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Abstract. We develop an abstract model of information acquisition
from redundant data. We assume a random sampling process from data
which contain information with bias and are interested in the fraction
of information we expect to learn as function of (i) the sampled fraction
(recall ) and (ii) varying bias of information (redundancy distributions).
We develop two rules of thumb with varying robustness. We ﬁrst show
that, when information bias follows a Zipf distribution, the 80-20 rule
or Pareto principle does surprisingly not hold, and we rather expect to
learn less than 40% of the information when randomly sampling 20%
of the overall data. We then analytically prove that for large data sets,
randomized sampling from power-law distributions leads to “truncated
distributions” with the same power-law exponent. This second rule is
very robust and also holds for distributions that deviate substantially
from a strict power law. We further give one particular family of powerlaw functions that remain completely invariant under sampling. Finally,
we validate our model with two large Web data sets: link distributions
to web domains and tag distributions on delicious.com.

1

Introduction

The 80-20 rule (also known as Pareto principle) states that, often in life, 20%
of eﬀort can roughly achieve 80% of the desired eﬀects. An interesting question
is as to weather this rule also holds in the context of information acquisition
from redundant data. Intuitively, we know that we can ﬁnd more information
on a given topic by gathering a larger number of data points. However, we also
know that the marginal beneﬁt of knowing additional data decreases with the
size of the sampled corpus. Does the 80-20 rule hold for information acquisition
from redundant data? Can we learn 80% of URLs on the Web by parsing only
20% of the web pages? Can we learn 80% of the used vocabulary by looking
at only 20% of the tags? Can we learn 80% of the news by reading 20% of the
newspapers? More generally, can we learn 80% of all available information in a
corpus by randomly sampling 20% of data without replacement?
In this paper, we show that when assuming a Zipf redundancy distribution,
the Pareto principle does not hold. Instead, we rather expect to see less than
40% of the available information. To show this in a principled, yet abstract
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Fig. 1. Processes of information dissemination and information acquisition. We want
to predict the fraction of information we can learn (r̂u ) as a function of recall (r) and
the bias in the data (redundancy distribution ρ).

fashion, we develop an analytic sampling model of information acquisition from
redundant data. We assume the dissemination of relevant information is biased,
i.e. diﬀerent pieces of information are more or less frequently represented in
available sources. We refer to this bias as redundancy distribution in accordance
with work on redundancy in information extraction [8]. Information acquisition,
in turn, can be conceptually broken down into the subsequent steps of IR, IE, and
II, i.e. visiting a fraction r of the available sources, extracting the information,
and combining it into a uniﬁed view (see Fig. 1). Our model relies on only
three simple abstractions: (1) we consider a purely randomized sampling process
without replacement; (2) we do not model disambiguation of the data, which is a
major topic in information extraction, but not our focus; and (3) we consider the
process in the limit of infinitely large data sets. With these three assumptions,
we estimate the success of information acquisition as function of the (i) recall of
the retrieval process and (ii) bias in redundancy of the underlying data.
Main contributions. We develop an analytic model for the information acquisition from redundant data and (1) derive the 40-20 rule, a modiﬁcation of the
Pareto principle which has not been stated before. (2) While power laws do not
remain invariant under sampling in general [19], we prove that one particular
power law family does remain invariant. (3) While other power laws do not remain invariant in their overall shape, we further prove that the “core” of such
a frequency distribution does remain invariant; this observations allows us to
develop a second rule of thumb. (4) We validate our predictions by randomly
sampling from two very large real-world data sets with power-law behavior. All
proofs and more details are available in the full version of this paper [13].

2

Basic Notions Used Throughout This Paper

We use the term redundancy as synonym for frequency or multiplicity. We do so
to remain consistent with the term commonly used in web information extraction, referring to the redundant nature of information on the Web. The notions
of data and information are deﬁned in various and partly contradicting ways
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in the information retrieval, information extraction, database and data integration literature. In general, their diﬀerence is attributed to novelty, relevance,
organization, available context or interpretation. The most commonly found understanding is that of data as representation of information which can become
information when it is interpreted as new and relevant in a given context [4]. In
this work, we follow this understanding of data as “raw” information and use
the term data for the partly redundant representation of information.
Let a be the total number of data items and au the number of unique pieces
of information among them. Average redundancy ρ is simply their ratio ρ = aau .
Let ρi refer to the redundancy of the i-th most frequent piece of information.
The redundancy distribution ρ (also known as rank-frequency distribution) is
the vector ρ = (ρ1 , . . . , ρau ). Figure 2a provides the intuition with a simple ballsand-urn model: Here, each color represents a piece of information and each ball
represents a data item. As there are 3 red balls, redundancy of the information
“color = red” is 3. Next, let αk be the fraction of information with redundancy
equal to k, k ∈ [kmax ]. A redundancy frequency distribution (also known as
count-frequency plot) is the vector α = (α1 , . . . , αkmax ). It allows us to describe
redundancy without regard to the overall number of data items a (see Fig. 2b)
and, as we see later, an analytic treatment of sampling for the limit of inﬁnitely
large data sets. We further use the term redundancy layer (also known as complementary cumulative frequency distribution or ccfd) ηk to describe the fraction
kmax
of information that appears with redundancy ≥ k: ηk = i=k
αi . For example,
in Fig. 2a and Fig. 2b, the fraction of information with redundancy at least 3 is
η3 = α3 +α6 = 25 + 15 = 35 . Finally, recall is the well known measure for the coverage
of a data gathering or selection process. Let b be a retrieved subset of the a total
data items. Recall is then r = ab . We deﬁne unique recall as is its counterpart for
unique data items. Thus, it measures the coverage of information. Let bu be the
number of unique pieces of information among b, and au the number of unique
pieces of information among a. Unique recall ru is then ru = abuu . We illustrate
again with the urns model: assume that we randomly gather 3 from the 15 total
3
) and that, thereby, we learn 2 colors out of the 5 total availballs (recall r = 15
able colors (Fig. 2c). Unique recall is thus ru = 25 and the sample redundancy
distribution is ρ̂ = (2, 1).
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Fig. 3. (a, b): Random sampling from an urn ﬁlled with a balls in au diﬀerent colors.
Each color appears on exactly ρ = aau balls. (c): Normalized sample distribution in grey
with unique recall r̂u ≈ 0.8 for r = 0.5 from α in Fig. 2b.

3

Unique Recall

We next give an analytic description of sampling without replacement as function
of recall and the bias of available information in the limit of very large data sets.
Proposition 1 (Unique recall r̂u ). Assume randomized sampling without replacement with recall r ∈ [0, 1] from a data set with redundancy frequency distribution α. The expected value of unique recall for large data sets is asymptotically
kmax
k
αk (1 − r) .
concentrated around r̂u = 1 − k=1
The proof applies Stirling’s formula and a number of analytic transformations
to a combinatorial formulation of a balls-and-urn model. The important consequence of Prop. 1 is now that unique recall can be investigated without knowledge of the actual number of data items a, but by just analyzing the normalized
redundancy distributions. Hence, we can draw general conclusions for families of
redundancy distributions assuming very large data sets. To simplify the presentation and to remind us of this limit consideration, we will use the hat symbol
and write r̂u for lima→∞ E (ru )  E (ru ).
Figure 3 illustrates this limit value with two examples. First, assume an urn
ﬁlled with a balls in au diﬀerent colors. Each color appears on exactly two balls,
hence ρ = 2 and a = 2au . Then the expected value of unique recall ru (fraction
of colors sampled) is converging towards 1 − (1 − r)ρ and its variance towards 0
for increasing numbers of balls a (Fig. 3a, Fig. 3b). For example, keeping ρ = 2
and r = 0.5 ﬁxed, and varying only a = 4, 6, 8, 10, . . ., then unique recall varies
as ru = 0.83, 0.80, 0.79, 0.78, . . ., and converges towards r̂u = 0.75. At a = 1000,
ru is already 0.7503 ± 0.02 with 90% conﬁdence. Second, assume that we sample
50% of balls from the distribution α = ( 15 , 15 , 25 , 0, 0, 15 ) of Fig. 2b. Then we can
expect to learn ≈ 80% of the colors if a is very large (Fig. 3c). In contrast, exact
calculations show that if a = 15 as in Fig. 2a, then the actual value of E (ru )
is around ≈ 79% or ≈ 84% for sampling 7 or 8 balls, respectively (note that 7.5
is 50% of 15). Thus, Prop. 1 calculates the exact asymptotic value only for the
limit, but already gives very good approximations for large data sets.
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Unique Recall for Power Law Redundancy
Distributions

Due to their well-known ubiquity, we will next study power law redundancy distributions. We distinguish three alternative deﬁnitions: (1) power laws in the
redundancy distributions, (2) in the redundancy frequencies, and (3) in the redundancy layers. These three power laws are commonly considered to be diﬀerent
expressions of the identical distribution [2,16] because they have the same tail
distribution1 , and they are in fact identical in a continuous regime. However, for
discrete values, these three deﬁnitions of power laws actually produce diﬀerent
distributions and have diﬀerent unique recall functions. We will show this next.
Power laws in the redundancy distribution ρ. This distribution arises
when the frequency or redundancy ρ of an item is proportional to a power law
with exponent δ of its rank i: ρ(i) ∝ i−δ , i ∈ [au ]. Two often cited examples of
such power law redundancy distributions where δ ≈ 1 are the frequency-rank
distribution of words appearing in arbitrary corpora and the size distribution
of the biggest cities for most countries. These are called “Zipf Distribution”
∞ 
after [20]. Using Prop. 1 we can derive in a few steps r̂uρ (r, δ) = 1− k=1 (2k−
1
1
1)− δ − (2k + 1)− δ (1 − r)k . For the particularly interesting case of δ = 1, this
√
r
artanh( 1 − r).
inﬁnite sum can be reduced to r̂uρ (r, δ=1) = √1−r
Power laws in the redundancy frequency distribution α. This distribution arises when a fraction of information αk that appears exactly k times
follows a power law αk = C · k −β , k ∈ N1 . Again, using Prop. 1 we can deLi (1−r)
rive in a few steps r̂uα (r, β) = 1 − βζ(β) , where Liβ (x) is the polylogarithm
∞ −β k
∞
Liβ (x) = k=1 k x , and ζ(β) the Riemann zeta function ζ(β) = k=1 k −β .
Power laws in the redundancy layers η. This distribution arises when the
redundancy layers ηk ∈ [0, 1] follow a power law ηk ∝ k −γ . From η1 = 1, we get
ηk = k −γ and, hence, αk = k −γ − (k + 1)−γ . Using again Prop. 1, we get in a
r
few steps r̂u,η (r, γ) = 1−r
Liγ (1 − r). For the special case of γ = 1, we can use
ln r
.
the property Li1 (x) = − ln(1 − x) and simplify to r̂u,η (r, γ=1) = − r1−r
Comparing unique recall for power laws. All three power laws show the
typical power law tail in the loglog plot of the redundancy distribution (loglog
rank-frequency plot), and it is easily shown that the exponents can be calculated
from each other according to Fig. 4e However, the distributions are actually different at the power law root (Fig. 4a) and also lead to diﬀerent unique recall
functions. Figure 4b shows their diﬀerent unique recall functions for the particular power law exponent of δ = 1 (γ = 1, β = 2), which is assumed to be the most
common redundancy distribution of words in a large corpus [20] and many other
frequency distributions [16,17]. Given our normalized framework, we can now
ask the interesting question: Does the 80-20 rule hold for information acquisition assuming a Zipf distribution? Put diﬀerently, if we sample 20% of the total
1

With tail of a distribution, we refer to the part of a redundancy distribution for
η → 0, with root to η → 1, and with core to the interval in between (see Fig. 4a).
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Fig. 4. The three power law redundancy distributions (e) have the same power law
tail and power law core but diﬀerent power law roots in the loglog redundancy plot
(a). This leads to diﬀerent unique recall functions (b&d), and diﬀerent fractions of
information learned after sampling 20% data (c).

amount of data (e.g., read 20% of a text corpus, or look at 20% of all existing
tags on the Web), what percentage of the contained information (e.g., fraction
of diﬀerent words in a corpus or the tagging data) can we expect to learn if
redundancy follows a Zipf distribution? Figure 4c lists the results for the three
power law distributions and shows that we can only expect to learn between
32% and 40% of the information, depending on which from the three deﬁnitions
we choose. Note that we can apply this rule of thumb without knowing the total amount of available information. Also note that these numbers are sensitive
to the power law root and, hence, to deviations from an ideal power law. This
is also why unique recall diverges for our 3 variations of power law deﬁnitions
in the ﬁrst place (Fig. 4a). Finally, Fig. 4d shows that the power law exponent
would have to be considerably diﬀerent from γ = 1 to give a 80-20 rule.
Rule of thumb 1 (40-20 rule). When randomly sampling 20% of data whose
redundancy distribution follows an exact Zipf distribution, we expect to learn less
than 40% of the contained information.

5

K-Recall and the Evolution of Redundancy
Distributions

So far, we were interested in the expected fraction ru of information we learn
when we randomly sample a fraction r of the total data. We now generalize the
question and derive an analytic description of the overall shape of the expected
sample redundancy distribution (Fig. 3c). As it turns out, and what will become
clear in this and the following section, the natural way to study and solve this
question is again to analyze the horizontal “evolution” of the redundancy layers η
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during sampling. To generalize unique recall ru , we deﬁne k-recall as the fraction
ruk of information that has redundancy ≥ k and also appears at least k times in
our sample. More formally, let auk be the number of unique pieces of information
with redundancy ≥ k in a data set, and let buk be the number of unique pieces of
information with redundancy ≥ k in a sample. K-recall ruk is then the fraction
of auk that has been sampled: ruk = abuk
. The special case ru1 is then simply
uk
the so far discussed unique recall ru . We assume large data sets throughout this
and all following section without always explicitly using the hat notation r̂uk .
K-recall has its special relevance when sampling from partly unreliable data.
In such circumstances, the general fall-back option is to assume a piece of information to be true when it is independently learned from at least k diﬀerent
sources. This approach is used in statistical polling, in many artiﬁcial intelligence
applications of learning from unreliable information, and in consensus-driven decision systems: Counting the number of times a piece of information is occurring
(its support ) is used as strong indicator for its truth. As such, to believe a piece of
information only when it appears at least k times in a random sample serves as
starting point from which more complicated polling schemes can be conceived.
In this context, ruk gives the ratio of information that we learn and consider true
(it appears ≥ k times in our sample) to the overall information that we would
consider true if known to us (it appears ≥ k times in the data set) (Fig. 5a).
We also introduce a variable ωk for the fraction of total information we get
in our sample that appears at least k times instead of just once. Note that
. All ωk with k ∈ [kmax ] together form the vector ω repreωk = ηk ruk = bauk
u
senting the sample redundancy layers in a random sample with r ∈ [0, 1]. As r
increases from 0 to 1, it “evolves” from the kmax -dimensional null vector 0 to
the redundancy layers η of the original redundancy distribution. Because of this
intuitive interpretation, we call evolution of redundancy the transformation of a
redundancy frequency distribution given by the redundancy layers η to the exr
→ ω, r ∈ [0, 1]. We further use Δk to
pected distribution ω as a function of r: η −
describe the fraction of information with redundancy exactly k: Δk = ωk − ωk+1 .
To deﬁne this equation for all k ∈ N0 , we make the convention ω0 = 1 and ωk = 0
for k > kmax . We can then derive the following analytic description:
Proposition 2 (Sample distribution ω). The asymptotic expectation of the
fraction of information ωk that appears with redundancy ≥ k in a randomly sampled fraction r without replacement from a data set with redundancy distribution
 
k−1 ∞
α is ω̂k = 1− y=0 x=y αx xy ry (1−r)x−y for lima→∞ .
The ﬁrst part of the proof constructs a geometric model of sampling from inﬁnitely large data sets with homogenous redundancy and derives the binomial
distribution as evolution of the redundancy layers. The second part then applies
this result to stratiﬁed sampling from arbitrary redundancy distributions.

6

The Evolution of Power Laws

Given the complexity of Prop. 2, it seems at ﬁrst sight that we have not achieved
much. As it turns out, however, this equation hides a beautiful simplicity for
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Fig. 5. Given a redundancy frequency distribution α and recall r. K-recall ruk describes
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sample: ruk = ωη k (a). Sampling from completely developed power laws leads to sample
k
distributions with the same power law tail, and ruk ≈ r γ holds independent of k for
k  10 (b). Truncated power laws are cut oﬀ at some maximum value kmax (c). As
a consequence, the tails of the sample distributions “break in” for increasingly lower
recalls (d). However, the invariant power law core with ruk ≈ r γ is still visible. Original
and sample web link distribution (e). Resulting k-recalls (f). Original and sample tag
distribution on Delicious (g). Resulting k-recalls (h).

power laws: namely, their overall shape remains “almost” invariant during sampling. We will ﬁrst formalize this notion, then prove it, and ﬁnally use it for
another, very robust rule of thumb.
We say a redundancy distribution α is invariant under sampling if, independent of r, the expected normalized sample distribution Δ/ω1 is the same as the
k
original distribution: Δ
ω1= αk . Hence, for an invariant distribution it holds that
∞
∞
ωk = x=k+1 Δx = ω1 x=k+1 αx = ω1 ηk , and, hence, ruk is independent of k:
ruk = ω1 . With this background, we can state the following lemma:
Lemma 1 (Invariant family). The following family
of redundancy distribu
tions is invariant under sampling: αk = (−1)k−1 τk , with 0 < τ ≤ 1.
The proof of Lemma 1 succeeds by applying Prop. 2 to the invariant family
and deriving ruk = rτ after application of several binomial identities. Note
that the invariant family has a power law tail. We see that by calculating its
asymptotic
with the help of the asymptotic of the binomial coeﬃcient
 1behavior



τ 
=
O
,
as
k
→
∞, for τ ∈
/ N. Therefore, we also have αk = O k −(1+τ )
1+τ
k
k
for k → ∞. Comparing this equation with the power-law in the redundancy
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frequency plot, αk ∝ k −β , we get the power-law equivalent exponent as β = τ +1,
with 1 < β ≤ 2. Also note that the invariant family isnot “reasonable” according
∞
to the deﬁnition of [1], since the mean redundancy k=1 ηk is not ﬁnite.
We next analyze sampling from completely developed power laws, i.e. distributions that have inﬁnite layers of redundancy (kmax → ∞). Clearly, those cannot
exist in real discrete data sets, but their formal treatment allows us to also consider sampling from truncated power laws. The latter are real-world power law
distributions which are truncated at kmax ∈ N (Fig. 5c). We prove that the power
law core remains invariant for truncated power laws, and they, hence, appear as
“almost” invariant over a large range, i.e. except for their tail and their root.
Lemma 2 (Completely developed power laws). Randomized sampling without replacement from redundancy distributions with completely developed power
law tails αC leads to sample distributions with the same power law tails.
Theorem 1 (Truncated power laws). Randomized sampling without replacement from redundancy distributions with truncated power law tails αT leads to
distributions with the same power law core but further truncated power law tails.
The proof for Lemma 2 succeeds in a number of steps by showing that
ui
limi,j→∞ rruj
= 1 for distributions with αC . The proof of Theorem 1 builds
upon this lemma and shows that limkkmax Δk (αT , r) = Δk (αC , r). In other
words, Theorem 1 states that sampling from real-world power law distributions
leads to distributions with the same power law core but possibly diﬀerent tail
and root. More formally, ruk ≈ rγ for k1 < k < k2 , where k1 and k2 depend
on the actual distribution, maximum redundancy and the power law exponent.
Both, tail and root, are usually ignored when judging whether a distribution
follows a power law (cf. Figure 3 in [6]), and to the best of our knowledge, this
result is new. Furthermore, it is only recently that Stumpf et al. [19] have shown
that sampling from power laws does not lead to power laws in the sample, in
general. Our results clariﬁes this result and shows that only their tails and roots
are subject to change. Figure 5b, Fig. 5c and Fig. 5d illustrate our result.
Rule of thumb 2 (Power law cores). When randomly sampling from a power
law redundancy distribution, we can expect the sample distribution to be a power
law with the same power law exponent in the core: ruk ≈ rγ for k1 < k < k2 .

7

Large Real-World Data Sets

Data sets. We use two large real-world data sets that exhibit power-law characteristics to verify and illustrate our rules of thumb: the number of links to web
domains and the keyword distributions in social tagging applications.
(1) The ﬁrst data set is a snapshot of a top level domain in the World Wide
Web. It is the result of a complete crawl of the Web and several years old.
The set contains 267,415 domains with 5.422,730 links pointing between them.
From Fig. 5e, we see that the redundancy distribution follows a power law with
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exponent δ = 0.7 (γ ≈ 1.43, β ≈ 2.43) for k  100. Below 100, however, the
distribution considerably diverges from this exponent, which is why we expect
that rule of thumb 1 does not apply well. We now assume random sampling
amongst all links in this data set (e.g. we randomly choose links and discover
new domains) and ask: (i) what is the expected number of domains and their
relative support (as indicated by linking to it) that we learn as function of the
percentage of links seen? (ii) what is the fraction of domains with support ≥ k
in the original data that we learn with the same redundancy?
(2) The second data set concerns diﬀerent keywords and their frequencies
used on the social bookmarking web service Delicious (http://delicious.com).
A total number of ≈ 140 Mio tags are recorded of which ≈ 2.5 Mio keywords
are distinct [5]. The redundancy distribution (Fig. 5g) follows a power law with
exponent δ = 1.3 (γ ≈ 0.77, β ≈ 1.77) very well except for the tail and the very
root. Here we assume random sampling amongst all individual tags given by
users (e.g. we do not have access to the database of Delicious, but rather crawl
the website) and ask: (i) what is the expected number of diﬀerent tags and their
relative redundancies that we learn as function of the percentage of all tags seen?
(ii) what is the fraction of important tags in the sample (tags with redundancy
at least k) that we can also identify as important by sampling a fraction r?
Results. From Fig. 5f and Fig. 5h we see that after sampling 20% of links and
tags respectively, we learn 60% and 40% of the domains and words, respectively.
Hence, our ﬁrst rule of thumb works well only for the second data set which better
follows a power law (compare also with the prediction for arbitrary exponents
in Fig. 4d). Our second rule of thumb, however, works well for both data sets:
In Fig. 5f, we see that, in accordance with our predication, the horizontal lines for
ruk = rγ become apparent for 102 < k < 103 , and in Fig. 5h, for 101 < k < 104
(compare with our prediction in Fig. 5d).

8

Related Work

Whereas the inﬂuence of redundancy of a search process has been widely analyzed [3,15,18], and randomized sampling used in other papers in this ﬁeld [8,15],
our approach is new in the way that we analytically characterize the behavior
of the sampling process as a function of (i) the bias in redundancy of the data
and (ii) recall of the used retrieval process. In particular, this approach allows
us to prove a to date unknown characteristics of power laws during sampling.
Achlioptas et al. [1] give a mathematical model that shows that traceroute sampling from Poisson-distributed random graphs leads to power laws. Their analysis is limited to “reasonable” power laws, which are such for which α > 2 and
also assumes a very concrete sampling process tailored to their context. This
is diﬀerent from our result which proves that completely developed power law
functions retain their power law tail, and truncated power laws at least their
power law core during sampling. Haas et al. [14] investigate ways to estimate
the number of diﬀerent attribute values in a given database. This problem is
related in its background, but diﬀerent in its focus. We estimate the number
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of unique attributes seen after sampling a fraction and later the overall sample
distribution. Stump et al. [19] show that, in general, power laws do not remain
invariant under sampling. In this paper, we could show that – while not in their
entirely – at least the core of power laws remains invariant under sampling.
General balls-and-urn models have been treated in detail by Gardy [11]. Gardy
showed a general theorem which contains Prop. 1 as a special case. However, she
does neither investigate the behavior of power laws during sampling, nor extends
this result to the evolution of the overall distribution (Prop. 2). Only the latter
allowed us to investigate the overall shape of redundancy distributions during
sampling. Flajolet and Sedgewick [9] study the evolution of balanced, single urn
models of ﬁnite dimensions under random sampling, where dimensionality refers
to the number of colors. They mainly focus on urn models of dimension 2 (i.e.,
balls can be of either of two colors), and also solve some special cases for higher
dimensions. They further note, that there is no hope to obtain general solutions
for higher dimensions, however, that special cases warrant further investigation.
Using a slightly diﬀerent nomenclature, we also studied a special case of balanced, single urn models, however with inﬁnite dimension (i.e., inﬁnite number
of colors), and showed that this case allows closed analytic solutions.
In [12], we gave Prop. 1 and motivated the role of diﬀerent families of redundancy distributions on the eﬀectiveness of information acquisition. However,
we did not treat the case of power laws, nor the evolution of distributions during sampling (Prop. 2). To the best of our knowledge, the main results in this
paper are new. Our analytic treatment of power laws during sampling, the invariant family, and the proof that sections of power laws remain invariant are
not mentioned in any prior work we are aware of (cf. [7,9,10,11,16,17]).

9

Discussion and Outlook

Our target with this paper was to develop a general model of the information
acquisition process (retrieval, extraction and integration) that allows us to estimate the overall success rate when acquiring information from redundant data.
With our model, we derive the 40-20 rule of thumb, an adaptation of the Pareto
principle. This is a negative result as to what can be achieved, in general. A
crucial idea underlying our mathematical treatment of sampling was adopting
a horizontal perspective of sampling and thinking in layers of redundancy (“krecall”). Whereas our approach assumes an inﬁnite amount of data, we have
shown our approximation holds very well for large data sets (see Fig. 2b). We
have focused on power laws, as they are the dominant form of biased frequency
distributions. Whereas Stump et al. [19] have shown that, in general, power laws
do not remain invariant under sampling, we have shown that (i) there exists
one concrete family of power laws which does remain invariant, and (ii) while
power laws do not remain invariant in their tails and root, their core does remain
invariant. And we have used this observation to develop a second rule of thumb
which turns out to be very robust (cp. Fig. 5d with Fig. 5h).
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