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Abstract
Benford’s Law predictsthe frequency of the lead-
ing digit in numbersmet in a wide rangeof natu-
rally occurringphenomena.In datafollowing Ben-
ford’sLaw, numbersstartwith asmallleadingdigit
moreoften thosewith a large leadingdigit. Here
we demonstratethatBenford’s Law alsodescribes
a wide rangeof computationalphenomena.In par-
ticular, weshow thatanumberof differentstatistics
associatedwith computationlike spaceand run-
time often follow Benford’s Law. We also show
thatsearchcostoninputdatathatfollowsBenford’s
Law is oftenverydifferentto thatonmoreuniform
data.Theseresultscouldbeusedto improvealgo-
rithm performance(for example,for loadbalancing
or disk de-fragmentation),aswell asto helpmodel
algorithmperformance.Benford’sLaw canalsobe
usedto generatedatafor benchmarkingalgorithms
thatmaybemorerealisticthanpurelyrandomdata.

1 Introduction
FrankBenford[Benford,1938] studiedat a largeamountof
naturally occurringdata(e.g. tablesof molecularweights,
populationsizes,riverbasindrainageareas,andnumbersap-
pearingon newspaperfront pages)andshowedthat thelead-
ing digits tendnot to beuniformly distributed(seeFigure1).

For instance,numberstendto startwith thedigit 1 in over
30% of his data,but with the digit 9 in lessthan5% of the
data. To model suchdata,he proposedan (empirical) law
which predictsthat the leadingdigit,

�
occurswith a fre-

quency givenby:

�������	� ��

����
 � ������������� �� � (1)

We show herethat Benford’s Law modelsnot just natu-
ral phenomenalike populationsizesbut alsomany compu-
tationalphenomena.In particular, many statisticsassociated
with algorithmslike runtimeoften obey this law. Thesere-
sultscouldbeusedto improvehow we modelsuchstatistics.
In addition,by usingBenford’sLaw, we cangeneratebench-
marksetsthatmaybemorerealisticthanpurelyuniformran-
domdata.Finally, we show thatdataobeying Benford’sLaw
is ofteneasierto reasonaboutthanrandomdatathat is more
uniformly generated.
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Figure 1. Distributionof leadingdigits in datasummarizedin
Benford’s original 1938paper[Benford,1938]. “Molecular
weights” is a sampleof 1,800different molecularweights.
“Populationsize” is a sampleof 3,259differentpopulation
sizes.

2 Input data

We begin with someinput datataken from TSPLib. In Fig-
ure 2, we plot the distribution of leadingdigits in the inter-
city distancematrix. We lookedat anotherdozendatasetsto
thoseusedin Figure2 andobservedsimilar results.As dis-
tancesarecomputedusingthe2-dimensionalEuclideandis-
tancefunction,we expectedto seesignificantcorrelationbe-
tweenthedistances.We werethereforesurprisedto seedata
following Benford’sLaw. Weconjecturethis is aresultof the
clusteringof citieswhichprovidethedatawith severaldiffer-
ent lengthscales(i.e. distanceswithin the clusters,anddis-
tancesbetweenthe clusters). Indeed,the datadisplayscon-
siderablescaleinvariance.Thechoiceof unitswastherefore
not very important. If the inter-city distancesareconverted
from imperial to metricunits,we observe a similar distribu-
tion in theleadingdigits.

We next looked at sometime-seriesdata(seeFigure 3).
Again thedataappearsto follow Benford’sLaw. This is per-
hapslesssurprisingthantheTSPdata.For atime-seriesto go
from 1 to 2, thestatisticmustdouble.But to go from 8 to 9,
weneedamuchmoremodestincrease.A time-varyingstatis-
tic will thereforeoftenspendmoretime with a small leading
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Figure 2. Distribution of leading digits in inter-city TSP
data.“48 UScapitals”is problematt48 andcontains1,128
different inter-city distances.“drilling problem” is problem
a280 andcontains39,060different inter-city distances.In
both cases,the problemsare symmetricand distancesare
computedusingthe 2-dimensionalEuclideandistancefunc-
tion.

digit thanalargeone.As thedataagaindisplaysconsiderable
scaleinvariance,thechoiceof unitsdoesagainnot appearto
bevery important.

What consequencesdo resultslike thesehave? First, a
wide variety of input datacan follow Benford’s Law. Fea-
turesof therealworld (liketheclusteringof populations)may
beresponsiblefor theseappearancesof Benford’s Law. Sec-
ond, we shouldbe carefulof testingalgorithmson uniform
andrandomdata. It may thereforebe morerealisticto gen-
eratedatathat follows Benford’s Law. In later sections,we
explore the impactthis canhave on algorithmperformance.
Beforethat we identify somemorecomputationalexamples
of Benford’sLaw thathelpillustrateits ubiquity.

3 Space and runtime
We next looked at file size. In Figure 4, we plot the lead-
ing digit frequency for file sizeson an Unix computer. We
measuredfilesizesusingthe“ls” commandwhich returnsthe
numberof bytescontainedin a file. We obtainedsimilar re-
sultsif we measurethenumberof blocksoccupied.

Thedistributionof leadingdigits, for oneuseror all users,
appearsto follow Benford’s Law closely. File sizesrange
overseveralordersof magnitude.As with previousdatasets,
file sizesdisplayconsiderablescaleinvariance,sowe obtain
asimilardistributionof leadingdigitswhenfile sizearemea-
suredin 512 or 1024 byte blocks. We have also observed
similar leadingdigit frequenciesfor file sizeson othercom-
putersandoperatingsystems.

We thenlookedat runtimes.In Figure5, we plot thelead-
ing digit frequency for the costto solve a hardoptimization
andaharddecisionproblem.Welookedatthetravelingsales-
person(TSP)problem,andthesatisfiabilityof propositional
formulae(SAT). Given a list of cities, and a matrix giving
the distancebetweeneachpair of cities, the TSPproblemis
to find theshortesttour thatvisits eachcity. To find optimal
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Figure 3. Distribution of leadingdigits in sometime-series
data. “sunspotactivity” is problemandrews14.dat, the
2,820 monthly sunspotnumbersobserved in Zurich from
1749to 1983. “seismographicdata” is problemkobe.dat,
theverticalaccelerationin nm/sq.secdueto the Kobeearth-
quake,recordedatTasmaniaUniversity, Hobart,Australiaon
16 January1995beginningat 20:56:51(GMT) andcontinu-
ing for 51 minutesat 1 secondintervals.

TSP tours, we usea branchand boundalgorithm with the
Hungarianheuristicfor branching[Lawler et al., 1985]. The
searchtreeexploredby thisalgorithmonsomerandomlygen-
eratedEuclidean2-D problemshasa meanof 30,859nodes,
amedianof 306nodes,andamaximumof 17,838,398nodes.
Givena propositionalformula, theSAT problemis to deter-
mineif thereis anassignmentof trueandfalseto thevariables
thatmakesthewholeformulatrue. To answertheSAT deci-
sion problem,we usethe Davis-Putnamalgorithm[Davis et
al., 1962]. The meantime by this algorithmto determineif
a formula is satisfiableon somerandomlygenerated“phase
transition” problemsis 19,117milliseconds,the medianis
3,460ms,andthemaximumis 31,559ms.

Runtimesin both experimentsrangeover several orders
of magnitude,andthedataappearsto follow Benford’s Law
closely. Similarresultsareobtainedwith avarietyof different
measuresof searchcost(e.g. CPU time, nodesor branches
visited in the searchtree)againsuggestinga certainamount
of scaleinvariance.Resultslike thesemight be usedto im-
prove systemperformance,especiallyfor onlinealgorithms.
For example,softwarefor allocatingdiskspacecouldbeopti-
mizedto minimizedisk fragmentationwith file sizesobeying
Benford’s Law. As a secondexample,softwarefor schedul-
ing jobs could be optimizedto runtimesfor individual jobs
thatobey Benford’sLaw.

4 Generating Benford’s Law data

Given the ubiquity of dataobeying Benford’s Law, we may
wish to benchmarkalgorithmswith randomdatathat obeys
Benford’s Law. To generatesuchdata,we merely needto
scatterpointsuniformly andat randomon a log scale. The
magnitudeof suchnumbersthenfits Benford’s Law as the
following theoremshows.
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Figure 4. Distribution of leadingdigits in the sizeof files
on a SunUltra 10 runningtheSolarisoperatingsystem.The
machineaddressis cally.dai.ed.ac.uk. “One user”
arethe10,215filesownedby asingleuser. Themeanfile size
is 14,728bytes,themedianis 1,839bytes,andthemaximum
is 10,950,842bytes.“All users”arethe83,698filesownedby
all users.Themeanfile sizeis now 30,787bytes,themedian
is 2,704bytes,andthemaximumis 102,756,352bytes.

Theorem 1 The randomvariable ��� rand�! #" obeys Benford’s
Law under the assumptionsthat $ is positiveand integral,
andthat thefunctionrand� $ � returnsa randomnumberin the
range % �'& $ � .
Proof: By inductionon $ . Considerthe case$ 
 � . The
probability that the leadingdigit is

�
equalsthe probability

that �(� rand� � " lies in the interval % � & � �)� � . This equalsthe
probabilitythatrand��� � liesin theinterval % � ��� ��� � ��� & � ��� ��� � � �� ��� . This is simply

� ��� ��� � � �*� �,+-� ��� ��� � ��� , which equals� �������������
�/. ��� aspredictedby Benford’sLaw.
In the stepcase,consider$ 
10 �2� . The proof divides

into two casesdependingon whetherrand� $ � lies in % �'& 0	� or% 0 & 0 �3� � . In eachcase,by theinductionhypothesis,we get
a distribution of leadingdigits which obeys Benford’s Law.
As a weightedsumof two statisticsobeying Benford’s Law
alsoobeys Benford’s Law, the combineddistribution obeys
Benford’sLaw. 4

This resultdemonstrateshow to generatenumberswithin
the interval % ��&5���  � thatobey Benford’s Law. We caneasily
generalizethe resultto generatenumbersobeying Benford’s
Law in theinterval % ���/67&5���  � for 8:9;$ andbothintegral. If$=<>8 , we candrop the restrictionthat 8 and $ areintegral
sincetheerrorcausedby the first andlast log interval being
incompletewill be small, andthe distribution will approach
Benford’sLaw.

Dataobeying Benford’s Law couldbe generatedby other
methods.For example,we couldfix thesizeof numbersand
generatethefirst digit of eachatrandomusingtheprobability
givenby Equation(1), andtheremainingdigitswith uniform
probability. However, suchmethodswill tendto samplenum-
berslessuniformly thanscatteringpointsat randomon a log
scale.Anotherdesirablepropertyof scatteringpointsat ran-
domonalog scaleis thatit givesscaleinvariantdata,andour
experimentshaveshown thatsuchdatais common.
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Figure 5. Distribution of leadingdigits in the cost to solve
somehard computationalproblems. “TSP problems” are
1,000randomlygeneratedproblemswith between4 and24
cities,placedatrandomonasquareof side1000.“SAT prob-
lems” are1,000randomlygeneratedformulaewith between
10 and100 variables. Problemsare at the phasetransition
in satisfiability[Mitchell et al., 1992] with a ratio of clauses
to variablesof 4.3. A similar distribution of the leadingdig-
its of runtimesis observed if we fix the problemsizeat 100
variablesandvariedtheratioof clausesto variables.

5 Benchmarking
Algorithms are often benchmarked with uniformly gener-
atedrandomproblems,especiallyin thosedomainsin which
“phasetransition”behavior hasbeenidentified(e.g.[Mitchell
et al., 1992;Korf, 1995;PembertonandZhang,1996]. We
therefore comparedalgorithm performanceon input data
obeying Benford’s Law with that on uniform randomdata.
We consideredtwo problemdefinedsolelyby a sequenceof
numbers:TSPandnumberpartitioningproblems.

5.1 Number partitioning
Givenabagof integers,wewish to find thepartitioninto two
bagswhich minimizesthedifferencebetweenthesumof the
integersin eachbag.Table1 demonstratesa largedifference
in the cost to partition a bagof numbersobeying Benford’s
Law comparedto a bagcontainingpurely randomnumbers.
To find the optimal partition, we useKorf’s efficient CKK
algorithm[Korf, 1995]. Problemscontain

0
numbersdrawn

at randomfrom theinterval �?�'&A@CB eitheruniformly or soasto
obey Benford’s Law. We set @ 
ED7F

as this is closeto the
phaseboundarywherehardproblemsarefound.

As with uniformdata[GentandWalsh,1998], randomdata
generatedto obey Benford’s Law displaysa phasetransition
in the probability of a perfectpartition that sharpensaround� ����G��H@ � . 0JI � as

0
increases.For over-constrainedprob-

lems(i.e. for
� ���KG��?@ � . 0ML � ), thesizeof theoptimalpartition

increasesroughlyexponentiallywith
0

(for fixed
� ��� G �H@ � . 0 )

andwith
� ���KG��?@ � . 0 (for fixed

0
). This is similar to random

datagenerateduniformly. Searchcostis, however, muchless
thanthat for uniform randomdata. This highlightswhy we
maywish to benchmarkalgorithmsusingrandomdatagener-
atedto obey Benford’sLaw.



F nodesvisited mean median max min
10 BenfordLaw 2.83 1 21 1

uniform data 20.00 21 46 1
20 BenfordLaw 8.63 2 221 1

uniform data 5711.38 5725 16312 1
30 BenfordLaw 19.96 3 1498 1

uniform data 2519894.5 2581221 5714518 72122
40 BenfordLaw 36.30 3 1357 1

uniform data - - - -
50 BenfordLaw 94.11 4 4494 1

uniform data - - - -
60 BenfordLaw 280.24 5 51880 1

uniform data - - - -

Table 1. Searchcost to partition 1000randomlygenerated
problems.Eachproblemcontains

0
integersdrawnatrandom

from the interval �H��& D7F B either uniformly or so as to obey
Benford’sLaw.
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Figure 6. Percentilesin the searchcost for the CKK algo-
rithm to partition

0N
OD � numbersdrawn from the interval�H��&�@PB usinga distribution that follows Benford’s Law. 1000
problemsweregeneratedat eachintegervalueof

� ����G��?@ � .

In Figures6 and7, we plot phasetransitioncurvesfor the
searchcostof partitioningnumbersdrawn eitherfrom anuni-
form distribution or from a distribution thatobeys Benford’s
Law. Althoughbothuniform andBenford’sLaw datahave a
complexity peakthat is associatedwith the transitionfrom
perfect to imperfect partitions, there are significant differ-
encesbetweenthetwo graphs.In particular, numbersdrawn
from adistribution thatfollowsBenford’sLaw aremucheas-
ier to partition thannumbersdrawn from an uniform distri-
bution, especiallyfor

� ��� G �H@ � . 0)L � . In Figure8, we plot
how the searchcostsincreasesas

0
increasesand

� ����GK�H@ � . 0
remainsfixedat1. Thepercentageof problemswith aperfect
partitiondropsfrom 31%at

0M
 �(� to just 5.5%at
0M
 �(��� .

We suspectthis maybe themajorcauseof theapparentless
thanexponentialgrowth in the higherpercentiles.We con-
jecturethat,if

� ��� G �H@ � . 0 is decreasedas
0

is increasedsothat
the percentageof perfectpartitionsremainsconstantat ap-
proximately50%, thensimpleexponentialgrowth might be
observed. Problemsare,however, mucheasierto solve than
uniform datafor which searchcostgrows asapproximatelyD �(Q RAS F

[GentandWalsh,1998].

10

100

1000

10000

100000

0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8 2

no
de

s 
vi

si
te

d

log2(l)/n

Uniform random data

99%
95%
90%
75%
50%

Figure 7. Percentilesin the searchcost for the CKK algo-
rithm to partition

0N
OD � numbersdrawn from the interval�H��&�@PB usinganuniformdistribution. 1000problemsweregen-
eratedateachintegervalueof

� ���KG��H@ � .

1

10

100

1000

10000

100000

10 20 30 40 50 60 70 80 90 100

no
de

s 
vi

si
te

d

n

Benford law data

99%
95%
90%
75%
50%

Figure 8. Percentilesin the searchcost for the CKK algo-
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lemsweregeneratedat eachvaleof

0
.

5.2 Traveling salesperson (TSP) problems

To determineif theseresultswerespecificto numberparti-
tioning, we turnedto the traveling salesperson(TSP)prob-
lem. To find optimaltours,we againusea branchandbound
algorithmwith theHungarianheuristicfor branching[Lawler
et al., 1985]. Table2 demonstratesa large differencein the
costto find theoptimaltour for inputdataobeying Benford’s
Law comparedto uniform randomdata. The BenfordLaw
datawas generatedby computingeachentry in an

0
by
0

symmetricinter-city distancematrix usingthe randomvari-
able, �(��TAU F�V �XWA" . Theuniform randomdatawasgeneratedby
placing

0
citiesat randomon a squareof side ��� W andcom-

putingtheintegerEuclidean2-D distancebetweenthem.
Why areTSP problemswith inter-city distancesobeying

Benford’sLaw easierto solveto optimality thanuniformran-
dom problems?TSPproblemsgeneratedto obey Benford’s
Law will containinter-city distancesatall lengthscales.As a
result,many of thelegsleaving a particularcity will beruled



F nodesvisited mean median max min
10 BenfordLaw 32.55 29 116 31

uniform data 112.15 46 1702 82
15 BenfordLaw 132.81 108 662 65

uniform data 2617.79 322 75493 258
20 BenfordLaw 398.83 313 2049 650

uniform data 13289.06 2859 373442 554
25 BenfordLaw 1289.37 912 9562 162

uniform data 207055.97 23548 5528963 1369
30 BenfordLaw 3081.51 1477 3122 869

uniform data 1087824.11 210054 32739476 218682
35 BenfordLaw 8376.13 2634 137136 1869

uniform data - - - -

Table 2. Searchcost to find optimal tour for 100 problems
with

0
cities andan inter-city distancematrix generatedei-

ther to obey Benford’s Law or from a randomanduniform
placementof thecitieson a2-D square.

out by analgorithmlike branchandboundasthey areobvi-
ouslytoo long. Hence,the“effective” branchingrateis lower
thanwith uniform randomproblemswheretheinter-city dis-
tancesfollow many fewerlengthscales.Thefactthatrandom
dataobeying Benford’sLaw provedeasierthanuniform ran-
dom datain both thesedomainsshouldbe reassuring.By
exploiting structurelike thatcapturedby Benford’s Law, we
maybeableto copewith problemsthatareintractablein the
worstcase.

6 Small worlds
The clusteringof leadingdigits modelledby Benford’s Law
may be relatedto clusteringin otherstructureslike graphs.
For example,WattsandStrogatzhaveshown thatgraphsthat
occurin many biological, socialandman-madesystemsare
often neithercompletelyregularnor completelyrandombut
have insteada “small world” topology in which nodesare
highly clusteredandpathlengthsaresmall [WattsandStro-
gatz,1998]. Walsh showed that graphswith a small world
topologyoccurfrequentlyin searchproblemsandcanhavea
largeimpacton searchcost[Walsh,1999].

To identify graphswith a smallworld topology, Walshin-
troducedthe scaleindependentparameterY [Walsh, 1999].
This is definedastheclusteringcoefficient (theaveragefrac-
tion of your neighboursconnectedto eachother)dividedby
the characteristicpath length (the averagepath length be-
tweenany two nodes),both normalizedby their valuesfor
a randomgraphwith the samenumberof nodesandedges.
By definition,randomgraphshave Y 
 � , while graphswith
asmallworld topologyhave YM< � . To demonstratetheubiq-
uity of graphswith a smallworld topology, Watts& Strogatz
[Watts and Strogatz,1998] usedgraphsderived from three
sources:the online film actorsdatabase,the power grid in
thewesternhalf of theUnitedStates,andtheneuralnetwork
of the nematodeworm. In the restof this section,we focus
on theactorsdatabase.We conjecturethatsimilar arguments
couldbemadefor othergraphswith a smallworld topology.

To generateagraphfrom theactorsdatabase,weassociate
actorswith nodesandaddanedgebetweennodeswhenever
thetwo actorsassociatedwith thesenodesappeartogetherin
a film. We wish to simulatethis processbut control the fre-
quency with which actorsappearso, for example,we canfit

it to a BenfordLaw distribution. We begin by fixing thetotal
numberof timeseachactorappearsin all films. Wethenwrite
outa longlist of theirnames,eachnameappearingtheappro-
priatenumberof times. We randomisethis list, andbreakit
into lengthsdeterminedby thecastsizeof eachmovie. Using
thesecastlists, we thenconstructtheassociatedgraph.This
modelignorescertainfeaturesof castingfilms. For example,
thereis no provision for pairsof actors,suchasLaurel and
Hardy, who appearedin many films together. We do, how-
ever, allow thesameactorto appearmorethanoncein afilm,
asAlec Guinnessdid in ‘Kind HeartsandCoronets’.
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Figure 9. Mu parameterY (i.e. small worldiness)of ran-
domisedfilm datagraphs. All films hada castlengthof 5.
The numberof appearancesof eachactor rangesfrom 1 to
25 andfits Benford’s Law. The total numberof castappear-
ancesrangedfrom 250to 25,000,(i.e. we simulatedfrom 50
to 5000films). A linearregressionfit is alsoplotted.

Someresultsare shown in Figure 9. We observe linear
growth in thesmall-worldinessasthenumberof actorsis in-
creased.We seesimilar lineargrowth with othergeneration
parameters.Therealactorsdatabaseusedby [WattsandStro-
gatz,1998] has

0[I\D�] �'&A����� and Y 
JD7^�_�`
. Extrapolation

of Figure9 suggeststhatat
0[
aD�] ��&������ , Y Ia^ &5����� . The

closenessof thesenumbersis probablynot significant,but
it is significantthat this simple randomprocessbasedon a
distribution obeying Benford’s Law givesgraphsof similar
smallworldinessto therealgraph.

This methodof generatinggraphscreatesa small world
topologycomparableto that generatedby the rewiring pro-
cessproposedin [WattsandStrogatz,1998] or the “morph-
ing” processproposedin [Gentet al., 1999]. As many real
world graphshave a significantsmall world topology, Ben-
ford’s Law mayalsobeusefulfor benchmarkingalgorithms
involving graphs.Applicationsof Benford’sLaw arethusnot
restrictedto purelynumericaldomains.



7 Related work
Benford’s Law canbe tracedbackto Newcomb[Newcomb,
1881] who observedthat tablesof logarithmsweredirtier at
thefront thantheback,andproposedwithoutexplanationthe
equation

� ��� ��� �b�c�d�e. ��� for predictingthe frequency of the
leadingdigit. Thelaw wasthenlargely forgottenuntil [Ben-
ford, 1938]. From a computationalperspective, Knuth has
suggested[Knuth,1981] thatnumericalcomputationsbeop-
timizedto dealwith datafollowing Benford’sLaw. Recently,
Nigrini hasshown thatmany aspectsof financialaccountslike
expensesclaimsfollow Benford’s Law [Nigrini, 1996]. Us-
ing standardstatisticaltests,heis ableto detectfraudulentor
erroneousdatawhich deviatesfrom thelaw.

Hill’ s theorem[Hill, 1995] offers an explanationfor the
ubiquity of Benford’s Law in naturalphenomena.This the-
oremprovesthata randommix of differentdistributionsfol-
lows Benford’s Law even when the individual distributions
themselvesdonotfollow or approximateBenford’sLaw. Our
resultsshow that many statisticsassociatedwith algorithms
like runtime often obey Benford’s Law. This suggeststhat
the performanceof algorithmsmay be bestmodelledasthe
synthesisof severaldifferentdistributionsandnotby any one
distribution. This concurswith the argumentsof [Hoosand
Stutzle,1998] for studyingrun-timedistributionsfor LasVe-
gasstylealgorithmsonsingleprobleminstancesin anattempt
to separateout differentdistributions.

8 Conclusions
We have shown that Benford’s Law describesa wide range
of computationalphenomena.We first identifiedBenford’s
Law in benchmarkTSP and time-seriesdata. We thenob-
served Benford’s Law in a numberof other computational
statisticsincludingfile sizeandruntime.Weprovedthatscat-
teringnumbersuniformly on a log scalegivesdatathatboth
obeys Benford’s Law and is scaleinvariant. We thenstud-
ied the impactof dataobeying Benford’s Law on algorithms
for the TSPandnumberpartitioningproblem. We observed
phasetransitionbehaviour similar to that seenwith uniform
data. However, the cost of optimizationwith dataobeying
Benford’s Law was significantly smallerthan the cost with
uniform randomdata.Finally, we identifieda connectionbe-
tweenthe clusteringof digits in Benford’s Law andcluster-
ing in otherstructureslike graphswith a small world topol-
ogy. Thisoffersanew wayof generatinggraphswith asmall
world topology.

Whatgenerallessonscanbelearntfrom this study?First,
many different computationalphenomenaappearto follow
Benford’s Law. This observation could be usedto improve
algorithmperformance(e.g.by loadbalancing),aswell asto
modelalgorithmbehaviour. Second,generatingdatato obey
Benford’s Law may be usefulfor benchmarkingalgorithms.
For example,partitioning integersthat obey Benford’s Law
is mucheasierthanpartitioningintegersthat aredistributed
uniformly. And finally, many other complex systemsmay
follow Benford’s Law. For example,the sizeof files trans-
ferredover theInternetandtheir transmissiontimesmayfol-
low Benford’sLaw. Thepreviously reportedZipf-lik e distri-
butionsfoundin suchdata[Hubermanet al., 1998] suggesta

certainamountof scaleinvariance,andscaleinvarianceleads
to Benford’sLaw [Hill, 1995]. We shouldthereforebeon the
lookout for Benford’sLaw in othercomputationaldomains.
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