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Abstract: In today’s innovation-driven economy, patents are vital assets that signify 

both commercial potential and technological advancement. However, traditional 
manual patent evaluation is resource-intensive, subjective, and prone to inconsistency. 

This study introduces a machine learning-based framework that automates the 

evaluation and ranking of patents based on two criteria: commercial value and 

technological significance. Using structured metadata, citation networks, and natural 
language content, we engineer comprehensive feature sets that capture both qualitative 

and quantitative dimensions of patent value. Multiple supervised learning models are 

evaluated—including Decision Trees, Random Forests, Gradient Boosting, and K-

Nearest Neighbors. The Random Forest classifier outperforms the others, achieving 
an accuracy of 84% and is a robust choice for scalable patent analysis. By integrating 

economic and technological indicators, the frame- work enables more objective, data-

driven decision making for patent portfolio optimization, licensing strategy, and 

investment prioritization. The results demonstrate the feasibility and value of intelligent 
automation in intellectual property analysis. 

 

Keywords: Patent Evaluation, Commercial Value, Technology Significance, 

Machine Learning, Feature Engineering. 
 

 

 

I. INTRODUCTION 
In today’s rapidly evolving technological landscape, patents are vital tools for protecting intellectual 

property and fostering innovation-driven economic growth. They not only provide inventors with exclusive rights 

to their creations but also serve as quantifiable indicators of technological advancement. As the global volume 

of patent filings continues to rise, identifying high-impact patents—those with both strong commercial potential 

and significant technological contributions—has become essential for stakeholders such as businesses, 

researchers, investors, and policymakers.   

Traditionally, patent evaluation has been a manual, time-consuming, and often subjective process 

that relies on expert judgment and domain-specific heuristics. However, the complexity and scale of modern 

patent databases require automated and data-driven solutions. In response, machine learning (ML) techniques 

have emerged as powerful tools for evaluating and ranking patents, enabling scalable, consistent, and reproducible 

assessments. Recent research in ML-based patent analytics has explored various approaches. Zhang et al. [1] 

reviewed trends in machine learning–driven patent evaluation. Chen et al. [2] highlighted deep learning 

architectures that extract semantic patterns from textual patent descriptions. Kim et al. [3] demonstrated the 

effectiveness of ensemble learning in boosting classification accuracy. NLP-based approaches have been 

adopted by Li et al. [4] for domain-specific patent assessment, while Wu et al. [5] utilized graph neural networks 

to capture complex citation relationships. 
    Hybrid approaches have also been introduced. Gupta et al. [6] combined sentiment analysis and deep 

learning to extract nuanced features. Ma et al. [7] included temporal dynamics to account for patent aging. 

Litigation prediction using ML, explored by Sun et al. [8], shows the broader applicability of intelligent patent 

analysis. Sector-focused solutions such as semiconductor-specific models by Yang et al. [9] and commercial- 

ization forecasts by Zhao et al. [10] further reinforce the versatility of machine learning in this domain. Other 

innovations include attention-based feature interpretation [11], citation forecasting [13], and network-based patent 

valuation using GCNs [15]. 
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II. PROBLEM GAP 
While these studies have made significant advances, most existing models emphasize either commercial 

value—such as citation counts and grant status—or technological novelty—such as topic modeling and clas- 
sification codes. However, few approaches simultaneously consider both dimensions in a unified framework. 

Moreover, backward citation quality and its influence on technological significance remain underexplored, 

despite their critical role in understanding foundational innovation. 

 

III. RESEARCH OBJECTIVES 

This study aims to bridge this gap by proposing a dual-ranking machine learning framework that 

evaluates and ranks patents based on: 

Commercial Value — derived from grant status, forward citations, and assignee metadata. 

Technological Significance — assessed using backward citation strength, classification diversity, and topic 

model insights. 
To implement this, we experiment with four supervised learning classifiers: Nearest-Nearest-Neighbors 

(KNN), Decision Tree, Random Forest, and Gradient Boosting Classifier, and we evaluate them using Precision, 

Recall, F1 score, and Accuracy metrics. 

 

IV. ORGANIZATION OF THE PAPER 
The remainder of this paper is organized as follows. Section 2 presents a focused review of the 

literature. Section 3 outlines the proposed methodology, including data collection, pre-processing, and 

feature engineering. Section 4 presents the modeling strategies, performance evaluation, and insights. Finally, 

Section 5 concludes the paper and discusses future directions to improve patent analytics using AI-driven 

techniques. 

 

V. LITERATURE REVIEW 

Identifying Commercial Value and Technological Significance in Patents Using Supervised Machine Learning 
The identification and evaluation of promising technologies have long been central to innovation 

studies, particularly within the context of patent analytics. In the evolving landscape of intellectual property, 

researchers have developed a range of methods, from traditional bibliometric analysis to sophisticated machine 

learning (ML) frameworks, to assess both the commercial potential and the technological significance of 
patents. 

 

Traditional Bibliometric and Heuristic Approaches 
Rotolo et al. [16] characterized emerging technologies based on five essential attributes: radical novelty, 

rapid growth, coherence, substantial impact, and uncertainty. Verhoeven et al. [17] introduced a two-dimensional 

classification framework rooted in the novelty of recombination and origin of knowledge, operationalized through 

patent metadata. In similar efforts, Noh et al. [18] and Song et al. [19] identified clusters of highly cited 

patents aligned with market demand, treating these as indicators of technological promise. 

Bibliometric and heuristic approaches have served as foundational methods in patent analysis.  Daim 

et al. [20] employed a combination of bibliometric techniques, growth curve modeling, and system dynamics. 

Yoon [21] adopted morphological analysis to explore structural patterns in patent data.  Kim and Seol [22] 

combined Association Rule Mining (ARM), Analytic Network Process (ANP), and Data Envelopment 

Analysis (DEA) to identify enabling technologies. More recent developments include the construction of 

keywords- context matrixes [23] and bibliographic coupling to measure technology convergence. Li et al. 

[25] incorporated external data from platforms such as Twitter to detect emerging topics in fields such as 

perovskite solar cells, exemplifying the integration of alternative data sources in trend identification. 

 
Supervised Machine Learning Approaches 

Upon transition from statistical heuristics to predictive modeling, machine learning has enabled more 

scalable and nuanced patent evaluation. Trappey et al. [26] used Principal Component Analysis (PCA) and 

backpropagation neural networks to cluster patents based on citation counts, application length, International 

Patent Classification (IPC) codes, and technology cycle time. Their approach emphasized dimensionality 

reduction for improved interpretability and generalization. 

Kyebambe et al. [27] introduced a supervised neural network framework that integrated patent 

claims, citation counts, and life cycle metrics. By distinguishing between patent and nonpatent literature 

citations, their model offered a more granular analysis of knowledge flows.  Lee et al. [28] proposed a 

comprehensive feature-based classification system using seven indicators: innovation, scientific intensity, 

growth rate scope, coverage, development effort, and technological capability. These were input into a supervised 

learning pipeline to predict the emergence and novelty of technological areas.  
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Hybrid and Citation-Based Models 
Although forward citations and grant status remain dominant proxies for commercial value, there has 

been increasing recognition of the value embedded in backward citations. Prior studies have largely overlooked 
these foundational references, despite their potential to reveal a patent’s embeddedness in and contribution to 

technological evolution. 

For example, backward citations can act as signals of dependency on prior breakthroughs, indicating 

how deeply a patent is rooted in existing knowledge domains. In addition, the influence and relevance of 

the patents cited themselves, whether they are widely referenced or have led to commercial success, can 

serve as indicators of a patent’s broader significance. 

 

Contribution of This Study 
Unlike prior approaches that typically emphasize a single dimension, commercial value through 

forward citations or grant status, or novelty through classification-based heuristics, our study introduces a 

dual- ranking machine learning framework that integrates both: 

• Commercial Value, assessed via grant status, assignee attributes, and impact of forward citation. 

• Technological Significance, quantified using the frequency and weighted influence of backward citations. 

Rather than treating all citations equally, we employ a weighted backward citation model that 

accounts for the strategic importance and citation strength of the referenced patents. This facilitates a more 

balanced and nuanced patent evaluation that captures both market viability and technological depth. 
To operationalize this framework, we apply multiple supervised machine learning algorithms, including 

Decision Trees, Random Forests, Gradient Boosting, and K-Nearest Neighbors. The methodological pipeline 

includes data acquisition, preprocessing, feature engineering (e.g., topic modeling from text fields, patent age, 

CPC code counts), model training, and validation. The resulting system supports automated and scalable 

patent evaluation, enabling smarter decisions in portfolio management, licensing negotiations, and innovation 

investments. 

 

 
Figure 1: System architecture for dual-objective patent evaluation 

 

VI. METHODOLOGY 
This study introduces a machine learning–driven framework to automate the evaluation and 

classification of patents based on two complementary perspectives: Commercial Value and Technological 

Significance. While previous approaches often relied heavily on forward citation counts or grant status alone, our 

dual- ranking model incorporates both the volume and influence of backward citations, offering a more robust 
indication of a patent’s foundational role and strategic impact within the innovation ecosystem. 

 

System Architecture 
The end-to-end pipeline consists of the following key stages: data acquisition, preprocessing, feature 

engineering, dual-objective label construction, model training, and evaluation. The architecture is 

summarized in Figure 1, workflow diagram showing data transformations and evaluation metrics. 

The following subsections describe each phase in detail. 
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a) Data Collection 
Patent data was sourced from the Google patent database. Each record includes structured metadata 

and unstructured text, comprising: 
 

• Application Metadata: Filing date, publication date, grant status, legal status, and expiration date. 

• Textual Content: Title, abstract, claims and description. 

 

 

 
Figure 2: Word cloud generated from aggregated patent text fields 

 

• Classification Codes: International Patent Classification (IPC) and Cooperative Patent Classification (CPC) 

codes. 

• Citation Information: Forward and backward citation identifiers. 

• Geographical and Organizational Metadata: Assignee and inventor details, countries of filing. 

 
b) Data Preprocessing 

Data preprocessing involved: 
• Removal of duplicates, normalization of date fields, and handling missing values. 

• Standard NLP preprocessing of text fields: lowercasing, stopword removal, tokenization, and 

lemmatization. 

• Aggregation of title, abstract, and claims into a unified corpus for semantic analysis. 

 

c) Feature Engineering 
The following features were extracted to quantify both the commercial and technological relevance of patents: 

1. Patent Age: Calculated as the difference between filing and earliest publication date—serves as a proxy for 

maturity. 

 

2. Topic Modeling: Combined text fields were processed using Latent Dirichlet Allocation (LDA) to extract 

topic distribution vectors, providing high-dimensional semantic features for classification. 

 

3. Technology Domain Count: The number of unique technology domains assigned to each patent, based on 

metadata tags, indicating interdisciplinary breadth. 

 

4. CPC Code Count: The count of unique CPC codes per patent reflects the specificity and diversity of 

technological classification. 
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Figure 3: Distribution of patent age 

 

d) Target Variable Construction 
We constructed both single and multi-class labels to represent the dual objectives of the study. 

1. Commercial Value (Three-Class Target) 
Based on legal status and forward citation count: 

High: Granted + citation count above threshold. 

Medium: Granted + citation count below threshold. 

Low: Not granted or negligible citations. 

 

 
Figure 4: Class distribution: Commercial value × Technological significance 

 

2.Technological Significance (Three-Class Target) 
Based on citation patterns: 
Emerging: High forward citations, low backward influence. 

Mature: High forward and backward citation counts. 

Declining: Low forward and backward citation counts. 
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3.Combined Class Labels (Seven-Class Multi-Class Target) 
The two criteria are merged to create a more granular multi-class classification space: 

Medium–Declining, Low–Declining, High–Emerging, High–Declining, Medium–Mature, Medium–Emerging 

High–Mature 

Table 1: Model Performance Comparison 
 

 

 

 

 

 

 

 
 

 

e). Model Selection and Evaluation Metrics 

To predict the combined labels, we evaluate the performance of multiple supervised machine learning models. 

Decision Tree Classifier 

Random Forest Classifier 

Gradient Boosting Classifier 

K-Nearest Neighbors (KNN) 

Model performance is assessed using: 

Accuracy: Overall prediction correctness. 

Precision, Recall, and F1-score: For evaluating class-wise performance. 

Confusion Matrix: To visualize misclassification patterns. 

The next section presents a detailed comparative analysis of classifier performance, hyperparameter 

tuning, and feature importance evaluation. 

 

VII. MODELLING AND EVALUATION 
This section presents a comparative evaluation of four supervised machine learning models—K-Nearest 

Neigh- bors (KNN), Decision Tree, Random Forest, and Gradient Boosting—applied to the dual-objective patent 

clas- sification task. Models are assessed using standard performance metrics: Accuracy, Precision, Recall, 

and F1 score. In addition, a feature importance analysis is conducted to interpret the behavior of the model. 
 

a) Model Performance Comparison 
Table 1 summarizes the classification performance in all four models. Figure 5 illustrates the variation 

in Precision, Recall, and F1-score across models. The Random Forest classifier delivers the best balance in all 

metrics, outperforming others in both overall and class-wise prediction accuracy. 

 

 
Figure 5: Evaluation metrics across classifiers: Precision, Recall, and F1-score 

 

b)Model Insights 
• K-Nearest Neighbors (KNN): Performs adequately in well-represented classes but exhibits significant 

degradation for rare classes (e.g., High–Mature) due to its sensitivity to high-dimensional feature spaces. 

 

• Decision Tree: 
Offers interpretability and good performance but tends to overfit in class-imbalanced scenarios. Its 

recall dropped in underrepresented segments. 

Model Accuracy Precision Recall F1-score 

KNN 0.645 0.61 0.58 0.60 

Decision Tree 0.810 0.78 0.79 0.78 

Random Forest 0.840 0.82 0.83 0.82 

Gradient Boosting 0.820 0.80 0.79 0.80 
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• Random Forest: 
Demonstrates superior generalization and stable performance. It effectively balances class-wise 

precision and recall, making it the most robust model in this study. 

 

• Gradient Boosting: 
Achieves high accuracy through iterative refinement, but remains sensitive to minority class distribu- tions 

without sampling adjustments. 

 

c) Feature Importance Analysis 
Tree-based models offer information on the relative importance of features in classification decisions. 

The following trends were observed: 

• Citation Count: Most dominant in all models - reflecting external validation and commercial traction. 

• Patent Age: Indicates maturity; older patents with sustained citations often score higher on both di- 

mensions. 

• CPC Code Count: Reflects technological diversity and relevance. 

• Topic Distribution: Semantically clusters patents, enhancing class separability. 

These features consistently contribute to an accurate classification across all models, validating their 

predictive relevance for commercial and technological scoring. 

 

 

Figure 6: Feature importance comparison across Decision Tree, Random Forest, and Gradient Boosting models 

 

VIII. SUMMARY AND KEY FINDINGS 
The Random Forest model is identified as the best performing classifier, striking an optimal trade-off 

between accuracy, precision, and recall. It also offers scalable performance suitable for real-world 

deployment in patent valuation systems. 

In particular, rare classes such as Medium–Emerging and High–Mature remain difficult to predict accu- 

rately. This underlines the need for: 

• Data augmentation or resampling techniques (e.g., SMOTE) 

• Cost-sensitive learning or class weighting 

• Ensemble methods incorporating temporal dynamics 

In general, the study demonstrates that integrating structured metadata with textual and citation -

based features enables a high-quality automated patent evaluation. 

 

IX. CONCLUSIONS 

Summary of Contributions 
This study introduces a machine learning–based framework to evaluate patents from two complementary 

perspectives: technical signiftcance and commercial value. Unlike prior approaches that rely solely on for- ward 

citations or grant status, our framework combines backward and forward citation metrics, patent age, semantic 

text features, and classification codes to deliver a holistic assessment. 

We engineered a feature-rich dataset using structured metadata and natural language fields and 

imple- mented multiple supervised classifiers for prediction. Among them, the Random Forest model 
demonstrated superior performance, achieving an accuracy of 84%. Feature importance analysis confirmed 

that the ci- tation count, patent age, topic distributions, and CPC diversity are primary predictors of patent 

value and significance. 

 

X. LIMITATIONS 
Despite encouraging results, this study has certain limitations. First, the quality and completeness of 

input data, especially citation history and textual metadata, directly affect model performance. Second, the 

class imbalance among rare combinations of value and significance led to reduced predictive accuracy for 
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under- represented categories. Third, external economic factors such as licensing income, litigation 

outcomes, or market adoption are not yet integrated but could further refine the estimation of commercial 

value. 

 
XI. FUTURE WORK 

Building on the current framework, future research will focus on: 

• Incorporating deep learning models, particularly transformer-based architectures like BERT, to better 

capture contextual signals from patent text. 

• Integrating real-world economic indicators (e.g., patent monetization, licensing deals, venture funding) to 

enhance commercial value prediction. 

• Expanding the analysis to cross-jurisdictional patents and global patent families for broader applicability. 

• Addressing class imbalance through techniques such as SMOTE, cost-sensitive learning, and temporal 

ensemble modeling. 

 

XII. PRACTIAL IMPLICATIONS 
This framework offers a scalable and objective alternative to manual patent evaluation, enabling 

stakeholders, such as corporations, investors, legal professionals, and R&D managers—to identify high-

impact patents early in their lifecycle. Supports data-driven decision making in portfolio optimization, 

technology scouting, and commercialization strategy. By automating the evaluation process, the framework 
reduces subjectivity, improves transparency, and accelerates innovation management in knowledge-driven 

economies. 

In essence, this framework can help corporations, investors, and IP managers identify valuable patents early, 

thereby optimizing R&D and commercialization efforts. 
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