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EYXAPIZTIEZ

@Otdavovtag edw kat ypadovtag autég T oeAideg Ba RBeAa va eUXAPLOTAOW OPXLKA
TOV OTEVO HOU KUKAO yLO TNV OUEPLOTN UTIOOTAPLEN OAOV QUTOV TOV Kalpo. ATO TIG
EUXAPLOTIEC PuOLKA be Ba EAeLrtav OAoL oL KaBNyNTEG pou aAAd LOLALTEPWG O
eTPBAEMOVTAC KABNYNTAG TNG TTTUXLAKNG Lou epyaoiag, 2.I. Kepauidag, yla tnv
kaBodrynon Tou autd Ta XpOovia HECW TWV HOBONUATWY TOU Kol TV TTOAUTLUN
BonBeLa mou nmpooédepe cuyypadovtag to BLBAio “Zntuata Opoloyiag otnv
Texvikn Metadpaon . EmumpocBeta éva LEYAAO EUXAPLOTW AVAKEL OTOV
HeTamTuxlako ottt Xprioto MNavvoutoo yia tnv moAuTiun Boribsla tou otov
gumAouTIopo TG BLBAloypadiac. TEAog, Ba RBeAa va euxapPLOTHOW TNV KAAI LOU
diAn kot pottATpla tou TuApatog NMAnpodopikn pe Ebapuoyeg otnv Bloltatpikni,
ZnvoBia Aalapn, ylo TNV MVEULATLKA TNG KAB0Srynon oTov EMLOTNUOVIKO TOUEQ TNG
FoviSlwpatikig kat tng MAnpodopikng.



A. KEIMENO AQETHPIAZ

A guide to deep learning in healthcare

Andre Esteva, 3*, Alexandre Robicquetl, 3, Bharath Ramsundarl, Volodymyr
Kuleshovl, Mark DePristo2,

Katherine Chou2, Claire Cui2, Greg Corrado2, Sebastian Thrunl and Jeff Dean2

Here we present deep-learning techniques for healthcare, centering our discussion
on deep learning in computer vision, natural language processing, reinforcement
learning, and generalized methods. We describe how these computational
techniques can impact a few key areas of medicine and explore how to build end-
to-end systems. Our discussion of computer vision focuses largely on medical
imaging, and we describe the application of natural language processing to
domains such as electronic health record data. Similarly, reinforcement learning is
discussed in the context of robotic-assisted surgery, and generalized deep-learning
methods for genomics are reviewed.

Deep learningl, a subfield of machine learning (ML), has seen a dramatic resurgence
in the past 6 years, largely driven by increases in computational power and the
availability of massive new datasets. The field has witnessed striking advances in the
ability of machines to understand and manipulate data, including images2,
language3, and speech4. Healthcare and medicine stand to benefit immensely from
deep learning because of the sheer volume of data being generated (150 exabytes or
1018 bytes in United States alone, growing 48% annually5) as well as the increasing
proliferation of medical devices and digital record systems.

ML is distinct from other types of computer programming in that it transforms the
inputs of an algorithm into outputs using statistical, data-driven rules that are
automatically derived from a large set of examples, rather than being explicitly
specified by humans. Historically, constructing a ML system required domain
expertise and human engineering to design feature extractors that transformed raw
data into suitable representations from which a learning algorithm could detect
patterns. In contrast, deep learning is a form of representation learning—in which a
machine is fed with raw data and develops its own representations needed for
pattern recognition—that is composed of multiple layers of representations. These
layers are typically arranged sequentially and composed of a large number of
primitive, nonlinear operations, such that the representation of one layer (beginning
with the raw data input) is fed into the next layer and transformed into a more
abstract representationl. As data flows through the layers of the system, the input
space becomes iteratively warped until data points become distinguishable (Fig. 1a).
In this manner, highly complex functions can be learned.



Deep-learning models scale to large datasets—in part owing to their ability to run on
specialized computing hardware—and continue to improve with more data, enabling
them to outperform many classical ML approaches. Deep-learning systems can
accept multiple data types as input—an aspect of particular relevance for
heterogeneous healthcare data (Fig. 1b). The most common models are trained
using supervised learning, in which datasets are composed of input data points (e.g.,
skin lesion images) and corresponding output data labels (e.g., ‘benign’ or
‘malignant’). Reinforcement learning (RL), in which computational agents learn by
trial and error or by expert demonstration, has progressed with the adoption of deep
learning, achieving remarkable feats in areas such as game playing (e.g., Go6). RL can
be useful in healthcare whenever learning requires physician demonstration, for
instance in learning to suture wounds for robotic-assisted surgery7.

Computer vision

Some of the greatest successes of deep learning have been in the field of computer
vision (CV)2. CV focuses on image and video understanding, and deals with tasks
such as object classification, detection, and segmentation—which are useful in
determining whether a patient’s radiograph contains malignant tumors.
Convolutional neural networks (CNNs)1,2, a type of deep-learning algorithm
designed to process data that exhibits natural spatial invariance (e.g., images, whose
meanings do not change under translation), have grown to be central in this field.

Medical imaging, for instance, can greatly benefit from recent advances in image
classification and object detection2,8. Many studies have demonstrated promising
results in complex diagnostics spanning dermatology9,10, radiology11-14,
ophthalmology15-17, and pathology18-21 (Fig. 2). Deep-learning systems could aid
physicians by offering second opinions and flagging concerning areas in images.

Image-level diagnostics have been quite successful at employing CNN-based
methods (Fig. 2). This is largely due to the fact that CNNs have achieved human-level
performance in object-classification tasks2, in which a CNN learns to classify the
object contained in an image. These same networks have demonstrated strong
performance in transfer learning22, in which a CNN initially trained on a massive
dataset that is unrelated to the task of interest (e.g., ImageNet2, a dataset of
millions of common everyday objects) is further fine-tuned on a much smaller
dataset related to the task of interest (e.g., medical images). In the first step, the
algorithm leverages large amounts of data to learn of the natural statistics in
images—straight lines, curves, colorations, etc.—and in the second step, the higher-
level layers of the algorithm are retrained to distinguish between diagnostic cases.
Similarly, object detection and segmentation algorithms identify specific parts of an
image that correspond to particular objects. CNN methods take image data as input
and iteratively warp it through a series of convolutional and nonlinear operations



until the original raw data matrix is transformed into a probability distribution over
potential image classes (e.g., medical diagnostic cases) (Fig. 2).

Remarkably, deep-learning models have achieved physician-level accuracy at a broad
variety of diagnostic tasks, including identifying moles from melanomas9,10, diabetic
retinopathy, cardiovascular risk, and referrals from fundus15,16 and optical
coherence tomography (OCT)17 images of the eye, breast lesion detection in
mammograms13, and spinal analysis with magnetic resonance imaging23. A single
deep-learning model has even been shown to be effective at diagnosis across
medical modalities (e.g., radiology and ophthalmology)24.

a Neural network layers make data linearly separable
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[Fig. 1 | Deep learning. a, A simple, multilayer deep neural network takes two classes
of data, denoted by the different colors, and makes them linearly separable by
iteratively distorting the data as it flows from layer to layer. The final output layer
serves as a classifier by outputting the probability of either one of the classes. This
example illustrates the basic concept used by large scale networks. Conceptual
illustration adapted with permission from http://colah.github.io/. b, Example large-
scale network that accepts as input a variety of data types (images, time-series, etc.),
and for each data type learns a useful featurization in its lowerlevel towers. The data
from each tower is then merged and flows through higher levels, allowing the DNN



to perform inference across data types—a capability that is increasingly important in
healthcare.]

However, a key limitation across studies that compare human to algorithmic
performance has been a lack of clinical context—they constrain the diagnosis to be
performed using just the images at hand. This often increases the difficulty of the
diagnostic task for the human reader, who in real-world clinical settings has access
to both the medical imagery and supplemental data, including the patient history
and health record, additional tests, patient testimony, etc.

Clinics are beginning to employ object detection and segmentation in images for
urgent and easily missed cases, such as flagging large-artery occlusion in the brain
using radiological images14, during which patients have a limited amount of time (a
few minutes) before permanent brain damage occurs. Further, cancer
histopathology reads, which require human experts to laboriously scan and diagnose
gigapixel images (or equivalently large physical slides) can be supplemented with
CNNs trained to detect mitotic cells18 or tumor regions19. They can be trained to
guantify the amount of PD-L1 present in a histopathology image20—a task
important in determining which type of immuno-oncology drug a patient would be
receptive to. Combined with pixel-level analyses, CNNs have even been used to
discover biological features of tissue associated with survival probability21.

The primary limitation to building a supervised deep-learning system for a new
medical imaging task is access to a sufficiently large, labeled dataset. Small and
labeled datasets for specific tasks are easier to collect, but result in algorithms that
tend to perform poorly on new data. In these cases, techniques for heavy data
augmentation have been shown to be effective at helping algorithms generalize25.
Similarly, large but unlabeled datasets are also easier to collect, but will require a
shift towards improved semisupervised and unsupervised techniques, such as
generative adversarial networks26.

Natural language processing

Natural language processing (NLP) focuses on analyzing text and speech to infer
meaning from words. Recurrent neural networks (RNNs)—deep learning algorithms
effective at processing sequential inputs such as language, speech, and time-series
data27—play an important role in this field. Notable successes of NLP include
machine translation28, text generation29, and image captioning30. In healthcare,
sequential deep learning and language technologies power applications within
domains such as electronic health records (EHRs).

EHRs are rapidly becoming ubiquitous31. The EHR of a large medical organization
can capture the medical transactions of over 10 million patients throughout the
course of a decade. A single hospitalization alone typically generates ~150,000



pieces of data. The potential benefits derived from this data are significant. In
aggregate, an EHR of this scale represents 200,000 years of doctor wisdom and 100
million years of patient outcome data, covering a plethora of rare conditions and
maladies. As such, applyication of deep-learning methods to EHR data is a rapidly
expanding area32,33.

Figure 3 outlines the technical steps in building deep-learning systems for EHRs. Raw
data are first aggregated across institutions in order to ensure that a generalizable
system is built. The data are then standardized and parsed temporally and across
patients, which makes them suitable for deep-learning training. From this, we can
then infer answers to high-level medical questions, such as ‘What past history is
relevant to the patient’s current diagnosis?’, ‘What is the patient’s current problem
list?’, and ‘What opportunities are there to intervene?’

When making predictions, most work to date uses supervised learning on limited
sets of structured data, including lab results, vitals, diagnostic codes, and
demographics. To account for the structured and unstructured data contained in
EHRs, researchers are beginning to employ unsupervised learning approaches, such
as auto-encoders—in which networks are first trained to learn useful
representations by compressing and then reconstructing unlabeled data—to predict
specific diagnoses34. Recent uses of deep learning model the temporal sequence of
structured events that occurred in a patient’s record with convolutional and
recurrent neural networks in order to predict future medical incidents35—-38. Much
of this work focuses on the Medical Information Mart for Intensive Care (MIMIC)
dataset39 (e.g., for the prediction of sepsis40), which contains intensive care unit
(ICU) patients from a single center. While ICU patients generate more EHR data than
non-ICU patients, they are significantly outnumbered by non-ICU patients. As such, it
is still uncertain how well techniques derived from this data will generalize to
broader populations.

The next generation of automatic speech recognition32 and information extraction
models will likely develop clinical voice assistants to accurately transcribe patient
visits. Doctors easily spend 6 hours in an 11-hour workday working on
documentation in the EHR, which leads to burnout and reduces time with
patients31. Automated transcription will alleviate this and facilitate more affordable
scribing services. Consider RNN-based language translation27, which uses an end-to-
end technique to translate directly from speech in one language to text in another.
Adapted to EHRs, this technique could translate a patient—provider conversation
directly into a transcribed text record. The key challenge lies in classifying the
attributes and status of each medical entity from the conversation while accurately
summarizing the dialogue. Though promising in early human—computer interaction
experiments, these techniques have yet to be widely deployed in medical practice.
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[Fig. 2 | Medical imaging. CNNs can be trained on a variety of medical imagery,
including radiology, pathology, dermatology, and ophthalmology.

Information flows left to right. CNNs take input images and sequentially transform
them, using simple operations such as convolutional, pooling, and fully connected
layers, into flattened vectors. The elements of the output vector (softmax layer)
represent the probabilities of the presence of disease. During the training process,
the internal parameters of the network layers are iteratively adjusted to improve
accuracy. Typically, lower layers (left) learn simple image features—edges and basic
shapes—which influence the high-level representations (right). Prediction tasks
include both classification of the images ( i.e., cancerous versus benign) as well as
localization of medical features such as tumors.]

Future work will likely focus on developing algorithms to better leverage some of the
information-rich yet unstructured data in EHRs. Clinical notes, for instance, are often
omitted or redacted when developing predictive systems. Here, large-scale RNNs are
beginning to demonstrate impressive predictive results by combining structured and
unstructured data in a semisupervised way33. This data combination allows them to
learn from broader populations across more diverse data types, outperforming other
techniques across tasks including mortality, readmission, length of stay, and
diagnosis predictions.

Reinforcement learning

Reinforcement learning (RL) refers to a class of techniques designed to train
computational agents to successfully interact with their environment, typically to
achieve specific goals. This learning can happen through trial and error, through
demonstration, or through a hybrid approach. As an agent takes actions within its
environment, an iterative feedback loop of reward and consequence trains the agent
to better accomplish the goals at hand. Learning from expert demonstration is
accomplished either by learning to predict the expert’s actions directly via
supervised learning (i.e., imitation learning) or by inferring the expert’s objective
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(i.e., inverse RL). To successfully train an agent, it is critical to have a model function
that can take as input sensory signals from the environment and output the next
actions for the agent to take. Deep RL, in which a deep-learning model serves as the
model function, shows promise.

One healthcare domain that can benefit from deep RL is robotic-assisted surgery
(RAS). Currently, RAS largely depends on a surgeon guiding a robot’s instruments in a
teleoperated fashion. Deep learning can enhance the robustness and adaptability of
RAS by using computer vision models (e.g., CNNs) to perceive surgical environments
and RL methods to learn from a surgeons physical motions41,42.

These techniques support the automation and speed of highly repetitive and time-
sensitive surgical tasks, such as suturing and knot-tying7. For instance, computer
vision techniques (e.g., CNNs for object detection/segmentation and stereovision)
can reconstruct the landscape of an open wound from image data, and a suturing or
knot-tying trajectory can be generated by solving a path optimization problem that
attempts to find an optimal trajectory while accounting for external constraints, such
as joint limits and obstacles43. Similarly, image-trained RNNs can learn to tie knots
autonomously by learning sequences of events, in this case physical maneuvers,
from surgeons44.

These techniques are particularly advantageous for fully autonomous robotic surgery
or minimally invasive surgery. Consider modern laparoscopic surgery (MLS)—in
which several small incisions are used to insert a number of instruments into the
body, including cameras and surgical tools, which surgeons then teleoperate. Deep
imitation learning, RNNs, and trajectory transfer algorithms can fully automate
certain teleoperated manipulation tasks of the surgical procedure7. In MLS, the
automation of repetitive tasks is even more time-critical than in open surgery. For
instance, it may take 3 minutes to tie a knot in MLS instead of a few seconds, as in
open surgery.

One of the main challenges during semiautonomous teleoperation is correctly
localizing an instrument’s position and orientation in the vicinity of surgical scenes.
Here, recent pixel-wise instrument segmentation techniques45, developed using an
improved U-Net architecture CNN25,46, begin to show promise. Another challenge
for the progression of deep learning in surgical robotics is data collection. Deep
imitation learning requires large training datasets with many examples per surgical
action. Given that many surgeries are nuanced and unique, it remains difficult to
collect sufficient data for more general surgical tasks. Further, it remains difficult for
autonomous systems to adapt to completely unknown and unobserved situations
highly dissimilar from anything previously seen, such as an anomalous surgical
accident.
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Generalized deep learning

Beyond CV, NLP, and RL tasks, deep learning is adaptable to domains in which input
data is nuanced and requires specialized treatment. For illustrative purposes, here
we consider genomics, an example domain in which deep learning has been adapted
beyond conventional (e.g., CNN- or RNN-based) approaches to work with unique
(e.g., nonimage, nontemporal) data representations.

Modern genomic technologies collect a wide variety of measurements, from an
individual’s DNA sequence to the quantity of various proteins in their blood. There
are many opportunities for deep-learning system in genomics involves taking raw
data (e.g., deep learning to improve the methods used to analyze these mea- gene
expression data), converting this raw data into input data tensurements, which will
ultimately help clinicians provide more accusors, and feeding these tensors through
neural networks which then rate treatments and diagnoses. The typical pipeline for
building a power specific biomedical applications (Fig. 4).
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Use Al 10 answer
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history should be reviewed? state needs 10 be known? 1o intervene? of future cutcomes?

[Fig. 3 | Making predictions using EHRs. a, Unstructured EHR data. Medical records
are stored in idiosyncratic data structures and formats such that models built on a
given hospital’s record do not necessarily work with data from a different hospital. b,
Data standardization. By mapping data from multiple sites to a single format based
on FHIR, data are standardized into a homogeneous format. ¢, Sequencing. By
temporally sequencing all data into a patient timeline, time-based deep-learning
techniques can be applied on the entirety of EHR datasets for making predictions
about single patients.]
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[Fig. 4 | ML in genomics. a, Input data. Genomic data consists of experimental
measurements from which certain properties or outcomes of interest may be
predicted. This data is often diverse and may include sequencing, gene expression,
and functional data as well as other forms of molecular data. b Example data
tensors. Raw experimental measurements need to be transformed into a form that is
suitable for consumption by deep-learning algorithms, which take as input
multidimensional data tensors and associated target labels. ¢, DNN. Labeled tensors
are used to train DNNs to predict the label from the input data tensor. d, Biomedical
applications. Trained DNNs can be used in biomedical applications, such as in
predicting labels for previously unseen data tensors or examining the relationship
between input data and output labels. Example applications include interpreting
experimental data (e.g., inferring DNA sequences from the output of a sequencing
instrument or inferring the effects of DNA mutations on gene splicing) and molecular
diagnostics (e.g., predicting the effects of genetic mutations on disease risk or drug
response), among many others.]
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One set of opportunities centers on genome-wide association (GWA) studies—Ilarge
case-control studies that seek to discover causal genetic mutations affecting specific
traits. Analyzing GWA studies requires algorithms that scale to very large patient
cohorts and that deal with latent confounders. These challenges can be addressed
via optimization tools and techniques developed for deep learning—including
stochastic optimization and other modern algorithms47 combined with software
frameworks for scaling computation in parallel48—as well as through modeling
techniques that handle unseen confounders49. In the near future, models that
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integrate external modalities and additional sources of biological data into GWA
studies—e.g., medical images or measurements of splicing and other intermediary
molecular phenotypes—may also benefit from deep learning to more accurately
identify disease-associated causal mutations50.

Understanding the genetics of disease allows clinicians to recommend treatments
and provide more accurate diagnoses. A key challenge for physicians is determining
if novel variants in a patient’s genome are medically relevant. In part, this decision
relies on predicting the pathogenicity of mutations; a task which already uses
features like protein structure and evolutionary conservation to train learning
algorithms51. Given their greater power and ability to effectively integrate disparate
data types, deep-learning techniques are likely to provide more accurate
pathogenicity predictions than are possible today52.

Machine learning also plays a role in phenotype prediction from genetic data,
including complex traits such as height as well as disease risk. Deep learning can
further enhance such models by integrating additional modalities such as medical
images, clinical history, and wearable device data53. A particularly promising
approach to phenotype prediction is to predict intermediate molecular
phenotypes—e.g., gene expression or gene splicing—which then feed into
downstream disease predictors54. Intermediate molecular states can be easier to
predict than human traits because of larger, more proximal signals and more
extensive training data. These two features make the problem a good fit for deep
learning, which has shown success at predicting splicing55 and transcription factor
binding56.

Genomic data can also directly serve as a biomarker for the onset and progression of
disease. For example, blood contains small fragments of cell-free DNA released from
cells present elsewhere in the body. These fragments are noninvasive indicators of
organ rejection (i.e., the immune system attacking graft cells57), bacterial
infection58, and early-stage cancer59. Cell-free DNA is successfully used in prenatal
diagnostics: fetal DNA present in the mother’s blood indicates chromosomal
aberrations and can reveal the whole genome of the fetus60. Biomarker data are
often noisy and requires sophisticated analysis (e.g., to determine whether cell-free
DNA is indicative of cancer); deep-learning systems can enhance the quality of
biomarker assays targeting DNA sequences61, methylation62, gene expression63,
chromatin64 profiles, and many other measurements.
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B. KEIMENO AQIZEQ>

‘Evag 06nyo¢ ya tnv Badid padnon otnv UyELOVOULKNA
nepiOaAn

Andre Esteva !, 3*, Alexandre Robicquet !,3, Bharath Ramsundar !, Volodymyr Kuleshov !,
Mark DePristo %, Katherine Chou 2, Claire Cui %, Greg Corrado 2, Sebastian Thrun ! and
Jeff Dean?.

210 MapOvV EMLOTNUOVLIKO ApBpo napouctalovral TEXVIKEG BaBLdg pabnong yia tnv
UyELovoKA TtepiBaAn, eotidlovtoag TNV mpoooxn pog otnv Badid padnon tng
UTTOAOYLOTLKI G Opacng, otnv ene§epyaocia tng puoikrg yYAwaooag, otnv evioxuon
™G LAONONG Kal TWV YEVIKEUHEVWV HEOOSwWV. Meplypadou e MwWG QUTEG OL
UTTOAOYLOTIKEG TEXVIKEG MITOPOUV VO EMNPEACOUV HEPLKOUG BACIKOUG TOUELS TNG
LOLTPLKAG Kol SLEPEVUVOULLE TO WG VAL XTIOOUME SLateppatika cuotiuata. H
oulTNOoN HOG YLO TRV LNXOAVLKN OPOLOT) EMLKEVTPWVETAL O PEYAAO BaOuo otnv
LOTPLKNA AMELKOVION Kal teplypadetal n edpappoyn tne eneéepyaociag tng GuoIKig
YAWooag o€ TOUELG OTWG Tt SESOUEVA NAEKTPOVIKWV UNTPWWV UYELAG.
Mapopoiwg, n evioxutikn padnon culnteital oto MAALCLO TG POUITOTLKNAG
XELPOUPYLKAG Kal e§eTalovTal YEVIKEUMEVEG HEBoSOoL BaBLdg padnong yia tnv
FoviStwpatkn.

H Babid pabnon 1, éva unomedio tng pnxavikig nadnong (ML), éxel
YVWPLoEL onUavTikn emttuyia ta teAevtaia 6 xpovia, kupiwg Adyw tng avénong tng
UTTOAOYLOTIKNC LoXVOC KAl TNG HallknG SLaBeouoTNTOC VEWY CUVOAWV SE60UEVWV.

To medio €xeL ONUELWOEL EVIUTIWOLAKEG TIPOOSOUC OTNV LKOVOTNTO TWV HNXOVWV Va
Kotavoouv Kal va Xstpilovtal Se5opéva, cupnepAapBavopévwy EIKOVWY 2, YAWooog
3 kot opuhiag 4. H uyelovoptkr epi®aAn Kat n atpky enwdeAovvtal o€ Heydo
BaBuo amnd tn fabd pabnon Aoyw tou unepueyEBoug oykou Sedopévwy Tou
Snuoupyouvtal (150 exabytes 1 1018 bytes poévo otic Hvwuéveg MoAwteieg, oe
avénon katd 48% stnoiwg ° ) kKabwe Kat Tov auEavOUEVO TTOAATIAQCLAOUO LOTPLKWV
OUOKEUWV KAl CUCTNUATWY PndLakwv apxeiwv.

H unxavikn padnon (ML) Stadépel and aAAoug TUTTOUG TPOYPAUUATIOMOU
uTtoAoyLoTtwv, SeSoUEVOU OTL LETATPETIEL TIG ELOAYWYEG EVOG aAyopiBuou oe
€€aYWYEG, XPNOLUOTIOLWVTOG OTATLOTIKOUG Kavoves Baoel Sedopévwy, Tou
TIPOEPXOVTAL AUTOUATA ATtd £va LEYAAO GUVOAO OPASELYUATWY, OVTL v
npoodlopilovtal Aentopepw¢ amnod tov avBpwro. Mapadoolakd, N KATACKEUT) EVOG
CUOTNHATOG UNXAVIKAG Habnong (ML) anattovoe e€eldikeuon Topéa KoL Epyovopia
yla To oXeSLaopd e€aywyEWV XOPOKTNPLOTIKWY, TIOU HETETPEP AV EMEEEPYATUEVQL
6ebopéva og KATAAANAEG aVATTAPOOTACELC, ATIO TLG OTOLEG EvaG aAyOpLOUOG
HABnong umopouoe va avayvwpiloeL mpoTuma.
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AvTIO€TWG, N Babld padnon sival pla popdn HABNONG AvamapaoTacnC- KATA
TNV omola pLa pnxavr) tpododoteital pe pn enefepyacuéva Sedopéva kal
OVATTTUOOEL TIG SIKEC TNG AVATIAPAOTACELG, TTOU QTALTOUVTAL YL TNV OVayVWPLoN
TIPOTUTIWYV — N omola anoteAeital amo MOANATAA CTPWHATA AVATIOPAOTACEWV. AUTA
Ta oTpWHATA oLUVNBWC elval tormoBetnuéva SladoyIka Kal arnoteAovuvTal and
HEYAAO apLlOUO TTPWTOYEVWY, 1N YPOUULKWY AELTOUPYLWY, ETOL WOTE N
QVATIOPAOTACHN EVOG OTPWHATOG (EEKLVWVTAC E TNV ELOAYWYH IUN-EMEEEPYACUEVWV
6ebopévwy) va tpododoteital 0TO EMOUEVO OTPWHA KOL VO LETOTPETIETAL OE HLOL
ouvortikotepn avarnapdotaon . Kabwg ta SeSopéva pEouv HECW TWV OTPWUATWY
TOU CUOTNHATOG, 0 XWwPOoG L0060V oTPEPBAWVETAL EMAVAANTITIKA £WC OTOU TA oNUEia
debopévwy va yivouv Stakpitd (Ewk. 1a). Me autov Tov TpOmo, UmopouV TIOAUTTIAOKEG
Aettoupyleg va yivouv pépog tng Bablag pabnong.

Ta povtéda Bablag padnong KAlpakwvovtal os peyala cUvola SeSopévwy -
£V HEPEL AOYW TNC LKAVOTNTAG TOUG VO KTPEXOUV» OF EEELOLKEUUEVO UTIOAOYLOTIKO
UALKO - Kall ouveyilouv va BeATLwvovtal Le TeplocOTeEPA SESOUEVA, ETUTPEMOVTAG
TOUG VO ONUELWOOUV KaAUTEPN emidoon amod AANeC KAOGIKEG TIPOCEYYIOELS TNG
Mnxavikng Madnong (ML). Ta cuotriuata Bablag pabnong umopouv va Sextouv
oA amAoU¢ TUTIouG SeSopévwy wE elcodo - pia ruxn Wiaitepng onuaociog yla
etepoyevr) 6edopéva vyelovoulkng mepiBaAPng (Ewk. 1B). Ta o ocuvnBlopéva
HOVTEAQ ekmadelovTaL XpNOLLOTOLWVTOG EMBAETOMEVN LABNON, OTou Ta cUVOAQ
Sebopévwy amoteAouvtal anod onuela elcaywyng dedopévwy (TLy. elkoveg BAABNG
6£pUaTOG) KAl OVTIOTOLXEC ETIKETEC e€aywynG SeSopévwy (m.x. «kaAondn» n
«KakonBn»). H evioyutikn HAabnon, KATd TNV Omoila UTTOAOYLOTLKOL TTAPAYOVTEG
pnoBaivouv pEow SoKLUNAG Kal opAAUATOC N KATOTILY KaBodrynong EUMELpoyVWHOVA,
EXeL tpoodeloeL He TNV VLOBETNON TG BabLAg nABnong, emtuyxdvovtag €ToL
a€LOONUELWTA ETUTEVYUOTA OE TOUEIG OTIWG TO TtaXVidL (TL.X. Go®). H eVIoXUTIKA
pHabnon evéExetal va pavel XprioLUn OTnNV UYELOVOULKH TIeplBaAn, 0 MEPUTTWOELG
TIou N HAaBnon amnattel emidel€n ano watpo. Eva tétolo mapadelypa eivat n
TIEPLMTWON KOTA TNV OMoila amnalteital n ekuadnon popUATWY XELPOUPYLKWV
enepuBdaoswv pe poprnotikr Bondela ’.

Mnxavikn 6pacn

Mepikéc amo TiG To omoudaleg emituyieg tng Bablag pabnong £xouv
onUelwBel oTov Topéa TNG HNXavikic 6paong (CV) 2. H pnxavikr) 6paocn
ETUKEVTPWVETAL OTNV KATAVONON EKOVWV Kal Bivteo kol acxoAeital pe BEpata Onwg
N Ta§LVOUNON QVTLKELLEVWY, N aviXVeuon Kal n katdtunon -ta onoia BonBouv otov
KaBoplopo tou edv oto padloypddniua Tou aoBevoug avixvelovtal KakonoeLg
oykot. Ta Suvehiktikd Neupwvikd Aiktua (CNNs) 12, to onoio givat éva eidog Badudg
pnabnong, mou oxedlaotnke yla va enefepyaletal dedopéva, Ta onoia mapouaotalouvy
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™ GUOLKN XWPLKN apeTaBAnTOTNTA (Yot TAPASELYUA, ELKOVEG, TWV OTOLWV Ol EVVOLEG
6ev aAhalouv katad tn Sladikaoia tng HeETAdpAonC), EXOUV KATAANEEL VO KATEXOUV
Baotkr Bon o€ AUTOV TOV TOpEQ. *

H watpikn amnelkovion, mapadeiypatog xapLy, pnopet kaAAlota va wpeAnOet
amno npoodates MPoOdoug, IOV €XOUV CNUELWBEL, 0TNV TAELVOUNGCN ELKOVWYV KaL TNV
avixveuon avtikewévwy 28 . MoAEC pelétec €xouv Swoel ehrbodopa
QMOTEAECUATO OE TIEPUTAOKEC SLOYVWOTIKEC, TIou adopolv tn depuatoloyia °19, tnv
padtoloyia 11, tnv opBaAporoyio 17 kat tnv maboloyia 82! (Ewdva 2). Ta
ocuotiuata Bablag pabnong Ba pnopouvcav va Bonbricouv Toug LATPOUG
npoodEpovtag Toug pia SeUTEPN YVWHN KAl EMLONUALVOVTAC TA AVNOUXNTIKA onueia
OTLG ELKOVEC.

OL OIELKOVLOTIKEC SLOYVWOTIKEG £XOUV ONUELWOEL APKETA PEYAAN eMLTUXi O€
otL adopad t xprion neBodwv mou €xouv Baototel 0To ZUVEAIKTIKO NEUPpWVLIKO
Aiktuo (CNN). Auto odeiletal og peydho Babuod oto yeyovog OTL T TUVEALKTIKA
Neupwvika Aiktua €xouv Katopbwoel va ¢ptacouv tnv avBpwrivn anddoon oe
InTAHaTA TaELVOUNONC AVTIKELUEVWY, oTa omola éva NeupwVLKO ZUVEALKTIKO AlKTuO
(CNN) paBaivet va taélvopel To avtikeipevo mou anetkoviletal. Autd ta idta Siktua
€xouv eTudeiel Suvatr anddoon otn petadopd paddnong 2%, Katd tnv SLdpkeLa tng
omolag, éva ZuveAktikd Neupwviko Aiktuo (CNN), apxLka eKmalSeUUEVO O Eva
oykwde¢ ouvolo Sedopévwy, To omoio Sev oxetiletal pe to medio evdlapEpovtog
(ya mapddetypa, to ImageNet [ETM 1], éva oUvolo Sebopévwy amnoteAoUpevo amnd
EKATOUHUPLA ouvNOLoUEVA QVTIKELLEVA KOONUEPLVAG XPONG) ipooapUOleETaL PE
akpifela og éva OAU ULKpOTEPO CUVOAO Sedouévwy oxXeTI{OUEVO UE To Ttedio
evéladépovtog (yia mapddelyua, LatplkéC amnelkovioelg). Katapxnv, o aAyoplbuog
«MOXAEVELY LATLKEG TTOCOTNTEG SESOUEVWY OUTWE WOTE VO LABEL oo GUGCIKES
OTOTLOTIKEC ELKOVEG -EVUOEIEC YPAUUEG, KAUTIUAEC, XPWHATLOUOUG K.ATL.-. 2€ SeUTEPN
daon, Ta uPnAotepa enineda oTPWHUATWY TOU aAyopLlOuoU ekmaldelovTal EK VEOU
va Slakpivouv tnv pia StayvwoTtikn mepimtwon amnod tnv aAAn. Opoiwg, n avixveuon
OVTIKELLEVWV KOL O AAYOPLOUOG KATATUNONG QVOYVWPLTEL CUYKEKPLUEVOL UEPN MLOG
€lkovaG. H péBodog twv ZuveAlktikwv NeEUpwVIKWVY AlKTUwV cUAAEYEL Ta dedopéva
€lKOVAG WG eloodo Kat pe EMavOAAUBAVOLEVO TPOTIO TA KTUALYEL» LECW HLAG OELPAG
OUVEALKTLKWY KOl 1N YPOUULKWY SLadlkaolwy €wg OTOU N apxLKr), AVeEMeEEpyaoTn
uNTpa SeSoUEVWV va KATOANEEL OE Lol KaTavoun mBavotntog mavw otny
TaflvOUNnoN ELKOVWV (YLt TTAPASELYUA, LOTPLKEG YVWHATEVOELG TIEPLOTATIKWY) (ElkOva
2).

Napadofwc, Ta povtéda Bablag pabnong €xouv kKatopBwaoeL va pTacouV oe
okpiBela to eminedo Twv LaTpwV o€ Eva eupl dAcua SLAYVWOTIKWY TIEPLITTWOEWY,

13tMt: To épyo ImageNet sivar pio peydn omtiky Paon dedouévav oyediacpévn yio yprion oty
£PELVO AOYIGUIKOD OVOYVAPLIONG OVTIKELLEVMV.
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ouprtep\apBavovtoc Thv avayvwplon otn Stadopd pag eAds amnod To peAdvwpo 2
10 tnv Stantiki apdBAnotposidonddeia, tov kapdlayyslako kivuvo, deiypata
aro tov BuBo tou opBaApoy 18, elkOVEC TWV PATLWV KOTOTILY £EETOLONC OE OMTIKA
Topoypadia cuvoxic Y7, avixveuon aAAOLWOEWY OTOV HOOTO KOTA TNV

naotoypadiol? kat téAog omovSUAKY aVEAUGH HE OTTELKOVLON LOYVNTLKOU
ouvtoviopoU (payvntiky topoypadia) 23. Akoun kot éva povo Hovtélo BadLig
Habnong €xel amodelyBel amoteAeopatikd 0TO va KAveL dlayvwon og dtadopoug
TOME(C TNC LTPLKAG (TL.X. padloloyia kot odpBalpoloyia) 24.
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Ewkova 1. BaBid padnon. A, Eva amAo, moAuotpwuaTtikd Babl veupwviko
Siktuo ocuMAéyel Suo katnyopieg dedopuévwy, mou urtodnAwvovtat anod SladopeTika
XPWHLOTAL KOLL TOL LETOTPETIEL OE YPOAUMLKWE XWPLLOUEVA TIOPALOPPWVOVTAC T
enaveAnupéva kabwg ta dedopéva péouv armo To Eva oTpwua oto aAho. To
televtalio otpwpa €€66ou ektelel kabrikovta Taflvountr) Ue To va Snuloupyet
TOavoTNTEG O pia amo Tig katnyopies. Auto To mapAdeLya ATOTUTTWVEL TN Aotk
16€a tou xpnotuomnoleital anod PeyaAng kKAlpakag cuotiuata. H evwololoyikn

amelkovLIoN ival tpomomnotnuévn He adela amnod: http://colah.github.io. B,
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Napadetypa Siktuou PeyaAng KALLOKOC, TO Omoio SEXETOL WG onpelo elc6dou L
TolkA Lo oo SLddopoug TUToUG SeSOUEVWVY (ELKOVEC, XPOVOOELPEG, K.ATL.) KAl yLa
KABe tuTo Sedopévou pabaivel Eva XproLUO XOPAKTNPLOTIKO OTA XaUnAoTeEpa
enineda Twv LOTWV Tou. Enetta, ta dedopéva anod KAOe LOTO EVWVOVTOL Kal pEOUV
HEOW TwV LYPNAOTEPWYV ETUMES WV, EMLTPEMOVTAG £T0L 0TO BaBU Neupwvikd Aiktuo
(DNN) va armodwoel cupmepAcpaTa Ylot OAOUG TOUG TUTIOUG SeSOUEVWY - L
LKAVOTNTA, N omola elval LOLALTEPO GNUAVTLKA YL TNV UYELOVOULKNA TtEpBaA Y.

Qot600, £vag BaolkOg TEPLOPLOUOG O OAEG TIG LEAETEC, TIOU CUYKPLVOUV TOV
avBpwrto pe TNV aAyoplBukr anodoaon, elval OTL UoTEPEL 0€ KAWVIKN cuvadeLa - N
Sltadikacia Tng dLdyvwaong yivetal unod Tov MePLOPLOUO Tou OTL Aapavovtal urtoyLy
QIMAWG OL ETIKEIUEVEC ELKOVEC. AUTO ouxva aufavel to eninedo SuokoAiag TG
SlayvwoTtikng dtadikaaoiag yio To avBpwrivo ov, TO ONoL0 O& TIPAYHOTIKEG CUVONKEC
KAWVIKWV Sladlkaolwy €XEL IPOOPacn KoL OE LATPLKN ATIELKOVION aAAQ KOl O€
CUUTMANPWHATIKA S€80UEVA, CUUTEPIAOUBAVOUEVWY TO LOTPLKO LOTOPLKO TOU
000gvoU¢, TIC CUMTANPWHATLKEG EEETAOELG, TNV OUYKATABEON TOU 0loBeVOUG KATT.

OL KAWVLKEG apxi{ouV va EMLOTPATEVOUV TNV AVIXVEUGCTN OVTIKELULEVWYV KL TNV
KOTATLNON TOUG OE ELKOVEG YL KATAOTAOELG EKTAKTNG OVAYKNG Kal avapdlopnitnta
0€ KOTOOTACELG AMOTUXNUEVWV TIEPUTTWOEWY, OTIWG YL TTAPASELYUA TNV
nipoeldomnoinon o€ mepinmtwaon PeyaAng aptnpLlakng anodpaéng otov eykEPaio
XPNOLUOTIOLWVTOC AKTLVOAOYLKEG ELKOVEC 4, Héow TWV omoilwv oL aoBeveic €xouv
TLEPLOPLOUEVO XPOVO (LOALG Alya Aemta) mplv mapoaotel povipn eykedalikn PAASN.
ErutAéov, ot evdeifelc LotomaBoAoyikoU Kapkivou, oL OTIOLEC amaltouV TNV
avOPWTILVN EUTIELPOYVWOCUVN 0UTWG WOTE VAL OKOVAPOUV LE EPYAOTNPLOKO TPOTIO
KOlL VOl LTTOPECOUV Va KAvouv Sldyvwon o€ pia elkova gigapixel ([ avtiotoliywg
HEYAAEG DUOIKEG SLadaveleg) umopoUV va eVIoXUB0UV e T ZUVEALIKTIKA NEUPWVLIKA
Aiktua, ta onola eivarl ekmatdeupéva v avixvelouv ITWTIKE KUTTapa 18 r) meploxég
TOU OWHOTOC oTa omtoia £xeL avarttuxBei dykog 1°. Ta INA eival ekmaldevpéva va
HETPOUV TNV OCOTNTA TNG TPpEXOVCC TMPpwTEivng PD-L1 o€ pia totomaboAoyikni
gwkova 20 - éva £pyo onuavtiko oto vo kKaBoplotel Tt Tunog Gapudkou evSeikvuTal
oTn nepimtwon mou évag acBbevr g mAoxeL and aAvooo-oykoAoyia.

Y& ouvOUOOUO e OVOAUOELC ETUMESOU UIKPOOTOLXELWV ELKOVAC, T INA
€XOUuV akoun xpnotpornownBei yla va avakaAupBouv BLOAOYLKA XapOKTNPLOTIKA
LOTWV, TIoU oxetilovtal pe tnv rubavotnta emPBiwong L.

O MPWTEVWV TTEPLOPLOUOG YLaL TNV KATAOKEU T EVOC ETIBAENOUEVOU
cuoTtNUatog Bablag uabnong yla €va VEo €pyo LOTPLKAG ATIELKOVLONG ATIOTEAEL N
npooPBaon o€ €va OPKETA PEYAAO CUVOAO SeSoUEVWY PE ETIKETA. Ta PLKPA CUVOAQ
Oe6OUEVWV UE ETIKETA VLA CUYKEKPLUEVEC Epyaoieg elval EUKOAOTEPO va
oUA\eXBoUv, aAa kataArlyouv o alyoplOpouc, oL omoiol TElvouv va €Xouv
XapunAotepn amodoon o€ vea SeS0UEVA. € AUTEG TIG TIEPUTTWOELG, OL TEXVLKEG, TIOU
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Xpnotpomnotovuvral yia tnv avénon twv dedopgvwy, £xouv deifel mwg eival oAU o
QTTOTEAECUATIKGE OTNV YEVIKEUON 2> TWV 0AYOPLOpWY. Opoiwe, Ta oykwdn oAN& xwpig
ETIKETA oUVOAQ Sedopévwy elval emiong eukoAdTeEpPO va cUAAEXBoUV, woTtdc0o
amatteitol n HeTabeon mPOC NL- EMITNPOUUEVEG KOl 1N ETUPBAETIOUEVEG TEXVIKEC,
OTIWCE YLOL TTOPASELY QL TO YEVETIKO avtaywvioTiko Siktuo (GAN) 26,

Enegepyaoia puolking yAwooag

H enefepyaoia puoLkng YAWOOAC ETUKEVIPWVETAL OTNV AVAAUGN KELUEVOU Kal
AGyou pe okomod TNV e€aywyr VONHATOG armod TiG AEEELG. Ta avadpoULKA VEUPWVIKA
ocvotripata (RNN) - aAyoplBuot Babidg pabnong, mou eival anoteAECUATIKOL OTO Va
enetepyalovral SLadOXLKEG ELOAYWYES OTIwG N YAwaooa, o Aoyog Kal dedopéva oe
XPOVLKN 0£1pd 27- ntailouv onpavtikd polo og autd to nedio. It afloonpeiwteg
erutuyieg tng Enegepyaoiag Quotkng NMwooag cuUMePAAUBAVOVTAL N LNXAVLKA
petddpaon 28, n mapaywyrn Kelpévou 2° kat o urotitAtopog 0. Stov topéa TG
UYELOVOULKNG TepiBaAP NG, ol cuvEUACTIKEG TEXVOAOYLEC TNG BaBLAG LABNONG KoL TNG
YAWooOG, amoteAoUV TNV KvnthipLa Suvapn yla dtadpopeg ebapuoyEG O TOUELS
OTIWG TO CUOTNHA NAEKTPOVIKWY UNTPWWV UYELOG.

Ta cuoTApaTa NAEKTPOVIKWY UNTPwwV Lyeiag Stadidovtal oAogva kal
TEPLOOOTEPO UPEWC 3L, To NAEKTPOVIKO CUOTNHO UNTPWWV LVYELAG EVOC HEYGAOU
LOTPLKOU OPYOVLOHOU UIOpPEL va Kataypa el LATPLKES cuVaAAayEG (Sedopévwy) yia
mavw oo 10 ekatoppupla acbeveic péoa os pia Sekaetio. Mia kat povo slocaywyn
voonAeiag katd kavova dnuloupyet mepimou 150.000 koppdtia dedopévwy. Ta
evdexopeva od€An mou ninyalouv amnod autd ta dedopéva eival aflodoya. ZUVOALKA,
€va oLOTNUO NAEKTPOVLKOU UNTPWOU UYELOG aUTE TNG KALHAKAS avarmaplota
200.000 xpovia Lotplkng codiag kat 100 ekatoppupLa XpOvia AmoTeEAECUAT
6edopévwy amo acBeveig, kaAUTTOVTAC £TOL Pila TANBwpPA Ad OTMAVIEG KATAOTACELG
Kol aoBEveLeg. Q¢ ek TouTOU, N edappoyn Twv HeBOdwv tng Babldg pabnong ota
Sedopéva Tou 20UOTARATOC NAEKTPOVIKOU UNTPWOU LYELAC Elval Vo TOXEWC
QVOTTTUOCOUEVO KOpATL 3233,

H ewova 3 meplypddel CUVOTTTIKA TA TEXVIKA Bripata katd tnv Stadikacia
NG KATAOKEUNAG cUOTNUATWY BaBLag uabnong ylo Ta cuoTUata NAEKTPOVIKWY
UNTPpwwV Lyeiag. Ta pn emefepyacpéva dedopuéva apyIKA CUYKEVTPWVOVTOL Ao
OoAa ta LopUpaTA OUTWCE WOTE VA SLaoDAALOTEL TWG KATOOKEUAOTNKE £VA EKTEVEG KOLL

23tM?: H Bdon Sebopévwv MIMIC-III (Medical Information Mart for Intensive Care ll), eivat pia
MEeYAAn oxeotakr BAaon LaTplkwv SeSoUEVWY, LUE EAeUBEPN TTPOOBACN GE LN TAUTOTIOLOLUA LE TA
duoka npoocwna Sedopéva, e neplocotepouc and 40000 acBeveic. OL acBeveig autol
voonAelOnKav otig povadeg evtatikng Bepamneiag tou Beth Israel Deaconess Medical Center avapeoa
010 £10G 2001 kat to £€tog 2012. MN.M.Z. « WHOIAKA TYITHMATA KAI YIIHPEZIEZ» KATEYOYNZH:
MEIFAAA AEAOMENA KAI ANAAYTIKH
http://dione.lib.unipi.gr/xmlui/bitstream/handle/unipi/12876/thesis%20elpida%20mezili%20final.pdf
?sequence=1&isAllowed=y
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OVOAUTIKO cUotnpa. Ta SeSopéva EMELTA TPOTUTIONMOLOUVTOL Kal avaAuovTal
TIPOCWPLVA 0€ OAOUG TOUG 0.0BEVE(G, KATL TO OTOL0 TOUG KABLOTA KATAAANAOUG yLa
Vv eknaidevon nmou amnatteital otn Babld pabnon. And Sw kot oto €€RG, EXOUUE TN
SuvatdétnTa Aoutov val aVAYOUE OITOVTAOELS 0TO Tio UPNAO eMinMEedo TWV LATPLKWVY
SlEpWTNOEWY, OTIWE yLa TTAPASELYUA “TL OXEDN €XEL TO LOTOPLKO TOU A0BEVOUC E TNV
Tpé€xouoa dlayvwor tou;” , “mola ival n tpéxouvoa Alota e Ta mpofAnuata vyeiag

4

TOU;” KAl “ TIOLEG €lval OL EUKALPLEG TTOU HAG ETULTPETIOUV VA TLAPEUBOUUE;”.

Otav yivovtal mpoBAEYeLg, oL meplocdtepol SOUAEVOUV TIPOKELUEVOU VA
UTtoOAOY(oOoUV TN XPNOLOTNTA TNG EMLPBAETOUEVNG LABNONG O€ TIEPLOPLOUEVA GUVOAQ
Sopwv dedopévwy, CUUTEPINAUBAVOUEVWV EPYOOTNPLOKWY OMOTEAECUATWY,
{WTKwV evOeifewv, SLayvwOoTIKWV KWSKWV Kal dnuoypadikwy. Aaupavovtog
oYLV Ta SopnpEva Kat pn Sopnpéva SeSouéva, TTOU EUMEPLEXOVTOL OTA
OUOTNHATA NAEKTPOVIKWYV UNTPWWV UYELAG, oL epeuvnTEG apyilouv va
XPNOLLOTIoloUV HeBOSOoUG N eMIBAETOUEVNG LABNONG, OTWG yLa TOPASELY UL
OQUTOMOTOUC KWOLKOTIOLNTEC - OTOUC OTtoloug Ta SiKTua apXLKA EKTALSEUTNKAV VOl
HaBaivouv XprOLUEG OVATIOPAOTACELG, CUUTLELOVTOG KOL ETIELTA
avakataokeualovtag Sedopéva xwplig ETIKETA - OUTWCE WOTE va TiPoPAEPouv
OUYKEKPLUEVEG SLayvwoelg 3. Mpdodateg epapproyEC TnS BadLig padnong
UTTOSELKVUOUV TNV XPOVLKI akoAouBia Twv Sounuévwy cupBaviwy, mou npoékuav
OTO LOTOPLKO TOU 0.00gVOUG UE CUVEALKTIKA KAl avVASPOULKA VEUPWVLKA SikTua
TPOKELUEVOU Vo TPOBAEPOUV PEANOVTIKA LOTPLKA TEPLOTATIKA 338, Meydlo pépog
QUTAC TNC SOUAELAC ETUKEVTPWVETAL 0TO oUVOAO Sedopévwy 3° tng MIMIC [ZTM?] (yiat
nopadetypa, ya tnv npdpAsdn tng onauiag °), n onoia neplappavel acBeveic
o€ povada evtatikng Beparmeiag and £va Kol LOVO LATPLKO KEVTPO. Evw ol aobeveig
™¢ MEO mapayouv meplocotepa SeSopuéva NAEKTPOVIKWY LNTPWWV UYELNG aTtO TOUG
aoBeveig ou dev aviikouv oe MEO, oL TpwToL UTIEPEXOUV OPLOUNTIKA TWV
Seutepwv. Q¢ ek ToUTOU, glval akopa aB£Balo To MOoo KAAA oL TEXVIKEG TTOU
Tipoépyovtal anod autd ta Sdedopéva Ba epapUoOTOUV KAl OTIG EUPUTEPEG
TIANBUOULOKEG OPASEG.

H endpevn yevid outopaTng avayvwpLlong opiiag 32 kat HoviEAwv GvtAnong
mAnpodopLwv eivat mBavo va avantuéouv KAVIKO dwvnTikd BonBo, mpoKeEVou
va eival og B€on va amopayvntodwvel pe akpifeta katd tTnv SLAPKELA TWV
emokEPewv o€ aobeveic. O ylatpol avaudifoAa onatalolv NUEPNOLWE TIG 6 Ao
TI¢ 11 wpeg epyaciag toug, Soulevovtag He yypada NAEKTPOVIKWY UNTPWWV
uyelag, KAtL To omoio 0dnyel o€ emayyeApaTikn e€0uBEVwON Kal PELWVEL TOV XPOVO
TIOU UTTOPEL évag ylaTpog va epdoet pe tov aoBevh 3L H avtopatn
ocuvtayoypadnon Ba anocupudopnoEL AUTH TN KATAoTAON KoL Ba SLEUKOAUVEL TIG
TILO OLKOVOULKEC UTINPEDLEC avTlypadnc. Ac AndOel umoPv n YAwookn HeTadpaon
27 riou Baoiletal 0To avadpopKO VEUPWVLKO SIKTUO, TO OO0 XPNOLLOTIOLEL
Stadoxkn texvikn yla va petadpalet aneuBeiag TNV opAla amo v pla yYAwooo Kol
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VQL TNV UETATPETEL OE KElPEVO oTnV AAAN. MNpoocapuoopévn oto cUoTNUA
NAEKTPOVIKOU UNTPWOU UYELAC, N TEXVIKA auTr Ba pnopoloe va petadpalet pa
oulAtnon Hetafl aoBevoUg Kal uyEloVOuLKOU dopéa ameuBeiag o Eva
amopayvntodwvnuévo keipevo. H Baotkn mpokAnon Bploketal otn taflvopnon twv
XOPAKTNPLOTIKWY KAL TNG KATAOTOONG ToU KABE Latplkol dpopéa, o nnyaletL ano
™V oulntnon evw pe akpifela Ba yivetat avakedpalaiwon tou Staldyou. Av kat
TIOAAQ UTIOOYOEVA TA TIELPAPATA Yia aAANAeTtiSpaon avBpwrou - uTtoAoyLoTr gival
O€ TIPWLHO OTASLA, AUTEC OL TEXVLKEG SEV £XOUV AKOUN avamTtuxBel evpEwg otnv
LATPLKN.

H peAlovtikn epyacia mbavwg va eTKeVTpwOel otnv avantuén alyoplOpwv
yla TNV KaAutepn aflomoinon oplopévwy amod ta mAolola o€ mAnpodopieg dedouéva
OAAG aKOUN KN SOUNUEVO OE GUOTAHHATA NAEKTPOVIKWY UNTPWWV UYELXG. OL KAVIKEC
TIAPATNPAOELG, YLa TTOPASELYUA, cUXVA TtapaAeimovtal } Staypadovtal otav
T(POKELTAL YLOL TNV AVATTTUEN CUOTNUATWY TIPOBAEYNG. € AUTAV TN MEpUMTWON, TA
HEYAANG KALHaKOG avadpopikd veupwvika Siktua, apxilouv va mapouactalouv
EVIUTIWOLOKA TIPOYVWOTLKA armoteAéopata cuvdualovtog Sounpéva Kot in
Sopnpéva dedopéva oe évav nUL-eTBAETIOUEVO TPOTIO 33, AUTOC 0 CUVSUAOUOG
Se6opéEVwyY TOUC eTUTPENEL va paBaivouv amo Tig eupUTePEC MANOUCULAKEG OUASEC
o€ 1o dladopeTikol ¢ TUTOUC Sedopévwy, amodidovtag KaAUTEpA oo AAAEC
TEXVLKEG O€ TOUEIG OTWG N BvnoluotnTa, n emavelcdoxn, n SLAPKELA TTAPAUOVAG KOl
oL poPAEPELC Slayvwoewv.

; NAnpwg
Eltcaywyn ZuvEALEN Aracivbeon  ZuvEMER  AtacOvdeon (ouvbede péva Softmax

T et
ExpdBnon xapak tnpLotikwy Tafwvopnan

Ewkova 2. latplkn amekovion.

Ta ouotpata ZUVEAKTIKWY NEUPWVIKWVY ALKTUWV UImopoUV va EKIadeuTouV
O€ JLa TOLKIALOL LATPLKWV ATtELKOVIoEWY, cupunepAaupavopevwy tng padlodoyiag,
naBoloyiag, depuatoroyiag kat opBaApoAoyiag. OLmAnpodopieg péouv amo ta
aplotepd ota 6e€ld. Ta ZuveAlktikd Neupwvikad Aiktua Aappdavouyv lkoveg elc6dou
Kol 5L oX LKA TIG LETATPETIOUV, XPNOLLOTIOLWVTOC ATAEC SladLlkaoleg OTwG
OUVEALKTLKEG, OO OTIOLNUEVEC KAl TANPWG CUVOESEUEVEC OTPWOELG OE eTtMES A
Stavuopata. Ta otolyeia Tou Slavuopatog eE060U AVTLTPOCWIEUOUV TLG
mBavotnteg mapouaoiag acbévelag. Katd t didpkela tng dStadkaoiag eknaibevong,
Ol ECWTEPLKEG TAPAUETPOL TWV ETUNESWV SIkTUOU SladoxLkd mpocapuolovtal oUTWE
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wote va 3BeAtiotononBsi n akpifeta. Tuvibwg, ta KATw enineda (apLotepd)
HaBaivouv amAEg AELTOUPYLEG ELKOVAC -AKPEC Kal BacLkd oXuata-, To onoia
ennpealouyv TI¢ avamnapaoctaoels uPnAou emumédou (6€€ld). OL epyacieg mpoBAedng
cuunepAapBdavouv TG0 TNV TOELVOUNOoN ELKOVWY (yla TTOPASELY LA, KOPKLVLKO
versus KaAoriBouc) 600 Kal TOV EVIOTIOMO Kal AAAWVY LOTPLKWY XOPAKTN PLOTLKWV
OTIWCG Ol OYKOL.

Evioxutiki paénon

H evioxutikn pabnon adopd o€ pia Katnyopila TEXVIKWY ELOLIKA
oxeSlaopévwy va ekmadeUoUV UTTOAOYLOTIKOUC TTOPAYOVTEC va aAAnAosmibpouv
ETUTUXWG LE TO TEPLBAAAOV TOUC, CUVAOWC YLa VAL EMITUXOUV GUYKEKPLUEVOUC
oTOX0UC. AUTO To £(60¢ HABNnong punopet va emiteuxBel pEow SOKLUAG Kal
odalpatog, péow emidel€nc n kat UBPLOIKAC Tpooéyylong. Kabwg évag mapdayovrtog
avaAapPavel Spaon péoa oto nepBAAAOV TOU, EVag EMOVAANTITIKOC BPOYXOG
avatpododotnong anddoonc Kol CUVETELAC EKTTALOEVEL TOV TTAPAYOVTA Va
OAOKANPWOEL OTO BEATLOTO TOUG EMLKEIUEVOUC OTOXOUG. H ekuaBnon Héow tng
enibel€ng elGIkoU EMITUYXAVETAL ELTE PE TNV EKLABNON TNG MPOPAEY NG TWV
EVEPYELWV TOU £161KOU ameuBelag LECW TNG EMOMTEVOMEVNG LABNONG (T.X. TeEXVNTNA
pnabnon) N Héow NG e€oywyrng CUUTIEPACUATOG TOU OTOXOU Tou €L81koU (6nA.
avtiotpodn eVIoXUTIKN padnon). MNa va ekmatldeuTel EMITUXWCE €EVOG TTOPAYOVTOG,
elval amodaclotikig onuaciag va umdpéel pla Asttoupyia povtélou, n omnola va
umopet va AapBavel wg eloodo alocOntrpla orfpota Tou TPOEPXOVTAL OO TO
TiepLBAANoV Kal wg onpeia e€060U TIG EMOUEVES EVEPYELEG TOU Ttapayovta. H fabld
EVIOXUTLKN pabnon, otnv omolia éva povtélo Babldg pabnong e€unnpetel tov polo
TOU povtéAou Asttoupylag, daivetal va eival TOAAQ UTTOOYXOUEV.

‘Evag Top€aG TNG UyElovoULKN G TtepiBaAdng, o omolog Ba pmopoloe va
weAnBel amnd tnv BabLd evioxuTiki LABNGON, AMOTEAEL N POUTTOTIKI XELPOUPYLKN.
ETti Tou mapdvToC, N POUITOTIKN XELPOUPYLKN Baciletal o peyalo Badbuod os évav
XELPOUPYO, 0 oToilog KaBodnyel Tov poUnoTIKO €EOMALOUO e TNAEXELPL{OUEVO TPOTIO.
H BaBbid pabnon pmopet va evioxUoeL TNV avOEKTIKOTNTA KOL TNV
TIPOCAPUOCTIKOTNTA TNG POUTIOTIKNG XELPOUPYLKAG XPNOLLOTIOLWVTAG LOVTEAQ
UNXOWVLKAG 0paong (m.x. ZuveAlktikd Neupwvikd Alktua), oUTWG WOTE va UIopeL va
Slakpivel xelpoupyka eptBailovta Katl peB6Soug eVIoXUTIKNAC Labnong,
TIPOKELUEVOU VO LABEL TTOPATNPWVTAG TG PUOLKEC KIVAOELS EVOC XELPOUpPYOU 2142,
AUTEC OL TEXVLKEG UTtoOTNPIOUV TNV AUTOMATOTONCN KAl TV TOXUTNTA TWV
€€aLPETIKA eMavaAAUBAVOUEVWY KaL EVALCONTWV OTOV XPOVO XELPOUPYLKWV
EPYACLWV, OTIWGE YLO TIAPASELY LA TO XELPOUPYLKO pALLO KOl OL XELPOUPYLKOL KOpBoL

3 31M3: Mpwtog nepLéypade Toug SLadhoPeTIKOUC XELPOUPYLKOUC KOUTTOUG Tov 10 awwva, o HpakAdg,
apxaiog EAAnvag ¢puoLkog Kat LoTtpog.
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[5TM 3] 7. T TapGSeLypa, oL TEXVIKEG UNXAVLKAC Opaong (Tt.. Ta cuothipata INA ya
TNV avixveuon KoL TNV KATATUNON OVTLIKELLEVWVY KABWE KaL n OTEPEOCKOTILKI) Opaan)
UTTOPOUV VA aVATIAPACTHCOUV TNV ELKOVA EVOG AVOLXTOU TPV LATOG
xpnotpomnolwvtog dedopéva elkOvwy. Emumpoobeta, Eva pappa r n mopeia evog
XEPOUPYLKOU KOUBOU AUvovtag to mpoPAnua tng BeATiotonoinong pong, UE 0TOXO
NV ebpeon G BEATLOTNG Mopeiag, ouvumoloyilovtag e€WTEPLKOUC TAPAYOVTEG,
OTWCE oL APOPWOELG KaL TUXOV eUrtodia 3. Opoiwg, Ta ekmatSeupéva e ELKOVEC
6ebopévwy ouotrpata ANA, urmopoUv autovoua va pabouv va §€vouv
XELPOUPYLKOUG KOUTTOUG, pabaivovtag tnv akoAouBia yeyovotwy kal Stadikaolwy,
TIOU OTNV Ttapouoa MepLmtwaon gival ol GUOIKEG KIVAOELG, OTIWG OLUTEG
TPAYLATOTIOLOUVTAL OTTO TOV XELPoUpyo 44,

AUTEC OL TEXVLKEG £lval LOLALTEPWG EMWPEAELC YLA TNV EKTEAEDN TIAPOUC
OLUTOVONG POUTIOTLKN G XELPOUPYLKAG EMEUBAONG I LEPLKWE ETIEUPBATIKAC
XEPOUPYLKNG eMEUPBaong. Ag AndOel umdYy, n oclyxpovn Ao POCKOTIKN
XELPOUPYLKN- OTNV OTola TTIOANEG ULKPEG TOUEG XPNOLLOTIOLOUVTAL WG €VAC TPOTIOG YL
va eloaxBel évag aplBuog epyadeiwv 0To CwHa, CUUIEPIAAUBAVOUEVWY KAUEPOG
KOLL XELPOUPYLKWV EPYAAELWY, TA OTola LIE TN OELPA TOUG OL XElpoupyol
tnAexelpilovrtat. H Babid pabnon péow tng pipnong, tTo ouoTNUO AVOSPOULKOU
VEUPWVLIKOU SLIKTUOU Kal oL aAyoplBpol peTtadopdg TPOXLAG UITopoUV va
OUTOLOTOTIOL|OOUV TIANPWE CUYKEKPLUEVEG TNAEXELPL{OUEVES EPYAOLES XELPLOUOU
XELPOUPYIKWV Stadikaotwy /. ITo cUoTNUA UNXAVIKAG LABNoNG, yla aUTOROTOnoinon
emavalapBavopeVwVY EpyacLwV 0 Xpovoc dpaaong eival o {wTIKOG armo OTL ival og
XELPOUPYLKEG EMEUPAOCELC HUCLOAOYIKWV ouUVONKwWV. MNa mapddelypa, Ue tv
Mnyxaviky Maénon pnopel va xpelaotoUv 3 Aemtad yla va 6eBel Evag XELPOUPYIKOG
KOUTOG, avti yla 2 deutepolenta nmou Ba Slapkouoe edv cuveEBalve oe cUVONKEC

duololoyikng eyxeipnong.

Mta amo Tig BaoIKEC TIPOKANCELG KATA TN SLAPKELO LLOC NULAUTOVOUNG
TNAexelplopevng emépPaong eival va emidexBel n cwotn B€on evog epyaleiov aAAd
KOl O TTPOCAVATOALOHOG TWV YUPW TIEPLOXWV TWV XELPOUPYIKWV mediwv. Edw,
NMPOODATEG TEXVIKES #° OMWC N KATATUNON 0pyAVWY avVAAOya HE TO ELKOVOOTOLXELQ,
£€xouv avantuxBei xpnowonowwvrag pio e€eAtypévn U-Net apXLTEKTOVLIKN
TUVeAKTIKWV Neupwvikwv Aktuwv (CNN 2°,%6), kdrtL to omoio mAéov daivetat wg
TOAAQ uTtooXOEVO. AANAN UL TTPOKANON yLa TNV tPoodo tng Babldag pabnong otov
TOMEQ TNG POUTIOTIKAG XELPOUPYLKNG €lvat n cuAloyn Twv dedopévwy. H Babla
HAabnon péow pipnong amattel peydia cuvola dedopuévwy e ToAAG tapadeiypata
yla KaBe xelpoupylkn evépyela. AeSopEVou OTL TIOANEG EYXELPNOELG
Slapopormolovvtal HeTatl Toug o avenaiobnto Babuo kat eivat n kabepuia
Eexwplotn, kablotatal SUoKoAo To v GUAAEXBoUV apketd Sedopéva yLa TILO YEVLKOU
TUTIOU XELPOUPYLKEG eTeUPACELS. ETAoV, mapapével SUOKOAO yLa TA AUTOVOUA
cuoTAUaTa va ipooapolovtal o eVIEAWC AYVWOTEC KAl N TIAPATN P OLUES
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KOTOLOTAOELG, OL OTIOLEC €lval € HeyAAO BAOUO AVOUOLECG HE OTL LEXPL TWPA
CUVOVTATOL, YLO TIOPASELY O ATIPOCEVO XELPOUPYLKA OTUX N LOTAL.

Fevikevupévn Badia pabnon

Mépa amo TI§ EpYACies TNG LNXAVIKAG 0pacng (CV), Tng ene€epyaoiag tng
duowknic yh\waooag (NLP) kal tTng eVioXuTIkA¢ nabnong, n Babid padnon
npooapudletal os nedia, ota onoia n elcaywyn dedopévwy (data entry) amotelet
S0UAELA AeMTOU XELPLOMOU Kot ammaltel e€LSIKEUEVN avTLETWTLON. MNa
eNMeENynNUATIKOUC AOYOUG, OE QUTH TNV MEPLMTWOn Bewpolpe TNV NoviSLwHATIK, Eva
napadelypa nediov, oto onoio n BabLd pabnon £xeL MPOCAPUOCTEL TTEPA ATTO TLG
oupBatikég mpooeyyioels (m.x. Bacwllopeva ota ZuveAlktikd Neupwvikd Aiktua i ota
Avadpopika Neupwvika Aiktua), oUTwE wote va SOUAEPEL LE LOVASLKEG
QVATIOPAOTACELG SESOUEVWV (TTX. LN QTTELKOVLOTIKEG KOLL AN XPOVLKEG).

al Mn dopnpéva o - B
6edopéva n HR

Ta povTEAa Mou AsIToupyOUY Y@ TO vOOOKOHEiD 1, Bev
AetToupyoUyv KaL yiLa TO voGoKopEio 2

b
{@ptng yta toouvnBlopEvo
lopgoturno (FHIR) i

Ta povreAa propoly va xpnotponotnBouv e OAa Ta LYEL
OVOMLIK@ OUCTAPATA

¢ Xpovikn . - .o, W)W 10
akolouvBia A

Ta povreha akoAovBiag Exouv npoafaon oe oAokAnpo 1o
v paxkeAo Tov aoBevoug

Noteg ot eukaipieg yra napepBapnk v ovoug kpuBouy
ot mbaveg exPaoelg

EIKONA 3. Kavovtag mpoPAEPELG LE TN XPON TOU ZUoTUATOG HAEKTPOVIKWV
Mntpwwv Yyeiag (EHR). A) Mn dounuéva dedopéva EHR. Ta tatplkd apyeia
anoBnkevovtal o€ LOLOCUYKPAOLOKEG SOUEG HESOUEVWYV Kal LOPPEC ETOL WOTE TA
povtéla mou Baoilovtal oe apxelo EVOG CUYKEKPLUEVOU VOOOKOWUELOU va NV
Aettoupyouv anapaitnta pe dedopéva anod SladopeTikd VOookouEio. B)
Tunonoinon dedopévwy. Avtiotolyilovtag dedopéva amo mMoAAoUC LOTOTOMOUC OE
pio popdn pe Baon to FHIR (Mopot Mpriyopng AtaAettoupytkotntag TnG YYELOVOULKAG
MNepiBaAdng), Ta dedopéva Tumomnolovvtal o€ opoloyevi popdr. C) AAAnAouyia.
Mpoodlopilovtag xpovikd tnv aAAnAouxia OAwv twv Sedopévwy oe Eva
xpovodilaypappa acbevouc, TexVIKEC Bablag pabnong Baosl xpovou pmopouv va
epappootolv 0Tto cUVOAO TwV cUVOAWYV dedopévwy EHR yla tnv mpaypatonoinon
TiPOoPAEPEWV yLa HEpOVWHEVOUC aoBevei(c.
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Ekppaon o€ (GAAo) |
EK@paon 010 ouKWwTtt )
— Exppaan otov eyképalp P , 7;N
s

] - —— Vo

— QUP”dkovuv“smK”Avuvva\on naBoyovt

HETABANTWY
MepPLoodTEPQ XAPAK TNPLOTIKG
Aetkt 010 THTAC

Moptakn drtayvwaotikn

AAMAnAouxia tou DNA R

laTpiko LoTOPIKO Itpwpa AAAnAouyia

Clinvar Zrpwpa ¢ DNA

revealoyia : — R ewoaywyickpupo KPUPO  efodou Matiopa
AnotgAeopara 1}_:01 otpwpa §TPWHA 2

Awatnpnon tng MreEveTikng Py

AAMnAouyxia apvogewy ; ) Nelpapatikn epunveia
Sebopevwy

Mapadeypa

Aebopgva elaobou tavuoti Sedopévwy DNN BLolatpikeg epappoyes

Metatpenovtal oe XprotpgonotovvTat yia TNV exnaidevon Mou pnopoulv va xpnotpononBody yia

EIKONA 4. H pnxaviki paénon otnv NovidSiwpatikr. A) Eloaywyn 6edopévwy.
Ta yoviSiwpatikd Sedopéva anoteAouvTal amnd MEPAUATIKEG UETPHOELS ATTO TLG
omnoleg pnmopouv va npoPAedBOoUV GUYKEKPLUEVEG LOLOTNTEG I ATTOTEAECUATA
evlladpEpovtog. Auta ta dedopéva eival ouxva SLadopeTIKA Kol UMopEL va
nephappavouv aAAnAouyia, yovidlakn ékdppaacn Kot AEITOUpyLKA deSopéva KabBwG
Kol AAAeG popdég poplakwy dedopévwy. B) Napadelypa tavuotwy dedopévwy. Ot
LN EMEEEPYUOUEVEC TIELPAUATIKEG ETPOELG TIPETIEL VOL LETATPATIOUV OE ML Lopdn
KATAAANAN yla katavalwaon ano aAyoplduouc Badlag pabnong, oL omoiot
AapBavouv wg MoAUSLACTATOUG TAVUOTEG SESOUEVWV KOL OXETIKEG ETIKETEC OTOXOU.
N BaBu Neupwviko Aiktuo (DNN). OL TAVUOTEC PE ETIKETA XPNOLLOTTOLOUVTOL YL TNV
eknaidevon twv DNNs kat tTnv mpoBAedn tng eTIkETAC arnd Tov tavuoth Sedouévwv
el0660u. A) Bloiatpikeg edpappoyég. Ta ekmatdevpéva DNN pmopouv va
xpnotpomnotnBouv oe Bloiatplkég ebapOYES, OTIWE oTNV MPOPAEPN ETIKETWV yLa
TIPONYOUUEVWE A0PATOUG TaVUOTECG Sedopévwy  oTNV e€€TON TNG OXEONG UETALY
6ebopévwy el00dou kat etiketwv e€66ou. Mapadeiypata epapuoywv
nepAapBavouy epunveia MelpapATIKWY SeSOUEVWY (TT.X., CUUTIEPACUATIKEC
aAAnAouyiec DNA amo tnv €€060 evog opyavou mpoacSloplopol aAAnAouxLwy N
ocuunepdopata Twv eMdpAcewv TwV HeTaAAdéewv DNA oto patiopa Twv yovidiwv)
Kall LopLlakd SLayvwoTikad (.., mpoBAedn Twv EMEPACEWV TWV YEVETIKWY
HETAAAAEEWV oTOV Kivouvo gudaviong vooou 1 otnv anokplon Gappakou), LeTal
TIOAAWV GAAWV.

OL oUYXPOVEG YOVISLWUATIKEG TEXVIKEG CUANEYOUV LEYAAN TIOLKIALLL
HETPAoEWV amo tnv aAAnAouyia DNA evog atopou we Kol tnv moootnta dtadpopwv
£l6WV MTPWTEIVWY, TTOU EUTIEPLEXOVTAL OTO aipa Touc. Eival ToAAEG oL euKalpleg
BeAtiotonoinong Twv peBodwy, ou xpnotuormolel n Babid padnon yia va avaAvoel
TETOLEC LETPNOELC, OL OTIOLEC HIE TN O£LlpA Toug Ba BonBroouv Apeca Toug LaTPoUC va
mapEXouv akplBéotepeg Slayvwoelg kat Bepareieg. O TUMLKOG TPOTIOC VA
KOTOOKEVAOTEL €va cuotnua Babldg pabnong otn MNovidlwpatikr cuunepAapBavet
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v AnYn un enefepyacpcvwy dedopévwy (.. dedopéva yovidlakng ékppaong),
HETATPETIOVTOG QUTA TA [N EMECEPYAOUEVA SESOUEVA OE TAVUOTEG ELCAYWYNG
Sebopévwy, Kol TpodhodoTwVTAC AUTOUE TOUG TAVUOTEC HECW TWV VEUPWVLKWVY

Skt wv, Ta omola énelta Ba TpodoSoTrICOUV CUYKEKPLUEVES BLOIOTPIKEG EQAPLOYEG
(ewk.4).

‘Eva oUVOAO SUVATOTNTWY ETUKEVIPWVETAL OE LEAETEG OUTXETLONG OE
0AOkANpo to yovidiwpa (GWA) - peyAAEC LEAETEG TIEPUTTWOEWV TIOU ETUSLWKOUV vVa
avakaAUPouv attlwdeLg YyovISLaKESG LETAANALELG, OL OTtOLEC eMnpedlouV
OUYKEKPLUEVA XOPOKTNPLOTIKA. H avaAuon Twv pedetwv GWA amattel adyoplduoug,
TIOU KALLOKWVOVTAL O€ TIOAU PEYAAEG OUASEC oBEVWV KaL TTOU aoX0AOUVTAL E
AavBavouoeg cUYXUOELG. 2TO KOVTIVO LEAAOV, LOVTEAQ Ta omoia adOopoLWVOUV
€€WTEPLKOUC TPOTOUG KoL TIPOOBETEC tNYEC BloAoyikwv dedopévwy oe peréteg GWA
-ylo TapAaSeLya, LATPLIKEC ATIELKOVIOELG I} LETPNOELG LATIOMATOC Kol GAAOL
evllapeool poplakoi palvotumol- unopei va emwdeAnbouv and tnv Babla pabnon
WG MPOG TNV akpLBEotepn avayvwplon aoBévelag, n onoia oxetileTal pPe aTlwdeLg
petalagelg 0.

H katavonon tng YEVETIKAG a0BEVELAC ETUTPEMEL OTOUC LATPOUG VA
TipoTeivouv Bepareieg kat va apéxouv akpiBéotepeg Slayvwoelg. H o Baotkn
TIPOKANON Yl TOUG LaTpoUG eival va poodlopioouV €AV oL VEEG LETABOAEG OTO
yoviSiwpa evog acBevoUc ival LATPLIKWG OXETIKEG. Ev HéEpEL, autn n anodoaon
Baoiletal otnv mpoPAsPn Tn¢ maboyévelag Twv PeETAAAAEEWV: pULa epyacia mou nén
XPNOLLOTIOLEL XOPOKTNPLOTIKA OTIWE N SOUN TWV MPWTEIVWV Kot N EEALKTLKNA
ouvtrpNnon ya tny eknaidsuon Twv aAyoplOpwy 1. AsSopévng Tng HEYOAUTEPNG
Suvapng KoL TG LKAVOTNTAG TOUG VOL EVOWUOTWVOUV ATIOTEAECUATIKA SLadOPETLKOUG
TUTtoug 6edopévwy, oL TEXVLKEG BabLdg pabnong eivat mBavo va mapéxouv mio
akptBeic mpoPAEéPelg maBoyévelag amd O, Tt eivat Suvatov ofpepa 2,

H unxavikn padnon nailel emiong poio otnv npoPAsdn datvotunwy and
YeVETIKA Sedopéva, ouuTEPAAUBOVOUEVWY CUVOBETWV XAPOKTNPLOTIKWY OTIWE TO
U oc¢ kabwg kat o kivbuvog ekbnAwong acBévelac. H Babia padnon pmopei va
BeATLWOEL TTEPALTEPW TETOLOL LOVTEAQ EVOWLOTWVOVTOC ETUTAEOV TPOTIOUG OTIWC
LLTPLKEC OTTELKOVIOELG, KALVIKO LOTOPKO Kat SeSopéva popntrig cuokeurg 3. Mia
WSlaitepa eAribodopa pocéyylon otnv npoPAedn datvotumou sival n poPAePn
eVOLAUECWV HOPLAKWY GALVOTUTIWY - TL.X. YOVISLOKAG EKbpaong [ LATIOMATOC
YOVLSLWV - TTOU 0T CUVEXELD TPOPOSOTOUV UETAYEVEGTEPOUC TIPOYVWOTLKOUG
Tapayovteg acBEvelag °* . OL eVLAUECEC LOPLAKEG KATOOTAOELG UITOPOUV val
nipoPBAEPouv eUKOAOTEPA Ao TA AVOpWTILVA YVWPLoUATH AOYW TWV HEYAAUTEPWY,
TIO KOVTLVWYV ONUATWY KOL TILO EKTETAUEVWVY debopévwy ekmaibevong. Autd ta duo
XOPAKTNPLOTIKA KaBloTtouV To poBAnua katdAAnAo yia tn Babld pabnon, n omnolia
€xeL Seifel eTutuyia otnv MPOPAsPN HATIOPOTOC °° KOL TOU TIOPAYOVTA. LETAYPUPHC
olvSeong .
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To yoviSlwHaTIKA SeSopéva UmopouV €Mmiong va XpNOLUEVCOUV AUECA WG
Blodeikteg yla tnv Evapén kot TNV e€EALEN TNG vooou. MNa mapadelypa, To aipa
TIEPLEXEL UKPA TUARpaTa DNA xwpig kUTTapa mou aneAeuBepwvovtat amo KuTtopa,
To omolia Bplokovtal omoudnmote oto cwia. Autd Ta THAMOTA ival pn emeppatikol
Selkteg amoppuPng opyavwy (6nAadn, To AvocomoLlnTko cUOTNUA TTOU TIPOGRAAAEL
KUTTapa pooxsupatocg °’), Baktnplakn Aoipwén 8 kat kapkivog mpwipou otadiou 2,
To akuttaplkd DNA XpnOLUOTIOLELTOL EMUTUXWE O€ TIPOYEVVNTLKA SLOYVWOTLKA: TO
eUBpuik6 DNA mou undpxeL OTO alpa TG UNTEPAC UTIOSNAWVEL XPWLOCWHLLKEG
avwHaAieg kat propet va amokaAUP el oAOKANPO To yoviSiwpa tou epBplou®. Ta
6ebopéva Blodeiktn eival cuxva avopolopopda Kot amattouv €Ay évn avaiuon
(T.x., yla va mpoodloplotel edv to akuttaplkd DNA eival evEEIKTIKO TOU KapKivou).
Ta cuotipata Babldg pabnong Umopouv va BEATLWOOUV TNV MOLOTNTA TWV SOKLUWV
Twv Blodektwy mou otoxevouv aAAnhouyiec DNA 81, peBudiwon 2, yoviSioki
ékdpaon 2, mpodi xypwpotttivng ®* ko TToANEG AANEG LETPHOELC.
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. ZXONIAZMOZ

Elcaywyn

To nmapanavw Keipevo adetnplag anoteAel Eva eMOTNUOVIKO ApBpo SNUOCLEUEVO
0€ NAEKTPOVLIKO TIEPLOSIKO, LIE TO EVOLAPEPOV TOU OTPAUUEVO OTLG ETLOTAUES TNG {WAG.
To KEUEVO ETUKEVIPWVETAL OTLG TEXVLKEG TNG BaBLag Mabnong yla tnv UYELOVOULKN
neplBaAn, eotidloviag TUNHOTIKA OE TEXVIKEG OMWG N UTOAOYLOTIKH Opacn, n
POWUTIOTIKA XELPOUPYLKN, N EMEeEepyacia TNG PUOLKAG YAWOOAC Kol AAAEC YEVIKEU LEVEG

uébodol.

H aApatwdéng avamtuén tng YOVISLWHATIKAG KAl TwV UTOAOMWY KAGSWV Twv
ETUOTNUWV TNG LWNG £XEL OAV ATMOTEAEGHA TNV AUEOVOLEVN AVAYKN TTAPOYWYNE VEWV
OpWV yLla TNV AMOTUTIWON TWV VEWV EMLOTNHOVIKWY Sedopévwy. EElcou onuavtikn
kaBlotatal kat n petadppactiky dtadikaoia, Kuplwg ayyAlkwyv Opwv, UE OKOTIO TNV
mapoakoAouBbnon twv e€elifewv oe MaykOOoULo eMiMeSO KAl TNV TPOCAPUOYH KOl

eloaywyn Twv VEwvV Se60UEVWVY 0TNV EAANVIKI TIPOYUATIKOTNTA.
(Kepapuidag 2015: 150)

Mpokelévou n mapoUoa MTUXLOKA Epyacia va paypatonolnOetl mpooéyyloa To €pyo
oUTO WC €vag v Suvapel emayyeApotiog HeTtadpaotic. NMpdyua moU onUAiveL WG
aélomoinoa 6Aoug Toug Mopoug, ou Ba pnopovoav va pou ¢pavouv xprowuol. Evag
uetadpaotic Sev umopel va apvnBel TNV XPNOOTNTA TWV NAEKTPOVIKWY
HETAPPACTIKWY EPYAAELWV. ZUYKEKPLUEVA, XpnoLpomoinoa to Aeyouevo Memsource
1 éva epyoaheio to omoio amd kowoU pe to SmartCat? amotéhecav TOAUTIHOUG

opwyolC OTNV €KMOVNON METAPPACTIKWY EPYOOLWV HEYAANG €KTAONG KATA TNV

otadlodpopia pou oto MNavemiotruLo.

1NnyA: https://www.memsource.com/
2Mnyn: https://www.smartcat.com/
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1. H nepintwon TwV EMLOTNHOVIKWV KELLEVWV

A. Zntpata opoloyiag kot AtwAeLa Bepatikov nediov

H petadpaotikn) Swadikaocia Kelpévwv pe €8Ik opoAoyia OTOV TOHEX TNG
yovISLwHATIKAG Kol tng Plotexvoloyiag, OmMwg amoteAel kalL n mepimiwon Ttou
TLOPOVTOC KELUEVOU «OTIOTEAEL Pl EALPETIKA €Mimovn Kol xpovoBopa Stadikaoia»
onw¢ avadepet kat o Kepapidag (2015: 150). Zta eldikd keipeva, avaloya BERata kot
LE TOV ETUKOLVWVLOKO OKOTIO KABe dopd, o HeTadpaoTrC KAVEL TO AeYOUEVO «pafe
ENAwve», HE OKOTIO TO UETAPPACUA TOU va TANPol OAeC TIg podilaypadEg Kal va
EUTEPLEXEL OAEC TIG MANPOdOpieg Mou amnaltovvral, Xwplg va votepel og ovoia f va
uneptepel o€ yvwon. EMmpooBETwe, wg yvwotov n el8kn YAwooa dev elval mavtote
Katavontn anod 0Aoug Kot OAeg oL TAnpodopleg mavta XpriolUeg o€ 6Aoug (avaloya
o€ ToLov anevBuvetal To Keipevo. BA. Metadpaotikry evioAn)). Ooeg aAAayég Eylvav
OTO OUYKEKPLUEVO HETADpAOUA HE BACN TO MPWTOTUNO Keipevo Ba avaAuBouv
mapokdatw (PA. petadpactikd mpoPAnuata). Mpotol OPWE TPOXWPHCOUUE OTNV
avaluon NG Hetadpactikng Sadlkaclag kol Ta amapaitnto Prupata, Tou
okoAouBoUlvTal ylo TNV EKMOVNON Kol TIEPATWON €VOC TETOLOU E€yXELPUaTog, Ba
avadepBoUE MPWTA OTO yLATL €lval TOOO «emimova» Tta EL6LKA KEIPUEVO KAl TTOCO

HAAAOV QUTA, TA OTIOLOL ATTAVTWVTAL OTOV TOMEQ TWV ETLOTNUWYV TN {WAG.

OL Topelc autol £xouv yvwpiosl aApatwdn avamntuén ta teAevtaia xpovia. Ot
KOLVOTOUEG Oeparmeie¢ koL oL TPWTOTOPLAKEG HEBOSOL avayvwplong Kot
KaTtamoA£éunong acBevelwyv pe t BonBela tng texvoloyiag, kKablotouv Tov eV AOyw
TOMEQ, EMIOTAMN TOU MEAAOVTIOG. 2TO AKOUCHO TWV AEEEWV «KOALVOTOMOG» KOl
«TIPWTOTIOPLOKOCY N TIPWTN OKEYPN €lval: OYKOG VEWV Opwv, TTou «Paxvouv» tn Sikn

TouC B€0n OTA ETILOTNUOVLKA YAWCTAPLA.

OL VEEC TPOKTIKEC KOl «veooLOTATOL» TOUELG TNG laTtplkAg OmMwg n
Fovidlwpatikn, €pouv Kal YA\woolka ermtakoAouBa. H avamntuén Aoutov Twv yA\woowy,
TWV SLOAEKTWY Kal TwV Wwpatlopwyv odnynoe avaudlofntnta otnv avaykn
Snuoupylag pag «lingua franca», plag kowng yAwoocag. H yAwooa auti 6a

OTIOTEAECEL TO KUPLOTEPO EPYOAELO ETKOWVWVIOC OVAUECO OE TOOEC SLAPOPETIKEC
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YAwooec kal Ba yedpUpwve To YAoua emkolvwviag. «Aappavel To mpofadlopa Evavtl
AWV YAwoowv oL omoieg aduvatouv va akoAouBrnoouv katd modag tnv YAwoolkn
Qvamtuén TNG, UE OUVETELA VO UOTEPOUV ONUAVTIKA ot Slddopoug Touels. Auto
oupBaivel emeldn, ocuudwva pe toug Lauren et al. kapia yA\wooa ev KaAUnteL OAa Ta
Suvarta Bepatika nedia.» (Kepapidag 2015: 76). ZUVENWE, EPXOUAOTE OTO {NTNMA TNG
anwAeLlag tou Bepatikol iediov (domain loss 3). Apxkd, wg «Bspatiko nedio propei
va vonBel évag EMIOTNUOVIKOG TOUENC N YEVIKOTEPA €va TeSio ePAPUOCUEVNC 1} KOL
BewPNTIKAG YVWOoNG, 0 OMolog yLa TG ETUKOLVWVLAKEG TOU QVAYKEG KAVEL XPron ELOLKNG
opoloyiac/yAwooac» (Kepauidag 2015: 77). Mwg TPOKUMTEL OUWC N OAMWAELQ
Bepatikol nediou; MPOKUMTEL MAVTA OTAV Hla YAWOOLKN Kowotnta Sev e€eliooel Ta
HETA TNC, OUTWE WOTE va KatadEPeL va SLacPaAioeL TNV EMLKOLVWVIQ, TTIOU aratteitot
o€ 81adopoug EMOTNUOVIKOUG TOUELS. Zuvenwg, anwAela Bspatikol nediov (Domain
Loss), €ival to ¢palvopevo katd to omoio pa yAwooa dev katadépvel va KaAUuPeL
YAwoolka S1adpopous TOUEIC yla TMapAdELya TOUG EMLOTNUOVIKOUG Kal n «lingua

franca» €pyetal va KaAUPEL T KEVA TNG.

«Lingua franca» tou oUyxpovou AUTIKOU TOALTIOpOU Bewpeital n AyyAlkn
YAwooa. Avapeca o€ AANEC YAWOOEG TOU €XOUV UTIOOTEL TI( OUVETELEC TOU
«yAwaootkoL uneplaAtopol» (Kepauidag 2015: 79), Bpioketal kat n EAAnvikn. NapoAo
miou TMANBwpa A£€EwV Kal TPOOPUUATWY TIOU XPNOLUOTIOLOUVTAL OE TOUEL OMWCE N
latpikr, A€oV AOyw NG amwAelag tou Bepatikov mediov kol tnv aduvapia tng
YAwooog va cupPadioet pe Toug puBUoUG TNG AYKOOULOG ETILOTNUOVLKAG KOWVOTNTAC,

0 LETAPPAOTNG EPXETAL AVILLETWTTIOC e SUOKOALEG OTIWG N opoAoyLkr aBefatdtnTa.

IKEMTOPEVOL OAa Ta poavadepBEVTa yevvaTal Eva oAU Bactkd epwTnua:
Mati va mpoPei kamolog o petadppaon; 0wV PE TO AELTOUPYLOUO, Ui ATTO TLG
pneBodoloyieg Tng petadpaong, n petadpaon yivetal mavra yla va KaAUEL Evav
OUYKEKPLUEVO oKOTIO. H Aettoupyikr Bewplia otn LETAPPOON TMOPATIEUTEL OTN
Bewpla tou okomou, cUUPWVA PE TNV oTola “otn pHeTadpaoTIkr TPAEN N Baotkni
opxn mou kaBopilel kaBe petadpaoctikn dtadikaaoia eival o otoxoc (Skopos) tng

OUVOALKNAG petadpaotikis Spaong” (Nord 2014: 70). Exovtog autd o LeTadppaoTi(

3Domain Loss: H Aé€n domain rpotdBnke amnd tov Gerhard Schmidt-Rohr to 1933.
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SleukoAUveTal og kamola mpaypata. N'vwpilel €€ apxng MOLEG lval oL amapaltnTES
nmAnpodopleg, mou Ba mpEmel va AABEeL, kKatd Toco Ba TG KpaTHNoeL wg £XOUV I Ba TIg
analei el evteAwg. Feyovog mou Gpuotka kablota Tov (610 kavo va hEPEL LG TTEPQS
TO €pyo Kal va “yevvnoel” éva petadpaocua, To onoio Ba eival amoAuTwc SOKLUO Kot
Ba pnopéoel va otabel avta&lo Twv MPoodoKLWV Tou KowvoU Tou. MNa va METUXEL KATL

TETOLO 0 pETADPAOTHG XpeLaleTal va mAnpol Vo Baolka kpLTipLa:

e To mpwTto mou XpelaleTal ival: oL yvwoeLg, oL omoieg Sev adopouv
HOVO o€ YAWOOLKO eTinedo. ITa €L6LKA KEIUEVA O HETADPAOTAG
odellel va €XEL KL YVWOELG TTAVW OTO YVWOTIKO QVTLKEILEVO TIOU
KaAeital va petadpacel, elOAMNWCE TO HETADPACHA UITOPEL VA UNV
glval owoto. AnAadn va €xeL “yvwaon mpayUatoAoyLlkoU | pnTtopLkou
xopaktnpa” (Kevtpwtrg 1996: 50-51).

e (¢ mpog to SeUTEPO, O OTOXOC KAOE HETADPAONG, O ETUKOLVWVLAKOG
dnAadn okomdg tng, oplletal amnod TIg EKAOTOTE “UETAPPACTIKEG
o6nyieg” (Nord 2014: 137- 142). AA\woTe “0 oKOMOC aylalel ta péoa”,
0 okomog SnAadn kabopilel Tov TPOTMO LE Tov omoio Ba yivel n

uetadpaon.

2. Metadpaotikn Stadikaocio- MeBoSoAoyio EMLOTNHOVIKWY KELLEVWV

H opoloyia mou Ba xpnolwpomolnBei oto keipevo adiéewg Ba mpemel va
avtlpetwrniioBel pe blaitepn mpoooxi kol evdladépov amd tov Uetadpaoth,
TIPOKELUEVOU TO Kelpevo adifewd va avtamokpiveTtol YAWOOLKA OTLC QTALTHOELG TOU
OUYXPOVOU ETILOTNUOVLKOU KOOUOU Kal TapdAAnAa va o€fetal tig mAnpodopieg Katl
TNV oucia Tou Kelévou adetnpiag. Q¢ ek TouTtou, o petadpaotr¢ odeilel va Ste€ayel
Slopkn Kol Aemtopepn €peuva ot Sladopeg mnyEG kat va Slatnpel apeiwto to
evbladépov tou w¢ mpo¢ to Bféua. Ocov adopd otn HeTADPOOH KELUEVWV
YoVvISlwHATIKAG Kot PBlotexvoloyiag eival amapaitnto o petadppactic va
0KOAOUBNOEL Ta TMapAKATW oTtadla Omwe nmapoucialovtal and tov Kepauida (2015:

151-152):
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e [lpayuatoloylkn €peuva Kal LEAETN ML TOU B€paTOG ou
TIPAYMOTEVETAL TO TIPOG HETADpOOH KEIUEVO.

e JUvtagn y\wooopiou 1ou mpokUTITEL amo thv anodeAtiwon 0pwv Tou
KELWEVOU.

e 'Epeuva O€ EVTUTIEG KOL NAEKTPOVIKEG TINYEG yLaL TNV amodoon Twv
QTMOSEATIWHEVWVY OpWV OTA EAANVIKA.

o TeKUNPLWON TWV TIPOTELVOUEVWVY OTTOSOCEWV.

e AvtlueTwLon aoadoUuc-tpoBAnUaTIkig opoAoyiag (TOAUAEKTLKA,
mtoAAamAr opoAoyia)

e [lpwtn anonelpa-npotacn anddoong 6pwv otnv EAANVIKA.

e Telwkn anoocadrvion MPoPANUATIKWY 1 SUCVONTWV ONUELWV.

e [IAApNG Katavonon Kal LETAPPOON TOU KELUEVOU.

Ye éval ATOUO TIOU N evaoxOoAnon tou Sev elval n petadpaon, OAa auta to
BrAuata ¢pavralouv MOAU xpovoBopa Kal emimova yla To HUalo. Mpoowrikwg, 6 Ba
tov SLEPeuda. Eival xpovoBopo kat emimovo. Eav opwc mapaAeldpBouv Ta avwtépw
otadla, Tote To Keipevo adiéewg ivatl moAL mBavo va PNV aviamokplveTal otn
oUYXPOVN ETILOTNUOVLKA TIPAYHUOTIKOTNTA, KATL TIOU TA KOOLOTA «avayKaio Kako».
Mpokelévou va katavonBel To Tapov Keluevo adetnplag, XpELAOTNKE OPKETA UEAETN
TOU QVTIKELPEVOU TG Babiag Mabnong. MeydAn SuokoAia katavonong amotéAsoav
oL pakpormepiodol Adyol, Ta apkTIKOAeEa, ol TOAUAEKTLKOL OpoL Kol duaLKA oL Opol
€KELVOL, TIOU TIPAYHATEVOVTOL TIOAU Kalvotopa {NTRpata onwg n Badia Mabnon, n
elopony 6ebopévwy, TOU amooKomel otnv ekmaideuon POUTOT (POUTTOTIKN
XELPOUPYLKR). MpoxwpwvTag MapaKATw KE TN petadpaotikh Stadikaoia, b Ba éAene
n ouvtoén yAwoooapiou. Eva epyaleio mépav Tou Xpriotpou. MpokUmTel éva Ae€LkO amo
To Undév, To omoio €xelL Baolotel o €peuveG NAEKTPOVIKWVY AeELKWV ELOLKNAC opoAoyiag,
SatplBwv dportntwy mavemotnuiwy Kat S16oktopwv aAAd Kol £vtunwv Ag€ikwyv
LaTPLKNG. To YAwooapl pEpeL ToV apeTddpacto 6po, TNV anddocn Tou ota EAANVIKA,
™V Tnyn amodoong Kal TEAOC TO OUYKEI(HEVO, LECA OTO OMOL0 CUVOVTATOL KO
TEKUNPLWVETOL N amodoon Tou OpOoU. ZUVETWE, HE TNV OAOKANPWON TWV TTAPATIAVW,
$TAVOUUE OTIC TIPWTEC ATIOTELPEG HETADPAONC OpwV, TIou SLEmovtal amno Stadopa

HeTadpaoTKA TpoPANUaTa, Ta omola He Ta KATAAANAQ epyaAeia Kal TG YVWOELC,
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Eemepviolvtal Kot odnNyoUHAOTE ot TEAIKA oTAdla, AUTA TNG amocadnviong Twv

OpWV KL TNG TEAKNG HETADPACNC TOU KELEVOU adeTnplag.

3. Metadpaotiki evioAn

J€ KATOOTAOELS, OTI{ OMOleC¢ oL AavOpwrol, oL omoiol dgv pmopouv va
ETUKOLVWVHOOUV AOYW YAWOGIKWY GPpayuwV, EMTUYXAVETAL N ETUKOLVWVIA TOUG HE TN
BonBela tou OSlapecolafntr. O POAOC AUTOC HUMOPEL va avAKEL avaAoywg Tn
KATAOTOON, O €vav enayyeApatia petadpaotr) f KN EKMALOEVOUEVO UETAPPAOTH.
Mpwv avagpepbolUe OTOUC TAPAYOVIEC TNG OUYKEKPLUEVNG HETAPPAOTIKNAC
Sladikaciog, mMpwrtiotw¢ Ba avadEpoupe TO Oevdplo, TO OMOlo KATEUBUVEL TIG
HeTadpaoTIKEG 06nyieg, Sedopévou OTL €va Keipevo TETolou eidoug Ba pmopolos va

XxpnotpomnotnBet pe SltadopeTikolG TPOTOUG.
MetadpaoTtikd oevaplo:

‘Evag EAAnvag petamtuxlokog ¢otntic oe  ayyAodwvo TOVETLOTAKLO
evbladépetal va ocuyypadet éva apBpo yia tTnv Babld Mabnaon Kal TIg TEXVIKEG TNC
onwg epapudlovtal otnv vyelovoukn miepiBain. To apbpo autd Ba dnuooteuBetl
nAekTpoVIKd otnv otooeAida Nature Medicine®, éva NAekTPoVIKO LOTPLKO TTEPLOSIKO.
O peTamtuyLlakog dpoltntig eixe TNV WOEa ¢ dnuLoupyiag evog tétolou apbpou Adyw
Tou evéladépovtog, mou MponABe amod évav eEAANVOGwWvVo TPOTTUXLAKO $OLTNTH TNG
latplkn¢ otnv ABrva, o omoiog evéladépetal va akoAouBrnoeL TOV CUYKEKPLUEVO
Topéa, TNG Babiag Mabnong. To aitnua tou ¢oltnth WKovomolntnke amnd Toug
O PUOBLOUC TNC LOTOOEALSOG, LLOG KOL EKPLVAV TTWC N SnUooieuon Kal HeTddpacn evog
Tétolou Aapbpou Ba eixe peyaAn amnixnon otoug eAAnvodwvoug doltntéG Tou
efwtepltkol aAAd kot tng EANadag. Aappavovtag to ayyAodwvo apBpo kol TIg
OXETIKEG PeTAPPAOTIKEG 0Onyieg, peTEbpaoa To Kelpevo adetnpiag amo ta ayyAlkd
ota eAANVLKA Kol 0T ouvEXela pe Baon autd Ba avacuvtayBel éva apbpo amod tov

HETATITUXLAKO doLTtnTh.

6 https://www.nature.com/nm/
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JUUPWVA LE TO LOVTEAO TNG HETOPPACTIKAG Spdaong tng Holz-Manttari (1984)

N HeTadpaon sival pla emikovwviakn kot dtampoowrnikn dtadkaoia, otnv omoia

oUppeTEXOUV Sladopol mapayovteC. Mo avaAutikd kot BAcesL Tou cevapiou Kot

KELULEVOU LOU EXOUE:

O gunvevotn NG petadpaong, “6nAadn to mpoowmo (puaotko f
VOLLKO) TtoU xpeLaletal tn petadpaon, Sivel To Evauvopa yla tThv
Evapén tng petadpaotikig dtadikaoiag kal opilel To OKOTO yla ToV
ormolo xpetaletal 1o Keipevo umodoxnc” (Kehavdprag 2007: 31-32,
2016: 102). 2tn 81k pou mepimtwon ivat évag EAAnvag ¢oltntig
latplkn¢ otnv ABrva ou evlladEpetal va Pabel meploocotepa
TpAyUaTa yLio TNV Babid Mdabnon kot Tig TEXVLKEG TNG.

O avaBétwyv tn petadpaon r evioAéag, “o onoiog avabEteL Tnv
TIaPaywyr Tou KELUEVOU adeTnpiag oto petadpaotr yla Eva
OUYKEKPLUEVO oKOTO Kal mapaAnmtn” (KeAavéplag 2016: 102). O
€VTOA€QG oTn mapoloa epimtwon eival oL apuodlol Tng LotooeAidag
TIOU €KpLvaV avaykaio va dnupooteuBel éva T10o0 €61k6 apbpo.

O énuLoupyog Tou Keévou adetnplag, To omoio: «ouvioTd tn Baon
™¢ petadpaotikng dpaonc aveéaptnta anod Ta KivnTtpo Kol Toug
Adyoug ou odriynoav otn SnuLoupyia Tou Kal anod To €AV UTAPXEL
TOUTION AOYWV KOlL KWVATPWVY HETAEY KELWEVOU adeTnplag Kal
KelLEvou uttodoxn¢. Eviote, n Snuloupyia tou kewévou adetnpiag
Sev yivetal pe okomo tn petadpacn Tou, n onoia anodaciletol
0pYyoOTEPA. Z€ QUTH TNV TEPIMTWON, 0 SNULOUPYOC TOU KELLEVOU
adetnplog evOEXETAL VA LNV CUUUETEXEL APECA OTN UETOPPAOTLKA
Stadikaoiay. (Kehavdplag 2016: 102-3). AnpLoupyodg TOU KELUEVOU
mou petédpaoca eival to Nature Medicine. ZUYKEKPLUEVQ, TO KELLEVO
Tou peTédpaoca adopd otn Babid Mabnon Kal Tig TEXVLKES TNG, OTIWC

epapudlovral otnv UYELOVOULKN TtEpiBaAN.
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e O petadpactig “wG KaBOPLOTIKOG TAPAYOVTAS TNG LETADPOAOTLKNG
Sadikaciog” (Kehavdprag 2016: 103), SnAadn eyw.

e O xprotng Tou KeLPEVOU unodoxrg, “OnAadn 1o Guatkod ) VOULKO
TIPOCWTIO TIoU Ba Xxpnaotpomnolnoel To petadpaocua” (KeAavdprag
2016: 104). O petamtuxlakog ¢poltntng nou avéhaBe va acxoAnBel pe
TNV ouyypadn tou apbpou.

e O 8€KTNG TOU KELMEVOU UTtOSOXNAG, “ONAadr) 0 TEAIKOG TtapaAnTITNG
TOU KELWEVOU adeTnplag, autdg oTov omoio aneuBUVETAL TO KELLEVOU
adetnplag (eviote o XprioTng KaL 0 SEKTNG TOU KELUEVOU UTIOSOXNG
tavtilovtal)” (Kehavdplag 2016: 104). AEKTNG TOU KELUEVOU
adetnplag KaL KAt emMEKTAON UTTOSOXNC ELVOL O TIPOTITUXLAKOG

doltnTAC yLa Tov onoio mpoopiletal n petadppaon.

ITn ouvéxela, Ba aoxoAnBolpe Mo AVOAUTIKA PE TO peTadpacua. ApxLka
TPETEL VA TIPOCSLOPIOOU E TOV KELUEVIKO TOU TUTIO. Ta Kelpeva xwpilovtal, avaioya

He T Aettoupyia tng yAwooog (Rei 1971: 33), oe:

» [MAnpodoplakd KEUEVO TTOU amookomoUV otnv mAnpodopnaon Tou

OVOYVWOTN OXETLKA LE QVTIKEIPEVA KAl GALVOLEVA TOU TIPAYUATIKOU
KOoUOoU. H emidoyn Twv YAWOOLKWV Kal UGOAOYLIKWYV TUTIWV YIVETAL UE
Baon tn ouykekplpévn Asttoupyia. O petadpaothc Oa mpémnet va
npoonaBOnoeL va anodwaoeL TO TIEPLEXOEVO TOU KELUEVOU adeTnpiag
LLE TPOTIO OWOTO Kol OAOKANPWHEVO, pe kKaBodnyntn, BERata, Tig
KUpLOPXEG VOPUES TNG YAwooG Kot Tou ToAttiopol adifews. (Nord
2014:91-92).

» ExkdpooTIKA KEIUEVO TIOU OITOCKOTIOUV OTNV ETIKANGN

ocuvalocOnuatwv. Zupdwva pe tn Nord (2014: 92), «n doknon,
SnAadn, alodnTIkn ¢ eMibpaong oTov avayvwaotn EPXETAL OTO
T{POOKNVLO KL YIVETOL TO KUPLO PEANUO TOOO TOU cuyypadEa 600 Kal,

KOT €MEKTOON, TOU PETAPPACTH».
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»  To KANTIKA KEWWEVA, TTIOU £X0UV WG 0TOXO va cupBouAéPouv A Kal va

TLELOOUV TO KOLVO-OTOXO yla KATL CUYKEKPLUEVO. «Ta Tavta ival
OXETIKA: N POKANoN NG i6lag —oto mAaioto Tou Suvatou—
avtiépaong anod To Koo lval auTr TOU UTIAYOPEVUEL TOV TPOTIO
HETADPOONG, O ONUELO LAALOTA TTIOU EVOEXETAL VA KPLBEL avaykaia n
oAAayr TOU TIEPLEXOUEVOU N TwV UGOAOYLKWYV XOPAKTNPLOTLKWY TOU

KeLWEVoU adetnpiag». (Nord 2014: 92).

Avdloya, Aoutdv, HE TNV €KAOTOTE KELWEVIK Agltoupyia (avadopikn,
ekppaotikn, KANTIKA, datikn), mou emilntd va SWoeL 0 cuyypadEAg TOU KELUEVOU
adetnpiag N 0 peTadPOOTAC TOU KEWWEVOU adifew, To Kelpevo Ba €xeL Kol ToV
avaloyo TUmo. To MPWTOTUTIO ayyAlKO Kelpevo €XeL TANPOGOPLOKO XOPAKTAPQ,
6ebopévou OTL adopd Ot epyactnplakd Telpapata, dedopéva TANPodopLAKWY
OUCTNUATWY KoL ooXoAeltalt pe Tto medio NG MOVISWWHATIKAG. ZUVEMWG, TO
HETAPPACTUA LOU EXEL KOL OUTO MANPOGOPLAKO XAPAKTHP. AG EMLONUOVOEL OpWC, OTL
TAPOAO TOV TANPOPOPLAKO XAPAKTHPA, TO KeE(Hevo €EUTINPETEL €mMioONG KOl Lo
kateuBuvtipla Asttoupyila OMwg €miong Kot SI80KTIKA. Autd S10TL, dev €XeL OKOTO
HOVO va evnuepwoel, aAla Slelobuel Babutepa Kal amookomnel emiong oto va Swoetl
obnyleg xpnong epyaAsiwv Kal HNXAVAUATWY. ZUV TOLG GAAOLG, O OLOAKTIKOG
XOPOAKTNPOG TOU KELEVOU daiveTal amd To OtL €€nyel AeMTOUEPWC YO TO TIWG N
eknaidbevon otn Babld Mabnon Ba emtteuxBel euKOAOTEPA KL LE TIOLEG TEXVIKES Bat
yivel auto. MapaAAnAa, oTo LETAPPACHO CUVAVTA KAVELC 2TM, TTPAYUQ TTOU LOpTUPA

TtwG SV TTPOKELTAL YLa €va KELPEVO AveU SLOOKTIKOU oKOoToU.

42



MetadpaoTikéG odnyLec:

OL peTadpaoTikeéG 06nyieg adopolv To GUVOAO TWV KATEUBUVTAPLWVY YPOUUWV

niou S6idovtal otov petadppaoth anod tov avabetn kat eivat ot €1 ¢ (KeAavdplag 2016:

145-149) :

Aewtoupyieg kelEVwY adetnpiag kat umtodoyxng: MAnpodopLakn

Aettoupyla pe Slakpioelg og SLOAKTIKN Kal kKatevBuvtnpla.

Xprnotec kat §€kTeg Tou Keévou unmodoyxng: O xprnotng g

HeTadpaong eivat o i8log pe tov §€KTn TNG petadpaonc, Sedopuévou
OTL N HeTadpaon oav £pyo TpoopileTal yla eKeivov (Tov
HETATTUXLAKO doLTnTh).

Xpovog KaL Tonog KukAodopiag tou Keluévou unodoxng: Evtog tou

2019

Mé£go petddoong unvuUoTog: Anpooisuon og LaTPLkO TePLoSIkO/

LoTooeALSa

Kivntpo yia tn dnuioupyia tou keluévou unodoxng: MAnpoddpnon

dottntwv mou evdladépovrtal yla Tov Topéa TnG Bablag Mabnong.
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Metadpaotkd NpoBAnpata

«To petadppaoTikd MPoPARUATA EIVOL AVTIKELLEVIKA I} TOUAAXLOTOV

SLUTIOKELEVIKA. Agv Oa TtpEMEL va TAUTITOVTAL E TIG LETAPPAOTIKEG

SUOKOALEG, TIG UTTOKELUEVIKEG, SNAadr], SUGKOALEG TTOU CUVAVTA £Vag

OUYKEKPLUEVOC LETAPPAOTAG 1} EKMALOEVOUEVOC KATA TN LETOPPOOTLKNA

Sladikacio Aoyw avemapkwv YAWOOLKWY, TIOALTIOUKWY | LETAPPACTIKWY

Sdeflottwy 1 Adyw ENAeWPNG owOoTNC TEKUNPLwonC. Ta HeTadpaoTIKA

TPOBAALATA TTAPAUEVOUV TIAVTA TIPOBANLATA, OKOUN KAl OTAV VG

HETAPPAOTHC EXEL LABEL TTWG VA TOL ETUAUEL YPHyOPa KOL ATIOTEAECLOTIKA. »

(Nord 2014: 145)

Mpoxwpwvtag Ba acxoAnBoU e e To TPAKTIKA {nTtpata: Ta HeETadpaoTIKA
npoPAnuata, mov cuvavinoo kabwc¢ SoUAgva e TO KelpeVo adetnplag.
Metadpaotikd mpoAnuata prnopel va mpokVPouv amnod tnv Evvola Twv AEEewvy, T
ouvtafn, akOUn Kol oo To TOALTLOULKA oTolxela Twv Suo YAwoowv. AVOAUTIKOTEPQ,
N KATNyopLoToinon Twv HeTadpaoTikwy MPoBAnudtwy e Baon tnv
TIPOCAVATOALOUEVN OTN HeTAdpacn KELUEVIKA avaAuaon tng Nord (2001: 59-66) £xel

we €§NG:

Npaypotoloyka tpoBAnpoTo:

«Mpaypatoloykd petadpaoTtikd mpofAfuata:

Ta tpayaToAOyIKA PETAPPACTIKA TTPOBARATA AVAKUTITOUV amtd Ti§ StadopEg
TWV MEPLOTACEWV QUTWV KOL ITOPOUV VA EVTOTILOTOUV LLE TN oUYKPLON TwV
€EWKELUEVIKWY TTApayOVTIWVY (moumnog, S€ktng, LEGO, XPOVOG, XWPOoG, KivnTpo,
KELUEVLKN AetToupyia) [...] mpayUatoAoyLlka peTappaoTikad TpoBAnpata
UTTAPXOUV O€ KAOe HeETadPAOTIKI EPYAOLO, (VAL YEVIKEUOLUO OVEEAPTNTO OO
TIG YAWOOEG KOlL TOUG TIOALTLOMOUC TTIOU EUTTAEKOVTAL H TNV KateLBUvON TNG
petadpaotikig dtadikaaoiag (amo r mpog TN UNTPLKN YAWooa). ZUVETWC,
KPLvovTal W¢ TO CNUAVTLKOTEPO TIPOPBANUATA TTOU TIPETEL VO AVTLETWITLOTOUV

oTa apXLKA otddla TnG ekmaideuong Twv HETADPOAOTWV. »
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(Nord 2014: 148)

Ta mpayHaToAoyLKA poBARUATA TTOU cuvavtnoa NTav dloadopwv eL8wWV.
MNapakdtw Ba yivouv akplBeic avadopeg pe mapadeiypota and 1o NpwTOTUTIO

KELLEVO KL TO pETAdpATHA.

v H ouxvh xprion tou pakponepiodou Adyou. & OAN TNV £KTAON TOU KELUEVOU
OUVOVTATOL LEYAAEC TIPOTACELG JLE TIEPLTTAOKO GUVTAKTLKO.

MNpwTtotuno Keipevo: «Remarkably, deep-learning models have achieved

physician-level accuracy at a broad variety of diagnostic tasks, including
identifying moles from melanomas, diabetic retinopathy, cardiovascular risk,
and referrals from fundus and optical coherence tomography (OCT) images of
the eye, breast lesion detection in mammograms, and spinal analysis with
magnetic resonance imaging.»

Metadpaoua: «Mapadofwc, Ta povtéAa Babidg pabnong éxouv katopBwoel
va ptacouv o akpiBela to eninedo Twv LATPWVY o€ Eva VpL pacua
SLOYVWOTIKWV MEPLUTTWOEWY, CUUMEPIAQUBAVOVTAC TNV AVAYVWPLCN OTN
Stadopd pLag eAdg arnd to peddvwpa ° 0, tnv Stapntkn
audpAnotposldbomnabela, Tov KapdlayyeLlako kivbuvo, Seiypata amnod tov
BuBS Tou 0pBaApOU ° 18, elkOVES TWV HATIWVY KOTOTILY €EETAONG OE OTTTIKY
Topoypadia cuvoxic Y/, avixveuon aAAOLWOEWY OTOV HAOTO KOTA TAV
paotoypadio? kot téAog omtovSUALKY aVEAUGH HE OTTELKOVLON HOYVNTLKOU

ouvtoviopoU (payvntkr topoypadia) 23.»

MapoAo mou o pakpomepiodog Aoyog mpokaAel cuxva SuovonTo AMOTEAECUA, EYLVE
npoonaBela va pnv aAAoLwOEL N popdr) TOU KELUEVOU KOlL VA TIOPAUELVEL OE
opLlopEva onuela o pakpomepiodog Adyos. Duaotkd autd cuvePn peEoa ota mAaiola

miou &ev dnuloupyel cuyxuon.

v' Zuvtaktiki Sopn:
MNpwtotuno: «However, a key limitation across studies that compare human
to algorithmic performance has been a lack of clinical context—they

constrain the diagnosis to be performed using just the images at hand».
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Metdadpaoua: «Qotoo0, Evag BaoIKOG MEPLOPLOUOG OE OAEG TIG LEAETEG, TIOU
OUYKpLvouv Tov avBpwrto He TNV adyoplBuikn anddoon, eival 0tL voTepPEL oE
KALWVLKN cuvadela - n Stadkaoia tng dtdyvwaong yivetat umd Tov mePLopLopd
ToU OTL AapBdvovtol uTtoP LV amAWG OL ETIKELUEVEC ELKOVEG. ».

3TN MPOKELUEVN TTEPUMTWON, XPELACTNKE KL LULKPN avacuvTagn TnG mpoTacn
OTO LETADPACUQ, TIPOKELUEVOU Va €lval Lo §OKLUN ota EAANVIKA.

V' 3tnv ayyAikr opoloyia ouvavtdtal To evwtikd (-). Zta eAAnVikd ouvhBwg
anodibetat 1 pe mMARpn amalowdr, [ HE XPNON YEVIKAG TTWONG N HE
Snuoupyla ouvBetng Aé€nc (Kepapuidag 2015: 103):

Mpwtdtuno: «Deep-learning models scale to large datasets—in part owing to
their ability to run on specialized computing hardware—and continue to
improve with more data, enabling them to outperform many classical ML
approaches.»

Metadpaopa: «Ta povtéda Badiag uadnong KALLOKWVOVTAL O HeYAAa
ouvoAa SeSopEVwy - eV HEPEL AOYW TNG LKAVOTNTAC TOUC VA KTPEXOUVY OF
€€e161KEVLEVO UTTOAOYLOTIKO UALKO - Kal cuvexi{ouv va BeATiwvovTal Je
TeEPLOOOTEPA SESOUEVQ, ETUTPEMOVTIAG TOUG VA ONUELWCOUV KOAUTEPN
enidoon amo AAAeC KAAOIKEC TPOOEYYIoELC TN Mnxavikng Madnong (ML).»

ZTn MPOKELPEVN TEPUTTWON EMAEXONKE N TIANPNG amaAoldr) Tou EVWTIKOU.

MNoAltLopLKo tpoBARuaToL:

«KABe MOALTIONOG €XEL TIG OLIKEG TOU OUVAOELEC, VOPUES KOL CUUPBACELS. To TIOALTIOULKA
HETAPPAOTIKA TPOBAAUOTO ATOpPpPEOUV ATO TIC SLAPOPEC OTIC VOPHUEC KOL TIC
oupBaocelg mou SLEMOUV TN AEKTIKN Kal KN AeKTIK oupmepldpopd otoug Svo

EUTMAEKOEVOUC TIOALTLOHOUG. »

(Nord 2014: 149)
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MNpwtdtuno: «For example, blood contains small fragments of cell-free DNA released

from cells present elsewhere in the body.»

Metadpaoua: «Ma mTapadeLlyla, TO oo TTEPLEXEL UIKPA TUApaTo DNA xwplg

KUTTapO TToU aneAeuBepwvovTtal amno KUTTapa, ta onola Bpiokovtal omoudrmote

OTO CWUOL»

2N TIPOKELEVN TIEPLIMTTWON €XOUUE TOV ayyALKO 0po DNA. Ita eAAnVIKA 0 0pOG
petadppaletal wg «5e0fupLBOVOUKAEIKO 0EU». € TTAYKOOWULO ETMESO Kal
TIOALTLOWLKO, TO EMIKPATEOTEPO £ival 0 6pog DNA. Exel maywwBel péow ¢ YAWoooG
KOLL TOU ETILOTNOVIKOU TOMEQ. JUVETIWG, EMEAEEQ va SLaTnpriow Tov ayyALko 6po
£VAVTL TOU EAANVLKOU, TIPOKELUEVOU VA NV TIPOKAAECEL KATIOLOL CUYXUOT KOl vVal

QIAVTA 0TV oUYXPOVN TIPOYHOTIKOTNTA TWV EMLOTNHWV.

MwooKA tpoBAiuoTo:

«Metadpaotikd mpoBARUATA UIopoUV emiong va pokUPouv amnod Soukég StadopEég

oTo Ae€IAOYLO, TN oUvVTOEN KOL TA UTIEPTEUAXLAKA OTOLXEla TwV SU0 YAwooWwV»

(Nord 2014: 150).

Eival e60opévo OTL epOoOoV TO Kelpevo adeTnplag aviKeL ota eOIKA KElPEVA, O
HETAPPAOTHC VA TIEPLUEVEL VO CUVOVTHOEL TIOLKIAQ YAWOOLKA HETADPACTIKA

npoPfAnuata. Mepikd amno autd:

v" H xprion apktkOAe§wv otnv AyyAKi:

Y€ OAn TNV £KTOON TOU KELLEVOU CUVAVTWVTAL Ta €€)C APKTIKOAEE:

MIMIC dataset Bdon 6edopévwv MIMIC

CNN JUVEALKTIKO NeupwVvIKO AlkTuo

DNN BaBu Neupwviko Aiktuo

OCT Ontikr) Topoypadia Zuvoxng

FHIR Mopot Mpriyopng ALAAELTOUPYLKOTNTOG
¢ Yyelovouikng MepiBoaAdng
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ML Mnxavikry Mabnon

NLP Enefepyacio Quowkng NMwooag

EHR system JU0TNHUO NAEKTPOVIKWY UNTPWWV
uyeiag

RAS POUTIOTLKN XELPOUPYIKN

RNN Avadpouikd Neupwvikd Aiktuo

Evw otnv AyyAwkn xpnoluomoLeital apkTtikOAe€o, ota EAANVIKA €xeL TtayLwOEL n
TANPNG HeTadpacn Tou 6pou.(Kepauidag 2015: 106). Katd autdv Tov TPOmo Enpata

Kat n 6la 6tav cuvAvVTNoO Ta AVWTEPW APKTIKOAEEQL.

MNpwrtotuno: «Future work will likely focus on developing algorithms to better

leverage some of the information-rich yet unstructured data in EHRs.»

Metadpaopa: «H peAovtikn epyacio mbavwe va eTUKEVIpWOEL otnv avamtuén

oAyoplOuwV yla TV KaAutepn aflomoinon opLoUEVWY amo Ta MAoUOoLA O€
nAnpodopieg Sedopéva aA\d akoun pUn SounUEVA O CUTTHUATA NAEKTPOVIKWY

UNTPWWV UYELaC. »

v" EAAnvonoinon:

Ye T€ToloU €ldouc kelpeva ouvnBiletal n «eAAnvomoinon» Tou MPWTOYEVOUC OPOU,
6nAadn n eAAnvormolnuévn dwvntiki amodoaon tou EEvou Gpou.

MNpwtotuno: «Deep-learning systems can enhance the quality of biomarker assays
targeting DNA sequences61, methylation62, gene expression63, chromatin64
profiles, and many other measurements».

Metadpaoua: «Ta cuotipata Babldg pabnong umopouv va BeATLWoouV TNV
TIOLOTNTA TWV SOKIHWV TWV BLOSEIKTWV TTou otoxevouv aAAnAouyieg DNA 61,
ueduldiwon 2, yovidiakn ékbpaon &, npodil yowuatitivng ®* kot moANEG GANEG

HUETPNOELG.»
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v" NMoAuAektikoi dpot:

JuxVa oTn MEPIMTWON LATPLKWY OPWV O€ ayYALKO KElEVO, N Sladikaaoia mou
akoAouBeital ota eAANVIKA elval TETola TTou auEAveTat 0 aplOuog Twv
anaptiopevwy 0pwv. Kupiwg Adyw TNG Xpriong tg YEVIKAG MTWoNnG 1 TNG
TpoTipNonG eneénynuatikwy anodocewv. (Kepauidag 2015: 101-103). Znavidtepa

ouvavtatal To avtiotpodo, va dnuoupynBel pia LovoAekTikn AEEN.

MNpwtdtuno: «CV focuses on image and video understanding, and deals with tasks
such as object classification, detection, and segmentation—which are useful in
determining whether a patient’s radiograph contains malignant tumors.»
Metadpaoua: «H pnxavikn 6pacn EMIKEVIPWVETAL OTNV KATAVONON ELKOVWVY Kall
Bivteo kal aoxoAsital pe Bépata Onwe n Taétvounon avtikeUEVWY, N OVIXVEUOH Kall
N KATAtunon -ta onoia fonBouv otov kaboplopud Tou edv oto padloypadnua Tou

a0BgvoUg avixvelovtal KakonBeLg dykoL. »
v' Opoloyiki afeBotdtnra:

Otav evromiletal dimAa otov eEAANVIKO 0po o€ TtapévOeon o ayyAlkog, mapatiBetal
£TOL TIPOKELEVOU Va SLEUKOAUVOEL 0 avayvwoTtngG 0 TIEPLMTWON TTou 0 6pog dev
glval eup€wg yvwotog kal dtadedopévog.

MNpwtotuno: «Convolutional neural networks (CNNs)1,2 , a type of deep-learning
algorithm designed to process data that exhibits natural spatial invariance (e.g.,
Images, whose meanings do not change under translation), have grown to be central

in this field. »

Metddpaoua: «Ta SuveAiktikd Neupwvika Aiktua (CNNs) 12, to omnoio eivat éva
eldog Bablag pabnong, mou oxedlaotnke yla va enefepyaletal dedouéva, Ta omola
napouaotalouv tn GUGCLKN XWPLKN apeTaBAntotnTa (Yo mapadelyla, ELKOVEG, TwV
omolwv oL évvoleg 6ev aAAalouv kata tn dladikaoia tng petadpaong), Exouv

KataAn&etl va katéxouv Baoikrn B£on o€ AUTOV TOV TOHEQ. »
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Kewwevoidlopopdka petadpaotikd tpoBAnuoTo:

Kamowa petadpaotikd mpoPAnupata  eilvat  appnkta ocuvdedepéva pe  €va
OUYKEKPLUEVO Kelpevo-mnyn, OmMw¢ oupPaivel pe oplopéva  oxnuata Aoyou,
VEOAOYLOMOUG Kal Aoyormaiyvia. Emeldr) ot AUoeglg mou Sivovtal ota CUYKEKPLUEVA
npoPAnuata v UMOPOUV VO YEVIKEUTOUV KOl Vo £POPUOOTOUV OE TIOPOMOLEG
TIEPUTTWOEL;, O METOPPACTAG TIPEMEL VA ElvOl TIPOETOLMOOUEVOG va SpAoel

Snuoupyika. (Nord 2014: 152)

Itn mopouoa TTuXLakn dgv cuvaviwvtal Kelpevoidlopopdikd mpoBAnuata, AGAAwote
TO Kelpevo adetnpiag, kal Kot eMéEKTAon To Keipevo adiewg, aviKeL otn AeyoUevn

«ELOIKN HeTAdPpACN». ZUVETIWCE N AITOUCLA TETOLWVY TIPOPBANUATWY €lval AOYLK).

Méoa ano tnv Stadikaoia TG eEvaoXOoAnong LoU LE TO TTapOV KEIPEVO, KATEANEQ OTO
CUUTEPACO OTL OTOV TOMEQ TNG LETADPACNG, OL YVWOELG KL OL CWOTEG TEXVLKEG
TIPOOEYYLONG EVOG KELEVOU, Sev elval povo otL xpelaletal o petadpaotic. H
OUVETTELQ, N AELTOUPYLKOTNTA TOU Kal N SLOPKAG EVOOXOANOHN HE TO QVTLKEIMEVO €lval

mou Ba «yevvrioouv» €va SOKLUO Kol «KaBapo» petdadpacpal.
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FAQ33API OPON

OoPOz

AMNOAOzH

Deep learning (DL)

Babd padbnon (DL)

Computer vision (CV)

Mnxavikn 6paon

Natural language processing

(NLP)

Enetepyaoia puowkng yAwooag (NLP)

Reinforcement learning (RL)

Evioxutikn paénon (RL)

Genomics

Fovidwwpatikn (H emotiun tng Novidtwpatikng)

Data set

YUvoAo Sebopévwv

Machine learning system (MLS)

JUOTNUO KNXOVLIKNAG Hadnong (MLS)

Raw data

Mn ene€epyaocuéva dedopéva

Nonlinear operation

Mn ypauukn Aettoupyia

CNN (Convolutional neural | ZuveAiktiko veupwviko Siktuo (CNN)
network)

Medical imaging laTpLKN ATELKOVLON

data matrix untpa Sedouévwy

Fundus BuB6¢ 0pBaApou

Mammogram MaoTtoypadia

magnetic resonance imaging | MayvnTikO¢ GUVTOVIOUOG Ue amelkovion (MRI)
(MRI)

Occlusion ‘EykAelon

Semi-supervised learning Hult- emitnpoupevn pabnon
Unsupervised learning Mn emBAenopevn pabnon

Supervised learning EruBAenopevn pabnon

Recurrent  neural network | Avadpouwko Neupwviko Aiktuo (RNN)
(RNN)

EHR system JUOTNUA NAEKTPOVIKWVY UNTPWWV UYELDG

MIMIC Data set

Bdon 6edopévwv MIMIC

Convolution

JuvéAlin

Pooling (of data)

Alacuvdeon debopévwy
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Softmax layer (output vector)

Alavuopa e€66ou

Vicinity

MNpw meploxn

DNN (Deep neutral network)

BaBu veupwviko diktuo (DNN)

Gene-splicing

Mdartiopa

Genome-wide association study

MeAétn  yoviSlaKAG  OUOXETLONG

(GWAs) OUOXETLONG 0€ OAOKANPO TO Yovidiwpa)
mutation HETAAAOEN

cohort KOOPTN

phenotype dawvotunog

biomaker Blodeiktng

genomics YOVLOLWUATIKA

proliferation S6ladoon

algorithm aAyoplBpuog

feed/feeding tpododooia

data input

eloaywyn 6edouévwy (data entry)

data point

onueio debopévwv

computer hardware

UALOHLKO NAEKTPOVIKOU UTIOAOYLOTH

trial

dokiun

segmentation

KATATUNON

object classification

Ta€LVOUNGCN OVTIKELLEVWV

mole YPOUUOUOPLO
lesion aAAoiwon
agent Tiapayoviag

(RAS) robotic assisted surgery

POUTIOTLKA XElpoupYLKN (RAS)

robustness

avOekTIKOTNTA

suture

ouppadn

stereovision

OTEPEOCKOTILKA OpOoN

(MLS) Modern Laparoscopic

Surgery

Zuyxpovn Aamapookortkr) Xelpoupytkr (MLS)

mapping data

xaptoypadnon dedopévwy
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gene expression

yoviSLakn ékdpaon

genetic mutation

YOVLSLOKH HETAAAOEN

computation UTTOAOYLOULOG
pathogenicity naboyovikotnta
conservation Slatipnon

binding

POodLOPLOTIKO {euyapl

chromosomal aberration

XPWHOOWULKA avwaAio

assay

Sokiun

human engineering

gpyovopuia

representation learning

HAabnon avamopactaong

pattern recognition

avayvwpLon mPoTtunwv

image data

debopéva elkovag

probability distribution

KaTavoun mavotntag

Generative Adversarial Network

(GAN)

YEVVNTLKO avTaywvLoTko Siktuo (GAN)

automatic speech recognition

(ASR)

autopatn avayvwplon optiag (ASR)

end-to-end (system)

Slateppatiko (ovotnua)
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AIAAIKTYAKOI NOPOI

Eumopikd cuotnua dlaxeiplong petadpaong kat epyadeio autOUATNG

uetadpaong (CAT tool): https://www.memsource.com/

H IATE («Interactive Terminology for Europe» — Aladpaotiki
OpoAoyia yia tnv Eupwrn) ivatl n opoAoyikn Baon SeSopévwy tng
EE. Xpnouworoleital ano ta BeouLkd 0pyava Kal ToUG OpYOVLIOHOUG
¢ EE amnd to kaAokaipt tou 2004 yia tn cuAAoyn, Tn Stadoon Kat ™
Slaxeiplon opoloylag o Bépata appodiotntag tng EE.:

https://iate.europa.eu/home

Baon 6pwv texvoloyiag mAnpodoplwv:

http://www.eleto.gr/inforterm/greek/search.php

Epyaleio petadpaong, mou divel mpooBacn oe mnyEg Onwg to IATE,

EUR-LEX kAm.: https://el.techdico.com/

EBviko Kévtpo MAnpodoplwv Blotexvoloyliag, mou mpoayeL tnv
ETLOTAMN KOL TNV LYEia mapéxovtag mpodoBaon o€ BlolaTpikég Kot
YOVISLWHATIKEC TTANpOdOpPIEC:

https://www.ncbi.nlm.nih.gov/clinvar/

H "Nnueptng" eival to 16pupatikd AnmoBetrplo mou ploevel Tnv
TIVEUOTLKA Ttapaywyn tou MNavemniotnuiou MNatpwyv. ZUYKEVTPWVEL TLG
SL160KTOPLKEC SLATPLBEC, UETATITUXLAKEG KOl SUTAWUATIKEG EPYAOLEG
TIou ekmovouvtal oto MaveniotriuLo Matpwy KoL Tautoxpova
OUAAEYEL KL AAAO UALKO, OTIWG £lval TEXVIKEC avadopEG, SNUOCLEVOELG
0€ TEPLOBIKA KAl TIPOKTIKA cUVESPLWV TwV peAwv AEN katl Twv
gpeuvnTWV TOoU MNavemniotnuiov, SNUOCLEVCELG TOU TIPOCWTIILKOU TNG
BKI, KAm.:

https://nemertes.library.upatras.gr/jspui/

HAextpovikn d1ebBuvvon omov pmopel kaveic va Bpet to ev Ady®

Keipevo apetnpiag: https://www.nature.com/articles/s41591-018-0316-

A
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