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Disclaimers |

Al dond6t have a magic bi

I This is simply my best effort to the community, especia
young faculty, grad st ud:¢

AFor every piece ofyouad\v
should do this  ou should never do tluse

I You will be able to find counterexamples, including ol
that won best paper awards etc.

A | will be critiquing some published papers (includ
some of my own), however | mean no offence.

I Of course, these apiblishedpapers, so the authors
could legitimately say | am wrong.



Disclaimers ||

A These slides are meant tofiresentedand then
studiedoffline. To allow them to be setfontained
like this, | had to break my rule about keepihg
number of words to a minimum.

A You have a PDF copy of these slides, if you wan
PowerPoint version, email me.

Al plan to continually update these slides, so if yol
have any feedback/suggestions/criticisms please
me know.



Disclaimers |l

A Many of thepositiveexamples are mine, making
this tutorial seem self indulgent and vain.

Al did this simply beca
I | know what reviewers said for my papers.
I | know the reasoning behind the decisions in my pape

I 1 know when earlier versions of my papers got rejecte
and why, and how this was fixed.



Disclaimers |l

A Many of the ideas | will share avery simpleyou
might find them insultingly simple.

A Nevertheless, in my ten year experience as a
reviewer/area chair, at least half of papers submi

to SDM/SIGKDD/ICDM/ have at least one of thes
simple flaws.
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These people amotresponsible for any controversial or incorrect claims made here



Outline

A The Review Process
A Writing a data mining paper
I Finding problems/data

A Framing problems
A Solving problems

I Tips for writing
A Motivating your work

A Clear writing
A Clear figures

A The top ten reasons papers get rejected
I With solutions



The Curious Case of Srikanth Krishnamurtt

Aln 2004 Srikanthos studen

A Deciding to change the title, the student resubmitted the
paper, accidentally submitting it as a new paper

A One version of the paper scored 1,2 and 3, and was rej
the other version scored a 3,4 and 5, and was accepted

AThis fAnatural o experi ment
process is random, is it really that bad?



Reviewers do get It (very) wrong sometime

David Lowe's work on the SIFT method has about 10,00
citations, it was the most highly cited paper in all of
engineering sciences in 2005.

| did submit papers on earlier versions of
SIFT to both ICCV 97 and CVPR 98 and bo

were rejected. David Lowe

Story from Yann LeCun

David Lowe



A look at the mon review scores for
. . papers submitted to recent
reviewing SIGKDD
statistics for | il
w
a recent | | +
SIGkDD | MO —g,
(I cannot say what year) 2 H
Mean number of reviews 3.02 | 104 papers H‘b
accepted Paper ID
OO éO iOO i50 2‘00 2‘50 éOO é50 4{00 4‘150 éOO

APapers accepted after a discussion, not solely based on the mea
AThese are final scores, after reviewer discussions.

AThe variance in reviewer scoresisich larger than the differences i
the mean score, for papers on the boundary between accept and 1
A In order tohalvethe standard deviation we mugtadruplethe
number of reviews.



Mean and standard deviation
among review scores for
papers submitted to recent
SIGKDD

Conference
reviewing is an
imperfect system.

We must learn to live
with rejection.

I

All we can do is try
to make sure that

our paper lands as 2
far left as possible

| | | | Pa\.per IDI | | | |
Og 50 100 150 200 250 300 350 400 450 500

1| 104 papers
accepted

AAt least three papers with a score of 3.67 (or lower) must have b
accepted. But there were a total of 41 papers that had a score of :

AThat means there exist at least 38 papers that were rejected, tha
the same or better numeric score as some papers that were accey:

ABottom Line: With very high probability, multiple papers will be
rejected in favor of less worthy papers.



A sobering
experiment

E=——————

‘

‘ |
0 50 100 150 200 250 300 350 400 450 500

Paper ID

ASuppose | add orreasonable reviewo each paper.

AA reasonable revieus one that is drawn uniformly from the range
one less than the lowest score to one higher than the highest scor

Alf we do this, then on average, 14.1 papers move across the
accept/reject borderline. This suggests a very brittle system.



6] o

Butthe good | e ar s s
. 5 ‘H papers submitted to recent

news i S SIGKDD
Most of us only ‘| i
need to of | +
mprove a it
to improve our 2| \_Y_} | :
odds a lot. i I |

1| 104 papers H‘

accepted H_, Paper ID
O éO iOO iSO éOO éSO éOO é50 4{00 4‘150 éOO

ASuppose you are one of the 41 groups irgteen (light) area. If you
can convince just one reviewer to increase their ranking by just on
point, you go from near certain reject to near certain accept.

ASuppose you are one of the 140 groups irbthe (bold) area. If you
can convince just one reviewer to increase their ranking by just on
point, you go from near certain reject to a good chance at accept.



|dealized Algorithm for Writing a Papel

A Find problem/data

A Start WHIEING (ves start writingbeforeandduring research)

A Do research/solve problem

A Finish 95% draft

A Send preview to mock reviewers

A Send preview to the rival authors.aiy or fieraiy)

A Revise using checklist.
A Submit

aul|peap a10jaq Yluow auQ



What Makes a Good Research Probler

A It is important:- If you can solve it, you can make money
or save lives, or help children learn a new language, or.

A You can get real data Doing DNA analysis of the Loch
Ness Monster would be 1 nt

A You can make incremental progressSome problems are
all-or-nothing. Such problems may be too risky for youn
scientists.

A There is a clear metric for successSome problems fulfill
the criteria above, but it is hard to know when you are
making progress on them.



Finding Problems/Finding Data

A Finding a good problem can be the hardest part
of the whole process.

AOnce you havwve 'a probl

A As | shall show in the next few slides, finding
problems and finding data are best integrated.

A However, the obvious way to find problems is
the best, reabbts of papers, both in SIGKDD
and elsewhere.



Domain Experts as a Source of Probler

A Data miners are almost unique in that they can
work with almost any scientist or business

A | have worked with anthropologists,
nematologists, archaeologists, astronomers,
entomologists, cardiologists, herpetologists,
electroencephalographers, geneticists, space
vehicle technicians etc

A Such collaborations can be a'rich source of
interesting problems.



Working with Domain Experts |

A Getting problems from domain experts might cor
with some bonuses

A Domain experts can help with theotivation for the paper

I ..insects cause 40 billion dollars of damage to crops each.year
I ..compiling a dictionary of such patterns would help doctors diagnosis..

I Petroglyphs are one of the earliest expressions of abstract thinking, and a true hall

A Domain experts sometimes have funding/internships et

A Co-authoring with domain experts can give you credibili

SIGKDD 09




