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Abstract: Cancer cells can resist the effects of DNA-damaging therapeutic agents via
utilization of DNA repair pathways, suggesting that DNA repair capacity (DRC) measurements
in cancer cells could be used to identify patients most likely to respond to treatment. However,
the limitations of available technologies have so far precluded adoption of this approach in the
clinic. We recently developed fluorescence-based multiplexed host cell reactivation (FM-HCR)
assays to measure DRC in multiple pathways. Here we apply a mathematical model that uses
DRC in multiple pathways to predict cellular resistance to killing by DNA-damaging agents.
This model, developed using FM-HCR and drug sensitivity measurements in 24 human
lymphoblastoid cell lines, was applied to a panel of 12 patient-derived xenograft (PDX) models
of glioblastoma (GBM) to predict GBM response to treatment with the chemotherapeutic DNA
damaging agent temozolomide (TMZ). This work showed that, in addition to changes in O6-
methylguanine DNA methyltransferase (MGMT) activity, small changes in mismatch repair
(MMR), nucleotide excision repair (NER), and homologous recombination (HR) capacity
contributed to acquired TMZ resistance in PDX models, and lead to reduced relative survival
prolongation following TMZ treatment of orthotopic mouse models in vivo. Our data indicate
that measuring the combined status of MMR, HR, NER, and MGMT provided a more robust

prediction of TMZ resistance than assessments of MGMT activity alone.

Introduction

Therapy resistance is a universal problem in cancer treatment, and our understanding
of its origins remains incomplete. Many cancers can initially be treated effectively with
chemotherapy and radiation. However, some cancers are innately resistant to therapy, and
most cancers acquire resistance to therapy over the course of treatment. Consequently,
patients who do not benefit from treatment are needlessly subjected to the severe and

sometimes lasting side effects of chemotherapy and radiotherapy, including an increased risk
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of second primary cancers. Moreover, precious time is lost, during which alternative and
potentially more effective therapy could have been applied.

Most cancer therapy regimens include chemotherapy and radiotherapy, both of which
damage DNA, killing cancer cells by inducing damage that interferes with DNA replication and
transcription, ultimately activating cell death pathways. Efficient repair of DNA damage can
render cells resistant to killing. Each drug may induce several different types of DNA damage,
and at least 6 major DNA repair pathways, as well as nhumerous sub-pathways, are involved in
the repair of damage (1-3). Accordingly, the DNA repair pathways involved in acquired
resistance mechanisms vary from drug to drug, and all of the major DNA repair pathways can
alter the sensitivity of cancer cells to DNA damaging agents.

GBM is an aggressive cancer with a median survival of 12-15 months under the
standard of care treatment of aggressive surgery, radiation and chemotherapy. Almost all
patients succumb to this disease, reflecting intrinsic or acquired resistance to frontline
treatment with radiotherapy combined with the alkylating agent TMZ (4). TMZ is one of several
chemotherapeutic Sy1-type methylating agents, including dacarbazine and procarbazine, that
induce a similar spectrum of methylated DNA bases, among which O°-methylguanine (O°-
MeG) is the predominant cytotoxic DNA lesion (5). Promoter hypermethylation of the MGMT
gene, encoding a protein that repairs 0°-MeG, has been used to identify patients whose
tumors are MGMT-deficient and are thus more likely to benefit from TMZ therapy (6).
However, multiple DNA repair pathways affect the sensitivity of cells to killing with Sy1-type
methylating agents (1), suggesting that successful personalized therapy based on DRC in
GBM will require multiplexed measurements of repair activity. Progress toward this goal has
been significantly hindered by a lack of quantitative, high-throughput assays for multiple DNA
repair pathways, and the challenges of predicting phenotypes from genetic or other ‘omics

approaches (7).



Here we apply recently developed FM-HCR assays to measure DRC for multiple repair
pathways in a set of human cell lines (8). We present mathematical models that predict
sensitivity to DNA damaging agents from DRC data. We then apply FM-HCR assays to
assess global DRC in PDX models of GBM. Our mathematical model predicts the
effectiveness of TMZ therapy both for killing GBM cells in vitro and for prolonging the survival
of GBM tumor-bearing mice upon TMZ treatment in vivo. The model integrates DNA repair
capacity across four repair pathways, and outperforms predictions made based on tumor
MGMT activity alone. This work lays the foundation for using functional assays to make

quantitative, personalized predictions concerning the effectiveness of cancer therapy.

Materials and Methods
PDX Models and Cell culture.

Lymphoblastoid cells, from the Coriell Cell Repository (Camden, NJ), were maintained
in log phase in RPMI media supplemented with 15% fetal bovine serum plus Penicillin and
Streptomycin (8). Cells were obtained in 2001. The Coriell Cell Repository authenticates and
tests cell cultures for contamination with mycoplasma, bacteria and fungi; cells have not been
authenticated by the authors. For cell cultures derived from GBM PDX lines, flank GBM tumor
xenografts were excised, dissociated into single cell suspensions, and cultured in DMEM with

10% FBS as previously described (9).

MMS and TMZ Sensitivity Assays.

Lymphoblastoid cell lines were assayed for sensitivity to BCNU (reported previously in
(10)) and TMZ using a cell proliferation assay that measures quenching of DNA-bound
Hoechst 33258 fluorescence by BrdU incorporated during DNA synthesis (10,11). Cells were

suspended in 300 pL serum free media at 4.5 x 10° cells per mL, and treated at a final
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concentration 240 uM TMZ for 1 hour at 37 °C. Cells were centrifuged for 5 minutes at 450 g,
and washed once with 200 uL PBS. Next, cells were suspended in 280 yL complete media,
and subsequently cultured in flat bottom 96-well plates. After two doubling times, BrdU was
added to achieve a final concentration of 45 pM. After two additional doubling times, cells
were stained with Hoechst 33258 and analyzed as previously reported (10). Sensitivity to
MNNG and sensitivity to MMS were measured using a previously described cell proliferation
assay (12). Briefly, logarithmically growing cells were treated with0.4 mM MMS or left
untreated. After 72 hours, % Control growth was calculated from the ratio of the total number
of viable treated cells divided by the total number of viable untreated cells using a Vi-CELL cell

viability analyzer with trypan blue staining to exclude dead cells.

FM-HCR Assays.

FM-HCR assays in lymphoblastoid cell lines were carried out as previously described
(8). For FM-HCR assays in PDX lines, GBM cells were seeded at 50,000 cells per well in a 24-
well tissue culture plate 24 hours before transfection. 0.5 ug of plasmid mixtures composed of
previously described reporter plasmids for the MGMT, MMR, NER, NHEJ, and HR pathways
were transfected into cells using ‘lipofectamine 2000 LTX with plus™ reagent’ (Thermo Fisher).
At 24 hours post-transfection, cells were analyzed for fluorescent reporters by flow cytometry
and DRC for both lymphoblastoid cells and GBM cells was calculated in terms of % Reporter

Expression as previously described (8).

Mathematical Modeling.
The overall modeling approach is summarized in Fig. S1. Following log-transformation
of FM-HCR data, Z-scores for relative DNA repair capacity among the 24 lymphoblastoid cell

lines were generated for each pathway using Eqn. 1,

5



_ xij - JZU
Zij = g (1)
where Z; is the Z-score for a DNA repair pathway in cell line i in pathway j, x; is the DNA repair

capacity for a given pathway j in cell line i, X;j is the mean value of the DNA repair capacity in
pathway j over the 24 lymphoblastoid cell lines (i = 1-24), and o; is the standard deviation of
the DNA repair capacity in pathway j. Z-scores were also generated for relative DNA repair
capacity among the 12 PDX models of GBM using the same approach. Because there is an
inverse relationship between % Reporter Expression and DRC for the MGMT reporter (larger
signal represents lower activity), Z-scored MGMT data were multiplied by -1. Simple linear
regression was used to generate the models #1 and #4, denoted as “MGMT” in Table 1.
These models relate MGMT activity to sensitivity to killing with TMZ and MNNG. A graphical
interpretation of the parameters associated with model #1 can be generalized to the multiple
linear models, and is detailed in supplemental Fig. S2. MATLAB scripts (provided in the
supplemental information) were run to generate linear models using DRC in 5 pathways in the
lymphoblastoid cell lines as the predictor variables and sensitivity to cell killing (measured as
% control growth) with the DNA damaging agents TMZ, MNNG, MMS, or BCNU as the
response variable. First, multiple linear regression (MLR) models were fit to all 5 DNA repair
pathways; these models are listed as “MLR” models in Table 1. Then, LASSO regression was
performed to select optimal combinations of DRC predictor variables for incorporation into
multiple linear regression models of sensitivity to cell killing with each DNA damaging agent
(13). LASSO regression was carried out in MATLAB to return least squares regression
coefficients for a set of 100 values of the regularization coefficient A, which determines the size
of the penalty for coefficients remaining in the model. The value of A is gradually increased
until the least squares regression coefficients for all five predictor variables take a value of

zero, resulting in a family of combinations of predictor variables. MLR was performed and



evaluated with exhaustive leave-one-out cross validation using the combination of predictor
variables selected by LASSO at each value of A; those for which LASSO returned least
squares regression coefficients equal to zero were excluded from MLR analysis. R?
parameters were calculated for the relationship between predicted sensitivities obtained from
cross-validation versus the known sensitivity for each cell line, and the model yielding the
largest R? values were selected. Plots of sensitivity predicted from leave-one-out cross-
validation versus observed sensitivity are presented in supplemental Fig. S3. MLR models
using the combination of predictor variables selected using LASSO are listed as “MLR.” in
Table 1.

Receiver operating characteristic (ROC) analysis was carried out in MATLAB using
PDX sensitivities calculated from mathematical models and the actual sensitivity status. DRC
data were input into the models in Table 1 to calculate the predicted sensitivity for each PDX
model. To evaluate the performance of the models, ROC curves were generated, and the
area under the curve (AUC) computed (Table 1). ROC analysis provides a quantitative
estimate and graphical representation of the accuracy of predictive assays (14), and is
particularly useful when the test result, reported on a continuous scale, is to be used to predict
a binary variable, as in the present case. The ROC curve shows the relationship between the
true positive rate and the false positive rate as the discrimination threshold is varied. For an
ideal assay, AUC = 1.0, indicating that the discrimination threshold can be set in such a way
that all true positives can be correctly called without calling any false positives; the distributions
of values given by the assay for the positive and negative populations are completely
separated. By contrast, for an assay that only performs as well as random chance, the
distributions are indistinguishable, and AUC = 0.5, because there are equal chances of calling
a positive or a negative at all discrimination thresholds. The true positive rate is equivalent to

assay sensitivity, and the false positive rate is calculated from 1 - (assay specificity).
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Results
Models Relating DNA Repair Capacity to Alkylation-Induced Cell Killing in Human
Lymphoblastoid Cell Lines

24 lymphoblastoid cell lines derived from genetically diverse, apparently-healthy
individuals were used as a model system (15). These cell lines have been previously shown to
exhibit a broad range of sensitivity to killing by the Sy1-type alkylating agent MNNG (12), and a
DNA cross-link forming alkylating agent, BCNU (10). We have now additionally measured the
sensitivity of these cell lines to MMS, an Sy2-type alkylating agent, for which the predominant
cytotoxic lesions induced are 3-methyladenine and 7-methylguanine, and the sensitivity of a
subset of the 24 cell lines to the Sy1-type alkylating chemotherapy agent TMZ. TMZ is
regarded as a functional analog of MNNG because it methylates DNA via the same reactive
methyldiazonium ion intermediate (16), and TMZ sensitive cells are also sensitive to MNNG
(17).

A broad and continuous range of sensitivity to MNNG (12), TMZ, BCNU (10), and MMS,
is observed across the 24 lymphoblastoid cell lines (Fig. 1A, Table S1). The cell lines were
organized in order of decreasing MNNG sensitivity and assigned to color-coded quartiles to
facilitate comparisons with respect to TMZ, BCNU and MMS sensitivity. Whereas MNNG and
TMZ sensitivity were strongly correlated (R = 0.81) as expected, MNNG sensitivity was less
strongly correlated to BCNU sensitivity (R = 0.54) and MMS sensitivity (R = 0.49). Thus,
consistent with clinical observations, sensitivity to one agent does not necessarily predict
sensitivity to other agents, especially when they induce a different spectrum of DNA damage
(18,19).

The relationships among sensitivities to the four DNA damaging agents and previously

measured repair capacity in five pathways: NHEJ, HR, MMR, NER and MGMT were evaluated
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in the lymphoblastoid cell lines (Fig. 1B; Table S1, S2) (8). The data in Fig. 1B have been Z-
scored to emphasize repair capacity variation among the 24 cell lines. No statistically
significant linear correlations were observed among repair capacities for the 5 reporters (Table
83, S4), and each cell line has a unique constellation of repair capacities. MGMT activity has
previously been shown to correlate with MNNG sensitivity in the 24 cell lines (12). The present
study, with MGMT activity measured by FM-HCR, confirms this result, and further finds that
MGMT activity correlates significantly with sensitivity to kiling by TMZ and BCNU (Fig. S3).
Pairwise linear correlations between DRC in each individual pathway and sensitivity to killing
with DNA damaging agents were evaluated based on p-values calculated for linear trends, as
well as the value of the correlation coefficient R (Table S5, S6). A maijority of the correlations
were found to be stronger when calculated for sensitivity versus the logarithm of DNA repair
capacity. All modeling work was thus carried out using the base 10 logarithm of repair
capacities as the predictor variable.

Mathematical models were developed to test whether DRC in multiple pathways is
correlated to sensitivity to DNA damaging agents (Fig. S1). A simple linear model (Y = mx + b)
relates MNNG sensitivity to MGMT activity (model #1 in Table 1). The positive slope in this
model indicates that a 1 standard deviation increase in MGMT activity leads to a 13 point
increase in % control growth (Fig. S2). This relationship was expected based on the inverse
correlation between MGMT activity and MNNG sensitivity that has been observed previously
(12), and presently in Tables S4 and S5 and Fig. S3. A linear model relating MGMT activity to
TMZ sensitivity similarly indicated that an increase in MGMT activity leads to an increase in
TMZ resistance (model #4 in Table 1). A MATLAB script, available in the supplemental
information, was used next to generate a multiple linear regression (MLR) model relating Z-
scored DRC data in all 5 DNA repair pathways to cytotoxicity induced by each of the four

agents, MNNG, TMZ, BCNU and MMS. In these models (#2, #5, #7, and #9 in Table 1), DRC
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values for each pathway in the 24 cell lines in Fig. 1B served as the 5 (independent) predictor
variables, and the sensitivity of the same 24 cell lines (reported as % control growth in Fig. 1A)
was the (dependent) response variable. The resulting MLR models take the form given below

in Eqn. 2,

Y =myx; + myxy +max; + myx, + msxs +b (2)

where Y represents the response variable (MNNG sensitivity) reported as % Control Growth;
x;, are the DNA repair capacity predictor variables for the five substrates reported as z-scored
log % reporter expression, m; are the slopes along the corresponding dimensions, and b is a
constant that represents the Y intercept. These models (#2, #5, #7, and #9) are denoted as
‘MLR” in Table 1. The slopes and y-intercepts of these models are interpreted in the same
manner as described above for model #1. For all models, the goodness of fit is reported as
the R? parameter, and predictive accuracy is reported as the R oo parameter for predicted
sensitivity versus observed sensitivity, calculated from exhaustive leave-one-out cross-
validation (Table 1, Fig. S4). An additional parameter in Table 1, area under the curve (AUC),
reports how accurately each model predicts TMZ induced cell killing from DRC for a panel of
PDX models of GBM. The application of the models to predict TMZ sensitivity in GBM is
discussed in more detail below.

The models were further refined using a second MATLAB script (available in the
supplemental information) running the LASSO algorithm (13) to select combinations of DRC
predictor variables to be used for building multiple linear regression (MLR) models of the form

given in Egn. 3.

Y =mix; +myx, ... + myx, +b 3)
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The number and identity of predictor variables (n (max 5)) used to build the model is
established from the results of the LASSO algorithm, which minimizes over-fitting by excluding
variables that do not improve model performance under cross-validation (13). Models
obtained using this approach (#3, #6, #8, and #10) for each DNA damaging agent are denoted
as “‘MLR_” in Table 1. The TMZ MLR retained 4 pathways (MGMT, HR, MMR, and NER); the
MNNG MLR_ model retained 3 pathways (MGMT, HR, and MMR). The MLR_ models for
BCNU and MMS retained only a single pathway (MGMT and HR, respectively). As expected,
for each alkylating agent, the predictive accuracy of the MLR, models was improved relative to
the predictive accuracy of the MLR models; this is reflected in higher R?.o0 values (Table 1),
which correspond to better fits in plots of predicted sensitivity versus observed sensitivity for
the 24 lymphoblastoid cell lines under leave-one-out cross-validation (Fig. S4).

The use of Z-scored DRC data for generating the mathematical models allows for a
straightforward interpretation of the slopes (m;) that are associated with each model: the
steeper the slope, the more strongly the model responds to a given number of standard
deviations about the mean for that particular pathway. A slope of 0 would indicate a model in

which drug sensitivity is entirely independent of the DNA repair pathway in question.

Sensitivity Models for the Sy1-type alkylating agents TMZ and MNNG:

The MLR models for the Sy1 alkylating agents TMZ and MNNG (#2 and #5) are similar
in several respects (Table 1). First, the coefficients for MGMT and HR are large and positive in
both models, indicating that the models are relatively sensitive to small changes in repair
capacity in these pathways, and higher MGMT or HR repair capacity leads to a lower
sensitivity to killing with either agent. Second, MMR takes a negative coefficient in both

models, indicating that higher MMR capacity leads to higher sensitivity to killing. This aspect of
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the modeling is borne out in the raw data; higher MMR activity in cell line #6 versus cell line
#10 without major differences in other pathways is associated with higher MNNG sensitivity in
cell line #6 (Fig. 1). Third, the NHEJ coefficient is the smallest in both models, suggesting that
this pathway plays the smallest role in sensitivity to Sy1 type alkylating agents. Finally, the
NER coefficient is positive in both models, indicating that higher NER capacity is associated
with lower sensitivity to Sy1 alkylating agents. Both the MNNG and TMZ MLR_ models (#3
and #6) exclude the NHEJ pathway, further indicating that this pathway does not contribute
significantly to sensitivity to either agent for this panel of cells. The MLR_ models also both
retain MGMT, MMR and HR, but differ in that the TMZ model also includes NER. To test
whether the differences in MLR_. models (#3 and #6) were due to the inclusion of 5 additional
cell lines in model #6, an MNNG sensitivity model was generated for the same subset of 19
cell lines for which the TMZ models were generated (not shown). Like model #3, this MLR_
model also did not include the NER pathway. We infer that the differences in models #3 and
#6 are not due to the use of a subset of cell lines as the training population for the TMZ model.
As detailed in the supplemental information, these models are consistent with previously
established roles for the MGMT, MMR, HR and NER pathways affecting the sensitivity of cells
to killing with Sy1-type alkylating agents (Fig. 2), although the quantitative contributions of

each pathway have not previously been determined.

Sensitivity Models for BCNU and MMS

The BCNU and MMS sensitivity models are distinguished in several respects from the
Sn1 alkylating agent sensitivity models. For both the BCNU and MMS MLR models (#7 and
#9), the MMR coefficient was small (Table 1), and was not retained in the MLR,. models (#8
and #10), indicating that MMR capacity does not play a major role in determining cellular

sensitivity in the models. Both MLR_ models retain only a single DNA repair pathway, and the
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MMS MLR_. model is the only model that excludes the MGMT pathway. The MLR_ models
indicate that HR plays a significant role in determining MMS sensitivity, whereas MGMT
activity is the major contributor to BCNU sensitivity. As with the TMZ and MNNG sensitivity
models, models #7-10 are consistent with previously established roles for DRC affecting the

cellular MMS and BCNU sensitivity (see supplemental information).

Measuring DRC in GBM

The TMZ and MNNG models suggest that relatively small changes in MGMT, MMR, HR
and NER could be responsible for changes in sensitivity to killing with Sy1-type alkylating
agents in cancer cells. To test whether relationships between DRC and TMZ sensitivity in
lymphoblastoid cell lines also apply to GBM, we measured changes in DRC that accompany
TMZ resistance acquired in vivo for several paired sensitive and resistant PDX models of GBM
(Fig. 3, Supplemental Table S7), as well as one PDX model (GBM46) innately TMZ resistant
model (9). The parental PDX models (GBM12, GBM14, GBM22, GBM39, GBMS59, and
GBM46) were previously classified as “resistant” or “sensitive” to TMZ based on whether TMZ
treatment produces a statistically significant survival benefit in vivo (20), and statistically
significant increases in TMZ resistance in the PDX models (GBM12TMZ_3080,
GBM12TMZ_5476, GBM14TMZ, GBM39TMZ, and GBM59_TMZ) have been measured in vitro
either by neurosphere formation or by cell proliferation assays (21).

Strikingly, we observe statistically significant changes in DRC that are consistent with
the relationship between DRC and Sy1-type alkylating agent sensitivity suggested by the
MNNG and TMZ sensitivity models (Table 1). In cell lines that acquired TMZ resistance, we
observed increased MGMT activity (GBM12/GBM12TMZ_3080), increased HR capacity
(GBM14/GBM14TMZ  and  GBM22/GBM22TMZ), or decreased MMR capacity

(GBM22/GBM22TMZ and GBM39/GBM39TMZ) relative to the TMZ sensitive parental cell lines
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(Fig. 3A). Statistically significant changes in NHEJ (GBM39/GBM39TMZ) were also observed
(Fig. 3A). Although the differences were not statistically significant, NER activity trended
higher in all of the acquired resistance models relative to their corresponding parental lines,
except for GBM14. A trend toward reduced MMR and elevated HR capacity was also
observed in GBM59TMZ relative to GBM59, however these apparent changes likewise did not
reach statistical significance (Fig 3B). Overall, the data indicate that the relationship between
DRC and sensitivity to TMZ and MNNG in lymphoblastoid cell lines (Table 1) are applicable to

TMZ sensitivity in GBM.

Applying MLR to predict sensitivity to TMZ in GBM

The ability of mathematical models to classify PDX models of GBM as TMZ sensitive or
TMZ resistant was tested. ROC plots for a subset of the models are presented in Fig. 4A. The
MLR_ model trained using TMZ sensitivity in lymphoblastoid cell lines (#6) is the best predictor
of TMZ sensitivity in GBM (AUC = 0.86). The MLR. model generated from DRC for sensitivity
to MNNG (#3) yielded an AUC of 0.74. Predictions using a model for MMS sensitivity yielded
an AUC = 0.71 (model #10), and a model generated for BCNU sensitivity (model #8) barely
outperformed random chance for this panel of PDX models (AUC = 0.54).

The best model (#6) also correctly predicts TMZ resistance in the acquired resistance
models relative to the corresponding parental cell lines in all of the paired PDX models (Fig.
S5). Importantly, using DRC data for multiple pathways in GBM cell lines improves the
predictive accuracy for TMZ sensitivity models versus those that include only the MGMT
pathway. MGMT activity measured by FM-HCR was correlated to methylation status (R=0.61,
Fig S6), but the extent of promoter methylation varied over a ~10-fold range among GBM lines
that all had very low MGMT activity, consistent with previous observations indicating that

widely used MGMT tumor promoter methylation assays may not accurately predict MGMT
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transcript levels and activity (22). When cells are ranked according to TMZ sensitivity as
predicted by model #4, which includes only MGMT activity (Fig. 4B), two TMZ resistant cell
lines, GBM22TMZ and GBM39TMZ, are predicted to be the most sensitive, with predicted %
control growth ~ 10%, and AUC = 0.54. By contrast, when PDX models are ranked according
to TMZ sensitivity predicted by model #6, which takes MGMT, MMR, HR and NER into
account, the predicted response across the GBM cell lines is much more accurate relative to
previously measured sensitivity (20,21); the improved accuracy can be appreciated both

qualitatively (Fig. 4C) and quantitatively (AUC = 0.86).

Using DRC-based modeling to Predict Effectiveness of Therapy with TMZ in vivo

The ultimate goal of predicting the sensitivity of GBM cells to Sy1 alkylating agents is to
generate a metric that could potentially guide cancer therapy decisions. This goal requires that
repair capacity in vitro predicts therapeutic response in vivo, where the sensitivity of cancer
cells to DNA damaging therapies can be strongly influenced by tumor microenvironment (23).
The PDX models for which we have measured DRC profiles have previously been shown to
exhibit a broad range of responsiveness to in vivo TMZ therapy, measured by relative survival
prolongation of tumor bearing mice treated with TMZ versus tumor bearing mice receiving
placebo (21). Relative survival prolongation is calculated by dividing the median survival time
for treated mice by the median survival time for untreated mice; larger values reflect longer
survival in treated mice relative to untreated mice.

To test whether the DRC profiles measured using FM-HCR in cultured cells predict TMZ
therapy effectiveness in vivo, relative survival prolongation in TMZ treated PDX mouse models
was compared against TMZ sensitivities predicted using the models in Table 1. Sensitivities
predicted using a model that includes MGMT activity alone (model #4) are only weakly

correlated to relative survival prolongation, and PDX models with low MGMT expression (black
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dots in Fig. 5A) range from highly responsive to completely refractory to treatment with TMZ. a
A stronger correlation is observed between survival prolongation and predicted sensitivity
calculated for the PDX models using a TMZ sensitivity model that includes MGMT, MMR, HR
and NER (model #6), (Fig. 5B). These results indicate that relatively small changes in HR,
MMR and NER capacity collectively contribute to changes in GBM TMZ sensitivity, and that
the resistance mechanisms detailed in Fig. 2 operate in vivo. When the analysis is restricted
to MGMT-deficient PDX models, the correlation between relative survival prolongation and the
combined DRC score is even stronger (Fig. 5C). The strong correlation in MGMT deficient
cells underscores the importance of DNA repair pathways other than MGMT in determining the
effectiveness of TMZ therapy. Importantly, these results demonstrate that DRC
measurements carried out in cells in vitro can at least partially predict therapeutic response in

Vivo.

Discussion

The ability to choose the optimal therapy for each patient would have tremendous
ramifications for cancer treatment. Advance knowledge of whether a particular therapy will be
effective would increase the likelihood of achieving the primary goal of killing cancer cells, and
avoid subjecting patients to unnecessary treatments that cause serious side effects and
increase the risk of additional cancers (24-26). DRC continues to emerge as an important
determinant for the response of cancer cells to therapy (27), making accurate DRC
assessments a key goal for precision medicine (7).

The potential to predict TMZ sensitivity from DRC in multiple pathways underscores
need to measure MGMT, HR, NER and MMR activity in order to make the most robust DNA
repair-based predictions regarding the effectiveness of TMZ therapy. However, direct

measurements of DNA repair activity in clinical samples has been limited because previous
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methods were cumbersome, time consuming, incompatible with multiplexing, and in most
cases did not report on the functional status of repair (7). Tumor MGMT status is considered a
strong predictor of therapeutic response in GBM (28), and clinicians use MGMT promoter
methylation assays or in some cases immunohistochemical analysis of excised tumor tissue to
infer MGMT activity in GBM (29). Nevertheless, concerns remain about standard clinical
MGMT assays that unlike FM-HCR, do not directly measure MGMT activity;
immunohistochemical analysis is subject to individual bias (30), and although MGMT activity
was, as expected, inversely correlated to MGMT promoter methylation in the GBM lines in this
study (Fig. S6), the high degree of variability in the extent of promoter methylation among
MGMT-deficient GBM lines adds to existing evidence that promoter methylation status is not
always a reliable measure of tumor MGMT activity (9,22). Similarly, microsatellite instability
assays are used to assess MMR status in clinical samples, but this approach is not
quantitative and may not report minor changes in MMR capacity that are sufficient for TMZ
resistance (31,32). Several approaches have been taken to estimate HR capacity in cancer
cells (33), but they rely on transcriptional profiling and mutational signatures that may not
predict the functional status of the HR pathway, and are unlikely to detect small differences in
functional activity. Finally, unscheduled DNA synthesis has long been used as a method of
estimating NER capacity in patient cells (34), but is relatively laborious. By contrast, FM-HCR
assays provide a rapid functional assessment of DNA repair capacity in key pathways that we
have shown are useful predictors of TMZ sensitivity in lymphoblastoid and PDX lines.

The present work has been focused on modeling TMZ sensitivity in GBM, but the
fundamental principles governing resistance to DNA damaging agents, particularly those
driven by relative changes in DRC, are expected to be applicable to multiple agents and
multiple cell types. Strikingly, a model trained using DNA repair capacity and TMZ sensitivity

data for lymphoblastoid cells in culture accurately predicted TMZ sensitivity of GBM cells
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treated in mouse PDX models. Additional cell-autonomous therapy resistance mechanisms,
including changes in DNA damage signaling (35), damage detoxification mechanisms (36),
and drug efflux pumps are expected to complement DNA repair-based resistance mechanisms
(37). Single cell-based assays for processes that contribute to resistance, such as FM-HCR,
hold the major advantage of being amenable to identifying small, therapy resistant
subpopulations within a tumor, which can expand and emerge as a resistant tumor following
treatment (38). Therefore, models integrating FM-HCR assays for DNA repair-based
resistance mechanisms with cell-based functional assessments of other therapy resistance
mechanisms hold promise for further enhancing predictions of therapy response and
advancing personalized cancer treatment.

In summary, our results indicate that TMZ resistance in cancer cells is associated with
differences in repair capacity in at least four DNA repair pathways (MMR, HR, NER and
MGMT), and that a combined DNA repair score derived from FM-HCR assays provides a more

robust prognostic biomarker than MGMT activity alone for TMZ therapy.
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Figure Legends

Fig. 1. DRC and Sensitivity data for Coriell lymphoblastoid cell line panel. a) 24
lymphoblastoid cell lines organized (from left to right) in descending order of sensitivity to 4
different DNA damaging agents. The colors assigned to bars for each cell line in the top panel
(MNNG) by quartile are maintained in the TMZ, BCNU, and MMS panels. Sensitivity to MNNG,
and MMS were measured at 72 hours. Sensitivity to BCNU and TMZ were measured at 4
doubling times post-exposure. b) Heat map representing Z-scores for relative DNA repair
capacity among the 24 lymphoblastoid cell lines in the five pathways listed in the column
headings. Purple indicates cell lines with repair capacity below the mean; yellow indicates cell
lines with repair capacity above the mean, and white represents cell lines with repair capacity
at or near the mean. Z-units are reported at the right side of the figure. Cell lines are ordered

by sensitivity to MNNG.

Fig. 2. Model for DNA TMZ resistance mechanisms mediated by DNA repair capacity. Double
stranded DNA is represented by parallel black lines. A normal G:C base pair is indicated at
the top of the figure. Strand breaks are indicated as gaps in the black lines. Gray arrows and
text indicate DNA repair processes that mediate sensitivity and resistance to DNA methylation

damage.

Fig. 3. DNA repair capacity measured using FM-HCR in GBM cells. a) Statistically significant

changes in DRC in PDX models of acquired TMZ resistance. Note that for the MGMT assay,
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lower % Reporter Expression corresponds to higher MGMT activity. Error bars represent the
standard deviation of at least 3 measurements. b) A heat map representing Z-scored DNA
repair capacity in 5 pathways for all 12 GBM models. Purple indicates cell lines with repair
capacity below the mean; yellow indicates cell lines with repair capacity above the mean, and

white represents cell lines with repair capacity at or near the mean.

Fig. 4. Classification of GBM PDX models as TMZ sensitive or TMZ resistant. a) Plots
showing ROC curves (black lines) for sensitivity models for BCNU (model #8); MMS (#10);
MNNG (#3); TMZ (#6). The numbers refer to models detailed in Table 1. AUC is calculated
from the area under the ROC curves, and can adopt values between 0 (all samples are
classified incorrectly) and 1 (all samples are classified correctly). The dotted red line
represents a theoretical ROC curve for a model that classifies samples randomly (AUC = 0.5).
b) PDX models organized in ascending order of predicted percent control growth as calculated
from model #4. Lower predicted percent control growth represents higher predicted sensitivity
to TMZ. c) PDX models organized in ascending order of predicted percent control growth as
calculated from model #6. TMZ sensitivity has been determined previously for the PDX
models; black bars indicate PDX models that TMZ resistant (TMZF), and red bars indicate PDX
models that are TMZ sensitive (TMZ®). A Mann-Whitney U test indicated that the two
populations (TMZR and TMZ®) were significantly different in panel ¢ (p = 0.03), but not in panel

b.

Fig. 5. Correlation between relative survival prolongation for PDX mouse models treated with
TMZ and predicted percent control growth for PDX models treated with TMZ calculated from a)
model #4 or b,c) model #6. In panel ¢, PDX models are restricted to those expressing low

levels of MGMT (black dots). Cells with low MGMT levels were defined as those for which
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average % reporter expression for the MGMT assay was at least 50%; this value of % reporter
expression was observed previously for a cell line that is known to be MGMT deficient (TK6).
PDX models with higher levels of MGMT reporter expression are represented with open

squares.
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Table 1. Linear models relating sensitivity to DNA damaging agents to DNA repair capacity in
multiple pathways. The models are numbered under column heading “#’. RZ%r = the
goodness of fit for each model; R%:r can adopt values between 0 (no fit at all) and 1 (perfect
fit). R%.00 is @ measure of the predictive accuracy for each model, and is calculated from
exhaustive leave-one-out cross-validation presented graphically in Fig. $2. Once again, R0
can adopt values between 0 (no fit at all) and 1 (perfect fit). AUC is a statistic that measures
the performance of the models when they are used to classify the PDX models as sensitive
versus resistant. AUC can adopt values between 0 (all samples are classified incorrectly) and
1 (all samples are classified correctly). AUC is calculated from receiver operating
characteristic curves (Fig. 5) generated using the sensitivity of PDX models calculated from
the respective models and the actual status of each GBM model (sensitive or resistant).

Agent # Model Equation Rer R%.00 AUC
1 MGMT 13.3 * MGMT + 59 0.41 0.33 0.54

MNNG 2 MLR 13.8 « MGMT — 9.3 * MMR + 6.8 « HR + 4.4+ NER — 2.3 «* NHE] + 59 0.68 0.49 0.89
3 MLR_ 13.3«* MGMT + 8.1 «HR- 7.0 « MMR + 59 0.63 0.50 0.74

4 MGMT 19.0 « MGMT + 71 0.61 0.50 0.54

T™Z 5 MLR 17.5« MGMT + 8.5« NER + 8.3« HR—3.6 « MMR — 0.2 * NHE] + 71 0.90 0.81 0.86

6 MLR_ 17.4 * MGMT + 8.5« NER +8.2* HR —3.5* MMR + 71 0.90 0.84 0.86

BCNU 7 MLR 10.4 « MGMT + 2.5« NER + 2.2+ NHE] -1.3 * MMR + 0.3 «* HR + 33 0.54 0.19 0.80
8 MLR_ 10.6 * MGMT + 33 0.49 0.40 0.54

MMS 9 MLR 6.9*HR +5.8* NHE] + 5.6 * NER + 5.2 MGMT — 1.5« MMR + 44 0.38 0.06 0.71

10 MLR_ 8.9+ HR + 44 0.17 0.07 0.71
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