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abstract

Emergency department visits and hospitalizations are common among people receiving cancer treatment, ac-
counting for a large proportion of spending in oncology care and negatively affecting quality of life. As oncology care
shifts toward value- and quality-based payment models, there is a need to develop interventions that can prevent
these costly and low-value events among people receiving cancer treatment. Risk stratification programs have the
potential to address this need and optimally would consist of three components: (1) a risk stratification algorithm that
accurately identifies patients with modifiable risk(s), (2) intervention(s) that successfully reduce this risk, and (3) the
ability to implement the risk algorithm and intervention(s) in an adaptable and sustainable way. Predictivemodeling is
a commonmethod of risk stratification, and although a number of predictive models have been developed for use in
oncology care, they have rarely been tested alongside corresponding interventions or developed with implementation
in clinical practice as an explicit consideration. In this article, we review the available published predictive models for
treatment-related toxicity or acute care events among people receiving cancer treatment and highlight challenges
faced when attempting to use these models in practice. To move the field of risk-stratified oncology care forward, we
argue that it is critical to evaluate predictivemodels alongside targeted interventions that addressmodifiable risks and
to demonstrate that these two key components can be implemented within clinical practice to avoid unplanned acute
care events among people receiving cancer treatment.

JCO Oncol Pract 18:127-136. © 2021 by American Society of Clinical Oncology

INTRODUCTION

People undergoing cancer treatment face risk of
treatment-related toxicities that can lead to unplanned
emergency department (ED) visits and inpatient hospital
stays.1 These acute care events account for a large
proportion of spending in oncology care,2 can lead to
incomplete or delayed treatment, and negatively affect
patients’ quality of life. The ongoing shift toward value- or
quality-based payment models within oncology has
created a need to focus on delivering effective and ef-
ficient care, in part by reducing acute care utilization.3-5

Risk stratification programs that identify patients at high
risk for adverse treatment–related events and provide
targeted interventions are an important strategy to re-
duce acute care utilization in oncology;6 however, the
integration of such programswithin care remains limited.

In this review, we argue that risk stratification programs
should consist of three components: (1) a stratification
algorithm that accurately identifies patients with
modifiable risk(s), (2) intervention(s) that successfully

reduce this risk, and (3) the ability to implement the risk
algorithm and intervention(s) in an adaptable and
sustainable way. Although multiple methods of risk
stratification exist, the use of predictive modeling has
rapidly gained popularity with a number of models
proposed for use among people receiving cancer
treatment.7-16 These models, however, have often not
been validated in practice, tested alongside corre-
sponding interventions, or considered implementation
challenges, hindering their incorporation into risk
stratification programs. The aims of this paper are to (1)
review published predictive models for adverse events
among people receiving cancer treatment, (2) illustrate
challenges faced when using these models in practice,
and (3) identify the critical foundation needed to move
the field of risk-stratified oncology care forward.

PREDICTIVE MODELING FOR ADVERSE EVENTS IN
ONCOLOGY CARE

We identified published papers describing the de-
velopment of 13 predictive models for adverse events
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during cancer treatment (Table 1). We included models
predicting treatment toxicity or acute care use, including
ED visits and hospitalizations. Models predicting other
outcomes, such as mortality, or those including people with
a cancer diagnosis but not currently receiving treatment
were excluded. Included models share many similarities;
however, they vary in target population and the nature and
scope of included predictors (Table 2).

Early models tended to focus on predicting treatment
toxicity.7-10 For example, Lyman et al7 developed a model to
predict severe or febrile neutropenia during the first cycle of
chemotherapy among patients with solid tumors or lym-
phoma. Their model included patient age, laboratory
values, cancer type, and chemotherapy regimen features
as predictors. Expanding on this model, the Chemo Toxicity
Calculator developed by the Cancer and Aging Research
Group (CARG) and the Chemotherapy Risk Assessment
Scale for High-Age Patients (CRASH) were developed to
predict risk of toxicity among patients with solid tumors
receiving any line of chemotherapy and patients with any
cancer diagnosis receiving first-line through fourth-line
chemotherapy, respectively.8,9,17 Unlike the model devel-
oped by Lyman et al, the CARG and CRASH models fo-
cused on older adults (age $ 65 and $ 70 years,
respectively), predicted risk of any serious treatment toxicity
over the full treatment course, and incorporated predictors
from a geriatric assessment (eg, a brief nutritional as-
sessment, the Mini-Mental Status Examination, and mea-
sures of instrumental activities of daily living). Each model
performed well (ie, c-statistics ranging from 0.659 and
0.837), and each performed similarly well when externally
validated in a second patient cohort. More recently, Feliu
et al18 unsuccessfully attempted to predict risk of toxicity
among patients with solid tumors age $ 70 years.

In general, predictive modeling among people undergoing
cancer treatment has shifted from a focus on treatment
toxicity to acute care events.11-16 This shift correspondedwith
increased data availability via electronic health records
(EHRs), incorporation of acute care events as a quality
marker in oncology care,5 and recognition that not all high-
grade toxicity is associated with equal clinical consequence.1

As with toxicity-focusedmodels, later models performed well
in terms of predictive ability11-16 and similarly varied in terms
of target population, treatment type, predicted outcome, and
number and type of predictors considered.

For example, models developed by Brooks et al and Feliu
et al focused on patients with solid tumors receiving first-
line palliative chemotherapy and any-line chemotherapy,
respectively.11,12,16 Hong et al13 included only people re-
ceiving outpatient radiation therapy. Conversely, the Pre-
diction of Acute Care Use During Cancer Treatment
(PROACCT) model14 and the model developed by Daly
et al15 included patients with any cancer diagnosis re-
ceiving any line of antineoplastic therapy. The scope of
therapies included also differed. The 2015 Brooks et al11

model and Feliu et al16 model considered traditional
chemotherapy only, whereas the PROACCT model also
considered targeted therapy14 and the Daly et al15 model
further considered immune therapy.

Although each model predicted acute care events, the
inclusiveness of the outcome events considered has var-
ied. The initial Brooks et al model11 predicted only
chemotherapy-related hospitalizations. The subsequent
models from Brooks et al12 and the Feliu et al16 model
predicted all-cause hospitalization, whereas the PROACCT14

and Hong et al13 models expanded this further to include all-
cause ED visits or hospitalization. More recently, the Daly
et al15 model focused on potentially preventable ED visits or
hospitalizations. The optimal outcome depends, in part, on
the overall goal of the risk stratification program. Yet focusing
on potentially preventable acute care visits,5 despite being
aligned with current oncology quality measures, may not be
as relevant to patients as all-cause acute care events.

Many models were developed using EHR data obtained
from a single organization, thereby not accounting for
events that occurred elsewhere. To minimize this limitation,
the Daly et al15 model excluded patients who lived more
than 30 minutes away from the institution. However, in-
creased distance to care has been associated with negative
patient outcomes,19 and thus, excluding more remote
patients may limit the ability of predictive models to identify
those at highest risk. The PROACCT model overcomes this
limitation as it was created using linked population-based
administrative and clinical databases in Canada that
capture more than 95% of health care services provided,14

albeit raising questions of applicability to US-based pop-
ulations who receive health care within a different context.

Regardless of the included patient population or predicted
outcome, the authors describe model development strat-
egies that varied along two dimensions: the number of
predictors incorporated and the use of data from only
structured EHR fields versus structured plus unstructured
EHR fields and/or clinical assessments. For example, the
Brooks et al12 model and the PROACCT model14 included
only two (ie, serum albumin and sodium levels) and three
(ie, patient age, previous ED visits, and treatment regimen-
tumor type) predictors, respectively, each of which was
available from structured EHR fields. On the opposite end,
the model developed by Daly et al15 used machine learning
with natural language processing (NLP) to include nu-
merous predictors obtained from both structured and
unstructured EHR fields. Other predictive models8,9 re-
quired data from clinical assessments that are not fre-
quently performed nor documented within EHRs.

PRACTICE-BASED EXPERIENCE IN USING PREDICTIVE
MODELS IN ONCOLOGY CARE

To our knowledge, among published predictive models for
adverse events during cancer treatment, only the Daly
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TABLE 1. Published Predictive Models for Adverse Events Among People Receiving Active Cancer Treatment

Model

Sample Size (No.) Population Characteristics Predicted Outcome

Data Source

Model Performance

Derivation
Sample

Validation
Sample

Age
(years) Tumor Type Cancer Treatment Event Time Frame Derivation

Internal
Validationa

External
Validationb

Lyman et al7 2,425 1,213 $ 18 Lymphoma,
colorectal, lung,
ovarian, or
breast cancer

Any line of
chemotherapy

Severe or febrile
neutropenia

During cycle 1 of
chemotherapy

Primary plus
secondary data
(structured
EHR)

C-statistic
0.83

Pseudo R2

0.34

C-statistic 0.81
Pseudo R2

0.349

Hurria et al8,16

(CARG)
500 250 $ 65 Any cancer

diagnosis
Any line of

chemotherapy
Grade 3-5 toxicity Through the end of

chemotherapy
course

Primary plus
secondary data
(structured
EHR)

C-statistic
0.72

10-fold
cross-
validation
C-statistic
0.72

C-statistic 0.65

Extermann
et al9

(CRASH)

331 187 $ 70 Any cancer
diagnosis, acute
leukemia
excluded

First- to fourth-line
chemotherapy

Grade 4 hematologic
and/or grade 3 or
4 nonhematologic
toxicity

Through 1 month
after
chemotherapy
completion or up
to 6 months total

Primary plus
secondary data
(structured
EHR)

C-statistic
0.65

Pseudo R2

0.10

Bootstrap
C-statistic
0.65

Pseudo R2

0.10

C-statistic 0.64
Pseudo R2 0.13

Grade 4 hematologic
toxicity

C-statistic
0.76

Pseudo R2

0.33

Bootstrap
C-statistic
0.77

Pseudo R2

0.34

C-statistic 0.65
Pseudo R2 0.18

Grade 3 or 4
nonhematologic
toxicity

C-statistic
0.66

Pseudo R2

0.11

Bootstrap
C-statistic
0.65

Pseudo R2

0.12

C-statistic 0.62
Pseudo R2 0.12

Hyman et al10 3,104 234 $ 18 Any solid tumor Treatment on a CTEP-
sponsored phase I trial
of cytotoxic or
molecularly targeted
agents alone or in
combination

Grade 4 hematologic
and/or grade 3 or
4 nonhematologic
toxicity

During cycle 1 of
treatment

Primary plus
secondary data
(structured
EHR)

Unadjusted
C-statistic
0.61

Bootstrap
C-statistic
0.60

C-statistic 0.64

Brooks et al11 438 None $ 18 Any solid tumor First-line palliative
chemotherapy

Chemotherapy-
related
hospitalization

Within 30 days of
most recent
chemotherapy

Secondary data
(structured
EHR)

C-statistic
0.73

Pseudo R2

0.23

Bootstrap
C-statistic
0.71

Hong et al13 5,383c 1,908d $ 18 Any cancer
diagnosis

Outpatient EBRT with or
without concurrent
chemotherapy,
immunotherapy, or
hormonal therapy

All-cause ED visit or
hospitalization

From day 2 of RT to
completion of RT

Secondary data
(structured
EHR)

C-statistic 0.798

(continued on following page)
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TABLE 1. Published Predictive Models for Adverse Events Among People Receiving Active Cancer Treatment (continued)

Model

Sample Size (No.) Population Characteristics Predicted Outcome

Data Source

Model Performance

Derivation
Sample

Validation
Sample

Age
(years) Tumor Type Cancer Treatment Event Time Frame Derivation

Internal
Validationa

External
Validationb

Brooks et al12 3,606 634 $ 18 Stage IV or
recurrent solid
tumor,
testicular and
head and neck
cancers
excluded

First-line palliative
chemotherapy or
tyrosine kinase
inhibitor

All-cause
hospitalization

Within 30 days of
initiating
treatment

Secondary data
(structured EHR
and tumor
registry)

Parsimonious
model: C-
statistic 0.69

551 Expanded
model: C-
statistic 0.71

Grant et al14

(PROACCT)
12,162 15,845 $ 18 Any cancer

diagnosis,
MPNs and
acute leukemia
excluded

Any line of antineoplastic
therapye

All-cause ED visit or
hospitalization

Within 30 days of
initiating systemic
therapy

Secondary data
(claims)

C-statistic
0.67

C-statistic 0.61

Daly et al15 8,067 1,211 $ 18 Any cancer
diagnosis,
leukemia
excluded

Any line of antineoplastic
therapy

Potentially
preventable acute
care visit

Within 6 months of
initiating
treatment

Secondary data
(structured and
unstructured
EHR)

C-statistic 0.65

Feliu et al16 493 None $ 70 Any solid tumor Any line of chemotherapy All-cause
hospitalization

Within 6 months of
initiating
treatment

Primary plus
secondary data
(structured
EHR)

C-statistic
0.72

NA

Abbreviations: CARG, Cancer and Aging Research Group; CRASH, Chemotherapy Risk Assessment Scale for High-Age Patients; CTEP, Cancer Therapy Evaluation Program; EBRT, external beam
radiation therapy; ED, emergency department; EHR, electronic health record; MPN, myeloproliferative neoplasm; NA, not available; PROACCT, Prediction of Acute Care Use During Cancer Treatment; RT,
radiation therapy.

aIncludes bootstrapping and 10-fold cross-validation performed on the derivation sample.
bValidation performed on a sample of patients different from the derivation sample, including the use of split sets.
cIncludes 6,107 courses of radiation.
dIncludes 2,027 courses of radiation.
eIncludes therapies approved in Canada through 2015 and does not include immunotherapy.
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TABLE 2. Conceptual Domains of Variables Included in Final Predictive Models

Model

Vitals and
Laboratory Test

Results
Cancer

Treatment
Sociodemographic
Characteristics

Cancer
Diagnosis

Other
Diagnoses

Previous
Medical Care

Use
Physical
Function

Concomitant
Medications

Other Patient-Level
Characteristics

Provider
Characteristics

Community
Characteristics

Lyman et al7 x x X x x

Hurria et al8,16 (CARG) x x X x x x x

Extermann et al9

(CRASH, combined
model)

x x x x

Extermann et al9

(CRASH, heme
model)

x x x

Extermann et al9

(CRASH, nonheme
model)

x x x

Hyman et al10 x x x

Brooks et al11 x x x x

Hong et al13 x x x x x x x x x x

Brooks et al13

(parsimonious
model)

x

Brooks et al13

(expanded model)
x x

Grant et al14

(PROACCT)
x x x x

Daly et al15 x x x x x x x x x x x

Feliu et al16 x x x x

Abbreviations: CARG, Cancer and Aging Research Group; CRASH, Chemotherapy Risk Assessment Scale for High-Age Patients; Heme, hematologic toxicity; Nonheme, nonhematologic toxicity;
PROACCT, Prediction of Acute Care Use During Cancer Treatment.
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et al15 model has been incorporated into clinical practice
with a targeted intervention—and then only within the or-
ganization in which the model was developed.20 Using this
model, the top 25% of patients were categorized as high-
risk and accounted for 35% of patients with potentially
preventable acute care visits and 51% of potentially pre-
ventable inpatient bed days in the first 6 months of treat-
ment.15 During the pilot program (InSight Care), patients
identified as high-risk via either the predictive model or
additional pre-established clinical criteria (eg, high-risk
comorbidities, high psychosocial distress, or provider-
identified barriers to care), were eligible for enrollment in
a remote management system including daily symptom
reporting.20 The program provided a dedicated team of
nurses and nurse practitioners for monitoring and man-
aging patient-reported symptoms. A feasibility pilot study
suggested that the program was acceptable to patients and
clinicians.20 Notably, despite the relative comprehensive-
ness of the predictors used, the majority (74%) of patients
enrolled in the program were identified for inclusion not via
the predictive model, but via clinician referral.

CHALLENGES IN USING PREDICTIVE MODELS FOR
RISK STRATIFICATION

The InSight Care feasibility study20 highlighted multiple
challenges in using available predictive models in routine
care. These challenges primarily center on practice inte-
gration and intervention tailoring.

Practice Integration

As evidenced by the diversity of predictors included within
models (Table 3), the risk of toxicity and acute care events
among oncology patients is driven by a complex interplay
between clinical, psychosocial, and other factors.21-24 Many
of these factors, such as performance status and measures
of frailty, are not routinely captured in a structured format
within EHRs and are therefore difficult to extract auto-
matically. Even when factors are captured in a structured
format, there can be important data limitations. For ex-
ample, medication and comorbidity information may be
inaccurate or incomplete among patients receiving care
across multiple institutions. Similarly, even when structured
fields exist within EHRs, like in the case of cancer stage, if
those fields are not routinely populated, then the ability to
expeditiously use data in predictive modeling is limited.

The results from the InSight Care pilot program illustrated
that even with the use of NLP to extract unstructured data,
including patient-reported outcomes (PROs) and infor-
mation from social work and nursing notes, most patients
enrolled in the program were not identified as high-risk via
the predictive model, but via clinical judgment.20 Further
complicating practice integration is the likely trade-off
between predictive model comprehensiveness and the
ability to operationalize its use. Incorporation of new
technology, like NLP, within the EHR is challenging,

requiring technical expertise and multiple stakeholder buy-
in. Arguably, simpler models may be more readily inte-
grated but also met by more stakeholder skepticism, de-
spite a lack of evidence that complex machine learning
algorithms afford superior predictive ability.

Additional challenges include not only provider but also
patient acceptability of such models, as well as the ability to
keep models up to date regarding therapeutic advances.
For example, the practice-based use of models that include
detailed treatment regimen information, such as the
PROACCT model14 and CRASH score,9 is hampered by the
speed with which new agents become available and must
be incorporated. The PROACCT model, which was pub-
lished in 2019, did not include chemotherapies or targeted
therapies introduced after 2015, or any immunotherapy.
Updating models to include new treatments is a time-
consuming task that requires multiple steps and consid-
erably limits dissemination into practice.

Intervention Tailoring

As demonstrated by validation testing, predictive models
can be highly accurate in identifying patients at risk of
adverse outcomes. However, model-generated scores do
not necessarily identify modifiable factors contributing to
the patient’s risk or the types of intervention(s) needed to
modify those risks, nor do models guide the intensity or
timing of intervention(s) or how that intensity may need to
change over time as modifiable risk factors intensify or
abate.

The InSight Care pilot program using the comprehensive
Daly et al20 model for risk stratification was used in con-
junction with one reportedly similar intervention for all
patients: intensive remote symptom monitoring. With so
many differing sources of risk and the interaction(s) among
these sources not fully understood, a more targeted ap-
proach focusing on individual patient modifiable risk factors
might be needed. Risk stratification methods other than
predictive models, such as the clinical criteria used for the
InSight Care pilot program,20 may be more transparent and
thus more useful in identifying the appropriate interven-
tion(s) for each patient. As the overall effectiveness of a risk
stratification program is inherently linked not only to the
ability of the predictive model (or other processes) to ac-
curately identify those at high risk but also to the ability to
intervene in ways that can effectively reduce those risks, it
will be important to learn from this pilot and other ongoing
work whether a one-size-fits-all or tailored intervention
approach is more effective at reducing acute care events.

Just as individual patients may require different types of
interventions, they may also require differing intensities of
the same intervention. A common challenge for programs
using PROs, including the InSight Care pilot program, is to
determine the optimal frequency of patient assessments
and communication of the results to oncology providers.25

More frequent assessments may become burdensome to
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TABLE 3. Variables Included in Final Predictive Models Within Each Conceptual Domain
Vitals and Laboratory
Test Results Cancer Treatment

Sociodemographic
Characteristics

Cancer
Diagnosis Other Diagnoses Prior Medical Care Use

Physical
Functioning

Concomitant
Medications

Other Patient-Level
Characteristics

Provider
Characteristics

Community
Characteristics

Blood
counts7,8,10-12,15

Antineoplastic agent
class7,10,11,13,15

Age7,8,11,13-15 Cancer
type7,8,13-15

Medical
diagnoses11,13,15,16

Prior ED visits13-15 ECOG PS9,10,15 Recent and/or active
medications7,13,15

Marital status13,15 Medical
oncology
service15

Zip code13

Renal
function7,8,10-12,15

No. of agents in
regimen8,10,11,15

Sex13,15 Stage15 Prior
hospitalizations12,13,15

Falls8,15,16 Decreased social activity
because of physical or
emotional health8

Radiation
provider13

Driving distance to
cancer center15

Liver function
tests7,10,12,15,16

Dose intensity
modification7,8,15,16

Race13,15 Specialty referrals15 Limited in
walking 1
block8

Geriatric screen15

Chemistries11,12,15 Regimen toxicity9,14-16 Ethnicity13,15 IADL score9 Requires help or unable to
take medications8

Blood pressure9,12,13 Prior radiation12,15 Mini-mental status9

Weight loss13,16 Treatment as
inpatient13,15

Mini Nutritional
Assessment9

Coagulation15 Prior chemotherapy7 Living arrangement15

Endocrine15 Radiation treatment
plan
characteristics13

Barriers to
communication15

Microbiology15 Primary G-CSF
prophylaxis7

Language15

LDH9 Hearing8

Tumor markers15 PROs15

Urine studies15 Pain score13

Any abnormal
laboratory test
results in 4 weeks
before RT start13

Illicit drug use13

Heart rate13 Alcohol use13

Hypoxemia13 Tobacco use13

Fever13 Sexually active13

BMI15 DVT risk15

Religion13

Others15

NOTE. Extermann et al9 model of hematologic toxicity included diastolic blood pressure, IADL, LDH, and chemotoxicity score; model of nonhematologic toxicity included ECOG PS, Mini-Mental Status,
Mini Nutritional Assessment, and chemotoxicity score; combined model of hematologic and nonhematologic toxicities included all of these variables. The parsimonious model developed by Brooks et al12

included albumin and sodium levels. The expanded model included these as well as creatinine clearance, absolute neutrophil count, total bilirubin, low platelet and/or white blood cell count, systolic blood
pressure, hospitalizations in the past 6 months, and radiation in the past 30 days.

Abbreviations: BMI, body mass index; DVT, deep vein thrombosis; ECOG PS, Eastern Cooperative Oncology Group performance status; ED, emergency department; G-CSF, granulocyte colony-
stimulating factor; IADL, instrumental activities of daily living; LDH, lactate dehydrogenase; PROs, patient-reported outcomes; RT, radiation therapy.
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both patients and staff, resulting in decreased completion
rates and alert fatigue. However, infrequent assessments
may not detect symptoms early enough to allow time for
mitigating intervention. Tailoring the intensity of interven-
tions to individual patients and their changing risks over
time not only may present additional implementation
challenges but may also allocate intervention resources
more efficiently across a larger patient population.

DISCUSSION

We found 13 published models predicting treatment-
related toxicity or acute care events among people un-
dergoing cancer treatment. These models incorporated a
wide range of predictor variables, most commonly patient
vitals or laboratory test results, treatment characteristics,
and sociodemographic characteristics. Each model dem-
onstrated comparable predictive accuracy and was advo-
cated for use in risk stratification programs by its
developers. Available models shared a general lack of
consideration for implementation practicalities during de-
velopment and, to our knowledge, apart from the Daly et al
model, are yet to be evaluated when partnered with specific
interventions. As a result, available models afford only one
of the three components likely necessary for a successful
oncology risk stratification program.

Despite calls for risk-stratified programming as a means of
improving oncology care quality, to date, there has been a
disconnect between predictive model development and
intervention development and testing. A predictive model
alone cannot alter a patient’s risk or prevent adverse
outcomes, rather these models must be combined with
and evaluated alongside targeted interventions to address
modifiable risk factors. Many different types of interven-
tions exist that could address sources of risk6 including
symptom monitoring,26-29 clinical navigation and care co-
ordination,30-32 patient-centered medical homes,33,34 health
coaching,35,36 integrated palliative care,37 and multidisci-
plinary geriatric care.38 Predictive models have been suc-
cessfully combined with interventions in other areas of
oncology care, including a recent randomized trial by Manz
et al demonstrating that linking an algorithm estimating
patient mortality with clinician-directed behavior nudges led
to an increase in serious illness conversations.39,40 This trial
could serve as a model for future studies evaluating the use
of predictive models with interventions designed to reduce
acute care events.

Given the diversity of factors identified by existing predictive
models as contributing to a patient’s overall risk of adverse
events, multiple types of interventions may be needed to
prevent such events among patients with cancer. Impor-
tantly, the selected intervention(s) must complement the
nature of the risk identified, the outcome predicted by the
model, and reflect the overall goal of the risk stratification
program. It may be that predictive models could be used as
screening tools to identify high-risk patients with additional

information collected from those patients to inform indi-
vidual intervention selection. Predictive models could also
be used alongside alternative methods of risk stratification,
such as clinical criteria, which may more readily identify
modifiable risk factors and needed intervention(s).

Beyond helping guide which patients are most in need of
intervention, predictive models may guide the intensity of
intervention(s). For example, high-risk patients could re-
ceive daily PRO assessments, whereas moderate-risk pa-
tients receive these weekly or at the start of each treatment
cycle. Although symptom monitoring with PROs has gained
popularity within oncology, to our knowledge, this is yet to be
paired with risk stratification to tailor assessment frequency
or inform which specific PRO measures are used. Practical
implementation of PROs across oncology patients has been
challenging thus far,25,41 and pairing PROs with risk strat-
ification may alleviate some of these challenges by reducing
the frequency of data collection and reporting for lower-risk
patients while maintaining high frequency for those most
likely to benefit from close monitoring. Regardless of the
specific process used, the goal of risk-stratified program-
ming is not only to predict an event that is preventable and
costly but also to intervene in a manner that alters the
modifiable factors contributing to that risk, thereby simul-
taneously enhancing the quality of life of patients.

Although linkage of predictive models with evidence-based
interventions is a pressing need to advance risk stratifi-
cation programs, model improvement is also warranted.
Existing models largely focus on patient-level clinical risk
factors, rarely considering the broader context within which
patients live and receive care. Yet multilevel factors, such
as a patient’s physical environment, social community, and
access to care, drive health outcomes and need to be
considered when both evaluating a patient’s overall risk and
designing accompanying interventions.42-44 Future efforts
could also be directed at developing adaptive risk models,
such as that developed by Csik et al,45 that can be applied
throughout the course of treatment and that incorporate
new information to provide a dynamic risk assessment.
Doing so will require more comprehensive data systems
that link patients’ care over time and across institutions with
important contextual information.

Finally, of equal importance to the predictive model and
corresponding intervention(s) is the ability to implement
both within clinical practice. This practical aspect of risk
stratification programs has received arguably the least at-
tention, yet it presents a significant hurdle to program
success. There are numerous logistical considerations
involved, including availability and accessibility of data
used as model predictors, financial and personnel con-
straints, model or intervention acceptability, and incorpo-
ration of the predictive model and intervention(s) into
existing workflows. Currently, some predictive models are
available as online tools.8,9,11,12 However, this requires a
provider to manually find and enter patient data outside of
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the EHR to calculate estimated risk, a time-consuming and
error-prone task. Integrating predictive models within
EHRs is likely critical to increasing their functionality and
use as part of risk stratification programs. Going forward,
partnering with experts in implementation science and
engaging patients and the diverse stakeholders knowl-
edgeable of and responsible for intervention development
and implementation are important strategies to overcome
these barriers.

In conclusion, predictive models, when combined with ap-
propriate interventions, offer potential benefits for oncology

risk stratification programs, including improved patient
experiences and outcomes as well as decreased costs. The
use of predictive models and risk stratification programs in
oncology care remains limited, primarily hampered by a
lack of linkage with evidence-based interventions targeting
modifiable risk factors and practical implementation chal-
lenges. To move the field forward, we advocate that pre-
dictive models are developed and tested alongside targeted
interventions addressing modifiable risks within contexts
that simultaneously consider practical implementation
strategies.
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