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Abstract

Background: The hedlth state of elderly patients is typically characterized by multiple co-occurring diseases requiring the
involvement of several types of health care providers.

Objective:  We aimed to quantify the benefit for multimorbid patients from seeking specialist care in terms of long-term
readmission risks.

Methods: From an administrative database, we identified 225,238 elderly patients with 97 different diagnosis (ICD-10 codes)
from hospital stays and contact with 13 medical specialties. For each diagnosis associated with the first hospital stay, we used
multiple logistic regression analysis to quantify the sex-specific and age-adjusted long-term all-cause readmission risk
(hospitalizations occurring between 3 months and 3 years after the first admission) and how specialist contact impacts these risks.
Results: Men have a higher readmission risk than women (mean difference over all first diagnoses 1.9%, P<.001), but similar
reduction in readmission risk after receiving specialist care. Specialist care can reduce readmission risk by almost 50%. We found
the greatest reductionsin risk when thefirst hospital stay was associated with diagnoses corresponding to complex chronic diseases
such as acute myocardial infarction (57.6% reduction in readmission risk, SE 7.6% for men [m]; 55.9% reduction, SE 9.8% for
women [w]), diabetic and other retinopathies (m: 62.3%, SE 8.0; w: 60.1%, SE 8.4%), chronic obstructive pulmonary disease
(m: 63.9%, SE 7.8%; w: 58.1%, SE 7.5%), disorders of lipoprotein metabolism (m: 64.7%, SE 3.7%; w: 63.8%, SE 4.0%), and
chronic ischemic heart diseases (m: 63.6%, SE 3.1%; w: 65.4%, SE 3.0%).

Conclusions: Specialist care can greatly reduce long-term readmission risk for patients with chronic and multimorbid diseases.
Further research is needed to identify the specific reasonsfor these findings and to understand the detected sex-specific differences.

(IMIR Med Inform 2020;8(9):€18147) doi: 10.2196/18147
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Introduction

Thehealth of elderly patientsistypically characterized by more
than one disorder [1]. More than 10% of all Austrians aged >50
years accumul ate more than 10 different diagnoses over aperiod
of 2 years[2]. Treatment of such highly multimorbid patients
often requiresthe involvement of many different care providers
[3,4] taking age-specific and sex-specific differences in
physiology and health care-seeking behavior into account [5].
Yet, most hedlth care systems are till configured to treat
individual diseasesrather than individual multimorbid patients
[6]. It is therefore an open challenge to ensure sufficient care
coordination among different types of health care providersto
adequately treat an aging population [7]. Most findings on
long-term readmission risk so far have had an isolated focus on
single diseases — for instance, pneumonia [8], colorectal
surgery [9], depression [10], or chronic obstructive pulmonary
disorder (COPD) [11] — and take only afew predictor variables
(eg, medical history) into account [12]. In addition, many studies
focus on short-term (30-day or 90-day) readmissions, whereas
studies of longer-term risks for patients with chronic complex
disorders such as diabetes remain underrepresented in the
literature [13].

Digitalization in the health sector has led to increasing
availability of observational health care data like electronic
health records or medical claims data[14]. The emerging field
of network medicine [15,16] strives to leverage such data to
improve our understanding of multimorbidity [17] and how care
providers coordinate themselvesin the treatment of such patients
[18]. Complex multimorbid health states of patients can be
conceptualized by means of networks (collections of nodes
connected by links) in which diseases are nodes that are linked
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if they tend to co-occur in patients. These comorbidity networks
can be used to predict future changes in health as patients are
most likely to acquire diseases in close network-proximity to
those that they already have [2,19,20]. Networks of care
providers have been studied through the analysis of
patient-sharing relations [ 21]. In such patient-sharing networks,
providers are represented as nodes connected by links that
indicate patient flow between them [18]. It has been shown that
the structure of such networks can be related to variations in
treatment outcomes [18], cost and intensity of care [22,23], as
well as spending for and utilization of health services [24,25].

In this work, we quantified for the first time the long-term
readmission risk for 97 frequent diagnoses (ICD-10 3-digit
codes) associated with the first hospital stay as a function of
age, sex, and the involvement of 13 different types of medical
specialists. We propose a novel network statistical modelling
approach illustrated in Figure 1. Using an administrative
database containing data for almost 2 million patients, we
identified all patients aged >50 years with at |east one hospital
admission (index hospitalization) and followed them for >3
years. There are 4 different types of tragjectories that a patient
can take after first admission (index hospitalization): (1) no
second admission and no specialist contact over the next 3 years
(see patient 1 in Figure 1A), (2) one (or several) specialist
contact but no second admission (see patient 2 in Figure 1B),
(3) second admission without specialist contact (see patient 3
in Figure 1C), or (4) second admission with specialist contact
(see patient 4 in Figure 1D). By considering patients with the
same diagnosis from the first admission (index diagnosis) and
adjusting for age, we can then estimate separately for men and
women how contact with a specific type of provider changes
the readmission risk for any combination of index diagnosis,
readmission diagnosis, and type of specialty.

Figure 1. lllustration of the methodological approach showing examples of timelines for individual patients. Over 3 years following the index
hospitalization (yellow circles), patients without a readmission (yellow circles labeled readmission diagnoses) (A) do or (B) do not have specialist
contact (green circles), while patients with areadmission (C) do not or do (D) have at |east one specialist contact. (E) Trajectories of readmitted patients
can be visualized as networks with patient flow between 2 node types (diagnoses and specialists). spec: specialist.
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Methods

Study Population

We used a pseudonymized medical claimsresearch dataset from
asocial insurance carrier in Austriacovering the state of Lower
Austria[26-28]. The dataset contains 1,861,971 individuasin
total who consulted at least one health care provider between
January 1, 2006 and March 31, 2012 and were aive during that
period. Dead individuals were not included in the data. We
extracted the study base, which consisted of al patients with
known age and sex that were older than 50 years at the
beginning of the observation window and had at least one
admission in the time range between January 1, 2006 and
December 31, 2008 (n=225,238). For each of these patients, we
assessed contact with medical specialists and ICD-10 codes
associated with their hospital admissions.

Index Hospitalization

We considered main and secondary diagnoses (3-digit ICD-10
codes from the range A01-N99) from first admissions with at
least 1000 occurrences, disregarding codesthat are not specific
for disorders, such as general examinations, child births,
congenital malformations, or unspecific symptoms (Multimedia
Appendix 1).

Readmission

For each stay, weidentified whether each patient from the study
population had a subsequent hospital admission in the time
window between 90 and 1050 days after the index
hospitalization; if yes, the ICD-10 code of the associated main
diagnosis (readmission diagnosis) was noted.

Diagnosis Combinations

The ICD-10 codes of the index diagnosis (d;) and readmission
diagnosis (d,) form a diagnosis combination: D=(d,, d,). All
readmission riskswere computed with logistic regression models
(see the next section) using patients with the same diagnosis
combinations (if readmitted) or d; as the index diagnosis (no
readmission). The modelswere stratified by sex and considered
al diagnosis combinations that occurred in at least 50 cases.

Readmission Risk

The readmission risk measures how likely patients with index
diagnosis d; were readmitted because of any other diagnosis
Therisk was measured separately for men and women. For each
patient, we introduced a binary dummy variable for whether
the patient was readmitted. We performed logistic regression
analysis with this response variable and patient age as the
predictor variable. To age-adjust the male (m) and female (f)
diagnosis-specific readmission risk (Pio[M/f, dy]), we evaluated
the logistic regression model for the mean population age.

Probabilities of Contact With Medical Specialties

For each patient, we assessed how likely acontact with different
types of medical specialists occurred between the index and
readmission diagnoses (readmitted) or over afollow-up period
of 3 years (controls). Separately for men and women, we
performed logistic regression analysis with a dummy variable
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for contact with a specialty as aresponse and patient age asthe
predictor variable. We evaluated the model for the mean
population age to obtain the probabilities of contact with a
specialist s for men and women: Pg,(m/f,s). We included the
following specialties: ophthalmology; surgery; dermatoveneresl
diseases; obstetrics and gynecology; ear, nose, and throat (ENT);
pulmonary diseases; neurology; orthopedics, physiotherapy;
radiology; accident surgery; urology; labs; psychotherapy and
clinica psychology; psychiatry; interna medicine; and
outpatient hospital contacts [29].

Health Care Network Construction

A specific subset of patient flow from hospital (re-)admissions
to contact with a specialty is summarized graphically in a
network representation (see Figure 1E). For each diagnosis
combination D and specialist contact of type s meeting our
inclusion criteria, we assumed adirect link in the network from
the index diagnosis to the specialty and from the speciaty to
the readmission diagnosis. For each link, we evaluated theratio
of men to women that followed it. As the full network is too
dense to be meaningfully visualized, we applied a standard
network filtering method to extract the links that were most
significant for each node (type of care provider or diagnosis),
the so-called network backbone, by overlapping its maximum
spanning tree with the disparity-filtered network [29].

Relative Readmission Risk

Relative readmission risk measures the change in readmission
risk associated with contact with aspecialty. For each diagnosis
combination D for men and women separately, we performed
logistic regression analysis of whether a readmission because
of diagnosis d, occurred given that the first diagnosis was d;.
The independent variables were age and adummy variable for
contact with aspecialty. Thisbinary dummy variable sencoded
whether a patient had at least one contact (s=1) between the
index and readmission diagnoses (readmitted) or within the
3-year follow-up interval after the index diagnosis (control) or
whether no such contact occurred (s=0). For each diagnosis
combination D and speciaty s, we obtained the
contact-dependent readmission risk Q(m/f,D,s) for men/women
by evaluating their model sfor mean population age. To measure
theimpact of acontact with specialty son the readmission risk,
we evaluated these regression models for patients of mean age
that had (s=1) or had not (s=0) such a contact and computed the
relative readmission risk, RR(m/f,
D,s)=Q(m/f,D,s=1)/Q(m/f,D,s=0). In terms of the patient
timelines in Figure 1, RR(m/f, D,s) is related to the ratio of
frequencies of trgjectories (D) to (B), relative to the ratio of
trgjectories (C) to (A). The diagnosis-specific relative
readmission risk for men/women, RR;;4(m/f, d), is given by
the medians of RR(m/f, D,s) over al combinations of
readmission diagnoses d, and contacts s. The contact-specific
relative readmission risk for speciaty s, RRg(m/f, s), for
men/women is given by the medians of RR(m/f, D,s) over all
diagnosis combinations D.

Significance, M ultiple Testing, and Robustness Tests
Whether a diagnosis-specific readmission risk is significantly
different from 1 was assessed by comparing all related

JMIR Med Inform 2020 | vol. 8 | iss. 9| €18147 | p. 3
(page number not for citation purposes)


http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS

readmission risks that included a specific type of contact
(Q[m/f,D,s=1]) with the corresponding risksthat did not include
such a contact (Q[m/f,D,s=0]). We used a't test or sign test
depending on whether the individual readmission riskswere or
were not normally distributed, respectively; normality was
assessed by means of aKolmogorov-Smirnov test. We corrected
for multiple testing by controlling the false discovery rate at
level a using the Benjamini-Hochberg procedure. To study the
robustness of our results, we considered variations of the (1)
follow-up interval for the readmission to occur (from 3 years
to 1.5 years), (2) minimal number of cases with a diagnoses
combination D (from 50 to 25 cases), and (3) inclusion of all
patients aged <100 years.

Table 1. Descriptive statistics of the study population.
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Results

Descriptive statistics of the study population are shownin Table
1. The study population was skewed toward the female sex
(130,968/225,238, 58%) with average ages (taken at the
beginning of the observation window) of 65 years (men) and
68 years (women). With SDs of 9.7 years (men) and 11 years
(women), both sexes had similar and rather broad age
distributions. Our inclusion criteria resulted in 97 diagnoses
(ICD-10 codes) and 13 different types of specialists. Average
numbers of diagnoses and types of specialists involved in the
treatment were similar between men and women.

Women (n=130,968) Entire sample (n=225,238)

Variable Men (n=94,270)
Age (years), mean (SD) 65 (9.7)
Number of diagnoses, mean (SD) 5.1(4.4)
Number of types of specialist, mean (SD) 3.1(2.8)

68 (11.0) 67 (10.0)
49 (4.4) 5.0 (4.4)
3.2(2.8) 3.1(28)

Network Visualization

A graphical summary of our resultsis shown in Figure 2 in the
form of a network as described in Figure 1E. The node size
correlates with the out-degree of the nodes, and the link color
shows the ratio of men to women that follow a certain link.
Medical specialistswith the highest out-degree (connectionsto
different diagnoses) provided outpatient treatments associated
with amost the entire spectrum of diagnoses, as well as
radiology and ophthalmology with mostly female-dominated
links with diseases of the circulatory and musculoskeletal
systems. Several specialties were associated with a single
diagnosis code, such as dermatovenereal diseases and skin
cancer, ENT specialists and nontoxic goiter, urology and urinary
tract infections, and psychiatry and pneumonia. To illustrate

http://medinform.jmir.org/2020/9/€18147/

theresults“behind” the network in Figure 2, let us examine the
link from psychiatry to pneumonia (J18). Pneumonia was the
readmission diagnosis for patient trgjectories that included
contacts with psychiatry for several index diagnoses. In all but
one case, we found reduced relative readmission risks for
pneumonia for both men and women, ranging from 46% for
women with hypertension to 94% for women with atria
fibrillation; for men with urinary tract infections only, we found
al%increasein resdmission risk. Notethat Figure 2 only shows
a filtered version of this network. For instance, for type 2
diabetes (E11), there is only a link to outpatient wards. In
addition to general practitioners, patients with diabetes also
frequently visited internal medicine, radiology, and
physiotherapy, which have been filtered out in Figure 2.
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Figure 2. Graphical summary of our results as a network. The network was constructed as described in Figure 1E and filtered for statistical significant
Imks Node sizes for specialists correlate with the number of outgoing links from the nodes.
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Results for Diagnosis-Specific Readmission Risks

The long-term al-cause readmission risks for the index
diagnoses vary between 30% and 70% (see Figure 3A). We
observed the highest readmission risk for secondary neoplasm
(C79: 58%, SE 1.8% for men [m]; 66%, SE 2.0% for women
[w]; C78: 62%, SE 1.6% [m]; 60%, SE 1.3% [w]) followed by
retinopathies including hypertensive retinopathy and macular
degeneration (H35: 63%, SE 1.7% [m]; 64%, SE 1.5% [w]) and
other retinal disorders such as diabetic retinopathy (H36: 64%,
SE 3.1% [m]; 61%, SE 2.5% [w]). Other diagnoses with
particularly high readmission risks included colorectal cancer
(C18: 69%, SE 1.9% [m]; 63%, SE 1.9% [w]; C20: 61%, SE
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2.1%[m]; 58%, SE 2.4% [w]), lung cancer (C34: 59%, SE 1.5%
[m]; 59%, SE 2.4% [w]), diabetes (E10: 56%, SE 1.8% [m];
57%, SE 1.9% [w]), and renal failure (N18: 59%, SE 1.1% [m];
57%, SE 1.3% [w]; N19: 60.3%, SE 3.0% [m]; 54%, SE 2.7%
[w]). In most cases (>70%), the above diagnoses were used as
main diagnoses in the index hospitalization except for diabetic
retinopathy (H36), which wasthe main diagnosisin only 33.8%
(762/2258) of stays and most frequently occurred as a side
diagnosiswith type 2 diabetes asthe main diagnosis (497/2258,
22.0%). In general, men have higher diagnosis-specific
readmission risks than women (mean difference [MD] over all
first diagnoses 1.9%, P<.001; ie, most pointsin Figure 3A lie
above the diagonal line; see also Multimedia Appendix 1).
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Figure3. Resultsfor diagnosis-specific readmission risks for men and women. Error bars denote SES; no error bar means only one diagnosis(-specialist)
combination contributed to the data point. (A) The diagnosis-specific readmission risks range between 30% and 70%. (B) For severa diagnoses, we
found significantly decreased (shown in black, as opposed to insignificant results shown in grey) diagnosis-specific relative readmission risks after

consulting with medical specialists.
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Resultsfor Diagnosis-Specific Relative Readmission
Risks

All significant diagnosis-specific readmission riskswere<1for
men and women (ie, they lie in the green, bottom left quadrant
in Figure 3B). We found the greatest significant reductionsin
readmission risks upon contact(s) with medical specialists for
acute myocardial infarction (121, male patients with contacts
show a reduced readmission risk of 57.6%, SE 7.6% when
compared to the risk of patients without such contacts; 55.9%,
SE 9.8% [w]), diabetic and other retinal disorders (H35: 62.3%,
SE 8.0[m]; 60.1%, SE 8.4% [w]), COPD (J44: 63.9%, SE 7.8%
[m]; 58.1%, SE 7.5% [w]), disorders of lipoprotein metabolism
(E78: 64.7%, SE 3.7% [m]; 63.8%, SE 4.0% [w]), and chronic
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ischemic heart diseases (125: 63.6%, SE 3.1% [m]; 65.4%, SE
3.0% [w]). There were no significant differences in risk
reductions between men and women (MD 1.8%, P=.28; see
also Multimedia Appendix 2).

Resultsfor Specialist-Specific Readmission Risks

Figure 4A shows the probabilities for men and women in our
study population to have contact with a specialty after index
admission. Depending on the specialty, these probabilitiesrange
from around 8% for psychiatry (10.0%, SE 0.00 % [w]; 8.1%,
SE 0.00% [m]) to 56% for radiology (55.7%, SE 0.02% [w];
44.1%, SE 0.01% [m]). We found no significant differences
between men and women in their contact probabilities (MD
0.28%, P=.58) with an ouitlier result for contacts with urology
(7.4%, SE 0.00% [w]; 30.1%, SE 0.01% [m]).
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Figure4. Resultsfor specialist-specific readmission risks for men and women. (A) Contact probabilities with certain specialties (colors) range between
8% and 56%. (B) For most specialties, we found significantly reduced readmission risks (black) after contact.
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Resultsfor Specialist-Specific Relative Readmission
Risks

After contact, all specialties tend to show reduced readmission
risks for both men and women; see Figure 4B where all points
lie in the green (bottom left) quadrant. There are only 2
specialtiesfor which the readmission riskswere not significantly
reduced, namely for pulmonary disease specidists and
orthopedics. We found the greatest reductions for lab testing
(50.1%, SE 1.7% [w]; 48.5%, SE 1.8%[m]), radiology (59.2%,
SE 3.2% [w]; 61.6%, SE 3.0% [m]), psychiatry (59.3%, SE
6.7% [w]; 66.3%, SE 6.7% [m]), dermatovenereal diseases
(60.5%, SE 4.7% [w]; 59.3%, SE 4.6% [m]), and ENT
specialists (59.8%, SE 5.6% [w]; 60.9%, SE 5.6% [m]). Overall,
men and women showed similar risk reductions (MD —0.2%,
P=.96).

Robustness

Our main result of strongly reduced relative readmission risks
remained robust under changes of the parametersintheanalysis.
We show the results for the relative readmission risks for 3
different robustnesstests (reducing the minimal number of cases
required for a diagnosis combination from 50 to 25, using an
observation window of 1.5 years instead of 3 years, and
including patients <50 years old) for diagnosis-specific and
specialist-specific relative readmission risks in Multimedia
Appendix 3 and Multimedia Appendix 4, respectively. In each
case, al significant results correspond to strongly reduced
relative risks.

Discussion

In this work, we present a comprehensive analysis of
sex-specific long-term readmission risks (measured from 90
days to 3 years after the index hospitalization) where we
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systematically tested how contact with 13 medical speciaties
impacts readmission risks for 97 diagnoses associated with the
first stay. The network visualization revealsthat our analysisis
indeed based on meaningful flows of patients between different
care settings. For instance, we found a dominant flow from lab
testing to senile cataract consistent with the fact that such testing
is often performed in preoperative screenings to detect risk
factors for complications such as diabetes. There are multiple
meaningful flows from radiology to musculoskeletal diseases,
a link from dermatovenereal diseases to skin cancer, or from
ENT specialiststo nontoxic goiter. In all cases, our results mean
that patientsthat had contact with aspecialist showed atendency
later for reduced readmission risks for the given diagnoses
compared to patients without such contact (ie, the links in the
network do not just show frequent flows of patient but
specialty-diagnosis combinationsthat contribute to the observed
reductions in readmission risks). Other links were less clear.
For instance, wefound atendency that contactswith psychiatry
reduce readmission risksfor pneumonia. Recent epidemiol ogical
findings suggest that depression is indeed a risk factor for
hospitalization due to pneumonia [30] and that psychological
distress is related with a higher risk of pneumonia [31].
Furthermore, lifestyle factors (eg, substance abuse), psychiatric
conditions (patients’ compromised ability to recognize health
problems) as well as side effects of antipsychotics (worsened
respiratory muscle functioning) might cause this association
[32]. Our results could therefore indicate that contact with
psychiatric specialists mitigate these risk factors and thereby
reduce pneumonia-related readmissions.

Overall, we found the largest readmission risks after hospital
stays associated with chronic complex diseases for which high
readmission rates have already been described in the literature.
These diseasesinclude various types of cancer including rectal
cancer, with a30-day readmission rate of 10.1% [33], and lung
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cancer, with a 30-day readmission rate of 13% and 90-day rate
of 22% [34]. Diabetic and other retinopathies often occur with
type 2 diabetes as the main diagnosis, for which 30-day
readmission rates are 8.5%-13.5% [13]. For chronic kidney
disease, the 90-day readmission rate has been estimated at 11.7%
[35]. These risks cannot be directly compared to the long-term
readmission risk (where we exclude readmissions within the
first 90 days) considered in our study.

The involvement of medical specialists reduces the need for
long-term readmissions by up to 50% depending on the index
diagnosis. Chronic complex diseases are among those for which
we observe the strongest reductions in readmission risk after
contact with medical specialists. Our observation of the greatest
reduction for patientswith acute myocardial infarctionisinline
with findings of reduced mortality (up to 19% over an 18-month
follow-up) for patients with myocardial infarct who receive
follow-up care by cardiologists and internists when compared
to patients without such contact [36]. The second greatest
reduction was observed for diabetic and other retinopathies
(H35), which often occurred with type 2 diabetes as the main
diagnosis. These findings are in line with reports that a lack of
postdischarge outpatient visits in patients with diabetes is one
of the strongest risk factorsfor short-term (30-day) readmissions
[37] and that postdischarge office visits to adjust the diabetes
regimen contribute to adecreased risk of short-term readmission
[38]. While there is mixed evidence to which extent poor
glycemic control isaso arisk factor for longer-term readmission
risk [13], our findings clearly show that specialist care after
discharge is related to a strongly significant reduction in
readmission risks of down to 62% (men) and 60% (women)
compared to patients without such contacts. Similar
diabetes-related observations might be relevant for patientswith
hypercholesterolemia and hyperlipidemia (E78), which are
frequent diabetic comorbidities, who all showed significant
reductionsin readmission risk. We found that the contact related
with reductions in readmission risk for diabetes patients was
concentrated on visits at outpatient wards, internal medicine,
and radiology, among other specialists. Diabetes is indeed a
complex disease requiring the involvement of multiple types
of health care providers. Treatment should take place in strict
agreement with the corresponding guidelines, including quarterly
physician visits and a high continuity of care, to minimize the
risk for diabetic complications.

For COPD patients, it has been observed that the involvement
of physiotherapists and various pulmonary and respiratory
specialists can reduce readmission risks, which is consistent
with our finding of a strongly reduced readmission risk for
patients with COPD [39]. Finaly, in relation to our results for
the relative readmission risk for ischemic heart disease, it was
reported that patients had significantly lower 60-day readmission
rates when they were treated by multiple providers, including
surgeons and nonsurgeons [40].

Men and women had comparable probabilities of contacting
different types of medical specialists after theindex admission;
there was no significant difference in how likely men and
women seek specialists. A Swedish register study found that
most of the sex differences in health care consumption can
indeed be explaned by an increased level of

http://medinform.jmir.org/2020/9/€18147/
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reproduction-associated care (not considered in our work) and
women'’s higher share in mental and behavioral disorders and
diseases of the muscul oskeletal system [41]. We found contact
probabilities that range from around 8% (psychiatry) to more
than 56% (radiology). We did not include primary care providers
(eg, general practitioners) in this analysis as almost everyone
inthe study population had such contacts; therefore, their contact
probabilitieswere close to 100%. After contact with specialists,
we observed significantly reduced readmission risks (risk
reductions of up to 50%) for almost all specialties, including
lab testing, radiology, psychiatry, dermatovenereal diseases,
and ENT specialists, whereas pulmonary disease speciaistsand
orthopedics show a rather risk-neutral profile. These findings
might reflect that follow-up by specialists generally meansmore
tailored risk detection and improved disease management, but
also that patients seeking care from specialists might be more
engaged and vigilant compared to those patients that do not
seek specialist care. In the present form, our analysis does not
allow usto disentangl e these effects of targeted prevention and
health care—seeking patient behavior.

In terms of sex differences, we found that men overall have
higher readmission risks than women. While the raw
readmission frequencieswere similar for men and women (Table
1), the diagnosis-specific analysis clearly revealed that men
have increased readmission risks after adjusting for age and
pre-existing condition (index diagnosis). Our findings also
showed that the difference between men and women in
readmission risks are not due to differencesin how likely they
are to seek contact with a specialist. In the following, we give
two plausible mechanisms that could in principle contribute to
the observed sex biases (or lack thereof). First, men might utilize
the health care system only at more severe stages of disease
compared with women, therefore also showing higher
readmission risks. Second, it could be that women are more
compliant when consulting specialists and therefore show better
outcomes (ie, reduced readmission risks). However, the second
explanation is at variance with our result that, after having had
a specific type of contact, men and women show similar
reductions in readmission risk. The assumption that these sex
biases are indeed due to differences in utilization is further
corroborated by findings of delayed health-seeking behavior in
men compared with women [42].

Our work has several limitations that mostly relate to the
administrative dataset used. We have no information on which
kind of procedures were performed during the admission and
contact with a specialist and no knowledge on results from
medical tests other than the diagnosis codes. We cannot
guarantee that we indeed observed all admissions of the study
population, especially since the data cover only a region of
Austria. However, as this bias should have similar effects on
index hospitalizations and readmissions, as well as men and
women, such coverageissues should only have alimited impact
on comparisons of readmission risks. Similar biases might
influence the probabilities of contact with specialists. We only
considered whether at least one contact took place, but not the
specific number of contacts.

To conclude, our results emphasize that specialist aftercare can
provide a strong contribution to the reduction in long-term
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rehospitalization. These effects vary substantially across specialistsin men when compared to women, both sexes show
diagnoses and are most pronounced for outcomes such as similar levelsof readmission risk reduction after specialist care.
myocardial infarction where specialist treatment has already These sex biasesrequirefurther researchinto their physiological,
been shown to improve survival. While we find tentative biological, social, and psychological causative processes.
evidence for delayed health-seeking behavior towards medical

Acknowledgments

We acknowledge hel pful discussionswith Sarah Etter and Stefan Thurner. This study was supported by the WWTF “Mathematics
and...” project MA16-045 and FFG project 857136.

Conflictsof Interest
None declared.

Multimedia Appendix 1

Diagnoses-specific results and their SEs for the contact-independent diagnose-specific readmission risks for males/females,
Pdiag(m/f,d), and the contact-dependent relative readmission risks RRdiag(m/f, d).
[DOCX File, 28 KB-Multimedia Appendix 1]

Multimedia Appendix 2

Results for the contact probabilities with different types of specialists for females, Pspec(f,s), and males, Pspec(m,s), their SEs,
and the contact dependent rel ative readmission risks RRspec(m/f, s).
[DOCX File, 18 KB-Multimedia Appendix 2]

Multimedia Appendix 3

Results of the robustness tests for diagnoses-specific relative readmission risks.
[DOCX File, 124 KB-Multimedia Appendix 3]

Multimedia Appendix 4

Results of the robustness tests for specialist-specific relative readmission risks.
[DOCX File, 110 KB-Multimedia Appendix 4]

References

1.  Marengoni A, Angleman S, Melis R, Mangialasche F, Karp A, Garmen A, et a. Aging with multimorbidity: a systematic
review of theliterature. Ageing Res Rev 2011 Sep;10(4):430-439 [FREE Full text] [doi: 10.1016/j.arr.2011.03.003] [Medline:
21402176]

2. Chmie A, Klimek P, Thurner S. Spreading of diseases through comorbidity networks across life and gender. New J. Phys
2014 Nov 14;16(11):115013. [doi: 10.1088/1367-2630/16/11/115013]

3. Caderén-Larraiaga A, Poblador-Plou B, Gonzéalez-Rubio F, Gimeno-Feliu LA, Abad-Diez JM, Prados-Torres A.
Multimorbidity, polypharmacy, referrals, and adverse drug events. are we doing things well? Br J Gen Pract 2012
Dec;62(605):e821-e826 [ FREE Full text] [doi: 10.3399/bjgp12X 659295] [Medline: 23211262]

4.  Geroldinger A, Sauter SK, Heinze G, Endel G, Dorda W, Duftschmid G. Mortality and continuity of care - Definitions
matter! A cohort study in diabetics. PLoS One 2018 Jan 19;13(1):€0191386 [FREE Full text] [doi:
10.1371/journal .pone.0191386] [Medline: 29351547]

5. Kautzky-Willer A, Harreiter J, Pacini G. Sex and Gender Differencesin Risk, Pathophysiology and Complications of Type
2 DiabetesMdllitus. Endocr Rev 2016 Jun;37(3):278-316 [ FREE Full text] [doi: 10.1210/er.2015-1137] [Medline: 27159875]

6. Moffat K, Mercer SW. Challenges of managing people with multimorbidity in today's healthcare systems. BMC Fam Pract
2015 Oct 14;16(1):129 [FREE Full text] [doi: 10.1186/s12875-015-0344-4] [Medline: 26462820]

7.  Bodenheimer T. Coordinating Care — A Perilous Journey through the Health Care System. N Engl JMed 2008 Mar
06;358(10):1064-1071. [doi: 10.1056/nejmhpr0706165]

8.  Weinreich M, Nguyen OK, Wang D, Mayo H, Mortensen EM, Halm EA, et a. Predicting the Risk of Readmission in
Pneumonia. A Systematic Review of Model Performance. Annals ATS 2016 Sep;13(9):1607-1614. [doi:
10.1513/annal sats.201602-135sr]

9. DamleRN, Alavi K. Risk factors for 30-d readmission after colorectal surgery: a systematic review. J Surg Res 2016
Jan;200(1):200-207 [FREE Full text] [doi: 10.1016/].js5.2015.06.052] [Medline: 26216748]

http://medinform.jmir.org/2020/9/€18147/ JMIR Med Inform 2020 | vol. 8 | iss. 9| €18147 | p. 9
(page number not for citation purposes)


https://jmir.org/api/download?alt_name=medinform_v8i9e18147_app1.docx&filename=84d0d7030c9be965df995698c355d90a.docx
https://jmir.org/api/download?alt_name=medinform_v8i9e18147_app1.docx&filename=84d0d7030c9be965df995698c355d90a.docx
https://jmir.org/api/download?alt_name=medinform_v8i9e18147_app2.docx&filename=5a6c8e74a79d67f05e136f9a390d92aa.docx
https://jmir.org/api/download?alt_name=medinform_v8i9e18147_app2.docx&filename=5a6c8e74a79d67f05e136f9a390d92aa.docx
https://jmir.org/api/download?alt_name=medinform_v8i9e18147_app3.docx&filename=0db68621f9352c84a49293d30edf40a7.docx
https://jmir.org/api/download?alt_name=medinform_v8i9e18147_app3.docx&filename=0db68621f9352c84a49293d30edf40a7.docx
https://jmir.org/api/download?alt_name=medinform_v8i9e18147_app4.docx&filename=a28a8c6cd8ab48996e88714f43b22100.docx
https://jmir.org/api/download?alt_name=medinform_v8i9e18147_app4.docx&filename=a28a8c6cd8ab48996e88714f43b22100.docx
http://www.zgddek.com/EN/abstract/abstract13311.shtml
http://dx.doi.org/10.1016/j.arr.2011.03.003
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21402176&dopt=Abstract
http://dx.doi.org/10.1088/1367-2630/16/11/115013
http://www.eurosurveillance.org/ViewArticle.aspx?ArticleId=20062
http://dx.doi.org/10.3399/bjgp12X659295
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23211262&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/PONE-D-16-38053
http://dx.doi.org/10.1371/journal.pone.0191386
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29351547&dopt=Abstract
https://dx.doi.org/10.1210/er.2015-1137
http://dx.doi.org/10.1210/er.2015-1137
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27159875&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/10.1186/s12875-015-0344-4
http://dx.doi.org/10.1186/s12875-015-0344-4
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26462820&dopt=Abstract
http://dx.doi.org/10.1056/nejmhpr0706165
http://dx.doi.org/10.1513/annalsats.201602-135sr
https://linkinghub.elsevier.com/retrieve/pii/S0022-4804(15)00730-1
http://dx.doi.org/10.1016/j.jss.2015.06.052
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26216748&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS Kaletaet al

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

Pederson JL, Warkentin LM, Majumdar SR, McAlister FA. Depressive symptoms are associated with higher rates of
readmission or mortality after medical hospitalization: A systematic review and meta-analysis. JHosp Med 2016 May
29;11(5):373-380 [FREE Full text] [doi: 10.1002/jhm.2547] [Medline: 26824220]

Lindenauer PK, Dharmargjan K, QinL, Lin Z, Gershon AS, Krumholz HM. Risk Trajectories of Readmission and Death
inthe First Year after Hospitalization for Chronic Obstructive Pulmonary Disease. Am J Respir Crit Care Med 2018 Apr
15;197(8):1009-1017. [doi: 10.1164/rccm.201709-18520c]

Goldstein BA, Navar AM, PencinaMJ, loannidis JPA. Opportunities and challenges in developing risk prediction models
with electronic health records data: a systematic review. JAm Med Inform Assoc 2017 Jan 17;24(1):198-208 [FREE Full
text] [doi: 10.1093/jamia/ocw042] [Medline: 27189013]

Rubin DJ. Hospital readmission of patients with diabetes. Curr Diab Rep 2015 Apr 25;15(4):17 [FREE Full text] [doi:
10.1007/s11892-015-0584-7] [Medline: 25712258]

Hripcsak G, Ryan PB, Duke JD, Shah NH, Park RW, Huser V, et al. Characterizing treatment pathways at scale using the
OHDSI network. Proc Natl Acad Sci U SA 2016 Jul 05;113(27):7329-7336 [FREE Full text] [doi: 10.1073/pnas.1510502113]
[Medline: 27274072]

Barabasi AL, Gulbahce N, Loscalzo J. Network medicine: a network-based approach to human disease. Nat Rev Genet
2011 Jan 17;12(1):56-68 [FREE Full text] [doi: 10.1038/nrg2918] [Medline: 21164525]

ChawlaNV, DavisDA. Bringing big datato personalized healthcare: a patient-centered framework. JGen Intern Med 2013
Sep 25;28 Suppl 3(S3):S660-S665 [FREE Full text] [doi: 10.1007/s11606-013-2455-8] [Medline: 23797912]

Hidalgo CA, Blumm N, Barabasi AL, Christakis NA. A dynamic network approach for the study of human phenotypes.
PLoS Comput Biol 2009 Apr 10;5(4):€1000353 [FREE Full text] [doi: 10.1371/journal .pcbi.1000353] [Medline: 19360091]
Landon BE, Keating NL, Barnett ML, Onnela J, Paul S, O'Malley AJ, et a. Variation in patient-sharing networks of
physicians across the United States. JAMA 2012 Jul 18;308(3):265-273 [FREE Full text] [doi: 10.1001/jama.2012.7615]
[Medline: 22797644]

Jensen AB, Moseley PL, Oprea T, Ellesge SG, Eriksson R, Schmock H, et al. Temporal disease trajectories condensed
from popul ation-wide registry data covering 6.2 million patients. Nat Commun 2014 Jun 24;5(1):4022 [FREE Full text]
[doi: 10.1038/ncomms5022] [Medline: 24959948]

Kannan V, Swartz F, Kiani NA, Silberberg G, Tsipras G, Gomez-Cabrero D, et al. Conditional Disease Devel opment
extracted from Longitudinal Health Care Cohort Data using Layered Network Construction. Sci Rep 2016 May 23;6(1):26170
[FREE Full text] [doi: 10.1038/srep26170] [Medline: 27211115]

LeeBY, McGlone SM, Song Y, Avery TR, Eubank S, Chang C, et al. Social Network Analysis of Patient Sharing Among
Hospitalsin Orange County, California. Am J Public Health 2011 Apr;101(4):707-713. [doi: 10.2105/ajph.2010.202754]
Barnett ML, Christakis NA, O'Malley J, Onnela J, Keating NL, Landon BE. Physician Patient-sharing Networks and the
Cost and Intensity of Carein US Hospitals. Medical Care 2012;50(2):152-160. [doi: 10.1097/mlr.0b013e31822dcef 7]
Pollack CE, Weissman GE, Lemke KW, Hussey PS, Weiner JP. Patient sharing among physicians and costs of care: a
network analytic approach to care coordination using claims data. J Gen Intern Med 2013 Mar 14;28(3):459-465 [FREE
Full text] [doi: 10.1007/s11606-012-2104-7] [Medline: 22696255]

Landon BE, Keating NL, Onnela J, Zaslavsky AM, Christakis NA, O'Malley AJ. Patient-Sharing Networks of Physicians
and Health Care Utilization and Spending Among Medicare Beneficiaries. JAMA Intern Med 2018 Jan 01;178(1):66-73
[FREE Full text] [doi: 10.1001/jamainternmed.2017.5034] [Medline: 29181504]

Robbins R, Seixas A, Schoenthaler A. The nature and scope of patient-sharing network research: anovel, important area
for network science. Transl Behav Med 2018 Jul 17;8(4):626-628 [FREE Full text] [doi: 10.1093/tbm/iby052] [Medline:
30016522]

Klimek B, Kautzky-Willer A, Chmiel A, Schiller-Frithwirth I, Thurner S. Quantification of diabetes comorbidity risks
across life using nation-wide big claims data. PLoS Comput Biol 2015 Apr 9;11(4):€1004125 [FREE Full text] [doi:
10.1371/journal.pchi.1004125] [Medline: 25855969]

Thurner S, Klimek P, Szell M, Duftschmid G, Endel G, Kautzky-Willer A, et al. Quantification of excessrisk for diabetes
for those born in times of hunger, in an entire population of a nation, across a century. Proc Natl Acad Sci U SA 2013 Mar
19;110(12):4703-4707 [FREE Full text] [doi: 10.1073/pnas.1215626110] [Medline: 23487754]

Rinner C, Sauter SK, Endel G, Heinze G, Thurner S, Klimek P, et a. Improving the informational continuity of carein
diabetes mellitus treatment with a nationwide Shared EHR system: Estimates from Austrian claims data. Int JMed Inform
2016 Aug;92:44-53 [FREE Full text] [doi: 10.1016/j.ijmedinf.2016.05.001] [Medline: 27318070]

Serrano MA, Bogufia M, Vespignani A. Extracting the multiscal e backbone of complex weighted networks. Proc Natl Acad
Sci U SA 2009 Apr 21;106(16):6483-6488 [FREE Full text] [doi: 10.1073/pnas.0808904106] [Medline: 19357301]
Davydow DS, Hough CL, Zivin K, Langa KM, Katon WJ. Depression and risk of hospitalization for pneumoniain acohort
study of older Americans. JPsychosom Res 2014 Dec; 77(6):528-534 [FREE Full text] [doi: 10.1016/].jpsychores.2014.08.002]
[Medline: 25139125]

Hamer M, Kivimaki M, Stamatakis E, Batty GD. Psychological distress and infectious disease mortality in the general
population. Brain Behav Immun 2019 Feb; 76:280-283 [FREE Full text] [doi: 10.1016/j.bbi.2018.12.011] [Medline:
30579940]

http://medinform.jmir.org/2020/9/€18147/ JMIR Med Inform 2020 | vol. 8 | iss. 9| €18147 | p. 10

(page number not for citation purposes)


http://www.latunisiemedicale.com/article-medicale-tunisie.php?article=2099
http://dx.doi.org/10.1002/jhm.2547
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26824220&dopt=Abstract
http://dx.doi.org/10.1164/rccm.201709-1852oc
https://linkinghub.elsevier.com/retrieve/pii/ocw042
https://linkinghub.elsevier.com/retrieve/pii/ocw042
http://dx.doi.org/10.1093/jamia/ocw042
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27189013&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/10.1007/s11892-015-0584-7
http://dx.doi.org/10.1007/s11892-015-0584-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25712258&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/1510502113
http://dx.doi.org/10.1073/pnas.1510502113
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27274072&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/nrg2918
http://dx.doi.org/10.1038/nrg2918
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=21164525&dopt=Abstract
http://www.cancernetwork.com/colorectal-cancer/improving-toxicity-irinotecan5-fu-leucovorin-21-day-schedule
http://dx.doi.org/10.1007/s11606-013-2455-8
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23797912&dopt=Abstract
http://www.cancernetwork.com/prostate-cancer/aggressive-prostate-cancer-high-blood-levels-omega-3s-doubled-risk-high-levels-transfatty-acids-cut
http://dx.doi.org/10.1371/journal.pcbi.1000353
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19360091&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/1217237
http://dx.doi.org/10.1001/jama.2012.7615
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22797644&dopt=Abstract
http://www.eurosurveillance.org/ViewArticle.aspx?ArticleId=19686
http://dx.doi.org/10.1038/ncomms5022
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24959948&dopt=Abstract
http://europepmc.org/abstract/MED/27211115
http://dx.doi.org/10.1038/srep26170
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27211115&dopt=Abstract
http://dx.doi.org/10.2105/ajph.2010.202754
http://dx.doi.org/10.1097/mlr.0b013e31822dcef7
http://www.cancernetwork.com/colorectal-cancer/improving-toxicity-irinotecan5-fu-leucovorin-21-day-schedule
http://www.cancernetwork.com/colorectal-cancer/improving-toxicity-irinotecan5-fu-leucovorin-21-day-schedule
http://dx.doi.org/10.1007/s11606-012-2104-7
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=22696255&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/2664067
http://dx.doi.org/10.1001/jamainternmed.2017.5034
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29181504&dopt=Abstract
http://www.cancernetwork.com/immuno-oncology/management-steroid-refractory-immune-related-adverse-events
http://dx.doi.org/10.1093/tbm/iby052
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30016522&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/PCOMPBIOL-D-14-00898
http://dx.doi.org/10.1371/journal.pcbi.1004125
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25855969&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/1215626110
http://dx.doi.org/10.1073/pnas.1215626110
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23487754&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S1386-5056(16)30073-9
http://dx.doi.org/10.1016/j.ijmedinf.2016.05.001
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27318070&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/0808904106
http://dx.doi.org/10.1073/pnas.0808904106
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=19357301&dopt=Abstract
http://www.zgddek.com/EN/abstract/abstract13264.shtml
http://dx.doi.org/10.1016/j.jpsychores.2014.08.002
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=25139125&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0889-1591(18)31235-2
http://dx.doi.org/10.1016/j.bbi.2018.12.011
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=30579940&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

JMIR MEDICAL INFORMATICS Kaletaet al

32.

33.

35.

36.

37.

38.

39.

40.

41.

42.

Seminog OO, Goldacre MJ. Risk of pneumonia and pneumococcal disease in people with severe mental illness: English
record linkage studies. Thorax 2013 Feb 15;68(2):171-176 [ FREE Full text] [doi: 10.1136/thoraxjnl-2012-202480] [Medline:
23242947)

Doumouras AG, Tsao MW, Saleh F, Hong D. A popul ation-based comparison of 30-day readmission after surgery for
colon and rectal cancer: How are they different? J Surg Oncol 2016 Sep 22;114(3):354-360 [FREE Full text] [doi:
10.1002/js0.24334] [Medline: 27334402]

Stitzenberg KB, Chang Y, Smith AB, Nielsen ME. Exploring the Burden of Inpatient Readmissions After Major Cancer
Surgery. JCO 2015 Feb 10;33(5):455-464. [doi: 10.1200/jc0.2014.55.5938]

Miric A, Inacio MC, Namba RS. The effect of chronic kidney disease on total hip arthroplasty. J Arthroplasty 2014
Jun;29(6):1225-1230 [FREE Full text] [doi: 10.1016/j.arth.2013.12.031] [Medline: 24556110]

Radzimanowski M, Gallowitz C, Miller-Nordhorn J, Rieckmann N, Tenckhoff B. Physician specialty and long-term survival
after myocardial infarction - A study including all German statutory health insured patients. Int JCardiol 2018 Jan 15;251:1-7
[FREE Full text] [doi: 10.1016/j.ijcard.2017.10.048] [Medline: 29092757]

Karunakaran A, Zhao H, Rubin DJ. Predischarge and Postdischarge Risk Factorsfor Hospital Readmission Among Patients
With Diabetes. Medical Care 2018;56(7):634-642. [doi: 10.1097/mlr.0000000000000931]

Gregory NS, Seley JJ, Dargar SK, GallaN, Gerber LM, Lee JI. Strategiesto Prevent Readmission in High-Risk Patients
with Diabetes: the Importance of an Interdisciplinary Approach. Curr Diab Rep 2018 Jun 21;18(8):54 [FREE Full text]
[doi: 10.1007/s11892-018-1027-z] [Medline: 29931547]

Ko FWS, Cheung NK, Rainer TH, Lum C, Wong |, Hui DSC. Comprehensive care programme for patients with chronic
obstructive pulmonary disease: a randomised controlled trial. Thorax 2017 Feb 28;72(2):122-128 [FREE Full text] [doi:
10.1136/thoraxjnl-2016-208396] [Medline: 27471050]

Hollingsworth M, Funk RJ, Garrison SA, Owen-Smith J, Kaufman SA, Pagani FD, et al. Association Between Physician
Teamwork and Health System Outcomes After Coronary Artery Bypass Grafting. Circ Cardiovasc Qual Outcomes 2016
Nov;9(6):641-648. [doi: 10.1161/circoutcomes.116.002714]

OsikaFriberg I, Krantz G, Mé&atta S, Jarbrink K. Sex differencesin health care consumption in Sweden: A register-based
cross-sectiond study. Scand J Public Health 2016 May 08;44(3):264-273 [ FREE Full text] [doi: 10.1177/1403494815618843]
[Medline: 26647097]

Galdas PM, Cheater F, Marshall P. Men and health help-seeking behaviour: literature review. J Adv Nurs 2005
Mar;49(6):616-623 [FREE Full text] [doi: 10.1111/j.1365-2648.2004.03331.x] [Medline: 15737222]

Abbreviations

COPD: chronic obstructive pulmonary disorder
ENT: ear, nose, and throat
MD: mean difference

Edited by C Lovis; submitted 06.02.20; peer-reviewed by Q Nguyen, W Zhang; comments to author 14.06.20; revised version received
26.06.20; accepted 28.06.20; published 16.09.20

Please cite as:

Kaleta M, Niederkrotenthaler T, Kautzky-Wller A, Klimek P

How Specialist Aftercare Impacts Long-Term Readmission Risksin Elderly Patients With Metabolic, Cardiac, and Chronic Obstructive
Pulmonary Diseases: Cohort Sudy Using Administrative Data

JMIR Med Inform 2020;8(9):e18147

URL: http://medinform.jmir.org/2020/9/e18147/

doi: 10.2196/18147

PMID: 32936077

©MichaelaKaleta, Thomas Niederkrotentha er, Alexandra Kautzky-Willer, Peter Klimek. Originally published in IMIR Medical
Informatics (http://medinform.jmir.org), 16.09.2020. This is an open-access article distributed under the terms of the Creative
Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits unrestricted use, distribution, and
reproduction in any medium, provided the origina work, first published in IMIR Medical Informatics, is properly cited. The
complete bibliographic information, alink to the origina publication on http://medinform.jmir.org/, aswell asthis copyright and
license information must be included.

http://medinform.jmir.org/2020/9/€18147/ JMIR Med Inform 2020 | vol. 8 |iss. 9| e18147 | p. 11

RenderX

(page number not for citation purposes)


http://protein.bio.msu.ru/biokhimiya/contents/v81/full/81081091.html
http://dx.doi.org/10.1136/thoraxjnl-2012-202480
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=23242947&dopt=Abstract
https://www.wjgnet.com/2222-0682/full/v114/i3/354.htm
http://dx.doi.org/10.1002/jso.24334
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27334402&dopt=Abstract
http://dx.doi.org/10.1200/jco.2014.55.5938
http://www.zgddek.com/EN/abstract/abstract13201.shtml
http://dx.doi.org/10.1016/j.arth.2013.12.031
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=24556110&dopt=Abstract
https://linkinghub.elsevier.com/retrieve/pii/S0167-5273(17)33697-5
http://dx.doi.org/10.1016/j.ijcard.2017.10.048
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29092757&dopt=Abstract
http://dx.doi.org/10.1097/mlr.0000000000000931
https://linkinghub.elsevier.com/retrieve/pii/10.1007/s11892-018-1027-z
http://dx.doi.org/10.1007/s11892-018-1027-z
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=29931547&dopt=Abstract
http://protein.bio.msu.ru/biokhimiya/contents/v81/full/81081091.html
http://dx.doi.org/10.1136/thoraxjnl-2016-208396
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=27471050&dopt=Abstract
http://dx.doi.org/10.1161/circoutcomes.116.002714
https://linkinghub.elsevier.com/retrieve/pii/1403494815618843
http://dx.doi.org/10.1177/1403494815618843
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=26647097&dopt=Abstract
http://www.cjtrauma.com/apps/ojs/index.php/cjt/article/view/428
http://dx.doi.org/10.1111/j.1365-2648.2004.03331.x
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=15737222&dopt=Abstract
http://medinform.jmir.org/2020/9/e18147/
http://dx.doi.org/10.2196/18147
http://www.ncbi.nlm.nih.gov/entrez/query.fcgi?cmd=Retrieve&db=PubMed&list_uids=32936077&dopt=Abstract
http://www.w3.org/Style/XSL
http://www.renderx.com/

