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Abstract

Decision-makers in high-stakes selection processes often face a fundamental choice: whether
to make decisions themselves or to delegate authority to another entity whose incentives may
only be partially aligned with their own. Such delegation arises naturally in settings like
graduate admissions, hiring, or promotion, where a principal (e.g. a professor or manager)
either reviews applicants personally and makes decisions or decisions are delegated to an
agent (e.g. a committee or third-party or Al agent).

The principal has the expertise to conduct holistic evaluations of applicants (even accounting
for factors like team fit), but incurs a cost for every application reviewed. In contrast, the
agent can review a large volume of applications efficiently, greatly lowering the principal’s
costs. However the agent’s evaluation is on the basis of a signal that is only correlated with
the principal’s metric but may be potentially misaligned, diminishing the expected quality
of selected applicants. We study this fundamental trade-off in a stylized selection model
with noisy signals. Our goal is to characterize when delegation is beneficial versus when
decision-making should remain with the principal. We compare these regimes along three
dimensions: (i) the principal’s utility; (i) the quality of the selected applicants according
to the principal’s metric; and (iii) the fairness of selection outcomes under disparate signal
qualities.

1 Introduction

With the advent of automated decision making, software as a service, and agentic Al, there are many potential
benefits to delegating to another decision maker. Third parties can offer Al and other tools that promise
cost-efficient and accurate decision making at scale, such as for auto-bidding in online auctions (Aggarwal
et al., [2024)), self-driving cars (Forum), |2025)), algorithmic pricing (Taylor,|2025]), and resume-screening agents
in hiring (NPRJ, 2025)). Similar tools are also available now for facilitating efficient selection processes (where
the goal is to choose from a pool of applicants), for example, in hiring and admissions.

Importantly, many of these decisions are made under time, cost, expertise, and informational constraints
and inefficiencies, providing incentives for a decision maker to delegate to a third-party agent or AI tool.
When the decision maker, whom we will call the principal, delegates a decision-making process to another,
the agent, the agent can specialize in that process and take advantage of more data, larger scale, and
higher efficiency, while the principal reaps the benefits of the decision. The agent may seek control over
decision making anyway, for the sake of centralization & standardization, enforcing constraints like fairness
considerations, or ensuring that the decisions benefit themselves (Brynjolfsson & Ngj 2023; [Kapor et al.
2024; [Lupial 2015)). However, delegation comes with its own set of challenges. The principal and the agent
may not be aligned in terms of objectives or preferences (Alur et al.||2024; |Candrian & Scherer, [2022; [Lupiay,
2015)), leading to lower quality outcomes for the principal (Sliwkal 2001)), a loss of agency (Lupia, 2015), and
an opportunity for the agent to take advantage of their control over the process (Jensen & Meckling, (1976)).
Delegation to Al hiring tools, for example, may ignore cultural fit, reduce interaction between candidates
and hiring managers, and fail to properly evaluate candidate’s attributes (Aizenberg et al., [2025; Kiml 2025)).
Brokers who do not select suitable investments for their clients risk violating legal requirements (Anderson
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& Winslowl, [1992-1993). Delegation may also lead to issues when it comes to responsible and fair decision-
making: for example, Amazon’s Al hiring tool was found to overwhelmingly favor male applicants to female
applicants purely because it had been trained on historical data of successful applicant resumes which were
predominantly male (Dastin) 2018)), failing to correct for biases in its own data.

This naturally motivates the following general question: when should a principal delegate decisions to
an agent? To address this question, we study delegation specifically in the context of selection processes.
Selection problems arise frequently in hiring and admissions and play a key role in organizational decision-
making. We consider a model of a selection process where applicant quality can only be evaluated imperfectly
using noisy signals. There is a principal and an agent that may use different metrics for evaluation, which are
correlated (but may still be only partially aligned). The key consideration for the principal is: should they
delegate the process to the agent and obtain applicants of potentially lower quality at very little to no cost; or
should they retain decision-making authority to ensure better control over the quality of selected applicants
but at high cost. We investigate the impact of each of these decisions (delegation versus non-delegation) on
the outcomes of the selection process in terms of efficiency and fairness, which provides essential insights on
when it might be beneficial for the principal to delegate.

Summary of Contributions. We summarize our main contributions as follows:

1. In Section [2| we introduce our model where a principal (they/them) must decide which applicants
to select from a pool of applicants, but can delegate the decision to an agent (it). Our model applies
to all types of agents, i.e., strategic (like hiring outsourced to a third-party firm) and non-strategic
(like AT or LLM-based hiring tools).

2. We provide theoretical characterizations of the utility achieved by the principal, both when they
make decisions themselves (Section [4]) and when they delegate to the agent (Section . We show
that directly comparing utilities across the two scenarios is sufficient for the principal to make a
delegation decision.

3. We expand our analysis to selecting applicants from multiple populations. In particular, in our
model, the populations are intrinsically identical; they differ only in the accuracy of the noisy signal
observed about each population. We consider two models of such disparity: i) one where applicants
in the disadvantaged groups have a negatively biased signal of their quality and ii) one where they
have a noisier signal, compared to the advantaged group. We study the fairness implications of
signal disparity in the context of demographic parity, under the the delegated model in Section
and the non-delegated model in Section [4]

4. Finally, in Section[5} we synthesize our results and provide insights on when delegation is beneficial,
comparing the outcomes of both decisions across different metrics: i) quality of selected applicants,
ii) the principal’s utility (including both quality and selection costs), and iii) fairness defined as
demographic parity. We make several interesting (and counter-intuitive) observations: there may
be non-monotonicities in the principal’s preferences for delegating vs not delegating in terms of how
correlated the principal and the agent’s metrics are. Further, what is preferable for fairness heavily
depends on whether signal disparities come from i) systematic under-estimation of one population
vs ii) disparate informativeness (e.g., variance) of signals across populations.

Related Work. Our work is closely related to an extensive body of research in economics on principal-
agent problems (Ross| (1973))). In traditional principal-agent problems, a principal and an agent usually
have asymmetric information access and misaligned interests; the goal for the principal is then to design a
mechanism or contract so as to incentivize the strategic agent to act in the principal’s interest. Our work
falls is similar in spirit to a special class of principal-agent problems called strategic delegation (Vickers,
1985; Bester & Krahmer) 2008; |Alonso & Matouschek, |2007; Baik & Kiml [1997). In strategic delegation
problems, the principal makes the decision of whether they should allow the agent (or delegate) to act on
their behalf (for example, hiring a lawyer for litigation). The principal grants decision-making authority to
the agent because the agent is better at the task, or enables the principal to lower costs. Beyond standard
strategic delegation problems where an agent is typically strategic, our framework also encompasses settings
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with a non-strategic agent: for example, an Al agent or automated decision-making tool aids the principal in
decision making. Unlike previous work, our work considers delegation in the context of selection processes,
which feature an agent not necessarily incentivized to use the same metric to evaluate candidates as the
principal (e.g. the agent uses Al that is not trained for hiring candidates that are a “fit” with the particular
firm). This means that the delegation decision depends not just on the effect of the agent’s hidden efforts,
but also on its choices of metric and selection threshold, which we focus on in this work. Perhaps closest to
our work is Bester & Krahmer| (2008) which deals with task/project selection in the context of delegation
(which is analogous to threshold selection in our model). However, our model is more general (in terms of
the space of thresholds and utility functions). We also consider fairness via the impact of selection processes
on the candidates. We specify our model of strategic delegation of selection processes in Section [2} For a
detailed review on other aspects of generalized principal-agent problems like contract design, information
design, learning etc., we refer readers to (Diitting et al.| [2024; Dughmi| 2017; [Lin & Chenl, 2024).

We focus on selection problems, with motivating examples arising in hiring and admissions. Designing
efficient and high quality hiring processes has been the focus of long-standing research. Prominent directions
include analysis of popular heuristics like hiring ‘above the mean’ or ‘above the median’ (Broder et al.,
[2010; Helmi & Panholzer}, 2013), algorithmic hiring under uncertainty (Purohit et al.,|2019; [Li et al., 2025),
screening under sequential or pipeline settings (Cohen et al. [2023; [Epstein & Ma), [2024)), to name a few.
Our work contributes to this broad area, and specifically studies the problem of delegation in the context of
hiring and selection problems where the principal has the option to outsource the selection process entirely
to the agent.

With the recent proliferation of Al tools that are capable of sophisticated decision-making, outsourcing or
delegation is becoming increasingly common. In turn, recent works have focused on whether decision tasks
in high-stakes settings should be assigned to ‘algorithmic delegates’ that can act reliably without human
oversight (Milewski & Lewis|, [1997; [Lubars & Tanl| [2019), and more broadly on the design of synergistic
systems with both human and AT collaborators (Bansal et al., [2019} 2021} Lai et al., 2022; De Toni et al.
12024; Donahue et al., 2024). Recent work has also looked at the task of selecting the most optimal delegate
among many (Greenwood et al., 2025; Raghavan, 2024). Our focus is slightly different, mostly centering on
delegation in selection processes.

Finally, our work has implications for responsible Al and fairness. Since the origins of the theory of sta-
tistical discrimination (Arrow, [1971; Phelps| 1972), researchers have contributed across multiple dimen-
sions of fairness, including but not limited to the challenges of algorithmic fairness (Kleinberg et al.l [2018;
Green), 2022; (Corbett-Davies et al., [2017; [Kleinberg, [2018), fairness auditing (Kallus et al., 2022), fairness
in ML (Hardt et al., |2016; Karimi-Haghighi & Castillo, [2021; Mary et al., 2019)), fairness for better societal
outcomes (Mouzannar et al.,|2019; Pitoura et al.| 2022} [Zehlike et al, [2020; [Bower et al.| [2017)) etc. Fairness
has also been studied extensively in the context of ranking and selection problems (Zehlike et all [2017
[Cohen et all, [2019; [Blum et al., [2022} [Celis et all 2016} 2024} [Kleinberg & Raghavan| 2018} [Emelianov et al.
2020; |Garg et all, [2021)). Most of these works either look at the problem of fair selection in the presence of
different forms of bias or consider the fairness implications of various selection strategies in the context of
single-stage or multi-stage/sequential selection. On the contrary, we look at a different problem: we explore
whether organizational decisions like who is conducting the selection process (principal or agent) can also
have major fairness implications.

2 Model

This section provides our model: the applicants, the principal, and the two different types of selection
processes (one where the principal makes all decisions and the other where the principal delegates to the
agent). We include an extension to a multi-group setting (with an “advantaged” and a“disadvantaged”
group) to understand the fairness implications of selection processes with and without delegation. A key
feature of our model is that applicants can only be evaluated using noisy or imperfect signals.
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2.1 Applicant Characteristics

Applicants FEach applicant is described by a set of attributes (s, 3,t,). The tuple (s,t) indicates the
applicant’s private type. While the agent wants to evaluate applicants on the basis of s alone, ¢ is the
preferred choice of evaluation metric for the principal. We assume that (s, t) are jointly Gaussian mean-zero
random variables with variances o2 and o? respectively and p > 0 is the degree of correlation between them.
However, (s,t) is unobservable. Instead, (3,%) represents noisy signals about s and ¢ that are observed by the
agent and the principal respectively. We assume that § = s + ¢, and £ = t + ¢; where ¢, and ¢; are mean-zero
Gaussian noise terms (es ~ N(0,02,) and ¢, ~ N(0,0%)) and €5 L s, ¢, L ¢t and €5 L ;. This implies that §
and t are also jointly correlated mean-zero Gaussian random variables with variances o2 and Utg respectively,
where 0% = 0? + 02, and 07 = 07 + 0Z,. Note that Gaussian assumptions are relatively standard when it
comes to modeling population distributions. Please refer to |Kannan et al.[ (2019); |Garg et al.| (2020)); |Liu &
Garg) (2021)) for a few examples of such works.

We can now decompose t as a linear combination of s and a signal f representing the independent information
about t that is not captured by s:

Claim 1. Let (s,t) be jointly Gaussian random variables with E[s] = E[t] = 0 and Var(s) = o2, Var(t) =
and Corr(s,t) = p > 0. Then, there exists random variable f ~ N(0, 012[) with JJ% = (1-p?)o? and f L s,
such that t can be expressed ast = y15 + Yo f, where 1,7y, € R.

The proof may be found in Appendix This shows that no matter how the principal’s metric ¢ is
(positively) correlated with s, it can always be decomposed as a linear combination of the agent’s metric
s and an independent metric f. The same argument extends to ¢ which can be decomposed as a linear
combination of § and some f where f is a mean-zero Gaussian random variable (which is expressable as the
sum of f from earlier and an independent mean-zero noise term ¢;) and f L 3.

Without loss of generality, the decomposition can also be taken to be convcxﬂ Therefore, from now on, we
write:

t2af+(1—a)s, (1)

for some a € [0,1] (similarly, 7 2 af + (1 — )5 with the same o where f ~ /\/’(0,0]2;)7 § ~ N(0,02) and

o? = a2(f]2; + (1 — @)?02).). This alternate characterization is useful because it allows us to think about

s and f as two independent attributes of an applicant that have standalone semantic importance. E.g., s
may be a measure of an applicant’s skills, as for a job, while f could be a measure of fit with the hirerﬂ
i.e., how well-matched the applicant is to the principal. This also grants the quantity « an interpretation as
the relative importance the principal places on fit versus skill (besides its role as measuring how correlated
s and t are). Therefore, ¢ can be perceived as a measure of overall applicant quality from the principal’s
perspective or simply quality for brevity, with o now being interpreted as the extent of diversity in quality
in the applicant pool. Note that we call s “skill” and f “fit” purely for expositional purposes, they can
always be used to refer to other independent applicant attributes.

If f is not derived from Claim [I} but rather represents some other pre-defined metric, f and s may be
correlated with each other. However, all our main results go through even in that case. For details, see

Appendix
2.2 Types of Selection Processes

We consider two types of selection processes in our model: one where the principal delegates to the agent
and the other where the principal makes all decisions themselves. For example, in the context of graduate
admissions, the first type of selection involves all admission decisions being made by a central admissions
committee without the direct involvement of the professor (therefore the professor does not incur any costs,

INote that 41 > 0 and 2 > 0. Then we can re-normalize the signal ¢ by 41 + ~2 to obtain a re-normalized t as a convex
combination of s and f.

2Team fit is often a very important aspect of selection, which is separate from how skilled the candidate is (Sekiguchi &
Huber| [2011)).
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but their utility depends on the average quality of students hired by the committee). In the latter type of
selection, the professor themselves are tasked with the responsibility of reviewing applications (incurring a
cost for every application reviewed) and deciding which students to hire. We now elaborate on each type of
selection process in the general setting.

Selection Process Delegated to Agent. In this setting, the agent makes decisions unilaterally on which
applicants to select. The agent does not see the fit score f and bases its evaluation entirely on the perceived
preparedness of the applicant, §. The decision rule is straightforward: admit applicants with § > 11, where
71 is a pre-determined threshold. In the context of graduate admissions, this could be, for example, a GPA
or GRE score requirement for admissions.

The principal’s overall ex-ante expected utility when k applicants are hired by the agent is then given by:
Udg(Tl):k‘-E[t|§2T1]. (2)

Note here that ex-ante, the principal only knows that the hired applicants would be above the threshold and
may have no additional information about them. Importantly, when the selection process is delegated, the
principal themselves incur no time or effort cost, but the downside is that some of these hired applicants
may be poorly matched to the job thereby reducing the principal’s overall expected utility.

Our framework allows us to model two types of agents:

e Non-strategic agents: this, for example, could be seen as a general-purpose tool or an external Al
agent that the principal is using to make decisions in their stead. The AI agent, for example, an
initial resume screening tool for hiring, makes decisions based on overall application quality (encoded
by s), but may not be able to tailor to specific internal team preferences (encoded by f )ﬂ This non-
strategic agent may also be a centralized university admissions committee, who is only interested in
holding students to a certain bar (here, 71) based on their standardized test scores (here, §).

o Strategic agents: in this case, the agent is a strategic entity that may have their own utility or
cost function, given by ¢(s, 1) if they use metric s with threshold 7. In this case, the agent can
choose their 7 to maximize their own utility. This could be seen, for example, as a company
outsourcing their interviewing decisions to third-party recruiters. A recruiter’s understanding of a
qualified candidate (encoded by s) may not be fully aligned with a company’s preferences (encoded
by af + (1 — a)s, where f measures the misalignment in objectives as characterized above). As 7
increases, a recruiter must spend more time and effort weeding out candidates, also increasing their
cost. In this situation, the principal may need to compensate the agent for the dis-utility they incur,
as per Section [3.1]

Selection Process under No Delegation. In this setting, the principal is tasked with the responsibility
of selecting applicants themselves and wants to hire at most & applicants in expectation. Reviewing each
application directly reveals the noisy estimate  of the applicant’s quality, where = of + (1 — )3, but it
also incurs a fixed cost of ¢,y .

The principal has to strategically make two decisions: i) what endogenous selection threshold 7 to use (an
applicant gets hired only if their perceived quality exceeds this threshold), and ii) how many applications
Nrey t0 review—note that the principal cannot deterministically control how many candidates they hire, so
they reason in expectation. If they review n,., applications, they end up selecting n,., - P[f > 7] applicants
in expectation and each hired applicant earns them an expected utility of E[t | £ > #]. Therefore, the
principal’s overall expected utility from the selection process when they make decisions themselves is given
by:

Undg(%ynre'u) = Nrev * P[E Z 7:] : E[t | t Z 7:] — Nrev * Crev, (3)

3In particular, situations where individuals pass interviews based on their qualifications but end up not being matched to a
team are relatively common in practice
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where 1., - P[f > 7] < k. We consider the constraint to be “no more than k applicants in expectation” for
model generality. We show later in Section [4] that this constraint is equivalent, in our setting, to the equality
constraint n,., - P[t > 7] = k, under the condition that it is viable for the principal to review applications
(so, exactly k candidates are hired in expectation). Before concluding this segment, we specify the following
assumption that we make throughout:

Assumption 1. Our model always operates in the regime where the applicant pool is sufficiently large. This
ensures that even for high thresholds 71 and 7, sufficiently many candidates can always be found above the
threshold.

We expect this assumption to hold true in many real-world settings like graduate admissions at top US
universities or top industry companies which receive hundreds to thousands of applications every year for a
handful of positions.

2.3 Fairness under Multiple Groups

In order to explore the effects of the choice of selection process on fairness, beyond the general setting with
a single homogeneous group of applicants, we also consider a multi-group setting. In particular, we assume
that there are two groups A and Hﬂ with demographic ratios Ay = A and Agp = 1 — X respectively for some
A € (0,1), i.e. a uniformly randomly chosen applicant from the applicant pool belongs to group A with
probability A.

Assumption 2. Both groups have the same distribution of true types (s, f).

This assumption is based on the we are all equal (WAE) worldview introduced in the seminal work of |Friedler
et al.| (2021). This enables us to study group-level disparate outcomes in the selection process without a
difference in true types as a possible cause of those disparate outcomes.

In our setting, applicants from Group B are disadvantaged compared to those from Group A. The disadvan-
tage is primarily with respect to how the noisy signal § about applicant skill is perceived (the disadvantage
can also manifest in f but our main insights still go through unchanged) and can be of one of the two
following forms:

o Signal § with biased mean. The signal 3 for group A applicants is drawn from A (0,02) while for
B applicants § is drawn from A (—p3,02) for some 8 > 0. Consequently, the signal distribution for
group A stochastically dominates the signal distribution for group B, i.e., given any threshold, the
probability of finding an applicant from group A above the threshold is higher than the corresponding
probability for an applicant from group B. Such disparities are frequently observed in practice and
are very well-documented, for example, disparities in SAT scores between high-income and low-
income students (Zwick, [2013)) or gender gaps in math and verbal subject scores on standardized
tests (Griseldal [2024]).

e Signal § with disparate variance. In this case, applicants from Group B are less well-understood
than those from group A. We model this as receiving higher variance signals in population B, in
line with previous works like |Garg et al. (2020); Kannan et al.| (2019)). The lack of understanding
of population B is modeled as having o5 5 > 05 4. This may be, for example, because they have
been historically marginalized in academia or the workplace, or because applicants are applying with
backgrounds that decision-makers have little prior experience with.

We aim to investigate how the type of selection process affects the group-wise composition of selected
applicants—in particular, if the choice of whether to delegate or not has outsized impacts on disparity
between the two groups.

40ur results qualitatively extend beyond two groups, but for the sake of notational ease, our exposition assumes there are
exactly two groups.
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3 A Selection Process Delegated to the Agent

In this section, we consider the setting where the principal delegates the task of selecting applicants to the
agent. We explore the effect that delegation has on principal utilities in the single group setting: we focus on
understanding how said utility evolves in the parameters of the problem, including the selection threshold 7
and the importance of fit controlled by a. We then consider the multi-group setting, in particular observing
how the composition of admitted applicants in a selection process under delegation looks like and how it
changes with the selection threshold and the extent of advantage one group already has over the other.

3.1 An Unifying Framework for Strategic and Non-Strategic Agents

In this section, we show that the case of a strategic agent and non-strategic agent can be handled under
a single unifying framework. In particular, given that the agent uses threshold 71 (which may be fixed or
chosen strategically), we show that under classical contracts, the principal delegates decisions to the agent
if and only if Ugg(71) > Upag(7,nrev). This is exactly the same as the case of a non-strategic agent, where
there is no monetary transfers between the two parties and Ugg(71) and U4 (7, nrey) are the actual principal
utilities under delegation and no delegation, respectively.

The principal-agent contract in the strategic case In particular, we consider a principal and a
strategic agent who form a contract. If the principal decides to delegate decisions to the agent, as seen in
Section [2| the agent incurs a cost of ¢(s, ) when using selection threshold 7;. In this case, the principal
must provide the agent with a performance-based payment P(71,7,nrey) as is standard in the contracting
literature (Sappington, |1991; |Grossman & Hart, [1992). In particular, the agent gets utilityﬂ

P(11, 7, Npew) — ¢(s8,71).

We consider the following class of linear contracts:

Definition 1 (Surplus-Sharing Contracts). Let n € [0,1]. A surplus-sharing contract at rate n is one where,
if the principal decides to delegate decisions to the agent, they pay the agent a fraction n of their total surplus
from delegation, i.e.

P(Tla 7:7 nrev) = n(Udg(Tl) - Undg(%; nrev))-
If the principal does not delegate, then P(T1,7,Npey) = 0.

Note that this class of contracts is standard in the contracting and in the principal-agent literature. In
particular, linear contracts are both simple and known to be optimal and robust in many settings (Yu &
Kong, 2020; [Rogerson, [1987} |Carroll] [2015; Dutting et al., 2019)).

When does a principal prefer delegating to an agent? We now show how surplus-sharing contracts
allow us to reduce our framework to the non-strategic case. In particular, we note that:

Claim 2. The principal delegates to the strategic agent under a surplus-sharing contract at any rate n € [0, 1]
if and only if Ugg(T1) > Upag(T, Nrew)-

Proof. The principal delegates if and only if they gain increased utility from doing so, i.e. if and only if
(1 —=n)Uag(11) + NUndg (T, Nrev) = Undg (7, Npew), which immediately reduces to the desired condition. O

Ie., the principal’s decision in the presence of a strategic agent is exactly identical to the case of a non-
strategic agent: delegate if and only if their utility from delegation (not including payments) Uy, is higher
than their utility from making their own decisions U,qq4. As such, in the rest of the paper, we reduce the
principal’s delegation decision to comparing Ug,(71) and Upag (7, rev), whether the agent is strategic or not.

5We assume that the cost of the agent is such that there exists 71 for which the principal’s surplus exceeds the agent’s cost.
Otherwise, we are in the trivial case where no contract is possible in the first place, as it is impossible for both the principal to
obtain positive surplus and the agent to obtain positive utility.
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Remark 1. Note that in our setting, a strategic agent may use a threshold T imposed by the principal. It
may also pick the optimal threshold that mazimizes its own utility, i.e. 71 = argmax P (71,7, Npev) — (8, 7T1).-
Our goal in this work is not to characterize the optimal choice T{ of 71 for the agent, which depends on its
cost ¢, and the choice n* of n for the principal, which may be selected via bargaining. We assume that these
quantities can be anticipated by both parties and are set to be the equilibrium quantities, and treat them as
exogenous. Rather, the goal of our work is to understand whether and when a principal prefers to defer to
an agent, assuming the contract above. We provide results for all choices of Ty, irrespective of how they were
chosen.

3.2 Single Group Setting: A Utilitarian View

Recall that the principal’s expected ez-ante utility per hired applicant is given by E[t | § > 71]. Our first
main result expresses this utility in closed form in terms of key problem parameters.

Lemma 1. When the selection process is delegated to the agent, the expected ex-ante utility per hired applicant
earned by a principal who puts weight o € (0,1) on applicant fit, is given by:

E[tlém]—(l‘o‘)ag.H(ﬁ)’

Os O35

where T 1s the agent’s selection threshold and H(-) is the hazard rate function of a standard normal random
variable.

The proof of the lemma can be found in Appendix [B:I] A few direct consequences of this lemma are as
follows:

Corollary 1. When the selection process is delegated to the agent, the principal’s ex-ante utility from each
admitted applicant is monotonically increasing in the agent’s selection threshold 7.

This follows from Lemmal[l} the hazard rate function of the standard normal random variable is monotonically
increasing in its argument (proof in Appendix [E.2)). The corollary shows that when the agent uses a higher
selection threshold, the principal’s utility increases as: i) the average ability of accepted applicants increases
and ii) the principal does not incur any selection cost. We also note that the principal’s utility is monotonic
and decreasing in a:

Corollary 2. When the selection process is delegated to the agent, the principal’s ex-ante utility diminishes
monotonically in o which is the principal’s preferential weight on applicant fit.

This follows from Lemma [[}—increasing « decreases the principal’s expected utility from each hired applicant
since the principal’s preferences increasingly diverge from the preferences of the agent they delegate to.

3.3 Fairness Implications in Multi-Group Settings

When the applicant pool consists of applicants from different groups, an immediate follow-up question is:
what is the average group-wise composition of the set of applicants hired through a selection process which
has been delegated to the agent? The answer to this question has important fairness implications. For
example, if groups A and B are identical in all respects and group A has a demographic ratio of A, one
fair outcome might be that on average, A fraction of the admitted applicants come from group A. This
subscribes to the well-known concept of demographic pam’tﬂ in the fairness literature (Dwork et al.| 2012]).
In our setting, however, despite being intrinsically identical, the observed signals about the two groups are
not identical—in particular, group B is disadvantaged in some way (either their signals are noisier (higher
variance) or the distribution mean is negatively biased compared to Group A). Our goal in this section is
to investigate how the extent of this disparity between the groups manifests in the outcome of the selection
process.

6Note here that because our populations have identical distributions of true ability and fit, demographic parity is a natural
notion of fairness.
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Importantly, the agent uses the same selection standard (11) for everyone, irrespective of group identity—our
agent is group—blincﬂ In scenarios where the agent is strategic, choosing a single threshold offers the benefit
of simplicity which often helps to lower costs. In other cases, this may also be enforced explicitly by the
principal as part of the contract, either due to legal constraints or to enable the principal to verify if the
terms of the contract are being upheld by the agent. A key difference of this with the setting where the
principal does not delegate is that in the latter, the principal has the flexibility to customize group-specific
selection standards—for example, in the context of graduate admissions, individual professors can still make
their own decisions about who to hire.

Composition of selected applicants Let ®4(-) and ®p(-) indicate the normal CDFs of the signal (3)
distributions for groups A and B respectively. Now, let ®,,(-) indicate the CDF of the Gaussian mixture
distribution where a sample belongs to group A with probability A and group B with probability 1 — A:

Dpr(z) =N Py(x)+ (1= A) - Pp(z), VzeR.

Similarly, ®4(-), ®5(-) and ®(-) indicate the corresponding complementary CDFs. We now present the
following result (whose proof can be found in Appendix [B.2]):

Lemma 2. Consider a selection process which is delegated to the agent with a selection threshold of Ty.
For any applicant hired through this process from a mized applicant pool, the probability that said applicant
belongs to group i is given by:

where Ay = X and Ap =1 — \.

When do significant disparities arise? In order to understand how fair the realized composition of
selected applicants is, we introduce the following fairness metric:

Y, Y]
p=Ysa_ Yo (1)
As  Ap
where Y; is the realized proportion of admits that belong to group ¢ (random variable) with E[Y;] = %

(as shown in Lemma and A; is the demographic ratio of group 7 as before. The ratio Y;/A; indicates whether
group ¢ is over- or under-represented in the pool of hired applicants compared to what is demographically fair.
Thus, the metric D (which looks at the difference of these ratios) is a measure of the extent and the direction
of unfairness in the composition of hires across the two groups. Note that when groups A and B have
identical signal distributions, ®4(71) = ®5(71) = ®a(71) which implies that E[D] = 0-—this corresponds to
the case where we have a perfectly fair group composition in expectation. A larger absolute value of E[D]
indicates more unfairness, with positive and negative values indicating unfairness in favor and against the
advantaged group (A) respectively. Our next result characterizes some of the statistical properties of the
fairness metric D:

Theorem 1. Consider a selection process which has been delegated to the agent and uses a selection threshold
of 11 to hire applicants from a mized applicant pool consisting of groups A and B. In that case, the group
fairness metric D satisfies:

_ ®a(n) — p(n) and D4(m1) + Pp(11)

. |  [®a(n) — ®a(n)]
(I)M(Tl)

ELD] Ppr(71) - Dy (1)

The proof of the theorem can be found in Appendix[B.3] Firstly observe that when Group B is disadvantaged,
D 4(71) # ®p(71) which implies that the lower bound on E[|D|] is non-trivial. This implies that if the signal

"For example, an automated hiring tool that relies on ostensibly neutral keywords may apply a uniform decision rule across
applicants, while failing to account for the fact that such keywords can be disparately associated with different demographic
groups; see for example Amazon’s recent failure in using automated Al decision-making tools for hiring (Dastin} [2018)). Or a
central university admission committee that makes admissions decisions without taking into account the disparate meaning of
standardized scores across different populations.
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distributions are relatively different and one group has a larger tail than the other (for example, due to large
additive bias), then significant disparities will arise between the groups on average. The expression for E[D]
also gives us insights about the direction of the expected unfairness, whether it is in favor of group A or
group B. In particular:

Corollary 3. Suppose, 4 ~ N (0,02 ) and 55 ~ N (—5,02 ) with Zs—j =r. Then,

E[D] >0 iff (r—1)mm—B8<0, and E[D]<0 if(r—1)rm —p8>0.
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Figure 1: We plot the expected fraction of hires (normalized by demographic ratios) from group A (solid
lines) and group B (dashed lines) respectively as a function of the agent’s selection threshold 7 for different
levels of bias § on the mean of group B’s observed score distribution (3) and different levels of population
skew (A4). As 7y increases, the gap between the groups grows uniformly indicating that the disadvantaged
group suffers as the selection process becomes more selective (from blue outwards to red). The same trend is
observed in the magnitude of bias (). However, as the prevalence of the majority group in the population
(A 4) increases, the leading group has little scope for gaining additional advantage, so the extent of disparities
actually diminishes.
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Figure 2: We plot the expected fraction of hires (normalized by demographic ratios) from group A (solid
lines) and group B (dashed lines) respectively as a function of the agent’s selection threshold 7 (> 0)
for different levels of the ratio r = o5 /054 and different levels of population skew (As). The ratio r
captures how much more noisy group B’s signals are with respect to group A. In this case, group B becomes
increasingly more favored for selection and unfairness grows in favor of group B as r and 77 increase.

Now let us see what happens in the two special models of disadvantage we introduced earlier:

Case I: Negatively biased signal mean (5 > 0, r = 1). In this case, we see that E[D] > 0, i.e.,
the unfairness is in favor of group A. The negatively biased signal mean for group B implies that ®4(-)
stochastically dominates ®5(+), so given any threshold 71, the probability of any selected applicant to belong
to group A is strictly larger. Figure(l] where we plot E[Y4/A4] and E[Yg/Ag] from Equation equation as a
function of 71 for different levels of bias 8 and different levels of population skew A 4, shows this conclusively.

Case II: Higher signal variance (8 = 0, r > 1). In this case, the direction of unfairness depends
on the sign of 7. If /4 > 0, E[D] < 0, i.e., unfairness actually grows in favor of group B. Due to the

10
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higher variance, the distribution of 55 has fatter tails, which means that the likelihood of a randomly picked
applicant, who passes the threshold, to be from group B increases. This can be seen in Figure [2] (the dashed
lines representing group B’s normalized hire composition always lie above 1, indicating that they are hired
at rates much higher than what is demographically fair, at the expense of group A)E[ Over-selection from
the group with larger signal variance under group-blind selection rules has also been observed in previous
work, such as [Emelianov et al.| (2022]).

The above discussion highlights that when the principal delegates to agent and the agent uses a fixed
threshold-based selection policy, the selection outcomes can be unfair. However, which group benefits from
the unfairness is more nuanced and depends on how their signal distributions are related to each other.
When it comes to Case II above, it is important to highlight that the disadvantaged group getting favored
for selection in expectation is not necessarily a ‘good outcome’. In fact, we can show that the expected quality
of a selected applicant decays monotonically in the level of noise in signal § (as per Figure [5]in Appendix7
i.e., applicants from group B who get selected are of strictly lower expected quality compared to their group
A counterparts. This is because the excessive noise in the signal leads to many ‘bad’ selections from group B.
This, in turn, can actually reinforce negative stereotypes about group B in future iterations of the selection
process, only harming them in the long term; this also creates unfairness within group B, where less qualified
candidates routinely get selected over more qualified ones. In the real world, both types of biases are often
present simultaneously (Picault, |2017; [Emelianov et al., |2022; [Phelps, [1972) and the nature and extent of
unfairness depends on which type dominates. The benefit of a structured model framework like ours is that
it allows us to isolate the causal effects of each bias type.

4 A Selection Process without Delegation

In this section, we consider a selection process where the principal makes selection decisions themselves
without delegating to the agent. This is different from the previous setting in the sense that the principal
can now decide which applicants to hire albeit at a high cost. In the first part of the section, we characterize
how this trade-off plays out and what decisions the principal makes in order to maximize their net utility.
Interestingly and surprisingly, we demonstrate how the principal’s utility in this setting can actually be non-
monotonic in key problem parameters, unlike the setting with delegation. Finally, we conclude the section
with an analysis of the multi-group setting, showing that when the principal has the flexibility to set the
selection criteria for each group and decide who to hire, the hiring outcomes are completely different from
the setting with delegation, leading to significant implications for fairness.

4.1 Principal’s Optimal Decisions

Recall that the principal has to choose i) how many applications to review n,., and ii) what threshold 7
on perceived quality (#) to use to hire applicants in a way that maximizes their overall utility. The overall
utility is given by:

Undg (s Nrev) = Nrew PlE>7]-E[t | £ > 7] = Npew - Creo,

where ¢, is the cost of reviewing each additional application. Therefore, the principal’s optimization is as
follows:

| <k ()

b

max  Undg(T,Nrew) St Npey - Pt >
Npev>0,7

Our first result highlights that the solution to optimization program equation[5]has an important dependence
on the cost ¢pe,. Further, it shows that the optimal decisions n’,., and 7* can be decoupled and computed
efficiently.

Theorem 2. The optimal threshold 7* can be obtained as:

Ut2. (b(%/of) _ Crev
o (7o) B (7)) )

7 = argmax o(7) where v(F) =
T

8The sign of E[D] does flip when 71 < 0, but 71 < 0 is generally not a useful case.

11
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where ¢(-) and ®°(-) denote the PDF and complementary CDF of the standard normal random variable. 7*

is unique and can be computed efficiently. Once we solve for 7*, the optimal n}., can be obtained as follows:

2
9y, 1 * k__.
o If o Tom > Crevs then n;., = B>

o Llse, n,, = 0.

The proof for the theorem can be found in Appendix A key insight is that the principal’s optimal
overall utility depends on the cost ¢;.e,. If the cost is too high, from the principal’s point of view there exists
no choice of (n*,,,7*) that can provide strictly positive utility. In this case, the only reasonable option is to
choose n},, = 0. In particular, we have:
2

Corollary 4. A selection process without delegation is viablﬁ for the principal if and only if Z—i - \/% > Crep-
For large costs, the principal earns zero (trivial) utility, making it unviable to conduct selections on their
own.

4.2 Single Group Setting: A Utilitarian View

Using the characterization of the optimal decisions in the previous section, we can express the overall expected
utility earned by the principal in the selection process without delegation. Note that we are operating in the

2
regime where the cost ¢, is small enough (< Zi . \/%) that such a selection process in viable in the first
place.
2
Lemma 3. Suppose that cpep < Z—: . \/%7 and T* is the optimal selection threshold used by the principal.

*

2
Then the expected utility earned by the principal per hired applicant is equal to % ST,
7

The proof can be found in Appendix [C.3] Our main goal here is to understand how the optimal overall
expected utility depends on problem parameters. We are particularly interested in the dependence on ¢,
and «. While ¢, clearly affects the average quality of hires, it also affects the overall cost. So it is not apriori
clear how the net utility might be affected. On the other hand, « captures the degree to which the principal
prioritizes applicant fit when measuring quality—as such it is an important intrinsic preference parameter
for the principal and needs to be studied. We present two results below capturing these dependencies:
Claim 3. In a selection process without delegation which is viable, the optimal overall expected utility for
the principal is monotonically decreasing in the cost cre, incurred in reviewing each application.

The proof for this claim follows from Lemma [3] once we make the observation that a higher c¢,e, lowers
the optimal selection threshold 7* (Claim in Appendix . The intuition is the following: higher
reviewing cost means that the principal wants to fill all available positions by reviewing only a small number
of applications—this necessitates lowering of the selection standard.

Claim 4. In a selection process without delegation which is viable, the optimal overall expected utility for
the principal is non-monotonic in the parameter o that measures their weight on applicant fit.

Figure [3] shows that while the optimal overall expected utility for the principal is monotonically increasing
in o, (a more diverse applicant pool offers better utility on average, follows from Claim [L1{in Appendix|C.4)),
oy itself is non-monotonic in «. In particular, oy is U-shaped as « increases from 0 to 1 (since oy =

a?0} + (1 — a)?0? which is convex in o and attains its minimum somewhere in (0,1)). This leads to the

overall optimal expected utility to be non-monotonic in «. Basically, the intuition is that at intermediate
levels of v (when the principal puts approximately equal weights on both applicant fit and ability), finding
candidates who are good enough on both metrics becomes harder leading to decreased expected utilities for
the principal. Note that this trend is in sharp contrast to the setting with delegation where we showed that
principal utilities are monotonically decreasing in a.

9There are other equivalent versions of Corollarythat can characterize the viability condition for selection processes without
2

delegation in terms of 7*. For example, we can show that % . \/% > Crev <= Nfe, >0 < 7* > 0. For details, refer to
£ ™

Appendix @
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Figure 3: The principal’s net expected utility per hired applicant v(7*) is non-monotonic in « when the
principal does not delegate. Parameter combinations for sub-figures: (a) 0. = 2, ¢y, = 0.1. (b) 05 = 1.5,
of=1.(c)os=15,0f =1, 0y = 0es = 0.5, ¢pep = 0.1.

4.3 Multi-Group Setting: A Fairness Approach

Finally, we consider a setting where the applicant pool is mixed and consists of applicants from groups A
and B. Recall that groups A and B are inherently identical, but Group B is disadvantaged in the sense that
either their signals are noisier (with higher variance, i.e., 05,4 < 035 ) or the distribution mean is negatively
biased with respect to Group A (bias of —3). Note that a fundamental difference of this setting with
the previous one (with delegation) is that the principal has complete freedom to set individually optimized
selection thresholds for each group in order to mazimize utility and does not suffer from the “naivety” of the
agent.

We are again interested in the group-wise composition of hires in order to understand the fairness implications
of not delegating. To that end, we first show that the disadvantaged group will end up providing strictly
worse expected utility per hired applicant for the principal if the disadvantage manifests in the form of higher
signal variance. However, if the bias is additive and fully known to the principal, it can be accounted for
and a principal can simultaneously maximize utility and satisfy demographic parity.

Lemma 4. Consider a selection process where the principal does not delegate and which is viable. Further,
suppose that the principal is allowed to optimize selection thresholds 7} individually for each group i € {A, B},

with v (7)) = E [ti | t; > %i*] — P[g‘;;_*] representing the principal’s optimal net expected utility for every hired

applicant from group i. In this case, for a € (0,1), we have that

05,4 =05p and B >0 = va(7Th) =vp(7T5), (Biased mean model)
05,4 <0z and >0 = vua(7h) > ve(Tg). (Disparate variance model)

Further, in the first case (with negatively biased signal mean for group B, but no variance disparity), group
B'’s optimal threshold 75, satisfies 75, = 74 — (1 — ) 8.

The proof for the above lemma can be found in Appendix This result shows that selecting from the
group, which is not well-understood, is less lucrative from the principal’s point of view —a high degree of
noise leads to inaccurate evaluations and hence poor selection decisions. However, any negative additive
biases in the signal mean can be handled as long as the magnitude of the bias can be learnt. We now see
what consequences this has on fairness.

Consider the modified optimization problem for the principal when the applicant pool is mixed. Here, the
principal is not restricted to selecting a certain number of applicants from either population. Instead, they
decide how to simultaneously hire from both populations to fill shared capacity k.

max UL Fares(A)) + UL (7B, nveu(B)) st

Nrev(A)Nrew(B),Ta,TB

nT'ev(A) : ]P)['EA Z 7r:A] + nrev(B) : P[EB Z 7r:B] S k, Nrev (A), n'r‘ev(B) Z 0 (7)
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In light of Lemma 4] we expect the principal to hire more applicants from population A than from population
B when group B’s signals are noisier (bias only exists in the variance). However, our main result here shows
that the reality is even worse, providing dire news for fairness in selection processes without delegation:

Theorem 3. Suppose that group B is disadvantaged because of a noisier signal § (biased signal variance,
but no bias in the signal mean) and the cost cy.e, is low enough that the selection process without delegation is
viable. Then, at the optimal solution to Problem@ Nrew(B)* =0, i.e., no applicant from Group B is hired.

The proof for the theorem can be found in Appendix [C.6] Returning to our graduate admissions example,
PhD applicants from foreign or lesser-known educational backgrounds often face a disadvantage because
their transcripts/GPA /letters may not be interpretable in the same way as their peers from well-known
institutions. When faced with such noisy signals, faculty often choose to err on the side of caution, hiring
students overwhelmingly from backgrounds they are familiar with. Our model and results in fact highlight
effects observed empirically. One such example is faculty hiring in the U.S. where a small number of elite
universities supply the overwhelming majority of faculty hires (Wapman et al.| [2022; Nowogrodzki, |2022). In
particular, the seminal work of [Hu & Chen| (2018) shows that this can be in part explained by reputational
effects where evaluators have worse evaluations or lower confidence in applicants from certain populations or
institutions, aligning with the insights of our own work. This also follows a long line of work in the dynamics
of collective reputation which itself draws from theories of statistical discrimination (Arrow, 1971} |Coate &
Loury, |1993; |Tirole, (1996 [Levin et al., [2009).

The outcome, however, is completely different for the setting where a negative bias exists in group B’s signal
mean for 5. Since additive biases can be corrected for, no group disparities arise:

Theorem 4. Suppose that group B is disadvantaged because of a negatively biased mean for signal § (but
no bias in signal variance) and the cost ¢y s low enough that the selection process without delegation is
viable. Then, there exists an optimal solution to Problem[7 where the group-wise composition of hires satisfies
demographic parity.

This again follows directly from Lemma [l When the bias 3 is known, the principal can correct for the bias
by augmenting the signal values § for all group B applicants by amount 5. As a result, the distribution of
quality for both groups become virtually indistinguishable, thereby leading to the above outcome.

5 To Delegate or Not: Efficiency & Fairness Implications

We conclude this paper by conducting a comparative analysis between the two selection processes discussed
so far and investigating when it can be beneficial for a principal to delegate to an agent. We focus on three
primary dimensions of comparison: i) the utility of the principal, ii) the average quality of selected applicants
from the principal’s perspective, and iii) the fairness of hiring outcomes. While the first two pertain to the
quality and efficiency of the hiring process, ensuring that hiring processes are fair is also of paramount
importance. This is particularly crucial in light of many real-world instances of biased or discriminatory
hiring practices (Dastinl 2018} Kline et al., 2022).

Principal Utilities & Expected Quality of Selected Applicants. First, we explore conditions under
which it is beneficial for the principal to delegate to the agent, if the goal is to obtain i) higher expected
quality for selected applicants; or ii) higher expected utilities per selected applicant. Figure [4f shows the
difference in net principal utilities per selected applicant (Aytiiity) and the difference in expected quality of a
selected applicant (Aquality) between the settings with and without delegation, as a function of key problem
parameters. Formally, we define:

Agquatity =E[t | §>m]—E[t|t>7"], and

*] B Crev

Plt>7] |
A positive sign for Agyarity and Ayt identifies preferences towards delegation. We make the following
observations:

Rl

Autility = (E [t | 5> Tl]) - <E [t | {2
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(1) Dependence on c¢pe,. For all else fixed, increasing c;., decreases the principal’s optimal threshold 7*
(they cannot afford to review too many applications). This implies that for every problem instance, there
exists a threshold value of cost beyond which it is always better to delegate (Figure [10]in Appendix [F)).

(2) Dependence on 11. At any fixed o € (0,1), the expected quality of applicants selected by the agent
increases monotonically in the selection threshold 71, as shown in Corollary [T} at the same time, the choice
of 71 does not affect the case where the principal does not delegate. This implies that Agyaiity and Aytiity
are both monotonically increasing in 71. Therefore, for any given «, there exists a 7 («) such that delegation
is strictly better for the principal in terms of both expected quality of hire and net expected utility per hire
for all 7, > 71 ().

(3) Dependence on «. At fixed 71, whether it is beneficial to delegate or not can be non-monotonic in «.
This can be seen in Figure note that Aysitiy and Aguatity are both inverted U-shaped and there exists
intermediate regimes of « where delegation would be beneficial (see subfigures b) and c)). Intuitively, at
intermediate values of «, finding a good candidate may be costly for the principal (the candidate needs to
be good along both dimensions of ability and fit and hence more applications need to be reviewed), and
delegation to the agent can be beneficial. The agent can compensate for applicants doing poorly on fit by
ensuring that they do exceptionally well on ability. Actually, o influences the outcome through two distinct
pathways: by affecting the principal’s variance o; and also the correlation p between s and t. We isolate and
study these individual effects in Appendix [F| (Figures E[)

However, given any 71, there always exists some a(m) € (0,1) such that for o« > «(7), delegating is never
beneficial. Intuitively, once the principal and agent preferences become sufficiently misaligned, it is always
better for the principal to retain control over decision-making. As 71 becomes smaller, this «(77) also becomes
smaller and delegation eventually may become non-beneficial for all « (for example, see subfigure ) This
is the regime where the average ability of applicants selected by the agents is not sufficient to compensate
for the lack of selection based on fit.

In general, monotonicity of the delegation decision depends on the size of 7 compared to 77_,, the threshold
the principal would choose if o = 0.

o If 1y > 72_, the delegation decision is monotonic in a. For o up to some threshold, the principal

always delegates, and for « larger than the threshold, the principal never delegates.
o If ;| << 7}_,, again the decision is fully monotonic, but the principal never delegates.

o If 1 < 7X_,, but these two thresholds are sufficiently close, the delegation decision may be non-
monotonic. Roughly, when « is close to 1/2 and the agent uses a threshold close to but smaller than
the optimal threshold for metric s, the principal may prefer to delegate (also refer to Figure |§| in
Appendix [F| for a graphical illustration).

Fairness in Multi-Group Settings. Building up on Sections [3] and [ we note that neither process
can achieve fairness (in terms of demographic parity) across all settings. However, the modes of failure
differ across the two processes. Importantly, the nature of disadvantage faced by a group directly determines
whether unfairness caused by this disadvantage can be mitigated or not. For example, when the disadvantage
exists purely as additive biases in the signal mean, a decision-maker (like the principal) can correct for
it through group-aware selection policies, without incurring any dis-utility; in this case, not delegating
leads to significantly better outcomes for fairness. However, there are some other forms of disadvantage
that cannot be corrected for without sacrificing process efficiency. For example, in the disparate variance
setting, a rational principal would choose to completely exclude the disadvantaged group (because signals
are unreliable) to minimize the risk of hiring poor quality applicants and lowering their utility. In this
case, neither of our selection processes is capable of achieving fair outcomes, but delegating to the agent
at least ensures selections from both groups (albeit at unfair rates). On a broader note, this highlights the
importance of i) understanding the exact type of disparities faced by different populations; and ii) the extent
of flexibility a decision maker has while designing selection processes. There is no one-size-fits-all solution.
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Figure 4: We plot Aguaiity and Aygiziey as a function of « for different levels of agent’s threshold ;. Positive
values of A indicate that the principal prefers delegation. Parameter combination: cpe, = 0.1, oy = 1,
os =2, 05 = 1.12, 05 = 2.06. For reference, the principal’s threshold at o« = 0 for these parameters is
7* = 1.24. At a = 0, when the principal and agent’s metrics are perfectly aligned, comparing 7* with 7
directly tells us if delegation is better. For a more comprehensive graphical representation of regimes where
delegation is beneficial, see Appendix E
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A Proofs for Section

A.1 Proof of Claim [l

We know that s and ¢ are jointly gaussian mean-zero random variables with variances o2 and o? respectively
and a correlation coeflicient p > 0. We decompose t as follows:

~ Cou(t,s) b Cou(t, s)
 V(s) V(s
——— _f,_/
71

We now claim that f L s. In order to prove this, we need to show that: i) (s, f) are also jointly Gaussian,
and ii) Couv(s, f) = 0. The first statement follows from the fact that (s, f) can be expressed as a linear
transformation of (s,t) which are themselves jointly Gaussian:

1= epa [
- Cov(t,s ’
f - V(<S)) 1] |t

therefore (s, f) must also be jointly Gaussian. We now compute Couv(s, f) directly:

~ Cou(t,s) Cou(t, s)
Vi(s) V(s)

Cou(s,t)

Cou(s, f) = Cov (s,t -Couv(s,s) = Cov(s,t) — V) -V(s) =0.

: s) = Couv(s,t) —
Two jointly gaussian random variables also being uncorrelated automatically implies independence. There-
fore, f must also be Gaussian. Further,

~ Cou(t, s)

Vi) E[s] = 0.

S S
= o} + pPo} = 2p°0}
= (1-p?)o7.

Thus, we have shown that ¢ can be expressed as a linear combination ;s + 2 f of s and another mean-zero
Gaussian random variable f with variance 0? =(1-p*)o? and f L s. In this case, v, = C?}’((z)’s) =2t >0
and o = 1. This concludes the proof of the claim.

B Proofs for Section 3

B.1 Proof of Lemmalll

Recall that the principal’s expected utility from a applicant hired through a selection process which has been
delegated to the agent is given by E [t | § > 71] Before we proceed with the main proof, we need to introduce
some technical results:

Claim 5. If two random variables X and Y are such that X ~ N(ux,0%), Y ~ N(uy,0%) and X is the
covariance between X and Y, then the conditional distribution of X conditional on'Y =y is given by:

2 , X2
X|Y=y)~Nlpx+ =5 Wy—py),ox —
Oy Oy
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Proof. For a detailed proof of the above claim, please refer to these notes [Do| (2008)). O

Noting that s ~ N(0,02), § ~ N(0,02%) and Cou(s,3) = o2, we can use the above claim to conclude that:

We will now use this result to prove the following technical result that links E[s | § > 7] to E[$ | § > 7]

2
Claim 6. We must have: E[s | § > 7] = (‘;—Z) -E[§ ] 5> m].

Proof. The proof follows directly from Claim [5[ and the law of total expectation.

Els|$§>m]=E[E[s| 3] | §>m] (law of total expectation)

o2 .
:E[Jgﬂszﬁ] (by Claim [5)
2
o
=2 .El5|s5>
2. Els 527

O

Now, if we can compute E[§ | § > 7], we are done. To this end, we present technical Claim [7| (without
proof) which provides the closed form expression for the mean of a truncated normal random variable.

Claim 7. Let X ~ N(ux,0%). Suppose, the lower tail of X is truncated at a. Then,

]E[XXZa];LXJrUX-H(auX),
ox

where H(y) = 1?%’(2) represents the hazard rate of a standard normal random variable.

Proof. For completeness, we provide a detailed proof in Appendix [E] O
Noting that § ~ N(0,02) and using Claim we have E[§ | § > 11] = 05 - H (;—1) Putting everything
together, we have:
Eft|5>7n]=Elaf+(1—a)s|§>mn]
=a-Elf|5>2n]+(1—-a) Els|§>mn]
=a -E[f]+(1—a)-Els|§>m] (since f Ls,fLeg)

=(1-a) -Els|§>m] (since E[f]=0)
o2

:(1_a).U§ ‘E[3]5>m] (Claim[6])
0'2 T1 .

=(1-a)- U; o5 H <U§> (Claim [0)

® N

_ (1 —ajoy .H<Tl).

03

B.2 Proof of Lemma

Suppose, groups A and B have demographic ratios of A and 1 — XA respectively. Let ®4(:) and ®5(-) indicate
the CDFs of the test score distributions of each group. The test score distribution ®p/(-) of the mixture

distribution is therefore given as follows:

D)= Pa(z)+(1—N)-Pp(x) VzeR,
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and the corresponding complementary CDF is given by:
D) =X-Py(x)+(1—-N)-Pp(z) VzeR
Now,

P [randomly picked applicant belongs to Gr A | test score > 1]
_ P[randomly picked applicant belongs to Gr A, test score > 7]

P [a random draw from ®(-) has a value > 7]
_ P [randomly picked applicant belongs to Gr A] - IP [test score > 71 | applicant belongs to Gr A]

P [a random draw from ®j(-) has a value > 1]
- )\ . CT)A (’7’1)
; ‘i)M(T 1) .
Similarly, for group B,
P [randomly picked applicant belongs to Gr B | test score > 7] = M.
(1)
This concludes the proof of the lemma.

B.3 Proof of Theorem 1l

Suppose that K applicants have been hired from the mixed applicant pool at threshold 7 through a selection
process delegated to the agent. Let X; be the indicator random variable that takes value 1 if hired applicant

i belongs to Group A, 0 otherwise. Lemma [2| shows that X; ~ Ber (m

@ s (1)
fairness metric D in terms of X;’s as follows:

1 X, 1-X;
_KZ<AA_ Ap )

=1\ ,

). Note that can express the

Z;
Therefore, for i € [K], Z; has the following pmf:
1 AP 4(r1)
7 X W.p. <T>M((n) )Z) _
? 1 1-X)- T
-5 WD 7&,]”(;?) L

K

5[5

i=1

K

Z\Zﬂ

=1

Then, we have E[Z;] = 2a(m)=%5(1)  Fyrther note that Z;’s are mutually independent. Now,
Qa(11) + Pp(m1)

Dar(m1)
E[|D]] =
Ppr(r)

The inequality used above follows from triangle inequality. We can also derive a lower bound using Jensen’
inequality for convex functions as follows:

E[|D[] = [

C Proofs for Section 4]

1
< ?]E E[|Z:] =

K

) 92

i=1

1 K

e E[Y  Zi

i=1

[Ba(r) = Bp(r)|

> —
(I)M(’ﬁ)

= [E[2]| =

C.1 Proof of Theorem

We will complete the proof in 3 parts: in the first part, we will compute the conditional expectation term
so that we can rewrite the objective function in problem equation [5|in closed form. In the second part, we
will argue how to solve the optimization problem itself. Finally, in part 3, we will argue about properties of
the optimal threshold that enable efficient computation.
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Part 1: Computing E[t | ¢ > 7]

Eft |t>7=-%5-E[t|t>7 (identical to Claim [6)

‘&Q Q ‘ Q
SRR

=—4.0;-H (;) (identical to Claim [7)

Q

Q
Bl SE V)
ASS
—
Rl
~
S)
Nl

Q
+
A
(e}
—~
Rl
~Z
Q
Sy
~

Part 2: Solving the optimization problem
Now, we define:
O = max  Nyey PlE>F]-E[t | 2> F] — Npew - Crew
st Npey Pt > 7] < k.

Now, note that any solution (n, 7) of the form (0, 7) is feasible and produces an objective value of 0. Therefore,
O* > 0. There are 2 cases:

1. Case 1 (O* > 0): Suppose, (nr.,,7*) is the optimal solution which produces O*. Clearly, n}., > 0
and P[t > 7] - E[t | £ > 7] — crep > 0. We claim that the constraint: n,.., - P[t > 7] < k must be
active at (nr,,,7"). This follows directly from the fact that the objective function is increasing in

Nrey at the optimal solution 7*. Therefore, we must have:

n.. =

k . _
e | > 7] . > 7 .
rev = P 7 if Pt > 7 -E[t |t > 7] > Crew

In this case, we can reduce the optimization problem to the following form:

max  —— P[> ] Bt | {3 7] — Crew - —o—
7 Pt > 7] Pt > 7]
or equivalently,
7* = arg max E[t|52?]—$
7 >7

Substituting the expressions for E[t | £ > 7] and P[t > 7], we obtain:

2 ~
ol - O (b(T/O—f) o Crev
N G

(%)

2. Case 2 (O* = 0): From the analysis in Case 1, it is clear that O* = 0 if and only if P[t > 7] -E[t | £ >

7] — Crev < 0 for all 7 or equivalently, E[t | £ > 7] — ]P,ftl‘g”ﬂ < 0 for all 7 (including 7* obtained in

Case 1). In this case, n},, = 0.

: : _ ot o /oy rev
So far, we have shown that n;., > 0 if and only if v* = 7t - g2=725 — @C(C%*/U{) > 0. We now need to show

the following:

2
L 9

< —" .
V2r  of

V" >0 <= Cres
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For the forward direction ( = ), we have:

2

< 1
>0 = L. " ~71”6’U>0 i for finit ~*,~7>0
v = o(7*Jo;) — ¢ (since for finite 7 o7 o) )
o2
— Crey < & - H(FF 07)
of
o2
— Crev < = - ¢(0)  (¢(x) is maximized at z = 0)
0f
s ey < —— ot
rev m O'g.

For the other direction ( <= ), we first consider the principal’s net utility per applicant hired at threshold
7, given by:
1 o?

" o Lo

- O(T/07) = Crew

Now,
1 o? o}
Crev < T — - P(0) — Crey >0
e o o ¢(0)
= v(0) >0

= v* >0 (since v* = max v(7)).
T

Finally, using the simplified condition, we can characterize the optimal solution of the principal’s optimization
problem as follows:

~x 0‘2 (15(~/l7‘) rev
e Solve for 7* = arg max; ?i : @CZ-%/;E) - <I>°?f/dz)'

2
1 o} * _ k
o If Crev < \/? . 7{7 choose Npey = W

o Else, choose ny,, = 0.

Part 3: Showing that 7* is unique and can be computed efficiently.

In order to complete the last part of the proof, we will introduce the following claim:

Claim 8. 7, which mazimizes the objective in (@), is the unique solution to the following non-linear

equation:
7 o} T T ef T
gl— ) =—|¢(— | —— 2| — — Crev = 0. (8)
of o7 logs of 0f

In particular, g(+) is monotonically decreasing and 7* is finite and can be obtained easily using binary search.

Proof. Recall that:
% $(7/07) ~ Cren
oe(7/op)
v(7)

7* = argmax
T

2 ~
Define a = 2t and z = . Using this transformation, we have rewrite v(7) as w(z) where:
t t

a - ¢(Z) — Crev

u(z) = IS
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Now, if z* = argmax, w(z), it should be immediately clear that 7* = o; - 2*. Therefore, our goal now is to
show that z* is the unique solution to g(z) := a-¢(z) —a-z-P°(2) — ¢rery = 0. Note that w(z) is differentiable
in z, therefore using the first order conditions, we conclude that any local extremum should satisfy:

a- (I)C(Z) : QS/(Z) + ¢(Z) (Cl ) ¢(Z) - Crev)
(®°(2))*

— —a-z- (I)C(Z) i ¢(Z) + (b(;) (CL : ¢(Z) - Crev)

(®<(2))

=0

w(z) =0 =

=0 (since ¢'(z) = —2- ¢(2))

— L)Q.[_a.z.@C(z)Jra.Qs(z)_cm] -0
(®°(2))
(®°(2))
We claim that +00 cannot be the maximizers of w(z). This follows from the fact that lim,_, 1 w(z) = —c0
and lim, ,_ oo w(2) = —Crey, but u(0) > —cpey. Therefore, the maximizer of w(z) must be finite which

immediately implies that the only possible maximizer of w(z) must be a solution of g(z) = 0.

Now, g(z) is continuous in z and lim,_, g(z) > 0 and lim,, . g(z) < 0. Therefore, by the intermediate
value theorem, there must be a finite solution to g(z) = 0. Additionally, we have:

g(z)=a-¢(z) —a-®(2) —a-z- (=4(2))
=—a-z-¢(z) —a-P(2) +a-z-¢(2) (using ¢(z) = —z- §(2))
=—a-9°(z) <0.

This means that g(z) is monotonically decreasing in z which implies the following:

e ¢g(z) =0 has a unique solution z*;

o w'(z) >0 for z < z* and w'(z) < 0 for z > z*, showing that w(z) is concave and z* is the unique
maximizer of w(z); and

e 2z* can be obtained using binary search.
This concludes the proof of the claim. O

C.2 Equivalent Characterizations of Corollary [4]

Claim 9. The following statements are equivalent:

a) 7 >0,
b) n:ev >0,

2
¢) Crew < \/% . Z—i

Proof. In order to complete the proof, we will show that ¢ = b, b = a and @ = c¢ in that order.

1. The first part (showing ¢ = b) follows directly from the statement of Theorem

2. For the second part (b = a), suppose that n}_, > 0. Therefore, it must be that v* = v(7*) must
be > 0. This implies:
L |2 o0 — v > 0
——— | = - (T Jop) — ¢
oe(7*/o5) Loy O R
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which implies that Z—% - d(T*/o7) — Crew > 0. But, we know that g(7*/oz) = 0 which means that:

2 2 ~ %
o - o T -
L BT 07) — erew = T T @05 o).
0 o; 0%

Then, 7* - ®¢(7* /o) > 0 which clearly implies that 7* > 0.

3. Finally, the first part of the proof (¢ = ¢), note that 7* > 0 implies that g (%) < ¢g(0) =

2 ~ %
\/% . Z—i — Crep Since ¢(+) is monotonically decreasing in its argument. But, g (%) = 0. Therefore,

2
it must be that ¢,., < \/% . Z—i This concludes the proof.

C.3 Proof of Lemma[3

The proof of the lemma follows directly from Claim [§] Recall that if 7* is the optimal threshold for the
principal, then it must satisfy g(7*/o3) = 0. This implies:

— ﬁ ¢ (7 /oz) B Crev _ 9 .
~He (7 s (=i 2 T
op (7 /og)  @e(T*/07) o}

The LHS represents the principal’s utility per hired applicant at threshold 7*. This concludes the proof of
the lemma.

C.4 Monotonicity Results

. ~ % ~ % * *
Claim 10. If ¢crev,1 > Crev,2, then 7{ < 75 and Nrep1 < Myey 2-

Proof. The order of optimal thresholds follows directly from noting that the function g (%) is monotonically

decreasing in 7. Now, there are 3 cases:

~ % ~ % * * ~3 * —
L O<T <73 = Npeyq < Nyeyo since ny,, = B>

2. 7 <0<T = 0="n7,,1 <N (by Claim@).

rev,

~ % ~ % * % —
3. 1 < T2 S 0 7 nrev,l - nrev,2 =0.

This concludes the proof. O
Claim 11. Suppose, Crey s small enough that the optimal threshold is positive. Then, a higher value of o4

leads to a higher optimal threshold 7%, i.e., op1 > 0r0 = T{ > 75.

Proof. Recall that 7* is obtained as the unique solution to g ( ) = 0, which implies that:

it
of

T* 7T T or
N5 ) o ¥\ ) T oz e
03 O 0 o
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~ \/02+a o’ +(1 )02,
As 0, increases, the ratio Z ﬁ; = =
t

decreases. Since we know that the LHS is monotonically decreasing in the ratlo Z_, for the equality to still
hold, the ratio should increase. Therefore, when o1 > 0t 2, we have:

decreases and therefore, the RHS of the above equation

T 01 . .
L2 = Ly bl — SR
Of2

s

C.5 Proof of Lemma [

We will complete the proof separately for the two different models of disadvantage for group B.

Negatively biased signal mean. We consider that Group B is disadvantaged in the sense that the mean
of the distribution of signal § for group B is negatively biased by amount 5 with respect to Group A. The
bias in § translates into a bias 3’ in the mean of the perceived quality (f) distribution for Group B with
B'=(1—a)B, ie., t for Group A follows N(0,0’tg), while for group B applicants, it follows N (-0, Utg). We
first derive the revised expression for the net expected utility for the principal for hiring an applicant from
group B above some threshold 7. We have:

~ rd C'I’EU
vp(T)=Et |t >7T| — ————
2
Ut e / > ~ Crev
=52 Bli+5[127] TP[iz7
t p—
Ut2 Ut2 T+ Crev
= B+ N\ =B +o0;-H _
2 2 ~ ’
oF of o de (T;rﬁ )
t
= O—t2 H ;f_ + B/ CT’C'U
logs (o Pe (T+5’>
of
2 ~
Now, suppose, 74 maximizes v4(7) = Z—i -H (a%) — (I)?(i) This implies that 74 — 8’ must maximize vg(7),
7

ie,7h =740
This immediately implies that:
vp(7p) = vB(7h — B') = va(7i).

This concludes the proof for the first part.

Noisier signal distribution, i.e., 0. 4 < 0. . The idea for this part of the proof is to use the simplified
expression for the principal’s optimal utility at equilibrium using Lemma [3] We have:
Crev _ Ut2 . ¢(7-*/0’f) _ Crev — ( 2) i . <%*>

o
t _
0f

Pt > 7]  op ®(7*/o;) @(7*/o;) oy

v =) =E[t|t> 7] -

Now, recall that oy, = o¢,. But, 0e 4 < 05 = o037, <07, = Lo Now we will argue that

(TtA GtB

Ta ;—g From Claim we know that Z—t must satisfy:

Tta ip
7* T T or
N\ o) o ¥\ ) T oz e
0f 03 0% 0%

For Group B, the RHS of the above equatlon is larger (due to larger o7). Since the LHS is monotonically
. Putting all parts together, we conclude that v} > vj.

decreasing in 7, it must be that —2- -
B
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C.6 Proof of Theorem 3

Note that the above optimization problem can be decoupled as follows: Pick r4 such that 0 < r4 < k and
then pick 0 < rp <k —r4. Then, we can decompose the constraint as follows:

nrev(A) : ]P)[{A Z %A] S TA; nrev(B) : P[{B 2 %B] S B,
which leads to the following independent optimization problems for groups A and B.

H%i))( 5 nrev(A> . P[EA > 7-A] . E[tA I EA > %A] — CrevNrev (A) s.t.
Nrev sTA

nrev(A) . ]P)[{A > 7~'A] <ryu, nrev(A) > 0.

max nrev(B) : ]P)[tNB > 7~'B] . E[tB | {B > 7~'B] - Crevnrev(B) s.t.

Nrev(B), 7B

nrev(B) . IP)[7’53 > 7~—B] < 7qu”lrez)(-B) > 0.

We know how to solve either of these problems in isolation. The assumption on c¢,., guarantees that both
problems have positive objective values at optimality. Let the optimal thresholds be given independently as

74 and 75. In that case, ( ) is a feasible solution to Problem Using an identical

T r ~k sk
Fasm] Fliporg) 1A 7B
argument as in the proof of Theorem [2, we can show that at optimality, 74 + rp = k. Thus, the problem
reduces to choosing r4 so that it maximizes the objective in[7] Therefore, we have:

rA k — TA
Plta > 73] Pltp > 75])°

max ra-Elta|ta >74]+ (k—ra) -Eltg | ts > 78] — crev (

ra<k

which by re-arranging terms, we can rewrite as follows:

- ~ Crev > o Crev
max 7Ta- ]E[tA|tAZT*]—~*)—(E[t3|t327—]_~*)]
ra<k {< A (74 /o7,) B (I)C(TB/UEB)
(v:gfv*B)
~ . k
+k-Eltp |t > Tg] — crev - P, > 73]
= 'B

terms independent of r4

From Lemma [, we know that v} > vj which immediately shows that co-efficient of 74 in the expression
above is positive. Therefore, r% = k which implies that 75 = 0 or equivalently, n,.,(B)* = 0. This concludes
the proof.

D Theoretical Extension: s and f are correlated

We now consider the following extension: The metrics s and f chosen by the principal to measure applicant
quality are no longer independent, rather they are jointly Gaussian with correlation coefficient r. Note that
r € [-1,1]. The case r = 0 reduces to our current case where s and f are independent.

When s and f are correlated, f can be decomposed into a term that is perfectly correlated with s and an
independent term. Therefore, the actual weight placed by the principal on s when measuring quality is
different from (1 — «) due to contributions from f (it may be larger or smaller depending on the sign of the
correlation between s and f). This means that we only need to closely re-inspect those results in Sections
and [ where we observe trends with «, in particular, Lemma [1j Corollary [2] and Claim [4] All our other
results will remain completely unchanged, because they deal directly with the distributions of s and § as in
Section (which remains unaffected by the correlation) or the distributions of ¢ and ¢ as in Section [4] (where

the effect of correlation is limited to the variances of ¢ and t)
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D.1 Changes in Section 3]

Generalized form of principal utility in Lemma Here, we derive the generalized form of the
principal’s utility per hired applicant under delegation when s and f have correlation coefficient r. Recall
that:

Eft |§>n]=a-Bf |3>n]+(1-a)-Els|3>n]

We already know what the second term evaluates to (Lemma [l). However, the first term no longer evaluates
to 0 because s and f are correlated. Firstly, if Corr(s, f) = r, then Cov(3, f) = Cov(s, f) = rosos. Now,

oF o

2 2 2
. roso B reocio
f|s—s~N<0+s2f~(30),0? ng>
S

Therefore, E[f | §] = (%ﬂ) - §. This implies:

Elf |§>n] =E[E[ |4 |§>n] = 2 E[§§>Tl}=msaf-H(T1>.

Putting everything together, we obtain:

g T1 Og T1

Et|§>m]=—"[aro;+ (1 —a)os]-H () = 2[os —alos —rop)]- H <> .

03 O3 03 03

Note that when r = 0, the expression reduces to the expression in Lemma 1. Further, it is still monotonic
in « (Corollary 2), however, whether it is monotonically increasing or decreasing depends on the relative
magnitudes of o, oy and the degree and sign of the correlation coefficient r. All other results in Section
(including the fairness results) remain unchanged.

D.2 Changes in Section [4]

As described earlier, the only result we need to inspect in Section [ is Claim [4] which captures the non-
monotonicity of the principal’s utility per hired student under non-delegation as a function of a.

2
Recall that the principal’s optimal expected utility per hired applicant is given by %f’*. We previously
t

argued that this utility is monotonically increasing in o; — that result remains unchanged. We just need to
check if the non-monotonicity of o; with « holds even when s and f are correlated. If » > 0 is the correlation
co-efficient between s and f, we have:

o2 =Var(af) +Var((1 — a)s) + 2Cov(af, (1 — a)s)
= OéQO'ch + (1 —a)?02 +2a(l — a)posoy.
Therefore, o; clearly is quadratic in a which implies that in general, it is also non-monotonic in «. Putting
everything together, the principal’s average utility per hired applicant also continues to be non-monotonic

in a. Therefore, introducing correlation between s and f does not change any of our results in
Section [l

D.3 Changes in Section [5]
None of the broad insights change in terms of the principal’s delegation decision even when s and f are

correlated. We continue to have scenarios where the delegation decision may be non-monotonic in parameter
.
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E Proofs of Supplementary Results

E.1 Proof of Claim[7]

We know that X ~ N (ux,02). Now,

]E[X|X2a]:/ u-PX =u| X > aldu

a

[ P[X:u,XZa}d

A e
1 oo

:7]P’[X2a]/a u - P[X = uldu

1 * 1 — px)?
:7/ U+ ——— - exp —% du.
Pe (7“_“X> a ox V2T 20%

ox

Now we do a variable substitution. Define w = % Then, we can rewrite as follows:

1 > 1 w?
E[X|X2a]:7/ (uX+UX-w)exp<—>dw
oe (“*“X) (a—ux)/ox Vo 2

ox

1 /°° 1 ( w2>d N /‘X’ w < wQ)d
- |ux —=—exp | ——4 | dw +ox o &XP | T jaw
Pe (a;?) (a—px)/ox V2T 2 (a—px)/ox Ve 2

1 . a,LLX) oo
. P +0o wo(w)dw
[x ( X/( (w) ]

oe (25ex) ox a-x)fox
(o)

Hx + 07)(/ wo(w)dw.
oe (2525 Jiamwx)ox

ox

Note that the proof is completed if we can just show that the integrand above equals ¢ (m)

ox

/(00 we(w)dw = /OO —¢'(w)dw (since ¢’ (w) = —wep(w))

a—px)/ox (a—px)/ox

(a—px)/ox
= / ¢ (w)dw

oo

o (“52) - 00
()

E.2 Monotonicity of the standard normal hazard rate function H(z)

Here, we show that hazard rate function of the standard normal random variable, given by H(z) = ‘WQ) is
x

3
monotonically increasing in z. Observe that H(x) > 0 trivially for all x. First, we will show that H(z)
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for all x. It suffices to show for z > 0 (since it holds trivially for « < 0).

|~ () = /: \/%exp (-“j) du

< 1:; %ﬂgexp (—U;) du  (since % >1)
V2T P (_2)
_ o)
o
Therefore, H(z) = 1%;()@ > x. Now,
H(z) = ()¢’ () + (8(x))”
(@¢(x))”

—xd(x)PC(x z))?
_ —rp(x)® ( )P (qubstituting ¢/ (x) = —26(x))

The last equality follows from the fact that H(z) > 0 and H(x) > . This concludes the proof that H(z) is
increasing.

F Additional Figures
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Figure 5: We plot the expected quality of a selected applicant (when the agent uses a selection threshold
of 71) as a function of the variance oz of the noisy signal 3. As o3 increases, the expected quality decays
monotonically for all a.

F.1 Factors Affecting Principal’s Delegation Decision
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Figure 6: We plot a heatmap of values of Agyazity (left) and Aty (right) over different combinations of the
principal’s weight « over the interval [0, 1] and the agent’s threshold 7; over the interval [0, 5]. Each heatmap
consists of 400 grid points with each grid of the size 0.05 x 0.25. Values are evaluated at the centre of each
grid. The red regions indicate locations where A > 0 and blue regions indicate locations where A < 0. The
white regions indicate the transition boundary where A ~ 0. The heatmaps validate our discussion about
where delegation is beneficial for the principal (Section .
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(a) os/0t = 0.5 (b) o5/0r =1 (c) os/ot =2

Figure 7: In this set of plots, we isolate the effect of the correlation p between the signals s and ¢ and how
it affects the delegation decision of the principal. In each of these plots, we fix the o5 and o; and vary p
within the permissible range min(1, Z—j) allowed by our model. Parameter combination: ¢, = 0.1, 7 = 1,
Oes = 0ot = 0.5, 0y = 1. We pick o, from the set: {0.5,1,2}. The principal’s optimal threshold across all
3 plots comes out to be 0.84. We observe that A always grows linearly with growing p if o and o; are
fixed. This always leads to monotonic delegation decisions — higher correlation means that the principal’s
and agent’s metric are closely aligned and the principal does not gain by doing their own evaluation, so it is
better to delegate.
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Figure 8: In this set of plots, we isolate the effect of changing the variance of the agent’s metric o5 and how it
affects the delegation decision of the principal. In each of these plots, we fix the o; and p and vary o, within
the permissible range allowed by our model. Parameter combination: cpe, = 0.1, 7y = 2, 0es = 0t = 0.5,
ot = 1. We pick p from the set: {0.30,0.35,0.40}. The principal’s optimal threshold across all 3 plots comes
out to be 0.84. In this case, we observe that the principal’s delegation decision can indeed be non-monotonic,
as we see for p = 0.35. This is driven by the fact that the principal’s utility from a hired student when they
delegate is non-monotonic in os. At low levels of o, the principal’s utility actually improves with increasing
0s — because the distribution of s has very light tails initially, those who cross 7; are some of the top
candidates in the pool in terms of ability. However, once o5 grows a bit larger, the distribution tails become
heavier, so the screening based on 7, becomes less informative gradually. This explains why the principal’s
utility starts decreasing.
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Figure 9: In this set of plots, we isolate the effect of changing the variance of the principal’s metric oy
and how it affects the delegation decision of the principal. In each of these plots, we fix the o, and p and
vary o within the permissible range allowed by our model. Parameter combination: ¢, = 0.1, 74 = 1,
Oes = 0et = 0.5, 05 = 1. We pick p from the set: {0.30,0.50,0.70}. Firstly, the principal’s optimal threshold
7* is monotonically increasing in o; (as predicted by theory). But the principal’s delegation decision is
always monotonic in o;. This follows because increasing o; increases the diversity of quality in the main
pool, which means that the principal can find good quality applicants quietly. So, higher o; incentivizes the

principal to retain decision authority and not delegate.
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Figure 10: In this figure, we isolate the effect of the principal’s cost ¢, on their delegation decision.
Parameter combination: 7 = 1, 0.5 = gt = 0.5, 05 = 04 = 1, p = 0.5. Firstly, the principal’s optimal
threshold 7* is monotonically decreasing in ¢, (as predicted by theory). Also, the principal’s delegation
decision is always monotonic in ¢,.,. Once the principal’s cost grows too high, it is always better to delegate.

35



	Introduction
	Model
	Applicant Characteristics
	Types of Selection Processes
	Fairness under Multiple Groups

	A Selection Process Delegated to the Agent
	An Unifying Framework for Strategic and Non-Strategic Agents
	Single Group Setting: A Utilitarian View
	Fairness Implications in Multi-Group Settings

	A Selection Process without Delegation
	Principal's Optimal Decisions
	Single Group Setting: A Utilitarian View
	Multi-Group Setting: A Fairness Approach

	To Delegate or Not: Efficiency & Fairness Implications
	Proofs for Section 2
	Proof of Claim 1

	Proofs for Section 3
	Proof of Lemma 1
	Proof of Lemma 2
	Proof of Theorem 1

	Proofs for Section 4
	Proof of Theorem 2
	Equivalent Characterizations of Corollary 4
	Proof of Lemma 3
	Monotonicity Results
	Proof of Lemma 4
	Proof of Theorem 3

	Theoretical Extension: s and f are correlated
	Changes in Section 3
	Changes in Section 4
	Changes in Section 5

	Proofs of Supplementary Results
	Proof of Claim 7
	Monotonicity of the standard normal hazard rate function H(x)

	Additional Figures
	Factors Affecting Principal's Delegation Decision


