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Abstract 

Movement is fundamental to life, shaping population dynamics, biodiversity patterns, and ecosystem structure. In 
2008, the movement ecology framework (MEF Nathan et al. in PNAS 105(49):19052–19059, 2008) introduced an 
integrative theory of organismal movement—linking internal state, motion capacity, and navigation capacity to 
external factors—which has been recognized as a milestone in the field. Since then, the study of movement experi‑
enced a technological boom, which provided massive quantities of tracking data of both animal and human move‑
ment globally and at ever finer spatio-temporal resolutions. In this work, we provide a quantitative assessment of the 
state of research within the MEF, focusing on animal movement, including humans and invertebrates, and excluding 
movement of plants and microorganisms. Using a text mining approach, we digitally scanned the contents of > 8000 
papers from 2009 to 2018 available online, identified tools and methods used, and assessed linkages between all 
components of the MEF. Over the past decade, the publication rate has increased considerably, along with major 
technological changes, such as an increased use of GPS devices and accelerometers and a majority of studies now 
using the R software environment for statistical computing. However, animal movement research still largely focuses 
on the effect of environmental factors on movement, with motion and navigation continuing to receive little atten‑
tion. A search of topics based on words featured in abstracts revealed a clustering of papers among marine and 
terrestrial realms, as well as applications and methods across taxa. We discuss the potential for technological and 
methodological advances in the field to lead to more integrated and interdisciplinary research and an increased 
exploration of key movement processes such as navigation, as well as the evolutionary, physiological, and life-history 
consequences of movement.
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Main text
Movement, defined as a change in position of an indi-
vidual in time, has been studied at least since classical 
antiquity, both from conceptual (Aristotle’s De motu ani-
malium 384-322 BC) and mechanistic (Galen’s De motu 
musculorum 129-210 AD) perspectives (Fig.  1). Since 
then, many conceptual and technological innovations 
have contributed to shaping the field that today we call 

movement ecology [1, 2]. Conceptually, movement began 
to draw attention in modern ecology because of its impli-
cations for reproduction, gene flow, and metapopulation 
dynamics; as such, studies on animal and plant dispersal 
constituted a large portion of the ecological literature on 
movement until the early 2000s [3–5]. Migration also his-
torically constituted an important focus—with notable 
theoretical advances stemming from research on insects 
[6, 7]. The study of wildlife migration in the field was 
revolutionized by the invention of bird banding, famously 
used by John James Audubon in the 1800s but appear-
ing in history records as far back as the 1600s [8]. A few 

Open Access

*Correspondence:  rocio.joo@globalfishingwatch.org

2 Global Fishing Watch, Washington DC, USA
Full list of author information is available at the end of the article

http://orcid.org/0000-0003-0319-4210
http://orcid.org/0000-0002-2623-6623
http://orcid.org/0000-0001-9366-7127
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/publicdomain/zero/1.0/
http://creativecommons.org/publicdomain/zero/1.0/
http://crossmark.crossref.org/dialog/?doi=10.1186/s40462-022-00322-9&domain=pdf


Page 2 of 20Joo et al. Movement Ecology           (2022) 10:26 

centuries later, the first radio-telemetry devices were 
deployed in the 1960s on wild porcupines (Erethizon 
dorsatum) by Marshall et al. [9], soon followed by stud-
ies on grizzly bears (Ursus arctos horribilis) by the Craig-
head brothers [10, 11] and on various mesomammals by 
Cochran and Lord Jr [12]. Approximately at the same 
time, Kooyman [13] pioneered the use of animal-borne 
sensors in marine mammals. Bird banding and telemetry 
opened the way for scientists to measure wildlife move-
ment from a Lagrangian perspective—i.e. tracking move-
ments of a single individual through time, as defined 
by Turchin [14], who borrowed terminology from fluid 
dynamics to describe organismal movement in his foun-
dational book.

In 2008, Nathan et  al. [1] proposed the movement 
ecology framework (MEF) to unify movement research. 
The MEF intended to develop ‘an integrative theory 
of organism movement for better understanding the 
causes, mechanisms, patterns, and consequences of 
all movement phenomena’ [15]. To this aim, the MEF 
focused on the links between four components: internal 
state (why move?), navigation capacity (where to move?), 
motion capacity (how to move?), and external factors 
(the set of biotic and abiotic environmental factors that 
affect movement). While several studies already existed 
that addressed the interplay between internal state 

and external factors in determining the emergence of 
movement [16], the goal of the MEF was to formalize 
links between factors affecting movement and favor 
integration in the years to come. Technology allowing 
us to track individuals for long periods of time and at 
fine scales, as well as methodologies to infer behaviors 
from movement patterns and link them to motion 
and navigation capacities, internal characteristics, and 
external factors, were listed as main requirements and 
challenges to quantify the movement of individuals 
within the new integrative framework [1].

Technological advancements have since powered an 
exponential expansion of the field of movement ecology. 
Cagnacci et  al. [17] defined the development of GPS-
tracking technology as ‘a perfect storm of opportunities’ 
for the study of animal movement. Loggers have become 
smaller, cheaper, and more reliable, allowing for more 
animals to be tagged, for data to be collected at ever 
finer spatio-temporal resolutions [18], while uncovering 
previously unknown and unattainable behaviors in 
wildlife [2]. Wilmers et  al. [19] coined the term ‘golden 
era of biologging’ to describe this recent period, as 
the widespread diffusion of a variety of animal-borne 
sensors (including but not limited to GPS devices, 
accelerometers, magnetometers, cameras, etc.) continues 
to open new and exciting possibilities for the study of 
wildlife movement.

Modern movement literature places itself at the 
interface of several research fields, including physics [20], 
physiology [21], data science [22], and ecology [23]. The 
development and widespread use of tracking devices 
is simultaneously propelling human mobility science 
[24], a discipline that has borrowed several concepts 
and approaches from animal studies, due to the latter’s 
longer history investigating movement from telemetry 
data [25]. Data on human mobility is often quantified 
and analyzed using collective or Eulerian approaches [26, 
27], which in turn could be beneficially incorporated into 
animal movement ecology studies. Indeed, initiatives 
for reciprocal integration of both animal movement and 
human mobility have already started [26, 27].

In recent years, the technological and analytical 
advances for animal and human tracking triggered 
the emergence of a series of reviews related to sensors, 
software, and statistical and mathematical tools to study 
different aspects of movement ecology [2, 25, 27–29]. 
We deemed it timely to complement these reviews 
with a quantitative assessment of movement research 
in animals—including humans—in 2009–2018, a full 
decade after the publication of the MEF. While some 
human mobility studies have proposed perspectives and 
frameworks alternative to the MEF [30, 31], the MEF is 
compatible with other frameworks [27] and we chose to 

Fig. 1  Number of articles published each year until 2018 in 
movement ecology of animals and human mobility as identified by 
our algorithm, along with a timeline of key movement papers and 
milestones in the field. PNAS: Proceedings of the National Academy 
of Sciences; JAE: Journal of Animal Ecology; PTRSB: Philosophical 
Transactions of the Royal Society B. See alt-text in the Alt-text section 
of the manuscript
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focus on it for understanding movement. Using a text 
mining approach, we were able to collect data from a 
large number of peer-reviewed publications in animal 
movement; thus including humans and invertebrates, 
and excluding movement of plants and microorganisms. 
We investigated general trends in the topics studied, the 
use of tracking devices, software, statistical methods, 
the studied taxonomic groups, and the components 
of the MEF. In light of our findings, we provide 
recommendations for future directions to ensure that 
technological advancements improve our understanding 
of movement.

Materials and methods
Data collection
For the purpose of this review, we searched for scientific 
peer-reviewed papers in English that studied the volun-
tary movement of animals or humans. In order to high-
light relevant trends in the literature, we extracted a large 
sample of papers studying animal and human movement 
from the full scientific literature. Very few papers explic-
itly mentioned ‘movement ecology’ in their abstracts, 
titles and keywords, so we could not simply use ‘move-
ment ecology’ as a search phrase. Instead, we designed 
an iterative extraction algorithm that ensured we would 
obtain (1) a high proportion of sampled papers study-
ing animal or human movement and (2) a sample large 
enough to explore trends in many dimensions. In terms 
of model performance, the first criterion was akin to 
achieving high precision, i.e. the proportion of sampled 
papers (predicted to be of animal or human movement) 
that actually correspond to animal or human movement, 
for which we fixed a minimum threshold of 0.8. The sec-
ond criterion was fulfilled with a sample in the order of 
thousands.

For practical reasons as well as the sheer size of their 
database, the Web of Science (WoS) was the search 
engine used. The iterative algorithm worked as follows 
(Fig. 2): 

(1)	 Define (or refine) groups of keywords;
(2)	 Use keywords on WoS and extract the results (N 

papers);
(3)	 Perform quality control: 

(a)	 Select a random sample (n = 100) from N;
(b)	 Read abstracts and determine if they fall 

within our definition of “animal and/or human 
movement”;

(c)	 Compute precision p, the proportion of true 
abstracts within the scope;

(d)	 Identify which words triggered false positives;

(4)	 Repeat all the previous steps until p > 0.8 . p may 
come at the expense of N, so we also required that 
N would be in the order of thousands (we set a cut-
off of at least 5000 papers).

After several rounds of testing, we came up with the 
following four groups of words:

Group 1: Behavior behavio
Group 2: Biologging animal-borne, accelerom, 
argos, biologg, bio-logg, geolocat, geo-locat, gls, 
gps, radar, reorient, sonar, telemetry, vhf, vms
Group 3: Individuals animal, fishermen, human, 
individual, people, person, player, wildlife
Group 4: Movement kinematics, motion, movement, 
moving, spatio-temporal, spatiotemporal

Abstracts were selected if they included words from at 
least 3 of the 4 groups above. For abstracts that included 
words from groups 1, 3, and 4, we further identified a 
set of keywords to discriminate papers outside of our 
scope (i.e., papers that did not focus on the voluntary 
movement of animals or humans). As such, unless they 
had words from group 2, we excluded papers with the 
following words in the abstract:

Fig. 2  Graphical representation of the algorithm to identify animal 
movement papers (including human mobility) described in the 
Data collection section. See alt-text in the Alt-text section of the 
manuscript
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Group 5: Excluded words atom, cell, cortex, cortic, 
counsel, cognit, DNA, enzyme, eye, insulin, lymph, 
market, molecule, neurons, neurotransmi, particle, 
patient prosthese, spine, questionnaire, sedentary, 
strain, tectonic

The search was run on WoS in November 2019 over 
273 journals (available in the Additional file 1 at https://​
rocio​joo.​github.​io/​mov-​eco-​review/​posts/​html/​Journ​
al_​table_​3col.​html). The selection of journals was made 
in parallel with keyword tuning, i.e., while executing the 
search algorithm, we looked at the list of journals where 
the papers were published, and those with an irrelevant 
scope (e.g., fashion) or that were not peer-reviewed were 
filtered out.

Precision of the final algorithm was equal to 0.90; i.e. 
90 out of 100 papers detected by the algorithm were 
correctly identified as animal or human movement 
papers based on manual verification. This high precision 
indicates that there is a high certainty that those retained 
are in fact movement papers. Additionally, we wanted 
to obtain a recall or sensitivity rate to quantify, from all 
movement papers in the literature, how many we had 
in our search results. As it is impossible to obtain the 
complete list of animal and human movement papers 
in the literature, we instead looked at the list of papers 
published by the journal Movement Ecology. We found 
that 69% were in our list. Considering that we excluded 
research on plant movement ecology from our search, 
this percentage seems reasonably high.

Data processing
The results from WoS included fields such as title, 
abstract, keyword, authors, and others. We used the 
refsplitr package [32] in the R software [33] to read 
the files downloaded from WoS and compile them into 
one data sheet.

Depending on the scope of the paper, it is possible that 
the tracking devices, software, or statistical methods 
used are not mentioned in the title, abstract, or keywords 

of the paper, but only in the material and methods 
(M&M) section (Table 1). To obtain the M&M sections, 
we downloaded all manuscripts using the fulltext R 
package [34], and the API keys from Elsevier, Springer, 
Scopus, Wiley, BMC, and PLOS One. Then, we created 
codes to extract M&Ms depending on whether the files 
were in xml or pdf format. More detailed descriptions 
of the procedures used to extract the M&Ms sections can 
be found in Additional file 1: Sect. 2.3 at https://​rocio​joo.​
github.​io/​mov-​eco-​review/​data-​colle​ction-​and-​proce​
ssing.​html#​extra​cting-​the-​mater​ial-​and-​metho​ds-​mm-​
secti​ons, with links to the code files therein.

Dictionary approach for data analysis
We used separate dictionaries to identify which 
components of the MEF, taxonomic groups, tracking 
devices, software tools, or statistical methods were used 
in each paper. A dictionary is composed of concepts and 
associated words. For the MEF, the concepts of interest 
were the components of the framework (i.e. internal state, 
external factors, and motion and navigation capacities), 
and their associated words were terms potentially used 
in the abstracts to refer to the study of each component. 
For example, terms like ‘memory’, ‘sensory information’, 
‘path integration’, or ‘orientation’ were used to identify 
the study of navigation. We used regular expressions to 
account for terms that could be prefixes or suffixes of 
larger words or, on the contrary, exact matches. Regular 
expressions were also used to account for conditions 
‘and’, ‘or’, or ‘not’; e.g. for navigation, ‘sensory acquisition’ 
OR ‘sensory information’.

To assess how well each dictionary identified the 
concepts of interest, a quality control procedure was 
established. For each dictionary, a random sample 
of papers was selected, and a coauthor who did not 
lead the construction of that dictionary was randomly 
selected to check if those papers were correctly classified 
(i.e. accuracy). If the accuracy was less than 0.80, the 
dictionary would have to be modified and tested. 
The quality control process would be repeated until 

Table 1  Sections of articles in movement ecology of animals and human mobility used for each dimension analyzed in the current 
study

Dimension Title Keywords Abstract M&M

Taxonomy X X X

Devices X X X X

Software X X X X

Methods X X X X

Framework X X X

Topics X

https://rociojoo.github.io/mov-eco-review/posts/html/Journal_table_3col.html
https://rociojoo.github.io/mov-eco-review/posts/html/Journal_table_3col.html
https://rociojoo.github.io/mov-eco-review/posts/html/Journal_table_3col.html
https://rociojoo.github.io/mov-eco-review/data-collection-and-processing.html#extracting-the-material-and-methods-mm-sections
https://rociojoo.github.io/mov-eco-review/data-collection-and-processing.html#extracting-the-material-and-methods-mm-sections
https://rociojoo.github.io/mov-eco-review/data-collection-and-processing.html#extracting-the-material-and-methods-mm-sections
https://rociojoo.github.io/mov-eco-review/data-collection-and-processing.html#extracting-the-material-and-methods-mm-sections
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reaching an accuracy higher than 0.80. The size of the 
examined random sample was 100 papers for MEF, 
taxonomy, and devices dictionaries, and 50 papers for 
software and statistical methods. Devices, software, and 
methods dictionaries required attentive reading of title, 
abstracts, keywords, and M&M sections. While devices 
were considered relatively easier to identify, reading for 
software required correctly spotting mentions of ‘R’ or 
‘Python’ as a software—to mention just a few examples. 
Statistical methods required more effort and domain 
expertise too, as there can be a diversity of methods 
mentioned in multiple parts of these sections. To avoid 
reviewer fatigue which would diminish the quality of our 
assessment, we reduced the sample of papers to review to 
50 for software and statistical methods. The composition 
of the dictionaries, as well as their quality control results, 
are described in the following sections.

Taxonomic identification
To identify the taxonomy of the organisms studied 
in the papers, the Integrated Taxonomic Information 
System database (USGS Core Science Analytics and 
Synthesis) was used to detect names of any animal 
species (kingdom Animalia) that were mentioned in 
the abstracts, titles, and keywords. We screened these 
sections for latin and common (i.e. vernacular) names 
of species (both singular and plural), as well as common 
names of higher taxonomic levels such as orders and 
families. We excluded ambiguous terms that are part of 
latin or common names but also have a current language 
meaning; for example: ‘Here’, ‘Scales’, ‘Costa’, ‘Ray’, etc. 
Because we wanted to consider humans as a separate 
category, we used the following non-ambiguous terms 
to identify papers that focus on movement of humans 
(e.g. ‘player’, ‘patient’, ‘child’, ‘people’, ‘student’, ‘fishermen’, 
‘person’, ‘hunter’, ‘runner’, ‘participant’, ‘athlete’). For the 
complete list of words, see Additional file 1: Sect. 3.2 at 
https://​rocio​joo.​github.​io/​mov-​eco-​review/​analy​ses.​
html#​taxon​omical-​ident​ifica​tion. In order to avoid cases 
where words may be suffixes of larger words, we used 
regular expression notation to match exact words, e.g 
‘man’ must match only the word ‘man’ and not ‘manually’. 
We excluded words that could have an ambiguous 
meaning; e.g. ‘passenger’ may appear in papers that 
mention passenger pigeons, and ‘driver’ may be used to 
refer to a causing factor.

After having identified any taxon mentioned in a 
paper, we summarized taxa at the clade level, except for 
superclasses Osteichthyes and Chondrichthyes which 
we merged into a single group labeled fish, and for 
groups within the phylum Mollusca and the subphylum 
Crustacea which we considered collectively. Thus, 
each paper was classified as focusing on one or more 

taxonomic group, using the same nomenclature as [35]: 
amphibians, birds, crustaceans, fish, insects, mammals, 
mollusks, reptiles, and others (other invertebrates). For 
the purpose of our analysis, we kept humans as a separate 
category and did not count them within mammals. The 
code for taxonomic identification can be found in the 
Additional file  1 at https://​rocio​joo.​github.​io/​mov-​eco-​
review/​R/​taxon​omy_​analy​sis.R. The accuracy of the 
dictionary was 0.93.

Tracking devices for data collection
For this study, we considered any tool used for tracking 
animal movement to be a tracking device. These were 
grouped in 12 broad categories, that were meant to be as 
mutually exclusive as possible:

Accelerometer Any technology that is placed on a 
subject and measures the acceleration of the tag, 
thus gathering information on the multidimensional 
movement of the individual which can be used to 
infer behavioral modes and energy expenditure.
Acoustic Any technology that uses sound to infer 
location, either in a similar way to radio telemetry or 
in an acoustic array where animal vocalizations are 
recorded and the location of sensors in the array are 
used to obtain an animal’s location.
Body conditions Any technology that uses body 
condition sensors to collect data on the subject that 
may be associated with a movement or lack thereof, 
such as temperature and heart rate.
Camera Any device that records location/presence 
via camera; mainly camera traps with known 
locations where the capture of the individual implies 
the location.
Encounter Any analog tracking method where the 
user must capture and place a marker on a subject 
(e.g. pit tags, bands). The recapturing/resighting 
of the subject infers the movement. This category 
was difficult to resolve in our study due to a lack of 
specificity in the phrases used in the literature.
GPS Any technology that uses GPS satellites to 
calculate the location of an object, which can be 
handheld GPS devices or animal-borne tags.
Light loggers Any technology that records light levels 
and derives locations based on the timing of twilight 
events.
Pressure Any technology that records pressure 
readings to infer vertical movement, such as through 
a water column.
Radar Any technology that uses ‘radio detection 
and ranging’ devices to track objects. It can be large 
weather arrays or tracking radars.

https://rociojoo.github.io/mov-eco-review/analyses.html#taxonomical-identification
https://rociojoo.github.io/mov-eco-review/analyses.html#taxonomical-identification
https://rociojoo.github.io/mov-eco-review/R/taxonomy_analysis.R
https://rociojoo.github.io/mov-eco-review/R/taxonomy_analysis.R


Page 6 of 20Joo et al. Movement Ecology           (2022) 10:26 

Radio telemetry Any technology that infers location 
based on radio telemetry (VHF/UHF frequency).
Satellite Any tag that collects location via, and sends 
data to, satellites (except Global Position System 
[GPS] satellites), so that data can be accessed 
remotely. The most frequently used system is 
ARGOS.
Video Any device that records movement via video.

The use of one technology does not rule out the use of 
another technology; e.g. a combination of radio telemetry 
and GPS is commonly used in terrestrial movement 
studies. Thus, a paper can be counted in more than one 
of these categories. The dictionary of tracking devices 
is available in the Additional file  1 at https://​rocio​joo.​
github.​io/​mov-​eco-​review/​Data/​Dicti​onary/​csv-​updat​
ed-​versi​ons/​Dicti​onari​es-​Data.​csv and its accuracy was 
0.84.

Software for data processing and analysis
Based on expert opinion, we compiled a list of 33 
software packages, which use we evaluated: (1) Agent-
Analyst, (2) BASTrak, (3) Biotas, (4) C (C code written 
by the researchers), (5) databases (any relational 
database, likely for data management and summarizing 
as needed for analytical use), (6) e-surge, (7) Fortran, (8) 
fragstats, (9) Genstat, (10) GME (Geospatial Modeling 
Environment), (11) GRASS, (12) Java, (13) m-surge, (14) 
MARK (program Mark and not the R packages RMark or 
unmarked), (15) Mathcad, (16) Matlab, (17) Microsoft 
Excel, (18) Noldus observer, (19) PAST, (20) PostGIS (we 
separated PostGIS from the database category because 
of its high spatial analytical capabilities), (21) Primer-e, 
(22) Python, (23) QGIS, (24) R, (25) SAS, (26) SPSS, (27) 
STATA, (28) Statistica, (29) Statview, (30) u-care, (31) 
UCINET, (32) Vicon, and (33) WinBUGS. The dictionary 
with the terms used is available in the Additional file  1 
at https://​rocio​joo.​github.​io/​mov-​eco-​review/​Data/​Dicti​
onary/​csv-​updat​ed-​versi​ons/​Dicti​onari​es-​Softw​are.​csv. 
The accuracy of the dictionary was 0.88.

Statistical methods to analyze and model movement
We investigated the use of statistical methods in the 
movement literature with a similar dictionary approach. 
We first used expert opinion to compile all known 
statistical methods (and terms used for them) that could 
have been used to study movement, resulting in 188 
terms; see the full list of terms in the Additional file 1 at 
https://​rocio​joo.​github.​io/​mov-​eco-​review/​Data/​Dicti​
onary/​Metho​ds-​Class​ifica​tion.​csv. Though we might have 
missed some terminology, we tried to be as exhaustive 
as possible. There is no unique way to classify statistical 

methods. For the purpose of this study, we classified 
them into the following 6 categories:

Generic Generic statistical methods that could be 
used in any type of study, that are not inherently 
spatial, temporal, or social (e.g. a regression analysis)
Movement Statistical methods used for the study of 
movement (e.g. behavioral change point analysis, 
[36])
Social Statistical methods that are not exclusively 
for movement, but that characterize or model social 
processes (e.g. social networks)
Spatial Spatial statistical methods (e.g. geostatistics)
Spatiotemporal Spatiotemporal but not movement 
methods (e.g. spatiotemporal geostatistics)
Time-series Time series methods (e.g. functional data 
analysis)

Terms related to hypothesis-testing (e.g., ‘t-test’) were 
considered in a preliminary list of terms but ultimately 
removed; we considered that the tendency of papers to 
present p values could be biasing researchers towards the 
use of hypothesis testing for publication acceptance, thus 
creating a bias towards general methods. The accuracy of 
the methods dictionary was 0.84.

To identify the most popular methods, a frequency 
analysis for sequences of three consecutive words, called 
trigrams, was also performed in the M&M sections of 
papers. Trigrams that did not correspond to statistical 
methods (e.g. ‘development core team’, ‘methods study 
site’) were manually discarded. Trigrams were chosen 
instead of bigrams because the latter often did not have 
enough words to provide information on a particular 
type of method. This was not an exhaustive analysis but 
provided us with a first approximation to method use and 
popularity.

The movement ecology framework
To assess the study of the different components of the 
MEF, we created a dictionary based on the descriptions 
of these components in [1]:

Internal state The inner state affecting motivation 
and readiness to move. Terms used included regular 
expressions of: age class, body mass, breeding or 
reproductive stage, endogenous, energy intake, 
heart rate, hormonal, hunger, intrinsic factor, 
morphology, neurological, personality, physiological, 
psychological, and telomere, among others.
External factors The set of biotic and abiotic 
environmental factors that affect movement. Terms 
used included regular expressions of: abiotic, biotic, 
conspecific, diel, environmental factor, extrinsic 

https://rociojoo.github.io/mov-eco-review/Data/Dictionary/csv-updated-versions/Dictionaries-Data.csv
https://rociojoo.github.io/mov-eco-review/Data/Dictionary/csv-updated-versions/Dictionaries-Data.csv
https://rociojoo.github.io/mov-eco-review/Data/Dictionary/csv-updated-versions/Dictionaries-Data.csv
https://rociojoo.github.io/mov-eco-review/Data/Dictionary/csv-updated-versions/Dictionaries-Software.csv
https://rociojoo.github.io/mov-eco-review/Data/Dictionary/csv-updated-versions/Dictionaries-Software.csv
https://rociojoo.github.io/mov-eco-review/Data/Dictionary/Methods-Classification.csv
https://rociojoo.github.io/mov-eco-review/Data/Dictionary/Methods-Classification.csv
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factor, group behavior, habitat, human disturbance, 
landmark, precipitation, oceanography, prey 
distribution or availability, sea surface temperature, 
social interaction, storm, temperature, topography, 
vegetation, and weather, among others.
Motion The set of traits enabling the individual to 
execute movement. Terms used included regular 
expressions of: ballistic, biomechanic, locomotion, 
flapping, kinematics, random walk, running, soaring 
flight, swimming, tortuosity, and walking, among 
others.
Navigation The set of traits enabling the individual to 
orient. Terms used included regular expressions of: 
chemoreception, cognition, compass, homing, path 
integration, magnetoreception, memory, olfaction, 
sensory information, and spatial, among others.

The dictionary of the MEF is available in the Additional 
file 1 at https://​rocio​joo.​github.​io/​mov-​eco-​review/​Data/​
Dicti​onary/​csv-​updat​ed-​versi​ons/​Dicti​onari​es-​Frame​
work.​csv. The accuracy of the dictionary was 0.91.

To look for changes in 2009–2018 with respect to the 
decade before, we identified movement papers from 
1999 to 2008 using the algorithm described in the Data 
collection section and applied the same MEF dictionary 
to their title, abstract, and keywords.

Topic analysis
The topics covered in the articles were treated as a latent 
variable, i.e. not directly observed, since articles do not 
always explicitly enumerate all the topics they cover. We 
assumed that the abstracts contained all the necessary 
information about the topics covered, and that an 
abstract could cover one or more topics. For that reason, 
we fitted a Latent Dirichlet Allocation (LDA) model to 
the abstracts to identify the hidden topics. LDAs are 
Bayesian mixture models that assume the existence of a 
fixed number K of topics behind a set of documents (i.e. 
the abstracts). Each topic can be characterized by a mul-
tinomial distribution of words with parameter β , drawn 
from a Dirichlet distribution with parameter δ . Each doc-
ument d ∈ 1, ...,D is composed by a mixture of topics, 
drawn from a multinomial distribution with parameter θ , 
which is drawn from a Dirichlet distribution with param-
eter α . For each word w in document d, first a hidden 
topic z is selected from the multinomial distribution with 
parameter θ . From the selected topic z, a word is selected 
based on the multinomial distribution with parameter β . 
The log-likelihood of a document d = {w1, ...,wN } is 
l(α,β) = log

∫
∑

z

[

∏N
i=1 p(wi|zi,β)p(zi|θ)

]

p(θ |α)dθ

The model assumes exchangeability (i.e. the order of 
words is negligible), that topics are uncorrelated, and that 
the number of topics is known. Here we used the LDA 

model with variational EM estimation [37, 38] imple-
mented in the topicmodels package. All the details 
of the model specification and estimation in general 
are in [39], while the description of data preprocessing 
and model fitting for this study are in Additional file  1: 
Sects. 3.1.2 and 3.1.3. The most commonly used criterion 
to choose a number of topics is the perplexity score or 
likelihood of a test dataset [40]. This quantity measures 
the degree of uncertainty a language model has when 
predicting some new text. However, the number of top-
ics with the minimum perplexity score do not guarantee 
obtaining actual humanly-interpretable latent topics [41]. 
In fact, using this score could result in too many top-
ics (e.g. in [42] abstracts were analyzed and 300 topics 
were obtained). For this study, we evaluated the perplex-
ity score for 5, 10, 15, 20, 25, 30, 40, and 50 topics, and 
its value always decreased with more topics. However, 
20 topics were already too many to interpret, label, and 
easily distinguish from the others, and 10 were too gen-
eral, rendering them difficult to interpret as well. We thus 
fixed the number of topics at 15.

To interpret the topics, we used the posterior 
expected values of the word distribution per topic 
E(β|z,w) , denoted by β̂ . The words with the highest 
β̂ values would be the most important ones in the 
topic. To facilitate the visualization of these β̂ values, 
we created wordclouds for each topic, where the area 
occupied by each word was proportional to its β̂ value 
and only words with β̂ > 0.003 were displayed. The 
posterior expectation of each topic per abstract E(θd |z) , 
denoted by γ , indicated the degree of association 
between each abstract and each topic. We used γ to 
identify the abstracts with the strongest association 
to each topic and used then as complementary 
information for the interpretation of the topics. With 
the aid of the wordclouds and highest-γ abstracts, 
we labeled the topics. Topic analysis is analogous to 
k-means in the sense that the relationships between the 
latent groups and the observed variables are used by 
the researcher for interpretation and labeling, and that, 
while there can be some individuals (here abstracts) 
laying on the edges of a group, labeling is mostly based 
on the most representative cases. The sum of γ values 
for each topic ( 

∑

d E(θd |zk) for each topic k) served as 
proxies of the ‘prevalence’ of the topic relative to all 
other topics and were used to rank them.

We expected each abstract to be strongly associated 
to few topics. For a visual inspection of consistency 
with this expectation, we created a heatmap of the γ 
values per abstract and topic (see Fig.  3.8 in Additional 
file 1: Sect. 3.1.4). To check for consistency within each 
topic, we compared its wordcloud with one obtained 
from abstracts that were highly associated with the topic 

https://rociojoo.github.io/mov-eco-review/Data/Dictionary/csv-updated-versions/Dictionaries-Framework.csv
https://rociojoo.github.io/mov-eco-review/Data/Dictionary/csv-updated-versions/Dictionaries-Framework.csv
https://rociojoo.github.io/mov-eco-review/Data/Dictionary/csv-updated-versions/Dictionaries-Framework.csv
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( γ > 0.75 ). The two wordclouds should be telling a very 
similar story, thus visually resemble, with very small 
differences due to the abstracts being composed—in a 
small proportion—by other topics as well (see Fig.  3.9 
in Additional file 1: Sect. 3.1.5.1 and more details in the 
same section). To assess the interpretability of the top-
ics, we performed a word intrusion analysis: we asked 
10 researchers in the field to identify a word injected 
into the top terms of each topic. We then computed the 
number of correct answers for each topic. A high score 
for a topic would indicate that the topic was easy to inter-
pret using the four highest associated words to it. More 
details and results of the word intrusion analyses are in 
Additional file 1: Sect. 3.1.5.2.

Results
Data collection and processing
A total of 8007 papers were obtained for the period 
2009–2018 (Fig.  1, Table  2). The proportion of animal 
and human movement papers over the total number of 
scientific papers extracted from WoS was higher in the 
last years (Table 2).

We downloaded the articles we had access to as xml 
or pdf documents, comprising a total of 4060 complete 
manuscripts, representing 51% of our list of movement 
papers. Then, we were able to extract 3674 Material and 
methods sections, which corresponded to 46% of all the 
papers and 90% of the fully downloaded papers; not all 
papers had an M&Ms section (e.g. reviews or perspective 
papers).

Taxonomic identification
Mammals were the most studied taxonomic group (33% 
of the papers where we found associations with any 
organism), followed by fish (20%), birds (15%), humans 

(11%), insects (7%), reptiles (6%), other invertebrates 
(3%), crustaceans (3%), mollusks (2%), and amphib-
ians (2%). While mammals and fish were consistently 
the most studied groups in each year, the percentage 
of studies associated to humans showed an increasing 
trend, even matching the number of studies of birds 
in 2015 and 2016 (Fig.  3). Mammals, fish, and birds 
were also the three groups with the most studied spe-
cies, and they showed an overall increasing trend in the 
number of species studied over the years (Fig. 4).

Tracking devices for data collection
The five most used tracking devices during 2009–2018 
were GPS (28% of the papers), radiotelemetry devices 
(15%), accelerometers (11%), acoustic telemetry (10%), 
and satellite technology (10%). GPS did not only remain 
the most popular device in movement studies, but 
its popularity in relation to other methods increased 
throughout the years (Fig.  5). While in 2009 radio 
telemetry was as popular as GPS, GPS seems to have 
increasingly replaced radio telemetry [43].

On the other hand, there was an increase in the 
popularity of accelerometers (Fig.  5), which allow for 
research on movement in three-dimensional space, as 
well as the identification of fine-scale behaviors and the 
calculation of energy expenditure.

Software for data processing and analysis
The increasing volume and diversity of movement data 
obtained through tracking devices require appropriate 
software tools for data management, processing, and 
analysis [28, 44]. The most frequently mentioned software 
over the study period were R (38%), ArcGIS (18%), Mat-
lab (11%), SPSS (10%), and SAS (8%). All the other soft-
ware reached less than 3% of the papers with identified 

Table 2  Number of articles in movement ecology of animals and human mobility as identified by our algorithm, and articles in 
scientific literature in general, published from 2009 to 2018 according to the Web of Science

Proportion movement/all refers to the proportion of articles that studied movement

Year Movement articles All articles Proportion movement/all ( 10−4)

2009 485 1139611 4.25

2010 479 1186928 4.03

2011 564 1262956 4.47

2012 666 1323677 5.03

2013 791 1398009 5.66

2014 878 1438134 6.11

2015 978 1709898 5.72

2016 937 1775745 5.28

2017 1073 1838351 5.84

2018 1156 1928507 5.99
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mentions of software. Among those, R experienced a 
constant and strong growth during the last 10 years while 
usage of all other software substantially decreased, mak-
ing R an undisputed preference in the field (65% of preva-
lence in 2018, the last year of our study; Fig. 6).

Statistical methods to analyze and model movement
Most studies (68%) used generic statistical methods (i.e. 
with no explicit spatial, temporal or social interaction 
component in its definition), showing an increasing trend 
in popularity (Fig. 7). Fewer studies used at least one or 
more specialized methods, i.e. movement (33%), spatial 
(19%), time series (17%), social analysis methods (3%), 
or non-movement spatiotemporal (0.3%). Our analysis 
reveals that researchers are not necessarily using move-
ment-specific techniques to analyze movement, and, in 
some cases (42%), not using spatial, temporal, or social 
methods either.

In a trigram analysis, we assessed the frequency of all 
groups of three consecutive terms in the M&M sections 
of papers. The most popular statistical trigrams were 
related to mixed models (e.g. linear mixed models, linear 
mixed effects). Two movement trigrams, correlated 
random walks and hidden Markov models, were 
mentioned more than 100 times (Table 3).

The movement ecology framework
We found that, during 2009–2018, most studies tackled 
movement in relation to external factors (77%), while 
a minority of them studied the three other components 
(49%, 26%, and 9%, for internal factors, motion, and 
navigation capacity, respectively). In particular, there 
appeared to be a slight decrease in the number of stud-
ies focusing on navigation (Fig. 8). Of the 77% of papers 
investigating external factors, the majority studied the 
relationship between movement and the environment 
(80%), while movement associated with other animals, 
anthropogenic effects, and others were studied in 38%, 
14%, and 3% of the papers, respectively (papers could 
have studied more than one factor so the percentages do 
not sum up to 100%).

For a more holistic understanding of movement, 
some studies attempted to incorporate multiple MEF 
components into their analysis. Half of the papers (51%) 
looked at more than one component; half of these (25%) 
tackled external factors and internal state together. 
For example, a study tracked Scopoli’s shearwaters 
(Calonectris diomedea) with GPS and accelerometers 
and fishing vessels with GPS to study the effect of the 
presence of the vessels on seabird behavior, particularly 
on their foraging effort and ultimately nutritional gain 
[45]. Each of the other combinations of components were 

studied by less than 10% of the papers (Table 4). Less than 
1% of the papers looked at all four components of the 
MEF together. For example, a study quantified the effects 
of wind speed, wind direction, ambient temperature, and 
sun position on damselfly movement, orientation, and 
activities (including foraging and engaging in territorial 
interactions with competitors) [46]. The author found 
a relationship between the abiotic conditions and some 
activities, and evidence of rheotaxis presumably to 
minimize biomechanical costs when flying and foraging. 
As such, this work addressed the influence of internal 
state, external factors, motion capacity, and navigation 
capacity on damselfly movement. In a theoretical study 
that also jointly evaluated all four components of the 
MEF, the process by which individuals move between 
patches was explored by constructing a continuous-
space population model with individuals carrying 
heritable trait values that affected the parametrization 
of their biased correlated random walks, resulting in 
individuals orienting towards suitable habitats [47]. This 
work presented a theoretical and simulation framework 
to test evolutionary hypotheses about the movement of 
organisms taking into account environmental factors, 
internal state, orientation, and dispersal patterns.

Numerous studies on insects have focused on naviga-
tion (Fig.  9)—mostly in controlled environments—and 
their insights on cognitive mechanisms to navigate have 
inspired navigational models and studies in other taxa 
[48]. Motion has been an important focus of human 
mobility studies and could inspire animal motion 
research, particularly when accounting for interactions 
between individuals [49–51].

We found the same overall pattern in papers from 
1999 to 2008, with no notable change: half of the papers 
(52%) looked at more than one component, a majority 
of studies investigated external factors (77%), and a 
minority of them studied the three other components 
(46%, 27%, and 12%, for internal factors, motion, and 
navigation capacity, respectively); research on internal 
state showed a small growth (from 46 to 49% in the most 
recent decade). The percentage of papers associated 
with each combination of components was also similar 
to the 2009–2018 decade (Table 4); only those involving 
external factors and the internal state slightly increased 
(Table  4).  In retrospect, the terms “random walk” and 
“tortuosity” might pertain more to navigation than to 
motion, or else do not match any component as they 
are often used in the context of the movement path, an 
emergent property of the MEF. Removing these keywords 
from motion and adding them to navigation resulted in 
a lower percentage of papers  addressing motion (from 
26% to 24% in 2009–2018 and 28% to 25% in 1999–2008) 
and higher for navigation (from 9% to 12% in 2009–2018 
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and 11% to 14% in 1999–2008). Regardless, our overall 
conclusions are not sensitive to the classification of these 
particular terms.

Topics covered
Based on the LDA model outputs—mainly the terms that 
were highly associated with each topic (Fig. 10)—the top-
ics covered were labeled as follows (in descending order 
of prevalence): 

1	 Dispersal, at individual, group, and population levels 
and spread across all taxa.

2	 Movement models, encompassing any type of model 
(e.g. generalized linear model, random walks, agent-
based models) that could be used to study dynamics, 
patterns, and populations, mostly in mammals 
including humans (68% of the total, from which 24% 
were humans).

3	 Habitat selection, which encompasses choices in 
space use, influenced by resource availability or risks 
(e.g. natural predators or human disturbance), mostly 
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in terrestrial mammals (69%; e.g. bears, wolves, deer, 
caribou, and elephants).

4	 Detection and data, focused on the collection 
of movement information and the required 
technological devices. This topic is also mainly 
related to mammal studies (incuding humans), but 
also fish and birds.

5	 Home ranges, mostly focused on the identification of 
areas where animals live and carry out their activi-

ties, and the geographical extent of this area, and 
mainly featuring mammals and birds, and to a lesser 
extent, reptiles.

6	 Aquatic systems, involving the study of aquatic 
species (mostly fish; 74%), their migration, 
reproductive behavior and habitat use, often for 
management purposes.

7	 Foraging in marine megafauna, consisting of foraging 
strategies and behavior of marine top predators, 
mostly seabirds (e.g. penguins) and marine mammals 
(e.g. seals).

8	 Biomechanics, focused on body motion, swimming 
or flight power, and kinematics across most taxa.

9	 Acoustic telemetry, used to monitor animal 
movement, or in some cases, effects of anthropogenic 
noise on animal behavior, mostly for fish (e.g. salmon) 
but also mammals (e.g. bats).

10	Experimental designs, which involve analyzing 
behavioral and movement responses based on 
multiple stimuli, mostly on humans and domestic 
animals (e.g. cattle).

11	Activity budgets, investigating—mostly using 
telemetry data—the effect of environmental 
conditions on the time allocated to different activities 
across temporal cycles (e.g. diel, seasonal), mostly in 
mammals (e.g. cats), fish and reptiles (e.g snakes).

12	Migration, encompassing migration routes, 
orientation and flight strategies, mostly in birds (e.g. 
eagles and vultures), but also some mammals (e.g. 
bats).

13	Sports, consisting of motion analysis of human sports 
players for better performance.

14	Human activity patterns, mostly related to health and 
physical activity in humans, including sex differences, 
and often sampled with accelerometers.

15	Breeding ecology, involving space use and movement 
corridors during breeding seasons; mostly, but not 
exclusively on sea turtles and whales.

Discussion
Reviewing literature with text mining and comparison 
with other approaches
With a rate of ∼ 3 new papers published per day, ani-
mal and human movement literature is growing at a fast 
pace, which required quantitative approaches for an 
extensive review of the state of the art. The search algo-
rithm performed well at identifying movement papers 
(0.90 precision). The set of papers analyzed in this study 
was not a complete list of animal and human move-
ment papers; only 69% of the papers in Movement Ecol-
ogy were part of our dataset (although this value could 
be partly explained by the fact that we did not include 

0.0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

2009 2010 2011 2012 2013 2014 2015 2016 2017 2018

P
ro

po
rti

on
 o

f a
rti

cl
es

 in
 a

 y
ea

r

Method: Generic
Spatial

Movement
TimeSeries

Social
Spatiotemporal

Fig. 7  Proportion of articles in movement ecology of animals and 
human mobility mentioning each type of statistical method from 
2009 to 2018. A study can use more than one type of method, hence 
the proportions for each year can sum up to more than one. See 
alt-text in the Alt-text section of the manuscript

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

2009 2010 2011 2012 2013 2014 2015 2016 2017 2018

P
ro

po
rti

on
 o

f a
rti

cl
es

 in
 a

 y
ea

r

Component: External factors Internal state Motion Navigation

Fig. 8  Proportion of articles in movement ecology of animals and 
human mobility focusing on each component of the Movement 
Ecology Framework from 2009 to 2018. A study can focus on more 
than one component, hence the proportions for each year can 
sum up to more than one. See alt-text in the Alt-text section of the 
manuscript



Page 12 of 20Joo et al. Movement Ecology           (2022) 10:26 

literature on plant movement ecology in our search). 
However, we have a very large sample of animal and 
human movement literature, with extensive keywords 
aiming to be as representative and precise as possible.

Aiming to gather and review papers about the move-
ment of organisms or gametes, WoS was also used in 
[35] to build their literature dataset. They had a two-step 

criterion to select the papers. First, they screened Web of 
Science for papers that contained a list of 13 keywords 
(combined in a certain way; Table 1 and Additional file 1 
Text A in [35]) to identify potential journals. Then, two 
of the coauthors narrowed down the selection to a list of 
496 journals by excluding from their initial results those 
not ‘likely to contain articles relevant to ecology or evo-
lution that addressed organismal movement’. Among the 
remaining journals, they selected a random sample of 
1000 papers using a larger list of  70 words. Aiming for a 
precision of at least 0.60, these rules resulted in a preci-
sion of 0.77. The authors also referred to an estimate of 
0.65 that would be analogous to the sensitivity estima-
tion we did for this work. They also mentioned that their 
choice of keywords was ‘somewhat’ biased against micro-
organism movement. Though the scope of their work was 
different than ours (our search was focused on movement 
from Animalia only), we were inspired by their work, and 
used some of their terms as starting points in the algo-
rithm. A more recent quantitative review of movement 
ecology literature and its use for conservation [52] also 
used WoS with a list of only 6 words in abstract, title, or 
keyword. The authors searched for ‘ecology’ and either 
‘movement’, ‘migrat’, ‘home range’, ‘dispersal’ or ‘track’. 
They did not mention any performance statistic (e.g. pre-
cision, specificity, sensitivity).

This review, like [35, 52], only integrated articles in 
English, making the implicit assumption that these are 
representative of the research done in movement ecology 
of animals and human mobility. In our case, constraining 

Table 3  Most common statistical trigrams in M&M sections 
ofarticles in movement ecology of animals and human mobility 
from 2009 to 2018

Only trigrams with more than 100 mentions are listed

Trigram n

Linear mixed models 231

Linear mixed effects 229

Generalized linear mixed 202

Mixed effects models 202

Linear mixed model 188

Markov chain monte 180

Chain Monte Carlo 178

Akaike’s information criterion 174

Akaike information criterion 162

Minimum convex polygon 158

Information criterion aic 146

Monte Carlo mcmc 133

Correlated random walk 129

Mixed effects model 117

Hidden Markov model 116

Table 4  Number and percentage of articles in movement ecology of animals and human mobility studying each combination of 
components of the Movement Ecology Framework for the decades 2009–2018 and 1999–2008

In each row, an X in the column indicates the studied component

External Internal Motion Navigation 2009–2018 1999–2008

Count Percentage Count Percentage

X – – – 2371 33.3 418 33.8

X X – – 1768 24.8 287 23.2

– X – – 663 9.3 96 7.8

X – X – 485 6.8 104 8.4

X X X – 424 6.0 69 5.6

– – X – 383 5.4 56 4.5

– X X – 373 5.2 63 5.1

X – – X 176 2.5 44 3.6

X X – X 136 1.9 15 1.2

– – – X 83 1.2 23 1.9

X – X X 73 1.0 12 1.0

– X – X 50 0.7 16 1.3

– – X X 49 0.7 15 1.2

X X X X 45 0.6 11 0.9

– X X X 41 0.6 8 0.6
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the search to English facilitated the analysis since there 
are many more tools for Natural Language Processing in 
English than in any other language. The development of 
tools to process and analyze text in multiple languages 
would allow for future studies that would take into 
account a greater diversity in movement research.

Another bias common to all the reviews (ours, [35, 
52]) came from the choice of search engine. We were 
not able to get papers that were not in WoS, which 
depends on WoS agreements with publishers and 
the institutions we accessed it from. In addition, the 
possibility to download articles was conditioned by 
openness of data from the publishers and data & text 
mining agreements with the institutions we accessed 
them from.

The dictionary analyses showed high precision at 
identifying the papers associated with each MEF 
component, taxonomic group, tracking device, 
software, and type of statistical method (0.91, 0.93, 
0.84, 0.88, and 0.84 accuracy, respectively). Only [35] 
analyzed some of these dimensions (MEF components 
and taxonomic groups), and did so by manual 
examination of their sample of 1000 papers (the 
abstracts were read, and only when deemed necessary, 
the full documents were read too). To our knowledge, 
no other work in the literature of movement ecology 
or movement in general has attempted an automated 
approach to download scientific papers and extract 
the Methods section—or any other section except for 
tables.

The topic analysis showed general consistency (see 
Additional file  1: Sect.  3.1.5.1). The word intrusion 
approach is not an exhaustive assessment of topic 
interpretability, but it allows putting our results 
into perspective: some topics have a clear and easy 
interpretation and some others are really hard to 
interpret. In ecology, topic models have been recently 
used to identify themes in ecology [53] and assess the 
relationship between conservation biology and ecology 
literature [54], though interpretability tests like word 
intrusion were not mentioned. To our knowledge, this 
is the first movement review using a topic modeling 
approach and we hope that future reviews can adapt and 
improve this approach.

Each stage of the text mining approach (identifying 
movement papers, dictionary analyses, and topic 
modeling) assumed that there were no changes in the 
terms used in the literature to refer to the same concepts 
over the decade 2009–2018. While this assumption is 
likely to be false, it would be reasonable to expect that 
there have not been drastic changes in terminology 
within a single decade. We recommend that future 
studies also embrace text mining techniques, since the 

number of publications and the rate of publications are 
only expected to increase. For studies encompassing 
a longer time frame, it could be more useful to use the 
methods and criteria described here as a starting point—
rather than the exact keywords or model parameters—
and either train the algorithms over a decade and validate 
over others, or train a different algorithm for each time 
period. In any case, the validation process, which requires 
manual verification of a sample of papers, is key to 
support the findings; here, they returned high precision 
for identifying movement papers and high accuracy 
for each dictionary. In retrospect, we also encourage 
using version control when calibrating algorithms and 
keywords to keep track of the development process and 
get better performance in a more efficient way.

Technology as the main driver of movement research
In the article introducing the MEF [1], technology and 
methods to quantify the movement of individuals were 
mentioned as main limitations to apply the proposed 
framework. Here, we showed that devices such as GPS 
and accelerometers, that can provide movement data at 
a high resolution, have become more commonly used. 
This is likely due to the development of cheaper, smaller, 
and more efficient devices, which are now feasible 
options for small and medium-sized animals [18]. These 
technological improvements are likely responsible for the 
increase in the number of species tracked (Fig. 4). Along 
with accelerometers, other loggers like magnetometers 
and gyroscopes—that are newer to movement ecology 
[55] and are becoming widespread [29]—are opening 
avenues to exploring physiological aspects of movement 
like energy expenditure [56]. These devices are also 
useful for uncovering behaviors at fine spatiotemporal 
resolutions, further contributing to the understanding of 
movement [29, 57, 58].

Our results showed a steady growth in the use of R. 
The same pattern in reported R usage was observed in 
the field of ecology globally [59]. According to both [59] 
and this study, the popularity of R in the late 2000s was 
low (used by ∼ 10% of the papers), while the majority of 
articles published in the most recent years have reported 
its use, indicating a homogenization of movement and 
ecology towards R.

In parallel, there has been substantial progress in the 
number and sophistication of quantitative methods for 
the study of movement [27, 60] and the development of 
R packages to make these more accessible [28]. While 
the number of movement methods in the literature 
is increasing [28, 29], the proportion of papers using 
movement-specific analytical methods did not show the 
same pattern (Fig.  7). On the one hand, not all studies 
require movement-specific methods; the choice of 
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methods should depend solely on the research question, 
assumptions, and data. On the other hand, movement 
is a complex process, and—in most cases—statistically 
noisy, nonlinear, and spatially and temporally correlated 
[61], calling for dedicated methods. Ideally, experts in 
methodological tools (e.g. statisticians) should work 
closely with data or field experts (e.g. ecologists) to 
choose, develop, and apply adequate methods to the 
research questions and the objects of study.

The results obtained here were consistent with the 
perspectives of movement ecologists who answered 
a limited survey in the winter and spring of 2019 (see 
Additional file  1: Sect.  4 at https://​rocio​joo.​github.​io/​
mov-​eco-​review/​survey-​about-​movem​ent-​ecolo​gy.​html). 
Respondents (32 out of 33) indicated that technology and 
methods to collect and analyze data were the features 
that revolutionized the field in the last decade—this has 
been coined the ‘biologging revolution’ [29] and the ‘data-
driven revolution’ [26]. In most participants’ opinions 
(31 out of 32), current and future technological advances 
(e.g. ICARUS technology www.​Icaru​sInit​iative.​org, accel-
erometers, multisensor loggers) will also be driving the 
field in the following decade.

Opportunities for an improved understanding 
of movement
In the past decade, technology and methods have 
substantially reduced some major limitations to our 
understanding of movement. However, quantitatively, not 
much has changed in the study of the MEF in 2009–2018 
with respect to the decade before (Table  4). More than 
three quarters of the studies still investigate the set of 
biotic and abiotic environmental factors that affected the 
movement of individuals (alone or combined with one or 
two other components of the MEF), while less than 1% of 
studies examined all four components together (Table 3).

While it is logical that researchers explicitly study 
or control for the effects of the environment (including 
other individuals), we would have expected to find 
an increase in the study of the internal state, motion, 
and navigation, as well as in the percentage of studies 
addressing other components of the MEF in combination 
with external factors. Research on internal state showed 
a small growth over the years, which could be due to an 
increase in the number of studies investigating the links 
between energetic conditions and behavior within tracks 
[21], or the increase in the studies examining the links 
between individual behavioral type (i.e personality) and 
movement [62]. Thus, the technological improvements 
have not been sufficiently exploited.

Motion (n = 1106) Navigation (n = 368)

External factors (n = 3475) Internal state (n = 2141)
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Fig. 9  Proportion of articles in movement studying each taxonomic group for each component of the Movement Ecology Framework from 2009 
to 2018. Humans were extracted from mammals. Articles associated to several components were accounted for in each relevant frame. See alt-text 
in the Alt-text section of the manuscript
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Addressing all of the components of the MEF requires 
interdisciplinary efforts involving researchers from 
ecology, biology, neuroscience, physics, statistics, and 
geographic information science, among others [29, 35]. 
These efforts would benefit from bridging the divide 
between human mobility research and animal movement 
ecology, and between aquatic, terrestrial, and aerial 
realms. There are already virtuous examples of good 
interdisciplinary research in movement ecology; for 
instance, studies bringing together concepts and theory 
from animal and human movement [27], or exploring 
the use of geophysical phenomena as auditory cues for 
animal navigation [63].

Overall, the topic analysis revealed both the 
fragmentation of the movement ecology community based 
on taxonomic groups, and the potential for synergies 
across taxonomic groups. In particular, we were able 
to quantitatively categorize topics clearly associated to 
specific taxa, notably in the aquatic realm (one topic about 
aquatic systems in general, and three about foraging, 
acoustic telemetry and breeding ecology of marine 
species). Humans (two topics about sports and activity 
patterns) and birds (one topic about migration) were also 
strongly associated to given topics, further reinforcing 
a pattern of study of large, easy to tag fauna that work as 
model species. On the other hand, the majority of topics 
did not show fidelity to any taxon, which suggests their 
potential for generalization—and integration—across 
taxa, for instance using shared methods or devices. 
Among these, two groups of topics can be identified, 
dealing with subject areas (dispersal, habitat selection, 
home ranges, biomechanics, and activity budget) and 
technological and methodological concerns (movement 
models, detection and data, experimental designs), both 
of which lay the foundations for further interdisciplinary 
research and knowledge transfer.

Integrated research also requires overcoming commu-
nication difficulties [64, 65], developing structures that 
encourage interdisciplinarity in our institutions [66], 
and engaging in movement-research networks (e.g. the 
European COST Action ‘MOVE—Knowledge Discov-
ery from Moving Objects’ [67], ENRAM—The European 
Network for the Radar surveillance of Animal Move-
ment [68], or the International Biologging Society [69]). 

Intra-institutional support and inter-institutional net-
works could be important pillars to overcome the com-
munication challenges and the difficulties of obtaining 
funding for interdisciplinary research [70].

The progress made in terms of tools for data collection, 
processing, and analysis needs to be shared with 
the community to foster a better and more integral 
understanding of movement in all of its aspects. In 
this respect, the FAIR principles (Findable, Accessible, 
Interoperable, and Reusable) [71, 72] offer useful 
guidelines to make all data, methods, and software 
publicly available and shared.

By congregating the community around the R 
environment, most movement researchers can 
communicate over the same programming language, 
share codes, and move towards transparency, 
collaboration, and reproducibility. In an era with large 
volumes of data and much dependency on software for 
the analyses, reproducibility in science also requires 
open code [73]. On the other hand, the dominance of R 
in the field should not prevent researchers from using 
tools to process or analyze movement in other software 
(e.g. movingpandas [74] and scikit-mobility 
[75] in Python). Conveniently, integrated development 
environments like RStudio or Jupyter allow for running 
codes in several programming languages (e.g. R and 
Python).

Conclusions
Improvements in technological devices to track animals 
and humans have generated high volumes of movement 
data from a range of species, providing greater informa-
tion on their movement paths, physiology, and the envi-
ronment they experience. However, there has been little 
change in the degree to which studies address different 
components of the MEF, while there are also distinct 
groups of research topics that are predominantly linked 
to the species studied (e.g. aquatic versus terrestrial), 
the methods used and their application. Developments 
in statistical methods and software tools have facilitated 
data processing and analysis. These aspects have been 
clear drivers of movement research in the 2009–2018 
decade and will likely continue to drive the field, allow-
ing to explore new research questions and improve 

Fig. 10  Topic analysis. A Worclouds of each topic based on β̂ values. The area occupied by each word is proportional to its β̂ value. Only words 
with β̂ > 0.003 are displayed. B For each topic, relative frequencies of papers studying each taxonomical group (humans were separated from 
mammals). Only papers with more than 50% of association to each topic ( γ ) and with taxonomy information were used for this graph (n in the top 
right corner of each topic graph). While topics like ‘Sports’ and ‘Human activity patterns’ are mainly human-related, a few papers related to them took 
approaches from animal studies to study humans and a few others did the opposite; e.g. analyses inspired in sport journals to investigate animal 
performance in terms of speed or distance covered. See alt-text in the Alt-text section of the manuscript

(See figure on next page.)
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Fig. 10  (See legend on previous page.)
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our understanding of evolutionary, physiological, and 
life-history causes and consequences of movement. To 
make that possible, there should be strong commitments 
towards transparency, reproducibility, and interdiscipli-
nary collaboration practices in the community.

Additional Files
Additional file  1—Companion website: This is the 
companion website for the manuscript, https://​
rocio​joo.​github.​io/​mov-​eco-​review/, serving as the 
manuscript’s Supplementary Information page. It 
contains an Introduction (to the website) and the 
abstract (section 1), a description of Data collection and 
processing (section 2), Data analysis with a description of 
methods and layout of results (section 3), the description 
and results of the Survey about movement ecology 
(section  4), and details on the R session used for these 
analyses. The R codes are available in a GitHub repository 
https://​github.​com/​rocio​joo/​mov-​eco-​review, and links 
to specific R codes are provided in the text of the website.

Alt‑text for Figures
Fig. 1: Time line of movement articles, with the number 
of articles published in the y-axis, and the years in the 
x-axis. There is an increasing trend in the number of 
articles going to almost 1200 papers in 2018. In this 
time line, we also highlighted events in the history 
of movement studies: The philosophical study of 
movement (Aristotle’s De Motu Animalium; ~325 
BCE), the mechanistic study of movement (Galen’s 
De Motu Musculorum; ~170 BCE), Quantitative 
analysis of movement (Turchin; 1998), the introduction 
of movement as a framework (Nathan et  al. 2008), 
a Biotelemetry and biologging issue in JAE, and a 
movement ecology special feature in PNAS (both in 
2008), the GPS in animal ecology theme issue in PTRSB 
(2010), the start of the Movement Ecology journal (2013), 
the movement ecology virtual issue in JAE (2015), and 
the collective movement ecology issue in PTRSB (2018).
Fig.  2: Graphical representation of the algorithm to 

identify movement papers. First, define KEYWORDS 
for Web of Science and search. Get results on N papers. 
Then do quality control, consisting of selecting a random 
sample n (n = 100) from N, reading the abstracts, 
determining if they are from movement studies and 
computing a precision metric. If precision is greater than 
0.8 and N is greater than 5000, we stop. Else, we edit 
keywords and do it all over again.
Fig. 3: Proportion of papers in each year studying each 

of the five most commonly studied taxonomic groups. 
The years are in the x-axis, the proportion of papers in 
each year in the y-axis, and dots of different colors (one 
per class) correspond to the value of proportion for each 

year. In all years from 2009 to 2018, mammals (orange) 
were the most studied group, followed by fish (sky blue) 
, birds (green), humans (blue), and insects (dark orange). 
Only from 2012 there were more studies concerning 
humans than those of insects.
Fig. 4: Number of species studied in each year for the 

five classes with most studied species (fish, mammals, 
birds, reptiles, and amphibians, in that order). More 
species have been studied in the last years in general.
Fig.  5: Proportion of papers in each year using the 

five most commonly used tracking devices. The years 
are in the x-axis, the proportion of papers in each year 
in the y-axis, and dots of different colors (one per 
device) correspond to the value of proportion for each 
year. GPS (orange) showed an increasing trend and 
was the most used device in movement papers in all 
years. Radio telemetry (sky blue), showed a decreasing 
trend, and started in 2009 with the same proportion of 
studies as GPS, and ended in 2018 in third place, below 
accelerometer (green). In contrast, accelerometer was 
in fifth position in 2009 and increased its popularity 
over the years. Acoustic telemetry (yellow) and satellite 
technology (blue) were tied in fourth place in 2018.
Fig.  6: Proportion of papers in each year using the 

five most commonly used software. The years are in the 
x-axis, the proportion of papers in each year in the y-axis, 
and dots of different colors (one per software) correspond 
to the value of proportion for each year. R (orange) 
showed an increasing trend, starting at the last position 
of the five in 2009, and ending in first place in 2018 (with 
0.7 of studies using it). The other four software showed 
decreasing trends over the years. ArcGIS (sky blue), SPSS 
(yellow), Matlab (green), and SAS (blue), ended up in 
second, third, fourth, and fifth positions, respectively, in 
2018.
Fig.  7: Proportion of papers in each year mentioning 

each type of statistical method. The years are in the 
x-axis, the proportion of papers in each year in the 
y-axis, and dots of different colors (one per type of 
method) correspond to the value of proportion for each 
year. Generic methods (orange) were the most popular 
throughout 2009-2018, while movement (sky blue), 
spatial (green), time series (yellow), social (blue), and 
spatiotemporal (dark orange), remained in second, third, 
fourth, fifth, and sixth position, respectively, throughout 
the decade.
Fig.  8: Proportion of papers in each year focusing on 

each component of the MEF. The years are in the x-axis, 
the proportion of papers in each year in the y-axis, and 
dots of different colors (one per component) correspond 
to the value of proportion for each year. In all years from 
2009 to 2018, external factors (orange) were the most 

https://rociojoo.github.io/mov-eco-review/
https://rociojoo.github.io/mov-eco-review/
https://github.com/rociojoo/mov-eco-review
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studied component, followed by internal state (sky blue), 
motion (green), and navigation (blue).
Fig. 9: Bar plots of the proportion of papers studying 

each taxonomical group for each component of the 
MEF. The number of papers where taxonomical groups 
were identified by our algorithm for each component are 
indicated in the figure: 3475 for external factors, 2141 for 
internal state, 1106 for motion, and 368 for navigation. 
In all components, mammals were the most studied. For 
external factors, fish and birds were the second and third 
most studied groups, respectively. For internal state, they 
were birds and fish, in that order. For motion, fish and 
humans. And for navigation, fish and insects, followed 
closely by birds.
Fig. 10: Topic analysis. A: Word clouds of each topic based 

on beta values. The area occupied by each word in each 
wordcloud is proportional to beta. In topic 1, the largest 
words are individual, behavior, movement, dispersal, popu-
lation. In topic 2, model, data, movement, time, estimate, 
method. In topic 3, habitat, movement, landscape, selection. 
In topic 4, animal, data, behavior, study. In topic 5, range, 
home, movement, site, size, population, individual, kilom-
eter. In topic 6, movement, fish, habitat, tag, shark. In topic 
7, forage, prey, behavior, dive, seal. In topic 8, speed, behav-
ior, animal, movement, swim, body. In topic 9, fish, behavior, 
tag, river, acoustic. In topic 10, behavior, human, signal, sen-
sor, activity, motion. In topic 11, activity, behavior, time, tem-
perature, day. In topic 12, bird, migration, flight, migratory, 
wind. In topic 13, player, distance, play, speed, train. In topic 
14, female, male, sex, activity, behavior, sex, age. In topic 
15, turtle, whale, nest, behavior, breed, adult. B: Bar plots of 
proportion of papers studying each taxonomical group for 
each topic. Regarding dispersal (n = 345 papers), the most 
studied groups were mammals, human and amphibians. For 
movement models (n = 200), they were mainly mammals 
and humans. In habitat selection (n = 535), most studies 
pertained mammals. In detection and data (n = 134), also 
a majority of mammals. In home ranges (n = 233), it was 
mostly birds, followed by mammals. In aquatic systems (n = 
384), an overwhelming majority of fish. In foraging in marine 
megafauna (n = 323), it was mostly birds, followed by mam-
mals. In biomechanics (n = 268), insects, fish and mammals 
were the most studied groups. In acoustic telemetry (n = 
290), fish were the most studied, followed by mammals. In 
experimental designs (n = 227), humans and mammals were 
the most studied groups. In activity budgets (n = 191), mam-
mals were the most studied, followed by fish. In migration 
(n = 146), birds were the most studied group. In sports (n = 
122), almost all studied involved humans. In human activity 
patterns (n = 106), it was humans, followed by mammals. In 
breeding ecology (n = 159), it was mostly reptiles, followed 
by mammals, birds, and fish.

Abbreviations
DOI: Digital object identifier; FAIR: Findable, accessible, interoperable, and 
reusable principles; LDA: Latent Dirichlet allocation; M&M: Materials and 
methods; MEF: Movement ecology framework; SI: Supplementary information; 
WoS: Web of Science.

Acknowledgements
The authors would like to thank Susana Clusella-Trullas for fruitful exchanges 
about internal state and physiology, as well as a friendly review of a previous 
version of the manuscript. Thanks to Andrea Sánchez-Tapia for a friendly 
review of a more recent version of the manuscript. Trey Shelton, from UF 
library, gave advice and guidance about text and data mining rights and 
obtaining APIs from publishers, which was very useful at early stages of 
this study. We are also grateful to Luis Cajachahua Espinoza, for his help to 
explore scrapping possibilities at the very beginning of this work. We deeply 
appreciate the time that many members of the community took to answer 
the survey about movement ecology. Special thanks to the editor Ran Nathan, 
Orr Spiegel, Wayne Getz, and the anonymous reviewers for their insightful 
feedback.

Author contributions
List of all authors’ contributions, according to the 14 high-level contributor 
roles in the CRediT framework: https://​credit.​niso.​org. RJ: Conceptualization, 
Data curation, Formal analysis, Investigation, Methodology, Project 
administration, Software, Supervision, Validation, Visualization, Writing—
original draft, and Writing—review and editing. SP: Conceptualization, 
Formal analysis, Investigation, Software, Validation, and Writing—review 
and editing. MEB: Data curation, Formal analysis, Investigation, Software, 
Validation, and Visualization. TAC: Conceptualization, Investigation, 
Validation, and Writing—review and editing. SCP: Funding acquisition 
and Writing—review and editing. VSRR: Formal analysis and Software MB: 
Conceptualization, Formal analysis, Funding acquisition, Investigation, 
Validation, Writing—original draft, and Writing—review and editing. All 
authors read and approved the final manuscript.

Funding
RJ, MEB, TAC, SCP and MB were funded by a Human Frontier Science Program 
Young Investigator Grant (SeabirdSound; RGY0072/2017).

Availability of data and materials
We provide complete R code and details, from descriptions of word search 
on WoS and scripts to download the papers, up to the codes to reproduce 
the plots in this manuscript, in a companion website, publicly hosted at 
https://​rocio​joo.​github.​io/​mov-​eco-​review. The website works as the online 
Supplementary Information to this manuscript. The repository also contains a 
dataset of movement papers obtained after pre-processing the query results 
from WoS and applying the cleaning procedure. The entire digital content 
is archived in a public Zenodo repository: https://​doi.​org/​10.​5281/​zenodo.​
40247​06. The authors can be directly contacted for further development 
and questions about the full datasets that include the published articles, 
which have not been released to respect text and data mining rights of the 
publishers.

Declaration

Ethics approval and consent to participate
The data was taken from WoS and journal websites, respecting Text and Data 
Mining agreements with publishers and University of Florida. The survey 
described in Additional file 1: Sect. 4 got exemption from the Institutional 
Review Board at University of Florida (IRB02 Office, Box 112250, University of 
Florida, Gainesville, FL 32611-2250). 

Consent for publication
Not applicable. 

Competing interests
The authors declare no competing interests.

https://credit.niso.org
https://rociojoo.github.io/mov-eco-review
https://doi.org/10.5281/zenodo.4024706
https://doi.org/10.5281/zenodo.4024706


Page 19 of 20Joo et al. Movement Ecology           (2022) 10:26 	

Author details
1 Department of Wildlife Ecology and Conservation, Fort Lauderdale 
Research and Education Center, University of Florida, Fort Lauderdale, 
FL, USA. 2 Global Fishing Watch, Washington DC, USA. 3 Jack H. Berryman 
Institute and Department of Wildland Resources, S.J. & Jessie E. Quinney 
College of Natural Resources, Utah State University, Logan, UT, USA. 4 School 
of Environmental Sciences, University of Liverpool, Liverpool, UK. 5 Institute 
of Marine Sciences, University of California Santa Cruz, Santa Cruz, CA, USA. 
6 Systems Engineering, Faculty of Engineering and Architecture, University 
of Lima, Lima, Peru. 

Received: 29 December 2021   Accepted: 7 April 2022

References
	1.	 Nathan R, Getz WM, Revilla E, Holyoak M, Kadmon R, Saltz D, Smouse 

PE. A movement ecology paradigm for unifying organismal movement 
research. PNAS. 2008;105(49):19052–9.

	2.	 Nathan R, Monk CT, Arlinghaus R, Adam T, Alós J, Assaf M, Baktoft H, 
Beardsworth CE, Bertram MG, Bijleveld AI, Brodin T, Brooks JL, Campos-
Candela A, Cooke SJ, Gjelland KO, Gupte PR, Harel R, Hellström G, Jeltsch 
F, Killen SS, Klefoth T, Langrock R, Lennox RJ, Lourie E, Madden JR, Orchan 
Y, Pauwels IS, Říha M, Roeleke M, Schlägel UE, Shohami D, Signer J, Toledo 
S, Vilk O, Westrelin S, Whiteside MA, Jarić I. Big-data approaches lead to an 
increased understanding of the ecology of animal movement. Science. 
2022;375(6582):1780. https://​doi.​org/​10.​1126/​scien​ce.​abg17​80.

	3.	 Howe HF, Smallwood J. Ecology of seed dispersal. Annu Rev Ecol Syst. 
1982;13(1):201–28.

	4.	 Stenseth NC, Lidicker WZ Jr, Lidicker W. Animal dispersal: small mammals 
as a model. London: Springer; 1992.

	5.	 Baguette M, Benton TG, Bullock JM. Dispersal ecology and evolution. 
Oxford: Oxford University Press; 2012.

	6.	 Drake VA, Drake V, Gatehouse AG. Insect migration: tracking resources 
through space and time. Cambridge: Cambridge University Press; 1995.

	7.	 Dingle H. Migration: the biology of life on the move. Oxford: Oxford 
University Press; 1996.

	8.	 Wood HB. The history of bird banding. The Auk. 1945;256–265.
	9.	 Marshall WH, Gullion GW, Schwab RG. Early summer activities of porcu‑

pines as determined by radio-positioning techniques. J Wildl Manag. 
1962;26(1):75–9.

	10.	 Craighead F, Craighead J, Davies R. Radiotracking of grizzly bears and 
biotelemetry. Interdisciplinary conference on the use of telemetry in 
animal biology and physiology in relation to ecological problems, edited 
by Lloyd E. Slater. Pergamon Press, Oxford. 1963.

	11.	 Craighead FC Jr, Craighead JJ. Tracking grizzly bears. Bioscience. 
1965;15(2):88–92.

	12.	 Cochran WW, Lord Jr RD. A radio-tracking system for wild animals. J Wildl 
Manag. 1963;9–24.

	13.	 Kooyman GL. Techniques used in measuring diving capacities of Weddell 
seals. Polar Rec. 1965;12(79):391–4.

	14.	 Turchin P. Quantitative analysis of movement: measuring and modeling 
population redistribution in plants and animals. Sunderland: Sinauer 
Associates; 1998.

	15.	 Nathan R. An emerging movement ecology paradigm. PNAS. 
2008;105(49):19050–1.

	16.	 McNab BK. Bioenergetics and the determination of home range size. Am 
Nat. 1963;97(894):133–40.

	17.	 Cagnacci F, Boitani L, Powell RA, Boyce MS. Animal ecology meets GPS-
based radiotelemetry: a perfect storm of opportunities and challenges. 
Philos Trans R Soc Lond Ser B Biol Sci. 2010;365(1550):2157–62. https://​
doi.​org/​10.​1098/​rstb.​2010.​0107.

	18.	 Kays R, Crofoot MC, Jetz W, Wikelski M. Terrestrial animal tracking as an 
eye on life and planet. Science. 2015;348(6240):2478.

	19.	 Wilmers CC, Nickel B, Bryce CM, Smith JA, Wheat RE, Yovovich V. The 
golden age of bio-logging: how animal-borne sensors are advancing the 
frontiers of ecology. Ecology. 2015;96(7):1741–53.

	20.	 Hänggi P, Marchesoni F. Introduction: 100 years of Brownian motion. 
Chaos. 2005;15(2):26101. https://​doi.​org/​10.​1063/1.​18955​05.

	21.	 Goossens S, Wybouw N, Van Leeuwen T, Bonte D. The physiol‑
ogy of movement. Mov Ecol. 2020;8(1):5. https://​doi.​org/​10.​1186/​
s40462-​020-​0192-2.

	22.	 Zheng YU. Trajectory data mining : an overview. ACM Trans Intell Syst 
Technol. 2015;6(3):1–41. https://​doi.​org/​10.​1145/​27430​25.

	23.	 Cooke SJ, Hinch SG, Wikelski M, Andrews RD, Kuchel LJ, Wolcott TG, Butler 
PJ. Biotelemetry: a mechanistic approach to ecology. Trends Ecol Evol. 
2004;19(6):334–43. https://​doi.​org/​10.​1016/j.​tree.​2004.​04.​003.

	24.	 Meekan MG, Duarte CM, Fernández-Gracia J, Thums M, Sequeira AM, 
Harcourt R, Eguíluz VM. The ecology of human mobility. Trends Ecol Evol. 
2017;32(3):198–210.

	25.	 Thums M, Fernández-Gracia J, Sequeira AMM, Eguíluz VM, Duarte CM, 
Meekan MG. How big data fast tracked human mobility research and the 
lessons for animal movement ecology. Front Mar Sci. 2018. https://​doi.​
org/​10.​3389/​fmars.​2018.​00021.

	26.	 Miller HJ, Dodge S, Miller J, Bohrer G. Towards an integrated science of 
movement: converging research on animal movement ecology and 
human mobility science. Int J Geogr Inf Sci. 2019;33(5):855–76. https://​
doi.​org/​10.​1080/​13658​816.​2018.​15643​17.

	27.	 Demšar U, Long JA, Benitez-Paez F, Brum Bastos V, Marion S, Martin G, 
Sekulić S, Smolak K, Zein B, Siła-Nowicka K. Establishing the integrated sci‑
ence of movement: bringing together concepts and methods from ani‑
mal and human movement analysis. Int J Geogr Inf Sci. 2021;35(7):1273–
308. https://​doi.​org/​10.​1080/​13658​816.​2021.​18805​89.

	28.	 Joo R, Boone ME, Clay TA, Patrick SC, Clusella-Trullas S, Basille M. Navigat‑
ing through the R packages for movement. J Anim Ecol. 2020;89(1):248–
67. https://​doi.​org/​10.​1111/​1365-​2656.​13116.

	29.	 Williams HJ, Taylor LA, Benhamou S, Bijleveld AI, Clay TA, de Grissac S, 
Demšar U, English HM, Franconi N, Gómez-Laich A, Griffiths RC, Kay WP, 
Morales JM, Potts JR, Rogerson KF, Rutz C, Spelt A, Trevail AM, Wilson 
RP, Bürger L. Optimizing the use of biologgers for movement ecology 
research. J Anim Ecol. 2020;89(1):186–206. https://​doi.​org/​10.​1111/​1365-​
2656.​13094.

	30.	 Miller HJ, Shaw SL. Geographic information systems for transportation: 
principles and applications. New York: Oxford University Press; 2001.

	31.	 McNally MG. The four-step model. Bingley: Emerald Group Publishing 
Limited; 2007.

	32.	 Fournier AMV, Boone ME, Stevens FR, Bruna E. Refsplitr: clarivate analytics 
web of knowledge/science and ISI reference data tools. 2019. R package 
version 0.6. https://​github.​com/​embru​na/​refsp​litr.

	33.	 R Core Team: R: A language and environment for statistical computing. R 
Foundation for Statistical Computing, Vienna, Austria 2018. R Foundation 
for Statistical Computing. https://​www.R-​proje​ct.​org/.

	34.	 Chamberlain S. Fulltext: full text of ’scholarly’ articles across many data 
sources. 2019. R package version 1.3.0. https://​CRAN.R-​proje​ct.​org/​packa​
ge=​fullt​ext.

	35.	 Holyoak M, Casagrandi R, Nathan R, Revilla E, Spiegel O. Trends and 
missing parts in the study of movement ecology. Proc Natl Acad Sci USA. 
2008;105(49):19060–5. https://​doi.​org/​10.​1073/​pnas.​08004​83105.

	36.	 Gurarie E, Andrews RD, Laidre KL. A novel method for identifying behav‑
ioural changes in animal movement data. Ecol Lett. 2009;12(5):395–408.

	37.	 Wainwright MJ, Jordan MI. Graphical models, exponential families, and 
variational inference. Found Trends® Mach Learn. 2008;1(1–2):1–305. 
https://​doi.​org/​10.​1561/​22000​00001.

	38.	 Blei DM, Ng AY, Jordan MI. Latent Dirichlet allocation. J Mach Learn Res. 
2003;3(Jan):993–1022.

	39.	 Grün B, Hornik K. topicmodels: an R package for fitting topic models. J 
Stat Softw. 2011;40(13):1–30. https://​doi.​org/​10.​18637/​jss.​v040.​i13.

	40.	 De Waal A, Barnard E. Evaluating topic models with stability. In: Nine‑
teenth annual symposium of the pattern recognition association of 
South Africa (PRASA 2008), Cape Town, South Africa, vol. 5221. 2008. pp. 
79–84.

	41.	 Chang J, Gerrish S, Wang C, Boyd-Graber JL, Blei DM. Reading tea leaves: 
how humans interpret topic models. In: Advances in neural information 
processing systems. 2009. pp. 288–296.

	42.	 Griffiths TL, Steyvers M. Finding scientific topics. In: Proc Natl Acad Sci. 
2004. p. 5228–35. https://​doi.​org/​10.​1073/​pnas.​03077​52101.

	43.	 Allan BM, Nimmo DG, Ierodiaconou D, VanDerWal J, Koh LP, Ritchie EG. 
Futurecasting ecological research: the rise of technoecology. Ecosphere. 
2018;9(5):02163. https://​doi.​org/​10.​1002/​ecs2.​2163.

https://doi.org/10.1126/science.abg1780
https://doi.org/10.1098/rstb.2010.0107
https://doi.org/10.1098/rstb.2010.0107
https://doi.org/10.1063/1.1895505
https://doi.org/10.1186/s40462-020-0192-2
https://doi.org/10.1186/s40462-020-0192-2
https://doi.org/10.1145/2743025
https://doi.org/10.1016/j.tree.2004.04.003
https://doi.org/10.3389/fmars.2018.00021
https://doi.org/10.3389/fmars.2018.00021
https://doi.org/10.1080/13658816.2018.1564317.
https://doi.org/10.1080/13658816.2018.1564317.
https://doi.org/10.1080/13658816.2021.1880589
https://doi.org/10.1111/1365-2656.13116
https://doi.org/10.1111/1365-2656.13094
https://doi.org/10.1111/1365-2656.13094
https://github.com/embruna/refsplitr
https://www.R-project.org/
https://CRAN.R-project.org/package=fulltext
https://CRAN.R-project.org/package=fulltext
https://doi.org/10.1073/pnas.0800483105
https://doi.org/10.1561/2200000001
https://doi.org/10.18637/jss.v040.i13
https://doi.org/10.1073/pnas.0307752101
https://doi.org/10.1002/ecs2.2163


Page 20 of 20Joo et al. Movement Ecology           (2022) 10:26 

	44.	 Urbano F, Cagnacci F, Calenge C, Dettki H, Cameron A, Neteler M. Wildlife 
tracking data management: a new vision. Philos Trans R Soc Lond B Biol 
Sci. 2010;365:2177–85.

	45.	 Cianchetti-Benedetti M, Dell’Omo G, Russo T, Catoni C, Quillfeldt P. Inter‑
actions between commercial fishing vessels and a pelagic seabird in the 
southern Mediterranean Sea. BMC Ecol. 2018;18(1):54. https://​doi.​org/​10.​
1186/​s12898-​018-​0212-x.

	46.	 Mason NA. Effects of wind, ambient temperature and sun posi‑
tion on damselfly flight activity and perch orientation. Anim Behav. 
2017;124:175–81. https://​doi.​org/​10.​1016/j.​anbeh​av.​2016.​12.​025.

	47.	 Barton KA, Phillips BL, Morales JM, Travis JMJ. The evolution of an intel‑
ligent dispersal strategy: biased, correlated random walks in patchy 
landscapes. Oikos. 2009;118(2):309–19. https://​doi.​org/​10.​1111/j.​1600-​
0706.​2008.​16936.x.

	48.	 Wystrach A, Graham P. What can we learn from studies of insect naviga‑
tion? Anim Behav. 2012;84(1):13–20. https://​doi.​org/​10.​1016/j.​anbeh​av.​
2012.​04.​017.

	49.	 Cho E, Myers SA, Leskovec J. Friendship and mobility: user movement in 
location-based social networks. In: Proceedings of the 17th ACM SIGKDD 
international conference on knowledge discovery and data mining. KDD 
’11. Association for Computing Machinery, New York, NY, USA. 2011. pp. 
1082–1090. https://​doi.​org/​10.​1145/​20204​08.​20205​79. Accessed 01 Oct 
2021.

	50.	 Miyata K, Varlet M, Miura A, Kudo K, Keller PE. Modulation of indi‑
vidual auditory-motor coordination dynamics through interpersonal 
visual coupling. Sci Rep. 2017;7(1):16220. https://​doi.​org/​10.​1038/​
s41598-​017-​16151-5.

	51.	 Nakayama S, Ruiz Marín M, Camacho M, Porfiri M. Plasticity in leader-
follower roles in human teams. Sci Rep. 2017;7(1):14562. https://​doi.​org/​
10.​1038/​s41598-​017-​14851-6.

	52.	 Fraser KC, Davies KTA, Davy CM, Ford AT, Flockhart DTT, Martins EG. Track‑
ing the conservation promise of movement ecology. Front Ecol Evol. 
2018. https://​doi.​org/​10.​3389/​fevo.​2018.​00150.

	53.	 McCallen E, Knott J, Nunez-Mir G, Taylor B, Jo I, Fei S. Trends in ecology: 
shifts in ecological research themes over the past four decades. Front 
Ecol Environ. 2019. https://​doi.​org/​10.​1002/​fee.​1993.

	54.	 Hintzen RE, Papadopoulou M, Mounce R, Banks-Leite C, Holt RD, Mills 
M, Knight AT, Leroi AM, Rosindell J. Relationship between conservation 
biology and ecology shown through machine reading of 32,000 articles. 
Conserv Biol https://​doi.​org/​10.​1111/​cobi.​13435

	55.	 Noda T, Kawabata Y, Arai N, Mitamura H, Watanabe S. Animal-mounted 
gyroscope/accelerometer/magnetometer: in situ measurement of the 
movement performance of fast-start behaviour in fish. J Exp Mar Biol 
Ecol. 2014;451:55–68. https://​doi.​org/​10.​1016/j.​jembe.​2013.​10.​031.

	56.	 Wilson RP, Börger L, Holton MD, Scantlebury DM, Gómez-Laich A, Quin‑
tana F, Rosell F, Graf PM, Williams H, Gunner R, Hopkins L, Marks N, Geraldi 
NR, Duarte CM, Scott R, Strano MS, Robotka H, Eizaguirre C, Fahlman A, 
Shepard ELC. Estimates for energy expenditure in free-living animals 
using acceleration proxies: a reappraisal. J Anim Ecol. 2019. https://​doi.​
org/​10.​1111/​1365-​2656.​13040.

	57.	 Spiegel O, Harel R, Centeno-Cuadros A, Hatzofe O, Getz WM, Nathan 
R. Moving beyond curve fitting: using complementary data to assess 
alternative explanations for long movements of three vulture species. Am 
Nat. 2015;185(2):44–54. https://​doi.​org/​10.​1086/​679314.

	58.	 Williams HJ, Holton MD, Shepard ELC, Largey N, Norman B, Ryan PG, 
Duriez O, Scantlebury M, Quintana F, Magowan EA, Marks NJ, Alagaili AN, 
Bennett NC, Wilson RP. Identification of animal movement patterns using 
tri-axial magnetometry. Mov Ecol. 2017;5(1):6. https://​doi.​org/​10.​1186/​
s40462-​017-​0097-x.

	59.	 Lai J, Lortie CJ, Muenchen RA, Yang J, Ma K. Evaluating the popularity of 
R in ecology. Ecosphere. 2019;10(1):02567. https://​doi.​org/​10.​1002/​ecs2.​
2567.

	60.	 Seidel DP, Dougherty E, Carlson C, Getz WM. Ecological metrics and 
methods for GPS movement data. Int J Geogr Inf Sci. 2018;32(11):2272–
93. https://​doi.​org/​10.​1080/​13658​816.​2018.​14980​97.

	61.	 Patterson TA, Parton A, Langrock R, Blackwell PG, Thomas L, King R. 
Statistical modelling of individual animal movement: an overview of key 
methods and a discussion of practical challenges. AStA Adv Stat Anal. 
2017. https://​doi.​org/​10.​1007/​s10182-​017-​0302-7.

	62.	 Stuber EF, Carlson BS, Jesmer BR. Spatial personalities: a meta-analysis of 
consistent individual differences in spatial behavior. Behav Ecol. 2022. 
https://​doi.​org/​10.​1093/​beheco/​arab1​47.

	63.	 Patrick SC, Assink JD, Basille M, Clusella-Trullas S, Clay TA, den Ouden OFC, 
Joo R, Zeyl JN, Benhamou S, Christensen-Dalsgaard J, Evers LG, Fayet AL, 
Köppl C, Malkemper EP, Martín López LM, Padget O, Phillips RA, Prior MK, 
Smets PSM, van Loon EE. Infrasound as a cue for seabird navigation. Front 
Ecol Evol 2021;9.

	64.	 Bracken LJ, Oughton EA. What do you mean? The importance of 
language in developing interdisciplinary research. Trans Inst Br Geogr. 
2006;31(3):371–82. https://​doi.​org/​10.​1111/j.​1475-​5661.​2006.​00218.x.

	65.	 Marzano M, Carss DN, Bell S. Working to make interdisciplinarity work: 
investing in communication and interpersonal relationships. J Agric Econ. 
2006;57(2):185–97. https://​doi.​org/​10.​1111/j.​1477-​9552.​2006.​00046.x.

	66.	 Brewer GD. The challenges of interdisciplinarity. Policy Sci. 
1999;32(4):327–37.

	67.	 Demšar U, Buchin K, Cagnacci F, Safi K, Speckmann B, Van de Weghe 
N, Weiskopf D, Weibel R. Analysis and visualisation of movement: an 
interdisciplinary review. Mov Ecol. 2015;3:5. https://​doi.​org/​10.​1186/​
s40462-​015-​0032-y.

	68.	 Shamoun-Baranes J, Alves JA, Bauer S, Dokter AM, Hüppop O, Koistinen J, 
Leijnse H, Liechti F, van Gasteren H, Chapman JW. Continental-scale radar 
monitoring of the aerial movements of animals. Mov Ecol. 2014;2(1):9. 
https://​doi.​org/​10.​1186/​2051-​3933-2-9.

	69.	 Rutz C, Hays GC. New frontiers in biologging science. Biol Let. 2009;5:289–
92. https://​doi.​org/​10.​1098/​rsbl.​2009.​0089.

	70.	 Bromham L, Dinnage R, Hua X. Interdisciplinary research has consistently 
lower funding success. Nature. 2016;534(7609):684–7. https://​doi.​org/​10.​
1038/​natur​e18315.

	71.	 Wilkinson MD, Dumontier M, Aalbersberg IJ, Appleton G, Axton M, Baak 
A, Blomberg N, Boiten JW, da Silva Santos LB, Bourne PE, Bouwman J, 
Brookes AJ, Clark T, Crosas M, Dillo I, Dumon O, Edmunds S, Evelo CT, Fink‑
ers R, Gonzalez-Beltran A, Gray AJG, Groth P, Goble C, Grethe JS, Heringa 
J, ’t Hoen PAC, Hooft R, Kuhn T, Kok R, Kok J, Lusher SJ, Martone ME, Mons 
A, Packer AL, Persson B, Rocca-Serra P, Roos M, van Schaik R, Sansone 
SA, Schultes E, Sengstag T, Slater T, Strawn G, Swertz MA, Thompson M, 
van der Lei J, van Mulligen E, Velterop J, Waagmeester A, Wittenburg P, 
Wolstencroft K, Zhao J, Mons B. The FAIR Guiding Principles for scientific 
data management and stewardship. Sci Data 2016;3(1):160018 . https://​
doi.​org/​10.​1038/​sdata.​2016.​18.

	72.	 Lamprecht A-L, Garcia L, Kuzak M, Martinez C, Arcila R, Martin Del Pico E, 
Dominguez Del Angel V, van de Sandt S, Ison J, Martinez PA, McQuilton 
P, Valencia A, Harrow J, Psomopoulos F, Gelpi JL, Chue Hong N, Goble C, 
Capella-Gutierrez S. Towards FAIR principles for research software. Data 
Sci. 2020;3(1):37–59. https://​doi.​org/​10.​3233/​DS-​190026.

	73.	 Lowndes JSS, Best BD, Scarborough C, Afflerbach JC, Frazier MR, O’Hara 
CC, Jiang N, Halpern BS. Our path to better science in less time using 
open data science tools. Nat Ecol Evol. 2017;1(6):0160.

	74.	 Graser A. Movingpandas: efficient structures for movement data in 
python. GIForum. 2019;1:54–68.

	75.	 Pappalardo L, Simini F, Barlacchi G, Pellungrini R. scikit-mobility: a python 
library for the analysis, generation and risk assessment of mobility data. 
2019. arXiv:​1907.​07062

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in 
published maps and institutional affiliations.

https://doi.org/10.1186/s12898-018-0212-x
https://doi.org/10.1186/s12898-018-0212-x
https://doi.org/10.1016/j.anbehav.2016.12.025
https://doi.org/10.1111/j.1600-0706.2008.16936.x
https://doi.org/10.1111/j.1600-0706.2008.16936.x
https://doi.org/10.1016/j.anbehav.2012.04.017
https://doi.org/10.1016/j.anbehav.2012.04.017
https://doi.org/10.1145/2020408.2020579
https://doi.org/10.1038/s41598-017-16151-5
https://doi.org/10.1038/s41598-017-16151-5
https://doi.org/10.1038/s41598-017-14851-6
https://doi.org/10.1038/s41598-017-14851-6
https://doi.org/10.3389/fevo.2018.00150
https://doi.org/10.1002/fee.1993
https://doi.org/10.1111/cobi.13435
https://doi.org/10.1016/j.jembe.2013.10.031
https://doi.org/10.1111/1365-2656.13040
https://doi.org/10.1111/1365-2656.13040
https://doi.org/10.1086/679314
https://doi.org/10.1186/s40462-017-0097-x
https://doi.org/10.1186/s40462-017-0097-x
https://doi.org/10.1002/ecs2.2567
https://doi.org/10.1002/ecs2.2567
https://doi.org/10.1080/13658816.2018.1498097.
https://doi.org/10.1007/s10182-017-0302-7
https://doi.org/10.1093/beheco/arab147
https://doi.org/10.1111/j.1475-5661.2006.00218.x
https://doi.org/10.1111/j.1477-9552.2006.00046.x
https://doi.org/10.1186/s40462-015-0032-y
https://doi.org/10.1186/s40462-015-0032-y
https://doi.org/10.1186/2051-3933-2-9
https://doi.org/10.1098/rsbl.2009.0089
https://doi.org/10.1038/nature18315
https://doi.org/10.1038/nature18315
https://doi.org/10.1038/sdata.2016.18
https://doi.org/10.1038/sdata.2016.18
https://doi.org/10.3233/DS-190026
http://arxiv.org/abs/1907.07062

	Recent trends in movement ecology of animals and human mobility
	Abstract 
	Main text
	Materials and methods
	Data collection
	Data processing
	Dictionary approach for data analysis
	Taxonomic identification
	Tracking devices for data collection
	Software for data processing and analysis
	Statistical methods to analyze and model movement
	The movement ecology framework

	Topic analysis

	Results
	Data collection and processing
	Taxonomic identification
	Tracking devices for data collection
	Software for data processing and analysis
	Statistical methods to analyze and model movement
	The movement ecology framework
	Topics covered

	Discussion
	Reviewing literature with text mining and comparison with other approaches
	Technology as the main driver of movement research
	Opportunities for an improved understanding of movement

	Conclusions
	Additional Files
	Alt-text for Figures
	Acknowledgements
	References


