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Aim: An augmented intelligence tool to predict short-term mortality risk among patients with cancer could
help identify those in need of actionable interventions or palliative care services. Patients & methods:
An algorithm to predict 30-day mortality risk was developed using socioeconomic and clinical data from
patients in a large community hematology/oncology practice. Patients were scored weekly; algorithm
performance was assessed using dates of death in patients’ electronic health records. Results: For patients
scored as highest risk for 30-day mortality, the event rate was 4.9% (vs 0.7% in patients scored as low
risk; a 7.4-times greater risk). Conclusion: The development and validation of a decision tool to accurately
identify patients with cancer who are at risk for short-term mortality is feasible.
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In recent years, artificial intelligence (AI), the capability for machines to mimic intelligent human behavior, and
its application in machine learning (ML), which allows systems to learn from data and experience without explicit
programming, have demonstrated their ability to improve healthcare delivery in a myriad of ways. AI and augmented
intelligence (the use of AI to aid rather than replace human decision-making) have found many applications in
oncology, from improved accuracy in diagnosis through radiographic image analysis to the ability to predict cancer
treatment toxicity [1,2]. Despite these advances, the application of AI and ML to identify patients at risk for shortterm mortality who could benefit from either an intervention to modify actionable clinical factors or a referral to
palliative care services has received little attention.
While cancer accounts for a significant proportion of deaths in the USA each year, many patients with a
diagnosis of cancer die of non-cancer causes [3]. Cancer treatment itself is associated with complications that can
be life threatening, including tumor lysis syndrome, febrile neutropenia and sepsis [4–6]. In addition to the risks to
individual patients, emergency department visits and hospitalizations related to these complications also carry a
considerable financial burden [7]. The ability to proactively identify these patients could facilitate early intervention
and resolution of reversible complications.
For patients with cancer who are approaching end of life (EoL), early palliative and hospice care referrals result
in improved quality of life and symptom management [8,9]. In contrast, aggressive, life-sustaining EoL care can
conflict with patient preference and result in lower quality of life, family perceptions of poorer quality of care,
and greater regret about treatment decisions [10]. Earlier referral also represents an opportunity to transform cancer
care by reducing the potential for unnecessary, toxic and expensive treatments at EoL. The American Society of
Clinical Oncology clinical practice guidelines recommend that palliative care be integrated into standard oncology
care for patients with advanced cancer [11]. Additionally, the proportion of patients who died from cancer who
received chemotherapy in the last 14 days of life, and the proportion who died from cancer who were admitted to
hospice for fewer than 3 days, are quality measures endorsed by the National Quality Forum [12]. Many physicians
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delay advance care planning and EoL conversations until patients are in the terminal phase of life [13]. The ability
of physicians to predict mortality varies greatly and has been demonstrated to be largely inaccurate [14–16]. Existing
mortality risk models often only include clinical factors already known to clinicians (e.g., Eastern Co-operative
Oncology Group performance status, stage, cancer type and number of comorbidities) and identify patients
whom clinicians are already aware of as being at risk [17,18]. However, various sociodemographic and geographic
factors can also impact outcomes of patients with cancer beyond clinical factors. The impact of such nonclinical
factors upon mortality in patients with cancer is an area of active research.
The aim of this study is to demonstrate that a commercially available AI tool can provide clinicians with
insight into which patients with cancer are at the highest risk of mortality in the next 30 days. We developed
and validated a ML model at a large community oncology practice in the Pacific Northwest of the USA utilizing
clinical, environmental and behavioral data and information on social determinants of health. An objective decision
support tool could assist providers in identifying patients who would benefit from a goals of care assessment and
palliative and/or hospice consultation.

Patients & methods
Patient sample

A total of 3671 patients were selected from a deidentified database representing a large community-based
hematology/oncology practice in the USA. The practice had 21 healthcare providers and saw >4300 unique
patients per month during the period of study. Clinic locations represented both urban and rural areas of Washington State. An active patient registry was defined as distinct, living patients (≥18 years old) who had at least one office
visit in the last 2 years (between 1 September 2017 and 31 August 2019; n = 14,321), had an oncology ICD-10
diagnosis code (n = 4586), had an office visit with an oncology provider during the time frame (n = 4338) and were
scored by the model (n = 3671). Two subpopulations were derived from the overall sample with the aim to better
identify active, current oncology patients: subpopulation A, consisting of patients ≥18 years old with an oncology
diagnosis and at least two office visits in the last 180 days; and subpopulation B, consisting of patients ≥18 years
old with an oncology diagnosis and at least one office visit in the past year. The data utilized in this study did not
include any patient identifiers that met the standard for non-exempt research as defined by US federal regulation
45 CFR 46, and the Cardinal Health Specialty Solutions Ethics Committee ruled that no formal ethics approval
was required.

Data sources

The sole data source for this study was a deidentified database that included electronic health record (EHR) data,
billing data and socioeconomic determinants of care (including behavioral data). Clinical and billing data were
collected directly from the practice’s EHRs. Clinical data were included if they had been recorded within 12
months of the date of scoring socioeconomic determinants, and mortality events were matched to individuals prior
to deidentification. Socioeconomic elements had previously been collected from publicly available sources such as
the US Census Bureau, US Department of Agriculture and the National Oceanic and Atmospheric Administration.
The full census dataset was considered by the model, including poverty, income, household size, transportation,
employment and neighborhood characteristics. A few data elements are unclear in the government references
(neighborhood in-migration, group living quarters and purchasing channel preference). Respectively, these are:
the percentage of households which have moved to the neighborhood in the last 12 months; individuals living
in college residence halls, residential treatment centers, skilled nursing facilities, group homes, military barracks,
correctional facilities and workers’ dormitories; and how individuals shop – for example, over the internet [19].
Behavioral data had been purchased from third-party data vendors such as Acxiom, Experian and Transunion.
Individual behavioral data included elements such as history of internet searches on health conditions, purchasing
channels and life stage. All purchased data are indexes indicating preferences and no transactional-level data was
used. The purpose of the behavioral data is to enhance the model with individual preferences and behaviors.
Publicly available data had been collected at the census tract level and behavioral data had been collected at the
individual level. Race was defined by the race information provided by the practice in its billing data.
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Outcome measures

The principal outcome measure of this study was mortality at 30 days. An individual’s mortality event was pulled
from the EHR and from the Social Security Administration’s master death file [20]. Secondary outcomes included
mortality at 60, 90 and 180 days.
Data standards

Standard claim ontologies were used for billing data. Discrete clinical data, publicly available data and purchased
data were used in their native form without transformation [21].
ML approach

The AI approach is a commercially available clinical AI solution, the Jvion CORE, which uses an n-dimensional
eigenspace approach. Each patient is mapped to relevant eigen clusters [22–24]. A supervised continuous learning AI
layer optimizes the ML techniques used in each cluster to calculate an individual’s most likely future trajectory in the
eigen space. The algorithm is inclusive, and all known features are considered when the trajectory is calculated. An
individual’s risk is determined by the likelihood that their projected trajectory will intersect with a high-mortality
cluster.
Patients positioned in the eigenspace and cluster membership are continuously adjusted as new data are added [25].
This continual fine tuning enables the localization and ongoing performance improvements that are characteristic
of ML technology. The technique to identify relevance of patients is similar to identifying signal-to-noise ratio
in signal processing systems [26]. The results of this approach have been shown to change clinician behavior and
improve outcomes in other clinical areas, such as 30-day readmissions [27].
The algorithm was initially developed on a historic dataset of 103,468 patients from four oncology practices
representing 1557 total features and validated using a 75% training, 25% testing approach. The oncology practices,
one of which is part of the prospective validation described here, are located throughout the USA: two in the
southeast, one in the southwest and one in the northwest. The train timeframe was 1 January through 30 June 2017,
and the test timeframe was 1 July through 31 August 2017. Patients were duplicated in the test and train populations
and were scored approximately 5.4× in the train portion and 2× in the test portion. The area under the curve
(AUC) for the train model was 0.95 and the AUC for the test model was 0.92. To prospectively assess the accuracy
of the approach, all active patients (defined as oncology patients ≥18 years old who have seen any oncology
provider at one of eight clinic locations between 1 September 2017 and 31 August 2019; n = 3671) were scored
for the month of September 2019. All patients meeting criteria were scored weekly during September 2019, with
the highest risk during the month used for the prospective validation. Mortality and date of death were defined
based on the ‘date of death’ field being completed in the practice’s EHRs and/or the patient being listed in the
Social Security Administration’s master death file. Prospective validation only included patients from one practice,
Northwest Medical Specialties.
Analysis

The performance of the ML algorithm to predict which patients would have a primary outcome was determined
prospectively based on notation of death in the EHR. The AUC for the receiver operating characteristic was
calculated for both the primary outcome of 30-day mortality and the secondary outcomes of mortality at 60,
90 and 180 days. The sensitivity and specificity were calculated in the testing set for the primary and secondary
outcomes using a threshold of the top 5% highest-risk patients as the at-risk population. This threshold was set
based on operational considerations of the number of patients clinicians could evaluate as well as to identify and
prioritize the highest-risk patients. The highest-weighted features at the individual level were also determined and
aggregated across the population to determine the features most associated with determining risk.
Results
The characteristics of the study populations are presented in Table 1. In the overall patient population (n = 3671
patients), the mean age was 68.4 years, and 54.8% of the patients were female. The majority of the patients
were Caucasian (55.1%). The most prevalent cancer diagnosis was breast cancer (13.8%), followed by lung cancer
(13.0%) and lymphoma (9.6%). Among the patients flagged by the algorithm as being at risk for mortality within
30 days (top 5%; n = 202 patients), the mean age was 68.4 years, 52.5% were female and 55.9% were Caucasian.
The most prevalent cancer diagnosis within the at-risk group was breast cancer (21.8%), followed by lung cancer
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Table 1. Characteristics of all active patients.
Overall patient population (n = 3671), n (%)

Patients at highest risk (top 5%) (n = 202), n (%)

Female

2010 (54.8)

106 (52.5)

Male

1661 (45.2)

96 (47.5)

Gender

Race
White or Caucasian

2024 (55.1)

113 (55.9)

Black or African–American

108 (2.9)

6 (3.0)

Asian

112 (3.1)

7 (3.5)

Unknown or other

1427 (38.9)

76 (37.6)

18–25

8 (0.2)

0 (0.0)

26–40

113 (3.1)

2 (1.0)

41–50

218 (5.9)

12 (5.9)

51–65

1062 (28.9)

63 (31.2)

66–80

1632 (44.5)

91 (45.0)

⬎80

638 (17.4)

34 (16.8)

Breast

506 (13.8)

44 (21.8)

Lung

479 (13.0)

40 (19.8)

Age group (years)

Primary cancer type (top 5)

Lymphoma

353 (9.6)

Prostate cancer: 16 (7.9)

Prostate

228 (6.2)

Head and neck cancer: 10 (5.0)

Head and Neck

205 (5.6)

Kidney cancer: 9 (4.5)

Stage 0

101 (2.8)

0 (0.0)

Stage 1

437 (11.9)

4 (2.0)

Stage 2

315 (8.6)

11 (5.4)

Stage 3

392 (10.7)

21 (10.4)

Stage 4

658 (17.9)

152 (75.2)

Unknown

1768 (48.2)

14 (6.9)

Cancer staging

Sensitivity

1.00
0.75

AUC = 0.86

0.50
0.25
0.00
0.00 0.25 0.50 0.75 1.00
1 – specificity

Figure 1. Overall patient population: area under the curve, 30-day mortality.
AUC: Area under the curve.

(19.8%) and prostate cancer (7.9%). Tables 2 and 3 summarize the characteristics of the two subpopulation
analyses: subpopulation A and subpopulation B.
For the top 5% of patients flagged by the algorithm as being at risk for mortality within the next 30 days, the
AUC for the 30-day mortality model was 0.86 for the overall population (Figure 1). Similar values were obtained
in this patient population for 60-, 90- and 180-day mortality. In subpopulation A (patients ≥18 years old with an
oncology diagnosis and at least two office visits in the last 180 days; n = 1732), among the top 5% of patients at
risk for 30-day mortality (n = 96), the AUC was 0.78, while in subpopulation B (patients ≥18 years old with an
oncology diagnosis and at least one office visit in the past year; n = 3053), among the top 5% at risk for 30-day
mortality (n = 168), the AUC was 0.84 (Figures 2 & 3). For both subpopulations, the AUC was slightly increased
at later time points.
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Table 2. Characteristics of subpopulation A (oncology patients with at least two office visits in the last 180 days).
All patients in subpopulation A (n = 1732), n (%)

Patients at highest risk (top 5%) in subpopulation A (n
= 96), n (%)

Gender
Female

910 (52.5)

58 (60.4)

Male

822 (47.5)

38 (39.6)

Race
White or Caucasian

944 (54.5)

55 (57.3)

Black or African–American

56 (3.2)

4 (4.2)

Asian

48 (2.8)

4 (4.2)

Unknown or other

684 (39.5)

33 (34.4)

18–25

5 (0.3)

0 (0.0)

26–40

44 (2.5)

1 (1.0)

41–50

97 (5.6)

5 (5.2)

51–65

462 (26.7)

32 (33.3)

66–80

831 (48.0)

44 (45.8)

⬎80

293 (16.9)

14 (14.6)

282 (16.3)

36 (27.1)

Age group (years)

Primary cancer type (top 5)
Breast
Lung

242 (14.0)

27 (28.1)

Prostate

126 (7.3)

5 (5.2)

Head and neck

98 (5.7)

4 (4.2)

Lymphoma

133 (7.7)

Kidney cancer: 4 (4.2)

Stage 0

30 (1.7)

0 (0.0)

Stage 1

191 (11.0)

2 (2.1)

Stage 2

163 (9.4)

5 (5.2)

Stage 3

235 (13.6)

4 (4.2)

Stage 4

481 (27.8)

83 (86.5)

Unknown

632 (36.5)

2 (2.1)

Cancer staging

Sensitivity

1.00
0.75

AUC = 0.78

0.50
0.25
0.00
0.00 0.25 0.50 0.75 1.00
1 – specificity

Figure 2. Subpopulation A: area under the curve, 30-day mortality.
AUC: Area under the curve.
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Figure 3. Subpopulation B: area under the curve, 30-day mortality.
AUC: Area under the curve.

10.2217/fon-2021-0302

Short Communication

Gajra, Zettler, Miller et al.

Table 3. Characteristics of subpopulation B (oncology patients with at least one office visit in the last year).
All patients in subpopulation B (n = 3053), n (%)

Patients at highest risk (top 5%) in subpopulation B (n
= 168), n (%)

Gender
Female

1669 (54.7)

94 (56.0)

Male

1384 (45.3)

74 (44.0)

Race
White or Caucasian

1693 (55.5)

94 (56.0)

Black or African–American

86 (2.8)

5 (3.0)

Asian

96 (3.1)

6 (3.6)

Unknown or other

1178 (38.6)

63 (37.5)

Age group (years)
18–25

7 (0.2)

0 (0.0)

26–40

85 (2.8)

1 (0.6)

41–50

178 (5.8)

10 (6.0)

51–65

875 (28.7)

54 (32.1)

66–80

1400 (45.9)

77 (45.8)

⬎80

508 (16.6)

26 (15.5)

445 (14.6)

40 (23.8)

Primary cancer type (top 5)
Breast
Lung

388 (12.7)

37 (22.0)

Prostate

189 (6.2)

13 (7.7)

Lymphoma

294 (9.6)

Kidney cancer: 9 (5.4)

Head and neck

178 (5.8)

8 (4.8)

Stage 0

83 (2.7)

0 (0.0)

Stage 1

361 (11.8)

3 (1.8)

Stage 2

274 (9.0)

10 (6.0)

Stage 3

346 (11.3)

17 (10.1)

Stage 4

590 (19.3)

129 (76.8)

Unknown

1399 (45.8)

9 (5.4)

Cancer staging

The mortality rates and risk ratios are displayed in Table 4. In the overall patient population, the mortality rate
was 0.9% at 30 days. Within the 5% of the population identified by the algorithm as being at highest risk, the
mortality rate was 4.9%, while in the remaining 95% the mortality rate was 0.7% (i.e., patients flagged as high
risk by the algorithm had a 7.4-times greater risk for mortality). Mortality rates increased at every time point, with
risk in the top 5% reaching 8.5-times at 180 days. Similarly, within subpopulation A, the mortality rate at 30 days
was 1.4% (7.2% within the 5% of the population identified by the algorithm as being at highest risk, and 1.1%
in the remaining 95% of the patient population; a 6.7-times greater risk). Mortality rates increased at 60, 90 and
180 days, and risk in the top 5% was comparable at each time point. Within subpopulation B, the mortality rate
at 30 days was 1.0% (5.5% within the 5% of the population identified by the algorithm as being at highest risk,
and 0.7% in the remaining 95% of the patient population; a 7.4-times greater risk). Mortality rates increased at
60, 90 and 180 days, and risk in the top 5% was similar at each time point.
The top features (Supplementary Table 1) include tumor staging, cancer type and chemotherapy/radiation
therapy. Lifestyle was also highly relevant, with tobacco use being the second most important feature. Neighborhood,
individual and household characteristics as previously described are also highly weighted [19]. The individual’s clinical
history and laboratory studies, and the time of year complete the top 30 features.
Discussion
In this study we found that the ML algorithm accurately predicted 30-day mortality among patients with cancer
in a large oncology practice in the USA, with an AUC of 0.86. Results at 60, 90 and 180 days were similar; the
AUC was stable over time (Supplementary Figures 1–9). Compared with the overall population, the AUC dropped
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Table 4. Mortality rates, risk ratios and NPV across the three study populations.
Population scored and outlook

Mortality rate overall (%)

Mortality rate top 5% at
risk (%)

Mortality rate remaining
95% (%)

Risk ratio

NPV

30 days

0.9

4.9

0.7

7.4

0.99

60 days

1.7

9.8

1.3

7.8

0.99

90 days

2.3

13.6

1.7

7.8

0.98

180 days

4.2

26.1

3.1

8.5

0.97

30 days

1.4

7.2

1.1

6.7

0.99

60 days

2.6

14.4

2.0

7.4

0.98

90 days

3.7

17.5

2.9

6.0

0.97

180 days

6.8

33.0

5.4

6.1

0.95

30 days

1.0

5.5

0.7

7.4

0.99

60 days

1.9

11.0

1.5

7.6

0.99

90 days

2.7

15.2

2.1

7.4

0.98

180 days

4.8

27.4

3.6

7.7

0.96

Overall patient population
(n = 3671); top 5% at risk (n = 202)

Subpopulation A (n = 1732); top 5% at
risk (n = 96)†

Subpopulation B (n = 3053); top 5% at
risk (n = 168)‡

† Subpopulation

A: oncology patients only; at least two office visits in the last 180 days.
‡ Subpopulation B: oncology patients only; at least one office visit in the last year.
NPV: Negative predictive value.

among the subpopulations of patients seen once in the preceding year or twice in the preceding 180 days. This
observation is likely attributable to screening out those patients seen less often, who would be at lower risk for
death (i.e., the negative predictive value is known). Mortality rates across the three patient populations were low
at 30 days (0.9–1.4%), but markedly higher among the patients identified by the algorithm as being at highest
risk (4.9–7.2%), with risk 6.7- to 7.4-times that of the patients flagged by the algorithm as being at lower risk. In
addition, to better assess the discriminatory power of the ML algorithm, we conducted an exploratory analysis to
study the mortality rate by risk percentile bands and the associated hazard ratios. The discrimination is good, with
mortality rates in the bottom 40th percentile of less than 1% and most of the 95th–100th percentile hazard ratios
over 10 (Supplementary Table 2). The findings from our study demonstrate that it is feasible to develop and validate
a decision tool to aid in improving clinical care for patients with cancer, utilizing clinical, social, environmental and
behavioral data.
Cancer is the second leading cause of death in the USA and was responsible for an estimated 606,520 deaths
in 2020 [28,29]. However, among patients with a diagnosis of cancer, risk of noncancer death surpasses that of
cancer death [3]. Complications arising from cancer treatment, particularly infections, contribute significantly to
mortality [3]. The ability to identify those patients at risk for mortality due to treatable, reversible complications
such as infections provides an opportunity for clinical intervention to change the outcome trajectory. Proactive
interventions prompted by the AI tool also have the potential to reduce costs by decreasing unplanned admissions
and emergency department visits. Physicians’ estimates of prognosis are known to be subjective and overly optimistic [30]; therefore there is an unmet need for an objective tool to aid in identifying patients at risk for short-term
mortality. Although validated prognostic tools exist, such as the Palliative Prognostic Score and Palliative Prognostic Indicator, they are not used routinely due to perceived complexity or inconvenience [30]. Additionally, some
alternative tools such as the ‘Surprise Question’ have inconsistent accuracy, with AUCs ranging from 0.512 to
0.822 [31,32].
Several prediction algorithms and ML have demonstrated improved accuracy in predicting mortality risk up
to 6 months [33–35]. A cancer mortality questionnaire utilizing classification trees was developed to predict the
60-, 90- and 180-day mortality risk with corresponding AUCs of 0.86, 0.84 and 0.83 [33]. Additionally, Parikh
et al. demonstrated AUCs ranging from 0.86 to 0.88 for 6-month mortality risk for patients with cancer utilizing
random forest, gradient boosting and logistic regression methodologies [34]. Finally, short-term models built to
predict 30-day mortality for patients initiating chemotherapy demonstrated an even higher AUC of 0.94 [35].
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To date, however, none of these tools have seen widespread adoption in clinical practice. One barrier may be the
additional time and effort required to apply the AI and interpret results. In our study, the AI automatically generated
patient-specific, dynamic and actionable insights with respect to patients’ risk for mortality within the next 30 days
on a weekly basis. Importantly, use of this AI solution required no additional documentation within the EHR,
and the insights generated could be integrated back into any EHR to help inform the care plan. Because this
tool is commercially available in the USA, a downstream workflow has been established at practices where it is
being utilized [36]. This may include additional visits or a telemedicine visit when an ‘at risk’ patient is identified.
At such a visit, the clinical provider assesses for any reversible causes that may be increasing the patient’s risk for
mortality. Such causes may be clinical (e.g., asymptomatic infection), social (e.g., missed appointments due to
lack of transportation) or psychological (e.g., subclinical depression). If no reversible causes are discerned, and
the patient is found appropriate for palliative care services, then a workstream to initiate a palliative care consult
is initiated. The evaluation by the palliative care team can guide the decision regarding hospice services, at the
appropriate time, if indicated.
Our study is subject to several limitations. First, some patients in the validation set may have been part of
the training population, as both development and validation were conducted at a single practice. To address this
limitation in future research, additional data are being collected at practices not involved in the training for the
algorithm. Second, this study did not evaluate changes in physicians’ behavior (e.g., increased referrals to palliative
care or hospice) after deployment of the novel AI solution, or the impact of the AI solution upon healthcare
utilization at EoL (e.g., emergency department visits, inpatient admissions). Those assessments are currently
underway. Third, our study included patients from a single oncology practice and so may not be generalizable to all
patients with all types of cancer; however, in a recent study of 26,525 patients receiving care at medical oncology
clinics in the USA, a 180-day mortality rate of 4.0% was observed (vs 4.2% observed in our study), suggesting that
our sample may be representative [34]. The AI solution has been deployed at other practices, and further work is
ongoing. Additionally, there may have been gaps in acquiring mortality data as this information was derived from
the EHR only; data from the US Social Security Death Index were not utilized. Delays in entering mortality events
or potential omissions may have impacted the analysis. If all mortality events were received and accounted for,
the model performance would likely have improved. Further study of the model’s performance in clinical practice
is underway. Finally, the visit information utilized professional claims data which are not ‘real-time’ data like the
EHR. We omitted scoring 667 patients during the scoring period because they did not meet office visit criteria
with the data we received at the time, but these patients subsequently would have been considered part of the active
patient population.
Conclusion
The identification of patients with cancer at risk for 30-day mortality has the potential to improve outcomes for
those patients with reversible clinical factors, or to ensure timely integration of palliative care in the management of
patients nearing EoL. Our study found that AI can help with earlier identification of those patients at greatest risk
for short-term mortality. Importantly, this novel AI solution can layer on top of existing workflows and processes
to provide actionable insights for the management of patients with cancer to improve clinical care.
Future perspective
While the current use of approved augmented intelligence tools focuses on pattern recognition as in imaging and
pathology, machine learning algorithms will be utilized in increasingly complex medical decision making within
oncology care the near future. AI applications will utilize clinical, sociodemographic, environmental, pathologic,
radiological, genetic, genomic and pharamcoepidemiological data to recommend, the treatment with greatest
efficacy and least risk of toxicity, for a patient with cancer as well as offer direction for best available clinical trial,
stratify risk of recurrence and implement prognostic models for a given patient as well as identify risk of disease
within family members. With the rapid pace of development, such capabilities will be in clinical use within a decade
as long as ethical and privacy issues are successfully navigated.
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Summary points
• The application of augmented intelligence and machine learning to identify patients at risk for short-term
mortality could help to improve clinical care for patients with advanced cancer, by presenting an opportunity to
intervene and modify actionable clinical factors, or to refer to palliative care services.
• Socioeconomic and behavioral data, professional claims and deidentified electronic health record data from 3671
patients in a large community hematology/oncology practice were used to develop an algorithm to predict
30-day mortality risk.
• All active patients in the practice were scored using the model, and performance was determined based on the
date of death as recorded in the patients’ electronic health records.
• For the patients scored as highest risk for 30-day mortality (n = 202), the area under the curve for the 30-day
mortality model was 0.86, with a sensitivity of 28.1% and specificity of 95.2%. Similar values were obtained for
60-, 90- and 180-day mortality with the model.
• The mortality rate in the overall patient population was low at 30 days (0.9%), but significantly higher among
the patients identified by the algorithm as being at highest risk (4.9%), with risk 7.4-times that of the patients
flagged by the algorithm as being at lower risk.
• Mortality rates increased at later time points, with risk in the 5% of patients flagged by the algorithm as being at
highest risk reaching 8.5-times that of patients flagged at lower risk at 180 days.
• This study demonstrates that the development and validation of a decision tool to accurately identify patients
with cancer who are at risk for death within 30 days is feasible. This tool may help to improve clinical care by
prompting interventions, or by facilitating discussions with patients at end of life.
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