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The growing burden of mental health disorders is straining healthcare systems, leading to long waitlists and
delayed access to therapy. Such delays can worsen symptoms, increase dropout rates, and impose substantial
societal costs. Advances in Artificial Intelligence (AI)—including supervised conversational agents—offer
scalable opportunities to support patients during these waiting periods.

We develop a multi-class, multi-server queueing model to jointly optimize waitlist treatment and schedul-
ing policies. Using a fluid approximation, we derive a simple, implementable policy that incorporates fixed
and variable costs while capturing key behavioral features of psychotherapy, including no-shows, dropouts,
and heterogeneous treatment effects.

Numerical experiments show that the proposed policy closely matches the exact Markov Decision Process
(MDP) solution in small systems, remains robust across system scales and service-time distributions, and
consistently outperforms benchmark policies. We further quantify how hiring costs affects waitlist, scheduling
and recruitment decisions.

A case study calibrated to a representative Veterans Health Administration (VHA) mental health unit
demonstrates that supervised waitlist treatment delivers substantial performance gains and, when coor-
dinated with scheduling decisions, can significantly reduce the need for additional therapist recruitment.
Overall, our results highlight the potential of analytically guided, AI-supported policies to improve access
to mental health care.

Key words: Stochastic modeling, healthcare operations management, fluid models, scheduling queues,
mental treatment with AI

1. Introduction
The growing burden of mental health disorders is placing severe strain on healthcare systems, leading
to long waitlists and delays in access to therapy. Such delays often worsen symptoms, increase dropout
rates, and generate substantial societal costs. This crisis has been further exacerbated by the COVID-
19 pandemic (Pfefferbaum and North 2020). For instance, an estimated 1.2 million people in the UK
are currently waiting for NHS mental health services (Department of Health & Social Care 2023),
while between 2020 and 2022, approximately 3.4 million Australians sought mental health support,
yet many faced waits of six months to a year (Australian Institute of Health and Welfare 2025).
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The economic consequences are equally pressing: mental illness is estimated to cost $2.5 trillion
annually worldwide, a figure projected to reach $6 trillion by 2030 (Lancet editorial 2020). Rising
prevalence compounds this strain, with rates of mental health disorders increasing by 48% across 204
countries over the past three decades (GBD 2019 Mental Disorders Collaborators 2022).

Delays in treatment are especially concerning in mental health care, as they are linked to worsening
symptom severity (Cuijpers et al. 2021), reduced patient engagement and treatment effectiveness
(Swift et al. 2012, Steinert et al. 2017, Krendl and Lorenzo-Luaces 2022), and increased no-show and
dropout rates (Milicevic et al. 2020, Xaba et al. 2024). Many patients also view long waits as a barrier
to care, which can heighten distress (Steinert et al. 2017) and may even lead to increased substance
use (Cai and Zychlinski 2025). These challenges underscore the critical importance of addressing the
waiting period itself.

Recent advances in Artificial Intelligence (AI) offer a promising opportunity. AI-based tools—such
as digital monitoring platforms and conversational agents, deployed under human supervision—can
provide timely, scalable support to patients on waitlists. Recent user behavior further highlights
this potential: a 2025 investigation by Zao-Sanders (2025) found that therapy and companionship
rank as the most frequent applications of generative AI, indicating a widespread willingness to use
AI for emotional support. This trend suggests that developing structured, clinically informed AI
tools for mental health care could leverage an existing inclination toward such technologies, thereby
extending their benefits in a safe and effective manner. Emerging industry implementations reflect
this paradigm; for example, startups such as Mentality develop AI-driven tools, including systems
designed to support patients while they are waiting for mental health treatment.

Current applications of AI in mental health are expanding across diagnosis, treatment, and patient
management. Machine learning algorithms enable early detection of mental health risks (D’Alfonso
2020, Lee et al. 2021), predictive models help anticipate deterioration and treatment responses (Gra-
ham et al. 2019), and virtual therapists and conversational agents provide immediate psycholog-
ical support and crisis assistance (Briot et al. 2021, Omarov et al. 2023). These capabilities are
directly relevant to waitlist interventions, where scalable monitoring and timely support can mitigate
patient deterioration during delays. At the same time, AI is also being explored for broader clinical
applications—such as enhancing teletherapy sessions through speech and mood analysis or supporting
ongoing monitoring with wearable devices and sentiment detection (Gomes et al. 2023)—highlighting
the technology’s wide-ranging potential in mental health care.

Within this landscape, low-intensity waitlist treatment (henceforth, waitlist treatment) has emerged
as a particularly relevant intervention. These programs combine AI-driven tools with structured
clinical oversight, ensuring that the system’s recommendations remain aligned with evidence-based
practices and established treatment protocols. Mental health professionals are involved in the design
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and ongoing refinement of the intervention, conduct periodic audits of anonymized interaction sam-
ples, and monitor patient outcomes to evaluate effectiveness. In addition, automated safeguards are
built in to detect high-risk situations (e.g., expressions of suicidal ideation) and trigger appropriate
escalation procedures. Importantly, clinical oversight focuses on protocol design and quality assur-
ance rather than continuous monitoring of every individual interaction, thereby protecting patient
privacy while upholding safety and clinical integrity. Because much of the support can be deliv-
ered asynchronously, a single supervisor can oversee multiple patients, which enhances scalability
relative to traditional one-on-one therapy (Mohr et al. 2011, 2014). Moreover, waitlist treatment
can increase access to care, reduce psychological distress, and prevent deterioration or abandonment
during prolonged waiting periods (Levin et al. 2022, Bennett-Levy et al. 2010).

At the same time, integrating such interventions introduces trade-offs: while waitlist treatment can
improve outcomes and reduce abandonment, it also entails fixed setup costs and ongoing supervision
expenses. In this paper, we develop a queueing-based analytical model to evaluate these trade-offs
and to design optimal waitlist and scheduling policies for mental health systems.

Our paper makes the following key contributions:
• Modeling AI-supported waitlist interventions in mental healthcare. We develop a multi-class,

multi-server queueing model that incorporates AI-supported waitlist treatment for patients awaiting
psychotherapy. The model captures essential features of mental healthcare delivery, including no-
shows, dropouts, heterogeneous treatment effects, and recovery-driven abandonment when waitlist
interventions improve patient well-being.

• Optimally integrating waitlist treatment, scheduling, and therapist recruitment. We formulate an
optimization problem to maximize long-run net benefit and derive a tractable, implementable solution
using a fluid approximation combined with McCormick linearization. The framework enables the joint
optimization of waitlist treatment and scheduling policies, determining which patient classes should
receive waitlist support, how prioritization should be managed, and how service capacity should be
allocated. We further extend the framework to incorporate therapist recruitment, showing how hiring
costs shape the optimal balance between professional capacity and AI-supported treatment.

We show, through extensive numerical experiments, that the resulting policy is highly effective
and robust: It closely matches the exact MDP solution in small systems and performs strongly in
simulation across system scales and service-time distributions. The policy also outperforms intuitive
benchmark policies and reveals an interaction between hiring costs and waitlist decisions.

• VHA case study and policy insights. Using evidence from the Veterans Health Administration
(VHA), we calibrate the model to three prevalent diagnostic groups—major depressive disorder
(MDD), anxiety disorders (AD), and post-traumatic stress disorder (PTSD). The case study demon-
strates that supervised waitlist treatment can substantially improve system performance without
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increasing staffing levels. By contrast, achieving comparable performance without waitlist treatment
would require a substantial expansion of the therapist workforce. This highlights how well-managed
waitlist treatment, coordinated with scheduling decisions, can significantly reduce the number of
additional therapists that need to be recruited.

Organization. The remainder of the paper is organized as follows. Section 2 reviews related liter-
ature. Section 3 introduces the stochastic model for incorporating AI-supported waitlist treatment.
Section 4 presents the fluid approximation, derives the optimal waitlist and scheduling policy, and
extends the framework to incorporate therapist recruitment. Section 5 provides numerical experi-
ments that evaluate the policy across multiple scenarios and compare it with benchmark alternatives.
Section 6 applies the model to a case study of a VHA outpatient mental health unit. Finally, Section 7
concludes and outlines future research directions.

2. Literature Review
This work relates to two streams of research. The first pertains to the operations research (OR), oper-
ations management (OM) literature on mental healthcare. The second concerns scheduling queues
with multiple customer classes.

2.1. OR/OM in Mental Healthcare
The OR/OM literature for mental health systems is sparse, but recent efforts have begun to explore
the use of operations research in this domain. One of the earliest contributions in this area is Leff et al.
(1986), who developed a linear programming–based planning model for community mental health
support systems. Their model assists system managers in allocating limited resources across service
programs by aggregating clients into functional groups and incorporating probabilistic estimates of
service requirements associated with different care packages. The framework enables planners to
evaluate trade-offs between resource constraints and service coverage in community-based mental
health settings. A recent review by Noorain et al. (2023) highlights the early-stage development of
operational models in mental healthcare compared to broader healthcare applications, identifying
gaps and opportunities for optimization-based approaches.

Previous research has examined the operational challenges of mental health service delivery in clin-
ical settings. For example, Williams et al. (2008) studied the operations of a large urban community
mental health center, focusing on psychiatric services in an adult outpatient setting. By implement-
ing systematic changes—such as same-day intake and psychiatric evaluations, performance tracking,
and administrative streamlining—their study demonstrated significant reductions in wait times and
no-show rates, ultimately improving access and resource utilization. In a related study, Koizumi
et al. (2005) addressed congestion in intensive psychiatric facilities resulting from the downsizing of
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state mental health institutions in Philadelphia. Their queuing network model with blocking showed
that facility-specific capacity shortages created bottlenecks, and that alleviating these shortages
could improve patient flow and system-wide efficiency. Arntzen et al. (2024) proposed a knapsack-
based routing model to improve the allocation of individuals with severe mental illness to residential
facilities. Their approach enhances both fairness and efficiency in placement decisions, significantly
reducing disparities in wait times for hard-to-place clients. Applied to mental health facility allo-
cation in Amsterdam, their findings highlight the potential of optimization techniques to support
decision-making in resource-constrained service environments. Recently, Zychlinski (2026) analyzed
the operation of mental health systems in the aftermath of a mass trauma event, characterized by a
sudden influx of individuals requiring psychological care following exposure to a traumatic incident.
The study focuses on how to dynamically balance group and individual therapy across the surge,
recovery, and long-term care phases of the response. Complementing these analytical approaches,
simulation modeling has been widely used to evaluate mental health service operations. Several stud-
ies, including Long and Meadows (2018) and Noorain et al. (2019), provide systematic reviews of
simulation-based methods for assessing and improving mental health service delivery.

We complement this stream of research by developing and optimizing an analytical model that
incorporates AI-based waitlist treatments into psychotherapy scheduling. By capturing key behavioral
features such as no-shows, dropouts, and heterogeneous treatment responses, the policy we suggest
provide the basis for evaluating how digital interventions can be optimally integrated into scheduling
decisions in mental healthcare settings.

2.2. Scheduling Multi-Class Queues
Our paper is also closely related to the literature on scheduling multiple customer classes in stochas-
tic processing networks. The scheduling of multiple customer classes within stochastic processing
networks has been extensively studied. A foundational result in this area is the cµ rule, introduced
by Cox and Smith (1961), which established the optimality of a simple index-based policy for a
single-server queue with linear holding costs. Subsequent research has expanded on this rule, offer-
ing various generalizations. However, the optimality of these extensions is typically proven only in
asymptotic regimes (e.g., Van Mieghem 1995, Mandelbaum and Stolyar 2004, Huang et al. 2015).

In multi-server systems, the dynamic scheduling of multiple classes with customer abandonment
has been explored under different operational regimes. For example, Harrison and Zeevi (2004) and
Atar et al. (2004) examined this problem under a critically loaded regime. Atar et al. (2010) further
advanced this work by deriving the asymptotic optimality of the cµ/θ rule for many-server queues
with abandonment in the heavy traffic regime. More recent contributions, such as Long et al. (2020),
have extended these scheduling rules to accommodate general queue length cost functions and var-
ied customer patience distributions. Other recent developments include scheduling customers with



6

heterogeneous resource requirements (Zychlinski et al. 2023), managing new and returning patients
in hybrid healthcare systems (Zychlinski 2024), and designing AI-assisted medical diagnostics (Cai
and Zychlinski 2026).

In this work, we complement the existing literature by studying the scheduling of multiple patient
classes while explicitly incorporating AI-based waitlist interventions, together with key behavioral
features such as no-shows and dropouts during treatment. We further examine the trade-offs between
investing in AI-supported interventions and expanding therapist capacity through additional recruit-
ment, thereby jointly studying scheduling, waitlist, and recruitment decisions in contemporary mental
health systems.

3. Stochastic Model
We study a Markovian N -server queueing system with I patient classes, distinguished by their initial
diagnosis and degree of psychological distress. The parameter N denotes the number of full-time-
equivalent (FTE) therapists available in the system. Figure 1 provides a model illustration of patient
flow in the system.

Figure 1 Model illustration of patient flow in a mental health system with AI-supported waitlist treatment.

Patients of Class i, i∈ I := {1, . . . , I}, arrive according to a Poisson process with rate λi. Let Ai(t)

denote the cumulative number of Class i patients up to time t. Let Xi(t) and Qi(t), i∈ I, denote the
number of Class i customers in the system and in the queue, respectively, at time t, t≥ 0. Moreover,
we use the notation X(t) = (Xi(t), i ∈ I) and Q(t) = (Qi(t), i ∈ I). Let Zi(t) denote the number of
servers assigned to Class i at time t; Z(t) = (Zi(t), i∈ I) are the decision variables.
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Service, abandonment and associated costs. The treatment for patients consists of a series
of 12–24 psychological sessions, typically scheduled on a weekly basis. Since the number of sessions
is determined at the outset of treatment and the sessions are delivered sequentially by the same
therapist, we model the entire course of treatment as a single service time.

While awaiting the first session, patients may leave the queue in search of alternative support.
Treatment and patience times for each class of patients follow exponential distributions with rates
µb
i and θni , respectively, for Class i∈ I patients.
Let Γi(t) and Di(t), i ∈ I, denote the cumulative number of abandonments and treatment com-

pletions of Class i patients, respectively, up to time t≥ 0.
Finally, let hi denote the holding cost per unit time for a Class i patient, bi the benefit obtained

upon treatment completion, and αn
i the cost incurred when a Class i patient abandons the system

while waiting for treatment.
No-shows and dropouts. No-shows and dropouts are common in mental health treatments

(Milicevic et al. 2020, Xaba et al. 2024). No-shows occur when a patient misses an appointment
without prior notice. Beyond the negative impact on the patient’s well-being and treatment outcome,
no-shows result in unoccupied and wasted treatment slots, as each no-show patient rejoins the system
for an additional appointment. Moreover, no-shows can occur multiple times during a session series
(i.e., patients may miss more than one session), further disrupting the scheduling process. To capture
this capacity loss, we define βi as the probability of a Class i patient to show up for a scheduled
appointment, where 1−βi represents the probability of a no-show.

To model the total service requirement accounting for no-shows, we first note that 1/µb
i represents

the mean required service time assuming patients attend all scheduled appointments; equivalently,
1/µb

i is the expected number of attended sessions needed to complete treatment. However, because
patients may miss some of their scheduled appointments, additional appointment attempts are
required. We therefore let 1/µi denote the expected total number of appointment attempts (including
those in which the patient does not show up). Since each scheduled appointment is attended with
probability βi, the expected number of attended appointments is βi(1/µi). This quantity must equal
the required number of attended sessions, 1/µb

i . Hence,

βi ·
1

µi

=
1

µb
i

⇒ 1

µi

=
1

βiµb
i

,

and therefore µi := βiµ
b
i is the resulting effective service rate. In the remainder of the paper, service

completions occur at rate µiZi(t), so that no-shows are incorporated directly into the system dynamics
through the effective service rate.

This modeling approach is conceptually similar to Huang et al. (2015), who studied the scheduling
of in-process (IP) emergency-department patients who occasionally return for follow-up checks. A
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key distinction, however, is that in Huang et al. (2015), such returns occur only after a treatment
episode, whereas in our setting patients participate in a multi-session treatment course and may miss
and reschedule multiple sessions due to no-shows.

While no-shows allow the patient to remain in the system and attend subsequent sessions after
missing one, dropouts occur when a patient completely quits the program. In this case, the patient
permanently leaves the system, and their future appointments can be reassigned to other patients.
We define γi as the dropout rate of Class i patients, and hd

i as the cost associated with each such
dropout. We denote by Γd

i (t) the cumulative number of dropouts for patient Class i, up to time t≥ 0.
Then, by mass conservation, we have

Xi(t) =Xi(0)+Ai(t)−Di(t)−Γi(t)−Γd
i (t), i∈ I, t≥ 0,

where Xi(0), i∈ I are all mutually independent finite random variables, and

Qi(t) =Xi(t)−Zi(t), i∈ I, t≥ 0.

3.1. Scheduling Policy and Overall Net Benefit
A scheduling policy π ∈ Ω determines the allocation of servers to patient classes where Ω denotes
the set of admissible controls. We consider Markovian policies under which the server allocations are
made based on the current state (X,Q) only. In particular, the policy is non-anticipating. Under
such scheduling policies, {(X(t),Q(t)) : t≥ 0} is a Markov process.

Since the process {(X(t),Q(t)) : t ≥ 0} depends on the scheduling policy π, we can explicitly
indicate this dependence by expressing the stochastic process as {(Xπ(t),Qπ(t)) : t≥ 0}, along with
Dπ

i (t), Γπ
i (t), and Γπ,d

i (t). For simplicity, we will omit the subscript π when the context makes the
dependence on the policy clear.

The overall net benefit (or cost savings) over [0, T ] is, therefore,

E

[∑
i∈I

[
biDi(T )−αn

i Γi(T )−hd
iΓ

d
i (T )

]
−
∫ T

0

∑
i∈I

hiQi(t)dt

]
.

The Markovian modeling assumption implies that for any i∈ I, we have

E [Di(T )] = µiE
[∫ T

0

Zi(t)dt

]
, E [Γi(T )] = θni E

[∫ T

0

Qi(t)dt

]
, E
[
Γd
i (T )

]
= γiE

[∫ T

0

Zi(t)dt

]
.

Therefore, the overall net benefit can be rewritten as

E

[∫ T

0

∑
i∈I

[(
biµi −hd

i γi
)
Zi(t)− (hi +αn

i θ
n
i )Qi(t)

]
dt

]
.

For notational simplicity, we define the generalized benefit and generalized holding cost as follows:

ri := biµi −hd
i γi, ci := hi +αn

i θ
n
i .
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Incorporating Waitlist Treatment. In our model, AI is operationalized through supervised,
AI-based waitlist treatment tools—such as conversational agents or digital monitoring platforms—
that provide structured support to patients while they await therapy and thereby influence waiting-
time experience, abandonment behavior, and recovery outcomes. Specifically, we denote quantities
modified by the presence of waitlist treatment with a superscript w. For example, the holding-cost
rate for Class i under waitlist treatment is denoted by hw

i .
Let Wi ∈ {0,1}, i ∈ I, be a binary decision variable, where Wi = 1 indicates that a waitlist treat-

ment is implemented for Class i, and Wi = 0 otherwise. We denote the collection of such decisions
by W = (W1, . . . ,WI).

For classes where waitlist treatment is beneficial and alleviates patient distress, we have hw
i ≤ hi,

whereas if the intervention exacerbates patient conditions, the inequality is reversed. Since patients
receive waitlist-based care while waiting, both the abandonment rate θw,n

i and the associated aban-
donment penalty αw,n

i may differ from (and are plausibly no greater than) their baseline values θni

and αn
i ; however, we do not impose this inequality in our analysis.

In addition, waitlist treatment can accelerate recovery for a subset of patients, reducing their
need for subsequent professional treatment. Such patients may exit the queue voluntarily; unlike
conventional abandonments, these departures are beneficial and therefore save cost. We denote the
rate of recovery-driven abandonment for Class i by θw,p

i . The total abandonment rate under waitlist
treatment is then

θwi := θw,p
i + θw,n

i .

Providing waitlist treatment also entails operational costs. These include:
1. Direct costs, such as per-patient expenses for human supervision during waiting, denoted by ai

for Class i. The resulting generalized holding cost under waitlist treatment for Class i is

cwi := hw
i +αw,n

i θw,n
i + ai − biθ

w,p
i ,

where the final term captures the benefit associated with recovery-driven abandonments.
2. Overhead costs refer to the recurring, class-specific expenditures that arise from implementing

AI-based waitlist treatment, independent of the number of patients served. These include ongo-
ing activities such as software maintenance, integration with existing healthcare infrastructure, and
supervisory training.

We denote by fi(t) the cumulative overhead cost associated with Class i up to time t, and define
f̄i <∞ as the long-run average overhead cost for Class i:

f̄i := lim
T→∞

1

T
fi(T ).
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The overall net benefit under a scheduling policy π and a waitlist treatment policy W over horizon
[0, T ] is therefore

BT (π,W ) :=

∫ T

0

∑
i∈I

[
riZi(t)−

(
ci −Wi(ci − cwi )

)
Qi(t)

]
dt−

∑
i∈I

fi(T )Wi.

Note that the generalized holding cost is cwi when waitlist treatment is utilized (Wi = 1), and ci

otherwise.
Our goal is to jointly determine a scheduling policy π and a waitlist treatment policy W that

maximize the long-run average expected net benefit:

max
π∈Ω,W

lim inf
T→∞

1

T
E[BT (π,W )]

s.t. Qi(t) =Xi(t)−Zi(t)≥ 0, i∈ I,∑
i∈I

Zi(t)≤N, Zi(t)≥ 0, i∈ I,

Wi ∈ {0,1}, i∈ I.

(1)

The resulting optimization problem is a Markov decision process (MDP). Due to the curse of
dimensionality (Papadimitriou and Tsitsiklis 1999)—arising from both the large (potentially infinite)
state and policy spaces—directly solving for the exact optimal policy is intractable. To gain struc-
tural insights, we therefore adopt a deterministic fluid approximation. Fluid models are widely used
to capture first-order system dynamics and provide tractable approximations in service operations
management (see, e.g., Whitt 2002, Zychlinski 2023).

4. Fluid Model and Solution
To develop an implementable policy and to derive structural insights, we approximate the stochastic
system introduced earlier by a deterministic fluid model, in which random fluctuations are replaced
by continuous rates. Let x̄i, q̄i, and z̄i, i∈ I, denote the steady-state fluid analogues of the expected
number of patients in the system, the queue, and the service capacity allocated to Class i, respectively.
The waitlist decision variable for Class i in the fluid model is wi ∈ {0,1}.

In steady state, the inflow and outflow of each class must balance. The total departure rate from
Class i consists of: (i) service completions at rate µiz̄i, (ii) treatment dropouts at rate γiz̄i, and (iii)
abandonment at rate

(
θni (1−wi)+ θwi wi

)
q̄i. Hence, for every i∈ I,

λi = (µi + γi)z̄i +
[
θni (1−wi)+ θwi wi

]
q̄i, q̄i, z̄i ≥ 0,

which is equivalently written as

q̄i =
λi − (µi + γi)z̄i

θni (1−wi)+ θwi wi

≥ 0, z̄i ≥ 0.
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Since wi is binary, it is convenient to express q̄i in the unified form

q̄i =

(
1−wi

θni
+

wi

θwi

)(
λi − (µi + γi)z̄i

)
, i∈ I.

Indeed, when wi = 0 the denominator is θni , and when wi = 1 it becomes θwi .
The fluid counterpart of the stochastic control problem in (1) is, therefore, the following optimiza-

tion problem

max
q̄,z̄,w

∑
i∈I

[
riz̄i −

(
ci −wi(ci − cwi )

)
q̄i − f̄iwi

]
s.t. q̄i =

(
1−wi

θni
+

wi

θwi

)(
λi − (µi + γi)z̄i

)
, i∈ I,∑

i∈I

z̄i ≤N,

q̄i, z̄i ≥ 0, wi ∈ {0,1}, i∈ I.

(2)

Problem (2) is nonlinear due to bilinear terms involving the products q̄iwi in the objective function
and z̄iwi in the constraints. To obtain a tractable formulation, we reformulate it as a mixed-integer lin-
ear program (MILP) using algebraic manipulation and McCormick linearization (McCormick 1976).
Specifically, we introduce the auxiliary variable yi :=wiz̄i for each i∈ I. Because wi is binary, yi = 0

when wi = 0 and yi = z̄i when wi = 1. The resulting MILP, which can be solved using standard
solvers, is given in (3).

max
z̄,w,y

∑
i∈I

[
Pi z̄i +

(
Pw

i −Pi

)
yi −λi

(
ci
θni

(1−wi)+
cwi
θwi

wi

)
− f̄iwi

]
s.t. z̄i ≤

λi

µi + γi
, i∈ I,∑

i∈I

z̄i ≤N,

yi ≤
λi

µi + γi
wi, i∈ I,

z̄i −
λi

µi + γi
(1−wi)≤ yi ≤ z̄i, i∈ I,

z̄i, yi ≥ 0, wi ∈ {0,1}, i∈ I,

(3)

where Pi coefficients are defined as follows:

Pi :=
riθ

n
i + ci(µi + γi)

θni
, Pw

i :=
riθ

w
i + cwi (µi + γi)

θwi
, i∈ I. (4)

Proposition 1 establishes the equivalence between the nonlinear formulation in (2) and its MILP
reformulation in (3). The proof is provided in Appendix B.

Proposition 1. Problems (2) and (3) are equivalent: they share the same feasible objective values
and therefore attain the same optimal value.
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4.1. The Dynamic P-Index Scheduling Policy
Once the waitlist configuration w∗ is determined, the fixed costs f̄iw∗

i become sunk and can therefore
be omitted from the remaining optimization. Substituting w∗ into Problem (3) reduces the problem
to the following linear program (LP):

max
z̄

∑
i∈I

(
Pi(1−w∗

i )+Pw
i w

∗
i

)
z̄i

s.t. 0≤ z̄i ≤
λi

µi + γi
, i∈ I,∑

i∈I

z̄i ≤N.

(5)

This LP admits a simple and interpretable optimal solution: classes are prioritized according to their
waitlist-adjusted index

P̄i :=Pi(1−w∗
i )+Pw

i w
∗
i , i∈ I,

where the P-indices are defined in (4). Since the objective is linear in z̄i and the allocation to each
class is subject to an upper bound λi/(µi + γi), the optimal allocation fills capacity starting with
the class having the largest index P̄i, then the next largest, and so on, until the capacity constraint
becomes binding or each class has been allocated its maximum feasible capacity.

Formally, after reordering the class indices such that P̄(1) ≥ P̄(2) ≥ · · · ≥ P̄(I), the optimal fluid
allocation satisfies

z̄∗ =

(
λ(1)

µ(1) + γ(1)
, . . . ,

λ(i0−1)

µ(i0−1) + γ(i0−1)

, N −
i0−1∑
j=1

λ(j)

µ(j) + γ(j)
, 0, . . . ,0

)
,

where

i0 =max

{
i∈ {1, . . . , I +1} :

i−1∑
j=1

λ(j)

µ(j) + γ(j)
<N

}
.

The LP in (5) also induces a dynamic scheduling policy for the stochastic system. Specifically,
whenever a therapist becomes available, the system admits a customer from the class with the highest
current waitlist-adjusted index P̄i among those with customers waiting. If the highest-index class has
no customers waiting, the server selects the class with the next highest index, and so on. In Section 5,
we evaluate the performance of this policy using a stochastic simulation model.

4.2. More Therapists, AI, or Both?
Excessive wait times for mental health services have sparked debate about the most effective way
to expand access (Stringer 2024). In this section, we extend the analysis to include the decision of
whether, and how many, additional therapists should be recruited, alongside the choice of waitlist and
scheduling policies. Human therapists deliver personalized care but come with substantial ongoing
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costs, while supervised AI-based waitlist treatments can be deployed at low marginal cost and scaled
broadly, though their effectiveness may vary across patients. Our objective is to quantify these trade-
offs and determine the optimal combination of waitlist, scheduling and recruitment decisions.

To this end, we introduce an additional decision variable K ≥ 0, which increases the number of
full-time-equivalent therapists from N to N +K. We consider a hiring cost ck per new therapist.
Problem (3) then becomes the following MILP:

max
z̄,w,K

∑
i∈I

[
(Pi (z̄i − yi)+Pw

i yi)−λi

(
ci
θni

(1−wi)+
cwi
θwi

wi

)]
−
∑
i∈I

f̄iwi − ckK

s.t. 0≤ z̄i ≤
λi

µi + γi
, i∈ I;∑

i∈I

z̄i ≤N +K;

yi ≤
λi

µi + γi
wi, i∈ I;

z̄i −
λi

µi + γi
(1−wi)≤ yi ≤ z̄i, i∈ I;

z̄i, yi ≥ 0, wi ∈ {0,1}, i∈ I, K ≥ 0.

Note that for any fixed parameter set, the optimization is solved once; after w and K are set,
the induced scheduling policy is the exact index-based policy introduced in (5), only with N +K

therapists. In Sections 5, we numerically examine the effect of hiring costs on the optimal waitlist,
scheduling and recruitment decisions.

5. Numerical Experiments
This section evaluates the performance of our proposed policy under various scenarios. We begin
by comparing its performance with the exact MDP solution. Since solving the MDP becomes pro-
hibitively expensive as the system grows, we then use stochastic simulation to evaluate the policy for
larger systems, including comparisons against benchmark policies and an examination of different
service-time distributions. Finally, we examine how hiring costs affect the optimal waitlist, scheduling
and recruitment decisions.Throughout this section, we focus on two patient classes whose parameter
values are chosen to be representative of mental health service settings and are aligned with the
calibration used in the VHA case study presented in Section 6 (see Appendix C for the parameter
values used).

We first compare the fluid-model solution (2) with the exact MDP solution (1); See Appendix A
for details on the MDP formulation and its numerical solution via relative value iteration. Table 1
summarizes the results for a two-class system with N = 2,3,4. To ensure consistent scaling across
system sizes, we proportionally increase both the arrival rates and the number of servers, while
preserving the relative class proportions calibrated in the VHA case study presented in Section 6.
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To assess robustness to parameter uncertainty, each scenario is evaluated over 100 independent
perturbations. In each perturbation, model parameters are randomly varied within ±10% of their
baseline values. For each system size, the table reports the mean performance gap between the MDP
and fluid solutions, its corresponding 95% confidence interval (CI), and the maximal observed gap.

The results demonstrate an excellent fit between the fluid approximation and the exact MDP solu-
tion. The performance gap decreases as system size increases, consistent with the asymptotic accuracy
of the fluid approximation. Moreover, the computational burden of solving the MDP increases rapidly
with system size. For example, each perturbation with N = 4 requires approximately eight minutes
of computation time, whereas the fluid solution is obtained within seconds for all system sizes. As
the system grows larger, this disparity in computational tractability becomes even more pronounced,
underscoring the practical advantage of the fluid-based approach.

Table 1 Benefit comparison between the fluid-model solution and the exact MDP solution.
N Average Gap (%) 95% CI (%) Maximum Gap (%)
2 1.62% 1.26%-2.54% 2.70%
3 0.97% 0.64%-1.50% 1.60%
4 0.85% 0.41%-1.46% 1.49%

For larger systems, where solving the MDP becomes computationally prohibitive, we evaluate
the policy using a stochastic simulation model. We first compare the fluid-model predictions with
simulated performance across different system sizes and service-time distributions.

To implement the policy in the simulation model, we first compute the optimal waitlist decisions wi

for all i∈ I and the corresponding priority indices P̄i. The policy is then implemented dynamically:
whenever a server becomes available, a patient from the class with the highest priority index among
those waiting is admitted to service.

We consider a two-class system consisting of Class A and Class B patients, and evaluate system
performance across different system sizes. To ensure consistent scaling across system sizes, we pro-
portionally increase both the arrival rates and the number of servers. Solving the MILP formulation
in (3) yields the optimal waitlist decisions w∗

A = 0 and w∗
B = 1, indicating that Class B patients are

assigned waitlist treatment whereas Class A patients are not. Furthermore, the resulting priority
indices satisfy P̄A > P̄B, implying that Class A patients receive higher priority under the dynamic
index-based scheduling policy.

Figure 2 presents the queue lengths (left panel) and server allocations (right panel) obtained from
both the fluid approximation (solid lines) and stochastic simulation (dashed lines) across different
system scales and under two commonly used service-time distributions: exponential and lognormal.
Queue lengths and server allocations closely match the fluid model even in relatively small systems
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with N = 5. These results—highly accurate even under lognormal service times—demonstrate the

effectiveness and robustness of the suggested policy.
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Figure 2 Comparison of fluid model solutions and simulation results across different system scales under two
service-time distributions: exponential (exp. dist.) and lognormal (LN. dist.).

Next, we compare the performance of our suggested policy to two other benchmarks: (i) a no-

waitlist policy, in which no class receives waitlist treatment and scheduling follows an adjusted cµ/θ

rule, where the cµ/θ index from Atar et al. (2010) is augmented to incorporate treatment-completion

benefits, dropouts, and no-shows; and (ii) a uniform-waitlist policy, in which all classes receive wait-

list treatment and scheduling follows the corresponding adjusted cwµ/θw rule, reflecting the modified

costs and abandonment structure under waitlist treatment. Figure 3 presents this comparison across

different system scales. Under both exponential and lognormal service-time distributions, the pro-

posed policy outperforms both benchmark policies at all system sizes. Importantly, although waitlist

treatment can reduce waiting times and mitigate negative abandonment, these benefits do not neces-

sarily outweigh the additional costs associated with implementing waitlist treatment for both classes.

Lastly, we examine how hiring costs affect system performance. Figure 4 illustrates how the optimal

server allocation, waitlist-treatment decisions, and the number of newly recruited therapists K vary

as a function of the hiring cost ck. In this experiment, we set N = 10, so that the total service capacity

equals N +K = 10 +K. The arrival rates are scaled proportionally to preserve the same relative

demand across classes.
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Figure 3 Policy comparison under different system scales and service-time distributions.

When hiring costs are low (ck < 1,010), expanding therapist capacity is cost-effective, and the
system recruits K = 13 additional therapists. In this regime, no class receives waitlist treatment, and
Class B is prioritized, receiving most of the service capacity.

As hiring costs increase (1,010< ck < 1,971), the optimal number of new hires decreases to K = 1.
In this range, only Class B receives waitlist treatment, which lowers its effective priority index and
reverses the service allocation pattern: Class A is now allocated most of the service capacity, while
Class B relies more heavily on waitlist support.

When hiring costs become sufficiently high (ck > 1,971), it becomes more cost-effective to rely
entirely on waitlist treatment rather than recruit additional therapists (K = 0). In this regime,
waitlist treatment is implemented for all classes, and Class A receives the full service capacity.

Overall, Figure 4 demonstrates that therapist recruitment decisions can substantially reshape the
optimal waitlist and scheduling policy.

6. Case Study: Representative VHA Outpatient Mental Health Unit
To evaluate the performance of the proposed wailist and scheduling policy, we calibrate a case study
to a representative VHA outpatient mental health unit. The VHA is the largest integrated health-
care provider in the United States (U.S. Department of Veterans Affairs 2024c). It delivers mental
health services through a nationwide network of medical centers, outpatient mental health units,
and community-based outpatient clinics, collectively providing care to more than 1.5 million veter-
ans with mental health conditions each year (U.S. Department of Veterans Affairs 2023b). Over the
past two decades, the system has faced persistent challenges, including capacity shortages, excessive
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Figure 4 Optimal server allocation and waitlist-treatment decisions as a function of hiring costs.

wait times, and difficulty matching staffing levels to rising demand (U.S. Government Accountability
Office 2021, Smith et al. 2023). These pressures culminated in the well-documented access-to-care
crisis of 2014, which led to major reforms aimed at improving transparency, modernizing scheduling
systems, and expanding the mental health workforce. Subsequent evaluations report that outpa-
tient mental health demand has increased by nearly 90% since 2006, while mental health staffing
within the VHA has grown by a factor of approximately 2.6 over the same period (U.S. Government
Accountability Office 2021). Even with these expansions, many VHA facilities continue to struggle
with balancing demand and capacity, making waitlist management an ongoing challenge.

The diagnostic classes considered in this case study reflect the conditions most commonly treated
within VHA mental health services. Recent data indicate that nearly one third of VHA users have a
confirmed mental health diagnosis, with MDD, AD, and PTSD accounting for substantial shares of
this population (U.S. Department of Veterans Affairs 2023a). These conditions differ in prevalence,
treatment duration, and clinical urgency. Accordingly, we focus on the class set

I = {MDD, AD, PTSD},

which together represent the majority of VHA outpatient mental health demand and capture distinct
patient trajectories relevant to our analysis.

Before turning to the detailed parameter calibration, we note that sensitivity checks in which the
calibrated parameters were varied by ±5% showed that the resulting waitlist and scheduling decisions
remained unchanged, indicating the robustness of the policy to modest perturbations in parameter
estimates.
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6.1. Parameter estimation
System size. We model a medium-sized outpatient mental health clinic with N = 50 FTE therapists.
This choice aligns with VHA staffing patterns: mental health staffing increased from fewer than
7,000 to more than 18,000 FTE therapists between 2006 and 2021 (Smith et al. 2023), and has
likely continued to grow given persistent demand and ongoing national hiring initiatives. The VHA
operates over 1,100 community-based outpatient clinics (U.S. Department of Veterans Affairs 2024c),
and assuming that not all provide mental health services yields an average staffing level consistent
with our system-size estimate.

Arrival rates. Public VHA data do not report diagnosis-specific arrival rates at the clinic level.
System-wide reports, however, indicate that approximately 31% of VHA users have at least one
mental health diagnosis (U.S. Department of Veterans Affairs 2023a). To estimate diagnosis-specific
arrival rates for a single outpatient unit, we use the following approximation:

Annual arrival rate ≈ Prevalence among VHA users

×Population served

×Proportion seeking care.

Here, prevalence among VHA users denotes the fraction of veterans with a given diagnosis. Based on
recent VHA reports, prevalence is estimated at 10% for MDD, 7% for AD, and 14% for PTSD (U.S.
Department of Veterans Affairs 2023a). Population served refers to the number of enrolled veterans
in the medical center’s catchment area who may initiate care. We consider a representative VHA
outpatient unit serving 50,000 veterans annually, which is consistent with reported facility volumes;
for example, the VA Salt Lake City Health Care System serves more than 70,000 enrolled veterans
per year (U.S. Department of Veterans Affairs 2024b), and the Harry S. Truman Memorial Veterans’
Hospital, which serves more than 40,000 veterans annually (U.S. Department of Veterans Affairs
2024a). Proportion seeking care represents the fraction of diagnosed veterans who engage in outpatient
mental health treatment. VHA data indicate that approximately 84% of veterans with a confirmed
mental health diagnosis receive outpatient care each year (U.S. Department of Veterans Affairs
2023a).

Combining these components yields approximately 4,200, 2,940, and 5,880 new annual treatment
episodes for MDD, AD, and PTSD, respectively. Converting to weekly rates gives λMDD = 81, λAD =

57, λPTSD = 113.

Service and no-show rates. Service consists of a course of psychotherapy sessions, typically
scheduled once a week. Because the number of sessions is determined at intake and all sequential
appointments are allocated to the same therapist, we model the entire course as a single service. The
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baseline weekly service rate per full-time therapist equals the therapist’s weekly session capacity (40)
divided by the typical number of sessions in a course. For MDD, a standard course includes roughly
12–15 sessions (Alavi et al. 2023); using the midpoint (13.5) gives µb

MDD = 40/13.5 = 2.96. We use
the same baseline for AD (NICE 2020), i.e., µb

AD = 2.96. For PTSD, prolonged exposure generally
involves 8–16 sessions (Lee et al. 2022); using the midpoint yields µb

PTSD = 40/12 = 3.33.
Attendance variability further increases the effective service time: missed appointments must be

rescheduled and extend the total number of attempts. Following our no-show modeling in Section 3,
the effective service rate is µi = βiµ

b
i , where βi denotes the show-up probability. Using an empirically

observed no-show rate of 18% in mental health clinics (Milicevic et al. 2020), we set βi = 0.82 and
thus µi = 0.82µb

i for all i∈ I.

Dropout and abandonment rates. The premature dropout rate during treatment (i.e., leaving
therapy before completing the planned sequence of sessions) varies across settings and treatment
modalities. Meta-analytic evidence indicates that approximately 16–20% of adult psychotherapy
patients discontinue treatment prematurely (Swift and Greenberg 2012, Lewis et al. 2020). To cali-
brate this parameter in our model, we take a representative dropout probability of 16% over a typical
six-month course of care and assume that time to dropout follows an exponential distribution with
rate γ. This yields 0.16 = 1− e−γT , where T = 0.5 years. Solving, γ =−2 ln(0.84)≈ 0.348 per year,
which corresponds to a weekly dropout rate of approximately γ/52≈ 0.0067.

To calibrate the baseline abandonment rate θni , we interpret abandonment from the waitlist as
failure to attend thue first scheduled clinical appointment. Operational evidence indicates that this
form of disengagement is substantial: Williams et al. (2008) report that 39–50% of patients at a
large community mental health center did not attend their initially scheduled psychiatric evalua-
tion. Additional evidence from primary mental healthcare settings documents similarly high rates
of disengagement during the waiting period (Xaba et al. 2024). Interpreting these proportions as
exponential hazards over typical waiting intervals of six to twelve weeks yields weekly rates in the
range of 0.04–0.12. As a representative conservative value within this range, we set θni = 0.04.

To calibrate the positive abandonment rate θw,p
i at which patients meaningfully improve under

waitlist treatment and no longer require psychotherapy, we draw on recent empirical evidence from
AI-enabled mental health interventions. Fitzpatrick et al. (2017) report that users of the fully auto-
mated Woebot conversational agent experienced significant reductions in depressive symptoms over
a two-week engagement period. Consistent with this, Inkster et al. (2023) show that users of the
Wysa conversational agent exhibit significant improvements in depression and anxiety within the
first weeks of use, with effects sustained over longer periods. A broader review of AI-based mental
health chatbots (Boucher et al. 2021) similarly concludes that such tools consistently yield clinically
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meaningful symptom reductions, often emerging within two to four weeks. Because the literature
does not yet provide precise early-response rates across heterogeneous adult populations, we adopt
a conservative modeling assumption and posit that approximately 10–15% of patients experience
meaningful improvement over a two to three week period. Converting these proportions to expo-
nential hazards over this period yields weekly rates in the range of 0.035–0.08. As a representative
conservative value within this range, we set θw,p

i = 0.06.
Finally, we estimate the negative abandonment rate θw,n

i , which captures the small but nonzero
probability that a patient disengages from the system even while receiving waitlist treatment, we
draw on evidence documenting high engagement with conversational AI mental health tools. Studies
of automated agents such as Woebot and Wysa report sustained multi-week use with very limited
early disengagement among active users (Fitzpatrick et al. 2017, Inkster et al. 2023). Because the
literature does not yet provide precise quantitative estimates for disengagement during supported
waitlist periods, we adopt a conservative assumption that a small fraction of patients nonetheless
abandon the system over typical waiting intervals. This corresponds to weekly exponential hazards in
the range of 0.0005–0.002. We therefore set θw,n

i = 0.0005, reflecting the low but nonzero likelihood
of disengagement under supervised waitlist care.

Treatment Benefits. We value health benefits bi using quality-adjusted life years (QALYs).
Incremental QALYs relative to no treatment are 0.12 (MDD), 0.09 (AD), and 0.13 (PTSD) (Ontario
et al. 2017, Mavranezouli et al. 2020). Using $100,000 per QALY (Managed Healthcare Executive
2023) yields bMDD = $12,000, bAD = $9,000, and bPTSD = $13,000.

Holding and supervision costs. Weekly holding costs hi represent the per-patient societal bur-
den of remaining untreated, including functional impairment, productivity losses, and excess health-
care utilization. Using annual societal cost estimates (Greenberg et al. 2023) and dividing by 52 yields
hMDD = $324, hAD = $196, and hPTSD = $378. Meta-analytic evidence indicates that low-intensity and
digital psychological interventions can produce clinically meaningful symptom improvement (Cui-
jpers et al. 2021). Because a substantial share of the societal burden in hi is driven by productivity
losses and functional impairment—factors shown to improve appreciably with even partial reductions
in symptom severity (Greenberg et al. 2023, Kavelaars et al. 2023, Davis et al. 2022)—we model the
weekly burden under waitlist treatment as significantly reduced but not eliminated. To capture these
differential burden–severity relationships across conditions, we apply class-specific reductions to 10%
of the basic holding costs: hw

MDD = 32.4, hw
AD = 19.6, and hw

PTSD = 37.8.
The parameter ai represents the variable cost of clinician supervision required to support AI-based

waitlist treatment. In guided digital interventions, therapist involvement is typically limited to brief,
asynchronous feedback or monitoring. For example, Hedman et al. (2011) report that therapists
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providing internet-based cognitive behavioral therapy spend on average only 5.5 minutes per week
per patient, highlighting the minimal time demands of guided digital care. Community-based support
models likewise demonstrate that effective oversight can be delivered with low-intensity, intermittent
supervision Lewin et al. (2005). To translate these patterns into a conservative weekly supervision
cost, we assume that AI-supported waitlist treatment requires approximately 1–5 minutes of clinician
time per patient per week. Using a conservative fully loaded clinician wage of $60–$80 per hour (U.S.
Bureau of Labor Statistics 2023b), the implied weekly marginal supervision cost is at most $1–$5
and often lower when supervision is batched across patients. To reflect a small but non-negligible
variable cost, we set ai = 1 for all i∈ I.

Abandonment and dropout costs. The parameter αn
i represents the discrete harm associated

with abandoning the system before receiving treatment. This harm reflects short-run consequences
of disengagement—such as brief periods of unmanaged deterioration, disruption of care pathways,
and delays associated with re-entering the system—which have been documented in studies of missed
psychiatric appointments and early-care disengagement (Xaba et al. 2024, Forneris et al. 2013). These
harms are distinct from the long-run health benefits bi forgone when treatment is never initiated.
Because these effects are short-lived relative to the full duration of treatment benefit, we model them
as a small fraction of bi. Accordingly, we set αn

i = 0.02 bi, yielding αn
MDD = 240, αn

AD = 180, and
αn

PTSD = 260.
Dropout during treatment and negative abandonment under waitlist treatment are less harmful,

as patients in these scenarios typically receive partial benefit before disengaging or remain monitored
and supported. To reflect this mitigation while keeping penalties small relative to bi, we set αw,n

i =

hd
i = 0.01 bi, producing αw,n

MDD = hd
MDD = 120, αw,n

AD = hd
AD = 90, and αw,n

PTSD = hd
PTSD = 130.

Long-run average overhead cost. The fixed-cost parameter f̄i represents the long-run average
weekly overhead associated with implementing and maintaining the AI-based waitlist intervention
for Class i, rather than a one-time expenditure. Economic evaluations of digital health interventions
consistently show that such systems incur substantial fixed costs for development, iterative content
updates, implementation, and technical maintenance (Hedman et al. 2011, Gomes et al. 2022, Bun-
trock 2024). In line with these peer-reviewed findings, industry assessments estimate that developing
and deploying a secure, compliant digital mental health or AI-enabled application typically requires
an initial investment between $50,000 and $500,000, with first-year total costs—including host-
ing, compliance, monitoring, and maintenance—often reaching $250,000–$1,200,000 (PerfectionGeeks
Technologies 2024). Amortizing a representative system-level investment of $500,000 over a five-year
operational horizon yields a weekly overhead of

500,000/5

52
≈ 1,923 USD/week.
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Allocating this amount evenly across the three diagnostic classes considered in our model gives
approximately $640 per class per week; accordingly, we set f̄i = 640.

6.2. Results and Insights
Under the case-study parameter estimates, the optimal policy assigns waitlist treatment to patients
with MDD and AD. This reduces their effective holding costs, which in turn leads to an optimal
prioritization order in which PTSD patients are served first, followed by MDD and then AD. Quanti-
tatively, adopting this policy yields an approximate 210% increase in long-run net benefit relative to
a system without waitlist treatment. This sizable gain underscores the value of targeted, diagnosis-
specific waitlist interventions in resource-constrained mental health settings.

We next examine the effect of system size and analyze outcomes when therapist recruitment deci-
sions are allowed in addition to waitlist-treatment and scheduling decisions. Figure 5 illustrates the
optimal waitlist-treatment policy for each diagnostic class as a function of the number of therapists,
N . When resources are scarce (N ≤ 40), all classes receive waitlist treatment, as waiting times are
excessive across the board. For a moderate number of therapists (40<N ≤ 70), only AD and MDD
patients are assigned to waitlist treatment, since there are sufficient therapists to prioritize and
directly serve PTSD patients. This range includes the baseline case with N = 50 discussed earlier.
When therapist availability increases further (70 < N ≤ 95), only AD patients continue to receive
waitlist treatment. Finally, when N > 95, the number of therapists is sufficient to meet demand, and
waitlist treatment is no longer required for any class.
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Figure 5 Optimal waitlist-treatment policy for each diagnostic class as a function of the number of therapists.
A value of 1 indicates that waitlist treatment is applied to the corresponding class, while a value of 0
indicates that it is not.

Results with therapist recruitment. Next, we evaluate the solution developed in Section 4.2,
which incorporates therapist recruitment in addition to optimal waitlist treatment and scheduling.
According to U.S. Bureau of Labor Statistics (2023a), the national mean annual wage for mental
health therapists is approximately $60,000–$65,000, corresponding to a weekly wage of about $1,150.
After accounting for payroll taxes, benefits, training, supervision, licensing, and administrative costs,
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we conservatively estimate the effective weekly cost of an additional full-time-equivalent therapist to
be $2,000; accordingly, we set ck = 2,000.

Under the case-study parameter values, we find that providing waitlist treatment eliminates the
need to recruit additional therapists. In contrast, when waitlist treatment is not available, achieving
the same level of benefit would require the recruitment of an additional 48 therapists—nearly doubling
the current staffing level.

Figure 6 maps the optimal waitlist and recruitment policies as functions of the fixed cost of waitlist
treatment and the recruitment cost, for different numbers of therapists. Beyond illustrating the
optimal policy regions, Figure 6 reveals several important insights. Waitlist treatment and therapist
recruitment are not simple substitutes: in many regimes the optimal policy employs both, indicating
complementarity between the two. The role of waitlist treatment also evolves with system size,
shifting from broad deployment under severe therapist shortages to diagnosis-specific targeting as
staffing increases. Finally, recruitment costs shape not only whether additional therapists are hired
but also how and for which classes waitlist treatment is deployed, underscoring the importance of
coordinating waitlist treatment with workforce planning.
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Figure 6 Optimal waitlist-treatment and recruitment policy as a function of the fixed cost of waitlist treatment
and the therapist recruitment cost.

7. Conclusions and Future Directions
Amid rising demand for mental health services and persistent therapist shortages, supervised AI-
supported waitlist treatment offers a scalable means to support patients while alleviating system
pressure. We develop an analytical framework that integrates waitlist treatment, scheduling, and
therapist recruitment within a multi-class, multi-server queueing model, capturing both implementa-
tion costs and key behavioral features of psychotherapy, including no-shows, dropouts, heterogeneous
treatment effects, and recovery-based abandonment.
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Using a fluid approximation, we reformulate the control problem as a tractable MILP whose

solution yields both the optimal waitlist-treatment configuration and a simple, index-based scheduling

rule. Numerical experiments show that the resulting policy closely matches the exact MDP solution

in small systems and remains robust across system scales and service-time distributions. They also

reveal an interaction between waitlist treatment and therapist recruitment. A case study calibrated

to a representative VHA mental health unit demonstrates that supervised waitlist treatment can

substantially improve system performance while reducing the need to recruit additional therapists,

underscoring the value of analytically guided AI support in workforce-constrained mental health

systems.

Future research may extend this framework to time-varying and transient settings, such as those

arising after mass-trauma events or natural disasters, where demand surges and resource availability

change rapidly. Understanding how waitlist treatment should adapt in these environments may yield

insights for designing interventions that are effective in the short run and resilient over time.

Another important direction is to incorporate AI-based support for patients with substance use

disorders following rehabilitation, a critical period characterized by high relapse risk and the need for

continuous support. Given the scale of the crisis—approximately 600,000 drug-related deaths globally

each year, with nearly 80% involving opioids (World Health Organization 2024)—AI-based support

has the potential to generate substantial societal benefits. In this context, operational and dynamic

models can play a key role in designing and optimizing policies under behavioral responses such as

moral hazard (Cai and Zychlinski 2025), which may arise if patients rely excessively on AI-based

support, potentially reducing engagement with treatment or increasing the risk of relapse.
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Appendices
Appendix A: MDP Formulation and Average-Reward Bellman Equations
This section provides the average-reward Bellman equations and summarizes the MDP structure used to
compute the optimal policy in Section 5. Our objective is the long-run average expected net benefit in (1).

Uniformization and state-space truncation. To compute the MDP numerically, we apply uniformization
to the continuous-time controlled Markov process. The resulting discrete-time MDP has the same average
reward (up to time scaling). It suffices to use X as the state, since the queue lengths are determined by the
action via Qi =Xi −Zi, i∈ I.

Since the state space is countably infinite, we truncate it by imposing upper bounds Xi ≤Xmax = 10N for
each class i∈ I. At the truncation boundary, arrival rates to Class i are set to zero when Xi =Xmax, so that
the truncated process remains well defined and stable. We verified that increasing Xmax does not materially
affect the computed optimal policy.

For each state X, the feasible server-allocation set is

Z(X) :=

{
Z ∈Z|I|

+ : 0≤Zi ≤Xi,
∑
i∈I

Zi ≤N

}
.

Average-reward Bellman equation (fixed W ). Fix a waitlist-treatment configuration W ∈ {0,1}|I|. Let
gW denote the optimal long-run average reward under W , and let hW (X) denote the associated relative
value (bias) function. The average-reward Bellman optimality equations are

gW +hW (X) = max
Z∈Z(X)

{
rW (X,Z)+

∑
X′

PW (X ′ |X,Z)hW (X ′)

}
, (A.1)

where
rW (X,Z) =

∑
i∈I

[
riZi −

(
ci −Wi(ci − cwi )

)
(Xi −Zi)

]
−
∑
i∈I

f̄iWi,

and PW (· |X,Z) are the transition probabilities of the uniformized chain.
Uniformized relative value iteration (RVI) operator. In computation, we apply uniformization with

constant Λ and use the equivalent RVI operator. Let ei denote the unit vector in R|I|, and Λ denote the
upper bound on the total transition rate over all admissible states and actions. The RVI operator takes the
explicit form

Ξ(X) =
1

Λ
max

Z∈Z(X)

{
rW (X,Z)+

∑
i∈I

λiΞ(X + ei)+
∑
i∈I

(µi + γi)ZiΞ(X − ei)+
∑
i∈I

θWi (Xi −Zi)Ξ(X − ei)

+

(
Λ−

∑
i∈I

λi −
∑
i∈I

(µi + γi)Zi −
∑
i∈I

θWi (Xi −Zi)

)
Ξ(X)

}
, (A.2)

where θWi := (1−Wi)θ
n
i +Wiθ

w
i .

The optimal average reward gW is obtained from the convergence of the RVI algorithm.
MDP structure and solution method. Under any stationary policy, the induced Markov chain is unichain:

from any state there is a positive probability of reaching the empty state due to service completions and
abandonment, while arrivals ensure recurrence of the reachable state space. Consequently, the long-run
average reward is independent of the initial state. For each fixed W , we solve the resulting finite-state
average-reward MDP using RVI, and select the configuration W that yields the highest average benefit.
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Appendix B: Proof of Proposition 1

We begin with Problem (2) and substitute the expression for q̄i from the constraint (4) into the objective
function. This yields∑

i∈I

[
riz̄i −

(
ci −wi(ci − cwi )

)(1−wi

θni
+

wi

θwi

)(
λi − (µi + γi)z̄i

)
− f̄iwi

]
=
∑
i∈I

[
riz̄i +(µi + γi)z̄i

(
ci
θni

(1−wi)+
cwi
θwi

wi

)
−λi

(
ci
θni

(1−wi)+
cwi
θwi

wi

)
− f̄iwi

]

=
∑
i∈I

[(
ri +(µi + γi)

(
ci
θni

(1−wi)+
cwi
θwi

wi

))
z̄i −λi

(
ci
θni

(1−wi)+
cwi
θwi

wi

)
− f̄iwi

]
,

(B.3)

where the first equality uses the fact that wi ∈ {0,1}.
To verify this step, consider the two possible cases:
• If wi = 0 (no waitlist treatment), then

ci −wi(ci − cwi ) = ci,
1−wi

θni
+

wi

θwi
=

1

θni
,

and hence (
ci −wi(ci − cwi )

)(1−wi

θni
+

wi

θwi

)
=

ci
θni

.

• If wi = 1 (waitlist treatment is provided), then

ci −wi(ci − cwi ) = cwi ,
1−wi

θni
+

wi

θwi
=

1

θwi
,

and therefore (
ci −wi(ci − cwi )

)(1−wi

θni
+

wi

θwi

)
=

cwi
θwi

.

Combining both cases yields
ci
θni

(1−wi)+
cwi
θwi

wi,

which justifies the first equality in (B.3). The second equality follows by grouping the terms that multiply
z̄i.

Using the Pi indices defined in (4), the objective in (B.3) can be rewritten as∑
i∈I

[(
Pi(1−wi)+Pw

i wi

)
z̄i −λi

(
ci
θni

(1−wi)+
cwi
θwi

wi

)
− f̄iwi

]
. (B.4)

We now apply McCormick linearization (McCormick 1976). Introduce the auxiliary variable yi :=wiz̄i for
each i∈ I. Since wi is binary, we have yi = 0 when wi = 0 and yi = z̄i when wi = 1.

The McCormick envelope yields the linear constraints appearing in Problem (3). The first two constraints
ensure q̄i ≥ 0 and enforce the capacity constraint, while the remaining constraints implement the exact
linearization of yi =wiz̄i using the bound z̄i ≤ λi/(µi + γi). Because wi ∈ {0,1}, these constraints guarantee
yi =wiz̄i exactly.

Therefore, Problem (3) is an equivalent MILP reformulation of Problem (2), and can be solved using
standard MILP solvers. Q.E.D.
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Appendix C: Parameter information for numerical experiments

In all numerical experiments presented in Section 5, we consider two representative patient classes corre-
sponding to MDD and AD.

Table C.1 summarizes the parameter values for each class, for the experiments corresponding to Table�1.
Here, N denotes the number of servers (therapists) in the system, and arrival rates are scaled proportionally
with N to preserve the relative class proportions from the VHA calibration.

Table C.1 Parameter values used in the numerical experiments of Section 5. Class A corresponds to Major
Depressive Disorder (MDD) and Class B corresponds to Anxiety Disorders (AD). All parameters are derived from

the VHA calibration in Section 6.
Parameter Description Class A (MDD) Class B (AD)
λi Arrival rate (weekly) 81N/50 57N/50
µb
i Baseline service rate 2.96 2.96

βi Show-up probability 0.82 0.82
µi = βiµ

b
i Effective service rate 2.43 2.43

γi Dropout rate (weekly) 0.0067 0.0067
θni Baseline abandonment rate 0.04 0.04
θw,p
i Positive abandonment rate 0.06 0.06
θw,n
i Negative abandonment rate 0.0005 0.0005
bi Treatment benefit 12,000 9,000
hi Holding cost (weekly) 324 196
hw
i Holding cost under waitlist treatment 32.4 19.6

ai Supervision cost (weekly) 1 1
αn

i Abandonment penalty 240 180
αw,n

i Abandonment penalty (waitlist) 120 90
hd
i Dropout cost 120 90

f̄i Weekly overhead cost 640 640

In the experiments corresponding to Figures 2 and 3, the arrival rates are set to λA = 81N/45 and λB =

57N/20, with N ∈ {5,10,15,20,25}; the treatment benefit of Class A is set to bA = 6,000, and the overhead
cost of Class A is set to f̄A = 128,000. This specification reflects resource-intensive AI interventions for Class
A with limited clinical effectiveness. In the experiment presented in Figure 4, the arrival rates are set to
λA = 27 and λB = 28.5, and the treatment benefit of Class A is set to bA = 3,000. All other parameters remain
consistent with those reported in Table C.1.
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