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Abstract

In complex clinical decision-making, clinicians must
often track a variety of competing metrics defined
by “aim” (ideal) and “limit” (strict) thresholds. Sift-
ing through these high-dimensional tradeoffs to infer
the optimal patient-specific strategy is cognitively de-
manding and historically prone to variability. In this
paper, we address this challenge within the context
of High-Dose-Rate (HDR) brachytherapy for cervi-
cal cancer, where planning requires strictly manag-
ing radiation hot spots while balancing tumor cover-
age against organ sparing. We present ALMo (Aim-
Limit-defined Multi-Objective system), an interac-
tive decision support system designed to infer and op-
erationalize clinician intent. ALMo employs a novel
optimization framework that minimizes manual input
through automated parameter setup and enables flex-
ible control over toxicity risks. Crucially, the sys-
tem allows clinicians to navigate the Pareto surface
of dosimetric tradeoffs by directly manipulating in-
tuitive aim and limit values. In a retrospective eval-
uation of 25 clinical cases, ALMo generated treat-
ment plans that consistently met or exceeded man-
ual planning quality, with 65% of cases demonstrat-
ing dosimetric improvements. Furthermore, the sys-
tem significantly enhanced efficiency, reducing aver-
age planning time to approximately 17 minutes, com-
pared to the conventional 30-60 minutes. While val-
idated in brachytherapy, ALMo demonstrates a gen-
eralized framework for streamlining interaction in
multi-criteria clinical decision-making.

Data and Code Availability This study utilizes a ret-
rospective dataset consisting of fully anonymized clini-
cal cases collected from the Stanford University School
of Medicine. Due to patient privacy protections and insti-
tutional data usage policies, the raw clinical data are not
publicly available. The source code is available at this
repository'.

Institutional Review Board (IRB) This study was ap-
proved by the IRB of Stanford University. It is under IRB
38480.

1. Introduction

High-dose-rate (HDR) brachytherapy for cervical can-
cer operates in a high-stakes clinical environment where
sealed radiation sources are positioned directly within or
adjacent to cancerous tissue. The treatment planning pro-
cess presents a formidable optimization challenge because
it must be performed intraoperatively while the patient re-
mains under anesthesia with applicators in place. Achiev-
ing an optimal treatment plan is essential for clinical suc-
cess, as it directly dictates tumor control and the sever-
ity of acute or long-term toxicity. However, significant
anatomical variability among patients creates an expan-
sive solution space that complicates the search for ideal
dosimetric distributions. This time-sensitive nature of in-
traoperative planning is particularly critical, as extended
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planning durations correlate with prolonged anesthesia
exposure, increased patient discomfort, and elevated risks
of positional uncertainties that may compromise treatment
accuracy (Craft et al., 2012).

To address these complexities, multi-objective opti-
mization (MOOQO) techniques have emerged as tools for
HDR brachytherapy planning (Ruotsalainen et al., 2010;
Deufel et al., 2020; Dinkla et al., 2015). These meth-
ods assist clinicians in navigating the inherent trade-offs
between competing objectives, primarily the maximiza-
tion of tumor coverage versus the minimization of radia-
tion exposure to organs-at-risk (OARs). The central ten-
sion typically involves ensuring sufficient radiation to the
planning target volume (PTV) while protecting adjacent
healthy tissues such as the bladder, rectum, and bowel.
For example, increasing tumor coverage from 90% to
95% may theoretically improve efficacy, but such an ad-
justment often risks exceeding safe radiation thresholds
for nearby organs. While MOO frameworks provide a
mathematical basis for these decisions, they often strug-
gle to fully capture the nuanced preferences required in
clinical practice.

This gap between algorithmic potential and practical
utility manifests as significant limitations regarding plan
quality, computational efficiency, and user interaction.
From a quality standpoint, existing optimizers frequently
fail to explicitly account for radiation toxicity hot spots,
defined as regions receiving 200% of the prescription
dosage (Morén et al., 2019), in the sensitive areas sur-
rounding the PTV and OARs. Efficiency is also a ma-
jor concern, as the high-dimensional nature of the dosage
trade-off space typically requires extensive computational
time that hinders rapid, patient-specific exploration. Fur-
thermore, current systems lack interactive mechanisms to
incorporate institutional protocols directly, such as Amer-
ican Brachytherapy Society guidelines that specify ideal
"aim" values (e.g., 513 cGy for the bladder) and strict
"limit" constraints (e.g., 601 cGy) (Romano et al., 2018).

In this paper, we present ALMo (Aim-Limit-defined
Multi-Objective system), an interactive decision support
system designed to bridge the gap between algorithmic
optimization and clinical workflow. ALMo operational-
izes clinical intuition by allowing users to directly ma-
nipulate aim and limit values to navigate the dosage
trade-off surface. Unlike existing tools that often require
substantial manual setup or ignore critical toxicity met-
rics (Deufel et al., 2020), ALMo employs a three-stage
pipeline. This system automates initialization, enables di-
rect control over radiation hot spots in sensitive regions
(Carrara et al., 2017; Limkin et al., 2016), and provides
an efficient mechanism for iterative plan refinement, ad-
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dressing a common usability barrier in MOO frameworks
(Kyroudi et al., 2016; Bokrantz and Miettinen, 2015).
Through this approach, ALMo streamlines the planning
process to simultaneously enhance quality, efficiency,
and interaction.

We retrospectively evaluated ALMo on 25 clinical
cases to demonstrate its practical utility and performance.
Regarding plan quality, the system consistently generated
clinically viable plans, with 65% of cases showing minor
to major improvements in dosimetric metrics compared to
manual planning. In terms of efficiency, ALMo reduced
the average planning time to approximately 17.6 minutes,
an improvement over traditional workflows that typically
range from 30 to 90 minutes. Finally, our evaluation of
clinician interaction revealed that the system’s integrated
visualization tools were sufficient for plan assessment in
66.7% of cases, significantly reducing the reliance on ex-
ternal software and confirming the system’s ability to fa-
cilitate effective clinical decision-making.

2. Related Works

MOO has emerged as a prominent methodology for en-
hancing the efficiency and quality of HDR brachytherapy
treatment planning. Several studies have demonstrated
that MOO frameworks can streamline the planning pro-
cess by automating the trade-off analysis between com-
peting dosimetric objectives (Kierkels et al., 2015; Kam-
ran et al., 2016; Xiao et al., 2018). While approaches such
as those by Cui et al. (2018a) and Cui et al. (2018b) allow
clinicians to review batches of proposed plans, these sys-
tems often restrict users to a single iteration or lack the
mechanisms for fine-grained exploration of specific met-
ric constraints (Dickhoff et al., 2025; Goli et al., 2018;
Oud et al., 2020). Similarly, while Bélanger et al. (2019)
focused on accelerating these optimizations via GPU-
based architectures, hardware acceleration alone does not
resolve the fundamental challenges regarding clinical us-
ability and preference elicitation.

Despite current advancements, existing interactive
tools face significant limitations in their workflow inte-
gration and dosimetric scope. For instance, the Pareto
frontier navigation tool (PNaV) introduced by Deufel
et al. (2020) enables exploration across a 30% dose range
but requires substantial manual parameter setup and no-
tably excludes critical hot spot metrics. In a different
vein, Jafarzadeh et al. (2024) proposed a multi-objective
Bayesian optimization framework to determine optimal
penalty weights. However, their approach prioritizes the
exhaustive population of the Pareto frontier rather than fa-
cilitating a clinically guided exploration of the solution
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space. Consequently, these methods often lack efficient
mechanisms for iterative plan refinement that allow clini-
cians to navigate within relevant clinical bounds (Kyroudi
et al., 2016; Bokrantz and Miettinen, 2015; Bélanger
et al., 2022).

Beyond interactive navigation, a parallel research
thread has explored automated preference learning to re-
duce clinician burden. Inverse optimization methods
have been developed to infer objective function weights
from historical treatment plans, enabling prediction of
clinician-acceptable parameters for new patients (Babier
et al., 2018; Boutilier et al., 2015). More recently, Ajayi
et al. (2022) proposed a bilevel optimization framework
for sparse objective selection in prostate cancer treatment.
While these data-driven approaches reduce planning time,
they typically require large training datasets and may not
generalize across institutions with differing protocols.

Deep learning approaches have also emerged for dose
prediction in cervical brachytherapy (Ma et al., 2022; Yu
etal., 2024; Gronberg et al., 2021; Liu et al., 2021; Babier
et al., 2021), though these methods focus on predicting
achievable dose distributions rather than facilitating in-
teractive trade-off exploration. ALMo distinguishes itself
by combining the safety benefits of constrained optimiza-
tion with an interactive framework that preserves clinician
agency through intuitive aim-limit manipulation. We fur-
ther stress the added controllability of our approach as a
major advantage over deep learning ones.

A particularly critical gap in current MOO frameworks
is the inadequate management of radiation toxicity in sen-
sitive anatomical regions. Neglecting control over hot
spots in the cervical and vaginal mucosa can significantly
impact patient morbidity (Carrara et al., 2017; Limkin
et al., 2016). Integrating these additional constraints into
standard optimization models typically results in a com-
binatorial explosion of weight parameters, rendering the
problem computationally intractable for real-time clini-
cal use. Without integrating explicit constraints, Carrara
et al. (2017) compares various different optimization al-
gorithms’ implicit effectiveness towards reducing toxicity
levels. Morén et al. (2023) proposes to include a gen-
eral proximity-based penalty to the optimization model.
ALMo addresses these deficiencies by providing a system
that integrates automated parameter setup, explicit toxi-
city control for sensitive tissues, and an interactive aim-
limit interface for intuitive Pareto surface navigation.

3. Background

We follow a similar setup and notation as described in
Deufel et al. (2020). For each patient, we are given a set
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of computed tomography (CT) slices, where the planning
target volume (PTV) and organs-at-risk (OAR) (bladder,
rectum, and bowel) contours have been pre-segmented.
We denote the set of voxels as V' and the set of OAR as
O. The set of applicators we use for our experiments con-
sists of the tandem, right and left ovoids, and a variable
number of needles. We are provided the dwell positions
of the applicators, denoted as T'. Let d € RIV| be the ra-
diation dosage distribution, ¢ € RI”! be the dwell times
for each of the dwell locations, and G € RIVI*ITI pe the
radiation dosage rate matrix, where G; represents the ra-
diation dosage (in units of cGY) deposited in voxel ¢ from
the dwell source j at unit strength (f = 1 second). This
was calculated with the TG-43 dose calculation formalism
(Rivard et al., 2004). Thus, the above values are related
by d = Gt.

The clinical objectives are represented by a vector-
valued function f = (fi,..., fix|) : R‘Jyl — lel of
d € D, where each component fj, is a dosimetric met-
ric for a structure & in the set of optimized structures K.
These are standard dose-volume-histogram (DVH) met-
rics, such as PTVy 7o or Bladder Ds... Since standard
DVH metrics are often non-convex, we use a convex ap-
proximation for each objective known as the Truncated
Conditional Value-at-Risk (TCVaR) metric (Wu et al.,
2020). TCVaR can be applied to either the high-dose or
low-dose tail of a distribution. For OARs, where the goal
is to limit high doses, we apply the metric to the high-dose
tail and denote it as 6;. Conversely, for the PTV, where
the goal is to maximize coverage, we apply it to the low-
dose tail and denote it as ¢, . Additional mathematical de-
scription and background information on multi-objective
optimization are provided in Appendices A.1 and A.2.

4. ALMo: Decision Support System

ALMo consists of three components designed to improve
the quality, efficiency, and interaction capabilities of the
cervical cancer brachytherapy treatment planning process:
(1) Treatment Plan Optimization, which uses a multi-
objective optimization linear program to resolve a sin-
gle treatment plan on the Pareto frontier, while control-
ling for hot spots toxicity values, (2) Iterative Clinician
Exploration, which assists the clinician with navigating
across subsets of the high-dimensional Pareto frontier by
way of multi-objective aim and limit slider bars and inter-
pretable visualization methods, and (3) Automated Plan-
ning Parameter Setup, which comprises of a series of al-
gorithms designed to improve the efficiency of the tool by
pre-calculating starting points with minimal manual input.
A figure of the entire pipeline is shown in Figure 1. Within
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Figure 1: Diagram of the full pipeline for ALMo. Auto-
mated Planning Parameter Setup only happens once in the
beginning of the pipeline, whereas Treatment Plan Op-
timization and Iterative Clinician Exploration both con-
tribute to the interactive nature of the tool.

Constrain Search Space:
Epsilon-Ratio Method

ALMo, Automated Planning Parameter Setup occurs first,
sequentially, however we organize our sections as ordered
above for a more intuitive explanation.

4.1. Treatment Plan Optimization

We lay out the foundation of our treatment plan optimiza-
tion in Section 4.1.1 and use it to control for toxicity in
Section 4.1.2.

4.1.1. MULTI-OBJECTIVE PLAN OPTIMIZATION

To construct a library of HDR treatment plans represent-
ing different clinical trade-offs, we use an e-constraint
multi-objective optimization approach (Romeijn et al.,
2003; Holm et al., 2013; Deufel et al., 2020). This method
generates Pareto-optimal plans by solving a sequence of
convex optimization problems. Each problem maximizes
PTV coverage while ensuring that OAR doses do not ex-
ceed specific limits, €. The general form of this problem
is:

0
0

maximize
subject to

—~~

)

)S €k,
Gt

0

-
VATl

where k = 1 corresponds to the PTV structure. Con-
structing the finite library of treatment plans is formu-
lated as a sequence of linear programs, (Equation 1), cen-
tered around a reference treatment plan with the CVaR
metrics 4T = (4L ,’yr;f‘mt) (Appendix A.1).
The reference treatment plan is based on an initial dosage
distribution d*** (d = d™). To specify the trade-off
library resolution, we use a set of metric value ratios,
denoted as R; for structure k. For instance, to obtain
a desired range of the kth metric as approximately +
15% of f1,(di™), with resolution (A) of 10%, we use

J

95

r € R, = {—0.15,-0.05,0.05, 1.15}. Formally,

Ry ={ri|re =0l +cAr,ceNyrg <ug}  (2)
where {j, uj denote the lower and upper bounds, re-
spectively. Each of the values r, € Ry is multiplied
by """ to determine the values ¢}, on the right-hand
sides of the first set of constraints in the linear program
above. We denote optimization problem (Equation 1) as
g: R C R‘fl*l — D C RLV‘. For notation purposes,
we use 7 € R to denote an individual treatment plan. To
obtain a representation of the Pareto frontier, we perform
a grid search over the set R = Ry X ... X Rjg\(pTV}|
(where K is the set of structures we optimize over), which
depending on | Ry|, can become extremely computation-
ally demanding due to the combinatorial explosion of val-
ues. Section 4.3 discusses how we propose to resolve that.

4.1.2. MULTI-OBJECTIVE HOT SPOTS TOXICITY
CONTROL

In arelated study (Van Der Meer et al., 2018), it was found
that not controlling for hot spots in the areas surrounding
the PTV resulted in undesirable dosage distributions due
to radiation toxicity levels. To address such an issue, we
use a method, similar to Morén et al. (2021), in which ar-
tificial structures are added to the optimization model (1)
to obtain finer-grained control over the dosage distribution
in those regions. The artificial structures target the follow-
ing hot spot regions (HSRs) - cervical, vaginal mucosa,
and surrounding needle regions (Ladbury et al., 2023; El-
burg et al., 2023). We denote the set of HSRs as H, where
HUOU{PTV} = K and O is the set of OAR.

The following steps are done to create the artificial
structure for the cervical and vaginal mucosa regions: (1)
create an artificial ring which consists of all voxels within
a distance of ., from the PTV contour, (2) set only
the dwell times for the ovoids, which are initialized from
the standard point A normalization loading pattern, also
described by Kirisits et al. (2005), (3) select the hottest
w% of the voxels in the artificial ring, from the result-
ing dosage distribution from (2), to be used as the mu-
cosa region artificial structure, (4) use remaining voxels
in the artificial ring as the cervical region artificial struc-
ture. The intuition behind only setting the dwell times
for the ovoids is the ovoid applicators are often position-
ally set to be closest to the vaginal mucosa region (Serban
et al., 2021). The artificial structure surrounding the nee-
dle is then defined as all voxels within a distance of ),
from each of the needle dwell positions. Exact parameter
values are in Appendix A.5.



AIM-LIMIT-DEFINED MULTI-OBJECTIVE SYSTEM FOR CE

4.2. Iterative Clinician Exploration

4.2.1. MULTI-OBJECTIVE AIM-LIMIT DEFINED
DOSAGE TRADE-OFFS MODELING

As validation of each treatment plan displayed to the clin-
ician is time-consuming, we aim to display only a sparse
set of treatment plans, M, from a subset of the tradeoff
surface defined by the clinician’s aim and limits, denoted
as agim and aﬁjm, respectively, for each fj, Vk € K. Con-
sider one of the objectives described earlier in Section 3
— PTVy700. For a given patient, the clinician will of-
ten wish to administer a treatment plan which achieves a
minimum desirable level, say 90% PTVy7qg, in order to
decrease the tumor size. In this case, a higher PTVy-7gg
value, say 93%, would be even better. However, upon
reaching a certain threshold, typically 95%, additional
gains in PTVy7gg typically offer diminishing utility due
to various clinical reasons, such as radiation toxicity and
other side effects (i.e. decreasing utility in the other ob-
jectives), and eventually saturate. In this case, the utility
may saturate at 100% PTVy 799, which we term as the sat-
uration point — additional gains provide no utility.
Operationalizing Clinical Priors. To operationalize
these clinical priors, we translate the aim and limit val-
ues into a mathematical utility function, based on the con-
cept of soft-hard utility functions (SHFs) (Chen et al.,
2024). This function formalizes the notion of soft and
hard bounds: it heavily penalizes plans that violate the
limits, rewards improvements towards the aim values,
and reflects the diminishing returns for gains beyond the
aim. Specifically, assuming that we want to maximize f,
SHFs maps fj, to a utility space in which (1) the values of
fx which fall below o™ map to — inf, the mapping is (2)
concave when fj, > azim, (3) saturated when f, > of,
and is (4) overall monotonically increasing in fj.

Following Chen et al. (2024), we define the SHF utility
function to be as follows:

1+28(@" —a*m)  olz)>a”
1 +2ﬂ(gb(m) _ daim) aaim < (p(%’) < a’
1 (P(IZ’) — aaim

uﬁ?(x) = 2(’5(:”) alim < (P(l') < aaim
0 p(z) =™
—00 o(z) < '™

3)
where @(x) and & are the soft (aim) -hard (limit) bound
normalized values?, o7, the saturation point, determines

2. Normalization, for value z, is performed according to the aim and
limit values, %™ and o!*™, respectively, using: 2 ((z —
alzm)/(aazm _ alzm)) %05

RVICAL CANCER BRACHYTHERAPY TREATMENT PLANNING

where the utility values begin to saturate *, and 3 € [0, 1]
determines the fraction of the original rate of utility,
in [a!"™ a®™], obtained within [@®™,a7]. In ALMo,
we find that SHFs naturally encode the clinician-defined
constraints, represented by {a%™ a!"™}, allowing us to
leverage SHFs to obtain treatment plans which respect
such bounds with the following optimization problem
max,epr Sx(us(g(r))) where uy = [uyg,, ... up .l
Obtaining Sparse Set Of Treatment Plans. Given that
the clinician’s precise preferences are unknown, our ob-
jective is not to find a single optimal plan. Instead, we
aim to present a small, diverse set of high-quality plans
that is robustly representative of the solutions within the
user-defined bounds. This set is intentionally kept small to
avoid overwhelming the clinician, thereby reducing cog-
nitive load.

Formally, we assume the clinician has a hidden set of
preferences, A*, among the X' DVH metrics, such that the
solution to max,cr sx-(us(g(r))) represents the ideal
solution on the dosage trade-off surface. Therefore, we
wish to return the set of treatment plans, M, which con-
tains the unknown m* = arg max,.cp s~ (uy(g(r))), i.e.
the ideal treatment plan that the clinician would like for
the patient. Since A* is known to us, we want a set M
which is robust against all potential preferences among
the K DVH metrics. Furthermore, |M| < o for some
small integer value p as we want to avoid overwhelming
the clinician with too many treatment plan options. As a
result, we formulate our general problem of obtaining the
sparse set of treatment plans M from the regions defined
by the soft and hard bounds as:

max,enr Sx(us(g(r)))
maX,cR Sx (Uf (g(r)))

“4)

max min
MCR,|M|<g A€A

While Chen et al. (2024) proposed a general two-step
framework, MoSH, for solving Equation 4, we conceptu-
alize the specific application of it to brachytherapy next.
Step 1, MoSH-Dense, aims to obtain a dense set of Pareto
optimal treatment plans according to the aim and limits,
which step 2, MoSH-Sparse, then sparsifies before return-
ing to the clinician.

Step 1: MoSH-Dense. The goal for this step is to obtain a
dense set of Pareto optimal treatment plans, which are ro-
bust against the worst-case potential A*, according to the
aim and limit values set by the clinician. As a result, the
problem formulation is similar to Equation 4, however, for
computational feasibility, we use the average-case maxi-
mization. As a result, we formulate the problem of sam-

3. We determine " to be at¥™+¢ (™
set ( = 2.0.

— ali™), for ¢ > 1.0. We
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pling treatment plans within the aim-limit regions as:

max,c o SA(Uf (g(r)))
maX,cR Sx (Uf (g(r)))

max Exepin
MPCRMP|<op NP

&)
where we assume p(A) is the prior with support A im-
posed on the set of DVH metric trade-off values. To
solve Equation 5, we employ a modified version of the
dense sampling procedure from Chen et al. (2024), where
we aim to sample from a discrete and constrained input
space instead. We find that doing so prevents exploration
of undesirable regions of the input space and greatly im-
proves the computational efficiency, which we highlight
further in Section 5.2. To further improve computational
efficiency, we provide a warm start by first employing
a coarse grid search over Rf, g(r) Vr € R, where
R}; = {7";C | r,]; = EL*FCAL,C €N, 7’,1 < ug} We then use
simple piecewise linear interpolation for a finer-grained
input space, §(r) Vr € R*, where ﬁ = é;i, ui = u;i,
and Ai < AL V k € K\{PTV}. The dense set of treat-
ment plans, M P is then sampled from this input space,
R*. The full algorithm is depicted in Algorithm 1.

Algorithm 1: MoSH-Dense: Treatment Plan DVH
Metric Trade-Offs Sampling Algorithm

Initialize aim and limit values {a¢"™, ™} v
ke K]
Conduct coarse grid search g(r) Vr € Rf;
Perform fine-grained piecewise linear interpolation
a(r) Vr € RY;
Initialize MP « (;
while | MP| < oP do
Obtain A ~ p(A);
7 argmax,cps $x(ur(9(r)));
Obtain y + f(g(r)) ; // Evaluate
treatment plan DVH metrics
MP « MP u{y};
end
return M/ P

Step 2: MoSH-Sparse. MoSH-Dense provides a dense
set of Pareto optimal treatment plans M. The goal for
MoSH-Sparse is now to sparsify M? such that it pro-
vides the clinicians with an easily navigable set of treat-
ment plans, M S which is still as robust to the worst-case
A*. To do so, MoSH-Sparse leverages the concept of sub-
modularity, which here captures the notion of diminish-
ing returns in utility for each additional treatment plan the
clinician validates. Equation 4 is then formulated as a ro-
bust submodular observation selection (RSOS) problem
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Algorithm 2: MoSH-Sparse: Treatment Plan Pareto
Frontier Sparsification
Input: F,..., Fja, 0,9
Qmin — O; Qmax — mini Fz(MD)’ Mbsest «— (D;
while (¢max — gmin) > 1/|A| do
q — (qmin + Qmax)/Q;
Define
Fy (M%) « (1/|A]) 32y min{ F;(M*), ¢};
MS « GPC(F,,q) ; // Algorithm 3
it |MS| > ¢k then
| Gmax < @
else
‘ Ggmin < ¢;
end

M5, « MS;

best

end

as such (Krause et al., 2008):

|

where the term F), is proven to be submodular. To solve
Equation 6, we directly employ MoSH-Sparse, which is
guaranteed to find solutions which are at least as informa-
tive as the optimal solution, only at a slightly higher cost:
[MS| < 4o, for ¢ = 1 + log(max,eprp Y-, F;({r})).
The full algorithm is presented in Algorithms 2 and 3. The
returned set, M° (M), is a sparse set of treatment plans,
obtained according to the clinician-defined aim and limit
values, which is then displayed to the clinician. Further
details may be found in Chen et al. (2024).

max,¢prs Sa(us(z))

)] (6)

ax min

m.
MSCMP,|MS|<g AeA | maX,.cprp Sx(uf(x))

Fx

Algorithm 3: Greedy Submodular Partial Cover
(GPC) Algorithm (Krause et al., 2008)
Input: Fq, q
Output: M, the selected set
M <+ 0
while F,(M?%) < g do
foreach m € MP \ M*° do
‘ Om Fq(MS U{m}) — Fq(MS);
end
MS « M% U {argmax,, 0, };
end

This framework is inherently interactive; the aim and
limit sliders serve as a feedback mechanism, allowing the
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system to iteratively infer the clinician’s latent preferences
by observing how they adjust these soft-hard bounds. We
discuss this in Appendix A.3.1.

4.2.2. MULTI-OBJECTIVE TREATMENT PLANNING
VISUALIZATION

Global Tradeoffs Understanding. ALMo’s visualiza-
tion framework provides a comprehensive representation
of the multi-objective treatment planning space through
two complementary views. The system enables intuitive
exploration of dosage trade-offs in the DVH metrics space
through a parallel coordinates visualization, where treat-
ment plans are displayed, with the clinician-defined aim
and limit values clearly delineated (Figure 2). This visual-
ization is supplemented by an interactive tabular interface
with the numerical metrics, facilitating precise quantita-
tive assessment (Figure 3).

%
A3

IEEREERERE

Figure 2: Global Tradeoffs Visualization. Parallel coor-
dinates plot displaying one iteration of treatment plans on
the Pareto frontier is shown. Each of the parallel coordi-
nates displays the DVH metrics corresponding to a single
treatment plan. This plot is displayed in the center of the
tool GUL

Local Tradeoffs Understanding. To facilitate indepen-
dent operation from conventional treatment planning sys-
tems, we developed ALMo-Viz-Explain, an integrated vi-

PTV_V700 ?;:‘;‘;:"'.,—1';1“ :‘:;;‘;Ts—“;z“ (’4"1“‘;‘/';&2)“ Cervix_D2cc Needle_D2cc Mucosa_D2cc uid

0997 48198 337.99 46174 111907 92187 818.89 3 [Select]
099 %083 369.69 466.27 109153 10841 137342 6 [select|
0%z 45032 31443 419,02 102062 89604 805.4 9 [select

0573 4325 315.97 41235 103913 895.02 834.48 7 [select]
0966 439.42 308 405,65 10351 89132 78437 2
036 43338 306.64 40148 947 889.19 79773 1
0953 4315 305.97 399,66 919.28 889 808.19 0 [select]
0943 42453 30191 398.24 875.62 86454 782.09 4
0831 4314 290,98 395.41 83487 859.34 7522 5 [Select]
0881 40934 20151 30241 911.28 80974 70772 8 [select]

Figure 3: Global Tradeoffs Understanding. Interactive
table displaying the dose-volume-histogram (DVH) met-
rics for the planning target volume (PTV), organs-at-risk
(OARs), and all of the regions at risk of hot spots. This
table appears directly below Figure 2 in the tool GUI.
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sualization grid that systematically presents critical lo-
cal dosimetric information. This component streamlines
the evaluation workflow by minimizing the need for plat-
form switching during plan assessment. The visualiza-
tion grid employs a two-tiered structure for comprehen-
sive plan evaluation. The upper tier presents CT slices
from anatomically significant viewpoints: axial, sagittal,
and coronal planes. Following established clinical pro-
tocols for HDR brachytherapy visualization*, we identify
key anatomical landmarks: the central tandem applicator
plane, the characteristic pear-shaped isodose distribution
plane, and the optimal tandem applicator visibility plane —
displayed from the axial, sagittal, and coronal viewpoints,
respectively. The lower tier focuses on regions of poten-
tial toxicity concern, displaying axial slices corresponding
to peak dosage regions in cervical, vaginal mucosa, and
needle regions (HSRs). Figure 4 demonstrates the ALMo-
Viz-Explain interface, which allows the clinician to take a
deeper look into a single treatment plan and quickly glean
the critical information.

Figure 4: Local Tradeoffs Visualization. Interpretability
figures, ALMo-Viz-Explain, for a single treatment plan
are shown. The top row displays the most salient views
from the axial, sagittal, and coronal perspectives, and the
bottom row displays the axial frames with the hottest re-
gions in the cervix, vaginal mucosa, and needle regions.

4.3. Automated Planning Parameter Setup

The Automated Planning Parameter Setup component es-
tablishes the computational foundation of ALMo through
three complementary algorithms that optimize the initial-
ization and exploration of the treatment planning space.

4. Based on standardized treatment planning protocols at the Stanford
University Medical Center and aligned with American Brachyther-
apy Society guidelines.
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First, the (1) Reference Plan Initialization Algorithm auto-
mates the creation of reference dosage distributions (used
in Section 4.1.1), which traditionally requires manual
clinician input. Second, the (2) Limiting Organs Predic-
tion Algorithm and (3) Epsilon-Ratio Method work to-
gether to constrain the search space of DVH metric trade-
offs (Section 4.1.1), significantly reducing computational
complexity while maintaining clinical relevance. These
algorithms, executed during system initialization, enable
efficient exploration of the tradeoff surface by establish-
ing appropriate search space bounds and identifying the
critical anatomical structures that most significantly influ-
ence the optimization process. Due to space constraints,
we discuss the Epsilon-Ratio Method below and include
the other algorithms in Appendix A.4.

4.4. Constrain Search Space: Epsilon-Ratio Method

As it is computationally infeasible to efficiently compute
a grid search covering the entire space of possible DVH
metric trade-offs, ALMo focuses only on the region of the
Pareto frontier which encompasses the reasonable range
of DVH values for each of the OARs (in this case, the re-
spective aim and limit values for each OAR). As described
in Section 4.2.1, we aim to determine the lower and up-
per bounds, EL and uL V k € K, which correspond to a
reasonable range of DVH values when defining the input
space RT. The challenge with this arises from the fact
that we are not aware of the 7, multipliers, when solv-
ing Equation 1, necessary to attain the reasonable range
of DVH values for each OAR. As a result, we want to
derive at least an approximate relationship between the
DVH metric and its convex approximation, the TCVaR,
for each region. In particular, we seek to determine the
relationship between the parameter €, which constrains
the TCVaR of the kth region of interest, and the aim and
limit, o™ and o)™, respectively, for the DVH metric of
the kth region of interest.

Ideally, we want to find some transformation 7" such
that setting 7, = T'(v) and constraining the convex op-
timization to 6, () < 7 * 7, """ closely approximates
fi(g(?)) =~ . We derive this transformation, using what
we refer to as the Epsilon-Ratio Method, by performing

{aim}
k

The Epsilon-Ratio Method provides us with a close ap-
proximation which we iteratively adjust until we find a
satisfactory 7, for each k € K for the grid search. Prior
to computing Rt (Section 4.2.1), we then set £}, = fgim,

~atm __

rk; . +,init

k

)
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ug = ™V k € K\{PTV}. The algorithm details are
shown in Algorithm 4.

Algorithm 4: Epsilon-Ratio Method

Obtain fy,(d™*), ;""" Vk € K \ H from reference
distribution di";

Calculate 7, Vk € K \ H for both aim and limit
using Equation 7;

Initialize step size c;

for oy, € {a¢'™ alm} Vk € K\ H do

while fi(g(7)) ¢ [ar — €, . + €] do
if fk(g(fk)) < oy then
T 7+
else
| Pef—c
end
end
end
5. Results

All experimental setup details are provided in Appendix
A.5. Results for the rest of the Automated Planning Pa-
rameter Setup component are in Appendix A.6.1.

5.1. Treatment Plan Optimization

To evaluate the quality of the treatment plans from Sec-
tion 4.1, we aimed to show that our proposed Equation
1 is (a) capable of producing clinically viable treatment
plans, and (b) capable of matching or exceeding the DVH
metrics of the treatment plans manually planned in the
clinic. We first retrospectively obtained 20 patient cases
from the clinic and worked with clinicians to devise a
grading scheme which assigns numerical scores to treat-
ment plans. We aimed to take into consideration the fol-
lowing factors: clinical viability, hot spots toxicity levels,
dosage distribution shapes, and relative improvements in
DVH metrics compared to those of the clinically treated
plan. The grading scheme is shown in Figure 5.

For each clinical case, we used ALMo to generate three
distinct treatment plans with varying DVH metrics. We
then asked a clinician to identify and grade the plan that
best aligned with their internal preferences. Planning time
was excluded from this analysis to focus solely on evalu-
ating the capabilities of our proposed method. As a base-
line, we used the optimization method from Deufel et al.
(2020). While this approach does not explicitly control
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Treatment Plan Grading Scheme (Relative To
Clinical Treatment Plan)

Grade 3: Major Deficiencies

* 200% of prescription dosage within the vagi-
nal mucosa region

e Only PTV is treated, no pear-shaped dosage
distribution

e Limits (not aim) exceeded on OARS
Grade 2: Minor Deficiencies

* 200% of prescription dosage outside of the
PTV

* No improvement in PTV coverage and OAR
metrics

Grade 1: Clinically Acceptable with Minor Im-
provements

* Minor improvements in PTV coverage [0.5-
3%] or OAR metrics [20-50 ¢cGY], while
keeping the other, PTV coverage or OAR
metrics, within 0.5% and 20 cGY, respec-
tively

Grade 0: Clinically Acceptable with Major Im-
provements

* Major improvements in PTV coverage [>
3%] or OAR metrics [> 50 cGY], while
keeping the other, PTV coverage or OAR
metrics, within 0.5% and 20 cGY, respec-
tively

Figure 5: Treatment Plan Grading Scheme. Treatment
plan grading scheme designed through discussions with
clinicians and used for evaluating treatment plans shown
in Tables 1 and 2.

for hot spot toxicity, we included it to empirically demon-
strate the necessity of such constraints for generating clin-
ically viable plans. Table 1 illustrates our results.

As shown in Table 1, ALMo is capable of produc-
ing treatment plans with minimal to no clinical deficien-
cies, often with DVH metrics which greatly improve upon
those of clinical treatment plans. The results further illus-
trate the importance of explicitly controlling for hot spots

Method GO Gl G2 G3
Ours 3 10 7 0

PNaV Treatment Plan (Deufel 0 0 2 18
et al., 2020)

Table 1: Treatment Plan Optimization Results. Treatment
plan grading results for 20 cases based on our clinician-
devised grading scheme (Figure 5). Grades refer to Grade
0 (GO) through Grade 3 (G3). For each case, three differ-
ent plans were selected and the clinician graded the plan
closest to their internal preferences. This evaluates the op-
timization component independent of planning time.

toxicity levels, which the baseline method fails to account
for — highlighting the clinical practicality of our method.

5.2. Iterative Clinician Exploration
5.2.1. END-TO-END EVALUATION

We retrospectively obtained another set of five patient
cases from the clinic (different from those in Section 5.1)
and conducted the following experiment. For each patient
case, we conducted three treatment planning trials uti-
lizing the Iterative Clinician Exploration component. In
each trial, we iteratively adjusted the aim and limit values
based on observed treatment plans at each iteration and
stopped once we were satisfied with the displayed plans.
Specifically, for each patient case, we: (1) selected three
treatment plans from distinct regions of the Pareto fron-
tier, (2) evaluated the one plan most similar to the clinical
treatment plan based on DVH metrics, using our standard-
ized grading scheme (Figure 5), and (3) documented the
mean planning duration. The results are presented in Ta-
ble 2. As shown, the Iterative Clinician Exploration com-
ponent allows for ALMo to consistently produce treat-
ment plans with minimal to no clinical deficiencies, often
with minor DVH metric improvements over the clinical
treatment plans. The average planning time of 17 minutes
demonstrates an improvement over traditional approaches
(~ 30-90 minutes) (Michaud et al., 2016; Hansen and
Viswanathan, 2010; Oud et al., 2020). Appendix 5.2.3
describes results for evaluation of the ALMo-Viz-Explain
visualization component. Experimental setup details are
described in Appendix A.5.

5.2.2. TREATMENT PLAN EXPLORATION EFFICIENCY

We next evaluated the Iterative Clinician Exploration
component to assess the diversity of its generated treat-

100
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MethodGO0 G1 G2 G3 Planning Time

ALMo O 3 2 0 17.6min =+
43sec

1min

Table 2: Iterative Clinician Exploration Planning Results.
Results for five cases based on our clinician-devised grad-
ing scheme (Figure 5), where GO is the best grade and G3
is the worst. We selected three treatment plans from dis-
tinct regions of the Pareto frontier and graded the plan
most similar to the clinical treatment plan. The mean
planning time was averaged across all five patient cases.

ment plans. For each patient case, we compared our pro-
posed sampling method (Algorithm 1) against an exhaus-
tive grid search over the refined parameter space, R¥ (see
Section 4.2.1). The objective was to verify that our com-
ponent efficiently delivers a broad set of Pareto-optimal
plans. Ideally, these plans should provide high coverage
of the dosage tradeoff surface, strictly bounded by the
clinician’s defined aim and limit values.

To quantitatively measure what we want, we employed
the hypervolume indicator metric (Section A.2) with re-
spect to the clinician-defined limit values at each times-
tamp (i.e. the hypervolume indicator reference point is set
to the limit values described in Appendix A.5). The re-
sults, averaged across the five patient cases, are shown in
Figure 6. As shown, the Iterative Clinician Exploration
component proves to reach ~ 95% of the max hypervol-
ume, on average, 14x faster (in computational wall-clock
time) than a complete grid search over the refined set of
parameters R*. This acceleration is driven by the system’s
ability to efficiently sample the relevant solution space
without the exhaustive evaluation required by grid search,
further highlighting the efficiency improvements provided
by ALMo.

5.2.3. ALMO-V1z-EXPLAIN EVALUATION

The Iterative Clinician Exploration module incorporates
ALMo-Viz-Explain, a grid-based visualization frame-
work designed to highlight critical dosimetric features and
facilitate granular local dosage analysis. Since ALMo
functions independently of standard commercial plat-
forms, this integrated tool aims to streamline the evalu-
ation workflow by reducing the cognitive load and time
overhead associated with toggling between disparate soft-
ware systems.

To quantify the utility of this integration, we mon-
itored the frequency with which treatment plans could
be assessed exclusively via ALMo-Viz-Explain, without

100
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Baseline - Refined Grid Search

% of Max Hypervolume
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Figure 6: Iterative Clinician Exploration Hypervolume
Results. Plot comparing the Iterative Clinician Explo-
ration component of ALMo against a refined grid search
baseline via the hypervolume metric for each timestamp
(in seconds). The hypervolume is calculated with respect
to the set of limit values described in Appendix A.5 and
is represented as a percentage value of the maximum hy-
pervolume metric for each patient case. The results are
averaged across five patient cases and the darker solid line
depicts the mean values, whereas the lighter shading de-
picts the standard deviation values.

recourse to conventional dosage visualization software
(e.g., the ARIA Oncology Information System; see Sec-
tion A.5). Across the five clinical cases described in Sec-
tion 5.2, involving the evaluation of 15 distinct treatment
plans, external software was required for only 5 plans.

Qualitatively, we observed that ALMo-Viz-Explain
was particularly effective for the rapid rejection of non-
viable plans, as it facilitated the immediate identification
of unfavorable dose distribution shapes and excessive hot
spots. Conversely, plans that appeared clinically viable
typically prompted a secondary, comprehensive review
using conventional software to ensure strict safety com-
pliance. Ultimately, the integrated visualization proved
sufficient for decision-making in 66.7% of the evaluated
iterations (10 out of 15 plans), a factor that significantly
contributed to the planning efficiency improvements re-
ported in Section 5.2.1.

5.3. Automated Planning Parameter Setup

We validate one of our three proposed algorithms in this
section, the Epsilon-Ratio Method. The Epsilon-Ratio
Method aims to reduce the dimensionality of and con-
strain the input space for the grid search used in our pro-
posed Algorithm 1. Results for the rest of the Automated
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Planning Parameter Setup component are in Appendix
A.6.1.

5.3.1. EPSILON-RATIO METHOD

As described in Section 4.4, the Epsilon-Ratio Method
focuses the search on regions likely to yield reasonable
DVH metrics, effectively bounding the space around the
standard aim and limit values defined in Appendix A.S.
To validate this, we measured the deviation of our esti-
mated metrics (derived from Equation 1 with 7;) from
the ground-truth values using the formula (fy(g(7)) —
azim’”m) azim"”m. Results across five cases, shown
in Figure 7, indicate that our estimates typically remain
within 8% of the target values. Overall, they often exhibit
a consistent negative skew, indicating that our estimated
metrics are often lower than the ground-truth thresholds.
This behavior is clinically advantageous: since the opti-
mization is primarily governed by a single limiting OAR
(most frequently the Bladder in these samples), which
our method characterized accurately, underestimations in
non-limiting OAR structures do not compromise the fi-
nal solution. Consequently, we found the Epsilon-Ratio
Method to be highly effective at constraining the search
space to relevant regions, thereby improving end-to-end
computational efficiency without sacrificing plan quality.

% Deviation from Ground-Truth
Aim/Limit Metrics

Bladderpycc Rectumpocc Bowelpycc

Figure 7: Epsilon-Ratio Method Results. Box plot illus-
trating the percentage deviation of the DVH metrics which
result from our estimated 7 parameters, using the Epsilon-
Ratio Method, compared to their respective true aim and
limit DVH metrics. This is shown for both the aim and
limit values across five patient cases.

6. Discussion, Limitations, and Conclusion

Our comprehensive evaluation demonstrates that ALMo
successfully addresses critical challenges in HDR
brachytherapy treatment planning by integrating a clini-
cally intuitive aim-limit framework with robust plan opti-
mization and setup. The system delivered improvements
across three key domains: Quality, Efficiency, and Inter-
action.

Plan quality was enhanced through a novel approach to
hot spots toxicity control. This method resulted in clini-
cally viable plans with no major deficiencies in 100% of
evaluated cases, and 65% of plans selected with ALMo
showed minor to significant dosimetric improvements
over their manually created counterparts. Regarding ef-
ficiency, ALMo reduced the average end-to-end planning
time to approximately 17 minutes, an improvement over
conventional approaches. This was driven by algorithmic
modifications, including an optimized initialization phase
that minimized manual setup and rapid per-plan optimiza-
tion. Finally, clinician interaction was improved by pro-
viding an intuitive interface for navigating the dosage
tradeoff surface through its aim-limit guided framework.
Our integrated visualization tools also proved sufficient
for plan assessment in 66.7% of cases, significantly re-
ducing the need for external software.

Despite these promising results, certain limitations war-
rant consideration. First, ALMo is designed as a special-
ized planning optimization tool rather than a comprehen-
sive end-to-end platform; it does not currently encompass
upstream tasks, such as automated image segmentation,
or downstream physical quality assurance processes. Sec-
ond, while our retrospective analysis indicates significant
efficiency gains, these metrics await validation in a live
intraoperative setting. Real-world clinical deployment in-
troduces dynamic complexities—ranging from user pro-
ficiency curves to institutional workflow variability—that
must be navigated to confirm the realizable time savings.

Ultimately, these results validate ALMo’s potential to
advance personalized brachytherapy by improving clini-
cal workflows and treatment plan standards. Future work
will focus on integrating this system into live clinical
decision-making environments and extending the frame-
work to other treatment sites and modalities.
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Appendix A. Appendix
A.1. Metrics

Let f = (f1,.., fix|) RLY‘ — leﬂ be a vector-valued
function of d € D, with | K| (| K| > 2) components. Each
of the | K| components, f, represents a dosimetric met-
ric of interest and K is the set of structures we optimize
over. The dosimetric metrics of interest are known as
dose-volume-histogram (DVH) metrics, or value-at-risk
(VaR) metrics, e.g. PTVy7g, the percentage of radiation
dosage coverage, at the prescription dosage (700 cGY),
which the PTV receives, or Bladder po.., the dosage to the
hottest dose to 2 cm? of tissue for the bladder. However,
due to the non-convexity of VaR metrics, we use convex
approximations of the VaR metrics, known as truncated
conditional value-at-risk (TCVaR) metrics, for the opti-
mization of each treatment plan (Wu et al., 2020). The
TCVaR metric was first proposed by Wu et al. (2020) as
an improvement to the conditional value-at-risk (CVaR)
metric. Whereas the VaR metrics measure the radiation

dosage value at a given quantile 35, € [0, 1] in the dis-
tribution, the CVaR metric measures the average dose of
the tail of the distribution, specified by some given quan-
tile 8. The TCVaR metric, on the other hand, excludes
the hottest 100 7, % from the CVaR calculation, to bet-
ter approximate the VaR value. We denote the (8, 7 )-
TCVaR metric for the high-dose tail of the dosage distri-
bution with 6, (d; d, Bk, 7x), where d € R‘rl is a refer-
ence dosage distribution.

Let Vi, C V represent the set of voxels relevant for
structure k. We will only describe the aforementioned
metrics for the high-dose tail of the dosage distribution
below. For 8 € [0,1], Bk-VaR for voxels Vj, is defined
as:

lj € Vi :d; > vy
Vi |

< Br}

(3)
Intuitively, §;" (d; Bx,) is the dosage value to the |V|Bxth
hottest voxel. 'From now on, we will denote the S used
in B;-VaR as (. The B;-CVaR is defined as:

§;7(d; Bx) = min{v, € R :

, 1
(s Be) = min{vy + A > max(0,d; — vi)}

JEVE
)
Intuitively, the S,-CVaR represents the average radiation
dosage to the hottest 10053,% of the voxels Vj, and is
jointly convex in d and v;. To define the TCVaR met-

ric, let de R‘rl be a reference dosage distribution and let
T € [0, Bk]. The (B, 7% )-TCVaR metric is defined as:

v
(Bre — )| Vi |

max(0,d; — vg) }

tiq. 7 o
0,7 (d:d, B, i) = lilé%{Vk +

>

_ JEV:
d; <8t (dymi,)

(10)

Intuitively, the (0, 7% )-TCVaR metric, which we refer to
as 0y, tries to exclude the hottest 1007, % of the voxels
from the radiation dosage distribution and then calculates
the CVaR metric using the remaining values. If 7, = 0,
then (B}, 7% )-TCVaR = 8-CVaR. If d = d (or if we know
exactly which voxels form the (y, tail in each structure),
and we use 7, = S = S, then (B, 7)-TCVaR = f-
VaR. However, we do not know d a priori. To resolve
that, we follow Deufel et al. (2020) and use a contract-
ing window iterative algorithm to gradually increase 7y
and gradually identify which voxels should be truncated
to best approximate d. In short, the contracting window
iterative algorithm starts with 7, = 0 before iteratively
optimizing then increasing it to approximate d (more de-
tails may be found in Deufel et al. (2020)). Unlike Deufel
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et al. (2020), which assumes clinician manual setup of the
reference plan d, we propose an algorithm to automate the
creation of the reference treatment plan, in Section A.4.1.
We use the (S, 7% )-TCVaR metric for the k structures we
care about due to its convexity and potentially better ap-
proximation of the non-convex VaR metrics.

A.2. Multi-Objective Optimization

Without loss of generality, we assume that MOO concerns
the joint maximization of the | K| objectives fi, ..., fik|
where fi which needs to be minimized can be converted
to a maximization problem via its negative. Broadly
speaking, there does not typically exist a feasible solution
that marginally optimizes each objective function simulta-
neously. Therefore, MOO approaches generally focus on
Pareto-optimal solutions. A feasible solution is consid-
ered Pareto-optimal if no objective can improve without
degrading another; in other words, if the solution is not
Pareto-dominated by any other solution. The Pareto fron-
tier is defined as the set of all Pareto-optimal solutions.

A common approach to MOO is to convert the |K]|-
dimensional DVH objective to a scalar in order to uti-
lize standard optimization methods via a scalarization
function. Scalarization functions typically take the form
sy : RIEl 5 R, parameterized by A from some set A
in L-dimensional space (Roijers et al., 2013; Paria et al.,
2019).

The parameters A € A can be viewed as weights, or
relative preferences (which are often hidden and need to
be elicited), on the objective functions in the scalarized
optimization objective maxae x sx ([f1(2), - - -, fix|(2)])
for input space X. Then, the advantage of using
scalarization functions is that the solution to maximizing
sx([f1(z), ..., fix|(z)]), for a fixed value of A, may lead
to a solution along the Pareto frontier of DVH metrics.

A typical approach in MOO literature for comparing
different sets of solutions on the Pareto frontier is the hy-
pervolume indicator, which quantifies the volume of the
dominated portion of the objective space. For some set
of solutions M C lel, the hypervolume indicator can
be defined as VO](U(yl,...,ym e [0, 1] X ... X[0, y1x1])s
where Vol () corresponds to the typical Lebesgue measure.
Without loss of generality, the hypervolume indicator def-
inition assumes a reference point of 0/, We leverage the
hypervolume indicator as a metric in Section 5.2.

A.3. Iterative Clinician Exploration

A.3.1. INTERACTIVELY LEARNING FROM AIM AND
LIMIT VALUES

The clinician interaction with the aim and limit values
serves as a useful feedback mechanism, enabling the sys-
tem to learn the clinician’s hidden preferences (A*) and
refine the displayed set of Pareto-optimal treatment plans
(M). This learning process is inspired by the feedback
interpretation and probabilistic modeling detailed in Chen
et al. (2025).

Feedback Interpretation. When a clinician adjusts an
aim or limit slider, this action implicitly signals a shift
in their region of interest within the DVH tradeoff space.
The core assumption is that the clinician is now most in-
terested in, or wishes to understand the implications of,
treatment plans that are characterized by this new bound
configuration. For instance, if a clinician tightens the limit
for bladder dose (e.g., requiring Bladder po.. to be lower),
it implies a heightened concern for bladder toxicity, and
plans that adhere to or are near this new stricter limit be-
come highly relevant for evaluation. Conversely, relaxing
a limit for PTV coverage (e.g., accepting a slightly lower
PTVy700) might indicate a willingness to explore trade-
offs that are now newly feasible under the relaxed PTV
coverage. Adjustments to aim values similarly refine the
clinician’s aspirational targets.

Unlike the framework in Chen et al. (2025), where a
single bound modification was typically assumed per it-
eration, ALMo’s interface (Figure 8) allows clinicians to
adjust multiple aim and limit values for various DVH met-
rics simultaneously before requesting a new set of treat-
ment plans. Each individual adjustment made by the clin-
ician (e.g., changing the PTV aim, the Bladder limit, etc.)
is interpreted as inducing a distinct preference ranking
over the currently displayed set of treatment plans M.,
The rationale for how each type of individual aim or limit
adjustment translates into a ranking is adapted from Chen
et al. (2025):

* Limit Value Made More Restrictive (e.g., increas-
ing the minimum PTVy 7o limit or decreasing the
maximum Bladderpsy.. limit): When a clinician
makes a limit value more stringent, they are refining
the criteria for acceptable plans. We interpret this
as a strong signal that their interest lies in treatment
plans that satisfy this new, more demanding require-
ment. The most informative plans in M, are those
that now lie near, or just satisfy, this new limit. These
plans are thus ranked higher. The critical signal is
the clinician’s directive to meet this new stricter con-
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straint, and plans near this boundary are key to under-
standing achievable tradeoffs under this condition.

e Limit Value Relaxed (e.g., decreasing the mini-
mum PTVy 7o limit or increasing the maximum
Bladderps.. limit): Conversely, when a clinician re-
laxes a limit value, they are expanding the set of ac-
ceptable plans. This action signals an interest in ex-
ploring solutions within this newly accessible part of
the tradeoff space, perhaps because previous limits
were too restrictive and prevented consideration of
otherwise desirable plans (e.g., plans with excellent
OAR sparing but slightly below the previous PTV
coverage limit). The critical signal is the clinician’s
willingness to explore what was previously deemed
unacceptable. Plans in M, that fall within or are
close to this newly opened region, particularly those
that benefit from this relaxation (e.g., showing sig-
nificant improvement in another metric), are ranked
more favorably.

¢ Aim Value Adjusted (e.g., changing the PTVy7qg
aim or the Rectumpsy.. aim): An adjustment to an
aim value represents a direct refinement of the clin-
ician’s aspirational target for a specific DVH metric.
We interpret this as an explicit indication that they
are now most interested in treatment plans whose
value for that DVH metric is as close as possible to
the new aim value. The critical signal is precisely
this new target. Consequently, plans in M., are
ranked directly by their proximity (e.g., absolute dif-
ference) to the adjusted aim value in the modified
DVH metric—the closer a plan’s metric is to the new
aim, the higher its rank.

If no change is made to a particular aim or limit value after
reviewing M., it is interpreted as an implicit confirma-
tion of the current preference associated with that DVH
metric’s target or boundary.

Each of these individually interpreted adjustments con-

tributes to the overall likelihood model for updating the
clinician’s preference vector A, as detailed in the subse-
quent section.
Modeling Aim-Limit Preferences. Given that multiple
aim-limit values can be adjusted simultaneously in a sin-
gle feedback step, we derive a set of N 4 implicit rankings,
{m;} §V:Al’ one for each of the N 4 individual bound adjust-
ments made by the clinician. Each ranking 7; is over the
currently displayed plans M ..

To model the likelihood of observing this composite
feedback, we employ a mixture of Plackett-Luce likeli-
hoods (Zhao et al., 2016). The likelihood of the set of

Figure 8: Aim and Limit Sliders for ALMo. Aim and limit
sliders are shown for the planning target volume (PTV),
all of the organs-at-risk (bladder, rectum, and bowel), and
the hot spot regions (cervical, needle, and vaginal mu-
cosa). These sliders are displayed at the top of the tool
GUL

DM-induced rankings from feedback step curr, given a
preference vector A and the new set of bounds @cyypt1,
is:

L(feedbaCkcurr; Aa Mcu'rra Qcyrr, acurrJrl)
Na

(11)
= Z W5 - PPL (Trj; )‘7 ]\/[curr7acurr+1)
j=1
where  ppr(mj; A, Meyrr, Qcurr+1) s the standard

Plackett-Luce likelihood for the j-th ranking 7; given X
and the SHFs a,,;-+1 defined by the newly set aim-limit
values:

brL (7Tj; /\a -Z\/-[CUT’I“7 acurr+1)
o exp(sa(ur(g(ra,)))
ho 08 exp(sx(uy (907, )))

In Equation 12, the usage of atcyrr41 18 implicit in v and
m; = [m;(1),...,7;(0)] is the clinician-induced ranking
of the g points in M.

The weights w; (where > w; = 1 and w; > 0) in
Equation 11 reflect the relative importance or "strength"
of the signal from each individual bound adjustment.
These weights are calculated based on the magnitude of
the change in the utility value of the adjusted bound, nor-
malized across all N4 adjustments made in that iteration:
w; = AU,/ ij:“l AUy, where AUj is the absolute dif-
ference in the SHF utility corresponding to the j-th bound
before and after the clinician’s adjustment. This heuris-
tic ensures that larger, more significant adjustments by the
clinician contribute more heavily to the overall likelihood.
Updating Beliefs. At each iteration, after the clinician
provides feedback (i.e., adjusts one or more aim-limit slid-
ers, leading to new bound parameters defining ccyrrt1)s

12)
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we update our posterior belief over the DM’s latent pref-
erence vector A using Bayes’ rule.
The posterior distribution at feedback step curr is:

Pcurr ()\) X p()‘)
) (13)
: H L(feedbaCkcurm A7 Mcurm Qcyrr, acurr+1)

curr

where p(A) is the prior belief over A (which is
the initial uninformative prior at curr = 0), and
L(feedback,y,r;...) is the mixture likelihood defined
in Equation (11). This iterative Bayesian update allows
ALMo to flexibly incorporate complex, multi-faceted
feedback from clinicians and progressively refine its un-
derstanding of their underlying preferences for navigating
the treatment plan tradeoffs. In practice, we sample from
this posterior to guide the selection of new treatment plans
to present in the subsequent iteration, as detailed in Sec-
tion 4.2.1.

A.4. Automated Planning Parameter Setup

A.4.1. REDUCE MANUAL INPUT: REFERENCE PLAN
INITIALIZATION ALGORITHM

A dosage reference plan is necessary when utilizing the
TCVaR metric, as detailed in Section A.1. Rather than
necessitating valuable clinician planning time to manually
define a reference treatment plan (Deufel et al., 2020), we
automate this process via the following heuristic: we per-
form a coordinate-wise search over a range of multipli-
ers exclusively for the HSRs (R X ... X Rz7)), impos-
ing the voxel-wise dosage constraint until the DVH metric
for a single OAR structure exceeds its respective dosage
aim value. We define the voxel-wise dosage constraint as
di < 717-rpVie Vg CV, where 7 is the prescription
dosage (700 cGy). The CVaR metric could also be used
as it does not require a reference plan.

This termination criterion, stopping immediately upon
the first violation of an OAR aim, is strategically de-
signed to identify the "limiting organ," defined here as the
specific anatomical structure that most significantly con-
strains the potential for increases in the PTV dose. By in-
crementally expanding the high-dose region via the HSRs,
this approach effectively probes the anatomical geometry
to find the tightest bottleneck. As demonstrated in our re-
sults in Section 5.3, any bias towards a specific OAR does
not negatively impact the final plan quality, as the subse-
quent Epsilon-Constraint Method phases are sufficiently
robust to refine this initialization and recover any neces-
sary granularity. The resultant dosage distribution from
the final iteration is strictly used as the reference dosage

distribution, d***, for the remainder of the pipeline. The
full procedure is detailed in Algorithm 5.

Algorithm 5: Automatic Reference Plan Initializa-
tion

Initialize a{™ V k € K \ H;

Initialize R,, forn € H ;
Vaginal Mucosa,
sStructures

forr Ry X... X Rjj do

if fr(g(r)) > af*™ forany k € K \ H then
| return g(r)
end
end

// Cervical,
and Needle

A.4.2. CONSTRAIN SEARCH SPACE: LIMITING
ORGANS PREDICTION ALGORITHM

As described in Section 4.1.1, an initial grid search over
R is performed in order to obtain a coarse representation
of the high-dimensional Pareto frontier. Due to the combi-
natorial explosion of the number of parameters in the grid
search for the OARs (bladder, rectum, and bowel) along
with the HSRs (cervical, vaginal mucosa, and needle re-
gions), we propose to search only over the HSRs and the
limiting OARs. Without doing so, a grid search over both
the OARs and HSRs is computationally prohibitive. We
define the set of limiting organ(s) L to be the OARs which
more easily satiate their respective [a®", o!"™] ranges,
due to proximity to the applicators and patient anatomy.
We formulate this as follows:

L = arg max Z 1{f,(g(r)) > a2™}

0€O rER

where R = Ry X ... X Ry and O is the set of OAR.

We operationalize the above and discover the limiting
organs by performing a coordinate-wise search over the
HSRs until one (or more) of the DVH metrics of the OAR
structures surpasses its respective aim value, similar to
what is described in Algorithm 5. In cases where mul-
tiple of the OARs surpass their respective aim values in
the same iteration, there would be more than one limit-
ing organ used. A differentiating factor between this algo-
rithm and Algorithm 5 is that we do not use the voxel-wise
dosage constraint and instead use the TCVaR approxima-
tions in Equation 1. This is done to obtain a better ap-
proximation of the limiting OARs.
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A.5. Experimental Setup

All components of ALMo were retrospectively tested on
cervical cancer brachytherapy clinical cases. In total, we
used 25 cases. Each case consisted of the following ap-
plicators: tandem, left ovoid, right ovoid, and, on aver-
age, three needles. For each case, a broad selection of
treatment plans is optimized and compared against a treat-
ment plan which was planned with a commercial treat-
ment planning system, ARIA Oncology Information Sys-
tem from Varian Medical Systems, and deployed in the
clinic. We used Python and Streamlit to build the overall
tool user interface, GurobiPy (Gurobi Optimization, LLC,
2024) for the multi-objective treatment plan optimization
linear program, and HiPlot (Haziza et al., 2020) for the
interactive parallel coordinates plot display. For our ex-
periments, ALMo was run locally on a computer with a
2.4 Ghz 8-Core Intel Core 19 processor.

Prescription dosage was determined to be 700 cGY and
hot spots are defined to be regions with 200% of that
amount of radiation dosage. As the set of structures, or
objectives, we optimize over, K = {PTV, Bladder, Rec-
tum, Bowel, Cervical Region, Vaginal Mucosa Region,
Needle Region}, where the latter three are in the set H
and represent the structures which we aim to reduce hot
spots for — the cervical region, the vaginal mucosa region,
and surrounding needle regions. We use the following
values for the initial values of (a®™,a!™): PTVy7o:
(0.95, 0.90), Bladderpa..: (513, 601), Rectumpo..:
(352, 464), Bowelpo..: (411, 464), Cervical po..: (800,
1600), Mucosapa..: (800, 1600), Needlepo..: (800,
1600). Most of the aforementioned objectives, PTVy 7qq,
Bladderps.., Rectumps.., and Bowel pa.., were based
on nationally recognized recommendations from ABS.
The remaining objectives and values were recommended
based on internal quality criteria. The metrics reported
were all calculated using structure voxel sizes equal to the
CT image resolution. During plan optimization, the struc-
tures were subsampled to approximately 500 voxels each
to reduce computational time. We did not find this to ma-
terially affect our numerical results.

Automated Planning Parameter Setup. For the Refer-
ence Plan Initialization Algorithm, we used the following
values for a®™ : Bladderpac. : 513 ¢cGY, Rectumpac. :
352 ¢cGY,Bowelps.. = 411 cGY, as described above.
For our experiments, we used the following values
of R : Reervieal = {2.0,2.35,2.70}, Riucosa =
{2.0,2.12,2.24}, and Rycedies = {2.0,5.0,8.0,11.0} to
determine the right-hand side values of the voxel-wise
dosage constraints, as described in Section A.4.1. For
the Limiting Organs Detection Algorithm, we used in our

experiments the following values for R ervical, Rmucosas
and Rycedres : {0.4,0.6,0.8,1.0,1.2}, whereas R =
{25} for Rprv, RBiadders RRectum’ and Rpower. For
the Epsilon-Ratio Method we used in our experiments a
step size of 0.01.

Treatment Plan Optimization. To create the artificial
structures for the cervical and vaginal mucosa regions, we
used all voxels within a distance of 1 voxel of the PTV
structure contour. We then used the heuristic of selecting
18% of the voxels in the artificial ring to be used as the
vaginal mucosa region artificial structure. The remain-
ing voxels were optimized as the cervical region artificial
structure. For the surrounding needle regions, we used a
distance of 2 voxels.

Iterative Clinician Exploration. To compute the coarse
grid search RY described in Algorithm 1, we used AL =
0.05 Vk € O and AZ = 0.30 Vk € H. To compute
the fine-grained, linearly interpolated space, R¥, we used
A} = 0.02Vk € O and A}, = 0.10 Vk € H. The Ray
API (Moritz et al., 2018) was used to parallelize compu-
tations for computing R' such that, on average, 500 in-
stances of Equation (1) could be computed within 110
seconds.

At each iteration, we displayed to the clinicians | M| =
12 optimized treatment plans, defined by the clinician’s
aim and limit values, o” = 20 and o = 12. If MoSH-
Sparse (Algorithm 2) returns a sparse set of treatment
plans |M| < 12, we use a naive greedy algorithm to
solve Equation (6) and select 12 — | M| additional treat-
ment plans from M P to display to the clinicians. We do
this to avoid iterations where clinicians are shown only
a few treatment plans, which may decrease confidence
in the understanding of the dosage tradeoff surface. For
the initial iteration, we used the aforementioned values
for (a®™, a!¥™). For subsequent iterations, the decision-
maker was free to adjust the aim and limit values as they
wish. For the SHF, we used 5 = 0.08.

A.6. Results
A.6.1. AUTOMATED PLANNING PARAMETER SETUP

We validate the rest of our three proposed algorithms
in this section, where the Reference Plan Initialization
Algorithm aims to compute the central treatment plan
for use in calculating the TCVaR metric (Equation 10),
and the Limiting Organs Prediction Algorithm and
Epsilon-Ratio Method aim to reduce the dimensionality
of and constrain the input space for the grid search used
in our proposed Algorithm 1.

Reference Plan Initialization Algorithm As de-
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scribed in Section A.4.1, the purpose of the Reference
Plan Initialization Algorithm is to compute a central
treatment plan upon which subsequent optimization steps
are built. This is achieved by solving Equation 1 using
neighboring parameters. While prior works have relied on
a manually created treatment plan for this step, we aimed
to automate the process via our proposed Algorithm 5. To
validate this approach, we retrospectively compared the
DVH metric results of our algorithm against those of five
real cervical cancer brachytherapy clinical cases using
the utility ratio, defined as fi(d™®)/ f;(d°!mical) for
the PTV (k = 1), and fj,(d!™écal) / ;. (d"™) otherwise.
Consequently, a utility ratio value > 1 is desired.

Figure 9 illustrates our results. Overall, we observe that
Algorithm 5 often provides greater utility for the PTV,
but lower utility for OARs such as the Bladder and Rec-
tum. These lower utility values may be attributed to the
granularity of the multipliers selected for the initializa-
tion search space (see Appendix A.5). To adhere to the
strict time-sensitivity constraints of intraoperative treat-
ment planning, we utilized a coarser granularity for the
multiplier search. In practice, while a finer-grained search
would likely yield higher initial utility values for struc-
tures like the Bladder and Rectum, it would incur a sub-
stantial cost in setup time. We view this resolution as a
configurable trade-off to be determined by clinical prior-
ity.

Crucially, we observed that these lower initial utility
values did not negatively impact the final performance
of the system. The subsequent application of the e-ratio
method effectively compensates for initialization discrep-
ancies by conducting a wider search over the constraint
space. For instance, despite the initial lower utility for the
Bladder, the Epsilon-Ratio Method successfully deter-
mined the appropriate search range, recovering optimal
dosimetric values in the final output. This implies that
a "warm start" need only be approximately correct, pro-
vided the secondary optimization stage—which possesses
its own tunable granularity trade-offs—retains sufficient
scope to refine the solution. Thus, while Algorithm
5 produces reasonable baseline plans, the integration
of these additional optimization steps is essential for
generating clinically viable plans that support robust
decision-making. We validate these additional steps next.

Limiting Organs Prediction Algorithm As described
in Section A.4.2, searching only over the HSRs and
the limiting OARs helps to reduce the dimensionality
of the input space, Rf, and make it more computation-
ally feasible. To validate our proposed algorithm, we
compared the predicted set of limiting organs from our

algorithm, which only performs a coordinate-wise search
over the HSRs, against that of a baseline grid search
algorithm which performs a search over both the OARs
and HSRs. The baseline grid search algorithm was
computed over X‘kfig Rbase, where Rbs¢ = {rbase |
,,,]liase — gzase + CAzase7c c Nﬂngase < ull::ase}' We

varied the resolution Ang over {0.2, 0.22, ..., 0.8},
kept equal for & = 2,..., K. As a result, A€ = (.2
corresponds to the longest runtime and Ab*¢ = 0.8

corresponds to the shortest runtime. We evaluated this on
five clinical cases and found that our proposed algorithm
obtained 100% accuracy in 31.6 seconds, on average.
This was about ~ 85% faster than the earliest, out of the
five cases, that the baseline grid search algorithm was
able to obtain 100% accuracy, illustrating the efficiency
improvements provided by our Limiting Organs Pre-
diction Algorithm. The results are illustrated in Figure 10.

Effect On Runtime To empirically show the com-
putational benefits of our Automated Planning Parameter
Setup components, we conducted ablation studies over
the above components and report their effect on the
overall system initialization runtime of ALMo. Without
the Limiting Organs Prediction, the initialization com-
putation time took, on average, an extra 9.4 minutes.
Without the Epsilon-Ratio method, the initialization
computation time took, on average an extra 5.9 minutes.
With all of the components, the initialization step took
approximately 8-11 minutes. These were calculated with
the cases used in Section 5.2.1.
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Utility Ratio w.r.t.
Clinical Case Metrics
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Figure 9: Reference Plan Initialization Algorithm Results.
Box plot illustrating the utility ratio, based on the DVH
metrics, obtained by our proposed Reference Plan Initial-
ization Algorithm, with respect to five manually planned
clinical plans. For each DVH metric, a utility ratio value
greater than 1 indicates that our Reference Plan Initial-
ization Algorithm obtains treatment plans with improved
values (higher for PTVy 799 and lower for Bladderpacc,
Rectumps..., and Bowelpaoc.).
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Figure 10: Limiting Organs Prediction Algorithm Results.
Plot illustrating the results of our runtime vs. predic-
tion accuracy comparison for our proposed Limiting Or-
gans Prediction Algorithm. The results, all averaged over
five cases, are compared against an iteratively refined grid
search algorithm, shown in green, which was performed
using varying resolution values of the grid search space.
The darker solid line depicts the mean value, whereas the
lighter shading depicts the standard error values. For our
proposed Limiting Organs Prediction Algorithm, only the
mean runtime and accuracy is illustrated since it obtained
100% accuracy for each of the five cases.
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