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Saudi Arabia’s industrial transformation under Vision 2030 increasingl

y depends on the ability of public and private organizations to convert 

local-content objectives into efficient, measurable and commercially 

sustainable supply - chain decisions. Conventional local - content 

programs frequently rely on static supplier lists, periodic procurement 

reports and manual category assessments, making it difficult to respond 

to rapid changes in demand, supplier capability, cost, technology and 

supply risk. This paper develops an artificial intelligence (AI) and big-

data analytics framework for optimizing local content across Saudi 

industrial supply chains. Using a structured review and conceptual 

framework methodology, the study integrates recent literature on AI-

enabled supply chains, big-data analytics, Industry 4.0, supplier 

development and supply-chain resilience with official Saudi Vision 

2030 and merchandise-trade evidence. The proposed framework 

contains six decision modules: spend intelligence, demand forecasting, 

supplier-capability analytics, localization opportunity prediction, 

supply-risk analytics and local-content performance optimization. It 

further proposes a Local Content Optimization Score (LCOS) that 

combines economic value, Saudi supplier readiness, supply risk, 

localization feasibility, cost competitiveness and strategic importance. 

The paper argues that AI can improve local-content outcomes when it 

is used to augment rather than replace commercial and technical 

judgment. Machine learning can classify procurement spend, forecast 

demand, identify supplier-development candidates and predict supply 

risk; natural-language processing can extract capability information 

from unstructured documents; graph analytics can map industrial 

ecosystems; and mathematical optimization can recommend sourcing 

portfolios that balance cost, resilience and local-content targets.  

 
"© 2026 by the Author(s). Published by IJAR under CC BY 4.0. Unrestricted use allowed 
with credit to the author." 

…………………………………………………………………………………………………….... 
The study concludes that an integrated, governed and explainable data architecture can help Saudi organizations 

shift from compliance-oriented local content toward dynamic supply-chain capability development, strengthening 

industrial competitiveness, domestic value creation and resilience in alignment with Vision 2030. 
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Introduction:- 

Saudi Arabia is transforming the structure of its economy through Vision 2030, with industrial development, private 

investment, technology, localization and non-oil growth forming interdependent elements of the national agenda. 

Within industrial supply chains, local content has become more than a procurement reporting measure. It is 

increasingly a strategic mechanism for building domestic manufacturing capability, strengthening Saudi supplier 

ecosystems, creating skilled employment, transferring technology and reducing exposure to vulnerable external 

supply sources. The central management problem is therefore not simply how much an organization purchases 

locally, but how to identify the categories, suppliers and value-chain activities in which greater local participation 

can be achieved without undermining quality, cost, reliability or technological performance. 

 

Saudi Arabia’s supply chains are large, heterogeneous and data intensive. Major industrial organizations procure 

thousands of materials, components and services from domestic and international suppliers. These transactions 

generate data across enterprise resource planning systems, procurement platforms, contracts, invoices, supplier 

portals, quality systems, logistics applications and financial records. At the same time, public data on international 

trade, industrial activity and investment provide external signals about market structure and national import 

dependence. The challenge is that these information sources are often fragmented, coded differently and updated at 

different frequencies. 

 

Recent official statistics illustrate why local-content optimization requires analytical sophistication. In Q2 2025, 

machinery, electrical equipment and parts accounted for 28.9% of Saudi merchandise imports and 21.7% of non-oil 

exports, while chemical products represented 23.0% of non-oil exports. Non-oil exports including re-exports 

increased by 17.8% year on year in the same quarter, while merchandise imports increased by 13.1% (GASTAT, 

2025a). These figures show that many industrial categories simultaneously involve substantial import demand and 

growing export capability. The appropriate response is not blanket substitution of imported goods; it is targeted 

development of domestic capabilities where Saudi suppliers can become commercially competitive and strategically 

valuable. 

 

Artificial intelligence and big-data analytics provide a potential solution to this decision problem. AI can automate 

classification of procurement transactions, detect demand and price patterns, forecast requirements, assess supplier 

characteristics, identify anomalies and recommend sourcing actions. Big-data architectures can integrate millions of 

records that would be impractical to analyze manually. Together, these capabilities can turn local-content 

management from a retrospective reporting exercise into a predictive and prescriptive management system. 

 

This transformation is particularly relevant in a policy environment where supply-chain localization is an explicit 

national priority. The Vision 2030 Annual Report 2024 reported that local content in the oil and gas sector reached 

65.5%, representing 99.2% of the annual target, with progress attributed to supply-chain localization policies and 

related efforts (Saudi Vision 2030, 2025). The scale of such programs creates a need for analytical systems that can 

identify where the next increments of local value are most feasible and economically attractive. 

 

The purpose of this paper is therefore to develop a conceptual AI and big-data framework for optimizing local 

content in Saudi industrial supply chains. Unlike a localization-opportunity screening model that asks which 

industries should be localized, the present framework concentrates on operational and strategic optimization within 

supply chains: which categories should be targeted, which suppliers should be developed, how local demand should 

be forecast, how risks should be monitored, and how procurement portfolios can balance cost, resilience and local-

content objectives. 
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Figure 1. Selected Saudi merchandise trade composition indicators, Q2 2025. Source: GASTAT (2025a). 

 

Research Aim and Questions:- 

The aim of this study is to develop an AI- and big-data-enabled framework for improving local-content decision-

making across Saudi industrial supply chains. The central research question is: How can AI and big-data analytics 

be integrated into industrial procurement and supplier-management processes to optimize local content while 

protecting cost competitiveness, quality, resilience and strategic supply security? 

 

The study addresses five supporting questions:- 
1. Which supply-chain datasets are most important for local-content optimization? 

2. Which AI and analytical techniques are suitable for spend, demand, supplier and risk intelligence? 

3. How can local-content opportunity be quantified without treating local sourcing as a single-objective problem? 

4. How should AI recommendations be governed and validated in high-value industrial procurement? 

5. What organizational capabilities are necessary to implement a continuously learning local-content decision 

system? 

 

Research Objectives:- 

Explain the strategic role of local content within Saudi industrial supply chains and Vision 2030.Review relevant 

applications of AI, big-data analytics and Supply Chain 4.0.Develop an integrated data and analytics architecture for 

local-content optimization.Propose decision models for spend classification, demand forecasting, supplier scoring, 

risk prediction and sourcing optimization.Develop a Local Content Optimization Score that supports transparent 

category prioritization.Identify governance, data-quality, cybersecurity and explainability requirements.Provide 

implementation recommendations for industrial companies, government-linked entities and local-content program 

owners. 

 

Strategic Context: Local Content and Saudi Industrial Supply Chains:- 

Local content can be understood as the portion of economic value retained within the domestic economy through 

locally produced goods, services, labor, capital expenditure, technology and supplier participation. In industrial 

supply chains, this concept operates at multiple levels. A company may source a finished product from a Saudi-

registered supplier, yet the product itself may contain a high proportion of imported value. Conversely, an 

international company operating a Saudi manufacturing facility may create substantial local value through Saudi 

labor, domestic inputs, engineering and services. Effective local-content management therefore requires visibility 

beyond supplier nationality into the structure of value creation. From a Vision 2030 perspective, local content 

contributes to economic diversification by increasing domestic production and strengthening non-oil sectors. It can 
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also support industrial resilience. Supply disruptions may arise from geopolitical conflict, transport constraints, 

concentrated global production, trade restrictions or sudden demand shocks. A domestic source does not 

automatically eliminate these risks, but a diversified network containing qualified Saudi suppliers can reduce 

exposure and improve response options. 

 

The Saudi case also contains important scale advantages. Major national industrial, energy, infrastructure and 

transformation projects generate aggregated demand that can support investment in local capacity. When 

procurement requirements are visible and coordinated, suppliers can make more confident investment decisions. The 

data challenge is to convert dispersed future demand into reliable signals that can be shared with suppliers and 

investors.The analytical objective should therefore be “competitive localization”: expanding Saudi value creation 

where local suppliers can meet or develop toward required technical, commercial and operational standards. This 

avoids a false trade-off between local content and performance. The strongest programs use supplier development, 

technology transfer, long-term demand visibility and digital monitoring to close capability gaps rather than relying 

solely on mandatory purchasing targets. 

 

Literature Review:- 
Big-Data Analytics in Supply Chains:- 

Big-data analytics has become an important capability in modern supply-chain management because procurement, 

inventory, logistics and supplier interactions generate high-volume, high-variety and high-velocity data. Analytics 

can support descriptive visibility, diagnostic problem solving, predictive forecasting and prescriptive decision-

making. In local-content applications, these four levels correspond respectively to measuring current local spend, 

explaining localization gaps, forecasting future localizable demand and recommending sourcing or supplier-

development actions. 

 

Research has linked big-data analytics capability with improved supply-chain responsiveness, performance and 

decision quality. Studies in Saudi Arabia have also examined the adoption of big data within SMEs and 

manufacturing contexts. Asiri et al. (2024) investigated the integration of sustainable technology and big-data 

applications in Saudi SMEs, while Alorfi et al. (2025) analyzed barriers to big-data analytics adoption in Saudi 

manufacturing industries. These studies emphasize that technological capability must be accompanied by 

organizational readiness, skills and governance.The relevance to local content is direct. Procurement data are often 

messy: the same material can appear under different descriptions, supplier names may be duplicated, and spend can 

be coded inconsistently across business units. Before sophisticated AI is applied, organizations require a reliable 

analytical foundation built on master-data standards, product taxonomies, supplier identifiers and transaction-level 

quality controls. 

 

Artificial Intelligence in Procurement and Supplier Management:- 

AI extends traditional analytics by allowing systems to learn patterns from historical data and process unstructured 

information. Supervised machine-learning models can predict supplier risk or localization feasibility when labelled 

historical examples exist. Unsupervised models can cluster suppliers and spend categories where explicit labels are 

unavailable. Natural-language processing can extract capabilities, certifications, materials and technical terms from 

supplier documents, websites and tenders. 

 

AI is especially useful where manual category analysis does not scale. A large industrial organization may have 

hundreds of thousands of purchase-order lines containing inconsistent free-text descriptions. NLP-assisted 

classification can map those lines to a common taxonomy and estimate localizable spend by category. Human 

category managers can then validate uncertain classifications rather than manually reviewing every transaction. 

Predictive models can also identify suppliers with adjacent capabilities. A Saudi manufacturer producing one type of 

fabricated metal component may possess machinery, certifications and engineering skills applicable to another 

imported component. Machine-learning similarity models can compare process requirements with supplier profiles 

and create a ranked shortlist for technical qualification. In this role, AI functions as a discovery tool rather than an 

autonomous approval authority. 

 

Supply Chain 4.0, Resilience and Saudi Manufacturing:- 

Supply Chain 4.0 combines digital connectivity, analytics, automation and advanced manufacturing to improve end-

to-end visibility and coordination. Research on Industry 4.0 in Saudi Arabia indicates potential benefits for localized 

manufacturing and logistics performance. Aljuaid (2024) highlights the relationship between Industry 4.0 
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technologies, big-data analytics and sustainable localized manufacturing, while Mutambik (2025) identifies critical 

success factors for Supply Chain 4.0 in the Saudi context. 

 

Digital transformation also supports resilience. Real-time supplier performance, inventory visibility, logistics data 

and external risk signals enable organizations to detect disruption earlier. For local-content optimization, resilience 

analytics can identify imported categories where domestic alternatives would create strategic value even if 

immediate cost savings are limited.The literature therefore supports an integrated proposition: big-data analytics 

provides the information infrastructure; AI provides prediction, classification and optimization capabilities; and 

local-content strategy supplies the national and organizational objective. The remaining research gap is an integrated 

architecture showing how these elements can be combined specifically for Saudi industrial supply-chain decisions. 

 

Research Gap:- 

Existing research commonly examines AI adoption, digital supply chains, sustainability or supply-chain resilience as 

separate themes. Fewer studies translate these capabilities into a practical local-content optimization workflow that 

begins with raw procurement and supplier data and ends with sourcing, supplier-development and investment 

decisions. This paper addresses that gap by proposing a closed-loop framework in which data are continuously 

captured, analyzed, acted upon and used to improve subsequent models. 

 

Methodology:- 
Research Design:- 

The study uses a structured review and conceptual-framework methodology. Recent peer-reviewed literature on big-

data analytics, artificial intelligence, Industry 4.0 and supply-chain management was combined with official Saudi 

Vision 2030 and GASTAT evidence. The output is an applied framework rather than an empirical causal model. 

Accordingly, the paper does not claim that illustrative optimization scores represent measured Saudi industry 

performance. 

 

The framework was developed through four analytical steps. First, the local-content decision process was 

decomposed into recurring management problems: understanding spend, forecasting demand, identifying capable 

suppliers, evaluating risk, prioritizing localization and tracking outcomes. Second, appropriate AI and analytics 

methods were mapped to each problem. Third, the outputs were linked through a multi-criteria decision score. 

Fourth, governance and feedback mechanisms were added to ensure explainability and continuous improvement. 

 

Data Requirements:-  
 

Table 1. Data requirements for AI-enabled local-content optimization. 

Data domain Illustrative variables Primary use 

Procurement transactions PO line, category, quantity, price, 

supplier, business unit 

Spend classification and localizable-

demand estimation 

Supplier master Legal entity, location, ownership, 

certifications, products 

Supplier identity and segmentation 

Supplier capability Processes, machinery, capacity, 

quality, technical staff 

Readiness and adjacency scoring 

Local-content records Local-content ratio, Saudi labor, 

local inputs, domestic value 

Performance measurement 

ERP/inventory Consumption, stock, lead time, 

service level 

Demand and inventory forecasting 

Quality/performance Defects, delivery reliability, NCRs, 

warranty 

Supplier performance and risk 

Trade data Imports, exports, HS codes, origin 

concentration 

External dependency and market 

benchmarking 

Project pipeline Future capex, commissioning, bill of 

quantities 

Forward demand aggregation 

External risk data Logistics, geopolitical, commodity, 

financial indicators 

Supply-risk prediction 

Unstructured documents RFQs, technical specifications, 

catalogues, reports 

NLP-based capability extraction 



ISSN:(O)2320-5407, ISSN(P)3107-4928               Int. J. Adv. Res. 14(09), September-2026, 474-487 

 

479 

 

Analytical Quality and Validation:- 

The usefulness of AI depends on data quality and model validation. Procurement descriptions should be 

standardized, supplier entities deduplicated and units of measure normalized. Historical price comparisons should 

account for currency, inflation and specification differences. Supplier capability information should be time stamped 

because capacity and certifications change. 

 

Models should be tested against holdout data and appropriate performance measures. Classification models can be 

assessed with precision, recall and F1 scores; forecasting models with mean absolute error or root mean square 

error; ranking models with expert validation and realized supplier outcomes. Where the business cost of a false 

positive is high, model thresholds should be conservative. 

 

Most importantly, algorithmic output should not be treated as self-validating. Engineers, procurement managers, 

local-content specialists and sector experts must review recommendations before investment or qualification 

decisions. This human-in-the-loop design is particularly important when technical safety, regulatory or critical 

infrastructure requirements are involved. 

 

 
 

Figure 2. AI and big-data architecture for local-content optimization in Saudi industrial supply chains. 

Source: Author-developed framework. 

 

AI and Big-Data Local Content Optimization Framework:- 

Module 1: AI-Enabled Spend Intelligence:- 

Spend intelligence establishes a reliable view of what an organization buys, from whom, at what price and for which 

operational purpose. Local-content programs frequently begin with category spend reports, but inconsistent coding 

can hide opportunity. AI-assisted classification can map free-text purchase descriptions to a standard category 

taxonomy, identify duplicate materials and distinguish goods from services. 

 

A practical workflow begins with tokenization and cleaning of purchase descriptions, followed by rule-based 

classification for high-confidence terms and machine-learning classification for ambiguous lines. Category 

managers review exceptions, and validated corrections are returned to the model as training data. Over time, 

classification accuracy improves and manual workload falls. 
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Once spend is classified, the organization can calculate imported spend, Saudi-sourced spend, supplier 

concentration, price dispersion and recurring demand. This creates an addressable-spend baseline and highlights 

categories where local-content improvement is commercially meaningful. 

 

Module 2: Demand Forecasting and Demand Aggregation:- 

Supplier investment decisions depend on demand visibility. A category may appear too small when individual 

business units are analyzed separately but become economically attractive when demand is aggregated across plants, 

projects or government-linked buyers. Big-data demand models can combine historical consumption with 

maintenance plans, project pipelines, capacity expansions and seasonal patterns. 

 

Forecasting models should produce probability ranges rather than a single deterministic number. This is especially 

important for project-based industrial demand, where timing can shift. Scenario forecasts can distinguish committed 

demand, probable demand and strategic upside. These outputs can then be shared with qualified suppliers to support 

investment decisions without overstating certainty.Demand forecasting also improves contract design. Stable, 

predictable categories may support multi-year offtake commitments that justify local production capacity. Volatile 

categories may require flexible framework agreements or shared inventory arrangements. 

 

Module 3: Supplier Capability and Readiness Analytics:- 

Supplier readiness is multidimensional. A Saudi supplier may be commercially interested but lack technical 

certification, process capability or capital capacity. A readiness model can therefore score firms across technical, 

quality, financial, operational and localization dimensions. Inputs may include machinery, materials handled, 

certifications, engineering workforce, current customers, delivery history, capacity utilization and investment plans. 

Natural-language processing can enrich supplier profiles by extracting structured capability terms from technical 

brochures, websites, audit reports and tender submissions. Graph analytics can link suppliers to customers, products, 

processes and industrial clusters. These relationships allow the system to identify firms with adjacent capabilities 

even when they have never produced the exact target product.The goal is not to automate qualification. Instead, AI 

narrows the universe of potential firms and supports targeted technical assessment. This makes supplier-

development programs more efficient by focusing engineering and financing resources on candidates with the 

strongest underlying capability. 

 

Module 4: Localization Opportunity Prediction:- 

Localization opportunity prediction combines demand, import exposure, supplier readiness, technical complexity 

and economic value. Each procurement category can be scored according to a transparent model. A category with 

high annual spend, stable demand, multiple capable Saudi suppliers and moderate technology requirements should 

generally rank above a low-volume category requiring proprietary technology and imported critical inputs. Strategic 

importance can modify this ranking where resilience or national capability justifies intervention.  

 

Table 2. Illustrative Local Content Optimization Score (LCOS). Weights are conceptual and require sector 

calibration. 

 

LCOS dimension Illustrative measure Example weight (%) 

Economic value Annual addressable spend; value 

added; potential jobs 

20 

Saudi supplier readiness Number and maturity of 

qualified/adjacent suppliers 

20 

Localization feasibility Technology, inputs, certification and 

capital requirements 

20 

Supply risk Foreign-source concentration, lead 

time, disruption exposure 

15 

Cost competitiveness Expected local landed cost vs 

imported alternative 

15 

Strategic importance Criticality to operations/national 

priorities 

10 

 

An illustrative Local Content Optimization Score can be written as LCOS = 0.20(EV) + 0.20(SR) + 0.20(LF) + 

0.15(RK) + 0.15(CC) + 0.10(SI), where EV is economic value, SR supplier readiness, LF localization feasibility, 
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RK supply-risk value, CC cost competitiveness and SI strategic importance. The weights are intentionally 

illustrative. In critical healthcare, energy or infrastructure categories, strategic importance and risk may receive 

higher weights. In commodity categories, cost competitiveness may dominate. 

 

Module 5: Supply-Risk Analytics:- 

Local-content optimization should include supply-risk analytics because the value of a domestic source depends 

partly on the vulnerability of the imported alternative. Relevant features include country concentration, supplier 

concentration, lead time, shipping-route exposure, commodity volatility, financial health and past delivery 

disruption.Machine-learning risk models can estimate the probability of disruption, but they require careful 

interpretation because rare events are difficult to predict. A practical approach combines model scores with rule-

based triggers and external intelligence. For example, an imported category with a single-country dependency and 

long lead time can receive a higher resilience value even if no disruption has occurred historically.The resulting risk 

signal can guide differentiated responses. Some categories may justify full local manufacturing; others may justify 

dual sourcing, local safety stock, regional suppliers or long-term agreements. Local content is therefore one 

instrument within a broader resilience portfolio. 

 

Module 6: Prescriptive Sourcing and Local-Content Optimization:- 

The final module moves from prediction to decision. Mathematical optimization can recommend sourcing 

allocations across local and international suppliers subject to constraints for price, capacity, quality, delivery, local-

content targets and risk. The objective function can minimize total landed cost plus risk penalties while meeting a 

required local-content floor.This approach is superior to a single local-spend target because it makes trade-offs 

explicit. Decision-makers can test the incremental cost of increasing local content from one level to another and 

identify the categories responsible for the cost change. They can also quantify the resilience benefit of adding a 

Saudi source.Optimization should be run as scenarios rather than a single authoritative answer. A cost-minimization 

scenario, resilience scenario, local-content acceleration scenario and balanced scenario can be compared. Senior 

leaders can then select a portfolio consistent with organizational and national priorities. 

 

Closed-Loop Local Content Management:- 

The strongest AI-enabled local-content system is continuous rather than project based. Each sourcing action 

produces new information about supplier performance, actual demand, price, quality and local value creation. These 

outcomes should feed back into the analytical models, allowing the system to learn which recommendations produce 

successful localization. 
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Figure 3. Closed-loop AI-enabled local-content management cycle. Source: Author-developed framework. 

 

Illustrative Application to Saudi Industrial Categories:- 

The framework can be applied across many industrial categories without assuming that the same AI model fits all of 

them. Table 3 illustrates how analytical priorities differ by category. These examples are conceptual and are 

intended to demonstrate framework application rather than report measured sector rankings. 

 

Table 3. Illustrative application of the framework to industrial supply-chain categories 

 

Category Key characteristics Priority analytics 
Potential local-content 

action 

Machinery and electrical 

components 

High import exposure; 

technical complexity; 

recurring industrial 

demand 

Spend classification, 

supplier matching, 

demand forecasting, 

technology-gap analysis 

Identify components 

suitable for local 

machining, assembly, 

testing or repair 

Chemicals and process 

materials 

Specification sensitivity; 

raw-material availability; 

scale economics 

Demand aggregation, 

formulation similarity, 

supplier/process 

capability, price 

forecasting 

Prioritize formulations 

where local feedstocks and 

recurring demand create 

advantage 

Maintenance, repair and 

operations 

Fragmented spend; high 

SKU count; frequent 

purchases 

NLP spend classification, 

supplier discovery, basket 

analysis 

Consolidate local demand 

and develop 

distributors/manufacturers 

into qualified sources 

Industrial services Labor and capability 

intensive; less import 

logistics 

Skills analytics, supplier-

performance scoring, 

capacity forecasting 

Increase Saudi participation 

in engineering, inspection, 

maintenance and technical 

services 
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Category Key characteristics Priority analytics 
Potential local-content 

action 

Critical spare parts Low volume but high 

downtime impact 

Risk scoring, predictive 

maintenance demand, 

additive-manufacturing 

feasibility 

Localize or digitally stock 

selected critical parts where 

resilience value is high 

 

Findings and Discussion:- 
The first major finding is that local content should be treated as a multi-objective optimization problem rather than a 

single procurement percentage. An organization simultaneously cares about cost, quality, delivery, technical 

compliance, resilience and Saudi value creation. AI creates the greatest value when these objectives are represented 

explicitly rather than when a model is trained only to maximize local spend.Second, procurement data quality is 

itself a strategic capability. Organizations cannot optimize what they cannot classify. Supplier duplicates, 

inconsistent material descriptions and disconnected systems can create more analytical error than the choice between 

one machine-learning algorithm and another. Data governance therefore precedes AI maturity. 

 

Third, AI has particular value in identifying “adjacent capability.” Conventional supplier searches ask which Saudi 

firms already produce a target item. AI-enhanced matching asks which firms possess similar processes, materials, 

equipment and certifications and could produce the item with feasible development. This expands the localization 

opportunity set.Fourth, demand visibility is often as important as supplier capability. A supplier may not invest 

because each buyer appears too small or uncertain. By aggregating future demand and quantifying confidence, 

analytics can make industrial opportunities more investable. This suggests that local-content platforms should 

connect procurement intelligence with investment-development functions. 

 

Fifth, AI should complement, not displace, engineering and commercial judgment. Industrial procurement includes 

specifications, safety requirements and tacit knowledge that may not be fully represented in historical datasets. 

Human review remains necessary for supplier qualification, technology decisions and major investments.Sixth, 

local-content optimization is strongest when outcomes are measured beyond first-tier spend. Deeper indicators 

should include domestic value added, Saudi employment, local raw-material use, supplier capability growth, export 

development and resilience. This encourages substantive industrial development rather than superficial localization. 

 

Vision 2030 Alignment and Strategic Implications:- 

Industrial diversification:- 

AI-enabled local-content analytics can direct procurement demand toward categories with realistic domestic 

production potential, thereby supporting expansion of non-oil manufacturing. It also helps distinguish commercially 

sustainable localization from categories that would remain dependent on prolonged subsidy. 

 

Supply-chain localization:- 

The Vision 2030 Annual Report 2024 identified progress in oil and gas local content, reporting 65.5% local content 

and attributing performance partly to supply-chain localization policies. An AI-enabled approach can help 

organizations identify the next wave of localization opportunities as easily addressable categories become saturated. 

 

Investment attraction:- 

Validated demand forecasts, supplier maps and local-content business cases reduce information uncertainty for 

investors. Instead of offering broad statements about market opportunity, industrial-development organizations can 

present quantified category demand, price ranges, buyer concentration and capability gaps. 

 

SME and supplier development:- 

AI-based supplier matching can identify smaller Saudi firms with adjacent capabilities that may be overlooked in 

conventional sourcing. Development plans can then target specific gaps such as certification, machinery, working 

capital or engineering skills. 

 

Digital economy and skills:- 

Implementation requires data engineers, analysts, supply-chain professionals and industrial specialists who can work 

across commercial and technical domains. This strengthens demand for higher-value digital skills while embedding 

data-driven decision-making within industrial organizations. 
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Resilience and strategic autonomy:- 

Risk analytics can identify categories where domestic alternatives create disproportionate strategic value. This does 

not imply self-sufficiency; instead, it allows Saudi organizations to choose where domestic capacity, dual sourcing 

or regional diversification is the most appropriate resilience response. 

 

Implementation Roadmap:-  

Table 4. Suggested implementation roadmap 

 

Phase Indicative horizon Core activities Primary output 

Phase 1: Foundation 0-6 months Clean supplier master; 

classify spend; establish 

taxonomy; baseline local 

content 

Reliable data and 

dashboard 

Phase 2: Predictive 

analytics 

6-12 months Demand forecasts; 

supplier scores; risk 

models; opportunity 

ranking 

Prioritized local-content 

pipeline 

Phase 3: Prescriptive 

optimization 

12-18 months Scenario sourcing models; 

cost-risk-local content 

optimization 

Decision-support engine 

Phase 4: Ecosystem 

integration 

18-24 months Supplier portal, project 

demand, external trade and 

capability data 

Integrated industrial 

intelligence 

Phase 5: Continuous 

learning 

Ongoing Measure outcomes; retrain 

models; recalibrate 

weights 

Adaptive local-content 

system 

 

Implementation should begin with high-value categories where data are reasonably mature and executive 

sponsorship exists. Attempting to deploy AI across the entire procurement portfolio at once can create complexity 

without measurable results. A pilot should demonstrate a clear business outcome such as improved spend 

classification, identification of new Saudi suppliers, reduced lead time or a quantified local-content increase. 

Cross-functional ownership is essential. Procurement should own commercial decisions, engineering should validate 

technical feasibility, local-content teams should define policy metrics, finance should validate economic impact, and 

data teams should maintain analytical infrastructure. A steering committee can resolve trade-offs and approve model 

changes.Model governance should include version control, documented training datasets, performance monitoring, 

audit trails and explicit human approval points. As supplier and project data can be commercially sensitive, access 

controls and cybersecurity requirements must be designed into the architecture rather than added later. 

 

Governance, Ethics and Risk:- 

Data privacy and commercial confidentiality: Supplier financials, pricing and capability data may be 

commercially sensitive. Organizations should apply role-based access, data minimization and appropriate retention 

policies. 

Explainability: A supplier should not be excluded solely because a black-box score is low. Decision-makers need 

interpretable drivers and an appeal or review process for material sourcing decisions. 

Bias and historical lock-in: Historical procurement data may favor incumbent international suppliers. Models 

trained without corrective design can reproduce existing sourcing patterns rather than discover local alternatives. 

Model drift: Supplier capability, demand and market prices change. Model accuracy should be monitored and 

retraining triggered when performance deteriorates. 

Cybersecurity: An integrated supply-chain data platform can become a high-value target. Security architecture 

should protect procurement, supplier and operational information. 

Accountability: Final responsibility for technical qualification, commercial awards and local-content commitments 

should remain with accountable business owners, not automated systems. 
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Managerial and Policy Recommendations:- 

1. Establish a single product and supplier taxonomy across procurement systems before scaling AI. 

2. Create an enterprise local-content data lake or governed analytical layer linking spend, supplier, performance, 

project and trade data. 

3. Use AI first for high-volume tasks such as transaction classification, supplier discovery and demand forecasting, 

where human effort can be reduced safely. 

4. Adopt a transparent multi-criteria local-content score rather than prioritizing categories solely by import value or 

spend. 

5. Integrate supplier-development actions directly into analytics so a low readiness score generates a development 

pathway rather than automatic rejection. 

6. Use scenario optimization to show the cost, risk and resilience implications of different local-content targets. 

7. Create verified supplier-capability profiles and refresh them continuously. 

8. Link major project demand to local-content planning early enough for suppliers to invest before procurement 

events occur. 

9. Measure deeper local value-domestic inputs, Saudi employment, technology, exports and supplier capability-not 

only first-tier local purchasing. 

10. Maintain human-in-the-loop governance for safety-critical, regulated and high-value decisions. 

 

Research Implications:- 

Theoretical Implications:- 

The framework contributes to supply-chain analytics literature by integrating local content as an explicit 

optimization objective. Conventional supply-chain models often prioritize cost, service and risk. The Saudi context 

demonstrates the importance of a fourth dimension: domestic value creation. The proposed LCOS operationalizes 

this dimension while preserving the multi-objective nature of industrial sourcing. 

 

Managerial Implications:- 

For industrial managers, the framework provides a way to move from retrospective local-content reporting toward 

forward-looking decision support. Instead of asking why a target was missed after year end, managers can identify 

future categories with the strongest opportunity, assess supplier gaps in advance and simulate sourcing scenarios 

before contracts are issued. 

 

Policy Implications:- 

For policymakers and industrial-development organizations, aggregated analytics can reveal systemic capability 

gaps that are invisible at company level. If multiple buyers depend on the same imported component, aggregated 

demand may justify a national investment opportunity. Conversely, where numerous local suppliers already exist, 

policy may focus on competitiveness and export development rather than new capacity. 

 

Limitations and Future Research:- 

This study is a conceptual review and framework paper. It does not report confidential procurement records or claim 

that the illustrative LCOS weights have been statistically optimized. Empirical testing is therefore necessary before 

the model is used for high-stakes procurement or policy decisions.Future research should apply the framework to 

sector-specific datasets in chemicals, machinery, healthcare, food processing and energy. Different sectors are likely 

to require different weights, supplier-readiness measures and regulatory constraints.A particularly valuable research 

direction is longitudinal validation. Researchers could compare categories recommended by the model with actual 

localization outcomes over several years and identify which variables best predict sustainable domestic 

production.Future studies can also evaluate causal effects of AI-enabled local-content programs on supplier 

productivity, local value added, employment and supply resilience. Another extension is the use of graph neural 

networks for supplier-ecosystem analysis, provided that sufficiently rich relational data are available. 

 

Conclusion:- 
Saudi Arabia’s local-content agenda is entering a stage in which the quality of decision-making will become 

increasingly important. As straightforward localization opportunities are captured, future gains will depend on 

identifying more complex products, developing supplier capabilities, aggregating demand and balancing local value 

creation with cost, quality and resilience. AI and big-data analytics can provide the decision infrastructure required 

for this transition. This paper proposed an integrated framework containing spend intelligence, demand forecasting, 

supplier-capability analytics, localization opportunity prediction, supply-risk analytics and prescriptive sourcing 
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optimization. It also introduced an illustrative Local Content Optimization Score that combines economic value, 

Saudi supplier readiness, feasibility, risk, cost competitiveness and strategic importance. 

 

The principal conclusion is that AI should not be viewed as a replacement for procurement professionals, engineers 

or local-content specialists. Its greatest contribution is scale: it can process far more transactions, suppliers and 

signals than human teams can review manually, allowing experts to focus on validation, negotiation, technology and 

supplier development. Human-in-the-loop governance is therefore a core design principle rather than a temporary 

limitation.For Saudi industrial organizations, the strategic opportunity is to convert local-content management into a 

continuously learning system. Data should flow from procurement and supplier operations into predictive models; 

recommendations should lead to sourcing and capability-development actions; and realized outcomes should be fed 

back into the models. This closed loop can improve both commercial performance and domestic value creation. 

Aligned with Vision 2030, such a capability can strengthen industrial diversification, improve supplier 

competitiveness, support investment attraction and increase resilience. The objective is not localization for its own 

sake. It is the creation of Saudi industrial supply chains that are more capable, competitive, innovative and resilient 

while capturing a larger share of economic value within the Kingdom. 
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