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Abstract 

Hospital-owned patents often encounter obstacles to commercialisation, making reliable 

assessment tools essential for prioritising high-value innovations. This study presents a 

machine learning framework that evaluates the transferability of patents using a system of 

20 indicators across technical, legal, market and team dimensions. We compare model 

performance using six algorithms — Support Vector Machine, Decision Tree, Naïve Bayes, 

K-Nearest Neighbors, Random Forest and AdaBoost — with F1-score and AUC as the key 

metrics. Our results confirm that the Random Forest model demonstrates superior 

predictive accuracy in evaluating the transferability of hospital-owned patents. This 

validated framework can effectively identify high-potential patents held by healthcare 

institutions, providing data-driven support for optimising innovation investments and 

commercialisation strategies.  

 

Introduction 
Health care delivery is undergoing a transformation driven by technological innovation, yet 

many medical inventions fail to reach the patients who need them. Hospitals and health 

systems are increasingly contributing to the innovation pipeline, as evidenced by rising 

numbers of patent filings. However, the path from discovery to deployment is fraught with 

barriers—including limited resources, unclear commercial potential, and a lack of systematic 

methods to prioritize which inventions to pursue [1]. 

While machine learning (ML) has been applied to evaluate patent transferability in academic 

and corporate settings (Yan et al,2023;Chen et al,2023;Kim et al,2020)，its use in health 

care—particularly for hospital-owned patents—has been minimal.This gap is significant, as 
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hospital-generated innovations often address specific clinical needs and hold promise for 

improving care delivery, yet their unique characteristics are not captured by existing models. 

In this study, we propose an ML-based framework to assess the transferability of hospital-

owned patents—defined as their potential for commercialization through licensing or 

transaction. Using a global dataset of 57,508 patents and a curated set of 20 indicators across 

technical, legal, market, and team dimensions, we train and validate multiple ML algorithms. 

Our goal is to provide a practical, evidence-based tool that helps health care executives, 

innovation officers, and policymakers identify high-potential patents, allocate resources 

wisely, and accelerate the translation of inventions into clinical practice. 

This work contributes to the growing literature on health care innovation by:（1）Offering a 

reproducible, data-driven method to evaluate patent transferability; 

（2） Identifying key factors that influence commercialization success in the health care 

context;（3）Supporting strategic decision-making for technology transfer and investment 

within health systems. 

By bridging the gap between invention and implementation, this approach aligns with the 

mission of health care organizations to deliver meaningful, scalable improvements in patient 

care. 

The rest of the paper is organized as follows. In Section 2, we present the fundamental 

concepts underlying the terminology employed in this study. In Section 3, a review of existing 

studies related to patent transfer is conducted. In Section 4, a preliminary index system is 

developed to assess the commercialization likelihood of medical institutional patents, 

employing a self-constructed global database of healthcare invention patents to 

systematically collect indicator data, calculate metrics, and screen indexes. In Section 5 the 

proposed machine learning approaches are subsequently applied. In Sections 6 and 7, we 

discuss the results and then present conclusions and suggestions for further research in the 

final section. 

 

Methods 

 

Patent Transferability Evaluation 

The transfer of technology represents a fundamental aspect of technological advancement, 

encompassing the dissemination of knowledge and expertise from the point of origin to that 

of utilization [2]. The transfer of technology encourages the accumulation of knowledge within 

enterprises, thereby assisting small and medium- sized enterprises (SMEs) in reducing the 

technological disparity that exists between them and leading enterprises [3]. Furthermore, it 

has been proposed that the mobility of talent represents a significant driver of technology 

transfer, particularly within knowledge-intensive industries. The movement of individuals 

with advanced technological skills across organizational boundaries serves to accelerate the 

transfer of technology among a diverse range of innovation agents [4].  

Prior research has examined patent transactions through diverse methodological approaches, 

primarily focusing on academic and corporate contexts. Key studies include: Coupet and Ba's 



(2022) stochastic frontier analysis of university licensing performance [5]; Sapir's (2021) 

qualitative investigation of Israeli technology transfer processes [6]; Ravi and Janodia's (2022) 

cross-sectional study of Indian university commercialization [7]; Ma et al.(2021) licensor 

decision model in China [8]; Cunningham et al. (2020) case study of commercial-experienced 

PIs in Ireland [9]; and Kim and Geum's (2020) machine learning model predicting patent 

transactions [10,11]. Collectively, these studies demonstrate methodological diversity in 

analyzing patent transformation, spanning quantitative, qualitative, and predictive 

approaches. 

 

Patent indexes 

In the extant literature, scholars have employed a variety of metrics to evaluate the 

transferability of patents, typically considering multiple dimensions such as technology, 

market, and legal aspects. From a technological perspective, metrics such as standardized 

patent citation counts [12] the number of priority claims [13], the technology life-cycle [14], 

the number of cited patents, and non-patent literature citations [15,16], and the number of 

IPC classifications [17] are widely used to assess technological influence, advancement, 

maturity, and potential application breadth. In the context of the market dimension, 

indicators such as the duration of patent maintenance [18], the frequency of patent licensing 

and transfers [19], and patent generality [20] are frequently utilized to gauge commercial 

value and market acceptance. From a legal standpoint, metrics such as the number of patent 

litigation [21,12] and the size of patent families [22] are employed to evaluate legal stability 

and strength. Furthermore, some studies have introduced interdisciplinary metrics, such as 

the linkage between patents and scientific literature, to further reveal the foundational 

research background and potential cross-domain application value [23]. Moreover, certain 

research has focused on the capabilities of inventor teams [24], suggesting that the more 

experienced the inventors are in technological development, the higher the value of 

technology transfer. Despite the heterogeneity of the metrics involved, their common 

objective is to provide a more comprehensive and objective framework for assessing patent 

transferability through quantitative analysis. 

 

Methodology and Data Acquisition 

This study develops a machine learning-based framework to assess patent transferability 

using six algorithms (Support Vector Machines, K-Nearest Neighbors, AdaBoost, Random 

Forest, Naïve Bayes, and Decision Tree) applied to global patent data. The methodology 

comprises: (1) defining evaluation indicators across technical, legal, economic, and team 

dimensions, (2) constructing a patent database from healthcare organizations worldwide, (3) 

selecting optimal indicators through Contribution Rate of Cumulative Information—Grey 

Relation Analysis (CRCI-GRA) [25], (4) building transferability prediction models using the six 

machine learning approaches, and (5) validating model performance via F1-score, Accuracy, 

and AUC-ROC metrics. The procedure is outlined in Figure 1. 

 



Construction and Acquisition of Patent Indicator 

According to the contingent effectiveness model of technology transfer constructed by Barry 

Bozeman [26], this study establishes a comprehensive 20-indicator framework to evaluate 

healthcare institution patent transferability across four dimensions: (1) technological 

dimension indicators including standardized citation counts, priority claims, technology life-

cycle, the number of non-patent literature references, backward citations, IPC codes, claim 

quantity and word counts of independent claim, and (2) legal dimension indicators covering 

patent litigation frequency, publication-to-grant period, patent family size and triadic patent 

counts, and (3) team dimension factors considering quantity of applicants, applicant category, 

inventor team size, inventor reputation, hospital bed capacity, and (4) market dimension 

metric of patent maintenance duration, filing-to-transfer period and patent generality. The 

detailed definitions and calculations for all indicators are presented in Table 1. 

 

Developing a patent database 

This study developed a patent database using incoPat(https://www.incopat.com) and the 

Derwent patent database(https://derwentinnovation.clarivate.com.cn/) to assess hospital-

owned patent transferability. This study selects the incoPat patent database because it 

collects more than 190 million pieces of patent information from 157 authorities. All data are 

collected from official patent offices of different countries and business vendors. Patent data 

is updated four times every week. Derwent Innovation (Clarivate Analytics) is a premium 

patent intelligence platform integrating normalized global patent data, DWPI expert 

annotations, and analytical tools for IP commercialization assessment.  

The definition of a medical institution is contingent upon the keywords employed in the 

patentee search. By the definition of medical institutions, as outlined by the National Health 

Commission of China, the term encompasses a range of facilities, including hospitals, maternal 

and child healthcare centers, prevention and treatment centers, community health service 

centers, clinics, medical centers, rehabilitation institutes, and cancer center. In this study, the 

aforementioned terms were employed as search patentee in the incoPat and Derwent 

Innovation patent database to identify granted invention patents in global healthcare 

organizations. 

From 606,180 global patent applications from healthcare institutions (data current through 

December 2022), we selected 57,508 granted inventions based on rights stability. In this study, 

we operationalized patent transferability value through the counts of patent transfers and 

licenses. 

 

Feature selection for indicators 

Standardization of indicator data 

To address measurement unit heterogeneity in the patent transferability evaluation system, 

we applied min-max normalization for data standardization. This dimensionless 

transformation method [37] preserves three key mathematical properties: translation 



invariance, ratio consistency, and interval stability. The algorithm linearly re-scales raw 

values (X) to [0,1] using data-set extrema (Xmax,  Xmin) by Equation (1)-(2). 

 Positive Indicator: X' = (X-Xmin) / (Xmax- Xmin)                Equation (1) 

Negative Indicator: X' = (Xmax-X) / (Xmax-Xmin)                Equation (2) 

Where X' [0,1] represents the normalized value. This preprocessing eliminates scale 

dependence, enabling cross-indicator integration within our multivariate framework. 

 

Descriptive statistical analysis 

The patent data set was categorized into domestic (N=35708) and international (N=18800) 

groups based on geographic origin. Descriptive statistics (including mean, median, 

maximum, minimum, standard deviation, and interquartile range) were calculated for all 

variables. As the data violated the assumptions of normality (Shapiro- Wilk test, p < 0.05) 

and homogeneity of variance (Levene's test, p=0.003), the non- parametric Wilcoxon rank-

sum test was employed to compare the distribution locations between groups by asterisks 

(p<0.01).  

 

Feature selection for indicators 

Stage 1: The CRCI methodology [25] was systematically applied following Steps 1 through 4 

to evaluate feature contributions and enhance model interpretability. 

Step 1: Computing relative coefficients of variation (CV) for normalized variables followed by 

Equation (3). 

CVj = 
m√ 1m-1 ∑ (xij- 1m ∑ xijmi=1 )2mi=1∑ xijmi=1                                                Equation (3)    

Let CVj be the feature importance vector [38], with each element representing the 

normalized CV of xij.We set n=20 as the dimensionality of the indicator space. 

 

Step 2: Ranking indicator by information content 

The initial set of 20 raw indicators (denoted as x1, x2,…, x20) was systematically ranked in 

descending order of their information content. The resultant ordered indicators are 

represented as xn1, xn2,…, xni, where xni denotes the indicator possessing the i-th highest 

information content among all candidates. 

 

Step 3: Determination of explained variance accumulation using Equation (4). Zn = ∑ CVj*pj=1 ∑ CVjnj=1⁄                                          Equation (4) 

Let CVj* (j=1,2,…p) represent the top-p indicators xn1, xn2,…, xni with the highest information 

content (where p ≤ 20), selected from the original 20 indicators through entropy-based 

ranking. 

 

Step 4: Screening indicators based on information content 

The top-p indicators {Zn} were selected based on their information content, satisfying: 

Zn>Z0>Z(p−1) 



Where: 

Zn: Information content of the n-th ranked indicator (measured by variance) 

Z0: Threshold for cumulative variance contribution (Z0=95%) [39] 

Z(p−1): Information content of the (p−1)-th ranked indicator 

 

Stage 2: Correlation-based centrality assessment coupled with GRA was implemented 

following Step 5 through 7 to optimize the feature set, effectively minimizing informational 

overlap and improving metric accuracy. 

Step 5: Inter-indicator correlation coefficients were computed by Equation (5). ζij(k)= minj mink |xi(k)-xj(k)|+ρ maxj maxk |xi(k)-xj(k)||xi(k)-xj(k)|+ρ maxj maxk |xi(k)-xj(k)|                                       Equation (5) 

Let Δₘᵢₙ and Δₘₐₓ represent the minimum and maximum absolute differences of the 

remaining two indicators, respectively, where Δₘᵢₙ =minj mink |xi(k)-xj(k)| and Δₘₐₓ = 

maxj maxk |xi(k)-xj(k)|  for i,j=1,2,...,n,k=1,2,...,20. The resolution coefficien ρ, which serves 

to modulate the output disparity and amplify the discriminative significance between 

correlation coefficients, is set within the range (0,1). Following common practice in 

sensitivity analysis, we adopted ρ= 0.5 [40] in this study to maintain balanced discrimination. 

 

Step 6: Inter-variable correlation matrix was derived by Equation (6). 

Given the observed data ζij(k) dispersion in the correlation coefficients, a temporal 

averaging approach was adopted to consolidate the information, thus facilitating systematic 

comparison. γij = 
∑ ζij(k)mk=1m                                                                   Equation (6) 

In the equation, γij represents the correlation degree between Xi and Xj， where m denotes 

the number of data points. 

Calculate the correlation coefficients γij to obtain an inter-indicator correlation matrix Rij by 

Equation (7). 

Rij = [γ11 γ12 … γ1nγ21 γ22 … γ2n… … … …γn1 γn2 … γnn]                                                             Equation (7) 

Step 7: Identify indicators with grey relational grades (γij>0.900) [25], compare their 

relationships, and subsequently eliminate those with lower information content according to 

the ranking established in Step 2. 

 

Proposing a Patent Transferability Evaluation Model 

To evaluate algorithm applicability, we developed a machine learning framework for 

predicting healthcare patent conversion using 57,508 samples. Data were categorized as 

converted/non-converted, with comprehensive descriptive statistics (Mean, Variance, 



Extrema, Median, Quartiles) computed for selected features. Group distribution differences 

were assessed via Wilcoxon rank-sum tests to validate machine learning appropriateness. 

Then, this study employed the Scikit-learn machine learning library (random_state=1) to 

conduct a comparative performance analysis of six classification algorithms: AdaBoost, k-

nearest neighbors (KNN), Naïve Bayes, random forest, decision tree, and support vector 

machine (SVM). The optimal algorithm was selected to construct a predictive model for 

assessing hospital-owned patent transferability potential. Standardized patent data were 

binarized (0/1 labels) to mitigate algorithm-specific overfitting risks. The dataset (N = 57,508) 

was randomly split into training and testing subsets (8:2 Ratio), with model performance 

evaluated using the receiver operator characteristics and area under the curve (ROC and 

AUC) metrics [41]. Additionally, we estimated Accuracy and F1-score, using the following 

Equations 8 and 9, to verify the predictive power and validation of the estimated model. 

Precision = 
TPTP+FP 

Where TP (true positive) denotes the count of accurately categorized transferred healthcare 

patents with confirmed technology commercialization, while FP (false positive) represents 

misclassified cases within the successfully transferred patent cohort. 

Recall = 
TPTP+FN 

Here, FN denotes false negative instances where hospital-owned patents were both 

incorrectly categorized and failed to achieve technology transfer. 

Accuracy = 
TP+TNTP+FP+TN+FN                                         Equation (8) 

Here, TN denotes true negative instances where hospital-owned patents were both correctly 

categorized and failed to achieve technology transfer. 

                    F1-score = 2*
Precision*RecallPrecision+Recall                                           Equation (9) 

F1-score, defined as the harmonic mean of precision and recall, serves as a comprehensive 

metric for evaluating classification model performance. This weighted harmonic mean 

(ranging from 0 to 1, with higher values indicating better predictive accuracy) balances the 

trade-off between precision and recall in practical applications. 

 

Results and Discussion 

Descriptive analysis 

The descriptive analysis results of the initial patent transferability value assessment for 

healthcare institution-owned patents are systematically compared between geographical 

regions in Table 2. The Wilcoxon rank-sum test results, evidenced by consistently negative Z-

statistics, reveal that internationally granted invention patents generally exhibit higher 

indicator values in the overall distribution compared to domestic ones. 

Regarding the negative-polarity indicator of the technology life cycle, domestic patents 

demonstrated significantly higher mean ranks ( ZDomestic  = 32,613.765 >  ZInternational  = 

22,433.094). Conversely, for three positive indicators - number of priority claims (ZDomestic = 



40281.314 <  ZInternational = 21717.294), patent claims (ZDomestic = 21323.312 < ZInternational = 

40926.650), and patent maintenance years ( ZDomestic  = 21426.630 < ZInternational  = 

40757.417)- internationally granted patents showed substantially greater mean ranks, 

indicating their superior performance in these dimensions. Notably, domestic patents 

outperformed in inventor reputation (ZDomestic = 32729.940 > ZInternational = 22242.803) and 

healthcare institution bed capacity (ZDomestic = 32722.167 > ZInternational = 22255.533). These 

findings align with empirical observations that: (1) domestic institutions maintain higher 

patent grant volumes, and (2) possess significantly greater bed capacities than international 

counterparts. 

The Wilcoxon rank-sum test results suggest that stratified analysis between domestic and 

internationally granted invention patents should be implemented when applying CRCI-GRA 

for indicator screening. 

 

Indicator significance evaluation 

The analysis employed a 95% cumulative contribution rate threshold for indicator retention. 

As evidenced in Table 3, triadic patent count (L22) was retained as the terminal indicator 

(cumulative rate = 95.427%) in domestic samples. Similarly, Table 4 demonstrates that patent 

family size (L21) represented the cutoff point for indicators (cumulative rate = 95.404%) in 

international samples. 

The indicator selection results from Table 3 and 4 reveal that the evaluation system for 

internationally granted invention patents retained 12 significant indicators, encompassing all 

10 indicators selected for domestic ones. Notably, the international system incorporated two 

additional indicators: claim quantity and patent maintenance duration. 

As evidenced by both tables, three indicators demonstrated particularly high importance 

across both domestic and international evaluation systems for hospital- owned patent 

transferability value: (1) patent litigation frequency ( CVj-Domestic =63.441 and CVj-International =53.874), (2) standardized citation counts ( CVj-Domestic =75.551 and CVj-International =60.845), and (3) non-patent literature references (CVj-Domestic =82.731 and CVj-International= 67.502). 

To reconcile indicator selection between domestic and international granted invention 

patents transferability value evaluation systems, this study retained 12 key indicators under a 

95% cumulative contribution rate threshold: patent litigation frequency (L11), standardized 

citations (T11), non-patent literature references (T32), inventor reputation (H21), triadic patents 

(L22), technology life-cycle (T22), patent family size (L21), IPC codes (T41), claim quantity (T42), 

hospital bed capacity (H22), priority claims (T21), and patent maintenance duration (E11). 

 

Indicator correlation analysis  

The 12 patent transferability value indicators pre-selected through CRCI methodology were 

subsequently analyzed using GRA to evaluate pairwise correlations for precision screening. 

The resultant inter-indicator relationships are visualized in the grey relational heat-map 

(Figure 2). 

The heat-map analysis indicates that patent family size (L21) and triadic patent count (L22) show 

a correlation coefficient of γ = 0.619, which, despite being statistically significant, did not 



exceed our conservative retention threshold (γ < 0.900). Thus, both variables were included 

in the final model. 

 

Application of the proposed approach  

Descriptive analysis of the 12 CRCI-GRA-filtered indicators from a translational perspective 

revealed significantly different distributions between converted and non- converted groups 

(Table S1). The Wilcoxon rank-sum tests consistently showed negative Z-values (all Z < 0), 

indicating systematically higher value distributions in the converted group. This distributional 

divergence confirms the appropriateness of applying machine learning classification 

algorithms to develop the hospital-owned patent transferability valuation model. 

Table 5 compares the six classifiers' performance in terms of AUC-ROC, F1-score, and Accuracy. 

The results demonstrate that Support Vector Machine (SVM) and Naïve Bayes classifiers 

achieved AUC values of 0.600-0.650, outperforming random models with moderate accuracy. 

In contrast, Decision Tree, K-Nearest Neighbors (KNN), AdaBoost, and Random Forest 

algorithms exhibited superior discriminative ability with AUCs ranging from 0.700 to 0.900. 

Notably, Random Forest emerged as the optimal model among the six approaches, 

highlighting its distinctive value for patent transferability valuation with an AUC of 0.900, F1-

score = 0.869, and Accuracy = 0.871. Feature importance analysis revealed claim quantity, 

patent maintenance duration, and inventor reputation as the strongest predictors according 

to Figure 3. 

Consequently, we selected random forest to construct the hospital-owned patent 

transferability valuation model. 

The parameter configuration of the Random Forest algorithm critically determines both 

predictive accuracy and training efficacy. Parameter optimization involves two hierarchical 

levels: (1) framework-level hyperparameters and, (2) decision tree-specific parameters. To 

achieve optimal performance, we employed manual tuning through 10- fold cross-validation 

with AUC as the evaluation metric, ultimately deriving the ideal parameter combination. 

 

Figure 4 indicates that the choice of mtry and the number of trees significantly impacts the 

performance of the RF model. Specifically, a moderate mtry value (around 7) combined with 

130 trees optimizes the model's predictive ability, as evidenced by the highest AUC. 

 

Using the established random forest-based evaluation model for assessing the transferability 

of hospital-owned patents, we predicted the commercialization potential of non-transformed 

granted invention patents in both domestic and international samples. The model generated 

individual predictions for each patent, visualized through a transferability histogram with 

logarithmic curve fitting, illustrated in Figures 5 and 6.  

Figures 5 and 6 show the transfer probability distributions of non-transferred patents from 

both domestic and international sources followed by logarithmic curves. Both R2 

valuesexceeding 0.900 indicate excellent curve fitting, suggesting that healthcare institution-

owned patents face similar transfer challenges globally, with the majority demonstrating low 

commercialization potential. These findings align with Nair S.S.'s research demonstrating that 

patent value typically follows a log-normal distribution pattern [42]. 



The findings highlight several key indicators-claim quantities, patent maintenance duration, 

and inventor reputation—as pivotal determinants of transferability, aligning with existing 

theories on patent value while introducing healthcare-specific metrics. This not only validates 

the model’s theoretical grounding but also provides practical insights for hospital 
administrators to prioritize high-potential patents for commercialization, thereby optimizing 

resource allocation. The study’s reliance on publicly accessible data further enhances its 

reproducibility and applicability across global healthcare systems. 

This work significantly advances the field by: (1) establishing the first evidence-based patent 

transferability assessment tool tailored for healthcare institutions; and (2) providing a 

reproducible methodology that bridges the gap between innovation and commercialization in 

medical research. 

 

Data availability 
Upon formal acceptance of the Stage 2 manuscript for publication, we commit to promptly 

and permanently making the underlying raw data and materials publicly available. 

 

Code availability 
Upon formal acceptance of the Stage 2 manuscript, we will publicly share all the code 

necessary to reproduce the findings of this study. The machine learning model was 

developed and executed within the ENVI software environment. The key analytical scripts 

and process files (e.g. ENVI batch scripts, .sav state files and detailed procedural 

documentation) will be deposited in a public repository .  
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Figures 

 

Figure 1. Workflow of machine learning-based evaluation of hospital-owned patent 

transferability 

(A)theworkflowofthisstudy.(B)Thestepsofestablishmentofametricsystemforperformanceasse

ssment. 

  



 

Figure 2. Feature index correlation matrix heat-map 

Note: In the heat-map visualization, correlation strength is encoded in color saturation, with 

darker hues denoting more significant correlations. Here：T11：Standardized citation 

counts；T21：Priority claims；T22：Technology life-cycle；T32：Non-patent literature 

references；T41：IPC code；T42：Claim quantity；L11：Patent litigation frequency；L21：

Patent family size；L22：Triadic patent counts；H21：inventor reputation；H22：hospital 

bed capacity；E11：patent maintenance duration. 

 

  



 

Figure 3. Feature Importance Analysis of the Random Forest Model for Assessing Hospital-

owned Patent Transferability 

Note: A: Claim quantity; B: patent maintenance duration; C: inventor reputation; D: hospital 

bed capacity; E: Technology life-cycle; F: Standardized citations; G: Non-patent literature 

references; H: IPC codes; I: Priority claims; J: Patent family size; K: Triadic patents; L: Patent 

litigation frequency. 
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Figure 4. Parameter tuning plot of random forest based on ten - fold cross - validation 

Note:In this study, we focused on two key parameters: mtry (the number of variables 

randomly sampled as candidates at each split) and the number of trees (represented by 110, 

130, and 150 in the figure). As shown in Figure_4, for all three tree numbers, the AUC values 

exhibited a trend of first increasing and then decreasing as mtry increased.When the 

number of trees was set to 130, the RF model achieved the highest AUC value (approaching 

0.900) at mtry=7. For the cases with 110 and 150 trees, the peak AUC values were lower 

than that of the 130 - tree model, and they also reached their maxima around mtry=7 before 

declining. 



 

Figure 5. Distribution trend of transferability for non-commercialized domestic patents 

samples 

Note: The fitted logarithmic function for domestic patents was: y = -0.187lnx + 1.976 (R2 = 

0.967) 

 

 

Figure_6 Distribution trend of transferability for non-commercialized international patents 

samples 

Note: The fitted logarithmic function for international patents was: y = = -0.248lnx +2.312 (R2 

= 0.938)



Table 1. Multidimensional evaluation framework for hospital-owned patent 

transferability 
Type Indicator     Definition  Significance                                                        Calculation Method Reference 

Techni-

cal 

Standardized 

citation count 

Normalized number of patent citations The number of citations a patent receives 

correlates strongly with its publication date, 

given the cumulative nature of citation 

behavior. This temporal bias necessitates 

citation count normalization.The indcator 

measures technological influence. 

Citations/(Patent expiration date 

Publication date or database lock 

date) 

Federico Caviggioli et al.(2020);15 

Alberto Méndez-Morales et 

al.(2022);12 

Roger Svensson(2022)27 

Priority claims Number of priority claims in patent 

documents 

More claims suggest higher innovation 

level. 

Directly extracted from incoPat 

database 

Grimaldi, M. L. Cricelli.(2020)17 

Technology 

lifecycle 

Lifecycle stage of patented technology Longer lifecycle indicates slower innovation 

speed. 

Patent grant year minus Average 

grant year of cited patents in the 

patent document 

David H.Hsu et al.(2021)28 

Non-patent 

literature 

references 

Number of non-patent literature citations The indicator reflects research background 

depth. 

The reference lists in patent texts 

were extracted directly from the 

incoPat database followed by 

manual screening 

You, Xindong et al.(2021)29; 

Alberto Méndez-Morales et 

al.(2022)12 

Number of 

backward citations 

Number of  the prior art cited in a patent Represent the technological foundations 

upon which the current invention is buil 

Directly extracted from incoPat 

database 

S.Yang et al(2017)30 

IPC codes count Number of IPC classifications More IPC codes indicate broader technical 

scope. 

Directly extracted from incoPat 

database 

Federico Caviggioli et al.(2020)15; 

Michele Grimaldi et al.(2020)17 

 Claim quantity Count of claims in patent text More claims indicate broader protection 

scope. 

Directly extracted from incoPat 

database 

Sergio Gómez Arroyave et 

al.(2019)31; 

Weidong Liu et al.(2020)32; 

Shu-Hao Chang et al.(2018)16 



Word counts of 

independent claim 

The number of words contained in the 

standalone claims  

Define the broadest scope of patent 

protection 

Directly extracted from incoPat 

database 

New added in this study 

Legal Patent litigation 

frequency 

Number of patent lawsuits Higher litigation frequency suggests greater 

patent market value. 

Directly extracted from incoPat 

database 

Cheng-Chin Tsao et al.(2015)21 

Patent family size Number of countries/regions in patent 

family 

Larger families indicate wider legal 

protection. 

Directly extracted from incoPat 

database 

Anthony F.J. van Raan(2017)33 

Triadic patent 

counts 

Patents granted in US, Europe, and 

Japan 

These regions represent global economic 

leaders and the indicator reflects 

technological impact. 

Directly extracted from incoPat 

database 

Tahmooresnejad, L.& C. 

Beaudry.(2019)34 

Publication-to-

grant period 

The time elapsed between a patent's 

initial publication and its final 

authorization 

Reflect the efficiency of the patent 

examination process 

Directly extracted from incoPat 

database 

You, Xindong et al.(2021)29 

Team Inventor reputation The technical invention experience of 

the first inventor in the specialized field 

More experienced inventors may create 

higher-value patents. 

The number of the first inventor′s  
patent output in the relevant 

technical domain/the number of 

all patents in  the relevant tecnical 

domain 

Wei Du et al.(2021)24 

 Hospital bed 

capacity 

Number of beds in patent-owning 

medical institutions 

More beds suggest stronger clinical 

capabilities. 

Collected from hospital websites 

orliteratures 

New added in this study 

Quantity of 

applicants 

The number of applicants Reflect the collaborative nature of the 

invention 

Directly extracted from incoPat 

database 

Grimaldi, M.L. Cricelli.(2020)17 

Applicant category The applicants were classified into three 

main categories: enterprises (e.g, 

corporations and startups), academic 

institutions (e.g, universities and 

research centers), and individual 

applicants. 

The indicator were employed to characterize 

the level of technological innovation and 

market applicability in this study. 

Directly extracted from incoPat 

database 

Xin X.et al(2019)35 

Inventor team size The total count of individuals credited 

with contributing to a patented invention 

A proxy for research team size and 

collaborative intensity 

Directly extracted from incoPat 

database 

Yan Y.(2014)36 



Market Patent maintenance 

duration 

Years of patent validity maintenance Longer maintenance indicates higher 

expected economic returns. 

Expiration date or Database lock 

date - Granted date. 

Cheng-Chin Tsao et al.(2015)21；

Jurrie¨n Bakker(2017)18 

Filing-to-transfer 

period 

The period from patent application 

submission to the first legally recorded 

licensing or assignment agreemen 

There exists a positive relationship between 

filing-to-assignment/license duration and 

total commercialization costs 

Directly extracted from incoPat 

database 

Federico Caviggioli et al.(2020)15 

Patent generality The number of subsequent citations 

received from inventions within the 

same IPC code 

General-purpose technologies enable 

broader applications 

Executed under Python 3.11.8 Sonmenz,Z.(2018)20 

 

  



 

Table 2. Descriptive analysis between domestic and international granted hospital-owned 

patents 

Class Metric Patent 

family size 

Triadic patent 

counts 

Quantity of 

applicants 

Inventor 

team size 

Applicant 

category 

Inventor 

reputation 

Hospital bed 

capacity 

Patent maintenance 

duration 

Filing-to-

transfer 

period 

Patent 

generality 

 Domestic   Mean  0.030 0.001 0.083 0.124 0.306 0.064 0.265 0.02 0.996 0.906 

 Standard error  0.024 0.009 0.034 0.085 0.158 0.173 0.22 0.022 0.012 0.247 

 Median  0.027 0.000 0.071 0.105 0.25 0.01 0.206 0.013 1.000 1.000 

Maximum  0.811 0.353 0.714 1.000 1.000 1.000 1.000 0.154 1.000 1.000 

 Minimum  0.000 0.000 0.000 0.026 0.000 0.000 0.000 0.000 0.838 0.000 

P25 0.027 0.000 0.071 0.061 0.250 0.004 0.082 0.006 1.000 1.000 

P75 0.027 0.000 0.071 0.157 0.250 0.032 0.426 0.027 1.000 1.000 

The rank mean 22953.496 25543.822 25963.563 28567.823 25093.08 32729.94 32722.167 21426.63 29996.367 27929.093 

Internati-

onal  

 Mean  0.094 0.035 0.116 0.134 0.365 0.046 0.146 0.128 0.990 0.959 

 Standard error  0.122 0.093 0.081 0.112 0.158 0.152 0.184 0.126 0.055 0.169 

 Median  0.034 0.000 0.071 0.105 0.25 0.003 0.083 0.079 1.000 1.000 

Maximum  1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 

 Minimum  0.027 0.000 0.071 0.025 0.250 0.000 0.000 0.000 0.000 0.000 

P25 0.027 0.000 0.071 0.061 0.250 0.000 0.000 0.028 0.999 1.000 

P75 0.111 0.022 0.143 0.176 0.500 0.018 0.176 0.198 1.000 1.000 

The rank mean 38256.438 34013.532 33326.003 29060.274 34751.838 22242.803 22255.533 40757.417 26720.344 30106.501 

Z-value  -142.932 -101.606 -71.533 -3.461 -87.754 -73.664 -73.458 -135.474 -30.307 -23.927 

p-value <0.010 <0.010 <0.010 <0.010 <0.010 <0.010 <0.010 <0.010 <0.010 <0.010 

 

  



Table 2. Descriptive analysis between domestic and international granted hospital-owned 

patents(continued table) 

Class Metric Patent 

family size 

Triadic patent 

counts 

Quantity of 

applicants 

Inventor 

team size 

Applicant 

category 

Inventor 

reputation 

Hospital bed 

capacity 

Patent maintenance 

duration 

Filing-to-

transfer 

period 

Patent 

generality 

Domestic  Mean  0.030 0.001 0.083 0.124 0.306 0.064 0.265 0.02 0.996 0.906 

 Standard error  0.024 0.009 0.034 0.085 0.158 0.173 0.22 0.022 0.012 0.247 

 Median  0.027 0.000 0.071 0.105 0.25 0.01 0.206 0.013 1.000 1.000 

Maximum  0.811 0.353 0.714 1.000 1.000 1.000 1.000 0.154 1.000 1.000 

 Minimum  0.000 0.000 0.000 0.026 0.000 0.000 0.000 0.000 0.838 0.000 

P25 0.027 0.000 0.071 0.061 0.250 0.004 0.082 0.006 1.000 1.000 

P75 0.027 0.000 0.071 0.157 0.250 0.032 0.426 0.027 1.000 1.000 

The rank mean 22953.496 25543.822 25963.563 28567.823 25093.08 32729.94 32722.167 21426.63 29996.367 27929.093 

Internati-

onal  

 Mean  0.094 0.035 0.116 0.134 0.365 0.046 0.146 0.128 0.990 0.959 

 Standard error  0.122 0.093 0.081 0.112 0.158 0.152 0.184 0.126 0.055 0.169 

 Median  0.034 0.000 0.071 0.105 0.25 0.003 0.083 0.079 1.000 1.000 

Maximum  1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 

 Minimum  0.027 0.000 0.071 0.025 0.250 0.000 0.000 0.000 0.000 0.000 

P25 0.027 0.000 0.071 0.061 0.250 0.000 0.000 0.028 0.999 1.000 

P75 0.111 0.022 0.143 0.176 0.500 0.018 0.176 0.198 1.000 1.000 

The rank mean 38256.438 34013.532 33326.003 29060.274 34751.838 22242.803 22255.533 40757.417 26720.344 30106.501 

Z-value  -142.932 -101.606 -71.533 -3.461 -87.754 -73.664 -73.458 -135.474 -30.307 -23.927 

p-value <0.010 <0.010 <0.010 <0.010 <0.010 <0.010 <0.010 <0.010 <0.010 <0.010 



Table 3. CRCI-based indicator screening for 

hospital-owned granted invention patent 

transferability value assessment (International) 

Metric Information content 

CVj 

Sort by 

Indicato

r 

The sorted 

CV*
j 

Contribution Rate of 

Cumulative 

Information(%) 

Variable 

Selection 

T11 3.811 L11 29.45 53.874 Retain 

T21 1.234 T11 3.811 60.845 Retain 

T22 2.072 T32 3.639 67.502 Retain 

T31 0.099 H21 3.259 73.463 Retain 

T32 3.639 L22 2.639 78.291 Retain 

T41 1.300 T22 2.072 82.081 Retain 

T42 1.230 L21 1.301 84.461 Retain 

T43 0.064 T41 1.300 86.838 Retain 

L11 29.450 H22 1.245 89.116 Retain 

L12 0.145 T21 1.234 91.374 Retain 

L21 1.301 T42 1.230 93.623 Retain 

L22 2.639 E11 0.986 95.427 Retain 

H11 0.695 H12 0.836 96.956 Elimination 

H12 0.836 H11 0.695 98.227 Elimination 

H13 0.432 H13 0.432 99.018 Elimination 

H21 3.259 E21 0.173 99.334 Elimination 

H22 1.245 L12 0.145 99.600 Elimination 

E11 0.986 T31 0.099 99.782 Elimination 

E12 0.055 T43 0.064 99.899 Elimination 

E21 0.173 E12 0.055 100.000 Elimination 

Note: ：T11：standardized citation counts；T21：priority claims；T22：technology life-cycle；T31：number 

of patent citations；T32：non-patent literature references；T41：IPC code；T42：claim quantity；T43：word 

counts of independent claim；L11：patent litigation frequency；L12：publication-to-grant period；L21：

patent family size；L22：triadic patent counts；H11：quantity of applicants；H12：inventor team size；

H13：applicant category；H21：inventor reputation；H22：hospital bed capacity；E11：patent maintenance 

duration；E12：filing-to-transfer period；E21：patent generality. 

 

 

 

 

 

 

 



Table 4  CRCI-based indicator screening for 

hospital-owned granted invention patent 

transferability value assessment (Domestic) 

Metric Information content 

CVj 

Sort by 

indicator 

The sorted 

CV*
j 

Contribution Rate of 

Cumulative 

Information(%) 

Variable 

Selection 

T11 1.896 L11 48.791 63.441 Retain 

T21 5.523 T11 9.313 75.551 Retain 

T22 0.880 T32 5.523 82.731 Retain 

T31 0.013 H21 2.703 86.246 Retain 

T32 1.574 L22 1.896 88.712 Retain 

T41 0.751 T22 1.574 90.758 Retain 

T42 0.801 L21 1.068 92.147 Retain 

T43 0.028 T41 0.880 93.290 Retain 

L11 48.791 H22 0.824 94.362 Retain 

L12 0.055 T21 0.801 95.404 Retain 

L21 0.788 T42 0.788 96.428 Elimination 

L22 9.313 E11 0.751 97.405 Elimination 

H11 0.416 H12 0.689 98.301 Elimination 

H12 0.689 H11 0.518 98.974 Elimination 

H13 0.518 H13 0.416 99.516 Elimination 

H21 2.703 E21 0.265 99.860 Elimination 

H22 0.824 L12 0.055 99.931 Elimination 

E11 1.068 T31 0.028 99.968 Elimination 

E12 0.012 T43 0.013 99.985 Elimination 

E21 0.265 E12 0.012 100.000 Elimination 

Note: ：T11：standardized citation counts；T21：priority claims；T22：technology life-cycle；T31：

number of patent citations；T32：non-patent literature references；T41：IPC code；T42：claim 

quantity；T43：word counts of independent claim；L11：patent litigation frequency；L12：

publication-to-grant period；L21：patent family size；L22：triadic patent counts；H11：quantity of 

applicants；H12：inventor team size；H13：applicant category；H21：inventor reputation；H22：

hospital bed capacity；E11：patent maintenance duration；E12：filing-to-transfer period；E21：patent 

generality. 



Table 5. Performance metrics of six machine learning 

classifiers 

Algorithm name Accuracy F1-score ROC Curve AUC Area 

Support Vector Machine 0.720 0.665 

 

0.601  

Decision Tree 0.808 0.806 

 

0.745  

Naive Bayes 0.718 0.705 

 

0.622  

K-nearest neighbors 0.821 0.822 

 

0.811  

Random Forest 0.871 0.869 

 

0.900  

AdaBoost 0.826 0.819 

 

0.837  



Table S1. Feasibility assessment results of classification algorithms 

Metric Standardized 

citation 

counts 

Priority 

claims 

Technology 

life-cycle 

Non-

patent 

literature 

references 

IPC code Claim 

quantity 

Patent 

litigation 

frequency 

Patent 

family 

size 

Triadic 

patent 

counts 

Inventor 

reputation 

Hospital 

bed 

capacity 

Patent 

generality 

Non-conversion group 

Mean 0.006 0.034 0.028 0.007 0.054 0.044 0.000 0.059 0.016 0.051 0.223 0.059 

Standard- 

error 
0.020 0.084 0.035 0.04 0.074 0.081 0.006 0.091 0.065 0.157 0.217 0.096 

Median 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 

Maximum 0.000 0.000 0.000 0.000 0.011 0.002 0.000 0.027 0.000 0.000 0.000 0.000 

Minimum 0.000 0.000 0.024 0.000 0.034 0.021 0.000 0.027 0.000 0.006 0.147 0.020 

P25 0.000 0.000 0.000 0.000 0.023 0.015 0.000 0.027 0.000 0.001 0.059 0.007 

P75 0.007 0.000 0.043 0.004 0.057 0.030 0.000 0.029 0.000 0.023 0.344 0.060 

The rank 

mean 
27732.169 27948.394 27857.217 28557.488 28633.297 28382.798 28740.263 29324.838 29419.636 27199.897 28847.474 28076.026 

Conversion group 

Mean 0.015 0.037 0.042 0.029 0.053 0.048 0.001 0.040 0.006 0.075 0.211 0.067 

Standard- 

error 
0.046 0.064 0.059 0.099 0.064 0.068 0.026 0.050 0.039 0.188 0.209 0.092 

Median 1.000 1.000 1.000 1.000 1.000 0.865 1.000 1.000 1.000 1.000 1.000 0.487 

Maximum 0.000 0.000 0.000 0.000 0.011 0.002 0.000 0.000 0.000 0.000 0.000 0.000 

Minimum 0.002 0.000 0.03 0.000 0.034 0.023 0.000 0.027 0.000 0.012 0.119 0.026 

P25 0.000 0.000 0.000 0.000 0.023 0.011 0.000 0.027 0.000 0.004 0.074 0.011 

P75 0.013 0.059 0.059 0.008 0.058 0.054 0.000 0.027 0.000 0.043 0.301 0.065 

The rank 

mean 
31862.867 31205.441 31482.662 29353.509 29123.014 29884.648 28797.787 27020.404 26732.175 33481.223 28471.816 30817.38 

Z-value -27.887 -25.737 -23.06 -5.886 -3.066 -9.378 -6.069 -19.146 -28.678 -39.247 -2.345 -17.089 

p-value ＜0.010 ＜0.010 ＜0.010 ＜0.010 ＜0.010 ＜0.010 ＜0.010 ＜0.010 ＜0.010 ＜0.010 ＜0.010 ＜0.010 

 


