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Introduction

Today, more patient-specific data is routinely being collected throughout the radiation
therapy (RT) course than ever before. From diagnosis to follow-up, patients go through
several rounds of imaging, blood-draw, and physical examinations. The availability of
serial (bio)marker data has the potential to uncover important physio-biological
characteristics that were unknown at the beginning of the treatment, which in turn might
help RT personalization. Such information can not only guide the treatment adaptation
during RT, but can also facilitate timely and proactive response to complications after
RT, well before the onset of the symptoms. Despite this, very limited attention has been
given to systematically study the impact of such serial biomarker acquisition and how
much additional predictive value they might contain. Instead, most researchers have
adopted a rather “frozen” approach, in which treatment outcomes are solely estimated
using (mostly) baseline predictors, disregarding the potentially invaluable information

that might be collected during the RT course (1).

Liver is the most frequent site of cancer metastasis, with 60% of all primary tumors
metastasizing to liver (2). Radiation therapy is a major treatment option in metastatic
liver cancer, but potential liver damage remains a major dose-limiting factor. Therefore,
finding subgroups of patients with higher or lower tolerance of radiation dose might help
in identifying the favorable candidates for dose-escalation trials, while sparing the
radiation damage for the more radiosensitive patients. This can be accomplished by
personalized RT (3, 4).

In the case of liver metastasis RT, the literature on predictive biomarkers is relatively
sparse. Due to their relatively inexpensive, minimally invasive, and repeatable
acquisition, blood biomarkers are among the most studied biomarkers in liver cancer (5,
6). The systemic information provided by these biomarkers can potentially inform not
only about local disease status, but also about the body’s overall response to treatment.
Recently, we have reported the importance of baseline genotype information on
predicting local failure in liver metastasis stereotactic body RT (SBRT) (7, 8). However,
to what extent these and other potential (bio)markers of RT outcome might improve the

prediction accuracy remains unknown.



We aim at addressing this gap by systematically investigating the predictive and
prognostic potential of several classes of blood-based (bio)markers on liver metastasis
RT response. We are particularly interested in quantifying the informative value of these
biomarkers, both predictive and prognostic, and investigating whether they can improve
upon the predictions made at baseline using traditional predictors of response such as
tumor size, histology, and intra- and extra-hepatic disease burden. Specifically, our aim
is to provide a proof-of-concept for personalized liver SBRT using baseline and mid-
treatment biomarkers of radiation response.

Materials and Methods

Dataset

The clinical dataset is from a previously-reported phase Il single arm clinical trial of liver
metastasis patients (NCT01239381) (7). Eighty-nine adult (= 18 years old) patients with
1-4 hepatic metastatic lesions were included in the study. Median age was 68 years
(range: 34-89) and 62.9% (n=56) were male. Most frequent primary tumor site was
colorectal (n=34, 38%) cancer, followed by pancreatic (n=13, 15%) and
esophagogastric cancers (n=12, 13%). Chemotherapy was the most common prior
treatment received by the patients prior to RT initiation (n=75/85). All patients received
passively scattered proton SBRT in 5 treatment fractions. Median RT dose, accounting
for relative biological effectiveness of proton (RBE = 1.1), was 40 GyE (range = [30-50]).
Other information is summarized in Table 1.

Study Endpoints

Given that the study population consisted of metastatic patients, RT response was
measured using one local and one systemic RT endpoints: one-year local failure (LF)
(which was the primary endpoint for the original prospective trial) was selected as the
RT-specific endpoint and two-year overall survival (OS) was chosen as the systemic
endpoint. Median follow-up time was 30.1 months (range = [14.7-53.8]), with one-year

LF rate of 24.71% and two-year survival rate of 38%.



Baseline predictors of RT outcome
Dosimetric and clinicopathological markers studied were as follows:
e Dosimetric: mean liver dose (MLD), % of liver receiving over d Gy dose (Vd,d =

5,10, ...,35), and effective liver volume irradiated (V).

e Patient-specific: Age, sex, and baseline liver function (cirrhosis status and CP
score).

e Disease-specific: primary tumor site, number of hepatic metastasis, extent of prior
therapy, and relative (% of total liver volume) and absolute size of total gross

tumor volume (GTV).

Genetic markers

Additionally, the impact of baseline genotype information (GEN) on RT outcome was
evaluated. We specifically focused on two oncogenes which were previously reported to
be predictive of local failure in our current cohort (7). Baseline gene mutation data was

available for 64 patients.

Serial biomarkers of RT outcome

Systemic markers: CBC

Three CBC-derived indices were studied as global biomarkers of tumor outcome (i.e.,
OS): absolute lymphocyte count (ALC), absolute neutrophil count (ANC), and platelets
count (PLT). Additionally, two popular composite metrics were included in the analysis:
neutrophil-to-lymphocyte ratio (NLR) and platelet-to-lymphocyte ratio (PLR). These
inflammation indices have been often used as surrogates for immune system’s
response and associated with worse treatment outcome (9-13). CBC data was

collected at baseline, T0 (n=88), and mid-treatment (before fraction 4, T2, n=80).

Inflammatory markers: IPC

Three candidate plasma cytokines collected from peripheral blood were analyzed at T0
and T2 as potential biomarkers of local response to SBRT: interleukin (IL)-6, IL-8, and
tumor necrosis factor (TNF)-a. Both IL-6 and IL-8 are reportedly involved in hepatic

cancer metastasis (14-16), as well as in inflammatory response to liver injury (17, 18).



TNF-a has also been associated with liver metastasis through TNF-a-induced protein

(19). Fifty-five patients had IPC measurements at baseline and T2.

Predictive advantage of biomarkers

Assessing the predictive value of “new” biomarkers is a relatively established field in
statistics and epidemiology (20—23). The gist is to fit a predictive model on the data with
and without the new biomarker and assess the improvement in various goodness-of-fit,
discrimination, or reclassification measures. To assess the predictive value of each
biomarker class, first a baseline model was fitted using only the baseline predictors for
each endpoint (i.e., clinicopathological and dosimetric factors). The predictive value of
the new biomarkers was then assessed by adding them, one at a time, to the baseline
model, fitting a new biomarker-enhanced predictive model over the data, and analyzing
the impact on three main performance metrics: improvement in model fit was assessed
by increase in likelihood ratio (LR) x2. A model with better discriminating power
generally provides a greater variety of predictions, thus, increase in the predicted
variance (PV) was selected as another metric of interest. Finally, change in
discrimination power was assessed using area under the receiver-operating

characteristic curve (AUC).
Statistical Analysis

All analyses were performed on the open-source statistical software R version 3.5.1 (R
Project for Statistical Computing, Vienna, Austria). Univariate analysis was performed
using Cox proportional hazard and log-rank test for time-to-event outcome and Fisher’s
exact test and Wilcoxon rank-sum test for binary outcomes. Logistic regression was
used to build predictive models. A forward stepwise procedure was implemented to
select the final model. At each step, the covariate with the highest decrease in y? test p-
value was added to the model and the procedure was repeated until no further
improvement was achieved. To provide unbiased estimates of the performance metrics,
bootstrapping (24) was performed with 1000 repetitions, as recommended by (25).
Patients with missing data were removed from the analyses. Additionally, we removed
all observations with more than 2 days of delay in their treatment to minimize the effect

of timing of biomarker acquisition. Significance level was set at 0.05.



Results

Temporal change in biomarker expression

Between the baseline and the fourth fraction of SBRT, significant reduction was
observed in both platelet count (223.8 37 th/mm?3vs. 190.0 37 th/mm3, p = 0.004) and
absolute lymphocyte count (1.37 th/mm? vs. 1.01 37 th/mm3, p = 0.0002), while plasma
IL-6 levels increased from baseline to fraction 4 (2.83 vs. 3.35), however, this was not
deemed significant (p > 0.05). With respect to RT effect, only the expression of plasma
IL-6 and PLR were found to be significantly impacted by the delivered dose. On
average, plasma IL-6 level increased from the baseline level with increasing liver
volume irradiated above 5 Gy (V5). Patients with increased plasma IL-6 had received
significantly lower V5 compared to those whose mid-treatment plasma IL-6 concertation
decreased from baseline (33.43% vs. 46.78%, p = 0.01). Moreover, there was a
significant association between pre-treatment IL-6 level and GTV size, with patients with
larger tumor volumes (> median = 20.55 cc®) showing higher plasma IL-6 level at
baseline (3.88 vs. 1.74, p = 0.01). IL-6 level was not associated with any tumor

histologies.

Univariate analysis

Predictors of local failure

None of the clinicopathological and dosimetric predictors were significantly associated
with one-year risk of LF in the univariate analysis. As previously reported (26), mutation
in KRAS gene was a strong predictor of LF (hazard ratio [HR] = 2.92 [95% CI = 1.17-
7.28], p = 0.02). One-year LF rate was 69% vs. 31% in patients with and without KRAS
mutation. We did not observe any association between KRAS mutation and primary

tumor site (see Supplementary Table 5).

The most significant correlations among the IPC class were found between the plasma
level of IL-6 at baseline (HR = 1.15 [1.05-1.26], p = 0.003) as well as at fraction 4 (HR =
1.07 [1.01-1.13], p = 0.01). Higher concentration of plasma IL-6, both at baseline and at
T2 were associated with significantly worse local failure rate. Figure 1 shows the
Kaplan-Meier curves for one-year local control. Note the loss of biomarker information

(i.e., increase in p-value) upon discretization. Baseline and mid-treatment IL-6 kept their



significance even after accounting for GTV size (see Supplementary Table 7).

Complete results are presented in the Supplementary Table 1-4 and Figure S2.

Predictors of overall survival

Among the clinicopathological factors, both GTV volume and its percentage of the
whole liver volume were significant predictors of overall survival (HR = 1.003 and 1.01;
p=0.003 and 0.0005). V. was another significant predictor of OS, with an increase of
1% in V., leading to 1.7% increased likelihood of mortality at two years (HR = 1.017, p
= 0.02). Additionally, patients with more intensive prior treatment (in terms of number of
chemo lines administered as well as overall chemo length, in months) had significantly
worse overall survival. Specifically, patients who had more than 3 lines of chemo and/or
whose prior chemo treatment had taken over 6 months, had poorer prognosis (HR =
1.77 [1.05-3.03], p = 0.03; and HR = 1.84 [1.07-3.14], p = 0.03).

Among the CBC-derived biomarkers, baseline levels of PLR, NLR, and ALC were all
significantly associated with OS (HR = 1.004,1.32, and 0.61; p = 0.004, < 0.0001, and
0.02). Patients with lower absolute lymphocyte count at baseline (< median =1.1
th/mm?3) had significantly higher incidence of mortality following SBRT (2-year OS rate =
25% vs. 54%, p = 0.0002).

Predictive benefit of adding biomarkers

Table 2 summarizes the results of the analysis of added predictive value. The details of
the final fitted models are given in the Supplementary Table 5. In predicting LF, addition
of genotype information and baseline IPC information led to an increase of 0.06, and
0.07 in AUC compared to baseline model (using only clinicopathological and dosimetric
factors). It also increased the variance of the predictions and improved model fit (LR

x?2). All these improvements were deemed statistically significant at & = 0.05.

Among the baseline biomarkers of OS, the addition of baseline CBC-derived biomarkers
only marginally improved the model’s predictive performance. Including mid-treatment
CBC-derived biomarker information, however, led to significant gains in predictive
performance across all metrics (p < 0.0001), increasing AUC from 0.72 in the baseline



model to 0.80. Figure 3, right panel, better illustrates these changes. Figure 4 shows the
gain in AUC by adding GEN, IPC, and CBC class biomarkers.

Discussion

Identifying patients with higher/lower liver radiosensitivity is an important step towards
personalization of liver RT, where outcome of treatment can be significantly improved
by administering higher focal dose for those patients who are deemed “radioresistant”,
while de-escalating the treatment course for more favorable responders. This crucially
depends on the reliability of pre- and mid-treatment biomarkers for predicting the long
and short-term RT response. A successful patient selection strategy can significantly
help with designing personalized clinical trials and/or improving the treatment outcome.
Our findings highlight the potential of several classes of blood biomarkers in identifying
patients with higher/lower risk of poor cancer outcome, which goes beyond the

traditional clinicopathological and dosimetric predictors.

Prior studies have reported the impact of larger tumor volume on increasing the risk of
local failure after SBRT in liver metastasis patients (27, 28). In contrast, we did not find
any significant association between tumor size and local failure, in line with the findings
also reported in (29, 30). Colorectal primary tumors had been identified as predictors of
more favorable local response after SBRT (31), an association our study failed to
confirm, although this inconsistency might be due the sample size effect. No other
clinical or dosimetric factors were statistically deemed significant as predictors of local
failure, highlighting the challenge involved in predicting local response to SBRT using
conventional predictors and emphasizing the need for finding and validation of novel

biomarkers of local treatment response.

Our previous studies (7, 30) have demonstrated the significance of baseline genotype
information on identifying a highly radioresistant subgroup of patients (i.e., those with
mutations in both KRAS and TP53 genes). Although genotype information can indeed
be extremely valuable for patient selection, it is unlikely that it can be obtained for all

patients, mainly due to its acquisition cost. Further, it has been reported that KRAS-



mutated tumors are extremely heterogenous (7, 32) and additional biomarkers are

needed to find subgroups of patients with more homogenous treatment response.

Our analysis revealed baseline and mid-treatment plasma levels of IL-6 as other
significant predictors of local failure after SBRT. Specifically, higher IL-6 levels at
baseline and again at mid-treatment were associated with worse local control. The mid-
treatment level of IL-6 seemed to possess significantly higher discriminative power (as
judged by Figure 1) compared to the baseline level, which, given that plasma IL-6
increased with dose, seems to suggest that mid-treatment level of plasma IL-6 contain
significant information about the effect of dose on treatment response, which is in line
with previous reports regarding its RT-induced enhancement mediated through
endothelial cells (33). Interestingly, plasma IL-6 levels increased with liver volume
irradiated with lower dose (V5), but not with dose. Although this might be rather
surprising, it's worth noting that the impact of low-dose bath (captured by V5-V10) on
hepatic toxicity and change in a number of liver enzymes has recently been reported
(34). Upon further analyses in our own dataset, we also found significant association
between both V5 and mid-treatment IL-6 increase, and hepatic toxicity in terms of Child-
Pugh score increase: specifically, we found that patients experiencing an increase in CP
score on average had higher mid-treatment plasma IL-6 (1.95 vs. 7.06; p=0.0003).
Together, these results might hint at a low dose-threshold for triggering IL-6 secretion,
which in turn might imply that the change in plasma IL-6 might be detectable at even

earlier fractions.

Unfortunately, despite the relatively high level of local control, overall survival rate in
liver metastasis patients remain poor. Generally, physicians would like to avoid
subjecting a patient with an extremely poor prognosis to the hardship of curative SBRT
and the potential subsequent treatment-induced toxicity. As such, finding reliable
prognostic biomarkers can be of great help when deciding on the best treatment option
for each patient. Unlike prior studies which identified primary tumor histology as a
significant prognostic factor for overall survival (27, 29), we did not find that to be the
case in our cohort. Instead, our investigations showed that the information contained

within regular CBC tests at baseline and during the SBRT course can be of help in this



regard. Specifically, we found that it is possible to stratify patients at baseline according
to the baseline ALC, PLR and NLR levels (see Figure 2 and Supplementary Figure S1,
left) obtained at baseline. Adding information on the change from baseline to fraction 4
further increased the inter-group discrimination (Supplementary Figure S1, right) and
improved response prediction (Table 2). Given the important role played by these
biomarkers in immunological processes (35-37), these reductions might reflect the
baseline status and the change in the immune system response due to irradiation,
which might have contributed to the poorer treatment outcome in patients with weaker
immune profile. Recently, our group reported that in a subset of hypofractionated liver
proton therapy (HPT) patients, lymphocyte depletion is predictive of overall survival,
hinting at a possible immunomodulation effect from HPT in hepatocellular carcinoma

patients.

Another important observation is the predictive advantage of mid-treatment biomarker
measurements. In majority of the analysis, addition of mid-treatment biomarker
information led to substantial improvement in predictive performance. Specifically,
models containing mid-treatment information generally better fitted the data, had wider
prediction variance (i.e., more subtle differences in patient risks could be detected using
these compared to baseline models), and higher discriminatory power. Increasing the
number of biomarkers can result in identification of higher number of patient subgroups,
provided that the biomarkers be reliable and predictive (3). This is better illustrated in
the Supplementary Figure S4, where addition of IL-6 at mid-treatment leads to the
identification of an extremely radioresistant subgroup of KRAS-mutated patients (local
failure rate = 100%, n = 3). Although the extremely small sample size prevents us from
relying too much on these results, the reported synergistic role of KRAS oncogene and
IL-6 mediated signaling in tumorigenesis and progression of pancreatic and lung

cancers (38, 39) might suggest an interesting avenue for further research in this area.

As a proof of concept, in Figure 5, we illustrate an example for how combining baseline
genotype information with mid-treatment plasma IL-6 measurement could result in
identifying four distinct patient subgroups in terms of their predicted LF. In such a case,
dose escalation might be worth considering for the most radioresistant group (patients



with KRAS mutated tumors and higher plasma IL-6 concentration after fraction 3), while
the more radiosensitive patients (those with wildtype KRAS gene and lower mid-
treatment plasma IL-6) might benefit from dose de-escalation. Of course, the realization
of this hypothetical case is predicated on the validation of the results reported in our
study in bigger and independent datasets. Ultimately, a combination of pre- and mid-
treatment biomarkers, coupled with a rigorous mathematical framework for dynamic

treatment plan adaptation are required for a truly personalized RT plan (1).

Despite the promising results, we should acknowledge the limitations of our study. First,
independent validation on an external cohort is an important next step towards
validating our findings. Towards this, we have arranged to collect necessary data for
validation in an upcoming prospective clinical trial for liver metastasis SBRT patients.
Second, we opted for a simple logistic regression as our predictive model, mainly due to
its popularity in clinical research and ease of interpretation. It remains to be seen
whether more sophisticated predictive models can improve these predictions; however,
any potential improvement in predictive performance will likely come at the expense of
the models’ interpretability and/or generalizability. By design, the analysis of added
predictive biomarker value is dependent on the choice of the underlying predictive
model and the calibration of the baseline model (40, 41). Unfortunately, currently the
field of liver metastasis SBRT lacks such well-calibrated models, especially for
predicting treatment response. Consequently, a well-calibrated baseline model, if
present, might make it harder for additional biomarkers to increase the predictive
performance. Lastly, we acknowledge that due to the high number of factors analyzed
and the limited sample size, the possibility of false positives due to multiple testing is
increased. It is therefore important to take that into consideration while interpreting our

findings.

Overall, our findings hint at few important observations: (i) potentially important
predictive information might be contained within the routinely-collected and often-
overlooked blood-based markers; (ii) even during the short course of SBRT (5
fractions), it is possible to (re)classify patients into responders and non-responders,

beyond what is possible before the treatment, using information contained in mid-



treatment serum or plasma levels of blood samples; though, due to the relatively short
course of SBRT, the turn-around time for laboratory analysis should be fast enough to

allow for timely treatment adaptations based on such (re)classifications.

Conclusion

We investigated the role of serial serum and plasma blood-based biomarkers in
predicting response to liver metastasis SBRT. The findings suggest that significant
benefit in predicting RT response might be achieved by analyzing the information
contained within certain immune system and inflammatory blood biomarkers.
Additionally, the mid-treatment levels of a subset of these biomarkers contain significant
predictive information not present in the baseline observations; thus, it might prove
beneficial to continuously observe the change in the biomarker value in order to arrive
at a more dynamic and accurate picture of the patient response, thereby paving the way

towards a fully-personalized RT.
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Introduction

Today, more patient-specific data is routinely being collected throughout the radiation
therapy (RT) course than ever before. From diagnosis to follow-up, patients go through
several rounds of imaging, blood-draw, and physical examinations. The availability of
serial (bio)marker data has the potential to uncover important physio-biological
characteristics that were unknown at the beginning of the treatment, which in turn might
help RT personalization. Such information can not only guide the treatment adaptation
during RT, but can also facilitate timely and proactive response to complications after
RT, well before the onset of the symptoms. Despite this, very limited attention has been
given to systematically study the impact of such serial biomarker acquisition and how
much additional predictive value they might contain. Instead, most researchers have
adopted a rather “frozen” approach, in which treatment outcomes are solely estimated
using (mostly) baseline predictors, disregarding the potentially invaluable information

that might be collected during the RT course (1).

Liver is the most frequent site of cancer metastasis, with 60% of all primary tumors
metastasizing to liver (2). Radiation therapy is a major treatment option in metastatic
liver cancer, but potential liver damage remains a major dose-limiting factor. Therefore,
finding subgroups of patients with higher or lower tolerance of radiation dose might help
in identifying the favorable candidates for dose-escalation trials, while sparing the
radiation damage for the more radiosensitive patients. This can be accomplished by
personalized RT (3, 4).

In the case of liver metastasis RT, the literature on predictive biomarkers is relatively
sparse. Due to their relatively inexpensive, minimally invasive, and repeatable
acquisition, blood biomarkers are among the most studied biomarkers in liver cancer (5,
6). The systemic information provided by these biomarkers can potentially inform not
only about local disease status, but also about the body’s overall response to treatment.
Recently, we have reported the importance of baseline genotype information on
predicting local failure in liver metastasis stereotactic body RT (SBRT) (7, 8). However,
to what extent these and other potential (bio)markers of RT outcome might improve the

prediction accuracy remains unknown.



We aim at addressing this gap by systematically investigating the predictive and
prognostic potential of several classes of blood-based (bio)markers on liver metastasis
RT response. We are particularly interested in quantifying the informative value of these
biomarkers, both predictive and prognostic, and investigating whether they can improve
upon the predictions made at baseline using traditional predictors of response such as
tumor size, histology, and intra- and extra-hepatic disease burden. Specifically, our aim
is to provide a proof-of-concept for personalized liver SBRT using baseline and mid-

treatment biomarkers of radiation response.

Materials and Methods

Dataset

The clinical dataset is from a previously-reported phase Il single arm clinical trial of liver
metastasis patients (NCT01239381) (7). Eighty-nine adult (= 18 years old) patients with
1-4 hepatic metastatic lesions were included in the study. Median age was 68 years
(range: 34-89) and 62.9% (n=56) were male. Most frequent primary tumor site was
colorectal (n=34, 38%) cancer, followed by pancreatic (n=13, 15%) and
esophagogastric cancers (n=12, 13%). Chemotherapy was the most common prior
treatment received by the patients prior to RT initiation (n=75/85). All patients received

passively scattered proton SBRT in 5 treatment fractions. Median RT dose, accounting

for relative biological effectiveness of proton (RBE = 1.1), was 40 GyE (range = [30-50]).

Other information is,summarized in Table 1.

Study Endpoints

Given that the study population consisted of metastatic patients, RT response was
measured using one local and one systemic RT endpoints: one-year local failure (LF)
(which was the primary endpoint for the original prospective trial) was selected as the
RT-specific endpoint and two-year overall survival (OS) was chosen as the systemic
endpoint. Median follow-up time was 30.1 months (range = [14.7-53.8]), with one-year
LF rate of 24.71% and two-year survival rate of 38%.
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Baseline predictors of RT outcome
Dosimetric and clinicopathological markers studied were as follows:
e Dosimetric: mean liver dose (MLD), % of liver receiving over d Gy dose (Vd,d =
5,10, ...,35), and effective liver volume irradiated (V).
o Patient-specific: Age, sex, and baseline liver function (cirrhosis status and CP
score).
o Disease-specific: primary tumor site, number of hepatic metastasis, extent of prior
therapy, and relative (% of total liver volume) and absolute size of total gross

tumor volume (GTV).

Genetic markers

Additionally, the impact of baseline genotype information (GEN) on RT outcome was
evaluated. We specifically focused on two oncogenes which were previously reported to
be predictive of local failure in our current cohort (7). Baseline gene mutation data was

available for 64 patients.

Serial biomarkers of RT outcome

Systemic markers: CBC

Three CBC-derived indices were studied as global biomarkers of tumor outcome (i.e.,
0S): absolute lymphocyte count (ALC), absolute neutrophil count (ANC), and platelets
count (PLT). Additionally, two popular composite metrics were included in the analysis:
neutrophil-to-lymphocyte ratio (NLR) and platelet-to-lymphocyte ratio (PLR). These
inflammation indices have been often used as surrogates for immune system’s
response and associated with worse treatment outcome (9-13). CBC data was

collected at baseline, T0 (n=88), and mid-treatment (before fraction 4, T2, n=80).

Inflammatory markers: IPC

Three candidate plasma cytokines collected from peripheral blood were analyzed at T0
and T2 as potential biomarkers of local response to SBRT: interleukin (IL)-6, IL-8, and
tumor necrosis factor (TNF)-a. Both IL-6 and IL-8 are reportedly involved in hepatic

cancer metastasis (14-16), as well as in inflammatory response to liver injury (17, 18).



TNF-a has also been associated with liver metastasis through TNF-a-induced protein

(19). Fifty-five patients had IPC measurements at baseline and T2.

Predictive advantage of biomarkers

Assessing the predictive value of “new” biomarkers is a relatively established field in
statistics and epidemiology (20-23). The gist is to fit a predictive model on the data with
and without the new biomarker and assess the improvement in various goodness-of-fit,
discrimination, or reclassification measures. To assess the predictive value of each
biomarker class, first a baseline model was fitted using only the baseline predictors for
each endpoint (i.e., clinicopathological and dosimetric factors). The predictive value of
the new biomarkers was then assessed by adding them, one at a time, to the baseline
model, fitting a new biomarker-enhanced predictive model over the data, and analyzing
the impact on three main performance metrics: improvement in model fit was assessed
by increase in likelihood ratio (LR) 2. A model with better discriminating power
generally provides a greater variety of predictions, thus, increase in the predicted
variance (PV) was selected as another metric of interest. Finally, change in
discrimination power was assessed using area under the receiver-operating

characteristic curve (AUC).
Statistical Analysis

All analyses were performed on the open-source statistical software R version 3.5.1 (R
Project for Statistical Computing, Vienna, Austria). Univariate analysis was performed
using Cox proportional hazard and log-rank test for time-to-event outcome and Fisher’s
exact test and Wilcoxon rank-sum test for binary outcomes. Logistic regression was
used to build predictive models. A forward stepwise procedure was implemented to
select the final model. At each step, the covariate with the highest decrease in x? test p-
value was added to the model and the procedure was repeated until no further
improvement was achieved. To provide unbiased estimates of the performance metrics,
bootstrapping (24) was performed with 1000 repetitions, as recommended by (25).
Patients with missing data were removed from the analyses. Additionally, we removed
all observations with more than 2 days of delay in their treatment to minimize the effect

of timing of biomarker acquisition. Significance level was set at 0.05.



Results

Temporal change in biomarker expression

Between the baseline and the fourth fraction of SBRT, significant reduction was
observed in both platelet count (223.8 37 th/mm3vs. 190.0 37 th/mm3, p = 0.004) and
absolute lymphocyte count (1.37 th/mm3 vs. 1.01 37 th/mms3, p = 0.0002), while plasma
IL-6 levels increased from baseline to fraction 4 (2.83 vs. 3.35), however, this was not
deemed significant (p > 0.05). With respect to RT effect, only the expression of plasma
IL-6 and PLR were found to be significantly impacted by the delivered dose. On
average, plasma IL-6 level increased from the baseline level with increasing liver
volume irradiated above 5 Gy (V5). Patients with increased plasma IL-6 had received
significantly lower V5 compared to those whose mid-treatment plasma IL-6 concertation
decreased from baseline (33.43% vs. 46.78%, p = 0.01). Moreover, there was a
significant association between pre-treatment IL-6 level and GTV size, with patients with
larger tumor volumes (> median = 20.55 cc?) showing higher plasma IL-6 level at
baseline (3.88 vs. 1.74, p = 0.01). IL-6 level was not associated with any tumor

histologies.

Univariate analysis

Predictors of local failure

None of the clinicopathological and dosimetric predictors were significantly associated
with one-year risk of LF in the univariate analysis. As previously reported (26), mutation
in KRAS gene was a strong predictor of LF (hazard ratio [HR] = 2.92 [95% CI = 1.17-
7.28], p = 0.02). One-year LF rate was 69% vs. 31% in patients with and without KRAS
mutation. We did not observe any association between KRAS mutation and primary

tumor site (see Supplementary Table 5).

The most significant correlations among the IPC class were found between the plasma
level of IL-6 at baseline (HR = 1.15 [1.05-1.26], p = 0.003) as well as at fraction 4 (HR =
1.07 [1.01-1.13], p = 0.01). Higher concentration of plasma IL-6, both at baseline and at
T2 were associated with significantly worse local failure rate. Figure 1 shows the
Kaplan-Meier curves for one-year local control. Note the loss of biomarker information

(i.e., increase in p-value) upon discretization. Baseline and mid-treatment IL-6 kept their



significance even after accounting for GTV size (see Supplementary Table 7).

Complete results are presented in the Supplementary Table 1-4 and Figure S2.

Predictors of overall survival

Among the clinicopathological factors, both GTV volume and its percentage of the
whole liver volume were significant predictors of overall survival (HR = 1.003 and 1.01;
p=0.003 and 0.0005). V., was another significant predictor of OS, with an increase of
1% in V¢ leading to 1.7% increased likelihood of mortality at two years (HR = 1.017, p
=0.02). Additionally, patients with more intensive prior treatment (in terms of number of
chemo lines administered as well as overall chemo length, in months) had significantly
worse overall survival. Specifically, patients who had more than 3 lines of chemo and/or
whose prior chemo treatment had taken over 6 months, had poorer prognosis (HR =
1.77 [1.05-3.03], p = 0.03; and HR = 1.84 [1.07-3.14], p = 0.03).

Among the CBC-derived biomarkers, baseline levels of PLR, NLR, and ALC were all
significantly associated with OS (HR = 1.004,1.32, and 0.61; p = 0.004, < 0.0001, and
0.02). Patients with lower absolute lymphocyte count at baseline (< median = 1.1
th/mm3) had significantly higher incidence of mortality following SBRT (2-year OS rate =
25% vs. 54%, p = 0.0002).

Predictive benefit of adding biomarkers

Table 2% summarizes the results of the analysis of added predictive value. The details
of the final fitted models are given in the Supplementary Table 5. In predicting LF,
addition of genotype information and baseline IPC information led to an increase of
0.06, and 0.07 in AUC compared to baseline model (using only clinicopathological and
dosimetric factors). It also increased the variance of the predictions and improved model

fit (LR x?2). All these improvements were deemed statistically significant at « = 0.05.

Among the baseline biomarkers of OS, the addition of baseline CBC-derived biomarkers
only marginally improved the model’s predictive performance. Including mid-treatment
CBC-derived biomarker information, however, led to significant gains in predictive

performance across all metrics (p < 0.0001), increasing AUC from 0.72 in the baseline



model to 0.80. Figure 3, right panel, better illustrates these changes. Figure 4 shows the
gain in AUC by adding GEN, IPC, and CBC class biomarkers.

Discussion

Identifying patients with higher/lower liver radiosensitivity is an important step towards
personalization of liver RT, where outcome of treatment can be significantly improved
by administering higher focal dose for those patients who are deemed “radioresistant”,
while de-escalating the treatment course for more favorable responders. This crucially
depends on the reliability of pre- and mid-treatment biomarkers for predicting the long
and short-term RT response. A successful patient selection strategy can significantly
help with designing personalized clinical trials and/or improving the treatment outcome.
Our findings highlight the potential of several classes of blood biomarkers in identifying
patients with higher/lower risk of poor cancer outcome, which goes beyond the
traditional clinicopathological and dosimetric predictors.

Prior studies have reported the impact of larger tumor volume on increasing the risk of
local failure after SBRT in liver metastasis patients (27, 28). In contrast, we did not find
any significant association between tumor size and local failure, in line with the findings
also reported in (29, 30). Colorectal primary tumors had been identified as predictors of
more favorable local response after SBRT (31), an association our study failed to
confirm,_although this inconsistency might be due the sample size effect. No other

clinical or dosimetric factors were statistically deemed significant as predictors of local
failure, highlighting the challenge involved in predicting local response to SBRT using
conventional predictors and emphasizing the need for finding and validation of novel

biomarkers of local treatment response.

Our previous studies (7, 30) have demonstrated the significance of baseline genotype
information on identifying a highly radioresistant subgroup of patients (i.e., those with
mutations in both KRAS and TP53 genes). Although genotype information can indeed
be extremely valuable for patient selection, it is unlikely that it can be obtained for all
patients, mainly due to its acquisition cost. Further, it has been reported that KRAS-
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mutated tumors are extremely heterogenous (7, 32) and additional biomarkers are

needed to find subgroups of patients with more homogenous treatment response.

Our analysis revealed baseline and mid-treatment plasma levels of IL-6 as other
significant predictors of local failure after SBRT. Specifically, higher IL-6 levels at
baseline and again at mid-treatment were associated with worse local control. The mid-
treatment level of IL-6 seemed to possess significantly higher discriminative power (as
judged by Figure 1) compared to the baseline level, which, given that plasma IL-6
increased with dose, seems to suggest that mid-treatment level of plasma IL-6 contain
significant information about the effect of dose on treatment response, which is in line
with previous reports regarding its RT-induced enhancement mediated through
endothelial cells (33). Interestingly, plasma IL-6 levels increased with liver volume
irradiated with lower dose (V5), but not with dose. Although this might be rather
surprising, it's worth noting that the impact of low-dose bath (captured by V5-V10) on
hepatic toxicity and change in a number of liver enzymes has recently been reported
(34). Upon further analyses in our own dataset, we also found significant association
between both V5 and mid-treatment IL-6 increase, and hepatic toxicity in terms of Child-
Pugh score increase: specifically, we found that patients experiencing an increase in CP
score on average had higher mid-treatment plasma IL-6 (1.95 vs. 7.06; p=0.0003).
Together, these results might hint at a low dose-threshold for triggering IL-6 secretion,
which in turn might imply that the change in plasma IL-6 might be detectable at even

earlier fractions.

Unfortunately, despite the relatively high level of local control, overall survival rate in
liver metastasis patients remain poor. Generally, physicians would like to avoid
subjecting a patient with an extremely poor prognosis to the hardship of curative SBRT
and the potential subsequent treatment-induced toxicity. As such, finding reliable
prognostic biomarkers can be of great help when deciding on the best treatment option
for each patient. Unlike prior studies which identified primary tumor histology as a
significant prognostic factor for overall survival (27, 29), we did not find that to be the
case in our cohort. Instead, our investigations showed that the information contained

within regular CBC tests at baseline and during the SBRT course can be of help in this



regard. Specifically, we found that it is possible to stratify patients at baseline according
to the baseline ALC, PLR and NLR levels (see Figure 2 and Supplementary Figure S1,
left) obtained at baseline. Adding information on the change from baseline to fraction 4
further increased the inter-group discrimination (Supplementary Figure S1, right) and
improved response prediction (Table 21). Given the important role played by these
biomarkers in immunological processes (35-37), these reductions might reflect the
baseline status and the change in the immune system response due to irradiation,
which might have contributed to the poorer treatment outcome in patients with weaker
immune profile. Recently, our group reported that in a subset of hypofractionated liver
proton therapy (HPT) patients, lymphocyte depletion is predictive of overall survival,
hinting at a possible immunomodulation effect from HPT in hepatocellular carcinoma

patients.

Another important observation is the predictive advantage of mid-treatment biomarker
measurements. In majority of the analysis, addition of mid-treatment biomarker
information led to substantial improvement in predictive performance. Specifically,
models containing mid-treatment information generally better fitted the data, had wider
prediction variance (i.e., more subtle differences in patient risks could be detected using
these compared to baseline models), and higher discriminatory power. Increasing the
number of biomarkers can result in identification of higher number of patient subgroups,
provided that the biomarkers be reliable and predictive (3). This is better illustrated in
the Supplementary Figure S4, where addition of IL-6 at mid-treatment leads to the
identification of an extremely radioresistant subgroup of KRAS-mutated patients (local
failure rate = 100%, n = 3). Although the extremely small sample size prevents us from
relying too much on these results, the reported synergistic role of KRAS oncogene and
IL-6 mediated signaling in tumorigenesis and progression of pancreatic and lung

cancers (38, 39) might suggest an interesting avenue for further research in this area.

As a proof of concept, in Figure 5, we illustrate an example for how combining baseline
genotype information with mid-treatment plasma IL-6 measurement could result in
identifying four distinct patient subgroups in terms of their predicted LF. In such a case,

dose escalation might be worth considering for the most radioresistant group (patients



with KRAS mutated tumors and higher plasma IL-6 concentration after fraction 3), while
the more radiosensitive patients (those with wildtype KRAS gene and lower mid-
treatment plasma IL-6) might benefit from dose de-escalation. Of course, the realization
of this hypothetical case is predicated on the validation of the results reported in our
study in bigger and independent datasets. Ultimately, a combination of pre- and mid-
treatment biomarkers, coupled with a rigorous mathematical framework for dynamic

treatment plan adaptation are required for a truly personalized RT plan (1).

Despite the promising results, we should acknowledge the limitations of our study. First,
independent validation on an external cohort is an important next step towards
validating our findings. Towards this, we have arranged to collect necessary data for
validation in an upcoming prospective clinical trial for liver metastasis SBRT patients.
Second, we opted for a simple logistic regression as our predictive model, mainly due to
its popularity in clinical research and ease of interpretation. It remains to be seen
whether more sophisticated predictive models can improve these predictions; however,
any potential improvement in predictive performance will likely come at the expense of
the models’ interpretability and/or generalizability. By design, the analysis of added
predictive biomarker value is dependent on the choice of the underlying predictive
model and the calibration of the baseline model (40, 41). Unfortunately, currently the
field of liver metastasis SBRT lacks such well-calibrated models, especially for
predicting treatment response. Consequently, a well-calibrated baseline model, if
present, might make it harder for additional biomarkers to increase the predictive
performance. Lastly, we acknowledge that due to the high number of factors analyzed
and the limited sample size, the possibility of false positives due to multiple testing is
increased. It is therefore important to take that into consideration while interpreting our
findings.

Overall, our findings hint at few important observations: (i) potentially important
predictive information might be contained within the routinely-collected and often-
overlooked blood-based markers; (ii) even during the short course of SBRT (5
fractions), it is possible to (re)classify patients into responders and non-responders,

beyond what is possible before the treatment, using information contained in mid-



treatment serum or plasma levels of blood samples; though, due to the relatively short
course of SBRT, the turn-around time for laboratory analysis should be fast enough to

allow for timely treatment adaptations based on such (re)classifications.

Conclusion

We investigated the role of serial serum and plasma blood-based biomarkers in
predicting response to liver metastasis SBRT. The findings suggest that significant
benefit in predicting RT response might be achieved by analyzing the information
contained within certain immune system and inflammatory blood biomarkers.
Additionally, the mid-treatment levels of a subset of these biomarkers contain significant
predictive information not present in the baseline observations; thus, it might prove
beneficial to continuously observe the change in the biomarker value in order to arrive
at a more dynamic and accurate picture of the patient response, thereby paving the way
towards a fully-personalized RT.
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Figure 1. Kaplan-Meier curves for the 1-year local control rate among the study population, stratified according to the
expression of blood biomarkers. Statistical tests were performed using log-rank test. PLR = platelets-to-lymphocyte
ratio; IL6 = plasma interleukin 6; RT = radiation therapy. Mid-treatment plasma IL-6 level was measured before
fraction 4 of stereotactic body RT. Median values: PLR=175.71, baseline IL6 = 1.61 pg/ml, IL6-fraction 4 = 1.52

pa/ml.
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values using log-rank test for patient groups stratified over median value of the biomarker. CBC = complete blood
count; ALC=absolute lymphocyte count; ANC = absolute neutrophil count; PLR=platelets-to-lymphocyte ratio;

NLR=Neutrophil-to-lymphocyte ratio; RT = radiation therapy. Median values: Baseline ALC = 1.1 th/mm?3, baseline
ANC = 4.48 th/mm?, baseline PLR = 175.71, baseline NLR = 3.89.
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Figure 3. Bootstrapped predictive performance of the baseline model (without biomarker) and each biomarker-
enhanced model. From top to bottom: change in the predictive performance using likelihood ratio y*2 (LR), predictive
variance (PV), and area under the receiver-operating characteristic curve (AUC). All metrics are increasing with

improvement in model fit and predictive ability. Logistic regression was used for model prediction. SBRT =
stereotactic body radiation therapy; CBC = complete blood count; GEN = genetic; IPC =
cytokine; BL=baseline model; GEN=genomic biomarkers (green); IPC=inflammatory plasma cytokine (blue);

inflammatory plasma

CBC=complete blood count (red). T2= before fraction 4 of SBRT. Boxplot comparisons were performed using
Wilcoxon rank-sum test at significance level 0.05. Significance code = *: < 0.05; **: < 0.01; ***: < 0.001; ****: <

0.0001.
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Figure 4. Receiver-operating characteristic (ROC) curves for the predictive models developed for local failure (left)
and overall survival (right). The plot shows the incremental added value gained in terms of area under the curve
(AUC) by adding each class of biomarkers to the baseline predictors, as reflected in the vertical distance between
ROC plots. GEN = genetic biomarkers; CBC = complete blood count; IPC = inflammatory plasma cytokine; T2 =
fraction 4 of SBRT; BL = baseline. SBRT = stereotactic body radiation therapy.
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Figure 5. Schematics of dynamic patient stratification using baseline genotype information (i.e., KRAS mutation
status) and mid-treatment interleukin (IL) 6 concentration in blood (plasma). The actual local failure (LF) rate is written
for each patient group in blue,and is based on a small subset of patients who had both baseline genotype and mid-
treatment plasma IL-6 data available (n=36). OSRT, optimal stopping of radiation therapy: for patients who might not
benefit from treatment continuation, the treatment might be stopped to spare normal tissue or to switch to an

alternative treatment modality (see [1] for details).
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Table 1. Patient, treatment, and tumor characteristics. CRC, colorectal cancer; RT, radiotherapy; IQR, inter-quartile

L]

range; GTV, gross tumor volume; GyE, Gray equivalent.

Variable grouping All patients (n = 89) CRC (n=34) # of metastases =2 (n =
34)
Demographics
Age, median (range), years 67.6 (34-88) 72.7 (40-88) 66.06 (45-83)
Sex = Female, No. (%) 33(37.08) 10 (29.41) 11 (32.35)

Histology/primary site, No. (%)

CRC 34 (38.2) 34 (100%) 10 (29.41)

Pancreatic 13 (14.61) N/A 6 (56.15)

Esophagogastric 12 (13.48) N/A 4(33.33)

Liver 8(8.99) N/A 7 (87.5)

Lung 8(8.99) N/A 1(12.5)

Breast, duodenal, other 14 (15.73) N/A 6 (42.86)
Prior treatment, No. (%)

Chemo” 75 (84.27) 32(94.12) 25 (73.53)

Surgery” 43 (48.31) 26 (76.47) 17 (50.0)

RT* 44 (49.43) 30(93.75) 24 (70.59)

None 4 (4.49) 0 4(11.76)
Chemo duration, median (IQR), months 5(2-12) 5.5(3-11.75) 4(0.125-11)
Distance from last systemic therapy, median (IQR), months 2(1-7) 2(1-9) 2(1-3)
Longest tumor size, median (range), cm 3.4(0.8-11.9) 3.6 (1-11.3) 3.6 (0.8-11)
Size of uninvolved liver, median (range), cc 1593 (800-2577) 1642 (800-2401) 1617 (800-2225)
Effective treatment volume (Veff), median (range) 23.6 (0-93.4) 25.2 (0.2-93.4) 31.5(0.4-60.8)
Total dose to GTV, No. (%), GyE

30 7(7.9) 2(5.9) 3(8.8)

40 51 (57.3) 22 (64.7) 25 (73.52)

50 31(34.8) 10 (29.4) 6(17.64)

“ Including stand-alone and combination therapy
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Table 2. Analysis of the added predictive value of additional blood biomarkers.

Local failure
GEN IPC

BL BL + GEN BL BL + IPC.BL BL +IPC.T2
LR 9.51 17.17 13.33 26.95 26.95

[1.45-26.76] [3.61-39.07] [2.80-34.90] [8.02-57.17] [8.02-57.17]
PV 0.03 0.06 0.04 0.08 0.08

[0.005-0.086]  [0.02-0.11] [0.009-0.10] [0.02-0.13] [0.02-0.13]
AUC 0.73 0.79 0.77 0.84 0.84

[0.56-0.88] [0.64-0.92] [0.61-0.92] [0.70-0.96] [0.70-0.96]

Overall survival
GEN CBC

BL BL + GEN BL BL + CBC.BL BL + CBC.T2
LR 8.86 8.86 10.62 13.09 20.37

[1.49-20.38] [1.49-20.38] [2.27-21.96] [4.01-27.09] [8.04-37.88]
PV 0.04 0.04 0.04 0.05 0.07

[0.008-0.08] [0.008-0.08] [0.01-0.08] [0.02-0.09] [0.03-0.11]
AUC 0.72 0.72 0.72 0.75 0.80

[0.58-0.84] [0.58-0.84] [0.61-0.83] [0.63-0.85] [0.69-0.89]
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