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Abstract

This overview mo ti vates and then dis cusses the no tion of tu pleiza tion, i.e. the idea that cor pus lin guists should re lin quish the

decades-old practice to use one-dimensional corpus statistics (such as simple dispersion or association measures) and use tuples of

mul ti ple val ues in stead. At the same time, this ar ti cle ar gues that the diff er ent di men sions en ter ing into a tu ple should be sta tis ti ‐

cally as in de pen dent, or po ten tially or thog o nal, as pos si ble. The com bi na tion of both tu pleiza tion and or thog o nal iza tion avoids the

huge loss of information that comes with the current practice and can massively improve both the output of, and the input to, any

kind of study us ing cor pus sta tis tics.

Key Points

•   Tu pleiza tion is the no tion that cor pus-lin guis tics should evolve from the use of only a sin gle cor pus cor pus sta tis tic (e.g. a sin ‐

gle association measure or a single dispersion measure) and instead quantify findings with a tuple of multiple, ideally orthogo‐

nally com puted, sta tis tics (e.g. quan ti fy ing as so ci a tion us ing a tu ple of three num bers: one quan ti fy ing co-oc cur rence fre ‐

quency, one quan ti fy ing as so ci a tion, and one dis per sion. Tu pleiza tion will lead to a much greater de gree of pre ci sion as well

as discriminatory power.

Introduction

Corpus- Linguistic Phenomena and Their Quantification

Cor pus lin guis tics is an em pir i cal dis ci pline based on ob ser va tional lin guis tic data, and much cor pus-lin guis tic work is then based on

quantitative analysis of these data. For most of corpus linguistics' history, four phenomena have played particularly important roles and

have, there fore, seen much in ter est and de bate:

−   occurrence in terms of token frequency: the notion of token frequency captures how often a particular linguistic element E

oc curs in a text, parts of a cor pus (which could be record ings/ files/ texts mak ing up a reg is ter, a genre, a time pe riod, …) or a

com plete cor pus (Note, E can be of any kind: a word, a mor pheme, a syn tac tic con struc tion, but in the req ui site cor pora also a

phoneme, an in to na tion con tour, etc.).

−   occurrence in terms of dispersion/distribution: dispersion quantifies how evenly distributed the occurrences of E are over

(the parts of) a text, a reg is ter/ genre, a time pe riod, or a com plete cor pus, to give just a few ex am ples. For in stance, an in ter ‐

me di ately high fre quency of a word W in a cor pus C tells us more about C if the oc cur rences of W are dis trib uted over many

diff er ent parts of C than if they are all in one small part of C.

−   key ness, or as so ci a tion in terms of oc cur rence: these in di cate how much a lin guis tic el e ment E is as so ci ated with a tar get

cor pus rep re sen ta tive of a lan guage (or reg is ter, genre, topic, or other units) in such a way that, for in stance, know ing the rel a ‐

tive fre quency of oc cur rence of E would al low an an a lyst to bet ter pre dict whether they are look ing at the tar get cor pus/ reg is ‐

ter than if they did not know E's frequency. For instance, if an analyst looked at a text T and found frequent occurrences of the

words definition, similarity, significance, discussion, and limitations, then they would be more likely to guess that T is an aca‐

demic text than if they did not know that these words were frequent in T.

−   as so ci a tion in terms of co-oc cur rence: these quan tify how much the oc cur rence of an el e ment E tells us about the fre quency/ 

prob a bil ity of oc cur rence of an other el e ment F in (one or more parts of) a cor pus. For in stance, if an an a lyst picked a ran dom

word W in a cor pus and found that it was her met i cally, then they would be more likely to guess (cor rectly) that the fol low ing

word is sealed than if they knew W was not her met i cally.

Given that nearly every corpus-linguistic study needs to consider such information—even mostly qualitative corpus studies often need

to know that E's frequency is not 0 or that E is not used by only one speaker—it is not surprising that many different measures have been

pro posed for sev eral of these di men sions. With re gard to dis per sion, for in stance, there is more than a dozen diff er ent mea sures, with

range, Juil land's D, Car rol l's D , and Gries's DP be ing the most widely used mea sures.

Many diff er ent mea sures have been pro posed with re gard to key ness, too. There, the log-like li hood score G  is by far the most wide ‐

spread statistic, but the chi-squared statistic, the odds ratio, the relative frequency ratio, or association rules have also been applied.

It is with re gard to as so ci a tion that the num ber of pro posed mea sures is by far the high est: Pecina (2010) al ready doc u mented more

than 80 mea sures and new ones have been pro posed since then. Since key ness is es sen tially an as so ci a tion-based con struct, some of the

most widely-used as so ci a tion mea sures are those that are also used for key ness; ex am ples in clude G , chi-squared, and the (logged) odds

ra tio, but also mea sures like Point wise Mu tual In for ma tion PMI, the t-score, p  (the p-value of a Fisher-Yates ex act test), and Delta P

have been applied in many studies.

2

2

2

FYE



U
N

C
O

R
R

E
C

T
E
D

 P
R

O
O

F

2

A Problem Shared by Many Approaches and Measures

Cor pus-lin guis tic work uti liz ing the above kinds of mea sures have yielded in sight ful re sults. That be ing said, there is one fun da men tal is ‐

sue that, to put it strongly, un der mines es pe cially work that wants to do more than just de scribe, i.e. work that is in ter ested in ad vanc ing

theories with causal mechanisms or work that is applied in the sense of entailing real-world decisions and consequences. This fundamental

is sue is the con tra dic tion be tween two facts:

−   every phe nom e non in lin guis tics is mul ti di men sional (in the sense of en com pass ing sev eral qual i ta tive and quan ti ta tive di ‐

men sions of vari a tion) and mul ti fac to r ial (in the sense that there are mul ti ple causes/ pre dic tors that jointly aff ect the phe ‐

nomenon; yet

−   every one of the above sta tis tics re duces such a mul ti di men sional phe nom e non to just a sin gle num ber: a fre quency (e.g., of a

con struc tion), a dis per sion score (e.g., of a word), a key ness score (e.g., of a word for a topic), or an as so ci a tion score (e.g., of

a verb in a construction).

The con clu sion that this con tra dic tion leads to is that our cor pus-lin guis tic quan tifi ca tions (i) defi  nitely come with a huge loss of in for ‐

ma tion be cause of how mul ti ple di men sions of in for ma tion are re duced into a sin gle nu meric score and (ii) likely come with some (some ‐

times systematic) bias because many of the regularly-used numeric scores have sometimes well-known statistical characteristics that make

cer tain out comes more likely than oth ers. For ex am ple, and as will be dis cussed in more de tail be low, dis per sion mea sures like range or

key ness/ as so ci a tion mea sures like G  do not just quan tify dis per sion and key ness/ as so ci a tion re spec tively, they are also ex tra or di nar ily

sen sitive to fre quency of (co-)oc cur rence. More pre cisely, while range is sup posed to rep re sent the dis per sion of, say, a word, range val ues

of words in cor pora are of ten cor re lated with the words' fre quen cies with R -val ues greater than 0.94 (Gries, 2022c, pp. 182–183),

which begs the ques tion of how much dis per sion in for ma tion such val ues re ally pro vide es pe cially given that other mea sures do not be ‐

have the same ‘du plica tive’ way (see Gries, 2024, p. 324, sec tion 4.4.1 for an ad justed ver sion of the Kull back-Leibler di ver gence (KLD)

for dis per sion or PMI/the odds ra tio for as so ci a tion/ key ness).

Given the un de sir abil ity of in for ma tion loss and sys tem atic bias, there has been a slow but in creas ing push to ward ad dress ing the tra di ‐

tional way of corpus-linguistic quantification and the remainder of this chapter discusses one such way–tupleization.

Tupleization and Orthogonalization

Introduction

The gen eral no tion of tu pleiza tion is a sim ple one, but it is one that (i) till very re cently, has not been ex plored in much de tail and sys tem ‐

atically with much rigor and that (ii) also needs at least one other notion to work well. Tupleization refers to the idea that one should not

use a sin gle sta tis tic to cor pus-sta tis ti cally op er a tional ize some thing lin guis tic, but should use a tu ple, i.e. a se quence or vec tor of val ues

de scrib ing an en tity (e.g. an el e ment in a row of a data frame/ spread sheet) arranged in a spe cific or der for com pa ra bil ity across en ti ties;

often, this just means that an entity is described by multiple values (e.g., the values in additional columns for the same row in the spread‐

sheet). A sim ple non-lin guis tic ex am ple is that one's health can be de scribed—in com pletely, but still heuris ti cally quite well—by a tu ple

of val ues rep re sent ing the re sults of a meta bolic panel con ducted on a pa tien t's blood sam ple; the tu ple could be the se quence of val ues in ‐

dicating a patient's blood glucose level, their cholesterol values, their chloride values, etc.

Given the above, one can de fine the no tion of tu pleiza tion as an in struc tion to an an a lyst to not just use one value to op er a tional ize

some thing. How ever, this en tails an other im por tant con straint fea ture with out which tu pleiza tion is worth less. To use an other non-lin guis ‐

tic example, it does not make sense to try to measure someone's monetary state, or affluence, with a 3-value tuple if the three values are

the value of one's as sets ex pressed in Eu ros, U.S. dol lars, and British pounds be cause, ob vi ously, these val ues are ex tremely highly cor re ‐

lated. In stead, a value tu ple would make more sense if it was, for in stance, the value of one's as sets, the value of one's debt, and one's in ‐

come (all expressed in Euros), because these three dimensions jointly defining affluence can vary much more than the three currencies

can: Peo ple that have the same income ex pressed in Eu ros do not diff er in their in comes in the other cur ren cies (which are de ter min is ti ‐

cally re lated via ex change rates), but peo ple that have the same in come ex pressed in Eu ros can diff er wildly in their as sets as well as their

debts, etc. To return to corpus linguistics and generalize, this means that we also need something Gries (2024, p. 324: Ch. 3) calls or‐

thog o nal iza tion, which is the idea that, for max i mum mean ing ful ness of any tu ple, the diff er ent di men sions that the val ues of the tu ple

are cov er ing should at least the o ret i cally be al lowed to vary fairly, if not com pletely, in de pen dently of each other. The prob lem is that this

is often not the case; the following sections will exemplify these problems.

Association Needs Tupleization/ Orthogonalization

With some sim pli fi ca tion, the most widely-used as so ci a tion mea sures fall into two groups: (i) sig nifi  cance test-based mea sures like G ,

chi-squared, t, z, and p and (ii) effect-size measures or other heuristics like PMI, the (logged) odds ratio, or the KLD. However, these

mea sures ex hibit sev eral of the above-men tioned prob lems: All of them lose in for ma tion be cause they can not dis tin guish di rec tions of as ‐

so ci a tion; i.e., they are not able to see that ac cord ing at tracts to much more than to does ac cord ing. In ad di tion, the first group of mea sures

is so highly cor re lated with fre quency of co-oc cur rence that one can not help but won der whether these kinds of as so ci a tion mea sures re ‐

ally mea sure as so ci a tion: Gries (2022b) shows that t as a col lo ca tion sta tis tic is pre dicted by logged co-oc cur rence fre quency with an
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R  of 0.9765, and Gries (2024, p. 324, Sec tion 4.2) shows that G  is pre dicted by logged co-oc cur rence fre quency of verbs and the

di tran si tive con struc tion with an R  of >0.991. Mea sures of the sec ond group fare much bet ter in that re gard, mean ing they pro vide

val ues that do not sim ply re gur gi tate fre quency in dis guise but pro vide valu able ad di tional in for ma tion.

Keyness Needs Tupleization/Orthogonalization

Given the con cep tual close ness of key ness and as so ci a tion, the sit u a tion here is quite sim i lar. De pend ing to some extent on the sizes of the

tar get and the ref er ence cor pora, key ness sta tis tics can be ex tremely highly cor re lated with ei ther the fre quen cies of the words in ques tion

in general or the difference between the words' frequencies in the target and the reference corpus. Gries (2024, p. 324: Section 4.3)

shows how G for keyness is predicted by frequency differences with an R of >0.972 when the target and the reference corpus are

sim i larly large. When the tar get and the ref er ence cor pus are quite diff er ent in size, then fre quency in the tar get cor pus is vastly more pre ‐

dic tive of G  than an eff ect size mea sure of as so ci a tion (the logged odds ra tio). In ad di tion, there is hardly any key ness re search that dis ‐

tin guishes di rec tions of key ness: Does know ing the word make it eas ier to guess the tar get cor pus or does know ing the cor pus make it eas ‐

ier to guess a word's oc cur rence? Two rare ex cep tions are Po jana punya and Todd (2018) and Gries (2024, p. 324), who show that

treat ing key ness as a sin gle sim ple bidi rec tional mea sure loses dis crim i na tory power and makes it im pos si ble to straight for wardly dis tin ‐

guish the pre dic tive power that words might have for a topic from words that are be ing at tracted by a topic in a way that sta tis ti cally cor re ‐

sponds to the above question of whether according attracts to or vice versa or both. There is also not much work going in the direction of

tu pleiza tion—the only work com ing close un til very re cently was work like Paquot and Best gen (2009), which tried to in cor po rate at

least some dis per sion in for ma tion by uti liz ing how the oc cur rences of word types are dis trib uted over the tar get cor pus.

Dispersion Needs Tupleization/ Orthogonalization

Com pared to key ness and es pe cially as so ci a tion, dis per sion has been re searched much less and, be cause of the na ture of the mea sure, di ‐

rectionality does not apply. However, as has been shown by Gries (2022c, 2024, p. 324, Section 4.1), most dispersion measures are

again so strongly cor re lated with fre quency of oc cur rence that their value is at least not al ways ob vi ous. Us ing the British Com po nent of

the In ter na tional Cor pus of Eng lish (ICE-GB) as an ex am ple, Gries (2024, p. 324) shows that, of six dis per sion mea sures, all are pre ‐

dicted by mere logged fre quency of oc cur rence with R s of be tween 0.82 and 0.948. Sim i larly, in Gries (2022c) the most widely

used dispersion measure, range, is predicted by logged frequency of occurrence in the spoken part of the British National Corpus with an

R of 0.961. This also leads to the problem that words with extremely different distributions but identical frequencies score dispersion

values that do not reflect dispersion but only frequency. Gries (2022c) discusses the example of enormous versus staining in the Brown

Cor pus. Both oc cur 37 times in the 1m word cor pus, but while the in stances of stain ing are all in a sin gle cor pus part, enor mous man ages

to spread its 37 in stances out over 36 cor pus parts. That huge diff er ence notwith stand ing, nearly all dis per sion mea sures in di cate that both

words are ex tremely clumpily dis persed, some thing that flies in the face of the fact that enor mous spreads out its oc cur rences nearly as

much as possible, given its frequency.

Tupleization and Orthogonalization in Practice

It fol lows from the above that tu pleiza tion re quires two steps: op er a tional iz ing rel e vant lin guis tic, cog ni tive, psy cholin guis tic, etc. di men ‐

sions in non-redundant ways and collecting such multiple dimensions of information per data point of interest (instead of relying on just

one mea sure). In some stud ies, some thing along those lines has been pur sued. For ex am ple, in the do main of as so ci a tion, Dur rant and

Schmitt (2009) or Groom (2009) at tempted some thing sim i lar to tu pleiza tion by con sid er ing two nu meric di men sions: they col lected

two as so ci a tion mea sures for each col lo ca tion in ques tion. In the do main of key ness, Mil lar and Budgell (2008) con sid ered a nu meric

and a bi nary di men sion, namely the as so ci a tion of word types to the target cor pus and their dis per sion: they fo cused only on word types

that were nu mer i cally key enough and the bi nary vari able of whether a word type's dis per sion ex ceeded a min i mal thresh old or not (which

of course loses the in for ma tion of how dis persed the word type is). How ever, a more rig or ous ap proach along the fol low ing lines would

prob a bly be more promis ing.

Step 1: Orthogonalization

As men tioned above, an a lysts would ide ally make sure that the di men sions they en ter into a tu ple are as in de pen dently mean ing ful as pos ‐

si ble and, thus, truly con tribute in de pen dently valu able in forma tion. Some times, a sim ple ap proach to this could be to pick mea sures for

the dimensions that one knows or suspects are not already correlated. The above-mentioned Durrant and Schmitt (2009) or Groom

(2009) did so by collecting one association measure from each class of measures: t from the extremely frequency-related significance test-

based mea sures, PMI from the eff ect-size mea sures or heuris tics. This is gen er ally not a bad step but still sub-op ti mal be cause if the t-

score is used to 're flect' the role of fre quency, one could of course just use (logged) fre quency it self rather than a mea sure that is highly,

but not safely de ter min is ti cally, re lated to fre quency.

Another more advanced approach can help when there is no existing measure to fall back on (as when one falls back from t on actual

frequency or from t on an actual effect size measure of association such as the (logged) odds ratio). Gries (2022b,c and especially 2024,
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p. 324) discuss examples of how to 'remove the effect of frequency' from association and dispersion measures. In the case of association,

one could pro ceed in the fol low ing way:

−   one computes the observed statistic, which is the desired association measure as usual, e.g. a t-score;

−   one com putes the high est pos si ble as so ci a tion score for words with the cur rent fre quen cies ob served in the data and for the

cur rent cor pus size, e.g. the t-score when the two words in ques tions co-oc cur as of ten as they can in the cur rent cor pus;

−   one com putes the low est pos si ble as so ci a tion score for words with the cur rent fre quen cies ob served in the data and for the

current corpus size, e.g. the t-score when the two words in question never co-occur.

One then min-max trans forms the three val ues to the in ter val [0, 1] and the new, trans formed ver sion of obs is the new as so ci a tion

score. This is then a t-score  'with out fre quen cy' be cause it has been com puted and nor mal ized for words with the ex act same fre ‐

quency, which is there fore 'held con stant'. Gries (2022b) shows that these as so ci a tion scores are then not re lated to co-oc cur rence fre ‐

quency anymore.

The same logic can be ap plied to re move fre quency from dis per sion scores:

−   one computes the observed dispersion measure as usual, e.g. a KLD-value;

−   one com putes the high est pos si ble dis per sion score for words with the cur rent fre quen cies ob served in the data and for the

cur rent cor pus size, e.g. the KLD-value when all oc cur rences of the word in ques tion oc cur in the small est cor pus part;

−   one com putes the low est pos si ble dis per sion score for words with the cur rent fre quen cies ob served in the data and for the cur ‐

rent cor pus size, e.g. the KLD-value when the word in ques tion is spread out as evenly as a word with that fre quency can be in

cor pus files with the given sizes.

Again, Gries's (2022c) re sults show that this dis per sion  score is not much re lated to fre quency any more but is the best disper ‐

sion score to boost the pre dic tion of lex i cal de ci sion times and the logic of re mov ing fre quency like this can be ap plied to many mea sures.

Step 2: Tupleization

Once one has multiple corpus-statistical dimensions that are as orthogonal as possible, one can apply all of them at the same time to

greatly ex ceed the amount of in for ma tion ex tracted from the cor pus data. For ex am ple, for as so ci a tion data, Gries's (2019) study of

verbs in the di tran si tive re lies on verb-spe cific tu ples of {fre quency, log odds ra tio (for as so ci a tion), dis per sion (De vi a tion of Pro por ‐

tions)}, and his results show that at least the two values of frequency and the log odds ratio are not much correlated at all and, thus, pro‐

vide use ful sep a rate in for ma tion to the an a lyst.

For key ness, Gries (2024, p. 324) de vel ops a three-di men sional no tion of key ness that has a fre quency, but also an as so ci a tion and a

dis per sion com po nent (each based on the KLD). In other words, every word type's key ness is a three-el e ment tu ple {fre quency, as so ci a tion

to target, dispersion across target relative to dispersion across reference corpus}. In a case study of academic writing in the Brown corpus

com pared to the rest of the Brown cor pus, he shows that this ap proach can do what pre vi ous ap proaches can not, namely iden tify words

that are key for aca d e mic writ ing be cause of their as so ci a tion or be cause of their dis per sion or both. For ex am ple, key words that are

mostly as so ci a tion-based are of ten lower-fre quency, but top i cally highly spe cial ized words (such as an ode, bronchial, hy po thala mic, or

tetrachloride, etc.) whereas keywords that are mostly dispersion-based are often higher-frequency and generally academically useful

words (such as essentially, types, basis, distribution, conditions, method, similar, etc.). This exemplifies how distinguishing different or‐

thog o nal lev els of in for ma tion in a tu ple can lead to find ings that decades-old tra di tional ap proaches are un able to pro duce sys tem at i cally.

Conclusion

As this article has shown, the general idea of tupleization is not entirely new: there are studies that capture more than one of the four main

cor pus sta tis ti cal di men sions (re call Dur rant & Schmitt, 2009), and there is work that makes dis tinc tions even within one such di men ‐

sion, as when Schmid and Küchen hoff (2013) or Gries (2013) or (Gries, 2023) make a case for dis tin guish ing diff er ent di rec tions

of attraction for co-occurrence phenomena. However, such approaches are not common practice yet. It is probably fair to say that (i) the

in clusion of more than two di men sions and (ii) the ad di tional re quire ment of or thog o nal iza tion have not been ex plored sys tem at i cally with

much rigor. Gries (2019) is among the first ma jor ex plo ration, which then gets ex tended more sys tem at i cally in Gries (2024, p. 324).

Regardless of which dimensions are included in one's analysis and regardless of which method(s) of orthogonalization are used, more

work on tu pleiza tion seems in dis pens able if only to ad dress the un de ni ably high de gree of in for ma tion loss com ing with the tra di tional

one-sta tis tic-for-every thing ap proach.

In ad di tion, while this short overview fo cused on how out puts from tu pleiza tion are richer than their tra di tional coun ter parts, it is

worth men tion ing that tu pleiza tion can also im prove the in put to cor pus-sta tis ti cal meth ods. For in stance, Gries (2022a) or Ben

Youssef (2024) discuss a tupleization approach to the identification of multi-word units (e.g., names such as Los Angeles, technical terms

like oxygen transfer, complex prepositions like according to, etc.), which can then help improve the results of keyness studies. For exam‐

ple, a traditional keyness analysis comparing American and British English corpora might not return White House as a keyword for Amer‐

i can Eng lish be cause the usual to k eniza tion process might not even rec og nize this as a sin gle unit to be com pared across both cor pora (but

use white and house sep a rately). How ever, in Gries (2022a) and Ben Youssef (2024), tu pleiza tion on the ba sis of eight dif
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 fer ent sta tis ti cal di men sions is used to to k enize the cor pora be fore the key ness analy sis so that such units can be iden ti fied as key. Thus,

such an analy sis would not only see that White House might be a key word for Amer i can Eng lish, it would ac cord ingly also pro duce more

accurate results for white and house as single-word units (because the occurrences of White House would correspondingly reduce the fre‐

quencies of occurrence of white and house). Tupleization (with orthgonalization) is, therefore, an extremely promising strategy for both

bet ter in put and out put in many quan ti ta tive cor pus-lin guis tic ap pli ca tions.
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