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7 General discussion
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Chapter 7. General discussion

Heart failure (HF) patients have high hospitalization rates followed by high readmis-
sion rates with about 25% of them being readmitted within 30 days [1] leading to
worse quality of life for the patient [2] as well as high financial implications for the
health care systems [3]. Although clinical treatment is constantly being optimized [4],
further optimization is needed with respect to community care, social care or psy-
chological support provided to the patient. Identifying risk factors affecting adverse
events in HF patients is important for the patients and the care providers, since new
risk factors may lead to new methods to manage patients and optimize services. Tai-
lored treatment to the specific needs of the patient including non-medical services,
well-coordinated amongst multiple professional care disciplines could lead to better
outcomes.

The aim of this thesis was to expand our knowledge on risk factors affecting recurrent
readmissions or mortality in HF patients, develop a predictive model for early adverse
events by taking into account the added predictive value of non-clinical factors and
test the transferability of the model by externally validating it in a different geography.
The specific research questions are listed in Table 7.1 along with some of the main
findings.

TABLE 7.1: Research questions and findings

Research question Findings

What is the impact of Depression

depression and anxiety - Prevalence: 29%

on mortality in - Unadjusted effect: HR = 1.6; 95%CI 1.3 – 1.9

HF patients? - Adjusted effect: HR = 1.4; 95%CI 1.2 – 1.6

- Heterogeneous effect due to population sizes and prevalence

- OPERA-HF: HR: 3.0; 95% CI: 1.3 to 7.0 (adjusted effect)

Anxiety

- Prevalence: 29%

- No significant effect

Continued on next page
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Table 7.1 – Continued from previous page

Research question Findings

Which other psychosocial Composite endpoint: readmission or mortality

factors affect adverse OPERA-HF: 70% event rate at 1 year follow up

outcomes in HF? Depression

What is their association - First event: HR = 1.7; 95%CI 1.2 – 2.4

with first and recurrent - Recurrent events: HR = 1.8; 95%CI 1.4 – 2.2

events? Anxiety

- First event: HR = 1.7; 95%CI 1.2 – 2.3

- Recurrent events: HR = 1.4; 95%CI 1.1 – 1.7

Cognitive impairment

- First event: HR = 1.4; 95%CI 0.9 – 2.3

- Recurrent events: HR = 1.4; 95%CI 1.1 – 1.9

Living alone

- First event: HR = 1.0; 95%CI 0.9 – 1.3

- Recurrent events: HR = 1.2; 95%CI 1.1 – 1.4

Frailty (trouble bathing or dressing)

- First event: HR = 1.3; 95%CI 1.1 – 1.7

- Recurrent events: HR = 1.2; 95%CI 1.0 – 1.4

Frailty (timed get-up-and-go test)

- First event: HR = 1.02; 95%CI 1.01 – 1.03

- Recurrent events: HR = 1.01; 95%CI 1.01 – 1.02

Can we predict early Improved discrimination by adding physical frailty and social

readmission or mortality support to clinical variables

with a model that is Discrimination still modest

transportable to a different - Internal validation on OPERA-HF

geography? (AUC 0.7 – corrected for optimism: 0.67)

Good calibration from EU to US

- External validation on SAPHIRE-HF (AUC 0.7)
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Chapter 7. General discussion

MAIN FINDINGS

Research question 1: What is the impact of depression and anxiety on mortality in
HF patients?

To address the first research question we followed a twofold approach. First, we con-
ducted a systematic review and meta-analysis followed by the use of data from the
OPERA-HF study to validate our findings from the systematic review on this cohort.
In the systematic review, we identified 26 and 6 articles meeting inclusion criteria for
depression and anxiety, respectively. The prevalence of both depression and anxiety
in the identified studies was on average 29%. We found that depression is a signif-
icant and independent predictor of all-cause mortality among HF patients but with
very heterogeneous effects reported across the different studies. For example, the ad-
justed effect of depression on mortality reported by Kato [5] was Hazard Ratio (HR)
= 5.52, while the effect on the same outcome reported by Junger [6] was HR = 1.08.
We performed a random-effect meta-regression to explore possible sources of this het-
erogeneity and we found that significant heterogeneity was associated with the total
study population size and the prevalence of the depression in the study. The effect
of depression was smaller in larger studies, which might reflect publication bias with
small studies more often being published when reporting large effect estimates and
less often published when reporting low effect estimates. Smaller effects were also
observed in studies with higher prevalence of depression. That may relate to the use
of different cut-offs on an underlying, latent, scale for depression. If a more liberal
cut-off was used, those labeled as depressed actually were milder than with a more
strict definition of depression.

The pooled unadjusted effect estimate from the literature for depression was 1.6 (HR
= 1.6; 95%CI 1.3 – 1.9, P < 0.001) similar to the effect when adjusting for confounders
(HR = 1.4; 95%CI 1.2 – 1.6; p < 0.001). On the other hand, there was no significant
effect of anxiety on mortality identified.

In the OPERA study, we confirmed the strong association of depression with increased
risk of mortality. Moderate-to-severe depression was independently associated to all-
cause mortality in the year following discharge after an admission to hospital for HF
when controlling for age, Charlson Comorbidity Index, NYHA class IV, NT-proBNP
and treatment with mineralocorticoid receptor antagonist, beta-blocker and diuretics
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(HR: 3.0; 95% CI: 1.3 to 7.0; P< 0.05).

Research question 2: Which other psychosocial factors affect adverse outcomes in
HF? What is their association with first and recurrent events?

HF studies mostly focus on demographics or clinical risk factors, such as increasing
age, male, the presence of co-morbidities, reduced left ventricular ejection fraction
(LVEF), increasing New York Heart Association class of symptoms and worse serum
markers and ignore psychosocial or other non-clinical factors [7]. However, as we
showed in the first part of the thesis, depression may have a strong impact on the out-
comes. Other previous research has also proved the association of (physical) frailty
with increasing risk of first readmission or mortality in heart failure [8, 9]. In Chap-
ter 4 we confirmed that depression and frailty were some of the non-clinical factors
independently associated with increased risk of unplanned readmissions or mortal-
ity. Also moderate-to-severe anxiety was independently associated with the combined
outcome of readmission or mortality, even though it was not associated with mortality
outcome alone [10].

Most HF studies are focusing on the impact on the first event; readmission or mor-
tality. Most research, in particular, focuses on 30-day readmission as an outcome of
interest because of the payment reform incentives pushed by policy makers / payers
aiming to improve outcomes. However, HF patients are often experiencing recur-
rent hospitalizations reflecting progression of the underlying disease or exacerbations
due to comorbidities and suboptimal self-care and medication. Taking into account
more events will lead to more power and efficiency in estimating potential risk factors.
Therefore, we extended our analysis to study the recurrent events. In the OPERA-HF
study, there was an event rate of 70% of patients being readmitted or dying at 1-year
follow-up. The 779 patients discharged from the hospital till July 2016 had 559 first
events and 1600 recurrent events. Hence, there would have been 1041 events ignored
if looking only into the first events that the patients experienced.

In the recurrent event analysis, psychosocial or other non-clinical variables indepen-
dently associated with increasing risk of recurrent events in the year following dis-
charge after a HF admission to hospital were: presence of frailty, moderate-to-severe
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depression, and moderate-to-severe anxiety, living alone and the presence of cogni-
tive impairment. Those remained significant predictors when adjusting for age, dia-
betes, history of myocardial infarction, chronic obstructive pulmonary disease, urea
and creatinine at discharge. The effect of depression on the outcome was greater in
the recurrent event analysis than in the first event analysis, while the effect of anxiety
was smaller. Living alone and the presence of cognitive impairment were significant
predictors of recurrent events but not of first event alone.

Research question 3: Can we predict early readmission or mortality with a model
that is transportable to a different geography?

HF patients often experience adverse events early after being discharged from the
hospital, with approximately 25% been readmitted within the first 30 days [1]. Read-
missions within 30 days may be caused by worsening of clinical conditions of the
patient but also due to other factors including lacking social support, being physically
frail or having cognitive issues.

Available risk stratification algorithms for 30-day events (unplanned readmission or
mortality) perform poorly [11] and include mostly risk factors reflecting the clinical
profile of the patient. In Chapter 5, we used data from the OPERA-HF study to de-
velop a 30-day composite outcome model, and we explored the added predictive value
of non-clinical predictors to early outcomes: 30-day unplanned readmission or mortal-
ity within 30 days. The model containing clinical variables alone (not in sinus rhythm,
worst symptoms, increasing urea and NT-proBNP at discharge, and higher daily pill
count) and health care utilization (number of prior emergency hospitalizations in 6
month and length of stay) gave an area under the receiver operating characteristic
curve (AUC) of 0.68 [95% CI 0.64 - 0.72]. By including in the model physical frailty and
social support the AUC increased to 0.70 [95% CI 0.66 – 0.74] (p<0.05). In this model,
we achieved an absolute increase in performance of 0.02 when taking into account
non-clinical factors. The discrimination of the model remained modest reflecting the
difficulty in early readmission or mortality prediction due to the diversity in the read-
mission root causes. However, we showed that by including less frequently evaluated
patient characteristics (physical and social frailty), we can increase the discriminative
value of the model. Another advantage is that our model is based on simple and easy
to obtain variables, it can easily be used as part of the routine care practice and results

151
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can be easily interpreted by the clinicians.

External validation. Most available risk stratification algorithms are only internally val-
idated [12]. Internal validation is important to prove the reproducibility of the model
on the original population [13]. This step is important but not enough when aiming to
prove the validity of a model beyond the original population. It should be followed by
external validation that proves the transportability of a model to a different ‘plausibly
related’ population [13, 14, 15].

In the last part of this thesis we evaluated the transportability of the OPERA model
to a different geography. The performance of the model was evaluated by discrimi-
nation and calibration. We used data from the SAPHIRE study, conducted in US, to
externally validate the model. In SAPHIRE study, we collected similar data to the
OPERA-HF. The external validation of the OPERA model was performed on 513 HF
patients enrolled in the SAPHIRE study. Our results showed a good calibration and
discrimination similar to the original. This means that the model can overcome any
difference between the populations of two locations. It can be used in the new popu-
lation to discriminate patients at risk of an early event with a performance equal to the
one from the original derivation setting without any adjustment to the original model.

Early event prediction remains challenging, however, our findings suggest that non-
clinical factors may improve the predictions. Further evidence towards this direction
has been provided by another recent study demonstrating that causes of potentially
preventable readmissions are mostly human-related caused by coordination and com-
munication failures [16]. Furthermore, the generalizability of our model to a different
geography indicates that the model designed for one setting can be used for another
setting, as well.
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METHODOLOGICAL CONSIDERATIONS

Study design

It is widely reported in literature that early outcomes and especially readmissions are
generally hard to predict, due to the heterogeneity of the population characteristics,
the reasons that might be causing a readmission, the short prediction window and
the rare frequency of these events [17, 18, 19]. In the OPERA-HF study, we set up
an intentionally broad protocol to explore different potential predictors. Our analysis
showed that by taking into account frailty or lack of social support we can improve the
discrimination for 30-day emergency readmission or mortality, while more psychoso-
cial factors affect longer term outcomes. However, the discrimination of early events
remains modest recommending further research on other important non-clinical pre-
dictors not yet identified. For instance, a recent study by van Galen et al. [20] reported
that the patient reporting not feeling ready for discharge at index admission was sig-
nificantly associated with the early readmission outcome.

Patient data

One limitation of the OPERA-HF study was that 20% of the patients had missing data
for one or more of the predictors included in the model. The broad protocol requiring
intense data collection, patient burden, collecting data for which diagnostic ground
exists may be some or the reasons explaining the high missing data rates for some
of the parameters. On the other hand, the SAPHIRE-HF/COPD study protocol was
limited to the most important factors identified from the OPERA-HF study or other
clinically significant factors indicated by domain experts. The difference in the size of
the protocol may be one of the reasons explaining the smaller number of missing data
in the SAPHIRE-HF/COPD study. In both studies, to overcome the missing data issue
we used the multiple imputation technique [21].

With respect to follow-up data, we anticipated only a limited amount of outcome data
missing in both studies. In both cases, we recruited study participants living in the
local areas. However, there is still a possibility of missed events due to seeking care
outside of the local areas that may result in an underestimation of readmission rates.
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Additional assessment

In both studies, patients were asked to complete additional physical exams or psy-
chosocial assessments via questionnaires in order to obtain a more holistic assessment
of their status. These additional assessments are not part of the routine care provided
to the patients.

There are different methods available that can provide assessments of depression, anx-
iety, social support, frailty or other characteristics of the patients. A limitation of some
of the assessment methods used in our studies, for instance the HADS questionnaire
for depression and anxiety [22], is that they have been developed primarily for re-
search and have not been extensively tested in routine practice for patients with heart
failure.

Another potential limitation of these assessments is that they may be subjective de-
pending on the patient’s physical or mental condition at the time of administration.
They may rely on participant’s perception of their own health and their ability to recall
past experiences and events. Next to that, most of these assessments were performed
once during patient’s hospitalization. Hence, we may have missed significant changes
of patient’s status during or after hospitalization.
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IMPLICATIONS AND FUTURE RESEARCH

The OPERA model takes into account frailty and social support next to healthcare
utilization and clinical predictors to calculate a risk score of early adverse events for
the patients. This risk score can be used by the discharge teams as part of the routine
practice to identify patients at different risk levels. The model does not aim to replace
but to assist clinicians or discharge teams to identify optimal care pathways for their
patients. Some examples of interventions linked to different risk levels are given in
Table 7.2. Further research is recommended to identify the optimal thresholds for the
risk levels.

Patients with the highest risk scores are typically very complex, end stage heart failure
patients who would benefit mainly from interventions such as palliative care. High
risk patients usually require intense care and support by specialist, primary care and
informal caregivers. One possible solution to support high risk patients effectively in
their own home is telehealth [23]. HF patients in the medium risk levels, on the other
hand could benefit by less intense interventions such as structured m-health support
or lower intensity telehealth solutions [24]. HF patients with the lowest risk scores are
usually well self-managed and they might only need clinical and social support with
respect to health coaching and lifestyle management in order to maintain their risks
low.

Often a multidisciplinary management approach is needed in order to identify the pa-
tients’ needs and the interventions that would benefit them the most. The knowledge
on the impact of specific factors on the outcomes can improve discharge management
and explore interventions tailored to patient needs that may improve the outcomes.
Our study recommends that non-clinical or non-disease specific factors should not be
neglected when assessing a patient’s status and needs. A holistic assessment of the
patients’ status with them also engaged in the process of deciding what is best for
them (shared decision making) may help to optimize the care provided to the patients
and identify avoidable hospitalizations. Depression or frailty are some of the factors
that appear to be strongly related to the outcomes and it could be beneficial to include
their assessment as part of the routine care provided to HF patients. The presence of
certain non-disease specific factors should be taken into account while defining inter-
disciplinary treatment programs tailored to individual patient needs. The multidisci-
plinary management team may consist of HF specialist, physiotherapist, geriatrician,
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rehabilitation physician, nurse and dietician depending on each patient’s needs.

Cognitive Behavioral Therapy (CBT) or physical exercise are some of the interventions
with positive effect on outcomes for patients with depression or frailty [24, 25, 26, 27,
28]. On the contrary, there is no evidence that antidepressants could positively affect
the outcomes in patients with HF [29]. Multidisciplinary collaborative management
to identify individual patients’ needs, physical exercise or support groups are some of
the interventions with positive impact on outcomes when the patient is lacking social
support [28, 30]. Randomized controlled trials are recommended to evaluate the im-
pact of these interventions on HF patients also in combination with other interventions
such as telehealth.

In this thesis, we have reported a strong impact of psychosocial factors and frailty on
several adverse outcomes of HF patients. There is evidence that many of these factors
are affecting other groups of patients, as well. For example, frailty is increasingly rec-
ognized as an important factor in managing patients with long term conditions [31].
Major depression [32, 33] and cognitive impairment [34] have also been associated
with high risk of death in older populations. Next to them, lack of social support is of-
ten associated with adverse follow-up outcomes in hospitalized patients [35]. Further
research and evaluation of our findings on other patient groups is recommended.
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TABLE 7.2: HF patient characteristics and managements in different risk levels

Risk level Patient profile Possible interventions at discharge
Very high risk Terminal ill or very severe/ Nursing home, palliative care

complex patients
(e.g. transplantation or having
other dominant (chronic) disease)

High risk - At risk of (recurrent) hospital Intense care
complex emergency admissions (e.g. high intensity telemonitoring),
needs or attendances to hospital. community specialist nurse support,

Unstable condition. multidisciplinary management,
Have difficulty following social care
medication or treatment regimes.

Medium risk - Lower chance to have Lower intensity telemonitoring,
less complex unplanned readmissions multidiciplinary management,
needs within the next year, Community specialist nurse support,

chance of deterioration. social care, proactive care planning
Low risks Well self-managed or early stage/ GP/practice nurse follow up in CDM

low severity HF patients. clinics, primary care management,
Able to maintain a health coaching and lifestyle
good health management. management, community activities
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CONCLUSIONS

The research in this thesis aims to highlight new risk factors for HF adverse events
and contribute in the improvement of predictive models for HF patients. We showed
the strong effect of several psychosocial or non-disease specific factor with adverse
outcomes in HF patients. Depression is strongly associated with increasing risk of
recurrent hospitalizations or mortality in the year following discharge after an admis-
sion to hospital for HF. Other factors also related to increasing risk of recurrent events
are the presence of frailty, moderate-to-severe anxiety, living alone and the presence
of cognitive impairment. When looking into short-term outcomes, frailty and lack of
social support both improved the discriminative power of a model predicting 30-day
readmission or mortality.

These findings may enable researchers and health care providers to identify patients
at risk of adverse events that are potentially avoidable and to adjust their decisions
about patients’ discharge to optimize the care provided them. Currently, the patient’s
status and post-discharge services are assessed by the professionals at the cardiology
ward (cardiologists, nurses and/or the care managers) in an ad-hoc way, which may
vary between professionals and institutions based on experience and knowledge. Our
tool enables them to assess the patient’s condition in a more systematic way from a
holistic perspective, to stratify the patients in different risk levels and to recommend a
multidisciplinary management or other interventions where needed.
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RECOMMENDATIONS

The findings of our research allow for the following recommendations to health care
professionals and researchers.

Recommendations for clinical practice

• Holistic assessment of the patient as part of routine care by a multidisciplinary
team might be beneficial. The team may consist of HF specialist, physiotherapist,
geriatrician, rehabilitation physician, nurse and dietician depending on each pa-
tient’s needs.

• Do not neglect psychosocial aspects or frailty when assessing patients’ condition.

• Use the OPERA model as part of routine care to identify patients at high risk of
early events.

Recommendations for research

• Explore further non-clinical factors that may improve the prediction of outcomes
for HF patients.

• Investigate the added value of frailty, social support and depression in predictive
models for long-term outcomes.

• Validate our findings beyond HF patients on COPD or other chronic disease pa-
tients.

• Use the knowledge on impact of non-clinical factors to improve discharge man-
agement by involving a multidisciplinary team and next to the HF related inter-
ventions take into account interventions such as CBT, multidisciplinary manage-
ment, physical exercise, counseling and education tailored to individual patient’s
needs.
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E. Knight, B. Massie, P. Ponikowski, and J. López-Sendón, “Improving care for patients with acute
heart failure: before, during and after hospitalization,” ESC Heart Failure, vol. 1, pp. 110–145, dec
2014.

[2] M. Emdin, A. Aimo, G. Vergaro, and C. Passino, “Predicting readmissions after hospitalization for
heart failure: medical reasoning vs calculators,” International journal of cardiology, vol. 236, pp. 348–
349, jun 2017.

[3] D. Mozaffarian, E. J. Benjamin, A. S. Go, D. K. Arnett, M. J. Blaha, M. Cushman, S. de Ferranti, J.-P.
Després, H. J. Fullerton, V. J. Howard, M. D. Huffman, S. E. Judd, B. M. Kissela, D. T. Lackland,
J. H. Lichtman, L. D. Lisabeth, S. Liu, R. H. Mackey, D. B. Matchar, D. K. McGuire, E. R. Mohler,
C. S. Moy, P. Muntner, M. E. Mussolino, K. Nasir, R. W. Neumar, G. Nichol, L. Palaniappan, D. K.
Pandey, M. J. Reeves, C. J. Rodriguez, P. D. Sorlie, J. Stein, A. Towfighi, T. N. Turan, S. S. Virani, J. Z.
Willey, D. Woo, R. W. Yeh, M. B. Turner, and American Heart Association Statistics Committee and
Stroke Statistics Subcommittee, “Heart disease and stroke statistics—2015 update,” Circulation,
vol. 131, pp. e29–e322, jan 2015.

[4] T. A. McDonagh, R. S. Gardner, A. L. Clark, and H. Dargie, Oxford textbook of heart failure, vol. 1.
Oxford University Press, jul 2011.

[5] N. Kato, K. Kinugawa, A. Yao, M. Hatano, T. Shiga, and K. Kazuma, “Relationship of depressive
symptoms with hospitalization and death in Japanese patients with heart failure,” Journal of Cardiac
Failure, vol. 15, pp. 912–919, dec 2009.
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