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ABSTRACT
Aim: To develop and validate a model to predict cognitive decline within 12 months for home care clients without a diagnosis of 
dementia.
Design: We included all adults aged ≥ 18 years who had at least two interRAI Home Care assessments within 12 months, no 
diagnosis of dementia and a baseline Cognitive Performance Scale score ≤ 1. The sample was randomly split into a derivation 
cohort (75%) and a validation cohort (25%). Significant cognitive decline was defined as an increase (deterioration) in Cognitive 
Performance Scale scores from ‘0’ or ‘1’ at baseline to a score of ≥ 2 at the follow-up assessment.
Methods: Using the derivation cohort, a multivariable logistic regression model was used to predict cognitive decline within 
12 months. Covariates included demographics, disease diagnoses, sensory and communication impairments, health conditions, 
physical and social functioning, service utilisation, informal caregiver status and eight interRAI-derived health index scales. 
The predicted probability of cognitive decline was calculated for each person in the validation cohort. The c-statistic was used to 
assess the model's discriminative ability. This study followed the Transparent Reporting of a Multivariable Prediction Model for 
Individual Prognosis or Diagnosis (TRIPOD) reporting guidelines.
Results: A total of 6796 individuals (median age: 82; female: 60.4%) were split into a derivation cohort (n = 5098) and a validation 
cohort (n = 1698). Logistic regression models using the derivation cohort resulted in a c-statistic of 0.70 (95% CI 0.70, 0.73). The 
final regression model (including 21 main effects and 8 significant interaction terms) was applied to the validation cohort, result-
ing in a c-statistic of 0.69 (95% CI 0.66, 0.72).
Conclusion: interRAI data can be used to develop a model for identifying individuals at risk of cognitive decline. Identifying this 
group enables proactive clinical interventions and care planning, potentially improving their outcomes. While these results are 
promising, the model's moderate discriminative ability highlights opportunities for improvement.

1   |   Introduction

Dementia is a global public health concern. Timely diagnosis 
of dementia can promote early access to services and optimal 

management, which might delay further cognitive decline and 
allow planning for the future (Livingston et al. 2017). However, 
early and accurate diagnosis of dementia is often challenging 
and requires clinical judgement (Johnson et al. 2021), including 
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history taking, cognitive testing and investigations to exclude 
other medical and psychiatric causes for cognitive impairment. 
It has been estimated that globally 75% of people with dementia 
are never diagnosed (Gauthier et al. 2021).

To reduce the personal, societal and economic impact of demen-
tia, international research has begun to focus on identifying 
risk or predictive factors for dementia. For example, Livingston 
et al. identified 14 potentially modifiable risk factors for demen-
tia, including those in later life: smoking, depression, social iso-
lation, physical inactivity, diabetes and air pollution (Livingston 
et  al.  2024). In addition, biomarkers such as neuroimaging fea-
tures, amyloid-beta peptide concentration and apolipoprotein E 
genotype 4 can improve the prediction of progressive cognitive 
decline (Chen et al. 2022; Huang et al. 2020), a presenting feature 
of dementia. It has been argued that accurate predictive mod-
els could provide an opportunity to intervene by addressing de-
mentia risk factors and preventing further cognitive decline (Hu 
et al. 2022; Zhou et al. 2020; Downer et al. 2016). Such models can 
be developed using multivariable logistic regression or Cox pro-
portional hazard analyses (Lerner et al. 2007; Kattan et al. 1998).

Predictive tools are commonly used in oncology to estimate the 
likelihood of a cancer diagnosis and prognosis after treatment 
(Balachandran et  al.  2015; Iasonos et  al.  2008). They can be 
used to predict clinical outcomes, assess risk at an individual 
patient level, support personalised medicine and patient coun-
selling and inform clinical decision-making (Lerner et al. 2007; 
Balachandran et al. 2015; Eastham et al. 2002). Predictive tools 
have also been used in cardiology to predict first coronary events 
and in neurology to predict survival time after dementia diagno-
sis (Haaksma et al. 2020; Eichler et al. 2007). In recent years, 
predictive tools have begun to be used in predicting cognitive 
decline (Hu et al. 2022; Zhou et al. 2020; Downer et al. 2016). For 
example, previous research has combined clinical assessments 
with assessments of functional well-being to construct a model 
with acceptable accuracy in predicting a 6-year risk of cognitive 
impairment in a cohort of older Chinese with normal cognition 
at baseline (Zhou et al. 2020).

interRAI home care (interRAI HC) is a comprehensive geriatric 
assessment aimed at providing a clinical assessment of medi-
cal, rehabilitation and support needs and abilities. interRAI HC 
collects information on 280 demographic, clinical and psycho-
social items. interRAI HC has good psychometric properties 
(Schluter et al. 2016). In New Zealand, people accessing publicly 

funded home care services or prior to entering long-term care 
are required to have an interRAI HC assessment. Approximately 
10% of New Zealanders aged ≥ 65 years and 40% aged ≥ 85 years 
have had an interRAI assessment (interRAI New Zealand n.d.). 
There are several clinical outcomes embedded within the inter-
RAI assessments, including the Cognitive Performance Scale 
(CPS) (Morris et al. 1994), a global measure of cognitive func-
tion. Tracking CPS scores could potentially provide a mecha-
nism for detecting cognitive decline early.

A recently published Canadian predictive model, the risk of CPS 
decline (RCD), was developed to identify a 6-month risk of decline 
in the CPS score in a large sample of interRAI home care clients 
(Guthrie et  al.  2023). In this study, we report the development 
and validation of a similar predictive model, RCD-NZ, to predict 
a worsening of the CPS score within 12 months in home care cli-
ents without an existing diagnosis of dementia. The possibility of 
predicting cognitive decline in people who do not have cognitive 
impairment at intake is clinically important. A different predic-
tive model is required for the New Zealand setting, where home 
care clients are typically reassessed every 12 months, whereas re-
assessments usually occur every 6 months in Canada.

2   |   Method

2.1   |   Sample: Eligibility Criteria

The sampling frame consisted of all community-dwelling adults 
aged 18 years or older who were assessed at least twice using the 
interRAI HC assessment between 1 January 2013 and 30 June 
2021 anywhere in New Zealand (N = 6796 community-dwelling 
adults). Individuals were included if (i) they had an intake in-
terRAI HC assessment and at least one follow-up assessment 
within 12 months (up to 390 days), and (ii) a CPS score of ‘0’ or 
‘1’ at the intake interRAI assessment. Home care clients had to 
be alive and receiving home care throughout the entire dura-
tion of the 12-month period to be included. The CPS includes 
the following interRAI items: short-term memory, cognitive 
skills for daily decision-making, expressive communication and 
independence in eating. These items are combined into a hier-
archical ranking scale providing scores from 0 to 6: 0 = intact, 
1 = borderline intact, 2 = mild impairment, 3 = moderate impair-
ment, 4 = moderately severe impairment, 5 = severe impairment 
and 6 = very severe impairment (Morris et al. 1994). The inter-
RAI HC assessment routinely records whether a person has a 
diagnosis of Alzheimer's disease or another type of dementia. 
Individuals were excluded if they had a diagnosis of Alzheimer's 
disease/dementia at intake because their cognitive functioning 
is generally expected to decline.

2.2   |   Primary Outcome

The primary outcome was significant cognitive decline as de-
fined by an increase (deterioration) in CPS scores from ‘0’ (in-
tact) or ‘1’ (borderline intact) at baseline to a score of ‘2’, ‘3’, ‘4’, 
‘5’ or ‘6’ at the follow-up assessment within 12 months. Previous 
research has shown that CPS score ≥ 2 has good sensitivity for 
the clinical diagnosis of dementia (Gee et al. 2021).

Summary

•	 What does this paper contribute to the wider global 
clinical community
○	 Twelve-month risk of cognitive decline can be pre-

dicted using routinely collected assessment data.
○	 Such modelling could identify people at risk of de-

veloping cognitive impairment and facilitate discus-
sions about preventative care or advanced care.

○	 Routinely collected population-level assessment data 
could be used to inform the care of the individual.
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2.3   |   Covariates

Covariates were selected based on the recently pub-
lished Canadian cognitive decline prediction tool (Guthrie 
et  al.  2023). Baseline characteristics included demographic 
characteristics (e.g., age, sex and marital status), disease di-
agnoses (e.g., stroke, congestive heart failure and coronary 
artery disease), sensory and communication impairments, 
health conditions, responsive behaviours, physical function-
ing and health status, service utilisation, social functioning 
and informal caregiver status.

We included eight health index scales that are embedded within 
the interRAI HC assessment. Across all scales, a higher value 
indicates a greater degree of impairment.

1.	 The Activities of Daily Living (ADL) Self-Performance 
Hierarchy Scale includes items on bathing and dressing 
and is scored from 0 (no difficulty) to 6 (major difficulty), 
where a cut-point of 2 or higher was used to indicate at 
least moderate difficulty completing ADLs independently 
(Morris et al. 1999).

2.	 The Instrumental Activities of Daily Living (IADL) 
Involvement Scale is a summative scale across seven 
IADLs (e.g., meal preparation, housework, etc.), which 
ranges from 0 to 21, where a score of 14 or higher is used to 
indicate moderate difficulty completing these tasks inde-
pendently (Morris et al. 1999).

3.	 The Depression Rating Scale (DRS) includes seven items 
related to mood and behaviour. The scale ranges from 0 
to 13; there is evidence that a score of three or higher is 
predictive of a clinical diagnosis of depression (Martin 
et al. 2008).

4.	 The Pain Scale ranges from 0 (no pain/less than daily pain) 
to 4 (daily/severe pain) and a score of 2 or higher was used 
to indicate daily or severe pain. The scale has been vali-
dated against the vertical version of the Visual Analogue 
Scale (Fries et al. 2001).

5.	 The Changes in Health, End-Stage Disease, Signs and 
Symptoms (CHESS) Scale is scored from 0 to 5 and in-
cludes items such as shortness of breath and prognosis. For 
each 1-point increase on the scale, there is a nearly twofold 
increase in the risk of mortality (Hirdes et al. 2014).

6.	 The Pressure Ulcer Risk Scale (PURS) is scored from 0 
to 8 and groups individuals into low, moderate, high and 
very high risk of experiencing a pressure ulcer. It includes 
items such as bowel incontinence, weight loss, history of 
a resolved pressure ulcer and impaired bed mobility (Poss 
et al. 2010).

7.	 The Method for Assigning Priority Levels (MAPLe) is 
scored from 0 to 5. It classifies individuals into levels of risk 
for experiencing adverse outcomes and the urgency to sup-
port them or review their current living situation. It also 
identifies caregiver distress and the risk of aged residential 
care placement (Hirdes et al. 2008).

8.	 The Caregiver Risk Evaluation (CaRE) algorithm is a 
decision-support tool that generates the risk of caregiver 

burden among informal caregivers. It assigns caregivers 
into one of four groups, ranging from low risk (score of 0) to 
very high risk (score of 4) of experiencing burden (Guthrie 
et al. 2021).

2.4   |   Statistical Analysis

2.4.1   |   Missing Data

interRAI HC assessors are not able to complete an assessment 
until all fields have been given a value and entered into the 
software program; therefore, missing data are rare. However, a 
missing category was created for the CaRE scale as the scale is 
only calculated when there are no missing data, and the person 
is recorded as having a primary caregiver. We did not impute or 
remove individuals from the analysis as there was no pattern 
within the missing data.

2.4.2   |   Descriptive Analysis

All categorical variables were reported in frequencies and per-
centages, while variables with continuous-level data were re-
ported using means and standard deviations.

2.4.3   |   Developing the Prediction Model

The sample was randomly split into a derivation cohort 
(n = 5098 (75%)) and a validation cohort (n = 1698 (25%)). The 
derivation and validation cohorts were compared across base-
line characteristics to ensure random sampling. Using the der-
ivation cohort, a multivariable logistic regression model was 
used to predict deteriorating CPS score within 12 months of an 
individual's intake interRAI assessment. We examined collin-
earity using the variance inflation factor, where a cut-off of 5 
was used to indicate collinearity; two variables (any psychi-
atric diagnoses and caregiver lives with client) were removed 
due to collinearity. Multiple model selection techniques were 
explored (e.g., backward, forward, stepwise procedures). The 
final model used the backward selection procedure for variable 
selection with a two-tailed p-value of 0.10 as the retention cri-
terion. The p-value of 0.10 was chosen to create a model with 
the highest ability to accurately predict a decline. Continuous 
variables such as age were explored using both linear and 
quadratic terms. As decided a priori, all two-way interactions 
between age and sex were explored. Several of the odds ratios 
within the main effects model were counterintuitive (e.g., ADL 
impairment, pain, pneumonia, cancer, fractures and shortness 
of breath); we then explored all two-way interactions between 
these variables with other variables in Table 2. The rationale 
for examining the interaction terms was to provide insights, 
particularly for associations between variables with counterin-
tuitive directions and deterioration of CPS scores.

2.4.4   |   Validating the Prediction Model

The validation cohort was used to assess the performance of 
the model developed using the derivation cohort. The predicted 
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TABLE 1    |    Comparison of the derivation and validation cohorts across all variables under consideration at baseline.

Derivation cohort 
(n = 5098)

Validation cohort 
(n = 1698) p

% (n)

Age (years)

18–64 5.9 (299) 5.8 (98) 0.6587

65–74 16.2 (825) 16.3 (276)

75–84 35.2 (1794) 36.8 (624)

85+ 42.8 (2180) 41.2 (700)

Sex

Male 39.2 (2000) 40.9 (694) 0.2313

Female 60.8 (3098) 59.1 (1004)

Marital status

Never married/widowed/separated/divorced/other 63.7 (3250) 63.3 (1075) 0.7437

Married/de facto/civil union 36.3 (1848) 36.7 (623)

Who the client lived with at referral

Alone 53.1 (2709) 51.2 (869) 0.1611

Lives with others (e.g., spouse, spouse and others, child, etc.) 46.9 (2389) 48.8 (829)

Baseline CPS score

0 64.2 (3272) 62.7 (1065) 0.2778

1 35.8 (1826) 37.3 (633)

Health index scales

Activities of Daily Living (ADL) Self-Performance Hierarchy Scale

No or minor difficulty (0–1) 84.5 (4308) 84.5 (1434) 0.8723

Moderate difficulty (2, 3) 11.7 (598) 12.0 (204)

Major difficulty (4–6) 3.8 (192) 3.5 (60)

Instrumental Activities of Daily Living (IADL) Capacity Scale

None/minor difficulty (0–13) 77.8 (3966) 76.7 (1303) 0.1683

Moderate difficulty (14–18) 16.9 (860) 18.6 (316)

Major difficulty (19–21) 5.3 (272) 4.7 (79)

Depression Rating Scale (DRS)

No signs/symptoms (0–2) 88.7 (4524) 87.6 (1488) 0.0075

Some signs/symptoms (3–5) 9.3 (473) 9.1 (154)

Severe signs/symptoms of depression (6–14) 2.0 (101) 3.3 (56)

Pain Scale

No pain/less than daily pain (0) 33.5 (1709) 34.6 (588) 0.6930

Less than daily pain (1, 2) 49.3 (2512) 48.7 (826)

Severe/daily pain (3, 4) 17.2 (877) 16.7 (284)

Change in Health, End-Stage Disease Signs and Symptoms Scale (CHESS)

None/mild health instability (0–1) 51.0 (2599) 49.9 (848) 0.5548

Moderate health instability (2, 3) 46.4 (2364) 47.7 (810)

Severe health instability (4, 5) 2.7 (135) 2.4 (40)

(Continues)
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Derivation cohort 
(n = 5098)

Validation cohort 
(n = 1698) p

Pressure Ulcer Risk Scale (PURS)

Low risk (0–2) 92.0 (4690) 91.5 (1554) 0.6733

Moderate risk (3) 5.9 (300) 6.0 (102)

High/very risk (4–7) 2.1 (108) 2.5 (42)

Method for Assigning Priority Levels (MAPLe)

Low risk (1) 40.2 (2049) 42.2 (716) 0.0147

Mild risk (2) 14.4 (736) 11.4 (193)

Moderate risk (3) 28.6 (1456) 29.6 (503)

High/very risk (4, 5) 16.8 (857) 16.8 (286)

Informal caregiver status

Caregiver lives with client

No 52.8 (2694) 51.8 (879) 0.5892

Yes 39.9 (2034) 41.3 (701)

No caregiver 7.3 (370) 7.0 (118)

Caregiver risk evaluation (CaRE)

Low risk 44.6 (2276) 43.1 (732) 0.4128

Moderate risk 25.4 (1296) 25.4 (431)

High risk 22.6 (1152) 24.5 (416)

Very high riska — —

Missing 7.3 (374) 7.0 (119)

Client openly expresses conflict or anger with family/friends

Never 88.2 (4494) 87.5 (1486) 0.7800

1–29 days ago/more than 30 days ago 7.4 (378) 7.8 (132)

Unable to determine 4.4 (226) 4.7 (80)

Disease diagnoses (reference = not present)

Stroke 14.1 (721) 12.1 (206) 0.0365

Congestive heart failure 16.4 (834) 18.9 (321) 0.0156

Coronary artery disease 30.1 (1532) 27.5 (465) 0.0367

Hemiplegia/hemiparesis 2.1 (109) 2.3 (39) 0.6979

Parkinson disease 4.9 (250) 6.2 (105) 0.0401

Bipolar disorder 1.2 (600) 1.2 (21) 0.8440

Anxiety and/or depression 15.9 (810) 15.8 (269) 0.9638

Schizophrenia and/or bipolar 2.1 (108) 1.9 (33) 0.6612

Pneumonia 1.7 (84) 2.2 (37) 0.1516

Cancer 15.7 (798) 16.6 (282) 0.3514

Hip fracture 1.0 (53) 1.2 (20) 0.6322

Other fractures 2.4 (123) 1.8 (31) 0.1592

Diabetes 21.4 (1090) 21.2 (360) 0.8757

(Continues)

TABLE 1    |    (Continued)
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Derivation cohort 
(n = 5098)

Validation cohort 
(n = 1698) p

Communication and sensory impairments

Hearing impairment 71.2 (3627) 71.8 (1219) 0.6109

Vision impairment 89.5 (4560) 90.5 (1537) 0.2081

Dual sensory impairment 86.6 (4414) 85.2 (1446) 0.1403

Ability to understand others

Understands 89.8 (4578) 90.5 (1537) 0.3932

Usually/often/sometimes/rarely/never understands 10.2 (520) 9.5 (161)

Health conditions and behaviours

Chest pain 4.8 (247) 5.2 (88) 0.5779

Dizziness or light headedness 16.1 (820) 16.8 (285) 0.4986

Oedema 29.0 (1477) 27.2 (462) 0.1633

Shortness of breath 52.4 (2670) 53.1 (902) 0.5930

Smoked/chewed tobacco daily 6.4 (325) 7.7 (130) 0.0674

Highest number of alcoholic drinks in any single setting in last 14 days

0 77.9 (3972) 76.3 (1296) 0.2973

1–4 20.8 (1062) 22.1 (375)

5+ 1.3 (64) 1.6 (27)

Physical functioning and health status

Client believes they are capable of increased functional 
independence

36.4 (1854) 34.6 (587) 0.1813

Number of falls in last 90 days

No falls 64.3 (3279) 66.1 (1123) 0.1112

1 fall 26.9 (1371) 24.4 (414)

2 or more falls 8.8 (448) 9.5 (161)

Unsteady gait 53.5 (2727) 57.3 (973) 0.0063

Number of days client went out of house in last 3 days

No days 18.8 (956) 19.0 (332) 0.2325

No days, but usually goes out 6.7 (342) 5.5 (94)

1–3 days 74.5 (3800) 75.5 (1282)

Bladder incontinence in last 7 days 36.0 (1836) 33.6 (570) 0.0680

Client has conditions or diseases that make cognition, ADL, 
mood or behaviour patterns unstable

49.5 (2525) 52.4 (889) 0.0436

Client experienced a flare-up of a recurrent/chronic problem 21.6 (1110) 20.0 (339) 0.1590

Self-rated health

Excellent/good 43.2 (2204) 43.1 (731) 0.8523

Fair 41.1 (2097) 40.5 (687)

Poor 13.0 (662) 13.6 (231)

Could not (would not) respond 2.7 (135) 2.9 (49)

Client has a prognosis of less than 6 months to live 1.6 (83) 2.5 (43) 0.0167

(Continues)

TABLE 1    |    (Continued)

 13652702, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/jocn.17726 by N

ational H
ealth A

nd M
edical R

esearch C
ouncil, W

iley O
nline L

ibrary on [24/07/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



7 of 13

probability of deteriorating CPS score within 12 months was 
calculated for each individual in the validation cohort based 
on their specific covariate values and the beta estimates from 
the regression model developed from the derivation cohort. 
The model was calibrated by grouping individuals into deciles 
of lowest and highest risk, then plotting the observed propor-
tion of individuals who experienced deteriorating CPS scores 
against the corresponding mean predicted risk within each 
score. Points closer to the 45° line indicate better calibration 
(Figure 2).

The model's ability to discriminate (i.e., the ability to discrim-
inate between those with a deteriorating CPS score and those 
without) was measured via the concordance statistic (c-statistic): 
c-statistic < 0.5 indicates a poor model, > 0.7 indicates a reason-
ably good model and > 0.8 indicates a strong model (Austin and 
Steyerberg 2012).

All analyses were performed using SAS software, version 9.4. 
The study followed the Transparent Reporting of a Multivariable 
Prediction Model for Individual Prognosis or Diagnosis 
(TRIPOD) reporting guidelines (File S1) (Collins et  al.  2015). 
The Research Ethics Board at Wilfrid Laurier University pro-
vided ethics approval for this study (REB #: 6504).

3   |   Results

A total of 6796 community-dwelling adults were identified 
based on our eligibility criteria. The mean age of the sample was 
82.5 (SD = 8.7); over half were female (60.4%), 63.6% were not in 
a relationship and 52.6% lived alone. The mean time between 
assessments was 7.6 months (SD = 3.7) and 7.0 months (SD = 3.5) 
for those individuals who declined cognitively (n = 1621) and 
those who did not decline (n = 3477). The sample was randomly 
split into a derivation cohort (75%, n = 5098) and a validation co-
hort (25%, n = 1698). Table 1 shows the baseline characteristics 
of these two cohorts. Nearly two-thirds (64.2%) of the derivation 
cohort and 62.7% of the validation cohort had a CPS score of ‘0’ 
at baseline. Only 2 of the 54 baseline characteristics differed be-
tween the derivation and validation cohorts (Depression Rating 
Scale, p = 0.0075; unsteady gait: p = 0.0063).

Table 2 illustrates the results of the main effects in the logistic 
regression model using the derivation cohort to predict a deteri-
oration of CPS score (CPS ≥ 2) within 12 months of an individu-
al's baseline assessment.

The final model included 21 main effects and eight significant 
interactions between age and ability to understand others, ADL 

Derivation cohort 
(n = 5098)

Validation cohort 
(n = 1698) p

Swallowing

Normal 93.2 (4750) 93.1 (1580) 0.8619

Requires modifications to swallow (e.g., diet, tube feeding, etc.) 6.8 (348) 6.9 (118)

Ate one or fewer meals a day in last 3 days 3.5 (179) 3.7 (63) 0.7014

Unintended weight loss of 5% or more in last 30 days 14.4 (734) 14.9 (253) 0.6110

Service utilisation

Hospital admissions (last 90 days)

0 57.2 (2914) 57.3 (973) 0.3741

1 32.6 (1662) 31.4 (533)

2 or more 10.2 (522) 11.3 (192)

Emergency department visits (last 90 days)

0 83.4 (4250) 83.5 (1417) 0.4691

1 13.3 (678) 12.7 (215)

2 or more 3.3 (170) 3.9 (66)

Social functioning

Client indicates that he/she feels lonely 21.9 (1118) 21.7 (369) 0.8638

Change in social activities in last 90 days

No decline 59.2 (3020) 59.5 (1011) 0.5456

Decline, not distressed 32.0 (1629) 30.9 (525)

Decline, distressed 8.8 (449) 9.5 (162)
aThe high-risk group cannot be calculated for CaRE as it includes baseline CPS scores > 2.

TABLE 1    |    (Continued)
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TABLE 2    |    Regression modela predicting a decline in the Cognitive Performance Scale (CPS) score within 12 months of an individual's baseline 
assessment.

Parameter Adjusted odds ratio (95% CI)b p

Age (5-year increments) 1.15 (1.10, 1.19)  < 0.0001

Sex

Male Reference Reference

Female 0.88 (0.77, 1.00) 0.0505

Baseline Cognitive Performance Scale (CPS) score

0 Reference Reference

1 3.11 (2.73, 3.55)  < 0.0001

Activities of Daily Living (ADL) Self-Performance Hierarchy Scale

No/minor difficulty (0–1) Reference Reference

Moderate difficulty (2, 3) 0.81 (0.65, 1.02) 0.0700

Major difficulty (4–6) 0.64 (0.44, 0.93) 0.0184

Pain Scale

No pain (0) Reference Reference

Less than daily pain (1, 2) 0.75 (0.65, 0.86)  < 0.0001

Daily/severe pain (3, 4) 0.80 (0.66, 0.98) 0.0263

Changes in Health, End-Stage Disease Signs and Symptoms (CHESS) Scale

No/minor health instability (0–1) Reference Reference

Moderate health instability (2, 3) 0.98 (0.78, 1.05) 0.1772

Severe health instability (4, 5) 1.27 (0.85, 1.92) 0.2485

Method for Assigning Priority Levels (MAPLe)

Low risk Reference Reference

Mild risk 0.91 (0.75, 1.11) 0.3535

Moderate risk 1.02 (0.86, 1.20) 0.8627

High/very high risk 1.28 (1.03, 1.58) 0.0235

Stroke

Not present Reference Reference

Present 1.24 (1.03, 1.49) 0.0214

Hemiplegia/hemiparesis

Not present Reference Reference

Present 0.67 (0.42, 1.07) 0.0943

Parkinson disease

Not present Reference Reference

Present 1.42 (1.07, 1.87) 0.0155

Anxiety and/or depression

Not present Reference Reference

Present 1.23 (1.04, 1.47) 0.0182

Pneumonia

(Continues)
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and diabetes, ADL and ability to understand others, ADL and 
change in social activities, pain and change in social activities, 
pneumonia and MAPLe, pneumonia and stroke and fractures 
and incontinence (Supporting Information  S1). The most sig-
nificant predictors (p < 0.0001) were a baseline CPS score of ‘1’ 
(OR = 3.11, 95% CI = 2.73, 3.55), any difficulty understanding 
others (OR = 1.35, 95% CI = 1.11, 1.65) and age (OR = 1.15, 95% 
CI = 1.10, 1.19). Several factors were negatively associated with 
CPS ≥ 2 within 12 months, including major difficulty in complet-
ing ADLs (OR = 0.64, 95% CI = 0.44, 0.93), less than daily pain 

(OR = 0.75, 95% CI = 0.65, 0.86) and daily/severe pain (OR = 0.80, 
95% CI = 0.66, 0.98), pneumonia (OR = 0.55, 95% CI = 0.31, 0.97), 
cancer (OR = 0.83, 95% CI = 0.69, 0.97) and fractures (OR = 0.62, 
95% CI = 0.39, 0.98). The resulting model has a c-statistic of 
0.70 (95% CI 0.70, 0.73) indicating a good model. The equation 
to calculate the predicted risk of CPS decline is presented in 
Supporting Information S2.

The final regression model was applied to the validation co-
hort. As shown in Figure 1, the discrimination in the validation 

Parameter Adjusted odds ratio (95% CI)b p

Not present Reference Reference

Present 0.55 (0.31, 0.97) 0.0388

Cancer

Not present Reference Reference

Present 0.83 (0.69, 0.97) 0.0379

Other types of fractures

Not present Reference Reference

Present 0.62 (0.39, 0.98) 0.0396

Diabetes

Not present Reference Reference

Present 1.10 (0.94, 1.28) 0.2552

Ability to understand others

Always understands Reference Reference

Usually/often/sometimes/rarely understands 1.35 (1.11, 1.65) 0.0027

Shortness of breath

No Reference Reference

Yes 0.88 (0.76, 1.02) 0.0784

Smoking

No Reference Reference

Yes 1.11 (0.85, 1.46) 0.4498

Client believes that they are capable of increased functional independence

No Reference Reference

Yes 0.87 (0.76, 1.00) 0.0543

Bladder incontinence

Continent Reference Reference

Incontinent 1.17 (1.02, 1.34) 0.0210

Change in social activities

No decline Reference Reference

Decline, not distressed 0.94 (0.81, 1.08) 0.3585

Decline, distressed 1.14 (0.90, 1.44) 0.2836

Note: Interaction terms of the regression model were examined; details are presented in the Supporting Information.
aFinal main effects model for the derivation cohort following backward elimination.
bThe odds ratio estimates are from the main effects-only model (without the interactions with age, ADL impairments, pain, MAPLe, stroke and fractures).

TABLE 2    |    (Continued)

 13652702, 0, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1111/jocn.17726 by N

ational H
ealth A

nd M
edical R

esearch C
ouncil, W

iley O
nline L

ibrary on [24/07/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



10 of 13 Journal of Clinical Nursing, 2025

cohort was good, with a c-statistic of 0.69 (95% CI 0.66, 0.72). 
Across the three plots shown in Figure 2, the calibration plots 
for the 10-, 25- and 50-decline bins were acceptable.

The lowest and highest deciles for the 10-bin calibration 
plot for the validation sample are presented in Supporting 
Information S3. The calibration plots show that model discrim-
ination in the validation cohort was moderate, with both under- 
and overestimating the observed rate of a worsening on the CPS.

4   |   Discussion

This study used routinely collected health data to develop a 
model to predict a deteriorating CPS score in home care clients 
without a diagnosis of dementia. The prediction model, RCD-NZ, 
has reasonably good discriminative ability, c-statistic = 0.69, 
which is similar to the recently published model from Canada 
(discriminative ability c-statistic = 0.66) (Guthrie et  al.  2023). 
Our result is comparable to recent efforts to predict Alzheimer's 
disease utilising clinical data (Revathi et al. 2022), and arguably 
more clinically promising as our outcome is related to functional 
cognitive ability. Nonetheless, there is room for improvement in 

FIGURE 1    |    Receiver operating characteristic (ROC) curve for the 
validation cohort (c-statistic = 0.69).

FIGURE 2    |    Calibration plots for 10 (A), 25 (B) and 50-decline (C) bins for the validation sample. βThe model's predicted probability is on the x-
axis and the observed rate of cognitive decline is on the y-axis. The 45° line represents a perfect calibration. Dots represent the deciles of individuals 
observed 12-month probability of decline plotted against their 12-month predicted probability of decline.
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the discriminative ability of this model. For example, predic-
tive models for heart failure routinely report c-statistics of ≥ 0.8 
(Razaghizad et  al.  2022). The results presented here demon-
strate that developing a predictive model for cognitive decline is 
possible using routinely collected assessment data. Using a na-
tionally representative dataset may mean that our results have 
the potential to inform national healthcare policy and planning. 
In addition, the results provide a possible pathway to leverage 
routinely collected data to develop useful models for informing 
clinical care.

Our modelling identified that significant ADL impairment, 
pain, pneumonia, cancer and fractures were negatively asso-
ciated with a deterioration of the CPS, a similar finding in the 
Canadian cognitive decline prediction tool (Guthrie et al. 2023). 
Possible explanations for these counterintuitive observations in 
this study may be attributed to the survival effect; for example, 
those with cancer are more likely to die before they experience 
cognitive decline. In another study utilising NZ interRAI HC 
data, it was reported that cancer diagnosis has the highest mor-
tality risk among eight other chronic conditions, but the risk of 
mortality decreases with age (Abey-Nesbit et al. 2023). This may 
be attributed to the cancer type, which is not included in the in-
terRAI assessment. Those with difficulty performing activities 
for daily function may receive earlier and/or more structured so-
cial support, for example, home care support, than may alleviate 
daily stressors that in turn reduce cognitive load. A systematic 
review showed the role of functional social support in the pres-
ervation of cognitive health (Mogic et al. 2023). These insights, 
while interesting, are unlikely to fundamentally change or en-
hance the clinical care of home care clients, with the possible 
exceptions of circumstances where cognitive decline is not ex-
pected or where circumstances suggest the need for advance 
care planning. Our study included a heterogeneous sample; 
for example, we included people who are not expecting to ex-
perience changes in cognitive functioning (e.g., younger people 
and people with a cancer diagnosis). A predictive model could 
provide a ‘flag’ for further assessment and early intervention in 
these circumstances. A recent review suggested that 4–6 months 
of aerobic exercise, combined cognitive and motor challenges 
(such as Tai Chi, dance or dumb bell training), creative art or 
art and storytelling groups could reduce cognitive decline in 
older adults (Whitty et al. 2020). It is important to recognise that 
some home care clients or their families may not be interested 
in learning about future cognitive decline and, in some settings, 
resources to support patients may not be available to support pa-
tients or modify management. Alternatively, early identification 
of cognitive decline in the presence of other life-limiting con-
ditions may create an opportunity for advance care planning. 
There is strong international evidence that advance care plan-
ning for people with dementia is acceptable and is associated 
with decreased hospitalisation and alignment between care de-
livered and the expressed wishes of the person (Wendrich-van 
Dael et al. 2020).

4.1   |   Strengths and Limitations

The use of a large and reliable national interRAI dataset means 
that the prerequisites for predictive model development are 
present (i.e., a defined population and outcome of interest and 

a pathophysiological framework associated with the clinical 
outcome). Our sample size is in excess of the recommended 
sample size of 6443 (116 events) for an outcome event of 0.018 
(Riley et  al.  2021); however, this is likely to overestimate the 
incidence of cognitive decline. Future research should seek to 
obtain a larger sample size if possible (Riley et al. 2021) and in-
clusion of minority ethnic groups who are also at risk of dementia 
(Livingston et al. 2024). The development of a predictive model is 
dependent on the quality of the underlying data. In this study, we 
have drawn on internationally validated assessment instruments 
with data collected by trained assessors. It is possible that there is 
some level of multicollinearity between several of the assessment 
scales, as differing assessments have different ways of assessing 
functional data, that is, MAPLe contains items to assess a per-
son's ability to independently perform activities of daily living, 
as does IADL. In this model, we account for the risk of multi-
collinearity by using the variance inflation factor; however, it is 
an acknowledged limitation. Time assumption is a limitation of 
using a model to predict risk. Our sample came from an interRAI 
HC cohort from 2013 to 2021. The overall rates of cognitive im-
pairment in the New Zealand population over time are unknown. 
Our model also did not include other biomarkers (e.g., neuroim-
aging features, amyloid-beta peptide concentration and apolipo-
protein E genotype 4) that could improve its accuracy, with the 
acknowledgement that the model presented here requires fur-
ther refinement and that domain-specific clinical knowledge is 
central to the further development of models and use in clinical 
practice. While the model has been validated in Canada (Guthrie 
et al. 2023) with a different assessment point, that is, 6 monthly 
versus 12 monthly in New Zealand, both studies had similar re-
sults. However, we recommend that the current prediction model 
be further validated in other cohorts in countries with access to 
interRAI assessment, which may foster wider utility of the pre-
diction model. This is limited to clinicians where interRAI is 
not a regular care assessment. Finally, the interRAI home care 
data available to us were already deidentified and we could not 
link them to other outcomes such as mortality and admission to 
long-term care. However, our study was not aimed at assessing 
cognitive decline in individuals who experienced rapid deteriora-
tion leading to other outcomes within 12 months. We believe our 
results are generalisable to New Zealand home care clients who 
have had two interRAI home care assessments conducted within 
a 12-month period living in the community.

5   |   Conclusion

We have demonstrated that routine interRAI assessment data 
can be effectively used to develop a predictive model for identi-
fying home care clients without a diagnosis of dementia who are 
at risk of cognitive decline within 12 months. While these results 
are promising, the model's moderate discriminative ability high-
lights opportunities for improvement, especially through more 
advanced machine learning techniques and using multiple rou-
tinely collected health datasets and clinical data. Clinicians can 
use this model to identify at-risk individuals in home care settings. 
Identifying this vulnerable group enables proactive clinical inter-
ventions and advanced care planning, potentially improving out-
comes for clients in the community. Dementia is underdiagnosed 
in the community, and prediction models may support the health-
care workforce and create possibilities for targeted services.
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