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Abstract


Hierarchical classification, which organizes items into structured categories and subcategories, has emerged as a powerful solution for handling large and complex datasets. However, traditional flat classification approaches often overlook the hierarchical dependencies between classes, leading to suboptimal predictions and limited interpretability. This paper addresses these challenges by proposing a novel integration of tree-based models with hierarchical-aware split criteria through adjusted entropy calculations. The proposed method calculates entropy at multiple hierarchical levels, ensuring that the model respects the taxonomic structure during training. This approach aligns statistical optimization with class semantic relationships, enabling more accurate and coherent predictions. Experiments conducted on real-world datasets structured according to the GS1 Global Product Classification (GPC) system demonstrate the effectiveness of our method. The proposed model was applied using tree-based ensemble methods combined with the newly developed hierarchy-aware metric Penalized Information Gain (PIG). PIG was implemented with level-wise entropy adjustments, assigning greater weight to higher hierarchical levels to maintain the taxonomic structure. The model was trained and evaluated on two real-world datasets based on the GS1 Global Product Classification (GPC) system. The final dataset included approximately 30,000 product descriptions spanning four hierarchical levels. An 80-20 train–test split was used, with model hyperparameters optimized through 5-fold cross-validation and Bayesian search. The experimental results showed a 12.7% improvement in classification accuracy at the lowest hierarchy level compared to traditional flat classification methods, with significant gains in datasets featuring highly imbalanced class distributions and deep hierarchies. The proposed approach also increased the F1 score by 12.6%. Despite these promising results, challenges remain in scaling the model for very large datasets and handling classes with limited training samples. Future research will focus on integrating neural networks with hierarchy-aware metrics, enhancing data augmentation to address class imbalance, and developing real-time classification systems for practical use in industries such as retail, logistics, and healthcare.
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1. Introduction


As global trade expands, the diversity of available products grows exponentially. This expansion has created a pressing need for efficient systems to organize and categorize goods [1]. Hierarchical product classification has emerged as a critical tool, offering a structured way to manage products by sorting them into categories and subcategories, thus streamlining organization and accessibility [2].



In business, hierarchical classification is critical to enhancing the management of logistics, sales, and marketing [3]. With the continuous growth of global commerce and the increasing complexity of consumer-related data—particularly purchasing patterns—developing effective algorithms for automatic product classification has become increasingly challenging [4]. The manual classification of extensive product inventories is not only time-consuming but also resource-intensive, rendering it impractical for large-scale operations [5]. In this context, machine learning (ML) methods offer promising solutions to handle hierarchical product classification more efficiently, providing an optimistic outlook for streamlining product organization [6].



Guided by the GS1 Global Product Classification (GPC) system—a widely recognized standard used in over 150 countries—this study aims to address the complexities of hierarchical product classification using machine learning techniques [7]. The selection of the GS1 GPC system is motivated by its global adoption in retail, logistics, and supply chain management, providing a comprehensive and standardized taxonomy that ensures consistency in product categorization across diverse markets [8]. This standardization is critical for enabling seamless international trade and fostering stronger global business partnerships.



This paper introduces machine learning models designed specifically for hierarchical classification. Employing various techniques, such as decision trees and neural networks, we demonstrate that these models can process large volumes of data and maintain a high classification accuracy level within hierarchical structures.



Additionally, as the global economy evolves, the importance of standardizing product classification systems continues to grow [9]. Hierarchical classification supports the uniformity and reliability of product data across international markets, a vital aspect of facilitating cross-border trade and fostering stronger global partnerships [10].



In this context, advancing machine learning methodologies for hierarchical classification becomes a technical innovation and an essential step for supporting modern business and economic frameworks [11].



Previous research has explored various ML approaches for hierarchical classification, including decision trees [12,13] and neural networks [4,14,15]. Traditional methods such as flat classifiers, while computationally simpler, ignore the parent–child relationships between classes, often resulting in suboptimal predictions and cascading errors at lower hierarchy levels [16]. To improve split decisions in decision tree models, Information Gain (IG) has been widely used as a criterion to maximize entropy reduction [17]. However, IG’s major limitation is its disregard for hierarchical dependencies, which can lead to splits that are statistically optimal but semantically incoherent. To address this, Taxonomic Informativeness (TI) was introduced to incorporate hierarchy into split evaluations [18]. Although TI offers better alignment with taxonomic structures, it tends to overemphasize semantic relationships at the expense of statistical optimization, particularly when dealing with deeply nested hierarchies and imbalanced data distributions [19].



Despite these advancements, practical applications of hierarchical classification still face notable challenges. Existing methods like IG and TI often struggle with cascading misclassifications, where an error at a higher-level node propagates to subsequent levels, severely compromising overall accuracy. Additionally, handling class imbalance remains a significant issue, as many real-world datasets, especially in retail and logistics, exhibit skewed distributions, with dominant categories overshadowing less frequent ones [19]. Computational efficiency is another concern; many hierarchy-aware methods are resource-intensive, limiting their scalability for large datasets or real-time applications [15,20].



This study introduces Penalized Information Gain (PIG), a novel metric designed to bridge the gap between statistical optimization and taxonomic coherence in hierarchical classification tasks. PIG extends the traditional IG criterion by incorporating level-wise entropy adjustments, assigning higher weights to upper hierarchical levels to minimize cascading errors and improve semantic consistency. By integrating PIG into tree-based ensemble models, this approach ensures that splits not only maximize statistical significance but also preserve the hierarchical structure of the data. Compared to IG and TI, PIG offers a balanced solution, addressing both statistical and taxonomic considerations simultaneously.



The work presented in this study tackles the challenges of hierarchical classification by addressing the limitations of traditional split evaluation criteria. More specifically, this study achieves the following:




	
It introduces Penalized Information Gain (PIG), a novel metric that integrates Information Gain (IG) with Taxonomic Informativeness (TI), enabling a hierarchy-aware evaluation of splits in decision tree models. This approach ensures that splits respect both statistical and taxonomic criteria.



	
It provides a detailed empirical validation of the proposed metric using two real-world datasets structured according to the GS1 Global Product Classification (GPC) system. These experiments demonstrate the practical benefits of PIG, including improved classification accuracy and semantic alignment with hierarchical taxonomies.



	
It critically analyzes hierarchical classification metrics, comparing IG, TI, and PIG to highlight their respective strengths and limitations. This analysis provides valuable insights for developing more effective split evaluation criteria in hierarchical classification tasks.








The remainder of this paper is organized as follows. Section 2 introduces the problem of hierarchical classification and presents the proposed Penalized Information Gain (PIG) metric. Section 3 describes the datasets and experimental setup used to validate PIG. Section 4 discusses the empirical results, comparing PIG with traditional metrics. Finally, Section 5 concludes this study and identifies avenues for future research.



Hierarchical classification is a specialized classification task involving organizing data into a taxonomy, where classes exhibit parent–child relationships. Formally, the hierarchy can be represented as a directed tree H = (Y, E), where Y is the set of nodes (classes), and E ⊂ Y2 represents the directed edges linking parent nodes to their children. Each data instance x ∈ X is assigned a unique path or set of paths Y ⊆ Y that align with the hierarchy. A valid assignment satisfies the constraint that for any class y ∈ Y, all its ancestors A(y) are also included in Y.



Unlike flat classification, hierarchical classification must account for the dependencies between labels at different levels of the hierarchy. In decision tree-based models, traditional split evaluation criteria, such as Information Gain (IG), focus solely on entropy reduction, ignoring these hierarchical relationships. This oversight often leads to splits that optimize statistical metrics at the expense of semantic coherence [21,22].



This study focuses on methods that enhance split evaluation in decision tree models to better align with hierarchical structures. By introducing a hierarchy-aware metric, Penalized Information Gain (PIG), we aim to address the misalignment between statistical optimization and the preservation of taxonomic integrity. Our work evaluates how well splits respect the hierarchy while reducing uncertainty, bridging the gap between statistical and semantic criteria for hierarchical classification [23].



Hierarchical classification presents unique challenges that arise from the complex relationships between categories in a taxonomy. Unlike flat classification, where each class is treated independently, hierarchical classification requires models to account for parent–child dependencies between categories. This interdependence significantly increases the complexity of the task, particularly in scenarios involving deep or unbalanced hierarchies.



One of the primary challenges is error propagation. A misclassification at a higher level of the hierarchy can cascade down, leading to incorrect predictions at all subsequent levels [14]. For example, if a product is wrongly categorized at the “Electronics” level instead of “Furniture”, all subcategories within “Furniture” become inaccessible for further refinement. This issue is compounded in deep hierarchies, where early-stage errors have a magnified impact on the final classification.



Another significant challenge is data imbalance within the hierarchy [24]. Certain branches may have a disproportionately larger number of samples compared to others, leading models to prioritize larger categories. As a result, smaller but semantically important categories are often underrepresented, reducing the overall accuracy and utility of the classification system [25]. Additionally, the varying depths of hierarchies create further imbalance, with some branches having more detailed subdivisions while others remain broad, making it difficult for models to generalize effectively across the structure.



Overfitting is another critical concern, particularly at deeper levels of the hierarchy. As the dataset becomes narrower with each subsequent classification level, the risk of models becoming overly tailored to the training data increases. This can lead to the poor generalization of unseen data, undermining the model’s reliability in practical applications. Addressing this issue requires strategies such as ensuring a sufficient number of training examples at each level or applying regularization techniques [18].



Finally, there is the challenge of balancing statistical optimization with semantic coherence [26]. Traditional metrics like Information Gain focus purely on reducing entropy without considering the hierarchical structure of the data [27]. This often results in splits that are statistically optimal but misaligned with the taxonomy, undermining the interpretability and meaningfulness of the predictions.



These challenges highlight the need for hierarchy-aware methods and metrics that can address the limitations of standard approaches [28]. Such methods must effectively handle the cascading nature of errors, mitigate the impact of imbalanced data, prevent overfitting at deeper levels, and align statistical objectives with the semantic structure of the taxonomy [19]. Developing solutions that address these issues is crucial for advancing hierarchical classification in real-world scenarios [29].



Despite these challenges, hierarchical classification remains valuable in healthcare and product categorization, where large, multi-class datasets must be handled efficiently [30]. The ability to structure the classification process hierarchically improves accuracy and helps manage the complexity of large-scale data, making it an effective approach in real-world applications [31].




2. Relevant Research


Over the years, various machine learning models and methods have been explored to address the complexities of hierarchical classification, particularly focusing on handling multi-level taxonomies, cascading errors, and class imbalances.



One of the earliest and most influential contribution to this field was presented by Joachims [32], who introduced a model-building approach using Support Vector Machines (SVMs) combined with high-dimensional sparse text representations. This pioneering work laid the foundation for subsequent research in hierarchical text classification, emphasizing the importance of efficient feature representation in handling large and complex datasets. Building upon such foundational methods, researchers have explored ways to enhance model scalability and classification accuracy, especially for text-rich applications.



A comprehensive overview of hierarchical classification methods across various application domains was provided by Silla and Freitas [16]. Their extensive survey highlights the diverse use cases of hierarchical classification, encompassing NLP, image recognition, and gene function prediction. This study underscores the versatility of hierarchical classification methods while noting critical challenges, such as managing deeply nested hierarchies and handling data sparsity in lower-level classes. These challenges persist as significant hurdles in achieving consistent and accurate classification across multiple hierarchy levels.



In recent years, deep learning has emerged as a dominant approach in hierarchical classification, particularly for processing short texts and complex documents. Yang et al. [33] introduced Hierarchical Attention Networks (HANs) for document classification, leveraging attention mechanisms to capture hierarchical relationships within texts. This approach significantly improved classification accuracy by focusing on both sentence-level and document-level structures, addressing the challenge of representing hierarchical dependencies in textual data.



Probabilistic models have also contributed to advancements in this field. Zhang et al. [34] proposed a semi-supervised probabilistic framework for hierarchical multi-label classification. Their method utilizes both labeled and unlabeled data to enhance model robustness, effectively addressing the challenge of limited annotated data in many real-world applications. By incorporating probabilistic modeling, their approach offers improved handling of complex label dependencies inherent in hierarchical taxonomies.



Another notable contribution is the work of Sebastiani [35], who focused on methods for hierarchical multi-class text classification. His research introduced evaluation techniques using confusion matrices and precision metrics, providing a systematic framework for assessing the performance of hierarchical classification models. This work highlighted the need for comprehensive evaluation criteria that account for hierarchical relationships between classes, a gap that many earlier studies had overlooked.



Decision tree-based methods have remained a popular choice for hierarchical classification due to their interpretability and efficiency. Read et al. [36] explored classifier chains for multi-label hierarchical classification, demonstrating their effectiveness in capturing label dependencies within hierarchical structures [37]. Their approach involves decomposing complex classification tasks into a sequence of simpler models, each focusing on a specific level of the hierarchy. This method is particularly suited for handling short texts, where contextual information is limited but hierarchical cues are vital [38].



Despite these significant contributions, several research gaps remain. Existing methods often struggle with cascading errors, where misclassifications at higher hierarchical levels propagate to subsequent layers, diminishing overall accuracy. Additionally, handling class imbalance—particularly in real-world datasets where certain categories dominate—remains a persistent challenge [19]. Scalability is another critical concern, especially when dealing with ultra-large datasets or applications requiring real-time classification capabilities.



Addressing these gaps, the current study introduces Penalized Information Gain (PIG), a novel hierarchy-aware metric that integrates the statistical strengths of Information Gain (IG) [13] with the hierarchical sensitivity of Taxonomic Informativeness (TI) [18]. Unlike traditional methods, PIG incorporates level-wise entropy adjustments, assigning higher weights to upper-level splits to mitigate cascading errors and improve semantic consistency across the hierarchy. By integrating PIG into tree-based ensemble models, this research fills the existing gaps by enhancing classification accuracy, addressing class imbalance issues, and ensuring computational efficiency suitable for large-scale and real-time applications.



In conclusion, the extensive body of research in hierarchical classification demonstrates the evolution from traditional models, like SVMs and decision trees, to advanced deep learning and probabilistic approaches. While significant progress has been made, challenges such as cascading errors, data imbalance, and scalability continue to drive innovation in this field. The proposed PIG-based approach represents a step forward, offering a balanced solution that preserves hierarchical integrity while optimizing classification performance across various application domains.




3. Materials and Methods


3.1. Decision Tree Splitting Criteria


Classical splitting criteria in decision tree-based hierarchical classification, such as Information Gain (IG), primarily focus on entropy reduction without considering hierarchical relationships, often resulting in suboptimal splits that overlook semantic dependencies between parent and child categories [13,15].



In what follows, we demonstrate the limitations of traditional split evaluation methods and introduce Penalized Information Gain (PIG), a hierarchy-aware metric that integrates Information Gain with Taxonomic Informativeness (TI) [31]. This novel criterion aligns statistical optimization with the taxonomic structure of the data. We also discuss the implications of this approach for improving the interpretability and accuracy of splits in hierarchical classification tasks [39]. Furthermore, we motivate the adoption of hierarchical evaluation metrics that go beyond standard statistical measures, addressing their critical role in advancing the field of hierarchical classification.



3.1.1. Information Gain (IG) [40]


Information Gain (IG) [40,41] measures the reduction in entropy after a dataset is split, providing a statistical criterion to select features that minimize uncertainty. It is calculated as the difference between the entropy of the parent dataset and the weighted sum of the entropies of the child subsets:


  I G  S  = H  S  −    p  l e f t   · H    S  l e f t     +  p  r i g h t   · H    S  r i g h t        








where




	
  H  S  = −   ∑   i = 1  k   p i  log    p i        is the entropy of S;



	
   p  l e f t     and    p  r i g h t     are the proportion of samples    S  l e f t      and     S  r i g h t    , respectively.








While IG effectively reduces overall uncertainty, it does not consider hierarchical dependencies between classes, which is critical for tasks where taxonomic relationships play a vital role [42]. In this study, IG was applied to evaluate feature splits at each decision node, serving as a baseline for comparison against hierarchy-aware methods.




3.1.2. Average Taxonomic Informativeness (ATI) [43]


To address the hierarchical limitations of IG, we employed Average Taxonomic Informativeness (ATI) [33,34], which incorporates semantic relationships between classes into the split evaluation process. ATI measures how well a split preserves the taxonomy by weighing correct predictions at different hierarchy levels:


  A T I =   1 N     ∑   i = 1  N       ∑   l = 1  L   w l  · I    y i l  ,   y ^  i l        ∑   l = 1  L   w l      











Explanation of terms:




	
N—total number of samples.



	
L—total number of levels in the taxonomy.



	
   w l   —weight assigned to level l in the hierarchy, representing the informativeness or specificity of that level.



	
  I    y i l  ,   y ^  i l     —indicator function that evaluates whether the prediction     y ^  i l    at level l matches the true label    y i l    for sample i


  I    y i l  ,   y ^  i l    =       1   i f    y i l  =   y ^  i l  ,       0   o t h e r w i s e        
















By emphasizing correct predictions at higher levels of the hierarchy, ATI ensures that splits respect semantic relationships between parent and child classes. In our study, ATI was integrated into the decision tree construction process to assess how well the splits align with the hierarchical structure of the GS1 GPC taxonomy.




3.1.3. Penalized Information Gain (PIG)


Penalized Information Gain (PIG) is an enhanced metric for evaluating splits in decision trees, designed specifically to incorporate hierarchical relationships into the decision-making process. While traditional Information Gain (IG) focuses solely on reducing entropy (uncertainty) in the dataset, PIG extends this approach by introducing a penalty term derived from Taxonomic Informativeness (TI). This modification ensures that splits respect the hierarchical structure of the data, favoring those that better separate taxonomically distinct classes.



PIG incorporates TI into the IG framework through a penalty factor (PF), which scales IG based on the taxonomic relevance of the split:


  P I G  S  = I G  S  · P F  








where the penalty factor PF is defined as follows:


  P F = l o g   1 + α · A T I    











	
α > 0 is a scaling coefficient that controls the sensitivity of PF to changes in ATI.



	
The logarithm provides a non-linear relationship, ensuring a gradual increase in PF as ATI improves.






The Penalized Information Gain (PIG) metric balances statistical relevance and hierarchical consistency in decision tree splits by combining Information Gain (IG) with Taxonomic Informativeness (ATI). The logarithmic function ensures smooth transitions, allowing PIG to increase with ATI and reward hierarchically consistent classifications.



PIG offers several advantages for hierarchical datasets:




	
Hierarchy Awareness: Aligns splits with label hierarchies, preserving meaningful taxonomic distinctions.



	
Improved Interpretability: Produces decision boundaries that respect semantic relationships, enhancing model transparency.



	
Enhanced Generalization: Leverages hierarchical structures for better multi-level classification performance.








By addressing the limitations of traditional split criteria, PIG simultaneously reduces uncertainty and preserves data semantics, improving accuracy and practical utility. Future work will explore its integration into ensemble methods like random forests and gradient boosting to further enhance performance.



The Penalized Information Gain (PIG) metric includes the hyperparameter α, which controls the trade-off between Information Gain (IG) and Taxonomic Informativeness (TI). A higher α value places greater emphasis on preserving the hierarchical structure, while a lower α prioritizes entropy reduction.



The integration of TI into the PIG calculation introduces additional overhead compared to traditional split criteria. Calculating IG has a complexity of   O   n log n    , where n is the number of samples. Incorporating TI adds complexity proportional to the number of hierarchy levels (L) and classes (C), making the total complexity approximately   O   n log n + n L C    . Despite this added cost, the optimization of hierarchical splits leads to improved model generalization and interpretability. The computational overhead remains manageable, especially when using parallelized implementations, making PIG suitable for large-scale hierarchical classification tasks.



In this study, we present results obtained using CART (Classification and Regression Trees) as the base learner for evaluating the effectiveness of the proposed Penalized Information Gain (PIG) metric. While CART serves as a well-established and robust framework for decision tree construction, it is important to note that PIG is not limited to CART-based models. The metric can be seamlessly integrated into any decision tree algorithm that employs an information-based splitting criterion—such as Information Gain, Gini impurity, or similar measures—and supports the modification of this criterion. This flexibility allows PIG to be applied across a wide range of tree-based models, including those used in ensemble methods (e.g., random forests, Gradient Boosting Machines) and multi-branch decision trees (e.g., ID3, C4.5), thereby broadening its applicability to various hierarchical classification tasks.



Modifying the decision tree algorithm is not required; instead, the proposed approach focuses on substituting the split criterion with the Penalized Information Gain (PIG) metric. This enables straightforward integration into existing tree-based models while preserving the original algorithmic structure.





3.2. Addressing Challenges in Imbalanced Hierarchical Datasets


Hierarchical datasets often suffer from imbalances that can significantly impact the performance and structure of decision tree models. These imbalances typically manifest in two interconnected forms [44]. The first is size imbalance across branches, where certain branches of the hierarchy dominate due to an unequal distribution of samples. For example, in biological taxonomies, datasets may contain a disproportionately high number of mammal species compared to amphibians or reptiles, biasing the model toward larger branches [45]. The second form is depth imbalance within branches, where some branches of the hierarchy extend to greater depths, offering finer granularity, while others remain shallow [46]. This disparity often leads to splits that prioritize deeper branches at the expense of shallower ones [47].



These imbalances can bias decision trees toward larger branches, neglecting smaller but semantically important ones [39]. Traditional criteria like Information Gain (IG) exacerbate this issue by prioritizing larger classes without considering hierarchical relationships.



To address this, Penalized Information Gain (PIG) introduces two key mechanisms:




	
Penalization of size-dominant splits that group taxonomically distinct classes.



	
Promotion of balanced splits, ensuring that underrepresented branches are adequately considered.








This is achieved through the penalty factor (PF):


  P F = 1 − T I    S  l e f t   ,  S  r i g h t     ,  








which lowers the evaluation score for these splits. This adjustment ensures that splits favor taxonomic alignment over size dominance, maintaining the semantic coherence of the hierarchy.




3.3. Encouraging Hierarchical Balance


PIG promotes splits that achieve a balanced representation of hierarchical branches, even when smaller branches are involved.



Traditional Information Gain often penalizes splits that isolate smaller yet taxonomically distinct branches, as these splits tend to result in lower entropy reductions. PIG overcomes this limitation by rewarding splits that preserve hierarchical balance. By integrating TI, PIG prioritizes semantic relevance, ensuring that smaller branches receive adequate consideration within the decision-making process.




3.4. Quantitative Foundation for Balance Preservation


The hierarchical balance maintained by PIG is underpinned by a robust mathematical framework:




	
Bias in Standard Information Gain: Conventional Information Gain (IG(S)) inherently favors larger branches due to the proportional weighting of subsets in entropy calculations. This bias skews splits toward majority branches, often overlooking smaller but semantically significant ones.



	
Adjustment Through PIG: PIG addresses this bias by scaling IG(S) with the penalty factor Tableware introducing a hierarchical adjustment. This adjustment ensures that splits consider the taxonomic relationships between classes, reducing the undue influence of size imbalances and better representing smaller branches.








By addressing dataset imbalances, PIG enhances the functionality and interpretability of decision tree models in hierarchical classification tasks. Specifically, PIG achieves this through the following methods:




	
Preservation of Rare Branches: PIG ensures that smaller, underrepresented branches remain distinct, enabling the model to generalize effectively to these classes.



	
Alignment with Taxonomy: By aligning splits with the hierarchical structure, PIG reduces semantic distortion and ensures that meaningful distinctions are preserved.



	
Improved Model Fairness: PIG prevents overfitting to the majority of branches, fostering models that are more robust and equitable across imbalanced datasets.








Through its emphasis on hierarchical integrity and balanced representation, PIG offers a principled solution to the challenges of imbalanced hierarchical datasets. This approach enhances the generalizability and reliability of decision tree models, making it an invaluable tool for applications that rely on structured data with complex taxonomies.





4. Experimental Settings


In this section, we introduce the datasets and models utilized in our experiments, as well as the evaluation methodologies applied. The experiments are conducted using two real-world datasets, both structured according to the GS1 Global Product Classification (GPC) system. Additionally, we present the implementation details of the proposed Penalized Information Gain (PIG) metric and its integration into decision tree models.



We implement the PIG metric within standard decision tree algorithms, modifying the split evaluation criteria to incorporate hierarchy-aware adjustments. Baseline comparisons are performed using traditional Information Gain (IG) to highlight the improvements introduced by PIG. All experiments are conducted on the same datasets, ensuring a fair comparison of the performance metrics, including accuracy, semantic coherence, and hierarchical balance.



The evaluation is designed to demonstrate how PIG addresses key challenges such as data imbalance, hierarchical misalignment, and overfitting at deeper taxonomy levels. The following subsections describe the datasets, model configurations, and experimental protocols.



4.1. Dataset


Our study utilizes the Global Product Classification (GPC) system, which is publicly available through the GS1 GPC Browser (https://gpc-browser.gs1.org, accessed on 17 December 2024) [8]. The GPC is a widely adopted standard, providing a comprehensive hierarchical structure that spans thousands of product classes and subclasses. Given its detailed and organized approach to classifying goods and services, this structure is particularly suited for analyzing various machine learning methods in product classification.



The GS1 Global Product Classification (GPC) system was developed to ensure consistency in classifying products and services across industries. Its hierarchical structure consists of four levels: segments, families, classes, and bricks. At the highest level, there are 21 segments, each of which is further divided into over 200 families. These families then break down into more specific classes and, ultimately, bricks, representing the most granular classification for products and services. For example, in the Food and Beverage segment, “milk” is categorized under the “Dairy Products” family and further refined into the “Liquid Milk” class.



For the purposes of this research, we focused on a set of key segments, including Food/Beverage, Cleaning Supplies, and Tableware. Concentrating on these widely used product categories allowed us to analyze hierarchical classification models in real-world scenarios.



In this study, we employed two datasets categorized according to the GPC system. The first dataset includes product data from a company operating within the restaurant supply industry. These products were assigned to categories by experts, following the hierarchical classification provided on the GS1 GPC website. The second dataset was sourced from [48], a consumer product information website. Both datasets classify products using the GPC structure, making it possible to compare results between them.



Each dataset entry contains a product description and a “brick” label, representing the most specific classification level within the GPC hierarchy. Using these datasets, we aim to explore how machine learning techniques can enhance hierarchical classification and streamline the organization of large volumes of product data.



Although no data labeling or splitting is required for the current phase of our research, using these two distinct datasets allows us to explore how products from different industries and data sources can be effectively categorized using machine learning models. The GPC system’s well-defined structure provides a solid foundation for investigating how hierarchical classification can be applied in practice.




4.2. Experimental Validation of PIG Performance


To demonstrate the advantages and limitations of the presented metrics, three illustrative examples were constructed, each reflecting different hierarchical structures and classification challenges. These examples highlight the strengths of Penalized Information Gain (PIG) in comparison to Information Gain (IG) and Average Taxonomic Informativeness (ATI) when applied to decision tree construction for hierarchical classification.



The table presents three hierarchical classification examples, detailing product names, their actual hierarchical levels (Levels 1–4), and their corresponding splits (Left/Right). Each example demonstrates variations in classification accuracy across hierarchical levels, providing insights into how splits affect the preservation of the taxonomic structure.



The Figure 1 represents the hierarchical taxonomy of product categories, beginning with the root node “Food/Beverage” and branching into two primary subcategories: “Bread/Bakery Products” and “Cereal/Grain/Pulse Products”. Each branch further divides into more specific categories, illustrating the hierarchical relationships down to the fourth level, such as “Bread (Perishable)” and “Cereals Products—Not Ready to Eat (Shelf Stable)” (Table 1).



We manually applied the PIG, ATI, and IG metrics to the examples presented in Table 1 to demonstrate the differences in how each metric evaluates hierarchical classification splits. This manual application allows for a clearer comparison of how Information Gain (IG) focuses solely on entropy reduction, while Average Taxonomic Informativeness (ATI) emphasizes taxonomic alignment. By integrating both statistical and hierarchical considerations, Penalized Information Gain (PIG) provides a balanced evaluation. The results, summarized in Table 2, highlight how PIG effectively penalizes splits that violate hierarchical consistency while rewarding those that maintain both entropy reduction and semantic coherence. This comparison underscores PIG’s advantage over traditional metrics in capturing the complexities of hierarchical classification tasks.



Table 2 summarizes the evaluation metrics (IG, ATI, and PIG) for three hierarchical classification examples. While Information Gain (IG) remains constant across all examples, reflecting its focus on entropy reduction alone, Average Taxonomic Informativeness (ATI) and Penalized Information Gain (PIG) show variations that account for hierarchical misalignment, with Example 1 demonstrating the highest alignment (ATI = 0.92, PIG = 0.023, ATI = 0.92, PIG = 0.023) and Example 3 the lowest (ATI = 0.75, PIG = 0.020, ATI = 0.75, PIG = 0.020). This highlights PIG’s ability to integrate statistical entropy reduction with taxonomic relevance, addressing the limitations of IG and ATI individually.



The purpose of comparing these examples is to highlight the inadequacies of traditional metrics like IG in capturing the semantic and hierarchical dependencies inherent in taxonomic data. While IG focuses exclusively on reducing entropy, it fails to differentiate between splits that statistically reduce uncertainty but semantically violate the taxonomy. This limitation becomes evident in Examples 2 and 3, where the IG values remain constant despite clear differences in hierarchical misalignment.



By incorporating hierarchical relevance into the evaluation, ATI provides a more nuanced understanding of split quality. However, ATI alone overlooks the statistical properties of the split, which are critical for robust decision tree construction. For instance, in Example 3, while ATI captures the loss of taxonomic alignment, it does not address the statistical impact of entropy reduction.



PIG bridges this gap by integrating the statistical properties of IG with the hierarchical sensitivity of ATI. The comparison across examples demonstrates that PIG is capable of penalizing splits that fail to respect the taxonomy (as in Example 3) while rewarding splits that balance entropy reduction and taxonomic relevance (as in Example 1). This makes PIG particularly suitable for hierarchical classification tasks, where both statistical and semantic considerations are critical.





5. Experimental Setup


The experiments were conducted to enhance the hierarchical classification of short texts by leveraging advanced text preprocessing and hierarchy-aware evaluation criteria. The primary objective was to explore ensemble tree-based models—random forest and XGBoost—augmented with multiple split criteria to evaluate their efficacy in hierarchical contexts.



The experiments were performed using a dataset structured in alignment with the Global Product Classification (GPC) system. The GPC taxonomy organizes product categories into four hierarchical levels: segments, families, classes, and the most granular level, bricks. Each instance in the dataset consists of a textual product description and its corresponding brick label (Figure 2).



To ensure a robust evaluation, the dataset was divided into train and test sets. The class proportions within each split, visualized through a comparative diagram, highlight the dataset’s imbalanced nature across hierarchical levels, further underscoring the necessity for hierarchy-aware split metrics.



The experiments employed a two-step preprocessing strategy to optimize text representations:




	
Byte Pair Encoding (BPE): Applied as a subword tokenization method to address the challenges posed by abbreviated and short texts. BPE ensures compact and meaningful text representation while preserving semantic integrity [49].



	
BERT Embeddings: Contextualized dense vector representations were extracted using BERT to capture semantic relationships within the input text [50]. These embeddings served as high-dimensional feature inputs to the machine learning models.








The integration of BPE with BERT allowed for improved text generalization and representation, particularly effective for hierarchical short text classification [51].




6. Results


The experiments utilized two widely adopted tree-based ensemble models, random forest and XGBoost [52], configured with the following split criteria to evaluate their impact on hierarchical classification: IG, ATI, and PIG. The combination of these models and split metrics enabled a critical evaluation of how traditional and hierarchy-aware methods influence classification performance within structured taxonomies (Figure 3).



The key goals of the experimental setup were as follows:




	
To compare the performance of random forest and XGBoost using different split criteria (IG, ATI, and PIG) in preserving both statistical entropy reduction and hierarchical taxonomic alignment.



	
To analyze the impact of hierarchy-aware metrics (ATI and PIG) on mitigating the challenges of imbalanced data, particularly within deeply nested and sparsely populated branches of the GPC taxonomy.








The models were trained and evaluated on the train and test sets, with the results visualized to demonstrate class-level performance across different configurations. The stacked bar diagram highlights class distributions and provides a comparative analysis of the models’ behavior under varying split criteria.



Table 3 presents a comprehensive comparison of hierarchical classification performance using Information Gain (IG), Average Taxonomic Informativeness (ATI), and the proposed Penalized Information Gain (PIG) across different hierarchy levels—brick, class, family, and segment—using both random forest and XGBoost models. The results consistently demonstrate that incorporating hierarchy-aware metrics (ATI and PIG) leads to superior performance compared to the standard IG-based models.



At the brick level, which represents the most granular classification, PIG-based models outperformed both IG and ATI counterparts. The XGBoost_PIG model achieved the highest accuracy (0.69) and F1 score (0.69), highlighting PIG’s ability to balance entropy reduction with hierarchical alignment. In contrast, standard IG models showed lower performance, with the RandomForest_IG model yielding an accuracy of 0.54 and F1 score of 0.52, underscoring IG’s inability to capture hierarchical dependencies.



Moving up the hierarchy, similar trends persisted. At the class and family levels, PIG-based models consistently outperformed other approaches. The XGBoost_PIG model reached a class-level accuracy of 0.77 and family-level accuracy of 0.84, indicating that PIG’s consideration of taxonomic relationships enables more accurate predictions across hierarchy depths. Comparatively, IG-based models showed moderate gains but failed to differentiate between taxonomically aligned and misaligned splits.



At the segment level, the highest hierarchy tier, performance differences among models were less pronounced, with most models achieving near-perfect accuracy (≥0.96). This outcome is expected given the broader categories at this level, which inherently pose fewer classification challenges.



Overall, the PIG-based models not only improved classification accuracy but also enhanced precision, recall, and F1 scores across all hierarchy levels, with XGBoost_PIG consistently delivering the best results. These improvements demonstrate PIG’s effectiveness in addressing the limitations of traditional IG and ATI metrics by providing a balanced evaluation of both statistical significance and taxonomic coherence. The validation results underscore the importance of hierarchy-aware evaluation in achieving robust and semantically consistent hierarchical classification.




7. Discussion


The consistent performance improvements observed with PIG across multiple tree-based models (random forest and XGBoost) confirm its utility as an enhanced split criterion for hierarchical classification tasks. PIG effectively balances entropy reduction and taxonomic coherence, making it a valuable addition to hierarchical classification pipelines.



The experimental setup underscores the importance of incorporating hierarchy-aware split metrics and robust text preprocessing methods for hierarchical classification tasks. By combining BPE, BERT embeddings, and hierarchy-aware metrics (ATI and PIG), the experiments achieved a significant step toward improving both classification accuracy and semantic coherence in hierarchical contexts.



The ROC curve (Figure 4) demonstrates that XGBoost and random forest models, using hierarchy-aware split criteria (ATI and PIG), achieve improved classification performance compared to the standard Information Gain (IG). The curves for ATI and PIG exhibit better alignment toward the top-left region, indicating higher true positive rates and lower false positive rates across multiple classes. Models employing Penalized Information Gain (PIG) show consistent advantages, especially in handling complex and imbalanced hierarchical classes. Overall, the results highlight the effectiveness of integrating hierarchy-aware metrics into tree-based models for hierarchical classification tasks.



Models employing Penalized Information Gain (PIG) exhibit fewer misclassifications and better distribution across true positive predictions (Figure 5 and Figure 6), especially at higher levels (family and segment). In contrast, Information Gain (IG) shows higher confusion, particularly at granular levels like brick and class, indicating its limitations in handling hierarchical dependencies. Overall, the use of PIG leads to improved alignment with the true labels, demonstrating its efficacy in preserving hierarchical consistency while reducing classification errors.



Our experiments highlighted that IG, while effective for reducing entropy, fails to consider the semantic structure of hierarchical data. This shortcoming became evident in the provided examples, where the IG values remained constant despite varying degrees of misalignment with the taxonomy. Such results underscore the inadequacy of IG in capturing the complex dependencies present in hierarchical classification.



ATI, on the other hand, successfully reflects taxonomic relevance by measuring how well splits preserve the hierarchical structure. However, ATI alone does not account for the statistical quality of splits, which is critical for decision tree construction. This limitation was evident in cases where ATI captured the semantic losses but overlooked the entropy reduction achieved by splits [15].



The proposed PIG metric effectively addresses these gaps by combining the strengths of IG and ATI. By introducing a penalty factor derived from taxonomic informativeness, PIG aligns statistical optimization with the semantic structure of the hierarchy. As demonstrated in the examples, PIG penalizes splits that disrupt the taxonomy (e.g., Example 3) while rewarding splits that achieve a balance between entropy reduction and taxonomic alignment (e.g., Example 1). This makes PIG particularly suitable for tasks requiring both statistical robustness and semantic coherence.



Our work highlights the importance of hierarchy-aware split evaluation metrics in improving classification performance. By ensuring that splits respect both statistical and taxonomic criteria, PIG enhances the interpretability and utility of decision trees for hierarchical classification tasks. Future research will explore integrating PIG into ensemble models, such as random forests and gradient boosting, and extending its application to multi-label hierarchical classification problems.




8. Conclusions


This study addressed the limitations of traditional split evaluation metrics in hierarchical classification by comparing Information Gain (IG), Average Taxonomic Informativeness (ATI), and the proposed Penalized Information Gain (PIG). While IG effectively reduces entropy, it fails to capture the semantic structure of hierarchical data, resulting in splits that disregard taxonomic relationships. ATI improves upon this by reflecting taxonomic relevance but lacks consideration of the statistical properties essential in decision tree construction. In contrast, PIG integrates the strengths of both IG and ATI, aligning statistical optimization with hierarchical consistency. By introducing a penalty factor based on taxonomic informativeness, PIG penalizes splits that violate the hierarchy while rewarding those that balance entropy reduction and taxonomic alignment. The experimental results demonstrated PIG’s ability to enhance classification interpretability and generalization, particularly in complex hierarchical structures.



The novelty of PIG lies in its dual optimization approach, which ensures that decision trees respect hierarchical dependencies while maintaining statistical rigor, an improvement over existing methods that typically prioritize one aspect over the other. Although PIG enhances split evaluation, it presents certain limitations, including increased computational complexity and sensitivity to the choice of hyperparameters.



Future research will focus on the following:




	
Comparative analysis to evaluate PIG against other state-of-the-art approaches for hierarchical classification, including neural network-based and hybrid methods.



	
Scalability by applying the proposed methodology to larger and more diverse datasets across domains such as bioinformatics, product taxonomy, and medical hierarchies.



	
Model extensions by exploring the integration of PIG into ensemble methods like gradient boosting, as well as hierarchical multi-label and deep learning frameworks.








This future direction aims to further validate the robustness of PIG and expand its applicability to complex, real-world hierarchical classification problems.
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Figure 1. Hierarchical taxonomy of product classification with example assignments. 
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Figure 2. Class (bricks level) proportion for train and test datasets. 
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Figure 3. Performance evaluation of hierarchical classification: F1 score, precision, and recall across taxonomy levels. 






Figure 3. Performance evaluation of hierarchical classification: F1 score, precision, and recall across taxonomy levels.



[image: Bdcc 09 00065 g003a][image: Bdcc 09 00065 g003b]







[image: Bdcc 09 00065 g004] 





Figure 4. ROC curve comparison for hierarchical classification models across multiple classes for brick level. 
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Figure 5. Multimodel normalized confusion matrices across hierarchical segment level. 
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Figure 6. Multimodel normalized confusion matrices across hierarchical family level. 
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Table 1. Examples of hierarchical splits for product classification using real levels and splits.
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Product Name

	
Real Level 1

	
Real Level 2

	
Real Level 3

	
Real Level 4

	
Split






	
Example 1




	
“Pics 10” “Flour Burrito Tortillas”

	
Food/Beverage

	
Bread/Bakery Products

	
Bread

	
Bread (Perishable)

	
Left




	
“Schmidt’s Delicatessen” “No Seeds” “Rye Bread”

	
Food/Beverage

	
Bread/Bakery Products

	
Bread

	
Bread (Perishable)

	
Left




	
Ahold 100% Whole Wheat Bread

	
Food/Beverage

	
Bread/Bakery Products

	
Bread

	
Bread (Perishable)

	
Right




	
Tia Rosa Flour Tortillas Burrito

	
Food/Beverage

	
Bread/Bakery Products

	
Bread

	
Bread (Shelf Stable)

	
Right




	
Turano Gourmet Sandwich Rolls—8 CT

	
Food/Beverage

	
Bread/Bakery Products

	
Bread

	
Bread (Shelf Stable)

	
Right




	
Udi’s Gluten Free Classic Hamburger Buns—4 CT

	
Food/Beverage

	
Bread/Bakery Products

	
Bread

	
Bread (Shelf Stable)

	
Left




	
Example 2




	
Tia Rosa Flour Tortillas Burrito

	
Food/Beverage

	
Bread/Bakery Products

	
Bread

	
Bread (Shelf Stable)

	
Left




	
Turano Gourmet Sandwich Rolls—8 CT

	
Food/Beverage

	
Bread/Bakery Products

	
Bread

	
Bread (Shelf Stable)

	
Left




	
Udi’s Gluten Free Classic Hamburger Buns—4 CT

	
Food/Beverage

	
Bread/Bakery Products

	
Bread

	
Bread (Shelf Stable)

	
Right




	
Ahold Fiber Select Brownies Chocolate Fudge—6 CT

	
Food/Beverage

	
Cereal/Grain/

Pulse Products

	
Processed Cereal Products

	
Cereals Products—

Not Ready to Eat

(Shelf Stable)

	
Right




	
American Classic Gourmet

Muffins Raisin Bran—4 CT

	
Food/Beverage

	
Cereal/Grain/

Pulse Products

	
Processed Cereal Products

	
Cereals Products—

Not Ready to Eat

(Shelf Stable)

	
Right




	
Balconi Choco & Latte Sponge Cakes—10 CT

	
Food/Beverage

	
Cereal/Grain/

Pulse Products

	
Processed Cereal Products

	
Cereals Products—

Not Ready to Eat

(Shelf Stable)

	
Left




	
Example 3




	
Tia Rosa Flour Tortillas Burrito

	
Food/Beverage

	
Bread/Bakery Products

	
Bread

	
Bread (Shelf Stable)

	
Left




	
Turano Gourmet Sandwich Rolls—8 CT

	
Food/Beverage

	
Bread/Bakery Products

	
Bread

	
Bread (Shelf Stable)

	
Left




	
Udi’s Gluten Free Classic Hamburger Buns—4 CT

	
Food/Beverage

	
Bread/Bakery Products

	
Bread

	
Bread (Shelf Stable)

	
Right




	
Wheatena Toasted Wheat Cereal

	
Food/Beverage

	
Cereal/Grain/

Pulse Products

	
Processed Cereal Products

	
Cereals Products—

Not Ready to Eat

(Shelf Stable)

	
Right




	
Bobs Red Mill Old Fashioned Whole Grain Rolled Oats 32 oz STAND PACK

	
Food/Beverage

	
Cereal/Grain/

Pulse Products

	
Processed Cereal Products

	
Cereals Products—

Not Ready to Eat

(Shelf Stable)

	
Right




	
Hodgson Mill Oat Bran Hot Cereal

	
Food/Beverage

	
Cereal/Grain/

Pulse Products

	
Processed Cereal Products

	
Cereals Products—

Not Ready to Eat

(Shelf Stable)

	
Left











 





Table 2. Time trade-offs between different labeling approaches.






Table 2. Time trade-offs between different labeling approaches.





	Example
	IG
	ATI
	PIG





	1
	0.082
	0.92
	0.023



	2
	0.082
	0.83
	0.021



	3
	0.082
	0.75
	0.020










 





Table 3. Comparison of hierarchical classification performance metrics (IG, ATI, and PIG) across different models and hierarchy levels.
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	Name
	Brick_Test_Accuracy
	Brick_Test_F1 Score
	Brick_Test_Precision
	Brick_Test_Recall
	Class_Test_Accuracy
	Class_Test_F1 Score
	Class_Test_Precision
	Class_Test_Recall
	Family_Test_Accuracy
	Family_Test_F1 Score
	Family_Test_Precision
	Family_Test_Recall
	Segment_Test_Accuracy
	Segment_Test_F1 Score
	Segment_Test_Precision
	Segment_Test_Recall





	1_RandomForest_IG (standart)
	0.54
	0.52
	0.56
	0.54
	0.62
	0.60
	0.62
	0.62
	0.69
	0.68
	0.68
	0.69
	0.96
	0.96
	0.96
	0.96



	1_XGBoost_IG (standart)
	0.56
	0.56
	0.57
	0.56
	0.63
	0.63
	0.63
	0.63
	0.70
	0.69
	0.70
	0.70
	0.96
	0.96
	0.96
	0.96



	2_RandomForest_ATI
	0.55
	0.52
	0.57
	0.55
	0.62
	0.61
	0.63
	0.62
	0.69
	0.68
	0.69
	0.69
	0.96
	0.96
	0.96
	0.96



	2_XGBoost_ATI
	0.65
	0.63
	0.68
	0.65
	0.74
	0.72
	0.74
	0.74
	0.80
	0.80
	0.80
	0.80
	0.98
	0.98
	0.98
	0.98



	3_RandomForest_PIG
	0.66
	0.63
	0.68
	0.66
	0.74
	0.72
	0.74
	0.74
	0.80
	0.80
	0.80
	0.80
	0.98
	0.98
	0.98
	0.98



	3_XGBoost_PIG
	0.69
	0.69
	0.70
	0.69
	0.77
	0.77
	0.77
	0.77
	0.84
	0.84
	0.84
	0.84
	0.99
	0.99
	0.99
	0.99
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