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ABSTRACT 

Digital traces, process mining and artificial-intelligence-enabled analytics make many socioeconomic processes 
more visible, but visibility alone does not make them governable. This study develops a generic information-
control framework for event-instrumented socio-economic systems: bounded local regimes where traces, 
admissible interventions, decision cadence, institutional authority and reviewable consequences coexist. Using 
a structured critical review across control, complex systems, process mining, causal inference, statistical 
verification, responsible artificial intelligence and public-sector governance, the paper reframes intervention as 
auditable knowledge generation rather than unrestricted automation. The result is a practical evidence 
structure for linking local claims, authorized actions, comparators, uncertainty, constraints, provenance and 
governance decisions. The paper contributes four elements: a local-regime definition of event-instrumented 
socio-economic systems; an epistemic interpretation of intervention as a falsifiable query; the auditable local 
knowledge bundle as a minimum evidence unit; and a weakest-link maturity rule requiring governance use to 
remain bounded by observability, falsifiability, statistical verification, legitimacy and auditability. The 
framework clarifies how accountable decisions can be supported through statistically checkable and 
reviewable local evidence. 
 

KEYWORDS: complex adaptive regimes, bounded steerability, process mining, causal evaluation, statistical verification, 
responsible artificial intelligence, innovation policy, evidence bundles 
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INTRODUCTION 

The objective of this article is to develop a concise 
and implementation-independent framework for 
scientific governance in socio-economic processes 
instrumented by digital events. Hospitals, tax and 
inspection offices, procurement platforms, social-
service agencies, innovation-support programs and 
regulatory back offices increasingly produce time-
stamped records. These traces enable prediction, 
prioritization, allocation and feedback. They also 
create a governance hazard: what can be counted, 
ranked or visualized may be treated as if it were 
already sufficiently known. 
The article addresses that hazard from a control-
oriented perspective, but without reducing socio-
economic governance to a conventional 
engineering problem. Public and institutional 
decisions should not rely on three weak 
substitutes for evidence: isolated key 
performance indicators (KPIs), expert judgement 
without explicit contrast, or black-box AI 
prediction detached from causal, institutional and 
audit conditions. KPIs summarize observations, 
but they are not claims. Expert judgement is 
indispensable, but it is not a validity protocol. 
Artificial intelligence (AI) can estimate risks and 
recommend actions, but prediction alone does not 
establish that an intervention is justified, lawful, 
effective, fair or transferable (Thomas and 
Uminsky, 2022; Manheim, 2023; Janssen et al., 
2020; Papagiannidis et al., 2025). 
The proposed alternative is auditable scientific 
governance. A decision is scientifically defensible 
when it is tied to a local claim, an observation 
regime, an admissible intervention, a comparator, 
statistical uncertainty, constraint checks, 
provenance and accountable review. This does not 
mean that socio-economic systems become classical 
plants. They remain complex adaptive regimes: 
actors learn, categories drift, incentives respond to 
measurement, institutions change and objectives 
are contested (Anderson, 1972; Battiston et al., 
2021; Preiser et al., 2018; Garmestani et al., 2023; 
Kolt et al., 2025). Control becomes useful when it 
organizes action as bounded inquiry, not when it 
pretends to command a social system as a fixed 
mechanism. 
The object class is the event-instrumented 
socioeconomic system (EISES): a bounded local 
governance regime in which relevant interactions 
leave digital traces, authorized interventions 
exist, feedback cadence is meaningful, constraints 
can be stated, authority is institutionally located 
and consequences can be reviewed. Examples 
include portfolio-intake workflows, inspection 
routing, procurement monitoring, milestone 
supervision, health service queues and public 
innovation support processes. These settings are 

neither classical physical plants nor generic social 
systems. They are local regimes where knowledge 
claims can be made operational and auditable. 
The article makes four contributions. First, it 
defines EISES as a local-regime object for 
scientific governance. Second, it reframes 
intervention as an epistemic query: an action tests 
whether a local regime behaves as claimed under 
specified conditions. Third, it proposes the 
auditable local knowledge bundle (ALKB) as the 
minimum evidence unit for governance learning. 
Fourth, it develops KAM-EISES, a knowledge 
audit maturity model whose strict  rule  is            
G  ≤   min{O, F, V, L, Q}, (1) 
where governance use G must not exceed the 
weakest support among local observability O, 
falsifiability F, statistical verification V, legitimacy 
L and auditability Q. The rule is not a substitute 
for democratic judgement. It is a guard against 
epistemic overreach. 
 

1. METHODS 
1.1. Review design and analytical purpose 
The study is a structured critical review with 
theory building intent. It does not estimate an 
empirical effect size and is not presented as a 
PRISMA meta-analysis. Its purpose is to construct 
a usable unit of judgement for feedback enabled 
socioeconomic governance: when can an 
intervention produce local knowledge that is 
falsifiable, statistically verified, legitimate and 
auditable enough to support a governance 
consequence? 
The review used a critical-sufficiency corpus. 
Sources were retained when they supported at least 
one load-bearing element of the framework: local-
regime definition, endogenous observability, 
supervisory restraint, process-trace evidence, 
uncertainty reasoning, sensitivity and 
identifiability, complex-regime interpretation, 
causal verification, runtime assurance, AI 
governance, legitimacy or auditability. Re- cent 
peer-reviewed articles and annual-review venues 
were prioritized; older sources were retained only 
when they remained concept-defining. 
 
1.2. Search strategy and reproducibility 
The search used disciplinary families rather than 
a single bibliometric string because the object 
crosses control engineering, AI governance, public 
administration, causal inference, complex systems, 
process analytics and evaluation science. Query 
families combined terms related to societal 
control, supervisory control, stochastic adaptive 
control, complex adaptive systems, process mining, 
auditability, runtime assurance, responsible AI, 
causal policy evaluation and innovation 
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ecosystems. 
Inclusion required three conditions: the source was 
peer- reviewed, archival or a recognized scholarly 
book; it supported a necessary element of the 
framework rather than general background; and 
it clarified a transfer condition, evidentiary 
requirement or failure mode relevant to 
governance in instrumented socio-economic 
regimes. Exclusion removed non-archival 
commentary, domain-specific work without 
transferable relevance and sources superseded by 
stronger recent reviews. 
 
1.3. Evidence families 
Table 4 groups the load-bearing evidence families 
used in the synthesis. The table is descriptive rather 
than bibliometric: it identifies the function each 

literature family serves in building a transferable 
governance framework. 
 
 
 
1.4. Synthesis procedure 
The synthesis proceeded in four steps. First, 
operational elements were separated from 
epistemic elements. Operational elements include 
traces, state proxies, action records, admissibility 
checks and decision cadence. Epistemic elements 
include claims, comparators, uncertainty, validity 
threats, falsification criteria and governance 
consequences. 
 
 

Table 1. Operational use of the framework. 

 
 
 
 

Table 2. Concept map for interdisciplinary readers. 

 
 
 
 
Second, recurring failure modes were identified: fixed-plant transfer, KPI overreach, endogenous 
measurement, strategic adaptation, objective drift, unsupported AI delegation, missing provenance and 
weak inference. Third, each failure mode was converted into a design requirement. Fourth, the requirements 
were assembled into two artifacts: the ALKB evidence schema and the KAM-EISES maturity model. The 
framework should be judged by construct clarity, internal coherence, cross-disciplinary coverage and its 
ability to distinguish defensible governance use from evidentiary overreach. 
 
 
 

Table 3. Mini-table for reproducibility of the structured critical review. 
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Table 4. Load-bearing evidence families of the review corpus. 

 
 

2. RESULTS I: EVENT-INSTRUMENTED 
SOCIO-ECONOMIC SYSTEMS AS LO- CAL 
REGIMES 
2.1. Why the object is not a weakened industrial 
plant 
Digitization can make an administrative process 
look like a control problem, but the similarity is 
partial. A hospital pathway, inspection queue, 
procurement workflow or innovation-support call 
has states, actions, disturbances and outputs. Yet 
the meanings of those variables are institutional. 
Actors learn the rules, categories are revised, 
documentation practices shift, incentives reshape 
recorded be- haviour and objectives remain 
contestable. A control representation that ignores 
this reflexivity can be formally precise and 
scientifically invalid. 

The implication is constructive. The admissible 
strategy is supervisory, stochastic, adaptive and 
evidence-producing, not classical regulation of a 
stable mechanism. It should specify what is 
observable, what is authorized, what can be 
compared, what uncertainty remains and what 
consequence the evidence can support. 
Definition 1 (Event-instrumented socio-

economic system). An EISES is a bounded socio-
economic complex adaptive system in which: (i) 
relevant interactions leave time-stamped digital 
traces with operational meaning; (ii) actionable 
intervention points exist; (iii) the cadence of 
measurement, decision and intervention makes 
feedback meaningful; (iv) part of the admissible 
constraint set can be stated; (v) the authority to 
instrument and intervene is institutionally 



 

AUDITABLE SCIENTIFIC GOVERNANCE BEYOND KPIS: AN INFORMATION-CONTROL FRAMEWORK 
FOR EVENT-INSTRUMENTED SOCIO-ECONOMIC SYSTEMS 

 

SCIENTIFIC CULTURE, Vol. 12, No 5, (2026), pp. 991-1006  

located; and (vi) consequences of intervention are 
reviewable through logs, records or formal 
procedures. 
This definition excludes broad claims about 
controlling society. It applies to local governance 
regimes within wider systems: a unit, program, 
workflow, call, queue or regulatory process where 
evidence can be produced and reviewed. 
 
2.2. Local governance regimes 
Definition 2 (Local governance regime). A local 
governance regime is a time-indexed 
configuration composed of an operational 
population or case set, an institutional con- text, 
an observation and recording regime, an 
authorized intervention space, an admissible 
constraint set, a decision cadence, an accountable 
authority structure and a temporal validity 
interval. 
Locality is not a weakness. It is the condition for 
hon- est inference. A routing rule validated in 
one call, legal framework, budget cycle, trace 
schema or evaluator pool is not automatically valid 
after reform, migration or incentive change. 
 
2.3. Endogenous observability 
Definition 3 (Endogenous observability). 

Observability is endogenous when the 
observation channel depends on both the 
instrumentation regime and participant 
adaptation; that is, what becomes visible is 
influenced by prior interventions, incentives, 
documentation rules, categories and governance 
choices. 
Event logs are institutional inscriptions rather than 
neutral measurement channels. What becomes 
inferable depends on event granularity, schema 

discipline, object linkage, documentation timing, 
missingness, exception handling and incentives. 
Process mining provides strong methods for 
discovering, monitoring and predicting process 
behaviour from event traces (Teinemaa et al., 
2019; Galanti et al., 2023; Rinderle-Ma et al., 2023; 
van der Aalst et al., 2024). In an EISES, however, 
the operative question is narrower: can the target 
state required by a bounded claim be recovered 
with documented uncertainty? 
 
2.4. Bounded steerability rather than global 
controllability 
Classical controllability is too strong for socio-
economic governance. The relevant construct is 
bounded steerability of selected regime indicators 
under authority, uncertainty and constraint. 
Definition 4 (Bounded steerability). A local 
regime is boundedly steerable for a claim when 
authorized interventions can move or maintain 
selected target indicators within an admissible 
region, with stated uncertainty and review- able 
justification, without presuming reachability of the 
full latent socio-economic state. 
This construct remains compatible with network 
control and target-state estimation (Liu et al., 2011, 
2013; Montanari et al., 2022; Motter, 2015), but it 
does not collapse governability into graph 
controllability. Nodes may be organizations, 
citizens, professionals, documents, rules or plat- 
forms, and their couplings may be strategic, 
normative, le- gal or informational. Higher-order 
interactions further limit pairwise reasoning 
(Battiston et al., 2021). Governance is therefore 
local regime steering under explicit constraints. 

 
Table 5. From plant-centric control to local-regime scientific governance. 

 
 

3.  RESULTS II: CONTROL AS AU- DITABLE 
KNOWLEDGE GENERA- TION 
3.1. From control action to epistemic query 
In engineering, a control action is often evaluated 
by regulation, tracking, stability or constraint 

satisfaction. In socioeconomic governance these 
criteria are necessary but in- complete. A 
governance action is also an epistemic query: it asks 
whether a local regime behaves as claimed when an 
authorized intervention is applied under specified 
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conditions. Without a claim, comparator and 
evidentiary record, action produces activity but 
not knowledge. 
Given a local regime, a claim, an admissible 
action set and a constraint set, the task is to 
choose, defer, block or escalate an intervention so 
that evidentiary value is produced without 
exceeding legitimacy and auditability. The 
evidence must answer five questions: what was 
believed, what was observable, what was allowed, 
what happened and how strongly the claim 
survived comparison. 
Proposition 1 (Control-generated governance 

knowledge requires contrast). A feedback 
intervention in an EISES produces governance-
relevant knowledge only if it is linked to a pre-
specified or reconstructable contrast between 
expected and observed local regime behaviour. 
Proof sketch. Without contrast, a post-intervention 
observation can be attributed after the fact to the 
action, regression toward the mean, exogenous 
change, selection, measurement drift or strategic 
adaptation. A contrast does not remove all 
validity threats, but it creates empirical 
vulnerability. 
 
3.2. Supervisory restraint as a governance form 
The conservative form proposed here separates 
five operations that are often collapsed in 
algorithmic governance: estimation, admissibility 
checking, intervention selection, evidence updating 
and consequence assignment. It can recommend 
action, inaction, rollback or escalation, but only at 

the support level justified by local evidence. 
A supervisory decision must make reviewable the 
estimated condition, uncertainty, risk class, 
admissible options, blocked options and reasons 
for escalation or rollback. Event-triggered 
scheduling is useful because not every observation 
warrants intervention; some observations warrant 
monitoring, delayed review or additional evidence 
(Tabuada, 2007; Gama et al., 2014). The resulting 
decision menu is intentionally small: monitor, 
adjust, test, scale, rollback or escalate. 
 
3.3. Analytical tools translated into evidence 
functions 
The theoretical tools used in the framework have 
operational roles. Information theory asks what 
uncertainty about a claim is reduced. Complex-
systems and statistical-physics reasoning prevents 
over-atomized interpretation by treating some 
outcomes as collective regime patterns. 
Information geometry asks whether the 
dimensions supporting a decision are identifiable 
or sensitive under the current observation design. 
These tools are not presented as implementation 
requirements; they are used as evidence functions 
that discipline interpretation. 
The framework therefore treats analytic 
sophistication as insufficient by itself. A refined 
model may remain unusable if the claim is not 
falsifiable, if the comparator is missing, if the 
decision exceeds authority, or if the audit trail 
cannot reconstruct what happened. 

 

 
Figure 1. Control as an epistemic feedback loop. Each intervention is treated as a local query whose 

evidentiary residue is stored as an auditable local knowledge bundle. 
 

Table 6. Analytical tools translated into governance-evidence functions. 

 
 

4. RESULTS III: AUDITABLE LOCAL 
KNOWLEDGE BUNDLES AND MATU- RITY 

4.1. Why event logs are not enough 
Event traces alone are operational records, not 

Falsifiable claim → local-regime registration → intervention protocol → trace and constraint record → statistical verification 

→ provenance and audit → governance update → bundle repository. 
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scientific evidence. They can show that an action 
occurred and an out- come followed, but not 
necessarily which claim was tested, which 
comparator was intended, which constraints were 
checked, which uncertainty was known or whether 
the decision was legitimate. The missing object is 
an evidence unit that links action, claim, 
verification and review. 
Definition 5 (Auditable local knowledge 

bundle). An ALKB is a versioned evidence object 
composed of the local regime, governance claim, 
intervention and verification protocol, baseline 
record, action or exposure record, out- come 
record, evaluated contrast, statistical verification 
object, constraint-check record, provenance chain 
and governance decision supported by the 
bundle. 
The bundle is an evidentiary schema, not an 
implementation description. It specifies what 
must exist for a decision to be reviewed, 
criticized, replicated locally or com- pared across 
regimes. Its practical function is to deter- mine 
whether evidence supports monitoring, 
adjustment, controlled testing, targeted scaling, 
rollback or escalation. 
 
4.2. Auditability, estimands and decision-relative 
verifica- tion 
Auditability is stronger than transparency. A 
system can publish general rules and still fail 
auditability if a specific decision cannot be 
reconstructed. For EISES, auditability requires 
reconstructing the local regime, identifying the 
claim and failure criteria, connecting action to 
evidence, inspecting validity threats and tracing 
how evidence sup- ported the decision. Process-
mining audit research and data-governance 
literature converge on the need for lineage, role 
clarity and reconstructable evidence (Föhr et al., 

2025; Eulerich et al., 2025; Janssen et al., 2020; 
Longpre et al., 2024). 
A governance claim also requires a local estimand. 
Let Yi(u) denote the potential outcome under 
intervention u in regime Ri, with comparator u0. 
A basic local contrast is 
∆i = E [Yi(u) − Yi(u0) | Ri] . (2) 
Designs may include randomized or stepped 
allocation, regression discontinuity, difference-in-
differences, interrupted time series, synthetic 
controls, sequential monitoring and shadow-mode 
comparison (Athey and Imbens, 2017; Abadie, 
2021; Ben-Michael et al., 2021; Rambachan and 
Roth, 2023; Howard et al., 2021). Subgroup 
discovery re- quires caution because it can inflate 
false positives or conceal distributional harm 
(Wager and Athey, 2018; Ben- jamini and 
Hochberg, 1995). 
Verification is decision-relative. Evidence 
sufficient to refine a dashboard is not sufficient to 
impose a sanction, allocate scarce benefits, 
reconfigure a program or scale a policy. The 
evidentiary burden increases with consequence, 
irreversibility, contestability and distributive 
impact. 
 
4.3. KAM-EISES: a knowledge-audit maturity 
model 

KAM-EISES evaluates whether a governance 
consequence is supported by evidence. It uses 
five support axes: local observability (O), 
falsifiability (F), statistical verifiability (V), 
legitimacy (L) and auditability (Q). Governance 
use (G) captures the decision consequence attached 
to evidence. Each axis is scored from 0 to 4. 
 
Define support capacity as: 
S = min{O, F, V, L, Q}. (3) 

 
Table 7. Minimum ALKB schema and audit questions. 
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Table 8. Maturity logic in KAM-EISES. 
Level Governance use Interpretation 

M0 G = 0 Descriptive setting. Evidence may support exploration but not 
governance action. 

M1 G = 1, support ≥ 1 Evidence informs deliberation, dashboard interpretation or hypothesis 
refinement. 

M2 G = 2, support ≥ 2 Evidence supports bounded operational adjustment under 
authorization, basic verification and reproducible records. 

M3 G = 3, support ≥ 3 Evidence supports targeted rollout, rollback, resource allocation or 
policy-family adaptation with safeguards and rich provenance. 

M4 G = 4, support = 4 Evidence supports bounded semi-autonomous governance only with 
drift-aware observability, registered claims, high-grade verification, 
contestability, complete audit chain, assurance and escalation. 
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A configuration is knowledge-admissible if and 
only if  G ≤ S. (4) 
The overreach  gap  is   ∆+ = max{0, G − S}.    
If ∆+ > 0, the decision consequence exceeds at 
least one support condition and should be de-
escalated, redesigned or routed to accountable 
review. 
Proposition 2 (Weakest-link principle). In an 
EISES, governance use of control-generated 
knowledge cannot be more credible than the 
weakest support condition among observability, 
falsifiability, statistical verification, legitimacy and 
auditability. 
Proof sketch. If G > O, the decision outruns trace 
recoverability. If G > F, the claim is insufficiently 
vulnerable to evidence. If G > V, the contrast is 
statistically inadequate for the consequence. If 
G > L, evidence is used beyond institutional 
authority. If G > Q, the decision cannot be re- 
constructed. Any one failure converts scientific 
governance into unsupported assertion. 
Remark 1 (Rollback as mature governance). 

Reducing governance use when support capacity 
degrades is not failure. Drift, schema migration, 
legal reform, contested evidence, audit failure or 
subgroup harm should trigger de- escalation. In 
EISES, rollback is a normal control action that 
preserves scientific validity. 
 

5. DISCUSSION 
5.1. What the framework changes 
The framework changes the unit of reasoning. 
KPI- centered governance asks whether an 
indicator moved. Auditable scientific governance 
asks whether a registered claim survived a local 
contrast under admissible conditions. This 
distinction matters because KPI targets can 
induce gaming, strategic adaptation and 
dashboard theatre (Thomas and Uminsky, 2022; 
Manheim, 2023). Metrics remain useful, but only 
when embedded in claims, comparators, 
uncertainty and reviewable records. 
The framework also clarifies the role of AI. 
Machine learning is valuable for classification, 
prediction, anomaly detection, ranking and 
pattern extraction, but governance is not only 
prediction. A model can predict delay without 
establishing whether an intervention is authorized, 
causal, fair or auditable. Responsible AI research 
therefore emphasizes structural and procedural 
governance, not accuracy alone (Janssen et al., 
2020; Papagiannidis et al., 2025; Agbabi- aka et al., 
2025; Miedema et al., 2026). In the proposed 
framework, AI outputs become acceptable only 
when they map to bundle components: claim, 
comparator, uncertainty, constraints, provenance 
and decision use. 

 
Table 9. KPI governance versus falsifiable auditable governance. 

 
 
5.2. Why supervisory restraint is the conservative 
option 
The central design implication is restraint. 
Supervisory governance separates estimation, 
admissibility checking, intervention selection, 
evidence updating and consequence assignment. 
It can recommend or execute only within 
registered bounds, and it can also choose inaction, 
escalation or rollback when uncertainty, risk or 
contestability is too high. This structure is 
compatible with control theory with- out 
requiring plant-like assumptions. Supervisory 
control contributes admissibility and forbidden-

transition logic (Ramadge and Wonham, 1987); 
adaptive control con- tributes bounded retuning 
under drift (A ̊ström, 1983; Ku- mar, 1985); 
stochastic predictive control contributes finite- 
horizon reasoning under uncertainty (Mesbah, 
2016); event- triggered control contributes cadence 
discipline (Tabuada, 2007); runtime assurance 
contributes evidence that action remained inside 
an authorized envelope (Hobbs et al., 2023; Hsu et 
al., 2024). The integrated result is a governance 
posture: monitor, adjust, test, scale, roll back or 
escalate only at the level that local evidence can 
support. 
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5.3. Implementation-independent transfer of 
control concepts 
The framework is intentionally implementation- 
independent. It does not depend on a particular 
software stack, measurement pipeline or 
simulation environment. It requires every 
technical artifact to contribute reviewable 
evidence. 
 
5.4. What counts as accumulated knowledge 
Accumulated knowledge is not a growing collection 
of dash- boards. It is a versioned archive of local 
claims, contrasts, failures, uncertainty intervals, 
drift episodes, constraint vi- olations, appeals, 
rollbacks and successful transfers. An institution 
learns when it can say what worked, where, under 
which regime, against which comparator, with 
what uncertainty and under which constraints. 
The ALKB creates that memory. Its value is 
highest when it preserves negative evidence: a 
failed intervention with clear assumptions and 

audit trail is scientifically more valuable than a 
successful-looking KPI without provenance. Over 
time, bundle repositories can support meta-
learning about which claims are portable, which 
regimes are fragile, which indicators are unstable 
and which governance consequences tend to 
exceed evidence. 
 
5.5. Ethical and political boundaries 
No formal design removes normative judgement. 
Legitimacy, contestability and redress remain 
constitutive. Control is therefore treated as a 
discipline for bounded evidence generation, not as 
a substitute for public authority. The weakest-
link rule is intentionally strict because it prevents 
technical performance from bypassing institutional 
account- ability. In contested socio-economic 
regimes, a decision is mature when its evidentiary 
basis can be challenged, recon- structed and 
revised. 

 
Table 10. Control concepts as evidence contributors. 

 
 

6. APPLICATION CLASS: INNOVATION 
ECOSYSTEMS AND INSTITUTIONAL 
SUPPORT PROGRAMS 

Innovation ecosystems are a useful stress test 
because they combine heterogeneous actors, 
complementary assets, path dependence, 
institutional layering and contested definitions of 
value (Cooke et al., 1997; Adner, 2017; Jacobides et 
al., 2018; Schot and Steinmueller, 2018; 
Granstrand and Hol- gersson, 2020). They are 
event-rich: calls, applications, eligibility checks, 
triage, evaluation, contracting, milestone review, 
partner matching, reporting, payments and 
follow- up all generate records. They are also 
risky: the presence of operational traces can create 
the illusion that innovation itself is controllable. 
The framework avoids that overclaim. An 
innovation ecosystem as a whole is not an EISES. 
Novelty, complementarities, welfare, territorial 
justice and entrepreneurial discovery cannot be 
reduced to short-run operational indicators 
without normative loss, especially where 

innovation measurement depends on conventions 
about novelty, implementation and diffusion 
(OECD and Eurostat, 2018). Several subdomains 
can nevertheless qualify as local regimes: portfolio 
intake and screening, evaluation and contracting, 
milestone monitoring, intermediation and support 
routing, compliance review and operational 
resilience. These sub- domains are bounded 
processes through which institutions can learn and 
make better-governed decisions about timing, 
allocation, escalation, support routing and 
rollback. 
Consider a reviewer-assignment protocol for an 
innovation-support call. The regime is defined by 
the call text, reviewer pool, conflict-of-interest 
rule, trace schema and decision cadence. Suppose 
the claim, comparator, eligibility, outcome horizon 
and failure criteria are registered; authority, 
override, escalation and review procedures are 
codified; and rule versions, traces, constraint 
checks and escalation reasons are reconstructable. 
If the statistical design is still a historical 
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comparator rather than a stepped rollout or 
threshold-based design, a plausible KAM-EISES 
score is 
O = 3,   F = 3,  V = 2, L = 3, Q = 3, (5) 
so S = 2. A targeted adaptive rollout at G = 3 
would be overreach, whereas bounded 
operational adjustment under human 
authorization at G = 2 would be admissible. The 
example shows that stronger analytics cannot 
compensate for weak verification. 
Evidence accumulation then proceeds through a 
bundle repository. It should store successful 

interventions, null effects, failed rollouts, 
constraint violations, contested evidence, drift 
episodes and retired claims. A time-to-contract 
KPI may improve because the protocol helped, 
because ineligible cases were excluded faster, 
because appeals were sup- pressed, because 
documentation changed or because the call 
attracted easier applications. Only a bundle can 
distinguish among these possibilities. Rigorous 
innovation governance therefore requires 
evidence structure, not only innovation 
dashboards. 

 

Table 11. Illustrative claims for innovation-support EISES subdomains. 

 
 

Table 12. Worked ALKB example for a reviewer-assignment protocol. 

 
 

7.  LIMITATIONS AND RESEARCH 
AGENDA 
7.1. Scope and non-claims 
The paper does not claim that socio-economic 
systems are globally controllable, that event data 
reconstruct a full la- tent state, or that any single 
implementation can solve public governance. Its 

narrower claim is that, in bounded local regimes, 
non-classical control concepts can convert 
interventions into auditable knowledge bundles 
with explicit falsification conditions, statistically 
defensible uncertainty and decision consequences 
constrained by local support capacity. 
The framework is conceptual and requires 
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empirical calibration. The maturity scores are 
ordinal and should not be treated as precise 
measurements. Inter-rater reliability, domain-
specific scoring rubrics and validation studies are 
needed before KAM-EISES is used for high-
consequence certification. The ALKB schema is a 
minimum evidence unit, not a complete 
institutional policy. 
 
7.2. Research agenda 
Four priorities follow. First, scoring and 
validation work should develop maturity-axis 
rubrics, example libraries and inter-rater reliability 
protocols for observability, falsifiability, 
verification, legitimacy and auditability. Second, 
causal designs for constrained governance 
learning should be adapted to domains where 
randomized trials are difficult, including stepped 
rollout, threshold comparison, interrupted time 
series, synthetic controls, sequential monitoring 
and shadow-mode evaluation (Abadie, 2021; Ben-
Michael et al., 2021; Rambachan and Roth, 2023; 
Howard et al., 2021). Third, trace and drift 
governance should model how process data 
change after interventions, how strategic response 
affects recoverability and how schema migration 
changes the validity interval. Fourth, assurance and 
rollback research should connect stability, legality, 
privacy, fairness, security, accountability and 
statistical validity into review- able cases, with de-
escalation protocols when support capacity 
degrades (Hobbs et al., 2023; Liu et al., 2024; Sha- 
handashti et al., 2024; Paterson et al., 2025). 
Progress will come less from declaring more 
autonomy and more from producing better local 
evidence. Control contributes when it disciplines 
intervention as knowledge- generating action 
under explicit constraints and when analytical 
tools are tied to falsifiable decisions rather than 
used as decorative analytics. 
 

8. CONCLUSIONS 

Digital instrumentation has changed the 
evidentiary status of many socio-economic 
processes. Public and institutional systems now 
generate traces that enable feed- back, 
prioritization, prediction and assurance. The 
scientific mistake is to confuse this visibility with 
governability. Event-instrumented socio-
economic systems remain com- plex adaptive 
regimes in which traces, categories, objectives, 
incentives and authority co-evolve. 
This article argued that governance in such regimes 
must move beyond isolated KPIs, unaudited 
expert judgement and AI prediction used as 
implicit authority. The defensible standard is 
auditable scientific governance: interventions 

should be formulated as local, falsifiable and 
statistically checkable claims; evidence should 
include comparators, uncertainty, constraints, 
provenance and decision con- sequences; and 
governance use should be limited by observability, 
verification, legitimacy and auditability. 
Supervisory restraint was identified as a plausible 
and conservative form for this setting. Its value is 
not that it removes human judgement or 
automates sovereignty. Its value is that it screens 
admissible action, represents uncertainty, adapts 
inside authorized policy families, preserves 
evidence and routes unsupported or contested 
cases toward escalation or rollback. The strongest 
contribution of control is therefore not classical 
command of a fixed plant, but disciplined 
production of local knowledge under complex 
adaptive conditions. 
The paper introduced the ALKB as the minimum 
evidence unit for this program and KAM-EISES as 
the maturity model that limits governance 
consequence by the weak- est support condition: 
G ≤ min{O, F, V, L, Q}. This rule is intentionally 
conservative. A decision cannot be more credible 
than what can be observed, falsified, statistically 
verified, authorized and audited. 
The broader contribution is a bridge between 
control and evidence culture. Control provides 
feedback, intervention and assurance; complex-
systems reasoning provides collective-regime 
interpretation; information theory pro- vides 
uncertainty and discrimination among claims; 
sensitivity and identifiability analysis clarifies local 
learnability; causal inference provides 
comparators and verification; re- sponsible AI 
provides legitimacy and contestability. 
Institutions become more scientific when they 
accumulate auditable local knowledge, preserve 
failures as evidence and refuse to let authority 
outrun support. 
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16. Föhr, Tassilo L., Reichelt, Valentin, Marten, Kai-
Uwe and Eulerich, Marc. (2025). A Framework 
for the Structured Implementation of Pro- cess 
Mining for Audit Tasks. International Journal of 
Accounting Information Systems, 56, 100727. 
doi:10.1016/j.accinf.2025.100727. Galanti, 
Riccardo, de Leoni, Massimiliano, Navarin, 
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