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Public procurement absorbs 127% of GDP across OECD countries (OECD,
2025), and bribery to win public contracts featured in 57% of concluded
{oyei8n~]oyil)erg cases in the OECD’s 2014 analysis. This study asks whether
Al-enabled screening that incorporates environmental, social and governance
(ESG) indicators can deliver accountable procurement~integrity gains, and
under what conditions. It uses a qualitative, theory~informed secondary
comparative design: three core cases (Brazil, Ukraine, Italg), two supplier-side
illustrations (Odebrecht, Grenfell Tower) and two algorithmic-accountability
comparators (the Netheylancls, Australia), assessed against a five-level
evidence hierarchy running from operational scale to verified outcomes.
Governance and proceclural indicators are operational; no reviewed case
demonstrates validated environmental or social integration. Reported benetits
mostly measure exposure, activity or self-reported savings; low selectivity,
signal decay and weak follow-through limit effect; and automated
enforcement without due process has caused severe harm elsewhere. The paper
contributes the ESG-Integrity Analytics Framework (EIAF), five testable
propositions and a replicable evidence-grading protocol, and concludes that

Al's contribution to SDG 165, 166 and 1610 is conditional on validation,

institutional follow-through and accountability.
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Introduction

Public procurement represented 127% of GDP across OECD countries in 2023 (OECD, 2025)
and is a principal arena of corruption. In the OECD’s 2014 analgsis of 427 concluded {oyei8n~
bribery cases, 57% involved bribes to obtain public contracts and about three-guarters used
intermediaries. A 2013 study by PwC and Ecorys for the European Commission estimated direct
corruption costs of €14-22 billion in 2010 across five sectors in eight member states, yet such
figures extrapolate from detected cases and share the measurement problem of all hidden~crime
statistics (Fazekas et al, 9016, Fazekas and Kocsis, QOQO) The Odebrecht resolution shows the
pattern: US prosecutors documented roughly US$788 million in bribes across more than 100
projects in twelve countries, paid through shell companies and off-book accounts, generating about

US$55 billion in pro{it and a US$55 billion 810]3611 settlement with Braskem in 20106. Concealed

ownership and intermediaries, not visibly irregular tenders, enabled the scheme.

Al machine learning, natural language processing (NLP) and network analg tics can screen large
datasets and link records that manual audit misses. Yet alert counts and contract value reviewed
are not confirmed fraud or prevented loss. The decisive questions are whether alerts are selective,
reach investigators in time, and lead to proportionate remedies.

ESG broadens the evidence base. Governance (G) signals such as ownership links, conflicts of
interest and suspicious amendments are visible in procurement records; environmental (E) signals
(waste violations, false carbon claims, material su]ostitution) and social (S) signals (wage violations,
unsafe work, concealed su]:)contracting) usually sit in fragmented regulatory and inspection data.
Neither an ESG breach nor an unusual tender pattern proves fraud. Work on Al-enabled ESG and
forensic analytics concentrates on corporate finance and reporting (Alaclweq, 20206, Hossain,
2026; Nazarova and Prorok, 2026; Rahmadina et al, 202)), and AI-ESG reviews are largely
conceptual sy ntheses with limited outcome evidence (Khamisu etal, ?0(26; Meti and Rane, ?0(26;
Panda, 2026; Ramanjaneg ulu and Mondal, 2095) The gap is whether verified E and S indicators

add validated value ]aeq ond established governance red ﬂags in pu]alic procurement.

The study asks: (RQl) which ESG-related indicators may signal procurement-integrity risk; (RQQ)
how Al-supported analysis can convert them into accountable audit priorities; and (RQ3) which
technical,legal and institutional conditions constrain effectiveness. It contributes a theory~derived
framework with testable propositions, a transparent evidence-grading protocol that separates
activity from outcomes, and a comparative critical evaluation focused on SDG Targets 16.5,16.6

and 1610 (United Nations, ‘2015)
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Theoretical and conceptual framework
Red-flag research and its limits

Procurement-risk research uses single bidcling, restricted proceclures, short aclvertising periocls,
yepeatecl awards and contract amendments (Fazekas etal, ?016; Fazekas and Kocsis, QO?O). These
traces are ambiguous (a single bid may reflect a specialist market); labels derive from enforcement
and so inherit its biases; and accuracy can mask poor precision when confirmed fraud is rare.
Decarolis and Giorgiantonio (2022) validate Italian red flags against external measures but show
that conspicuous indicators lose power as bidders adapt. Neither stream explains why valid alerts
fail to produce action, which requires organisational and institutional theory.

Theoretical lenses

Four lenses are combined. Principal-agent theory explains how delegated authority and
information asymmetry let officials and suppliers exploit procurement; Al is a monitoring
technology that narrows the asymmetry only where indicators are valid proxies. Collective-action
and institutional-power theory explains why valid alerts may be ignored: where corruption is
systemic, actors expect rules to be bypassed (Persson et al, 2013); extractive institutions shield
incambents (Acemoglu and Robinson, 2012); and political selection of leaders for loyalty rather
than competence erodes agency and state~owned-~enterprise capacity (Tipurié, 2025; Tipuri€ and
Cindyri¢, 2026). Sociotechnical and neo-institutional theory holds that technology seffects depend
on enactment in routines (Orlikowski, 1992), that organisations may adopt tools symbolically while
decoupling them from practice (Megey and Rowan, 1977; DiMaggio and Powell, 1983), and that
niche innovations do not automaticallg yeconfigure regimes (Geels, (200(2). Micro-level
mechanisms include groupthink (Janis, 1972), weak psychological safety to challenge alerts
(Eclmonclson, 1999), functional stupiclitg (A.lvesson and Spicey, 2016), overconfident self-assessment
(Kruger and Dunning, 1999) and fielcl-speci{ic habitus (Bouydieu, 1990) Finallg, accountabilitg
theory requires information, justification and consequences (Bovens, 2007), operationalised for
algorithms as end-to-end internal audit (Raji et al,, 2020). For ESG, the triple-bottom-line view
(Elkington, 1997) justifies treating environmental and social performance as integrity-relevant, but
disclosure can be performative, so operational claims need evidence beyond reporting (Asif et al,

2023, FEA, 2024).
The ESG-Integrity Analytics Framework (EIAF)

The EIAF (Figure 1) treats ESG as a taxonomy of risk signals, not a fraud score. Evidence moves
through Al-assisted analysis and human verification to proportionate action and independently
verified outcomes, moderated by data quality, institutional capacity, independence, due process
and supplier adaptation. [t draws on procurement-risk measurement, Al-governance and ESG-

integration scholarship (Asi{ etal, 9093; Batool et al, 2025; Raji etal, "20(20; Ramanjaneg ulu and
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Mondal, 2029). Table 1 converts the lenses into propositions; the E and S extensions remain

hypotheses.

ESG Evidence

(Risk signals, not a fraud score)

Environmental (E)

Verified permit breaches

Figure 1. ESG-Integrity Analytics Framework (EIAF)

* Waste discrepancies
*  Implausible carbon or lifecycle- Al-Assisted Human Proportionate Verified
cosciamS : Analysis Verification Action Outcomes
+ Failure to meet environmental
specifications Data aggregation, > Context review, =% Audit, corrective = Confirmed fraud,
Social (S) pattern detection, evidence validation action, sanctions or recovered funds,
« Labour-law violations risk scoring and and investigation. contract review improved compliance
« Wage and safety records anomaly identification. (based "“V"Sk and ‘"?d stronger
«  Undeclared subcontractors severity). integrity.
¢ Modemn-slavery risks
Governance (G) T
* Beneficial ownership
«  Shared directors Moderators
« Conflicts of interest
. ‘e Institutional i i
. Smglc_ bidding Data quality . Independence Due process Supplier adaptation
* Sanctions capacity
« Suspicious amendments

E and S signals often require
inspection and contract-delivery
evidence.

Note: A breach may indicate poor performance rather than intentional fraud; automated exclusion is therefore unjustified.

Source: authors conceptual synthesis. A breach may indicate poor performance rather than

intentional fraud; automated exclusion is unjustified.

Table 1 Theorg ~derived propositions

Proposition

Theoretical basis

Claim tested

P1Validity
P2Decay

P3 Embedding

P4? Due process

Principal-agent; red-flag
research

Strategic adaptation
Collective action; neo~
institutional theory

Accountability theory

Indicators add integrity value only if validated against
independent outcomes.

Visible indicators lose power unless models are revised
and tested out of sample.

Alerts yield

independence and enforcement exist; otherwise

outcomes only where capacity,
adoption is symbolic.

Automated action without human review, reasons and
appeal procluces {alse~positive harm and loses

legitimacy.
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PO Evidentiary Triple bottom line; G indicators are more operational than E/S,E/S add
asymmetry greenwashing value onlg when inclepenclentlg verified.

Methodology
Research design

The study adopts a critical -realist, abductive stance: it seeks the mechanisms explaining why Al
screening does or does not yield integrity outcomes, moving iteratively between the propositions in
Table 1 and the documentary evidence. A gualitative secondary design suits a concealed
phenomenon: investigative files are inaccessible, and the elnpirical guestion concerns how
institutions measure and report their own performance. The unit of analysis is the institutional
system (indicators plus response pathwag), not the algorithm. Comparative case logic aims at
analytic generalisation to propositions, not statistical representativeness. Following Snyder (2019),
the work is a targeted critical synthesis informed by systematic-review principles, not a PRISMA

review; no screening totals are claimed.
Case selection

Core cases were selected theoretically on two dimensions, operational deployment and
independent validation: Brazil's Alice (high deployment, little independent validation), Ukraine's
Prozorro (open data and rule-based indicators, contested selectivitg) and ltalian public-works
research (strong validation, no cleplogment). Two supplier-side illustrations test the signal logic:
Odebrecht (governance~tgpe concealment) and Grenfell Tower (performance-claim
manipulation, an E/ S-type signal). Two comparators from algorithmic public administration
outside procurement, the Netherlands and Australia, inform only P4 and are analogies, not
evidence of procurement performance. The UK Procurement Act 2023 and the EU Corporate
Sustainability Due Diligence Directive (CSDDD) are treated as enabling contexts.

Corpus and verification

Four source tiers were used: (A) institutional and official documents (CGU, World Bank, European
Commission, Transparencg International Ukraine, OECD, United Nations, court rulings, inquiry
reports and prosecution records); (B) peer-reviewed empirical studies; (C) theoretical works; and
(D) 2025-2026 AI-ESG reviews, used to frame the field but not as per{ormance evidence. Search
concepts combined Al, machine learning, NLP, procurement fraud, bid-rigging, ESG indicators,
beneficial ownership, shell companies, SDG 16 and algorithmic accountahilitg. Sources were
included if they addressed procurement analytics, public-sector integrity, supplier-level ESG
evidence or algorithmic accountability; promotional claims and purely technical work without a
governance link were excluded as effectiveness evidence. Each document was appraisecl for
authority, independence (self—reportecl or external), methodological transparency and recency.
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Headline figures were cross-checked against secondary reports in October 2020; conflicting
figures are reported side by side with source and date, not reconciled. No database-level search log
exists, so the corpus is purposive and claims are scopecl accorclinglg.

Evidence hierarchy and analysis

Claims were graded on a five-level hierarchy (Table 2) and credited at the highest level their
source supports; self-reported institutional figures are capped at Level 3 without independent
corroboration.

Table 2. Evidence hierarchy

Level Evidence type Typical indicator
L1Exposure Processes screened; contract value reviewed Value of audited purchases
L2 Process output Alerts raised; audits opened Audit counts

L3 Suspensions, cancellations, claimed savings Self-reported benefits
Administrative

action

L4 Independent Indicator performance against external Precision;predictive tests
validation outcomes, out of sample

L5 Verified Confirmed iryegularitg, recovery oy reduced Audited recoveries
outcome recurrence, with counterfactual

Documents were coded in a matrix on six dimensions: purpose and inputs; indicators and
automation; institutional owner and response pathway; reported outputs; ESG coverage; and
accountability safeguards and limitations. Deductive codes derived from P1-P3; inductive codes
(ambiguous metrics, alert fatigue, delayed intervention, ESG data gaps, symbolic compliance,
adaptation) were added. Negative-case analysis sought evidence disconfirming each proposition,
which was then judged supported, partly supported or untested.

Trustworthiness

Credibility rests on triangulating official, independent and peer-reviewed sources; dependability
on the documented protocol and grading rules; confirmability on separating reported from inferred
claims; and transferability on explicit contextual limits. Reflexively, the analysis is deliberately
sceptical of unvalidated benefit claims; negative-case analysis counterbalances that stance.
Because cases differ in legal setting and metrics, they are compared analytically, not ranked

(Bovens, 2007, Raji etal, QOQO)
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Findings and critical evaluation
Brazil: operational scale is not causal proof

CGU's Alice screens procurement notices through automated audit trails and text analysis, sending
alerts on directed specifications, overpricing and unnecessary purchases to human auditors. CGU
(nd) reports more than 190,000 processes analysed in 2023, with preventive suspension or

cancellation of puychases worth over R$908 billion, and for 2024 more than 161,000 processes, 212
audits of purchases worth R$30.57 billion and R$125 billion in financial benefits. CGU’s own
journal describes 37 audit trails cross-referencing 40 government databases. These figures
evidence scale and a screening~to~audit pathwag (Levels 1—3), not fraud: R$5057 billion is the
value of purchases audited, not proven loss. Interim CGU communications for 2024 reported
118,069 processes, 206 audits over R$Q557 billion and R$Q5725 million in savings from
concluded audits. The nearly five-fold gap with the later benefit figure is unexplained in the
sources reviewed, illustrating PI's concern that benefit metrics lack stable definitions,
counterfactuals and published precision. By simple arithmetic, 212 audits from 161,000 processes is
a conversion of about 013%: a narrow funnel that could reflect high selectivity or capacity
rationing, and without precision data the two cannot be distinguished. Alice’s declared risk
categories also target tender-level irregularities; an Odebrecht-type architecture (shell
companies, intermediaries, off-book pagments) would largelg lie outside them, an inference from
published descriptions, not a documented evaluation.

Ukraine: open data cannot compensate for weak selectivity

Prozorro combines electronic procurement data, automatic risk indicators, State Audit Service
monitoring and civil-society scrutiny. The World Bank (2024) found that indicators often flagged
non-yiskg transactions, weakening prioritisation; the E.uropean Commission (?025) identified
continuing control and enforcement weaknesses. Transparencg International Ukraine (90?6)
reported that (2,913 of 10,828 monitoring cases in 2025 ((269%) rested on automatic indicators and
guestioned case materiality and proportionate remedies. Roughly three-quarters of monitored
cases therefore originated elsewhere, suggesting indicators were not the main detection channel.
Low selectivity breeds alert fatigue, and late or weakly enforced review lets accurate alerts fail to
prevent harm (P1, P2). Open data enables scrutiny but not action, and no systematic E or S
integration was found.

Italy: validation matters, and indicators decay

Decarolis and Giorgiantonio (2022) apply LASSO, ridge regression and random forests to Italian
roadwork tenders, testing features against measures linked to investigations and judicial risk. This
is the only Level 4 evidence in the corpus. It shows that some tender features carry risk information
but that conspicuous red flags lose predictive power once suppliers learn what attracts scrutiny
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(P(Z). Proxiesare context~speci{ic and not proven {raud, sotransfer requires local validation (Fazekas

and Kocsis, (2090).

Supplier-side illustrations

Odebrecht shows why G signals matter: ownership opacity, intermediaries and off-book payments
sustained a fifteen-year scheme (2001-2016) whose contracts returned roughly 4.2 times the
bribes paicl in pyo{it. Grenfell Tower shows whg E/ S signals cannot be read from disclosures: the
2024 inqguiry concluded that three manufacturers (Arconic, Celotex and Kingspan) engagecl in
“sgstematic clishonestg", manipulating tests and misrepresenting data to mislead the market,
among multiple failures contributing to 72 deaths; the companies deny responsibility for the
deaths. A text-mining system would have read polished product claims, and only independent test,

certification and complaint records could contradict them. Both cases support PD.
Failure-mode comparators

Two non-procurement cases show the cost of false positives. In the Netherlands, The Hague District
Court ruled in 2020 that the SyRI fraud-risk system violated the right to private life, and
algorithmic risk profiling in childcare benefits wrongly accused an estimated 26,000 parents of
fraud, contributing to the govemment’s resignation in January 2021 In Australia, Robodebt used
automated income averaging to raise debts of roughly AS$17-18billion against more than 400,000
people between 2019 and 2019; a 2023 Royal Commission called it a costly failure of public
administration. Both paired automated accusation with limited explanation or recourse, and in
Robodebt legal warnings were disregarded, consistent with groupthink and weak psychological
safety (Janis, 1972; Edmondson, 1999). In procurement the harmed parties are legitimate suppliers,
particularly small firms, but the mechanism transters (Raj i et al, 2020, Lemajic and Durnik, 2026).

Comparative analysis

Ta]ale 3 Cross~case compdrison

Case Deployment Best ESGcoverage Main constraint Tests
evidence

Brazil National, L3 (sel{~ G/ proceclural Unstable benefit metrics; no Pl, P53
(Allce) operational reportecl) precision data
Ukraine National, L2 G/ proceclural Low selectivitg; enforcement Pl, P53
(Prozorro) open data gaps
ltaly Researchonly 14 G/ procedural  Signal decay; context-specific  P1,P2
(research) proxies
Netherlands, Operational, Documented None Weak review and appeal P4
Australia non~ harm

procurement
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Odebrecht, Ilustrative Official GE/ S-type Concealment; falsified claims ~ PD
Grenfell {indings

Across cases, the strongest mechanism is Al-assisted prioritisation followed by human
investigation, not autonomous judgement. Only Italy reaches Level 4 and no case reaches Level D.
Pl is partly supported (one validated study; operating systems report self-assessed benefits); P2 is
supported but rests on one study; P3 is supported by Ukraine and, by inference, Brazil, though
attribution is impossible; P4 is supported by the comparators but untested in procurement; P is
supported because no case demonstrates validated E or S integration. Enabling regimes may
improve data availability but do not evidence deployed AI-ESG detection. The AI-ESG literature
identifies data integration and governance as conditions (Abaker et al,, 2026; Ofosu~-Ampong et
al, 2096) and multi-stakeholder ESG governance as an anti-corruption route (Tun, 9026,
pyeprint), without fraud-detection performance data. Hossain's (?096) hg]orid blockchain—
machine~learning—ESG framework is likewise proposecl, not validated, and blockchain cannot
make false inputs true.

Critical appraisal of the evidence base

Four weaknesses recur. First, metric conflation: exposure (value reviewecl), activity (aleyts) and
claimed savings are reported as if they were outcomes. Second, enforcement bias: validation labels
derive from investigations and prosecutions, which capture detected, not total, corruption; the
OECD’s 2014 tigures likewise cover only concluded cases. Thixd, reporting asymmetry: operational
systems publish favourable aggregates while independent evaluations are rare. Fourth, the Al-
ESG literature is dominated ]og reviews, conceptual frameworks and corporate-finance settings,
with little procurement-specific evidence despite calls to govern Al for ESG and SDG outcomes in
the Global South (Ofosu~Ampong et al, 2020; Khamisu et al, 2026). A validation—deployment
gap follows: the settings that deploy Al at scale lack independent validation, while the setting with
validation lacks deployment.

Discussion and implications
Answering the research questions

RQl: governance indicators (single bidding, ownership links, conflicts, amendments, price
anomalies) are operational; E and S indicators are plausible but unvalidated. RQ2: Al converts
indicators into accountable priorities only through human verification, recorded reasons and
proportionate action. RQD: effectiveness is constrained by indicator validity, selectivity, signal
decay, institutional follow-through and due process.
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Theoretical implications

Three refinements follow. First, the binding constraint is conversion, not detection: valid alerts need
capacity, indepenclence and enforcement (Pj), consistent with institutional clecoupling. Seconcl,
verification asymmetry implies sequencing; G indicators first, E and S only through independently
verified data. Third, two biases require testing: NLP may reward polished reports and disadvantage
smaller suppliers with fewer reporting resources (digital 8reenwashi118), and historical enforcement

bias may focus scrutiny on small suppliers while influential firms escape.
Recommendations

Authorities should publish separate measures of activity and outcomes (alerts, audit-conversion
rates, confirmed irregularities, false positives, review times, remedies and benefit-calculation
methods; Rahmadina et al, 2029) and test indicators out of sample against audit or judicial
outcomes (Decarolis and Giorgiantonio, 2022). Where lawtul, high~priority alerts should reach
reviewers before award. ESG integration should begin with a few legally defined indicators linked
to ownership registries, environmental permits, labour-inspection data and contract-acceptance
records, tested separately and jointly; risk scores should trigger investigation, not automatic
debarment. Sa{eguards include human review before consequential action, recorded reasons, data
provenance, versioned models, su]:)group testing, appeal routes, whistleblower protection, trained
auditors and independent oversight (Raji et al, 2020; Batool et al., 202)). Simpler methods may be

more proportionate than computationally intensive ones.
Implications for SDG 16

Al-supported screening may contribute to Target 16D by prioritising investigations, 16.0 by
strengthening accountable institutions and 16.10 by supporting access to procurement information,
but only if shown through better investigations, fair competition, timely remedies and reduced
recurrence. Vinuesa et al. (?OQO) estimate that Al may enable 134 of the 169 SDG targets while
inhibiting D9, which fits this evidence: transparency without enforcement exposes problems
without resolving them, and automated scrutiny without due process weakens legitimacy.

Limitations and future research

This design identifies mechanisms and evidence gaps but cannot establish that Al caused fraud
reductions. Coding was not subject to inter~coder testing; official figures are self-reported and
sometimes revised; non-English primary documents were accessed unevenly; the comparators are
analogies; and the E and S extensions remain conceptual. Future research should test the EIAF
across sectors and jurisdictions, compare models with and without verified E/S data, and report
precision, false~positive burdens, subgroup effects, cost-effectiveness and credible counterfactuals;

audit methods for Al in ESG reporting (Nazarova and Prorok, 2096) offera starting point.
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Conclusion

Al can widen procurement screening and reveal patterns manual review misses, but the evidence
does not show that technology by itself detects or prevents fraud. Brazil demonstrates operational
scale and reported benefits, not validated impact; Ukraine shows how weak selectivity and
enforcement blunt performance; Italy shows both the value of external validation and the decay of
visible indicators; Odebrecht and Grenfell show whg governance and verified E/ S evidence ditfer
in tractability; and the Dutch and Australian cases show the price of unaccountable automation.
The EIAF links verified ESG evidence to Al-assisted analysis, human verification, proportionate
action and inclepenclentlg assessed outcomes. For SDG 16, success should be juclgecl ]31] fairer, more
transparent and accountable procurement, not by technological sophistication or alert volume.
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