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Abstract

Improving job quality for frontline workers is widely recognized as both a moral imperative and a
potential source of competitive advantage, yet most organizations continue to underinvest in
working conditions. A central reason is the absence of tools capable of translating job quality
improvement into measurable and context-specific financial outcomes that decision-makers can act
on. This paper reviews evidence linking job quality to firm-level financial performance and identifies
limitations of conventional analytical tools that prevent organizations from making informed
investment decisions. We argue that agent-based simulation (ABS) can address these limitations by
modeling heterogeneous agents whose behaviors and interactions allow organizational dynamics to
emerge from the bottom up. We illustrate this approach through the Job-Quality Impact Explorer
(JQIE), a proof-of-concept simulation focused on frontline workers in a retail environment that traces
the causal chain from four job quality inputs (pay level, guaranteed minimum hours, advance
scheduling notice and shift-swap ability) through worker satisfaction and behavior to company
financial outcomes. With the current version, results show that a company providing none of these
benefits earns approximately 35% less annual profit than an otherwise identical company providing
all four. We discuss JQIE’s potential as a decision-support framework, its limitations, and ongoing
efforts to expand this work to improve the working conditions of millions of workers in global supply
chains.

Keywords: agent-based simulation; job quality; frontline workers; retail; service-profit chain; decent
work; decision support; living wages

1. Introduction

Decent work, as defined by the International Labour Organization (ILO), encompasses fair
income, security in employment, social protection, and the freedom to participate in decisions that
affect one’s working life [1]. For the hundreds of millions of frontline workers who stock shelves, staff
counters, assemble products, and serve customers around the world, these conditions remain
aspirational rather than actual. In the United States alone, tens of millions of frontline workers in
retail, hospitality, food service, and logistics face chronic income instability, unpredictable
scheduling, and wages that fall short of a living standard [2—4]. Globally, the picture is starker still:
approximately one third of the world’s working population earns below what is needed to live with
basic dignity [5], a figure that is especially concentrated in the global supply chains that connect
brands in wealthy countries to factories and farms in lower-income ones.

The moral case for improving these conditions is well established. The business case is
considerably harder to make—and that difficulty, we argue, is itself a central part of the problem.

Organizations that invest in their frontline workforce through higher wages, more predictable
scheduling, and greater employment security, tend to outperform those that do not [6-9]. Yet most
organizations continue to underinvest in working conditions, treating labor as a cost to be minimized
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rather than as a source of competitive advantage [10]. The reason is not indifference so much as a lack
of tools. Advocates for better jobs typically rely on qualitative arguments or retrospective correlations
drawn from population-level data—both of which are easy for skeptical executives to dismiss. What
organizational decision-makers need, and currently lack, is a way to translate specific job quality
improvements into firm-specific financial projections: a credible, forward-looking business case that
speaks the language of operations and finance.

This gap is not merely a failure of advocacy. It reflects a genuine methodological challenge. The
causal pathway from working conditions to financial outcomes runs through a complex system of
interacting behaviors, from scheduling stability to absenteeism to productivity to customer
interactions to revenue, and that revenue feeds back into the organizational decisions that shape
working conditions in the first place. Each of these links is empirically supported, yet no single
analytical tool currently integrates them into a coherent, organization-specific prediction.

Agent-based simulation (ABS) is a computational methodology originally developed for social
science research, with a strong track record across a wide range of business applications, from supply
chain optimization and financial risk management to marketing and workforce planning [11-13].
ABS models individual actors, such as workers, managers, and customers, as autonomous agents
whose interactions generate organizational outcomes that emerge from the bottom up, rather than
being assumed or imposed from the top down [11].

In this paper, we show that ABS can be applied to the problem of decent work by quantifying
the business value of improving job quality for frontline workers. While prior ABS applications have
predominantly addressed narrowly defined operational or strategic problems for specific
organizations, we propose that the same methodology can be brought to bear on broad societal
challenges—such as job quality, decent work, and worker wellbeing —where the potential for impact
is large, the causal mechanisms are complex, and conventional analytical tools fall short.

To illustrate this potential, we introduce the Job-Quality Impact Explorer (JQIE, pronounced
“Jackie”), a proof-of-concept agent-based simulation that models the minute-by-minute behaviors of
frontline workers in a retail environment. JQIE traces the causal chain from four job quality inputs—
pay level, guaranteed minimum hours, advance notice of scheduling, and the ability to swap shifts —
through individual worker satisfaction, to day-to-day behavioral outcomes such as absenteeism and
task efficiency, and ultimately to the financial key performance indicators (KPIs) that organizational
decision-makers care about.

JQIE is not intended to produce definitive predictions. Rather, it is a decision-support
framework that allows organizational leaders, policymakers, and advocates to test and explore how
specific job quality interventions are likely to affect financial performance under their particular
circumstances. In this respect, JQIE demonstrates a broader vision for ABS as a methodology that
combines the domain expertise of managers and practitioners with the analytical rigor of
computational modeling, capturing the non-linear dynamics, feedback loops, and firm-specific
heterogeneity that conventional tools cannot accommodate [14].

The paper is organized as follows. Section 2 reviews the empirical literature on the relationship
between job quality and firm-level financial outcomes. Section 3 explains why conventional analytical
tools cannot adequately capture this relationship and makes the case for ABS as the appropriate
methodology. Section 4 and 5 describe the design and results of JQIE. Section 6 discusses the
implications and limitations of JQIE, and directions for future development. Section 7 outlines the
extension of JQIE to address living wage challenges in global supply chains.

2. Job Quality, Worker Satisfaction, and Firm Performance

2.1. The Empirical Link Between Job Satisfaction and Business Outcomes

The relationship between employee job satisfaction and organizational performance is one of the
most consistently replicated findings in the management literature. Large-scale meta-analyses have
found that higher job satisfaction is reliably associated with better business outcomes at the unit level,
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including customer satisfaction, productivity, and profitability [15,16]. While much of this research
examines individual business units such as stores, branches, or outlets, evidence at the firm level
points in the same direction. Edmans (2012) examined firms listed among Fortune’s “100 Best
Companies to Work For” over a 28-year period and found that they generated consistently higher
stock returns than their peers [6]. Critically, by using future stock returns rather than
contemporaneous performance metrics, this study substantially reduces concerns about reverse
causality —the possibility that profitable firms simply attract happier employees —and supports the
interpretation that employee satisfaction is a genuine driver of financial value rather than a reflection
of it.

In the retail sector, the relationship between employee satisfaction and firm performance is
particularly pronounced and well-documented. A practitioner study of a large North American
clothing retailer found that employees reporting the highest levels of workplace satisfaction achieved
sales per hour roughly 25% higher than their low-satisfaction counterparts across multiple years, and
that even a one-percentage-point increase in the share of satisfied employees translated into a
meaningful lift in total annual revenue [17]. Research on operational performance points in the same
direction: a study of 41 stores in a large retail chain found that systematic understaffing during peak
hours resulted in substantial lost sales, and that eliminating this understaffing would improve
profitability by nearly 6% [18].

2.2. The Service-Profit Chain as a Theoretical Map

A useful theoretical framework for understanding how these effects arise is the Service-Profit
Chain (SPC), originally proposed by Heskett et al. (1994) and subsequently developed and tested by
a large body of empirical work [7,19]. The SPC describes a causal sequence linking investments in the
workforce to financial performance. Internal service quality —the degree to which employees are
well-equipped, fairly compensated, and supported in their work —is posited as the primary driver of
employee satisfaction. Satisfied employees, in turn, are less likely to leave, and they are more
productive on the job. Their productivity and engagement translate into higher service value for
customers, which generates greater customer satisfaction and loyalty, and ultimately drives revenue
and profit growth.

Although JQIE was not originally designed with the SPC as its explicit theoretical foundation,
the logic of the simulation aligns closely with this framework. The SPC provides a useful conceptual
map for the causal chain that JQIE models computationally: job quality conditions shape worker
satisfaction; satisfaction shapes behavior; behavior shapes customer and financial outcomes. In short,
both the SPC and JQIE reflect an underlying reality about how service organizations generate value
through their people. Empirical support for these links has been established at both the business-unit
level [19] and the firm level [6].

2.3. Job Quality Drivers of Satisfaction in Retail

Job satisfaction among frontline retail workers is shaped by a range of financial, psychological,
and operational factors. Understanding which factors matter most, and through which mechanisms
they influence worker behavior, is essential for designing effective interventions and for grounding
the parameters of a simulation like JQIE.

Compensation is a foundational driver. Hourly wages are among the most significant predictors
of worker wellbeing and job satisfaction, and perceptions of pay fairness independently predict
satisfaction even after controlling for absolute wage levels [20,21]. However, the pathway from wages
to organizational outcomes is neither simple nor linear. Research on a large US retailer found that
government-mandated wage increases improved worker productivity only under conditions of
intensive monitoring, and actually depressed productivity when monitoring was loose [22]. This
context-dependence underscores a broader point: the financial impact of any single job quality
intervention cannot be determined directly from aggregate data, but depends on the specific
operational and managerial environment of a given organization.
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Scheduling practices are at least as important as wages, and in some respects more so. Schedule
instability —including unpredictable hours, insufficient advance notice, and the absence of
guaranteed minimum hours —undermines workers’ ability to manage their lives outside of work and
is a significant source of work-life conflict, psychological stress, and job dissatisfaction among retail
workers [4,23]. It is also among the primary reasons employees voluntarily leave their jobs in the
sector [24]. Schneider and Harknett (2019) found that workers receiving zero to three days of advance
notice had a predicted turnover rate of 37%, compared to 24% for those receiving at least two weeks
of notice, and that exposure to canceled shifts nearly doubled the odds of departure [4]. Notably, the
same study found that schedule stability matters more to many retail workers than hourly wages —a
finding with direct implications for where organizations should direct their job quality investments.

The ability to exercise some control over one’s schedule adds a further dimension. Workers who
can swap shifts with colleagues or otherwise adjust their schedules to meet personal needs report
higher satisfaction and lower rates of burnout, stress, and psychological distress [16]. Managers who
accommodate worker scheduling preferences see meaningful reductions in turnover [25], and
workers who have some input into their schedules are considerably more likely to report job
satisfaction than those whose schedules are determined entirely by their employer [4]. However,
research also suggests an asymmetry: scheduling flexibility functions more as a benefit than an
entitlement in workers’ minds, meaning its presence raises satisfaction but its absence does not
generate equivalent dissatisfaction [20].

Beyond compensation and scheduling, factors such as staffing levels [8], positive customer
interactions [17], supervisor support, and recognition [15,20] also contribute to frontline worker
satisfaction. These factors are not modeled in the current version but could be incorporated in future
extensions of JQIE.

2.4. The Complexity Gap

Taken together, this body of evidence supports the claim that improving job quality generates
real financial value for organizations. For each of the factors we have summarized, empirical results
support the causal chain from job quality conditions to satisfaction, from satisfaction to worker
behavior, and from behavior to financial outcomes. Yet most organizations continue to underinvest
in working conditions.

We believe that a primary reason is the difficulty of grasping the complexity of this system,
which limits the value of trying to isolate any single job-quality factor without considering its
interplay with other factors.

A recent study by Emanuel and Harrington (2026) offers an illustrative example [26]. When the
financial team of a firm calculated the return on investment of a proposed wage increase, they
included only the most visible cost reduction —the savings from lower turnover —and concluded the
investment was not justified. When the full causal chain was incorporated, including reduced
absenteeism and increased worker productivity, the return on investment turned positive. The firm
had access to relevant data but lacked a model capable of integrating the multiple pathways through
which the wage increase would affect financial outcomes. The omitted pathways were consequential
enough to reverse the investment decision entirely.

This example points to a structural problem that goes beyond any single firm’s analytical
choices. The causal mechanism linking job quality to financial performance is inherently multi-step,
non-linear, and context-dependent. What is needed is a tool capable of converting individual worker
reactions to job-quality changes into firm-specific, forward-looking financial projections that
decision-makers can act on. Developing and demonstrating such a tool is the central contribution of
this paper.

3. Why Conventional Tools Fall Short, and What Agent-Based Simulation Offers

3.1. The Limitations of Conventional Analytical Tools
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The evidence reviewed in the previous section establishes that improving job quality can
generate real financial value for organizations. However, translating that evidence into actionable,
organization-specific projections is not something that conventional analytical tools are well-suited
to do, because the causal mechanisms linking job quality to financial performance operate within a
complex system that is difficult to understand, predict, or control [27].

Three specific limitations of conventional tools are worth highlighting, because they map
directly onto the requirements that motivate our approach.

First, statistical tools and meta-analyses assume a homogeneous population. Both approaches
estimate average effects across workers and organizations, treating the workforce as an aggregate. In
reality, retail employees differ considerably in age, work experience, caregiving responsibilities, and
other characteristics, and they respond differently to the same policies [28]. Aggregating to average
satisfaction or turnover rates can be misleading, because a policy change may disproportionately
affect certain subgroups of employees in ways that the average obscures. Moreover, understanding
the impact of an intervention requires individual-level data; using aggregate data makes it impossible
to trace how a policy change affects each worker differently [29] and how those effects compound
into collective outcomes that may diverge substantially from what the average would predict.

Second, the majority of statistical applications in the Service-Profit Chain literature assume linear
causality between job quality, worker behavior, and financial outcomes. As Hogreve et al. (2022)
noted, only about 7% of studies on the Service-Profit Chain attempt to model non-linear relationships,
despite evidence that many of the actual relationships are non-linear [19]. Siebert and Zubanov
(2009), for instance, find an inverted U-shaped relationship between turnover and labor productivity
for part-time workers, meaning that some turnover actually enhances productivity rather than simply
being costly [30]. Hancock et al. (2013), in a meta-analysis of 48 studies, provide broader evidence of
curvilinearity across industries and find that the turnover-performance relationship is significantly
moderated by industry, firm size, and geographical location [31]. Even when the direction of a
relationship is consistent, its magnitude and mechanism vary across organizational contexts. Ton and
Huckman (2008) demonstrate that the effect of turnover on profit margin depends on the degree of
process conformance at the store level [32], while Kuhn and Yu (2021) show that the channels through
which turnover affects profitability vary substantially depending on store size, staffing model, and
operational busyness [33]. Because the direction, magnitude, and mechanism of these relationships
depend on firm-specific characteristics, a statistical coefficient estimated across multiple
organizations offers limited guidance for predicting the impact of a particular intervention in a
particular store, with a particular workforce.

Third, statistical tools cannot adequately model feedback loops and multi-directional
relationships. In a retail organization, a worker’s job satisfaction shapes how they perform, changes
as working conditions change, and is itself the target of intervention. It is simultaneously an input, a
process variable, and an output in the same system. Standard statistical models, which require
unidirectional causation, cannot capture this kind of circular causality. Hogreve et al. (2022) identify
feedback loops as a systematic gap in the Service-Profit Chain literature where satisfied customers
increase employee motivation, which loops back to improve service quality, creating a reinforcing
cycle [19]. Furthermore, contextual factors such as monitoring intensity and staffing levels may
respond dynamically to the very intervention being studied, so statistical models that treat these
variables as fixed conditions misrepresent the system and can yield unreliable estimates [6].

The issue is not that statistical tools are inadequate in general. As Wall (2016) demonstrates
through a direct comparison of the principal-agent model, empirical analysis, and agent-based
simulation applied to the same managerial accounting question, each approach provides distinct
insights into different aspects of a problem [34]. The choice of method should be determined by the
question being asked. The question that confronts organizational decision-makers considering
investments in job quality is inherently forward-looking, firm-specific, and dependent on the
interplay of multiple factors over time. For that question, a different kind of tool is needed.
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3.2. Agent-Based Simulation: A Methodology for Complex Systems

Agent-based simulation (ABS) is a computational methodology developed specifically to study
complex systems composed of interacting individuals [11,35]. The core idea is straightforward: rather
than describing a system from the top down using aggregate equations or statistical averages, ABS
describes it from the bottom up, from the perspective of the individuals who make up the system.
Each individual is represented as an autonomous “agent” in the simulation, with its own
characteristics, behaviors, and decision rules. Agents interact with one another and with their
environment according to these rules, and the overall behavior of the system then emerges from these
interactions as the simulation runs forward through time. This bottom-up structure gives ABS several
properties that are directly relevant to the problem at hand.

ABS captures emergent phenomena. Organizational outcomes such as revenue, customer
satisfaction, and overall workforce stability are not properties of any individual worker but emerge
from the compound interactions of many workers, customers, and managers over time. As Bonabeau
(2002a) notes, emergent phenomena result from the interactions of individual entities and cannot be
reduced to the properties of the system’s parts [11]. In an organizational context, the financial impact
of a scheduling policy change is similarly emergent: it depends on how individual workers respond,
how their responses affect one another, and how the cumulative effect plays out over weeks and
months. ABS is, by its nature, the canonical approach to capturing such phenomena, because it
simulates the behavior of individual agents and allows the system-level outcomes to arise organically
from the simulation.

ABS provides a natural and intuitive description of a system. One of the most powerful aspects
of ABS is that it captures how real-world systems work in a human-centric fashion [36]. A domain
expert can look at the simulation, recognize the behaviors it represents, and assess whether those
behaviors reflect the reality of their organization. This contrasts with typical data-driven analytics
where a manager engages a team to collect and process data, then hands data to a data science team
that applies algorithms the manager may not understand, in a business context the data scientists
may not know well [14]. ABS addresses this dichotomy directly. The domain expertise of managers
and practitioners is used to define the structure of the simulation, capturing the day-to-day behaviors
and interactions unique to each organizational context, while data refines the details of the simulation
and ensures that, as the simulation runs, the resulting outcomes align with real-world observations.
Building the simulation is itself a collaborative process in which practitioners and modelers work
together, and the results can be analyzed by the manager and the modeler since both understand
how the simulation works.

ABS can model interventions that have never been implemented. Because agents follow
behavioral rules and causal links, rather than statistical equations derived from historical data, ABS
can simulate scenarios for which no precedent exists. A statistical model can only extrapolate from
observed variation in the data it was trained on. An ABS, by contrast, can alter the conditions under
which agents operate and trace the consequences forward, even when those conditions have never
been implemented in the real world. This is essential for the problem of job quality investment, where
decision-makers need to evaluate the likely impact of policy changes they are considering, not
policies they have already tried.

Originally created as a tool for social science research approximately four decades ago, ABS has
since gained widespread adoption across business domains, including documented -early
applications in flows and logistics, market dynamics, organizational design, and innovation diffusion
[12]. Notable applications include Southwest Airlines” use of ABS to revamp cargo handling rules,
Eli Lilly’s model of early-phase drug development, and the NASDAQ stock exchange’s anticipation
of the counterintuitive dynamics resulting from reduced tick sizes [12]. Subsequent applications have
extended to supply chain management, financial risk assessment, workforce planning, and
epidemiology, among others [13,14]. In the organizational behavior domain specifically, Siebers et al.
(2009) built an agent-based simulation to examine the effects of staff empowerment and employee
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development on customer satisfaction and sales in a UK department store [37], demonstrating both
the credibility and applicability of ABS in the retail HRM context on which JQIE builds.

3.3. Bridging the Gap with ABS

Smith and Conrey (2007), as summarized by Hughes et al. (2012), specify the conditions under
which ABS is the most appropriate methodological choice: when the research question requires
modeling a dynamic, generative process; when the model needs to capture non-linear, conditional,
or threshold effects; when individual-level rather than aggregate predictions are needed; and when
multi-directional causal assumptions cannot be avoided [38,39]. These are precisely the conditions
that characterize the relationship between job quality and organizational performance in the retail
sector.

Rather than estimating a static relationship between aggregate variables such as average
turnover rate and average revenue, ABS simulates individual workers as heterogeneous agents, each
with distinct characteristics, satisfaction states, and productivity levels. Over time, their behaviors
change in response to job quality conditions according to rules grounded in empirical findings.
Organizational outcomes then emerge bottom-up from these individual-level interactions, rather
than being assumed in advance. This structure directly addresses each of the limitations identified in
Section 3.1. Because the simulation runs forward through time, it captures the compounding and
time-lagged dynamics that cross-sectional studies cannot. Because agents follow behavioral rules
rather than linear equations, the model can reproduce the threshold effects and non-linear patterns
documented in the literature. Because feedback loops are built into the model’s structure, they
become features of the analysis rather than violations of its assumptions. And because agents can be
given any combination of policy conditions, the model can evaluate interventions that have no
historical precedent.

When the model is calibrated with organization-specific operational data, such as baseline
staffing levels, wage rates, turnover patterns, and customer trafficc ABS produces a firm-specific
projection under a specific policy configuration, not a population-level average. What decision-
makers want to know is what is likely to happen to their revenue, starting from their current
workforce composition and working conditions. ABS is uniquely suited to this task because it
captures the complex interactions, non-linear dynamics, feedback loops, and firm-specific
heterogeneity that conventional analytical tools cannot accommodate [14]. This is the question that
JQIE is designed to address.

4. The Job-Quality Impact Explorer (JQIE)

4.1. Overview

JQIE is a proof-of-concept agent-based simulation designed to quantify the impact of improving
job quality for frontline workers. Developed using NetLogo [40], an open-source simulation platform
widely used in academic and applied research, JQIE simulates the minute-by-minute activities of
frontline employees in a retail environment, tracking how changes in working conditions ripple
through individual worker behavior to produce measurable effects on company-level financial
performance.

4.2. The Simulated Environment

JQIE models a fashion retail environment in which two companies, Fashionl and Fashion2,
operate side by side under identical market conditions. The two companies are structurally identical
in every respect except for their job quality configurations. Fashionl always operates with all job
quality factors turned on, serving as a reference case. Fashion2’s job quality factors are controlled by
the user, allowing direct comparison of financial outcomes under different configurations. This
paired-company design is central to JQIE’s analytical strategy. Because Fashionl and Fashion2
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operate under identical market conditions within the same simulation run, any difference in their
financial outcomes can be attributed to the difference in their job quality configurations. This within-
run comparison ensures that any inaccuracies or simplifications in the simulation will not have a
significant impact on the observed emergent phenomena and also controls for the stochastic variation
inherent in any simulation driven by random processes.

Each company employs five salespeople. Each simulated day, employees are assigned a shift
with a start time and a number of hours drawn from a range between a minimum and maximum
number of hours, as specified by each company. The simulation runs for one year (365 days), and the
two companies experience identical customer arrival patterns throughout.

Customers arrive at each store independently, following an exponential distribution [41]. Each
company’s customer stream is generated separately; the two stores do not compete for the same
customers. When a customer arrives, they may be helped by an available employee or browse
unassisted. In both cases the customer may or may not make a purchase, but the probability of
purchase and the average transaction value are substantially higher when the customer is helped by
an employee. In the current parameterization, based on industry benchmarks for fashion retail, the
purchase probability is approximately 45% for helped customers and 14% for unassisted ones, and
the average transaction value for unassisted purchases is roughly 55% lower than for employee-
assisted sales [42].

Virtually every aspect of the simulation contains some randomness, which is meant to reflect the
inherent variability of the corresponding real-life situations. For instance, the amount of time that
each employee is scheduled to work is drawn from a uniform random distribution between minimum
and maximum hours, while the arrival time of customers is drawn from an exponential distribution.
Randomness is also applied to how long it takes employees to complete each task and break, how
likely a customer is to make a purchase, and the average size of each purchase.

4.3. Employee Behavior and the Role of Satisfaction

At the core of JQIE is the simulation of individual employee behavior. Each simulated workday,
every employee goes through a realistic sequence of activities:

o Attendance: The employee first determines whether they will be absent for the day. If not absent, they
determine whether they will arrive late, and if so, by how much. Both probabilities are influenced by the
employee’s satisfaction level.

o Task execution: Once at work, the employee cycles through available tasks. When a customer is present,
the employee helps them. When no customers need assistance, the employee performs other tasks drawn
from a queue (restocking, inventory, cashier duties, miscellaneous tasks). Between tasks, the employee has
a brief idle period before looking for the next task.

e Breaks: Employees scheduled for at least four hours take a break near the midpoint of their shift. Break
duration is influenced by satisfaction.

e End of day: The employee stops working at the end of their scheduled shift.

Each task has a characteristic duration drawn from a distribution, and the actual duration for a
given employee is influenced by their satisfaction level: more satisfied employees complete tasks
somewhat more quickly. Satisfaction also affects the quality of customer interactions. Specifically, for
employee-assisted sales, the average transaction size (sale) is modestly higher when the employee is
more satisfied.

Satisfaction itself is determined by four job-quality (JQ) factors, each of which can be
independently toggled on or off for Fashion2:

e  Advance notice of scheduling: Whether employees receive their schedules with sufficient lead
time to plan their lives outside of work.

¢  Guaranteed minimum hours: Whether employees are guaranteed a minimum number of hours
per week, providing income stability.
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e  Schedule swap flexibility: Whether employees can swap shifts with colleagues to accommodate
personal needs.
e  Better pay: Whether employees receive a higher hourly wage.

In the current proof-of-concept version, each JQ factor has an identical effect on employee
satisfaction: turning off each JQ decreases average employee satisfaction by a fixed, small amount.
This is a deliberate simplification that allows the simulation to isolate the impact of adding successive
JQ factors without confounding the results with differential weighting.

Two of these JQ factors also impact labor costs:

e  When Better pay is turned off, Fashion2 pays 10% less than Fashion1.

¢  When minimum hours are guaranteed, at the start of each day employees are randomly
scheduled for a working period between 4 and 8 hours. When this JQ is turned off, the range
becomes 3-8 hours. Hence over the course of the year this results in employees for Fashion2
working an average of 0.5 fewer hours per day, which translates into lower annual labor costs.

The other two factors affect satisfaction and therefore behavior, but do not directly affect labor
costs.

This design choice is deliberately conservative. The empirical literature reviewed in Section 2
suggests that the true relationships between job quality factors and satisfaction are non-linear,
asymmetric, and interactive. For instance, schedule stability may matter more than wages [4]. By
treating all four factors as identical, the current version establishes a lower bound and likely
underestimates the true profit difference. Therefore, a version that captures differential weighting
and interaction effects would likely produce larger and more differentiated impacts. The architecture
of JQIE allows it to accommodate differential weighting and non-linear interactions without
structural modification.

4.4. Customer Behavior

Customers arrive at each store at random intervals drawn from an exponential distribution [41].
When a customer arrives, the simulation sets an “expiration time.” If a salesperson approaches the
customer within that expiration time, the simulation determines whether or not the interaction
resulted in a sale, and, if so, what was the size of the transaction. If the customer is not approached
within the expiration time, the simulation determines whether or not the customer has made a
purchase on their own, and if so, what is the transaction size. Here, too, we made use of publicly
available data to set reasonable ranges for all of these parameters.

In this version of the simulation, the transaction size is influenced by the level of satisfaction of
the salespeople, with more satisfied salespeople generating slightly larger transaction sizes.
However, customers are represented as a “stateless” agent: they do not have a level of satisfaction,
and the frequency of arrival, expiration time, probabilities of making a purchase, and transaction size
are all consistent throughout each simulation run. In a future version of JQIE it would be
straightforward to endow customers with satisfaction and memory, and show how shopping
experiences can lead to changes in all of these behaviors.

4.5. Emergent Outcomes and Measurable KPIs

A defining characteristic of JQIE is that company-level financial outcomes are not specified by
equations or statistical functions. Instead, they emerge from the accumulated individual-level
behaviors of employees and customers over the simulated year, just as they would in a real
organization.

JQIE tracks a comprehensive set of company-level key performance indicators (KPIs) and
employee-level performance indicators (EPIs) throughout the simulation. The system is designed so
that virtually any metric that a real retail organization might track can be monitored in the simulation,
from total customer visits and revenue to per-employee earnings and hours worked.

For the analyses reported in Section 5, we focus on a subset of these metrics that most directly
capture the causal chain from job quality to financial performance. At the company level, these
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include total customers helped (the primary operational driver of performance differences between
the two companies), total revenues from employee-assisted and unassisted sales, total labor costs,
and total annual profits (the main outcome variable). At the employee level, key metrics include total
hours scheduled, total hours worked, total tardy time (capturing the behavioral effects of satisfaction
on attendance), and per-employee revenue contribution.

4.6. The NetLogo User Interface

Figure 1 shows the NetLogo user interface we have developed for JQIE. On the left side, controls
allow the user to toggle each of the four job-quality factors on or off. Below them, a drop-down
selector can be used to determine which EPl is displayed during the simulation run. At the bottom of
the left side, there are buttons to initialize the simulation.

HOW TO USE J-QIE: The Job-Quality Impact Explorer (J-QIE) - ©2026 Aleria Research Corp (ARC) STEP 3: Explore the results

This window shows company YTD KPis every 30 days. Use the buttons below to show

TEP 1: Ch nari
S Choose a scenario different information (ne need to re-run the sim)

Choose Job-Qual factors for Fashion2

Cust. helped DISPLAYING YTD FINANCIALS at the end of day 180:
iga advance-notice?
CONPANY: Fashionl (gray, 5 employees):
Tot., Revenues & -~ Customer visits: 13342 (73.7/day)
!m' minimum-hours? - Customers helped: 11293 (12.5/enpl/day)
- # of enployee sales completed: 5045 (5.6/empl/day)
" - Revenues from employee sales: $817,691
!g;‘, schedule-swaps? €OGs - ATS for employee sales: §162
53,821 - Revenues from nassisted sales: $22,031 ($122/day)

Labor costs - ATS for non-employee sales: 383
!glnv betietnad - Gross revenues: $839,722 ($4,639/day)
$277,678) - Labor costs : $81,171 (3448/day)
Profits - C0GS: $417,060 (52,304/day)
- Profits: $422,662 (52,335/day)

OPTIONAL: Change the displa
g play - Gross margin (w/60% mrkp): 50.3%

Select which employee variable to plot (need

to re-initialize and re-run to see change). COMPANY: Fashion2 (red, 5 employees):

- Customer visits: 13300 (73.5/day)

- Customers helped: 7367 (5.1/empl/day)

- # of enployee sales completed: 3341 (3.7/empl/day)
- Revenues from employee sales: $484,348

- ATS for employee sales: $145

- Revenues from unassisted sales: $68,151 ($377/day)
- ATS for non—employee sales: $84

- Gross revenues: $552,499 ($3,052/day)

- Labor costs : $53,821 (5297/day)

- C0GS: $274,821 (81,518/day)

- Profits: $277,678 ($1,534/day)

- Gross margin (W/60% mrkp): 50.3%

‘employee-display-var

total-hours-worked vI

STEP2: Initialize and run J-QIE
You need to initialize before every run.

INITIALIZE RUN SIMIJLATDNE
Weeks elapsed
26 of 52

View Company KPls View Daily Employee Activities

We gratefully acknowledge the support and funding for this project from Daily KPls | YTD KPIs | Fashion 1 | Fashion 2 |
Innovation Resource Center for Human Re sources {IRCAHR®) htps:/ ircahr.org.

Figure 1. Screenshot of the JQIE user interface developed with NetLogo.

In the middle, the Display Area contains two views: the upper area tracks the overall KPIs
(Customers helped, Total revenues, Cost of Goods Sold —or COGS, Labor costs, and Profits) for both
companies in real time. The lower view shows two “person icons,” which also move left-to-right as
time progresses. The vertical position of each icon tracks the value of the EPI selected in the pull-
down (in the figure, total-hours-worked).

All the bar charts, numbers, and person icons are color-coded, with Fashionl always being
white, and Fashion 2 changing color to reflect the number of job-quality factors it has chosen to
activate. Together, the two Display Area views provide a real-time visualization of progress during
each simulation run.

To the right, a Monitoring Area provides detailed reporting of a more complete set of KPIs for
the two companies, updated on a user-selected regular basis, calculated just as they would be in a
real company. Below the text area, the two buttons on the left allow the user to switch between daily
and year-to-date values for the KPIs. The two buttons on the right display the minute-by-minute daily
activities of individual employee, making it possible to follow the chain of events that lead to the
measured KPIs and EPIs, and is a vivid reminder of the powerful way in which this agent-based
simulation captures the dynamics of a typical fashion retail environment.

4.7. Calibration and Validation

JQIE’s structural parameters, such as customer arrival rates, wage levels, task durations,
purchase probabilities, and scheduling rules, are grounded in published industry data and the
empirical literature reviewed in Section 2.

As a proof-of-concept, JQIE has not yet been validated systematically against data from any
specific organization. However, we conducted a qualitative calibration by ensuring that JQIE’s
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outputs are consistent with the direction and approximate magnitude of effects reported in the
literature. For example, JQIE’s annual revenues range between roughly $1.1M and $1.7M depending
on the job-quality factors. Given that our simulated companies each have five employees, this
corresponds to average revenues per employee between $220,000 and $320,000. This aligns well with
industry benchmarks, suggesting that apparel retail stores typically generate on the order of
$200,000-$400,000 in annual revenue per employee, based on analyses of U.S. Census retail data,
academic industry datasets, and public filings from major apparel retailers.

JQIE’s parameters, such as staffing levels, customer arrival rates, purchase probabilities, and
transaction values, are drawn from published industry data. Validation against a specific
organization’s operational data is an important next step; supplying firm-specific inputs would allow
decision-makers to generate the kind of tailored financial projections that no population-level
estimate can achieve. We discuss validation further in Section 6.
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5. Results

5.1. Experimental Design

To systematically assess the impact of job quality on financial performance, we ran JQIE under
five conditions, each progressively adding one JQ factor for Fashion2. The conditions are labeled
using a four-character notation in which each position represents one of the four JQ factors (advance
notice, minimum hours, schedule swaps, better pay), and T or F indicates whether that factor is active
for Fashion2. Fashionl always has all four factors active (TTTT). The five conditions are therefore:
FFFF, TFFF, TTFF, TTTF, and TTTT.

Note that when the second (minimum hours) and fourth (better pay) JQ factors are set to T, the

profitability of Fashion2 will be impacted by the additional labor costs, as we explained earlier.
However, as will be evident from the results, the incremental labor costs prove to be small relative to
the gains resulting from the increased satisfaction.

Each condition was replicated ten times, with each run simulating one full year (365 days).
Results are reported as mean * one standard deviation across the ten replications. Preliminary
analysis confirmed that variance in the profit gap stabilizes after approximately eight replications,
while standard deviations remain substantially unchanged when increased to fifteen runs. Therefore,
ten replications provide a reliable characterization of both the expected magnitude and variability of
effects while maintaining computational efficiency. Statistical significance of the profit gap between
Fashionl and Fashion2 was assessed using one-tailed paired t-tests (Hi: Fashionl > Fashion2), with
pairing at the run level.

5.2. The Impact of Job Quality on Profitability

Figure 2 presents the main results. Figure 2(a) shows mean annual profit for each company
across the five conditions. Fashionl’s profit is stable at approximately $856,000 across all conditions
(one-way ANOVA: F = 0.210, p = 0.931), confirming that the reference company is unaffected by
changes to Fashion2’s configuration, as expected from the independent-company design.

$1,000k
$300k [—]
—e e 5
Pras =% -

$800k "‘Q— g I
g "”é‘ E $301k
S $600k =0 o $200k -
s o-- o
2 =
c @ $235k
® w
§ $400k 1
= s 100k -

2 $ $156k
[%]
$200k &
ns
$72k s4k
$0 $0 I
FFFF TFFF TIFF TTTF TTTT FFFF TFFF TIFF TTTF TTTT
—8— Fashiont (all 4 JQ factors active) ***p < 0.001 (one-tailed paired t-test) ns = not significant

. . . Error bars = +1 SD of the paired difference (n=10)
=0~ Fashion2 (varies by condition) Error bars = +1 8D (n=10)

(a) (b)

Figure 2. Impact of job quality on annual profitability. (a) Mean annual profit for Fashionl (solid line, filled
circles) and Fashion2 (dashed line, open circles) across five JQ conditions. Fashion1 operates with all four JQ
factors active in every condition; Fashion2 gains one additional factor at each step from left to right. (b) Profit
gap (Fashion1 minus Fashion2) for each condition, with dollar values shown inside bars. *** indicates p < 0.001
(one-tailed paired t-test); ns =not significant. For both charts, error bars show + 1 standard deviation (SD), based

on n =10 runs per condition.
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Fashion2’s profit rises steadily as JQ factors are added, from $553,930 (+ $18,420) under FFFF to
$854,764 (+ $14,823) under TTTT. In the worst-case condition (FFFF), Fashion2 earns only about 65%
of Fashion1’s profit. Each additional JQ factor closes this gap substantially: to 73% at TFFF, 82% at
TTFF, and 92% at TTTF. Under TTTT, when both companies have identical configurations, the gap is
negligible ($4,182, or 99.5% of Fashionl), confirming that the simulation does not introduce
systematic bias between the two companies.

Figure 2(b) shows the profit gap (Fashionl minus Fashion2) directly. The gap decreases
monotonically from $301,000 under FFFF to $4,000 under TTTT. The difference is highly significant
(p <0.001) for all conditions except TTTT, where it is not significant (p = 0.266). Error bars representing
+ one standard deviation of the paired difference are small relative to the gap in all significant
conditions, indicating that the effects are robust across replications.

Table 1. Mean annual profit (+ SD) for Fashion1 and Fashion2 under each JQ condition, with the profit difference,

Fashion2 as a percentage of Fashionl, and p-values from one-tailed paired t-tests. n = 10 runs per condition.

‘ Scenario Mean annual profit (+SD) Comparison Significance
See text Fashion1 Fashion2 F2-F1 F2/F1 (%) p-value
FFEF $854,689 $553,930 ~$300,759 64.8% <0.001
+$9,027 +$18,420

TFEF e D -$235,005 72.5% <0.001
+$8,744 + $15,832

TTEF $656,533 $700,930 ~$155,603 81.8% <0.001
+ 59,812 + $20,614

TTTF $859,107 $767.322 -$71,786 91.6% <0.001
+5$8,423 +5$11,247

TTTT $658,946 $854,764 ~$4,182 99.5% 0.266
+$0,045 +$14,823

n =10 runs per condition. p-values from one-tailed paired t-test (H,: Fashion1 > Fashion2). F2/F1 = Fashion2 mean as percentage of Fashion1 mean.

5.3. Validation Checks

Several features of the results serve as internal validation of the simulation’s behavior.

First, Fashionl’s profit is statistically indistinguishable across the five conditions, confirming
that the two companies are genuinely independent within each run.

Second, under TTTT, when both companies have identical configurations, their profits converge
to within 0.5% of each other (p = 0.266), confirming the absence of systematic bias between the two
companies.

Third, total customer visits and unassisted purchase values (ATS for non-employee sales) are
statistically identical across all companies and conditions, as expected given that these are drawn
from fixed distributions that do not depend on employee satisfaction.

Fourth, the monotonic relationship between the number of active JQ factors and Fashion2’s
profit is consistent with the symmetric design of the satisfaction function, in which each additional
factor produces an equal increment in satisfaction.

JQIE can accommodate a far wider range of scenarios than those reported here. However, the
purpose of this paper is to introduce the methodology and show its capacity to address the central
question, which is that creating decent working conditions for frontline workers is not just good for
the workers, it can clearly yield tangible and significant financial benefits.

6. Discussion

6.1. What the Results Demonstrate

The results presented in Section 5 show that JQIE can translate qualitative arguments about job
quality into quantitative, organization-specific financial projections. A company that does not
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provide any of the four job quality benefits to its frontline workers could see approximately 35%
lower annual profits than an otherwise identical company that provides all four. This gap narrows
systematically as JQ factors are added, demonstrating that each incremental improvement in working
conditions yields a measurable financial return.

The profit gap between the two companies could, in principle, arise through several
mechanisms: differences in customer coverage (that is, the proportion of customer visiting the store
who are helped by a salesperson), differences in per-interaction sales quality, differences in labor
costs, or some combination of these. Figure 3 decomposes the gap by tracking three key metrics for
Fashion2 as a percentage of Fashionl across the five conditions: customers helped, revenue from
employee-assisted sales, and total profits.

The decomposition reveals that customer coverage is the primary driver. Under FFFF, Fashion2
helps only 71% as many customers as Fashionl. This coverage gap cascades into a revenue gap:
Fashion2’s employee-assisted revenue is 62% of Fashionl’s, a steeper drop than the coverage gap
alone would explain, because each missed customer interaction also represents a missed sale at the
higher per-interaction value that employee assistance generates. Total profits fall to 65% of
Fashion1’s, which is slightly less depressed than the revenue gap because Fashion2’s labor costs are
also lower under FFFF, where both better pay and minimum hours are turned off.

Figure 3 shows that as JQ factors are added, all three metrics converge toward 100%. The
convergence pattern confirms that the primary mechanism through which job quality affects
profitability in JQIE is employee availability: more satisfied employees are present more reliably and
work more efficiently, so a larger share of arriving customers receive assistance. The per-interaction
conversion rate (the probability that a helped customer makes a purchase) remains stable at
approximately 45% across all conditions, indicating that the profit impact of job quality thus operates
primarily through coverage rather than conversion. The resulting revenue advantage more than
offsets the incremental labor costs of providing better working conditions. This finding aligns with
the Service-Profit Chain framework [7] and with Ton’s (2014) argument that investing in workers
generates operational excellence [8], but it goes further by quantifying the mechanism in a specific
organizational context rather than reporting a population-level average.
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100%

90%

Fashion2 as % of Fashion1

50%

FFFF TFFF TTFF TTTF TTTT

=@= Customers helped =} Total profits

=+ Revenue from employee sales
Fashion1 = 100% reference in all conditions. All differences significant at p < 0.001 except TTTT.

Figure 3. Decomposing the profit gap: Fashion2 as a percentage of Fashionl across five conditions for three
metrics. Solid line with filled circles: customers helped. Long-dashed line with open circles: revenue from
employee-assisted sales. Short-dashed line with open squares: total profits. The 100% reference line (dashed)

indicates parity. Percentage labels at FFFF show the initial gap for each metric.

It is worth noting that the current version of JQIE does not simulate employee turnover. The five
employees in each company remain employed throughout the simulated year. This is a significant
omission given that turnover is among the most costly consequences of poor job quality in retail [4,8].
The profit gap reported here therefore understates the likely real-world impact of differences in job
quality. The model captures how dissatisfaction affects day-to-day behavior but excludes the direct
costs of hiring and training new workers. Adding a turnover mechanism is a priority for future
development (Section 7.1).

6.2. ABS as a Decision-Support Tool

The results illustrate a deeper point about what ABS offers as a methodology, one that goes
beyond the specific findings about job quality. To appreciate this, it is useful to distinguish between
the two fundamentally different kinds of information that go into the construction and evaluation of
an agent-based simulation:

Structural parameters define how the simulated world works. These include operational
parameters such as the number of employees, the frequency and timing of customer arrivals, the
range of tasks employees perform, how long each task takes, the probability that a customer will
make a purchase, and the rules governing scheduling. Some of these parameters are drawn from
industry data or published research, but many simply represent domain expertise. We “know” that
less-satisfied employees are more likely to be absent. We “know” that customers who are not helped
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within a reasonable time will leave. We “know” that stores have opening and closing hours. None of
this constitutes “data” in the conventional sense, yet it is essential to the structure of the simulation.

Emergent outputs are the metrics that can only be observed once the simulation runs, such as
total annual revenue, profit, number of customers helped, revenue per employee, employee annual
earnings. None of these are coded into JQIE. They arise from the accumulated interactions of agents
over the simulated year, just as their real-world counterparts arise from the accumulated activities of
real employees and customers. Conventional statistical models routinely conflate these two
categories, treating them as if they existed independently and had a direct, fixed relationship. An
ABS, by contrast, forces the modeler to recognize the distinction between “how the world works”
(the structure, which is what you see when you read the code) and “what happens in the world” (the
emergent outcomes, which you can only see when you run the simulation).

This distinction makes ABS uniquely transparent as a decision-support tool. JQIE’s purpose is
not to produce point predictions with decimal-place precision, but to help decision-makers
understand the likely consequences of their choices under a wide range of plausible scenarios.
Because every parameter in the simulation has a concrete, intuitive meaning, organizational leaders
can engage directly with the model. They can inspect the assumptions, challenge the values, and ask:
What if we raised wages by 10% but kept the same scheduling? What if we guaranteed minimum
hours but could not afford better pay? When Fashion2’s profits are 35% lower than Fashion1’s under
the FFFF scenario, we can trace that gap precisely: less satisfied employees are more likely to be tardy
or absent, they work more slowly, and therefore help fewer customers, each of whom might have
made a larger purchase with employee assistance. There is no opaque coefficient to take on faith;
every step in the causal chain is visible and interpretable.

6.3. About Model Calibration and Validation

Calibration and validation work differently in ABS than in conventional models. In a statistical
model, calibration means fitting model parameters to observed data, and validation means testing
whether the fitted model predicts new observations accurately. Both steps depend on having
sufficient historical data, and the model’s credibility rests on the size and representativeness of the
dataset. If the data comes from many companies, the model captures an average relationship that
may or may not apply to any specific company. If the data comes from a single company, the model
may be overfit to that company’s idiosyncratic history.

In an ABS, calibration is the process of adjusting structural parameters until the emergent
behaviors of the simulation match the corresponding statistics observed in the real world. The data
used for this purpose includes not only quantitative inputs such as customer arrival rates, wage
levels, purchase probabilities, but also domain knowledge such as the sequence of tasks an employee
performs, the rules governing when a customer leaves, the fact that a break occurs near the midpoint
of a shift.

Validation, similarly, involves comparing emergent outputs to real-world benchmarks, not
testing whether a fitted coefficient generalizes to a holdout sample. As stated in Section 4.7, JQIE has
been calibrated at the structural level using published industry data and domain knowledge, and its
emergent outputs have been validated directionally against multiple industry benchmarks.
Systematic validation against data from a specific organization is an important next step. The
simulation is designed so that supplying firm-specific inputs, such as staffing levels, wage rates,
scheduling rules, customer traffic, would replace the generic industry parameters currently used,
producing projections tailored to that organization’s actual circumstances. Critically, because the
causal chains have already been validated at the structural level, the firm-specific version would
inherit that validation.

6.4. Productivity Paradox

The ABS also reveals dynamics that are genuinely difficult to anticipate or explain without
simulation. One example is a result we noticed in our simulations, that we call the “productivity
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paradox,” as shown in Figure 4. During each simulation, JQIE tracks every moment of activity, and
classifies as “productive time” any time spent actively working on any task other than idle time or
breaks.

When we first started analyzing the results, we noticed that, as long as Fashion?2 is not offering
all four job-quality improvements, its employees actually register more time classified as productive
time than Fashionl employees (Figure 4, left side), even though they are helping fewer customers
than Fashionl employees (Figure 4, right side).

Productive time per employee (hours/year) Customers helped per employee (year)
1,000 5,000
4,000
750
3,000
500
2,000
250
1,000
0 — 0 —
FFFF ~ TFFF  TTFF  TTTF  TTTT FFFF  TFFF  TTFF  TTTF  TTTT

B Fashiont [ | Fashion2

Figure 4. The “productivity paradox”: as long as Fashionl is offering better job quality (scenarios FFFF through
TTTF), Fashion2 employees, on average, spend more productive time during the course of the year than Fashion1
employees (left), even though Fashionl employees help a greater number of customers per year than Fashion2

employees.

This occurs because employees with lower satisfaction tend to complete each task more slowly.
That dissatisfied workers are less productive is well established [43]. What the simulation reveals is
a paradox: unhappy workers serve fewer customers not because they spend more time being idle,
but because they spend more time helping customers and on non-customer-facing tasks, such as
inventory and staffing the cash register, and therefore are less likely to be available when new
customers arrive.

By conventional metrics, the less satisfied employees appear busier. But in practice, they serve
fewer customers and generate less revenue. This is precisely the kind of counterintuitive finding that
emerges from complex systems and that static metrics would not only miss but actively misrepresent.
It also shows the power of being able to analyze the entire causal chain behind any emergent result
you observe.

These examples underscore a broader point: ABS is not merely a more sophisticated statistical
tool. It is a different way of engaging with complex organizational problems. Rather than asking
“what does the data say?” and hoping the answer generalizes, ABS allows decision-makers to ask
“how does the system work?” and to test the robustness of that understanding under a range of
conditions. For organizational leaders considering investments in creating more decent working
conditions, this is the kind of tool that can turn a qualitative intuition into a rigorous, scenario-tested
business case.

7. Future Directions and Closing Thoughts
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7.1. Extending JQIE

Because JQIE’s core architecture captures the fundamental logic of how a service organization
operates, it provides a stable foundation for a range of extensions, none of which would require
dramatic changes to the existing simulation structure.

A natural extension would be to introduce differential weighting, so that, for instance, schedule
stability has a stronger effect on satisfaction than pay level, as Schneider and Harknett (2019) report
[4]. Non-linear interactions between factors could also be introduced, allowing the model to capture
the possibility that certain combinations of interventions are synergistic.

Customers in the current version are stateless: they arrive, are either helped or not, and leave. A
straightforward extension would endow customers with satisfaction and memory, so that positive or
negative shopping experiences influence their likelihood of returning. This would introduce the
customer loyalty loop that the Service-Profit Chain posits but that the current version of JQIE does
not yet model.

Employee retention is another important dimension. Adding an intent-to-leave mechanism, in
which dissatisfied employees eventually quit and are replaced by new hires who require training,
would capture the substantial costs of turnover that the literature documents and that many
organizations cite as the single most expensive consequence of poor job quality.

Finally, JQIE’s architecture was designed so that it could be adapted relatively easily to model
other frontline environments, such as hospitality, food service, logistics, or healthcare, by adjusting
the task structure, customer interaction model, and relevant JQ factors. The core causal chain, from
working conditions to satisfaction to behavior to financial outcomes, applies across all of these
contexts.

In practice, a calibrated version of JQIE could serve as a strategic planning tool. A retail
operations team considering whether to guarantee minimum weekly hours could use the simulation
to project the likely impact on staffing coverage, revenue, and profitability under their current
workforce composition and customer traffic patterns, then compare that projection against the
incremental labor cost. By making these tradeoffs visible and quantifiable, the simulation provides
decision-makers with the kind of evidence required before approving workforce investments.

7.2. From JQIE to LWIS: The Impact of Living Wages in Global Supply Chains

Our original motivation for JQIE was to provide a quantitative link between working conditions
and financial outcomes for frontline workers. In collaboration with SocialSide, we are developing the
Living Wage Impact Simulator (LWIS), an adaptation of JQIE for global supply chains, where
approximately one third of all workers worldwide earn below a living wage.

The challenge of making the business case for living wages in supply chains is, in many respects,
a more acute version of the same problem JQIE addresses in retail. The financial consequences of a
factory’s working conditions are borne not only by the factory itself but also by the brand that sources
from it, and the link between the two is too long and intricate to trace with conventional analytical
tools. Moon et al. (2022) found that turnover rates in consumer electronics assembly, which are
directly associated with low job satisfaction, are a major predictor of product field failures, resulting
in substantial replacement and repair costs borne by downstream buyers [44].

LWIS retains the core architecture of JQIE while replacing the retail-specific structural
parameters with those appropriate to a manufacturing environment. The satisfaction inputs would
incorporate factors such as physical safety, workload intensity, and housing security, while the
outcome parameters would shift from sales growth and customer conversion to defect rates, delivery
reliability, and workforce stability. A key goal of LWIS is to provide a transparent, scenario-based
platform through which brands, suppliers, investors, and advocates can explore the likely
consequences of wage and working-condition interventions before committing resources.

Extending this work to global supply chains will require recalibration using locally sourced
evidence, since the relationship between job satisfaction and business outcomes is shaped by local
labor markets and regulatory environments [45]. This underscores the importance of the
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participatory, stakeholder-driven approach to calibration that ABS enables: the structural knowledge
needed to adapt the simulation to a new context is precisely the kind of knowledge that local
managers, workers, and labor experts possess and that no external dataset can substitute for.

7.3. Decent Work as a Systems Problem

This paper began with the observation that decent work, as defined by the ILO, remains
aspirational for hundreds of millions of frontline workers worldwide. We have argued that one
reason for the persistent gap between aspiration and practice is the absence of tools capable of
translating job quality improvements into credible, context-specific financial projections for
organizational decision-makers.

The contribution of this paper is to demonstrate that agent-based simulation can serve as such a
tool. JQIE shows, in a specific and quantified way, that improving working conditions for frontline
retail workers generates substantial financial returns, and that the mechanisms through which these
returns arise can be traced, decomposed, and understood. The approach does not depend on
convincing decision-makers to accept a general principle on faith; it gives them a structured way to
test that principle against their own organizational circumstances, under their own assumptions, and
to see the results for themselves.

But decent work is not only an organizational problem. It is a systems problem, one that spans
firms, industries, supply chains, and national boundaries. The workers most affected by poor job
quality are often the least visible to decision-makers whose choices determine their working
conditions. A garment worker in Bangladesh, a warehouse employee in the American Midwest, a
food processing worker in Morocco: each of them is embedded in a system of interacting economic
forces that conventional analytical tools struggle to capture.

Agent-based simulation is, by its nature, a systems methodology. It models how individual
behaviors and interactions give rise to collective outcomes that no single actor intended or controls.
It is transparent, participatory, and grounded in domain knowledge rather than opaque algorithms.
And it is extensible: the same core architecture that models a five-person retail store can be adapted
to model a factory floor, a logistics hub, or an entire supply chain network.

We do not claim that simulation alone will solve the problem of decent work. But we do believe
that better tools can accelerate progress by making visible what is currently invisible: the financial
value that organizations forfeit when they underinvest in their people. We hope that this paper will
contribute to a broader recognition that the gap between decent work research and decent work
practice is, at its core, a translation problem, and that agent-based simulation is well suited to close
that gap.
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Abbreviations

The following abbreviations are used in this manuscript:

ABS Agent-Based Simulation

EPI Employee Performance Indicator

ILO International Labour Organization

]Q Job Quality

JQIE Job-Quality Impact Explorer

KPI Key Performance Indicator

LWIS Living Wage Impact Simulator

SPC Service-Profit Chain
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