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Extended biological background for TB 
Granuloma heterogeneity 
Host and pathogen-driven mechanisms interact in complex ways to affect granuloma outcomes of bacterial 
clearance, control, or overgrowth1–5. Immune profiles in the blood do not accurately reflect the lung battle6,7, thus 
translational studies of TB outcomes often focus on granulomas.  
Prior work has identified that the spatial organization of TB granulomas is critical to limit Mtb growth and 
dissemination8–11, likely driven by a balance of pro- and anti-inflammatory mediators12. Canonically, granulomas 
have infected necrotic centers (caseum) encircled by macrophages and other myeloid cells (termed the myeloid 
core). Most T cells are excluded from the myeloid core, instead surrounding it to form the lymphocytic cuff. These 
mediators include CD4+ and CD8+ T-cell levels, macrophage differentiation states, proinflammatory cytokine 
TNFα and IFN-γ, anti-inflammatory cytokine IL-10, lipid mediators, and co-expression of IDO+ and PD-L1 in 
myeloid cells, and others8,13–15. 
Use of NHP animal models 
Acquiring human pulmonary granulomas is challenging and invasive. When human TB specimens are biopsied, 
there is limited clinical information (i.e., bacterial burden, granuloma age, granuloma trajectory) that can be 
obtained per specimen. In this work, we examine individual granulomas both from NHPs and simulated using 
GranSim. Experimentally, the cynomolgus macaque NHP model of TB is a powerful tool to investigate the 
important immunobiological mechanisms that determine these distinct outcomes16.  
The NHP model is the only animal model that (1) forms human-like Mtb granulomas in response to infection and 
(2) fully reproduces the spectrum of infection outcomes observed in humans: clearance, clinical latency, and 
active disease17–19. Adult primate hosts infected with low-dose Mtb (< 25 colony-forming units or CFU) typically 
form 8–20 pulmonary granulomas, each with its own outcome trajectory13,19–22. A single uncontrolled granuloma 
is sufficient for a whole animal to progress toward active infection13,21. Each granuloma within a host follows its 
own infection trajectory ranging from complete sterilization to high bacterial burden and dissemination when the 
immune system fails to contain Mtb3,23.  
Additional biological context regarding Fig. 6 and Extended Data 4 
There are similarities between both the spatial features predictive of granuloma outcomes and temporal 
mechanisms correlating with digital partner outcomes. Notably, we find uncontrolled granulomas are associated 
with less T-cell penetration into the center of granulomas, as high CFU is predicted by (1) macrophage activation 
being predominantly relegated to the outermost portion of granulomas and (2) more circular lymphocyte cuffs, 
which we have observed previously20. This complements earlier studies using single-cell RNA sequencing that 
found that macrophage-produced IFN-γ was associated with high-CFU granulomas at 10 weeks post-infection24. 
When considering both spatial and temporal analyses together, we find that reduced CFU is associated with 
more effective macrophage activation close to the granuloma center: CFU negatively correlates with both IFN-
γ+ T-cell Mtb-specificity and IFN-γ-macrophage colocalization near the granuloma center. 
Extended Results 
Comparison between spatial feature clusters (Fig. 3)  
In our simulations, all three clusters in Fig. 3 involve pro-inflammatory activity of macrophages. The transient 
cluster includes a radial measure of macrophages near IFN-γ, positioned away from macrophage–Mtb 
interaction sites; this pattern was recently identified by immunotopography25. The post-formation clusters 
(transient and maintenance) include IFN-γ-producing T cells, cytotoxic CD8+ T cells, and regulatory CD4+ T cells. 
Cytotoxic CD8+ T cells play a protective role in human anti-Mtb immunity and are significantly reduced in active 
TB patients26. Consistent with this, single-cell analysis of NHP granulomas that found that cytotoxic CD8+ T cells 
are associated with low bacterial burden24. Our analysis of the virtual granuloma library identifies spatial features 
corresponding to prominent markers of infection previously reported in human and NHP literature20,24,27–35 (see 
Methods). 
Correlation between CFU and granuloma size and shape (Extended Data 4) 



We also find that the granuloma size and shape have a complex relationship to CFU (Extended Data 4). 
Highlighting the importance of granuloma size, high-CFU granulomas are associated with large numbers of both 
macrophages and IFN-γ+ T cells. Similarly, high-CFU granulomas are associated with larger diameters of 
macrophage and T-cell aggregates (including cytotoxic, regulatory, and IFN-γ+). This suggests that the increased 
bacterial burden is driving increased cell recruitment or proliferation at the granuloma site, leading to larger 
granulomas as noted previously36. For granuloma shape, we find that granulomas with irregularly shaped T-cell 
aggregates (i.e., in contrast to relatively intact circular lymphocytic cuffs) correlate with lower bacterial burdens. 
On the cellular scale, larger angles between cytotoxic cells (i.e., both macrophages and cytotoxic T cells) and 
their closest same-type neighbors are related to higher CFU. Larger angles are indicative of cells arranged 
linearly along corridor-like shapes, possibly due to irregularly shaped caseum (e.g., the uncontrolled granuloma 
in Fig. 2B) as previously hypothesized10. Taken together, these results suggest that poorly-controlling 
granulomas become large and have T cells relegated to a more circular lymphocytic cuff, despite any local 
irregularities emerging from caseum. These simulated results highlight the importance of using both cellular- and 
tissue-scale features to predict infection outcomes.  
Extended discussion of mechanisms driving granuloma- and cell-scale outcomes (Fig. 6) 
The number of macrophages and the rate of activated macrophage production of IL-10 is associated with 
increased regulatory T cell levels and increased granuloma diameters (Fig. 6). Higher IL-10 diffusivity blunts this 
effect, likely due to weaker localized signals leading to less regulatory T cell recruitment. Granuloma caseum-to-
cellular area ratio is primarily driven by the caseation rate (Fig. 6B), which characterizes the number of 
macrophages that must die to caseate a 20 μm × 20 μm area. Once adaptive immunity strengthens (beginning 
at 4 weeks post-infection and increasing thereafter), there are more Mtb-specific IFN-γ+ T cells, leading to 
increased T-cell-induced macrophage apoptosis. This leads to decreased caseum formation (negative 
correlation with IFN-γ+ T cells). The frequency of Mtb-specificity among IFN-γ+ T cells is a negative correlate of 
both granuloma diameter and caseum-to-cellular area ratio, and this correlation becomes stronger over time.  
Macrophage recruitment rate emerges as a significant driver increasing all tissue- and cellular-scale outputs over 
time, including both pro- and anti-inflammatory T cell levels. The only exception to this is during the formation 
phase (weeks 1-4), where macrophage recruitment negatively correlates with cytotoxic T cell counts (Fig. 6F). 
This reinforces the dual role of macrophages in Mtb infection37,38.  
Most of the same mechanisms drive cellular-scale outcomes (Fig. 6C–G). All cellular-scale outputs except CFU 
have one or more parameters that undergo statistically significant sign changes predominantly during the 
transient phase (weeks 5-14; Fig. 3). Parameters that positively correlate with total CFU, regardless of metabolic 
state, are related to macrophages and IL-10 levels. Mtb specificity among IFN-γ+ T cells is a negative correlate 
of CFU throughout both the transient and maintenance phases, unlike its correlation with granuloma diameter. 
Elevated IL-10 and macrophage recruitment are also associated with larger cytotoxic and IFN-γ+ T cell 
populations, indicative of ongoing infection11,35,39,40. In all cases, recruitment and activity of Mtb-specific IFN-γ+ T 
cells negatively correlate with all outcomes except regulatory T cell levels (even that of IFN-γ+-producing T cells 
themselves) as the immune response is self-limiting. 

GranSim agent-to-cell mapping 
Not all GranSim agents are identical to cell markers and instead simulates function-based phenotypes as shown 
in Suppl. Table 1 and Suppl. Fig. 1. Additionally, GranSim has simulated agents that were added for specific 
projects, meaning those project-specific agents have individually been used for past investigations. However, 
project-specific agents have not been fully calibrated together and therefore were not enabled for the simulations 
presented in this work. 

Suppl. Table 1: Grouping of MIBI-TOF cell phenotypes to GranSim agents. * These GranSim project-specific agents were not 
simulated in this work. 

Cell phenotype Agent 
CD11c+ Mac Macrophage 
CD14+CD11c+ Mac Macrophage 
CD14+ Mac/Mono Macrophage 
CD163+ Mac Macrophage 
CD203+ Mac Macrophage 
CD68+ Mac Macrophage 
CD4+ Tcell Regulatory T cell 
CD8+ Tcell Cytotoxic T cell 
HLADR+ APC Dendritic cell * 



Neutrophil Neutrophil * 
FN1+ Fibroblast Fibroblast * 
SMA+ Fibroblast Myofibroblast * 

 

Suppl. Fig. 1 Representation of cell types between GranSim model and MIBI-TOF panel. The GranSim project-specific 
agents of dendritic cells, neutrophils, and fibroblasts were not simulated in this work. Only total CFU was compared between 
GranSim and CFU. Created in BioRender. Nanda, P. (2026) https://BioRender.com/59yjdap. 



 

GranSim granuloma types 

Suppl. Fig. 2 25 virtual granuloma samples stratified by percentile of CFU in sterilizing GranSim granulomas at 22 
weeks post-infection. All images represent 6mm × 6mm of lung tissue. Numbers at bottom-left are GranSim sample identifiers 
(number before the decimal point is the parameter set among 1–20,000; number after the decimal point is the replicate among 
1–3). Samples chosen for Fig. 2 are sterile = 16820.3, controlling = 6792.2, uncontrolled = 13222.2. Sterilizing samples that 
cleared on the first timestep are omitted; simulations are initialized with a single infected macrophage, which means there are 
instances of sterilizing at the first timestep when macrophages successfully kill the single Mtb bacillus. Such sterilizing events 
captured by our simulations are below the detection threshold of tissue-level data. 



 

Suppl. Fig. 3: As above for controlling granulomas. 



 

Suppl. Fig. 4 As above for uncontrolled granulomas. 



GranSim cross-sectional feature list 
Suppl. Table 2: CellProfiler names for top tissue and cellular scale features predictive of log-CFU in simulated granulomas. 
Two sets of informative features emerged from analysis: those that appeared 4 or more times contiguously (shown in Fig. 3), and those 
shown in Extended Data 4. We highlight features appearing in both analyses by shading the table cells. * We chose 60 μm as the 
neighborhood boundary to be comparable to the 50 μm boundary, which we chose for MIBI-TOF neighborhood summary statistics. † 
Note that the informative summary statistic of this feature is the median, whereas all others are means. ‡ This is the Euler characteristic 
of the T cell aggregate, predominantly measuring (# T cells with no T-cell neighbors) - (# of holes in the lymphocytic cuff). 

CellProfiler module and Output statistic Descriptive name Scale 
(i) Features that appear 4 or more times contiguously (see Fig. 3; total of 15 features) 

MeasureObjectIntensityDistribution 
macs_RadialDistribution_FracAtD_ifng_3of4_mean 

Fraction of IFN-γ near granuloma center Tissue 

* MeasureObjectNeighbors 
mac_Neighbors_SecondClosestDistance_3_median 

Distance from macrophage to second-closest 
cell† 

Cellular 

MeasureObjectIntensity 
t_cyts_Intensity_UpperQuartileIntensity_tnf_mean 

Cytotoxic T cells co-localized with high TNFα 
concentrations 

Tissue 

MeasureObjectSizeShape 
ts_AreaShape_EulerNumber_mean 

Consolidation of T cells‡ Tissue 

MeasureObjectSizeShape 
macs_AreaShape_Perimeter_mean 

Macrophage aggregate perimeter Tissue 

MeasureObjectIntensity 
mac_Intensity_IntegratedIntensityEdge_tnf_mean 

Mean macrophage-colocalized TNFα Cellular 

* MeasureObjectNeighbors 
mac_Neighbors_SecondClosestDistance_60_mean 

Distance (mean) from macrophage to second-
closest cell 

Cellular 

* MeasureObjectNeighbors 
mac_Neighbors_AngleBetweenNeighbors_60_mean 

Angle between neighboring macrophages Cellular 

MeasureObjectSizeShape 
macs_AreaShape_MeanRadius_mean 

Macrophage aggregate radius Tissue 

MeasureObjectSizeShape 
t_gams_AreaShape_MajorAxisLength_mean 

IFN-γ+ T cell aggregate major-axis length Tissue 

MeasureObjectSizeShape 
t_gams_AreaShape_MinorAxisLength_mean 

IFN-γ+ T cell aggregate minor-axis length Tissue 

MeasureObjectSizeShape 
t_cyts_AreaShape_EquivalentDiameter_mean 

Cytotoxic T cell aggregate diameter Tissue 

MeasureObjectSizeShape 
t_regs_AreaShape_EquivalentDiameter_mean 

Regulatory T cell aggregate diameter Tissue 

SplitOrMergeObjects 
mac_Children_macs_Count_mean 

1 / (Number of macrophages) Tissue 

MeasureObjectIntensityDistribution 
macs_RadialDistribution_FracAtD_ifng_4of4_mean 

Fraction of IFN-γ in outer granuloma Tissue 

(ii) Features identified by LASSO and Bayesian variable selection at 22 weeks (see Extended Data 4; total of 12 features)  
MeasureObjectSizeShape 
t_gams_AreaShape_MajorAxisLength_mean 

IFN-γ+ T cell aggregate major-axis length Tissue 

MeasureObjectIntensityDistribution 
macs_RadialDistribution_FracAtD_ifng_4of4_mean 

Fraction of IFN-γ in outer granuloma Tissue 

* MeasureObjectNeighbors 
mac_Neighbors_AngleBetweenNeighbors_60_mean 

Angle between neighboring macrophages Cellular 

MeasureObjectSizeShape 
t_gams_AreaShape_MinorAxisLength_mean 

IFN-γ+ T cell aggregate minor-axis length Tissue 

SplitOrMergeObjects 
mac_Children_macs_Count_mean 

1 / (Number of macrophages) Tissue 

MeasureObjectSizeShape 
t_regs_AreaShape_EquivalentDiameter_mean 

Regulatory T cell aggregate diameter Tissue 

MeasureObjectSizeShape 
macs_AreaShape_MeanRadius_mean 

Macrophage aggregate radius Tissue 

MeasureObjectSizeShape 
t_cyts_AreaShape_EquivalentDiameter_mean 

Cytotoxic T cell aggregate diameter Tissue 

SplitOrMergeObjects 
t_gam_Children_t_gams_Count_mean 

1 / (Number of IFN-γ+ T cells) Tissue 

MeasureObjectIntensityDistribution 
macs_RadialDistribution_FracAtD_ifng_1of4_mean 

Fraction of IFN-γ in granuloma center Tissue 

* MeasureObjectNeighbors 
t_cyt_Neighbors_AngleBetweenNeighbors_60_median 

Angle between neighboring cytotoxic T cells† Cellular 

MeasureObjectSizeShape 
ts_AreaShape_FormFactor_mean 

Circularity of aggregate T cells Tissue 



GranSim cross-sectional feature selection  
Among the top 20 features of each week, we used unsupervised clustering to help identify features that appeared 
at multiple times. It is possible for different weeks to have different sets of top 20 features; in our case there were 
64 features in total. We narrow down the top features by those that appear multiple weeks, assuming a spatial 
feature to granuloma state and highly-correlated to CFU would appear at multiple weeks. The number of weeks 
used to filter these results is a heuristic and the figures below explore thresholds that start as the most stringent 
(14 features using a threshold of 7 weeks) to the least stringent (all 64 features using no threshold) (Suppl. Fig. 
5–Suppl. Fig. 7). We choose a threshold of 3 or more weeks based on the stability of the clusters. 
 

Suppl. Fig. 5 Exploratory clustering only using features that appear 7 or more times contiguously. To reveal prominent 
spatial features driving log-CFU, even after filtering to the top 20 features for each timepoint, there were 64 features in total 
with some features appearing only once. Therefore, here we show the effect of removing features appearing less frequently 
to identify drivers across multiple timepoints. 



 
 

Suppl. Fig. 6: Exploratory clustering only using features that appear 4 or more times contiguously. This threshold was 
used for Fig. 3. 



 

Suppl. Fig. 7: Exploratory clustering only using features that appear 2 or more times contiguously 



 
To break ties among the LASSO-identified features, more computationally intensive Bayesian model selection 
was performed to order the most predictive variables for log-CFU output. At week 22, 12 variables were found 
sufficient to predict log-CFU output of GranSim simulations (Suppl. Fig. 8). The agreement among variables 
using 5-fold cross-validation is shown in Suppl. Fig. 9.  
 

 

Suppl. Fig. 8: Bayesian regression performance plot showing LASSO-identified variables ordered from most to least 
predictive. We provide mappings of CellProfiler feature names to our descriptive feature names in Suppl. Table 2. 



 

 

Suppl. Fig. 9 Bayesian model selection of top LASSO variables showing agreement of 5-fold cross-validation. 



GranSim correlation of selected features with CFU outcome 
 

 

Suppl. Fig. 10 Example correlations between spatial features and log-CFU. We show scatter plots of spatial features 
against log-CFU with Pearson’s correlation coefficient (R). Descriptions of the covariates are detailed in the same order as the 
plots moving left-to-right and top-to-bottom. Note that the R values are only provided as visual aids; the LASSO variable 
selection centers and scales the covariates to fit the linear model and does not use R. LASSO correlations like these are used 
to determine the most predictive spatial features, such as those presented in Fig. 3. 



 

Digital partner cost matrix and sample similarity 
 

 

Suppl. Fig. 11 Digital partner cost matrix visualization. Hierarchical clustered cost matrix of feature distances between MIBI-
TOF samples (rows) and simulated granulomas (columns). Gray areas are simulated granulomas omitted from being too far 
away from MIBI-TOF log-CFU (see methods). Samples 40 and 41 are most dissimilar to the simulations. 



Digital partner images of tissue samples 
In Fig. 5, we showed the top three digital partners for granulomas 4, 33, and 57. Here, we show the top three 
digital partners for all other granulomas in the experimental library. We show controlling granulomas in Suppl. 
Fig. 12–Suppl. Fig. 18, the second uncontrolled-growth granuloma in Suppl. Fig. 19, and the indeterminate 
granulomas in Suppl. Fig. 20–Suppl. Fig. 21. 
 

 
 
 

Suppl. Fig. 12 Granulomas 6, 8, and 9 with their digital partners. For each granuloma, all three digital partners predict 
controlled, non-sterile infection. Figure coloration, organization, and scale are described in Fig. 5. 

 

Suppl. Fig. 13 Granulomas  11, 12, and 17 with their digital partners. For each granuloma, all three digital partners predict 
controlled, non-sterile infection. Figure coloration, organization, and scale are described in Fig. 5. 

 



 
 
 

 

 

Suppl. Fig. 14 Granulomas 20, 21, and 26 with their digital partners. For each granuloma, all three digital partners predict 
controlled, non-sterile infection. Figure coloration, organization, and scale are described in Fig. 5. 

 

Suppl. Fig. 15 Granulomas 28, 29, and 38 with their digital partners. For each granuloma, all three digital partners predict 
controlled, non-sterile infection. Figure coloration, organization, and scale are described in Fig. 5. 



 
 

 
 
 

Suppl. Fig. 16 Granulomas 41, 42, and 48 with their digital partners. For each granuloma, all three digital partners predict 
controlled, non-sterile infection. Figure coloration, organization, and scale are described in Fig. 5. 

Suppl. Fig. 17 Granulomas 50 and 54 with their digital partners. For each granuloma, all three digital partners predict 
controlled, non-sterile infection. Figure coloration, organization, and scale are described in Fig. 5. 

 



 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 

Suppl. Fig. 19 Granuloma 32 with its digital partners. All three digital partners of this granuloma predict uncontrolled growth. 
Figure coloration, organization, and scale are described in Fig. 5. 

Suppl. Fig. 18 Granulomas 55 and 59 with their digital partners. For each granuloma, all three digital partners predict 
controlled, non-sterile infection. Figure coloration, organization, and scale are described in Fig. 5. 



 

 
 
 
 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Suppl. Fig. 20 Granulomas 23, 34, and 35 with their digital partners. For each granuloma, the top three digital partners are 
shown as in Fig. 5. The digital partners of these granulomas did not yield consensus prediction and return indeterminate 
predictions. Figure coloration, organization, and scale are described in Fig. 5. 

 

Suppl. Fig. 21 Granulomas 40 and 53 with their digital partners. For each granuloma, the top three digital partners are shown 
as in Fig. 5. The digital partners of these granulomas did not yield consensus prediction and return indeterminate predictions. 
Figure coloration, organization, and scale are described in Fig. 5. 



Low correlation of parameters to spatial features 
Directly comparing spatial features of non-sterilizing granulomas with model parameters has poor correlation 
(Suppl. Fig. 22). Therefore, one must instead use partial ranked correlation to discern model parameters driving 
model outputs. Additionally, this correlation was done against all non-sterilizing granulomas, not the n = 1,100 
subset of MIBI-TOF digital partners (Fig. 4). 

 
 

Suppl. Fig. 22 Top relational scatter plots of spatial statistics against the PRCC identified model parameters 
using PRCC. 
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