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ABSTRACT

Objective: Physicians struggle with prognostication for patients facing the final year of life. Practical tools which identify
patients at the time of hospital admission who are at high risk of mortality would be helpful to provide timely access to supportive
services, including palliative care and hospice. The PREDICT is a validated tool that predicts mortality risk but has not been
implemented into electronic medical record (EMR) systems. The current study evaluated the validity of PREDICT within an
EMR system and tracked patient mortality over 12 months.
Methods: The study sample consisted of 3,488 adult patients admitted to a network of acute care hospitals. The PREDICT tool
was evaluated for its ability to predict mortality within 6 and 12 months of hospitalization and was compared to the APR-DRG
Mortality Risk Index (MRI).
Results: A total of 299 patients (9%) were deceased within 12 months of hospital admission. Logistic regressions revealed
that higher PREDICT scores were associated with greater risk of mortality within 6 and 12 months post-discharge. Receiver
Operating Characteristic curve (ROC) analysis revealed that the overall PREDICT score significantly predicted mortality at 12
months (ROC = .767) and was a better predictor than the MRI.
Conclusion: The PREDICT tool is a valid assessment of mortality risk and unlike the MRI, it can be readily automated in the
EMR to help identify patients at greater risk of death. More research is needed to apply this tool in clinical practice and calibrate
its performance across clinical settings.
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1. INTRODUCTION
Identifying patients at risk for mortality is a challenging task
for clinicians and ultimately impacts both the patient and
their families. Prognostication, particularly for patients with
comorbidities facing their final year of life, is difficult.[1] Pa-

tients and families often do not receive desired information
about end of life options and access to supportive services
including palliative care or hospice.[2] Existing mortality risk
tools exist but are often time-consuming to use in clinical
practice or are disease specific and not applicable to a broader
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range of patients with multiple comorbidities.[3] Further, few
tools address the final year of life and instead address mor-
tality risk over many years.[4] With the widespread use of
the electronic medical record (EMR) system in healthcare,
providers now have the unique opportunity to access readily
available patient health information to help inform and assist
with prognostication.

Despite the advances in access to patient information, mor-
tality risk tools exist but are often dependent on administra-
tive claims data (i.e., All Patient Refined Diagnosis Related
Groups APR-DRG Mortality Risk Index), and have not been
used for real time clinical decision support.[9] The tools that
have been developed to assist clinicians in prognostication
for 1 year mortality are restricted to the nursing home setting,
specific populations, or the community setting.[4–6] Addi-
tionally, the tools that utilize hospital admission information
rely on provider assessment of functional status which is not
routinely done in clinical practice, or data entry for calcu-
lations; all of which require time and effort on the part of
the clinician.[4, 7, 8] Clinicians need a validated tool that is
EMR-driven and addresses the most pertinent needs of the
patient in their final year of life.

The PREDICT tool was developed to identify patients who
have a high likelihood of death within one year of hospital-
ization, using information readily available at the time of
admission.[9, 10] Six criteria inform the overall score includ-
ing; recurrent hospitalizations, prior cancer diagnosis, ICU
admissions with multi-organ system failure, nursing home
residence, age, and prior use of palliative care.[11, 12] This
tool has been validated in retrospective form through chart
abstraction and was found to have specificity of over 90%
and sensitivity of 33%-54% in multiple studies.[13, 14] De-
spite this work, the prognostic tool has not been implemented
into the EMR for real-time decision support to aid clinicians
in prognostication. Such an implementation would enable
providers to communicate earlier goals of care with patients
and families and allow for prompt access to hospice and
palliative care services.[11–14]

We created the first automated PREDICT tool within our
EMR system to help clinicians across a network of hospitals
identify patients with advanced serious illnesses who may
benefit from additional services and support. The current
study aimed to validate the automated EMR version of the
PREDICT tool in a population of adult patients hospital-
ized across a network of acute care hospitals, to compare
PREDICT to an existing mortality risk tool, and to deter-
mine if this tool could inform risk of rehospitalization. A
validated PREDICT tool in automated form would broaden
its applicability to the design of clinical decision support

interventions within the EMR, and could be scalable to other
hospital systems.

2. METHOD

2.1 Design and setting
This study was an observational cohort of adult patients
(age > 18 years) admitted to eight acute care hospitals in
the Southeastern United States from September 23, 2016,
through October 23, 2016. Patients admitted to psychiatry,
pediatrics, obstetrics, endoscopy, or procedural suites were
not included in the cohort as the tool was originally created
for adult patients at time of acute hospital admission. In the
event of multiple hospitalizations for one patient during the
study period, only the initial index admission was included.
The study was approved by the local Institutional Review
Board as non-human research, thus informed consent was
waived.

2.2 Population
A total of 3,488 unique inpatient admissions met inclusion
criteria. Patients were female (53.0%), primarily Caucasian
(58.1%) and African American (34.7%), and had a median
age of 63 years.

2.3 Data source and variables
All variables were extracted from the EPIC EMR and de-
identified for analysis.

2.3.1 Demographic and clinical variables
Study variables included age, gender, ethnicity, insurance
status, comorbidities, presence of an advance care plan, PRE-
DICT variables,[12–14] rehospitalizations within 1 month and
6 months, and mortality within 6 and 12 months. Addition-
ally, the APR-DRG Mortality Risk Index was also included
in the study for comparison since it is a validated, propri-
etary clinical model used nationally for quality measures and
reimbursement.[9] The primary outcomes of interest were
mortality within 6 and 12 months of hospitalization and re-
hospitalization within 1 and 6 months of discharge. To ensure
accuracy of mortality data, mortality was determined using
multiple sources including hospital status death within the
EMR, and a review of the National Technical Information
Service (NTIS) Death Master File.

2.3.2 PREDICT tool
The PREDICT tool was developed to asses risk of mortality
within 1 year.[12] PREDICT yields a numeric overall score
ranging from 0 to 41, and associated categories indicating
low (score < 4), medium (score between 5 and 12), and high
(score > 13) risk of mortality. Both the total PREDICT score
and the associated PREDICT category (low, medium, high)
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for each patient visit were extracted from the EMR (EPIC)
and used for analysis.

2.4 Analytic plan

Multiple logistic regression models were used to assess the
association between 1) PREDICT score and mortality within
6 months, and 2) PREDICT score and mortality within 12
months after index discharge. The models controlled for
other patient-level variables including age, gender, marital
status, ethnicity, insurance status, and comorbidities includ-
ing heart-related problems, diabetes, renal, cancer, paraple-
gia, hemiplegia, liver disease, and metastatic carcinoma. We
also performed a sensitivity analysis by comparing the area
under the Receiver Operating Characteristic curve (ROC),
between PREDICT score and PREDICT category with the
APR-DRG Mortality Risk Index. Finally, multiple logistic
regression models were performed to assess the association
between PREDICT score and rehospitalizations, after con-
trolling for the above mentioned covariates. Rehospitaliza-
tion was dichotomously defined as rehospitalizations in the
hospital network in the 1 month and 6 months after index
discharge (no/yes).

3. RESULTS

Of the 3,488 hospitalizations that met inclusion criteria,
97 did not have a PREDICT score and/or category and
thus were excluded from analyses related to the PRE-
DICT score/PREDICT category. Of the final sample, 2,657
(78.35%) patient visits were identified as low risk category,
372 (10.97%) were medium risk, and 362 (10.68%) were
high risk. Median age of the low, medium, and high risk
groups were 59, 72, and 76 years, respectively (see Table 1).

3.1 PREDICT tool and mortality

A total of 228 (7%) patients were deceased at 6 months
and 299 (9%) patients were deceased within 12 months. Of
the patients identified as high risk, 73 (20%) died within 6
months and 91 (25%) within 12 months, compared to 52
(14%) and 60 (16%) for the medium risk group, and 106
(4%) and 133 (5%) for the low risk group. Logistic regres-
sions revealed that individuals had greater odds of dying
within 6 and 12 months if they had a higher PREDICT score,
advanced age, multiple comorbidities including heart related
problems and liver disease, and evidence of a palliative care
consultation (see Table 2). Results revealed that each nu-
meric increase in PREDICT score was associated with a 1.06
increase in odds of mortality within 6 months (p < .001) and
12 months (p < .001).

Table 1. Descriptive Summary of Study Variables
 

 

Variable N = 3,488 

Age Median (yrs.) 63 

PREDICT Score 3.80 (5.36) 

Gender   

  Female 1,849 (53.01%) 

  Male 1,639 (46.99%) 

Marital Status   

  Single 999 (28.64%) 

  Married  1,556 (44.61%) 

  Others 933 (26.75%) 

Ethnicity   

  Caucasian 2,028 (58.14%) 

  African American 1,210 (34.69%) 

  Other 250 (7.17%) 

Insurance     

  Medicaid 311 (8.92%) 

  Medicare 1,912 (54.82%) 

  Private 820 (23.51%) 

  Other 445 (12.76%) 

Advance Care Plan at time of Index Hospitalization  

  Yes 793 (22.74%) 

  No 2,695 (77.26%) 

PREDICT Criteria    

  High 362 (10.68%) 

  Medium  372 (10.97%) 

  Low 2,657 (78.35%) 

Comorbidities    

  Heart Related Problems                                   2,282 (65.42%) 

  Diabetes, Renal, Cancer, Paraplegia,   
Hemiplegia                                               

1,077 (30.88%) 

  Liver Disease, Metastatic Carcinoma              186 (5.33%) 

  Mortality within 6 months (%) 228 (6.54%) 

  Mortality within 1 year (%) 299 (8.57%) 

APR DRG Mortality Risk (%)   

  1 1,188 (34.06%) 

  2 1,000 (28.67%) 

  3 938 (26.89%) 

  4 362 (10.38%) 

Note. Categorical variables are presented as n (%) and continuous variables are presented as  
mean (SD). 
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Table 2. Multiple Logistic Regressions Predicting Mortality within 6 and 12 Months

 

 

 

Predictors 

Outcome Variables 

Death within 6 
months 

 95% CI  
Death within 12 
months 

 
 

95% CI 

OR p-value  LL UL  OR p-value  LL UL 

PREDICT Score 1.06 <.001 1.03 1.08 1.06 <.001 1.04 1.08 

Discharge Age 1.03 <.001 1.02 1.05 1.03 <.001 1.02 1.05 

Gender F vs. M 0.83 .242 0.60 1.14 0.81 .142 0.61 1.07 

Marital Status                 

    Married vs. Single 0.86 .509 0.56 1.33 0.80 .260 0.55 1.18 

    Others vs. Single 1.02 .929 0.65 1.61 0.88 .544 0.59 1.32 

Ethnicity             

    AA vs. Whites 0.92 .628 0.64 1.31 0.98 .922 0.72 1.35 

   Others vs. Whites 1.06 .867 0.54 2.08 1.37 .276 0.78 2.41 

Insurance                 

    Medicaid vs. Private 1.53 .285 0.70 3.32 1.39 .353 0.69 2.80 

    Medicare vs. Private 1.42 .211 0.82 2.47 1.37 .201 0.85 2.24 

    Others vs. Private 0.47 .177 0.16 1.41 0.72 .425 0.31 1.63 

Advance Care Plan 
    Yes vs. No  

1.35 .076 0.97 1.87 1.60 .002 1.19 2.14 

Heart Related Problems  
    Yes vs. No 

1.59 .024 1.06 2.39 1.58 .013 1.10 2.26 

Diabetes, Renal, Cancer, 
Paraplegia, Hemiplegia   
    Yes vs. No 

1.78 <.001 1.30 2.44 1.73 <.001 1.31 2.29 

Liver Disease, Metastatic 
Carcinoma  
    Yes vs. No 

4.50 <.001 2.79 7.26 4.91 <.001 3.16 7.63 

Palliative Consultation   
    Yes vs. No 

2.52 <.001 1.61 3.96 1.80 .009 1.16 2.79 

3.2 Concurrent and predictive validity
All three risk predictors (i.e., PREDICT category, PREDICT
score, APR-DRG Mortality Risk Index) predicted mortal-
ity at 12 months with ROC association rates significant at
p < .001. We observed significant differences in ROC as-
sociation rates between PREDICT category and APR-DRG
Mortality Risk Index, and PREDICT score and APR-DRG
Mortality Risk Index (see Figure 1). Results indicated that
the PREDICT score (ROC association rate 0.767) performed
slightly better than the existing APR-DRG Mortality Risk
Index (ROC association rate 0.73; p = .026), while the
PREDICT category (ROC association rate 0.69) performed
slightly worse than the APR-DRG Mortality Risk (p = .045).
Overall, there was slightly greater predictive ability of mor-
tality within 12 months by using PREDICT score compared

to the APR-DRG Mortality Risk.

3.3 PREDICT tool and rehospitalizations
We also examined the relationship between the PREDICT
tool and rehospitalizations (see Table 3). Of the high risk
group, 25% were rehospitalized within 1 month and 45%
within 6 months. Two logistic regression models tested the
effect of total PREDICT score on rehospitalizations within
1 month and within 6 months, while controlling for demo-
graphic and clinical variables. PREDICT score significantly
predicted rehospitalizations; specifically, each unit increase
in PREDICT score was associated with a 1.06 increase in
odds of rehospitalization within 1 month (p < .001) and 1.05
increase in odds of rehospitalization within 6 months (p <
.001).
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Table 3. Multiple Logistic Regressions Predicting Rehospitalization within 1 and 6 Months

 

 

 

Predictors 

Outcome Variables 

Death within 1 
month 

 95% CI  
Rehospitalization 
within 6 months 

 
 

95% CI 

OR p-value  LL UL  OR p-value  LL UL 

PREDICT Score 1.06 <.001 1.04 1.08 1.05 <.0001 1.04 1.07 

Discharge Age 0.99 .098 0.98 1.00 0.99 .002 0.98 1.00 

Gender F vs. M 0.98 .823 0.78 1.21 1.00 .962 0.86 1.18 

Marital Status                 

    Married vs. Single 1.31 .714 0.98 1.76 0.95 .110 0.78 1.17 

    Others vs. Single 1.59 .011 1.15 2.18 1.18 .044 0.94 1.49 

Ethnicity               

    AA vs. Whites 1.32 .051 1.04 1.68 1.14 .001 0.96 1.36 

   Others vs. Whites 0.97 .470 0.61 1.55 0.62 .002 0.43 0.87 

Insurance                 

    Medicaid vs. Private 1.81 .007 1.19 2.75 1.37 .087 1.01 1.88 

    Medicare vs. Private 1.38 .313 0.99 1.94 1.40 .015 1.10 1.78 

    Others vs. Private 0.92 .055 0.59 1.43 0.89 .012 0.66 1.19 

Advance Care Plan 
    Yes vs. No  1.19 .182 0.92 1.54 1.33 .004 1.10 1.61 

Heart Related Problems  
    Yes vs. No 1.35 .023 1.04 1.75 1.78 <.0001 1.48 2.14 

Diabetes, Renal, Cancer, 
Paraplegia, Hemiplegia   
    Yes vs. No 1.72 <.0001 1.37 2.15 1.79 <.0001 1.51 2.11 

Liver Disease, Metastatic 
Carcinoma  
    Yes vs. No 1.33 .207 0.85 2.07 1.79 .001 1.26 2.56 

Palliative Consultation   
    Yes vs. No 0.64 .080 0.39 1.06 0.35 <.0001 0.23 0.53 

4. DISCUSSION
4.1 Validation of the PREDICT tool
The PREDICT tool in an automated form predicts risk of
mortality in patients admitted to a network of acute care
hospitals. Our study is the first to include PREDICT as a
tool embedded in an EMR across 8 hospitals. We sought to
validate the PREDICT tool by assessing its predictive ability
with mortality within 6 and 12 months, comparing it against
an existing mortality risk index, and examining its utility in
predicting rehospitalizations.

Findings indicated that the PREDICT score significantly pre-
dicted mortality within 6 and 12 months, after controlling
for salient clinical variables. Of clinical relevance, the odds
of mortality increased 1.06 times for every unit increase in
total PREDICT score, meaning a patient with a total score of

15 would be 12.72 times more likely to be deceased within
6 and 12 months compared to a patient with a total score of
3. The ability to accurately identify patients at greater risk
for mortality is important given that the PREDICT algorithm
was implemented into the EMR EPIC system and can yield
real-time scores to inform providers without additional man-
ual data entry by clinicians. As previously mentioned, other
existing mortality risk tools rely on clinician assessment, data
entry, claims data unavailable at the time of admission, or
are specific to populations and settings. The PREDICT tool,
on the other hand, utilizes already available patient data and
recalculates total scores in real-time, informing the clinician
of any changes as they occur.

When compared to an existing mortality index, the PRE-
DICT tool performed superior to or equal to the predictive
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index of the APR-DRG-Mortality Risk Index in predicting
death at 12 months. Study findings are comparable to other
validated 1-year mortality risk tools for older adults (C statis-
tics range from 0.64 - 0.79)[4–8] but less than the original
PREDICT study from Australia (current 0.76 vs. original
0.86).[12] The difference may be due to the earlier utilization
of palliative care services within our network of hospitals
compared to utilization of palliative care in Australia. Our

results also differed from prior studies as our sample had a
lower death rate compared to the original PREDICT study
(9% vs. 23%, respectively).[12] This is likely because we
included all adult patients hospitalized while prior studies re-
stricted study population to patients aged 55 and older.[12–14]

Despite this sample expansion, our study is the first to val-
idate an automated version of PREDICT within the EMR
across a network of hospitals within the United States.

Figure 1. ROC of PREDICT Score, Category and APR-DRG Mortality Risk Models in Predicting Mortality within 12
Months

4.2 PREDICT and rehospitalizations
The current study is novel in demonstrating the predictive
validity of PREDICT for rehospitalization. The PREDICT
score was a significant predictor of rehospitalization both
within 1 month and 6 months. Utilizing an automated risk
tool for readmissions and mortality may allow researchers
to identify high risk individuals at time of hospital admis-
sion and prospectively evaluate care, provide counseling,
and administer disposition interventions during the index
hospitalization which, in turn, may prevent readmissions.
Designing real-time notifications to admitting physicians for
the high risk group, has the potential to improve goals of
care conversations, advance care planning, as well as utiliza-
tion of palliative care and hospice that may in turn reduce
burdensome hospitalizations at the end of life.[14–17]

4.3 Limitations
Our study is not without limitations. Despite the use of mul-
tiple hospitals, the hospitals are within one hospital network.

It is possible that patients had hospitalizations or medical
information at non-network sites underestimating rehospi-
talization. Additionally, further calibration of the tool may
be needed to better define the PREDICT variables within
the EMR. For example, work is being done to refine the
cancer variable to exclude cancer in situ, non-melanoma
skin cancers, and prior resected cancers that were included
in the PREDICT cancer variable. This modification will
likely further improve tool performance and warrants ongo-
ing scrutiny.

5. CONCLUSIONS

Our findings demonstrate progress towards developing and
implementing tools within the EMR to aid clinicians in prog-
nostication. With appropriate calibration, the EMR-driven
PREDICT tool has the potential to be implemented and
scaled across diverse clinical sites. It has advantages over
other tools as it can be easily applied at time of hospital
admission to a broad range of patients, and provides clini-
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cians real-time decision support to prompt earlier goals of
care conversations, and earlier access to palliative care and
hospice services. Further study is warranted to validate the
PREDICT tool in other settings and evaluate its impact on

clinical decision-making.
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