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Abstract

Objective. The motion of abdominal organs complicates accurate radiotherapy (RT) planning

and delivery. Accurate short-term prediction of respiratory motion is essential for image-guided
adaptive RT in the abdomen. This study evaluates the performance of a kernel ridge regression-
based breathing motion prediction framework (KRR-BMP) for abdominal organs, with particu-
lar emphasis on the stomach and its centerline. Approach. Dynamic MRI datasets from 27 scans
acquired in 16 patients were processed to generate low-rank breathing motion models based on
principal component analysis (PCA) of deformation vector fields (DVFs). KRR-BMP was used

to predict future PCA coefficients of breathing motion, enabling reconstruction of volumetric
breathing motion deformation fields at specified prediction horizons. The accuracy of predicted
breathing DVFs was evaluated across multiple organs and anatomical structures, training set sizes,
PCA ranks, and prediction horizons. Main results. At a 340 ms prediction horizon, KRR-BMP
achieved sub-voxel accuracy across all evaluated organs, with population-mean endpoint errors
below 1.3 mm and 95th percentile errors consistently below 3 mm. Error distributions were rel-
atively narrow across subjects and training sets, demonstrating robustness and generalizability.
Reductions in training data led to predictable increases in error, particularly for gastric struc-
tures, although population-level upper bound errors remained within clinically relevant ranges. A
PCA rank of two provided the best balance between accuracy and robustness, while higher ranks
increased inter-subject variability. Significance. KRR-BMP provides accurate and robust short-
term respiratory motion prediction for abdominal organs in MR-guided RT. The demonstrated
performance for stomach subregions establishes a foundation for future integration of respiratory
motion prediction with real-time gastric motility modeling and motion-aware adaptive treatment
workflows.

1. Introduction

The geometry and local configurations of abdominal organs continuously change due to physiological
processes such as breathing, antral contractions, and gastrointestinal (GI) peristalsis. The resulting organ
motion produces complex displacements and deformations of abdominal organs and tumors, compli-
cating accurate radiotherapy (RT) planning and delivery (Keall et al 2006, Wysocka et al 2010). Intra-
fraction motion is a major source of geometric uncertainties in RT (Fast et al 2024), and if disregarded
can lead to under-dosage of target volumes or unintended irradiation of nearby organs-at-risk (OARs)
(Balter et al 1996, Jayachandran et al 2010). Effective management of intra-fractional motion is there-
fore crucial to fully realize the benefits of precision RT (Keall ef al 2006, Abbas et al 2014, Molitoris et al
2018, Burton et al 2022, Fast et al 2024).
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Magnetic resonance-guided radiotherapy (MRgRT) systems enable continuous real-time acquisi-
tion of MRI data during treatment delivery (Ng et al 2023). MRI guidance provides excellent soft tis-
sue contrast for organ visualization without ionizing radiation as compared to conventional x-ray-based
image guidance. In an online adaptive RT workflow, MR-guidance can be used for real-time monitor-
ing, motion management, beam adaptation, and target tracking (Fast et al 2024, Lombardo et al 2024).
However, the implementation of motion monitoring has largely been limited to acquiring and analyz-
ing one or more orthogonal cine MRI planes (Seregni et al 2016, Keiper et al 2020, Kielbasa et al 2020,
Jassar et al 2022, 2023, Shaffer et al 2025, Sung et al 2025). To account for the composite of breathing
and other physiologic motions, volumetric monitoring is necessary. Several investigators and commercial
solutions have employed golden-angle radial (GAR) sampling schemes to reconstruct breathing-resolved
MRI volumes of different respiratory phases (Zhang et al 2021, Huttinga et al 2022, Feng 2023, Siddiq
et al 2024). Such sampling schemes offer control over the trade-off between temporal and spatial reso-
lution during 4D MRI reconstruction, which is a key advantage for motion monitoring and has formed
the basis for prior investigations of hierarchical motion models in the abdomen (Zhang et al 2021).

Breathing is the dominant source of abdominal motion in RT and has been extensively studied in
the context of motion monitoring, tracking and dose perturbation (Alam ef al 2022, Keall et al 2006,
Fast et al 2014, Stemkens et al 2016, Bourque et al 2018, Borman et al 2019, Liu et al 2022, Feng 2023,
Grimbergen et al 2023, Zhang et al 2023a). In MRgRT workflows, motion prediction is necessary to
compensate for system latencies introduced by image acquisition, reconstruction, motion estimation and
machine control (Borman et al 2018), which have been reported to take between 200 and 500 ms (Kim
et al 2020, 2021, Hu et al 2022). These latencies can cause inaccurate dose delivery if ignored. By fore-
casting respiratory motion over short horizons, motion prediction enables latency-compensated gating,
tracking, and adaptation strategies in real-time MRgRT.

Various studies have investigated breathing motion prediction (BMP) (Ali Mirzapour et al 2019, Lin
etal 2019, Pham et al 2019, 2020a, Romaguera et al 2020b, Lombardo et al 2022, 2023a, 2023b, Li et al
2023, Numakura et al 2024, Renner et al 2024, Weng et al 2024) using classical methods, such as linear
regression and Kalman filters, and deep learning (DL) models, such as transformers, long-short term
memory (LSTM) and implicit neural representation networks. Regardless of the prediction model, real-
time MRgRT requires accurate forecasting with minimal computational latency. Although DL and artifi-
cial intelligence approaches have recently shown promising performance for respiratory motion modeling
and prediction, developing models that generalize across patients typically requires large, diverse training
datasets and computationally intensive optimization (Salari et al 2024). In real-time MRgRT, however,
strict workflow constraints limit motion model training immediately prior to treatment to only a few
minutes of patient-specific imaging, making extensive model optimization impractical. As such, efficient
machine learning methods that can be trained rapidly from limited data while maintaining low-latency
inference remain relevant.

Among established machine learning techniques, principal component analysis (PCA) has been
widely adopted for respiratory motion modeling (Zhang et al 2007, Fayad et al 2010, 2012, Li et al 2011a,
Li et al 2011b, Klinder and Lorenz 2012, McClelland et al 2013) because respiratory deformations fields
can often be accurately described by a small number of dominant spatial modes. This dimensionality
reduction enables prediction algorithms to forecast only a few PCA coefficients rather than dense defor-
mation fields, substantially reducing both computational cost and model complexity. Building on this
representation, Liu et al (2021) proposed a patient-specific framework that combines PCA with kernel
ridge regression (KRR), in which KRR predicts future PCA coefficients to reconstruct volumetric breath-
ing motion deformation vector fields (DVFs). KRR provides an efficient means of modeling nonlinear
relationships through closed-form solutions for training and inference, avoiding the iterative optimiza-
tion typically required by many DL approaches. By coupling a compact motion representation with non-
linear regression, the PCA-KRR framework provides an efficient approach for patient-specific motion
prediction, with low-latency inference characteristics that are desirable for real-time MRgRT applications.

Beyond breathing, other modes of abdominal motion have significant impacts on organ positions. A
recent study reported GI antral contractions impart motions proximal to the stomach with similar mag-
nitudes as breathing (Zhang et al 2021). Although gastric motility and stomach motion have received
less attention compared to breathing, several studies have worked on modeling and predicting such
motions (Wysocka et al 2014, Lu et al 2022, Driever et al 2023, Zhang et al 2023b). Recent approaches
have described contractions as traveling waves along the length of the luminal organs of the diges-
tive tract (Subashi et al 2023, van Harten et al 2025). These works analyzed stomach motions along its
medial axis (MA) (Blum 1967), an imaginary centerline that traces the length of the stomach. The MA
facilitates compact modeling of stomach motion and provides a simplified frame of reference to both
describe stomach contractile motion and composite it with other motions such as breathing.
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During free-breathing MR acquisitions, respiratory-induced motion can complicate the study of
stomach contractile motion. Mostafaei et al (2018) found that composite respiratory and peristaltic
motion of the stomach centroid exceeded 10 mm, and Umezawa et al (2021) reported respiratory-
induced motions of up to 9.8 mm for the duodenum and 11.4 mm for the stomach. Zhang et al (2021)
studied respiratory and antral contraction motions of the bowel, stomach and duodenum in a popu-
lation of 20 scans. For all three organs, they found mean and maximal respiratory motion magnitudes
exceeded 7.5 mm and 17 mm, respectively, while mean and maximal contractile motions were about
1.5 mm and 7.5 mm, respectively. Given the magnitude and frequency of respiration, accurate real-time
characterization of breathing motion is an important first step towards modeling stomach contractile
motion in MRgRT.

In this study, we aim to characterize stomach motion in patients during radiation therapy treatment.
Based on previous observations demonstrating the separability of breathing and contractile motions of
the stomach (Zhang et al 2021), we posit that real-time extraction of breathing motion of the stomach
centerline and outer wall (OW) would simplify the modeling of stomach contractile motion in free-
breathing patients. To this end, we build upon the patient-specific PCA-KRR framework of Liu et al
(2021) for BMP from GAR MRI data. In that work, PCA was used to decompose breathing motion
DVFs. KRR was then applied to predict future PCA coefficients, which were used to perform rank-

1 reconstructions (using only the leading principal component) of future breathing motion DVFs.
However, the analysis in Liu et al (2021) focused primarily on tracking centroid positions of tumors and
OARs, rather than full organ or anatomical region motion, and explored only a limited set of experi-
mental parameters. These limitations motivate a more comprehensive evaluation of BMP performance in
the stomach across anatomical regions (e.g. MA, OW) and experimental conditions.

The focus of this work is two-fold: first, we characterize the accuracy of BMP of the stomach and its
centerline; and second, we provide a detailed analysis of the KRR breathing prediction model under dif-
ferent experimental conditions. We investigate the effect of the amount of training data, the number of
predicted PCA coefficients and the future prediction horizon on BMP performance. Together, our find-
ings offer a quantitative benchmark for the precision of respiratory motion prediction via KRR across
various abdominal structures and regions, serving as a reference for future motion management strate-
gies in real-time MRgRT.

2. Methods

2.1. Theory: KRR

KRR is a nonlinear regression method performed by kernelizing linear ridge regression (Hofmann et al
2008, Scholkopf and Smola 2002). It first applies a nonlinear transformation to the input features, then
performs linear ridge regression in the transformed feature space.

Let {(x1,51), ---, (Xn,¥n)} denote a set of n paired training samples, with features x; € R? and
responses y; €ER. Let y =[y; -+ yn]T. KRR selects a kernel k associated with a (possibly infinite-
dimensional) nonlinear feature map ® : R? — R” such that k(x,x’) = (® (x),® (x’)). Training seeks
a weight vector w € R? and offset b € R that minimize the objective function:

n

S (7w (x) —b) A |w?

i=1

where A is the ridge regularization parameter. Using the representer theorem, the prediction for a test
sample x can be written (Nataraj ef al 2018) as:

fx) =y (1111,,+M(MKM+n)\I)1 <k(x) - :lm» (1)

where K € R"*" is the kernel matrix with entries k (xi,xj) for i,j € {1,...,n}; the kernel vector k(x) €
R” has entries k(x,x;); M=1— %1,111 € R"*" is a de-meaning matrix; I € R"*" is the identity matrix;
and 1, € R" is a vector of ones. Centering the kernel matrix absorbs the offset term b into the feature
space representation. Additional derivation details are described in Nataraj et al (2018).

In this work, we used a Laplace (or Laplacian) kernel, defined as:

k(i) = exp (—"Xf;"j 2) @
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where h is the kernel bandwidth. Preliminary comparisons with Gaussian kernels (not shown) indicated
that the Laplace kernel produced more accurate BMPs. We selected the two KRR hyperparameters, the
kernel bandwidth % and ridge regularization parameter A, via 2-fold cross-validation on the training
data.

2.2. Data acquisition and preprocessing

Data previously collected from dynamic contrast-enhanced (DCE) MRI examinations performed on
patients undergoing RT treatment for hepatocellular cancer under an institution review board approved
protocol (The University of Michigan Institutional Review Board, HUM00068061) were analyzed.
Patients were asked not to eat for 2 h before scanning. Free-breathing DCE-MRI data covering the upper
abdomen were acquired using a spoiled gradient echo sequence with fat suppression (radial VIBE) and
GAR stack-of-spokes (GAR-SOS) sampling (Block et al 2014, Chandarana et al 2014, Feng et al 2016,
Johansson et al 2021). The sequence parameters included repetition times between 2.72-3.96 ms, echo
times between 1.16-1.21 ms, and flip angles between 12°-14°. Contrast was injected intravenously at

the start of each examination, using either gadoxetic acid (Eovist ®) or gadobenic acid (Multihance ®).
MRI data were acquired on a 3 T scanner (Skyra, Siemens Healthineers, Erlangen, Germany) with an 18-
channel flexible surface coil (Body Matrix) placed anteriorly and one or more sets of posterior 4-channel
coil segments of a 32-segment array (Spine Matrix). A stack of radial k-space samples (termed sample

or spoke) was acquired every 170 ms. Further details on the acquisition and sequence parameters can be
found in previously published work (Johansson et al 2021, Liu et al 2021, Zhang et al 2021).

A total of 27 DCE-MRI scans acquired from 16 different subjects were analyzed, 18 of which were
acquired with Multihance contrast agent and 9 with Eovist. The total number of samples acquired for
Multihance and Eovist examinations was 2000 and 7000 samples, corresponding to total scan times of
~5 min 40 s and ~19 min 50 s respectively. Subject information and MR acquisition parameters are
given in the supplementary material (supplementary tables S1 and S2). The dataset IDs are numbered
by contrast agent and patient, with E and M denoting scans with Eovist and Multihance contrast agent,
respectively. Appended letters indicate multiple scans from the same subject acquired on separate days.

Preprocessing of the raw k-space data, which included gradient delay correction (Block and Uecker
2011), partial Fourier filling (Cuppen and van Est 1987), distortion correction, noise whitening (Martini
et al 2010), coil sensitivity estimation and coil combination (Brey and Narayana 1988), was performed as
previously described (Johansson et al 2018a).

2.3. Image reconstruction

A view-sharing (VS) filter method was used to reconstruct image volumes from GAR-SOS k-space data.
First, the preprocessed radial k-space samples were gridded to form complex back-projection volumes

at each spoke (Beatty et al 2005). A Gaussian VS filter technique was then applied to reconstruct 4D
MRIs (Barger et al 2002, Bernstein et al 2004, Johansson et al 2018b). The extent of VS is defined by the
parameters Oy and omax that control the degree of data sharing for low- and high-frequency k-space
samples, respectively, and thus define the temporal footprint of the reconstructed images. The temporal
resolution of the reconstructed images was defined by the VS filter spacing, or stride. Final images were
obtained by taking the magnitude of the complex-valued VS reconstructions. All images were recon-
structed to a matrix size of 224 x 224 x 96. Voxel sizes varied by subject depending on the imaging field-
of-view (supplementary table S2), with in-plane spatial resolutions ranging from 2.01-2.34 mm? and
slice thicknesses ranging from 3—4 mm.

2.4. Breathing motion modeling

Dynamic MRI datasets were processed to generate hierarchical motion models using a previously
described process (Zhang et al 2021) which decomposes motion into three orthogonal components—
breathing, GI contractions, and slow drift—represented using DVFs. Breathing motion was assumed to
be quasi-cyclic with state characterized by liver position. A surrogate respiratory signal was estimated
from high-temporal-resolution (HT-res) images reconstructed using a VS filter with omin = 1, Omax = 3
samples, and a temporal resolution of one sample (170 ms) (figure 1(a)). Each HT-res image volume
was automatically rigidly aligned to a vendor-reconstructed reference image using a region-limited
approach restricted to liver voxels (Johansson et al 2016, 2018a) defined within a liver mask extracted
from the reference volume (Johansson et al 2018b). The inferior-superior translational component of the
resulting rigid transformations was used as the surrogate respiratory signal. The acquired k-space sam-
ples were sorted according to this signal, and high-spatial-resolution VS reconstructions were performed
along the breathing dimension to generate 21 canonical breathing motion state images (figure 1(b)). For
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Figure 1. Overview of breathing motion modeling (left; a, b) and breathing motion prediction (right; c) workflows. (a) A surro-
gate respiratory motion signal was estimated at each radial k-space sample. (b) Samples were sorted according to the surrogate
respiratory signal, canonical breathing motion state images were reconstructed, and deformable image registration was per-
formed to obtain breathing motion deformation vector fields (DVFs). (c) A ground truth breathing motion model was generated
from the full dataset (orange). A training motion model was generated from a subset of training samples (dark pink box) and
used to train the two-stage breathing motion prediction model (EstKRR & PredKRR). Breathing motion deformations were
predicted for a subset of testing samples (light blue box) and compared to the ground truth deformations.

Table 1. View-sharing filter parameters used for canonical breathing motion
state reconstructions, in units of radial samples.

Dataset Omin O max Stride
Full (Eovist, 7000 samples) 350 700 350
Full (Multihance, 2000 samples) 100 200 100
T1000 (1000 samples) 50 100 50
T500 (500 samples) 25 50 25
T350 (350 samples) 18 36 18

canonical motion state reconstructions, the VS parameters used were oy, = 350, 0max = 700 for Eovist
scans, and omi, = 100, 0 ma = 200 for Multihance scans (table 1).

The canonical breathing motion states were deformably aligned to the end-exhale state using cubic
B-spline-based deformable image registration (DIR) implemented in NiftyReg (Modat et al 2010), with a
normalized mutual information cost function and parameters matching previous studies (Johansson et al
2018a, Liu et al 2021). This yielded a set of 21 canonical breathing DVFs, denoted D; € R224X224x96x3,
where the end-exhale DVF, D5, was an identity transform corresponding to zero displacement. Sample-
wise breathing DVFs were obtained by min-max normalizing the surrogate respiratory signal to a contin-
uous breathing state between 1 and 21 and linearly interpolating the canonical DVFs accordingly (Zhang
etal 2021).

To obtain compact representations of breathing motion, PCA (Hotelling 1933) was performed on the
canonical breathing DVFs after conversion to displacement vector fields by subtracting the identity DVE
A binary mask excluding background voxels was generated on the reference motion state using intensity
thresholding and morphological operations. The displacement fields were masked to exclude background
voxels and converted to vectorized representations, B;. The vectorized fields were centered by subtracting
the mean DVF vector by and concatenated into a 2D matrix B. PCA was performed on the centered data
using an economy-size singular value decomposition:

~ T
B = USV
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where U = [u; - - -uy;] contains the left singular vectors, whose columns form the PCA basis vectors, S is
a diagonal matrix of singular values, and V contains the right singular vectors.

PCA coefficients provide a low-dimensional representation of breathing motion that can be com-
bined with the PCA basis vectors to recover volumetric breathing deformations (Liu et al 2021). The
PCA coefficients, otcanon, of the canonical breathing motion states were calculated as
Each column of auanon corresponds to one canonical breathing motion state, and each row corresponds
to one PCA mode. The ith row, aﬁ;)m, represents the coefficient trajectory of the ith PCA mode across
the canonical breathing motion states. Sample-wise PCA coefficients were obtained by linearly interpo-
lating each canonical coefficient trajectory agizlon according to the surrogate respiratory signal (Liu et al
2021), yielding scalar coefficients agi) € R at each sample t. These sample-wise PCA coefficients, com-
puted from the ground truth data, are referred to as the true PCA coefficients and were used to repre-
sent breathing motion for prediction.

Breathing DVFs at sample ¢ were reconstructed using a rank-r PCA model as:

di=bo+ 0w (3)
k=1

where using r < 21 yields low-rank approximations and r = 21 recovers the full breathing DVFs. The

PCA-reconstructed displacement fields were unmasked and reshaped into their original volumetric form
at € [R224X224X96X3

2.5. Training and ground truth breathing motion models

Breathing motion modeling was performed on each dataset using all acquired data (i.e. 2000 or

7000 GAR-SOS samples), which we refer to as the full breathing motion models. Breathing motion DVFs
derived from these full motion models served as the ground truth for evaluating motion prediction
performance.

To simulate a pre-treatment MRI acquisition used for training a motion prediction model, train-
ing data subsets containing i, GAR-SOS samples were extracted from each full dynamic MRI scan
and processed to generate corresponding training breathing motion models. Training datasets contain-
ing #yrain = 350, 500 and 1000 samples were investigated, corresponding to acquisition times of approx-
imately ty.in = 59.5, 85, and 170 s respectively. These training sets are denoted as T350, T500, and
T1000.

Each training dataset was processed independently to generate a training breathing motion model
(figure 1(c)). The modeling procedure was identical to that used for the full dataset, except that canon-
ical breathing motion states were reconstructed using only the training samples. The VS parameters
used for each training dataset to reconstruct the 21 canonical breathing motion state images are listed
in table 1 and were scaled according to the number of available radial samples. Coronal planes sampled
through canonical breathing motion state images reconstructed from one example patient are shown
in figure 2. DVFs derived from the training motion models were processed using PCA to obtain PCA
basis vectors U, sample-wise PCA coefficients ozgi), and the mean DVF vector by. Ground truth breath-
ing motion deformations were derived from the full motion models, whereas the training motion models
were used for BMP.

2.6. KRR-BMP model

We implemented a KRR-based BMP model, termed KRR-BMP, following the approach introduced by Liu
et al (2021). The model consists of two stages (figure 3): in the first stage (EstKRR), breathing motion at
the current time is estimated, and in the second stage (PredKRR), breathing motion at a future time is
predicted. The model exploits the low-rank structure of breathing motion to represent deformations via
PCA coefficients, reducing computational cost. We use the term motion estimation to refer to estimates of
current motion, and motion prediction to refer to estimates of future motion (McClelland et al 2013).

2.6.1. EstKRR stage

The first stage, EstKRR, estimated the leading PCA coefficient of breathing motion at the current time
(i.e. without future prediction) using features extracted from an image volume reconstructed at that
time. For each GAR-SOS sample k; acquired at time i, an image volume H; € R?24%224x9
structed using a truncated HT-res (tHT-res) VS filter centered at sample k; _; with a width of three sam-
ples (i.e. using samples k; 5, k;—; and k;). The tHT-res reconstructions were identical to the previously

was recon-
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Inhale Mid-Ventilation Exhale

Figure 2. Comparison of canonical breathing motion state view-sharing reconstructions from an example patient. Breathing
motion states at inhale (left column), mid-ventilation (middle column) and exhale (right column) are shown, reconstructed
from datasets with 7000 samples (top row), 1000 samples (second row), 500 samples (third row) and 350 samples (bottom row).
Red dashed lines indicate liver position in the inhale motion states.

described HT-res reconstructions (which used oy, =1 and oyax = 3), except that the VS filter width
was truncated to strictly three samples.

A liver contour was automatically generated on the reference breathing motion (end-exhale) state
and cropped to include only the superior-most one-third of liver voxels. Voxel intensities within the
cropped liver mask were extracted from image H; and organized into a feature vector, which was sub-
sequently scaled to unit norm. The number of cropped liver voxels, e, ranged from approximately
27 000-87 000 across datasets.

Letting n denote the number of EstKRR training samples, the training feature vectors were col-
lected in the set {L;, Ly,...,L,}. The corresponding scalar training responses—i.e. the first PCA coef-
ficients of breathing motion derived from the training DVFs—were collected into the vector y,, =

T
a0, a0, ... aff
nel matrix Key € R"*", with entries [Keg)ij := ki, (Li,Lj), i,j =1,...,n, where k;_ (-,-) denotes the
Laplacian kernel defined in equation (2) with bandwidth Aeg.

For a test sample ¢ with feature vector L;, the kernel vector ks (L;) was computed as ke (L;) :=

. During EstKRR training, the feature vectors were used to construct the ker-

[kne (L, L)oo ki, (Lt,Ln)]T, and the first PCA coefficient response was estimated using equation (1):

1 _ 1
alV = (y,,)" (n 1, + M(MKetM + ndeee]) ™! (kest (L) — nKestln) ) )

7

(4)
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Figure 3. Outline of kernel ridge regression-based breathing motion prediction (KRR-BMP). Golden-angle radial stack-of-spokes
k-space data are grouped into 3-sample frames and reconstructed using truncated high temporal-resolution view-sharing (tHT-
res VS). The EstKRR stage estimates the first PCA coefficient at the latest frame time from liver voxel intensities. The PredKRR
stage predicts the first r PCA coefficients at a future time T, ms ahead using EstKRR-estimated coefficients from the past T}, ms.
The predicted coefficients and training PCA basis vectors are used to perform a rank-r reconstruction of the breathing deforma-
tion vector field and corresponding breathing motion state.

The optimal hyperparameters hes and A5 were selected via 2-fold cross-validation on the training
dataset. Because all experiments were conducted retrospectively, the EstKRR model was applied to all test
samples simultaneously, enabling efficient computation while yielding results identical to those obtained
from sequential processing.

2.6.2. PredKRR stage
The second stage, PredKRR, predicted PCA coefficients at a future time using EstKRR-estimated coef-
ficients as input features. This stage introduced three additional experimental parameters: n;, € Z*, the
number of previously estimated PCA coefficients used as features (i.e. the feature vector dimension);
1, € Z, the number of samples ahead to predict (i.e. the prediction horizon); and r € Z™, the number
of leading PCA coefficients predicted at each sample. The parameters #;, and n, were expressed in units
of samples but could be converted to time by multiplying by the inter-sample interval of 170 ms, yield-
ing a look-back window duration T; = 170n;, and a prediction horizon T, = 170n,, both in milliseconds.
All prediction experiments presented here used n, =5 samples (T, = 850 m:s).

During PredKRR training, feature vectors were formed using the leading ground truth PCA coef-
ficients (derived from motion modeling of the full dataset) from the n, most recent samples, x; =

T
[afl_)nh IRTRY ,afl)} € R™. The corresponding responses were the r leading PCA coefficients at the

T
future sample, y, = [0‘;‘(2%’ .. ,ozi(fznu € R’". The training responses were collected into the matrix

T
Vpred = [y“ . 7ynf:| € R"*", where ny=n—n, —n, + 1 is the number of available training samples. The

training feature vectors were used to construct the kernel matrix Kpreq € R"*", with entries [Kpyred)ij :=
Kitpeeq (xi,xj), 1,j =1,...,n5 where Knye (+,+) denotes the Laplacian kernel defined in equation (2) with
bandwidth fpeq.
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For a test sample acquired at time index ¢, the PredKRR feature vector X; was constructed
using the Est-KRR estimated PCA coefficients (equation (4)) from the n; preceding sam-

;
ples, X; = [&fl)nb e d,(l)l, aﬁ”} € R™. The kernel vector was computed as: Kpreq (X;) :=

(Koo (ResX1) 5k (’it,xnf)f. The r leading PCA coefficients predicted at sample ¢+ n,, denoted

~

Oy, € R, were then computed following equation (1):

~ T/1 1 . 1
Apin, = (Ypred) (nflnf + M(MKpredM + nf)\predI) (kpred (Xt) - ;prred 1”/)) . (5)

The optimal hyperparameters hpeq and Apreq were selected via 2-fold cross-validation on the training
dataset. The double hat notation & is used to emphasize that the PredKRR predictions were obtained
using input features that were themselves estimates from EstKRR. As with EstKRR, the PredKRR model
was applied to all test samples simultaneously.

2.6.3. Reconstruction of breathing motion DVFs
Following PredKRR, the predicted breathing motion DVFs were reconstructed at each test sample by
substituting the predicted PCA coefficients, computed using equation (5), into equation (3):

~ (k)
d=bo+) a wu, (6)
k=1

where &fk) is the predicted kth PCA coefficient at sample ¢, uy is the kth PCA basis vector, by is the
mean DVF vector, and r is the number of predicted PCA coefficients used for reconstruction (i.e. the
PCA rank).

Breathing motion DVFs were also reconstructed using two PCA-based reference models. First, DVFs
were reconstructed using the true PCA coefficients obtained from the training data in place of the pre-
dicted coefficients, which we refer to as TrainPCA. These DVFs were computed by substituting agk) in
place of in equation (6) and represent the scenario of perfect PCA coefficient prediction by KRR-BMP.
Second, DVFs were reconstructed using PCA basis vectors and coefficients derived from the full dataset,
rather than those from the training data, which we refer to as FullPCA. The FullPCA DVFs represent
the best possible rank-r approximation of the ground truth breathing motion DVFs in the least-squares
(PCA) sense. The difference between TrainPCA and FullPCA isolates the error arising from training-
set-limited motion modeling. Together, PredKRR, TrainPCA, and FullPCA form a hierarchy that isolates
errors due to coefficient prediction, training-set PCA modeling, and rank truncation.

2.6.4. Cross-validation for hyperparameter tuning

For each training set, the hyperparameters h and A for EstKRR and PredKRR were determined by 2-fold
cross-validation on the training data. The training samples were randomly partitioned into two equally
sized folds, and a grid search was performed over the following log-spaced hyperparameter values: h €
{101, 10%,---,107, 108}, A€ {0, 107,107, 1073, 1071}. The parameter combination yielding the
lowest average normalized root-mean-square error (NRMSE) in the first PCA coefficient across the two
cross-validation folds was selected for testing. The NRMSE was obtained by dividing the RMSE by the
L2 norm of the ground truth signal after mean subtraction. Cross-validation was performed separately
for the EstKRR and PredKRR stages, and for PredKRR it was also performed independently for each
future prediction time.

2.7. Evaluation of prediction accuracy

The accuracy of BMPs was evaluated by comparing the predicted breathing motion DVFs with ground
truth DVFs. The ground truth DVFs corresponded to the sample-wise breathing motion DVFs obtained
from motion modeling using all samples in the full dataset. These full DVFs were chosen as ground
truth because they incorporated all data from the scan session, providing the most comprehensive rep-
resentation of the motions occurring during the scan.

For each test sample acquired at time index t, the predicted breathing DVFs were reconstructed using
equation (6), and the prediction residual error was calculated as the difference between the predicted
and ground truth DVFs. The end-point error (EPE) (Baker et al 2011) of the predicted DVFs was com-
puted as the Euclidean norm (magnitude) of the residual error vector at each voxel location r:

EPE, (1) = ]

at(r)—dt(r)H2.

9
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The EPEs quantify the absolute error magnitude of BMPs with respect to the ground truth and are
expressed in millimeters.

2.7.1. Stomach- and organ-specific prediction evaluation

For each dataset, binary masks of the body, liver, liver surface, stomach, stomach OW, and stomach MA
were generated on the breathing reference (exhale) state image. The body mask excluded background
voxels and was automatically extracted based on intensity thresholding and morphological operations.
Contours of the liver and stomach surfaces were automatically generated by an in-house auto-contouring
tool based on the MONAI U-Net framework (Cardoso et al 2022) and subsequently manually refined by
an expert. Liver and stomach masks were defined as the voxels within the refined contours. Liver surface
and stomach OW masks were defined as the periphery voxels of the respective organs. The stomach MA
was computed from the refined stomach segmentation by manually specifying the esophageal and duo-
denal endpoints and applying the Extract Centerline module from the SlicerVMTK extension in 3D Slicer
(Antiga et al 2008, Hahn 2009, Piccinelli et al 2009). These masks defined the spatial regions of interest
(ROIs) over which the prediction errors were computed.

One of the primary objectives of this study was to assess the accuracy of BMPs in the stomach, with
an additional focus on the stomach MA and OW. For comparison, prediction errors were also computed
across the entire body, liver, and liver surface. These additional regions provided baseline references,
facilitating context for the stomach-specific results as well as further evaluation of the prediction model’s
generalizability across abdominal organs and substructures.

Summary statistics of the prediction EPEs were computed within each anatomical ROI described
above and across different test samples. For each ROI analyzed, the mean, standard deviation, median,
95th percentile (P95), and 99th percentile (P99) of the prediction EPEs were calculated, both cumu-
latively across all test samples (cumulative statistics) and separately for each test sample (sample-level
statistics).

2.8. BMP experiments

We systematically evaluated the performance of the KRR-BMP model at the population-level by exam-
ining three key experimental parameters that influence motion prediction accuracy: training dataset
size, prediction horizon, and PCA rank. For each dynamic MRI scan, the first 500 samples (85 s) were
excluded due to signal intensity variations caused by contrast agent arrival. Disjoint training and testing
sets were constructed from samples 501-2000.

Training sets containing 1000 (T1000), 500 (T500) and 350 (T350) samples were evaluated, corre-
sponding to acquisition times of 170 s, 85 s, and 59.5 s, respectively, to simulate realistic clinical scenar-
ios in which training data are acquired immediately before treatment. The training datasets were pro-
cessed as described in section 2.5 to obtain training breathing motion models. Two different test sets
were used: test set 1 contained samples 1501-2000, and test set 2 contained samples 501-1000. For test
set 1, the T1000 training set used samples 501-1500, and for test set 2, it used samples 1001-2000. The
T500 training set used samples 1001-1500, and the T350 training set used samples 1151-1500 for both
test sets.

For each training/testing set combination, experiments were performed using prediction horizons
T, = 170, 340, 510, 680, 1020, and 2040 ms (corresponding to 1, 2, 3, 4, 6, and 12 samples), and recon-
structed using PCA ranks r = 1, 2, 3, 4, and 5. The latter represents the number of PCA coefficients
predicted by the KRR-BMP model.

Additionally, experiments were performed to investigate the effect of intra-scan variability on train-
ing and prediction using a subset of nine Eovist datasets containing 7000 samples (corresponding to
20 min scan times). For each dataset, the full 7000 sample acquisition was partitioned into seven non-
overlapping 1000 sample (170 s) subsets. Each 1000 sample subset was used for training, and testing
was performed on the remaining 6000 samples (figure 8(a)). We refer to each training set as a block;
for example, block 1 was trained on samples 1-1000 and tested on samples 1001-7000. The EPEs of
the predicted DVFs were compared with those from the TrainPCA and FullPCA baselines (described in
section 2.6.3). These experiments used a prediction horizon of T, = 340 ms and a PCA rank of 1.

2.9. Computational inference time

To evaluate the computational feasibility of real-time deployment, inference times were measured
using an optimized single-sample implementation of the proposed KRR-BMP framework (described
in sections 2.6.1 and 2.6.2), in which all training-dependent quantities were precomputed and reused
across test samples. Timing measurements were obtained for the EstKRR inference, PredKRR inference
and PCA-based breathing DVF reconstruction steps.

10
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Figure 4. Boxplots of cumulative mean (left) and 95th percentile (P95; right) DVF end-point error (EPE) across 27 datasets for

experiments using a prediction horizon of T, = 340 ms, PCA rank of 2, and T1000 training data. Colors denote organs; darker

and lighter shades correspond to test sets 1 and 2, respectively. Black and red lines show population median and mean, and out-
liers are identified as circles.

All timing experiments were performed using MATLAB R2024b (version 24.2.0.2833386) running on
Red Hat Enterprise Linux 8.10 (Ootpa) on a workstation equipped with two 18-core Intel Xeon Gold
6354 processors (36 physical CPU cores total, 3.00 GHz) and 791 GB of system memory. GPU accelera-
tion and explicit MATLAB parallel processing were not used. MATLAB was configured with a maximum
of 36 computational threads (maxNumCompThreads = 36).

Reported timing measurements corresponded to the online inference stage only, assuming that the
training feature vectors and responses and the test feature vector were already loaded and stored in
memory. Therefore, data loading, image reconstruction, feature extraction, preprocessing steps and
motion modeling were excluded from the reported computation times.

Inference time experiments were performed using six representative datasets spanning a range of
cropped liver and body voxel counts. These quantities determine the dimensions of the EstKRR fea-
ture vectors and the rank-r PCA basis vectors used for DVF reconstruction, respectively, and there-
fore directly influence the computational cost. For each dataset, test set 1 was used for evaluation. The
EstKRR inference, PredKRR inference, and rank-2 PCA-based breathing DVF reconstruction steps were
timed independently for each of the 500 test samples. The reported inference times correspond to the
mean computation time per test sample for each processing stage, averaged across all 500 test samples
within each dataset.

3. Results

Figure 4 and table 2 show group summaries of cumulative prediction error statistics from experiments
using T1000 training data, T, = 340 ms and PCA rank 2. Figure 4 presents boxplots of the cumulative
mean (left) and 95th percentile (right) DVF EPEs across all 27 patient datasets. Each box represents the
population interquartile range (25th—75th percentile), with horizontal black and red lines marking the
population median and mean, respectively. Whiskers indicate 1.5 times the interquartile range, with out-
liers falling outside of the whiskers denoted with dots. Boxplots for the body (yellow), liver (blue), liver
surface (green), stomach (purple), stomach OW (St. OW; pink), and stomach MA (St. MA; red) organs
are shown along the x-axes. For each organ, results from test datasets 1 and 2 are shown adjacently in
the darker and lighter shade boxplots, respectively.

Table 2 reports corresponding population summary statistics. Across all organs, the population
average of the mean EPE values was below 1.24 mm, indicating sub-voxel prediction accuracy. The
body exhibited the lowest errors (population-average mean EPE ~0.9 mm, P95 ~2.2 mm), while the
stomach and its subregions showed slightly higher errors (population-average mean EPE ~1.2 mm,
P95 /2.5 mm). Results were similar across test sets 1 and 2, with test set 2 showing a slight, consistent
increase in both mean and 95th percentile EPEs (~0.1 mm and ~0.25 mm, respectively), suggesting sta-
ble model generalizability. The modest inter-subject variability, reflected by tight interquartile ranges and
limited error spread (figure 4), further indicates robust performance across subjects, test sets and organs.
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Table 2. Group-level statistics of cumulative breathing motion prediction errors from experiments with T, = 340 ms, PCA rank 2, and
T1000 training set.

Mean EPE (mm) 95th Percentile (P95) EPE (mm)
Population mean = std Population min—max Population mean =+ std Population min—max
Organ Test set 1 Test set 2 Test set 1 Test set 2 Test set 1 Test set 2 Test set 1 Test set 2
Body 0.86 £0.35 0.91+0.36 0.35-1.82 0.48-1.93 2.13+0.84 226£0.88 0.79-4.55 1.08-5.11
Liver 1.024+041 1.11£039 0.37-1.93 0.51-1.98 2384+0.86 2.61+£0.75 0.78-4.31 1.10-3.93
Liver surface 0.99+0.40 1.08£039 0.41-2.05 0.54-2.15 2294081 252+0.70 0.85-4.35 1.15-4.38
Stomach 1.09 £0.41 1.20£0.50 0.48-2.16 0.53-2.96 242 +0.84 2.66£0.97 0.96-4.20 1.11-6.13

Stomach outer wall 1.06 £ 0.40 1.16 £0.48 0.48-2.11 0.54-2.79 2374083 2.61+£097 0.95-4.20 1.12-6.02
Stomach medial axis  1.13 +0.44 1.24+0.51 0.48-2.13 0.47-3.04 2434£093 2.62+£090 0.94-4.33 1.10-5.68

Figure 5 compares prediction accuracy across training set sizes (T1000, T500 and T350) for pre-
dictions of test set 1 at T, = 340 ms and PCA rank 2. Separate subplots are shown for the mean (a,
top left), median (b, top right), 95th percentile (c, bottom left), and 99th percentile (d, bottom right)
EPEs. Overall, the T1000 model achieved the lowest mean and upper bound (P95, P99) errors across the
population. As expected, reducing the number of training samples led to a gradual increase in cumula-
tive DVF EPE across all organs, with noticeable differences observed in the stomach and its subregions.
For the stomach, the population-average mean and 95th percentile EPEs increased from approximately
1.09 mm and 2.42 mm (T1000) to 1.28 mm and 2.84 mm (T500), and further to about 1.32 mm and
2.93 mm (T350), respectively. For mean and median EPE, a steady increase in the population aver-
ages (red lines), 75th percentiles (tops of boxes) and upper bounds (top whiskers) was consistently
observed in all organs, with the T350 exhibiting a noticeable increase in the spread of errors compared
to T1000 and T500. The error spreads for P95 and P99 EPE exhibited less variability across training set
sizes and organs, with all population-average P95 EPEs less than 3 mm.

Figure 6 compares prediction accuracy across prediction horizons for experiments using test set
1 with T1000 training data and PCA rank 2. Surprisingly, some datasets exhibited decreases in predic-
tion errors at the farthest horizon (2040 ms, right-most boxplots in each group) compared to shorter
horizons. However, in general, prediction errors increased with prediction horizon. Error spreads at the
population level increased in the stomach ROIs at the farthest horizon, but otherwise remained consis-
tent across prediction horizons for both mean and 95th percentile EPE.

Figure 7 compares prediction accuracy across PCA ranks for experiments using test set 1 with
T1000 training data and a prediction horizon of T, = 340 ms. Group-level mean EPE (red lines)
decreased when using a PCA rank of 2, but errors began to increase when the rank exceeded 2.
Increasing the PCA rank also widened the group-level error distribution: the population 25th and 50th
percentile errors (bottom and middle edges of the boxplots) decreased, whereas the upper bound errors
(75th percentiles, top edges) increased, indicating larger variability across subjects.

Bar plots summarizing BMP performance for PredKRR, with a prediction horizon of T, = 340 ms,
and the two PCA-based reference reconstructions (TrainPCA and FullPCA) across multiple 1000-sample
training sets are shown in figure 8(b). Corresponding statistics of the cumulative mean DVF EPE of the
stomach MA are reported in table 3. FullPCA represents the best possible rank-1 approximation of the
ground truth breathing motion and as expected, exhibited the lowest errors, with a population aver-
age of 0.43 mm (table 3). Unlike TrainPCA and PredKRR, which rely on motion models derived solely
from the training block to reconstruct test-sample DVFs, FullPCA uses a motion model derived from
all available samples and therefore serves as a full-scan oracle. PredKRR errors averaged across training
blocks did not exceed 1.8 mm, with a population-average error of 1.36 mm (table 3). Across the nine
datasets analyzed, the average difference between PredKRR and TrainPCA errors ranged from 0.06 mm
to 0.53 mm, whereas the gap between TrainPCA and FullPCA errors ranged from 0.31 mm to 0.94 mm
(table 3). One dataset (E6) exhibited substantially larger TrainPCA and PredKRR errors for one training
block, which were approximately twice those observed in the remaining blocks (figure 8(b)).

Computational inference times are summarized in table 4. Timing experiments were performed
on six representative datasets spanning a range of cropped liver and body voxel counts to evaluate the
effect of feature and reconstruction dimensions on computational cost. Across the six datasets, the mean
EstKRR, PredKRR, and DVF reconstruction times were 5.17 ms, 0.43 ms, and 7.43 ms per sample,
respectively, corresponding to a mean total online prediction time of 13.02 ms per sample.
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Figure 5. Effect of training set size on cumulative DVF end-point errors (EPEs) across organs for test set 2, using a prediction
horizon of T, = 340 ms and a PCA rank of 2. Boxplots show cumulative mean (a, top left), median (b, top right), 95th percentile
(P95; ¢, bottom left), and 99th percentile (P99; d, bottom right) DVF EPEs. Box colors correspond to training dataset size given
in the legend (top right corner). Red lines denote group means and triangles indicate group maxima.
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Figure 6. Boxplots comparing the effect of prediction horizon on cumulative mean end-point error (EPE) (a, left) and cumula-
tive 95th percentile EPE (b, right) across patient datasets. Box colors correspond to prediction horizons given in the legend (far
right). Results are shown for test set 1, using T1000 training data and PCA rank 2.

4. Discussion

Here, we assessed BMP of the stomach, including its centerline and OW, as a foundational step toward
real-time gastric motility modeling in MRgRT. By comparing prediction performance across multiple
forecasting horizons and training set sizes, we characterized anatomy-specific prediction accuracy under
a range of realistic experimental conditions. Our results offer insight into the amount of training data
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Figure 7. Boxplots comparing the effect of PCA rank on cumulative mean end-point error (EPE) (a, left) and cumulative 95th
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shown for test set 1, using T1000 training data and prediction horizon T, = 340 ms.
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Figure 8. Analysis of intra-scan variability on training and breathing motion prediction. (a) The full 7000 sample (20 min)
golden-angle radial MRI datasets were partitioned into blocks of 1000 sample (~3 min) subsets used for training (pink), with
the remaining data used for testing (blue). (b) Bar plots of the cumulative mean prediction end-point error (EPE) of the stomach
medial axis. Bar colors denote reconstruction model (FullPCA, red; TrainPCA, green; PredKRR, blue). For each model, seven
bars are shown, corresponding to blocks 1-7 (from left to right). All models used PCA rank 1, and PredKRR experiments used a
prediction horizon T, = 340 ms.

Table 3. Summary of intra-scan variability experiments. Mean and standard deviation
(across blocks 1-7) of the mean DVF EPE of the stomach medial axis for different
reconstruction models.

Mean DVF EPE (mm) of stomach medial axis,
Mean = std. dev. across blocks

Dataset ID FullPCA TrainPCA PredKRR

E8 0.22 £ 0.0004 0.52 £0.17 0.58 +0.17
E3 0.30 £ 0.004 0.76 £ 0.08 0.92 + 0.16
E7 0.35 4 0.006 1.00 +0.12 1.21 4+ 0.08
E6 0.46 4 0.008 1.17 £ 0.53 1.70 £ 0.77
E2 0.37 £ 0.004 1.31 £0.21 1.42 +0.21
E5a 0.46 £ 0.003 1.01 £0.24 1.46 + 0.36
E1l 0.73 £ 0.007 1.34 £0.24 1.50 + 0.22
E5b 0.41 £ 0.002 1.31 £0.23 1.80 + 0.28
E4 0.55 4+ 0.01 1.40 +0.28 1.63 4+ 0.22
Group average &+ std. dev. ~ 0.43 £0.15 1.09 £ 0.30 1.36 £ 0.39
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Table 4. Mean online inference times per test sample for six representative datasets spanning a range of cropped liver and body voxel
counts. Timing experiments were performed using test set 1, with inference times measured independently for each of the 500 test
samples per dataset. Reported values correspond to the mean computation time per sample for the EstKRR inference, PredKRR
inference, rank-2 PCA DVF reconstruction, and their combined total online inference time. The final row reports the average across
datasets.

Cropped Total online
Subj. ID liver voxels Body voxels ~ EstKRR (ms) PredKRR (ms) DVF recon (ms) inference (ms)
E1l 51 581 1258 322 5.16 0.58 8.37 14.11
M3b 27 827 1128 501 4.22 0.38 7.67 12.27
E4 87 404 1108 765 7.53 0.40 7.82 15.75
E6 42 892 1087 606 4.46 0.38 7.27 12.11
E7 65 546 1425 597 5.86 0.39 9.66 15.91
E8 33586 650 432 3.76 0.43 3.79 7.98
Average across datasets 51473 1109 871 5.17 0.43 7.43 13.02

required to achieve accurate BMPs in abdominal structures of interest at different prediction horizons.
Together, these results provide a quantitative benchmark for stomach-specific BMP performance and
inform future investigations into real-time gastric motility management in MRgRT.

Building on prior work (Liu et al 2021), we employed a KRR-BMP framework that constructs
patient- and fraction-specific motion models and forecasts future breathing-induced deformations via
PCA coefficient prediction. While breathing DVFs in this study were derived using a specific hierar-
chical motion modeling framework (Zhang et al 2021), the KRR-BMP approach is model-agnostic and
can be readily integrated with other breathing motion models. Using less than 90 s of training data and
a prediction horizon of 340 ms, consistent with reported MRgRT system latencies, we achieved sub-
voxel accuracy and mean prediction errors of under 1.5 mm within stomach-related structures in most
datasets.

Compared to prior work that relied on about 5 min of training data and rank-1 PCA reconstructions
(Liu et al 2021), we demonstrated that accurate predictions can be obtained with substantially shorter
training stages. Training datasets of 1-3 min yielded comparable prediction accuracy while significantly
reducing computational burden, particularly during hyperparameter tuning and kernel matrix construc-
tion. These improvements make the prediction workflow more amenable to the time constraints that
accompany clinical applications.

There was an observable trade-off between training dataset size and prediction accuracy, most
notably between training stages of 1 min and 3 min. Increasing training data acquisition time improved
mean and upper bound errors, particularly for the stomach and its subregions, whereas shorter training
windows introduced greater uncertainty and error spread both within and across patients. Nevertheless,
with approximately 1.5 min of training data, prediction accuracy remained within clinically relevant
bounds for most datasets, suggesting that KRR-BMP can support suitable prediction performance with
limited training data when paired with appropriate quality assurance (QA) or outlier rejection strategies.

A slight but consistent increase in EPE was observed for test set 2 compared to test set 1 across
all evaluated organs (figure 4 and table 2). One potential contributing factor is variability in contrast
washout dynamics, which may not be fully captured by the current feature representation. Test set
2 comprised samples 501-1000 and used T1000 training data from samples 1001-2000, whereas test set
1 contained samples 1501-2000 with training data from samples 501-1500. Although the EstKRR inten-
sity features were L2-normalized to reduce sensitivity to intensity scaling, subtle temporal intensity varia-
tions may persist after normalization and introduce mild dataset-dependent variability. It is possible that
residual differences in contrast enhancement between the training and testing data contributed to the
observed performance differences. Nevertheless, both test sets exhibited consistent trends and low overall
prediction errors, supporting the robustness of the prediction framework.

The observed reduction in prediction error at the 2040 ms horizon (figure 6) likely reflects the peri-
odic nature of respiratory motion rather than improved prediction model performance. A horizon of
approximately 2 s corresponds to roughly one half of one observed respiratory cycle in our datasets, such
that phase-aligned or cyclic repetition effects may contribute to reduced EPE at this prediction horizon.
Therefore, this behavior should not be interpreted as improved predictive accuracy at longer horizons,
but rather more likely a consequence of periodicity and temporal structure in the underlying respiratory
motion. This effect is sensitive to respiratory cycle variability across subjects and should be interpreted
cautiously when evaluating multi-step forecasting.
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Extending the original KRR-BMP framework to predict multiple PCA coefficients revealed that a
PCA rank of two yielded slight improvements in accuracy compared to rank-1 PCA predictions. Higher
PCA ranks reduced median prediction errors, at the cost of large increases in inter-subject variability
and upper bound errors (figure 7), likely due to mismatches between PCA bases derived from limited
training data and ground truth bases derived from the full dataset. This highlights an inherent limitation
of PCA-based forecasting when training data incompletely capture breathing variability. More detailed
analysis of the two reference reconstruction models, TrainPCA and FullPCA, further illustrates the lim-
itations imposed by finite training data (figure 8(b) and table 3). The ground-truth oracle, FullPCA,
decomposes the full breathing motion DVFs using PCA and performs a rank-1 reconstruction. The
population-average FullPCA reconstruction error of 0.43 mm demonstrates the inherently low-rank
structure of breathing motion and supports the use of PCA for dimensionality reduction. In contrast,
the training oracle, TrainPCA, derives its motion model from a 1000-sample training block and rep-
resents the optimal approximation of test-sample DVFs achievable using a PCA model learned from
limited data. TrainPCA also corresponds to the hypothetical case of zero-error coefficient prediction
by PredKRR. Consequently, differences between FullPCA and TrainPCA errors reflect modeling errors
arising from limited training data, whereas differences between TrainPCA and PredKRR errors reflect
inaccuracies introduced during prediction. For breathing motion of the stomach MA, the average perfor-
mance gap between TrainPCA and FullPCA was approximately 0.7 mm, while the gap between PredKRR
and TrainPCA was approximately 0.27 mm. These results indicate that errors introduced during coeffi-
cient prediction are substantially smaller than the inherent modeling errors caused by limited training
data. Accurate compensation of respiratory motion is essential for studying gastric contractile motion,
which occurs independent of breathing and at slower temporal frequencies. Respiratory-induced stomach
displacements have been reported to exceed 10 mm in previous studies (Mostafaei ef al 2018, Umezawa
et al 2021, Zhang et al 2021). To address this, prior MRI studies of gastric motility included breathing
motion compensation. However, KRR-BMP of the stomach, particularly its centerline and OW, have not
been thoroughly investigated. Our results demonstrate that reliable respiratory motion prediction of the
stomach and its centerline is feasible across a population of patients, supporting its role as a necessary
precursor to real-time gastric motility characterization.

A key aspect of this work is the separation of respiratory-induced motion from intrinsic gastric
motion, including filling dynamics and (peristaltic) contractile motion. The respiratory surrogate,
defined as superior-inferior liver translation, is used solely for respiratory phase estimation and does
not impose a rigid or anatomical coupling between liver and stomach motion. The subsequent breath-
ing motion model is derived from whole-abdomen deformable registration of respiratory-resolved image
volumes, such that stomach deformations are represented within a global respiratory motion subspace
rather than being directly inferred from the surrogate signal.

A potential concern is that gastric motility occurring concurrently with respiration could contaminate
the estimated breathing DVFs during DIR. In this work, several aspects of the reconstruction framework
mitigate this effect. First, k-space data are retrospectively sorted according to the respiratory surrogate
prior to reconstruction, which removes temporal coherence between respiratory phase and gastric con-
tractile activity, thereby decorrelating peristaltic motion from the breathing trajectory. Second, the res-
piratory states used to construct canonical DVFs span several minutes (approximately 3—9 gastric con-
traction cycles), and the wide VS reconstruction window effectively averages out non-respiratory cyclic
components.

Under the assumption that respiratory and gastric motions are largely unsynchronized, these pro-
cedures yield respiratory state images in which peristaltic motion is substantially temporally incoherent
and therefore attenuated in the reconstructed breathing model. This is further supported by manual QA
of reconstructed respiratory state images from full datasets (2000-7000 samples), which confirmed phys-
iologically plausible breathing motion without visible structured non-respiratory artifacts. Additionally,
preliminary comparisons (data not included here) between PCA models derived from full-abdomen
and stomach-specific DVFs show low-rank approximation differences below 0.1 mm, suggesting that
the dominant respiratory subspace is robust to residual gastric motion and appropriate for modeling
breathing-induced stomach deformation. Future work could investigate whether localized stomach-
derived respiratory surrogate signals further improve characterization of breathing-induced stomach
deformation, particularly in the presence of substantial gastric filling or contractile activity.

Several practical considerations and limitations were identified. Analysis of the sample-level predic-
tion EPEs (data not shown) indicated that prediction errors were consistently higher near the inhale
phase, consistent with prior respiratory motion imaging studies (Stemkens et al 2016, Liu et al 2021,
Huttinga et al 2022). These findings suggest a role for phase-aware prediction models and, more gen-
erally, for the integration of QA and outlier detection steps into the prediction framework. Incorporating
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estimates of forecasting uncertainty could aid in on-the-fly QA, by enabling the identification of poten-
tially erroneous model predictions. Huttinga et al (2023) introduced a Gaussian Process framework for
real-time 3D motion estimation and uncertainty quantification in MRgRT, using an uncertainty-based
rejection criterion to discard implausible predicted dynamics. They evaluated accuracy using voxel-wise
EPE (the residual magnitude of each prediction) and demonstrated in simulations that applying the
rejection criterion reduced 75th percentile errors below 1 mm, whereas the same experiments produced
errors exceeding 6 mm without it. These results highlight the potential for integrated uncertainty estima-
tion to provide effective QA mechanisms within respiratory prediction workflows. Future work will aim
to develop and integrate QA and outlier detection steps into the prediction framework.

Contrast enhancement in the DCE-MRI data introduced time-varying intensity changes that could
confound the intensity-based features in the EstKRR stage. However, signal intensities in most datasets
reached equilibrium within the first 85 s, thus these early samples were excluded from our analysis.
Prior to feature vector construction, voxel-intensity vectors were L2-normalized to reduce sensitivity of
the kernel representation to global intensity scaling and emphasize relative spatial patterns rather than
absolute signal magnitude or contrast dynamics. As a result, the learned features are expected to remain
robust to slow intensity variations, including potential signal drift in non-contrast MRgRT settings.

Although this study was performed using contrast-enhanced MRI acquisitions, the proposed frame-
work is expected to generalize well to standard non-contrast MRgRT imaging. In the absence of con-
trast dynamics, liver voxel intensities are expected to exhibit greater temporal stability, potentially pro-
viding more consistent intensity-based features for motion estimation. This expectation is further sup-
ported by the absence of significant differences in the cumulative mean and 95th percentile EPEs for
either the breathing DVF estimation (EstKRR) or prediction (PredKRR) stages between the Eovist and
Multihance cohorts (supplementary figure S1), suggesting that the intensity-based features are robust to
differences in contrast agent pharmacokinetics once signal equilibrium has been reached. Consequently,
performance under routine non-contrast imaging conditions would be expected to be at least compara-
ble, although direct validation using non-contrast MR-Linac data remains an important area for future
work. Alternative feature representations that are less sensitive to intensity variations may nevertheless
further improve robustness and facilitate broader clinical deployment. Finally, it should be noted that the
proposed framework was evaluated using a T1-weighted spoiled gradient-echo (GRE) GAR acquisition,
which avoids the off-resonance banding artifacts commonly associated with balanced steady-state free
precession cine imaging and would likewise not be expected when using comparable T1-weighted GRE
acquisitions on an MR-Linac.

The primary error metric employed in this study was the EPE between predicted breathing DVFs and
reference DVFs. The reference DVFs were obtained by applying the motion modeling framework (Zhang
et al 2021) to the full dataset, using DIR of reconstructed breathing state image volumes. Consequently,
these reference DVFs represent estimates of respiratory motion derived from the dynamic MRI data
rather than absolute physical ground truth. Any inaccuracies introduced during image reconstruction,
motion modeling, or DIR are therefore propagated into the reference data. Accordingly, the reported
EPE should be interpreted as a measure of predictive agreement with the reference motion model rather
than absolute anatomical accuracy. Despite this limitation, an absolute ground truth for internal abdom-
inal deformations is currently not attainable in vivo. The adopted motion modeling framework has been
extensively investigated in previous studies (Johansson et al 2016, 2018a, 2018b, 2021, Zhang et al 2021)
and has been used in prior motion prediction and tracking studies (Zhang et al 2023b, Liu et al 2021,
2022), where it was shown to produce physiologically plausible respiratory motion that generalized
across subjects.

To reduce computational burden, we introduced a simple liver voxel cropping strategy that signif-
icantly reduced EstKRR feature dimensionality while preserving strong respiratory surrogates near the
top of the liver and right hemidiaphragm (Veldman et al 2023), which undergo large respiratory motion
amplitudes (Keall et al 2006). Future work will investigate more elegant feature extraction approaches,
such as PCA-compressed intensity features and randomized linear algebra techniques like matrix sketch-
ing (Oscanoa ef al 2024, Plummer et al 2026), which may further improve efficiency and robustness.
Another promising alternative is the use of k-space self-navigators extracted from GAR trajectories,
which have been previously utilized for direct estimation of surrogate respiratory motion signals (Feng
et al 2016) but have not yet been evaluated in the proposed prediction framework. Encoding additional
information in the PredKRR feature vectors, such as the surrogate respiratory signal and/or numerical
gradients of the PCA coefficient trajectories, could enhance expressiveness and robustness to noise while
incurring little additional computation burden. Alternatively, a generalized radial basis function (RBF)
kernel, k7 (xi,xj) =exp (f ||xi — xjHZ / h), containing one additional parameter y that controls the expo-
nential distance scaling (Geifman et al 2020), could be included as an additional hyperparameter during
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training cross-validation. Laplace kernels are specialized cases where v = 1, thus the generalized RBF ker-
nel may improve flexibility for patient-specific modeling. Future work will also compare the KRR-BMP
framework to other prediction models, such as LSTM networks and their variants, which have been
widely used for MRI- and CT-based motion prediction (Romaguera et al 2020b, Lombardo et al 2022,
2023a, 2023b, Numakura et al 2024, Weng et al 2024).

The measured online inference times (table 4) demonstrate the computational efficiency of the PCA-
and KRR-based framework and its potential suitability for real-time MRgRT workflows. Across the eval-
uated datasets, the mean total online inference time was 13.02 ms per sample, substantially shorter than
the 170 ms temporal resolution of the dynamic MRI sampling and within the range of reported MRgRT
system latencies (200-500 ms) (Borman et al 2018). EstKRR inference time increased with the number
of cropped liver voxels, reflecting the dependence of kernel evaluation on the feature vector dimension,
while DVF reconstruction time increased with the number of body voxels, since the computational cost
of the rank-r PCA reconstruction scales with the basis vector dimension. In contrast, PredKRR inference
time remained below 0.6 ms for all datasets due to the low-dimensionality of the feature vectors and
responses.

It should be noted that the reported computation times represent only the online inference stage and
assume that the training and test feature vectors are already available in memory. The current framework
requires an offline motion modeling step to generate the training data (figure 1), including estimation
of the surrogate breathing signal, respiratory-resolved image reconstruction and deformable registration.
The current implementation of the motion modeling stage can require up to 30 min and represents a
limitation for fully real-time deployment of the motion prediction framework within the MRgRT work-
flow. Therefore, the reported inference times primarily demonstrate the computational efficiency and
low-latency prediction capability of the PCA-KRR algorithm rather than the end-to-end latency of the
complete motion modeling and prediction pipeline. Future work will investigate accelerated motion
model generation strategies and optimized implementations capable of true real-time online deploy-
ment. The reported times were obtained using a CPU-based MATLAB implementation; additional reduc-
tions in inference time may be achievable through GPU acceleration or implementation using a high-
performance programming language (e.g. C/C++ or Julia).

While the proposed framework demonstrated favorable geometric accuracy for KRR-BMP, geometric
agreement alone does not necessarily translate to improved dosimetric accuracy for target volumes or
surrounding organs at risk (Xian et al 2021). Future work should therefore investigate the dosimetric
impact of the proposed motion prediction framework within MRgRT workflows to determine whether
the observed geometric forecasting accuracy results in meaningful gains in target coverage and normal
tissue sparing.

Finally, the retrospective nature of this study enabled comprehensive evaluation but relied on
assumptions not fully representative of online clinical deployment, including precomputed motion mod-
els and unchanged patient anatomy between training and testing. Future work will focus on accelerating
motion model generation, incorporating uncertainty estimation for online QA, enhancing feature repre-
sentation, and comparing KRR-BMP to DL prediction models. Together, these developments will support
translation of respiratory prediction frameworks toward real-time abdominal motion management and
gastric motility modeling in MRgRT.

5. Conclusion

This study characterized the performance of KRR-BMP for abdominal organs, with a particular emphasis
on the stomach and its clinically relevant substructures. Across 27 patient datasets, KRR-BMP achieved
sub-voxel prediction accuracy at a 340 ms prediction horizon, with population-average mean endpoint
errors below 1.3 mm for all evaluated organs and 95th percentile errors consistently below 3 mm. These
results indicate that KRR-BMP can reliably capture short-term respiratory motion dynamics across het-
erogeneous abdominal anatomies.

Prediction accuracy was organ-dependent, with the lowest errors observed in the body and slightly
higher errors in the stomach, including its OW and MA, reflecting the increased complexity of gastric
motion dynamics. Nevertheless, error distributions were relatively small across subjects and test sets,
underscoring the generalizability and stability of the proposed framework. Reducing the training set size
led to gradual, predictable increases in error, particularly for gastric structures, highlighting the impor-
tance of sufficient training data for accurate prediction of more deformable organs. Importantly, even
with reduced training data, population-level upper bound errors remained within clinically relevant
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ranges. Using one and a half minutes of training data achieved volumetric prediction accuracies com-
parable to previous studies.

The analysis of prediction horizons and PCA rank revealed key trade-offs in model configuration.
While longer prediction horizons generally increased error, population-level error spreads remained sta-
ble. The occasional improvement at longer horizons suggests subject-specific temporal regularities that
merit further investigation. An optimal PCA rank of two achieved the best balance between accuracy and
robustness, with higher ranks introducing increased inter-subject variability and upper bound errors.

Opverall, these findings demonstrate KRR-BMP as a reliable approach for short-term respiratory
motion prediction in abdominal MRgRT. The demonstrated accuracy in the stomach MA provides an
important foundation for future integration of KRR-BMP with real-time gastric motility modeling, with
potential applications in motion-aware image reconstruction, adaptive targeting, and treatment delivery.
Future work will extend this framework to jointly model respiratory and gastric motion and to assess its
performance in real-time MR-guided RT workflows.
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