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Abstract
Background In out-of-hours urgent care practices in Germany, physicians of different specialties care for a large 
number of patients, most of all unknown to them, resulting in a high workload and challenging diagnostic decision-
making. As there is no common patient file, physicians have no information about patients’ previous conditions or 
received treatments. In this setting, a digital tool for medical history taking could improve the quality of medical care. 
This study aims to implement and evaluate a software application (app) that takes a structured symptom-oriented 
medical history from patients in urgent care settings.

Methods We conduct a time-cluster-randomized trial in two out-of-hours urgent care practices in Germany for 12 
consecutive months. Each week during the study defines a cluster. We will compare participants with (intervention 
group) and without app use (control group) prior to consultation and provision of the self-reported information for 
the physician. We expect the app to improve diagnostic accuracy (primary outcome), reduce physicians’ perceived 
diagnostic uncertainty, and increase patients’ satisfaction and the satisfaction with communication of both physician 
and patient (secondary outcomes).

Discussion While similar tools have only been subject to small-scale pilot studies surveying feasibility and usability, 
the present study uses a rigorous study design to measure outcomes that are directly associated with the quality of 
delivered care.

Trial registration The study was registered at the German Clinical Trials Register (No. DRKS00026659 registered 
Nov 03 2021. World Health Organization Trial Registration Data Set, https://trialsearch.who.int/Trial2.aspx? 
TrialID = DRKS00026659.

Keywords Digitization, Application software, Out-of-hours practice, General practice, Diagnostic uncertainty, 
mHealth, Cluster randomized trial, Digital medical history taking, Urgent care
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Background
In Germany, ambulatory out-of-hours care is provided 
through walk-in practices run by the Associations of 
Statutory Health Insurance Physicians (in German: ‘Kas-
senärztliche Vereinigungen’, KV). Compared to general or 
family medicine practices, these urgent care clinics have 
limited diagnostic and therapeutic possibilities and are 
frequented by a heterogeneous group of patients of vari-
ous ages and health complaints. Physicians almost exclu-
sively provide care to patients they do not know from 
previous encounters. The physicians in these out-of-hour 
practices have various specialist backgrounds (i.e. not 
only specialized in general practice but, for example, in 
otolaryngology, gynecology, or dermatology) and profes-
sional experience. With time constraints and a high need 
for diagnostic and therapeutic clarification, the provi-
sion of care in out-of-hours consultations is considered 
highly complex and stressful [1]. Misdiagnosis, especially 
non-recognition of severe conditions that lead to (pre-
ventable) dangerous courses and subsequent delayed or 
inappropriate treatment, may occur as well as overuse of 
medical resources through unnecessary diagnostic and 
therapeutic measures or unnecessary referrals to emer-
gency rooms or hospital admissions. Both are inefficient 
and increase costs for the health care system [2, 3].

Research findings suggest that only 70–85% of the 
diagnoses made by physicians of different specialties are 
accurate [4]. Errors related to delayed or missed diagno-
ses are most likely to harm patients or precipitate admis-
sion to hospital [5]. Some of these errors could be avoided 
if physicians had access to patients’ medical history so 
that they could include this information in their clinical 
assessment and decision-making [3, 6]. However, time for 
taking medical history is tight: A consultation in general 
practice in Germany takes 7.6 min on average [7]. Dur-
ing this time span, a physician obtains the patient’s medi-
cal history, responds to the patient’s concerns, performs 
a physical examination, considers different diagnoses, 
performs shared decision making, explains management, 
prescribe drugs and documents the visit in a note.

Collecting information on a patient’s medical history 
during the waiting time could help make better use of the 
limited consultation time and increase patients’ safety [8]. 
Studies have shown that questionnaires completed before 
the medical consultation enhance the safety of treat-
ment and make it easier to assess individual risk constel-
lation [9, 10]. The information provided by patients has 
been found to be more accurate and correct than those 
previously assessed by the physician [11]. In addition, a 
meta-analysis of randomized-controlled studies showed 
that patients were significantly more satisfied if they were 
asked about their expectations of the upcoming visit 
[12]. As this information is available to physicians and 
practice staff prior seeing the patient, it can be used for 

preparation, scheduling or even triage and may reduce 
documentation work. It can be assumed to be especially 
helpful in settings where a physician is providing care to a 
previously unknown patient.

Digital tools to obtain patients’ medical histories have 
been designed and evaluated for some specialties such as 
cardiology [13] or gastroenterology [14, 15] but only few 
are available for general practice [16, 17]. In a recently 
published scoping review on 18 digital tools designed 
for obtaining medical history from patients or caregiv-
ers [18], eight of the tools were not tailored to a specific 
patient subpopulation. While the research on these tools 
mainly comprise proof-of-concept and general usability, 
studies on patient experience and its impact on health 
outcomes are sparse.

Study objectives
In the project “DASI” (acronym for ‘Digital assisti-
erte Informationserfassung vor der Sprechstunde’; i.e. 
‘Digitally supported system to obtain patient’s medi-
cal history before consultation’), we aim at piloting and 
evaluating a software application (app) developed for 
a structured symptom-oriented medical history taking 
among patients with acute medical complaints in gen-
eral practice. While accuracy of obtained information 
and usability has been studied in another project [19], 
this study firstly addresses whether an app designed to 
obtain medical history before consultations in addition 
to regular medical history taking can improve diagnostic 
accuracy. Secondary, we aim to evaluate whether the use 
of the app prior to medical consultation increases patient 
satisfaction and reduces physicians’ perceived diagnostic 
uncertainty.

Within the framework of explorative data analysis 
(machine learning and data mining), complex prediction 
models are modeled based on the medical history data. 
The data is used to illustrate the potential use and oppor-
tunities of the software application for intelligent patient 
management, diagnostic and scientific purposes.

Methods
Software
We use an app that is designed to take the history of 
present illness from patients in general practice. The app 
covers the most common complaints in general practice. 
General practice touches on almost all medical special-
ties which entails that a respective tool must cover this 
broad and comprehensive field. A previous version of the 
app was originally developed for non-German-speaking 
patients by medical experts by aidminutes GmbH (Ham-
burg/Buchholz in der Nordheide, Germany) and piloted 
in a reception facility for refugees and asylum seek-
ers [16, 20]. For this study, content and query structure 
were revised and further refined to meet requirements in 
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out-of-hours practices. These adaptions were carried out 
jointly by aidminutes GmbH and experienced research-
ers from the Department of General Practice at the Uni-
versity Medical Center Göttingen. While the app is also 
available in other languages, the German language user 
interface is exclusively used for this study.

Patients choose their acute complaint(s) and are then 
guided through a query with questions related to their 
complaints, for example about specific symptoms, rel-
evant pre-existing conditions, previous treatments, or 
medication. Depending on patients’ answers, follow-
up questions regarding the current symptoms may be 
triggered. Questions and answers are phrased in plain 
language, the design is kept simple and navigation is 
intuitive, so that the app can be used by patients without 
prior instruction.

After completing the app, a structured summary of the 
medical history is compiled which can be transferred to 
the patient’s electronic medical record (EMR). The phy-
sicians can review this information before the patient 
encounter and can prepare themselves for the consulta-
tion and patients’ health needs.

For this study, participants used the app on iPad minis 
(6th generation, Apple, Inc, Cupertino, CA, USA).

Study design
To evaluate the effect of the developed app, a two-center, 
open-label, cluster-randomized trial (CRT) time-periods 
as clusters and groups under intervention or control 
condition will be conducted. In the intervention group, 
patients use the developed app in the waiting area before 
the encounter and the obtained information is avail-
able for the medical assistants and physicians before the 
consultation. In the control group, patients use the app 
after the consultation. The entered information is thus 
not available before the encounter. Clusters are defined 
as time periods of one week. In each week one practice 

is in the intervention group, the other one in the control 
group. The randomization of control and intervention 
group takes place before the start of the study in blocks of 
two weeks (see Fig. 1). Due to the two-weeks-block ran-
domization, it is possible that a practice is in the control 
or intervention group for a maximum of two consecutive 
weeks.

The advantage of cluster randomization compared to 
patient-level randomization is that the data collection 
procedure remains the same during the service time. This 
prevents, for example, a physician from adapting their 
medical history taking of control group patients to those 
of intervention group patients, i.e. the cluster randomiza-
tion minimizes the risk of contamination.

Data collection will take place for 12 consecutive 
months to control for seasonal effects. We will thus have 
aggregated data for two six-month periods for each inter-
vention and control group from both centers.

Primary outcome
Diagnostic accuracy is the primary outcome of this study. 
For this purpose, the diagnoses of the attending physi-
cians are compared with the diagnoses given by an expert 
committee consisting of three physicians experienced in 
general practice or family medicine. For each encoun-
ter, this expert committee will review the information 
obtained from the patient using the app (self-reported 
medical history), the documentation of the attending 
physician and the information provided by the patient 
about further treatment through a follow-up-survey, 14 
to 21 days after the initial consultation. The committee is 
blinded whether a patient was assigned to intervention or 
control group. The decision of the committee is reached 
in a staged process: First, two physicians of the com-
mittee are asked to provide diagnose(s) for the encoun-
ter independently using the ICD-10-GM codes (10th 
revision of the International Statistical Classification of 

Fig. 1 Example of two-week block randomization of participating out-of-hours practices for the first 6 weeks
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Diseases and Related Health Problems, German Modifi-
cation) version 2019 by the World Health Organization 
(WHO; WHO Version 2019). If these diagnoses match, 
they will be compared to the diagnoses made by the phy-
sician of the out-of-hours practice. If the diagnoses of 
the expert committee physicians differ, a consensus on a 
diagnosis is reached with a third physician, which is then 
compared with the diagnosis made in the out-of-hours 
practice.

Secondary outcomes
Secondly, we hypothesize that the app reduces phy-
sicians’ perceived diagnostic uncertainty, increases 
patients’ satisfaction and the satisfaction with communi-
cation of both. Secondary outcomes of the clinical trial 
are therefore:

  • the patients’ overall satisfaction,
  • the patients’ satisfaction with the communication 

with the physician,
  • the physicians’ satisfaction with the communication 

with the patient, and.
  • the physicians’ perceived diagnostic uncertainty.

This data will be obtained using questionnaires for both 
participants and physicians. Participants’ overall sat-
isfaction with the consultation will be assessed using 
questions from the standardized and validated question-
naire European Project on Patient Evaluation of General 
Practice Care Questionnaire (EUROPEP) in German 
language. This instrument comprises short questions on 
the quality of primary care which participants rate on a 
five-point Likert scale ranging from “poor” to “excel-
lent” [21, 22]. The questions focusing on the communica-
tion for both, participants and physicians, are based on 
the Patient Satisfaction Questionnaire (PSQ) [23–25]. 
Each item is a secondary endpoint that will be analyzed 
individually.

Exploratory outcomes
The app compiles a short report (synopsis) of the patient’s 
answers for the physician. We will explore how well this 
summary matches the input. For this purpose, we will 
construct a parser that transforms the text of the synopsis 
into statistically accessible information. We will embed 
this information in a vector space and examine the cor-
relation between the first principle components from this 
vector space and those from the recorded input data. We 
will also run cluster analyses on both data sources indi-
vidually and compare the results. Further aspects for the 
exploratory outcomes are demographics (e.g. age, sex), 
medical complaints, as well as information about the 
usage of the app (e.g. number of questions asked, time 
needed to complete).

Big Data objectives
At the time of the final evaluation, there is an extensive 
standardized dataset of approximately 1,000 patients. 
A partial data set is to be evaluated in the context of a 
machine learning / data mining procedure. The aim is 
(a) to assess the usability of the data for further purposes 
(intelligent patient management and diagnostics) and 
to demonstrate this in a use case (e.g. predicting hospi-
tal admission), and (b) to characterize the usage process 
and to identify possibilities for improvement of the user 
interface.

Setting
Patients are recruited in two out-of-hours urgent care 
walk-in practices in Lower Saxony, Germany. Both prac-
tices are run by a service company of the Association of 
Statutory Health Insurance Physicians of Lower Saxony 
(‘Kassenärztliche Vereinigung Niedersachsen’, KVN) and 
provide urgent care for patients with acute but not life-
threatening complaints when other practices are closed. 
Both practices are located in hospitals that also have 
emergency rooms, but are not part of those hospitals.

Opening times of practice 1 are the following:
  • Mondays, Tuesdays, and Thursdays from 7 p.m. to 10 

p.m.,
  • Wednesdays and Fridays from 3 p.m. to 11 p.m., and.
  • Saturdays, Sundays, and public holidays from 8:30 

a.m. to 11 p.m.
Opening times of practice 2 are the following:

  • Mondays, Tuesdays, and Thursdays from 7 p.m. to 9 
p.m.,

  • Wednesdays and Fridays from 4 p.m. to 9 p.m., and.
  • Saturdays, Sundays, and public holidays from 8 a.m. 

to 1 p.m. and 4 p.m. to 9 p.m.
Physicians work on a self-employed basis but are required 
to take shifts. They have different specialties and mostly 
provide care to patients they have not previously known. 
As there is no common patient file of different health 
care providers (e.g. medical specialists, physiotherapists) 
in Germany, physicians have no information about previ-
ous consultations or treatments of the patient.

Expenses are covered by the health insurances which 
German residents are legally required to have. The vast 
majority are covered through statutory health insurances, 
patients do not need to pay deductibles for medical con-
sultations [26]. The minority of residents (11%) that are 
insured through a private insurance company receive a 
receipt and can later apply for reimbursement from the 
insurance company [26].

Inclusion and exclusion criteria
Participating in the study is voluntary and certain inclu-
sion and exclusion criterions are applied. Patients who 
meet the following criteria are eligible to participate in 
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the study: (a) Seeking care in one of the participating out-
of-hours practices due to acute discomfort, (b) aged 18 
years or older, (c) able to declare written informed con-
sent to participate in study. Patients who meet one of 
the following criteria cannot participate in the study: (a) 
younger than 18-year-old (legally minor), (b) patients in 
an apparent medical emergency, (c) patients who require 
immediate medical treatment, and (d) patients who are 
unable to consent. Recruited participants are informed 
by trained study nurses and need to declare consent to 
participate in the study.

Data collection
Data collection takes place in the waiting area of the 
respective out-of-hours practices and is performed by 
study nurses.

The study nurse approaches patients, checks eligibil-
ity criteria, and provides interested patients with study 
information in the waiting area of the out-of-hours 
practices (Fig. 2). All approached patients are registered 
in screening lists. These lists include information about 
patients’ gender, birth year (requested from the patients) 
and, if applicable, the reason for non-participation 

(exclusion criterion, refusal or other). If a patient decides 
to take part in the study, written informed consent and 
the signed privacy policy statement are obtained. By 
declaring written informed consent, participants release 
the physician on duty from the medical confidentiality 
obligation. Therefore, the physicians must agree to the 
analysis of their documentations concerning the partici-
pating patients.

To contact participants for a follow-up survey after 
14–21 days, contact information (phone number or email 
address) is requested. To be able to merge data sources, 
a pseudonym (identification number (ID)) is assigned to 
each enrolled participant.

After obtaining consent for participation, the patient is 
assigned to either intervention or control group accord-
ing to the result of the cluster randomization.

Intervention group
In the intervention group, the participant then receives a 
tablet with the app installed. The participant completes 
the digital medical history in the waiting area. At the end 
of the survey, the app generates a report from the par-
ticipants’ responses, which is subsequently transferred to 

Fig. 2 Inclusion of patients and data collection (EMR = electronic medical records)
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the EMR via a scanned QR-code. This report is available 
to the physician before the consultation. No data remains 
stored on the device itself.

When they are next in line, the participant goes to the 
doctor’s office for consultation. After the consultation, 
both the participant and the physician are asked to fill 
out a short questionnaire. The participant will be asked 
questions about their satisfaction with the consulta-
tion (EUROPEP) and about communication (PSQ) and 
socio-demographic questions. These questions will be 
presented on the study tablets using the survey software 
Limesurvey. Subsequently, each participating patient 
receives a compensation of EUR 15.

The physician is asked to document the ICD-10-GM 
code (WHO Version 2019) of the (preliminary) diagnosis, 
to answer questions about their experience of uncertainty 
regarding this diagnosis and questions matching those 
that the participant is asked about communication. Addi-
tionally, we will collect data regarding the physicians’ 
specializations and experience (i.e. year of approbation 
and year of the first specialist examination).

After 14 to 21 days, we conduct a short follow-up to ask 
participants about their further treatment (e.g. by their 
family doctor, specialist treatment and hospital admis-
sions). Participants may answer these questions via an 
online questionnaire (accessed using a personalized link 
which is sent per e-mail or text message) or by telephone 
(interview conducted by a study nurse).

Control group
After approving consent and data protection declaration, 
participants of the control group transition to their medi-
cal consultation and will use the app for medical history 
after the encounter. Information gathered from the app 
is not transferred to the EMR. Therefore, contrary to 
interventional group, for control participants, physicians 
do not have additional information collected by the app. 
After the consultation, the participant and the physician 
are asked to complete questionnaires as described for the 
intervention group. Remuneration and follow-up proce-
dure are then identical to the intervention group.

Data management
Once transferred to the EMR, the information on the par-
ticipants’ medical history collected by the app is available 
to the practice staff and this data is linked to the patient 
file. Pseudomized app data and questionnaire data are 
available to the project partners. The paper-based dec-
larations of consent and the confirmation of receipt of 
the expense allowance containing personal information 
cannot be linked to this data. The contact details (tele-
phone number and/or e-mail) are recorded together with 
the ID but stored separately from the consent forms and 
destroyed after expiration of the agreed time period of 21 

days. Then, the data can no longer be traced back to study 
participants. Collected data is treated confidentially. The 
research team is aware of data privacy regulations and 
committed to data protection. Data and information are 
not shared with other authorities or third parties. Data 
evaluation and publication of results is exclusively anony-
mous. All study data will be destroyed or deleted 10 years 
after the end of the study.

Sample size estimation
The sample size is driven by the primary outcome diag-
nostic accuracy. For the planning of the study, we assume 
the diagnostic accuracy will increase by 10% points, with 
an expected current diagnostic accuracy of 70–80% [4, 
27]. In a design with randomization of individual partici-
pants, a case number of 335 participants per group (670 
participants in total) gives a power of 90% at a two-sided 
significance level of 5% assuming diagnostic accuracies 
of 75% and 85% in the control and intervention groups, 
respectively.

To correct for the randomization of clusters (time peri-
ods), the number of cases is multiplied by the design 
effect. The design effect is a function of the size of the 
clusters and the correlation within the clusters (ICC). 
We originally assume a cluster size of 36 participants 
per cluster of two weeks in both practices overall and an 
ICC of 0.01. The difference between the two practices 
is accounted in the analysis model by a fixed-effect co-
factor. This results in a design effect of 1.35. In addition, 
we count for about 5% drop-out of the participants. This 
results in a rounded total number of cases of n = 1,000. 
In the execution of the study, we reduced the duration 
of each cluster to one week and thereby increased the 
number of clusters from 26 to 52. This reduced the num-
ber of cases needed (originally 952) slightly to 825. This 
adjustment does not reduce the power of the study and 
is determined to be convenient in its implementation. 
The duration of the study is kept at 12 months to cover 
all seasons.

Statistical design
We will use descriptive statistics to analyze patient char-
acteristics (i.e. demographics, medical complaints) of 
intervention and control group. Furthermore, the groups 
will be compared according to characteristics of the 
recruitment centers.

The primary outcome “diagnostic accuracy” defines 
the agreement of a given diagnosis with the determined 
correct diagnosis. The primary evaluations of the binary 
endpoint of an adequate diagnosis are performed by a 
generalized linear mixed-effects model (hierarchical or 
multilevel model) with logit link function. The group 
(intervention versus control) and the respective out-of-
hours practice are included as fixed effects, and the time 
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period (cluster) as a random effect. The random effect 
is assumed to be normally distributed on the logit scale. 
The expected value is 0. The variance is unknown and 
estimated from the data. The odds ratio for the interven-
tion effect will be reported together with its 95% confi-
dence interval and a p-value for the null hypothesis that 
the intervention does not increase the diagnostic accu-
racy. Subgroup analyses will explore whether practice 
characteristics such as experience or specialization of 
the physicians have an influence on the strength of the 
intervention effect. This will be done by extending the 
model described above. Specifically, the respective prac-
tice characteristic as well as its interaction with the inter-
vention effect will be included in the hierarchical model. 
With regard to the secondary endpoints, the individual 
items of the respective questionnaires are first presented 
within the framework of descriptive statistics (median, 
max, min, percentiles). Differences between the interven-
tion and control group are analyzed for each item of the 
questionnaires using non-parametric methods. Except 
for the primary endpoints all endpoints are considered 
exploratory. Therefore, p-values will not be adjusted for 
multiplicity. Further explorative evaluations will be con-
ducted using machine learning and data mining pro-
cedures: methods that are known to work well with a 
medium sample size will be used for classifications. These 
methods should have the potential to capture the struc-
ture of the underlying associations. We assume that some 
effects of inquired symptoms on the suspicion of disease 
severity are additive and individually assessable while 
others are more likely to conform to a relation like “at 
least k of n criteria have to be met and none of the fol-
lowing contra-indications” and are more specific to single 
diseases. We use elastic nets for classifications, because 
they perform well with the first class of symptom effects 
even when the number of inquired symptoms is larger 
than the number of patients. We will also use random 
forests, because they structurally have some similarity to 
decision tree like associations that can handle the second 
class of symptoms. We will utilize the results from these 
methods to artificially expand the data set for (or to pre-
train) more flexible algorithms, such as support vector 
machines and artificial neural networks. These will then 
be used to search for more complicated associations. 
Medical history information, demographic informa-
tion, treatment information (e.g. diagnosis, examination 
findings), and event-sourcing information (tracking of 
the app-usage of individual patients, e.g. time needed to 
complete) will be used as input variables. In addition, 
cluster, association and regression analyses will be per-
formed. Results will be visualized and interpreted. Test 
data from the overall evaluation will be used to deter-
mine sensitivity, specificity, and accuracy of prediction 
models.

Discussion
There have been several attempts to develop and imple-
ment digital tools as well as paper-based questionnaires 
to obtain information on health concerns from patients 
before their encounter. While many aim to improve qual-
ity of medical care, ease documentation and enhance 
work efficiency, these effects have hardly been studied 
[18]. The purpose of this study is to generate evidence on 
the effect of an app for medical history taking in urgent 
care practices in Germany using a rigorous study design. 
In these urgent care practices, physicians with various 
specialist backgrounds have to assess complaints they 
normally do not see in their daily practice. The app pro-
vides them with a structured medical history that might 
prevent them from making diagnostic errors which might 
lead to insufficient and ineffective care.

Along the project, we will also gain experience on the 
implementation process and potential difficulties, e.g. 
with the technical infrastructure or users. This is impor-
tant seeing that in Germany the level of digitization is low 
in the healthcare sector, both compared internationally 
and with other sectors within Germany. While physicians 
in Germany are increasingly positive about opportuni-
ties to improve medical care through the greater use of 
digital technologies [28], the difficulty of proving ben-
efits and the lack of interoperability are considered to be 
major obstacles [29]. Regarding the latter aspect, it is a 
major challenge to make the information transferred into 
patients’ EMR to be of use in the long term. Up to now, 
it remains on the information system of the physicians 
on duty but cannot be exchanged with other systems 
or transferred to the not-yet-used individual electronic 
patient file. As a step towards rendering the data inter-
changeable we aim at developing and publishing an open 
digital format for symptom-oriented health inventory 
data.

As for limitations, we face several challenges that 
might introduce bias: Data collection takes place during 
COVID-19 pandemic with altered contact patterns in 
medical care. Patients with signs of a respiratory infec-
tion, for example, are sometimes not allowed to enter 
the waiting areas and might be underrepresented in this 
study. Even though elderly people are increasingly par-
ticipating in the digital world [30], their usage behavior 
differs from that of younger people [31]. Elderly people 
might be less inclined to take part in a study with a digital 
intervention; their complaints, diagnoses and treatment 
courses might be underrepresented in the study. Patients 
with a private health insurance are less likely to seek 
medical care in the out-of-hour practices. Furthermore, 
patients with limited German-language proficiency can-
not take part in this study as we focus on German speak-
ing patients. Of note, many patients with limited German 
language proficiency are treated in these practices. As 
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professional interpreter are not regularly covered through 
statutory health insurance and only a minority of physi-
cians in Germany offer consultations in languages other 
than German or English [32], further studies should be 
considered to investigate the benefits for migrant and ref-
ugee patients with limited German language skills.
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