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Abstract 

MLMarker is a machine learning tool that computes continuous tissue similarity scores 
for proteomics data, addressing the challenge of interpreting complex or sparse 
datasets. Trained on 34 healthy tissues, its Random Forest model generates probabil-
istic predictions with SHAP-based protein-level explanations. A penalty factor corrects 
for missing proteins, improving robustness for low-coverage samples. Across three 
public datasets, MLMarker revealed brain-like signatures in cerebral melanoma metas-
tases, achieved high accuracy in a pan-cancer cohort, and identified brain and pituitary 
origins in biofluids. MLMarker provides an interpretable framework for tissue inference 
and hypothesis generation, available as a Python package and Streamlit app.
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Background
Mass spectrometry (MS)-based proteomics has become a cornerstone for protein 
expression analysis in biological systems. Recent technological advancements in sam-
ple preparation [1–3], instrumentation [4–6], and computational methods [7–10] 
have drastically increased sensitivity, throughput and coverage, enabling the detec-
tion and quantification of thousands of proteins across diverse biological samples, all 
while accommodating ever decreasing amounts of sample. However, as the scale and 
speed of proteomic dataset generation keeps growing, drawing meaningful biological 
conclusions remains a challenge due to the inherent complexity and vastness of the 
proteome [11, 12].

Many downstream interpretation methods rely primarily on the detection of differ-
entially expressed proteins, and these approaches often fall short of providing a holistic, 
multi-layered comparative analysis. Traditional approaches, such as pairwise differential 
expression analysis (DEA), aim to narrow the scope of data interpretation by focusing 
on predefined group comparisons. While these methods offer statistical rigor, they can-
not reveal more complex, non-obvious relationships within the data. Additionally, they 
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can be significantly influenced by preprocessing steps such as quantification methods, 
normalization, and missing value imputation, resulting in a combinatorial explosion of 
possible outcomes, in turn leading to inconsistent results [13, 14]. Capturing the full dif-
ferential landscape of a sample while considering its broader context, thus remains a sig-
nificant challenge. The field therefore stands to gain substantially from the development 
of innovative approaches that can more comprehensively address the data’s complexity.

Interestingly, the large amounts of data being deposited into ProteomeXchange [15] 
repositories such as PRIDE [16] and MassIVE [16] provide the potential to improve 
these analysis methods. Indeed, this treasure trove of proteomics data has already led to 
the development of essential community knowledgebases such as PeptideAtlas [17], Pro-
teomicsDB [18], and Scop3P [19]. Furthermore, it has enabled technical advances such 
as the development of machine learning models like MS2PIP [20] and DeepLC [21] that 
allow greatly improved MS data interpretation through rescoring approaches [7, 22]. 
While the reuse of public data for biological discovery has so far remained limited, it has 
demonstrated potential in identifying and validating biomarkers [23], and in conducting 
meta-analyses on post-translational modifications [24, 25].

Here, we introduce another way of making use of this vast public proteomics data with 
MLMarker, a machine learning (ML) based tool based on our previously developed tis-
sue prediction model [26]. The basic ML framework of MLMarker was extended to be 
adaptable and explainable. The tool is designed to complement proteome analysis by 
using its ML model to compare each sample to a reference atlas of healthy human tissue 
proteomes applicable to even samples that do not resemble the original training data. 
Unlike conventional approaches that rely on rigid, pre-assigned group comparisons that 
typically all originate in the same study, MLMarker provides a continuous, probabilistic 
measure of tissue similarity across multiple tissues simultaneously. Furthermore, due to 
its simplistic nature, the results are highly explainable. This enables a more nuanced view 
of sample classification, revealing unexpected tissue relationships that may indicate dis-
ease adaptations and/or uncover novel biological phenomena. Importantly, MLMarker 
thus shifts tissue prediction from a simple classification task to a powerful framework 
for hypothesis generation, as samples with unexpected tissue similarities can point to 
new biological mechanisms or disease processes [27–29].

We first showcase the newest technical developments followed by a demonstration of 
the model’s biological applicability on three public datasets: (i) a reanalysis of cerebral 
melanoma metastases from Zila et al. (PXD007592) [30, 31], (ii) a reanalysis of cerebro-
spinal fluid from Yamana et al. (PXD008029) [32], and (iii) a reanalysis of the pan-cancer 
FFPE tissue dataset from Tüshaus et al. (MSV000095036) [33]. Together these three case 
studies illustrate the versatility of MLMarker, showing its potential not only in under-
standing cancer metastases, but also in analysing biofluid samples and mapping tissue 
identities in complex multi-cancer datasets. By leveraging a tissue-centric approach, 
MLMarker offers a new perspective on proteomics data, complementing existing meth-
ods and expanding the scope of biological discovery.

MLMarker is available as a pip installable python package and a graphical user inter-
face through the streamlit framework at https://​mlmar​ker.​strea​mlit.​app.

https://mlmarker.streamlit.app
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Results
Adaptability and explainability as core‑developments

The initial tissue classification model classifier was developed as a trained Random For-
est model that assigns tissue labels from a fixed feature space, trained on high abundant 
proteins of public proteomics data encompassing healthy tissues acquired with data-
dependent acquisition. Although this approach captures complex relationships in high 
dimensional proteomics data, a standalone estimator is difficult to deploy across hetero-
geneous due to three recurrent sources of heterogeneity including (i) protein identity; 
(ii) quantification scale; and (iii) incomplete feature coverage. MLMarker therefore gen-
eralises the original model into a Python package that explicitly addresses these issues 
through three core developments.

First, MLMarker replaces purely probability-based outputs with a Shapley Additive 
exPlanations (SHAP) based reconstruction of tissue scores, decomposing tissue similarity 
into per protein contributions. This enables the identification of proteins driving similar-
ity toward, or away from, a given tissue allowing full explainability of the predictions.

Second, MLMarker automatically applies per sample min–max normalization prior 
to inference. By focusing on within sample ratios, the model becomes less sensitive to 
global scaling differences introduced by experimental and computational pipelines, 
becoming applicable to modalities differing from the original training setting (e.g. data-
independent acquisition, affinity-based proteomics methods).

Third, to accommodate sparse protein coverage, intrinsic to proteomics, the package 
uses an adjustable penalty factor that modulates how absent proteins affect the SHAP 
explanation and resulting tissue ranking. The penalty is calibrated using a zero sample 
SHAP reference computed at initialisation, which represents the model behaviour in the 
absence of detected proteins and provides a pragmatic quality control anchor for low 
coverage samples.

These software and methodological extensions transform MLMarker from a static 
classifier into an adaptable and explainable framework that supports hypothesis gen-
eration by linking tissue similarity patterns to the underlying protein evidence and by 
enabling contextualisation through external knowledge bases and over-representation 
analyses.

Penalty factor

Missing values are intrinsic to mass spectrometry-based proteomics and can arise 
through distinct mechanisms from both technical and biological origin. These missing 
values impact MLMarkers ability for accurate prediction as inference is performed in 
a fixed feature space of 5,979 protein defined during model training. When a protein is 
not reported within a new sample, its abundance is treated as zero. This creates a sys-
tematic bias: samples with low proteome coverage have many features artificially set to 
zero, which can shift predictions toward tissues that naturally express fewer proteins. To 
quantify how this ambiguity affects tissue similarity predictions, and to assess whether 
the introduction of a penalty factor (λ) for handling of missing features improves robust-
ness, we performed controlled missingness simulations. The simulation design, missing-
ness mechanisms, penalty strategies, and evaluation metrics are described in detail in 
the Methods section.
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We focused on two public datasets that approximate the extremes encountered in 
tissue prediction. A dense liver tissue proteome was obtained from Davis et  al. [34] 
(PXD009021 [35], target tissue: Liver) and a sparse cerebrospinal fluid from Yamana 
et al. [32] (PXD008029 [36], target tissue: Pituitary gland). For each dataset, we started 
from reprocessed data using ionbot [37] for peptide identification, FlashLFQ [38] for 
quantification. Next, we simulated increasing levels of protein dropout across three dif-
ferent scenarios of missingness: (i) Missing Completely At Random (MCAR), represent-
ing technical variation; (ii) Missing Not At Random (MNAR), where low-abundance 
proteins are preferentially lost, mimicking the detection limits inherent to mass spec-
trometry; and (iii) Targeted missingness, simulating the loss of tissue-specific marker 
proteins due to biological differences between sample and reference.

The penalty factor λ is implemented by first computing a zero baseline SHAP profile, 
and then, for proteins that are absent in the input sample but still contribute nonzero 
SHAP mass, subtracting λ times their corresponding zero baseline SHAP contribution 
from the sample specific SHAP value. This method attenuates spurious evidence aris-
ing purely from feature absence rather than observed signal, as further specified in the 
Methods. We evaluated two categories of λ: fixed and adaptive. In the fixed setup, a con-
stant λ was applied across all samples ranging from 0 (no penalization) to 2 (aggressive 
penalization). In the adaptive penalty setup, λ was set as a function of sample feature 
coverage in either a linear or logistic function so that penalization increased when cov-
erage decreased.

Performance across sample types: dense vs. sparse

Our simulations demonstrate context-dependent behavior that informs practical recom-
mendations on when exactly to enable this MLMarker feature.

Looking at the top-1 accuracy e.g. ‘is the highest predicted tissue correct?’ (Fig. 1a), we 
observe a generally high accuracy in dense tissues for both MCAR and MNAR scenarios, 
independent of λ. This is not the case for the spare biofluid sample where the absence 
of a penalty factor leads inevitably to an extreme drop in performance which is restored 
by the usage of any sort of λ. When tissue-specific markers were preferentially removed, 
hence simulating biological divergence, both dense and sparse samples show a dramatic 
accuracy drop that could be partially rescued by λ. Comparing penalty methods across 
all dropout rates and missingness methods (Fig.  1b) show that λ = 1 and the adaptive 
piecewise λ show the highest performance for dense tissue (95.6% accuracy) and biofluid 
(77.0% accuracy) respectively.

Top-1 accuracy captures only whether the expected tissue is ranked first, but does not 
quantify how strongly predictions degrade when the correct tissue drops to lower ranks. 
We therefore examined rank degradation under targeted missingness, which produced 
the largest divergence between penalty strategies, and observed that a λ = 1 yielded the 
most stable rankings in both dense tissue and sparse biofluids (Fig. 2; Additional file 1: 
Supplementary Fig. 1).

With correcting for missing proteins, the risk of overcorrection cannot be left unex-
plored. To assess this possibility, we compared the accuracy of λ = 1 to λ = 0 and defined 
overcorrection as any reduction in accuracy relative to the no penalty baseline (Fig. 3). 
In the sparse CSF, λ = 1 improved accuracy consistently across all missingness types and 
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Fig. 1  A Overview of top-1 accuracy (y-axis, is the highest predicted tissue correct?) across missingness 
patterns (columns), dropout rates (x-axis) and penalty factors (λ) (curve colors) for dense tissue (top) and 
sparse biofluid (bottom). B Average Top-1 accuracy across all dropout rates per penalty method for both 
dense tissue (red) and sparse biofluid (blue)

Fig. 2  Average rank degradation under targeted missingness across penalty strategies for dense tissue (liver, 
left) and sparse biofluid (CSF, right). Each heatmap displays the average rank of the correct tissue prediction 
across increasing dropout rates (x-axis, 0–80%) for six penalty methods (y-axis): no penalty, fixed λ values 
(0.5, 1, 2), and adaptive strategies (piecewise, logistic). In both samples, λ = 1 consistently maintains low rank 
values across all dropout levels, outperforming other methods especially under high missingness
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dropout levels, with mean gains of 0.72% under MCAR, 0.62% under MNAR, and 1.06% 
under targeted missingness. The absence of overcorrection for sparse samples, indicates 
that down weighting absent features is uniformly advantageous when baseline cover-
age is low. In the dense liver tissue, the effect depended on the drop-out rate. Under 
MCAR and MNAR, λ = 1 induced mild overcorrection at low dropout, with mean eff 
ects of—0.28% and—0.40%, and became beneficial only under extreme information loss 
above roughly 65 to 70% dropout. In contrast, when missingness preferentially removed 
targeted informative marker proteins, λ = 1 remained consistently beneficial even in 
dense tissue, with a mean gain of 1.3%.

Reprocessed data from cerebral melanoma (PXD007592)

Zila et al. analysed proteomic profiles of cerebral melanoma metastases to grasp the dif-
ference between good and poor treatment response to MAP kinase inhibitors (MAPKi). 
The samples were obtained through surgical excision, and response state to MAPKi 
treatment was determined through progression-free survival (PFS). Good responders 
had a PFS ≥ 6 months and low disease progression, while poor responders had a PFS < 3 
months and fast disease progression. The authors observed small molecular differences 
between good and poor responders, with poor responders exhibiting an epithelial-
mesenchymal transition (EMT) signature and drug resistance mechanisms, while good 
responders showed higher immune activation. To note is that this different response 
to treatment was determined on a phenotypic level and not on the proteotype of the 
tumour. Ultimately, the authors associated good response patients with proliferative 
melanoma tumours and poor response patients with invasive melanoma tumours, but, 
at 1% false discovery rate (FDR) and a Perseus s₀ of 0.5, could only identify fourteen dif-
ferentially expressed proteins between the two response states [30].

This dataset was selected to explore whether cerebral melanoma metastases are clas-
sified by MLMarker as brain, reflecting their site of growth, or as skin, reflecting their 
tissue of origin. As metastatic tumours may retain features of both origins, they were 
expected to provide a useful model for testing if and how MLMarker resolves their ori-
gin. As mentioned, the original analysis identified only minor molecular differences 

Fig. 3  Penalty benefit across dropout conditions for dense tissue (liver) and sparse biofluid (CSF). Each 
panel shows the change in top-1 accuracy when applying a penalty factor (λ = 1) relative to no penalty 
(λ = 0) across increasing dropout rates under three missingness mechanisms: MCAR (left, random dropout), 
MNAR (middle, abundance-based dropout), and targeted removal of marker proteins (right). Positive values 
indicate improved accuracy (“Penalty helps”), while negative values indicate overcorrection. In CSF, λ = 1 
consistently improves accuracy across all dropout levels and missingness types. In liver, λ = 1 causes mild 
overcorrection at low dropout under MCAR and MNAR but becomes beneficial under high dropout and 
remains advantageous under targeted missingness
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between good and poor responders, with limited separation in unsupervised clustering, 
suggesting that relevant biological structures remained hidden. By applying MLMarker, 
we aimed to determine whether tissue similarity scores could uncover this latent struc-
ture and offer complementary insight beyond treatment response.

Reprocessing of the dataset was performed using ionbot [37] for peptide identification, 
FlashLFQ [38] for quantification, and MSqRob2 [39] for differential expression analysis. 
Twenty proteins were found significantly differentially expressed (adjusted p-value < 0.01) and 
this low variance between response states is also reflected in the UMAP clustering of protein 
expression values which shows no clear separation between response states (Fig. 4A). Only 
one protein was indicated as differentially expressed in both workflows: the eukaryotic trans-
lation initiation factor 3 subunit I (See Additional file 2: Supplementary Table S1). Here then 
we performed hierarchical clustering and identified two groups. These groups are however 
not very separated in the UMAP space and DEA revealed only 1 differentially expressed pro-
tein (Suypplementary Fig. 2). Even beside the fact that this approach is statistically incorrect as 
it uses the same data twice, violating statistical independence, and is often referred to as dou-
ble-dipping [40], it is also an indication of the homogenous nature of the melanoma samples.

Here MLMarker presents orthogonal information. When using the same UMAP of 
protein expression values but using colour to indicate predicted brain similarity with 
MLMarker, this shows a gradient of brain similarity (Fig.  4B). Furthermore, the brain 
prediction state significantly correlates with response state. Indeed, poor responders 
had significantly higher brain similarity scores than good responders (Mann–Whitney U 
test, p = 1.31 × 10–7, Fig. 4C).

This resulted in four subpopulations: poor responders with high brain similarity 
(twenty samples) and with low brain similarity (six samples), and good responders with 
high brain similarity (four samples) and low similarity (six samples). Notably, when sam-
ples were not predicted as brain, their highest-scoring alternative tissues were either 
lung or monocytes.

To determine whether MLMarker’s predictions were influenced by data quality or 
technical artifacts, we analysed (i) total protein intensity across samples, (ii) the inten-
sity of the MLMarker features and (iii) the general feature coverage. Indeed, MLMarker 
relies on a set 5,979 of predefined proteins seen during training, meaning it can  
only process and generate predictions using the proteins in this feature set. Any missing 
proteins are assigned a value of zero, potentially affecting the accuracy and reliability of 
the predictions.

Fig. 4  A UMAP embedding of protein expression values (x- and y-axes) coloured by response status and 
clustering groups. No separation is observed, consistent with minimal differential expression. B UMAP 
embedding coloured by MLMarker-derived brain similarity scores, revealing a clear gradient not captured by 
expression-based clustering. C Brain similarity scores (y-axis) for good (n = 10) and poor (n = 26) responders 
(x-axis). Poor responders show significantly higher brain similarity (Mann–Whitney p = 1.31 × 10⁻⁷)
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Total protein intensity showed a significant correlation with brain cluster assign-
ment, a correlation that remained when only using the MLMarker features (Fig. 5A 
and B, p = 0.012 and p = 0.02 respectively). However, samples predicted as brain and 
not as brain did not have a significantly different distribution in the MLMarker fea-
ture coverage (Fig. 5C, p = 0.737). To further explore if prediction is hence driven by 
that intensity, or by a different population of MLMarker features present, we stud-
ied the intensity distribution between features and non-features. This demonstrated 
that the MLMarker features in brain samples have a higher intensity but impor-
tantly, this proportionally accounts for 56.7% of total intensity, which is the same 
signal proportion as in the samples not predicted as brain (58.3%, Fig. 5D). Moving 
towards a sample-level analyses, a near-perfect correlation between the intensity of 
MLMarker features vs not-MLMarker features can be observed (R = 0.98, Fig.  5E). 
This all comes to the conclusion that the observed intensity variation is a global 
sample-level effect unrelated to MLMarker’s feature space. Together, these results 
demonstrate that MLMarker’s brain predictions are not driven by data quality, quan-
tity, or intensity artifacts.

To further investigate the tumour profiles, we took two distinct approaches. First, 
we utilized the insights from the MLMarker model by SHAP values. A negative 
SHAP value indicates that a protein negatively influences the predicted tissue classi-
fication, while a positive SHAP value suggests a positive impact. It is also important 

Fig. 5  A Total protein intensity (y-axis) compared between samples predicted as brain and not-brain 
(x-axis). Brain-predicted samples show significantly higher total intensity (p = 0.012). B Summed intensity 
of MLMarker feature proteins (y-axis) for brain vs. not-brain samples (x-axis), also significantly higher in 
brain-predicted samples (p = 0.020). C Number of detected MLMarker features (y-axis) across brain vs. 
not-brain samples (x-axis), showing no significant difference (p = 0.737). D Proportion of total sample 
intensity attributable to MLMarker features (y-axis) for brain vs. not-brain samples (x-axis). Both groups show 
similar proportions (56.7% vs. 58.3%, p = 0.26), indicating no enrichment of MLMarker features. E Scatter 
plot of non-MLMarker protein intensity (x axis) versus MLMarker feature intensity (y axis), where each point 
represents one sample colored by predicted tissue. The strong positive correlation between the two intensity 
sets (r = 0.98) indicates that the elevated MLMarker intensity in brain-predicted samples reflects a global 
increase in protein abundance rather than specific enrichment of MLMarker features
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to emphasize that the absence of proteins can be informative in this context, and 
the non-detection of proteins can thus influence the prediction process. Second, we 
applied the tissue classifications generated by MLMarker to define groups for DEA 
with MSqRob2 [39], comparing brain against non-brain samples.

SHAP analysis of MLMarker decision

To understand the model’s decision process, we plotted the SHAP values across the four 
subpopulations (Fig.  6). These values quantify the contribution of each feature to the 
model’s predictions. Notably, brain-predicted samples exhibit significantly higher SHAP 
values (p = 6.73 × 10⁻1⁶), suggesting that several proteins positively influence the model’s 
decision-making. In contrast, non-brain-predicted samples show lower SHAP values, 
indicating that the model relies less on tissue-specific markers for brain classification. 
Instead, classification appears driven by a broader proteomic profile, potentially incor-
porating less tissue-specific features. This reinforces the conclusions from the previous 
analysis, stating that the classification is driven by a diverse population of proteins and 
not by abundances.

To gain a more in-depth understanding of decision-driving proteins in each subpopu-
lation, we selected the top 1% highest-ranking SHAP value proteins per subpopulation 
for an over-representation analysis, revealing a clear tissue-specific signature (Additional 
file  1: Supplementary Fig.  3). Unsurprisingly, brain-predicted samples, regardless of 
response state were enriched for brain-associated processes. In contrast, non-brain pre-
dicted samples showed a sharp decline in brain-related functions among poor respond-
ers and a complete absence in good responders. Instead, good responders exhibit an 
increase in immune-related processes, which are entirely absent in the other groups.

Differential expression analysis with MSqRob

To fully demonstrate MLMarker’s potential as a hypothesis generator, we performed 
two types of DEA. As mentioned earlier, comparison of responders and non-responders, 
identified twenty differentially expressed proteins (DEPs) with an adjusted p-value < 0.01, 
a similar number of DEPs compared to the original results. However, when we 

Fig. 6  A SHAP values (x-axis) across the four subpopulations (y-axis: good-brain, good-not-brain, poor-brain, 
poor-not-brain). Brain-predicted samples show consistently higher SHAP values, indicating stronger positive 
feature contributions to the model’s decision. B Distribution of SHAP values (y-axis) for samples predicted as 
brain vs. not-brain (x-axis). Brain-predicted samples exhibit significantly higher SHAP values (Mann–Whitney 
two-sided p = 6.73 × 10⁻1⁶), demonstrating that MLMarker relies on a broader set of positively contributing 
proteins when assigning brain similarity
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performed the same analysis between brain-predicted and non-brain-predicted sam-
ples, we observed a high increase in DEPs, totalling 255 proteins. Of these, 217 were 
upregulated within brain-predicted samples, and 38 were upregulated within not brain-
predicted samples. These results far exceed the number of DEPs identified in the original 
responder comparison (Fig. 7).

Next, we performed DEA between good and poor responders within the brain-
predicted and non-brain-predicted subpopulations separately. This analysis revealed 
three DEPs in brain-predicted samples, while 19 DEPs were identified in non-brain-
predicted samples (Fig. 7). Taken together, these subgroup-dependent results support 
the use of MLMarker classification as a stratification variable for downstream analy-
ses and hypothesis generation, as it reveals proteomic structures that might not be 
apparent in the initial comparison and can yield candidate proteins for follow-up.

Further analysis of DEPs in brain vs non‑brain

Analysing the 255 DEPs (Table S1), a striking observation is their limited brain specific-
ity. Indeed, over-representation analysis reveals two distinct molecular signatures (Addi-
tional file  1: Supplementary Fig.  4) Proteins overexpressed in brain-predicted samples 
include some that are involved in neuronal processes, yet their functions extend beyond 

Fig. 7  Differential expression analysis volcano plots with log fold change on X-axis, and -log10 adjusted 
p-value following Benjamini–Hochberg correction on Y-axis. Red dots indicate proteins with adjusted 
p-value < 0.01.Top panel: Comparison of brain-predicted vs. non-brain-predicted samples (left) identified 255 
DEPs (adjusted p-value < 0.01), a tenfold increase over the responder vs. non-responder comparison (right).
Bottom panel: Within brain-predicted (left) and non-brain-predicted (right) subpopulations DEA between 
good and poor responders, 3 DEPs were identified in brain-predicted samples, while 19 DEPs were found in 
non-brain-predicted samples
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the brain. Instead, they are associated with metabolism, extracellular space, secretion, 
protein binding, and enzyme activity. Additionally, these proteins are linked to meta-
bolic pathways such as the TCA cycle, and Parkinson’s disease. Notably, the molecular 
functions "cadherin binding" and "heat shock protein binding" emerge as enriched, both 
of which were previously associated with an invasive tumour phenotype [30].

In contrast, the 31 proteins overexpressed in non-brain-predicted samples are pre-
dominantly linked to protein activation cascades, blood coagulation, and extracellular 
processes. From a published list of 76 known protein markers of tumour invasion [41], 
ten were found among the DEPs in brain-predicted samples, while none were present in 
the non-brain predicted DEPs. These ten proteins are primarily involved in metabolism, 
cytoskeleton organization and signalling (Table 1).

Circularity and double‑dipping

Double-dipping mainly occurs when the same dataset is used to define a contrast and 
then used to demonstrate the significance of that contrast. This is not expected within 
the MLMarker approach as MLMarker operates on the level of individual samples and 
produces tissue similarities by comparing to an external reference atlas, rather than 
learning any separation between sample groups. In this way, MLMarker primarily 

Table 1  Differentially expressed proteins that are known markers of tumour invasion according to 
Pouliquen et al. [41]

Identified 
marker

UniProt id Full name Function Tissue specifcity 
(UniProt)

Log2 fold change 
(not brain – brain)

1433E P62258 14–3-3 protein 
epsilon

signaling protein low −1.30

1433Z P63104 14–3-3 protein 
zeta/delta

signaling protein low −1.44

ACLY P53396 ATP-citrate syn-
thase

metabolism, 
cholesterol and 
fatty acid

low −1.07

COF1 P23528 Cofilin-1 actin binding, 
cytoskeletal 
organization, neu-
ral tube

low −1.18

FAS P49327 Fatty acid syn-
thase

synthesis of long-
chain saturated 
fatty acids

adipose tissue, 
breast

−1.53

FSCN1 Q16658 Fascin actin binding, cell 
protrusions

low −1.72

HS90A P07900 Heat shock pro-
tein HSP 90-alpha

chaperone for cell 
cycle control and 
signal transduc-
tion proteins

low −1.23

PHB P35232 Prohibitin chaperone 
for signaling, 
mitochondrion 
and transcription 
factors in the 
nucleus

low −1.25

STMN1 P16949 Stathmin microtubule fila-
ment system

brain, lymphoid 
tissue

−1.22

TPIS P60174 Triosephosphate 
isomerase

metabolism 
glycolysis and 
gluconeogenesis

skeletal muscle −1.36
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functions as an annotation layer and does not include sample variation. However, it 
is worth checking this empirically as both MLMarker and MSqRob are applied to the 
same quantitative protein measurements, and proteins that drive tissue similarity in 
MLMarker could also be among those that show differential regulation between the 
MLMarker defined groups. This coupling would not imply methodological invalid-
ity, but it could bias interpretation if the MLMarker feature space were systemati-
cally enriched for low adjusted p values. We therefore assessed potential circularity by 
comparing p value distributions and differential expression rates inside and outside 
the MLMarker feature set, and by examining whether SHAP based importance aligns 
with statistical evidence beyond what is expected under a simple enrichment effect.

First, we examined the proportion of DEPs in the MLMarker features, followed by a 
correlation analysis between SHAP values from MLMarker predictions and adjusted 
p-values from MSqRob when comparing brain and not-brain predicted samples. 
Comparing the p-value distributions between MLMarker features and not MLMarker 
features revealed a similar pattern (Fig. 8A). This similarity persisted when restrict-
ing to DEPs with log2fold changes greater than |1|. Within the MLMarker features 
the proportion of DEPs (13.6%) closely matches that within not MLMarker features 
(11.9%). A Mann–Whitney U test showed no significant difference in the p-value dis-
tribution for all proteins (p = 0.08) but indicated a slight skew in more differentially 
regulated proteins among MLMarker features when considering log2 fold change >|1| 
(p = 0.04).

Next, we evaluated whether the p-value of MLMarker features correlated with the 
models SHAP values (Fig.  8B). Plotting maximal absolute SHAP values against the 
p-values from MSqRob, we observed no significant correlation: Spearman ρ = 0.004 
(p = 0.938). This indicates that while SHAP-positive proteins may show enriched dif-
ferential signal as a group as seen in the previous analysis, there is no systematic scal-
ing relationship between feature importance and statistical significance. Overall, the 
limited correlation indicates partial overlap between SHAP values and differential 
expression results without evidence of circular analysis.

Fig. 8  A Boxplot showing the distribution of p-values for proteins outside (not within) and inside (within) 
the MLMarker feature space. All proteins, independent of their log2 fold change, are shown in pink, while 
proteins with absolute log2 fold change > 1 are highlighted in blue. Mann–Whitney U tests indicate no 
significant difference between groups for all proteins (p = 0.08), while proteins with absolute fold change > 1 
show a significant difference (p = 0.04). B Scatterplot comparing on the Y-axis the log10-transformed maximal 
absolute SHAP value and on the X-axis the minimal—log-transformed raw p-values. Each point represents 
a protein feature. No significant correlation between SHAP values and adjusted p-values was identified 
(Spearman ρ = 0.004, p = 0.938)
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This aligns with the distinct nature of the measures: SHAP values capture tissue-
specific patterns learned from external data, while differential expression reflects 
cohort-specific statistics. Thus, the results support SHAP-based interpretation as a 
complementary approach rather than one prone to circular reasoning or data leakage.

Reprocessed data from cerebrospinal fluid (PXD008029)
In this study (PXD008029 [42]), an experimental workflow was developed to maximize 
protein identifications from human cerebrospinal fluid (CSF) and human plasma. These 
biofluids underwent depletion of highly abundant proteins and fractionation to enhance 
the detection of lower-abundance proteins, including potential tissue-leakage markers. 
Because MLMarker was trained on healthy, solid tissue proteomes and performs infer-
ence in a fixed feature space, these biofluids represent a stringent test case for missing 
feature handling.

We suspected that this sample type posed a challenge for MLMarker as MLMarker 
was not trained on any biofluids and relies on the previously discussed fixed feature 
space. Indeed, MLMarker can only use the proteins it was trained upon and requires all 
proteins to be associated with a quantitative value. To mitigate skewed predictions in 
sparse datasets, two strategies can be employed. First, the relationship between predic-
tion certainty and protein content can be assessed. The impact of the penalty factor is 
evident when predicting an empty sample: without correction, the model assigns a 19% 
tissue similarity score to bone marrow, which drops to 0.5% upon applying the penalty 
factor (Additional file 1: Supplementary Fig. 5).

When predicting the CSF samples, pituitary gland and brain are the two highest rank-
ing tissues independent of using a penalty factor. However, introducing the penalty factor 
reduces the similarity score of lower ranking tissue classes such as bone marrow, testis, lung 
and monocytes. The plasma predictions demonstrate a similar drop in bone marrow. In 
those samples, adipose tissue is the first ranking tissue followed by monocytes. This can be 
explained by the lack of any blood-related tissue within the MLMarker training data (Fig. 9).

The balance between quantity and prediction confidence is evident in the CSF sam-
ples. A strong correlation exists between the number of identified spectra (1% FDR) and 
the similarity scores of pituitary gland and brain (Pearson correlation of respectively 0.60 
and 0.45). However, even low-protein-content samples can yield high-confidence predic-
tions if they contain highly specific proteins (see Additional file 1: Supplementary Fig. 6). 
For the plasma samples, the correlation is less pronounced for adipose tissue and mono-
cytes (Pearson correlation of respectively 0.23 and 0.44) which can again be explained by 
the complete absence of any blood-related training data in MLMarker.

SHAP analysis of CSF samples within the Streamlit application

MLMarker offers an intuitive and user-friendly interface through a Streamlit application, 
which is available online and requires no installation. This allows researchers without cod-
ing expertise to easily explore the tissue predictions of their samples, making advanced 
proteomic data analysis accessible to a broader user group. What follows is an example of 
how MLMarker’s functionalities can be used to gain deeper insights into the proteins driv-
ing tissue classifications, facilitated by the interactive features of the Streamlit interface.
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The SHAP analysis functionality is visualized through tissue-specific bar plots, 
which highlight both positively and negatively contributing proteins. For example, in 
a CSF sample with high predicted probabilities for both the pituitary gland and brain, 
SHAP values clearly reveal an abundance of proteins reinforcing these tissues, while 
also showing a substantial number of proteins negatively influencing the bone mar-
row prediction (Fig. 10a).

Further enhancing the analysis, MLMarker offers an interactive tissue-specific visuali-
zation, where bar size reflects the magnitude of each protein’s contribution. This feature 
allows users to easily browse and identify potentially interesting proteins, enhancing 
their ability to pinpoint key drivers of tissue classification (Fig. 10b). To explore the rela-
tionship between protein contributions across tissues, we also generated a scatterplot 
of adjusted SHAP values for the same CSF sample with high pituitary gland and brain 
probabilities. This scatterplot reveals how different proteins contribute to each tissue 
prediction (Fig.  10c). (i) those that positively contribute to both tissues, Q1; (ii) those 
that enhance pituitary gland classification while negatively impacting brain prediction, 
Q2; (iii) those that strengthen brain classification while reducing pituitary gland tissue 
similarity score, Q3 and; (iv) those that negatively contribute to both tissues, Q4.

This interactive analysis, seamlessly integrated into the Streamlit application, thus 
offers an accessible, user-friendly way for researchers to explore and evaluate protein 
contributions to tissue classifications, making it easier to identify potential biomarkers.

A closer examination of the top tissue-specific contributors confirms their biologi-
cal relevance. The twenty most influential proteins in the pituitary gland classification 

Fig. 9  Top panels: CSF tissue similarity before (left) and after (right) penalty factor correction. Bottom panels: 
Plasma tissue similarity before (left) and after (right) penalty factor correction
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predominantly belong to secretory and neuronal pathways, aligning with the known 
function of this tissue. Likewise, the key proteins driving brain classification are well-
established brain-associated markers, several of which are already known to be present 
in CSF (Tables 2 and 3).

Reuse of pan‑cancer dataset (MSV000095036)
As MLMarker was trained exclusively on healthy, solid, tissue proteomes, this makes it 
particularly sensitive to proteomic changes introduced by disease states such as cancer. 
To assess the extent of this effect, we applied MLMarker to proteomic data from the 
Tüshaus et al. pan-cancer study [33], which includes 1,220 FFPE tissue samples spanning 
multiple cancer types and several healthy control samples. We used the pre-processed 
MassIVE output files (MSV000095036 [43]) without re-analysing the raw data. The 
dataset covered a diverse range of cancers: colorectal cancer (CRC), diffuse large B-cell 
lymphoma (DLBCL), glioblastoma, HeLa cervical cancer, melanoma, pancreatic ductal 
adenocarcinoma (PDAC), and oral squamous cell carcinoma (OSCC).

The absence of cancer-specific proteomes, cell lines and certain tissues (e.g. skin, pan-
creas) within MLMarker training data, meant we had to map each cancer type to its 
closest corresponding healthy tissue and applied a penalty factor of 1. The HeLa cervical 
cancer cell line was excluded from absolute tissue mapping, as it no longer reflects native 
tissue but was considered later in comparative analyses.

To evaluate the advantage of the machine learning component of MLMarker 
to baseline atlas comparisons, we compared it to three reference atlases: (i) the 
MLMarker Training Atlas (the median tissue expression profiles used during model 
training), (ii) the Human Protein Atlas (HPA) antibody staining atlas, and (iii) Pro-
teomicsDB (PDB) mass spectrometric atlas. For each atlas, we implemented two 
classification strategies: Spearman correlation and k-nearest neighbors (KNN) clas-
sification. We evaluated classification under two mapping schemes: (i) strict mapping, 

Fig. 10  Data from CSF dataset (PXD0080209) (A) Sample level grouped bar plot showing positive (green) 
and negative (red) SHAP contributions per tissue. B Tissue level bar plot showing positive and negative SHAP 
contributions for pituitary gland (left) and brain (right). C Scatterplot of SHAP protein values within brain 
(x-axis) and pituitary gland (y-axis) showing the interplay of proteins across tissues with quartiles indicated
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Table 2  Top 20 proteins positively contributing to pituitary gland tissue prediction, ranked by 
SHAP value. Gene names, protein names, and tissue specificity annotations were retrieved from 
UniProt based on the corresponding UniProt identifiers with nan indicating not annotated natively 
in UniProt. RNA expression levels and tissue-specific expression clusters were obtained from the 
Human Protein Atlas (HPA). RNA levels are indicated by normalized transcript per million (nTPM) 
allowing comparison across all HPA samples. Clusters are assigned based on gene to gene distance 
and shared nearest neighbor clustering to find clusters of genes with similar expression profiles 
within the graph. Clusters are then manually annotated using overrepresentation analysis including 
Gene Ontology, KEGG, Reactome, PanglaoDB, TRRUST and HPA classifications

Pituitary 
gland

UniProt ID SHAP 
value

protein_names tissue_
specificity

RNA tissue 
specific nTPM

Tissue 
expression 
cluster

1 P05060 0.03916 Secretogranin-1 CSF and urine adrenal gland: 
3361.4;brain: 
677.1;pituitary 
gland: 1387.3

Cluster 49: Pitui-
tary gland—Hor-
mone signaling

2 Q9UHG2 0.0339 ProSAAS Brain and pan-
creas

brain: 776.1;pitu-
itary gland: 
1211.0

Cluster 33: 
Brain—Neuronal 
signaling

3 P13521 0.01732 Secretogranin-2 CSF and urine adrenal gland: 
349.2;brain: 
368.9;pituitary 
gland: 261.8

Cluster 33: 
Brain—Neuronal 
signaling

4 O15240 0.01612 Neurosecretory 
protein VGF 
[Cleaved into: 
Neuroendocrine 
regulatory pep-
tide-1

Central and 
peripheral nerv-
ous systems

brain: 75.2;pitui-
tary gland: 51.7

Cluster 33: 
Brain—Neuronal 
signaling

5 Q8WXD2 0.00993 Secretogranin-3 Detected in 
urine. Expressed 
in brain, heart, 
kidney, liver and 
skeletal muscle.

brain: 161.3;pitu-
itary gland: 
38.3;retina: 55.0

Cluster 17: Neu-
ronal—Synaptic 
function

6 P01034 0.00361 Cystatin-C Parotid gland 
and saliva

brain: 
4419.8;choroid 
plexus: 4010.9

Cluster 60: 
Choroid plexus—
Transmembrane 
transport

7 P68871 0.00306 Hemoglobin 
subunit beta

Red blood cells bone marrow: 
131,241.6

Cluster 77: Bone 
marrow—Cell 
proliferation

8 Q06520 0.00302 Sulfotransferase 
2A1

Liver and adre-
nal gland

liver: 1043.0 Cluster 83: 
Liver—Metabo-
lism

9 P10645 0.0016 Chromogranin-A CSF, urine and 
brain

parathyroid 
gland: 6356.0

Cluster 24: 
Parathyroid 
gland—Vesicular 
transport

10 P02452 0.0016 Collagen alpha-
1(I) chain

Bones cervix: 
1284.0;gall-
bladder: 
1170.7;ovary: 
1172.9

Cluster 62: Con-
nective tissue—
ECM organization

11 P16519 0.00147 Neuroendocrine 
convertase 2

nan adrenal gland: 
27.6;retina: 
34.7;thyroid 
gland: 55.2

Cluster 17: Neu-
ronal—Synaptic 
function

12 P04114 0.00147 Apolipoprotein 
B-100

nan intestine: 
296.0;liver: 
1155.6

Cluster 83: 
Liver—Metabo-
lism
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requiring exact one-to-one correspondence between cancer tissue of origin and pre-
dicted tissue; and (ii) extended mapping, allowing biologically related tissues to be 
considered correct predictions. Extended mappings were defined based on anatomi-
cal and functional relationships (e.g., colorectal cancer mapped to colon, small intes-
tine, rectum, duodenum, or appendix; glioblastoma mapped to brain and pituitary 
gland; OSCC mapped to parotid gland and tonsil).

The classification accuracy of the highest predicted tissue (top-1 accuracy) (Fig. 11) 
showed the optimal performance of MLMarker with 72.9% for extended mapping and 
50.7% for strict mapping. The next-best performance, 42.9%, was observed for HPA 
using spearman correlation and extended mapping. The comparatively low accuracy 
of the MLMarker training further reinforces that the random forest algorithm, rather 
than the underlying training data alone, drive the improved classification.

Cohort level analyses show a strong deviation in classification performance. 
MLMarker maintained consistently high performance across most cancer types 
including DLBCL, glioma and OSCC but CRC emerged as a remarkably challenging 
cohort for most methods. Healthy cohorts (LN and OE) displayed a different pattern. 
Both showed strong MLMarker performance under extended mapping but substan-
tially lower accuracy under strict mapping. This large gain indicates that these tissues 

Table 2  (continued)

Pituitary 
gland

UniProt ID SHAP 
value

protein_names tissue_
specificity

RNA tissue 
specific nTPM

Tissue 
expression 
cluster

13 P07101 0.00145 Tyrosine 
3-monooxyge-
nase

Brain and adre-
nal gland

adrenal gland: 
190.6;brain: 
130.3

Cluster 49: Pitui-
tary gland—Hor-
mone signaling

14 P05108 0.00143 Cholesterol 
side-chain cleav-
age enzyme, 
mitochondrial

nan adrenal gland: 
978.1

Cluster 26: Adre-
nal gland—Ster-
oid metabolism

15 P01019 0.00137 Angiotensinogen Liver and 
plasma

liver: 1563.6 Cluster 83: 
Liver—Metabo-
lism

16 P35900 0.00121 Keratin, type I 
cytoskeletal 20

Intestinal epi-
thelium

intestine: 629.1 Cluster 45: Intes-
tine—Digestion

17 P25815 0.00117 Protein S100-P Detected in all 
of the tissues 
except brain, 
testis and small 
intestine

bone marrow: 
1393.2;stomach 
1: 1692.9;urinary 
bladder: 1708.0

Cluster 77: Bone 
marrow—Cell 
proliferation

18 P06702 0.00117 Protein S100-A9 myeloid cells bone marrow: 
31,844.0;esoph-
agus: 
29,726.6;vagina: 
13,605.6

Cluster 77: Bone 
marrow—Cell 
proliferation

19 Q9ULL0 0.00113 Acrosomal pro-
tein KIAA1210

nan epididymis: 
40.8;seminal 
vesicle: 20.3;tes-
tis: 31.8

Cluster 63: Tes-
tis—Spermatid 
development

20 O75891 0.00111 Cytosolic 10-for-
myltetrahydro-
folate dehydro-
genase

Highly 
expressed in 
liver, pancreas 
and kidney.

liver: 358.6 Cluster 69: 
Liver—Oxidore-
ductase activity
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share proteomic features with related anatomical sites, making extended mapping bio-
logically appropriate. The same trend can be observed within the MLMarker Training 
Atlas pointing towards this being a training data limitation with limited tissue repre-
sentation. These findings highlight the importance of expanding the training atlas to 
include underrepresented healthy tissues to further improve model generalizability.

The effect of varying the number of top predictions (k) also differed markedly between 
methods. Increasing k from 1 to 3 or 5 improved accuracy for all approaches, but the 
magnitude of improvement was substantially larger for atlas-based methods than for 
MLMarker (Fig.  11). This pattern suggests that MLMarker’s top-ranked prediction 
is already highly informative and that the model captures finer-grained tissue-specific 
structure in the proteomic data. In contrast, atlas-based methods appear to rely more 
heavily on broader similarity patterns, benefiting disproportionately from the inclusion 
of additional candidate tissues. The relatively modest gains for MLMarker when expand-
ing to top-5 predictions therefore reflect a higher degree of granularity and confidence 
in its primary classification.

To further validate these findings, we compared MLMarker’s predictions against two 
synthetic control samples: (i) a random sample, generated to mimic the original data dis-
tribution; and (ii) a zero-value sample to test the penalty factor performance. Both sam-
ples clustered distinctly from biological samples, reinforcing the biological relevance of 
MLMarker’s predictions and the efficiency of the penalty factor (Additional file 1: Sup-
plementary Fig. 7).

UMAP clustering of the original protein-level expression data revealed clear cancer-
type-specific clusters, with some notable exceptions (Fig.  12). Indeed, 30 melanoma 

Fig. 11  A Top-1 accuracy (%) for strict (1-to-1) and extended (1-to-many) tissue mappings (y-axis) across 
classification methods (x-axis). MLMarker achieves the highest accuracy under both schemes, outperforming 
atlas-based Spearman and KNN approaches. B Cohort-level accuracy heatmap showing classification 
performance (color scale, % accuracy) across cancer and healthy tissue cohorts (y-axis) for each method 
(x-axis). MLMarker maintains strong performance across most cohorts, with CRC emerging as the most 
challenging. C Top-k accuracy (%) (y-axis) across k = 1–5 (x-axis) for each cohort, comparing MLMarker to 
atlas-based methods. MLMarker shows modest gains with increasing k, whereas atlas-based methods benefit 
substantially more, indicating that MLMarker’s top prediction is already highly informative
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samples are metastases from neuronal origin and clustered within the glioblastoma 
group, reflecting shared protein expression patterns. When restricting the UMAP to 
only use the MLMarker features, CRC and PDAC became more distinct, but melanoma 
samples remained interspersed within the glioblastoma cluster. At the prediction level, 
clustering became less clearly defined, with increased overlap between cancer types, 
mirroring the original study’s top 10 protein UMAP clustering. A striking exception was 
the HeLa cells dataset, which formed a dense, isolated cluster, indicating a highly distinct 
proteomic profile, overwhelmingly predicted as B-cells. HeLa cells, originating from cer-
vical cancer tissue, are expected to be highly similar to other tissues in the MLMarker 
training data, such as endometrium, ovary, oviduct, and placenta, more than B-cells.

To explore this B-cell prediction, we first investigated the impact of missingness on the 
B-cell prediction by comparing the distribution of added protein features in HeLa sam-
ples with that of the entire dataset (Fig. 13a). This comparison revealed a skew towards 
higher missingness, though HeLa samples were not an outlier. Notably, B-cell similarity 
did not correlate directly with the number of added features (Fig. 13b). We then exam-
ined whether the proteins contributing most to the B-cell similarity score were present 
or absent, given that missing features can also carry information. By separating proteins 
into present and absent groups and evaluating the direction of their SHAP values, we 
observed a similar distribution between both sets (Fig. 13c). This indicates that the B-cell 
prediction is not solely driven by absent features. Instead, it suggests that the studied 
HeLa cell line possessed a proteomic profile more similar to B-cells than to other solid 
tissues in the reference set, possibly a result of immortalisation and extensive culturing.

Glioblastoma and melanoma showed no distinct separate clustering. This is notable 
as MLMarker was never trained on skin; hence melanoma samples cannot be predicted 

Fig. 12  UMAP protein expression of the entire dataset (left panel), protein expression of MLMarker features 
(middle panel) and tissue similarity values (right panel)

Fig. 13  Analysis of B-cell similarity predictions in HeLa samples. A Histogram showing the number of protein 
features added to complete the MLMarker feature space in HeLa samples compared to the full dataset. HeLa 
samples show a skew toward higher missingness but are not outliers. B Scatterplot of B-cell similarity scores 
versus the number of added protein features in HeLa samples, showing no direct correlation. C Distribution 
of SHAP value directions (positive or negative) for the top B-cell-contributing proteins, separated by presence 
or absence in the HeLa samples, indicating both present and absent features contribute similarly
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correctly. However, MLMarker did have plentiful training data for brain tissue with 
some melanoma samples achieving very high brain similarity.

Discussion
We here introduced MLMarker, a data-driven tissue prediction tool that leverages 
machine learning techniques to identify tissue-specific proteomic signatures, provid-
ing a new dimension to the analysis of complex biological data. In essence, MLMarker 
compares the presented proteome profile to a broad array of publicly available healthy 
tissue proteomes it was trained upon, providing a boosted DEA. In-depth analysis of 
the contributing proteins through SHAP analysis clarifies the model’s prediction process 
through Explainable AI and presents a tool for hypothesis generation. While originally 
designed to predict the tissue of samples, MLMarker’s ability to uncover underlying pro-
teomic patterns offers a unique approach to generate hypotheses, making it a valuable 
tool not just for classification, but also for furthering biological understanding in various 
research contexts.

A prime example of MLMarker’s capability is illustrated in the study of cerebral 
melanoma metastases. The original study stratified tumours based on their response 
to treatment, but MLMarker presents a proteomic-based classification system, group-
ing samples based on their similarity to brain tissue. This shift in perspective leads to 
the hypothesis that certain melanoma tumours, especially those with poor treatment 
responses, might acquire proteomic characteristics that mimic brain tissue, facilitating 
their survival and adaptation in the brain’s microenvironment. This novel hypothesis 
was not captured with the original analyses and underscores how MLMarker can reveal 
new proteomic phenotypes. Following up this observation with differential expression 
analysis between the clear brain predicted and non-brain predicted sample led to a ten-
fold increase in the number of differentially expressed proteins and therefore possibly 
biologically interesting targets.

By identifying brain-predicted samples, MLMarker revealed that these samples, 
regardless of their treatment response, retained a distinct set of brain-associated pro-
teins. This opens up exploratory avenues for the study of these tumours adopting brain-
like features through proteomic mimicry, enhancing their capacity to adapt to and 
survive within the brain environment. In contrast, non-brain-predicted tumours, par-
ticularly those with good responses to treatment, were enriched for immune-related 
pathways, reinforcing the idea that immune activation rather than a specific proteotype 
may be a key factor in successful treatment responses. These findings provide compel-
ling evidence that tumours exhibiting proteomic similarities to brain tissue might pos-
sess an invasive phenotype, enabling them to infiltrate the brain and evade immune 
surveillance. This hypothesis is further supported by the detection of ten known inva-
sion markers found exclusively in brain-predicted samples and absent in non-brain-pre-
dicted tumours. This distinction emphasizes the connection between proteomic profiles 
and the invasive potential of tumours.

In addition to its role in identifying proteomic features associated with tumour inva-
siveness, MLMarker reinforces the concept that cancer proteomes strongly diverge 
from their healthy counterpart [27, 29] and some deviate more than others. An unex-
pected finding in the pan-cancer study was the clustering of melanoma samples with 
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glioblastoma, indicating that certain melanoma cases displayed proteomic patterns simi-
lar to those of glioblastoma. Although some of these were known neuronal metastases, 
this was not the case for each melanoma and requires further investigation into the spe-
cific proteins responsible for this observation. The pan-cancer analysis also highlighted 
that healthy lymph node (LN) and olfactory epithelium (OE) samples benefited strongly 
from extended tissue mappings. These tissues are underrepresented in the MLMarker 
training atlas, and their improved performance under extended mapping suggests that 
expanding the training dataset with additional healthy LN and OE proteomes would fur-
ther enhance model accuracy.

One of the most valuable features of MLMarker is its ability to handle sparse or noisy 
data, an issue that often arises in proteomics studies. By incorporating a penalty factor 
and adjusting tissue mappings, MLMarker was able to improve classification accuracy 
and sensitivity, even when faced with missing or incomplete protein data. This capabil-
ity is particularly relevant for clinical applications, where liquid biopsies and other bio-
fluid samples are increasingly being used for cancer detection and monitoring. These 
samples, by nature, contain a higher degree of missing data compared to traditional tis-
sue biopsies, making MLMarker’s robustness in handling incomplete data a significant 
advantage. In fact, MLMarker was able to identify the tissue of origin for tissue-leakage 
proteins (TLPs) in biofluids, offering a new approach for detecting and monitoring can-
cer through biofluid analysis. Interestingly, MLMarker also detects a notable presence 
of liver-associated proteins, a phenomenon previously observed in both brain tissue and 
CSF [44]. However, rather than misclassifying these samples, MLMarker correctly rec-
ognizes that the co-occurrence of brain proteins with these liver proteins still indicates a 
neuronal origin rather than hepatic contamination. This further underscores MLMark-
er’s ability to handle complex tissue compositions and its adaptability to sample types 
beyond those in its training data, provided that appropriate adjustments, such as penalty 
factors, are applied.

The results also clearly demonstrate when the penalty factor should be enabled. Sparse 
samples (biofluids, organoids, low-input samples such as single cells) and samples devi-
ating from the training data (cancers) consistently benefit from the usage of the penalty 
factor providing stable rankings and preventing spurious tissue assignments. In contrast, 
dense tissues with high proteome coverage show only marginal gains and may experi-
ence mild overcorrection at low dropout levels. Therefore, we recommend enabling the 
penalty factor by default for low-coverage or heterogeneous samples, while applying it 
more cautiously for dense, high-quality tissue proteomes.

Furthermore, we do not recommend using imputation for MLMarker input datasets. 
Imputation methods attempt to infer missing protein abundances from observed pat-
terns, yet MLMarker relies on the observed presence or absence of proteins to compare 
to its healthy reference atlas. Consequently, imputation risks fabricating biologically 
unsupported evidence. The penalty factor provides a principled alternative because it 
does not invent abundance values but instead moderates how much missing features can 
influence the tissue ranking and its SHAP-based explanation, thereby preserving inter-
pretability while acknowledging uncertainty.

A remarkable observation during the analyses was the separate clustering of HeLa 
cells from both healthy and cancerous tissues, reflecting a distinct proteomic signature. 
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Despite their cervical origin, these samples were not predicted as any possibly related 
tissues. Instead, they were consistently predicted as B-cells, raising the question of 
whether the HeLa proteome has diverged too far from its original tissue context, result-
ing in assignment to the nearest isolated cell class. This opens future opportunities to 
study cell line proteome profiles from a tissue point of view.

By leveraging a fine-grained Random Forest model, MLMarker does not force overly 
confident classifications but instead allows for some degree of ambiguity in its predic-
tions. More broadly, MLMarker’s performance relative to atlas-based Spearman and 
kNN baselines highlights what is gained by using a machine-learning model. The Ran-
dom Forest captures non-linear interactions between proteins that are invisible to corre-
lation-based or centroid-based methods. As a result, the expected tissue may not always 
rank as the top prediction, reflecting the inherent complexity and overlap in proteomic 
profiles across tissues. Rather than being a limitation, this characteristic provides a bio-
logically meaningful perspective, where examining the top n predicted tissues can reveal 
underlying relationships between sample proteomes and multiple tissue types, offering 
deeper insights into tissue similarity and potential cross-tissue influences.

Looking to the future, through expanding the training data with more healthy tissues 
as well as biofluids, we aim to increase the models’ applicability. Currently available as a 
Python package and a Streamlit app, MLMarker is designed to bridge the gap between 
wet-lab and dry-lab scientists. This makes it a versatile tool that can be used by a wide 
range of researchers, from experimental biologists to computational scientists, fostering 
collaboration across disciplines. However, as with any tool, users must be aware of its 
limitations. To aid with this, comprehensive documentation has been provided, which 
offers further context and guidance on using the tool effectively.

In the realm of clinical research, MLMarker holds significant promise for identifying 
tissue origins of metastases. The tool’s capacity to classify tissues based on their pro-
teomic profiles rather than conventional treatment-response criteria opens up new 
avenues for understanding metastatic behaviour. Additionally, MLMarker could play a 
pivotal role in overcoming challenges in single-cell proteomics, where hypothesis gen-
eration is often limited. By replacing traditional clustering-based differential expression 
analysis (DEA) with MLMarker’s orthogonal classification method, the tool could avoid 
the circularity issue known as double dipping, in which the same clusters are used for 
both generating hypotheses and performing subsequent analyses. This could streamline 
the workflow and lead to more accurate, unbiased results in proteomics studies.

Ongoing improvements to MLMarker aim to address challenges related to missing 
values and further expand the dataset used in its training. However, integrating more 
public data remains challenging due to the continuing lack of comprehensive metadata 
in publicly available proteomics datasets. The importance of metadata cannot be over-
stated, as it is essential for ensuring reproducibility and enabling the reuse of datasets 
across research projects. The development of metadata standards, such as the SDRF-
Proteomics metadata standard and tools like lesSDRF [45] are critical steps forward in 
addressing this issue. Widespread adoption of these standards will not only improve data 
quality and accessibility but also accelerate the development of data-driven methods like 
MLMarker.
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In conclusion, MLMarker represents a significant innovation in the field of proteom-
ics, providing a data-driven tool for hypothesis generation and improving the interpre-
tation of complex proteomic data. Its abilities to handle missing data, to classify tissues 
based on proteomic profiles, and to generate new biological insights make it a versatile 
and indispensable tool in both basic research and clinical applications. As MLMarker 
continues to evolve, it will undoubtedly contribute to a deeper understanding of can-
cer biology and other complex diseases, paving the way for more precise and personal-
ized therapeutic strategies. The continued development and adoption of standards for 
proteomics data will further enhance the tool’s impact, ensuring that it remains a key 
resource for researchers seeking to unlock the full potential of proteomics in biomedical 
science.

Conclusion
MLMarker moves beyond conventional classification and differential analysis by intro-
ducing a continuous, probabilistic framework for assessing tissue similarity in proteom-
ics data. Instead of relying on predefined groups, the tool compares each sample against 
a reference atlas of healthy tissue proteomes, producing interpretable similarity scores 
that reflect underlying biology. The model operates within a fixed protein feature space 
and was trained on normalized expression data from 34 healthy tissues. A penalty fac-
tor corrects for the impact of missing proteins, making MLMarker robust to sparsity and 
suitable for complex samples such as biofluids or tumour tissues with partial proteome 
coverage. SHAP values provide a transparent link between input features and predicted 
tissue similarities, enabling the identification of proteins that drive classification.

MLMarker was particularly effective in creating new biological hypotheses. In cerebral 
melanoma metastases, MLMarker identified a subset of tumours with high similarity to 
brain tissue, pointing to proteomic adaptation to the brain microenvironment, an insight 
not captured by conventional analysis. The application on biofluid and cancer data, very 
distinct from the original healthy tissue training data demonstrated the model’s robust-
ness and innovation. Importantly, MLMarker outperformed atlas-based Spearman and 
kNN baselines, reflecting its ability to capture non-linear structure and subtle tissue 
relationships that median tissue profiles cannot represent.

As proteomics expands toward lower-input samples and broader clinical use, 
MLMarker provides an interpretable, data-resilient tool for tissue inference and hypoth-
esis generation across diverse experimental contexts.

Materials and methods
Public datasets used for MLMarker application

Cerebral melanoma metastases proteomics (PXD007592)

The dataset PXD007592 from Zila et al., initially generated to investigate proteomic dif-
ferences between good and poor responders to MAP kinase inhibitors (MAPKi) in cer-
ebral melanoma metastases, was used in this study. Raw mass spectrometry data files 
were downloaded from the PRIDE repository and reprocessed using an updated compu-
tational workflow (outlined below in the Reprocessing Pipeline section). Sample meta-
data, including the treatment response classification (good vs. poor responders), was 
inferred directly from the file names provided in the original dataset.
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Liver dataset (PXD009021)

The dataset PXD009021 from Davis et  al. was a human liver tissue harvested from 
donors to establish an in-house used reference sample. Raw mass spectrometry data files 
were downloaded from the PRIDE repository and reprocessed using an updated compu-
tational workflow (outlined below in the Reprocessing Pipeline section).

Cerebrospinal Fluid (CSF) proteome dataset (PXD008029)

To assess the applicability of MLMarker to biofluid proteomics, cerebrospinal fluid 
(CSF) samples from the Yamana dataset PXD008029 were selected for analysis. Sample 
metadata was extracted from the file names provided in the original dataset.

Pan‑Cancer Formalin‑Fixed Paraffin‑Embedded (FFPE) proteomics dataset (MSV000095036)

The dataset from Tüshaus et al. consists of proteomic profiles for 1,220 FFPE tumor 
samples from multiple cancer types. Unlike the other datasets, raw data were not repro-
cessed for this study. Instead, processed output files from the original study, which are 
publicly available on MassIVE, were used directly for MLMarker analysis. Sample meta-
data, including cancer type and tumor classification, was retrieved from the mapping file 
provided by the original study authors in the MassIVE files.

Reprocessing pipeline

For datasets requiring reprocessing, specifically PXD007592 (melanoma) and 
PXD008029 (CSF), a standardized computational workflow was applied to ensure con-
sistency across datasets.

Protein identification

Ionbot [37] (v0.11.0) was employed for open modification searches. The Uniprot human 
reference proteome (reviewed) was used for sequence matching. Carbamidomethylation 
of cysteine (C + 57.021464 Da) was set as a fixed modification, while methionine oxida-
tion (M + 15.994915 Da) was set as a variable modification. The precursor mass toler-
ance was ± 10 ppm, and the fragment mass tolerance was ± 20 ppm. Peptide-spectrum 
match (PSM) false discovery rate (FDR) was controlled to be < 1%.

Protein quantification

FlashLFQ [38, 46] (v1.0.3) was used for label-free quantification. The "match-between-
runs" option was disabled to ensure independent quantification per sample.

Differential expression analysis

MSqRob2 [39, 47] (v1.4.0) was used for robust statistical analysis of differential expres-
sion. Peptide intensities were log2-transformed, median-centered for normalization, and 
aggregated to protein-level using robust summarization. Proteins detected in fewer than 
four samples were excluded. Statistical significance was determined using linear mixed 
models with Benjamini–Hochberg correction (α = 0.01). Pairwise contrasts were tested 
for: (i) good vs. poor responders, (ii) brain-predicted vs. non-brain-predicted samples, 
and (iii) hierarchical clustering-derived groups.
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The MLMarker package

MLMarker is implemented as a modular Python package that bundles a pretrained 
Random Forest classifier [26] together with its expected feature list and a dedicated 
explainability component. An MLMarker class couples model loading, input validation, 
Normalizatoin, prediction, and post hoc interpretation.

Input format and feature validation

Samples are provided as a dataframe in which columns correspond to protein identifiers 
and rows to samples. Prior to inference, MLMarker applies deterministic feature valida-
tion to ensure compatibility with the fixed feature space.

This procedure retains only proteins present in the model specification, resolves dupli-
cated columns, appends missing model features as zero abundance columns, enforces 
the exact model feature order, and returns a validated fixed length feature matrix.

Normalization

After validation, MLMarker applies per sample min max normalization. Each sample 
vector is rescaled using its within sample minimum and maximum, which reduces sen-
sitivity to study specific abundance scales and emphasises relative abundance patterns 
within each sample. The resulting normalised matrix is used for all downstream predic-
tion and interpretation.

Prediction and SHAP based score reconstruction

MLMarker produces a ranked list of tissues by applying the random forest model to 
the normalised feature matrix. For interpretability, SHAP values are computed using 
shap.TreeExplainer to obtain class specific feature attributions. For each predicted tis-
sue class, MLMarker reconstructs the tissue score as the class specific expected value 
returned by the explainer plus the sum of per protein SHAP contributions, and tissues 
are ranked by these reconstructed scores. Predictions are returned as the top k tissues, 
enabling evaluation under both strict rank one criteria and more permissive rank based 
criteria when tissue mapping granularity differs across annotation schemes.

Penalty factor for missing feature effects

Because MLMarker operates in a fixed feature space, proteins not detected in a query 
sample are encoded as zero abundance. To limit the impact of ambiguous zeros on 
the SHAP decomposition and the resulting tissue ranking, MLMarker implements an 
optional penalty factor � that adjusts SHAP values for absent proteins. Absent pro-
teins are defined as validated features with zero abundance in the query sample. Dur-
ing initialisation, MLMarker computes a zero input SHAP reference by evaluating the 
explainer on a feature vector in which all proteins are set to zero. During inference, if � 
is greater than zero, MLMarker identifies absent proteins that nevertheless contribute 
non zero SHAP mass across the selected tissues and subtracts � times their correspond-
ing zero input SHAP reference contribution. SHAP values for present proteins and 
for absent proteins with zero SHAP contribution remain unchanged, and the adjusted 
SHAP table is returned in the original feature order.
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Annotation utilities and visualisation

MLMarker provides optional utilities to map high contribution proteins to exter-
nal knowledge sources and to summarise results visually. Protein annotations can be 
retrieved from UniProt, tissue expression summaries can be queried from the Human 
Protein Atlas, and functional enrichment can be performed with g:Profiler on protein 
sets derived from SHAP contributions. Visual outputs include tissue score summaries 
and per tissue contribution views. When spectral counts are used as input, MLMarker 
provides a Normalized Spectral Abundance Factor utility that normalises counts by pro-
tein length prior to prediction.

Penalty factor evaluation by simulated protein missingness
Simulations were performed on two public datasets representing contrasting proteome 
depths namely PXD009021 (liver tissue) and PXD008029 (cerebrospinal fluid). For each 
dataset, the target tissue label used for evaluation was liver (PXD009021) and pituitary gland 
(PXD008029). Raw data were reprocessed using ionbot for peptide identification and Flash-
LFQ for protein quantification. Protein abundances were expressed as Normalized Spectral 
Abundance Factor (NSAF) values when required for abundance dependent missingness.

Missingness mechanisms

Protein dropout was simulated using three mechanisms that reflect common regimes in 
proteomics.

1.	 Missing completely at random MCAR​
	 Proteins were removed uniformly at random from the detected set, independent of 

abundance.
2.	 Missing not at random MNAR
	 Proteins were removed with higher probability at lower abundance to emulate detection 

limit effects. Removal weights were derived from normalised NSAF values, using a severity 
parameter κ = 2 , and proteins were sampled for removal in proportion to these weights.

3.	 Targeted missingness
To emulate preferential loss of diagnostic proteins, a tissue informative marker set 
was defined as the top 50 proteins ranked by absolute SHAP importance for the tar-
get tissue. Marker proteins were assigned a fivefold higher removal weight than non 
markers, and proteins were sampled for removal in proportion to these weights.

Dropout grid and replication

Dropout was simulated at nine levels, 0 to 80 percent in 10 percent increments. For each level, 
the number of removed proteins was set by multiplying the dropout fraction by the number 
of proteins detected in the original sample and taking the integer floor. Each condition was 
repeated 10 times using distinct random seeds. Across datasets, missingness mechanisms, 
dropout levels, penalty strategies, and replicates, this yielded 3,240 simulation runs.
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Penalty strategies

We evaluated fixed and adaptive penalty strategies.

1.	 Fixed penalties: A constant � was applied to all samples, using � = 0(no penalty), 
� = 0.5(conservative), � = 1(full), and � = 2(aggressive).

2.	 Adaptive penalties: Adaptive strategies set � as a function of sample feature cover-
age, defined as the fraction of model features that are non zero in the validated sam-
ple. Two adaptive functions were used, namely a piecewise linear interpolation and a 
logistic interpolation, both increasing � as coverage decreased. Reference coverages 
were set to 0.42 and 0.08, reflecting high and low coverage regimes observed in the 
training data, and the maximum penalty was set to �max = 2.

Evaluation metrics

For each simulated sample, MLMarker produced a ranked list of tissue scores. Performance 
was quantified using top 1 accuracy, defined as the fraction of runs in which the target tis-
sue ranked first. Rank stability was assessed by binning target ranks into four categories, 
rank 1, rank 2, rank 3, and rank 4 or worse. Overcorrection was assessed by comparing 
accuracy under a penalty strategy to the no penalty baseline and defining an overcorrection 
event as an accuracy decrease greater than 0.01.

Baseline atlas comparisons and alternative classifiers
Reference atlases

We compared MLMarker to correlation based and distance based classification using 
three reference atlases. The HPA data were downloaded from https://​www.​prote​inatl​as.​
org/​about/​downl​oad (number 27, version 21.0) and included the protein expression values 
(normal_tissue.tsv) which contains ordinal expression values based on immunohistochem-
istry observations of tissue microarrays with antibodies. ProteomicsDB data (version 4.0) 
contained the normalized MS1–iBAQ intensities. Human Protein Atlas expression summa-
ries were aggregated into a protein by tissue matrix by UniProt accession and tissue. Pro-
teomicsDB tissue profiles were extracted as normalised intensities after excluding cancer 
and biofluid entries. The MLMarker training atlas was summarised by computing mean 
protein profiles per tissue across the training samples.

Alternative classification methods

Spearman correlation classification assigned each sample to the tissue with the highest 
Spearman rank correlation between the sample profile and the reference tissue profile, 
using only proteins present in both and requiring at least 10 shared proteins. K nearest 
neighbours classification used correlation distance to identify the nearest training sam-
ples for the MLMarker training atlas, and treated tissue level profiles as pseudo samples for 
Human Protein Atlas and ProteomicsDB.

https://www.proteinatlas.org/about/download
https://www.proteinatlas.org/about/download
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Accuracy metrics

Classification accuracy was evaluated using Top-k accuracy, measuring whether the 
true tissue of origin appeared among the top k predictions (k = 1, 2, 3, 4, 5). Accuracy 
was reported for both strict and extended tissue mappings.

Interpretation analyses

Uniform Manifold Approximation and Projection (UMAP) was applied to visualize 
the data using the umap package v0.1.1.

SHAP (SHapley Additive exPlanations) values were calculated using the shap pack-
age (v0.46.0) to interpret the contributions of individual proteins to tissue classifica-
tion predictions. Positive SHAP values were associated with proteins that increased 
the likelihood of a given tissue classification, while negative SHAP values indicated 
proteins that decreased the likelihood of the classification.

Over-representation analysis was performed using the GProfiler tool (v1.0.0) to 
identify enriched biological processes, molecular functions, and cellular components. 
KEGG and Reactome pathways, as well as tissue-specific expression data from the 
Human Protein Atlas, were also incorporated into the analysis. Proteins ranked by 
SHAP feature importance were used as input for this analysis. Benjamini–Hochberg 
correction was used to obtain the adjusted p-value.

Correlation analysis between adjusted SHAP values and adjusted p-values was per-
formed using Pearson correlation coefficient.
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