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Phantom validation of an Imageless Magnetic Resonance Diagnosis proof-of-concept
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Impact

This study provides the first experimental validation of IMRD on real data, supporting feasible clinical decision-making from raw MR signals. In the longer

term, these results hold promise towards affordable, fast and deployable MR screening systems fully bypassing image reconstruction.

Synopsis

Motivation: MRI’s typical cost and scan times limit its use for large-scale screening. Imageless Magnetic Resonance Diagnosis (IMRD) aims to extract
diagnostic information directly from raw MR signals, bypassing image reconstruction.

Goals: To experimentally validate an IMRD sequence and evaluate its quantification ability.

Approach:  Agarose-gel phantoms mimicking brain tissues were scanned on a 260 mT system. Sequence parameters were fitted and used to simulate CNN
training data.

Results: Imageless scans lasting < 30 s suffice for high-fidelity (95 %) detection of white-matter lesions in phantoms. Lesion quantification is also
demonstrated, with a correlation coefficient R?= 0,85 with respect to the nominal volumes.

Introduction

MR images remain the gold standard assessment for many imaging-based diagnosis applications, but they are tied to long scan times and costly
infrastructure. IMRD redefines MR for diagnostic inference by entirely bypassing image reconstruction and using time-domain MR signals instead.

Our previous in-silico study illustrated IMRD for multiple sclerosis (MS) volume estimation and detection (R > 0,85 and AUC > 0,95)!. The current study
aims to experimentally validate the IMRD sequence for “MS” quantification with agarose phantoms, evaluating (i) the agreement between simulations and
measurements, and (ii) the ability of CNNs trained on synthetic data to quantify MS on real MR signals.

Methods

We scanned four replicates of 7 mL agarose-CuSO4-gelatin phantoms? mimicking T1/T2 values of white matter (WM), gray matter (GM), and MS tissues on
our 260 mT Dental I LF scanner’, using an IMRD sequence optimized with BlackBoxOptim* to maximize MS contrast. The sequence started with an
Inversion Pulse (IR), followed by a train of 40 RF pulses with optimized Flip Angle (FA) and Repetition Times (TR), sampling a single echo mid-TR (at TE
= TR/2). The complete scan lasted 26 seconds, providing 40 complex signal points per sample. No gradients (for spatial encoding or active shimming) were
used.

For signal model validation, we used WM-only phantoms (7 to 28 mL, Figure 1a) to fit a Bloch-based model, accounting for potential deviations from
nominal FAs (quantified by bpy = effective FAs/nominal FAs) and relaxation times. Confidence Intervals (95%) for effective parameters were computed
analytically (Jacobian-based) and via bootstrap resampling (nB = 500) in both the signal and residual domains. Confidence bands for the simulated signals
were obtained based on parameters’ CIs.

We later used effective sequence parameters derived from these fits to re-simulate BrainWeb data®, adding Gaussian noise based on our measurements. These
synthetic signals (935 slices) were used to train 1D CNNs predicting MS volume. 1D CNNs consisted of a single convolutional layer with a kernel size 40,
spanning the receptive field to all TRs to extract 100 features, fed to a fully connected layer producing the outcome (Fi 4a). Simulation-trained CNNs
were evaluated on 100 slices from two unseen brains and fine-tuned with phantom data. One set of mixtures with 7 mL of and GM and varying volumes
of MS (from 0 to 7 mL, Figure 1b), was used for model fine-tuning, freezing the convolutional layer, and another set was held out for model evaluation.

Results
Figure 1(c-d) presents parametric and non-parametric 95 % Cls for all WM datasets (R2>0,98; y2<1). Figure 2 displays simulated signal confidence bands

corresponding prediction errors, respectively.

Discussion

Parameter estimates followed similar trends across experiments (Figure 1c-d) and confidence bands of signals simulated with effective parameters overlapped

position effect related to less homogeneous B( or B; regions, discrepancies with T1/T2 calibration protocols or progressive phantom property
degradation. Systematically higher residuals between measurements and simulations at TRs 19 and 20 (Figure 3) also suggest an unexpected signal
behaviour, but do not compromise the validity of the simulation model.



Table 1 reports CNNs’ performance for MS quantification and detection on test sets, using either nominal or effective parameters for training data simulation.

Table 1) indicate valid informative patterns learned from simulations. The increased scatter across phantom predictions compared to those in simulations
(R2>0,96, Fi d), might be reduced by increasing phantoms' variability and the number of samples.

Conclusion

This work experimentally validates IMRD on ultra-fast, gradient-free, real low-field MR measurements. The agreement between simulations and
measurements (R%>0,97), together with MS volume quantification (R? = 0,85) and positive detection in 95% of samples, offer an intermediate quantitative
validation of MR-answered questions using minimal hardware and acquisition complexity. Future work will extend validation to heterogeneous and in-vivo
datasets.
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Figure 1: Phantom data, with (a) WM volumes and their joint analysis (“All”) and (b) WM and GM combined with six MS volumes

(0—-7 mL) measured with 10 repetitions per condition, using separate train and test phantom sets, (c) bgy, (d) Tl and (e) T2 fitted with

nonlinear model (p*), bootstrap (B*g), and residual bootstrap (B*rp), estimating Cls analytically (5*), or via percentiles (B*g, f*rp,
nB = 500). WM fittings showed high R* (>0,98) and y° values below or close to 1 and below critical values.
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Figure 2: Confidence bands on the signal domain derived by simulating the expected signal with the confidence interval extremes
estimated with different methods using all data. Goodness-of-fit coefficients for models fitted using all measurements were of R* =
0,988 (using classical non-linear fit on all samples, blue dashed lines); R’ = 0.988 (average R’ values across bootstrap samples); and

R? = 0.975 (average R? values across residual bootstrap samples).
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Figure 3: Residuals by TR between the measured and the simulated values using the model fitted with each one of the WM datasets,
having ten measurement repetitions in ach. Bars and error bars indicate the average and range of residuals across ten measurements,

respectively.



Dataset R? Slope (m; Closx) TPR FPR TNR FNR

Slices nominal 0.98 0.98[0.96; 1.02] 0.85 0.20 0.80 0.15
Slices effective 0.97 0.95[0.88; 1.01] 0.82 0.20 0.80 0.18
Phantoms nominal 0.85 0.95[0.88; 1.01] 0.95 0.00 1.00 0.05
Phantoms effective 0.85 0.98[0.13; 1.05] 0.95 0.00 1.00 0.05
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Figure 4: Results on test sets for simulated signals from in silico slices and for measured ones from test-tube phantoms. The threshold
for detection was$\hat{vol} {MS}>08. Regression ($\hat{vol} {MS} =b 0+b_I\cdot vol {MS}$) metrics are the R’ and the slope,
with non-significant intercept terms (p-val> 0.05). Classification metrics are the True Positive Rate (TPR), False Positive Rate (FPR),
True Negative Rate (TNR) and False Negative Rate (FNR).
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Figure 5: (a) CNN architecture used for MS quantification; (b) Predicted vs. true MS volumes with regression metrics (simulated R’
= 0.96, phantoms R’ = 0.85), and (c) Bland-Altman plot indicating bias and dispersion between predicted and true MS volumes, with
normal distribution limits as dashed lines.



