~

"'—-
\ National
College

Ireland

Configuration Manual

MSc Research Project
MSc in Fintech

Maritza Reyes
Student ID: x23327383

School of Computing
National College of Ireland

Supervisor:  Victor del Real




National College of Ireland National

Project Submission Sheet Col]ege of
School of Computing Ireland
Student Name: Maritza Reyes
Student ID: x23327383
Programme: MSc in Fintech
Year: 2025
Module: MSc Research Project
Supervisor: Victor del Real
Submission Due Date: 15/09/2025
Project Title: Configuration Manual
Word Count:
Page Count: [

I hereby certify that the information contained in this (my submission) is information
pertaining to research I conducted for this project. All information other than my own
contribution will be fully referenced and listed in the relevant bibliography section at the
rear of the project.

ALL internet material must be referenced in the bibliography section. Students are
required to use the Referencing Standard specified in the report template. To use other
author’s written or electronic work is illegal (plagiarism) and may result in disciplinary
action.

Signature:

Date: 15th September 2025

PLEASE READ THE FOLLOWING INSTRUCTIONS AND CHECKLIST:

Attach a completed copy of this sheet to each project (including multiple copies). O

Attach a Moodle submission receipt of the online project submission, to | [J
each project (including multiple copies).
You must ensure that you retain a HARD COPY of the project, both for | O
your own reference and in case a project is lost or mislaid. It is not sufficient to keep
a copy on computer.

Assignments that are submitted to the Programme Coordinator office must be placed
into the assignment box located outside the office.

Office Use Only
Signature:

Date:
Penalty Applied (if applicable):




Configuration Manual

Maritza Reyes
x23327383

1 Introduction

The configuration manual describes the requirements and procedures for the reprodu-
cibility of the analysis performed in the study to validate this research. The manual
includes t test processed in SPSS Statistics, for this study questionnaire results are used,
in addition two dataset obtained by scraping.

1.1 Configuration and system requirements.

Hardware/Software | Version Description
Processor Apple M1 Workstation
System OS MacOS Sequoia 15.6

Ram 8 GB

Microsoft Excel

Microsoft 365

Software for spreadsheet that displays and
manages the survey’s data

Google Form

A platform on the internet for creating online
questionnaires

IBM SPSS

Version 30 (172)

Statistical software for quantitative data
analysis

Google Colab

Web Based

Online environment for running Python code

Table 1: Hardware and Software Specifications

2 Data Collection

The responses were collected via Google Form Survey through social media platforms
and compiled into an Excel Spreadsheet, to be use later on SPSS.

Survey link:

https://docs.google.com/forms/d/e/1FAIpQLSdi-UklyIivd10o31ZmmXzkiKmzOHv
1eLWaKSJK86XShEQKRPA/viewform



https://docs.google.com/forms/d/e/1FAIpQLSdi-UklyI1vd1o3lZmmXzkiKmz0HvleLWaKSJK86XShEQKRPA/viewform
https://docs.google.com/forms/d/e/1FAIpQLSdi-UklyI1vd1o3lZmmXzkiKmz0HvleLWaKSJK86XShEQKRPA/viewform
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Figure 1: Survey

3 Analysis

Click File - Open and Data.

A prompt window will appear titled "Open-Data.” Please select ”Files of Types
(*.xls, *.xlsx, *.xlsm)” from dropdown menu. Next, browse to locate and select the
desired Excel data file, then click “Open” to proceed.
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Figure 2: Open Data
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Figure 3: Select Data

3.1 First Model:

T Test was conducted in SPSS to compare means between groups. The questions used in
the analysis were numerically recoded using the “Recode into Different Variables”
function. Only the variables relevant to the statistical analysis were transformed. This
process converted textual responses into numerical values without modifying the original
data, enabling the use of statistical tests such as correlation analysis and t-tests.

"-n—mmumummm_mmq .HWQUO-—mﬂvqs-Ouw‘
oh - 9 Fa f Q ‘
SHS M -~ Bl H BE Jol@GH < : R et S e
e oS —— e
e T Wi Deceah el Vehn Sy G M —— - oo o
[ . f — — 3 Bt A e e —
1 - ~ e Lt
Coter ey . = — . I T - o
e . — — Bua A e r—— .
o et wwy 7 . — — , But e e - range
b Moscoscer ey » ® e - » [ 1™ i ::**'"""'""
-
€ e w38 — R I T R T y
P e wes ) ' — - ' L T jre S
(RS e W8 [ — R I T S torind e
- e -Sturim
P omete W 328 -~ e M Beh e e -~ . = -
W vty ey " . e S w L= o v— -
11 Whanbas Wy » » - — " s T - . [ Came
[T —_——— i 0 o e ™ - I .
1 A A .
pterias ey » . A - » L e o — \v. . e pevy—
Y T — —— N B A W ———— o
e — — T I T T m v
W s ey ” v — —— ” L= e L O v %
I ey w0 - e L T N o
W s wey . — — T T -
W e w0 . — — T T TR I ™ p—"
B s wemee W 0 e - i Mg e N0 . b=
R ——
U Comer. N 8 . o — " Wi A N o s
1 e o - . ? S S " L L o — e A - )
e -
Oungn varabies o wiewgn
AT it s ot s iy 82 mmbeny (13
Coee
a
Ovewen  DuaView  verasi ves
W 173 Sy Praceunae 4 ready 4 rsande OM s B
—_— —_——

Figure 4: Recode into different variables
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Figure 5: Old New Value

To generate composite variables (Total Trust), we used the “Compute Variable”
function in SPSS. This allowed us to calculate the average score of multiple Likert-scale
items representing the same construct (e.g., trust, risk perception).

We used the following procedure:

1. Go to Transform — Compute Variable.

2. Enter a new variable name (e.g., Totalprust).

2. Use the MEAN() function to combine the relevant recoded variables:
3. Click OK to generate the new variable.

The result is a new numeric variable that reflects the respondent’s average level of agree-
ment (on a 1-5 scale) across the selected items.

T-TEST
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Figure 6: Compute Variable
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Figure 7: Independent-Sample T Test

After creating composite variables by grouping related Likert-scale questions (e.g.,
Total Trust, Risk Perception), an independent samples t-test was performed to compare
the means of these variables across countries.

The three groups (Total Trust, Risk Perception, and Banking Preference) were tested
against the categorical variable ” Country” to explore whether significant differences exist
between user perceptions in different regions.
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Figure 8: Define groups
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Figure 9: T Test Resul

3.2 Second Model:

Pearson Correlation analysis was conducted in SPSS.
To examine the relationships between variables (e.g., trust, risk perception, banking
preference), a Pearson correlation using the following steps:

1. Go to Analyze — Correlate — Bivariate.

2. Select the numeric variables of interest.

3. Check Pearson under correlation coefficients.

4. Ensure Flag significant correlations is selected.

5. Click OK.
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Correlations

Preferance_tra
Risk_Perceptio ditional_Banki

Total_Trust n ng

Total_Trust Pearson Correlation 1 3547 34977

Sig. (2-tailed) .005 .006

N 61 61 61
Risk_Perception Pearson Correlation 354" 1 292"

Sig. (2-tailed) .005 .022

N 61 61 61
Preferance_traditional_Ba  Pearson Correlation 349" 292" 1
nking Sig. (2-tailed) .006 022

N 61 61 61

**, Correlation is significant at the 0.01 level (2-tailed).
*. Correlation is significant at the 0.05 level (2-tailed).

Figure 12: Pearson Correlation Results

3.3 Third Model:
Was performed in Google Colab (Python)

3.3.1 Scraping Web

As part of the qualitative component, sentiment analysis was conducted on user reviews
from digital banking platforms. The data was first collected using web scraping tech-
niques via Google search results, targeting user feedback on BBVA and Revolut. The
extracted data was stored in .csv files and included multiple fields, but only two vari-
ables were used for the analysis: score, representing the numerical rating, and content,
containing the textual review. Natural Language Processing (NLP) methods were then
applied to classify the emotional tone of the reviews as positive, neutral, or negative.
This approach complements the survey results by capturing real user experiences and
perceptions in an unstructured format.

Figure 13: Open New Notebook
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3.3.2 Sentiment Analysis
Open colab and NewBook and Upload csv file.

JEEALPEANEELPE

Figure 16: Upload csv

Steps to follow:

1.- Install required libraries

s O n

27s
!pip install deep-translator
!pip install textblob
!python -m textblob.download_corpora
!pip install langdetect

Figure 17: Install Libraries

2.- Import all libraries

Figure 18: Import Libraries
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3.- Load the dataset to be analyzed

131 #
*
df=pd. read_csv(*/content/revolut_reviews_ie.csv', g="utf-8", engine="p , on_bad_lines="skip' )

print(len(df))

= 1999

Figure 19: Load Dataset

4.- Define functions(ML.DL)

We define custom functions to handle language detection, translation, sentiment scor-
ing (polarity and subjectivity), and text cleaning. These functions allow automated
processing of reviews in different languages and prepare the text for sentiment analysis
by translating, classifying emotions, and cleaning unnecessary elements like punctuation
and stopwords.

Figure 20: Define functions (ML,DL)

# Step 3: Renove stopwords and lemmatize
tokens_cleaned =

leamatizer. lemmatize(word

or word in tokens

if word not in stop_words and len(word) > 2 # Also remove very short words
1

return ' . join( tokens_cleaned)

Figure 21: Define functions (ML,DL)
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5.-Data cleaning(ML.DL) The dataset needs to have all errors removed and missing
values addressed and inconsistent formats standardized.

v [5] #5
0s

print(“"Missing values per column:")
print(df.isnull().sum())
for col in df.columns:
if dflcoll. dtype in ['object']:
df[col] = df[col]. fﬂ.lna(df[col] mode().iloc[@] if not dflcoll.mode().empty else 'unknown')
else
df[col] = df [col].fillna(df [col].mean())

df = df.dropna()

Figure 22: Data Cleaning (ML,DL)

6.- Translate (ML.DL) The NLP tools require English translation of texts for
proper analysis

O #6
df['translated_content'] = df[‘content’].copy()

print(f'Created translated_content column for {len(df):,} reviews")
print("All reviews are already in English - no translation needed!")

# Verify

print(f"\nverification:")

print(f*Original content sample: {df['content'].ilocl@]}") *
print(f"Translated content sample: {df['translated_content'].ilocl9]}")
# Save if needed

df.to_csv("reviews_ready_for. _preprocessing. csv", index=False)
print{"Dataset ready for preprocessing!")

Figure 23: Translate (ML.DL)

7.- Preprocessing(ML.DL)
The text needs to be cleaned and standardized for analysis which includes converting
it to lowercase and removing symbols

#7 — TEXT PREPROCESSING

pru\t( "Starting prej rocessmg ")

df ["processed_text"] = df[" translated _content"].progress_apply(clean_and_lemmatize)
# Apply sentiment analysis

df ['sentiment’'] = df["translated content" ].progress_apply(get_sentiment)

df ['polarity'] = df["translated_content"]. progress_ apply(get_polarity)
df['subjectivity’] = df["translated_content"].progress_apply(get_: suhjectlvxty)

print(“Preprocessing completed!")

Figure 24: Preprocessing(ML.DL)
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8.- Class balancing(ML. DL)

In this step, we check the distribution of sentiment labels (positive, neutral, negative)
and reduce the number of samples in overrepresented classes to ensure all categories have
similar size. This helps prevent biased model predictions.

[9] #8 — Class Balancing (undersampling majority class)
y Check class distribu n before balancing
print( "y ore balancing:™)
prin Sounts() T FIXED was "content”, should be “sentiment:
print(r T
print{"inpercentage distribution:™)
P SRt Inent ] -value tounts nornelizemTrus) = 188}

o data by sentiment
reviews = dridri

H ..Z“ "content”
! was “"content"

negat iv i i
nentraloTeviews = df [df [“sentiment" ]

nerity class
Hnno.\‘lve reviews), len(neutral_reviews))
(min_namples)

Los [ o Lon(negative_reviews), len(neutral_reviews))
imbalance.ratic = max_samples 7 min_samples
printif Imbalance ratio: {imbalance_ratio:.2f}")
if imbalance_ratioc = 2.
pe e asat is relatively balanced. Balancing may not be nacessary.")
("Dataset is imbalanced. Proceeding with balancing...")

random_state=42),
Repativesrevisw
neutral_Feviews.sanp

ndom_ -42) |
0 random_state=42)

L fhutrie the balanced dataser

ba "df = balanced df.semple(frac=1, random_state=42).reset_index(drop=Trus)

F feA R rcer batancings=) &
nced_af ¥4 lalue counts() ) @ FIXED: was “content®
Balan lesi TienThatancea_ ar) )
# varify all colum served
print{ff\ncolumns dataset: (balanced_df.columns.tolist{)}")
# Show date red
original size = len(
balncaa iizs = 1on(balanced df)
reduction percent = Flginal_size — balanced_size) / original_size) = 108
print(f \nData reduction: {eriginal_size:.)} —= {balanced_size:,} ({reduction_percent:.if}s reduction)™)
# Quick verification of balanced data
print(fiinFirst 5 samples from balanced dataset:®)
print{balanced_df ([ sentiment', 'processed_text')].head(})
updete dr to use batanced dataset for further processing
arbalances ~°balanced afscopy ()
Printif inBalanced dataset ready for machine learning!™)

Figure 25: Class balancing(ML. DL)

9.- Tokenization and padding(DL)
Text must be converted into numeric sequences and padded to equal length for LSTM
processing.

#9 — Tokenization and Padding

nitialize token.
tukenuer 7 Jokenizer(num words=10000. oov_token='<OQV-")
okenizer.fit_on_texts{(df_balanced|"processed_text"

# Convert text to sequences
sequences = tokenizer.texts_to_sequences(df_balanced ["processed_text™])

# Pad sequences

X_lstm = pad_sequences(sequences, padding='post’, maxlen=160)
Encode labels

label encoder = LabelEncoder(

v_:n:uﬂ:d 2 label encoder: Fit_transform(dr_balanced("sentiment"])
= to_categorically_encoded)

X_lstm shape: (X lstm.shape}")
"y shape: {(y.shape)
ok

" ve
pr

ri
Pr Kenitai Y- 20RBRcla iy

I

Figure 26: Tokenization and padding(DL)
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10.-Train/ test LSTM model(DL)
The data needs to be divided into training and test sets and the LSTM model should
be defined.

o # 18

ck data quality first
pr.\nt[“nnta Quality Check:")
nEleiX Lata shapes i leta.shapei=)
yTshape: {y.shapEl)
“Lrass distribution: {np.sum(y, axis=d)}")
“Non-zero elements in X: {np.count_nonzero(X_lstm)}")

A i A e e e S
Mtrain, X_te y_t y_test = train_test_split(
x_15

stratifysnp.argmax(y, axissl) # Stratify by class labels

print(fisnTraining set: (X_trainshape)")
print{f"Test set: {X_test.shape}")

print{f"Train class 1508 Ten: {np. sumiy tradn, axizse)})
print(f"Test class distribution: {np.sum(y_test, axis=a)}")

l IHPROVEU LSTM MODEL
e Al s snur tengrn e
mocdiing tayer - fixed input length wacnin
Embedding( Inputodim=10600, outps i = )

# Bidirectional LSTM for better context
Bidirectional (LSTM(64, dropout=g.3, recurrent _dropout=o.3, return_sequences=True)),
directional(LSTM(3Z, dropoute=8.3, recurrent_dropout=a.3}),

Denze layers with batch normalization
Denscibd, Activations: relu+) .

activation='relu‘),
Bropout ($.3),

ackivation='softmax®)

et i e
Dense(3,
N

# Compile with better settings

model.compi e
optimizer="adam
loss='categorical_crossentropy®,
metricasl:accuracy

»

& Model summar

model. summary

# Improved callbacks

callbacks =
nrlystnpg ng (

itor='val_accuracy', # Monitor accuracy instead of loss
patience=s,

restore_beit_weights=True,

verb:

Mdu::LHNPl-leou(
monitor="val_loss'

ain model with more epochs
rlnll"\ 5(0'!1!’\? ﬁrﬂlnlﬂﬂ..-')
ory = model.fit
4

Bre epo
ch_siza=16 tvasgauer batch size

call b-:ks-c-?u‘:: ks,

werbose:

Figure 27: Train: test LSTM model(DL)

T ccuracy = model.svaluate(X_t
BrIREl T anPina L Test Acruracys {test mccurscy

test, verbe

# Detailed evaluation

y_p! - L. nredlct(x_t-it)

y_pred_classes = = (y_pred, axiss=

y-ResoENaIInI T ARiamsmaxiyzieny: Sxiit

print{"\nClassification Repa ')

print !cL.-llf:c-tlon rcpcrt(y_ €, lasses, clan:
arget namessanel Bhcodar. €1

# Save model in new for
models savel : improyed. ls(m sentiment_model. keras )
printi Model Tavad as | improved letm sent inentomodel. keras’

# Chock if model is .rlnnll \wnrn(
yTraining His
1 nin

to
acturncy: Ihistory.historyl sccuracy'l -
nal validation accuracy: {history.his al racy

L to 10
prin BEET VALLGSTLion ACcuracy! (Maninisbory Ristery| VL Scfuraty”

® Plot training history
v\t.fluur-{fluun-‘w. 4))

I

tight_layout()
ShawiT

1 otl1, 2,

pit ?(nln(ery nuwry iaccuracy'), label= Training Accuracy!
Bit: pluumunnf “history('val_accuracy Tabeia Vilglaation elracy)
ple.t {*Model Accuracy’

Blt.xlapel Epach’}

Pl 1 *Accuracy )

Bii{agenats

ple.subplosil, 32,

Pltiplatinist nry.hlllnry[ loss’], ing Loss')
Blt.plotinistary. history( val_ PR ek Uity S PR
plt.titlal Model Loss’

plt.xlabel( Fpoch:

Pl l.b \(

pit. e

Pl

pl

Figure 28: Train: test LSTM model(DL)
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11.- Train and evaluate models (ML)

print{“="«68)
P RAIMING TRADITIOMAL ML MODELS™)
print{“="«68)

# Use balanced dataset from step #8
¥_text = df_balanced|['processed_text']
y_labels = df_balanced|'sentiment’]

print{1"Training on {len(X_text)} balanced samples")
print{f"Class distribution: {y_labels.value_countsi).to_dict()}")

# 1. TF-IDF VECTORIZATION
print("\nl. TF-IDF VECTORIZATION™)
print{"-" * 25)

# Create TF-IDF vectors

tfidf = TfidfVectorizer(
max_features=5000, # Top 5000 words
min_df=2, # Word sust appear at least 2 times
max_df=@.05, # Ignore words in >05% of documents
stop_wordss'english', @ ve English stop words
ngras_range=(1, 2) # Unigrams and bigrans

X_tfidf = vfidf.fit_transform(X_text)
print(f"TF-IDF matrix shape: {X_tfidf.shape}")

# 2. TRAIN-TEST SPLIT
print{"\n2. TRAIN-TEST SPLIT")
print{"-" = 20)

X_train_tfidf, X_test_tfidf, y_train_trad, y_test_trad = train_test_split({
X_tTidf, y_labels,

test_size=d.2,

random_state=42

) i y-y_labeis

print(f“Training set: {X_train_tfidf.shape}") k

print{f"Test set: {(X_test_tfid7.shape}")

# 3. TRAIN MODELS
print(™\n3. TRAINING MODELS™)
print("=" = 28)

models = {}
results = {}

¥ Logistic Regression

print{*\nTraining Logistic Regression..."™)

start_time = time.time()

lr_model = LogisticRegression(random_state=42, max_iter=s1809)
Lr_model. fiti trunj_ fidf, y_train_trad)

Ur_time = time.time(] - start_time

Ir_pred = Lr_model.predict(X_test_tfidf)
Lr_accuracy = accuracy_scorely_test_trad, lr_pred)
models|['Logistic Regression'] = Llr 1
results('Logistic Regression'] =

‘accuracy®: lr_accuracy,

“time': Lr_time,

*predictions': Lr_pred

print{f"Logistic Regression — Accuracy: {lr_accuracy:.4f}, Time: {lr_time:.21}s"}

Figure 29: Train and evaluate models (ML)
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1 # Random Fo
prlntl"\n'l'ralrl_{m; Random Forest...")
5tart tju = time.time()
= RandomForestClassifierin_estimators=139, rondom_states=42, n_jobs=-1)
rfr.mdql.fi.tlﬁurun tfidf, y_train_trad)
ime = time T - start_time

Fi_préd = rf_model.predict(Xd test_tfidr)
ri_accuracy = accuracy_scorely_test_trad, rf_pred)

models ['Random Forest'] = rf_model
results[ nandel Forese'] = {
accuracy’: rf_accuracy,
Stime’: _time
*predictions': rf_pred

print{f'Randem Forest - Accuracy: {rf_accuracy:.4f}, Time: {rf_time:.2f}s")

& 5WM
nrinu"\nl’ralnine SWM. .
tims = tlﬂ

P, i
w- lnnel = su el='linear’, random_states42)
nr-_-nd:l u:tx_n-mj_:ﬂdf. y_:rnlrl_trﬂdi
— start_time

svm_pred = sum_model.predictix_test_tfidf)
svm_accuracy = accuracy_scorely_test_trad, swm_pred)

models['SVM'] = sum_model
resulEs["SVH'] = {
'arrurlcy" SVIn_SCOUracy,

wm_t
"pred 1ttlﬂn1 i svm_pred

print(FSW = Accuracyr {svm sccurscyr.4f}, Timer {swm timer.2f}s™) k

# 4. RESULTS SUMMARY
Print{*\n" + “="s68)
Print{"TRADITIONAL ML RESULTS SUMMARY")
print{"="=68)

msults df - Ed «DataFrame( {

ist{results.keys()),
‘m:l:uracy 1 [resultsimodel] [*accuracy"] for model in results.keys()].
*Training Time (3)': [results(model]["time’] for model inm rem'lu.heysl)l

results_df = results_df.sort_wvalues{ Accuracy’, ascending=False}
print{results_df.to_stringiindex=False))

# 5. DETAILED CLASSIFICATION REPORTS
print{*\ns. DETAILED CLASSIFICATION REFORTS")
print{"—" = 48}

Tor mode aue in results.keys(
prin -Wﬂ_m-u,umrl!} Classification Report:™)
print("-* = 3@a)
printiclassification_report(y_test_trad, results(model_name][‘predictions®])})

# 6. BEST TRADITIONAL MODEL
best_traditicnal_model = maxi{results. s(), key=lambda x: results[x] ["accuracy‘l)
best_accuracy = results[best_traditiona \lFﬁ:curﬂE}"]

Drln!lf"\nEEST TRADITIOMAL MODEL: (Bﬂl _traditional_sodel}”)
print{f“Best Accuracy: {best_accuracy:.af}")

Save for comparison with LSTM
tradl.tinnil._nl._rtsul. -
ults_summary®: results _df
pest _model': best_traditional_model,
'besl ccuracy s besl_fncr_uucy.
"tfidf_vectorizer T,
"trained_models": models

Figure 30: Train and evaluate models

with openi‘traditicnal_ml_results.pkl’, ‘wb’) as f:
plekle.dusptraditisnal_ml_results, f)

print{"Trad

ional ML results saved for comparisent™)
Brint { fNext:

Compare with LSTH (76% accuracy)™)

print{"yn" + “="w@)
print{"TRADTTIONAL HL TRAINING COMPLETED™)
Pront("="60)

Figure 31: Train and evaluate models
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Model Comparison

e print{ L]
print {“COMPREHEMSIVE MODEL COMPARISON™)
print {"="a78)

# 1. COLLECT ALL RESULTS
print{ - CDLLECTING ALL MODEL RESULTS™)
print{"=" w 35)

# LSTH Results [(from your trl.i.nln!l
\stm accuracy = 8.76 & Replace with your actusl LSTH test accuracy
Ustm_training tise = 25 « 68 # ~25 minutes in seconds

# Traditional ML Results (from previcus step)
Lrys
wWith GMI\[ traditienal_ml_results.pkl’
aditional_results = pul‘lt.lus!i

¥ Extract results
traditional_df = traditionsl_results[ results_sussary” ]
print (“Traditional ML results loaded successfully™)

et oas T

excepti
f Fallback: Manual input (replace with your sctual results)
print(*Traditional ML results Tile not found. Using placeholder valwes.™)
traditional_df = pd.DataFrame({
"Model "1 [‘L istic ression’, *Random Forest®, "SWM°],
‘Accuracy's [0.72, 8,79, 8.74], & Replace with actuwal results
'Training Tine “isht: 03] 15, 451 # Replace with actual tises

# I, CREATE COMPREMENSIVE COMPARISON
print{"yn2, COMPREHEMSIVE COMPARISON TABLE™)
print{"=" = 48)

# Combine all results
all_results = []

sltu LF{': usultsu
all_results.append
"Model': "LSTM {Deep Learming)®,
‘RECUFBEY' s LSTA_BCCUrBCY,
‘Training Tine {3)' ‘lltl training tise,
‘Training Time {min)': litlurail time 5 &8, I
"Hodel 'I‘{R baeg Learning®,
‘Complexity's °
'[Memmtah!uw : fLow

M

# Add Traditional ML results
far row in traditional_df.iverrowsi):
li.t_rlwni.ullrlllt{ vl,

‘Accuracy': row|'Accuracy'l,
'Training Time (3)': row|'Train: Time (3)°]),
‘Training Tise {min)‘: rewl " Train Time (5)'] 7 60,
pe': ‘Traditional ML*
lexity':s "Medium® if 'Fnrest' in row| "Model"] slse "Low’,
} ']m'ternrct.l:illl’" "High" if ‘Logistic’ im now['Model®] else "Mediwm®
1

& Create rison DataFrame
mq)nrj.lmm?ad pd.Dataframe{all_results)
comparison_df = comparison_df.sort_values('Accurscy’, ascending=False)

print {“COMPLETE MODEL COMPARISON:")
5;;;{1" 4‘1‘?” CORpAT. lm,dl'[l'llndel' *Atcurac T lirli.nq Time (min)*, "Model Type', "Complexity']].copyl])
i cul r n ypet, xity*l].
display_df [*Accuracy”] = display_df 'Mcurx\-zl.rw
splay_df [*Training Tine (min)'T = nghr daf[* Trnnlﬂ-ﬂ Tine (min) *]. reumd (2]
print {osplay_df.to_string| index=False)

# 3, VISUAL COMPRRISONS
3. \'I?llll. COMPARTSONS™ }
- 25

# Create subplots
fig, axes = plt.subplots(Z, 2, figsime=(15, 120}

Figure 32: Model comparison
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[ l::un:y I:nl:uriﬂm

blrll = axl,urlmwnrum_n "Model"], comparison_df |"Accuracy'l,
colors["red” &f "L5TM' in model else "skybluee® for model in comparison_dfl'Model®]])
axl.set_titlel 'Dhr.ltl Accuracy Comparison’' )
axl.set_ylabel(’ ﬁ:ﬂlrl:)' ]
axi.set_ylimi@,
plt.lttp{nl.iﬂuuclﬂlihlstI. rotations=45, ha="right']

# add accuracy values om bars
for bar, acc ziplbarsl, comparisen_df[‘Accuracy”]):
axl.textibar.get_xl) + bar.get_widthi)s2, Mr.r‘Jlt].’M" + 8.8,
“{acg:31)", has center, vam'bot

# Training 'I'iu Comparison (log scale)
ax = axes (o,
Barsg = lﬂ.urlmnlm_!rt Medel®], comparisen_df['Training Time {min)'],
re["red" if "L5T' in model else 'lightgreen' for model in comparison_df[‘Hodel']])
ax.set, lllle{"l‘ra!.nlng Time Comparison’)
axd, set y'l.lbt].l"lruining Time (minutes)®]
axd, set_Tun'l.et log' )
plt.setplan? muticthhis“. rotationsd5, has*right')

1ll= walues on

Fer bar, t: “'l. .I.l| zl 1hll‘s.2 comparison_df [*Training Time (min) "]}z
axd, tuﬂti & bar.get_width| HZ. l-lr.z:t ? htih = 1.1,
wl J1fle", ha='center', wvas' *

# Accuracy ve Training Time Scatter

axd = axes[l,

colors = [“red’ if 'LSTH' in model else ‘bBlue’ for model in comparison_df [‘Model’1)

scatter = ;ﬂ.s:;ltgr{:ﬂ:rism _df [*Training Time {min)'), comparison_df['Accuracy’],
s, s=1848, lghaﬂ.ﬂ

axd. get_xlabeli'Training Tise (minutes)®

axd. st ylabell ' Accuracy' ) I

u3 set_titlel Accuracy vs Training Time')

ax .s:t_xu:n'l.et log'}

¥ Add megdel labels
for i, model im tnmritqtcn-?irl.lw df [‘Model*]):
u3 lmptl‘bet-uicl.;pli
(comparis f['Training Time (min}').filoc[il, E_ari!nﬂ df['Accuracy'l.ilec(i]),
mytext=(5, 5], textcoords="offset points', fontsize=g

# Model e Summary
axd = axes[1, 1]
model_type_summary = oolbﬂrhﬂll_ﬂf.gmms-i'nndel Type' ) ["Accuracy’].aggl('mean’, “max', “count'])
:._p-:: = r:g:i.l:n Ml_tm_l 1] 1,

rEd4 = axd.bar L lodl '

:ﬁ:r—[' :r“bi'lu 1, l'Lphn-B.?:I

axd, et tlthf‘.!.wrau l::url:'r bi‘ Model Type®)
and, set_g-'l.lh-el.t Merm Accuracy’
and. set_xticks( qus
axd.set_wticklabelsimodel_type_summary. index)

# Add valuwes on bBars
for bar, wval in zipibarsd, model_type_sussary [ *sean’
m.lnﬂwr.umn * ur.in.-rum m. urqn m;nm + 8,81,
f'{wal: .3f}', ha='center’, va='

plt. tight_layout(]
D'lt.lllglulhh

# 4. DETATLED AMALYSIS
printi"wnd. DETAILED AMALYSIS")
print{"=" = 25)

best_accura _pode'l comparisan_df. iloc[a]
fastest_mod I:! arison_df. loc [comparison_df [ [*Training T.i.le [%]"].ideomini]]
best_traditional = cmtum_dfl:unrum_ T|'Hodel Type'] == "Traditiomal III. 1. ilec (@]

print{ f*BEST OVERALL ACCURALCY:™)

print{f* Model: {best_accuracy_model [ Model®]}*)

print{f* Accuracy: 1ne|t_{ac:url:y_pdell'ncurncy (A ]

printif™ Training Time: {best_accuracy model|'Training Time (min)']:.17} minutes™]

print{f*yms FASTEST TRAIMING:")

print{f* Model: {fastest L[ 'HModel" ] 1)

prantif™ Training Time: {fastes L 'Trafning Time (mind®):.17} minutes™)
print{f* Accuracy: {fastest_model['Accuracy']:.4f}")

Figure 33: Model comparison

# 5, RECOMMENDATIONS
print{*\n5. RECOMMENDATIONS")
print{®-" « 28}

nculnqr- diff = best_accuracy_sodel[“Accuracy’] - best_traditional|Accurscy”
tima_difT = best_accuracy_sedel[ Training Time (mim)"] ™/ best_traditiosal[ Traiming Tise (min)°]

print{f"yaLST™ vs Best Traditional ML:™)
print{f" Accuracy difference: {MCcur diff:. arf) l{ﬂturﬂf_lilf-lll..ll}\l'l
print{f” Time dl}l’tflntt: {time_diff:. 1Ths slower™)

it |:curlc¥"duf = 0,05 # 5% better

print{fTnRECOMMENDATION: LSTM")
printif Reasan: !h]nl!l:in!ly better accuracy (e{acouracy diff=1dd:.170%)%)
dire = o,02 % battar

LSTM: Better accuracy but slower ming™ )
Traditiomal ML: Faster training, good enough accuracy™)

el
printif*ynBAECOMMENDATION: (best_traditicnal ['Medel®]}™)
print(f" Reason: Similar accuracy but mech faster training™)

# B, SAVE COMPARISON RESULTS
print{“yné. SAVING COMPARISON RESULTS™)
print{"-" =« 33)

comparison_df. to_cav( 'sodel_comparison_resulls.csy’, indexsFalse)
print {"Comparison resulis saved to ‘model_comparisen_resulis.cew'™)

print{"yn™ + “="a7d)
print{"HODEL COMPARISON COMPLETED" )
print{"="=78]

Figure 34: Model comparison
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