires the specialist to retrieve information from
other sources to verify the feasibility of certain modifications. Data found from these
technical documents is well-suited for training an Al model because it is stable, unlike
the order-related data. By training the model using this information, a chatbot can pro-

vide direct answers to specialists regarding order changes.

To make the study more practical a small subset of customer requests were chosen for a
pilot implementation. This was carried out using the Azure Al platform with the goal of
developing an Al model capable of answering simple questions related to changes in
cable entries or glands. While the implementation did not meet all expectations, it pro-
vided a solid starting point for future work. Findings offered a clear picture of how Al
could support the Customer Support team and help improve their efficiency in the fu-

ture.

The second research question focused on identifying the most relevant data for training
the Al model. Through a detailed analysis of Salesforce cases and leveraging the author’s

work experience, a list of useful data sources was collected.

-1 Product catalog: Technical details of motors and customization options.
-] Variant Codes: Descriptions of the possible modifications

-1 Excel Files: Formulas for cost and delivery impacts

-1 Specialist Input: Guides for resolution methods and SAP navigation.

-1 Salesforce Cases: Support ticket details.
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7.2 JLimitations

The research gave promising results, but several limitations must be acknowledged. The
study's scope was limited to cases gathered from a three-month period and every re-
guest was manually processed to gather meaningful information. Manual processing of
the data may have introduced some inaccuracy in the findings. Additionally, the data
only reflected customer requests without tracking the actual changes made to motors.
Therefore, it cannot be determined how many cases were only inquiries and how many

actually resulted in modification.

After moving to the pilot implementation, several challenges were identified, particu-
larly in the preprocessing and indexing of the training data. These issues impacted the

ability to generate accurate chatbot responses.

The implementation relied on Azure Search Service for data indexing. However, due to
restricted resources, the system could only use keyword and semantic search methods.
While these techniques are good with well-structured data, they were less effective for
the data used in this project. A more suitable approach would have been vector indexing,
which could have handled the data more effectively. This method would have likely im-
proved the accuracy of the chatbot’s responses by capturing the relationships within the
training data better.

Another challenge was the use of the GPT-3.5 model. While it performed reasonably

well, the adoption of GPT-4 could have produced more accurate responses.

Additionally, the scope of the pilot was limited to a single use case. The model was fine-
tuned for this specific scenario, which means expanding it to handle multiple cases may
introduce additional challenges. Broader use cases will likely require further adjustments

and fine-tuning of the model.
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7.3[1 Future recommendations

To address the third research question on what factors future Al projects should con-

sider, several key areas were identified.

1.[JExpanding the Dataset: The initial study used Salesforce data from a three-
month period. Future Al models would benefit from a broader dataset includ-
ing all cases ever received. Cases that were manually processed for this thesis
could be used to train the Al model to automate the processing. This dataset
should be then linked to quality notifications that were opened when doing the
particular change. This way the model will get better understanding on what
modifications were actually made. To further improve the model’s accuracy

motor-specific details from SAP should be linked with each quality notification.

2.[JFine-Tuning Al Models: Fine-tuning Al models for specific teams such as the
sales unit and customer support is crucial when expanding the scope of the im-
plementations. Customizing the model for the sales team can refine its re-
sponses to determine if customer requests can be fulfilled. This pre-screening
of simple and repeating issues could reduce the number of cases that need to
be escalated to the customer support team. Meanwhile, the chatbot can be tai-
lored to handle more complex issues for the customer support team. This ap-
proach enhances overall effectiveness by ensuring that the model provides ap-

propriate levels of support based on the specific needs of each team.
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3.[1Upgrading Al Capabilities Upgrading from GPT-3.5 to GPT-4 is recommended to
improve the model’s ability to handle a broader range of complex queries. To
address the limitations of keyword and semantic indexing, adopting vector in-
dexing is important. This will significantly improve the chatbot's ability to han-
dle complex queries and improve response quality, even with unstructured

data handled in this thesis.[]

4. JCoordination with IT Specialists and Ongoing Projects Effective coordination
with other ongoing Al projects within the case company is crucial for optimizing
resources. For technical challenges like data preprocessing and indexing, it’s ad-

vised to consult IT specialists to get more reliable results.

This thesis has shown that Al has great potential to enhance customer support work-
flows. Despite some limitations, the research provides a strong foundation for future Al
projects by offering practical recommendations. Applying the mentioned recommenda-

tions can help the case company utilize Al in customer support work more efficiently.
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