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Abstract

Email classification and routing are essential yet challenging tasks in modern organiza-
tional workflows. Manual handling of incoming messages often results in delays, misclas-
sification, and inefficiencies, particularly in multilingual and high-volume environments.
This thesis introduces a three-phase intelligent email routing framework that integrates
traditional machine learning techniques, semantic similarity models, and state-of-the-art
large language models (LLMs) to achieve high accuracy, scalability, and cost-efficiency.
In the first phase, a semantic keyword extraction pipeline is implemented using the all-
MiniLM-L6-v2 SentenceTransformer model, combined with natural language processing
techniques such as tokenization, stopword removal, and similarity-based categorization.
This stage identifies and classifies domain-specific terms with high precision, providing
a robust foundation for further semantic analysis. The second phase leverages advanced
LLMs, including multiple GPT-based models (e.g., GPT-3.5, GPT-4) and LLaMA-based
models (e.g., LLaMA-2, fine-tuned variants), to perform deep, context-aware interpreta-
tion of email content. These models are tested in both zero-shot and few-shot configura-
tions to evaluate their adaptability to multilingual, multi-label, and ambiguous classifica-
tion tasks. In the final phase, an automated routing engine applies decision logic, enriched
with summarization techniques, to ensure that emails are directed to the correct depart-
ments. This stage also integrates human-in-the-loop review for cases with low confidence
scores, thereby balancing automation with quality assurance. The system will be bench-
marked against traditional rule-based and standalone machine learning classifiers, with
performance evaluated using metrics such as accuracy, precision, recall, F1-score, misclas-
sification rate, inference time, and cost per processed email. A detailed cost-performance
analysis will compare cloud-based API deployments against self-hosted LLaMA inference
setups, highlighting trade-offs between accuracy and operational expenses. By bridging

keyword-level similarity analysis with advanced semantic reasoning, this research aims to

IT



provide a robust, multilingual, and adaptive solution to email classification and routing.
The contributions are expected to advance both academic understanding and practical
implementations of Al-driven communication systems, offering a scalable blueprint for

real-world deployment in diverse organizational contexts.
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AncrpakTt

Knacudukanujata u mpeHacoqyBarmeTo Ha e-II0IITa ¢e CYNITHHCKU, HO IPEIU3BUKYBATKHI
33891 BO COBPEMEHHUTE OPraHu3alluCK pabOTHI IIpoIiecu. PadHoTO pakyBambe co J10jI0BHI
[IOPAKH 9eCTO PE3Y/ITUPA CO JOIHEHa, IIOrPEITHa Kiacudukaliija n HeehbuKacHOCTH, 0COOEHO
BO MMOBEKEja3sWIHN U BUCOKO-0OeMHHU cpeqnuan. OBaa Te3a BOBeyBa MHTEIUTEHTHA PAMKa
3a [IpeHacovIyBabe Ha e-1I0IITa BO TpH (has3u, Koja I'M MHTErpupa TPaJIUIIHOHATHITE TEXHUKN
Ha MAaIllMHCKO Y4Yeme, MOJEJIUTEe 3a CeMaHTUYKa CIANYHOCT U HajCOBPEMEHHUTE jJa3udHu

mozesin (LLMs), co 1mest a ce mocTurue BIHCOKA TOYHOCT, CKAJIAOUIHOCT U HCILIATIHBOCT.

Bo npBara daza ce nmMmiieMeHTHPa MEBKOBOJ 3a CEMaHTHYKO H3BJIEKYBarbe Ha KJIYIHH
36opoBu Kopucrejku 1o momesor all-MiniLM-L6-v2 SentenceTransformer, komMOunupan
CO TEeXHUKHU 3a 00pabOoTKa Ha MPUPOJEH jasWK KaKO TOKEHHW3allhja, OTCTPaHyBarbe Ha
cTOI-300POBU U KaTeropusaliija Bp3 ocHOBa Ha caum4dnocT. Oaa daza mpeHTudukysa
1 KJIacUPUIIPa JTOMEHCKH CIENI(PUIHT TEPMIHI CO BHCOKA IIPEIU3HOCT, 00e30e/1yBajKu

IBPCTa OCHOBa 3a IIOHaTaMOIIHa CEMaHTHUYKa aHaJIn3a.

Bropara daza ru KopucTu HalpeIHUTe ja3sUuuHd MOJEJH, BKIydyBajku noseke GPT-
6asupanu mozesu (Ha np. GPT-3.5, GPT-4) u LLaMA-6asupanu mozernn (Ha mp. LLaMA-

2, buHO pUIATO/IEHY BAPUjAHTH ), 3 J[7TA00KA U KOHTEKCTYaJIHO 1yBCTBUTEIHA HHTEPIPETAIH]ja
Ha coap;KuHaTa Ha e-momrara. OBue Mozgenu ce Tecrupaar BO zero-shot u few-shot
KOH(DUI'ypaIyn 3a J1a ce OIleHN HUBHATA a1allTAOMIHOCT Ha OBEKEja3uIHN, T0OBEKe-eTUKETHI

U JIBOCMUCJIEHH 33Ja41 3a KJIacuduKaImja.

Bo dunamnara daza, aromaTusupaH MOTOP 3a IMPEHACOTYBAhE TPUMEHYBA O[Ty Iy BadKa,
JIOTUKa, 300rareHa co TEXHUKHU 38 CYMUPAIbe, 3a J1a 00e30e/1 JeKa e-TIOIITUTE ¢ HACOTyBaaT
KOH npaBuyiaATe ojien. OBaa aza MCTO Taka MHTEIPUPa TOBEUYKa IIPOBEPKA BO CJIydan
€O HUCKM PE3YJITATH HA CUT'YPHOCT, CO IITO ce Da/laHCHpa aBTOMAaTU3aIjaTa co 00e30e/1yBambe

Ha KBaJINTET.
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CucremMoT Ke ce criopeiyBa €O TPaUIUOHATHU KjIacudukaTopu Oa3zupaHud HaA MPABUJIA
U CAMOCTOJHH MOJEIH 3a MAIUHCKO yd4eme, a mnepdopMmaHcuTe Ke ce eBaaynpaarT Cco
KOPHCTEIhe Ha METPUKHU KAKO TOYHOCT, Ipenu3HocT, recall, Fl-score, cranka Ha morperina
KJlacuduKalmja, BpeMe Ha HWHQEpPEHIrja U TPOIIOK 110 obpaboTeHa e-momTa. /Jlertasna
aHaJIN3a Ha TPOIIOK-Tiepdopmanc Ke ru cuopean cloud-6asupannre API mminiemenTammm
co camoctojuo xoctupanu LLaMA wrbepermckn cucreMn, nCTaKHYBajKN T KOMITPOMUCHTE

HOMef‘y TOYHOCT M OIll€epaTUBHH TPOIIOIIHN.

Co moBp3yBame Ha aHajUM3aTa Ha CANIHOCT HA HUBO Ha KJIYIHH 300POBU CO HAIIPEIHO
CEMAHTHYKO PE30HUPAIbe, OBa NCTPaKyBarhe NMa 3a 11eJ1 J1a 00e30e 11 poOyCTHO, TTOBEKeja3uaHO
U aJIAIITUBHO DellleHne 3a KjaacuuKalyja U npeHacoudyBame Ha e-tomTa. (Ce odeKkyBa
MPUJIOHECUTE JIa TO YHAIIPEIAT U aKaJIeMCKOTO Pa30nupare U NIPaKTHIHUTE UMILIEMEHTAIIUN

na Al-yrnpaByBanu KOMyHUKAIUCKN CUCTEMU, HY/ICJKU CKaJIA0UICH IJIaH 38 PeaIHa TPUMeHa

BO PA3J/IMYHU OPraHU3allMCKNU KOHTCEKCTHU.



Abstrakt

Klasifikimi dhe drejtimi i email-eve jané detyra thelbésore, por sfiduese, né flukset e
punés té organizatave moderne. Menaxhimi manual i mesazheve hyrése shpesh rezulton né
vonesa, klasifikim té gabuar dhe mungesé efikasiteti, vecanérisht né mjedise shumégjuhéshe
dhe me volum té larté. Ky punim prezanton njé kornizé inteligjente pér drejtimin e email-
eve me tre faza, e cila integron teknikat tradicionale té té mésuarit makinerik, modelet
e ngjashmérisé semantike dhe modelet mé té avancuara gjuhésore (LLMs), pér té arritur

saktési té larté, shkallézim dhe efikasitet né kosto.

Né fazén e paré, implementohet njé linjé semantike pér nxjerrjen e fjaléve kyce duke
pérdorur modelin all-MiniLM-L6-v2 SentenceTransformer, té kombinuar me teknika té
pérpunimit té gjuhés natyrore si tokenizimi, heqja e fjaléve té zakonshme (stopwords)
dhe kategorizimi sipas ngjashmérisé. Ky hap identifikon dhe klasifikon termat speci-
fiké té domenit me saktési té larté, duke ofruar njé bazé solide pér analiza semantike té

métejshme.

Faza e dyté pérdor modelet gjuhésore mé té avancuara, duke pérfshiré disa modele té
bazuara né GPT (p.sh. GPT-3.5, GPT-4) dhe modele té bazuara né LLaMA (p.sh.
LLaMA-2, variante té pérshtatura), pér interpretim té thellé dhe té ndjeshém ndaj kon-
tekstit té pérmbajtjes sé email-eve. Kéto modele testohen si né konfigurim zero-shot ashtu
edhe few-shot pér té vlerésuar aftésiné e tyre pér t’iu pérshtatur klasifikimit shumégjuhésh,

multi-label dhe rasteve té paqarta.

Né fazén pérfundimtare, njé motor automatik drejtimi aplikon logjiké vendimmarrése, té
pasuruar me teknika pérmbledhjeje, pér té siguruar qé email-et té dérgohen né departa-
mentet e duhura. Ky hap gjithashtu integron rishikimin nga njeriu pér rastet me vlerésim

té ulét té besueshmeérisé, duke balancuar késhtu automatizimin me sigurimin e cilésisé.
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Sistemi do té krahasohet me klasifikues tradicionalé té bazuar né rregulla dhe té mésuar
makinerik, me performancé té vlerésuar duke pérdorur metrika si saktésia, precizioni,
rikujtimi, F1-score, shkalla e klasifikimit té gabuar, koha e pérpunimit dhe kostoja pér
email té procesuar. Njé analizé e detajuar e raportit kosto-performancé do té krahasojé
shérbimet cloud API me zbatimet e veté-hostuara té inferencés LLaMA, duke theksuar

kompromiset midis saktésisé dhe shpenzimeve operacionale.

Duke lidhur analizén e ngjashmérisé né nivel fjalé-kyge me arsyetimin semantik té avan-
cuar, ky kérkim synon té ofrojé njé zgjidhje té fugishme, shumégjuhéshe dhe adaptive
pér klasifikimin dhe drejtimin e email-eve. Kontributet priten té avancojné si kuptimin
akademik, ashtu edhe zbatimet praktike té sistemeve té komunikimit té drejtuara nga
Al, duke ofruar njé plan té shkallézueshém pér pérdorim real né kontekste té ndryshme

organizative. ...
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1.1 Motivation

In today’s organizations, email remains one of the main channels for communication with
customers and partners. Companies receive thousands of emails daily, which need to be
read, understood, and forwarded to the right department. When this process is done
manually, it often causes long delays, mistakes in classification, and requires several full-
time employees to handle the workload. Studies have shown that reading and forwarding
a single email can take several minutes, which, when multiplied by thousands of messages,

creates significant inefficiencies.

At the same time, recent progress in artificial intelligence and natural language processing
has shown promising results in automating such tasks. Large Language Models (LLMs)
such as GPT-4, LLaMA, and Mistral are able to understand complex, multilingual, and
even ambiguous messages in ways that older rule-based or classical machine learning
methods cannot. This creates a strong motivation to design a new system that combines
the strengths of keyword-based methods, semantic similarity models, and LLMs in order

to improve email classification and routing.

1.2 Problem Statement

The main problem organizations face is the inefficient and error-prone handling of emails.
Manual processing takes too long (on average 2-5 minutes per email), and misclassification
rates can reach as high as 30%. This leads to delays in communication, frustration for

customers, and unnecessary workloads for employees.

Traditional methods, such as rule-based filters or classical machine learning models, also
show limitations. They often fail when an email contains multiple topics (multi-label
classification) or when it is written in different languages. In real-world practice, many
emails belong to more than one category or need attention from different departments.

Current approaches are not flexible enough to deal with this complexity.

The problem can, therefore, be summarized as follows:

e Organizations need an automated email routing system that is faster, more accurate,

and scalable.



e The system must handle multi-label classification, multilingual input, and ambigu-

ous content.

e [t should also reduce the manual workload while keeping a human review option for

sensitive or uncertain cases.

1.3 Research Question and Hypothesis

1.3.1 Main Research Question

The primary objective of this thesis is to investigate the effectiveness of integrating tradi-
tional machine learning techniques, NLTK-based keyword processing, and large language
models (LLMs) into a unified system for automated email classification and departmental

routing.

Research Question (RQ):

How can a multi-phase classification model that combines traditional ma-
chine learning techniques, NLTK-based keyword extraction, and large lan-
guage models improve email classification accuracy and departmental routing

compared to traditional rule-based approaches?

1.3.2 Main Hypothesis

Hypothesis (H1):

A multi-phase classification model that integrates machine learning methods
and NLTK-based keyword extraction with large language models for semantic
analysis and summarization will significantly improve the accuracy, scalabil-
ity, and overall effectiveness of email classification and departmental routing

compared to traditional keyword-based or rule-based systems.

1.3.3 Expected Outcomes

The underlying assumption of this hypothesis is that combining structured keyword-

based filtering with the deep contextual understanding provided by large language models



enables the system to handle ambiguous, multi-topic, and semantically complex emails

more effectively than single-layer approaches.

It is expected that the proposed system will achieve higher classification accuracy across
departments, demonstrate improved robustness in complex linguistic scenarios, and main-
tain acceptable runtime performance for real-world municipal deployment. The empirical
evaluation presented in Chapter 4 provides quantitative evidence to assess whether these

expectations are validated.

1.4 Methodology

To address the research problem, this thesis proposes a three-phase intelligent email clas-
sification and routing framework that integrates traditional natural language processing

techniques with large language models.

1.4.1 Phase 1: Keyword Extraction and Preprocessing

The first phase focuses on textual preprocessing and semantic keyword extraction. Nat-
ural language processing techniques such as tokenization, stop-word removal, and nor-
malization are applied to structure the raw email content. Embedding models (e.g.,
all-MiniLM-L6-v2) are utilized to capture semantic similarity between messages and pre-
defined domain categories. This stage provides structured linguistic features that serve

as the foundation for downstream classification.

1.4.2 Phase 2: Context-Aware Classification with Large Lan-

guage Models

The second phase introduces deep semantic classification using large language models
(LLMs). Advanced transformer-based models such as GPT variants and LLaMA archi-
tectures are evaluated for their ability to understand contextual meaning and classify
emails into predefined departments. Both zero-shot and prompt-engineered configura-
tions are explored to assess model adaptability across multilingual and multi-topic inputs.
Comparative experiments are conducted across multiple LLM architectures to evaluate

differences in accuracy, latency, and robustness.



1.4.3 Phase 3: Automated Routing and Summarization

In the final phase, the predicted department is used by a routing engine that forwards the
email to the appropriate recipient within the organization. In addition, automatic summa-
rization is applied to generate a concise overview of the message content, enabling faster
human review and improved workflow efficiency. This phase connects the classification

output with practical deployment requirements.

User Rails Backend MySQL Database LLM API (OpenAl/LLaMA) Amazon SES

Submit Message via Web Form

Store raw message & metadata

Stage 1: Initial Category Detection

Prompt 1 (Detect general topic)

Return detected category

A

Stage 2: Department Routing & Summarization

Prompt 2 (Assign to specific department + Summarize)

Return predicted department & concise summary

Stage 3: Output Validation

Prompt 3 (Validate format)

Return structured JSON

Save classification results & token usage

alt [Confidence is High]

Forward email + summary

Deliver to Specific Department

A

[Fallback / Low Confidence]

Route to Central Contact (Human-in-the-loop)

User Rails Backend MySQL Database LLM API (OpenAl/LLaMA) Amazon SES

Figure 1.1: The 3-Stage LLM Classification Sequence Diagram

1.4.4 Dataset and Evaluation Strategy

The experimental evaluation is conducted using a dataset of real-world emails collected
from municipal and organizational communication contexts. The dataset contains several

thousand labeled messages distributed across multiple departments.

System performance is assessed using quantitative evaluation metrics, including classifi-
cation accuracy, precision, recall, F1-score, misclassification rate, and inference time. In

addition, runtime characteristics such as latency and throughput are analyzed to assess



deployment feasibility.

Comparative analysis is performed across different large language models to evaluate
trade-offs between classification performance, computational efficiency, and system scala-

bility in both self-hosted and API-based setups.

1.5 Contribution

This thesis makes several important contributions to the field of automated email clas-
sification and routing. First, it introduces a new three-phase framework that combines
keyword extraction, context-aware classification with large language models, and auto-
mated routing with summarization. This design goes beyond existing single-phase or

rule-based systems by integrating multiple techniques into one coherent solution.

Second, the thesis benchmarks this framework against traditional approaches such as
rule-based systems and standalone machine learning classifiers. The comparison is based
on real organizational emails and uses metrics like accuracy, precision, recall, Fl-score,
misclassification rate, and inference time. In this way, the work demonstrates not only
the potential of LLM-driven approaches but also provides a fair reference to established

methods.

Another contribution is the cost-performance analysis, which examines the trade-offs be-
tween using commercial cloud APIs and self-hosted open-source models. By analyzing
both processing efficiency and operational expenses, the thesis offers organizations prac-

tical guidance for deployment.

Furthermore, the framework shows scalability and multilingual support. It demonstrates
that advanced LLMs can successfully handle multi-label classification tasks, process am-
biguous messages, and operate across multiple languages—areas where traditional ap-

proaches usually fall short.

Finally, the thesis delivers a practical blueprint for organizations that wish to improve
their communication workflows. By reducing manual workload, increasing accuracy, and
ensuring reliable message delivery, the proposed system provides a scalable and adaptable

solution that can be applied in real-world contexts.



1.6 Report Outline

This thesis is organized into five chapters that progressively present the problem, the

theoretical background, the proposed system, and the evaluation results.

e Chapter 1: Introduction and Motivation
This chapter introduces the motivation behind automated email routing systems and
explains the problem addressed in this research. It presents the research question,
hypothesis, expected outcomes, and the overall methodology used to develop and

evaluate the proposed solution.

e Chapter 2: Background and Related Work
This chapter reviews the theoretical foundations required to understand the pro-
posed system. It introduces large language models, transformer architectures, prompt
engineering, text classification techniques, and multilingual challenges. In addition,
the chapter analyzes existing research on automated email classification and sum-

marizes related work in the field.

e Chapter 3: System Model
This chapter describes the architecture and design of the proposed email routing
system. It explains the system components, including the frontend interface, back-
end processing layer, semantic keyword extraction module, LLM-based classification
pipeline, email delivery mechanism, and database structure. The chapter also dis-

cusses deployment using containerization technologies.

e Chapter 4: Data Analysis and Notification System
This chapter presents the experimental design and evaluation of the proposed sys-
tem. Multiple large language models are tested using a dataset of real-world emails
from several organizational departments.The chapter analyzes classification accu-
racy, department-level performance, runtime latency, and resource utilization, pro-

viding a comparative evaluation of the models.

e Chapter 5: Conclusion
This chapter summarizes the main findings of the thesis and discusses the implica-

tions of using large language models for automated email routing. It highlights the

7



contributions of the proposed system, addresses its limitations, and outlines possible

directions for future research and system improvements.
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2.0.1 Large Language Models

Large Language Models (LLMs) are neural network models trained on large-scale text
corpora to understand and generate natural language. Modern LLMs are primarily based
on the Transformer architecture introduced by Vaswani et al. [1]. These models learn
contextual representations of language through large-scale pretraining and can perform a
wide variety of natural language processing tasks, including translation, summarization,

question answering, and text classification [2-4].

Unlike earlier machine learning approaches that required task-specific training, LLMs can
generalize to new tasks through prompting and instruction-following mechanisms. This
capability enables models to perform tasks such as classification or reasoning with little

or no additional training data.

2.0.2 Transformer Architecture

Most modern LLMs are built on the Transformer architecture, which relies on self-
attention mechanisms to model relationships between words in a sequence [1]|. In contrast
to earlier recurrent neural networks, Transformers process tokens in parallel and capture

long-range dependencies efficiently.

A typical Transformer consists of stacked layers of self-attention mechanisms and feed-
forward neural networks. Each token in the input sequence is represented as an embedding
vector combined with positional encoding to preserve word order. During processing,
attention mechanisms allow tokens to dynamically interact with each other, enabling the

model to identify semantic relationships within the text.

This architecture enables LLMs to scale to billions of parameters and process extremely

large datasets, which has significantly improved performance across NLP tasks.
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2.0.3 Families of Large Language Models

Over the past few years, several major LLM families have been developed. Among the
most influential are the GPT series developed by OpenAl, the LLaMA family developed

by Meta Al and open-source models such as Mixtral and Qwen [5-7].

GPT models use a decoder-only transformer architecture optimized for autoregressive text
generation. These models demonstrated that large-scale pretraining can produce strong
zero-shot and few-shot capabilities [6]. Later models such as GPT-4 further improved

reasoning and contextual understanding.

The LLaMA family focuses on efficiency and open research access. These models demon-
strate that carefully curated training datasets and architectural optimizations can produce

competitive results even with smaller parameter sizes [7].

Mixture-of-experts architectures, such as Mixtral, introduce sparse activation, where only
part of the model is used during inference. This approach improves computational effi-

ciency while maintaining high model capacity [8].

While proprietary models often achieve slightly higher performance, open models have

rapidly improved and are widely used for research and local deployment.

2.0.4 Open-Source vs Closed-Source LLMs

Large language models can be broadly categorized as open-source or closed-source systems.
Open-source models provide access to model weights and training methods, enabling
researchers and organizations to inspect, modify, and deploy the models locally [7|. This
transparency allows independent verification of model behavior and reduces dependency

on external providers.

In contrast, closed-source models are typically offered through commercial APIs. These
systems provide strong performance and integrated infrastructure but limit transparency

regarding training data and model architecture.

The choice between these approaches often depends on trade-offs between performance,

cost, transparency, and deployment requirements.
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Closed-source vs. open-weight models

Competition intensifies as GPT-40 takes a clear lead in terms of Elo score.
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Figure 2.1: Comparison of closed-source and open-weight large language models based on
Arena Elo scores.

2.0.5 Text Classification Methods

Text classification is a core task in natural language processing that involves assigning pre-
defined categories to text documents. Early approaches relied on rule-based systems and

statistical models such as Naive Bayes, Support Vector Machines, and logistic regression.

With the introduction of deep learning, transformer-based models such as BERT and
RoBERTa have significantly improved classification performance [4]. These models learn

contextual embeddings that capture semantic relationships between words.

More recently, large language models have enabled classification without task-specific
training. Through prompting techniques, LLMs can classify documents using natural

language instructions, which reduces the need for labeled datasets.
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2.0.6 Evolution of Email Classification

Email classification systems have evolved significantly over time. Early systems relied on
manually defined rules based on keywords or sender information. While easy to imple-
ment, these approaches struggled with language variation and required constant mainte-

nance.

Later systems adopted machine learning models trained on labeled datasets. Techniques
such as Naive Bayes and SVM improved accuracy but still relied on static feature repre-

sentations such as TF-IDF [9].

Recent research has explored deep learning and transformer-based approaches that cap-
ture contextual meaning rather than simple keyword matching. These models are better
suited for complex scenarios such as multilingual messages, ambiguous queries, and multi-

label classification tasks.

2.0.7 Prompt Engineering and Instruction-Based Learning

One of the defining characteristics of modern large language models is their ability to
perform tasks through natural language instructions rather than explicit retraining. This
paradigm, commonly referred to as prompt engineering, involves designing textual prompts
that guide the model toward producing the desired output. Instead of modifying model
parameters through supervised learning, prompt engineering leverages the knowledge ac-

quired during large-scale pretraining [4, 6].

Prompt engineering typically involves structuring the input to include instructions, con-
textual information, examples, and constraints. The prompt defines the task in natural
language, and the model generates an output consistent with the provided instructions.
For example, in classification tasks, a prompt may instruct the model to assign an email

to a predefined category based on its content.

Two commonly used prompting strategies are zero-shot and few-shot prompting. In zero-
shot prompting, the model receives only a description of the task without example outputs.
The model must rely entirely on its pretrained knowledge to generate an appropriate
response. In contrast, few-shot prompting provides several example input—output pairs

that demonstrate how the task should be performed. These examples help the model infer
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the expected behavior and often improve task performance [6].

Instruction-tuned models further enhance this capability. During instruction tuning, mod-
els are trained on large collections of prompts and responses designed to teach the model
how to follow natural language instructions effectively. This training process significantly
improves task adaptability and enables LLMs to perform a wide variety of tasks without

additional fine-tuning [4].

Prompt engineering has therefore become an important technique in modern NLP sys-
tems, particularly in situations where labeled datasets are limited. By carefully designing
prompts, developers can guide model behavior, enforce structured output formats, and

improve classification accuracy without retraining the model.

2.0.8 Multi-Label Text Classification

In many real-world applications, a document may belong to multiple categories simulta-
neously. This problem is known as multi-label classification and differs from traditional

single-label classification, where each document is assigned to only one category.

Email communication frequently represents a multi-label problem. For example, a cus-
tomer message may simultaneously address billing issues and technical support concerns.
In such cases, restricting the classification system to a single label may lead to incorrect

routing or delayed responses.

Traditional machine learning approaches often addressed multi-label classification by
transforming the task into multiple binary classification problems. Methods such as bi-
nary relevance train separate classifiers for each label. Although simple to implement,
these approaches ignore relationships between labels and may therefore limit performance
[4].

More advanced approaches attempt to capture dependencies between labels. Neural net-
work models can learn shared representations that model relationships between categories,
which can improve classification accuracy. In deep learning systems, multi-label classifica-
tion is typically implemented using sigmoid activation functions and binary cross-entropy

loss functions, allowing the model to predict multiple labels simultaneously.

Large language models offer additional flexibility for multi-label classification tasks. In-

14



stead of predicting labels through fixed output layers, LLMs can generate multiple cat-
egories through structured prompts. This approach enables classification systems to dy-

namically adapt to new categories without retraining the model.

The ability to support multi-label classification is particularly important in automated
email routing systems, where messages may contain multiple topics that require attention

from different departments [9].

2.0.9 Multilingual Challenges in Email Classification

Another important challenge in automated email classification systems is multilingual
communication. Organizations that operate internationally often receive emails written

in multiple languages, including English, German, French, and other regional languages.

Traditional machine learning systems typically require separate models for each language.
These systems rely heavily on language-specific preprocessing techniques such as tok-
enization, stemming, and stopword removal. Maintaining separate processing pipelines

for multiple languages increases system complexity and reduces scalability.

Transformer-based architectures have significantly improved multilingual language pro-
cessing. Many modern language models are trained on large multilingual datasets that
include text from multiple languages. As a result, the models learn shared semantic
representations across languages, allowing them to process multilingual input effectively
[4].

Multilingual large language models can therefore analyze messages written in different
languages without requiring separate classification pipelines. This capability is particu-

larly useful for automated support systems and communication platforms that interact

with users from diverse linguistic backgrounds.

Despite these improvements, multilingual classification still presents challenges. Some
languages may be underrepresented in training data, which can reduce model accuracy.
Additionally, cultural differences and domain-specific terminology may affect classification
performance. Addressing these challenges often requires careful evaluation and domain-

specific model adaptation.
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2.0.10 Evaluation Metrics for Text Classification

Evaluating the performance of classification systems requires appropriate quantitative
metrics. In text classification tasks, several standard evaluation measures are commonly

used to assess model performance.

Accuracy is one of the most widely used metrics and represents the proportion of correctly
classified instances relative to the total number of instances. However, accuracy alone may
not provide a complete assessment of model performance, particularly when datasets are

imbalanced and some classes appear more frequently than others [4].

Precision measures the proportion of correctly predicted positive instances among all pre-
dicted positive instances. Recall measures the proportion of correctly predicted positive
instances among all actual positive instances. These two metrics provide insight into the

balance between false positives and false negatives.

The F1-score combines precision and recall into a single metric by calculating their har-
monic mean. This measure is particularly useful when both precision and recall are

important for evaluating system performance.

In multi-label classification scenarios, additional evaluation methods such as macro-averaged
and micro-averaged F'1-scores are often used. These metrics provide a more comprehensive

assessment of performance across multiple categories.

In the context of email classification systems, evaluation metrics are essential for com-
paring different approaches, including rule-based systems, traditional machine learning

models, and modern transformer-based methods.

2.0.11 Human-in-the-Loop Systems

Although automated classification systems can significantly improve efficiency, fully au-
tomated decision-making may introduce risks in sensitive applications. As a result, many
real-world systems adopt a human-in-the-loop approach, where automated predictions are

supplemented by human review [4].

In human-in-the-loop systems, machine learning models perform the initial classification
or routing task. Messages that are classified with high confidence are processed auto-

matically, while uncertain cases are forwarded to human operators for verification. This
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approach balances automation with quality assurance and helps prevent incorrect deci-

sions in ambiguous situations.

Confidence scores are commonly used to determine when human intervention is necessary.
If the classification model produces a low confidence score, the message can be flagged for
manual review. This mechanism ensures that complex or unusual cases receive appropriate

attention.

Human-in-the-loop systems are particularly valuable in email routing environments, where
incorrect classification could delay responses or route messages to the wrong department.
By combining automated analysis with human oversight, organizations can maintain high

accuracy while benefiting from the efficiency of Al-based systems [9].

2.0.12 Tokenization and Text Preprocessing

Before natural language text can be processed by machine learning models, it must first
be transformed into a structured format that computers can interpret. This transfor-
mation is typically performed through a set of preprocessing steps collectively known as
text preprocessing. One of the most fundamental steps in this pipeline is tokenization.
Tokenization refers to the process of splitting raw text into smaller units called tokens.
These tokens may represent words, subwords, or characters depending on the tokenization

strategy used.

Tokenization is essential because neural networks cannot directly process raw text. In-
stead, language models operate on numerical representations of textual elements. There-
fore, each token must eventually be converted into a numeric representation that can be
interpreted by the model. This step forms the bridge between human-readable language

and machine-interpretable numerical data.

Traditional natural language processing systems commonly used whitespace-based tok-
enization, where sentences are divided into individual words using spaces and punctu-
ation. Although this approach works well for many simple tasks, it introduces several
limitations. Natural language contains morphological variations, compound words, and
rare vocabulary that may not appear frequently in training datasets. As a result, word-
based tokenization can lead to extremely large vocabularies and difficulties in handling

previously unseen words.
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To address these challenges, modern transformer-based models employ subword tokeniza-
tion. Instead of representing each word as a single token, subword tokenization breaks
words into smaller reusable units. Popular algorithms include Byte Pair Encoding (BPE),
WordPiece, and SentencePiece. These methods construct a vocabulary of frequently oc-
curring subword units that can be combined to represent a large number of words. For
example, a word such as classification may be decomposed into smaller components such
as class, ##ifica, and ##tion. Even if the complete word is not present in the training

dataset, the model can still infer meaning from its subword components |1, 10].

Another important aspect of text preprocessing involves normalization operations. These
operations aim to reduce noise and improve the consistency of textual input. Typical
normalization techniques may include converting text to lowercase, removing punctuation,
filtering stop words, or applying stemming and lemmatization. While traditional machine
learning pipelines relied heavily on such preprocessing operations, modern large language
models often require minimal preprocessing because they are trained on massive and

diverse text corpora that already contain natural language variations.

Once tokenization is completed, each token is mapped to a numeric identifier within the
model vocabulary. These identifiers are then transformed into dense vector representa-
tions known as embeddings. Embeddings capture semantic and contextual relationships
between tokens and enable neural networks to learn patterns in language. This trans-
formation from raw text to vector representations forms the foundation of most modern

natural language processing pipelines.
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Figure 2.2: Processing pipeline of transformer-based language models from text to output
tokens.

Through this preprocessing pipeline, raw textual input is transformed into a structured
numerical format that allows machine learning models to analyze and understand nat-
ural language effectively. Efficient tokenization methods therefore play a crucial role in
enabling modern transformer architectures and large language models to process large

volumes of textual data.

2.0.13 Semantic Text Representation

An important development in natural language processing is the shift from traditional
frequency-based representations toward semantic vector representations. Early approaches
such as Bag-of-Words (BoW) and Term Frequency-Inverse Document Frequency (TF-IDF)
represent documents using word occurrence statistics. Although these techniques are com-
putationally efficient, they fail to capture semantic relationships between words and ignore

contextual meaning.

To address these limitations, distributed word representations known as word embeddings
were introduced. Models such as Word2Vec and GloVe map words into dense vector spaces
where semantically similar words are located close to each other. These embeddings allow

machine learning models to capture semantic similarity between terms.

Transformer-based models further improved semantic representations by introducing con-
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textual embeddings. In these models, the representation of a word depends on its sur-
rounding context within the sentence. As a result, the same word may receive different

vector representations depending on its meaning in the specific context [4].

Sentence embedding models extend this idea to larger text units such as sentences or entire
documents. Models such as Sentence-BERT and MiniLM generate vector representations
that can be used to compute semantic similarity between texts. This capability enables

systems to compare messages based on meaning rather than exact word matching.

Semantic representations are particularly useful in email classification tasks. Emails of-
ten express similar intents using different vocabulary or phrasing. Embedding-based ap-
proaches allow classification systems to detect conceptual similarity even when exact
keywords do not match, improving classification accuracy in real-world communication

scenarios.

2.0.14 Semantic Similarity and Sentence Embeddings

Semantic similarity refers to the task of determining how closely two pieces of text are
related in meaning. In many natural language processing applications, it is necessary to

compare texts based on their semantic content rather than their exact wording.

Sentence embedding models transform sentences into dense numerical vectors that rep-
resent their meaning. Once the sentences are converted into vectors, similarity between
them can be calculated using distance metrics such as cosine similarity. If two sentences
have similar meanings, their embedding vectors will appear close to each other in the

vector space.

Transformer-based architectures have significantly improved the quality of sentence em-
beddings. These models capture contextual relationships between words through self-
attention mechanisms, allowing them to represent complex semantic structures within

text [11].

In classification systems, semantic similarity techniques can be used to compare user input
with predefined category descriptions. By calculating similarity between embeddings, the

system can determine which category best matches the content of the message.

This approach is particularly useful in email classification systems where messages may
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vary significantly in wording but still represent the same underlying request. Seman-
tic similarity methods allow classification systems to generalize beyond exact keyword

matching and improve robustness in real-world applications.

2.0.15 Retrieval-Augmented Generation (RAG)

Retrieval-Augmented Generation (RAG) is an architecture that combines traditional in-
formation retrieval techniques with large language models (LLMs) to improve factual
accuracy and provide responses grounded in external knowledge sources. Instead of re-
lying solely on the information stored in the model’s parameters, RAG systems retrieve
relevant documents from a knowledge base and incorporate them into the model’s context
during generation [12]. This approach allows LLM-based systems to access up-to-date or
domain-specific information that may not have been present during the model’s training

phase.

The concept of RAG was introduced to address one of the fundamental limitations of
large language models: their tendency to generate plausible but incorrect information,
often referred to as hallucination. By augmenting the generation process with retrieved
evidence, the system ensures that responses are grounded in real documents rather than
relying purely on probabilistic text generation. The retrieved documents are typically
embedded using vector representations and stored in a retrieval index that allows efficient

similarity search.

A typical RAG pipeline consists of several stages. First, incoming user input is converted
into an embedding representation using a sentence encoder or embedding model. These
embedding models capture semantic meaning and enable efficient comparison between
pieces of text [13]. The resulting vector representation is then used to query a vector
database or search index that contains embeddings of documents from a knowledge base.
The retrieval component returns the most relevant documents based on similarity mea-

sures such as cosine similarity or dot-product similarity.

After the retrieval step, the selected documents are inserted into the prompt context
that is sent to the large language model. The model then generates a response condi-
tioned not only on the original query but also on the retrieved evidence. This hybrid

approach combines the strengths of retrieval systems—efficient access to large collections
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of documents—with the generative capabilities of transformer-based language models.

RAG architectures can generally be categorized into two types: RAG-Sequence and RAG-
Token. In RAG-Sequence models, the same retrieved documents are used for generating
the entire output sequence. In contrast, RAG-Token models allow the system to retrieve
different documents for each generated token, enabling more dynamic knowledge integra-
tion during generation [12]. While the token-level approach offers greater flexibility, it

also introduces higher computational complexity.

In practical applications, RAG has been widely adopted in knowledge-intensive natural
language processing tasks such as question answering, enterprise knowledge assistants,
document summarization, and automated customer support systems. Organizations fre-
quently integrate internal documentation, databases, or communication archives into RAG

pipelines in order to provide context-aware and domain-specific responses.

Another significant advantage of RAG systems is their ability to update knowledge with-
out retraining the underlying language model. Instead of retraining the model when new
information becomes available, developers can update the external knowledge base used
by the retrieval system. This significantly reduces computational costs and allows systems

to remain up-to-date in dynamic environments.

However, RAG systems also introduce certain challenges. The quality of generated re-
sponses strongly depends on the performance of the retrieval component. If relevant
documents are not retrieved, the language model may still generate incorrect or incom-
plete responses. Additionally, maintaining large retrieval indexes and ensuring efficient

search at scale requires specialized infrastructure such as vector databases.

2.0.16 Vector Databases and Embedding-Based Retrieval

Vector databases have become an essential component in modern artificial intelligence
systems that rely on semantic search and retrieval-based architectures. Unlike traditional
relational databases that store structured data in rows and columns, vector databases store
high-dimensional numerical representations known as embeddings. These embeddings
capture the semantic meaning of data and allow systems to perform similarity-based

retrieval.

Embeddings are generated using machine learning models that transform input data into
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dense vector representations. In natural language processing, transformer-based models
are commonly used to generate embeddings representing words, sentences, or entire doc-
uments. Texts with similar meanings produce embeddings that are located close to each
other in vector space [13|. This property enables semantic search by comparing distances

between vectors rather than relying only on keyword matching.

To support efficient similarity search in large datasets, vector databases use specialized
indexing structures known as Approximate Nearest Neighbor (ANN) algorithms. These
algorithms allow systems to quickly identify vectors that are closest to a given query vector
even when the database contains millions of embeddings. Popular ANN techniques include
Hierarchical Navigable Small World graphs (HNSW) and other optimized similarity search

structures [14].

Another widely used framework for large-scale vector similarity search is FAISS (Facebook
AT Similarity Search), which enables efficient retrieval of embeddings using optimized
indexing methods and GPU acceleration [15]. Systems such as FAISS allow developers to
perform large-scale semantic search across massive collections of embeddings with high

performance.
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Figure 2.3: Architecture of an Embedding-Based Retrieval Pipeline using ANN and FAISS

Vector databases are particularly useful in applications that require semantic understand-
ing of text. For example, in automated email classification or routing systems, embeddings
can represent the semantic meaning of incoming messages. When a new email arrives,
its embedding can be compared with embeddings of previously categorized messages or
predefined departmental descriptions. Based on the similarity score, the system can de-

termine the most appropriate destination for the email.

In addition to classification tasks, vector databases are widely used in recommendation
systems, document retrieval platforms, question answering systems, and conversational Al
applications. These systems often combine vector databases with large language models to
build advanced retrieval-augmented pipelines that integrate semantic search with natural

language generation.
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Despite their advantages, vector databases also introduce several technical considerations.
Embedding dimensionality affects storage requirements and query performance, while
maintaining vector indexes requires efficient update strategies when new data is added.
As datasets grow larger, distributed vector database architectures become necessary to

maintain scalability and low latency.

Nevertheless, vector databases have become a fundamental building block for modern
AT systems that rely on semantic representations and large-scale information retrieval.
Their integration with embedding models and large language models enables powerful

new capabilities in natural language processing and intelligent automation.

2.0.17 Cost and Computational Considerations of LLM Systems

Although large language models provide powerful capabilities, their deployment intro-
duces important computational and economic considerations. Modern LLMs contain bil-
lions of parameters and require substantial computational resources during both training

and inference.

Training large models typically requires high-performance computing infrastructure such
as GPU clusters or specialized hardware accelerators. However, in most practical appli-
cations organizations rely on pretrained models rather than training models from scratch.
Pretrained models can be adapted to specific tasks through prompting or fine-tuning

techniques [4, 6].

During inference, the computational cost depends on the size of the model and the number
of tokens processed. Large models such as GPT-based architectures can process complex

language tasks but may introduce higher latency and operational costs.

Two main deployment strategies are commonly used. The first approach involves accessing
proprietary models through cloud-based APIs provided by commercial vendors. These
services offer highly optimized models and infrastructure but typically charge based on

token usage.

The second approach involves deploying open-source models locally. Open-source models
allow organizations to maintain full control over their data and infrastructure, although

they require dedicated hardware resources and maintenance efforts [6].
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In large-scale systems such as automated email routing platforms, balancing model accu-
racy with computational cost becomes an important design consideration. Organizations

must evaluate trade-offs between performance, operational cost, and system scalability.

2.0.18 Email Routing Systems in Organizations

Email routing systems are widely used in organizations to manage large volumes of incom-
ing communication. These systems analyze incoming messages and automatically direct

them to the appropriate department or service unit.

Traditional routing systems relied primarily on rule-based mechanisms. Administrators
manually defined rules based on sender addresses, subject line keywords, or predefined
patterns. While these systems were simple to implement, they were often brittle and

required continuous maintenance as communication patterns changed.

Machine learning techniques later improved routing accuracy by learning patterns from
labeled datasets. Statistical classifiers such as Naive Bayes and Support Vector Machines

have been used to categorize messages and support requests based on their textual content
9]

More recently, deep learning and transformer-based models have significantly improved
the ability of systems to interpret natural language. Large language models can analyze

complex queries, extract intent, and summarize messages before routing them to the

correct department.

As digital communication continues to grow, intelligent routing systems are becoming
increasingly important for organizations seeking to maintain efficient customer support

and communication workflows.

2.0.19 Challenges in Automated Email Classification

Despite significant advances in natural language processing, automated email classification
remains a challenging problem. Several factors contribute to the complexity of accurately

interpreting and categorizing email messages.

One major challenge is linguistic ambiguity. Emails are often written in informal lan-

guage and may include abbreviations, spelling errors, or incomplete sentences. These
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characteristics make it difficult for classification systems to accurately interpret the user’s

intent.

Another challenge arises from multi-topic messages. A single email may address multiple
issues simultaneously, such as billing inquiries combined with technical support questions.
This scenario requires classification systems to support multi-label predictions rather than

assigning a single category.

Data imbalance also presents difficulties in many classification tasks. Some categories
may appear far more frequently than others, causing models to become biased toward
majority classes. Addressing this issue often requires specialized training strategies or

dataset balancing techniques.

Finally, domain variability presents additional challenges. Email classification systems
trained on data from one organization may not generalize well to another organization

due to differences in terminology and communication styles [4,9].

Addressing these challenges requires classification frameworks that combine semantic un-

derstanding, contextual reasoning, and robust evaluation methodologies.

2.1 Related Work

Automatic email processing has been widely studied in recent years, encompassing tasks
like spam /phishing detection, content summarization, and automated assistance. A num-
ber of approaches leverage modern natural language models to perform these tasks with
high accuracy. For instance, Rojas-Galeano [16] demonstrated that a large pre-trained
language model can classify spam emails in a zero-shot manner: by simply prompting the
model with email content, the LLM successfully distinguished spam from legitimate mes-
sages without any task-specific fine-tuning. This work illustrates the intrinsic capability

of large language models to understand email content patterns.

A key focus in the literature is on detecting malicious emails. ChatSpamDetector by
Koide et al. [17] uses an LLM (e.g. GPT-4) to detect phishing emails. They feed raw

email text (including attachments) into a model prompt, and achieve 99.7

Beyond security, LLMs have been applied to email summarization and automation. Su-

dara et al. (2025) created an email assistant for internships/job offers that uses an LLM to
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both summarize email threads and extract structured information (e.g., deadlines, com-
pany names) [18]. Their experiments showed the LLM greatly outperformed template-

based summarizers, achieving over 60

Attention to model robustness and interpretability appears as well. Sajad (2025) focused
on making a small Transformer (DistilBERT) robust and explainable for phishing detec-
tion [19]. He applied adversarial training and then used XAI techniques (LIME, SHAP,
Integrated Gradients) to extract feature importances. A follow-up LLM (Flan-T5) gen-
erated human-readable explanations from these attributions. This pipeline yielded an
end-to-end framework that was both accurate and user-friendly. Similarly, Lin et al.
(2025) fine-tuned smaller LLMs on explanation-enhanced datasets to improve their per-
formance [20]. They showed that training a model to produce explanations (as labels)
can greatly boost its classification accuracy. These studies indicate that pairing LLMs

with explanation mechanisms yields more trustworthy email processing systems.

Another line of work incorporates personalization and context via Retrieval-Augmented
Generation (RAG). Al Barwani et al. (2026) integrated user-specific email context and
real-time threat intelligence into the detection process [21]. For each incoming email, their
RAG system retrieved relevant historical emails and external data to condition the LLM’s
decision. This approach dramatically reduced false positives (e.g. lowering the FPR from

12

Large-scale annotated datasets have also been developed. T’oth et al. (2025) constructed
a comprehensive email dataset with phishing, spam, and legitimate messages, labeled with
categories and even emotional/motivational attributes [22]. They used this to benchmark
LLM performance on email security tasks. Their methodology of curating real-world
emails and systematically labeling them provides a reference for building task-specific
corpora. For routing, a similar dataset of internal emails labeled by department or request
type would be needed. Existing public sets (like Enron) may be adapted, but tailored

annotation is likely required.

Evaluation metrics in these works typically include accuracy, precision/recall, and F1-
score. Koide et al. report overall accuracy on phishing detection, while Al Barwani et al.
focus on F1 and false-positive rates under their RAG model [21]. Sudara et al. measure

time savings in user tasks. For routing, relevant metrics would be classification accuracy
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per category and the reduction in manual reassignments or handling time. In general, all

works emphasize the practical effectiveness of LLM approaches in measurable terms.

In summary, the cited literature demonstrates that LLMs are highly effective for email
classification and assistance tasks. They have been used to detect spam/phishing with
very high accuracy, often with added explanation features [17,23|. They have also been
used to summarize and extract email content far better than static templates [18]. Tech-
niques such as adversarial training and RAG provide robustness and personalization
[19,21]. All these systems rely on a combination of large-scale pretraining and clever

prompting or fine-tuning.

Our Contributions: Our work builds on these foundations but targets a different prob-
lem: automated routing of general support emails using LLMs. Unlike previous studies
that focused on binary spam /phishing detection or domain-specific email summarization,
we address multi-class routing within an organization. We integrate an LLM to both
classify an email’s intent (mapping it to one of many possible recipient categories) and to
generate a brief explanation of that choice. We train and prompt the model on a custom
dataset of real internal emails labeled by department. We also leverage user-context re-
trieval (in a RAG-like manner) to provide the model with relevant historical information
when needed. In contrast to prior work, our system connects email understanding with or-
ganizational workflow: it is designed to plug directly into a helpdesk or ticketing pipeline.
This end-to-end approach — combining intent classification, contextual retrieval, and ex-
planation — is, to our knowledge, unique in the literature. It offers both high routing
accuracy and transparency, fulfilling operational needs that were not the focus of earlier

LLM-based email systems.
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3.1 Proposed Architecture

The main goal of the system is to automatically receive, understand, classify, and forward
user-submitted messages to the correct department within an organization. This is espe-
cially useful in public institutions or companies that receive many requests by email. The
architecture is built using Ruby on Rails, Large Language Models (LLMs) such as GPT-4

and LLaMA 3, and a cloud-based email service (Amazon SES) to send messages reliably.

The system is modular, meaning each part is responsible for a specific task, and it is
fully containerized using Docker, which makes it easier to install, deploy, and maintain.
The overall design follows the Model-View-Controller (MVC) pattern, which is a standard

structure in web development.

User / Citizen

Fills Web Form

Frontend: HTML, CSS, JS

HTTP POST
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Figure 3.1: Architecture
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Technology Stack Overview

3.1.1 System Layers and Components

Layer Technology Purpose
Frontend Ruby on Rails Views, | User interaction through a web
HTML, CSS, JavaScript form.
Backend Ruby on Rails (MVC) Handles application logic, LLM
integration, and email sending.
Keyword Ex- | Python, NLTK, Sentence- | Extracts semantic keywords from
traction Transformers (all-MiniLM- | stored messages and enriches de-

L6-v2)

partment metadata.

NLP Classifica-

tion

OpenAl GPT-4 / LLaMA 3

Classifies message category and
department and generates mes-

sage sumiaries.

Email Delivery

Amazon SES (SMTP)

Sends classified messages to the

appropriate  departments via

email.

Database

MySQL

Stores user input, classification

logs, departments, and cate-

gories.

Containerization

Docker, Docker Compose

Manages services and ensures re-
producible deployment environ-

ments.

Table 3.1: Overview of the technology stack used in the proposed architecture

The architecture consists of several logical layers that work together to receive user mes-
sages, process them using large language models, and forward them to the appropriate

department. Each layer is described below.
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3.1.2 User Interface Layer (Frontend)

The frontend layer is responsible for collecting user input and providing a simple interface
for submitting messages. It is implemented using Ruby on Rails views together with

standard web technologies such as HTML, CSS, and JavaScript.

Users interact with the system through a web form where they can provide the subject
and message content, as well as contact information such as name and email address.
Additional optional fields include phone number, address, and file attachments. Once
the form is submitted, the information is transmitted to the backend for processing and

classification.

3.1.3 Application Logic Layer (Backend)

The backend layer manages the core logic of the application and coordinates all system
operations. It is implemented using the Ruby on Rails Model-View—Controller (MVC)

framework, which organizes the system into controllers, models, and views.

The primary controller responsible for message processing is the UsersController. This
component receives the form data, stores the submitted message in the database, and ini-
tiates the classification pipeline. The backend also handles communication with external

services such as the OpenAl API and the email delivery infrastructure.

More specifically, the backend performs the following tasks:

e receiving and validating user input,

e storing messages and metadata in the database,

e invoking the LLM-based classification pipeline,

e identifying the destination department,

e forwarding the message via the email delivery service, and

e recording operational statistics for monitoring and evaluation.
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3.1.4 Semantic Keyword Extraction for Departments

In addition to the main LLM-based classification pipeline, the system includes a back-
ground job responsible for extracting semantic keywords from previously submitted mes-
sages. The purpose of this component is to enrich departmental metadata with keywords
derived from real user communication. These keywords improve the semantic context
available to the classification system and help identify recurring topics associated with

specific departments.

The keyword extraction process is implemented as a Python background job that runs
periodically and analyzes messages stored in the system database. The job connects
directly to the application database and retrieves the textual content of user messages
from the Users table. The extracted messages are then processed using natural language

processing techniques and semantic similarity models.
The processing pipeline consists of several stages.

First, the system performs text preprocessing using the Natural Language Toolkit (NLTK).
Messages are tokenized into individual words, and common German stopwords are re-
moved. This step eliminates frequently occurring but semantically weak words such as
articles, conjunctions, and auxiliary verbs. Only alphabetic tokens are retained, and all

words are normalized to lowercase to ensure consistent processing.

Next, semantic representations of words are generated using the SentenceTransformer
model all-MiniLM-L6-v2. This model produces dense vector embeddings that capture
semantic relationships between words. Unlike simple keyword matching, embeddings allow

the system to detect conceptual similarity between terms even if they are not identical.

Each extracted word embedding is compared against embeddings representing known
departmental keywords and acronyms. These reference keywords are defined for each
department and represent common terms related to that department’s responsibilities.
For example, the Kids Care department contains terms related to childcare services, while
the HR department includes keywords associated with job applications and recruitment

processes.

Semantic similarity between words and departmental keywords is calculated using cosine

similarity. For each word, the system identifies the department whose keyword embed-
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dings produce the highest similarity score. If the similarity exceeds a predefined threshold,
the word is assigned to that department as a potential keyword. Otherwise, it is catego-

rized as unrelated.

Over time, this process builds a collection of frequently occurring keywords that appear in
user messages. These extracted keywords are combined with the predefined department
keywords and stored back in the database. The updated keyword lists are saved in the
Departments table, ensuring that the system continuously learns new vocabulary used by

users.

The overall workflow of the keyword extraction process can be summarized as follows:

e Retrieve messages from the system database.
e Tokenize and filter words using German stopword removal.
e Generate semantic embeddings for each word using SentenceTransformers.

e Compare word embeddings with department keyword embeddings using cosine sim-

ilarity.

e Assign words to the most similar department if the similarity exceeds a defined

threshold.

e Store newly discovered keywords in the database for future classification.

This mechanism allows the system to automatically expand its vocabulary based on real-
world user communication. As a result, the classification process becomes more robust to
variations in wording, synonyms, and informal expressions used by users. The extracted
keywords also provide useful insights into the most common topics addressed to each

department, which can support further analysis and system improvement.

3.1.5 NLP Classification Layer

The natural language processing layer performs the semantic analysis of submitted mes-
sages. This component integrates large language models such as OpenAl GPT-4 and
LLaMA 3 to interpret the content of user messages and determine the appropriate or-

ganizational department.
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After a message is received, the system sends structured prompts to the language model
through the OpenAl API. The processing pipeline consists of three main stages. First,
the model analyzes the message and determines the most relevant category based on
predefined category descriptions. Second, the system generates a short summary of the
message to assist human reviewers and to simplify downstream processing. Finally, the
model identifies the department responsible for handling the request by comparing the

message content with department descriptions and acronyms.

All prompts are dynamically generated and the results returned by the model are stored

in the database for auditing and evaluation purposes.

Figure 3.2: Semantic Keyword Extraction Data Flow

3.1.6 Email Delivery Layer

Once the responsible department has been identified, the system forwards the message
using Amazon Simple Email Service (SES) through the SMTP protocol. Amazon
SES provides a scalable and reliable infrastructure for sending transactional emails and

ensures high delivery rates.

If a valid departmental email address is found, the system automatically sends the message
to that address. In cases where the classification step fails to determine a department, a
fallback mechanism is applied. The message is then routed to a predefined central contact

address, allowing human operators to review and redirect the request manually.

Email transmission is implemented using the Rails ActionMailer framework, which han-

dles email formatting, SMTP communication, and delivery retries.

3.1.7 Database Layer

All persistent data used by the system is stored in a MySQL relational database. This
layer maintains structured records of user submissions, classification results, and system

usage statistics.
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Key database tables include:

e Users — stores submitted messages and sender information,

e Departments — contains department metadata such as names, acronyms, and email

addresses,
e Categories — defines the classification categories used by the system,
e OpenaiUsage — records API usage metrics and token consumption, and

e ClassificationTest — stores evaluation results of classification attempts.

Using a relational database provides reliable transactions, structured data organization,
and efficient querying for later analysis. The database is integrated with Rails through
the ActiveRecord object-relational mapping (ORM) layer.

3.1.8 Containerization and Deployment

To simplify deployment and ensure consistent runtime environments, the system is con-
tainerized using Docker. Containerization allows the application and all its dependencies
to run in isolated environments, avoiding configuration conflicts across development and

production systems.

The deployment architecture includes two main containers. The first container runs the
Ruby on Rails application, which handles the user interface, classification pipeline, and
email routing logic. The second container hosts the MySQL database used for persistent

storage.

Both services are orchestrated using a shared docker-compose.yml configuration file,
which defines networking, environment variables, and service dependencies. This approach
enables reproducible deployments, simplified maintenance, and easier scalability of the

system.
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4.1 Data Analysis

4.2 Experimental Design

This section describes the experimental setup used to evaluate the performance of mul-
tiple Large Language Models (LLMs) for automated email classification across different

municipal departments.

4.2.1 Departments and Dataset Structure

The evaluation was conducted across six distinct departments:

Betreuung (Kids Care)

Bewerbung (Jobs — HR)

Meine Kinder (My Children — Digital App)

Gruppenhéuser (Group Houses / Youth Camps)

Kommunikation (Communication / Media Relations)

Vermietung Sporthallen (Sports Hall Rental — Sport Activities)

Each department contains real-world email samples representing typical citizen inquiries.
For every department, the same dataset was used consistently across all evaluated models

to ensure fairness and comparability.

All models were tested on identical email inputs within each department. This guarantees

that performance differences arise from model capabilities rather than dataset variations.

4.2.2 FEvaluated Models

In order to assess the effectiveness of large language models for automated email classi-
fication and routing, five open-source LLMs were selected and evaluated. The selected
models represent different architectural designs, parameter scales, and optimization strate-
gies. This diversity enables a comprehensive comparison of model capabilities in terms of

classification accuracy, computational requirements, and runtime behavior.
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All models were executed locally within the same inference environment. Running the
models under identical hardware and software conditions ensures that the observed differ-
ences in performance originate from the models themselves rather than external factors
such as network latency or cloud API variability. By standardizing the execution envi-

ronment, the evaluation focuses purely on model architecture and inference efficiency.

Table 4.1 summarizes the evaluated models and their key characteristics.

Model Parameters | Type Notes

gpt-oss:20b | 20B Open-source | Local inference
llamad.3:70b | 70B Open-source | Local inference
qwen2.5:32b | 32B Open-source | Local inference

mixtral:8x7b | 8x7B (MoE) | Open-source | Local inference

apertus:8b 8B Open-source | Local inference

Table 4.1: Evaluated Large Language Models

The evaluated models differ significantly in parameter size and architectural structure. For
instance, LLaMA 3.3 (70B parameters) represents a very large dense transformer model
designed for high-level reasoning and language understanding tasks. In contrast, smaller

models such as Apertus (8B) prioritize computational efficiency and faster inference.

The Mixtral model follows a mixture-of-experts (MoE) architecture, which activates only
a subset of model parameters during inference. This design aims to provide the reasoning
capabilities of large models while maintaining lower computational cost. Meanwhile, Qwen
and GPT-OSS represent intermediate model sizes that attempt to balance performance

and efficiency.

By evaluating models that span a wide range of parameter sizes and architectural ap-
proaches, this study enables a systematic analysis of how model complexity affects clas-

sification performance and runtime behavior.

4.2.3 Prompt and Processing Pipeline

To ensure a fair and controlled comparison between models, all evaluations were conducted
using an identical prompt structure and classification workflow. Each model received

the same instructions, input format, and output constraints. No model-specific prompt
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engineering or fine-tuning was performed during the experiments. This approach ensures
that the results reflect the intrinsic capabilities of each model rather than optimizations

tailored to a particular architecture.

Every email classification request followed a standardized processing pipeline consisting of
three sequential LLM calls. The first step performs an initial category detection in order
to determine the general topic of the incoming email. The second step applies a more
specific classification task in which the model assigns the email to one of the predefined
organizational departments. Finally, a validation step ensures that the output is returned
in a structured and machine-readable format. This three-stage pipeline increases the
reliability of the classification process while maintaining consistent behavior across all

evaluated models.

4.2.4 FEvaluation Metrics

Model performance was primarily evaluated using classification accuracy. For each pro-
cessed email, the predicted department was compared with the ground truth label stored
in the dataset. The result of this comparison was recorded in the database using a boolean
status field, where a value of true indicates a correct classification and a value of false

indicates an incorrect prediction.

This binary evaluation mechanism allows for a straightforward calculation of overall accu-
racy by dividing the number of correctly classified emails by the total number of processed

samples.

4.2.5 Overall Model Accuracy Comparison

Table 4.2 presents the aggregated classification results for all evaluated models across the
entire dataset. Each model processed approximately the same number of email samples,

ensuring a balanced comparison.
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Model Total Samples | Correct | Accuracy (%)
qwen2.5:32b 230 176 76.52
gpt-oss:20b 230 175 76.09
llama3.3:70b 228 172 75.44
apertus:8b 230 134 58.26
mixtral:8x7b 230 91 39.57

Table 4.2: Overall classification accuracy of evaluated models

The results indicate that qwen2.5:32b achieved the highest overall accuracy, correctly
classifying 176 out of 230 emails, which corresponds to an accuracy of 76.52%. The
performance of gpt-oss:20b and 1lama3.3:70b is very close, both achieving accuracies
above 75%. This relatively small difference suggests that intermediate-sized models can
achieve competitive performance even when compared with significantly larger architec-

tures.

In contrast, the smaller apertus:8b model shows noticeably lower accuracy, achieving
58.26%. The mixture-of-experts model mixtral:8x7b performs substantially worse than
the other evaluated models, with an accuracy of only 39.57%. This indicates that archi-
tectural design alone does not guarantee strong performance in the email classification

task.

Overall, the results demonstrate that medium-sized models such as Qwen and GPT-
OSS can provide strong classification performance while avoiding the significantly higher

computational cost associated with very large models.
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Figure 4.1: Overall accuracy comparison across evaluated models

The results show that qwen2.5:32b achieved the highest overall accuracy (76.52%), closely
followed by gpt-0ss:20b and llama3.3:70b. The small difference among the top three

models indicates comparable classification capabilities.

Notably, parameter size alone does not strictly determine performance, as the 32B Qwen
model slightly outperforms the 70B LLaMA model. This suggests that architectural

design and optimization are more influential than raw parameter count.

4.2.6 Department-Level Performance Analysis

While the previous section evaluated overall model performance, it is equally important
to analyze how classification accuracy varies across different application domains. Email
content often differs substantially between departments in terms of language structure,
terminology, and contextual complexity. Therefore, model performance may vary depend-

ing on the semantic characteristics of the domain.

To assess domain robustness, the average classification accuracy was calculated for each
department by aggregating predictions from all evaluated models. Table 4.3 summarizes

the number of evaluated samples and the resulting average accuracy values.
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Department Total Samples | Correct | Avg. Accuracy (%)
Jobs — HR 330 260 78.79
Sports Hall Rental 95 71 74.74
Youth Camps 70 47 67.14
Kids Care 404 264 65.35
Communication 129 79 61.24
Digital App 120 27 22.50

Table 4.3: Average classification accuracy per department

The results indicate a substantial variation in classification difficulty between depart-
ments. The highest average accuracy is observed for the Jobs — HR category, where
models achieve nearly 79% accuracy. Emails related to job applications tend to contain
structured information such as resumes, application inquiries, and employment-related
terminology. These linguistic patterns make them easier for language models to interpret

and categorize correctly.

Similarly, the Sports Hall Rental domain achieves relatively high accuracy. Requests in
this category typically follow predictable phrasing patterns related to booking availability,

rental schedules, or facility usage, which simplifies classification.

Moderate accuracy levels are observed in departments such as Youth Camps, Kids Care,
and Communication. Emails in these categories often contain broader conversational con-
tent and may include overlapping terminology that can appear in multiple departments.

This increases semantic ambiguity and reduces classification reliability.

In contrast, the Digital App category represents the most challenging classification task,
with an average accuracy of only 22.50%. Messages in this domain frequently contain
technical issues, short descriptions of problems, or vague references to application features.
Such emails often lack clear contextual signals, making it difficult for language models to

infer the correct department.

Figure 4.2 provides a model-level comparison of classification accuracy across departments.
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Figure 4.2: Department-level accuracy comparison per model

The figure illustrates that classification performance varies considerably between models
depending on the domain. Some models perform consistently across departments, while
others show large fluctuations depending on the linguistic characteristics of the input data.
This observation highlights the importance of domain-specific evaluation when deploying

large language models for real-world routing systems.

4.2.7 Resource Utilization

In addition to runtime performance, resource consumption plays an important role when
deploying large language models in production environments. Higher communication

overhead can increase infrastructure costs and reduce system scalability.

Table 4.4 presents the average bandwidth usage observed for each evaluated model.
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Model Avg Bandwidth (bytes)
gpt-oss:20b 4057.2
mixtral:8x7b 1492.6
apertus:8b 1419.0
llamagd.3:70b 1158.9
qwen2.5:32b 1132.2

Table 4.4: Bandwidth usage comparison

The results indicate that GPT-OSS generates significantly larger response payloads com-
pared to the other evaluated models. Higher bandwidth usage may increase communica-
tion overhead, especially in distributed architectures where model inference is performed

on remote servers.

Although the differences in bandwidth consumption are smaller than those observed in
latency measurements, these values still provide useful insight into the resource require-

ments associated with each model.

4.2.8 Runtime Performance and Scalability

Beyond classification accuracy, runtime performance is a critical factor for real-world
deployment. In practical systems that process large volumes of incoming emails, inference

latency directly affects system responsiveness and scalability.

Table 4.5 summarizes the average inference latency and the corresponding standard de-

viation observed for each evaluated model.

Model Avg Latency (s) | Std Dev (s)
apertus:8b 1.443 0.705
gpt-o0ss:20b D.768 1.600
mixtral:8x7b 15.366 11.992
qwen2.5:32b 20.622 6.155
llamag3.3:70b 47.247 9.877

Table 4.5: Latency and stability per model
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The results demonstrate a clear relationship between model size and inference latency.
Smaller models such as apertus:8b produce responses significantly faster than larger ar-
chitectures. With an average latency of only 1.443 seconds, this model provides the most

responsive inference behavior.

In contrast, the largest model in the evaluation, llama3.3:70b, requires an average pro-
cessing time of more than 47 seconds per request. While large models often provide
stronger reasoning capabilities, their computational requirements introduce substantial

delays during inference.

Figure 4.3 visualizes the relationship between model accuracy and inference latency.
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Figure 4.3: Accuracy vs. latency trade-off

The figure highlights the trade-off between classification accuracy and inference speed.
While smaller models provide fast responses, their classification performance may be
limited. Larger models tend to achieve higher accuracy but introduce significantly higher

latency.

4.2.9 Integrated Comparative Ranking

To synthesize the evaluation results, Table 4.6 summarizes all key performance indicators

across accuracy, runtime, stability, scalability, and resource utilization.
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Model Accuracy (%) | Avg Latency (s) | Std Dev (s) | Avg Tokens | Bandwidth | Req/s
qwen2.5:32b 76.52 20.622 6.155 753.3 1132.2 0.048
gpt-0ss:20b 76.09 5.768 1.600 761.0 4057.2 0.173
llama3.3:70b 75.44 47.247 9.877 739.4 1158.9 0.021
apertus:8b 58.26 1.443 0.705 831.2 1419.0 0.693
mixtral:8x7b 39.57 15.366 11.992 1096.3 1492.6 0.065

Table 4.6: Integrated performance comparison across all evaluation dimensions

4.2.10 Model Selection Considerations

The integrated evaluation demonstrates that no single model dominates across all dimen-

sions.

Highest Accuracy: qwen2.5:32b

Lowest Latency and Highest Stability: apertus:8b

Highest Throughput: apertus:8b

Balanced Accuracy—Performance Trade-off: gpt-oss:20b

While qwen2.5:32b achieves the highest classification accuracy, its latency is significantly
higher than mid-sized alternatives. Conversely, apertus:8b provides exceptional runtime

efficiency but exhibits lower classification accuracy.

GPT-0OSS 20B offers a strong compromise between accuracy (76.09%) and runtime per-
formance (5.768 seconds average latency), making it a suitable candidate for balanced

production deployment.

Therefore, model selection should depend on deployment priorities:

e Accuracy-critical applications may favor qwen2.5:32b.
e Real-time or high-volume systems may prioritize apertus:8b.

e Balanced municipal production environments may benefit from gpt-oss:20b.
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4.2.11 Multi-Dimensional Performance Visualization

To visualize performance trade-offs across multiple dimensions, Figure 4.4 presents a

normalized radar comparison.
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Figure 4.4: Normalized multi-dimensional model comparison

4.2.12 Key Observations

Several important insights emerge from the evaluation:

1. Larger model size does not guarantee higher accuracy. The 32B Qwen model

slightly outperforms the 70B LLaMA model.

2. Higher token consumption does not imply better performance. Mixtral

consumes the most tokens yet achieves the lowest accuracy.
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3. The fastest model is not the most accurate. Apertus achieves superior speed

but moderate classification accuracy.

4. Strong domain variance exists. The “Meine Kinder” department presents sub-

stantially higher difficulty compared to structured domains such as Bewerbung.

These findings highlight the importance of multi-dimensional evaluation when assessing

LLM-based classification systems.

4.2.13 Limitations of the Proposed Approach

Despite the promising results obtained in the experimental evaluation, several limitations
should be acknowledged. These limitations provide important context for interpreting the
results and highlight potential directions for future improvements of the proposed email

routing system.

One limitation of this study is the size of the evaluation dataset. Although the experi-
ments were conducted using real email messages distributed across multiple departments,
the total number of evaluated samples remains relatively small compared to the scale of
real-world organizational email systems. Large institutions typically process thousands of
messages per day, and a larger dataset would allow for a more comprehensive evaluation
of model generalization and robustness. Consequently, while the reported results demon-
strate the feasibility of the proposed approach, they should be interpreted as an initial

experimental evaluation rather than a large-scale production benchmark.

Another limitation concerns the absence of domain-specific fine-tuning for the evaluated
models. All language models were used in their pre-trained form without additional train-
ing on the specific email domain considered in this study. This design decision ensured a
fair comparison between models and avoided introducing model-specific bias during eval-
uation. However, fine-tuning on domain-specific data could potentially improve classifica-
tion performance, particularly for departments where email content is short, ambiguous,

or context-dependent.

Furthermore, the evaluation focused primarily on overall classification accuracy and system-
level performance metrics such as latency and resource consumption. While these metrics

provide useful insights into system behavior, they do not fully capture all aspects of clas-
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sification quality. Additional metrics, such as precision, recall, and confusion matrices,
could provide a more detailed understanding of model performance and reveal specific

patterns of misclassification between departments.

Another factor that may influence the results is the experimental environment in which the
models were executed. All models were run locally under the same inference conditions
in order to eliminate network variability and ensure consistent runtime measurements.
While this approach allows for fair comparisons between models, it may not fully reflect

performance in cloud-based deployments or large-scale distributed inference systems.

Finally, the classification task itself introduces inherent challenges related to the ambiguity
of natural language communication. Email messages often contain incomplete informa-
tion, informal language, or overlapping terminology between departments. As observed
in the experimental results, certain domains such as the Digital App category exhibit
substantially lower classification accuracy due to the lack of clear contextual indicators.
These challenges suggest that future systems may benefit from hybrid approaches that
combine large language models with rule-based heuristics or domain-specific knowledge

sources.

Overall, while the proposed system demonstrates the feasibility of using large language
models for intelligent email routing, addressing these limitations could further improve

system reliability, scalability, and real-world applicability.
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Chapter 5

Conclusion

This thesis investigated the feasibility of using Large Language Models (LLMs) to auto-
mate the classification and routing of organizational emails. The growing volume of elec-
tronic communication in modern institutions creates a significant challenge for manual
email processing, often resulting in delayed responses, misrouted messages, and increased
administrative workload. The primary objective of this research was therefore to design
and evaluate an intelligent system capable of automatically analyzing incoming emails

and assigning them to the appropriate department.

To address this challenge, a multi-stage email classification framework was proposed. The
system combines structured prompt-based reasoning with a controlled inference pipeline
consisting of three consecutive LLM calls. The first stage performs an initial semantic
analysis of the email content, the second stage determines the most appropriate depart-
ment based on contextual understanding, and the final stage validates the structured
output to ensure consistency and reliability. All evaluated models were executed locally

under identical conditions in order to guarantee fair comparison and reproducible results.

Five open-source large language models were evaluated within this framework: GPT-OSS
(20B), LLaMA 3.3 (70B), Qwen 2.5 (32B), Mixtral (8x7B), and Apertus (8B). These
models differ significantly in parameter size and architectural design, enabling a com-
prehensive comparison of performance trade-offs between model complexity, classification

accuracy, runtime performance, and resource consumption.

The experimental results demonstrate that large language models can effectively perform
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email classification tasks with relatively high accuracy. Among the evaluated models,
Qwen 2.5 achieved the highest overall accuracy, followed closely by GPT-OSS and LLaMA
3.3. These results indicate that modern open-source language models are capable of
capturing contextual signals within email messages and can therefore support intelligent

routing systems in organizational environments.

However, the experiments also revealed substantial variability in performance across dif-
ferent departments. Domains with structured and predictable communication patterns,
such as job applications or facility booking requests, achieved significantly higher clas-
sification accuracy. In contrast, domains involving technical support messages or short
problem descriptions proved more difficult for the models to interpret. This observa-
tion highlights the importance of domain-specific evaluation when deploying LLM-based

classification systems.

In addition to classification performance, the thesis also examined runtime behavior and
resource utilization. The results show a clear trade-off between model size and system
responsiveness. Smaller models such as Apertus offer significantly lower latency and
higher throughput, making them suitable for real-time environments. Larger models, on
the other hand, provide stronger reasoning capabilities and slightly higher classification
accuracy but require substantially longer inference times. These findings demonstrate
that selecting an appropriate model depends strongly on the deployment requirements of

the target system.

Overall, the results of this study confirm that large language models represent a viable
solution for intelligent email routing. Even without domain-specific fine-tuning, the evalu-
ated models achieved competitive performance when applied to real email messages. The
proposed system therefore demonstrates the practical potential of LLM-based automation

in administrative workflows and digital communication management.

Despite these promising results, several challenges remain. The experiments were con-
ducted on a relatively limited dataset, and further evaluation on larger and more diverse
email corpora would provide a more comprehensive assessment of system robustness. Ad-
ditionally, future work could explore domain-specific fine-tuning, hybrid rule-based and
LLM approaches, and multilingual classification scenarios to further improve system per-

formance.
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In conclusion, this research demonstrates that large language models can significantly en-
hance automated email routing systems by providing contextual understanding of natural
language communication. As LLM technologies continue to evolve, their integration into
organizational information systems has the potential to reduce manual workload, improve

response efficiency, and support more intelligent digital communication infrastructures.
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