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Abstract—The success of statistical machine learning (ML)
methods made the field of Artificial Intelligence (AI) so pop-
ular again, after the last AI winter. Meanwhile deep learning
approaches even exceed human performance in particular tasks.
However, such approaches have some disadvantages besides
of needing big quality data, much computational power and
engineering effort; those approaches are becoming increasingly
opaque, and even if we understand the underlying mathematical
principles of such models they still lack explicit declarative
knowledge. For example, words are mapped to high-dimensional
vectors, making them unintelligible to humans. What we need
in the future are context-adaptive procedures, i.e. systems that
construct contextual explanatory models for classes of real-world
phenomena. This is the goal of explainable AI, which is not
a new field; rather, the problem of explainability is as old as
AI itself. While rule-based approaches of early AI were com-
prehensible ”glass-box” approaches at least in narrow domains,
their weakness was in dealing with uncertainties of the real
world. Maybe one step further is in linking probabilistic learning
methods with large knowledge representations (ontologies) and
logical approaches, thus making results re-traceable, explainable
and comprehensible on demand.

I. INTRODUCTION

This talk is divided into six sections: 1) I will start with

explaining the HCI–KDD approach towards integrative ma-

chine learning (ML); 2) I will continue with discussing the

importance of understanding intelligence and 3) show very

briefly our application domain health, where it becomes clear

why 4) dealing with uncertainty is important. A quick journey

through some successful applications of 5) automatic machine

learning (aML) will bring us to the limitations of these and

let us understand that sometimes a human-in-the-loop can be

beneficial. The discussion of 6) interactive machine learning

(iML) will directly lead us to the topic 7) explainable AI; I

will finish the talk with outlining some future directions.

II. WHAT IS THE HCI–KDD APPROACH?

ML is a very practical field. Algorithm development is at

the core, however, successful ML requires a concerted effort of

various experts with diverse background. Such a field needs an

integrated approach: Integrative Machine Learning [1] is based

on the idea of combining the best of the two worlds dealing

with understanding intelligence, which is manifested in the
HCI–KDD approach:[2, 3, 4]: Human–Computer Interaction

(HCI), rooted in cognitive science, particularly dealing with

human intelligence, and Knowledge Discovery/Data Mining
(KDD), rooted in computer science particularly dealing with

artificial intelligence. This approach fosters a complete ma-
chine learning pipeline beyond algorithm development. It in-

cludes knowledge extraction, ranging from issues of data pre-

processing, data mapping and data fusion of heterogeneous and

high-dimensional data sets up to the visualization of the results

in a dimension accessible to a human end-user and making

data interactively accessible and manipulable. Thematically,

these Machine Learning & Knowledge Extraction (MAKE)

pipeline encompasses seven sections ([5], [6]):

Section 1: Data: data preprocessing, integration, map-
ping, fusion. This starts with understanding the physical
aspects of raw data and fostering a deep understanding of

the data ecosystem, particularly within an application domain.

Quality of the data is of utmost importance.

Section 2: Learning: algorithms. The core section deals
with all aspects of learning algorithms, in the design, devel-

opment, experimentation, testing and evaluation of algorithms

generally and in the application to application domains specif-

ically.

Section 3: Visualization: data visualization, visual analy-
sis. At the end of the pipeline there is a human, who is limited
to perceive information in dimensions � 3. It is a hard task to
map the results, gained in arbitrarily high dimensional spaces,

down to the lower dimensions, ultimately to R2.

Section 4: Privacy: Data Protection, Safety & Security.
Worldwide increasing demands on data protection laws and

regulations (e.g., the new European Union data protection di-

rections), privacy aware machine learning becomes a necessity

not an add-on. New approaches, e.g., federated learning, glass-

box approaches, will be important in the future. However, all

these topics needs a strong focus on usability, acceptance and

also social issues.

Section 5: Network Science: Graph-Based Data Mining.
Graph theory provides powerful tools to map data structures

and to find novel connections between data objects and the

inferred graphs can be further analyzed by using graph-

theoretical, statistical and ML techniques.

Section 6: Topology: Topology-Based Data Mining. The
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most popular techniques of computational topology include

homology and persistence and the combination with ML
approaches would have enormous potential for solving many

practical problems.

Section 7: Entropy: Entropy-Based Data Mining. En-
tropy can be used as a measure of uncertainty in data,
thus provides a bridge to theoretical and practical aspects

of information science (e.g., Kullback–Leibler Divergence for

distance measure of probability distributions).

I will explain our HCI–KDD logo in more detail later on, but

before we shall talk briefly about understanding intelligence.

III. UNDERSTANDING INTELLIGENCE

”Solve intelligence – then solve everything else” ... if I

would say this, my students would not believe it; therefore

not I am saying this, but it is the official motto of Google

Deepmind (see e.g. the talk by Demis Hassabis from May,

22, 2015).

Now let me explain our HCI-KDD logo1 in more detail:

Augmenting human intelligence (left) with artificial intelli-

gence (right) means mapping results from high-dimensional

spaces into the lower dimensions [3]. The logo shall indicate

the connection between Cognitive Science and Computer

Science: Cognitive Science studies the principles of human
intelligence and human learning [7]. Our natural surrounding

is in R3 and humans are excellent in perceiving patterns out

of data sets with dimensions of ≤ 3. In fact, it is amazing
how humans learn and extract so much knowledge even from

little or incomplete data [8]. This is a strong motivator for

the concept of interactive Machine Learning (iML), i.e., using

the experience, knowledge, even the intuition of humans to

help to solve problems which would otherwise remain compu-

tationally intractable. However, in most application domains,

e.g., in health informatics, we are challenged with data of

arbitrarily high dimensions [9]. Within such data, relevant

structural patterns and/or temporal patterns (“knowledge”)
are often hidden, knowledge is difficult to extract, hence not

directly accessible to a human. There is need to bring the

results from these high dimensions into the lower dimension

for the human end user2 – the ”customer” of ML/AI.

Computer Science studies the principles of computational
learning from data to understand artificial intelligence [10].

Computational learning has been of general interest for a very

long time, but we are far away from solving intelligence:

facts are not knowledge and descriptions are not insight, and

new approaches are needed. A challenge is to interactively

discover unknown patterns within high-dimensional data sets.

Computational geometry and algebraic topology may be of

great help here [11]. For example, if we define M as hidden

parameter space, and we define RD as an observation space,

and let f : M → R
D be a continuous embedding; X ⊂ M

be a finite set of data points, and Y = f(X) ⊂ R
D shall be

the image of these points under the mapping f . Consequently,

1https://hci-kdd.org
2Although this can range from tablet computers to large wall-displays the

representation is always limited to R2.

we may refer to X as the hidden data, and Y as the observed
data. If we suppose that M , f and X are unknown, but Y is
known, the question remains if we can identifyM? [12]. Such
questions are studied in section 6 of the MAKE-approach [13].

Consequently, to reach a level of usable intelligence, we
need (1) to learn from prior data, (2) to extract knowledge,

(3) to generalize, (4) to fight the curse of dimensionality,

(5) to disentangle the underlying explanatory factors of the

data [14] and (6) to understand the data in the context of an

application domain. One grand challenge still remains open:

to make sense of the data in the context of the application

domain. The quality of data and appropriate features matter

most, and previous work has shown that the best-performing

methods typically combine multiple low-level features with

high-level context [15].

We compare a DQN-agent (Deep Q-learning, Q-learning is

a kind of model-free reinforcement learning [16]) with the

best reinforcement learning methods, where we normalize the

performance of the DQN-agent with respect to a professional

human games tester (that is, 100% level) and random play (that

is, 0% level). It can be seen that DQN outperforms competing

methods in almost all the games, and performs at a level that is

broadly comparable with or superior to a professional human

games tester (that is, operationalized as a level of 75% or

above) in the majority of games. However, still humans are

much better in certain games, and the question remains open

why [7].

Always robotics is seen as the most feared threat of AI for

mankind3. In this talk, I want to emphasize that humanoid

AI �= human-level AI. Achievement of human-level machine

intelligence was the basic objective since the early days of AI.

It was actually started by Alan Turing with his question Can

machines think? [17]. Exaggerated expectations led to a bitter

AI-winter, and recently we have been feeling a real AI-spring

[18].

IV. APPLICATION AREA: HEALTH

Why is the application domain health complex? In medicine

we have two different worlds: we have the science of medicine:

mathematics, physics, physiology, biology, chemistry, etc. at

the bench; and there is the clinical medicine focusing on the

patient at the bed side. The main problem is that there is

a (big) gap between those two (and some say not only a

big gap, but there is an ocean between those two worlds).

How can we bridge this gap? Our central hypothesis is:

information may bridge this gap. Not data. Not knowledge.
It is the quality of information what both sides need for
making decisions [19]. Optimally designed workflows thereby

integrating sophisticated AI/ML with appropriate visualization

[20] directly into the workplaces of medical professionals may

therefore be a great help for future medicine.

In the medical domain the Number 1 problem is the bad

quality of data along with the heterogeneity of data [21].

Consequently data integration, data fusion and data mapping

3Intelligence does not need a metal body to be a thread
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is one of the most important issues of data science and the

combination of various data would enable to get new kinds of

information, hence novel insights.

However, most of the data are in arbitrarily high dimen-

sions, therefore we are always confronted with the curse of

dimensionality [22].

A further problem is complexity, of all sort: clinical practice,

organization and information management are interdependent

and built around multiple self adjusting and interacting sys-

tems. Here we are always confronted with unpredictability,

non-linearity and non-homogeneity in time [23].

All these lead us to the fourth main problem: uncertainty.

V. DEALING WITH UNCERTAINTY: STATISTICAL LEARNING

FROM BIG DATA

We now briefly rehearse the very basics of what makes

current ML so successful. The principles are so fascinat-

ing simple: Bayesian learning, optimization and prediction

(inverse probability), which go back to Thomas Bayes and

Richard Price [24]. I emphasize here that it was Pierre Simon

de Laplace who did the pioneering work and delivered us the

foundations of statistical machine learning [25], [26].

Let us consider n data contained in a set D

D = x1:n = {x1, x2, ..., xn}
and let us write down the expression for the likelihood:

p(D|θ) (1)

Next we specify a prior:

p(θ) (2)

Finally we can compute the posterior:

p(θ|D) =
p(D|θ) ∗ p(θ)
p(D)

(3)

The inverse probability allows to learn from data, infer

unknowns, and make predictions [27].

Most fascinating is the simplicity of this approach; we can

add probabilities (sum rule):

p(x) =
∑
y

(p(x, y)) (4)

By introducing ”repeated adding” (adding multiple times), we

can write (product rule):

p(x, y) = p(y|x) ∗ p(y) (5)

Laplace (in 1773 !) showed that we can write:

p(x, y) ∗ p(y) = p(y|x) ∗ p(x) (6)

and introduced a third operation (division):

p(x, y) ∗ p(y)
p(y)

=
p(y|x) ∗ p(x)
p(y)

(7)

now we can reduce this fraction by p(y) and we receive what
is today called Bayes rule (actually it was Laplace)4:

p(x, y) =
p(y|x) ∗ p(x)
p(y)

(8)

And this is now the basis for machine learning and applied in

all sort of advanced techniques, based on adding, and repeated

adding, and this is what our Von Neumann machines can do

good. However, it is not that easy in high-dimensional spaces,

and a grand challenge is: How to add efficient.

In the following the large H is the hypothesis space, and

e.g. decision making is searching for an optimal solution in

an arbitrarily high dimensional search space. However, in

medicine we need not always the optimal solution often a

good solution in short time is better because time is a very
critical aspect!

If we denote d as the data and h as the hypothesis and with
H = {H1, H2, ..., Hn} then ∀(h, d)

P (h|d) =
P (d|h) ∗ P (h)∑
�∈H p(d|�)p(�)

(9)

P (h|d) =
P (d|h) ∗ P (h)∑

h′∈H P (d|h′)P (h′)
(10)

J =

∫
f(θ) ∗ p(θ|D)dθ (11)

These astonishingly simple fundamentals led to the current

success in automatic machine learning.

VI. AUTOMATIC MACHINE LEARNING (AML)

The ML community today is concentrating on automatic
machine learning (aML) approaches, with the grand goal

of bringing humans-out-of-the-loop [28], resulting in fully

autonomous solutions. Maybe the best practice real-world

example of today is autonomous driving [29].

This automatic machine learning (aML) works well when
having large amounts of training data [30]. That means the

often debated ”big data” issue is not bad, instead the large

amount of data is beneficial for automatic approaches (and I

emphasize again the need of good quality data!).

However, sometimes we do not have large amounts of

data, and/or we are confronted with rare events and/or hard

problems. The health domain is a representative example for

a domain with many such complex data problems [31, 32].

In such domains the application of fully automatic approaches

(“press the button and wait for the results”) seems elusive in

the near future.

Again, a good example are Gaussian processes, where aML

approaches (e.g., kernel machines [33]) struggle on function

extrapolation problems, which are astonishingly trivial for

human learners [34].

A famous example was given by [35] where they considered

the problem of building high-level, class-specific feature de-

tectors from unlabeled for detecting a cat automatically on the

4to be completely correct it should be called Bayes-Price-Laplace: BPL
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basis of 10 million 200200 pixel internet images. They trained

a deep autoencoder on a cluster with 1,000 machines (16,000

cores) for three days. The results impressively demonstrated

that it is possible to train an image detector without labelling

the images - but at what price.

A more recent example is the work by [36], who pre-

sented fully automated classification of skin lesions using

dermatological images. They trained deep convolutional neural

networks with a data set of 129,450 clinical images. They

used a GoogleNet Inception v3 network, pretrained on approx-

imately 1.28 million images (1,000 object categories) from

the 2014 ImageNet Large Scale Visual Recognition Challenge.

The authors tested the performance against 21 board-certified

dermatologists on biopsy-proven clinical images with two

critical binary classification use cases: keratinocyte carcinomas

versus benign seborrheic keratoses; and malignant melanomas

versus benign nevi. The automatic ML achieves performance

on par with the 21 medical doctors, demonstrating that AI

is actually capable of classifying skin cancer with a level of

competence comparable to dermatologists.

Despite their impressive results such automatic approaches

have some limitations:

1) they are very data intensive, need often millions of

training samples of highest quality which is both hard

to achieve;

2) they are non-convex, difficult to set up, difficult to train

and to optimize, are very error prone and sensitive

to adversarial examples, consequently need a lot of

engineering effort;

3) the are affected by catastrophic forgetting, so when a

problem changes only slightly, it looses the learned

parameters, this calls urgently for transfer learning and

multi-task learning;

4) they are very resource intensive, need much computa-

tional power and storage;

5) they are bad in dealing with uncertainties; but

6) most of all such approaches are considered to be black-

box approaches, they lack transparency, do therefore

not foster trust and acceptance, and legal aspects make

such opaque models extremely difficult to use in certain

situations

So, sometimes we (still) need a human-in-the-loop. Some-

times we do not have big data where aML algorithms benefit,

sometimes we have only small amount of data sets (see e.g.

[37], or we have rare events or even no training samples,

or we deal with NP-hard problems, e.g. subspace clustering,

protein folding, or k-anonymization, to name three. This leads

us directly to interactive machine learning.

VII. INTERACTIVE MACHINE LEARNING (IML)

However, we cannot compare car driving with the com-

plexity of the biomedical domain. The main problem for

automatic solutions is in the extremely poor quality of data

in this domain. Biomedical data sets are full of uncertainty,

incompleteness etc.; they can contain missing, wrong data,

noisy data, dirty data, unwanted data, etc. However, many

problems are computationally hard. All these constraints make

the application of fully automated approaches difficult or

even impossible. Also, the quality of results from automatic

approaches might be questionable. Consequently, the integra-

tion of the knowledge, intuition and experience of a domain

expert can sometimes be indispensable and the interaction of a

domain expert with the data would greatly enhance the whole

ML pipeline. Hence, interactive machine learning (iML) puts
the “human-in-the-algorithmic-loop” to enable what neither a

human nor a computer could do on their own.

We define iML-approaches as algorithms in an multi-agent-

hybrid system, that can interact with both computational agents

and human agents5 and can optimize their learning behaviour

through these interactions [39].

Why should the integration of human intelligence be bene-

ficial? One strength of humans is that they, even little children,

can make inferences from little data (zero-shot learning). The

greatest strength is that the are able to recognize the context.

There is evidence that humans sometimes even outperform

ML-algorithms. Humans can provide almost instantaneous

interpretations of complex patterns, for example in diagnostic

radiologic imaging: A promising technique to fill the semantic

gap is to adopt an expert-in-the-loop approach, to integrate

the physicians high-level expert knowledge into the retrieval

process by acquiring his/her relevance judgments regarding a

set of initial retrieval results [40].

Consequently, iML-approaches, by integrating a human-

into-the-loop (e.g. a human kernel [41], or the involvement

of a human directly into the machine-learning algorithm [39],

thereby making use of human cognitive abilities, seems to be

a promising approach. iML-approaches can be of particular

interest to solve problems in health informatics, where we

are lacking big data sets, deal with complex data and/or rare

events, where traditional learning algorithms suffer due to

insufficient training samples. Here the doctor-in-the-loop can

help, where human expertise and long-term experience can

assist in solving problems which otherwise would remain NP-

hard.

A recent experimental work [42] demonstrates the useful-

ness on the Traveling Salesman Problem (TSP), which appears

in a number of practical problems, e.g., the native folded three-

dimensional conformation of a protein in its lowest free energy

state; or both 2D and 3D folding processes as a free energy

minimization problem belong to a large set of computational

problems, assumed to be conditionally intractable [43]. As

the TSP is about finding the shortest path through a set of

points, it is an intransigent mathematical problem, where many

heuristics have been developed in the past to find approximate

solutions [44]. There is evidence that the inclusion of a human

can be useful in numerous other problems in different appli-

cation domains, see e.g., [45, 46]. However, for clarification,

iML means the integration of a human into the algorithmic
loop, i.e., to open the black box approach to a glass box. Other

definitions speak also of a human-in-the-loop, but it is what

5In Active Learning such agents are referred to as so-called “oracles” [38]
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we would call classic supervised approaches [47], or in a total

different meaning to put the human into physical feedback

loops [48].

In such cases the inclusion of a “doctor-into-the-loop” [49]

can play a significant role in support of solving hard problems

(see the examples in the next paragraph), particularly in combi-

nation with a large number of human agents (crowdsourcing).

From the theory of human problem solving it is known that,

for example, medical doctors can often make diagnoses with

great reliability - but without being able to explain their rules

explicitly. Here iML could help to equip algorithms with such

“instinctive” knowledge and learn thereof. The importance

of iML becomes also apparent when the use of automated

solutions due to the incompleteness of ontologies is difficult

[50].

In the following I provide three examples where the human-

in-the-loop is beneficial.

iML-Example 1: Subspace Clustering

Clustering is a descriptive task to identify homogeneous

groups of data objects based on the dimensions. Cluster-

ing of large high-dimensional gene expression data sets has

widespread application in -omics [51].

Unfortunately, the underlying structure of these natural data

sets is often fuzzy, and the computational identification of data

clusters generally requires domain expert knowledge about e.g.

cluster number and geometry. The high-dimensionality of data

is a huge problem in health informatics, because of the curse

of dimensionality: with increasing dimensionality the volume

of the space increases so fast that the available data becomes

sparse, hence, it becomes impossible to find reliable clusters;

also the concept of distance becomes less precise as the num-

ber of dimensions grows, since the distance between any two

points in a given data set converges. Last but not least different

clusters might be found in different subspaces, so a global

filtering of attributes is not sufficient. Given that large number

of attributes, it is likely that some attributes are correlated,

therefore clusters might exist in arbitrarily oriented affinity

subspaces. Moreover, high-dimensional data often includes

irrelevant features, which can obscure to find the relevant ones,
thus increases the danger of modeling artifacts (i.e. undesired

outcomes or errors which can be misleading or confusing)

[52]. The integration of a human-in-the-loop can be of help

[53].

iML-Example 2: Protein Folding

Proteins6 are very important for all life sciences. In protein

structure prediction there is much interest in using amino acid

interaction preferences to align (thread) a protein sequence

to a known structural motif. The protein alignment decision

problem (does there exist an alignment (threading) with a

score less than or equal to K?) is NP-complete and the related

problem of finding the globally optimal protein threading is

6In my talk I provide an example from protein conformation, i.e. the x-
ray structure of Avian Pancreatic Polypeptide (APP), which is a medium-size
protein of 36 amino acids [54].

NP-hard. Therefore, no polynomial time algorithm is possible

(unless P = NP). Consequently the protein folding problem is

NP-complete [55].

Many such problems (still) require an expert-in-the-loop,

e.g., genome annotation, image analysis, knowledge-base pop-

ulation and protein structure. In some cases, humans are

needed in vast quantities (e.g. in cancer research), whereas

in others, we need just a few very specialized experts in

certain fields (e.g., in the case of rare diseases). Crowdsourc-

ing encompasses an emerging collection of approaches for

harnessing such distributed human intelligence. Recently, the

bioinformatics community has begun to apply crowdsourcing

in a variety of contexts, yet few resources are available that

describe how these human-powered systems work and how to

use them effectively in scientific domains. Generally, there are

large-volume micro-tasks and highly difficult mega-tasks [56].

A good example of such an approach is foldit, an experimental
game which takes advantage of crowdsourcing for category
discovery of new protein structures [57]. Crowdsourcing and
collective intelligence (putting many experts-into-the-loop)

would generally offer much potential to foster translational

medicine (bridging biomedical sciences and clinical applica-

tions) by providing platforms upon which interdisciplinary

workforces can communicate and collaborate [58].

iML-Example 3: k-anonymization of patient data

Privacy preserving machine learning is an important issue,

fostered by anonymization, in which a record is released

only if it is indistinguishable from k other entities in the
data. k-anonymity is highly dependent on spatial locality in

order to effectively implement the technique in a statistically

robust way, and in high dimensionalities data becomes sparse,

hence, the concept of spatial locality is not easy to define.

Consequently, it becomes difficult to anonymize the data

without an unacceptably high amount of information loss [59].

Consequently, the problem of k-anonymization is on the one

hand NP-hard, on the other hand the quality of the result

obtained can be measured at the given factors: k-anonymity
means that attributes are suppressed or generalized until each

row in a database is identical with at least k − 1 other rows
[60] [61]; l-diversity as extension of the k-anonymity model
reduces the granularity of data representation by generalization

and suppression so that any given record maps onto at least k
other records in the data [62]; t-closeness is a refinement of
l-diversity by reducing the granularity of a data representation,

and treating the values of an attribute distinctly by taking into

account the distribution of data values for that attribute [63];

and delta-presence, which links the quality of anonymization
to the risk posed by inadequate anonymization [64]), but not

with regard to the actual security of the data, i.e., the re-

identification through an attacker. For this purpose certain

assumptions about the background knowledge of the hypo-

thetical enemy must be made. With regard to the particular

demographic and cultural clinical environment this is best done

by a human agent. Thus, the problem of (k-)anonymization

represents a natural application domain for iML.
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Humans are very capable in the explorative learning of

patterns from relatively few samples, whilst classic supervised

ML needs large sets of data and long processing time. In

the biomedical domain often large sets of training data are

missing, e.g., with rare diseases or with malfunctions of

humans or machines. Moreover, in clinical medicine time is

a crucial factor - where a medical doctor needs the results

quasi in real-time, or at least in a very short time (less than 5

minutes), for example, in emergency medicine or intensive

care. Rare diseases are often life threatening and require

a rapid intervention - the lack of much data makes aML-

approaches nearly impossible. An example for such a rare dis-

ease with only few available data sets is CADASIL (Cerebral

Autosomal Dominant Arteriopathy with Subcortical Infarcts

and Leukoencephalopathy), a disease, which is prevalent in

5 per 100,000 persons and is therefore the most frequent

monogenic inherited apoplectic stroke in Germany.

Particularly in the patient admission, human agents have

the advantage to perceive the total situation at a glance. This

aptitude results from the ability of transfer learning, where

knowledge can be transferred from one situation to another

situation, in which model parameters, i.e., learned features or

contextual knowledge are transferred.

The examples mentioned so far demonstrate that the appli-

cation of iML-approaches in “real-world” situations sometimes

can be advantageous. These examples demonstrate, that human

experience can help to reduce a search space of exponen-

tial possibilities drastically by heuristic selection of samples,

thereby help to solve NP-hard problems efficiently - or at least

optimize them acceptably for a human end-user.

We focused in a recent work [42] on the Traveling Salesman

Problem (TSP), because it appears in a number of practical

problems in health informatics, e.g. the native folded three-

dimensional conformation of a protein is its lowest free energy

state and both two- and three-dimensional folding processes

as a free energy minimization problem belong to a large

set of computational problems, assumed to be very hard

(conditionally intractable) [43].

The TSP basically is about finding the shortest path through

a set of points, returning to the origin. As it is an intransigent

mathematical problem, many heuristics have been developed

in the past to find approximate solutions [44].

The Traveling Salesman Problem (TSP) is one of the most
known and studied Combinatorial Optimization Problems.
Problems connected to TSP were mentioned as early as the
last eighteenth century [65]. During the past century, TSP
has become a traditional example of difficult problems and

also a common testing problem for new methodologies and

algorithms in Optimization. It has now many variants, solving

approaches and applications [66]. For example, it models in

computational biology the construction of the evolutionary

trees [67] and in genetics - the DNA sequencing [68] - to

provide only a few examples.

The problem is a NP-hard problem, meaning that there is
no polynomial algorithm for solving it to optimality. For a

given number of n cities there are (n− 1)! different tours.

In terms of integer linear programming the TSP is formu-

lated as follows [69].

The cities, as the nodes, are in the set N of numbers

1, . . . , n; the edges are L = {(i, j) : i, j ∈ N , i �= j}
There are considered several variables: xij as in equa-

tion (12), the cost between cities i and j denoted with cij .

xij =

{
1 , the path goes from city i to city j
0 otherwise

(12)

The Traveling Salesman Problem is formulated to optimize,

more precisely to minimize the objective function illustrated

in equation (13).

min

n∑
i=1

n∑
i �=j,j=1

cijxij (13)

The TSP constraints follow.

• The first condition, equation (14) is that each node i is
visited only once.∑

i∈N ,(i,j)∈L
xij +

∑
j∈N ,(i,j)∈L

xji = 2 (14)

• The second condition, equation (15), ensures that no
subtours, S are allowed.∑
i,j∈L,(i,j)∈S

xij ≤ |S| − 1, ∀S ⊂ N : 2 ≤ |S| ≤ n− 2

(15)

For the symmetric TSP the condition cij = cji holds. For
the metric version the triangle inequality holds: cik + ckj ≥
cij , ∀i, j, k nodes.
We implemented the travelling Snakesman7 in C�, which

is also part of the .NET framework. The choice was made

because it is supported by the game engine Unity [70].

If you are now smiling, or even skeptical that we use a game

for our experiments, I would like to emphasize that Google

is making enormous progress through the use of such games,

see e.g. [7].

Gamification [71] is very powerful and we also could

proof the concept of interactive machine learning with the

human-in-the-loop with gamification experiments. Psycholog-

ical research indicates that human intuition based on distinct

behavioral and cognitive strategies that developed evolutionary

over millions of years. For improving ML, we need to identify

the concrete mechanisms and we argue that this can be done

best by observing crowd behaviors and decisions in gamified

situations (see also a classic example for the usefulness of

games in [72].

VIII. TOWARDS EXPLAINABLE AI

Very interesting was the recent success in mastering the

game of go without human knowledge [73].

When Google DeepMind won the (human) Go player ex-

claimed: ”Why did it make this move ...”. The main problem

7https://hci-kdd.org/project/iml
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is that the best performing methods are ”black boxes” and can

not ”explain” why they came up with a certain decision.

Unfortunately, always the ”no free-lunch”-theorem [74] is

true, and also in explainable AI we have a ”trade-off between

prediction performance and explainability: the most perform-

ing models are the least transparent. DARPA had last year

initiated a funding initiative with the goal to create a suite of

ML techniques that produce explainable models, while at the

same time maintaining a high level of performance [75].

At first we should make us aware of what is understandable

to a human; understanding is not only recognizing, perceiving

and reproducing or simply a ”re-presentation” of facts, but the

intellectual understanding of the context in which these facts
appear. Rather, understanding can be seen as a bridge between

perceiving and reasoning. From capturing the context, without

doubt an important indicator of intelligence, the current state-

of-the-art AI is still many miles away. On the other hand,

humans are able to instantaneously capture the context and

make very good generalizations from very few data points –

at least in the lower dimensions [76]. I present an example8

of an explanation interface from our own work: A heatmap

for visualizing molecule properties; the central view is an

interactive table view (1), i.e. the columns are molecules

grouped by similarities using an hierarchical cluster algorithm.

The dendrogram (2) shows the grouping, that means the end

user can decide which molecules form a group. The rows

are characteristics of the molecules, e.g. efficacy, chemical

and other numerical measurements. The values per molecule

are color-coded, so one can quickly see how groups differ.

Exploration is done through interaction and drill-down, among

other things to get structure explanations. In 3 we see the

settings to configure the heatmap; between the left sidebar

and the heatmap we find the legend for the values (4), on the

right the names of the molecules (5); the controls (6) and a

tree map (7) [51].

IX. FUTURE OUTLOOK

One possibility of how we might bridge the gap between

artificial inference and human understanding is a combination

of deep learning technologies with ontological approaches

[77]. A good current example is Deep Tensor [78], which is

a deep neural network, suited for data sets with meaningful

graph-like properties and it is beneficial for us that the domains

of biology, chemistry, medicine, drug design, etc. offer many

such data sets (see for an overview [79]). Here the interactions

between various entities (mutations, genes, drugs, disease,

etc.) can be encoded via graphs. If we now consider a Deep

Tensor network that learns to identify biological interaction

paths that lead to a certain disease, we would be able now

to automatically identify and to make understandable the

inference factors that significantly influenced the classification
results. These influence factors can further be used to filter

a knowledge graph [80] constructed from publicly available

8the image can be seen here: https://gi.de/informatiklexikon/explainable-ai-
ex-ai

medical research corpora (large ontologies). In addition, the

resulting interaction paths are further constrained by known

logical limitations of the domain (in this example: Biology).

As a result, the classification is presented, thus can be made

re-traceable, hence be explained by an human expert as an an-

notated interaction path, with annotations on each edge linking

to specific medical texts that provide supporting evidence [81].

A framework for unsupervised learning of a hierarchical

reconfigurable image template was presented by [82]. This

AND-OR Template (AOT) for visual objects shows three inter-

esting elements: 1) a hierarchical composition as AND nodes,

2) the deformation and articulation of parts as geometric OR

nodes, and 3) multiple ways of composition as structural OR

nodes. The terminal nodes are hybrid image templates (HIT)

[83] that are fully generative to the pixels. Both structures and

parameters of this model can be learned unsupervised from

images using an information projection principle; which is an

awesome technique known for a long time [84], [85]. The

learning algorithm itself consists of two steps: 1) a recursive

block pursuit procedure to learn the hierarchical dictionary

of the primitives, and 2) a graph compression procedure to

minimize the model structure for generalizability.

A good example is the hierarchical generative model pre-

sented by Lin et al. (2009), where objects are broken into

their constituent parts (Yann LeCun always underlies in his

talks that ”our world is compositional” which is also often

used by Alan Yuille, Jason Eisner, Stuart A Geman) and

the variability of configurations and relationships between

these parts are modeled by stochastic attribute graph gram-
mars. These are embedded in an AND-OR graph for each
compositional object category. It combines the power of a

stochastic context free grammar to express the variability of

part configurations and a Markov random field represents

the pictorial spatial relationships between these parts. As a

generative model, different object instances of a category can

be realized as a traversal through the AND-OR graph in order

to get a valid configuration. The inference is connected to the

structure of the model and follows a probabilistic formulation

consisting of bottom-up detection steps for the parts, which

in turn recursively activate the grammar rules for top-down

verification and searches for missing parts [86].

Coming to the conclusion, I want to emphasize that com-

putational approaches can find patterns in arbitrarily high-

dimensional spaces what no human would be able to see.

Consequently, we need an augmentation of human intelligence

with artificial intelligence - but also vice versa. In particular

situations of problem solving to date only human experts are

able to understand the context. Therefore we need solutions

for effective mapping of results from high dimensional spaces

into the lower dimensions to make it not only perceivable and

manipulative to humans, but the raising challenge is that the

best performing methods are the least transparent. Our best

methods are not re-traceable, thus not understandable, hence

it is not possible to explain why a decision has been made.
However, current trends in privacy make transparent ”glass

box” solutions mandatory.
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If you ask me now what the most interesting topics towards

reaching context adaptivity are, I would recommend three

major directions:

1) Multi-Task Learning to help to reduce catastrophic for-

getting 2) Transfer learning, which is is not easy: learning to

perform a task by exploiting knowledge acquired when solving

previous tasks: A solution to this problem would have major

impact to AI research generally and ML specifically! 3) Multi-

Agent Hybrid Systems making use of collective intelligence

and crowd-sourcing by integrating a human-in-the-loop, and

fostering client side machine learning (federated learning) to

ensure privacy, data protection, safety and security.

I would like to close this talk with a citation attributed to

Albert Einstein (which surely is not from Albert Einstein):

”Computers are incredibly fast, accurate and stupid, humans

are incredibly slow, inaccurate and brilliant, together they are

powerful beyond imagination.”

Thank you very much!
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Weippl, and Andreas Holzinger. Witnesses for the doctor

in the loop. In Yike Guo, Karl Friston, Faisal Aldo,

Sean Hill, and Hanchuan Peng, editors, Brain Informatics
and Health, Lecture Notes in Artificial Intelligence LNAI
9250, pages 369–378. Springer, Heidelberg, Berlin, 2015.

[50] Martin Atzmueller, Joachim Baumeister, and Frank

Puppe. Introspective subgroup analysis for interac-

tive knowledge refinement. In Geoff Sutcliffe and

Randy Goebel, editors, FLAIRS Nineteenth International
Florida Artificial Intelligence Research Society Confer-
ence, pages 402–407. AAAI Press, 2006.

[51] Werner Sturm, Tobias Schreck, Andreas Holzinger, and

Torsten Ullrich. Discovering medical knowledge using

visual analytics a survey on methods for systems biology

and omics data. In Katja Bühler, Lars Linsen, and

Nigel W. John, editors, Eurographics Workshop on Visual
Computing for Biology and Medicine (2015), pages 71–
81. Eurographics EG, 2015. doi: DOI:10.2312/vcbm.

20151210.

[52] Emmanuel Müller, Ira Assent, Ralph Krieger, Timm

Jansen, and Thomas Seidl. Morpheus: interactive explo-

ration of subspace clustering. In Proceedings of the 14th
ACM SIGKDD international conference on Knowledge
discovery and data mining KDD 08, pages 1089–1092.
ACM, 2008. doi: 10.1145/1401890.1402026.

[53] Michael Hund, Werner Sturm, Tobias Schreck, Torsten

Ullrich, Daniel Keim, Ljiljana Majnaric, and Andreas

Holzinger. Analysis of patient groups and immunization

results based on subspace clustering. In Yike Guo, Karl

Friston, Faisal Aldo, Sean Hill, and Hanchuan Peng,

editors, Brain Informatics and Health, Lecture Notes in
Artificial Intelligence LNAI 9250, volume 9250, pages

64



358–368. Springer International Publishing, Cham, 2015.

doi: 10.1007/978-3-319-23344-4 35.

[54] Henrik Bohr and Saren Brunak. A travelling salesman

approach to protein conformation. Complex Systems, 3
(9):9–28, 1989.

[55] R. H. Lathrop. The protein threading problem with

sequence amino-acid interaction preferences is np-

complete. Protein Engineering, 7(9):1059–1068, 1994.
doi: 10.1093/protein/7.9.1059.

[56] Benjamin M. Good and Andrew I. Su. Crowd-

sourcing for bioinformatics. Bioinformatics, 29(16):
1925–1933, 2013. doi: 10.1093/bioinformatics/btt333.

URL http://bioinformatics.oxfordjournals.org/content/29/

16/1925.abstract.

[57] Seth Cooper, Firas Khatib, Adrien Treuille, Janos Bar-

bero, Jeehyung Lee, Michael Beenen, Andrew Leaver-

Fay, David Baker, and Zoran Popovic. Predicting protein

structures with a multiplayer online game. Nature, 466
(7307):756–760, 2010. doi: 10.1038/nature09304.

[58] Eleanor Jane Budge, Sandra Maria Tsoti, Daniel

James Howgate, Shivan Sivakumar, and Morteza Jalali.

Collective intelligence for translational medicine: Crowd-

sourcing insights and innovation from an interdisci-

plinary biomedical research community. Annals of
Medicine, 47(7), 2015. doi: 10.3109/07853890.2015.

1091945.

[59] Charu C Aggarwal. On k-anonymity and the curse of

dimensionality. In Proceedings of the 31st international
conference on Very large data bases VLDB, pages 901–
909, 2005.

[60] Pierangela Samarati and Latanya Sweeney. Generalizing

data to provide anonymity when disclosing information.

In Alberto O. Mendelzon and Jan Paredaens, editors,

PODS ’98 17th ACM SIGACT-SIGMOD-SIGART Sym-
posium on Principles of Database Systems, page 188.
ACM, 1998. doi: 10.1145/275487.275508.

[61] Latanya Sweeney. Achieving k-anonymity privacy pro-

tection using generalization and suppression. Interna-
tional Journal of Uncertainty, Fuzziness and Knowledge-
Based Systems, 10(5):571–588, 2002. doi: 10.1142/

S0218488502001648. URL http://www.worldscientific.

com/doi/abs/10.1142/S0218488502001648.

[62] Ashwin Machanavajjhala, Daniel Kifer, Johannes

Gehrke, and Muthuramakrishnan Venkitasubramaniam.

l-diversity: Privacy beyond k-anonymity. ACM Trans-
actions on Knowledge Discovery from Data (TKDD), 1
(1):1–52, 2007. doi: 10.1145/1217299.1217302.

[63] Ninghui Li, Tiancheng Li, and Suresh Venkatasubrama-

nian. t-closeness: Privacy beyond k-anonymity and l-

diversity. In IEEE 23rd International Conference on Data
Engineering, ICDE 2007, pages 106–115. IEEE, 2007.
doi: 10.1109/ICDE.2007.367856.

[64] M. E. Nergiz and C. Clifton. delta-presence without

complete world knowledge. IEEE Transactions on
Knowledge and Data Engineering, 22(6):868–883, 2010.
doi: 10.1109/tkde.2009.125.

[65] Gilbert Laporte. The traveling salesman problem: An

overview of exact and approximate algorithms. European
Journal of Operational Research, 59(2):231–247, 1992.
doi: 10.1016/0377-2217(92)90138-Y.

[66] David L. Applegate, Robert E. Bixby, Vasek Chvatal,

and William J. Cook. The traveling salesman problem:
a computational study. Princeton university press, 2006.

[67] Chantal Korostensky and Gaston H. Gonnet. Using

traveling salesman problem algorithms for evolutionary

tree construction. Bioinformatics, 16(7):619–627, 2000.
doi: 10.1093/bioinformatics/16.7.619.

[68] Richard M. Karp. Mapping the genome: some com-

binatorial problems arising in molecular biology. In

Proceedings of the twenty-fifth annual ACM symposium
on Theory of computing (STOC 1993), pages 278–285.
ACM, 1993. doi: 10.1145/167088.167170.

[69] Christos H Papadimitriou and Kenneth Steiglitz. Combi-
natorial optimization: algorithms and complexity. Dover,
Mineola, New York, 1982.

[70] Sue Blackman. Beginning 3D Game Development with
Unity 4: All-in-one, multi-platform game development.
Second Edition. Apress, New York, 2013.

[71] Andreas Holzinger, Markus Plass, and Michael D.

Kickmeier-Rust. Interactive machine learning (iml):

a challenge for game-based approaches. In Isabelle

Guyon, Evelyne Viegas, Sergio Escalera, Ben Hamner,

and Balasz Kegl, editors, Challenges in Machine Learn-
ing: Gaming and Education. NIPS Workshops, 2016.

[72] Martin Ebner and Andreas Holzinger. Successful im-

plementation of user-centered game based learning in

higher education: An example from civil engineering.

Computers and Education, 49(3):873–890, 2007. doi:
10.1016/j.compedu.2005.11.026.

[73] David Silver, Julian Schrittwieser, Karen Simonyan,

Ioannis Antonoglou, Aja Huang, Arthur Guez, Thomas

Hubert, Lucas Baker, Matthew Lai, Adrian Bolton, Yu-

tian Chen, Timothy Lillicrap, Fan Hui, Laurent Sifre,

George van den Driessche, Thore Graepel, and Demis

Hassabis. Mastering the game of go without human

knowledge. Nature, 550(7676):354–359, 2017. doi:

doi:10.1038/nature24270.

[74] David H Wolpert and William G Macready. No free

lunch theorems for optimization. IEEE Transactions on
Evolutionary Computation, 1(1):67–82, 1997. doi: 10.
1109/4235.585893.

[75] David Gunning. Explainable artificial intelligence (XAI):
Technical Report Defense Advanced Research Projects
Agency DARPA-BAA-16-53. DARPA, Arlington, USA,
2016.

[76] Brenden M. Lake, Ruslan Salakhutdinov, and Joshua B.

Tenenbaum. Human-level concept learning through prob-

abilistic program induction. Science, 350(6266):1332–
1338, 2015. doi: 10.1126/science.aab3050.

[77] Andreas Holzinger, Peter Kieseberg, Edgar Weippl, and

A Min Tjoa. Current advances, trends and challenges

of machine learning and knowledge extraction: From

65



machine learning to explainable ai. In Springer Lec-
ture Notes in Computer Science LNCS 11015. Springer,
Cham, 2018.

[78] Koji Maruhashi, Masaru Todoriki, Takuya Ohwa,

Keisuke Goto, Yu Hasegawa, Hiroya Inakoshi, and Hi-

rokazu Anai. Learning multi-way relations via tensor

decomposition with neural networks. In The Thirty-
Second AAAI Conference on Artificial Intelligence AAAI-
18, pages 3770–3777, 2018. URL https://www.aaai.org/
ocs/index.php/AAAI/AAAI18/paper/view/17010/16600.

[79] Andreas Holzinger. Biomedical Informatics: Discovering
Knowledge in Big Data. Springer, New York, 2014. doi:
10.1007/978-3-319-04528-3.

[80] Heiko Paulheim. Knowledge graph refinement: A survey

of approaches and evaluation methods. Semantic web, 8
(3):489–508, 2017. doi: 10.3233/SW-160218.

[81] Randy Goebel, Ajay Chander, Katharina Holzinger,

Freddy Lecue, Zeynep Akata, Simone Stumpf, Peter

Kieseberg, and Andreas Holzinger. Explainable ai: the

new 42? In Springer Lecture Notes in Computer Science
LNCS 11015. Springer, Cham, 2018.

[82] Zhangzhang Si and Song-Chun Zhu. Learning and-or

templates for object recognition and detection. IEEE
transactions on pattern analysis and machine intelli-
gence, 35(9):2189–2205, 2013. doi: 10.1109/TPAMI.

2013.35.

[83] Zhangzhang Si and Song-Chun Zhu. Learning hybrid

image templates (hit) by information projection. IEEE
Transactions on pattern analysis and machine intelli-
gence, 34(7):1354–1367, 2012. doi: 10.1109/TPAMI.

2011.227.

[84] Jerome H. Friedman and John W. Tukey. A projection

pursuit algorithm for exploratory data analysis. IEEE
Transactions on Computers, 23(9):881–890, 1974. doi:
10.1109/T-C.1974.224051.

[85] Peter J Huber. Projection pursuit. The Annals of Statis-
tics, 13(2):435–475, 1985. doi: jstor.org/stable/2241175.

[86] Liang Lin, Tianfu Wu, Jake Porway, and Zijian Xu.

A stochastic graph grammar for compositional object

representation and recognition. Pattern Recognition, 42
(7):1297–1307, 2009. doi: 10.1016/j.patcog.2008.10.033.

66



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize false
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Required"  settings for PDF Specification 4.01)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


		2018-10-10T11:39:45-0400
	Preflight Ticket Signature




