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Abstract

The discovery of proteomic biomarkers in cancer research can be effectively performed in

situ by exploiting Matrix-Assisted Laser Desorption Ionization (MALDI) Mass Spectrometry

Imaging (MSI). However, due to experimental limitations, the spectra extracted by MALDI-

MSI can be noisy, so pre-processing steps are generally needed to reduce the instrumental

and analytical variability. Thus far, the importance and the effect of standard pre-processing

methods, as well as their combinations and parameter settings, have not been extensively

investigated in proteomics applications. In this work, we present a systematic study of

15 combinations of pre-processing steps—including baseline, smoothing, normalization,

and peak alignment—for a real-data classification task on MALDI-MSI data measured from

fine-needle aspirates biopsies of thyroid nodules. The influence of each combination was

assessed by analyzing the feature extraction, pixel-by-pixel classification probabilities, and

LASSO classification performance. Our results highlight the necessity of fine-tuning a pre-

processing pipeline, especially for the reliable transfer of molecular diagnostic signatures

in clinical practice. We outline some recommendations on the selection of pre-processing

steps, together with filter levels and alignment methods, according to the mass-to-charge

range and heterogeneity of data.

Keywords: pre-processing; MALDI; mass spectrometry; machine learning; feature design;

classification performance; thyroid nodules

1. Introduction

Over the last ten years, Matrix-Assisted Laser Desorption Ionization (MALDI) Mass

Spectrometry Imaging (MSI) has emerged as one of the key technologies for cancer
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biomarker discovery directly in situ [1,2]. The feasibility of identifying molecular pro-

files and building classification models based on MALDI-MSI has been demonstrated in

several cancer-related contexts [3–5], including pancreatic adenocarcinoma [6], thyroid

cancer [7], and skin disease [8]. These studies showed that MALDI-MSI can support

histopathological diagnosis by capturing molecular heterogeneity directly in tissue sec-

tions. The technology visualizes the distribution of molecules in a biological sample [1]

in order to differentiate remarkable spectra profiles, namely, mass-to-charge (m/z) ratios

and corresponding intensities. However, due to experimental and instrumental limitations

(including ion suppression effects, matrix inconsistencies, and spot-to-spot variability), the

spectra extracted by MALDI-MSI can be noisy. This variability can significantly affect the

reliability of classification models and biomarker discovery. Studies exploiting MALDI-MSI

data therefore often perform various pre-processing steps to reduce the intrinsic instru-

mental and analytical variability. The standard pre-processing procedure consists of four

steps—baselining, smoothing, normalization, and alignment [9]—that are followed by the

two consolidated stages of peak detection and quantification. However, pre-processing

has been under-reported in the mass spectrometry literature, even when performed, and it

has received limited methodological attention. Previous studies have evaluated individual

preprocessing techniques such as baselining, denoising, and normalization [10,11], or pro-

posed automated pipelines that select preprocessing steps via heuristic methods [12,13].

However, the impact of different combinations of preprocessing methods, and their order

of application, has received far less attention, particularly in the MALDI-MSI domain.

Related research on SELDI-MS data, a variant of MALDI-MSI, has shown that such combi-

nations can drastically influence peak detection and quantification, as well as classification

outcomes [14–16]. The importance and the effect of each separate pre-processing step,

as well as their combination, have not yet been extensively investigated for MALDI-MSI

data [17–20]. This underscores the importance of evaluating not just individual steps but

also their sequence of application.

More recently, user-friendly platforms such as MALDImID [21], MSiReader [22],

MALDIViz [23], and Cardinal [24] have been developed to facilitate mass spectrometry

imaging data analysis. These tools are widely used and provide intuitive graphical user

interfaces; however, they either require users to input already pre-processed data or offer

broad flexibility in selecting pre-processing steps, without clear guidance or standard-

ization. While this flexibility is appropriate for exploratory research, it also shifts the

responsibility—and the variability—onto the user, often without assessing how these deci-

sions affect downstream analyses. These considerations become particularly relevant when

the objective is to build diagnostic or predictive models intended for clinical application.

In such cases, reproducibility and robustness are essential, and the preprocessing pipeline

becomes a critical component of the analytical workflow. Therefore, shedding light on how

preprocessing choices influence classification performance is a necessary step toward more

transparent, standardized, and clinically translatable MALDI-MSI analysis.

The main objective of this study was to systematically evaluate how different pre-

processing strategies affect the molecular feature space and classification performance

of MALDI-MSI data, using a real-world dataset of thyroid fine-needle aspirates. Unlike

previous works, we focused on the joint effect of preprocessing combinations and filtering

parameters, providing practical insight for the preprocessing phase in MSI-based diagnos-

tic workflows. This study broadens previous works [14,25] and fills a gap by analyzing

additional pre-processing combinations for an MALDI-MSI dataset. Namely, 15 different

pre-processing combinations under three different scenarios regarding inter- and intra-

patient filter parameters, as well as two alignment settings, were explored. We show that

the way MALDI-MSI spectra are pre-processed affects the performance of the designed
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classifier in terms of molecular signature and classification outcomes. As a case in point,

we used real data from MALDI-MSI analysis of thyroid fine-needle aspirates (FNA) biop-

sies [26]. Our results highlight the importance of the pre-processing stage in research,

since it can heavily influence subsequent analysis; indeed, in our use-case, the success of

classification depended on the pre-processed data received. We conclude the paper by

outlining some recommendations on the selection of pre-processing steps, filter levels, and

alignment methods, based on the overall findings of our study. The results demonstrate

that inadequate preprocessing may lead not only to decreased accuracy, but also to incor-

rect classifications. Our work thus contributes to closing a critical methodological gap in

the use of MALDI-MSI for diagnostic purposes by evidencing the non-trivial impact of

preprocessing decisions on statistical analysis.

2. Materials and Methods

2.1. Data Pre-Processing

The spectra composed of mass-to-charge (m/z) values were pre-processed using one

or more of the following steps (see the Appendix A for details):

(B) Baseline subtraction: electrical noise and chemical impurities in the sample were

estimated and subtracted from the spectrum.

(S) Smoothing: interfering peaks from sources unrelated to the patient’s sample were re-

moved.

(N) Normalization: spectra were brought to the same intensity range.

(A) Alignment: slight differences in m/z-values were corrected, so that the same proteins

could be identified between spectra.

(P) Peak detection: in each pre-processed spectrum, peaks were extracted as features and

their m/z-values were aligned.

These steps were followed by intra- and inter-patient filtering, to retain only the

features shared by at least a certain percentage of spectra within the same samples, or among

samples with the same diagnosis. The standard approaches used in the pre-processing steps

were as follows: median method for baseline subtraction; moving average (MA) method for

smoothing; total ion current (TIC) method for normalization; and mean absolute deviation

(MAD) noise estimation method for alignment, as well as for peak detection. In addition,

different values for the parameter of the intra- and inter-patient filters were analyzed, with

filter values equal to 5% (Scenario I), 25% (Scenario II), and 50% (Scenario III). Further

details can be found in Table A1. Finally, the influence of joint alignment with respect to

individual alignment was investigated: in the first case, the spectra of different samples

were aligned separately; in the second case, the spectra of all patients were aligned together.

2.2. Combinations of Pre-Processing Steps and Parameter Settings

We assumed a strict ordering of the four pre-processing steps based on baselining,

smoothing, normalization, and alignment (e.g., B must be performed before S, N, and A).

This resulted in exactly 15 possible combinations (Table 1). Peak detection was applied

after each combination in order to extract an intensity matrix for further analysis.

2.3. Case Study and Statistical Analysis

The proteomics data we used originated from a study aiming to investigate whether

the application of MALDI-MSI on FNAs of thyroid nodules could enhance correct clas-

sification of Hashimoto thyroiditis (HT), hyperplastic nodule (Hp), and papillary thy-

roid carcinoma (PTC) [26]. Data were acquired in positive-ion mode, in the m/z range

3000–15,000 Da, with a laser focus setting of 50 µm and a pixel size of 50 × 50 µm with an Ul-

trafleXtreme mass spectrometer (Bruker Daltonics, Bremen, Germany). They were exported
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in imzML format (pixel-by-pixel MALDI-MSI analysis) and subsequent pre-processing

was performed using the MALDIquant R package. More details on the study protocol,

in particular on the technical specifics of in situ proteomics MALDI-MSI analysis and its

results, have been previously described [26].

Table 1. Pre-processing combinations.

Combination Baseline Smoothing Normalization Alignment
Peak

Detection

B X X
B-S X X X
B-S-N X X X X
B-S-N-A X X X X X
B-S-A X X X X
B-N X X X
B-N-A X X X X
B-A X X X
S X X
S-N X X X
S-N-A X X X X
S-A X X X
N X X
N-A X X X
A X X

Briefly, a cohort of 27 patients (9 Hp, 9 HT, and 9 PTC) was used for training. A total

of 126 annotated pathological areas referred to as regions of interest (ROIs), containing

informative pixels from the MSI data, were employed to train the classification model. A

multinomial least absolute shrinkage and selection operator (LASSO) model was applied

to identify discriminating m/z-values between malignant (PTC) and benign (Hp and HT)

thyroid cells. For model validation, an independent cohort of 13 patients (2 Hp, 3 HT, and

8 PTC) was used to evaluate the classification performance and to assess the influence of

different pre-processing pipelines on predictions at the pixel level. The classifier predicted

a probability for the three diagnostic classes for each spectrum, corresponding to a pixel in

the MSI dataset of the validation cohort. The highest of these three probabilities determined

the label of the pixel. A patient was then classified as malignant when the ratio of malignant

pixels vs. the total number of pixels was greater than a specified threshold, or conversely

benign. This threshold was identified by applying the Youden index, maximizing sensitivity

and specificity. For performance evaluation, the three diagnostic classes were reduced

to two (benign vs. malignant), in line with previous work [26], to allow for quantitative

assessment of the effect of pre-processing on classification accuracy. All the analyses were

performed using the open-source R software v.4.1.1 (R Foundation for Statistical Computing,

Vienna, Austria).

3. Results

3.1. Feature Extraction from Pre-Processing

The impact of the 15 pre-processing combinations described in Table 1 and of the intra-

and inter-patient filters on the amount of extracted features, as well as their localization

over the m/z axis, is shown in Figure 1.
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Figure 1. Number of features (m/z-values) extracted by the 15 pre-processing combinations in each

scenario (Scenario I—5% filter, II—25% filter, and III—50% filter). The total number of included

signals in each setting is indicated in the upper right corner.

Notably, combinations starting with smoothing (S-), normalization (N-), or alignment

(A-) tended to result in features in the range between 3000 and 8000 m/z values. In

contrast, combinations starting with the baseline (B-) included features across the whole

m/z range. This behavior can be attributed to the exponential baseline often observed in

spectra of intact proteins, particularly in the lower m/z region. Without early baseline

correction, subsequent steps such as normalization may introduce bias, leading to the

underrepresentation of certain spectral regions. Moreover, there was a clear gradient in

the impact of the different filter levels, with the lower filter (Scenario I) systematically

dominating over the m/z range. A summary of the overlapping m/z features over the three

scenarios is visualized in Figure 2, where it can be noted that approximately 12% of the

extracted features were shared among the three scenarios, and approximately 32% of the

signals were in common between Scenario I and II.

Figure 2. Venn diagram visualizing the overlap of selected m/z values between Scenario I (5% filter),

II (25% filter), and III (50% filter).

Concerning the joint and individual alignment, they turned out to be mainly similar

except for the combination B-S-A, where a larger number of included features can be

observed for individual alignment (Figure A1). The influence that each patient of the

validation cohort had on feature extraction is shown in Figure A2.
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3.2. Pixel-by-Pixel Classification

The classification probabilities of being Hp, HT, and PTC in the pixel-by-pixel approach

for the validation cohort are visualized in Figure 3.

Figure 3. Distributions of the diagnostic predicted probabilities per validation patient by pre-

processing combinations and scenarios. The stacked bars indicate the percentage of single pixels

classified as Hp, HT, and PTC for each setting.

A marked heterogeneity in the distribution of the three predicted diagnoses was

present among the scenarios, as well as among pre-processing combinations within each

scenario. Overall, the benign cases were well predicted, even if in some situations the

specific diagnostic subtype was not recognized. On the other hand, the signals of malig-

nancies were only clearly visible in samples rich in cellularity (Table A2) and in Scenario II

with the 25% filter. Reducing the intra- and inter-filter value from 25% to 5% (Scenario I)

had a direct impact, with predictions shifting in favor of the benign classes (e.g., patient

1202). Lastly, increasing the intra- and inter-filter value from 25% to 50% (Scenario III) pro-

duced pronounced changes in the predictions (e.g., patient 1188 ex vivo). The intra-patient

filter removed noisy features inconsistently expressed within a single sample, while the

inter-patient filter eliminated signals not consistently shared among patients with the same

diagnosis. While these filters helped reduce technical and biological variability, excessive

filtering may lead to the exclusion of diagnostically relevant features, especially in hetero-

geneous samples such as FNAs. Our findings emphasize the need to carefully calibrate

these parameters based on data quality, biological complexity, and diagnostic goals.
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3.3. Classification Performance

The AUC, sensitivity, specificity, and optimal threshold calculated for all the combi-

nations in each scenario are summarized in Figure 4 and in Tables A3–A5. Comparison

among the scenarios shows that reducing the intra- and inter-patient filter from 25% to

5% positively affected the results, with increased AUC and sensitivity for the majority of

combinations (e.g., B, B-A, S-N-A, and N), but decreased the threshold of malignancy. In

addition, increasing the intra- and inter-patient filter from 25% to 50% (Scenario III) yielded

a lower threshold and classification performance.

Figure 4. Summary of AUC and thresholds by pre-processing combinations and scenarios. Combina-

tions with sensitivity ≥ 0.75 and specificity ≥ 0.80 are shown as filled circles (otherwise as empty

circles) at the optimal threshold.

In terms of classification metrics, the highest AUC in Scenario I (5% filter) was obtained

with the A combination (AUC = 0.84, sensitivity = 0.75, specificity = 1.00), followed closely

by the B and S-N-A combinations (AUC = 0.83). These combinations consistently produced

high sensitivity and specificity at their optimal thresholds. In Scenario II (25% filter), the best

performing combination was again B (AUC = 0.78, sensitivity = 0.75, specificity = 1.00), with

S-N-A and B-S-A also showing acceptable performance (AUC = 0.75 and 0.70, respectively).

In Scenario III (50% filter), the top-performing combinations were A and B (AUC = 0.75), but

with reduced sensitivity compared to Scenario I (AUC = 0.63 and AUC = 0.50, respectively).

Notably, the performance of S-N-A decreased significantly in Scenario III (AUC = 0.43),

highlighting the interaction between filter settings and the effectiveness of specific pre-

processing chains. These results confirm that both the choice of pre-processing steps and

the associated filtering thresholds critically impacted the classifier’s ability to separate

benign from malignant nodules, and that some combinations may only perform well under

specific parameter settings.

It is, however, important to emphasize that the optimal decision thresholds vary sig-

nificantly across scenarios and pre-processing combinations. While a perfect classification

performance can be achieved under certain settings, clinical interpretation remains essential.

A high threshold—meaning that a high percentage of pixels classified as malignant are

required to label a sample as malignant—may increase the risk of false negatives, especially

in heterogeneous or low-cellularity samples. Conversely, a low threshold may lead to false

positives, particularly in noisy or atypical yet benign cases, where a small proportion of

pixels classified as malignant could result in a misdiagnosis. Given that a classifier operates

in a three-class setting and assigns the class with the highest probability, a pixel with just

over 33% probability of malignancy is already labeled as malignant. Therefore, if a sample

is classified as malignant based on a global threshold of less than 1% malignant pixels,

there is a substantial risk of overdiagnosis. To address this issue, in our previous study [7],

we introduced two distinct thresholds—one for “certain benignity” and one for “certain

malignancy”—as well as an intermediate gray zone designated for close follow-up, aiming

to improve clinical accuracy and reduce diagnostic uncertainty.
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4. Discussion

In this work, we have shown that the sequence of pre-processing steps for the analysis

of MALDI-MSI data and the parameter setup might have a large impact on the feature

extraction, classification predictions, and classification performance for a molecular diag-

nostic signature.

Both the total number of features included in the classifier and the m/z range of these

features changed significantly depending on how pre-processing was performed. Lowering

or increasing the intra- and inter-patient filter decreased or increased the number of features

across the entire m/z range. A higher filter value may be less suitable since valuable

information may be excluded from the model, which may be the case in heterogeneous

datasets as used in this study. The lower filter values allow the model to include this

information, improving classification performance. Furthermore, some pre-processing

combinations retained the entire m/z ranges, which may be suitable for clinical studies

where no prior information on peaks of interest is available. Even if retaining a high amount

of m/z values may include a substantial amount of noise, this can be controlled with intra-

and inter-patient filters. Moreover, the use of joint instead of individual alignment in the

training and validation samples also influenced feature selection, where the included m/z

features in the model could drastically change.

Furthermore, a comparison between pre-processing combinations of the pixel-by-pixel

classification probabilities for the three considered diagnostic classes showed significantly

varying predictions across the combinations. The analysis revealed the difficulty of iden-

tifying malignancy in samples with a poor cellular composition for the majority of the

pre-processing combinations, where the presence of inflammation, a poor background, or a

low percentage of thryoicities in the sample lead to an incorrect benignity prediction by

the classifier.

Lastly, the analysis of pre-processing combinations through the classification perfor-

mance allowed for a direct comparison of the AUC index. It was shown that the lower filter

of 5% positively impacted the performance for the majority of combinations, but a wide

range of thresholds for malignancy were obtained with high AUC values. Notably, the low

threshold may be not suitable, since this increases the possibility of false positives due to

technical artifacts.

Previous research [16,20] evaluated pre-processing procedures consisting of predefined

steps for SELDI-MS that were only partially similar to the ones we considered here, with

findings indicating that factors other than the pre-processing method, e.g., parameter

settings, can influence the subsequent analysis. The two parameters considered in this

study, the intra- and inter-patient filter and the alignment option, were also shown to

impact classification and feature selection. As noted in previous research [20], extending

the examination to a wider range of parameter options for each step is recommended,

although this opens up a very extensive assessment aiming to optimize the parameter

choice, which will be the subject of a future study.

While we used proteomics data from thyroid FNA biopsies to investigate the role of

pre-processing on the results of statistical analyses, we believe that the heterogeneity of

these findings can be, in principle, generalized to other clinical contexts, and that there are

no absolute rules for all situations. Therefore, based on the overall results of this study, the

following recommendations are outlined:

1. Pre-processing combinations. Select the pre-processing steps with care, as they

directly influence not only the number and nature of extracted features, but also their

distribution across the m/z range. For example, combinations beginning with baseline

correction tend to preserve features across a wider m/z interval, whereas others may

prioritize narrower but potentially more specific spectral zones. Understanding how
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different combinations behave for your dataset is essential to ensure that relevant

biological signals are retained and emphasized in downstream analysis.

2. Intra- and inter-patient filter setting. The filter’s value has an impact on the over-

all number of extracted features included in the model for signature identification.

Low filter levels may better fit with heterogeneous data, while high filter levels may

better fit with homogeneous data. Importantly, intra- and inter-patient filtering do

not indiscriminately reduce the feature space, but rather reduce unwanted variabil-

ity: intra-patient filters help control for artifacts and noise within a sample, while

inter-patient filters (applied among samples with the same diagnostic label) reduce

variability not associated with the disease itself. Nonetheless, excessive filtering can

be harmful, especially in heterogeneous cohorts. Therefore, such parameters must be

carefully evaluated according to the context. Our results indicate that lower filtering

levels often better preserve diagnostically relevant information.

3. Individual over joint alignment. Individual alignment is favored as it ensures that

the inclusion of new patients in the validation cohort does not retroactively affect the

spectra of the training cohort and the associated feature set. This is particularly rele-

vant when aiming for robust and reproducible workflows in prospective studies. In

our analysis, individual alignment provided more consistent and reliable feature sets

across patients, whereas joint alignment introduced variations that could confound

model interpretation and performance.

We do not propose a universally optimal pre-processing combination, as this depends

on the experimental conditions and downstream objectives. Our findings may serve

as a starting point for similar diagnostic applications, with the understanding that they

should be further evaluated in each new context. Reporting the pre-processing workflow

in research studies should be mandatory, as it can improve the reproducibility of the

research performed and allow for a better understanding of this essential procedure by the

scientific community.

5. Conclusions

Pre-processing is of paramount importance in the management of mass spectrometry

imaging (MSI) data, yet it remains an under-documented phase in many biomedical studies.

Our findings demonstrate that pre-processing is not a trivial step, but one that significantly

impacts the accuracy, robustness, and interpretability of downstream classification models.

In this study, we systematically evaluated 15 preprocessing combinations and multiple

filtering scenarios on a real-world MALDI-MSI dataset of thyroid fine-needle biopsies.

We demonstrated that improper or suboptimal preprocessing pipelines can result in poor

classification performance, potentially leading to misclassifications between benign and

malignant nodules. These results underscore the necessity of carefully tuning and reporting

all pre-processing steps when MSI data are used for clinical diagnostics or predictive

modeling. Furthermore, we emphasize the importance of selecting preprocessing strategies

that are context-aware by considering tissue heterogeneity, cellular composition, and the

final application (exploratory versus clinical). The implications of this work go beyond

thyroid pathology: the outlined methodology and evidence may serve as a generalizable

framework for evaluating the effect of preprocessing in other proteomic and imaging

contexts. By making the pipelines more transparent and evidence-driven, this research can

contribute to the development of reproducible and clinically viable MALDI-MSI workflows.

Future work could consider exploring the parameter options and settings within each

pre-processing step and incorporating additional classification models to validate the

generalizability of these observations.
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Appendix A. Additional Information, Tables & Figures

Appendix A.1. Computational Resources

The analyses were performed using High Performance Computing (HPC) system

Marconi100. Data preprocessing (MALDIquant v.1.21), classification (glmnent v.4.1-1), and

performance analysis (pROC v.1.18.0) were performed using the open-source R software

v.4.0.1. Visualizations were created with the help of plyr v.1.0.9, reshape v.0.8.9, writexl

v.1.4.0, extrafont v.0.18, VennDiagram v.1.7.3, ggplot2 v.3.3.6, and additions ggh4x v.0.2.1 and

ggrepel v.0.9.1. The 95% confidence intervals for the AUC scores were determined through

the DeLong method, while the 95% confidence intervals for sensitivity and specificity for a

given threshold were determined through stratified bootstrapping with 2000 replicates.
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Appendix A.2. Figures

Figure A1. Histograms of m/z values selected by the classification model for Scenario II (25%

intra- and inter- patient filter setting), with the option of individual or joint alignment within all

tested pre-processing combinations that included the alignment step (B: Baseline, S: Smoothing,

N: Normalization, and A: Alignment). The total number of included features for both options

are indicated in the upper right corner for each combination. For joint alignment, the included

features are averaged over the validation cohort, as an exclusive classification model was created per

validation patient.

Figure A2. An illustrative case: m/z values selected by the classification models (one per patient) for

the pre-processing combination B-S-A (Baseline, Smoothing, Alignment), where joint alignment was

used. The total number of included features is indicated in the upper right corner for each patient.

Appendix A.3. Tables

Table A1. Details on pre-processing steps.

Name Step Method Parameters

B Baseline median method
S Smoothing moving average window equal to five
N Normalization total ion current
A Alignment mean absolute deviation half window width of five
P Peak detection mean absolute deviation half window equal to five

signal-to-noise ratio equal to six
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Table A2. Clinical and histological information for the validation cohort. The quality of the cellular

composition of the sample is based on observations by the pathologist.

Diagnosis

Patient ID Cellular Composition Cytological Histological

1081 Rich TIR2 HT
1082 Good TIR3 HT
1083 Rich TIR2 HT
1084 Poor TIR5 PTC

1084 ex-vivo Rich TIR5 PTC
1123 Good TIR2 Hp
1126 Poor TIR5 PTC
1149 Good TIR5 PTC
1156 Good TIR2 Hp
1187 Poor TIR5 PTC
1188 Poor TIR5 PTC

1188 ex-vivo Good TIR5 PTC
1202 Rich TIR4 PTC

Table A3. Results from the ROC-AUC analysis for Scenario I (5% intra- and inter- patient filter setting),

sorted from best to lowest AUC score. The 95% confidence intervals are denoted in parentheses.

Classification Performance

Combination AUC Threshold Sensitivity Specificity

A 0.84 (0.60, 1.00) 0.4% 0.75 (0.50, 1.00) 1.00 (1.00, 1.00)
B 0.83 (0.57, 1.00) 18% 0.75 (0.50, 1.00) 1.00 (1.00, 1.00)
S-N-A 0.83 (0.57, 1.00) 1% 0.88 (0.63, 1.00) 0.80 (0.40, 1.00)
S-N 0.75 (0.46, 1.00) 9% 0.75 (0.38, 1.00) 0.80 (0.40, 1.00)
S-A 0.70 (0.39, 1.00) 10% 0.50 (0.13, 0.88) 1.00 (1.00, 1.00)
N-A 0.70 (0.39, 1.00) 11% 0.63 (0.25, 0.88) 1.00 (1.00, 1.00)
B-A 0.69 (0.37, 1.00) 1% 0.63 (0.25, 0.88) 0.80 (0.40, 1.00)
B-N-A 0.68 (0.34, 1.00) 3% 0.75 (0.50, 1.00) 0.80 (0.40, 1.00)
S 0.68 (0.36, 0.99) 7% 0.50 (0.13, 0.88) 1.00 (1.00, 1.00)
N 0.65 (0.32, 0.98) 10% 0.63 (0.25, 0.88) 0.80 (0.40, 1.00)
B-S-N 0.59 (0.25, 0.92) 10% 0.50 (0.13, 0.88) 1.00 (1.00, 1.00)
B-S-N-A 0.59 (0.25, 0.92) 11% 0.63 (0.25, 1.00) 1.00 (1.00, 1.00)
B-S 0.50 (0.50, 0.50) 0 or 1 1 or 0
B-S-A 0.50 (0.50, 0.50) 0 or 1 1 or 0

Table A4. Results from the ROC-AUC analysis for Scenario II (25% intra- and inter- patient filter setting),

sorted from best to lowest AUC score. The 95% confidence intervals are denoted in parentheses.

Classification Performance

Combination AUC Threshold Sensitivity Specificity

B 0.78 (0.48, 1.00) 13% 0.75 (0.38, 1.00) 1.00 (1.00, 1.00)
S-N-A 0.75 (0.46, 1.00) 19% 0.50 (0.13, 0.88) 1.00 (1.00, 1.00)
B-S-A 0.70 (0.38, 1.00) 9% 0.63 (0.25, 0.88) 0.80 (0.40, 1.00)
B-N-A 0.70 (0.37, 1.00) 2% 0.75 (0.38, 1.00) 0.80 (0.40, 1.00)
B-S-N 0.65 (0.36, 0.94) 0.2% 0.50 (0.13, 0.88) 1.00 (1.00, 1.00)
B-S-N-A 0.63 (0.27, 0.98) 2% 0.63 (0.25, 1.00) 1.00 (1.00, 1.00)
B-A 0.63 (0.30, 0.95) 30% 0.50 (0.13, 0.88) 1.00 (1.00, 1.00)
A 0.63 (0.30, 0.95) 4% 0.50 (0.13, 0.88) 1.00 (1.00, 1.00)
N-A 0.61 (0.28, 0.94) 9% 0.50 (0.13, 0.88) 1.00 (1.00, 1.00)
B-S 0.60 (0.26, 0.94) 16% 0.63 (0.25, 0.88) 0.80 (0.40, 1.00)
B-N 0.60 (0.26, 0.94) 3% 0.63 (0.25, 1.00) 0.80 (0.40, 1.00)
S-N 0.60 (0.26, 0.94) 5% 0.63 (0.25, 1.00) 0.80 (0.40, 1.00)
N 0.58 (0.23, 0.92) 22% 0.50 (0.13, 0.88) 1.00 (1.00, 1.00)
S-A 0.55 (0.20, 0.90) 9% 0.50 (0.13, 0.88) 1.00 (1.00, 1.00)
S 0.35 (0.02, 0.68) 11% 0.25 (0.00, 0.50) 1.00 (1.00, 1.00)
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Table A5. Results from the ROC-AUC analysis for Scenario III (50% intra- and inter- patient filter

setting), sorted from best to lowest AUC score. The 95% confidence intervals are denoted in parentheses.

Classification Performance

Combination AUC Threshold Sensitivity Specificity

B 0.75 (0.48, 1.00) 11% 0.50 (0.13, 0.88) 1.00 (1.00, 1.00)
A 0.75 (0.46, 1.00) 3% 0.63 (0.25, 0.88) 1.00 (1.00, 1.00)
B-A 0.73 (0.43, 1.00) 1% 0.63 (0.25, 0.88) 1.00 (1.00, 1.00)
N-A 0.70 (0.38, 1.00) 9% 0.63 (0.25, 0.88) 1.00 (1.00, 1.00)
B-S 0.63 (0.38, 0.88) 5% 0.38 (0.00, 0.75) 1.00 (1.00, 1.00)
B-S-N-A 0.63 (0.38, 0.87) 0.3% 0.38 (0.13, 0.88) 0.80 (0.40, 1.00)
B-S-N 0.65 (0.38, 0.92) 0.004% 0.50 (0.125, 0.875) 0.80 (0.40, 1.00)
B-N 0.66 (0.34, 0.97) 0.2% 0.63 (0.25, 0.88) 0.80 (0.40, 1.00)
S 0.65 (0.33, 0.97) 52% 0.38 (0.00, 0.75) 1.00 (1.00, 1.00)
B-S-A 0.58 (0.29, 0.86) 0.09% 0.38 (0.00, 0.75) 0.80 (0.40, 1.00)
B-N-A 0.60 (0.27, 0.93) 1% 0.50 (0.13, 0.88) 0.80 (0.40, 1.00)
N 0.60 (0.25, 0.95) 16 0.50% (0.13, 0.88) 0.80 (0.40, 1.00)
S-A 0.53 (0.19, 0.86) 0% 0.38 (0.00, 0.75) 1.00 (1.00, 1.00)
S-N 0.48 (0.13, 0.82) 9% 0.50 (0.13, 0.88) 0.80 (0.40, 1.00)
S-N-A 0.43 (0.08, 0.77) 12% 0.38 (0.13, 0.75) 1.00 (1.00, 1.00)
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