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Abstract:

Motivational theory remains limited by its failure to specify how selection between
competing alternatives occurs. Hierarchical models assume ordered progression among
needs, while variable-based approaches treat motivation as an internal quantity; neither
provides a mechanism explaining how behavior emerges from comparison across

alternatives or why small contextual changes can produce abrupt shifts in action.

This article introduces a symbolic—functional model that defines motivation as the
outcome of structured evaluation across competing alternatives. Each alternative is
characterized by symbolic value, functional return, and constraint conditions, and is
evaluated through a context-sensitive weighting function. Selection is governed by a
formal rule in which an alternative becomes dominant when its evaluative score exceeds

both competing alternatives and a context-dependent threshold.

The model specifies three core processes: evaluative reweighting driven by contextual
variation, shifts in comparative dominance across alternatives, and threshold-based
selection producing discontinuous behavioral change. A formal representation is
provided, along with an illustrative example demonstrating how reweighting alone—
without changes in the intrinsic properties of alternatives—can produce abrupt transitions

in selection.

To enable empirical implementation, the article develops an operational framework for
estimating evaluative weighting, modeling constraint effects, and detecting threshold
dynamics using structured choice designs and longitudinal approaches. This reframes
empirical analysis from measuring motivational states to reconstructing evaluative

functions and selection conditions.

By defining a closed evaluative mechanism linking context, constraints, weighting, and
selection, the model provides a basis for formal modeling, empirical estimation, and

prediction of motivational transitions beyond hierarchical and state-based assumptions.



1. Introduction

Motivational theory fails at a specific point: it does not specify how selection between
competing alternatives actually occurs. Hierarchical models assume ordered progression
among needs, yet empirical behavior routinely violates this structure through persistence
under deprivation, cross-domain override, and simultaneous engagement with conflicting
orientations. Variable-based approaches, in turn, treat motivation as an internal quantity,

but do not explain how small contextual changes can produce abrupt shifts in behavior.

The unresolved problem is therefore not the presence of multiple motivational factors,
but the absence of a defined selection mechanism operating across alternatives under

constraint.

The symbolic—functional model addresses this problem by redefining motivation as the
outcome of structured evaluation across competing alternatives. Rather than treating
motivation as a unified internal state, the model represents it as a dynamic evaluative
field in which each alternative is defined by symbolic value, functional return, and
constraint conditions. Selection emerges from their relative weighting under context-

dependent constraints.

This redefinition makes three things possible. First, it explains how conflicting
motivations can coexist without requiring integration or hierarchical resolution. Second,
it accounts for discontinuous behavioral shifts as threshold-based transitions resulting
from small changes in evaluative weighting. Third, it enables direct empirical modeling

of motivational selection as a comparative process rather than an inferred internal state.

Within this framework, motivational change is not a gradual variation in intensity but a
reconfiguration of evaluative weighting that alters comparative dominance across
alternatives. When this reweighting crosses a context-sensitive threshold, selection shifts
abruptly from one alternative to another. This formulation allows direct analysis of
instability, conflict, and rapid behavioral transitions without reliance on sequential stages

or linear accumulation.



The present article advances the model by providing a systematic operational framework
that translates its core constructs and dynamic processes into measurable components. It
specifies alternative-based evaluative structures, defines indicators for symbolic value,
functional return, and constraint conditions, and introduces methodological strategies for
estimating evaluative weighting, tracking reweighting dynamics, and detecting threshold-

based selection.

The article proceeds as follows. Section 2 defines the core constructs from an operational
perspective. Section 3 develops the dynamic processes governing evaluative reweighting,
comparative dominance, and threshold-based selection, and introduces a formal
representation. Section 4 outlines research design and methodological pathways for
empirical implementation. Section 5 discusses implications for formal modeling,

estimation, and prediction. Section 6 concludes.



2. Core Constructs from an Operational Perspective

Operationalization requires translating the symbolic—functional model into a structure
that supports direct evaluation and selection across alternatives. This requires abandoning
the representation of motivation as a unified internal state and instead modeling it as a
structured set of competing alternatives, each defined by a specific evaluative

configuration.

Within this framework, a motivational field consists of a finite set of potential
alternatives 0;, where i = 1, ..., ni, and each alternative represents a possible course of
action, role, or commitment. However, not all alternatives are available for evaluation at
a given time. The effective evaluative field is therefore defined as a dynamically
constructed subset of accessible alternatives.

This is captured through an access function:
A;(t) € {0,1}
which determines whether alternative O; enters the evaluative process at time t.
Accordingly, evaluation operates over the accessible set:
0°(t) ={0; 1 A;(t) =1}

Access is shaped by memory, contextual activation, exposure, and prior selection history.

As a result, the structure of the evaluative field is not fixed but dynamically constructed.

Each accessible alternative is evaluated through three components: symbolic value,
functional return, and constraint structures. These components do not operate
independently but are combined through context-sensitive weighting to produce a single

evaluative score for each alternative.



Motivational orientation is therefore defined as the outcome of comparative evaluation
across accessible alternatives. Selection does not reflect the dominance of a single
component (symbolic or functional), but the relative dominance of one alternative’s

evaluative configuration over others within the accessible field under constraint.

Operationalization must therefore capture not only the properties of individual
components, but also how they are combined, weighted, and compared, as well as how

access structures determine which alternatives are included in the evaluative process.



2.1 Symbolic Value

Symbolic value S;(t) refers to the meaning-based component of evaluation associated
with alternative 0;. It captures the degree to which an alternative aligns with identity,

values, and systems of recognition within a given context.

Symbolic value is not a static preference but a context-sensitive evaluative input. It
determines how alternatives are interpreted and prioritized based on identity salience,
cultural framing, and normative expectations. Changes in context can modify symbolic
value by altering perceived legitimacy, identity relevance, or coherence with existing

value structures.

Importantly, symbolic value contributes to evaluation only when the corresponding
alternative is accessible within the evaluative field. Thus, its effective contribution is

conditional on evaluative access:

5 () = A1) - Si (D)

This implies that symbolic influence depends not only on its magnitude, but also on
whether the alternative is activated for evaluation.

Operational indicators of symbolic value may include:
* strength of identity attachment

» perceived legitimacy of the action

« alignment with personal or collective values

* narrative coherence and meaning attribution



2.2 Functional Return

Functional return F;(t) represents the instrumental component of evaluation associated
with alternative 0;. It captures the degree to which an alternative is feasible, efficient, and

capable of producing desired outcomes under current conditions.

This component includes utility, resource efficiency, risk exposure, and execution
viability. Unlike symbolic value, functional return is tightly coupled to environmental

conditions and available resources, making it highly sensitive to contextual variation.

Importantly, functional return contributes to evaluation only when the corresponding
alternative is accessible within the evaluative field. Its effective contribution is therefore

conditional on evaluative access:
Fi(t) = A;(t) - Fi(0)

Thus, even highly feasible or efficient alternatives exert no influence on selection if they

are not activated within the evaluative field.

Operational indicators of functional return may include:
» feasibility under current constraints

» expected utility or outcome effectiveness

« efficiency in resource use

* risk and cost assessment



2.3 Constraint Structures

Constraints regulate the contribution of symbolic and functional components to

evaluation by shaping their effective weight within the evaluative process.
Two types of constraints are defined:

« Symbolic constraints C;;(t):
Negative pressures such as anticipated shame, social disapproval, loss of recognition, or

threats to identity coherence.

« Functional constraints Cr;(t):
Material and practical limitations including cost, effort, risk, time pressure, and resource

scarcity.

Constraint intensity is context-dependent. Changes in context—such as resource
availability or identity salience—modify constraint intensity, which in turn alters how

symbolic and functional components are weighted in evaluation.

Importantly, constraints operate only over accessible alternatives. That is, constraint

effects are applied conditionally on evaluative access:
Csi(t) = A; (D) - G5, (D), Cri(®) = Ai(t) - Cr i (D)

Thus, constraints do not act as global external limits, but as local regulators of evaluation
applied within the accessible evaluative field.

This implies that constraints influence behavior in two distinct ways:
* by modifying weighting parameters (reweighting effects)

* by acting on the effective evaluative contribution of accessible alternatives

Operationalization must therefore capture both the magnitude of constraints and their

interaction with evaluative access and weighting parameters.



2.4 Evaluative Composition of Alternatives

Each alternative O; is represented as a composite evaluative configuration:

(S0, Fi(®), Coi(®), Cra(®))
where:
e S;(t) : symbolic value of alternative i at time t
e F;(t) : functional return of alternative i at time ¢
o C,;(t) : symbolic constraints associated with alternative i
o Cr;(t) : functional constraints associated with alternative i

However, these components contribute to evaluation only if the alternative is accessible
within the evaluative field. Let:

A;(t) € {0,1}

denote the evaluative access function, where A;(t) = 1 if alternative i is accessible at
time t, and 4;(t) = 0 otherwise.

Accordingly, the effective evaluative configuration is defined as:

(5: 0, Fi@®), 40, Ga(®) = Au(®) - (S8, Fi(®), Coa(®), Cra(®))
The underlying evaluative function is defined as:
Ei(t) = f(Si(8), Fi(t), Csi (1), Cp,i(0); ws(8), we(8), Wes (L), wer ()
where:
o ws(6), we(t), wes(t), wer(t) - context-dependent weighting parameters
e f(-) :acontext-sensitive aggregation function
The effective evaluative score is then given by:
E{ (1) = A;(0) - Es (D)

This score determines the position of alternative iii within the comparative structure of
the accessible evaluative field.



Crucially, alternatives are not evaluated in isolation, nor over the full set of possible
options. Their significance emerges only through comparison with other accessible
alternatives under shared constraint conditions. Motivation is therefore defined as the
outcome of structured comparison within an access-constrained field, where selection
occurs when one alternative achieves comparative dominance.

Operationalization at this level requires:
e constructing alternatives as multidimensional evaluative profiles
o estimating context-dependent weighting parameters
« modeling the evaluative access function 4;(t)
« reconstructing effective evaluative scores E; (t) and their comparative ordering

This formulation enables direct modeling of comparative dominance within a
dynamically constructed evaluative field and provides the formal basis for the selection
dynamics developed in subsequent sections.



3. Dynamic Evaluative Processes

The symbolic—functional model defines motivational change as a transformation in
evaluative structure rather than a shift in an internal state. At any given moment, a set of
potential alternatives O; is defined, but evaluation operates only over a dynamically

constructed subset of accessible alternatives:
0°(t) ={0; | 4;(t) =1}

Each accessible alternative is evaluated through context-sensitive weighting applied to
symbolic value, functional return, and constraint structures, yielding effective evaluative

scores E (t).

Motivational dynamics arise from two interacting processes:
* changes in weighting parameters (reweighting dynamics)

* changes in evaluative access (access dynamics)

Contextual variation—such as resource availability, identity salience, exposure, or prior
activation—modifies both constraint intensity and access structure. As a result,
motivational change can occur either through shift in how alternatives are evaluated or

through shifts in which alternatives are available for evaluation.

Accordingly, the evaluative scores assigned to alternatives are continuously updated not

only through reweighting, but also through changes in access:
Ei(t) = A;(t) - E; ()

Motivational transitions occur when these processes alter comparative dominance across
accessible alternatives. Selection is not gradual but occurs when one alternative exceeds

others beyond a threshold, producing a discrete shift in behavior.



Operational analysis must therefore focus on four linked processes:
* reweighting dynamics

« evaluative access dynamics

» comparative dominance across accessible alternatives

» threshold-based selection



3.1 Evaluative Reweighting

Evaluative reweighting refers to the continuous adjustment of weighting parameters
applied to symbolic value, functional return, and constraint structures.

For each alternative 0;, the underlying evaluative function is defined as:
Ei(t) = ws(t) $i(t) + ws(t) Fi(t) — wes(t) Cs i () — wep(t) Cri(t)
where:
e wg(t) : weight assigned to symbolic value
o wy(t) - weight assigned to functional return
e w(t) : weight assigned to symbolic constraints
o wr(t) - weight assigned to functional constraints
The negative signs indicate that constraints reduce the overall evaluative score.
The effective evaluative score, conditional on evaluative access, is given by:
E{ () = Ai(0) - Ei (D)
where A;(t) € {0,1} denotes the evaluative access function.
Reweighting occurs when weighting parameters change over time:
W (t+ 1) # wi(t), ke{sf,cscf}
These changes are driven by contextual variation. For example:
o increased resource scarcity —wcr(t) T, wp(t) T
e increased identity salience —»w.s(t) T, ws(t) T

Reweighting does not alter the intrinsic structure of alternatives. Instead, it modifies how
accessible alternatives are evaluated by changing the relative contribution of their
components.

Importantly, reweighting operates independently of evaluative access. Changes in
weighting parameters affect the evaluation of alternatives already present in the
evaluative field but do not determine which alternatives are included in that field.



Operational indicators of reweighting include:
o systematic shifts in choice patterns across repeated decision tasks
« changes in inferred attribute weights in discrete choice models

« sensitivity of evaluation outcomes to controlled contextual manipulation



3.2 Comparative Dominance Across Alternatives

Comparative dominance is defined as the relative ordering of alternatives based on their

effective evaluative scores.
At time t, dominance is determined over the set of accessible alternatives:

0*(t) = argmax E;(t)
l

where:
E;f(t) = A;(0) - E; (1)

Thus, dominance is evaluated only among alternatives that are accessible within the

evaluative field.

Dominance is not intrinsic to an alternative. It emerges from the interaction between
evaluative composition (symbolic value, functional return, constraints), weighting

parameters, and access structure under specific contextual conditions.

Changes in dominance may arise from two distinct sources:
* reweighting dynamics (changes in w(t))

« access dynamics (changes in A;(t))

Accordingly, the ranking of alternatives may change over time:
Rank,(i) # Rank;,,(i)

even in the absence of changes in intrinsic evaluative components.

Operational indicators include:
« rank-order changes across accessible alternatives
» shifts in selection probabilities

« sensitivity of dominance to small contextual or access-related changes



3.3 Threshold-Based Selection Dynamics

Selection occurs through a threshold mechanism rather than continuous accumulation.

Let the set of accessible alternatives at time t be defined by A(t) = {i | 4;(t) = 1}.
Selection is defined over this set.

An alternative 0; is selected if it satisfies both comparative dominance and threshold
separation:

i*(t) = arg i:zriz(%pil E;(t)
and
Ei(t) —Eg (t) > 0(1)
where:
o E;(t) =A;(t) - E;(t) : effective evaluative score
« E(,(t) : second-highest effective evaluative score among accessible alternatives

e 0(t) = 0: context-sensitive selection threshold

This formulation implies that selection depends on relative separation, not absolute
value.

Regimes of Selection
Two regimes follow:
1. Near-threshold regime
Ef-(1) = Egy (1) ~ 6(1)

— instability, hesitation, and switching behavior

2. Above-threshold regime
Ei(t) — Eipy (©) > 6(0)

— stable selection



Discontinuous Transitions

Small changes in either weighting parameters or evaluative access near the threshold can
produce abrupt shifts in selection:

EL(®) —Exp®)<6(t) = Et+1D)—-Ept+1)>0(t+1)
for some alternative j* # i*.

This produces discontinuous behavioral change despite continuous reweighting or minor
changes in access structure.

Interpretation of the Threshold 6(t)

The threshold 6(t) represents the minimum separation required for stable selection. It is
context-dependent and may reflect:

e decision uncertainty or noise
e risk sensitivity

e cognitive or temporal constraints

Operational Indicators
Threshold dynamics can be empirically detected through:
« abrupt transitions under incremental manipulation
« non-linear changes in choice probability
« increased decision latency near threshold conditions

o short-term switching between alternatives



3.4 Formal Representation

Each alternative O; is defined by an underlying evaluative function:
Ei(t) = ws(t) $i(t) + wp(t) Fi(t) — wes(t) Cs i () — wf () Cr i (8)
where:
e S;(t) : symbolic value of alternative i
e F;(t) : functional return of alternative i
o C,;(t) : symbolic constraints

o Cf;(t) : functional constraints

ws (t), we (1), wes(t), wer(t) - context-dependent weighting parameters
The effective evaluative score is defined as:
Ef(t) = Ay(®) - Ei(2)
where:
o A;(t) € {0,1}: evaluative access function

Selection is defined over the set of accessible alternatives as a joint condition of

comparative dominance and threshold crossing:

i*(t) = arg max E; (1)

and
Ei:(t) — Eqp(t) > 6(0)
where:

o E(, () : second-highest effective evaluative score among accessible alternatives

e 6(t) = 0: context-sensitive selection threshold



Structural Interpretation

This formulation defines selection as emerging from the interaction of three components:
« Evaluative composition: E;(t)
e Access structure : A;(t)

e Threshold dynamics : 6(t)



3.5 Linking Formal Representation to Empirical Estimation

The formal structure provides a direct basis for empirical estimation. Each component
Si(6), F;(t), Cs,i(t), Cr;(t) can be represented through observable indicators, while the
weighting parameters

w (1), wr(t), wes(t), wer(t) can be inferred from structured choice data.

In addition, evaluative access A;(t) must be empirically specified, as it determines which
alternatives enter the evaluative process.

Empirical analysis therefore consists of reconstructing the effective evaluative function:
Ef(t) = Ay(®) - Ei(2)
and estimating how contextual variation modifies:
« Wweighting parameters wy (t)
e access structure A;(t)
« threshold conditions 6(t)

This shifts empirical focus from measuring motivation as a latent variable to modeling
selection as a structured evaluative process over accessible alternatives.

Illustrative Example: Reweighting, Access, and Threshold Transition (Revised)
Consider two alternatives within the same evaluative field:

« Alternative A: high symbolic value, low functional return

o Alternative B: high functional return, low symbolic value
Formally:

Sa(t) > Sp(t), Fa(t) < Fp(t)
Baseline Condition
Assume:
ws(t) > we(t),Aa() =1, Ag(t) =1

Then:



E;(t) > Ep(0)

E;(t) —Ez(t) > 6

selection stabilizes on alternative A.

Reweighting-Driven Transition

Now consider a contextual shift increasing functional pressure:
wr(£) T, wep(0) T

This modifies the evaluative scores such that:

Ep(t) > E;(0)

Ep(t) — E; (1) > 6(¢)

selection shifts abruptly from A to B.

Access-Driven Transition

Alternatively, consider no change in weighting parameters, but a shift in access:
Ag(1):0 > 1

Previously,Az(t) = 0 = Ez(t) = 0, so alternative BBB did not enter evaluation.

Once it becomes accessible:

Ep(t) = Ep(t)

E;(t) > E;(t)andEg(t) — E;(t) > 6(t)

Selection shifts immediately to BBB without any change in intrinsic properties or
weights.



Interpretation
This example illustrates four core properties of the model:

o Reweighting-driven change:
Behavioral change can result from shifts in weighting parameters without altering
alternatives

e Access-driven change:
Behavioral change can occur through activation of previously inaccessible
alternatives

o Comparative dominance shift:
Selection depends on relative ordering of effective evaluative scores

e Threshold-based transition:
Behavioral change is discontinuous and occurs when dominance exceeds a
threshold



4. Research Design and Methodological Pathways

The evaluative model defined in the previous section implies that empirical analysis must
reconstruct the selection mechanism rather than measure motivation as a static variable.
Specifically, research design must enable estimation of the underlying evaluative
function E;(t), the effective evaluative function E;(t), identification of weighting
parameters, modeling of evaluative access, and detection of threshold-based transitions in

selection.

This requires representing motivation as a structured comparison across alternatives and
capturing how contextual variation modifies constraints, reweighting, access structure,

and comparative dominance.
Methodological design must therefore align with the following causal sequence:

context — constraints — {weighting access — E;(t) = dominance — selection

This formulation reflects that behavioral outcomes depend not only on how alternatives

are evaluated, but also on which alternatives are available for evaluation.



4.1 Alternative-Based Measurement Architecture

Because selection operates across alternatives, the primary unit of analysis is the

alternative 0;, not the individual in isolation.

Each alternative must be represented as a multidimensional profile:

(5:(0, Fi(®), Coi(®), Cri(®))

However, not all alternatives are necessarily available for evaluation at a given time.

Measurement designs must therefore account for evaluative access:
4;(t) €{0,1}
which determines whether an alternative enters the evaluative field.

Accordingly, experimental and observational designs must explicitly construct and
control both:
* the composition of alternatives

» the structure of access to alternatives

Measurement designs must therefore present competing alternatives in a way that allows
estimation of how their attributes contribute to evaluation, while also specifying which

alternatives are accessible under given conditions.

Suitable approaches include:

« structured scenario designs with controlled inclusion/exclusion of alternatives
« multi-attribute evaluation tasks with manipulated salience or exposure

» discrete choice experiments and conjoint analysis with constrained choice sets

» profile-based assessment under controlled constraint and access variation

These designs allow reconstruction of effective evaluative scores E; (t) rather than

isolated variable effects.



4.2 Estimating Evaluative Weighting
The central empirical task is estimating the context-dependent weighting parameters:

(‘)s(t)r wf(t); wcs(t)' wcf(t)

This requires experimental or observational designs that induce trade-offs between

symbolic and functional attributes, as well as between benefits and constraints.

However, weighting parameters must be estimated conditional on evaluative access.
Since evaluation operates only over accessible alternatives, observed choices reflect the

effective evaluative function:
E{ () = Ai(0) - Ei (D)
Accordingly, estimation procedures must explicitly distinguish between:
 variation in weighting parameters w, (t)
« variation in access structure A;(t)

Failure to account for evaluative access leads to biased or misidentified weighting
estimates, as non-selection may reflect inaccessibility (4;(t) = 0) rather than low

evaluative weight.
Identification Strategy

To separate weighting from access effects, empirical designs should implement at least

one of the following strategies:

« Controlled access designs: hold A4;(t) = 1 for all alternatives and vary attributes

to isolate weighting effects

o Access manipulation designs: vary exposure, salience, or recall to induce

changes in A;(t) while holding attributes constant

« Joint estimation approaches: model both w; (t) and A;(t) within a unified

framework (e.g., latent availability or selection models)



Estimation Approaches
Suitable empirical approaches include:
« trade-off paradigms manipulating symbolic vs. functional attributes

« discrete choice models estimating implicit weights (e.g., multinomial logit, mixed

logit)
e conjoint analysis decomposing attribute-level contributions

« within-subject designs tracking weight shifts under changing constraint conditions

Objective of Estimation

The objective is not to measure preference intensity as a latent scalar, but to reconstruct

the structure of the evaluative function:
Ei(t) = ws(t) S;(t) + wp(t) Fi(t) — wes(t) Cs i () — wep(t) Cr i (1)

conditional on the accessible set of alternatives defined by A;(t).



4.3 Capturing Reweighting Dynamics

Reweighting is a temporal process and must be observed across changing contexts.

Empirical strategies include:

* longitudinal panel designs tracking repeated evaluation

* repeated-measures experiments with controlled contextual shifts
* event-based sampling during transitions in constraint conditions

* time-series analysis of evolving choice patterns
These approaches allow estimation of:
wi(t+ 1) — wi(t)
and identification of how contextual changes modify weighting parameters.

However, temporal variation may also affect evaluative access. Changes in observed
behavior may therefore result from:
* reweighting of evaluative components wy, (t)

* changes in the accessibility of alternatives A;(t)

Accordingly, empirical designs must distinguish between these two processes. This can
be achieved by:

* holding the accessible set constant while varying contextual conditions (isolating
reweighting)

* manipulating exposure or retrieval conditions to induce access variation

» comparing stable-choice sets vs. dynamically revealed alternatives

Only under controlled access conditions can changes in observed behavior be reliably

attributed to reweighting rather than to shifts in the structure of the evaluative field.



4.4 Measuring Comparative Dominance

Comparative dominance is inferred from the relative ordering of evaluative scores across

alternatives.

However, dominance is defined over the set of accessible alternatives, not over all
possible alternatives. Accordingly, dominance must be evaluated in terms of effective

evaluative scores:
Ef(t) = Ay (®) - E; (1)
Dominance is therefore defined as:
E{ (t) > E} ()
for alternatives i, j within the accessible set.

Empirical indicators include:

» rank ordering across accessible alternatives

* selection probability distributions within constrained choice sets

» stability vs. volatility of preferred options under controlled access

* sensitivity of rankings to contextual variation

Analytical tools include:
* discrete choice models
* multinomial logistic regression
* Bayesian preference estimation

» utility-based modeling frameworks
These methods allow estimation of comparative dominance relations:
Ei (t) > E; (1)

and identification of dominant alternatives under specific contextual and access

conditions.



4.5 Detecting Threshold-Based Selection Dynamics

A central prediction of the model is that selection occurs when a dominant alternative

exceeds competing alternatives beyond a context-sensitive threshold.

Let the set of accessible alternatives at time t be defined byA;(t) = 1. Selection is

evaluated over this set.
Formally, selection occurs when:

"=, g,

and
Ei:(t) — Eq(t) > 6(t)

where:

E;(t) = A;(t) - E;(t) : effective evaluative score

E(,)(t) : second-highest effective evaluative score among accessible alternatives

0(t) = 0 : context-sensitive selection threshold

Thus, threshold dynamics operate on comparative differences within the accessible

evaluative field, not on absolute values.
Empirical Detection Strategy

Detecting threshold dynamics requires designs sensitive to non-linear transitions in

behavior. Suitable approaches include:
« incremental manipulation of symbolic or functional attributes
« high-resolution tracking of choice probabilities across small parameter changes
e response-time analysis as an indicator of near-threshold instability

o detection of abrupt switching under small perturbations



Analytical Methods

Threshold dynamics can be empirically identified using:

non-linear regression models

change-point detection techniques

threshold-based discrete choice models (e.g., models with switching regimes)

Estimation Objective
These approaches allow identification of:
« the threshold function 6(t)
« the conditions under which comparative dominance translates into stable selection

« regions of instability where E;:(t) — E(,)(t) ~ 0(t)



4.6 Context—-Constraint Mapping

Context influences selection indirectly by modulating multiple components of the
evaluative system. While constraints constitute a primary pathway, contextual variation

also affects weighting parameters and evaluative access.

Accordingly, empirical design must model:

context — (Csji(t), Cri(0), wi (D), Al-(t))

where:
* C,,i(t), G () : constraint intensities
* wi(t) : weighting parameters

* A;(t) : evaluative access

This requires:

 manipulation of resource availability and environmental conditions (affecting functional
constraints and weighting)

» measurement of identity salience, legitimacy, and normative pressure (affecting
symbolic constraints and weighting)

* controlled variation in exposure, recall, or salience to capture access dynamics

» modeling the translation of contextual variation into both constraint intensity and

evaluative structure

Accordingly, context does not act as a direct driver of selection, but as a higher-order
variable that reshapes:

* constraint intensity

» relative weighting of evaluative components

* the set of accessible alternatives

This step is critical for establishing causal structure rather than correlation, as it allows
disentangling how contextual variation propagates through the evaluative system to

produce observable behavioral outcomes.



4.7 Multilevel and Network Integration

Selection occurs within relational and institutional fields. Evaluative structures may

therefore be distributed across agents rather than confined to isolated individuals.

At the collective level, both evaluative weighting and access to alternatives are shaped
through network interaction. Accordingly, empirical modeling must extend the

individual-level framework to include:
Af(),  wi(t)

where:
* aaa: agent index
« A% (t) : agent-specific evaluative access

* wy (t) : agent-specific weighting parameters

Network structure influences selection through three primary pathways:

« diffusion of alternatives — modifies A{ (t)) (what becomes accessible)

« social influence and normative pressure — modifies w§ (t) (how components are
weighted)

* collective constraint structures — modifies C;, Cr ;i across agents

As a result, dominance patterns are not purely individual but may propagate across the

network:

E; (“)(t) = A¥(t) - EF(t) and selection at the collective level emerges from

interdependent evaluative processes.

Relevant approaches include:

* social network analysis of alternative diffusion (access dynamics)

* multilevel modeling across individuals and groups (weighting variation)
» tracking propagation of dominance patterns across networks

« agent-based simulations of distributed evaluative selection



This allows extension of the model from individual-level selection to collective
dynamics, where behavioral patterns emerge not from aggregation of independent

preferences, but from network-structured evaluation, access, and reweighting processes.



4.8 Predictive Modeling

Once evaluative weights, constraint sensitivity, and access structure are estimated, the

model supports prediction.

Predictive modeling must therefore operate on the full evaluative system:
Ef () = Ai(®) - [ws(D)S;i + wr(DF; — wes(D)Csi — wer (D) Cr ]
with selection defined by:

E{(t) = max Ej (Dand} (t) = E5(£) > 0(2)

Accordingly, prediction requires modeling:

* reweighting dynamics wy (t) under contextual variation
* constraint modulation Cg;, Cr ;

* evaluative access A4;(t)

» threshold conditions 8(t)

Predictive strategies include:

* simulation of reweighting under hypothetical contextual changes

« forecasting shifts in comparative dominance within accessible sets

* estimating selection probabilities conditional on access and threshold

« agent-based modeling of distributed evaluative fields

A key implication is that prediction is inherently nonlinear. Small contextual changes
may produce abrupt behavioral transitions when threshold conditions are crossed, while
larger changes may produce no observable effect if alternatives remain below threshold

or inaccessible.

This transforms the framework into a predictive system in which behavioral change is
anticipated not as gradual variation, but as structurally constrained transitions resulting

from shifts in evaluative weighting, access, and threshold dynamics.



5. Implications for Formal Modeling, Estimation, and

Prediction

The formal structure introduced in this article defines a minimally sufficient system for
modeling motivational selection. Rather than representing motivation as a latent variable,
the model specifies a computable evaluative function over alternatives, constrained by

access, and a selection rule based on comparative dominance and threshold crossing.

Formally, effective evaluative scores are defined as:

E;(t) = Ai (t) ' [ws (t)si + U)f(t)Fi — Wcs (t)cs,i - wcf(t)cf,i]
with selection defined as:

E{(t) = max Ej(t) and E{(t) =~ E3(t) > 6(1)

where selection depends on both the relative dominance of an alternative within the

accessible set and its separation from competing alternatives.

This shifts the object of empirical analysis from measuring motivational states to
estimating:

* the structure of the evaluative function

* the dynamics of weighting and constraint sensitivity

* the structure of evaluative access

* the threshold conditions under which selection occurs

Accordingly, behavioral outcomes are not treated as direct expressions of internal states,
but as the result of structured evaluation over accessible alternatives under nonlinear

selection conditions.



5.1 Estimation of Symbolic—Functional Weighting Parameters
Within this framework, the context-dependent weighting parameters:

ws(8), wr(t), wes(t), wer(t)
are empirically estimable.

Symbolic value S;(t) can be operationalized through identity relevance, normative
commitment, and perceived legitimacy. Functional return F;(t) can be represented
through feasibility, efficiency, and expected utility. Symbolic constraints C; ;(t) include
identity threat and social disapproval, while functional constraints Cr ;(t) include cost,

effort, and risk.

Estimation proceeds through observed selection behavior across structured alternatives.
However, because evaluation operates over a constrained set of accessible alternatives,

estimation must be conducted conditional on evaluative access:
Ei (t) = Ai(0) - Ei(2)
Accordingly, empirical models must distinguish between:
e Variation in weighting parameters wy (t)
« variation in access structure 4;(t)

Failure to account for access leads to biased inference, as non-selection may reflect

inaccessibility rather than low evaluative contribution.



Estimation Framework
Given the linear specification:
Ei(t) = ws(t) S () + wp(t) Fi(t) — wes(8) G5 i(t) — wep(t) Cri(t)

weighting parameters can be estimated from trade-offs observed in choice data over

structured alternatives.
Empirical estimation can be implemented using:
« multinomial logit or mixed logit models
e conjoint analysis with attribute-level decomposition
« hierarchical or Bayesian choice models capturing heterogeneity

These models infer weighting parameters from systematic variation in choices across

alternatives with controlled attribute profiles.

Identification Requirement
Because observed choices reflect E; (t) , identification requires separating:
e low evaluative scores E;(t)
« inaccessibility A;(t) = 0
This can be achieved through:
o designs with controlled access (all 4;(t) = 1)
« explicit modeling of availability or consideration sets

« joint estimation of access and evaluation processes



Estimation Objective

Rather than estimating isolated attribute effects, the objective is to reconstruct the

evaluative function:
Ei(t) = £ (Si(t), Fi(®), Coi(1), Cpi(2); i (1))
and its effective form:
E{(t) = Ai(0) - Es(D)

This provides a direct empirical grounding for reweighting dynamics under access-

constrained evaluation.



5.2 Threshold Modeling and Selection Dynamics

Selection is governed by a threshold condition defined over comparative differences

within the accessible evaluative field.

Let the set of accessible alternatives at time t be defined by 4;(t) = 1. Selection is

evaluated over this set.
Formally, selection occurs when:
i*(t) =arg Max;. 4,t)=1 E;(t)
and
E;-(t) — Epy (1) > 6(2)

where:

o E;(t) =A;(t) - E;(t) : effective evaluative score

« E(,(t) : second-highest effective evaluative score among accessible alternatives

e 6(t) = 0: context-sensitive sensitivity threshold

Thresholds do not represent an absolute level required for selection, but the minimum
separation required for stable behavioral commitment. Crossing a threshold reflects
sufficient comparative dominance within the accessible set, rather than progression

across stages.



Interpretation of Threshold Dynamics
Threshold-based selection implies two regimes:
e Sub-threshold regime:
E.(t) — E(y(6) < 6(D)
— instability, hesitation, or switching
o Above-threshold regime:
Ei(t) — E;y(t) > 0(t)

— stable selection

Empirical Identification
Threshold dynamics can be identified through:

non-linear transitions in choice behavior

abrupt shifts under incremental manipulation

increased instability and switching near decision boundaries

estimation of sensitivity parameters governing threshold crossing

These patterns reflect the existence of a discontinuity induced by the threshold condition.

Modeling Implication

This formulation allows modeling when continuous reweighting produces discontinuous
behavioral change. Small variations in evaluative differences may trigger selection once
the threshold condition is satisfied, implying that behavioral transitions are structurally

non-linear rather than gradual.



5.3 Selection-Based Modeling Across Alternative

Configurations

The model defines motivation as a selection process over a set of alternatives rather than

a property of a single option.
Each alternative is represented as a point in a multidimensional evaluative space:
(Si Fiy Cs iy Cr )

However, behavioral outcomes are not derived from simple pairwise comparison, but

from structured evaluation within an access-constrained field.

Effective evaluative scores are defined as:

Ef(t) = A;(t) - Ei(t)
and selection occurs when:

E/(t) = mjax Ej *x (t)andE;(t) — E;(t) > 0(t)

Thus, behavioral outcomes depend on:
 comparative dominance within the accessible set

« sufficient separation from competing alternatives (threshold condition)

This structure allows direct modeling of:
» trade-offs between symbolic and functional components
* substitution effects across alternatives

« context-dependent shifts in weighting and access structure

Accordingly, the framework can be integrated with discrete choice models and utility-
based systems, provided that these are extended to incorporate:
* access constraints 4;(t)

« threshold-based selection dynamics

without reintroducing hierarchical assumptions.



5.4 Experimental and Computational Pathways

To operationalize the evaluative framework in simulation and prediction contexts, the

selection process can be represented as an iterative computational procedure:
Algorithm 1: Evaluative Selection under Access and Threshold Constraints
Input:

o Setof alternatives {0i}i¥ =1

« Evaluative components S;(t), F;(t), Cs;(t), Cs,i (t)

« Weighting parameters wg(t), ws(t), wes(t), wer(t)

e Access function A;(t)

e Threshold 6(t)

Step 1: Construct Accessible Set
A) ={il A4 =1}
Step 2: Compute Evaluative Scores
Ei(®) = ws(t) $;(0) + wp(8) Fi(t) — wes(8) Csi(6) — wep (t) Cp i (2)
Step 3: Rank Alternatives
o ldentify:

i*(t) = argmaxcyE; (t)



Step 4: Apply Threshold Rule
e If:
Ei(t) — E;y(t) > 0(t)
— Select 0;+

o Else:

— No stable selection (instability / switching regime)

Step 5: Update System (Dynamic Context)
o Update weights: w(t + 1)
e Update access: 4;(t + 1)
e Update threshold: 6(t + 1)

Repeat for next time step.

This algorithm provides a direct computational implementation of the model and supports

simulation, prediction, and agent-based extensions.



5.5 Prediction of Motivational Transitions

Because selection depends on weighting parameters, access structure, and threshold

conditions, prediction requires modeling the full evaluative system:
Ef(t) = A;(0) - [(‘)s(t) Si() + wp(t) Fi(t) — wes(t) Cs i (t) — wep(t) Cf,i(t)]
Selection is predicted as:

i*(t) = arg iugril(%:l Ef(t) subject to  E;(t) — Exy(t) > 6(t)

Predictive Condition for Transition
A transition from alternative i to j occurs when:

E(t+1) —ERp(t+1) > 6(t+ Dandj # i*(t)

Determinants of Transition
Transitions can be driven by:
o Reweighting dynamics:
wr(t+1) # wi(t)
e Access shifts:
Ai(£):0-1
e Threshold variation:

0(t+1) # 6()



Predictive Insight
Prediction is inherently nonlinear. A transition occurs when:
Eft+1D) —Ep(t+1) =6(t+1)

Small contextual changes near this boundary can trigger abrupt behavioral shifts, while
larger changes may have no effect if the threshold condition is not crossed.

Modeling Implication
This formulation allows forecasting transition likelihood by tracking the distance:
4;(t) = E;+(t) — Egy) ()
and estimating the probability that:
4;(t+1)>6(t+1)

Thus, prediction focuses on threshold crossing dynamics, not gradual variation in

motivational intensity.



5.6 Conceptual Clarification as a Methodological Condition

Formal modeling requires a clearly specified evaluative architecture. Without it,
empirical estimation risks reproducing implicit assumptions embedded in existing

measurement frameworks.

The present model defines a closed evaluative structure based on:
* reweighting dynamics

* evaluative access

* comparative dominance within accessible sets

« threshold-based selection

This provides a stable foundation for subsequent analytical, computational, and
experimental development, ensuring that empirical models operate on explicitly defined

mechanisms rather than implicit assumptions.
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