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Abstract

Intelligent designadvocate William Dembski hasintro duced a measureof informa-
tion called \complex speci ed information”, or CSI. He claims that CSl is a reliable
marker of designby intelligent agerts. He puts forth a \Law of Consenation of Infor-
mation" which states that chance and natural laws are incapable of generating CSI.
In particular, CSI cannot be generatedby ewolutionary computation. Dembski asserts
that CSl is presert in intelligent causesand in the °agellum of Escherichia coli, and
concludesthat neither have natural explanations. In this paper we examine Demb-
ski's claims, point out signi cant errorsin his reasoning,and concludethat there is no
reasonto accepthis assertions.

1 Intro duction

In recert books and articles (e.g., [16, 17, 19]), William Dembski usesa semi-mathematical
treatment of information theory to justify his claims about \in telligent design”. Roughly



speaking, intelligent designadvocatesattempt to infer intelligent causesfrom obsened in-
stancesof complex phenomena. Proponerts argue, for example,that biological complexity
indicates that life was designed. This claim is sometimeso®eredas an alternative to the
theory of ewolution.

Christian apologist William Lane Craig has called Dembski's work \groundbreaking"
[17, blurb at beginning]. Journalist Fred HeerendescritesDembski as\a leadingthinker on
applicationsof probability theory" [3§).1 At arecer conferencd53], University of Texasphi-
losoply professorRobert Koons called Dembski the \Isaac Newton of information theory."?
Is suth e®usie praise warranted?

We beliewe it is not. As we will shonv, Dembski's work is riddled with inconsistencies,
equivocation, “awed use of mathematics, poor sdholarship, and misrepresetation of others'
results. As a result, we believe few if any of Dembski's conclusionscan be sustained.

Se\eral writers have already taken issuewith someof Dembski's claims (e.g., [23, 71, 72,
92 78, 22,94, 32]). In this paper we focus on someaspects of Dembski's work that have
receiwed little attention thus far.

Here is an outline of the paper. First, we summarizewhat we seeas Dembski's major
claims. Next, we criticize Dembski's conceptof \design" and \in telligence". We then turn
to one of Dembski's major tools, \complex speci ed information”, arguing that he usesthe
term inconsistertlly and misrepresets the conceptsof other authors as being equivalent.
We criticize Dembski's conceptof \information" and \speci cation". We then addresshis
\Law of Consenation of Information”, shaving that the claim hassigni cant mathematical
caws. We then discussDenmbski's attack on ewlutionary computation, shaving his claims
are unfounded. Finally, we issuea seriesof challengesto thosewho would cortinue to pursue
intelligent design. Someof our ideasare basedon Kolmogorov complexity, sowe provide an
introduction to this theory asan appendix. The appendix alsocortains an alternate accoun
of speci cation and a suggestedeplacemen for CSI.

We note that our criticism is basedon all of Dembski's ceuvre, not simply his mostrecen
work. We regardthis ascompletelylegitimate; all of Dembski's claims are assumedo bein
force unlessexplicitly retracted, and virtually no retractions have beenforthcoming.

2 Dembski's claims

Dembski makesa variety of di®eren claims, many of which would be revolutionary if true.
Here we try to summarizewhat appearsto us to be his most signi cant claims, together
with the sectionnumbersin which we addressthose claims.

1. The \complexity-speci cation" criterion/\explanatory Iter" is a reliable method for
detecting designby intelligent ageris, and accuratelyre®ects how humanstraditionally
infer design. (85, 6)

! According to the American Mathematical Society’s online version of Mathematical Reviews a journal
which attempts to review every noteworthy mathematical publication, Dembski has not published a single
paper in any journal specializing in applied probability theory, and a grand total of one peer-reviewed paper
in any mathematics journal at all.

2 According to Mathematical Reviews Dembski has not published any papers in any peer-reviewed journal
devoted to information theory.




2. There exists a multi-step statistical procedure,the \generic chanceelimination argu-
ment", that reliably detectsdesignby intelligent agens. (84, 6)

3. Thereis a\souped-up" form of information called\speci ed complexity" or \complex
speci ed information" (CSI) which is coherenly de ned and constitutesa valid, useful,
and non-trivial measure.(56)

4. Many human activities exhibit \speci ed complexity". (§6)
5. The presenceof CSl is a reliable marker of designby intelligent agens. (§5)

6. CSlcannotbe generatedoy deterministic algorithms, chance,or any conbination of the
two. In particular, CSI cannot be generatedeither by geneticalgorithms implemerted
on computers,or the processof biological ewlution itself. A \Law of Consenation of
Information” exists which says that natural processesannot generateCSl. (89, 10)

7. Life exhibits speci ed complexity and hence was designedby an intelligent agen,
possibly disenbodied. (§11)

3 Design

Dembski's accournt of designis inconsistert. On the one hand, he newer gives a positive
accour of design;we do not learn from reading his works what Dembski thinks designis.

In The DesignInferene [16] he simply de nes designas the complemen of regularity and

chance,and the possibility that this complemen is in fact empty is not seriouslyaddressed.
In No Free Lunch [19, p. xi] he givesa process-orieted accourt of design:

(1) A designerconceiesa purpose. (2) To accomplishthat purpose,the designer
forms a plan. (3) To executethe plan, the designerspeci es building materials
and assenbly instructions. (4) Finally, the designeror somesurrogate applies
the assenbly instructions to the building materials.

But this is not a positive accourt of what constitutes design. Furthermore, the description
is problematical. In common parlance, \design" can mean \pattern” or \motif ", and the
relationship between\pattern" and \purp ose"is unclear. Intelligent designadvocatesclaim
that \design impliesa designer”,but perhapsthis claim owesmoreto the structure of English
than it doesto logic. After all, we would not likely say \pattern implies a patterner".

It is certainly easyto claim a teleologicalaccournt of biology, but other natural processes
produce\design", in the senseof pattern, without evidertly falling underthe process-orieted
view of designthat Dembski provides. Consider,for example,the highly symmetrical 6-sided
patterns that appearin snonv°akes. If there is any evidenceof purposein the patterns seen
in snav°akes, it eludesus. We addressthis issuein more detail in Section9.3.

Dembski pleadsfor more considerationof designasa scierti ¢ explanation, but he seems
to be of two minds concerningthis. On the onehand, he claims\sciencehaslargely dispensed
with design" and science\repudiates design"[19, p. 3]; on the other hand, just three pages
later he cites archaeology[19, p. 6] as an example of a sciencethat is basedin part on
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inferring design. Contrary to Dembski's assertions,designis not arbitrarily ruled out asan
elemen of scierti ¢ explanation, evenin biology.

Sciertists, howeer, are reluctant to infer \rare ed" design,a designinferencebasedon
ignorance of both the nature of the designerand regularities that might explain the ob-
sened phenomenon.But this reluctanceis well-grounded. Empirically gainedknowledgeof
designersand the artifacts which they createpermit usto recognizeregularities of outcomes
leading us to make an \ordinary" designinferencein sud cases.With an\ordinary" design
inference,a designerbecomegust another causalregularity. This is not sowith a\rare ed"
designinference,which Dembski urgesus to make in ignoranceof the properties of any puta-
tive designerand also of other causalregularities which may be operative. For more detalils,
see[94].

Where Dembski o®ersexamplesthat have practical application, one nds that the oper-
ative mode of inferenceis to an\ordinary" designinference.The appealto SETI is sud an
example, for actual SETI researt is basedupon knowledge of how intelligent ageris (hu-
mans) actually useradio wavelengthsfor comnunication. Another is Dembski's claim that
\the Smithsonianlinstitution dewtesaroomto obviously designedartifacts for which no one
hasa clue what thoseartifacts do." [19, p. 147F Dembski overlooksthe fact that artifacts of
\ordinary" designerscan be recognizednot only through somethinglike his conceptof CSl,
but alsoby the more prosaicmethods long employed in archaeology Thesemethods include
signsof working of an artifact, wherea chanceexplanation is eliminated due to the artifact
showing characteristic signsof manipulation that we know by experienceare attributable to
human artisans. The Smithsonianexampleturns out to be non-mysteriousand unsupportive
of Dembski's attempt to justify a\rare ed" designinference.

Dembski claimsthat, using his methodology, one can infer the existenceof an intelligent
designemesponsiblefor certain forms of obsened design. Sometimeshe viewsthis asthe rst
step of a scierti ¢ inquiry: \Once speci ed complexity tells us that somethingis designed,
there is nothing to stop us from inquiring into its production.” [19, p. 112]. Later, howeer,
he claims that both the \In tentionality Problem|What was the intention of the designer
in producing a given designedobject?" and the \ldentity Problem|Who or what is the
designer?" are not legitimate \questions of science"at all! [19, p. 313] This is especially
noteworthy given Denbski's discussionof intentionality in his book, Intelligent Design[17,
pp. 245{246].

Removing intention and identity from rational inquiry may be legitimate if, as many
intelligent designadvocatesadmit when pressedthe designerthey have in mind is a disem-
bodied supernatural being [65]. But it is certainly not legitimate if the designeris human,
or even an extraterrestrial being. \Explaining” crop circles as the product of alien design
doesnot end the inquiry; instead, it enlargesit. Where did the alienscomefrom? Why did
they wish to createthe circles? And soforth.

3 According to a letter dated March 30, 2002 from Kenneth Burke, Acting Program Coordinator, Public
Inquiry Mail Service, Smithsonian Institution, “The Smithsonian has no room such as described in William
Dembski’s book.” Burke goes on to state that in one show@seof a 1980-1 exhibition at the then National
Museum of History and Technology “a number of unindentified articles were displayed, but there was never
a whole room devoted to them.”



Furthermore, questionsof intention and identity arise all the time in archaeology To
give just two examples:in the 1890'shistorian Arth ur Evansheard of mysteriousseal-stones
from Crete. The identity of their creators, as well as the script used, was then unknown.
Evans wert on to identify the stonesas the product of a civilization now called Minoan,
and ewertually one of the scripts, Linear B, was deciphered[24]. Similarly, the intention of
the artists of the wall-paintings of the Bronze Age wall paintings from Thera is an active
areaof scierti ¢ cortroversy, with somearguing that roomswith suc paintings were always
intended to be shrines, and others disputing this [68, 64, 21]. Despite Dembski wishing
to rule identity and intention of designersout of science,archaeologistsare quite happily
pursuing thesequestions.

Quoting Jay Richards, Dembski says \If someoneexplains someburied eartherware as
the result of artisans from the secondcertury b.c., no one complains, "Yeah, but who
made the artisan?' " [19, p. 355]. We nd this reply altogether too facile. In the caseof
human artisans from 200 b.c.e, we needno extraordinary explanationto accoun for their
existence| there is abundart evidencefor human life and pottery-making culture during
that time period. On the other hand, if we found buried earthenvare in Devonian strata,
and the explanation pro®eredwas \artisans from 300 mya", sciertists certainly would want
to inquire about the origin of the artisan.

Similarly, Dembski says if we nd a scrap of paper with writing on it, we infer a human
author and \there is no reasonto supposethat this scrapof paper requiresa di®erer type of
causalstory" [19, p. xi]. But surely this dependsupon the circumstancesof the nd and the
causalhypothesiswhich is proposedto accourt for it. If Neil Armstrong had found a scrapof
paper with writing on it on the moon, the remotenesf the location and a hypothesisthat
the writing was donein situ would conjointly excludehuman agencyand require a di®erert
type of causalstory.

Theseare symptomsof a more generalinconsistencyin the level of explanation Dembski
wishesto pursue. For Dembski, explanation of designalways endsat intelligence, and we
are not permitted to inquire further about the origin of the intelligence. We cortinue this
line in the next section.

4 Intelligence

Just as Dembski fails to give a positive accourt of the secondhalf of \in telligent design”, he
alsofails to de ne the rst half: intelligence. Intelligence,and intelligent agerts, are treated
as unfathomable mysteries beyond human comprehension,and not explainable by natural
causes.He writes

| will argue that intelligent agency even when conditioned by a physical sys-
tem that enmbodiesit, cannot be reducedto natural causeswithout remainder.
Moreover, | will arguethat speci ed complexity is preciselythe remainder that
remainsunaccoured for. Indeed, | will arguethat the de ning feature of intelli-
gert causess their ability to createnovel information and, in particular, speci ed
complexity. [19, p. xiv]



Dembski doesnot acceptthat intelligenceitself could arisepurely through natural processes,
via ewlution:

Out pop purpose,intelligence, and designfrom a processthat started with no
purpose,intelligence,or design. This is magic. [19, p. 369]

But this skepticism is apparertly basedin part on belief in a sharp distinction between
intelligent and non-intelligent causes: agencyis always either natural or intelligent, and
cannotbeboth. But what if purpose,intelligence,and designarewordswe assignto emergenm
properties of complex systems? What if intelligenceis not a binary classi cation, but a
multifactorial gradation, with thermostats and bacteria being only slightly intelligent, and
computersand rats more so?

Intelligent agencyalways receiwes preferertial treatment in Dembski's analysis: in his
explanatory Tter framework, he newer allows hypothesesinvolving intelligent agers to be
eliminated. Considerhis analysisof the NicholasCaputo case.Caputo wasan EssexCourty,
New Jerseyozcial chargedwith decidingassigningthe order of political parties on the ballot
in local elections. Caputo, a Demcacrat, chosethe Demcacrats rst in 40 of 41 elections.
Writing Dfor Demcacrat and R for Republican, Dembski proposesconsideringthe string

c = bDDDDDDDDDDDDDDDDDDDDDRDDDDDDDDDDDDDDDDDD

that represets the sequenceof choicesto headthe ballot. Did Caputo cheat?

When Denmbski analyzesthis case,he applieshis \generic chanceelimination argumert”,
which is supposedto \sweepthe eld clear" of all relevant chance hypotheses. (Chance
hypotheses,in Dembski's idiosyncratic terminology, also include purely deterministic hy-
pothesesin which no chancewas actually involved.) What remainsis the conclusionthat
Caputo's selectionswere due to the mysterious processDembski calls design.

But in fact the only chancehypothesisthat Dembski considerss that Caputo's selections
aroseby the °ipping of a fair coin. He doesnot considerother possibilities, sud as

(a) Caputo really had no choicein the assignmeh sincea mobsterheld a gun to his head
on all but one occasion.(On that one occasionthe mobsterwas out of town.)

(b) Caputo, although he appears capable of making choices,is actually the victim of a
seere brain diseasehat rendershim incapableof writing the word \Republican”. On
oneoccasionhis diseasewasin remission.

(c) Caputo was molestedby a Republicanat an early age,and the resulting trauma has
causeda pathological hatred of Republicans. He thereforetends to favor Demacrats,
but on one occasiona Republicanbought him a beerimmediately prior to the ballot
assignmen

(d) Caputo attempted to make his choicesrandomly, using the °ip of a fair coin, but
unknown to him, onall but oneoccasionheaccidenly usedatwo-headedrick coinfrom
his son'smagic chest. Furthermore, he was too dull-witted to remenber assignmets
from previousballots.



(e) Caputo himselfis the product of a 3.8-billion-year-old ewlutionary history involving
both natural law and chance. The structure of Caputo's neural network has been
shaped by both this history and his environment since conception. Evolution has
shaped humansto act in a way to increasetheir relative reproductive successand
one ewlved strategy to increasethis successs seekingand maintaining sccial status.
Caputo's status dependedon his respect from other Demacrats, and his neural network,
with its limited look-aheadcapabilities, evaluated a tness function that resulted in
the strategy of placing Demcacrats rst in order to maximize this status.

What are we trying to say in this list of possibilities, somelessseriousthan others? Simply
that if Caputo °ipping a fair coin is oneof the possibilitiesto be eliminated, it is unclearwhy
Caputo himself cannot gure in other chancehypotheseswe would like to eliminate. Some
of these chance hypotheses,sud as (b), involve Caputo, but do not involve designas we
understandthe word. Others involve designas generallyunderstood. Hypothesis(e), which
could well be the correct explanation, is basedon a very complex causal chain of billions
of steps, most of which we will probably be unable to judge the probability of with any
certainty. Currently we cannot rule (e) in or out basedsolely on estimatesof probability;
we must rely on its consiliencewith other facetsof science,including ewlutionary biology,
psydiology, and neuroscience.

This leadsus to what we seeas one of the wealest points of Dembski's argumernt: if,
as he suggestsdesignis always inferred simply by ruling out known hypothesesof chance
and necessy, then any obsened event with a suzciently complicated or obscure causal
history could mistakenly be assignedto design, either becausewe cannot reliably estimate
the probabilities of ead step of that causalhistory, or becausethe actual stepsthemsehes
are currertly unknown. We call this the \Erroneous DesignInferencePrinciple”, or EDIP.

The existenceof EDIP receivescon rmation from modernreseart in psycology For one
thing, humans are notoriously poor judgesof probability [44]. On the other hand, humans
are good detectors of patterns, even when they are not there [7, 96, 39, 80]. Humans also
have \agency-detectionsystems"which are \biased toward overdetection”, a fact somehave
explainedas consonan with an ewlutionary history where systemsfor detecting prey were
strongly selectedfor [4]. Taken together, thesefactors suggestthat it will be commonfor
designto be inferred erroneously and perhaps explains the large number of casesfalling
under the EDIP: ghosts,UFQO's, and witchcratft.

Assigningintelligent agencybasedon ignoranceof the precisecausalhistory of an evert
or the probabilities asseiated with a hypothesizedroute seemsin opposition to Dembski's
assertionthat \frank admissionsof ignorance are much to be preferred to overcon dent
claimsto knowledgethat cannotin the end be adequatelyjusti ed" [19, p. 316]. The target
of this assertionis \Darwinism", but it seemsto us far more apposite to Dembski's own
conclusionsabout design.

But bad to our analysisof the Caputo case.If the only chancehypothesisthat is being
consideredis that the sequenceof ballot assignmets resulted from the °ips of a fair coin,
then Dembski's analysishaslittle novelty to it. As Laplacewrote in 1819[57, pp. 16{17]:

In the gameof headsand tails, if headscomesup a hundred times in a row then
this appearsto us extraordinary, becausethe almost in nite number of combi-
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nations that can arisein a hundred throws are divided in regular sequencesopr
thosein which we obsene a rule that is easyto grasp,and in irregular sequences,
that are incomparably more numerous.

Laplace'sargumert hasbeenupdatedin modern form to re°ect Kolmogoror complexity; see,
for example,the wonderful article [51]. The probability that a string x of length n (whose
bits are chosenwith uniform probability p = 1=2) will have C(x) < m can be showvn to be
< 2m*lin_ The Kolmogoros complexity of ¢ is very low (we cannot computeit exactly, but
let's say for the sake of argumert that C(c) < 10). Thusthe hypothesisthat c is due °ipping
a fair coin has probability < 2 39, or about 1 in a billion, and it seemdfair to reject it.

What next? Dembski would have us beliewve that designis now a purely mathematical
implication. But what of the possibilities (a){(e) given above? Instead of designbeing a
purely eliminative argumen, we seethat designhypothesesmust be consideredalong with
other statistical hypotheses.

To seethis, considerDembski's discussionof the SETI primes sequence

il ofrl o ol ol
t := 11011101111101111111011---10111---10---111- - 10111 - I;

which is a variation on a signal received by ctional researbersin the movie Contact. As
Dembski describesit, it consistsof blocks of consecutie 1's separatedby 0's, whoselengths
encale the prime numbersfrom 2 to 89, with extra 1's at the end to make the length 1000.
Dembski suggestghe speci ed complexity of this sequencémplies a designinference?

Yet is that the case?We know that prime numbers arise naturally in simple predator-
prey models[34], soit is at least conceiable that prime number signalscould result from
some non-intelligent physical process. To infer intelligent designupon receivingt simply
meansthat we estimatethe relative probability of natural prime-number generationaslower
than the probability that the signalarisesfrom an intelligencethat considersprime numbers
an interesting way to comnunicate. In other words, we explicitly comparetwo hypotheses,
oneinvolving design,one not.

Dembski is fond of ctional examplessoit is instructiveto compareDembski's treatment
of the cinematic SETI sequencavith the history of an actual receptionof an extraterrestrial
signal. Pulsars (rapidly pulsating extraterrestrial radio sources)were discovered by Jocelyn
Bell in 1967. She obsened a long seriesof pulsesof period 1.337 seconds.In at least one
casethe signalwastracked for 30 consecutiv minutes, which would represen approximately
1340pulses.Like the SETI sequencethis sequencevas viewed asimprobable (hence\com-
plex") and speci ed (seeSection8), hencepresumablyit would constitute complexspeci ed

4This example is particularly misleading because of the iconic nature of prime numbers in the mind
of average person. In common parlance, prime numbers might be thought to be “complex” because their
distribution seems mysterious and because there remain so many unsolved conjectures about them (e.g.,
Goldbach’s conjecture). But in terms of algorithmic information theory, the SETI primes sequence, and
lengthier versions of it, are actually quite simple, since they can be generated by a very short program.

In fact, using Dembski’s terminology, receiving a sequence of length 1000 such as 0101¢¢¢01 or even
000¢¢¢0 would be just as “complex” as the SETT primes sequence and would also trigger a design inference.
The fact that the sequence he discusses represents prime numbers is actually a bit of a red herring, but one
that allows him to trade off on the ambiguous notion of “complex”.
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information and trigger a designinference. Yet spinning neutron stars, and not design,are
the current explanation for pulsars.

Bell and her researt team immediately consideredhe possibility of an intelligent source.
(They originally namedthe signal LGM-1, wherethe initials stood for \little greenmen®.)
The original paper on pulsarsstates\The remarkable nature of thesesignalsat rst suggested
an origin in terms of man-madetransmissionswhich might arise from deep spaceprobes,
planetary radar, or the re°exion of terrestrial signalsfrom the Moon" [41].

Howewer, the hypothesisof intelligent agencywas rejectedfor two reasons.First, paral-
lax considerationsruled out a terrestrial origin. Second,additional signalswere discovered
originating from other directions. The widely separatedorigins of multiple signalsdecreased
the probability of a singleintelligent source,and multiple intelligent sourceswere regarded
as implausible. In other words, hypothesesinvolving designwere consideredat the same
time as non-designhypotheses,instead of the eliminative approad Dembski proposes.

4.1 Animal intelligence

As we have stated, Dembski seemsto view ageris as either intelligent or not. There is
no notion of intelligence as a quality which is subject to ne gradation in his writing. In
particular, he doesnot addressin any detail whetherliving creaturesother than humansare
intelligent. Rats successfullyrunning mazesare accordedintelligence by Dembski, but the
larger issueof animal intelligenceis not directly addressed15.

On the other hand, all of Dembski's examplesabout designare either about humandesign
or supposedsupernatural design. This is not a large evidencebasefrom which to draw. But
there is a vast areaof pattern construction by agers that Dembski simply ignores: patterns
by animals.

The animal world bustleswith patterns. From 7-meter high mounds constructed by the
termite Nasutitermestriodiae to the hexagonalhoneyconis of bees, from the bowers of
bowerbirds Ptilonorhynchidae to the intricate songof the great reed warbler Acrocephalus
arundinaceus and the woodlark Lullula arborea, from dolphin vocalizations to the waggle
danceof bees,animalsseento generatepatterns that might qualify asshawing the properties
of Dembski's \complex speci ed information".

If a Shalespeareansonnetrepreseis CSI that identi es an intelligent agen, it seems
that the termite mound should idertify the termite as an intelligent agen. (But see[9(]
for an explanation of how termite mounds can be generatedthrough a simple distributed
algorithm.) Dembski's framework for identifying \complex speci ed information" and his
assertionthat CSI reliably marks the action of an intelligent agen therefore courts as a
proposal of a demarcation criterion for intelligencein general. This would represen a re-
markable advancein studiesof animal cognition and have generalutilit y in the formulation
of public policy regardingmanagemen of specieswhosemembersemit CSl and thus display
this hallmark of intelligence. Remarlkably, neither Dembski nor any other intelligent design
proponert have promulgated Denmbski's framework for this purpose.

Dembski must tread carefully in this regard. Pattern generationin plants asan example
of a natural processat work is disputed by Dembski [19, pp. 13{14]. The patterns seen
there, Dembski asserts,could be analogousto a computer generatinga pattern according



to a program. The program itself would be due to an external designingintelligence. De-
ploying this sameresponsein the caseof animal intelligence,though, would be disastrousto
Dembski's apparent views of human intelligence. If the patterns emitted by animals could
be the result of someexternally-produced "program’ for which the animals simply act as
a substrate for proper execution of its steps, then it would seemthat there is nothing in
Dembski's framework which would prevent the sameexplanation being forwarded for the
patterns that humans generate. It seemsa legitimate question for Dembski to resolhe how
we might distinguish betweenthe casewherea human is consideredto \generate" CSl and
one wherethe human merely emits CSI due to a program infused by an external designer.
The answer should also be generallyapplicableto non-human animals.

5 The validit y of the design inference

Dembski o®erstwo reasonsto beliewe that his \speci ed complexity" is a reliable indicator
of intelligent design. The rst is a novel form of induction:

In ewvery instance where the complexity-speci cation criterion attributes design
and where the underlying causal story is known (i.e., where we are not just
dealing with circumstartial evidence,but where, as it were, the video camera
is running and any putativ e designerwould be caugh red-handed),it turns out
design actually is presern; therefore, design actually is presert wheneer the
complexity-speci cation criterion attributes design.

We nd this form of induction completely unjusti ed. Dembski's inductive argumert places
too onerousa burden on possiblecourterexamples.In orderto overturn this argumert, Dem-
bski requiresexampleswith an extraordinary level of detail concerningtheir causalhistory.
By its arbitrary demandon video-camera-certaity, Dembskian induction rules out consid-
ering caseswherethe underlying causalstory cannot be known with this form of certainty
becauseit is either very complicated or occurred long ago. In sud cases,in the absence
of a time madine, the causalstory we dewelop can be justi ed only through circumstan-
tial evidence. This is often the casein historical sciences.In particular, there is abundart
circumstartial evidencethat Darwinian processegan accourt for complexity in nature, but
Dembski excludesthis evidencebecausedt doesnot passhis video-camera-certaity test. In-
deed,Dembskianinduction seemsntelligently designedo rule out a naturalistic explanation
of biological complexity.

To seethe insuxciency of Dembskian induction, let us considertwo caseswhere we try
to apply Dembski's reasoning.

1. Let us considerthe caseof extinction of species,and supposewe wish to argue that
all sudh extinctions are ultimately due to human action. Now in every casewhere ex-
tinction hasoccurredand the underlying causalstory is known with asmuch certainty
as Dembski demands,humanswere ultimately responsible: consider,for example,the
extinction of the passengemigeon (Ectopistes migratorius), the thylacine (Thylaci-
nus cynacephalug, the dodo (Raphuscucullatus), and a depressinglylong list of avian
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speciesin the Hawaiian islands. Using Dembskian induction, we would concludethat
humans must be responsible for all extinctions. But this conclusioncan only be re-
tained by throwing out the large body of circumstartial evidencepointing to other
factors apparert in the geologicpast, sut asclimate change,tectonic rearrangemets,
and asteroid or cometimpacts. Theseewerns cannot passthe video-camera-certaity
test.

2. Let us considerthe construction of tall pillars made of hard material, such as stone
columns. We wish to argue that all sud pillars are due to intelligent agens. Now
in every casewhere a pillar appears and the underlying causalstory is known with
the certainty Dembski demands,these pillars were constructed by intelligent ageris
(humans). Using Dembskianinduction, we would concludethat intelligent ageris must
be responsiblefor all sud pillars, including the sandpipesat Kodacdhrome Basin State
Park in Utah and the basalt columns at the Giant's Causevay in Ireland. But this
conclusioncan only be retained by ruling out the circumstartial evidencein favor of
acceptedgeologicalexplanationsfor thesefeatures(anciert geysersand split volcanic
°ows, respectively; see[43)).

We also note that Dembskian induction has certain consequence®embski may not have
realized. Let us considerthe caseof receivingcommunication expressedn a human language,
asin a letter, scroll, or book. In every casewhere sud a communication was received and
the underlying causalstory is known with as much certainty as Dembski demands,humans
were ultimately responsible. Therefore, by Dembskian induction, humans are ultimately
responsible whenewer communication in a human languageis received. In other words, the
Bible is of human origin. This conclusionis unlikely to receiwe generalasseih from Dembski's
supporters.

We now turn to the secondjusti cation Dembski givesfor inferring designfrom speci ed
complexity: the supposednature of intelligent agency Intelligent agerns, Dembski tells us,
make choicesby \actualizing oneamongse\eral competing possibilities, ruling out the rest,
and specifying the onethat wasactualized" [19, p. 29], and this is what speci ed complexity
detects.

We nd this justi cation weak. First, Dembski givesno reasonto supposethat the prop-
erties he assertsfor intelligent agers are exclusiwe to thoseintelligent agens. For example,
the actualization-exclusion-spci cation triad of criteria can be viewed as a description of
the processof natural selection.

Second,this reasoninghas strangeimplications. Sincethe decisionsof intelligent agens
are supposedly not reducible to chanceand natural law, it follows that thesedecisionsare
irrational, in the senseof being inexplicablethrough rational processesWe end up with the
paradaxical conclusionthat if speci ed complexity really exists, then it identi es not intel-
ligence, but irrationality. Further, this irrationality extendsto the Designerthat Dembski
arguesis responsible for biological complexity, a conclusionhardly likely to receive assem
from Dembski's supporters.

An alternate view is that if speci ed complexity detectsanything at all, it detectsthe
output of simple computational processesThis is consonah with Dembski's claim \It is CSI
that within the Chaitin-Kolmogorov-Solomono®heory of algorithmic information identi es
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the highly compressible,nonrandom strings of digits" [19, p. 144]. Dembski's inference of
designis then underminedby the recert realization that there are many naturally-occurring
tools available to build simple computational processes. To mertion just four, consider
the recent work on quantum computation [42], DNA computation [47], chemical computing
[55, 89, 74], and molecular self-asserly [79. Furthermore, it is now known that even very
simple computational models, sudh as Conway's game of Life [3], Langton's ant [2€], and
sand piles [33] are universal, and hencecompute anything that is computable. Finally, in
the cellular automaton model, relatively simple replicators are possible[5].

Under this interpretation, inferring designupon observingspeci ed complexity implicitly
ranks \pro duction by unintelligent natural computational process"as lesslikely than \pro-
duction by intelligent agent”. Again, this is an explicit comparisonof designand non-design
hypotheseswhich Dembski rejects.

5.1 Indirect design

Dembski defendshis conceptof speci ed complexity from the challengeof ewolutionary com-
putation by assertingthat what results from ewlutionary computation (and all other algo-
rithmic processes)s at best apparent speci ed complexity, not actual speci ed complexity
[18. In all sucdh casesthe speci ed complexity is assertedto have beenpresern in the inputs
to the algorithm or somehav infused by an intelligent agen in the process. This immedi-
ately leadsto a conclusionthat Dembski's explanatory Tter/design inferenceis incapableof
resolvingthe di®erenceébetweenapparent speci ed complexity and actual speci ed complex-
ity. In order to accomplishthe discrimination of actual and apparert speci ed complexity,
it is absolutely necessaryto have information about the actual causationof the evert. But
Dembski wishesus to utilize his explanatory Tter/design inferencein preciselythose cases
where sud information is not available. It is obvious that in sud caseshe explanatory I-
ter/design inferenceis uninformative asto whether any speci ed complexity found is actual
or only apparert.

An illustration that may be helpful is to considerthe \Algorithm Room." Dembski
often refersto examplesof cheating by intelligent agens as fruitful placesto deploy his
explanatory Tter/design inference.lmagine that we have a room in which a computational
expert (assumedfor the purposeof argumert to be an intelligent agern) works. The expert
alsohasvarious computing madinery and an extensiw library of works on algorithmsin the
room with him. The expert hastwo pay scales,a very high onefor consultancy where he
assertsthat any work performedis original to himself, and a much more modest pay scale
for computer technician work, where the expert simply applies pre-existing algorithms to
the task at hand. A problem description and input data is passedinto the room through
a slot in the door. After a reasonableamourt of time for an expert to have solved the
problem elapsesa solution is passedbadk out, alongwith a bill for time at the consultancy
rate. The questionis whether Dembski's explanatory Tter/design inferenceis of any use
in determining whether cheating has occurred in this case. The answer, given Dembski's
distinction betweenactual and apparent speci ed complexity, is clearly, \No." In order to
realize Dembski's distinction, we must rely on information about the actual causalprocess,
sudh as a video camerafeedfrom within the Algorithm Room.
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One way in which Dembski could defend his use of a distinction between actual and
apparert speci ed complexity is to assertthat algorithms which generateapparert speci ed
complexity sene as proxies for intelligent agerts. Under this view, the identi cation of
speci ed complexity in the output of an algorithmic processis thus a reliable indication of
the intelligent agert who instantiated the algorithm.

There are someissueswhich arisefrom sud a defensehowever. Dembski stipulates that
algorithms can serwe as conduits for prior speci ed complexity and add a certain amourt of
information aswell [19, p. 160]. Dembski has not produced a demonstration that anything
beyond, say, cosmologicalconstart tuning might be neededas the solerole for a distantly
removedintelligent designer perhapsonewhodid part of what Dembski descrites:\The ne-
tuning of the universeand irreducibly complexbiochemicalsystemsare instancesof speci ed
complexity, and signalinformation inputted into the universeby God at its creation." [17, p.
233]Evenif we acceptthis nearly Deist construction of everts minus the gratuitous inclusion
of irreducibly complex systems,natural processesould then have provided the meansby
which sud aninitial in°ux of speci ed complexity at the beginning of the universebecomes
the basisof the whole of biological diversity. Dembski's framework is, as we have pointed
out here,incapableof distinguishing betweensud a scenarioand onerequiring more recen
intervertions by anintelligent agen. In this regard, speci ed complexity becomesomething
like the cosmic microwave badkground radiation: it can be detected almost anywhere one
looks.

This also bears upon the discussionin our section on animal intelligence. Dembski's
apparatusdoesnot distinguish the initial appearanceof speci ed complexity from subsequen
appearancesiueto algorithmic processesWe nd Dembski's curiousemphasison the phrase
\generating speci ed complexity" to be out of place. It seem=bvious that Dembski intends
this to specify thosecaseswvherethe speci ed complexity is somehav novel, aswhen Dembski
appealsto the characteristic of intelligent ageris as\innovators" to evade a criticism [19,
p. 109]. But Dembski's apparatus has no traction in this regard. The speci ed complexity
found via the explanatory Iter/design inferencecan no more be credited to a supposed
proximal intelligent agert than it can an algorithm, if we apply Dembski's own criteria
evenly and fairly. We must always suspect that the speci ed complexity had its sourceat
somestep further removed than the event under analysis. Thus Dembski's peculiar mode
of induction itself is undercut by his insistencethat a distinction exists betweenactual and
apparert speci ed complexity, sincehe premisesthat induction upon what he assumesbut
cannot prove, are casesof known intelligent agency This resolesto just a rather complex
way of beggingthe question.

6 Complex speci ed information

We now turn to addressingDembski's mathematical framework for inferring design. He
actually seemgo have two di®erer frameworks.

The genericchanceelimination argumert (GCEA) requiresthe elimination of all relevant
chancehypotheses.If all sudh hypothesesare eliminated, Dembski concludesdesignis the
explanation for the evert in question. The weaknessof this approat seemsself-evidem,
becausethis method will consistertly assigndesignto ewvernts whoseexact causalhistory is
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obscure|precisely the events Dembski is most interestedin. As this framework has been
adequatelycriticized elsewherd23, 94], we do not examineit in detail.

Although Dembski spendssigni cant spacediscussingthe GCEA, in practice he rarely
usesit. Instead, he employs an alternate approad. This method is a shortcut version of
the GCEA, basedon eliminating a single chancehypothesis,usually evaluated relative to a
uniform distribution. We might call it the \sloppy chanceelimination argumernt”, or SCEA.

It appearsthat both approatescan detect a certain property of everts, called\speci ed
complexity" or \complex speci ed information" (CSI). Dembski insists that \if there is a
way to detectdesign,speci ed complexity isit." [19 p. 116]While the GCEA is a statistical
procedurethat must be followed, CSI seemsto be a property that inheresin the record of
the event in question.

Dembski con’ates the procedure to eliminate hypotheseswith the property of CSI [19,
p. 73] with no signi cant explanation. It seemso us a major jump in reasoningto go from
eliminating hypothesesabout an evert E to the positing of a property, CSlI, that inheresin
E.

Then again, the choice of the term \complex speci ed information" is itself extremely
problematic, since for Dembski \complex" means neither \complicated" as in ordinary
speed, nor \high Kolmogorov complexity” as understood by algorithmic information theo-
rists. Instead, Dembski uses\complex” asa synorym for \improbable".

Not all commenators on Dembski's work have appreciatedthat CSlis not information in
the acceptedsensef the word asusedby information theorists; in particular, it is neither
Shannon'sentropy, surprisal, or Kolmogorov complexity. Although Dembski claims that
CSl\is increasinglycomingto be regardedasa reliable marker of purpose,intelligence,and
design"[19, p. xii], it hasnot beende ned formally in any reputable peer-revieved mathe-
matical journal, nor (to the bestof our knowledge)adoptedby any researter in information
theory. A 2002seard of MathSciNet, the on-line versionof the review journal Mathematical
Reviews turned up 0 papersusingany of the terms\CSI", \complex speci ed information",
or \speci ed complexity" in Dembski's sense.(The term \CSI" doesappear, but asan abbre-
viation for unrelated conceptssud as \contrast sourceinversion”, \conditional symmetric
instability", \conditional statistical independence”,and \channelstate inversion".) ®

Despite his insistencethat his \program has a rigorous information-theoretic underpin-
ning" [19, p. 371], CSl is usedinconsisterly in Dembski's own work. SometimesCSl is a
guartity that one can measurein bits: \the CSI of a °agellum far exceeds500 bits" [17, p.
178]. Other times, CSl is treated as a threshold phenomenon:something either \exhibits"
CSlor doesn't: \The Law of Consenation of Information says that if X exhibits CSI, then so
doesY" [19 p. 163]. Sometimesnumbersor bit strings \constitute” CSI [17, p. 159]; other
times CSl refersto a pair (T; E) whereE is an obsenedevent and T is a pattern to which E

A recent paper by creationist Stephen C. Meyer [67] states

Systems that are characterized by both specificity and complexity (what information theorists
call “specified complexity”) have “information content”.

The second author was curious about the plural use of “information theorists” and at a recent conference
asked Meyer, what information theorists use the term “specified complexity”? He then admitted that he
knew no one but Dembski.
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conforms[19, p. 141]. SometimesCSiI refersto speci ed everts of probability < 10" 1°°; other
times it can be contained in \the sixteen-digit number on your VISA card" or \even your
phone number" [17, p. 159]. SometimesCSlI is treated as if, like Kolmogoros complexity,
it is a property independert of the obsener | this is the casein a faulty mathematical
\pro of" that functions cannot generateCSI [19, p. 153]. Other times it is made clear that
computing CSI crucially dependson the badkground knowledgeof the obsener. Sometimes
CSl inheresin a string regardlessof its causalhistory (this seemsalways to be the casein
natural languageutterances); other times the causalhistory is essetial to judging whether
or not a string has CSI. CSl is indeed a measurewith remarkably °uid properties! Like
Blondlot's N-rays, howewer, the existenceof CSI seemsclear only to its discoverer.

Here is a brief catalogue of some of the things Dembski has claimed exhibit CSI or
\speci ed complexity":

16-digit numberson VISA cards,[17, p. 159]

phonenumbers,[17, p. 159]

\all the numberson our bills, credit slips and purchaseorders”, [17, p. 160]
the \sequencecorrespnding to a Shakespeareansonnet”, [19, p. Xiii]

Arth ur Rubinstein's performanceof Liszt's \Hungarian Rhapsaly”, [19, p. 95]

o o M w0 bd PE

\Most human artifacts, from Shakespeareansonnetsto Durer woodcuts to Cray su-
percomputers”,[19, p. 207]

\l

. scrabblepiecesspelling words, [19, pp. 172{173]
8. DNA, [19, pp. 151]
9. error-courting function in an ewlution simulation, [19, p. 217]
10. a\ tness measurethat gaugesdegreeof catalytic function" [19, p. 221]
11. the \ tness function that prescribesoptimal antenna performance"[19, p. 221]
12. \coordination of local tness functions”, [19, p. 222]
13. what \anthropic principles" explain in ne-tuning argumerns [19, p. 144]
14. \ ne-tuning of cosmologicalconstarts" [19, p. Xiii]

15. what David Bohm's \quantum potertials" extract in the way of \activ e information”
[19 p. 144]

16. \the key feature of life that needsto be explained" [19, p. 180]
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What is really remarkable about this list is both the breadth of Dembski's claims and the
completeand utter lack of quartitativ e justi cation for thoseclaims. We cannot emphasize
this point strongly enough: although the decisionabout whether something possesse€SI
appearsto require at the very least a choice of probability space,a probability estimate,
a discussionof relevant badkground knowledge, an independencecalculation, a rejection
function, and a rejection region, none of these have beenprovided for any of the items on
this list.

Dembski also identi es CSI or \speci ed complexity" with similarly-worded concepts
in the literature. But theseiderti cations are little more than equivocation. For example,
Dembski quotesPaul Davies' book, The Fifth Miracle whereDaviesusesthe term \speci ed
complexity”, and strongly implies that Davies' use of the term is the sameas his own [19,
p. 180]. This is simply false. For Davies, the term \complexity" meanshigh Kolmogorov
complexity, and hasnothing to do with improbability. In cortrast Dembski himselfassaiates
CSI with low Kolmogoror complexity:

It is CSI that within the Chaitin-Kolmogorov-Solomono®theory of algorithmic
information identi es the highly compressiblenonrandomstrings of digits... [19,
p. 144]

(Note that in algorithmic information theory, \highly compressible"is synorymous with
\low Kolmogorov complexity”; seethe Appendix.) Therefore Dembski's and Davies' use of
\speci ed complexity" are incompatible, and it is nonsensicato equatethem.

Now comparethe list of 16 items above with the completelist of all examplesfor which
Dembski claimsto have identi ed the presenceof CSl and provides at least someaccompa-
nying mathematical justi cation:

e 17. The record
c:= DDDDDDDDDDDDDDDDDDDDDDRDDDDDDDDDDDDDDDDDD

of political parties chosenby election oxcial Nicholas Caputo to head the ballot in
EssexCounty, New Jersey(D= Demccrat; R= Republican) [19, pp. 55{58];

e 18. The SETI primes sequence

t = 1101110111110111111lmf1 ionﬁ_io _1011]];Z _i

represeting a variation ona ctional radio signalreceived from extraterrestrialsin the
movie Contact [19, pp. 6{9; 143{144];°

e 19. The phraseMETHINKEI IS LIKE A WEASHutput by an ewlutionary algorithm
[19 pp. 188{189];

e 20. The °agellum of Escherichiacoli. [19, §5.10].

5Dembski also discusses the original sequence from Contact, where all the primes up to and including 101
are represented.
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The number of unsupported examplesDembski assertsis much larger than the number of
putativ ely supported examples.Further, we have critiques of the argumens Dembski makes
for ead of theseexamples. We examinedthe Caputo example,#17, and the SETI primes
sequence#18, in Section4. We cortinue with the SETI example (#18) in Section7, and
treat the weaselexample (#19) in Sections7 and 10, and the °agellum example (#20) in
Section11. Howewer, we now make oneremark about claim #17.

As we have remarked previously, sometimesCSI is treated asif it inheresin the record
of evens, independen of their causalhistory. We would like to point out that a record of
ewverts isomorphicto ¢ can be obtained from any number of infrequert natural events. For
example,sud a record of everts might correspnd to

e records of whether or not there was an earthquake above 6 on the Richter scalein
California on consecutie days (D= no earthquake; R= earthquake);

e records of whether or not overnight temperatures dipped belown freezingin Tucson,
Arizona on consecutiwe days (D= above freezing;R= below);

e recordsof whether or not Verus transited the sunin consecutie years(D= no transit;
R= transit).

If Dembski wishesto infer intelligent designfrom the Caputo sequene alone, independert
of cortext, then it seemdo usthat to be consistet he must alsoinfer intelligent designfor
the three examplesabove.

7 Information, complexit y, probabilit vy

For Dembski, the terms \complexity"”, \information" and \improbabilit y" are all essetially
synorymous. Drawing his inspiration from Shannon'sertropy, Dembski de nesthe informa-
tion cortained in an evert of probability p to be — log, p, and measurest in bits.

It isimportant to note that Dembski's somewhatidiosyncratic de nition of \complexity"
is often at odds with the standard de nition as usedby algorithmic information theorists.
For Dembski the string

111111111111111111711110111111111111111711

if drawn uniformly at random from the spaceof all length-41 strings, has probability 2i 4*
and henceis \complex" (at least with respect to a \lo cal probability bound"), whereasfor
the algorithmic information theorist, suct a string is not complexbecausédt hasa very short
description. (Seethe Appendix for an introduction to algorithmic information theory.)
Evenif we acceptequating\complexity" with \improbabilit y", we must ask, probability
with respect to what distribution? Everts do not typically come with probability spaces
already attached, and this is even morethe casefor the singular everts Dembski is interested
in studying. Unfortunately, Dembski is quite inconsistent in this regard. Sometimeshe
computesa probability basedon a known or hypothesizedcausalhistory of the evert; we
call this the causal-history-fasel interpretation. Sometimesthe causal history is ignored
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entirely, and probability is computed with respect to a uniform distribution. We call this
the uniform prolability interpretation.

Dembski's choiceof interpretation seemgo dependon the nature of the evernt in question.
If the event involvesintelligent agency then he typically choosesthe uniform probability
interpretation. This can be seen,for example, in his discussionof archery. To compute
the probability that an arrow will hit a prespeci ed target on a wall, he says \probabilit y
correspnds to the size of the target in relation to the size of the wall" [19, p. 10], which
seemsto imply a uniform distribution. Yet arrows red at a target will almost certainly
conformto a normal distribution.

If, on the other hand, the event does not involve intelligent agency Dembski typically
choosesa probability basedon the causalhistory of the evert. For example,in his discussion
of the generationof the protein URF13, someaspectsof causalhistory are takeninto accourt:
\First o®,there is no reasonto think that non-protein-caling genesegmets are themseles
truly random| asnotedabove, T-urf 13, which is composedof sud segmets, is homologous
to ribosomalRNA. Soit is not asthough thesesegmeis were producedby samplingan urn
Tled with looselymixed nucleicacids. What's more, it is not clearthat the reconbination is
itself truly random.” [19, p. 219]Sincemuch of Dembski's argumert involves computation
and comparisonof probabilities (or \information"), this lack of consistencyis troubling and
unexplained.

This inconsistert use of two approades can be seenewven in Dembski's discussionof
a single example, his analysis of a version of Dawkins' METHINKST IS LIKE A WEASEL
program.” In this program, Dawkins showvs how a simple computer simulation of mutation
and natural selectioncan, starting with an initially random length-28 sequenceof capital
letters and spacesgquickly convergeon a target sertencetaken from Hamlet In onepassage
of No Free Lunch, Dembski writes:

Complexity and probability thereforevary inversely| the greaterthe complexity,
the smallerthe probability. It followsthat Dawkins's ewlutionary algorithm, by
vastly increasingthe probability of getting the target sequenceyastly decreases
the complexity inherert in that sequenceAs the solepossibility that Dawkins's
ewlutionary algorithm can attain, the target sequencen fact has minimal com-
plexity (i.e., the probability is 1 and the complexity, as measuredby the usual
information measureis 0). Evolutionary algorithms are therefore incapable of
generating true complexity. And since they cannot generatetrue complexity,
they cannot generatetrue speci ed complexity either. [19, p. 183]

HereDembski seemdo be arguingthat we shouldtake into accourt how the phraseMETHINKS
IT IS LIKE A WEASHE generatedwhen computing its \complexity" or the amourt of \in-
formation” it cortains. Sincethe programthat generateghe phrasedoessowith probability
1, the complexity of the phraseis —log, 1, or O.

"Dembski characterizes Dawkins’s “weasel” program as having three steps. The second and third steps
which Dembski gives appear nowhere in Dawkins’s text and are Dembski’s own inventions, upon which he
bases a number of criticisms. Dembski proposes a “more realistic” variant later, which is notable for coming
much closer to an accurate description of Dawkins’s “weasel” program than the one Dembski originally gave.
The first author informed Dembski of this problem in October, 2000.
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But in other passagesf No Free Lunch, Dembski seemsto abandon this viewpoint.
Writing about another variant of Dawkins' program, he says

...the phasespaceconsistsof all sequence28 charactersin length comprising
upper case Roman letters and spaces(spacesbeing represeted by bullets).
A uniform probability on this spaceassignsequal probability to ead of these
sequences|the probability value is approximately 1 in 10*° and signalsa highly
improbable state of a®airs. It is this improbability that correspndsto the com-
plexity of the target sequenceand which by its explicit identi cation speci es
the sequenceand thus rendersit an instance of speci ed complexity (though as
pointed out in section4.1, we are being somewhatloosein this example about
the level of complexity required for speci ed complexity|tec hnically the level of
complexity should correspnd to the universal probability bound of 1 in 109),
[19 pp. 188{189]

Here the choice of uniform probability is explicit.
Later, he says

It would seem,then, that E has generatedspeci ed complexity after all. To be
sure,not in the sensef generatingatarget sequencehat is inherertly improbable
for the algorithm (aswith Dawkins's original example,the ewlutionary algorithm

here corvergesto the target sequencewith probability 1). Nonetheless,with

respect to the original uniform probability on the phasespace,which assigned
to ead sequencea probability of around 1 in 10°°, E appearsto have donejust

that, to wit, generatea highly improbable speci ed evert, or what we are calling

speci ed complexity. [19, p. 194]

In both of theselatter quotations, Dembski seemgo be arguing that the causalhistory that
producedthe phraseMETHINKST IS LIKE A WEASHhouldbe ignored;insteadwe should
computethe information corntained the result basedon a uniform distribution on all strings
of length 28 over an alphabet of size 27 (note that 2722 = 1:197 x 10%).

Sometimesthe uniform probability interpretation is applied even when a frequentist
approad is strongly suggested.For example,when discussingthe SETI primes string

t = 11011101111101111111_1)1jTl ion]ﬁ_io _ionﬁ_i

Dembski claimsits probability is\1 in 21909 [19, p. 144],a claim which is viable only under
the uniform probability interpretation. But, viewing only the singular instancet, there are
in fact many possibilities:

(a) both 0 and 1 are emitted with probability 1=2;
(b) 1 is emitted with probability :977and 0 is emitted with probability :023;

(c) the emitted bits correspnd to the unary encalings of 24 numbers between1 and 100
chosenrandomly with replacemety
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(d) the emitted bits correspnd to the unary encalings of 24 primes between1 and 100
chosenrandomly with replacemety

(Note: the probabilities in (b) and the choice of the number 24 in (c) and (d) re°ect the
actual frequenciesof the symbols and the number of blocks of 1's in the string as actually
printed in Dembski's book; seeSection8.)

We do not seehow, in the absenceof more information, to distinguish between these
possibilities and dozensof others. And the choiceis crucial. A purely frequertist approad,
asin (b), resultsin a markedly di®eren probability estimatefrom (a) | the probability of
t increasesfrom 21 1990 = 9:33 x 10 302 to

977770233 = 2:8 x 10 *:

This latter probability, although small, is signi cantly larger than Dembski's \univ ersal
probability bound" of 10' 1° and would presumably not lead to a designinference. An
approad sud as(d) givesan even higher probability of 25 24 = 2:8 x 10 34,

Clearly if Dembski getsto choosewhetherto apply the causal-history-basednterpretation
or uniform probability interpretation, as he wisheslittle consistencycan be expectedin his
calculations. Furthermore, ead of the two approateshas signi cant dixculties for Demb-
ski's program. The causal-history-basednterpretation is the only onethat is mathematically
tenable; its probability estimatesare necessarilypbasedon a thorough understanding of the
origin of the event in question. But this very fact makesit essetially inapplicable to the
kinds of evernts Dembski wishesto study, which are events where\a detailed causalhistory
is lacking". [19, p. xi] We expandon this in Section9.

The uniform probability interpretation is, at rst glance,easierto apply, and may be
viewed as a form of the classicalPrinciple of Indi®erence.But this principle haslong been
known to be quite problematical; asKeyneshasremarked, \This rule, asit stands, may lead
to paradaxical and even cortradictory conclusions."[50, p. 42]. We will seein Section9 that
the uniform probability interpretation is incompatible with Dembski's \La w of Consenation
of Information”.

Further, eventhe uniform probability interpretation entails subtle choices,sud as(when
dealingwith strings of symbols) the sizeof the underlying alphabet and appropriate length.
If we encourter a string of the form

1§00
Z
OOOOOgZJOO x 6

should we regard it aschosenfrom the alphabet 8 = {0} or 8§ = {0,1 }? Should we regard
it as chosenfrom the spaceof all strings of length 1000, or all strings of length < 1000?
Dembski's advice [19, §3.3]is singularly unhelpful here; he says the choice of distribution

dependson our \context of inquiry” and suggestserring on the side of abundancein assign-
ing possibilitiesto a referenceclass”. But following this advice meanswe are susceptibleto

dramatic overin®ation of our estimate of the amourt of information cortained in a target.

For an example of this, seeour discussionof the information cortent of Dawkins' tness
function in Section9.
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We notein passingthat the uniform probability distribution is not the only possiblechoice
in the absenceof information. For example,the so-calledwuniv ersalprobability distribution”
assignsthe probability 2 K®) to an evert x represemed as a binary string [51]. (Here K ()
is a pre x-free variant of Kolmogorov complexity; seethe rst footnote of the Appendix.)
Under this choice of distribution, the kinds of events Dembski views as evidenceof design,
sudh as the Caputo sequenceand the SETI primes sequence,actually occur with much
higher probability than randomly-chosenstrings. The useof this distribution would tend to
undermine Dembski's program.

BecauseDembski o®ersno coheret approad to his choice of probability distributions,
we concludethat Dembski's approad to complexity through probability is very seriously
°awed, and no simple repair is possible.

8 Speci cation

The secondingrediert of CSl is speci cation. By \speci cation" of an evert E, Dembski
roughly meansa pattern to which E conforms. Furthermore, Dembski demandsthat the
pattern, in somesensepe given independently of E.

In its most recer incarnation, speci cation is formally de ned as follows [19, p. 62{
63]. An intelligent agent A witnessesan evert E and assignsit to somereferenceclass

of everts -. The agert then choosesfrom its badground knowledge K ° a set of items
of badkground knowledgeK sud that K \explicitly and univocally" identi es a rejection
function f : - — R. Then atarget T isde ned by either T = {! € - : f(!) >"°}

orT ={l ¢- : f(1) < £} for somegiven real numbers °;+. If K is \epistemically
independent” of E (by this Dembski meansthat P(E|H&K) = P(E|H)), then T is said
to be \detachable" from E. (Here H is a hypothesisthat E is due to chance.) Finally, if
E C T, thenT is a speci cation for E and E is saidto be\speci ed".

It is important to note that in the genericchanceelimination argumert, additional con-
siderationssud as\speci cational resources"and \replicational resources"comeinto play.
Howewer, theseconsiderationsseemto be discardedin the de nition of CSI.

Dembski's accoun of speci cation has ewlved over time. His original de nition in The
Design Inferene included a demandthat T further be tractable, in the sensethat A can
formulate T within certain constrairnts on its resources,sud as time. This condition is
dropped in No Free Lunch (though it now appearsin Dembski's de nition of his GCEA).
Further, the original de nition did not restrict T to be of the form {! - : f(!)>°} or
T={! - : f() <%} In this article, however, we will focuson Dembski's most recen
accour, assummarizedabove.

We nd Dembski's accourt of speci cation incoheren. Brie°y, here are our objections.
First, we contend that Dembski has not adequately distinguished between legitimate and
illegitimate speci cations (which he calls fabrications). Second,Dembski's notion of speci-
“cation is too vague. Third, Dembski's discussionof the generationof the target T and its
independenceof the evert E is problematic.

Now let us look at ead of these objections in more detail. When does a speci cation
becomeillegitimate? To illustrate this objection, considerDembski's SETI primes sequence
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discussedn section6. As Dembski descrilesit, this sequences of the form

t = 110111011111011111111)2Tﬁ710ﬁﬁfio- . ﬁﬁ_ioﬁfﬁ_i

which encales\the prime numbersfrom 2 to 89 alongwith some ller at the end" [19, p. 144]
to make the length exactly 1000. According to Dembski, this sequencés speci ed, although
he doesnot actually producea speci cation. (What is f , the rejection function? What is R,
the rejection region?) And when we try to createa speci cation, we immediately run into
dizcult y. What item or items of badkground knowledgecreatea legitimate speci cation (and
not a fabrication) for t? Our badkground knowledgemay include prime numbers, the notion
of a unary encaling, and the notion of arranging elemeits of a sequencen increasingorder,
but it is hard to seethat this badkground knowledge\explicitly and univocally" iderti es
an appropriate rejection function f . After all, why stop at the prime 89? Why a ller at
the end containing 73 1's? (We supposethe notion of powers of 10 might be badkground
knowledge, but why 1000 as opposedto 100 or 10,000?) We are leading to the following
question: how cortriv ed can a speci cation be and yet remain a speci cation? Dembski is
singularly unhelpful here.

To elaborate on this idea, presumablyour badkground knowledgeincludessud informa-
tion as

e Mars has2 moons;

water comesin 3 forms, asice, liquid, or vapor;

5 is the smallestodd prime congruen to 1 (mod 4);

There were 7 wondersof the anciert world;

In Mark 16:14Jesusis saidto appearto 11 disciplesasthey are eating;

13is a famousunlucky number;

17 is a Fermat prime of the form 22 4+ 1;

as well asthe notion of prime factorization. All of theseare clearly epistemically indepen-
dert of most ewverts (here represeted as integers). But, thanks to the unique factorization
theorem, we can choosean appropriate subsetof our total badkground knowledgein order
to identify 28.7%of all integersbetween1 and 1000® For example,the number 143is the
product of the number of disciplesJesusappearedto, and a famousunlucky number. At
what point doesspeci cation becomenothing more than a form of Kabbalistic numerology?
Dembski simply doesnot addressthis issue.

8As the range of integers we want to identify increases, of course, more primes are needed. We are
not proposing this method as a serious way of identifying all large numbers, as a classical theorem on the
distribution of prime factors implies that about 6£ 107 primes would be needed to have about a 30% chance
of identifying a randomly-chosen 150-digit number as a product of those primes.
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To seethis objection in another way, assumewe have a speci cation for a string, perhaps
somethinglike \a string of length 41 over the alphabet {D R}, cortaining at most one R’;
this is apparertly a valid speci cation for the Caputo string

c = bbDDDDDDDDDDDDDDDDDDDDRDDDDDDDDDDDDDDDDDD

Now supposewe witness Mr. Caputo produce yet another choiceto headthe ballot. If his
choiceis D, it is easyto producea new speci cation by changing\41" to \42". If his choice
is R it is easyto produce a new speci cation by changing\one" to \t wo".° But if this is
the case,what prevents us from extending the processinde nitely? And if we can extend
the processinde nitely, we can produce a speci cation for any string of which c is a pre X,
a result hardly likely to increaseour con dencein speci cation.

More precisely supposewe are witnessinga seriesof everts over time. Let E(t) be the
record of sudh a seriesat time t, viewed as a bit string over the alphabet {0,1} and let
T(t) be the correspnding target we have chosen. Now supposewe witnessthe next state
of the event, perhapsE(t + 1) = E(t) x {a}, wherea € {0,1}. It seemsto us churlish
to claim that T(t) is a valid speci cation for E(t), but T(t + 1) = T(t) x {a} is not for
E(t+ 1). And if it is valid, what preverts usfrom cortinuing this processnde nitely? What
we have here, of course,is the classicalheap paradox in disguise[82]. Dembski deniesthat
this is a problem for CSI by assertingthat CSl is \holistic" [19, pp. 165{166], meaningthat
incremertal additions are not allowed. It certainly follows that adding an evernt to a time
seriesrequiresa concomitart adjustmert of the speci cation, but it seemsunreasonableto
assertthat the newform of the time seriescannot be found to have the CSI property on that
basisalone. We proposean alternate form of speci cation in the Appendix which resohes
this problem.

Along the samelines, we nd problematic the fact that all speci cations are treated as
equal,independen of their length. For example,presumablyboth

a string cortaining the unary represetations of the rst 24 prime numbers, in
increasingorder, separatedby 0's, and followed by enoughl's at the end asto
make the string of length 1000

and
a string of 10001's

are equally acceptableas speci cations (albeit for di®eren strings), despite the dramatic
di®erencen their lengths. But is it permissiblefor the speci cation to actually be longer
than the string it descrikes? For example,is

A Fuegianword meaning, two peoplelooking at ead other, without speaking,
eat hoping that the other will o®erto do somethingwhich both parties desire,
but neither are willing to initiate'

9Tt’s true that this new specification increases the probability that the target is hit, but that is not relevant
here; see the next paragraph.
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a valid speci cation for the string \mamihlapinatapai"? As far as we can see,nothing in
Dembski's discussionrules out such a speci cation. But if we assessa cost basedon the
length of the speci cation (a theme we take up in the Appendix, Section A.1), then this
problem disappears.

We alsobelieve Dembski's current notion of speci cation is too vagueto be useful. More
precisely Dembski's notion is suxciently vaguethat with hand-waving he can apply it to
the caseshe is really interestedin with little or no formal veri cation.

Accordingto its formal de nition, a speci cation is supposedto be a rejectionregionR of
theform {! €- :f(!)>°}or{! €- :f(!') <z} foranappropriate choiceof arejection
function f andreal numbers®;+. Now considerDembski's discussiornof the \speci cation" of
the °agellum of Escherichiacoli: \...in the caseof the bacterial agellum, humansdeweloped
outboard rotary motors well beforethey gured out that the °agellum was suc a macine."
We have no objection to natural languagespeci cations per se provided there is someevidert
way to translate them to Dembski's formal framework. But what, precisely is the spaceof
ewverts - here? And what is the precise choice of the rejection function f and the rejection
region R? Dembski does not supply them. Instead he says, \At any rate, no biologist |
know guestionswhether the functional systemsthat arise in biology are speci ed." That
may be, but the questionis not, \Are sud systemsspeci ed?", but rather, \Are the systems
speci ed in the precisetechnical sensethat Dembski requires?" Since Dembski himself has
not producedsud a speci cation, it is premature to answer axrmativ ely.

Natural languagespeci cation without restriction, as Dembski tacitly permits, seems
problematic. For onething, it resultsin the Berry paradok [81]. Lesstrivially, relying on
natural languagespeci cations may be an easyway of arriving at a designinferencewithout
doing the hard work that could justify that conclusion. While Dembski does assertthat a
speci cation should not be tailored to an evert being analyzed, his examplesdo not show
that this condition is speci cally consideredin practice [19, p. 54].

Third, we nd Dembski's accourt of how the pattern is generatedproblematic. He says
\F or detadhability to hold, an item of badkground knowledgemust enableus to identify the
pattern to which an evert conforms,yet without recourseto the actual evert." [19, p. 18].
This is a strangely-worded requiremen. For how could anyoneverify that the evert actually
does conformto the pattern, without actually examiningewery bit of the evert in question?
To illustrate this example,let us return to the sequence mertioned above.

Dembski sayst is speci ed. Let us now restate his speci cation asS = \a string cortain-
ing the unary represemations of the rst 24 prime numbers,in increasingorder, separatedby
0's, and followed by enoughl's at the end asto make the string of length 1000". Presumably
Dembski believesit self-eviden that S could enableus to identify t \without recourseto
the actual evert”. But we cannot, for in fact, S is not a speci cation of the actual printed
sequence! A careful inspection of the string preserted on pp. 143{144 of No Free Lunch
revealsthat it is indeedof length 1000,but omits the unary represemation of the prime 59.
In other words, the string Dembski actually presens is

t0= 1101110111110111111m1f1 ionﬁ_io _ionﬁ_io _10115[3_1

Soin fact our proposedspeci cation S doesnot ertail t° but insteadt, and any pretense
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that we could have identied S without explicit recourseto t°vanishes.

We concludethat Dembski's accourt of speci cation is seerely °awed. In SectionA.1 of
the appendix we provide an alternate accoun that repairsall three of the problemswe have
iderti ed.

9 The Law of Conserv ation of Information

Dembski makes many grandiose claims, but perhapsthe most grandioseof all concerns
his so-called\Law of Consenation of Information” (LCI) which allegedly \has profound
implications for science'[19, p. 163]. Oneversionof LCI statesthat CSI cannotbe generated
by natural causes;another states that neither functions nor random chance can generate
CSI. We will seethat there is simply no reasonto accept Dembski's \Law", and that his
justi cation is fatally °awed in seeral respects.

Furthermore, Dembski usesequivocation to suggestthat his versionof LCI is compatible
with othersin the literature. In the cortext of a discussionon Shannoninformation, Dembski
notesthat if an event B is obtained from an event A via a deterministic algorithm, then
P(A&B) = P(A), whereP is probability [19, p. 129]. He then goeson to say \This is an
instance of what Peter Medawar calls the Law of Consenation of Information" and cites
Medawar's book, The Limits of Scien@. Dembski repeatsthis claim when he discussesis
own \Law of Consenation of Information” [19, p. 159]. But is Medawar's law the sameas
Denmbski's, or even comparable?

No. First of all, Medawar's remarksdo not constitute a formal claim, sincethey appeared
in a popular book without proof or detailed justi cation. In fact, Medawvar adknowledges
[66, p. 79],\I attempt no demonstration of the validity of this law other than to challenge
anyoneto nd anexceptiontoit | to nd alogical operationthat will addto the information
content of any utterance whatsoever."

Second Medawar is concernedwith the amourt of information in deductionsfrom axioms
in a formal system,asopposedto that in the axiomsthemsehes. He doesnot formally de ne
exactly what he meansby information, but there is no mertion of probabilities or the name
Shannon. Certainly there is no reasonto think that Medawar's \information" has anything
to do with CSI.1°

Let us now turn to Dembski's claim that functions cannot generateCSI. More precisely
Denbski claimsthat given CSlj = (Ty; E,), basedon a \referenceclassof possibilities- ",
andafunctionf :- o — - 1 with f (i) = j for somei = (Tg; Eo), theni is\itself CSI with the
degreeof complexity in both beingidentical”. Notice that Dembski makesno restrictions on
f at all; it could be known to the agent who obsenesj, or not known. If the domainof f is
strings of symbols, it could map strings of symbols to strings of the samelength, or longer
or shorter ones. It could be computable or noncomputable.

But Dembski's \pro of" of this claim, given on pages152{154of No Free Lunch, is “awed
in seweral ways. For the purposesof our discussion /et us restrict ourselhesto the casewhere

10Medawar’s law, by the way, can be made rigorous, but in the context of Kolmogorov information, not
Shannon information or Dembski’s CSI; see [10]. As we have already seen above in Section 6 Dembski’s CSI
and Kolmogorov complexity, if related at all, are related in an inverse sense.
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-pC8"and-, C ¢ where§ and ¢ are nite alphabets. By this we meanthat ewerts
are strings of symbols.

First of all, let us considerthe uniform probability interpretation of CSI. Dembski justi es
his assertionby transforming the probability space- ; by f i . This is reasonableunder the
causal-history-basednterpretation. But under the uniform probability interpretation, we
may not even know that j is formed by applying f to i. In fact, it may not even be
mathematically meaningful to perform this transform, sincej is being viewed as part of a
larger uniform probability space,and f i * may not even be de ned there.

This error in reasoningcan be illustrated as follows. Given a binary string x we may
encale it in \pseudo-unary" as follows: append a 1 on the front of x, treat the result asa
number n represeted in base2, and then write down n 1's followed by a 0. For example,the
binary string 01 would be encaled in pseudo-unaryas11111Q This encaling is reversible
asfollows: court the number of 1's, write the resultin binary, and deletethe rst 1. If welet
f : 8" — 8" bethe mappingon binary strings giving a unary encaling, then it is easyto see
that f can generateCSlI. For example, supposewe consideran 10-bit binary string chosen
randomly and uniformly from the spaceof all sud strings, of cardinality 1024. The CSI in
sud a string is clearly at most 10 bits. Now, howewer, we transform this spaceusingf . The
result is a spaceof strings of varying length |, with 1025< | < 2048. If we viewed the event
f (i) for somei we would, under the uniform probability interpretation of CSI, interpret it
as being chosenfrom the spaceof all strings of length |. But now we cannoteven apply f i
to any of these strings, other than f (i)! Furthermore, becauseof the simple structure of
f (i) (all 1's followed by a 0), it would presumablybe easily speci ed by a target with tiny
probability. The result is that f (i) would be CSI, but i would not be.

This examplealso suggestsa parada inherert in Dembski's view of speci cation. Pre-
sumably a binary string whereall but oneof the symbolsis 1 is always \speci ed", no matter
what its length is. (For example,in Dembski's discussionof the Caputo case,there was no
discussionof whether it wasimportant that the length of that sequencg41) be speci able
with badkground knowledge.) Now let - o = {0,1}" be the spaceof all binary strings of
length n, let

z_ N —
-, = {11%‘-&0 C 2" <i< 2y,
andlet f : - o — - 1 bethe function which sendsa string w to its pseudo-unaryencaling

z_} —
as descrited in the previous paragraph. Now f (w) is always of the form 11%1- = io for
some number t, and henceis presumably always speci ed. Furthermore, a speci cation

for ﬁi] Tio could just be the string itself, as Dembski urgesus [19, p. 72] to chooseour
speci cations as narrowly as possible. Now when we apply Dembski's recipe for computing
the rejection regionon - o [19, p. 153]we discover that every elemen of - ¢ is speci ed! We
concludethat every binary string is speci ed, and speci cation becomesa vacuousconcept.
The only way out of this parada, we beliewe, is to insist that not all strings of the form

z_} —
11 io be speci ed, and this can be accomplishedby taking the description size of the
speci cation into accoun; seethe Appendix.
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Another error in Dembski's analysisis asfollows. To obtain the detachability of f i 1(T,),
Denmbski says that \f merely [needs]to be composedwith the rejection function on - ;: if g
is the rejection function on - ; that inducesthe rejection region T, that is detadhable from
E,, then go f, the composition of g and f, is the rejection function on - o that induces
the rejection region Ty that is detachable from Eq". Here Dembski seemsto be forgetting
that the rejection function is supposedto be \explicitly and univocally" identi able from
badground knowledgeK . While g is presumedidenti able in this senserelative to K, in
what senses gof identi able? Thereis simply no reasonfor gof to beidenti able, for two
reasons. First, in the uniform probability interpretation of CSlI, the intelligent agert who
identi ed g may be ertirely unaware of f . Recallthat Dembski's claim that functions cannot
generateCSI was a universal claim about all functions f, not just functions speci able by
the intelligent agert's badkground knowledgeK . Second,under both interpretations of CSI,
ewenif the intelligent agert knowsf , the composition gof may not be iderti ed \explicitly
and univocally" from K, sinceanother function g°identi able from K, when composedwith
f, might give a compatible rejection function for Ty in - .

Here is an exampleillustrating the former error. Supposej is an English messageof
1000characters (English messagespparerly always being speci ed), f (i) = j, andf isa
mysterious decryption function which is unknown to the intelligent agert A who identi ed
] as CSl. Perhapsf is computed by a \black box" whoseworkings are unknown to A, or
perhapsA simply stumbles alongj which was producedby f at sometime in the distant
past. The intelligent agert A who canidentify j asCSI will be unable, given an occurrence
of i, to identify it as CSl, sincef is unknown to A. Thus,in A's view, CSl | was actually
produced by applying f to i. The only way out of this paradax is to changeA's badkground
knowledge to include knowledge about f. But then Dembski's claim about conseration
of CSl is greatly weakened, sinceit no longer appliesto all functions, but only functions
speci able through A's badkground knowledgeK .

This error becomesvenmoreimportant whenj arisesthrough a very long causalhistory,
wherethousandsor millions of functions have beenapplied to producej . It is clearly unrea-
sonableto assumethat both the initial probability distribution, which may dependon initial
conditions billions of yearsin the past, and the complete causalhistory of transformations,
be known to an intelligent agert reasoningabout j.1* But in applying the causal-history-
basedapproad, it is absolutely crucial that every single step be known; the omissionof a
single transformation by a function f hasthe potential to skew the estimated probabilities
in such a way that LCI no longer holds, asin our exampleof pseudo-unaryencaling.

Finally, there is a third error in Dembski's claim about functions and CSI, which holds
in both the causal-history-basednterpretation and the uniform probability interpretation.
On pages154{155of No Free Lunch Dembski acknowledgesthat his proof that functions
cannotgenerateCSl (pagesl152{154)is, in fact, not a proof at all. He forgot \the possibility
that functions might add information”. (Strange, we thought that was what the previous
proof was intended to rule out.) To cover this possibility Dembski introducesthe universal
composition function U, de ned by U(i; f) = f (i) = j. He then arguesthat the amourt of
CSlin the pair (i; f) is at leastasmuch asj. Of course,this claim alsosu®ergrom the two

"Dembski seems to admit this when he says that “..most claims are like this (i.e., they fail to induce
well-defined probability distributions)...” [19, p. 106].
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problems mentioned above, but now there is yet another error: Dembski does not discuss
how to determinethe CSI cortained in f .

This is not a minor or insigni cant omission. Recall that under one interpretation of
LCI, f is supposedto correspnd to somenatural law. If f cortains much CSI on its own,
then by applying f we could accurrulate CSl \for free". Furthermore, sinceif we considerf
to be chosenuniformly from a spaceof all possiblefunctions with the samechoice of domain
and range, then the amourt of CSlin f could be extraordinarily large.

For example,considerthe information cortained in a tness function in Dawkins' METHINKS
IT IS LIKE A WEASEtxample. A typical suc tness function f might map ead string of
length 28 into an integer between 0 and 28, measuringthe number of matches betweena
sequenceand the target. The cardinality of the spaceof all such tness functions is 2927,
or about 2581610  Dempski says \T o sa that E hasgeneratedspeci ed complexity within
the original phasespaceis thereforereally to say that E has borrowed speci ed complexity
from a higher-order phasespace,namely, the phasespaceof tness functions." [19, p. 195]
It is not clear what Dembski thinks the CSI of f is, sincehe newer tells us explicitly. But
if the model is uniform distribution over the spaceof all tness functions, as his remarks
suggest,we are led to concludethat the information in f is givenby —log, p, wherep is the
probability of choosingf uniformly from the spaceof all “tness functions, or 5:816 x 10%
bits. We regard this implication as evidertly absurd|the tness function can be descriked
by a computer program of a few dozencharacters|but do not know how elseDembski would
ewvaluate the amourt of information in f .

Furthermore, there remains the possibility that large amourts of CSI could be accu-
mulated simply by iterating f a random number of times starting with a short string. If
f : 8% — 87 is a length-preservingmap on strings, our objection can be courtered simply
by consideringf ", the n-fold composition of f with itself. Then f" would be a map with
the samedomain and rangeasf . Howewer, our objection gathersmore forceif f is a length-
increasingmap on strings. Then the composition f " hasa larger rangethan f does,sothe
amourt of CSl addedby applying f could itself increasewith every iteration of f .

To illustrate this possibility, considerthe following procedure: starting from an empty
string x = 2, we successiely chooserandomly betweenapplying the transformation f o(x) =
0x0 or f1(x) = 1x1. After n stepswe will have produceda string y of length 2n that is a
palindrome i.e., it readsthe sameforward and backward. Under the uniform probability
interpretation, upon viewing y we would considerit a member of the uniform probability
space§?", where§ = {0,1}. Assumingour badground knowledgecortains the notion of
palindromes,the speci cation \palindrome" iderti es a target spacewith 2" members, and
so the probability of a randomly-chosenelemen of §2" hitting the target is 2 ". In other
words, y cortains n bits of CSI. As n increasesn size,we can generateas much CSI aswe
like.

9.1 Natural law

Dembski statesthat deterministic natural laws are represeted mathematically as functions
[19 p. 151]. This seemsnaccurateto us. Deterministic natural laws aretypically represeted
as equations not functions. (One speaksof Maxwell's equations, Scrédinger's equations,
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etc.).

This may seemlike a trivial correction, but there is actually something more profound
about it. Somerelatively simple equations, sud as the wave equation, have the property
that their solutions may be uncomputable (in a certain technical sensestrongly related to
Turing's famousresult about uncomputability), even for computableinitial data [73]. What
is the information corntent, in Dembski's sense,of a non-computable function? Dembski
newver considersthis question, but under a reasonableinterpretation of his approad, the
information cortent could bein nite. Hence,in principle, an arbitrarily large amourt of CSI
could be harvestedfrom sud equationsthrough natural processes.

9.2 CSI holism

Dembski claims that \CSI is not the aggregateof its constituert items of information” [19,

p. 166], but his numerical justi cation of that claim elewatesthe trivial to the profound.
Dembski comparesthe information cortent of the sertence METHINKST IS LIKE A

WEASEWkith the sum of the information cortents of the individual words in the set

{METHINKS ; IS; LIKE; A WEASEL

He arguesthat the sertenceMETHINKST IS LIKE A WEASES a string of length 28 over an
alphabet of size27 (26 capital letters and a space),and computesan estimateof — log, 27 28 =
133 bits for its information cortent. He now claims this gure \far exceedshe complexity
of ... the sum of the complexitiesof all items in the set". A simple calculation shows that

—(log, 27 8 + log, 27 ? + log, 27 2 + log, 27 * + log, 27 * + log, 27 °) = 109

andindeed133> 109. But this inequality is not dueto any mysteriousproperty of \holism";
rather it is dueto the ertirely trivial fact that the phrasecortains spaces betwesn the letters
whoseinformation cortent we measuredn the former case,but not the latter! Indeed,using
Dembski's method for computing information, the 5 missing spacesprecisely provide the
missing — log, 27 ° = 24 bits.

In general,Denbski's claimsfor CSI holism seemto usto be merely assertiongo closeo®
an averue of critique that we broaded earlier in our discussionof \speci cation" in Section
8. It seemdrivial to usean iterative de nition to descrike processesvhich produce outputs
that meetthe requiremens of Dembski's CSI, and we have producedseeral sud examples.
While the speci cation must changewith ead incremen (even if only to re°ect the new
length of the string describing the event), it seemsto us that ead output does indeed
re°ect CSI. An evidert application of CSI holism is in derying that biological processes
can incremerially generateCSl. This view critically dependsupon a conceptionthat the
speci cation to be applied throughout the processremainsstatic. If this requiremernt does
not hold, the conceptof CSI holism asa bar to incremertal changevanishes.

9.3 Naturally-o ccurring CSI

Dembski seemso be of two minds about the possibility of CSI being generatedby natural
processesFor example,it would seemthat the regular patterns formedby ice crystals would
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constitute CSI, at least under the uniform probability interpretation. If we considera piece
of glassdivided into tiny cells,and ead cell either can or cannot be covered by a molecule
of water with equal probability, it seemdlikely even in the absenceof a formal calculation
that the probability that the resulting gure will have the symmetry obsenedin ice crystals
is vanishingly small. Furthermore, the symmetry seemsa legitimate speci cation, at least
as good as speci cations sud as\outb oard rotary motor" that Dembski himself advances.
Yet in addressingthis claim Dembski falls badk on the causalhistory interpretation, stating
that \...such shapesform asa matter of physical necessiy simply in virtue of the properties
of water (the Tter will assignthe crystalsto necessiy and not to design)." [19, p. 12].

Just a paragraph later, Dembski discussedhe occurrenceof the Fibonaccisequencen
phyllotaxis. Once again his discussionis not completely clear, but he seemsto be saying
(if we understand him correctly) that the occurrenceof the Fibonaccisequencas, like the
SETI primes sequencea legitimate instanceof CSI. Howeer, he arguesthat the CSl is not
genented by the plant, but rather is a consequencef intelligent designof the plant itself.
(He comparesthe generation of the Fibonacci sequencehere to the Fibonacci sequence
produced by a program, and then asks, \whence the computer that runs the program?")
Here he seemsto be invoking not the causal-history-basednterpretation, but the uniform
probability interpretation.

This seemanconsistert to us. If we apply the uniform probability interpretation consis-
tently, it would seemthat many natural processesincluding somethat are not biological,
generateCSl. In a momert we will list somecandidates,but rst let us note that it seems
unlikely Dembski will accepttheseas invalidating his speci ed complexity Tter. Indeed,in
responseto onesud challenge(the natural nuclear reactorsat Oklo) he says

But supposethe Oklo reactorsendedup satisfying this criterion after all. Would
this vitiate the complexity-speci cation criterion? Not at all. At worst it would
indicate that certain naturally occurring events or objects that we initially ex-
pectedto involve no designactually do involve design.[19, p. 27]

In other words, Dembski's claimsare unfalsi able. We nd this good evidencethat Dembski's
casefor intelligent designis not a scierti ¢ one.

9.3.1 Dendrites

Dendrites are tree-like or moss-like structuresthat arisethrough crystal growth, particularly
with iron or manganeseoxides. If \tree-lik e in appearance"is a valid speci cation, it would
seemthat sud structures could well constitute CSI. Indeed, their tree-like appearanceoften
causesthem to be confusedwith plant fossils. Dendrites were a puzzle until relatively
recerly [30]. Thus until recerly they would have beenassignedto designby Dembski's
genericchanceelimination argumert. Despite the currertly acceptedphysical explanation,
they might still constitute CSI under the uniform probability interpretation.

9.3.2 Atmospheric phenomena

Unusual atmosphericphenomena,sud as rainbows and 8* and 22* sun halos [35 seemto
ful Tl the de nition of CSlI, at least under the uniform probability interpretation. We note
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that in the Judeo-Christiantradition, the rainbow is often viewed asa messagdrom a deity.

9.3.3 Triangular ice crystals

Under certain rare conditions snawv crystals form triangular plates. Unlike the caseof ordi-
nary six-sidedsnon°akes,there is currertly no detailed physical explanation for the forma-
tion of triangular plates.

Since there is no detailed causal hypothesis, when trying to infer whether triangular
snowv’akes are designed,we must fall badk on a single hypothesis, the chance hypothesis.
Triangular snonv°akeswould then seemto qualify as CSl, at least under the uniform prob-
ability interpretation. They cannot be rejected as\necessily" sinceno known law accours
for their formation.

Under Dembski's designinference,we would thereforeconcludethat triangular platesare
the product of design,but ordinary six-sidedsnaov®akesare the product of necessi. This
seemdike an absurd conclusionto us.

9.3.4 Self-ordering in collections of spheres of di®erent sizes

Under certain conditions, mixtures of small spheresof di®eren sizeswill spontaneouslyself-
organizein mysteriousways. This would seemto be an instance of CSl, at least under the
uniform probability interpretation. Howewer, this phenomenonhas recerily beenexplained
asa consequencef ertropy [46, 49, 20.

9.3.5 Fairy rings

Fairy rings are circular structures formed by the growth of fungi, particularly the fungus
Marasmiusoreades They grow outward in a circle, starving the grassabove, and sometimes
to a diameter of 200 meters. Under the uniform probability interpretation, fairy rings would
be consideredextremely improbable, and their circular shape would make them speci ed.

According to legendsfairy rings wereattributed to intelligent agency e.g.,fairiesdancing
in the moonlight. While Dembski's designinferencewould be lessspeci ¢ in its identi cation
of the identity of the designer,it would be no lesserroneous.

9.3.6 Patterned ground

Repeatedfreeze-thav cyclesin cold ervironments cangenerateinterestingcircular and polyg-
onal patterns. Under a uniform probability interpretation, sud patterns would constitute
CSI; yet there is now an explanation involving lateral sorting and \stone domain squeezing"

[48].

10 Evolutionary computation

As mentioned in Section 2, one of Dembski's principal claims is that ewlutionary compu-
tation cannot generateCSlI. This is essehally just a corollary of his Law of Consenation
of Information, which as we have seenin the previous section, is invalid. More precisely
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he concedeghat the \Darwinian medanism" can generatethe \app earance" of speci ed
complexity but not \actual speci ed complexity" [19, p. 183].

In Chapter 4 of No Free Lunch, Dembski examinesse\eral examplesof geneticalgorithms
and concludesthat none of them generateCSl in his sense.He spendsmuch of his time in
this chapter doing detective work, attempting to determineif CSI has beenillegitimately
inserted (or in Dembski's terms, \smuggledin") by genetic algorithm researbers who are
presumablyconsideredntelligent ageris. Not surprisingly, in eac case,he nds that it has.

We remark that it is perfectly legitimate for Dembski to examineexisting geneticalgo-
rithms in an attempt to seewhether they can generateCSI as he understandsit. Howewer,
sincethe researbers he discussesio not claim in their articles to have generatedanything
that falls under Dembski's idiosyncratic de nition of information, the imputation of dis-
honesy in the choice of the term \smuggling”, not to mertion the patronizing analogy
of correcting undergraduate mathematics assignmets [19, p. 215], seemsto us completely
unwarranted.

Dembski considersa number of geneticalgorithms: variations on Dawkins's METHINK ST
IS LIKE A WEASEtxample,an ewlution simulation of Thomas Sdneider, an algorithm of
Altshuler & Linden for the designof antennas,and an ewlutionary programming approad
to cheders-playing by Chellapilla & Fogel.

In eat caseheidenti es a particular placewherehe believesCSI hasbeen\smuggledin®.
In Dawkins' weaselkexample,it is the choiceof tness function. In Scneider'ssimulation, it is
the error-courting function and\ ne tuning" of the simulation itself. In the Altshuler-Linden
algorithm, it is the \'tness function that prescribes optimal antenna performance"[19, p.
221]. In the Chellapilla-Fogel example, it is the \ coordination of local tness functions"
(emphasishis).

It is certainly possible,a priori, that Dembski's objections might be correctin the context
of his particular measure? But to show that his objections have substance,it does not
sutce to simply assertthat CSI has been\smuggledin”. After all, Dembski's claim is a
guartitativ e, not a qualitative one: the amourt of CSl in the output cannot exceedthat in
the programand input combined. In order for his objectionsto be corvincing, Dembski needs
to perform a calculation, calculating the CSI in output, program and input, and showing
that the claimedinequality holds. This he simply fails to do for ea of the examplest®

10.1 How genetic algorithms can increase Kolmogoro v complexit y

Beforewe turn to the questionof CSI, we digressto point out that under accepted interpre-
tations of the term \information”, sud asKolmogoror complexity, it is easyfor algorithms
(including geneticalgorithms) to generateoutputs having more information than that con-
tained in the input. For example,it can be shavn that the Kolmogoros complexity of xx
exceedsthat of x for in nitely many strings x. In other words, a simple program that
duplicates strings (i.e., mapsx to xx) may increaseKolmogorov information.

2However, Schneider [85] argues they are not in the case of Shannon information.

13The closest he comes to a quantitative analysis is for the case of Dawkins’ weasel example, where he
views the fitness function as an element of the space of all fitness functions. As we have remarked previously,
this view implies an absurd estimate for the complexity of the fitness function.
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Furthermore, if a singleprogrammay be appliedan inde nite number of times, arbitrarily
high amourts of information canbe generated.When a simple duplication program, starting
with the string 0, is applied repeatedly, the resulting strings evertually surpassany xed
bound in Kolmogorov complexity.

It might seemthat this objection vanishesf both the information in the programand the
input aretakeninto accoun. In this case simplerandomizedalgorithms (thosewith accesgo
a sourceof geruinely random bits) may generateoutputs with arbitrarily more Kolmogorov
information than the total information cortained in the algorithm and input combined. For
example,consideran algorithm PAL de ned asfollows: oninput n, it generatesa randomly-
chosenpalindromeof length 2n by starting with the empty string and then randomly applying
either fo(x) = x0x or f1(x) = x1x n times. The resulting string will nearly always have
Kolmogorov complexity closeto n, but the Kolmogoror complexity of the input and program
conmbined is boundedby (log, n) + ¢ for some xed constart c.

Thus information may well increasein genetic algorithms, in one standard senseof the
word. But can it increasein the senseof Dembski's CSI? In the next sectionwe examine
this.

10.2 CSI and evolutionary computation

In this sectionwe presen two algorithms which appearto usto invalidate Dembski's claims
about ewlutionary computation's inability to generateCSl.

Our rst algorithm solvesa well-studied problem, and henceis closeto the way genetic
algorithms are typically usedin practice.

Our algorithm is called TSPGRIPand takesan integer n asan input. It then solvesthe
traveling salesmanproblem on a 2n x 2n squaregrid of cities. Here the distance between
any two cities is simply Euclideandistance (the ordinary distancein the plane). Sinceit is
possibleto visit all 4n? cities and return to to the start in a tour of cost 4n?, an optimal
traveling salesmantour correspndsto a Hamiltonian cyclein the graph where eat vertex
iS connectedto its neighbor by a grid line.

As we have seenabove in Section 9, Dembski sometimesobjects that problem-solving
algorithms cannot generatespeci ed complexity becausethey are not cortingent. In his
interpretation of the word this meansthey producea unique solution with probability 1. Our
algorithm avoids this objection under one interpretation of speci ed complexity, becauset
choosesrandomly amongall the possibleoptimal solutions, and there are many of them.

In fact, GBbel hasprovedthat the number of di®eren Hamiltonian cycleson the 2n x 2n
grid is bounded above by ¢ - 28" and below by c®- 2:538", where c;® are constarts [31].
We do not specify the details of how the Hamiltonian cycle is actually found, and in fact
they are unimportant. A standard genetic algorithm could indeed be used provided that
a suzciently large set of possiblesolutionsis generated,with ead solution having roughly
equal probability of being output. For the salke of easeof analysis,we assumeour algorithm
hasthe property that ead solution is equally likely to occur.

Now there are (4n?)! di®eren ways to list all 4n? cities in order. But, as GAbel proved,
there are at most c- 28" di®eren ways to producea Hamiltonian cycle. Let us now compute
the speci ed complexity using the uniform probability interpretation. The probability that
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a randomly-chosenlist of 4n? cities forms a Hamiltonian cycleis <

c. 28"
(4n2)!

and the number of bits of speci ed information in suc a cycleis therefore >
A !
| c- 28"
%% G
By Stirling's approximation the number of bits of speci ed information is boundedbelow by
a quartit y that is approximately 8n2log, n — 2:6n2.

Dembski sometimesobjects that the CSI produced by algorithms is cortained in the
program and input. Here the input is n, which hasat most log, n bits of information, and
the algorithm is of xed size,and can have at most c bits of information. Sincefor large n
we have 8n?log, n — 2:6n? >> (log, n) + ¢, we concludethat TSPGRIDas indeed generated
speci ed complexity with respect to the uniform probability interpretation.

We now presen another program which is intended to illustrate how random chance
combined with deterministic laws (\functions") can generateCSl, ewven if the °aws of the
uniform probability interpretation areavoidedby usingthe true probabilities of the generated
evernts. Strictly speakingour algorithm many not be a typical geneticalgorithm, but it does
conbine randomnessand determinismin a suggestie way.

The basicideais asfollows. We construct a randomizedalgorithm Q sothat

(a) any particular output of Q occurswith low probability (is \complex™);
(b) ewery possibleoutput string is speci ed;

(c) ewery output string hasa di®eent speci cation, and no two speci cations intersect.

Here are the details: rst, one can construct a deterministic algorithm P that on input
i producesthe i'th string w (in some particular enumeration that we idertify below, not
necessarilythe i'th string in lexicographicorder) sud that the Kolmogoros complexity C(w)
of w is smallerthan any reasonable€unction of the length |w},of w. For example,P (i) could
be the i'th string w for which C(w) < |w|=100,0r C(w) < = |w], or C(w) < (log|w]|)?, or
anything similar. This can be accomplishedby a well-known technique called\dovetailing";
the details are somewhatcomplicatedand are given in the appendix.

Now we constructarandomizedalgorithm Q, which oninput n rst generatesarandomly-
chosenlength-n bit string t, using accesso a sourceof geruinely random bits.* Next, Q
placesa\ 1" in front of the base-2represemation of t, and treats the result as an integer u.
(If t=5,0r 101in base2, then u = 1101in base2, or 13.) Finally, it outputs P (u).

Tn practice, low-quality random bits can be obtained from environmental sources (e.g., counting
keystrokes or time between keystrokes) and high-quality random bits can be obtained from physical sources
(e.g., counting radioactive decays). Indeed, there is even a web site, http://www.fourmilab.ch/hotbits/
where random bits obtained from a Geiger counter can be downloaded.

3
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We claim Q generatesspeci ed complexity in Dembski's sensewith respect to the true
probabilities of the generatedevernts. Any string v generatedby Q occurswith probability
21 ". Any sudh string is speci able, becausehere is a very short programto generateit, and
Dembski says [19, p. 174,n. 23] that high compressibility constitutes a valid speci cation.*®
If this were all, then we would be generating strings that match the target speci cation
(\compressibility") with probability 1. But this is not the only possiblespeci cation. For
any output v, we can instead choosethe speci cation to be the actual program-input pair
(T;w) sud that T outputs v on input w. The probability that any particular output of
Q(n) matchesthis speci cation is 21 ". Hencethe output represeis n bits of CSI, while the
total information in the program and input combined is boundedby (log, n) + ¢, for some
constart c.

This discussionhas beenrather technical, so let us rephraseit. SupposeQ on input n
generatesw, but we don't know how Q works; we could, perhaps,call it \Dembski's Black
Box". Asintelligent agers we seean output v of Q andtry to t apatterntoit. If weassume
that we will everntually discover a good compressiorfor v (we could, for example,simply do
somedovetailing on our own), then v is speci ed, and the probability that the particular
speci cation we discover matches a random output of Q is 21 ". Thus, v constitutes CSlI,
and so ewery output of Q constitutes CSI.

There is a possible objection to this construction, which runs as follows: there is no
obvious way to produce the good compressionfor v in a reasonablelength of time, and
so perhapsit is cortestable whether an intelligent agert could discover it with badkground
knowledge. To counter this criticism, we use a di®erert compressionsdieme. Instead of
having P return the i'th binary string with respectto low Kolmogoros complexity, weinstead
return the i'th binary string with respect to someother compressiorschemewhich is easily
computable. One sud encaling is run-length encaling, wherea binary string is encaled by
successigly courting the lengths of successig blocks of identical synbols, starting with O.
For example,the run-length encaling of 000111101111would be (3;4; 1;5). We may then
expressthis encading in binary using a self-delimiting encaling of ead of the terms. Now
we could rede ne P to return the i'th bit string w for which the run-length encaling of w is
shorter than |w|=100, or any easily computablefunction of |w|.

Now it is easy upon seeingan output v of Q, to computeits run-length encaling and pro-
ducethat asa speci cation. (In fact, this is similar to seweral of Dembski's examples suc as
the Caputo exampleand the SETI primesexample,both of which are notable for their short
run-length encalings.) In analogy with Dembski's remarks about Kolmogorov complexity,
we assumethesewould be valid speci cations. Soin this caseall the speci cations would be
easily derivable with badkground knowledge,and they would all be di®eren.

Another objection might bethat the \real" speci cation for any obsened output v should
be simply \compressible" or \short run-length encaling”, and not the particular speci c
compressioror run-length encading we produce. But this is hardly fair in light of Dembski's
injunction to make the rejection region as small as possible. Furthermore, this objection
would be like seeingboth the SETI prime sequenceand the Caputo sequences outputs of
someprogram and saying, \The speci cation is just that thesestrings have short run-length

15Dembski is quite vague about exactly what the definition of “highly compressible” is, but since we allow
any computable function to be used, this is not a problem for our analysis.
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encalings, sowhatever is generatingthem is just hitting this target with probability 1". We
do not believe Dembski would acceptthis objection for the Caputo sequencend the SETI
primes sequence.

We concludethat Dembski's claims about ewlutionary algorithms cannot be sustained.

10.3 Dembski and No Free Lunch

Dembski mistakenly invokesthe \No Free Lunch" theoremsof [95 as justi cation for his
view that ewlutionary computation cannot generateCSI. The NFL theoremscompareef-
“ciency betweenalgorithms and characterize averagedperformanceover all cost functions,
but Dembski's claim is not about averageperformance: Dembski makesthe universalclaim
that for all ewlutionary computation, no instanceof CSI can be attributed to any sud com-
putation. Dembski's initial summary of the NFL theoremscharacterizethem asestablishing
a a problem of \regress" to a \higher-order phasespace.” This doesnot appear to re°ect
what is actually discussedn the papers Dembski cites on NFL. (Seart for \regress" in the
text of \No Free Lunch theoremsfor sear®", \No Free Lunch theoremsfor optimization”,

and \On the futilit y of blind seart" comesup empty.) The point made by Wolpert and
Macreadyis not that a seart of the spaceof tness functions must be conducted,but rather
that one must examinethe tness function of interestin order to selectan algorithm which
will perform more exciently given that tness function. This is a far cry from Dembski's
assertionof some\regress" in nding the sourceof information seenin the output of an
algorithm.

10.4 The displacement problem

Dembski seeksto exclude ewlutionary computation as a sourceof CSI by invoking what
he calls \the displacemeh problem". In this, Dembski claims that whatever CSI exists in
the output of an algorithm results from the choice of tness function, and that this choice
is made from an even larger and thus more intractable space. Upon consideration, it is
apparert that we havetwo possiblechoices,both of which arefatal to Dembski's thesis: either
no \displacemert problem" exists, or the \displacemert problem" appliesto all possible
sourcesof CSI, including intelligent agerts. How might the \displacemert problem" not
be a problem? When an intelligent agert is credited with generating CSI upon producing
a solution to a particular problem, it follows that an algorithm which solvesthat problem
giventhe samebadground knowledgeand input must alsobe credited with generatingCSlI.
The only way out of this dilemmafor Dembski would be to take the position that intelligent
agerns also do not generate CSI when given speci ¢ problemsto solve. In other words,
either the \displacemert problem" is a trivial digressionbasedupon special pleading, or it
is completely genericand applieswith equalforceto generationof CSI by intelligent ageris
as well as natural processes.This latter strategy is implicit in Dembski's defenseagainst
the critiques of [23 and [14], where he appealsto intelligent agerns being innovators as an
escape from having to give a rational accour of intelligent agency The appeal to innovation
is an appeal to irrationalit y, as we have previously discussedn Section5.
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11 CSI and Biology

It is no surpriseto anyone who has studied the intelligent designmovemern that the real
goal is to cast doubt on the biological theory of ewlution. In Intelligent Design Dembski
beganan attack on ewlution which he cortinuesin No Free Lunch. Howewer, many of his
claims appear susyect.

For example, consider Dembski's claims about DNA. He implies that DNA has CSI
[19, p. 151], but this is in cortradiction to his implication that CSI can be equatedwith
highly-compressiblestrings [19, p. 144]. In fact, compressionof DNA is a lively researt
area. Despite the best e®ortsof researbers, only minimal compressionhas been achieved
[36, 84,12, 56, 2, 59].

Dembski dewotes many pagesof No Free Lunch to his claim that the °agellum of Es-
cherichia coli corntains CSI. We have already noted in Section8 that his treatment of spec-
i cation in this caseleaves much to be desired. But ewen if one accepts\outb oard rotary
motor" as a valid speci cation, is it true that the E. coli °agellum matchesthis speci ca-
tion? There are signi cant di®erencesTo namea few, a human-engineeredutboard rotary
motor spinscortinuously, but the °agellum movesin jerks. An outboard rotary motor drives
a propeller, but the °agellum is whip-like. No human-engineeredutboard rotary motor is
composedertirely of proteins, but the °agellum is.

Speci cation is just one half of speci ed complexity; Dembski must also shov matching
the speci cation is improbable and thus complexin his framework. To do so, he ignoresthe
causalhistory and falls badk on a uniform probability approad, calculating the probability
of the °agellum's origin using a random asserbly model. Biologically his calculationsverge
on the ridiculous, since no reputable biologist believes the °agellum arosein the manner
Dembski suggests. Further, even if an E. coli °agellum appearedaccordingto the chance
causal hypothesis Dembski proposes,it would not establish a heritable trait of °agellar
constructionin the lineageof E. coli, andthusis underno accourn an ewlutionary hypothesis.
Dembski justi es his approad by appealing to the °agellum's \irreducible complexity”, a
term coined by fellow intelligent-design advocate Michael Behe. But Dembski ignoresthe
fact that sequetial ewlutionary routes for the °agellum have indeed been proposed|[77)].
True, sud routes are speculative and not as detailed as one would like. Newertheless,they
seemfar more likely than Dembski's random asserbly model.

Even taken as a non-ewlutionary accourt of °agellar construction, the speci ¢s of Dem-
bski's approad reveal a number of problems. Dembski appliesthe phrase\discrete combi-
natorial object" to any of the biomolecular systemswhich have beenidenti ed by Michael
Behe as having \irreducible complexity." By analogyto the Drake equation from astron-
omy, Dembski proposesthe following equation for estimating the probability of a \discrete
combinatorial object" (DCO):

Pdco = Porig * Plocal * PeonTg -

This shouldbe readasmeaningthe probability of the DCO is the product of the probabilities
of the origination of its constituert parts, the localization of those parts in one place, and
the con guration of those parts into the resulting system. Dembski's calculation of piocq iS
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relatively straightforward:
Piocal = (pmtsys * Subs’t:p":)ttotal )prOtsysuCOpies
where
e protsys is the number of proteins in the systembeing analyzed;

e substis the number of di®eren proteins which might provide an adequatesubstitute
for eat of the proteinsin the system;

e Proty, is the total number of di®eren proteins available in cortext; and

e copiesis the number of copiesof ead protein that will be required to construct the
system.

The only number that Dembski provides a citation for in this group is the onefor prot :
4,289. The others are either unreferencedor admittedly made-up. For example, consider
subst The number of possiblesubstitutions is not known, and in any caseis quite likely
highly variable with di®eren proteins beingexamined. Dembski's equation,though, is highly
sensitive to changesin this value. A changefrom Dembski's recommendedvalue of 10 to
a value of 11 producesa changein the probability of about elewen orders of magnitude. If
the value were 22 or more, the probability resulting would rise above Dembski's universal
probability bound of 10' %0,

If we look closelyat the calculation Dembski provides for pioca;, We note that it hidesa
critical assumption,that the E. coli cell should be consideredas a grab-bagof proteins, all
of them available in equal proportion at any location within the cell. That this assumption
is untrue should comeas no surpriseto the reader.

Moving on to the other factors in Dembski's calculation, we nd that variants of what
Dembski calls a perturbation protability are usedfor nding both peig and peong. This
conceptappearsto be original to Dembski. A perturbation probability calculatesthe ratio
of the number of ways that a protein or string of symbols can di®er while still preserv-
ing functionality to the number of ways which it may di®er while still uniquely idertifying
the function under consideration. This in itself is problematic, for biological proteins com-
monly serne two or more distinct functions. No time is wasted by Dembski in considering
suc empirically-veri ed sloppiness. Dembski's generalformula for an approximation of a
perturbation probability is e

i%‘t(k _ 1)(N(Qi r)
rN
where N is the length of the protein or string, k is alphabet size, q is the perturbation
tolerance factor, and r is the perturbation idertity factor. Dembski usesthe Gettysburg
addressasan example. If we think of the Gettysburg addressas composedof capital letters,
the space,and somepunctuation marks, there are thirt y symbols in the relevant alphabet.
1000charactersof that addresscould be presened with someproportion of the characters
changedaround, and it would still corvey the meaningto arecipiert. The largestproportion
of changesto unchangedtext which presenesthe meaningcorrespndsto the perturbation
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tolerancefactor. If someof the characters were missing, a recipiert would still be able to
identify it asthe Gettysburg address.The largest proportion of missing charactersto char-
acterspresen which permits accurateidenti cation correspndsto the perturbation identity
factor. Dembski provides arbitrary valuesof 0:1 and 0:2 for the perturbation toleranceand
perturbation idertity factors, respectively. Theseare usedboth for the caseof the English
text of the Gettysburg Addressand alsofor the proteins of the E. coli °agellum.

There are two things to note about thesenumbersin Dembski's calculation. The rst is
the completelack of any rigorousjusti cation for the selectionof theseparticular values. In
the caseof the Gettysburg Address,Dembski completelyignoresClaude Shannon'sseminal
work on the redundancy of English text, which is highly relevant to the determination of
thesevalues [87]. The secondis the extreme sensitivity of Dembski's pro®eredequation
to any changein thesevalues. A changein either value of just one percen of its original
amourt causesat least two orders of magnitude di®erencen the calculated probability for
the \Gett ysburg Address" example. This indicates that for the calculation to have any
meaningwhatscewer, the valuesutilized needto be empirically determinedto a high degree
of precision.

Evenif Dembski's intuition concerningthe valueshe assignedo thesefactors wasproven
to be uncannily precise,there remainsan interesting obsenation concerningthe application
of a perturbation probability to the calculation of pyg for a particular protein. Dembski
utilizes an analogy of a supermarket stocked with plenitude of di®eren grocery products.
Ead of thoseproducts, he argues,may haveits own pyig value[19, p. 301]. Given Dembski's
values for the perturbation tolerance and idertity factors, what one nds without much
dixculty is that peig for any individual protein of length > 1153is lessthan Dembski's
\univ ersal small probability." Further, any collection of proteins with a combined length
> 1153also has pyrig lessthan Dembski's \univ ersal small probability.” Dembski elsewhere
tags biological function as a sucient stand-in for \speci cation." The result is that, using
Dembski's pro®eredvaluesand equations,any functional protein of length > 1153has CSl
and must be consideredto be \due to design." This is already a low bar for nding CSI
in biological systems,but the \univ ersal small probability” is not in any sensea threshold.
Dembski merely arguesthat a probability belov the \univ ersal small probability” obviates
the needto justify a\lo cal small probability.” By doing so, many shorter proteins may also
be found to have CSI and be classedas\due to design." A Dembskian designerintervening
in biology would appear to be exceedinglybusy over the courseof life's history.

11.1 Biology and genetic algorithms

Dembski apparertly views biological ewolution as a natural instantiation of a geneticalgo-
rithm. In somerespectsthis is quite unrealistic and a reversal of the actual directionality.
For example,when peopledesigngeneticalgorithms they are typically constructedwith the
goal of solving somecomputationally dixcult problem (e.g., traveling salesman)which has
resistedother approades. By cortrast, there is no known computational problem for which
biological ewolution is the solution.

Another cortrast is that a genetic algorithm typically has a well-de ned termination
point, but biological ewlution is an ongoingprocesswith no pre-settermination point.
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Dembski assertsthat \evolutionary algorithms" represemn the mathematical underpin-
nings of Darwinian medanismsof ewlution [19, p. 180]. This claim is egregiouslybad-
ward. A large body of scholarly work is completely ignored by Dembski in order to make
this claim, including Ronald Fisher's 1930book, The Genetical Theory of Natural Seletion. 6
It is ewolutionary computation which takesits underpinningsfrom the robust mathematical
formulations which were worked out in the literature of ewolutionary biology.

While genetic algorithms are useful as problem-solvingtools, they are usually a poor
computational model of ewolution. Howe\er, thereis a eld that attempts to simulate aspects
of biological ewlution mathematically: the eld of arti cial life.

11.2 Dembski and arti cial life

Arti cial life attempts to model ewlution not by solving a xed computational problem,
but by studying a \soup" of replicating programs which compete for a resourcesinside a
computer's memory. Arti cial life is closerto biological ewlution, sincethe programshave
\phenotypic" e®ectswvhich changethrough time.

The eld of arti cial life evidertly posesa signi cant challengeto Dembski's claims about
the failure of algorithms to generatecomplexity. Indeed, arti cial life researbers regularly
‘nd their simulations of ewlution producing the sorts of novelties and increasedcomplexity
Dembski claims are impossible. Yet Dembski's coverageof arti cial life is limited to a few
dismissive remarks. Indeed, the term \arti cial life" doesnot even appear in the index to
No Free Lunch.

ConsiderDembski's appraisal of of the work of arti cial life researber Tom Ray:

ThomasRay's Tierra simulation gave a similar result, shoving how selectionact-
ing on replicatorsin a computational environment alsotended toward simplicity
rather than complexity | unlessparametersweresetsothat selectioncould favor
larger sizedorganisms(complexity here correspnding to size). [19, p. 211]

We have to wonder how carefully Dembski has read Ray's work, becausethis is not the
conclusionwe drew from reading his papers. One of us wrote an e-mail messageo Ray
askingif he felt Dembski's quote was an accuraterepresemation of his work. Ray replied as
follows:

No. | would say that in my work, there is no strong prevailing trend towards
either greateror lessercomplexity. Rather, somelineagesincreasein complexity,
and others decrease.Here, complexity does not correspnd to size, but rather,
the intricacy of the algorithm.

Dembski also does not refer to papers that demonstratethe possibility of increasedcom-
plexity over time in arti cial life: see,for example[75, 76, 1, 11]. Neither doeshe cite the
pioneeringwork of Koza, who shonved how self-replicating programscan spontaneouslyarise
from a \primordial oozeof primitiv e computational elemerns” [54]. Neither doeshe mertion

16This oversight is all the more curious since Dembski borrows so heavily from Fisher’s other scholarly
pursuit, statistics.
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the complexadaptive behaviors ewlved by Karl Sims'virtual creatures[88], or Lipson and
Pollack's work [60] shaving how an ewlutionary approad can automatically produce elec-
tromechanical robots able to locomote on a plane. These omissionscast seriousdoubt on
Dembski's scholarship.

After the publication of No Free Lunch, a paper by Lenski, Ofria, Pennack, and Adami
[58 o®ersanother reasonto reject Dembski's claims. The authors shov how complexfunc-
tions can arisein an arti cial life system,through the modi cation of existing functions.

12 Challenges for intelligen t design advocates

Thus far, intelligent designadvocates have produced many popular books, but essetially
no scieni ¢ researt. (See,for example,[29, 25].) Future succesgor the movemert depends
critically on somegeruine achievemerts. In this section, we provide some challengesfor
intelligent designadvocates.

12.1 Publish a mathematically rigorous de nition of CSI

Taking into accour the criticisms in this paper and elsewhere we challenge Dembski to
publish a mathematically rigorousde nition of CSl and a proof of the Law of Consenation of
Information in a peer-revieved journal dewoted to information theory or statistical inference.

12.2 Provide real evidence for CSI claims

We challenge Dembski to either provide a complete, detailed, and rigorous argumert in
support of Dembski's claim that ead of the items #1{16 in Section6 hasCSI, or explicitly
retract ead unsupported claim. Any supporting argumert should descrike which of the two
methods (causal-history-basedr uniform probability) is usedto estimate probabilities, and
provide a detailed description of the appropriate probability space,the relevant badkground
knowledge,the rejection region, and the rejection function.

12.3 Apply CSI to identify human agency where it is curren tly
not known

Thus far CSI has only beenusedto assertdesignin two classesof phenomena: those for
which human intervertion is known through other means,and thosefor which a precisestep-
by-step causalhistory is lacking. We challengeDembski or other intelligent designadvocates
to identify, through CSI, somephysical artifact, currertly not known to be the product of
human design, as an artifact constructed by humans After this prediction through CSI,
provide con rming evidencefor this conclusion,independent of Dembskian principles.

Along similar lines, apply CSI to idertify a suspiciousdeath, currertly thought to be
from natural causes,as foul play. Furthermore, also provide con rming evidencefor this
conclusion,independent of Dembskian principles.

We note that Dembski himself has stressedthe importance of independen evidence[19,
p. 91].
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12.4 Distinguish between chance and design in archaeoastronom y

The Anasazi,or ancestralPuebloans,occupiedwhat is now the southwesternUnited States
from about 600to 1300c. e.. Se\eral of their buildings, including those at Chaco Canyon,
HoverweepNational Monument, and Chimney Rock, have beeninterpreted as astronomical
obsenatories, with alignmerts correlatedto solstices,equinaes,lunar standstills and other
astronomicalevents [62]. Using the techniquesof The Design Inferena, provide a rigorous
mathematical analysis of the evidence,determining whether these alignmerts are due to
chanceor human design.

Similar challengesexist for the claimed astronomical alignmerts at Stonehengg37, 69
and Nabta [63], and the enigmatic drawings at Nazcain southern Peru. Which of the
proposedalignmerts were designed,and which are pure coincidence?

12.5 Apply CSI to archaeology

Another interesting question about the Anasaziis the presenceof large numbers of pottery
shardsat certain ruins. Somearchaeologistshave interpreted the number of theseshardsas
exceedinghe amourt that could be expectedthrough acciderns. UseCSl to determineif the
pots were broken through acciden, or human intent (possiblyin support of somereligious
ritual).

Archeologistshave developed methods for determining whether broken °ints cradked due
to human intervertion or not [13]. Attempt to rederive this classi cation, or prove it wrong,
using the methods of CSI.

Provide a useful meansof applying CSl to distinguish early stonetools from rocks with
random impact marks.

12.6 Provide a more detailed account of CSI in biology

Producea workbook of examplesusing the explanatory Iter, appliedto a progressie series
of biological phenomena,including allelic substitution of a point mutation. There are two
issuesto be addressedy this exercise.The rst is that a seriesof fully worked-outexamples
will demonstratethe feasibility of applying CSI to biological problems. The secondis to

shaw that small-scalechangesare assignedto \chance" and \design" only is indicated for
much larger-scalechangesor systemsalready noted as having the attribute of \irreducible

complexity." It is our expectation that application of the \explanatory Tter" to a wide
range of biological exampleswill, in fact, demonstratethat \design" will be invoked for all

but a small fraction of phenomena,and that most biologistswould nd that many of these
classi cationsare \false positive" attributions of \design."

12.7 Use CSI to classify the complexit y of animal comm unication

As mertioned above, many birds exhibit complexsongs.We challengeDembski or other de-
sign advocatesto producea rigorousaccour of the CSlin a variety of bird songs,producing
explicit numerical estimatesfor the number of bits of CSI.

42



Similar challengescan be issuedfor dolphin vocalizations, as in providing a de nitiv e
test of the \signature whistle" hypothesis[6], and estimation of information of a dolphin
biosonarclick (to be comparedto the information measuresuggestedy [49).

12.8 Animal cognition

Apply CSI to resolwe issuesin animal cognition and languageuse by non-human animals.
Someof theseoutstanding issuesinclude studies of mirror self-recognition[27, 28 and arti-
“cial languageunderstandingin chimpanzeeq83], dolphins [4(], and parrots [70]. We note
the use of examplesin Dembski's work involving a laboratory rat traversinga mazeas an
indication of the applicability of CSI to animal cognition [16, 17, 19].

13 Conclusions

We have argued that Dembski's justi cation for \in telligent design"is °awed in many re-
spects. His conceptsof complexity and information are either orthogonal or opposite to the
useof theseterms in the literature. His conceptof speci cation is ill-de ned. Dembski's use
of the term \complex speci ed information" is inconsisten, and his proof of the \Law of Con-
senation of Information” is “awed. Finally, his claims about the limitations of ewolutionary
algorithms are incorrect. We concludethat there is no reasonto accepthis claims. Finally,
we issueseeral challengesto those who would cortinue to pursuelin telligent design”asa
researt paradigm.
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A Algorithmic Information Theory

In this appendix we give a brief tutorial on algorithmic information theory, provide our
replacemen for Dembski's CSl, and provide the details of an algorithm mertioned in the
text.

Roughly speaking,algorithmic information theory (AIT) is the study of the complexity of
strings of bits (0's and 1's). It wasinvernted independerily by the Russianmathematician A.
N. Kolmogorov [52] and the American mathematician G. Chaitin [8, 9] (while the latter was
still in high sdool). Similar ideashad beenproposedearlier by R. Solomono®.The book
by Ming Li & Paul Vitfnyi [6]] is a very good survey of the eld, although thosewithout a
strong mathematical badkground will nd it quite challenging.
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The principal tool of algorithmic information theory is Kolmogoror complexity. Roughly
speaking, the Kolmogoros complexity of a string of bits x is the length of the shortest
program-input conmbination (P;i) which will producex whenP isrun oni. (By the \length"
of (P;i) we meanthe number of bits usedto write it down.) This complexity is denoted
by C(x),!” and is sometimescalled the information cortained in x. Note that the running
time of P doesnot gure at all into our considerationshere; P could produce x in one
microsecondor one millennium and C(x) would be the same.

A string x has low Kolmogoros complexity if there is a short program P and a short
input i sud that P prints x whenrun on input i. For example,the bit string

1111111111711211111111111111

has low Kolmogoror complexity becauseit can be generatedby the program \print "1' n
times" together with the input n = 26. In fact, the string

= =

has Kolmogoros complexity < (log, n) + ¢; for someconstart ¢;. Herec; is the length of
the program\print 1 n times" and log, n is (essemally) the number of bits it takesto write
down n in base2.

Why didn't we compute ¢; explicitly? For one thing, the number c; dependson the
particular programminglanguagewe useto represem our program. Unfortunately, thereis no
natural or universally-agreedupon choice. Shouldwe useJava, C, APL, Pascal,FORTRAN,
or somethingelseentirely? In fact, mathematicianstypically usenone of these,preferring a
programming model called the Turing machine (named after its invertor, Alan Turing). (In
this casethe program P is actually an encaling of a Turing machine that canbe interpreted
by a so-called\univ ersal" Turing machine.) Each programming languagemight result in a
di®eren value of ¢;. This is onereasonwhy computationswith Kolmogoros complexity are
typically speci ed only up to an additive constart. Luckily, in our example,the number c;
isn't really important, sinceit is quite small comparedto log, n whenn getsvery large.

Furthermore, animportant result calledthe InvarianceTheoremstates,roughly speaking,
that the Kolmogoros complexity of a string x relative to one programming languageP; is
equalto the complexity relative to another languageP,, up to a xed additive constart that
dependsonly on P; and P».

Kolmogorov complexity is strongly related to optimal losslesslata compression.Lossless
data compressiormay be familiar asthe technology which allows you to store a large Te in
an encaded form that (often) takesup lessspaceon your hard drive, usinga commandsud
aszip . To recover an exact copy of the original le, onecanuseunzip.

If (P;i) is the shortest program-input pair that producesx, we canthink of the (P;i) as
the best possibleway to compressx. If we want to store x, we could store (P; 1) instead,
sincewe could always recover x by running P oni. In the caseof strings cortaining a small

1"There is another notion of Kolmogorov complexity, called prefix complexity, and denoted K (z). These
two notions differ only by a small amount and for the purposes of this article we can consider them the same.
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amourt of information, sud as ﬁﬁ _i it evidertly makes senseto store them in some
compressedorm, rather than writing out all those 1's.

Howewer, not ewery string can be compressed. It is one of the basic theoremsof the
Kolmogoror theory that thereis at leastonestring x of ead length which is not compressible
at all. That is, thereis at leastonestring x sud that the \compressed'represemation (P;i)
hasat leastas many bits asx itself. Sud strings are termed \random". Note that this is a
de nition of the term \random" and not a theorem. Newertheless,a string which is random
in the Kolmogorov sensepossessemany of the properties we assaiate with being random.

Similarly, it can be shavn that there are at least 2"i * + 1 strings of length n for which
the optimal compressiorhaslength at leastn — 1, at least3- 2" 2+ 1 strings of length n for
which the optimal compressiorhaslength at leastn — 2, and soon. In generalthere are at
least2" — 2" K+ 1 strings of length n for which the optimal compressiorhaslength at least
n — k. It follows from this theorem that \most" strings have relatively high Kolmogorov
complexity.

We have seenthat C(x) canbe very smallfor highly-patterned strings. Is there a limit on
how big it canbe? The answver is that we always have C(x) < |x|+ c,. Here|x| is shorthand
for the length of, or number of bits in, the string x. To seethis, obsenethat ewvery string can
be \compressed"by outputting the program\print the input " togetherwith the input x
itself. (This may not be the optimal way to compressx, but we are just trying to nd an
upper bound on C(x).) Hencewe have C(x) < |X| + c;, wherec, represets the length of
the program\ print the input ".

It follows that the quartity C(x)=|x| is a number between 0 and a little more than 1
which measureghe complexity of the string x. The following table illustrates how strings
can be classi ed. (For a similar illustration, see,e.g.,[97].)

highly compressible

ordered

producedby simple rules

low information

C(x)=|x| closeto O | nonrandom

infrequert

a randomly-chosenstring hasthis
property with low probability

highly incompressible

high information

not producedby simple rules

C(x)=|x| closeto 1 | random

frequent

a randomly-chosenstring hasthis
property with high probability

Table 1: Classi cation of strings by Kolmogoror complexity

There is one drawbadk to measuringthe complexity of a speci ¢ given string using Kol-
mogoror theory: it is, in general,uncomputable. More precisely we can verify the inequality
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C(x) < cfor a string x simply by producing a suitable program-input pair (P;i). Howeer,
lower boundson C(x) are, in general,very dixcult to obtain. The reasonis not hard, but
somewhatsubtle; it dependson Turing's theory of computability. Thus, thereis no computer
program that, given x, will unerringly compute the exact value of C(x) for all x.

This is a seriousobstacle when we want to apply Kolmogorov theory to a naturally-
occurring string, sud asthe string of basesn a moleculeof DNA over the alphabet {a;c;t; g}.
To get around this dixcult y, we may usecomputableapproximations to C(x). For example,
the length of the result after usingthe commandcompress available on many Unix systems,
givesan appraximation to C(x) using a variant of Ziv-Lempel compression98, 93]. Other
approadesinclude resource-lmunded Kolmogoror complexity [61, Chap. 7] and automatic
complexity [86].

A.1 A di®erent account of speci cation

We now suggesta di®erert accourt of speci cation for bit strings, basedon Kolmogorov
complexity. In our suggestedeplacemen, a speci cation for a string y is simply a program-
input pair (M;x) sud that y is output when Turing macdine M is run on input x. Now
let n = C(y) be the minimum number of bits neededto write down (M ;Xx), over all pairs
(M;x) that generatey; this is just C(y), the Kolmogoros complexity of y. We now call
max(0; |y| — n) the \speci ed anti-information" in y, and denoteit by SAl(y). (We call
it \anti-information" becauseit is closeto the negation of what algorithmic information
theorists usually mean by information.) This de nition is consonamn with Dembski's own
discussionin The DesignInference [16, pp. 171{174].

SinceKolmogoror complexity is uncomputable,we cannotin generalknow the SAI of y
with certainty. If, howewer, we take our minimum n, not over all pairs (M ;x) that output
y, but merely over all currently known sud pairs, then |y| — n is a good lower bound on the
SAl of y. We might call this the \known speci ed anti-information" in y, and denoteit by
KSAI(y). Note that if someondater discovers a shorter program-input pair that generates
y, this increasesour estimate KSAI(y) of SAI(y); howewer, discovering a longer program
newer decreasesit.

As we seeit, this accoun of speci cation hasmany advantagesover Dembski's. For one
thing, sinceit is divorcedfrom considerationsof probability, we no longer have to engagen
the dubious practice of determining the relevant spaceof ewerts after witnessingan ever.
Instead, our objects of interest live naturally in the space§” of all nite bit strings over the
alphabet 8. Neither are we forced to assignprobabilities to our everts, or engagein the
pretensethat our speci cation is somehav independert of the evert y.

Futher, we no longer have to argue about the distinction between\speci cation" and
\fabrication". Following our suggestionevery programthat outputs y is a legitimate speci-
“cation, but someare better (shorter) than others. The shorter the speci cation, the more
SAl we cancon dently assertexistsin y. Also, there canbe no argumernts about the validity
of our speci cations. Anyone who is skeptical can simply run M on x and verify that it
producesy.!®

I8Tf there are concerns about programs that take too long to run, one can substitute a time-bounded
version of Kolmogorov complexity instead. [61, Chap. 7]
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Finally, our measuresharesnany of the propertiesof Dembski's CSI. If y is a Kolmogorov-
random string, then by de nition C(y) >y, and sothe SAl in y is 0. Hence,like Dembski's
CSI, a string of bits formed by °ipping a fair coin nearly always haslittle SAI. On the other
hand, strings suc as

c = bbbbbbbbbbbbbbbbbbDbDbDDRDDDDDDDDDDDDDDDDDD

correspnding to the Caputo caseand

t = 1101110111110111111101%11 ionﬁ _io _ionfﬁ_i

correspnding to the SETI primes sequencehave high SAI comparedto their lengths, be-
causethey are generatedby simple programs.

We now arguethat our measureof SAI is strongly related to Dembski's CSI under the
uniform probability interpretation. To seethis, let us assumethat our event space- equals
8", the spaceof all length-n strings over § = {0,1}. Supposethe ewert E is speci ed by
the target T, and furthermore our description of T is computable, in the sensethat there
exists a program P which takeselements F of - asinput, and outputs 1if F € T and 0
otherwise. Then, following Dembski, the number of bits | of CSl in E is given by

T |

| = —log, g = n—log,(#T); (1)
where by # S we mean the cardinality of the set S. Now we can encale E by provid-
ing the program P, together with an index describing the order of occurrenceof E in a

lexicographically-orderedist of all the elemens of T. It follows that
C(E) < [P[+ log,(# T); (2)

where|P | denotesthe length of a self-delimiting encaling of the program P . Adding together
(1) and (2), we getl + C(E) < n+ |P| and hence

| — |P| < SAI(E)

It follows that the SAI of E is an upper bound on Denbski's CSI (under the uniform
probability interpretation), minus the cost assaiated with the description P. (Assessinga
a costto the length P allows us to avoid the paradakesdiscussedn Section8.)

Note that our framework disquali es obsener-dependert speci cations such as "English
sonnet', and vague speci cations sud as like an outboard rotary motor', unlessthey can
be formulated as a legitimate program-input pair. We seethis as a signi cant advantage,
although we imagine Dembski may di®er.

Also note that Dembski's \Law of Consenation of Information" fails for SAI. Indeed,
it is easyto increaseSAl through applying functions. We now argue that there exists a
constart ¢ sud that if SAI(y) = n, then SAI(yy) > |y| + n — c. This follows easily from an
elemenary exercisein Kolmogorov complexity that C(yy) < C(y) + c for someconstart ¢
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[61, p. 101]. Indeed, by adding the the following inequalities and equalitiestogether, we get
the desiredresult:

C(yy) < C(y)+g
n = |y[—C(y)
2ly| — C(yy) SAIl(yy):

Provided |y| > c, this shaws that duplicating a string is guararteed to increaseSAl.*°

A.2 The algorithm P

Let h(n) be any computablefunction of n. In this sectionwe descrite of algorithm P, usedin
Section10. This is a deterministic algorithm that, for ead integerinput n, outputs a string
x € {0,1 }" for which for which C(x) < h(|x|). The mapping producedby P is injective (in
other words, P(n) # P(m) if m # n).

The algorithm P works as follows. Based on some choice of computing model (e.qg.,
Turing madhines), P works with an enumeration P4, P,, P3, ::: of all possibleprograms,and
another erumeration of all binary strings asx, Xz, X3, :::. Now P initializes an empty list L
of strings. We now do the following for all N > 3 until the program halts: for ewvery integer
i>1,j >1,k>1sudhthat N =i+ ]+ k, P runs programP; oninput X; for k steps. If P;
halts and generatesa string y with |P;| + |xj| < h(]y|), we comparey to seeif it is already
onL. If not, we appendit to L. Now cortinue, trying the next program (or incremerting
N if we aredonewith all the triples (i; j; k) sudi that i + ] + k = N). We cortinue until the
list L is of length n, and at this point we output the last string on the list.
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