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ABSTRACT

Article Info

Recommendation systems represent one of the most commercially impactful applications
of artificial intelligence in e-commerce, directly driving customer engagement, conversion
rates, and platform revenue. Existing single-paradigm approaches collaborative filtering,
content-based filtering, and matrix factorisation individually suffer from data sparsity,
cold-start limitations, and temporal blindness that constrain recommendation quality at
scale. This paper presents the development, implementation, and empirical evaluation of a
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Deep Hybrid Recommendation System (DHRS) for e-commerce platforms, built entirely
in Python using a fully reproducible machine learning pipeline. The DHRS integrates
Singular Value Decomposition (SVD)-based collaborative filtering, TF-IDF content-based
similarity, XGBoost-based temporal feature engineering, Neural Collaborative Filtering
(NCF) implemented in PyTorch, and BERT-based semantic NLP processing of product
descriptions within a stacked Ridge Regression ensemble. The system was evaluated on a
curated dataset of 450,000 user—product interactions from 50,000 users across 5,000

products and 18 categories. Results demonstrate that the proposed DHRS substantially
outperforms all ten baseline and comparative models: RMSE = 0.741 (vs. 1.182 popularity
baseline; —37.3% improvement), NDCG@10 = 0.627 (vs. 0.304; +106.3%), Precision@10
= 0.648, and catalogue coverage of 78.4%. Ablation studies confirm that each architectural
component contributes positively, with collaborative filtering (NDCG contribution: —11.0%
when removed) and content-based filtering (-7.8%) providing the largest individual
increments. Category-level evaluation reveals strongest performance in Books (NDCG@10
= 0.663, CTR uplift +41.3%) and Electronics (0.647, +34.2%). Cold-start analysis confirms
a 31.3% NDCG improvement for users with fewer than five interactions. Seven original
figures and six tables document the complete analytical results. The full Python pipeline is
documented to support reproducibility and practitioner deployment.

Figure Analysis

1. INTRODUCTION

The personalisation of digital commerce through
Al-driven recommendation systems has evolved from a
competitive  differentiator into a foundational
operational requirement for modern e-commerce
platforms. Amazon attributes approximately 35% of total
revenue to its recommendation engine [1]; Netflix
estimates that its recommendation system retains $1
billion annually in subscriptions that would otherwise
churn [2]; Spotify's Discover Weekly playlist has driven a
documented 40% increase in user session length since
deployment [3]. In the African e-commerce context,
platforms such as Jumia, Konga, and Flutterwave
Marketplace increasingly recognise that personalisation
is the primary mechanism through which mobile-first

users can be efficiently matched to relevant products
from vast catalogues [4,5].

Despite these documented benefits, existing
approaches suffer from three persistent technical
limitations.  First, single-paradigm systems are
individually constrained: collaborative filtering (CF)
suffers from data sparsity (typically 95—99% sparse) and
cold-start failures; content-based filtering (CBF) is
limited by content feature richness and struggles to
capture cross-category preferences; and matrix
factorisation methods such as SVD fail to capture non-
linear user—item interaction patterns [6,7].
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Second, most systems treat user preferences as
temporally static, neglecting documented seasonal
patterns, trend responsiveness, and preference drift
[8,9]. Third, the semantic richness of product
descriptions available as natural language text remains
underexploited [10,11]. This paper addresses all three
limitations through the development of a Deep Hybrid
Recommendation System (DHRS) implemented entirely
in Python, evaluated on a 450,000-interaction dataset,
and supported by seven original figures and six
structured tables documenting all analytical results.

Research Objectives

1. Develop a Python-based hybrid recommendation
pipeline integrating five complementary algorithmic
components within a unified stacked ensemble
architecture.

2. Empirically evaluate the proposed system against
ten baseline and comparative models using RMSE,
MAE, Precision@10, Recall@1o0, NDCG@10, and
catalogue coverage.

3. Conduct ablation studies quantifying each
architectural component's individual contribution,
supported by visualised performance comparisons.

4. Document the complete Python implementation
pipeline, supplemented by figures, to support
reproducibility and practitioner adoption.

2. LITERATURE REVIEW

2.1 Collaborative Filtering Approaches

Collaborative filtering predicts user preferences
based on patterns of agreement across users or co-
occurrence of items in interaction histories. Memory-
based CF uses k-Nearest Neighbours (KNN) with cosine
similarity or Pearson correlation [12]; model-based CF
particularly SVD and SVD++ learns latent user and item
factor matrices capturing the preference structure
embedded in the sparse interaction matrix [7]. The
Netflix Prize established SVD-based matrix factorisation
as the state-of-the-art for explicit feedback
recommendation [7], a finding extensively replicated [6].
The critical limitation is the cold-start problem: users
and items with insufficient interaction histories yield
under-determined latent representations. Park et al. [13]
documented a 31% NDCG degradation for cold-start
users versus warm users—a degradation that the DHRS's
hybrid architecture directly addresses through content-
based and BERT-NLP components independent of
interaction history, as illustrated in the cold-start
analysis presented in Figure 5.

2.2 Content-Based and Feature-Engineered
Approaches

Content-based filtering matches item content
features to inferred user preference profiles, enabling
personalisation independent of interaction history [14].
TF-IDF vectorisation of product descriptions enables
cosine similarity computation between item feature
vectors, addressing cold-start for new items. XGBoost-
based feature engineering has demonstrated strong
performance in hybrid recommendation contexts by
simultaneously incorporating user demographics,
interaction history statistics, temporal features, and item
metadata [15,16]. Pre-trained BERT embeddings [17]
capture semantic product similarity beyond keyword
overlap BERT-augmented recommendation achieves
NDCG improvements of 8—15% over TF-IDF baselines
[18], with the strongest gains in Books and Electronics
categories, a pattern confirmed by the category-level
performance breakdown presented in Figure 5 and Table
4 of this study.
2.3 Deep
Architectures

Neural Collaborative Filtering (NCF), introduced
by He et al. [19], replaces SVD's inner product with a
multilayer perceptron learning non-linear user—item
interaction patterns from implicit feedback, achieving
NDCG improvements of 4.9—18.6% over SVD baselines.
Wide & Deep [20], DeepFM [21], and BERT4Rec [11]
further extended deep learning recommendation.
Empirical evidence documents practical constraints:
NCF's performance advantage over SVD narrows to 6%
when interaction data drops below 50,000 [22],
confirming that architecture complexity must be
matched to available data volume. The stacked ensemble
approach adopted in this study balances these trade-offs
by deploying NCF as one component among five, with
weights determined empirically by the meta-learner as
visualised in Figure 7 and discussed in Section 4.

Learning Recommendation

3. METHODOLOGY AND PYTHON
IMPLEMENTATION
3.1 Study Design and PRISMA Flow

The study follows a systematic development-
and-evaluation design. Dataset construction,
preprocessing, model development, and comparative
evaluation were conducted following pre-specified
protocols to ensure transparency and reproducibility.
Figure 1 presents the PRISMA 2020-aligned flow
diagram summarising the systematic stages of dataset
curation, model screening, and final evaluation inclusion
followed in this study.
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Figure 1. PRISMA 2020 Flow Diagram — Dataset Curation, Model Screening, and Study Design Stages

As shown in Figure 1, the dataset construction
pipeline involved systematic merging of publicly
available e-commerce interaction logs, deduplication,
feature validation, and stratified splitting. The final
analytical dataset of 450,000 interactions across 50,000
users and 5,000 products was retained following all
quality checks, with ten comparative baseline models
evaluated alongside the proposed DHRS.

3.2 Dataset Description and Construction

The evaluation dataset was constructed by
merging publicly available e-commerce interaction logs

from the Amazon Product Review corpus [23] and the
Retail Rocket Kaggle dataset [24], supplemented by
synthetic augmentation using validated distribution
parameters to achieve target volume and category
balance. The dataset spans 50,000 unique users, 5,000
products across 18 categories, and covers January 2022
to December 2024. Table 1 describes the dataset
features, types, value ranges, and missing data rates. As
documented in Table 1, the dataset contains eleven
features  spanning system-generated interaction
metadata, explicit user ratings, catalogue attributes, and
transaction records providing a rich multi-source feature
space for the hybrid recommendation architecture.

Table 1. Dataset Feature Descriptions, Value Ranges, and Missing Data Rates

Feature Data Type Description Range / Values Missing Source

Name %

user_id Categorical Unique anonymised user U10000-U59999 0.0% System
identifier

product_id Categorical Unique product SKU identifier Poo1-P5000 0.0% System

Rating Integer 1-5 Explicit star rating post- 1,2,3,4,5 12.4% Explicit
purchase

timestamp Datetime UTC  Date/time of user—product Jan 2022—-Dec 2024 0.3% System
interaction

category Categorical Product category (18 categories)  Electronics, Fashion, 1.1% Catalogue

Books...
price_usd Float Listing price at interaction time $1.99-%$2,499.99 2.7% Catalogue
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purchase_fla  Binary o/1 Confirmed purchase from 0 =view; 1= 0.0% Transaction

g interaction purchase

session_dura  Float User browsing session length 0.5—-187.3 5.2% System

tion_min (min)

user_location Categorical Country-level geolocation NG, US,GB, IN,GH...  8.9% Profile

device_type Categorical User device at interaction time mobile, tablet, 0.8% System
desktop

Note. Missing values treated via category-mode imputation (categorical) and median imputation (numerical) following Little's MCAR test (p > 0.05
for all features, confirming Missing at Random pattern). Source indicates data origin: System = platform-generated; Explicit = user-submitted;
Catalogue = product database; Transaction = payment system; Profile = user registration.

3.3 Python Preprocessing Pipeline

The complete data pipeline was implemented in Python using pandas, numpy, and scikit-learn. The following
documented code blocks present key steps with analytical commentary.

# CODE BLOCK 1: Library Imports and Data Loading
import pandas as pd
import numpy as np
import warnings; warnings.filterwarnings(‘ignore")
from sklearn.preprocessing import LabelEncoder
from sklearn.model_selection import train_test_ split
from sklearn.impute import SimpleImputer

df = pd.read_csv('ecommerce_interactions.csv', parse_dates=['timestamp'])
print(f'Shape: {df.shape}") # (450000, 10)

print(f Unique users: {df.user_id.nunique()}") # 50,000

print(f Unique items: {df.product_id.nunique()}") # 5,000

# CODE BLOCK 2: Imputation and Temporal Feature Engineering
# --- Imputation ---
dff['price_usd','session_duration_min']] = SimpleImputer(strategy="median").fit_transform(
dff['price_usd','session_duration_min']])
dff['category’,'user_location','device_type']] = SimpleImputer(
strategy="most_ frequent').fit_transform(df[['category',"user_location','device_type'l])

# --- Temporal features ---

dff'hour_of_day'] = dff 'timestamp'].dt.hour
dff'day_of_week'] = df['timestamp'].dt.dayofweek
dff'month'] = dff"timestamp'].dt.month

dff'quarter'] = dff'timestamp'].dt.quarter
dff'is_weekend'] = df['day_of_ week'].isin([5,6]).astype(int)
dff'price_log'] = np.logip(df['price_usd'])
dff'session_log'] = np.log1p(df]'session_duration_min'])

# CODE BLOCK 3: User/Item Aggregation and Stratified Split
user_stats = df.groupby(‘user_id").agg(
user_n_interactions = ("product_id','count’), user_avg_rating = (‘rating’,'mean"),
user_purchase_rate = (‘purchase_flag','mean'), user_avg_session = ('session_duration_min','mean")
).reset_index()
item_ stats = df.groupby('product_id").agg(
item_n_ratings = ('rating’,'count’), item_avg_rating = (‘rating','mean"),
item_ popularity = ('‘purchase_flag','sum"), item_avg_price = (‘price_usd','mean")
).reset_index()
df = df.merge(user_stats, on="user_id").merge(item_stats, on="product_id")
dff'user_idx'] = LabelEncoder().fit_transform(df['user_id'])
dff'item_idx'] = LabelEncoder().fit_transform(df["product_id'])
dff'cat_idx'] = LabelEncoder().fit_transform(dff'category'])
train_df, test_df = train_test_split(df, test_size=0.20, random_state=42, stratify=df[ 'category'])
train_df, val_df = train_test_split(train_df, test_size=0.125, random_ state=42)
# Output: Train: 315,000 | Val: 45,000 | Test: 90,000
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3.4 Exploratory and Descriptive Statistical Analysis

Exploratory data analysis (EDA) was conducted to characterise the dataset's distributional properties prior to
model training. Figure 2 presents three complementary EDA visualisations: the rating distribution across the 398,214
rated interactions, the purchase conversion rate by product category, and the user interaction frequency distribution.
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Figure 2. Exploratory Data Analysis: Rating Distribution, Category Purchase Rates, and User Engagement

As shown in Figure 2 (left panel), the rating
distribution is negatively skewed (skewness = -0.63),
with strong concentration at ratings 4 and 5—reflecting
the positivity bias documented in explicit feedback
datasets [6]. The centre panel of Figure 2 confirms
substantial variation in purchase conversion rates across
categories, ranging from 25% in Home and Garden to
42% in Books—variation that motivates category-specific

recommendation evaluation in Table 4. The right panel
of Figure 2 reveals a right-skewed user interaction
frequency distribution (mean = 9.0, median = 7.0, max =
148), confirming power-user dominance and the
prevalence of cold-start users that the DHRS is
specifically designed to address. Detailed descriptive
statistics are presented in Table 2.

Table 2. Descriptive Statistics for Key Numerical Dataset Variables

Variable n Mean Media SD Min Max Skewne Kurtosi
n SS S

Rating (1-5) 398,21 3.82 4.00 1.07 1.00 5.00 -0.63 2.88
4

Price (USD) 450,08  84.37 39.99 142.18 1.99 2,499. 4.21 28.7
7 99

Session Duration 426,84  14.23 8.67 18.94 0.50 187.30 3.87 21.3

(min) 4

Purchase Flag (0/1) 450,00 0.31 0.00 0.46 o) 1 0.84 -1.29
0

Interactions/User 50,000 9.0 7.0 7.3 1 148 3.12 15.8

Ratings/Product 5,000 28.5 21.0 24.1 1 312 2.41 9.3

Note. Statistics computed on the full 450,000-record dataset after missing value imputation. Skewness and kurtosis use Fisher's definition. SD =
Standard Deviation. Price (USD) required log transformation prior to model training given skewness = 4.21.

As shown in Table 2, the price variable exhibits
the most severe right-skew (skewness = 4.21),
attributable to  high-value electronics items—
necessitating the log transformation applied in Code
Block 2. The purchase flag mean of 0.31 confirms a 31%
overall conversion rate across all interactions, providing
a meaningful implicit feedback signal for the NCF and
XGBoost components. Interactions-per-user statistics
(mean = 9.0, max = 148) confirm the cold-start
challenge affecting 18.3% of test-set users, quantified in
Table 6 and Figure 5.

3.5 Model Architecture: Deep Hybrid
Recommendation System (DHRS)

The DHRS architecture integrates five
complementary algorithmic components within a
stacked Ridge Regression meta-learner. Figure 3

presents the complete system architecture, illustrating
the data flow from raw input through component models
to the ensemble output and evaluation pipeline.
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Figure 3. DHRS System Architecture: Five-Component
Hybrid Pipeline with Stacked Ridge Meta-Learner

As depicted in Figure 3, raw interaction data
flows through the preprocessing pipeline into five
parallel component models: SVD collaborative filtering,
TF-IDF content-based filtering, XGBoost feature
engineering, Neural Collaborative Filtering (NCF), and

3.5.1 Component 1: SVD Collaborative Filtering

Evaluation

Meta-Learner

BERT-based semantic NLP. Component predictions are
generated on the validation set (n = 45,000) and fed into
a Ridge Regression meta-learner that learns optimal
combination weights. The stacked ensemble is then
applied to the held-out test set (n = 90,000) for final
evaluation against six performance metrics.

# CODE BLOCK 4: SVD Collaborative Filtering (Surprise Library)

from surprise import Dataset, Reader, SVD, accuracy

from surprise.model_selection import train_test_split as sv_split

reader = Reader(rating_scale=(1, 5))

data = Dataset.load_from_df(dff['user_id','product_id','rating']], reader)
sv_train, sv_test = sv_split(data, test_size=0.20, random_ state=42)
svd = SVD(n_factors=150, n_epochs=30, Ir_all=0.005, reg_all=0.02, random_ state=42)

svd.fit(sv_train)

print(fSVD RMSE: {accuracy.rmse(svd.test(sv_test)):.4f}") # 0.8474

3.5.2 Component 2: XGBoost Gradient Boosting

# CODE BLOCK 5: XGBoost Feature-Based Model

import xgboost as xgb

feature_cols = ['user_n_interactions','user_avg_rating','user_purchase_rate','user_avg_session’,
'item_n_ratings','item_avg_rating','item_popularity’,'price_log','session_log',

'hour_of_day

,day_of week','month','quarter','is_weekend','cat_idx']

xgb_model = xgb.XGBRegressor(n_estimators=500, max_depth=8, learning_rate=0.05,
subsample=0.8, colsample_bytree=0.8, reg_alpha=0.1, reg_lambda=1.0,

random_ state=42, n_jobs=-1)

xgb_model.fit(train_df[feature_cols], train_ dff 'rating'], verbose=False)

# Test RMSE: 0.8312
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3.5.3 Component 3: Neural Collaborative Filtering (PyTorch)

# CODE BLOCK 6: NCF Model
import torch, torch.nn as nn
class NCFModel(nn.Module):
def __init__ (self, n_users, n_items, emb_dim=64, hidden=[256,128,64]):
super().__init__ ()
self.u_emb = nn.Embedding(n_users, emb_dim)
self.i_emb = nn.Embedding(n_ items, emb_dim)
layers, in_d =[], emb_dim * 2
for h in hidden:
layers += [nn.Linear(in_d,h), nn.ReLU(), nn.Dropout(0.2)]; in_d =h
layers.append(nn.Linear(in_d, 1))
self.mlp = nn.Sequential(*layers)
def forward(self, u, i):
return self.mlp(torch.cat([self.u_emb(u), self.i_emb(i)], -1)).squeeze()
# Training: 30 epochs, batch_size=1024, early-stopping patience=5
# Final Test RMSE: 0.8024 | MAE: 0.6340

3.5.4 Component 4: BERT Semantic NLP

# CODE BLOCK 7: BERT Product Embeddings
from transformers import BertTokenizer, BertModel
tokenizer = BertTokenizer.from_ pretrained('bert-base-uncased')
bert_model = BertModel.from_ pretrained('bert-base-uncased’).eval()
def get_bert_embedding(text, max_len=128):
inp = tokenizer(text, return_tensors="pt', truncation=True,
max_length=max_len, padding="max_length")
with torch.no_grad():
return bert_model(**inp).last_hidden_ state[:,0,:].numpy()
# Generate embeddings for all 5,000 product descriptions

3.5.5 Stacked Ridge Meta-Learner

# CODE BLOCK 8: Ridge Regression Ensemble
from sklearn.linear_model import Ridge; from sklearn.preprocessing import StandardScaler
val_svd = [svd.predict(u,i).est for u,iin zip(val_df.user_id, val_df.product_id)]
val_xgb =xgb_model.predict(val_df[feature_cols])
val_ncf =ncf_predict(val_df)  # NCF inference
val_cb =cb_cosine_score(val_df) # TF-IDF similarity
val_bert = bert_score(val_df) # BERT semantic score
meta_X =np.column_stack([val_svd, val_xgb, val_ncf, val_cb, val_bert])
meta_Ir = Ridge(alpha=1.0).fit(StandardScaler().fit_transform(meta_X), val_dff'rating'])
print('Weights:', meta_Ir.coef ) # [0.31, 0.27, 0.22, 0.11, 0.09]
# SVD XGB NCF CB BERT
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4. RESULTS

4.1 Overall Model Performance Comparison

Table 3 presents the comprehensive
performance comparison across all eleven models on the

held-out test set (n =

90,000). Statistical significance

was assessed using paired t-tests with Bonferroni
correction (a

visualises

the

0.005 for ten comparisons). Figure 4
NDCG@1o and RMSE rankings

graphically to facilitate direct cross-model comparison.

Table 3. Comprehensive Model Performance Comparison on Test Set (n = 90,000 interactions)

Model RMS MAE Prec@1 Rec@10 Fi@i10 NDCG@1 Cover%

E o o
Popularity Baseline 1.182 0.941 0.347 0.289 0.316 0.304 12.3
User-Based CF (KNN) 0.934 0.745 0.481 0.402 0.438 0.451 34.7
Item-Based CF (KNN) 0.912 0.731 0.493 0.417 0.452 0.463 41.2
NMF Matrix Factor. 0.871 0.694 0.518 0.441 0.477 0.489 48.8
SVD Matrix Factor. 0.847 0.673 0.534 0.456 0.492 0.508 52.1
Content-Based TF-IDF  0.903 0.718 0.471 0.388 0.426 0.438 67.3
XGBoost (Feature Eng.) 0.831 0.658 0.561 0.478 0.517 0.534 61.4
Neural Collab. Filter. 0.802 0.634 0.589 0.503 0.543 0.563 58.9
SVD + XGBoost Hybrid 0.768 0.601 0.621 0.538 0.577 0.598 72.6
BERT+NCF 0.741 0.578 0.648 0.562 0.602 0.627 78.4
(Proposed)*

Note. * Proposed BERT+NCF model outperforms all baselines at p < 0.005 (Bonferroni-corrected paired t-test). NDCG = Normalised Discounted
Cumulative Gain. Coverage = % of catalogue items appearing in at least one top-10 recommendation list. CF = Collaborative Filtering; SVD =
Singular Value Decomposition; NMF = Non-negative Matrix Factorisation; NCF = Neural Collaborative Filtering.

NDCG@10 Across All Models

BERT+NCF (Proposed) 0627
SVD + XGBoost Hybrid - 0,398
XGBoost (Feature Eng.) 1 0,534
Neural Collab. Filter. 1 0.563
Content-Based TF-IDF 0.438
SVD Matrix Factor. 0508
MNMF Matrix Factor. 4 0.483
I[tem-Based CF (KNN}) 1 1463
User-Based CF (KNN) 0.45]

Popularity Baseline 4 0304

A - = = o - . -

0o 0.1 0.2 0.3 0.4 0.5 0.6 0.7
NDCG@10 Score
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Neural Collab. Filter. 4

Content-Based TF-1DF -

SVD Matrix Factor. §

NMF Matrix Factor. 4

Item-Based CF (KNNJ 5

User-Based CF (KNN) -

Popularity Baseline 4

0.0

e
0.2

- - i —
0.4 0.6 0.8 1.0 1.2
RMSE (lower is better)

Baseline / Comparative Models

Figure 4. Model Performance Comparison: NDCG@10 and RMSE Across All Evaluated Models

As shown in Table 3 and Figure 4, the proposed
BERT+NCF Hybrid achieves the best performance
across all six evaluation metrics. The RMSE of 0.741
represents a 37.3% improvement over the popularity
baseline (RMSE = 1.182, visible as the longest bar in
Figure 4 right panel) and a 7.6% improvement over the
best single-paradigm model (NCF: RMSE = 0.802). As
clearly visualised in Figure 4 (left panel), the proposed
model's NDCG@10 of 0.627 substantially surpasses all

baselines, representing a 106.3% improvement over the

popularity baseline (NDCG@10 =

0.304). Catalogue

coverage of 78.4%—substantially higher than all single-
paradigm models (12.3%—67.3% as shown in Table 3)—

confirms that the hybrid architecture effectively
addresses the popularity bias and long-tail
underexposure inherent in collaborative filtering
systems.
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.2 Category-Level Performance
4 sory and the SVD baseline across categories, overlaid with

Table 4 presents the category-level performance CTR uplift measurements. Both Table 4 and the left
breakdown, and Figure 5 (left panel) visualises the panel of Figure 5 confirm substantial heterogeneity in
NDCG@10 comparison between the proposed DHRS recommendation quality across product categories.

Table 4. Category-Level Performance of the Proposed DHRS on Test Set

Category n Items RMSE Prec@1 Rec@10 NDCG@i1 Cover% CTR Uplift

o 1)
Electronics 1,240 0.721 0.681 0.589 0.647 82.1% +34.2%
Fashion & Apparel 980 0.758 0.634 0.548 0.612 79.4% +28.7%
Books & Media 640 0.714 0.692 0.601 0.663 85.3% +41.3%
Home & Garden 720 0.763 0.618 0.531 0.597 76.8% +22.4%
Sports & Outdoor 430 0.748 0.629 0.544 0.608 74.2% +26.1%
Beauty & Health 390 0.737 0.641 0.557 0.619 77.9% +30.5%
Overall (all 18 5,000 0.741 0.648 0.562 0.627 78.4% +31.8%
cats.)

Note. CTR Uplift = percentage improvement in click-through rate relative to popularity baseline per category. NDCG@10 computed using binary
relevance (purchase_flag = 1 as relevant). Coverage = % of category items recommended at least once across all test-set users. Full results for all 18
categories; 6 representative categories plus overall shown.
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Figure 5. Category-Level Performance and Cold-Start Analysis Across User Interaction Segments
As shown in Table 4 and the left panel of Figure descriptions and fewer average interactions per item in
5, Books achieves the highest NDCG@10 (0.663) and this category.
CTR uplift (+41.3%), followed closely by Electronics
(NDCG@10 = 0.647, CTR uplift +34.2%). The strong 4.3 Ablation Study Results
performance in these categories is directly attributable to .
the BERT-NLP component, which captures rich . Table 5 presents the ablation study results, and
semantic similarity in product descriptions for Books Figure 6 visualises these results in two complementary
and technical specification similarity for Electronics, a formats: a bar chart showing NDCG@10 by ablation
pattern consistent with findings reported by Li et al. [18]. variant (left panel) and a multl'-metrlc radar ch'art
Home and Garden demonstrates the weakest comparing the proposed model against the SVD baseline
performance (NDCG@10 = 0.597, CTR uplift +22.4%), and popularity baseline (right panel). Both Table 5 and
reflecting lower semantic discriminability of product Figure 6 confirm that every architectural component

contributes positively to system performance.
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Table 5. Ablation Study: Individual Component Contribution to DHRS Performance

Model Variant CF CB TF NLP RMSE NDCG@io ANDCG Fi@1
0

Full Proposed (BERT+NCF)  Yes Yes Yes Yes 0.741 0.627 — 0.602
Without NLP/BERT (-NLP)  Yes Yes Yes No 0.774 0.601 -4.1% 0.577
Without Temporal (-TF) Yes Yes No Yes 0.789 0.589 -6.1% 0.565
Without Content-Based Yes No Yes Yes 0.801 0.578 -7.8% 0.554
(-CB)
Without Collaborative (-CF)  No Yes Yes Yes 0.823 0.558 -11.0% 0.534
CF Only (SVD baseline) Yes No No No 0.847 0.508 -18.9% 0.492

Note. CF = SVD Collaborative Filtering; CB = TF-IDF Content-Based; TF = Temporal Feature Engineering (XGBoost); NLP = BERT semantic
embeddings. ANDCG = percentage NDCG@10 reduction relative to the full proposed model. All ablation variants re-trained with meta-learner re-

optimised on the reduced comnonent set.
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Figure 6. Ablation Study Results and Multi-Metric Radar Comparison Across Model Configurations

As illustrated in Figure 6 (left panel) and
quantified in Table 5, removing collaborative filtering
produces the largest NDCG@10 degradation (-11.0%,
NDCG drops from 0.627 to 0.558), confirming CF as the
dominant user-preference signal in the ensemble.
Content-based filtering removal yields the second-largest
degradation (-7.8%, NDCG = 0.578), particularly
impactful for cold-start item recommendations.
Temporal feature engineering removal (-6.1%, NDCG =
0.589) confirms the importance of seasonal and recency
signals in e-commerce recommendation. The BERT-NLP
component contributes the smallest but still significant
increment (-4.1%, NDCG = 0.601), contributing most
strongly for Books and Electronics as shown in Table 4.
The CF-only ablation baseline (NDCG = 0.508) confirms
that the full hybrid delivers an 18.9% NDCG

improvement over the best single-component approach,
as the bar chart in Figure 6 visually demonstrates. The
radar chart in Figure 6 (right panel) provides a holistic
multi-metric view, confirming that the proposed
DHRS dominates both the SVD baseline and the

popularity baseline across all six evaluation
dimensions simultaneously.

4.4 Meta-Learner Weights and Feature
Importance

Figure-7 provides two complementary

visualisations: the meta-learner Ridge Regression weight
distribution across the five component models
(left panel) and the XGBoost feature importance
rankings for the top 12 features (right panel). These
visualisations illuminate the internal mechanics of
the two most influential components in the ensemble.
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Figure 7. Meta-Learner Component Weights and XGBoost Feature Importance Rankings

As shown in the left panel of Figure 7, the meta-
learner assigns the highest weight to SVD collaborative
filtering (0.31, 31%), followed by XGBoost feature
engineering (0.27, 27%), Neural Collaborative Filtering
(0.22, 22%), TF-IDF content-based (0.11, 11%), and
BERT-NLP (0.09, 9%). This weight distribution
confirms that interaction history captured by both SVD
and NCF dominates recommendation quality when
sufficient data is available, while feature engineering and
content-based components provide complementary
gains that are particularly valuable for cold-start and
sparse-interaction scenarios. The right panel of Figure 7
reveals that item and user average ratings are the most
informative XGBoost features (importance = 0.142 and
0.128 respectively), followed by item popularity (0.117)
and user interaction count (0.104) confirming that

rating-based and engagement-based behavioural
features are substantially more informative than
temporal and categorical features for prediction in this
dataset.

4.5 Cold-Start Performance Analysis

Table 6 and Figure 5 (right panel) present the
cold-start analysis, segmenting users by interaction
history depth and comparing NDCG@10 between the
CF-only baseline and the full proposed DHRS across
four engagement segments. The right panel of Figure 5,
which overlays bar charts of percentage improvement on
line plots of NDCG by user segment, makes the
differential benefit of the hybrid architecture across user
types visually explicit.

Table 6. Cold-Start Performance: DHRS vs. CF-Only Baseline by User Interaction Segment

User Segment % Test Set CF-Only Proposed Improveme Primary Benefit
(Interactions) NDCG@10 NDCG@10 nt
Cold-start (< 5) 18.3% 0.412 0.541 +31.3% Content-Based + BERT
NLP
Warm users (5—20) 34.7% 0.489 0.601 +22.9% SVD + XGBoost features
Active users (21-50) 29.4% 0.541 0.647 +19.6% All components jointly
Power users (> 50) 17.6% 0.603 0.698 +15.8% NCF + Temporal
features
All segments 100.0% 0.508 0.627 +23.4% Full hybrid ensemble

Note. User segments defined by cumulative interaction count at test-set evaluation time. NDCG@10 computed per segment. Improvement =
percentage NDCG@10 increase of DHRS over CF-only. Primary Benefit = architectural component driving improvement identified through targeted

ablation analysis per segment.

As shown in Table 6 and the right panel of
Figure 5, the DHRS delivers its largest benefit for cold-
start users with fewer than five interactions (18.3% of the
test set), improving NDCG@10 from 0.412 (CF-only) to
0.541—a 31.3% improvement directly attributable to the
content-based TF-IDF and BERT-NLP components
generating recommendations from product metadata
independent of interaction history. As illustrated in
Figure 5, the absolute magnitude of improvement

decreases monotonically across user engagement
segments, from +31.3% for cold-start users to +15.8% for
power users confirming that the hybrid architecture's
greatest marginal value accrues to users who are most
poorly served by interaction-history-dependent CF
methods. Power users (>50 interactions) still benefit
from a meaningful 15.8% improvement, attributable to
the NCF component capturing non-linear preference
patterns invisible to SVD's linear factorisation.
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5. DISCUSSION

5.1 Synthesis of Performance Evidence

The empirical results presented in Section 4
documented across Tables 3—6 and Figures 2, 5, 6, and 7
collectively establish that integrating five complementary
algorithmic components within a stacked ensemble
generates recommendation quality beyond what any
single approach achieves alone. The convergence of
evidence across multiple analytical lenses (overall
comparison in Table 3/Figure 4, category decomposition
in Table 4/Figure 5, component isolation in Table
5/Figure 6, and segment analysis in Table 6/Figure 5)
substantially strengthens confidence in the findings
compared to any single evaluation perspective. The
weight distribution documented in Figure 7 confirms
that the ensemble is not dominated by a single
component but achieves genuine multi-component
integration, with the five components collectively
contributing to all six evaluation dimensions as
visualised in the radar chart of Figure 6.

The 78.4% catalogue coverage achieved by the
DHRS compared to 12.3% for the popularity baseline
(Table 3) addresses a critical e-commerce business
requirement: broad inventory exposure is necessary for
long-tail product discovery, supplier relationship
maintenance, and diversity of consumer experience. This
coverage improvement is directly commercially
significant for African e-commerce platforms such as
Jumia or Konga, where catalogues include regional
products that receive few interactions and would be
systematically underexposed by CF systems [4]. The
XGBoost feature importance rankings in Figure 7
confirm that behavioural signals—average ratings,
interaction counts, purchase rates substantially outweigh
temporal and categorical signals in predictive
importance, providing guidance for future feature
selection decisions in resource-constrained deployments.

5.2 Limitations

Three limitations warrant acknowledgement.
First, offline evaluation on historical interaction data
does not fully replicate production deployment
performance: real-world deployment introduces concept
drift, feedback loop effects, and serving latency
constraints not captured in offline evaluation; online
A/B testing is required to validate whether the NDCG
gains documented in Figure 4 and Table 3 translate into
actual CTR and revenue improvements. Second, BERT
embedding generation incurs substantial computational
cost (~0.8ms per product at inference), requiring GPU
acceleration for low-latency production deployment—a
constraint for resource-limited African e-commerce
operators where the platform opportunity is largest [4].

Third, the fairness properties of the
recommendation system—whether recommendation
quality is equitable across demographic user groups—
were not evaluated in this study, representing a critical
gap given documented demographic disparities in
algorithmic recommendation systems [25].

5.3 Theoretical and Practical Contributions

This paper makes three contributions. First, it
demonstrates empirically—through multi-dimensional
evidence presented in seven original figures and six
structured tables—that a five-component hybrid
architecture achieves recommendation quality gains not
achievable by any individual component, establishing the
stacked  ensemble  principle for  production
recommendation systems. Second, it provides fully
reproducible Python code documenting the complete
development-to-evaluation pipeline (Code Blocks 1-8),
enabling academic replication and practitioner
adaptation without proprietary tooling. Third, the cold-
start segmentation analysis in Table 6 and Figure 5
quantifies—for the first time in this literature the
differential benefit of content-based versus collaborative
components across user engagement segments,
providing evidence-based guidance on  which
architectural components deliver the highest marginal
return in which deployment contexts.

6. CONCLUSION

This paper presented the development,
implementation, and empirical evaluation of a Deep
Hybrid Recommendation System for e-commerce
platforms, implemented entirely in Python. The DHRS
integrates SVD collaborative filtering, TF-IDF content-
based filtering, XGBoost temporal feature engineering,
Neural Collaborative Filtering (PyTorch), and BERT
semantic NLP within a stacked Ridge Regression
ensemble. Seven original figures (Figures 1—7) and six
structured tables (Tables 1—6) document the complete
analytical results. Evaluation on 450,000 user—product
interactions demonstrated: RMSE = 0.741 (-37.3% vs.
popularity baseline, Table 3/Figure 4), NDCG@10 =
0.627 (+106.3%, Figure 4/Table 3), Precision@10 =
0.648, and 78.4% catalogue coverage—statistically
significant improvements (Bonferroni-corrected p <
0.005) over all ten comparative models. Ablation studies
(Table 5/Figure 6) confirmed positive contribution of all
five components; cold-start analysis (Table 6/Figure 5)
confirmed 31.3% NDCG improvement for new users; and
meta-learner weight visualisation (Figure 7) confirmed
genuine multi-component ensemble integration.
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Future research should address three priorities:
(1) online A/B testing validation translating offline
NDCG improvements (Table 3/Figure 4) into measured
CTR and revenue improvements in production e-
commerce deployments; (2) fairness-aware
recommendation evaluation examining recommendation
quality equity across demographic user segments, with
bias mitigation integrated into the ensemble training
objective; and (3) adaptation to African e-commerce
contexts—particularly West and East African platforms
characterised by lower interaction density, multilingual
product descriptions (English, Hausa, Igbo, Yoruba,
Swahili), and mobile-first browsing—where the BERT
component documented in Code Block 7 and Figure 7
may require fine-tuning on African language corpora to
maintain semantic accuracy.
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