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abstract

PURPOSE Hospitalizations are a common occurrence during chemotherapy for advanced cancer. Validated risk
stratification tools could facilitate proactive approaches for reducing hospitalizations by identifying at-risk
patients.

PATIENTS AND METHODS We assembled two retrospective cohorts of patients receiving chemotherapy for
advanced nonhematologic cancer; cohorts were drawn from three integrated health plans of the Cancer
Research Network. We used these cohorts to develop and validate logistic regression models estimating 30-day
hospitalization risk after chemotherapy initiation. The development cohort included patients in two health plans
from 2005 to 2013. The validation cohort included patients in a third health plan from 2007 to 2016. Candidate
predictor variables were derived from clinical data in institutional data warehouses. Models were validated based
on the C-statistic, positive predictive value, and negative predictive value. Positive predictive value and negative
predictive value were calculated in reference to a prespecified risk threshold (hospitalization risk ≥ 18.0%).

RESULTS There were 3,606 patients in the development cohort (median age, 63 years) and 634 evaluable
patients in the validation cohort (median age, 64 years). Lung cancer was the most common diagnosis in both
cohorts (26% and 31%, respectively). The selected risk stratification model included two variables: albumin and
sodium. The model C-statistic in the validation cohort was 0.69 (95% CI, 0.62 to 0.75); 39% of patients were
classified as high risk according to the prespecified threshold; 30-day hospitalization risk was 24.2% (95% CI,
19.9% to 32.0%) in the high-risk group and 8.7% (95% CI, 6.1% to 12.0%) in the low-risk group.

CONCLUSION A model based on data elements routinely collected during cancer treatment can reliably identify
patients at high risk for hospitalization after chemotherapy initiation. Additional research is necessary to de-
termine whether this model can be deployed to prevent chemotherapy-related hospitalizations.

Clin Cancer Inform. © 2019 by American Society of Clinical Oncology

INTRODUCTION

Hospitalizations are a common, burdensome, and po-
tentially avoidable complication of cancer treatment.1-3

Hospitalizations are particularly common among pa-
tients with advanced cancer,4 with both cancer-related
symptoms and treatment-related toxicities as contribut-
ing factors.3 These hospitalizations are also costly, rep-
resenting the largest single component of Medicare
spending for patients with advanced cancer.5 Further-
more, there is emerging evidence that preempting or
avoiding complications that lead to hospitalization may
be associated with improvements in survival among
patients receiving cancer treatment.6,7

Cancer care providers and policymakers are in-
creasingly recognizing the importance of developing
new strategies to prevent hospitalizations. Alternative
payment models, such as the Centers for Medicare
andMedicaid Services Oncology CareModel,8,9 contain

financial incentives to enhance clinic-based, ambula-
tory care systems and prevent avoidable hospitaliza-
tions. A number of cancer-focused delivery system
innovations have shown promise for reducing hospi-
talizations during cancer treatment, including patient
navigation programs,10 proactive telephonic nursing,11

and electronic systems for between-visit symptom
reporting.6,12 Many of these interventions are resource
intensive, and targeting outreach interventions to pa-
tients at high risk for hospitalization has been iden-
tified as a key strategy for preventing unplanned
hospitalizations.13

Beyond the routine assessment of performance status,
risk stratification tools for identifying patients at risk for
hospitalization during cancer treatment are not com-
monly used. Hurria et al14,15 created a risk stratification
tool for identifying patients at increased risk for grade-
3-or-higher chemotherapy toxicity, an outcome that
can often lead to hospitalization. That risk stratification
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tool was developed in an elderly patient population and
requires geriatric assessment input variables that are not
routinely collected in the course of clinical care. Sepa-
rately, a proof-of-concept study showed that a model
using observable patient characteristics provided good
discrimination in predicting risk for chemotherapy-related
hospitalizations.16 Here we describe the development
and validation of a suite of novel risk stratification
models—relying exclusively on routinely collected clinical
and administrative data—to identify patients with ad-
vanced cancer at increased risk for hospitalization after
chemotherapy initiation. An accurate, validated model
using routinely collect data has the potential for wide
dissemination and application within electronic medical
records of US health care systems.17

PATIENTS AND METHODS

Overview

We sought to develop a suite of clinical prediction models
to evaluate the risk of hospitalization after chemotherapy
initiation among patients with advanced solid tumor
malignancies. The primary study outcome was all-cause
hospitalization within 30 days of chemotherapy treat-
ment, and we developed models for two overlapping
prediction periods. The first prediction period was the
30 days after the initial chemotherapy treatment day (day
1). The second prediction period was a 30-day interval
starting on the day of the first follow-up treatment visit
occurring 15 to 22 days after the first treatment day (day
N); in most cases, this was the second chemotherapy
visit. Candidate predictors were informed by a prior
study16 and were restricted to data elements initially
recorded as part of routine health care delivery (in
electronic health records [EHRs] and/or health plan
administrative data). Study conduct and reporting ad-
hered to the TRIPOD (Transparent Reporting of a mul-
tivariable prediction model for Individual Prognosis Or
Diagnosis) statement.18

Patients and Data Sources

We assembled two patient cohorts for this study; both
cohorts comprised patients receiving their first chemo-
therapy treatment for stage IV or recurrent solid tumor
malignancy. Patients were drawn from three Kaiser Per-
manente (KP) regional health systems that are founding
members of the Cancer Research Network (CRN)19:
Colorado (KPCO), Northwest (KPNW), and Washington
(KPWA, formerly known as Group Health Cooperative).
The CRN is a consortium of integrated health care systems
affiliated with the National Cancer Institute.20 Each of
these autonomous, community-based health systems
uses an Epic EHR. Although the regions share clinical
guidelines, patient care is coordinated at the community
level.21

Data used in this study were derived primarily from the
CRN-supported Virtual Data Warehouse (VDW). The VDW
contains administrative, EHR, and other clinical data that
have been extracted at each site.19,22 Cancer diagnoses
were obtained from the Virtual Tumor Registry component
of the VDW, which adheres to standards of the National
Cancer Institute SEER program and the North American
Association of Central Cancer Registries.23 The KPCO and
KPNW tumor registries (but not the KPWA registry) also
collect information about cancer recurrence among pa-
tients initially diagnosed with American Joint Committee on
Cancer stage I to III cancer. Oral and infused chemotherapy
treatments were captured in the VDW infusion, pharmacy,
and procedure files.24 Institutional review board approval
was obtained from all three sites.

The first of the two cohorts was used for model development
and included patients from the KPCO and KPNW regions
with stage IV or recurrent25 cancer diagnosed between
January 1, 2005, and December 31, 2013. We used
a second, independent cohort for model validation; this
cohort included patients from the KPWA region with
stage IV cancer diagnosed between January 1, 2007,

CONTEXT

Key Objective To develop and validate an approach for identifying patients at increased risk for hospitalization after initiation of
chemotherapy for advanced cancer.

Knowledge Generated We describe the development and external validation of three risk stratification models designed to
identify patients at increased risk for any-cause 30-day hospitalization after initiation of chemotherapy for advanced solid
tumor malignancy. A two-variable model using pretreatment sodium and albumin levels stratified patients into a high-risk
group (39% of patients, with a 30-day hospitalization risk of 24.2%) and a standard-risk group (61% of patients, with a 30-
day hospitalization risk of 8.7%).

Relevance The two validated risk stratification models described here can be used to identify patients at increased risk for
hospitalization during chemotherapy treatment. We encourage further study to confirm and update these risk stratification
models in an evolving ambulatory practice environment. Studies testing approaches for preventing hospitalizations in high-
risk patients are of particular importance.

Brooks et al

2 © 2019 by American Society of Clinical Oncology



and October 31, 2016. Chemotherapy use was captured
during the 180 days after cancer diagnosis.26,27 Patients
receiving chemotherapy for testicular cancer or che-
moradiotherapy for head and neck cancer were ex-
cluded, because these treatments can be administered
with curative intent, and our analyses were focused on
patients receiving palliative-intent therapies. Patients
receiving chemotherapy for all other solid tumor malig-
nancies were included in cohort selection.

Candidate Predictors of Hospitalization

Candidate predictors included in model development
were selected based on clinical expertise and prior evi-
dence of their association with chemotherapy-related
hospitalizations.16 The 15 candidate predictors were
age, systolic blood pressure, diastolic blood pressure,
pulse rate, creatinine clearance, sodium, calcium, albu-
min, total bilirubin, absolute neutrophil count, presence of
leukopenia and/or thrombocytopenia, multiagent (v sin-
gle-agent) chemotherapy, hospitalization in the 180 days
before chemotherapy initiation (categorized as 0, 1, or
≥ 2), receipt of radiation therapy in the 30 days before
chemotherapy initiation, and Charlson comorbidity score
(calculated from VDW utilization data, excluding points for
advanced cancer).28-30 Values for laboratory and vital sign
data were the most recent recorded results from on or
before the reference day of chemotherapy treatment. For
the development cohort, all laboratory and vital sign data
were from within a maximum of 30 days before the
treatment date. For the validation cohort, laboratory data
were from within a maximum of 13 days and vital sign data
were from within a maximum of 90 days before the ref-
erence treatment date. Creatinine clearance was calcu-
lated using the Cockcroft-Gault equation, using serum
creatinine and measured patient weight.31 Presence of
leukopenia and/or thrombocytopenia was defined as
a platelet count of fewer than 150,000 cells per microliter
and/or a WBC count of fewer than 3,800 cells per mi-
croliter; inclusion of this candidate predictor was based on
the findings of a prior study.16

Model Development

After identifying eligible patients for the development co-
hort, we used multiple imputation (five imputed data sets)
to develop complete data sets with no missing predictor
values. The entire development cohort was used to model
the risk of hospitalization in the first 30 days after che-
motherapy initiation. Modeling for the second prediction
period included the subset of patients from the develop-
ment cohort who had a return visit for a second chemo-
therapy treatment between 15 and 22 days after the initial
treatment date ("visit two"), without an intervening hospi-
talization. We examined several multivariable logistic re-
gression models to calculate the predicted probability of
hospitalization within 30 days of the reference chemo-
therapy treatment date for each of the two prediction

periods (models of two to 15 variables). With the multi-
variable logistic regression models, we used the least ab-
solute shrinkage and selection operator (LASSO) for
variable selection,32 using one of the imputed data sets and
employing a tuning parameter that maximized the 10-fold
cross-validation estimate of the C-statistic. We then eval-
uated several unique models with five complete imputed
data sets. After ranking models by their C-statistic, we
selected three high-performing models for validation (two
models from the first prediction period, and onemodel from
the second prediction period). Because many models had
similar discrimination characteristics, we used clinical
judgment and the parsimony principle to select the final
models for validation.

Model Validation

We used a complete case analysis for model validation,
excluding patients from the external validation cohort if they
had incomplete data for any of the predictor variables for
the selected model. We applied the models fitted in the
development cohort to the patients in the validation co-
hort, calculating the predicted 30-day hospitalization risk
from each model. We evaluated three main measures of
predictive performance: the C-statistic (ie, area under the
curve), the observed hospitalization rate of patients above
a high-risk cut point (positive predictive value), and the
observed hospitalization rate of patients below the high-
risk cut point (1-negative predictive value). We pro-
spectively assigned the high-risk cut point as the risk
threshold with 80% specificity in the development cohort.
We additionally report the sensitivities and specificities
observed in the validation cohort around this same cut
point. We evaluated model calibration visually, using
calibration plots.

RESULTS

The development cohort included 3,606 patients with
a median age of 63 years; all patients were retained for
model development, with imputation of missing data ele-
ments. The validation cohort included 634 evaluable pa-
tients with a median age of 64 years; an additional 387
eligible patients were excluded from the validation analysis
because of missing data (complete case analysis). Lung
cancer and colorectal cancer were the most common
malignancies in both cohorts; platinums, taxanes, and
fluoropyrimidines were the most common classes of che-
motherapy agents. Additional demographic and clinical
details of the study cohorts are listed in Table 1, and de-
scriptive statistics for values of candidate predictor vari-
ables are listed in Table 2. The risk of hospitalization in the
30 days after chemotherapy day 1 was 14.6% in the de-
velopment cohort and 14.7% in the validation cohort. The
30-day hospitalization risk after chemotherapy day N
(where N is the day of the first treatment visit between day
15 and day 22) was 10.5% in the development cohort and
10.0% in the validation cohort.

Hospitalization Risk Stratification in Advanced-Cancer Chemotherapy

JCO Clinical Cancer Informatics 3



Model development yielded three candidate models for
predicting the 30-day hospitalization risk. We selected two
candidate models for the day 1 period (the 30 days after
day 1) and one model from the day N period (the 30 days
after day N). Variables for the selected models are listed in
Table 3; the parsimonious day 1 model and the day N
model both contained the same two predictor variables:
blood albumin level and blood sodium level (both entered
as continuous variables).

Model discrimination for the two-variable (parsimonious)
day 1 model yielded a C-statistic of 0.69 (95% CI, 0.62 to
0.75) when tested in the validation cohort. After di-
chotomization by the predefined risk cut point, 38.5% of

patients were assigned to the high-risk group and 61.5% of
patients were assigned to the low-risk group. The 30-day
hospitalization risk was 24.2% (95% CI, 18.9% to 30.1%)
in the high-risk group and 8.7% (95% CI, 6.1% to 12.0%)
in the low-risk group (Table 4). Model calibration was
satisfactory, as shown in the calibration plot in Figure 1;
however, the model seemed to overestimate hospitalization
risk at lower levels of predicted risk. The nine-variable day 1
model exhibited modestly improved discrimination and
calibration compared with the two-variable model (Table 4;
Fig 1), although the larger variable set for this model
rendered 83 patients inevaluable because of missing data.
The day N prediction model showed moderate to poor
discrimination and calibration, with a C-statistic of 0.59
(Table 4; Fig 1).

DISCUSSION

We describe the development and validation of three
prediction models for estimating the risk of hospitalization
in patients starting chemotherapy for advanced cancer.
Twomodels for predicting hospitalization risk in the 30 days
after chemotherapy initiation showed good discrimination
and calibration. A third model for predicting hospitalization
risk after a subsequent chemotherapy treatment visit was
less successful. These models were developed and vali-
dated in independent cohorts, and the two validated
models can be implemented with use of data that are al-
ready routinely collected in the course of clinical care. As
examples of the output of the two-variable day 1 parsi-
monious model, consider two hypothetical patients with
metastatic colon cancer, both women in their 60s. For
a patient with serum albumin and sodium in the normal
range (albumin, 4.0 g/dL; sodium, 140 mmol/L), the model
predicts a 30-day hospitalization risk of 12%. For a second
patient with a serum albumin level of 3.0 g/dL and a sodium
level of 136 mmol/L, the predicted hospitalization risk is
23%. An interactive Web application and a downloadable
spreadsheet implementing these models are available
online.33

Because the objective of our analysis was risk stratification
rather than biologic inference, we did not explore the
mechanisms by which our predictor variables were related
to hospitalization risk. However, the predictors identified in
our models have good face validity as indicators of phys-
iologic status and prognosis in cancer. Low albumin levels
are a recognized marker of both poor nutritional status and
systemic inflammation, and albumin levels have been
associated with advanced cancer survival in a number of
cancer types.34,35 Mild to moderate hyponatremia (serum
sodium, 136 or 131mEq/L) has also been associated with
adverse survival among patients with cancer.36 Because
albumin and sodium are associated with prognosis in
cancer, and because they are routinely assessed and
documented in EHRs during cancer treatment, these pa-
rameters are well suited for use in risk stratification models
and clinical decision support tools.

TABLE 1. Demographic and Clinical Characteristics of Patients Receiving
Chemotherapy for Advanced Cancer

Characteristic
Development Cohort
(n = 3,606), No. (%)

Validation Cohort
(n = 634), No. (%)

Sex

Male 1,662 (46.1) 311 (49.1)

Female 1,942 (53.9) 323 (50.9)

Age, years

Median 63 64

22-49 462 (12.8) 57 (9.0)

50-64 1,537 (42.6) 262 (41.3)

65-74 1,046 (29.0) 199 (31.4)

≥ 75 561 (15.6) 116 (18.3)

Race/ethnicity

White 2,913 (80.8) 500 (78.9)

Black 118 (3.3) 32 (5.0)

Asian 90 (2.5) 47 (7.4)

Hispanic 217 (6.0) 24 (3.8)

Other or unknown 268 (7.4) 31 (4.9)

Site of primary cancer

Lung 946 (26.2) 198 (31.2)

Colon or rectum 531 (14.7) 95 (15.0)

Upper GI tract 500 (13.9) 58 (9.1)

Breast 492 (13.6) 38 (6.0)

Other 1,137 (31.5) 245 (38.6)

Cancer stage

IV 2,469 (68.5) 634 (100)

I-III, with recurrence 1,137 (31.5) —

Chemotherapy agents*

Platinum 1,966 (54.5) 420 (66.2)

Taxane 1,384 (38.4) 189 (29.8)

Fluoropyrimidine 926 (25.7) 168 (26.5)

Gemcitabine 409 (11.3) 88 (13.9)

Tyrosine kinase inhibitor 317 (8.8) 37 (5.8)

*Patients may receive chemotherapy agents from multiple classes.
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Although the concept of identifying patients at risk for
toxicity during cancer treatment is not new, our model is
one of few tools to focus on hospitalization risk, rather than
chemotherapy-related adverse events more generally. Ex-
amples of models for predicting chemotherapy toxicity
include the Chemotherapy and Aging Research Group
model, which uses 11 input variables to predict the risk of
grade-3-or-higher toxicity among adults age 65 years or
older (validation C-statistic, 0.65),15 and the CRASH
(Chemotherapy Risk Assessment Scale for High-Age Pa-
tients) score, which uses two distinct four-variable models

to predict the risk for hematologic and nonhematologic
toxicities (independently) among adults ≥ 70 years of age
(validation C-statistic, 0.65 for hematologic toxicity and
0.62 for nonhematologic toxicity).37 Both of these toxicity
models have been developed exclusively in elderly pop-
ulations, and both require input data that are not otherwise
collected as part of routine care. The PROACCT (PRe-
diction Of Acute Care use during Cancer Treatment) model
is a hospitalization model, using the same outcome of 30-
day hospitalization that we report here. That model has
been described in abstract form, using 11 variables and

TABLE 2. Descriptive Statistics for Candidate Predictor Variables

Candidate Variable

Derivation Cohort
(n = 3,606)

Validation Cohort
(n = 1,021)*

Median (IQR)† No. (%) Missing Median (IQR)† No. (%) Missing

Age, years 63 (16) 0 64 (14) 0

Systolic BP, mm Hg 125 (23) 85 (2.4) 124.5 (26) 105 (10.3)

Diastolic BP, mm Hg 73 (14) 86 (2.4)

Pulse rate, Hz 80 (21) 138 (3.8)

Creatinine, mg/dL‡ 0.89 (0.3) 406 (11.2) 0.8 (0.3) 272 (26.6)

Body weight, kg‡ 76 (25) 70 (1.9) 74.8 (26) 25 (2.4)

Sodium, mmol/L 139 (5) 868 (24.1) 137 (6) 342 (33.5)

Calcium, mg/dL 9.3 (0.8) 847 (23.4)

Albumin, g/dL 3.9 (0.8) 1250 (37.7) 3.7 (0.8) 350 (34.3)

Total bilirubin, mg/dL 0.5 (0.4) 361 (10.0) 0.4 (0.2) 346 (33.9)

WBC count, K/mL 7.7 (3.7) 0 8.3 (3.9) 252 (24.7)

ANC, K/mL 5.12 (3.14) 386 (10.7) 5.7 (3.3) 332 (32.5)

Platelet count, K/mL 281 (136) 375 (10.4) 287 (152) 258 (25.3)

Charlson comorbidity score†§ 0

0 1,685 (47) —

1 960 (27) —

≥ 2 961 (27) —

Multiagent chemotherapy† 0

Yes 2,233 (62) —

No 1,373 (38) —

No. of hospitalizations in 6 months
before chemotherapy†

— 0 0

No hospitalization 2,044 (57) — 538 (53) —

1 1,154 (32) — 358 (35) —

≥ 2 408 (11) — 125 (12) —

Radiation therapy in 30 days before
chemotherapy†

— 0 — 0

Yes 199 (6) — 172 (17) —

No 3,407 (94) — 849 (83) —

NOTE. Candidate variables not retained in any of the selected risk stratification models were not assessed for patients in the validation cohort.
Abbreviations: ANC, absolute neutrophil count; BP, blood pressure; mm Hg, millimeters of mercury; IQR, interquartile range.
*All eligible patients, inclusive of patients excluded from complete case validation analyses because of missing data.
†Categorical variables are shown as No. (%) of patients per category.
‡Creatinine clearance was calculated from creatinine, body weight, and sex using the Cockcroft-Gault formula.
§Charlson scores are modified to exclude points for metastatic cancer.
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TABLE 3. Logistic Regression Models to Predict Hospitalization Within 30 Days of Chemotherapy Delivery
Variable OR (95% CI) β Coefficient P

Day 1 parsimonious model

Albumin, g/dL 0.62 (0.51 to 0.77) −0.472 , .001

Sodium, mmol/L 0.93 (0.90 to 0.95) −0.075 , .001

Intercept — 10.392 , .001

Day 1 expanded model

Low platelets or WBC* 3.04 (1.18 to 7.82) 1.113 .021

Creatinine clearance, mL/min 0.99 (0.99 to 1.00) −0.006 .001

Albumin, g/dL 0.75 (0.60 to 0.93) −0.292 .01

ANC, K/mL 1.05 (1.02 to 1.08) 0.048 , .001

Sodium, mmol/L 0.94 (0.91 to 0.96) −0.064 , .001

Total bilirubin, mg/dL 1.07 (1.02 to 1.14) 0.071 .01

Systolic BP, mm Hg 0.99 (0.99 to 1.00) −0.007 .02

Hospitalizations in 6 months before chemotherapy† 1.21 (1.05 to 1.40) 0.193 .007

Radiation therapy in 30 days before chemotherapy 1.68 (1.17 to 2.40) 0.518 .005

Intercept — 9.063 , .001

Day N model

Albumin, g/dL 0.53 (0.38 to 0.73) −0.635 , .001

Sodium, mmol/L 0.89 (0.85 to 0.93) −0.114 , .001

Intercept — 15.867 , .001

NOTE. The day 1 parsimonious and expandedmodels predict risk of hospitalization in the 30 days after initial chemotherapy treatment (day 1).
The day N model predicts risk of hospitalization in the 30 days following a subsequent treatment visit occurring 15 to 22 days after day 1.

Abbreviations: ANC, absolute neutrophil count; BP, blood pressure; mm Hg, millimeters of mercury; OR, odds ratio.
*Platelets fewer than 150,000/mL and/or WBC count fewer than 3,800/mL.
†Categorized as 0, 1, or ≥ 2 hospitalizations in the prior 180 days.

TABLE 4. Discrimination and Risk Stratification Performance of Models for Classification of Hospitalization Risk Within the Validation Cohort

Parameter

Day 1 Parsimonious
Model

(n = 634)

Day 1 Expanded
Model

(n = 551)
Day N Model
(n = 441)

C-statistic 0.69 0.71 0.59

95% CI 0.62 to 0.75 0.64 to 0.77 0.49 to 0.69

Threshold for risk stratification, %* 18.0 18.0 14.0

Patients in high-risk group, % 38.5 39.0 32.9

Patients in standard-risk group, % 61.5 61.0 67.1

30-day hospitalization risk for high-risk group, % (PPV) 24.2 25.6 15.2

95% CI 18.9 to 30.1 19.9 to 32.0 9.8 to 22.1

30-day hospitalization risk for low-risk group, % (1-NPV) 8.7 7.4 7.4

95% CI 6.1 to 12.0 4.9 to 10.8 4.7 to 11.0

Sensitivity, % 63 69 50

95% CI 53 to 73 57 to 79 35 to 65

Specificity, % 62 61 67

95% CI 58 to 65 57 to 65 63 to 71

NOTE. The day 1 parsimonious and expandedmodels predict risk of hospitalization in the 30 days after initial chemotherapy treatment (day 1).
The day N model predicts risk of hospitalization in the 30 days following a subsequent treatment visit occurring 15 to 22 days after day 1.

Abbreviations: NPV, negative predictive value; PPV, positive predictive value.
*Risk thresholds associated with approximately 80% specificity in the development cohort.
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yielding a validation C-statistic of 0.65.38 A model to
evaluate for risk of hospitalization or emergency de-
partment visits during a course of radiation treatment (with
or without concurrent chemotherapy) was recently re-
ported, using a machine learning approach.39 That model
was developed at a single institution using a split-sample
development-validation approach and reported a C-statistic
of 0.80. Intriguingly, this model also identifies serum al-
bumin as an important predictor of acute care during
cancer treatment.

The models reported here compare favorably with the
CRASH and PROACCT models; however, each of these
models has different strengths and target populations.
Although the use of routinely collected data is an advantage
of our approach, collection of patient-reported data is
becoming easier and more common in the age of the
smartphone. As electronic symptom reporting enters rou-
tine practice, it seems likely that risk stratification models
will be improved by including patient-reported data. The
machine learning model for predicting acute care during
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FIG 1. Calibration of models for classification of hospitalization risk within the validation cohort. (A) Day 1 parsimonious model; (B) day 1
expanded model; (C) day N model. Each point represents a nonoverlapping stratum of patients ordered by predicted risk for hospitalization.
The diagonal line represents perfect calibration, where observed risk and predicted risk are identical. The day 1 parsimonious and expanded
models predict risk of hospitalization in the 30 days after initial chemotherapy treatment (day 1). The day N model predicts risk of hospi-
talization in the 30 days following a subsequent treatment visit occurring 15 to 22 days after day 1.
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radiation therapy is of considerable interest as well.39

However, caution is warranted in confirming the general-
izability of machine learning models in new clinical settings
and across time.40 Also, a black box problem can occur in
machine learning models, where the contribution of indi-
vidual predictors to a model prediction is opaque. This
opacity can pose substantial implementation and in-
terpretation challenges in real-world clinical settings. Re-
gression models are relatively simple, transparent, and
understandable and have a long history of use in medical
research and practice.

What purpose can be served by models such as these? The
most likely use for a model to predict hospitalization risk is
to identify patients who may benefit from especially close
follow-up after chemotherapy initiation. The reported
success of both patient navigator programs10 and patient-
reported outcome interventions6,12 has shown that pro-
active checkups between oncology clinic visits can prevent
(or reduce) hospitalizations, presumably through early
identification and management of clinical deterioration.
Patients with elevated hospitalization risk could also be
referred for concurrent palliative care, another intervention
with evidence for preventing hospitalizations.41 By pairing
a risk stratification tool with these and other supportive care
interventions, the resources of those interventions can be
targeted where they are most likely to serve a benefit,
enhancing the efficiency of care delivery.

A potential limitation to the generalizability of our findings is
that we conducted our study among patients insured
through integrated health plans in the United States, as

distinct from patients with fee-for-service health insurance.
Indeed, the 30-day hospitalization risk of approximately
15% that was seen in these cohorts is somewhat lower than
the hospitalization risk observed in other studies, which has
often exceeded 20% over the 30 days after chemotherapy
initiation.7,38 Therefore, it is likely that the risk threshold for
separating high- and low-risk subgroups will need to be
reevaluated in distinct clinical settings. Another limita-
tion of our study is that our findings predate the age of
immunotherapy. Checkpoint inhibitor immunotherapies
are transforming advanced-cancer treatment, and these
therapies carry adverse effect profiles distinct from those
of traditional chemotherapy agents. Whether our models
will retain their risk stratification properties in patients
treated with checkpoint inhibitor therapies is unknown.
However, cytotoxic chemotherapies remain a key com-
ponent of treatment of many advanced cancers, including
sometimes in combination with checkpoint inhibitors.

Given the limitations noted, we support efforts to validate
thesemodels in a range of care delivery settings and patient
populations. Validation studies will be facilitated by the
relative ease of use of our models, particularly the parsi-
monious two-variable model. Beyond additional validation
efforts, cancer care delivery research will benefit greatly
from studies that test the utility of validated risk stratification
models for guiding the use of supportive care interventions.
Until the findings of risk stratification tools can be shown to
translate into tangible benefits for patients, such as fewer
hospitalizations or reduced symptom burden, the potential
of such tools will remain unfulfilled.
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