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G W N e

Abstract

Nowadays, longitudinal data are common—typically high-dimensional, large, complex,
and collected using various methods, with repeated outcomes. For example, the growing
elderly population experiences health deterioration, including limitations in Instrumental
Activities of Daily Living (IADLs), thereby increasing demand for long-term care. Un-
derstanding the risk of repeated IADLs and estimating the trajectory risk by identifying
significant predictors will support effective care planning. Such data analysis requires a
complex modeling framework. We illustrated a regressive modeling framework employing
statistical and machine learning (ML) models on the Health and Retirement Study data to
predict the trajectory of IADL risk as a function of predictors. Based on the accuracy mea-
sure, the regressive logistic regression (RLR) and the Decision Tree (DT) models showed
the highest prediction accuracy: 0.90 to 0.93 for follow-ups 1-6; and 0.89 and 0.90 for
follow-up 7, respectively. The Area Under the Curve and Receiver Operating Characteris-
tics curve also showed similar findings. Depression scores, mobility score, large muscle
score, and Difficulties of Activities of Daily Living (ADLs) score showed a significant
positive association with IADLs (p < 0.05). The proposed modeling framework simplifies
the analysis and risk prediction of repeated outcomes from complex datasets and could be
automated by leveraging Artificial Intelligence (AI).

Keywords: elderly; Instrumental Activities of Daily Living; longitudinal data; regressive
models; statistical and machine learning models; trajectory risk prediction

1. Introduction

With the increase in life expectancy, the older adult population in many developed
countries is rising. The estimated global population aged 65 and older is projected to
reach 2.2 billion by the late 2070s [1]. Older adults often experience a decline in their
health, as well as limitations in performing ADLs and IADLs. This increases demand
for long-term care and increases the necessity for health management interventions [2-6].
Providing effective care for this population will be a tremendous challenge. Recent advances
in wearable technology encompass electronic devices worn on the body that support
various functions, including capturing longitudinal health data for monitoring, facilitating
communication, enhancing convenience, and enabling personalized healthcare. A variety
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of these devices can be used to track health and fitness, enable communication, assist
with navigation, deliver entertainment, support workplace tasks, and enhance healthcare
services. For example, studies have reported the use of smart homes for remote monitoring
of fall detection, prediction of health outcomes, and IADLs in older adults with cognitive
impairment [7-11]. Digital technology has become an integral part of IADLs and ADLs
for data capturing and analysis [12]. Using such technology, older adults can maintain
their independence in their homes, thereby supporting their health management [13].
Aggregated data from various wearable devices in the healthcare and life sciences fields
are used by stakeholders, such as researchers, to determine a patient’s condition and
provide guidance or remedial recommendations. A recent study reported that mobile
electronic devices might motivate patients to seek information on chronic conditions and
medications [14]. People are increasingly inclined toward advanced wearable devices
that provide greater functionality and support their daily activities [15]. The Internet of
Things (IoT) provides connectivity for these devices to the Internet, and data can be stored
in databases on central or distributed servers. Using statistical, ML, predictive analytics
models, and Al, it is possible to identify patterns in vital signs to predict potential health
risks or the future course of disease [16-18].

Wearable sensor technology has become increasingly accessible to a wide range of
people [15]. Real-time data on a person’s health conditions are available, enabling the
management and monitoring of chronic disease progression in older adults during re-
habilitation and in individuals with various disabilities [19]. These technologies enable
longitudinal data capture, which is useful for identifying complex patterns in diseases
of interest. Health systems must first address data management challenges to achieve
benefits for patients and providers [20]. Specifically, the areas of use include biosensors,
smartwatches, and smart clothing, as well as the integration of Al and ML for data analy-
sis [21]. The increased use of wearable devices will generate a substantial volume of data.
Various stakeholders need to use these data for purposes such as patient treatment, patient
education, compliance with physicians’ recommendations, and research. A recent study
reported that, nowadays, it may be more common to share patient-generated data from
wearable devices [22]. However, due to their strict privacy policy, data from wearable
devices may not be accessible to researchers or other users.

IADLs require cognitive and motor complexity, and involve interaction with the sur-
rounding social environment. ADLs are survival and self-care activities that play a crucial
role in the health status, well-being, and the avoidance of dependence [16,19,23,24]. Be-
cause IADLs involve motor, cognitive, or social functions, their performance is considered
a direct index of health status. Trajectory analysis and risk prediction for the outcome of
interest, using available risk factors, could be used to identify intra- and inter-individual
variability in longitudinally collected wearable device data or cohort study datasets. This
trajectory can be used to describe the course of an outcome over age or time, given the
available risk factors [25-33]. By analyzing and identifying significant factors, clinicians
can assess whether a patient is at high risk of severe or rapid disease progression and
draw informed conclusions about actions and interventions aimed at controlling disease
progression risk [34-38].

We are interested in

(i)  Predicting the risk of IADLs (yes or no) for a patient at a wave, given the risk factors
and the history of IADL status (i.e., estimating conditional probability);

(if)  Predicting the risk of IADLSs over a sequence of waves given the risk factors and the his-
tory of IADLs observed over various waves (i.e., the joint probability or trajectory risk);

(iii) Examine the relationship between IADLs from previous waves and current waves in
terms of risk factors or covariates of interest;
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(iv) Predicting the IADL status for the next wave, given the risk factors and the history of
IADLs (i.e., predicting future states of the IADLS;

(v)  Measuring main and interaction effects of risk factors, between risk factors and histori-
cal IADL status, and historical IADL status between waves.

Predicting a patient’s risk of IADLs, given the risk factors, is essential for clinicians.
The probability of 0.85 for developing IADLs, compared with 0.51, has a significant conse-
quence: both would classify the IADL status as positive at the 0.50 probability threshold.
Therefore, the goal is to identify a model that more accurately predicts the risk of develop-
ing IADLs. Using predicted risk at a given wave and across waves, healthcare professionals
may screen patients to recommend necessary therapy and preventive measures. This
predicted trajectory risk may also inform patients about the future course of the disease [38]
and help them adhere to clinicians’ guidance.

The objectives of this research are as follows: Firstly, to propose a modeling framework
for analyzing repeated-measures data collected through various methods; we are interested
in predicting the trajectory risk of repeated outcomes (e.g., IADLSs) based on the significant
predictors. Secondly, aiding healthcare professionals in using these data-derived analytical
results to guide patients in adhering to the recommendations provided. The remaining
sections of this paper are as follows: Section 2 presents the materials and methods, data
description, models, and trajectories employed; Section 3 describes the results; Section 4
discusses the findings; Section 5 presents the conclusions; and finally, Section 6 details
the limitations.

2. Materials and Methods

2.1. Datasets and Ethics
2.1.1. Data Sources

Our motivation came from the Health and Retirement Study (HRS) dataset, a lon-
gitudinal cohort study initiated in 1992. Data on more than 1000 variables are collected
every two years from individuals aged 50 and older in 23,000 households in the USA [39].
This longitudinal study was conducted to build a national data resource to examine the
changing health and economic circumstances associated with aging at both the individual
and population levels [40].

2.1.2. Cohort Characteristics

In the late 1980s, the National Institute on Aging (NIA) recognized the need for a data
resource to support research on the necessary adjustments to health policies in response to
challenges posed by changes in age composition. The original sample comprises in-home,
face-to-face interviews conducted in 1992 with individuals aged 51-61 and their spouses.
In the baseline (wave one) data from the HRS cohort, 12,652 subjects were interviewed. Out
of all these subjects, 9762 were age-eligible (those with birth years 1931-1941) [39,40].

2.1.3. Disease Course Risk or Trajectory Risk

Regarding disease course risk or trajectory risk, we refer to the probability of spe-
cific outcomes and the disease’s progression, as well as the overall severity of a dis-
ease/condition in a patient. This involves applying data analysis and modeling techniques
to identify potential patterns in disease progression and to predict an individual’s future
health outcomes and associated risks. Understanding the temporal sequence of diseases
and stratifying patients into risk groups to inform prevention and management strategies
are also part of this process.
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2.1.4. Institutional Review Board (IRB) Approval

Institutional Review Board Statement: The study was approved by the University of
Michigan Health Sciences and Behavioral Sciences Institutional Review Board (IRB Protocol
No.: HUM00061128), approved through 18 October 2018. Informed Consent Statement:
Informed consent for participation was obtained from all subjects involved in the study.

2.1.5. Missing Data Handling

Missing data are common in follow-up studies due to withdrawal, loss to follow-up,
or other reasons. The same is true for the HRS dataset. For simplicity, we used complete
cases for each wave. It is clear from Table 1 that the sample size decreases over the waves.
However, in our proposed modeling framework, one can readily apply all appropriate
techniques for handling missing data. It is natural to include new variables in subsequent
follow-ups, as in the HRS study. Our proposed framework can incorporate unequal covari-
ates for each follow-up, which can be accommodated with additional programming tasks.

Table 1. Frequency distribution (N) of IADLs from wave 1 to wave 7.

Follow-Up Years 2002 2004 2006 2008 2010 2012 2014
IADL Yq Y, Y3 Y, Y5 )3 Y7

Yes (1) 8157 7477 6928 6468 5790 5343 4607
No (0) 972 968 964 1026 1111 1082 1135
Total 9129 8445 7892 7494 6901 6425 5742

2.2. Data Description

The HRS is a large, complex, high-dimensional longitudinal study. The IADLs include
a series of questions about limits on IADLs. These yes/no-type measures include using a
phone, taking medications, managing money, shopping for groceries, preparing meals, using
a map, using a calculator, using a microwave, and using a computer. Summing the results
yields a score; for this paper, we converted the score to a binary variable (0 = no limitations;
1 = at least one limitation). We used the IADL variable from seven follow-ups (2002-2014)
as the outcome variable to predict patient trajectory risk for specific covariate patterns (i.e.,
specific values of each risk factor). Though data for more recent waves are available, we did
not use those because some of the covariates listed in Table 2 were not present at the earlier
waves. Additionally, some were excluded from the questionnaires in later waves. To retain
important, consistent covariates across all follow-ups, we used these specific waves of the
datasets. First, we predicted both marginal and conditional probabilities, yielding trajectory
risks for the conditional probabilities based on patients’ covariate patterns. Then, the sequence
of conditional probabilities is linked with the marginal probability to estimate the trajectory of
joint probabilities based on patients’ covariate patterns [27].

As an illustration, the following two figures present trajectories of conditional and
joint probabilities. Figure 1 presents the trajectory risks of the conditional probabilities for
several randomly selected respondents in the dataset. This figure answers point (i) posed at
the end of the Introduction section: predicting the trajectory risk of conditional probabilities
for several elderly individuals. The trajectory risks using conditional probabilities will be
useful to understand disease progression within a subgroup. For example, we expect that
the trajectory risks would be much higher for a subject who had IADLs in the previous
follow-up(s) compared to a subject without any IADLs in previous follow-up(s). It is worth
noting that conditional probabilities are estimated using a reduced sample based on the
previous follow-up IADL categories, whereas the marginal probability is calculated using
the entire sample from the first follow-up.
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Table 2. The name, categories, and description of predictors used in this research.

I;Eiﬁ::: Predictor Names Predictor Descriptiopn
1 Gender (X1) Gender of Subject (0 = Female, 1 = Male)
2 Mstatus (X2) Marital Status (0 = Not Married, Separated, Widowed, Divorced, 1 = Married, Partnered)
3 RAVETRN (X3) Veteran Status (0 = No, Yes =1)
4 Education (X4) Years of Education
5 RGROSSA (X5) Gross Motor Skills (Score: 0-5)
6 RCESD (X6) Center for Epidemiologic Studies Depression (CESD) (Score: 0-8)
7 RMOBILA (X7) Any Difficulties of Mobility Measures (Score: 0-5)
8 RLGMUSA (X8) Any Difficulties of Large Muscle Measures (Score: 0—4)
9 RADLS5A (X9) Any Difficulties of Activities of Daily Living (ADLs) (Score: 0-5)
10 Hcutli (X10) Any Healthcare Services Utilization (Score: 0—4)
11 RAGEY_E (X11) Age in years
12 RCONDE (X12) Sum of Conditions Ever Had (Score: 0-8)
13 RBMI (X13) Self-reported Body Mass Index
14 RDRINK (X14) Ever Drinks Any Alcohol (Yes =1, No = 0)
15 RSMOKE (X15) Whether Smoke (Yes =1, No = 0)
16 RIMRC (X16) Immediate Word Recall (Score: 0-20)
17 RDLRC (X17) Delayed Word Recall (Score: 0-20)
18 ROOPMD (X18) Maximum Amount: Out-of-Pocket Medical Expenditure (Prev. 2 Years)
19 HITOT (X19) Total Household Income

Conditional probability
o
()]
o

2002 2004 2006 2008 2010 2012 2014
Follow-up Years

Figure 1. Sample trajectory of conditional probabilities for a portion of selected elderly individuals.

Figure 2 displays the trajectories of joint probabilities of the same set of elderly indi-

viduals as shown in Figure 1. This figure provides an answer to point (ii) posed at the end

of the Introduction section: predicting the trajectory risk of joint probabilities for the same

elderly individuals shown in Figure 1. Naturally, the joint probabilities are smaller than

the conditional probabilities because joint probabilities represent the full sample. This is

because for an individual, the multiplication of conditional probabilities (proportions) from

previous waves with the absence of IADLs will always be less, and the joint probabilities

will be reduced.

0.8-

Joint probability
o o
H (]

o
o
'

0.0-

2002 2004 2006 2008 2010 2012 2014
Follow-up Years

Figure 2. Sample trajectory of joint probabilities for a group of selected elderly individuals.
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For this research, we used the public longitudinal dataset from the Health and Retire-
ment Study, in the USA, which is produced and distributed by the University of Michigan
with funding from the National Institute on Aging [39]. As mentioned earlier, we used
the datasets from 2002 to 2014 from seven follow-ups (Waves) designated as Wave 1 to
Wave 7. Table 1 presents the frequency distribution of IADLs from all seven follow-ups.
The Yes category of IADLs is coded as 1 and the No category as 0. These seven outcomes
are denoted as Yj to Yy, respectively. It should be noted that the sample sizes decrease
with increasing follow-ups, which is common for follow-up studies, as there could be
withdrawals, deaths, and losses to follow-ups.

Table 2 describes the risk factors (features) used in this study. Through a comprehen-
sive review of the recent literature and the availability of the variables in HRS datasets,
we selected the covariates for our analysis. The variables name, type, clinical relevance,
and related references are summarized in Table 3.

Table 3. List of clinically relevant references of selected predictors in this research.

Name Type Clinical Relevance References

Gender Binary Gen(?ler showed a significant association with IADLs in some [5,41-43]
studies.

. . Some studies included marital status or living alone to identify any
Marital Status Binary association with TADLS. [5,44,45]
. Veteran status is often used as a baseline identifier for various

Veteran Status Binary . . . ... [46]
assessments, also in analyzing health disparities.

Years of Education Continuous Several reported the use of education as a predictor of IADLs. [5,41,47]

Gross Motor Skills Ordinal Gross motor skills involve using large muscles .for whole-body [41,42,48]
movements and are used as an important predictor.

Depression (CESD) Ordinal The depression score is used as a predictor in some studies. [41,42,45]

. . Mobility is expected to have a direct impact on an individual’s

Mobility Measures Ordinal ability to perform IADLs, as found by some studies. [49,50]

Large Muscle Measures Ordinal This variable was reported as a significant predictor of IADLs. [41,48]

Activities of Daily Living Ordinal We included ADL as a predictor, as IADLs often depend on the [41,51]

(ADLs) functional skills of ADLs. !

Healthcare Service . We included it because the use of healthcare services will be

Utilization Ordinal associated with IADLs. [41,52,53]

Age in years Continuous Age is used as a determinant of IADLs in every study. [41,47,53,54]

Conditions Ever Had Ordinal The §um of 8 conditions (e.g., high BP, diabetes, etc.) is used as a [5,41,42,54 55]
predictor.

Body Mass Index Continuous BMI is a significant predictor found in several studies. [5,54,55]

Drink Alcohol Binary Some studies used alcohol consumption as a predictor of IADLs. [42,45]

Whether Smoke Binary Smoking habit is also used as a predictor by some studies. [42,45]

Immediate Word Recall Continuous Ir.nrr}e.dlate worc.i recall is a key cognitive function that is a [51,56,57]
significant predictor of IADLs.

Delayed Word Recall Continuous Delaye?d word recall is also a key cognitive function that is used as [51,56,57]
a predictor of IADLs.

Out-of-Pocket Medical Continuous Out-of-pocket medical expenditures are found to be significantly [58]

Expenditure higher for individuals with IADLs.

Total Household Income Continuous We deemed this variable would be a useful predictor, as used in [41,54]

other studies.
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Training and Test Data

For model validation purposes and to check the generalizing ability, we divided the
data into two sets: training data (70% of the sample) and the remaining 30% as the test
data. We then fit the models using only the training data. We expect the fitted models using
training data to predict the outcomes using the test data with similar accuracy. If this is
the case, then the model generalizability is good for new data that is unseen by the fitted
models. The mean age of the respondents, both for training and test data, is shown in
Table 4.

Table 4. Mean age of elderly by training and test data.

Mean

Follow-Up Years 2002 2004 2006 2008 2010 2012 2014

Training Data

Mean age 65 66 68 70 72 74 76
Test Data
Mean age 65 67 69 70 73 74 76

2.3. Trajectory and Models

The advantage of longitudinal data is that we can observe how individual responses
change over time [59]. It was also concluded that this must generally be conditioned
on the previous history of a subject. Lee and Nelder [60] concluded that the conditional
models are of fundamental interest, and marginal predictions can be made from conditional
models. Subject-specific models can be another alternative by considering the random
effects and by allowing random effect terms in the linear predictor [61]. We are interested in
estimating the trajectory risk from the repeated binary outcomes with covariates. In other
words, we need to estimate the joint probabilities for all the follow-ups. Chowdhury and
Islam [27] proposed the prediction of joint probabilities by linking the margin and sequence
of conditional probabilities using the Markov chain for multinomial outcomes.

First, we define some notations: let Yj; be the response for the i-th subject
(i =1,2,..,n) at j-th follow-up (j = 1,2,...,];), and J; be the number of follow-ups for
subject i. For simplicity, subscript i will be omitted henceforth unless explicitly speci-
fied. Assume Y; = s follows a binomial distribution where (s = 0,1). For the trajectory,
the joint probability mass function of Y7, Y3, ..., Y] in the presence of covariates X, ..., X
with X' = (1, Xq,.., Xp) is P(Y1 = y1,Y2 = y2,..., Y] = yj | X = x). To estimate all these
probabilities, we need a multivariate logistic regression model, which can handle the de-
pendence among the repeated outcomes (i.e., IADLs). However, such models for a large
number of repeated outcomes are not available. Alternatively, the above joint probability
mass function can be expressed as a product of the marginal and conditional probability
mass function for given values of the covariate as follows:

P(Yl = yl,YZ Iyz,...,Y] = y] | X = X) = P(Yl =W | X = X) X P(Yz =12 | Y1 = yl;X = X)
X..xP(Yy=s| Yi1=Yyj1,- V1 =ypX= X) = Py, (x) X Py, (X) X .. X Ps.y,;l,...,yl (x),

1)

where P(Y; = s | X = x) = Ps(x) is the marginal probability function of Y7 | x;

P(Y; =s|Yj1 =yj-1;X=x) = Py, , (x) is the probability function of Y; | y;—1,%;

P(Y; =5 | Yj1 = yj-1,Yj2 = yj-;X = x) = Py, ,, ,(X = x) is the probability
function for Y; | y;_1,¥j-2,%

P(Y] = S5 ‘ Yj—l = yj—erj—Z = y]'_z,..., Y1 = y1;X = X) = Ps-yjflr!/jfzr---/yl (X) is the
probability function of Y; | yj_1, ..., y1; x.

The joint probabilitiy of the left-hand side of Equation (1) is defined as

https://doi.org/10.3390/computers15020113
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P(Yl = yl, Y2 = yz,..., Y] = y] | X = X) = P}/lr]/Zr---/yj (X)

The right-hand side of Equation (1) allows us to estimate each of the probabilities as
univariate cases without any need for a multivariate model. As the IADLs are binary, we
can use logistic regression to measure covariate impact on outcomes. Marginal probabilities
can be estimated from the fitted marginal model from the first follow-up. Conditional
probabilities can be estimated by fitting univariate models after data stratification. However,
as the number of follow-ups increases, the number of models required to fit will increase
exponentially. To avoid this problem, we can use the regressive models for multivariate
multinomial outcomes proposed by Chowdhury and Islam [27]. The regressive models
allow the use of previous outcomes as covariates along with the x variables and require
fitting only one model for each follow-up. This can be done by using a special data structure
(long file format) for the data file. Then the required conditional probabilities can easily
be estimated to obtain the joint probabilities for the trajectories. Below is our derived
regressive model, which is a special form of the regressive model for multinomial outcomes
proposed by Chowdhury and Islam [27].

2.4. Regressive Logistic Model

The general form for the k-th order (k = j — 1) regressive logistic model P(Y; = y; |
1=y, Yj1=Yj-1, X) using previous outcomes Yj, ..., Y1 as covariates along with X
can be shown as

PS‘yj,l,.‘.,yl (X) = P(Y] =S | Yl =Y, Yj—l = yj—llx)

e("‘yl 10y 1 X by g pXp VIVt Y )s

14+ e(“yl"‘yj710+ayl"'yj—] 1X1 +...+Dcy1myj71po +71Y +...+’)/]‘_1Yj_1)

e(lgyl~»yj710+ﬁy1-~yj711X1+"‘+ﬁy1---yj—1pxp +ﬁy1-~~yj—1 (pr)N1 +"'+’Byl“~yj—] (p+j-1)Yj-1)s

(2)
1+e
S/]/l/]/Z/---/]/j = 0/ 1/

(ﬁyl.uyjflo+ﬂy1..,yj711X1 +~~-+.By1 ~Yj-1 PXP+ﬂy1 ~Yj-1 (p+1) b6} +“'+ﬁy] Yj-1 (p+j—1)Y]¥1)

where .BywaOI .y ,Byl-uyjqp are the coefficients of covariates (1, Xy, ..., Xp) and
ﬁylu-yj—l(PJrl) = Y1, ‘Byl...y]-_1(p+jfl) = 7j-1 is the coefficient of previous outcomes
Y1,..., Yj_1, respectively.

The regressive logistic model supports standard hypothesis testing and related infer-
ences. The predicted joint probability of a subject with covariate vector (X* = x*) for a
trajectory can be estimated using fitted regressive logistic models. For details, along with
the required data file structure, interested readers are referred to the paper by Chowdhury
and Islam [27]. The strength of the regressive modeling framework is that, instead of the
regressive logistic model approach, one can easily use any other ML model for classification
for a single outcome using the same data structure shown in Table Al. As the previous
outcomes are used as a covariate in the regressive logistic models, we can answer question
(iii) using the regressive logistic model in Equation (2). As the previous outcomes are used
as a covariate in regressive logistic models, we can address point (iii) using the model in
Equation (2). To answer the effect of the interaction between the previous outcomes and
covariates in the model, one needs to use a fully parameterized model by extending the
model in Equation (2). Compared to Markov models, a regressive logistic model fits only
one model for each wave. It also reduces the multivariate problem to univariate cases.
As this method uses a divide-and-recombine approach, it is very useful for big data that
involves a large number of follow-ups and a huge sample size. Any other ML algorithms
for classification can easily be used similarly to the regressive logistic regression model.

https://doi.org/10.3390/computers15020113
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2.5. Machine Learning Models

Recently, ML models are increasingly used in various fields for classification and
prediction. ML models also show high capabilities of increasing predictive power if only
risk prediction is of interest. For example, Wu et al. [62] used logistic regression, Lasso,
Support Vector Machine (SVM), and Artificial Neural Network (ANN) for predicting
IADL trajectory risks. They observed good performance in predicting the IADL trajectory
and suggested this could be used to personalize intervention measures. Garcia-Moreno
et al. [24] used K-nearest neighbors (KNNs) to analyze IADL dependence in older adults
using data from wearable devices during shopping. To determine subgroups within a
given population and to better understand intra- and inter-individual variability in health
outcomes, longitudinal pattern trajectory modeling was used [25]. ML algorithms for
trajectory risk prediction were reported in different research studies [24,30,31,63]. All the
available ML models for classification for a single outcome can fit within our regressive
modeling framework by replacing logistic regression. Many of the ML models showed
impressive classification accuracy in various papers. In the regressive modeling framework,
along with logistic regression, we also employed some popularly used ML classifiers such
as Decision Tree (DT), KNN, Naive Bayes (NB), Neural Network (NN), Random Forest
(RF), and Support Vector Machine (SVM) for trajectory risk prediction and comparisons.
We used a 13th Gen Intel(R) Core(TM) i9-13900H 2.60 GHz computer to fit all the models;
using parallel programming, we used 12 cores out of 20. Table 5 presents the user, system,
and elapsed time to fit all the models for all follow-ups. We can estimate the marginal and
conditional probabilities from the fitted ML models needed for the trajectory risk prediction.

Table 5. Model fitting statistics of CPU time used by different models.

Regressive Logistic DT KNN

user system elapsed  user system elapsed  user system elapsed
0.25 0.21 297 0.44 0.38 1.98 0.22 0.08 18.83
NN NB SVM

0.36 0.40 32.33 0.22 0.26 18.47 0.15 0.19 9.28
RF
0.75 0.61 161.83

The R Studio 2026.01.0 Build 392 package and the function used for fitting the models
are fitted using the default hyperparameter settings of all the learning algorithms, i.e., no
hyperparameter tuning was performed, as shown in Table 6. Certainly, the hyperparameter
tuning for all the models may help to select the best model and increase prediction accuracy.

Table 6. Default hyperparameter setting, version of R-libraries used for different models.

Models and Machine Learning Algorithms

Regressive Logistic DT KNN NN NB SVM RF
R-package Name  MASS tree caret caret caret el071 randomForest
Libraries Version  7.3.60.2 1.044  6.0.94 1.7.16 4712
Function Name glm tree knn nnet nb C-classification — rf

2.6. Data Preparation

Table A1 presents the file structure, including data for a subject. The first column in the
table is the subject ID, and the second column is the outcome variable IADL, as described
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earlier. Starting from the third column, X1 up to column 21 (with the heading X19) are the
predictors. The variable descriptions are provided in Table 2. The column labels Y1 to Y7 are
the previous outcomes added after the predictors. For the first follow-up (Wave 1), there are
no data for Y1 to Y7, as there will be no previous follow-up. For the second follow-up, we
have the data for Y1. Similarly, for the third follow-up, we have the previous two outcomes’
data (Y1 and Y2) and so on. The estimates of the marginal model are obtained based on
the data from the first follow-up. The estimates for the first- and higher-order regressive
models are based on the data from the second follow-up onward. The column "Wave’
identifies the follow-up numbers, and the last column "Type70’ (Training = 1, Test = 2) is
for the training and test sample identification.

Appendix Table A2 presents the sample R-codes for fitting regressive logistic regres-
sion models and risk prediction from all seven follow-ups. A similar structure is used for
fitting all other ML models (R-codes not shown). The following

2.7. Methodological Flowchart for Entire Modeling Pipeline

Figure 3 illustrates the entire modeling pipeline from raw data to model fitting, evalu-
ation, and trajectory risk prediction.

( 7
Data preparation: Prepare long-format data by aug-
menting previous outcomes as covariates as explained
in Section 2.6 and shown in Appendix Table Al.

I

Descriptive analysis: Using long-format data, perform de-
scriptive analysis to populate Tables 1, 4, A1, A5, A6, and A7.

|

( 7

Model fitting: Fit marginal and regressive logistic models using
the long format data and R-codes shown in Appendix Table A2.

S J

|

Extract results: For example, Accuracy, AUC, ROC, parameter
estimates, etc., from the fitted models, as shown in Table Al

|

Extract probabilities: Extract marginal and conditional prob-
abilities from the fitted models and calculate joint proba-
bilities using the Equation (1) as described in Section 2.3,
populate Tables 5, 7, A3, and A4, and prepare all graphs.

|

Other model fitting: For fitting all other models (ML mod-
els) go back to Model fitting step and redo the next steps.

S J

Figure 3. Flowchart for the entire modeling pipeline.
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Table 7. Accuracy and Area Under the Curve (AUC) for different models for Wave 1 to Wave 7 by
training and test data.

Follow-Up Years 2002 2004 2006 2008 2010 2012 2014

Accuracy

Training Data
Regressive Logistic Regression 093 093 093 092 091 091 0.89

Decision Tree 093 093 093 092 091 091 090
K-Nearest Neighbor 091 091 09 089 087 086 0.84
Neural Network 089 084 088 087 077 083 071
Naive Bayes 08 08 08 08 082 081 078
Support Vector Machine 08 084 082 081 077 024 072
Random Forest 08 08 081 079 077 075 072
Test Data
Regressive Logistic Regression 093 093 092 092 090 092 091
Decision Tree 091 091 091 09 08 090 0.89
K-Nearest Neighbor 09 089 083 087 08 085 083
Neural Network 08 08 087 08 078 083 072
Naive Bayes 087 08 08 083 082 080 078
Support Vector Machine 084 084 082 080 078 025 073
Random Forest 082 083 08 079 077 077 071
AUC

Training Data

Regressive Logistic Regression 88.01 88.48 89.81 90.96 8935 91.05 90.76

Decision Tree 93.88 89.57 87.99 9285 89.34 93.38 93.07
K-Nearest Neighbor 81.40 84.13 90.27 88.33 8585 86.11 79.34
Neural Network 50.05 51.03 4940 48.88 49.05 2528 51.36
Naive Bayes 51.07 5194 5227 49.82 5153 5044 51.90
Support Vector Machine 50.12 4947 5112 4955 4981 50.65 49.67
Random Forest 5035 4898 49.69 5126 5251 46.88 50.16
Test Data
Regressive Logistic Regression 87.10 90.85 90.75 89.74 88.67 9294 90.25
Decision Tree 83.78 83.46 8640 91.79 7945 9507 88.60
K-Nearest Neighbor 61.68 6496 59.89 63.64 5772 6401 61.14
Neural Network 50.57 52.63 74.67 4646 50.20 50.06 52.09
Naive Bayes 50.80 5195 5135 4953 49.63 5234 51.12
Support Vector Machine 49.79 4980 50.15 4932 5149 51.18 50.80
Random Forest 5229 5037 49.72 5457 5398 49.19 53.36
3. Results

One needs to estimate the test error associated with a given statistical /ML method
to evaluate its performance or to select the appropriate level of flexibility [64]. As noted
earlier, we used various classifiers, and the data were divided into training (70%) and test
(30%) sets for model validation and to assess the models” generalization ability. Table 7
presents the classification accuracy and the Area Under the Curve (AUC) for all the models
and follow-ups. It may be noted that the estimated risk was classified as without IADLs (0)
if the predicted risk was less than 0.50 and with IADLSs (1) if the predicted risk was >0.50.
The Receiver Operating Characteristic (ROC) curve for the two highest performing models,
such as regressive logistic regression and Decision Tree, and one of the bad performing
models, KNN, is shown in Appendix Figures A1-A3.

The results in Table 7 indicate that the prediction accuracy for the regressive logistic
regression model varies between 0.89 and 0.93 from follow-up 1 to follow-up 7 data for both
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training and test data, with very close results for DT. Slightly reduced but close-to-equal
results are obtained for KNN, NN, and NB in terms of training and test accuracy. Training
and test accuracies for SVM and RF were, however, lower, around 0.80. However, training
and test errors for SVM on the Wave 6 data were reduced to 0.24 and 0.25. Finally, both
training and test accuracies were very close, indicating no over- or underfitting and strong
generalization to unseen data.

Parameter estimates along with standard errors and p-values for marginal and first-
to third-order regressive logistic models using Wave 1 to Wave 4 data are presented in
Appendix Table A3. Similarly, Appendix Table A4 presents the fourth- to sixth-order
regressive logistic models, using data from Waves 5 to 7. From these two tables, we can
see that various covariates such as depression score (X6), difficulties of mobility measures
score (X7), difficulties of large muscle measures score (X8), and difficulties of ADLs score
(X9) are found to be significant (p < 0.05) and positively associated with the repeated
outcomes (IADLs), with very few exceptions. A significant positive effect of variables X6 to
X9 indicates that the risk of IADLs increases with higher scores on these covariates. A few
other covariates—for example, any healthcare service utilization score (X10), number of
previous conditions (X12), whether alcohol drinkers (X14), and immediate word recall score
(X16)—showed significant positive or negative association with IADLs for some models.

Our results also indicate that responses from the recent past (e.g., Y1, Y2, Y3, Y4, Y5,
Y6) had a significant positive effect on current responses (IADLs). For example, for the first-
order regressive model (Wave 2 Model), second-order regressive model (Wave 3 Model),
and third-order regressive model (Wave 4 Model), all previous outcomes (Y1, Y2, Y3)
showed a significant positive impact on IADLs (Table A3). Our results also indicate that
responses from the recent past (e.g., Y1, Y2, Y3, Y4, Y5, Y6) had a significant positive
effect on current responses (IADLs). For example, for the first-order regressive model
(Wave 2 Model), second-order regressive model (Wave 3 Model), and third-order regressive
model (Wave 4 Model), all previous outcomes (Y1, Y2, Y3) showed a significant positive
impact on IADLs (Table A3). In Table A4, for all three models (Wave 5 Model, Wave 6
Model, and Wave 7 Model), all three immediately preceding outcomes showed a significant
positive association with IADLs, except for the Wave 6 Model, in which Y1 also showed a
significant positive association. This means the IADL’s problem from previous follow-up(s)
increases the risk of current IADLs significantly. Also, we cannot perform hypothesis
testing for the ML algorithms.

3.1. Trajectory

To understand the model-predicted IADL trajectory risks using both conditional
and joint probabilities, we estimated risks for several elderly individuals with IADLs
across all or most follow-ups. Appendix Table A5 shows the observed and regressive
logistic regression model-predicted IADLs for thirteen elderly individuals. Trajectory
risks, using conditional and joint probabilities for six elderly individuals, are displayed in
Figures 4 and 5, respectively. There are two tests and four training samples. The trajectories
of the two test subjects are represented by the first two lines starting from the top left of
Figure 4. From Table A6, we can see that these two subjects had IADLs present for all
seven follow-ups; also, the model predicted the presence of IADLs in Table A5, for all
the follow-ups.

Trajectories in Figure 4 help us to understand how the risk of IADLs of current follow-
up depends on the presence or absence of IADLs of previous follow-up(s). In other words,
conditional probabilities are based on reduced sample conditioning on previous outcome(s)
or subsamples or subgroups. Lines in black are training data, and lines in red are test data.
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The dashed line in Figure 4 represents the elderly with ID11859010, who were IADL-free at
the beginning, so there was a sudden drop in the trajectory.

The trajectories of joint probabilities for the same elderly group as in Figure 4 are
shown in Figure 5. We observe that all lines gradually decrease, although none fall below
the threshold probability of 0.50 for the IADLs, indicating that these six elderly individuals
have the IADLs. These joint probabilities are estimated by multiplying marginal and higher-
order conditional probabilities as shown in Equation (1). We can compare the trajectories
of two elderly individuals: the top line (ID 65212020) and the solid line (ID 11716010).
The trajectory risks for the subject with the solid line are much lower than those of the
subject with the long-dashed line throughout the follow-ups. To understand this, we refer
to Appendix Tables A6 and A7, which present the independent variable values for the
high-risk subjects shown in Appendix Table A5. The covariate values of X6, X7, X8, and X9
for the subject with the long-dashed line are relatively higher compared to the subject with
a solid line. These covariates are generally significant and positively associated with the
occurrence of IADLs across all follow-ups (Appendix Tables A3 and A4).

Type
—— Test
> —o— Train
£009-
§
o ID
o
E — 11716010
S - - 11859010
2 - 12738020
Jos-
--- 60082010
—- 65212020
-—- 79496010
0.7-

2002 2004 2006 2008 2010 2012 2014
Follow-up Years

Figure 4. Trajectory of conditional probabilities of high IADL risk in selected elderly individuals.

09- Type
—— Test
—e— Train
>
g 0.8- D
e — 11716010
= - - 11859010
S 07 . -+ 12738020
\ --- 60082010
% ’ —- 65212020
% e = 79496010
0.6- Y i

2002 2004 2006 2008 2010 2012 2014
Follow-up Years

Figure 5. Trajectory of joint probabilities of high IADL risk in selected elderly individuals.
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3.2. Trajectories Using Different ML Models

We compared the performance of the trajectory risk predicted using logistic and
different ML models. To this end, we used data from an elderly individual with the ID
number 11716010. Figures 6 and 7 present the trajectory risks using conditional and joint
probabilities, respectively. For this subject, the highest performance in risk prediction
was achieved by the regressive logistic regression model, followed closely by NB, DT,
and RF; the predicted risk exceeded 0.50 for all follow-ups. This elderly person observed
the presence of IADL:s across all waves, with correct predictions obtained from regressive
logistic regression, NB, and DT, whereas NN, SVM, and KNN predicted the absence of
IADLs, i.e., risks less than 0.05 for some of the waves. The predicted trajectory risks, based
on joint probabilities (Figure 7) and estimated using regressive logistic regression, were
consistent with the observed IADLs. Other ML algorithms predicted the absence of IADLs
at later follow-ups.
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2 0.75- 7
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5 S B
§o.25- o . RF
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/
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Follow-up Years

Figure 6. Trajectory of conditional probabilities for an elderly individual with ID number 11716010,
using all seven models.
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Figure 7. Trajectory of joint probabilities for an elderly individual with ID number 11716010 from all
seven models.

3.3. Impacts of Covariates on Trajectories: Clinical Scenarios

To understand how changes in covariate values affect trajectory risks across follow-
ups, we used the elderly individual with ID 11716010 who had an IADL problem at all
seven follow-ups (Table A1). We then gathered three new test subjects by varying the values
of covariates significantly associated with IADLs across follow-ups. The first new patient,
with subject ID 117160101, has covariate values identical to those shown in Appendix
Table A1, except for the CESD (X6: depression score). For CESD, we set values to 0 (no
depression) for all follow-ups. For the second new patient with ID 117160102, we set X6
and X7 (mobility index) to O for all follow-ups, while keeping all other covariate values
unchanged. Finally, for the third new patient with ID 117160103, we set X6, X7, and X9 to 0
and left the values of the remaining covariates unchanged.

Figures 8 and 9 present the trajectories of conditional and joint probabilities for these
four subjects. From the trajectory of conditional probabilities (Figure 8), the conditional
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probability decreases to a very small, non-noticeable amount when we set X6 = 0 for all
follow-ups. When we set the values of both X6 and X7 to 0, there is a noticeable reduction
in risk across all follow-ups, as indicated by the third dotted line from the top. Finally,
when we set X6, X7, and X9 to 0, there are significant reductions in risk. These three
covariates showed a significant positive association with IADLs from the logistic model for
the follow-ups. In Figure 9, the trajectory of joint probability clearly indicates the impact of
covariate on an elderly person’s risk of having IADLs. Once the values of the depression
score and mobility index score are reduced to zero, the risk declines, and the risk of curing
the JADL problem decreases (the second line in the figure). This reduction is pronounced
when a subject can reduce the values of X6, X7, and X9 to zero; the risks of the IADL
problem trajectory decrease sharply toward zero, as shown in Figure 9 (the first line from
the bottom).
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Figure 8. Trajectory of conditional probabilities for four elderly individuals with varying covariate

values for comparison.
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Figure 9. Trajectory of joint probabilities for four elderly individuals with varying covariate values
for comparison.

3.4. Trajectories of Joint Probabilities of Three New Test Subjects Using ML Models

For the three new patients with different covariate settings, the estimated trajectory risks
for the conditional and joint probabilities obtained from regressive logistic regression are
shown in Figures 8 and 9. For these three elderly, the trajectory risk of joint probabilities from
logistic regression is compared with six ML models, as shown in Figures 10-12. This is the
elderly subject with subject ID 117160101, and this subject’s CESD scores (X6) are 0 across
all waves, compared with the elderly subject with ID 11716010. The estimated trajectory risk
from regressive logistic regression remains high (>0.50), indicating the presence of IADLs
across all follow-ups, although X6 was significantly and positively associated with IADLs at
all follow-ups (Figure 10). The remaining ML models showed a change in IADLs from 1 to 0
at later follow-ups. Figure 11 presents the trajectory of the subject with ID 117160102, and the
values of covariates X6 and X7 were set to zero for all the follow-ups. All models showed a
rapid decline in estimated trajectory risk from the second follow-up onward, and the risk was
less than 0.50. For the last subject (ID 117160103), the values for X6, X7, and X9 were set to 0
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across all waves. The trajectory risk indicates a sharp decline across all models (Figure 12); in
particular, the logistic model showed the largest reduction.
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Figure 10. Comparison of joint probabilities predicted using different models for elderly participant
with ID number 117160101.
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Figure 11. Comparison of joint probabilities predicted using different models for elderly individual
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Figure 12. Comparison of joint probabilities predicted using different models for elderly individual
with ID 117160103.

4. Discussion

A sharp increase in longitudinal data collection through large-scale cohort studies or
wearable devices is generating vast, complex, high-dimensional datasets that fall within
the realm of big data. To analyze such datasets, a specialized modeling framework needs to
be developed. In this study, using longitudinal data, we developed a modeling framework
to predict trajectory risks of IADLs and their significant predictors, which could help
manage these conditions. We estimated multiple trajectories, controlling for significant
covariates, to assess their temporal impact. Depression score (X6), difficulties of mobility
measures score (X7), difficulties of large muscle measures score (X8), and difficulties of
ADLs score (X9) have a significant (p < 0.05) and positive impact on the IADLs for most
of the follow-ups (Appendix Tables A3 and A4). Similar associations were observed in
other cross-sectional studies [5,44,55,65]. Connolly et al. [53] found a positive association
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of depression, BMI, single, and self-rated memory with IADLs. Several chronic conditions
were found to be associated with IADLs in different studies [49,66]. The dependence
between IADLs and ADLs, age, gender, and marital status was reported by [54], similarly
to our findings. Moon et al. [55] reported grip strength, age, and dementia as significant
predictors of IADLs. A comprehensive list of studies identifying significant predictors of
IADLs is presented in Table 3.

The regressive logistic regression model and the Decision Tree showed similar perfor-
mance on the training and test data; however, the Decision Tree exhibited slight overfitting
(Table 7). The remaining ML models (KNN, NN, NB, SVM, and RF) achieved lower ac-
curacy than the regressive logistic regression model. Comparison of varying scores for
X6, X7, X8, and X9 reduces the risks of IADL trajectories very sharply, as evident from the
Figures 8 and 9.

The controllable risk factors that were found as significant predictors of IADLs could
be motivating factors for the elderly to reduce or be free of IADLs. Physicians can introduce
to patients the benefits by presenting the graphical trajectory of the impact of useful,
controllable risk factors, which could be motivating. The model’s predictive power may
depend on the new data over time; models should be updated regularly. These systems
will be sophisticated, as many components are involved. Even with continuous data
collection, the predictive performance of various learning models can change, and this
should be considered. Another major constraint of longitudinal data collection is that new
risk factors (variables) may be added due to evolving realities or requirements, resulting
in a varying number of covariates across follow-ups. That may substantially increase
predictive power, thereby yielding a more refined trajectory risk prediction. Additionally,
missing values for various risk factors across follow-ups are common. All of these are
barriers to traditional modeling approaches that must be addressed in the development of
any new modeling framework.

Clinical Decision Support Systems (CDSSs) support clinicians in using data and
modeling techniques to improve decision quality and enhance healthcare delivery [67,68].
An Al-based CDSS may enhance personalized medicine and improve the efficiency of
healthcare workers [69]. Among CDSS developers, there is a growing interest in using
Artificial Intelligence (Al) to predict outcomes [70]. ML (a subfield of Al) can learn from
patients’ past follow-up data and recognize useful patterns [71,72].

Researchers are only beginning to explore Al-assisted ML models for enhancing CDSSs,
personalized medicine, and healthcare management [73-75]. Recently, Al technology has
been applied to facilitate predictive and personalized healthcare by transforming raw,
continuous data from wearables into actionable health insights [76,77]. ML and Al can
train models to analyze large datasets, recognize patterns in disease conditions and disease
progression, and identify the most predictive model to support faster clinical decision-
making [78]. Future work should focus on developing a system for automated, Al-assisted
data modeling using the framework presented in this paper. This would automate the
selection of the best predictive model from a pool of models using real-time data from
databases with a dashboard. Our modeling framework could be useful to achieve the
above goals.

5. Conclusions

In this paper, a modeling framework is shown to predict the trajectory risks for a
sequence of binary outcomes (IADLs—a chronic condition for the elderly) from large,
high-dimensional complex datasets. The proposed modeling framework is illustrated,
and trajectory risks are estimated for each follow-up, conditional on the process. Then,
the model-estimated conditional risks are linked via marginal probabilities and the sequence
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of conditional probabilities. This provided the joint probabilities needed for a trajectory
risk prediction based on specified covariate vectors. The main advantage of the proposed
framework is that only one model needs to be fitted for each follow-up, in contrast to
Markov models. The number of models required grows exponentially with the number of
follow-ups. The outcome variable and covariates in the baseline (Wave 1) data are used to
estimate the parameters of the marginal models. The subsequent conditional probabilities
are estimated from the parameters of the logistic regression models fitted to the data from
successive follow-ups. The proposed regressive model also allows interactions among
previous outcomes and between previous outcomes and predictors within a particular
wave. The interaction terms may provide a better understanding of the underlying disease
process and the relationships between outcomes and related risk factors. In addition,
the proposed framework enables the use of any ML model for trajectory risk prediction
from repeated-measures data. This would help to identify the best model for more accurate
risk prediction.

6. Limitations

We did not use a fully parameterized model that would address point (v) posed in the
Introduction section. In other words, we are not able to estimate the interaction between
prior outcomes and covariates in the current follow-up. In our framework, it is possible,
but a more complex algorithm in R would be required and would be time-consuming
to implement. Additionally, we did not address the handling of missing values in our
framework. In this framework, it can easily be incorporated. Our modeling framework can
accommodate a varying number of covariates at each follow-up, which requires additional
programming and framework adjustments. Lastly, we did not assess causality, as it was
not our objective. It would be interesting to study whether causal models (for example,
structural equation models) could be incorporated into the proposed framework to check
the presence of any causal relationship in the data and obtain more refined estimates.
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Abbreviations

The following abbreviations are used in this manuscript:

ADL Activities of Daily Living

Al Artificial Intelligence

DT Decision Tree

AUC Area Under the Curve

HRS Health and Retirement Study

IADL Instrumental Activities of Daily Living

TIoT Internet of Things

KNN K-Nearest Neighbors

ML Machine Learning

NN Neural Network

NB Naive Bayes

RF Random Forest

RLR/Logis Regressive Logistic Regression

ROC Receiver Operating Characteristic

SVM Support Vector Machine

Appendix A

Table A1l. Example of restructured long-format data file.
HHIDPN IADL X1 X2 X3 X4 X5 X6 X7 X8
79496010 1 0 0 0 10 5 8 5 3
79496010 1 0 0 0 10 2 7 2 4
79496010 1 0 0 0 10 4 8 4 4
79496010 1 0 0 0 10 5 8 5 4
79496010 1 0 0 0 10 4 8 4 3
79496010 1 0 0 0 10 3 7 3 2
79496010 1 0 0 0 10 4 8 5 3
X9 X10 X11 X12 X13 X14 X15 X16 X17 X18
5 1 65 4 32.30 0 1 5 3 0.00
3 1 67 4 33.10 0 1 5 4 0.00
3 3 69 4 22.00 1 1 4 4 810.00
4 3 71 4 33.20 1 1 4 4 0.00
4 2 73 5 34.50 1 1 4 5 1694.00
3 1 75 5 34.40 0 1 6 5 600.00
3 1 77 6 35.90 1 1 4 4 1960.00
X19 Y1 Y2 Y3 Y4 Y5 Y6 Y7  Wave Type70
5388.00 1 2
6732.00 1 2 2
6960.00 1 1 3 2
6588.00 1 1 1 4 2
8640.00 1 1 1 1 5 2
8664.00 1 1 1 1 1 6 2
14,907.91 1 1 1 1 1 1 7 2

Note: The training data is used to fit the models, and the test data is used to check how accurately the fitted model

can predict the outcome variable from test data.
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Table A2. R-codes for fitting regressive logistic regression.

indvars<- c("Gender","Mstatus","RAVETRN","Education","RGROSSA","RCESD",

"RMOBILA","RLGMUSA","RADL5A","Hcutli","RAGEY_E",

"RCONDE", "RBMI","RDRINK","RSMOKEV","RIMRC","RDLRC",
"ROOPMD", "HITOT")
depvar <- "IADL"

idvar
b
totfol

stopImplicitCluster()

<- "hhidpn";
<- 20
<- 7

\ ’total number of features and dep var

registerDoParallel(12)
system. time(

Mol<- foreach(i = 1:totfol, .packages=c(’MASS’,’data.table’)) Ydopar} {

mdlongN <- allDatal[allDatal$Wave==i & allDatal$Type70==1,][,1:(i+b)]
newdat <- allDatal[allDatal$Wave==i,]
fitmod <- glm(IADL~., data =
family = binomial("logit"))
prob  <- predict(fitmod, newdata = newdat, type="response")
Yh <- ifelse(prob > 0.50, 1, 0)

stopImplicitCluster ()

prob  <- as.data.frame(cbind (HHIDPN=newdat$HHIDPN,

b

mdlongN[,2:dim(mdlongN) [[2]]1],

Y=newdat$IADL,Yh,prob, Type=newdat$Type70))
mls <- list(fitmod, prob)

Table A3. Parameter estimates of logistic regression model for Wave 1 to Wave 4.

Wave 1 Model Wave 2 Model

Parameters ﬁ S.E. p-v ﬁ S.E. p-v

Intercept —2.783 0.919 0.002 -3.920 0.975 0.000
Gender 0.235 0.168 0.161 —0.048 0.175 0.786
Mstatus —0.154 0.128 0.229 0.030 0.134 0.824
RAVETRN 0.132 0.182 0.468 0.281 0.189 0.137
Education 0.018 0.019 0.349 —0.030 0.021 0.149
RGROSSA 0.007 0.124 0.957 0.179 0.139 0.199
RCESD 0.152 0.027 0.000 0.119 0.028 0.000
RMOBILA 0.286 0.082 0.000 0.133 0.088 0.132
RLGMUSA 0.230 0.053 0.000 0.127 0.057 0.025
RADL5A 0.759 0.098 0.000 0.643 0.110 0.000
Hcutli 0.202 0.080 0.012 0.131 0.089 0.141
RAGEY_E —0.000 0.012 0.989 0.017 0.012 0.169
RCONDE 0.195 0.045 0.000 0.115 0.047 0.015
RBMI —0.020 0.010 0.047 —0.004 0.010 0.650
RDRINK —0.378 0.130 0.004 —-0.214 0.132 0.106
RSMOKEV —0.207 0.124 0.094 0.127 0.130 0.327
RIMRC —0.140 0.052 0.007 —0.080 0.055 0.147
RDLRC —0.085 0.044 0.050 —0.118 0.044 0.008
ROOPMD —0.000 0.000 0.730 0.000 0.000 0.049
HITOT —0.000 0.000 0.541 —0.000 0.000 0.694
Y1 1.759 0.141 0.000
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Table A3. Cont.
Wave 3 Model Wave 4 Model
Intercept —5.852 1.017 0.000 —4.330 1.028 0.000
Gender —0.318 0.183 0.083 0.079 0.174 0.649
Mstatus —0.079 0.138 0.565 —0.073 0.131 0.579
RAVETRN 0.308 0.200 0.123 0.085 0.190 0.657
Education —0.010 0.021 0.627 —0.018 0.020 0.367
RGROSSA 0.117 0.136 0.390 —0.166 0.139 0.233
RCESD 0.064 0.030 0.030 0.172 0.029 0.000
RMOBILA 0.233 0.089 0.009 0.257 0.088 0.003
RLGMUSA 0.157 0.057 0.006 0.259 0.056 0.000
RADL5SA 0.498 0.104 0.000 0.720 0.109 0.000
Hecutli 0.341 0.082 0.000 0.171 0.080 0.032
RAGEY_E 0.032 0.012 0.011 0.019 0.012 0.126
RCONDE 0.066 0.047 0.162 0.021 0.046 0.652
RBMI 0.006 0.009 0.558 —0.024 0.010 0.013
RDRINK —0.281 0.133 0.035 —0.299 0.131 0.023
RSMOKEV 0.011 0.132 0.934 0.151 0.131 0.251
RIMRC —0.078 0.058 0.174 0.023 0.058 0.688
RDLRC —0.034 0.047 0.476 —0.134 0.046 0.003
ROOPMD —0.000 0.000 0.788 0.000 0.000 0.048
HITOT —0.000 0.000 0.296 —0.000 0.000 0.626
Y1 0.864 0.162 0.000 0.571 0.176 0.001
Y2 1.585 0.147 0.000 0.722 0.165 0.000
Y3 1.415 0.156 0.000
Table A4. Parameter estimates of the logistic regression model for Wave 5 to Wave 7.
Wave 5 Model Wave 6 Model

Parameters B S.E. p.v B S.E. p.v

Intercept —4.839 1.066 0.000 —5.211 1.156 0.000
Gender —0.121 0.175 0.489 0.160 0.183 0.379
Mstatus 0.261 0.136 0.054 0.245 0.141 0.082
RAVETRN 0.323 0.186 0.082 —0.098 0.195 0.617
Education —0.061 0.021 0.003 —0.027 0.021 0.203
RGROSSA 0.155 0.136 0.253 0.232 0.144 0.108
RCESD 0.123 0.030 0.000 0.064 0.033 0.052
RMOBILA 0.079 0.087 0.367 0.120 0.092 0.194
RLGMUSA 0.176 0.058 0.002 0.124 0.061 0.042
RADL5A 0.465 0.104 0.000 0.446 0.111 0.000
Hecutli 0.136 0.071 0.056 0.269 0.074 0.000
RAGEY_E 0.029 0.012 0.019 0.034 0.013 0.011
RCONDE 0.116 0.047 0.014 0.071 0.049 0.153
RBMI —0.003 0.010 0.768 —0.021 0.011 0.045
RDRINK 0.043 0.128 0.735 —0.359 0.136 0.008
RSMOKEV 0.070 0.129 0.586 0.008 0.134 0.952
RIMRC —0.056 0.055 0.308 —0.067 0.058 0.248
RDLRC —0.106 0.046 0.020 —0.073 0.049 0.134
ROOPMD 0.000 0.000 0.199 0.000 0.000 0.201
HITOT —0.000 0.000 0.568 0.000 0.000 0.749
Y1 —0.011 0.202 0.957 0.684 0.209 0.001
Y2 0.570 0.186 0.002 0.260 0.213 0.222
Y3 1.215 0.176 0.000 0.420 0.207 0.042
Y4 1.449 0.156 0.000 0.851 0.183 0.000
Y5 1.806 0.152 0.000
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Table A4. Cont.

Wave 7 Model

Parameters ﬁ S.E. p-v

Intercept —3.801 1.135 0.001
Gender 0.157 0.180 0.384
Mstatus —0.107 0.134 0.424
RAVETRN 0.234 0.193 0.227
Education 0.020 0.022 0.363
RGROSSA —0.249 0.141 0.078
RCESD 0.160 0.030 0.000
RMOBILA 0.325 0.091 0.000
RLGMUSA 0.272 0.057 0.000
RADL5A 0.554 0.111 0.000
Hcutli 0.111 0.074 0.134
RAGEY_E 0.019 0.013 0.148
RCONDE —0.019 0.048 0.685
RBMI —0.026 0.010 0.013
RDRINK —-0.322 0.132 0.014
RSMOKEV —0.179 0.128 0.161
RIMRC —0.110 0.056 0.048
RDLRC —0.073 0.047 0.124
ROOPMD 0.000 0.000 0.624
HITOT 0.000 0.000 0.839
Y1 0.270 0.229 0.238
Y2 0.049 0.238 0.836
Y3 0.404 0.225 0.073
Y4 0.931 0.204 0.000
Y5 0.750 0.181 0.000
Y6 1.599 0.162 0.000

Table A5. Observed and regressive logistic-regression-model-predicted IADL status for 13 selected
high-risk elderly.

Observed Predicted
hhidpn ID) Y1 Y2 Y3 Y4 Y5 Y6 Y7 Y1 Y2

11716010
11859010
12738020
12854010
23876010
42240010
43627010
60082010
86203010
86836010
22035040
65212020
79496010

Type: 1 = Training data; 2 = Test data. Note: The training data is used to fit the models, and the test data is used to
check how accurately the fitted model can predict the outcome variable from test data.
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Table A6. Covariates of 6 selected high-risk elderly shown in Figures 4 and 5.

ID Y X1 X2 X3 X4 X5 X6 X7 X8 X9  Wave
11716010 1 1 0 0 10 5 0 4 3 5 1
11716010 1 1 0 0 10 5 1 5 3 5 2
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Table Aé6. Cont.
ID Y X1 X2 X3 X4 X5 X6 X7 X8 X9 Wave
11716010 1 1 0 0 10 4 2 5 3 4 3
11716010 1 1 0 0 10 5 0 5 3 5 4
11716010 1 1 0 0 10 5 3 5 2 5 5
11716010 1 1 0 0 10 5 3 5 3 5 6
11716010 1 1 0 0 10 5 2 5 4 5 7
11859010 0 0 0 0 11 2 6 3 4 3 1
11859010 1 0 0 0 11 2 8 3 4 3 2
11859010 1 0 0 0 11 3 6 3 4 5 3
11859010 1 0 0 0 11 5 1 5 4 5 4
11859010 1 0 0 0 11 5 7 5 4 4 5
11859010 1 0 0 0 11 5 7 5 3 4 6
11859010 1 0 0 0 11 4 5 4 4 5 7
12738020 1 0 1 0 3 5 6 5 4 4 1
12738020 1 0 1 0 3 5 4 5 4 4 2
12738020 1 0 1 0 3 3 8 4 4 2 3
12738020 1 0 1 0 3 1 8 1 3 2 4
12738020 1 0 1 0 3 0 7 2 4 1 5
12738020 1 0 1 0 3 2 7 3 3 2 6
12738020 0 0 1 0 3 0 6 2 2 0 7
60082010 1 0 0 0 8 5 7 5 4 4 1
60082010 1 0 0 0 8 4 5 5 4 3 2
60082010 1 0 0 0 8 5 6 5 4 4 3
60082010 1 0 0 0 8 5 5 5 4 5 4
60082010 1 0 0 0 8 4 6 3 4 4 5
60082010 1 0 0 0 8 4 7 3 4 4 6
60082010 1 0 0 0 8 5 4 5 4 4 7
65212020 1 0 1 0 2 5 7 4 4 4 1
65212020 1 0 1 0 2 5 1 5 4 5 2
65212020 1 0 0 0 2 4 6 4 3 4 3
65212020 1 0 0 0 2 4 5 4 4 5 4
65212020 1 0 0 0 2 5 3 5 4 5 5
65212020 1 0 0 0 2 5 3 5 4 4 6
65212020 1 0 0 0 2 5 8 5 4 5 7
79496010 1 0 0 0 10 5 8 5 3 5 1
79496010 1 0 0 0 10 2 7 2 4 3 2
79496010 1 0 0 0 10 4 8 4 4 3 3
79496010 1 0 0 0 10 5 8 5 4 4 4
79496010 1 0 0 0 10 4 8 4 3 4 5
79496010 1 0 0 0 10 3 7 3 2 3 6
79496010 1 0 0 0 10 4 8 5 3 3 7

Note: For the description of outcome variabe Y and the predictors X1 to X19, please see Tables 1 and 2.

Table A7. Covariates of 6 selected high-risk elderly are shown in Figures 4 and 5.

ID X10 X11 X12 X13 X14 X15 X16 X17 X18 X19 Wave
11716010 1 64 0 20 0 1 6 5 0 8088 1
11716010 1 65 0 18 0 1 5 3 0 6348 2
11716010 2 68 0 19 0 1 6 4 0 7236 3
11716010 2 69 0 19 0 1 6 5 0 10,276 4
11716010 1 71 0 20 0 1 6 4 0 11,324 5
11716010 2 74 0 18 0 1 5 3 0 8376 6
11716010 3 75 1 20 0 1 6 4 0 17,136 7
11859010 2 64 5 26 0 1 6 4 0 6864 1
11859010 3 66 5 28 0 1 5 6 0 15504 2
11859010 2 68 5 30 0 1 6 6 265 8796 3
11859010 4 70 5 30 0 1 4 3 1520 7944 4
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Table A7. Cont.
ID X10 X11 X12 X13 X14 X15 X16 X17 X18 X19 Wave
11859010 2 73 6 30 0 1 4 2 1220 13,056 5
11859010 2 74 6 32 0 1 3 2 892 8350 6
11859010 1 76 6 30 0 1 3 2 110 16,872 7
12738020 1 54 2 28 0 0 4 4 915 0 1
12738020 2 56 2 30 0 0 6 4 2480 0 2
12738020 2 58 3 32 0 0 3 4 2920 0 3
12738020 1 60 3 31 0 0 6 3 3970 0 4
12738020 1 63 3 28 0 0 5 6 4280 0 5
12738020 2 64 3 32 0 0 6 5 9600 0 6
12738020 1 66 3 35 0 0 6 2 17,000 0 7
60082010 3 67 2 48 0 1 7 5 360 3972 1
60082010 1 69 4 50 0 1 6 5 372 8544 2
60082010 3 71 4 57 1 1 2 4 1020 9132 3
60082010 4 73 4 58 0 1 6 4 2400 14,483 4
60082010 3 76 5 58 1 1 4 4 2443 17,315 5
60082010 2 77 5 56 1 1 5 4 4800 11,448 6
60082010 3 79 6 52 1 1 4 3 1200 10,992 7
65212020 3 64 3 32 0 0 4 5 2080 11,940 1
65212020 1 65 3 35 0 0 4 3 300 2592 2
65212020 2 67 3 34 0 0 3 2 720 0 3
65212020 2 69 3 30 0 0 4 4 720 2940 4
65212020 1 72 3 29 0 0 7 4 400 6000 5
65212020 2 74 3 29 0 0 5 5 0 6900 6
65212020 2 75 4 28 0 0 3 3 720 9972 7
79496010 1 65 4 32 0 1 5 3 0 5388 1
79496010 1 67 4 33 0 1 5 4 0 6732 2
79496010 3 69 4 22 1 1 4 4 810 6960 3
79496010 3 71 4 33 1 1 4 4 0 6588 4
79496010 2 73 5 34 1 1 4 5 1694 8640 5
79496010 1 75 5 34 0 1 6 5 600 8664 6
79496010 1 77 6 36 1 1 4 4 1960 14,908 7

True positive rate

True positive rate

Training Data: Wave-1

Note: For the description of outcome variabe Y and the predictors X1 to X19, please see Tables 1 and 2.
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Figure A1. ROC and AUC using Regressive Logistic Regression (RLR) for all waves for training and

test data.
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Figure A2. ROC and AUC using Decision Tree (DT) for all waves for training and test data.

https:/ /doi.org/10.3390/computers15020113


https://doi.org/10.3390/computers15020113

Computers 2026, 15,113

26 of 29

Training Data: Wave-1

Training Data: Wave-2

Training Data: Wave-3

Training Data: Wave-4

] ] ] ]
g ~ g ~ g ~ g ~
2 o 2 o g o g o
% © B ©° 3 o 7 3 o 7
2 o f -7 auc:era 2 o [ -7 auc 8413 2 o [ -7 auc: g027 2 o [ -7 auc: ssss
[} g [} g () . [ d
> o | | | | | I > o | | | | | I > o | | | | | I > o | | | | | I
= = = =
00 04 038 00 04 038 00 04 038 00 04 038
False positive rate False positive rate False positive rate False positive rate
Training Data: Wave-5 Training Data: Wave—6 Training Data: Wave-7 Test Data: Wave-1
g g g g
2 o 2 o g o g o
% © % © 3 o 7 3 o 7
2 o /-7 auc: ssss 2 o /-7 auc s 2 o /-7 auc: 793 2 o 1/ auc: eies
[} g [} g ()] . [ d
> o | | | | | I > o | | | | | I > o | | | | | I > o | | | | | I
= = = =
00 04 038 00 04 038 00 04 038 00 04 038
False positive rate False positive rate False positive rate False positive rate
Test Data: Wave-2 Test Data: Wave-3 Test Data: Wave—-4 Test Data: Wave-5
g g g g
S o " S o < S o - S o -
% © 3 o 7 3 o 7 3 o 7
o ohd : o 7 : o - : o ~ :
3 o -/ AUC: 64.96 3 o - 7 AUC: 59.89 3 o - / AUC: 63.64 3 o - /- AUC: 57.72
> o | | | | | I > o | | | | | I > o | | | | | I > o | | | | | I
= = = =
00 04 038 00 04 038 00 04 038 00 04 038
False positive rate False positive rate False positive rate False positive rate
Test Data: Wave—-6 Test Data: Wave-7
g g
S o T . S o -
B © o 3 o 7 e
2 o /777 auc ea0t 2 o 1/ auwc eria
:1_:) S T T T T T 1 :1_:) S T T T T T 1
= =
00 04 038 00 04 038
False positive rate False positive rate
Figure A3. ROC and AUC using K-Nearest Neighbor (KNN) for all waves for training and test data.
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