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ABSTRACT

Chemical exchange saturation transfer (CEST) contrast MRI provides unique molecular contrast by probing proton
exchange between solutes and bulk water, but its clinical translation is limited by long acquisition times required to acquire
finely sampled Z-spectra bringing a tradeoff between acquisition time and frequency offset responses. In this preliminary
study, we investigated the performance of transformer-based deep learning models to reconstruct fully sampled CEST
spectra. We first validated the approach using a lightweight model on simulated Z-spectra, followed by a scaled high-
capacity transformer for human MRI data to handle the increased data scaling and spectral variability. We evaluate the
model reconstruction quality on simulated Z-spectra and the human MRI data using root mean squared error (RMSE),
mean absolute error (MAE), mean absolute percentage error (MAPE), and cosine similarity for regression analysis. We
use structural similarity index measure (SSIM) and peak signal to noise ratio (PSNR) to evaluate image-level
reconstruction quality. The transformer approach accurately recovered missing spectral information with an MAPE of
3.41% and RMSE of 0.0169. The reconstruction maintained high structural fidelity with a mean SSIM of 0.9658 and
spectral fidelity with Cosine Similarity of 0.9951. These results validate that the scaled transformer architecture ensures
robust generalization and accurately captures complex spectral dependencies in clinical data. These findings highlight the
potential of deep learning-based reconstruction to accelerate CEST MRI acquisition supporting more efficient clinical
protocols.
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1. INTRODUCTION

Magnetic resonance imaging (MRI) plays a vital role in clinical diagnosis, offering high-resolution physiological and
anatomical insights. Chemical exchange saturation transfer (CEST) is an advanced MRI contrast mechanism that allows
detection of low-concentration molecules by leveraging the exchange of protons between exogenous or endogenous
compounds and water [1]. A saturation RF pulse is applied at the frequency of the exchanging protons and water, and the
resultant decrease in water intensity is observed. Often, multiple images are acquired as a function of the RF pulse
frequency offset. The resulting Z-spectrum provides rich contrast of the tissue, making CEST highly valuable for tissue
characterization, e.g. tumors monitoring [2]. Despite its potential, widespread adoption of CEST is hindered by its
inherently slow acquisition process. The spectral information acquired depends on the sampling of the frequency offsets.
Smaller step sizes provide more accurate spectral resolution but dramatically increase scan time, making clinical
translation challenging. Conversely, larger step sizes reduce acquisition time but at the cost of losing critical spectral
details, limiting diagnostic reliability.

In recent advances of deep learning, transformer model-based architectures have shown powerful capabilities in modelling
sequential and spatial data [3,4]. These models are well-suited to reconstruct these Z-spectra points due to their ability to
capture global and local relationship dependencies because of the attention mechanism. Hence, if we can make them learn
the Z-spectra structure and potentially enabling accurate recovery of Z-spectra from under sampled acquisitions, deep
learning may allow the use of larger step sizes without sacrificing experimental quality, thus accelerating CEST imaging
for clinical use.
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In this preliminary study, we investigated the application of one-dimensional transformer based deep learning models for
reconstructing under sampled CEST Z-spectra. We evaluate this method on simulated CEST data and the real MRI data
belonging to human patients on both regression and image-focused metrics to capture the individual Z-spectra
reconstruction and the structural reconstruction information. Our objective is to demonstrate that deep learning can bridge
the trade-off between acquisition speed and spectral sampling frequency, paving the way for more efficient deep learning-
powered CEST MRI acquisition.

2. METHODS
2.1 MRI spectrum simulation and data acquisition
CEST Simulated Data

For our initial work, we generated CEST simulated data using in-house developed MATLAB codes generating 1D Z-
spectra CEST experiments using Bloch-McConnell (BM) equations. The simulated dataset contains 1D Z-spectra for a 4-
pool model system at 3T. The 4 pools considered are: (a) water (observed in the experiment) at 0 parts per million (ppm),
(b) amide group (-NH) at 3.5 ppm, (c) lipids giving so-called NOE (rNOE) at -3.4 ppm, and (d) MT pool (broad
amorphous) at -2.4 ppm. At 3T, these 4 pools become: (a) water (0 Hz), (b) amide group (447.09 Hz), (c) INOE (-434.316
Hz), and (d) MT (-306.576 Hz). Each simulation generates a Z-spectra for different: Concentrations, Exchange rates, and
T2 parameters for 3 pools excluding water. The output is water Z-magnetization which is proportional to the observed
signal as a function of different parameters corresponding to physical properties of pools and exchange rate between them.

After running the simulations, the following properties are used in our final data structure: (1) T2, T2, and T2, are T2
values of pools (b), (¢), and (d), (2) Tau,, Tau,, and Tau, are inverse of exchange rate between (b), (c), (d) and (a), (3)
M,, M., M, are different concentrations of pools corresponding to ratio of pools (b), (c), (d) to water (a), (4) frequency
offset resonance with water, and finally (5) scales of B1 used in experiment. The final data structure follows the format:
(N724 N2 Nr2y Nraug Nraue Nrawy Nmgr Nug Nuys Noggsetr Nscaie) Where N represents the number of values the
parameter has, which becomes: (3, 3, 3, 3, 3, 3, 3, 3, 3, 101, 2). We have 3 samples for each parameter T2, Tau, and M,
while the Ny e is 101 because the Z-spectrum frequency ranges [-1000 Hz, +1000 Hz] with a step size of 20 Hz giving
us a total 101 steps, this dimension contains the Z-spectra values corresponding to the offset step.

For machine learning training, we flatten this data and consider the Z-spectra with 101 steps and 2 power levels as the
signal to be reconstructed with a sample size of 19,683. Our total dataset has dimensions of (19683, 101, 2), which we
split into 60:20:20 training/validation/testing with training dataset of size (11809, 101, 2), validation and testing datasets
of size (3937, 101, 2).
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Figure 1. Sample Z-spectra from 1D CEST simulated data with 2 power levels. X-axis represents the offset resonance with water,
and Y-axis represents the magnitude.
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Patient MRI Data

To evaluate the training paradigm on real world dataset, MR images of six normal human subjects were used in this study.
The MRI DICOM images were processed to have dimensions of (128, 128, 46, 24) where the 24" column in the 4"
dimension represents the normalization parameter which we can divide to normalize the spectra to [0, 1]. We preprocess
these MRI images to remove background noise through thresholding across the normalization parameter, giving us a mask.
We then use this mask to segment out the region of interest from the MRI data which is then normalized. The final
processed MR image after normalization would be of dimension (128, 128, 46, 23). For training and testing we use leave
one out cross validation (LOOCYV) to train on the data of five patients and cross-validate on one patient data. We apply
masking to get all the 1D spectra (the last dimension) from the MR images giving us an average of 356,612 samples per
patient.

Raw Image Mask Masked Image Normalized Image

Patient:1
Slice 20 Offset: 20

Figure 2. Sample patient MRI slice of one offset. The MRI is of dimension (128, 128, 46, 23), the image belongs to Slice 20 out
of 46 giving us (128, 128, 23) then we take the 20th offset from channel to visualize the steps involved. Raw image is thresholded
on normalization parameter to obtain the mask which is then used to remove background and then the final output is normalized
to obtain the processed MR image.

2.2 1D Transformer Model

Transformer architecture based deep learning models have become popular due to their attention mechanism, which
enables modelling of complex dependencies within input data [3,4]. While they are commonly applied to high-dimensional
sequences such as text or images, their ability to learn global relationships is equally beneficial for lower-dimensional Z-
spectra data due to their ability to generalize well across the dataset. Hence, we employed a one-dimensional (1D)
transformer model to train and reconstruct the Z-spectra.

For the simulated CEST dataset, each Z-spectrum consists of 101 frequency offsets at two power levels, resulting in input
dimensions of (101, 2). In contrast, the processed patient MRI data utilizes a specific acquisition protocol with 23
normalized frequency offsets at a single power level, resulting in input dimensions of (23, 1). These inputs were treated as
sequential data and were mapped into higher-dimensional embedding space using linear projection layer while adding the
positional embedding [3]. The embedded sequence is then processed by a series of transformer blocks composed of multi-
head attention. Finally, a linear layer projects the high-dimensional space back into the original input dimensions to yield
a reconstructed Z-spectrum.

The model was trained using a self-supervised masked prediction framework. During training, every other input element
of the Z-spectrum was replaced with a learnable mask token, corresponding to the masking of alternate frequency offsets.
This strategy simulates the doubling of the step size in the input sequence, requiring the model to predict the missing
values from the available context. The masked sequence was then processed by the transformer and optimized to
reconstruct the original Z-spectrum values at the masked positions. During inference, this same masking procedure
simulates the acquisition of data with an increased step size and the model thus functions as a spectral super-resolution
module, recovering dense Z-spectra from sparsely sampled inputs.
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Figure 3. Illustration of the 1D Transformer-based reconstruction workflow. The process begins with an under-sampled input
signal representing the acquired Z-spectrum. Mask tokens are inserted at positions corresponding to unacquired frequency
offsets. This sequence is processed by the 1D Transformer encoder, which utilizes attention mechanisms to predict and fill in
missing spectral details, resulting in a fully sampled Z-spectrum.

2.3 Model Training and Inference

We adopted a staged development strategy to address the distinct complexity requirements of simulated versus clinical
data. All models were trained on a single NVIDIA RTX A6000 GPU (48 GB memory).

Simulated Data Model Configuration: For the initial validation on simulated CEST data, we utilized a lightweight
transformer architecture. Given the controlled nature of simulation and available data samples, a compact model with
approximately 450 trainable parameters was sufficient to validate the masked prediction framework. This model utilized
a small MLP dimension of 8 and four encoder layers, optimized with a batch size of 64.

Patient MRI Data Model Configuration: To account for the large data volume and high spectral variability inherent in
clinical scans, we significantly scaled the model architecture for the patient MRI data. Processing the flattened MRI
volumes yields approximately 250,000 spectral samples from the masked region per patient. To capture the complex non-
linear dependencies in this large-scale dataset, we implemented a high-capacity transformer with 9,464,321 trainable
parameters. The scaled architecture featured an embedding dimension of 512, a depth of 6 transformer encoder layers, and
8 attention heads with a head dimension of 64. The MLP hidden dimension was expanded to 512. The input sequence
length was fixed at 23, corresponding to the normalized frequency offsets.

The training followed the self-supervised masked prediction strategy described previously, where alternate input points
are masked and the model was trained to reconstruct them. The model was optimized by minimizing the L1 loss, or Mean
Absolute Error (MAE), defined as:

1 ~
[1=— Xy = 9l )

Where i ranges across all masked spectrum values within a single Z-spectra, y; represents the ground truth spectrum values
that were masked and J; represents the Z-spectrum values predicted by the model.

We trained both the simulated CEST and MRI models using AdamW optimizer [5] with a learning rate of 1 X 107%,
reducing every 5 epochs upon plateau by a factor of 0.9. The high-capacity model is trained for 20 epochs, while the
smaller simulated data model is trained for 200 epochs.

Proc. of SPIE Vol. 13926 139260U-4



2.4 Evaluation Metrics

To assess the model performance, we employed both regression metrics (to evaluate the spectra reconstruction) and image
quality metrics (for reconstructed MRI images). For regression metrics, we used Mean Absolute Error (MAE) (Eq.1),
Mean Squared Error (MSE) (Eq.2), Root Mean Squared Error (RMSE), Mean Absolute Percentage Error (MAPE) (Eq.3)
and Cosine Similarity (Eq.4). MSE measures the average squared difference between the predicted and ground-truth
values. RMSE is calculated as the square root of MSE. MAE measures the average absolute difference between the
predicted and ground-truth. MAPE expresses the average prediction error as a percentage of true value. Cosine Similarity
calculates the cosine angle between the two vectors, the closer they are, the better the prediction. For image-focused
reconstruction evaluation, we consider splitting the MRI into images of dimensions (128, 128) for each spectra giving us
total images of 1058 (46*23) per MRI image. We then evaluated these images using Structural Similarity Index Measure
[6] and PSNR (Eq.5) metrics. SSIM measures the structural properties and local patterns while PSNR calculates the
logarithmic measure of ratio between maximum possible signal intensity and reconstruction error.

MSE = = 31 i = 9)* @
MAPE = X257, |%| 3)
Cosine Similarity = ”;:”—ﬁ;” )
PSNR(Image) = 10 -logy, (%) (5)

Where for all equations, i ranges across the spectrum values for a given Z-spectra, and for Eq.4 each Z-spectra is considered
as a vector and in Eq.5, MSE (Image) represents the average square of differences between the pixel intensities of real
image and predicted image each with dimensions of (128, 128).

3. RESULTS
3.1 Evaluation of Simulated Data

Using the lightweight transformer configuration (~450 parameters), the model successfully validated the spectral super-
resolution hypothesis. Table 1 summarizes the regression metrics for the model trained on the simulated Z-Spectra. The
model achieved strong performance, with a mean of 0.0106 and MAE of 0.0681 with standard deviations (STD) of 0.026
and 0.075. MAPE has a mean of 13.08% and 21.84% STD. Cosine similarity is also very high at 0.9984 with very low
standard deviation. However, upon further analysis, we observed the presence of small subset of outlier cases (~14%),
primarily arising from the effect of simulated noise and signal variability. Hence, we also reported the metrics after
removing these outliers from the dataset which led to drastic changes in metrics such as MAPE where it improved from
13% mean with 22% STD to 6.25% mean and 4.05% STD. We removed these outliers by calculating 25th percentile (First
Quartile Q1), median (Second Quartile Q2), and 75th percentile (Third Quartile Q3). Then, interquartile range (IQR) is
simply the difference between Q3 and QI. Every sample that does not fall in range [Q1— (1.5 X IQR),Q3 +
(1.5 x IQR)] is considered as an outlier and is thus removed.

Table 1. Evaluation of MSE, MAE, MAPE, and Cosine metrics on testing data for simulated data.

Mean STD Outlier % Mean w/o outliers STD w/o outliers
MSE 0.0106 0.0260 14.24 0.0027 0.0027
MAE 0.0681 0.0751 8.86 0.0475 0.0302
MAPE 13.08 21.84 13.84 6.25 4.05
Cosine 0.9984 0.0036 15.47 0.9996 0.0004

3.2 Evaluation of Patient Data

Figure 4 illustrates the spatial reconstruction quality for Patient 1 across three anatomical planes. The absolute difference
maps (third column) reveal minimal residual errors, with the maximum error (99.9" percentile) capped at 0.07. This
confirms that the model effectively eliminates aliasing artifacts typically associated with under sampling while preserving
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high-frequency tissue details. Furthermore, Figure 5 presents spectral reconstruction at specific voxel locations. To ensure
robust evaluation, signals were averaged over a 3x3 pixel window. The model accurately interpolates the missing
frequency offsets (marked by red ‘x’), closely adhering to the ground truth Z-spectrum curve (grey line) even in regions
with steep signal dips, validating the transformer’s ability to capture complex spectral dependencies.
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Figure 4. Qualitative evaluation of spatial reconstruction on Patient 1. The columns display the Ground Truth, the Model
Reconstruction, and the Absolute Difference map across Axial (Top), Sagittal (middle), and Coronal (bottom) views. The
difference map highlights the error magnitude, with the color bar scaled to the maximum error (99.9th percentile) of 0.07 for
the patient, demonstrating minimal structural deviation.
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Figure 5. MRI Spectral Reconstruction qualitative evaluation. Representative Z-spectra reconstructions are shown for selected
regions of interest (ROIs) within the Axial slice of patient 1. The plotted signal represents the average intensity over a 3x3
window to mitigate local noise. The red ‘x” markers indicate the model’s prediction at the masked positions, while the dashed
red line shows the full reconstruction fit against the ground truth (grey line).

We employed Leave-One-Out Cross-Validation (LOOCV) to evaluate the model’s performance on real-world data. In
each fold, the model was trained on five patients and tested on the remaining patients. Table 2 details the performance
metrics for each individual patient split. The model demonstrated consistent performance with Structural Similarity Index
Measure (SSIM) scores ranging from 0.9502 to 0.9770 and Cosine Similarity consistently above 0.98.

Table 2. Patient-wise Cross-Validation Results. Evaluation metrics
for each test fold (Patient 1-5) using the Leave-One-Out method.

Patient # SSIM PSNR (dB) RMSE MAPE (%)  Cosine
1 0.9770 34.79 0.0149 2.83 0.9970
2 0.9502 31.57 0.0151 2.90 0.9980
3 0.9668 32.33 0.0162 4.10 0.9847
4 0.9718 32.33 0.0225 4.25 0.9983
5 0.9634 34.17 0.0160 3.00 0.9977

To assess the overall generalizability of the framework, we aggregated all five cross-validation folds. As shown in Table
3, the proposed method achieved a mean SSIM of 0.9658 (= 0.0091 STD) and a Peak-Signal-to-Noise-Ratio (PSNR) of
33.04 dB (% 1.23 STD) across multiple patients, indicating strong preservation of spatial structure. Quantitatively, the
spectral reconstruction error was low, with a mean RMSE of 0.0169 and a MAPE of 3.41%.

Table 3. Aggregated Cross-Validation Results.
Mean and Standard Deviation (STD) calculated across all five patient folds.

Metric Mean STD
SSIM 0.9658 0.0091
PSNR (dB) 33.04 1.2258
RMSE 0.0169 0.0028
MAPE 3.4148 0.6234
Cosine 0.9951 0.0052
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4. DISCUSSION AND CONCLUSION

In this study, we developed and evaluated transformer-based architecture utilizing a self-supervised masking mechanism
for accelerating CEST-MRI spectral reconstruction. To achieve this, we initially created a synthetic CEST dataset
simulating MRI spectrum signatures and strategically masked Z-spectra input to simulate an increased step size. By
masking every other frequency offset to effectively double the step size, we utilized the transformer model as a spectral
super-resolution module. We then evaluated the architecture’s performance on clinical data consisting of MRIs from six
patients. The results demonstrated that the model architecture learned to robustly interpolate missing points with a mean
RMSE of 0.0169 and MAPE of 3.41% on real human subject data. Furthermore, the image-focused metrics SSIM and
PSNR indicate that the model preserves the spatial structure effectively, enabling fast and accurate inference across large
MRI volumes.

The regression analyses on both simulated and patient data demonstrated that the model achieved low reconstruction error
while maintaining strong cosine similarity to the spectrum. Through rigorous Leave-One-Out Cross-Validation, we
observed consistent performance across patients with low variance (STD 0.62% for MAPE), confirming the model’s
robustness against inter-subject variability. While we acknowledge that the sample size of six patients is limited, this
preliminary study demonstrates the feasibility of the framework and future validation on larger cohorts will be conducted
to confirm clinical generalizability.

In conclusion, this work highlights the potential of masked transformer models to accelerate CEST-MRI by reducing the
need for fully sampled acquisitions without compromising quantitative accuracy. By functioning as a spectral super-
resolution module, the model allows us to acquire MR images with higher step size thus decreasing the acquisition time.
Future works will focus on more enhancing model generalizability and incorporating spatial information through
development of 2D vision transformers and 3D spatial-spectral transformers to further evaluate their reconstruction
performance.
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