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Abstract

Multiparametric Magnetic Resonance Imaging (mpMRI), including T2-weighted imaging (T2), diffusion-weighted imaging
(DWI), and dynamic contrast-enhanced (DCE) imaging is an important technique for the diagnosis of clinically significant
prostate cancer (csPCa). Unlike T2 and DWI, which capture spatial contrast, DCE-MRI captures the temporal dynamics
before, during, and after the administration of the contrast agent. The temporal dynamics of DCE-MRI characterize the
microvascular properties of target tissue, offering valuable information for csPCa diagnosis. However, due to the high data
dimensionality and spatial-temporal data incompatibility, DCE-MRI has been largely overlooked or underutilized in prevalent
deep learning-based csPCa detection methods. In this paper, we propose PCa-Mamba, a state-space model (SSM)-based
framework that, for the first time, fully incorporates the temporal dynamics of DCE-MRI alongside the spatial contrast of
T2 and DWI for csPCa detection in mpMRI. SSMs are efficient for long-range sequence modeling, making them well-suited
for high-dimensional, heterogeneous mpMRI data. PCa-Mamba comprises two SSM modules: (i) a temporal SSM that
captures the temporal dynamics, and (ii) a spatial SSM that extracts spatial contrast. Pharmacokinetic (PK) regularization
is introduced to constrain the temporal SSM with the Tofts model, allowing the model to learn the PK properties of the target
tissue while reducing overfitting. Permuted sequentialization is introduced into the spatial SSM to rearrange spatial patches
along different scan directions. This enhances spatial context while preserving local adjacency. The spatial and temporal
features are jointly optimized by interactive fusion for integrated spatiotemporal representations, effectively capturing the
complementary information for csPCa detection. We further introduce a dropout mechanism that randomly excludes DCE-
MRI during training, allowing the model to handle practical scenarios where DCE-MRI is unavailable. Extensive experiments
on our in-house dataset and the PI-CAI dataset demonstrate PCa-Mamba’s superiority over existing models for csPCa
detection, as well as the advantages of mpMRI over bpMRI in lesion-wise csPCa diagnosis, especially for detecting small
lesions and those located in the peripheral zone.
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1 Introduction

Prostate cancer (PCa) is the most common cancer among
men in the United States [1]. Multi-parametric mag-
netic resonance imaging (mpMRI) of the prostate, which
typically includes T2-weighted imaging (T2), diffusion-
weighted imaging (DWI), and dynamic contrast-enhanced
MRI (DCE-MRI), has become a central imaging modality
for the diagnosis of clinically significant prostate cancer
(csPCa). Each imaging component provides complemen-
tary diagnostic information for lesion localization, classifi-
cation, and grading [2]. In contrast to biparametric MRI
(bpMRI), which consists of T2 and DWI and primarily
provides spatial contrast information, DCE-MRI captures
temporal signal variations by acquiring T1-weighted im-
ages (T1) before, during, and after the administration of
a contrast agent (CA). The resulting time–concentration
curves (TCCs) from DCE-MRI encode quantitative infor-

mation about tissue vascularization, which is closely as-
sociated with the occurrence and progression of PCa [3].

Several recent studies have reported the added value of
DCE-MRI in csPCa diagnosis. Huebner et al. [4] demon-
strated that incorporating DCE-MRI improves the visi-
bility of csPCa lesions. Zhang et al. [5] reported that
DCE-MRI enhances diagnostic sensitivity for transition
zone (TZ) lesions and is particularly beneficial for the de-
tection of small csPCa lesions. Similar observations were
reported by Taghipour et al. [6]. Pellicer et al. [7] showed
that incorporating the volume transfer constant (Ktrans,
measured in min−1), derived from quantitative DCE-MRI
analysis, improves the sensitivity of deep learning-based
csPCa detection. The parameter Ktrans characterizes the
transfer rate of CA from blood plasma into the extracel-
lular extravascular space (EES), thereby reflecting ves-
sel permeability and tissue vascularization. Matsuoka et
al. [8] incorporated early- and late-phase DCE-MRI im-
ages into deep learning models and also observed perfor-
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Figure 1: Prostate mpMRI images and the correspond-
ing histological image. The csPCa lesion is located in the
anterior-right region of the prostate (top-left in the image)
and marked with a red circle, as indicated in the histolog-
ical image. The TCCs display the average TCCs of the
csPCa lesion (red), normal prostate tissue (blue), and the
entire prostate (grey). TCCs increase after the injection
of CA, with those in the csPCa lesion rising significantly
faster and reaching higher levels than in normal prostate
tissue.

mance improvements. Collectively, these studies indicate
the clinical and computational value of including DCE-
MRI in csPCa lesion diagnosis.

With advances in deep learning, numerous models
have been proposed for automated csPCa detection [9,
7, 10] and grading [9, 11]. However, most existing ap-
proaches rely primarily on bpMRI [9, 12, 10] and exclude
or underutilize DCE-MRI due to data heterogeneity and
the high dimensionality of temporal information [9, 10].
Although notable performance gains have been achieved
through novel loss functions [9, 10] or advanced network
architectures [10, 13], there remains substantial potential
to further improve sensitivity and specificity by system-
atically incorporating DCE-MRI information.

Recent studies have explored the integration of
mpMRI for csPCa detection by incorporating either early
and late DCE-MRI images [8] or parametric maps such
as Ktrans derived from DCE-MRI [7], resulting in im-
proved detection sensitivity. However, parametric maps
or sparsely sampled T1 images capture only partial vas-
cularization information. Moreover, DCE-MRI TCCs are
often noisy, which can lead to unstable estimation of phar-
macokinetic (PK) parameters. In contrast, the original
DCE-MRI TCCs contain more comprehensive temporal
information related to tissue vascularization. Directly
learning from these original TCCs therefore has the po-
tential to further enhance csPCa detection. Nevertheless,
the high dimensionality of TCCs and their incompatibil-
ity with spatial bpMRI data pose significant challenges
for effective integration. For multi-slice prostate MRI,
which is already high-dimensional, the inclusion of TCCs

further increases the data dimensionality along the tem-
poral axis. Capturing long-range dependencies in such
high-dimensional spatiotemporal mpMRI data requires ef-
ficient deep learning models capable of modeling both spa-
tial and temporal context.

Motivated by the recent success of state space models
(SSM) [14] in long-range sequence modeling, this work
proposes an SSM-based architecture for mpMRI-based
csPCa detection. The proposed method, termed PCa-
Mamba, comprises two core components: (i) a tempo-
ral SSM with pharmacokinetic (PK) regularization
to extract diagnostic and physiologically meaningful fea-
tures from DCE-MRI TCCs, and (ii) a spatial SSM with
permuted sequentialization to model spatial features
from T2 and DWI images. The spatial SSM follows a
UNet [15]-like architecture constructed from SSM blocks,
whereas the temporal SSM is a one-dimensional model
designed to learn temporal dynamics from TCCs. Fea-
tures extracted by the two SSM branches are adaptively
combined through interactive feature fusion.

ThePK regularization constrains the temporal SSM
using the Tofts PK model [16], thereby enabling di-
rect estimation of PK parameters, such as Ktrans, from
input TCCs. This design provides two main advan-
tages. First, PK regularization encourages the extrac-
tion of features that are closely related to PK parame-
ters, which have been shown to be strong indicators of
csPCa [17, 7, 18, 19]. The incorporation of such features
improves csPCa detection performance. Second, training
deep models on high-dimensional and noisy data, such
as DCE-MRI TCCs, with limited sample sizes is prone
to overfitting. PK regularization mitigates this risk by
constraining the temporal feature space. The permuted
sequentialization strategy rearranges spatial feature se-
quences to enhance contextual modeling in the spatial
SSM. The interactive fusion mechanism dynamically
integrates spatial and temporal representations, facilitat-
ing mutual learning between the two SSM branches. To
address the potential absence of DCE-MRI TCCs in rou-
tine clinical practice, a modality dropout mechanism is
incorporated to improve robustness to missing temporal
information.

With these components, the aim of this study is to
develop a unified deep learning framework for clinically
significant prostate cancer detection that effectively in-
tegrates spatial information from bpMRI with temporal
enhancement dynamics from DCE-MRI. In contrast to
prior approaches that underutilize DCE-MRI, depend on
precomputed parametric maps, or model temporal infor-
mation independently of spatial context, the proposed
method directly learns from original DCE-MRI tempo-
ral dynamics within a coherent spatiotemporal modeling
framework. The contributions of this study are summa-
rized as follows:
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• A holistic SSM-based framework, PCa-Mamba, is
proposed to exploit spatiotemporal information in
mpMRI for csPCa detection.

• PK regularization is introduced to integrate phar-
macokinetic analysis into the temporal SSM, and
an interactive fusion strategy is proposed to combine
spatial and temporal features, enabling bidirectional
mutual learning between the two SSM branches.

• The contribution of DCE-MRI is systematically
evaluated across different csPCa lesion characteris-
tics, demonstrating particular benefits for periph-
eral zone lesions, small lesions, and MRI-negative
lesions.

The remainder of this paper is organized as follows.
Sec. 2 reviews related work. Sec. 3 describes the pro-
posed method. Sec. 4 presents the experimental setup
and results. Sec. 5 provides a discussion of the findings.
Sec. 6 concludes the paper.

2 Related Work

2.1 Deep Learning-based MRI csPCa diag-
nosis

A line of deep-learning models has been proposed for MRI
csPCa diagnosis in the past decade. These methods ex-
tract pixel or region-level features from MRI images and
predict csPCa locations or probability maps. Song et
al. [20] used region-based Convolutional Neural Networks
(CNNs) to classify biopsy-proven prostate cancer lesions
and non-lesion tissue. Kiraly et al. [21] used an encoder-
decoder architecture with two output branches for csPCa
detection and classification. Seetharaman [22] proposed
to distinguish indolent PCa and csPCa with a T2 and
Apparent Diffusion Coefficient (ADC) images. Cao [9]
proposed the ordinal encoding to distinguish csPCa of dif-
ferent severity for multi-class csPCa detection. A mutual
finding loss was proposed to simulate radiological interpre-
tation of csPCa from T2 and ADC. Li [23] used dilated
convolution networks to simultaneously segment prostate
and PCa. A line of work has introduced the anatomical
zonal information into the csPCa detection framework.
Hoss et al. [24] incorporated zonal segmentation with
mpMRI as the model input. Vente et al. [25] integrated
zonal information with ordinal encoding to detect PCa of
different aggressiveness. Duran et al. [26] confirmed the
importance of zonal masks in csPCa detection by com-
paring the performance with prostate and zonal segmen-
tations. A number of network architectures have also been
introduced to improve csPCa detection performance. Yu
et al. [27] proposed a multi-scale patch-wise network en-
hanced with a squeeze-and-excitation (SE) block. This

architecture is designed to reduce false positive (FP) pre-
dictions by letting the model automatically learn the FP
patterns from the context information provided by the
multi-scale patches. Saha et al. [28] introduced an aux-
iliary network to classify if a given image patch contains
csPCa lesions and then used the classification results to
depress FP predictions. Recently, Zheng et al. [10] took
into account the anatomical asymmetry of csPCa lesions
and proposed an anatomy-aware network architecture,
along with a loss function, to reduce FP detections with
symmetric patterns. Hung et al. [29] utilized cross-slice
information to perform evidential deep learning for csPCa
lesion detection.

2.2 DCE-MRI in csPCa Diagnosis

DCE-MRI measures changes in CA concentration over
time and helps identify areas with abnormal vascular-
ization, often associated with tumors. The analysis of
DCE-MRI involves the quantification and interpretation
of DCE-MRI TCCs. In general, there are qualitative
and quantitative methods for prostate DCE-MRI anal-
ysis. Qualitative methods involve visually assessing the
TCCs in the target area, as the csPCa demonstrates more
rapid and more intense enhancement [30, 31]. Fig. 1
illustrates the average TCCs observed in normal tissue
compared to csPCa. Quantitative DCE-MRI leverages
pharmacokinetic (PK) models to quantify contrast agent
(CA) exchange between the intravascular space and the
EES. The widely used Tofts model [16] estimates PK pa-
rameters by fitting them to TCCs. The PK parameters
are relevant to physiological properties of the target tis-
sue and are indicative of csPCa [17, 7, 18, 19]. In addition
to the Tofts model, MR dispersion imaging (MRDI) [32]
was proposed to characterize microvascular architecture
by quantifying intravascular dispersion and permeability
without requiring explicit arterial input function (AIF)
measurement or assumptions, and has demonstrated im-
proved accuracy for clinically significant prostate cancer
(csPCa) detection [33, 17].

Although limited benefits have been reported in
patient-wise csPCa diagnostics, DCE-MRI has shown
added value in lesion-level csPCa detection [4, 7, 8]. The
visibility of lesions was significantly better with mpMRI
when compared to mpMRI in visual grading characteristic
analysis [4].

Recently, deep learning-based methods [18, 34] have
been proposed to directly estimate PK parameters from
TCCs. Another line of work utilizes DCE-MRI or its de-
rived parameters as input features for deep learning mod-
els. Pellicer-Valero et al. [7] incorporated Ktrans para-
metric maps derived from TCCs as model input, achiev-
ing notable improvements in lesion-wise csPCa detection
but minimal gains in patient-wise diagnostics. Matsuoka
et al. [8] included DCE images of early and late phases
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as input. However, neither method accounts for the full
temporal dynamics of DCE-MRI, resulting in limited uti-
lization of DCE-MRI.

2.3 State Space Models for Long Sequence
Modeling

Gu et al. [35] proposed the Structured State-Space Se-
quence (S4) model, an alternative to Transformers for se-
quential modeling. Due to their linear complexity with
respect to sequence length, SSMs have attracted a num-
ber of further explorations. Smith et al. [36] simplified
S4 by replacing multiple single-input, single-output SSMs,
with one multi-input, multi-output SSM. [37] proposed an
SSM layer that nearly fills the performance gap between
SSMs and Transformer attention in language modeling.

The original SSMs were designed for one-dimensional
sequences, while vision-related tasks require processing
multi-dimensional inputs like images. Inspired by the vi-
sual transformer the vision mamba block [38] was pro-
posed for multi-dimensional image data. SegMamba [39]
extended SSMs into volumetric medical image segmenta-
tion.

3 Methodology

In this section, we present PCa-Mamba for csPCa detec-
tion. We begin with a brief overview of SSMs and the
SSM block in Sec. 3.1, followed by details on spatial SSMs
in Sec. 3.2 and temporal SSMs in Sec. 3.3. Finally, we
discuss spatial-temporal interactions and the end-to-end
training of PCa-Mamba in Sec. 3.4.

3.1 State Space Models

The state space models (SSMs) are inspired by the contin-
uous system that maps a 1-D sequence xt ∈ R 7→ yt ∈ R
through a hidden state variable ht ∈ RN . This state ht

captures the internal status of the system at time step t
and summarizes all necessary past information to deter-
mine future behavior. This system uses A ∈ RN×N as
the evolution parameter and B ∈ RN×1,C ∈ R1×N as the
projection parameters. The discrete version of the system
can be formulated as:

ht = Aht−1 +Bxt

yt = Cht,
(1)

where xt and yt are the input and output of the t-th node,
and ht−1 is the hidden state of the previous node. Eq. (1)
can be reformulated as a parallel computation:

K = [CB,CAB,CAAB, ..., CAT−1B]

y = x⊛K
(2)

Act

Linear

MLP

Norm

SSM

Act

Linear

Norm

Patches

Figure 2: The SSM block. The input sequence is initially
normalized using LayerNorm and then projected through
a linear layer followed by the SiLU activation function
(Act). The SSM captures the global context, and a resid-
ual connection is added to the SSM’s output. The features
undergo a second normalization and are then processed by
an MLP, followed by another linear layer and activation.

where x = [x1, x2, ..., xL],y = [y1, y2, ..., yL] are the in-
put and output, ⊛ is the convolution operator, L is the
length of the sequence, and K is the convolution ker-
nel. Eq. (2) enable efficient parallelizable computation
and makes SSMs much more efficient than recurrent mod-
els. The hidden state ht in Eq. (1) contains information
on all previous nodes in the sequence. The representation
capacity of ht is limited, and it struggles to fully encap-
sulate context of very distant nodes.

Eq. (1) and (2) enables partial global context, allowing
the output yt to access all inputs prior to t. However, it
does not permit access to inputs occurring after t. To
enable the bidirectional information access and learning
global context, we reverse the input sequence and add the
outputs of forward and reverse SSM at each time step:

[−→y 1,
−→y 2, ...,

−→y L] = [x1, x2, ..., xL]⊛K

[←−y L,
←−y 2, ...,

←−y 1] = [xL, xL−1, ..., x1]⊛K

y = [y1, y2, ..., yL] = [−→y 1 +
←−y 1,
−→y 2 +

←−y 2, ...,
−→y L +←−y L]

(3)
In Eq. (3), −→y t and

←−y t are the outputs of the forward and
reverse SSMs at time step t, which have access to infor-
mation prior to and after t, respectively. yt =

−→y t +
←−y t is

the final output at time step t, which capture the global
context from both directions. From this point forward, we
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will use y = SSM(x) to represent the bidirectional SSM
defined in Eq. (3).

We follow the design of vision transformer and replace
the self-attention modules with SSMs defined in Eq. (3)
to form SSM-based networks that are more efficient in
modeling long-term dependencies.

An SSM block comprises several operations. The in-
put sequence x = [x1, x2, ..., xL] is first normalized, then
passed through the SSM operation, and finally processed
by a multi-layer perceptron (MLP) to produce the output
y = [y1, y2, ..., yL]. The computation flow of a single SSM
block is illustrated in Fig. 2.

3.2 Spatial SSM with Permuted Sequential-
ization

The spatial SSM extracts features from spatial images,
including T2, ADC, HBV, and zonal masks. These
images are stacked as a multi-channel multi-slice vol-
ume. The input images are first transformed into the
sequence of patches, and then processed by multi-layer
U-shaped SSM encoder to learn hierarchical representa-
tions. Zonal masks were used for both the in-house and
PI-CAI datasets. They were generated using a zonal seg-
mentation model [40] pretrained on the in-house dataset,
which contains human-annotated zonal ground truths. To
avoid any potential data leakage, the zonal segmentation
model was trained on exactly the same set of cases as
PCa-Mamba. The resulting pretrained model was then
applied to generate zonal masks for the PI-CAI dataset.

3.2.1 Multi-slice MRI to a Patch Sequence

The SSMs are designed for the sequence-to-sequence prob-
lems. To adapt SSMs to our task, we first transform the
multi-slice images into flattened square patches. The flat-
tened patches are regarded as a sequence where each patch
denotes a node in the sequence.

Let I ∈ RH×W×D be the spatial data of a multi-slice
mpMRI scan including T2, ADC, HBV, and zonal masks,
where H ×W is the in-plane resolution of each slice, D is
the number of slices, and C = 4 is the number of channels.
In our experiments, the four images are stacked along the
channel dimension, resulting in C = 4.

We split the stacked images into square, non-
overlapping patches in the H×W plane. Let Pl ∈ Rp2×C

be the l-th patch where p is the patch size, and L =
H/p×W/p×D is the number of patches (or length of the
sequence). Following the vision transformer, we employ
16×16 patch size to get a sequential representation of non-
overlapping patches. Next, we linearly project each patch
into d-dimensional embeddings and add position embed-
dings Epos ∈ RL×d. The input sequence to the spatial
SSM is

x = [P1W,P2W, ...,PLW ] +Epos (4)

7 8
4 5
1 2

9
6
3

1 2 3 7 8 9 1 9

1 4 7 3 6 9

1 1 1 2 2 2 9 9 9

1 9

1 9 1 9

−→w

−→
h

→
d

⇒

Row sequence

Column sequence

Depth sequence

Figure 3: Illustration of the permuted sequentialization
of the 3D spatial bpMRI data. The 3-D image is sequen-
tialized along different axes, i.e. width, height, and depth,
ensuring that spatially neighboring voxels have shortcut
access to the context of each other in at least one of the
sequences.

where W ∈ R(p2×C)×d is the learnable projection matrix.
x ∈ RL×d is the projected embeddings sequence.

With the aforementioned sequentialization, the se-
quence length would be L = H/p × W/p × D. For ex-
ample, with patch size p = 16, our in-house mpMRI data
with dimension 128 × 128 × 20, the sequence length will
be L = 128/16× 128/16× 20 = 1280.

3.2.2 Permuted Sequentialization

The SSMs compress contextual information into the hid-
den state ht and therefore allow efficient linear-time rea-
soning. However, the context of distant nodes gradually
diminishes over the recurrence, potentially leaving a node
with insufficient context for distant nodes. Let Pi,j,k be a
patch in a multi-slice MRI, where i, j are the in-plane in-
dices of the patch and k is the slice index. Pi,j,k and
Pi,j,k±1 are spatially adjacent patches in the same in-
plane position but with adjacent slices. However, after
sequentialization, the two patches become distant from
each other, resulting in insufficient mutual context. These
spatially adjacent patches should share rich context with
each other to learn consistent features.

To ensure that spatially adjacent patches have suffi-
cient context of each other, we propose the permuted se-
quentialization that rearranges the sequence with different
permutations of the patches. As illustrated in Fig. 3, the
original 3D spatial bpMRI is sequentialized along the row,
column, and depth axes, resulting in three distinct per-
mutations. The permuted sequentialization ensures that
spatially neighboring patches, such as two patches in the
same row but in adjacent columns within the same slice,
are close to each other in at least one of the sequentializa-
tions. To enhance contextual modeling without increas-
ing computational cost, we apply a single permutation
within each spatial SSM block and alternate the permu-
tation scheme across successive blocks. For instance, row-,
column-, and depth-wise sequentialization are used in the
first, second, and third spatial SSM blocks, respectively,
and this alternation is repeated in subsequent blocks.
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3.2.3 Spatial SSM with U-shaped architecture

Using the SSM block and permuted sequentialization,
we construct the spatial SSM network, which resembles
the UNet architecture by progressively downsampling and
then upsampling features to learn hierarchical represen-
tations at various scales. This architecture is similar to
recent SSM-based models such as Vision Mamba [38] and
SegMamba [39]. Fig. 4 illustrates the architecture of
the spatial SSM. The spatial SSM has three downsam-
pling and three upsampling stages. Each stage consists
of three SSM blocks and a patch merging (or expand-
ing) module. The three SSM blocks utilize row, column,
and depth sequentialization to learn the spatial correspon-
dences. As shown in Fig. 4, the patch merging module
combines 2 × 2 = 4 neighboring patches by concatenat-
ing their embeddings and then applying a linear projec-
tion to convert the embeddings back to the original di-
mension. The patch expanding module first increases the
embedding dimension by a factor of four using a linear
projection, and then splits the embeddings into four sep-
arate patches. It is important to note that both patch
merging and patch expanding are performed within the
in-plane H ×W plane, while the depth axis (number of
slices) remains unchanged.

3.3 Temporal SSM with Pharmacokinetic
Regularization

3.3.1 Temporal SSM

The temporal SSM extracts temporal dynamics from
DCE-MRI time-concentration curves (TCCs). Let Ct ∈
RH×W×D×T be the TCCs of DCE-MRI, computed from
the acquired DCE-MRI T1 images using the method de-
scribed in [17]. H×W×D is the spatial dimension, T = 75
is the total temporal steps of the DCE-MRI data.

The temporal SSM operates on the
time–concentration curve (TCC) of each spatial voxel
independently. Let ct ∈ RT be the TCC of a specific
voxel, the temporal SSM extracts features from each
ct. In this setting, the sequence length of the temporal
SSM is T . The extracted temporal features are combined
with the features of spatial SSM for csPCa prediction.
The input TCC is first projected into high-dimensional
features with a linear layer and then processed by four
subsequent SSM blocks.

The temporal SSM extracts temporal features Ft from
input TCCs Ct, and Ft is used for both csPCa estimation
and PK parameters estimation. Fig. 5 illustrates the
computation flow of the temporal SSM. The PK param-
eter estimation is performed only during training and is
essentially a regularization to the temporal SSM. We will
elaborate this in the following context.

3.3.2 Tofts Pharmacokinetic Model

We used the Tofts model for PK regularization and PK
parameter estimation. The Tofts model formulates the
TCC (ct) as the convolution between the plasma CA con-
centration (cp), also known as the arterial input function
(AIF), and the tissue impulse response:

ct(t) =

∫ t

0

cp(τ − t0)︸ ︷︷ ︸
AIF

·Ktranse−kep·(t−τ)︸ ︷︷ ︸
impulse

dτ. (5)

In Eq. (5), Ktrans denotes the volume transfer constant
and kep represents the rate constant, both measured in
min−1. The parameter t0 indicates the bolus arrival time.
All these parameters are free variables to be estimated,
and represent the vascularization of the target tissue. cp
is the AIF, and the Parker population-based AIF [41] is
used in our model and thus cp is a constant. Given ac-
quired ct(t), we can estimate the three PK parameters
using the Tofts model in Eq. (5). Conversely, provided
the three PK parameters Ktrans, kep and t0, we can cal-
culate corresponding ct by inverting the equation.

3.3.3 Pharmacokinetic Regularization

We constrain the temporal SSM with the Tofts
model, which enables estimation of PK parameters, i.e.
Ktrans, kep and t0, from input TCCs ct. As shown
in Fig. 5, the temporal features Ft is not only used for
csPCa detection, but also used to estimate the PK param-
eters. The estimation of the PK parameters is enforced
by a reconstruction loss. Let K̂trans, k̂ep, and t0 be the
estimated PK parameters, the regularization loss term is
the L1 distance between the original and the fitting TCCs

Lpk = L1

(
Ct, Ĉt

)
= L1

(
Ct − Tofts(K̂trans, k̂ep, t0)

)
, (6)

where Ĉt = Tofts(K̂trans, k̂ep, t0) is the fitting, and L1(·, ·)
denotes the L1 distance. As illustrated in Fig. 5, the PK
parameter estimation branch is utilized only during train-
ing and discarded during testing. The temporal SSM is
constrained to emulate the Tofts model, and the learned
features encapsulate both csPCa diagnostic information
and vascularization characteristics of the target tissue.

3.4 Interactive Spatiotemporal Fusion

We have introduced spatial and temporal SSMs designed
to learn independently from spatial and temporal MRI
data, respectively. To integrate spatial and temporal
features for csPCa detection and facilitate mutual learn-
ing between the SSMs, we propose an interactive fusion
approach that dynamically combines spatiotemporal fea-
tures.

As demonstrated in Fig. 6 (middle), after each SSM
block, we alternately add features from the temporal (or

6



Linear Linear

SSM

Merge

SSM

Expand

SSM

Merge

SSM

Expand

SSM

Merge

SSM

Expand

SSM

Patch

merging

Patch

expansion

[H,W,D] [H,W,D]

[H
p

W
p
D, d]

[H
2p

W
2p

D, 2d]

[H
4p

W
4p

D, 4d]

[H
8p

W
8p

D, 8d]
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features to learn hierarchical representations. The feature dimensions at different levels are annotated in the figure.
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Figure 5: Computation flow of the temporal SSM. The
temporal features Ft extracted from input TCCs Ct are
used for (1) prostate cancer detection and (2) predict-
ing PK parameters, i.e. Ktrans, kep and t0. The PK
parameter estimation occurs exclusively during training
and serves as a regularization mechanism for the tempo-
ral SSM.

spatial) SSM to the corresponding spatial (or temporal)
SSM block. A linear layer aligns the feature dimensions,
while patch merging (or expansion) ensures consistency
in spatial size. To improve flexibility and enable inference
without DCE-MRI TCCs, we randomly drop the temporal
TCC input and disable interaction during training with a
probability of 0.2. This trains the model to handle both
spatial-only and spatiotemporal inputs at inference time.

4 Experiments and Results

We validate the performance of PCa-Mamba and the ef-
fect of the proposed components through extensive exper-
iments. In particular, we investigate the following ques-
tions:

1. Can PCa-Mamba improve the performance of csPCa
detection over other models? (Fig. 9 and 10
and Tab. 2)

2. Are there benefits to including DCE-MRI along with
bpMRI for csPCa lesion detection? (Fig. 9, 10
and 13)

3. Do the proposed components, i.e. permuted se-
quentialization, PK regularization, and interactive
fusion, improve the performance of PCa-Mamba?
(Tab. 4)

We first introduce the MRI data in Sec. 4.1 and experi-
mental details Sec. 4.2, and then report the experimental
results in the rest of the section.

4.1 Datasets and Data Preprocessing

Our experiments are conducted on two datasets: our in-
house dataset and the public PI-CAI dataset [42].

7



…Ct

Ĉt
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Figure 6: The architecture of spatiotemporal SSMs. The spatial SSM takes multi-slice spatial MRI images as input and
extracts hierarchical features using a U-shaped encoder-decoder network. The temporal SSM takes DCE-MRI TCCs
as input, and the extracted features are used for both csPCa detection and PK parameter estimation. The features of
spatial and temporal SSMs interact to enrich the spatiotemporal context.

Table 1: Overview of the datasets used in our experiments.

Dataset Scan Mag
Resolution

(mm)
Slice Spacing

(mm)
Matrix Size

In-house
T2

3T
0.625 3.6 320× 320

ADC 2.0 3.6 128× 128
DCE 1.625 3.6 160× 160

PI-CAI
T2

3T/1.5T
0.3 3.6 640× 640

ADC 2.0 3.6 128× 120

4.1.1 PI-CAI dataset

The public release of the PI-CAI dataset consists of
mpMRI scans of 1,500 patients including T2, DWI with
b-values 50, 400, and 800 s/mm2, ADC map (calculated
from the b-values). All scans were acquired on Siemens
MRI systems operating at 1.5 T or 3 T.

Among these cases, 220 positive cases have voxel-
level lesion annotations provided by human experts, while
1,075 cases are negative (i.e., with empty lesion labels).
We therefore used a total of 1,295 cases in our experi-

ments. A subset of 204 cases, originating from the Prosta-
teX dataset, additionally includes Ktrans maps derived
from DCE-MRI. Since we randomly drop channels dur-
ing training, we include cases without Ktrans maps in the
training/testing process. Further details of the PI-CAI
dataset are available on the official website1.

1https://pi-cai.grand-challenge.org/DATA/
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Figure 7: The interactions between spatial and temporal
SSMs. The features from the one SSM are first aligned
using patch merging (or expansion) and linear projection
to match the feature dimensions of the target SSM. The
patch merging (or expansion) ensures that the spatial size
is maintained, and the linear projection aligns the feature
dimensions. The fusion is optional and is applied only
when DCE-MRI TCCs are available.

4.1.2 In-house Dataset

Dataset and data acquisition: Our in-house dataset con-
sists of 652 patients with mpMRI, including: T2, DWI
with b-values 0/100/400/800 s/mm2, and DCE-MRI T1
images. All images are performed on Siemens 3T scan-
ners with the standardized clinical prostate mpMRI
protocol [31, 2]. The patients are composed of two
parts: (1) pre-operative mpMRI images from 220 patients
who had totally 246 confirmed PCa lesions with whole-
mount histopathology after radical prostatectomy, and (2)
mpMRI images from 432 patients who did not have indi-
cations of PCa lesions, confirmed by systematic biopsies
followed by negative mpMRI (PI-RADS≤2). We include
mpMRI images with no indications of PCa lesions to bal-
ance the data distribution on model training and testing,
as well as to perform patient-level classification evalua-
tion.

We calculate the apparent diffusion coefficient (ADC)
maps using linear least squares curve fitting of four DWIs
against their corresponding b values (0/100/400/800
s/mm2). We also include the DWI images with b=1400
s/mm2, referred to as high-b value DWI (or HBV for
short). We compute zonal masks using the T2 with a
pretrained zonal segmentation model [40].

Clinical interpretation and annotations: mpMRI im-
ages were reviewed by three genitourinary (GU) radi-
ologists, each with over 10 years of clinical experience
in prostate MRI interpretation, as part of routine clini-
cal practice in accordance with established clinical guide-
lines [31, 2]. Lesions with a PI-RADS score ≥ 3 were
considered MRI-positive findings, whereas lesions with PI-
RADS score < 3 were considered MRI-negative findings
in this study.

The ground truth for lesion annotations was es-
tablished using whole-mount histopathology (WMHP)
obtained after radical prostatectomy (RP), spatially
matched to the preoperative mpMRI. Blinded to all MRI-
related information, the sliced WMHP specimens were in-
dependently examined and reported by three GU pathol-
ogists with 14, 8, and 5 years of experience in clinical
prostate histopathology interpretation, as part of stan-
dard clinical workflow. Each PCa lesion was contoured
and assigned a corresponding Gleason Score (GS) based
on WMHP. Lesions with GS ≥ 7 were defined as csPCa
and served as the detection targets in this study.

Under the supervision of attending GU radiologists,
GU radiology research fellows retrospectively reviewed
each mpMRI examination and manually contoured re-
gions of interest (ROIs) for MRI-visible lesions on T2-
weighted images, with reference to the WMHP exami-
nation reports. MRI-positive findings were categorized
as true positives if radiological findings corresponded to
histopathological lesions, and as false positives if no cor-
responding prostate cancer was identified in histopathol-
ogy. Prospectively missed lesions that were retrospec-
tively identified during the rereview process were defined
as false-negative (FN) lesions. Prostate cancer lesions that
were not visible on mpMRI and could not be retrospec-
tively identified were excluded from the study, as reliable
contouring of these lesions was not feasible.

The retrospective study on the in-house dataset is
in compliance with the United States Health Insurance
Portability and Accountability Act (HIPAA) of 1996 with
approval from the institutional review board (IRB) of the
University of California, Los Angeles with a waiver of the
requirement for informed consent. All experiments adhere
strictly to the relevant guidelines and regulations.

4.1.3 Preprocessing

All the MRI images are in a DICOM format. The DCE-
MRI TCCs are computed from T1 images using the same
method described in [17]. The dimensions of bpMRI im-
ages, including T2, ADC, HBV, and zonal masks, are
H × W × D, where H × W are height and width, and
D is the number of slices. TCCs are with dimension of
H×W ×D×T where T = 75 is the number of time steps.

4.2 Implementation and Evaluation Details

We implement our models with the PyTorch framework.
We follow the training recipe of Vision Mamba [38]. Our
model is trained for 20 epochs with a single NVIDIA 3090
GPU. Random left-right flipping is performed for data
augmentation.
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Figure 8: Examples of the csPCa detection results on our in-house dataset. The PCa-Mamba model with bpMRI
produces less noisy results than the current state-of-the-art AtPCaNet [10], because of its broader context. Using PCa-
Mamba with mpMRI, which includes DCE-MRI, enhances sensitivity by detecting MRI false negative (FN) lesions that
are not visible in bpMRI (highlighted by text and red arrows). The Ktrans maps are shown in the last column as a
reference.

4.2.1 Other csPCa Detection Methods

We compare our proposed method with various csPCa de-
tection methods and network architectures, including At-
PCaNet [10], Pellicer et al [7], VoxResNet [43], VNet [44],
nnUNet [45], UNeTR [46], and SEResUNet [47]. At-
PCaNet [10] is a bpMRI PCa detection method with
anatomical designs in network architecture and loss func-
tion. It takes bpMRI including T2, ADC, HBV, and zonal
masks as input. Pellicer et al [7] is a mpMRI csPCa detec-
tion method that takes bpMRI and Ktrans maps as input.
When comparing different network architectures, we use
the same input images and loss function as AtPCaNet [10]
for fair comparisons.

4.2.2 Quantitative Evaluation and Statistical Testing

On each dataset, we perform 5-fold cross-validation for
quantitative performance evaluation. In each fold, four-
fifths of cases are used for model training with the others
for testing. Following the common practice of many previ-
ous studies [48, 9, 10, 7], we evaluate lesion-level csPCa le-
sion detection using free-response receiver operating char-
acteristic (FROC) analysis. The FROC curve character-
izes the relationship between model detection sensitivity
(recall) and the level of false positive predictions per pa-
tient. A detection point is defined as a true positive (TP)
when the point is within 5 mm of a ground truth an-
notations to account for a potential mismatch between
histopathology and radiology ROI [48, 9, 10]. The sensi-
tivity results at each number of FP predictions per patient
are compared using the Chi-squared Test, in accordance
with 95% confidence interval (95% CI), correspondingly.
In addition to FROC, we also report precision-recall (PR)
curves that characterize the relationship between preci-

sion and recall.
We also report per-patient binary classification results

using FROC and PR curves. A patient is labeled posi-
tive if they have at least one csPCa lesion, and negative
otherwise. The patient-level prediction is defined as the
maximum probability across all predicted volumes.

4.3 Comparison With the State-of-the-arts

We first compared PCa-Mamba with other state-of-the-
art models for both lesion detection and patient-level clas-
sification.

We compared our method with various bpMRI csPCa
detection methods, including AtPCaNet [10], VoxRes-
Net [43], VNet [44], nnUNet [45], UNeTR [46], and SERe-
sUNet [47]. We also compared with UMamba [49], a re-
cent SSM-based architecture for medical image segmen-
tation. All these methods used bpMRI data, including
T2, ADC, HBV, and zonal mask as input. We also com-
pared our method with two mpMRI methods [7, 8] that
underutilized mpMRI data. To replicate [7], we used
PCa-Mamba with only spatial SSM, accepting bpMRI and
Ktrans, referred to as “PCa-Mamba (bpMRI + Ktrans).”
For the replication of [8], we used PCa-Mamba with only
spatial SSM, accepting bpMRI, along with early and late
T1 images, referred to as “PCa-Mamba (bpMRI + early
+ late).” We tested the full PCa-Mamba with spatiotem-
poral SSMs on our in-house dataset.

4.3.1 Lesion-level Detection Results

Fig. 8 showcases example detection results of the state-of-
the-art AtPCaNet [10] and PCa-Mamba. The two cases
in Fig. 8 are from our in-house dataset. The mean FROC
curves for the two datasets are displayed in Fig. 9 and 10,
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Figure 9: Lesion detection performance on our in-house dataset. The circles on PR curves indicate the point with best
F1 score. PCa-Mamba with mpMRI achieves the best performance, demonstrating the effectiveness of PCa-Mamba in
incorporating temporal dynamics in DCE-MRI.
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Figure 10: Lesion detection performance on the PI-CAI dataset. The circles on PR curves indicate the point with best
F1 score. PCa-Mamba with mpMRI achieves the best performance, demonstrating the effectiveness of PCa-Mamba in
incorporating temporal dynamics in DCE-MRI.

and the mean and variance of sensitivity values at vari-
ous false positive rates are summarized in Tab. 2, where
the sensitivity values were analyzed using the Chi-squared
test with a 95% confidence interval (95% CI).

The FROC curves in Fig. 9 and 10 clearly show the
benefit of including DCE-MRI and the superiority of

our method over existing methods. As shown in Fig. 9
and 10, incorporating DCE-MRI leads to substantial im-
provements over bpMRI. Using DCE-MRI TCCs achieves
the best performance, which reveals that DCE-MRI helps
identify lesions that are invisible to other bpMRI meth-
ods. As illustrated in Fig. 9, including DCE-MRI TCCs
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Table 2: Mean and standard deviation of sensitivity at different false positives per patient. The sensitivity results at
each number of FP per patient were compared using the Chi-squared Test in accordance with a 95% confidence interval.

Models Input
Sensitivity@#False positives per patient (95%CI)

In-house dataset PI-CAI dataset
1 2 4 8 1 2 4 8

AttUNet

bp

0.681±0.070 0.760±0.051 0.843±0.057 0.894±0.064 0.173±0.079 0.248±0.080 0.327±0.073 0.427±0.077

ResUNet 0.650±0.071 0.772±0.061 0.835±0.078 0.878±0.051 0.535±0.070 0.630±0.054 0.721±0.055 0.800±0.076

SEResUNet 0.671±0.072 0.752±0.072 0.825±0.059 0.890±0.067 0.146±0.056 0.178±0.075 0.239±0.074 0.314±0.078

VNet 0.667±0.080 0.726±0.075 0.801±0.057 0.886±0.064 0.084±0.060 0.150±0.066 0.254±0.064 0.363±0.076

VoxResNet 0.634±0.056 0.699±0.080 0.801±0.076 0.858±0.062 0.124±0.064 0.235±0.075 0.385±0.070 0.544±0.054

nnUNet 0.707±0.072 0.760±0.067 0.842±0.054 0.886±0.068 0.177±0.059 0.236±0.054 0.296±0.077 0.420±0.071

UNeTR 0.671±0.080 0.752±0.077 0.825±0.075 0.890±0.055 0.093±0.063 0.146±0.060 0.263±0.070 0.427±0.064

AtPCaNet 0.728±0.074 0.793±0.059 0.854±0.062 0.905±0.070 0.323±0.079 0.540±0.066 0.615±0.053 0.711±0.059

PCa-Mamba 0.775±0.051 0.831±0.075 0.878±0.053 0.916±0.076 0.578±0.054 0.682±0.053 0.740±0.071 0.805±0.079

PCa-Mamba mp
bpMRI + TCCs bpMRI + Ktrans

0.806±0.056 0.867±0.051 0.896±0.075 0.937±0.065 0.614±0.058 0.716±0.057 0.778±0.078 0.819±0.069

(PCa-Mamba with mpMRI) significantly outperforms the
use of Ktrans maps or early and late-phase T1 images.
The results in Fig. 10 also demonstrated the superiority
of SSMs over other architectures, such as Transformers
and CNNs.

The FROC protocol defines a TP as a prediction
within 5 mm of any ground truth annotation, but it does
not quantify the actual distance to the ground truth. To
further analyze localization errors, we compute the dis-
tance between a prediction and corresponding ground-
truth. For each method, we apply the threshold that max-
imizes the F1 score to binarize the predictions, then com-
pute the distance between each prediction and its near-
est ground truth. The results are summarized in Tab. 3,
which shows the mean and median distances, as well as
the percentage of predictions within 3 mm and 5 mm of
the ground truth. A prediction is considered a TP if it
lies within 5 mm of a ground-truth lesion; otherwise, it is
treated as a false positive. Under this criterion, “% ≤ 5
mm” corresponds to precision.

The results in Tab. 3 show that nnUNet outperforms
conventional CNN-based methods such as AttUNet. Fur-
thermore, SSM-based methods like PCa-Mamba and U-
Mamba achieve superior performance compared to both
nnUNet and AttUNet. Among all methods, PCa-Mamba
with mpMRI achieves the lowest localization error and
the highest percentage of predictions within 3 mm and 5
mm of the ground truth on both datasets.

4.3.2 Patient-level Classification Results

We also evaluate the patient-level binary classification
performance. The prediction score of each patient is the
maximum prediction score of the patient volume. Fig. 11
and 12 show the specificity-sensitivity and precision-recall
curves for patient-level classification. The results demon-

strate that incorporating DCE-MRI improves patient-
level diagnostic performance, possibly because DCE-MRI
helps identify lesions that are not visible in bpMRI. The
results in Fig. 11 and 12 also demonstrate the superior-
ity of SSM-based methods, e.g. UMamba [49] and PCa-
Mamba, over CNN- or Transformer-based methods, e.g.
AtPCaNet [10] and UNeTR [46].

Both lesion-level and patient-level results consistently
demonstrate better performance on the in-house dataset
than on the PI-CAI dataset, which is likely due to the
higher imaging quality and more consistent annotation in
our in-house dataset.

These results suggest improved csPCa detection per-
formance on our in-house dataset compared with PI-CAI.
We hypothesize that this may be due to differences in
imaging acquisition and annotation. Specifically, our in-
house data were acquired exclusively at 3 T, whereas
PI-CAI includes both 1.5 T and 3 T scans, introducing
lower image quality and greater variability. In addition,
lesion annotations in our in-house dataset were guided by
whole-mount histopathology, while PI-CAI annotations
were based on MRI-guided biopsy, which may affect the
accuracy of lesion delineation.

4.4 The Added Value of DCE-MRI

In this experiment, we verify the added value of the DCE-
MRI in different lesions on our in-house dataset. In par-
ticular, we test PCa-Mamba with and without DCE-MRI
as input. When testing with DCE-MRI, we employ the
full PCa-Mamba architecture with spatiotemporal SSMs.
When testing without DCE-MRI, we use only the spatial
SSM which takes T2, ADC, HBV, and zonal masks as in-
put. We explore the added value of DCE-MRI in different
csPCa lesions. In particular, we evaluate the performance
in the peripheral zone (PZ) and transition zone (TZ) le-
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Table 3: Mean, median, and percentage of distances between predicted lesions and ground-truth annotations.

Data Method Mean (mm) Median (mm) % ≤ 3 mm % ≤ 5 mm

in
-h
ou

se

AttUNet 4.77 4.38 41.82 57.94
nnUNet 4.19 4.06 46.28 61.03
U-Mamba 3.76 3.75 53.59 57.16

PCaMb (bp) 3.56 3.13 58.79 65.27
PCaMb (mp) 3.35 3.01 63.20 70.91

P
I-C

A
I

AttUNet 8.01 7.92 6.97 8.62
nnUNet 7.85 7.71 6.16 9.33
U-Mamba 6.19 6.11 14.86 17.51

PCaMb (bp) 5.66 5.51 17.15 21.60
PCaMb (mp) 5.53 5.42 20.21 28.46
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Figure 11: Per-patient classification results on our in-house dataset.

sions, lesions that are smaller and larger than 15 mm, as
well as false negative (FN) and TP MRI lesions.

A lesion is assigned to the PZ or TZ based on spa-
tial overlap with the corresponding zonal mask. Lesions
whose segmentation masks overlap both zonal regions are
categorized as belonging to both PZ and TZ. Lesions that
were not detected during the initial prospective reading
but were identified retrospectively during expert review
are defined as false-negative (FN) lesions, whereas lesions
detected prospectively are considered true-positive (TP).
Our in-house dataset comprises 246 lesions in total, in-
cluding 182 PZ lesions and 83 TZ lesions, as well as 120
small lesions and 126 large lesions. Among these, 57 le-
sions are classified as false negatives and 332 as true pos-
itives.

4.4.1 PCa lesions in PZ and TZ

First, we compare the performance of PCa-Mamba using
bpMRI and mpMRI data on PZ and TZ lesions. As shown
in Fig. 13 (a, b), the inclusion of DCE-MRI enhance
detection of lesions in both the TZ and PZ, though the
improvement is more significant in the PZ. This aligns
with clinical observations that mpMRI is more successful
in peripheral zone [50] and the impact of DCE-MRI on
TZ lesions is less substantial [5].

4.4.2 Performance by lesion size

In this experiment, we examine the effect of DCE-MRI
on lesions of varying sizes. Lesion size per slice is defined
by the diameter of the largest enclosing circle, and overall
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Figure 12: Per-patient classification results on PI-CAI dataset.
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Figure 13: FROC curves of PCa-Mamba using bpMRI
(T2+ADC+HBV+zonal mask) and mpMRI (bpMRI +
TCCs) across peripheral (a) and transition zones (b),
small (c) and large (d) lesions, as well as MRI false-
negative (e) and true-positive (f) lesions.

lesion size by the maximum diameter across slices. Lesions
are classified as small (≤15 mm) or large (>15 mm).

The results in Fig. 13 (b, c) show that, overall, de-
tection accuracy is higher for larger lesions compared to
smaller ones. The benefits of incorporating DCE-MRI are
more evident in small lesions, primarily due to the satu-
rated performance observed in large lesions, and the small
lesions are sometimes invisible in T2 and DWI images.
Similar results were also reported by another research [5].

4.4.3 MRI false negative lesions

As demonstrated in Fig. 9 and 10, one advantage of in-
corporating DCE-MRI is its enhanced sensitivity, partic-
ularly with a high rate of false positives. This indicates
that mpMRI is capable of detecting lesions that are invis-
ible in bpMRI. To validate this further, we evaluate the
performance on MRI FN and TP lesions.

The results in Fig. 13 (e, f) indicate that including
DCE-MRI enhances performance for both TP and FN le-
sions, with a more pronounced margin observed in FN
lesions. Fig. 8 showcases two examples that DCE-MRI
can help detect lesions that are invisible in bpMRI. This
suggests that DCE-MRI could complement bpMRI, im-
proving the visibility of csPCa lesions.

4.5 Ablation Study

We conduct ablation studies on the in-house dataset to
investigate the effectiveness of key designs in PCa-Mamba.
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4.5.1 Interactive Fusion

We first verify the effectiveness of interactive fusion by
comparing different strategies to combine temporal DCE-
MRI with bpMRI. In particular, we test the following four
different approaches.

1. Data combination that directly integrates DCE
TCCs as additional images alongside T2, ADC,
HBV, and zonal masks. This results in input im-
ages with 79 channels (four spatial images and 75
TCC timesteps).

2. Parametric map combination, which is similar to [7],

3. Feature combination that merges temporal features
with spatial. This method is equivalent to PCa-
Mamba without interactive feature fusion.

4. The proposed interactive combination, as depicted
in Sec. 3.4.
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Figure 14: Comparison of various spatiotemporal feature
fusion approaches.

Fig. 14 demonstrates the performance of various fusion
methods, along with a baseline that excludes DCE-MRI
for reference. Data fusion not only does not improve, but
worsens the performance. This could be because concate-
nating high-dimensional DCE-MRI with other spatial im-
ages might lead to model overfitting. PK parametric map
fusion results in a slight performance improvement, as PK
parameters are indicative of csPCa. Our proposed inter-
active fusion outperforms feature fusion and achieves the
best overall performance, because the interactions allow
PCa-Mamba to learn more powerful features via dynam-
ical feature fusion and mutual learning.

4.5.2 Regularization and Sequentialization

In addition, we ablated PK regularization and per-
muted sequentialization, and the results are summarized
in Tab. 4 and 5. PCa-Mamba with mpMRI data, exclud-
ing PK regularization (PK Reg in Tab. 4), performs even

Table 4: Sensitivity of PCa-Mamba when excluding one
of the proposed components.

Models
Sensitivity@#FP per patient (95%CI)
1 2 4 8

PCa-Mamba (mpMRI) 0.806 0.867 0.896 0.937
w/o Per Seq 0.787 0.849 0.871 0.921
w/o PK Reg 0.742 0.799 0.825 0.885

PCa-Mamba (bpMRI) 0.775 0.831 0.878 0.916

Table 5: Performance of PCa-Mamba (bpMRI) with dif-
ferent sequentialization directions.

Direction
Sensitivity@#FP per patient (95%CI)
1 2 4 8

Vertical 0.763 0.819 0.864 0.913
Horizontal 0.759 0.818 0.860 0.911
Depth 0.725 0.799 0.848 0.896

Ver+Hor+Dep 0.775 0.831 0.878 0.916

worse than PCa-Mamba with bpMRI data. This is be-
cause, without PK regularization, the temporal SSM can
be prone to overfitting, which leads to poor performance.
PK regularization not only constrains the feature space
of the spatial SSM but also enables its features to en-
code the tissue’s physiological information. The model’s
performance also slightly decreases without permuted se-
quentialization. Overall, the results in Tab. 4 demonstrate
the positive impact of the proposed components in PCa-
Mamba.

The ablation study in Tab. 5 evaluates PCa-Mamba
with different sequentialization directions. We test PCa-
Mamba with bpMRI data the sequentialization is only
performed on bpMRI data. Performance varies signifi-
cantly by direction: in-plane horizontal or vertical sequen-
tialization performs best among single directions, while
sequentialization along the depth axis performs worst.
Combining all three directions yields the highest over-
all performance. The results suggest that the inplane
images provide more informative features for csPCa de-
tection than the depth images. The results in Tab. 5
demonstrate that in-plane images provide richer and more
discriminative features for csPCa detection than depth
images. This advantage stems from their higher spa-
tial resolution, lower noise level, and clearer depiction of
anatomical structures—consistent with clinical practice,
where radiologists primarily rely on in-plane views. Fur-
thermore, incorporating through-plane images introduces
complementary spatial information, leading to improved
overall model performance when combined with in-plane
data.
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4.5.3 Efficiency Comparisons with Other Sequence
Models

We select state space models (SSMs) as the backbone
for PCa-Mamba due to their efficiency, particularly in
handling the high spatial and temporal dimensionality
of mpMRI data. To evaluate PCa-Mamba’s efficiency in
modeling long-range dependencies, we compare its perfor-
mance, inference time, and GPU memory usage against
other sequence models, including the Vision Transformer
(ViT) [51], Gated Recurrent Unit (GRU) [52]. GPU mem-
ory and inference time were measured based on the usage
and latency for processing a single patient volume.

We conduct comparisons on both bpMRI and mpMRI
data using the spatial and spatial-temporal variants of
PCa-Mamba. The spatial-temporal evaluations are per-
formed on our in-house dataset, while the spatial evalua-
tions were conducted on the public PI-CAI dataset.

For the spatial PCa-Mamba, we only use the spatial
SSM, replace the bidirectional SSM in spatial SSM with
alternative sequence models, including GRU and Trans-
former. For the spatial-temporal PCa-Mamba, we replace
the bidirectional SSM with GRU and Transformer. For
all the experiments in this section, we only replace the
SSM (highlighted in pink in Fig. 6) with the alternative
sequence models, e.g. GRU and Transformer, for fair com-
parisons.

It is worth noting that training mpMRI models with
Transformers is very memory-consuming. Therefore all
the experiments in this section are conducted on an H100
GPU with 80GB of memory.

Results in Tab. 6 show that linear-complexity mod-
els like SSMs and GRUs are significantly faster and more
memory-efficient than quadratic-complexity models such
as Transformers. Among them, SSMs outperform GRUs
in modeling long-range dependencies in volumetric MRI,
offering a better balance between performance and effi-
ciency. This makes SSMs well-suited for csPCa detection
in spatiotemporal mpMRI, supporting their use in PCa-
Mamba.

4.5.4 The effectiveness of DCE-MRI dropping

Our framework randomly drops DCE-MRI during train-
ing to improve robustness to missing sequences at infer-
ence. This strategy enables the model to operate with
or without DCE-MRI and even boosts performance when
it is available. Treated as a form of data augmentation,
the random dropping mitigates overfitting and enhances
generalization.

The results in Tab. 7 demonstrate that training with
DCE-MRI dropping improves performance when DCE-
MRI is available at inference, and barely affects perfor-
mance when DCE-MRI is absent.

4.5.5 Different Pharmacokinetic Models

The Tofts model used in Eq. (6) to regularize the temporal
SSM assumes a well-mixed compartment and neglects the
intravascular contrast contribution. To verify the general-
izability of our framework to other PK models, we tested
our method using different PK models for regularization.

We investigated three PK models: the original MRDI
model [32], and two its variants [17, 18]. We tested the
csPCa detection performance as well as the average L1
loss on the test dataset using the Tofts mode and the two
variants for PK regularization.

The results in Tab. 8 show that the three alternative
pharmacokinetic (PK) models yield lower L1 fitting errors
than the standard Tofts model, indicating improved capa-
bility in modeling DCE-MRI time–concentration curves
(TCCs). However, with respect to clinically significant
prostate cancer (csPCa) detection performance, the model
in [18] only marginally outperforms the Tofts model, while
the approaches in [17] and [32] exhibit slightly inferior
results. Paired t-tests conducted across four operating
points (false alarm rates ranging from 10−6 to 10−9) re-
vealed no statistically significant differences among these
three models (all p > 0.05).

This degraded performance of MRDI-based PK mod-
els can be attributed to the role of the PK model in our
framework. Specifically, the PK model is employed solely
as a regularization term during training, rather than be-
ing directly used for csPCa classification. While more
expressive PK models can better fit DCE-MRI TCCs,
their increased complexity and non-convexity introduce
additional optimization challenges during training. As a
result, these models may hinder stable convergence and
limit the effectiveness of PK-based regularization, ulti-
mately leading to slightly degraded csPCa detection per-
formance.

4.5.6 Interpretability Study Using Grad-CAM

To understand how the model makes decisions for csPCa
detection, we employed Grad-CAM [53] to reveal the spe-
cific regions that PCa-Mamba attends to during inference.
Grad-CAM computes the contribution of each feature to
a scalar output. Since PCa-Mamba produces voxel-wise
output, we first averaged the outputs over the entire vol-
ume to obtain a single scalar on which Grad-CAM can
be computed. The averaged output can be interpreted
as the probability of csPCa for the patient. Grad-CAM
maps were then generated for both the spatial and tempo-
ral branches, using the feature maps immediately before
fusion. The resulting Grad-CAM maps were interpolated
to match the resolution of the original images. We use
GsRH×W×D to denote the Grad-CAM from the spatial
branch, and Gt ∈ RH×W×D×T to denote the Grad-CAM
from the temporal branch. We average Gt over the spa-
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Table 6: Efficiency comparisons of PCa-Mamba with Transformer and GRU.

Data
Seq

Model
Sensitivity@#FP per patient (95%CI) GPU Mem

(Gb)
Time
(Sec)1 2 4

mpMRI
(in-house)

SSM 0.801 0.866 0.894 9.8 5.6
GRU 0.731 0.812 0.853 10.4 18.4

Transformer 0.7917 0.856 0.896 21.1 46.1
Swin Transformer 0.7817 0.840 0.881 16.5 37.2

UNeTR 0.795 0.859 0.889 22.7 50.8

bpMRI
(PI-CAI)

SSM 0.614 0.716 0.778 2.1 3.1
GRU 0.587 0.674 0.725 2.9 4.6

Transformer 0.615 0.712 0.779 7.7 11.4
Swin Transformer 0.605 0.703 0.770 6.5 10.2

UNeTR 0.617 0.718 0.785 8.1 12.0

Table 7: Performance of PCa-Mamba with and without DCE-MRI dropping during training. The mode is trained on
our in-house dataset, and the performance is evaluated with both mpMRI and bpMRI at inference.

Sensitivity@#FP (95%CI)
Training Test data 1 2 4 8

w drop
bp 0.775 0.831 0.878 0.916
mp 0.806 0.867 0.896 0.937

w/o drop
bp 0.775 0.832 0.879 0.916
mp 0.801 0.866 0.894 0.935

Table 8: csPCa detection performance and average L1 loss of using different regularization pharmacokinetic models.

PK Model Avg L1 Loss
Sensitivity@#False positives per patient
1 2 4 8

Tofts (default) 0.8291 0.801±0.059 0.866±0.050 0.894±0.075 0.935±0.065

[32] 0.7801 0.793±0.051 0.851±0.052 0.884±0.070 0.931±0.068

[17] 0.7897 0.795±0.062 0.855±0.077 0.888±0.072 0.931±0.081

[18] 0.7535 0.802±0.047 0.867±0.055 0.896±0.060 0.935±0.071

tial dimensions (H and W ) to obtain the temporal Grad-
CAMs Gt2 ∈ RT , and over the temporal dimension (T )
to obtain the spatial Grad-CAM Gt1 ∈ RH×W×D of the
temporal branch. Fig. 15 illustrates three representative
cases from our in-house dataset, showing the histopatho-
logical image, T2-weighted image with lesion annotations,
Grad-CAM maps from the spatial and temporal branches
(Gs, Gt1 and Gt2), and the predicted csPCa probability
maps generated by PCa-Mamba using both bpMRI and
mpMRI. As we can see, the spatial Grad-CAMs (Gs and
Gt1) highlight different regions of interest in the prostate,
and complement each other to provide a more compre-
hensive understanding of the lesion locations. The tem-
poral Grad-CAMs (Gt2) emphasize the peak enhancement
phase, indicating that this phase is particularly informa-
tive for csPCa detection.

The Grad-CAMs in Fig. 15 show that the spatial and
temporal branches contribute uniquely and complemen-
tarily to the final csPCa prediction— some lesions are
identified by spatial features, while others rely on tempo-

Hist T2
Grad-CAM

Gs Gt1 Gt2
Prediction

bpMRI mpMRI

Figure 15: Histopathological image, T2-weighted image
with lesion annotations, Grad-CAMmaps from the spatial
and temporal branches (Gs and Gt), and the predicted
csPCa probability maps generated by PCa-Mamba using
both bpMRI and mpMRI.

ral cues, as highlighted by the red circles. The prediction
maps further support this observation: PCa-Mamba de-
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tects more lesions when using mpMRI (with DCE), but
misses some when using only bpMRI, underscoring the
critical role of DCE-MRI in capturing temporal informa-
tion essential for identifying certain lesions.

5 Discussion

5.1 Principal Findings and Interpretation

This study presents PCa-Mamba, a spatiotemporal SSM
framework designed to integrate spatial information from
bpMRI with temporal enhancement dynamics from DCE-
MRI for csPCa detection. Across experiments on both an
in-house dataset and the public PI-CAI dataset, the re-
sults demonstrate that explicitly modeling temporal en-
hancement patterns provides complementary information
beyond conventional bpMRI-based approaches. The ob-
served improvements are particularly evident in challeng-
ing cases, including small lesions, peripheral zone lesions,
and MRI-negative lesions, which are known to be difficult
to detect using bpMRI alone. These findings suggest that
effective integration of temporal DCE-MRI information
can enhance the sensitivity of csPCa detection without
sacrificing robustness across datasets.

5.2 Role of DCE-MRI and Spatiotemporal
Modeling

The added value of DCE-MRI observed in this work is
consistent with prior clinical and computational stud-
ies reporting that contrast enhancement dynamics re-
flect vascular properties associated with tumor angio-
genesis. Unlike approaches that rely on early- or late-
phase DCE images or precomputed pharmacokinetic para-
metric maps, PCa-Mamba directly learns from original
DCE-MRI time–concentration curves (TCCs), allowing
the model to exploit the full temporal evolution of con-
trast uptake.

The proposed spatiotemporal modeling strategy plays
a critical role in this integration. SSMs capture long-
range anatomical context across multi-slice bpMRI vol-
umes, while temporal state-space models encode voxel-
wise enhancement dynamics. The interactive fusion mech-
anism enables bidirectional information exchange between
spatial and temporal representations, allowing temporal
cues to be interpreted within their anatomical context and
improving overall detection performance.

5.3 Pharmacokinetic Regularization

PK regularization serves as a key component for sta-
bilizing temporal feature learning from noisy and high-
dimensional DCE-MRI TCCs. By constraining the tem-
poral SSM to approximate physiologically meaningful PK

behavior, the network is encouraged to learn represen-
tations that are both diagnostically relevant and phys-
iologically plausible. However, our comparative experi-
ments with alternative PK models reveal that improved
curve-fitting accuracy does not necessarily translate into
superior csPCa detection performance. This observation
highlights an important distinction: within the proposed
framework, PK models are used as a regularization mech-
anism rather than as direct diagnostic predictors. More
complex and non-convex PK formulations may introduce
additional optimization challenges, which can limit the
effectiveness of regularization and ultimately affect down-
stream detection performance.

5.4 Clinical Implications, Limitations, and
Future Work

From a clinical perspective, the proposed framework sup-
ports the growing evidence that DCE-MRI can pro-
vide meaningful diagnostic information when appropri-
ately integrated with bpMRI. The improved detection of
small and MRI-invisible lesions is particularly relevant for
early diagnosis and risk stratification. Importantly, PCa-
Mamba is designed to operate with or without DCE-MRI
at inference time through modality dropout during train-
ing, enhancing its practical applicability in real-world clin-
ical settings where DCE-MRI may be unavailable or omit-
ted. Several limitations should be noted. First, temporal
modeling operates independently at the voxel level, which
may increase computational cost and limit spatial contex-
tualization of temporal dynamics. Second, PK regulariza-
tion relies on a population-based arterial input function,
which may not fully capture inter-patient vascular vari-
ability. Future work will explore more spatially aware
temporal modeling strategies, adaptive or patient-specific
PK formulations, and prospective multicenter validation
to further assess generalizability and clinical utility.

6 Conclusion

In this work, we proposed PCa-Mamba, a spatiotempo-
ral state-space model framework for automated clinically
significant prostate cancer (csPCa) detection from multi-
parametric MRI. The proposed approach jointly models
spatial information from bpMRI and temporal enhance-
ment dynamics from DCE-MRI, and integrates these com-
plementary cues through interactive feature fusion within
an end-to-end learning framework. Pharmacokinetic reg-
ularization based on the Tofts model was incorporated to
impose physiologically motivated constraints on temporal
feature learning and to improve training stability.

Comprehensive experiments on an in-house cohort and
the public PI-CAI dataset demonstrate that PCa-Mamba
effectively leverages spatiotemporal mpMRI information
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for csPCa detection. These results support the poten-
tial of explicitly integrating DCE-MRI temporal dynam-
ics with bpMRI for improving prostate cancer detection
in challenging clinical scenarios. Future work will focus
on further improving computational efficiency, enhancing
spatiotemporal context modeling, and validating the pro-
posed framework in larger, prospective, and multicenter
clinical studies.
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Mohamed Khadra, Mustafa E. Şeker, Mustafa S.
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