Supplemental Figure Legends

Figure S1. Correlations between telomere length, peripheral white blood cells, and
lymphocytes. A. Mean telomere length (Telo-FISH) plotted longitudinally against peripheral
white blood cell (WBC) counts (thousands per microliter) from complete blood count tests for all
patients: 1 non irrad = pre-IMRT non-irradiated (0 Gy); 2 irrad @ 4 Gy = pre-IMRT in vitro
irradiated; 3B = immediate post-IMRT; and 4C = 3-month post-IMRT. Dark lines denote
medians, lighter bands denote confidence intervals. Pearson correlation R? values were
calculated on a per patient basis. B. Correlations between mean telomere length and five main
WBC types, and C. proportions of lymphocyte cell types.
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Figure S2. Strong generalizability of XGBoost models to new patient data (leave one out).
A — M. Fourteen separate XGBoost models were iteratively trained on pre-IMRT individual
telomere length measurements (n=93,840, Telo-FISH), excluding one patient, and tested to
predict 3-month post-IMRT mean telomere length, with the inclusion of the patient excluded
during training. Each panel is one model; patients excluded during training for that model are
noted in the panel headers and plotted in black. Dark lines represent a simple regression line
(X/Y), lighter bands the 95% confidence interval, R? values (coefficient of determination) are
noted in bold.
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Figure S3. Strong generalizability of XGBoost models to new patient data (leave two out).
A — L. Thirteen separate XGBoost models were iteratively trained on pre-IMRT individual
telomere length measurements (n=84,640, Telo-FISH), excluding two patients, and tested to
predict 3-month post-IMRT mean telomere length, with the inclusion of the two patients
excluded during training. Each panel is one model; patients excluded during training for that
model are noted in the panel headers and plotted in (black: index 1, white: index 2). Dark lines
represent a simple regression line (X/Y), lighter bands the 95% confidence interval, R? values
(coefficient of determination) are noted in bold.
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Figure S4. Correlations between chromosome aberrations and peripheral blood
lymphocytes. Average frequencies of chromosome aberrations plotted longitudinally against
lymphocyte cell counts (thousands per microliter) from complete blood count tests for all
patients: 1 non irrad = pre-IMRT non-irradiated (0 Gy); 2 irrad @ 4 Gy = pre-IMRT in vitro
irradiated; 3B = immediate post-IMRT; and 4C = 3-month post-IMRT. A. Inversions, B.
translocations, C. dicentrics, and D. excess chromosome fragments (deletions) and lymphocyte
cell counts. Center lines denote medians, lighter bands denote confidence intervals. Pearson
correlation R? values were calculated between plotted values on a per patient basis and noted in
bold on each graph.
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Figure SS. Clustering of patients by inversions and excess chromosome fragments
(deletions). Hierarchical clustering of patients by longitudinal changes in chromosome
aberrations scored by directional Genomic Hybridization (dGH): 1 non irrad = pre-IMRT non-
irradiated (0 Gy); 2 irrad @ 4 Gy = pre-IMRT in vitro irradiated; 3B = immediate post-IMRT;
and 4C = 3-month post-IMRT. Patients were clustered by A. inversions, and B. excess
chromosome fragments (z-score normalized). Patient ID 13 not clustered (sample failed to
culture).
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Figure S6. Chromosome aberrations generally failed to cluster patients. Hierarchical
clustering of patients by longitudinal changes in chromosome aberrations scored by directional
Genomic Hybridization (dGH): 1 non irrad = pre-IMRT non-irradiated (0 Gy); 2 irrad @ 4 Gy =
pre-IMRT in vitro irradiated; 3B = immediate post-IMRT; and 4C = 3-month post-IMRT.
Patients were clustered by A. translocations, B. dicentrics, and C. aberration index (z-score
normalized). Aberration index was created by summing all aberrations (inversions,
translocations, dicentrics, excess chromosome fragments) per cell. Patient ID 13 not clustered
(sample failed to culture).
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Figure S7. Processing of chromosome aberration data for XGBoost models. Schematic for
machine learning pipeline using chromosome aberration (CA) data. Preprocessed data: Feature 1:
pre-IMRT counts of scored CAs; Feature 2: pre-IMRT sample labels (non-irradiated, in vitro
irradiated, encoded as 0/1); Feature n: represents pre-IMRT counts of multiple types of CAs (for
aberration index). Target: Late post-IMRT average frequencies of CAs (either specific aberration
type or aberration index). Data is randomly shuffled and stratified (by patient ID and pre-IMRT
sample origin) and split into training (80%) and testing (20%) datasets; patient IDs are stripped
after splitting. Five-fold cross validation was used, and models were evaluated with Mean
Absolute Error (MAE) and R? between predicted and true values in the test set. See Materials
and Methods and Code availability for model parameters and implementations in Python.
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Table S1. Examples of individual telomere length data matrices used to train XGBoost
models. XGBoost models were trained on 103,040 individual telomere length measurements
(one telomere per row) (Telo-FISH) from pre-IMRT non-irradiated (1 non irrad, 0 Gy) and in
vitro irradiated (2 irrad @ 4 Gy) samples to predict 3-month post-IMRT (4C) telomeric
outcomes. Matrices represent examples of pre- (A,C,E) and post-processed (B,D,F) training
data. Patient IDs are stripped after data is shuffled and stratified. The ‘encoded sample origin’
column contains numerical encodings denoting individual telomeres’ pre-IMRT sample of origin
(0: non-irradiated, 1: in vitro irradiated). XGBoost models were trained to predict mean telomere
length (A,B) and numbers of short (C,D) and long (E,F) telomeres at 3-month post-IMRT with
data in the format as shown.



E

patient id

pra-therapy sampla origin

individual telomeres (RFI)

4.C telo means

encaded sample origin

Individual telomeres (RFI)

4.C telo means

1 nan imad 52.79329603849808 99.34629891451401 71.84704355757034 90.6803515445468
2ivad @4 Gy 100.30726247504634 99.34629691451401 0.0 56.01946086775996 108,91532697997721
1 nan imad 58.12849156423784 99.34629891451401 0.0 125.05216035895008 93.35225326745208
2imad @4 Gy 106.64138157520613 99.34629691451401 0.0 9.84003125432304 93,05225926745208
1 nan iad 68.68715077213746 99.34629881451401 a0 157.34086506511176 108.91532697997721
2imad @4 Gy 107.68724693733689 99.34629691451401 10 59.127900279322205 99,34628891451401
patient id pre-therapy sample origin individual telomeres (RFI) 4C # short telos encoded sample origin Individual telomeres (RFIy 4G # short telos
1 nan imad 52.79329603849808 372 a0 39.80714575487005 319.0
2imad @ 4 Gy 100.30726247504634 372 0.0 84.7669312523908 2028.0
1 nan imad 58.12849156423784 372 a0 48.560832356338225 372.0
2imad @4 Gy 106.64139157520613 372 1.0 99.34778587017763 829.0
1 nan iad 68.68715077213746 a7z 10 104.85784735428183 319.0
2imad @4 Gy 107.68724693733689 372 1.0 02.26878757956735 1240
patient id pro-therapy sampla origin individual telomeres (RFI) 4C# long telos encoded sample origin individual telomeres (RFI) 4C#long telos
1 non irrad 52.79329603949808 1987 0.0 56.551567152220926 2026.0
2imad @4 Gy 100.30726247504634 1987 0.0 103.18180673387677 20260
1 nan irad 53.12849156423784 1987 00 69.58478047400733 3650
2imed @4 Gy 106.64139157520613 1987 00 56.18104850876075 1078.0
1 nan irad 69.68715077213746 1987 10 137.72889825629034 1002.0
2irad @4 Gy 107.69724693733689 1987 10 B4.46027366319693 1987.0

Table S2. Metrics of XGBoost models for predicting post-IMRT telomeric outcomes.
XGBoost models were trained on pre-IMRT individual telomere length measurements (Telo-
FISH) to predict 3-month post-IMRT telomeric outcomes. Metrics assess model performance
during (five) cross-fold validation (CV) (columns 1-2 from left), and when challenged with the
test set (test) (columns 3-4 from left). Model performance was evaluated with mean absolute
error (MAE) (std dev: standard deviation) across a range of samples in the training data (n=100
to 103,040). R?: correlation metric. Metrics of XGBoost models for predicting 3-month post-
IMRT (4C) mean telomere length A, numbers of short B, and long C telomeres.

Average MAE of CV folds

Stddev of MAE of C folds  MAE predicted vs. lest values 2 predicted vs. tost values Nsamples training data

114602 1.6602 134003 08308 1600
06657 0.4454 103668 | 02049 5000
80423 0.485 zoo0s | 01788 10000
67009 03885 60448 05120 20000
48488 02324 4502 07004 0000
3282 0.0885 37677 08215 8000
36385 0.0447 35413 0851 160000
3702 0.0826 23483 08755 32000.0
32044 0.051 azat | 0881 4000.0
3253 0052 3259 08817 1030400

Average MAE of GV folds

Std dev of MAE of CV folds  MAE predicted vs. test values  R2 predicted vs. test values N samples training data

05,0956 4g.4789 6809409 05887 1000
73,3922 25,5422 5210082 00162 5000
240,528 22,7284 4255251 02572 10000
366.4358 19.0126 26,1638 08396 2000.0
315.2025 5.9607 2020579 06503 0000
260.2991 6.0633 2604209 07433 80C0.0
2578623 3.5087 247.6769 07747 160000
2435729 21385 2418505 07987 320000
233,7408 5251 231,163 0,803 64000.0

236.2625 20583 2341744 08112 103040.0

Average MAE of GV falds

Std dev of MAE of GV folds  MAE predicted vs. test values  R2 predicted vs. test values N samples training data

10556558 2101554 0532471 -0.4405 1000
63,7998 30.9082 727.2706 0.0447 5000
628,6607 49,9828 627.9304 02845 10000

548,350 22,8756 21,5782 05641 20000
a09.3232 2.8z 15,0885 0674 0000
382.1325 1874 a76.8821 7505 800.0
353.0240 L1 P a7oet 100000
343,040 25285 202067 08128 32000.0
331.0765 37809 3318519 0813 540000

30,3521 2.0857 335,931 08191 030400




Table S3. Examples of chromosome aberration data matrices used to train XGBoost
models. XGBoost models were trained on chromosome aberration count data (one cell per row,
n=672) from pre-IMRT non-irradiated (1 non irrad, 0 Gy) and ir vitro irradiated (2 irrad @ 4
Gy) samples to predict 3month post-IMRT (4C) chromosome aberration frequencies. Matrices
represent pre- (A,C) and post-processed (B,D) training data. Patient IDs are stripped after data is
shuffled and stratified. The ‘encoded sample origin’ column contains numerical encodings
denoting cells’ pre-IMRT sample of origin (0: non-irradiated, 1: in vitro irradiated). XGBoost
models shown were trained to predict average inversion frequencies (A,B) and aberration index
frequencies (C,D).

patient id pre-therapy sample origin #inversions 4C #inversions [Sfl] encoded sample origin #inversions 4.C #inversions

1 non irrad ] 0.7083333333333334 0.0 00 0.7083333333333334
1 Zirad @ 4 Gy 2 0.4583333333333333 10 0.0 05
1 1 non irrad 0 05 10 00 05
9 1 non irrad 0 0.7083333333333334 0.0 10 0.7083333333333334
11 1 non irrad 0 0.4583333333333333 10 0.0 05
16 1 non irrad o 0.7916666666666666 1.0 1.0 0.7916666666686668
C patient id pre-therapy sample origin # Inversions #translocations # dicentrics # axcess chr fragments 4 C aberration index
9 1 non irrad 0 0 0 0 1125
7 2irad @4 Gy 1 0 1 i 0.8333333333333334
1 2irad @4 Gy 0 1 0 0 0.6666666666666666
1 1 non irrad 0 0 0 0 0.8583333333333334
8 1 non irrad 0 0 0 0 1.0833333333333333
6 1 non imad 0 0 0 0 1375
D enceded sample origin # inversions # translocations # dicentrics # excess chr fragments 4 C aberration index
00 0.0 0.0 0o 00 1.0833333333333333
0.0 0.0 0.0 0.0 0.0 0.9583333333333334
10 00 00 00 00 1.4166666666666667
0.0 0.0 0.0 0.0 0.0 1.2083333333333333
1.0 20 0.0 0.0 0.0 1.2083333333333333
0.0 0.0 0.0 0.0 0.0 0.9166666666666666

Table S4. Metrics of trained XGBoost models for predicting post-IMRT average
frequencies of chromosome aberrations. A-C. Multiple iterations of XGBoost models were
trained on pre-IMRT chromosome aberration counts per cell (n=672 cells) to predict late post-
IMRT average chromosome aberration frequencies. Time points for pre-IMRT data were
encoded (0/1: non-irradiated, in vitro irradiated). Metrics assess model performance during (five)
cross-fold validation (CV) and when challenged with the test set (test). Model performance was
evaluated with mean absolute error (MAE) (std dev: standard deviation). R?: correlation metric.
Performance of models with identical initializations and hyperparameters for predicting average
frequencies of inversions, translocations, dicentrics, chromosome fragments, and aberration
index are shown.



A

Features. Target Average MAE of CV folds Std dev of MAE of CV folds MAE predicted vs. test values R2 predicted vs. test values

#imversions. encoded samples 4C #inversions 0.1748 00445 02724 0213

# translocations. encoded samples. 4G # ranslocations 0.0412 00188 0.1327 -0.3905
#dicentrics, encoded samples 4.C # dicentrics 01171 00461 0.2508 00018

# excass chr fragments, encoded samples. 4G4 excess chr fragments 0.0839 00334 0.1787 0.1228
all aberrations, encodad samplas 4 C abarration index 0.2541 00496 05137 008

Features. Target Average MAE of CV folds Std dev of MAE of CV folds MAE predicted vs. test values R2 predicted vs., fest values
#invarsions. encaded samples. 4C #inversions 0.1759 0.0332 0.2187 -1.5965
#translocalions, encoded samples 4C # vanslocalions 00375 0.0086 0.1038 -0.004
# dicentrics, encoded samples. 4 C # dicentrics 0.1167 0.0453 0.2023 0.0215
# excess chr fragments, encoded samples 4 C # excess chr fragments. 0.084 0.0103 0,202 01071
all aberrations. encaded samples. 4 C aberration index 0.3294 0.1258 0.3596 0.0256

Features.

Target

Average MAE of CV folds

Std dev of MAE of CV folds

MAE predicted vs. test values

R2 predicted vs. test val

#inversions, encadad samples. 4 C #inversions 015 0.0573 0.1977 0.0708

# ranslocations, encoded samples 4 C # vanslocations 0.0448 0.0145 0.0977 0.0346

# dicentrics, encoded samples. 4 € # digentrics 0.1123 0.034 02177 -0.0558

# excess car fragments, encoded samples 4G # excess chr fragments. 0.0681 0.0155 0.184 0.0372
all aberrations, encadad samples. 4 C abaration index 03255 0.0528 0.5078 0.0258




