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Outline

•Modern MRS data analysis workflow

•Open-source MRS analysis software: 
A Quest for Standardization & Reproducibility



2019-2021: Expert consensus efforts



MRSHub – one centralized resource



Modern MRS data 
analysis workflow



MRS – Looking beyond water

• The 1H-MR spectrum contains overlapping molecular signals (1 – 20 millimoles) involved in 
many different important biochemical processes

1H-MRS of rat brain in-vivo @ 11.7 T
LASER localization (TE = 12 ms)
De Graaf 2019

NAA(G)    neuronal integrity; neuromodulator, Glu precursor

Cr,PCr energy metabolism

Glu       excitatory NT; precursor to GABA/Gln/GSH

Gln       osmotic regulation; GABA/Glu cycle

GABA      inhibitory NT

Lac       oxygen metabolism; marker of anaerobic glycolysis

Cho       cell proliferation; cell membrane component

mI osmotic regulation; neuroinflammation

Asp       neuromodulation; neurotransmission

GSH,Asc antioxidants; oxidative stress

2HG,Cyst  tumor mutation markers (IDH, 1p19q codel)



From scanner to result

Report

Quality assessment

Quantification

Modeling

Preprocessing

Raw data export



Raw data

Vendor File extension Coils combined? Averaged? Contains voxel geometry?

Philips .sdat /.spar Yes Depends Yes

.data /.list No No No

Siemens .rda Yes Depends Yes

.twix No No Yes

GE .7 Depends Depends Yes

DICOM .dcm (.ima) Yes Depends Yes

• ”Depends”… on sequence developer, software version, exam card settings



Preprocessing

• Preprocessing: Preparing raw data into a signal that will be modeled
• Operations depend on the raw data format

Load raw data

Coil combination

Alignment of  transients

Averaging

Eddy-current correction

Residual water removal

Phase correction

metabolites water reference
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I have added a little bit of  eddy-current artefact here…



Preprocessing

• Preprocessing: Preparing raw data into a signal that will be modeled
• Operations depend on the raw data format

Load raw data

Coil combination
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Residual water removal

Phase correction
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… which the eddy-current correction removes again.
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Preprocessing

• Preprocessing: Preparing raw data into a signal that will be modeled
• Operations depend on the raw data format

Load raw data

Coil combination

Alignment of  transients

Averaging

Eddy-current correction

Residual water removal

Phase correction

metabolites water reference

Some additional alignment of  frequency and phase 
happens at this point for spectral editing experiments.



Modeling

• Modeling: Extract quantitative estimates of  
signal amplitudes from the spectrum

Linear-combination 
modeling

Peak fitting

Peak integration



Linear-combination modeling

Weighted sum of  (usually simulated) 
metabolite basis functions

• Model parameters account for…
• Lineshape (Gauss/Lorentz)
• frequency and phase shifts

… complicated by:
• Signal overlap
• Broad (short-T2) macromolecular 

and lipid signals

Recommended for most 1H-MRS 
brain applications

Linear-combination 
modeling

Peak fitting

Peak integration
LCModel

INSPECTOR
FSL-MRS

Osprey

QUEST
AQSES



Peak fitting

Linear-combination 
modeling

Peak fitting

Peak integration

Rather suited for sparse data, i.e. little spectral 
overlap (long TE, spectral editing, 31P, 13C)

SVD
AMARES

Weighted sum of  single peaks
• Prior knowledge (AMARES, VOIGT)

• Chemical shifts
• Relative amplitude
• Phase
• Lineshape (Gauss/Lorentz/Voigt)

• Baseline terms



Peak integration

Linear-combination 
modeling

Peak fitting

Peak integration

Only recommended for very sparse data, with 
little spectral overlap or background signal

Estimation of  area under the curve
• Directly by adding up data points
• Integration of  a model to the data



Macromolecules

• MM signals should be included in the model, ideally measured (or parametrized)

Acquired MM Modelled MM

• Parametrized 
components

• Defaults used in 
some software

• May be inadequate

• Should match 
sequence & TE

• Few MM spectra are 
publicly available

• Check MRSHub



Macromolecules

• MM signals should be included in the model, ideally measured (or parametrized)

Acquired MM Modelled MM

• Parametrized 
components

• Empirical defaults 
pre-defined in tools

• May be inadequate

• Needs to match 
sequence & TE

• Few MM spectra are 
publicly available

• Check MRSHub



Quantification

Parse geometry 
headers

Create voxel mask

GM
WM 
CSF

Segmentation

• Quantification: Converting model parameters into quantitative estimates

Metabolite & water amplitudes Tissue volume fractions



Quantification

Parse geometry 
headers

Create voxel mask

GM
WM 
CSF

Segmentation

• Quantification: Converting model parameters into quantitative estimates

Metabolite & water amplitudes Tissue volume fractions



Quantification

GM / WM / CSF

volume fractions

tCr ratios Raw water-
scaled

CSF-corrected
Tissue- and 
relaxation-
corrected

Literature values
Relaxation times
Water content 

• Report tCr ratios and tissue-relaxation-corrected metabolite estimates
• Strong effects on metabolite estimates should appear regardless of  reference



Quality assessment

Data quality Modeling quality

Visual inspection
Lipid contamination
“Ghosts”
Residual water

Quality metrics
Signal-to-noise ratio (SNR)
Linewidth (FWHM)

Kreis, NMR Biomed 17:361-381 (2004)

Visual inspection
Model looks like data
Noise-like residual

Quality metrics
Cramér-Rao lower bounds
Goodness of  fit
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Quality assessment

Data quality Modeling quality

Visual inspection
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Cramér-Rao lower bounds (CRLB)

• Estimate of  minimal uncertainty in 
model parameter estimation

• Essentially, they are local derivatives of  
the model function

• Under ideal conditions, they are 
identical with the standard deviation

• … but usually, conditions are not 
identical:

Landheer & Juchem, NMR Biomed 2021



Quality assessment

Data quality Modeling quality

Visual inspection
Lipid contamination
“Ghosts”
Residual water

Quality metrics
Signal-to-noise ratio (SNR)
Linewidth (FWHM)

Visual inspection
Model looks like data
Noise-like residual

Quality metrics
Cramér-Rao lower bounds
Goodness of  fit

Cramér-Rao lower bounds (CRLB)
• Relative CRLB [%] often used to 

discard datasets, but that introduces 
bias against low levels:

• Better practice:
• Use absolute CRLB
• Use CRLB as a weighting factor in 

statistical analysis

Landheer & Juchem, Magn Reson Med 2016



Quality assessment

Data quality Modeling quality

Visual inspection
Lipid contamination
“Ghosts”
Residual water

Quality metrics
Signal-to-noise ratio (SNR)
Linewidth (FWHM)

Visual inspection
Model looks like data
Noise-like residual

Quality metrics
Cramér-Rao lower bounds
Goodness of  fit

Goodness of  fit
• Not all modeling tools return CRLB
• Other estimates of  modeling quality:
• SD of  residual
• Max/min residual amplitude
• SD(residual)/SD(noise)



Reporting

Hardware

Acquisition

Data analysis

Data quality
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Open-source MRS analysis 
software: A Quest for 
Standardization and 

Reproducibility



The wilderness of in-vivo MRS

•MRS was the initial application of  the NMR effect (decades 
before MRI!) – what happened?

Poor replicability
Poor reproducibility
Poor comparability

Acquisition
Highly specialized acquisition 
techniques

Vendor-/site-specific 
sequence implementations

Analysis
Local data analysis pipelines
No code/data sharing culture
Black-box analysis software 
as de-facto gold standard

Validation
No validation of acquisition 
methods

No validation of analysis & 
modeling methods

Low clinical (decision-making) value Low impact on clinical research



Linear-combination modelling in MRS

“Linear combination model fitting is the most popular 
method of  analysis and is recommended for most in 
vivo MRS applications.”

“… three important steps in the workflow of  1H-MRS 
following data acquisition: preprocessing, spectral 
analysis, and quantification.”

Black-box (until 02/2021)
Discontinued development

LCModel is the ‘standard’
Processing & quantification 
are lab-specific
Often insufficiently reported

Lack of  standardization

Effects of  baseline & MM
Algorithmic decisions?

LCM is poorly understood



Linear-combination modeling in MRS

Non-linear least-squares optimization

• Weighted sum of  metabolite basis functions
• Model parameters account for field homogeneity, small 

frequency and phase perturbations, etc.

… enormously complicated by:
• Broad (short-T2) macromolecular signals
• Smooth baseline

This is a really difficult (ill-defined) 
optimization problem!



Currently available LCM software

Algorithm/software Cost Language Open-source? Published Citations

LCModel $13,300
Free

FORTRAN77 No
Yes

1993 3710

QUEST Free JAVA No (jMRUI) 2004 318

AQSES Free JAVA No (jMRUI) 2007 148

Vespa Free Python Yes No publication

Tarquin Free C++ Yes 2011 287

Osprey Free MATLAB Yes 2020 9

ABfit/spant Free R Yes 2021 2

INSPECTOR Free MATLAB No 2021 6

FSL-MRS Free Python Yes 2021 2



Osprey – a modular open-source workflow

Job Load Process Fit Coreg Seg Quantify

Osprey combines preprocessing, modelling and 
quantification into one ecosystem

job.m

% Metabolite data
{file1.dat, file2.dat}
% Water reference
{file1_ref.dat, file2_ref.dat}
% Short-TE water
{file1_w.dat, file2_w.dat}
% Structural images
{subj1.nii, subj2.nii}

% Options
flags.MEGA = 1
fit.Range = [0.5 4.2]

Job file system supports reproducible batched analysis
Raw data loading and coil-combination
Supports most common vendor-native formats

Pre-processing following consensus guidelines
(frequency/phase correction; eddy current 
correction; pre-phasing; frequency referencing)

Frequency-domain LCM algorithm
Fully accessible and customizable model
Coregistration to anatomical image with SPM12 Tissue segmentation with SPM12
Volume fractions for GM/WM/CSF 
tCr ratios and tissue-corrected water-scaling
Overview plots for batched datasets

Oeltzschner et al., J Neurosci Methods (2020)



Osprey GUI

Load

Fit

Process

Tissue 
correction

Oeltzschner et al., J Neurosci Methods (2020)



Multimodal datasets with Osprey

11C PiB (amyloid uptake)

Direct interface with all other imaging modalities

• Automated co-registration of  single-voxel MRS regions of  
interest with image inputs (DICOM, NIfTI)

• Histogram-based extraction of  various image intensity 
metrics (separate for GM/WM)

Localized MRS-volume-specific image analysis for 
multimodal neuroimaging studies: 

MRS, MRSI, PET, fMRI, DWI/DTI, CEST/APT…



Multimodal datasets with Osprey
3T multi-metabolite-edited MRS (HERCULES) & 11C-PiB & flortaucipir PET
• Preliminary analysis suggests elevated GSH levels in MCI
• Currently analyzing associations with local PET metrics



Benchmarking comparison with common tools

Zöllner et al., NMR Biomed 2021

• >270 PRESS spectra (TE = 35 ms) analyzed with Osprey, LCModel, Tarquin
• Substantial differences, poor agreement between tools for major metabolites
• Choice of  tool introduces substantial variance



Spectral overlap at 3T

Even under excellent measurement conditions, 
GABA/Glu/Gln/GSH/Asp/Asc/NAAG are very difficult to resolve



Spectral editing resolves overlapping signals

• Spectral editing selectively manipulates signals of  interest with RF “editing pulses”
• Overlapping signals get subtracted out to reveal weak signals

Ferré et al, Diagn Interv Imaging (2013)

ASL

MRS

-

-

=

=

Labeling OFF Labeling ON Perfusion-weighted image

Editing OFF Editing ON GABA-edited spectrum



Despite consensus recommendation to analyse spectral-edited 
MRS data using linear-combination modelling…

… there is no consensus on how this should be done.

Modeling spectral-edited GABA data

GABA?

Helge J. Zöllner



Modeling edited GABA (+MM) data

• Testing various strategies to model co-edited macromolecular signal
• Investigate effects of  baseline flexibility and fit range

Zöllner et al., NMR Biomed 2021 (in revision)



Modeling edited GABA (+ MM) data

Zöllner et al., NMR Biomed 2021 (in revision)

• MM modeling strategies perform similarly (improve fit, decrease CV of  GABA+)
• Wide fit range and larger knot spacing (more rigid baseline) are favorable



Characterizing macromolecular background

Hui et al., in prep.

No apparent sex or age 
effects on MM signal

MM signal measured in 100 
subjects across the lifespan 
(10F, 10M per decade of  life)

Modeled with Gaussian peaks 
at literature value frequencies



spant
• Modular set of  tools to build automated analysis pipelines
• Includes functions for preprocessing, linear-combination 

modeling, tissue correction, visualization, and simulations

Name Open 
source?

Pre-
processing Modeling Tissue 

segmentation OS Language

LCModel Yes Limited Yes No Linux FORTRAN77

jMRUI No Yes (limited) Yes No Win
Linux JAVA

Tarquin Yes Yes Yes No
Win

Linux
Mac

C++

Vespa Yes Yes Yes No All Python

FID-A Yes Yes No No All MATLAB

INSPECTOR No Yes Yes Yes All MATLAB

Osprey Yes Yes Yes Yes All MATLAB

spant Yes Yes Yes Yes All R

FSL-MRS Yes Yes Yes Yes All Python



FSL-MRS
• Modular set of  tools to build automated analysis pipelines
• Includes functions for preprocessing, linear-combination 

modeling, tissue segmentation, visualization, and simulations
• Interfaces directly with other FSL tools

FSL-MRS

Name Open 
source?

Pre-
processing Modeling Tissue 

segmentation OS Language

LCModel Yes Limited Yes No Linux FORTRAN77

jMRUI No Yes (limited) Yes No Win
Linux JAVA

Tarquin Yes Yes Yes No
Win

Linux
Mac

C++

Vespa Yes Yes Yes No All Python

FID-A Yes Yes No No All MATLAB

INSPECTOR No Yes Yes Yes All MATLAB

Osprey Yes Yes Yes Yes All MATLAB

spant Yes Yes Yes Yes All R

FSL-MRS Yes Yes Yes Yes All Python



Committee for MRS Code and Data Sharing

Candace Fleischer

Emory University

Georg Oeltzschner

Johns Hopkins University

William T. Clarke

University of  Oxford

Kelley M. Swanberg

Columbia University

Alexander P. Lin

Harvard Medical School

Martin Wilson

University of  Birmingham

Standing committee 
of  the

ISMRM Study Group
MR Spectroscopy



MRSHub – one centralized resource



NIfTI-MRS

Vendor File extension Coils combined? Averaged? Contains voxel geometry?

Philips .sdat /.spar Yes Depends Yes

.data /.list No No No

Siemens .rda Yes Depends Yes

.twix No No Yes

GE .7 Depends Depends Yes

DICOM .dcm (.ima) Yes Depends Yes

• ”Depends”… on sequence developer, software version, exam card settings
• Software needs to be separately adapted to each individual format/version



NIfTI-MRS

Clarke et al., in prep.

William T. Clarke
University of Oxford

Martin Wilson
University of Birmingham

Common storage specification for MRS/MRSI data
Extends on existing NIfTI-2 standard

• Simplified pathway from scanner to final analysis
• Interoperability and modularity of  analysis programs
• Easier display and co-interpretation with other modalities
• Format for easy data sharing



NIfTI-MRS

Clarke et al., in prep.



NIfTI-MRS

Clarke et al., in prep.



MRSHub vision

Arbitrary numbers of  
artificial spectra including 
ground truth

Synthetic data

Common sequences
Open-source pulses
Standardized timing

Vendor-agnostic acquisition

Models, basis sets
Common processing steps
Tissue/relaxation correction

Consensus analysis
DL-based modeling
Adaptive LC modeling
Spatial/spectral recon (MRSI)

New analysis methods

Consensus modeling on 
scanners
DICOM integration of  
quantitative estimates

Clinical workflow integration

Healthy volunteers across
the lifespan
Incl. relaxometry, MM

In-vivo data



Final words

Build relationships with 
sequence and analysis 
software developers. 

Be aware of  new 
acquisition and analysis 

methods. 

Different analyses will 
yield different results.

Ask others about their 
data analysis pipeline.
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