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Performance of models for predicting 1-year to 3-year 
mortality in older adults: a systematic review of externally 
validated models 
Leonard Ho, Carys Pugh, Sohan Seth, Stella Arakelyan, Nazir I Lone, Marcus J Lyall, Atul Anand, Jacques D Fleuriot, Paola Galdi, Bruce Guthrie

Mortality prediction models support identifying older adults with short life expectancy for whom clinical care might need 
modifications. We systematically reviewed external validations of mortality prediction models in older adults (ie, aged 
65 years and older) with up to 3 years of follow-up. In March, 2023, we conducted a literature search resulting in 36 studies 
reporting 74 validations of 64 unique models. Model applicability was fair but validation risk of bias was mostly high, 
with 50 (68%) of 74 validations not reporting calibration. Morbidities (most commonly cardiovascular diseases) were 
used as predictors by 45 (70%) of 64 of models. For 1-year prediction, 31 (67%) of 46 models had acceptable discrimination, 
but only one had excellent performance. Models with more than 20 predictors were more likely to have acceptable 
discrimination (risk ratio [RR] vs <10 predictors 1·68, 95% CI 1·06–2·66), as were models including sex (RR 1·75, 95% CI 
1·12–2·73) or predicting risk during comprehensive geriatric assessment (RR 1·86, 95% CI 1·12–3·07). Development 
and validation of better-performing mortality prediction models in older people are needed.

Introduction
Clinical decision making is complicated by the presence 
of multimorbidity, frailty, and reduced life expectancy. 
Clinical guidelines often recommend that treatment 
decisions should consider reduced life expectancy, 
particularly when making decisions about preventive 
treatment where benefits accrue over long periods but 
harm might happen at any time.1,2 Such considerations 
particularly apply to older adults (commonly defined as 
people aged 65 years and older) in whom multimorbidity, 
frailty, and high risk of competing mortality (ie, death 
from conditions other than the one being treated) are 
common.3,4 Populations are rapidly ageing across the 
world, which means that accounting for life expectancy is 
increasingly salient when making treatment decisions in 
routine care;5 however, accurately estimating life 
expectancy or mortality is difficult for clinicians. This 
difficulty has driven interest in using prediction models 
for short-term and medium-term mortality risk in older 
adults (ie, age ≥65 years) to support clinical decision 
making to optimise treatment.6

The Charlson Comorbidity Index (CCI) was originally 
devised in the 1980s and was shown to be strongly 
associated with mortality over 10 years’ follow-up.7 
Although not originally devised and validated as a formal 
prediction model, CCI and subsequent variations (eg, 
Deyo and Romano indices)8,9 based on morbidity coding 
are commonly used to predict mortality alone or in 
combination with other variables. Many other prediction 
models have subsequently been developed using a variety 
of predictors, including age and sex, the presence of 
various morbidities, functional status, socioeconomic 
status, and laboratory results; however, all prediction 
models require external validation before they can be 
recommended for clinical use. External validation means 
evaluating the performance of the models in a different 
dataset, target population, or setting than the one used to 
develop them.10,11

Previous systematic reviews have synthesised and 
appraised the models developed for predicting mortality 
of older adults who underwent colorectal cancer surgery,12 
older adults with dementia,13 and older adults living in 
nursing homes.14 The systematic reviews found that 
many of these prediction models did not have acceptable 
predictive performance and validation was often 
methodologically unsatisfactory; however, these previous 
reviews often included internal validation results (which 
might be optimistic compared with external validation) 
and did not evaluate the performance of mortality 
prediction models in the wider population of older 
adults. The aim of this systematic review was, therefore, 
to evaluate external validations of prediction models for 
short-term to medium-term mortality (<3 years) in older 
adults.

Methods
We conducted this review based on the TRIPOD-SRMA 
checklist10 and PRISMA guidelines (appendix pp 7–8).15 
The review protocol was registered in PROSPERO 
(CRD42023410747).

Eligibility criteria 
Studies were eligible if they were prospective or 
retrospective cohort studies examining the external 
validation of mortality prediction models, with the full 
text written in English. We included studies of well 
established measures such as CCI,7 Elixhauser 
Comorbidity Index (ECI),16 and Rx-Risk Comorbidity 
Index,17 either used as the only predictor or where the 
authors examined their performance with the addition of 
covariates (eg, age and sex) not included in the core 
morbidity measure. We excluded conference abstracts, 
systematic and umbrella reviews, and clinical guidelines.

Studies were eligible if they involved community-
dwelling adults with a mean or median age of 65 years 
or older. We excluded studies in which all or most 
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participants were residents in long-term care facilities, 
but included studies where less than 10% of participants 
lived in care or nursing homes. We excluded studies 
focusing only on specific populations (eg, people who 
have had a stroke or people with dementia).

Studies were eligible if they externally validated models 
for predicting all-cause mortality over a period of 3 years 
or less, chosen because we (and others1) considered this 
period relevant for varying treatment recommendations, 
such as those for long-term preventive medication. 
Validation could be for prediction for everyone living in 
the community, or for prediction done during hospital 
admission or emergency department attendance. Model 
predictors could be derived from electronic health record 
data, survey or trial data, data from questionnaires, other 
self-report assessment data, data from structured clinical 
assessment (eg, comprehensive geriatric assessment 
[CGA]), or a combination of these data.

Search strategy and selection criteria
We searched MEDLINE, Embase, and Cochrane Library 
from database inception to March 6, 2023 (appendix 
pp 2–3), with additional hand-searching of reference lists 
of included studies and excluded conference abstracts. 
We imported all records into Covidence (Veritas Health 
Innovation, Melbourne, VIC, Australia) with title and 
abstract screening done by two reviewers (LH and BG), 
and full-text screening completed by one reviewer (LH) 
and then validated by another reviewer (BG).

Data extraction and risk of bias and applicability assessment
Based on CHARMS,18 we extracted the characteristics of 
included studies and their prediction models. Extracted 
study characteristics included first author, publication 
year, study location, funding source, study design, time 
period over which predictions were made, source of data, 
measurement of mortality, use of collected data, number 
of participants, participant selection criteria, and age, sex, 
and race or ethnicity of participants. Extracted prediction 
model characteristics were period of prediction, number 
of predictors, type of predictors, and reported performance 
measures. Extracted performance measures (appendix 
p 9) included measures of discrimination (eg, area under 
the receiver operating characteristic curve [AUC] and 
Harrell’s C statistic), calibration (eg, calibration plot, 
calibration-in-the-large, and Hosmer-Lemeshow test), 
and measures of overall performance, reclassification, 
and clinical usefulness (eg, Brier score, pseudo R², net 
reclassification index, and decision curve).19 
Discrimination is a measure of how well the model can 
distinguish between people who die and people who 
survive. Calibration reflects how accurately the model 
predicts the outcome, and is a crucial performance 
feature for clinical use—a model can have good 
discrimination in terms of predicted risk being higher in 
those who die versus survivors but still produce inaccurate 
(poorly calibrated) mortality risk estimates.

We conducted risk of bias and applicability assessment 
for the validations of prediction models using PROBAST.20 
The procedures described here were performed by one 
reviewer (LH) and then independently validated by 
another (BG). Disagreements were resolved by discussion 
between the two reviewers.

Data synthesis
Few models were externally validated more than once, 
with high between-study heterogeneity, and meta-analysis 
to estimate pooled discrimination was not appropriate. 
Instead, we narratively synthesised findings using 
descriptive statistics and tables. We adopted commonly 
used cutoff points for discrimination to aid interpretation, 
by considering a prediction model with AUC or C statistic 
of 0·50–0·69 as having poor discrimination, 0·70–0·79 
as having acceptable discrimination, 0·80–0·89 as 
having excellent discrimination, and 0·90 or higher as 
having outstanding discrimination (for these measures, a 
value of 0·50 means the model performs no better than 
chance, and 1·00 means that discrimination is perfect).21,22 
The results were reported according to the period over 
which predictions were made, which varied between 
1 week and 3 years, with some studies reporting model 
performance over multiple time periods (in these 
instances we included performance for all reported 
periods of 3 years or less). Where authors calculated 
discrimination using two or more sources of data (eg, 
inpatient data only vs inpatient and outpatient data), we 
used better results to summarise model performance. 
Calibration is harder to formally assess because it involves 
more judgement.23 Where authors applied the Hosmer-
Lemeshow test, we considered a prediction model with a 
p value of at least 0·05 as having adequate calibration.24 
Otherwise, we extracted the authors’ summary 
interpretation of model calibration.

Associations between model characteristics and model 
discrimination
For studies reporting discrimination using either AUC or 
C statistic, we examined model characteristics associated 
with discrimination being acceptable or better (AUC or 
C statistic ≥0·70) when predicting mortality at 1 month 
and 1 year (numbers were too small to analyse for 
prediction over different time periods). The model 
characteristics examined were the use of morbidities, age, 
sex, clinical assessment data, and survey or trial data as a 
predictor, the number of predictors used, and the 
timepoint for prediction. The associations were examined 
by calculating univariate relative risks (RRs) with 95% CIs 
(small sample sizes meant multivariate analyses were 
infeasible).

Results
Study selection
The literature search yielded 43 807 records. After 
deduplication, we performed title and abstract screening 
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on 29 215 records, of which 153 full-text records were 
screened (figure). 34 papers reporting 36 studies were 
eligible and reported a total of 74 validations of 64 unique 
prediction models (appendix pp 4–5).

Study characteristics
The 36 included studies were published between 
2001 and 2023, with the largest number (n=10; 28%) 
conducted in the USA (table 1). 19 (53%) studies were fully 
funded by governments, universities, or other public 
bodies (or a combination thereof), and seven (19%) were 
fully or partly supported by private research foundations or 
medical centres. Half (n=18) of included studies were 
prospective cohort studies. For 30 (83%) included studies, 
the measurement of mortality was based on data retrieved 
from government registries, insurance databases, or 
electronic health records, with or without additional 
information provided by family members. 19 (53%) studies 
focused on model development and validation, compared 
with 16 (44%) that examined model validation and one that 
examined model recalibration (3%). Prediction models 
were validated in a total of 8 492 960 participants, but most 
validation studies involved fewer than 2100 participants 
(median 2045, IQR 9542), with mean or median age 
ranging from 68·9 years to 92·1 years (appendix pp 10–22). 
Only eight (22%) studies reported participants’ race or 
ethnicity. Seven (19%) studies involved some participants 
younger than 65 years,25–30 two (6%) involved only military 
veterans,31,32 and one (3%) involved only men.33

Prediction model characteristics
The time period over which prediction was examined 
ranged from 1 week to 3 years. 44 (59%) of the 
74 validations used data recorded in electronic health 
records, 29 (39%) used questionnaire data, 28 (38%) used 
clinical assessment data, 11 (15%) used previous survey 
or trial research data, and three (4%) used participant 
self-report assessment data (table 2). 28 (38%) mortality 
predictions were made at a non-specific timepoint (ie, 
any time), 23 (31%) during hospital admission, and 
19 (26%) during emergency department attendance.

Deyo CCI was evaluated in five different populations 
(appendix pp 10–14),30,32–34 but the actual models evaluated 
varied (eg, two Deyo CCI models examined predictive 
performance of Deyo CCI alone, whereas the other three 
evaluated models included Deyo CCI and a range of 
other covariates). Identification of Seniors at Risk,35–38 
Multidimensional Prognostic Index,39–42 and Quan CCI 
plus covariates31,33,43,44 were also validated in four 
populations.

The median number of predictors included in the 
models was 12 (range 1–109, IQR 16). The most 
frequently included types of predictors (table 3, appendix 
pp 23–41) were morbidities (45 models, 70%), age 

Figure: Study selection
*Studies included 74 external validations and 64 unique prediction models.

43 807 records identified 
 16 737 MEDLINE
 26 209 Embase 
 861 Cochrane library

29 215 records screened

14 592 duplicate records removed

153 studies sought for retrieval and assessed 
for eligibility

29 062 records excluded 

34 papers reporting 36 studies included in 
systematic review*

117 studies excluded
 42 wrong patient population
 39 wrong study design
 22 conference abstract
 7 wrong outcomes
 7 wrong indication

Number of studies 
(%; N=36)

Study location

USA 10 (28%)

Italy 6 (17%)

Australia 3 (8%)

China 3 (8%)

Other 14 (39%)

Funding source

Governments, universities, or other public bodies 
(or a combination of these)

19 (53%)

Private research foundations or medical centres 7 (19%)

Not reported 10 (28%)

Study design 

Prospective cohort 18 (50%)

Retrospective cohort 18 (50%)

Measurement of mortality

Based on data retrieved from government registries, 
insurance databases, or electronic health records

30 (83%)

Based on data obtained from follow-up with 
participants or family members

2 (6%)

Not reported 4 (11%)

Use of collected data

Model development and validation 19 (53%)

Model validation only 16 (44%)

Model recalibration 1 (3%)

Number of participants

<1000 11 (31%)

1000–9999 16 (44%)

≥10 000 9 (25%)

Table 1: Characteristics of the 36 included studies
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(33 models, 52%) and sex or gender (30 models, 47%). 
The included morbidities varied considerably. 
Cardiovascular diseases, such as hypertension, 
myocardial infarction, and arrhythmia contributed to 
39 (61%) prediction models, with less frequent 
contribution for cancer (n=37, 58%), neurological or 
psychiatric diseases (n=35, 55%), respiratory diseases 
(n=34, 53%), and renal diseases (n=33, 52%). Other 
uncategorised conditions, such as falls, osteoporosis, 
musculoskeletal issues, and visual impairment, were 
adopted by some prediction models. A wide range of 
other variables was used by small proportions of models 
(including socioeconomic status or index, care 
requirements, nutritional status, professional 
judgements and recommendations, social aspects and 
support, quality of life, education attainment, 
electrocardiogram results, general health, insurance 
enrolment, and palliative care referral).

Number of model 
validations (%; N=74)

Time period over which prediction is made*

≤3 months 33 (45%)

6 months 13 (18%)

1 year 46 (62%)

>1 year 13 (18%)

Source of data†

Electronic health records 44 (59%)

Questionnaires administered by staff 29 (39%)

Clinical assessments 28 (38%)

Previous survey or trial data 11 (15%)

Self-report assessments 3 (4%)

Time of prediction

Any time 28 (38%)

During emergency department attendance 19 (26%)

During inpatient admission 23 (31%)

During CGA 4 (5%)

Evaluation of discrimination*

AUC 46 (62%)

Harrell’s C statistic 21 (28%)

Other‡ 10 (14%)

Not reported 7 (9%)

Rating of discrimination (where reported as AUC or 
Harrell’s C statistic)*

Excellent (≥0·80) 12 (16%)

Acceptable (0·70–0·79) 60 (81%)

Poor (0·50–0·69) 33 (45%)

Not reported 7 (9%)

Evaluation of calibration*

Calibration plot analysis with explicit 
interpretation

12 (16%)

Calibration plot analysis without explicit 
interpretation

11 (15%)

Hosmer-Lemeshow test results 4 (5%)

Calibration-in-the-large 1 (1%)

Other§ 4 (5%)

Not reported 50 (68%)

Rating of Calibration (based on authors’ interpretations or 
Hosmer-Lemeshow test)*¶

Adequate 20 (25%)

Poor 1 (1%)

Not reported 60 (74%)

AUC=area under the receiver operating characteristic curve. CGA=comprehensive 
geriatric assessment. *As validation could be done for multiple time periods or 
report multiple measures of discrimination or calibration, the sum of the counts 
exceeds the number of model validations (n=74). †As validation could be done in 
more than one source of data, the sum of the counts might exceed the number of 
included models (n=74). ‡Other measures of discrimination included sensitivity, 
specificity, positive and negative predictive values, and positive and negative 
likelihood ratios. §Other measures of calibration included calibration intercept, 
calibration slope, calibration error, observed-to-expected ratio, and correct 
classification. ¶A p value of at least 0·05 in the Hosmer-Lemeshow test was taken 
to indicate adequate calibration.

Table 2: Characteristics of the 74 model validations done in included 
studies

Number of models 
using each type of 
predictor (%; N=64)

Any morbidity 45 (70%)

Cardiovascular diseases 39 (61%)

Cancer 37 (58%)

Neurological or psychiatric diseases 35 (55%)

Respiratory diseases 34 (53%)

Renal diseases 33 (52%)

Metabolic diseases 30 (47%)

Gastrointestinal diseases 28 (44%)

Liver diseases 27 (42%)

Urogenital or sexually transmitted diseases 26 (41%)

Rheumatological diseases 25 (39%)

Haematological diseases 14 (22%)

Age 33 (52%)

Sex or gender 30 (47%)

Blood test and urinalysis 17 (27%)

Physical status 14 (22%)

Previous admissions or length of stay 13 (20%)

Mental or cognitive status 13 (20%)

Activities of daily living and instrumental 
activities of daily living

12 (19%)

Medications 11 (17%)

Race and ethnicity 9 (14%)

Alcohol intake or alcoholism 9 (14%)

Weight 8 (13%)

Residency status 8 (13%)

Vital signs 8 (13%)

Number of comorbidities 7 (11%)

Marital status 6 (9%)

Smoking 6 (9%)

28 models used 1–10 predictors, 17 models used 11–20 predictors, 18 models 
used more than 20 predictors, and one model did not report the number of 
predictors used. Only predictors used in more than five studies shown; predictors 
used in all models are shown in appendix (pp 23–41).

Table 3: Predictors used by the 64 unique prediction models examined
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Prediction model performance
Model discrimination
Overall, 67 (91%) of the 74 validations reported model 
discrimination (table 2; appendix pp 29–41), either as 
AUC (n=46) or C statistic (n=21). 46 (62%) reported 
discrimination at 1 year, compared with 27 (36%) at 
1 month and 13 (18%) at 6 months. For 1-year prediction, 
31 (67%) of 46 validations reporting discrimination had 
acceptable model discrimination (AUC or C statistic 
0·70–0·79), and discrimination was poor for 14 validations 
(AUC or C statistic <0·70). Only one validation 
(Combined Comorbidity Score plus additional covariates) 
reported excellent discrimination (AUC 0·81, 95% CI 
0·81–0·81).32

For prediction at 1 month, 11 had acceptable model 
discrimination and 12 had poor discrimination. 
Four validations reported excellent discrimination: 
Combined Comorbidity Score plus covariates (C statistic 
0·86, 95% CI 0·85–0·87),45 Romano CCI plus covariates 
(C statistic 0·86, 0·85–0·87),45 van Walraven ECI plus 
covariates (C statistic 0·84, 0·83–0·85),45 and the 
RISE UP Score (AUC 0·83, 0·77–0·90).38

For prediction at 3 months, the Combined Comorbidity 
Score plus covariates (C statistic 0·82, 95% CI 
0·82–0·83),45 Risk Stratification Index 3.0 (AUC 0·82, 
0·82–0·82),26 Romano CCI plus covariates (C statistic 
0·81, 0·81–0·81),45 and van Walraven ECI plus covariates 
(C statistic 0·81, 0·80–0·81)45 had excellent 
discrimination. Combined Comorbidity Score plus 
covariates had excellent prediction discrimination at 
6 months (C statistic 0·81, 0·80–0·81)45 and 3 years 
(AUC 0·81, 0·80–0·81).32 Smolin Model had excellent 
prediction discrimination at 6 months (AUC 0·85, 
0·83–0·86).46

Associations between model characteristics and model 
discrimination
There were no statistically significant associations 
between model characteristics and discrimination at 
1-month prediction; however, for prediction at 1 year, 
models with more than 20 predictors (RR 1·68, 95% CI 
1·06–2·66) were statistically significantly more likely to 
have acceptable discrimination versus 1–10 predictors, as 
were models including sex as a predictor (RR 1·75, 
1·12–2·73), and models used during CGA (RR 1·86, 
1·12–3·07) (table 4). Although marginally statistically 
non-significant, models that included age as a predictor 
were possibly more likely to have acceptable 
discrimination at 1 year (RR 1·91, 95% CI 0·96–3·80, 
p=0·067).

Model calibration
Only 24 (32%) of the 74 validations reported calibration 
in any way (table 2). 15 only reported calibration plots, 
eight reported both calibration plots and at least 
one calibration statistic (of which four used the 
Hosmer-Lemeshow test), and one only reported 

calibration-in-the-large. Only 12 studies reporting 
calibration plots or Hosmer-Lemeshow tests explicitly 
interpreted the meaning of those plots. Based on authors’ 
interpretations, four models had adequate calibration for 
prediction at 1 month, two at 6 months, seven at 1 year, 
three at 2 years, and four at 3 years.

Other model performance measures
15 studies examined other model performance measures 
(appendix pp 29–41). Seven calculated pseudo R² (but 
only one explicitly interpreted the results, concluding 
that Electronic Frailty Index had poor overall performance 
at 1 year and 3 years)47 and six calculated Brier scores (but 
none explicitly interpreted the scores). Five used net 
reclassification index to compare the performance of 
different models, but only one explicitly interpreted the 
results, concluding that the Combined Comorbidity 
Score was superior to Romano CCI and van Walraven 
ECI at 1-month, 3-month, 6-month, and 1-year 
predictions.45 One used decision curve analysis and 
concluded that, compared with the original version, the 
Patient-Reported Outcome Mortality Prediction Tool 
(Recalibrated) showed a positive net benefit when 
population mortality was between 0% and 25·0%.48

Risk of bias and applicability of the validations
Overall, only 11 (15%) of 74 validations were at low risk of 
bias, nine (12%) at unclear risk of bias, and 54 (73%) at 
high risk of bias (appendix pp 6, 42–43). All had 
satisfactory performance in the participants, predictors, 
and outcome domains of PROBAST; however, in the 
analysis domain, those with high risk of bias did not 
report both model discrimination and model calibration. 
The nine validations with unclear risk of bias did not 
have ≥100 or more deaths (events) by the end of follow-up 
or only narratively described a calibration plot without 
explicit interpretation or use of formal calibration 
measures. Applicability to the target population of older 
people was generally good, but 18 (24%) of 74 validations 
had unclear concerns over applicability because they 
included some participants younger than 65 years,25–30 
only military veterans,31,32 or only male participants.33

Discussion
This systematic review examined 74 validations of 
64 unique prediction models for all-cause mortality of 
older adults over a variety of time periods up to 3 years. 
The methodological quality of validations was generally 
poor, with one in ten not reporting discrimination and 
two-thirds not reporting calibration. The examined 
prediction models used a wide variety of predictors, with 
70% using morbidities, and approximately half using age 
and sex. The most common group of morbidities used as 
predictors was cardiovascular diseases, followed by 
cancer and neurological or psychiatric diseases, but there 
was considerable heterogeneity between models. For 
1-year mortality prediction, discrimination was poor for a 
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third of the models (AUC or C statistic <0·70) and only 
excellent (AUC 0·81) in one study. For the minority 
explicitly reporting their judgement of calibration, it was 
generally reported to be adequate or good. Models with 
more than 20 predictors that included sex as a predictor 
and were used during CGA were more likely to have 
acceptable discrimination, but there was no evidence that 
studies using data from clinical assessment were 
superior to studies that only used routine data.

Strengths of this systematic review include the 
performance of a comprehensive literature search in 
major databases and reporting consistent with both 
CHARMS and PROBAST; however, the systematic 
review also has several limitations. First, the 
heterogeneity of the studies precluded meta-analysis, in 
part because studies that framed themselves as 
evaluating the performance of commonly used indices 
such as Deyo CCI or Romano CCI actually evaluated a 
variety of different models (from models only using the 
morbidity index in prediction to those with varying 
numbers of other predictors). For instance, Gagne and 
colleagues45 evaluated the performance of Romano CCI, 
but also included age, race, and gender as predictors, 
which we considered to be an evaluation of Romano CCI 

plus covariates rather than Romano CCI alone. The 
main implication is that there is no tool with evidence of 
good performance from multiple external validations. 
Second, our understanding of calibration is limited 
because only a third of studies reported any calibration 
data, and many of those with at least some calibration 
data (most commonly a calibration plot) did not provide 
an interpretation of their meaning. Third, although 
some prediction models were shown to have adequate 
performance in studies with low risk of bias, many did 
not report their study population in enough detail to be 
sure that the findings apply to diverse populations, 
particularly regarding race or ethnicity (or both). Fourth, 
although all studies examined populations with mean 
or median age 65 years or older, some studies included 
some younger people because they allowed adults 
younger than 65 years.25,27,29 In principle, including 
people in these age groups might mean predictive 

Number of models 
with acceptable 
discrimination* (%) 

RR (95% CI) p value

Predicting 1-month mortality (N=27)

Model uses morbidities as a predictor

No (n=11) 6 (55%) Ref ··

Yes (n=16) 9 (56%) 1·03 (0·52–2·06) 0·931

Model uses age as a predictor

No (n=10) 7 (70%) Ref ··

Yes (n=17) 8 (47%) 0·67 (0·35–1·28) 0·229

Model uses sex as a predictor

No (n=15) 7 (47%) Ref ··

Yes (n=12) 8 (67%) 1·43 (0·73–2·80) 0·299

Model adopts clinical assessment data

No (n=12) 8 (67%) Ref ··

Yes (n=15) 7 (47%) 0·70 (0·36–1·37) 0·299

Model adopts questionnaire or self-report data

No (n=12) 7 (58%) Ref ··

Yes (n=15) 8 (53%) 0·91 (0·47–1·79) 0·794

Number of predictors

1–10 (n=12) 5 (42%) Ref ··

11–20 (n=6) 3 (50%) 1·20 (0·42–3·41) 0·738

>20 (n=9) 7 (78%) 1·87 (0·88–3·97) 0·105

Timepoint for prediction

During inpatient 
admission (n=13)

6 (46%) Ref ··

During emergency 
department 
attendance (n=7)

4 (57%) 1·24 (0·52–2·95) 0·630

Any time (n=7) 5 (71%) 1·55 (0·73–3·28) 0·255

(Table 4 continues in next column)

Number of models 
with acceptable 
discrimination* (%) 

RR (95% CI) p value

(Continued from previous column)

Predicting 1-year mortality (N=46)

Model uses morbidities as a predictor

No (n=13) 8 (62%) Ref ··

Yes (n=33) 24 (73%) 1·18 (0·73–1·91) 0·493

Model uses age as a predictor

No (n=12) 5 (42%) Ref ··

Yes (n=34) 27 (79%) 1·91 (0·96–3·80) 0·067

Model uses sex as a predictor

No (n=22) 11 (50%) Ref ··

Yes (n=24) 21 (88%) 1·75 (1·12–2·73) 0·014

Model adopts clinical assessment data

No (n=35) 27 (77%) Ref ··

Yes (n=11) 5 (46%) 0·59 (0·30–1·15) 0·123

Model adopts questionnaire or self-report data

No (n=39) 28 (72%) Ref ··

Yes (n=7) 4 (57%) 0·80 (0·41–1·56) 0·505

Number of predictors

1–10 (n=19) 10 (53%) Ref ··

11–20 (n=10) 7 (70%) 1·33 (0·74–2·40) 0·342

>20 (n=17) 15 (88%) 1·68 (1·06–2·66) 0·028

Timepoint for prediction

During inpatient 
admission (n=13)

7 (54%) Ref ··

During emergency 
department 
attendance (n=6)

2 (33%) 0·62 (0·18–2·14) 0·448

Any time (n=25) 21 (84%) 1·56 (0·92–2·65) 0·101

During CGA (n=2) 2 (100%) 1·86 (1·12–3·07) 0·016

CGA=comprehensive geriatric assessment. RR=relative risk. *Acceptable 
discrimination indicates an area under the receiver operating characteristic curve 
or Harrell’s C statistic ≥0·70.

Table 4: Model characteristics associated with prediction models having 
acceptable discrimination 
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performance would be evaluated as more favourable 
than if the model was examined only in older people (as 
age is such a strong predictor of mortality), but these 
models did not show better than acceptable performance. 
Fifth, studies are all from middle-income or high-
income countries, and the results might not apply to 
low-income or middle-income countries where life 
expectancy is shorter. Finally, restricting the analyses to 
external validation studies means that some potentially 
superior prediction tools were not considered (eg, 
QMortality, where discrimination was excellent in 
internal validation);49 however, prediction tool 
performance is typically worse in external validation 
(although it can be improved by recalibrating to local 
data),50 and external validation is therefore recommended 
before clinical use.

Previous reviews examining the predictive value of 
models using administrative or routine electronic data 
(such as CCI and its derivatives) in the whole population 
have concluded that models using various morbidity 
indices somewhat outperform models only using age 
and sex,50 and that models that included ECI as a 
predictor most consistently have the highest 
discrimination for predicting mortality.51 The C statistics 
observed in the general adult population or in 
subpopulations defined by disease are variable, but 
often higher than those observed in this systematic 
review (which is probably at least partly explained by 
examining performance in populations with a wider age 
range, since age is a dominant predictor).51 Our findings 
in studies of older people, however, are consistent with 
other reviews of prediction performance in older adults 
with dementia13 and residents of nursing homes,14 where 
discrimination in external validation was commonly 
poor and never better than acceptable. Our findings are 
also consistent with review findings that models 
predicting emergency hospital admission in older 
people perform poorly.52 Our finding that calibration 
was uncommonly examined and rarely explicitly 
interpreted is consistent with other reviews of prediction 
models for older adults.14,52–54

Although clinical guidelines recommend predicting 
life expectancy to identify people for whom care might 
need personalisation,1 existing mortality prediction 
tools for older adults usually only have acceptable 
discrimination (the ability to distinguish between those 
who die and those who do not) and most have uncertain 
calibration (the extent to which prediction is accurate 
for groups of patients). At a minimum, users of these 
tools should, therefore, be very cautious in interpreting 
the meaning of a prediction, both for population risk 
stratification and in particular for predicting mortality 
risk of an individual.

In terms of research, better mortality prediction tools 
for older adults are needed; however, how best to 
develop such tools, in terms of optimal data sources and 
predictors, is unclear. This systematic review found that 

prediction was better if sex and possibly age were 
included in the model, and that prediction was better 
for models with more predictors, but there was no 
evidence that including data from clinical assessment 
(such as CGA) improved model performance. Future 
research would ideally extend existing approaches to 
modelling, including by comparing prediction tools 
using different combinations of routine data and 
bespoke data (eg, clinical assessment or self-report of 
function) to clarify if models using bespoke data have a 
meaningful advantage that outweighs the fact that they 
are harder to deploy at scale (which would have many 
advantages in terms of transferability of models). In 
addition, all models currently use data measured at a 
single timepoint, typically without any interaction 
terms, and the potential values of models that better 
account for interactions and time-varying predictors 
need evaluating. For existing and new models, high-
quality external validation that robustly examines 
calibration and discrimination10 and that examines 
performance in important subgroups (eg, by age group, 
gender, race or ethnicity, or presence of dementia) is 
needed, as good performance overall can conceal poor 
performance in crucial subgroups.3 Ideally, external 
validations should include head-to-head comparisons of 
different prediction models in the same population to 
further inform model choice.55

Conclusion
This systematic review synthesised 74 external 
validations of 64 unique prediction models for 
predicting short to medium term, all-cause mortality of 
older adults. Methodological quality was variable, 
reporting was often poor, performance in terms of 
discrimination was rarely better than adequate, and 
calibration was usually uncertain. Development and 
robust validation of better mortality prediction tools for 
older adults is needed to support the personalisation of 
care in the face of short life expectancy.
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