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The desirability of applying precision medicine to the 
treatment of cancer has been of ongoing and expanding 
importance. Advances in molecular biology and genomics 
have enabled the discovery of specific somatic mutations, 
which are often strongly associated with targeted treatment 
response and have been pivotal in catalyzing a departure 
away from the “one size fits all” approach that has domi-
nated cancer therapy [1]. It became apparent that histologi-
cally similar cancers could vastly differ in their responses to 
a particular regimen. While oncologic precision initiatives 
focused on tumor control have led to improvements in cancer 
survival, the myriad of toxicities associated with anti-cancer 
drugs and radiation has also provided an opportunity for 
further individualizing care [2]. Just as individual’s tumor 
responses varied widely, so have patient’s toxicity profiles. 
Moreover, while many of these toxicities bear the same name 
as those associated with standard chemotherapy drugs, the 
behaviors are proving to be different and therefore require 
alternative mitigation strategies.

It has been a consistent observation that phenotypically 
indistinguishable patients may be vastly different in their 
susceptibility to a drug’s or radiation’s effects. A critical tox-
icity presenting in one patient may be completely absent in 
another person [3]. Historically, we have largely approached 

this observation in a reactive way: administer treatment, 
watch and wait, and then react to mitigate symptoms. Or 
conversely, play the odds. Rather than try to discern differ-
ential risk, treat every patient with an intervention under the 
assumption that the likelihood of a toxicity justifies the phys-
iologic and economic cost of treating a low-risk cohort. And 
finally, in treated patients, physicians have largely assumed 
that all patients respond to a given therapy in a similar way. 
Unfortunately, these approaches have resulted in high rates 
of dose-limiting toxicities, which in the curative setting can 
be profoundly important.

Alternatively, there has been increasing enthusiasm to 
develop methods which can accurately predict both an indi-
vidual’s toxicity risk profile and the likelihood that a spe-
cific intervention might be effective in mitigating a specific 
toxicity [2]. Risk prediction has often been associated with 
treatment intensity — more radiation, more toxicity; higher 
doses of a cytotoxic agent, more toxicity; concomitant chem-
oradiation and you hit the toxicity jackpot. But these associa-
tions are not, in fact, the same for everyone. It has become 
clear that factors associated with patient-related variables 
that impact biological response pathways, drug metabolism, 
and the microbiome in a confluent and interactive way are 
critical to determining toxicity risk and patients’ responses 
to therapy.

The recognition that patients’ genomes can markedly 
affect toxicity risk was noted years ago with the findings that 
DPD [4] and TPMT [5] deficiency were associated with high 
levels of fluoropyrimidine- and thiopurine-induced toxicity, 
respectively. Since then, multiple examples have been noted 
including UGT1A1 and irinotecan toxicity [6], NUDT15 and 
thiopurine toxicity [7], MTHFR [8] and SLCO1B1 [9] and 
methotrexate toxicity, CEP72 and vincristine toxicity [10], 
and many more. These discoveries paved the way for the 
application of pharmacogenomics as a conduit for toxicity 
risk prediction. But the number of patients affected by muta-
tions impacting cancer drug metabolism is small in com-
parison to the numbers of individuals who have markedly 
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symptomatic or cancer therapy-limiting toxicities. Nonethe-
less, variations in pharmacogenes can also impact response 
to several non-oncologic treatments, dozens of which are 
used as supportive therapies in cancer patients (e.g., antide-
pressants, antiemetics, antifungals, and opioids) [11]. Novel, 
albeit expensive, immunotherapies and targeted treatments, 
coupled with supportive care, are potentially financially 
toxic and deleterious to successful outcomes, especially if 
done in the absence of a proper assessment of patient risk.

In its broadest sense, “multi-omics” influences most 
patients’ systemic responses to both drugs and radiation. 
While one patient might have a robust biologic response to 
a drug or radiation challenge, the response to the same chal-
lenge might be tempered by genomics in someone else. And 
while genomics has largely been the headliner, it would be 
naïve to believe that individual genes act independently or 
that cells and their controlling mechanisms are not impacted 
by extrinsic elements like the microbiome and epigenome. 
The bottom line is that there are many moving parts that 
determine risk and response (the interactome). Clinical fac-
tors alone are important predictors of toxicity risk too, espe-
cially in vulnerable populations like the elderly (e.g., Cancer 
and Aging Research Group score) [12], or manifestations of 
cancer-related disease states like thrombosis (e.g., Khorana 
Risk Score) [13]. Notably, risk is dynamic and creates flu-
idity over time. How does a patient’s toxicity risk change 
over time? What biological, clinical, and behavioral factors 
influence risk? Is a patient’s response to a drug or radiation 
fixed or variable? Many questions, limited answers.

But we have come a long way in better understanding 
the potential role of omics in supportive cancer care. To 
date, much of the research (both pre-clinical and clinical) in 
this area has been dispersed across many journals. With the 
initiation of a new dedicated section, it is our goal to make 
Supportive Care in Cancer the preferred platform for manu-
scripts which address questions associated with precision 
medicine applicable to cancer regimen-related toxicities and 
improve clinical practice by applying personalized strategies 
to mitigate adverse outcomes.
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