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Abstract

Adoptive cell therapy (ACT) with tumor-infiltrating lymphocytes (TIL) is a form of personalized
immunotherapy that requires ex vivo expansion of autologous TILs and their reinfusion back into
the patient. Predicting TIL expansion at the time of diagnosis may improve selection of patients
that can benefit from ACT-TIL. It can also prevent high treatment-related costs and delays in
treatment of patients whose cancer specimens would not yield successful TIL growth. We
developed PETIL, a machine-learning model optimized for data of a medium size to determine a
minimal combination of features (demographic, clinical, and biological specimen-based) that is
predictive of expansion of TILs from a resected bladder cancer. We used a retrospectively
identified set of data from bladder cancer patients at Moffitt Cancer Center for the training and
testing cohorts. Additionally, we used data from a recent feasibility clinical trial at Moffitt Cancer
Center as a blinded validation cohort. PETIL uses random forest method to identify a combination
of robust predictive features, support vector machine model to determine the optimal classification
hyperparameters, and Matthews correlation coefficient method to adjust the decision-boundary
threshold for imbalanced data. Our model yielded AUC=0.740 for the testing cohort and
AUC=0.857 for blinded validation cohort. Thus, our PETIL model optimized for data of medium
size has favorable performance metrics for predicting TIL expansion from a given tumor.

Authors Summary

Treatment with autologous tumor-infiltrating lymphocytes (TIL) that are expanded ex vivo from a
given tumor and then reinfused into the patient is a promising personalized immunotherapy.
However, the TIL expansion takes about 4-6 weeks, thus developing tools that predict whether
TIL growth will be successful can help to avoid delays in treatment of patients whose cancer
specimens would not yield successful TIL expansion. Our Predictor of Expansion of TIL (PETIL)
is a machine-learning model that uses patients’ demographic information, clinical tumor
classification, and biological tumor specimen-based measurements to determine a minimal set of
these data features that are predictive of TIL expansion outcome. We applied this model to data
from bladder cancer patients collected at Moffitt Cancer Center and showed that PETIL has
favorable performance metrics for the dataset of a moderate size. This computational predictor
can support clinicians in determining which patients are candidates for TIL immunotherapy. The
developed PETIL pipeline can also be adjusted to data from other solid tumors.

Introduction

Bladder cancer is the fourth most common cancer among men and a leading cause of cancer
death among men and women. The American Cancer Society estimates approximately 84,530
new cases of bladder cancer and 17,870 bladder cancer-related deaths in the United States in
2026 (1). Despite current therapies, 50% of patients with intermediate and high-risk localized
non-muscle invasive bladder cancer fail bladder-sparing treatment. Additionally, recurrent or
locally advanced tumors failing bladder-sparing treatment have an even worse prognosis, often
requiring radical cystectomy, which is associated with several co-morbidity and changes in quality-
of-life afterwards (2, 3). Further research using novel approaches is needed to treat this disease
at every stage.

One major advance for treating solid tumors is the success of adoptive cell therapy (ACT) during
which autologous tumor-infiltrating lymphocytes (TILs) are expanded and activated ex vivo and
then reinfused into the cancer patient (4). Indeed, ACT with TIL has emerged as one of the most
powerful therapies for unresectable metastatic melanoma and cervical cancer (5-7). Because
bladder tumors have a high mutational burden corresponding to an increased number of
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97 neoantigens (8, 9), these cancer cells could be recognized by activated T cells at the tumor site,

98 making the bladder cancer a potential candidate for ACT-TIL treatment. Prior studies by us and

99 others showed that TILs expanded from bladder cancer recognize autologous tumor (10), and
100 that expanding TILs ex vivo from the resected bladder tumors is feasible (11, 12). Moreover,
101  bladder cancer provides a unique opportunity to deliver TIL intravesically by administering T cells
102  through a catheter into the bladder directly to tumors. An active phase | feasibility clinical trial of
103 intravesical adoptive cell therapy with TIL for high-grade non-muscle invasive bladder cancer
104 (NCT05768347, Moffitt Cancer Center (13)) is showing that this treatment is well-tolerated.
105
106  One of the main steps in the ACT-TIL approach is the ability to expand tumor-reactive TIL to large
107  amounts for reinfusion into patients’ bladders. Our previous work (12) showed that about 70% of
108 collected primary bladder tumors were capable of TIL expansion. However, this process takes
109 several weeks. Therefore, it would be beneficial to prognosticate early whether a patient will
110  benefit from TIL therapy to allow for better patient stratification. One approach is using quantitative
111  methods, such as machine-learning (ML) algorithms, to predict whether TILs can be expanded
112 from resected tumors based on individual patient data. ML methods have been previously applied
113  to several aspects of bladder cancer, such as evaluation of cancer stage in computed tomography
114  urography (14); predictions of early recurrence of non-muscle invasive bladder cancer (NMIBC)
115 based on histology images (15); and stratification of muscle-invasive bladder cancer (MIBC)
116  patients into good or poor survival groups after chemotherapy (16). Here, we present the ML-
117  based Predictor of the Expansion of Tumor Infiltrating Lymphocytes (PETIL), a tool that can first
118 learn from patient and tumor data collected in the clinic which data features are important for
119  predicting TIL expansion, without the need to predefine which data categories to consider.
120  Subsequently, this tool predicts a possible TIL expansion for individual patients (personalized
121 predictions) allowing to determine whether ACT-TIL therapy could potentially treat an individual
122  bladder cancer patient.
123
124

125 Results

126  The goal of our studies was twofold. First, we aimed to identify a combination of data features
127 among those previously collected in the clinic (and grouped as demographic, clinical, and
128  specimen-based data) that were predictive of whether TIL can be expanded from that tumor. In
129  this way, our model is optimized for local data, that is in contrast to other methods that use the
130 predefined categories for data classification. Next, we used those data features to create and
131 validate an ML-based predictor, PETIL, to stratify individual patients into Yes-TIL vs. No-TIL
132  classes that define TIL expansion potential.

133

134  Study design

135  The prospective database of 106 adult patients was created between 2015 and 2022 by collecting
136 clinicopathologic and specimen information of bladder cancer patients undergoing surgery at
137  Moffitt Cancer Center (Table 1). Data collection protocols were approved by the Advarra
138 Institutional Review Board (MCC18142 and MCC20106). Informed consent was obtained from all
139  patients prior to data collection. The initial screening identified the maximal subset of 60 patients
140 with complete information on 15 commonly collected features that included (i) patients'
141  demographics: age at surgery, body-mass index (BMI), race, and smoker status; (ii) tumor clinical
142  characteristics: clinical stage (cT), pathological stage (pT), pathological lymph node stage (pN),
143  type of surgery, prior neoadjuvant chemotherapy (NAC), type of radical cystectomy histology
144  (Histology), type of cystoscopic biopsy histology (Bx Histology), and cT/pT status; and (iii)
145  specimen measurements: tumor sample weight, number of fragments plated for TIL expansion,
146  and primary tumor digest count. The remaining 46 patients were missing data values in some of
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147  the considered features. Because individual features were not predictive of the TIL expansion
148  status (Pearson correlation coefficients were between -0.21884 and 0.303202 for each of the 15
149 features, S1 Table), the combinations of features were considered, and the ML approach was
150 applied. For every patient, information was recorded on whether the resected tumor sample
151 caused positive TIL growth. Among the collected datasets, 68 tumors demonstrated TIL
152  expansion (class Yes-TIL), and 38 did not (class No-TIL). This information was used for training
153  and testing the PETIL predictor.

154
155
156  Table 1: Description of Study Population
Features Retrospective Dataset Clinical Trial Dataset
Total Cohort Missing | Total Cohort Missing
(N=106) data, n (N=14) data, n
Age at Surgery, mean + SD 69.3+11.6 0 704 +6.9 0
Race, n (%) 0 0
American Indian/Alaskan Native | 1 (0.9) 0
Asian 1(0.9) 0
Black 2(1.9) 0
White 101 (95.3) 14 (100.0)
Unknown 1(0.9) 0
Surgery, n (%) 0 0
Radical Cystectomy 73 (68.9) 4 (28.6)
TURBT 33 (31.1) 10 (71.4)
Smoker, n (%) 0 0
Current Smoker 15 (14.2) 1(7.1)
Ever Smoked 58 (54.7) 7 (50.0)
Never Smoked 23 (21.7) 6 (42.9)
Not Reported 10 (9.4) 0
BMI, mean + SD 203+76 4 28.7+5.8 0
NAC, n (%) 3 9
NAC 41 (39.8) 3 (60.0)
No NAC 62 (60.2) 2 (40.0)
cT, n (%) 9 0
Ta 18 (18.6) 5(35.7)
CIS 2(2.1) 1(7.1)
T1 17 (17.5) 5(35.7)
T2 41 (42.3) 3(21.4)
T3 14 (14.4) 0
T4 5(5.2) 0
pT, n (%) 21 10
T0 5(5.9) 0
Ta 8 (9.4) 1(25.0)
CIS 3(3.5) 1(25.0)
T1 5(5.9) 0
T2 20 (23.5) 1(25.0)
T3 29 (34.1) 0
T4 15 (17.6) 1(25.0)
pN, n (%) 33 10
NO 51 (69.9) 4 (100.0)
N1 9(12.3) 0
N2 5(6.8) 0
N3 6 (8.2) 0
Nx 2(2.7) 0
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Bx Histology, n (%) 2 9
Benign 2(1.9) 0
Urothelial Carcinoma 99 (95.2) 5(100.0)
Squamous Cell Carcinoma 2(1.9) 0
Small Cell Carcinoma 1(1.0) 0
Histology, n (%) 3 10
Benign 2(1.9) 0
Urothelial Carcinoma 99 (96.1) 4 (100.0)
Squamous Cell Carcinoma 2(1.9) 0
Sample weight (g), mean + SD 1.24+23 0 27485 0
Tumor digest count, mean + SD 1.43+3.38x107 |0 6.77 + 14.83 x 107 9
Fragments plated, n (%) 0 0
0-5 21(19.8) 1(7.1)
6-—11 22 (20.8) 6 (42.9)
12-17 19 (17.9) 4 (28.6)
18— 23 8 (7.5) 0
>=24 36 (34.0) 3(21.4)

157 Abbreviations: SD: standard deviation; BMI: body mass index; cT: clinical tumor stage; pT: pathological
158 tumor stage; pN: pathological lymph node stage; Bx Histology: biopsy histology; NAC: neoadjuvant
159 chemotherapy. TNM staging system for primary tumor, TO: no evidence of primary tumor; Ta: noninvasive
160 papillary carcinoma; CIS: carcinoma in situ; T1, T2, T3, T4: size and/or extension of the primary tumor. TNM
161  staging system for lymph nodes, NO: no regional lymph node metastasis; N1: metastasis in one lymph
162 node; N2: Metastasis in multiple lymph nodes; N3: metastasis in lymph nodes along the common iliac
163  vessels; Nx: regional lymph nodes not assessed.

164

165

166  The PETIL pipeline shown in Figure 1 consists of four steps: (i) data pre-processing that includes
167  splitting data 70/30 into training and testing cohorts, data values normalization and imputation of
168 the missing data, removal of features that are correlated, and analysis of ML classification
169  methods for which the data sample size is adequate to drawn predictive conclusions; (ii) selection
170 of a smaller subset of features that are robust in making predictions; (iii) model training that
171  includes learning hyperparameters for the chosen ML predictor and determining the decision
172 boundary threshold to account for imbalanced data; and (iv) generating predictions and
173  calculating the performance metrics. After training, PETIL has established a minimal list of
174  predictive features, a ML classifier adequate to the given data, and the decision threshold for the
175 imbalanced data. Subsequently, PETIL was applied to stratify patients in the testing cohort.
176  Finally, the performance metrics were computed, including accuracy, sensitivity, and specificity.
177

178  For additional validation, the same type of data was collected from the phase | clinical trial
179  “Intravesical Adoptive Cell Therapy w/ TIL for BCG Exposed High Grade NMIBC”, that was
180 conducted at Moffitt Cancer Center between 2023 and 2025 (NCT05768347, (13)) under the
181  protocol approved by the Advarra Institutional Review Board (MCC21894). Informed consent was
182  also obtained from all patients prior to data collection. The summary of this data is also shown in
183  Table 1. However, the corresponding TIL growth status was blinded until after the PETIL predictor
184  was developed and the predictions for this cohort were generated. This dataset was also subject
185 to data normalization and imputation of the missing data before PETIL generated predictions.
186  Even if the clinical trial dataset was small, it was used as a blinded validation cohort due to the
187 lack of a validation dataset from another institution, as the dataset we used here is the biggest
188  collection of bladder cancer TIL specimens in one institution.

189

190
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Figure 1. The PETIL pipeline. Abbreviation: PETIL: Predictor of the Expansion of Tumor Infiltrating
Lymphocytes; MIDAS: Multiple Imputation with Denoising Autoencoders; FFS: Forward Feature Selection;
SVM: Support Vector Machines.

Data normalization and imputation

After splitting 70/30 the retrospective dataset into training (74 patients) and testing (32 patients)
cohorts, both were normalized separately using MaxAbsScaler, a class in the Scikit-learn Python
library (17). The total proportion of missingness in the overall dataset was 4.4%, with 7 features
having between 2 and 33 missing entries (Table 1). To address the issue of missing entries, we
employed the Multiple Imputation with Denoising Autoencoders (MIDAS (18)) method, a deep
learning approach that can generate imputed values while preserving interrelations among all
features. MIDAS was applied to the training and testing cohorts separately and learned and
imputed admissible values for the missing data. For the clinical cohort used for blinded validation,
the data was normalized and all missing entries were imputed with zero value due to the small
size (n = 14) of this cohort.

Identification of pairwise collinear features

Using the Pearson’s pairwise correlation coefficient and setting the collinear threshold to 0.6 or
higher (high positive correlation) and -0.6 or lower (high negative correlation), we tested all 15
features in the imputed training dataset to identify collinear features (Figure 2A). Next, we ranked
the 15 features according to their Mutual Information (Ml (19)) scores (Figure 2B). The Feature
‘cT or pT’ was the only one that met the collinearity threshold with either ‘pT’, ‘cT’, or ‘Surgery’
features, but due to lower MI score for ‘cT or pT’, this feature was removed from further
consideration (Figure 2C). This reduced the dimension of the feature space from 15 to 14.
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Figure 2. Identification of collinear features. A. Pearson’s Pairwise correlation for all 15 features. B.
Mutual Information score for all 15 features C. The collinear features from A that met the cut-off threshold,
due a lower Ml score in B feature 1: ‘cT or pT’ will be removed.

Sample size adequacy analysis

We conducted a sample size adequacy assessment by using the learning curves analysis (20,
21) to identify an appropriate ML classifier for the given task and given data sample. We showed
that for the training dataset of size 74, the support vector machines (22-24) with the radial basis
function kernel (RBF-SVM) were either optimal or performed better than the logistic regression
(25), gradient boosting (26), and random forest (27) classifiers. The learning curves were obtained
by stratified k-fold cross-validation on subsets of the training dataset containing from 10% to 100%
of the available training dataset and evaluating performance on the held-out validation dataset
using the RBF-SVM classifier (Figure 3). The learning curves show high validation scores for most
of the sampled subsets of the training dataset. The low variance between the training scores and
the validation scores, as well as the near convergence in the validation scores, indicates high
generalization to new data and adequacy of the 74-training dataset for classification task. The
learning curve analysis for the remaining three classifiers is shown in S1 Figure.
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Learning curves of RBF-SVM for the
sample size adequacy analysis
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240 Sample Size

241 Figure 3. Sample size adequacy analysis for the RBF-SVM predictor. Learning curves show training
242  (green) and validation (red) performance across training datasets of varying sample sizes. Shaded regions
243 represent standard deviation across 8-fold cross-validation. The validation curve low variance with the
244  training curve indicates that the classifier does not overfit to the 74-training set with 14 features. The
245 validation curve show that performance analysis could be improved with more training data.

246

247

248 Identification of a combination of robust predictive features

249  The 14 features commonly collected in the clinic were used as a base for identifying a smaller set
250 of robust predictive features. The base set included 4 demographic, 7 clinical, and 3 biological
251  tumor specimen-based features, all listed in the Materials and Methods section. Using the training
252  dataset, we implemented the forward feature selection (FFS) method (28) to identify a subset of
253  features that can distinguish between the Yes-TIL and No-TIL classes. FFS determined a pre-
254  ranking of the 14 features by calculating the feature importance score (FIS) (27, 29, 30) using the
255 random forest (RF) classifier on a stratified cross-validated 10 subsamplings of the training
256  dataset (Figure 4A). Next, we used each fold of the 10 stratified cross-validated subsamples of
257 the training dataset to train the RF classifier, where we sequentially added each feature in the
258 order of its ranking and validated the addition of each feature on the holdout in each fold. This
259  process of adding features one at a time yields a non-strictly increasing curve of the RF accuracy
260 on the holdout sets. There may be local regions of downward fluctuations due to noisy features.
261  To mitigate these fluctuations, the validation accuracy curve was converted to a monotonically
262  increasing curve, retaining the maximal accuracy observed up to each feature addition step. The
263  optimal number of features was determined using a stopping criterion that checks for plateau in
264  the validation accuracy curve (31), beyond which additional features provide minimal incremental
265 gain in accuracy (Figure 4B).

266

267  The FFS algorithm determined 5 robust predictive features: (i) two demographic features (age at
268  surgery, BMI) and (ii) three biological tumor specimen-based features (number of fragments
269 plated, sample weight tumor, tumor digest count) shown boxed in Figure 4A. The distributions of
270 the robust predictive feature values in the training and testing cohorts are shown in S2 Figure.
271
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272
273 Figure 4. Feature selection. A. The 14 features were pre-ranked using the FIS values obtained from

274  ftraining the RF algorithm on a stratified cross-validated subsamples of the training dataset. B. The FFS
275 algorithm calculated the validation accuracy of sequentially updated features with high FIS rank and then
276  using a stopping criterion, it identified 5 robust predictive features.

277

278

279  Learning of the predictive SVM and MCC hyperparameters

280 The PETIL classifier of choice is the RBF-SVM because the learning curve analysis indicated its
281  superior data generalization and adequacy of the size of the training dataset for classification in
282  comparison with other classifier, such as logistic regression, gradient boosting, and random forest.
283  Another advantage of the RBF-SVM classifier is its ability to capture interactions between
284  predictive features that are potentially multidimensional and nonlinear (23, 24). Using the training
285 dataset with the selected 5 robust predictive features, we learned the optimal classification
286 hyperparameters using a k-fold cross-validation (for kK = 2, ...,10). For each k, we used the
287  Matthews correlation coefficient (MCC) to determine the best decision boundary threshold so as
288 to account for the imbalance in the dataset. For each k, we identified the best RBF-SVM
289  hyperparameters (C, y). Here, C specifies the width of the margins for avoiding data
290 misclassification, while y controls the nonlinearity of the decision boundary hyperplane. The best
291 C and y were determined by (i) minimizing the difference between the cross-validation training
292  accuracy and holdout accuracy; (ii) maximizing the cross-validation training accuracy; and (iii)
293  minimizing the value of C. We determined the optimal k=5, and the corresponding optimal
294  hyperparameters values were C = 2.520 and y = 0.02 (S3 Figure). The optimal MCC decision
295  boundary threshold was 0.629.

296

297

298 Evaluating the predictive performance of PETIL

299  The developed optimal RBF-SVM-MCC model was first verified using the testing dataset and was
300 subsequently validated using the blinded validation (clinical trial dataset). The testing cohort
301 comprised 32 patients, and the PETIL predictions yielded the accuracy of 0.750, the true positive
302 rate (sensitivity) of 0.762, and the true negative rate (specificity) of 0.727 (Figure 5A). The area
303 under the curve (AUC) for the testing cohort was 0.740 (Figure 5B). The clinical trial dataset
304 comprised 14 patients and all successfully had TIL expansion. PETIL predicted this outcome with
305 an accuracy of 0.857 (12 out of 14 correct predictions).

306
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308 Figure 5 Model performance analysis. A. The confusion matrix of PETIL predictions for the testing
309 dataset with the indicated performance metrics: the accuracy, true positive rate (TPR), and true negative
310 rate (TNR). B. The receiver-operating characteristic (ROC) curve generated for PETIL predictions for the
311  testing dataset with the indicated area under the curve (AUC). The dashed line represents a random
312  classifier. Abbreviations: PETIL, Predictor of the Expansion of Tumor Infiltrating Lymphocytes.

313

314

315 Discussion

316 Despite recent advancements in treatment of non-muscle invasive bladder cancer (32), especially
317 once patients fail BCG (Bacillus Calmette-Guerin) a standard intravesical immunotherapy, long-
318 term results are modest, with low durable treatment response rates and cystectomy-free rates far
319 fromideal (33, 34). These modest results show a significant unmet need for further development
320 of therapies for bladder cancer patients, preferably treatments that can be delivered locally with
321 minimal associated adverse events and that can provide durable responses. Because bladder
322  tumors have a high mutational burden, they are good candidates for adoptive cell therapy with
323  autologous tumor-infiltrating lymphocytes (ACT-TIL), in which TILs are expanded and activated
324  exvivo, and then reinfused into the cancer patient as a personalized form of therapy. For bladder
325 cancer patients, there is also a unique opportunity to deliver TILs locally, through intravesical
326 administration, without systemic cytotoxic chemotherapy to induce lymphodepletion. Although
327  ACT with TIL holds a great promise, we have previously shown that TIL expansion from the
328 resected bladder tumors failed in about 30% of the patients (12). Moreover, ex vivo expansion of
329 TIL takes about 4 weeks after tumor resection, thus early assessment of the outcome of TIL
330 expansion could benefit the patient. Early identification of patients who could benefit from ACT-
331 TIL is essential for optimizing treatment strategies and in preventing delays in next appropriate
332 treatment. For example, if a patient is predicted to have a negative TIL expansion, other therapies
333  could be considered. This improved selection of patients for ACT-TILs may prevent excessive
334  treatment-related costs and delays in treatment of patients whose bladder cancer specimens
335  would not yield successful TIL growth.

336

337 Here, we conducted a retrospective analysis of multimodal data of 106 bladder cancer patient
338 specimens and developed the PETIL model for predicting whether a given tumor will be suitable
339 for the successful expansion of TILs. One of the important features of this method is the capacity
340 tofirstidentify which data combinations are important for making predictions from a larger dataset
341 in hand that has been already collected in clinic. Thus, our method does not require a predefined
342  set of data features, but it learns which data features are robust in predicting the outcome from
343 the available data. As a result, this method is optimized for the local data. Once the combination
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344  of robust predictive features was identified, the PETIL predictor showed favorable performance
345  metrics on both the testing cohort that was a part of the retrospective database (AUC = 0.740)
346  and the validation cohort that came from an active clinical trial (Accuracy of 0.857, correctly
347  predicted 12 out of 14 TIL expansions).

348

349  Another important feature of the PETIL classifier is the capacity to make successful predictions
350 using cohorts of a medium size (74 datasets for a training cohort and 32 for a testing cohort). This
351 is in contrast to other ML methods, and deep learning methods in particular, that require large
352  datasets for training. A limitation in our study is the lack of an external validation dataset from
353  another institution. However, we utilized the phase | clinical trial dataset (NCT05768347) as a
354  blinded validation cohort. To our knowledge, the combined dataset we used (11, 12) is the biggest
355  collection of bladder cancer TIL specimens in one institution, and we are continuing to accrue
356 bladder tumors from patients at Moffitt Cancer Center to include in future studies.

357

358 In conclusion, a novel ML model was developed based entirely on local data already collected in
359 clinic without the need of acquiring additional data features. This model was able to predict TIL
360 expansion with favorable performance. While further studies with larger cohorts of data are still
361 desirable, PETIL predictor shows a great promise to be used as a clinical-supportive tool to help
362  with stratifying patient eligibility for immune-based therapies, such as the ACT-TIL.

363

364

365 Materials and Methods

366

367 Clinical and experimental data

368 The prospective database of 106 adult patients was created between 2015 and 2022 by collecting
369 clinicopathologic and specimen information of bladder cancer patients undergoing surgery at
370  Moffitt Cancer Center. Data collection protocols and all experimental protocols were approved by
371 the Advarra Institutional Review Board (MCC18142 and MCC20106) and performed in
372  accordance to IRB guidelines. Informed consent was obtained from all patients prior to data
373  collection. Additional data for 14 adult patients was collected from the phase | clinical trial
374 (NCTO05768347) conducted at Moffitt Cancer Center between 2023 and 2025 under the protocol
375 approved by the Advarra Institutional Review Board (MCC21894). Informed consent was also
376  obtained from all patients prior to data collection. Bladder tumors were included if they were larger
377 than 1 cm and if there was tissue specimen available after pathological diagnosis. Tumors
378 specimens were collected from transurethral resection of bladder tumor (TURBT) or radical
379  cystectomy. Tumor infiltrating lymphocytes were expanded from resected surgical tumors as
380 previously described (12). Tumors were minced into fragments, placed in individual wells of a 24-
381 well plate, and propagated in media containing 6000 IU/mL IL-2 for up to four weeks. As cell
382 confluence was reached, each well was split into additional wells. Expansion of TIL was
383 considered successful if at least 2 wells were confluent at the end of four weeks. These cases
384  were categorized as Yes-TIL. All other cases were categorized as No-TIL. This established
385 database that was used for retrospective data analysis and ML-based predictions.

386

387 All datasets included information on 15 commonly collected features about patients' (i)
388 demographics: age at surgery, body-mass index (BMI), race, and smoker status; (ii) clinical
389 characteristics: clinical tumor stage (cT), pathological tumor stage (pT), pathological lymph node
390 stage (pN), type of surgery, prior neoadjuvant chemotherapy (NAC), type of radical cystectomy
391 histology, type of cystoscopic biopsy histology, and cT/pT status; and (iii) specimen information:
392  tumor sample weight, number of fragments plated for TIL expansion, and tumor digest count. In
393  total, 56 patients were missing data in some considered features. We used the MIDAS imputation

11


https://doi.org/10.1101/2025.10.15.682695
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2025.10.15.682695; this version posted March 13, 2026. 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-NC-ND 4.0 International license.

394 method, since it can handle both numerical and categorical data features. For every patient,
395 information was recorded on whether the resected tumor sample caused positive TIL growth. For
396 the clinical trial validation cohort, the TIL growth status was blinded until after the PETIL predictor
397 was developed and the predictions for this cohort generated. The clinical trial dataset was used
398 as a validation cohort due to the lack of a validation dataset from another institution, since the
399 dataset we used here is the biggest collection of bladder cancer TIL specimens in one institution.
400

401 Description of the ML classification problem

402  Our goal was to identify a predictive subset of features that differentiates between two targets in
403  a binary classification task, and to provide metrics of success for such data stratification. Let the
404  dataset X consists of M data points: X = [X;,X,, -, Xu]', where each data point has P features:
405  X; = (x},x%-,x}) fori € {1,2,--+,M}, and for each i, the corresponding target is the binary class
406 y; €{—1,1}. The goal was to find the minimal subset of features of size Q, where Q < P, that
407 divides the dataset X into distinct binary classes. We used a data-informed approach. First, we
408 split X into training and testing cohorts. Using the training cohort, we implemented feature
409  selection method to identify predictive features. Next, we determined an optimal machine learning
410 classifier using the sample size adequacy methods. Subsequently, we found the optimal
411  hyperparameters for the classifier using a cross-validation technique and also learned the optimal
412  decision boundary threshold that corrects for imbalance in the binary classes in X. Finally, this
413  classifier was applied to the testing cohort to assess the prediction metrics.

414

415 Data normalization

416 Data normalization is performed to ensure that all features can contribute equally. In order to
417  prevent data leakage between training and testing cohorts, we split the overall data before data
418 normalization, and perform normalization on the training and testing cohorts separately. We used
419 the MaxAbsScaler, a class in the scikit-learn Python library (17) which translates each feature
420 independently to have a maximal absolute value of 1.0, preserving data distribution but only
421 linearly scales down each feature. Data normalization was also used for the clinical trial cohort.
422

423  Multiple Imputation framework for data retention

424  Multiple imputation is a statistical method to handle missing data. Let X € RM*P be a data matrix
425  with observed entries X, and missing entries X,,,;ss- Under the assumption that data are missing
426  atrandom (MAR) or completely at random (MCAR), the multiple imputation replaces all entries in
427  Xpiss With imputed values that preserve the interrelations in X,,s. We use here the multiple
428 imputation with denoising autoencoders (MIDAS) method (18), which is a scalable deep learning-
429 based technique that employs a class of unsupervised neural networks known as denoising
430 autoencoders (35) and Monte Carlo dropout to generate multiple imputation of the missing data
431  with realistic uncertainty quantification. In our training dataset 32 out of 74 patients were missing
432  data in at least one feature in the training dataset, and 14 out of 32 patients were missing data in
433  at least one feature in the testing dataset. In either cohort, the MIDAS data imputation method
434  was used to impute missing data. The imputed training dataset was used to identify robust
435  predictive features and to apply the RBF-SVM and MCC algorithms.

436

437  Mutual information measure for nonlinear dependencies

438  Mutual information (M) is a non-parametric measure of statistical dependency between the
439 dataset X € RM*P and the predicted binary class Y € RM*1, where M is the number of patients
440 and P is the number of features. Ml captures nonlinear dependencies in high-dimensional data,
441  which makes them robust for measuring feature relevance in discrete or categorical datasets (36,

442  37).Adiscrete Ml is computed as follows: MI(X,Y) = Yy ex 2y ey P(X y) log% . Where p(x,y)
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443 s the joint probability of X and Y, while p(x) and p(y) are the marginal probabilities of X and Y,
444  respectively.

445

446  Learning curve method for determining sample size adequacy

447  To assess training dataset adequacy for a classification task of distinguishing TIL expansion
448  status, we performed learning curve analysis using stratified k-fold cross-validation, where we
449  repeatedly subsampled the training data at different sample sizes. We trained four models
450 (Logistics Regression, Random Forest, Gradient Boosting, and RBF-SVM) on subsets of the
451 training dataset from 10% to 100% of the available training dataset and evaluated performance
452  on the holdout validation dataset.

453

454  Forward feature selection method for identification of predictive features

455  The feature selection was performed to identify the minimal predictive subset of features used in
456 the data classifier. Using the Forward Feature Selection (FFS) method (28), we built a stratified
457  cross-validated 10 subsamplings of the training dataset. On each fold, we trained a random forest
458 (RF) classifier and obtained feature importance score (FIS) ranking for each of the features. Next,
459 the features were added sequentially in the order of pre-ranking, and the predictive accuracy of
460 the RF classifier was evaluated using the holdout validation set. To mitigate fluctuations due to
461 noisy features, accuracy curves were converted to a monotonic increasing curve, retaining the
462  maximum accuracy observed up to each feature addition step. The optimal number of features
463  for each fold was determined using a stopping criterion which identifies the point beyond which
464  additional features provide minimal incremental gain in accuracy. This stopping criterion also
465  prevents overfitting to the training data. The mean accuracy curve and 95% confidence interval
466  across all folds were used to visualize feature contribution to the predictiveness of the model and
467  to determine final feature selection.

468

469  Support vector machine model for learning the optimal classification rules

470  Foreach data pointX; = (x{,xZ,-+,x} ) in X € RM*P abinary ML classifier learns a corresponding

471  prediction y; in Y € RM*1, The accuracy of this prediction depends on how well the classifier
472  identifies an optimal decision boundary That separates the X into the distinct binary classes.
473  However, the interactions between the predictive features are often multidimensional and
474 nonlinear. A support vector machine (SVM) model with the nonlinear Radial Basis Function (RBF)
475  kernel: K(X;,X;) = exp (—y||Xi - X]-||2) (23, 38) can potentially capture this complex interaction
476  between features as it learns to distinguish between the distinct classes in the training dataset
477  and generalize to new dataset. First, all data was split 70/30 into the training and testing cohorts.
478  Then, the optimal RBF-SVM hyperparameters (C, y) were identified by performing k-fold cross-
479  validation (CV) on the training dataset, for k = 2, ...,10. Here C specifies the width of the margins
480 for avoiding data misclassification and y controls the nonlinearity of the decision boundary
481 hyperplane. For each k, the best C and y were determined by (i) minimizing the difference between
482  the cross-validation training accuracy and testing accuracy; (ii) maximizing the cross-validation
483  training accuracy; and (iii) minimizing the value of C. The optimal values of C and y were obtained
484 by computing the Matthews correlation coefficient (MCC) for each cross-validation (k = 2, ... ,10)
485  and then choosing C and y for which MCC is maximal, and C is minimal.

486

487  Matthews Correlation Coefficient algorithm for adjusting imbalanced datasets

488 The Matthews correlation coefficient (MCC) statistical test (39, 40) was used to determine the
489  optimal decision boundary threshold (for Yes-TIL and No-TIL classifications) that accounts for
490 imbalances in the training dataset. Usually, this threshold is set to 0.5, because it is assumed that
491 SVM works with balanced data (i.e., similar numbers of data fall into each class). For the
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492 imbalanced dataset, this threshold has to be adjusted. This adjustment was done by testing
493  thresholds between 0.01 and 0.99 by separating the training cohort data into Yes-TIL or No-TIL
494  classes based on whether their RBF-SVM—generated prediction probabilities exceeded the given
495 threshold. For each threshold, MCC was calculated on the labeled prediction probabilities. The
496 threshold with the maximum MCC was called optimal and was used as the decision boundary
497  threshold to generate predictions on the testing cohort. In this approach, the magnitude of the
498  decision function w'X; + b for each X; were extended to probability estimates using the scikit-
499  learn library (41), with option ‘probability=True’. A detailed algorithm is presented in S1 Algorithm.
500

501 Performance metrics for PETIL evaluation

502 To assess performance of the classification protocol on the testing dataset, the following
503 performance metrics were used for evaluation: (1) true positive rate (TPR) or sensitivity, is the
504  percentage of correctly classified positive instances: TPR=TP/(TP+FN); (2) true negative rate
505 (TNR) or specificity, is the percentage of correctly classified negative instances:
506 TNR=TN/(FP+TN); (3) accuracy is the percentage of correctly classified positive and negative
507 instances: accuracy=(TP+TN)/(TP+FN+FP+FN); (4) area under the receiver operating
508 characteristics curve (AUC/ROC or AUC) measures the ability to discriminate between positive
509 and negative cases and ranges from 0.5 (coin toss) to 1.0 (perfect classification), when ROC
510 curve shows tradeoffs between TP and FP. Here, TP (true positive) is the correctly classified data,
511 TN (true negative) is the correctly classified data, FP (false positive FP) is the misclassification of
512  the positive class, and FN (false negative) is the misclassification of the negative class.

513

514

515 Supporting Information Captions

516

517 81 Table: Pearson Correlation Coefficient between each of 15 individual data features and the
518  TIL growth status

519

520 S1 Figure: Learning curve analysis for different ML classifiers. A. Learning curves for the
521 logistic regression (LR) model. Low validation scores indicate that LR is not an adequate classifier.
522  C. Learning curves for the random forest (RF) method. High variance between the training and
523  validation scores shows that RF is not an adequate classifier. D. Learning curves for the gradient
524  boosting (GB) method. High variance between the training and validation scores shows that GB
525 is not an adequate classifier. In each analysis, sample proportions ranging from 10% to 100% of
526 the training dataset were sampled multiple times. A stratified k-fold cross-validation was used to
527  obtain the training (shown in green) and validation (shown in red) performance curves across
528 varying training dataset sample sizes. Shaded regions represent standard deviation across 8-fold
529  cross-validation.

530

531 S2 Figure: Distributions of robust predictive features. Distributions of the No-TIL (blue) and
532  Yes-TIL (orange) classes for the training (left) and testing (right) cohorts for five robust predictive
533  features: A. Tumor sample weight, B. Tumor digest count, C. Age at surgery, D. BMI, E. Number
534  of fragments plated.

535

536  S3 Figure: Optimal hyperparameter search. Hyperparameter space for parameters C and y for
537 the RBF-SVM with cross-validation k=5, for testing (left) and training (right) cohorts.

538

539 81 Algorithm: Algorithm for determining the optimal decision threshold for radial basis-kernel
540 function for the support vector machine (RBF-SVM) and the Matthews correlation coefficient
541  (MCC) methods.
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