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Abstract

Machine learning practice in institutional decision-support contexts—government,
public policy, public health, criminal justice, resource allocation—rests on a set of
largely unexamined epistemological commitments inherited from classical statistics
and computer science: that models represent stable regularities, that validation can
be context-free, that performance metrics are politically neutral, and that feature
importance reveals system structure. This paper challenges these commitments
through a unified framework of performative materialist ML, articulated as thirteen
theses. Drawing on Pickering’s cybernetic ontology, the performativity literature
from economic sociology (Callon, MacKenzie), Simon’s bounded rationality, the
formalization of performative prediction (Perdomo et al. 2020), and fifteen years
of applied ML experience in government and public policy, we argue that: (1) ML
models are best understood not as truth-seeking representations but as temporally
situated compressions that function as instruments of intervention; (2) the full data
product is a complex adaptive system that coevolves with its target and navigates a
multi-objective space no single algorithm can optimize; (3) validity is fundamen-
tally performative, measured by effects in the world rather than formal properties
of the model; (4) the choices embedded in objective functions, fairness criteria, and
resource thresholds are political decisions belonging to stakeholders, not techni-
cians. We show how these theses unify several practical prescriptions—temporal
cross-validation, precision and recall at k, pipeline-aware fairness auditing, satis-
ficing over optimizing—as consequences of a coherent materialist epistemology
rather than isolated best practices.

Keywords: machine learning, performativity, materialist epistemology, complex adaptive systems,
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1 Introduction

The practice of machine learning has developed a remarkably robust set of tools and an equally
impoverished philosophical self-understanding. Practitioners routinely deploy models that reshape
the systems they predict, evaluate them with metrics disconnected from the decisions they inform,
interpret feature importance as if it revealed causal structure, treat validation protocols as inter-
changeable regardless of temporal context, and optimize single loss functions as if the problem
were unidimensional. These are not merely technical oversights; they reflect deep epistemological
commitments that remain largely invisible to the community that holds them. To make this concrete:
when a prosecutor’s office deploys an ML score to prioritize cases (Sobrino et al. 2026), it is not
observing a static distribution of case viability—it is modifying that distribution by intervening on
which cases get attention, which witnesses get interviewed, which evidence gets analyzed. The
model participates in the system it describes, and that participation is precisely what the standard
epistemology cannot see.

This paper proposes a unified framework—what we call performative materialist ML—that makes
these commitments explicit, subjects them to critique, and replaces them with a coherent alternative.
The framework is articulated as thirteen theses, organized around four dimensions: epistemology
(what models know), ontology (what models are), methodology (how models should be validated),
and politics (whose interests models serve).

The intellectual roots of this framework are diverse. From Andrew Pickering’s account of British
cybernetics, we draw the distinction between representational and performative ontologies (Pickering
2010). From the economic sociology of Callon (Callon 1998, 2007) and MacKenzie (MacKenzie
2006), we draw the insight that models actively constitute the systems in which they are deployed.
From Simon’s (Simon 1956) theory of bounded rationality, we draw the concept of satisficing as
the appropriate decision strategy in complex environments. From the formalization of performative
prediction by Perdomo et al. (Perdomo et al. 2020), we draw the mathematical demonstration that
prediction and intervention are entangled. And from fifteen years of applied ML in government
contexts—including the DSSG program, the Triage pipeline, and the Aequitas fairness audit toolkit
(Saleiro et al. 2018)—we draw practical lessons that are better understood as consequences of a
materialist epistemology than as isolated best practices.

This paper makes three contributions. First, it provides a philosophical foundation for a set of widely
known methodological prescriptions: the primacy of temporal validation, the irrelevance of global
metrics, the inadequacy of feature importance for decision support, the necessity of satisficing over
optimizing, the multi-objective nature of all real ML problems, and the inseparability of technical and
political choices. Second, it connects the applied ML literature to intellectual traditions—cybernetics,
economic sociology, historical materialism, bounded rationality—that have remained almost entirely
outside the field’s awareness. Third, it proposes a framework for evaluating ML systems that is
explicitly performative and political.

2 Related Work

2.1 Breiman’s Two Cultures and Beyond

Breiman’s (Breiman 2001) distinction between the “data modeling culture” and the “algorithmic
modeling culture” identified a fundamental divide in statistical practice. The algorithmic culture is
the intellectual ancestor of modern ML. However, Breiman’s framework remains epistemologically
conservative: it treats prediction as the end goal rather than as instrumental to action, and assumes
that predictive accuracy can be evaluated through cross-validation on shuffled data. We propose
a “third culture” that goes beyond prediction to intervention and beyond accuracy to performative
validity.

2.2 The DSSG/Triage Tradition

The DSSG program (Rodolfa et al. 2019) developed a distinctive approach to applied ML for public
policy that implicitly embodies several of our theses. Ackermann et al. (Ackermann et al. 2018)
codified the program’s operational discipline as an explicit deploy-monitor-retrain framework, directly
anticipating the coevolutionary structure of Thesis II. The program’s empirical record spans criminal



ML as Materialist Practice De Unanue and Sobrino

justice (Helsby et al. 2018; Carton et al. 2016; Bauman et al. 2018), public health (Potash et al. 2015;
Kumar et al. 2020), social services and government response (Sankaran et al. 2017; Gaut et al. 2018),
and outreach to vulnerable populations (Wilde et al. 2021)—a cross-domain pattern that Amarasinghe
et al. (Amarasinghe et al. 2025) retrospectively synthesize as common methodological lessons across
DSSG/DSaPP deployments. The Triage pipeline enforces temporal validation, evaluates at precision
and recall at k, and integrates fairness auditing via Aequitas (Saleiro et al. 2018). Rodolfa et al.
(Rodolfa et al. 2020; Rodolfa, Lamba, & Ghani 2021) demonstrated, first as a single FAT* case
study and subsequently across multiple deployments, that fairness-accuracy tradeoffs in public policy
ML are often negligible—a finding we explain through the multi-objective thesis: when the full
space of data product configurations is explored, the Pareto front between fairness and performance
is richer than it appears from any single model. Amarasinghe et al. (Amarasinghe et al. 2024)
showed that explainable ML methods fail to demonstrate utility in application-grounded contexts,
directly supporting our performative evaluation thesis. Black et al. (Black et al. 2023) argued for
pipeline-aware fairness, anticipating our expanded hyperparameter space thesis. The present paper
provides the philosophical framework that unifies these findings.

2.3 Performative Prediction

Perdomo et al. (Perdomo et al. 2020) formalized performative prediction, showing that when
predictions inform decisions, the act of prediction changes the distribution it aims to predict. They
proposed performative stability—a fixed point where predictions are calibrated against the outcomes
resulting from acting on them. This formalization captures mathematically what our Thesis II
describes ontologically. However, the performative prediction literature treats performativity as a
technical challenge to be solved. Our framework reverses this: performativity is the fundamental
condition of all applied ML, and the appropriate response is continuous institutional engagement, not
equilibrium-seeking.

2.4 Performativity in Economic Sociology

Callon (Callon 1998, 2007) argued that economic theories actively constitute markets. MacKenzie &
Millo (MacKenzie & Millo 2003) provided the canonical demonstration: the Black-Scholes-Merton
model “made itself true” by shaping trader behavior. MacKenzie (MacKenzie 2006) distinguished
generic performativity (a model is used), effective performativity (a model changes behavior), and
Barnesian performativity (a model makes the world resemble itself). We claim that deployed ML
systems exhibit at least effective performativity.

2.5 Cybernetic Ontology

Pickering’s (Pickering 2010) account of British cybernetics distinguishes representational from
performative ontologies. For Pickering, the cyberneticians (Ashby (Ashby 1956), Beer (Beer 1972),
Pask (Pask 1976), Bateson (Bateson 1972)) understood systems as fundamentally unknowable in
the representational sense and proposed adaptive, experimental engagement. Beer’s Viable System
Model is particularly relevant to our Thesis XII: it insists on continuous feedback between the
regulatory system and the system being regulated. Ashby’s homeostat, which seeks viability rather
than optimality, anticipates our Thesis VI on satisficing.

2.6 Bounded Rationality and Satisficing

Simon’s (Simon 1956, 1972) theory of bounded rationality argues that agents in complex envi-
ronments cannot optimize; they satisfice—finding solutions that are good enough relative to their
aspirations and constraints. This concept has been largely absent from the ML literature, which
inherits an optimization-centric vocabulary from mathematical programming. Yet satisficing is the
epistemologically appropriate stance for ML in complex adaptive systems: if the system coevolves
with the model (Thesis II) and generalization is temporally bounded (Thesis V), then the optimal
solution at time t may be suboptimal at t+1. What matters is not optimality but improvement over the
current baseline—the organization’s existing practice.
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2.7 Technical Debt and System-Level Concerns

Sculley et al. (Sculley et al. 2015) identified hidden feedback loops, undeclared consumers, and
data dependencies as sources of technical debt in ML systems. Our framework explains these at a
deeper level: feedback loops are consequences of performativity (Thesis II), data dependencies reflect
radical contextuality (Thesis III), and configuration issues arise from the expanded hyperparameter
space (Thesis VIII). By providing a principled epistemological framework, we move beyond the
metaphor of “debt”—which implies a clean, debt-free state is achievable—toward understanding
these as constitutive features of applied ML.

3 The Thirteen Theses

We present our framework as thirteen theses organized into four groups: epistemological (I, V, VI,
X), ontological (II, IIT), methodological (VII, VIII, IX, XI), and political (IV, XII, XIID).!

3.1 Thesis I: The Model as Best Available Compression

A well-trained model is the best representation of the system in question, given the available data.

“Best representation” does not mean “true representation.” Given the data available, the feature space
the practitioner has chosen, and the algorithmic family imposed by the deployment context, the model
is the best available compression of the system’s exploitable regularities. “Best” here is relative to
these system constraints—not to truth, not to a hypothetical ideal model. This is less than what most
practitioners assume (they often treat the model as revealing the system’s structure) and more than
what many critics concede (they sometimes dismiss ML models as mere curve-fitting). The same
system, observed with a different feature set or modeled with a different algorithmic family, yields
a different “best” compression—which is why feature engineering, cohort definition, and pipeline
design are themselves epistemic acts (Thesis VIII), not mere preprocessing.

3.2 Thesis II: The Data Product as Complex Adaptive System

The data product—encompassing model training, deployment, monitoring, and retraining—is a
complex adaptive system that coevolves with the system it models.

A model in production informs decisions, decisions modify the system, the modified system generates
new data, and the new data modifies the model (Figure 1). This is coevolution in the sense of Holland
(Holland 1995). Two deployed public-sector systems illustrate the loop concretely: a Mexican
social-services targeting system whose interventions reshape the household profiles it later sees
(Sankaran et al. 2017), and a clinical HIV-retention prediction system whose outreach decisions
become part of the patient trajectories the next model is trained on (Kumar et al. 2020). In both cases,
the sequence outcome — relabel — retrain is structural, not incidental. Concept drift is not a bug
but the inevitable consequence of this coupling. Perdomo et al. (Perdomo et al. 2020) formalize one
aspect—how prediction shifts the data distribution. But our claim is broader: the entire data product,
including its human operators, institutional context, and governance structures, constitutes a single
complex adaptive system.

! Definitions used throughout. Model — the parameterized object produced by a learning procedure on training data.
Data product — the model together with its surrounding pipeline (feature stores, label-generation logic, deployment harness,
monitoring infrastructure, retraining cadence, and the human operators and institutional structures that act on its output).
Performative validity — the criterion that a model is good if its deployment produces the effects its institution intends, evaluated
against an explicit baseline of current practice (Theses IV, VI). Baseline — the current organizational practice that the model is
replacing or augmenting (a manual rule, a bureaucratic process, a status-quo allocation, or inaction), not a theoretical ideal
or “no-model” abstraction. Materialist — used here in the philosophical sense developed by Pickering (Pickering 2010)
in dialogue with the Marxian tradition: knowledge is constituted through situated practice and intervention, not detached
observation, and the criterion of truth is the concrete effect of acting on the world.



ML as Materialist Practice De Unanue and Sobrino

informs

Model > Decision

{

retrains modifies

4

y
< Modified system

New data <
generates

Figure 1. The data product as a complex adaptive system. The model informs decisions; decisions modify the
system being modeled; the modified system generates new data; the new data updates the model. The loop is
continuous and recursive—there is no clean separation between observation and intervention.

3.3 Thesis III: Radical Contextuality

The model is radically contextual. It depends on the organization and the moment, and it is not
transferable.

If the model is a product of coevolution with a particular system, in a particular organization, at
a particular moment, then transferring it is akin to transplanting an organ without considering the
recipient’s immunology. This contradicts the narrative of transferable solutions and the assumption
that a model trained at organization A will perform at organization B. What may transfer are the
most abstract structural features; the specific patterns of coupling between model, organization, and
context do not.

An apparent counterexample is the success of foundation models—Ilarge pre-trained systems that
demonstrably transfer across tasks and contexts. But this objection conflates two levels. What
transfers in foundation models are low-level representations: visual features, syntactic patterns,
distributional semantics. These capture regularities shared across contexts and correspond to what we
acknowledge as “the most abstract structural features.” What does not transfer is the specific coupling
between model, organization, and decision context that constitutes the data product. A foundation
model fine-tuned for one organization’s operations will not work for another without re-engineering
the entire pipeline: different data, different edge cases, different institutional definitions of success,
different resource constraints. The foundation model provides initialization; the data product remains
radically local. Moreover, foundation models themselves embed the political choices of their training
data—which texts were included, which excluded, whose language is represented—confirming rather
than refuting the materialist thesis.

3.4 Thesis IV: Performative Validity

ML must be judged performatively: by its effects in the world, not by formal properties of the model.

A model is good if its deployment produces the desired effects. Whose desired effects, and against
what baseline, are themselves political questions: the choice of objective is the responsibility of
stakeholders (Thesis XII), and validity must always be evaluated against an explicit baseline of
current organizational practice (Thesis VI), not against a hypothetical optimum or a “no-model”
counterfactual that cannot be observed once the model is deployed. This applies to prediction (did
decisions improve?), explanation (did actors make better decisions because of it?), and ethics (did
deployment reduce the injustices it targeted?). Amarasinghe et al. (Amarasinghe et al. 2024) provide
direct empirical support: explainable ML methods that appear beneficial under simplified evaluations
fail in application-grounded contexts. Carton et al. (Carton et al. 2016) illustrate the performative
effect itself: early-intervention systems that score police officers for adverse-event risk are designed
to reshape supervisor and officer behavior once deployed—the performative effect is the design target,
not a confound to be controlled for. The criterion is what the model does, not what it is.
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3.5 Thesis V: Operational, Not Scientific, Generalization

Institutional support ML seeks operational generalization—continued performance in the population
and time window of deployment—rather than scientific generalization, the discovery of stable
structure in the world.

These two goals require different validation regimes and different criteria of success. Operational
generalization asks: will the model continue to work here, next month, on the cases I will actually
see? Scientific generalization asks: does this finding replicate, in this form, at other times and places?
Breiman (Breiman 2001) began this argument by distinguishing algorithmic from data modeling
cultures, but remained within a framework where predictive accuracy is the ultimate criterion—which
is still the scientific frame. We push further: in the institutional applied context, even predictive
accuracy is local and transient, and this is appropriate to a system whose purpose is intervention rather
than discovery. Confusing the two regimes produces over-claiming (treating a model that works in
one office as if it had discovered something universal) or, more rarely, under-claiming (refusing to
deploy a model that demonstrably works locally because it lacks scientific generality).

3.6 Thesis VI: Satisficing, Not Optimizing

The model does not need to be perfect. It needs to be better than the baseline—what the organization
is actually doing now.

The baseline is not a theoretical ideal. It is the organization’s current practice: a manual rule, a
bureaucratic process, an informal bias, or inaction. If the model outperforms that, it is useful. This is
satisficing in Simon’s (Simon 1956) sense: the epistemologically appropriate decision strategy in
complex environments where the optimal solution is either undefined, unstable, or computationally
intractable. In a coevolutionary system (Thesis II) where generalization is temporally bounded
(Thesis V), the “optimum” moves as you seek it. What matters is viability and improvement, not
optimality.

Bauman et al. (Bauman et al. 2018) make this concrete. Their pretrial-incarceration-reduction system
was evaluated not against an idealized utility function but against the existing prioritization rule
used by court services. The model “succeeded” by producing a smaller and more equitable holding
population than the status-quo allocation—a satisficing goal that the organization could recognize
and act on. An optimization-framed evaluation against a hypothetical optimum would have produced
no actionable comparison; the value of the system lay precisely in being measurably better than the
rule it replaced.

This has a political dimension. Defining the baseline forces the organization to make its current
practice explicit—including the informal biases, ad-hoc rules, and institutional inertia that constitute
the real status quo. Many organizations resist this because the baseline, once made visible, is
often embarrassing. But without an explicit baseline, evaluation is impossible, and the demand for
“sufficiently good” models in the abstract becomes an indefinitely movable goalpost that prevents
deployment.

3.7 Thesis VII: Temporality Is Inescapable

Worthwhile ML problems involve an action to be taken and always occur in time. Cross-validation
must always be temporal.

If there is no concrete action that follows from the model’s output, there is no ML problem worth
solving. And if there is action, there is temporality. This yields a methodological imperative for
any institutional applied context: validation must be temporal. Shuffled cross-validation simulates a
world where time does not exist, in order to evaluate a system that only exists in time. This is not
merely a technical error—it is an epistemological contradiction. (Where the deployment context is
genuinely atemporal—offline benchmarks against fixed test sets, scientific ML on stationary data—the
imperative softens, but those are not the cases this paper addresses; see Thesis V.)

3.8 Thesis VIII: The Expanded Hyperparameter Space

The real hyperparameter space includes the entire data product: algorithm, hyperparameters, features,
cohort definition, imputation strategy, data sources, temporal windows, and retraining frequency.
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Every decision in the data product’s construction is a hyperparameter. Black et al. (Black et al.
2023) recognize this in the fairness domain. We generalize: every property of interest—performance,
fairness, robustness, temporal stability—is a property of the full pipeline, and the search through the
expanded hyperparameter space is itself an epistemic process.

3.9 Thesis IX: The Problem Is Almost Always Multi-Objective

Almost any institutional ML problem is multi-objective in practice, driven first by finite resources and
second by the plurality of values the system must serve. The algorithm optimizes a single scalar loss
function; the data product navigates the full multi-objective space.

The first reason a deployed problem is multi-objective is structural: resources for action are finite.
A precision@k threshold (Thesis XI) is itself an objective constraint, and the choice of k trades
volume against quality. Once resources bind, no single scalar metric captures the deployment-relevant
performance of the system. The second reason is value-pluralism: even absent a hard resource
cap, an institutionally deployed model must balance precision against equity across demographic
groups, stability over time, operational interpretability, and implementation cost. No single algorithm
optimizes all of these simultaneously. It is the data product—through the process of training multiple
models, evaluating across multiple metrics, and selecting according to stakeholder priorities—that
navigates the multi-objective space. (The genuine single-objective case—an offline benchmark with
no resource constraint and a single homogeneous stakeholder—exists, but is rare outside of academic
competitions and is not the setting this paper addresses.)

This has a direct empirical consequence. Rodolfa et al. (Rodolfa et al. 2020; Rodolfa, Lamba, & Ghani
2020, 2021) demonstrated—first as a FAT* case study on misdemeanor recidivism, then as a broader
cross-domain methodological analysis, and subsequently across multiple public-policy deployments—
that fairness-accuracy tradeoffs are often negligible. Our framework explains why: when the full
space of data product configurations is explored (Thesis VIII), the Pareto front between fairness
and performance is far richer than it appears from any single model. The perceived inevitability
of fairness-accuracy tradeoffs is an artifact of evaluating individual algorithms rather than the data
product as a whole. This connects to the impossibility results of Chouldechova (Chouldechova 2017)
and Kleinberg et al. (Kleinberg, Mullainathan, & Raghavan 2016), which demonstrate that certain
fairness criteria cannot be simultaneously satisfied—further evidence that the problem is irreducibly
multi-objective and that navigating the tradeoff space is a political, not merely technical, task. This
also further undermines the epistemic authority of feature importance (Thesis X): the algorithm’s
feature importance reflects its unidimensional optimization, not the multi-dimensional structure of
the real problem.

3.10 Thesis X: Models as Mediated Epistemic Instruments

Training multiple models is a method of investigation, not just model selection. But what models
reveal is their interaction with the system, not the system itself. Feature importance is an artifact of
the algorithm, not a property of the system.

When a random forest outperforms logistic regression, this tells us something about the system’s
structure (nonlinearities, interactions)—but always mediated by the algorithm’s constraints. Feature
importance is the most dangerous conflation: it tells us how a particular algorithm distributed its
predictive capacity among variables at a specific moment. A different algorithm yields different
rankings. Moreover, feature importance is a population-level statistic: it speaks to averages, not to
the specific individual on whom an action will be taken. Using feature importance as a substitute for
decision-making confuses an artifact of the measurement instrument with a property of the measured.

3.11 Thesis XI: Precision and Recall at k

The metrics that matter are precision @k and recall @k, because resources for action are finite.

Resources are always finite. The question is never “how good is the model overall?”” but “how good
is it in the top k elements I can act on?”” Global accuracy, AUC, and average F1 are noise relative to
this question. And the choice of k is a political and institutional decision (Thesis XII): how many
resources to allocate, to which problem, at what frequency. A model is not good or bad in the abstract;
it is good or bad for a given level of resources.
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3.12 Thesis XII: Political Responsibility Belongs to the Stakeholder

The choice of objectives, models, actions, and ethical criteria is the responsibility of the stakeholder.
These choices may change as the system evolves under the model’s influence.

Objective functions, fairness definitions, and derived actions are political decisions. The data scientist
provides the space of possibilities and the consequences of each choice; the stakeholder chooses.
Because the model acts on the system and the system changes (Thesis II), these decisions must be
continuously revisited. This demands an ongoing relationship between the technical team and the
governance structure, consistent with Beer’s (Beer 1972) VSM requirement for a continuous feedback
channel between the regulatory system and the system being regulated.

3.13 Thesis XIII: This Perspective Is Materialist

The preceding theses rest on three materialist commitments: models are products of material condi-
tions, the criterion of validity is practice, and the systems modeled are constituted by historically
situated social relations.

First: the model is a product of concrete material conditions—the data available, the infrastructure
that exists, the social and economic relations that generate those data. Second: the criterion of truth
is practice—not correspondence with abstract reality, but the concrete effect of intervention. Third:
the system being modeled is constituted by historically situated social relations—objective functions
encode political choices that reflect interests. This materialist framing connects to computational
approaches to planning (Cockshott & Cottrell 1993), where the question of what to optimize for
whom is recognized as irreducibly political. The data scientists have interpreted the data in various
ways; the point is to transform the systems.

4 Discussion

4.1 Unifying Disparate Practices

A central contribution of this framework is revealing that well-known best practices are not indepen-
dent rules of thumb but consequences of a single epistemology. Temporal cross-validation follows
from Theses V and VII. Precision@k follows from Thesis XI and finite resources. Pipeline-aware
fairness follows from Thesis VIII. The critique of feature importance follows from Theses X and
IX (the algorithm’s unidimensional optimization cannot capture the multi-objective structure). Sat-
isficing over optimizing follows from Theses II, V, and VI (coevolution, temporal boundedness,
and the primacy of baseline comparison). The requirement for continuous stakeholder engagement
follows from Theses II and XII. When practitioners adopt these practices without understanding their
principled basis, they risk applying them inconsistently or abandoning them under pressure.

A natural objection to this framework is that radical contextuality (Thesis III) and the rejection of
scientific generalization (Thesis V) lead to relativism—an anything-goes position where no cumulative
knowledge is possible. This objection misreads the framework. What we propose is better described
as situated universalism: the principles are universal (temporal validation, baseline comparison,
multi-objective evaluation, stakeholder governance, performative assessment), but each instantiation
is local. This is analogous to how evidence-based medicine operates: the principles of clinical trial
design are universal, but each treatment must be validated in each population, and a drug approved
for one condition must be separately tested for another. The framework also permits cumulative
knowledge at the meta-level: we can learn across projects that certain types of systems exhibit
characteristic patterns—for instance, that fairness-accuracy tradeoffs are generally negligible when
the full pipeline space is explored (Rodolfa, Lamba, & Ghani 2021), or that post-hoc explanations fail
to improve decisions in application-grounded contexts (Amarasinghe et al. 2024). What we cannot
do is transfer a specific trained model from one organizational context to another and expect it to
work without re-engineering the data product. This is not relativism; it is epistemic honesty about the
scope of ML’s claims.
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4.2 Implications for ML Education

ML courses typically teach algorithms, loss functions, and evaluation metrics in a framework that is
implicitly representational, atemporal, and unidimensional. Students learn cross-validation without
learning why it must be temporal; feature importance without its limitations; fairness metrics without
recognizing that the choice of metric is political; and optimization without learning when satisficing
is more appropriate. Our framework suggests a pedagogy that begins with the problem (what action,
against what baseline?), proceeds through the epistemology (what can models know? what are the
objectives?), and only then addresses the techniques. Rodolfa et al. (Rodolfa et al. 2019) and Rodolfa
& Ghani (Rodolfa & Ghani 2021) have argued for an experience-centered approach that embodies
many of these principles.

4.3 Implications for Governance

If the data product coevolves with the system (Thesis II), if the problem is multi-objective (Thesis
IX), and if political decisions must be continuously revisited (Thesis XII), then governance cannot
be a one-time certification. It must be an ongoing institutional process, analogous to Beer’s (Beer
1972) algedonic channel: a mechanism for signaling when performance has degraded or when the
context has shifted enough that the original objectives are no longer appropriate. Current regulatory
approaches focusing on pre-deployment audits capture only one moment in the life of a coevolving
system.

A sophisticated objection arises here: if the model changes the system it models (Thesis II), then any
evaluation is against a distribution that will shift once the model is deployed, creating an apparent
infinite regress. How can we ever evaluate a system whose deployment invalidates the conditions
under which it was evaluated? This objection is technically precise but practically resolvable. The
answer lies in combining Perdomo et al.’s (Perdomo et al. 2020) concept of performative stability—
seeking fixed points where predictions are calibrated against the outcomes that result from acting on
them—with Beer’s (Beer 1972) cybernetic governance: continuous monitoring, institutional feedback
loops, and governance structures empowered to revise objectives when the system’s evolution
demands it. The evaluation is not against a fixed ground truth but against a moving target, and the
governance structure must be designed to detect when the target has moved enough that the model’s
configuration requires revision. This is not regress; it is the normal condition of any regulatory
system operating in a complex environment. Static evaluation is insufficient; the response is dynamic
governance, not the abandonment of evaluation.

4.4 Scope, Limitations, and Future Directions

An important clarification of scope: the theses advanced here target ML for decision support in
institutional settings—government, public health, criminal justice, logistics, resource allocation. In
these domains, the model’s output informs an action, the action modifies the system, and the temporal,
performative, and political dimensions we have described are inescapable. However, ML is also
used as a scientific instrument in domains where the data distribution is genuinely stationary and
the model’s output does not feed back into the system—protein structure prediction, astronomical
classification, materials science. In these settings, shuffled cross-validation may be appropriate,
performativity is minimal, and the epistemological framework of classical statistics or Breiman’s
algorithmic culture may suffice. We do not claim that our theses apply universally to all uses of ML;
we claim that they apply necessarily to all uses where ML informs decisions that affect people and
institutions.

Several theses deserve formal treatment. The coevolutionary dynamics of Thesis II could be modeled
by extending performative prediction (Perdomo et al. 2020; Hardt & Mendler-Diinner 2025) to
capture institutional dynamics—including multi-agent and decision-dependent game settings (Narang
et al. 2023) and the asymmetric power between platforms and the populations on which they predict
(Hardt, Jagadeesan, & Mendler-Diinner 2022). The expanded hyperparameter space of Thesis VIII
and the multi-objective navigation of Thesis IX could be formalized using compositional frameworks
from applied category theory. The satisficing criterion of Thesis VI requires formalization of baseline
definition and improvement thresholds. The performative evaluation of Thesis IV requires empirical
protocols that are only beginning to emerge (Amarasinghe et al. 2024). Case studies demonstrating
the theses in operation—drawn from criminal justice (Helsby et al. 2018; Sobrino et al. 2026),
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electoral analytics (the infrastructure of the 2012 Obama campaign being a public-record example
(Issenberg 2012)), maritime logistics (Villalobos et al. 2026), public health (Potash et al. 2015), and
government interventions for vulnerable populations (Wilde et al. 2021; Gaut et al. 2018)—would
provide the empirical grounding that a programmatic paper necessarily lacks and represent the most
important direction for future work.

5 Conclusion

We have proposed a framework for understanding machine learning as a performative materialist
practice: an intervention in complex adaptive systems, whose validity is measured by its effects in the
world, whose success is judged against the existing baseline rather than an abstract optimum, whose
products are radically contextual, whose problems are inherently multi-objective, and whose design
embeds political choices. The thirteen theses unify a set of methodological prescriptions—temporal
validation, evaluation at k, pipeline-aware fairness, satisficing over optimizing, the multi-objective
nature of real problems, the critique of feature importance—under a coherent epistemology that draws
on cybernetics, bounded rationality, economic sociology, and historical materialism. We hope this
framework contributes to a more self-aware and more honest ML practice: one that acknowledges
what models can and cannot know, that takes responsibility for what models do, and that recognizes
the political nature of the choices that shape every data product.
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