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To understand an author’s developmental trajectory, the static traits and properties of
author reconstruction and profiling are not sufficient. Instead, it is necessary to focus on high
level indicators of the complex set of variables that underlie the author’s transient mental states
during his or her creative production. We propose a method that combines information theory
with random fractal theory in order to study the mental dynamics of an author as indicated by
text complexity. To illustrate its application, we analyze the developmental trajectory of the
culturally influential and “graphomanic” 19th century Danish pastor N.F.S. Grundtvig. This
approach can detect an age-related trend (entropic decay), a significant Kehre (turning point),
and multiple event-related change points in his production. We argue that the approach is
applicable beyond the specific case and can be extended to comparative analysis within and
between authors, and, finally, to dynamic analysis of cultural information systems.

Keywords— author profiling, entropy, fractal analysis, Hurst exponent, text analysis

Introduction

Author reconstruction and profiling can broadly be construed as the use of textual features to identify
more or less static traits (e.g., openness, extraversion) and properties (e.g., gender, age) of an author
(Stamatatos 2009). The static nature of such traits and properties can however blur the fact that
textual features reflect an inherently dynamic process of an author’s transient mental states during
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his or her creative production and that these states vary as a function of a complex set of variables.
To understand the developmental trajectory of a prolific author, it is therefore necessary to track
an indicator of these complex mental dynamics. We propose a method that combines information
theory and random fractal theory in order to partially reconstruct the mental dynamics that underlie
an author’s writings.
Multiple research fields are showing a renewed interest in case studies of the mental dynamics that
underlie textual sources. Historians and literary scholars explore the impact of writers’ biographies
on writing style and content (Renders, Haan, and Harmsma 2016; Norris 2016). Philosophers and
cognitive scientists model the knowledge trajectories of intellectual ancestors (Murdock, Allen,
and DeDeo 2015), and computer linguists and psychologists detect author-specific patterns of
mental traits and impairments in the writings of culturally significant persons (Berisha, Wang,
LaCross, and Liss 2015; Le, Lancashire, Hirst, and Jokel 2011). In part, this “biographical trend” is
geared by the rapid development of techniques for automated text analysis combined with massive
digitization of textual cultural heritage. Digital collections of prolific authors allow for an algorithmic
reconstruction of past minds (Nielbo, Nichols, and Slingerland 2017), or, more exactly, the mental
states reflected in the authors’ text production.
As evidenced by the plurality of metrics and methods, reconstruction of mental states from texts
is not a trivial task. Mapping linguistic units, such as words or sentences, onto mental states is
complicated by the fact that a text can have many layers and is not typically a direct representation
of the author’s mental condition. Lexical matching based sentiment dictionaries, for instance, might
be adequate for detecting tone and preferences of social media and consumer reviews, but how does
the average sentiment score of a paragraph narrated by an unreliable fictitious narrator map onto
an author’s mental state? Even in the case of autobiographies, the author is neither bound by the
truth nor does she have unfiltered access to her mind’s information processing. A second set of
problems is related to the displacement between production and publication. While it is possible to
sort texts temporally based on their publication dates, it is complicated to do so in terms of their
production date. Some texts might have taken years to produce, while others are produced in a
matter of months or even days, because ideas and representations develop at multiple time scales
(Donald 2007; Kahneman 2011). At shorter time scales, randomness in the sequential order of texts
is therefore expected and for states to characterize an author, it is necessary to detect dynamics at
longer time scales.
To adequately capture a prolific author’s mental states, it is therefore essential to: a) identify a
metric that summarizes mentally relevant linguistic features, which the writer did not exert direct
control over during writing; and b) analyze variation in this metric with a method that is sensitive to
dynamics at multiple time scales with a particular focus on long time scales. To do this we resort to
Shannon’s source entropy or just entropy as a measure of text complexity, and combine it with an
index of persistence from random fractal theory in order to capture the dynamics of mental states
reflected in a specific case study of the collected writings of Danish pastor N.F.S. Grundtvig. The
approach (i.e. the combination of entropy and random fractal theory) is applicable beyond the
specific case and therefore of general relevance to text-based studies of dynamics.
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While entropy and information theory are widely used for studying a) variability in discrete time
series such as characters and words (Shannon 1948; Thoiron 1986; Zhang 2016) and b) dynamics
of creativity and innovation (Barron, Huang, Spang, and DeDeo 2017; Bilder and Knudsen 2014;
Gabora 2016; McGavin 1997; Murdock, Allen, and DeDeo 2015)(see appendix A, equation 1-2),
fractal analysis is less common in the social sciences and humanities. Methods for fractal analysis
are used in many areas of science to study self-similarity in dynamic systems (Liebovitch and
Shehadeh 2003). Dynamic systems are systems that change over time or, more exactly, systems
whose behavior can be described as a function of time. Dynamic systems exist in history and
culture, at every level of abstraction, from the individual reading process or plot of a novel to the
complex interplay of agents and objects that we refer to as societies and historical periods. Some
dynamic systems exhibit self-similarity such that patterns of fluctuations at shorter time scales
are scaled copies of fluctuations at longer time scales. In figure 1 self-similarity is pronounced in
the persistent random walk (h), where rounded mountain-like structures can be observed across
multiple time-scales. An example of self-similarity can be found in reading, where self-similar
properties are found at multiple time-scales, because reading fluency and word comprehension
are affected by the word, its immediate context (i.e. shorter time scales) as well as the larger text
context of paragraphs and chapters (i.e., longer time scales) (O’Brien, Wallot, Haussmann, and
Kloos 2014). At a higher level of abstraction, classes of cultural representations show differential
self-similarity. Collective representations related to natural events (e.g., earthquakes, lightning,
fires) have self-similar properties because they re-occur at regular intervals of varying lengths (Gao,
Hu, Mao, and Perc 2012). Light earthquakes, for instance, occur every year, but great earthquakes
only occur a couple of times each decade. In contrast, representations of social events do not exhibit
self-similarity because their occurrence depends on a complex interplay of human agents, which
seem to result in a more chaotic profile.
Many culturally relevant complex systems display self-similarity in psychology (Chater and
Brown 1999), economy (Marchant 2008), sociology (Gao, Fang, and Liu 2017), health (Eke, Herman,
Kocsis, and Kozak 2002), language (Gao, Hu, Mao, and Perc 2012) and music (Voss and Clarke
1975). In all these domains we find an important class of fractal objects called 1/ f α , which has
attracted considerable attention due to findings of so-called “pink noise”, where α = 1, in a range of
natural and man-made processes. The presence of 1/ f α noise seems to be linked to self-organized
criticality (SOC) in dynamic systems, which is fundamental for complex self-organizing processes
(Bak, Tang, and Wiesenfeld 1987). Psychologists have argued that SOC represents a unifying
principle in psychological systems that couple with a self-similar physical world (Chater and Brown
1999). In the present study we are targeting a subclass of 1/ f α noise called a 1/ f 2H+1 process
(see appendix A, equation 3). For 1/ f 2H+1 processes, we estimate the Hurst exponent which is
an index of self-similarity and, by extension, the complex organization of the process. The Hurst
exponent takes values of 0 < H < 1 and measures the persistence of a time series, that is, the
degree to which a pattern of fluctuation persists at multiple time-scales. The following heuristic
can be used to identify different classes of or states in time series (Gao, Hu, and Tung 2011): For
0 < H < 0.5, the time series is an anti-persistent process (i.e., increments are followed by decreases
3
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and decreases by increments); for H = 0.5, the time series only has short-range correlations also
called short memory; and when 0.5 < H < 1, the time series is a persistent process (i.e. increments
are followed by increases and decreases by further decreases) that is characterized by long-memory1
(Fig. 1). Returning to the previous examples of self-similarity, we can say that the reading and
representations of natural events are persistent processes because it has been shown that for reading
speed and word frequencies over time respectively H > 0.5.
The rationale behind our proposed combination of entropy and fractal analysis is as follows:
First, the data consists of the collected writings of one prolific author, N.F.S. Grundtvig (Grundtvig
henceforth) (see appendix A, Data). Entropy is estimated for each work and used as a direct
measure of its lexical variability (i.e. text complexity) and an indirect measure of the complexity
of Grundtvig’s mental states during its production (see appendix A, Entropy). This measure is
positively associated with the creativity and innovation of the text such that higher levels entropy
measure higher complexity (see Related Work), which is indicative of changes in Grundtvig’s
mental states. Importantly, by itself the measure cannot distinguish between the different status or
content of the mental states - whether Grundtvig was unbalanced, delirious or manic when writing.
Second, Fractal analysis is applied to the time-ordered work entropies in windows of size n in order
to estimate a time-varying Hurst exponent (see appendix A, Fractal Analysis). The time-varying
Hurst exponent is then interpreted as a proxy for the persistence or continuity of the complexity of
mental states during Grundtvig’s productive career. We are particularly interested in windows where
0.5 < H < 1 as expressions of creativity and innovation, because that indicates a self-organizing
process underlying a sequence of productions or what might more popularly be called “creative
flow” between the works.

Case Study

Nikolai Frederik Severin Grundtvig (1783-1872) was a “graphomanic” pastor, pedagogue, politician
and polyglot; his language, individual texts and thoughts have had considerable impact on Danish
national identity (Hall, Korsgaard, and Pedersen 2015). He was hyperactive as a poet, as a scholar,
and as a polemic columnist. Today he is considered one of the most important characters of
19th century Danish intellectual activity – more important even than his contemporaries, Søren A.
Kierkegaard (1813-1855) and H.C. Andersen (1805-1875). Influenced by the Romantic Movement
(Scharling 1947; Lundgreen-Nielsen 1980), Grundtvig is perceived to be a central agent in the
construction of a modern Danish cultural identity focused on encompassing every social stratum in
the socially revolutionary 19th century (Nygaard 2012). It is widely acknowledged that Grundtvig
worked for and, at least to some extent, succeeded in constructing a sense of community within
the Danish people - the “Folk”. The goal was to create a collective consciousness incorporating
the social heterogeneous “Folk” as well as cultural heroes from the days of yore: an imagined
community (Anderson 1983; Damsgaard 2014; Korsgaard 2004).
1Persistent and long-memory processes are used interchangeably when referring to time series for which 0.5 < H < 1.
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Fig. 1: Processes that exhibit anti-persistent (a-c), short memory (d-f), and persistent (g-i) behavior. Left to right shows
noise-like processes (a,d,g), random walks obtained from the noise-like processes (b,e,h), and, finally, estimation of the
Hurst exponent for matching process (c,f,i). Many cultural processes are noise-like (a,d,g), but in order to estimate
the Hurst exponent it is necessary to transform them to random walks through first-order integration (see appendix A,
equation 4). In most cases, we are therefore not studying the process directly, but its incremental structure (b,e,h). The
behavior of the process (anti-persistent, short-term, persistent) can often be observed at the initial plot (a,d,g). The
anti-persistent process (a) oscillates rapidly around its average at F (X ) = 0 and short memory process (b) contains short
wave-like spikes. The persistent process (c) on the other hand contains copies of itself across multiple time-scales. The
last feature is an expression of self-similarity, which becomes more apparent for the persistent random walk process (h),
where rounded mountain-like structures are embedded in the process at short, medium and long time scales. The degree
of self-similarity in a process can be estimated by Adaptive Fractal Analysis (c,f,i),(see appendix A, equation 5-6),
where a line is fitted to the residuals F (w) of the detrended process over multiple time-scales or windows w. The Hurst
parameter H is estimated as the slope of the linear fit and describes how fast the overall average amplitude F (w) grows
with increasing window size w. For the anti-persistent process, the slope < 0.5, for the process with only short-range
correlations (i.e., short memory) it is approximately 0.5, and for the persistent process the slope is > 0.5. Notice that a
linear fit is not a very accurate description of the anti-persistent process (c), which at short time scales (w < 16) is
steeper, while at longer time-scale (w > 16) is more flat. This is an indication of a multi-fractal process. In this example,
the process still remains anti-persistent because the slope is < 0.5 at both time scales.
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Ambitions of identity formation were incorporated in his work on the Danish school system mainly the secondary or tertiary levels of education were incorporated in his visions for the so-called
folk high schools (Grell 1998) aiming to cultivate the “civil esprit” in the Danish youth (Balle 2014;
Møller 2017). But identity formation was also dominant within his work on the institutional church
culture. Questions of, on the one hand, church historical continuity and authenticity and, on the
other, modern liberal reflections on religious freedom are prevalent in his scholarly-theological
writings as well as his poetic, hymnic production (Baunvig 2017). Furthermore, it is held that
Grundtvig helped form Danish democratic culture (Nevers 2011) through his work in the Constituent
National Assembly (1848) and in parliament (1849-58, 1866)(Korsgaard 2012): He has gained the
position of a founding father and is referenced within the manifestos of all the main political parties
represented in parliament with the exception of one. Grundtvig is an integral part of Danish cultural
self-understanding and his work is part of the Danish Ministry of Education’s list over important
historical roots of Danish democracy.2
Ever since its foundation within the late 1940’ies, research in Grundtvig as an academic discipline,
which is driven by theologians, literary scholars and historians, has been directed by an eagerness to
detect one or more biographical or literary turning points within the collected writings (Pedersen
2003). Within the ever-growing bulk of Grundtvig studies the years 1810, 1825, 1832, 1835, 1838,
1839, 1848 are competing for scholarly attention. Here discussions on psychological development
and shifts in intellectual orientations are often condensed into teleological proclamations that one
specific year represents Grundtvig’s arrival at his ‘authentic state’ as it were. The work of theologian
Kaj Thaning and his emphasis on 1832 is perhaps the most obvious representative for this line of
work (Thaning 1963; Nielsen 2002; Pedersen 1994).
Grundtvig’s collected writings consist of 921 works with a median work length of four pages.
The data set covers a variety of genres (e.g., hymns, poems, speeches, dissertations and letters)
and spans eight decades (1804-1871). Inversely to the year fetishism, the diversity of the text
material has time and again been the target of scholarly reflection (Auken 2014). This interest
can to some extent be seen as a direct reaction to what is considered to be an over-emphasis on
biographical questions such as authorship development and (sequential) coherence. The sum of
individual texts can hardly be considered to constitute an oeuvre as such being as they are highly
bound to their specific production context, is the argument - echoing a new criticism logic (Auken
2005; Lundgreen-Nielsen 1980). We accept this criticism of the naïve interest in the Grundtvig
biography. However, we wish to explore the mental dynamics of Grundtvig as an author (Baunvig
and Nielbo 2017). Here a focus on text complexity and not on specific semantic statements within
the texts is convenient.

2Danish version available at: http://static.uvm.dk/Publikationer/2008/demokratikanon/kap38.html
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There is a range of statistical measures of lexical variability originating in linguistics, which are
based on the number of unique words (or types). The most widely known is probably the Type-Token
P
Ratio: TT R = Nlex / in Fr (wi ) × 100, where Nlex is the size of the lexicon and Fr is the frequency
of word wi . TT R and its derived measures reliably function as indices for linguistic development
(Snowdon D.A., Kemper S.J., Mortimer J.A., Greiner L.H., Wekstein D.R., and Markesbery W.R.
1996) and carry information about mental decay, specifically, onset of dementia and Alzheimer’s
Disease (Berisha, Wang, LaCross, and Liss 2015; Le, Lancashire, Hirst, and Jokel 2011; Garrard,
Maloney, Hodges, and Patterson 2005). Even in certain non-pathological cases measures of lexical
variability can track age-related lexical decay (Snowdon D.A., Kemper S.J., Mortimer J.A., Greiner
L.H., Wekstein D.R., and Markesbery W.R. 1996). Crime novelist Agatha Christie, for instance,
showed a marked increase in lexical and syntactic redundancy with age (Lancashire and Hirst 2009).
Importantly, TT R is also linked to creativity in sentence writing (Zhu, Xu, and Khot 2009) and
musical lyrics (Hu and Yu 2011) with higher lexical diversification indicating greater creativity.
In similarity with TT R, entropy captures patterns of lexical variability, because it summarizes
most of the information in the frequency distribution of a text. Entropy is more general than
TT R because it applies to non-linguistic domains and originates outside linguistics in a formal
and axiomatic approach to information (Shannon 1948).3 For time series objects, such as a text,
entropy captures its variability and is indicative of its complexity such that larger values indicate
greater complexity (Bandt and Pompe 2002). Time series analysis of source and relative entropy for
texts can be used to identify change points and trends in lexical complexity (Zhang 2016), lexical
innovation and preservation (Barron, Huang, Spang, and DeDeo 2017; Evrard 1985), and finally
model the impact of biographical events in an author’s intellectual life (Murdock, Allen, and DeDeo
2015). For studies of cognitive development and cultural evolution, entropy has been suggested as a
unifying principle and fundamental driver linked to restructuring, innovation and creativity (Bilder
and Knudsen 2014; Gabora 2016; Rigau, Feixas, and Sbert 2007).
Although analysis of persistent 1/ f 2H+1 processes has great potential for cultural and historical
research where multiple unknown parameters are typically the norm, it has to our knowledge rarely
been applied. One study found that the Hurst exponent of article content is predictive of the global
terrorism index, because countries impacted by armed conflict have a high degree of persistence
in reports of deaths, injuries and incidents (i.e., H > 0.5 for negative events) (Gao, Fang, and Liu
2017). The Hurst exponent has also been shown to be sensitive to content (Gao, Hu, Mao, and
Perc 2012), media type and the dynamics of consumer products in large scale text analysis (Wevers,
Nielbo, and Gao submitted).

3The concept of entropy actually originates in classical thermodynamics, but it is Shannon’s information theoretical
construct that is the focus of this article.
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Entropy and Global Dynamics

Fig. 2: Averaged entropy computed over slices of 1000 words for each of Grundtvig’s time-ordered works. The
distribution of entropy in upper right corner approximate a Gaussian normal as indicated by the fit (black line) with a
positive skew.
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The raw entropic process of Grundtvig’s active years is shown in figure 2. The average amplitude
of variation measured by the root mean square is RM S = 4.05, SD = 0.05 with some extreme
values, which are responsible for the positive skew of the distribution. No overall linear trend can
be discerned from the entropy of Grundtvig’s writings. This was confirmed by using the ordinary
least squares methods to fit entropy on year: F < 1. At first glance the data do, in other words, not
indicate decay of lexical variability or text complexity. To identify possible persistent correlations,
AFA was applied to the full time series in order to estimate its Hurst parameter. Results primarily
indicated short-term correlations with a small tendency to anti-persistent behavior: H = 0.47. Over
Grundtvig’s entire life-time we do, in other words, not observe persistent trends in the Grundtvig’s
text complexity. Searching for persistence in the entire signal might however be misleading, because
it assumes one coherent developmental trajectory that spans eight decades of psychological and
social events. By investigating variation in the Hurst exponent over a moving time-window instead,
we can capture long-range trends and remain sensitive to local dynamics.

Time-varying Hurst Exponent

For the time-varying Hurst exponent RM S = 0.51, SD = 0.04, which indicates virtually memoryless
central tendency. By observing the signal’s behavior as the difference, ∆H from the memoryless state
of H = 0.5, it becomes apparent that the positive difference (i.e., a trend towards persistence) groups
8
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in the early part of Grundtvig’s career, while the anti-persistent dynamics become more pronounced
with age (see figure 3). To minimize effects of temporal displacement and emphasize stable trends,
an adaptive filter was applied to the signal, which combines local linear trends with a global smooth
trend (black bars in figure 3). The observable age-dependent trend was corroborated by correlating
∆H with age, which confirms in a statistically reliable inverse relationship: r = −.67, p < .00001.
The time-varying Hurst exponent does in other words show evidence of entropic decay over the
life-time of Grundtvig.

D
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Fig. 3: The difference (∆H) from short memory only (H = 0.5) for the time-varying Hurst exponent of entropy. Gray
bars represent the original difference, while black bars are the results of adaptive filtering in order to emphasize stable
trends.

To further explore this process of entropic decay, we emphasize two related levels of resolution:
a coarse- and a fine-grained level (see figure 4 and table 1). The resolution levels are based on a
simple mean-shift model for change point analysis that identifies changes in the mean of ∆H that are
statistically reliable at two α-thresholds (Kulkarni, Al-Rfou, Perozzi, and Skiena 2015; Tyler 2000).
At the coarse level, the persistence in text complexity of Grundtvig’s writings can be split in two
parts based on a change point in 1826. The early phase before 1826 is characterized by persistent
dynamics such that a jump in complexity ‘inspires’ another jump up in the incremental process
(and vice versa). The later phase, on the other hand, is characterized by a trend towards increasing
anti-persistent dynamics such that Grundtvig can be said to rely increasingly on the same average
level of complexity with age, that is, a jump up ‘promotes’ a jump down in the incremental process
(and vice versa) resulting in the mean-reverting behavior of the signal. The fine-grained level detects
multiple phases that oscillate between short memory and anti-persistent dynamics embedded in the
second coarse phase. Immediately after the early persistent phase, Grundtvig switches into a phase
dominated by short memory only, which lasts until 1839. Between 1839 and 1845 Grundtvig’s
writings show predominantly anti-persistent dynamics, which is succeeded by a three year period of
short memory. Finally, Grundtvig’s late writings switches back to mean-reverting behavior.
9
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Fig. 4: Distance matrix for ∆H data with coarse (white dashed lines) and fine (white dotted lines) resolution level
overlaid. Dark rectangular areas along the main diagonal indicates phases, while dark/light squares off the main diagonal
indicate similar/dissimilar phases, respectively. It is apparent that the dynamics of the early 1806-1826 phase are
dissimilar (∆H > 0) from all later phases (∆H ≤ 0), but the fine grained changes in the later phase can also be observed
by the checkered pattern after 1826. Normalized Euclidean distance was used as distance metric.

Table 1: Dominant Dynamic in the Phases of N.F.S. Grundtvig’s Writings

Time period
1806-1826
1826-1839
1839-1845
1845-1848
1849-1872

Age of onset
23
43
56
62
65

Coarse
H > 0.5
H ≤ 0.5
H ≤ 0.5
H ≤ 0.5
H ≤ 0.5

Fine
H > 0.5
H ≈ 0.5
H < 0.5
H ≈ 0.5
H < 0.5

Behavior
persistent
short memory
anti-persistent
short memory
anti-persistent

To summarize, we can see that Grundtvig’s collected writings do not indicate decay in the raw
entropic signal. If, however, we model the time-varying Hurst exponent, we do find a negative trend
that corresponds to decay in the persistence of the text complexity. Interestingly, the method allows
us to explore the signal at multiple resolutions and detect several hierarchically related points of
change in Grundtvig’s writings.
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Concluding Remarks
By combining measures from information theory and random fractal theory, the present study has
modeled an aspect of a prolific writer’s developmental trajectory as it is reflected in persistent trends
of text complexity. The results pertaining to the case study of Grundtvig require further discussion as
does possible extensions of the approach to multiple authors and other cultural information systems.

Case study
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Based on entropy, there is no indication of lexical decay in Grundtvig’s collected writings. This is
not surprising because lexical measures that are similar to entropy, such as TT R, are primarily suited
for identifying decay related to pathological conditions, and there are no records indicating that
Grundtvig suffered from dementia. There are some indications that Grundtvig suffered from bipolar
disorder (Helweg 1932), traces of which can be identified by analysis utilizing lexical variability
(Baunvig and Nielbo 2017). The two-phase model based on the coarse-grained level of analysis
essentially identifies decay in persistent complexity as a function of age with a change point round
Grundtvig’s 43th year (see table 1). It is tempting to interpret this change point as the creative
parallel for art and science to Hardy’s claim that “mathematics ... is a young man’s game” (Hardy
1967). Beyond aging, the specific change point possibly reflects events in Grundtvig’s life.
In the early 1820’ies Grundtvig became a deacon assisting ministerial work first in the rural
village Præstø (1821) later in Copenhagen (1822). Grundtvig scholars point to 1821-1824 as an
important period for Grundtvig’s professional maturation (Pontoppidan Thyssen 1983). For the
first time in his professional career Grundtvig regularly had the opportunity to test his theological
reflection on a specific congregation through his sermons and hymnic production. For Grundtvig,
scholars have repeated, this lead to a new definition of the protestant church emphasizing the role of
congregational community. And as such 1821-1824 is generally considered a prelude to the climax
of 1825-1826 (Koch 1959; Thodberg 1983; Pedersen 2003). This is considered one of the most
important biographical turning points:
In 1825 Grundtvig publishes the highly polemic pamphlet Kirkens Gienmæle (“Response of the
Church”) criticizing professor H.N. Clausen and his recent theological dissertation. Grundtvig’s
critique is an application of his ideas on the importance of lay “energy” as opposed to overly academic
theological reflection. His text led to a defamation verdict and censorship. As a consequence
Grundtvig resigned as deacon in 1826. From 1826 and onwards, Grundtvig’s writings become less
theoretical and the polemic elements are somewhat reduced. Instead he strengthens a pragmatic
focus with the congregation as the center of the church. Gradually, theoretical papers are substituted
by psalms and pedagogical-devotional literature reflecting a fundamental transition from theological
thinker to a more praxis-oriented and pragmatic pastor centered on 1825-26 (Baunvig 2013).
Based only on the persistence of aggregated complexity, the model manages to correctly identify
this “Road to Damascus” moment in Grundtvig’s life. A finer and more detailed account of the
two-phase model’s second phase can be obtained from the five phase model, which differentiates
11
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between four phases post 1826. During its second 1826-1839 phase, Grundtvig becomes a freelancer
and conducts several study trips to the United Kingdoms. From the model, we know that his writings’
complexity lack persistence during this phase and therefore only displays dependencies at short time
scales (i.e., only works that are close by show dependence). We speculate that the lack of persistence
is indicative of an author that acquires new experiences that only temporarily change or stabilize in
the author’s creative space. This line of thought corresponds with trends in the Grundtvig literature
stressing the 1830’ies as a “Sattelzeit” (Thaning 1963; Christensen 2013).
In 1838 at the initiation of the third phase, Grundtvig receives his public breakthrough with
the Mands Minde (“Living Memory”) lectures held at Borch’s College in Copenhagen; this was
a decisive cultural event in mid-19th century Denmark (Barfod 1839; Kaalund 1839) - ultimately
leading to the development of the Danish folk high schools (Koch 1954; Lundgreen-Nielsen 1998).
Immediately following this, in 1839, Grundtvig receives his second pastoral employment, this time
in Vartov Copenhagen. The position was given to him by king Frederik 6th of Denmark. During this
third phase, Grundtvig’s writings display anti-persistent behavior reverting to an average model of
complexity. His mental states do in other words appear fixed or rigid, which is likely to reflect an
early onset of old age combined with repetitions of slogans that the young men at Borch’s College
enjoyed (Baunvig 2014).
The fourth phase is a short intermediary period, where the writings briefly returns to a short
memory process that lack persistence and continuity. During this stage Grundtvig is not well,
struggling both with his physical and mental health. Early research explores Grundtvig’s lack of
“aandelig Ligevægt” (mental stability) (Rönning 1907; Helweg 1932) during these years.
Finally, this short memory phase is replaced by the final phase where Grundtvig returns to the
anti-persistent dynamic. Beyond old age, it is likely that the mean-reverting behavior reflects the
dispersion of Grundtvig’s discursive activity into an increasing number of genres (Auken 2014) due
to Grundtvig’s dual (official) obligations as pastor and politician from 1949 and onwards.

Further Applications

The approach we have presented is applicable beyond the specific case study. We envision three
applications, where the approach can contribute to the study of dynamics in the social sciences and
humanities: author transitions, author comparisons, and dynamics of cultural information systems.
Results from the case study illustrate the approach’s potential for Kehre detection, that is, the
detection of significant transitions or change points in an author’s production and the underlying
mental correlate. The two-phase model of Grundtvig resonates with theoretical arguments for distinct
younger and older profiles in the collected writings of, for instance, philosopher M. Heidegger,
theologian M. Luther or author M. Kundera. Similarly, the construct “late style” describes a distinct
late phase in an artist’s production (Hutchinson 2016; McMullan and Smiles 2016; Said 2006). Our
approach can be used to validate such claims of an author’s mental Kehre. A current constraint is
the number of samples necessary to get a reliable estimate of the Hurst exponent. Currently, we
are using sample size of 256 works for an accurate measure of H, which limits the technique to
12
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highly prolific authors. It is possible to get accurate estimates with as little as 120 data points (Gao,
Hu, Mao, and Perc 2012). Another way to circumvent this limitation is by sampling multiple times
from the individual works. One could for instance treat slices of n tokens as works keeping in mind
that this process will a) result in fewer samples for estimating entropy and b) introduce a hierarchy
of slices where some slices come from the same original work and other from different original
works. Currently we are only comparing entropy estimates that originate in different original works.
Another concern originates in the bias that incorrect or insufficient dating might introduce. If for
instance Grundtvig wrote all his early works in a time window that was significantly shorter than the
period spanned by the publication dates and his later works were uniformly distributed across the
publication dates, we would be over-emphasizing the persistence for the early Grundtvig. Whether
this represents an issue, which in our case it does not, is an empirical problem related to the specific
data set.
Compressing an author’s production to a one-dimensional series of temporally ordered samples,
which captures a relevant feature of the data makes several comparisons within and between authors
possible. As an example of a relevant within author comparison, take the construct of the “suffering
artist”, which predicts an inverse and asymmetric relation between creative and emotional states of
an author, such that emotional states predict creative states. Make the assumption that sentiment
analysis can track an affective dimension of an author, 4 our approach can then test if an author
is an instance of the “suffering artist”. This can be done by modeling the asymmetric relations
between (long-range dependencies in) affective content and text complexity as an estimate of
causal directionality. Similarly, we can compare similarities and dependencies between authors’
developmental trajectories using either basic correlational methods or more advanced sequence
alignment. How, for instance, does H.C. Andersen’s developmental trajectory differ from Grundtvig
and to what extend are their production impacted by the same external events? An interesting
extension of such between-author comparisons is a typology of author dynamics that controls for
demographic variables such as age, gender, ethnicity and educational level. A challenge, however, is
identification of metrics that can estimate relevant properties from the available data. An advantage
of Shannon’s source entropy, as well as other metrics based on information theory, is that they track
properties that are related to general information processing (Bilder and Knudsen 2014; Gabora
2016). A further advantage of using information theory is that it is not confined to linguistic data,
which in principle makes our approach applicable to other kinds of cultural media such as images
and audio.
Finally, we want to mention that although our approach is developed for studying the dynamics
of a single author, there is no principled reason that it cannot be applied to higher level systems.
Whenever we can reasonably assume that a collection of texts is an expression of the evolution of a
cultural information system, the approach can the applied to study the dynamics of the system’s
complexity. While the study of entropic trends in collections of homogeneous texts is not a new topic
4Although this assumption can be problematic, it is not uncommon in author profiling (Argamon, Koppel, Fine, and
Shimoni 2003; Schler, Koppel, Argamon, and Pennebaker 2006).
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(Zhang 2016), the advantage of our approach is that it goes beyond simplistic central tendencies
such as RM S and focuses on the fractal properties, specifically long range dependencies, which
can capture fine-grained structure in the system’s variable and dynamic behavior. It is important to
emphasize that for applications beyond a single author, the interpretation of the results has to rely on
proper domain knowledge.
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The writings of Grundtvig were collected from the database available at www.grundtvigsværker.dk.
At the time of acquisition, the database contained 921 works with a median work length of four
pages. This data set covers a variety of genres (e.g., hymns, poems, novels, and letters) and spans
eight decades (1804-1871). For estimation of word-level entropy, only alphabetic characters were
kept in the data set and each work was sliced into segments of 1000 words for the purpose of length
normalization.5 The entropy of a work was then computed as the average entropy of the work’s
segments. For time series analysis, the works were sorted temporally by combining metadata for
publication year with the sequential order from the database. The Hurst exponent was estimated for
windows of 256 works using a sliding window with maximal overlap.

Entropy

Information theory offers a general framework for measuring informational variation and dependencies in strings such as character and word sequences. In the discrete case with K distinct values,
classical source entropy h of Shannon is a measure of variability. For this study h is measured at the
word level with a lexicon of K distinct types accordingly:
h=−

K
X

pi × log2 (pi )

i=1

5In general, the results are robust for segments of 250, 500 and 1000 words.
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with p being defined as:
pi = Fr (wi )/

K
X

Fr (wi )

(2)

i=1

Fractal analysis
Fractal Dynamics

FT

where Fr is the absolute frequency of word w. Word-level entropy measures the lexical variability
of a tokenized string and results in 0 6 h 6 log2 K with h = log2 K if the words are uniformly
distributed (i.e., a string where each word occurs with equal probability) and h = 0 if the string
is perfectly predictable (e.g., a string with repetitions of only one word). Entropy is, as other
measures of lexical variability, influenced by text length. On the assumption that a corpus consists
of homogenous texts, differences in length may be a relevant informational feature (Zhang 2016),
this assumption, however, is not valid for authorships covering multiple genres and styles. In such
cases length normalization is a more viable solution, where entropy is either normalized by text
length or estimated based on slices of equal length.
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Many natural and man-made complex dynamic systems are fractal in the sense that they display
self-similar and scale-invariant behavior. In the context of stochastic systems, self-similarity means
that the system’s fluctuation patterns at faster time-scales resemble fluctuation patterns at slower
time scales, while scale-invariance means that the measurement of these patterns does not depend
on the resolution of the time scale of the measurement (Riley, Bonnette, Kuznetsov, Wallot, and
Gao 2012). In order to determine if a system is fractal, fractal analysis therefore examines the
relationship between the measurement and it’s time scale, specifically, whether this relationship is
characterized by power-law scaling (see figure 1).
A 1/ f fractal process has a power-law decaying spectral density and it can therefore not be
adequately modelled by standard techniques for time series analysis, such as an ARIMA model or a
Markov process, because they have distinctly different spectral densities. A 1/ f 2H+1 process where
0 < H < 1 is a non-stationary random-walk process, the differentiation of which is a covariance
stationary stochastic process with mean µ, variance σ 2 , and autocorrelation function (Cox 1984):
r (w) = E(Xt Xt+w )/E(Xt2 ) ∼ w 2H−2, as w → ∞.

(3)

where w is the time lag. In this case X has a power spectral density 1/ f 2H−1 . To adequately
model a 1/ f process, a fractional order process has to be used such as the fractional Brownian
motion model (Mandelbrot 1982). For fractal analysis it is helpful to understand the difference
between fractional Brownian motion ( f Bm) and fractional Gaussian noise ( f Gn). Both types of
signals are characterized by long-memory, that is, they exhibit correlations over longer time scales.
But where f Gn is a stationary process (i.e., its mean or variance do not change over time), f Bn
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is non-stationary (i.e., its mean or variance show a time dependent trend) and has a power-law
increasing variance (t 2H ), and power-law decaying power spectral density (1/ f 2H+1 ) (Mandelbrot
and Ness 1968; Beran 1994; Mandelbrot 1997; Kuznetsov, Bonnette, Gao, and Riley 2013). The
two types of signals are related because f Bn process can be created from a f Gn through integration
and f Gn from f Bn through differentiation (Eke, Herman, Kocsis, and Kozak 2002). The Hurst H
exponent quantifies persistence or memory in time series, where 0 < H < 0.5 is an anti-persistent
process, H = 0.5 is a short-memory process, and 0.5 < H < 1 is a persistent process (Gao, Hu,
and Tung 2011). The interpretation of H, however, depends on characterizing the signal as f Gn or
f Bn. H describes the correlation structure for f Gn, while it describes the correlation structure for
increments for f Bm (Riley, Bonnette, Kuznetsov, Wallot, and Gao 2012; Cannon, Percival, Caccia,
Raymond, and Bassingthwaighte 1997). For the present study of 1/ f 2H+1 processes should be
interpreted as the latter. A persistent process indicates continuity of text complexity (i.e., entropy
levels will last for a long time). An anti-persistent indicates rigidity (i.e., entropy will rapidly decay
to a mean state), and finally, short memory indicates a lack of continuity (entropy will only be
correlated at short time scales).
Adaptive Fractal Analysis

D
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Detrended fluctuation analysis (DFA) (Peng, Buldyrev, Havlin, Simons, Stanley, and Goldberger
1994) is a widely used method for estimating the Hurst parameter for a time series. DFA consists of
five steps, 1) initially a random walk process is constructed from the time series:
u(n) =

n
X

(x k − x), n = 1, 2, · · · , N,

(4)

k=1

where x is the mean of the series x(k), k = 1, 2, · · · , N; 2) dividing the constructed random
walk process into non-overlapping segments; 3) determining the local trends of each segment
as the best polynomial fit; 4) getting the variance of the differences between the random walk
process and the local trends; and 5) determining the average variance over all the segments. DFA
may involve discontinuities at the boundaries of adjacent segments. Such discontinuities can be
detrimental when the data contain trends (Hu, Ivanov, Chen, Carpena, and Eugene Stanley 2001),
non-stationarity (Kantelhardt, Zschiegner, Koscielny-Bunde, Havlin, Bunde, and Stanley 2002), or
nonlinear oscillatory components (Chen, Hu, Carpena, Bernaola-Galvan, Stanley, and Ivanov 2005;
Hu, Gao, and Wang 2009). Adaptive fractal analysis (AFA) is an alternative to DFA that solves
these problems (Gao, Hu, and Tung 2011). The main advantage of AFA over DFA is that it identifies
a global smooth trend, which is obtained by optimally combining local linear or polynomial fitting,
and thus no longer suffers from DFA’s problem of discontinuities of adjacent segments. As a result,
AFA can automatically deal with arbitrary, strong nonlinear trends (Gao, Hu, and Tung 2011; Hu,
Gao, and Wang 2009).
AFA is based on a nonlinear adaptive multi-scale decomposition algorithm (Gao, Hu, and Tung
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2011). The first step involves partitioning an arbitrary time series under study into overlapping
segments of length w = 2n + 1, where neighboring segments overlap by n + 1 points. In each
segment, the time series is fitted with the best polynomial of order M, obtained by using the standard
least-squares regression; the fitted polynomials in overlapped regions are then combined to yield a
single global smooth trend. Denoting the fitted polynomials for the i − th and (i + 1) − th segments
by yi (l 1 ) and y (i+1) (l 2 ), respectively, where l 1, l 2 = 1, · · · , 2n + 1, we define the fitting for the
overlapped region as

D
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y (c) (l) = w1 y (i) (l + n) + w2 y (i+1) (l), l = 1, 2, · · · , n + 1,
(5)

where w1 = 1 − l−1
and w2 = l−1
n
n can be written as (1 − d j /n) for j = 1, 2, and where d j
denotes the distances between the point and the centers of y (i) and y (i+1) , respectively. Note that the
weights decrease linearly with the distance between the point and the center of the segment. Such a
weighting is used to ensure symmetry and effectively eliminate any jumps or discontinuities around
the boundaries of neighboring segments. As a result, the global trend is smooth at the non-boundary
points, and has the right and left derivatives at the boundary (Riley, Bonnette, Kuznetsov, Wallot,
and Gao 2012). The global trend thus determined can be used to maximally suppress the effect of
complex nonlinear trends on the scaling analysis. The parameters of each local fit is determined
by maximizing the goodness of fit in each segment. The different polynomials in overlapped part
of each segment are combined using Equation 5 so that the global fit will be the best (smoothest)
fit of the overall time series. Note that, even if M = 1 is selected, i.e., the local fits are linear,
the global trend signal will still be nonlinear. With the above procedure, AFA can be readily
described. For an arbitrary window size w, we determine, for the random walk process u(i), a global
trend v(i), i = 1, 2, · · · , N, where N is the length of the walk. The residual of the fit, u(i) − v(i),
characterizes fluctuations around the global trend, and its variance yields the Hurst parameter H
according to the following scaling equation:
F (w) =

N
f1 X

N

(u(i) − v(i)) 2

g 1/2

∼ wH .

(6)

i=1

By computing the global fits, the residual, and the variance between original random walk
process and the fitted trend for each window size w, we can plot log2 F (w) as a function of log2 w.
The presence of fractal scaling amounts to a linear relation in the plot, with the slope of the relation
providing an estimate of H (Fig. 1).6

6Code for computing DFA and AFA is available at https://github.com/knielbo/saffine.
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