
TADA 
practicalities & more 

on DM
24 April 2014



More on  
Data Mining  

as a  
Science



DM as method 
development

• Data mining develops methods for scientists 

• C.f. mathematics or statistics 

• The research of DM in universities doesn’t 
follow the scientific paradigm  

• But that doesn’t make it a voodoo science 

• …the applications of DM are another story



Of DM, ML, and Stat
• One trichotomy: 

• Statistics studies how reliable inferences 
can be drawn from imperfect data 

• ML develops technology of automated 
induction 

• DM is the art of extracting useful patterns 
from large bodies of data 

http://www.stat.cmu.edu/~cshalizi/350/, http://geomblog.blogspot.de/2014/03/data-mining-machine-learning-and.html

http://www.stat.cmu.edu/~cshalizi/350/
http://geomblog.blogspot.de/2014/03/data-mining-machine-learning-and.html


Data Mining 
success stories



have not indexed HTR1A as a schizophrenia susceptibil-
ity gene, variants in the gene have previously been
shown to be associated with schizophrenia and other
psychopathologies [19]. This example shows that Bio-
Graph is capable of identifying known disease genes,
even if these gene-disease associations are not in the
integrated resources.
Significant associations with SZ and polymorphisms in

4 of the top 20 ranked genes, namely HTR1A [19], DRD2
[20], DNMT3B [21] and ATXN1 [18], have previously
been shown. These known disease-gene relations are not
indexed by our integrated databases, but were success-
fully prioritized by our data mining platform. Most nota-
bly, significant association of polymorphisms in
DNMT3B with SZ was only reported in October 2009,
where the data for our predictions are based on inte-
grated databases from September 2009, demonstrating
the usefulness of the currently proposed prioritization
technique. Additionally, the highly ranking OMG gene
has been shown to be associated with SZ, warranting
replication studies for confirmation [22]. SYN3 is the
only gene in the top 20 for which several association stu-
dies have been performed, but where the findings show
no support for SYN3 as a SZ susceptibility gene [23].

For the remaining 15 of the top 20 genes, we did not
find published association studies to support or contra-
dict possible roles of these genes in SZ, although for
some genes associations with SZ-like symptoms or
related psychiatric and various neurological disorders
have been shown, supporting the putative role of these
genes in SZ (Table 2).

Discussion
We have constructed BioGraph, an integrated network
of curated relations from heterogeneous knowledge
sources, such as disease-gene-compound associations,
protein-protein interactions, GO and pathway annota-
tions, microRNA targets, protein domains, and so on. In
order to guarantee the accurateness of the integrated
knowledge, the integrated databases were selected based
on their curation processes for the indexing of knowl-
edge from the peer-reviewed scientific literature. We
show that the automated generation of functional
hypotheses in this integrated network of biomedical
knowledge allows the successful prioritization and iden-
tification of research targets in the context of a research
subject. More specifically, we can successfully identify
proven disease genes for hereditary diseases as highly
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Figure 4 Schematic representation of the top ten automatically generated hypotheses supporting the susceptibility of PRL in relation
to schizophrenia. Solid, dashed and dotted line styles represent the importance of the link in descending order, that is, the probability to visit
the relation to reach the target gene concepts while performing random walks from the source schizophrenia concept. All links are grounded in
their originating integrated curated knowledge bases, annotated with their semantic meanings and enriched by their references to the literature
(not shown).

Liekens et al. Genome Biology 2011, 12:R57
http://genomebiology.com/2011/12/6/R57
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• BioGraph provides 
automated inference of 
functional hypotheses 

• E.g. which genes are 
most potential to be 
associated with certain 
diseases

Liekens et al.: BioGraph: unsupervised biomedical knowledge discovery via automated hypothesis generation, Genome Biology, 2011



Making money

• “Recommended for you” 

• “Others often bought also” 

• All of modern targeted 
advertisement is based on 
some type of data mining



Obama’s re-election

• Data of electorate was 
used to target the 
campaing efforts where 
they count 

• DM was also used to 
optimize fund-raising from 
small donations



Church uses Big Data

• Evangelical Lutheran 
Church of Finland uses 
data mining to study its 
parishes 

• What type of people live 
in which geographical 
areas?

http://www.hs.fi/talous/Iso+data+auttaa+pappia+saarnassa/a1397539201451

http://www.hs.fi/talous/Iso+data+auttaa+pappia+saarnassa/a1397539201451
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Supplementing current mission control software with
advanced monitoring tools, such as Orca and IMS, can
provide controllers and engineers with greater insight into
the health and performance of the space systems under their
watch.  The addition of heuristic rule based methods that
encode system knowledge obtained from seasoned mission
controllers can also be helpful to less experienced personnel.
 We will discuss how these tools and techniques have been
used to complement existing NASA mission control
practices and present plans for future mission control system
health monitoring software deployments using these
technologies.

2. STANDARD MCC SOFTWARE TOOLS

The NASA Mission Control Center (MCC) at the Johnson
Space Center (JSC) employs a standard suite of certified
software tools in the flight control rooms.  Individual
controller disciplines may also introduce specialized
software tools suitable for their particular task.  Core
software applications used for data monitoring in the MCC
include the Information Sharing Protocol (ISP) data
distribution system, the MSK-View and RTPLOT data
display tools, the ELOG event logging utility, and the
ISPATOM computation tool.

Information Sharing Protocol (ISP)

The Information Sharing Protocol (ISP) software is a
distributed system that supports real-time telemetry
distribution and messaging in the MCC. [3] It is the
primary spacecraft data feed for the mission control
consoles.  In addition to subscribing to telemetry data,
console applications can publish values to ISP to allow
other software applications to subscribe to and use locally
computed results along with the real-time telemetry data.

MSK-View

MSK-View is a program used to display ISP data in a
tabular format defined in a screen configuration file. [4] 
Figure 1 shows an example of a display created with MSK-
View.  It allows the user to define screens with
alphanumeric labels and parameter values along with simple
line drawings and screen navigation buttons.  Each object
on the screen can be assigned a color as well.  The MSK-
View application can subscribe to an ISP data feed and
provide a text display of real-time data values as they are
received.  In addition, the display can show different user
defined text strings based on the value of a data parameter. 
For instance, a display element can be defined to display
“HIGH” if a data value exceeds a high limit value, and
“LOW” if it is less than a low limit value.  This gives
controllers a way to detect off nominal parameters on their
MSK-View screens using predetermined limit values.

RTPLOT

The RTPLOT (Real Time Plot) program provides a means
of plotting real-time or played-backed data accessed via the
ISP data feed. [5]  RTPLOT subscribes to the ISP data

Figure 1: Sample MSK-View Screen

stream and provides line plots of one or more parameter
values over time. (Figure 2).  It allows the user to define
upper and lower limits for each plot, which appear as red
dashed lines on the plot display. The plot can be iconified
to a smaller size to conserve screen real estate.  If a
parameter on an iconified plot falls outside a limit, the plot
name on the icon will be displayed in red to alert controllers
of the out of limit condition.  RTPLOT also includes
routines to estimate future data values by fitting lines or
parabolic curves to previously plotted data.

Figure 2: Sample RTPLOT Display

ELOG

The ELOG event logger program provides a means to
automatically log telemetry change events in real time. [6] 
ELOG defines an event as a comparison (greater than, equal
to, etc.) between an ISP parameter value and a constant. 
When the comparison is true for a specified amount of time,
the event is logged to a file and displayed in a list on the
controller’s screen.  The display will show the time the

Space program safety
• ORCA searches outliers 

from sensor readings by 
comparing parameter-
value vectors to their 
neighbors 

• IMS builds a model of 
normal variance of sensor 
readings to detect 
anomalies

D.L. Iverson: System Health Monitoring for Space Mission Operations, 2008 IEEE Aerospace conference



More on IMS
Initial IMS indications
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Intelligent Data Understanding Grou

The IDU group develops novel algorithms to
detect, classify, and predict events in large
data streams for scientific and engineering
systems.
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• In early January 2007, ISS Early External Thermal
Control System developed an ammonia gas bubble

• Bubble noted by ISS controllers only —9 hours before it
"burst" and dissipated back into liquid

Virtual Sensors with Adaptive Threshol

A. N. Srivastava, B. Matthews, D. Iverson, B. Beil, and B. Lane, "Multidimensional
Anomaly Detection on the Space Shuttle Main Propulsion System: A Case Study,"
submitted to IEEE Transactions on Systems, Man, and Cybernetics, Part C, 2009.

Ashok N. Srivastava: Data Mining at NASA: from Theory to Applications, KDD 2009



Practicalities



Schedule
Month Day Lecture topic Assignments

April 17 Intro

24 Practicalities & where DM is used 1st assignment given out

May 1 No lecture (First of May)

8 Intro to Tensors 1st assignment DL, 2nd assignment given out

15 Tensors in DM

22 Special topics in tensors

29 No lecture (Ascension day)

June 5 MDL for pattern mining 2nd assignment DL, 3rd assignment given out

12 Maximum entropy & iterative data mining

19 No lecture (Corpus Christi)

26 Kolmogorov complexity, cumulative entropy, and causality

July 3 Graphs I 3rd assignment DL, 4th assignment given out

10 Graphs II

17 Graphs III

24 Wrap-up 4th assignment DL

September 11 Final exam



On Exam
• Day and place TBA 

• Most likely in early September 

• Type TBA 

• Final grade is based on the final exam and the 
assignments 

• Assignments also determine the eligibility to 
sit the final exam



On assignments: general
• 4 assignments 

• Grading: fail, pass, excellent 

• You can fail one assignment 

• 2 fails ⇒ course failed 

• Every excellent gives 1/3 point improvement on the final 
exam grade 

• But maximum of 1 full point (3 ex’s) 

• You must pass the final exam to pass the course



On assignments: 
requirements

• Assignments are to be written in proper 
academic-style English 

• Proper citations 

• You are given sources, but you can also use 
outside sources 

• Naturally must be mentioned 

• Plagiarism ⇒ failed assignment



On assignments: format
• Assignments need to be returned as PDF files by 

email 

• No .doc(x), .odt, .rtf, .txt, .xml, .html,  
.pages, .ps, .wp, or anything else 

• No lenght limits — use the space you need 

• Probably most will need 3–4 pages… 

• All PDFs must have name, matriculation number, 
email address, and clearly state the topic



On assignments: returning
• The assignments are returned by email to 
tada14@mpi-inf.mpg.de  

• DL is 1600 hours on the stated day 

• No delays, no excuses, time based on the 
mail time stamp 

• We’ll acknowledge the submission that we 
receive before the lecture on the DL day

mailto:tada14@mpi-inf.mpg.de


On assignments: grading
• Assignments are not for repeating what the papers 

say 

• We’ve read the papers already 

• We expect you to discuss and criticize the sources, 
build connections, point out differences, provide new 
insights, etc. 

• Some assignments are marked hard 

• This is taken into account when grading



First assignments

1. Did Tukey invent Data Minig? 

2. (Don’t) Believe the Hype 

3. Big Data: The Best Thing since Sliced Bread 
or just Another Bottle of Snake Oil? 

4. Where did the Candidates Go? (Hard)

http://resources.mpi-inf.mpg.de/d5/teaching/ss14/tada/assignments/1.html

http://resources.mpi-inf.mpg.de/d5/teaching/ss14/tada/assignments/1.html

