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Abstract. The application of artificial intelligence (AI) in venture capital 
has gained significant attention as a means to improve risk assessment and 
decision-making. This study examines AI's role in venture capital by 
analyzing its real-world implementations in related industries, focusing on 

case studies from Ping An Bank in financial services and Midea Group in 
manufacturing. The research employs a qualitative analysis of documented 
AI applications, including Ping An Bank's credit scoring and fraud detection 
systems, as well as Midea Group's predictive maintenance and smart 
manufacturing solutions. Findings indicate that AI enhances risk 
management capabilities through advanced data processing and pattern 
recognition. Ping An Bank's systems demonstrate improved accuracy in 
financial risk evaluation, while Midea's implementations show increased 

operational efficiency in production environments. The study suggests that 
similar AI approaches could be adapted for venture capital applications, 
particularly in startup evaluation and investment risk analysis. However, the 
research also identifies challenges in implementation, including data quality 
requirements and system transparency needs. These insights contribute to 
understanding how proven AI applications in established industries may 
inform venture capital practices, while highlighting important 
considerations for practical adoption. 

1 Introduction 

The rapid evolution of artificial intelligence (AI) has ushered in transformative changes 

across multiple industries, with particular significance for data-intensive sectors like finance 

and investment. As global venture capital (VC) markets grow increasingly competitive, there 

emerges a pressing need for more sophisticated risk assessment methodologies that can 

overcome the limitations of traditional human-centric analysis notably its subjectivity, 

inefficiency, and inability to process vast datasets effectively [1]. Against this backdrop, AI 

technologies, especially machine learning (ML) and natural language processing (NLP), 

present promising solutions to refine investment decision-making and mitigate risks. The 

financial sector has already witnessed substantial AI adoption, with institutions like Ping An 

Bank leveraging AI-driven credit scoring systems that analyze multidimensional data—
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including transaction histories and social media footprints— to enhance loan approval 

accuracy. Similarly, hedge funds employ AI algorithms for market trend analysis and 

portfolio optimization, demonstrating AI's potential in financial risk management. However, 

while AI applications have gained traction in conventional finance, their utilisation in venture 

capital remains nascent, creating a critical research gap that this study seeks to address. 

Venture capital inherently grapples with heightened uncertainty due to information 

asymmetry and the unique challenges posed by startups, which often lack extensive financial 

track records or validated business models. Traditional evaluation metrics, such as financial 

ratio analysis, frequently fall short in this context, compounded by variables like market 

volatility, technological disruption, and shifting competitive landscapes. Consequently, VC 

firms urgently require intelligent tools to augment their decision-making processes, reduce 

failure rates, and improve returns. Despite AI's proven efficacy in banking and asset 

management, its application in particularly for startup valuation, remains underexplored. 
Existing literature predominantly focuses on credit risk assessment or stock market 

forecasting, leaving a conspicuous void in research addressing startup-specific AI models. 

Moreover, while technical feasibility studies abound, practical implementation hurdles such 

as data accessibility, model interpretability, and the integration of AI with human expertise 

are seldom examined. This oversight underscores the necessity for targeted investigations 

into how AI can be adapted for VC environments. 

To address these gaps, this study employs a hybrid methodological approach, combining 

case study analysis with a comprehensive literature review. The case selection criteria focus 

on organizations that have successfully integrated AI into their operational frameworks, 

demonstrating measurable improvements in efficiency, risk management, and decision-

making processes. Specifically, cases were chosen based on their relevance to the venture 
capital context, the diversity of AI applications, and the availability of empirical data on 

outcomes. The analysis method involves a comparative framework that dissects these cross-

industry applications, identifying transferable strategies for VC, assessing their adaptability, 

and proposing enhancements to AI-powered investment frameworks. 

The significance of this study is threefold. Practically, it offers VC institutions actionable 

insights into deploying AI tools to streamline due diligence and portfolio management. 

Academically, it enriches the discourse on AI applications beyond traditional finance by 

focusing on startup evaluation- a domain previously marginalized in scholarly research. The 

interdisciplinary implications are equally vital, fostering dialogue between technological 

innovation and investment practice. Looking ahead, as AI capabilities continue to advance, 

their role in venture capital is poised to expand, contingent upon resolving persistent 

challenges related to data quality, model robustness, and ethical considerations. By bridging 
theoretical exploration with empirical analysis, this research contributes a foundational 

framework for future innovations at the intersection of AI and venture capital. 

2 The application of artificial intelligence in Ping An Bank 

Financial institutions globally face mounting pressure to modernize risk management 

frameworks as market complexities outpace conventional analytical methods. It is reported 

that by the end of 2022, the total assets of banks had increased by 3.443 billion CNY [2]. 

Ping An Bank's decade-long artificial intelligence implementation offers concrete evidence 

of both transformative potential and practical constraints in real-world financial applications. 

Traditional credit assessment models struggled with several inherent limitations that 
became particularly apparent during economic turbulence. Static evaluation frameworks 

typically incorporated fewer than 200 data points, often relying on historical financial 

statements that failed to capture real-time business viability. Ping An's engineering teams 

addressed these gaps by developing adaptive machine learning architectures that process 
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continuous data streams rather than periodic snapshots. Their systems digest information 

from unconventional sources including supply chain logistics patterns, digital footprint 

analyses, and even equipment sensor data from manufacturing clients. During the 2022 credit 

crunch, these models automatically identified vulnerable sectors by detecting subtle 

correlations between regional infection rates, transportation bottlenecks, and payment delays 

- connections human analysts typically miss. 

Operational risk management witnessed parallel advancements through neural network 

applications. The bank's payment monitoring systems previously generated over 100,000 

false alerts monthly, overwhelming investigators and allowing actual fraud to slip through. 

Current implementations use self-learning algorithms that refine detection parameters weekly 

based on newly identified fraud patterns. One breakthrough involved recognizing complex 
fraud rings that strategically distribute activities across multiple branches and transaction 

types. Where human reviewers might spot individual suspicious transactions, the AI maps 

hidden connections between seemingly unrelated accounts through multidimensional 

relationship graphing. 

Market risk analysis underwent perhaps the most radical transformation during the 

pandemic volatility. Conventional value-at-risk models based on historical price movements 

proved utterly inadequate when markets entered uncharted territory. Ping An's quantitative 

teams responded by developing hybrid models incorporating real-time sentiment analysis 

from news sources, social media, and even satellite imagery of economic activity [3]. These 

tools proved particularly valuable when assessing Chinese tech stocks during regulatory 

reforms, where the AI detected early warning signals in shifting online discussion patterns 

weeks before major price movements. 
Implementation hurdles revealed several industry-wide challenges that temper 

enthusiasm about rapid AI adoption. Data infrastructure requirements present the first major 

barrier - building the necessary data lakes and processing pipelines requires investments 

exceeding ¥500 million for mid-sized banks. Regulatory acceptance poses another 

complication, as supervisors demand full transparency into "black box" decision processes. 

Ping An spent nearly two years working with regulators to develop acceptable model 

documentation standards. Talent acquisition represents a third constraint, with experienced 

AI engineers commanding salaries 3-4 times higher than traditional quant analysts. 

Comparative analysis with European and American banks reveals interesting divergences 

in AI adoption strategies [4]. While Western institutions tend to focus narrowly on specific 

use cases like anti-money laundering, Chinese banks have pursued more comprehensive 
transformations. This difference stems partly from regulatory environments - China's 

centralized financial governance enables more coordinated technology roadmaps. However, 

it also reflects cultural factors in risk management philosophy, with Eastern institutions 

showing greater willingness to trust algorithmic recommendations. 

The roadmap ahead suggests several critical developments. Next-generation systems will 

likely incorporate predictive capabilities that anticipate rather than react to risks. Early 

experiments with macroeconomic forecasting models show promise, using alternative data 

like commodity shipping volumes and nighttime light intensity to predict regional economic 

shifts. Another frontier involves explainable AI techniques that meet growing regulatory 

demands for transparency without sacrificing model sophistication. 

Ping An's experience offers profound insights into the implementation of financial AI, 

embodying multiple key learnings. Success requires equal focus on technological 
infrastructure and organizational change management. The bank's early decision to create 

dedicated "AI translator" roles - professionals bridging technical and business domains - 

proved particularly valuable. Equally important was maintaining parallel human oversight 

systems during the transition period, allowing gradual confidence-building in algorithmic 

outputs. 
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As financial systems grow increasingly complex and interconnected, traditional risk 

management approaches face fundamental limitations. Ping An's experience demonstrates 

that AI adoption, while challenging, offers the only viable path forward for institutions 

seeking to maintain robust risk controls. Their systems now process risk assessments in 

minutes that previously required weeks of analyst work, while consistently demonstrating 

superior predictive accuracy across multiple crisis scenarios. The bank's transformation from 

technology skeptic to AI leader provides both inspiration and practical guidance for financial 

institutions worldwide navigating similar journeys. 

3 The application of artificial intelligence in Midea company 

The manufacturing sector is undergoing a fundamental transformation as artificial 
intelligence (AI) transitions from experimental technology to core operational infrastructure. 

Within China's industrial landscape, Midea Group has emerged as a paradigm of successful 

AI integration, demonstrating how intelligent systems can simultaneously enhance 

productivity and mitigate operational risks. Official data shows that intelligent manufacturing 

has increased labor productivity by 28%, reduced unit costs by 14%, and shortened order 

delivery cycles by 50% [5].This transformation occurs against the backdrop of China's AI 

market expanding at 30% CAGR [6], with manufacturing representing the fastest-growing 

adoption sector. 

Midea's digital transformation initiative, launched in 2018, represents one of the most 

comprehensive AI implementations in global appliance manufacturing [7]. The company's 

smart factory in Guangzhou exemplifies this shift, where over 1,200 IoT sensors collect real-
time data across 18 production lines [8]. These systems monitor variables ranging from motor 

vibration frequencies to ambient humidity levels, processing approximately 4.5 terabytes of 

operational data daily. The implementation reduced quality defects by 37% within the first 

year through computer vision systems that perform micron-level inspections at 20 times 

human speed. 

Predictive maintenance systems deliver particularly compelling results. By applying 

recurrent neural networks to equipment sensor data, Midea decreased unplanned downtime 

by 40% in 2022 [9]. The AI identifies subtle patterns preceding failures—such as specific 

harmonic distortions in compressor motors that typically precede bearing failures by 72-96 

hours. This advance warning enables planned maintenance during non-production periods, 

avoiding the $420,000 hourly cost of line stoppages during peak operations. 
Supply chain optimization provides another critical application. Midea's demand 

forecasting algorithms incorporate 87 variables including regional weather patterns, property 

market trends, and even social media sentiment about home appliances. During the 2021 

global chip shortage, these models allowed Midea to reallocate remaining inventory to high-

margin products 11 weeks before competitors recognized the shortage's severity. The 

system's accuracy—measured at 94% for 3-month forecasts—contrasts sharply with the 68% 

accuracy of traditional time-series models used previously. 

Retail integration showcases AI's cross-functional value. Midea's e-commerce platforms 

employ reinforcement learning algorithms that adjust product recommendations based on 

real-time conversion data. When testing showed customers who viewed air purifiers during 

high pollution days had 22% higher conversion rates, the system automatically increased 

purifier visibility on poor air quality days. This dynamic adjustment contributed to a 19% 
increase in online sales margin in 2022. 

The international context highlights Midea's competitive positioning. While GE's Predix 

platform focuses narrowly on equipment monitoring, Midea's AI integration spans the entire 

value chain from raw material procurement to after-sales service. Similarly, where Amazon's 

retail AI excels at inventory turnover, Midea achieves comparable supply chain efficiency 
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while simultaneously optimizing production parameters—a dual capability few 

manufacturers have matched. 

Implementation challenges reveal important industry lessons. Workforce transformation 

proved particularly demanding—Midea retrained over 4,000 production staff in AI-assisted 

operations, with 27% attrition among workers unable to adapt to the new systems. Data 

infrastructure requirements were equally daunting, requiring $220 million in cloud 

computing investments before achieving reliable model performance. Perhaps most 

significantly, the transition demanded complete reorganization of quality assurance protocols, 

as traditional sampling methods became obsolete with continuous AI monitoring. 

Comparative analysis with domestic peers illustrates Midea's technological lead. Gree 

Electric's parallel AI efforts achieved only half the defect reduction (18% vs 37%), while 
Haier's predictive maintenance systems detect failures with just 58% of Midea's advanced 

notice [10]. This performance gap stems from Midea's earlier and more comprehensive data 

strategy—the company began systematic data collection in 2015, and the integration of the 

information system has been completed [11]. 

Future developments point toward increasingly sophisticated applications. Midea is 

piloting digital twin technology that simulates entire production lines in virtual environments, 

allowing stress testing of process changes before physical implementation. Early results show 

89% accuracy in predicting outcomes of line reconfigurations. Another frontier involves 

human-robot collaboration, where AI mediators optimize task allocation between human 

workers and cobots in real-time based on fatigue monitoring and skill assessments. 

The broader implications for manufacturing are profound. Midea's experience 

demonstrates that AI adoption is not merely about technology implementation, but requires 
fundamental rethinking of operational philosophies. Traditional metrics like overall 

equipment effectiveness (OEE) are being supplanted by dynamic, AI-driven performance 

indicators. Companies that fail to make this conceptual shift—even with advanced 

hardware—often see limited returns on their AI investments. 

As manufacturing enters the AI era, Midea's journey offers both inspiration and caution. 

Their success stems from viewing AI not as a cost-saving tool, but as a strategic capability 

that reshapes competitive dynamics. This perspective explains why Midea continues 

investing 4.2% of revenue in AI development despite economic headwinds—a commitment 

that positions them to define the future of intelligent manufacturing globally. 

4 Recommendation 

Drawing from cross-industry case studies, venture capital firms should implement AI through 

a pragmatic, three-tiered approach. Initially, focus on augmenting due diligence by 

developing hybrid evaluation models that combine structured financial data with 

unstructured indicators like founder digital footprints and product development cadence 

(GitHub activity, prototype iteration speed). This mirrors Ping An's success in blending 

traditional and alternative data sources for credit scoring. Second, prioritize building a 

modular data infrastructure capable of processing startup-specific metrics - including team 

stability patterns, customer acquisition cost trajectories, and regulatory filing changes - while 

employing transfer learning to compensate for data gaps, similar to Midea's adaptive sensor 

networks. Crucially, maintain human oversight through investment committee "AI 

interpreters" who can contextualize algorithmic outputs, a lesson from both case studies 
where human-AI collaboration proved vital. Implementation should progress from discrete 

tasks (automated founder background checks saving ≈40 hours/deal) to complex applications 

(portfolio health dashboards with predictive runway modelling), ensuring each phase delivers 

measurable efficiency gains before scaling. The operational transformation must be 

accompanied by cultural adaptation - training deal teams in AI literacy while preserving 
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space for contrarian, qualitative judgment, and proactive regulatory engagement to document 

model logic using explainable AI techniques. By anchoring tools to specific pain points rather 

than pursuing blanket automation, VCs can achieve the 30-50% process efficiency 

improvements seen in comparable financial and manufacturing applications while avoiding 

the pitfalls of premature full-scale deployment. 

5 Conclusion 

This study demonstrates that AI integration in venture capital can draw valuable lessons from 

established applications in banking and manufacturing. Ping An Bank's risk assessment 

systems and Midea Group's operational optimizations prove AI's capacity to enhance 

decision-making accuracy and efficiency—capabilities directly transferable to VC's startup 
evaluation challenges. The research reveals three critical implementation requirements: 

robust data infrastructure (evident in Midea's IoT networks), adaptive learning mechanisms 

(shown in Ping An's fraud detection), and hybrid human-AI collaboration models. 

These findings carry important practical implications. For VC firms, they provide a 

framework for adopting proven AI strategies while avoiding common pitfalls like over-

reliance on incomplete startup data. The cross-industry analysis suggests that AI's greatest 

value lies in processing unconventional indicators—a capability that could revolutionize 

early-stage investing. 

Looking ahead, two development priorities emerge: creating standardized metrics for 

startup data quality and establishing regulatory guidelines for AI-assisted investment 

decisions. As these frameworks mature, AI's role in venture capital may expand beyond risk 
assessment to include real-time portfolio optimization and market trend prediction. The next 

phase of research should focus on longitudinal studies of AI-adopting VC firms to quantify 

performance improvements relative to traditional methods. 
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