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Abstract

In collaborative projects, traditional resource allocation methods often rely on company-
assigned contribution rates, which can be subjective and lead to unfair outcomes. To address
this, we propose a quadratic programming model that integrates participants’ self-reported
rankings of their contributions across projects with company evaluations. The model
aims to minimize deviations from company-assigned rates while ensuring consistency
with participants’ perceived contribution rankings. Extensive simulations demonstrate
that the proposed method reduces allocation errors by an average of 50.8% compared
to the traditional approach and 21.4% against the method considering only individual
estimation tendencies. Additionally, the average loss reduction in individual resource
allocation ranges from 40% to 70% compared to the traditional method and 10% to 50%
against the estimation-based method, with our approach outperforming both. Sensitivity
analyses further reveal the model’s robustness and its particular value in flawed systems;
the error is reduced by approximately 75% in scenarios where company evaluations are
highly inaccurate. While its effectiveness is affected by factors such as team size variability
and self-assessment errors, the approach consistently provides more equitable allocation of
resources that better reflects actual individual contributions, offering valuable insights for
improving fairness in team projects.

Keywords: resource allocation fairness; contribution rate evaluation; quadratic
programming model

MSC: 90-10

1. Introduction

Evaluating individual contributions in collaborative projects presents a critical chal-
lenge in project management, directly impacting fairness, team morale, and project
success [1]. Companies depend on accurate performance assessments to fairly distribute
resources like bonuses, budgets, or rewards across multiple projects. However, manage-
rial evaluations used for assigning contribution rates often suffer from subjective biases
and measurement errors [2], leading to inaccurate assessments that disrupt team trust.
These inaccuracies can reduce motivation and productivity [3], undermining project out-
comes. The complexity of collaborative work, where individual efforts intertwine with team
dynamics [4], makes isolating and quantifying personal contributions particularly difficult.

To address these challenges, self-assessment mechanisms have been developed, en-
abling team members to assess and rank their contributions across projects [5]. These
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mechanisms offer a perspective to counterbalance managerial inaccuracies. Research shows
that integrating self-assessment data into data-driven optimization models significantly
improves fairness and accuracy in resource allocation [6], as these models use mathematical
objectives to balance overall efficiency with fairness metrics such as minimizing inequality.
However, self-assessments are susceptible to psychological biases like overconfidence,
where individuals overestimate contributions due to inflated self-perception, or social
comparison, where evaluations are adjusted based on perceived peer performance [7].
Such biases can compromise reliability. Recent advancements propose combining self-
assessments with peer evaluations, which provide external perspectives on contributions,
and objective metrics like task completion rates or measurable deliverables [8]. For instance,
peer evaluations can cross-validate self-reported rankings, while project milestone comple-
tion rates serve as quantifiable benchmarks to reduce subjective distortions. These findings
emphasize the need for robust, multi-source frameworks that integrate diverse evaluation
methods to ensure equitable resource allocation in complex project environments.

To address the inherent limitations in traditional resource allocation methods, which
often rely on company-assigned contribution rates that are prone to inaccuracies and sub-
jectivity, self-assessment mechanisms have gained attention. These mechanisms allow team
members to evaluate and rank their contributions to projects, offering a more personal-
ized view of individual effort [6]. Participants are allowed to rank their own perceived
contributions across multiple projects, thereby providing a valuable perspective that helps
to reduce the biases associated with company-assigned evaluations [9]. Although self-
assessments are also prone to bias, integrating them with company evaluations in a hybrid
optimization model helps to reconcile these differing perspectives [10], thereby mitigat-
ing the inaccuracies of any single source and improving the overall equity of resource
allocation [11].

This study presents an optimization framework that merges company-assigned con-
tribution rates with individual self-reported rankings across projects to enhance equity
and efficiency in team project resource allocations. The framework systematically in-
corporates participants” self-assessed project rankings [12]. By integrating insights from
self-assessment methodologies [10], it mitigates biases in traditional company-only eval-
uations through dual-source validation, while fostering collaboration mechanisms [13]
that are aligned with group performance studies. The core of our approach is a quadratic
programming (QP) model that adjusts the original company-assigned contribution rates.
This model employs a deviation minimization strategy rooted in quadratic optimization
principles [14], which minimizes the squared differences between the adjusted and original
rates to maintain proximity to the company’s initial assessments. Guided by optimization
theory fundamentals [6], linear constraints derived from self-reported rankings preserve
participants’ ordinal inputs. This dual-source-based approach ensures that resource alloca-
tions better reflect actual contributions than the traditional allocation approach based on
company assessment. The key contributions of this paper are as follows: (i) we develop a
new resource allocation method based on the QP model that uniquely integrates company-
assigned contribution rates with participants’ self-reported project rankings based on their
perceived contribution rates; (ii) we conduct extensive experiments to demonstrate that
this method significantly outperforms both the traditional company-assigned allocation
method and the method considering estimation tendencies, providing more reliable and
fair allocation in diverse scenarios; and (iii) we obtain managerial insights through sensitiv-
ity analyses to support the practical application of our proposed new resource allocation
method. Among these, the most important contribution is that we have transformed partic-
ipants’ evaluations into a ranking format. The method relies on participants’ self-ranking
of the projects that they are involved in, rather than comparison of their contributions with
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those of others. This approach mitigates the impact of individual evaluation tendencies in
self-assessments, such as intentional overstatement or understatement.

The remainder of this paper is structured as follows. Section 2 provides an overview
of the relevant literature on performance evaluation, team resource allocation, and self-
assessment. Section 3 presents the problem description and formulates the QP model.
Section 4 describes the experimental setup, reports the basic optimization results, and
performs sensitivity analyses on key parameters. Finally, Section 5 concludes the paper and
outlines future research directions.

2. Literature Review

To comprehensively understand the challenges in achieving fair resource allocation in
team projects, we first review the literature on performance evaluation and team resource
allocation. Then, we examine studies that explore self-assessment methods and investigate
strategies aimed at mitigating the risks associated with evaluation inaccuracies.

2.1. Performance Evaluation and Team Resource Allocation

Performance evaluation systematically assesses employees’ job performance based
on factors like productivity, quality, and contributions [15]. In enterprise management, it
supports professional development, compensation decisions, and resource allocation [16].
Common systems include annual reviews, continuous feedback, and multi-source ap-
praisals (e.g., manager, peer, and self-assessments) [17]. These systems are complex due to
diverse roles and varying metrics, like judging code quality for developers or sales targets
for marketers [18]. For example, evaluating a participant’s contribution, which involves
leadership, coordination, and deliverables, is difficult because it requires specific criteria
and is often affected by subjective judgments that can introduce biases [19].

Resource allocation involves distributing incentives, like bonuses, based on individu-
als’ contributions across projects [20]. This process is challenging due to interdependencies
among team members and the need for equitable distribution [21]. For instance, reward
allocation often prioritizes central or consistently high-performing members, potentially
overlooking others whose contributions are equally essential [22]. While optimized strate-
gies are required for effective resource allocation, this process is frequently undermined by
information asymmetry and subjective biases [23].

Research explores methods to address these challenges. Grand et al. [24] propose
simulation-based assessments to evaluate resource allocation strategies. Tavoletti et al. [25]
examine nationality biases in peer evaluations, emphasizing their impact on resource distri-
bution, especially in global teams. Jiang et al. [26] develop a data-driven optimization model
to refine contribution rate assessments, improving fairness. Machine learning techniques,
such as Resce et al.’s [27] use of predictions in academic networks, are applied to team
resource allocation. Vander Schee and Birrittella [28] use hybrid peer grading for resource
allocation based on perceived fairness. These methods, applied in project management and
agile workflows, aim to reduce biases and enhance allocation efficiency [18].

2.2. Self-Assessment Methods and Risk Mitigation

Self-assessment allows participants to evaluate their contributions through ranking,
percentage allocation, or scoring systems, offering transparency in performance evaluation
and resource allocation in enterprise settings [6]. Studies highlight its value in aligning
tasks with individual capabilities, guiding training, and supporting resource allocation
decisions. Sun et al. [29] present a fuzzy assessment model, validated through case studies,
which enhances resource allocation efficiency. Li and Chen [30] introduce anonymous
self-assessment tools in a university case study to mitigate social anxieties in peer evalua-
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tion. Yan et al. [31] conduct a meta-analysis on the effect of self-assessment on academic
performance, emphasizing its role in aligning goals and improving resource planning
in organizations.

Self-assessment benefits enterprise management by promoting engagement, self-
awareness, and accountability, complementing managerial evaluations [32]. It offers
insights into individual efforts, reducing dependence on potentially biased supervisor
assessments [33]. In resource allocation, it helps to identify skills and contributions in
distributed teams, improving task allocation productivity [34]. However, self-assessment
can be prone to inaccuracies, undermining reliability. Froese and Roelle [32] note that
psychological biases, such as task characteristics or self-efficacy, can lead individuals to
over-report or under-report their contributions. Suls and Wills [35] describe how social
comparison biases distort evaluations when participants compare themselves to peers.
Psychological biases in self-assessment can lead to inaccurate contribution evaluations,
often manifesting as underestimation or overestimation in problem-solving tasks [36].
In corporate settings, unstructured self-assessments can lead to lenient or inconsistent
evaluations, distorting resource allocation and negatively impacting team morale [37].

To address these challenges, research highlights effective strategies to enhance self-
assessment reliability. Li and Chen [30] suggest calibrating self-assessments with objective
metrics like task completion data to improve accuracy. Ogryczak et al. [38] recommend
combining self-assessments with peer evaluations or anonymous methods to reduce bias.
Karpen [7] integrates self-assessment data into optimization models using fairness metrics
like the Gini coefficient to correct inaccuracies. Clayton Bernard and Kermarrec [39]
reveal that combining self-assessments and peer-assessments enhances evaluation accuracy
in collaborative settings. These strategies strengthen self-assessment for performance
management and resource allocation in enterprise contexts.

2.3. Advances in QP Models

QP is a well-established optimization technique for optimizing quadratic objective
functions that are subject to linear constraints. Its applications span various fields, including
finance, engineering, and operational research [40]. Recent research has enhanced its
capabilities, particularly with the development of more robust and efficient solvers. For
example, active-set algorithms have been introduced for convex QP problems with box
constraints [41], while high-performance toolkits like the Proximal Interior-Point QP (PIQP)
solver efficiently handle generic sparse quadratic programs [42]. QP models are also
being integrated with other advanced technologies to address complex, modern problems.
This includes developing hybrid models that integrate QP with other techniques, such as
evolutionary computation, to solve complex multi-objective problems [43]. Other work
has explored the use of advanced neurodynamic models to solve general convex quadratic
programs, demonstrating continuous effort to enhance the efficiency and scope of QP
solvers [44]. These advancements show a clear trend towards using QP as a core component
in sophisticated, hybrid models.

Recent advancements in QP models have extended their applications across various
domains, showcasing their versatility and effectiveness in solving complex optimization
problems. Mosleh et al. [45] integrate QP into proportional-fair resource allocation for Long
Term Evolution networks, while Guo and Wang [46] apply cooperative game-based QP for
profit distribution in construction projects. Quirynen et al. [47] utilize PIQP to enable real-
time solutions for vehicle routing problems. Garcia [48] formulates a quadratic objective
model for virtual team coordination aimed at achieving fair assignments that maximize
collective goals. These studies demonstrate the effectiveness of QP’s objective function
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in modeling fairness, often through minimizing variance or squared deviations from an
equitable state, making it highly suitable for fair resource allocation in team settings.

2.4. Optimization Techniques for Fair Resource Allocation

Recent studies explore advanced optimization techniques to enhance fairness in re-
source allocation. Tanasescu et al. [49] use machine learning algorithms, including random
forest and XGBoost, to predict employee performance scores, minimizing bias and support-
ing more equitable bonus allocation. Freund and Hssaine [50] apply dynamic programming
to balance individual contributions and team equity in crowdsourcing teams, reducing
bonus disparities. Figueiredo et al. [51] conduct a systematic review of reward systems,
emphasizing the importance of equity and transparency in team settings. Their findings
recommend criteria-based models to foster knowledge sharing and commitment, with
implications for fair bonus distribution in remote and collaborative teams.

In blockchain-inspired models, Sahin et al. [52] propose game-theoretic optimization
for fair rewards in proof-of-authority systems, ensuring proportional bonus distribution
based on contributions. Liu et al. [53] use graph models for team formation and reward
allocation under budget constraints in crowdsensing contexts, maximizing performance
and fairness through integer programming. Kumar and Yeoh [54] advance multi-agent
reinforcement learning for fair resource allocation, employing weighted optimization of
fairness and utility. Their Split Q-estimators for equity and efficiency outperform traditional
methods in team-based bonus distribution simulations.

These advancements reflect a shift toward integrated, data-driven models that incorpo-
rate machine learning and fairness metrics, outperforming traditional subjective methods.

2.5. Research Gaps

Despite progress in performance evaluation and optimization modeling, significant
gaps remain. A primary limitation is the use of assessment methods, such as supervi-
sor and self-evaluations, in isolation, failing to leverage their complementary strengths.
These methods, while valuable, are prone to biases. Self-assessments can be distorted by
psychological factors, leading to over- or under-reporting of contributions [32,36], while
supervisor-based appraisals are affected by subjective judgment and bias [33]. Relying on a
single evaluation source can result in inaccurate assessments, distorting resource allocation
and harming team morale [37]. Most of the existing literature lacks effective methods to
reconcile conflicting assessments from multiple sources.

Furthermore, while optimization frameworks have been proposed to improve fairness,
they have limitations. Some models that incorporate fairness metrics, such as the Gini
coefficient, often lack a clear mechanism for integrating and balancing organizational-level
assessments with individual-level perceptions [38]. The challenge of aligning company-
assigned contribution rates with individual self-perceptions remains unresolved, as cor-
rections reduce but cannot fully eliminate subjective biases [26]. Therefore, there is a need
for models that specifically address the reconciliation of divergent viewpoints between the
organization and its employees within a unified framework [45,46]. Existing research often
focuses on optimizing performance prediction or decentralized reward systems, but fails to
adequately address subjective biases in self-assessments or inconsistencies across multiple
sources. For example, some models focus on predictive accuracy without accounting for
individual perceptions [49], while others optimize reward distribution without aligning
organizational and self-assessments [52]. Additionally, some incentive models address
fairness in specific contexts, but fail to generalize to enterprise settings with multi-source in-
consistencies [50]. These gaps highlight the need for an integrated approach that combines
organizational and individual perspectives for fairer resource allocation.
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This study addresses these gaps by proposing a QP model that refines company-
assigned contribution estimates by incorporating self-assessment rankings. The QP model
minimizes squared errors, balancing organizational evaluations with individual perspec-
tives while respecting fairness constraints. Unlike previous heuristic methods, our model
formalizes this reconciliation process, providing a structured, repeatable solution for align-
ing self-rankings with company assessments. We also demonstrate the robustness of our
QP model through sensitivity analyses, enhancing its practical applicability in real-world
corporate resource allocation. By integrating diverse data sources into a formal optimiza-
tion framework, our approach provides a novel solution to challenges left unaddressed by
earlier research.

3. Problem Formulation

In this section, we first present a mathematical description of the resource allocation
problem based on the contribution rate in Section 3.1. Following that, we formulate the
problem in Section 3.2. Then, we introduce the evaluation metrics used to assess the
effectiveness of the proposed method in Section 3.3.

3.1. Mathematical Description

Consider a setting in which a group of participants have collaborated to complete a set
of projects. Each project involves at least two participants, and each participant is assigned
to at least two different projects. The set of all participants is denoted by P (indexed
by p), and the set of all projects is denoted by Q (indexed by g). For each participant
p, we denote the set of projects in which he or she participated by Q, C Q. Ideally,
our model would be validated using empirical data for company-assigned contribution
rates and self-reported rankings. However, given the novelty of our framework that
formally integrates these specific data sources, a comprehensive real-world dataset is not
yet available. Consequently, this study employs a simulation-based approach, which begins
by postulating a set of unobservable true contribution rates, serving as the objective ground
truth for our experiments. From this ground truth, the company-assigned contribution
rates and the participant rankings are systematically generated by introducing biases and
random noise. The true contribution rate of participant p to project q is represented by 7,
which lies in the interval [0, 1]. For each project g, the total true contribution rate of all
participants in the project is definitely 100%, i.e., ¥..5e0, 11pg = 100%, ¥q € Q. To ensure
analytical tractability and comparability across projects, we assume that all projects are of
approximately equal scale and workload. Let B € R denote the total amount of resources
available for allocation in each project. Then the fair allocation based on true contribution
rates is defined as

Ypi€ = B-npg, Vp € P, (1)

for all g € Qp, where y%‘e represents the amount of resources that participant p should
fairly receive from project g.

Traditional Allocation Method. In practice, these true contribution rates are not di-
rectly observable. Therefore, companies rely on estimated contribution rates derived from
internal evaluations. The company-assigned contribution rate of participant p to project g
is represented by m1,,, which lies in the interval [0, 1]. The company-assigned contribution
rates deviate from the true values due to subjective judgment. We assume the deviations fol-
low a uniform distribution with a maximum error a € [0, 1]. Specifically, for all p € P and
q € Qp, an initial estimate 1, is drawn from m,, ~ U [max(1p; — a,0), min(npg +a,1)].
These initial estimates are then normalized for each project g to ensure that the sum of
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company-assigned contribution rates for each project equal 100%. Thus, the company-
assigned contribution rate of participant p to project g is calculated as follows:

Mp

P

Lp'qeQ, Mp'q

forall g € Qp. In the traditional method, this company-assigned contribution rate is directly
used as the final basis for resource allocation. Then the amount of resources allocated to
participant p in project g is calculated as follows:

tradi

Ypg = Betitpg, Vp € P, 3)

for all ¢ € Q. While this approach is easy to implement, it is vulnerable to subjective
bias, and it does not reflect the participants’” own perception of their relative efforts in
the projects.

Estimation Tendency-Based Allocation Method. To adjust company-assigned contri-
bution rates and achieve fairer resource allocations, a commonly adopted method involves
generating adjusted contribution rates by incorporating individual self-assessed contribu-
tion rates and their estimation tendencies [36]. The core innovation of this method lies in
considering the degree of overestimation or underestimation of one’s own contribution
by individuals, assuming that each individual has the same estimation tendency across
all the projects they participate in. Each participant p forms a personal estimate of the
contribution rate for each project g that he or she is involved in, denoted by s,; € [0, 1].
For participant p, the estimation tendency is denoted as ¢, € Ry, where 0 < ¢, < 1
indicates that participant p has a tendency to underestimate his or her contributions, and
ep > 1indicates a tendency to overestimate individual contributions. Then the adjusted
contribution rate of participant p in project g that accounts for this estimation tendency is
denoted as t,; = sp;/ep. The objective of this method is to determine adjusted contribution
rates that are as close as possible to the original company evaluations. Then, this method
for adjusting the contribution rates, considering estimation tendencies, can be formulated

as follows:
min}" Y- (tpg — titpg)’ (4)
peEPgeQyp
subject to t,; = Seﬁ Vp e P,VgeQyp ®)
P
0<ty; <1 Vp e P,Vge€Qy (6)
epg >0 Vpe P, VgeQy (7)

The objective function minimizes the total squared difference between the adjusted
contribution rates, considering estimation tendencies, and the company-assigned contribu-
tion rates. Constraints (5) ensure that each participant has a consistent estimation tendency
of contribution rates for all the projects that they are involved in. Constraints (6) and (7) are
the domains of the decision variables.

After solving the problem, the allocation based on the adjusted contribution rates
considering estimation tendencies can be calculated as follows:

t
tend Pq
Ypg =B =———F— VpeP (8)
Zp’:qup/ tprg

tend
Pq

in project g by this method. This method incorporates two sources of information: the

for all g € Qp, where ' represents the amount of resources allocated to participant p
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company-assigned contribution rates and individual self-assessed contribution rates, while
also taking into account participant tendencies to overestimate or underestimate their
own assessments. Compared with the traditional method that solely relies on company
assignments, this method integrates self-assessments, thus neither significantly altering the
company-assigned contribution rates nor ignoring each individual self-evaluation.

However, even with the consideration of individual estimation tendencies, the self-
assessed contribution rates may still deviate considerably from the true contribution rates.
Therefore, we propose a more accurate resource allocation method, which requires partici-
pants to provide their own rankings of the projects that they are involved in based on their
perceived contribution rates.

Our Proposed Method. In our method, participants are also asked to provide their
own rankings of the projects that they are involved in based on their perceived contribution
rates. The rankings are then used to adjust contribution rates so that they align as closely as
possible with the values assigned by the company while respecting self-reported rankings.
We assume that the individual perceived contribution rate s, is modeled by taking the
true contribution rate 7y, scaling it by a personal estimation coefficient v, € R, and then
adding a random perceptual error ¢, i.e., forall p € Pand q € Qp, spg = npg7yp + €. The
coefficient 7, reflects a participant’s average estimation tendency: 7, = 1 indicates accurate
estimation, v, > 1 implies overestimation, and 0 < <, < 1 implies underestimation of
their true contribution rate. The term ¢ is assumed to follow a normal distribution with
a mean of zero and a standard deviation of 7, i.e., ¢ ~ N [O, 02]. For each participant p,
after calculating the personal estimates of contribution rate s, for all projects g € Qy, they
then rank these projects based on these perceived contribution rate values. The ranking
submitted by participant p is given as an ordered list R, = [¢p(1), ¢,(2), -+, ¢p(|Qp|)],
where |Q, | denotes the number of projects that participant is involved in (i.e., the cardinality
of the set Q;), and ¢, (i) is the project index, in which participant p perceives that he or she
has the i-th highest contribution rate among all the projects in Q. Since the total amount
of resources available for allocation in each project is the same (i.e., B), participants have no
incentive to overstate their contributions in projects that might otherwise appear to have
more resources. In other words, it can be reasonably assumed that participants will not
intentionally falsify their rankings of contribution levels across the projects that they are
involved in.

The objective of this study is to determine a set of adjusted contribution rates that
are as close as possible to the original company evaluations, while fully respecting the
self-reported rankings submitted by the participants. To this end, we need to decide the
adjusted contribution rate for each project and for each participant involved in that project.
The decision model is formulated in Section 3.2.

3.2. Model Formulation

In this section, we present a QP model to refine the initial company-assigned contri-
bution rates. It focuses on optimizing the numerical estimates of individual contributions
based on two sources of information: the original company evaluations and the self-
reported rankings provided by participants. The objective is to minimize the total squared
deviation between the adjusted contribution rates and the original company-assigned rates,
while ensuring that the adjusted rates strictly comply with the rank-order constraints.
Table 1 summarizes the notations used in the model.

The QP model is developed to refine contribution rate estimations, and can be formu-

minZ Z (xpg — mpq)z ©)

pEP gEQy)

lated as follows:
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subject toXpg, (1) 2 Xpg,(2) 2 Z Xpp,(IQy) VP EP (10)
0<xp <1 VpeP,VgeQy (11)

[

the true contribution
rates 1,

Table 1. Notations used in the model formulation.

Sets, Indices, and List

The set of all participants, p € P
The set of all projects, g € Q
p The set of projects that p participates in, Q, C Q
The index of the project in which participant p perceives that he or she has the

(SR SR

op (D) i-th highest contribution rate among all projects in Q,
The ordered list of projects in Qy,, representing the perceived ranking by
Rp participant p, from the highest to lowest contribution rate,
Ry = [¢p(1), ¢p(2), -, ¢p(|Qp])]
Parameters

" The true contribution rate of participant p to project g, np; € [0,1],
< Ypgeq, pg =1, forallg € Q

. The company-assigned contribution rate of participant p to project g,
P mpq € [0,1], LYpgeq, Mftpg =1, forallg € Q
« The maximum error allowed in company-assigned contribution rates
. The personal estimate of the contribution rate of participant p to project g,
] spg € [0,1]
B The total amount of resources available for allocation in one project
y;,r,;"e The amount of resources that participant p should fairly receive from project q

wadi  The amount of resources allocated to participant p in project g based on the
Ypa company-assigned contribution rates in the traditional method

Decision Variables

X Continuous variable, indicating the adjusted contribution rate of participant p
P to project 4, xp; € [0,1], forall p € Pand Vg € Q,

The objective function (9) minimizes the total squared difference between the adjusted
contribution rates and the company-assigned contribution rates. Constraints (10) require
that the adjusted contribution rates across their involved projects conform to their self-
reported rankings. Constraints (11) are the domains of the decision variables. The objective
function (9) essentially works to minimize the total squared difference between the two sets
of contribution rates, serving a key purpose: by penalizing the square of deviations rather
than absolute values, the model prioritizes reducing larger discrepancies, which helps to
keep the adjusted contribution rates from deviating too much from the original company-
assigned contribution rates. This model achieves a balance between corporate evaluations,
reflected in the objective function, and participant rankings, which are incorporated through
Constraints (10). Such a design helps to mitigate biases that may arise from relying solely on
company-assigned evaluations. Figure 1 illustrates the optimization flow of the QP model.

~ minimize the total
initial company normalization company-assigned  |squared difference
estimate M, contribution rates it
- - operation
personal estimate . strict constraint
contribution rates s,,, ) self-reported rankings ]—
A\

Figure 1. The optimization flow of the QP model.
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After solving the QP model, the allocation based on the adjusted contribution rates
can be calculated as follows:
v = Bt — WP, (12)
Lp'qeQ, Xp'q

for all g € Qp, where p’ denotes any participant involved in project g, and y;(;j represents
the amount of resources allocated to participant p in project g by our proposed method.

The traditional allocation method (Formula (3)) relies solely on company-assigned
contribution rates, which may not accurately reflect individual contributions, leading to
potential biases and unfair allocations. The estimation tendency-based allocation method
(Formula (8)) adjusts these rates by incorporating self-assessed contributions and account-
ing for individual estimation tendencies, which are rooted in quadratic optimization
(Formulas (4)—(7)), minimizing the squared difference between the adjusted contribution
rates and company-assigned rates. While this method reduces some bias, it may still deviate
from the true contribution rates. Our proposed method (Formula (12)) improves upon this
by integrating participants’ self-reported rankings, which better align with actual contri-
butions. This method combines both company-assigned rates and participant rankings,
ensuring a more equitable distribution of resources. Formula (12) is rooted in quadratic opti-
mization (Formulas (9)—(11)), ensuring minimal adjustments while maintaining consistency
with the company’s original assessments.

3.3. Evaluation Metrics

To evaluate the effectiveness of the two traditional methods and our proposed method,
we use the mean squared error (MSE) as the evaluation metric, as it provides a straight-
forward measure of the accuracy between the allocated and deserved resources for each
participant. We define baseline losses based on Traditional Method 1 (denoted as /i;54;) and
Traditional Method 2 (denoted as l;.,q), which are calculated as follows:

1 . 2
1 L ytradl _ ytrue , (13)
tradi ZpEP ’ Qp ’ ;;’ qGZQ:p ( pq pq )
1 _ 1 tend _ _ true 2 14
tend > 2 (W ) (14)

ZPGP | QP ’ peEPgeQy

Similarly, the loss of our proposed model can be calculated as follows:

1 adi 2
la L — J _ true . 15
dj ZPGP’QP’ Z Z (ypq ypq ) ( )

pEP Q)

To measure the improvement achieved through the adjustment process, we compute the
loss reduction percentages, with |, corresponding to the traditional method and e,
corresponding to the method that accounts for individual estimation tendencies, as follows:

ltradi - la

Flos = 24l 7adi o 100%, (16)
ltradi
ltend — ladj o
Uloss = T x 100%. (17)
en

A positive value of ry indicates that the resource allocation based on the adjusted con-
tribution rates yields a lower loss compared to the traditional company-assigned method.
A higher value of 11,45 indicates a greater improvement in allocation accuracy. Similarly,
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for the method that accounts for individual estimation tendencies, the value of 1,5, can be
interpreted in the same way.

4. Experiments

In this section, we first conduct computational experiments to validate the effectiveness
of the proposed method. Additionally, a comprehensive sensitivity analysis is performed
to explore how parameter variations influence the efficiency of this approach. In the
experiments, the models were solved using Gurobi Optimizer 10.0.1, accessed via the
Python 3.11.5 APL

4.1. Experiment Settings

The experimental setup comprises 20 participants and 50 projects, i.e., |P| = 20,
|Q| = 50. These values were chosen to simulate a representative scenario of a moderately
sized organization, though other appropriate values could certainly be used to model
organizations of different scales. The number of projects each participant is involved in is
drawn from a uniform distribution over the interval [N + g, N — g], where N, g € Z.. We
set the central value N to 10 and the deviation g to 5, ensuring that every participant is
involved in at least two projects. The number of team members for each project ranges from
5 to 15, an optimal size for fostering effective communication, collaboration, and decision-
making, while avoiding coordination issues and diluted responsibility. This size supports
diverse skill sets and promotes high-quality output and strong team dynamics [55]. The
maximum error allowed in company-assigned contribution rates « is set to 0.1, consistent
with findings on managerial judgment biases [56]. In the model of personal perceived
contribution rate sp; = 14y + ¢, the participant’s average estimation tendency 7y, €
[b1, by]. As people typically tend to slightly underestimate, but more often significantly
overestimate, their own efforts [35], we set 7, € [0.7, 2]. The perceptual noise term ¢ is
drawn from a normal distribution ¢ ~ N[0, 0%]. To capture realistic subjective uncertainty,
the standard deviation ¢ is calibrated such that the probability of the perception error ¢
being less than 0.1 is 90%, i.e., P(|e| < 0.1) = 0.9. Based on the properties of the normal
distribution, this condition yields a value of o ~ 0.0608, so we set ¢ to 0.06. This realistic
assumption is grounded in statistical calibration and self-assessment accuracy research [7].
Finally, to ensure the perceived contribution sp; € [0,1], the additive noise term ¢ is
subsequently truncated to the interval [—a, a], where 2 = min(np37p, 1 —1pg7p)-

After establishing the parameter settings, we use these values to derive the basic results,
and then we conduct sensitivity analysis to examine the impacts of these parameters.

4.2. Basic Results

This section presents a detailed analysis of the basic results derived from the QP
model. The evaluation covers the overall improvement in allocation accuracy relative
to the traditional method, followed by an examination of the adjusted allocations for
two participants.

4.2.1. Evaluation of Method Effectiveness

Following the experimental setup detailed in Section 4.1, we execute the model ten
times with distinct random seeds for each parameter configuration. This repeated execution
with varied seeds is designed to capture the full range of stochastic variations arising
from the random error distributions of company-assigned rates and individual estimations,
thereby ensuring that the observed results are statistically robust and not skewed by isolated
random fluctuations. The performance of the proposed QP model is first evaluated at an
aggregate level by comparing its MSE with that of the traditional allocation method. The
computation yields an average loss of I;;,q; = 249, 448 for the traditional method based on
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direct company assignments. Moreover, for the method considering individual estimation
tendencies, we obtain an average loss of lieng = 156,100. In contrast, our method based on
adjusted contribution rates achieves a significantly lower average loss of I,4; = 122,703.
Then the average loss reduction percentage for the traditional method comparison is
oss = 50.8%, and for the method considering individual estimation tendencies, it is
Ujoss = 21.4%, which signifies substantial improvements in the accuracy of the resource
allocation. This result indicates that, in an average sense, by integrating participants self-
reported project rankings as constraints, our QP model effectively mitigates the inherent
subjectivity and errors in the initial company evaluations, yielding a resource distribution
that aligns more closely with fair allocation based on the true contribution rates.

4.2.2. Individual Resource Allocation Analysis

To further illustrate the practical implications of the model for individual participants,
we establish an indicator for each participant to reflect the model’s efficacy in correcting
the deserved resources for each participant. For each p in P, the evaluation metrics of the
three methods for the individual can be calculated as follows:

2
tradi _ t
tradl - |Q ’ Z (y;qa 1 y;;e) ’ (18)
PlaeQp
1 2
P tend _ t
ot = 10,7 & (yiemd — yizwe ), (19)
PlaeQp
ad] true 2
a ] ’QP’ eQP( P )
where 17 adj’ ltra 4i» and lten 4 respectively represent the MSE between the bonus amount

allocated to participant p under our proposed method, the traditional method, and the
method considering individual estimation tendencies and the deserved bonus amount. For
each p in P, the related loss reduction percentages are calculated as follows:

Poai— 1y
D = 3 5 100%, 1)
tradi
L L
uf = w x 100%, (22)
tend
where rﬁ)ss and uﬁ)ss respectively represent the loss reduction percentage of the adjusted

method compared to the traditional method and to the method considering individual
estimation tendencies for participant p. Table 2 presents these calculation indicators for
each individual. Figure 2 illustrates the values of rlpos s and uﬁ) < for each participant.

Table 2. Individual evaluation metrics and loss reduction percentages across three allocation methods.

Partidpant lltgradl lfend lZd] 111”oss (0/ 0) uloss (%)
P1 320,421 192,472 160,620 49.87 16.55
P2 155,236 121,351 104,040 32.98 14.27
P3 224,711 92,401 53,966 75.98 41.60
P4 328,543 182,130 104,953 68.06 42.37
ps 212,533 204,506 70,076 67.03 65.73
Pe 239,176 175,981 107,578 55.02 38.87

p7 191,832 112,693 94,434 50.77 16.20




Mathematics 2025, 13, 2635 13 of 21

Table 2. Cont.

Partidpant lltgradi lfend lZdj loss (%) ui’oss (%)
Ps 390,077 289,110 220,916 43.37 23.59
P9 190,684 122,474 68,505 64.07 44.07
P10 203,759 144,878 82,570 59.48 43.01
P11 189,108 123,473 68,692 63.68 44.37
P12 267,581 174,974 85,698 67.97 51.02
P13 258,191 133,693 100,145 61.21 25.09
P14 258,223 185,189 36,364 85.92 80.36
P15 229,803 124,144 97,187 57.71 21.71
P16 272,961 179,267 162,746 40.38 9.22
P17 372,144 249,525 169,446 54.47 32.09
P18 229,809 208,008 113,912 50.43 45.24
P19 317,529 252,492 212,959 32.93 15.66
P20 210,237 137,679 76,014 63.84 44.79

1.0 4

Tloss
) Ups
0.8 |
7
0.6 - 17 % - 7 7 - _ 7
" 7
2 7

0.4+

R I N A

T
1 2 3 4 5 6 7 8 9 10 1 12 13 14 15 16 17 18 19 20
P

Figure 2. Individual-level comparisons of ;. and u;_ across participants.

It can be observed that rfoss is mostly between 40% and 70%, and ufoss is mostly
between 10% and 50%. The bar chart also effectively demonstrates the superiority of our
proposed method in reducing losses and improving allocation accuracy compared to the
other two methods. It can be concluded that our method outperforms the allocation method
considering estimation tendencies, which, in turn, is superior to the traditional allocation
method based on company-assigned contribution rates.

Furthermore, we present a detailed analysis of the resource allocations for two ran-
domly selected participants, denoted as p; and p; (i.e., the participants corresponding
to indices 1 and 2 in the set P). For each p in P and q in Qy, to better capture the actual
allocation differences, we calculate the differences between the allocated bonus and the
true deserving bonus as follows:

dtrq i = ytrqa 1_ ytl‘que , ( )
p nd u 2

dttjnd - ytpeq - ytprqe ’ ( 4)
p adj 2

da(qu ypq] ytprl;le 4 ( 5)

art . gkt
tradi” “tend’
amount and the bonus allocated to participant p in project g under the traditional method,

where and dggj represent the absolute differences between the deserved bonus

the method considering individual estimation tendencies, and our proposed method,
respectively. These values indicate whether a participant receives more or less than the true
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deserving amount. For each p in P and g in Q,, the related loss reduction percentages are

calculated as follows:
P4 rq

pqg __ Ctradi  “adj
Moss = — —pg—— * 100%, (26)
tradi
ar1 . — gk
pg __ “tend adj
Uposs = — x 100%, (27)
tend
where r{; qss and ufoqss represent the loss reduction percentages of the adjusted method

compared to the traditional method and the method considering individual estimation
tendencies for participant p in project g, respectively. The results shown in Table 3 and
Figures 3 and 4 are drawn from a single instance of the ten experiments conducted.

The results highlight the model’s ability to improve the accuracy of resource allocation.

tradi
rq

. In several projects, the company’s evaluation leads to

For participant p;, the traditional method yields allocations 2" that deviate significantly

true

pq
a substantial overestimate, while in others, the participant receives an allocation far below

from the true deserved amounts y

what is deserved. Our adjusted method significantly reduces these errors. The resulting

allocations y?,ﬁj are consistently closer to the true deserved amounts. The allocations

y;eqnd from the method considering individual estimation tendencies show deviations that

are smaller than those of the traditional method, but larger than those of our proposed
method. A similar allocation result is observed for participant p;. It is worth noting that for

participant p; in project g»4, and for p; in projects g9 and q49, our method does not show
pq

loss
values close to 0 or negative. However, these are isolated cases, and overall, the majority

an improvement over the method considering estimation tendencies, as indicated by u

of the results, as reflected by the positive values of rﬁ)qss and uf Oqss in Table 3, demonstrate
that our method consistently outperforms the other two methods. This indicates that our
approach ensures that individuals receive resources are closer to the amounts they truly
deserve, thereby promoting fairness.

Table 3. Allocation outcomes based on four different contribution rates.

Participant ~ Project  yie (USD) y'mdi(USD) y'erd (USD) 439 (USD) A (%) uld (%)
02 860 1342 980 961 79.05 15.83

qs 794 214 513 857 89.14 77.58

9 1786 1985 1944 1662 37.69 21.52

an 1138 1919 1989 1030 86.17 87.31

14 1026 566 610 975 88.91 87.74

1 16 2066 1450 1789 1895 72.24 38.27
421 1358 1677 1932 1562 36.05 64.46

24 745 277 561 926 61.32 1.63

730 971 376 745 949 96.30 90.27

45 1051 1996 1811 951 89.42 86.84

q16 1119 1503 1301 982 64.32 2473

02 1272 878 705 1374 7411 82.01

49 1851 2527 2291 2364 24.11 —16.59

n13 728 289 457 598 70.39 52.03

” 19 1091 455 594 1374 55.50 43.06
92 927 175 606 788 81.52 56.70

q2 899 1510 1382 1274 38.63 22.36

q27 771 308 501 596 62.20 35.19

q49 672 541 707 637 73.28 0.00
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Figure 3. Four distinct allocation outcomes for participant p;.
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Figure 4. Four distinct allocation outcomes for participant ps.

4.3. Sensitivity Analysis

In this section, we further conduct sensitivity analysis on our QP model, using r1yss
as the evaluation index, with respect to changes in input parameters. The studied pa-
rameters include N and g, which define the distribution of project team sizes; b; and b,
which define the range of participants’ self-assessment bias; the maximum error « in the
company-assigned contribution rates; and the standard deviation of the perceptual noise in
participants self-evaluations ¢.

The parameter settings of the experiments are shown in Table 4. Generally, we conduct
59 experiments with the experiment ID (EID) indexed from 0 to 58. Each of the experiments
is included in the corresponding group with a group ID (GID). GO-G5 are the groups of
experiments that aim to illustrate the performance of the QP model with different input
parameters. Each group tests a single parameter across a range of values. For example,
group GO uses experiments EID 0-8 to vary the central value for the number of participants
per project N from 7 to 15, while all other parameters are unchanged. In the “N”, “g”, “b;”,
“by”, “n”, and “o” columns, [c, d, e] represents a list of numbers generated from c to d with
a step size of e.

Figure 5 shows the results of the sensitivity analysis. To ensure statistical reliability,
each experiment is conducted ten times with different random seeds. The x-axis represents
the values of the changed parameters. The corresponding value on the y-axis represents
the average 745 calculated from the ten runs.
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Table 4. Experiment parameter settings.

GID EID N g by by « o
GO 0-8 [7,15,1] 5 0.7 2 0.1 0.06
G1 9-16 10 [1,8,1] 0.7 2 0.1 0.06
G2 17-24 10 5 [0.3, 1, 0.1] 2 0.1 0.06
G3 25-35 10 5 0.7 (1, 3, 0.2] 0.1 0.06
G4 36-45 10 5 0.7 2 [0.05, 0.5, 0.05] 0.06
G5 46-58 10 5 0.7 2 0.1 [0.02,0.5,0.04]

80

544 75
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52 4
65 -

Tloss 504 Tloss ]
(%) (%) 55
50 1

48
45 -

46 -| 40
T T T T T T T T T 35— . . . . . . .
7 8 9 10 11 12 13 14 15 1 2 3 4 5 6 7 8
N g
(@ (b)
60 65
57 60
54 55
50
Tloss >t Tloss
% 0,
%) o) |
48 -
40
45 -
35
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T T T T T T T T 30— T T T T T T T T T T
0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0 10 12 14 16 18 20 22 24 26 28 30
by bs
(9 (d)
80 80
70 704
60 60
50
50
Tloss 404 Tloss 404
(%) 30 (%)
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104 20
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Figure 5. The result of r1,¢; with different input parameters. (a) N. (b) g. (c) by. (d) by. (e) «. (f) 0.

Figure 5a shows that 71,4 remains relatively stable as N increases. In contrast, Figure 5b
shows that 15 exhibits a clear negative correlation with g. There results suggest that the
average team size has a limited effect on the effectiveness of the QP model, while the
heterogeneity in team size significantly diminishes the model’s accuracy.
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Figure 5¢,d explore the model’s performance as a function of the range of the personal
estimation coefficient 7y, € [by, b2]. The results show that as either the lower bound b; or
the upper bound b, increases, 15 €xhibits a consistent positive trend. This relationship
arises because an increase in either parameter leads to a higher expected value for 1y, which
amplifies the signal term 1,47, in the perceived contribution rate equation sp; = 1,57, + €.
This amplification diminishes the relative impact of the perceptual noise term ¢, thereby
increasing the accuracy of the participants’ self-reported project rankings. Supplying the
QP model with these more accurate ordinal constraints leads to a more accurate adjustment
of the original company evaluations, resulting in a higher value of 7.

Figure 5e shows that as the maximum allowed error in company-assigned rates «
increases, 1104 is initially close to zero, then rises sharply, and finally begins to plateau
at a high level. Specifically, at « = 0.05, 11,5 = —0.43%, which indicates that when the
company’s evaluation is already highly accurate, our proposed method introduces more
error, making it less effective than the traditional resource allocation method. The subse-
quent sharp increase in 11,45 Occurs because as a grows, the original company evaluations
become more inaccurate. Consequently, the allocation based on the company-assigned
contribution rates deviates further from the fair allocation based on the true contribution
rates, thereby allowing our model to achieve a more accurate result. The plateau is reached
because at large a values, the company’s initial estimates 11,, are frequently clipped at the
[0, 1] boundaries. Therefore, further increases in « no longer lead to a significant decrease
in the accuracy of the traditional allocation method. This result underscores that unless the
error of the company’s evaluation is very small (e.g., « < 0.04), our proposed method is
superior to the traditional allocation method.

Figure 5f demonstrates a strong negative correlation between 7,55 and the standard
deviation of perceptual noise . This downward trend is expected, as a larger ¢ increases
the magnitude of the random noise ¢, which, in turn, degrades the accuracy of participants’
self-rankings and reduces the quality of the constraints provided to the model. However,
as ¢ continues to grow, the rate of decline diminishes, and ryoss stabilizes at a positive value
of approximately 10%. This stabilization indicates that even when individual rankings
are subject to substantial random noise, our method remains superior to the traditional
allocation approach.

Our sensitivity analyses not only confirm the robustness of our QP model, but also
quantify its performance benefits across a range of conditions. The results clearly show
that the advantage of our method becomes most pronounced as the quality of the initial
company assessment decreases. As the company’s evaluation error « increases, the 7},
achieved by our model rises dramatically from near-zero to a stable plateau of approxi-
mately 75%, demonstrating its powerful corrective capability in high-error environments.
Conversely, the model shows remarkable resilience to noisy participant input. While higher
perceptual noise ¢ reduces the model’s effectiveness, 1.5 stabilizes at a positive value
of approximately 10% even under substantial noise, indicating that our method consis-
tently outperforms the traditional approach. Furthermore, our analysis reveals that while
the model’s performance improves to over 60% with higher self-assessment accuracy v,
it is negatively impacted by significant heterogeneity in team sizes. These quantitative
findings provide strong evidence for the model’s practical utility and lead to several key
managerial insights.

Building on these findings from our sensitivity analyses, we further explore how the
QP model’s effectiveness can inform practical managerial strategies. Specifically, we make
the following conclusions: (i) when the traditional allocation method is prone to subjectiv-
ity or significant errors, introducing self-reported contribution rankings can substantially
improve fairness and reliability, particularly in projects where outcomes are difficult to
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quantify; (ii) the allocation method based on the QP model performs better when par-
ticipants can accurately assess their own contributions, so companies should invest in
training and feedback processes that help individuals to better evaluate their performance;
and (iii) maintaining relatively consistent team sizes across projects enhances allocation
accuracy more effectively than focusing solely on average team size. These insights provide
actionable guidance for building a more equitable resource allocation method. For the
individual level, the accuracy improvements of the QP model are primarily due to its ability
to make precise, targeted adjustments. It corrects both overestimates and underestimates
across participants’ project portfolios, ensuring that each project’s allocation more closely
reflects its true deservingness.

5. Conclusions

Traditional resource allocation methods in collaborative projects often have significant
limitations, as these methods typically depend on company-assigned contribution rates
which can contain errors due to subjective judgment. This can lead to unfair outcomes
where resources like bonuses do not match an individual’s actual effort, potentially causing
a decline in employee morale and providing an inaccurate assessment of performance.

To address this challenge, we formulate a QP model designed to adjust company-
assigned contribution rates by incorporating participants’ self-reported rank orders of
their perceived contribution levels across projects that they are involved in. These ordinal
assessments are integrated as constraints in the optimization model, enabling a systematic
adjustment process to mitigate errors inherent in the original company evaluations. The
QP model aims to derive adjusted contribution rates that are closer to the true contribution
rates, thereby enabling resource allocations to better align with their deserved amounts
and promoting fairness.

In the numerical experiments, our proposed method yields an average loss reduction of
50.8% in resource allocation compared to the traditional method, and 21.4% compared to the
estimation tendency-based allocation method, signifying a major improvement in allocation
accuracy. For individual resource allocation, the loss reduction ranges from 40% to 70%
for the traditional method and 10% to 50% for the estimation tendency-based allocation
method. Sensitivity analysis further reveals that our model reduces the error significantly
in cases where company evaluations are inaccurate, with performance improvements of
up to 75%. Additionally, when the errors in individual assessments are large, our method
remains stable, consistently outperforming the traditional method by approximately 10%,
even in scenarios where self-ranking errors are substantial. The sensitivity analysis clarifies
the key drivers of performance. Greater accuracy in participants’ self-estimations and larger
errors in the initial company evaluations both lead to more significant improvements from
our model. Conversely, higher variance in team sizes and increased perceptual noise in
self-rankings tend to diminish the model’s accuracy. Despite these sensitivities, our method
generally remains superior to the traditional method across the tested scenarios.

The main limitation of our study, which also guides future research, is the model’s
heavy reliance on the quality of self-reported rankings, posing two key challenges. First, it
is necessary to investigate how unintentional psychological and behavioral factors (e.g.,
self-efficacy, workplace dynamics) systematically skew personal estimations. Second, the
framework should be enhanced to mitigate intentional strategic misreporting in high-stakes
settings, using mechanisms like game-theoretic models to ensure truthfulness or cross-
validation with objective metrics to detect and reduce manipulation. Addressing these
will boost the model’s robustness and accuracy, fostering a fairer and more motivating
team environment.
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