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Abstract - — In an increasingly saturated smartphone market, brand differentiation through technical specifications has become a core
strategy for attracting diverse consumer segments. This study proposes a machine learning approach to uncover underlying brand
strategies by leveraging smartphone specifications and market pricing across multiple regions. We utilize unsupervised clustering
algorithms (K-Means, DBSCAN) to segment devices based on technical features, followed by supervised classification models
(Random Forest, XGBoost) to identify and interpret brand-driven design strategies. The dataset comprises smartphones released in
2024-2025, including attributes such as RAM, camera specifications, processor type, battery capacity, and launch prices in Pakistan,
India, China, USA, and Dubai. Our findings reveal distinct clusters that align with different pricing tiers and show clear brand
positioning patterns. Feature importance analysis using SHAP highlights battery capacity, screen size, and processor type as critical
variables influencing brand classification. This study provides valuable insights for both manufacturers and consumers in understanding
competitive product strategies within the global smartphone market.

Kata Kunci: Smartphone clustering; Machine learning; Brand strategy; Specification-based analysis; Classification; SHAP.

1. INTRODUCTION

The global smartphone market is currently growing rapidly with increasingly fierce competition every year.
Manufacturers are racing to deliver innovations and increasingly diverse product variants to reach various consumer
segments.[1]. In such conditions, the ability of brands to differentiate themselves from competitors through technical
specification strategies becomes one of the keys to winning the market [1]

Specifications such as battery capacity, camera, processor, and screen size are no longer just technical features, but also
part of the brand positioning strategy in the minds of consumers [2]. For example, brands such as Apple consistently
maintain a premium approach with a focus on user experience and hardware efficiency, while brands such as Xiaomi tend
to target value-for-money with high specifications at mid-range prices.

Although such brand strategies have been widely observed by industry players, systematic data-driven research exploring
the relationship between technical specifications and brand strategies remains limited. Most previous studies have only
focused on price predictions or smartphone model classification.[3], [4], [5], without considering how the combination
of specifications reflects the brand's overall strategy..

This study aims to fill this gap by adopting a machine learning-based approach. By using clustering algorithms such as
K-Means [6], [7], [8], [9], [10] dan DBSCAN[11], [12], [13], This study categorizes smartphones based on similarities in
technical specifications, regardless of brand name. Furthermore, classification algorithms such as Random Forest are
used. [14], [15], [16] and XGBoost[17], [18] to understand how certain brands dominate or spread within specific clusters,
thereby enabling conclusions to be drawn about the strategies they use.

In addition, interpretability approaches such as SHAP are used to identify the features that contribute most to
differentiating strategies between brands.[19], [20], [21].[22], [23] This approach is expected to provide new insights into
the smartphone competitive landscape from a specification and data perspective, and help manufacturers develop more
targeted product strategies.

Thus, this study not only offers theoretical contributions in the fields of data science and technology marketing, but also
strong practical relevance for the highly dynamic global smartphone industry.

2. RESEARCH METHODOLOGY

2.1 Data Set Collection

This study uses a comprehensive dataset of smartphone specifications collected from various global brands obtained from
the Dataset https://www.kaggle.com/datasets/abdulmalik1518/mobiles-dataset-2025. The dataset consists of 930 rows
and 19 columns, with each row representing one smartphone model released during the period 2024-2025. The data
includes important attributes such as brand, screen size, RAM capacity, internal memory, camera resolution, battery
capacity, operating system, price, and other technical specifications.
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Most features in the dataset are numerical, such as screen size (inches), battery capacity (mAh), and camera megapixels,
while the main categorical feature is the brand, which is the target of classification. All numerical attributes have been
converted to a uniform unit, and all irrelevant or redundant data has been removed during the data cleaning stage.
The data distribution was checked to ensure there was no extreme imbalance (class imbalance) in the brand labels. Missing
value analysis shows that most features have good data completeness, but for certain features such as secondary camera
or NFC availability, some missing values were found and then addressed with imputation techniques. Initial descriptive
statistics show significant variation between brands in terms of device performance, especially in terms of price, battery
capacity, and memory size.
This dataset provides a strong foundation for machine learning-based analysis, particularly in clustering for market
segmentation and brand classification based on technical attributes. Next, the dataset was processed through a machine
learning pipeline that included normalization, feature engineering, model training, and interpretation using the SHAP
approach.

Table 1. Data Set

Mobil Fron Launche
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v Name Name V\:]etlg M Cée:ran a or Capacity n Size (Parl1<)|sta (India) (China) (USA) (Dubai) d Year
iPhone 16 66 12M AL7 3600mA 6.1
Apple iy g A aamp S . ok 0354839 0275003 0302857 0018208 0231481 2024
iPhone 16 66 12M AL7 3600mA 61
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iPhone 16 66 12M AL7 3600mA 6.1
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iPhone 16
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128GB B P Bionic h inches
iPhone 16
Apple Plus 203y 8¢ M e ALT 4200mA - 87 414061 0330855 0342857 0022001  0.287037 2024
B P Bionic h inches

256GB

2.2. Proposed Method

This study proposes an integrated approach to understand product specification strategies and smartphone brand
classification through a combination of clustering and classification techniques based on machine learning. This approach
is designed to address two main objectives: first, to identify product segmentation based on specification similarity
through unsupervised learning techniques; second, to predict smartphone brands using a supervised learning model based
on technical specifications.

In the clustering stage, the K-Mean algorithm is used.[24] and DBSCAN]25], [26]. The K-Means algorithm was chosen
for its efficiency in clustering high-dimensional data, while DBSCAN was used as a complement to handle data with
irregular distributions and possible outliers. The clustering results are expected to describe market segmentation patterns
based on technical specifications such as screen size, RAM, internal storage, battery capacity, and camera resolution.
Meanwhile, for smartphone brand classification, two algorithms were applied: Random Forest [27] and XGBoost[28].
Random Forest offers model stability and resistance to overfitting [29], Meanwhile, XGBoost was chosen for its ability
to provide high accuracy through efficient boosting and regularization mechanisms[30] Both models were trained using
engineered and transformed numerical and categorical features.

To ensure model transparency and interpretability, this study also integrated the SHAP (SHapley Additive exPlanations)
technique. SHAP provides quantitative insights into the contribution of each feature in the classification process, so it can
be used to explain the influence of specific specifications on brand preferences objectively..

2.3. Research Framework

The following diagram outlines the overall research methodology for clustering using the K-Means and DBSCAN
algorithms and smartphone brand classification, applying two algorithms: Random Forest and XGBoost, as well as testing
the interpretability of the model using SHAP (SHapley Additive exPlanations) as follows
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This study began with the problem identification stage, which involved gaining an in-depth understanding of the product
differentiation strategies of various smartphone brands through their technical specifications. Once the problem had been
formulated, the data collection stage began, which involved compiling a dataset of smartphone specifications from various
reliable sources. This dataset then went through a data processing stage, including data cleaning, missing value handling,
normalization, and attribute transformation to make it ready for modeling.

The next stage was model development, which was divided into two main paths: clustering and classification. In the
clustering path, the K-Means and DBSCAN algorithms were used to group smartphone products based on specification
similarities, without considering brand labels. This aims to uncover hidden patterns or market segmentation.

Meanwhile, the classification path uses Random Forest and XGBoost algorithms to predict smartphone brands based on
technical specification inputs. The selection of these two algorithms is based on their high performance in multi-class
classification and their ability to handle tabular data efficiently.

After the model is developed, model performance evaluation is conducted to assess accuracy, precision, and other metrics.
The final step is model interpretation using the SHAP (SHapley Additive exPlanations) approach to explain the
contribution of each feature in the model's decision-making process. This approach is important to ensure that the model
is not only accurate but also understandable to non-technical stakeholders..

3. RESULTS AND DISCUSSION
3.1 Research Results

From the results of data collection and exploration, the data was adjusted to be tested using clustering with the K-Means
clustering and DBSCAN clustering algorithms to obtain the following patterns.

WNmans Custerng fesdty DESYCAN Custering Sovidts (wpm =0 10200000002000004. mey_sampres =)

w o " " 3 . . ] w o " "

Figure 2. Clustering graph
Based on the visualization results of clustering using the KMeans and DBSCAN algorithms on RAM and launch price
(USA) data, it can be seen that both methods successfully grouped the data into several clusters representing device
categories based on specifications and prices. In the KMeans results, the data is divided into five main clusters that are
fairly neat and separate, supported by a high Silhouette Score of 0.9069, indicating that the separation between clusters
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is quite optimal and the cohesiveness within clusters is very good. Meanwhile, the DBSCAN results with the best
parameters (eps = 0.3 and min_samples = 2) yielded five main clusters and one additional cluster labeled with -1,
indicating the presence of data considered outliers or noise. Interestingly, DBSCAN produced a higher Silhouette Score
of 0.9272, indicating that DBSCAN is capable of identifying a more natural and flexible cluster structure in the data. The
second approach shows that there is a clear relationship between RAM capacity and device launch price, with cluster
patterns indicating a trend that the higher the RAM, the higher the launch price, both in the US and Indian markets..

L T L P (L e e T T 1 1Y
RN Lawnched Price (US4 Lawmcsed Price (Iadia)
e clunter Lol
luster_label

Best eps: 0.30000000000000004, Best min_samples: 2, Best Silhouette Score: 0.9271995372096029
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Figure 3. Graph of the method
3.2. Random Forest and XGBoost model optimization

Optimize the hyperparameters of Random Forest and XGBoost models using RandomizedSearchCV. The modeling
results using the Random Forest and XGBoost algorithms show excellent performance in predicting the data used. In the
Random Forest model, the best combination of hyperparameters was obtained with n_estimators of 400,
min_samples_split of 2, min_samples_leaf of 2, and max_depth of 30. With this configuration, the Random Forest model
was able to achieve a high accuracy score of 0.9973, reflecting the model's ability to capture complex patterns in the data.
Meanwhile, the XGBoost model showed slightly better performance with an accuracy score of 0.9987, ~ learning_rate °,
and " col_. The best hyperparameters for this model consist of n_estimators of 800, max_depth of 10, learning_rate of
0.1, and subsample and colsample_by tree values of 0.8, respectively. This combination allows the XGBoost model to
learn optimally from the data while maintaining a balance between bias and variance.

Overall, both models show excellent performance, but XGBoost is slightly superior to Random Forest in terms of accuracy
on the data used. Therefore, XGBoost can be considered the preferred choice for prediction implementation in this
scenario, especially if a more precise model is required.

3.3 Evaluation of Random Forest and XGBoost models

Evaluating the performance of the optimized Random Forest and XGBoost models using appropriate metrics, generating
predictions, and visualizing the confusion matrix...
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Canlusion Matrix XGBoost Confusion Matrix

Random Fores

Prodicted Prodicted

Figure 4 visualization of the Matrix

The models have identical evaluation performance, and the table above shows that the second model has identical and
perfect evaluation performance based on the classification dimension. All metrics show a value of 1 based on the
classification metric. All metrics show a value of 1.00, which means there are no classification errors in the predictions
on the test data.

3.4 Testing the SHapley Additive Explanations Model

Use SHAP values to understand the importance of features and contributions to the best Random Forest and XGBoost
models.

| |
i
| ’

Figure 5. SHapley Additive Explanations Testing

The first figure is a SHAP Summary Plot for the Random Forest model, which illustrates the contribution of each feature
to the Random Forest model, showing the contribution of each feature to the prediction model. From the visualization, it
can be seen that the “Launched Price (USA)” feature has the most dominant influence on the model output, as indicated
by the significantly longer bar compared to other features. This indicates that the Random Forest model is highly
dependent on launch price information to classify data into the appropriate class. In addition, features such as RAM,
screen size, and front camera also contribute, albeit with much smaller influences. The colors in the graph indicate the
contribution to each class, where blue, pink, and olive green represent Class 0, Class 1, and Class 2, respectively.

Meanwhile, the second image is the SHAP Summary Plot for the XGBoost model. Similar to the Random Forest model,
the “Launched Price (USA)” feature is also the most influential variable. However, unlike Random Forest, which is highly
dependent on one main feature, XGBoost shows a more even contribution. Other features such as Processor, Company
Name, RAM, and Screen Size show a significant influence on the prediction results. This indicates that the XGBoost
model utilizes more information from various features simultaneously in the decision-making process. In addition, the
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contribution of features to each class appears more balanced, which shows the higher complexity and generalization
ability of the XGBoost model compared to Random Forest.

Overall, these two visualizations provide a clear picture of how each model utilizes features. Random Forest tends to
focus on dominant single features, while XGBoost adopts a more holistic approach and considers interactions between
various input variables. This understanding can be

4. CONCLUSION

In this study, clustering using the DBSCAN algorithm showed significant advantages over the K-Means method,
especially in terms of cluster separation. With the eps parameter set at 0.3 and min_samples at 2, DBSCAN achieved a
Silhouette Score of 0.927, which was higher than K-Means, which only achieved 0.9069. This indicates that DBSCAN is
more effective in identifying clearer and more distinct cluster structures in the analyzed data.

On the other hand, in terms of classification, both the Random Forest and XGBoost models, which have been optimized,
show excellent performance with perfect accuracy (1.0) on the test set. Although these results appear promising, further
investigation is necessary, as very high accuracy may indicate overfitting. Overfitting occurs when a model is too complex
and too well-fitted to the training data, thereby reducing its ability to generalize to new data.

Additionally, feature importance analysis using the SHAP (SHapley Additive exPlanations) method was conducted to
provide deeper insights into the contribution of each feature to the model's predictions. However, although summary plots
were successfully generated, there were challenges in producing dependency plots and strength plots, which hindered a
more comprehensive understanding of the interactions between features. This highlights the need for improvements in
the analysis process to ensure a more in-depth and accurate interpretation of the model used..
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