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ABSTRACT
Hospital physicians must navigate through vast quantities of pa-

tient information represented in text-based reports. Although in-

tended to improve patient care, their effectiveness hinges on each

physician’s ability to successfully handle and interpret fragmented

information from diverse sources. The increasing automation of

text interactions are a potential support but are still at the early

phase of implementation in real-world scenarios. We observed 144

hours of clinical shifts in a German internal medicine hospital and

collected structured field notes on physicians’ current practices

with text-based reports to enrich existing understanding of the

requirements for including automation to clinical text. We iden-

tified medical discharge letters as most frequently consulted text

document and a qualitative analysis of the field notes revealed that

this document acts as a key artifact that serves different roles and

purposes in the hospitalization of a patient. Based on our findings

we discuss possible loss of these nuanced uses through automation

and propose design implications for medical text reports.
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1 INTRODUCTION
As long as the centuries continue to unfold, the number
of books will grow continually. [...] It will be almost as
convenient to search for some bit of truth concealed in
nature as it will be to find it hidden away in an immense
multitude of bound volumes (-Denis Diderot, 1755)

Text-based reports offer a well-established medium for exchang-

ing information in collaborative settings. In hospitals, the core

medical record consists of conventional text blocks with clinical

notes to summarize a patient’s history and further procedures [7].

Healthcare professionals then coordinate patient care by sharing

these records among each other and collaboratively augment this

data from their clinical expertise. The level of completeness in these

documents and thus the understanding of a patient’s condition is

a crucial factor for the success of follow-up consultations [49, 60].

With growing amounts of available data, physicians need to know

how to navigate through given documents or systems and select

specific subsets of information from a large fragmented quantity

of patient data [36]. Over the years, this interpretation and doc-

umentation of data has become an integral part of a physician’s

work and often exceeds the time spent on direct patient care [2].

The lack of interoperability between clinical information systems

hinders these efforts [56], as medical information about a patient is

distributed over an imprecise number of healthcare facilities. In the

German healthcare system, hospitals lack a nationwide informa-

tion exchange structure and each hospital implements individual

software, based on their size and resources [29]. Several initiatives

like the digitization strategy by the German Federal Ministry of

Health [22] or the proposed regulation for a European Health Data

Space [57] create the foundation for new technologies that solve

current problems in healthcare and improve quality of care. The sen-

sitivity of patient information and privacy requirements emphasize

the need for throughout research on integrating new innovations

into standard care.
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Given recent advances in AI-based systems, there is a trend to

include automation in healthcare processes to support clinicians

with growing information overload [19]. The use of Natural Lan-

guage Processing (NLP) introduces new workflows, which improve

clinical query systems with speech recognition adapted for medical

language and generating ICU summaries in formats familiar to clin-

icians, thereby aiding to clinical decision support [40]. However,

current clinical user interfaces often suffer from exceeding complex-

ity, low usability and low integration into clinical workflows [24]. In

response, there has been increasing efforts from the HCI community

to investigate the socio-technical factors for successful integration

of AI-based applications into clinical care [3]. This includes the need

for further investigation of meaningful doctor–AI relationships in

automated text technologies [21].

Clinical care is highly collaborative and requires a variety of in-

terwoven non-electronic coordination artifacts and platforms [8, 12]

to generate a successful overview of each patient. Previous stud-

ies show that physicians create individual workarounds and inte-

grate information systems differently according to their intended

use [18, 41]. Understanding the requirements for text automation

systems thus requires to look at this interaction as a work practice

within a hospital environment rather than a situated task [27].

In this work, we examine physician’s current interaction with

text-based documents to enrich existing understanding of require-

ments for new text automation systems. We are particularly inter-

ested in addressing the following research questions:

(1) Which clinical documents do physicians consult during

their workflow,

(2) for which purpose,
(3) and which challenges do they encounter?

We first review related research and approaches to deal with

existing information overload in the hospital. Then, we present

the results of a field study of clinical shifts in a German internal

medicine department and discuss implications for design.

2 RELATED WORK
We review research related to hospital information systems and the

attempts to standardize clinical documentation. Then we review

work on the increased information overload of physicians that

come along with medical record keeping. Finally, we present work

looking into how physicians are adapting to increased automation.

2.1 Tensions Between Standardization and
Physician’s Preference for Expressivity

Today’s hospitals implement a wide variety of information systems,

largely dedicated to clinical documentation, which describes “a
process in which healthcare providers record the observations, im-
pressions, plans and other activities arising from episodes of patient
care [that] generally occurs with each interaction between patients
and the healthcare system” [47]. This documentation serves multi-

ple purposes, which include clinical tasks (e.g., identify diagnosis,

decide on further treatment) as well as administrative tasks (e.g.,

coordinate examinations) and functions as regulatory justification

for treatment decisions [30]. Text-based notes provide a flexible

and adaptable mean to effectively document and reason about a

patient’s disease trajectory. Therefore, different documents like

medical discharge letters aim to give concise summaries and sup-

port information exchange between health providers. There has

been growing interest to standardize clinical documents by creating

structured and a predefined vocabulary [15, 39], to increase consis-

tency and data quality. Looking at the big picture, these reports are

a valuable resource for real-world insights into healthcare practices

and can help improve quality of care [37]. Analyzing discharge let-

ters can reveal important care specific breakdowns [33] or be used

to make predictions about disease progression [48]. However, this

standardization does not always align with the work practices and

there is a recognized tension between physician’s documentation

preferences and the demand for standardization [23, 46].

Healthcare providers rely on expressivity to transport different

layers of information about a patient’s case in respect to their per-

sonal medical competencies [46]. A closer look at possible use cases

has revealed that not every department can integrate standardized

overviews in their care. Medical specialties that treat complicated

and long-term patients with multiple comorbidities have very indi-

vidual or even unpredictable information needs that vary for each

patient and cannot simply be summarized based on one scheme [28].

Obtaining an overview of a patient is a multi-dimensional process

in which a wide range of interwoven non-electronic coordination

artefacts are consulted, and where the same information is repre-

sented in multiple spaces [8]. To identify these crucial underlying

practices, we need to investigate current workflows with clinical

notes and understand their purposes in respect to patient care.

2.2 Physician’s Confrontation With Growing
Information Overload and Missing
Interoperability

Data-driven practices can improve quality of care, connecting care-

givers and providing necessary information. Still, they bring new

challenges, as they demand effort to already-busy practitioners,

reducing productivity and efficiency [62, 65], and often their suc-

cess is labor-driven, as considerable amounts of practitioner work

is needed to guarantee the benefits of information systems [53].

This is known as data work, the socio-technical interventions to
make data work [13]. Research in data work has studied the impacts

of both feeding and consuming information. Feeding information

systems involves skills such as assessing sources of disorganized

information to create data structured as required by systems [43],

sanitizing data [59], or, translating data from one system to an-

other [10]. Consuming information, similarly, is also not always

straightforward. In complex and comprehensive disease trajecto-

ries, the patient understanding is constructed through complex

iterative sorting, filtering and ordering of information from dif-

ferent sources [28]. This is shown in work by Even Chorev [20],

who presented a predictive information system for personalized

care that actually hindered decision making as doctors struggled to

interpret ambiguous data. Cabitza et al. [16] also showed how mul-

tiplicity in data work, when a phenomenon is recorded by multiple

experts, leads to data variability, uncertainty, and ambiguity, and

to experts adapting to cope with such variations when interpreting

data. The fact that clinical text is consulted for different purposes

depending on the clinical phase [52] adds to this complexity. These

phases include (1) preparation (i.e., obtain an understanding of a
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patient’s case), (2) consultation (i.e., interaction with the patient)

and (3) wrap-up (i.e., consolidating the documentation afterwards).

Moreover, the use of these systems impacts healthcare practices,

for example one study shows that the introduction of the Electronic

Health Record (EHR), physicians’ documentation time almost dou-

bled due to inefficiencies in simultaneous paper and digital work [9].

More than half of this time is dedicated to clinical notes for synthe-

sizing patient information [45], as notes serve as a primary source

of information [52].

The resulting information overload has potentially become ob-

structive to patient care as physicians do not always succeed in ex-

tracting the clinically relevant information from available data [38].

Work with information systems in hospital settings is fragmented

and does not incorporate cognitive aids, leading to frequent task

switching and workarounds [26, 35, 64], showing a need to consider

the attributes of clinical practice to measure the success of new

technologies [32].

2.3 Physician’s Acceptance of Automation
Efforts

As a response to growing amount of data, new applications and

research areas emerge aiming to relieve relieve physicians in their

conventional data work and direct their efforts towards everyday

care. These applications deploy different methods to facilitate doc-

umentation and interpretation of clinical text [31, 58, 63]. However,

their success hinges on physician’s willingness to adopt and inte-

grate them in their workflows. Previous studies have shown that

healthcare professionals trust data differently depending on its

source as it allows for better skill and competence assessment [54].

The textual progress notes format and content vary depending on

the author, the particular issue of a patient [36] and the document

structures differ across institutions and specialties [52]. This vari-

ability introduces a complexity in automation due to a wide range of

possible formats and a fragmentation in different documents. Clini-

cians therefore wish to establish constructive synergies with text

automation technologies, that, like digital assistants, support them

in their work with functions such as extracting clinical informa-

tion, automated voice documentation, creating record summaries

or making text reports searchable [21]. A deep understanding of

these needs and existing clinical practices is needed for the design

of efficient health record systems of the future.

3 METHOD
This analysis is part of a large observational study investigating

physician’s data retrieval activities during hospital shifts. In this

analysis, we specifically focus on our observations on how physi-

cians interact with text-based documents.

3.1 Participants and Research Site
This study was conducted in the internal medicine department

of a 340-bed municipal teaching hospital in Germany, which can

be considered a typical German hospital according to official sta-

tistics [29]. Such hospital usually provides acute medical care to

patients with severe or chronic diseases in cases of deterioration

and is equipped for short hospitalization times. We observed all

wards that are included in a patient journey in internal medicine.

The majority of these patients are admitted through emergency
care either because of unidentified symptoms or the deteriora-

tion of a disease. After hospitalization, patients are referred to one

of the specialized internal medicine wards (e.g., cardiology and

pneumology, gastroentrology, intensive care or single bed in other

departments as outsourced area due to capacity limits) depending

on their condition and diagnosis. The internal medicine team com-

prises two chief physicians, 12 senior physicians and a fluctuating

number of 22 residents, who rotate through the different wards.

This department accumulates data from various sources, such as

imaging techniques, patient monitoring and score assessment to

find treatment strategies for a broad range of diseases.

We obtained ethics committee approval for this study from one

of the author’s university. We disclose that we avoided collecting

any patient data or personal identifiers.

3.2 Hardware and Software
We needed a lightweight method for capturing both images and

written notes without wireless network access, due to lacked WiFi

connectivity and inconsistent mobile network coverage. Our goal

was to capture data interactions systematically for available data

sources and data types. We implemented a data collection tool,

called SnapCuts, using the shortcuts app on an Apple iPhone 12

Pro. We first designed a general template to capture an identified

context and defined a structure to describe occurring data retrieval

events. For each observed context (e.g., morning meeting, patient

ward, etc.), the observer was able to create the template dynamically

consisting of the following elements:

(1) Automatic timestamp.

(2) Field note to describe the current context and other relevant

information, which is described by identifying new situa-

tions, activities, tasks or changes of location.

(3) Current task: direct patient contact, indirect contact, other
professional activities, personal activities (from Weigl et al.

[61])

(4) Location: physicians’ office, nursing room, examination room,
corridor, patient room, meeting room, outside the assigned
ward

(5) Data-Interaction-Table: Table of data source and data type
combinations, in which the rows represent the different data
sources and columns the data type.

Recording a field observation consists of selecting the appropri-

ate elements for each category, and optionally adding open-ended

field notes in the table of data source and data type combinations.

An example of a filled out template can be found in Appendix A.

3.3 Procedure
The first author observed physicians from the internal medicine

team during their shifts from June to August 2023 on different

days of the week. At the beginning of the study, the team was

informed about the study procedure and goals and a flyer with

further information and contact information was distributed in

the physicians’ office. After attending the morning meeting, the

researcher opportunistically asked either a resident, physician, or a

senior physician for verbal consent to follow the shift throughout
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Table 1: Overview of observations at different wards. Most observations were conducted at the cardiology and pneumology
department (61 hours, 7 shifts). In total, the observer followed eleven different physicians in 17 shifts, where some residents
were observed over multiple shifts.

Ward

Hours

(shifts)

Physicians

Collected

templates

Used for

data analysis

Cardiology and pneumology 61 (7)

Resident 1 (f), Resident 2 (m), Resident 3 (f),

Resident 4 (f), Resident 9 (m)

153 46

Gastroenterology 25 (3) Senior 1 (m), Resident 5 (f), Resident 6 50 14

Outsourced Area 24 (3) Resident 6 (f), Resident 8 (m) 32 11

Emergency Department 24 (3) Resident 7 (m), Senior 2 122 20

Intensive care 8 (1) Resident 7 (m) 35 3

Total 144 (17) 9 Residents, 2 Seniors 398 94

the day. At the beginning of each observation, the researcher ex-

plained the study aims to the physician and emphasized the focus

on systems. In order to mitigate the concerns of being observed,

the researcher reassured the physician that the quality of work will

not be assessed and possible questions were clarified. Physicians

were encouraged to ignore the researcher and perform their work

as usual and tell when they do not want to be followed. For each

observed context (e.g., morning meeting, patient ward, etc.) the

researcher used SnapCuts to fill out a new template, that was saved

as a note file in Apple Notes and recorded observed interactions

in the Data-Interaction-Table. Each cell summarized the observed

interactions for a specific data source and data type within this

context. The content of the notes did not include any personal iden-

tifiers or patient data, physicians were recorded using acronyms to

limit traceability and the note focused on observed interactions.

Short informal interviews with the observed physician were held

between tasks or during lunch that reflected situations observed

during the day to obtain further background knowledge. Whenever

possible, the researcher shadowed a whole shift. At the end of

each shift, the researcher captured personal reflections on the day’s

events in a journal.

3.4 Data Collection and Analysis
Our observations included 17 shifts for a total of 144 hours. We

followed seven residents and two senior physicians. We spent a

majority of the time at the cardiology and pneumology ward (61

hours) and almost equally divided time at the gastroenterology

ward, the outsourced area and emergency department. Overall,

we recorded 398 filled out templates, out of which 94 fit our in-

clusion criteria for further analysis as they included interactions

with text-based documents. One filled-out template represented

the observed interactions in one context, e.g., patient round, group
meeting, etc.. Table 1 summarizes the hours we observed at each

ward and number of filled out templates that we collected and then

used for data analysis. We did not have access to the text-based

documents generated by clinicians.

We analyzed the data through reflexive thematic analysis [14],

combining an inductive (data-driven) and deductive (question-driven

approach). The template for data retrieval was constructed bottom-

up to identify combinations for data source and data type. After

completion of all observations, the first author screened the filled-

out templates, and extracted those that included interaction with

text-based documents with medical patient information. These tem-

plates were then discussed among co-authors and the final contexts

(represented in a filled-out template) were analyzed in an induc-

tive approach. For this, the first author screened each template

and summarized the interaction with the text document, based on

the available information regarding the context, also relying on

field notes when needed. Afterwards, the first author reviewed the

summaries performing open coding for the type of text document

used, the purpose of the report in this situation, and, if available,

associated challenges with its use. The codes were discussed with

the co-authors and grouped into categories. These categories then

were further grouped into themes, guided by our initial research

questions in a deductive step. The first author then drafted a first

version of the themes, which two of the authors contributed to

refine.

4 RESULTS
The coding regarding the type of text document used, resulted

in three distinct document types: (1) a final report from emer-

gency care, (2) examination results and (3) medical discharge letters.

Throughout the analysis we identified that physicians engage most

frequently with the medical discharge letter, which is why we focus

the presentation of our findings on this document.

Our observations reveal that medical discharge letters serve

purposes beyond their anticipated role as summaries of medical

care, they are also multifaceted artifacts used throughout a patient’s

hospitalization. In the following, we present our findings about

their life cycle and composition through different documents and

different purposes for which they are consulted. Furthermore we

identified four challenges that physicians need to overcome to

obtain necessary information for patient care.

4.1 Medical Discharge Letters Summarize the
Patient Record and Give a Concise Patient
Overview During Their Hospitalization

At the beginning of a patient’s admission to the ward, the responsi-

ble physician usually creates a medical discharge letter, which is

embedded in the patient’s EHR of the hospital information system.

Overall, this document follows a predefined structure: it starts with

a concise summary of the patient’s condition and main diagnoses,

followed by a list of medication at admission. Then, it summarizes
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Figure 1: The medical discharge letter is not merely a summary of a hospitalization at the end of a patient stay but rather
embedded in the patient journey as an internal working document used for expansion of medical information and Internal
communication. After discharge, this document is shared with other healthcare providers for further treatment.

the results of conducted examinations during the hospitalization

in separate blocks, which are usually a synthesis of different docu-

ments such as the final report of the emergency care unit or reports

of examinations throughout the hospital stay. Finally, the report is

condensed in a narrative summary and a list of medication at dis-

charge. Any adjustments of medication are highlighted in this list.

Although the length of this document varies depending on the com-

plexity and duration of the hospital stay, it is usually over 3 pages

long. Patients receive a printed copy at discharge. We observed

that there were several nuances in how physicians used these doc-

uments based on their experience and personal preferences, which

we further elaborate in the following sections.

4.2 The Life Cycle of a Medical Discharge Letter
During a Patient’s Hospitalization

We summarize in Figure 1 how a discharge letter evolves over a

patient’s hospitalization based on the different interactions that we

have observed. We elaborate on the life cycle steps below.

4.2.1 Synthesis. At the beginning of a patient’s hospitalization, the
discharge letter is a document for synthesis of available information.

Clinicians therefore first considered the final emergency care

report1 and if available previous discharge letters. These are only

available in the system, if (a) they have been created in the same

hospital or (b) manually transferred via fax from another clinician

upon request. The first version of the discharge letter is an internal

working document that duplicates previous information concisely

in one place.

4.2.2 Expansion and Internal Communication. Upon creation, the

internal document of the medical discharge letter functions as a

succinct tracker of the patient’s hospitalization progress, including

medical as well as coordination efforts. This information is extracted

or copied from documents of examination results
2
, which have been

either written manually by another specialist or created automati-

cally through a diagnostic software. Information which is not avail-

able yet, is implied through yellow highlighted placeholders, such

as ‘XXXX’ or including designated blocks to examination results

through a headline. We observed how different physicians used

this structure, for example:We conducted a [examination/procedure]
that revealed XXXX.

In other cases, physicians included the headline of a block and

left it empty to indicate that this information needed to be obtained

1
German: Abschlussbericht der zentralen Notaufnahme (ZANA)

2
German: Untersuchungsbefund
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yet. As a physician explained in informal conversation, this struc-

ture allowed for implicit communication with colleagues to indicate

treatment plans and served as a mental note, that this procedure

had yet to be performed for further clarification. To verify if this

procedure had been scheduled already, physicians need to consult

further resources in the hospital information system. Overall, physi-

cians would mostly spend time on updating the letters with new

information in the afternoon after rounding all patients.

4.2.3 Summary and External Communication. The final discharge
letter is the summary of the hospital stay and contains information

intended for the physician responsible for further treatment, e.g., a

general practitioner. In this step, the internal working document

transforms to an external document that archives the relevant in-

formation of the hospital stay and is shared with the patient and

other care providers. We observed, that this final summary depends

on the style of the physician, and varies in style as well as level of

detail of information. After finalizing and verifying this document,

the letter is printed out with a table of the last laboratory results

and physically handed out to the patient, who is responsible for

sharing it with their care providers. Obtaining this physical dis-

charge letter is the crucial perquisite for discharge; without this

document the patient is not approved to leave the hospital. We

observed nonetheless several incidents of inpatient patients who

wished to leave. Remarkably, in two cases, patients chose to sign

out against regulation because of their unwillingness to wait for

the physical discharge document, resulting in considerable concern

for the attending physicians.

4.3 Physicians Consult Discharge Letters for
Different Purposes

The coding of purposes for which physicians consult medical dis-

charge letters resulted in eleven codes, that we have summarized

in four categories: (1) obtain an overview, (2) search for specific in-

formation, (3) Implicit communication, and, (4) create a final report.

Each category with its included codes is illustrated in Table 2 and

is further explained below.

4.3.1 Obtain an Overview. Medical discharge letters serve as an

entry point to a patient’s case. We observed different interactions

in several situations to obtain an overview of either existing or

newly assigned patients. Physicians consult them to familiarize

themselves with a patient’s medical history and read through the

available information from top to bottom. At the beginning of a shift,

residents at the ward sit down and read or skim through available

information in the current discharge letter. After this familiarization,

the residents round the patients with a mobile computer and a

drawer with the respective paper records. Before visiting a patient,

physicians read through the discharge letter to recollect the details

of the case. This also includes looking through previous discharge

letters (if available) and compare the disease progression.

4.3.2 Search for Specific Information. We found that medical dis-

charge letters are not only used to obtain an overview about a

patient case, but also serve as a source for specific information.

We mostly recorded these events during the afternoon as different

questions arose in the follow-ups and planning of further treatment.

This includes specific medical details like medication or previously-

known diagnoses. If this information was related to previous cases

or could not be retrieved from the medical chart right away, physi-

cians consulted available discharge letters and needed to retrieve

this information from the text.

4.3.3 Implicit Communication. We observed that physicians fol-

lowed individual approaches to writing the discharge letter. Most

of the physicians gave a textual short summary of the main con-

ditions at the beginning. One physician however explained in a

short informal interview that their senior physician taught them to

furthermore summarize the main treatments that have been car-

ried out for each of the diagnoses. As explained in Section 4.2.3,

physicians included implicit information through flagging or ar-

ranging blocks in the letter for pending examinations. Furthermore,

if text has been copied and pasted from examination reports, this

was visually distinguishable through a different font, similar to the

Courier font from a typewriter. These examination reports are

either written by specialists or are automatic output from a diag-

nostic software and the differences in font style and text structure

convey implicit information or hints about the text source.

4.3.4 Create a Final Report. The final version of the medical dis-

charge letter is the summary of the hospital stay and contains

information for the physician responsible for further treatment,

e.g., a general practitioner. Before a patient discharge, the respon-

sible physician verifies the discharge letter by following a very

similar procedure. That is, skim or read through the documents and

check the reported examinations. Afterwards, they read through

and finalize the narrative summary about the hospital stay and,

finally, they list the medication at discharge. Therefore, the physi-

cian compares the medication at admission from the top of the

medical discharge letter with the last recorded medication in the

patient’s EHR and provides a final list with highlighted changes.

We observed that each physician had an individual approach to

tagging these modifications and either wrote the new medications

in bold letters or added a tag such as (NEW) to the respective list
element. Most physicians used a voice recorder to write the final

letter. In one case, a physician relied on a 80-page document, that

they had created themselves, which included text snippets for nar-

rative descriptions of common conditions. Therefore, they used a

keyword search to find the text snippet that they then copied to

the discharge letter and modified to fit the respective case. After

finalizing and verifying the letter, it is printed out with a table of

the last laboratory results and physically handed out to the patient.

4.4 Challenges Associated With Interaction
With Medical Discharge Letters

We observed several challenges related to the interaction and ease of

use with medical discharge letters. We summarize them as (1) avoid-

ance to use auto-generated text, (2) uncertainty about completeness

of information, and (3) duplication and missing interoperability.

4.4.1 Physicians Avoid Copying Auto Generated Text. We noted a

reoccurring rejection of an auto-generated ECG text report. During

our observations of four residents (Resident 2, Resident 9, Resident

1, Resident 5) interacting with the system in ten different situations,

we could observe a similar pattern each time. The report is first
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Category Purpose for consulting the discharge letter

Obtain an overview

Overview of all assigned patients at the beginning of a shift

Overview of a newly assigned patient

More detailed overview during patient round

Search for specific information

Specific value in previous or current discharge letter

Implicit information about further procedures

Updates on a patient’s case

Implicit communication

Track progress of hospital stay

Coordinate further tasks

Compare with previous discharge letters

Create final report

Summarize procedures and results

Verify the final report

Table 2: The medical discharge letter for a patient’s hospitalization was not just a document that was created at the end, but
was consulted for different purposes, which we have grouped in four categories with respective situations.

generated on request by a physician, and after its creation: (1) the

physician skims through the text, (2) they write a new text that

is much shorter than the automatic one, and, (3) they delete the

previous auto-generated text. One collected field note illustrates

a situation in which a physician detects that their colleague did

not previously review the automated report and they discovered

an inconsistency at the cardiology ward when reading through the

medical discharge letter.

Based on the text structure and style, the physician no-

tices that a colleague has copied the automatic report

to the discharge letter and performs the analysis again

to verify the result. This reveals errors in the recorded

findings and the physician emphasises: “You just can’t
rely on them [medical notes]... This is so dangerous” —
vignette depicting Resident 9 during post-processing

of tasks (time: 3:22 PM).

4.4.2 Physicians Do Not Assume Available Text Reports Are Com-
plete. During work with data and text reports, there was a contin-

uous uncertainty about the completeness of information. With a

fragmentation of documents and their sources, “not all of the ex-
isting previous discharge letters are displayed in the system” (quote
by senior physician during a patient round with Resident 4 at the

cardiology ward, 11:57 AM). Therefore, physicians have to search

different sources to build up the understanding of a patient case.

When trying to obtain an overview, physicians read through avail-

able resources but need to keep in mind, that previous reports might

exist, although missing from sight. This deficiency was a observed

recurring with previous medical discharge letters from external care

providers. This included not specifying certain information that

were crucial for further treatment, as described in this situation:

Resident 8 reads a report on a patient with a pan-

creatic cancer. However, the report does not seem

to provide further information about its localisation,

which the resident expresses with the following quote:

“The records we have on the case are just bad - but we
won’t get the records from the cardiologist until they
are back from holiday” — vignette depicting Resident

8 trying to get updated on a patient (time: 02:30 PM)

Furthermore, lack of completeness was usually revealed when

physicians would search for a very specific piece of information

or report and could not find it. If this information could not be

found, we observed that physicians consulted other sources such

as colleagues, external physicians or patients and their relatives.

There is no notification if new examination reports are available and

therefore physicians either need to keep track of the information

they need to obtain, or, they sometimes seemed to stumble upon it

by sheer chance. Lastly, we observe that physicians did not always

seem to know what they were looking for in the current or previous

medical discharge letters given the variety of complex cases and

individuality of physical parameters.

4.4.3 Physicians Must Navigate Through Duplicated Snippets to
Find Information. As patient data is represented in text reports

that can take various shapes that extend multiple pages, informa-

tion is replicated over different print and digital documents. The

medical discharge letters were handled in a text editor that was

not connected to the patient’s EHR and thus needs manual trans-

feral of information. This impedes straightforward data retrieval

and physicians need to manually go through several documents to

identify the required information. Oftentimes, this involves manu-

ally gathering these text documents as reflected in the following

situation:

Resident 8 searches for their colleague to ask whether

they know where to find the reports of a patient. They

are displeased by the situation, as reflected in their

exclamations: “I don’t have any previous reports from
the colleagues [...] It can’t be true that I have to chase
these documents [...] I don’t have the time.” — vignette

depicting Resident 8 trying to obtain an overview

about a patient (time: 08:41 AM)

The ward did not have access to tools that would facilitate this

data retrieval. Instead, physicians needed to first identify the source

of previous medical discharge letters (who is the principal general
practitioner) and then try to obtain these reports, if they were miss-

ing in the system. Once they obtained the documents, they needed

to scan various pages to find the necessary data. We did not observe

physicians using search functions or other tools that would visu-

ally summarize the medical discharge letters in a broader picture.
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The process to retrieve information from multilateral text-based

documents rather resembled a situation of looking for a needle in a

haystack, as shown in the following situation:

The attending resident and a senior physician read

through the medical report to find the dosage of a

specific medication. Therefore, they scan through

multiple pages and seem to have difficulties to find

what they are looking for. Finally, when they identify

the dosage, the senior physician says: “Oh this shows
again, how important it is to look through the reports
multiple times” — attending Resident and a senior

physician search for a specific piece of information.

Due to the overload and missing structure in the available data,

we observed recurring situations in which physicians expressed a

high perceived overload, for example, when reading through reports

and claiming: “What do I do first? That is actually the important
question now?” (Resident 3 at 12:53 PM), or “You feel all day like
you’re doing nothing” (Resident 6 at 09:44).

5 DISCUSSION AND IMPLICATIONS FOR
DESIGN

Our observations of 17 shifts at internal medicine of a munici-

pal German hospital revealed heterogeneous uses of text-based

reports and several challenges related to inaccurate, missing and

fragmented data. We identified two key results, that are:

(1) Medical discharge letters are not just a document for the

final summary of a hospital stay, but rather an artifact that

physicians consult for different purposes to manage patient

care.

(2) Physicians rejected a system that automatically created tex-

tual reports for ECG diagnoses and instead manually rewrote

a concise version themselves.

With these results, we derive in the following section implica-

tions for the design of text-based systems and their automation

potential in real-world clinical contexts.

5.1 Document Personalization: Implicit
Messages and Individual Styles in Medical
Discharge Letters

Several observations revealed an underlying personalization of the

discharge letter that transported implicit messages to coordinate

care. While the documents followed a general structure, the text

paragraphs varied in style and text based on the author of the text,

something that has also been observed in previous studies [7, 36].

Examining the use of these text-based reports from the perspec-

tive of different residents, we note that this personalization carries

implicit messages besides the written facts, achieved through the

flexibility and narrative nature of text. This includes another layer

of information about procedures that are expected to be performed,

by starting new (yet incomplete) sections or adding landmarks like

(NEW) or XXXX to give further information about the context. Fur-

thermore, we observed that the final medical discharge letter looked

differently revealing who was the author, as style is more diver-

gent than machine-generated text. As one resident explained, the

structure of the summary in the medical discharge letter followed

a structure they have been taught by their supervisor. Moreover,

reports with no personalization (machine-generated) were replaced

by the physician’s version of text, encapsulating the same message

but formulated in their personal style.

In a collaborative setting, where hospital professionals know

each other and are aware of other’s expertise, identifying the author

and even information about their supervisors based on personal

style gives much background information that can be relevant for

further actions. Internal medicine treats various complex cases,

with multiple diagnoses that require individual treatment deci-

sions associated with certain clinical uncertainty [55]. Such implicit

messages can thus help to assess previous therapy decisions and

coordinate further actions. Practices of coordination in hospitals

are common, as identified in previous HCI research, notably the

use of EHR systems to explicitly coordinate the inter-department

transferring of patients [1], how the physical layout of hallways

and rooms, along with spaces around information displays, facili-

tate coordination [50], or, how work is implicitly divided among

surgeons when summarizing video recordings [5].

5.2 Implications for Moving Towards Automatic
Text-Based Report Systems

With the recent and growing rise of new methods that automate

data or text generation, it is important to discuss how the observed

practices will be impacted in the near future. New technologies

aim to support the documentation and administrative work by

automating tasks like documenting patient encounters [58], the cre-

ation of medical discharge letters [42] or the generation of reports

about examinations [25]. Our observations of medical discharge

letters use in clinical care show that this document is used beyond

summarizing the patient’s hospitalization at the end of the stay.

Rather it is built successively throughout the patient journey and

physicians consult it for different purposes like obtaining a concise

summary about a patient and include implicit messages about the

hospitalization process.

In contrast, previous work has shown that automatic text-based

reports can increase standardization to health records with the aim

of homogenizing vocabulary or increasing data quality [15, 39]

and many existing studies have focused on the technical feasibility

and accuracy of such algorithms [44, 63]. As these solutions move

towards clinical practice, with an overall positive attitude from

practitioners towards these tools [17, 21, 31], our work provides

more nuances on the collaborative work practices in a hospital.

We suggest that medical text-documents, and specifically discharge

letters should not only be considered as a report that consists of text

blocks, but rather as a dynamic system that incorporates multiple

interconnected processes. We argue that text automation should

consider the use of implicit messages and reflection in discharge

letters through, for example, offering different versions and prior-

itize to automate generation tasks rather than the content of the

documents.

5.2.1 Distinguish Between Communication and Archiving Versions
of Text Documents. Despite their promised benefits, we believe au-

tomatic text generation systems potentially lessen the value of text-

based reports if they remove space for personalization. Our obser-

vations support the need for a collaborative approach [21] between
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physicians and text-generating systems that assist in text manag-

ing and incorporation of personalized comments. This aligns with

notions from previous research that has identified that documenta-

tion interfaces should distinguish between repetitive and individual

tasks [46]. The implication we present is that, by standardizing

medical discharge letters, there is a potential risk to be avoided of

not reflecting important information conveyed through the under-

standing of personalized text in the formal medical records, which

then can only be transported through implicit communication. A

possible example of avoiding this risk could involve a system that

contains concise text snippets of examination results, presents them

to the physician, and lets the physician generate, personalise and

review the text. Furthermore, the observed information overload

highlighted the need for elaborated text search functions that can

help to make sense of the available data.

5.2.2 Automate Text Generation Tasks, Not Content. We identified

a recurring situation in which a deployed system that aimed to

facilitate text generation by creating an automatic examination

report, actually complicated this process. Four different residents

deleted the proposed text from the system and replaced it with their

individual version. One physician even claimed that the automatic

report contained errors and blindly copying it would be “danger-
ous” to patient care. This is known as an irony of automation [6]:

although automation is meant to alleviate problems, it can lead to

their increase, discarding the original intended benefits. Moreover,

this recurring situation reflects a common threat among HCI and

UX designers that is known as the gap between “Work as Imagined

(WAI) versus Work as Done (WAD)” [11] and observed in different

clinical contexts [4, 18]. The non-use of the generated text shows

the disparities between the envisioned idealized workflow and the

actual, real-world execution of the task and a resulting workaround.

Our second implication then is that, when automatic generated text

contains errors that physicians detect, this will inevitably lead to

their non-use. It is thus important to regularly assess the technology

in real-world scenarios as the domain evolves, to understand when

errors are being produced, to safely integrate automatic systems

into clinical processes. Reasons beyond deficient implementation

can also include fast changing environment. As new diseases, treat-

ments, new guidelines or medications appear, systems may not

be able to produce their reports correctly and potentially produce

results that are not grounded in the factual information [34, 51].

Regular assessments should be carefully designed, as physicians are

already dealing with information overload [38] and as our obser-

vations show, their capacity to oversee the systems is decreasing,

which requires new interaction strategies.

5.3 Limitations and Future Work
Several limitations of this work need to be taken into account. We

acknowledge that our population is limited to one municipal Ger-

man hospital and thus do not claim generalizability of our findings

to other institutions or cultures. However, we argue that text-based

discharge letters and the prevalence of scattered documents and

systems reflect the reality that we most likely encounter in health

centers. Future work can complement and contrast out results look-

ing at different institutions to create comparisons across different

health system. Furthermore, we believe that the implications on

automation of text-based systems are interesting for other domains,

but should be included with considerations. Also, the main focus of

the hospital in this study is acute care and some deployed technolo-

gies might be outdated. In this study, we directed our focus towards

internal medicine physicians, that usually need to make decisions

about a variety of complex cases based on many heterogeneous

data types from different sources. We acknowledge that health-

care is provided by various professionals, who are equally vital in

the provision of care, like nurses, case managers, pharmacists, etc.

Therefore, different specialists create and interact with a patients

data and future studies should consider these perspectives.

During our observational study, many participants were resi-

dents who had just begun their medical training and we experiences

challenges to convince senior physicians to participate in the shad-

owing. Three of the senior physicians we approached, referred us to

a resident they were responsible for. While working with residents

provides valuable insights into early stages of medical careers and

the residents were much more involved in the daily data work, it

may not fully capture the best practices for data retrieval during

clinical care. The design of future medical systems would highly

benefit from insights of senior physicians and find solutions how

to integrate this expertise in the innovation.

6 CONCLUSION
This paper explores how internal medicine physicians navigate

through text-based documents of patients with long-term medical

conditions during clinical shifts. Therefore, we conducted an ex-

tensive observational study and identified how medical discharge

letters were used beyond merely summarizing a patient’s hospi-

talization. Our primary contribution is to bring into view the im-

portance of understanding the different nuances and purposes for

which these discharge letters are consulted throughout hospital-

ization to build up a collective understanding of a patient’s case.

We observed several challenges that were related to inaccurate,

incomplete and fragmented data. Furthermore, we consistently ob-

served how clinicians rejected a text-automation system designed

to ease documentation burden, opting instead to rewrite the text

manually. In respect to current developments of automatic text

generation, this paper elaborates on the possible loss of implicit

messages through personalization and suggest to distinguish be-

tween different layers of text-based documents (communication

and archiving versions) and focus on automating tasks, not content.
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A IMPLEMENTING AN OBSERVATION TOOLWITH TEMPLATES

Figure 2: A translated version from a template as it would show up after completing the macros for an observed context.
Expression that are displayed in bold letters would be fixed input as generated by the macro. The note starts with a timestamp,
followed by a note on the description about the observed template and an assignment of some parameters as described in
Section 3.2. The displayed table shows exemplary field notes that would be assigned for a combination of data type and source.
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