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ABSTRACT

In competitive team-based design, it is often assumed that
high individual efficiency naturally leads to high collective
performance. However, whether this translation holds — and
how strongly it holds — may depend on the information-sharing
mechanism that governs the interaction among designers. Un-
derstanding this relationship is critical for designing appropriate
information architectures in competitive design systems, yet
whether and how such architectures govern this translation
remains largely unexplored. We conduct a controlled experiment
using a Team-based Function Optimization Game in which
participants make costly sequential sampling decisions under a
baseline condition of no information sharing and three different
information-sharing mechanisms. We define Individual Out-
come Efficiency (IOE) and System Outcome Efficiency (SOE)
as outcome-based performance metrics, and examine how SOE
relates to both the mean level and within-system inequality of
IOE. The results show that the IOE-to-SOE mapping is weak and
fragile under the no-sharing baseline, but becomes significantly
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stronger under information-sharing conditions. Furthermore,
within-system inequality of IOE exerts a significant negative
effect on SOE once the mean level is controlled for, and this
penalty intensifies as information richness increases. These
findings demonstrate that stable and robust individual-to-system
efficiency translation is mechanism-dependent, and that richer
information environments simultaneously strengthen efficiency
alignment and amplify the system-level cost of internal effi-
ciency imbalance.
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1. INTRODUCTION

A common intuition in collective design and decision-
making is that if each individual performs efficiently considering
the trade-offs between decision quality and cost of those deci-
sions, the collective outcome should also be efficient. This intu-
ition underlies many organizational and engineering settings in
which local actors are encouraged to optimize their own actions
under resource constraints, with the expectation that system-level
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performance will improve as a consequence [1,2]. Moreover,
this intuition often shapes how systems, whether design teams,
engineering organizations, or competitive platforms, are orga-
nized and evaluated. For example, in sequential search processes
and cost-aware optimization tasks, such intuition often justifies
decentralized decision rules, local incentives, and performance
evaluation schemes centered on individual outcomes [3,4].

However, in many real-world design and decision systems,
individual actions do not operate in isolation. They generate
externalities through information spillovers, strategic timing ef-
fects, and induced adjustments in the behavior of others [5]. As
a result, individual efficient behavior can fail to improve or even
distort collective performance when the system outcome depends
not only on the local success of an actor, but also on how that be-
havior reshapes the broader interaction structure [1, 6]. Under
such conditions, the relationship between individual efficiency
and system-level efficiency is no longer reliably translated. In-
stead, its existence, strength, and robustness become a structural
question about mechanism design.

This issue is especially important in competitive design en-
vironments. Many design tasks involve costly sequential explo-
ration under incomplete knowledge, where designers must allo-
cate limited resources to search an unknown solution space while
simultaneously responding to incentives created by teammates,
competitors, or institutional rules [7-9]. In such settings, a de-
signer who uses resources efficiently from an individual stand-
point may alter the informational environment, strategic balance,
or search dynamics of the broader system. Consequently, an
open question arises: whether the common intuition remains
valid once design activity is embedded in a team-based compet-
itive and information-dependent environment. Our hypothesis is
that individual efficiency and system efficiency may become mis-
aligned under those conditions. Understanding when this mis-
alignment emerges, and how it depends on the surrounding in-
formation architecture, is therefore a theoretically and practically
important problem for design theory and methodology [10].

Motivated by this question, this study investigates whether
individual efficiency reliably translates into system outcome ef-
ficiency in a competitive team-based design environment, and
whether that conversion depends on the underlying information-
sharing mechanism. More specifically, we ask: when and why
does high individual outcome efficiency fail to produce high
system outcome efficiency? Rather than treating individual-to-
system alignment as a universal property, we examine whether it
is mechanism-dependent and shaped by the institutional structure
through which information is revealed and shared.

To answer this question, we developed a controlled exper-
imental platform, called the Team-based Function Optimization
Game (TFOG), using a sequential black-box optimization task
with explicit sampling costs, limited budgets, and team-versus-
team competitive interaction. TFOG is a team-based extension
of the Function Optimization Game (FOG) originally developed

by Sha et al. [11]. Building on a recent team-versus-team exten-
sion of FOG with intra-team information sharing [12], TFOG
introduces a complete set of four information-sharing mecha-
nisms and formal outcome-based efficiency metrics at the in-
dividual and system levels. Participants are formed in teams
competing to win the game by repeatedly searching for high-
value solutions without knowing the underlying objective func-
tion, and their performance unfolds under distinct information-
sharing mechanisms, including no sharing, intra-team sharing,
opponent-outcome visibility, and richer hybrid information con-
ditions. This setting allows us to isolate how information archi-
tecture changes the relationship between local search efficiency
and system-level outcome efficiency while holding the core op-
timization task structurally comparable across games. More de-
tails about this game are provided in Section 2.

A central challenge in studying this problem is the mea-
surement of efficiency. Since the efficiency of individual search
strategies is difficult to observe directly in an experimental search
process, for example, the same observed sampling trajectory can
be consistent with multiple underlying decision rules, and in-
ferring a unique strategy requires auxiliary modeling assump-
tions about participants’ cognitive processes that are not directly
testable, and since participants operate under uncertainty and
may use heterogeneous heuristics [13,14], we adopt an outcome-
based efficiency perspective. At the individual level, we con-
struct Individual Outcome Efficiency (IOE) to capture how ef-
fectively a participant converts costly exploration into realized
solution improvement within one round of the game (i.e., one
design space exploration process). At the system level, we con-
struct System Outcome Efficiency (SOE) to evaluate how effec-
tively the full competitive system converts the total exploration
cost into achieved outcome quality. This distinction is important:
IOE reflects the efficiency of individual search realized, whereas
SOE evaluates the performance from the perspective of the sys-
tem as a whole, incorporating both the quality of the solution and
the expenditure of resources under the competitive interaction.

Using these measures, we analyze individual-system align-
ment from two complementary perspectives. First, we examine
whether the mean level of IOE within a system predicts SOE
across different information-sharing mechanisms. Second, we
examine whether the dispersion of IOE within a system, captured
by the Gini coefficient, modulates that relationship. This second
perspective is especially important because system-level perfor-
mance may depend not only on how much individual efficiency
exists on average, but also on how evenly that efficiency is dis-
tributed across participants within teams. A system composed of
highly unequal individual performances may behave differently
from one with the same mean efficiency but a more balanced in-
ternal structure [15].

Our results show that individual efficiency does not reliably
translate into system outcome efficiency under a pure compet-
itive team-based environment. Instead, the conversion depends
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critically on the information-sharing mechanism. In the no-
sharing baseline, the mapping from mean IOE to SOE is weak
and fragile. Under richer information conditions, however, this
mapping becomes substantially stronger. In addition, while IOE
dispersion alone is not a stable predictor of SOE, joint interac-
tion analysis reveals a deeper pattern: mean IOE has a positive
association with SOE, whereas inequality in IOE exerts an inde-
pendent negative effect once the mean is controlled for and fur-
ther weakens the translation from individual efficiency to system
efficiency under information-sharing settings. Together, these re-
sults suggest that richer information mechanisms can strengthen
individual-system alignment while simultaneously amplifying
the penalty of internal efficiency imbalance.

This study makes three main contributions. First, it con-
tributes to design theory by challenging the common assump-
tion that individually efficient behavior naturally aggregates
into efficient collective outcomes. Instead, it shows that such
alignment is conditional and mechanism-dependent. Second,
it introduces a new quantitative framework for evaluating in-
dividual-system efficiency relationships in competitive design
environments through outcome-based measures of IOE and
SOE. Third, it provides experimental evidence that information-
sharing mechanisms do more than affect performance levels.
They also shape how individual efficiency is transformed into
system-level outcomes, including the extent to which inequality
within the system becomes consequential.

The remainder of the paper is organized as follows. Section
2 introduces the experimental environment and the information-
sharing mechanisms. Section 3 presents the efficiency metrics
and statistical models. Section 4 reports the empirical results on
level alignment (whether mean individual efficiency within a sys-
tem predicts system efficiency), dispersion alignment (whether
inequality of individual efficiency affects system efficiency), and
their joint interaction. Section 5 concludes with implications,
limitations, and directions for future research.

2. EXPERIMENTAL ENVIRONMENT
2.1 Experimental Platform Overview

To investigate how individual outcome efficiency translates
into system outcome efficiency under competitive design con-
ditions, we developed a controlled experimental platform called
the Team-based Function Optimization Game (TFOG) using the
oTree framework [16]. As shown in Figure 1, the platform im-
plements an online sequential black-box optimization task with
explicit exploration costs, limited individual budgets, team-based
competition, and different information sharing mechanisms.

In each round of the game, participants face an unknown
maximization problem and must decide how to allocate costly
sampling actions in order to discover high-value solutions. To
make the task accessible to participants from different back-
grounds, including both engineering and non-engineering stu-

Team-based Competing
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FIGURE 1. TFOG overview used in the experiment: The objective
function is hidden to participants. Participants observe the outcomes
of sampled points, and must infer promising regions through sequential
exploration.

dents, the optimization task is presented through a coffee-
brewing narrative. Participants are told that they must choose
a brewing temperature for a mixed batch of coffee beans, where
the final flavor quality depends on a complex and unknown rela-
tionship between temperature and performance. This contextual
framing serves a dual purpose. First, it improves interpretability
by grounding the abstract optimization task in a familiar, every-
day activity while preserving the underlying black-box optimiza-
tion structure. Second, it helps mitigate potential confounding
effects arising from participants’ prior domain knowledge. By
situating the problem in a context that does not privilege any spe-
cialized expertise, the experimental results are less likely to be
biased toward participants with specific technical backgrounds,
allowing the main effects of interest—the information-sharing
mechanisms—to be more cleanly identified.

The experimental environment is designed to capture sev-
eral core features of competitive design decision-making: goal-
oriented, with unknown objective landscape, with costly infor-
mation acquisition, design space exploration under budget con-
straints, involving intra- and inter-team dynamics, and strategic
interdependence across participants [17]. Within this setting, in-
dividually efficient behavior may or may not improve system-
level outcomes, which makes the platform suitable for studying
individual-system efficiency alignment.

2.2 Optimization Task and Function Space

In every round, when choosing the brewing temperature for
coffee beans, participants solve a one-dimensional maximization
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problem over a bounded design space,
x € [0,100]. (1

Under the experimental narrative, x represents a brewing temper-
ature in degrees Celsius, and the corresponding function value
F(x) represents the evaluated flavor score of the brewed coffee.
The objective function is fixed within a round but changes across
rounds. This design serves to ensure that each round presents
a fresh search problem for a different type of coffee bean, pre-
venting participants from carrying over learned knowledge of the
function landscape from previous rounds. As a result, each round
can be treated as a statistically independent observation of search
behavior under the assigned information-sharing mechanism.

In each round of the game, the objective function is drawn
from the same family of smooth multi-peak Gaussian mixtures:

3
F(x)= Z’aiefb"("*c")2 2
i=1

This functional form was selected because it provides a struc-
tured but nontrivial optimization landscape with multiple local
optima and a unique global maximum. As a result, participants
must search without analytical guidance and cannot rely on sim-
ple heuristics to find a single obvious peak. Such multi-modal
landscapes are common in engineering design and response sur-
face optimization problems, where nonlinear relationships be-
tween design variables and performance outcomes often gener-
ate multiple candidate optima rather than a single convex solu-
tion [18, 19]. Although the functional form is kept constant be-
tween rounds, the parameter values vary, so each round presents
a distinct response surface.

Again, both the function form and the theoretical global op-
timum F°P' are unseen from participants but only known to the
experimenter. Participants can only learn about the landscape by
actively sampling points in the design space and observing their
realized values. No analytical expression, gradient information,
or structural hint is provided. This preserves the black-box na-
ture of the task and ensures that performance improvements arise
from the number of costly searches and search strategies rather
than prior structural knowledge.

2.3 Sampling Budget and Cost Structure

One game with a particular set-up can have multiple rounds,
and each round proceeds with a sequential sampling process. At
the beginning of the search, every participant receives 200 to-
kens as the initial funds. Each sampling action costs 10 tokens
and reveals the function value at the selected x value. Each round
is subject to a 2-minute time limit. Unused tokens do not carry

TABLE 1. Experimental Settings Summary

Parameter Content Description

Design variable x €[0,100]

Gaussian mixture Multi-peak response surface

Brewing temperature
Objective function

Initial tokens 200 Budget per participant
Sampling cost 10 tokens Cost per sample

Minimum samples 1 Minimum sampling requirement
Maximum samples 20 Budget constraint

Time limit 2 minutes Per participant per round

Team structure 2vs.2 Four-person competitive system
Rounds per game 5 Each round changes function
Number of games 4 Different mechanisms

over across rounds. In principle, participants may differ in their
willingness to sample due to heterogeneous strategic interpreta-
tions, payoff perceptions, and risk attitudes. However, to ensure
that every two-versus-two design competition (referred to as a
“system”) yields a well-defined competitive outcome, the plat-
form requires each participant to perform at least one sampling
action per round. Without this rule, an extreme case could arise
in which all four participants in a system choose zero samples,
leaving the round with no realized outputs and making the win-
ner determination impossible. The least-one-sample requirement
therefore serves as an operational safeguard rather than a behav-
ioral assumption. Under this structure, each participant can make
between 1 and 20 samples per round.

Let Cl’{j?d denote the total number of tokens spent by par-
ticipant i in round j, and let C7** = 200 denote the per-round
expenditure limit. The token budget imposes a binding trade-
off between exploration and cost conservation. More sampling
increases the chance of discovering higher-performing solutions
[11], but it simultaneously reduces final payoff through accumu-
lated expenditure.

This cost structure is central to the logic of the experiment.
The objective is not simply to find the optimal solution without
cost awareness, but to do so efficiently under resource and time
constraints. Because both the quality of the results achieved and
the sampling cost are directly observable, the platform supports
an outcome-based notion of efficiency that jointly reflects perfor-
mance and resource expenditure. In general, Table 1 summarizes
the key experimental settings of TFOG.

2.4 Team Competition Structure

In each round, participants are randomly assigned to multi-
ple battles of two-versus-two. Within each four-person system,
two participants form one team and compete against the oppos-
ing pair. Teams and competitions are re-formed at the begin-
ning of every round, and token budgets are reset. This random
re-pairing is designed to isolate the effect of the information-
sharing mechanism from potential confounds introduced by per-
sistent team dynamics. If team composition remained fixed
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across rounds, repeated interaction could give rise to familiar-
ity effects, implicit coordination conventions, or interpersonal
trust that would confound the treatment effect of the information
mechanism itself. By re-shuffling teams each round and resetting
budgets, the design ensures that rounds are strategically indepen-
dent to the greatest extent possible, so that observed differences
in efficiency alignment can be attributed to the information ar-
chitecture rather than to accumulated relational history among
specific participants.

This competitive structure creates strategic interdependence
at two levels. First, each participant’s sampling decisions affect
not only individual standing but also team performance. That is,
the best individual performance represents the best performance
of their team. Second, depending on the information-sharing
mechanism, the actions of one participant may alter what other
participants can observe and infer during the round. As a result,
search behavior that appears individually efficient need not align
with improved performance at the level of the four-person sys-
tem.

More importantly, this competitive structure also creates a
coexistence of cooperation and competition within each team.
On the one hand, teammates share a collective incentive to out-
perform the opposing pair, since the winning team captures a
portion of the non-winning team’s remaining funds. On the other
hand, the two members of the winning team receive asymmet-
ric payoff shares based on their relative individual performance,
which introduces a within-team competitive pressure to be the
stronger contributor. This dual incentive structure means that a
participant must simultaneously consider how to help the team
win and how to distinguish oneself within the team. The specific
payoff rules that implement this nested incentive design are de-
tailed in Section 2.6. This feature is central to the main research
question in this study.

2.5 Information-Sharing Mechanisms

To study how institutional structure affects efficiency align-
ment, we vary the information-sharing mechanism across four
games while keeping the underlying optimization task compara-
ble. The key treatment variation lies in what sampling informa-
tion is visible to participants during the search process.

Game 1: No sharing. Participants observe only their own
sampling history. The interface displays their own sampled
points in a coordinate system chart, and a real-time updated sum-
mary table of their best three and worst three sampled values. No
teammate or opponent information is visible.

Game 2: Teammate sharing. In addition to their own infor-
mation, participants can observe their teammate’s sampled points
and the corresponding function values in real time. The summary
display is therefore expanded to include both members of the
team. This mechanism creates within-team informational trans-
parency without revealing competitors’ information.

Game 3: Opponent-outcome sharing. Participants con-
tinue to observe only their own sampled points on the search
chart, but they also receive real-time information about the top
three sampled results (i.e., the function values, F(x)) achieved
by themselves and their opponents. But, they do not see the
opponents’ sampled design points (i.e., the x values). So, only
outcome information is revealed. This asymmetric disclosure is
motivated by the structure of real-world competitive design en-
vironments, where competing teams can typically observe the
performance outcomes of a rival’s product—such as benchmark
results, market reception, or published specifications—but can-
not observe the underlying design decisions, development pro-
cess, or technical solutions that produced those outcomes. In our
experimental abstraction, function values represent observable
design outcomes, while sampled x values represent the design
choices themselves. Game 3 thus models a competitive setting
in which outcome visibility coexists with process opacity.

Game 4: Combined sharing. This mechanism combines
the previous two conditions. Participants can observe both
teammate search information and opponent outcome informa-
tion. Thus, Game 4 provides the richest information environment
among the four mechanisms. As an example, Figure 2 shows the
user interface of Game 4. This interface is displayed for illustra-
tive purposes because it contains all major information elements
introduced in the four games. The interfaces of Games 1-3 fol-
low the same general layout but provide a reduced set of infor-
mation consistent with their respective mechanisms.

Each game consists of five rounds for a total of twenty
rounds in the four mechanisms. Since the optimization task re-
mains structurally comparable while the visibility of information
varies, the four-game design allows us to isolate how the infor-
mation architecture changes search behavior, cost allocation, and
translation from individual efficiency to system-level efficiency.

2.6 Outcome Determination and Payoff Rules

At the end of each round, only each participant’s best sam-
pled value is retained for competitive evaluation. The winning
team is the team containing the participant with the highest flavor
score (i.e., the function value) in that round, where the best per-
former within the winning-team is defined as the member whose
highest value in that round is greater.

The payoff structure in this experiment implements a two-
tier incentive design. At the team level, the winning team cap-
tures a portion of the non-winning team’s remaining funds, cre-
ating a direct competitive incentive to achieve a higher best score
than the opposing team. At the individual level, the two members
of the winning team receive asymmetric shares of this prize pool,
creating an additional within-team incentive for each participant
to strive to be the stronger performer on their side. This nested
structure ensures that participants receive meaningful incentives
at both the collective and individual levels throughout the round,
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@ Game 4: Information shared with your teammates and opponents () Round1/5 22 vs 28
Time left to complete this page: 1:35

Goal

Maximize a black-box function, F(x) (flavor), by sampling values for x (°C) while considering the cost.

Game Description

« You cannot see the mathematical form of F(x).
« You start each round with 200 tokens. Each sample costs 10 tokens.
« After submission, the best F(x) from all your samples in the round will be recorded.

Rules

« You can keep sampling until you run out of tokens, time, or decide to stop early.

« Since this is Game 4 with teammate and opponents information sharing, you cannot input x values that your teammate has already sampled.

& Remaining tokens: 160 1l Used tokens: 40 ~/ Average payoff before this round (tokens): 0.00

Sampling Area

Choose an x value (0.00 to 100.00)

15 Calculate F(x) F(x) = 55.91

Note: input x with up to 2 decimal places.

Sampling History (You & Teammate) Best 3 & Worst 3 F(x) — You and Teammate

X e Rank x Value F(x)
707
Top 1 2.55 69.74
604
A Top 2 0 60.27
501 Top 3 15 55.91
w0 Bottom 3 93.24 41.38
Bottom 2 76.43 10.38
304
Bottom 1 42 1.71
204
104 .
Best 3 F(x) — You and Opponent
D
) 20 40 60 80 100 Rank F(x)
x(°C)
Top1 69.74
Top2 55.91
Top3 23.79

& Click and Proceed to the Next Page

FIGURE 2. User interface for Game 4, the most information-rich condition in the experiment. The upper portion of the interface presents the current
game and round, a countdown timer, and an instruction panel briefly summarizing the task objective, token budget, per-sample cost, and condition-
specific sampling rules. The middle interaction area displays the participant’s remaining and used tokens, the mean payoft before the current round, and
the input field and calculation button for evaluating a selected x-value. The lower-left panel shows the sampling history of the participant and teammate,
while the lower-right panels provide ranked summaries of the participant—teammate pair’s best and worst sampled outcomes as well as the opposing
side’s best outcomes. Consistent color coding is used across the chart and tables to distinguish self, teammate, and opponent information.
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rather than reducing effort once a team outcome appears deter-
mined.

Formally, let n denote the number of samples taken by a
participant in one round and let ¢ = 10 denote the fixed cost per
sample. For the two members of the non-winning team, payoffs
are given by

Pr=P,=05x(200—n-c) 3)

The 50% retention factor imposes a meaningful competitive
penalty on the non-winning team while ensuring that losing does
not result in a zero payoff. This is important because if the non-
winning team received nothing, participants who perceive them-
selves as falling behind during the game would face a diminished
incentive to continue sampling thoughtfully, potentially leading
to disengagement or erratic search behavior. By guaranteeing a
positive residual payoff even in the event of a loss, the design pre-
serves within-game participation incentives for all participants
throughout the search process.
For the winning team, payoffs are

Py =(200—n-¢)+0.7x (P + P,) (4)
Py =(200—n-c)+03x (P, +P,) (5)

where P is assumed to be the best performer in the winning team
and Py is the other member. The asymmetric 70-30 share split is
designed to introduce a non-trivial prize spread within the win-
ning team. Consistent with tournament theory [20], a sufficiently
large reward differential incentivizes individual effort even when
team membership is already secured. The 7/3 ratio provides a
prize spread of approximately 2.3 : 1, large enough to maintain
individual optimization incentives without approaching the ex-
treme case of winner-takes-all, which can induce excessive risk-
taking or discourage sampling efforts among those with lower
confidence in their relative performance [21].

In the event of a tie in the best sampled value, the tie is bro-
ken by the time at which the tied score was first achieved. This
rule serves two complementary purposes. First, it ensures that
every round produces a determinate competitive outcome, elim-
inating the possibility of unresolved draws that would otherwise
complicate payoff allocation and undermine the clarity of com-
petitive incentives. Second, and more substantively, it introduces
a temporal dimension into the competitive evaluation: among
participants who discover equally good solutions, the one who
does so earlier is rewarded. This creates an implicit incentive
for cost-efficient early discovery rather than prolonged search,
which is consistent with the broader design goal of rewarding
efficient resource utilization. When two participants reach solu-
tions of equal quality, the one who does so in less time should be

ranked higher than the one who requires more time. The time-
based tiebreaker thus reinforces the cost-awareness logic embed-
ded throughout the payoff structure, rather than treating all equal-
quality outcomes as interchangeable regardless of the resources
expended to achieve them.

Thus, one’s final payoff depends jointly on solution quality,
sampling expenditure, teammate performance, and competitive
outcome. This payoff structure embeds cost-aware optimization
directly into participant incentives at multiple levels. Since par-
ticipants do not know the theoretical optimum during decision-
making, they must balance exploration and expenditure under
incomplete information. The institutional design therefore links
search behavior, competition, and payoff consequences in a way
that is behaviorally meaningful for the study of efficiency align-
ment. To provide real economic incentives, each participant’s av-
erage token payoff across the 20 rounds (4 games) was converted
into a monetary bonus at the end of the experiment at a rate of
20 tokens = $1. In addition, each participant received a fixed $25
participation payment independent of game performance.

2.7 Recorded Variables and Observability

For each participant i in round j, the experiment records the
initial sampled value Fl’;’” , the best sampled value F';, total indi-
vidual sampling cost C;f:}‘-ed , and the complete time-stamped sam-
pling trajectory. Team assignment and opponent identity are also
recorded.

These recorded data provide the observables needed to con-
struct outcome-based performance measures at both the individ-
ual and system levels. In particular, they allow us to evaluate
how effectively participants and the four-person design system
convert costly exploration into final solution quality. The next
section builds on these observables to formally define Individ-
ual Outcome Efficiency (IOE) and System Outcome Efficiency
(SOE).

3. EFFICIENCY METRICS AND EMPIRICAL STRATEGY

This section introduces the proposed outcome-based effi-
ciency framework and the empirical models developed to ex-
amine individual-system alignment. Our goal is not to infer
strategy-level efficiency from the search process but to evalu-
ate how effectively costly design exploration translates into de-
sign performance at different levels of analysis. This outcome-
based perspective is appropriate for our setting because both so-
lution quality and sampling cost are directly observable, whereas
the cognitive and strategic processes underlying participant de-
cisions are implicit. We construct both metrics from a shared
structural template and then describe how system-level efficiency
is related to both the average level (i.e., the main effect) and
the internal distribution of individual efficiency across the four
information-sharing mechanisms.
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Both IOE and SOE are constructed from the same meta-
structure inspired by the traditional output—input efficiency con-
cept [9,22]:

Efficiency = Performance Achieved x Resource Conservation
(6)
This multiplicative form reflects a deliberate design choice: an
agent or system that achieves high outcome quality but at exces-
sive cost, or conserves resources while achieving little, should
not be considered efficient in either dimension alone. Multi-
plying the two components avoids introducing arbitrary addi-
tive weights and yields a dimensionless, bounded indicator that
jointly reflects both dimensions. Beneath this unified exterior, we
incorporate different cores for each metric based on the distinct
perspectives of the individual participant and the four-person
competitive system, as detailed in the following subsections.

3.1 Individual Outcome Efficiency (IOE)

We define Individual Outcome Efficiency (IOE) as an
outcome-based measure of how effectively a participant converts
costly exploration into improvement achieved within a round.
The metric is constructed from experimentally observable quan-
tities and is designed to jointly reflect three properties: final so-
lution quality, improvement achieved during the round, and cost
awareness. Formally, IOE is defined as

F* — Finit Cmin
Fopt _ Finit ' Cused

IOE = max (0, ) €[0,1] )

where

e Finit; the average initial sampled value across all N partici-
pants in this round,

o F°P': the theoretical global optimum in this round,

e F*: the best value sampled by the participant in this round,

« C*¢d: the total sampling cost spent by the participant in this
round,

+ C™": the minimum required sampling cost per participant
(10 tokens, corresponding to one required sample).

The metric consists of two multiplicative components. The
first component, (F* — Finit) /(FoPt — Finit) | captures in-round
learning progress and final solution quality by measuring the pro-
portion of attainable improvement that the participant actually
realized [23]. The second component, C"" /C**  captures cost
efficiency by comparing the minimum possible expenditure to
the participant’s actual expenditure.

Several design choices in this formulation merit explanation.
First, we use the cross-participant average of initial sampled val-
ues, Fmit rather than each participant’s own initial value, Fiim,

as the baseline reference. The rationale is that any single partic-
ipant’s initial sample is highly influenced by randomness. Aver-
aging across participants creates a unified and more stable bench-
mark. In addition, this averaged baseline partially absorbs vari-
ation in function complexity across rounds: functions that are
harder to optimize tend to produce lower average initial values,
and the baseline adjusts accordingly.

Second, the truncation operator max (0, -) ensures that IOE
reflects only non-negative improvement efficiency [24]. If a par-
ticipant’s best sampled value falls below the round-level initial
average, the participant has failed to generate any improvement
relative to the shared baseline, and the metric assigns an effi-
ciency of zero. This avoids the interpretive difficulty of negative
efficiency values in an improvement-based framework.

The boundary cases of IOE are instructive. In the theoret-
ical best case, a participant samples the global optimum on the
first (and only required) attempt, yielding IOE = 1. In the worst
case, the participant fails to exceed the initial average in the entire
round, yielding IOE = 0. From a resource allocation perspective,
achieving a high-quality solution with minimal cost represents
efficient resource utilization regardless of whether the outcome
reflects deliberate strategy or stochastic luck [25-28]. IOE there-
fore measures the outcome efficiency of converting search cost
into solution improvement, rather than the underlying cognitive
or strategic efficiency of the search process.

3.2 System Outcome Efficiency (SOE)

We define System Outcome Efficiency (SOE) from the per-
spective of the four-person design competition system. In our
experimental design, each two-versus-two battle constitutes the
smallest unit that fully integrates all relevant structural elements:
within-team collaboration, cross-team competition, payoff allo-
cation, and individual sampling decisions. Accordingly, we treat
each four-participant battle as a system.

A natural question is why we define efficiency at the system
level rather than at the team level. The system-level perspective
corresponds to the viewpoint of the competition organizer, who
bears the aggregate cost of the entire competitive process and
evaluates the quality of the best solution that emerges from it.
As an analogy, consider a company that sponsors parallel design
teams to compete internally over alternative product concepts—a
practice observed in firms such as Apple [29, 30], where multi-
ple teams have simultaneously developed competing prototypes
before a final design is selected. From the company’s perspec-
tive, the relevant efficiency question is not how well one team
performed in isolation, but how effectively the entire competi-
tive structure converted total resources into a winning design. A
team-level metric would capture only one side of the competi-
tion and miss the cost borne by the opposing team, whose ex-
ploration effort also contributes to the competitive pressure that
shapes the outcome. The system-level formulation incorporates
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the full cost—outcome trade-off generated by the competition as
a whole.

Following the same meta-structure used for IOE, we con-
struct SOE to capture how effectively a system transforms total
exploration cost into final solution quality under competitive in-
teraction. Formally, SOE is defined as:

SOE = Foys i 0,1 8
= (o) (gea) € 01 ®)

where

* Fjj, : the best function value sampled by any of the four par-
ticipants in the system during this round,

e FP': the theoretical global optimum in this round,

. C;;g” : the minimum required sampling cost for four-
participant system in this round (40 tokens, corresponding
to one required sample per participant),

. C;‘;fd : the total sampling cost actually spent by all four par-
ticipants in the system during this round.

The first component, Fg /F P! captures the quality of the
best solution discovered within the system relative to the theoret-
ical optimum. The second component, Cgi" / C;‘;fd , captures the
cost efficiency of the system by comparing the minimum possi-
ble aggregate expenditure to the actual total expenditure. As with
IOE, the multiplicative structure avoids artificial weighting and
produces a bounded, dimensionless efficiency measure.

An important structural premise underlying this formulation
is that, under the payoff rules described in Section 2.6, each two-
versus-two battle can be viewed as a zero-sum game at the sys-
tem level. The only cost that is irreducibly consumed by the
system is the sampling cost. From the system organizer’s per-
spective, the relevant evaluation is purely outcome-based: the
question is how much irreducible cost the system collectively
expended to obtain how good a solution. Details of individual
search strategies, within-team coordination patterns, and cross-
team interaction dynamics are treated as endogenous to the sys-
tem,; their effects are reflected in this outcome-based metric.

3.3 Statistical Evaluation Methods

With IOE and SOE defined, we now describe the empirical
method used to examine whether and how individual efficiency
translates into system efficiency across different information-
sharing mechanisms. Our analysis addresses three complemen-
tary questions:

Level alignment. How does the mean level of individual
efficiency within a system relate to system-level efficiency under
different mechanisms?

Dispersion alignment. How does inequality of individual
efficiency affect system-level efficiency across mechanisms?

Joint interaction of level and dispersion. How does the
combination of mean efficiency and efficiency inequality jointly
determine the individual-to-system translation?

3.3.1 Level Alignment Models We employ three re-
gression models to examine the relationship between mean IOE
and SOE.

Model 1: Basic OLS. For each Game i (i = 1,2,3,4), we
estimate:

SOEZﬁo-Fﬁ]*ﬁ-F&‘ )

with HC3 robust standard errors.! This model tests whether the
mean individual efficiency within a system is a significant pre-
dictor of system efficiency under each mechanism separately.

Model 2: OLS with round-specific fixed effects. To ac-
count for potential variation in search difficulty due to different
objective functions across rounds, we augment the basic model
with round-specific fixed effects:

5
SOE = o+ B -IOE+ Y &, -Round, + & (10)
r=2

This model controls for the possibility that certain objective func-
tions are inherently easier or harder to optimize, which could
confound the estimated IOE-SOE relationship. HC3 robust stan-
dard errors are used throughout.

Model 3: Pooled interaction regression with Game x
Round fixed effects. To explicitly compare the strength of the
IOE-SOE mapping across mechanisms, we pool all four games
and estimate a single regression with Game x Round fixed ef-
fects. These fixed effects comprise a full set of indicator variables
for each of the 20 unique game-round combinations (4 games x
5 rounds) captured by oxp in the following equation, thereby
absorbing both mechanism-level and function-specific variation:

SOE = 0 + 1 - IOE+ 6 - (I0E x G,) (11)
+65- (I0E x G3) + 64 - (IOE x G4) + € (12)

The interaction terms 6y capture the incremental change in
the IOE-SOE slope relative to the Game 1 baseline. HC3 ro-
bust standard errors are applied, and the number of observations
increases from 30 per game to 120 in the pooled sample.

YHC3 is a heteroskedasticity-consistent standard error estimator that applies
a stronger correction for high-leverage observations than HC1 or HCO. It is rec-
ommended for small-sample settings because it reduces the risk of over-rejection
under heteroskedasticity [31].
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3.3.2 Dispersion Alignment Models To capture the
degree of inequality in individual efficiency within a system, we
use the Gini coefficient:

i1 Z?:l i — xj|

Gini =
2nx

13)

The Gini coefficient is chosen over variance-based disper-
sion measures for two reasons. First, our interest is not merely
in overall variability but in the degree of inequality in how effi-
ciently team members convert resources into outcomes. The Gini
coefficient directly quantifies distributional inequality, whereas
variance reflects aggregate spread without distinguishing be-
tween symmetric and asymmetric dispersion patterns. Second,
both IOE/SOE and the Gini coefficient are bounded between 0
and 1, which makes the mean level and within-team inequality
of IOE directly comparable in scale and facilitates joint interpre-
tation.

We apply the same two-model structure used for level align-
ment. The basic OLS model is:

SOE = By + B - Ginijor + € (14)
and the round-specific fixed effects model is:
5
SOE = By + B1 - Ginijor + Y, 6,-Round, +&  (15)

r=2

Both models use HC3 robust standard errors and are esti-
mated separately for each game.

3.3.3 Joint Interaction Model Finally, to test whether
the distribution of efficiency within a system modulates the trans-
lation from individual efficiency to system efficiency, we esti-
mate a centered interaction model with main effects:

SOE = By + B1Mean 10E + B>Giniror (16)
+Bs(Mean 10E x Giniror) + Sroua + € 17)

where Mean IOE and Ginijor denote the grand-mean-centered
versions of the respective variables. Centering serves two pur-
poses [32]: it reduces multicollinearity between the main ef-
fects and the interaction term, and it ensures that the main ef-
fect coefficients are interpretable at the sample mean of the other
variable rather than at zero. Round-specific fixed effects are in-
cluded as a robustness control. This model is positioned as a sup-
plementary mechanism test to examine whether within-system
efficiency inequality exerts an independent effect on SOE and
whether it moderates the mean IOE-SOE relationship differently
across information-sharing mechanisms.
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4. EXPERIMENTAL PROTOCOL AND RESULTS

This section describes the data collection process and reports
the empirical results for the three research questions outlined in
Section 3.3: level alignment between mean IOE and SOE, dis-
persion alignment between Gini IOE and SOE, and the joint in-
teraction of level and dispersion.

4.1 Data Collection

We conducted two experimental sessions on February 18
and February 20, 2026. The first session included 8 partici-
pants and the second included 16, for a total of 24 participants
from two four-year research universities. Each session lasted
approximately 90 minutes. Because the experimental structure
consists of independent two-versus-two battles, splitting the 24-
participant pool across two sessions does not introduce con-
founding. For any given round within a game, the function faced
by all participants in the first session was identical to that faced
by all participants in the second session. This design ensures that
data from both sessions can be combined for analysis.

Also, to ensure that participants fully understood the task
prior to data collection, we implemented a multi-layer instruction
procedure. Participants were provided with a short introduction
video before the experiment, followed by an in-session overview
using slides. In addition, brief instructional reminders were also
embedded in the user interface of each game (see Figure 2).

In each session, participants first completed a trial game to
familiarize themselves with the platform interface and task me-
chanics. They then played all four games sequentially, with each
game consisting of five rounds. At the beginning of each round,
participants were randomly re-assigned into two-versus-two sys-
tems and a new objective function was drawn. This re-grouping
and function refresh procedure was designed to make rounds
within each game as statistically independent as possible.

Combining the two sessions, each game yields 30 system-
level observations (Session 1: 2 systems per round X 5 rounds
from session 1; Session 2: 4 systems per round X 5 rounds from
session 2). The pooled sample across all four games contains 120
system-level observations.

4.2 Level Alignment: Mean IOE and SOE

We begin by examining whether the mean level of individ-
ual efficiency within a system predicts system-level efficiency,
and whether this relationship varies across information-sharing
mechanisms.

4.2.1 Basic OLS Results Table 2 reports the results of
the basic OLS regression of SOE on mean IOE for each game
separately.

In Game 1 (no information sharing), the estimated slope is
positive but statistically insignificant (8; = 0.299,p = 0.254),
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TABLE 2. Basic OLS results for the mean IOE-SOE relationship

Game f; p-value R?
1 0.299 0.254 0.347
2 0.612 < 0.001 0.761
3 0.521 0.021 0.657
4 0.487 < 0.001 0.752
TABLE 3. Fixed-effects OLS results for the mean IOE-SOE relation-
ship
Game f3 p-value R? AR?  Round FE (joint F-test)
1 0.206 0.178 0.770 0.423 p=0.0053
2 0.618 < 0.001 0.780 0.019 p=0.3023
3 0.538 0.025 0.710 0.053 p =0.7609
4 0.489 <0.001 0.777 0.025 p=0.6168

indicating that mean IOE does not reliably predict SOE under
the baseline mechanism. In contrast, Games 2 through 4 all ex-
hibit significant and positive slopes (p < 0.05), with estimated
coefficients ranging from 0.487 to 0.612, suggesting that un-
der information-sharing mechanisms, higher mean individual ef-
ficiency within a system is associated with higher system effi-
ciency. Whether these slopes differ significantly from the Game
1 baseline is formally tested in the pooled interaction model re-
ported in Section 4.2.3.

4.2.2 OLS with Round-specific Fixed Effects Ta-
ble 3 reports the results from OLS regressions augmented with
round-specific fixed effects. The Round FE column reports the
p—value from a joint F-test of the four round indicator vari-
ables, testing whether cross-round variation in objective function
complexity explains additional variance in SOE beyond mean
IOE. Equivalently, the null hypothesis is that the round fixed ef-
fects are jointly zero, meaning that there is no additional round-
specific baseline variation in SOE after controlling for mean IOE.

After controlling for function complexity, the mapping from
mean IOE to SOE in Game 1 remains insignificant (p = 0.178),
while Games 2 through 4 retain their statistical significance. This
result confirms that the misalignment observed in Game 1 is not
an artifact of cross-round variation in function complexity.

An additional observation concerns the role of round-
specific fixed effects. Because the objective function changes
across rounds, some rounds may present easier or harder opti-
mization landscapes. Round-specific fixed effects control for this
variation by allowing each round to have its own baseline SOE
level. In Games 2 through 4, these round-specific effects are
not statistically significant, which means that once we know the
mean IOE of a system, the specific function used in that round
adds little additional information to predict SOE. In other words,
mean IOE is already a sufficient summary of what drives sys-
tem efficiency under information-sharing conditions. In Game
1, by contrast, round-specific fixed effects are significant (p =
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TABLE 4. Pooled interaction regression results for the mean IOE—

SOE relationship
Variable Coefficient p-value
Mean IOE (Game 1 baseline slope) 0.206 0.165
TIOEx Game 2 0.412 0.036
TIOEx Game 3 0.332 0.217
TIOEx Game 4 0.283 0.087

TABLE 5. Estimated mean IOE-SOE slopes by game from the pooled
interaction model

Game Implied slope p-value
1 0.206 0.165
2 0.618 < 0.001
3 0.538 0.016
4 0.489 < 0.001

0.0053). This indicates that when the IOE-SOE mapping is it-
self weak—as it is under the no-sharing condition—system effi-
ciency is driven more by which function happened to be drawn in
that round than by how efficiently participants searched. There-
fore, under no-information-sharing condition, the mapping from
mean IOE to SOE fails to internalize systematic across-round
variation. By contrast, the information-sharing mechanism acts
precisely as a stabilizer for such variation.

4.2.3 Pooled Interaction Regression To explicitly
test whether the strength of the IOE-SOE mapping differs across
mechanisms, Table 4 reports the results of the pooled interaction
regression with ‘Game x Round’ fixed effects. Game 1 serves
as the reference category, so f; represents the baseline slope and
the interaction terms 6 capture the incremental change in slope
for each subsequent game.

The baseline slope in Game 1 is not statistically significant
(p = 0.165), indicating that under no-information-sharing, even
after controlling for ’Game x Round’ fixed effects, the linear
predictive power of IOE for SOE remains weak.

The interaction term for Game 2 is significant (p = 0.036),
indicating that the introduction of teammate information sharing
produces a statistically detectable enhancement in the [IOE-SOE
mapping relative to the no-sharing baseline.

The interaction terms for Games 3 and 4 are positive but
do not reach conventional significance levels (e.g., 0.01 or 0.05)
individually (p = 0.217 and p = 0.087, respectively).

Table 5 reports the implied slope for each game, computed
by summing the baseline slope and the corresponding interaction
term. The implied slopes confirm the pattern observed in the
game-by-game regressions: Game 1 is not significant, whereas
Games 2 through 4 are all significant at p < 0.05 or better.
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TABLE 6. Comparison of model specifications for the mean IOE-

SOE relationship
Game Basic OLS + Round FE Pooled Interaction
1 ns ns ns
2 KKk KKk T* EX 3
3 £ ES *
4 seoksk skoksk sekok

Notes: ns = not significant. * p < 0.05, *** p < 0.001. 1 indicates that the
IOE-SOE slope is significantly larger than the Game 1 baseline in the pooled
interaction model.

4.2.4 Summary for Level Alignment Table 6 inte-
grates the three modeling approaches. Across all specifications,
the IOE-SOE mapping is insignificant in Game 1 but consis-
tently significant in Games 2-4, with the pooled interaction
model further confirming that Game 2’s slope is significantly
steeper than Game 1’s baseline (6, = 0.412, p = 0.036). The
level-alignment results are revisited in the integrated discussion
in Section 5.1.

An interesting question is why the IOE-SOE relationship
in Game 3 remains comparable to those in Games 2 and 4, de-
spite the absence of teammate information sharing. We interpret
this as follows. Opponent-outcome visibility may provide ex-
ternal performance benchmarks that influence sampling aggres-
siveness, stopping decisions, and perceived competitive pres-
sure, thereby creating system-level coupling even without direct
within-team communication. Learning effects across rounds may
also contribute, although the random re-pairing and per-round
function refresh procedures are designed to limit them. A rig-
orous test through sampling-trajectory analysis is left for future
work.

A related concern is whether the observed differences across
Games 1-4 might partly reflect learning effects, given that par-
ticipants played the four games in a fixed sequential order. We
note, however, that a pure learning explanation would predict
a monotonic improvement in SOE level from Game 1 to Game
4. By contrast, our core finding concerns a structural difference
in the IOE-SOE mapping strength between Game 1 and Games
2—-4, which a uniform learning trend cannot easily account for. A
more direct test through an explicit trial-order control is left for
future work.

4.3 Dispersion Alignment: Gini IOE and SOE

We next examine whether the inequality of individual effi-
ciency in the four-participant battle, measured by the Gini coef-
ficient of IOE, independently predicts system efficiency.

4.3.1 Basic OLS Results Table 7 reports the basic OLS
regression of SOE on Gini IOE for each game. None of the four
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TABLE 7. Basic OLS results for the Gini IOE-SOE relationship

Game f; (Gini IOE) p-value R?
1 0.050 0.192  0.056
2 0.065 0332 0.026
3 0.064 0.079  0.079
4 0.107 0225  0.081

TABLE 8. Fixed-effects OLS results for the Gini IOE-SOE relation-

ship
Game B (Gini IOE) p-value R? AR?> Round FE (joint F-test)
1 0.050 0.152  0.695 0.639 < 0.001
2 0.044 0.572  0.190 0.164 0.595
3 0.068 0.077 0.166 0.087 0.514
4 0.056 0.551 0.286 0.205 0.450

TABLE 9. Summary comparison of models for the Gini IOE-SOE
relationship

Game BasicOLS + Round FE
1 p=0.192 p=0.152
2 p=0.332 p=0.572
3 p=0.079 p=0.077
4 p=0225  p=0.551

games produces a statistically significant slope at the p < 0.05
level, although Game 3 approaches marginal significance (p =
0.079). The R? values are uniformly low (0.026 — 0.081), indi-
cating that Gini IOE alone explains very little of the variation in
SOE. These results indicate that within-system inequality of in-
dividual efficiency does not, by itself, serve as a reliable predictor
of system efficiency.

4.3.2 OLS with Round-specific Fixed Effects Ta-
ble 8 reports the round-specific fixed effects specifications. After
controlling for round-level function complexity, the Gini IOE co-
efficient remains insignificant in all games except Game 3, where
it is marginally significant (p = 0.077). This is fully consistent
with the basic OLS results. Notably, in Game 1, the R? increases
substantially (from 0.056 to 0.695) after adding round-specific
fixed effects, suggesting that much of the variation in SOE under
the no-sharing condition is attributable to function complexity
rather than to efficiency dispersion. However, because Game
1 was the first formal game participants played, part of these
round-specific effects may also reflect residual learning effects.
Although a one-round trial game was provided beforehand, it
may not have fully eliminated deeper strategic adaptation in the
early formal rounds.

4.3.3 Summary for Dispersion Alignment Table 9
summarizes the dispersion-alignment results. Gini IOE alone is
not a robust predictor of SOE under any of the four mechanisms.
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TABLE 10. Centered interaction regression results: Mean IOE, Gini
IOE, and their interaction

Game Mean IOE Gini IOE Interaction R?
1 0.657 (0.015%) —0.103 (0.032%) —0.968 (0.476) 0.838
2 0.846 (< 0.001***)  —0.183 (< 0.001***) —1.418 (0.059T) 0.945
3 0.957 (< 0.001**)  —0.129 (< 0.001***) —1.476 (0.089T) 0.971
4 0.830 (< 0.001**) —0.216 (< 0.001***) —1.263 (< 0.001***) 0.974

*p <0.05, Tp <0.10, **p < 0.001

The implications of this null result, particularly when contrasted
with the joint-interaction results that follow, are discussed in Sec-
tion 5.1.

4.4 Joint Interaction of Level and Dispersion

The preceding analysis examined mean IOE and Gini IOE as
separate predictors of SOE. However, the motivation for study-
ing dispersion is not only that inequality might independently
determine system outcomes, but also that it may modulate the
translation from individual mean-level efficiency to system ef-
ficiency. We therefore estimate the centered interaction model
described in Section 3.3.3.

4.4.1 Interpretation of Main Effects Table 10 reports
the results for all four games. The centered mean IOE coef-
ficient (B;) is now significantly positive across all four games
(p < 0.05 to p < 0.001), with estimates ranging from 0.657 to
0.957. This indicates that, in centered interaction regression, the
average level of individual efficiency is the primary driver of sys-
tem efficiency across all mechanisms.

The centered Gini IOE coefficient (f3;) is significantly nega-
tive across all four games (p < 0.05 to p < 0.001), with estimates
ranging from —0.103 to —0.216. 8, < 0 means that among sys-
tems with the same mean IOE, a larger Gini (meaning more un-
equal distribution) leads to worse SOE.

This result stands in sharp contrast to the standalone Gini
regressions reported in Section 4.3, where Gini IOE was not a
significant predictor. The contrast reveals a key structural in-
sight: the negative effect of efficiency inequality on system per-
formance is masked when mean IOE is not controlled for, be-
cause systems with high inequality tend to have varying mean
levels that confound the marginal effect of dispersion. Once the
mean is held constant, however, the independent drag of the in-
equality on system efficiency becomes statistically apparent.

4.4.2 Interpretation of the Interaction Term The in-
teraction coefficient (f83) captures whether efficiency inequality
moderates the translation from mean IOE to SOE. Across all four
games, f33 is negative, indicating that higher inequality weakens
the positive association between mean IOE and SOE. However,
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the statistical significance of this interaction varies by mecha-
nism in a theoretically informative way.

In Game 1 (no information sharing), the interaction term is
not significant (p = 0.476). This suggests that under the base-
line mechanism, where participants operate in informational iso-
lation, the moderating role of inequality is absent. Each partic-
ipant’s efficiency contributes to the system essentially in isola-
tion, so the distribution of efficiency across system members has
limited structural consequence beyond its mean.

In Games 2 and 3 (teammate sharing and opponent-outcome
sharing, respectively), the interaction terms are marginally sig-
nificant (p = 0.059 and p = 0.089), with substantial negative co-
efficients (—1.418 and —1.476). These results suggest that as in-
formation becomes available, efficiency inequality begins to ex-
ert a moderating effect. In other words, within each game, when
the mean efficiency of a system is already high, the additional
penalty for high inequality is greater.

In Game 4 (combined sharing), the interaction term is
strongly significant (p < 0.001, 3 = —1.263). Under the richest
information environment, the moderating effect of inequality is
fully activated.

Across all information-sharing conditions, the negative in-
teraction can be understood intuitively: when mean IOE is high,
the system is operating near its performance frontier, and the
marginal damage caused by low-efficiency members becomes
more consequential. Conversely, when mean IOE is low, all
members are performing poorly, and the incremental harm of
inequality is diluted. This pattern indicates that information-
sharing mechanisms not only strengthen the IOE-SOE mapping
but also amplify the system-level penalty of internal efficiency
imbalance, and this amplification is strongest under the richest
information condition.

4.4.3 Role of Round-specific Fixed Effects Table 11
shows the round-specific effects result in centered interaction
regression. In Games 1 through 4, all round-specific fixed ef-
fects are insignificant now, which stands in contrast to the earlier
model (without mean IOE) where Game 1 exhibited highly sig-
nificant round effects (p < 0.001). This indicates that the combi-
nation of mean IOE and Gini IOE absorbs the difficulty-related
variation that was previously captured by round dummies.

4.4.4 Model Fit The addition of the interaction term pro-
duces a substantial improvement in explanatory power. Ac-
cording to Table 10, the R” values range from 0.838 (Game
1) to 0.974 (Game 4), representing a qualitative leap com-
pared to the Gini-only models (0.026 — 0.081 in basic OLS)
and even the mean-only models with round-specific fixed effects
(0.710-0.780). This indicates that the joint model of mean IOE
and Gini IOE, combined with their interaction, achieves very
strong explanatory power for system-level efficiency, particularly
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TABLE 11.
F-test Results

Centered interaction regression result: Round FE Joint

Game F(4,22) p-value
1 1.455 0.250
2 0.467 0.759
3 0.795 0.541
4 0.702 0.599

under information-sharing mechanisms.

4.4.5 Summary for Joint Interaction The joint anal-
ysis yields three principal findings. First, after controlling for
within-system inequality, mean IOE (f3; > 0) is a significant pos-
itive predictor of SOE across all four mechanisms, including
Game 1, although the Game 1 coefficient (0.657) remains no-
tably smaller than those of Games 2—4 (0.830-0.957). Second,
Gini IOE (B, < 0) exerts a significant negative effect on SOE
across all four games, but only after the mean level is accounted
for—an effect masked in the bivariate analysis of Section 4.3
due to confounding between mean and dispersion. Third, the
negative interaction between mean IOE and Gini IOE (3 < 0)
emerges only under information-sharing conditions—marginally
significant in Games 2 and 3 and strongly significant in Game
4—while absent in Game 1. The theoretical interpretation of
these patterns—particularly the refinement of the Section 4.2 re-
sult and the activation of inequality’s moderating role under in-
formation sharing—is developed in detail in Section 5.1 and Sec-
tion 5.2.

5. DISCUSSION AND CONCLUSION
5.1 Summary of Findings

This study investigated how individual efficiency translates
into system-level efficiency in a competitive team-based de-
sign environment, and how that translation is influenced by the
information-sharing mechanism governing interaction. Using
a controlled Team-based Function Optimization Game experi-
ment with four distinct information architectures, we constructed
outcome-based efficiency metrics at both the individual level
(IOE) and the system level (SOE), and examined their relation-
ship through a multi-layered statistical framework.

Three principal findings emerge. First, when each partici-
pant’s individual efficiency is used alone to predict system effi-
ciency, the prediction works well under information-sharing con-
ditions (Games 2-4) but is weak and unreliable under the no-
sharing baseline (Game 1). Once inequality is accounted for
in the joint model, the prediction becomes significant even in
Game 1, but remains notably weaker than in Games 2—4. This
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indicates that the translation from individual efficiency to sys-
tem efficiency is not absent without information sharing, but is
fragile — fragile enough to be undetectable unless other factors
are controlled for. Information-sharing mechanisms substantially
strengthen and stabilize this translation.

Second, when we compare systems that have the same av-
erage level of individual efficiency, those with a more unequal
distribution of efficiency across members tend to achieve worse
system-level outcomes. This penalty of inequality is hidden
when we look at inequality alone without accounting for the av-
erage efficiency level, because in the raw data, high-inequality
systems and low-inequality systems also tend to differ in their av-
erage efficiency, which masks the independent harm of inequal-
ity.

Third, the combination of high average efficiency and high
inequality is particularly damaging to system performance, but
only when information is shared. In plain terms, inequality hurts
more when the system is otherwise performing well, because the
system has more to lose from its weakest members. This amplifi-
cation effect is absent under the no-sharing condition, marginally
present under partial sharing, and strongest under the richest
information environment. In other words, richer information
mechanisms are not unconditionally beneficial — they raise the
ceiling of what well-balanced systems can achieve, but also
increase the cost of internal imbalance.

Taken together, these results suggest that the individual-to-
system efficiency translation is not a stable structural property
of competitive design systems, but a mechanism-dependent re-
lationship whose strength, robustness, and sensitivity to internal
inequality are all shaped by the information architecture in which
agents operate.

5.2 Theoretical Implications

5.2.1 Against the Aggregation Assumption A
foundational premise in many design and decision frameworks
is that system performance can be understood, at least approxi-
mately, as an aggregate of individual performances [33,34]. This
assumption underpins decentralized design philosophies, local
incentive structures, and performance evaluation systems that re-
ward individuals in the expectation that system-level gains will
follow. Our results challenge this premise within the nested co-
operative—competitive setting examined here, and suggest that its
validity in other system architectures—such as purely coopera-
tive or purely competitive environments—warrants further em-
pirical investigation.

In Game 1, where participants operate in informational iso-
lation, the linkage between individual efficiency and system ef-
ficiency is weak and fragile, and this relationship becomes de-
tectable only after other structural factors are controlled for. This
is not merely a case of noise or measurement error. It reflects
a structural condition in which the absence of informational ar-
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chitecture makes the individual-to-system translation weak, un-
stable, and easily obscured. The aggregation assumption, far
from being a universally reliable default, becomes fragile pre-
cisely when individuals lack the informational infrastructure to
coordinate—or even to inadvertently benefit from—each other’s
search progress.

The implication is that efficiency alignment is not deter-
mined solely by the properties of agents but also by the mech-
anisms that structure their interaction. Two systems with iden-
tical distributions of individual efficiency can produce markedly
different system-level outcomes depending on the information
architecture that connects them. This reframes the question of
system performance away from “how good are the individuals?”
toward “how effectively does the mechanism translate individual
quality into collective outcomes?”

5.2.2 Information as a Structural Coupling De-
vice The progressive strengthening of the IOE-SOE mapping
from Game 1 through Games 2-4 reveals a deeper role for
information-sharing mechanisms than is typically acknowledged
in the design literature. Information sharing does not simply re-
duce uncertainty or improve individual decisions. More funda-
mentally, it shapes the structural coupling between individual and
system performance. Under the no-sharing condition, the four
participants within a system behave largely as informationally
isolated atoms whose performances combine through purely me-
chanical aggregation—the system outcome is determined by the
best individual draw, with little opportunity for one participant’s
search progress to influence another’s trajectory. Under shar-
ing conditions, information creates interdependence: one partici-
pant’s discovery can redirect a teammate’s search, and awareness
of opponent outcomes can alter the timing and aggressiveness of
exploration. These informational pathways transform the system
from a loose collection of independent agents into a coupled dy-
namical structure in which individual efficiency gains can prop-
agate, compound, and be leveraged at the system level.

This interpretation connects to the broader theoretical dis-
tinction between mechanistic and emergent properties of com-
plex systems. The IOE-SOE mapping under no sharing is largely
mechanistic: it is driven primarily by the statistical aggrega-
tion of individual outcomes, with only limited pathways through
which participants’ searches can influence one another. Under
information sharing, the mapping acquires emergent character-
istics: the system-level outcome reflects not only the quality of
individual inputs but also the interaction structure through which
those inputs are processed. Information architecture, in this view,
is the mechanism that governs whether a system behaves more
like a mere collection of individuals or as a genuinely intercon-
nected system.
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5.2.3 Inequality as a Latent Vulnerability Perhaps
the most theoretically striking pattern is the qualitative shift in
the role of Gini IOE across our modeling sequence (Sections 4.3
and 4.4): inequality appears inert when examined in isolation,
but exerts a consistent negative effect on system efficiency once
the mean level is controlled for, with a moderating effect that
emerges and intensifies as information sharing becomes richer.

This finding carries a precise theoretical interpretation. In-
equality in individual efficiency is not inert; it is a latent vulner-
ability whose consequences are activated by information-sharing
mechanisms. In the absence of shared information, inequality is
invisible to the system because participants cannot observe, react
to, or be harmed by the inefficiency of others. Under information
sharing, however, low-efficiency participants are no longer iso-
lated—they consume shared attentional resources, generate mis-
leading signals for teammates, or fail to capitalize on informa-
tional opportunities that the mechanism provides. The richer the
information environment, the more channels exist through which
inefficiency can propagate and impose costs on the system as a
whole.

The negative interaction between mean IOE and Gini IOE
deepens this interpretation. When a system’s average efficiency
is high, it operates near its performance frontier, and the marginal
damage of low-performing members is amplified: the system
has more to lose, and the informational infrastructure that en-
ables alignment also transmits the disruptive effects of inter-
nal imbalance. Conversely, when average individual efficiency
is low, inequality matters less because no member is generat-
ing substantial value that could be undermined by others’ inef-
ficiency. Information-sharing mechanisms thus exhibit a dual
character: they strengthen the positive translation from individ-
ual efficiency to system efficiency while simultaneously ampli-
fying the system-level penalty of internal efficiency inequality.
This duality means that richer information environments are not
unconditionally beneficial—they raise both the ceiling of what
aligned systems can achieve and the cost of what misaligned sys-
tems must bear.

5.3 Practical Implications

These findings have direct implications for the design of or-
ganizational and competitive systems where information-sharing
policies are subject to institutional choice.

First, the results caution against evaluating information-
sharing mechanisms solely by their effect on average perfor-
mance. A mechanism that improves mean efficiency but si-
multaneously amplifies the cost of internal inequality may pro-
duce worse outcomes in systems where individual efficiency is
unevenly distributed. System designers should therefore assess
mechanisms not only by their level effects but also by their dis-
tributional sensitivity—the degree to which system performance
depends on the internal balance of individual contributions.
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Second, the finding that inequality is a latent vulnerability
activated by information sharing suggests that organizational in-
vestments in information infrastructure should be accompanied
by attention to the homogeneity of individual capability. Pro-
viding richer information to a team with large capability gaps
may be counterproductive if the weaker members cannot effec-
tively utilize the shared information, thereby imposing external-
ities on stronger members through misallocated coordination ef-
fort or degraded signal quality.

Third, the weakness and fragility of the IOE-SOE map-
ping in Game 1 carries its own practical lesson. In en-
vironments where information sharing is absent or mini-
mal—whether by design, regulatory constraint, or technolog-
ical limitation—individual efficiency improvements may yield
weaker and less robust system-level returns. Under such con-
ditions, the most effective intervention may not be to improve in-
dividual performance but to restructure the information architec-
ture itself, thereby strengthening the structural pathways through
which individual gains can translate into collective outcomes.

To illustrate these implications concretely, consider the prac-
tice of internal design competitions observed at firms such as
Apple, where multiple teams simultaneously develop compet-
ing prototypes before a final design is selected. Our results
suggest that enabling both within-team information transparency
and cross-team performance visibility — analogous to the com-
bined sharing condition (Game 4) in our experiment — is not
unconditionally beneficial. If the competing teams are roughly
equal in capability, richer information sharing can strengthen the
translation from individual effort to the quality of the final se-
lected design. However, if the individual contributors across the
competing teams differ substantially in capability, the same in-
formation sharing may amplify the cost of this imbalance —
weaker teams may misallocate effort in response to shared sig-
nals, while stronger teams may face degraded signal quality. Un-
der such conditions, the organization should consider not only
the richness of the information environment but also the balance
of individual capability within the system, as richer information
may fail to deliver its full benefit — or even backfire — when
internal efficiency inequality is high. This should not be inter-
preted as evidence that high-performing contributors ought to
be sorted into the same system. Rather, the broader implication
is that the design of information mechanisms should be aligned
with the underlying capability distribution, because richer infor-
mation environments make the cost of internal imbalance more
consequential.

5.4 Limitations

Several limitations of this study should be acknowledged.
First, the sample size of 24 participants, while sufficient for the
multi-level statistical analysis conducted here, limits the gener-
alizability of the findings. Each game produces 30 system-level

16

observations, which constrains the complexity of models that can
be estimated with adequate statistical power. Replication with
larger participant pools would strengthen confidence in the re-
ported effect sizes and significance patterns.

Second, the optimization task used in this study, while care-
fully designed to be accessible across participant backgrounds,
proved to be relatively easy for the current family of test func-
tions. A substantial proportion of participants were able to iden-
tify the global optimum or near-optimal solutions within the bud-
get. As a consequence, the value-improvement component of
IOE frequently approaches its upper bound, reducing the met-
ric’s discriminative power and causing IOE to be predominantly
driven by the cost component. This ceiling effect [35] limits
the range of individual efficiency variation observable in the data
and may attenuate the strength of the estimated IOE-SOE rela-
tionships. Future studies should employ objective functions with
higher-dimensional design spaces, more complex landscapes, or
tighter budget constraints to ensure greater separation in individ-
ual performance.

Third, the ceiling effect also points to an important dimen-
sion of individual performance that the current IOE metric does
not capture: convergence speed. When multiple participants ul-
timately reach the same solution quality, the efficiency of the
path, how quickly a participant converges to a near-optimal so-
lution, becomes the more discriminating dimension of perfor-
mance. Convergence-based efficiency metrics, measuring the
cost incurred to first reach a near-optimal threshold, would pro-
vide a complementary perspective that is particularly valuable in
settings where the optimization task is not sufficiently difficult to
generate variation in final solution quality. We leave the formal
construction of such metrics and the analysis of their system-
level mapping relationships to future work.

Fourth, team composition in this study is randomly assigned
and changes across rounds, which isolates the effect of informa-
tion mechanisms from persistent team dynamics. However, real
organizational settings involve persistent teams, learning across
interactions, and endogenous sorting. The extent to which the
mechanism-dependent alignment patterns identified here transfer
to settings with stable team composition remains an open ques-
tion.

Fifth, the current experiment uses a fixed team size of two
members in a two-versus-two competitive structure. While this
minimal team size provides clean experimental control and sim-
plifies the identification of individual contributions, it limits the
range of intra-team dynamics that can emerge. In larger teams,
additional phenomena may arise, such as higher coordination
costs, role differentiation, and more complex patterns of informa-
tion utilization, that could alter both the level and distributional
effects documented here. For example, the Gini coefficient of
IOE may behave differently in a system with ten participants than
in the four-participant system studied here, because as team size
increases, both the potential scope for internal inequality and its
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interaction with information sharing expand, potentially in a non-
linear manner. Extending the experimental framework to larger
team sizes would test whether the mechanism-dependent align-
ment patterns identified here scale beyond minimal teams.

5.5 Future Directions Beyond addressing the limita-
tions noted above, several directions for future research are mo-
tivated by this study’s findings. First, the current analysis treats
information-sharing mechanisms as exogenous treatments. In
many real-world design environments, however, the degree of
information sharing is endogenous: agents choose how much to
reveal, when to observe, and what to communicate. Extending
this framework to settings with strategic information disclosure
would connect the efficiency alignment question to the mecha-
nism design and strategic communication literature.

Second, the convergence-based efficiency perspective dis-
cussed in Section 5.4 opens a natural avenue for future investiga-
tion. While the current study focuses on the efficiency of the fi-
nal outcome, the specific dynamics of the search process like how
quickly and at what cost individual participants and systems con-
verge toward high-quality regions, may reveal additional struc-
ture in the individual-to-system mapping that outcome-based
metrics alone cannot capture. This is especially relevant for de-
sign environments where time pressure or sequential deadlines
impose constraints beyond total budget. Process-level analy-
sis of sampling trajectories under different information-sharing
mechanisms could also help disentangle the behavioral path-
ways through which mechanisms shape system outcomes—for
instance, by examining how opponent-outcome visibility (Game
3) influences sampling aggressiveness, stopping decisions, and
perceived competitive pressure even in the absence of within-
team communication.

Third, while the present study indicates that information-
sharing mechanisms amplify the system-level penalty of inter-
nal efficiency inequality, it does not directly prescribe which in-
formation architecture is optimal for a given capability distribu-
tion. Developing such capability—mechanism matching guide-
lines would require a factorial experimental design that systemat-
ically manipulates both the heterogeneity of individual capability
and the information-sharing mechanism. We view this as an im-
portant direction for future work, with direct implications for the
design of internal design competitions and similar competitive
innovation environments.

Finally, the theoretical framework developed here,
mechanism-dependent alignment between individual and
system efficiency, is not specific to optimization tasks. It
applies in principle to any competitive or cooperative system
or sequential decision-making process with costly information
acquisition, where local performance is mediated by institutional
structure before manifesting at the system level. Extending the
empirical investigation to other design contexts, such as col-
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laborative product development, distributed engineering teams,
or open innovation competitions, would test the generality of
the alignment patterns documented in this study and potentially
reveal domain-specific moderating factors.
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