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Configuration Manual

Maritza Reyes
x23327383

1 Introduction

The con guration 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 Speci cations

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, *.xIsx, *.xIsm)” from dropdown menu. Next, browse to locate and select the
desired Excel data le, 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.

-.-”Hhﬂhﬂwmm__—“'ﬂ .n.-:a!e.n--qus-u-lmu_
SHS M~ MLl EB=E JoHAGME = g e - O e e
Nam Twe  Wh Decma sl Ve My e My —— e :::aw -

(™ w3 . — — » [ e —_—
T e e - v Bur  pee S - fm—— -
e — — Bun A e r—— .
0 ety — — Bun  fmee e e Cnange
[ [Too— S . — = Bua A P
© e en o - Bion  dvew N i ——
P o - Bin A N jre S
(™ e 1] o — - i L e i
(") [ e -h P Y- :3‘::: ——————
" — —— = e
, - — PR T W - Come
i - — WA e N
= — — ] i St \.. - e
n - —— W A N
0 — — e A e O o
w — — o A wh O O v %
W - — L e o
o - — A N
W — — R T T D T p—
0 . — b A N O s
0 — — e A N e e
' - - R T .
ot
et L KT -
AT it s ot mmets irings 82 mmbens (¥ 541
? e | Ka——
— &
Ovevem  DwaView  wariante v
A a2 13 Smmancy Processae a resdy 4 e 0N Cavis B

Figure 4: Recode into di erent 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., Totalyrust).

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 re ects 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 signi cant di erences exist
between user perceptions in di erent regions.
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Figure 8: De ne groups



Iadepundent Samples Test

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 coe cients.

4. Ensure Flag significant correlations is selected.

5. Click OK.
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Figure 10: Correlate - Bivariate
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Figure 11: Select Groups to correlate




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 rst collected using web scraping tech-
niques via Google search results, targeting user feedback on BBVA and Revolut. The
extracted data was stored in .csv les and included multiple elds, 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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© £ © ipip dnstall google-play-scraper

o fron google_play_scraper drport reviews, Sort
inpart pandas a pd
o from google. colab ixport files

# App 10 (Revolut)
o0p_id = "con. revolut. revolut’ & Revolut app 1D

# Extract RevoWut reviews from Ireland (in English)
Fesut, _ = reviews(

1 = pd.Datarrane(result)
# Only colums useful for sentinent analysis
of_revievs = 411 ('score’, "content')]

 save o sy
ot _revievs.

V(" revOLUE_reviews_e,csv', indexsrolse) 1

print("E Resefas de Revolut en Irlanda guardadas en * revolut_rev iews_ie.csv
a_reviews.head()

f1Tes.download (' revolut_reviews_ie.csv')

in

Figure 15: Scraping Step



3.3.2 Sentiment Analysis

Open colab and NewBook and Upload csv le.

JEEALPEANEELPE

Figure 16: Upload csv

Steps to follow:

1.- Install required libraries

v
27s ° £
ipip 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

df=pd. read_csv(*/content/revolut_reviews_ie.csv',
print(len(df))
= 1999

Figure 19: Load Dataset

4.- Define functions(ML.DL)

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

Figure 20: De ne functions (ML,DL)

Figure 21: De ne 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.

» [5] #5
0s

print(“Missing values per column:")
print(df.isnull().sum())

for col in df.columns:
if dflcol]. dtype in ['object']:
df[col] df[col). rltlna(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, preprocessmg 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

print(“Starting pre 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_subjectivity)

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.

", should be “sentiment"”

index(drop=True)

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

#9 — Tokenization and Padding

nit = tokenizer
tokenizer = Tokenizer(num words=10000, oov_token="=00V=>")
tokenizer.fit_on_texts(df_balanced|"processe: d_text"] )

nces
exts_to_sequences(df_balanced ["processed_text"1)
quences(sequences, padding='post’, maxlen=1068)

= LabelEncoder()
abel_encoder.fit_transform(df_balanced["sentiment™])
ategorically_encoded)

¥
#X_lstm shape: {X_lstm.shapel}")
"y“shape: {y.shape)')
“Tokenization completed!")

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 de ned.

o & 10

# Check data quality fir:
print(“Data Quality chechi™)
Solatm shaper i Lsta-shapel=)

shapei {y.shape}")
':\ass distr mutmn. (nn sumiy, axis=0)}")
e e e o= o n e R DL

# Train/Test sSplit with better stratification
X_train, X_test, y_train, y_test = train_test_split(
X

a &
nrm'ﬁ'y.nn toRmx(y, axisml) # Stratify by class labels
)

print(
print{
print{
print(

*\nTraining se _train.shape)”)
"Test set: {X_t c Shape)™)

‘Train class ution: {np.sumiy_train, axix
Teat class distribution: (nposumly Test, axis

@) )
)

# IMPROVED LSTH MODEL
Sequential(l
"% Emis dding layer - fixed input_length warning
Embeddingt Input 0 im=10600, OUtPEt O Ime128 ),

irectional LSTM for better context LS
Bidirectional(LSTH(c4. Uropout=g.3. recurrent dropout=o.3, return sequences=Truel),
Bidirectional (L3TM(32, dropout=6.3, recurrent_dropout=e.3)}

Denze layers with batch normalization
Bensciba, Betivatione: retutys

activations=‘relu‘),
3y,

layer
activation=‘softmax®)

1

# Compile with better settings
model, compi Le
optimizer="a
loss='categorical_crossentropy’,
metrics=[‘accuracy

»

& Model summar
model. summary(

# Improved callbacks
callbacks
zarlystnpping
val_accuracy’, # Monitor accuracy instead of loss
Paticncess,
Festore ) best _weights=True,
verboses

RéduceLROnPLate
manitars uu\ “{oss®,

RIns
VerBoses=1

# Train model with more epochs
R 1nvl“\l\5tnrr!n? anlnlnq.,.')
istary 'S madel

tr n
# More epo
vasmaue- batch size

cpachacse
Batch_size=16
validation_spit '..u
callbacks:
verbose=1

Figure 27: Train: test LSTM model(DL)

]

# Evaluate model
t s

. t_mccuracy = model.svaluate(X_t
TP NAFinal Test Accuracy: {Etest_mccurecy

test,

pr

= neuued evaluat io
model. nrcdlct(x test)
v Breq classes & np.argmaw(y.pred, asis=l)
Rt classes = np.arimenii test, axls=i

print{"\nClassification Repor
print{classification_report(y_test_classes, y_pred_classes
aYaet names=label Sheodsr. ¢l

&s_1)

» Save mude\ in new format
model; save( improved _Ustn_sentiment_model,keras ')
Brinti hodel Tavad s | improved letm sentiment_model. keras "}

# Check model is sctusliy Lesrni
rint Ving Mistory Summar
net training ....m.--r. Thistory.nistoryi accuracy' ]l
nal validation accuracy: {histery.historyl val accur
Best validation mccuracy (max(history.hiskory| val ac

® Plot training history
pu.rmwaumnn-:u 4y

Pl

Pl Tlnumry mnnrw accuracy:l, labels Trat Accuracy’)
BIE.BiIotinistary nistary| vai ecchraty label dation Atcuracy’)
Bltititiel Hode M“.....y 1

plt.xlabel( h" )

PiEirianat] Ateiraty )

pie. legendi)

plt.subplotil, 2, 2)

Pl un(mum—y.muwyr loss’], label='Training Loss')
Blt.plotinistary.historyl'val_toss'], tone 12 0at1a5210n Loss )
Pt eitier moaat l Loss')

PLE.x1labi !\['F::u.

Pl l-ln!l! %

pit.legendl

pl

Pl

tight layeut(}
show(T

ey

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

print{“="»68)
print{*TRAINING TRADITIONAL ML MODELS")
print{“="«68)

# Use balanced dataset from step #8
X_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
ain_df=2, Word sust appear at least 2 times
max_df=@.05, nore words in >05% of documents
stop_words='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
) strati! y-y_lweis
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 = Li uuchgreulon(ramoq_sute-dz. max_iters1009)
Lr_model. fitix_train_tfidf, y_train_trad)

Lr_time = tine time(] - start_time

Lr_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 Faorest
print{*\nTraining Random Forest...*)
start_time = time.time(}
rf_model = RandoaForestClassifier({n_estimators=108, random_state=42, n_jobs=-1)
rf.pueel f!.t{x train_tfidf, y_train_trad)
rf_time = time.time(] - start_time

Fi_préd = rf_model.predict(Xd test_tfidr)
L lccura:y = accuracy_scorely_test_trad, rf_pred)

medels [ Random Forest'] = rf_model

results(’Random Forest'] = {
“accuracy': rf_accuracy,
ttime': rf_time,
*predictions': rf_pred

¥

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

& 5WM
Drinu"\nl’ralnlne WM. .. ")
arE_time Tl time|

-.g
vm_model = su rnel=’ Linear" ndom_states42)
:vn_-nd:\ mtx_:rnn tFidf, y_i trnlrl _trad)
time. (T — start_time

svm_pred = svm_model.predicti}_test_tfidf)
svm_accuracy = accuracy_scorely_test_trad, swm_pred)

models['SVM'] = sum_model
resulEs["SVH'] = {
'a::ura:y" $im_scouracy,
e g

"pred 1cuan1 ¢ i swm_pred

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

# 4. RESULTS SUMMARY
Printi™in= + “="sGd)
Prant{"TRADITIONAL ML RESULTS SUMMARY™)
print{"="s6a}

rosu“s df = ?d.DataFrme[{
el': List{results. keys()
'A::uracy ¢ [results[model] [ *a
*Training Time (3)': [result

*] for model inm results.ke:

b
‘accurac ys()l,
time®] for model in results.keys()]

s [model]

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

# 5. DETAILED CLASSIFICATION REPORTS
print{*\yn5. DETAILED CLASSIFICATION REPORTS™)
print{"-" « 48

Tor model_name in results.keysi(
{-Wol._nl-l,umrll} Classification Report:"™])

print
urmticl,u::Ll'i:,unmu:wr:ty_te:t trad, results(model_name] [‘predictions®]11)

# 6. BEST TRADITIONA EL

best_traditional_model = max{result s r z_results [x] ["accuracy*]1)

best_accuracy = results[best_ trll‘lit.l.r.mn 1 [*accuracy®]

print{f\nBEST TRADITIONAL MODEL: {best_traditional_model}™)
print{f*Best Accuracy: {best_accuracy:.3f}"])

@ Save for comparison uun LSTH
traditiona 'l.t
ruu'u:: xumry r!sulls df,
‘best _model’: best _traditional_model,
best_accuracy’s Msl_fnccurncy.
"tfidf_vectorizer': tfidf,
“trained_models": models

Figure 30: Train and evaluate models (ML)

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

print(“Traditional ML results saved for comparisen!™)
printif"Next: Compare with LSTH (76% accuracy)®)

print{"yn"
MITIWL HL TRAINING COMPLETED™ )

print

Figure 31: Train and evaluate models (ML)
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Model Comparison

© print{ 1]
print {“COMPREHEMSIVE MODEL COMPARISON™)
print{ TR)

# 1. COLLECT ALL RESULTS
print{"\nl. COLLECTING ALL MODEL RESULTS")
print("=" w 35)

# LSTH Results [(from your training)
\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)
Erys
wWith GMn[ traditional_ml_resulls.pkl®, "rd°) as 1
traditional_results = pickle. lead 1)

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

excepti
¥ Fallback: Manual input (replace with your sctual results)
print ("Traditional WL results file not fownd. Using placeholder valwes.™)
traditienal_df = pd.DataFrame|({
'Model’: [‘Logistic ression’, ‘Random Forest®, "SWH°];
‘hecuracy': [0.72, .79, B.74], & Replace with actwal results
‘Training Time (s)': [3, 15, 45] & Replace with actual tises

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

# Combine all results
all_results = []

'l? LF{': Nill'ltsu
all_results.append
"Hodel" L5TM {Deep Learning)®,

*Rccurbey'i LSUM_BCCUFALY,
"Training TJI! is]": ‘litl training_time,
‘Trainimg Tue {min) "z lstn.trn- time 5 &8, I
"Hodel Learning®,
"Complexity's "H e
1 '[Memmtlhluw & Lot

# Add Traditional ML results
far row in traditional_df.iverrowsi):
-it_mum.uurlnm vl,

‘Accuracy': row|'Accuracy'l,
'Training Time (3)': row|'Train: Time (3)°]),
‘Training Tise {min)‘: el Training Tise (s)* ] 7 &8,
T{ 'y 'Traditional ML
Lewdt: 'r "Mediom® if 'Fnrest' in row| "Model"] slse "Low’,
']m'ternl'etd:illly i "High' if “Logistic’ im row['Model®] else "Mediwm®
3]

& Create Wrnm DataFrame
comparison_d pd.Dataframe{all_results)

comparison_df = comparison_df.sort_valwes('Accurscy’, sscending=False)
nt{“COMPLETE MODEL COMPARISON:™)
prmt{" ”dﬁ]

splay. = CORpAT; lm_ﬂl'[!'lhde'l.' "Accuracy’, ‘Training Time (min)®, ‘"Model Type®, "Complexity']].copy()
display S Aceoracr ] = drl"accuracy’] . round(4
splay_df [*Training Time 1I1nJ ] - nghr df[*Training Time (min) ‘). rousd(2)
pr:ntiﬂsplw_df.tu_;trirqim

L 3. \'I!-UAL COMPARTSONS.
nt{" VISUAL COMPRRISONS™)

¥ Create fubplots
fig, axes = plt.subplots(2, 2, Tigsire=(15, 121}

Figure 32: Model comparison
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