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36  Abstract

37  Background

38  Accurately determining changes in tumor size during therapy is essential to evaluating

39  response or progression. However, individual imaging methodologies often poorly reflect
40  pathologic response and long-term treatment efficacy in patients with estrogen receptor

41  positive (ER+) early-stage breast cancer. Mathematical models that measure tumor

42  progression over time by integrating diverse imaging and tumor measurement modalities are
43 not currently used but could increase accuracy in measuring response and provide biological
44 insights into cancer evolution.

45  Methods

46  For ER+ breast cancer patients enrolled on a neoadjuvant clinical trial, we reconstructed

47  their tumor size trajectories during therapy by combining all available information on tumor
48  size, including different imaging modalities, physical examinations and pathological

49  assessment data. Tumor trajectories during six months of treatment were generated, using a
50  Gaussian process and the most probable trajectories were evaluated, based on clinical data,
51  using measurement models that account for biases and differences in precision between

52 tumor measurement methods, such as MRI, ultrasound and mammograms.

53 Results

54 Reconstruction of tumor trajectories during treatment identified five distinct patterns of tumor
55  size changes, including rebound growth not evident from any single modality. These results
56  increase specificity to distinguish innate or acquired resistance compared to using any single
57  measurement alone. The speed of therapeutic response and extent of subsequent rebound

58  tumor growth quantify sensitivity or resistance in this patient population.

59 Conclusions
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60  Tumor trajectory reconstruction integrating multiple modalities of tumor measurement

61  accurately describes tumor progression on therapy and reveals various patterns of patient

62  responses. Mathematical models can integrate diverse response assessments and account for
63  biases in tumor measurement, thereby providing insights into the timing and rate at which

64  resistance emerges.

65

66  Introduction

67  Cancer patients’ response to a therapy is highly variable, with some tumors responding

68  slowly or rapidly, others progressing on therapy, and some exhibiting rapid early response
69  followed by rebound regrowth (1, 2). Despite this known diversity of patient tumor

70  trajectories (3, 4) the treatment response of most solid tumors during trials is evaluated by
71  comparing baseline and end point measurements. Patients are then grouped into a small

72 number of response categories based on the best response. Therefore, a tumor that rapidly
73 shrinks by 50% and then rapidly grows back and another tumor that slowly shrinks by 50%
74 are both called partial responses (PR) (5-7). This end-point focused approach overlooks the
75  diversity of tumor responses during a given trial, including what happens in between time
76  points, and fails to distinguish different outcomes such as patients with stable disease versus
77  those with an initial response followed by subsequent disease rebound (8). Due to different
78  intrinsic biases between assessment modalities, inconsistent response classifications can be
79  determined depending on the assessment modality used: mammogram (MG), magnetic

80  resonance imaging (MRI), ultrasound (US), physical examination (PE), computed

81  tomography (CT), blood biomarkers and others.

82

83  Accurately classifying tumors with distinct trajectories is necessary to identify biomarkers

84  specific for one of these outcomes (9, 10). Further, assessing the tumor trajectory during the
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85  course of therapy can provide accurate real-time assessments to guide adaptive treatment

86  strategies (4) (for current perspective see (11)). A more dynamical approach to measuring

87  changes in tumor size could also capture the evolution of resistance during treatment.

88

89  The heterogeneity of solid tumors, such as breast cancer, can also obstruct the accurate

90  measurement of tumor size when using a single imaging method alone. Physicians thus rely

91  on acombination of imaging and physical examination modalities during the course of

92  therapy to understand a tumor’s characteristics and to increase accuracy compared to using a

93  single methodology (12, 13). The accuracy of each modality depends on patient specific

94 factors, such as the level of inflammation or cancer subtype, and in clinical practice patients

95  may be assessed by different modalities at different time points (14-16). However, when

96  using a range of methodologies, it is challenging to combine information to a consensus

97  reading or to integrate data sources across time points and methodologies.

98

99  For early-stage ER+ breast cancers, tumor diameter on clinical physical examination,
100  ultrasound, mammogram, and MRI can be used to assess response to neoadjuvant therapy.
101  However, the use of a single imaging modality less accurately reflects surgical pathologic
102 response or long-term treatment efficacy (17-21). Among the various imaging modalities,
103 MRI appears the most accurate for predicting pathologic response in breast cancer (21).
104  However, MRI accuracy is still below 80% for predicting pathologic response, and MRI use
105  in earlier stage breast cancer is variable across treatment centers (22). Further, the use of
106 ~ MRI in early-stage breast cancer remains controversial because of unclear effects on long
107  term outcomes and concerns about over diagnosis of incidental indolent lesions (23, 24).

108
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109  Here we provide a general approach to reconstruct the trajectories of patient tumors during
110 treatment. The approach starts by generating a diversity of possible trajectories of tumor size
111 over time using a Gaussian process model (25). To reconstruct the most likely tumor

112 trajectory, we apply a Bayesian probabilistic framework to integrate all available

113 measurements of tumor size during treatment and account for biases and differences in

114 precision of each method (26). We test the power of the trajectory reconstruction approach to
115  accurately recovers the underlying dynamics of tumor progression using in silico simulations.
116 ~ We then apply the model to reconstruct tumor trajectories using imaging data from a

117  randomized clinical trial of ER+ breast cancer patients during neoadjuvant treatment with an
118  aromatase inhibitor combined with a cell cycle inhibitor or placebo. From these data, we

119  identify five distinct trajectories of tumor progression in this cohort, including a group of

120  patients with a rapid rebound of disease after an initial response. The model also reveals the
121  speed of growth changes during treatment, including shrinkage of tumor size in sensitive

122 tumors and increased growth in resistant tumors. Applying this model to patients across

123 treatments, we show that combination endocrine and cell cycle inhibitor therapy increases the
124 frequency of resistance-related tumor trajectories compared to endocrine therapy alone.

125  Further, high dose combination therapy increases the frequency of rebound disease outcomes.
126  In summary, tumor trajectory reconstruction integrates multiple modalities of tumor

127  measurement to describe the diversity of tumor response to therapy with increased resolution

128  and dynamical precision.

129

130 Methods

131  Trial overview

132 Tumor diameter (mm) was monitored over six months during a multi-institutional phase 2

133 trial of women with early-stage ER+, HER2- breast cancer (27) which evaluated whether the
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134  addition of CDK inhibition to endocrine therapy in the neo-adjuvant setting promotes

135  complete cell cycle arrest and improves the preoperative endocrine prognostic index (PEPI)
136  (27) (28). Post-menopausal women with node positive or >2 cm ER+ and/or PR+, HER2
137  negative breast cancer (n=120) were randomized equally between three treatment arms,

138  receiving: A) endocrine therapy alone (letrozole plus placebo), B) intermittent high dose
139  combination therapy (letrozole plus ribociclib: 600 mg/day, three weeks on/ one off), or C)

140  continuous lower dose combination therapy (letrozole plus ribociclib: 400 mg/d).

141

142 Measurements of tumor size

143 To assess each patient’s tumor progression, a range of standard imaging and physical

144  examination assessments were used at different time points throughout the trial. Large

145  discrepancies were observed between the estimates of tumor size from each of these

146  measurement approaches (Fig S1), motivating the application of our tumor trajectory

147  reconstruction approach. As is normal in the clinical setting, each patient had a unique

148  combination of magnetic resonance imaging (MRI), ultrasound (US), mammogram (MG),
149  clinical physical examination (PE), and surgical pathology (SP) observations. Imaging and
150  physical examination assessments were made repeatedly during the 180-day period of neo-
151  adjuvant therapy (mean= 6.8 tumor measurements per patient). Of the 120 patients, 91% had
152  sufficient clinical observations to reconstruct their tumor burden trajectory.

153

154  Reconstructing tumor burden trajectories: Probabilistically combining tumor estimates
155  from different measurement methods

156  To reconstruct patient’s tumor trajectories during treatment, we developed a dynamic

157  response evaluation approach (Fig.1 and below). Tumor trajectories were reconstructed by

158  combining all available sources of clinical imaging, physical examinations and pathological
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159  data, using a Gaussian Process Latent Variable Model (GPLVM) (29, 30). Potential tumor
160  size trajectories were probabilistically evaluated, based on clinical data and known biases and
161  differences in accuracy of different clinical measurement modalities, and the most likely
162  tumor burden trajectories were learned using Bayesian statistical inference.

163

164 1) Generating proposal tumor trajectories

165  Potential tumor size trajectories were generated using a multidimensional Gaussian

166  distribution ( f ) (Fig.1a). Each dimension (1: n) describes the log tumor size on an

167  occasion (i) when the tumor was measured:

168 fi ~ N(u;, %), {indices i = 1...n},

169 with y; reflecting the expected tumor size (log mean during treatment) and Z;; capturing the
170  covariance of tumor size between occasions.

171  Smoothly varying tumor trajectories are generated when ordering the dimension indexes by
172 time. The resulting Gaussian process (f (t)) is a probability distribution describing the

173 potential state of the tumor over time (31). Possible tumor trajectories were generated by
174  sampling nonlinear functions from this Gaussian process:

175 f(t) ~GP (,u, k(t, t’)), {indices t}.

176  Here, u scales the average tumor size and the covariance matrix k(t,t") encodes how the
177  tumor size changes between observation times. For example, a high correlation in tumor size
178  between two time points yields little change in tumor size and produces a stable disease

179  dynamic over this time frame (Fig.1a). The covariance structure was calculated using the

180  squared exponential covariance function:

181 k(ti,t;)) = n*exp (—pz Yio1(tia - tia )2) + §;j0% .

Reconstructing tumor trajectories during therapy 7


https://doi.org/10.1101/2021.01.14.426737
http://creativecommons.org/licenses/by-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.01.14.426737; this version posted January 17, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-ND 4.0 International license.

182  The length scale (1), controls the timescale at which the tumor burden fluctuates, whilst the
183  signal variance (p) determines the amount of tumor size variation during treatment. Together
184  these estimated parameters of the covariance function describe the smoothness of a tumor
185  burden trajectory. Finally, a viable positive definite covariance matrix was ensured by adding
186 §; jaz to the diagonal covariance elements (8; ;= Kronecker delta function: 1 if i = j, else
187  0;0%=1x1078%).

188

189  2) Evaluating the likelihood of a tumor burden trajectory

190  To determine the probability of a proposed tumor trajectory, measurement models were used
191  to describe the accuracy and precision of each tumor measurement method (m) (Fig.1b) (32).
192 The measurement models then evaluate the likelihood of each tumor observation (Yp ,,, (£);
193  method m, patient P at time t), given the tumor size followed the trajectory proposed by the
194  Gaussian process (f (t)). Observations were described as lognormally distributed

195  measurements of a patient’s true tumor size, with the addition of a censoring threshold of less

196  than the minimal measurable size (¢ = 0.1 mm):

197 Ypm(t) + @ ~ LogNormal(fpm + fp(t),0%y,,.)-

198  Each measurement methods’ bias (fp ,,,) and inaccuracy (azyp .,) Was estimated on a patient

199  specific basis.
200

201 3) Incorporating prior information about measurement precision and bias
202  Knowledge about the rank precision of different measurement methods was encoded into the
203  measurement models (Fig.1c) using conclusions of four recently published comparative

204  studies examining the agreement between surgical pathology measurements of tumor size and
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205  MRI, ultrasound, mammogram or clinical examinations (12, 14-16). The four key

206  conclusions across these studies were that: i) MRI is the most accurate imaging method to
207  estimate tumor burden, with little or no systematic bias compared to the observation made at
208  pathology. ii) Ultrasound provides similar measurements, but potentially with greater bias
209  and variability, iii)) Mammograms results are significantly more variable and also potentially
210  biased iv) Clinical physical examinations provide the least accurate estimates of tumor size,
211 as they systematically underestimate tumor size.

212

213 Reflecting these conclusions, we constrained the variance parameter of more precise

214  measurement modalities to be lower (62pg > 0246 > 02ys > 0% yr1 > 0%5p) and estimated
215  bias in clinical assessment, mammogram and ultrasound measurements (fp sp & Bp yr; =
216 0; Bpre, Brmc&Ppus # 0; sign of bias not constrained). Along with the biological

217  requirement that tumor size changes gradually over time, we constrained the tumor size not to
218  fluctuate at timescales shorter than one month.

219

220  Inferring tumor burden trajectories

221  The most probable tumor trajectories during the trial were identified using Bayesian

222 inference to combine prior information about methodological biases with the likelihood

223 assessment of trajectories made by the measurement model (Fig.1d) (33). The Gaussian

224 process generated proposal trajectories, the measurement model quantifying the consistency
225  of observations with the proposed trajectory, and current clinical knowledge of the accuracy
226  and precision of measurement methods were all encoded in the Bayesian priors.

227

Reconstructing tumor trajectories during therapy 9
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228  The fitted GPLVM tumor reconstruction provides patient specific estimates (with

229  uncertainty) of : 1) the tumor size throughout the trial (f(t)), the speed and extent of tumor
230  size fluctuations (7 and p) and the bias and precision of each measurement method.

231  The confidence in the patients’ tumor trajectory is also captured in the Bayesian posterior
232 distributions of the sampled Gaussian process. All parameters were inferred simultaneously
233 using Hamiltonian Monte Carlo in Stan (34).

234

235 Validating tumor trajectory reconstruction

236  To verify the reliability of the GPLVM tumor reconstructions, we generated hypothetical
237  tumor trajectories using a theoretical model of tumor growth and subclonal evolution (35).
238  We then simulated the process of measuring this in silico tumor using measurement methods
239  with differing precision and accuracy. Finally, we assessed how well our dynamics response
240  evaluation approach could reconstruct the trajectory of the simulated tumors, based on the
241  measurement observations that were produced (Fig.2). We compared the GPLVM tumor
242 reconstruction with RECIST response category and naive smoothing of tumor measurement

243 data (using generalized additive models) (36).

244  We simulated tumor size trajectories over time, using a subclonal model of tumor growth and

245  evolution: &Y = ( & (1 -2 ﬂ) -0 ) N;. In this model we described the interaction
dat 1+Bix K;

246  between resistant and sensitive cells competing for limited resources. The tumor is initially
247  dominated by sensitive cells, but a small subpopulation of resistant cells was allowed to pre-
248  exist. Cell proliferation (1y) is reduced by the cell cycle inhibitory effects of treatment (X).

249  Resistant cell proliferation is assumed to be less sensitive to the impacts of therapy (Br =

250  Bs/10). For simplicity, similar death rates (&) and competitive abilities (%) are assumed for
J
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251  the two cell types, as these assumptions do not influence conclusions of the simulation study.

252 We generated a range of different tumor trajectories by varying the initial percentage of

253  resistant cells between 0.01 and 0.4% (n=6 resistance levels) and varying the drug dosage
254 from 33% to 100% of the maximum dose that would cause shrinkage of a completely

255  sensitive tumor within 50 days (n=7 dosage levels). A broad range of tumor trajectories were
256  generated (n=42), based on simulations with each combination of drug dosage and initial

257  resistance levels (Fig S2).

258  To assess the performance of the tumor reconstructions, we compared how well the known
259  dynamics of tumor growth were recovered and compared this to trajectories predicted by: 1)
260  midpoint or end of treatment RECIST assessment and ii) a naive smoothing of all the clinical
261  measurements using a generalized additive model. The performance of each approach was
262  measured by the root mean-square-error (RMSE) between recovered trajectories and the

263  known true tumor trajectory (RMSE closer to zero indicate less error in tumor trajectory

264  reconstruction).

265

266  Identifying distinct dynamic response classes in clinical trial patients

267  To compare tumor trajectories between patients, we standardized each trajectory, scaling by
268  the tumor size at baseline. We utilized the patient’s tumor trajectory to quantify each tumor’s
269  growth during the first phase (day 0-90) and second phase (day 90-180) of the trial. We

270  calculated the tumor growth rate during each phase as well as the proportion of tumor

271  remaining at end of treatment (relative to baseline). Based on these summary statistics,

272  patients with similar overall tumor response trajectories were categorized into dynamic

273  response classes, using a Gaussian mixture model (37).

Reconstructing tumor trajectories during therapy 11
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274

275  The relative frequency of each dynamic response was calculated for tumors in each treatment
276  arm. We examined whether certain dynamic responses where associated with a specific

277  treatment regimen, using a chi-squared test. Pearson residuals were examined to identify

278  which dynamic responses were strongly associated with a given treatment. All statistical

279  analyses were conducted in R 3.5.1 (R Core Team 2018), using the RStan interface to

280  perform Bayesian inference in Stan (34, 38). The code to implement the tumor reconstruction
281  is provided along with the ER+ breast cancer patient clinical data (Supplemental data=

282 Online Data Supplement 1; Supplemental code= Online Data Supplement 2).

283

284

285  Results

286  Tumor trajectory reconstruction and validation

287  To test that our approach allows the reconstruction of tumor shrinkage and/or growth during
288  treatment, we used a theoretical model of the subclonal evolution to a resistant state to

289  generate trajectories of in silico tumors during treatment (Fig.2a). Initially drug sensitive in
290  silico tumors develop resistance, as the composition becomes dominated by the initially rare
291  resistant subclone, following drug-induced evolutionary selection. We next generated

292 observations representing serial measurements of the tumor using methods differing in

293 accuracy (bias) and precision (noisiness) (Fig.2b). We then compared our ability to

294 reconstruct the underlying tumor trajectories using the GPLV model against predictions made
295  using naive smoothing of the observation data or using RECIST assessments of tumor size
296  change comparing baseline to either midpoint or endpoint measurements (Fig.2c). Using
297  tumor observations taken throughout the trial allows the identification of the emergence of

298  resistance and the rebound of tumor growth, something not possible using the RECIST
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299  assessment (Fig.2c left vs center and right panels). When a naive smoothing approach was
300  used, assuming all measurements were equally reliable, the general trend of the trajectory
301  was recovered; however, the size of the tumor could be poorly measured due to the biases of
302 frequently used measurement techniques (such as clinical physical examinations) (Fig.2c
303  center vs right panel). Our approach allowed a description the smooth changes in tumor size
304  over time, using the Gaussian process, and to correct for method specific biases using the
305 method specific measurement models (Fig.2c right panel). This approach allowed a

306  quantitatively accurate reconstruction of the tumor trajectory that captures: i) the initial rate
307  of decline in tumor size upon initiation of therapy and ii) the timing and speed of tumor

308 rebound growth following the emergence of resistance.

309  The approach was applied to reconstruct a broad range of tumor dynamics, generated by
310  modelling tumors with differing initial frequencies of resistant subclones and by varying the
311  drug dose (Fig.2d). Across all tumor reconstructions, the GPLVM approach more accurately
312 recovered the underlying tumor trajectories, having 87% less prediction error compared to
313  midpoint RECIST assessments, 85% less that endpoint RECIST assessments, and 78% less

314  than the naive smoothing approach.

315

316  Reconstructing tumor trajectories: Probabilistically combining tumor estimates from

317  different measurement methods

318  Reconstruction of patient tumor trajectories provides a dynamic evaluation of response

319  during treatment (Fig.3). Here we show the inferences that are obtained for each patient’s
320  tumor by first presenting results of a representative tumor. All patients’ tumor reconstructions
321  are provided in the supplement (SI Figure= Online Data Supplement 3). Figure 3a shows the

322 tumor size estimated throughout treatment, including at time points in between observations
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323 and the overall average tumor size during the trial. The fitted model also measures the speed
324  at which tumor size fluctuates and also the magnitude of those changes relative to the tumors
325  initial size (Fig.3b). For this specific patient, tumor responded over a timeframe of around 70
326  days (lengthscalex~ 70), indicating a gradual reduction in tumor size rather than a rapid

327  decline as may be expected under cytotoxic therapies. Furthermore, the signal variance

328  measured the limited extent of tumor response during the trial, indicating that the reduction in
329  tumor size was limited to only 16% of the baseline size (Signal variance~ 0.15).

330  Measurements of the over/underestimation bias of each tumor measurement method were
331  obtained, showing that for this patient, clinical physical examinations were overestimating
332 tumor burden, whereas mammogram and ultrasound provided underestimates (Fig.3c). These
333  biases can be visualized in Figure 3d where the clinical measurements are overlaid onto the
334 reconstructed tumor trajectory. The surgical pathology measurement, which measures actual
335  tumor size at time of surgical removal of the tumor, provides validation that the final tumor
336  size was substantially higher than was estimated by ultrasound. Similarly, the baseline MRI
337  tumor measurement was substantially larger than ultrasound and mammogram assessments,
338 indicating an initial size of around 49 mm. As the model describes smooth tumor size

339 transitions over time, we can reconstruct the most likely tumor size trajectory (solid black
340 line), and the Bayesian inference approach allows assessment of the range of tumor

341  trajectories that are consistent with the data, quantifying the extent of our uncertainty in

342 tumor trajectories (shaded region=high probability credible interval).

343

344 Insights into the diversity of tumor response trajectories

345  The trajectory of each patient’s tumor size during the trial was reconstructed, probabilistically
346  combining information from all available sources of clinical imaging, physical examination

347  and pathological data, which together captures the most probable tumor burden fluctuation
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348  over time. Inferred tumor size at end of trial closely mirrored pathological observations (Fig
349  S3) and frequently corrected for the underestimation of tumor size that previous studies have
350 revealed (16) (Fig S4) (Strong underestimation through physical examination in 60% of

351  patient’s tumors).

352

353  Five distinct dynamic classes of tumor trajectories were identified (Fig.4a-b). These

354  categories corresponded to: 1) sustained shrinkage (continued decline during trial; final size
355  <25% baseline), ii) partial shrinkage (initial velocity of decline slowed in second half of trial
356  and final size between 30% and 75% baseline), iii) stable disease (minor tumor size change
357  and final size >70% and <150% baseline), iv) rebound disease (initial decline to size <70%
358  baseline and rapid tumor regrowth during the trial), and v) progressive disease (increasing
359  tumor size throughout trial despite treatment; final size >150% baseline). Figure 4c shows
360 that the tumor response categories are distinct by comparing the overall reduction in tumor
361  size during the trial and the initial rate of tumor size decline in the first phase of treatment.
362  Similarly, by examining the change in tumor size continually during treatment, the five

363  categories of tumor response show different trajectories (Fig.4c). For example, patient tumors
364  exhibiting rebound disease had significantly more rapid reductions in tumor size during the
365  first 100 days of treatment than patient tumors exhibiting partial or sustained response (lower
366  tumor growth rate in days 0-100: versus sustained response t=-2.159, p<0.05; versus partial
367 response t=-3.921, p<0.001). However, the subsequent regrowth after around 120 days of
368  treatment contrasts the slower but more durable decreases in tumor size observed in sustained
369  response tumors throughout the trial. Patients classified as non-responders using an MRI

370  RECIST 1.1 assessment (Baseline versus day 90) were distributed between the residual

371  disease categories, but reassuringly none were classified as sustained responders.

372
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373 The frequency of patient tumors within each classification differed between the treatment
374 arms (¥*=25.909, p<0.005) (Fig.4d), despite the average end of treatment tumor burden not
375  differing between arms (39) (Fig S5). Therefore, tumor trajectory reconstruction reveals
376  additional information about the time during which a treatment is effective and how rapidly
377  resistance is emerging in a tumor. The use of combination therapy reduced the frequency of
378  sustained response compared to endocrine therapy alone (z=3.040, p<0.005) and instead
379  increased the frequency of stable disease trajectories under continuous low dose treatment
380  (z=-3.221, p<0.005). The frequency of rebound disease trajectory was higher in the

381  intermittent standard dose group than in the continuous low dose group (z=5.148, p<0.01).
382  There were also more variable patient outcomes, as measured by an F-test of variance in final
383  size (F=32.94, p<0.001; 2.7 X variability in final tumor size following intermittent vs

384  continuous dosing) (Fig S5). Tumors exposed to intermittent high dose combination therapy
385  decreased more rapidly during the first phase (day 0-90) of the trial, but this decrease was
386  correlated with faster rebound growth in the second phase (day 90-180) (r=-0.76, F=16.87,
387  p<0.0001) (Fig.4e). These added insights from the tumor reconstruction analysis suggests
388  that combination therapy in this earlier stage ER+ breast cancer population, especially at

389  higher doses, may potentially accelerate the evolution of endocrine resistance.
390
391  Discussion

392  Reconstruction of tumor trajectories of early-stage ER+ HER2- breast cancers during

393  neoadjuvant treatment provides a detailed assessment of the impacts of combining endocrine
394  therapy with targeted cell cycle inhibition therapy. Although combination treatment had no
395  significant impact on average tumor size by time of surgery (39), the assessment of tumor
396 trajectories reveals that combination therapy produced more highly variable tumor responses

397  with an increased frequency of rebound disease, especially under high dose intermittent
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398  treatment. Longer follow-up of the FELINE trial will inform if responses assessed by tumor
399 trajectory reconstruction is prognostic. Further studies are needed to evaluate the role of drug
400  dosage and timing on the evolution to a resistant tumor state.

401

402  Using reconstructed tumor trajectories to distinguish patients with these distinct evolutionary
403  resistance backgrounds (innate vs acquired) is essential for effectively implementing system
404  biology based targeted therapeutic strategies (40). Endpoint focused response assessments
405  are unable to distinguish these diverse tumor trajectories or differentiate rebound disease
406  reflecting acquired resistance from stable disease indicative of weak innate resistance. For
407  patients exhibiting a rebound disease trajectory, continued treatment permits rapid tumor
408  growth once resistance is acquired. Because the mechanisms of innate and acquired

409  resistance may be different, the classification of tumors into groups with distinct trajectories,
410  rather than clinical outcomes may enable development of treatment approaches that target
411  innate and acquired resistance.

412

413 Another opportunity for improved patient care exists by using tumor trajectories to estimate
414  the amount of bias for individual assessment modalities in individual patients. These

415  estimates can be used when clinical circumstances require comparing one modality to a

416  different modality at a previous time point. The weak correlation of tumor size estimates
417  from surgical pathology with estimates from physical examination, and to a lesser extent
418  ultrasound and mammograms, shows that single modality-based approaches are limited in
419  accuracy. This reinforces the need to synthesize all available tumor measurements carefully,
420  to account for the discrepancy in measurement accuracy across modalities.

421
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422  Knowledge of the tumor trajectory, correcting for these biases, can guide adaptive therapy
423 strategies, which work by initiating and ceasing therapy when the tumor reaches a critical
424  size (11). As new data become available allowing the tracking of patient progress, the model
425  can estimate how likely it is that the threshold size will be passed before the next assessment,
426  allowing the application of adaptive therapies as threshold sizes are passed. Furthermore,
427  there is no limitation to the number of measurement data types that can be used to inform the
428  tumor trajectories. Other frequently monitored peripheral blood biomarkers of tumor burden
429  can easily be integrated into the tumor reconstruction framework if sufficiently reliable

430  markers are available.

431

432  These added insights from the tumor reconstruction analysis suggests that combination

433 endocrine therapy and cell cycle inhibitors in this early-stage ER+ breast cancer population,
434  especially at higher doses of the cell cycle inhibitor, may potentially accelerate the evolution
435  of endocrine resistance. Interestingly, in the adjuvant treatment of early stage breast cancer,
436  the MonarchE trial of abemaciclib, which is continuously dosed, showed an improvement in
437  invasive disease free survival (41) while the PALLAS trial of palbiciclib, which is

438  intermittently dosed like ribociclib, did not (42). Further research is needed determine

439  whether the different results of these studies is related to the differences in dosing. Our

440  results might inform the design of future neoadjuvant and adjuvant clinical trials by adopting
441  continuous rather than intermittent dosing of the CDK4/6 inhibitors in combination with

442  endocrine therapy. Furthermore, in early stage ER+ breast cancer, biological response to a
443  neoadjuvant therapy is more prognostic than initial presentation factors (43). Hence, the

444  adoption of a neoadjuvant strategy to help define tumor trajectories may add prognostic and
445  predictive information to the ones currently available and allow us to change the treatment

446  accordingly.
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447

448  Reconstruction of patient tumor trajectories allows assessment of response throughout

449  treatment based on multiple different assessment modalities instead of relying on just the start
450  and endpoint measurements. This dynamic approach enables refined description of the

451  diversity of tumor response to therapy and enables identification of personalized tumor

452  trajectories not usually captured such as rebound disease dynamics. All available

453  observations of tumor size progression can be combined with existing knowledge of method
454  specific biases and precision to recover the most probable trajectories and to quantify

455  uncertainty. Our tumor reconstruction approach could assist with treatment decisions based

456  on interim imaging changes in neoadjuvant trials using adaptive therapy approaches.

457  References

458 1. Nishino M, Dahlberg SE, Adeni AE, Lydon CA, Hatabu H, Janne PA, Hodi FS,

459  Awad MM. Tumor Response Dynamics of Advanced Non-small Cell Lung Cancer Patients
460  Treated with PD-1 Inhibitors: Imaging Markers for Treatment Outcome. Clin Cancer Res.
461  2017;23(19):5737-44. Epub 2017/07/07. doi: 10.1158/1078-0432.Ccr-17-1434. PubMed
462  PMID: 28679767, PMCID: PMC5626605.

463 2. Guerrero-Zotano AL, Arteaga CL. Neoadjuvant Trials in ER(+) Breast Cancer: A
464  Tool for Acceleration of Drug Development and Discovery. Cancer Discov. 2017;7(6):561-
465  74. Epub 2017/05/13. doi: 10.1158/2159-8290.Cd-17-0228. PubMed PMID: 28495849;

466  PMCID: PMC5497752.

467 3. Harbeck N, Salem M, Nitz U, Gluz O, Liedtke C. Personalized treatment of early-
468  stage breast cancer: present concepts and future directions. Cancer Treat Rev.

469  2010;36(8):584-94. Epub 2010/06/18. doi: 10.1016/j.ctrv.2010.04.007. PubMed PMID:

470  20554119.

471 4. Zhang J, Cunningham JJ, Brown JS, Gatenby RA. Integrating evolutionary dynamics
472  into treatment of metastatic castrate-resistant prostate cancer. Nat Commun. 2017;8(1):1816.
473 Epub 2017/11/29. doi: 10.1038/s41467-017-01968-5. PubMed PMID: 29180633; PMCID:
474  PMC5703947.

475 5. Schwartz LH, Liti¢re S, de Vries E, Ford R, Gwyther S, Mandrekar S, Shankar L,
476  Bogaerts J, Chen A, Dancey J, Hayes W, Hodi FS, Hoekstra OS, Huang EP, Lin N, Liu Y,
477  Therasse P, Wolchok JD, Seymour L. RECIST 1.1-Update and clarification: From the

478  RECIST committee. Eur J Cancer. 2016;62:132-7. Epub 2016/05/18. doi:

479  10.1016/j.ejca.2016.03.081. PubMed PMID: 27189322; PMCID: PMC5737828.

480 6. Wachter DL, Fasching PA, Haeberle L, Schulz-Wendtland R, Dimmler A, Koscheck
481 T, Renner SP, Lux MP, Beckmann MW, Hartmann A, Rauh C, Schrauder MG. Prognostic
482  molecular markers and neoadjuvant therapy response in anthracycline-treated breast cancer
483  patients. Arch Gynecol Obstet. 2013;287(2):337-44. Epub 2012/09/08. doi: 10.1007/s00404-
484  012-2534-9. PubMed PMID: 22955249.

Reconstructing tumor trajectories during therapy 19


https://doi.org/10.1101/2021.01.14.426737
http://creativecommons.org/licenses/by-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.01.14.426737; this version posted January 17, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-ND 4.0 International license.

485 7. Choi JH, Ahn MJ, Rhim HC, Kim JW, Lee GH, Lee YY, Kim IS. Comparison of
486 ~ WHO and RECIST criteria for response in metastatic colorectal carcinoma. Cancer Res

487  Treat. 2005;37(5):290-3. Epub 2005/10/01. doi: 10.4143/crt.2005.37.5.290. PubMed PMID:
488  19956529; PMCID: PMC2785927.

489 8. Hudis CA, Barlow WE, Costantino JP, Gray RJ, Pritchard KI, Chapman JA, Sparano
490 JA, Hunsberger S, Enos RA, Gelber RD, Zujewski JA. Proposal for standardized definitions
491  for efficacy end points in adjuvant breast cancer trials: the STEEP system. J Clin Oncol.

492 2007;25(15):2127-32. Epub 2007/05/22. doi: 10.1200/jc0.2006.10.3523. PubMed PMID:
493  17513820.

494 9. Gourgou-Bourgade S, Cameron D, Poortmans P, Asselain B, Azria D, Cardoso F,
495  A'Hern R, Bliss J, Bogaerts J, Bonnefoi H, Brain E, Cardoso MJ, Chibaudel B, Coleman R,
496  Cufer T, Dal Lago L, Dalenc F, De Azambuja E, Debled M, Delaloge S, Filleron T, Gligorov
497 ], Gutowski M, Jacot W, Kirkove C, MacGrogan G, Michiels S, Negreiros I, Offersen BV,
498  Penault Llorca F, Pruneri G, Roche H, Russell NS, Schmitt F, Servent V, Thiirlimann B,

499  Untch M, van der Hage JA, van Tienhoven G, Wildiers H, Yarnold J, Bonnetain F,

500  Mathoulin-Pélissier S, Bellera C, Dabakuyo-Yonli TS. Guidelines for time-to-event end point
501  definitions in breast cancer trials: results of the DATECAN initiative (Definition for the

502  Assessment of Time-to-event Endpoints in CANcer trials)f. Ann Oncol. 2015;26(5):873-9.
503  Epub 2015/03/01. doi: 10.1093/annonc/mdv106. PubMed PMID: 25725046.

504 10. Seppild E, Lehtinen K, Isoméki H, Nissild M, Harmoinen A, Mdrsky P, Koivula T,
505  Vapaatalo H. Effects of long-term aurothiomalate and D-penicillamine treatments on renal
506  function and urinary excretion of prostanoids in patients with rheumatoid arthritis. Int J Clin
507  Pharmacol Res. 1988;8(3):149-56. Epub 1988/01/01. PubMed PMID: 3136089.

508  11. West J, You L, Zhang J, Gatenby RA, Brown JS, Newton PK, Anderson ARA.

509  Towards Multidrug Adaptive Therapy. Cancer Res. 2020;80(7):1578-89. Epub 2020/01/18.
510  doi: 10.1158/0008-5472.Can-19-2669. PubMed PMID: 31948939; PMCID: PMC7307613.
511 12. Marinovich ML, Macaskill P, Irwig L, Sardanelli F, Mamounas E, von Minckwitz G,
512 Guameri V, Partridge SC, Wright FC, Choi JH, Bhattacharyya M, Martincich L, Yeh E,

513  Londero V, Houssami N. Agreement between MRI and pathologic breast tumor size after
514  neoadjuvant chemotherapy, and comparison with alternative tests: individual patient data
515  meta-analysis. BMC Cancer. 2015;15:662. Epub 2015/10/10. doi: 10.1186/s12885-015-1664-
516 4. PubMed PMID: 26449630; PMCID: PMC4599727.

517  13. Sperber F, Weinstein Y, Sarid D, Ben Yosef R, Shalmon A, Yaal-Hahoshen N.

518  Preoperative clinical, mammographic and sonographic assessment of neoadjuvant

519  chemotherapy response in breast cancer. Ist Med Assoc J. 2006;8(5):342-6. Epub

520  2006/06/30. PubMed PMID: 16805235.

521 14. Marinovich ML, Macaskill P, Irwig L, Sardanelli F, von Minckwitz G, Mamounas E,
522  Brennan M, Ciatto S, Houssami N. Meta-analysis of agreement between MRI and pathologic
523 breast tumour size after neoadjuvant chemotherapy. Br J Cancer. 2013;109(6):1528-36. Epub
524 2013/08/22. doi: 10.1038/bjc.2013.473. PubMed PMID: 23963140; PMCID: PMC3776985.
525 15. Lee MC, Gonzalez SJ, Lin H, Zhao X, Kiluk JV, Laronga C, Mooney B. Prospective
526 trial of breast MRI versus 2D and 3D ultrasound for evaluation of response to neoadjuvant
527  chemotherapy. Ann Surg Oncol. 2015;22(9):2888-94. Epub 2015/01/16. doi:

528  10.1245/s10434-014-4357-3. PubMed PMID: 25589151.

529 16. Chagpar AB, Middleton LP, Sahin AA, Dempsey P, Buzdar AU, Mirza AN, Ames
530  FC, Babiera GV, Feig BW, Hunt KK, Kuerer HM, Meric-Bernstam F, Ross M1, Singletary
531  SE. Accuracy of physical examination, ultrasonography, and mammography in predicting
532 residual pathologic tumor size in patients treated with neoadjuvant chemotherapy. Ann Surg.
533 2006;243(2):257-64. Epub 2006/01/25. doi: 10.1097/01.s1a.0000197714.14318.6f. PubMed
534  PMID: 16432360; PMCID: PMC1448900.

Reconstructing tumor trajectories during therapy 20


https://doi.org/10.1101/2021.01.14.426737
http://creativecommons.org/licenses/by-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.01.14.426737; this version posted January 17, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-ND 4.0 International license.

535 17. Wolmark N, Wang J, Mamounas E, Bryant J, Fisher B. Preoperative chemotherapy in
536  patients with operable breast cancer: nine-year results from National Surgical Adjuvant

537  Breast and Bowel Project B-18. J Natl Cancer Inst Monogr. 2001(30):96-102. Epub

538  2002/01/05. doi: 10.1093/oxfordjournals.jncimonographs.a003469. PubMed PMID:

539 11773300.

540  18. Bear HD, Anderson S, Smith RE, Geyer CE, Jr., Mamounas EP, Fisher B, Brown

541  AM, Robidoux A, Margolese R, Kahlenberg MS, Paik S, Soran A, Wickerham DL, Wolmark
542 N. Sequential preoperative or postoperative docetaxel added to preoperative doxorubicin plus
543  cyclophosphamide for operable breast cancer:National Surgical Adjuvant Breast and Bowel
544  Project Protocol B-27. J Clin Oncol. 2006;24(13):2019-27. Epub 2006/04/12. doi:

545  10.1200/jc0.2005.04.1665. PubMed PMID: 16606972.

546  19. von Minckwitz G, Untch M, Blohmer JU, Costa SD, Eidtmann H, Fasching PA,

547  Gerber B, Eiermann W, Hilfrich J, Huober J, Jackisch C, Kaufmann M, Konecny GE,

548  Denkert C, Nekljudova V, Mehta K, Loibl S. Definition and impact of pathologic complete
549  response on prognosis after neoadjuvant chemotherapy in various intrinsic breast cancer

550  subtypes. J Clin Oncol. 2012;30(15):1796-804. Epub 2012/04/18. doi:

551  10.1200/jc0.2011.38.8595. PubMed PMID: 22508812.

552 20. Hayashi Y, Takei H, Nozu S, Tochigi Y, Ichikawa A, Kobayashi N, Kurosumi M,
553  Inoue K, Yoshida T, Nagai SE, Oba H, Tabei T, Horiguchi J, Takeyoshi I. Analysis of

554  complete response by MRI following neoadjuvant chemotherapy predicts pathological tumor
555  responses differently for molecular subtypes of breast cancer. Oncol Lett. 2013;5(1):83-9.
556  Epub 2012/12/21. doi: 10.3892/01.2012.1004. PubMed PMID: 23255899; PMCID:

557  PMC3525359.

558  21. Yeh E, Slanetz P, Kopans DB, Rafferty E, Georgian-Smith D, Moy L, Halpern E,

559  Moore R, Kuter I, Taghian A. Prospective comparison of mammography, sonography, and
560  MRI in patients undergoing neoadjuvant chemotherapy for palpable breast cancer. AJR Am J
561  Roentgenol. 2005;184(3):868-77. Epub 2005/02/25. doi: 10.2214/ajr.184.3.01840868.

562  PubMed PMID: 15728611.

563  22. Moo TA, Jochelson MS, Zabor EC, Stempel M, Raiss M, Mamtani A, Tadros AB, El-
564  Tamer M, Morrow M. Is Clinical Exam of the Axilla Sufficient to Select Node-Positive

565  Patients Who Downstage After NAC for SLNB? A Comparison of the Accuracy of Clinical
566  Exam Versus MRI. Ann Surg Oncol. 2019;26(13):4238-43. Epub 2019/10/05. doi:

567  10.1245/510434-019-07867-x. PubMed PMID: 31583546; PMCID: PMC6868340.

568  23. Houssami N, Turner RM, Morrow M. Meta-analysis of pre-operative magnetic

569  resonance imaging (MRI) and surgical treatment for breast cancer. Breast Cancer Res Treat.
570 2017;165(2):273-83. Epub 2017/06/08. doi: 10.1007/s10549-017-4324-3. PubMed PMID:
571 28589366; PMCID: PMC5580248.

572 24, Morrow M, Hawley ST, McLeod MC, Hamilton AS, Ward KC, Katz SJ, Jagsi R.

573 Surgeon Attitudes and Use of MRI in Patients Newly Diagnosed with Breast Cancer. Ann
574  Surg Oncol. 2017;24(7):1889-96. Epub 2017/03/24. doi: 10.1245/510434-017-5840-4.

575  PubMed PMID: 28332033; PMCID: PMC5784437.

576  25.  Williams CK, Rasmussen CE. Gaussian processes for machine learning: MIT press
577  Cambridge, MA; 2006.
578 26.  Lawrence ND, editor. Gaussian process latent variable models for visualisation of

579  high dimensional data. Advances in neural information processing systems; 2004.

580 27.  Khan Q. Letrozole Plus Ribociclib or Placebo as Neo-adjuvant Therapy in ER-

581  positive, HER2-negative Early Breast Cancer (FELINE) 2016 [updated August 29, 2019;
582 cited 2020 September 11]. Available from: https://clinicaltrials.gov/ct2/show/NCT02712723.
583  28. Ellis MJ, Tao Y, Luo J, A'Hern R, Evans DB, Bhatnagar AS, Chaudri Ross HA, von
584  Kameke A, Miller WR, Smith [, Eiermann W, Dowsett M. Outcome prediction for estrogen

Reconstructing tumor trajectories during therapy 21


https://doi.org/10.1101/2021.01.14.426737
http://creativecommons.org/licenses/by-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.01.14.426737; this version posted January 17, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-ND 4.0 International license.

585  receptor-positive breast cancer based on postneoadjuvant endocrine therapy tumor

586  characteristics. J Natl Cancer Inst. 2008;100(19):1380-8. Epub 2008/09/25. doi:

587  10.1093/jnci/djn309. PubMed PMID: 18812550; PMCID: PMC2556704.

588 29.  Lawrence C, Auger . Discussions on “A Bayesian Approach to DNA Sequence

589  Segmentation”. Biometrics. 2004;60(3):581-2. doi: 10.1111/1.0006-341X.2004.206 2.x.

590 30. Titsias M, Lawrence ND, editors. Bayesian Gaussian process latent variable model.
591  Proceedings of the Thirteenth International Conference on Artificial Intelligence and

592  Statistics; 2010.

593 31. Seeger M. Gaussian processes for machine learning. Int J Neural Syst. 2004;14(2):69-
594 106. Epub 2004/04/28. doi: 10.1142/s0129065704001899. PubMed PMID: 15112367.

595 32.  Richardson S, Gilks WR. A Bayesian approach to measurement error problems in
596  epidemiology using conditional independence models. Am J Epidemiol. 1993;138(6):430-42.
597  Epub 1993/09/15. doi: 10.1093/oxfordjournals.aje.al 16875. PubMed PMID: 8213748.

598  33. Nishio M, Akasaka T, Sakamoto R, Togashi K. Bayesian Statistical Model of Item
599  Response Theory in Observer Studies of Radiologists. Acad Radiol. 2020;27(3):e45-e54.
600  Epub 2019/05/31. doi: 10.1016/j.acra.2019.04.014. PubMed PMID: 31147237.

601 34. Carpenter B, Gelman A, Hoffman MD, Lee D, Goodrich B, Betancourt M, Brubaker
602 M, Guo J, Li P, Riddell A. Stan: A probabilistic programming language. Journal of statistical
603  software. 2017;76(1).

604  35. Yin A, Moes D, van Hasselt JGC, Swen JJ, Guchelaar HJ. A Review of Mathematical
605  Models for Tumor Dynamics and Treatment Resistance Evolution of Solid Tumors. CPT

606  Pharmacometrics Syst Pharmacol. 2019;8(10):720-37. Epub 2019/06/30. doi:

607  10.1002/psp4.12450. PubMed PMID: 31250989; PMCID: PMC6813171.

608 36. Wood SN, Pya N, Sifken B. Smoothing parameter and model selection for general
609  smooth models. Journal of the American Statistical Association. 2016;111(516):1548-63.
610 37. Scrucca L, Fop M, Murphy TB, Raftery AE. mclust 5: Clustering, Classification and
611  Density Estimation Using Gaussian Finite Mixture Models. R j. 2016;8(1):289-317. Epub
612 2016/11/08. PubMed PMID: 27818791; PMCID: PMC5096736.

613  38. Team SD. RStan: the R interface to Stan 2020. Available from: http://mc-stan.org/.
614  39. Khan QJ, O'Dea A, Bardia A, Kalinsky K, Wisinski KB, O'Regan R, Yuan Y, Ma
615 CX, Jahanzeb M, Trivedi MS, Spring L, Makhoul I, Wagner JL, Winblad O, Amin AL, Blau
616 S, Crane GJ, Elia M, Hard M, Sharma P. Letrozole + ribociclib versus letrozole + placebo as
617  neoadjuvant therapy for ER+ breast cancer (FELINE trial). Journal of Clinical Oncology.
618  2020;38(15_suppl):505-. doi: 10.1200/JC0O.2020.38.15_suppl.505.

619  40. Sharma P, Hu-Lieskovan S, Wargo JA, Ribas A. Primary, Adaptive, and Acquired
620  Resistance to Cancer Immunotherapy. Cell. 2017;168(4):707-23. Epub 2017/02/12. doi:

621  10.1016/j.cell.2017.01.017. PubMed PMID: 28187290; PMCID: PMC5391692.

622  41. Johnston SRD, Harbeck N, Hegg R, Toi M, Martin M, Shao ZM, Zhang QY,

623  Martinez Rodriguez JL, Campone M, Hamilton E, Sohn J, Guarneri V, Okada M, Boyle F,
624  Neven P, Cortés J, Huober J, Wardley A, Tolaney SM, Cicin I, Smith IC, Frenzel M, Headley
625 D, Wei R, San Antonio B, Hulstijn M, Cox J, O'Shaughnessy J, Rastogi P. Abemaciclib

626  Combined With Endocrine Therapy for the Adjuvant Treatment of HR+, HER2-, Node-

627  Positive, High-Risk, Early Breast Cancer (monarchE). J Clin Oncol. 2020;38(34):3987-98.
628  Epub 2020/09/22. doi: 10.1200/jc0.20.02514. PubMed PMID: 32954927; PMCID:

629  PMC7768339.

630  42. Krzyzanowska MK, Julian JA, Powis M, Howell D, Earle CC, Enright KA, Mittmann
631 N, Trudeau ME, Grunfeld E. Ambulatory Toxicity Management (AToM) in patients

632  receiving adjuvant or neo-adjuvant chemotherapy for early stage breast cancer - a pragmatic
633  cluster randomized trial protocol. BMC Cancer. 2019;19(1):884. Epub 2019/09/07. doi:

634  10.1186/s12885-019-6099-x. PubMed PMID: 31488084; PMCID: PMC6729066.

Reconstructing tumor trajectories during therapy 22


https://doi.org/10.1101/2021.01.14.426737
http://creativecommons.org/licenses/by-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.01.14.426737; this version posted January 17, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-ND 4.0 International license.

635 43, Ellis MJ, Suman VJ, Hoog J, Goncalves R, Sanati S, Creighton CJ, DeSchryver K,
636  Crouch E, Brink A, Watson M, Luo J, Tao Y, Barnes M, Dowsett M, Budd GT, Winer E,
637  Silverman P, Esserman L, Carey L, Ma CX, Unzeitig G, Pluard T, Whitworth P, Babiera G,
638  Guenther JM, Dayao Z, Ota D, Leitch M, Olson JA, Jr., Allred DC, Hunt K. Ki67

639  Proliferation Index as a Tool for Chemotherapy Decisions During and After Neoadjuvant
640  Aromatase Inhibitor Treatment of Breast Cancer: Results From the American College of
641  Surgeons Oncology Group Z1031 Trial (Alliance). J Clin Oncol. 2017;35(10):1061-9. Epub
642 2017/01/04. doi: 10.1200/jc0.2016.69.4406. PubMed PMID: 28045625; PMCID:

643  PMC5455353.

644

645

646

647  Funding: This work was supported by the National Cancer Institute at the National Institutes
648  of Health (grant number U54CA209978 to J.G., F.A., A.C., A.B). The content is solely the
649  authors responsibility and does not necessarily represent the official views of the NIH.

650

651

652  Notes:

653 The role of the funder

654  The National Cancer Institute at the National Institutes of Health U54 grant (US4CA209978 )
655  supported J.G., F.A., A.C. and A.B. This allowed production of all methodological

656  approaches, analyses and findings reported.

657

658  Author disclosures

659  Qamar Khan declares research funding from Novartis. Adam Cohen declares research

660  funding from Novartis. Ruth O’Regan declares research funding from Pfizer, Novartis,

661 Seattle Genetics, PUMA. Priyanka Sharma declares research funding from Novartis,

662  Merck, Bristol Myers Squibb. Kari Wisinski declares research funding and clinical trial

663  involvement with Novartis, Eli Lilly, Astra Zeneca, Sanofi and Pfizer. Kevin Kalinsky

664  receives institutional support from Immunomedics, Novartis, Incyte, Genentech/Roche, Eli-

Reconstructing tumor trajectories during therapy 23


https://doi.org/10.1101/2021.01.14.426737
http://creativecommons.org/licenses/by-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.01.14.426737; this version posted January 17, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-ND 4.0 International license.

665  Lilly, Pfizer, Calithera Biosciences, Acetylon, Seattle Genetics, Amgen, Zentalis

666  Pharmaceuticals, and CytomX Therapeutics. All other authors have no conflicts of interest to
667  disclose.

668

669  Disclaimers

670  Ruth O’Regan participates on the advisory board for Cyclacel, PUMA, Biotheranostics, Lilly,
671  Pfizer, Genentech, Novartis; Priyanka Sharma declares research funding from Novartis,

672  Merck, Bristol Myers Squibb. Priyanka Sharma consults for Seattle Genetics, Merck,

673  Novartis, AstraZeneca, Immunomedics, Exact Biosciences. Laura Spring participates on the
674  advisory board for Novartis, Lumicell, Puma Biotechnology and Avrobio. Kari Wisinski

675  participated on an advisory board for Eisai, Pfizer and Astra Zeneca. Kevin Kalinsky is

676  amedical advisor to Immunomedics, Pfizer, Novartis, Eisai, Eli-Lilly, Amgen, Merck,

677  Seattle Genetics and Astra Zeneca; his spouse is employed by Grail and previously by Array
678  Biopharma and Pfizer. Anne O’Dea Consults for the Pfizer, PUMA Biotechnology, Astra

679  Zeneca, and Daiichi Sankyo. All other authors have no disclaimers to report.

680

681  Any prior presentations

682  This work has not previously been presented at scientific meetings or published

683

684  Acknowledgements

685  We thank the anonymous patients from the trial that made this study possible.

686

687

688  Author contributions: J.I.G. developed the tumor reconstruction approach, performed

689  mathematical modeling and simulation studies and conducted patient analyses. J.I1.G., F.R.A.,

Reconstructing tumor trajectories during therapy 24


https://doi.org/10.1101/2021.01.14.426737
http://creativecommons.org/licenses/by-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.01.14.426737; this version posted January 17, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made

690

691

692

693

694

695

696

697

698

699

700

701

702

703

704

available under aCC-BY-ND 4.0 International license.

A.L.C., A.H.B., contributed to study design, processed data and wrote the manuscript. A.L.C.
contributed to data analysis and study design, provided clinical insight, and contributed to
writing the manuscript. Q.K., conceived and coordinated the clinical trial, supervised
contributed clinical support and infrastructure and provided clinical tumor measurement data,
as well as contributed to writing the manuscript. OW was responsible for imaging assessment
and contributed to manuscript editing. AOD, PS, MT, KK, KW, RO, IM, LS, AB, YY and

M contributed patient data for the analysis and contributed to manuscript editing.

Data availability: The data underlying this article are available in the article and in its online
supplementary material. Clinical time course measurement are provided in Supplemental
data= Online Data Supplement 1. Code to implement tumor reconstruction and to run the

methodological validation simulations is also included in Supplemental code= Online Data

Supplement 2.
Figures:
a —
a) =3 . d) Infer tumor trajectory
3 31 [Bayesian estimation (HMC)]
& =
Gener'ated . @5 2 i) Proposed prior trajectories
tumor trajectories E g @ [Gaussian process]
[Gaussian process] % 2 }
E F | Stable disease | Response
g 24012 12 42
Time 1 beliefof tumor size (log) Time point Time point
C i ft i —_
ovarlagszrotir;l:‘lor size, ==High (cov=0.9) ==Low (cov=-0.5) é A
b) Proposed tumor size Z;
c N
S 45l =
§ - ‘\ Measurement method g
Li_kelihood of data &S Accurate + Precise E ii) Posterior probable
given a trajectory 83 1.0 (=l Biased + Variable trajectories
[Measurement ‘s g . B (estimation bias) =
model gg 051 [\~ _ Prior ] [Likelihood of data
sz /.\ x_ Observatoin knowledge || given a trajectory
g o1l .
i} 0 2 4 6 A a4 A A
) Measured tumor size (mm)
c
A Known variability in tumor measurement methods
Prior knowledge Method A: . —
[Methods’ accuracy ethod A: Enforce , < o2 Day of trial
- Oree v
or precision Method B: yariable: high = Variance 8
B

Reconstructing tumor trajectories during therapy 25


https://doi.org/10.1101/2021.01.14.426737
http://creativecommons.org/licenses/by-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.01.14.426737; this version posted January 17, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-ND 4.0 International license.

705  Fig.1. Overview of tumor reconstruction approach. a) The Gaussian Process model

706  generates a wide range of potential tumor size trajectories by flexibly describing the

707  correlation (covariance; left panel) between the tumor size at different time points. High

708  covariance between time points (blue) generates stable tumor size during that timeframe

709  (center panel), while low covariance (red) produces fluctuations in tumor size (right panel).
710  b) Trajectories proposed by the GP are evaluated for consistency with clinical data. For each
711  observation (point) made under each measurement method (color), the measurement model
712 calculates the probability of the data, given the tumor is the size proposed by the Gaussian
713 process. Combining these probabilities, information from multiple measurement methods is
714 combined, allowing all available clinical data can be used to reconstruct tumor trajectories.
715 Comparing observations across different measurement methods, the accuracy of specific

716  methods is quantified (biases measured by £) as well as differences in precision

717  (measurement noise measured by o). ¢) Existing knowledge about the differing precision (o)
718  and bias (f; tumor size over/underestimation) of measurement techniques is incorporated into
719  Bayesian priors put on the measurement model parameters. d) Tumor trajectories are learned
720  using a Bayesian inference approach, by combining parts A-C. The Gaussian process

721  proposes tumor trajectories (i) and the product of the prior knowledge and the likelihood of
722 the clinical observations determines whether the trajectory should be accepted (ii). By

723 iteratively proposing new and trajectories and accepting improvements, the model converges
724 on the tumor size trajectories that are most likely to have occurred, as well as capturing our
725  uncertainty in the trajectory (red lines=possible trajectories, black line =expectation). Biased
726  clinical estimates (triangles) inform about the shape of the trajectory, whilst unbiased

727  measurement modalities (circles) provide information to determine the size of the tumor

728  more accurately at a given time.

729
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735  Fig.2. Validation of the performance of the tumor trajectory reconstruction approach,
736  using simulated tumor trajectories and measurement observations to test the ability to
737  recover known dynamics. a) Schematic and equation for the theoretical model of subclonal
738  evolution of tumor resistance, used to generate in silico tumor trajectories. Subclonal tumor
739  population (i) changes in size (N) following cell death and proliferation which depends of
740  drug dose and the density of competing resistant and sensitive cells. Under drug selection, the
741  tumor composition shifts from being dominated by sensitive (purple) to resistant (orange)
742 subclones. Black line subdivides resistant and sensitive cells and distance to the colored line
743  above and below indicates the abundance of resistant and sensitive cells respectively.

744 Coloration of line signifies the proportion of resistant cells. b) Tumor observations are next

745  generated by simulating the observation process for measurement methods with different
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746  levels of bias/accuracy and precision/noise. ¢) /n silico tumor observations are used to

747  reconstruct the known tumor trajectory (colored line signifies tumor resistance). Three

748  methods to assess tumor trajectories are assessed: i) RECIST assessments (either comparing
749  baseline with midpoint or endpoint tumor size), ii) naive smoothing of the tumor observations
750  from different measurement methods or iii) our GPLVM approach. Black lines indicate the
751  predicted tumor trajectory and shaded regions indicate confidence intervals. RECIST

752  assessment does not provide a measure of uncertainty, so we use dashed black and grey lines.
753  Colored points indicate the data used by each approach. d) Comparison of the performance of
754 the tumor reconstruction approaches as measured by the amount of prediction error between
755  the known and predicted tumor trajectories (RMSE=residual mean square error of

756  predictions). Violin plots show the distribution of prediction error for each approach, across
757 42 in silico tumor trajectory simulations varying the subclonal tumor composition and drug
758  dose. Lower RMSE values indicate better performance.

759

760

761

762

763

764

765

Reconstructing tumor trajectories during therapy 28


https://doi.org/10.1101/2021.01.14.426737
http://creativecommons.org/licenses/by-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.01.14.426737; this version posted January 17, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-ND 4.0 International license.

a) Progression of tumor during treatment b) Time scale and extent of change in tumor size measured
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767  Fig.3. Inferences from tumor trajectory reconstruction applied to a representative

768  patient. a) Throughout the trial, tumor size is estimated (points) and uncertainty measured
769  (box and whiskers=95 and 99% posterior interval). Tumor size can be measured at time

770  points when tumor is measured (red filled points), but can also be inferred at intermediate
771  times between measurements (solid black points), due to the reconstruction of smooth tumor
772 size transition. The average tumor size (with uncertainty:95% credible interval) is shown by
773 the right hand density plot. b) Scatterplot of Bayesian estimates of the timeframe and extent
774  of tumor response to therapy that are consistent with the clinical observations of that patient’s
775  tumor. The speed change in tumor size is measured by the lengthscale parameter, indicating
776  the timeframe over which the tumor response occurred and the Extent of tumor response to
777  therapy is measured by the signal variance parameter, indicating the proportional change in
778  tumor size relative to baseline. Each point indicates the timescale and extent of tumor change

779  in atrajectory that is consistent with the data. The highest density of estimates indicates the

Reconstructing tumor trajectories during therapy 29


https://doi.org/10.1101/2021.01.14.426737
http://creativecommons.org/licenses/by-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2021.01.14.426737; this version posted January 17, 2021. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-ND 4.0 International license.

780  most probable value of the parameters and the distribution of estimates measures uncertainty.
781  Contour lines highlight the most probable regions (contours indicate 10% reductions in

782  probability). ¢) Box and whisker plot showing the bias of tumor size estimates provided by
783  different measurement methods. Negative values indicate underestimation of tumor size and
784  positive values show overestimation (box and whiskers=95 and 99% posterior interval).

785  Unbiased estimate indicated by dashed grey line. d) Reconstruction of the smooth tumor
786  trajectory (black line) with uncertainty (shaded region= high probability density credible
787  interval, shade indicates trajectory probability). Clinical measurements obtained by different
788  measurement modalities are overlaid (colored points).
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a) Reconstruct trajectories and identify distinct dynamic response categories
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795  Fig.4: Distinct tumor trajectories associated with endocrine and combination endocrine
796  and cell cycle inhibitor therapy. a) Five distinct response dynamics (columns) observed
797  across clinical trial treatment arms: sustained response (continued decline to near complete
798  response), partial response (initial response saturating, fraction tumor remaining > 40%),
799  stable disease (little change during trial, tumor remaining>70%), rebound disease (initial

800  response, subsequent regrowth) and progressive disease (continued growth despite

801  treatment). Top panel: example tumors reconstructed and assigned to each category. Tumor
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802 trajectory reconstruction (solid black line) and uncertainty interval (shaded regions: high

803  probability credible interval) are overlaid with the clinical data used to inform the trajectory
804  (points: color indicates measurement method). Bottom panel: spiderplots of patient tumor
805  size trajectories classified into each response category. b) Patient tumor trajectories

806  summarized by measuring the reduction of tumor size (relative to baseline) and tumor decline
807  rate in second half of trial (points=summarized patient tumor trajectory). Distinct tumor

808 trajectory categories (colors) identified using a Gaussian mixture model. Confidence

809 ellipsoids show tumor trajectory characteristics leading to each categorization. ¢) Comparison
810  of the speed of tumor growth/decline (relative growth rate of the reconstructed tumor

811  between observations) across the trial for tumors in each response category (color).

812  Differences in timing and extent of initial tumor decline and extent of rebound growth when
813  resistance emerges evident. Solid lines show average trends in tumor growth and shaded

814  regions signify the heterogeneity of growth over time within a tumors response category

815  (confidence intervals). Dashed grey line indicates no tumor growth (negative=shrinkage,

816  positive=growing during time interval). d) Relative frequency of each trajectory (columns) in
817  patient tumors from each treatment arm (rows). The size of the ellipse indicates the absolute
818  value of the Pearson residuals, measuring how strongly a trajectory is associated with a given
819  treatment arm. The color indicates whether the dynamic occurs more (blue) or less (red)

820  frequently than expected in a given arm. e) Speed of growth of patients’ tumor (points) from
821  each treatment arm (color) during first phase (day 0-90; y-axis) and second phase (day 90-
822  180; x-axis) of the trial, as measured by the tumor reconstruction. Dashed horizontal and

823  wvertical lines indicate no net change in tumor size during the first and second phase of the
824 trial respectively (positive values = tumor increased in size, negative values= shrinkage of
825  tumor). Solid colored line shows the association between growth of the tumor during the first

826  and second phase under each treatment (shaded region = 95% confidence intervals)
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827 Supporting information for: Reconstructing tumor trajectories during therapy,
828 through integration of multiple measurement modalities.
829

830  Despite clinical physical examinations suggesting complete response in 39% of patients, all
831  examined patients were found to have some residual disease at the end of therapy surgery.
832  MRI assessments could only be collected infrequently, but showed close agreement to the
833  pathology results, with only 4% of patients being predicted to have experienced complete
834  response. The inferred tumor burden trajectories, obtained from our mathematical model,
835  show a more complete picture. The model predicts that none of the patients experience

836  complete response, with the estimated tumor burden at the end of treatment correlating

837  strongly with pathological results (Fig S1). Rather than obtaining just a classification of
838  response at end of therapy, the model shows the most probably course of tumor size across
839  the trial period, allowing a distinction to be made between patients that showed no response
840  initially and those that experienced an initial response followed by relapse before the end of

841 the trial.
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852

853  Fig S1: Large discrepancy (weak correlation) between surgical pathology observations
854  of tumor size (mm) and measurements obtained by different imaging and clinical

855  physical examination (colored points) just prior to surgery. Perfect agreement pathology
856  observations and imaging/physical examination is indicated by the diagonal grey dashed
857  line.
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869  Fig S2: Diverse trajectories of in silico tumors generated by simulating the theoretical
870  model of subclonal evolution of tumor growth. Left panel shows the diversity of changes
871  in tumor size during treatment across simulations. Middle panel shows the emergence of a
872  resistant subclone over time. The population size of the resistant subclone increases at

873  different speeds, depending on the dose of therapy that drives selection. The initial frequency
874  of this population also varies between simulations. Right panel shows the fraction of the total
875  tumor that is comprised of resistant cells during the timecourse of therapy, showing the

876  variation in the rate at which the resistant subclone becomes dominant.
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887  Fig S3: Strong agreement between tumor reconstructions and surgical and imaging
888  measurements. Correlation of tumor size estimates from tumor trajectory reconstruction
889  (first column/row) and surgical pathology observations (second column) and measurements
890  from other imaging and physical examination assessments. Pairwise scatterplots show the
891  agreement between each combination of methodologies (lower triangle of subplots). The

892  correlation between these pairs of measurements is shown in the mirroring upper triangle of
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893  subplots. The overall distribution of tumor size estimates across patient tumors is shown by

894  the density plots in the diagonal subplots.
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896  Fig S4: The tumor size measured by physical examination was consistently an

897  underestimate of tumor size, independent of the tumor trajectory during therapy.

898  Histogram shows the estimated fraction the tumor measured for patients with tumors

899  exhibiting each tumor trajectory (color). Biases are estimated individually for each patients’
900  tumor and no constraint is added to enforce that physical examination underestimates tumor
901  size. The bimodal distribution of measurement bias indicates that physical examinations were
902  unbiased for around 60% of the patients of the study but provided large underestimates of the
903  tumor size in the remaining 40%.
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911 Fig S5: Combination therapy results in equal average reductions in tumor size

912  compared to endocrine therapy alone. Violin curves show the distribution of final sizes of
913  patients’ tumors (relative to baseline) in each treatment arm (color). Log linear regression
914  used to compare average final tumor size (points show the expected final tumor size for each
915  treatment. Overlapping confidence interval error bars shows that the final size did not

916  significantly differ between groups.
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