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Abstract 10 

Background: Some cancer cells survive treatment without genetic change, and many studies 11 

suggest they can be recognised in advance from their gene expression. Sister-cell lineage 12 

tracing tests this. One daughter of a dividing cell is sequenced before treatment and the other 13 

treated. However, a cell whose sister survives may simply grow well. How much of the 14 

predictable signal reflects drug tolerance rather than growth fitness is unknown. 15 

Results: Using the identically processed untreated arm of the ReSisTrace experiment, we 16 

compared each drug-arm predictor with a fitness model trained on untreated cells. In 32,642 17 

pre-treatment ovarian cancer cells, a linear model predicted the sister's fate with an area under 18 

the receiver operating characteristic curve (AUROC) of 0.72–0.75, against 0.50–0.60 for 19 

published methods on olaparib; a graph neural network and two single-cell foundation models 20 

did no better. The fitness model, which never saw a drug, reached 0.70–0.73. The drug-21 

specific gain was about 0.02 AUROC, positive in every arm, not reliably separable from zero, 22 

and at most about 0.05. The shared signal marked a proliferative, low-stress state that a label-23 

free score largely recovered. In a second lineage system, pre-treatment clone size 24 
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outpredicted expression under all six treatments, and in 11 patients the fitness state was 25 

depleted, not enriched, after chemotherapy. 26 

Conclusions: Most of what a pre-treatment transcriptome predicts about a cancer cell's fate 27 

is growth fitness rather than drug tolerance. Such claims should be tested against an untreated 28 

arm processed in the same way; our package persist.fitadj does this for any lineage-29 

tracing design. 30 

Keywords: Drug tolerance, Lineage tracing, Single-cell RNA-seq, Sister cells, Cell fate 31 

prediction, Non-genetic resistance 32 

Background 33 

Cancer therapy often fails because some cells survive it, and survival does not always need 34 

a mutation. Sharma et al. [1] described a small, reversibly drug-tolerant subpopulation in 35 

several cancer cell lines. Such persister cells can later acquire genetic resistance [2, 3], and 36 

non-genetic resistance is now recognised as a broad class of adaptive mechanisms [4, 5]. A 37 

central question is whether the cells that survive were already different before the drug was 38 

given. If they were, their state could be measured, and perhaps targeted, in advance. 39 

Several studies suggest that they were. In melanoma, rare cells expressing resistance 40 

markers at high levels were more likely to become resistant [6]; such fluctuations last for 41 

several divisions [7], can be traced back to rare drug-naive precursors [8], largely decide which 42 

resistant type a clone forms [9], and can be modulated before treatment [10]. Clones resistant 43 

to one of six treatments were more likely to resist others [11], and time-lapse lineages suggest 44 

that survival is biased by states inherited over two to three generations [12]. Other studies 45 

point the other way. In colorectal cancer, all cells rather than a rare subpopulation may enter 46 

a persister state [13]; in organoids, resistance arose from transient plasticity [14]; and sisters 47 

diverge quickly in their response to death signals [15, 16]. Part of a cell's fate is therefore 48 

decided after treatment begins. 49 
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Lineage barcodes read out by single-cell RNA sequencing link a cell's state to the fate of its 50 

relatives at scale [17]. They have revealed primed fate in haematopoiesis [18, 19], clonal 51 

dominance in leukaemia [20, 21] and drug-tolerant lineages in lung and breast cancer [22, 23]. 52 

Most of these designs label whole clones, however, and a large clone is more likely to be seen 53 

again simply because it has more cells. ReSisTrace avoids this [24]. Barcoded cells divide 54 

once, one sister is sequenced before treatment and the other is treated, so each sequenced 55 

cell is labelled by its own sister's fate. The design also includes an untreated control arm that 56 

goes through the same synchronisation, splitting and re-plating steps, which the authors 57 

added to assess the confounding effect of growth fitness. They found transcriptomic 58 

differences in this arm too, but did not build classifiers or report how well fate could be 59 

predicted. 60 

Computational tools for single-cell drug response, such as scDEAL [25], SCAD [26], 61 

Beyondcell [27] and CaDRReS-Sc [28], were built for a different problem. A recent benchmark 62 

of nine such methods used the ReSisTrace olaparib arm as ground truth [29]. When pre-63 

treatment cells were compared with post-treatment survivors, the best method reached a 64 

mean area under the receiver operating characteristic curve (AUROC) of 0.869. When only 65 

pre-treatment cells with sister-derived labels were used, most methods fell to 0.50–0.55 and 66 

the best, scDEAL, to about 0.6. Neither this benchmark nor the methods it evaluated 67 

compared their predictions with the untreated arm, so a score on such a task cannot say 68 

whether a method has learned tolerance of the drug or general growth fitness. 69 

We therefore ask three questions on the ReSisTrace data (Fig. 1a). How much does a cell's 70 

pre-treatment transcriptome say about its sister's fate? How much of that signal is specific to 71 

the drug, rather than the growth advantage that the control arm was designed to reveal? And 72 

what is the best performance one could hope for, given that the label belongs to a different 73 

cell? We compare each predictor with a model trained on the untreated arm at equal training 74 

size, bound the achievable performance from sister pairs, check both estimators on synthetic 75 

data with a known answer, and test the answers in a second lineage system, two further 76 
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lineage data sets, bulk tumours and patients. We find that most of the predictable signal is 77 

growth fitness, and we release the evaluation as a reusable Python package. 78 

Results 79 

Study design and terms used 80 

We use a few terms throughout. An arm is one condition of the experiment, namely 81 

carboplatin, olaparib, natural killer (NK) cells or the untreated control, each run in two 82 

replicates. A pre-treatment cell is pre-resistant if its treated sister was recovered after 83 

treatment and pre-sensitive otherwise. Cells that share a lineage barcode form a family, and 84 

every evaluation kept whole families on one side of the split, so a model is never tested on a 85 

relative of a cell it was trained on. Performance is reported as AUROC, where 0.5 is chance 86 

and 1 is perfect. The fitness model is the model trained on the untreated control arm. In that 87 

arm a sister is recovered without any drug, only by growing back after handling, so the model 88 

captures growth fitness rather than drug tolerance. 89 

We used the authors' processed labels. After excluding 4,369 cells without a detected lineage 90 

label, 32,642 pre-treatment cells remained, 29,540 pre-sensitive and 3,102 pre-resistant, 91 

exactly the counts in the original report (Table S15 in Additional file 2). Pre-resistant cells 92 

made up 7.8–11.2% of labelled cells in the drug arms and 14.7–14.9% in the control arm (Fig. 93 

1b). The cells formed 29,437 families, and within every family all cells carried the same label. 94 
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 95 
Fig. 1 Study design and data. a, ReSisTrace design and the questions addressed in this 96 

study. b, Fraction of labelled pre-treatment cells that are pre-resistant in each sample. c, 97 

Unique molecular identifiers (UMIs) per cell for pre-sensitive (grey) and pre-resistant 98 

(coloured) cells in each arm; bars mark medians. 99 

A cell's state before treatment predicts its sister's fate 100 

A logistic regression on 50 principal components of gene expression, obtained by principal 101 

component analysis (PCA), reached AUROC 0.747 for carboplatin, 0.744 for olaparib, 0.723 102 

for NK cells and 0.708 for the control (Fig. 2a, Table S1 in Additional file 2). The signal passed 103 

three checks. When the model was retrained on labels shuffled between families within each 104 

sample, AUROC fell to around 0.50, and none of 100 such refits reached the observed value 105 

in any arm (p < 0.01, the smallest p-value 100 permutations allow; Table S2 in Additional file 106 

2). Training on one replicate and testing on the other gave 0.70–0.76 (Fig. 2b). Restricting the 107 

analysis to cells without a sister in the pre-treatment sample, as the original authors did, gave 108 

slightly higher values (carboplatin 0.754, olaparib 0.753, NK 0.737, control 0.720). 109 

Technical factors explain only part of the signal. Pre-resistant cells had fewer UMIs than pre-110 

sensitive cells in every arm, including the control (Fig. 1c), and a model using only technical 111 
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covariates (sequencing depth, number of detected genes, mitochondrial fraction and cell-cycle 112 

scores) reached 0.59–0.65 (Fig. 2a). We therefore ran the main analyses in three 113 

preprocessing variants, keeping these covariates, removing cell-cycle scores, or removing cell 114 

cycle, depth and mitochondrial content from the expression data before computing the 115 

principal components. Removing cell-cycle scores changed nothing (0.707–0.748); removing 116 

depth and mitochondrial content as well lowered AUROC only modestly (carboplatin 0.723, 117 

olaparib 0.727, NK 0.680, control 0.704). The principal components are computed without 118 

labels but on all cells, test cells included; fitting gene selection, scaling and the principal 119 

components on the training cells of each fold only changed AUROC by at most 0.008 in either 120 

direction (Table S31 in Additional file 2). 121 

This simple model does much better than published methods. On the same olaparib task, 122 

under the protocol of the published benchmark (all pre-resistant cells against an equal number 123 

of randomly drawn pre-sensitive cells, three draws), it reached 0.739–0.756 with ordinary five-124 

fold cross-validation and 0.734–0.747 with families kept together (Fig. 2c), against the 0.50–125 

0.60 reported by Shen et al. [29]. Keeping families together lowered AUROC by less than 126 

0.01, so the gap is not caused by sisters leaking between training and test sets; it comes from 127 

training directly on the lineage labels. Table S20 in Additional file 2 lists the inputs, labels and 128 

protocol behind each value; the published methods were not rerun here. 129 
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 130 
Fig. 2 The pre-treatment state predicts a sister's fate. a, Out-of-fold AUROC (lineage-131 

grouped five-fold cross-validation) for each model and arm; error bars are 95% family-132 

bootstrap intervals; grey ticks show the same models retrained on family-level shuffled labels 133 

(one to five permutations per model). b, Replicate hold-out AUROC (dots) for the PCA-logistic 134 

model; bars show within-arm AUROC. c, Olaparib under the benchmark protocol of Shen et 135 

al. [29], with ordinary and lineage-grouped cross-validation (three balanced draws each); the 136 

shaded band and dotted line mark the values reported for existing methods in that study. 137 

More complex models do not predict better 138 

No more flexible model found more signal (Table 1). Tuning the regularisation strength and 139 

the number of components changed AUROC by at most 0.002, and adding labelled cells from 140 

the other arms by at most 0.004. Gradient boosting was slightly worse (0.70–0.73), and linear 141 

models on 2,000 individual genes were worse still (0.63–0.66). A graph neural network 142 

pretrained to place sisters close together reached 0.696–0.734, below logistic regression in 143 

every arm, and no setting in a sweep of its hyperparameters did better (Fig. S1 in Additional 144 

file 1, Tables S1 and S18 in Additional file 2; Supplementary Note 1 in Additional file 1). 145 

Embeddings from two single-cell foundation models, Geneformer [30, 31] and scGPT [32], 146 

reached 0.671–0.683 and 0.673–0.693 in the drug arms (Table S17 in Additional file 2). 147 

Models ranging from a linear classifier to a 104-million-parameter transformer thus recover 148 

the same signal and no more. The limit lies in the information, not in the model. 149 
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Table 1 Models and representations used in this study. 150 

Model What it is Input Result (AUROC 
unless stated) 

Logistic regression 
(main model) 

Linear classifier with balanced class 
weights 

50 principal components 
of expression 

0.708–0.747 within 
each arm 

Tuned or pooled 
logistic regression 

Main model with tuned settings, or with 
labelled cells from the other arms added 

50 principal components Changed AUROC by at 
most 0.002 (tuned) and 
0.004 (pooled) 

Logistic regression 
on genes 

Main model applied to single genes 2000 highly variable genes 0.63–0.66 

Technical-covariate 
model 

Logistic regression on technical factors 
only 

Sequencing depth, 
detected genes, 
mitochondrial fraction, cell-
cycle scores 

0.59–0.65 

Gradient boosting 
(CatBoost) 

Ensemble of decision trees Principal components and 
technical covariates 

0.70–0.73 

Multilayer 
perceptron 

Small neural network, with or without 
sister-pair pretraining 

50 principal components 0.700–0.738 without 
and 0.708–0.742 with 
pretraining 

Graph neural 
network 

Neural network that also reads each 
cell's 15 nearest neighbours, pretrained 
so that sisters lie close together 

50 principal components 
and a cell–cell graph 

0.696–0.734 

Geneformer V2-
104M_CLcancer 

Transformer with 104 million 
parameters, pretrained on 104 million 
human and about 14 million cancer 
transcriptomes; used without fine-tuning 

Raw counts as a ranked 
list of genes, giving a 768-
dimensional embedding 

0.671–0.683 (drug 
arms) 

scGPT (whole-
human) 

Transformer pretrained on 33 million 
human cells; used without fine-tuning 

Raw counts of 5005 
genes, giving a 512-
dimensional embedding 

0.673–0.693 (drug 
arms) 

Harmony, Pearson 
residuals, scVI 

Batch-corrected components, 
components of analytic Pearson 
residuals, and the latent space of a 
variational autoencoder 

Expression of the same 
2000 genes 

Same conclusions as 
the main model (Table 
S17 in Additional file 2) 

Fitness model Main model trained on the untreated 
control arm 

50 principal components 0.70–0.73 on drug-arm 
labels 

Other-arm model Main model trained on the other two 
drug arms 

50 principal components Gain over the fitness 
model of 0.004 to 0.006 

Label-free density 
score 

Mean distance to the 15 nearest 
neighbours; uses no labels 

50 principal components 0.63 for NK cells to 0.70 
for carboplatin 

Sister ceiling Bivariate-normal latent-liability model Model scores of pre-
treatment sister pairs 

About 0.84 (drug arms) 
and 0.76 (control) if the 
treated sister were 
scored 

Cox regression Proportional-hazards survival model Signature scores of 303 
ovarian tumours from The 
Cancer Genome Atlas 
(TCGA) 

Hazard ratios (Fig. 7c) 

AUROC, area under the receiver operating characteristic curve. Ranges are over the four 151 

arms, or over the three drug arms where stated, from lineage-grouped five-fold cross-152 

validation. Methods give full settings for every model. 153 

Most of the signal is not specific to the drug 154 

This is the central test of the paper. If the pre-treatment state encoded tolerance of a particular 155 

drug, a model trained on one drug should transfer poorly to an unrelated drug, and the fitness 156 
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model, which never saw any drug, should transfer worst of all. Neither was the case. All twelve 157 

transfers between arms gave AUROC 0.69–0.74 (Fig. 3a). The fitness model scored 0.725 on 158 

carboplatin, 0.713 on olaparib and 0.697 on NK labels, within 0.02–0.03 of the models trained 159 

on those arms (Fig. 3b), and drug-arm models predicted the control labels with 0.69–0.70, 160 

close to the control model's own 0.708. The scores of the drug and fitness models were 161 

strongly correlated (Spearman 0.80–0.82). 162 

 163 
Fig. 3 Most of the signal is shared with the untreated control. a, AUROC of PCA-logistic 164 

models trained on one arm and tested on another; the diagonal shows within-arm cross-165 

validation. b, For each drug arm, AUROC of the drug-arm model, of the control-arm (fitness) 166 

model applied to drug-arm cells, and of the drug score after within-sample regression on the 167 

fitness score. c, Drug-specific AUROC gain over the fitness model with training size matched 168 

(ΔAUROC), under three preprocessing variants; error bars are 95% intervals from 200 169 

bootstrap replicates that refit the whole procedure (Table S27 in Additional file 2). Narrower 170 
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intervals that only resample the evaluation are listed in Table S19 in Additional file 2. d, With 171 

every model trained at the control arm's size, the AUROC gain on each drug arm's labels of a 172 

model trained on the other two drug arms over the fitness model (green, shared with other 173 

treatments) and of the arm's own model over the other-arm model (orange, unique to the 174 

drug); the two add up to the drug-specific gain. Error bars are refitting 95% bootstrap intervals 175 

(Table S28 in Additional file 2). 176 

A drug-specific part does exist, but it is small. We defined the drug-specific gain as how much 177 

better a model trained on a drug arm's own labels predicts those labels than the fitness model 178 

does. Because the control arm has fewer labelled cells (4,183) than the drug arms (8,942–179 

10,123), we trained the drug models on random sets of whole families of the same size as the 180 

control arm, repeated ten times (Methods). The gain was 0.014 for carboplatin, 0.025 for 181 

olaparib and 0.017 for NK cells (Fig. 3c, Table S19 in Additional file 2). Adding the drug model's 182 

score to a model that already contained the fitness score improved the fit in every arm 183 

(likelihood-ratio p < 10−25), and the part of the drug score not explained by the fitness score 184 

still reached AUROC 0.60–0.63. The drug score therefore carries information that the fitness 185 

score does not, but it adds only one to three points of AUROC to a signal of 0.72–0.75. 186 

The experiment is too small to say for certain that this gain is real. A design calculation shows 187 

that, with 3,879 labelled control families, it can detect a gain of about 0.025 to 0.028 with 80% 188 

power, and every estimate falls below that. When we repeated the whole procedure inside 189 

each of 200 bootstrap samples, refitting both models each time, the estimates, with 95% 190 

confidence intervals (CIs), were 0.017 for carboplatin (−0.0002 to 0.043), 0.022 for olaparib 191 

(−0.004 to 0.046) and 0.014 for NK (−0.010 to 0.043) (Table S27 in Additional file 2). Across 192 

all nine combinations of arm and preprocessing variant, the gain exceeded 0.01 in eight and 193 

was close to zero in the ninth (NK with all technical covariates removed, 0.001), and whether 194 

an interval cleared zero depended on the random training sets, which is what an effect at the 195 

edge of detection looks like. The same intervals give an upper limit, which is the more useful 196 

result here. The gain is at most 0.043 to 0.046 AUROC, less than a fifth of the 0.22 to 0.25 by 197 
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which the drug-arm models exceed chance. The data therefore rule out a drug-specific 198 

component larger than about 0.05 AUROC. 199 

The result did not depend on how expression was represented. With Harmony-corrected 200 

components [33], analytic Pearson residuals [34], scVI [35], Geneformer or scGPT in place of 201 

the principal components, drug-arm models reached 0.671–0.746, the fitness model 0.627–202 

0.722, and the drug-specific gain was 0.013–0.049 (Table S17 in Additional file 2). The largest 203 

gains came from scGPT, whose fitness model was also the weakest; a weaker fitness baseline 204 

leaves more of the shared signal to be counted as drug-specific. 205 

Is the remainder tied to the particular drug, or to surviving treatment in general? A model 206 

trained on the other two drug arms, at the same training size, separates the two, because it 207 

has learnt from treated cells but never from this drug (Fig. 3d, Table S28 in Additional file 2). 208 

It improved on the fitness model by only 0.004 for carboplatin and 0.006 for olaparib and NK 209 

cells, whereas each arm's own model added a further 0.012, 0.020 and 0.012. By these point 210 

estimates, two thirds to four fifths of the gain beyond fitness was unique to the drug. The split 211 

is less certain than the gain itself; the drug-unique part excluded zero only for olaparib (0.020, 212 

95% CI 0.003–0.042), the only targeted agent of the three. 213 

A label-free score recovers much of the shared signal 214 

A clue to what the shared signal is came from gradient boosting, which, trained on shuffled 215 

labels, still scored 0.550–0.562 on the true labels in every arm, whereas logistic regression 216 

scored 0.500–0.501. A flexible model can apparently pick up something about how cells are 217 

arranged in expression space that is related to the labels. We therefore tested a score that 218 

uses no labels at all, namely how crowded a cell's neighbourhood is, measured as the mean 219 

distance to its 15 nearest neighbours within its own sample. Pre-resistant cells lay in denser, 220 

more typical regions, and this density score alone reached AUROC 0.70 for carboplatin, 0.69 221 

for olaparib, 0.63 for NK cells and 0.67 for the control (Fig. S2 in Additional file 1, Table S4 in 222 

Additional file 2). Cells in common states therefore tend to have sisters that are recovered, 223 

with or without a drug. The effect is specific to the sister design. In the two clone-level data 224 



12 

sets described below, the same score reached only 0.53 and 0.57 (Table S13 in Additional 225 

file 2). 226 

The fitness state is proliferative; the drug-specific state cycles more slowly 227 

Comparing pre-resistant with pre-sensitive cells within each sample gave 1,128–1,265 228 

replicate-consistent differentially expressed genes in the drug arms and 639 in the control arm 229 

(Table S7 in Additional file 2). Most were shared, and only 57 (carboplatin), 221 (olaparib) and 230 

140 (NK) genes differed significantly from the control comparison (Table S8 in Additional file 231 

2). 232 

The shared fitness component is a proliferative, low-stress state. In the control arm, cells 233 

whose sisters were recovered had higher MYC-target, mTORC1, E2F and fatty-acid-234 

metabolism programmes, and lower TNF-α/NF-κB, TGF-β, interferon, p53 and apoptosis 235 

programmes (Fig. 4a, Table S9 in Additional file 2). This fits an advantage in re-plating and 236 

regrowth. The drug-specific component points the other way. After the control comparison was 237 

subtracted, E2F targets, mitotic spindle and MYC targets were lower in pre-resistant cells in 238 

all three drug arms. Among cells that are otherwise fit, those whose sisters survived a drug 239 

were relatively less proliferative. A pre-specified panel of 28 marker genes gave the same 240 

picture without signs of senescence (Fig. S3 in Additional file 1, Table S16 in Additional file 2, 241 

Supplementary Note 2 in Additional file 1). Few genes were unique to a single drug (8 for 242 

carboplatin, 4 for olaparib and 48 for NK cells; Table S29 in Additional file 2), and neither of 243 

the two pathway hypotheses that we fixed in advance held after correction, so the drug-unique 244 

part is spread thinly across many genes rather than concentrated in a known mechanism. 245 
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 246 
Fig. 4 Biology of the shared and drug-specific components. a, Normalised enrichment 247 

scores of Hallmark gene sets for the control contrast (fitness) and for each drug contrast after 248 

subtracting the control contrast; asterisks mark false discovery rate (FDR) < 0.05. b, Odds 249 

ratios for inferred copy-number clusters among pre-resistant versus pre-sensitive cells in each 250 

arm. 251 

Copy-number differences do not explain the signal. Inferred copy-number clusters reproduced 252 

the subclone enrichment reported in the original study [24] in the drug arms but not in the 253 

control arm (Fig. 4b, Table S11 in Additional file 2), predicted the labels poorly (AUROC 0.54–254 

0.60), and expression added strongly to them in every arm (Table S12 in Additional file 2, 255 

Supplementary Note 3 in Additional file 1). Scored against the untreated arm, the original 256 

study's findings also look different. Its mRNA-surveillance programmes were partly present 257 

without any drug, and its link between pre-resistance and homologous-recombination 258 

deficiency (HRD) was as strong in the untreated arm as in the drug arms (Table S30 in 259 

Additional file 2, Supplementary Note 4 in Additional file 1). 260 

Sister discordance caps predictability 261 

The label belongs to the sister, not to the sequenced cell, so even a perfect model of the 262 

sequenced cell has a ceiling. We estimated it from 3,477 pairs of sisters from 2,939 families 263 

in which both sisters were sequenced before treatment. Sisters were similar but not identical 264 

(mean intraclass correlation 0.75 over principal components 1–10, against 0.00 for random 265 
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pairs from the same sample; Fig. 5a, Table S6 in Additional file 2), and the scores of the 266 

principal-component model correlated 0.63–0.81 between them. We combined this correlation 267 

with the observed AUROC in a latent-liability model, allowing 10% of pre-sensitive labels to 268 

be wrong, within the error range estimated by the original authors [24]. If the same score could 269 

be applied to the treated sister itself, it would reach about 0.84 in the drug arms and 0.76 in 270 

the control arm (Fig. 5b). Reading the wrong cell therefore costs at most 0.09–0.12 AUROC 271 

in the drug arms and 0.05 in the control arm (Fig. 5c, Table S5 in Additional file 2). Simulations 272 

with a known answer confirmed that this estimate can only err upwards (Fig. S5 and 273 

Supplementary Note 7 in Additional file 1), so these are upper bounds. Even with the treated 274 

cell in hand, a large part of fate would remain unexplained, in line with live-cell studies showing 275 

that fate is only partly inherited [15, 16]. 276 

 277 
Fig. 5 Sister discordance caps predictability. a, Intraclass correlation of principal-278 

component scores between pre-treatment sisters and between random same-sample pairs. 279 

b, Expected AUROC as a function of the correlation between score and sister liability under 280 

the bivariate-normal model with label noise π = 0.1 (line), with each arm's observed PCA-281 

logistic AUROC (dots) and the AUROC implied if the treated sister's own state were scored 282 

(diamonds). c, AUROC lost to sister discordance as a function of assumed label noise π. 283 

In a second lineage system, clone size predicts better than cell state 284 

ReSisTrace is the only design we know of with an untreated arm carried through the whole 285 

protocol. A related question can still be asked wherever clone size before treatment is known, 286 
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because a lineage that has grown larger before any drug is, by definition, one that grows well. 287 

Schaff et al. [11] barcoded WM989 melanoma cells, profiled an untreated sample, and split 288 

the remaining cells across six treatments (dabrafenib, trametinib, CoCl2, acidic medium, 289 

cisplatin and doxorubicin). We obtained 7,165 untreated cells from 1,359 lineages, of which 290 

30.6% (trametinib) to 78.3% (acidic medium) lay in a lineage detected again after treatment. 291 

Clone size won in every treatment. It predicted detection with AUROC 0.68–0.90, against 292 

0.54–0.66 for a logistic model on 50 principal components (Fig. 6a). Adding expression to 293 

clone size raised AUROC by at most 0.04, and for four treatments not at all. Once the part of 294 

the expression score explained by clone size was removed, it fell to 0.44–0.59 (Fig. 6c; Table 295 

S22 in Additional file 2). The two targeted drugs were the treatments in which clone size 296 

mattered least (0.70 and 0.68) and expression added most (0.04 and 0.03), matching the weak 297 

clone-size correlations the original authors reported for exactly these two. Predictions 298 

transferred only between similar treatments (Fig. 6b), and an independent preregistered 299 

reanalysis of the same data also found that clone abundance dominates [36] (Supplementary 300 

Note 5 in Additional file 1). 301 

 302 
Fig. 6 A second lineage system with six treatments [11]. a, AUROC for predicting whether 303 

an untreated cell's lineage is detected again after each treatment, using clone size before 304 

treatment, expression (50 principal components), both, and the label-free density score; 305 

lineage-grouped cross-validation, error bars are 95% lineage-bootstrap intervals. b, AUROC 306 

when the out-of-fold score trained on one treatment's labels is used to rank another treatment's 307 
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labels. c, Expression AUROC before and after residualising on log clone size; asterisks mark 308 

treatments in which expression added to clone size (likelihood-ratio p < 0.05). 309 

Other lineage data, tumours and patients show the same pattern 310 

The same ordering held in two further clone-level data sets. In the Watermelon data (PC9 lung 311 

cancer cells treated with osimertinib [22]), 5,087 barcoded cells from 2,993 lineages were 312 

labelled by whether their lineage was observed again at day 14. Clone size alone predicted 313 

this label with AUROC 0.76, and expression alone 0.61 (Fig. 7a). In triple-negative breast 314 

cancer cells treated with afatinib [23], 1,541 untreated barcoded cells from 448 lineages were 315 

labelled by whether their lineage was among the authors' drug-tolerant expanded persisters 316 

after 40 days. Clone size gave 0.88, expression 0.64, and both together 0.88 (Fig. 7b). 317 

 318 
Fig. 7 External and clinical checks. a,b, AUROC for predicting lineage persistence from 319 

untreated cells in Watermelon (a) and triple-negative breast cancer (b), using clone size, 320 

technical covariates, expression, the label-free density score, expression within singleton 321 
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lineages, and zero-shot transfer of ReSisTrace models; error bars are 95% lineage-bootstrap 322 

intervals. c, Hazard ratios per standard deviation of signature score for overall survival and 323 

progression-free interval in TCGA-OV; the fitness, whole-contrast and drug-specific signatures 324 

are defined in Methods (Differential expression and pathways). d, Change in signature score 325 

from treatment-naive to post-treatment malignant cells in 11 patients with high-grade serous 326 

ovarian cancer receiving neoadjuvant platinum–taxane chemotherapy [37]; one dot per 327 

patient, filled where both samples came from the same anatomical site; the vertical line is the 328 

median (red for the fitness signature, the only one with Wilcoxon p < 0.05) and the grey band 329 

spans the mean ± 2 s.d. of the medians of 200 expression-matched random gene sets. 330 

In 303 primary ovarian tumours from TCGA, none of five signatures predicted overall survival 331 

or progression-free interval after correction for multiple testing (Fig. 7c, Table S14 in Additional 332 

file 2). In patients, the fitness state was depleted after chemotherapy. Zhang et al. [37] 333 

sequenced malignant cells from 11 patients with high-grade serous ovarian cancer before and 334 

after neoadjuvant platinum–taxane chemotherapy (8,806 malignant cells). If treatment 335 

selected the ReSisTrace carboplatin states, post-treatment cells should score higher on them; 336 

they did not (Wilcoxon p = 0.24 and 0.83). The fitness signature moved the other way. It was 337 

lower after treatment in 7 of 11 patients (Wilcoxon p = 0.042), lower than for all 200 matched 338 

random gene sets (two-sided p = 0.005), and lower in all five patients whose two samples 339 

came from the same anatomical site (Fig. 7d, Table S21 in Additional file 2). The proliferative, 340 

low-stress state that predicts recovery in a culture dish is therefore depleted, not enriched, in 341 

tumours after chemotherapy. Post-treatment samples also differ in ways a sister design does 342 

not capture, so this is a consistency check rather than a validation. 343 

Without an untreated arm, the drug-specific gain cannot be measured reliably 344 

Almost no study has an untreated arm, so we asked whether something built from the treated 345 

arms alone can stand in for it. Neither substitute we tried worked (Fig. S4 in Additional file 1, 346 

Table S26 in Additional file 2, Supplementary Note 6 in Additional file 1). Measured against 347 

the label-free density score, the drug-specific gain was two to three times too large (0.043–348 
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0.090); measured against a model trained on the other drug arms, it nearly vanished (0.0045–349 

0.0065). A substitute can show that a pre-resistance signal is mostly fitness, but it cannot say 350 

by how much. 351 

Discussion 352 

We asked whether a cancer cell's transcriptome before treatment predicts whether its sister 353 

survives, and how much of that prediction is about the drug. The pre-treatment state is 354 

predictive, and a simple model reaches AUROC 0.72–0.75, far above published methods on 355 

the same task. But most of the signal is not about the drug. A model trained on cells that never 356 

saw a drug predicts drug-arm fates nearly as well, a score that uses no labels recovers much 357 

of the same signal, and the shared component is a proliferative, low-stress state. The drug-358 

specific remainder makes biological sense, pointing to slower cycling among otherwise fit 359 

cells, and it is positive in every arm. But it is worth only one to three points of AUROC, and 360 

this experiment cannot reliably separate it from zero once the uncertainty of fitting is counted. 361 

Put simply, a common view is that a few cancer cells are already equipped, before any drug 362 

is given, with a special ability to survive that drug. Our results point to a more ordinary 363 

explanation for most of what can be predicted in advance. The cells whose sisters survived 364 

were, on the whole, cells that were fit before treatment. Handling in the laboratory is itself a 365 

strain, because cells are synchronised, split and re-plated, and fitter cells tend to recover from 366 

it whether or not a drug follows. That is why a model trained only on untreated cells predicts 367 

survival under a drug almost as well as a model trained on the drug arm itself. 368 

This matters because, without an untreated arm, a model that picks out cells with a growth or 369 

recovery advantage will look like a resistance predictor, and will even appear to generalise 370 

across drugs. Transfer between drugs is often read as evidence for a shared tolerance 371 

programme; here it reflects a shared fitness programme. This is relevant to recent reports of 372 

multi-treatment resistance [11], whose design had no drug-free arm carried through the same 373 

culture. The same care applies to benchmarks. Our simple model reached about 0.74 on the 374 
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olaparib task on which transfer-learning methods scored 0.50–0.60 [29], but most of that signal 375 

comes from the fitness axis that the control arm reveals. A benchmark that scores fate 376 

prediction on drug-arm labels alone rewards fitness and tolerance equally; including a model 377 

trained on the untreated arm as a reference would show what a method has actually learned. 378 

The pattern is not a quirk of one protocol. A second system, with six treatments, a different 379 

cancer type and a different barcoding scheme, gave the same ordering. How much a lineage 380 

had grown before treatment mattered more than what its cells were expressing. In all three 381 

clone-level data sets, clone size predicted whether a lineage would be seen again much better 382 

than expression did, so expression-based claims from clone-level labels need clone size as a 383 

baseline. The patient cohort points the same way from the other direction. Cells that survived 384 

platinum-based chemotherapy were lower on the fitness signature than the same patients' 385 

untreated cells. A state that marks recovery in a culture dish need not mark survival in a 386 

patient. 387 

What should future studies do? The clearest answer is to carry an untreated arm through the 388 

same protocol, and to report the gain of drug-arm models over a model trained on that arm, 389 

with training size matched, next to the raw AUROC. Where that is impossible, we found no 390 

reliable substitute. Studies should also expect a ceiling. Because sisters are not identical, even 391 

a perfect model of the sequenced cell loses up to 0.09–0.12 AUROC in the drug arms. A 392 

methodological lesson came from the synthetic experiments. Bootstrap intervals that do not 393 

refit the model covered the truth well below their nominal rate, so anyone putting a bootstrap 394 

around a cross-validated score should refit inside each replicate. We provide these steps as 395 

a small package for any lineage-tracing design with an untreated arm. 396 

This study has limitations. ReSisTrace labels are noisy, because cells whose sister was lost 397 

are counted as pre-sensitive, and the ceiling handles this only through an assumed noise 398 

level; it also rests on a simplified Gaussian liability model, so it is approximate and an upper 399 

bound. Our copy-number clusters were inferred from expression, not measured from DNA. 400 

Differential expression treated the cells of a sample as independent; because 90% of families 401 
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consist of a single labelled cell, sisters add little dependence, and all classifier evaluations 402 

kept families together. All main analyses use one ovarian cancer cell line, the external checks 403 

rely on clone-level labels, bulk tumours and 11 patients, and the second system has no drug-404 

free arm, so clone size stands in for fitness there. Finally, we used both foundation models as 405 

frozen feature extractors rather than fine-tuning them. A different design might do better, but 406 

the near-identical performance of very different models suggests that the information, not the 407 

model, is the limit. 408 

Conclusions 409 

A cancer cell's transcriptome before treatment predicts whether its sister survives, well above 410 

chance and far better than transfer-learning methods suggested on the same data. Most of 411 

that signal, however, is not about the drug. It is shared with cells that were never treated, and 412 

it tracks a proliferative, low-stress state. In a second lineage system, its counterpart, clone 413 

size, outweighs expression under every treatment. The drug-specific remainder is small, 414 

consistent in sign and below what this experiment can resolve. Studies that claim a pre-415 

existing state predicts drug tolerance should therefore carry an untreated arm through the 416 

same protocol and report the gain over it, with training size matched. The package provided 417 

here does this for any design with such an arm. 418 

Methods 419 

Data. ReSisTrace count matrices and cell metadata were downloaded from the Gene 420 

Expression Omnibus (GEO; GSE223003 [38]; 16 samples covering four arms, two replicates 421 

and pre/post time points). Only pre-treatment cells were modelled. Labels (drugSens), within-422 

sample sister families (sisters) and families linking pre-resistant cells to their surviving 423 

sisters (prer_r_group) were used as provided by the authors. In the authors' pipeline, a pre-424 

treatment cell is pre-resistant if its lineage label matches a post-treatment cell perfectly, and 425 

pre-sensitive otherwise (including partial matches). We defined families as connected 426 
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components over shared sisters or prer_r_group identifiers within each sample. Cells had 427 

already been quality-filtered by the authors, and we applied no further filtering. 428 

Preprocessing. Samples were aligned to the union of 34,353 genes, with genes absent from 429 

a sample set to zero counts. Counts were normalised to 10,000 per cell and log-transformed 430 

with Scanpy [39]. Cell-cycle scores used the gene lists of Tirosh et al. [40]. Highly variable 431 

genes were ranked by normalised dispersion within each sample, and the 2,000 with the best 432 

median rank were kept after excluding mitochondrial and ribosomal genes and genes detected 433 

in fewer than three cells. Expression was z-scored within each sample and clipped at ±10. For 434 

the regress and regress_all variants, covariates were regressed out within each sample, 435 

namely cell-cycle scores for regress, plus log counts, log detected genes and mitochondrial 436 

fraction for regress_all. Fifty principal components were computed on all pre-treatment 437 

cells. This step uses no labels. As a check, within-arm cross-validation (with the same folds) 438 

and the fitness model were repeated with gene selection (among the 5,005 stored genes), 439 

per-sample scaling and the principal components fitted on the training cells only and then 440 

applied unchanged to the test cells (Table S31 in Additional file 2). 441 

Evaluation. We used three designs, namely (i) five-fold stratified group cross-validation within 442 

each arm, with replicates pooled and families as groups; (ii) training on one replicate and 443 

testing on the other; (iii) training on one arm and testing on each other arm. AUROC and the 444 

area under the precision–recall curve (AUPRC) were computed on pooled out-of-fold 445 

predictions, with 95% confidence intervals from 500 family-level bootstrap resamples. Label-446 

shuffled controls permuted training labels at the family level within each sample, which 447 

preserves both the number of positives per sample and the fact that sisters share a label. The 448 

exact permutation test refitted the model on 100 such permutations using the same folds, and 449 

the reported 𝑝 is (1 + #{ܾ: A௕ ≥ Aobs})/101. 450 

Models. Logistic regression (scikit-learn [41]) used balanced class weights and C = 0.05 451 

unless tuned. The tuned variant chose C from {0.005, 0.02, 0.05, 0.2, 1} and the number of 452 

components from {10, 20, 30, 50} by three-fold grouped inner cross-validation. The pooled 453 
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variant added all labelled cells from arms other than the test arm to the training set. CatBoost 454 

[42] used 800 iterations, depth 6, learning rate 0.05 and balanced class weights. The graph 455 

neural network read each cell's 15 nearest neighbours within its sample and was optionally 456 

pretrained with a contrastive loss over sister pairs; its architecture and training are given in the 457 

Supplementary Methods (Additional file 1). 458 

Alternative representations. The 50 principal components were replaced by (i) Harmony-459 

corrected components (harmonypy, batch = sample), (ii) 50 principal components of analytic 460 

Pearson residuals (θ = 100) computed per sample on raw counts of the same 2,000 genes 461 

(Scanpy), (iii) a 30-dimensional scVI latent space (scvi-tools, batch = sample, up to 100 462 

epochs with early stopping), (iv) Geneformer embeddings [30], using the cancer-tuned V2 463 

model with 104 million parameters (Geneformer-V2-104M_CLcancer [31]), and (v) scGPT 464 

embeddings [32] from the whole-human checkpoint. Neither foundation model was fine-tuned, 465 

so their embeddings do not see the labels; the embedding procedure is given in the 466 

Supplementary Methods (Additional file 1). All representations were z-scored within each 467 

sample, and the logistic and fitness analyses were rerun unchanged. 468 

Fitness analysis. Throughout, fitness is defined operationally as what predicts a sister's 469 

recovery without any drug, that is, the score of a PCA-logistic model trained on the lineage 470 

labels of the untreated control arm. Formally, let ࣛ be a learning algorithm, ܦ௞ a training 471 

sample of ݇ labelled families and ݂ࣛ ,஽ the resulting score. Writing A(݂) for the AUROC of a 472 

score ݂ against the drug arm's labels, the quantity we estimate is 473 

Δ௞  =  ॱ஽ೖdrug [A (݂ࣛ ,஽ೖdrug)] − ॱ஽ೖctrl [A (݂ࣛ ,஽ೖctrl)], 474 

the expected advantage of training on the drug arm's own labels over training on untreated 475 

labels, at a common training size ݇. Both expectations are over the draw of training families, 476 

which is why ݇ is fixed at the labelled control arm's size and why the interval must resample 477 

that draw rather than only the cells used for evaluation. For each drug arm, the fitness score 478 

was the prediction of this model trained on all labelled control cells. We report the drug model's 479 
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out-of-fold AUROC; the fitness model's AUROC on the drug-arm labels; the AUROC of the 480 

drug logit after within-sample linear regression on the fitness logit; a one-degree-of-freedom 481 

likelihood-ratio test for adding the drug logit to a model containing the fitness logit; and the 482 

size-matched gain (ΔAUROC). For the latter, the drug model was fitted by the same lineage-483 

grouped five-fold cross-validation, but each training fold was reduced to a random set of whole 484 

families containing as many cells as the labelled control arm (4,183), and ΔAUROC was 485 

averaged over 10 random reductions. The intervals quoted in Results refit the fitness model 486 

and the reduced drug model inside each of 200 family-level bootstrap replicates 487 

(scripts/28_delta_refit_bootstrap.py); a faster interval that only re-scores fitted 488 

models is in Table S19 in Additional file 2, and both are described in the Supplementary 489 

Methods (Additional file 1). 490 

Fitness, general treatment and the particular drug. Three PCA-logistic models were 491 

compared on each drug arm's labels, all trained on random sets of whole families totalling as 492 

many cells as the labelled control arm. These were the fitness model, a model trained on the 493 

pooled labels of the other two drug arms, which never sees the arm being scored, and the 494 

arm's own model, scored out of fold. The general-treatment gain is the AUROC of the second 495 

minus that of the first, the drug-unique gain the AUROC of the third minus that of the second, 496 

and the two add up to the drug-specific gain. General treatment here means whatever the 497 

treated arms share and the control arm lacks, which includes differences in handling as well 498 

as biology. 499 

Ceiling. Write ஺ܵ for a model's score on the sequenced sister, ܵ஻ for the same model's score 500 

on its treated sibling, and ܮ஻ for the latent liability that decides whether the treated sister 501 

survives. Sister concordance ܿ = corr( ஺ܵ, ܵ஻) was taken over pre-treatment sister pairs after 502 

a rank-based inverse-normal transform of the scores. A fraction ߨ of observed negatives are 503 

really positives whose sister was not recovered, so AUROCobs = (1 − AUROC (ߨ +  504 ;2/ߨ

inverting this gives the noise-corrected value. Under the bivariate-normal model the AUROC 505 

of a score against a dichotomised liability is a monotone function ݃ of their correlation, so 506 
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obsߩ = ݃−1(AUROC). Assuming that the sequenced sister bears on its sibling's fate only 507 

through the state the two share ( ஺ܵ⟂ܮ஻ ∣ ܵ஻), 508 

fateߩ  = obsܿߩ  ,  AUROCif sister seen  =  509 ,(fateߩ)݃ 

and the sister cost is the difference between that and the observed AUROC. When the 510 

assumption fails, the estimate errs upwards, so the ceiling and the cost are upper bounds, as 511 

proved in the Supplementary Methods (Additional file 1). 512 

Typicality score. For each cell, we computed the mean Euclidean distance to its 15 nearest 513 

neighbours in the 50-component space among cells of the same sample, and used its negative 514 

as a label-free score. The direction (denser = pre-resistant) is the only choice made with 515 

reference to the labels. 516 

Differential expression and pathways. Wilcoxon tests compared pre-resistant with pre-517 

sensitive cells within each sample. Replicate z-scores were combined by Stouffer's method, 518 

and genes with opposite signs in the two replicates were flagged. Drug-specific genes had 519 

FDR < 0.05 for the drug contrast and for the difference from the control contrast, ݖdiff = drugݖ)  control)/√2, and consistent signs. Preranked gene set enrichment analysis (GSEA [43]) with 521ݖ 520−

GSEApy [44] used the MSigDB Hallmark collection [45] with 1,000 permutations. Signatures 522 

took up to 50 genes in each direction with FDR < 0.05, ranked by z-score, after removing 523 

mitochondrial and ribosomal genes. The fitness signature used the control contrast; the whole-524 

contrast signature of a drug arm used its drug contrast without reference to the control; and 525 

the drug-specific signature of a drug arm used only its drug-specific genes, ranked by z_diff. 526 

Genes unique to one drug, the re-scoring of published claims and the copy-number clusters 527 

are described in the Supplementary Methods (Additional file 1). 528 

Second lineage system. Matrices for the nine samples of Schaff et al. [11] were taken from 529 

GEO (GSE279162 [46]), and lineage barcodes were assigned to cells as described in the 530 

Supplementary Methods (Additional file 1). A lineage counted as surviving a treatment if any 531 

cell in that treatment's sample carried it. Clone size is the number of untreated cells with that 532 
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lineage. Expression was log-normalised (10,000 counts per cell); the 2,000 genes with the 533 

highest dispersion were z-scored and reduced to 50 principal components. Logistic models 534 

were evaluated with five-fold cross-validation grouped by lineage, with 95% intervals from 300 535 

lineage-level bootstrap resamples. 536 

External data. For Watermelon (GEO GSE150949 [47]), barcoded day-0 cells were labelled 537 

by the presence of their lineage barcode in any day-14 sample. For the triple-negative breast 538 

cancer study (GEO GSE228382 [48]), per-cell lineage annotations are not in GEO, so we 539 

exported the authors' Seurat object from figshare [49] to plain files with a short R script, and 540 

labelled untreated day-0 cells with the authors' DTPE_lineages annotation. For each data set 541 

we evaluated lineage-grouped cross-validation of clone-size, covariate and expression 542 

models, and zero-shot transfer of ReSisTrace logistic models, with intervals from 300 lineage-543 

level bootstrap resamples. For the ovarian cancer cohort of TCGA (TCGA-OV), RSEM 544 

expression and curated survival endpoints [50] were obtained from UCSC Xena [51]. Five 545 

signatures were tested (the fitness signature, the three drug-specific signatures and the whole-546 

contrast carboplatin signature); primary tumours were scored by the mean z-score of up-genes 547 

minus down-genes, and Cox models (lifelines [52]) were fitted per standard deviation of score. 548 

Patient data. Count data and cell annotations for 11 patients with high-grade serous ovarian 549 

cancer sampled before and after neoadjuvant platinum–taxane chemotherapy were obtained 550 

from GEO (GSE165897 [53]; Zhang et al. [37]). Only cells the authors annotated as malignant 551 

epithelial cells were used (8,806 of 51,786). Counts were normalised and log-transformed, 552 

and each gene was z-scored within patient, so that patient identity cannot drive the 553 

comparison. A signature score was the mean z of its up-genes minus the mean z of its down-554 

genes, and each patient contributed the mean score of their post-treatment cells minus that of 555 

their treatment-naive cells. Significance was assessed by a Wilcoxon signed-rank test over 556 

the 11 patients and by comparison with 200 random gene sets matched in size and mean 557 

expression. 558 
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Software. The evaluation is packaged as the Python module persist.fitadj [54], which 559 

takes plain arrays, so any representation and any scikit-learn classifier can be used. 560 

fitness_adjusted_report(X, y, groups, arms, control="Control") returns, for each 561 

drug arm, the AUROC of the drug-arm model and of the fitness model, the residual AUROC, 562 

the likelihood-ratio test, and the size-matched drug-specific gain with its family bootstrap 563 

interval. family_permutation_null(X, y, groups, samples) gives the family-level 564 

permutation test, and sister_ceiling(auroc, sister_concordance(scores, pairs), 565 

prevalence) gives the AUROC expected if the treated sister itself were scored. The module 566 

is tested in tests/test_fitadj.py. 567 

Use of large language models. The authors used a large language model to assist with 568 

writing code and text, checked all analyses and text, and take full responsibility for the content. 569 
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