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KI in der Medizin: Der Hype ist groß



Potentielle Anwendungen der KI in der Medizin

ÅDiagnose von Krankheiten

ÅPrognose des Krankheitsverlaufs

ÅEntscheidungsunterstützung (z. B. in der Radiologie oder Pathologie)

ÅRobotergestützte Chirurgie

ÅAutomatisierung von Verwaltungs- oder Workflow-Aufgaben

ÅOptimierung von Kosten im Gesundheitswesen

ÅPersonalisierte Medizin

ÅDrug discovery
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The use of AI algorithms has been described in many other clini-
cal settings, such as facilitating stroke, autism or electroencepha-
lographic diagnoses for neurologists65,66, helping anesthesiologists 
avoid low oxygenation during surgery67, diagnosis of stroke or heart 
attack for paramedics68, finding suitable clinical trials for oncolo-
gists69, selecting viable embryos for in vitro fertilization70, help mak-
ing the diagnosis of a congenital condition via facial recognition71 
and pre-empting surgery for patients with breast cancer72. Examples 
of the breadth of AI applications across human lifespan is shown in 
Fig. 2.There is considerable effort across many startups and estab-
lished tech companies to develop natural language processing to 
replace the need for keyboards and human scribes for clinic vis-
its73. The list of companies active in this space includes Microsoft, 
Google, Suki, Robin Healthcare, DeepScribe, Tenor.ai, Saykara, 
Sopris Health, Carevoice, Orbita, Notable, Sensely and Augmedix.

Artificial intelligence and health systems
Being able to predict key outcomes could, theoretically, make the 
use of hospital palliative care resources more efficient and precise. 
For example, if an algorithm could be used to estimate the risk of a 
patientôs hospital readmission that would otherwise be undetectable 
given the usual clinical criteria for discharge, steps could be taken 
to avert discharge and attune resources to the underlying issues. 
For a critically ill patient, a very high likelihood of short-term sur-
vival might help this patient and their family and doctor make deci-
sions regarding resuscitation, insertion of an endotracheal tube for 
mechanical ventilation, and other invasive measures. Similarly, it is 
possible that deciding which patients might benefit from palliative 
care and determining who is at risk of developing sepsis or septic 
shock could be ameliorated by AI predictive tools. Using electronic 
health record data, machine- and deep-learning algorithms have been 
able to predict many important clinical parameters, ranging from 
Alzheimerôs disease to death (Table 3)86,90ï107. For example, in a recent 
study, reinforcement learning was retrospectively carried out on two 
large datasets to recommend the use of vasopressors, intravenous 
fluids, and/or medications and the dose of the selected treatment for 
patients with sepsis; the treatment selected by the óAI Clinicianô was 
on average reliably more effective than that chosen by humans108. 
Both the size of the cohorts studied and the range of AUC accuracy 
reported have been quite heterogeneous, and all of these reports are 
retrospective and yet to be validated in the real-world clinical setting. 
Nevertheless, there are many companies that are already marketing 
such algorithms, such as Careskore, which is providing health sys-
tems with estimated of risk of readmission and mortality based on 
EHR data109. Beyond this issue, there are the differences between the 
prediction metric for a cohort and an individual prediction metric. 
If a modelôs AUC is 0.95, which most would qualify as very accurate, 
this reflects how good the model is for predicting an outcome, such 
as death, for the overall cohort. But most models are essentially clas-
sifiers and are not capable of precise prediction at the individual level, 
so there is still an important dimension of uncertainty.

In addition to data from electronic health records, imaging has 
been integrated to enhance predictive accuracy98. Multiple stud-
ies have attempted to predict biological age110,111, and this has been 
shown to best be accomplished using DNA methylationïbased 
biomarkers112. With respect to the accuracy of algorithms for pre-
diction of biological age, the incompleteness of data input is note-
worthy, since a large proportion of unstructured dataðthe free text 
in clinician notes that cannot be ingested from the medical recordð
has not been incorporated, and neither have many other modalities 
such as socioeconomic, behavioral, biologic ó-omicsô, or physiologic 
sensor data. Further, concerns have been raised about the potential 
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Fig. 2 | Examples of AI applications across the human lif espan. dx, diagnosis; IVF, in vitro fertilization K+, potassium blood level. Credit: Debbie Maizels/

Springer Nature

Table 3 | Selected reports of machine- and deep-learning 
algorithms to predict clinical out comes and related parameters

Prediction n AUC Publication 

(Reference 

number)

In-hospital 

mortality, unplanned 

readmission, 

prolonged LOS, final 

discharge diagnosis

216,221 0.93*0.75+0.85# Rajkomar et al.96

All-cause 3ï12 

month mortality

221,284 0.93^ Avati et al.91

Readmission 1,068 0.78 Shameer et al.106

Sepsis 230,936 0.67 Horng et al.102

Septic shock 16,234 0.83 Henry et al.103

Severe sepsis 203,000 0.85@ Culliton et al.104

Clostridium difficile 

infection

256,732 0.82++ Oh et al.93

Developing diseases 704,587 range Miotto et al.97

Diagnosis 18,590 0.96 Yang et al.90

Dementia 76,367 0.91 Cleret de 

Langavant et al.92

Alzheimerôs Disease 

( +  amyloid imaging)

273 0.91 Mathotaarachchi 

et al.98

Mortality 

after cancer 

chemotherapy

26,946 0.94 Elfiky et al.95

Disease onset for 

133 conditions

298,000 range Razavian et al.105

Suicide 5,543 0.84 Walsh et al.86

Delirium 18,223 0.68 Wong et al.100

LOS, length of stay; n, number of patients (training+ validation datasets). For AUC values:  

*, in-hospital mor tality;+ , unplanned readmission; #, prolonged LOS; ̂ , all patients; @, 

structured+ unstructured data; + + , for University of Michigan site.
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E. Topol, 2017



Potentielle Anwendungen der KI in der Medizin

Diagnosis or prognosis

E. Topol, 2017



KI in der biomedizinischen Forschung

Art ificial intelligence papers in biomedical research

Source: PubMed (2000 ï2021)

2016: 8 ,5 5 1 papers

2021: 4 4 ,0 2 7 papers

Medical AI  in Research



Beispiel: KI in der Radiologie

ÅVon 64 KI-basierten, von der FDA zugelassenen medizinischen 

Algorithmen sind 30 (46,9 %) auf die Radiologie fokussiert.
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Beispiel: KI in der Radiologie

Früherkennung, Prognose

Semantische Bildanalyse

Quantifizierung bildbasierte Biomarkern

Bildverbesserung

Bildakquisition und Rekonstruktion

Diagnose und Therapieverfolgung

Schnelle Bildgebung

Super-resolution, Bildfusion

Detektion, Lokalisierung, 

Segmentierung

Computer-aided decision 

support systems

Radiomics



KI in der Bildrekonstruktion

Convolution + RELU

Max pooling

Transposed convolution

Softmax Skip layers



KI in der Bildrekonstruktion

(a) 6x Undersampled (b) Deep learning reconstruction (c) Ground Truth

Schlemper et al. IEEE TMI 2017

Hier befindet sich Videomaterial, welches aufgrund der 

Dateigröße in dieser Präsentation nicht angezeigt

warden kann. Für die vollständige Präsentation wenden

Sie sich bitte an geschaeftsstelle@akek.de



KI-basierte Bildanalyse

Bai et al., JCMR 2018



KI-basierte Bildanalyse

Lavdas et al. 2017, 

Medical Physics



Bello et al. Nature Machine Intelligence 2019

KI-basierte Entscheidungsunterstützung



Bello et al. Nature Machine Intelligence 2019

KI-basierte Entscheidungsunterstützung



KI hat das Potenzial die Medizin und 

Gesundheitsversorgung zu revolutionieren

aber was sind die Herausforderungen 

an die KI Forschung in der Zukunft?



Herausforderung #1: Vertrauenswürdige KI



Herausforderung #1: Vertrauenswürdige KI

X. Ma et al. Pattern Recognition, 2021



Herausforderung #2: Transparenz



Herausforderung #2: Transparenz

Abdominal View

Confidence: 98%

Lips View

Confidence: 96%



Herausforderung #2: Transparenz



Herausforderung #3: Diversität, Bias und Fairness



Herausforderung #3: Diversität

ÅVariabilität der Daten
ïSchwankungen bei der Bildaufnahme (z. B. aufgrund von 

Scannerunterschieden)

ïPopulationsvariabilität (normal vs. pathologisch)

Data during training Data during deployment



Herausforderung #3: Bias und Fairness

Obermeyer et al., Science 2019



Herausforderung #4: Datenschutz



Herausforderung #4: Datenschutz 

Kaissis et al., Nature Machine Intelligence, 2020



Hospital 

A Hospital 

B

Hospital 

C

Verteiltes Lernen



Hospital 

A Hospital 

B

Hospital 

C

Verteiltes Lernen



Hospital 

A Hospital 

B

Hospital 

C

Verteiltes Lernen



Verteiltes Lernen alleine reicht nicht!

Original           Model Inversion Original           Model Inversion

Kaissis et al. Nature Machine Intelligence, 2021



Privatsphäre-wahrende KI für die Klinik



Privacy-preserving machine learning:

Differential privacy

Figure from https://www.nist.gov/blogs/cybersecurity-insights/differential-privacy-privacy-preserving-data-analysis-introduction-our

https://www.nist.gov/blogs/cybersecurity-insights/differential-privacy-privacy-preserving-data-analysis-introduction-our


Privatsphäre-wahrende KI

Original             DP-/SecAgg- DP+/SecAgg_ Original             DP-/SecAgg- DP+/SecAgg_

Kaissis et al. Nature Machine Intelligence, 2021

Original           Model Inversion Original           Model Inversion



Privatsphäre-wahrende KI

Original             DP-/SecAgg- DP+/SecAgg_ Original             DP-/SecAgg- DP+/SecAgg_

Kaissis et al. Nature Machine Intelligence, 2021

Original           Model Inversion            mit DP        Original           Model Inversion             mit DP      



Was bringt die Zukunft?


