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Supplementary Note 28 

 29 

CellToClinic Predictors 30 

CellToPhenotype predictors consists of two expressions based supervised regression – one for 31 

predicting cell migration and other for predicting cell proliferation. Each predictor was trained on 32 



 2 

in vitro cell migration or proliferation as the dependent variable and gene expression of cell lines 33 

as the independent variables in the regression. The gene expression data was obtained from the 34 

Cancer Cell Line Encyclopedia project1. Gene expression data was transformed to a standard 35 

normal distribution across genes and samples.  36 

 37 

CellToPhenotype adopts two level feature selections to reduce testing error. First, 2448 genes that 38 

are significantly associated (FDR<0.01 using Cox regression) with patient survival (in an 39 

independent dataset – METABRIC). The “survival” package in R was used2 to determine the 40 

association. Second, CellToPhenotype uses LASSO (least absolute shrinkage and selection 41 

operator) regressor to regularize the predictor that enables a data-driven feature selection using a 42 

cross-validation. A five-fold cross validation procedure to compute the minimum λ value for 43 

LASSO. The “glmnet” package in R was used to perform regression3. To increase the 44 

generalizability of predictors, the LASSO regression selects only subset of genes as the gene 45 

signatures of the CellToPhenotype predictors (L1-norm regularization). That is, LASSO selects 46 

only a small number of the 2448 genes (during each iteration of LASSO) for constructing the final 47 

predictor.  Note, both feature selection steps were conducted in dataset independent of the testing 48 

set on which performance of CellToPhenotye was evaluated. This ensures an unbiased evaluation 49 

of predictive power of CellToPhenotype.    50 

 51 

Applying the predictor learned above to the gene expression of breast cancer tumor samples, we 52 

can predict migratory and proliferation level for each sample/individual.  To obtain a robust 53 

estimate of levels, we iterate this procedure 50 times and take the median value of the migration 54 

and proliferation levels as the final estimates. (For each iteration, LASSO chooses a few genes for 55 

model training. The frequency value mentioned next to each gene in Tables S3(a-d) is the number 56 

of times a gene has been selected for model training.) 57 

 58 

We explain LASSO regression method in more detail below:  59 

 60 

Linear regression is a linear approach to model a relationship between a dependent variable and 61 

one or more independent variables4. LASSO is a shrinkage and selection method for linear 62 

regression5. LASSO was introduced to avoid overfitting by selecting only a subset of the provided 63 
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covariates in the final model rather than using all of them. It performs both variable selection and 64 

regularization in order to improve prediction accuracy. Regularization is a form of regression 65 

which shrinks the coefficients of the independent variables to zero and avoids overfitting. LASSO 66 

uses an L1-regularization technique, which adds an absolute value of coefficient as penalty term 67 

to the loss function. The object of LASSO to minimize the following function:  68 

 69 

 70 

 71 

 72 

 73 

where y is the dependent variable, x is the independent variable,  is the coefficient of regression 74 

(with constraint j  s), and  is the tuning parameter. Some of the s are shrunk to zero due to 75 

the regression.   76 

 77 

One disadvantage of L1-regularization is that it cannot help with multicollinearity. However, that 78 

is not a concern in our case the data we work with does not suffer from a multi-collinearity 79 

problem. 80 

 81 

Multi-collinearity check 82 

We use a LASSO-based regression (along with cross validation) and LASSO can handle co-83 

variance among features6,7. In fact, it has been experimentally shown that cross validation plus 84 

LASSO (with much of supporting theory) works well with co-varying features. However, LASSO 85 

suffers from a multi-collinearity problem. Here we show that our data do not suffer from 86 

multicollinearity. When input features are multi-collinear, in essence, LASSO can arbitrarily select 87 

one of the collinear features. To test for multi-collinearity in the model training data, we computed 88 

the Variance Inflation Factor (VIF) in the training data. If VIF values are greater than 10, then the 89 

data may have multi-collinearity issues8.  We got VIF values ranging from 1.2 to 4.06 (median = 90 

1.43), thereby showing that our data does not suffer from multicollinearity. 91 
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 92 

In the case of covariance between variables in linear regression, the estimated coefficient from the 93 

linear model would have high variance but final predicted values of phenotype are not affected by 94 

this. To explicitly show this, we now conduct robustness analysis of the LASSO-based predictor. 95 

The LASSO based predictors give consistent results over multiple iterations, showing that the 96 

LASSO based predictions give quite consistent results irrespective of any covariance among 97 

features. Figure S5 shows the consistency of the predicted migration and proliferation values for 98 

one patient in the TCGA data (run for 10 iterations).  99 

 100 

Estimating effect of migration and proliferation on survival 101 

The effect of migration and proliferation levels (models built using 40 common breast cancer cell 102 

lines) on patient survival was estimated 1043 breast cancer patients TCGA data as follows. To 103 

check the association of the predicted migration with patients’ survival we fit following Cox 104 

regression:  105 

Survival ~ migration + strata(race) + age + GII      106 

 107 

Patient survival is known to be confounded by age, race, and genomic instability.  Including these 108 

factors in our Cox regression model, we systematically control for their confounding effect on 109 

survival. Genomic instability index (GII) measures the relative amplification or deletion of genes 110 

in a tumor based on the somatic copy number alteration (SCNA). Let 𝑝𝑖 be the absolute of log ratio 111 

of SCNA of gene i in a sample relative to normal control, GII of the sample is9:  112 

𝐺𝐼𝐼 = 1/𝑁 ∑ 𝐼(𝑝𝑖 > 1)

𝑁

1

     113 

where “I” is the indicator function.  114 

 Strata (race) in the above model implies Cox regression was conducted in each patient 115 

stratification based on race separately and likelihood were combined. We repeated the procedure 116 

for 10 iterations, and median coefficients (risk factor) of migration were computed. The association 117 

of survival with proliferation was estimated similarly.  118 

To estimate the relative contribution of migration and proliferation to predict patient survival we 119 

fit following Cox regression, which also controls for age, race, and genomic instability:  120 

Survival ~ migration + proliferation + strata(race) + age + GII      121 



 5 

 122 

We used the “lrt” function in R to do likelihood ratio test between two Cox regression models.   123 

 124 

Each Kaplan Myer (KM) analysis was done by comparing the migration/proliferation levels of on 125 

the top 25 percentile of patients with bottom 25 percentile patients (Figure 3b). 126 

  127 

Control experiments 128 

Since we used survival genes as features, we wanted to check if the results we obtain (Figures 2, 129 

3) is purely because of this, and if the LASSO regression (in the CellToPhenotype predictors) 130 

holds any value. So as a control experiment, we trained migration and proliferation based models 131 

using LASSO regression as before (using 2448 genes associated with survival). Then we randomly 132 

shuffled these survival-significant genes and their regression coefficients while predicting 133 

migration and proliferation levels. This is basically the same as taking a random linear combination 134 

of the gene expression of the survival-significant genes to predict migration and proliferation 135 

levels. This was done for 20 iterations. We predict migration and proliferation levels for each 136 

iteration. The results of the control experiments for various phenotypes are given below.  137 

 138 

Paired Wilcoxon rank-sum test between 110 tumors and matched normal samples for both the 139 

predicted migration and proliferation did not show any significant difference (P<0.6 and P<0.47 140 

respectively). Mean p-value between the two groups over various iterations is shown in brackets.  141 

 142 

We did not find any significant increase in predicted migration levels from stage I and stage II 143 

(Wilcoxon rank sum test, P<0.45); and from stage II to stage III-IV (P<0.45). Predicted 144 

proliferation levels also did not increase from stage I to stage II (P<0.41) and stage I to stage III-145 

IV (P<0.39).  146 

 147 

We see that predicted migration levels did not increase from grade 1 to grade 2 (Wilcoxon rank-148 

sum, P<0.41), and from grade 2 to grade 3 (P<0.33), and proliferation levels did not increase from 149 

grade 1 to grade 2 (P<0.36), and from grade 2 to grade 3 (P<0.36).  150 

 151 
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We do not find any significant association of predicted migration levels with patient survival (risk 152 

factor = 0.067, P<0.24) or between proliferation and survival (risk factor = -0.0021, P<0.24). Mean 153 

value of the risk factor over various iterations is shown. 154 

 155 

These results show that the results that we obtain (Figures 2, 3) are not only due to the feature 156 

selection, as the random linear combination of the expression of these selected genes to predict 157 

migration and proliferation levels do not yield good results.  158 

 159 

Survival analysis  160 

When we repeated the survival analysis in TCGA data by randomly sampling 30 cell lines (iterated 161 

10 times, each time there is a random sampling), we did not see any survival prediction capability 162 

for both migration and proliferation.  163 

 164 

Correlations 165 

Spearman correlations between KD-migration-score and predicted migration levels 166 

(CellToPhenotype) and experimentally measured migration values are given in Figure S1. Similar 167 

analyses were conducted for proliferation (Figure S1). KD-migration-score has a high correlation 168 

with the predicted migration levels (Spearman ρ = 0.83, P<4.36e-11, Figure S1a) and 169 

experimentally measured values (Spearman ρ = 0.79, P<1.9e-9, Figure S1b). KD-proliferation-170 

scores are highly correlated with both the predicted proliferation levels (Spearman ρ = 0.75, 171 

P<3.07e-8, Figure S1c) and the experimentally measured proliferation values (Spearman ρ = 0.82, 172 

P<2.58e-10, Figure S1d). We also checked cross correlation values between KD-migration-score 173 

and experimentally-measured proliferation values. Spearman correlation between KD-migration-174 

score and experimentally-measured proliferation values (Spearman ρ = 0.47, P<0.0023) is 175 

comparatively low. Similarly, Spearman correlation between KD-proliferation-score and 176 

experimentally measured migration values (Spearman ρ = 0.55, P<0.00024) is also comparatively 177 

low. 178 

 179 

Subtype analysis 180 

TNBC patients exhibit higher predicted migration than Luminal A patients (ANOVA, P<0.0024), 181 

Luminal B patients (ANOVA, P<0.0059), and Her2 positive patients (ANOVA, P<0.049). The 182 
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mean value of the predicted migration also showed significant differences between all 4 subtypes 183 

(ANOVA using 4 groups, P<0.015).   184 

 185 

TNBC patients exhibit higher predicted proliferation than Luminal A patients (ANOVA, P<2.2e-186 

16), Luminal B patients (ANOVA, P<2.2e-16), and Her2 positive patients (ANOVA, P<0.0014). 187 

The mean value of the predicted proliferation also showed very significant differences between all 188 

4 subtypes (ANOVA using 4 groups, P<2.2e-16).   189 

 190 

Luminal A has significantly lower predicted proliferation compared to Luminal B (ANOVA, 191 

P<0.0015).  192 

 193 

We, however, did not find a statistically significant difference between predicted migration levels 194 

of Luminal A patients and Luminal B patients (ANOVA, P<0.88), and between predicted 195 

migration levels of Luminal A patients and Her2 positive patients (ANOVA, P<0.58). 196 

 197 

Robustness of cell migration measurements 198 

We show that migration experiments that we used are robust in different assay conditions and the 199 

conclusions of our study are robust to assay conditions. We would like to make the following 200 

points: 201 

 202 

2D migration assays have many shortcomings and like many other in vitro assays, it is far from 203 

perfect. However, we explain below why the 2D assay we used is a good in vitro system to model 204 

cancer migration: they can capture clinical and pathological parameters, and are robust with other 205 

migration assays. Finally, we also detail robustness of in silico in our findings. 206 

 207 

We use live cell imaging-based random cell migration assays for measuring migration values in 208 

43 breast cancer cell lines, which has often been extensively used in the research community10–16 209 

and has been validated by previous work17–22 including ours (Van De Water’s lab). In addition, we 210 

provide two additional analyses reinforcing 2D assays can capture clinical and pathological 211 

parameters: 212 

 213 
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(a) Figure S3a shows that the experimentally measured migration values in the various breast 214 

cancer cell lines using the live cell imaging-based random cell migration assays. We see that 215 

Basal (Triple negative breast cancer) cell lines are much more motile than Luminal (Wilcoxon 216 

test, P<0.00016) and Her2 positive (Wilcoxon test, P<0.0021) cell lines as expected. Since we 217 

know that breast cancer patients with Basal subtypes are highly metastatic23, the cell line 218 

measurements using the live cell imaging-based random cell migration assays recapitulates 219 

what we expect physiologically in the clinic.  220 

 221 

(b) We show that the migration values measured using live cell imaging-based random cell 222 

migration assays are robust in another standard 2D migration assay which is the wound healing 223 

assay. In Figure S4, we show that Hs578t cell line closes much faster the created wound than 224 

the MDA-MB-231 cell line, which is reproducible with the highest speed of Hs578t cells 225 

measured in the live cell imaging-based random cell assay. That is even though both Hs578t 226 

and MDA-MB-231 are known to be highly migratory, we see that Hs578t has more motility 227 

than MDA-MB-231 in two assay conditions. This shows that the relative ranking of the cell 228 

lines is representative of the intrinsic motility capacity of the breast cancer cell lines and hence 229 

the CellToPhenotype predictors will not be affected by the assay conditions. 230 

 231 

Regarding the robustness of our conclusions: We found that 2D migration assays could predict 232 

patient survival, is based on two different predictors: (a) CellToPhenotype which uses live cell 233 

imaging-based random cell migration assays; and (b) siRNA-based predictor which uses 234 

Phagokinetic track (PKT) assays. Since we independently arrived at the same conclusion by using 235 

two different experimental (imaging and PKT) assays, it enhances the robustness of our 236 

conclusions.  237 

 238 

Not only the migration assays but also in vitro proliferation assays suffer from disparities in vivo 239 

phenotype24.  The central basis of our story is: given experimentally measured migration values in 240 

cell lines from a standard assay commonly used in the research community (irrespective of whether 241 

they are good or bad), can we learn signatures to effectively predict migration levels in patients; 242 

and are such predictions associated with patient survival? Our study finds that to be true.  243 

 244 
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Circulating tumor cells have high migration levels 245 

We applied the CellToPhenotype predictors to predict the migration and proliferation levels in 5 246 

samples of circulating breast tumor cells (CTCs) in GSE45965 data25, and compared it with the 247 

110 normal breast samples and 1043 cancerous samples from breast cancer TCGA data. While 248 

predicting migration and proliferation levels in GSE45965 data, we overlapped the survival 249 

associated genes in METABRIC dataset with the genes in the GSE45965 data, for building models 250 

using CellToPhenotype predictors. We find that CTC samples have significantly higher migration 251 

levels than both the TCGA cancer samples (P<3.81e-4) and the healthy adjacent samples 252 

(Wilcoxon rank sum, P<8.34e-5). The CTC samples have significantly higher proliferation levels 253 

than the non-cancerous samples (P<9.47e-4), but not significantly higher than the cancer samples 254 

(P<0.71, Figure S6).  255 

 256 

One weakness of this analysis is that there we have only 5 CTC samples, and therefore we carried 257 

out some additional statistical tests for the sake of robustness. We repeated the analysis using an 258 

ANOVA test26 to find similar results. An ANOVA test between predicted migration levels for 259 

CTC samples are higher compared to both cancers (P<5.9e-08) and healthy adjacent samples 260 

(P<2.2e-16). An ANOVA test between predicted proliferation levels for CTC samples are higher 261 

compared to non-cancerous samples (P<2.2e-16) but not with cancer samples (P<0.72). These 262 

findings are similar to what we obtained using a Wilcoxon test in Figure S6. A two-sample Fisher-263 

Pitman permutation test27,28 showed a significant difference between the means of predicted 264 

migration of CTC samples with cancer samples (P<7.13e-08), and between CTC samples with 265 

normal samples (P<2.2e-16). There is also a significant difference between the means of the 266 

predicted proliferation of CTC samples with normal samples (P<2.2e-16), and there is no 267 

significant difference between CTC samples with cancer samples (P<0.72).  268 

 269 
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Supplementary Figures 340 

 341 

 342 

 343 

 344 

Figure S1: Spearman correlation between KD-migration-score: (a) with predicted migration 345 

levels (CellToPhenotype); (b) with experimentally measured migration values, on 40 breast cancer 346 
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cell lines. Spearman correlation between KD-proliferation-score: (c) with predicted proliferation 347 

levels; (d) with experimentally measured proliferation values.  348 

 349 

 350 

 351 

Figure S2: Box plots showing estimated migration levels are higher for the patient treated with 352 

cytoskeletal drugs for the patients treated only with cytotoxic drugs (Wilcoxon rank-sum, P<4.9e-353 

5). 354 

 355 



 14 

 356 

Figure S3: (a) Experimentally measured migration values in various breast cancer subtypes (cell-357 

lines). (b) Experimentally measured proliferation values in various breast cancer subtypes (cell-358 

lines). (c) Predicted migration levels in various breast cancer subtypes (cell-lines). (d) Predicted 359 

proliferation levels in various breast cancer subtypes (cell-lines). We see that the predicted and 360 

experimentally measured migration values behave similarly across various breast cancer subtypes 361 

(similar results for proliferation).  362 

 363 

 364 
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 365 

 366 

Figure S4: Wound healing assay of both basal B Hs578t and MDA-MB-231 cell lines show that 367 

Hs578t closes the wound much faster than MDA-MB-231 at similar cell density. Bar graph 368 

represent the standard error of the mean (SEM, n=12 per cell line). 369 

 370 

 371 

 372 

 373 

 374 
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 375 

 376 

Figure S5: Predicted migration (M) and Proliferation (P) levels using CellToPhenotype (LASSO-377 

based) predictors for a single patient for 10 iterations. The predicted values are quite consistent 378 

over various iterations. 379 
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 394 

 395 

Figure S6: Predicted migration (M), proliferation (P) levels of 5 samples of circulating tumor 396 

cells (CTC) from GSE45965 data, compared with the 110 noncancerous samples and 1043 breast 397 

cancer TCGA samples.   398 

 399 

 400 


