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Abstract  

Multiple aspects of the local extracellular environment profoundly affect cell phenotype and 

function. Physical and chemical cues in the environment trigger intracellular signaling cascades 

that ultimately activate transcription factors (TFs) – powerful regulators of the cell phenotype. 

TRACER (TRanscriptional Activity CEll aRrays) was employed for large-scale, dynamic 

quantification of TF activity in human fibroblasts cultured on hydrogels with a controlled elastic 

modulus and integrin ligand density. We identified three groups of TFs: responders to 

alterations in ligand density alone, substrate stiffness or both. Dynamic networks of regulatory 

TFs were constructed computationally and revealed distinct TF activity levels, directionality (i.e., 

activation or inhibition), and dynamics for adhesive and mechanical cues. Moreover, TRACER 

networks predicted conserved hubs of TF activity across multiple cell types, which are 

significantly altered in clinical fibrotic tissues. Our approach captures the distinct and 

overlapping effects of adhesive and mechanical stimuli, identifying conserved signaling 

mechanisms in normal and disease states.   
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Introduction 

The extracellular environment directly affects many characteristics of the cell, such as 1	

shape, cytoskeletal organization, migration speed, and adhesion strength1-4, and is essential for 2	

the proper functioning of complex tissues and organs. This extracellular microenvironment is 3	

critical to cell differentiation and tissue specialization during development5-12 and pathological 4	

changes to this microenvironment contribute to many disease states, including cancer, 5	

atherosclerosis and fibrosis13-16. For example, tumors are typically much stiffer than healthy 6	

tissue and this tissue rigidity may contribute to malignancy13. Many aspects of cellular 7	

differentiation and disease progression are mediated by interactions of extracellular matrix 8	

(ECM) with cytoskeleton-associated, cell membrane receptors that initiate complex cytosolic 9	

signaling cascades that lead to activated transcription factors (TFs) in the nucleus3, 13, 17-19. TFs 10	

are powerful regulators of cell phenotype, as evidenced by the development of methods to 11	

generate induced pluripotent stem cells by manipulating a few TFs20. The ECM presents both 12	

biochemical (e.g., number and type of integrin binding sites) and mechanical (e.g., substrate 13	

elasticity) cues that influence cell phenotype1, 2, 4, 13, 18 and can promote cell behavior 14	

independently. Therefore, both biochemical and mechanical mechanisms must be considered in 15	

addressing disease states that arise from a dysregulated microenvironment or creating 16	

regenerative microenvironments as therapies. 17	

Chemical and mechanical cues similarly influence cell phenotype2, 4, as many receptors that 18	

sense and transduce signals in response to biochemical cues, will also relay mechanical signals 19	

13, 18, 21-24. For example, increasing either the number of integrin binding sites or rigidity of a 20	

substrate comparably increases cytoskeletal rigidity and focal adhesion maturation4, 25, 26. 21	

However, identifying these roles has been challenging because interactions of cells with the 22	

ECM are often intimately and reciprocally coupled and the ultimate cell response results from 23	

complementary and overlapping biochemical and mechanical mechanisms1, 2, 4, 18. Cytoskeletal 24	



	 4	

tension, formed in response to substrate stiffness and integrin-mediated adhesion to ECM 25	

proteins, is required for cell migration and ECM remodeling and in turn determines a tissue’s 26	

biochemical composition9, 17, 18, 27, 28.  Despite these commonalities, it is clear that both types of 27	

cues have distinct roles in tissue development and function. Cells that reside in tissues that are 28	

specialized to experience mechanical stimuli (e.g., vasculature, muscle, bone) require 29	

mechanical cues in addition to appropriate biochemical cues to maintain a functional phenotype. 30	

Moreover, dynamic interactions between cells and their extracellular environment suggest that 31	

the relative temporal characteristics of mechanical and biochemical stimuli may affect cell state 32	

through distinct signaling pathways18. In fact, recent studies have suggested that the timescale 33	

of a cell's response varies depending on the type of cue29-32 (e.g., direct cytoskeletal coupling to 34	

the nucleus provides a mode for faster signaling in than nucleus than activation of canonical 35	

phosphorylation pathways31, 33, 34). 36	

To date, mechanistic connections between individual regulatory elements in the extracellular 37	

environment and a cell’s coordinated transcriptional response remain largely uncharacterized. 38	

Despite extensive characterization of broad phenotypic changes (e.g., cell shape, cytoskeletal 39	

organization, migration speed and adhesion strength24, 35, 36) in response to individual cues 40	

within the extracellular environment, a systems approach that integrates the response from the 41	

multiple cues is necessary to identify the mechanisms underlying diseases such as fibrosis, 42	

cancer, atherosclerosis, stroke, which involve significant changes to the extracellular 43	

microenvironment across a range of tissues18, 23, 37. A clear, quantitative understanding of these 44	

underlying mechanisms will enable intelligent design of novel clinical treatments that directly 45	

intervene at the level of cell-ECM interactions.  46	

Herein, we describe an integrated approach to quantitatively characterize the dynamic TF 47	

activity that regulates the cellular response to a complex adhesive and mechanical environment. 48	

Temporally coordinated activities of many TFs direct progressive changes in cell phenotype, 49	
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necessitating the use of experimental methods that capture a dynamic, systems-level view of TF 50	

actions that lead to cellular differentiation or pathogenesis. With that objective, we used 51	

advanced biomaterial platforms that permit independent control over presentation of 52	

biochemical ligands and mechanical properties to better discern the individual and combinatorial 53	

effects these cues on cell behavior. The intracellular responses to variations in the 54	

microenvironment were investigated using TRACER (TRanscriptional Activity CEll aRrays)38-40, 55	

a large-scale, quantitative array to measure TF activity in real time. While previous reports have 56	

focused on limited subsets of the many individual signaling pathways that participate in 57	

integrating extracellular cues to determine the phenotypic response18, TRACER captures the 58	

dynamic activity of TFs downstream of numerous signaling pathways to provide a perspective 59	

on the coordinated TF activities that integrate multiple signals from a cells’ surroundings into a 60	

coherent transcriptional message.  61	

Human foreskin fibroblasts (HFFs) were cultured on hydrogel biomaterials, in which 62	

adhesive ligand concentration and elastic modulus were independently and quantitatively 63	

varied. TRACER enabled evaluation of the intracellular activities for more than 50 TFs in 64	

response to changing biomaterial properties. TRACER results were confirmed experimentally 65	

using microWestern arrays (MWAs)41. From this data, we constructed dynamic transcriptional 66	

networks, which identified TFs distinctly regulated by either mechanical, chemical, or both 67	

mechanical and chemical cues, and discerned linear and non-linear relationships between the 68	

ECM properties and the TF activity. Comparisons to publically available microarray data 69	

reporting effects of biochemical and/or mechanical stimuli on gene expression demonstrate that 70	

many aspects of this TF network are conserved across different types of human cells, implying 71	

conserved biological mechanisms with a broad biological relevance. These results provide an 72	

overall picture of the evolving and complex interplay of transcriptional networks responsible for 73	

relaying biochemical and biophysical cues to the nucleus, which in turn directs gene expression 74	
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and cell fate. Finally, additional computational analysis demonstrated conservation of TRACER-75	

identified TF processes in idiopathic lung fibrosis (ILF), a disease state characterized by 76	

improper cell-ECM interactions and ECM presentation. This new insight into the underlying 77	

mechanisms driving pathological fibrosis has implications for the development of clinical 78	

strategies targeting the underlying disease processes. 79	

Materials and Methods   80	

Unless otherwise stated, all reagents were obtained from VWR (Radnor, PA, USA).   81	

PEG gel fabrication and rheological characterization  82	

Hydrogels were crosslinked from 4-arm polyethylene glycol (20 kDa) with each arm capped 83	

by an acrylate group (PEG-4Ac) (Laysan Bio Inc, Arab, AL, USA). PEG-4Ac (5–20% w/v) was 84	

dissolved in buffer containing 8.5 mM HEPES, 1 mM KCl, 275 mM NaCl, 0.9 mM 85	

Na2HPO4.2H2O at pH 8.0 and functionalized with cysteine-containing peptides via Michael 86	

addition (1 peptide per 4 acrylates)38, 42. On average three arms per PEG macromer remained 87	

unaltered, leaving acrylates available for photocrosslinking. The RGD concentration was tuned 88	

by maintaining the 1:4 molar ratio of thiol to acrylate groups constant while varying the relative 89	

amounts of cysteine-terminated peptides containing RGD. Specifically, the peptide Ac-90	

GCGYGRGDSPG (IBNAM Core Facility at Northwestern University, Chicago, IL, USA or CelTek 91	

Bioscience, Franklin, TN, USA) was used as the integrin-engaging sequence and cut with either 92	

a scrambled peptide (Ac-GCGYGRDGSPG) or free cysteine (ThermoFisher Scientific, Waltham, 93	

MA, USA). RGD concentration is reported here after adjusting for hydrogel swelling (Fig. S1). 94	

After functionalization, the photoinitiator Irgacure® 2969 (BASF, Ludwigshafen, Germany) was 95	

added to the macromer solution from a stock dissolved at 3 M in N-vinyl pyrrolidinone (Sigma-96	

Aldrich, St. Louis, MO, USA) to a final concentration of 10–50 mM (0.3-1% v/v). The resulting 97	

precursor solution was exposed to collimated UV light (~365 nm, aperture at 100%, Omnicure® 98	
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S1000, Lumen Dynamics Group, Inc., Mississauga, Ontario, Canada) for 90 s to initiate 99	

crosslinking.  100	

Hydrogels were swelled to equilibrium in phosphate buffered saline (PBS), pH 7.4 (Sigma-101	

Aldrich) over a period of 12–16 hrs at 4 °C, then cell culture medium at 37 °C, 5% CO2 for 102	

approximately 30 min prior to seeding cells. Hydrogel swelling was calculated by comparing the 103	

wet weight of hydrogels swollen to equilibrium in PBS to dry weight after lyophilization. Elastic 104	

and viscous moduli were determined by measuring a frequency sweep (0.1–10 Hz) at a 105	

constant strain (0.05) using a parallel plate rheometer set- up (Anton Paar, Graz, Austria). 106	

Hydrogels were swollen to equilibrium in PBS prior to mechanical measurements and were 107	

compressed to ~30% of their original vertical height, which corresponded to a constant normal 108	

force of 150 mN throughout data acquisition42.  109	

TFr construction 110	

TFrs consisted of lentiviral constructs carrying plasmids designed so that each contained a 111	

consensus binding sequence for a particular TF in the enhancer region upstream of a minimal 112	

TATA-box promoter driving expression of the reporter gene firefly luciferase38-40. Consensus 113	

sequences (File S1) were identified from a combination of available databases (e.g., 114	

TRANSFAC), commercial sources (e.g., Promega, Madison, WI, USA) and previous reports38-40, 115	

43. Lentiviruses were produced using the human embryonic kidney (HEK) 293T cell line (ATCC, 116	

Manassas, VA, USA) and third-generation packaging system44.  117	

Transcription factor reporter specificity 118	

A library of experimentally validated TF-binding motifs from the CIS-BP45 and TRANSFAC46 119	

databases was employed to scan each TFr sequence. We chose all vertebrate position 120	

weighted matrices (PWMs) from TRANSFAC, and we combined with the non-overlapping 121	

vertebrate PWMs present in the CIS-BP database, which implied a total of 3216 PWMs from 122	
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1164 TFs. Each TFr consensus sequence was investigated to identify all possible TFs that may 123	

bind using FIMO47. We assessed which TFs were likely bind to a given reporter if FIMO 124	

predicted the binding of such TF with a p-value ≤ 5 x 10-4. Results are summarized in File S3. 125	

Fig. S7 shows the top most likely TFs that can bind to each TF reporter employed in the study 126	

as well as the TF whose consensus binding sequence was used to develop the reporter 127	

sequence. TFs are ranked based on their binding score, which is defined as the product of the 128	

binding z-score obtained by FIMO and the squared root of the number of non-overlapping 129	

binding sites of the said TF in the TFr sequence.  130	

Culture of human foreskin fibroblasts on gels and immunocytochemistry 131	

hTERT-immortalized HFFs (ATCC, CRL-2522) were cultured in Dulbecco's Modified Eagle's 132	

Medium (DMEM, Sigma-Aldrich) supplemented with 10% fetal bovine serum (Life Technologies, 133	

Grand Island, NY, USA) and 1% penicillin/streptomycin/amphotericin-B cocktail (Sigma-Aldrich). 134	

All experiments were performed on HFFs between passages 5 and 10.  135	

For immunostaining, hydrogels (12 mm diameter, < 1 mm thick) were tethered to acrylated 136	

glass slides (CEL Associates, Pearland, TX, USA) during photocrosslinking. Fibroblasts were 137	

cultured for 27 hrs before fixation in 2% paraformaldehyde. F-actin was labeled by subsequent 138	

incubation with 150 nM tetramethylrhodamine(TRITC)-conjugated phalloidin (Life 139	

Technologies). Nuclei were counterstained with Hoescht 33342 (Life Technologies). Images 140	

were acquired using a wide-field fluorescence microscope (DM IRB, Leica Microsystems, 141	

Wetzlar, Germany) and a CoolSNAP HQ CCD (Photometrics, Tuscon, AZ, USA). 142	

TRACER measurements 143	

Fibroblasts were seeded into 6- or 12-well plates (~10,000 cells/cm2) and batch transduced 144	

with a single lentiviral reporter per well (~10 MOI, multiplicity of infection) the following day. On 145	

the third day after addition of lentivirus, cells were passaged using 0.25% trypsin (Life 146	
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Technologies) and seeded onto PEG-4Ac hydrogels formed in V-bottomed, black-sided, 384-147	

well polypropylene plates (Greiner Bio One, Monroe, NC, USA) at a density of ~1000 cells/cm2. 148	

Bioluminescence measurements were acquired 3, 6, 9, 12 and 27 hrs post-seeding using an 149	

IVIS Spectrum (Perkin Elmer, Waltham, MA, USA). Raw photon counts were converted to 150	

photons/sec using Living Image software (Perkin Elmer). Cells infected with each TFr were 151	

seeded in triplicate in 384-well plates.  A minimum of three biological repeats was performed for 152	

each TFr.  153	

Cell array analysis 154	

   Bioluminescence intensities for each TFr were normalized by the average intensity of the 155	

control promoter (lacking an enhancer region) in each plate for each time and experimental 156	

condition after removal of low intensity data (t-test with respect to the non-infected cells, p-value 157	

≤ 5x10-3) and outliers (t-test with respect to the average value per TFr, p-value ≤ 5x10-4). Data 158	

for each TFr were scaled to a center mean of 0 and unity standard deviation for each 159	

experiment. Only TFrs producing luciferase activity above background levels (i.e., non-infected 160	

HFFs) in at least three different experimental biological repeats were considered. Determination 161	

of the TFrs whose activities were statistically significantly different upon variation of the 162	

substrate cues (i.e., stiffness or RGD concentration) for each measured time point (e.g., 3, 6 163	

hrs) was assessed by fitting normalized TFr activities to an empirical hierarchical Bayesian 164	

linear model using limma48 independently for each biological repeat.. Multiple-comparison 165	

corrected p-values49 for all experimental conditions at each time point were then combined 166	

across independent biological experimental repeats using a meta-analysis approach by means 167	

of a z-score. A specific TFr was considered to have a significant response to mechanical and/or 168	

chemical cues if its activities were statistically different (p-value ≤ 0.02) between any 2 levels of 169	

stiffness (e.g., 6.5 vs 1.5 kPa) and/or RGD concentration (e.g., 3.3 vs 2.0 mM) for at least one 170	

time point.  171	
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Networks for TRanscriptional Activity CEll aRrays (NTRACER) 172	

 NTRACER aims to identify the dynamics of signaling processes that control an observed 173	

phenotype using dynamic measurements of TFr activity40. NTRACER uses a combination of 174	

prior knowledge and an ensemble of inference methods to determine the possible relationships 175	

between the given cellular inputs and TFrs. NTRACER employs normalized activity data from 176	

the significant TFrs as input. The computational pipeline involves three main steps: i) statistical 177	

analysis to identify significant changes in the TFr activity data, ii) generation of an initial network 178	

topology, and iii) network identification. Overall, the envisioned computational pipeline was 179	

developed to identify highly robust and consistent results in the final networks by protecting 180	

against the erroneous identification of edges that could result from noisy data. Robustness and 181	

consistency were accomplished by a combination of data pre-filtering, structure optimization and 182	

bootstrapping techniques. 183	

The dynamic network was originally modeled as a three-level Boolean paradigm40. Herein, 184	

we present an improved methodology to avoid data discretization. The most likely connections 185	

present at each time are established later by minimizing the difference between the 186	

experimental data and the simulation, where the relationships between the nodes are calculated 187	

as linear or quadratic regression models.  Additionally, we have expanded the libraries of 188	

available dynamic inference methods, we have automated the determination of the shortest 189	

paths between each TFr and the applied extracellular stimuli, and we have allowed the inclusion 190	

of self-loops, where a single TFr was allowed to act on itself from the TRACER experimental 191	

data only. Solely new modifications added to NTRACER since our original publication40 are 192	

discussed here.  193	

Prior knowledge network 194	
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First, we constructed an integrated signaling network compiled from several well-known 195	

mechanotransduction pathways. Hand-curated signaling pathways downloaded from GENEGO 196	

pertaining to mechanotransduction and ECM sensing (i.e., cytoskeleton remodeling, cell 197	

adhesion, integrins, cadherins) were combined into a single network. TFs, whose consensus 198	

binding sequences were incorporated into measured TFrs, and ECM proteins containing the 199	

RGD peptide were added to the network. In addition to binding interactions between signaling 200	

molecules and receptors, phosphorylation events were considered. Additionally, we included the 201	

non-binding edges present in the integrin adhesome network (http://www.adhesome.org/)50. The 202	

combination of all these proteins and their interactions clearly demonstrates the richness of 203	

integrin-mediated signaling and the multiple areas of cross-talk between RGD- and stiffness-204	

mediated signaling (Fig. S4) This new network was simplified by determining the shortest 205	

pathways between RGD-containing proteins, including collagen IV, fibronectin, vitronectin, 206	

laminin, fibrinogen, von Willebrand factor, thrombospondin, entactin, tenascin and osteopontin, 207	

or stiffness-activated receptors, such as integrins (i.e., α5β1 integrin) and cadherins (i.e., E-208	

cadherin), and the different TF whose PWM was used to design each TFr. We employed the 209	

breadth-first search algorithm from the igraph package51 to determine the shortest paths 210	

between the above nodes (i.e., adhesion, stiffness and TFs). 211	

This literature-compiled network was then combined with well-known protein-DNA TF-TF 212	

interaction networks (File S4) to include not only TFs whose activity is modulated by chemical 213	

and physical signals, but those directly affected by other TFs as well. Prior knowledge 214	

information included directed human TF protein-TF DNA interactions, either proximal or distal 215	

regulation with respect to their transcription start sites (TSSs), obtained from TRANSFAC (as 216	

08/01/2013), IPA (as of 03/20/2012), or GeneGO (as 01/23/2014). Additionally we included the 217	

most likely interactions between TFs present in HFF’s, according to Neph et al.52. Only prior 218	

knowledge edges that were obtained from more than one database were employed. For those 219	
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interactions whose effects were unknown, arbitrary activation and inhibition effects were 220	

assigned to the connection (File S5). Databases were merged based on Entrez ID and later 221	

transformed back into symbols using Biomart from Ensembl (www.ensembl.org). A conversion 222	

list was created to match the names of the experimental reporters to the possible TFs that they 223	

represent in the current study (File S6). This is necessary as some reporters represent a family 224	

of TFs (e.g., GATA’s) or they can be the result of a complex (e.g., AP1).  225	

Weighted average activities 226	

In order to combine results from different experimental biological repeats, a procedure was 227	

devised to obtain representative samples of TFr activities so that average values were 228	

concordant with the calculated p-values in the meta-analysis. We estimated weights for each 229	

experiment and TFr in the following manner. First, weights were calculated by transforming p-230	

values obtained from the meta-analysis for each experiment into a z-score and comparing 231	

different experimental groups (i.e., high versus medium RGD concentration). Calculations 232	

assumed a normal distribution, using the following criteria: if the sign of the compared level for 233	

the given time, j, and experiment, k, was identical to the sign of meta-analysis for the same 234	

reporter, i, then the weight of the experiment was: 235	

𝑤",$,% = −𝑞𝑛𝑜𝑟𝑚(𝑝",$,%) + 5𝑍3"4      (Eq.1) 236	

If the signs were different: 237	

𝑤",$,% = 𝑞𝑛𝑜𝑟𝑚(𝑝",$,%) + 𝑍3"4   (Eq.2) 238	

This produced a scale of weights giving more emphasis to highly significant experiments, 239	

less emphasis on non-significant experiments, and even less emphasis on experiments that 240	

contradicted the meta-analysis results. All the data were shifted by Zmin to insure that all the 241	

calculated weights were positive. The weights were normalized between 0 and 1: 242	
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𝑤",$,% =
56,7,8

56,7,8
89:6
89;

   (Eq.3) 243	

where ni  is the total number of experiments for a given TFr i. Subsequently, normalized TFr 244	

activity data was randomly sub-sampled to generate matrices that contained all significant TFrs 245	

(p-value ≤ 0.02) and results from at least three separate experiments. Data was selected based 246	

on the significance of each experiment provided by the calculated weights. Therefore, 247	

experiments with lower p-values (equivalent to higher statistical significance) had a greater 248	

probability of selection. This approach yields subsampled data that better reflects significant 249	

results. Sub-samples were interpolated using natural spline interpolation, doubling the number 250	

of data points. Note that for generating the weighted normalized intensity trends (e.g., Fig. 2), 251	

weights were slightly modified: 252	

𝑤",$,% = (−𝑞𝑛𝑜𝑟𝑚(𝑝",$,%) + 𝑍3"4)2    (Eq.1’) 253	

And if the signs were different: 254	

𝑤",$,% = 𝑞𝑛𝑜𝑟𝑚(𝑝",$,%) + 𝑍3"4    (Eq.2’) 255	

Inference methods 256	

Multiple inference methods were incorporated into NTRACER to establish new possible 257	

connections between extracellular cues (i.e., RGD and stiffness) and measured TFrs not 258	

previously reported in the scientific literature40. A combination of modified methods to account 259	

for dynamics, either linear or non-linear, was summarized into a unique inference network. 260	

Linear methods included PLSR53, similarity index, SI39, and linear ordinary differential equations 261	

(ODE) based on TIGRESS54. Non-linear methods included newer strategies, such as dynamic 262	

mutual information methods (ARACNE55, CLR56, MRNET57, dynamic random forest58), as well 263	

as well-established dynamic methods, such as dynamic Bayesian networks59. 500 bootstrapping 264	

samples from the normalized TFr data were employed to determine connections using the 265	



	 14	

above methods. If a connection appeared in any method in more than 65% of the bootstrapping 266	

cases or it appeared greater than 700 times across all methods, it was deemed significant. 267	

Those cut-offs were selected based on the frequency distributions of the bootstrapping results. 268	

The selected cut-offs coincided with initial frequency of the second distribution of the bimodal 269	

bootstrapping results (Fig. S9).   270	

Testing for edges’ significance compared with a null or random mode 271	

In order to identify the significance of each edge present in the consensus networks and due 272	

to the heuristic nature of the optimization algorithm used in CellNOptR – a genetic algorithm –  273	

and an unbalanced experimental design –as not all the TFrs were repeated the same number of 274	

times, bootstrapping samples with replacement were generated by randomly selecting the same 275	

sample size for each time point, condition and TFr, independently of the plate of the original 276	

data, and using the weighted samples as a probability of been selected (Eqs. 1-3). A total of 277	

1000 samples were randomly generated for the bootstrap study and were used as input data for 278	

NTRACER v2.0 to generate 1000 different dynamic networks for each ECM variable (i.e., 279	

stiffness and RGD concentration).  280	

The number of times that a given edge was present in each network for a specific time 281	

interval in the bootstrapping results divided by the total number of samples (n=1000) provided a 282	

probability for each dynamic edge. Finally, we compared those dynamic edge probabilities 283	

generated from the networks obtained from the bootstrapping samples with the dynamic 284	

networks obtained from permutation TRACER data.  1000 samples were created by randomly 285	

shifting the data for each TFr with equal probability of selection, so that data correlation could be 286	

eliminated. The permutation samples were given to NTRACER v2.0 and as before, dynamic 287	

networks were generated for each permutation sample. The probability of each dynamic edge in 288	

the permutation samples was calculated as described above.  289	
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Dynamic edges in the TFr networks were deemed significant if their probability of 290	

appearance greatly exceeded the corresponding probability of the random model for a given 291	

experimental time and condition (fdr-corrected p-value ≤ 10-6) and were present in at least 60% 292	

of the bootstrapping networks. To be conservative, we solely selected the top 5% edges of the 293	

significant edges. The p-value for each bootstrapping edge was calculated based on the area 294	

under the curve for edges in the null model with the same probability as the corresponding 295	

bootstrapping edge. Significant edges were further filtered to remove contrary edges that 296	

appear at the same time interval and linear edges when the non-linear option was more 297	

significant for the same experimental conditions. For the first time point (3 hrs), connections 298	

between stimuli conditions (RGD or stiffness) and orphan, but active, TFrs were added (File S2) 299	

MicroWestern array (MWA) analysis  300	

Fibroblasts were seeded at a density of ~1000 cells/cm2 onto hydrogels formed in cylindrical 301	

rubber silicon molds (8 mm diameter, 75 µL, Grace BioLabs, Bend, OR, USA) in a 48-well plate. 302	

At each time point (0, 3, 6, and 27 hrs post-seeding), nuclear protein lysates were collected 303	

(NE-PER Nuclear Extraction Reagents, ThermoScientific).  Samples were stored at -80°C until 304	

use. MWAs and intensity analysis were performed by the MWA Core Facility at the University of 305	

Chicago41. Samples were probed with 10 different antibodies for TF proteins and the nuclear 306	

protein lamin A+C as a positive control (Table S2). Integrated intensities less than 2% of the 307	

local background were removed. Data was normalized by the total protein concentration in each 308	

sample and by its initial protein abundance before seeding the samples in the gel. Finally, 309	

normalized intensities were scaled (μ=0; σ=1) and those scaled intensities greater than 3 were 310	

removed from the study.  311	

Protein abundance dynamic trends obtained by MWA were correlated with the dynamic 312	

trends of the most likely TFrs that each TF could potentially bind (Fig. S7, S8A). Dynamic 313	

trends were correlated in the same temporal scale as well as in a 3 hr delayed temporal scale 314	
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(Fig. S8B), and the latter was employed to establish the Pearson correlation between protein 315	

abundance and protein activity. Good agreement between the techniques was observed when 316	

Pearson correlations were greater than 0.3, independently of biomaterial variations (i.e., either 317	

changes in gel stiffness or in the concentration of RGD motifs). 318	

Microarray analysis and transcription factor enrichment  319	

Twelve relevant microarrays (Table S3) were downloaded from Array Express 320	

(www.ebi.ac.uk/arrayexpress/)60 using the Bioconductor package61.  Raw data were used for 321	

analysis whenever available.  All arrays were background corrected, when applicable, 322	

transformed and normalized using the appropriate oligo62, affy63 or limma48 packages, 323	

depending on the microarray platform. Significant genes were extracted by contrasting different 324	

experimental conditions or time points using limma48. Fold-changes and p-value cut-offs are 325	

summarized in Table S3.  326	

TF gene targets were identified in two ways. First, a list of more than 29,000 interactions 327	

from 132 TFs that can possibly bind the used TFrs in our experiments to the corresponding 328	

target genes (total of 8404 unique genes) was compiled from experimentally validated targets 329	

obtained from GeneGO (MetaCore, Thomson Reuters). Second, computationally predicted 330	

targets were extracted by exploring the consensus mammalian promoter regions64 (between -331	

2000 and +2000 base pairs with respect to the transcription start site (TSS)). FIMO47 was 332	

selected to scan each of the sequences with all vertebrate position weighted matrices available 333	

in TRANSFAC combined with the non-redundant matrices present in the CIS-BP database45, a 334	

total 3216 PWMs from 1164 different TFs. TFs were considered to bind the promoter region of a 335	

given gene if the probability of binding was significant (p-value ≤ 10-4). 336	

Overexpressed genes in the selected microarrays that were targets of a given TFs were 337	

identified using a hypergeometric test for both experimentally and computationally obtained 338	
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targets and a z-score test for computationally acquired targets65 for each of the assigned 339	

categories (i.e., stiffness, RGD, both and ILF) using the non-significant genes as a background 340	

list. 500 bootstrapping samples of identical size to the number of significant genes were 341	

selected. Medians for p-values and z-scores from the two different methods were employed to 342	

consolidate the results for each category using a final z-score test: 343	

𝑍 = <88
89;
%

         (Eq. 12) 344	

where Zk is the z-value for each calculation (hypergeometric test or z-score), transforming the p-345	

values to the corresponding z-score assuming a normal distribution. Positive z-scores were 346	

combined independently from negative z-scores. If both positive and negative z-scores were 347	

significant at a p-value ≤ 0.001, the TF activity was deemed indeterminable. TFs were ranked 348	

based on the binding score defined above. We reported the 3 top binding TFs for each TFr and 349	

the TFs whose consensus binding sequence was employed to design the sequence of the given 350	

TFr (e.g., those obtained from Promega).  351	

Results and discussion 352	

Independent tuning of modulus and adhesion ligand presentation affects fibroblast phenotype 353	

Polyethylene glycol (PEG)-based hydrogels (Fig. 1A), in which adhesive ligand density 354	

(e.g., RGD) and mechanical properties were independently tuned, were employed (Fig. 1B). As 355	

the concentrations of both PEG-4Ac (4-arm polyethylene glycol, 20 kDa, with each arm capped 356	

by an acrylate group) macromer and photoinitiator affect the final volume of the swollen 357	

hydrogels (Fig. S1), the RGD concentration reported represents the final concentration of ligand 358	

in the hydrogels after swelling to equilibrium at physiologic osmolarity and pH. Compressive 359	

moduli evaluated were 0.15, 1.5 and 6.5 kPa, a range over which differences in fibroblast 360	

morphology have been observed66. RGD concentrations were 0.7, 2.0 and 3.3 mM, a range 361	

typically used for cell culture over which robust differences in cytoskeletal organization and 362	

morphology have been widely reported2, 38. When compressive modulus was varied, RGD 363	
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concentration was held constant at 2.0 mM. Likewise, compressive modulus was maintained at 364	

1.5 kPa when RGD concentration was varied. 365	

In agreement with many previous reports4, 17, 18, 66, HFFs formed distinct actin stress fibers 366	

and punctate, mature focal adhesions when seeded on hydrogels with greatest RGD 367	

concentration or elastic modulus (Fig. 1C). In contrast, fibroblasts cultured on hydrogels with 368	

low RGD concentration or low elastic modulus did not form actin stress fibers or punctate focal 369	

adhesions. Instead, both vinculin and actin were diffusely located throughout the cells. RGD 370	

concentration and elastic modulus had similar effects on the cytoskeletal phenotype of 371	

fibroblasts 24 hrs after seeding.  372	

Biomaterial-mediated microenvironment cues are reflected at the level of TF activation 373	

We subsequently investigated the impact of integrin-binding peptides and mechanical 374	

stiffness on the cellular regulome. Normalized TF reporter (TFr) activities in HFFs cultured on 3 375	

concentrations of RGD and 3 levels of PEG hydrogel stiffness were measured 3, 6, 9, 12 and 27 376	

hours after seeding. For each time point, we compared the normalized TFr activities between 2 377	

of the 3 RGD concentrations (e.g., 0.7 vs 2.0 mM, 0.7 vs 3.3 mM) and 2 of the 3 stiffness levels 378	

(e.g., 0.15 vs 1.5 kPa). An ECM cue (i.e., gel stiffness or RGD concentration) was considered to 379	

significantly affect activity of a TFr, if at least one of the above comparisons had p-value≤0.02 at 380	

any time point after correction for multiple comparisons. Although increasing RGD concentration 381	

or hydrogel stiffness led to similar phenotypic responses after 27 hrs (Fig. 1C), profound 382	

differences were observed at the TFr activity level. Results identified overlapping and unique 383	

effects of stiffness and adhesion peptide presentations (Fig. S2, Fig. S3). For the 54 TFrs 384	

measured (File S1), 51 TFrs had significant activity as a function of stiffness and/or RGD 385	

concentration. Of the 51 TFrs with significant activity changes, 8 exhibited significant changes in 386	

response to stiffness only (e.g., AP3, SRF), 14 to RGD levels only (e.g., AP2, GATA6), and 29 387	

to both stiffness and RGD (e.g., AP1, HSTF) (Fig. 2).  388	
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The magnitude of TFr activation varied as a function of the substrate stiffness or RGD 389	

concentration. For some TFrs, activity varied linearly with stiffness or RGD concentration – 390	

meaning that the same increment in the ECM cues elicited an equivalent increase or decrease 391	

in TFr activity. For example, the lowest RGD concentration (0.7 mM) produced the lowest 392	

normalized activity of the AP1 TFr compared with the medium and high RGD conditions (2.0 393	

and 3.3 mM). Although the AP1 TFr also displayed a linear relationship with substrate stiffness, 394	

this relationship had the opposite trend in magnitude of TFr activity. The greatest stiffness (6.5 395	

kPa) produced significantly lower AP1 TFr normalized activities than the low and intermediate 396	

stiffness conditions (0.15 and 1.5 kPa). Non-linear relationships of activity with stiffness or RGD 397	

concentration were exhibited by several other TFrs. GATA2 and GATA6 TFr activities were 398	

significantly lower at the medium RGD level (2.0 mM) than at the lower (0.7 mM) and higher (3.0 399	

mM) concentrations evaluated. We posit that linear relationships may indicate a gradual 400	

response to changes in the extracellular environment, while non-linear relationships may imply a 401	

sudden or step response – where only cues within a particular threshold range induce changes 402	

in TF activity. For example, activities of the GATA2 and GATA6 TFrs increased only when HFFs 403	

were cultured on substrates with medium RGD (2.0 mM). Similar non-linear relationships 404	

between cell phenotype and culture substrates have been well-documented in the case of cell 405	

migration – where maximum speeds are reached at intermediate adhesive site densities25. 406	

TFrs displayed a broad range of temporal activation profiles in response to the 407	

microenvironmental stimuli. Normalized activities of a few TFrs demonstrated common 408	

dynamics trends in response to either type of cue; for example, the AP1 TFr exhibited an initial 409	

increase followed by a subsequent decline over time for all hydrogel conditions. However, the 410	

majority of TFr activity profiles had maximal responses at distinct time points depending on the 411	

TFr, stiffness and RGD concentration. For instance, peak activity of the FOXO3A TFr was 412	

observed 3 hrs after seeding onto substrates with the highest RGD level (3.3 mM), but activity 413	
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did not peak until 9-12 hrs on substrates with lower amounts of RGD (Fig. S2). Similarly, 414	

normalized activity of the SP1 TFr steadily increased on the softest hydrogels (0.15 kPa), yet 415	

declined over the same time period on stiffer hydrogels (1.5 kPa) (Fig. 2).  416	

TF activation is determined by the convergence of overlapping and sometimes competing 417	

pathways. For example, many of TFs evaluated in these studies are encoded by “mechano-418	

sensitive” genes, such as the Jun and Fos genes that make up the AP1 TF complex. This 419	

complex dependence complicates construction of dynamic TF-TF networks, as immediate 420	

activation of existing TF proteins – through phosphorylation, nuclear translocation and/or co-421	

factor complexation – and delayed upregulation of synthesis of new TF proteins occur. Among 422	

the TFs identified herein, the responses of the SRF and AP1 TFs to adhesive and mechanical 423	

stimuli are perhaps the best illustration of the complexity associated with overlapping and 424	

competing pathways. As discussed above, AP1 activity increases with decreasing substrate 425	

stiffness (Fig. 2). This trend is in agreement with previous reports, that culture on softer 426	

substrates downregulates the Ras-ERK1/2-MAPK pathway resulting in increased AP1 427	

activation10. ERK1/2 signaling induces activity of the ELK1 TF, which complexes with SRF to 428	

inhibit Fos transcription and effectively reduce AP1 activity67, 68. This idea is further supported by 429	

measurements of the ELK1 TFr, which increased activity on stiffer substrates (Fig. S3). In 430	

contrast, TRACER found that AP1 activity increases – and ELK1 activity decreases – with 431	

increasing adhesive site density (Fig. 2, S2). At first glance, this trend may appear contradictory 432	

given that, on substrates with more adhesive sites, ERK1/2 increases in response to increased 433	

focal adhesion formation10, 68. However, SRF complexation with its co-factor MAL effectively 434	

increases AP1 activity through upregulation of JunB transcription11, 69. MAL is sequestered by G-435	

actin and released during F-actin polymerization in response to increased RhoA activity69. In our 436	

experiments, it may be that increased F-actin polymerization, on substrates with higher RGD 437	

site density (Fig. 1C), promoted SRF/MAL-mediated JunB transcription, and subsequent 438	

upregulation of AP1 activity. On softer substrates, reduced actin polymerization may result in 439	
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higher activation of the SRF/ELK1 complex, relative to that of SRF/MAL. However, when 440	

substrate stiffness is held constant, the SRF/MAL pathway appears to dominate the intracellular 441	

response to variations in adhesive site density. Previous reports indicated that the SRE TFr 442	

approximates activity of the SRF/ELK1 complex, while the SRF TFr reflects activation of 443	

alternative pathways67. This result presented here supports this finding, as activity of the SRE 444	

TFr appears to increase with decreasing RGD density and increased stiffness (although this 445	

difference was not statistically significant in the case of stiffness).  However, activity of the SRF 446	

TFr does not necessarily reflect SRF/MAL activity, as TFr activity increases with decreasing 447	

substrate stiffness and does not change with adhesive site density (Fig. S2, S3). 448	

The complexity of the dynamic and non-linear relationships between the initial receptor 449	

engagement with extracellular features and the intracellular response to these cues can be seen 450	

in the heat map (Fig 3). Interestingly, the dynamic activity profiles for TFrs were occasionally 451	

highly disparate for variations in chemical relative to mechanical cues. The response of multiple 452	

TFrs to both adhesion and stiffness suggests that both types of cues activate complementary 453	

pathways; however, observations that each stimulus activates unique TFrs suggest the 454	

presence of distinct pathways as well. For TFrs that are influenced by both stiffness and 455	

adhesion, the activity profile may not change in the same manner to each stimulus. These 456	

observations illustrate the complex dynamic profiles of TF activity induced by mechano-457	

chemical cues, emphasizing the importance of independent analysis of the biological effects of 458	

integrin-binding peptides and substrate mechanics over relevant time scales.  459	

Variations in stiffness and adhesion peptide concentration produce distinct TF dynamics  460	

These dynamic measurements reveal that statistically significant differences in TFr activity in 461	

response to variations in stiffness or adhesion peptide concentration are more complex than a 462	

simple division into those that are mechanically or chemically regulated. To observe this 463	

complex interplay of activated TFrs in response to alterations of physical and chemical stimuli in 464	
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the cellular microenvironment, we generated dynamic TFr activity networks from the acquired 465	

data using a method termed NTRACER (Networks for TRACER)40.  466	

NTRACER generates an initial network from a combination of prior knowledge of 467	

intracellular signaling (Fig. S4) and known TF-TF connections, with connections inferred from 468	

the experimental data70. The flexible framework of NTRACER permits inclusion of: a) indirect 469	

connections between TFs (e.g., TF A binds to the promoter region of the gene that encodes TF 470	

B or TF A binds to the promoter region of a gene whose production modulates the activity of TF 471	

B), b) non-linear relationships between TFs and the drivers of the variations (e.g., biochemical 472	

or biomechanical changes), and c) diverse network motifs through use of multiple inference 473	

methods, as an individual inference method may have an inherent preference for specific types 474	

of motifs71. Combining prior knowledge with connections obtained from a union of diverse 475	

inference methods provided an initial network to optimize using NTRACER. This initial network 476	

contained experimental prior knowledge of all known interactions between TF proteins and 477	

DNA, between TFs, and possible connections between the activities of individual TFrs, as 478	

obtained from inference methods.  479	

We employed a consensus of linear (e.g., Partial Least Squares Regression, or PLSR53) and 480	

non-linear inference methods (e.g., random forest58) adapted to handle dynamic data (see 481	

Supplementary Methods for details). However, inference methods typically generate multiple 482	

false positive connections. In order to reduce the number of false positives, we derived a 483	

consensus network that contained edges found either to be significant by several methods or 484	

highly significant by a single method. Furthermore, not all the connections previously identified 485	

in scientific literature are guaranteed to be present, as the these connections were established 486	

from a variety of cell types72 and not just HFFs, resulting in multiple false positive edges in the 487	

prior knowledge network for the current experimental system. To further reduce the number of 488	

these non-specific edges, we included edges between TFs that are specific to HFF cells and 489	

were obtained using nucleosome occupancy information52. Inclusion of nucleosome occupancy 490	
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information allowed the model to account for the likelihood that the promoter region for a given 491	

gene is epigenetically accessible for TF binding in HFFs. 492	

Moreover, inclusion of TF-TF and other signaling molecular connections in the prior 493	

knowledge network required experimental identification of each connection by at least two 494	

previous reports in the scientific literature.  495	

The initial TFr activity network for variations in RGD concentration contained more 496	

connections (755 edges) than that constructed for variations in substrate stiffness (438 edges). 497	

Two-thirds of connections in the initial networks originated from inference algorithms and little 498	

overlap existed between new connections identified using inference methods and those 499	

obtained from prior knowledge (5% and 7% of connections for varying RGD concentration and 500	

stiffness, respectively) (Fig. S5). This initial network was pruned using a structure optimization 501	

algorithm40 followed by bootstrapping (see Supplementary Methods for details) to avoid 502	

overfitting and to identify edges that most robustly explained the experimental results and obtain 503	

dynamic TFr activity networks driven by variations in RGD concentration and hydrogel stiffness 504	

(Fig. S6). Identified edges represent connections of TFr activities with both microenvironmental 505	

variations and other TFrs. We identified multiple new connections among RGD presentation and 506	

TFs, and between individual TFs. As expected, many of these newly identified connections or 507	

edges involved TFs that have been previously reported to respond individually to biochemical 508	

and biophysical cues, including AP111, 17, ELK13, 67, NFKB3, 17, P533, 13, RAR73, SRF11, 67, and 509	

TCF/LEF67.  510	

Substantial differences in the dynamic TFr activity networks elicited by either changes in 511	

RGD concentration or hydrogel stiffness were apparent in the number of edges, the activation of 512	

edges in common TFrs, and the TFrs that act as hubs in each dynamic network (Fig. 4, Fig. S6 513	

for successive time points). NTRACER identified a total of 51 unique, highly statistically 514	

significant edges (p-value ≤10-6 with respect to the null model) when RGD concentration was 515	

varied and 38 unique, significant edges when stiffness was varied. Only one edge, between 516	
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SP1 and RAR in the interval 3 to 6 hrs post seeding, was common to the variations in RGD 517	

concentration or stiffness. Most relationships identified between extracellular stimuli and specific 518	

TFrs were linear; however, 13% and 3% of the TFr responses were non-linear with respect to 519	

alterations in RGD concentration (i.e., NOTCH1, VDR) or hydrogel stiffness (i.e., CMYC), 520	

respectively (File S2).  521	

Biochemical and mechanical alterations of the ECM microenvironment were handled 522	

differently at the regulatory level. The TFrs acting as hubs in each network (i.e., those regulating 523	

activities of several TFrs) depended on the type of external cue (i.e., chemical or mechanical). 524	

For changes in stiffness, the SP1 and AP4 TFrs acted as central hubs from which the majority 525	

of downstream TFrs where either activated or inhibited. In contrast, for changes in RGD 526	

concentration, the AP4 TFr was only transiently activated and the SP1 TFr controlled the 527	

response of only one downstream TFrs. Instead, the AR TFr served as the major regulatory hub 528	

for networks at early time points (up to 9 hrs after HFF seeding), and was replaced by AP1, 529	

GATA6 and ETS1 acting as hubs at later time points (Fig. 4, Fig. S6).  530	

Interestingly, TFrs that were activated by both stimuli typically had distinct timing of 531	

activation and downstream effects on other TFrs. For example, while increasing RGD 532	

concentration resulted in a linear decrease in activity of the GR TFr at 3 hrs, increasing stiffness 533	

produced a linear increase in GR activity through SP1 (Fig. S6). The YY1 TFr is activated by 534	

both stimuli 3 hrs after HFF seeding, RGD stimulation directly inhibited its activity while stiffness 535	

increased YY1 activity indirectly (via the SP1 TFr hub). Moreover, YY1 TFr activity was affected 536	

in the 0-3 hr interval by RGD stimulation, while the YY1 TFr remained active throughout the 537	

course of these experiments in response to stiffness.  538	

Dynamic networks captured activities of TFrs experiencing both persistent and temporally 539	

distinct activation, which may indicate specific processes or a signaling cascade. Some of the 540	

edges were active during multiple experimental times (e.g., SP1 to YY1, Fig. 4A) while other 541	

were transient (e.g., SRF to ELK, Fig. 4A). Similarly, several TFrs participated in active edges 542	
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during the entire explored time interval (e.g., STAT3, GATA6 and AP1 or HSF, GR, YY1 and 543	

AP4 for variation in adhesion concentration or stiffness, respectively), yet only SP1 was 544	

common to both mechanical and chemical variables (Fig. S6). Alternatively, other TFrs were 545	

activated at specific time intervals. SRE to GATA6 was active at an early time interval, yet was 546	

not active at later time points (Fig. S6). Analogously, other edges were not apparent until later 547	

time points (e.g., ETS1 to KLF4 in response to RGD concentration and TCF/LEF to AP1 in 548	

response to stiffness). Such dynamic observations may indicate processes with distinct time 549	

scales (i.e., intracellular signaling versus transcription and translation), or the result of an earlier 550	

signaling cascade. Importantly, while the cytoskeletal phenotypes observed using 551	

immunocytochemistry appeared to respond similarly to variations in substrate stiffness or RGD 552	

concentration (Fig. 1C), the TF activity footprints were remarkably distinct (Fig. 2-4, Fig. S6). 553	

Dynamic transcription factor networks are corroborated by microWestern (MWA) analysis  554	

Multiple TFs have the potential to bind to a given consensus sequence in a TFr (Fig. S7), 555	

and we subsequently aimed to identify several of these specific TFs. A subset of TFs with high 556	

binding affinity for the TFrs assayed using TRACER (File S3) and representing multiple 557	

signaling pathways were selected (Table S2). The nuclear abundance of these selected TFs 558	

(Fig. S7) was measured in HFFs using MWAs41 prior to seeding onto hydrogels as well as after 559	

3, 6 and 27 hrs. The MWA data were compared to activities at all TFrs for which they may have 560	

a high likelihood of binding (Fig. S9A). For instance, FOXC1, FOXO3A and FOXO1 TFs can 561	

each activate the FOXO3 TFr. Similarly, HSF2, HSF4 and RELA TFs can each activate the HSE 562	

TFr (Fig. 5A).  563	

The abundances of FOS, FOXO1, HSF and RELA TFs were highly correlated with dynamic 564	

activities of AP1, FOXA/FOXO3, HSE/HSTF and NFKB TFrs, respectively. For this correlation, 565	

dynamic trends of TF protein nuclear abundance (MWA) were compared to temporally delayed 566	

responses in TFr activities (TRACER). This delay was instituted as MWA measurements of 567	
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nuclear abundance do not distinguish between unbound and DNA-associated TFs, and the 568	

accumulation of TFs in the nucleus is expected to occur prior to their activation. For example, 569	

the nuclear abundance of the FOXO1 TF increased around 3 hrs for all conditions (Fig. S2, Fig. 570	

S3); however, FOXO3 TFr activity typically was not observed until the 6 hr time point (Fig. S7). 571	

Moreover, abundances of all TFs explored using MWAs better correlated with normalized 572	

activities of corresponding TFrs as measured 3 hrs later than those acquired at the same time 573	

point (Fig. S9B). Using this delayed comparison, we observed reasonable agreement between 574	

the dynamic trends in TF nuclear abundances for FOS, FOXO1, HSF and RELA and 575	

subsequent activities of AP1, FOXO3, HSE and NFKB TFr for all biomaterial conditions (Fig. 576	

5C). Although nuclear abundances of MEF2 and SP1 proteins were not well correlated with 577	

activities of the MEF2 and SP1 TFrs, they were correlated with activities of the GATA3 and 578	

RUNX2 TFrs, respectively. These results are not unexpected, as the MEF2 and SP1 TFs can 579	

bind the GATA3 and RUNX2 TFr consensus sequences with high affinity (Fig. S9A). Taken 580	

together, the combination of TRACER and MWA can be employed to identify the TFs that are 581	

promoting activity at particular TFrs.  582	

ECM-induced signaling processes conserved across diverse human cell lines 583	

 We investigated whether our experimental results in HFF cells would be observed in other 584	

human cell types, as other reports have suggested highly conserved mechanotransduction in 585	

eukaryotic cells5. Thus, we analyzed publically available transcriptomic data for multiple human 586	

cell lines (i.e., mesenchymal stem cells from adipose tissue, stromal cells, CD34+ hematopoietic 587	

cells as well as other fibroblast cell lines) in response to variations attributed to biochemical 588	

(e.g., RGD density) and/or biophysical cues (e.g., matrix stiffness or mechanical loading), with 589	

the transcriptomic data analyzed to identify active TFs (Table S3).  590	

 Mechano-sensing TFs were determined by identifying the overrepresentation of TF 591	

consensus binding motifs between 2000 base pairs upstream and 2000 base pairs downstream 592	
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from the transcription-start site for each gene whose expression was significantly changed as a 593	

function of mechanical stimuli. The top 15 TFs most enriched as a function of stiffness from 594	

transcriptomics data were also identified as ECM-responsive TFrs according in the TRACER 595	

results (z-score > 40). MEF2A – identified as the most probable TF that drives expression of 596	

significantly changed genes in the selected microarrays (Fig. 6B, left panel) – can bind to the 597	

MEF2 TFr with high affinity (Fig6B, right panel). In the TRACER results, changes in activity of 598	

the MEF2A TFr were associated with variations in RGD density, and not substrate stiffness 599	

(Fig. 2A). The next most highly ranked TFs were STAT, PEA3 and GR, each of which binds 600	

with high affinity to TFrs – STAT1, PEA3 and GR TFrs, respectively – identified by TRACER as 601	

responsive to both biomechanical and biochemical changes (Fig. 2A). The SRF and cREL TFs 602	

were also among the top 15 TFs for previous experiments. SRF and cREL bind with high affinity 603	

to the SRF and NFKB TFrs, respectively, both of which responded only to alterations in 604	

substrate stiffness in TRACER experiments (Fig. 2A). Given the range of experimental methods 605	

used to acquire mRNA microarray data and the inherent difficulty in experimentally decoupling 606	

biochemical and biophysical cues, it is likely that the two stimulus variables were not really 607	

independent. Thus, some of the dynamic responses observed in these experiments (e.g., in 608	

MEF2A activity) originally intended to identify mechano-responsive regulatory processes, may 609	

actually be attributed to biochemical changes in the extracellular microenvironment.  610	

 Transcriptomic data from experiments intended to investigate the number of integrin 611	

adhesion sites (Fig. 6C) and a combination of adhesion and stiffness (Fig. 6D) were similarly 612	

analyzed. For all comparisons, the 15 most significant TFs exhibited changes in activity that 613	

were largely consistent those observed in TRACER studies (Fig. 6C, D, right panel). As 614	

implicitly indicated above, the specific TFs activated by stiffness or binding site density did differ 615	

between these microarray and TRACER studies, which may be associated with a number of 616	

confounding factors, including inadequate decoupling of adhesive and mechanical stimuli in 617	

experimental set-ups, longer time-scales of data acquisition such that downstream (rather than 618	
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direct) changes in TF activity were captured, and intrinsic differences in the cells used for the 619	

study. Nevertheless, this comparative analysis demonstrated that regulatory responses to 620	

biophysical and biochemical cues identified by our systems approach in HFF cells are indeed 621	

conserved in multiple human cell types.  622	

ECM-induced transduction is conserved in deregulated tissues 623	

 Finally, we analyzed microarray data from lung tissues of ILF patients (Table S3), in which 624	

the major pathologic features are fibroblast-mediated increases in the content of integrin-binding 625	

ECM proteins and mechanical stiffness of diseased tissue14. A strong correlation was again 626	

observed between the TFs identified from the microarray analysis and the activity measured 627	

from TRACER (Fig. 7, left panel). TFs with high binding affinity for the GATA6 TFr – a major 628	

hub in the dynamic TF activity networks identified using NTRACER (Fig. 5) – were among the 629	

most significantly active TFs in ILF patient samples, including GATA4. Interestingly, the TFrs 630	

associated with the top 15 TFs whose mRNA levels were altered in ILF patient tissues were 631	

significantly more sensitive to the concentration of adhesion sites (i.e., E2F1, GATA6, RXR, 632	

FOXO3A, VDR) than to substrate stiffness (i.e., CYMC, PR). This observation may suggest that 633	

key transcriptional changes within fibrotic tissue arise from biochemical alterations in the 634	

extracellular environment, such as increased ECM deposition, and not strictly by physical cues.  635	

Notably, across all three methods (i.e., TRACER for TF binding activities, MWAs for nuclear 636	

abundance of TF protein, and microarrays for mRNA abundance of TF targets), AP1, HSTF, 637	

FOX and NFKB displayed the most consistent responses to changes in integrin ligand density 638	

and stiffness, indicating that their respective activation represent robust relays for sensing 639	

chemical and mechanical cues across human cell lines and in ILF. Individually, each of these 640	

TFs has been implicated in fibrotic disease. NFKB is upregulated in many conditions that 641	

involve chronic inflammation, including ILF and cancers74, 75. Although not widely studied, there 642	

is evidence that HSTF/HSF activities increase in fibrotic disease76, 77. Increased AP1 activity has 643	
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been observed in ILF and fibrotic cardiac tissues78. While high levels of AP1 have been 644	

associated with progression of fibrotic disease, abolition of AP1 activity has been reported to 645	

result in increased severity of ILF in a mouse model through down-regulation of several pro-646	

fibrotic genes, including Col1a and Tgfb179. Furthermore, loss of AP1 activity impairs fibroblast-647	

mediated wound repair80. Taken together with TRACER results presented herein (Fig. 3), 648	

intermediate AP1 activity levels, which appear to maintain function of healthy, non-fibrotic 649	

tissues, may be achieved through a balance of biochemical and biomechanical signals that 650	

control competing ECM-sensing pathways. TFs in the FOX family, several of which can bind the 651	

FOX TFr, are also reported to be dysregulated in ILF. For example, FOXO3A over-expression 652	

by ILF fibroblasts confers apoptotic protection81. In contrast, FOXF1 activity, which represses 653	

proliferation and Col1 production in normal lung fibroblasts, is lost in ILF fibroblasts82.  654	

The intracellular responses to biochemical and mechanical cues are often intricately coupled 655	

and reciprocal, making identification of the individual effects of mechanical and chemical cues 656	

inherently challenging18. Herein, we employed a combination of tunable biomaterial 657	

environments, TRACER measurements, and an ensemble of statistical and computational 658	

analyses to identify the individual effects of chemical and mechanical cues on transcription 659	

factor dynamics. We report significant changes in the activities of 51 of the 54 TFrs evaluated in 660	

response to these cues, demonstrating the broad response of a cell to its microenvironment. 661	

TFrs displayed both overlapping and distinct activities as a function of integrin adhesion and 662	

substrate mechanics. Although these two cues promote similar phenotypic responses, as 663	

demonstrated in Fig. 1B and in previous reports1, 2, 4, only 29 TFrs were responsive to both 664	

types of cues, with 8 exclusively responsive to mechanical and 14 exclusively responsive to 665	

chemical cues. Furthermore, even when significant changes in activity of a particular TFr were 666	

detected in response to both mechanical and chemical stimuli, differences in their regulation, 667	

magnitude and linearity of response, and dynamic trends were readily apparent.  668	
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A common set of TFrs that respond to the chemical and mechanical cues was not surprising 669	

as integrin receptors have been identified to relay both biochemical and mechanical cues13, 18, 50. 670	

A set of non-overlapping responses among the TFrs was also anticipated as RGD is thought to 671	

act exclusively through integrins83, yet mechanical signals can be relayed by multiple 672	

mechanisms, including G-protein coupled receptors, stretch-activated ion channels, actin-673	

coupled TFs, and direct coupling to the nucleus13, 17, 19, 31, 73. Furthermore, integrins can 674	

coordinate with other receptors and/or signaling components to yield a sensitive and tailored 675	

response to the environmental factors, allowing differential responses to biochemical and 676	

biophysical features84. These observations, in addition to new findings presented herein, 677	

underscore the need for dynamic, systems-level analyses to understand the mechanisms by 678	

which a cell senses its immediate environment and, ultimately, how to design biomaterial 679	

microenvironments that predictably direct cell behavior.  680	

NTRACER – developed to identify highly robust results in the final networks by protecting 681	

against erroneous edge identification that could result from noisy data – revealed that chemical 682	

and mechanical stimuli initiate independent transcriptional programs with distinct network hubs. 683	

For variations in hydrogel stiffness, the SP1 TFr acted as a central hub, and the AP4 TFr acted 684	

as a secondary hub. This finding agrees with previous reports that AP4 is activated by stiffer 685	

collagen matrices through focal adhesion complexes85. Although SP1 activation is required for 686	

expression of integrin receptors and induces their upregulation in response to mechanical 687	

forces86, MWA results indicate that nuclear abundance of the SP1 TF protein does not 688	

correspond with changes in SP1 TFr activity. Instead, nuclear abundance of SP1 protein was 689	

correlated to activity of the RUNX2 TFr, which has a reasonably strong affinity for the SP1 690	

protein (File S3).  691	

Although the SP1 TFr did not represent a hub induced by changes in integrin binding site 692	

density, it was activated at later time points. Instead, changes in integrin binding site density 693	
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initiated networks with distinct earlier hubs, the GATA6, AR, AP1 TFrs, and ETS1 TFr acted as 694	

a later main network hub. Notably, activity of the GATA6 TFr was not significantly affected by 695	

changes in stiffness, suggesting that its role as a regulatory hub is unique to adhesive stimuli. 696	

Although AR was significantly affected by changes in stiffness, it did not appear to act on any 697	

downstream TFs within the experimental time frame. Taken together, these observations imply 698	

that mechanical and biochemical cues regulate TF activation through independent controls that 699	

involve highly intricate mechanisms for precise feedback to balance a cell’s response to both 700	

types of external stimuli. We expect that the characterization of these TF activity networks will 701	

enable future studies in which the local microenvironment could be designed to more precisely 702	

direct cell fate in regenerative medicine applications.  703	

Furthermore, we established that TRACER results – which directly measure the DNA 704	

binding activity of specific TFrs over time – could be correlated to protein-level (MWA) data to 705	

provide a more complete picture of the response to the microenvironment on multiple biological 706	

levels. Results demonstrate the utility of MWA measurements of nuclear protein content to 707	

discern the identities of TFs bound to TFrs in response to specific microenvironmental stimuli. 708	

While TRACER is an excellent resource for high-content screening of TF activity in live cell 709	

cultures, MWA can be used as complementary method to provide more in-depth 710	

characterization of subsets of TFrs identified using TRACER. While TRACER monitors TF 711	

binding events that directly affect DNA transcription, MWA measures the total TF content in the 712	

nucleus, regardless of whether it is bound to genomic DNA or influencing transcription. Given 713	

the inherent biological redundancy where multiple TFs have binding affinity for the same 714	

consensus sequence contained in TFrs, MWA is a useful method to correlate nuclear presence 715	

of TFs with TFr activities.  716	

In addition, we used publically available microarray data (mRNA expression) to validate the 717	

conservation of the TRACER-derived networks in HFF cells and investigate human disease 718	
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processes. For an array of diverse human cells cultured on biomaterials with varying rigidity 719	

and/or adhesion ligand densities, we identified TFs as the most sensitive to biochemical or 720	

biophysical cues from the microarray data (Fig. 6). First, we characterized the possible TF 721	

binding sites present in the promoter regions of genes identified in microarray data as 722	

responsive to mechanical and biochemical cues. These results were correlated with TRACER 723	

data by comparing these promoter regions with consensus binding sites on TFrs whose 724	

activities were significantly perturbed. Overall, TRACER results in HFF cells had good 725	

correlation with previously reported in vitro microarray data not only in other fibroblast cells but 726	

also in other cells lines such as mesenchymal stem cells from adipose tissue, stromal cells, or 727	

CD34+ hematopoietic cells, indicating that mechanical and chemical signaling is well conserved 728	

across diverse human cell lines. Finally, we analyzed publically available microarray data 729	

acquired from clinical samples from ILF patients (Fig. 7). This analysis identified TFs that were 730	

associated with TFrs predicted by TRACER to respond to RGD binding, rather than mechanical 731	

cues. This result suggests that biochemical alterations in the extracellular environment may 732	

have more influence on key transcriptional changes within fibrotic tissue than strictly biophysical 733	

cues. This idea is supported by previous reports that E2F1 is upregulated in fibrosis87, and more 734	

interestingly, GATA6 – identified here as hub of transcriptional networks induced by adhesion 735	

motifs – is upregulated in cultured human ILF cells88. Additionally, these TFs, or their upstream 736	

signaling pathways, represent potentially effective targets for treatment of ILF.  737	

In sum, we have developed dynamic regulatory networks that identified specific TFs through 738	

which adhesion to RGD and substrate mechanics influenced cell phenotype. Identification of 739	

TFs that differentially respond to integrin ligand density and substrate mechanics provides 740	

design parameters for biomaterials based on the signaling pathways that each activates in order 741	

to engineer cell function. This systems-level, integrated experimental approach is necessary to 742	

capture the complexity of mechanistic pathways that direct cell function, and can be extended 743	
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beyond chemical and mechanical signaling to investigate the key TFs associated with normal 744	

tissue development or dysfunction in pathological states. The results presented here are a 745	

significant step forward towards understanding of the underlying mechanisms that dictate the 746	

relationship between properties of the extracellular microenvironment and downstream effects 747	

on cell phenotype. Finally, correlation of TRACER results with biochemical changes in clinical 748	

ILF, as reported here, suggests that this experimental platform may serve as a useful ex vivo 749	

model in which to molecularly dissect disease progress. This strategy may have potential 750	

application to other disorders in which microenvironmental cues are dysregulated, including 751	

cancer, fibrotic diseases, osteoporosis, atherosclerosis, hypertension, muscular dystrophy and 752	

asthma13-16 and the molecular-level understanding may ultimately enable the development of 753	

therapeutic strategies.  754	
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Figure Legends 926	

 927	

 928	
Figure 1.  Human foreskin fibroblasts cultured on PEG hydrogels with varying modulus 929	
or RGD concentration. A) Schematic of the PEG hydrogels providing independent control over 930	
adhesion and stiffness. Relative amounts of active RGD peptide and inactive cysteine 931	
conjugated to PEG macromers are varied to alter RGD concentration while maintaining 932	
modification of an average of ~25% of acrylate sites to avoid changes in substrate stiffness. 933	
Base concentration of PEG macromers and UV initiator are varied to achieve differentiated 934	
mechanical properties, while maintaining a constant average RGD concentration. B). Storage 935	
(G’) and loss (G’’) moduli with different concentrations of PEG and photoinitiator, Irgacure 2959 936	
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(reported in weight per volume and volume per volume, respectively). C). Immunocytochemistry 937	
for vinculin (green, focal adhesions) and actin filaments (red). Scale bar = 200 µm. 938	
	 	939	
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	940	

 941	
Figure 2. Effects of variation in the extracellular environment on the transcription factor 942	
reporter activities. A) Venn diagram of TFrs with significant changes in activity in response to 943	
changes in adhesion ligand concentration and stiffness. A TFr was considered under the 944	
regulation of either of the experimental variables (i.e., adhesion or stiffness), if there is a 945	
significant difference between the activities of two levels of RGD concentration or gel stiffness at 946	



	 42	

a given measure time (fdr-corrected p-value ≤ 0.02). B) Dynamic activity trends of a few 947	
significant TFrs under different levels of RGD concentration and stiffness corresponding to the 948	
three partitions in the Venn diagram. Weighted mean normalized intensity over time under three 949	
levels of RGD concentration and three levels of stiffness with 95% confidence intervals. The p-950	
values associated with each comparison have been omitted for clarity and they are visually 951	
represented in Fig. 3.  952	
  953	
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 954	

 955	

Figure 3. Overall dynamic changes for different stiffness levels and RGD levels in the 956	

PEG hydrogels. Panels represent the heat map for both mechano- and chemo-transduction 957	

variables. Each row corresponds to a measured TFr. Each panel is divided into three subpanels 958	

as a function of the three possible comparisons between the levels (i.e., hard stiffness vs soft 959	

stiffness gel) and the colors in the panel indicate the meta-analysis, fdr-corrected p-values for 960	

each comparison at a given experimental time point in the x-axis. Positive p-values (green) 961	
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indicate that the comparison is positive (i.e., GATA2 TFr activity was higher on stiffer hydrogels 962	

compared to softer hydrogels at 6, 9 and 12 hrs after cell seeding). Negative p-values (purple), 963	

indicate the opposite (i.e., activity of the same TFr, when exposed to the medium RGD 964	

concentration, was lower than in the lower RGD concentration hydrogels for all measured 965	

times). TFrs below background are indicated in grey. GATA3 was the only measured reporter 966	

not significantly altered by any of the experimental variables. Other reporters, such as SMAD 967	

and SOX, were below the detection limit of TRACER. 968	
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 970	

 971	
Figure 4. Dynamic TF activity networks for changes in stiffness (A) and RGD levels (B) in 972	
PEG hydrogels. Hydrogel conditions and TFrs are represented as nodes, while the 973	
connections between them are represented by directed edges. Nodes affected by changes in 974	
both RGD and stiffness levels are represented in purple. Nodes only affected by RGD changes 975	
or only by stiffness changes are colored in red and aqua, respectively. Edges corresponding to 976	
linear relationships between nodes are represented by continuous lines. Edges corresponding 977	
to non-linear relationships are represented with dashes. Node size is proportional to the number 978	
of nodes that can potentially alter the TFr activity level. Similarly, edge thickness is proportional 979	
to the number of times that are activated during the measured experimental times. Activation or 980	
inhibition of downstream nodes is represented by é or T, respectively. Figure S6 depicts 981	
complete networks with full temporal resolution.	982	
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 983	

Figure 5. Comparison of TRACER measurements using microWesterns arrays (MWAs). 984	
A) Examples of where the most likely proteins can bind to two reporters, FOXO3 and HSE. The 985	
sequence of each reporter is shown and the binding locations for the top TF are represented 986	
below. The binding score is indicated in parentheses. B) Dynamic trends of normalized protein 987	
abundance and activity of FOXO1 and FOXO3 TFr, respectively (left panel) and HSF4 and HSE 988	
TFrs (right panel). Pearson correlation values were calculated by comparing all TF abundance 989	
obtained by MW with respect to all the TFr activity data obtained by TRACER (purple, ALL), just 990	
correlating stiffness data (blue, S) or just correlating adhesion data (red, A). C) TFrs most likely 991	
to be activated (via direct binding) by proteins analyzed in MWA arrays based on the Pearson 992	
correlation coefficients obtained as in panel b. ALL, all the data; S, stiffness data; A, RGD data. 993	
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Figure 6.  Mechano- and chemo-transduction response is conserved in human cells. A) 995	
Cartoon of the computational approach: we looked at the conserved promoter regions of genes 996	
that are significantly altered upon the biochemical or mechanical changes of their extra-cellular 997	
environment and identify the most likely TFs (e.g., TFA and TFB) that could potentially bind 998	
each of those genes. Similarly, we identified the TFs that could bind to the promoter region of 999	
genes that are not significantly altered. The ratios between the number of significant and not 1000	
significant genes that each TF can bind provides the basis to determine the activity of the given 1001	
TF, represented as a z-score. In this case, TFA has very high probability of being active 1002	
compared with TFB. Similarly, we identified whether TFA and TFB could bind to the TFrs that 1003	
were biochemically and/or biomechanically altered according to the TRACER results. In this 1004	
example, TFA can bind 3 times to TFrγ, while TFB can bind to 4 times to TFrδ. B) Right, the top 1005	
15 most enriched TFs in stiffness experiments. TFs were ranked based on the probability that 1006	
their genetic targets were actively transcribed (z-score); left, relationship between the top TF for 1007	
each condition and the most likely TFrs that are active in microarray experiments designed to 1008	
study the effect of ECM stiffness. For example, MEF2A has a high likelihood of activation upon 1009	
changes in the ECM stiffness for all the cells types studied, which is concluded based on the 1010	
changing expression patterns within the transcriptomics data for the diverse cells types that 1011	
were subjected to changes in the stiffness of their supporting material (z-score>150). MEF2A 1012	
can bind to the TFr MEF2A (binding score>6), which has been also identified as a TFr that can 1013	
be altered biochemical (red color coding as in Fig. 4). C) Right, the top 15 most enriched TFs in 1014	
adhesion peptide experiments; left, the relationship between the top TFs in each condition and 1015	
the most likely TFrs that are active in experiments designed to explore the variation of adhesion 1016	
ligand density. D) Right, the top 15 most enriched TFs in stiffness and adhesion ligand 1017	
experiments; left, relationship between the top TF for each condition and the most likely TFrs 1018	
that are active in experiments that explored both, the variation in stiffness and in adhesion 1019	
ligands.  1020	
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 1022	
Figure 7.  Mechano- and chemo-transduction response is conserved in idiopathic lung 1023	

fibrosis (ILF) patients. Right, the top 15 most enriched TFs in idiopathic lung fibrosis (ILF) 1024	

samples; left, relationship between the top TF for each condition and the most likely TFrs that 1025	

are active in ILF patient samples. For example, MTF1 has a high likelihood to be active in ILF 1026	

patients based on the changing expression patterns of the transcriptomics data in ILF patients 1027	

versus control (z-score>60). MTF1 can bind to the TFr NOTCH1 (binding score>4), which has 1028	

been identified as a mechanotransduction TFr that can be altered by both, biochemical and 1029	

mechanical changes in the ECM (purple color coding as in Fig. 4).  1030	
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