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Abstract of Thesis

Healthcare Utilization in Cancer Survivors: Six-month Longitudinal Cohort Data.

Background:

The growing number of cancer survivors in the US underscores the need for survivorship

services. Cancer survivors are at higher risk for recurrence, as well as comorbidities and a
lower quality of life. Understanding patterns of healthcare utilization by cancer survivors

after treatment completion and prevalence of delaying medical care may help inform

healthcare delivery to cancer survivors.

Methods:

Baseline (n=991) and 6-month follow up data (n=777) was collected among breast,
prostate, and colorectal cancer survivors who had completed curative treatment from 32
cancer centers across the US. We categorized the 32 centers into one of three cancer
survivorship care models: specialized consultative, longitudinal, and oncology embedded.
Participants completed surveys on their healthcare utilization including number of visits
to different types of providers and reasons for delaying medical care if applicable. We
then categorized participants as high or low users based on median number of visits. Chi-
squared values were calculated to estimate differences by healthcare utilization category.
Logistic regression models were generated to examine factors that may predict high

health care utilization or delay of medical care.
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Results:

On average, survivors in this cohort made 13.2 visits to healthcare providers over six
months. High healthcare users, categorized as those who reported over 10 visits (median
value), were more likely than low users to be female (92% vs. 83%, p<0.0001), have a
lower income (21% vs. 13%, p<0.05), report breast cancer diagnosis (89% vs. 81%,
p<0.0001), and have a higher cancer stage at diagnosis (14% vs. 9% reporting stage 3 or
4, p<0.001). Low healthcare users were more likely to be married or living with their
partner (74% vs. 62%, p<0.01). There were no significant differences in rates of delaying
medical care across survivorship care models. A higher quality of life score strongly
predicted high healthcare utilization (OR=2.73, CI=1.9-3.9) and delay of medical care
(OR=1.74, CI=1.2-2.6). High healthcare utilization was also predicted by having <1.5
years since diagnosis (OR=1.47, 1.0-2.1) or being divorced or separated from partner
(OR=1.48, CI=1.1-2.1). Colorectal cancer survivors had higher rates of healthcare
utilization (OR=3.65, CI=0.9-14.8). Delay of medical care was further predicted by lower
levels of self-efficacy (OR=0.62, CI=0.5-0.8) and education (OR=1.83, CI=1.1-3.0) for

participants with 4-year college degrees compared to those with HS/GED or less.

Conclusions:

Our findings reveal factors that are associated with high healthcare utilization among
cancer survivors such as quality of life, marital status, and time since diagnosis. Low self-
efficacy was a strong predictor of delaying medical care. This research will contribute to

cancer care delivery research and inform healthcare planning.
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Chapter I: Background and Specific Aims

There are nearly 17 million cancer survivors living in the United States today; this
number is predicted to increase to more than 22 million by 2030 based on population
growth and aging alone.! Cancer survivors are at higher risk for recurrence, as well as
comorbidities and poorer quality of life.? The growing number of cancer survivors in the
US underscores the need to improve quality care for this high-risk population. Cancer
care delivery research including care coordination, healthcare utilization, and
survivorship care planning has been identified as a gap in current survivorship research.?
A lack of standards for post-treatment follow-up care has led to tremendous variation in
survivorship programs.* Since survivorship healthcare delivery varies greatly, it is of
public health importance to better understand healthcare utilization among survivors and
to identify patterns over time.

Previous studies have found higher healthcare utilization among cancer survivors
compared to controls or to the general populations.>’ Over-utilization of healthcare
services could be an indication of unmet needs in the survivor population or even a
mismanagement of symptoms if visits to the emergency room or urgent care are frequent.
Few studies report on delay of medical care and reasons for doing so in the cancer
survivor population. Underutilization of healthcare services among cancer survivors
could further exacerbate late effects of treatment.

Understanding patterns of healthcare utilization by cancer survivors after
completion of curative treatment (e.g. surgery, radiation, chemotherapy) may help predict
future care needs. Thus, we set out to describe healthcare utilization and reasons for

delaying medical care in a longitudinal cohort of 991 breast, prostate, and colorectal



cancer survivors at 32 academic healthcare institutions across the United States. In this

study we address the following aims:

Specific Aim #1: To describe the frequency and type of provider visits reported by
cancer survivors from study baseline to 6-months.

We hypothesize that oncologists will continue to be frequently seen within 6-months and
that visits to other provider types may increase as survivors begin to transition their care

to a primary care provider or other specialist.

Specific Aim #2: To compare the odds of delaying medical care and reasons for
doing so across three survivorship care models: specialized consultative, specialized
ongoing, or oncology embedded.

We hypothesize that differences in delaying medical care will exist among the

survivorship care models due to barriers in how services are delivered.

Specific Aim #3: To determine predictors of high healthcare utilization and delay of
medical care.

Based on a review of the literature, we predict that patient characteristics such as
demographics (gender, age, socioeconomic status), diagnosis information (cancer type,
stage, time since), quality of life, and self-efficacy may influence the odds of being a high

healthcare user or of delaying medical care.



Chapter II: Methods

This study utilizes prospective data collected at three time points over six-months
by faculty at The George Washington University as part of a PCORI funded study.® This
study collected data on patient-centered outcomes of cancer survivors in order to examine
patient needs during survivorship care. The goal of this study was to better understand
cancer-related quality of life, quality of survivorship care, healthcare utilization and
satisfaction, and self-efficacy differences by survivorship care models. In the present
study we set out to perform descriptive analysis on healthcare utilization and delay of

medical care amongst cancer survivors.

Study Sample:

Data from 32 cancer centers across the nation were included in this study, aiming
to capture a representative sample from our target population of all adult cancer survivors
in the US. The centers were invited to participate if they provided survivorship care, if
they were accredited by the Commission on Cancer, and if they met a high-performer
threshold i.e. scored in the top 50% on the program performance index based on
LIVESTRONG Essential Elements.’

In the larger PCORI funded project based on a national survey of organizational
characteristics, three survivorship care models were defined as follows: the specialized
consultative model provided a one-time visit specifically for survivorship care; the
specialized longitudinal model provided ongoing survivorship care through a series of
survivorship-specific visits; and the oncology-embedded model provided survivorship

care delivered by the oncologist treatment team as needed or as requested by the patient.



The 32 cancer centers in the study completed organizational surveys and interviews,
which were used to classify the sites into these three survivorship care models.

Each institution was asked to recruit a convenience sample of approximately 30
non-metastatic breast, prostate, or colorectal cancer survivors after active cancer
treatment but before a survivorship-specific visit. Patients who consented to participate in
the study were asked to complete interviewer-administered questionnaires by phone at
baseline, one week, 3 months, and 6 months. 991 cancer survivors completed the baseline
survey (n=831 breast cancer) and 777 cancer survivors completed surveys 6-months post

baseline (n=662 breast cancer).

Outcomes:

Healthcare utilization was measured as the frequency of health care visits in the 3
months prior to survey completion. Questions on healthcare utilization were on the
baseline, 3-month, and 6-month surveys. Healthcare utilization was not included in the
one-week survey since the outcome was not expected to change greatly from baseline.
Possible responses for visit frequency were 0, 1, 2-3, 4-5, 6-7, or 8+ visits. Participants
could choose frequency of visits for each of the following types of providers: primary
care, oncology, other specialties, mental health, hospital inpatient, hospital outpatient,
hospital emergency room, urgent care, and other (specified). In the six-month survey
only, participants were also asked to report on frequency of visits to a survivorship clinic.
We created a continuous outcome by assigning the midpoints of each categories. We also
combined provider visit categories as follows due to low numbers in some categories:
primary care providers, oncologists, hospital care (inpatient, outpatient, and emergency

room care), and other specialists (mental health and other specialists). We summed the



number of visits reported over all time points to receive a total number of visits over the
6-month time period.

Participants were also asked whether they delayed medical care and if so, reasons
for delaying care at each time point. Those who delayed medical care could choose from
a list of 12 potential reasons that include: having an untrusting perception of doctors, not
knowing where to go, doctor unavailability, expense, uninsured, inability to get an
appointment soon enough, lack of transportation, unable to receive a referral, care was
too far away or inconvenient, busyness, unwillingness, or fear of finding out what is
causing the problem. On all surveys there was a response option for those who did not
have problems and thus did not need to seek medical care. At the 3-month and 6-month
surveys only there was a response option for those who had a problem but did not delay
medical care. For baseline and 3-month surveys, participants could select multiple
reasons for delaying care, while for the 6-month survey, they could select a single choice.
We categorized this variable as follows: no delay, delay, no problems, and skipped/don’t
know/missing. We also created a dichotomous variable that took all time points into

account (ever reported delay: Y/N).

Covariates:

We examined quality of life and self-efficacy as possible predictors of healthcare
utilization. The quality of life index was adapted from the Functional Living Index-
Cancer!? and the Quality of Life- Breast Cancer Survivors.!! Participants reported on 41
items from 3 different domains: physical, practical, and social/emotional. For each item,
they could choose from 0 (no concerns) to 5 (extreme concerns), for a sum that scales

from 0-205. We used the median overall value (30) to divide our population into low or



high reported quality of life. The self-efficacy index used in this study was adapted from
the Breast Cancer Survivor Self-Efficacy Scale!? and the Chronic Disease Self-Efficacy
Scale!® and consists of 8 items that ask the participants to rank their confidence in
managing their health and healthcare. We used the mean value across the 8 questions as a
continuous variable (range 0-5).

Other covariates for regression analyses were determined a priori.'* These
variables included: gender (M/F), race (white, black, other, missing), age (continuous),
education (high school or less, some college, college graduate, graduate school, missing),
income (<25k, 25k-75k, 75k+, missing), employment (employed, not employed or
retired, missing), time since diagnosis (<1.5 years, >=1.5 years, missing), stage at
diagnosis (0, 1, 2, 3-4, don’t know or missing), marital status (married or living with
partner, widowed or divorced, missing), quality of life summed score (30 or less, above
30), and average self-efficacy score (continuous). Cut-off values for categorical variables

such as time since diagnosis and quality of life were based off of median values.

Analysis:

Variable distributions were examined for any irregularities or missing values. We
also inspected distributions of continuous variables for violations in normality. We
describe the characteristics of our sample stratified by high or low healthcare utilization
based on the median number of healthcare visits. We will use frequencies (n) and
percentages (%) for the variables of interest such as age, gender, race, education,
employment income, marital status, cancer site, and stage. We examine if there are any
significant factors contributing to those lost to follow up between baseline and six-

months using chi-squared statistical tests. For our analysis we focused on the cohort that



was not lost to follow up and completed all time points of the study (n=777). We did this
in order to assess healthcare utilization over a more consistent time period and because
we used total number of visits over all time points to categorize our outcome.

Frequencies of healthcare visits by type of provider are described longitudinally
by averages. To examine trajectories of an individual’s healthcare transition over time,
the percent of the sample who reported visiting each provider at least once is calculated
for each time point. Delay of medical care is examined cross sectionally at 6-months
post-baseline, overall and stratified by survivorship care model. Analyses are run with the
dichotomous delay summary variable (ever reported delay at any time point: Y/N). A chi-
squared test can determine significance of differences in proportion of each model.

We use multiple logistic regression to determine if variables chosen a priori are
significant predictors for healthcare utilization or delay in medical care. Reference
categories for categorical variables were chosen based on the category with lowest
proportion of high healthcare users. A manual backwards selection method was used to
choose a final parsimonious model that contains all significant covariates and important
demographics. Due to the exploratory nature of this analysis and no clear single
exposure, criteria for confounding was not necessary to evaluate and all variables in the
model were considered possible predictors. We conducted an additional analysis
restricted to female breast cancer patients (n=659) as the large majority of our population
were breast cancer survivors, making it hard to draw conclusions about other sites.

The study received approval by the Institutional Review Board at The George
Washington University. All analyses were conducted with SAS software, version 9.4

(SAS Institute Inc., Cary, NC).



Chapter III: Results

A total of 777 cancer survivors completed surveys 6-months post baseline for a
retention rate of 78.5%. Two participants with no healthcare utilization data were
dropped from the dataset for a total of 989 participants at baseline. Participants who
completed the 6-month survey were more likely to be white (p<0.001), married or living
with partner (p<0.05), and have a breast cancer diagnosis (p<.0.05) compared to those
who did not complete the survey at 6-months (Supplemental Table).

We examined the distributions of the continuous variables used in this analysis.
Age was approximately normally distributed (skewness=-0.2, kurtosis=-0.3) and on
average participants were 60 years old (SD=11.6). Mean self-efficacy was also
approximately normally distributed (skewness=-0.92, kurtosis=0.57) and participants
scored high on the self-efficacy scale (0-5) with an average of 4.1. Time since diagnosis
had a highly skewed distribution (skewness=13.7, kurtosis=227.7), so we decided to
examine this variable categorically. On average, participants reported 2 years since their
cancer diagnosis (SD=51.7). For a categorical variable, 1.5 years was determined to be a
clinically significant cut point and was close to the median value (17 months). 41.8% of
the cohort had greater than 1.5 years since diagnosis. One extreme outlier was counted as
missing because 85 years since diagnosis was likely misreported.

There were some missing values in our data. Most notably, 9% (n=70) were
missing income data, 7.5% (n=58) were missing time since diagnosis, and 2.3% (n=18)
were missing age. There were also small percentages of missing data for stage at
diagnosis (1.2%, n=9), education (<1%, n=3), employment (<1%, n=2), and marital

status (<1%, n=2). We did not want to drop these observations from our model and took



the missing data into account by including a missing data category for each variable in
our logistic regression. Rather than creating a new missing category for stage at
diagnosis, missing data was collapsed into the “Don’t Know” category (n=93). Age is the
only non-categorical variable, in which we performed analysis two ways: replacing
missing age with the mean age as well as converting to a categorical variable that
includes missing (<50, 50-59, 60-69, >70, and missing). We felt it was reasonable to
replace missing age with mean age since the variable distribution was approximately
normal. In next steps we will conduct multiple imputation to better predict individual
ages and other missing demographic data.

Table 1 shows characteristics of the sample population using data from the 6-
month survey. Our study population was majority female (86.5%), white (84.6%), non-
Hispanic (97.6%), and reported a breast cancer diagnosis (83.8%). We summed
healthcare utilization responses over all time points to get a total number of visits. On
average, survivors in this cohort who completed the 6-month survey (n=777) reported
13.2 visits to healthcare providers over six months (SD=10.3). We classified high health
care utilizers as participants who reported more than 10 visits (median value) over the 6-
month time period. After follow-up, 51.6% of the cohort (N=401) were classified as high
users. As shown in Table 1, high healthcare users were more likely than low users to be
female (92% vs. 83%, p<0.0001), have a lower income (21% vs. 13%, p=0.046), report
breast cancer diagnosis (89% vs. 81%, p<0.0001), and have a higher cancer stage at
diagnosis (14% vs. 9% reporting stage 3 or 4, p=0.0013). Low healthcare users were

more likely to be married or living with their partner (74% vs. 62%, p=0.007).



Table 1: Characteristics of the study population by healthcare utilization rate, 6-months

after baseline (n=777)

Low Users High Users

Characteristic All (<=10 visits (>10 visits p-value

overall) overall)

Individual participants, N 777 401 376

Age, avg years (std) 60.9 (11.3)  62.5(10.5) 59.5 (11.7) <0.001

Female, N (%) 680 (87.5) 311 (82.7) 369 (92.0) <0.001

Race, N (%) white 676 (87.0) 337 (89.6) 339 (84.5) 0.088

Hispanic, N (%) 15(1.9) 6 (1.6) 92.2) 0.153

Education. N (%) 0.463
High school or less 201 (25.9) 104 (27.7) 97 (24.2)

Some college 257 (33.1) 127 (33.8) 130 (32.4)
College graduate 191 (24.6) 92 (24.5) 99 (24.7)
Graduate school 125 (16.1) 52 (13.8) 73 (18.2)

Employed, N (%) 429 (55.2) 197 (52.4) 232 (57.9) 0.126

Income, N (%) 0.046
<25,000 134 (17.25) 50 (13.3) 84 (20.9)
25,000-<75,000 332 (42.7) 168 (44.7) 164 (40.9)
75,000+ 241 (31.0) 123 (32.7) 118 (29.4)

Missing 70 (9.0) 35(9.3) 35(8.7)

Married or living with

partner, N (%) 526 (67.7) 277 (73.7) 249 (62.1) 0.007

Cancer Site, N (%) <0.001
Breast 662 (85.2) 306 (81.4) 356 (88.8)

Prostate 84 (10.8) 60 (16.0) 24 (6.0)
Colon 31 (4.0) 10 (2.7) 21 (5.2)

Cancer stage, N (%) 0.001
0 76 (9.8) 36 (9.6) 40 (10.0)

1 292 (37.6) 158 (42.0) 134 (33.4)
2 220 (28.3) 89 (23.7) 131 (32.7)
3 81 (10.4) 28 (7.5) 53 (13.2)
4 6 (0.8) 4(1.1) 2(0.5)
Don’t know 93 (12.2) 56 (14.9) 37(9.2)

Survivorship Model, N (%) 0.178
Consultative 323 (41.6) 165 (43.9) 158 (39.4)
Longitudinal 159 (20.5) 67 (17.8) 92 (22.9)
Oncology-Embedded 295 (38.0) 144 (38.3) 151 (37.7)

Time since diagnosis,

avg months (std) 242 (51.7)  25.5(69.5) 23.0(25.8) <0.001

10



Table 2: Healthcare utilization of survivors over three time points

End of Baseline to 3-month to End of
treatment 3-month 6-month treatment
to Baseline to 6-month
Primary Care 373 (38.9) 520 (60.1) 428 (55.1) 643 (82.7)
Physician
Oncologist 692 (71.7) 659 (76.3) 545 (70.1) 741 (95.4)
Other Specialist 402 (43.6) 421 (48.7) 249 (32.1) 574 (73.9)
Mental Health 102 (11.0) 94 (10.9) 70 (9.0) 132 (17.0)
Specialist
Hospital Inpatient 62 (6.7) 49 (5.7) 36 (4.6) 116 (14.9)
Hospital 128 (13.8) 157 (18.2) 141 (18.2) 300 (38.6)
Outpatient
Hospital 52 (5.6) 63 (7.3) 50 (6.4) 111 (14.3)
Emergency Room
Urgent Care 27 (2.9) 55 (6.4) 42 (5.4) 97 (12.5)

Numbers shown: Individuals who reported 1 or more visits, N(%)

The distribution of visits by provider type is shown in Table 2. 95% of the sample
reported visiting their oncologist in the 6-months post baseline and 83% reported visiting
their primary care physician. Only 4% of the sample reported visiting neither of these
most common providers. When we examined visits by each survivorship care model, we
found that patients in the specialized ongoing survivorship model were less likely to
report hospital emergency room visits (2.5% vs. 6.5% for specialized consultative and
8.5% for oncology embedded, p=0.047).

On the six-month survey, where participants had to choose one response option,
89% of participants reported not having any problems or not needing a doctor. Less than
1% of the sample (only 5 participants) selected “No Delay,” and the remaining 10%
reported a delay of medical care. We collapsed the time points to examine ever delaying
medical care at any time point. Over a quarter of the sample (27.5%, n=214) reported

ever delaying medical care at any time point. The most common responses included:

11



being too busy (4.7%), not wanting to go (4.2%), care being too expensive (3.7%), not
being able to get an appointment soon enough (3.7%), and being afraid to find out what is
causing the problem (3.4%). We did not see statistically significant differences between
survivorship care models overall (Table 3). However, those in the specialized
consultative model reported lower rates of delayed medical care at each time point. For
example, at baseline 28.5% of the specialized consultative group reported delay vs.
43.2% in specialized ongoing and 40.7% in oncology embedded. These percentages
exclude those who did not have problems/did not need to seek medical care since delay is
not applicable to them.

Although females were significantly more likely to be high healthcare utilizers,
this difference could be driven by cancer type. Our cohort contained 3 male breast cancer
survivors. Thus, it was only feasible to assess gender differences within cancer site
among colorectal cancer survivors and gender did not show significant differences among
those with a colorectal cancer diagnosis. However, we did observe differences between
cancer sites, whereby prostate cancer survivors used healthcare services much less
frequently than male colorectal cancer survivors (24% vs. 70% high users respectively,
p=0.003). In females, there was not a significant difference in healthcare utilization

between breast and colorectal cancer.

Table 3: Rate of ever delaying medical care, reported at any timepoint, by survivorship
care model (n=777)

Delay of medical Specialized  Specialized Oncology

care, N (%) Total Consultative Ongoing Embedded
Delay 214 (27.5) 94 (29.1) 51(32.1) 69 (23.4) p=0.101
No delay or

no problem 563 (72.5) 229(70.9) 108 (67.9) 226 (76.7)

12



In the fully adjusted model, quality of life and time since diagnosis strongly
predicted healthcare utilization. After backwards selection, income, employment, and
education were dropped from the model. In the final model we used gender, race, age,
marital status, time since diagnosis, cancer stage at diagnosis, cancer type, quality of life,
and self-efficacy (Table 4). Gender, race, and age did not significantly predict high
healthcare utilization. Participants with a quality of life score above 30 (median value)
were 2.73 times more likely to be high healthcare utilizers (95% Confidence Interval or
CI=1.84-3.86). Those who were within 1.5 years since their diagnosis were 1.47 times
more likely to be high healthcare utilizers (CI=1.05-2.06). Those who were widowed,
divorced, or separated from their partners or never married were 1.5 times more likely to
be high healthcare users compared to those who were married or lived with their partners
(CI=1.06-2.11). We saw marginally non-significant high odds of high healthcare
utilization among participants diagnosed with stage 2 cancer compared with participants
diagnosed with stage 1 cancer (OR: 1.44, CI=1.00-2.18) and among colorectal cancer
survivors (OR: 3.7, CI=0.9-14.8). We saw 22% reduced odds of being a high healthcare
user for each one-point increase in mean self-efficacy score, but this finding was not
statistically significant (OR=0.78, CI=0.59-1.02).

Quality of life mean self-efficacy, education, and marital status predicted delay of
medical care in logistic regression analyses. After backwards selection, income,
employment, cancer type, and time since diagnosis were dropped from the model. The
more parsimonious model included healthcare use, gender, race, age, education, marital
status, stage at cancer diagnosis, quality of life, and self-efficacy (Table 5). Gender and

age did not significantly predict delay. Similar to the previous model, participants with a
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quality of life score above 30 were 1.74 more likely to be delay medical care (CI=1.15-
2.64). However, in this model self-efficacy was a stronger predictor of delay, such that
there were 38% reduced odds of being a high healthcare user for each one-point increase
in mean self-efficacy (OR=0.62, CI=0.47-0.81). We also found that marital status
significantly predicted delay of medical care, such that participants who were not married
or living with their partners were more likely to delay care (OR=1.46, CI=1.01-2.12).
Participants with a 4-year college degree were 1.83 times more likely to delay medical
care compared to those with high school diplomas or GEDs (95% CI=1.12-2.99). We saw
non-significant increases in delay among other races (i.e. non-Black and non-White
compared to White, OR= 1.92, CI=0.92, 4.00) and among those diagnosed with stage 2
cancer compared to those diagnosed at stage 0 (OR=1.91, CI=0.96-5.09).

Both models were run restricting to female breast cancer patients (n=659) and it
did not significantly change our findings. We also explored different forms of
measurement for some variables. We ran both models with a categorical age variable to
take missing data into account and it did not change findings significantly. We also ran
the models with quality of life as a continuous measurement and it remained significant

in both models, suggesting a linear relationship.
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Table 4: Odds Ratios (OR) and 95% Confidence Intervals (CI) for predictors of high
healthcare utilization® in a logistic regression.”

Predictor OR 95% CI
Gender

Male (reference) 1.00

Female 1.17 0.29-4.78
Race

White (reference) 1.00

Black 1.33 0.70 - 2.53

Other 0.98 0.47-2.03

Missing 2.09 0.46 - 9.53
Age (continuous) 0.99 0.98 - 1.01
Time Since Diagnosis

<1.5 years (reference) 1.00

>1.5 years 1.47 1.05-2.06

Missing 0.99 0.54 - 1.80
Cancer Type

Prostate (reference) 1.00

Breast 2.15 0.47 -9.90

Colon 3.65 0.90 - 14.78
Stage at Diagnosis

0 1.30 0.76 - 2.24

[ (reference) 1.00

2 1.44 0.97-2.12

3-4 1.23 0.71 - 2.15

Don’t Know/Missing
Married/Living with Partner

Yes (reference) 1.00

No 1.48 1.05-2.08

Missing 0.68 0.02 - 19.09
Quality of Life

Low (reference) 1.00

High 2.73 1.89 -3.95
Self-Efficacy (continuous) 0.78 0.59 -1.02

®High healthcare users were categorized by those who reported more than
10 visits over the course of the study.

®Variables in this table provide the comprehensive list of variables that were
included in the model. Income, employment, and education were dropped
after backwards model selection.
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Table 5: Odds Ratios (OR) and 95% Confidence Intervals (CI) for predictors of delaying
medical care in a logistic regression.?

Predictor OR 95% CI
Gender

Male (reference) 1.00

Female 1.02 0.54 -1.89
Race

White (reference) 1.00

Black 1.17 0.62-2.19

Other 1.92 0.92 -4.00

Missing 2.87 0.59-13.82
Age (continuous) 0.99 0.97 - 1.00
Education

HS/GED or less (reference) 1.00

Some college/2-year degree 1.33 0.84-2.11

4-year college degree 1.83 1.12-2.99

Graduate degree 1.29 0.74-2.24

Missing 0.41 0.01-13.13
Stage at Diagnosis

0 (reference) 1.00

1 1.72 0.88 - 3.35

2 1.91 0.98 -3.74

3-4 1.46 0.67 -3.15

Don’t Know/Missing 2.22 0.96 - 5.09
Married/Living with Partner

Yes (reference) 1.00

No 1.46 1.01-2.17

Missing 4.26 0.13-139.7
Quality of Life

Low (reference) 1.00

High 1.74 1.15-2.64
Self-Efficacy (continuous) 0.62 0.47 -0.81

%Variables in this table provide the comprehensive list of variables
included in the model. Income, employment, cancer type, and time since
diagnosis were dropped after backwards model selection.
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Chapter IV: Discussion

Our findings describe healthcare utilization among cancer survivors and reveal
factors that are associated with high healthcare utilization and delay of medical care.
High quality of life and being divorced or separated from their partner were two factors
that significantly predicted both high healthcare utilization and delay. Low self-efficacy
and having college education were more important in predicting delay of medical care
and patient ailment information was relatively more important in predicting high health
care utilization (i.e. time since diagnosis, cancer type, and cancer stage at diagnosis).

On average, survivors in this study made 13.2 visits to a medical provider over the
course of 6-months. This is comparable to a study that found 40% of survivors reported
more than 12 clinic visits in one year, compared to 6.5 in general population.® Other
studies have also found increased healthcare utilization among cancer survivors.®”’

Most notably, high quality of life was a strong predictor of high healthcare
utilization in our study. However, one study found a 1-7% reduction in healthcare
resource utilization with every one-point better score for physical, mental, and overall
health.!> It’s possible that there are other confounders not accounted for that could
explain the positive relationship between healthcare utilization and quality of life.
Reverse causation is another possible explanation for our findings such that high
healthcare utilization is a reason for high quality of life, indicating that the populations
needs are being met. There were similar findings in the model predicting delay of
medical care such that those with higher quality of life scores were more likely to delay

seeking care.
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Our quality of life measurement takes into account physical, practical, and
social/emotional concerns. One future direction of research for this data could include
examining the effects of each of these domains separately, to see if one area is
contributing more significantly than others to the prediction of utilization or delay.
Additionally, there are specific factors in our measurements that have been previously
studied with regards to cancer survivors and healthcare utilization/delay. For example,
studies have identified an association between high utilization of healthcare services and
fear of cancer recurrence.'®!” Other studies have shown a greater proportion of cancer
survivors delaying medical care when they are depressed!® or have financial burdens.!”
These specific quality of life factors could be driving the relationship between quality of
life and healthcare utilization/delay.

Self-efficacy was another important factor in the logistic regression models. High
self-efficacy showed a significant reduction in the likelihood of delaying medical care
and a statistically non-significant reduction in healthcare visits. One study found that
higher self-efficacy scores were significantly associated with fewer emergency room
visits and hospitalizations.?® To our knowledge, this is the first study to model the
relationship between self-efficacy and delay of medical care. We were not surprised by
these findings since it is reasonable to assume that those with high confidence in their
ability to ask for help, call their doctor, or deal with the healthcare system, would be less
likely to delay medical care.

The logistic regression results also indicated that marital status was an important
predictor of both high healthcare utilization and delay. Those who were separated or

divorced were more likely to be high healthcare users and to delay medical care. In
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contrast, one study showed increased healthcare utilization among those who are married
or those with more recent diagnoses.” Another study found that those formally married
were more likely to see a mental health specialist.2! Our findings can add to this body of
literature.

Patient ailment information, including time since diagnosis, may play some role
in these relationships. Longer time since diagnosis was a significant predictor of high
healthcare utilization. Participants who were more than 1.5 years or more from their time
diagnosis were nearly 1.5 times more likely to be high healthcare utilizers. It is not clear
why this relationship would exist. One study identified a higher economic burden for
those within 2 years of cancer diagnosis®? or another showed greater financial difficulty
for cancer survivors who have been more recently diagnosed.!® These findings could be
attributed to high healthcare utilization and excess medical expenditures for more
recently diagnosed survivors, however this does not agree with our findings.

Age, gender, income, and employment were not independent predictors of health
care utilization or delay. Some covariates that have been associated with high healthcare
utilization were not measured in this study. For example, co-morbid conditions were
found in one study to have the strongest effect on increased use of healthcare resources
among survivors.?

The transition from active to post-treatment care is critical to the survivor’s long-
term health. A survivorship care plan aims to facilitate this transition by addressing the
medical, functional, and psychosocial consequences of the cancer and its treatment. It’s
important to note that careful attention to this transition can sometimes be lost in the

cracks due to patient-provider communication and patient perceptions of the care
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provider.?*?> One study found that in one year, 70% of survivors reported receiving
oncology care and 87% reported receiving primary care.> However, the cohort had more
time on average since their cancer diagnosis (7.8 years) than in the current study (2
years). We found that during the 6-month time period, 95% of our sample reported
visiting their oncologist at least once and 83% of the sample reported visiting their
primary care physician at least once. With a shorter time since diagnosis, we expected to
see high percentages of patients visiting their oncologists. Longitudinal analysis of
provider visits is one future direction of research using this data in order to describe
changes in healthcare use over each time point measured.

Another future direction of research for this data include generating prediction
models specific to types of healthcare providers such as mental health or emergency
room. Hospital visits such as to the emergency room may be especially important since it
could be indicative of a mismanagement of symptoms and is also the largest contributor
to high healthcare costs and medical expenditures in cancer survivors.?®?” Cancer
survivors are at increased risk of receiving a mental health diagnosis and thus it is
important to make sure these needs are being met. Some studies have shown increased
mental health visits for survivors compared to a control group.?!>23

Based on known and tested frameworks, utilization of health services is
influenced by characteristics of the population, characteristics of the health delivery
system, and consumer satisfaction.!* When choosing regression variables to predict high
healthcare utilization, we decided to focus solely on characteristics of the population in
this paper. Future research on the relationship between delivery system characteristics

(such as size, resources available, or organization) and health care utilization need to be
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studied more in-depth amongst cancer survivors. Because the cancer centers in our study
were high-performing CoC accredited centers, we felt there may not be enough variation
in our data to perform such an analysis.

One limitation to this study is the generalizability of our sample. Since a large
majority of the sample were breast cancer survivors (84%), non-Hispanic White (85%),
female (86%), and privately insured, we cannot generalize findings to a broader
population of cancer survivors. Furthermore, the 32 participating cancer centers were
high performers which may also limit generalizability, as an estimated 70% of cancer
survivors are not treated in academic medical centers.

There are additional limitations to our data including loss to follow up and
inconsistency in questionnaire elements. Approximately 20% of the full sample (214
participants) were lost to follow up during the 6-month period. This amount of data loss
could be of concern, however upon further analysis it did not seem like participants were
dropping out systematically due to a common demographic factor. The extent of missing
demographic data could also be improved by using multiple imputation in the analysis,
which is a next step in analysis. Additionally, there were differences between
questionnaires that could have affected responses at each time point and overall outcome
distributions. For example, the delay of medical care question on the 6-month survey was
changed from multiple selection to single selection and on the baseline survey there was
no option to select “Did not delay medical care.” Also, utilization of survivorship
services was only asked about at the 6-month survey.

Some aspects of the previously determined study design may limit this analysis as

well. Recall bias likely affects outcome measurement. With surveys administered 3-
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months apart, participants may not remember if they reported a certain visit during the
previous survey or not. There may also be unknown confounders, such as comorbidities
or urbanicity of residence, that the design did not control for. These types of limitations
are common when the study was designed and conducted prior to developing the aims of
this analysis.

Literature has identified cancer care delivery research, which includes care
coordination, healthcare utilization, and survivorship care planning, as a gap in cancer
survivorship research. What makes this study unique is the focus on cancer care delivery,
specifically looking at factors that influence healthcare utilization and delay of medical
care. This analysis will add to the body of research to help us understand trends in
healthcare utilization among survivors to help predict future care needs. Factors such as
quality of care, self-efficacy, marital stage, time since diagnosis, and cancer stage could
play important roles in predicting healthcare service use among cancer survivors. Further

research is needed to describe these trends and aid in healthcare planning.
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Supplemental Table: Characteristics of the participants who were lost to follow up

(n=214) compared to the final study population (n=777).

Completed Did not complete

Characteristic the study the study p-value
Female, N (%) 680 (87.5) 177 (83.1) 0.094
Race, N (%) white 676 (87.0) 162 (75.7) <0.001
Hispanic, N (%) 15(1.9) 10 (4.7) 0.077
Education. N (%)

High school or less 201 (25.9) 74 (34.6) 0.086

Some college 257 (33.1) 70 (32.7)

College graduate 191 (24.6) 45 (21.0)

Graduate school 125 (16.1) 24 (11.2)
Employed, N (%) 429 (55.2) 126 (58.9) 0.420
Income, N (%)

<25,000 134 (17.25) 44 (20.6) 0.133

25,000-<75,000 332 (42.7) 87 (40.7)

75,000+ 241 (31.0) 55 (25.7)

Missing 70 (9.0) 28 (13.1)
Married or living with
partner, N (%) 526 (67.7) 125 (58.4) 0.026
Cancer Site, N (%)

Breast 662 (85.2) 169 (79.0) 0.031

Prostate 84 (10.8) 28 (13.1)

Colon 31 (4.0) 17 (7.9)
Cancer stage, N (%)

0 76 (9.8) 18 (8.4) 0.105

1 292 (37.6) 65 (30.4)

2 220 (28.3) 69 (32.2)

3 81(10.4) 24 (11.2)

4 6 (0.8) 5(2.3)

Don’t know 93 (12.2) 27 (12.6)
Survivorship Model, N (%)

Consultative 323 (41.6) 89 (41.6) 0.935

Longitudinal 159 (20.5) 46 (21.5)

Oncology-Embedded 295 (38.0) 79 (36.9)
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