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ABSTRACT: The global automobile sector generates more than USD 2.8 trillion in
annual revenue and employs over 8 million people, making it one of the most capital-
intensive and operationally complex industries in the world economy, with multi-tiered
supply chains spanning dozens of countries. Amid the parallel transformations of
electrification, digitalisation and tightening environmental regulation, artificial
intelligence (AI) has emerged as a primary enabler of financial performance across the
automotive value chain. This systematic review synthesises the application of twelve Al-
technique families like supervised machine learning, deep learning, natural language
processing, reinforcement learning, mixed-integer linear programming (MILP), time-
seties economettics, computer vision, simulation and digital twins, structural/causal
inference, graph and network AI, hybrid ensembles, and federated learning to
automotive financial decision-making. Following PRISMA 2025 guidelines, 4,217
records were retrieved from five major databases (2012-2025), yielding 128 eligible
studies after multi-stage screening and CASP-based quality appraisal, of which five
landmark studies were subjected to extended critical appraisal. We cross-tabulate the
twelve Al-technique families against eight financial-performance dimensions are cash-
flow optimisation, cost reduction, revenue and pricing, market stability, innovation
retutn on investment, working-capital efficiency, quality/watranty cost, and ESG
compliance. The synthesised evidence shows that MILP-based production scheduling
reduces late-invoiced orders by up to 76% and inventory holding costs by 20.4%;
reinforcement-learning-based dynamic pricing raises revenue by 8-12%; and computer-
vision-based quality inspection reduces warranty cost exposure by USD 50-200 million
per OEM per year. These gains are, however, materially conditioned by data quality,
implementation context, and organisational maturity. The review further identifies ten
priority research gaps are most urgently, causal identification, real-time closed-loop Al-
financial integration, and explainability under emerging regulatory regimes that define an

academic and industrial research agenda for the coming decade.

The global automobile industry is among the most financially entangled and capital-intensive sectors in the world economy
[1], [54]. A single vehicle platform requires the coordination of more than 30,000 components sourced from hundreds of

580
Natural Resources for Human Health (NRFHH)

https://nrfhh.com



Natural Resources for
Human Health 9

elSSN: 2583-1194

suppliers across multiple continents, and total product-development cost routinely exceeds USD 1 billion per platform [11].
Against this backdrop, even marginal improvements in financial decision-making in production scheduling, demand
forecasting, pricing, or R&D capital allocation translate into hundreds of millions of dollars of value creation or destruction
annually [1], [34].

Artificial intelligence has emerged as the most consequential decision-support technology available to automotive financial
managers since the introduction of enterprise resource planning (ERP) systems in the 1990s [50]. Unlike rule-based decision-
support systems, which require explicit programming of every contingency, modern Al systems learn directly from data,
uncover non-linear patterns invisible to classical statistical methods, and continuously adapt to shifting market conditions
[42], [44]. Machine-learning models trained on historical production data forecast component shortages before they
materialise [35], [48]; deep-learning models dynamically reprice vehicle inventory to optimise revenue per unit [6], [9]; natural-
language-processing (NLP) systems mine thousands of regulatory filings to identify policy-driven financial risks and
opportunities [7], [38]; reinforcement-learning (RL) agents optimise energy procurement across electric-vehicle (EV) charging
networks [10], [19]; and network-based Al recommends R&D alliance structures that maximise innovation output per unit of
investment [5], [21].

Despite this transformative potential, the academic literature remains fragmented. Operations-focused Al research rarely
connects operational improvement to standard financial-performance metrics [1], [11], [34]; financial economists studying
automotive profitability seldom incorporate Al methods; and innovation scholars analysing R&D productivity apply
econometric techniques largely in isolation from operational Al models [4], [5], [36], [49]. This disciplinary fragmentation
means that practitioners seeking a holistic view of how AI enhances automotive financial performance must synthesise across
silos precisely the gap this systematic survey addresses [50], [58].

Novelty and Contributions

This survey makes four principal contributions. First, it provides the first cross-disciplinary mapping of twelve Al-technique
families onto eight automotive financial-performance dimensions [8], [10], [42], [44], [50]. Second, it subjects five landmark
empirical studies spanning supply-chain operations, macro-financial sustainability, equity-market modelling, industrial-policy
analytics, and collaborative-innovation networks to formal critical appraisal [17], [21]. Third, it quantitatively synthesises
evidence from 128 studies to characterise the empirical strength of Al's financial impact in automotive contexts [58]. Fourth,
it derives ten prioritised research gaps with concrete methodological remedies, forming a structured research agenda for the

coming decade [33], [57].

The remainder of this survey is organised as follows. Section II describes the PRISMA-based review methodology. Section 111
presents theoretical foundations. Section IV critically appraises five anchor studies, and Section V synthesises Al's financial
impact by domain. Section VI compares Al-technique trade-offs and proposes a selection framework. Section VII catalogues
research gaps. Section VIII presents managerial and policy implications, Section IX proposes a forward-looking research

agenda, and Section X concludes.
II. SURVEY METHODOLOGY AND PRISMA PROTOCOL
A. Search Strategy and Database Coverage

This systematic survey adheres to the PRISMA 2025 (Preferred Reporting Items for Systematic Reviews and Meta-Analyses)
protocol [58]. Records were retrieved from five major academic databases like Web of Science, Scopus, IEEE Xplore,
ScienceDirect and the ACM Digital Library covering January 2012 to March 2025, a window chosen to capture the period of
rapid Al adoption in the automotive sector following the large-scale availability of machine-learning tooling.

The Boolean search string combined three concept groups: (i) AI/ML techniques - ‘attificial intelligence’ OR ‘machine
learning” OR ‘deep learning’” OR ‘neural network’ OR ‘natural language processing’ OR ‘reinforcement learning’” OR
‘GARCH’ OR ‘ARDL’ OR ‘cointegration’; (ii) automotive sector - ‘automobile’ OR ‘automotive’ OR ‘vehicle manufacturing’
OR ‘car industry’ OR ‘electric vehicle’ OR ‘OEM’; and (iii) financial performance - “financial performance’ OR ‘profitability’
OR ‘cash flow” OR ‘revenue’ OR ‘cost reduction’ OR ‘market share’ OR ‘return on investment” OR ‘supply chain finance’.
Searches were restricted to title, abstract, and keyword fields.
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B. Inclusion and Exclusion Ctiteti:

a

Studies were included if they (a) employed a clearly described AI, ML, or advanced quantitative methodology; (b) applied that
methodology to automobile manufacturing or supply-chain contexts; (c) reported at least one measurable financial-

performance outcome; and (d) were published in peer-reviewed journals or major conference proceedings in English. Studies

were excluded if they were purely theoretical without empirical validation, addressed non-automotive transport modes

(aerospace, rail), or did not report a financial-outcome measure

Ph
a2/ Search Strategy Records | Inclusion / Exclusion Criteria
Database
Web of Science, Scopus, Keywords: ‘artificial intelligence’, ‘machine learning’, ‘deep
Identification IEEE Xplore, 4217 learning’ AND ‘automobile/automotive’ AND ‘financial
ScienceDirect, ACM DL performance/ profitability’
S . Boolean AND/OR Included: peer-reviewed articles, conference papers, book
reenti
c.ee g operators; date filter 2012— 1,843 chapters. Excluded: duplicates, non-English, opinion
(Title/ Abstract) .
2025 pieces
Fligibility (Full PRISMA 2025 checklist Must .report empirical Al methodology AND automotive
. 342 financial-outcome measure (profit, cost, ROI, cash flow,
Text) applied
market share, etc.)
Included in Quality appraisal (CASP / 198 High-quality studies with reproducible methodology and
Review JBI tools) transparent financial-KPI reporting

PRISMA 2025 Flow Diagram - Al and Automotive Finance Survey

Records identified throogh database s=arching
(a=4217)
Web of Science, Scopus, IEEE Xplore,
ScwemceDirect, ACM Dugital Libracy (2012-2025)

.

IDENTIFICATION

Recoeds afler duplicate remmoval sod Excluded (a = 2.374)
SCREENING SRS B Duplicates, Non-Znglich
(a=12%43) Opinton pleces
Bookean AND'OR operators; date filter 2012-2023

!

Full-text articles assessed for eligibdity Excluded (n = ) 501)
(PRISMA 2025 checklmt) No empirical Al mathod or
(n=342) No financlal-outc ome masric
ELIGIBILITY ‘
Quality apprassal (CASP / JBI checklist)
Stadies scoring < 60 excluded
Studies included is the tystematic revien Excluded (x = 114)
Law mathodolegical
* anchog studies subjected 10 extended crtseal appersal )
INCLUDED b Quality ¢

Figure 1- PRISMA 2025 Flow Diagram - Al and Automotive Finance Survey
C. Quality Appraisal

Methodological quality of each included study was assessed using the Critical Appraisal Skills Programme (CASP) checklist
for quantitative studies, adapted for Al research. Dimensions assessed included research-question clarity, methodological
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appropriateness, data-source validity, robustness of results to alternative specifications, and transparency of financial-outcome
reporting. Studies scoring below 60 on the composite quality index were excluded, leaving 128 high-quality studies in the final
sample. The five anchor studies (references [1]-[5]) were subjected to an extended appraisal of reproducibility, generalisability,

and policy relevance.
D. Data Extraction and Synthesis Framework

Data were extracted along seven dimensions: (i) Al/computational approach employed; (ii) financial KPI targeted; (iii) data
characteristics (sample size, geography, time horizon, source); (iv) principal quantitative result; (v) magnitude of the financial
effect; (vi) acknowledged limitations; and (vii) recommended future directions. Qualitative themes were synthesised
narratively; quantitative results were aggregated tabularly. Where multiple studies reported the same financial KPI under a
comparable Al methodology, the median effect size and range were computed.

III. THEORETICAL FOUNDATIONS
A. Financial Performance Dimensions in Automotive Contexts

Automotive financial performance is inherently multi-dimensional. At the operational level it is captured by free cash flow
(FCF) operating cash flow net of capital expenditure which sustains a manufacturing site's productive capacity. At the
strategic level it is measured through return on invested capital (ROIC), EBIT margin, and total shareholder return. Over the
longer horizon, the relevant criterion is financial sustainability: the capacity to maintain a long-run revenue—cost equilibrium

across economic cycles, formally examined by Mutascu and Nicolescu [2] through cointegration techniques.

The automobile industry exhibits distinctive financial characteristics that shape Al-implementation requirements. First, it is
intensely capital-intensive fixed costs comprise 60—70% of total costs in large OEMs producing cost stickiness consistent
with the broader cost-stickiness literature and empirically confirmed for automotive contexts in [2]. Second, just-in-time
production norms render cash flow highly sensitive to scheduling accuracy, which is the direct financial rationale for Al-
driven scheduling demonstrated in [1]. Third, electrification is structurally transforming the sector, elevating innovation ROI

to a first-order financial mettic, as measured in [4].
B. AI Technique Taxonomy

We classify Al techniques into twelve families organised by underlying computational paradigm: (1) supervised machine
learning - classification and regression models trained on labelled data [8], [12], [23]; (2) deep learning - multi-layer neural
networks for unstructured data [6], [9], [44]; (3) natural language processing - structured-insight extraction from text [7], [17],
[38]; (4) reinforcement learning - reward-driven sequential decision optimisation [10], [19], [53]; (5) mixed-integer linear
programming (MILP) and exact optimisation provably optimal constrained-resource allocation [1], [11], [22]; (6) time-series
econometrics - ARIMA, GARCH, VAR, and cointegration models [2], [3], [13], [20]; (7) computer vision - convolutional
architectures for visual quality/safety assessment [16], [29], [42]; (8) simulation and digital twins - virtual replication for risk-
free scenario evaluation [14], [25], [33], [47]; (9) structural and causal models - BLP demand estimation and instrumental-
variable regression [4], [18], [36]; (10) graph and network-based Al - relational modelling of supply chains and innovation
ecosystems [5], [21], [39], [51]; (11) hybrid and ensemble methods - multi-technique integration for predictive performance
[9], [24], [43], [55]; and (12) federated learning - privacy-preserving distributed model training [28], [46], [57].
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Figure 2 - Al-technique family coverage distribution of 128 included studies across 12 AI/ML technique families applied to
automotive financial-performance research.

C. Path Dependence and Financial Self-Reinforcement

A unifying theoretical thread across several reviewed domains is path dependence the proposition that historical technological
and financial conditions constrain future developmental trajectories. Acemoglu et al. [37] formalise directed technical-change
theory, showing that policy interventions in knowledge-intensive sectors generate self-reinforcing returns as an expanding
knowledge stock lowers the cost of future innovation. Barwick et al. [4] provide the closest empirical test in the automotive
context, finding that the elasticity of EV knowledge stock (0.2—0.5) substantially exceeds that of internal-combustion (‘GV’)
knowledge stock, which is in fact negative. Mutascu and Nicolescu [2] document an analogous firm-level financial path
dependence, in which the speed of revenue—cost self-correction is itself a performance metric firm with a larger error-

correction term display greater adaptive capacity.
Proposition 1 (Path-Dependence Financial Reinforcement)

Let K¢ (t) denote a firm's electrified-technology knowledge stock and Ky(t) its legacy internal-combustion knowledge stock.
Empirical estimates across the reviewed literature indicate asymmetric elasticities of future innovation output with respect to
current knowledge stock:

dlog I(t+1)/8log Ke(t) = 0.2-0.5 > 0 > dlog I(t+1)/log Ky (t) = —0.34 to —0.18,

where I(t) is patent-based innovation output. Because 0K (t+1)/01(t) > 0, this asymmetry compounds over time: a marginal
dollar allocated to electrified R&D today raises the future marginal product of electrified R&D, while a marginal dollar
retained in legacy R&D actively depresses future electrified innovation capacity (crowding-out coefficient = —0.178). The
financial corollary is that early-mover advantage in EV knowledge accumulation is self-reinforcing and, absent policy or
strategic intervention, the innovation gap between eatly and late entrants widens monotonically over the electrification
transition [4], [37].

IV. CRITICAL REVIEW OF ANCHOR STUDIES

Table II presents the master mapping of Al-technique families onto automotive financial applications and KPIs. Table I1I
summarises the five anchor papers subjected to deep critical appraisal.
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AI Category

Representative

Algorithms

Automotive Application

Financial KPI Targeted

Machine
Learning
(Supervised)

Deep Learning

Natural
Language

Processing

Reinforcement

Learning

Optimisation &
MILP

Time-Series

Economettrics

Simulation &
Digital T'win

Computer
Vision

Structural /

Random Forest,
XGBoost, SVM,
Neural Nets

LSTM, CNN,
Transformer, Auto
encoder

BERT, GPT, LDA,
Logistic Regression

Q-Learning, PPO,
SAC, DQN

MILP, Genetic
Algorithm

ARIMA, GARCH,
VAR, ARDL
Cointegration

Agent-Based, Monte
Carlo, System
Dynamics

YOLO, ResNet, GAN

BLP Demand, IV

Demand forecasting, credit-
risk scoring, fraud detection

Stock-price prediction,
defect detection, dynamic
pricing

Industrial-policy
classification, sentiment,

contract review

Dynamic pricing, inventory
control, EV charging
scheduling

Production scheduling,
supply-chain routing,
invoicing alignment

Volatility forecasting,
revenue-cost sustainability

Factory throughput
optimisation, stress-testing

Quality inspection, assembly
monitoring, autonomous
driving

EV-subsidy pass-through,

Net profit margin, loan

default rate, revenue accuracy

Share-price RMSE, warranty

cost, pricing revenue

R&D investment ROI, policy

compliance cost

Revenue/unit, holding cost,

energy-cost reduction

Free cash flow, emergency-
supply cost, lateness penalty

Market-share variance,
operating profit, ECT speed

Cycle time, throughput

revenue, cost/unit

Warranty reduction, recall
cost, insurance premium

Consumer surplus, subsidy

[41,[51.[8],[12],
23]

[6],[91,[15],[31],
[44]

[7],[17],[38],[49
]

[10],19[27},[5
3]

[1],[11],[22],[35
|

2],[31,[13],[20],
[41]

[141,[25],[33],[4
7]

[16],[29],[42],[5
o]

[4],[71,[18],[30]

Causal Models Regression, DiD policy-impact evaluation elasticity, patent ROI
GNN, D R&D collaborati
Network & - cgree . C © .a oration . Innovation patent count, [5],121],[39],[51
Centrality, optimisation, supply-chain . .
Graph Al . . . ) supplier disruption cost ]
Community Detection  risk mapping
Hybrid XGBoost+LSTM
Ezsinb/le CNN(—)E;TM, ’ lf;/[ultighorizotril demand-cash- forecast accuﬁcy, inv§;1Iory [91,]24],[43],[55
Methods RF+ARIMA ow forecasting urnover, working capita ]
Federated FedAvg, Differential Privacy-preserving financial =~ Data-sharing cost reduction, [28],[40L,[57]
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Representative

AI Category Automotive Application Financial KPI Targeted Key Refs.

Algorithms

model training across
OEMs

Learning Privacy model accuracy parity

TABLE II - Master Mapping: Al Technique Families to Automotive Financial Performance

Authors /

AI/Methodology Financial KPI Key Finding Limitations

Journal

MILP + log-normal

Mahmoud et al. lead.ti P Wl 76% fewer late- Delivery-delay risk
-tim T ;
1] (2025), IFAC cac-ime e cash Tow: invoiced orders; 20.4%  rises 432%; single-
. distributions; 56,000 invoice-lateness rate . . . o
PapersOnlLine orders holding-cost reduction  site generalisability
Confirms long-run
Restricted to 1
Mutascu & ARDL panel Operating financial revenue—cost i etstélcotf];h;c[o aGri/IeM
ste s;
[2] Nicolescu (2025),  cointegration (DFE, sustainability; profit  cointegration; revenue i
assumptions
Transport Policy = PMG, CS-ECM) margin aNdjlusti faster (half-life str':inel; for N<T
=1yt
Subhani et al. Stock-price/vol
ock-price/volume

2022 Market-sh Pre-big-d ;

(2022), GARCH(L1) volatility oo onare signals do NOT fe-blg-cata era
[3] Transportation delli volatility; dict Kt sh alternative data

m redi rket-shar
Research odeting shareholder value p (; ti(;i mariset-share excluded
a
Procedia Vot

Barwick et al.
(2025), Int'1].

Industrial

Organization

Yang et al.
(2025),

Society

Technology in

NLP (BERT/logistic
reg.) + PPML + BLP-
v

Negative binomial
regression; network
centrality

R&D innovation
ROL EV patent
elasticity

Digital innovation
performance (patent

count)

10% subsidy rise —
4% patent growth;
strong path
dependence

Inverted-U
geographic-distance
effect; positive tech-
similarity effect

Sub-national policies
excluded;
PATSTAT
truncation post-
2018

Patent counts may
under-represent
non-IP digital

innovation

TABLE III - Critical Appraisal of Five Anchor Studies

A. MILP-Based Production Planning and Free Cash Flow Optimisation [1]

Mahmoud et al. [1] present a landmark demonstration of how data-driven optimisation translates operational improvement

directly into financial gain. Rather than scheduling production against fixed promised-release dates which ignore downstream

invoicing delay the authors fit log-normal probability distributions to 56,000 historical manufacturing orders, stratified by

market-type and contract-type, to estimate expected production-to-invoice delay. These probabilistic delay estimates are

embedded as constraints and cost terms in a mixed-integer linear programming (MILP) model.

The objective function minimises a weighted sum of four cost components: inventory-holding cost for both components and

finished vehicles; manufacturing cost including a quadratic eatliness/tardiness penalty; unassigned-capacity cost; and
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emergency-supply cost for out-of-plan component procurement. The quadratic tardiness function penalises late orders
disproportionately, incentivising the model to prioritise orders approaching their target invoice dates.

Applied to 9,000 manufacturing orders over a three-week horizon, the results are striking. Relative to the promised-release-
date baseline (Scenario S1), the Al-optimised scenatio (83) reduces high-late-invoicing-probability orders from 1,666 to 546 -
67% improvement and 76% reduction relative to the unconstrained scenario (S2, which ignores invoicing risk). Holding costs

fall by 20.4%, emergency-supply costs fall by 4.1% and average order lateness declines from 2.36 to 0.26 days.

The broader analytical insight is that this study reveals a direct, measurable link between Al-driven operational choices and
cash flow: every vehicle not invoiced on schedule represents an immobilised asset worth tens of thousands of rupees. For a
factory producing 500 vehicles/day, a 76% reduction in invoicing tisk releases hundreds of millions of euros in working
capital annually. The paper also exposes an inherent trade-off: delivery-delay risk rises by 432% under S3, illustrating that
automotive financial optimisation is inherently multi-objective and cannot be fully resolved by single-criterion MILP

formulations.
B. Operating Financial Sustainability via ARDL Cointegration [2]

Mutascu and Nicolescu [2] are the first to apply fiscal-sustainability theory to private-sector financial analysis, analogising the
government budget constraint the principle that chronic fiscal deficits signal unsustainability to the corporate revenue-cost
relationship. A firm is operationally financially sustainable if its operating revenues (Orev) and operating costs (Ocos) are
cointegrated: although each series is individually non-stationary (integrated of order one), they share a long-run equilibrium
path from which deviations self-correct.

The empirical strategy applies four panel-ARDL estimators across eight model specifications. The Hausman test consistently
favours the Dynamic Fixed-Effect (DFE) estimator over the Mean Group and Pooled Mean Group alternatives, indicating
homogeneous long-run coefficients across the ten German OEMs consistent with a shared regulatory and ESG environment
(labour co-determination law, emission regulation, R&D subsidy) that induces convergent cost behaviour regardless of
market segment. The DFE long-run coefficient of log (Orev) on log (Ocos) is 1.075, close to unity, implying near-

proportional long-run revenue cost co-movement.

The error-correction term (ECT) is negative and highly significant across all eight models, confirming cointegration. Revenue
adjustment speed (ECT = —0.595 to —0.739) is systematically faster than cost adjustment (ECT = —0.541 to —0.740),
producing an asymmetry with direct Al-design implications: revenue is the flexible margin in German automotive finance
adjusted via price, output and market positioning while cost adjustment is structurally slower, and COVID-19 slowed both by
approximately 30%. For Al-system designers, this implies that revenue-side Al (dynamic pricing, demand-based production

scaling) yields a faster financial payback than cost-side Al (automation, procurement optimisation).
C. GARCH Modelling of Market-Share Volatility [3]

Subhani et al. [3] investigate whether equity-market signals stock-price and trading-volume changes predict automobile
market-share volatility, a central question in automotive investor relations and financial risk management. The GARCH (1,1)
framework, which models time-varying conditional variance (volatility clustering), is theoretically well-suited to this question
and is applied to a 26-country, 13-year panel (2002-2014).

The result is a clean null: no country among the 26 exhibits a statistically significant ARCH or GARCH term when stock-
price or trading-volume change is the conditioning variable. Classical equity-market fundamentals do not, at the national-
aggregate level, drive lagged autoregressive volatility of automotive market share.

This null finding carries an actionable implication for Al practitioners: classical financial time-series techniques applied at the
national-aggregate level provide no predictive signal for automotive market-share dynamics. This motivates alternative data
sources and finer-grained Al architectures satellite imagery of dealership inventories, web-scraped VIN registration data,
social-media sentiment, telematics signals, and consumer search behaviour. Modern LSTM—GARCH hybrid architectures [6],
[9] trained on such alternative data show materially better predictive performance at finer geographic and temporal
granularity, suggesting that the [3] null result reflects data aggregation rather than an underlying market property.
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D. NLP-Driven Industrial-Policy Analytics and Innovation ROI [4]

Barwick et al. [4] represent the state of the art in applying machine learning to global industrial-policy analysis with direct
financial implications for automotive R&D investment. The dataset over 60,000 government policy documents from the
Global Trade Alert database (November 2008—October 2023) is the largest reviewed in this survey. The NLP pipeline applies
supervised logistic regression with L2 regularisation, achieving 95% precision for non-IP and 84% precision for IP
classification after training on 1,023 hand-labelled policies. Notably, the authors benchmark BERT, XGBoost, and Random
Forest alternatives but find regularised logistic regression superior consistent with the broader principle that, for well-
structured binary classification with moderate-sized training sets, regularised linear models can outperform more complex
architectures.

The country-level regression employs Poisson Pseudo Maximum Likelihood (PPML) to handle the abundance of zero patent
counts at the country IPC-year level, a methodologically sound choice given PPML's established consistency under
heteroskedasticity and zeros. The baseline specification finds that a one-standard-deviation increase in five-year cumulative
EV-targeted industrial policy is associated with a 3.9% increase in EV patent applications (full sample) and 4.0% on the
intensive margin an implied elasticity of approximately 0.1, remarkably stable across alternative specifications.

At the firm level, a BLP structural demand model [18] supplies an instrument for subsidy exposure, addressing the
endogeneity arising because firms selling more EVs naturally receive more subsidies. The IV estimates closely track
OLS/PPML 10% inctease in EV subsidy raises EV patent applications by approximately 4% (elasticity = 0.04). The path-
dependence result EV knowledge-stock elasticity of 0.54 versus GV knowledge-stock elasticity of —0.34 in PPML
specifications carries a far-reaching financial implication: a dollar invested in EV R&D today yields compounding future
innovation returns, while a dollar retained in GV R&D imposes a compounding drag on future EV innovation potential,

providing rigorous econometric grounding for accelerating EV R&D investment.
E. Collaborative Network Al and Digital Innovation Performance [5]

Yang et al. [5] develop one of the most methodologically advanced studies of R&D-collaboration-network optimisation in the
automotive literature, modelling 593,595 patents from the Chinese automobile industry (2012-2020) to construct an industry-
wide collaborative R&D network and within-firm co-invention networks, following Grigoriou and Rothaermel [21].

The study documents a non-linear knowledge-diversity/coordination-cost trade-off: an inverted-U relationship between
geographic distance and digital innovation performance (linear term 1.277, p < 0.05; quadratic term —0.624, p < 0.05). Digital
technologies do not eliminate this curvilinear relationship despite the presumption that online collaboration tools render
distance irrelevant, the burdens of long-distance collaboration (cognitive-integration difficulty, tacit-knowledge barriers and
time-zone coordination cost) persist even in the digital-innovation paradigm. The inflection-point calculation implies an

optimal inter-firm collaboration distance of approximately 740 km.

The moderation analysis yields the most practically actionable finding for R&D investment strategy high combinative
potential (a firm's internal capacity to recombine existing knowledge) flattens the inverted-U curve firms with strong internal
innovation engines gain less incremental benefit from geographically diverse partners but also incur less cost from excessive
distance, since internal recombination offsets distant-partner integration cost. Partner-network centrality steepens the curve,
amplifying both the benefit of moderate distance and the penalty of excessive distance when a firm's partners are well-
connected knowledge hubs. The resulting decision rule is a two-part strategy: firms with high combinative potential should
prioritise technologically similar local partners, while firms with lower combinative potential should prioritise centrally
positioned knowledge-hub partners at moderate distance.

Remark 1 (Theory-to-Practice Synthesis of the Anchor Studies).

Read jointly, the five anchor studies delineate coherent decision architecture for automotive financial Al. Optimisation-based
methods (MILP, [1]) deliver the largest and most immediately deployable operational cash gains but require explicit, correctly
specified multi-objective functions to avoid financially disastrous local optima ( 432% delivery-delay trade-off in [1]).
Inference-based methods (cointegration [2], GARCH [3], NLP-econometrics [4], network regression [5]) do not prescribe
decisions but reveal the structural regularities asymmetric tevenue/cost adjustment, absence of aggregate equity-market
predictability, path-dependent innovation returns, and non-linear collaboration-distance effects against which optimisation
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objectives should be designed. This complementarity motivates the hybrid optimisation-plus-inference research agenda

formalised in Section IX.

V. DOMAIN-BY-DOMAIN SYNTHESIS OF AI FINANCIAL IMPACT

Table IV presents quantitative evidence of Al's financial impact aggregated across all 128 reviewed studies, organised by

financial-performance domain. The following subsections provide narrative synthesis for each domain.

Financial
Domain

Primary Al

Technique

Reported Quantitative
Impact

Methodological Detail

Supply-Chain &
Operations

Revenue &

Pricing

Cost &
Profitability
Sustainability

Innovation &
R&D ROI

Market Share &
Equity

Quality &
Warranty Cost

Working Capital
& Cash Cycle

ESG & Carbon
Cost

MILP,
Reinforcement
Learning,

Simulation

Deep Learning
(LSTM,
Transformer),
RL

ARDL
Cointegration,
Panel Regression

NLP, PPML,
BLP-1V,
Network
Analysis

GARCH, VAR,
ML
Classification

Computer
Vision, CNN,
Anomaly
Detection

Ensemble ML,
ARIMA-LSTM
Hybrid

RL,
Optimisation,
LCA-ML
Integration

FCF improvement up to
76%; emergency-supply cost
—4% to —18%; holding cost
—6% to —25%

Revenue uplift 3—12% vs.
static pricing; demand-
forecast MAPE < 5%

Revenue—cost ECT half-life
0.93-1.28 yr; COVID slows
adjustment = 30%

10% subsidy — 4% EV
patent growth; GV-IP
crowding-out coefficient
-0.178

Classical equity signals
explain < 5% of market-share
variance; ML sentiment
models improve R? by 12—
18%

Defect-rate reduction 25—
60%; warranty-cost saving
USD 50-200M per OEM per

year

DSO teduction 8-15 days;
DIO reduction 5-12 days;
cash-conversion-cycle

improvement

Carbon-compliance cost
reduction 12-22%; EV-
transition subsidy pass-
through 60-80%

[1],[11],[14]
122],[25],[3
5

[6],[10,[15]
[191,[31]

2],[13],[20]
(4]

(4151711
71,[301,[38]

[3LOL[121,]
24],[43]

[16],]29],[4
2],[56]

[91,[24],[43]
159]

[4],[27],[30]
[471,[53]

Mahmoud et al. [1]: 76% fewer late-
invoiced orders; RL inventory agents
cut holding cost = 18% in agent-based
simulation [25]

Dynamic-pricing DRL models achieve
8-12% revenue uplift over rule-based
baselines in luxury EV segments [15]

Mutascu & Nicolescu [2] confirm
long-run sustainability in 10 German
OEMs; DFE estimator dominates

Barwick et al. [4] document 0.039—
0.123 semi-elasticity of patents w.r.t.
EV industrial policies

Subhani et al. [3] null GARCH result

contrasts with ML sentiment models

achieving MAPE = 3.2% on monthly
sales [9]

CNN-based inline inspection systems
achieve 97.4% defect recall; estimated
warranty savings = USD 130M/yr [42]

Hybrid ARIMA-LSTM models cut
inventory-forecasting error by 31%,
enabling tighter JIT alignment [24]

RL-optimised EV charging schedules
reduce energy cost by = 19% while
meeting grid-stability constraints [27]

TABLE IV - Quantitative Financial Impact of Al by Domain across the Reviewed Literature
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MILP late-invoiced
order reduction (1)

MILF holding-cost
redduction (1)

RL dynamic-pricin

revenue uplift [101,15],19 a kel

CV defect-rate
roduction [16],129),142)

RL EV.charging
energy cost roduction [271,136)

ML sentiment R
improvement [9],[24)

EV patant elasticity to

to 4%
10% subsidy rise [4) wp-te

ESG/LCA carbon-cost
reduction [47)

2%

v ‘-
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up to 20.44%

up to 22%

up to 18%

v
an

up to 22%

v
40

G
50

60

up to 60%

Reported percentage improvement (%)

70

up to 76%

Figure 3 - Quantitative impact evidence from anchor and primary studies reported percentage improvements across the

automotive Al-finance literature

Figure 4 - Study coverage by automotive financial KPI domain coverage across eight financial-performance dimensions,
highlighting high-coverage areas and under-served research gaps
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Figure 5 - Al technique X financial-KPI relevance matrix, synthesised from the Table II mapping of 128 included studies (—
= none, L = low, M = moderate, H = high reported relevance).
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A. Supply-Chain and Operations Finance

The supply-chain operations layer exhibits the closest and most measurable Al-finance linkage in the automotive industry.
MILP-based production scheduling [1], [11], [22], [35] delivers continuous holding-cost savings of 6-25% and emergency-
supply-cost savings of 4-18% through refined component-inventory planning. Reinforcement-learning-based inventory
management [10], [19], [25] performs comparably or better under non-stationary, time-varying demand, with some agent-
based automotive supply-chain studies reporting 18% holding-cost reduction and 94% stockout elimination.

Machine-learning demand forecasting [8], [12], [35] reduces mean absolute percentage error (MAPE) from 8-15% under
classical ARIMA to 3-6% under gradient-boosted ensembles and 2-4% under LSTM models for monthly vehicle sales. This
forecasting improvement directly reduces just-in-time misalignment, saving an estimated 0.3-0.8% of vehicle retail value per
inventory turnover in finished-vehicle carrying cost.

B. Revenue Management and Dynamic Pricing

Deep reinforcement-learning price-setting agents [10], [15], [19] raise revenue by 8-12% relative to a static list-price policy in
car-inventory-control environments. Automotive dealers manage heterogeneous, depreciating inventory (differing model,
trim, colour, and age, interacting with local competition), an environment for which RL-based dynamic pricing is naturally
suited. Deep Q-Network and actor-critic models trained on historical transaction data learn to optimise short-run margin
while avoiding forced inventory clearance, dynamically adjusting dealer margin to real-time inventory position, competitor

pricing, and demand.

Transformer-based new-vehicle-launch demand forecasting [15], [31] shows particular promise: attention mechanisms weight
the informational contribution of different historical periods, capturing structural breaks in demand that ARIMA and vanilla
LSTM models poorly represent around new-model launches. These models achieve MAPE below 5% on 12-month rolling

demand forecasts in the luxury vehicle segment.
C. Quality Cost and Warranty Management

Computer-vision-based manufacturing quality inspection [16], [29], [42], [56] is among the most financially profitable Al
applications identified in this review. Convolutional architectures (ResNet, YOLO variants) deployed on inline assembly
camera systems identify surface defects, weld defects, and dimensional errors with recall exceeding 97% and false-positive
rates below 0.5%, substantially outperforming human visual inspection (typically 85-92% recall under fatigue). The economics
compound downstream: an in-plant defect costs roughly USD 50-200 to fix, whereas the same defect surfacing as a field
warranty claim costs USD 3,000-15,000 in parts, labour, and customer-satisfaction penalties. Large OEMs deploying
comprehensive Al quality-inspection programmes report estimated warranty-cost savings of USD 50-200 million per year
[42].

D. Innovation Finance and R&D Investment Return

NLP-based policy analytics [4], [7], [17], [38] combined with patent-based innovation measurement have enabled the first
plausible empirical quantification of returns to EV R&D investment. The headline result a 4% EV-patent elasticity to a 10%
subsidy increase, amplified by path dependence implies that the long-run internal rate of return on EV R&D substantially
exceeds what short-run estimates suggest. Firms lagging 5-7 years in EV patenting face not only a present technology gap but
a widening one, as late entrants begin from a lower knowledge stock that yields fewer discoveries per incremental R&D
dollar.

Network-based R&D collaboration optimisation [5], [21], [39], [51] identifies partnership structures that maximise innovation
output per unit of R&D expenditure. Yang et al.'s [5] finding of an optimal = 740 km collaboration distance, moderated by
partner-network centrality, carries direct strategic implications for how automotive OEMs structure their R&D collaboration
portfolios. Leading automotive-innovation firms (Toyota, Volkswagen, and Samsung SDI in batteries) control 74-77% of all
EV patents [4], making access to such network hubs through strategic partnership a scarce and valuable financial resource.

E. Working Capital and Cash Cycle Optimisation
Hybrid ML/time-seties approaches [9], [24], [43], [55] targeting working-capital management demonstrate days-sales-

outstanding (DSO) reductions of 8-15 days and days-inventory-outstanding (DIO) reductions of 5-12 days through improved

591
Natural Resources for Human Health (NRFHH)

https://nrfhh.com



Natural Resources for
Human Health 5

elSSN: 2583-1194

demand-forecasting accuracy. For a large OEM carrying USD 10-15 billion in working capital, a 10-day improvement in the
cash-conversion cycle frees USD 300-500 million in operating cash an order of magnitude larger than the cost of building the
underlying Al system.

F. ESG and Carbon Compliance Finance

Reinforcement-learning-based energy optimisation [27], [36], [47], [53] for EV charging infrastructure reduces energy costs by
15-22% through demand-responsive charging scheduling. As automotive OEMs face intensifying carbon border-adjustment
mechanisms and internal carbon pricing, Al systems that optimise energy procutrement and manufacturing-process carbon
intensity become direct financial-risk-management tools. Studies integrating life-cycle-assessment (LCA) models with ML
optimisation [47] find 12-22% reductions in carbon-compliance cost relative to rule-based approaches.

VI. A TECHNIQUE CHARACTERISTICS, TRADE-OFFS, AND SELECTION FRAMEWORK

Table V provides a structured comparison of Al-technique families across dimensions relevant to automotive financial-
deployment decisions.

Al Technique

Key Strengths

Principal Limitations

Data Requirements

High predictive accuracy;

Requires large labelled

Structured financial records,

Machine Learning  handles non-linearity; L. . . [41,15],[8],[1
S sed - cabl ants (RE datasets; overfitting risk;  production logs, transaction 1123
i interpr 11
(Supervised) TP e. able variants (R limited causal inference ~ data 1 (23]
feature importance)
. Computationally
Deep L C long- t 1
cep earning aptures o'ng range tempora expensive; black-box; High-frequency time-series: [6],[9L,[15],]
(LSTM/Transfor dependencies; state-of-the-art . . .
. extensive stock prices, demand, telematics ~ 31],[44]
mer) forecasting accuracy .
hyperparameter tuning
Hallucination risk;
Extracts structured signals from a u(‘:ma on rl,s ’ Policy documents, earnings
NLP / LIM cructured pol cract domain-adaptation I - . [71,[17],[38],
ructur r mai repor
unstructured policy, contract, needed: API cost at calls, maintenance repotts, [49]
and news text contracts
scale
. . Difficult reward . . .
. Learns optimal sequential L Simulation environments
Reinforcement . . engineering; slow . [10],[19],[27]
. decisions; adapts to dynamic calibrated to real supply-
Learning convergence; ,[53]

environments

simulation—reality gap

Exponential complexity

chain/pticing data

Production schedules, BOM,

MILP / Exact Provably optimal solutions; . . . [1],[11],]22],
. .. . at scale; deterministic capacity calendars, lead-time
Optimisation transparent objective functions o [35]
only distributions
Rigorous statistical inference; Linearity assumptions; uarterly/annual financial
Time-Series gorous statstical neariy assump Quarterly/ B
. cointegration identifies long-run  limited to structured statements, panel data (Ozbis,
Econometrics 201,[41]

Computer Vision

equilibrium

Real-time defect detection;
reduces quality-inspection

labour cost

tabular data

High deployment capital
cost; adversarial-

robustness concerns

Compustat)

Assembly-line camera feeds; X-
ray/CT scans of components

[16],[29],[42]
,[50]
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Al Technique Key Strengths Principal Limitations | Data Requirements

Graph / Network Captures re.lati'onal . Requir?s clean entity- Patent co-authorship, supplier— 151, 1211.[39].
AL dependencies in supply chains resolution data; buyer networks, collaborative I51]

and R&D networks scalability challenges R&D data
. . . . . Expensive model
Simulation / Risk-free stress-testing; scenario Alibration: fideli Factory layout data, process [14],125],[33]
calibration; fidelity-vs.- .
Digital T'win analysis across extreme events £l parameters, logistics networks ,[47]

speed trade-off

Enabl firm A without Communication

nables cross-firm o

Federated dat ¢ hari . " overhead; non-1ID data  Siloed firm-level financial data 28], [46],[57]

raw-data sharing; pr - ,[46],

Learning W ) aring privacy challenges; governance across OEM networks
preserving

complexity

TABLE V - Comparative Analysis of Al Techniques for Automotive Financial Applications
A. Optimisation- versus Inference-Based Paradigms

The reviewed literature reveals a fundamental dichotomy in Al-technique deployment. Optimisation-based paradigms MILP,
exact combinatorial optimisation and reinforcement learning directly maximise or minimise a financial objective function and
are best suited to repeated operational decisions with a well-defined state space and precisely specifiable objective. Their
principal weakness is dependence on correct financial-objective engineering: an incorrectly specified objective (e.g., omitting
delivery risk from a cash-flow-maximisation model, as occurs in [1]) can yield a technically optimal but financially disastrous

solution.

Inference-based paradigms econometric models, ML classifiers, neural networks extract financial signals or causal
relationships from data without explicitly optimising an objective. They excel at forecasting, sustainability analysis, policy
analysis, and risk assessment, but generate insight rather than decisions: a cointegration model does not prescribe how to

adjust prices or production to restore long-run revenue—cost equilibrium it only confirms that equilibrium exists.
Proposition 2 (Multi-Criteria AI-Technique Selection Utility)

For an automotive financial-decision context A, let I = {ML, DL, NLP, RI, MILP, Econometrics, CV, Simulation,
Structural, Network, Hybrid, Federated} denote the twelve technique families of Section III-B. Selection actross k deployment
criteria (predictive accuracy, causal validity, interpretability, data availability, computational cost, and regulatory compliance) is
formalised as a weighted utility maximisation:

U(T, A) =i "kwi- score;i(T, A), wi>0, Ziwi=1, TET,

where scorei(T, A) € [0,1] is estimated from the trade-off profile of Table V and the empirical effect sizes of Table IV, and
weights wi ate elicited from the decision context (e.g., regulatory scrutiny raises the weight on interpretability; repeated high-
frequency decisions raise the weight on computational cost). Two structural corollaries follow directly from the evidence
synthesised in this sutvey: (i) for well-defined, repeated operational decisions with reliable cost/capacity data (production
scheduling, inventory routing), optimisation-based T dominates U (*); and (ii) for decisions requiring causal or long-run
structural insight under partial observability (policy evaluation, sustainability assessment), inference-based T dominates U (*).
Hybrid architectures that couple an inference-based signal-extraction stage with an optimisation-based decision stage not yet
systematically evaluated in the reviewed literature are therefore the theoretically indicated frontier for maximising U(T, A)

across both criteria classes simultaneously.
B. Data Requirements and Implementation Barriers

Data requirements represent a critical practical constraint on automotive financial AL. Deep-learning and LSTM models
demand massive high-frequency data readily available in automotive telematics and production-line monitoring, but scarce in
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strategic financial analysis where only quarterly or annual data exist. MILP and exact optimisation require accurate cost
parameters, bill-of-materials precision, and capacity data that may be unavailable in real-time systems of record. Econometric
panel models demand balanced panel data over extended period’s requirement that systematically biases available research

toward large listed OEMs and excludes most of the automotive supply chain.

Federated learning [28], [46], [57] offers a nascent route around these data obstacles while preserving competitive
confidentiality. By training models locally at individual firms and sharing only model gradients rather than raw data, federated
methods could enable industry-wide financial-forecasting models trained across the entire automotive supply chain without
exposing commercially sensitive information. The reviewed literature does not yet deploy federated learning in automotive
financial applications major implementation opportunity documented further in Section VIIL.

C. Explainability and Regulatory Considerations

For Al systems influencing credit decisions, financial-risk assessment, and employment, the EU AT Act (2024) classifies such
systems as high-risk and mandates transparency, human oversight, and technical documentation. This regulatory perimeter
plausibly extends to automotive financial-Al systems affecting production-allocation decisions, supplier payment terms, or
capital-expenditure decisions. The reviewed literature almost universally employs black-box models (deep neural networks,
gradient-boosted ensembles) lacking explainability guarantees critical deficiency relative to the regulatory trajectory. The most
mature explainability tools applicable to automotive financial Al include SHAP (SHapley Additive exPlanations) analysis,
counterfactual-explanation generation, and attention visualisation, although none of the reviewed studies implement

regulatory-grade explainability frameworks.
VII. RESEARCH GAPS

Table VI systematically catalogues ten principal research gaps identified across the reviewed literature, prioritised by research
urgency and methodological tractability.

Gap Category Description of Gap Proposed Future Direction Priority Anchor Refs.

. S RL agents for dynamic

Stud \ h 1 batch data; . .
Real-Time Al tu .1es rely on hustorica atc. a production—financial co- . [11,[10],[191,[25

no live closed-loop Al-financial L . High
Deployment optimisation; streaming data 1,[35]

systems documented o

pipelines
Causal Granger causality identifies temp.oral RD/ Dip designs. e.xploiting . 121, [4L[201[36].
. precedence, not structural causality;  policy discontinuities; doubly Very High

Identification . . . ) [41]

omitted-variable bias persists robust causal forests

Cointeorati Jq1 | Alternative financial proxies

) ointegration and large-pane ; )
SME / Tier-2/3 trade cred dit ;
/ Ter-2/ studies restrict to listed OEMs; (trade credit, credit scores); High [21,[5],[13],121]

Coverage . . federated learning for data

lower-tier suppliers excluded

access
Federated & No automotive studv depl . FedAvg with differential privacy
o automotive study deploys cross-

Privacy-Presetving OEM fe dera; J ﬁnaillciai)mi; dels for indu.stry—vfride demand Medium [28],[46],[57]
Al forecasting without data leakage
Explainability & Black-box DL/RL models face EU ~ SHAP/LIME explanations; (61.81.(15L131]
Regulatory Al Act compliance barriers for counterfactual financial-scenario  Very High [ 44’] HIPEY
Compliance financial-decision systems generation
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Gap Category

Description of Gap Proposed Future Direction Priority ‘ Anchor Refs.

Geopolitical &
ESG Stress-
Testing

Emerging-
Economy
Contexts

Multi-Objective

Financial Al

Digital Innovation

Measurement

Long-Horizon
Autonomous

Finance

Multi-scenatio stress-testing

COVID-19 is the only external
Y [21,[41,[7),[141,[

combining macro-Al

hock modelled; chip sh High
° c.)c modetied; cup shortages, forecasting with firm-level & 47)
tariffs, carbon costs modelled . .
resilience metrics
Most evidence from EU, US, East Comparative BRICS studies;
Asia; Africa, South Asia, Latin heterogeneous Al-adoption Medium [3],15],[12]
America under-represented impact on financial performance
Single-objective optimisation Paret dmal multi-obiecti
areto-optimal multi-objective
dominates; FCF-vs.-delivery, ophma murosject . [11,[10],[14],[22
o RL; digital-twin-based what-if High
sustainability-vs.-profit trade-offs : . . 1,[53]
financial scenario engines
unresolved
Patent counts miss non-IP digital Hybrid metrics: patent + code- 51 11711381139
assets (APIs, algorithms, software commit + API-adoption + Medium BLI7L8LL
updates) proprietary innovation indices
No study examines. fully . Agent-based .corPOFate— . [61,[19],[28],[44
autonomous Al-driven financial governance simulation; LLM- Emerging

L5371

governance over multi-year horizons  assisted CFO decision support

Explainability & Regulatory Compliance

TABLE VI - Research Gaps, Priorities, and Proposed Future Directions
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Figure 6 - Ten critical research gaps urgency scores (1-10 scale) derived from gap analysis across the 128 included studies.

Explainability under regulation (9.5) and real-time Al-financial integration (9.2) score highest.

A. The Real-Time Al-Financial Integration Gap

The most consequential gap identified in this review is the absence of live, closed-loop Al-financial systems in the literature.
Even the most advanced MILP and RL models ate run on historical batch data and produce recommendations that human
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planners subsequently act upon. The academic literature is silent on Al's capacity to continuously adjust financial decisions to
current conditions live inventory, real-time market prices, emerging supply disruption despite growing industry deployment of
such systems. Closing this gap requires streaming data infrastructure, online-learning algorithms capable of updating without

full retraining, and robust control processes to prevent catastrophic decision errors during distribution shift.
B. Causal Identification

A core methodological weakness is the conflation of statistical association with genuine causality. Granger non-causality tests
(used in [2]) establish temporal precedence but do not eliminate confounding, while cointegration (also [2]) establishes long-
run co-movement without identifying the underlying structural mechanism. Similarly, firm-level panel regressions [5] control
for observable heterogeneity but cannot address unobserved factors jointly determining partnership decisions and innovation
outcomes. Randomised controlled trials remain the gold standard for causal inference but are largely infeasible at automotive-
industry scale; quasi-experimental designs regression-discontinuity around policy thresholds, difference-in-differences, and
instrumental-variable approaches such as the BLP demand estimation used in [4] represent the most plausible alternative.

C. Supply-Chain Tier Coverage

All five anchor studies and the majority of the broader reviewed literature focus on large OEMs (2], restricting to firms with
revenue exceeding EUR 100M and assets exceeding EUR 200M) or OEM-level production facilities [1]. Financial-Al
literature addressing Tier-2 and Tier-3 automotive suppliers which collectively account for approximately 70% of total
automotive-industry employment and a substantial share of value added is virtually absent. This gap is particularly
consequential because Tier-2/3 suppliets face greater financial-distress vulnerability, weaker access to sophisticated financial

tooling, and the greatest uncertainty under EV-transition scenarios.
VIII. POLICY AND MANAGERIAL IMPLICATIONS
A. For Automotive Financial Executives

The synthesised evidence substantiates four priority Al-investment areas for automotive CFOs and financial controllers. First,
the most rapidly quantifiable ROI arises from production—financial integration embedding invoicing lead-time distributions
and cash-flow objectives directly into production-planning algorithms [1], which delivers 76% improvement in invoicing
petformance and 20% reduction in holding cost, implementable within existing ERP infrastructure. Second, deep-RL-based
dynamic pricing [10], [15], [19] delivers 8-12% revenue improvement with payback periods under 18 months in high-
inventory-turnover segments. Third, Al-based quality inspection [16], [29], [42], [56] delivers USD 50-200 million per large
OEM per year in warranty-cost savings, dwarfing deployment expense. Fourth, EV R&D investment should be accelerated in
light of the path-dependence evidence in [4]: firms slowly to innovate in EV technology accumulate a compounding

competitive disadvantage through directional knowledge-spill over effects.
B. For Policymakers

The evidence in [4] provides strong support for EV-oriented industrial policy as a mechanism that simultaneously advances
green transition and automotive-sector financial productivity, the two objectives typically framed as being in tension. The
same evidence shows that GV-targeted industrial policy crowds out EV innovation (estimated coefficient = —0.178 in PPML
specifications), implying that gradual withdrawal of GV production incentives is a necessary complement to EV subsidy
programmes.

For financial regulatory policy, the finding in [2] that COVID-19 slowed the revenue—cost adjustment speed of German
OEMs by approximately 30% quantifies the financial rigidity induced by systemic shocks. This evidence supports counter-
cyclical policy instruments like loan guarantees, accelerated depreciation, working-capital credit lines that restore adjustment

speed for financially sustainable but temporarily disrupted automotive firms.
C. For Technology Developers and Al Researchers

The null result in [3] for classical GARCH models directs Al researchers toward alternative data streams and more flexible
architectures for automotive financial prediction. The success of NLP policy classification in [4] demonstrates the value of

domain-specific supervised ML over generic large language models logistic regression with domain-appropriate features
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outperforms BERT on industrial-policy identification. The moderation analysis in [5] demonstrates the value of network-
aware ML approaches that incorporate relational data structure rather than treating firms as independent observational units.

IX. FORWARD-LOOKING RESEARCH AGENDA
A. Reinforcement Learning for Integrated Production-Financial Optimisation

The most promising near-term research direction extends the MILP framework of [1] to multi-period, stochastic settings via
reinforcement learning. A deep-RL agent trained on a simulation environment calibrated to a real automotive factory could
learn to dynamically tune production schedules, component sourcing, and vehicle release timing in response to real-time cash-
flow position, market-demand indicators, and invoicing-pipeline state simultaneously optimising FCF and delivery
performance in a manner inaccessible to single-period MILP formulations. Key research challenges include reward-function
design (reflecting the multi-objective character of automotive financial management), simulation fidelity (matching realistic
demand and supply uncertainty), and deployment safety (preventing catastrophically suboptimal decisions under distribution
shift).

B. Causal Financial Al via Natural Experiments

A rigorous causal research programme should exploit the rich vatiation in EV-related policy design across countries and time
documented in [4]. Regression-discontinuity designs are particularly well suited to EV subsidy programmes using sharp
vehicle-attribute thresholds (battery capacity, price, range) to determine eligibility, since firms whose vehicles fall just above
and just below these thresholds provide clean counterfactual comparisons. Staggered difference-in-differences designs
exploiting sequential EV-mandate adoption across EU member states would identify the causal effect of electrification policy
on OEM financial performance, controlling for confounding macroeconomic trends via two-way fixed effects and the

Callaway—Sant'Anna estimatot.
C. Federated Learning for Industry-Wide Financial AT

Implementing federated-learning frameworks for automotive financial applications represents a substantial research
opportunity with direct industry relevance. A prototype federated financial-forecasting system connecting Tier-1 and Tier-2
suppliers with OEM production-planning systems could enable industry-wide demand-forecasting accuracy improvements
estimated at 15-25% MAPE reduction (based on analogous federated-learning deployments in healthcare) without requiring
any firm to share raw financial data. Key research challenges include handling non-1ID automotive financial data across firms,
designing aggregation protocols robust to adversarial participants, and establishing governance frameworks for federated Al

in competitive markets.
D. Explainable Al for Regulatory-Compliant Automotive Finance

A priority research programme should develop and validate automotive-specific explainability frameworks for financial-Al
systems. For MILP and optimisation models, dual-variable analysis provides natural financial interpretability shadow prices
on constraints directly quantify the financial cost of operational limitations. For deep-learning models, the research agenda
should develop domain-adapted SHAP explanations presenting model rationale in financially interpretable terms (e.g., ‘this
pticing tecommendation is driven primarily by regional inventory age and competitor pricing, contributing \$X and \§Y
respectively to the predicted optimal price’). For RL models, counterfactual reasoning ‘what would happen to FCF if this
vehicle release were delayed by 3 days’ provides the most actionable explainability format for financial decision-makers.

E. Large Language Models for Automotive Financial Intelligence

The emergence of large language models capable of reasoning across long documents [31] opens new possibilities for
automotive financial AI. An LLM fine-tuned on automotive financial filings, supply-chain contracts, regulatory documents,
and engineering specifications could serve as an integrated financial-intelligence system simultaneously extracting financial
risk from supplier contracts, summarising earnings-call sentiment, identifying regulatory-compliance requirements in new
legislation, and translating operational-disruption signals (e.g., a natural disaster affecting a semiconductor supplier) into
financial-impact estimates. The primary research challenges are hallucination mitigation (LLMs can generate plausible but
incorrect financial figures), domain adaptation (automotive financial language is highly specialised), and regulatory compliance
(Al-generated financial analysis may require attribution and audit trails).
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Figure 7 - Distribution of 128 included studies by publication year (2012-2025) annual count (bars, left axis) and cumulative
total (line, right axis), showing accelerating growth of Al-automotive-finance research post-2020.

X. CONCLUSION

This systematic survey offers the first cross-disciplinary synthesis of AI methods and their influence on automotive financial
performance, drawing on 128 peer-reviewed studies selected in accordance with PRISMA 2025 standards and five rigorously
appraised anchor papers. The evidence demonstrates substantial financial gains across the automotive value chain: MILP-
based production planning reduces late-invoiced orders by 76% and inventory holding costs by 20.4%; ARDL cointegration
confirms the long-run financial sustainability of German OEMs; NLP-based policy analysis shows a 4% EV-patent elasticity
to a 10% subsidy increase; and computer-vision-based quality inspection reduces warranty-cost exposure by tens to hundreds
of millions of dollars annually. Twelve Al-technique families are mapped onto eight financial-performance dimensions,
revealing a fundamental distinction between optimisation-based Al, which governs operational efficiency, and inference-
based Al, which governs strategic and policy-oriented decision-making with hybrid approaches representing the greatest
untapped potential.

Nevertheless, ten key research gaps remain, spanning real-time Al-financial integration, robust causal identification, SME and
Tier-2/3 supplier coverage, federated-learning adoption, explainability under regulation, ESG and geopolitical stress-testing,
emerging-market applications, multi-objective optimisation, innovation measurement, and long-horizon autonomous financial
governance. Addressing these gaps will require deeper collaboration among operations research, financial econometrics,
machine learning, and automotive engineering. Ultimately, the future financial trajectory of the automobile industry will hinge
on stakeholders' capacity to deploy Al in confronting electrification, decarbonisation, supply-chain resilience, and global
competition establishing AI not merely as a productivity tool, but as a foundational driver of financial performance in an
increasingly volatile industrial environment.
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