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abstract

PURPOSE To create a risk prediction model that identifies patients at high risk for a potentially preventable acute
care visit (PPACV).

PATIENTS AND METHODSWe developed a risk model that used electronic medical record data from initial visit to
first antineoplastic administration for new patients at Memorial Sloan Kettering Cancer Center from January
2014 to September 2018. The final time-weighted least absolute shrinkage and selection operator model was
chosen on the basis of clinical and statistical significance. The model was refined to predict risk on the basis of
270 clinically relevant data features spanning sociodemographics, malignancy and treatment characteristics,
laboratory results, medical and social history, medications, and prior acute care encounters. The binary de-
pendent variable was occurrence of a PPACV within the first 6 months of treatment. There were 8,067 ob-
servations for new-start antineoplastic therapy in our training set, 1,211 in the validation set, and 1,294 in the
testing set.

RESULTS A total of 3,727 patients experienced a PPACV within 6months of treatment start. Specific features that
determined risk were surfaced in a web application, riskExplorer, to enable clinician review of patient-specific
risk. The positive predictive value of a PPACV among patients in the top quartile of model risk was 42%. This
quartile accounted for 35% of patients with PPACVs and 51% of potentially preventable inpatient bed days. The
model C-statistic was 0.65.

CONCLUSION Our clinically relevant model identified the patients responsible for 35% of PPACVs and more than
half of the inpatient beds used by the cohort. Additional research is needed to determine whether targeting these
high-risk patients with symptom management interventions could improve care delivery by reducing PPACVs.

JCO Clin Cancer Inform 4:275-289. © 2020 by American Society of Clinical Oncology

INTRODUCTION

Patients with cancer who receive chemotherapy average
two emergency department (ED) visits and one hospi-
talization per year.1 Several studies have quantified the
fraction of these hospitalizations that may be avoidable,
with estimates between 19% and 50%.2-5 Avoidance of
these hospitalizations has significant clinical implica-
tions because there is high morbidity and mortality
associated with acute care visits while on antineoplastic
treatment.6,9 The Department of Health and Human
Services (DHHS) has identified avoidable ED visits and
hospitalizations as a gap in care for patients with cancer
and plans to measure cancer hospital performance, in
part, on the basis of the frequency of these visits.7,8

New strategies are needed to reduce these po-
tentially preventable acute care visits (PPACVs).

Despite improvements in supportive care medica-
tions and a better understanding of the toxicities as-
sociated with antineoplastics, ED visits and admissions
for preventable conditions have grown.6,9 Handley
et al10 found that a key strategy for reducing PPACVs is
to identify and provide targeted interventions to pa-
tients at particularly high risk for these episodes. They
argued that risk stratification models can focus time,
resources, and effort on those most in need but that
current modeling techniques are in their infancy and
have not been used to improve patient care. Prior
models have assessed risk in specific populations,
such as geriatric oncology,11-13 phase I trials,14

advanced cancers,15,16 and patients receiving
chemoradiation,17 or have predicted a specific com-
plication, such as neutropenic fever,18 and thus lack
widespread applicability. Other models have predicted
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poor prognosis,19 in-hospital mortality,20 or all-cause
hospitalizations15,16,21 and thus have overlooked the op-
portunity to intervene meaningfully early in the course of
a patient’s treatment to prevent adverse outcomes. Al-
though they effectively mine certain sociodemographics
and clinical data, many of these models do not incorporate
the wealth of information retrievable from the electronic
medical record (EMR) through advances in machine
learning. Furthermore, recent models have not been in-
tegrated into clinical operations.

To begin to improve care for high-risk medical oncology
patients, we have developed a predictive analytic frame-
work with attention to the four barriers to useful clinical risk
prediction described by Shah et al22: thoughtful identifi-
cation of risk-sensitive decisions; model calibration; user
trust, transparency, and commercial interests; and data
quality and heterogeneity. Our aim was to predict PPACVs
so that these patients can be identified to receive earlier
clinical intervention and avoid the ED.

PATIENTS AND METHODS

This study received a waiver of informed consent from the
Memorial Sloan Kettering (MSK) Cancer Center institutional
review board.

Study Population and Outcome

The population used to develop this model included all
medical oncology patients who initiated antineoplastic
therapy at MSK from January 2014 to September 2018,
which encompassed new patients and those who were off
treatment for at least 6 months. Antineoplastic therapy
included receipt of any intravenous or oral cytotoxic, im-
munotherapeutic, or biologic agent. Consistent with the
Centers for Medicare & Medicaid Services quality measure,
we excluded pediatric patients and patients with
leukemia.7,8 To reduce the likelihood that patients sought
acute care through a non-MSK–affiliated center and,
therefore, were not captured in our analysis, we excluded

observations of patients who lived a driving distance .
30 minutes to the MSK Urgent Care Center (UCC). In total,
we excluded 47,448 of our observations (81.7%) on the
basis of these criteria.

We defined a PPACV as a UCC visit for a potentially pre-
ventable symptom; a list of potentially preventable symp-
toms has been published and defined elsewhere as
a symptom that could be managed safely in the outpatient
setting if the clinical team identified said symptom early and
managed it proactively.19 A visit with any nonpreventable
symptoms was labeled as negative. For example, if a patient
presented with nausea (preventable) and a stroke (not
preventable), the visit would not count as a PPACV. Staffed
24 hours a day, 7 days a week, the UCC is meant for acute
medical issues and is the central point of entry for un-
planned hospital admissions.23 The UCC acts like an ED,
and patients are admitted or discharged dependent on
symptom severity. To determine the UCC presenting
symptom, we extracted the EMR clinician-entered data
fields for chief complaint and primary diagnoses. We
previously determined that 66% of patients initiating
treatment who presented for a PPACV did so within the first
6 months of treatment. Therefore, the dependent variable
of our model was the occurrence of a PPACV within the first
6 months of treatment.

Model Design

The model was built using 270 observation-level features
from EMR data collected from the initial visit to first anti-
neoplastic order. Features were grouped into categories
that included sociodemographics, malignancy and treat-
ment characteristics, laboratory results, medical and social
history, medications, and prior MSK acute care encounters.
With respect to antineoplastic agents, we also created
variables for emetogenic risk on the basis of MSK anti-
emetic guidelines24 and for combination therapies, such as
regimens with chemotherapy and immunotherapy. The
EMR data for these features were imported from the

CONTEXT

Key Objective
Is it possible to develop a clinically relevant risk model that will predict which patients who initiate antineoplastic therapy will

present to the emergency department within 6 months for a potentially preventable condition?
Knowledge Generated
We developed and implemented a risk model that was refined to predict risk for a potentially preventable acute care visit

(PPACV) on the basis of 270 clinically relevant data features from the electronic medical record spanning sociodemo-
graphic and clinical characteristics. The top quartile of patients by risk accounted for 35% of PPACVs and 51% of
potentially preventable inpatient bed days with a positive predictive value of 42%.

Relevance
By flagging at-risk patients before the start of treatment through a prediction model integrated into clinical operations that has

a transparent, easy-to-understand clinician interface, we hope to be able to marshal resources to those patients most in
need of intensive symptom monitoring.
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institutional data warehouse, which is updated daily. We
extracted structured data through database queries and
unstructured data using natural language processing.
Numerical features, such as laboratory values, were
assessed as threshold or continuous variables. Threshold
variables, such as sodium, were dichotomized by the rel-
evant upper and lower limits of the normal range. Con-
tinuous laboratory variables included creatinine clearance.
To account for nonlinear relationships, continuous features
were discretized into quantile-based bins. The strategy for
imputing missing values was feature dependent (Appendix
Table A1). These features were then reviewed by a panel of
clinicians, including oncologists, oncology practice nurses,
and oncology nurse practitioners, at monthly intervals over
2 years to evaluate their clinical interpretability. Features
that lacked clinical interpretability, defined as the feature
being transparent and understandable to a clinician at the
point of care, were removed. Clinician feedback benefited

the model by providing improved feature accuracy, revising
feature look-back windows, incorporating new features that
were not considered by the data analytics team (eg, falls
risk), and ensuring clarity of feature names and definitions.
A data dictionary was built to enable clinicians to access the
definition and source of each feature within the EMR
(Appendix Fig A1).

Model Building

A time-weighted least absolute shrinkage and selection
operator (LASSO) model was selected for the transparency
it provides when reviewing both global and patient-level
model performance25 (Appendix). Observations were
weighted using the following equation: wi = e(–x/T), where x is
the number of days elapsed from the most recent date in
the training data. The scaling parameter T was tuned along
with the LASSO regularization parameter λ using the vali-
dation set. We also tuned and trained an XGBoost, an

TABLE 1. Demographic and Clinical Characteristics of the Training, Validation, and Testing Cohorts
Cohort, No. (%)

Characteristic
Training

(Jan 2014-Sept 2017)
Validation

(Oct 2017-Mar 2018)
Testing

(Apr 2018-Sept 2018)

No. of patients 8,067 1,211 1,294

Median age, years (quartiles) 63 (50, 71) 63 (50, 72) 63 (51, 72)

Sex

Female 4,797 (59.5) 711 (58.7) 766 (59.2)

Male 3,270 (40.5) 500 (41.3) 528 (40.8)

Race

White 5,452 (67.6) 794 (65.6) 857 (66.2)

Asian 978 (12.1) 165 (13.6) 166 (12.8)

Black or African American 847 (10.5) 133 (11.0) 141 (10.9)

Other 790 (9.8) 119 (9.8) 130 (10.0)

Disease

Breast cancer 1,626 (20.2) 251 (20.7) 270 (20.9)

Lung cancer 942 (11.7) 136 (11.2) 141 (10.9)

Colorectal cancer 677 (8.4) 102 (8.4) 116 (9.0)

Urinary, other cancer 528 (6.5) 74 (6.1) 99 (7.7)

Pancreatic cancer 456 (5.7) 58 (4.8) 78 (6.0)

Non-Hodgkin lymphoma 460 (5.7) 63 (5.2) 68 (5.3)

Ovarian cancer 442 (5.5) 65 (5.4) 61 (4.7)

Other 2,936 (36.4) 462 (38.2) 461 (35.6)

Antineoplastic agent

Intravenous chemotherapy 5,531 (68.6) 773 (64) 779 (60)

Immunotherapy only 409 (5.1) 100 (8.3) 89 (6.9)

Combination chemotherapy and
immunotherapy

22 (0.3) 18 (1.5) 28 (2.2)

Oral chemotherapy 1,766 (22) 276 (23) 335 (26)

Injection or other chemotherapy 339 (4.2) 44 (3.6) 63 (4.9)

Radiation within 14 days before chemotherapy 286 (3.5) 40 (3.3) 45 (3.5)
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implementation of a gradient boosted model, and a non–
time-weighted LASSO model for performance
comparison.26 To ensure generalizability of the model, the
data were split temporally, with the most recent 6 months of
observations used for the test partition and the previous
6 months used for the validate partition. Training data were
collected from January 2014 to September 2017. Given
operational constraints with regard to staffing and planned
use of the model for identification of patients for enrollment
in an intensive symptom monitoring pilot, the model tar-
geted the quartile of highest-risk patients. Thus, bothmodel
tuning and final performance were evaluated by the positive
predictive value for the top 25% highest output probabilities
rather than for the more traditional metric of area under the
receiver operator characteristic curve. To explain patient-
specific risk assessment, we created a clinician-facing web
application called riskExplorer, which displays the top 10
features that contribute to the predicted PPACV probability
for that patient. The ranking of features is generated using
the absolute value of the model’s feature coefficient mul-
tiplied by the feature value, thereby highlighting the fea-
tures with the greatest influence on a patient’s likelihood to
seek a PPACV.

RESULTS

Between January 2014 and September 2018, 10,572 new
antineoplastic therapy treatment starts were identified. The
cohort was divided among training (8,067 patients; 76%),
validation (1,211 patients; 12%), and testing (1,294 pa-
tients; 12%) sets. The demographics and clinical char-
acteristics of the overall population and the training and
testing sets are listed in Table 1. Median age was 63 years
and 59% (6,274 patients) were female. The most common
cancer diagnoses were breast (2,147 patients; 20%), lung

(1,219 patients; 12%), and colorectal (895 patients; 8%).
The most common symptoms that led to a PPACV in the
first 6 months after treatment initiation were pain (1,189
visits; 32%), fever (1,145 visits; 31%), and nausea/vomiting
(1,112 visits; 30%). Sixty-eight percent of PPACVs had
multiple potentially preventable symptoms. Symptom data
are listed in Table 2.

After clinician feedback and review, 270 features were
determined to be clinically relevant (Table 3). The cate-
gories with the most clinically relevant features with respect
to helping oncology teams to understand risk for a PPACV
included malignancy and treatment characteristics (77
features), medications (101 features), and laboratory
values (45 features). Elimination of features that were not
clinically interpretable did not decrease model per-
formance. The positive predictive value of the validation set
was 0.48 using all features compared with 0.49 using only
clinically relevant ones.

The C-statistic of the time-weighted LASSO model was
0.65. The validation performance of our time-weighted
model was compared with XGBoost (positive predictive
value, 0.50; C-statistic, 0.65) and a non–time-weighted
LASSO model26 (positive predictive value, 0.46;
C-statistic, 0.64; Appendix Table A2). For the testing set,
the positive predictive value of this model for new-start
antineoplastic patients at highest risk (top quartile) for
seeking a PPACV was 0.42 (baseline risk, 0.30). The model
had a lift of 39% over chance alone at identifying those
patients who will present with a PPACV. The top 25% of
patients in the testing set accounted for 35% of patients
with a PPACV and 51% of potentially preventable inpatient
bed days in the first 6 months of treatment. To assist with
operational considerations, a sensitivity analysis was

TABLE 2. Characteristics of PPACVs
Cohort, No. (%)

Characteristic
Training

(Jan 2014-Sept 2017)
Validation

(Oct 2017-Mar 2018)
Testing

(Apr 2018-Sept 2018)

No. of patients 8,067 1,211 1,294

Had a PPACV 2,961 (36.7) 376 (31.0) 390 (30.1)

Presenting symptom (for PPACV subset)

Pain 955 (32.2) 115 (30.6) 119 (30.5)

Nausea/vomiting/emesis 918 (31.0) 89 (23.7) 105 (26.9)

Fever 904 (30.5) 110 (29.3) 131 (33.6)

Dyspnea 587 (19.8) 79 (21) 64 (16.4)

Fatigue/weakness 355 (12.0) 58 (15.4) 36 (9.2)

Diarrhea 240 (8.1) 22 (5.9) 26 (6.7)

Neutropenia 209 (7.1) 31 (8.2) 32 (8.2)

Dehydration 192 (6.5) 9 (2.4) 14 (3.6)

Multiple presenting symptoms 2,034 (68.6) 247 (65.7) 258 (66.2)

NOTE. The percentages are not additive because a patient could have multiple presenting symptoms to the Urgent Care Center.
Abbreviation: PPACV, potentially preventable acute care visit.
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conducted to evaluate model performance at different
patient enrollment levels (Appendix Table A3). The model
was well calibrated as assessed visually and suggested no
evidence of poor calibration (Fig 1).

At the patient level, riskExplorer was integrated into the
EMR and generated an e-mail to the clinical team (Ap-
pendix Fig A2) that surfaced specific features for de-
termining a patient’s risk for a PPACV within the next
6 months (Fig 2). This clinician-facing application provided
the individual risk score for the patient as well as for their
quartile of risk relative to the population of patients starting
antineoplastic treatment.

DISCUSSION

To our knowledge, this report is the first of an operationally
implemented, clinically relevant risk prediction model that
identifies patients initiating antineoplastic treatment who
are most likely to require a PPACV. Compared with other
models that have identified patients at risk for toxicity during
cancer treatment (Table 4), our model differs in significant
ways with respect to the methodology, the target patient
population, the acute event of interest, and the clinical
implementation.11-18,21 The model described here is be-
spoke to our institution, which enables it to access the
richness of data in the EMR, including common elements
used in other risk models (eg, laboratory values like al-
bumin), and more unique features that were found to be

TABLE 3. Variables Used to Train Predictive Model

Category and Feature
No. of

Variables

Sociodemographics

Age 1

Body mass index 1

Ethnicity 1

Race 1

Language 1

Sex 1

Driving distance to MSK 2

Marital status 1

Living situation 4

Patient education: barriers to communication 1

Disease and treatment

Antineoplastic location (inpatient, outpatient) 1

Category of antineoplastic (chemotherapy,
immunotherapy, etc)

1

Therapeutic drug category 30

Antineoplastic order set 17

No. of antineoplastic drugs 1

No. of intravenous antineoplastic drugs 1

No. of oral antineoplastic drugs 1

Oral antineoplastic drug categories 4

Antineoplastic treatment modified 1

Emetic risk of antineoplastic drug(s) 1

Antineoplastic order set: No. of support drugs 1

Intravenous fluids before antineoplastic treatment 2

Malignancy diagnosis 1

Medical oncology service 12

Stage 1

ECOG PS 1

Radiation within 14 days before antineoplastic
order

1

Laboratory results

Chemistries 23

Coagulation 3

Endocrine 2

Hematology 2

Microbiology 3

Tumor marker 4

Urine studies 8

Medical and social history

Comorbidities 3

Falls risk 1

Deep venous thrombosis risk 1

(Continued in next column)

TABLE 3. Variables Used to Train Predictive Model (Continued)

Category and Feature
No. of

Variables

Mental health features (patient-reported
outcomes, psychiatry/social work notes, etc)

10

Pain features (patient-reported outcomes,
nursing notes, etc)

6

Positive geriatric screen 1

Social support 3

Medications

Prescribed medications 93

Active home medications 4

Any pain medication 1

Any nonopioid pain medication 1

Any opioid pain medication 1

Rare home medication 1

MSK encounters before initial antineoplastic
treatment

Urgent care presentations 2

Inpatient admissions 2

Specialty referrals 4

Total 270

Abbreviations: ECOG PS, Eastern Cooperative Oncology Group
performance status; MSK, Memorial Sloan Kettering.
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predictive, including referrals (eg, social work, palliative
care, referral for assistance with transportation), home
medications (eg, opioids), and patient-reported outcomes
(eg, feeling like pain relief not acceptable). Another dif-
ference is that we targeted all adult patients regardless of
age or intent of treatment and included patients receiving
therapies beyond chemotherapy, such as those treated
with immunotherapy and targeted agents. Our model also
serves a need expressly called for in the literature to identify
patients at risk for preventable acute care and not all-cause
acute care because these PPACVs might be more readily
avoided with intensive monitoring and management.21

Finally, a key strength of our model is that it was designed to
be clinically relevant and operationally implemented. We
were able to achieve this because we addressed the four
barriers to useful clinical risk prediction specified by Shah
et al22 and discussed here.

The first barrier is thoughtful identification of risk-sensitive
decisions. Prior research has established that PPACVs are
prevalent among patients with cancer, suggesting that
judging risk and marshalling resources to mitigate that risk
could be improved with better tools.8 At MSK, 1,154
(62.5%) of the 1,845 UCC visits in 2016 by patients ini-
tiating active treatment were for symptoms that could po-
tentially be safely managed on an outpatient basis if
identified early and addressed proactively.19 This is a risk-
sensitive decision given the costs and clinician/patient
burden of intensive monitoring on one side and the poor
outcomes associated with acute care on the other side. The
EMR provides little insight to guide decision making in this

context, and current care delivery models could benefit
from improved risk prediction for PPACVs.

The second barrier is importance of model calibration. The
building of our model for a clinical program, with known
resource constraints, allowed us to a priori train, tune, and
evaluate our model. We emphasized positive predictive
value at the upper quartile over the C-statistic to tailor the
model for the needs of a clinical program focused on high-
risk patients. Like Shah et al,22 we understood that poor
calibration can lead to harmful decisions and that model
assessment must consider constraints of the care
environment.27 At a 25% cutoff, our model succeeded in
identifying those patients who contributed 35% of PPACVs
and more than half of potentially preventable inpatient bed
days and did so with a precision of 42%. This allows us to
make decisions about how best to use resources for those
most in need to prevent suffering.

The third barrier is user trust, transparency, and com-
mercial interests. We needed to build trust because clini-
cians were enrolling high-risk patients identified by the
model into a new program of intensive monitoring. We built
this trust by including physicians and nurses throughout
the model-building process. In addition, by implementing
the riskExplorer, we provided clinicians with a view of the
drivers of each patient’s risk, which allowed us to further
engage providers. On the machine learning continuum, we
moved away from the black box approach, such as an
XGBoost model that provides a minor performance gain but
little insight, to an algorithm that produced a transparent
output that was easy for clinicians to understand and use in
practice.28,29 For example, in Figure 2, the features that
surfaced (referral to palliative care, oxycodone use, patient-
reported outcome of intermittent pain on presentation)
highlight that pain was an issue to be intensely monitored in
this patient. Clinicians were asked to review the model for
each patient, which allowed them to oversee and monitor
the model as a partner in patient care.29

This process of building trust in risk prediction models has
been used in other high-risk industries like child protective
services (CPS).30,31 Some CPS agencies use a predictive
analytics algorithm to identify the families most in need of
an intervention. The model is used to determine which calls
to investigate but not in the decision to remove a child from
the home. By introducing the model in this measured way,
the developers built trust with social workers. Like CPS, we
used artificial intelligence to screen for the patients most
likely to benefit from supportive services but not for dic-
tating treatment. We also avoided commercial vendors to
maintain the integrity and ownership of the data for our
patients and physicians.32

The fourth barrier is data quality and heterogeneity. To
limit bias and the effect of incomplete data on the
model, we had to understand and address issues as-
sociated with data quality and heterogeneity inherent in
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FIG 1. Probability calibration plot. The predicted risk for patients
seeking a potentially preventable acute care visit was binned and
evaluated using 10 evenly populated bins (deciles). Observed risk
is shown with 95% confidence. The solid line indicates perfect
correlation between predicted and observed risk.
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an EMR-driven model. An example was the effect of
driving distance on UCC visits. We analyzed a limited set
of Medicare data as a proxy and found that the distance
a patient lives from our UCC was proportional to his
or her probability of using that facility (Appendix Fig A3).
By limiting inclusion to patients with no more than
a 30-minute driving duration, we minimized the po-
tential impact of this bias. Furthermore, because of the
ever-changing nature of hospital data, we know that

heterogeneity is also a function of time. This is clearly
demonstrated by the drop in baseline risk of a PPACV
from 37% to 30% between our training and testing sets.
To account for this, we used two strategies. First, we
used a time-based data split to ensure that we evaluated
the performance and calibration of our model using
current data. Second, we used a time-weighting strategy
to tune and build our final model, which enabled us
to improve generalizability.

Stage

Intermittent

4

Oxycodone

Dexamethasone

Lab: Albumin

Lab: Platelets

Drug

Palliative Care Referral

CareQ/NHA: Anxious/Depressed/Hopeless
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Therapeutic Drug Category

CareQ/NHA: Pain Duration

Gastrointestinal Agents

High
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1
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November 21, 2018.
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Patient Example  69-year-old man with unresectable, malignant pleural
      mesothelioma starting carboplatin/pemetrexed.

FIG 2. The riskExplorer web application. riskExplorer provides the model explanation of the predicted patient-
specific probability of a potentially preventable acute care visit (PPACV) within 6months of starting antineoplastic
therapy. The top 10 features that contribute most to risk are displayed. A green bar indicates a coefficient that
reduces risk. A red bar indicates a coefficient that increases risk. The bar length indicates the strength of the
prediction. CareQ/NHA, patient-reported nursing clinical assessment completed at the patient’s initial visit;
ECOG, Eastern Cooperative Oncology Group.
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Our model has been piloted for. 1 year in 18 practices as
part of MSK’s InSight Care program.33 A goal of the InSight
Care program is to reduce PPACVs by using this predictive
model to identify high-risk patients and enroll them in
a cohort program that provides intensive symptom moni-
toring at home through a digital platform. Future studies will
examine the effectiveness of the InSight Care approach.

Our model has several limitations. Similar to other models
using EMR data, the risk prediction model we developed is
bespoke, meaning that it was trained specifically to fit the
data at MSK and, therefore, may not be generalizable to
other institutions.34 However, the learnings on how to de-
velop and implement a machine learning model that is
clinically relevant have generalizability in oncology and in
health care more broadly. Another limitation is that our risk
model is only predictive at the onset of antineoplastic
treatment. A dynamic prediction of risk throughout the

treatment course that incorporates patient-reported out-
comes might be valuable to providers. While this could be
a future iteration, we designed the model for our current
program needs. Finally, we lack an understanding of how
clinicians use and interpret the risk model in the clinic.
Additional qualitative research will be undertaken to probe
how oncologists perceive machine learning can be in-
tegrated into the workflow to assist them in risk-sensitive
decision making.

In conclusion, the DHHS has stated that improving pa-
tients’ quality of life by keeping patients out of the hospital is
a main goal of cancer care. Our risk prediction model is
intended to help us to achieve that goal by flagging at-risk
patients before the start of their treatment; providing
a transparent, easy-to-understand clinician interface; and
integrating the model into clinical operations to present this
information at the point of care.
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APPENDIX

Building the Predictive Model
1. Split the data into three sets: training, validation, testing. The testing

set consists of the past 6 months of data (April 2018-September
2018). The validation set consists of the 6 months before that
(October 2017-March 2018). The training set uses the remainder of
the data (January 2014-September 2017).

2. Select the best combination of the model hyperparameters T (time-
scaling parameter) and λ (least absolute shrinkage and selection
operator regularization parameter) by training the model using the
training set and evaluating using the validation set.

3. Build final model using the training set with the best-performing
hyperparameters and calculate performance using the testing set.
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Consult the
Data Dictionary

Reviewing patient
in RiskExplorer:

Notice an unfamiliar feature

Data Dictionary contains:
Possible Features, Values,

Descriptions, & Data Sources

Data Dictionary

Example from Data Dictionary

Review Need for InSight Care

Impact on Risk

TEST NAME
Low Risk (29.6% Probability)

for coming to the urgent care for potentially preventable symptoms in the next 6 months as of September 19, 2018.

During this pilot, MSK would like to enroll all Hight Risk patients and Lower Risk patients who meet override criteria.

InSight Cohort

Please review this patient’s need for InSight Care before the patient’s first chemo appointment September 20, 2018.

Drug in Past 30d
ranitidine

Therapeutic Category in Past 30d
HER2_inhibitors

Therapeutic Category in Past 30d
nutritional_products

Therapeutic Category in Past 30d
gastrointestinal_agents

Psychosocial Data in Past 1y
lives alone = Yes

Gender
F

Lab Subtest in Past 30d
Sodium = Normal

Lab Subtest in Past 30d
Albumin = Normal

Creatinine Clearance
65.22

AHS: Anxious/Depressed/Hopeless
Yes

What do these
features mean?
Where are the

data from?

Ready for Onboarding Move to Ineligible

– +

i

101 labs.creat_clearance.30d Creatinine Clearance NA Creatinine clearance based on most recent creatinine
level in the 30 days prior to chemo order, calculated
using the Cockcroft & Gault formula
(((140–age_yr)*(weight_kg))/
(72*serum creatinine_mg/dl)*(.85 if female)

Continuous

2 ahsform.anxious_depress
ed_hopeless.lastYes

AHS:
Anxious/Depressed/Hopeless

Yes "Patient states that during the past 2 weeks, they have
been" (a) bothered by feeling panicked and anxious for
(b) bothered by hopeless for (c) bothered by depressed
for or (d) by having little interest or pleasure in doing 
things for: more than half the days, nearly everyday, or
several days" on most recent Adult Health Screening

Categorical

Example from Data Dictionary

FEAT

NUM

FEATURE

NAME

DISPLAY

NAME

DISPLAY

VALUE

DESCRIPTION TYPE

x

FIG A1. Data dictionary. AHS, Adult Health Screening; MSK, Memorial Sloan Kettering; NA, not applicable.
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Name, MRN

Name, MRN

Dear Dr.

Please review the risk assessment of                                           to assess their
eligibility for InSight Care before their first chemotherapy appointment Jan 08,
2019.

Name, MRN

High Risk

of visiting the UCC for potentially preventable symptoms in the next 6 months
as of Dec 22, 2018.

Based upon the risk model run on Dec 22, 2018, this patient is deemed High Risk

(40.8% probability) for coming to urgent care for potentially preventable symptoms
in the next 6 months and should be enrolled in InSight Care.

Please select “Review Patient” to see the patient’s risk in detail and assign the
patient as either “Ready for Onboarding” or “Ineligible”. Patients assigned as
“Ready for Onboarding” must complete an education session with an Extended
Care Team member in order to be enrolled in the program.

If you have any questions about this email or the specifics of the InSight Care
program, please reply to this email or contact XXX-XXX-XXXX.

[40.8% Probability]

FEMALE| 62

For eligible patients, an

email is sent to the physician 

(with risk score and link to

electronic medical record)

InSight Care by Memorial Sloan Kettering Cancer Center

Name, MRN

Review Patient

InSight Care

Link to electronic medical record

Clinician Email

FIG A2. Clinician e-mail. UCC, Urgent Care Center.
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FIG A3. Driving distance to Memorial Sloan Kettering (MSK) and
probability of visiting the MSK Urgent Care Center (UCC). When we
investigated whether MSK patients were more likely to go to MSK or an
outside hospital emergency department (ED) or urgent care on the
basis of driving duration, we found that patients who lived within
30 minutes came to MSK approximately 79% of the time, compared
with using all patients where only 51% visited the MSK UCC. Driving
duration was based on patients’ addresses and Google Maps (Google,
Mountain View, CA)–estimated average driving duration on a weekday.
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TABLE A1. Strategy for Handling Missing Values
Feature Strategy

All logical (binary) features Assume as false when missing

All categorical features Label as unknown when missing

No. of inpatient stays in the past 2 years Assume value is 0 when missing

No. of inpatient days in the past 2 years Assume value is 0 when missing

No. of support drugs in the past 30 days Assume value is 0 when missing

No. of IV chemotherapy drugs in the past 30 days Assume value is 0 when missing

No. of oral chemotherapy drugs in the past 30 days Assume value is 0 when missing

No. of all chemotherapy drugs in the past 30 days Assume value is 0 when missing

No. of active home medications Assume value is 0 when missing

Emetic risk in the past 30 days Assume value is 0 when missing

No. of prior UCC visits in the past 2 years Assume value is 0 when missing

Last distress value Assume value is 0 when missing

Last pain intensity value Assume value is 0 when missing

No. of days from the last UCC visit For patients without prior UCC visits, use the maximum No. of days × 2

Creatinine clearance Impute as median from the training set

Patient body mass index Impute using the mode from the training set

Abbreviations: IV, intravenous; UCC, Urgent Care Center.

TABLE A2. Comparison of Performance Among Models
Model PPV (precision) Sensitivity (recall) AUC

Time-weighted LASSO 0.49 0.39 0.64

XGBoost 0.50 0.40 0.65

LASSO 0.46 0.37 0.64

Abbreviations: AUC, area under the curve; LASSO, least absolute
shrinkage and selection operator; PPV, positive predictive value.
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TABLE A3. Model PPV and Sensitivity at Different Patient Enrollment
Levels

Enrollment
PPV

(precision) Sensitivity (recall)

1.00 0.30 1.00

0.95 0.31 0.99

0.90 0.32 0.97

0.85 0.33 0.94

0.80 0.34 0.91

0.75 0.35 0.87

0.70 0.36 0.84

0.65 0.37 0.80

0.60 0.38 0.75

0.55 0.39 0.71

0.50 0.39 0.65

0.45 0.40 0.59

0.40 0.40 0.54

0.35 0.41 0.48

0.30 0.43 0.42

0.25a 0.42 0.35

0.20 0.45 0.30

0.15 0.47 0.24

0.10 0.50 0.17

0.05 0.54 0.09

Abbreviation: PPV, positive predictive value.
aAt a 25% risk cutoff, the model has a PPV of 0.42 and a sensitivity of

0.35.
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