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Figure 2.1: A: Mean mass spectrum of sample 6891-OL before peak picking and outlier-clipped median TIC normalization. 
B: Mean mass spectrum after peak-picking. Peak-picking reduced the overall number features from over 45,000 to 511. 
Normalization enabled comparison between tissues. Peak-picking and normalization were done using Cardinal.

Figure 1: A: Anatomy of the knee joint. B: Experimental design. Four control subjects and four subjects with 
osteoarthritis contributed lateral and medial tissues. One null hypothesis of interest is stated below.

Osteoarthritis study: Biological context and research 
question informed the study design and data structures.

Simulated study 1: Multivariate segmentation methods that use every feature overfit the 
data and obscured differential abundance.

Osteoarthritis study: Clustering and aggregation of 
spatially similar features reduced the number of features 
and comparisons without obscuring their relevance.

Figure 3 (left): A: Workflow of reduction in features from peak picking, segmentation, non-
specific filtering, and feature clustering and aggregation. Peak-picking occurred in Cardinal 
and clustering was done with DeepION. [3] B: Isotope groups with two members in tissue 
6891-OL had similar spatial distributions. Starred m/z were chosen as the representative 
feature of the isotope group. C: As in B, but for isotope groups with three members. 

Figure 7.1: A: Description of the simulation experimental design and segmentation methods. All simulated images share 100 donut-shaped ROI 
defining features. B: Venn diagrams of top 500 features driving SSC segmentation from a simulated condition A image, a simulated condition B 
image, and the 500 true differentially abundant features. C: The same as B but for SKM. D: Volcano plots for t-tests comparing simulated 
conditions with significance set to FDR-adjusted P<0.05. All segmentation and visualization used Cardinal.

Figure 5: A: Single ion images of the bone ROI of each tissue. Missing pixel intensities (grey) are dropped during summarization. B: Interaction plots 
of tissue and condition for 1781.857 m/z. Hypothesis A was the difference of medial and lateral osteoarthritis means; points Mean OM and Mean OL. 
Hypothesis B was the difference of osteoarthritis and control medial means; points Mean OM and Mean CM. The difference in means can be 
thought of as the signal, and the spread of the points as noise; their ratio is the test statistic.

Osteoarthritis study: Within-subjects comparisons had greater 
signal-to-noise ratios than between-subjects comparisons.

Figure 2.2 (left): A: Ions 
1141.545 m/z and 1570.684 m/z 
from sample 6891-OL with 
unique spatial distributions 
correlating to cartilage and 
background structures 
respectively, and their pixel 
intensity distributions in 
each ROI. 
B: The nested segmentation 
using spatial DGMM and 
tissue markers highlighted 
the sponge-like structures of 
trabecular bone and the 
cartilage. Segmentation and 
visualization used Cardinal.

Figure 6 A: Volcano plots of comparisons of interest for 366 features. Labeled features have the highest signal-to-noise ratios and lowest p-values. 
The grey line is located at P=0.01. Greater aggregation, or a research question investigating a subset of features would fewer comparisons, 
increasing power of the experiment. B: Minimum number of subjects needed per factor level combination to detect comparison percent difference 
with based on the osteoarthritis study dataset. Solid horizonal line marks the number of biological replicates in the osteoarthritis study, 4. 

Simulated study 2: Detecting differentially abundant features was more sensitive in 
within-subject comparisons in than in between-subjects comparisons in the presence of 
large simulated biological variation.

Simulated study 2: Using pixels as biological replicates overfitted the data and produced 
many false positive differentially abundant features.

Figure 7.2: A: Interaction plots of two representative simulated spectral features. Left: simulated within-subject and technical variation larger 
than the biological between-subject variation. Right: simulated within-subject and technical variation smaller than the biological between-
subject variation. B: True and false positive rates for 300 simulated features analyzed with models in the model table. Within-subject 
comparisons and mixed effects models were most sensitive. Horizontal dashed line represents a false positive rate of 5%. Comparisons were 
considered positive when unadjusted P<0.05.

Figure 7.3: Like 7.2B but using pixels as replicates. Right: within-subject and technical variation smaller than the biological between subject 
variation. When compared to the above, modeling feature intensities in each pixel, and viewing features as replicates, had a much higher rates 
of false and true positives than models using mean pixel intensity.

Increase signal
• Define specific ROIs using exogenous information
• Use within-subjects comparisons when possible
Increase sample size
• Use previous estimates of variance to determine required 

sample size
Reduce noise
• Use rigorous QC and standards
• Perform sound normalization and peak-picking
• Cluster and aggregate isotopes and adducts

Reduce number of comparisons
• Reduce tests by clustering and non-specific filtering
• Use targeted interpretation of mass spectra
Use appropriate statistical models
• Specify statistical models that describe all sources of 

variation
• Avoid double-dipping and using pixels as replicates
• Verify model assumptions
• Correct for multiple testing
• Understand where missing values, outliers, and zeros 

come from and address them accordingly

Recommendations for designs and analysis of any 
future MSI experiment with complex designs
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Osteoarthritis 
study: The 
choice of 
representative 
feature used 
to select ROI 
greatly 
influenced 
the ROI mean 
feature 
abundance.

Osteoarthritis study: Peak-picking and normalization 
removed background noise and reduced the overall 
number of spectral features.

Statistical analysis of multi-tissue mass spectrometry imaging 
(MSI) experiments with complex designs has the potential to yield 
meaningful population level conclusions about the relationships 
between disease states, tissue types, spatial distributions, and ion 
abundance. However, these data are complex to analyze, with 
many steps (detailed in the workflow to the above) and 
considerations specific to MSI. Additionally, many tools used to 
process, visualize, and analyze these data are proprietary – and 
many open-source alternates are underdeveloped or unready for 
use by non-computational scientists. Statistical methods for 
analysis are mature, but complex to understand. Although many 
are trivial, some steps in these analyses are computationally 
resource intensive.
 We highlight these issues by providing a workflow, replete 
with recommendations based on experimental and simulated data, 
and mature, open-source tools and software like Cardinal [1] 
within which to perform analyses. As a motivating example we 
demonstrate the steps of this analysis on an MSI dataset of 
human tibial plateaus from subjects with and without 
osteoarthritis, illustrating specific decisions using simulations. 
Details of sample preparation and data acquisition, as well as 
novel techniques to image bone can be found in [2]. 

Introduction

Figure 4: Example code using Cardinal in R for basic untargeted differential analysis. 
Outputs and code for design, isotope clustering, and sample size calculations are 
omitted for clarity.

Mean abundance 
in medial
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Osteoarthritis study: 1781.857 m/z had 
the greatest signal to noise ratio of all 
comparisons in cartilage.
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Some steps require more 
memory or computation time – 
mainly preprocessing and 
clustering. Computational 
intensity is indicated here.
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