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ABSTRACT:

Single-cell technologies, encompassing molecular, morphological, and functional assays,
have emerged as cornerstones of modern biological research and discovery. However, current
experimental methods often fail to explicitly link these ‘omic’ modalities, especially in live cells or
longitudinally through time, impeding the study of multi-scale interactions and mechanisms of
regulation. CellCage Enclosure (CCE) technology overcomes these limitations by dynamically
compartmentalizing cells, allowing for scalable, live-cell, longitudinal exploration and
simultaneous analysis of transcriptomic, proteomic, and morphological profiles. Using this novel
technology, we generate previously inaccessible insights across various in vitro cellular systems
under a diverse set of perturbations, including the discovery of morphological and proteomic
features linked to immune suppressive gene set expression in human primary regulatory T cells
(Tregs), as well as direct association of morphological and proteomic features with inflammatory
gene modules in human colonic fibroblasts. We then develop a novel pooled CRISPR genetic
screening technology using CCEs, PERTURB-LINK (PERTURBational LINKage of
transcriptomics and imaging in single cells via enclosure-based screening) and apply this
approach in murine bone marrow derived macrophages (BMDMs), enabling multiomic dissection
of NF-kB pathway regulation in response to lipopolysaccharide (LPS) stimulation. Together, these
findings demonstrate the broad impact that advancements in live-cell, paired multimodal
technologies, especially upon perturbation, may offer in deepening our understanding of cellular
biology.
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Introduction

The ability to probe biological systems at single-cell resolution has reached
unprecedented scale across cell types, tissues, and organisms in in vivo, in vitro, and in situ
settings. However, current single-cell technologies are unable to integrate live cell imaging to
corresponding transcriptional states. Without the ability to link live-cell cellular behavior to
transcription, previous technologies only provide a fragmented view of biological systems (Fig.
1A, right). Viewing biology from this perspective carries significant limitations; without
deterministic linkage of readouts, linking cells across different imaging, expression, and functional
modalities becomes impossible, making cross-modal mechanisms of regulation impractical to
decipher, and obscuring our understanding of gene function, downstream signaling, cellular
morphology, and causality.

Recently developed technologies address specific aspects of pairing longitudinal imaging
and transcriptomics in live cells, but face fundamental tradeoffs. Microwell- and precision
barcoding-based methods allow for the linkage of imaging-readouts to transcriptomic profiles but
only allow for single-timepoint imaging readouts'™. Alternatively, semi-permeable capsule-based
technologies generate both genomic and imaging readouts, but lack scalable deterministic linkage
between images and transcriptomic profiles of single cells, limiting cross-modal insights to
population-level inference®®. Each of these approaches also lack dynamic, rule-based cell
encapsulation, limiting utility for adherent cell or complex functional assays (eg. co-cultures, killing
assays). Therefore, a need for a robust, high-throughput platform capable of true longitudinal
paired profiling persists.

Here, we leverage the CellCage Enclosure (CCE) platform, described in Khurana et al. to
overcome these limitations’. CCEs are hollow cylindrical compartments generated around cells
via light-guided polymerization of a biocompatible hydrogel, enabling dynamic, rule-based capture
and longitudinal imaging (Fig. 1A, left). This platform allows for direct, simultaneous, and high-
throughput longitudinal acquisition of single-cell morphological, proteomic, and secretomic
readouts via imaging of live suspended or adherent cells, paired to transcriptomic readouts,
enabling previously inaccessible orthogonal profiling of in vitro systems. By leveraging CCEs we
can more deeply explore the effects of various modes of perturbations, including small molecule,
cytokine-based, and genetic perturbations, allowing deeper insights into causal gene function
and cross-modal regulation (Fig. 1A, left).

In our study, we deployed CCEs in conjunction with cytokine perturbations to more fully
characterize the response of suspended Tregs, to various cytokine treatments and identify links
between morphological features and proteomic features, to Treg identity -gene programs.
Second, we utilized CCEs to profile the response of adherent colonic fibroblasts to cytokine
perturbations, where CCE-based profiling allowed us to identify both morphological features and
protein markers which we directly link to upregulation of inflammatory gene programs, all without
requiring the detachment of these cells at any stage. Lastly, we developed PERTURB-LINK
(PERTURBational LINKage of transcriptomics and imaging in single cells via enclosure-based
screening), a novel pooled CRISPR workflow that links genetic perturbations to their effects on
cell morphology, protein expression and transcriptomic state . We applied PERTURB-LINK in
bone marrow derived macrophages (BMDMs) for the simultaneous study of specific regulators of
morphology, protein expression, and transcriptomic signatures driving the inflammatory response.
Taken together, these applications demonstrate the profound value that simultaneous longitudinal
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85 imaging and paired transcriptional measurements offer in facilitating deeper biological insights
86  from in vitro experimental settings under perturbation.
87
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90 Fig. 1: Unifying Omics and Imaging: a novel technology for comprehensive cellular

91  analysis.

92 A, Schematic depicting different levels of information obtained from traditional single cell RNA
93 sequencing approaches, when used alone or in combinations (unpaired data, right side), vs how
94  CCE allows integration of morphological, proteomic and transcriptomics data from the same

95 single cell (paired data,

left side). B, Summary schematic of the experiments performed,

96  highlighting the various cell types used and different functional and molecular assays performed

97  (Methods).
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98 Results

99 Paired imaging and transcriptomic analysis of Tregs elucidates effects of cytokine
100 stimulation, and reveals transcriptomically distinct T cell subsets distinguished by

101  morphology and IL10 protein expression
102

103  To evaluate the utility of simultaneous multimodal analysis enabled by CCEs in the generation of
104 integrated single-cell readout for suspension cells, we investigated the response of human
105 regulatory T cells (Tregs) to various cytokine stimulations (Fig. 1B). Tregs, characterized by the
106  expression of the master transcription factor Forkhead Box P3 (FOXP3), are central mediators of
107 immune suppression, reducing inflammation through multifaceted pathways, including the
108  secretion of immunosuppressive cytokines, making them attractive therapeutic targets and agents
109  across various disease contexts®'2. Motivated by this, we perturbed Tregs under various
110 cytokines and studied their response using the CCE platform. To profile the transcriptomic,
111 proteomic, and morphological basis of Treg response, we activated human Tregs with T-cell
112  TransAct, stimulated them with four distinct cocktails (conditions I-I\V) comprised of various known
113  Treg activators, IL-2 and TGF-f3, as well as several factors, IL-12, IL-21, and IL-23 which have
114  recently been reported to induce tissue-Treg states, and subsequently compartmentalized these
115  cells in CCEs for multimodal analysis (Fig. 1B, 2A, Methods)'*'*. CCE-based cell capture and
116  profiling of morphological and transcriptomic data was performed on Tregs cultured for 6 days.
117  Afterinitial profiling, of the four conditions, two (conditions | and Ill) had remaining cells; to assess
118 the CCE technology's utility for evaluating functional cellular states as defined by protein
119  expression, these remaining cells were re-stimulated for 7 days, and then stained for surface IL-
120 10 protein using , followed by brightfield and fluorescent microscopy, and transcriptomic profiling.
121 Rigorous quality control was conducted, and CCEs that were either empty or contained multiple
122  cells were excluded; in total 21,922 high quality multiomic profiles were generated (Methods).

123 We first validated the quality of our data based on gene expression profiles.Transcriptomic
124  UMAP embedding of all cells revealed two broad populations, primarily separated by FOXP3
125  expression (Fig. 2B). To determine whether these populations constituted functionally distinct
126  subsets of Tregs, or true conventional T cell and classical Treg populations, we used CellTypist
127  to transfer labels from the Hao et al. PBMC atlas'®"” (Methods). This approach confidently
128  assigned the FOXP3-positive population as Tregs and the FOXP3-negative as predominantly T
129  central memory (TCM) cells (Fig. 2B, Extended data Fig. 1A). Within our Treg population, cells
130 clustered strongly by stimulation condition: Leiden clusters 1, 2, and 3 were chiefly composed of
131  cells from Condition I, Conditions II/lll, and Condition IV respectively (Fig. 2C). Cluster 1
132  represented cells at baseline and was not distinguished by unique gene expression patterns.
133  Cluster 2 cells exhibited upregulation of SATB1, CCL3, and ETS1, suggesting an activated state,
134  while Cluster 3 was distinguished by greater expression of BATF3, CD70, and various MHC
135  genes, indicating that TGF-B induced a more suppressive state (Fig. 2D, Extended data Fig. 1B).
136 We next focused on the subset of cells which were profiled at day 6 (Extended data Fig.
137  1C). We scored our Treg clusters for the tissue Treg signature which was previously reported to
138  be upregulated in conditions Il and Ill compared to condition | (Methods)'. This signature was
139 indeed upregulated in conditions Il and Il and, notably, was most strongly upregulated in condition
140 IV (rank-biserial correlations of 0.16, 0.27, and 0.56 respectively), suggesting that TGF-$
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141 synergistically enhances tissue Treg phenotype when combined with IL-2, IL-12, IL-21 and IL-23
142  (Fig. 2E, Extended data Fig. 1C).

143 Having successfully performed unimodal analysis of our data, we next focused on
144  harnessing the unique multimodality of our CCE-based approach to generate insights regarding
145  relationships across transcriptomic, proteomic, and morphological readouts. We first explored
146  linking single-cell morphological features, such as cell area, to interpretable gene programs. We
147  observed a strong correlation between Treg cell size and a cell cycling gene signature score
148 measured in the same single cell (Fig. 2F). Specifically, differential expression (DE) analysis
149  comparing large Tregs (cell area > 3000 pixels, i.e. diameter > 15.4 um) against all other Tregs
150 revealed significantly increased expression of cell-cycle related genes, including TUBA1C,
151 TRAP1, UBE2C, and CDK1 (Fig. 2G). This highlights how the CCE technology enables the
152  contextualization of cellular phenotypes, such as those defined by cell morphology, by explicitly
153  linking them to transcriptomic features.

154 We characterized the cells profiled at 13 days and profiled surface IL-10 using the Miltenyi
155  catch system (Methods, Extended data Fig. 1D). Given that signaling through IL-10 is a key
156  mechanism by which Tregs exert their suppressive function, we were surprised to find that cells
157  contained within our T conventional cell (Tconv) cluster contained more IL-10" cells (IL-10 IF
158 mean intensity > 10) than the Treg cluster (Fig. 2H). While this result was initially surprising, we
159  also found that Tregs expressed little to no IL710 in the Hao CD4 T cell atlas (Fig. 2H, Extended
160 data Fig. 1E-F). To further understand this phenomenon, we performed DE analysis between IL-
161 10" Tconvs and other Tconvs (Fig. 21). This analysis confirmed concordance between proteomic
162  and transcriptomic readouts, revealing higher Type 1 regulatory T cell- (Tr1)- associated /L710 and
163  CTLA4 mRNA alongside Th2-associated cytokines in FOXP3" IL-10" cells (CCL3, CCL4, IL5,
164  IL13). FOXP3 IL-10" CD4" T cells, or Tr1s, are well-documented in the literature as distinct
165  suppressive populations, while Th2 cells are noted for their strong secretion of various pleiotropic
166  cytokines''. Transcriptomic analysis of IL-10* TCMs revealed enrichment of Tr1- and Th2-
167  associated gene expression signatures compared to IL-10° TCMs (Extended data Fig. 1G) along
168  with elevated inferred activity of transcription factors EOMES and GATA3 (Extended data Fig.
169  1H), indicative of a hybrid or transitional cell state.

170 Finally, we further examined correlations between cell morphology and transcriptomic
171 profiles on day 13. We consistently observed that Tregs exhibited higher eccentricity (less
172  circularity) than TCMs (rank-biserial correlation 0.30) (Extended data Fig. 11). This observation
173  was confirmed via DE analysis comparing highly eccentric cells (eccentricity > 0.9) to other T
174  cells, which revealed upregulation of canonical Treg markers in eccentric cells (FOXP3, BATF,
175  CTLA4). Conversely, expression of several adhesive protein mRNAs (VIM, JAML, CD99) and T
176  cell activation markers (CCL3) were significantly downregulated in highly eccentric cells (Fig. 2J).
177  We also observed that mean eccentricity of condition | and Il cells at day 6 was greater than that
178  of condition | and lll cells at day 13 (0.43 vs. 0.39, rank-biserial correlation 0.17), as was FOXP3
179  expression (log-normalized expression of 3.1 vs. 2.1, rank-biserial correlation 0.31), showing that
180 the relationship between eccentricity and Treg marker expression was consistent across
181 timepoints, and that corresponding alterations in morphology occurred alongside the expected
182  gradual loss of Treg marker expression by Tregs over time in culture.

183
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186 FIGURE CAPTION:

187 Fig. 2: Paired imaging and transcriptomic profiling of human Tregs holistically
188 characterizes response to cytokine stimulation.

189 A, Schematic of Treg experimental design. Briefly, individual Tregs in CCEs were
190 activated with T cell TransAct and stimulated with various cytokine cocktails for 6 days (Conditions
191  I-IV) or 13 days (Conditions I+lIl). Tregs stimulated for 13 days were also stained for surface IL-
192 10 protein levels. B, Uniform manifold approximation and projection (UMAP) of batch-corrected
193  transcriptomic profiles of all 21,922 T cells from both 6 and 13 day time points colored by (left to
194  right, top to bottom) FOXP3 expression, CellTypist predicted cell types from Hao et al. PBMC
195 atlas (see methods)'’, experimental stimulation condition, and Leiden cluster. C, Composition plot
196  of experimental condition by Leiden cluster for clusters 1-3. D, Dot plot of Treg activation (red)
197  and suppression (blue) markers for Leiden clusters 1-3. E, Violin plot of tissue Treg scores of cells
198  profiled at day 6 in each experimental condition (see Methods). F, Kernel density estimate plot for
199 cells profiled at day 6 of cell area, and cell cycling score (see Methods). Dotted line represents
200 delineation between low area and high area cells in G. G, Volcano plot of differential expression
201  (DE) analysis between large Tregs (cell area > 3000 pixels, i.e. diameter > 15.4 um), and small
202  Tregs (cell area < 3000 pixels). Red points: genes upregulated in large cells (right, FDR < 0.05,
203 log2FC > 1), or genes upregulated in small cells (left, FDR < 0.05, log2FC < -1). Shown right are
204  two brightfield images of cells typifying these classes. H, Kernel density estimate (KDE) plots of
205 IL-10 immunofluorescence (IF) signal for cells profiled at day 13 in majority Treg clusters, and
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206  cells in majority Tconv. clusters (Extended data Fig. 1D). The dotted line represents delineation
207  between low IL-10 and high IL-10 cells in I. I, Volcano plot of DE analysis between Tconv. cells
208  with high IL10 IF signal (IL-10 IF > 10) and low IL-10 IF signal (IL-10 IF < 10). Red points: genes
209  upregulated in IL-10 IF-high Tconvs. (right, FDR < 0.05, log2FC > 1). Shown right IF images of
210  two cells typifying these classes. J, DE analysis between T cells profiled on day 13 with high
211 eccentricity (eccentricity > 0.9) and cells with low eccentricity (eccentricity < 0.9). Red points:
212  genes upregulated in highly eccentric cells (right, FDR < 0.05, log2FC > 0.5), or genes
213  upregulated in low eccentricity cells (left, FDR < 0.05, log2FC < -0.5). Shown right are two IF
214  images of cells typifying these classes. *Padj<0.05, **Padj<0.01, ***Padj<0.001.

215

216  Paired imaging and transcriptomic profiling of gut fibroblasts links proteomic and
217  morphological features to inflammatory signatures

218 To evaluate the utility of our simultaneous multimodal analysis in adherent cells, we
219  examined the temporal dynamics and cytokine response of human gut fibroblasts. Gut fibroblasts
220 are key regulators of tissue repair and inflammation. Their central role in inflammatory bowel
221 disease (IBD) signaling circuits has been increasingly studied, and therapies targeting the
222  immune-fibroblast axis have advanced to clinical trials®.

223 To investigate transcriptomic, morphological, and proteomic aspects of gut fibroblast
224  homeostasis and inflammatory responses, we profiled human Hs.675 colon fibroblasts using
225  CCE-based multimodal readout (Fig. 3A). We conducted a time-series experiment, collecting
226  high-quality morphological and transcriptomic readouts of 2,559 fibroblasts at time points of 0, 24,
227 48, and 72 hours (time course data and analysis also reported in companion manuscript, Khurana
228 etal.)’. Concurrently, we performed a cytokine-response experiment, culturing fibroblasts with IL-
229 1B, TNF, or Oncostatin M (OSM) for 72 hours before gathering transcriptomic and morphological
230 data. We collected transcriptomic and morphological data from two biological replicates, and for
231  one of the replicates we additionally included staining for surface markers (ICAM1, PDPN,
232 PDGFRA) and profiling of IL-6 and CCL2 secretion using LEGENDplex cytokine capture beads.
233  Again, exhaustive quality control excluded low-quality CCEs, as well as those that were empty or
234  contained multiple cells (Methods).

235 As in our study of Tregs, we first assessed whether our experimental data was suitable
236  for biological discovery using unimodal analysis techniques. We first examined transcriptomic
237  temporal dynamics (Fig. 3B, Extended Data Fig. 2B-C), focusing on the time-series experiment.
238 To validate that our fibroblasts phenotypically resembled colonic fibroblasts in vivo, we used
239  CellTypist, to transfer labels from the Buechler et al. multi-tissue human fibroblast atlas?®', and
240 found that the majority of our fibroblasts were annotated as ADAMDEC1 gut fibroblasts, with
241  smaller subsets identified as pan-tissue COL3A1 myofibroblasts and PI16 fibroblasts (Fig. 3C).
242  We then assessed transcriptional changes in Hs.675 cells over time and observed a progressive
243  downregulation of tissue-remodeling associated genes (COL71A1, COL3A1, COL6A3) and a
244 concurrent upregulation of inflammatory markers (/L6, IL24) over time (Fig. 3D). This result was
245  confirmed by pseudotime analysis, where inflammatory states and genes were inferred to become
246  more prevalent over the 72-hour time course (Extended data Fig. 2E-F). Distinct upregulation of
247  IL1B expression over time paired with consistently minimal TNF and OSM expression suggested
248  that autocrine IL1B signaling may help explain this increasing inflammatory phenotype. Having
249  characterized gut fibroblast homeostasis in this system, we next explored their response to
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250 inflammatory signals (Fig. 3A, bottom). Across the two biological replicates, we collected 4,598
251  high quality multiomic fibroblast profiles and observed that untreated fibroblasts clustered
252  distinctly from cytokine-stimulated cells (Fig. 3E). We next dissected the fibroblast states further
253 by using CellTypist with a gut-specific fibroblast atlas?®? and found that a greater proportion of
254  cytokine-stimulated cells were annotated as inflammatory fibroblasts, reflecting increased
255 inflammatory polarization in these samples (Fig. 3F, Methods). We found that IL-13 and TNF
256 induced a greater relative increase in inflammatory fibroblast scores compared to OSM (rank-
257  biserial correlations of 0.65 and 0.74 vs. 0.32 respectively), as well as a greater decrease in
258  myofibroblast scores (rank-biserial correlations of 0.51 and 0.45 vs. 0.25 respectively) (Fig. 3G-
259 H). OSM also uniquely induced strong upregulation of genes associated with its signaling
260 pathway, such as SOCS3 and CYP1B1 (Fig. 3H).

261 Having extensively profiled our data using traditional single cell analysis, we next sought
262  to access the unique multimodal insights made possible by CCE-based analysis. We began by
263  examining the relationship between proteomic and transcriptomic responses to inflammation. To
264  study fibroblast secretion profiles, we used size and fluorescence encoded beads for CCL2 and
265  IL-6 detection (LEGENDplex), demonstrating the utility of the CCE’s paired fluorescent imaging
266  and dynamic cell and bead caging (Fig. 31). Additionally, surface staining of ICAM1, PDPN, and
267 PDGFRa proteins revealed that the expression level of each of these proteins correlated with the
268 inflammatory gene signature across conditions, suggesting their utility as inflammatory markers
269 (Fig. 3J, Extended data 2H). This observation was further evidenced by the analysis of ICAM1
270  protein-high (log(ICAM IF) > 6) versus ICAM1 protein-low cells, with ICAM1-high cells showing
271 higher expression of ICAM1 mRNA among other inflammatory genes (CXCL5, CSF3, CXCL2,
272  MMP1/3), alongside downregulation of tissue remodeling genes (COL1A1, COL3A1) and various
273  tubulins (TUBB, TUBA1B, TUBA1C), which may reflect proliferative or migratory states (Fig. 3K).
274  Strikingly, we also found that ICAM1 protein expression correlated more significantly with
275 inflammatory gene score than ICAM1 mRNA expression (Spearman correlation of 0.41 vs. 0.17),
276  highlighting how CCE’s proteomic readout may more effectively characterize functional states
277  than transcriptomics alone.

278 Morphological changes also reflected transcriptional shifts in both the cytokine-response
279 and time course cohorts. Highly eccentric cells (eccentricity > 0.95) exhibited increased
280 inflammatory markers and decreased myofibroblast-related gene expression relative to
281 fibroblasts at the lower tail of the eccentricity distribution, suggesting a link between cell
282  morphology (adhesion, branching) and inflammatory gene expression (Fig. 3L, Extended Data
283  Fig. 2I-K). This association was also observed in our time-course data (Extended data Fig. 2I-K).
284  Given the general upregulation of inflammatory genes over time, we investigated if this
285 inflammatory progression was intrinsic to gut fibroblasts or a unique consequence of the cell’s
286 interactions with the CCEs. We repeated the 72h-hours control condition experiment using Hs.675
287 fibroblasts on a separate 6-well tissue culture plate and profiled the cells using a 10x Genomics
288  protocol (Methods). To further contextualize our findings, we also examined a public dataset of
289 lung IMR9O fibroblasts cultured for 6 days prior to 10x profiling, which represented a healthy, non-
290 pathogenic fibroblast population®. Hs.675 cells profiled via CCE showed high gene expression
291  similarity to those profiled by 10x with respect to genes from the inflammatory signature. In
292  addition, both were significantly more inflammatory than IMR90 cells, suggesting that
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293  spontaneous inflammation is an inherent feature of Hs.675 gut fibroblasts, and not an aberrant
294  feature of CCE profiling (Fig. 3M, Extended Data Fig. 2L-M).
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298 FIGURE CAPTION:

299  Fig. 3: Paired imaging and transcriptomic profiling of colonic fibroblasts reveals proteomic
300 and morphological markers of transcriptomically-defined inflammatory states.

301 A, Schematic of human colonic fibroblast experimental design. Briefly, individual
302 fibroblasts in CCEs were either left unstimulated, and profiled every 24 hours for 72 hours, or
303 stimulated with one of three cytokines for 72 hours. One replicate of the 72 hour stimulated
304 fibroblasts included IF-based imaging analysis of surface protein levels via fluorescent antibodies,
305 and cytokine secretion via fluorescent beads. B, UMAP of batch corrected transcriptomic profiles
306  of 2,559 time-course fibroblast cells colored by time point. C, Composition plot of the CellTypist-
307  predicted cell types of fibroblasts profiled at each timepoint using the Buechler et al. fibroblast
308 atlas*’ (see Methods). D, Dotplot of expression of myofibroblast-related genes decreasing over
309 time (purple), inflammation-related genes increasing over time (red), and cytokine-signaling-
310 related genes (green) for fibroblasts profiled at various timepoints. E, UMAP of 4,598 fibroblasts
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311 in the stimulation experiment, colored by experimental condition. F, Composition plot of the
312  CellTypist-predicted cell types of fibroblasts stimulated with various cytokines using the Smillie et
313 al. fibroblast atlas*® (see Methods). G, Violin plot of inflammatory fibroblast and myofibroblast
314  scores of fibroblasts treated with each cytokine stimulation (see Methods). H, Heatmap of
315  cytokine-induced gene expression relative to untreated cells for fibroblasts in each experimental
316 condition. I, IF images of untreated fibroblast and TNF-treated fibroblast. IF channels show
317  surface markers (ICAM1, blue) and cytokine secretion bead activity. Yellow beads represent
318 intermediate cytokine binding. LEGENDplex beads for IL6 and CCL2 are distinguished by bead
319  size and fluorescence intensity (CCL2 smaller, more intense, IL6 larger, less intense). J, KDE
320 plots of surface marker IF signal (PDPN, left, ICAM1, right) for cells from the stimulation
321 experiment. Dotted line represents delineation between low ICAM1 and high ICAM1 cells in K.
322 K, DE analysis between ICAM1-high fibroblasts (log(ICAM1 IF) > 6), and ICAM1-low fibroblasts
323  (log(ICAM1 IF) < 6) across cytokine stimulation conditions. Red points: genes expressed more in
324  ICAM1 IF-high fibroblasts (right, FDR < 0.05, log2FC > 0.5), or genes expressed more in ICAM1
325 IF-low fibroblasts (left, FDR < 0.05, log2FC < -0.5). L, Differential expression (DE) analysis
326  between highly eccentric fibroblasts (eccentricity > 0.95), and less eccentric fibroblasts
327  (eccentricity < 0.95) in the cytokine-response experiment. Red points: genes expressed in highly
328  eccentric fibroblasts (right, FDR < 0.05, log2FC > 0.5), genes expressed more in more circular
329 fibroblasts (left, FDR < 0.05, log2FC < -0.5). Shown right are two IF images of cells typifying the
330 classes. M, Dot plot of inflammatory gene expression for control-group Hs.675 colonic fibroblasts
331 profiled using CCE, untreated human Hs.675 colonic fibroblasts profiled using 10X, and untreated
332  IMR90 normal, proliferating lung fibroblasts profiled using 10X from Palikyras et al.**. Hs.675
333 fibroblasts were cultured for 72 hours, while IMR90 fibroblasts were cultured for 144 hours.
334  *Padj<0.05, **Padj<0.01, ***Padj<0.001.

335
336 PERTURB-LINK uncovers functional architecture of the NF-kB pathway in macrophages
337 To demonstrate the unique capabilities of CCE-based paired-omics profiling in genetic

338  perturbation screening, we developed PERTURB-LINK, a novel pooled CRISPR workflow that
339 deterministically links genetic perturbations to their effects on cell morphology, protein expression,
340  and transcriptomic state within the same single cells. We applied PERTURB-LINK to interrogate
341 innate immunity in murine BMDMs, a cell type whose plasticity dictates both inflammatory and
342  immunosuppressive responses to pathogens®?°. We used a curated 153-gene gRNA library
343  targeting key regulators of immune function®, with a focus on the NF-kB signaling pathway and
344  related inflammatory regulators. The library also included 10 olfactory receptor genes as cutting
345  controls and 60 non-targeting controls (NTCs) (Fig. 4A, Supplementary Table 1). The NF-kB
346  pathway is a central regulator of complex inflammatory responses and cell survival decisions of
347  immune cells?”?, These processes involve mechanistic complexity that warrants simultaneous
348  resolution of morphological, proteomic, and transcriptomic changes to establish causal
349 relationships between perturbations and functional outcomes.. Following lentiviral transduction
350  with our gRNA library, cells underwent puromycin selection and were enclosed within CCE.
351  Subsequently, the cells were either stimulated with 100 ng/mL of lipopolysaccharide (LPS, a
352  potent TLR4 agonist that robustly activates NF-kB signaling®®) or mock-treated (LPS -) for 12
353  hours. We initially profiled 104,670 cells and simultaneously acquired single-cell transcriptomic,
354  proteomic (CD40 and PD-L1 immunofluorescence), and detailed morphological features derived

11


https://www.zotero.org/google-docs/?broken=g27X6R
https://www.zotero.org/google-docs/?broken=x6I5kC
https://www.zotero.org/google-docs/?0qE0Q8
https://www.zotero.org/google-docs/?RH8deU
https://www.zotero.org/google-docs/?zvNyNq
https://www.zotero.org/google-docs/?u9h7TC
https://doi.org/10.64898/2026.05.05.723043

bioRxiv preprint doi: https://doi.org/10.64898/2026.05.05.723043; this version posted May 8, 2026. The copyright holder for this preprint (which
was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

355  from brightfield microscopy images (Fig. 4A). After quality control, 64,093 cells were retained
356  (61.23%), and 45,164 of these (70.46%) were confidently assigned to a valid gRNA (Methods).
357 To validate PERTURB-LINK, we first examined the global transcriptomic response to LPS
358  stimulation. A UMAP embedding of all batch-corrected single-cell profiles revealed a clear
359  separation between LPS-treated and unstimulated populations (Fig. 4B). To specifically assess
360  whether this separation was driven by known biology, we focused our analysis on NTC cells. LPS
361 stimulation in NTCs induced a robust inflammatory activation, characterized by the upregulation
362  of canonical NF-kB target genes such as Tnf, lI1b, and Nfkbia*>*'. We then generated a data-
363  driven "LPS response" signature by comparing stimulated versus unstimulated NTCs. Both the
364  NF-kB and data-driven scores were significantly elevated in the LPS-treated cells, confirming a
365  robust and canonical inflammatory response within our system (Fig. 4C; Extended data Fig. 3B-
366 C). Interestingly, we observed baseline activation of NF-kB pathways even in unstimulated
367  conditions (Extended data Fig. 3D), likely reflecting cell heterogeneity, cellular stress from lifting
368 and seeding, lentiviral transduction and puromycin selection®?2?,

369 As further validation of PERTURB-LINK, we assessed how genetic perturbations affected
370  cell viability in both stimulated and unstimulated conditions (Fig. 4D). Viability was determined by
371  quantifying the relative abundance of cells with each gRNA after 12 hours of culture, with a
372  decrease in counts indicating a cytotoxic effect. Despite the relatively short 12-hour stimulation
373  period, we identified clear patterns of stimulus-specific and shared gene dependencies. Knockout
374  of Myd88, Tab1, and Cul1 decreased macrophage viability under LPS stimulation but not in
375 unstimulated conditions. This LPS-specific effect essentiality aligns with their known mechanistic
376 roles: Myd88 serves as the primary adaptor for TLR4-mediated NF-kB activation®***, Tab1
377  functions as a critical cofactor for TAK1 kinase activity®*¢, and Cul1 facilitates IkB degradation to
378 enable NF-kB nuclear translocation®’. Conversely, perturbation of core pathway components
379  including Ikbkb (encoding IKKRB), Map3k7 (encoding TAK1), Irak1, and the transcription factor Fos
380 reduced cell survival regardless of stimulation status, highlighting their central roles across
381 inflammatory/survival pathways®3. The most significant perturbations that increased
382  proliferation were Traf2 and Nfkbia, which appear to enhance survival by disrupting the autocrine
383  TNF-mediated apoptotic loop*’. This is consistent with the known biology of activation-induced
384 cell death, where strong inflammatory signaling can limit macrophage proliferation®2°.

385 As our final unimodal validation, we systematically mapped pathway relationships by
386  assessing perturbation effects on gene expression using generalized linear models to generate a
387  perturbation-by-gene beta matrix, where each value represents the estimated log-fold change of
388  a gene's expression resulting from a specific perturbation (see Methods for details). This matrix
389 was then examined using correlation analysis. As expected, guides targeting expressed genes
390 significantly regulated more genes and robustly downregulated the expression of their intended
391 target gene compared to NTCs. As previously demonstrated in Perturb-seq datasets*', after
392  aggregating guide-level effects to gene level, we found that 56 of the 153 targeted genes (~36%)
393  significantly regulated the expression of their intended target gene. (Extended data Fig.3B). The
394  clustered perturbation-by-gene heatmap revealed clear groups aligned with known NF-kB
395  pathway branches (Fig. 4E). For this visualization, we focused on 40 key perturbations targeting
396 canonical inflammatory pathways (TNF, LPS, and TLR axes), downstream transcription factors,
397  and related cellular processes like survival and cell cycle. Perturbations targeting core NF-kB
398  signaling components clustered distinctly together (Fig. 4E, box 1), as did those affecting negative
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399  regulatory circuits and downstream transcriptional effectors (Fig. 4E, box 2). Perturbations linked
400 to macrophage survival are closely associated with core NF-kB components, consistent with their
401  critical roles identified in the viability analysis (e.g., lkbkb and Map3k7, Fig. 4E, box 3). This
402 integrative correlation analysis thus highlights the functional organization of the NF-kB signaling
403 network, emphasizing the close interplay between pathway regulation, downstream effectors, and
404  cellular survival mechanisms.

405 Having validated the screen's performance using unimodal analyses, we next leveraged
406 the CCE platform's unique truly paired-omics capabilities. We first sought to identify novel links
407 between genetic perturbations and cellular morphology, which CCEs enable by capturing both
408 transcriptomic and imaging data from the same individual cell. To quantify broad morphological
409 changes, we generated 1024-dimensional embeddings using the DINOv2 model*? from brightfield
410 images and assessed perturbation-induced alterations using the energy distance statistic’2. Our
411  analysis resulted in 5 significant hits in LPS- condition and 25 significant hits in LPS+ condition
412  (Extended data Fig. 4A-B). Among the significant hits, we highlighted top hits Arc in LPS- condition
413 and Myd88 in LPS+ condition as two examples (Extended data Fig. 4C). In unstimulated
414  conditions, Arc knockout induced statistically significant morphological changes (Fig. 4F,
415  permutation test, p-value<0.001). Although Arc has not been extensively characterized in
416  macrophages, its established role in regulating actin-cytoskeleton dynamics in neurons and other
417  myeloid cells like dendritic cells provides a plausible mechanistic basis for these alterations***°.
418 By contrast, Myd88 knockout produced significant morphological changes in stimulated
419  conditions, ranking among the top morphological hits, but not in the unstimulated (LPS -)
420  conditions. Under LPS +, Myd88-deficient cells appeared more rounded with reduced spreading
421  and structural complexity relative to controls (Fig. 4F; Extended Data Fig. 4B). This pronounced
422  stimulus-specific morphological phenotype aligns with Myd88's essential role in TLR4-mediated
423  NF-kB activation®, which is required for macrophage survival during LPS response. This
424  pronounced stimulus-specific morphological phenotype aligns with Myd88's essential role as the
425  TLR4 adaptor that drives NF-kB-dependent anti-apoptotic gene expression >, which protects
426  macrophages from LPS-induced cell death.

427 We next extended this integrated analysis to our proteomic data, assessing how
428  perturbation affected macrophage activation by quantifying two key surface proteins that fine-tune
429  the immune response: the co-stimulatory molecule CD40, which amplifies inflammatory signaling,
430 and the inhibitory checkpoint ligand PD-L1, which dampens it. Because both proteins were
431  strongly induced by LPS, we focused our analysis on the stimulated condition, comparing each
432  knockout to NTCs (Fig. 4G; Extended Data Fig. 4C—E). In particular, we identified 9 and 5 hits for

433 CD40 and PD-L1, respectively (p < 0.05). Among the hits, we highlighted three top hits, Maf,

434  Traf2, and Ppp1riba, as examples (Fig. 4G, Extended Data Fig. 4E). Several perturbations
435 induced pronounced phenotypic changes in protein expression that complemented the
436 transcriptomic data. Maf knockout, which increased viability in both stimuli, elevated CD40 under
437 LPS, consistent with loss of c-Maf-dependent IL-10, an immunosuppressive cytokine that
438 normally dampens the IFN-B—STAT1 signaling axis known to drive CD40 expression*. Traf2
439  deletion robustly increased PD-L1, consistent with loss of TRAF2—clAP restraint on non-canonical
440 NF-kB and RIPK1-linked interferon signaling*®#’. This pro-viability phenotype for both
441 perturbations is consistent with the transcriptomic map (Fig. 4E), where Maf and Traf2 clustered
442  separately from the cell-death associated group (box 3). Ppp1r15a knockout increased CD40 and
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443  PD-L1 with minimal impact on viability, which reflected in the single cell images (Fig. 4G, green
444  and red fluorescence increases). This is consistent with loss of GADD34—PP1 restraint on TLR—
445 TAK1/IKK and a prolonged elF2a-dependent integrated stress response®®*°. Together, these
446  data recover canonical dependencies and nominate putative macrophage regulators. Notably
447  Arc, which was identified through its morphological phenotype, and Ppp1r15a, a dual regulator of
448 CD40 and PD-L1, suggesting previously underappreciated connections between cytoskeletal
449  state, stress pathways, and checkpoint ligand expression which are uniquely revealed by CCE’s
450 integrated readout.

451
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453

454  FIGURE CAPTION:

455 Fig. 4: PERTURB-LINK in BMDMs dissects NF-kB pathway architecture.

456 A, Schematic of the CRISPR knockout screen in murine BMDMs highlighting LPS stimulation
457  conditions and paired-omics data collection (transcriptomics, proteomics, and morphology). B,
458 UMAP embedding corrected by Harmony integration, highlighting mock-treated (LPS-, grey) and
459  stimulated (LPS+, red) conditions. C, Violin plots showing the distributions of data-driven LPS
460 response signatures from NTCs and literature-derived NF-kB pathway signature scores. Highly
461  significant differences between LPS - and LPS+ conditions are indicated by significance (FDR <
462  0.05, log2FC > 0.5). D, Volcano plots of viability assay comparing gene perturbations to NTC in
463  LPS- (left) and LPS+ (right) conditions. Red points indicate significant hits (FDR < 0.05, |log2FC|
464 > 0.5). E, Heatmap illustrating Pearson correlations between gene perturbations in LPS— and
465 LPS+ conditions, based on PCA of the collapsed beta-matrix from gimGamPoi modeling®.
466  Hierarchical clustering annotations of sgRNA categories are labeled at the top of the heatmap. F,
467 3 representative brightfield images of BMDMs with DINOv2-identified morphological phenotypes,
468  showing cells with altered boundaries and complexity following Myd88 and Arc knockout. The
469 overlay is a graphical representation of cell masks generated from 6 cells. G,
470 Immunofluorescence of CD40 (green) and PD-L1 (red) surface expression of select perturbations
471  with significant proteomic phenotypes are highlighted. LPS — condition is represented in white
472  and LPS + condition is represented in light salmon.

473
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474 DISCUSSION

475 In this study, we harnessed CCE technology to generate rich paired-omics data under
476  perturbation, which enabled novel insights across three diverse cellular contexts. Our single-cell-
477  resolved transcriptomic, proteomic, and morphological readout first allowed us to thoroughly
478 characterize the responses of human Tregs in suspension to tissue-cytokine factors. This
479  application was of particular interest as, while current droplet-based transcriptomic and proteomic
480 technologies are readily compatible with suspension cells, the simultaneous detection of gene
481  expression and imaging features such as morphology and localization of protein expression in
482  such cells remains challenging. There, we identified correlations between morphological features
483 of live Tregs, such as eccentricity, with the induction of canonical Treg-associated gene
484  expression. The proteomic readout was particularly valuable, enabling us to identify a
485  subpopulation of potentially suppressive conventional T cells expressing IL-10 cytokines, a finding
486 that, without the aid of immunofluorescence imaging, might have been misattributed to the
487  sparsity often observed in transcriptomic data alone. Furthermore, in colonic fibroblasts, the
488 platform's single-cell resolution directly linked ICAM1 and PDPN protein expression to
489 inflammatory gene module activity, offering new avenues for identifying these key cell types in
490 inflammatory diseases. Live-cell imaging also allowed us to directly associate branching
491  processes resulting in heightened fibroblast eccentricity with inflammatory gene expression,
492  providing insight into the relationship between functional cellular processes and inflammatory
493  gene expression. Studying adherent cells was particularly pertinent as many droplet or flow-based
494  assays necessitate detachment of adherent cells, potentially introducing stress and aberrant
495  signaling immediately preceding transcriptomic readout®’, while CCEs allow for direct in situ lysis
496 of adherent cell and in-cage primer-guided reverse transcription. Finally, we developed
497 PERTURB-LINK, a novel CRISPR screening technology compatible with CCEs and applied it in
498 BMDMs which enabled the deconvolution of complex gene functions, revealing genes whose
499  impact was primarily on morphology (Arc) or on surface protein expression (Ppp1r15a), alongside
500 core Nf-kB regulators (Myd88) whose essential roles manifested across all measured modalities.
501 BMDMs and other myeloid cells, undergo known morphological changes in response to
502 pathogens, and while previous work explored morphological changes and expression of select
503 transcripts in the same single cells®, it was not previously possible to measure morphology and
504  full transcriptome gene expression in the same single, live myeloid cell. While we were able to
505 extensively validate the quality of each readout in isolation throughout our studies, the above
506 findings, each of which would be inaccessible using single-omic approaches, demonstrate the
507 deep biological value granted by expanding the breadth of data modalities examined in a focused
508 experimental setting over time.

509 Single-cell, time-resolved multimodal analysis in in vitro settings as enabled by CCEs
510 flexible cell capture, occupies a unique and complementary space in the current landscape of
511  experimental tools at scientists’ disposal. As highlighted in the discussion of the advantages of
512  microwell-, capsule-, and barcode-based technologies, many current platforms effectively
513  address gaps in throughput, experimental flexibility, breadth of readout, and resolution depth; for
514  example traditional spatial transcriptomic and proteomic technologies excel at profiling tissue
515  organization at subcellular resolution, and several technologies have leveraged these platforms
516 to generate paired transcriptional, proteomic, and morphological data®*=*°. CCEs build on this
517  foundation by offering a platform specialized for dynamic stimulation, longitudinal observation,
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518  perturbation studies, and whole-transcriptome readouts. Imaging-based perturbation experiments
519 allow for the linking of single-cell morphological states to genetic or chemical perturbations at
520 scale®’. CCEs extend these capabilities by deterministically linking full transcriptional and
521 morphological states of single cells under perturbation, potentially helping contextualize the
522  morphological responses observed using imaging-based techniques. Live-cell RNA resampling
523 technologies address the need for longitudinal transcriptomic measurements; CCEs advance this
524  approach by linking longitudinal live-cell imaging to transcriptional states at high throughput®°.
525  Other approaches have harnessed DNA nanoball technology to enable single-cell-resolved
526  multiomic readouts®®. CCEs add a new dimension to this technology by allowing for dynamic rule-
527  based cell encapsulation, enabling the study of secretomics via immunofluorescent analysis of
528 fluorescent beads and multi-cellular functional assays. As demonstrated by this study, CCEs
529 represent a unique tool by blending temporally resolved analysis of live-cell morphology, gene,
530 and protein expression which confers unique advantages in the terms of the breadth and depth
531  at which myriad in vitro systems can be studied.

532 While this study has demonstrated many of the advantages of dynamic CCE-enabled
533 multimodal readout, many opportunities to expand its utility, both experimentally and
534  computationally, remain. Our current applications have focused on encapsulation of single cells.
535 However, future studies could aim to capture multiple cells, enabling rigorously controlled studies
536  of cell-cell interactions and thus more sophisticated functional assays with integrated
537  morphological, proteomic, and genetic perturbation readouts, especially building off of the
538 perturbation studies enabled by PERTURB-LINK. Current technologies largely interrogate cell-
539 intrinsic gene regulation, whereas our approach enables scalable analysis of how genetic
540  perturbations in one cell influence morphology, function, and transcriptional state of neighboring
541  cells, providing a framework to study complex multicellular interactions such as Treg-mediated
542  immunoregulation impacting cytotoxic T cell killing and fibroblast-macrophage communication.
543  The application of transcriptomic deconvolution algorithms, aided by ground-truth cell-type
544  assignments, may also enable meaningful transcriptomic readouts in these multi-cell contexts®'~
545 % Computationally, further integration of imaging-based and transcriptomic readouts via
546  weighted-neighbor, deep-learning, or dimensionality-reduction-based methods could potentially
547  enhance the resolution of cellular identity and uncover novel cell types and states which are only
548  possible to define in multimodal space'®®*%¢. Additionally, the ability to perform cell fixation and
549  subsequent staining combined with high-content microscopy could facilitate richer morphometric
550 analysis®’.

551 In summary, the use of CCEs for paired imaging and omics readouts in single cells
552  represents a significant step forward in the ongoing pursuit of richer, higher-content data. The
553 technology’s blend of integrated omics readouts which can be harnessed flexibly across
554  experimental settings, especially including this development of pooled perturbational studies, is
555  representative of the innovation needed to enable the next generation of biological discovery, as
556  exemplified by this paper’s findings.
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586 METHODS

587

588 EXPERIMENTAL METHODS:

589

590 Generation and Cell culture within CellCage™ Enclosures (CCEs)

591  The CCE workflow starts with cells in suspension, which are mixed with a biocompatible hydrogel
592  precursor mix and loaded into an 8-lane flow cell. Following an imaging scan and leveraging
593  computer vision within the instrument, the optimal placement of compartments containing cells
594  and barcoded capture oligos is determined. Polymerization is then induced by projecting 405 nm
595 light to form the desired enclosure pattern. The enclosed cells can be cultured and imaged for
596  several days before cell lysis and transcriptome capture occurs (see companion manuscript
597 Khuranaetal.)’.

598

599  Treg treatment and imaging

600  Human Peripheral Blood CD4"CD25'CD127lowFOXP3" Treg cells were purchased from Stemcell
601  (#200-0120). 200,000 cells per well were activated with anti-human T cell TransAct (Miltenyi
602 Biotec, 130-111-160) and cultured in TexMACs medium (Miltenyi Biotec, 130-097-196) under four
603 different conditions: (1) IL-2 only (PeproTech, #200-02-10UG, 500 U/mL); (2) IL-2 (500 U/mL), IL-
604 12 (PeproTech, # 200-12P80H-10UG, 50 ng/mL), and IL-21 (PeproTech, # 200-21-10UG, 50
605 ng/mL); (3) IL-2 (500 U/mL), IL-12 (50 ng/mL), IL-21 (50 ng/mL), and IL-23 (PeproTech, # 200-
606 23-10UG, 50 ng/mL); and (4) IL-2 (500 U/mL), IL-12 (50 ng/mL), IL-21 (50 ng/mL), IL-23 (50
607 ng/mL), and TGF-B (PeproTech, # 100-21-10UG, 50 ng/mL). After 3 days of culture, TransAct
608 was removed, and cytokines were re-supplemented for an additional 3 days of incubation. On day
609 6, Tregs from all four cytokine conditions were resuspended in Cellanome hydrogel precursors
610 and immediately processed for mRNA capture following CCE formation.

611

612  In parallel, the remaining Tregs from condition 1 were re-activated on day 6 using TransAct in the
613  presence of IL-2 (500 U/mL), and those from condition 3 were re-activated with TransAct in the
614  presence of IL-2 (500 U/mL), IL-12, IL-21, and IL-23 (each at 50 ng/mL). On day 13, IL-10
615  secretion was assessed using the Miltenyi IL-10 Secretion Assay (Cat# 130-090-434). Tregs were
616 labeled with IL-10 catch reagent according to the manufacturer's instructions, loaded onto
617  flowcell, and stimulated with TransAct to induce cytokine secretion. After 20 hours of incubation
618 at 37 °C, PE-conjugated IL-10 detection antibody (1:200 dilution) was added. Imaging was
619  performed using the Cellanome R3200 instrument, followed by cell lysis and mRNA capture for
620 downstream analysis.

621

622  Fibroblast treatment and imaging

623 Hs 675.T human colon fibroblasts (ATCC; CRL-7400) were cultured in Dulbecco’s Modified

624  Eagle Medium (DMEM; ATCC, 30-2002) supplemented with 10% fetal bovine serum (FBS;

625 ATCC, 30-2020), 1% penicillin-streptomycin (ATCC, 30-2300), 5 pg/mL insulin (Lonza

626  Biosciences, BE02-033E20), and 10 ng/mL FGF-2 (R&D Systems, BT-FGFBHS-010). Cells

627  were maintained at 37°C in a humidified incubator containing 5% CO,.

628
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629  On the day of the experiment, fibroblasts were detached using Trypsin-EDTA (Thermo Fisher
630  Scientific, 256200072) and resuspended in cell media containing Cellanome hydrogel precursors
631 mixed with IL-6 and CCL2 LEGENDplex cytokine capture beads (BioLegend; 740800 and

632 740200, respectively). These beads are size and fluorescent dye encoded allowing for easy

633  demultiplexing of captured signal. The cell-bead mixture was loaded onto a Cellanome 3T

634  genomic flow cell and transferred to the Cellanome R3200 instrument for CCE formation. Flow
635 cells were incubated at 37°C with 5% CO, for 72 hours, with daily media exchanges.

636

637  Following incubation for multimodal analysis, cells were stained with fluorescently conjugated
638 antibodies against IL-6 (BioLegend, 504504), CCL2 (BioLegend, 502604), podoplanin (PDPN;
639 BD Biosciences, 753243), PDGFRa (BD Biosciences, 562798), and ICAM-1 (SC Biotechnology,
640 sc-18908 FITC). Imaging was performed using the Cellanome R3200 instrument, then cells

641  were lysed and processed for mMRNA capture. In parallel, cells cultured on separate cell culture
642 plates, were collected and lysed for mMRNA capture using a Single Cell 3’ Reagent Kit (v3) on a
643  Chromium (10X genomics) instrument.

644

645 BMDM Cell Culture

646  Bone marrow was collected from tibias and femurs of 8- to 14-week-old Cas9-enhanced green
647  fluorescent protein (eGFP) transgenic mice. Following red blood cell lysis using ACK lysis buffer
648 (Gibco, A1049201), 10 million cells were plated in BMDM medium (DMEM high glucose, 10%
649 Tet-Negative heat-inactivated FBS, 1x GlutaMAX, 100 U/mL penicillin—streptomycin and
650 50 ng/mL recombinant mouse macrophage colony-stimulating factor (Genentech media facility)
651 at a density of 1 million cells per ml in 10cm non tissue culture treated dishes (ref 351146,
652  Corning). On day 3 after plating, plates were washed once with PBS and fresh media and pooled
653 lentivirus supernatant was added to cells overnight (Supplementary Table 1). Transduced cells
654  were selected with 5ug/ml puromycin from day 8 to day 11. For loading onto the instrument, cells
655 were washed once with PBS and incubated in 5mL of Accutase (ref 7920, Stem Cell
656  Technologies) at 4C for 10 min. Cells were collected, spun down and resuspended to a density
657  of 1.5e6 cells/mL in media with 100ng/mL of mouse macrophage colony stimulating factor.

658 LPS Treatment and immunostaining for BMDM PERTURB-LINK:

659  Cells were stimulated with 100ng/mL LPS (ALX-581-010, Enzo Life Sciences 1mg/mL) for 12hrs.
660  After LPS stimulation cells were washed with PBS and blocked with 2.5ug/mL TruStain FcX plus
661 (cat nr 156604) in Staining Buffer (1x PBS, 2% BSA, 0.01% Tween) for 10 min at RT. 200 uL of
662  Staining buffer with a 1:25 and 1:25 dilution of PE-conjugated anti Cd40 antibody (cat nr 124610)
663 and APC conjugated anti-PD-L1 antibody (cat nr 124312) was loaded onto the lane. Cells were
664  incubated for 30 min at room temperature and washed 3 times before imaging.

665

666 COMPUTATIONAL METHODS:

667

668 Transcriptomic preprocessing pipeline:

669  Processing of sequencing data was performed as described in our technology companion paper,
670 Khurana et al.”. Briefly, STARSolo®” was used to generate barcodes by gene count-matrices.
671  Counts are then aggregated per CCE by summing transcript counts. CCEs are then filtered based
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672 on CCE-barcode overlap to ensure efficient capture of mMRNA. Upon aggregation, quality control
673  was performed using standard workflows combining transcriptomic- and imagining-based quality
674  controls. Briefly, in Treg experiments cages with >750 MBCs and <15% mitochondrial reads were
675 kept, and in fibroblasts, cages with >1000 MBCs and <20% mitochondrial counts were kept.
676  Quality control steps in BMDMs are described below. After CCE filtering, preprocessing, and
677  CCE-level aggregation was performed using SeqAnalysis, an R package specifically developed
678 for analysis of data from CCE technology.

679

680 Image analysis and DINOv2 embedding:

681 Imaging analysis was performed as described in our technology companion paper, Khurana et
682  al.”. Briefly, YOLOV5®® was trained on 15,000 images in order to generate object bounding boxes
683  during CCE formation, and Mask R-CNN® was trained and used to generate detailed object
684 masks quantifying imaging features. Segmentation of objects was performed on brightfield
685 images. Immunofluorescence quantification was calculated as the mean pixel intensity per object,
686  and background subtraction was performed. The DINOv2*? model was used to generate cell-level
687  morphology embeddings.

688

689  Analysis Pipeline:

690

691  Analyses of Treg and Fibroblast and CCE-Aggregated Datasets in Python

692 Treg and fibroblast datasets were analyzed using a combination of custom Python code and
693 Pegasus v1.10.27°. First, CCEs with exactly one cell were isolated, and CCEs with 0, >1, or
694  unknown numbers of cells were filtered out. Second, raw counts were normalized to CPK100K
695 (counts per 100,000) at the single CCE level, and log-transformed (log(CP100K+1). Thirdly, the
696 top 2,000 highly variable genes (HVGs) were identified, and 50 principal components were used
697 for downstream analysis. In cases where batch correction was performed, the effects of the
698  number of genes was regressed out, and then Harmony-Pytorch”", a Pytorch implementation of
699 the Harmony batch correction algorithm’? was applied with default parameters and GPU mode.
700  The batch keys used for each integration were as follows: Fig. 2A: Treg cohort (6 days treatment,
701 13 days treatment), Fig 3B: Fibroblast time point (Oh, 24h, 48h, 72h), Fig. 3C: experimental
702  replicate (Fibroblast treatment replicate 1, replicate 2). Using either the uncorrected PCs, or the
703  Harmony-corrected PCs, a k-nearest neighbor graph was then built, and utilized to construct
704  UMAPs’" for single cells, as well as for cluster detection using the Leiden community detection
705  algorithm™ 7. Cell type annotations were predicted using CellTypist as described below. Gene
706  program signature scores were calculated using Pegasus and the exact gene list for each
707  signature is listed in extended data table 1. Differential expression analysis between cellular
708  populations was performed using the Mann-Whitney-U test implemented in Pegasus. The false
709 discovery rate for genes was controlled at 5% using the Benjamini-Hochberg procedure’, and
710  the resulting g-values were reported alongside log2(fold changes) for each gene.

711

712  CellTypist for Cell Type Prediction:

713  CellTypist, a logistic regression-based cell type annotation tool, was used to transfer labels from
714  atlases of fibroblasts and immune cells to our fibroblast and Treg datasets respectively'’. First,
715 we fit Celltypist to reference pre-annotated atlases using default parameters. To annotate our
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716  Treg datasets, a model was first fit to the CD4 T cell compartment of Hao et al., excluding CD4
717  proliferating cells®. In order to annotate fibroblasts according to tissue type, the model was fit to
718  the entirety of Beuchler et al.?". Another final CellTypist model was fit to the entirety of Smillie et
719  al. which was then used to characterize fibroblast subtype?. SGD-based feature selection was
720  performed to fit models to Beuchler and Smillie atlases. Once fit, the models were used to predict
721 individual cell types, and the predicted cell labels were recorded. Confidence scores for each
722  prediction class are reported in extended data figures 1A and 2A.

723

724  Pseudotime Ordering of Fibroblasts using Diffusion Maps:

725  Diffusion pseudotime maps of time-course fibroblasts was performed using Pegasus as described
726  in Haghverdi et al., 2016. The affinity matrix was calculated using the top 50 PCs calculated for
727  the time-course fibroblasts. Using this affinity matrix, 100 diffusion components were calculated,
728  which were then used to generate single-cell pseudotime orderings. Fibroblasts from the 0-hour
729 time point were used as the root for pseudotime calculation, and diffusion pseudotimes were
730  normalized from 0 to 1.

731

732  Transcription factor activity inference:

733  Transcription factor activity scores were inferred using decoupler's univariate linear model
734  method”’. The CollecTRI database was used to link transcription factors to downstream genes’®.
735

736  Analysis of PERTURB-LINK in BMDMs

737 Initial quality control of the Perturb-seq data was performed using empty CCEs to define filtering
738 thresholds. A minimum feature count cutoff was established by calculating the mean plus 1.5
739 times the standard deviation of the feature counts within the empty CCE population. CCEs below
740  this threshold were excluded. gRNA assignment was then conducted using MBC-based filtering,
741 requiring a minimum of 3 MBCs per gRNA. Only cells containing a single gRNA were retained for
742  downstream analysis. To integrate data across experimental batches, the Harmony algorithm?2
743  was applied to the first 30 principal components (PCs) of the normalized transcriptomic data,
744  using the experiment of origin as the batch variable. This corrected for technical artifacts while
745  preserving biological variation.

746

747  Cell Viability Analysis

748  To assess the effect of each perturbation on cell viability, we analyzed the relative abundance of
749  cells within the LPS-stimulated condition. First, a gRNA-by-lane count matrix was generated by
750  counting the number of cells assigned to each specific gRNA within each technical replicate
751  (lane). These raw counts were then normalized. The counts were adjusted to correct for the
752 uneven representation of gRNAs in the initial pooled plasmid library. The normalized counts for
753  each targeting gRNA were compared to the distribution of counts from the non-targeting control
754  gRNAs using a paired t-test across the technical replicates. This comparison yielded a p-value
755 and a log2 fold change for each perturbation. Perturbations were classified as significantly
756  cytotoxic or proliferative if the p-value was less than 0.05 and the absolute log2 fold change
757  exceeded a 0.5 threshold.

758

759  Generalized Linear Model and Regularization
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760  To model the transcriptional effects of each perturbation, we used gimGamPoi*®® Separate models
761  were fitted for each gRNA, with cells containing non-targeting gRNAs serving as the reference
762  control group. The experimental batch was included as a covariate in the model, and a likelihood
763 ratio test was used to assess differential gene expression. The resulting beta coefficients,
764  representing log2 fold changes, were regularized using an empirical Bayes shrinkage procedure.
765  To achieve this, we applied a spike-and-slab prior, consisting of a point-mass spike and Laplace
766  slab, to the LFCs After fitting the parameters of the spike-and-slab prior via maximum likelihood,
767  we then computed the posterior mean of the LFCs, which served as the shrunken effect size for
768  all downstream analyses. Finally, to explore the functional relationships between perturbations, a
769  correlation analysis was performed on the shrunken beta matrix. PCA was performed on this
770  scaled matrix, and the first 10 PCs were used to calculate the centered cosine similarity (Pearson
771  correlation coefficient) between perturbations.

772

773  Morphological perturbation analysis:

774  Integration of morphology and perturbation metadata was performed at the CCE level. The first
775 50 PCs explained all the variance and all downstream morphology tests used this representation.
776  Perturbation effects on morphology were quantified by comparing perturbed cells to matched
777  NTCs using the energy distance statistic. Statistical significance was evaluated with a stratified
778  permutation test, permuting labels within experiment-lane to control for batch/technical effects.
779  For each perturbation we recorded the observed effect size and the permutation p-value. Unless
780  otherwise specified, p-values are unadjusted; where reported, multiple testing was controlled with
781  Benjamini-Hochberg at 5%.

782

783  CRISPR-IF perturbation modeling (CD40 = green; PD-L1 = red):

784  Per-cell immunofluorescence intensities were analyzed using custom Python code. Within LPS +
785  we fit a ordinary least squares model to each channel independently with categorical encoding
786  for gRNA and experimental batch:

787  Q(outcome) ~ C(gRNA) + C(experiment).

788  The non-targeting gRNA was set as the reference level to enable direct interpretation of
789  coefficients as the effect of each perturbation relative to non-targeting, adjusted for experiment
790  (batch). For every gRNA and channel, we report the log fold change, the two-sided Wald p-value,
791  and the 95% Wald confidence interval.
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964 EXTENDED DATA

965
966 EXTENDED DATA 1: Gene signature gene lists and sources
967
Signature Name Figures Genes Source
Tissue Treg Score 2C DHRS9, THBS1, NAPSB, Delacher et al."®

KIF5A, SERPINA1, ELOVL?Y,
FNBP1L, GPR183, EFR3B,
RDH10, FNIP2, RGSS8, IL1R1,
BCLIL, RUBCNL, DIXDCT1,
NIPAL4, MYO5B, BCARS,
IL13RA1, TRIM38, RGS1,
CCR8, CXCRS5, LYN, COL6AS,
CCNA1, FAM49A, NRP1,
USP43, TIMP1, AHCYL2,
AC112721.2, IL23R, CACHD1,
ALPK2, LOXL2, LPL, RORC,
LRRC32, MIAT, FAM105A,
LINC01991, SLC7A11,
PMEPA1, RGCC, SPARC,
ASCL1, METTL7A, SLC27A2,
NCEH1, RTKN, GPR55,
S100A2, NAPSA, SLC2A9,
AC105105.1, SLC1A1, ST00A6

Cycling Score 2D Max of G1/S and G2/M score. Tirosh et al.”™

G1/S Genes: CDCA7, MCM4,
MCM7, RFC2, UNG, MCMS,
RRM1, SLBP, PCNA, ATAD2,
TIPIN, MCM5, UHRF1,
POLR1B, DTL, PRIM1, FEN1,
HELLS, GMNN, POLD3, NASP,
CHAF1B, GINS2, POLA1,
MSH2, CASP8AP2, CDCS6,
UBR7, CCNE2, WDR76, TYMS,
CDC45, CLSPN, RRM2,
DSCC1, RAD51, USP1, EXO1,
BLM, RAD51AP1, CENPU,
E2F8, MRPL36

G2/M Genes: CBX5, AURKB,
CKS1B, CKS2, JPT1, HMGB?2,
ANP32E, LBR, TMPO, TOP2A,
TACC3, TUBB4B, NCAPD?2,
RANGAP1, CDK1, SMCA4,
KIF20B, CDCAS8, CKAP2,
NDC80, DLGAP5, HIURP,
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CKAPS, BUB1, CKAP2L, ECT2,
KIF11, BIRC5, CDCA2, NUF2,
CDCA3, NUSAP1, TTK,
AURKA, MKI67, PIMREG,
CCNB2, TPX2, HIURP, ANLN,
KIF2C, CENPE, GTSE1, KIF23,
CDC20, UBE2C, CENPF,
CENPA, HMMR, CTCF,
PSRC1, CDC25C, NEK2,
GAS2L3, G2E3

Tr1 Score 2E IL10, IFNG, ITGA2, LAGS3, Brockmann et al.*®

CD18, AHR, CD28, CTLA4,

ICOS, PDCD1, CD39, CD73,
BATF, PRDM1, EOMES

Th2 Signature 2E GATAS, IL4, IL5, IL13, IL10, Paul and Zhu'®
IL25, IL31, IL9, PTGDR?2,
CCR4, CCRS, IRF4, CD30,
BATF, STAT6

Inflammatory Score 3C/E PLAU, CHI3L1, MMP3, IL1R1, Smillie et al.??
IL13RA2, TNFSF11, MMP10,
OSMR, IL11, STRAG, FAP,
WNT2, TWIST1, IL24

Myofibroblast Score 3C/E ACTA2, TAGLN, MYL9, Smillie et al.??
PDLIM3, TPM1, HHIP, MYLK,
SOSTDC1, ACTG2, FHL1,

MYH11, MYL6
TCR Signaling S1B AKT3, RASGRP1, CDK4, Kanehisa et al.
Signature PAK4, VAV3, NFAT5, MALTT1, (KEGG)®

CHP1, CHUK, MAP3K8,
MAPK14, CSF2, CTLA4, DLGT1,
AKT1, AKT2, FOS, PIK3RS,
CBLC, FYN, LAT, GRB2,
GSK3B, ICOS, HRAS, IFNG,
IKBKB, IL2, IL4, IL5, IL10, ITK,
JUN, KRAS, RHOA, LCK,
LCP2, NCK1, NFATCT,
NFATC2, NFATC3, NFATC4,
NFKB1, NFKBIA, NFKBIB,
NFKBIE, NRAS, PAK1, PAK2,
PAK3, PDCD1, PDPK1,
PIK3CA, PIK3CB, PIK3CD,
PIK3CG, PIK3R1, PIK3R2,
PLCG1, PPP3CA, PPP3CB,
PPP3CC, PPP3R1, PPP3R2,
PRKCQ, MAPK1, MAPKS,
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MAPK11, MAPK9, MAPK13,
MAP2K1, MAP2K2, MAP2K7,
PAKS6, PAKS5, PTPN6, PTPRC,
RAF1, RELA, MAPK12, CHP2,
SOS1, SOS2, MAP3K7, TEC,
TNF, VAV1, VAV2, ZAP70,
NCK2, CARD11, PIK3R3,
IKBKG, CBL, CBLB, BCL10,
MAP3K14, CD3D, CD3E,
CD3G, CD247, CD4, CD8A,
CD8B, CD28, GRAP2,
CD40LG, CDC42

Effector Tissue Treg

S1B
Signature

CD40LG, THEMIS, IL7R, Mijhneer et al.®'
KLRG1, ID2, NKG7, STATS,

SOCS1, PDCD1, CCL5,
KLRB1, BACH2, SATB1,
CCR7, TCF7, BCL2
GZMB, ICOS, IL10, IL1R1,
CCRS8, TGFB1, EBI3, PRIDM1,
TMEM173, LGALS1, LGALSS,
TNFRSF1B, IL2RB, IL12RB2,
HAVCR2, VDR, TNFRSF18,
CCR5, BATF, LAG3, CXCR3,
TNFRSF4
NF-kB Signature

3C, S3C Tnf, ll1a, lI1b, 16, 1112b, Cxcl1,

Liberzon et al.
Cxcl2, Cxcl3, Cxcl10, Ccl2, (MSigDB)®?;
Ccl3, Ccl4, Ccl5, Ccl7, Ccl9, Kanehisa et al.
Ccl12, Nos2, Ptgs2, Nfkbia, (KEGG)®
Tnfaip3, Zc3h12a, Bcel3, 1110,

Atf3, Ifnb1, Ifit1, Ifit2, Ifit3,
Oasl1, Oasl2, Mx1, Isg15,
Zbp1, Icam1, TIr2, Cd80, Cd83,
Relb, Nfkb2, Irf1, Irf7, Fos, Jun,

Sp1
968
969
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EXTENDED DATA FIGURE 1: Tregs
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Extended Data Fig. 1: Joint proteomic, morphological, and transcriptomic profiling of

human Tregs.

A, Confidence scores of CellTypist predictions for each CD4 T class included in Hao et al.
PBMC atlas'® (all cells included). B, T cell receptor (TCR), and inflammatory T reg signature

scores for Leiden clusters 1-3 in Fig. 2B (see methods). C, UMAP of 17,967 T cells profiled at 6

days colored by (left to right, top to bottom) experimental condition, CellTypist predicted cell
type, tissue Treg score, cell size, and cycling score. D, UMAP of 3,955 T cells profiled at 13
days colored by (left to right) CellTypist predicted cell type, and IL-10 IF signal. E, UMAP of Hao
et al. CD4 cells colored by (left to right) cell type, and IL70 expression. F, Dot plot of gene
expression across cell types in Hao CD4 T cell atlas. G, Tr1 and Th2 signature scores for IL-10
IF high (IL-10 IF > 10) and IL-10 IF low (IL-10 IF < 10) T conventional cells (see methods). H,
Inferred transcription factor activity score for IL-10 IF high and low Tconv cells. Transcription
factor inference was performed using a univariate linear model from decoupler and the
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988  CollecTRI transcription factor database. I, UMAP of cells profiled at 13 days colored by (left to
989  right) eccentricity, and Leiden cluster. J, Dot plot of gene expression for high (eccentricity > 0.5)
990 and low eccentricity (eccentricity < 0.5) cells in each Leiden cluster in H. P values for gene

991  score comparison and DE analysis were calculated using a two-sided Wilcoxon rank sum test.
992  *Padj<0.05, **Padj<0.01, ***Padj<0.001.

994 EXTENDED DATA FIGURE 2: Fibroblasts
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998 CAPTION:

999 Extended Data Fig. 2: Joint proteomic, morphological, and transcriptomic profiling of
1000 human colonic fibroblasts. A, Confidence scores of CellTypist predictions for each fibroblast
1001  cell type included in Buechler et al.?! (top) and Smillie et al.?? (bottom) fibroblast atlases for all
1002 cells. B, UMAP of batch corrected transcriptomics of 2,559 time-course fibroblasts colored by
1003 Leiden cluster label. C, Percent mitochondrial RNA, number of MBCs, and cycling signature
1004  score for each cluster in B. D, Composition plot of the CellTypist-predicted cell types of
1005 fibroblasts profiled at each timepoint using the Smillie et al. fibroblast atlas. E, Diffusion map
1006 embedding of time course fibroblasts colored by (left to right) inferred pseudotime, and
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CellTypist predicted cell types from Smillie et al. atlas. F, Rank-ordered spearman correlation of
spearman pseudotime and gene expression for time-course fibroblasts. G, UMAP of 4,598
fibroblasts, without batch correction, stimulated with various cytokines colored by (left to right)
cycling signature score, and eccentricity. H, KDE plots of surface PDGFRa IF signal for cells
treated with various cytokines. I, Violin plot of eccentricity for time course fibroblasts (left) and
cytokine-treated fibroblasts (right). J, Inflammatory fibroblast and myofibroblast signature scores
for time-course fibroblasts. K, Differential expression (DE) analysis between highly eccentric
fibroblasts (eccentricity > 0.95), and less eccentric fibroblasts (eccentricity < 0.95) in the time-
course experiment. Red points: genes expressed in highly eccentric fibroblasts (right, FDR <
0.05, log2FC > 1), or genes expressed more in more circular fibroblasts (left, FDR < 0.05,
log2FC < -1). L UMAP of 1,249 control-group Hs.675 colonic fibroblasts profiled using CCE,
2,229 untreated human Hs.675 colonic fibroblasts profiled using 10X, and untreated,
proliferating 8,443 IMR90 normal lung fibroblasts profiled using 10X from Palikyras et al.?®
colored by (left to right) data source, inflammatory signature score, and myofibroblast signature
score. M, Violin plot of inflammatory fibroblast score by data source of fibroblasts described in
K. P values for both DE analysis and tissue Treg score comparison were calculated as
described in methods.
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1024 EXTENDED DATA FIGURE 3: Batch correction, quality control, and validation of
1025 multimodal data from CRISPR knockout screen
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1027 CAPTION:

1028 Extended Data Fig. 3: Batch correction, QC, and validation of multimodal data from the
1029 BMDM PERTURB-LINK screen. A, UMAPs before batch correction colored by experiment (left)
1030 and LPS status (middle), and a Harmony-corrected UMAP colored by experiment (right), showing
1031 removal of experiment-specific structure. B, Ranked Fold Change of Target Gene Expression vs.
1032 NTC. Blue (56) and Red (1) highlights indicate perturbations with the strongest changes in
1033  expression. C, Harmony-corrected UMAP restricted to non-targeting controls (NTC), colored by
1034  LPS status, confirming representation for signature scoring. D, Distributions of NTC-derived LPS
1035 response and literature-derived NF-kB signature scores, stratified by experiment and lane,
1036  demonstrating reproducibility across technical factors. E, Harmony-corrected UMAPs colored by
1037  expression of nine canonical inflammation genes. F, Harmony-corrected UMAPs with per-cell
1038 immunofluorescence (IF) intensity overlays for CD40 and PD-L1.
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1040 CAPTION:

1041 Extended Data Fig. 4: Morphology embeddings, effect sizes, and protein-morphology
1042 integration. A, UMAPs of DINOv2 morphology embeddings colored by experiment, LPS status,
1043  cell eccentricity, perimeter-to-area ratio, and percent mitochondria. The UMAP then has a clear
1044  trend of more circular cells in the bottom left while the top right describes cells that are long,
1045 narrow, or irregularly shaped. B, Morphology effect sizes computed from DINOv2 embeddings
1046  using energy distance for each perturbation versus non-targeting controls, shown by stimulus
1047  condition. Higher energy distance indicates greater deviation from control morphology. C, Violin
1048 plots of mean cell area, perimeter and area ratio, and eccentricity of Arc, Myd88 and NTC grouped
1049 by LPS stimuli. D, Linear-model-based, batch-corrected IF for LPS+ CD40 (green) and LPS+ PD-
1050 L1 (red), controlling for experiment; representative images and corresponding quantification are
1051  shown. E, Additional IF images for PD-L1 and CD40 hits identified by the linear model.
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