
1 
 

Decoupling global biases and local interactions between cell 1 

biological variables 2 

 3 

Assaf Zaritsky1,2, Uri Obolski3, Zhuo Gan1,2, Carlos R. Reis1, Zuzana Kadlecova1, Yi Du2, 4 

Sandra L. Schmid1, Gaudenz Danuser1,2* 5 

1Department of Cell Biology, UT Southwestern Medical Center, Dallas, TX 75390, USA. 6 

2Department of Bioinformatics, UT Southwestern Medical Center, Dallas, TX 75390, USA. 7 

3 Department of Zoology, University of Oxford, Oxford, United Kingdom. 8 

* To whom correspondence should be sent: Gaudenz Danuser, 5323 Harry Hines Blvd., Dallas, 9 

Texas 75390-9039.  Phone: 214-648-3835. Fax: 214-648-7491. Email: 10 

Gaudenz.Danuser@UTSouthwestern.edu. 11 

 12 

Condensed title: DeBias: analysis of coupled biological variables 13 

Keywords: Global bias, Local interaction, Co-localization, Cytoskeleton alignment, Collective 14 

cell migration, Endocytosis.  15 

 16 

Impact statement: DeBias, a generic method to decompose and quantify the confounding, 17 

global factors and direct interactions of pairwise interacting variables. 18 

 19 

 20 



2 
 

Abstract 21 

Analysis of coupled variables is a core concept of cell biological inference, with co-localization 22 

of two molecules as a proxy for protein interaction being a ubiquitous example. However, 23 

external effectors may influence the observed co-localization independently from the local 24 

interaction of two proteins. Such global bias, although biologically meaningful, is often 25 

neglected when interpreting co-localization. Here, we describe DeBias, a computational method 26 

to quantify and decouple global bias from local interactions between variables by modeling the 27 

observed co-localization as the cumulative contribution of a global and a local component. We 28 

showcase four applications of DeBias in different areas of cell biology, and demonstrate that the 29 

global bias encapsulates fundamental mechanistic insight into cellular behavior. The DeBias 30 

software package is freely accessible online via a web-server at https://debias.biohpc.swmed.edu. 31 
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Plain language summary 44 

Multiple variables are often measured in the same cell or cellular compartment. One example 45 

concerns orientational variables such motion direction and force generation of migrating cells. 46 

Another example concerns localization variables, such the abundance of two particular 47 

molecules in a molecular structure. Understanding the modes of interactions between coupled 48 

variables is a basic step in cell biological investigation.  49 

External global effects often mask our ability to accurately quantify the direct interactions 50 

between variables. For example, sub-cellular structures can be co-aligned, yet without direct 51 

interaction, because the cell shape globally biases the organization of internal components 52 

toward a specific directional cue. Multiple statistical approaches aim to achieve more accurate 53 

estimation of the direct interactions by eliminating global bias, but they ignore the possibility 54 

that global bias can encapsulate important information.  55 

In this study we embrace global bias as a second measurement for the analysis of complex 56 

relations between cellular variables. We introduce an algorithm called DeBias to Decouple the 57 

global Bias from direct interactions. 58 

To demonstrate broad applicability, DeBias was used in the study of four very different areas of 59 

cell biology ranging from co-alignment of cytoskeletal filamentous networks, co-alignment of 60 

direction of cell motion and migration force, and co-localization of molecules at the cell surface 61 

with the endocytosis machinery that transports them across the plasma membrane endocytosed. 62 

For each application, we uncovered the physical interpretation of the global bias and how it can 63 

be used to gain additional mechanistic information of the analyzed process. 64 

DeBias can be used to comprehensively explore molecular processes that modulate the direct 65 

interactions or global bias of coupled variables. Another potential application would be dynamic 66 
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assessment of coupled variables in relation to their spatial location in a cell and how they 67 

associate with other sub-cellular processes. 68 

 69 
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Introduction 89 

Interpretation of the relations among coupled variables is a classic problem in many areas of cell 90 

biology. One example is the spatiotemporal co-localization of molecules – a critical clue to 91 

interactions between molecular components; another example is alignment of molecular 92 

structures, such as filamentous networks. However, co-localization or alignment may also occur 93 

because the observed components are associated with external effectors. For example, the 94 

internal components of a polarized cell are organized along the polarization axis, making it 95 

difficult to quantify how much of the observed alignment between two filamentous networks is 96 

related to common organizational constraints, and how much of it is indeed caused by direct 97 

interaction between filaments. Another example is introduced with protein co-localization, where 98 

their intensity distributions may be heavily biased to specific levels regulated by the cell state. 99 

The combined effects of global bias with local interactions are manifest in the joint distribution 100 

of the spatially coupled variables. The contribution of global bias to this joint distribution can be 101 

recognized from the deviation of the marginal distributions of each of the two variables from an 102 

(un-biased) uniform distribution.  103 

Although global bias can significantly mislead the interpretation of co-localization and co-104 

orientation measurements, most studies do not account for this effect (Adler and Parmryd, 2010; 105 

Bolte and Cordelieres, 2006; Costes et al., 2004; Das et al., 2015; Dunn et al., 2011; Kalaidzidis 106 

et al., 2015; Rizk et al., 2014; Serra-Picamal et al., 2012; Tambe et al., 2011). Previous 107 

approaches indirectly assessed spatial correlations (e.g., (Drew et al., 2015; Karlon et al., 1999)), 108 

variants of mutual information (e.g., (Krishnaswamy et al., 2014; Reshef et al., 2011)) or spatial 109 

biases (Helmuth et al., 2010) but did not explicitly quantify the contribution of the global bias to 110 

the observed joint distribution. These methods approach the global bias as a confounding factor 111 
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(VanderWeele and Shpitser, 2013) that must be eliminated for more accurate assessment of the 112 

true local interaction, but ignore the possibility that the global bias contains by-itself valuable 113 

mechanistic information to cell behavior.  114 

Here, we present DeBias as an algorithm to decouple the global bias (represented by a global 115 

index) from the bona fide local interaction (represented by a local index) in co-localization and 116 

co-orientation of two independently-measured spatial variables. The decoupling enables 117 

simultaneous investigation of processes that drive global bias and local interactions between 118 

spatially-matched variables. Our method is dubbed DeBias because it Decouples the global Bias 119 

from local interactions between two variables.  120 

To highlight its capabilities, DeBias was applied to data from four different areas in cell biology, 121 

ranging in scale from macromolecular to multicellular: (1) alignment of vimentin fibers and 122 

microtubules in the context of polarized cells; (2) alignment of cell velocity and traction stress 123 

during collective migration; (3) fluorescence resonance energy transfer of Protein Kinase C; and 124 

(4) recruitment of transmembrane receptors to clathrin-coated pits during endocytosis. These 125 

examples demonstrate the generalization of the method and underline the potential of extracting 126 

global bias as an independent functional measurement in the analysis of multiplex biological 127 

variables. 128 

 129 

 130 

 131 

 132 

 133 
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Results 134 

Similarity of observed co-orientation originating from different mechanisms 135 

The issue of separating contributions from global bias and local interactions is best illustrated 136 

with the alignment of two sets of variables that carry orientational information. Examples of co-137 

orientation include the alignment of two filament networks (Drew et al., 2015; Gan et al., 2016; 138 

Nieuwenhuizen et al., 2015), or the alignment of cell velocity and traction stress, a phenomenon 139 

referred to as plithotaxis (Das et al., 2015; Tambe et al., 2011; Trepat and Fredberg, 2011). In 140 

these systems, global bias imposes a preferred axis of orientation on the two variables, which is 141 

independent of the local interactions between the two variables (Fig. 1A).  142 

Similar observed alignments may arise from different levels of global bias and local interactions. 143 

This is demonstrated by simulation of two independent random variables X and Y, representing 144 

orientations (Fig. 1B, left), from which pairs of samples xi and yi are drawn to form an alignment 145 

angle θi (Fig. 1B, middle). Then, a local interaction between the two variables is modeled by co-146 

aligning θi by ζi degrees, resulting in two variables x’i and y’i with an observed alignment θi - ζi 147 

(Fig. 1B, right). 148 

We show the joint distribution of X, Y for 4 simulations (Fig. 1C) where X and Y are normally 149 

distributed with identical means but different standard deviations (ߪ), truncated to [−90°, 90°)], 150 

and different magnitudes of local interactions (ζ). The latter is defined as ζ = αθ (Fig. 1B, α=1 151 for perfect alignment). Throughout the simulations both ߪ and α are gradually increased (Fig. 152 

1C, left-to-right), implying that the global bias in the orientational variables is reduced while 153 

their local interactions increase. As a result, all simulations display similar observed alignments 154 

(mean values, 18.9°-19.5°). Fig. 1D visualizes 100 samples from each of the two most distinct 155 
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scenarios: low ߪ and no local interaction (17° = ߪ, α  = 0) leads to tendency of X and Y to align 156 

independently to one direction (left); higher variance together with increased interaction (157 = ߪ 

40°, α = 0.5) leads to more diverse orientations of X and Y (right), while maintaining similar 158 

mean alignment. This simple example highlights the possibility of observing similar alignments 159 

arising from different mechanisms. While the described properties are well known and many 160 

others have used statistical post-processing to eliminate such confounding factors for accurate 161 

assessment of local interactions (Drew et al., 2015; Helmuth et al., 2010; Karlon et al., 1999; 162 

Krishnaswamy et al., 2014; Reshef et al., 2011), we aim to directly quantify the global bias, with 163 

the goal of extracting encapsulated information that is fundamental to the biological question. 164 
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 165 

Figure 1: Illustration of global bias and local interaction using the alignment of two orientational 166 
variables (A) The relation between two variables X, Y can be explained from a combination of direct 167 
interactions (orange) and a common effector. (B) Simulation. Given two distributions X, Y, pairs of 168 
coupled variables are constructed by drawing sample pairs (xi,yi)  and transforming them to (xi’,yi’) by a 169 
correction parameter ζi = αθi, which represents the effect of a local interaction. α is constant for each of 170 
these simulations. (C) Simulated joint distributions. X, Y truncated normal distributions with mean 0 and 171 ߪX = ߪY. Shown are the joint distributions of 4 simulations with reduced global bias (i.e., increased 172 
standard deviation ߪX, ߪY) and increased local interaction (left-to-right), all scenarios have similar 173 
observed mean alignment of ~19°. (D) Example of 100 draws of coupled orientational variables from the 174 
two most extreme scenarios in panel C. Most orientations are aligned with the x-axis when the global bias 175 
is high and no local interaction exists (left), while the orientations are less aligned with the x-axis but 176 
maintain the mean alignment between (xi’,yi’) pairs for reduced global bias and increased local interaction 177 
(right).  178 
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DeBias: a method to assess the global and local contribution to observed co-179 

alignment 180 

DeBias models the observed marginal distributions X’ and Y’ as the sum of the contributions by 181 

a common effector, i.e., the global bias, and by local interactions that effect the co-alignment of 182 

the two variables in every data point (Fig. 2A).  183 

In a scenario without any global bias or local interaction between X’ and Y’, the observed 184 

alignment would be uniformly distributed (denoted uniform). Hence any deviation from the 185 

uniform distribution would reflect contributions from both the global bias and the local 186 

interactions. To extract the contribution of the global bias we constructed a resampled alignment 187 

distribution (denoted resampled) from independent samples of the marginal distributions X’ and 188 

Y’, which decouples matched pairs (x’i, y’i), and thus excludes their local interactions. The 189 

global bias is defined as the dissimilarity between the uniform and resampled distributions and 190 

accordingly describes to what extent elements of X’ and Y’ are aligned without local interaction 191 

(Fig. 2B). If a local interaction exists then the distribution of the observed alignment angles will 192 

differ from independently resampled alignment distribution. Hence, the uniform distribution will 193 

be less similar to the experimentally observed alignment distribution (denoted observed) than to 194 

the resampled distribution. Accordingly, the local interaction is defined by the difference of 195 

dissimilarity between the observed and uniform distributions and dissimilarity between the 196 

resampled and uniform distributions (Fig. 2B). 197 
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 198 

Figure 2: DeBias algorithm. (A) Underlying assumption: the observed relation between two variables is a 199 
cumulative process of a global bias and a local interaction component. (B) Quantifying local and global 200 
indices: sample from the marginal distributions X, Y to construct the resampled distribution. The global 201 
index (GI) is calculated as the Earth Movers Distance (EMD) between the uniform and the resampled 202 
distributions. The local index (LI) is calculated as the subtraction of the GI from the EMD between the 203 
uniform and the observed distribution. (C) Local and global indices calculated for the examples from Fig. 204 
1C. Black circles represent the (GI,LI) value for the corresponding example in Fig. 1C, bars represent the 205 
relative contribution of the local (green) and global (red) index to the observed alignment. (D-E) 206 
Simulation using a constant interaction parameter α = 0.2 and varying standard deviations of X, Y, 207 = ߪ 
50° to 5°. (D) Joint distributions. Correlation between X and Y is (subjectively) becoming less obvious 208 
for increasing global bias (decreasing ߪ). (E) GI and LI are negatively correlated: decreased ߪ enhances 209 
GI and reduces LI. The change in GI is ~4 fold larger compared to the change in LI indicating that the GI 210 
has a limited effect on LI values. Inset: stretched LI emphasizes the negative correlation. (F) Both LI and 211 
GI are needed to discriminate between simulations with different interaction parameters. α = 0.2 (red) or 212 
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0.25 (cyan), ߪ is drawn from a normal distribution (mean = 25°, standard deviation = 4°). Number of 213 
simulations = 40, for each parameter setting. Inset: stretched LI emphasizes the discrimination. Number 214 
of histogram bins, K = 15, for all simulations. 215 

 216 
Figure 2 – figure supplement 1: Simulations demonstrating the negative local interactions induce 217 
negative local indices. Simulations were performed as in Fig. 1B: X, Y truncated normal distributions 218 
with mean 0 and σ = ߪX = ߪY; ζ = αθ, but with α < 0 as the negative interaction. Shown are GI and LI 219 
values for 4 simulations with increased global bias (i.e., smaller standard deviation ߪX, ߪY) and increased 220 
negative local interaction (left-to-right), all scenarios have similar observed mean alignment of ~19° 221 
(corresponding to the simulations in Fig. 1C). 222 

 223 

The Earth Mover's Distance (EMD) (Peleg et al., 1989; Rubner et al., 2000) was used to 224 

calculate dissimilarities between distributions. The EMD of 1-dimensional distributions is 225 

defined as the minimal 'cost' to transform one distribution into the other (Kantorovich and 226 

Rubinstein, 1958). This cost is proportional to the minimal accumulated number of moving 227 

observations to adjacent histogram bins needed to complete the transformation. Formally, we 228 

calculate ܣ)ܦܯܧ, (ܤ = ∑ | ∑ ௝ܽ௝ୀଵ,…,௜ − ∑ ௝ܾ௝ୀଵ,…,௜ |௜ୀଵ,..,௄ , with a straightforward 229 

implementation for 1-dimensional distributions. Introducing the EMD defines scalar values for 230 

the dissimilarities and allows us to define the EMD between resampled and uniform alignment 231 

distributions as the global index (GI) and the local index (LI) as the difference of EMD between 232 

observed and uniform and the GI (Fig. 2B). Fig. 2C, demonstrates how the GI and LI recognize 233 

the global bias and local interactions between the matched variable pairs (x’i, y’i) established in 234 

Fig. 1C. For a scenario with no local interaction (α  = 0) DeBias correctly reports LI~0 and 235 

GI~3. For a scenario with gradually wider distributions X,Y, i.e., less global bias, and gradually 236 

stronger local interactions (α > 0), the LI increases while the GI decreases. Additional 237 
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simulations showed that similar properties apply for negative local interactions ζ = αθ (Fig. 1B) 238 

were α < 0 (Figure 2 - figure supplement 1).   239 

In the previous illustrations, changes in spread of the distributions X and Y were compensated by 240 

changes in the local interactions. When leaving the interaction parameter α constant while 241 

changing the spread of X and Y a weak, but intrinsically negative correlation between LI and GI 242 

becomes apparent (Fig. 2D-E). Thus, while DeBias can correctly distinguish scenarios with 243 

substantial shifts from global bias to local interactions, the precise numerical values estimating 244 

the contribution of LI varies between scenarios with a low versus high global bias. To address 245 

this issue we propose to exploit the variation between experiments for modeling the relation 246 

between LI and GI. This is demonstrated by comparing two distinct values of the interaction 247 

parameter, α, emulating different experimental settings (Fig. 2F). Within experiments variation 248 

was obtained by drawing multiple values of ߪ from a normal distribution. Due to the negative 249 

correlation between LI and GI the experimental patterns can only be discriminated by combining 250 

LI and GI into a two-dimensional descriptor (Fig. 2F). This point will be further demonstrated in 251 

one of the following case studies and in the Discussion. 252 

Theory and limiting cases of DeBias 253 

To characterize the properties of DeBias we used theoretical statistical reasoning. The first 254 

limiting case is set by the scenario in which observations from X and Y are independent. The 255 

expected values of the observed and resampled alignments are identical; accordingly, LI 256 

converges to 0 for large N (Appendix 1, Theorem 1). The second limiting case is set by the 257 

scenario in which X and Y are both uniform. The corresponding resampled alignment is also 258 

uniform; accordingly, GI converges to 0 for a large N (Appendix 1, Theorem 2). The third 259 
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limiting case occurs with perfect alignment, i.e., xi = yi for all i. In this case the observed 260 

alignment distribution is concentrated in the bin containing θ = 0. We examine two scenarios of 261 

perfect alignment: (1) When all the locally matched measurements are identical (xi = yj for all i, 262 

j), the resampled distribution is also concentrated in the bin θ = 0 implying that LI = 0 and GI 263 

assumes the maximal possible value: ܫܩ = ଵ௄ ∑ (݅ − 1) =௜ୀଵ,..,௄ ௄ିଵଶ , where K is the number of 264 

quantization bins (Appendix 1, Theorem 3.I). (2) When X, Y are uniform (and xi = yi for all i), 265 

the resampled distribution is uniform, thus GI = 0 and LI reaches its maximum value: ܫܮ =266 

ଵ௄ ∑ (݅ − 1) =௜ୀଵ,..,௄ ௄ିଵଶ , Appendix 1, Theorem 3.II). Generalizing this case, we prove that LI is a 267 

lower bound for the actual contribution of the local interaction to the observed alignment 268 

(Appendix 1, Theorem 4). Complementarily, GI is an upper bound for the contribution of the 269 

global bias to the observed alignment.  270 

Last, we show that when X and Y are truncated normal distributions, or when the alignment 271 

distribution is truncated normal, GI reduces to a limit of 0 as ߪ  ∞, when ߪ is the standard 272 

deviation of the normal distribution before truncation (Appendix 1, Theorem 5).  Simulations 273 

complement this result demonstrating that ߪ and GI are negatively associated, i.e., GI decreases 274 

with increasing ߪ (Fig. 2E). This final property is intuitive, because resampling from more biased 275 

distributions (smaller ߪ) tends to generate high agreement between (xi, yi) leading to reduced 276 

alignment angles and increased GI. 277 

The modeling of the observed alignment as the sum of GI and LI allowed us to assess the 278 

performance of DeBias from synthetic data. By using a constant local interaction parameter ζ (ζ 279 

= c), we were able to retrieve the portion of the observed alignment that is attributed to the local 280 

interaction and to compare it with the true predefined ζ (Appendix 2, Appendix 2 - figure 1). 281 
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These simulations demonstrated again the need for a GI-dependent interpretation of LI (first 282 

shown in Fig. 2E-F). Simulations were also performed to assess how the choice of the 283 

quantization parameter K (i.e., number of histogram bins) and number of observations N affect 284 

GI and LI (Appendix 2, Appendix 2 - figures 2-3), and this was also verified in our experimental 285 

data (Figure 3 - figure supplement 1). In summary, by combining theoretical considerations and 286 

simulations we demonstrated the properties and limiting cases of DeBias in decoupling paired 287 

matching variables from orientation data. 288 

Local alignment of Vimentin and Microtubule filaments   289 

We applied DeBias to investigate the degree of alignment between vimentin intermediate 290 

filaments and microtubules in polarized cells. Recent work using genome-edited Retinal Pigment 291 

Epithelial (RPE) cells with endogenous levels of fluorescently tagged vimentin and α-tubulin 292 

showed that vimentin provides a structural template for microtubule growth, and through this 293 

maintains cell polarity (Gan et al., 2016). The effect was strongest in cells at the wound front 294 

where both vimentin and microtubule networks collaboratively align with the direction of 295 

migration (Fig. 3A-C). An open question remains as to how much of this alignment is caused by 296 

the extrinsic directional bias associated with the collective migration of cells into the wound as 297 

opposed to a local interaction between the two cytoskeleton systems.  298 

Analysis of the GI and LI revealed that most of the discrepancy in vimentin-microtubule 299 

alignment originated from a shift in the global bias (Fig. 3D), suggesting that the local 300 

interaction between the two cytoskeletons is unaffected by the cell position or knock-down of 301 

vimentin. Instead, the reduced alignment between the two cytoskeletons is caused by a loss of 302 

cell polarity in cells away from the wound edge, probably associated with the reduced geometric 303 
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constraints imposed by the wound edge. In a similar fashion, reduction of vimentin expression 304 

relaxes global cell polarity cues that tend to impose alignment.  305 

 306 

Figure 3: Alignment of microtubule and vimentin intermediate filaments in the context of cell polarity. 307 
(A) RPE cells expressing TagRFP α-tubulin (MT) and mEmerald-vimentin (VIM) at endogenous levels 308 
during a wound healing assay. Scale bar 100 ߤm. (B) Zooming in on cells in different locations in respect 309 
to the wound edge. Right-most column, computer segmented filaments of both cytoskeleton systems. Top 310 
row, cells located at the wound edge (‘Front’); Middle row, cells located 2-3 rows away from the wound 311 
edge (’Back’); Bottom row, cells located at the wound edge partially with shRNA knock-down of 312 
vimentin. Scale bar 10 ߤm. (C) Orientation distribution of microtubules (left column) and vimentin 313 
filaments (middle columns) for the cells outlined in B. Vimentin-microtubule alignment distributions 314 
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(right column). (D) Scatterplot of GI versus LI derived by DeBias. The GI is significantly higher in WT 315 
cells at the wound edge (‘Front’, n = 12) compared to cells inside the monolayer (‘Back’, n = 12, fold 316 
change = 4.8, p-value < 0.0001); or compared to vimentin-depleted cells at the wound edge (‘VIM KD’, n 317 
= 7, fold change = 5.2, p-value < 0.0001). Statistics based on Wilcoxon rank-sum test. All DeBias 318 
analyses performed with K = 15. (E) Polarization of RPE cells at the wound edge at different time points 319 
after scratching. Scale bar 10 ߤm. (F) Representative experiment showing the progression of LI and GI as 320 
a function of time after scratching (see color code). Correlation between GI and time ~0.90, p-value < 10-321 
30 (n time points = 83). N = 5 independent experiments were conducted of which 4 experiments showed a 322 
gradual increase in GI with increased observed polarity. All DeBias analyses performed with K = 15. 323 

 324 

Figure 3 - figure supplement 1: LI and GI are independent of the number of observations (N) and the 325 
number of histogram bins (K) – experimental evidence from the data in Fig. 3E-F (time evolution of 326 
microtubule-vimentin alignment). (A) Time evolution of N, the number of observations (paired 327 
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microtubule and vimentin pixels) analyzed, N grows linearly in time. Y-axis was normalized to the first 328 
time point. (B-C) LI and GI are independent of the number of random resampled observations N = 500-329 
3000. (B) LI and GI remain stable. (C) Deviation from the LI, GI values reported in Fig. 3F. Lower N 330 
correspond to higher variability. All analyses performed with K = 15. (D-E) LI and GI patterns are 331 
independent of the number of alignment histogram bins K = 5-25. (D) GI. (E) LI. 332 

 333 

To corroborate our conclusion that the global state of cell polarity is encoded by the GI, we 334 

performed a live cell imaging experiment, in which single cells at the edge of a freshly inflicted 335 

wound in a RPE monolayer were monitored for 80 minutes after scratching. DeBias was applied 336 

to calculate a time sequence of LI and GI. Cells at the wound edge tended to gradually increase 337 

their polarity and started migrating during the imaging time frame (Fig. 3E, Video 1). 338 

Accordingly, the GI increased over time (Fig. 3F). We also used this data set to verify that the 339 

reported shifts in GI are independent of the number of data points in and the binning of the 340 

distribution (Figure 3 - figure supplement 1). This demonstrates the capacity of DeBias to 341 

distinguish fundamentally different effectors of cytoskeleton alignment.  342 

Identifying molecular factors in alignment of cell velocity and mechanical 343 

forces during collective cell migration 344 

Collective cell migration requires intercellular coordination, achieved by mechanical and 345 

chemical information transfer between cells. One mechanism for cell-cell communication is 346 

plithotaxis, the tendency of individual cells to align their velocity with the maximum principal 347 

stress orientation (He et al., 2015; Tambe et al., 2011; Zaritsky et al., 2015). As in the previous 348 

example of vimentin and microtubule interaction, much of this alignment is associated with a 349 

general directionality of velocity and stress field parallel to the axis of collective migration 350 

(Zaritsky et al., 2015).   351 



19 
 

 352 
Figure 4: Alignment of stress orientation and velocity direction during collective cell migration. (A) 353 
Assay illustration. Wound healing assay of MDCK cells. Particle image velocimetry was applied to 354 
calculate velocity vectors (red) and monolayer stress microscopy to reconstruct stresses (blue). Alignment 355 
of velocity direction and stress orientation was assessed. (B) Mini-screen that includes depletion of 11 356 
tight-junction proteins and Merlin. Data from (Das et al., 2015), where effective depletion was 357 
demonstrated. Shown are GI and LI values; molecular conditions are sorted by the LI values (control is 358 
ranked 6th, pointed by the black arrow). Each dot was calculated from accumulation of 3 independent 359 
experiments (N = 925-1539 for each condition). Three groups of tight junction proteins are highlighted by 360 
dashed rectangles: red - low LI and GI compared to control, purple – different GI but similar LI, orange – 361 
high LI. All DeBias analyses were performed with K = 15. (C) Pair-wise statistical significance for LI 362 
values. P-values were calculated via a permutation-test on the velocity and stress data (Methods). Red – 363 
none significant (p ≥ 0.05) change in LI values, blue – highly significant (< 0.01) change in LI values. (D) 364 
Highlighted hits: Claudin1, Claudin2, Merlin and ZO1. Top: Distribution of stress orientation (top), 365 
velocity direction (middle) and motion-stress alignment (bottom). Bottom: table of mean alignment angle, 366 
LI and GI. Claudin1 and Claudin2 have similar mechanisms for transforming stress to aligned velocity. 367 
ZO1 depletion enhances alignment of velocity by stress.  368 

 369 
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Using a wound healing assay, Das et al. (Das et al., 2015) screened 11 tight-junction proteins to 370 

identify pathways that promote motion-stress alignment (Fig. 4A). Knockdown of Merlin, 371 

Claudin1, Patj and Angiomotin (Amot) reduced the alignment of velocity direction and stress 372 

orientation (Das et al., 2015). Further inspection of these hits showed that the stress orientation 373 

remained stable upon depletion of these proteins, but the velocity direction distribution was 374 

much less biased towards the wound edge (Zaritsky et al., 2015). Here, we further analyze this 375 

data to demonstrate the capacity of DeBias to pinpoint tight-junction proteins that alter 376 

specifically the global or local components that induce velocity-stress alignment. 377 

By distinguishing GI and LI we generated a refined annotation of the functional alteration that 378 

depletion of these tight-junction components caused in mechanical coordination of collectively 379 

migrating cells (Fig. 4B-C). First, we confirmed that the four hits reported by (Das et al., 2015) 380 

massively reduced the GI, consistent with the notion that absence of these proteins diminished 381 

the general alignment of velocity to the direction induced by the migrating sheet (Fig. 4B, red 382 

dashed rectangle). Merlin, Patj and Angiomotin reduced the LI to values close to 0, suggesting 383 

that the local dependency between stress orientation and velocity direction was lost. Depletion of 384 

Claudin1, or of its paralog Claudin2, which was not reported as a hit in the Das et al. screen, 385 

reduced the LI to a lesser extent, similarly for both proteins, but had very different effects on the 386 

GI  (Fig. 4B, purple dashed rectangle). This suggested that the analysis by (Das et al., 2015) 387 

missed effects that do not alter the general alignment of stress or motion, and implied the 388 

existence of a local velocity-stress alignment mechanism that does not immediately change the 389 

collective aspect of cell migration. 390 

When assessing the marginal distributions of stress orientation and velocity direction we 391 

observed that depletion of Claudin1 reduced the organization of stress orientations and of 392 
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velocity direction, while Claudin2 reduced only the latter. The LI values of depletion conditions 393 

were similar and lower than control (Fig. 4D). Merlin depletion is characterized by an even 394 

lower LI and marginal distributions with aligned stress orientation and almost uniform alignment 395 

distribution (Fig. 4D). Since we think that aligned stress is transformed to aligned motion (He et 396 

al., 2015; Zaritsky et al., 2015), we propose that in this data the LI quantifies the effect of local 397 

mechanical communication on parallelizing the velocity among neighboring cells. Accordingly, 398 

stress-motion transmission mechanism is impaired to a similar extent by reduction of Claudin1 399 

and Claudin2, albeit less than by reduction of Merlin.  400 

Using LI as a discriminative measure also allowed us to identify a group of new hits (Fig. 4C). 401 

ZO1, ZO2, ZO3, Occludin and ZONAB are all characterized by small reductions in GI but a 402 

substantial increase in LI relative to control (Fig. 4B, orange dashed rectangle). A quantitative 403 

comparison of control and ZO1 depleted cells provides a good example for the type of 404 

information DeBias can extract: both conditions yield similar observed alignment distributions 405 

with nearly identical means, yet ZO1 depletion has an 83% increase in LI and 8% reduction in 406 

GI, i.e., the mild loss in the marginal alignment of velocity or stress is compensated by enhanced 407 

local alignment in ZO1 depleted cells (Fig. 4D). This might point to a mechanism, in which 408 

stress orientation is reduced by tight-junction depletion, but enhanced by transmission of stress 409 

orientation into motion orientation, leading to comparable alignment. Notably, all paralogs, ZO1, 410 

ZO2 and ZO3 fall into the same cluster of elevated LI and slightly reduced GI relative to control 411 

experiments. This phenotype is in agreement with the outcomes of a screen that found ZO1 412 

depletion to increase both motility and cell-junctional forces (Bazellières et al., 2015). 413 

Using DeBias to assess protein-protein co-localization 414 
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Protein-protein co-localization is another ubiquitous example of correlating spatially matched 415 

variables in cell biology. To quantify GI and LI for protein-protein co-localization, we 416 

normalized each channel to intensity values between 0 and 1. The 'alignment' θi of matched 417 

observations (xi,yi) was replaced by the difference in normalized fluorescent intensities xi - yi 418 

(Methods). Simulations demonstrated that stronger interactions in co-localization are translated 419 

to larger LI values and validated that the choice of K (number of histogram bins) and N (number 420 

of observations) marginally affect GI and LI (Appendix 3, Appendix 3 - figure 1). While LI 421 

could serve as a measure to assess co-localization, the interpretation of GI is less intuitive. In the 422 

following, we present two examples of applying DeBias for protein-protein co-localization, and 423 

demonstrate the type of information that can be extracted from the combined GI and LI analysis.  424 

PKC FRET: a simple example of pixel-based protein-protein co-localization  425 

To test the potential of DeBias in quantification of pixel-based co-localization, we analyzed the 426 

effect of fluorescence resonance energy transfer (FRET) in the C kinase activity reporter 427 

(CKAR), which reversibly responds to PKC activation and deactivation (Violin et al., 2003). 428 

Reduced PKC activity leads to energy transfer from CFP to YFPCFP, resulting in reduced FRET 429 

ratio ( ஼ி௉௒ி௉಴ಷು ) (Fig. 5A). Assuming that the CFP signal is dominant (CFP > YFPCFP), this 430 

alteration should reduce the difference between the CFP and YFPCFP channels, which would in 431 

DeBias yield an increased LI (Fig. 5A, Methods). 432 

To test this we labeled hTERT-RPE-1 cells with CKAR and imaged CFP and YFPCFP channels 433 

before and after specific inhibition of PKC with HA-100 dihydrochloride (Fig. 5B, Methods), 434 

leading to reduced pixel differences in their normalized fluorescent intensities (Fig. 5C). As 435 

expected, the ஼ி௉௒ி௉಴ಷು ratio decreased (Fig. 5D), LI values increased (Fig. 5E) and seemed more 436 
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sensitive to the FRET. Surprisingly, DeBias indicated a shift in the GI values (Fig. 5F), reflected 437 

in a more homogeneous marginal distribution of both channels before inhibition (Fig. 5G). 438 

Control experiments with cytoplasmic GFP and mCherry expression did not show the shifts 439 

observed in LI or GI (Fig. 5H). Thus, we conclude that PKC inhibition changes the localization 440 

of PKC towards a more random spatial distribution. One possible mechanism for this behavior is 441 

that deactivation releases the kinase from the substrate. This example illustrates DeBias’ 442 

capabilities to simultaneously quantify changes in local interaction and global bias in pixel-based 443 

co-localization. 444 

 445 
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 446 

Figure 5: PKC inhibition alters LI and GI. (A) PKC inhibition is expected to lead to elevated LI for cells 447 
with dominant CFP signal (CFP > YFPCFP). Upon FRET, CFP signal is locally transferred to YFPCFP, 448 
reducing the difference in normalized intensity between the two channels, which increases LI. (B) 449 
hTERT-RPE-1 cells imaged with the CKAR reporter. A cell before (top) and after (bottom) PKC 450 
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inhibition. Region of interest was manually annotated and the ratio  େ୊୔ଢ଼୊୔ిూౌ was calculated within it. (C) 451 
Pixel distribution of differences in normalized fluorescent intensities CFPnorm - YFPnorm

CFP before and 452 
after PKC inhibition for the cell from panel B. PKC inhibition shifted the average absolute difference 453 
from 0.054 to 0.042 and the LI from 2.25 to 2.84. (D-F) PKC inhibition experiment. N = 8 cells. Statistics 454 
based on Wilcoxon sign-rank test. (D) The FRET ratio େ୊୔ଢ଼୊୔ిూౌ  decreased (p-value < 0.008), (E) LI 455 
increased (p-value < 0.008), and (F) GI decreased (p-value < 0.008) after PKC inhibition. (G) Marginal 456 
distribution of CFP and YFPCFP before (top) and after (bottom) PKC inhibition. (H) Control experiment. 457 
N = 7 cells. hTERT-RPE-1 cells expressing cytoplasmic GFP and mCherry before and after PKC 458 
inhibition. No significant change in LI or GI was observed. All DeBias analyses were performed with K = 459 
19. 460 

 461 

Inferring co-localization of molecular cargo and clathrin-coated pitsduring 462 

endocytosis 463 

Clathrin-mediated endocytosis (CME) is the major pathway for entry of cargo receptors into 464 

eukaryotic cells. Cargo receptor composition plays an important role in regulating clathrin-465 

coated pit (CCP) initiation and maturation (Liu et al., 2010; Loerke et al., 2009). The clustering 466 

of transferrin receptors (TfnR), the classic cargo receptor used to study CME, promotes CCP 467 

initiation, in concert with clathrin and adaptor proteins (Liu et al., 2010). Recent evidence 468 

suggests a diversity of mechanisms regulating endocytic trafficking, including cross-talks 469 

between signaling receptors and components of the endocytic machinery (Di Fiore and von 470 

Zastrow, 2014). For example, the oncogenic protein kinase, Akt has been shown to play an 471 

important role in mediating CME in cancer cells (Liberali et al., 2014; Reis et al., 2015), but not 472 

in normal epithelial cells (Reis et al., 2015). Here we tested how the decoupling by DeBias of 473 

global and local contributions to the overall intensity alignment of clathrin and TfnR, can be used 474 

to simultaneously investigate co-localization and predict CCP dynamics, using fixed cell 475 

fluorescence imaging.   476 

We used fluorescence images of fixed non‐small lung cancer cells (H1299) or untransformed 477 

human retinal pigment epithelial cells (ARPE-19) expressing clathrin light chain A fused to 478 
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eGFP (eGFP-CLCa) as a CCP marker (Fig. 6A-B). Cells were either treated with DMSO or with 479 

an AKT inhibitor (Akt inhibitor X, ‘ten’), and imaged by Total Internal Reflection Fluorescence 480 

Microscopy (TIRFM). CCPs were reported in the eGFP-CLCa channel and TfnR was visualized 481 

by immunofluorescence in a second channel (Methods). For single cells, the location of 482 

fluorescent signals of CLCa and TfnR were recorded and the data were pooled and processed by 483 

DeBias (Methods). 484 
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Figure 6: AKT inhibition differentially alters recruitment of TfnR to CCPs during CME for different cell 486 
lines. (A) H1299 cells expressing CLCa and TfnR ligands. Top row, representative WT cell (TfnR ligand, 487 
GI = 4.6, LI = 1.6). Bottom row, representative AKT-inhibited cell (TfnR ligand, GI = 6.0, LI = 0.3). 488 
Scale bar 10 ߤm. (B) ARPE-19 cells. Top row, representative WT cell (TfnR ligand, GI = 4.3, LI = 0.8). 489 
Bottom row, representative AKT-inhibited cell (TfnR ligand, GI = 4.6, LI = 1.6). (C-D) LI and GI of 490 
CLCa-TfnR co-localization for Ctrl (red) and Aktinh. cells (cyan). Every data point represents the LI and 491 
GI values for a single cell. Statistical analyses performed with the Wilcoxon rank-sum test. All DeBias 492 
analyses were performed with K = 40. (C) H1299: N number of cells Ctrl = 30, Aktinh. = 30; number of 493 
CCPs per cell: Ctrl = 455.5, Aktinh. = 179.5. GI p-value < 0.0001, LI p-value < 0.0001. (D) ARPE-19: N 494 
number of cells Ctrl = 30, Aktinh. = 20; number of CCPs per cell: Ctrl = 958.8, Aktinh. = 1138.2. GI p-value 495 
< 0.002, LI p-value < 0.008. (E-F) Receiver Operating Characteristic (ROC) curves showing the true 496 
positive rates as function of false-positive rates for single cell classification, higher curves correspond to 497 
enhanced discrimination (Methods). Black – LI, orange – (GI,LI). Statistics via permutation test 498 
(Methods). (E) H1299 AUC: (GI,LI) = 0.96 versus LI = 0.88, p-value ≤ 0.003. (F) ARPE-19 AUC: 499 
(GI,LI) = 0.83 versus LI = 0.72, p-value ≤ 0.048. (G-H) Joint distributions of CLCa (x-axis) and TfnR (y-500 
axis) for H1299 (G) and ARPE-19 (H) cells. (I-J) Marginal distributions of CLCa (left) and TfnR (right) 501 
for H1299 (I) and ARPE-19 (J) cells. (K-L) Combined CCP lifetime distribution for 50 Ctrl (red) and 502 
Aktinh. (cyan) cells. Statistics with Wilcoxon rank-sum test (Methods). (K) H1299: p-value < 0.006 (mean 503 
EMD: Ctrl = 29.3 versus Aktinh. = 43.6); number of cells: 50 (Ctrl), 11 (Aktinh.). (L) H1299: p-value n.s. 504 
(mean EMD: Ctrl = 36.1 versus Aktinh. = 38.0); number of cells: 12 (Ctrl), 12 (Aktinh.). (M-N) Percentage 505 
of TfnR uptake: Ctrl versus Aktinh. (whiskers - standard deviation). Statistics via two-tailed Student’s t-506 
test. (M) H1299: p-value < 0.005; N = 3 independent experiments. (N) ARPE-19: p-value n.s.; N = 3 507 
independent experiments.  508 
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 509 
Figure 6 - figure supplement 1: GI encodes information that is distinct from local interactions; 510 
Experimental validations of DeBias for co-localization. Data from Fig. 6. (A-F) GI as a complementary 511 
measure. (A-B) LI and Pearson’s correlation (CORR) are highly associated (statistical analyses performed 512 
using Pearson’s correlation). (A) H1299 cells: rho = 0.95, p-value < 10-29. (B) ARPE-19 cells: rho = 0.98, 513 
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p-value < 10-32. (C-D) CORR vs. GI. (C) H1299. (D) ARPE-19. (E-F) ROC curves. Statistics via 514 
permutation test (Methods). (E) H1299 AUC: (GI,CORR) = 0.96 versus CORR = 0.83, p-value ≤ 0.0001. 515 
(F) ARPE-19 AUC: (GI,CORR) = 0.84 versus CORR = 0.72, p-value n.s.. (G-H) Similar LI, GI values 516 
for different number of observations N = 100, 200, 400, 800. (G) H1299. (H) ARPE-19. (I-J) LI and GI 517 
patterns are independent of the number of alignment histogram bins K = 10, 20, 30, 40. (I) H1299. (J) 518 
ARPE-19. 519 

 520 

LI values, indicative of the co-localization between TfnR and CLCa, were significantly lower in 521 

Akt-inhibited H1299 compared to control cells (Fig. 6C). In contrast, Akt inhibition increased 522 

the LI values in ARPE-19 cells but this effect was less prominent (Fig. 6D). Akt inhibition 523 

resulted in increased GI values for both cell lines, to a much greater degree in H1299 cells (Fig. 524 

6C-D). To test whether GI enhances the ability to distinguish between control and Akt-inhibited 525 

cells, we applied Linear Discriminative Analysis (LDA) classification to calculate the true 526 

positive rate versus the false positive rate for LI alone (black lines, Fig. 6E-F) or the pair (GI, 527 

LI), (orange lines, Fig 6E-F). The area under these curves (AUC) provided a direct measure of 528 

the ability of each method to accurately classify the experimental condition of single cells. AUC 529 

for the (GI, LI) representation was superior to using LI alone for both cell lines (H1299: 0.96 530 

versus 0.88, Fig. 6E; ARPE-19: 0.83 versus 0.72, Fig. 6F). Similar benefit in discrimination was 531 

achieved when using the GI to complement Pearson’s correlation as an alternative to LI for 532 

measuring local interaction (Figure 6 - figure supplement 1A-F). Such improved discrimination 533 

is indicative of distinct molecular processes that were altered upon Akt inhibition. We also used 534 

this data set to experimentally validate the independence of GI and LI of the number of 535 

observations (N, Figure 6 - figure supplement 1G,H) and the choice of the number of histogram 536 

bins (K, Figure 6 - figure supplement 1I,J).  537 

To interpret the increased GI values for Akt-inhibited cells, we examined the joint and marginal 538 

distributions of CLCa and TfnR. Upon Akt-inhibition, the joint distributions were more biased 539 
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toward regions of low TfnR intensities (Fig. 6G-H). This was clearly observed in the marginal 540 

distributions (Fig. 6I-J). Hence, although the CLCa distribution appeared not to change upon 541 

AKT inhibition, the frequency of CCPs with fewer TfnRs increased. Given the positive relation 542 

between TfnR cargo quantities and CCPs maturation (Loerke et al., 2009), we wondered whether 543 

the increased frequencies of CCPs containing less TfnR might alter CCPs dynamics. Indeed, 544 

live-imaging of H1299 cells showed a higher frequency of CCPs with shorter lifetimes upon 545 

Akt-inhibition, which was not seen in normal ARPE-19 cells (Fig. 6K-L, Methods). It has 546 

previously been shown that Akt inhibition reduces the rate of TfnR CME uptake in H1299 cells, 547 

but not in ARPE-19 cells ((Reis et al., 2015), see also Fig. 6M-N); therefore, these findings 548 

indicate that the reduced levels of TfnR in CCPs upon Akt inhibition results in an increase in 549 

short-lived, most likely abortive events, and hence a decrease in CME efficiency. 550 

Altogether, DeBias could distinguish alterations in the regulation of CME between two cell 551 

types. The decoupling to GI and LI indicated that upon Akt inhibition, both untransformed and 552 

cancer cells showed a global bias towards CCPs with lowered TfnR intensities. This conclusion 553 

could not have been reached by considering only the LI, which increased for normal and 554 

decreased for transformed cell lines. 555 

 556 

 557 

 558 

 559 

 560 
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Discussion 561 

We introduce DeBias as a new method to assess global bias and local interactions between 562 

coupled cellular variables. Although the method is generic, we show here specific examples of 563 

DeBias analysis in co-orientation and co-localization studies. The source code is available, 564 

https://github.com/DanuserLab/DeBias, as well as via a web-based platform, 565 

https://debias.biohpc.swmed.edu. The website also provides detailed instructions for the 566 

operation of the user interface.  567 

DeBias defines a generalizable framework for eliminating confounding factors in the analysis of 568 

interacting variables. Our examples demonstrate that the distinction of global and local 569 

contributions to the level of variable coupling eliminates much of the global confounder bias in 570 

the analysis of more direct interactions and can unearth in the form of global bias mechanisms 571 

that are missed by a single parameter analysis (Figs. 1-2). In the example of vimentin-572 

microtubule alignment (Fig. 3), the significant decrease in GI as opposed to the LI upon partial 573 

vimentin knock-down indicated that the reduction in alignment between the two cytoskeleton 574 

systems is associated with a reduction of cell polarity as the global cue. In the example of stress-575 

velocity alignment (Fig. 4), depletion of some tight junction proteins increased LI, suggestive of 576 

enhanced local stress-motion transmission; knock-down of others decreased GI indicating an 577 

overall impaired alignment of velocity in the direction of wound closure. In the example of 578 

FRET experiments (Fig. 5), PKC inhibition lead to increased LI, validating the FRET response, 579 

while a reduced GI was indicative of weaker interactions of the inactivated kinase with its 580 

substrates. In the example of Tfn receptor (TfnR) co-localization with CCPs during CME (Fig. 581 

6), the increased GI in response to Akt inhibition related to a higher fraction of CCPs containing 582 

less TfnR. Moreover, Akt inhibition induced opposite shifts in LI for normal and cancer cells, 583 
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reflecting differential alterations in co-localization between cell types. Thus, DeBias provided 584 

insight into the regulation of cargo-pit association by kinase activity that depended on a proper 585 

deconvolution of local and global effects on the interaction of the clathrin and receptor signal. 586 

We then validated our conclusions by further analyses of the marginal distributions, live-imaging 587 

and uptake assays (Fig. 6). Overall, the four applications shown in this work first emphasize the 588 

general need for a confounder analysis when dealing with coupled biological variables and 589 

second indicate that the global bias may be linked to mechanistically meaningful properties of 590 

the studied system.  These properties were either ignored or eliminated by previous methods, and 591 

now can be assessed directly by DeBias. 592 

Other approaches have been used to address global confounders for assessment of local 593 

interactions between biological variables. For the specific example of object-based co-594 

localization, Helmuth et al. simulated the spatial distribution of objects in the absence of local 595 

interactions to calibrate co-localization measurement (Helmuth et al., 2010). Other methods 596 

mostly used second-order spatial statistics on distances between neighbor points to exclude 597 

confounders for better co-localization sensitivity (reviewed in (Lagache et al., 2015)). 598 

Importantly, we show applications of DeBias on co-localization that do not require initial object 599 

detection (Fig. 5). While the phenomenon of confounder bias is independent of object- versus 600 

pixel-based co-localization, we distinguish the peculiarities of the two scenarios in Appendix 4).  601 

An important and more general approach to revealing local interactions masked by global biases 602 

was recently proposed by (Krishnaswamy et al., 2014), using applications to single cell mass 603 

cytometry data as examples. The authors developed a measure referred to as conditional-Density 604 

Resampled Estimate of Mutual Information (DREMI) to quantify the influence of a protein X on 605 

protein Y based on the conditional probability P(Y|X). DREMI takes advantage of the abundant 606 
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mass cytometry data to equally weigh data at different intervals along the range of X values 607 

using >10,000 cells per experimental condition. This approach is less reliable when limited data 608 

is available, because of the low confidence in the conditional probability of observations with 609 

low data abundance. Thus, DREMI is not well suited for image data, which typically has fewer 610 

observations.  611 

DeBias estimates GI and LI assuming a constant global bias and local interaction for all 612 

observations. Moreover, its quantification power is relative. For example, a two-fold increase in 613 

the direct interaction of two variables would not necessarily result in a two-fold increase in LI. 614 

Another limitation is the absence of complete orthogonality of GI and LI values (Fig. 2E-F, 615 

Appendix 3 - figure 1), which complicates the interpretation of GI and LI in certain scenarios 616 

These three limitations apply to all current approaches for quantifying interactions between 617 

coupled variables. The main conceptual advance DeBias seeks to make relates to the explicit 618 

integration of confounding factors in the analysis of coupled variables, which implies an 619 

expansion of the coupling metric from a scalar to a two-dimensional score. A forth limitation in 620 

the current implementation of DeBias is the linear normalization of multiple intensity variables 621 

in co-localization applications. Future versions may include non-linear normalization methods, 622 

although such normalization is usually highly specific to a particular data set. Last, the 623 

mechanism encoded by the GI is not always obvious. Sometimes it requires additional 624 

experiments to unveil the information contained by the GI. For example, we combined fixed cell 625 

dual-color imaging with live-imaging and uptake assays to show that shifts in the GI encode a 626 

shift in the relative populations of short- and long-lived CCPs between conditions (Fig. 6). 627 

Despite some of the discussed complexities, DeBias offers a simple means to quantify and 628 
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interpret mechanisms that alter confounders in the coupling of two variables and to largely 629 

exclude such global biases from the quantification of direct interactions.           630 

 631 

 632 

 633 

 634 

 635 

 636 

 637 

 638 

 639 

 640 

 641 

 642 

 643 

 644 

 645 

 646 

 647 
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Methods  648 

DeBias procedure 649 

The DeBias procedure is depicted in Fig. 2A. The marginal distributions X and Y are estimated 650 

from the experimental data, ∀݅, ,௜ݔ ௜ݕ ∈ [0,90°] . The experimentally observed alignment 651 

distribution (denoted observed) is calculated from the alignment angles θi of matched (xi,yi) 652 

paired variables, for all i. 653 

௜ߠ  = ൜   |ݔ௜ − ௜ݔ|                    |௜ݕ − |௜ݕ ≤ 90      180 − ௜ݔ| − ௜ݔ|        |௜ݕ − |௜ݕ > 90     654 

The resampled alignment distribution (denoted resampled) is constructed by independent 655 

sampling from X and Y. N random observations (where N = |X| is the original sample size) from 656 

X and Y are independently sampled with replacement, arbitrarily matched and their alignment 657 

angles calculated to define the resampled alignment. This type of resampling precludes the local 658 

dependencies between the originally matched (xi,yi) paired variables. 659 

The uniform alignment distribution (denoted uniform) is used as a baseline for comparison 660 

between distributions. This is the expected alignment distribution when neither global bias 661 

(reflected by uniform X, Y distributions) nor local interactions exist. The Earth Mover's Distance 662 

(EMD) (Peleg et al., 1989; Rubner et al., 2000) was used as a distance metric between alignment 663 

distributions. The EMD for two distributions, A and B, is defined as follows: 664 

,ܣ)ܦܯܧ (ܤ = ∑ | ∑ ௝ܽ௝ୀଵ,…,௜ − ∑ ௝ܾ௝ୀଵ,…,௜ |௜ୀଵ,..,௄ , where ௝ܽ  and ௝ܾ  are the frequencies of 665 

observations in bins ݆ of the histograms of distributions A and B, respectively, each containing K 666 

bins. 667 
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The global index (GI) is defined as the EMD between the uniform distribution and the resampled 668 

alignment: 669 

GI = EMD(uniform,resampled) 670 

The local index is determined by subtraction of the global index from the EMD between the 671 

uniform distribution and the experimentally observed alignment distribution: 672 

LI = EMD(uniform,observed) - global index 673 

DeBias for protein-protein co-localization: The following adjustments to this procedure are 674 

implemented to allow DeBias to quantify protein-protein co-localization: 675 

1. Levels of fluorescence are not comparable between different channels due to different 676 

expression levels and imaging parameters. Thus, each channel is normalized to [0,1] by 677 

the 5th and 95th percentiles of the corresponding fluorescence intensities to achieve a 678 

stable and robust distribution.   679 

2. The alignment angle θi of the matched observation (xi,yi) is calculated as the difference in 680 

normalized fluorescence intensities xi - yi and the alignment distribution is thus defined 681 

on the interval [-1,1]. 682 

The number of histogram bins for the alignment distributions (observed, resampled and uniform) 683 

was K = 15 for orientational data, 19 for PKC and 40 for CME co-localization data. 684 

Automated selection of number of histogram bins, K: The Freedman-Diaconis rule (Freedman 685 

and Diaconis, 1981) was used to automate the selection of histogram bin width: ܾ݅݊ ݁ݖ݅ݏ =686 

ொయ(௫)ିொభ(௫)√௡య , where Qi is the ith quartile of the empirical distribution x and n is the number of data 687 

points contained. A function to calculate K is included in our publically available source code 688 

and this functionality was also integrated to the web-server implementation. Importantly, GI and 689 
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LI across experiments can be compared only when evaluated with the same K value and this is 690 

enforced by the web-server. It is the responsibility of the source-code user to validate using the 691 

same K values when comparing different experimental conditions.  692 

Simulating synthetic data 693 

Simulating co-alignment data: Let us define ܺ and ܻ as the angular probability distribution 694 

functions, with angle instances denoted ݔ௜ and ݕ௜, respectively. When simulating local relations, 695 

for each pair of angles, one of the angles will be shifted towards the other by ߞ degrees (Fig. 1B), 696 

unless |ݔ௜ − |௜ݕ < ௜ݔ| in which case it will be shifted by ,ߞ −  ௜| degrees. The angle to be shifted 697ݕ

(either ݔ௜ or ݕ௜) is chosen by a Bernoulli random variable, ݌, with probability 0.5. The observed 698 

angles for pixel ݅ will therefore be  699 

௜ᇱݔ   = ቐ ݌                  ௜ݔ = 1max(ݔ௜ − ,ߞ ௜ݕ        (௜ݕ ≤ ௜ݔ ∧ ݌ = 0min(ݔ௜ + ,ߞ ௜ݕ         (௜ݕ > ௜ݔ ∧ ݌ = 0 700 

and 701 

௜ᇱݕ   = ቐ ݌                  ௜ݕ = 0max(ݕ௜ − ,ߞ ௜ݔ        (௜ݔ ≤ ௜ݕ ∧ ݌ = 1min(ݕ௜ + ,ߞ ௜ݔ         (௜ݔ > ௜ݕ ∧ ݌ = 1 702 

The alignment of angles at pixel ݅ will be: 703 

௜ߠ  = ൜   |ݔ௜ᇱ − ௜ᇱݔ|                    |௜ᇱݕ − |௜ᇱݕ ≤ 90      180 − ௜ᇱݔ| − ௜ᇱݔ|        |௜ᇱݕ − |௜ᇱݕ > 90     704 

For example, for our simulations we choose ܺ, ܻ  to be truncated normal distributions on 705 (−90,90) with ߤ = 0 and varying values of 706  .ߪ 
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ߞ .is modeled in two ways: either as a constant value, e.g ߞ = 5° (Appendix 2 - figures 1-3), or as 707 

a varying value dependent on |ݔ௜ − ߞ ,௜| (Figs. 1-2). For the latterݕ  is defined as a fraction 708 0 < ߙ < 1 from |ݔ௜ − ௜ߞ ,௜| for each pair of observations; namelyݕ = ௜ݔ|ߙ −  ௜| (see Fig. 1B). 709ݕ

Note, that the observed marginal distributions X’, Y’ may be slightly different from X, Y. 710 

Simulating co-localization data: Let us define ܺ as a probability distribution function, with 711 

instances denoted ݔ௜. Local interactions were simulated as ݕ௜ =  ௜ is an instance of a 712ߞ ௜, whereߞ௜ݔ

probability distribution ܼ. For our simulations we chose ܺ to be a truncated normal distribution 713 

on [0,1] with ߤ x = 0.5 and ܼ to be a normal distribution with ߤζ = 1. This model of interaction 714 

assumes on average a one-to-one interaction between X and Y, deviation of ߞ௜ from 1 implies 715 

reduced interaction. ݕ௜ samples were also truncated to [0,1]. This ensures that  ∀݅, 0 ≤ ,௜ݕ ௜ݔ ≤ 1 716 

and accordingly, ∀݅, −1 ≤ ௜ݔ − ,௜ݕ ≤ 1, making unnecessary the normalization step in DeBias 717 

co-localization calculation.   718 

When simulating scenarios where only sub-groups of the observations undergo interactions, we 719 

sampled the none-interacting observations ݕ௜ from Y the truncated normal distribution on (0,1), 720 

with ߤy = 0.5 and ߪy = ߪx (same as X). 721 

Vimentin and Microtubule filaments experiments and analysis  722 

Cell model: hTERT-RPE-1 cells (ATCC, RRID: CVCL_4388) were TALEN-genome edited to 723 

endogenously label vimentin with mEmerald and α-tubulin with mTagRFPt, and validated for 724 

protein expression levels (Gan et al., 2016). Cells were stably transfected with shRNA against 725 

vimentin to knock down vimentin and the knockdown efficiency was validated as ~75% (Gan et 726 

al., 2016). The cell line has been tested negative for mycoplasma contamination. 727 
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Fixed cell imaging: hTERT-RPE-1 mEmerald-vimentin/mTagRFPt-α-tubulin cells expressing 728 

shRNA-VIM or scrambled control shRNA Scr were plated into MatTek (Ashland, MA) 35 mm 729 

glass-bottom dishes (P35G-0-20-C) coated with 5 µg/mL fibronectin. Cells were incubated 730 

overnight to allow them to adhere and form monolayers. Monolayers were scratched with a 731 

pipette tip to form a wound.  Cells were incubated for 90 minutes, washed briefly and fixed with 732 

methanol at -20°C for 15 minutes. Cells were imaged at the wound edge (denoted “front” cells), 733 

and at 2-3 cell rows from the wound edge (denoted “back” cells, only for control condition). 734 

Images were acquired using a Nikon Eclipse Ti microscope, equipped with a Nikon Plan Apo 735 

Lambda 100x/1.45 N.A. objective. Images were recorded with a Hamamatsu ORCA Flash 4.0 736 

with 6.45 μm pixel size (physical pixel size: 0.0645 x 0.0645 μm). All microscope components 737 

were controlled by Micro-manager software.  738 

Live cell imaging: hTERT-RPE-1 mEmerald-vimentin/mTagRFPt-α-tubulin cells expressing 739 

scrambled control shRNA Scr were plated into MatTek (Ashland, MA) 35 mm glass-bottom 740 

dishes (P35G-0-20-C) coated with 5 µg/mL fibronectin. Cells were incubated overnight to allow 741 

them to adhere and form monolayers. Monolayers were scratched with a pipette tip to form a 742 

wound. Imaging started 30 minutes after scratching with an Andor Revolution XD spinning disk 743 

microscope mounted on a Nikon Eclipse Ti stand equipped with Perfect Focus, a Nikon Apo 60x 744 

1.49 N.A. oil objective and a 1.5x optovar for further magnification. Images were recorded with 745 

an Andor IXON Ultra EMCCD camera with 16 μm pixel size (physical pixel size: 0.16 x 0.16 746 

μm). Lasers with 488 nm and 561 nm light emission were used for exciting mEmerald and 747 

mTagRFPt, respectively. The output powers of the 488 nm and 561 nm lasers were set to 10% 748 

and 20% of the maximal output (37 mW and 23 mW, respectively). The exposure time was 300 749 

ms per frame for both channels and images were collected at a frame rate of 1 frame per minute. 750 
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During acquisition, cells were kept in an onboard environmental control chamber. All 751 

microscope components were controlled by Metamorph software. 752 

Filaments extraction and spatial matching: We applied the filament reconstruction algorithm 753 

reported in (Gan et al., 2016). Briefly, multi-scale steerable filtering is used to enhance 754 

curvilinear image structures, centerlines of candidate filament fragments are detected, clustered 755 

to high and low confidence sets and iterative graph matching is applied to connect fragments into 756 

complete filaments. Each filament is represented by an ordered chain of pixels and the local 757 

filament orientation derived from the steerable filter response. Spatial matching was performed 758 

as follows: each pixel belonging to a filament detected in the MT channel is recorded to the 759 

closest pixel that belongs to a filament in the VIM channel. If the distance between the two 760 

pixels is less than 20 pixels, then the pair of VIM and MT orientations at this pixel is recorded 761 

for analysis. The same process is repeated to record matched pixels from VIM to MT filaments.   762 

Collective cell migration experiments and analysis   763 

Coupled measurements of velocity direction and stress orientation were taken from the data 764 

originally published by Tamal Das et al. (Das et al., 2015). Particle image velocimetry (PIV) was 765 

applied to calculate velocity vectors, and monolayer stress microscopy (Tambe et al., 2011) was 766 

used to extract stress orientations. Velocity and stress measurements were recorded 3 hours after 767 

collective migration was induced by lifting off the culture-insert in which the cells have grown to 768 

confluence. Validated siRNAs were used for gene screening. Detailed experimental settings can 769 

be found in (Das et al., 2015). 770 

Statistical test: We devised a permutation test to determine statistical significance of differences 771 

in LI values between experiments (conditions) (Fig. 4C). For every pair of conditions (i,j), the 772 
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following procedure was repeated for 100 iterations. 50% of the velocity-stress observations 773 

were randomly selected for each condition and the LI (and GI) were calculated from this 774 

subsampling. Without loss of generality, for LIi < LIj (based on Fig. 4B) the p-value was 775 

recorded as the fraction of iterations in which the subsampled LI value for condition i was 776 

greater than the LI value for condition j.  A fraction of 0 thus implies p-value < 0.01.  777 

PKC FRET experiments 778 

hTERT-RPE-1 cells (ATCC, RRID: CVCL_4388) expressing GFP and mCherry (for the control 779 

experiment) or C kinase activity reporter (CKAR, for the PKC activation experiment) (Violin et 780 

al., 2003) were plated with DMEM/F12 medium containing 10% fetal bovine serum and 1% 781 

penicillin-streptomycin in fibronectin-coated 35 mm MatTek plates (P35G-0-10-c). The cell line 782 

has been tested negative for mycoplasma contamination. Cells were incubated overnight and 783 

imaged with a custom-built DeltaVision OMX widefield microscope (GE healthcare life 784 

sciences) equipped with an Olympus PLAN 60x 1.42 N.A. oil objective and CoolSNAP HQ2 785 

interline CCD cameras. FRET experiments were performed with a 445 nm laser, and control 786 

experiments were performed with 488 and 561 nm lasers. 478/35, 541/22, 528/48 and 609/37 787 

emission bandpass filters were used for the CFP, YFP, GFP and mCherry channels, respectively. 788 

The output powers of the lasers were set to 10% the maximal output (100 mW). The exposure 789 

time was 200 ms per frame for both channels. 10 µM of the PKC inhibitor HA-100 790 

dihydrochloride (Santa Cruz Biotechnology) was added to the media after the first image was 791 

recorded and a second image was recorded 20 minutes later. 792 

Single cells were manually selected for analysis.  In particular, cells with higher intensities in the 793 

CFP channel were found to provide reproducible changes in their FRET intensity. Each cell was 794 

manually annotated and analyzed with the Biosensor Processing Software 2.1 to produce the 795 
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ratio images (Hodgson et al., 2010). Briefly, the field of view was corrected for uneven 796 

illumination, background was subtracted, the image was masked with the single cell annotation, 797 

and the ratio image was calculated as CFP/YFPCFP. Statistics was determined using the non-798 

parametric Wilcoxon signed-rank test. 799 

Clathrin mediated endocytosis experiments  800 

Cells, cell culture and chemicals: ARPE-19 (retinal pigment epithelial cells) (ATCC, RRID: 801 

CVCL_0145) stably expressing eGFP-CLCa were grown under 5% CO2 at 37°C in DMEM high 802 

glucose medium (Life Technologies), supplemented with 20 mM HEPES, 10 mg/ml 803 

streptomycin, 66 ug/ml penicillin and 10% (v/v) fetal calf serum (FCS, HyClone). H1299 (non-804 

small cell lung carcinoma) (RRID: CVCL_0060, a generous gift from Dr. J. Minna at the UT 805 

Southwestern Medical Center) stably expressing eGFP-CLCa were grown under 5% CO2 at 37oC 806 

in RPMI, supplemented with 20 mM HEPES, 10 mg/ml streptomycin, 66 ug/ml penicillin and 807 

5% (v/v) fetal calf serum (FCS, HyClone). STR profiling was performed to ensure cell identity. 808 

No mycoplasma contamination was found. The AKT inhibitor (Akt inhibitor X, ‘ten’) was 809 

purchased from Calbiochem. 810 

Transferrin receptor internalization: TfnR uptake was measured by an ‘in-cell’ ELISA assay 811 

using the anti-TfnR monoclonal antibody, HTR-D65 (Schmid and Smythe, 1991), as ligand, 812 

exactly as previously described (Reis et al., 2015). Internalized D65 was expressed as the 813 

percentage of the total surface-bound D65 at 4°C (i.e., without acid wash step), measured in 814 

parallel.  815 

Fixed cell imaging: Transferrin receptor (TfnR) surface levels were measured using the anti-816 

TfnR mAb (HTR-D65). ARPE-19 and H1299 cells (1.5 × 105 cells per well in a 6-well plate) 817 
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were grown overnight on glass cover slips and further pre-incubated with 4 ug/ml of D65 in 818 

TfnR assay buffer (PBS4+: PBS supplemented with 1 mM MgCl2, 1 mM CaCl2, 5 mM glucose 819 

and 0.2% bovine serum albumin) at 4°C for 30 min. After being washed with PBS4+, cells were 820 

fixed in 4% PFA for 30 min at 37oC, permeabilized with 0.1% Triton X-100 for 5 min and 821 

further blocked with Q-PBS (2% BSA, 0.1% lysine, pH 7.4) for 30 min. After 3 washes with 822 

PBS, cells were incubated with a 1:500 dilution of goat anti-mouse Alexa-568 labelled secondary 823 

antibody (Life Technologies) for 30 min, washed an additional three times with PBS before 824 

TIRFM imaging using a 100 × 1.49 NA Apo TIRF objective (Nikon) mounted on a Ti-Eclipse 825 

inverted microscope equipped with the Perfect Focus System (Nikon). Images were acquired 826 

with an exposure time of 150 ms for both channels using a pco-edge 5.5 sCMOS camera with 6.5 827 

um pixel size. For inhibition studies, cells were initially pre-incubated in the presence of Akt 828 

inhibitor X (10 uM) for 30 min at 37°C, followed by pre-incubation with 4 ug/ml of D65 at 4°C 829 

for 30 min, in continued presence of the inhibitor.  830 

Live-cell imaging and analysis: During TIRFM imaging, cells were maintained in DMEM 831 

lacking phenol red and supplemented with 2.5% fetal calf serum. Time-lapse image sequences 832 

were acquired at a frame rate of 1 frame/s with exposure time of 150 ms using a pco-edge 5.5 833 

sCMOS camera with 6.5 um pixel size. CCP detection, tracking and construction of life-time 834 

distributions were performed with the custom CME analysis software described in (Aguet et al., 835 

2013). Lifetime distribution was defined at the resolution of 1 second and limited to 160 seconds. 836 

Longer CCP trajectories were excluded from the analysis. To compare lifetime distributions for 837 

single field of views (FOVs) between WT and AKT-inhibited cells we measured the 838 

heterogeneity as the EMD distance to the uniform distribution. FOV’s score were compared 839 

between the different experimental conditions using the non-parametric Wilcoxon rank-sum test. 840 
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Image analysis for fixed cell experiments: Single cell masks were manually annotated in each 841 

FOV. We applied the approach described in (Aguet et al., 2013) to automatically detect CCPs 842 

from the CLC channel. Briefly, CLC fluorescence was modeled as a two-dimensional Gaussian 843 

approximation of the microscope PSF above a spatially varying local background. CCP 844 

candidates were first detected via filtering, followed by a model-fitting for sub-pixel localization. 845 

The fluorescent intensity of the CLC and any other acquired channel were recorded in the 846 

detection coordinates to define the matched observations for DeBias. GI and LI were calculated 847 

independently for each single cell. Linear Discriminant Analysis (LDA) classification (Fisher, 848 

1936) was applied to assess single cell classification accuracy. Every cell constituted an 849 

observation, a label was assigned based on the experimental condition and the representation was 850 

either the LI or the pair (GI,LI). The LDA classifier was trained on a labeled dataset consisting 851 

of WT and AKT-inhibition for H1299 or ARPE19 cells. The area under the Receiver Operating 852 

Characteristic (ROC) curve was recorded to assess and compare the discriminative accuracy of 853 

different measures. The true-positive rate (TPR) is the percentage of control cells classified 854 

correctly. The false-positive rate (FPR) is the percent of AKT inhibited cells classified as control. 855 

When comparing the potential accuracy of several classification algorithms, a measure that has 856 

higher true-positive rate for any fixed false-positive rate values is proved to be the better one. 857 

Thus, higher curves (larger areas under the ROC curve, or AUC) correspond to more 858 

discriminative measures. Statistical significance for comparing classification performance of 859 

LDA classifiers that were trained for scalar measures with or without the GI was calculated by 860 

bootstrapping (Fig. 6E-F). The following process was repeated 1000 times and the frequency for 861 

which the scalar-based classifier outperformed the classifier trained on pairs of measures was 862 

reported as the p-value. Random resampling with replacement was performed to obtain a sample 863 
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size identical to that of the observed dataset. The area under the curve (AUC) of the competing 864 

pre-trained LDA classifiers was assessed for this resampled dataset and recorded when the model 865 

that was trained without the GI predicted better. 866 

Webserver 867 

The DeBias code was implemented in Matlab, compiled with Matlab complier SDK and 868 

transferred to a web-based platform to allow public access for all users at 869 

https://debias.biohpc.swmed.edu. The graphical user interface (GUI) was designed to be simple 870 

and easy to use. The user uploads one or more datasets to the DeBias webserver and selects the 871 

mode of operation (co-localization/orientation). GI and LI values are calculated and the results 872 

are displayed and emailed to the user. ‘DeBias Analyst’ enables to group experiments into two 873 

experimental conditions (usually control versus treatment), visualizes and outputs statistics on 874 

the alterations of GI and LI. The software’s flow chart and a detailed user manual are available in 875 

the online user manual. Source code is publically available, 876 

https://github.com/DanuserLab/DeBias.  877 
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Supplementary information 1005 

• Figure 2 - figure supplement 1: TODO. All simulations display similar observed 1006 

alignments (mean values, 18.6°-19.2°, similar to Figs. 1C, 2C.  1007 

• Figure 3 - figure supplement 1: Exclusion of possible dependency of GI and LI on N. that 1008 

N (the number of couple x,y) was linearly growing over time, and then Gis show the 1009 

same dependency over time to N.  More MT and VIM as cell spread and polirizes.  1010 

• Figure 6 – figure supplement 1: GI encode information that is distinct from local 1011 

interactions; Experimental validations of DeBias for co-localization. 1012 

• Appendix 1: Theoretical results. 1013 

• Appendix 2: Simulations with constant ζ. 1014 

• Appendix 3: Simulating protein-protein co-localization. 1015 

• Video 1: Polarization of RPE cells at the monolayer edge over time. Please note several 1016 

occasions (44 and 46 minutes, 65 and 67 minutes, 73 and 75 minutes) of focus drift 1017 

followed by automated focus correction. 1018 
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Appendix 1: Theoretical results for co-orientation data 1024 

Terms and definitions: Let X, Y be the distribution functions of two random variables 1025 

representing angles on [−90°, 90°]. Spatially matched random variables from these distributions 1026 

are denoted ݔ௜  and ݕ௜ , ݅ = 1,2 … ܰ , where ܰ  is the number of observations. ݔ௜∗  and ݕ௜∗  are 1027 

random variables sampled from X and Y independently (without considering the spatial 1028 

matching). The observed and resampled alignment distributions are denoted ܣ  and ܣ∗ , 1029 

respectively. The alignment distributions represent angles on [0°, 90°], and are functions of ܺ, ܻ, 1030 

the interaction between ܺ and ܻ, and ܰ. Random variables from ܣ are denoted ߠ௜, ݅ = 1,2 … ܰ. 1031 

Random variables from ܣ∗ are denoted ߠ௜∗ . Let ܭ  be the number of bins in the alignment 1032 

histogram. Histogram bins are denoted ܾ݅݊௜, ݅ = 0, … , ܭ − 1  where ܾ݅݊଴  contains the lowest 1033 

values (including 0°) and ܾ݅݊௞ିଵ  the highest values (including 90°). ܷ denotes the uniform 1034 

distribution on [0°, 90°]with the same K bins as ܣ,  1035 .∗ܣ

 1036 

Theorem 1: Local index of independent variables  1037 

If ܺ, ܻ are independent, then ܫܮ)ܧ(ܺ, ܻ)) = 0 1038 

Proof: 1039 

(ܫܮ)ܧ  = ,ܣ)ܦܯܧ)ܧ ܷ) − ,∗ܣ)ܦܯܧ ܷ))= ,ܣ)ܦܯܧ)ܧ ܷ)) − ,∗ܣ)ܦܯܧ)ܧ ܷ)) =ณ∗ ,ܣ)ܦܯܧ)ܧ ܷ)) − ,ܣ)ܦܯܧ)ܧ ܷ)) = 0 
* Resampling does not change the expectation of the difference of two independent variables. 1040 

 1041 

Theorem 2: Global index of uniform distributions  1042 
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Let ܺ, ܻ be uniform distributions, then limே→ஶ ܫܩ = 0. 1043 

Proof:  1044 

Since ܺ  and ܻ  are uniform distributions, the density of the resampled distributions are    1045 ݂௫೔∗(߱) = ݂௬೔∗(߱) = ଵଵ଼଴ , −90 < ߱ < 90. We can compute the distribution of the difference by 1046 

݂௫೔∗ି௬೔∗(߱) = ׬ ݂௫೔∗(ݔ)݂௬೔∗(ݔ − ߱)ஶିஶ ݔ݀ = ׬ ଵଵ଼଴మ ௫ିఠ∈(ିଽ଴,ଽ଴)ஶିஶܫ௫∈(ିଽ଴,ଽ଴)ܫ ݔ݀ =1047 

ቐ ଵଵ଼଴మ ׬ 1ଽ଴ାఠିଽ଴ 0        ݔ݀ < ߱ < 180ଵଵ଼଴మ ׬ 1ଽ଴ିଽ଴ାఠ 0        ݔ݀ < ߱ < 180 = ቐ ଵଵ଼଴మ (180 + (ߠ    − 180 < ߱ < 0ଵଵ଼଴మ (180 − 0       (ߠ < ߱ < 180  1048 

We conclude that the distribution of the difference is  1049 

 ݂௫೔∗ି௬೔∗(߱) = ቐ ଵଵ଼଴ ቀ1 + ఠଵ଼଴ቁ    − 180 < ߱ < 0ଵଵ଼଴ ቀ1 − ఠଵ଼଴ቁ         0 < ߱ < 180 1050 

 1051 

Therefore, when taking the absolute value of the angle difference we get: 1052 

݂|௫೔∗ି௬೔∗|(߱) = ൝ 190 ቀ1 − 1߱80ቁ  ߱ ≥ 00                     ߱ < 0  

Finally, since the alignment is limited to [0°, 90°] we apply the function 1053 ݃(߱) = ቄ180 − ߱         90 < ߱ ≤ 180߱                     0 ≤ ߱ ≤ 90  so that  1054 

݂௚൫ห௫೔∗ି௬೔∗ห൯(߱) = ൝ 190 ቀ1 − 1߱80ቁ + 190 ൬1 − 180 − ߱180 ൰    0 ≤ ߱ ≤ ݁ݏ݈݁                                                                 900  

= ൝ 190       0 ≤ ߱ ≤          ݁ݏ݈݁            900
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 1055 

Therefore ݂௚ቀቚ௫೔∗ି௬ೕ∗ቚቁ =  is a uniform distribution. 1056 ∗ܣ

 1057 

For ܰ sufficiently large, the histogram has approximately ଵ௄ of the observations in each of the 1058 ܭ 

equally spaced intervals between 0 and 90 and thus limே→ஶ ܫܩ = limே→ஶ ,∗ܣ)ܦܯܧ ܷ) = 0.  1059 

 1060 

Theorem 3: Perfect alignment 1061 

(I)  If ∀݅, ݆, ௜ݔ = ܫܩ ௝  thenݕ = (௄ିଵ)ଶ , limே→ஶܫܮ = 0  1062 

(II) If ܺ and ܻ are uniform distributions, and ∀݅, ௜ݔ = ܫܩ௜ then limே→ஶݕ = 0, limே→ஶ ܫܮ = (௄ିଵ)ଶ   1063 

 1064 

Proof:  1065 

(I) 1066 

ܣ = ,݅∀ because ∗ܣ ݆ ܽ௜ =  ௝ܽ∗ = 0. For large ܰ the random variable drawn from the alignment 1067 

distribution ܣ will be approximately: 1068 

௜ߠ  = ቄ 1    ߠ௜ ∈ ܾ݅݊଴ 0           ݈݁݁ݏ , ∀݅.  1069 

The EMD of the alignment from the uniform distribution is therefore simply 'moving' ଵ௄ 1070 

observations from ܾ݅݊଴ to every other bin, which sums up to  1071 

limே→ஶ ,ܣ)ܦܯܧ ܷ) = ܭ1 ∗ 1 + ܭ1 ∗ 2 + ⋯ + ܭ1 ∗ ܭ) − 1) = ܭ1 ∗ ܭ) − 1) ∗ 1 + ܭ − 12 = ܭ − 12  
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Therefore, for large N, ܫܮ = ,ܣ)ܦܯܧ ܷ) − ,∗ܣ)ܦܯܧ ܷ) = ܫܩ ,0 = ,∗ܣ)ܦܯܧ ܷ) = ௄ିଵଶ . 1072 

(II) 1073 

Since ∀݅, ௜ݔ = ,ܣ)ܦܯܧ ,௜ we get that, similarly to part (I)ݕ ܷ) = ௄ିଵଶ .  1074 

On the other hand, since ܺ  and ܻ  are uniform distributions, we get from theorem 2 that 1075 limே→ஶ ,∗ܣ)ܦܯܧ ܷ) = 0.  1076 

Therefore, for infinite observations, ܫܮ = ௄ିଵଶ ܫܩ , = 0.  1077 

 1078 

Theorem 4: ࡵࡸ is a lower bound for the local contribution to the observed alignment 1079 

Assuming that the observed alignment distribution ܣ is cumulatively explained by a global bias 1080 

and a local interaction, we construct a new alignment distribution ିܣ఍  encoding the true 1081 

cumulative local contribution to the observed alignment and demonstrate that 1082 ܫܮ ≤ ,൫ܷܦܯܧ ఍൯ିܣ −  to conclude that LI is a lower bound for the local contribution to the 1083 ܫܩ

observed alignment.  1084 

Proof:  1085 

We first define ିܣ, the alignment distribution corresponding to ܣ that does not include any local 1086 

interaction. Thus, ିܣ, can be interpreted as an alignment distribution constructed from ܺିand 1087 ܻି , denoting ܺ  and ܻ  after elimination of the (unknown) alignment correction due to local 1088 

interactions between the observations (ݔ௜, (௜ݕ . The construction of ିܣ఍  is based on the 1089 

corresponding matching pairs (ݔ௜ି ∈ ܺି, ௜ିݕ ∈ ܻି)  with alignment correction by the local 1090 

interaction ߞ௜  (see Fig. 1B for as a schematic depiction). Such local interaction exists in our 1091 
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model (although it might not be explicitly known) and can be represented as a vector  ߞ ∈1092 ℝே, ௜ߞ ≥ 0 ∀݅. Note, that this construction supports different ߞ௜  values for every observation ݅ 1093 

and thus can provide a more detailed platform than the single measure LI that DeBias outputs 1094 

(which assumes ߞ௜ = ,݅∀ ௝ߞ ݆). Also note, that when ߞ௜ > ௜ିߠ  ௜ିߠ)   is the alignment angle between 1095 (ݔ௜ି , ௜ିݕ )), then the observed alignment ߠ௜ି − ௜ߞ < 0. 1096 

Accordingly, ିܣ఍ is defined as the alignment distribution of ߠ௜ି −  ఍ 1097ିܣ ,௜. As described aboveߞ

can contain negative values for ߞ௜ > ௜ିߠ  . A, the experimentally observed alignment, thus can be 1098 

generated from ିܣ఍ as well, by truncating the “saturated” observations (where ߞ௜ > ௜ିߠ  ) to the 1099 

value 0. More formally, the elements in A are defined by 1100 ߠ௜ି − ௜ିߠ    ௜ߞ > ௜ିߠ                ௜0ߞ ≤   ௜ߞ
We can get an upper bound for ܣ)ܦܯܧ,  in the form of: 1101 (ିܣ

,ܣ)ܦܯܧ (ିܣ ≤ ,఍ିܣ൫ܦܯܧ ൯ିܣ ≤ ∑ ଵே ቒ ఍೔|௕௜௡|ቓ ே௜ୀଵ  . 1102 

Where |ܾ݅݊| defines the size of the angular interval of a bin in the alignment histogram.  1103 

This equation is intuitively interpreted as every observation i is locally aligned by ߞ௜ , and 1104 

therefore is translocated ቒ ఍೔|௕௜௡|ቓ bins, at most. 1105 

Note that a decreased bin size reduces this bound as close as needed to the value of 1106 ܦܯܧ൫ିܣ఍,  ൯. 1107ିܣ

Finally,  1108 

ܫܮ ≤ณ∗ ,ܣ)ܦܯܧ (∗ܣ ≈ , ܣ)ܦܯܧ (ିܣ ≤ , ఍ିܣ൫ܦܯܧ ൯ିܣ ≤ ෍ 1ܰ ඄ ௜|ܾ݅݊|ඈ ேߞ
௜ୀଵ  
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Thus the LI is a lower bound on the contribution of the direct interaction between ܺ and ܻ on the 1109 

alignment distribution. 1110 

Additionally, we get that  1111 

ܫܩ = ,∗ܣ)ܦܯܧ ܷ) = ,ܣ)ܦܯܧ ܷ) − ܫܮ ≥ณ∗ ,ܣ)ܦܯܧ ܷ) − ,∗ܣ)ܦܯܧ (ܣ
≥ ,ܣ)ܦܯܧ ܷ) − ෍ 1ܰ ඄ ௜|ܾ݅݊|ඈ ேߞ

௜ୀଵ  

Implying that the GI is an upper bound of the contribution of the global bias. 1112 

* by corollary 2 1113 

Corollary 2: For any alignment distribution A, ܫܮ ≤ ,ܣ)ܦܯܧ  1114 (∗ܣ

Proof: 1115 

Let ܣ௜, ,∗௜ܣ ௜ܷ  denote the relative frequency of observations in ܾ݅݊௜, 0 ≤ ݅ ≤ ݇ − 1 for ܣ, ,∗ܣ ܷ, 1116 

respectively. 1117 

,ܣ)ܦܯܧ (∗ܣ = ෍ ௜ܣ|   − =௜∗|଴ஸ௜ஸ௄ିଵܣ ෍ ௜ܣ| − ௜ܷ + ௜ܷ − ௜∗|଴ஸ௜ஸ௄ିଵܣ ≥ณ∗ ෍ ௜ܣ|) − ௜ܷ| − ∗௜ܣ| − ௜ܷ|)଴ஸ௜ஸ௄ିଵ= ෍ ௜ܣ| − ௜ܷ|଴ஸ௜ஸ௄ିଵ − ෍ ∗௜ܣ| − ௜ܷ|଴ஸ௜ஸ௄ିଵ = ,ܣ)ܦܯܧ ܷ) − ,∗ܣ)ܦܯܧ ܷ) =  ܫܮ

 1118 

* triangle inequality 1119 

 1120 
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Theorem 5: GI limits for highly variant truncated normal distributions 1121 

lim஢→ஶே→ஶ ܫܩ = 0 for the following scenarios: 1122 

(I) The resampled alignment is a truncated normal distribution with variance parameter ߪଶ. 1123 

(II) ܺ and ܻ are truncated normal distributions, each with variance parameter ߪଶ.  1124 

Proof: 1125 

(I)  1126 

Let ܣఙ∗  be the truncated normal resampled alignment distribution, defined by the parameters 1127 ߤ = ,ܽ) with the support interval ,ߪ ,0 ܾ), such that ܽ ≤ ߤ ≤ ܾ. Let ߶ఙ(ݔ) be the probability 1128 

density function (PDF) of the truncated normal distribution and (ݔ)ݑ, ܷ respectively, the PDF 1129 

and CDF (cumulative distribution function)of the uniform distribution function on (ܽ, ܾ). The 1130 

PDF and CDF of the normal distribution function is denoted in the standard notation of ϕ and Φ 1131 

respectively. 1132 

First we prove that limఙ→ஶ ϕ஢ (ݔ) = and use this to conclude that lim஢→ஶ୒→ஶ (ݔ)ݑ EMD( A஢∗ , U) =1133 

lim஢→ஶ୒→ஶ GI = 0. 1134 

,ଵݔ∀ ଶݔ ∈ (ܽ, ܾ), limఙ→ஶ ϕ஢(ݔଵ)ϕ஢(ݔଶ) = limఙ→ஶ
ϕ ቀݔଵߪ ቁσ ቆΦ ቀܾߪቁ − Φ ቀܽߪቁቇϕ ቀݔଶߪ ቁσ ቆΦ ቀܾߪ ቁ − Φ ቀܽߪቁቇ

= limఙ→ஶ ϕ ቀݔଵߪ ቁϕ ቀݔଶߪ ቁ = limఙ→ஶ eି ௫భమଶఙమeି ௫మమଶఙమ

= limఙ→ஶ e௫మమି௫భమଶఙమ = 1 

 1135 
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Therefore, lim஢→ஶ ϕ୲஢ (ݔ) = ݐ݊ܽݐݏ݊݋ܥ . Since the support of ϕ୲஢  is (a, b) , the only constant 1136 

satisfying that lim஢→ஶ ϕ୲஢ (x)  is a probability distribution is  ଵୠିୟ = .(x)ݑ  Therefore,  1137 lim஢→ஶ୒→ஶ EMD( A஢∗ , U) = lim஢→ஶ୒→ஶ GI = 0. 1138 

 (II)  1139 

Let  X, Y be truncated normal distributions. In part (I) we prove that lim஢→ஶ X = lim஢→ஶ Y =1140 u(x). Theorem 2 implies that when X and Y are uniform distributions lim஢→ஶ୒→ஶ GI = 0. 1141 

 1142 

 1143 

 1144 

 1145 

 1146 

 1147 

 1148 

 1149 

 1150 

 1151 

 1152 

 1153 

 1154 
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Appendix 2: Simulations with constant ζ 1155 

To assess the performance of DeBias we tested its ability to retrieve a pre-determined local 1156 

interaction parameter ζ (see Fig. 1B) from simulated synthetic data. X and Y were modeled as 1157 

truncated normal distributions on (-90, 90), with 0=ߤ and changing ߪx, ߪy.  Pairs of (xi,yi) were 1158 

sampled from X, Y and shifted towards each other by ζ degrees (similar to Fig. 1B, but with a 1159 

constant cumulative ζ) to construct the observed alignment angles. To avoid confusion we denote 1160 

X, Y, ߪx, ߪy as the observed values post-simulation. For a given constant ζ, we exhaustively 1161 

explored the ߪx, ߪy space. For each ߪx, ߪy, we performed 20 independent simulations with N= 1162 

1600 observations (xi,yi). For each simulation we constructed the resampled distribution 10 times 1163 

based on 400 observations drawn from the marginal X, Y distributions, and used the mean GI, 1164 

LI. The final recorded GI, LI were averaged over the independent simulations.  1165 

The expected mean alignment when neither global bias nor local interactions exist is 45°. We 1166 

begin by examining the deviation of the mean observed alignment from this value (45° - θmean). 1167 

Better alignment is reflected by higher 45° - θmean values implying a larger deviation from the 1168 

unbiased and no-interactions scenario. Low standard deviations ߪ, correspond to better 1169 

alignment, improving with growing ζ, as expected (Appendix 2 - figure 1A). The GI follows a 1170 

similar pattern and remains relatively stable for small changes in ζ (Appendix 2 - figure 1B). The 1171 

similar patterns between Appendix 2 - figure 1A and B indicate that the global bias has a 1172 

prominent role in determining the observed alignment.  1173 

The LI grows with ζ (Appendix 2 - figure 1C) and its relative contribution to the observed 1174 

alignment grow with increasing ζ (Appendix 2 - figure 1D, quantified by LI/(LI+GI)), as 1175 

expected. This relative contribution can be harnessed to restore an estimated ζ as the 1176 

corresponding fraction from (45° - θmean) (Appendix 2 - figure 1E). The estimated ζ is a lower 1177 
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bound for the actual value (Appendix 1, Theorem 4). Estimation is more accurate for larger ζ and 1178 

for large ߪ (Appendix 2 - figure 1F). These results again highlight the importance of exploiting 1179 

the GI for better interpretation of the LI (first introduced in Fig. 2D-E). 1180 

We also investigated the effect of the choice of the number of bins K, used for sampling and 1181 

computation of the EMD between distributions. Increased K induces linear growth in LI and GI 1182 

values, as expected (Data S1 Theorem 5, Appendix 2 - figure 2A-B) and stabilized its accuracy 1183 

in predicting ζ for K ≥ 11 (Appendix 2 - figure 2 C-E). Large K will require more observations to 1184 

estimate the true distribution. Using a constant K for a specific application assures fair 1185 

comparison between different cases. Varying N, the number of observations, did not have a 1186 

major effect on these measurements (Appendix 2 - figure 3A-D), but increasing N reduced the 1187 

noise which increased the accuracy in predicting ζ (Appendix 2 - figure 3E). 1188 
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 1189 

Appendix 2 - figure 1: Simulations for X, Y normal distributions with different ߪx, ߪy and constant ζ = 1190 
0°, 5°, 10°, 15°. (A) 45° - θmean reflecting the cumulative effect of the global bias and the local interaction 1191 
between X, Y (θmean is the mean observed alignment). Lower variance and higher ζ correspond to better 1192 
alignment. (B) Global index. ζ has a small effect on GI. (C) Local index. ζ has a major effect on LI. (D) 1193 
Relative contribution of LI to the observed alignment increases as function of ζ. (E) Retrieved estimated ζ 1194 
calculated as the relative contribution of LI to the observed alignment (panel D) times the cumulative 1195 
effect of the global bias and the local interaction (panel A). (F) Accuracy of estimated ζ grows with ζ and 1196 
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with lower ߪx, ߪy.  Note, that this estimation is a lower bound for the true ζ (Appendix 1, Theorem 4). 1197 
Accuracy cannot be measured for ζ = 0° hence the empty panel. 1198 

 1199 

 1200 

Appendix 2 - figure 2: Simulations for different values of K, the number of bins in the alignment 1201 
distribution. X, Y normal distributions with different ߪx, ߪy and constant ζ = 15°. K = 4, 7, 11, 15, 22 1202 
were examined. (A-B) Global (A) and local (B) indices grow with K. (C-E) Relative contribution of LI to 1203 
the observed alignment (C), Retrieved estimated ζ (D) and accuracy of estimated ζ (E) stabilizes for K ≥ 1204 
11. 1205 

 1206 

 1207 
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 1208 

Appendix 2 - figure 3: Simulations for different N, the number of observations. N = 100, 200, 400, 800, 1209 
1600 were examined. X, Y normal distributions with different ߪx, ߪy and constant ζ = 15°. All measures 1210 
provide similar information but are noisier for lower N. (A) Global index. (B) Local index. (C) Relative 1211 
contribution of LI to the observed alignment. (D) Retrieved estimated ζ. (E) Accuracy of estimated ζ. 1212 

 1213 

 1214 

 1215 

 1216 

 1217 

 1218 
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Appendix 3: simulating protein-protein co-localization 1219 

Co-localization of molecules is commonly used to predict potential local interactions under the 1220 

assumption that the stoichiometry of interacting molecules remains constant across all 1221 

observations. We demonstrated this by simulating a random variable X, representing molecular 1222 

counts, and a random variable Z, representing the local interaction. Pairs of samples xi from X 1223 

and ζi from Z were drawn, and yi = xiζi represented the molecular counts of the co-localized 1224 

molecule (Appendix 3 - figure 1A). The joint distributions of X, Y for 4 simulations are shown 1225 

in Appendix 3 - figure 1B. X is normally distributed with mean 0.5 = ߤ and standard deviations 1226 ߪ 

= 0.2, truncated to [0,1]. Z is normally distributed with mean 1 = ߤ and different standard 1227 

deviations, simulating gradually increasing local interactions (Appendix 3 - figure 1B, left-to-1228 

right). Applying DeBias on these data demonstrated that increased local interactions (reduced ߪζ) 1229 

are translated to increased LI (Appendix 3 - figure 1C). 1230 

We next simulated a scenario, in which a partial subset of observations yi interacted with xi; the 1231 

remaining yi were drawn independently from the distribution Y = X. We found that LI values 1232 

increased with the fraction of interacting observations (Appendix 3 - figure 1D).  1233 

Finally, we assessed how variation in the quantization parameter (K) and number of observations 1234 

(N) alter GI and LI (Appendix 3 - figure 1E-F) and this was also demonstrated in our 1235 

experimental data (Figure 6 - figure supplement 1G-J). 1236 
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 1237 

Appendix 3 - figure 1: Simulating co-localization. (A) Simulation. We use the distributions X = N(ߤx = 1238 
 where X is truncated to [0,1]. Pairs of coupled variables are constructed by 1239 ,(ζߪ ,ζ = 1ߤ)x), Z = Nߪ ,0.5
drawing sample pairs (xi,ζi) and constructing yi = xi,ζi (Methods). (B) Simulated joint distributions. 1240 
Shown are the joint distributions of 4 simulations with increased global bias (i.e., decreased ߤζ). (C) Local 1241 
and global indices calculated for the examples from panel B. Smaller ζi associate with larger LI. The 1242 
weaker negative association between GI and ߪζ is because larger ߪζ induces a distribution Y that is more 1243 
spread compared to X which reduces the GI. (D) Simulations of partial co-localization. A given fraction 1244 
of observations for Y were calculated as shown in panels A-C, the rest were independently drawn from 1245 
the distribution X implying no local interaction. Shown are LI (top) and GI (bottom) as functions of the 1246 
fraction of locally interacting observations and ߪζ. LI associates with increased fraction of locally-1247 
interacting observations, whereas the effect is minor in GI, in accordance with panel C. (E) Deviation of 1248 
LI, GI values reported in panel C as functions of the number of observations n. 20 independent sub-1249 
sampling. Lower n associates with higher variability. No other trend is observed. (F) LI and GI patterns 1250 
are independent of the number of alignment histogram bins K = 10-40. Equal size of dynamic ranges was 1251 
set for LI and GI plots in panels C, D and F. K, number of histogram bins was set to 40 for all panels 1252 
excluding F. ߪx = 0.2 for panels B-E. 1253 

 1254 

 1255 

 1256 

 1257 
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 1258 

Appendix 4: pixel- versus object-based co-localization 1259 

Many methods have been developed to quantify protein-protein co-localization. Pixel-based 1260 

methods measure pixel-wise correlation coefficients (Adler and Parmryd, 2010; Bolte and 1261 

Cordelieres, 2006; Costes et al., 2004; Manders et al., 1993; Pearson, 1901), exploiting the 1262 

notion that fluorescence levels of co-localized proteins are correlated. They suffer from 1263 

background signal where no co-localization exists. Object-based methods first detect objects of 1264 

interest and then assess co-localization based on second-order statistics of the spatial 1265 

distributions of the detections (Helmuth et al., 2010; Kalaidzidis et al., 2015; Lagache et al., 1266 

2015; Rizk et al., 2014; Semrau et al., 2011). Object-based methods remove the background 1267 

pixels but lose the information contained by the fluorescence levels at the detected objects. Thus, 1268 

object-based methods are best applicable for the co-localization of binary signals (Lagache et al., 1269 

2015), but less suited for applications in which co-localization accounts for coupling of 1270 

molecular counts on a continuous spectrum. Moreover, object-based methods require detection 1271 

of objects in both channels, which often limits their applicability. Pros and cons for using either 1272 

of these methods are presented in Appendix 4 – Table 1. In the examples of receptor-CCP co-1273 

localization we implemented a hybrid of the two approaches: co-localization analysis by DeBias 1274 

focused on the intensity of fluorescent readouts within detected CCPs to decompose the coupling 1275 

of the two intensity variables into LI and GI (Fig. 6). The same decomposition was demonstrated 1276 

for a diffuse signal without objects in the PKC-FRET example (Fig. 5). 1277 
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 1278 

Appendix 4 – Table 1: Object- versus pixel-based colocalization. Object-based methods are best 1279 
applicable for the colocalization of binary signals, but not/less for applications, in which colocalization 1280 
accounts for coupling of molecular counts on a continuous spectrum. 1281 

 1282 
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Figure 1: Illustration of global bias and local interaction using the alignment of two orientational 
variables (A) The relation between two variables X, Y can be explained from a combination of direct 
interactions (orange) and a common effector. (B) Simulation. Given two distributions X, Y, pairs of 
coupled variables are constructed by drawing sample pairs (xi,yi)  and transforming them to (xi’,yi’) by a 
correction parameter ζi = αθi, which represents the effect of a local interaction. α is constant for each of 
these simulations. (C) Simulated joint distributions. X, Y truncated normal distributions with mean 0 and 
𝜎X = 𝜎Y. Shown are the joint distributions of 4 simulations with reduced global bias (i.e., increased 
standard deviation 𝜎X, 𝜎Y) and increased local interaction (left-to-right), all scenarios have similar 
observed mean alignment of ~19°. (D) Example of 100 draws of coupled orientational variables from the 
two most extreme scenarios in panel C. Most orientations are aligned with the x-axis when the global bias 
is high and no local interaction exists (left), while the orientations are less aligned with the x-axis but 
maintain the mean alignment between (xi’,yi’) pairs for reduced global bias and increased local interaction 
(right).  

Figure 1.
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Figure 2: DeBias algorithm. (A) Underlying assumption: the observed relation between two variables is a 
cumulative process of a global bias and a local interaction component. (B) Quantifying local and global 
indices: sample from the marginal distributions X, Y to construct the resampled distribution. The global 
index (GI) is calculated as the Earth Movers Distance (EMD) between the uniform and the resampled 
distributions. The local index (LI) is calculated as the subtraction of the GI from the EMD between the 
uniform and the observed distribution. (C) Local and global indices calculated for the examples from Fig. 
1C. Black circles represent the (GI,LI) value for the corresponding example in Fig. 1C, bars represent the 
relative contribution of the local (green) and global (red) index to the observed alignment. (D-E) 
Simulation using a constant interaction parameter α = 0.2 and varying standard deviations of X, Y, 𝜎 = 
50° to 5°. (D) Joint distributions. Correlation between X and Y is (subjectively) becoming less obvious 
for increasing global bias (decreasing 𝜎). (E) GI and LI are negatively correlated: decreased 𝜎 enhances 
GI and reduces LI. The change in GI is ~4 fold larger compared to the change in LI indicating that the GI 
has a limited effect on LI values. Inset: stretched LI emphasizes the negative correlation. (F) Both LI and 
GI are needed to discriminate between simulations with different interaction parameters. α = 0.2 (red) or 

Figure 2. 
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constraints imposed by the wound edge. In a similar fashion, reduction of vimentin expression 

relaxes global cell polarity cues that tend to impose alignment.  

 

Figure 3: Alignment of microtubule and vimentin intermediate filaments in the context of cell polarity. 
(A) RPE cells expressing TagRFP α-tubulin (MT) and mEmerald-vimentin (VIM) at endogenous levels 
during a wound healing assay. Scale bar 100 𝜇m. (B) Zooming in on cells in different locations in respect 
to the wound edge. Right-most column, computer segmented filaments of both cytoskeleton systems. Top 
row, cells located at the wound edge (‘Front’); Middle row, cells located 2-3 rows away from the wound 
edge (’Back’); Bottom row, cells located at the wound edge partially with shRNA knock-down of 
vimentin. Scale bar 10 𝜇m. (C) Orientation distribution of microtubules (left column) and vimentin 
filaments (middle columns) for the cells outlined in B. Vimentin-microtubule alignment distributions 

Figure 3.
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(right column). (D) Scatterplot of GI versus LI derived by DeBias. The GI is significantly higher in WT 
cells at the wound edge (‘Front’, n = 12) compared to cells inside the monolayer (‘Back’, n = 12, fold 
change = 4.8, p-value < 0.0001); or compared to vimentin-depleted cells at the wound edge (‘VIM KD’, n 
= 7, fold change = 5.2, p-value < 0.0001). Statistics based on Wilcoxon rank-sum test. All DeBias 
analyses performed with K = 15. (E) Polarization of RPE cells at the wound edge at different time points 
after scratching. Scale bar 10 𝜇m. (F) Representative experiment showing the progression of LI and GI as 
a function of time after scratching (see color code). Correlation between GI and time ~0.90, p-value < 10-

30 (n time points = 83). N = 5 independent experiments were conducted of which 4 experiments showed a 
gradual increase in GI with increased observed polarity. All DeBias analyses performed with K = 15. 

 

Figure 3 - figure supplement 1: LI and GI are independent of the number of observations (N) and the 
number of histogram bins (K) – experimental evidence from the data in Fig. 3E-F (time evolution of 
microtubule-vimentin alignment). (A) Time evolution of N, the number of observations (paired 

Figure 3-figure supplement 1
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Figure 4: Alignment of stress orientation and velocity direction during collective cell migration. (A) 
Assay illustration. Wound healing assay of MDCK cells. Particle image velocimetry was applied to 
calculate velocity vectors (red) and monolayer stress microscopy to reconstruct stresses (blue). Alignment 
of velocity direction and stress orientation was assessed. (B) Mini-screen that includes depletion of 11 
tight-junction proteins and Merlin. Data from (Das et al., 2015), where effective depletion was 
demonstrated. Shown are GI and LI values; molecular conditions are sorted by the LI values (control is 
ranked 6th, pointed by the black arrow). Each dot was calculated from accumulation of 3 independent 
experiments (N = 925-1539 for each condition). Three groups of tight junction proteins are highlighted by 
dashed rectangles: red - low LI and GI compared to control, purple – different GI but similar LI, orange – 
high LI. All DeBias analyses were performed with K = 15. (C) Pair-wise statistical significance for LI 
values. P-values were calculated via a permutation-test on the velocity and stress data (Methods). Red – 
none significant (p ≥ 0.05) change in LI values, blue – highly significant (< 0.01) change in LI values. (D) 
Highlighted hits: Claudin1, Claudin2, Merlin and ZO1. Top: Distribution of stress orientation (top), 
velocity direction (middle) and motion-stress alignment (bottom). Bottom: table of mean alignment angle, 
LI and GI. Claudin1 and Claudin2 have similar mechanisms for transforming stress to aligned velocity. 
ZO1 depletion enhances alignment of velocity by stress.  
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Figure 5: PKC inhibition alters LI and GI. (A) PKC inhibition is expected to lead to elevated LI for cells 
with dominant CFP signal (CFP > YFPCFP). Upon FRET, CFP signal is locally transferred to YFPCFP, 
reducing the difference in normalized intensity between the two channels, which increases LI. (B) 
hTERT-RPE-1 cells imaged with the CKAR reporter. A cell before (top) and after (bottom) PKC 

Figure 5.
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Figure 6 - figure supplement 1: GI encodes information that is distinct from local interactions; 
Experimental validations of DeBias for co-localization. Data from Fig. 6. (A-F) GI as a complementary 
measure. (A-B) LI and Pearson’s correlation (CORR) are highly associated (statistical analyses performed 
using Pearson’s correlation). (A) H1299 cells: rho = 0.95, p-value < 10-29. (B) ARPE-19 cells: rho = 0.98, 

Figure 6-figure supplement 1
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Appendix 2 - figure 1: Simulations for X, Y normal distributions with different 𝜎x, 𝜎y and constant ζ = 
0°, 5°, 10°, 15°. (A) 45° - θmean reflecting the cumulative effect of the global bias and the local interaction 
between X, Y (θmean is the mean observed alignment). Lower variance and higher ζ correspond to better 
alignment. (B) Global index. ζ has a small effect on GI. (C) Local index. ζ has a major effect on LI. (D) 
Relative contribution of LI to the observed alignment increases as function of ζ. (E) Retrieved estimated ζ 
calculated as the relative contribution of LI to the observed alignment (panel D) times the cumulative 
effect of the global bias and the local interaction (panel A). (F) Accuracy of estimated ζ grows with ζ and 
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with lower 𝜎x, 𝜎y.  Note, that this estimation is a lower bound for the true ζ (Appendix 1, Theorem 4). 
Accuracy cannot be measured for ζ = 0° hence the empty panel. 

 

 

Appendix 2 - figure 2: Simulations for different values of K, the number of bins in the alignment 
distribution. X, Y normal distributions with different 𝜎x, 𝜎y and constant ζ = 15°. K = 4, 7, 11, 15, 22 
were examined. (A-B) Global (A) and local (B) indices grow with K. (C-E) Relative contribution of LI to 
the observed alignment (C), Retrieved estimated ζ (D) and accuracy of estimated ζ (E) stabilizes for K ≥ 
11. 
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Appendix 2 - figure 3: Simulations for different N, the number of observations. N = 100, 200, 400, 800, 
1600 were examined. X, Y normal distributions with different 𝜎x, 𝜎y and constant ζ = 15°. All measures 
provide similar information but are noisier for lower N. (A) Global index. (B) Local index. (C) Relative 
contribution of LI to the observed alignment. (D) Retrieved estimated ζ. (E) Accuracy of estimated ζ. 
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Appendix 3 - figure 1: Simulating co-localization. (A) Simulation. We use the distributions X = N(𝜇x = 
0.5, 𝜎x), Z = N(𝜇ζ = 1, 𝜎ζ), where X is truncated to [0,1]. Pairs of coupled variables are constructed by 
drawing sample pairs (xi,ζi) and constructing yi = xi,ζi (Methods). (B) Simulated joint distributions. 
Shown are the joint distributions of 4 simulations with increased global bias (i.e., decreased 𝜇ζ). (C) Local 
and global indices calculated for the examples from panel B. Smaller ζi associate with larger LI. The 
weaker negative association between GI and 𝜎ζ is because larger 𝜎ζ induces a distribution Y that is more 
spread compared to X which reduces the GI. (D) Simulations of partial co-localization. A given fraction 
of observations for Y were calculated as shown in panels A-C, the rest were independently drawn from 
the distribution X implying no local interaction. Shown are LI (top) and GI (bottom) as functions of the 
fraction of locally interacting observations and 𝜎ζ. LI associates with increased fraction of locally-
interacting observations, whereas the effect is minor in GI, in accordance with panel C. (E) Deviation of 
LI, GI values reported in panel C as functions of the number of observations n. 20 independent sub-
sampling. Lower n associates with higher variability. No other trend is observed. (F) LI and GI patterns 
are independent of the number of alignment histogram bins K = 10-40. Equal size of dynamic ranges was 
set for LI and GI plots in panels C, D and F. K, number of histogram bins was set to 40 for all panels 
excluding F. 𝜎x = 0.2 for panels B-E. 

 

 

 

 

Appendix 3-figure 1


