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Abstract. Introduction: Caregiver stress negatively influences both patients

and caregivers. Predictors of caregiver difficulty may provide crucial insights
for providers to prioritize those with the highest risk of stress. The purpose of

this study was to develop a prediction model of caregiver difficulty by applying

data mining techniques to a national behavioral risk factor data set.
Methods: Behavioral data including 397 variables on 2,264 informal care-

givers, who provided any care to a friend or family member during the past

month, were extracted from a publicly available national dataset in the U.S (N
= 451,075) and analyzed. We applied several classification algorithms (J48,

RandomForest, MultilayerPerceptron, AdaboostM1), to iteratively generate

prediction models for caregiving difficulty with 10-fold cross validation.
Results: 44.7% of informal caregivers answered that they faced the great-

est difficulties while they took care of patients. Among those who faced the
greatest difficulties, the reasons were creating emotional burden (45%). Patient

cognitive alteration (e.g. cognitive changes in thinking or remembering during

the past year), care hours, and relationship with a caregiver appeared as the
main predictors of caregiver stress (classified correctly 63%, difficulty AUC =

65%, no difficulty AUC = 65%).

Conclusions: Data mining methods were useful to discover new behavioral
risk knowledge and to visualize predictors of caregiver stress from a multi-

dimensional behavioral dataset.This study suggests that health professionals
target dementia family caregivers who are anticipated to experience patients
neuro-cognitive changes, and inform the caregivers about importance of limit-

ing care hours, burn out and delegation of caregiving tasks.

1. Introduction. Americans live longer but are sicker [17]. Many patients with
chronic disease such as stroke, cancer, heart attack, or dementia live at home after
the acute phase of their disease. Their physical, psychosocial, and cognitive im-
pairments are significant challenges to family caregivers [1]. Supporting caregivers
are a critical element of health care. Whereas ‘identifying risks and management

2010 Mathematics Subject Classification. Primary: 97R50; Secondary: 97R71.

Key words and phrases. Data mining, neural network, visualization, caregiver, dementia, stress.
∗Corresponding author: Sunmoo Yoon, RN, PhD, Associate Research Scientist, Columbia

University, sy2102@columbia.edu.

209

http://dx.doi.org/10.3934/bdia.2017014


210 SUNMOO YOON, MARIA PATRAO, DEBBIE SCHAUER AND JOSE GUTIERREZ

of family caregivers appears frequently in a nursing diagnosis text book, in reality
those concepts are rarely translated during patient care. In spite of the amount of
family caregivers demands, providers are often forced to rush in discharging patients
for management reasons. The unmet needs of family caregivers led to an increased
patient readmission rate [6].

Studies have reported that caregiver stress negatively impacts both patients and
caregivers [1]. For patients, caregiver stress is associated with admission to nursing
home [19]. Moreover, patients at home have often been victimized by domestic
violence [23]. For caregivers, their stress altered the capacity of proinflammatory
cytokines inducing anxiety, fatigue, sleep alteration, and increased sensitivity to
pain. In addition, caregiver stress affected hippocampal dependent cognitive func-
tion, suppressed neurogenesis, and caused dendrite shrinkage leading depressive
illness and cognitive decline [13]. Accordingly, several studies have reported the
importance of interventions to support caregivers [8].

Although most providers are able to foresee the burden of patient care for fami-
lies, providing intervention for family caregivers may prove challenging in a hectic
clinical environment. Therefore, predictors of caregiver difficulty may provide cru-
cial insights for providers to prioritize those with the highest risk of stress. Pre-
dictors of caregiver burden have rarely been explored. In addition, as the proven
accuracy of novel data science methods in the 2016 U.S. presidential election, data
mining methods may overcome the limitation of traditional statistical methodolo-
gies (e.g. multivariate regression) which cannot analyze hundreds of variables at
once [2, 18, 21]. Thus, the purpose of this study was to develop a prediction model
of caregiver difficulty by applying data mining techniques to a national behavioral
risk factor data set.

2. Method.

2.1. Data and tool. Our observational study used a national data set, the Be-
havioral Risk Factor Surveillance System (BRFSS) by Centers for Disease Control
and Prevention [7]. The BRFSS is a publicly available dataset which is an annual
ongoing health survey tracking health conditions and risk behaviors in the United
States. PSAW SPSS c©Version 18 was used for extracting records of caregivers,
cleaning, and conversion of the data file format ‘XTP’ to ‘csv’, which is readable in
Weka software [11, 14]. Weka is an open source data mining software used in the
data mining and knowledge discovery process. Weka V 3.7 was used for our data
analysis to build the predictive models and to assist in adequate selection of the
independent variables for prediction modeling.

2.2. Outcome. We extracted data on 2,264 caregivers who provided any care to
a friend or family member during the past month from BRFSS (N = 451,075). We
were interested in investigating caregiver difficulty. BRFSS asked caregivers their
greatest difficulty they have faced as a caregiver; whether or not they experienced
such difficulties as financial burden, time pressure for themselves for their families,
interfering with their work, emotional stress, aggravating health problems, and the
affect on family relationships. Caregiver difficulty variable was dichomized as no
difficulty and difficulty as our outcome variable. “Dont know/not sure” or “refused
to answer” the caregiver difficulty questionnaire were treated as missing values be-
cause the portion was less than 5% (1.28%).
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Figure 1. Iterativesteps of the data mining process to build a
prediction model from a large dataset

2.3. Analysis. In order to build a prediction model for caregiver difficulty, we
followed the iterative steps of data mining process which consists of preprocessing,
transformation, attribute selection, pattern discovery and interpretation (Figure 1).

Preprocess: First, we reduced the number of variables by removing redundant
or irrelevant variables (e.g., phone number, disaster preparation, dental clean-
ing) leaving 159 variables from 397 variables. Next, we used CFS attribute
evaluator, a machine learning algorithm, to select variables that were strongly
related to the outcome variable; this resulted in 12 predictive variables in-
cluding relationship with a caregiving patient, years of caregiving, hours of
caregiving per week, patient status change, age of caregiver, quality of rest,
emotional support, satisfaction with life, diabetes, and patient needs.

Prediction Model: In order to avoid algorithm dependency, we applied sev-
eral classification algorithms (J48, RandomForest, MultilayerPerceptron, Ad-
aboostM1), to iteratively generate models. C4.5 and Adaboost (J48 and Ad-
aboost M1 in Weka) built based on an accurate sound theory are selected
as top 10 data mining algorithm among experts [21, 22]. Deep learning and
neural network (MultilayerPerceptron in Weka) is known as a powerful tech-
nique,theoretically well suited to non-linear processes like complex stress out-
come [18, 3, 12, 24] However, the model by neural network is not transparent
[16]. In fact, the model by neural network is technically difficult to communi-
cate and visualize due to its hidden layer. We also chose an ensemble classifier,
Random Forest algorithm which is known to be accurate and efficient on large
data base [4].

Validation: For model validation, Weka software allows us to randomly parti-
tion a dataset for training and testing. We applied 10-fold cross validation,
meaning 90% of cases to be a training set and 10% of cases to be a validating
set. Once the prediction model was generated from the training set, then it
was validated on the testing dataset. During the iterative modeling process,
we evaluated the models performance each time using proportion correctly
classified and the area of under the receiver operating characteristic curve
(AUC). We selected a final model based on predictive ability and clinical
meaningfulness of variables. Models were visualized in a simple tree form to
enhance communication with providers at bedside.
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3. Results.

3.1. Characteristics of study population. Characteristics of caregivers (n =
2,264) were described in Table 1 and 2. While mean age of patients whom the care-
givers took care of was 70 (SD = 20.5), mean age of caregivers was 56 (SD = 15.5).
Most of caregivers (91%) were white and women (64%). More than half of them
were employed for wages or self-employed,and about a fourth were retired (26%).
Approximately 40% of caregivers made less than $50,000 per year. Forty percent of
caregivers took care of their parents or grandparents, 22% of siblings or child, 16%
spouses, and 16% friends. In more than half of the cases, cognitive status of patients
(e.g. worse in remembering, decision making) had changed during the past year.
Seventy four percent of caregivers have been taking care of patients for less than 5
years. Most of them spent less than 30 hours for care for the patients per week.The
most need of patients were 1) taking care cleaning, managing money, or preparing
meals (27%), transportation outside of the home (22%), self-care including eating,
dressing, bathing (13%), and miscellaneous including communicating with others,
moving around within the home, seeing or hearing, getting along with people (14%)
and relieving anxiety or depression (8%). Whereas fifty four percent of caregivers
answered that they did not experience the greatest difficulty as a caregiver, 44.7%
of them answered that they faced the greatest difficulties while they took care of
patients. Among those who faced the greatest difficulties, the reasons were creating
emotional burden (45%), not enough time for themselves (14%), creating financial
burden (8%), altering family relationships (7%), interfering with their work (6%),
creating or aggravating their health problems (3%), or others difficulties (10%).

Patient cognitive alteration (e.g. cognitive changes in thinking or remembering
during the past year), care hours, and relationship with a caregiver appeared as the
main predictors of caregiver stress (classified correctly 63%, difficulty AUC = 65%,
no difficulty AUC = 65%). More than half of the patients experienced cognitive
changes. When a patient did not experience changes in thinking or remembering,
caregivers were more likely to have less difficulty. Most of them (60%) care for
less than 14 hours per week. Among those (¡14 hrs/week), if a patient was a
parent, a child, a spouse or sibling, caregivers were more likely to have difficulty
when the status of patient became worse. In contrast, if a patient was a friend or
grandparent, caregivers were more likely to have less difficulty when the condition
of patient declined Figure 2, left).

Due to its clinical implication, we further investigated the predictability of care-
giving difficulties by acaregivers medical condition: diabetes, heart attack (myocar-
dial infarction), coronary artery disease (angina), stroke, asthma, use of assistant
device, pregnancy, glaucoma, macular degeneration, cataract, cancer, insulin use,
or snoring. Chances of caregivers having the greatest difficulties and less difficulty
were similar (caregiver with disease: caregiver with no disease 50%:50%) regardless
medical conditions which the caregivers had. In fact, perceived difficulties were
slightly lower among those with medical conditions compared to without diseases.
For example, 40% of caregivers with myocardial infarction history answered that
they experienced difficulty, whereas 53% of caregivers with no myocardial infarc-
tion history answered that they experienced difficulty. In a similar way, rate of
having difficulty was lower among the caregivers with diabetes (46%) than among
the caregivers with no diabetes (53%) Figure 2, right).

4. Discussion. In this study, we demonstrated data mining and neural network
technologies, to investigate predictors of caregiver burden among caregivers. Data
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Patient age (mean, SD) 69.87 20.53
Caregiver age (mean, SD) 56.14 15.46
Race/Ethnicity

White 2,049 90.50%
Black 61 2.69%
Hispanic 69 3.05%
Others 56 2.47%

Patient Gender
Male 795 35.11%
Female 1,455 64.27%

Employment
Employed for wages 1,035 45.72%
Self-employed 220 9.72%
Unemployed 423 18.69%
Retired 582 25.71%

Income
<$35,000 577 25.49%
<$50,000 299 13.21%
<$75,000 344 15.19%
≥$75,000 734 32.42%

Relationship
(Grand) Parents 915 40.41%
Spouse 371 16.39%
Child, sibling, relatives 504 22.26%
Friends 451 19.92%

Patient status
Cognitive changes 1,156 51.06%
No cognitive changes 1,038 45.85%
Not sure 29 1.28%

Table 1. Characteristics of Caregivers (n=2,264)

mining processes provided strategies to overcome challenges using common tradi-
tional methods such as multivariable regression analysis. Two thousand and two
hundred sixty four caregiver records were extracted from the BRFSS (N = 451,075).
In almost half of cases, caregivers expressed that they experience the greatest dif-
ficulties during caregiving. Patient mental status change, hours of caregiving, and
relationship with patients appeared as the main predictors of caregivers stress (ac-
curacy 63%, AUC = 65%) among 397 variables including demographics, behaviors,
medical conditions, and environmental conditions. Medical condition of caregivers
which is commonly assumed as a stress factor appeared to have low predictability.

Our study may contribute state of science with surprising findings due to their
clinical meaningfulness;

1. to understand conditions of being vulnerable to stress among caregivers,and
2. to be aware that traditionally known factors (e.g. socioeconomic status, med-

ical conditions) which have been commonly assumed as caregiverstress factors
are not associated with caregiver stress among caregivers.
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Caregiving duration
≤ 1 year 769 33.97%
≤ 5 years 907 40.06%
> 5 years 497 21.95%

Caregiving frequency
≤ 10 hours/week 1,344 59.36%
≤ 30 hours/week 380 16.78%
≤ 100 hours/week 201 8.88%
> 100 hours/week 92 4.06%

Most needs
Cleaning, managing $, prepare meals 614 27.12%
Transportation outside of the home 503 22.22%
Something else 317 14.00%
Self care - eating, dressing, bathing 302 13.34%
Relieving anxiety or depression 184 8.13%

Caregiving difficulties
No difficulty 1,013 54.0%
Difficulty 1,178 44.7%
Not sure/ Dont know 28 1.25%
Refused 24 1.07%

Greatest difficulties having difficulties
Creates emotional burden 528 44.82%
Not enough time for yourself 165 14.01%
Other difficulty 113 9.59%
Creates financial burden 95 8.06%
Affects family relationships 85 7.22%
No enough time for your family 84 7.13%
Interferes with your work 71 6.03%
Aggravates health problems 37 3.14%

Table 2. Characteristics of Caregivers - Cont’d (n=2,264)

First, understanding predictors of caregiver difficulties will be helpful to prepare
providers how to guide caregivers and how to choose the right candidate for inter-
vention. Although more than half of caregivers faced cognitive changes of patients,
in reality providers rarely understand how much of the caregivers might experience
difficulties with patients condition changes. Based on our finding, providers can
augment caregiver education, which may prepare caregivers better when cognitive
changes occur.

One of the findings which surprised the authors was that those three factors (men-
tal cognitive change, care hours, relationship) of predicting caregiver burden were
overriding any other socioeconomic status (SES) factors. The findings of patient
cognitive change and hours of care providing as primary predictors of caregiving
difficulties are specifically relevant to the family caregivers of dementia, most com-
mon illness of caregiving [1]. Patient with dementia including Alzheimers disease
progressively show cognitive changes due to irreversible brain changes. Caregivers
of dementia patients often spend nine or more hours per day providing care for five
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Figure 2. Burden of caregivers

years or more [5]. National surveys report that dementia caregiving is more psy-
chologically stressful and physically exhausting compared to caregiving for other
health conditions.20With the rapidly increased aging population in the 21 century,
the burden of caregivingis expected to be widespread [1, 5]. Health professionals
are encouraged to inform the caregivers of patients who are expected to have neuro-
cognitive changes, regarding importance of limiting care hours, and educate about
burn out and delegation of caregiving tasks.

A considerable amount of research has been devoted to economic burden of care-
givers [9, 10, 20]. On the contrary, our finding showed that more than half of
caregivers (55%) make more than $50,000 per year. In fact approximately 40% of
caregivers make more than $75,000, and only 3% of caregivers met the national
poverty thresholds ($14,710 for 2 persons in family in 48 states and D.C) [15]. One
of the reasons that our study had conflicting results may be from application of
new methods. As mentioned earlier, traditional methods to investigate predictors
such as multivariate regression are limited in handling hundreds of variables. Our
approach was to apply data mining techniques, relatively new methods which al-
lowed us to investigate hundreds of variables at once, and yielded surprising results.
Another clinically meaningful result is that caregiving difficulties are not associ-
ated with caregivers medical conditions. We looked at common chronic diseases
and medical conditions including diabetes, heart attack, coronary artery disease,
stroke, asthma, use of assistant device, pregnancy, glaucoma, muscular degenera-
tion, cataract, cancer, insulin use, or snoring. Our study revealed that chances of
caregivers having difficulties were similar to caregivers having no difficulty (care-
giver with disease: caregiver with no disease 50%:50%) regardless of any caregvier’s
medical conditions. In fact, perceived difficulties were slightly lower among those
with medical conditions compared to without diseases (Figure 2, right).

This study has several potential weaknesses using a self-report telephone survey
data. First, these results only reflect population who could answer the survey.
It is unknown which population could not answer the long length (85 pages of
questionnaires) of survey. Second, the former research studying caregiver has tended
to focus on disease-specific caregiver stress (e.g. dementia caregiver stress, stroke
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caregiver stress). We only looked at the macro-level phenomenon of caregiver stress,
and did not investigate disease specific information.

5. Conclusion. Data mining methods were useful to discover new behavioral risk
knowledge and to visualize predictors of caregiver stress from a multidimensional
behavioral dataset. This study suggests that health professionals target demen-
tia family caregivers who are anticipated to experience patients’ neuro-cognitive
changes, and inform the caregivers about importance of limiting care hours, burn
out and delegation of caregiving tasks.
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