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Abstract:  
 

The rapid expansion of artificial intelligence (AI) applications has created a need for 

advanced computing systems which mainly includes liquid-cooled AI servers. The 

systems provide better thermal management yet they create more difficulties for supply 

chain management because their specialized parts and expensive equipment and long 

manufacturing delays. The supply chain management process faces its most difficult 

problem when unpredictable demand patterns create operational challenges that result 

in excessive inventory and product shortages and greater chance of operational 

interruptions. The study shows how risk-adjusted inventory planning methods help 

organizations solve their inventory management problems. The study combines existing 

research on demand uncertainty together with safety stock optimization and risk pooling 

and supply chain coordination. The study shows that traditional inventory models which 

depend on deterministic or simplified assumptions produce specific limitations. The 

research covers the main elements which define liquid-cooled AI server supply chains 

through their fast technology obsolescence and need for specialized suppliers. Digital 

supply chains together with machine learning-based forecasting and real-time data 

integration capabilities drive better inventory performance in organizations. The 

research study identifies three main problems which supply chain partners face, which 

include data limitations and model complexity and coordination issues between 

different partners. The research results demonstrate that organizations can achieve 

better supply chain operations through the combination of risk-aware strategies together 

with advanced analytical tools. The review provides a structured foundation which 

enables future research while creating more effective inventory planning models for 

high-technology environments. 

 

1. Introduction 
 

The rapid development of AI applications has 

created strong demands for high-performance 

computing systems which include AI servers as 

their main requirement. The systems use advanced 

components which include GPUs and specialized 

accelerators that generate significant heat during 

their operation. The industry has adopted liquid 

cooling systems as a solution to improve thermal 

performance and boost system operational stability. 

The introduction of liquid cooling requires 

manufacturers to develop new supply chain plans 

which complicates their operations by extending 

the time needed to deliver items and raising their 

equipment purchase expenses. The supply chains 

experience uncertainty because demand for AI 

systems continues to evolve. The AI workloads that 

organizations use experience changes based on 

their training activities and the requirements of 

cloud computing services and the evolution of 

technological progress. The unpredictable nature of 

demand creates difficulties for organizations to 

forecast their needs which results in the situation of 

either having too much inventory or not enough. 

The studies show that companies face major 

difficulties when they need to decide on inventory 

levels because demand fluctuations create 

uncertainty which affects their decisions especially 

when dealing with products that have high market 

value yet low sales volume [1], [2]. 

The use of safety stock and multi-echelon inventory 

systems by firms in the past. The aim of these 

approaches is to ensure service levels, but at low 

costs. Nonetheless, they tend to make assumptions 

about stable demand distributions and might not be 
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completely aware of the risks posed by a rapid 

change in technologies and fluctuation in the 

market. Research has shown that stochastic demand 

models which enhance the performance of 

inventory [3], [4]. 

The growing interest in risk-adjusted inventory 

planning has been observed in the last several years 

when the financial risk measures are being 

incorporated into the operational decisions. This 

methodology takes into account the anticipated 

expenses, as well as the variability and risk of 

downside of demand fluctuations. These 

frameworks are especially applicable in the context 

of the AI server supply chains, where the expenses 

of stocking outdated technology or stocking in-

demand parts may be significant. Also, it was 

demonstrated that supply chain coordination 

mechanisms (like flexible contracts and risk-

sharing strategies) increase resilience and minimize 

the effects of demand variability [5]. 

The research study shows limited investigation 

about risk-adjusted inventory planning for liquid-

cooled AI servers during supply chain management 

despite existing inventory planning methods. The 

special characteristics of these systems which 

include high expenses and problems with 

technology becoming outdated and their need for 

specific components require development of 

models which merge demand uncertainty with 

associated risk elements. The review intends to 

combine existing research materials to create a 

structured framework which shows how risk-

adjusted inventory planning should be implemented 

in this emerging research area. 

 

2. Literature Review 

2.1 Demand Uncertainty in Supply Chains 

 

The problem of demand uncertainty has been the 

major concern in supply chain planning especially 

on high-technology products. The change in 

customer demand creates errors in forecasting, 

which are transmitted through the supply chain and 

increases operational inefficiencies. This is 

popularly known as the bullwhip effect and it raises 

inventory expenses and lowers service levels [6]. 

Empirical and analytical literature proves that any 

minor fluctuations in the demand may be very 

disturbing to ordering policies and inventory 

choices.To deal with this stochastic models have 

been widely used to model uncertain demand 

patterns. The models allow companies to predict 

the right inventory levels in probabilistic situations. 

Their usefulness however, is dictated by how well 

demand distributions are and the assumptions. It 

has been found out that the classical models do not 

tend to reflect the on-demand volatility in the real 

world, particularly in volatile markets like the 

technology-driven ones [7]. 

 

2.2 Safety Stock and Inventory Optimization 

 

The importance of safety stock in reducing the 

effects of demand uncertainty is significant. It 

serves as a cushion to both demand and lead time 

variability. The classical inventory models propose 

that the best safety stock levels are determined by 

service level goals and demand variation [8]. 

Nonetheless, it becomes difficult to calculate these 

levels when the distributions of the demand are 

non- stationary or extremely skewed. Recent works 

suggest new optimization strategies that combine 

stochastic demand with multi-echelon supply chain 

design. These strategies are to reduce the overall 

cost of the system with the desired levels of service. 

It has been demonstrated that a joint inventory 

decision at various levels of the supply chain can 

greatly minimize the total safety stock levels and 

enhance efficiency [9]. 

 

2.3 Risk Pooling and Centralized inventory 

Strategies 

 

A well-known method of reducing the variability of 

demand is risk pooling. Aggregation of demand of 

locations or products enables firms to reduce the 

total uncertainty and decrease needed safety stocks. 

This strategy is especially useful when the supply 

chain is multi-echelon and the centralized inventory 

systems can take advantage of the diversification of 

demand [10]. Nevertheless, the advantages of risk 

pooling are conditional on the aspects of demand 

correlation, cost of transportation, and lead times. 

Although centralization saves on inventory costs, it 

can slow down response time and complicate 

transportation. This is why when developing an 

inventory system in the presence of uncertainty 

firms need to trade off these factors. 

 

2.4 Research Gap 

 

Despite the solid background of the previous 

research on the topics of demand uncertainty, safety 

stock optimization, and risk pooling, there is a 

paucity of literature on the combination of the two 

with risk-adjusted decision-making frameworks. 

This difference is more evident in the emerging 

areas like the AI server supply chain, where there 

are high-value components and where technology 

changes are occurring at faster rates, creating more 

levels of risk. Financial risk exposure is frequently 

ignored by existing models and the implications of 

extreme scenarios exposed in both form (Table 1). 
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 3. Risk-Aware Inventory Strategies in High-

Technology Supply Chains 

3.1 Risk in High-Value Supply Chains 

 

The supply chains of AI servers are high-

technology with high unit prices, a quick pace of 

innovations, and a high level of volatility of 

demand. These aspects expose them to operational 

and financial risks. The inventory decision in these 

contexts has to take into account the demand not 

just in the future but also the outcome of any 

extreme situations such as sudden demand spikes or 

obsolescence. Research indicates that demand 

uncertainty, disruption of supply, and variability of 

processes are some of the sources of supply chain 

risk. Risk management involves effective 

incorporation of such factors into planning models 

as opposed to addressing them separately [11]. This 

is especially essential when dealing with 

technology products, which are very uncertain in 

terms of lifecycle (Figure 1). 

 

3.2 Risk-Adjusted Inventory Models 

 

The classical inventory models are concerned with 

minimizing costs when things are going on. On the 

contrary, risk-adjusted models involve variability 

and downside risk in decision-making. Stochastic 

programming or robust optimization is commonly 

employed in these models in order to hedge against 

uncertainty. Sturdy optimization methods offer 

solutions that are viable within a spectrum of 

unpredictable circumstances. They come 

particularly in handy when there is no information 

about demand distributions or when the demand is 

very volatile. This has been shown to have a strong 

influence on how much worst case scenario can be 

mitigated without a corresponding high level of 

cost [12]. The stochastic programming models 

enable decision-makers to check a variety of 

demand scenarios. These models enhance resilience 

in the sense that they explicitly take into account 

the unpredictability in planning decisions. 

Nevertheless, they can raise the computational costs 

and necessitate robust scenario generation [13]. 

 

3.3 Supply Chain Co-ordination and Risk 

Sharing 

 

Coordination mechanisms are instrumental in 

supply chain risk management. Misaligned 

incentives can result in suboptimal decisions in 

decentralized systems. Risk-sharing contracts can 

align goals and enhance overall performance. 

Demand risk is mitigated using revenue-sharing 

and buyback contracts. Through these mechanisms 

the risk is shared between suppliers and buyers and 

the pressure on the individual entities is alleviated. 

Experiments indicate that coordinated supply 

chains outperform uncoordinated systems in terms 

of service levels and overall cost levels [14]. 

Moreover, resilience can be boosted through 

flexibility in sourcing and production. The backup 

suppliers strategies enable companies to manage 

disruptions which can severely impact production 

[15]. 

 

3.4 Implications for AI Server Supply Chains 

 

The supply chains for AI servers require risk-aware 

inventory strategies as their fundamental element. 

High cost and rapid obsolescence and unpredictable 

demand require advanced demand models which go 

beyond traditional forecasting methods. The 

implementation of risk-adjusted frameworks 

together with their coordination mechanisms will 

lead to improved operational efficiency and 

resilience. Current literature does not provide a 

complete understanding of how liquid-cooled 

systems implement those specific methods. 

Researchers need to develop inventory planning 

models which incorporate thermal constraints and 

component dependencies and lifecycle risks. 

4. Application to Liquid-Cooled AI Server 

Supply Chains 

4.1 Characteristics of AI Server Supply Chains 

 

The operation of AI server supply chains differs 

from standard IT hardware operations. The system 

uses expensive high-performance GPU and 

accelerator processors which are not easily 

accessible. The product now includes liquid cooling 

as a new specialized feature, which includes cold 

plates and pumps and fluid handling systems. The 

combination of these elements creates additional 

difficulties for the supply chain while extending the 

required time to deliver products. The demand for 

AI servers shows constant fluctuation. The 

increasing adoption of cloud computing and the 

requirement for large model training and the 

implementation of AI solutions by businesses affect 

this situation. The demand for this product shows 

unpredictable behavior because it arrives in sudden 

bursts. Therefore, companies face challenges when 

they try to match their production volume and 

inventory stock with the requirements of the 

market. The research indicates that high-technology 

supply chains experience their worst demand 

uncertainty during environments with rapid 
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innovation and short product life cycles. The high 

costs of inventory are another critical aspect. The 

components required to build AI servers need a 

substantial amount of financial investment. The 

existence of extra inventory leads to financial losses 

because technology becomes outdated after a brief 

period. The inventory shortages will lead to 

postponed delivery of vital system components, 

which will result in lost revenue and reduced 

service quality. Inventory planning needs to operate 

between two requirements which are cost-effective 

delivery and reliable service (Figure 2). 

 

4.2 Liquid Cooling in the Supply Chain 

Complexity 

 

Liquid cooling systems are becoming more popular 

because their thermal performance exceeds that of 

air cooling systems. The systems provide better 

computing density and energy efficiency than 

traditional systems. The system creates additional 

uncertainty for supply chain operations. The first 

source of liquid cooling parts comes from vendors 

who focus on that field. The system creates a 

situation where businesses depend on a small 

number of suppliers. The production process faces 

immediate consequences from any supply chain 

interruptions. The elements should be precisely 

integrated into the server architecture. The 

production process will halt because of any delays 

or component shortages that occur during assembly. 

Research on data center infrastructure shows that 

sophisticated cooling technologies are more 

efficient but add complexity and coordination to 

systems [17]. The inventory planning process 

becomes more difficult because of this complexity. 

Firms are not only dealing with uncertainty on the 

demand side but with supply-side variability. 

 

4.3 Under Demand Inventory Problems 

 

The three main factors which determine inventory 

management in AI server supply chains include 

demand variability and lead time uncertainty and 

product obsolescence. Demand variability leads to 

changes in order quantities while lead time 

uncertainty affects the timing of replenishment 

cycles. The risk of product obsolescence increases 

because the value of unsold products can decrease 

during a short period. The conventional inventory 

models might not be adequate in such settings. The 

models usually assume constant demand and 

constant lead times. Non-stationary demand 

patterns exist in AI server markets. This situation 

requires businesses to implement inventory 

strategies which can respond and change according 

to market demands. Studies in high-tech 

manufacturing demonstrate that businesses can 

improve their demand response capabilities through 

flexible supply chain strategies. Businesses use 

modular design and postponement strategies and 

responsive replenishment systems to create flexible 

supply chain systems. The methods enable 

companies to delay their final product design until 

they have better information about customer 

demand which helps them reduce the risk of 

producing too much inventory. 

 

4.4 Risk-Adjusted Inventory Implications 

 

The inventory plann adjusted the liquid-cooled AI 

server supply chain. The risk considerations in 

decision-making must be incorporated due to the 

high cost of components and the uncertainty in the 

demand. Companies should consider the losses in 

the worst-case scenario rather than just considering 

the anticipated cost. A case in point is higher safety 

stock will lower stockout risk, but raise holding 

costs. Lean inventory strategies on the other hand 

save on cost but heighten the chances of unmet 

demand. Risk-adjusted models enable 

determination of the best trade off by taking into 

consideration the expected and variability. Another 

important aspect is supply chain coordination. 

Considering the sophistication of AI server 

systems, liaisons among suppliers, manufacturers, 

and distributors are crucial. Uncertainty can be 

minimized by sharing information and enhancing 

inventory decisions by collaborative planning. This 

is especially necessary in case of special 

components like liquid cooling systems (Table 2). 

 

5. Emerging Trends and Future Directions in 

Risk-Adjusted Inventory Planning 

 

The growing sophistication of the high-technology 

supply chains has necessitated the emergence of 

sophisticated methods of inventory planning. 

Within the framework of AI server systems, the 

traditional models are slowly being substituted by 

information-based and digitally integrated models. 

The goals of these approaches are to enhance 

decision making in uncertainty whilst being 

efficient in its operation. 

Digital adoption in supply chain management is one 

of the significant trends. Digitalization allows real-

time monitoring of the inventory level, demand 

trends, and the supply situation. This enhances 

forecasting accuracy and enables quick responses to 

changes in demand. Research indicates that the 

combining data throughout various levels of the 

chain [19], [20]. These capabilities are necessary in 

the supply chain of AI servers since the technology 

is changing rapidly and demand is unstable.The 
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conventional statistical models dosent reflect to the 

nonlinear and dynamic demand patterns. However, 

It mat able to handle high amounts of data and 

discover intricate relationships. Empirical studies 

have shown that the techniques are effective in 

enhancing the accuracy of the forecasts in uncertain 

environments [21], [22]. Better inventory planning 

comes with better forecasting to minimize 

uncertainty and make more accurate decisions on 

safety stocks. Besides forecasting, optimization 

methodologies have developed to deal with 

uncertainty better. Stochastic programming and 

robust optimization are becoming more commonly 

used in supply chain models. Such methods take 

into account various situations and offer solutions 

which can be useful in various circumstances. The 

studies indicate that strong models may help to 

minimize vulnerability to demand shocks and cost-

effectiveness [23], [24]. This is especially 

applicable to AI server supply chain where drastic 

changes in demand are typical. The idea of supply 

chain resilience has become popular during the last 

several years as well. The capacity of a supply 

chain to respond and recuperate in a short period is 

known as resilience. Inventory is a key driver of 

resilience since it is a buffer to uncertainty. 

Nevertheless, too much inventory may raise 

expenses. Thus, companies will have to strike a 

balance between effectiveness and stability. 

Research indicates that resilient supply chains 

usually involve strategic inventory positioning as 

well as the ability to do flexible sourcing and 

production [25], [26]. 

Inventory planning is also being affected by 

sustainability considerations. There are high-

technology products such as AI servers which pose 

serious environmental effects in consumption of 

energy and electronic waste. Effective inventory 

control can help to lessen waste through decreasing 

overproduction and obsolescence. Studies indicate 

that the model of incorporating sustainability goals 

in supply chain models can elevate environmental 

and economic performance [27], [28]. This is 

becoming essential as organizations pursue a 

balance between operations and environmental 

regulations and corporate responsibility objectives. 

The second new direction is the application of the 

real-time data and Internet of Things (IoT) 

technology. IoT devices allow to monitoring 

inventory, equipment, and the environment around 

continuously. This enhances decision-making by 

availing correct and timely information. IoT 

systems can be used in data centers to check the 

thermal conditions and equipment performance, 

which is essential in liquid-cooled systems. Surveys 

show that supply chains that are IoT-enabled are 

more efficient and effective in managing risks [29], 

[30]. The process of collaboration and information 

sharing between supply chain partners is also 

gaining significance. With complicated systems 

like AI server supply chains, suppliers, 

manufacturers, and service providers need to 

coordinate. When there is information sharing, it 

decreases uncertainty and enhances decision 

alignment. There is evidence that collaborative 

supply chains perform better with regard to cost, 

service level, and responsiveness [31]. 

Supply chain management can utilize blockchain 

technology as an emerging technology for its 

applications. It enables users to create a secure 

system which enables secure transaction 

documentation and product tracking. This system 

establishes trust between supply chain partners 

while reducing fraud risks and data manipulation 

attempts. Research shows that blockchain 

technology will improve supply chain traceability 

and coordination when it becomes more mature for 

use in complex supply chains [32]. There is 

growing interest in establishing methods for 

financial risk assessment to be included in 

inventory management practices. Traditional 

models focus on operational expenses while 

modern systems provide financial risk assessments 

which include potential revenue loss and capital 

exposure. Inventory decisions create a connection 

between inventory management practices and the 

strategic objectives of the entire organization. 

Executives need both financial analysis and 

operational analysis to make effective decisions 

during times of uncertainty according to studies 

[33]. The future of risk-adjusted inventory planning 

will progress through digital technology adoption 

and advanced analytics development and 

collaborative method implementation. Liquid-

cooled AI server supply chains face high 

uncertainty and complexity which makes these 

trends especially relevant to their operations. The 

existing research base requires additional studies to 

develop complete models that demonstrate how 

demand uncertainty interacts with technological 

advancements and supply chain risk (Figure 3). 

 

6. Challenges and Limitations 

 

Although there has been increased interest in risk-

adjusted inventory planning, there are still a 

number of issues with the practical implementation 

of the concept especially in high-technology supply 

chains like liquid-cooled AI server systems. A key 

constraint is that demand uncertainty is hard to 

model accurately. The demand of AI servers 

depends on the changing technological trends, pace 

of cloud adoption and the investment cycles. They 

tend to be nonlinear factors that can hardly be 
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predicted by traditional forecasting methods. Even 

sophisticated models might be unable to capture 

some abrupt changes in demand, resulting in 

inefficient inventory decisions. The other difficulty 

is in the availability and quality of data. Risk-

adjusted models demand abundant amounts of 

quality data, such as demand history, lead times, 

and cost parameters. Such data in most instances is 

incomplete or inconsistent particularly in new 

technologies such as liquid cooling systems. Low 

quality of data may hamper the efficacy of analysis 

models and enhance the problem of uncertainty in 

decisions. According to research, data-driven 

supply chain models are very sensitive to accuracy 

of inputs, which constrains their adoption in the real 

world where uncertainty prevails [34]. 

Complexity of models is also a major constraint. 

The sophisticated methods include stochastic 

programming and robust optimization that include 

intricate mathematical formulations. Such models 

are also frequently resource intensive in terms of 

computation and experience and not necessarily 

easily available in every organization. 

Consequently, companies can use simplified 

models that fail to capture the risk in a 

comprehensive manner, thus lowering the value of 

risk-adjusted planning. Also, cross-linking among 

the supply chain partners is a significant concern. 

The supply chain of AI servers has a variety of 

stakeholders, such as the suppliers of components, 

systems integrators, and data center operators. The 

sharing of information requires people to share 

information because their work needs to know what 

others are doing while their goals need to stay 

focused on their individual tasks. The existing 

coordination mechanisms face implementation 

challenges because contractual obligations and 

competitive dynamics create barriers to their use. 

Studies show that lack of coordination leads to 

decreased mitigation effectiveness while systems 

become more vulnerable to risks [35]. The 

existence of technological uncertainty makes 

inventory decisions into a more difficult task. The 

industry creates AI hardware at a fast pace because 

it introduces new processor and cooling system 

technologies on a regular basis. The equipment 

faces major risk of becoming outdated. The present 

optimal inventory needs will become obsolete after 

a brief period. The traditional models fail to capture 

the speed of technological advancements, which 

makes them unsuitable for use in this industry. The 

area of liquid-cooled AI servers has not received 

complete study of its supply chain. The existing 

literature studies general supply chain challenges 

while ignoring the special requirements of these 

particular systems. The research usually disregards 

three aspects which include thermal limitations and 

the integration challenges that arise from specific 

component requirements. The existing disconnect 

requires additional studies which will connect 

engineering knowledge with supply chain 

management. The implementation of risk-adjusted 

inventory planning faces major obstacles because 

of data shortcomings, model difficulties, and 

problems with technology forecasting and resource 

management. The supply chains of AI servers need 

resolution of these issues to establish effective and 

practical operational solutions. 
 

Table 1: Summary of Literature on Inventory Planning Under Uncertainty 

Focus Area Key Concept Method Used Insight 

Demand 

Uncertainty 

Demand variability, 

bullwhip effect 

Analytical & empirical 

models 

Demand fluctuations increase 

inventory distortion 

Safety Stock 

Optimization 

Buffer stock under 

uncertainty 

Stochastic modeling Safety stock improves service 

levels but increases cost 

Risk Pooling Demand aggregation Multi-echelon models Reduces variability and total 

inventory 

Inventory 

Optimization 

Cost vs service trade-

off 

MILP, stochastic 

programming 

Integrated planning improves 

efficiency 

Risk-Sharing 

Mechanisms 

Contracts and 

coordination 

Game theory, 

simulation 

Aligns incentives and reduces 

risk exposure 

Robust Inventory 

Models 

Uncertainty-resistant 

planning 

Robust optimization Protects against worst-case 

scenarios 

Supply Chain 

Resilience 

Disruption handling Conceptual & 

empirical studies 

Improves recovery and flexibility 

Digital Supply 

Chains 

Data-driven decisions IoT, analytics Enhances visibility and 

responsiveness 

 

Table 2: Comparison of Inventory Strategies 

Model Type Risk Handling Cost 

Efficiency 

Service 

Level 

Applicability to AI 

Servers 

Traditional EOQ Low (deterministic) Moderate Moderate Limited 

Safety Stock Models Medium (variance- Moderate High Applicable with limits 



Varun Uppalpati / IJCESEN 11-1(2025)1630-1638 

 

1636 

 

based) 

Risk Pooling Models Medium–High High High Suitable for multi-

echelon 

Robust Optimization High (worst-case 

focus) 

Moderate High Highly suitable 

Stochastic 

Programming 

High (scenario-based) High High Very suitable 

Digital/AI-Based 

Models 

Very High (adaptive) High Very High Most suitable 

 
Figure 1: Risk-adjusted inventory planning process for liquid-cooled AI server supply chains 

 

 
Figure 2: The key factors affects inventory AI server supply chains 

 

 
Figure 3: Digital trends enhancing inventory planning in liquid-cooled AI server supply
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4. Conclusions 

 
The study demonstrates that risk-adjusted inventory 

planning functions as a vital resource for managing 

supply chains which operate with unpredictable 

demand patterns in situations requiring liquid-

cooled AI servers. The study shows that traditional 

inventory analysis models cannot function 

effectively in high-technology environments which 

experience frequent demand shifts and high 

operational costs and product obsolescence. The 

combination of inventory decisions with risk 

assessment measures leads to improved 

performance because it reduces both operational 

costs and service delivery efficiency. The study 

emphasizes that organizations use digital 

technologies and advanced forecasting methods and 

supply chain synchronization to achieve better 

operational outcomes through reduced uncertainty. 

The research faces multiple challenges which 

include problems with data quality and the 

development of intricate models and the absence of 

specialized studies in the field. The existing 

restrictions need to be addressed to develop 

practical solutions which can be used for business 

expansion. Future research should focus on 

blending engineering aspects with supply chain 

models while using real-time data to enable 

responsive decision-making. The use of risk-based 

inventory methods shows potential to improve 

performance in complex AI-driven supply chains. 
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