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Correspondence

Will the Real Iris Data Please Stand Up? TABLE |

THE IRIS DATA: FISHER [2]
James C. Bezdek, James M. Keller, Raghu Krishnapuram,

Ludmila I. Kuncheva, and Nikhil R. Pal

Iris sestosa Iris versicolor Iris virginica

Sepal Sepal  Petal  Petal Sepal Sepal  Petal  Petal Sepal Sepal  Petal  Petal
Leng.  Width Leng Width Leng.  Width Leng.  Width Leng. Width  Leng. Width
51 35 14 02| 70 32 47 14|]63 33 60 25
Abstract—This correspondence points out several published errors in 49 30 14 02 64 32 45 1.5 58 27 51 1.9
replicates of the well-known Iris data, which was collected in 1935 by 47 32 13 02 69 31 49 15 7.1 30 59 21
Anderson [1], but first published in 1936 by Fisher [2]. ‘;-g gé 1‘51 8-% 22 gg ig ig gg g-g g-g ;g
Index Terms—iris data. he 58 14 03|85 53 47 1o |48 25 45 17
50 34 15 02|| 49 24 33 10||73 29 63 18
44 29 14 02|66 29 46 13|67 25 58 18
49 31 15 01|52 27 39 14|72 36 61 25
| INTRODUCTION AND CONCLUSIONS 54 37 15 02|50 20 35 10|65 32 51 20
i i i 48 34 16 02|59 30 42 15||64 27 53 19
While preparing Kuncheva an_d I_3ezdek _[3], these _authors discov S 20 1a ol oo 52 40 10lles 30 55 21
ered that there are (at least) twistinct published replicates of the 43 30 1.1 01|61 29 47 14||57 25 50 20
Iris data that have been used as a basis for an unknown number g% 40 12 02/ 58 29 26 13 >8 28 51 24
papers. Subsequently, Bezdetlal. [4] discovered two differenterrors 54 39 1.3 04| |56 30 45 15||65 30 55 18
i i i i ; ; 51 35 14 03|58 27 41 10||77 38 67 22
in the version of. Iris available through thg well-known University of 57 a8 17 03 6o 52 45 15|77 26 69 23
California at Irvine (UCI) machine learning database. Reproduceds.1 38 15 03| |56 25 39 11||60 22 50 15
; 54 34 1.7 02||59 32 48 18|69 32 57 23
below, from the prefac_e of Bezdeit al [4] is an account of the =7 57 15 04211 61 28 40 13|56 28 49 20
problems errors like this cause. 46 36 10 02 63 25 49 15|77 28 67 20
. : : 51 33 1.7 05| |61 28 47 12|63 27 49 18

The data: Most of the ngmerlcal examples (in [4]) use smalldata Jg 5% 19 o2 | 64 29 48 13|67 33 57 21
sets that may seem contrived to you—and some of them are. Thereo 30 16 02| 66 30 44 14|72 3.2 s.g 1.2

H H : : A : . . . . 2. 4. 1.
is much to be said for the peQagoglgaI value of.usmg a few points |ng:g g:‘; {:g 8:3 g:g g'g g_g 1‘; g% 30 49 18
the plane when studying and illustrating properties of various models52 3.4 14 02|} 60 29 45 1564 28 56 2.1
On the other hand. th in risk s : lusi %7 32 1.6 02||57 26 35 10|72 30 58 16
n the ot er han , there are certe_un_rls s too. Sometimes conclusiongg 37 16 02 || 55 24 38 11||74 28 61 19
that are legitimate for small specialized data sets become invalid |r16-421 2-411 }g g-;l gg 3171 g; %g g-i g-g g-é gg
the face of large numbers of samples, features and classes. And, (%}, 49 14 02!/ 60 27 51 16]63 28 51 15
course, time and space complexity make their presence felt in veryt9 3.1 15 02|54 30 45 15)161 26 56 14
. . 50 32 12 02|60 34 45 16|77 30 61 23
unpredictable ways as problem size grows. 55 35 13 02|67 31 47 15||63 34 56 24
i i 9 36 14 01|63 23 44 13|64 31 55 18
There is another pro_blem with data sets that everyone probably’f‘4 S A o2 A At 15 %0 30 a8 1s
knows about, but that is much harder to detect and document ané] 34 15 02|55 25 40 13]||69 31 54 21
that problem goes under the heading of, for examphell the real 5-g SS }g 8'2 56’? g-g 3-@ ii g-g 53’} gf gg
Iris data please stand upAnderson’s Iris data [1], which we think 44 32 13 02|58 26 40 1.2||58 27 51 19
i i in Fi 0 35 16 06|50 23 33 10/||68 32 59 23
was first pul_:)llshed in Flshe_r [2], has become a popular set of Ia'lbelecg1 58 19 0all|oe 27 22 13|!67 33 57 25
data for testing—and especially for comparing—clustering algorithms4s 30 14 03| |57 30 42 12|67 30 52 23
ifi i ; ; ; (51 38 1.6 02|57 29 42 13||63 25 50 1.9
and <_:Ias_s_|f|§rs. I_t is, of course, entlrgly appropr!ate and in the SPIMtY S 35 1% 02| | a2 29 43 13|65 350 52 20
of scientific inquiry to make and publish comparisons of models ands.3 37 15 02| |51 25 30 11]||62 34 54 23
thei itiof® 33 14 02|57 28 41 13[[59 30 51 18

eir performance on common data sets and the pattern recognitio

community has used lIris in perhaps a thousand papers for just this
reason—er have we?
During the writing of this book we have discovered (perhaps others
have known this for a long time, but we did not) that there are &66] and has the coordinates (5.5, 2.5, 5, 1.3) in Chien [6, p. 224].
least two (and, hence, probably half a dozen) different well-publicizedKES!! For the record, we are using the Iris data published in Fisher
versions of Iris. Specifically, vector 90, class 2 (Iris Versicolor) in Iri§2] and repeated in Johnson and Wichern [5]. We will uise (?)
has the coordinates (5.5, 2.5, 4, 1.3) in Johnson and Wichern [5when we are not sure what data were used.
What this means is that many of the papers you have come to know
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Iris data of image processing—after all, the original Lena was a poor ~Comments on “Combinatorial Rule Explosion
quality 6-bit image and more recent copies, including the ones we Eliminated by a Fuzzy Rule Configuration”
use in this book, come to us with higher resolution. To be sure, there
is only one analog Lena (althoudgtayboyran many), but there are Jerry M. Mendel and Qilian Liang
probably many different digital Lena’s.
Data get corrupted many ways and in the electronic age it should
not surprise us to find (if we can) that this is a fairly common event. Index Terms—Combs method, De Morgan’s laws, modus ponens, union
Perhaps the best solution to this problem would be to establisHu}:le configuration.
central repository for common data sets. This has been tried several
times without much success. Out of curiosity, on September 7, 1998 |. INTRODUCTION

we fetched Iris from the anonymous FTP site “ftp.ics.uci.edu” under Combs and Andrewishave proven the following logical equiva-
the directory “pub/machine-learning-databases” and discovered ?é)t

o o L nce (s here for n nd¢ and on n n
one, but two errors in it! Specifically, two vectors in Iris Sestosa (stated here for two antecedeptandg and one consequent

were wrong: vector 35 in Fisher [2] is (4.9, 3.1, 1.5, 0.2), but in e but easily generalize to an arbitrary number of antecedents and

machine learning electronic database it had the coordinates (4.9, g'olrjsequents 1)
1.5, 0.1); and vector 38 in Fisher is (4.9, 3.6, 1.4, 0.1), but in the [(pAg) =7l (p=7)V(g=7). (1)
electronic database it was (4.9, 3.1, 1.5, 0.1). Finally, we are aware
of several papers that used a version of Iris obtained by multiplyifidhis is a very significant result because it suggests that we can replace
every value by ten so that the data are integers and the papers involvedti-antecedent rules with an interconnection of single antecedent
discuss 10*Iris as if they thought it was Iris. We do not think thereules, which eliminates theule explosionthat is associated with
is a way to correct all the databases out there which contain simifaulti-antecedent rules.
mistakes (we trust that the machine learning database will be fixedCombs and Andrews refer to the left-hand side of this equivalence
after our alert), but we have included a listing of Iris in Appendix 2s anintersection rule configuratioflRC) and to its right-hand side
of this book (and, we hope it is right). What all this means for yowgs aunion rule configuratio(URC) so that (1) can be expressed as
the pattern-recognition aficionado, is thimttern recognitioris data IRC < URC. In [1], Combs refers to (1) as Combs method; we
and not all data are created equally, much less replicated faithfullyshall do likewise and shall also use the IRC and URC abbreviations.
Table | lists—we hope—the Iris data as published in Fisher [2]. If From the truth of IR€&URC, we now have two distinctly different
you think you have the Iris data in your computer or, if you plan tpaths for the design of fuzzy logic systems (FLS’s)—the traditional
use it in the future, we suggest that you check the version you ha®C path or the new URC path. The IRC path leads to rule explosion,
or use against these values. Better yet (and we know many of yebereas the URC path does not.
will check our version this way), return to the source and take theln this correspondence, we discuss four points about the
values directly from Fisher's paper. IRC&URC. On some points, the interpretation or answer may not
be final, so one reason for this correspondence is to generate other
responses to it in the spirit of intellectual inquiry. Much of what is
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1) IRC

Premise: =7 is A; andz; is A,
Implication: 1Fz; is A; andxs is A, THEN y is B
Consequence:y is B.
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