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Abstract 

Background Effective care coordination may increase clinical efficiency, but its measurement remains difficult. The 
established metric “care density” (CD) measures care coordination based on patient‑sharing among physicians, but it 
may be too rigid to generalize across disorders and countries. Therefore, we propose an extension called fragmented 
care density (FCD), which allows varying weights for connections between different types of providers. We compare 
both metrics in their ability to predict hospitalizations due to schizophrenia.

Methods We conducted a longitudinal cohort study based on German claims data from 2014 through 2017 to pre‑
dict quarterly hospital admissions. 21,016 patients with schizophrenia from the federal state Baden‑Württemberg 
were included. CD and FCD were calculated based on patient‑sharing networks. The weights of FCD were optimized 
to predict hospital admissions during the first year of a 24‑month follow‑up. Subsequently, we employed likelihood 
ratio tests to assess whether adding either CD or FCD improved a baseline model with control variables for the sec‑
ond follow‑up year.

Results The inclusion of FCD significantly improved the baseline model, Χ2(1) = 53.30, p < 0.001. We found 
that patients with lower percentiles in FCD had an up to 21% lower hospitalization risk than those with median 
or higher values, whereas CD did not affect the risk.

Conclusions FCD is an adaptive metric that can weight provider relationships based on their relevance for predict‑
ing any outcome. We used it to better understand which medical specialties need to be involved to reduce hospi‑
talization risk for patients with schizophrenia. As FCD can be modified for different health conditions and systems, it 
is broadly applicable and might help to identify barriers and promoting factors for effective collaboration.

Keywords Care coordination, Provider social networks, Care density, Continuity of care, Claims data analysis

Introduction
The number of patients affected by chronic diseases 
continues to rise due to the ongoing demographic 
shift towards an older population [1, 2]. Therefore, it is 

important to optimize care coordination as one potential 
mechanism to improve efficient chronic disease manage-
ment. Fragmentation and isolated delivery of individual 
services lead to poor outcomes and inefficient provision 
of care [3, 4], while the coordination of a patient’s care 
from disparate providers may improve health outcomes 
and reduce spending. However, it is unclear how to 
incentivize effective coordination. In the US, the effects 
on costs of the first evaluated care coordination programs 
were disappointing [5]. Moreover, some authors believe 
that the implementation costs for coordinated care offset 
potential cost reductions resulting from the prevention 
of e.g. hospital admissions [6], medical errors or other 
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adverse events [7, 8]. Nevertheless, some care coordina-
tion programs such as accountable care organizations or 
patient-centered medical homes are becoming more and 
more prevalent in the US [9, 10].

Despite the potential advantages of coordinated care, it 
remains difficult to robustly measure the resulting effects 
and to identify the promoting and inhibiting factors that 
determine the success of care coordination programs. 
To address this challenge, a metric called care density 
(CD) was proposed in 2013 to measure outpatient care 
coordination (OCC) based on readily available claims 
data [11]. CD assesses patient-sharing among office-
based physicians because empirical evidence suggests 
that shared patients in claims – i.e. billing services to the 
same patients – are associated with self-reported profes-
sional relationships between providers [12]. Therefore, 
CD assumes that OCC can be approximated by calcu-
lating the average number of shared patients across the 
provider pairs within a patient’s network. The metric was 
related to quality measures and/or expenditures for a 
broad range of disorders including cancer [13], conges-
tive heart failure, chronic obstructive pulmonary disease 
and diabetes [11, 14]. Hence, patient-sharing networks 
and CD might pose a promising technique to understand 
and support OCC.

Nevertheless, CD has some critical limitations. CD 
assumes that all relationships, which share the same 
amount of patients, contribute equally to care coordina-
tion. However, shared patients between providers with a 
low total patient volume may be more suggestive of a true 
professional relationship than the same number of shared 
patients between providers with a high patient volume. 
Moreover, how much each of the different provider rela-
tionships contribute to a patient’s recovery may vary 
between disorders and outcomes. While the involvement 
of a psychiatrist may be essential for effectively treating 
severe depression [15], it may not be necessary for treat-
ing mild and moderate cases. Similarly, we would assume 
diverging effects for the relationship between inpatient 
and outpatient providers, which may be crucial for pre-
venting readmissions [14], but less so for preventing first 
time admissions. CD is not versatile enough to account 
for context-dependent effects. Furthermore, CD depends 
on the number of shared patients, which are prone to 
outliers and affected by factors besides coordination.

To overcome these limitations, we propose an exten-
sion of CD that can incorporate control variables, out-
liers, and non-linear effects in the number of shared 
patients as well as varying effects of different connection 
types. To explore the added value of this extension, we 
determined both CD and our extension using German 
claims data and compared their ability to explain hos-
pitalizations of patients with schizophrenia. We chose 

patients with schizophrenia as an example, because it is 
a severe and chronic mental disorder with high hospi-
talization rates [16–18], albeit efficient OCC may reduce 
hospitalizations and thus inpatient costs [19].

Methods
Data source
Administrative claims data from 2014 through 2017 
provided by the Allgemeine Ortskrankenkasse Baden-
Württemberg which is a German statutory health insur-
ance responsible for approximately 4.5 million insured 
individuals.

Cohort definition
Following Pollack, Weissman, we defined a nested 
cohort. It consists of a cohort of psychiatric patients 
and a subcohort that merely includes patients with 
schizophrenia. This distinction was motivated by the 
assumption that clinicians tend to cooperate (or not) 
irrespective of the specific disorder. Therefore, we 
considered a range of common mental disorders that 
require collaboration between providers to determine 
the amount of patient sharing between providers (see 
Supplemental Table  1  for details). Subsequently, we 
constructed patient sharing networks based on this 
information and assessed whether patient-level net-
work metrics were able to predict hospitalizations in the 
subcohort of patients with schizophrenia. Regardless 
of the cohort type, we used diagnoses from hospitals, 
psychiatric or university outpatient clinics and mental 
health specialists. Other outpatient diagnoses were only 
considered if they were documented in two successive 
quarters because the validity of single outpatient diag-
noses in claims is limited [20, 21]. All patients lived in 
the German federal state Baden-Württemberg and had 
continuous insurance coverage for the study period.

Provider networks based on patient‑sharing
We selected providers who might be involved in the 
treatment of schizophrenia – i.e. psychiatrists, psy-
chotherapists, neurologists and general practitioners 
(GPs). Some physicians will be referenced as neurolo-
gist/psychiatrist, because the two disciplines used to 
be unified in Germany until 1994. We excluded pro-
viders with an office outside of Baden-Württemberg if 
they provided fewer services than 95% of the providers 
inside of Baden-Württemberg with the same specialty, 
since these were presumably not visited regularly by the 
patients in our sample.

For each provider pair i we determined the number 
of shared patients wi per calendar year – i.e., patients 
in the psychiatric cohort who utilized services of both 
providers – because the likelihood that physicians will 
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adopt a professional relationship increases with wi 
[12]. It is still debated how many shared patients rep-
resent an important connection [22, 23]. We decided 
on a small threshold of wi ≥ 3 to retain connections 
with psychotherapists who share few patients due to 
their low patient volume. This absolute threshold was 
used for the entire network and all provider specialties. 
Afterwards, we constructed so-called patient-centred 
networks based on this information for each patient in 
the subcohort with schizophrenia. These networks con-
sist solely of the providers of a particular patient.

As an illustration, Fig.  1 displays two of these net-
works for the year 2015.

The links represent the number of shared patients 
( wi ) between the providers in the corresponding cal-
endar year. We assume that coordination between the 
providers of patient B is more cumbersome due to the 
numerous GPs involved, while patient A benefits from 
an interdisciplinary, compact and strongly connected 
network. We would argue that it is desirable to have 
one GP who feels responsible for one patient, knows 
the individual medical history, especially for chroni-
cally ill patients with somatic comorbidities, and acts as 
a coordinator of care.

Patient‑level network measures
Care density
Patient-centred networks have to be aggregated to predict 
patient-level outcomes. To that end, care density ( Cp ) [11] 
calculates the average number of shared patients within a 
patient’s network:

In this formula, wi is the number of shared patients of 
provider pair i ,  np is the number of providers of patient p 

(1)Cp =

m
i=1 wi

np(np − 1)/2

and m is the number of provider pairs (Fig. 1 shows that 
m = 3 for patient A and m = 10 for patient B). However, 
Cp has several undesirable properties.

One property of Cp is that the contribution of each pro-
vider pair to the total value of Cp depends solely on how 
many patients were shared, which causes care density to 
overstate the relevance of connections between providers 
with a high patient volume. As a result, in Germany, con-
nections between GPs will strongly increase care density 
because GPs typically have a high patient volume and thus 
will on average also share more patients than specialists. 
However, having more than one GP is a known predictor 
for potentially avoidable hospitalization [24]. Moreover, 
favouring networks with multiple GPs contradicts most fre-
quently used continuity of care metrics, because these tend 
to favour stability with regard to the primary care provider 
[25]. Another concern is that Cp cannot incorporate that 
some connection types may be more important for man-
aging the disorder of interest. Patients with schizophrenia 
may benefit in particular from connections between GPs 
and psychiatrists, because these providers need to coor-
dinate to identify and manage somatic comorbidities and 
guarantee efficient long-term monitoring [26, 27]. There-
fore, an adjusted metric should allow for separate effects for 
each of the k unique connection types and account for the 
fact that wi is correlated with other factors besides patient-
related coordination (e.g. regional proximity, patient volume).  
To allow for separate effects for each of the k unique con-
nection types j, we extend the original approach of Cp.

Fragmented care density: an extension of care density

We determined k using the formula k =

(

l
2

)

+ l , 

where l  is the number of provider types and which 
assumes that same specialty connections are of interest. 
In this study k = 15 , because we can obtain 15 unique 
provider type combinations by repeatedly selecting 

Fig. 1 Two empirical examples of patient‑centred networks

Notes: GP General practitioner, PSY psychiatrist, NEURO neurologist, the two examples show the patient‑centered networks of two different 
patients with schizophrenia in one of the quarters in 2015, the nodes represent providers seen by the patient and the numbers adjacent to the links 
represent the number of psychiatric patients who utilized services from both providers
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from the pool of included provider types (i.e. psychia-
trists, neurologist/psychiatrist, neurologist, psycho-
therapist, and GP). Moreover, we derived an alternative 
formula for Cp that begins by calculating the sum of wi 
for each unique connection type j. These sums are 
labelled sj and can easily be calculated in matrix nota-
tion if we introduce a dummy dji:

where dji indicates whether the provider pair i is of type j:

Subsequently, Cp can be written as follows:

The main benefit of this alternative formula is that 
each patient’s network can be described using k differ-
ent sums sj/(np(np − 1)/2) . Through the conversion of 
each patient’s network into k variables, irrespective of 
network size and the number of connections, it becomes 
easy to introduce connection type specific weights βj . 
These weights βj can be estimated using regression 
techniques if we define an optimization criterion. For 
instance, if we optimize the weights to predict a binary 
outcome, we could apply a logistic regression:

Another benefit of the use of regression techniques is 
that control variables can be included that adjust for fac-
tors that might increase network size or the number of 
shared patients, but are unrelated to patient-related coor-
dination (e.g. the severity of the condition, physician or 
population density). We labelled the weighted version of 
Cp fragmented care density ( FCp ) as it starts by decom-
posing Cp into k variables. In this study, we optimized βj 
to explain hospital admissions due to schizophrenia.

Furthermore, we decided to categorize each of the sums 
sj/(np(np − 1)/2 ) into tertile-based dummy indicators to 
allow for non-linear effects of the different connection 
types and to alleviate the influence of outliers, which are 
rather common in German claims data (e.g. due to group 
practices). The indicators encode whether a connection is 
missing (reference category) or falls into the first (weak 
link), second (moderate link), or third tertile (strong link) 
with regard to the connection type specific sum. This 

(2)sj =
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(3)dji =

{

1 if provider pair i is of type j
0 if provider pair i is not of type j

(4)

Cp =

∑m
i=1 wi

np(np − 1)/2
=

m
∑

i=1

wi

np(np − 1)/2
=

k
∑

j=1

sj

np(np − 1)/2

(5)FCp = ln

(

p
(

y = 1
)

1− p
(

y = 1
)

)

= β0 +

k
∑

j=1

βj
sj

np(np − 1)/2

approach circumvents the problematic assumption of Cp 
that each additional shared patient contributes equally 
to care coordination (i.e. a linear relationship), although 
the relationship is presumably non-linear [12]. The only 
downside is that we must estimate three times as many 
weights, which might be difficult in smaller samples.

In Supplemental Fig.  1, we summarize the steps that 
are necessary to convert Cp to FCp . We also highlight the 
main differences between the two metrics using the net-
work of patient B as an example.

Study design to compare both metrics
So far, we mainly assessed the psychiatric cohort to deter-
mine network ties between physicians, but all subsequent 
steps will be concerned with the subcohort. We included 
patients who were diagnosed with schizophrenia in one 
of the quarters of 2015. The exact study period varied 
between individuals, because the individual 24- months 
follow-up period started in the quarter of the diagnoses. 
The outcome was hospitalizations due to schizophrenia 
or a common comorbidity – i.e. alcohol or drug abuse, 
depression, social phobia and posttraumatic stress, gen-
eralized anxiety, or obsessive–compulsive disorder [28]. 
Pre-existing comorbidities were assessed using most 
Elixhauser subscales [29] based on the 12-months pre-
ceding the quarter of the diagnosis. Patients who died 
during the observation period were excluded in order to 
avoid bias to the network metrics, because after death the 
lack of a network would be associated with a decreased 
risk of hospitalization, although patients were simply no 
longer able to visit providers or be hospitalized.

Figure 2 illustrates the complete study design. The out-
come was repeatedly measured in the eight quarters of 
the follow-up period (month 13–36). The Elixhauser sub-
scales and sociodemographic variables were calculated 
for the preperiod (month 1–12). All other predictors and 
the patient-centred networks were allowed to vary over 
time. In particular, we expected that provider networks 
can change and we assumed that how a patient was 
recently treated is the most informative to predict future 
hospitalizations. Hence, we determined for each quar-
ter of the follow-up period, which providers were visited 
during the previous 6 months. These recently seen pro-
viders formed the basis for the patient-centred networks, 
although the tie strength between these providers was 
based on the number of patients shared from the psychi-
atric cohort during the corresponding calendar year/s.

The weights of FCp were determined based on the 
first year of the follow-up period. In the second year, 
we reused the obtained weights from the first year to 
calculate FCp and assessed the comparative model per-
formance of a baseline model that only included control 
variables with models that added either FCp or Cp.
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Control variables
During the weight estimation and when assessing the 
influence of FCp or Cp  on hospital admissions, we 
adjusted for age, sex and the urbanization of the region 
of residency at hospital admission, of which the latter 
could be an enabling resource for utilization [30, 31] and 
most Elixhauser subscales during the preperiod [29]. The  
Elixhauser subscales describe binary comorbidity indi-
cators derived from ICD-10 diagnoses. The urbaniza-
tion of the region was derived from a classification of the  
Federal Office for Building and Regional Planning [32]. The  
classification categorizes each NUTS 3 region [33] of  
Germany into one of four categories: major city, urban 
area, rural area with urbanization tendencies and rural 
area (we combined the latter two due to the low preva-
lence of the rural area category). We also considered care 
dependency according to the classification of the German 
long-term care insurance, which was also documented 
in the data set. Until 2017, there were care levels ranging 
from 0 (low) to 3 (high) that reflect the need for support in 
activities of daily living (ADL). Level 3 was further divided 
into level 3 and level 3 (hardship case), and we labelled 
the latter level 4. The verification and assessment of care 
level is performed by the medical service of the health 
insurance funds according to a standardized procedure. 
We determined the proportion of the preperiod in which 
patients had a particular care level between 0 to 4. More-
over, we included antipsychotic prescriptions, previous 
hospitalizations due to schizophrenia or related comor-
bidities and contacts to psychiatrists, psychotherapists 

and neurologists in the previous two quarter as time-
varying control variables (see supplement for additional 
details).

Statistical methods
We employed generalized linear mixed models (GLMMs) 
for binary data to predict quarterly hospital admis-
sions. We included a subject-specific random-intercept 
to account for the dependence of multiple observations 
per subject. For the first year of the follow-up, we only 
assessed one model to determine the weights of FCp by 
including the time-varying dummy indicators for the k 
different connection type specific sums sj/(np(np − 1)/2) 
and control variables. (Please note: In a network without 
any ties, all sum sj would be 0. Therefore, FCD would be 
equivalent to the intercept of the model. Care Density 
is undefined for patients without health care utilization, 
but FCD automatically estimates a base risk for these 
patients.)

For the second year, we compared multiple GLMMs. 
We compared a baseline model that only included control 
variables with models that added either Cp or FCp . FCp 
was calculated based on Eq. 5 and the weights from the 
first year. Given that we wanted FCp to only incorporate 
network information, we concealed the information on 
control variables by setting all control variables to their 
mean. In the model containing Cp , we included a dummy 
indicator that encodes whether patients were treated 
by one or fewer providers in the previous two quarters, 
because Cp cannot be calculated in this case.

Fig. 2 Study design

Notes: The post / follow‑up period was devided into eight quarters, in which we determined hospitalizations due to schizophrenia as our outcome. 
All time‑fixed control variables were dertermined in the 12‑month preperiod. The time‑varying predictors were calculated based on utilization 
in the 6 month preceding each quarter. These preperiods are labelled „pre“ in the figure above
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All models were estimated in SAS, version 9.4 (SAS 
Institute Inc.). We employed likelihood ratio tests, AIC 
and BIC to compare the models.

Results
Sample characteristics
We identified N = 21,016 patients with schizophrenia. 
On average patients were 53  years old (SD = 14.93) and 
49.5% were female. Regarding common comorbidities, 
we found that 44.0% were diagnosed with depression and 
14.6% with substance abuse disorder. The descriptive sta-
tistics of all other control variables are reported for the 
12-month preperiod in Supplemental table  2. To illus-
trate that Cp would overemphasize connections between 
GPs, we provide stacked barplots (Supplemental Fig.  2) 
that depict how much each connection type contributes 
to the total number of shared patients. We found that 
more than 55% of all patients were shared between GPs. 
Furthermore, we provide Lorenz curves stratified by con-
nection type (Supplemental Fig.  3) that underscore the 
inequality in the distribution of shared patients due to 

outliers. The latter issue is particularly pronounced for 
same specialty connections. Supplemental Table 3 shows 
the proportion of patients with a certain connection type 
– irrespective of the strength of the connection – and 
the hospitalization rate for each quarter of the follow-
up period. Connections were determined based on pro-
vider visits in the 6 month before each quarter. The most 
common connections were between GPs (26–28%), GPs 
and psychiatrists (19–20%) and between GPs and neu-
rologists/psychiatrists (21–25%). However, we also found 
that a large part (between 35–38%) of the sample did not 
visit at least two relevant providers. The hospitalization 
rate reached 10% in the first quarter and varied between 
6–7% for the remaining quarters.

Weight estimation and exploratory analysis of the FCp 
weights
The results of the GLMM for the first year can be found 
in the supplemental Tables  4a-c. Here, we focus on the 
selected coefficients that are based on network informa-
tion. As explained in the methods sections, we estimated 
three weights for each connection type that compare the 

Fig. 3 Heatmap comparing the weak and strong links by connection type 

Notes: n is the number of valid connections of that type with ≥ 3 shared patients, each segment displays both the FCD weight for the weak (left) 
and strong (right) link of that connection type. Weak links apply to connections that fall into the first tertile in terms of the number of shared 
patients, whereas strong links fall into the third tertile. The weights are positive / negative if the presence of that link in a patient‑centered networks 
is associated with increased / decreased hospitalization rates compared to networks that do not contain this connection type
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relative risk of a hospitalization in the reference category 
(i.e. the network does not contain this connection type) 
with the risk of a patient whose connections fall into the 
first (weak link), second (moderate link), or third tertile 
(strong link) in terms of the sum sj/(np(np − 1)/2) . The 
weights indicate whether these connections increase 
(positive coefficients) or decrease (negative coefficients) 
hospitalization risk. Moreover, a significant difference 
between weak and strong links indicates that the strength 
of the connection between the provider types influences 
hospitalization risk, which signifies that the coordina-
tion between the respective provider types may be par-
ticularly important when treating schizophrenia. Figure 3 
displays a heatmap comparing the weights for the weak 
and strong links.

Having a weak link between GPs, between neurolo-
gist/psychiatrists or between neurologist/psychiatrist 
and psychiatrists significantly increased hospitalization 
risk compared to having no connection of that kind. 

Conversely, the connections between neurologist/psy-
chiatrist and GPs reduce hospitalization risk relative to 
no link, albeit a weak link has less of a decreasing effect 
β = -0.22 (95% CI -0.33, -0.11) than a strong link β = -0.47 
(95% CI -0.60, -0.35). A similar effect was observed for 
connections between GPs and psychiatrists, although the 
difference between the weak links, β = -0.29 (95% CI -0.41, 
-0.18), and strong links, β = -0.42 (95% CI -0.56, -0.27) is 
descriptively smaller. The complete list of coefficients with 
confidence bands can be found in Supplemental Table 4.

Model comparison when predicting hospital admissions
Table 1 reports the results of the three GLMMs for the 
second year. It compares the baseline model to models 
that added either Cp or FCp . All non-significant control 
variables were omitted, but we report the complete list 
of coefficients in Supplemental Table 5a-b. The likeli-
hood ratio test showed a significant improvement due 
to the inclusion of both Cp , Χ2[2] = 10.43, p < 0.01, and 

Table 1 Results of the generalized linear mixed model (second year)

*p < .05, ***p < .01, ***p < .001, Cells contain estimated regression coefficients if not stated otherwise. Care density dummy is a dummy indicator that encodes whether 
care density can be calculated (i.e. whether the patient was treated by at least two outpatient providers). All non-significant control variables were omitted from this 
table. The full table is provided in the supplement

Variable Model 1 (baseline) Model 2
(incl. CD)

Model 3
(incl. FCD)

Elixhauser‑subscales Congestive heart failure 0.14* 0.15* 0.16*

Cardiac arrythmias 0.14* 0.15** 0.14*

Valvular disease ‑0.29* ‑0.31** ‑0.36**

Vascular disorders 0.28*** 0.28*** 0.32***

Complicated hypertension ‑0.15 ‑0.15 ‑0.19*

Pulmonary diseases 0.10** 0.12** 0.11*

Complicated Diabetes 0.13* 0.13 0.14*

Renal failure ‑0.14 ‑0.14 ‑0.19*

Fluid and electrolyte 0.43*** 0.46*** 0.45***

Alcohol Abuse 0.42*** 0.45*** 0.45***

Drug Abuse 0.50*** 0.55*** 0.52***

Depression ‑0.11** ‑0.11** ‑0.10**

Other control variables Hospitalization 1.67*** 1.64*** 1.62***

Antipsychotics 0.35*** 0.40*** 0.39***

Care level 0 0.37*** 0.38*** 0.40***

Care level 1 0.17** 0.18** 0.19**

Nursing home 0.18 0.18 0.22*

Age ‑0.02*** ‑0.02*** ‑0.02***

Neurologist contacts ‑0.02** ‑0.01** ‑0.01*

Coordination metrics Care density 0.00

Care density dummy 0.10**

Fragmented Care Density 0.61***

Other model parameters Intercept ‑2.85*** ‑3.11*** ‑1.31***

Patient‑level variance 0.44*** 0.42*** 0.42***

Global Fit Statistics ‑2 Log Likelihood 34,590.69 34,580.26 34,537.39

AIC 34,680.69 34,674.26 34,629.39

BIC 35,038.57 35,048.05 34,995.23
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FCp , Χ2 (1) = 53.30, p < 0.001. However, Cp itself had no 
significant influence on hospital admissions. Instead, 
we found that the model fit increased due to the inclu-
sion of a dummy indicator that encodes whether care 
density could not be calculated – i.e. whether a patient 
was treated by only one or zero outpatient providers. 
For FCp , we found a significant influence on hospitali-
zation risk, β = 0.61 [ 0.44; 0.78].

To translate these coefficients to an illustrative scale, 
we predicted the relative risk of patients with a realis-
tic range of values for FCp . To that end, we predicted 
the hospitalization risk for patients with the median 
FCp . Subsequently, we determined the relative risk for 
patients with other deciles in FCp . Notably, the con-
trol variables were set to the mean during this pre-
diction. The predictions are displayed in Fig.  4. We 
found only small and negligible differences in the hos-
pitalization risk across patients with FCp values that 
exceed the median. However, we observe larger differ-
ences between patients below the median with a 21% 
decreased risk for patients at the first decile in FCp.

Discussion
In this paper, we proposed an extension of care density 
(CD) [11] called fragmented care density (FCD). Both met-
rics aim to measure care coordination based on patient-
sharing networks. They are both suited for claims data 
analysis and they consider the number of shared patients 
between physicians, but they differ in terms of flexibility. 
While CD can be calculated uniformly across studies, FCD 

can be optimized for specific disorders, countries and out-
comes because it allows connections between different 
types of providers to have varying and mutable weights. 
As a result, FCD is – in contrast to CD – not primar-
ily affected by connections between provider types with 
a high patient volume, but instead emphasizes connec-
tions that predict the outcome of interest. Moreover, FCD 
can account for control variables, outliers and a poten-
tial non-linear relationship between shared patients and 
the outcome. These are desirable properties because it is 
well-known that the observed number of shared patients 
is prone to outliers and influenced by factors besides  
client-related coordination (e.g. the insurer, patient volume, 
regional proximity) [22, 34]. To prove that these advantages 
enhance model performance, we compared both metrics 
in their ability to explain quarterly hospital admissions due 
to or related to schizophrenia after accounting for other 
predictors that are known to be important. We found that 
CD had no significant influence on hospital admissions, 
whereas patients with lower deciles in FCD had a signifi-
cantly and up to 21% lower risk when compared to those 
with median or higher values in FCD.

The relative hospitalization risks associated with vari-
ous levels in FCD indicate that the quality of care coor-
dination in the outpatient sector as measured by FCD 
has a meaningful but relatively small influence on future 
hospital admissions. In part, this small effect could reflect 
that schizophrenia is – at least during episodes of acute 
psychosis – not manageable in standard outpatient care. 
Instead, the literature suggests that the reduction of 

Fig. 4 Relative Risk of a hospitalization dependent on the quantile in FCp compared to the median in FCp 

Notes: We calculated the deciles of FCD during the second year of the follow‑up. The figure displays the predictions for the expected hospitalization 
risk based on these values relative to the risk of patients with median values in FCD. The predictions were made using model 3 with all control 
variables set to their mean (see Supplemental Table 5 for additional details on model 3).
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hospitalizations of patients with severe mental disorders 
requires more intensive forms of community-based care 
(e.g. additional case management or even outreaching 
multidisciplinary teams with a small case load [35–37]). 
Consistently, we found that within the 6  month prior to 
each quarter of the 24-month follow-up period, at least 
35% of the assessed sample had fewer than two distinct out-
patient providers. This finding supports the idea that most 
patients were not mainly treated in the outpatient sector. 
It also may explain why we found almost no difference in 
the absolute value of FCD between patients with median 
or higher values in FCD, because a metric based solely on 
connections between outpatient providers cannot vary for 
patients who had no or few relevant outpatient visits.

The assessment of the individual weights of FCD ena-
bles the researcher to validate that the metric correctly 
incorporates clinically relevant connections. Considering 
that FCD was set up as a risk score for future hospitali-
zations, it ought to assign negative weights to connec-
tions that decrease and positive weights to connections 
that increase hospitalization risk. The national guidelines 
on schizophrenia [38] emphasize the importance of an 
overarching cooperation between the GP and a psychia-
trist for an effective treatment. Thus, it is plausible that 
connections between general practitioners (GPs) and 
psychiatrists or neurologist/psychiatrists significantly 
decreased FCD. In contrast, we expected that the weak 
links between GPs or between neurologist/psychia-
trists would increase FCD, because multiple providers 
of the same or a similar discipline might signal dissatis-
faction and a lack of continuity of care. It is well-known 
that a strong and reliable patient-provider-relationship 
improves patient outcomes and satisfaction [39], which 
might be missing for patients in sparsely connected net-
works with similar provider types. Interestingly, networks 
with strongly connected providers of the same discipline 
decreased FCD, which suggests that dispersion of visits 
across multiple providers does not hinder effective treat-
ment if the involved providers share many patients (e.g. 
due to a shared office).

Other relevant predictors include known risk factors 
such as previous hospitalizations [40] or care depend-
ency as well as comorbid substance abuse disorders [41]. 
At first glance, it may seem inconsistent that the pre-
scriptions of antipsychotics was a risk factor for future 
hospitalizations despite its protective effect against 
rehospitalisation in earlier studies [42, 43]. However, 
considering that our selection criteria did not require a 
recent hospital stay, we presumably included a larger 
percentage of patients in remission, who are less likely to 
be rehospitalized than just recently released patients on 
medication.

Generalizability and areas of application
Even though the FCD approach was developed based 
on German claims data, it should be applicable to other 
countries and disorders due to the estimation of context 
specific weights. Nevertheless, it should be noted that 
the validity of the approach depends on the assumption 
that shared patients suggest a true underlying relation-
ship between physicians, which was only validated for 
the US market [12, 23]. However, given that studies based 
on patient-sharing networks were successfully conducted 
in the Netherlands, Canada, Italy and Australia [23], we 
assume that shared patients in claims data are related to 
frequent physician interactions, referrals and information 
exchange in many health care systems [44].

Regarding potential areas of application, we point out 
that care density and related patient-sharing metrics 
were successfully applied to predict all-cause or colon 
cancer specific mortality [45], the hospitalization risk of 
diabetic patients, cancer survivors and patients with con-
gestive heart failure [11, 13, 14] and the prescription of 
overlapping benzodiazepine or interacting medications 
[46, 47]. It should be explored whether FCD can capture 
more nuanced patient-sharing patterns in these areas and 
improve predictions. Considering that simple coordina-
tion metrics (e.g. the usual provider of care index) tend 
to penalize large networks and dispersion of visits across 
multiple providers [48], we believe that the approach 
holds promise in areas were networks and coordination 
become complex and interdisciplinary.

Limitations
It is still debated whether patient sharing or referrals net-
works [49] are better suited to explore coordination. In 
this study, we chose patient sharing networks as they are 
denser and include more connections between special-
ists. However, we are aware that the validity of relation-
ships identified based on patient sharing information can 
vary between specialties [12] and the approach may not 
be ideal to identify ties to providers with a low patient 
volume (e.g. psychotherapists).

In addition, we focused solely on outpatient providers, 
although effective treatment of schizophrenia requires 
intersectoral coordination with hospitals and social ser-
vices [50]. Unfortunately, we were not able to incorporate 
these additional sectors because statutory health insur-
ance claims data does not contain information on the use 
of social services in Germany and hospital stays would be 
confounded by our optimization criterion (i.e. hospitali-
zations) for estimating the FCD weights.

We focused on a range of common psychological and 
psychiatric disorders to craft networks that capture col-
laboration among providers in the treatment of mental 
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disorders. We decided to focus on a subset of diagnoses 
that require collaboration between providers, but the list 
of considered diagnoses does not include all potentially 
useful ones (e.g., it does not include personality disor-
ders or proactive drug use). However, it is unlikely that 
the consideration of additional low-prevalent diagnoses 
would change the extracted networks substantially.

Moreover, we applied FCD only to one specific cohort 
of schizophrenia patients with an average age of 53. As 
the onset of schizophrenia typically occurs in the late 
teens to early thirties [51], a meaningful percentage of 
the sample might have been in remission. To further vali-
date FCD, it should be applied to different samples and 
psychiatric conditions. Regarding general limitations of 
patient-sharing networks, we point out that coordina-
tion often leaves no formally documented trace. Most 
providers tend to use the telephone for client-related 
cooperation and observable financial reimbursements 
for cooperation and coordination remain an exception 
[52]. Thus, although patient-sharing networks represent 
an option to study patient streams that result from either 
good or bad coordination, researchers should keep in 
mind that metrics based on these networks remain sur-
rogate variables that may lack pertinent aspects. In addi-
tion, they are affected by factors besides coordination. 
Relevant confounders include provider-characteristics 
(e.g. patient volume), area-level effects (e.g. population 
and physician density) and patient-characteristics (e.g. 
utilization patterns, clinical severity). While FCD can 
account for patient-level control variables during the 
weight estimation, it is not as straightforward to control 
for provider-level characteristics.

Lastly, we want to stress the importance of the market 
share of the data provider because it affects how long it 
takes to observe a sufficient amount of patient sharing. In 
the federal state Baden-Württemberg more than 39% of 
the population are insured by the statutory AOK [53] and 
German claims data are not by design restricted to a par-
ticular age group, employees of a certain company or a 
specific socioeconomic status. As a result, our population 
is more diverse than in Medicare or Medicaid datasets. 
We assume that populations with a high risk for chronic 
diseases will have denser networks than relatively healthy 
populations. In addition, a recent study found that net-
works obtained from Medicare data are more reliable 
than networks obtained from single private insurers [34].

Despite these limitations, we still advocate the use 
of network analytic techniques based on claims data 
because they are the most promising approach to under-
stand coordination between providers during the treat-
ment of patients with rare and complex disorders. The 

use of claims data enabled us to assess a long follow-
up period of 2  years for a large sample of patients with 
schizophrenia. Moreover, the extensive data source made 
it easy to validate FCD on a separate year. High quality 
randomized controlled trials that assess the influence of 
improved coordination and collaboration do not exist for 
patients with schizophrenia [54] and are generally rarely 
financed. In addition, it is often infeasible to obtain self-
reported information from all providers who are involved 
in the treatment.

Conclusions
In this study, we introduced FCD, which is a flexible 
and transparent network measure, and used a cohort of 
patients with schizophrenia to demonstrate how FCD can 
facilitate our understanding of what type of specialties 
should be involved in the treatment of a particular illness, 
in order to reduce hospitalization risk. In addition, FCD 
can help us better understand which disciplines need to 
collaborate to provide optimal care and what types of pro-
vider constellations may hinder effective collaboration. 
Given that FCD can be adjusted for different disorders, 
health systems in different countries and alternative out-
comes, FCD is broadly applicable. If FCD is validated fur-
ther, it could be used to identify barriers and promoting 
factors that influence coordination. As a result, decision 
makers could adapt best practices more easily.
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