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PECULIARITIES OF MODELING THE IRRATIONAL BEHAVIOR
OF CONSUMERS IN COMMODITY MARKETS

The paper systematizes determinants of irrational consumer decisions in commodity markets and proposes an operational
coefficient of propensity to irrational behavior that integrates personality traits (emotional instability, introversion, confor-
mity) with situational drivers (limited time and low awareness). We outline a hybrid measurement procedure combining
surveys, digital analytics and neuromarketing signals, and show how the coefficient can be embedded into demand and
marketing-response models for e-commerce.
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Introduction

Commodity markets increasingly operate under dig-
ital choice architectures where time pressure, infor-
mation overload and social signals (ratings, recom-
mendations, influencer content) shape purchasing
decisions. In such environments, deviations from
utility-maximization are systematic rather than ran-
dom and may even improve short-run outcomes for
firms through impulse demand and herding effects.

Recent marketing evidence consolidates how af-
fect and self-control mechanisms drive impulse
purchases across contexts (Iyer et al., 2020). Digi-
tal interfaces can further amplify these mecha-
nisms through nudges and recommender systems
(Weinmann et al., 2016; Jesse & Jannach, 2020),
while social influence effects are especially salient
in online environments (Bhukya & Paul, 2023).

For industrial firms and e-commerce platforms,
the ability to quantify a consumer’s propensity to
irrational behavior is essential for demand fore-
casting, segmentation, and the design of ethically
acceptable marketing interventions.

Although commodity markets are often associ-
ated with standardized products and relatively
transparent pricing, real-world demand is shaped
by information frictions, perceived quality signals,
and situational constraints. Even when products are
technically comparable, consumers face a cognitive
task of translating dispersed signals (brand cues, re-
views, delivery conditions, and promotional fram-
ing) into a purchase decision. Under uncertainty,
this translation frequently relies on simplifications
such as salience, anchoring, and social proof, which
makes the same market conditions compatible with
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both rational and heuristic-driven choices. These ef-
fects become stronger in online settings, where the
consumer’s choice set is dynamically curated and
where perceived scarcity, ratings, and time-limited
offers can accelerate decisions and increase impul-
sive demand (Dabrowska et al., 2021).

From an industry perspective, quantifying these
behavioral mechanisms is important not only for
forecasting sales but also for reducing costly ineffi-
ciencies such as excessive returns, post-purchase
regret, and churn. In high-competition e-com-
merce niches, small improvements in matching of-
fers to behavioral segments can translate into mea-
surable gains in conversion and customer satisfac-
tion. Therefore, a model that connects psychologi-
cal traits with external decision conditions provides
an actionable bridge between behavioral econom-
ics and marketing practice.

Analysis of recent research and publications

Prospect theory and subsequent work on heuris-
tics and biases explain why consumers systemati-
cally depart from expected-utility models, espe-
cially under risk and uncertainty (Kahneman &
Tversky, 1979; Kahneman & Frederick, 2002).

Digital environments add new drivers: platform
design can steer choices without changing prices
or restricting options. The concept of digital nudg-
ing formalizes this phenomenon and highlights its
managerial and ethical implications (Weinmann
et al., 2016). Recommender systems represent a
scalable nudge mechanism; a survey by Jesse and
Jannach (2020) outlines typical nudging patterns
and open research problems.

Empirical studies show that interface-related
stimuli and app experience shape online purchase
intentions and may strengthen non-deliberative
responses (Chopdar & Balakrishnan, 2020). Dur-
ing the COVID-19 period, structural shifts toward
e-commerce further increased the importance of
digital touchpoints and changed consumer rou-
tines (Dabrowska et al., 2021).

A convenient way to interpret platform-driven
irrationality is through the stimulus-organism-re-
sponse (S-O-R) logic. Digital stimuli (interface de-
sign, recommendation ranking, ratings, and pro-
motional cues) affect internal states such as arous-
al, perceived risk, and trust, which then shape ob-
servable responses including product choice and
purchase timing. Empirical evidence from mobile
commerce indicates that app-related cues and ser-
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vice experience can influence purchase intention
through mediated psychological states (Chopdar
& Balakrishnan, 2020). In this sense, the classical
‘black box’ of the consumer is not a passive con-
tainer: it is continuously shaped by micro-inter-
ventions embedded in the digital environment.

The literature on digital nudging with recom-
mender systems further highlights that algorithms
can steer attention and preferences without chang-
ing prices, by altering defaults, salience, and in-
formational context. Such nudges may be welfare-
improving when they reduce search costs, but
they can also amplify imitation and impulsivity,
especially for consumers with higher vulnerability
to social influence or time pressure (Jesse & Jan-
nach, 2020). This observation motivates the need
for a formal parameter capturing individual pro-
pensity toward heuristic decision-making, which
can then be incorporated into demand modeling
and marketing optimization.

Algorithmic feedback loops are a specific mod-
ern channel through which irrationality can be
amplified. Recommendation systems learn from
clicks and purchases, but these signals are them-
selves influenced by salience, defaults, and social
proof. Over time, such systems can create reinforc-
ing loops in which early random advantages be-
come persistent popularity, thereby strengthening
herding effects and reducing diversity of exposure.
For consumers with hig K7 the combination of
time pressure and algorithmic curation may effec-
tively substitute deliberation with platform-driven
heuristics. This implies that the coefficient can be
used to study not only individual choice, but also
the dynamics of preference formation in digital
environments (Jesse & Jannach, 2020).

Social influence remains a core mechanism of ir-
rationality, from informational cascades to confor-
mity-driven consumption. A recent hybrid system-
atic review synthesizes how social influence oper-
ates across consumer decision stages and identifies
measurement challenges (Bhukya & Paul, 2023). In
live-streaming commerce, time pressure and social
presence can intensify impulse buying by com-
pressing deliberation windows (Liu et al., 2023).

Behavioral heterogeneity also interacts with
equilibrium outcomes in markets where consumer
choices are strategically interdependent. When
consumers observe others’ actions (ratings, pur-
chase counters, popularity signals), imitation can
generate multiple self-reinforcing market states,
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including informational cascades and lock-in ef-
fects. In such settings, equilibrium concepts from
game theory clarify how non-standard preferences
and partial information affect stability and welfare.
For example, Berge-type equilibria capture situa-
tions in which agents may sacrifice individual pay-
off to support others, while refinements describe
existence and computation in realistic environ-
ments (Courtois et al., 2017). Within reflexive ap-
proaches, consumer imitation and reflexive con-
trol can be interpreted as mechanisms that shift
equilibrium selection under uncertainty. There-
fore, incorporating K< into demand models is not
merely a behavioral add-on: it is a way to parame-
terize equilibrium-relevant deviations that shape
aggregate market dynamics and strategic outcomes
for firms (Mazhara & Kapustyan, 2019).

At the individual level, personality traits such as
emotional instability (neuroticism) moderate on-
line trust formation and repeated buying, indicat-
ing stable heterogeneity in susceptibility to persua-
sive cues (Lim et al., 2021). Neuromarketing and
consumer neuroscience provide complementary
measurement tools, linking attention and affect to
marketing stimuli at a physiological level (Plass-
mann et al., 2015; Wei & Zhang, 2022).

In the Ukrainian research tradition, reflexive
approaches emphasize imitation, herd behavior
and reflexive control in marketing activities (Shu-
milo, 2017; Shumilo, 2022). Game-theoretic re-
finements such as Berge equilibrium illustrate that
non-selfish (seemingly irrational) behavior may be
consistent within alternative optimality concepts
(Courtois et al., 2017).

Purpose of the article

The purpose of the paper is to substantiate a theo-
retical framework for measuring consumers’ pro-
pensity to irrational behavior in commodity mar-
kets by integrating psychological and situational
factors into a single normalized coefficient, and to
outline directions for its empirical calibration and
further development.

Research results

We distinguish two factor groups that provoke ir-
rational purchase decisions: 1) external factors—
limited decision time and low awareness/experi-
ence; 2) individual factors—emotional instability,
introversion and conformity. Then, from the select-
ed factors, it is possible to form a general coefficient

of propensity for irrational behavior K2 EI:O;I:I,
where: en? — level of emotional instability of
consumer i; in? — level of introversion of con-
sumer i; kn® — level of conformity of consumer i;

d? — level of awareness/experience of consumer i;

v — assessment by consumer i of the time allot-
ted for decision-making.

The obtained numerical values of the listed fac-
tors are normalized into parameters, including
individual characteristics of the consumer en?,
iniQ,kniQ e[O; 1:', which is equivalent to each other
in terms of weight in terms of influence on mani-
festations of imitation in consumer behavior; ex-
ternal factors, which are also comparable to each
other and relate to the assessment of the probability
of a reward prediction error (risk) d?,v? e [0; 1].

The parameters, which consist of the individual
characteristics of the consumer and external fac-
tors, form the general coefficient of imitation of
the consumer K} e[O; 1], which is calculated ac-
cording to the following formula (1):

1 1 1 1 1
KiQ =0,5 —eniQ +—iniQ +—knf2 +0,5 —diQ +—vf2
3 3 3 2 2

The first term captures personality-based vulner-
ability to imitation and impulsivity, while the sec-
ond term captures context-induced cognitive load
and reward-prediction error risk. Equal weights
within each group are used as a transparent base-
line; in applied settings they can be calibrated using
historical conversion data or experimental designs.

(a) Survey module: a representative sample of
potential buyers completes a structured question-
naire; psychometric tools such as the 16PF (Cat-
tell et al., 1970) can be mapped to. (b) Digital ana-
lytics module: behavior traces (session duration,
bounce, search queries, ad reactions, cart aban-
donment) proxy time pressure and awareness, sup-
porting and estimation. (c) Neuromarketing mod-
ule: eye-tracking and EEG/fMRI signals can vali-
date attention and affect and help de-bias self-re-
ports (Plassmann et al., 2015; Bazzani et al., 2020).

In practice, the five inputs of the propensity coef-
ficient can be obtained via a hybrid measurement
strategy. The personality-related components (emo-
tional instability, introversion, conformity) can be
proxied using psychometric instruments (e.g., 16PF-
based scales) and then mapped to [0; 1] by min-max
normalization within the target sample. External
components can be measured both subjectively and
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behaviorally: awareness/experience can be approxi-
mated by self-reported category familiarity and by
digital traces (prior page views, repeat visits, search
depth), while perceived time pressure can be mea-
sured by a short questionnaire item and validated
against session-level indicators such as dwell time
and checkout latency. Using both subjective and be-
havioral proxies reduces common-method bias and
increases robustness to measurement error.

To support extrapolation from the surveyed
group to the relevant market population, the sam-
ple should be stratified by key observable charac-
teristics (age, gender, region, and purchase pur-
pose) and aligned with available platform analyt-
ics. When only a limited survey budget is feasible,
a two-stage design may be used: a small psycho-
metric subsample to calibrate the mapping from
questionnaire scales to normalized factors, fol-
lowed by a larger behavioral sample where exter-
nal factors are inferred from digital signals. Reli-
ability checks (internal consistency of scales and
stability of normalized scores across subgroups)
help ensure that the coeflicient reflects stable ten-
dencies rather than noise.

While psychometric surveys and digital analytics
provide scalable inputs, neuromarketing tools can
serve as an objective benchmark for validating time
pressure, emotional arousal, and attentional pat-
terns. For instance, EEG-based protocols can detect
changes in cognitive load and affective reactions to
marketing stimuli, helping to refine the mapping
from observed behavior to normalized parameters
(Bazzani et al., 2020). However, because neuromar-
keting studies are costly and logistically demanding,
a pragmatic approach is to use them selectively:
small laboratory samples may be employed to cali-
brate the effect sizes of specific nudges or interface
elements, and the calibrated relationships can then
be transferred to larger digital datasets. This trian-
gulation improves construct validity without re-
quiring continuous neuromarketing measurement.

The coefficient can be used as a multiplicative or
mixture parameter in purchase probability models.
For example, for product A, the expected conver-
sion among a population with share Q of irrational-
prone consumers can be estimated by weighting
rational and irrational choice rules, where K7
shifts sensitivity to social proof, scarcity messages
and recommendation exposure.

A simple way to integrate the propensity coeffi-
cient into a purchase model is to interpret it as a
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mixture weight between a rational component and
a heuristic component.

The operational coeflicient is valuable only if it
improves predictive or explanatory performance.
Therefore, firms can validate the approach using
out-of-sample prediction (e.g., comparing log-
loss or AUC with and without K?), as well as field
experiments. In A/B tests, segments with higher
predicted K should exhibit stronger sensitivity
to nudges such as limited-time offers, social proof
badges, or simplified choice sets. Such validation
not only supports the model empirically, but also
helps identify which marketing interventions are
likely to be effective without increasing customer
dissatisfaction.

The baseline specification assigns equal weights
within the personality block and within the exter-
nal block. In applied settings, firms may adjust
these weights based on empirical evidence or do-
main knowledge. One option is to estimate weights
by regressing observed impulsive or imitative ac-
tions on the normalized factors and then rescaling
coefficients to sum to one within each block. An-
other option is to use factor analysis or Bayesian
updating to reflect uncertainty about the contribu-
tion of each component. Importantly, reporting a
sensitivity analysis (e.g., how segment member-
ship or predicted purchase probability changes
under alternative weight sets) strengthens the
credibility of the model and helps avoid overfitting
to a specific sample.

A central methodological challenge is that be-
havioral indicators used to proxy awareness or time
pressure may be endogenous: consumers who are
already inclined to buy may spend less time search-
ing, and highly engaged users may appear ‘more
aware’ because of intention rather than experience.
To mitigate this risk, the measurement pipeline can
incorporate pre-treatment indicators (historical
behavior before exposure to a campaign), use panel
data to separate stable traits from situational
shocks, and validate propensity estimates against
independent survey items. Where feasible, instru-
mental strategies (e.g., exogenous variation in de-
livery time, interface layout, or promotion timing)
can help identify causal effects of external factors.

Firms can (i) segment users by predicted K
and adapt communication intensity; (ii) test time-
limited offers with explicit ethical constraints for
high-K segments; (iii) monitor how platform
changes (recommendations, ranking, social proof)
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affect K?-driven demand dynamics, especially in
e-commerce and marketplaces (Jesse & Jannach,
2020; Weinmann et al., 2016).

Although the discussion often emphasizes
household consumers, similar mechanisms operate
in industrial procurement, where buyers face com-
plex specifications, tight deadlines, and reputa-
tional risk. Procurement committees may rely on
simplified vendor reputations, peer benchmarking,
and conformity to industry standards, especially
when evaluation is costly or information is incom-
plete. In these environments, ‘irrationality’ often
appears as risk-avoidant imitation and preference
for familiar suppliers rather than strict cost mini-
mization. Extending the measurement pipeline to
organizational buyers may involve surveying deci-
sion teams and combining responses with tender
and purchasing histories. This extension strength-
ens the practical relevance of the framework for
industrial markets and enterprise marketing.

Because the proposed framework can be used to
design influence strategies, it is important to dis-
tinguish between supportive nudges and manipu-
lative practices. A responsible application should
aim to reduce decision friction, increase transpar-
ency of product information, and avoid exploiting
vulnerable segments. From a compliance perspec-
tive, firms should ensure lawful data collection,
informed consent for psychometric surveys, and
privacy-preserving processing of behavioral trac-
es. In addition, monitoring fairness outcomes is
advisable, since segmentation by behavioral vul-
nerability may unintentionally target specific de-
mographic groups more intensively.

Understanding irrationality is also relevant for
consumer protection and market regulation. Plat-
forms increasingly face scrutiny regarding ‘dark
patterns’ and manipulative choice architectures. A
quantitative propensity framework can be used
not only to increase conversion, but also to design
safer environments: for segments with high K7,
firms may provide clearer information, cooling-off
prompts, or default settings that reduce regret and
returns. Such an approach aligns commercial ob-
jectives with consumer welfare, potentially im-
proving long-term trust and reducing reputational
risk in industrial and digital markets.

Consider an online retailer introducing product
A in a competitive category. Using a short survey
and early-session analytics, the firm estimates
K} distributions across visitors. For a high-pro-
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pensity segment, the retailer emphasizes simpli-
fied bundles, highlights verified reviews, and re-
duces the number of competing options shown on
the first screen. For a low-propensity segment, the
retailer provides detailed comparison tables and
transparent delivery-cost decomposition. In a con-
trolled A/B test, the model predicts that the high-
propensity segment will respond more to salience
and social proof, while the low-propensity seg-
ment will respond more to attribute-based infor-
mation. This segmented design illustrates how the
coefficient can guide both experimentation and
personalization strategies.

Future work may extend the framework in three
main ways. First, K can be modeled dynamically,
allowing propensity to evolve with learning, re-
peated purchases, and changing market condi-
tions. Second, social influence can be embedded
explicitly via network effects and contagion pro-
cesses, which are especially relevant for platform
markets and influencer-driven demand. Third,
cross-market and cross-cultural validation would
clarify the stability of factor weights and the gener-
alizability of psychometric mappings. These exten-
sions would strengthen both theoretical ground-
ing and practical applicability of the model for in-
dustrial and digital markets.

Conclusions

Modeling irrational consumer behavior belongs to
the class of complex socio-economic modeling
problems because preferences and decision rules
may change both deterministically and chaotically
under marketing stimuli and social interaction.

The paper proposes to treat irrationality as a
measurable propensity shaped by two interacting
factor groups: external (time deficit, low aware-
ness/experience) and individual (emotional insta-
bility, introversion, conformity).

The main scientific contribution is the formula-
tion of an operational coefficient K{in [0;1] that
aggregates these factors in a transparent, group-bal-
anced structure and can be directly embedded into
applied demand and marketing-response models.

The methodological contribution is the pro-
posed hybrid measurement pipeline that combines
1) psychometric survey data; 2) digital analytics of
consumer behavior; 3) neuromarketing signals for
validation and reduction of respondent bias.

For practitioners, the results provide an action-
able way to a) quantify the share and intensity of
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irrational-prone demand; b) design and evaluate
marketing interventions (scarcity, social proof,
recommendations) with controlled risk; ¢) im-
prove customer satisfaction by aligning commu-
nication with the actual decision-making mode
of the target segments.

Addressed recommendations: industrial pro-
ducers and e-commerce retailers should integrate
K — based segmentation into CRM and advertis-
ing systems; market analysts should incorporate
K as a latent variable when forecasting demand
shocks; and policymakers should consider trans-
parency requirements for digital nudges to mitigate
manipulative practices for vulnerable segments.

Scientific novelty is expressed in the integrated
operationalization of personality-driven and con-
text-driven determinants of irrationality within
one coeflicient and in the explicit linkage of that
coefficient to measurable digital traces and neuro-
marketing indicators.

Limitations include the baseline equal-weight
assumption, the cost of neuromarketing tools, and
potential cultural specificity of psychometric map-
pings. Further research should 1) calibrate weights
using longitudinal transaction data; 2) test the
model across product categories and regions; 3) ex-
tend the framework to dynamic settings where K}
evolves under learning and repeated exposure.
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!Nlep>kaBHa ycTaHOBa «IHCTUTYT €KOHOMIKM Ta IPOTHO3YBAHHS
HanjionanpHoi akajiemii Hayk YKpainm»,
By [Tanaca MupHoro, 26, M. Kuis, 01011, Ykpaina

OCOBJIMBOCTI MOJIEMIOBAHHS IPPAIIIOHAIBHOT ITOBEAIHKM
CITIOXXMBAYIB HA TOBAPHUX PMHKAX

Y crarTi gocnifpykeHo 0co6IMBOCTI MOJIe/TIOBaHH ippallioHa/IbHOI OBEiHKM CIIOXKVBAYiB Ha TOBAPHMX PUHKAX Y KOH-
TekcTi nudpoBisawii Ta OCUIEHHS PO peKOMeHJaLlilIHNUX aITOPUTMIB, COLiaTbHIX MepeXX i MeXaHi3MiB «11¢ppoBoro
MiZIITOBXYBaHHA». BUsHaueHO, 1[0 BiXM/IEHHA BiJj pallioHa/IbHOCTI He 3BOJATHCA O IOMUIOK: BOHY MOXYTh TeHepy-
BaTM AK IHAMBifya/nbHi Burpami, Tak i cucTeMHi eekTu (3pocTaHHA MOINUTY, XBUIbOBI IIPOaXki, HECTIMKICTD OUiKy-
BaHb). YTOUHEHO, 110 KTIOYOBMMI TPUTe€paMy ippaljioHalbHIX PillleHb € TO€fHAHH 30BHINIHIX YMOB (Zediut yacy,
HU3bKA MOiHPOPMOBaHICTH/[OCBIA) Ta IHAMBIAyaIbHMX BIACTUBOCTEN (eMOLiiiHAa HeCTilKicTb, IHTPOBepCis, KOH-
(bOPMHICTD), K HOCUITIOIOTh eBPUCTUYHI CYIKEHH:, HACTIAYBaHHA Ta IMIY/IbCUBHICTD. 3aIIPOIIOHOBAHO y3aTabHIO-
Ba/IbHUIT KOe(illieHT CXMIBHOCTI CIOXKMBAYa [0 ippaliioHanbHOI TOBeiHKY, HOpMOBaHMil y Mexxax [0;1], mo arperye
3a3HadeHi (aKTOpY 3 pIBHUMM BaraMyl B Me>XaxX JBOX IPYIL: 0COOMCTICHOI Ta cuTyanitHoi. O6IpyHTOBAaHO IIPaKTUYHUI
croci6 OIiHIOBAaHHS CKIaZoBUX Koe(illieHTa depe3 TakKi KOMIIEMEHTAPHI KaHAMN JaHuX: 1) ONMUTYBAHHA IIi/IbOBOI
aypuropii (30kpeMa mcumxoMmeTpruHi mkanu Ha kmraat 16PF); 2) nudposa anamitrka (IOLUIYKOBI 3anuTy, HOBefiHKa
Ha caiiTi, peakiii Ha pek/Iamy, colianbHi curHann); 3) HeripoMapKeTMHTOBI iHcTpyMeHTH (eye-tracking, EEG Tomo) mis
Basifanii emorifiHol peakuii ta yBaru. Takuit mifxif sMeHIIye Cy0 eKTUBHICTh CAMOOLIIHOK, JO3BOJISIE CETMEHTYBATH
HOIINT 32 PiBHEM CXMIBHOCTI 10 ippaljioHanbHuX pileHs i popMyBaTy 6i1bl TOYHI MapKeTHHIOBI crieHapiil. IIpakTmy-
He 3HAYCHHA Pe3y/IbTaTiB IOJIATAaE B MOXI/IMBOCTI iHTerpyBaTu KoediljieHT y Mogesi IMOBipHOCTI KyIiBJIi, OLliHIOBaTH
edekr gedinnry vacy Ta iHpOpMaLiIHOrO IepeBaHTAXKEHH, HATAIITOBYBATY peKOMEHJaLliliHi MeXaHi3MI i1 KOMYHi-
Karlil /151 pi3HUX CETMEHTIB CIOXXMBaviB. [lepCreKTvBY MOAANbIINX JOCTIKEHD ITOB s13aHi 3 eMIIPUYHOI0 ITePeBiPKOI0
HmapaMeTpiB Ha BeIMKUX MAaCUBaX IaHMX, TOOYLOBOIO AMHAMIYHMX MOJeNel afjanTaliii yogo6aHb, a TAKOXK OI[{HIOBaH-
HAM COLia/IbHUX HAC/Ii/IKiB 3aCTOCYBaHHA IHCTPYMEHTIB BIUIVMBY Ha ippalliOHa/IbHY ITOBE/iHKY.

Kniouosi cnosa: ippanioHasbHa NOBeIiHKA, TOBAPHI PUHKY, KOTHITUBHI ynepemkeHHs, 11dpoBe MiIITOBXYBaHHA,
prcK 0co6MCTOCT, HETIPOMAPKETHH.



