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Abstract

Fairness interventions in hiring are often evaluated on static
datasets, even though hiring decisions shape the future data
on which firms train their models. We introduce a hiring-and-
promotion simulation that makes this feedback explicit. In the
model, firms observe biased proxy measurements, receive la-
bels only for selected workers, and retrain on a cumulative
datastore generated by their own decisions. This setup sup-
ports comparison among status-quo learning, observational
debiasing, demographic-parity-style top-k selection, and re-
pair of the measurement channel. Our results suggest that in-
terventions with similar surface outcomes can differ substan-
tially in how they alter the learned signal and the composition
of the training data. The framework is intended as a testbed
for studying fairness, dataset formation, and recoverability of
bias mechanisms in dynamic organizational settings.

1 Introduction

A firm using a machine-learning model to screen job can-
didates faces a circular problem. The model is trained on
the outcomes of workers the firm previously hired, but who
the firm hired is itself the output of an earlier model, or hu-
man process, applied to noisy and possibly biased proxies
of those workers’ latent ability. A bias in any one of those
proxies propagates into who gets hired, and from there into
the labels the firm gets to learn from. The dataset on which
the firm assesses its fairness in any given period is therefore
not a fixed input but the cumulative record of its own past
policies, with measurement biases compounded through re-
training.

Three features of this setting separate it from a static fram-
ing. First, the signals firms use at hiring time are proxies,
not direct observations of the latent traits they are trying
to measure. A candidate’s underlying ability is unobserv-
able; the firm sees standardised test scores, CV features,
and interview ratings. We will refer to the latent traits as
belonging to the construct space and to the proxies as be-
longing to the observation space, following Friedler, Schei-
degger, and Venkatasubramanian (2016, 2021). The litera-
ture on the cognitive-ability tests used as the first stage of
personnel selection has documented systematic gender bias
in this construct-to-observation map (Striebing et al. 2025),
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large enough that the same latent skill produces a noticeably
lower observed score for women. Second, the outcome la-
bels firms learn from are selectively observed: a firm only
sees how productive its hires turned out to be, not how pro-
ductive its rejected candidates would have been (Lakkaraju
et al. 2017). The training set is therefore a sample from the
firm’s own hiring policy, not from the candidate population.
Third, the firm retrains its models on this cumulative train-
ing set as it grows, so that the policy applied at time ¢ shapes
the data on which the policy at time ¢ + 1 is fit (Liu et al.
2018; Ensign et al. 2018).

Putting these three features together yields a distinc-
tion that is invisible when the dataset is taken as given
but matters once the dynamics are analyzed: the distinc-
tion we analyze is between fairness interventions that act
on the firm’s decisions and fairness interventions that act
on the firm’s measurements. Decision-side interventions ad-
just who is hired, for instance by enforcing parity in hiring
rates. Measurement-side interventions adjust the signal the
firm sees, for instance by correcting a known bias in the pre-
screening test before any scoring or training. In a one-shot
setting the two can produce the same hire decisions. In a
retraining setting they pull apart: a decision-side interven-
tion can produce hire-rate parity round after round while the
firm’s prediction model continues to be fit on biased fea-
tures, and therefore continues to under-predict the disadvan-
taged group even when its hiring outcomes look balanced.

We study this through an agent-based simulation of hir-
ing, promotion, and learning. Candidates have latent worker
and leadership skills, observed by the firm only through
noisy and (in the case of the pre-screening test) biased prox-
ies. Each round the firm scores candidates with a learned
model, hires the top fraction, observes productivity out-
comes only for those it hired, and retrains. Promotion intro-
duces a second biased channel, through a group-conditional
assessment of the leadership skills of workers. We compare
four intervention families that act on different parts of the
pipeline. A status-quo policy trains on the biased features as
observed. An oracle policy knows and corrects the hiring-
stage measurement bias before training and scoring; this is
not a deployable policy, since the bias parameter is struc-
turally unobserved in any real setting, but it serves as a use-
ful upper bound on what measurement-channel repair could
achieve. An observational debiasing policy constrains the
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Figure 1: A schematic of our simulation. We model ML-
based hiring as a biased process regulated by two factors:
pu” and p”, which are both group-dependent distortions of
the maps between spaces construct, observation and deci-
sion space (Friedler, Scheidegger, and Venkatasubramanian
2021).

learned model to satisfy a group-fairness criterion without
modifying the features it sees. A demographic-parity top-
k allocation rule enforces equal group representation in the
hired set without modifying the learned score.

The paper is organised around three empirical questions.
First, when and how does the simulation produce structured
disparities under the status-quo policy? Second, how do the
four intervention families compare, both on surface fair-
ness metrics such as hire-rate parity and group representa-
tion, and on the bias properties of the firm’s own prediction
model? Third, can the firm recover the structure and mag-
nitude of its own measurement bias from the data it accu-
mulates? We address each question both under a broad pa-
rameter sweep that maps the simulation’s behaviour and un-
der a calibrated scenario whose parameters are anchored to
magnitudes from the cognitive-testing and within-firm pro-
motion literatures (Striebing et al. 2025; Xu 2024).

We do not claim a complete account of how hiring dis-
crimination arises in any particular labour market. The nar-
rower claim, which the simulation lets us make precise, is
that biased pre-screening, selective labels, and cumulative
retraining together suffice to produce the kinds of disparities
that fairness interventions are deployed against, and that the
choice of intervention matters at the level of the prediction
model the firm trains, not only at the level of its hire-rate out-
comes. We take this as a reason to evaluate fairness in this
setting by inspecting the prediction model and the dataset
that produced it, and not only the visible hiring outcomes
themselves.

To the best of our knowledge, agent-based models
(ABMs) are not yet well-established in fairness research.
We make the case for them in Section 2, after locating the
present work in the literature on fair selection, construct-
space and causal fairness, selective labels, and long-term
fairness. Section 3 defines the simulation, the four interven-
tions, and the calibration procedure. Section 4 reports the
three empirical questions. Section 5 discusses what the cali-
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bration achieves, what it does not, and where the work stands
relative to the validation standards of the agent-based mod-
elling literature.

2 Related Work and Motivation
2.1 Long-term fairness in machine learning

The recognition that static fairness criteria fail to capture
how disparities evolve under repeated decisions and over
time has produced a substantial literature on long-term fair-
ness. Without pretense of completeness, we summarize here
a few contributions which are relevant and closest to our
present proposal. Liu et al. (2018) show that imposing demo-
graphic parity on a lending model can degrade the outcomes
of the very group it was intended to protect, once feed-
back into the next round of decisions is taken into account.
Compared to our proposal here, their model accounts for
a singular timestep: one round of decisions and one round
of population response, with no iteration of the dynamics.
Ensign et al. (2018) document similar feedback loops in
predictive policing, in which an initial allocation of patrols
produces the observations that justify further allocation to
the same area. Hu and Chen (2018) introduce a two-stage
labor-market model and show that individual fairness cri-
teria, applied at each stage, do not control group-level in-
equalities over time. D’ Amour et al. (2020) take the broader
methodological position that simulation is the natural evalu-
ation tool in such settings, and accompany the argument with
ml-fairness-gym, an open-source package built on the
reinforcement learning (RL) conventions and on the OpenAl
Gym APIs.

A more complete survey for the this line of work is given
by Gohar et al. (2025). The authors identify four modeling
frameworks that have come to structure the field: Pélya urn
processes, one-step feedback models, reinforcement learn-
ing, and causal modeling. A brief subsequent discussion
mentions game-theoretic and best-response models, social-
network settings, online learning, and algorithmic recourse
as additional but less established lines of inquiry. We note
that agent-based simulation studies are not represented in
either category. We take this absence as evidence that the
methodology has not yet been recognized by the fairness
community as a candidate framework for long-term fairness
research in ML, a point we revisit below when presenting
our argument for ABMs in this space (Section 2.3).

2.2 Agent-based modeling

Outside of fairness, ABM has been used productively for
several decades to study the emergence of aggregate so-
cial patterns from individual behavior, including discrimina-
tion phenomena. The point of reference for any discussion
of segregation is Schelling (1971), whose model showed
that residential segregation can arise from individual relo-
cation decisions without any aggregate discriminatory in-
tent. Thus, ABMs have some explanatory potential in better
understanding phenomena which are relevant to algorithmic
fairness research. Epstein (2006) articulates the underlying
view of ABMs as a potential explanation as a methodologi-
cal commitment: a social phenomenon is explained when it



has been generated by the interaction of individually spec-
ified agents. In his formulation, “if you didn’t grow it, you
didn’t explain its emergence.” (Epstein 2006, p.8). Bonabeau
(2002), writing for a broader scientific audience, character-
izes the conditions under which the methodology offers ad-
vantages over closed-form alternatives. He identifies three
such conditions in particular: i) the presence of heteroge-
neous agents, whose attributes and decision-making strate-
gies cannot be summarized by population-level averages; ii)
the presence of nonlinear interactions among those agents,
which preclude the kind of aggregation that equation-based
approaches rely on; and iii) the presence of dynamic or com-
plex interaction topologies, in which the structure of who in-
teracts with whom changes over time and is itself part of the
phenomenon under study.

As statistical methods become more prominent and em-
ployed in real-world settings, the economics literature has
also developed models that study potential negative effects
of ML over simulated societies. For instance, (Calvano et al.
2020) show the potential for “algorithmic collusion” in sim-
ulated product markets when algorithmic dynamic pricing
is introduced. Within ML fairness, the foundational agent-
based proposal is due to Cruz Cortés and Ghosh (2020), who
develop an agent-based model coupled with reinforcement
learning to study allocation in predictive policing, and argue
explicitly for agent-based simulation as an evaluation frame-
work for fairness interventions. Related work also exists out-
side the fairness community, most notably the marketing lit-
erature, where Ukanwa and Rust (2021) study two compet-
ing firms running biased and unbiased algorithms in a mar-
ket with reputation effects. The contribution of Cruz Cortés
and Ghosh has not, however, propagated into the long-term
fairness literature in the way its framing might have sug-
gested. Its absence from the recent taxonomy of Gohar et al.
(2025) is consistent with this reading. We see this as an indi-
cation that the methodology has remained underappreciated,
and develop in the following an argument for revising it.

2.3 An argument for ABMs in fairness research

We argue that agent-based modeling is well suited to several
of the questions that motivate the long-term fairness litera-
ture. We start from noting the taxonomy given by Friedler,
Scheidegger, and Venkatasubramanian (2021), where a dis-
tinction between the construct space, observation and deci-
sion space is drawn. All three spaces are taken to be metric
spaces, that is, a distance between elements of the set is de-
fined. The construct space is taken to be the abstract, unmea-
surable distribution of characteristics relevant to the process
at hand; the measurements of these is operationalized via
the observation space; the decision space defines the pro-
cess’ outcomes starting from observations. This distinction
provides us with a conceptual vocabulary for locating where
bias enters a decision pipeline. We raise the point that agent-
based modeling is a natural way to render that vocabulary
operational: each of the three spaces becomes an explicit
object in the simulation, the maps between them become
named mechanisms, and any bias along a given mechanism
becomes a parameter that can be varied independently of the
others. This allows researchers and practitioners significant
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leeway to investigate which mechanisms may give raise not
only to discrimination per se, but also to discrimination in
machine learning and biases in training data. The remainder
of this section develops the implications of this observation
along two complementary lines.

The first concerns the relationship between models and
the data they analyze. Conventional fairness analyses be-
gin from a fixed dataset and examine the properties of de-
cisions made on it. Agent-based models begin one step ear-
lier, by specifying the mechanism through which the data
come into being. In the setting of our interest, this includes
who applies for a position, how each applicant is observed,
who is hired, and who remains in the system long enough
to be measured. With the mechanism in place, its compo-
nents can be varied independently of one another, which
supports two complementary uses. The first is to identify
where bias arises and how it propagates, which the present
work pursues by separating the channels of bias active at
hiring and at promotion and varying them independently of
one another. The second is to revisit existing fairness results
(e.g., that fairness constraints carry an accuracy cost (Menon
and Williamson 2018; Hardt, Price, and Srebro 2016)) which
are, when read carefully, statements about the specific gen-
erative assumptions under which they hold, or equivalently
statements about the maps between construct, observation
and decision spaces. A parallel line of work pursues the
same commitment to making the generative mechanism ex-
plicit, but through causal directed acyclic graphs rather than
agent-level specifications. Creager et al. (2020) are the clear-
est exponent of this view, showing how a causal model of
the dynamics supports the computation of interventional and
counterfactual quantities through either simulation (when
the dynamics are known) or off-policy estimation (when
they are not). The agent-based approach we adopt is com-
plementary to theirs: a fully specified agent-based model can
be read as a structural causal model in which varying a pa-
rameter or mechanism is the operational form of an inter-
vention(Marshall and Galea 2015), and the difference lies in
the level of abstraction at which the subjects of the analy-
sis enter the specification: either as nodes in a graph gov-
erned by structural equations, or as individually addressable
entities with their own attributes. Different ABM simula-
tion runs across different parameters may also be understood
as a form of counterfactual example or “what-if” question:
we refer the interested reader to (Marshall and Galea 2015)
and (Valogianni and Padmanabhan 2022, Section 2) for a
broader discussion of the relationship between ABMs and
causal modeling.

The second concerns the role of subject-side agency in
fairness simulations. Most simulation work in this space has
been built around reinforcement learning conventions: an
institution makes a sequence of decisions, an environment
generates the consequences of those decisions, and the goal
is to identify a time-dependent decision rule that satisfies a
fairness criterion. As an exemplary case, consider D’ Amour
et al. (2020), whose m1-fairness—gym packages a set
of long-term fairness scenarios as Gym-style environments.
Nothing in principle prevents one from writing such an en-
vironment with multiple agents acting on their own objec-



tives. In practice, however, m1-fairness—gym casts the
social situation into a single-agent environment, in which
the institution is the only locus of explicit objective-setting
and everything else, including the subjects of the decisions,
is absorbed into the dynamics of a stochastic environment.
Agent-based modeling makes the opposite commitment by
default. In the standard definition (see Macal and North
(2014)) an agent-based model is specified through its agents,
their attributes and behaviours, their relationships and meth-
ods of interaction, and their environment, each of which the
modeller must identify and program. Agents are taken to be
autonomous, that is, to act on their own in response to the
situations they encounter. To specify such a model is there-
fore to commit, as part of the specification itself, to iden-
tifying who the relevant subjects are, what attributes they
carry across time, and what behaviour they exhibit indepen-
dently of the institution’s decision rule. Axtell (2000) sets
out the broader methodological case, distinguishing three
uses for agent-based models: as classical Monte Carlo sim-
ulation of a system that can be solved analytically, as a com-
plement to mathematical theorizing when the system can be
written down but not fully solved, and as the only available
tool when writing down equations is itself not useful. The
present work falls into the second category. The bias mecha-
nisms, the firm’s prediction models, and the promotion rule
can each be written down on their own; we use the simu-
lation to study what happens when they act together, over
repeated rounds of hiring and retraining, under several dif-
ferent intervention policies.

3 Methodology

We study fairness in hiring through an agent-based simu-
lation of a firm that hires from a renewing candidate pool,
observes outcomes only for workers it has chosen to hire,
promotes a subset of those workers, and retrains its predic-
tive models on the data it has accumulated. The simulation is
designed to make three properties of the setting explicit and
adjustable: a bias in the hiring-stage measurement channel,
a bias in the post-hire leadership evaluation, and the cumu-
lative, selectively-labeled training dataset that results from
the firm’s own decisions. We describe the components of the
model in this section and defer the calibration of its param-
eters to Section 3.6.

3.1 Candidates and observed features

The candidate pool is populated by individuals indexed by
¢ and characterized by three latent traits. Worker skill .5;
captures the component of productivity relevant to the day-
to-day execution of a role; leadership skill L; captures the
component relevant to managing others. We model these as
separate latent dimensions because hiring and promotion are
decisions about distinct kinds of competence, and conflating
them would erase the structural difference between the two
stages. Each candidate also has experience F; and a binary
group attribute g; € {0, 1} that plays no causal role in pro-
ductivity but mediates the observation channel below.

True worker and manager productivity are deterministic
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Symbol Description Value
Latent traits

WE,CE Experience N (g, 0%) 2,1
Us,0s Skill M (p1s, 0%) 0,1
lmin, fmax  Leadership U [lmin, fmax] 0, 2
Productivity

wWg, Ws Worker-productivity weights in Pt 0.5, 0.5
n Leadership elasticity in P? 0.5
Observation channels

wr Test informativeness 0.7
og Pre-hire skill noise std 0.3
oj Pre-hire leadership noise std 0.5
op Post-hire leadership noise std 0.2
o1 Post-hire P! noise std 0.3
ud Test bias, reference group 0
ut Test bias, disadvantaged grp —0.15
e Leadership bias, ref. grp 0
ur Leadership bias, dis. grp Sec. 3.6
Hiring

« Worker vs. manager weight in score 0.5
ke Hires per step 10
Promotion and attrition

T Softmax temperature Sec. 3.6
kp Promotions per step Sec. 3.6
Thin Minimum tenure for eligibility Sec. 3.6
é Per-step attrition probability 0
Population and pool

N Target firm employment Sec. 3.6
|Co Initial candidate pool size 200
A|C| New candidates per step 20
Pr(g; = 1) Group share in candidate pool 0.5

Table 1: Simulation parameters.

functions of the latent traits:

P! = wpE; +wsS;, P? =LP}

Worker productivity is a weighted sum of experience and
skill; manager productivity scales worker productivity by
leadership raised to an elasticity 7 that controls how much
promotion potential depends on leadership relative to base-
line worker performance. Latent traits are drawn i.i.d. across
candidates and independently of g;,

EiNN(uEvO’%‘)v SiNN(MS7U?9’)7

Li ~ U[‘gminv gmax]v

with parameter values reported in Table 1.

At hiring time the firm does not observe any of S;, L;,
or the productivities P}, P? directly. It observes, instead, a
vector of noisy or biased proxies:

E; = E;, Si=Si+ef, Li=Li+¢,

with € ~ N(O,aé) and & ~ N(O,a%), and a pre-
screening test score:

’fi :wTSi +,UJZ;.
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Figure 2: A sketch of one time step of the simulation. New candidates apply to the firm; the firm hires them according to
two models, one estimating productivity and one estimating likelihood of future promotion; agents with a certain tenure are
considered for promotion and selected via softmax over their estimated productivity; the models are then refit based on the

firm’s updated data, and agents will leave the firm at random.

Noise standard deviations and the test informativeness wp
are listed in Table 1. The test is a biased, weighted observa-
tion of worker skill: w7 controls the test’s informativeness,
and ug; shifts the measured score by a group-dependent con-

stant. We model 7" as a deterministic transformation of S
given g, so its between-group dispersion is attributable to
bias rather than to measurement noise. Negative values of
uT correspond to a test that systematically underestimates
otherwise comparable candidates from the disadvantaged

group.

We operationalize this distortion as a shift in observation
space rather than in construct space, thus taking the “we are
all equal” position (Friedler, Scheidegger, and Venkatasub-
ramanian 2021). We justify our position by pointing to the
empirical literature on the kinds of tests firms use at the first
stage of selection. Striebing et al. (2025) document that the
cognitive ability tests routinely deployed as the first step of
personnel selection in German mass-recruitment procedures
(typically, condensed versions of standardized intelligence
tests administered in twenty to thirty minutes) systemati-
cally disadvantage women, with women at a disadvantage
in 35 of the 48 procedures they analyze across five German
cities. Another line of work studies the case in which the
score may be assumed to represent a self-assessment rather
than an externally administered test, and finds bias on the
observation side of the same kind: women report lower self-
efficacy on cognitive ability tasks (Maertz Jr et al. 2005) and
rate their own performance lower than equally productive
men working in the same role (Abraham 2023). In both cases
the latent skill distribution is taken to be group-independent,
and the bias enters through the channel by which skill is
measured, a construct-to-observation distortion of the kind
discussed by Friedler, Scheidegger, and Venkatasubrama-
nian (2021). The parameter /15 in our model is the simplest
operationalization of this channel. In what follows we report
results both for arbitrary settings of ,ug, in order to map the
simulation’s bias-generating behaviour, and for a value cal-
ibrated against the cognitive-test evidence. For the latter we
follow Striebing et al. (2025), who report a WAIS-IV gen-
der gap of Cohen’s d ~ 0.22; under our parameterisation
this corresponds to ulT ~ —d - wrog at the default values of
wr and o'g (Table 1), treating the reference group as i = 0.
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In several experiments the noisy skill observation S, is sup-
pressed and the firm uses only E; and T}, reflecting settings
in which raw skill is not directly assessable and the test is
the only available proxy.

3.2 Hiring

Hiring is the firm’s principal decision. The firm aims to
identify the candidates whose expected combined contribu-
tion, as workers in the near term, and as potential managers
in the long term, is largest. It trains three predictive mod-
els from its accumulated training data: a regressor P! for
worker productivity, a classifier P;r(A = 1) for the probabil-
ity of eventual promotion, and a regressor P2 for manager
productivity. The two productivity regressors are fitted by
ridge regression and the promotion classifier is a logistic re-
gression, in both cases using the default implementations of
scikit-learn (Pedregosa et al. 2011). The first model
uses the hiring-time features (E’i, Si, Ti), or (Ei, ﬁ) when
skill is not observed; the latter two use the same features
augmented with L;.

The hiring score combines worker-productivity and
manager-potential contributions through a single weight o €
[0, 1]:

score; = v P! + (1 — ) Pr(4; = 1) (]512 - ]511)

The second term is the expected incremental value of pro-
motion: the gain a candidate would deliver as a manager,
weighted by the firm’s estimate that the candidate will in fact

be promoted. Subtracting ]5} rather than adding Piz outright
avoids double-counting the worker contribution. Each round
the firm ranks the candidate pool by this score and extends
offers to the top k.

Because the firm trains its three models only on work-
ers it has actually hired, rejected candidates never produce
outcome labels. The selective-labels problem is therefore a
structural feature of the setting (Lakkaraju et al. 2017), and
the firm’s policy in any given round shapes the data available
for retraining in subsequent rounds, in the manner described
by Liu et al. (2018).



3.3 Employment, promotion, and attrition

After a candidate is hired, the firm receives a noisy obser-
vation of worker productivity, P} = P} + v} with 1/} ~
N(0,02,), and a more accurate observation of leadership,

L; = L; + p; with p; ~ N(0,0’%) and 0, < o; (Table 1).
The reduced noise reflects that on-the-job interactions may
yield more information about leadership than a pre-hire in-
terview does.

Promotion is modeled as a stochastic selection from the
set W, of workers eligible at time ¢. Eligibility requires min-
imum tenure; among the eligible, the firm assesses leader-
ship through a biased channel,

Tb _ T L

and uses it to compute a leadership-adjusted manager-
productivity score Pf’b = (L))" P}. Promotion probabil-
ities follow a temperature-controlled softmax,

exp(P /1)
> jew, exp(P /)]

which is a tractable smooth analogue of deterministic top-kp
ranking and lets the temperature 7 interpolate between near-
random and near-deterministic promotion. Workers also
leave the firm at a fixed per-step attrition rate, which keeps
the workforce composition from saturating and creates a
steady demand for new hires.

As with the hiring-stage bias, we report results both for ar-
bitrary settings of ,uj and for a calibrated value. We employ
results reported by Xu (2024), who reports that in the US
within-firm gender promotion gap such that women’s pro-
motion probability is approximately 84% of men’s control-
ling for observable characteristics, against a baseline annual
promotion rate of about 5.7%. We set the reference group to
u¥ = 0 and choose p¥ together with the softmax tempera-
ture 7 to reproduce these two empirical moments under the
simulated-moment matching procedure described next.

PI‘(AZ* =1 | Wt) =

3.4 Retraining and dataset endogeneity

At each step, the firm appends the hire-time features and ob-
served post-hire outcomes of every newly hired worker to
its cumulative training dataset, together with the worker’s
group label and an eventual promotion indicator. The three
predictive models introduced in Section 3.2 are retrained on
this growing dataset between rounds. Two consequences fol-
low. First, the firm’s training data is not a sample from the
candidate-pool distribution but from the distribution of can-
didates the firm chose to hire, which depends on the policy
in use. Second, the firm’s policy in any given round shapes
the data available for retraining in subsequent rounds, pro-
ducing the kind of long-term feedback dynamics that have
motivated the recent dynamic-fairness literature (Liu et al.
2018; Ensign et al. 2018; D’ Amour et al. 2020; Gohar et al.
2025).

3.5 Interventions

We compare four hiring-side intervention families that act
on different points of the pipeline. The first is the status quo,
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in which the firm trains and scores using the biased features
as observed. The second is an oracle repair of the measure-
ment channel: the firm is given the true value of ﬂg, and

subtracts the group-specific shift from T; before training and
scoring. The oracle is not a deployable policy — the bias pa-
rameter is structurally unobserved in any real setting — but
it serves as a benchmark for the most that any test-channel
repair could achieve.

The third intervention is observational debiasing, in
which the features are used as observed but the predic-
tive models are fit under group-fairness constraints. Con-
cretely, we use the Fairlearn toolkit (Weerts et al. 2023)
for the binary promotion classifier and the reduction-based
fair regression algorithm of Agarwal, Dudik, and Wu (2019)
for the two productivity regressors. The fourth intervention
is a population-level demographic-parity top-ky rule: the
learned score is left untouched but offers are allocated so
that the share of hires from each group matches the share of
candidates from that group in the applicant pool. Whenever
necessary, we will thus assume that the firm also has access
to a ground-truth measurement of the binary group an agent
belongs to, which is an idealized assumption.

These four interventions separate three conceptually dif-
ferent modes of action on the pipeline: repairing the mea-
surement channel (oracle), constraining the learner (obser-
vational debiasing), and constraining the final allocation
(demographic-parity top-kp).

3.6 Calibration

The simulation’s “bias parameters” M; and ugL were intro-
duced alongside each mechanism in Sections 3.1 and 3.3.
We now discuss the problem of calibration. Overall, calibra-
tion may be defined at a high level as “[...] running the model
with different parameters and testing, for each case, how
well the model performs by comparing the output against
empirical data” (McCulloch et al. 2022, Paragraph 1.3).
The promotion side of the model does not admit a trans-
parent one-parameter mapping from an empirical promotion
gap to a single structural coefficient, because the observed
rates are jointly shaped by the promotion bias parameter p1",
the softmax temperature 7, the promotion quota, and the size
and composition of the eligible worker pool. For that reason
we use a simulated minimum-distance approach (Grazzini
and Richiardi 2015): we pick a small set of summary statis-
tics (moments) from the simulation data, simulate the model
under candidate parameters, and choose the configuration
whose simulated moments are closest to the empirical ones.
Moments are evaluated on a post-burn-in window, so that
they are taken from the model’s statistical equilibrium, and
averaged across seeds. We note that we use a discrete grid of
pre-defined values rather than continuous optimization of
We treat one simulation step as one month. This fixes the
temporal scale at which the simulation parameters apply.
Then, as mentioned beforehand, we choose the hiring-stage
bias with help from cognitive-test evidence: at the default
values of wp and og (Table 1) and Cohen’s d = 0.22 from
Striebing et al. (2025), we have u? ~ —d - wrogs ~ —0.15.
The promotion-side parameters are obtained by



simulated-moment matching against the data reported
by Xu (2024). The two target moments are the aggregate
monthly promotion rate r* = 0.057/12 ~ 0.00475 and the
group-1/group-0 promotion ratio ¢* = 0.84. We minimise
the equal-weight relative squared-error objective

L(o) = (TMH“)2+<M(Z)_Q>2

over the parameter vector 0 = (u¥, 7, N, kp, Tinin), Where
N denotes the target employment level, kp the number of
promotions made each step, and 7},;, the minimum tenure
required for promotion eligibility.

The simulated moments are computed from the late-run
behavior of the model (the last half) rather than from a sin-
gle promotion round. For each candidate parameter config-
uration and each random seed, we discard an initial burn-
in window, retain the last 50% post-burn steps, and com-
pute the promotion moments as averages over that win-
dow. The overall promotion-rate moment uses the worker-
base denominator Tlpromoted / Nworkers pre-promotion at each step;
the group-specific moments use the analogous group-level
worker-base denominators, and the promotion-ratio moment
is formed from those group-specific rates. We then average
the resulting late-window moments across seeds. The objec-
tive L(0) is therefore evaluated on a cross-seed average of
approximately steady-state promotion behavior, rather than
on transient values from the early part of the simulation.

Operationally, we solve this objective by a two-stage
sweep. In the first stage we hold i = 0 and 7 = 1 and
sweep the target employment level N, the promotion quota
kp, and the minimum-tenure threshold T},;,, retaining the
configurations whose simulated monthly promotion rate is
closest to r*. This first stage isolates what is essentially the
mechanical component of the calibration problem: the ag-
gregate promotion rate is governed primarily by how many
promotions can be made each step, how large the worker
base is, and how many workers satisfy the tenure threshold,
whereas p11 and 7 mainly affect which workers are promoted
and therefore matter more for the relative group promotion
gap than for the overall scale of promotion. In the second
stage we condition on the best stage-one configuration and
sweep over y+ and 7, minimising L(6) over both moments
jointly. The resulting parameters are

—0.25, 7=1.75, N =220,

kp = 1, Tin = 10,
with achieved fit rg,, = 0.00498 against r* = 0.00475
and g4qn = 0.833 against ¢* = 0.84. Nearby alterna-
tives in the same neighbourhood (¥ € [-0.25,—0.15],
T € [1.25,1.75], Trmin € {10, 12,14}) achieved compara-
ble fit, so the process appears relatively stable. All remain-

ing simulation parameters are held at the defaults introduced
earlier in this section and in Table 1.

py

3.7 Outcome metrics

We report four families of outcomes throughout. To state
the definitions compactly, let C; denote the candidate pool
at step ¢, H; the workers currently employed by the firm,
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M, the managers currently employed by the firm, N C H;
the workers hired at step ¢ (the hired cohort), and D; the
cumulative training dataset accumulated up to step ¢.

Hiring and employment.
groups at step ¢ is

Al =Pri e N; | g; =0) —Pr(i e N, | g; = 1),

and the promotion-rate gap A} is defined analogously,
with the conditioning set replaced by the worker base H;.
We also report the share of group-1 candidates among cur-
rent workers and managers,

wo_ [{i € Hi:gi =1}
1,t ‘Ht| ’

and per-capita firm productivity,
> ),

_ 1 (Z Pil +
PEH: €My

YT H UM
formed by summing true worker productivity over current
workers and true manager productivity over current man-
agers, and dividing by the headcount. The corresponding to-
tal productivity is IT; = II; - |H: U M| and is reported
alongside the per-capita version when the size of the firm
itself varies across conditions.

A separate diagnostic isolates the latent quality of newly
hired workers by group. The double-standard gap is the dif-
ference between the two groups’ mean true worker produc-
tivity within the hired cohort,

AP =E[P! |i €N, g:=0] —E[P} | i € N}, g; = 1].
A negative value indicates that group-1 hires have, on aver-

age, higher true worker productivity than group-0 hires, that
is, that they had to clear a higher effective bar to be hired.

The hiring-rate gap between

_ |{Z€Mt91:1}‘
| M| 7

M
Tt

Training data composition. The cumulative dataset is
summarized by the share of group-1 examples,

D = {i € D;:g; =1}
’ Dy ’
and by the group-conditional rate of positive promotion la-
bels recorded in D;. The promotion gap is thus

Atpvpromo :PI'(Al =1 | 1 €Dy, g; = O)
—PI‘(Ai =1 ‘ 1 €Dy, g; = 1)
These two quantities track, respectively, how the policy in

use reshapes who appears in the firm’s training data and how
the distribution of labels within that data evolves over time.

Learned signal. The central diagnostic of the learned
score is the group-differential prediction bias of the worker-
productivity regressor,

bgg) = E[ﬁll_P,Ll ‘ Z S Ct7g’i = 9]7 Agred = b£0) _bgl)'

A value of AP near zero indicates that the worker-
productivity model does not differentially over- or under-
value one group; values away from zero indicate that an in-
tervention has changed surface outcomes without repairing
the learned signal. This is the principal device through which
we distinguish interventions that act on decisions from those
that act on the model and the dataset that produced them.



Recoverability of the biased channel. The experiments
include two diagnostics that ask whether the structural bias
in the hiring-test channel is recoverable from the firm’s
selectively-labelled data.

The first runs a causal-discovery procedure on a prefix
of the cumulative dataset D; of size n and asks whether
the procedure recovers an edge between the group attribute

g and the observed test T in the inferred graph. Causal-
discovery algorithms reconstruct a graph over a set of vari-
ables from a sequence of conditional-independence tests
on the data, adding an edge between two variables when
they fail to become independent after conditioning on sub-
sets of the remaining ones, and orienting edges using sta-
tistical and background-knowledge constraints (Spirtes and
Glymour 1991). We run two such algorithms, the PC al-
gorithm (Spirtes and Glymour 1991), which assumes no
unobserved confounders, and the FCI algorithm (Spirtes
2001), which relaxes that assumption. We rely on the
causal-learn library to do so. The variables exposed to

the discovery step are (g, T,8,L,E, P, A), and the quan-
tity of interest is whether the edge between g and T  ap-

pears in the recovered graph gAn. We report the empirical
rate across random seeds at which this happens,

Tn :Pr(g —1T € én),

as a function of prefix size n. We compute probabilities as
the rate of recovery over 10 random seeds. Values close to
one indicate that the firm’s accumulated data is consistently
informative about the existence of a group-conditional test
channel; values close to zero indicate that the bias is not yet
detectable from the available data.

The second diagnostic asks not only whether the bias
channel is detectable but whether its magnitude can be re-
covered. We use a downstream estimator i? (D;) for the
hiring-test bias, formed from the firm’s accumulated data,
and track its absolute calibration error |7 (D;) — p?| as a
function of the simulation step ¢. Together the two diagnos-
tics quantify whether the structural bias is both detectable
from the firm’s endogenous training data and, if so, whether
its magnitude is estimable to within a useful tolerance.

4 Experiments

We use the simulation introduced in Section 3 as a controlled
environment for three empirical questions. The central pa-
rameters across all experiments are the hiring-stage mea-
surement bias p7, the promotion-stage bias ¥, the hiring-
score weight «, and the candidate-pool group composition.
We report two complementary kinds of result: broad param-
eter sweeps that map the simulation’s bias-generating be-
haviour, and a calibrated slice that fixes the bias parame-
ters, softmax temperature, and steady-state workforce size
to the values from Section 3.6. Our experiments are imple-
mented with the fairsim library (https://pibborn.github.
io/fairsim).

4.1 RQI1: when and how does bias emerge?

The first question is whether the simulation produces struc-
tured disparities under the status-quo policy, and how those
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Figure 3: RQI. Bias emergence under the status-quo pol-
icy. Panels: (A) AM™ versus u?, separate lines per a €
{0,0.5,1}, averaged over u¥; (B) mM versus pl at puf'
—0.5; (C) II versus pf'; (D) A% versus p?. Shaded bands
are 95% confidence intervals across seeds.

disparities depend on the bias parameters and on the scor-
ing rule. The broad sweep runs the status-quo policy over
ul ut e {0,-0.1,-0.2,-0.3,-0.4, 0.5}, the hiring-
score weight o € {0,0.5,1}, and two candidate-pool com-
positions, (0.5,0.5) and (0.7, 0.3). The calibrated slice fixes
uF = —0.15, u¥ = —0.25 and varies the same o and com-
position values. Both use five seeds and one hundred simu-
lation steps (~ 8 years, see Section 3.6), aggregated over the
last twenty steps after a twenty-step burn-in.

Figure 3 reports four diagnostics from the sweep. The
hire-rate gap AM™ grows monotonically with the magni-
tude of p7, the group-1 manager share 7 falls monotoni-
cally with the magnitude of u!" at strong test bias, per-capita
productivity TI declines mildly with p?, and the double-
standard gap A% becomes increasingly negative as the test
becomes more biased against group 1. The interpretation of
the double-standard signal is that group-1 hires must clear
a higher latent-productivity bar than group-0 hires when the
test is biased against them.

In the calibrated slice, the hire-rate gap continues to scale
with p7" but the productivity decline visible at extreme bias
does not survive. At empirically anchored magnitudes the
hiring-stage disparity is the only signal that persists.

4.2 RQ2: intervention comparison

The second question is how the four intervention families
introduced in Section 3.5, namely status quo, oracle repair
of the measurement channel, observational debiasing, and
population-level demographic-parity top-ky, compare un-
der biased measurement, selective labels, and cumulative re-
training. We use a stationary regime with target headcount
40 (outside the calibrated slice N = 220, chosen so attrition
and intake balance), attrition rate 0.05, a (0.7,0.3) candi-
date pool, a« = 0.5, five seeds, and one hundred steps, at
pi =—0.5,pf = 0.
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Figure 4: RQ2. Intervention comparison in a strong-bias ex-
periment (uf —0.5, pl = 0). Shaded bands are 95%
confidence intervals across seeds.
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Figure 5: RQ2. Dataset-side comparison of the four inter-
ventions in the strong-bias experiment.

_ Figure 4 reports the interventions on Abire 7 W oM Cand

II in the strong-bias experiment. The oracle achieves the
highest productivity and lowest bias, showing that here fair
prediction of who to hire does not come at a fairness cost.
Observational debiasing, on the other hand, is not aware of
the underlying causal structure and thus struggles to max-
imize the productivity, even while maintaining a relatively
low hiring gap.

The four policies do not, however, differ only on decision-
space metrics, but on the resulting dataset collected follow-
ing these policies. Figure 5 reports the group-1 dataset share
7P, and the prediction-bias gap AP across the four in-
terventions. Both demographic-parity top-kz and observa-
tional debiasing shift the hire-rate gap and the dataset com-
position relative to the status quo, but the prediction-bias gap
remains essentially at its status-quo level for both. The ora-
cle is the only intervention that also moves AP to near
zero. Our reading is that interventions which constrain the
learner or the allocation can adjust the firm’s surface out-
comes while leaving its productivity model differentially bi-
ased across groups; only intervening on the measurement
channel itself repairs the model.

4.3 RQ3: detectability of the biased test channel

The third question is whether the firm could infer the exis-
tence and magnitude of the test-channel bias from its own se-
lectively labelled data. We use the two diagnostics described
in Section 3.7: the causal-discovery edge recovery rate 7,, on
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Figure 6: Edge-recovery rate r,, of the g—T channel un-
der the three hiring-side policies at the calibrated bias
ut —0.15. Panel A uses the PC algorithm; panel B
uses FCI. Both algorithms run with a Fisher-Z conditional-
independence test at o 0.05. Each point is the seed-
wise mean over five independent simulation runs, evaluated
at five cumulative-dataset prefix sizes; the x-axis shows the
simulation step at which each prefix size is reached on aver-
age.

—e— Counterfactual (oracle) repair
—e— Status quo

B. Absolute error

—— Population-level DP top-k
—— Observational reduction

AT .
A. u, over time

—0.10
3
I 0.05 %
~
=y
0.00
50 100 50 100

Simulation step Simulation step
Figure 7: RQ3. Estimation of the hiring-test bias when p? =
—0.15. Left: per-policy estimator 17 (D;), with the true u?
shown as a dashed horizontal line. Right: absolute error.

prefixes of the cumulative dataset, and the downstream esti-
mator /17 (D;) together with its absolute calibration error.

At the calibrated bias uf = —0.15, the three policies
separate (Figure 6). Status quo and observational debias-
ing both reach r,, = 0.8 by the largest prefix, with obser-
vational debiasing arriving roughly eighteen steps earlier.
Demographic-parity top-kpy plateaus at r,, = 0.4 and does
not improve with additional data. PC and FCI agree through-
out, so the effect is not an artifact of assuming causal suf-
ficiency. Constraining the final allocation disturbs the joint
distribution of g and T' enough to remove roughly half the
long-run statistical trace of the bias channel, while constrain-
ing the learner leaves the channel as detectable as the status
quo, even if more data is necessary.

Figure 7 reports the magnitude diagnostic at the cali-
brated bias: the per-policy estimator /i1 (D;) and its abso-
lute error |2¥(D;) — u¥| over step t. The oracle and ob-
servational debiasing converge toward u?'; demographic-
parity top-kg drifts away from it, consistent with the edge-
recovery plateau above.



4.4 Summary

The three experiments combine into a single substantive pic-
ture. On the first question (RQ1, when and how does bias
emerge?), the simulation produces structured hiring-side
disparities tracking p7, and the productivity decline visible
at extreme bias does not survive at calibrated magnitudes
(Figure 3 C). There is therefore no accuracy-fairness tradeoff
to negotiate in the calibrated regime: the firm does not pay a
productivity price for fair measurement. On the second ques-
tion (RQ2, how do the four interventions compare?), sepa-
rating them at the level of AP, the group-differential pre-
diction bias of the firm’s productivity model, reveals a hier-
archy that surface metrics conceal. Demographic-parity top-
kg rebalances the allocation without touching the learned
signal; observational debiasing slightly improves both sur-
face fairness and the underlying dataset composition, but
does not close the prediction-bias gap to the extent the or-
acle does. Only intervening on the measurement channel it-
self approaches causal repair. On the third question (RQ3, is
the bias channel recoverable from the firm’s own data?), the
answer depends on which policy generated that data. Under

status quo and observational debiasing, the g — T chan-
nel becomes recoverable and /i (D;) converges toward the
truth on a moderate sample size. Under demographic-parity
top-k g, recovery plateaus at roughly half the long-run rate
of the other two policies and the magnitude estimator drifts
away from p?. The firm that intervenes on allocation also
loses the statistical trace it would need to detect and repair
the underlying problem.

5 Conclusion

We have presented an agent-based simulation of a hiring-
and-promotion pipeline that makes biased measurement, se-
lective labels, and cumulative retraining separately tunable
mechanisms. Across three research questions we showed
that hiring-side bias produces structured disparities under
the status quo (RQ1); that interventions which constrain
the learner or the allocation can shift the hire-rate gap and
group representation while leaving the firm’s productivity-
prediction model differentially biased across groups (RQ?2);
and that the biased measurement channel is detectable and
estimable from the firm’s own selectively labelled data, de-
pending on the policy (RQ3). The values we use for uf,
u¥, the softmax temperature 7, and the steady-state work-
force size are calibrated against magnitudes drawn from the
cognitive-testing literature and the within-firm promotion
literature.

The simulation has been calibrated against empirical mag-
nitudes but not validated in the sense the term is used in the
agent-based modelling literature. Following Fagiolo et al.
(2019), calibration matches model parameters to a small
set of empirical moments, whereas output validation asks
whether the model reproduces empirical regularities that
were not used to fix the parameters. Our simulation matches
the two moments it was tuned to by construction, but we
have not shown that it reproduces further labour-market reg-
ularities, such as tenure-conditional promotion rates, pro-
ductivity distributions, or cohort-level dynamics, that we
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did not target. Fagiolo et al. (2019) reproduce a four-level
empirical-validity taxonomy originally due to Axtell and
Epstein. A Level-0 model is a caricature of reality, useful
as a graphical or conceptual device but making no empiri-
cal claims. A Level-1 model is in qualitative agreement with
empirical macro-structures, established by comparing sim-
ulated and empirical distributions (firm-size distributions,
wage curves, and so on). Level 2 requires quantitative agree-
ment at the macro scale, via on-board statistical estimation
routines. Level 3 requires quantitative agreement at the level
of individual agents, established from cross-sectional and
longitudinal analysis of the agent population. Against this
scheme our simulation is a Level-0 model with calibrated
parameters: we have matched two specific moments but not
demonstrated broader distributional agreement. This taxon-
omy was developed for ABMs whose ambition is predictive
macro-modelling, in the tradition of competing with or re-
placing DSGE models, and its higher levels reflect that am-
bition. Our purpose is different. We use the simulation to
display mechanisms by which biased training data can arise
under standard fairness interventions, not to predict labour-
market outcomes. Griine-Yanoff (2009) draws a related dis-
tinction within the philosophy of simulation between actual
and potential explanation: a potential explanation specifies
behaviours and interactions that suffice to generate the phe-
nomenon of interest, without claiming that they are the ac-
tual causes of any empirically observed instance of it. Hof-
man, Sharma, and Watts (2017) make a parallel distinction
between prediction and explanation in social systems more
generally. The contribution we offer is closer to a potential
explanation in this sense: a demonstration that the combina-
tion of biased measurement, selective labels, and cumulative
retraining can produce the kinds of disparities that fairness
interventions are deployed against, and that the choice of in-
tervention is consequential not only for the hire-rate gap and
group representation but also for whether the firm’s produc-
tivity model continues to under-predict the disadvantaged
group.

The natural next steps are systematic output validation
against labour-market regularities beyond the calibration
moments, sensitivity analysis under non-stationary candi-
date distributions, and extension to multi-firm market set-
tings in which firms compete for the same applicants. We
also note that the mechanisms we operationalise, particu-
larly the cumulative-dataset feedback, are not specific to hir-
ing and could in principle be transferred to other selective-
label domains in which long-term fairness is studied. The
substantive claim of the paper, that an evaluation of fairness
in such domains should include inspection of the firm’s pre-
diction model and the dataset that produced it rather than
only its hire-rate outcomes, is what we seek to make possi-
ble with the present contribution.
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