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Zipf’s Law
Zipf’s Law (Zipf, 1949) states that when
observations are ranked from most to
least frequent, the frequency of an
observation is inversely proportional to
its rank:

Frequency ∝ 1

Rank
Zipf’s Law is named after George
Kingsley Zipf (1902–1950), an American
linguist and philologist who studied
statistical occurrences in different
languages.

Although the initial intention of Zipf was to use this law as a model for
linguistics, he later generalized it for other disciplines.

General Form of Zipf’s Law
The general form of Zipf’s Law is (Newman, 2005):

F (r) = Cr−α,

where r is the rank, F (r) is the corresponding frequency, and α is an
exponent depending on the data set.
The original Zipf’s Law corresponds to α ≈ 1.
The above relation is equivalent to a linear relationship between
log(F (r)) and log(r):

log(F (r)) = −α log(r) + logC

Data Sets Satisfying Zipf’s Law
Word frequencies
Citations of scientific papers
Telephone calls
Magnitude of earthquakes
Diameter of moon craters
Intensity of solar flares
Metabolic rates

Web hits
Copies of books sold
Intensity of wars
Wealth of the richest people
Frequencies of family names
Population of cities
Sightings of birds

Sources: Clauset, Shalizi, & Newman (2009); Gabaix (2016)

Zipf’s Law in Olympics
Katz and Katz (2009) analyzed data from the 1992 Olympic games in
Barcelona for the 20 most successful medal-winning nations and found
Zipf’s Law type dependencies:

Number of athletes per million people (y) versus population (x) of
participating countries.
Number of medals won per million people (y) versus population (x).

Zipf’s Law in Linguistics: Natural vs. Artificial Texts
The graphs below display word frequencies against ranks for various natural and artificial language texts on a logarithmic scale. The solid
circles indicate the observed frequencies of words. The lines represent the best-fit lines log(F (r)) = −α log(r) + logC, obtained through Least
Squares approximation. The absolute value of the slope corresponds to the value of the exponent α in Zipf’s Law. The analysis of English
texts shown in the top left graph agrees with a similar analysis performed by Altmann and Gerlach (2015). The other analyses are new to our
knowledge.

Exponent α for Various Texts
Text # of Words α Value
Ulysses (English) 265410 1.04319
Moby Dick (English) 215139 1.16170
Alice in Wonderland (English) 26437 1.22633
Esperanto (One text) 12975 0.86612
Esperanto (Two texts) 33697 0.97387
Esperanto (Three texts) 67068 1.04640
Turkish (Orhan Pamuk) 361460 0.98988
Kazakh (Iliyas Yesenberlin) 270314 1.08478
Portuguese (Júlio Dinis) 404533 1.19141
Spanish (Carlos Ruiz Zafón) 387456 1.19528

Random text with Kazakh letter frequencies 30647 1.00694
Random text with English letter frequencies 59734 1.05969

Alice in Wonderland (Ciphered text with cutoff) 9268 0.96808
Moby Dick (Ciphered text with cutoff) 66648 1.06312
Ulysses (Ciphered text with cutoff) 85636 1.09224

Conclusions
Zipf’s Law for Artificial Languages: It is well known that Zipf’s
Law holds for natural languages (Piantadosi, 2015). The above
plots suggest that Zipf’s Law also holds for texts in artificial
languages such as Esperanto, for ciphered versions of English
texts, and for random texts created with English and Kazakh letter
frequencies, provided words with extremely low frequencies are
disregarded.
Dependence of α on Language: Languages from the same
language family (e.g. Turkish and Kazakh, Spanish and
Portuguese) satisfy Zipf’s Law with similar values of α.
Dependence of α on Complexity of Text: The exponents α in
Zipf’s Law seem to be correlated with the complexity of a text: more
complex texts (e.g. Ulysses, artificial texts) have smaller α-values
than simpler texts (e.g. Alice in Wonderland).
Dependence of α on Vocabulary: Ciphered texts and random
texts involve many more distinct words than natural languages,
resulting in small α-values. However, if one disregards words with
very low frequencies, these texts satisfy Zipf’s Law with values of α
comparable to those of natural languages.

Generating Ciphered and Random Texts
Generating a Ciphered Text: We generated the ciphered texts
using the columnar transposition method, in which the text is
written out in rows of fixed lengths (66 characters in our case), and
then read out again column by column.
Generating a Random Text: We generated the random texts using
the frequencies of letters and spaces in English and Kazakh. The
texts were 1,000,000 characters long and included approx. 200,000
“words” (English random text) and 160,000 “words” (Kazakh random
text). (For prior work on Zipf’s Law on random texts, see Li (1992)
and Ferrer-i-Cancho & Elvevåg (2010).)

Dependence of α on Cutoff Ranks
Ciphered and random texts tend to generate much larger vocabularies
than texts in natural languages. To obtain meaningful α-values we
restricted our analysis to word ranks below a specified cutoff. The
graph below shows the dependence of α on the cutoff.
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