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Supplementary information  

1. Additional materials and methods 
1.1 Baseline comparison  
To best determine the most biologically compatible pairs of expression baselines for disease-drug signature 
comparison, we assessed similarity between each of control disease samples and drug samples using 
Pearson, Spearman [1], Rank Biased Overlap (RBO) [2], and  least absolute shrinkage and selection operator 
(LASSO) [3] approaches. 

1.1.1 Data collection and preprocessing 
The drug control samples i.e., gene expression of untreated cell lines were obtained from LINCS level 3 
GSE92742 [4]. We excluded expression of non-landmark genes, therefore, only included 978 landmark genes 
for the analyses. We corrected the drug data distribution by performing a quantile normalization on all the 
drug control samples. Then, a ‘target drug profile’ was randomly sampled from the normalized drug data and 
used as the reference vector for the control disease data distribution mapping using quantile transformation; 
separately applied on the microarray and RNAseq data.  

1.1.2 Baseline similarity assessment 
Computation of summarized-similarity coefficients of each pairwise disease-drug control samples was 
calculated using the following metrics: 

1. Pearson and Spearman correlation 
Pearson and Spearman correlation assess how strong the linear relationship between a pair of drug and 
disease baselines is. While Pearson only considers the overall agreement trend of genes based on their 
expression values by looking at how well each gene aligns with their respective sample mean regardless of 
direction, Spearman correlation is a directional metric that takes into account the difference in ranks of the 
same gene from two baseline samples.  

2. Rank-Biased Overlap (RBO) 
Unlike Pearson and Spearman, which require two complete lists for comparison, RBO is a ranked-based 
measure with weight assignments to all the genes in each baseline sample. The genes ranked toward the top 
of the list based on absolute regulation level (highly up- or downregulated) get higher weights meaning if a 
gene is ranked the same or very close toward the top, then it would upweight the RBO metric. Overall, RBO is 
claimed to be suitable for feature selection as RBO coefficients are low for the genes with a large difference in 
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ranks, similar to zeroing out unimportant features. Therefore, RBO metric contribution only considers genes 
with a high rank agreement between two lists.  

3. Lasso coefficients 
We adapted the concept of SampleLasso [5] to quantify baseline similarity using L1-regularized regression. 
For each disease control sample, we trained a Lasso model to predict its expression profile as a sparse linear 
combination of the drug control cell line profiles. In modeling terms, the cell line profiles served as features, 
while each disease sample became a target. The resulting Lasso coefficients, by representing the contribution 
of each cell line profile to reconstructing the disease profile, were used as our similarity metric. 
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2. Supplementary Figures 

 

Figure S1. Signature aggregation scheme. 
(a) Overview of the similarity-weighting step used to assign weight a proxy of confidence or ‘trust’ to each 
individual TB signature. A Jaccard similarity matrix is computed across all pairwise combinations of 
upregulated (top) and downregulated (bottom) TB signatures. The average Jaccard score for each signature is 
then used to create a similarity vector representing its agreement with the rest of the group. (b) Construction 
of the aggregated TB signature. Each gene’s log₂ fold change (differential expression) across individual 
signatures is combined using a weighted average, where weights are derived from the normalized Jaccard 
similarity vector. This process generates robust aggregated signatures for both up- and downregulated 
signature sets that emphasize consistent transcriptomic signals across studies. 
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Figure S2. Aggregated signatures are enriched in pathway clusters summarizing pathway enrichment 
across individual signatures. 
(a) Heatmap showing representative pathway clusters enriched across individual upregulated signatures and 
captured by the aggregated upregulated TB signature. (b) Heatmap showing pathway clusters present across 
individual downregulated signatures and represented in the aggregated downregulated TB signature. Each 
row represents a pathway cluster labeled by up to three GO:BP terms. Columns represent individual TB 
signatures, annotated by profiling technology, tissue/cell type, TB sample type (PTB: pulmonary; MTB: 
non-specified), and sample source (primary sample or cell line). Color intensity reflects pathway enrichment, 
with darker shades indicating stronger significance (higher –log₁₀(q-value)). 
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Figure S3. Cholesterol- and vitamin D-related disease-drug pathway subnetworks. 
(a) Subnetwork centered around cholesterol metabolism, showing interactions among TB disease-perturbed 
genes in our aggregated disease signatures (red outline), known drug targets (orange), and key shared 
pathway genes (peach) identified from shortest paths in the STRING protein–protein interaction (STRING-PPI) 
network. Several drugs and their mechanisms of action (green) converge on cholesterol-related processes, 
including HMGCR inhibitors and ATPase inhibitors. (b) Subnetwork centered on vitamin D–related immune 
regulation, highlighting shared genes across disease and drug mechanisms, including vitamin D receptor 
agonists, interferon inducers, and NF-κB pathway inhibitors. Both subnetworks illustrate connections between 
disease genes and predicted drugs via key intermediate nodes with high betweenness centrality, supporting 
mechanistic relevance of these pathways in TB infection and treatment response. Solid lines represent known 
interactions from DGIdb; dashed lines indicate inferred connections from the STRING-PPI network.  
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Figure S4. Pearson correlation of baseline disease-drug samples by tissue types. 
(a) Heatmap of Z-scores from mean Pearson correlations between healthy control samples from TB disease 
datasets (columns) and untreated LINCS drug cell line profiles (rows), grouped by tissue type. Some 
biologically plausible groupings were observed, especially among blood and hematopoietic/lymphoid tissues. 
(b) Heatmap of raw mean Pearson correlation values. Despite detectable patterns, overall correlation values 
were consistently low, limiting the ability to confidently define baseline-matched tissue pairs. These results 
highlight the need for improved methods to systematically evaluate biologically relevant baselines for 
disease-drug signature comparison 

 

Supplementary 7 



3. Supplementary Tables 
Table S1. List of public TB datasets used in this work. 
This table summarizes the metadata for TB gene expression datasets included in our analysis, grouped by 
profiling technology (microarray or RNA-seq). For each signature, we list the associated study ID, platform, TB 
status (MTB or PTB), tissue of origin (circulating vs. lung), origin type (primary vs. cell line), and cell or tissue 
type. The number of up- and downregulated genes represents differentially expressed genes used to 
construct disease signatures. Aggregated signatures represent consensus profiles generated across all 
microarray or RNA-seq studies, respectively. 
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Table S2. Full list of 140 high confidence drug candidates with score-level support across microarray 
and RNA-seq signatures. 
Each cell shows the number of individual TB signatures (out of 16 for microarray or 9 for RNA-seq) for which a 
given drug achieved a strong reversal score (i.e., within the top 10% most negative values) under each 
connectivity metric. The heatmap is split by scoring subcategories: CMAP 1.0, LINCS (NCS, Tau, WCS), and 
correlation-based methods (Pearson, Spearman). Warmer colors (red) represent results from microarray TB 
signatures; cooler colors (blue) represent RNAseq signatures. Rows correspond to 140 high-confidence 
predicted TB HDT candidates that appeared in both individual and aggregated analyses, and are ranked by 
their overall mean rank score. This visualization highlights which drugs are consistently supported across 
signatures and metrics, reinforcing their prioritization strength. 
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Table S3. Key differentiating GO biological process terms enriched in the E-MEXP-3521 platform 
compared to other microarray datasets. 
Significant GO biological process terms identified by a Mann–Whitney U test comparing enrichment scores 
between E-MEXP-3521 and all other microarray platforms. Reported terms reflect nuclear structure 
organization (e.g., RNA localization to Cajal bodies, telomere regulation), proton transport, oxidative stress, 
and metabolic reprogramming. These transcriptional differences are likely driven by the unique 
time-dependent sampling design of the E-MEXP-3521 study, rather than technical platform effects. P-values 
and adjusted p-values are reported in scientific notation, rounded to two decimals. 
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Table S4. Cell line–to–tissue mapping for LINCS drug control samples used in baseline comparisons. 
Each cell line used in the LINCS dataset for untreated drug control profiling was annotated with its 
corresponding tissue of origin. These mappings were used to assess baseline similarity between disease and 
drug expression profiles. Cell lines with unknown or ambiguous tissue were removed. 

Cell_Line Tissue 

A375 skin 

A549 lung 

HCC515 lung 

BT20 breast 

HME1 breast 

HS578T breast 

MCF10A breast 

MCF 7.00 breast 

MDAMB231 breast 

SKBR3 breast 

HA1E kidney 

HELA large intestine 

HT29 large intestine 

HEPG2 liver 

HUVEC vascular system 

JURKAT haematopoietic and lymphoid tissue 

LNCAP prostate 

PC3 prostate 

YAPC pancreas 

NPC central nervous system 

NPC.CAS9 central nervous system 

NPC.TAK central nervous system 

ASC adipose 

ASC.C adipose 

CD34 bone 

SKL muscle 

SKL.C muscle 
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