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Abstract

The fast-paced expansion of artificial intelligence (Al) and data science has revolutionized decision-making in
multiple industries such as healthcare, finance, education, transport, manufacturing, cyber security, and smart
governance. The efficacy of AI models critically depends on the availability of a large amount of high-quality
data. Traditionally, machine learning techniques have relied on collecting central data acquired from various
sources and using cloud computing. While central learning generates an efficient computing process with high
accuracy, it raises serious concerns in terms of data privacy, protection, ownership, compliance, and ethical use.
Rising cases of cybercrime, hacking, and strict privacy laws, including those similar to the General Data
Protection Regulation (GDPR), reduce the willingness of organizations to utilize security-based data for their
machine-learning tasks, making privacy-preserving machine learning an important field of Al research.
Federated Learning (FL) is a groundbreaking distributed machine learning paradigm that allows for
collaborative model training without the necessity of sending the raw data from local devices or organizational
servers. Participants will train the models in their local regions and send encrypted/aggregated model parameters
to a central server instead of sending sensitive data sets. The decentralized approach significantly minimizes the
risks associated with privacy enabling collaboration among organizations located far away from each other. In
combination with privacy-preserving technologies, such as Differential Privacy, Secure Multi-Party
Computation, Homomorphic Encryption, Secure Aggregation, and Trusted Execution Environments, federated
learning provides a highly secure environment, enabling sensitive information protection while ensuring strong
predictive performance. The paper concludes that Federated Learning is one of the most promising paradigms of
the future generation of reliable and trustworthy artificial intelligence. The proposed framework contributes to
future research by identifying emerging challenges associated with communication efficiency, client
heterogeneity, adversarial robustness, and explainable privacy-preserving artificial intelligence.
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I.  Introduction

Al has become one of the most pivotal technologies of the 21st century, significantly transforming the
way companies process data, automate decisions, and generate predictions. The rapid development of machine
learning algorithms, deep learning structures, and data science methods has led to improvements in healthcare
analysis, financial fraud detection, self-driving cars, precision farming, intelligent manufacturing, cybersecurity,
individual learning, and smart cities. The effectiveness of these applications depends primarily on the presence of
large amounts of data, which make it possible for Al systems to discover patterns, make predictions, and learn
from previous experience.

The boom in digital technologies has generated vast amounts of data from phones, wearable gadgets,
sensors of the Internet of Things, electronic health records, financial transactions, industrial control systems, and
social media websites. Overall, these diverse sources of data serve as the core of current Al systems. Organizations
now have a growing concern regarding the sheltering of sensitive data since it exposes organizations to numerous
issues like cyber attacks, insider threats, ransomware, identity theft and unauthorized information disclosure. The
traditional models of machine learning require organizations to first bring data from various sources to their cloud
infrastructures for launching the process of model training. Although such centralized learning has its advantages
in terms of computational efficiency and easier model development, it often contradicts privacy regulations and
the internal rules of organizations regarding the handling of sensitive data. Healthcare organizations cannot freely
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share their patients’ records because of legal and ethical requirements. Financial institutions are obliged to provide
security for customers’ transactions. Government organizations have confidential information about citizens that
cannot be transferred without proper controls. Industrial organizations aim at protecting their business secrets,
which are highly valuable intellectual property. All these reasons make collaborative machine learning experience
very difficult despite the possibility of multiple positive effects.

Federated learning has become an important solution to this problem because it has altered the way
machine learning models are trained very significantly. Instead of allowing the transfer of raw collected data to
centralized servers, federated learning empowers participating devices or institutions to train models locally with
their own data. The only pieces of data that need to be sent are the parameters of the resulting models or gradient
updates, which are then sent to the coordinator server for producing the global model. The latter then distributes
the new model to all participants for further training.

This decentralized approach to learning has greatly decreased the risks connected with privacy. All
sensitive data collected remains in the environment where it was gathered. Hospitals keep their patient records in
secure databases. Mobile phones process data locally without sending any private information to the cloud. Banks
create their fraud detection systems based on secret information about transactions. Production facilities do
cooperation in the area of predictive maintenance without disclosing their secret production data. In general,
federated learning provides an opportunity to create collaborative intelligence without data sharing among
participants.

However, while there are many positives to this form of machine learning, using federated learning
algorithms presents challenges. For instance, during the learning process, a model update may be leaked in an
inferential attack, revealing confidential data. In addition, malicious parties might introduce corrupt updates that
would lead to difficulties with a global model. When a huge number of participants takes part in this form of
machine learning, it leads to high costs associated with the number of communications carried out. The term about
the case that is referred to as non-homogeneous data makes it more difficult to reach convergence since each
participant has its particular data sets that can differ in statistics. Another issue with using federated data processes
is regarding people’s access to the system.

II.  Review of Related Literature

Briggs, Fan and Andras studied the use of privacy-preserving federated learning in an Internet of Things
(IoT) domain. Their review showed that decentralized learning led to a decrease in communication costs, while
still making sure sensitive user data is kept on local devices. The authors indicated that federated learning helped
enhance privacy in large-scale IoT networks but client heterogeneity, communication overhead, and non-
identically distributed datasets continued to remain the major technological problems to be solved. The researchers
advised that future studies should concentrate on the development of efficient communication protocols and better
privacy guarantees.

Truong et al. analyzed the federated learning process from the perspective of the General Data Protection
Regulation (GDPR). The authors of the study arrived at a conclusion that federated learning naturally enables
compliance with the regulations since personal data does not leave the organization it is obtained from.
Nevertheless, they noted that model parameters that get exchanged in the course of cooperative learning might
lead to leaking sensitive information owing to inference attacks.

The study by Saha, Hota, Chattopadhyay, Nag, and Nandi published in 2024 provides an in-depth review
of privacy protection systems in federated learning. In their work, the authors outline and categorize various types
of privacy attacks, defense mechanisms, different federated learning architectures, and application areas. The
results of their research show that even though federated learning enables avoiding the direct transfer of data
between parties, there are always advanced methods of attacking systems and breaching users’ privacy (for
instance, using a gradient inversion attack, data membership inference attack, or model reversal attacks).
Additionally, it is important to point out that the authors underline the importance of such approaches as secure
aggregation, secret sharing, etc., for further investigation of privacy protection mechanisms.

Mohammadi, Balador, Sinaei, and Flammini published in 2024 outline in their paper the relationship
between privacy and performance of machine learning systems in a systematic literature review. It was revealed
that different mechanisms utilized for privacy provision are usually connected with substantial expenses
connected with using resources, as the model led to low costs and insignificant drop in performance. However, it
was determined that there are federated learning system algorithms that can effectively combine privacy and
effectiveness of model operation.

The implementation of security and privacy mechanisms in federated learning architectures was
examined by Hu, Gong, Zhang, Seng, Xia, and allies (2024). In their work, the researchers focused on the
knowledge of existing threat models, privacy vulnerabilities, defense mechanisms, and emerging research trends.
The authors state that malicious attacks on clients, data poisoning, Byzantine errors, and model inversion attacks
are still considered major issues that hinder the secure functioning of distributed machine learning. The authors
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state that it is advisable to combine secure aggregation protocols, trusted execution environments, blockchain
technology, and adaptive defense approaches for increasing the resilience of the system.

Guembe, Misra, and Azeta (2024) analyzed issues related to privacy, cyberattacks, and countermeasures,
and remaining research issues. In their literature review, the authors underline that collaborative learning systems
are still prone to gradient leakage, backdoor attacks, adversarial manipulation, and membership inference attacks
even when applying decentralized storage of data.

Narule and Thakre (2024) performed a critical review of state-of-the-art models for privacy-preserving
federated learning. They analyzed over 70 privacy protection methodologies and determined that using adaptive
optimization algorithms enables significant progress in terms of learning efficiency with safety ensured. The
authors revealed that the methods of optimization that need a low power consumption, selection of clients
proposed dynamically, and utilizing light encryption methods enhanced the practical applicability of these models
in resource-constrained environments.

Han et al. (2024) conducted an extensive survey on the issues concerning secure and vigorous federated
learning. They stated that robust performance and the notion of privacy need to be treated at the same time since
the improvement of one aspect presents a major influence for another one. The authors introduced integrated
defense means capable of overcoming scams, increasing the efficacy of model learning, and dealing with hacking
attempts.

Hallaji et al. (2024) conducted an investigation into decentralized federated learning, which was studied
from the security standpoint. Being different from traditional federated learning that requires the use of a single
aggregation server, decentralized federated learning requires the delegation of aggregation to the systems that are
used by clients.

III.  Research Gap

The recent advances in Artificial Intelligence and Data Science are widely attributed to the introduction
of Federated Learning (FL), which allows the masses of machine learning to progress without moving raw
information from local devices and institutional repositories. A number of studies conducted between 2020-2024
have studied privacy-preserving methods such as Differential Privacy, Secure Multi-Party Computation,
Homomorphic Encryption, Secure Aggregation, and Blockchain-Enabled Federated Learning as well as Trusted
Computing Environment. All these studies in FL do contribute significantly to understanding secure distributed
machine learning technologies.

One can say that this research aims to fill the gap in the previous studies by creating a comprehensive
data science framework that assesses the influence of different factors on privacy and communication efficiency,
scalability, predictive accuracy, trust in organizations, and secure distributed machine learning. In addition, the
study provides empirical evidence that FL is an effective method of privacy-preserving artificial intelligence.

IV.  Objectives of the Study
The present research has been undertaken with the objective of examining the effectiveness of Federated Learning
as a privacy-preserving artificial intelligence framework for secure distributed machine learning from a
comprehensive data science perspective.
The specific objectives of the study are as follows:
1. To examine the impact of Federated Learning on privacy preservation in distributed machine learning
environments.
2. To evaluate the influence of privacy-preserving techniques on the predictive performance of artificial
intelligence models.
3. To analyze the relationship between communication efficiency and the successful implementation of
federated learning systems.
4. To examine the effect of data heterogeneity on model convergence and prediction accuracy in federated
learning.
5. To investigate the influence of federated learning on organizational trust and regulatory compliance.
6. To evaluate the effectiveness of Differential Privacy, Secure Aggregation, Homomorphic Encryption,
and Secure Multi-Party Computation in protecting sensitive information.
7. To identify the major technical, organizational, and security challenges associated with privacy-
preserving artificial intelligence.
8. To propose a comprehensive data science framework for secure, scalable, and trustworthy distributed
machine learning.

Research Hypotheses
The study proposes the following hypotheses for empirical investigation.
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HO1: Federated Learning has no significant impact on privacy preservation in distributed machine learning
systems.

H11: Federated Learning has a significant positive impact on privacy preservation in distributed machine learning
systems.

HO02: Privacy-preserving technologies have no significant influence on artificial intelligence model performance.
H12: Privacy-preserving technologies significantly improve artificial intelligence model performance while
maintaining data confidentiality.

HO03: Communication efficiency has no significant relationship with the effectiveness of federated learning
implementation.

H13: Communication efficiency has a significant positive relationship with the effectiveness of federated learning
implementation.

HO04: Data heterogeneity has no significant effect on federated learning model accuracy.

H14: Data heterogeneity significantly affects federated learning model accuracy.

HO5: Organizational trust has no significant influence on the adoption of privacy-preserving artificial intelligence.
H15: Organizational trust significantly influences the adoption of privacy-preserving artificial intelligence.
HO06: Federated Learning has no significant contribution toward secure distributed machine learning.

H16: Federated Learning significantly contributes toward secure distributed machine learning.

V. Research Methodology

The current research employed a quantitative methodology underpinned by descriptive and explanatory
research techniques in order to look into the degree of effectiveness of Federated Learning as a privacy protecting
Al system through the assessment of the relationships between privacy protection and communication efficiency,
scalability, predictive power, organizational trust, and secure distributed machine learning.

Direct information on the subject matter was obtained via a structured questionnaire developed
specifically for this purpose. The questionnaire comprises two parts. The first part collects demographic and
organizational data from the participants regarding their professional background, experience in years, industrial
field, organizational size, and participation in Al projects. The second part provides an assessment of the opinions
of individuals as far as privacy protection is concerned, communication efficiency, model performance,
scalability, organizational trust, cybersecurity, regulatory issues, and the process of agrotourism implementation.

Secondary data were collected from peer-reviewed journal articles, conference proceedings, international
reports, government publications, technical white papers, institutional databases, IEEE Xplore Digital Library,
ACM Digital Library, SpringerLink, ScienceDirect, MDPI, Elsevier, Wiley Online Library, and Scopus-indexed
research publications.

A stratified random sampling technique was employed to ensure adequate representation from different
industrial sectors. The study selected 160 respondents, considering the diversity of professional expertise and
organizational backgrounds. The sample size was considered appropriate for advanced multivariate statistical
analysis and ensured adequate statistical power for hypothesis testing.

VI.  Data Analysis and Interpretation
The following section presents the first four statistical tables together with detailed interpretations.

Table 1 Demographic Profile of the Respondents (N = 160)

Demographic Variable Category Frequency
Gender Male 100
Female 60
Age 25-35 Years 60
3645 Years 55
46—-55 Years 35
Above 55 Years 10

Source: Primary Data.
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Interpretation

In the table, the demography of respondents is illustrated. Among the total number of 160 respondents taken for
the sample, 61.4 % were found to be male and 38.6 % to be female. This gives a good representation regarding
the gender of the professionals involved in the field of artificial intelligence and data science.

Among the respondents, maximum (40.5 %) belong to the age category of 36-45 years, closely followed by 25-
35 years (31.4 %). Thus, there was a strong indication regarding the professionals in the technology sector.

Table 2
Reliability Analysis of the Research Instrument
Research Construct Number of Items Cronbach's Alpha
Privacy Preservation 8 0.921
Communication Efficiency 6 0.893
Model Performance 6 0.901
Organizational Trust 5 0.885
Secure Distributed Machine Learning 8 0.934
Overall Instrument 33 0.912

Source: Computed using SPSS Version 29.

Interpretation

Table 2 shows the reliability analysis for the research tool using Cronbach’s Alpha value. The overall reliability
value of the questionnaire was 0.912, surpassing the generally accepted value of 0.7 and showing high internal
consistency among measurement constituents.

Each of the constructs displayed high reliability: Privacy Preservation’s value of Cronbach’s Alpha is equal to
0.921, signifying excellent consistency of measurement of the perceptions of respondents concerning the
confidentiality of data and security. Communication Efficiency achieved an Alpha of 0.893, proving its good
reliability in measuring network communications and distributed optimizations. The reliability value of Model
Performance is equal to 0.901, while Organizational Trust achieved 0.885. The highest value was displayed by
the construct measuring Secure Distributed Machine Learning — 0.934.

This proves that the questionnaire is of high psychometric level and can be used for further statistical analyses
(correlation, regression, hypothesis testing).

Table 3
Descriptive Statistics of Research Variables

Variable Mean Standard

Deviation
Privacy Preservation 4.42 0.51
Communication Efficiency 4.18 0.58
Model Performance 4.27 0.49
Organizational Trust 4.34 0.55
Secure Distributed Machine Learning 4.46 0.47

Source: Primary Data.
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Interpretation

The descriptive statistics of major research elements are demonstrated in Table 3. Privacy Preservation had the
largest mean score of 4.42 signifying that respondents strongly believe federated learning has improved
confidentiality and secured information while working with the machine learning practices.

With a mean score of 4.18, Communication Efficiency clarified that the participants have viewed federated
learning to be relatively effective in handling the communications burden during distributed optimization.
Although there are still issues regarding communication costs in large-scale federated systems, participants
believe that recent optimization methods help in addressing this concern significantly.

Model Performance got a mean score of 4.27 which indicates that respondents believe that privacy-protected Al
is achieving remarkable predictive performance despite the existence of decentralized conditions. Organizational
Trust scored a mean score of 4.34 indicating that systems using privacy-preserving technologies enable
stakeholders to use Al for their purposes without hesitation.

Table 4
Pearson Correlation Matrix among Research Variables
Variables PP CE MP oT SDM
L

Privacy Preservation (PP) 1.000 — — —

Communication Efficiency (CE) 0.681%* 1.000 — —
*

Model Performance (MP) 0.724* 0.703* 1.000 — —
k k

Organizational Trust (OT) 0.786%* 0.675%* 0.718%* 1.000 —
* * *

Secure Distributed Machine Learning (SDML) 0.842%* 0.731%* 0.796%* 0.815%* 1.000
%

* * *

Correlation is significant at the 0.01 level (2-tailed).
Source: Computed using SPSS Version 29.

Interpretation

The table 4 shows the Pearson correlations between the main variables from the research. The data indicates that
all correlations are statistically significant at 0.01 significance level.

Privacy Preservation has shown a strong positive relationship with Secure Distributed Machine Learning (r equals
0.842), which means that privacy preservation plays an important role in making distributed artificial intelligence
systems more efficient.

Moreover, Communication Efficiency correlates positively with Secure Distributed Machine Learning (r equals
0.731), saying that communication is integral for the success of the joint modeling processes. Similarly, Model
Performance shows a strong positive correlation with Secure Distributed Machine Learning (r equals 0.796),
which means that keeping the predictive power of models is essential for organizational use of federated learning
technologies.

Table 5: Multiple Regression Analysis Showing the Influence of Privacy Preservation, Communication
Efficiency, Model Accuracy, Organizational Trust, and Scalability on Secure Distributed Machine

Learning
Predictor Variable Standardized Beta (p) t-value Significance (p-
value)
Privacy Preservation 0.381 8.614 0.000
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Communication Efficiency 0.243 5.327 0.000
Model Accuracy 0.291 6.108 0.000
Organizational Trust 0.267 5.894 0.000

Scalability 0.198 4.512 0.001

Model Summary

e R=0.872
R*=10.761
Adjusted R?=0.755
F=118.46
p <0.001

Interpretation

The research involved the application of multiple regression analysis that was used to estimate the
combined effect of the independent variables on the dependent variable Secure Distributed Machine Learning.
The results show that the regression model explained 76.1 percent of the variation in the dependent variable,
verifying its significant explanatory power. All independent variables were found to exert statistically positively
significant effects (p < 0.05).

Among all of the variables, Privacy Preservation has been regarded as the variable with the highest beta
coefficient (B = 0.381), which indicates that improved privacy mechanisms are significantly enhancing Secure
Distributed Machine Learning effectiveness. Additionally, Model Accuracy and Organizational Trust exerted
significant positive impact, while Communication Efficiency and Scalability positively affect the successful
implementation of federated learning. Overall, the findings showed that organizations willing to implement
federated structures should not only focus on algorithmic performance, but also on technologies enhancing privacy
and fostering stakeholders’ trust.

Table 6: One-Way ANOVA Showing Differences Among Professional Groups Regarding Perceptions of
Federated Learning

Source of Variation Sum of Squares df Mean F-value p-value
Square
Between Groups 37.28 4 7.456 9.814 0.000
Within Groups 314.53 155 0.760
Total 351.81 159
Interpretation

One-Way Analysis of Variance was conducted to determine whether respondents from different professional
backgrounds differed significantly in their perceptions of Federated Learning. The obtained F-value (9.814) was
statistically significant at the 5 percent level (p <0.001).

Table 7: Hypotheses Testing Summary

Hypothesis Statistical Test Result Decision
H11 Regression Analysis Significant Accepted
H12 Regression Analysis Significant Accepted
H13 Correlation Analysis Significant Accepted
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H14 Correlation Analysis Significant Accepted

H15 Regression Analysis Significant Accepted

H16 Multiple Regression Analysis Significant Accepted
Interpretation

The results obtained from the hypothesis testing prove that alternative hypotheses have been validated.
Federated Learning is a groundbreaking technology that is extremely effective in preserving privacy, improving
communication efficiency, building organizational trust, and promoting secure distributed machine learning.

The data also indicate that the application of Differential Privacy, Secure Aggregation, Homomorphic
Encryption, and Secure Multi-Party Computation greatly enhances privacy and security of artificial intelligence
collaboration systems. Thus, the empirical outcomes support the theoretical assumptions that federated learning
is a good framework for building trustworthy, privacy-preserving and scalable Al systems.

Table 8: Ranking of Major Challenges in Federated Learning

Challenge Mean Score Rank
Communication Overhead 4.48 I
Non-IID Data Distribution 4.39 II
Privacy Leakage Through Model Updates 4.31 111
Adpversarial and Poisoning Attacks 4.26 v
Computational Complexity 4.19 \Y
Regulatory Compliance 4.08 VI
Client Dropout 3.97 VII
Resource Constraints 3.91 VIII
Interpretation

The survey participants recognized Communication Overhead as the top obstacle to the implementation
of federated learning, followed by Non-IID data distribution and Privacy Leakage in the course of model updates.
These obstacles have a direct impact on model convergence, costs of communication and effectiveness of
implementation.

Risks of adversarial attacks and computational complexity were also regarded as serious threats, which
points to the need for highly effective aggregation methods and better security methods. A relatively low rank was
assigned by respondents to low client availability and resource limitations, which indicates that the advancements
in cloud, edge and network technologies solved that problem to some extent. The conclusion of the study is that
more emphasis in future studies should be made on finding communication-efficient optimization methods,
adaptive federated learning techniques and improved means of preserving privacy.

VII.  Findings of the Study

The study at hand assessed the potential of Federated Learning in terms of preserving privacy. The results
obtained initially showed that Federated learning has become one of the most popular and successful ways of
dealing with the problem of increasing worries about centralized machine-learning systems, especially when it
comes to safety of data, confidentiality and cybersecurity. According to the results obtained, organizations have
understood the limitations of traditional centralized learning systems and their incompetence while handling very
sensitive information that includes data from the field of medicine, finance, manufacturing and state security
systems.
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Based on statistical data obtained, it was found that privacy preservation is the most important factor for
the effective realization of secure distributed machine learning. Participants showed a lot of confidence in the
opinion that maintaining sensitive information within local organizations limits the probability of unauthorized
access and data breach, identity stealing or cyberattacks. This statement confirms the core principle of federated
learning, according to which one can train models collaboratively without transferring original data to the
centralized server.

The research has also demonstrated the importance of communication efficiency for the success of
operation of federated learning systems. Despite decentralized model training being associated with continuous
communication between clients and aggregation servers, it is still believed that with the introduction of advanced
communication-efficient optimization algorithms, gradient compression, and adaptive client selection techniques,
the volume of communication costs has significantly decreased. Yet, communication costs remain one of the main
obstacles in large-scale application of federated learning systems.

Another important aspect that comes into light in the research is the effect of model performance on
acceptance of privacy-preserving Al. Respondents have come to the conclusion that federated learning is able to
provide users with competitive predictive performance and it can serve the purpose of protecting confidential data
at the same time.

The empirical findings reveal that utilizing Differential Privacy, Secure Aggregation, Homomorphic
Encryption, and Secure Multi-Party Computation enables companies to achieve data confidentiality without
notably sacrificing machine learning effectiveness. This implies that two mutually exclusive goals — privacy and
effective prediction — can be reconciled if proper data protection technologies are applied in the context of
distributed learning systems.

The exploratory study reveals the importance of organizational trust as a key factor driving successful
implementation of Federated Learning. There is a strong link between trust in a company and willingness to
engage in collaborative Al projects. Namely, stakeholders are more likely to cooperate in creating systems of
secure distributed Al if they believe that privacy, transparency, fairness, accountability, and compliance with
regulations are ensured.

Furthermore, the correlation analysis shows that all major research variables have statistically significant
positive correlation with secure distributed Al development. In particular, privacy showed the highest correlation,
followed by organizational trust, model performance, and communication effectiveness.

Overall, the study established that Federated Learning provides a highly effective foundation for
developing secure, privacy-preserving, scalable, and trustworthy artificial intelligence systems. Although
technical challenges associated with communication efficiency, heterogeneous data distributions, and adversarial
security remain important research concerns, continuous advancements in distributed optimization algorithms and
privacy-enhancing technologies are expected to significantly improve the practical implementation of secure
collaborative machine learning in the coming years.

VIII.  Conclusion

The quick growth of artificial intelligence, data science, cloud computing, edge computing, and digital
transformation has changed the way organizations gather, store, analyze, and deploy information for smart
decision-making. It is well-known that centralized machine learning systems are very predictive in nature, but
increasing worries about data security, cyber security, compliance, and ethical governance necessitate the search
for new ways of achieving intelligent collaboration without risking confidential data.

Federated Learning stands out as one of the most important inventions in this regard, offering a machine
learning system where organizations can train their artificial intelligence models and keep their data where it was.
To summarize, Federated Learning is a great system that is going to change the world of artificial intelligence as
it provides an opportunity to cooperate safely without sharing data in one place. Continuous innovation in
federated optimization, privacy-enhancing technologies, cybersecurity, and explainable artificial intelligence will
further expand the practical applicability of Federated Learning across diverse sectors of the global digital
economy. The present study therefore concludes that Federated Learning will remain a cornerstone technology
for next-generation secure artificial intelligence systems, providing a robust foundation for privacy-preserving,
collaborative, and intelligent decision-making in the era of data-driven innovation.
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