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ABSTRACT
Lexical association data is a valuable resource in psycholinguistics, providing researchers with em-
pirical insights into which words are perceived as ‘belonging together’. One of the largest such da-
tasets for English, the University of South Florida Free Association Norms database, is available freely 
online. The raw data format however requires some technical steps to tap into the potential it offers 
for network science, which can present a barrier for some researchers. This paper introduces a user-
friendly command-line tool, fan_xplorr, that addresses this issue by providing linguists with access 
to the data. With the proposed tool, researchers can interactively display portions of the semantic 
network dataset in the form of interactive network graphs. The design of the tool enables linguists 
to access the dataset without advanced technical skills and promotes exploration within the dataset 
for psycholinguistic studies. 
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1 INTRODUCTION 

As of recently, network science has become an increasingly popular method to inves-
tigate lexical relationships in psycholinguistics (e.g., Chan & Vitevitch, 2010; Four-
tassi et al., 2020; Hills et al., 2009b; Siew & Vitevitch, 2016; Vitevitch, 2021). Networks 
are based on dyadic relationships between entities and consist of nodes — which are 
words in lexical networks — and links placed between them in case of a relationship. 
Semantic networks are a special type of lexical network in which words are linked 
when they share meaning (De Deyne et al., 2017). The notion of shared meaning can 
be quantified in various ways (e.g., Stella et al., 2018), for instance according to taxo-
nomic relations between words (e.g., hypernyms and their hyponyms: “flower” and 
“rose”), the number of shared features (e.g., synonymy: “couch” and “sofa”), syntac-
tic co-occurrences (e.g., “sleep” and “bed”) or mental associations (e.g., similar no-
tions that people hold: “grandma” and “cookies”). Figure 1 schematizes the semantic 
neighborhoods of the words keeper, holder, napkin, handkerchief, scarf and bandanna 
and their mental association. The target words are linked to words which are com-
monly associated with the target words, such as “gloves” in the case of the target word 
“scarf ”.

Constructing a  network based on semantic relationships in a  lexicon results 
in an intuitive and readable structure, which the human eye and mind are apt of 
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interpreting. It allows us to draw inferences as to facilitated or delayed lexical re-
trieval based on the number of semantic neighbors of a target word (Reilly & Desai, 
2017) and the semantic closeness of the neighbors (Mirman et al., 2010; Mirman & 
Magnuson, 2008). In addition, such a network can yield insights into the structural 
organization of the semantic lexicon in relation to semantic fluency (Siew & Guru, 
2023), inform about lexical learning probabilities (Beckage et al., 2011; Steyvers & 
Tenenbaum, 2005), and allows us to track its changes during lexical development in 
young children and adults in order to gain insights into the structure of the mental 
lexicon (Beckage & Colunga, 2019; Beckage et al., 2011; Fourtassi et al., 2020; Hills et 
al., 2009b). Moreover, semantic network analysis has been useful for investigations 
of psycho-emotional experiences of language users in certain contexts (e.g., Oh et 
al., 2023; Che et al. 2023). 

Semantic networks are inherently useful to psycholinguistics as they enable re-
searchers to study semantic relationships by considering a more holistic view of the 
semantic lexicon and its interrelationships (De Deyne et al., 2017; De Deyne et al., 
2018; Fourtassi et al., 2020; Hills et al., 2010; Hills et al., 2009a, 2009b; Kenett et al., 
2014; Stella, 2020; Stella et al., 2018). Rather than focusing on target words and their 
semantic neighbors (i.e., ‘semantic neighborhood analysis’), a lexical network in-
corporating relationships between all words in an entire lexicon can be much more 

FIGURE 1. Common word associations of keeper, holder, napkin, handkerchief, scarf, and bandanna
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informative of semantic memory and retrieval, lexical competition, and acquisition. 
Even though semantic network analysis has been identified as a superior methodol-
ogy to study cognitive processes of the human lexicon (Siew et al., 2019), the research 
field has been hampered by the fact that data collection and network construction are 
tedious and laborious, in addition to a lack of resources for researchers (Christensen 
& Kenett, 2023). 

Graphs of links between words are the core of semantic network science. One 
must keep in mind, however, that what the graph tells is inherently vague. Is every 
entity represented by the nodes of the same status? Is every connection represented 
by the links of the same status? There are several visual cues that can be inserted 
in the graph to achieve a more detailed depiction of the information present in the 
dataset, such as the thickness of lines (‘edge strength’ in network terms), as well as 
varied colors and shapes of nodes according to certain criteria. In the case of seman-
tic network graphs, what the nodes represent is clear — it is word meanings. Even 
though a debate can be had about what a word and its meaning is (e.g., Haspelmath, 
2011), there are various ways in which links between words can reliably be quantified. 
Especially word associations are psycholinguistically clear-cut notions, as they solely 
represent the lexical relationships that individual speakers have in their minds. 
These associations are frequently collected (and used) in the context of semantic 
priming studies (McNamara, 2012). Priming is a cognitive process where exposure 
to a stimulus affects perception; in other words, hearing a target word activates other 
(neighboring) words that are perceived to be semantically close to the target word 
(Schreuder et al., 1984). Priming studies typically ask participants about their lexi-
cal associations — “What comes to your mind when you hear/ see the word xx?” — and 
harvest the complex real-world compilation of language use in relation to object and 
concept perception. Most often, priming is asymmetric in the sense that some target 
words have few primes but are asymmetrically primes to many other target words. 
Semantic networks can offer a new method to investigate topics such as asymmetri-
cal priming, which has been frequently discussed in recent years (Yu, L., Zhang, Q., 
Ke, M., et al., 2022, Hilpert, M., 2021). In general, semantic priming has been shown 
to be robust across different studies and populations (Heyman et al., 2018), with the 
priming paradigm constituting a central tenet of psychological and psycholinguistic 
research. Primes can be seen as simple causal relationship between lexical items that 
can be represented by a link in a network. If enough participants are surveyed, we 
can say our data has some empirical validity and that it represents something larger 
than an individual, perhaps a synchronous state of a given language. Once that is 
achieved, we gain a reliable reference for what semantic relationships there are in 
a language. 

The goal of  the present paper is to describe and make easily accessible to 
a wider research audience a tool for constructing semantic networks based on 
primes called fan_xplorr. First, the general aim of the work will be described, fol-
lowed by an outline of a practical application of the semantic network analysis as 
provided by fan_xplorr. For readers interested in the technical aspects of the tool, 
a description of the technical details and an installation guide has been compiled 
in the Appendix.
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2 THE DATABASE 

One of the largest databases of lexical associations (i.e., primes) for English as a first 
language (L1) is the University of South Florida Free Association Norms database (see 
Nelson, D. L., McEvoy, C. L., & Schreiber, T. A., 2004, accessible at: http://www.usf.
edu/FreeAssociation/). The database contains over 5,000 words and their associa-
tions and provides a great resource for the construction of English lexical networks. 
Data is available online in text format. The dataset requires some manipulation to be-
come useful for visualization of nodes and edges in a network. Since large-scale net-
works are too dense to be usefully visualized, it is also important to be able to zoom-in 
on particular areas of the network to view relevant pieces of information.

The research uses for the dataset and networks are manifold. One can explore the 
dataset itself, identify asymmetric primes, and cycles (e.g., as seen in Figure 1, the 
words holder and handkerchief are not directly associated, but there are two paths be-
tween them, each secured by a different word and semantic relationship), or examine 
polysemy (e.g., the word mug has primes like attack and alley but also primes like beer 
and glass). Furthermore, the dataset is prepared in a way that it facilitates the calcula-
tions of a number of network statistics, including degree centrality (i.e., the number 
of neighbors or semantic neighborhood density), clustering coefficient (i.e., the in-
terlinking of neighboring nodes in a neighborhood), and node relevance (i.e., hubs). 

3 DESCRIPTION OF FUNCTIONALITY

As a start, the lexical prime data in text format (Figure 2) was downloaded from the 
website and converted into JSON format that can capture the connections between 
the nodes in a way that can be processed by a computer.

FIGURE 2. Original format of the data

This allows us to query the dataset for selected parts (words). Let us look at an exam-
ple, the node lemon.

We are interested in viewing the primes of lemon. First, we need to find the node 
lemon in the dataset.

Next, we can have a look at which words have been recorded as its primes. This 
gives us a star-shaped structure involving a number of nodes where every node is 
connected to lemon as a prime. This is interesting but does not provide any extra in-
formation other than what we can already see in the textual representation of the 

OPEN
ACCESS

http://www.usf.edu/FreeAssociation/
http://www.usf.edu/FreeAssociation/


albert maršík— eva maria luef� 151

data. We also want to see if there are any connections between the primes themselves 
(i.e., clustering of the network). We might be missing a well-connected node, a hub, 
in the lemon neighborhood, which can inform us about influential primes. So how do 
we go about that? We take every word one by one from the current pool (in this case 
all the primes of lemon) and check the following in the dataset:

1)	 Has the word been a researched node?
2)	 If so, are any of the words in the current pool primes of this word?
3)	 Semantically similar words often share primes, so there usually will be more 

connections than just the ones forming the star. After adding the necessary 
edges to the star-shaped structure we get Figure 3.

We see that fruit is a prime of lemon. If we are interested in identifying the primes of 
fruit (to see how many primes it shares with lemon), we now focus on two nodes and 
all their primes. The process is the same as before, only involving two target words. 
Let us now turn to Figure 4, which is a representation of the two-word query. We can 
query fan_xplorr for as many words we like. One might expect fruit to have more 
primes. This depends on the methodology of the research and which lexical items 
have been researched. However, there is a way we can display the word fruit so that it 
will be a large hub in the graph. It is now that asymmetrical priming comes into play. 
If we adopt the hypothesis that fruit is subject to asymmetrical priming, we will ex-
pect the number of primes of fruit will be very different from the number of words 

FIGURE 3. Primes of lemon
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that it is a prime to. How do we research this? Every node in the dataset is checked to 
see whether fruit is to be found there as a prime. The visualization will be the same — 
fruit in the middle of a star-shaped network graph (again enriched by the edges be-
tween the other nodes). But this time it means something else — namely that fruit is 
the prime and the nodes around are the words that have been surveyed while gather-
ing this data. Figure 5 shows the results. Lemon was excluded from the query this time 
for the sake of simplicity, but it can still be seen, since fruit, as we know, is a prime 
of lemon.

The difference in node sizes reflects the number of primes the nodes have (i.e., 
node size according to degree centrality of the network or the number of overall 
neighbors). 

4 A PRACTICAL USE OF FAN_XPLORR 

Apart from it being a reliable source on semantic neighborhood statistics, there are 
many network-related psycholinguistic uses for the fan_xplorr functions in the 
realm of semantic network analysis. 

We suggest a study focused on the network statistic referred to as “clustering coef-
ficient”. It describes the degree to which semantic neighbors of a target word are also 
neighbors of themselves (Barabási, 2016). Studies on word form similarities in the 
mental lexicon of language users have demonstrated an effect of neighborhood clus-
tering on the efficiency and accuracy of word retrieval. Namely, words with highly 

FIGURE 4. Primes of lemon and fruit
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clustered neighborhoods — in which most neighbors are neighbors of one another 
in addition to the target word — pose processing challenges to speakers and lead 
to longer reaction times to words in lexical decision experiments (Vitevitch, 2021). 
Given the similarities between phonological and semantic neighborhood characteris-
tics in relation to speech processing, it is safe to assume that a similar neighborhood 
dynamic might rule semantic neighborhoods. 

The clustering coefficient of a semantic neighborhood is a statistic difficult to ob-
tain from available databases but it requires a network-based approach to semantic 
neighborhoods, such as provided by fan_xplorr. For instance, the target word “scarf ” 
(as illustrated in Figure 1) has a semantic neighborhood metric of 5, that is the num-
ber words English speakers associate with “scarf ”. This information is then added 
to the following equation to obtain the clustering coefficient (“CC”) of the “scarf ” 
neighborhood: 

FIGURE 5. Words to which fruit is a prime
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CCscarf = 2e/( k (k −1))

Here, k corresponds to the number of neighbors of “scarf ” (=5) and e is the number 
of linked word pairs (i.e., edges) between all neighbors of “scarf ” (=1), obtained by 
counting all links among the neighbors (see Goldstein & Vitevitch, 2014; Schank & 
Wagner, 2005). CC yields a number between 0 and 1, with 0 indicating no clustering 
in the neighborhood (i.e., neighbors are not neighbors of one another), and 1 indicat-
ing high clustering, with all neighbors being neighbors of one another. The “scarf ” 
neighborhood has a clustering coefficient of 0.1 and thus ranges among the lowly 
clustered neighborhoods. When one compares that to the “napkin” neighborhood 
(see Figure 1), which is characterized by CC=0.33, the difference in CC between the 
neighborhoods could mean a difference in lexical processing speed of the two target 
words. A lexical decision task can reveal whether low-CC neighborhoods have a pro-
cessing advantage over high-CC neighborhoods. 

The network-based representation of the mental lexicon of English speakers that 
is provided by fan_xplorr adds an important facet to the study of word associations. 
It allows a closer inspection of semantic neighborhoods by going beyond the simple 
target-neighbor links and computing the wider neighborhood and its interlinking. 
Through this, certain neighborhood metrics, such as CC, can be obtained, and intro-
duced to a wider audience in psycholinguistics.

5 CONCLUSION

Lexical networks offer an intriguing approach to studying language, offering an em-
pirical perspective on the intricate semantic relationships between words. The tool 
presented here attempts to make the exploration and analysis of semantic networks 
of English as a first language more accessible and user-friendly. By simplifying the 
process, researchers and language enthusiasts can now delve deeper into the com-
plexities of semantic links, revealing hidden patterns and gaining insights into the 
ways words and their meanings shape our understanding of the world. 
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APPENDIX

A 

Installation and behavior
The following section will guide you through the installation of the tool. The only 
thing necessary is to have Python3 installed. It can be downloaded from python.org. It 
is also very useful to have git as it will simplify installation and updating in the future. 

git
If you have git installed, all you need to do is follow the steps on https://github.com/
almarsk/fan_xplorr. The installation guide is within README.md. After having in-
stalled the prerequisite, you can run “wizard.py”. The wizard.py in step 3) does most 
of the work. If you want to review the installation steps, they are in the setup/setup_
steps.json for macOS/Linux and setup/setup_steps_w.json for Windows. If you are us-
ing Windows, it is best to use the git cmd application that comes with the git for Win-
dows download. The setup is not suitable for PowerShell. If you want to use PowerShell, 
follow the manual installation steps but use the PowerShell command equivalents.1

If you are not yet a git user, it is recommended to become one. Any future updates 
of the fan_xplorr project will be easily accessible via git.

download ZIP
In case you are not familiar with git, click the green code button on https://github.
com/almarsk/fan_xplorr and choose the “download ZIP” option. Then extract the 
downloaded folder to your chosen location. Open the command line on Windows or 
a terminal on macOS/Linux and navigate to the extracted folder. From then on you 
can run the python3 wizard.py (or python wizard.py) command.

The command line
A command line or terminal is another way of interacting with the computer other 
than the graphic user interface. The command line has two specificities, which need 
to be considered — ‘path’ and ‘history’. Your command line is always in one place in 
your computer’s file system which is why you need to navigate to the downloaded 
folder with the cd command. Otherwise, the wizard.py script cannot be seen. The 
history will be discussed in the behavior section, where it will help achieve a smooth 
workflow, a central tenet of fan_xplorr.

Manual installation
If your installation went well, you can skip this section. If you run into issues, feel 
free to start a thread in the issues section of the GitHub page of the project. Please try 
the manual installation first. It may not solve the problem but it can help isolate it. 

1	 There is no specific reason for this, and a contributor can create an installation wizard for 
PowerShell as well.
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To uninstall
If you want to remove fan_xplorr from your computer, you can simply delete the 
folder. Everything will be removed then, including the processed dataset (unless you 
saved it elsewhere before). This action will not remove Python from your computer.

Data
During the installation, wizard.py downloaded and parsed the data from the USFFAN 
website. They can be found in the data folder. There is the raw text concatenated from 
all the alphabet sectors on the website in the raw_florida_free_association_norms.txt 
and there is the USFFAN_just_words.json file, which contains the readable data in 
the .json format. You will notice that it contains only words. As a part of the research 
output of the USFFAN project, concrete numbers have been published, too. If you 
want an equivalent .json file with these numbers included, run python3 setup/process_
data.py. This extra information can be used for further improvements of fan_xplorr 
but has been neglected for now, as it takes up slightly more memory and time. For 
fan_xplorr to work, the .json file should stay in the data folder, but it can be copied 
elsewhere to perform other operations.

Behavior
Some thought has been put into the workflow of fan_xplorr. Assuming all setup steps 
have been successful, and the command line’s location is in the root of the fan_xplorr 
folder, we can now use two commands xplor and rnm!2 If we simply run the xplor com-
mand, it will tell us what to do:

Xplor creates a network graph in the ‚graphs‘ directory.  
Follow the command up by words you want to be a part of the graph.
They just need to be separated by space. 
To change the name of the destination file, run ./rnm 

Xplor takes the words we feed it and creates graphs as shown in the previous section. 
You will find them in .html format in the graphs folder. It creates an HTML file for 
both options from the previous section and one which is combined. A note of caution: 
if you just move the combined one out of the file it will not work, since it uses the two 
previous files as a source (i.e., it reads them). 

Once you have generated a graph, you can open it in your web browser with 

start graphs/nodes_both.html (Windows)
open graphs/nodes_both.html (macOS/Linux)

This is when the history feature of the command line becomes crucial. If you do not 
yet know what graph you want to create you can try out different words, and you 
may decide that you want to change one word but keep the rest of the currently used  
 

2	 ./xplor and ./rnm on macOS/Linux; xplor.bat and rnm.bat on Windows
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words. If you hit the arrow up key in the command line, you will find your last com-
mand ready to be run again. This means you can modify it easily and wander around 
the dataset. The next graph will overwrite the old one, so it will not overburden your 
graphs folder with nearly identical graphs. With each new graph of the same title, the 
browser can simply be refreshed to see the change.

Once you are done with your graph and you want to move on to the next one, the 
rnm command comes into play. Running rnm with a word after it changes the name 
of the file into which the future graphs will be saved. This workflow was designed so 
that you can tune your graph or just surf the dataset.

Thanks to the Python Pyvis library the graphs are interactive. If there is an incon-
venient overlap of nodes in the graph, you can manually drag the nodes and rear-
range them. 

B

What else can be done? 
This section will describe some possible enhancements to the tool. It will serve as 
a list of suggestions for anyone who might decide to contribute.

Add --open flag
The xplor command could have a --open flag that would open the combined graph 
in the browser directly. This would mean checking for the flag in the xplor and the 
src/xplor.bat file and adding the extra command with a condition.

Incorporate numerical data
This suggestion slightly defeats the purpose of fan_xplorr, but the data in the .json 
files can be used for all sorts of other endeavors. If you have an idea about how to im-
plement it in the workflow and visual of fan_xplorr, please get in touch. 

Large hubs
As of right now, large hubs are an issue. The generation of the HTML file works fine 
but the browser takes time to load all the connections, the number of which rises 
exponentially. Running ./xplor food creates an HTML file that takes up to a couple 
of minutes to load for example. Any suggestions or improvements on how to sort 
and filter the connections to keep the functionality and add performance are wel-
come.

Add thickness to the edges
The numerical data could be used to change the strength of the edges (i.e., weighted 
degree centrality in network terms). The more people have stated a certain lexical 
link, the thicker the links could be. This would mean parsing the full dataset and look-
ing into which column contains this information. The Pyvis library offers customiza-
tion of the edge strengths, so it is possible. The ultimate edge strength value should 
probably be run through a function to avoid extreme values.
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Random colors are too close to each other
Sometimes the randomly generated colors are too close to each other. A checker for 
the RGB values could be implemented. In addition, if someone wanted to generate 
several graphs with the same node, the color would be different every time. Imple-
menting the possibility to customize the color for some of the nodes might produce 
better results in these contexts.

Add metadata to the resulting graph
The combined graph output could be perfected to be standalone (independent of the 
other two graphs) and to show metadata about the nodes by default. All of this can be 
done but it is a question of preferred workflow. Feel free to start a thread on GitHub 
on this.

Check the time of writing to prevent accidental overwriting
A check could be added to the HTML files and if they have not been edited in a certain 
period of time (such as one hour), a warning and a confirmation request could be dis-
played, for instance, „You haven’t edited this destination graph in more than an hour. Are 
you sure you’re not overwriting something that’s already been finalized? Y/N“.

More target formats
More target formats (e.g. gexf) could be added to make the data available in other net-
work visualisation/analysis software like Gephi.

GUI
A graphical user interface would make this tool much more approachable to linguists. 
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