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Figure 4. Results of cell type deconvolution analysis. A. Cell type deconvolution of patient 1345 

transcriptomic data along our MASLD trajectory B. Prediction of cell types with which the 1346 

deregulated processes are associated after excluding gene sets of these processes that could 1347 

have been identified as differentiated by the mere change in abundance of cell types. 1348 

Figure 5. Biomarker selection and performance on the external liver transcriptomics and 1349 

plasma proteomics datasets. A. Selection of candidate biomarkers. A 57-gene set was defined 1350 

by intersecting the global MASLD network with plasma–liver correlated genes69, followed by 1351 

random forest classification of fibrosis stage (F0–2 vs F3–4). Feature importance and the elbow 1352 

method identified a reduced 15-gene subset. Β. Performance of the 57- and 15-gene classifiers 1353 

compared with non-invasive clinical scores in the Fujiwara cohort. C-D. Benchmarking of the 1354 

same models against FIB-4 in the EPoS cohort, with C showing the ROC curve for our model 1355 

compared to the FIB-4 score, and D showing the performance using additional metrics. E. ROC 1356 

curve for fibrosis classification of patients using external plasma proteomics data. F. Random 1357 

forest regression predicting patient positions along the MASLD trajectory in the Gubra cohort; 1358 

predicted positions (57 genes) versus transcriptome-derived positions are shown (R², Pearson 1359 

correlation). G-H. Inferred patient trajectory positions on the external validation plasma 1360 

proteomics dataset, using either the whole proteome (G) or only the 57 biomarkers (H). I. GWAS 1361 

trait enrichment of the 57-gene biomarker panel; significant categories after FDR correction are 1362 

shown in orange (Fisher’s exact test on the biomarkers associated with each of those categories, 1363 

against the whole GWAS as the background).  1364 

Supplementary Figure legends 1365 

Supplementary Figure 1. MASLD patients along the continuous transcriptomics-driven 1366 

trajectory for the internal UCAM/VCU dataset. A. The colouring is based on the 1367 

histopathologists' scores. B. Triangles showing the average horizontal position of each scoring 1368 

group on the trajectory. Both panels provide information for the NAS score (ranging from 0 to 7), 1369 

Steatosis scoring (0-3), Inflammatory damage (0-3), Ballooning (0-2), and Fibrosis (0-4). C. Violin 1370 

plots illustrate the distribution of the patients in each histopathological scoring group. Each panel 1371 

shows the Pearson correlation coefficient (R score) for the mean trajectory positions of each 1372 

scoring group. The p-values are the results of ANOVA followed by Tukey’s pairwise comparisons 1373 

for the distributions of patients across the histopathological scores. The statistically significant 1374 

groups are indicated with dashed lines (*p-value < .05, ** p-value < .005, *** p-value < .0005). 1375 
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Supplementary Figure 2. Trajectory inference on independent MASLD transcriptomic 1376 

datasets and MASLD patients along the continuous transcriptomics-driven trajectory for 1377 

the external longitudinal (Fujiwara) dataset. A. Trajectory inference for the independent EPoS 1378 

dataset using the whole transcriptome. Color coding depicts MASLD stages as published with the 1379 

original RNA-Seq data. Triangles show the average horizontal position of each scoring group on 1380 

the trajectory. B. Trajectory inference for the independent GUBRA dataset. The population was 1381 

characterised as Healthy (non-obese individuals without MASLD/MASH), Obese (healthy but 1382 

obese individuals without MASLD/MASH), MASL, and MASH. C. Fujiwara dataset: Patient 1383 

movement on the trajectory between the two biopsies. Movement towards the left or right 1384 

indicates disease regression or progression, respectively. The colour shows the change in NAS 1385 

score between the two biopsies, with positive scores indicating an increase in the second biopsy. 1386 

D. Overview of patients’ positions shift on the trajectory by the NAS change between the two 1387 

biopsies. Statistical significance between the patients’ position change for the increased and 1388 

decreased NAS score was calculated using the Wilcoxon test. E. Similar to (D) but for the change 1389 

in fibrosis score. 1390 

Supplementary Figure 3. Graph-based approach to find the optimal sequence of sliding 1391 

windows for the stratification of patients. A. Generation of a directed acyclic graph, where 1392 

each node corresponds to a group of samples (sliding window; SW) aligned by pseudo-temporal 1393 

order. Directed edges connect overlapping windows, ensuring continuity along the trajectory. The 1394 

graph is generated iteratively until all the samples have been mapped to SW nodes. B. Pruning 1395 

of the graph to identify candidate SW sequences: differential expression analysis is performed for 1396 

each linked pair of SWs on the graph, retaining only edges that meet specific criteria regarding 1397 

the number of differentially expressed genes (FDR < 0.1). C. The optimal SW sequence is defined 1398 

as the one that maximizes the product of three max-scaled criteria: (i) median DEG count, (ii) 1399 

number of edges exceeding the lower DEG threshold, and (iii) coefficient of variation of DEG 1400 

counts along the path. 1401 

Supplementary Figure 4. Agglomerative clustering of the 57 TFs that were found to be 1402 

deregulated in two types of discrete patient stratification (Mild, Moderate, Severe and NAS 1403 

scores), and the pseudotemporal trajectory. Reactome pathway enrichment analysis was 1404 

performed to link TFs to molecular pathways and to create the corresponding one-hot encoding 1405 

matrix. The clustering was performed using this matrix to identify groups of functionally related 1406 

TFs. 1407 
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Supplementary Figure 5. Correlation plots of the activities of TFs for the UCAM/VCU and 1408 

EPoS datasets. A. Pearson correlation of cumulative activation scores of TFs, which were 1409 

identified as deregulated (FDR<0.05) based on the sliding windows analysis in at least one 1410 

dataset. B. Pearson correlation of the cumulative TF activation scores between the two datasets 1411 

for each sliding window. Each dot represents a TF identified as deregulated (FDR<0.05) at least 1412 

in one sliding window of a dataset.  1413 

Supplementary Figure 6. Cumulative activation scores of Reactome pathways along the 1414 

pseudotemporal trajectory. This list of terms provides a comprehensive description of MASLD-1415 

relevant pathways, derived from the enrichment analysis of deregulated network signatures along 1416 

the disease trajectory and a pruning procedure applied to the hierarchical structure of Reactome. 1417 

The SW-based activation score of each pathway was defined as the sum of the activation scores 1418 

of its related genes, normalised by the pagerank centralities of these genes within the pathway-1419 

based subnetwork. The respective cumulative scores were defined by progressively summing the 1420 

SW-based activation scores. 1421 

Supplementary Figure 7. Correlation plots of the activities of pathways for the UCAM/VCU 1422 

and EPoS datasets. A. Pearson correlation of cumulative activation scores of Reactome 1423 

pathways that were identified as MASLD-relevant, based on the sliding windows analysis in at 1424 

least one dataset. B. Pearson correlation of cumulative activation scores of Reactome pathways 1425 

between the two datasets for each sliding window. Each dot represents a pathway identified as 1426 

MASLD-relevant at least in one dataset. 1427 

Supplementary Figure 8. Consensus proportion of cell type along the disease trajectory. 1428 

Cell type deconvolution was applied on the bulk RNA-seq samples using 6 methods. The average 1429 

cell type proportions for each sliding window were calculated by averaging the proportions across 1430 

the corresponding samples. Finally, the consensus result was calculated as the mean of cell-type 1431 

proportion per cell-type across methods. 1432 

Supplementary Figure 9: Performance of the random forest classification and regression 1433 

models. A. Performance of model using the 57-biomarker set compared to using random genes. 1434 

In both external validation datasets (EPoS and Fujiwara), similar models were run 300 times, 1435 

using random 57-gene signatures as input. The red points show our model’s AUC for the 57-1436 

biomarker set, while the gray points show the model’s performance for the random sets. B. 1437 

Selection of optimal threshold using Youden’s index on the proteomics dataset. C. Patient 1438 
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distributions on the predicted trajectory using the random forest regression model for the internal 1439 

UCAM/VCU dataset. Run 1000 times using 5-fold cross validation and the distribution is 1440 

generated using the mean result for each patient. Different colors denote different MASLD stages. 1441 

Asterisks represent statistical significance after applying ANOVA among the disease stages; * : p 1442 

< 0.05, ** :  p < 0.005, *** : p < 0.0005, **** :  p < 0.00005. D. The y-axis shows the positions of 1443 

the patients on the “real” trajectory, inferred using the whole transcriptome. The x-axis shows the 1444 

predicted positions of patients using only the 57 biomarkers. R2 denotes the Pearson correlation 1445 

score for real vs predicted positions on the trajectory. E. Similar to (D) but for the external EPoS 1446 

dataset. F. Similar to (E) but for random 57-gene signatures. G. Results of the random forest 1447 

regression model that sorts patients on the MASLD trajectory and performance on the Gubra 1448 

dataset (additional validation dataset). Mean squared error for the predicted patients’ positions on 1449 

the trajectory. The different colours depict the various disease stages (Healthy, Obese, MASL, 1450 

MASH). The patients are sorted by their positions along the trajectory, independent of their 1451 

relative distances. 1452 

Supplementary Figure 10: Genetic evidence of our 57-biomarker set. A. Gene-trait category 1453 

associations based on the GWAS catalog. Of those, 47/57 biomarkers were associated with at 1454 

least one trait (Supplementary Table 16), while 13 biomarkers were part of our top 15 biomarker 1455 

list (selected using the elbow method). B. Number of biomarkers associated with metabolic, 1456 

cardiovascular, liver, cancer, neurological or inflammatory traits. Those associated with a different 1457 

trait are classified as “other”. 1458 

Supplementary Figure 11. Quality control and validation for dataset integration. A. PCA plot 1459 

of the merged UCAM/VCU quantile normalised counts. There is an apparent batch effect 1460 

separating the patients into two clusters stemming from the dataset from which they are derived. 1461 

B. COMBAT batch effect correction solved the problem of the batch effect with patients altogether 1462 

in a cluster and a clear disease progression pattern from the right towards the later disease stages 1463 

on the left. The outlier (sample 5) was removed from all downstream analyses. C-D. Normalised 1464 

counts before and after batch effect correction, separately for each disease stage. The data 1465 

suggest that COMBAT has not significantly altered gene expression, as indicated by the high 1466 

correlation (R > 0.97) across all MASLD stages in the VCU (C) and  UCAM (D) datasets. Inset in 1467 

panel D shows the mean correlation in expression before and after correction stratified by low, 1468 

medium, and high expression levels. The categories were defined by ranking genes by 1469 

normalised expression in each stage and dividing them into three groups (High: top third, Medium: 1470 
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middle third, and Low: bottom third). The dots inside each bar correspond to the correlations of 1471 

expression separately for each disease stage (dot colours in agreement with disease stage 1472 

colours from panel C). E.  Correlation of the principal components (PCs) with the variables of 1473 

interest. The first 10 PCs have been correlated using Pearson correlation with 6 continuous 1474 

variables of interest: age, NAS score, Fibrosis, Steatosis, Ballooning, and Inflammation. F. 1475 

Heatmap of the quantile normalised counts before and after the merging/batch effect correction 1476 

for UCAM and VCU datasets. The rows show genes previously linked to MASLD138–141. The data 1477 

are shown in a “fold change vs the first disease stage” of each dataset, respectively (“red” = 1478 

increase; “blue” = decrease; “white” = unchanged; “green datasets”: UCAM and VCU before 1479 

correction; “blue datasets”: UCAM and VCU after correction; the asterisks “*” in the column names 1480 

indicate that the samples have been batch-effect corrected). Note that the control group (the first 1481 

column in each block) in the VCU dataset is labelled as CTRL, while in the UCAM it is labelled as 1482 

MASL. 1483 

Supplementary Table legends 1484 

Supplementary Table 1. Information about all MASLD patients used in this study (UCAM and 1485 

VCU datasets). For each patient we provide the histopathology score (steatosis, ballooning, 1486 

inflammation, fibrosis, NAS score) and the MASLD stage, as well as additional metadata (age, 1487 

sex), the Sliding Window (SW) number assigned to the patient, the order in the trajectory (1 to 1488 

136), the position according to PC1, the dataset (UCAM or VCU), the batch corrected normalised 1489 

expression value per gene, and whether or not the gene is present in the gene panels we identify 1490 

in this study (145 trajectory inference gene set, 57 or 15 biomarker panel).  1491 

Supplementary Table 2. Patients' clinical characteristics when divided into CTRL, MASL, MASH 1492 

F0-1, MASH F2, MASH F3-4. Statistical significance is assessed by ANOVA. The letters next to 1493 

the values indicate post-hoc analysis significance based on Tukey's test; "[a]" means reference 1494 

group; when groups show different letters, they should be considered statistically different at the 1495 

post-hoc comparison; groups showing the same letter are statistically not-significant at the post-1496 

hoc comparison. 1497 

Supplementary Table 3. Random forest's accuracy and AUC, tested on UCAM/VCU and 1498 

GUBRA datasets, using the top 145 genes. The UCAM/VCU dataset has been split into training 1499 

(80%), and test (20%) sets, and the metrics given in the table are the average over 1000 test-set 1500 
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runs. The gene signature predicts the different MASLD characteristics (Steatosis, Inflammation, 1501 

Ballooning, Fibrosis) and the MASLD stage. For the GUBRA dataset predictions, the whole 1502 

UCAM/VCU dataset has been used as a training set. The only available information for this 1503 

external dataset is the MASLD stage. Finally, for both datasets, a random set of 20, 145, and 1504 

5000 genes (averaged across 1000 runs) verifies the robustness of the selected genes. 1505 

Supplementary Table 4. Pathway enrichment analysis of the 145 genes identified by random 1506 

forest as key contributors to defining the MASLD disease trajectory. 1507 

Supplementary Table 5. Patient assignment to each of the 13 Sliding Windows (SWs). 1508 

Supplementary Table 6. Genes assigned to each module were identified using WGCNA and 1509 

were associated with the histological phenotypes in our dataset. 1510 

Supplementary Table 7. Reactome pathway enrichment analysis on the filtered gene sets of 1511 

each module. 1512 

Supplementary Table 8. Transcription Factor (TF) enrichment analysis for each significantly-1513 

identified gene module. 1514 

Supplementary Table 9. Reactome pathways enrichment analysis for each MASLD variable-1515 

based set of TFs. 1516 

Supplementary Table 10. Unified inferred global MASLD network according to our analysis. The 1517 

file includes both the UCAM/Sanyal and EPoS networks and columns E and F indicate whether 1518 

the edge was present in each of these networks. 1519 

Supplementary Table 11. Literature-curated genes previously associated with MASLD. 1520 

Supplementary Table 12. VIPER analysis results comparing consecutive Sliding Windows 1521 

(SWs). The results are derived from the differentially expressed genes of the previous steps 1522 

(Log2FoldChange and p-values). The table is organised into 2-plets showing for each comparison 1523 

the FDR and the Normalised Enrichment Score (NES). NES determines whether a TF has 1524 

significantly more “activated” than “inhibited” predictions (NES > 0) or vice versa (NES < 0). 1525 

Supplementary Table 13. Activity scores (cumulative values) of Reactome pathways along the 1526 

MASLD trajectory for UCAM/VCU and EPoS datasets. 1527 
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Supplementary Table 14. Consensus estimated cell type proportions per sample in the bulk 1528 

RNA-seq dataset. 1529 

Supplementary Table 15. FDR values from the enrichment analysis between liver cell type 1530 

markers and Reactome pathway gene sets, whose differentiation cannot be explained by changes 1531 

in cell type composition. 1532 

Supplementary Table 16. GWAS summary results of gene associations to complex traits 1533 

Supplementary Table 17. Small molecules extracted from the ChEMBL database as targeting 1534 

one of the proteins represented in our 57-protein biomarker panel. 1535 

Supplementary Table 18. Fujiwara metadata for all patients with paired biopsies. The table 1536 

includes Fibrosis scores and NITs (FIB-4, APRI, NFS) scores calculated from the available 1537 

metadata. 1538 

Supplementary Table 19. Reference PPI network derived from the integration of multiple 1539 

interaction databases: KEGG, ReconX, HumanCyc, Reactome, OmniPath. This network was 1540 

used to generate the global MASLD network. 1541 

Supplementary Table 20. Slim version of the Reactome database. The hierarchical graph has 1542 

been pruned using the Information Content (IC) and Semantic Value (SV) properties of terms, 1543 

retaining the most generic ones. Two columns indicate if a term has been included in the MASLD-1544 

related subgraphs of the UCAM-VCU and EpoS datasets 1545 
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