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Abstract 32 

 33 

Background  34 

Accurate prognostic information can enable patients and physicians to make better healthcare 35 

decisions. The Hospital-patient One-year Mortality Risk (HOMR) model accurately predicted 36 

mortality risk (concordance [c] statistic 0.92) in adult hospitalized patients in a recent study in North 37 

America.  We evaluated the performance of the HOMR model in a population of older inpatients in a 38 

large teaching hospital in Ireland. 39 

 40 

Design 41 

Retrospective cohort study. 42 

 43 

Setting 44 

Acute hospital 45 

 46 

Participants  47 

Patients aged ≥65 years cared for by inpatient geriatric medicine services from January 1st 48 

2013 to March 6th 2015 (n = 1654). After excluding those who died during the index 49 

hospitalization (n = 206), and those with missing data (n = 39), the analytical sample 50 

included 1409 patients.  51 

 52 

Measurements 53 

Administrative data and information abstracted from hospital discharge reports were used 54 

to determine covariate values for each patient. One-year mortality was determined from 55 
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the hospital information system, local registries, or by contacting the patient’s general 56 

practitioner. The linear predictor for each patient was calculated and performance of the 57 

model was evaluated in terms of its overall performance, discrimination, and calibration. 58 

Recalibrated and revised models were also estimated and evaluated.    59 

 60 

 61 

Results  62 

One-year mortality rate after hospital discharge in this patient cohort was 18.6%. The 63 

unadjusted HOMR model had good discrimination (c statistic 0.78; 95% confidence interval 64 

[CI] 0.76 -0.81) but was poorly calibrated and consistently overestimated mortality 65 

prediction. The model’s performance was modestly improved by recalibration and revision 66 

(optimism corrected c-statistic 0.8).  67 

 68 

Conclusions 69 

The superior discriminative performance of the HOMR model reported previously was 70 

substantially attenuated in its application to our cohort of older hospitalized patients, who 71 

represent a specific subset of the original derivation cohort. Updating methods improved its 72 

performance in our cohort, but further validation, refinement and clinical impact studies are 73 

required prior to use in routine clinical practice.  74 

 75 

 76 

 77 

 78 
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Introduction: 79 

An important principle when caring for an older person with frailty and multi-morbidity is to 80 

align interventions to the patient’s condition, preferences, and prognosis.1 When life 81 

expectancy is limited, strategies to optimize quality of life may be prioritized over invasive 82 

or futile interventions.  Discussions about goals of care, however, are often deferred in 83 

frailer older patients because of the uncertainty associated with prognostic estimates.2 An 84 

accurate method of assessing prognosis could inform and motivate discussions between 85 

physicians and their patients about values, priorities, and therapeutic goals.  86 

The Hospital-patient One-year Mortality Risk (HOMR) model has been shown recently to 87 

accurately predict one-year mortality risk in hospitalized patients.3, 4  It is comprised of 88 

covariates that include demographics, co-morbidities, severity of acute illness, and recent 89 

acute hospital care utilization (Supplementary Appendix S1). These covariates are 90 

determined at the time of hospital admission using routinely collected health administrative 91 

data. Over 3 million patients aged 18 or older were included in the validation studies in 92 

Ontario and Alberta (Canada), and Boston (United States).3, 4 The HOMR model had a very 93 

high discriminative performance (concordance [c] statistic of 0.89 -0.92) and there was a 94 

less than 1% difference between the observed and expected percentages of deceased 95 

patients at 1 year.  96 

To our knowledge, the HOMR model’s performance exceeds that of other similar prognostic 97 

models.  However, it has not been validated in an exclusively older (≥65 years) hospitalized 98 

patient population. The aim of this study was to evaluate the performance of the HOMR 99 

model in a population of older hospitalized patients in a large teaching hospital in Ireland.  100 
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Methods: 101 

Data collection 102 

The HOMR model was retrospectively applied to all hospitalized patients aged 65 years or 103 

older that were under the care of the specialist geriatric medicine service in Cork University 104 

Hospital from January 1st 2013 to March 6th 2015.  When patients were admitted more than 105 

once during that period, a single hospital admission was chosen at random as the index 106 

hospitalization. Most of the information required to calculate the HOMR model was 107 

obtained using administrative data from the Hospital In-Patient Enquiry system (HIPE -a 108 

national database of coded discharge summaries). The International Statistical Classification 109 

of Diseases and Related Health Problems, Tenth Revision, Australian Modification (ICD-10-110 

AM), Australian Classification of Health Interventions (ACHI) and Australian Coding 111 

Standards (ACS) apply to all activity coded in HIPE in Ireland.5  Details about home supports 112 

prior to admission as well as provision of home oxygen therapy, which are not routinely 113 

collected by administration staff in Ireland, were obtained from the consultant geriatrician 114 

discharge reports. When information was missing from these sources, the patients’ medical 115 

records were reviewed. Covariate values were determined independently by two 116 

researchers with discrepancies resolved through consensus.  117 

Deaths within one year of hospital admission were determined by accessing the hospital 118 

clinical information system, an online death notification system (https://www.RIP.ie), the 119 

Births, Deaths and Marriages Registry Office in Cork City, and, if required, by contacting the 120 

patient’s general practitioner. Unlike the initial HOMR derivation and validation studies, 121 

patients who died during the index hospital admission were not included. There were two 122 

reasons for this. Firstly, geriatrician discharge reports were used to obtain information 123 
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about home supports for the HOMR model, and these details were generally not included 124 

when the patient died during hospitalization. Secondly, the value of the predictive model, 125 

for the present project, is to calculate 1-year mortality risk after the acute hospital episode. 126 

Predicting in-hospital deaths largely depends on specific clinical factors.  127 

 128 

Statistical analysis  129 

A sample size that results in at least 100 events, and preferably 200 or more events, is 130 

recommended to externally validate a prognostic model.6 We estimated that one-year 131 

mortality after hospital discharge would very likely exceed 15%,7, 8  and on that basis 132 

calculated that a sample size of 1400 patients would be required. 133 

To validate the HOMR model, the linear predictor for each patient was calculated based on 134 

the coefficient values provided in Appendix E of the original HOMR model development 135 

study.3 The HOMR model was then evaluated in terms of its overall performance, 136 

discrimination and calibration. The model’s overall performance was evaluated using the 137 

Brier score, rescaled to range from 0 to 1, with higher values indicating better performance.9 138 

Discrimination, which refers to how well the model distinguishes those with the outcome 139 

from those without the outcome (i.e. death in this case), was measured using the c statistic. 140 

Calibration refers to the agreement between observed outcomes and predicted outcomes 141 

and is usually displayed using a calibration plot. In addition to calibration plots, we also 142 

report the maximum and average difference in predicted versus loess-calibrated 143 

probabilities (Emax and Eavg).10 Finally, we report bootstrapped 95% confidence intervals 144 

for these metrics, based on 500 resampled replicates.11 145 
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To recalibrate the HOMR Model, three additional logistic regression models were 146 

estimated.12 The first additional model included the HOMR linear predictor, with its 147 

coefficient set to equal 1, and a freely estimated intercept (Recalibration in the Large). The 148 

second model then allowed the coefficient on the HOMR linear predictor to be freely 149 

estimated (Logistic Recalibration). The third model included the complete set of variables 150 

used in the HOMR model, including the same transformations and interactions, and allowed 151 

their respective coefficients to be freely estimated (Model Revision). The performance of 152 

each of these models was assessed using the same metrics used to validate the original 153 

HOMR model. In addition, optimism corrected c-statistic and shrinkage factor were 154 

estimated for the Model Revision using bootstrapping (with 500 re-sampled replicates). 155 

All analyses were conducted using R language for statistical computing software, 13 version 156 

3.4.3 (2017-11-30). All data and the code used to analyze it and generate outputs can be 157 

found on the Open Science Framework (https://osf.io/tv26k/). 158 

 159 

 160 

 161 

 162 

 163 

 164 

 165 

 166 

https://osf.io/tv26k/
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Results: 167 

Baseline characteristics of study population 168 

Between January 1st 2013 and March 6th 2015, 1654 individual patients aged 65 year or 169 

older were hospitalized under the care of the specialist geriatric service. Of these, 206 170 

patients (12.4%) died during the index hospitalization and therefore were not included in 171 

the analysis. After removing 39 patients with missing outcome data (2.7%), a final sample of 172 

1409 patients was analysed. Of these, 259 (18.4%) died within 1 year of admission to 173 

hospital. The median age of the study patients was 80 years (interquartile range 74 -85), two 174 

thirds were living independently prior to their hospital admission, and 94.5% were admitted 175 

through the emergency department. The baseline characteristics of the study participants 176 

are summarized in Table 1. 177 

 178 

HOMR model external validation 179 

When the HOMR model was applied directly to the sample of 1409 older patients, it showed 180 

good discrimination (c statistic =0.78). Calibration, however, was poor (see Figure 1 for 181 

calibration plot) with the model consistently over-estimating mortality at all but the lowest 182 

levels of risk (see Table 2 for performance metrics).  183 

 184 

Performance of updated HOMR model 185 

All three updating methods improved calibration over the original model.  Recalibration in 186 

the Large resulted in a lower intercept (-0.42; see Table 2) and a significant improvement in 187 



9 
 

model fit over the HOMR model (likelihood ratio test [LRT] Chi-square p value= <0.001). 188 

Logistic Recalibration did not lead to additional improvements in model fit (LRT Chi-square p 189 

value = 0.85), with a recalibration slope of 0.99 (i.e. close to 1). The Brier score and Eavg 190 

were improved by recalibration (Table 2). The calibration plot for Recalibration in the Large 191 

(which is virtually identical to the plot for Logistic Recalibration) is shown in Figure 1. In 192 

addition to improving calibration, Model Revision also improved discrimination (c statistic 193 

=0.82). The optimism corrected c-statistic for the Model Revision was 0.8, and the shrinkage 194 

factor was 0.91, indicating some overfit. The re-estimated HOMR model, with regression 195 

coefficients, is shown in Supplementary Appendix S2.  196 

 197 

 198 

 199 

 200 

 201 

 202 

 203 

 204 

 205 

 206 

 207 
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Discussion: 208 

This study provides information about the performance of the HOMR model in new 209 

patients, in a different geographical region, when validated by investigators who were not 210 

involved in the model’s development. The high discriminative performance reported in the 211 

initial validation studies was substantially attenuated in our older hospitalized cohort and 212 

calibration was found to be poor with the model consistently overestimating mortality risk. 213 

The results illustrate the importance of testing seemingly accurate prediction models in 214 

target populations before applying them in routine practice.  215 

There are plausible reasons for the reduced predictive performance in this external 216 

validation study. Firstly, the patients in the present cohort were substantially older (median 217 

age was 80 years versus 59 years in the HOMR derivation cohort; see Table 1) and less likely 218 

to be living independently (66.3% versus 83%).3 Secondly, unlike the initial validation 219 

studies, patients who died during their index hospital admission were excluded. This is likely 220 

to be significant because one of the HOMR covariates, the diagnostic risk score, quantifies 221 

risk of death based on specific admission diagnoses.  High scores associated with diagnoses 222 

such as intracerebral haemorrhage and sepsis reflect high risk of death during 223 

hospitalization. This risk may diminish significantly when patients survive the initial days of 224 

their acute hospital episode. Thirdly, it is unclear whether the diagnostic risk scores, which 225 

were derived from a large population of adult patients of all ages, are weighted 226 

appropriately for older hospitalized patients. An admission diagnosis of syncope, for 227 

example, is assigned a diagnostic risk score of -9 which perhaps reflects its usually benign 228 

prognosis in younger adults. Syncope, in older adults however, is associated with reduced 229 

survival.14 Finally, differences in access and organization of primary care between North 230 
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America and Ireland may have had an important impact on covariates relating to recent 231 

acute hospital care utilization (i.e. ambulance transfers, emergency department visits, 232 

readmissions). 15,16 233 

Our findings are not surprising: the accuracy of predictive models is often substantially 234 

lower in new patients compared to the accuracy found in patients of the development 235 

population.17, 18 Rather than simply reject the model, updating methods were used to 236 

improve performance in our older patient cohort. In this study, Recalibration in the Large 237 

(the simplest updating method where just one parameter of the original model [i.e. the 238 

intercept] is adjusted) substantially improved performance. While model revision resulted in 239 

further improvements, this more extensive updating method is less ideal because 240 

parameter estimates are redeveloped on the data of the validation set (a much smaller 241 

sample) and prior information from the larger derivation sample is disregarded.19  242 

The performance of the recalibrated HOMR model compares favourably to other validated 243 

prognostic models for older hospitalized patients (Supplementary Appendix S3). 18, 20-29 244 

However, it is important to emphasize that an updated HOMR model, just like a newly 245 

developed model, would require testing of its generalizability, as well as its impact on 246 

clinician behaviour and patient outcomes, before it could be recommended for use in 247 

routine clinical practice.30 Even then, because of inherent unwieldiness, it would need to be 248 

integrated into hospital information systems to ensure usability for practicing physicians. 249 

The present study has some limitations. Firstly, the HOMR model was applied and updated 250 

in a single medical centre where patients were cared for by specialist geriatricians. As 251 

discussed, this limits the generalizability of our findings and further validation in other 252 

centres is now required. Secondly, we used the model differently to how it was originally 253 
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designed by excluding patients who died during their index admission. However, we 254 

contend that the primary purpose of an accurate 1-year mortality prediction in a 255 

hospitalized patient is to help guide decision-making and care-planning after the index acute 256 

episode when the patient’s condition has stabilized.  257 

In conclusion, the exceptional performance of the HOMR model, reported in the North 258 

American validation studies, was substantially attenuated in a cohort of older hospitalized 259 

patients in a large teaching hospital in Ireland. Nevertheless, the performance of the HOMR 260 

model in our older patient cohort was demonstrably good and compares favourably to 261 

other validated non-disease specific mortality prediction tools for older people. Updating 262 

methods improved performance of the HOMR model but further refinement, validation, as 263 

well as clinical impact studies, will be required before the model could be applied 264 

confidently in routine practice. 265 
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SUPPORTING INFORMATION 367 

Additonal Supporting Information may be found in the online version of this article: 368 

 369 

Figure S1. Covariates used to calculate a patient’s Hospital-patient One-year 370 

Mortality Risk (HOMR) score 371 

Table S2. Re-estimated HOMR model with regression coefficients. 372 

Table S3. Summary of prognostic models used to predict mortality in hospitalized 373 
older patients. 374 
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Table 1. Baseline characteristics of study participants (and how they compare to original 404 
derivation cohort) 405 
 406 

Variable Mean SD Median 
[IQR] 

(Min, 
Max) 

HOMR 
derivation 
cohort 

Sex     
Female 800 (56.8%)   61.8% 

Male 609 (43.2%)   38.2% 
Age 79.3 ± 7.4 80 (74, 

85) 
(65, 101) 59 (IQR 37 -75) 

Living Status*     
Independent 933 (66.2%)   83% 

Rehabilitation Unit 33 (2.3%)   0.2% 
Homecare 295 (20.9%)   12.1% 

Nursing Home 148 (10.5%)   4.5% 
Urgency of admission     

Elective 78 (5.5%)   47.4% 
ED without Ambulance 498 (35.3%)   25.7% 

ED with Ambulance 833 (59.1%)   26.9% 
Number of ambulance 
transfers** 

0.3 ± 0.7 0 (0, 0) (0, 5) N/A 

Admitting Service***     
General Medicine (including 

geriatric medicine) 
1365 (96.9%)   31.4% 

General Surgery 3 (0.2%)   11% 
Cardiology 17 (1.2%)   6.4% 

Orthopedics 8 (0.6%)   8.4% 
Gastroenterology/Nephrology/ 
Neurology 

16 (1.1%)   4.9% 

ICU admission (directly 
from emergency 
department) 

3 (0.2%)   7.4% 

Home O2* 0   2.3% 
ED Visits**     

0 828 (58.8%)   55.1% 
≥1 581 (41.2%)   44.9% 

Urgent readmission within 
30 days 

131 (9.3%)   4.5% 

DRS -1.9 ± 4.8 0 (-1, 0) (-22, 9) N/A 
CCI****     

0 23.3%   57.8% 
1-2 34.2%   21.7% 
≥3 42.5%   20.5% 

Legend: CCI =Charlson Comorbidity Index; DRS = Diagnostic Risk Score; ED = emergency 407 
department; HOMR = Hospital-patient One-year Mortality Risk; ICU = intensive care unit; 408 
IQR = interquartile range; N/A = not available; SD = standard deviation. *Prior to index 409 
hospitalization. ** In 12 months prior to index hospitalization.*** All patients, after hospital 410 
admission, were under the care of the specialist geriatric medicine service. **** Not 411 
adjusted for patient age.  412 
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 413 

Figure 1. Calibration plots of the unadjusted and updated Hospital-patient One year 414 
Mortality Risk (HOMR) models: (A) Original HOMR model; (B) Recalibrated model 415 
(Recalibration in the Large) 416 

 417 
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 419 
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 423 

 424 

 425 

Table 2. Performance of the unadjusted and updated Hospital-patient One-year Mortality 426 
Risk (HOMR) models. 427 

 HOMR model Calibration in the 
Large 

Logistic 
Recalibration 

Model Revision 

Intercept 0 -0.42 -0.43 - 
Slope 1 1 0.99 - 
Residual deviance 1139.96 1107.76 1107.73 1046.55 
Df 1409 1408 1407 1389 
LRT Chisq p-value - <0.001 0.85 - 
Brier score 
(rescaled) 

0.15 (0.1 to 0.21)* 0.19 (0.13 to 0.25) 0.19 (0.13 to 0.26) 0.23 (0.18 to 0.31) 

Emax 0.103 (0.085 to 
0.146) 

0.111 (0.03 to 
0.225) 

0.121 (0.03 to 
0.236) 

0.017 (0.016 to 
0.094) 

Eavg 0.058 (0.046 to 
0.072) 

0.016 (0.01 to 
0.028) 

0.017 (0.009 to 
0.029) 

0.008 (0.005 to 
0.016) 

c-statistic 0.78 (0.76 to 0.81) 0.78 (0.75 to 0.81) 0.78 (0.76 to 0.81) 0.82 (0.8 to 0.85) 
* Bootstrapped 95% confidence intervals 

 428 

Df = degrees of freedom; LRT = likelihood ratio test; Emax = maximum absolute difference in 429 
predicted and calibrated probabilities; Eavg = average absolute difference in predicted and 430 
calibrated probabilities. 431 
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