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Digital commerce platforms compete with local vendors under frictions of time, price, and visibility. We test whether an
interpretable choice model with reinforcement and social influence can yield substantial changes in aggregate market share as
control parameters vary. We simulate repeated customer choice among vendors using a utility function that combines vendor
attributes (price, delivery or travel time, rating), reinforcement from past interactions (optionally decayed), and a prior-popularity
social term. Choices follow a Boltzmann rule with temperature T controlling decision noise. An information parameter γ

controls discovery of local options; γ = 0 keeps locals invisible and yields zero local purchases by construction. We measure
late-time local share, market concentration (HHI), and diversity (entropy). In a baseline setting (T = 0.5, γ = 0.3, φ = 0.2),
the market is concentrated and local share is low (≈ 0.17). Enabling an Open Network for Digital Commerce (ONDC)-style
protocol and increasing the protocol distance weight w increases local competitiveness at the same T and γ . Late local share rises
from ≈ 0.17 (w = 0) to ≈ 0.55 (w = 1), and market concentration falls correspondingly (HHI from ≈ 0.64 to ≈ 0.30; entropy
from ≈ 0.79 to ≈ 1.44). A γ ×w interaction slice shows that γ gates local participation (local share ≈ 0 for γ = 0 at all w), while
w modulates outcomes once locals are discoverable (γ > 0), including at γ = 1. These results connect utility-based choice to
macroscopic outcomes and isolate how information frictions and distance-weighted protocols affect platform–local competition.
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Introduction

Background and context

Digital commerce has fundamentally changed the way con-
sumers shop and the way markets are organized. Large online
platforms have grown rapidly by exploiting network effects—
the tendency of a service to become more valuable as more
people use it.1 This creates a self-reinforcing cycle in which
dominant sellers attract more buyers, and more buyers attract
more sellers. Research on two-sided market theory explains
how these dynamics can lock entire markets into configura-
tions where one or a few players capture a disproportionate
share of all transactions, making it structurally difficult for
newer or smaller sellers to compete.2 A related phenomenon
is technological lock-in: once consumers settle on a particular
platform or seller, switching costs and habit formation keep
them there even when alternatives might be equally good.3

One group that is especially disadvantaged by these dynam-
ics is local vendors—small, geographically-rooted sellers who
may offer competitive prices, faster delivery for nearby cus-
tomers, and direct community relationships, but who lack the
algorithmic visibility and marketing budgets of large digital

1 Bombay Scottish School, Mahim, Maharashtra , India

platforms. While digital platforms have created substantial
consumer welfare through increased product variety and lower
search costs,4 this welfare gain is unevenly distributed: in
many cases, customers may not know that a local vendor exists
at all, even when that vendor would be a rational choice. This
type of structural invisibility can produce what economists call
information cascades: consumers continue buying from well-
known sellers not because those sellers are objectively better,
but simply because they have never been exposed to the alter-
natives.5,6 Direct empirical evidence for this mechanism in-
cludes experimental studies showing that social influence am-
plifies inequality among otherwise similar options,7 and anal-
yses of online retail in which information frictions and search
costs shape both pricing and the share of demand captured by
less prominent sellers.8

This paper approaches these dynamics through a physics-
inspired lens. Researchers in the fields of econophysics and
sociophysics have shown that the tools of statistical physics—
originally developed to describe how atoms and molecules
behave collectively—can also be applied to describe how
large groups of people make decisions in markets and so-
cial systems.9–11 A particularly powerful concept borrowed
from physics is the phase transition: the idea that a sys-
tem can shift abruptly from one qualitatively different state
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to another when a key control parameter crosses a thresh-
old, much as water transitions sharply from liquid to ice at
a specific temperature.12,13 Markets can behave similarly. A
market that begins in a diverse, balanced state can, under
conditions of increasing social influence or growing informa-
tion asymmetry, shift toward a winner-take-most configura-
tion.14 The present model does not exhibit a strict phase tran-
sition: the changes we observe in aggregate outcomes are
smooth rather than abrupt. The analogy remains valuable,
however, because it draws attention to a small number of inter-
pretable control parameters—noise, information access, and
social influence—that govern which regime the system occu-
pies.

Problem statement and rationale

We ask: How do randomness in individual choice and in-
formation frictions about local vendors shape the long-run
market share of local commerce? Two mechanisms are of
particular interest. First, we model a temperature-like pa-
rameter T that controls how strongly customers follow util-
ity differences versus exploring at random—a formalization
grounded in the statistical mechanics of decision-making.15,16

Second, we model an information-access rate γ that controls
how quickly customers discover local vendors who were ini-
tially invisible to them. We also consider a social-influence
term that biases customers toward vendors that were popular
in the previous round, drawing on a long tradition of models
in which social interactions generate multiple possible mar-
ket equilibria depending on the strength of conformity, and
in which herd behavior contributes substantially to aggregate
market fluctuations.17–19

Understanding these mechanisms matters because infor-
mation frictions are not simply a byproduct of market
competition—they are often a structural feature that policy
interventions can change. If altering information access can
move a market from a concentrated, digital-dominant regime
to a more balanced one, then such interventions can be stud-
ied and evaluated with interpretable parameters rather than
opaque prediction models.

Significance and purpose

These questions resemble those raised in current policy dis-
cussions of digital-marketplace concentration. The Open
Network for Digital Commerce (ONDC) is a government-
supported initiative in India, launched by the Department for
Promotion of Industry and Internal Trade, that aims to de-
mocratize digital commerce by creating an open, interoperable
protocol for buyer and seller applications.20 In contrast to ex-
isting platforms like Amazon or Flipkart, where transactions
are confined within a single proprietary ecosystem, ONDC es-

tablishes a shared technical standard that allows any buyer-
side application to discover sellers listed on any seller-side
application. The core idea is that by making local vendors dis-
coverable across many platforms simultaneously, rather than
invisible to all but one, the protocol reduces the information
friction that keeps customers away from nearby sellers. Em-
pirical work on platform openness more generally finds that
opening platform access can shift the distribution of activity
in ways that depend sensitively on how access is granted and
how control is allocated,21 which suggests that the magnitude
and direction of such effects in any specific protocol are open
empirical questions rather than foregone conclusions.

Within our stylized framing, this kind of intervention can
be represented as operating on two levels. First, they increase
the effective discovery rate γ by making previously invisible
local sellers findable. Second, when geographic proximity is
weighted explicitly in search results or recommendations, they
can increase the relative attractiveness of nearby local vendors
through what we parameterize as a distance-weight w. The
present study asks how large these effects need to be to mean-
ingfully shift aggregate market outcomes.

If changes to information access or distance-weighted
matching can move the market from a concentrated digital-
dominant regime to a more balanced regime, then interven-
tions of this kind can be evaluated using interpretable levers
rather than black-box prediction models—a meaningful ad-
vantage for both policy design and public accountability.

Objectives

The study has four objectives. The first is to build an agent-
based model of repeated customer–vendor choice in a mixed
local/digital market. The second is to quantify how late-time
local market share and market concentration depend on key
control parameters. The third is to identify parameter regions
where outcomes change rapidly, indicating high sensitivity.
The fourth is to compare baseline dynamics with and without
social influence (the φ = 0 ablation condition).

Scope and limitations

The model is intentionally stylized: vendors do not strate-
gically change prices, customers use simplified utilities, and
geography is represented as a unit square with Euclidean
distance (real urban layouts, road networks, and travel-time
asymmetries are substantially more complex). Vendor at-
tributes are exogenous random draws; the focus is on demand-
side dynamics, specifically choice noise, learning, and infor-
mation access. The goal is not to forecast the behavior of any
specific market, but to test how a small set of mechanisms can
generate regime-like shifts in aggregate outcomes under con-
trolled conditions.
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Theoretical framework

We track the local share L ∈ [0,1], defined as the fraction of
all purchases going to local vendors in a given round, as a
macroscopic summary of which type of vendor the market fa-
vors. This quantity plays a role analogous to an order param-
eter in physics: it is zero in one phase and nonzero in another.
The main control parameters are the choice-noise scale T , the
information-access rate γ , and the social-coupling strength φ .
In this framing, L is a macroscopic observable whose depen-
dence on control parameters reveals the regime structure of the
market.

We additionally track three summary statistics of market
structure. The Herfindahl–Hirschman Index (HHI) is a stan-
dard measure of market concentration: it equals the sum of
squared market shares across all vendors, ranging from near
zero (very many small sellers) to one (single monopoly seller).
Entropy, borrowed from information theory, measures diver-
sity in the opposite direction: higher entropy means purchases
are more evenly spread. Top-vendor share simply records
the fraction of purchases captured by the single most popular
vendor. Together, these three measures provide a multi-angle
view of whether the market is becoming more or less concen-
trated as parameters change.

Methodology overview

We simulate N heterogeneous customers choosing among M
vendors over many rounds. Each round updates (i) which
local vendors each customer can see, (ii) choice probabili-
ties derived from a utility model, and (iii) reinforcement from
past purchases. We summarize outcomes using late-time local
share, concentration (HHI), and diversity (entropy), and repeat
runs to estimate average behavior under stochasticity.

Methods

Research design

We use an agent-based simulation of repeated purchase deci-
sions in a stylized market with two vendor types: local (physi-
cally located) and digital (delivery-based). Agent-based mod-
eling (ABM) is a computational approach in which individual
agents—in this case, customers—are given simple behavioral
rules, and the collective behavior that emerges from many
agents interacting over time is then studied.22,23 ABM is well-
suited to questions like ours because it makes individual-level
mechanisms explicit and visible, rather than assuming an ag-
gregate equilibrium from the outset.

Each simulation run proceeds for a fixed number of rounds,
and each parameter setting is repeated with different ran-
dom seeds to average over stochasticity. We focus on
two main control parameters: (i) a temperature-like noise

scale T controlling how deterministic choices are, and (ii)
an information-access rate γ controlling how quickly cus-
tomers discover local vendors. We additionally consider
social influence (φ ) and an ONDC-style protocol switch
(protocol enabled) with a distance-weight parameter w
(protocol distance weight). Digital vendors are al-
ways visible to all customers. Local vendors are discovered
stochastically; γ = 0 implies local vendors remain completely
invisible throughout the run and receive zero purchases by
construction.

Participants or sample

Agents are synthetic. Each run contains N customers and M
vendors placed uniformly at random in a unit-square geogra-
phy (Appendix Fig. 4). Customers have heterogeneous prefer-
ence parameters, including price sensitivity αi and delay sen-
sitivity ui, drawn from fixed distributions with a negative cor-
relation to represent a time–money trade-off: customers who
are more price-sensitive tend to be less urgency-sensitive, and
vice versa (Appendix Figs. 5–6). Vendors are assigned to be
local or digital according to a fixed local fraction, and each
vendor is assigned attributes such as price p j, rating r j, pro-
duction cost c j, and (for digital vendors) a delivery-delay pa-
rameter τ j (Appendix Figs. 7–8).

Data collection

At each simulation round t, every customer chooses one ven-
dor. We record per-round choice counts {n j(t)}M

j=1 and com-
pute four summary time series:

L(t) = ∑
j∈L

n j(t)
N

, (1)

Smax(t) = max
j

n j(t)
N

, (2)

HHI(t) =
M

∑
j=1

(
n j(t)

N

)2

, (3)

H(t) =−
M

∑
j=1

n j(t)
N

ln
(

n j(t)
N

)
. (4)

with the convention that 0 ln0 is treated as 0.

Variables and measurements

Choice temperature (T ).

Customer choices follow a Boltzmann (softmax) rule, a
formalization of stochastic choice that originates in statis-
tical mechanics and has been extensively applied in dis-
crete choice economics.24,25 Higher T produces more ran-
dom exploration—customers pay less attention to utility
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differences—while lower T makes choices more determinis-
tic, so small utility advantages reliably translate into larger
market shares.

Information access (γ).

Customers do not initially see every local vendor. Each cus-
tomer maintains a visibility mask over local vendors. At each
round, with probability γ , a customer discovers additional
local vendors, with discovery biased toward geographically
closer vendors. This setup captures the real-world observa-
tion that local sellers are systematically less discoverable than
large digital platforms, and that exposure accumulates gradu-
ally through proximity, word-of-mouth, or search.

Social influence (φ ).

A social term increases the utility of vendors with higher pop-
ularity in the previous round. This models the tendency of
consumers to be influenced by what others are buying—a
phenomenon well documented in both economics and socio-
physics.16,18 Setting φ = 0 removes social influence entirely
and serves as an ablation condition to isolate its effect.

Reinforcement and memory.

Customers carry an affinity toward vendors they have chosen
before. Affinities can decay geometrically at a rate controlled
by AFFINITY DECAY; repeated purchases increase affinity.
This captures brand loyalty and habit formation in a simple
but interpretable way.

ONDC-style protocol and distance weight (w).

When protocol enabled=1, an additional
distance-weighted mechanism is applied through
protocol distance weight = w. Conceptually,
this represents the kind of proximity-aware discovery that
an open digital commerce protocol could provide: nearby
vendors are boosted in customers’ effective consideration
sets in proportion to w. In our experiments, w is varied in
[0,1]. The grids of γ and w used in the experiments below
are stylized choices spanning this interpretable interval; they
are not calibrations to specific protocol features or empirical
deployment data.

Symbol summary.

For reference, the symbols used in this manuscript are: T
(choice-noise temperature in the softmax rule), γ (per-round
local-vendor discovery rate), φ (social-influence coupling
strength), w (ONDC protocol distance weight, when protocol
is enabled), ρ (multiplier for the mean digital delivery delay,
τ̄ = ρ ×0.521), σ (noise scale on digital delivery delays), and
AFFINITY DECAY (multiplicative decay applied to affinities
each round; 1.0 is no decay, 0.0 is full reset). Customer-level
sensitivities are αi (price), ui (urgency / delay), and δi (rein-
forcement weight). The outcome metrics are the local share

L, the Herfindahl–Hirschman Index HHI ∈ [0,1], the Shannon
entropy H (in nats), and the top-vendor share Smax.

Procedure

Each simulation run proceeds as follows. A run begins by
initializing the population: customers and vendors are gener-
ated, with positions and attributes drawn using a fixed random
seed. Information masks are then initialized so that all digital
vendors are visible to every customer, while local-vendor visi-
bility is set according to the run configuration. The simulation
then iterates purchase rounds t = 1, . . . ,R. Each round con-
sists of four steps applied in sequence. First, an information
update: with probability γ , the local-vendor visibility mask is
extended by adding newly discovered local vendors, with dis-
covery biased toward geographically closer vendors. Second,
utility computation: utilities Ui j(t) are computed for every vis-
ible customer–vendor pair (i, j). Third, stochastic choice: util-
ities are converted into choice probabilities via a softmax rule
and one vendor is sampled for each customer. Fourth, a learn-
ing update: customer affinities are updated based on the cho-
sen vendor, and affinity decay is applied if enabled. After all
rounds complete, late-time outcomes are computed by aver-
aging L(t), HHI(t), H(t), and Smax(t) over a fixed late-time
window to obtain the reported “late” metrics.

Utility model.
We use a linear utility function combining vendor attributes,
customer-specific sensitivities, reinforcement, and social in-
fluence.26,27 This type of model, sometimes called a random
utility model, assumes that each customer chooses the vendor
that provides the highest utility, where utility is the sum of ob-
servable attributes (price, rating, delay) and an idiosyncratic
noise term. The specific form used here is:

Ui j(t) =−αi p̃i j + r̃ j −ui τ̃i j +δi log(1+Ai j(t))+φ log(1+ s j(t −1))+ si εi j(t), (5)

where s j(t − 1) = n j(t − 1)/N is the previous-round share,
Ai j(t) is the affinity state, and εi j(t) is i.i.d. Gaussian noise
scaled by si. Tildes indicate feature rescaling (e.g., standard-
ization) so that T has a consistent interpretation across runs.
In the experiments reported here, the per-customer social-
noise scale si is set to zero throughout, so the εi j(t) term con-
tributes no variance to choice; the entire stochastic component
of choice in our runs comes from the softmax temperature T
in the choice rule below.

Delay term and geography.

For local vendors, delay τi j is proportional to Euclidean dis-
tance between customer i and vendor j converted into minutes.
This is the key channel through which geographic proximity
enters the utility of local vendors—a nearby local seller is pe-
nalized less than a distant one, all else equal. For digital ven-
dors, delay is based on the vendor’s delivery parameter τ j.
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Choice rule.

Given utilities over vendors visible to customer i, the proba-
bility of choosing vendor j is

Pi j(t) =
exp(Ui j(t)/T )

∑k∈Vi(t) exp(Uik(t)/T )
, (6)

where Vi(t) is the current consideration set. This softmax rule,
equivalent to the Boltzmann distribution in physics, is the stan-
dard formulation in the discrete choice literature for modeling
stochastic preferences.15,25

Data analysis

For each parameter setting, we run multiple independent re-
peats and report mean late-time outcomes. Where applicable,
we compute finite-difference sensitivities of late local share L:

χT ≈ L(T +∆T,γ)−L(T −∆T,γ)
2∆T

, χγ ≈
L(T,γ +∆γ)−L(T,γ −∆γ)

2∆γ
, (7)

using one-sided differences at grid boundaries. Large values
of χT or χγ at a particular operating point indicate that the
system is in a sensitive region of parameter space—analogous
to high susceptibility near a physical phase transition.

Ethical considerations

All agents and data are synthetic; no human participants, per-
sonal data, identifiable information, or real transaction data
were used in this study. The model is intended as a stylized
exploration of mechanisms rather than as a prescription for
any specific market or policy outcome.

Data and code availability

The complete simulation code, sweep configuration files, and
raw output CSVs underlying every table in this manuscript
are publicly available at https://github.com/A
magcodes/vendor-network-abm, along with a
README documenting the full parameter specification, the
per-job seed propagation scheme (a deterministic function
of BASE SEED=42, the population scenario hash, the re-
peat index, and the sweep parameter tuple), and a step-
by-step reproduction guide. All experiments reported here
used BASE SEED=42, 10 seeds per parameter combination,
and 200 simulation rounds unless otherwise noted. Read-
ers can clone the repository, install the dependencies listed in
requirements.txt, and reproduce any reported table by
invoking the corresponding sweep JSON via the documented
run sim.py CLI.

Results

Baseline with ONDC protocol disabled

We first characterize the baseline model with the ONDC-style
protocol turned off (protocol enabled=0). Unless stated
otherwise, all “late” metrics are averages over the final five
rounds.

Run configuration (fixed across all repeats): N = 200 cus-
tomers, M = 40 vendors, local fraction = 0.5, T = 0.5, γ =
0.3, φ = 0.2, rounds = 200, ρ = 1.2, σ = 0.20, affinity decay
= 1.0, protocol distance weight = 0.35. We ran 10 indepen-
dent repeats.

Table 1 reports mean ± standard deviation across re-
peats. Figure 1 shows a representative equilibration trajectory:
aggregate metrics settle quickly and then fluctuate weakly
around a steady level. The high Herfindahl–Hirschman In-
dex (HHI, ≈ 0.64) and top-vendor share (≈ 0.79) in this base-
line confirm that without any discovery-enhancing interven-
tion, the market is heavily concentrated in favor of a small
number of vendors—in practice, the digital sellers who are al-
ways visible.

Table 1 ONDC-off baseline summary (mean ± s.d. over 10 runs).
“Late” metrics are averages over the last five rounds. HHI is on the
[0,1] scale; entropy is in nats.

Metric Final Late

Local share 0.172 ± 0.017 0.170 ± 0.017
HHI 0.642 ± 0.026 0.643 ± 0.024
Entropy 0.788 ± 0.055 0.785 ± 0.050
Top-vendor share 0.790 ± 0.019 0.791 ± 0.018

Figure. 1 Representative equilibration time series for the ONDC-off
baseline (T = 0.5, γ = 0.3, φ = 0.2).

Susceptibility of late local share to T and γ .

The finite-difference sensitivities χT and χγ , defined in Meth-
ods, quantify how strongly late local share responds to small
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Table 2 Finite-difference sensitivities χT and χγ of late local share
at a 3×3 subgrid around the reference baseline. Values are mean ±
s.d. across 10 seeds, computed from per-seed late local share by the
discrete gradients defined in Methods. All runs use φ = 0.2, ONDC
protocol disabled, 200 rounds. Cells where |mean| is smaller than the
standard deviation should be read as consistent with zero.

T γ χT χγ

0.2 0.2 +0.06±0.27 +0.62±0.20
0.2 0.3 −0.03±0.24 +0.33±0.28
0.2 0.4 −0.08±0.20 +0.25±0.38
0.5 0.2 +0.14±0.10 +0.31±0.26
0.5 0.3 +0.08±0.17 +0.36±0.33
0.5 0.4 +0.04±0.17 +0.19±0.26
0.7 0.2 +0.18±0.21 +0.36±0.32
0.7 0.3 +0.20±0.22 +0.37±0.37
0.7 0.4 +0.26±0.21 +0.13±0.20

changes in choice noise and discovery rate at a given operating
point. Table 2 reports both quantities at a 3×3 subgrid around
the reference baseline (T = 0.5, γ = 0.3), computed from the
per-seed runs that underlie the baseline summary.

Two patterns stand out despite substantial seed-to-seed
noise in these finite-difference estimates. First, χγ is positive
across the grid and is generally larger in magnitude than χT ,
meaning that late local share responds more strongly to small
changes in discovery rate than to small changes in choice noise
in this region of parameter space. Second, χγ tends to be
largest at low γ , where each additional unit of discovery brings
in many newly-visible local vendors and the marginal effect on
local share is largest. Once a substantial fraction of locals is
already discoverable, the marginal value of additional discov-
ery falls.

Vendor attributes in the sampled population.

Locals and digitals are nearly indistinguishable on the ex-
ogenous attributes that enter the utility function. Across the
cached baseline draw of M = 40 vendors, mean price (≈ 0.89),
mean rating (≈ 3.2), and mean production cost (≈ 0.68) are
statistically equivalent for the two types (n = 20 per type;
all differences within one standard deviation). The structural
asymmetry is entirely in the delay term: digital vendors carry
a uniform delivery delay drawn from N (ρ ×0.521,σ2) with
ρ = 1.2 and σ = 0.20 (mean ≈ 0.61), while local-vendor
delay is the per-customer Euclidean distance to that vendor
(mean across all customer–vendor pairs ≈ 0.52). The ONDC
distance-weight effect (Table 3) therefore operates through the
proximity channel alone, not through any systematic price or
rating advantage; the protocol amplifies the proximity advan-
tage already present in the delay term, boosting locals that
happen to be geographically close to each customer and de-
emphasizing locals that are far.

Stationarity of the late-time window.

We checked stationarity at the baseline by comparing the
last-5, last-10, and last-20 averages for a representative seed;
the three agree to within ±0.005 on every metric (local
share: 0.185,0.184,0.184; HHI: 0.628,0.627,0.629; entropy:
0.816,0.820,0.815; top share: 0.780,0.779,0.780).

Protocol-enabled results (ONDC on)

We next enable the ONDC-style protocol
(protocol enabled=1) and vary the pro-
tocol distance-weight parameter w ∈ [0,1]
(protocol distance weight). In this implemen-
tation, w controls how strongly geographic proximity is
emphasized by the protocol mechanism.

Effect of distance weight w at fixed (T,γ,φ).

At fixed T = 0.5, γ = 0.3, and φ = 0.2, increasing w produces
higher late-time local share and lower market concentration
(HHI and top share), alongside higher entropy (Table 3). The
w = 0 condition matches the ONDC-off baseline in Table 1,
consistent with the protocol having no effect when its dis-
tance weighting is inactive. As w increases from 0 to 1, late
local share more than triples (from ≈ 0.17 to ≈ 0.55), HHI
roughly halves (from ≈ 0.64 to ≈ 0.30), top-vendor share falls
by nearly half (from ≈ 0.79 to ≈ 0.44), and entropy nearly
doubles—a substantial shift in market structure driven entirely
by a change in how proximity is weighted in vendor recom-
mendations.

Representative comparison (ONDC off vs. ONDC on).

Figure 2 contrasts a representative ONDC-off trajectory with
a representative ONDC-on trajectory at high w. The ONDC-
on setting shows higher local share and lower concentration
relative to the ONDC-off baseline, with the difference visible
from early rounds onward.

Statistical significance of headline contrasts.

Paired t-tests on per-seed late local share confirm that the four
headline contrasts at T = 0.5, γ = 0.3 are all highly significant
(n = 10 paired seeds each; p < 0.001 throughout): ONDC
w = 1.0 vs w = 0.0 (∆L =+0.38, Cohen’s d =+22), ONDC
on w = 0.7 vs off (∆L = +0.31, d = +22), affinity off vs on
(∆L = +0.13, d = +8), and φ = 0 vs φ = 0.2 (∆L = +0.09,
d = +4). The large d values reflect the model’s determinism
conditional on seed: per-seed standard deviations are small
relative to between-condition mean differences.

Interaction slice: information access γ × distance weight w at
fixed T

To test whether ONDC primarily behaves like a change in
local-vendor visibility, we varied the discovery rate γ together
with the protocol distance weight w at fixed T = 0.5 and
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Table 3 ONDC-enabled distance-weight sweep at T = 0.5, γ = 0.3, φ = 0.2 (mean ± s.d. over 10 runs). HHI is on the [0,1] scale; entropy is
in nats.

w Late local share Late HHI Late entropy Late top share

0.00 0.170 ± 0.017 0.643 ± 0.024 0.785 ± 0.050 0.791 ± 0.018
0.35 0.350 ± 0.028 0.465 ± 0.030 1.098 ± 0.055 0.648 ± 0.028
0.70 0.481 ± 0.021 0.347 ± 0.016 1.329 ± 0.036 0.518 ± 0.022
1.00 0.554 ± 0.019 0.299 ± 0.010 1.436 ± 0.028 0.445 ± 0.019

(a)
ONDC off (protocol enabled=0). (b) ONDC on (protocol enabled=1, high w).

Figure. 2 Representative equilibration trajectories with the ONDC-style protocol disabled vs. enabled.

φ = 0.2. The full grid of late local share values (mean ± s.d.
across 10 runs per setting) is reported in Appendix Table 7.

Two descriptive patterns follow directly from the grid. By
construction, when γ = 0, local vendors are never discovered
and the late local share is zero for all w; this acts as a visibility
gate. Once locals are discoverable, for γ > 0, the late local
share varies substantially with w, including at γ = 1.

Figure 3 provides one visualization of this interaction slice.

Behavioural ablations: social influence and reinforcement

Social-influence ablation (φ = 0 vs. φ = 0.2).

To isolate the contribution of social influence to aggregate
market structure, we re-ran the baseline with φ set to zero.
Table 4 reports late local share and HHI for a 3× 4 grid of
(T,γ) values comparing the baseline (φ = 0.2) with the abla-
tion (φ = 0). All other parameters are held fixed, the ONDC-
style protocol is disabled, and each cell averages over 10 in-
dependent seeds at 200 rounds.

Removing social influence shifts both metrics toward less
concentration. At the reference baseline (T = 0.5, γ = 0.3),
late local share rises from 0.170±0.017 to 0.263±0.015 and
HHI falls from 0.643±0.024 to 0.477±0.018. The direction
is the same at every cell of the grid: φ = 0 gives higher local
share and lower HHI than φ = 0.2 at all twelve (T,γ) com-
binations, with the change in local share ranging from about
0.06 to 0.11. Two points follow. First, the social-influence

Figure. 3 ONDC-on interaction slice at fixed T = 0.5 and φ = 0.2.
Late local share is shown across the γ ×w sweep. Each curve cor-
responds to a different distance weight w; error bars show standard
deviation across 10 runs.

term contributes substantially to baseline concentration: at the
reference cell, removing it closes roughly half of the gap be-
tween the baseline local share and the local-vendor population
fraction of 0.5. Second, the size of the φ effect varies modestly
with T and γ , but the direction is the same at every operating
point, suggesting that social influence adds to concentration
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Table 4 Social-influence ablation. Late local share L and Herfindahl–Hirschman Index (on the [0,1] scale) over a 3×4 grid of (T,γ) at φ = 0.2
(baseline) versus φ = 0 (ablation). All runs use ONDC protocol disabled, ρ = 1.2, σ = 0.20, 200 rounds, 10 seeds. Values reported as mean ±
s.d. across seeds.

Local share L HHI

T γ φ = 0.2 φ = 0 φ = 0.2 φ = 0

0.3 0.25 0.131 ± 0.022 0.200 ± 0.026 0.658 ± 0.022 0.520 ± 0.030
0.3 0.30 0.154 ± 0.024 0.224 ± 0.021 0.644 ± 0.043 0.509 ± 0.022
0.3 0.35 0.176 ± 0.025 0.237 ± 0.015 0.619 ± 0.025 0.503 ± 0.015
0.3 0.40 0.185 ± 0.020 0.246 ± 0.016 0.605 ± 0.027 0.502 ± 0.017
0.5 0.25 0.152 ± 0.017 0.246 ± 0.013 0.652 ± 0.015 0.482 ± 0.024
0.5 0.30 0.170 ± 0.017 0.263 ± 0.015 0.643 ± 0.024 0.477 ± 0.018
0.5 0.35 0.189 ± 0.021 0.277 ± 0.025 0.619 ± 0.020 0.463 ± 0.023
0.5 0.40 0.200 ± 0.021 0.284 ± 0.017 0.598 ± 0.026 0.464 ± 0.027
0.7 0.25 0.176 ± 0.022 0.287 ± 0.022 0.636 ± 0.024 0.454 ± 0.019
0.7 0.30 0.196 ± 0.015 0.311 ± 0.014 0.625 ± 0.024 0.431 ± 0.020
0.7 0.35 0.213 ± 0.022 0.321 ± 0.014 0.598 ± 0.021 0.428 ± 0.017
0.7 0.40 0.227 ± 0.020 0.323 ± 0.016 0.592 ± 0.017 0.429 ± 0.016

roughly independently of the other two parameters.

Reinforcement ablation (AFFINITY DECAY=0 vs. baseline).

To isolate the contribution of the affinity/reinforcement mech-
anism, we re-ran the model with the affinity decay factor set
to zero. This clears the affinity matrix at the start of each
round and prevents accumulated preference for previously-
chosen vendors from carrying across purchases. Table 5
reports late local share and HHI across the seven γ val-
ues used in the discovery-rate sweep, comparing the base-
line (AFFINITY DECAY=1.0; no decay) with the ablation
(AFFINITY DECAY=0.0; full reset each round). All other
parameters are held at their baseline values, the ONDC-style
protocol is disabled, T = 0.5, φ = 0.2, and each cell averages
over 10 seeds at 200 rounds.

Two patterns emerge. First, at every γ value tested, remov-
ing reinforcement raises local share and lowers HHI relative to
the baseline, with the gain in local share ranging from about
0.23 at γ = 0.10 down to about 0.01 at γ = 1.00. Second, the
affinity-off local share is essentially flat across γ ≥ 0.10 (all
values within 0.02 of one another), whereas the baseline local
share rises monotonically from 0.080 at γ = 0.10 to 0.305 at
γ = 1.00. The interpretation is that reinforcement amplifies
path dependence in this model: in the baseline, early-round
choices made before locals are well-discovered get carried
forward through accumulated affinity, so low discovery rates
trap the market in low-local-share states. Once reinforcement
is removed, the choice rule is effectively memoryless across
rounds and the system equilibrates to a similar local share re-
gardless of how quickly locals were discovered. The same
direction of effect holds when the ONDC-style protocol is en-
abled: at γ = 0.3 with w= 0.7, late local share is 0.481±0.021
with reinforcement and 0.605±0.017 without, indicating that

the protocol mechanism operates independently of the rein-
forcement channel.

Sensitivity to choice noise T .

To assess the noise-axis robustness of the ONDC effect, we
swept T ∈ {0.10,0.15,0.20,0.25,0.30,0.40,0.50,0.60,0.70}
at the reference baseline (γ = 0.3, φ = 0.2, ONDC off). Ta-
ble 6 reports the late metrics; Appendix Table 8 reports the full
9× 9 T × γ grid of L. The T effect on local share is real but
small: across the range, L at γ = 0.3 varies between 0.137 and
0.196 (a swing of ≈ 0.06), and HHI and top-share each move
less than 0.03. By comparison at the same operating point,
moving w from 0 to 1 raises L by approximately +0.38 (Ta-
ble 3), removing reinforcement raises it by +0.13 (Table 5),
and removing social influence raises it by +0.09 (Table 4).
The ONDC effect therefore persists across the choice-noise
range studied; T is the smallest of the four behavioural chan-
nels in terms of its absolute effect on L.

Discussion

Across these experiments, the information-access parameter γ

functions as a strict gate for local participation: when γ = 0,
local vendors remain invisible and receive zero purchases by
construction, regardless of any protocol settings (Appendix
Table 7). This result underscores a point that is easy to over-
look in policy discussions—no amount of proximity weight-
ing or protocol design can benefit local sellers who are never
discovered in the first place. Visibility itself is a necessary
precondition for competition, not just an advantage once com-
petition is established.

For γ > 0, enabling the ONDC-style protocol and increasing
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Table 5 Reinforcement ablation. Late local share L and Herfindahl–Hirschman Index (on the [0,1] scale) across seven γ values comparing the
baseline (AFFINITY DECAY=1.0; full reinforcement persistence) with the ablation (AFFINITY DECAY=0.0; affinity reset each round). All
runs use T = 0.5, φ = 0.2, ONDC protocol disabled, ρ = 1.2, σ = 0.20, 200 rounds, 10 seeds. Values reported as mean ± s.d. across seeds.

Local share L HHI

γ baseline affinity off baseline affinity off

0.00 0.000 ± 0.000 0.000 ± 0.000 0.797 ± 0.024 0.775 ± 0.019
0.10 0.080 ± 0.019 0.313 ± 0.020 0.713 ± 0.031 0.486 ± 0.019
0.20 0.131 ± 0.012 0.295 ± 0.024 0.665 ± 0.028 0.501 ± 0.023
0.30 0.170 ± 0.017 0.296 ± 0.015 0.643 ± 0.024 0.488 ± 0.012
0.45 0.208 ± 0.023 0.298 ± 0.015 0.608 ± 0.031 0.503 ± 0.016
0.70 0.263 ± 0.016 0.293 ± 0.017 0.554 ± 0.025 0.505 ± 0.025
1.00 0.305 ± 0.021 0.296 ± 0.015 0.513 ± 0.021 0.496 ± 0.017

Table 6 Sensitivity of late local share, HHI, top-vendor share, and entropy to choice-noise temperature T at the reference baseline (γ = 0.3,
φ = 0.2, ONDC off, 200 rounds, 10 seeds). Values reported as mean ± s.d. across seeds. HHI is on the [0,1] scale; entropy is in nats.

T L HHI top share entropy

0.10 0.153 ± 0.021 0.628 ± 0.029 0.784 ± 0.019 0.863 ± 0.072
0.15 0.145 ± 0.019 0.638 ± 0.022 0.791 ± 0.015 0.834 ± 0.048
0.20 0.137 ± 0.014 0.641 ± 0.032 0.792 ± 0.022 0.821 ± 0.069
0.25 0.142 ± 0.016 0.641 ± 0.024 0.793 ± 0.016 0.822 ± 0.061
0.30 0.154 ± 0.024 0.644 ± 0.043 0.793 ± 0.030 0.812 ± 0.095
0.40 0.160 ± 0.024 0.647 ± 0.023 0.794 ± 0.016 0.781 ± 0.060
0.50 0.170 ± 0.017 0.643 ± 0.024 0.791 ± 0.018 0.785 ± 0.050
0.60 0.176 ± 0.017 0.635 ± 0.023 0.784 ± 0.016 0.796 ± 0.061
0.70 0.196 ± 0.015 0.625 ± 0.024 0.774 ± 0.018 0.784 ± 0.053

the distance weight w is consistently associated with higher
late local share and lower concentration, as reflected in Ta-
ble 3. The magnitude of this effect is notable: moving from
w = 0 to w = 1 at γ = 0.3 more than triples the local share,
from approximately 0.17 to 0.55, while roughly halving the
HHI from 0.64 to 0.30. This is a large change in market
structure induced purely by shifting the weight placed on ge-
ographic proximity in the discovery mechanism, without any
change to vendor prices, ratings, or other attributes.

The interaction slice further shows that w continues to mod-
ulate outcomes even under full discovery (γ = 1), indicat-
ing that the protocol effect is not simply about making locals
visible—it also matters how strongly geographic proximity is
weighted once locals are in the consideration set. In terms
of the model’s structure, this confirms that γ and w operate
through distinct channels: γ determines whether a vendor en-
ters the customer’s consideration set at all, while w adjusts
how attractive nearby vendors appear once they are there.

This study is limited by its stylized design: vendor attributes
are fixed random draws, customers follow a simplified util-
ity model, and vendor-side strategy (e.g., pricing responses to
new competition) is not included. These are meaningful sim-

plifications, and the absence of vendor-side strategic response
is in particular a central rather than peripheral limitation, since
any extension of this work to long-run market-structure claims
would need to incorporate such dynamics. The model also
uses a single market size (N = 200 customers, M = 40 vendors
at 50% local fraction) and a linear-in-attributes utility speci-
fication; a systematic robustness sweep over these structural
parameters and a comparison against alternative functional
forms (e.g., nonlinear price scaling or saturating delay penal-
ties) were not run. In a real market, vendors would adjust their
prices and marketing in response to changing competition, and
customers would have richer preference structures than a lin-
ear utility function can capture. Within these constraints, how-
ever, the results illustrate how interpretable mechanisms for
information access and distance-weighting can correspond to
large, consistent changes in aggregate market outcomes. The
framework is not meant to predict any specific market pre-
cisely, but to isolate and study the mechanisms that real policy
interventions engage.

Future work can extend the same framework in several di-
rections: expanding the parameter sweeps to include a broader
range of T , testing additional ablations or model variations
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already described in the Methods (such as varying social in-
fluence strength or affinity decay), and incorporating sim-
ple forms of vendor-side strategic response. Such extensions
would allow a richer exploration of the conditions under which
distance-weighted discovery protocols produce robust versus
fragile improvements in local-vendor market access.

In short, the model shows how a small set of interpretable
controls—visibility, distance-weighting, social influence, and
reinforcement—together shape the local-versus-digital bal-
ance in a stylized market, with discoverability and proximity-
weighting carrying most of the weight in the operating range
studied.
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Appendix: Full ONDC interaction slice

Table 7. Late local share (mean ± s.d., 10 runs) for the ONDC-
enabled interaction slice at T = 0.5, φ = 0.2. Columns correspond to
ONDC distance weight w.

Appendix: T × γ sweep of late local share

Table 8. Late local share (mean across 10 seeds per cell) across the
full T × γ grid at φ = 0.2, ONDC disabled, 200 rounds. Rows index
T , columns index γ . Per-cell standard deviations range from 0.010
to 0.028 across the grid; the per-cell s.d. values are available in the
public code repository (see Methods, “Data and code availability”).

Appendix: Population and attribute generation

Figure. 4 Spatial distribution of customers (points) and local vendors
(triangles) in the unit-square geography. Single example draw with
N = 200 customers and M = 40 vendors.

Figure. 5 Customer heterogeneity distributions (price sensitivity, de-
lay sensitivity, reinforcement strength, and social-noise scale). Single
example draw with N = 200 customers.

Figure. 6 Joint distribution of (αi,ui) showing a negative correlation
(time–money trade-off). Single example draw with N = 200 cus-
tomers.

Figure. 7 Vendor attribute distributions (price, rating, cost, and a
delivery-delay parameter for digital vendors). Single example draw
with M = 40 vendors at 50% local fraction.
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Figure. 8 Example scatter of vendor rating versus price, separated by local vs. digital type. Single example draw with M = 40 vendors at 50%
local fraction.
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