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Decomposing Loss Aversion: Valuation vs. Attention in a Decision Field Theory
Framework

Akhil Abburu (akhil.abburu@hss.iitd.ac.in)1 & Sumeet Agarwal2
1Department of Humanities and Social Sciences, Indian Institute of Technology Delhi

2Yardi School of Artificial Intelligence, Indian Institute of Technology Delhi
New Delhi, India

Abstract

Loss aversion—the idea that losses loom larger than equivalent
gains—is a cornerstone of behavioral economics. Yet estimates
of the loss aversion parameter (𝜆) vary considerably across elic-
itation methods, suggesting this single parameter may conflate
distinct psychological mechanisms. We test this hypothesis
using a hybrid Decision Field Theory, which allows formal
separation of valuation asymmetry (𝜆: losses weighted more
heavily in utility) from attentional asymmetry (𝜅: losses sam-
pled more frequently during deliberation). Fitting hierarchical
Bayesian models to 10 datasets (N = 686; ∼ 140,000 trials),
we find that attentional asymmetry alone provides superior pre-
dictive accuracy in the majority of cases. Simulation analyses
further demonstrate that standard utility models absorb atten-
tional variance into inflated 𝜆 estimates. These findings suggest
that the tendency to reject favorable mixed gambles may sub-
stantially reflect how losses are weighted during accumulation,
rather than solely due to asymmetric valuation.

Keywords: loss aversion; computational modeling; decision
field theory; sequential sampling models

The tendency to reject favorable mixed gambles, where
the potential loss is smaller than the potential gain, is a ro-
bust phenomenon in decision-making (Ruggeri et al., 2020).
Since the development of Prospect Theory (PT; Kahneman
and Tversky, 1979), the dominant explanation for this behav-
ior has been loss aversion (𝜆): a stable, intrinsic valuation
asymmetry where “losses loom larger than gains”. Under this
view, the asymmetry resides in the psychophysics of the utility
function itself, a “kink” at the reference point that renders neg-
ative outcomes subjectively steeper than equivalent positive
ones.

However, recent meta-analyses and large-scale replications
have challenged the stability of 𝜆 as a unitary trait (Gal and
Rucker, 2018; Walasek et al., 2021; Yechiam and Hochman,
2013; see also Spektor et al., 2024). Estimates of 𝜆 fluctuate
significantly depending on the elicitation method, the range of
outcomes, the magnitude of the outcomes, and the estimation
method (Abburu et al., 2025; Mukherjee et al., 2025; Walasek
and Stewart, 2015; see also Brown et al., 2023; Mrkva et
al., 2020). Additionally, process-tracing studies suggest that
this instability may reflect a dynamic allocation of resources
rather than a static preference, where loss aversion arises from
a selective attentional bias toward negative outcomes rather
than a stable valuation asymmetry (Lejarraga et al., 2019;
Pachur et al., 2018). This instability raises a fundamental
question: if 𝜆 cannot be reliably estimated, what explains

the robust behavioral phenomenon it was meant to capture?
One possibility is that static utility models conflate distinct
psychological mechanisms into a single parameter.

Sequential sampling frameworks offer a path toward mech-
anistic decomposition. Zhao et al. (2020) applied Drift Dif-
fusion Modeling (DDM) to mixed gambles, finding that re-
jection reflects not only asymmetric valuation but also a pre-
valuation bias favoring rejection. Similarly, Clay et al. (2017)
localized loss aversion in drift rate (information uptake) rather
than response bias. Sheng et al. (2020) extended this approach
with eye-tracking, showing that preferential gaze toward losses
indexes a distinct attentional component. These DDM-based
decompositions illustrate that unitary “loss aversion” may re-
flect multiple cognitive sources, but they rely on response
times or eye-tracking data.

Decision Field Theory (DFT; Busemeyer and Townsend
1993) provides an alternative decomposition. Unlike DDM,
DFT derives diffusion variance endogenously from conflict
between option values, allowing valuation (𝜆) and attentional
(𝜅) asymmetries to leave distinguishable signatures in choice
probabilities themselves. Although sequential sampling mod-
els are most often applied to response-time data, an estab-
lished literature has used DFT to adjudicate among accounts
of preferential choice from choices alone—probabilistic DFT
outperforming CPT and the priority heuristic on binary risky
choices (Rieskamp, 2008), a minor DFT extension capturing
canonical CPT paradoxes (Bhatia, 2014), and DFT𝜖 providing
the most parsimonious account when CPT, TAX, and DFT𝜖

are compared head-to-head (Kellen et al., 2020). We extend
this tradition by asking whether DFT’s choice-only signatures
can adjudicate the two mechanisms that have been advanced
for loss aversion.

We address this gap by integrating a Prospect Theory-style
valuation parameter (𝜆) directly into the drift rate structure
of a Hierarchical Bayesian DFT. This allows us to test two
competing mechanisms for mixed-gamble rejection within
a single generative framework: (1) Valuation Asymmetry,
where the objective magnitude of a loss is transformed into
a larger subjective utility (𝜆); versus (2) Attentional Asym-
metry, where the decision-maker allocates disproportionate
attentional weight to loss outcomes (𝜅) during evidence accu-
mulation. We fit four nested model variants—Null (𝑀0), Val-
uation (𝑀𝜆), Attention (𝑀𝜅 ), and a Full Model (𝑀𝜆𝜅 )—to 10
datasets (𝑁 = 686, approximately 140,000 trials). We restrict
inference to choice data alone, exploiting DFT’s endogenous
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variance structure to render these mechanisms identifiable;
parameter recovery shows that model selection correctly dis-
tinguishes 𝜅- from 𝜆-generated data in both directions (see
Results).

Theoretical and Computational Framework
We employ a Decision Field Theory (DFT) framework to de-
compose the cognitive mechanisms of loss aversion. DFT
conceptualizes deliberation not as a static calculation of Ex-
pected Utility, but as a sequential accumulation of evidence.
Faced with a gamble, the decision-maker samples affective
evaluations (“valences”) of potential outcomes over time.
These evaluations accumulate into a preference state 𝑃(𝑡),
drifting toward an acceptance or rejection threshold.

To ensure computational tractability for hierarchical
Bayesian estimation, we utilize the analytical solution of the
Wiener diffusion process. In this framework, the probability
of accepting a gamble is a function of the signal-to-noise ra-
tio of the accumulation process. Specifically, the log-odds of
acceptance are given by:

ln
(
𝑃(accept)
𝑃(reject)

)
=

2 · 𝜖 · 𝛿
𝜎2 (1)

where 𝛿 is the drift rate (the expected valence), 𝜎2 is the
diffusion variance, and 𝜖 is a scaling parameter representing
the decision threshold (analogous to boundary separation 𝑎

in standard drift-diffusion models). Crucially, unlike standard
models where drift and variance are independent free parame-
ters, DFT defines them endogenously based on the subjective
utilities and attention weights of the gamble’s outcomes. This
constraint provides a potential basis for distinguishing valua-
tion from attention effects.

Utility and Valuation
We assume a subjective utility function 𝑢(𝑥) governed by a
curvature parameter 𝛾 and a valuation weighting 𝜆. Following
Cumulative Prospect Theory, we define the utility of the gain
(𝑔) and loss (𝑙) magnitudes as:

𝑢(𝑔) = 𝑔𝛾 , 𝑢(𝑙) = −𝜆 · 𝑙𝛾 (2)

Here, 𝜆 captures Valuation Asymmetry. If 𝜆 > 1, the negative
utility generated by a loss is magnified relative to an equivalent
gain. This corresponds to the traditional definition where
losses feel larger due to the steepness of the utility function.

Attention and Drift
The drift rate 𝛿 is the expectation of the momentary valences.
It is determined by the weighted sum of utilities, where the
weights reflect the allocation of attention:

𝛿 = 𝑊𝑔 · 𝑢(𝑔) +𝑊𝑙 · 𝑢(𝑙) (3)

We parameterize attention via a bias parameter 𝜅 ∈ (−1, 1).
The attention weight allocated to the loss outcome is:

𝑊𝑙 = 0.5 + 0.5𝜅 (4)

and 𝑊𝑔 = 1 −𝑊𝑙 . Here, 𝜅 captures Attentional Asymmetry.
When 𝜅 = 0, attention is symmetric (𝑊𝑙 = 𝑊𝑔 = 0.5). When
𝜅 > 0, the decision-maker systematically over-samples the
loss outcome (𝑊𝑙 > 0.5), driving the drift rate toward rejection
regardless of utility curvature.
𝜅 differs from the distraction parameter in prior DDFT work

(Bhatia, 2014). Distraction adds uniform noise across events;
𝜅 directionally re-weights channels. When 𝜅 > 0, losses
receive more weight in drift computation, increasing their
contribution to evidence accumulation without requiring value
function distortion.

Endogenous Variance and Identifiability
A key theoretical challenge is the conflation of these mech-
anisms: a shift in 𝜆 and a shift in 𝜅 can both lower the drift
rate 𝛿, reducing the probability of acceptance. However, DFT
creates a structural constraint that renders them identifiable:
the diffusion variance 𝜎2 is defined as the variance of the
weighted valence differences:

𝜎2 = 𝑊𝑔 ·𝑊𝑙 · (𝑢(𝑔) − 𝑢(𝑙))2 (5)

This variance term appears in the denominator of the choice
rule (Eq. 1), creating distinct signatures for each mechanism.
Increasing 𝜆 amplifies the utility difference |𝑢(𝑔) − 𝑢(𝑙) |,
thereby increasing 𝜎2 and reducing choice consistency. Con-
versely, shifting 𝜅 away from zero moves attention away from
the symmetric allocation that maximizes 𝑊𝑔 ·𝑊𝑙 , thereby de-
creasing 𝜎2 and increasing choice consistency. By estimating
𝜆 and 𝜅 within this framework, we can assess whether rejection
behavior is better explained by valuation versus attention.

Methods
Datasets
We analyzed 10 datasets containing equiprobable mixed gam-
bles from seven published studies (Khan et al., 2024; Sheng et
al., 2020; Sokol-Hessner, Hartley, et al., 2015; Sokol-Hessner,
Lackovic, et al., 2015; Sokol-Hessner et al., 2009, 2016; Zhao
et al., 2020), comprising 𝑁 = 686 participants and approxi-
mately 140,000 binary choice trials. Across all trials, partic-
ipants decided whether to accept or reject gambles offering a
50% chance of winning (losing) a specified gain (loss).

Data Preprocessing
Trials were excluded if they contained missing responses or
invalid stimulus values. At the participant level, we excluded
individuals with fewer than 20 valid trials or extreme response
patterns (acceptance rates below 5% or above 95%), as such
patterns preclude meaningful estimation of individual-level
parameters. This yielded a sample suitable for hierarchical
estimation while ensuring sufficient within-subject variance
for parameter identification.

Computational Model and Variants
We implemented the DFT framework (Equations 1–5) as a
hierarchical Bayesian model in Stan. The choice probability
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follows directly from Equation 1; we describe here only the
hierarchical structure and estimation procedures.

We estimated four nested model variants to isolate the con-
tributions of valuation and attentional asymmetries (Table 1).
The Null Model (𝑀0) assumes symmetric valuation (𝜆 = 1)
and symmetric attention (𝜅 = 0), attributing all individual
differences to the scaling parameter 𝜖 . The Valuation Model
(𝑀𝜆) freely estimates𝜆while fixing 𝜅 = 0, testing whether loss
aversion arises from asymmetric utility. The Attention Model
(𝑀𝜅 ) fixes 𝜆 = 1 and estimates 𝜅, testing whether loss aversion
reflects biased information sampling. The Full Model (𝑀𝜆𝜅 )
estimates both parameters simultaneously to assess whether
both mechanisms contribute independently. Across all mod-
els, utility curvature was fixed at 𝛾 = 0.88, consistent with
canonical Prospect Theory estimates (Tversky & Kahneman,
1992).

Table 1: Model Variants and Free Parameters
Model 𝜖 𝜆 𝜅 Interpretation
𝑀0 Free Fixed Fixed No asymmetry
𝑀𝜆 Free Free Fixed Valuation bias
𝑀𝜅 Free Fixed Free Attention bias
𝑀𝜆𝜅 Free Free Free Both mechanisms

Hierarchical Structure
All models employed a hierarchical (multilevel) structure to
partially pool information across participants. Each param-
eter was decomposed into a group-level mean, group-level
standard deviation, and individual-level deviations. This ap-
proach balances the bias-variance tradeoff: participants with
limited data are regularized toward the group mean, while par-
ticipants with robust data are allowed to deviate. To avoid the
‘funnel’ pathologies common in hierarchical cognitive mod-
eling, we used non-centered parameterization for all group-
level variance components to facilitate efficient sampling (Pa-
paspiliopoulos et al., 2007).

Parameters were constrained to theoretically meaningful
ranges via link functions: 𝜖𝑖 = exp(𝜇log 𝜖 +𝜎log 𝜖 · 𝑧 (𝜖 )𝑖

) (log-
normal, ensuring 𝜖 > 0), 𝜆𝑖 = 0.01 + 4.99 · logit−1 (𝜇∗

𝜆
+ 𝜎∗

𝜆
·

𝑧
(𝜆)
𝑖

) (scaled logit-normal, 𝜆 ∈ [0.01, 5.0]), and 𝜅𝑖 = 0.99 ·
tanh(𝜇∗𝜅 + 𝜎∗

𝜅 · 𝑧
(𝜅 )
𝑖

) (scaled tanh-normal, 𝜅 ∈ (−0.99, 0.99)).
Weakly informative priors were placed on group-level pa-

rameters. The prior on 𝜆 corresponds to a prior median of
approximately 𝜆 = 1.5, encompassing both loss-neutral and
moderately loss-averse values. The prior on 𝜅 is centered at
zero (symmetric attention) with sufficient dispersion to detect
biases in either direction.

Estimation
Models were implemented in the probabilistic programming
language Stan Carpenter et al., 2017 via the cmdstanr inter-
face (Gabry et al., 2025). We ran 4 parallel chains with 3,000
warmup iterations and 5,000 sampling iterations per chain

(yielding 20,000 posterior draws per model). Sampler param-
eters were tuned per model: 𝑀0 used adapt_delta = 0.90;
𝑀𝜆 and 𝑀𝜅 used adapt_delta = 0.95 with max_treedepth
= 11; 𝑀𝜆𝜅 used adapt_delta = 0.95 with max_treedepth
= 12. Convergence was assessed via the 𝑅̂ statistic (all
𝑅̂ < 1.01), ESS, and through traceplots.

Model Comparison
We compared models using approximate leave-one-out cross-
validation (LOO-CV) computed via Pareto-smoothed impor-
tance sampling (PSIS-LOO; Vehtari et al., 2017). When
Pareto-𝑘 diagnostics exceeded 0.7 for individual observa-
tions (indicating unreliable importance weights), we applied
moment matching to stabilize estimates. Model selection
was based on the expected log pointwise predictive density
(ELPD) difference and associated standard errors. We ad-
ditionally computed stacking weights to quantify the relative
predictive contribution of each model.

Posterior Predictive Checks
To validate model fit beyond aggregate predictive accuracy, we
conducted posterior predictive checks examining: (1) calibra-
tion via Leave-One-Out Probability Integral Transform (LOO-
PIT) checks to ensure correspondence between predicted ac-
ceptance probabilities and observed acceptance rates); (2)
posterior contraction (shrinkage) to verify that data rather than
priors drove parameter estimation; (3) sensitivity to stimulus
features (correlation between predicted/observed choices and
gain/loss); and (4) individual-level fit (correspondence be-
tween observed & predicted acceptance rates). These assess
whether models capture the key qualitative patterns in the
data, independent of formal model comparison metrics.

Results
Simulation
Before presenting empirical results, we validated that the DFT
framework can distinguish attentional from valuation mecha-
nisms using choice data alone, through simulation using the
empirical stimulus structure (𝑁 = 100, 200 trials/subject).

Model Recovery We generated synthetic data from either a
pure attentional mechanism (𝜅 > 0, 𝜆 = 1) or a pure valuation
mechanism (𝜅 = 0, 𝜆 > 1). PSIS-LOO correctly identified
the generating mechanism in both cases, though with asym-
metric sensitivity: when attention was ground truth, 𝑀𝜅 won
decisively (ΔELPD = 243.8, SE = 21.6); when valuation was
ground truth, 𝑀𝜆 won with a smaller margin (ΔELPD = 9.8,
SE = 5.6). This bidirectional recovery rules out a generic
model-selection bias toward 𝑀𝜅 .

Parameter Recovery When the correct model was fitted, 𝜅
was robustly recovered (Figure 1A); 𝜆 recovery was weaker
(𝑟 = 0.65; Panel B), consistent with known identifiability
challenges for utility parameters. Crucially, Panel C reveals a
systematic confound: when data were generated by attentional
bias alone, fitting the misspecified Valuation model yielded
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Figure 1: (A) Recovery of 𝜅 when data were generated by 𝑀𝜅 (𝑟 = 0.97). (B) Recovery of 𝜆 when data were generated by
𝑀𝜆 (𝑟 = 0.65). (C) Spurious 𝜆 estimates when fitting 𝑀𝜆 to attention-generated data; the linear relationship demonstrates that
valuation models can absorb attentional bias into the loss aversion parameter.

spurious loss aversion estimates (𝜆̂ > 1) that scaled linearly
with true 𝜅. This demonstrates that standard utility models
may absorb attentional processing into the 𝜆 parameter, inflat-
ing apparent valuation asymmetry.

Full Model Non-Identifiability We also explored 𝑀full, es-
timating both 𝜅 and 𝜆 simultaneously. While this yielded
marginal improvements in ELPD, posterior estimates exhib-
ited near-perfect negative correlation (𝑟 ≈ −0.95), confirming
that choice data alone cannot uniquely locate participants on
the continuum between “high valuation / low attention” and
“low valuation / high attention.” Process-tracing data (e.g.,
eye-tracking) would be required to resolve this ambiguity.

Model Comparison
Having established identifiability, we compared out-of-sample
predictive accuracy across 10 datasets (𝑁 = 686) using PSIS-
LOO.

Figure 2 summarizes the pairwise ΔELPD between 𝑀𝜅 and
𝑀𝜆. The Attentional model (𝑀𝜅 ) outperformed the Valu-
ation model (𝑀𝜆) in 7 out of 10 datasets. In the remain-
ing cases, differences were negligible (confidence intervals
overlapping zero), suggesting no decisive advantage for the
valuation mechanism. Using the zhao2020_s1 dataset as a
representative example, 𝑀𝜅 provided substantially better fit
than 𝑀𝜆 (ΔELPD = 59.6, SE = 10.0), and both models vastly
outperformed 𝑀0.

Parameter Estimates
Posterior estimates from the best-fitting 𝑀𝜅 model reveal a
consistent attentional bias toward loss outcomes. For in-
stance, in the zhao2020_s1 dataset, the group-level mean
for the attentional weight parameter was 𝜇𝜅 = 0.23 (95% CI
[0.16, 0.30]). In our parameterization, 𝜅 = 0 implies equal
attention (𝑊𝐿 = 0.5), while 𝜅 = 0.23 implies that participants
allocated approximately 61.5% of their attentional weight to

Figure 2: Pairwise difference in expected log pointwise pre-
dictive density (ΔELPD) between 𝑀𝜅 and 𝑀𝜆 across 10
datasets. Positive values favor the Attentional model. Error
bars represent ±2 SE. Green points indicate datasets where
𝑀𝜅 outperforms 𝑀𝜆; red points indicate the reverse.

the loss outcome (𝑊𝐿 = 0.5 + 0.5𝜅). Table 2 summarizes the
posterior estimates of 𝜅 across all 10 datasets.

Posterior Predictive Performance
To validate model fit beyond aggregate predictive accuracy,
we examined the correspondence between model predictions
and observed choice patterns.

Figure 3 displays posterior predictive performance for Zhao
et al. (2020) Study 1, selected as a representative case (5th of
10 in relative fit) to avoid cherry-picking. The model achieved
89.6% accuracy (MAE = 0.175; RMSE = 0.285), recover-
ing the indifference boundary through asymmetric attention
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Table 2: Model comparison and posterior estimates of 𝜅 across
datasets (∼150–240 trials per participant). Positive ΔELPD
favors 𝑀𝜅 over 𝑀𝜆.

Dataset N ΔELPD (SE) 𝜇𝜅 [90% CI]
psh2016 95 209.0 (14.1) 0.20 [0.16, 0.23]
zhao2020_s2_hp 52 116.0 (14.1) 0.34 [0.29, 0.38]
sheng2020 93 99.9 (15.4) 0.22 [0.18, 0.26]
psh2015b 47 76.2 (8.5) 0.13 [0.08, 0.18]
zhao2020_s1 43 59.6 (10.3) 0.23 [0.16, 0.30]
psh2009 29 32.0 (5.1) 0.03 [-0.05, 0.10]
psh2015a 34 27.8 (6.8) 0.15 [0.07, 0.23]
khan2024_low 100 17.9 (12.4) 0.02 [-0.01, 0.05]
zhao2020_s2_lp 36 1.5 (2.7) 0.02 [-0.01, 0.05]
khan2024_high 108 –7.9 (5.1) 0.05 [0.04, 0.06]

alone.
Panel A shows that participants exhibit a sharp decision

boundary along the diagonal, transitioning rapidly from ac-
ceptance (high gain, low loss) to rejection (low gain, high
loss). The model successfully captures this topography,
though it predicts a slightly more gradual probability gradient
across the boundary than observed empirically.

Panel B displays the residual map (Predicted − Observed),
revealing that systematic deviations are modest in magnitude
(range: [−0.24,+0.17]) and confined to specific regions. Two
patterns emerge:

The largest negative residual occurs at the symmetric trade-
off point (Gain = 10, Loss = 10; residual = −0.24), where ob-
served acceptance rates (48.1%) exceed predictions (23.8%).
At this “fair gamble” cell—where gain and loss magnitudes
are equal—participants approach indifference, yet the model,
with its constant attentional bias toward losses, predicts clear
rejection.

The largest positive residual occurs in the high-gain/high-
loss region (Gain = 80, Loss = 100; residual = +0.17), where
the model predicts 20.4% acceptance but observed rates are
only 3.7%. This indicates that extreme magnitudes may trig-
ger additional inhibitory processes not fully captured by linear
evidence accumulation with constant 𝜅.

Discussion
The present study examined whether Decision Field Theory
can elucidate the mechanisms underlying the tendency to re-
ject gambles that offer positive expected value—a behavioral
pattern traditionally attributed to loss-averse valuation (𝜆). By
embedding both valuation asymmetry and attentional asym-
metry (𝜅) within a single hierarchical framework, we tested
which mechanism provides a more parsimonious account of
rejection behavior.

Across 10 datasets (𝑁 = 686; ∼140,000 trials), the Atten-
tional model (𝑀𝜅 ) provided better out-of-sample predictions
than the Valuation model (𝑀𝜆) in seven cases, with no dataset
strongly favoring 𝑀𝜆. Group-level 𝜅 estimates ranged from
0.02 to 0.34 (median = 0.14), with 90% credible intervals ex-
cluding zero in the majority of datasets—indicating consistent

attentional bias toward losses sufficient to produce rejection
patterns traditionally attributed to asymmetric utility. Param-
eter recovery simulations confirmed that these mechanisms
are distinguishable from choice data alone, though joint esti-
mation yields non-identifiable posteriors.

Theoretical Implications
These findings—where attention captures variance tradition-
ally attributed to valuation in the majority of datasets—have
implications for interpreting 𝜆 estimates in the broader liter-
ature. Specifically, the superior predictive accuracy of 𝑀𝜅

supports a process account in which rejection of mixed gam-
bles can arise from the over-sampling of loss outcomes during
deliberation: because losses enter the evidence stream more
frequently (𝑊𝐿 > 0.5), accumulated evidence drifts toward
rejection even when the utility function is symmetric.

If attentional asymmetry can produce rejection patterns in-
distinguishable from valuation asymmetry, then elevated 𝜆

values may partially reflect attentional processes. Our pa-
rameter recovery simulations formalize this concern: fitting
a misspecified Valuation model to attention-generated data
yielded spurious 𝜆 estimates that scaled linearly with true 𝜅

(Figure 1C). This suggests that the canonical 𝜆 ≈ 2 finding
may conflate utility-level and process-level asymmetries, pro-
viding one potential explanation for the heterogeneity of 𝜆

across elicitation methods (cf. Abburu et al. 2025; Walasek
et al. 2021).

The residual analysis reveals boundary conditions of the
attentional account. At symmetric trade-offs (Gain = Loss),
participants approached indifference despite the model pre-
dicting rejection, suggesting an attenuation of loss attention.
At high-stakes, the model underpredicted rejection, indicat-
ing that large magnitudes may recruit avoidance heuristics
beyond constant-𝜅 accumulation. These systematic devia-
tions point toward magnitude-dependent (Mukherjee et al.,
2025) extensions—perhaps 𝜅( |𝑥 |) rather than constant 𝜅—as
a direction for future modeling.

Importantly, our findings establish the sufficiency of atten-
tional asymmetry to account for rejection behavior, not the
exclusion of valuation asymmetry. The non-identifiability of
𝑀𝜆𝜅 indicates that choice data alone cannot empirically dis-
entangle individuals along the valuation–attention continuum.
Rather, we demonstrate that when these mechanisms compete
on parsimony grounds, attention provides superior predictive
accuracy. Whether DDM-based decompositions (Zhao et al.,
2020) and DFT-based decompositions converge on the same
individuals remains an open question—specifically, whether
participants who exhibit high response bias toward rejection
in DDM (𝑧 < 0.5) are the same participants who exhibit high
attentional bias toward losses in DFT (𝜅 > 0), reflecting a
common underlying trait or dissociable processes.

Limitations
While our results suggest that attentional weighting (𝜅) offers
a more parsimonious account of asymmetry in risky choice
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Figure 3: Posterior predictive performance of the attentional model (𝑀𝜅 ). (A) Observed and predicted acceptance rates
across the gain–loss space in the Zhao et al. (2020) Study 1 dataset. (B) Residual map (Predicted − Observed); blue indicates
underestimation, red indicates overestimation. The model achieves 89.6% classification accuracy and recovers the slope of the
indifference boundary through asymmetric attention alone (𝜅 = 0.23; 𝜆 = 1). Systematic residuals are confined to symmetric
trade-offs (underestimation at Gain = Loss) and high stakes (overestimation).

than valuation (𝜆), several constraints should be considered.
First, our reliance on choice outcomes alone leaves tem-

poral dynamics unconstrained. Although parameter recovery
simulations confirm that 𝜅 is identifiable from choices in this
design, the high posterior correlation between 𝜆 and 𝜅 in
𝑀full indicates that these mechanisms remain partially con-
flated without additional data. Future work should integrate
response times or gaze data (Fiedler & Glöckner, 2012; Kra-
jbich et al., 2010) to provide process-level constraints that
break this statistical dependency.

Second, we restricted analysis to equiprobable (50/50) gam-
bles to eliminate probability weighting as a confound (effec-
tively making the distraction parameter inert in the DDFT
framework; Bhatia (2014)). While this enhances internal va-
lidity, it limits generalizability. Whether 𝜅 captures similar
variance in designs with skewed probabilities (e.g., rare-event
paradigms) remains an open question.

Third, our DFT implementation assumes constant drift, cap-
turing the net attentional bias rather than dynamic attention
switching as modeled in full multi-attribute DFT (Diederich,
1997). Relatedly, our residual analysis revealed systematic de-
viations at magnitude extremes (Figure 3B), suggesting that
a constant-𝜅 assumption may not hold across the full stim-
ulus range. Extensions incorporating magnitude-dependent
attention or threshold-based heuristics warrant exploration.

Fourth, our DFT implementation does not include asym-
metric decision thresholds, which would capture response bias
toward rejection. Prior DDM work has identified starting-
point bias as a significant contributor to loss-averse behavior
(Sheng et al., 2020; Zhao et al., 2020). Whether DFT’s 𝜅 and
DDM’s 𝑧 capture the same underlying process or represent
distinct mechanisms requires future cross-model comparison.

Finally, we consider the challenge of model mimicry (Stott,
2006). While our recovery simulations demonstrate that 𝜅 and

𝜆 are mathematically distinct within this framework, it remains
possible that the attentional parameter 𝜅 absorbs variance from
unmodeled processes, such as nonlinearities in the compari-
son stage or response biases. The current findings, however,
suggest that the behavioral phenomenon traditionally mapped
onto a valuation parameter is mathematically better described
as a bias in evidence accumulation.

Conclusion
We developed a hybrid Decision Field Theory framework that
embeds PT-style valuation asymmetry (𝜆) into DFT’s structure
to adjudicate between valuation and attentional accounts of
mixed-gamble rejection using binary choice data.

Across 10 datasets, attentional asymmetry (𝜅) provided su-
perior predictive accuracy, with participants allocating ap-
proximately 57–67% of processing weight to losses. Simu-
lations confirmed these mechanisms are distinguishable via
DFT’s endogenous variance, though joint estimation requires
process-tracing data. Fitting misspecified valuation models
to attention-generated data produced spurious 𝜆 estimates,
suggesting standard utility models absorb attentional variance
into inflated loss-aversion parameters.

These findings demonstrate that attentional bias is sufficient
to account for rejection behavior within this framework, pro-
viding an alternative generative explanation to asymmetric
valuation. More broadly, this work represents one attempt
to augment process models with constructs from descriptive
theories (here, 𝜆 from Prospect Theory), an approach that
may prove useful for adjudicating between mechanisms that
neither framework could easily distinguish alone.
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