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Abstract 

Within psychometrics, whether in Psychology or the Management Information Systems (MIS) discipline, a 
generalizable distance metric within and between constructs from different studies has not emerged. This 
paper takes a first step towards creating such a metric by developing and testing the Revelation of 
Nomological Network (RONIN) algorithm. RONIN uses a combination of machine learning approaches and 
algorithms to map how construct measurement items are empirically inter-related. The result is an 
objective, semi-automated, numeric-based tool to develop nomological maps as graphical aids for literature 
reviews. We apply the RONIN algorithm to the construct of trust within MIS journals. In contrast to some 
seminal papers about trust outside of MIS, with RONIN we learn that trust within MIS is less about risk, 
but rather is largely about social uncertainty and is integrally linked to social identification. The 
implications of RONIN and its potential for transforming research within MIS are also discussed. 
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Introduction 

Identifying the overall pattern of relationships within and among constructs is a challenge within 
psychometric research. Literature reviews offer one approach to examine the nomological map of a 
construct, but often requires the need to examine measurement items representing the construct to gauge 
how items cluster together across constructs and across articles.  

In this article, we propose an approach that automates certain portions of the literature review process to 
define and scope a construct within the literature. This method uses a natural language processing 
algorithm to cluster measurement items of each related construct based on a blending of semantic and 
empirical distances among those measurement items and their unidimensionality. The results provide a 
means to determine a set of distances among the measurement items of those constructs, creating a 
construct distance map.  

To create a construct distance map, we use an objective, number-based, semi-automated method that 
simultaneously analyzes a large corpus of measurement items. Then, we map the construct as inter-related 
nodes where each node is comprised of a selection of measurement items. Our algorithm uses an application 
of an understandable epistemology, rather than a black box, machine learning, big-data analysis method. 
We term this algorithm for establishing construct distance, RONIN – Revelation of Nomological Network. 

This paper describes RONIN and demonstrates its ability in the context of trust as applied in the top 
Management Information Systems (MIS) journals. Specifically, trust in MIS is often defined along variants 
of trust “as a willingness to be vulnerable to another party” (Schoorman et al. 2007, p. 347) based on beliefs 
in that party’s trustworthiness – its ability, benevolence, and integrity – as it applies to the trusting party 
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in the context of taking a risk (Mayer et al. 1995). Trust is one of the major themes of MIS research (Goyal 
et al. 2018) as well as in Management (Schoorman et al. 2007). We apply RONIN to combine 2,859 
measurement items used to measure trust and related constructs in MIS journals. Our visualization 
approach clusters items into nodes (or stars), which form constellations. Viewing the stars and 
constellations using trust theory provides new insight into how the MIS discipline has treated trust as a 
theoretical construct.  

The remaining structure of the paper is as follows. The next section briefly discusses RONIN as a means to 
provide a consistent distance metric. Then, we provide a brief description of the implied epistemology 
behind RONIN. We apply RONIN to the study of the trust construct and provide a visual stargazer view of 
how the 2,859 items used to measure trust and related constructs cluster into stars and constellations. Next, 
we discuss the results in the context of trust theory within MIS. We conclude by offering a broader 
perspective of the possibilities of RONIN and describe limitations and further steps that can be taken with 
this algorithm. 

Description of RONIN 

RONIN Algorithm Development 

The increasing amount of research published within the MIS discipline and related subdisciplines make it 
challenging to identify which phenomena are well-known and understood and which phenomena are ripe 
for further opportunity for research (Paré et al. 2016). In this research, we explain one approach using 
machine learning to examine how a single construct is measured and conceptually defined within a 
discipline. 

RONIN is the combination of an algorithm that uses natural language processing (NLP) to examine the 
measurement items of a construct and a visualization method to demonstrate the nomological network for 
a construct. We use NLP to detect likely empirical relationships between constructs, or, more specifically, 
construct measurement items. We limit our algorithm to reflective constructs because the measurement 
items within these constructs should be unidimensional. Contrasting unidimensional measurement items 
against unrelated measurement items offers machine learning and our NLP algorithm the best opportunity 
to examine the relationships within a construct and between constructs.  

The process for RONIN requires a large set of reflective constructs (i.e., unidimensional constructs) and 
their items. To identify if the construct measures are reflective or formative, one option is to manually 
categorize constructs as formative or reflective. This manual coding is a time-intensive exercise. 
Alternatively, a heuristic rule may be applied to allow the system to detect formative constructs as well as 
poorly specified reflective constructs.  

We first developed a means to use machine learning to identify reflective, unidimensional constructs. For 
this step, we used the data set provided by the Human Behavior Project (HBP) at the University of Colorado 
(www.theorizeit.org), which consists of every construct published from the inception of the journal to 2016 
in MIS Quarterly (1977-2016), Information Systems Research (1990-2016), and the Journal of 
Management Information Systems (1984-2016). Every article containing at least one construct was 
manually extracted and placed within the Inter-nomological Network database (Larsen and Bong 2019) 
maintained by HBP. The dataset includes 680 articles, containing a total of 4,476 constructs, which contain 
17,732 items.  

To identify reflective constructs from this data set, we first removed constructs with more than six items 
from the candidate set for machine learning examination.1 Next, we generated an initial dataset for training 
the machine learning algorithm. This dataset consists of item pairs that are unidimensional (from a 
reflective construct), which are labeled as positive cases. Random item pairs from different articles, and 
item pairs from non-unidimensional (formative) constructs, were chosen to represent negative cases.  This 
is a special case of Positive and Unlabeled Machine Learning (Liu et al. 2003), wherein only one class is 
known with certainty and other cases that are somewhat likely to be of the other class are labeled as 

 

1 After examining the construct item number distributions and comparing it with a fully categorized construct set from 
a psychology journal, we settled on six as the cutoff point. 

http://www.theorizeit.org/
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negatives. Table 1 shows an example of one positive case and one negative case. We refer to the positive 
cases (1) as unidimensional and the negative cases (0) as non-unidimensional. Positive cases are item-pairs 
that conceptually are measuring the same concept. Negative cases include item pairs (1) from two different 
constructs (within the same study or across studies) or (2) from the same construct, but the items are not 
necessarily unidimensional. In Table 1, the positive case includes two items from the same construct within 
the same study. The first negative case includes items from two different constructs across studies. The 
second negative case are an item pair from the same construct (Effectiveness) within the same study; 
however, the items are not unidimensional, leading to a negative case. 

L_ ItemId L_ItemText R_ ItemId R_ItemText Target 

193 
Using the system enables me to 
accomplish tasks more quickly. 

196 
Using the system increases my 
productivity. 

1 

42463 
I have chosen features offered by 
the portal site to suit my style of 
portal use 

59811 

 

We often try out new processes to 
build our systems/applications 

0 

33476 
[The system] greatly increases 
the number of our customers. 

33478 
[The system] allows us to make 
better decisions in allocating 
resources to business operations. 

0 

Table 1. Sample Positive and Negative Cases 

All combinations of items belonging to the same construct were added to the training (11,419 pairs), 
validation (3,806 pairs), or holdout (3,806 pairs) datasets with a positive (1) value. Next, for all constructs 
in each set, all combinations of items not belonging to the same article were generated for training 
(33,342,288 pairs), validation (3,442,998 pairs), and holdout (3,440,336 pairs). These item pairs were all 
specified with negative (0) target values. The unbalanced frequency combination of positive and presumed 
negative cases in each of the three sets creates a highly imbalanced dataset which  negatively affects the 
accuracy of the classification algorithms (Visa and Ralescu 2005). Therefore, we randomly down-sampled 
the negative (0) class to a similar size as the positive class, resulting in a training set of 23,159 item pairs, a 
validation set of 7,433 item pairs, and a holdout set of 7,470 item pairs.  

For each pair, we applied a new type of natural language processing (NLP) analysis. We employed four 
semantic spaces: the word2vec corpus (Mikolov et al. 2013), the GloVe (Global Vectors for Word 
Representation) language space (Pennington et al. 2014), and the same Business and News LSA semantic 
spaces used by Gefen and Larsen (2017). For each space, each item text in a pair (see, for example, Table 1) 
was projected in and imbued with a high-dimensional vector (300-500 dimensions). The element-wise 
absolute difference between each item’s vector was then calculated, resulting in one vector representing the 
differences between the items on each dimension. For example, Table 1’s ItemId 193 is represented by a 
500-dimensional vector in the Business semantic space. The same is true for ItemId 196. If the values for 
the two items in Dimension 1 were 0.8 and 0.6, respectively, the Dimension 1 feature for that pair would be 
the absolute difference, or 0.2, logically representing the similarity of the two items on that dimension. This 
approach is more granular than calculating one cosine between each 500-dimensional pair of item vectors 
as is generally done in LSA (Larsen and Bong 2016) and more transparent than deep learning neural 
networks. 

We used these datasets to train models using supervised machine learning. We employed Naive Bayes, 
TensorFlow Neural Network classifiers, Vowpal Wabbit, Elastic-Net Classifiers, and Support Vector 
Machine Classifiers. In the vast majority of cases, tree-based models performed the best. This included 
Gradient Boosted Trees Classifiers, Gradient Boosted Greedy Trees with Early Stopping (Hastie et al. 
2013), Light Gradient Boosted Trees Classifiers with Early Stopping (LGB) from Microsoft’s Distributed 
Machine Learning Tookit and eXtreme Gradient Boosted Trees Classifiers (XGBoost) with Early Stopping 
(Chen and He 2015; Chen et al. 2015). All these gradient boosted models are generalizations of the adaboost 
algorithm (Freund and Schapire 1997). For GloVe and Business datasets, XGBoost was the best algorithm, 
and for word2vec and News, LGB outperformed. As the differences were marginal for all but the Business 
semantic space used by Gefen and Larsen (2017), in which clearly XGBoost outperformed LGB, XGBoost 
was selected for all language spaces. XGBoost models from each space were combined into one ensemble 
model.  
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The ensemble XGBoost model was then used to make predictions on all item-pairs from the training, 
validation, and holdout data. All pairs tagged by the model as false positives or false negatives were 
examined by established scholars with expertise on construct measurement. In two rounds of expert 
evaluation, a total of 3,271 pairs were examined and recoded to inform and retrain the model. The 
performance of the final model, using the probability classification cutoff threshold that optimized the F1-
score in the training sample, shows strong results on the validation sample with precision of .886, recall of 
.868, an F1-score of .877, and area under the curve of the receiver operating characteristics curve of 0.955. 
We did not examine the holdout sample because we intend to further refine the model before journal 
publication. 

The RONIN algorithm is unique and addresses a different problem than has been addressed in the 
literature. It integrates the dimensionalities from LSA, GloVe, and word2vec and reduces that 
dimensionality based on supervised machine learning. It learns which dimensional features are important 
for two survey items to be psychometrically unidimensional and uses that information to detect 
unidimensionality among a large set of items. Unlike approaches such as concordance analysis and LSA, 
each individual dimension only drives integration of items when that dimension is important to the target 
of developing unidimensional item pairs. In approaches such as LSA, there is no external criterion driving 
the integration process. 

Visualization of RONIN 

The first step of visualization with RONIN is to use the final model from the previous step to predict the 
probability of unidimensional to a set of item-pairs. Then, a squareform transformation is applied to this 
set of pairwise predictions, thereby creating a square similarity-matrix of all item pairs from the set. This 
similarity matrix cannot be directly visualized – a human obviously cannot easily visualize a plot drawn 
with any more than 3 dimensions, let alone thousands (recall that our complete itemset has 17,732 items). 
Furthermore, dimensionality reduction techniques still leaves an enormous number of points on a 2- or 3-
dimensional plot.  

However, the goal of visualization in RONIN is to explore general shape and structure characteristics 
instead of individual items. Of interest are interesting spatial relationships among groups of items, such as 
tight groups, highly central item-sets, bridges, and so forth. To this end, RONIN employs a visualization 
algorithm called Mapper (Singh and Sirdeshmukh 2000), which extends from the domain of topological 
data analysis (TDA) in mathematics. On a high level, Mapper works by “performing a local clustering guided 
by a projection function” (van Veen et al. 2019a). More specifically, Mapper projects the raw data into some 
desired space; covers that projection with a set of overlapping shapes (often hypercubes); clusters on each 
cover subset in order to obtain nodes, and draws edges between nodes if they share a minimum number of 
datapoints.  

In RONIN, the projection, covering, and clustering is performed using the open-source python library 
Kepler-Mapper (van Veen et al. 2019a; van Veen et al. 2019b). The graph of nodes and edges is drawn using 
the javascript d3 force-graph library (Bostock 2019). Later in this paper, we demonstrate creating, drawing, 
and analyzing a graph using a subset of items. 

Applying RONIN to Trust in the Information Systems Literature 

By leveraging RONIN, we can explore the literature on a topic differently. Literature reviews tend to have a 
scope of a topic or problem, a subdomain, or a discipline. In performing a literature review on a topic, such 
as “trust,” a researcher would likely gather information about the definition of trust, relevant theory used 
related to trust, the antecedents and consequences of trust (to establish its nomological network), and/or 
the measures used to assess trust. However, there are limitations to how much the researcher can assess 
about the construct given the number of studies related to trust and the amount of the data that is to be 
collected and analyzed. Enabling technology to support more steps within the literature review process can 
be used to help gain different types of insights related to the topic of trust. 

We applied RONIN to articles that examine the construct of trust within MIS to generate a construct 
distance map. To do this, we filtered our entire item set to items belonging to a construct that had an item 
containing at least one of the following words: trust, faith, promise, rely, confident, expect, share. These 
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words were identified by hand-curating interesting terms from a list of terms that are close cosine-distance 
neighbors to the term “trust” in a semantic space created from all the terms in our corpus. The list was 
curated by an acknowledged MIS discipline expert on trust.2 This resulted in 2,859 trust-related items. 
Next, we used the RONIN model to make unidimensionality-predictions for the pairwise set of the trust-
related items. Then, we square-transformed these item-pair-predictions to obtain a similarity matrix, and 
projected this matrix into a 3-dimensional space using t-SNE (Maaten and Hinton 2008) dimensionality 
reduction (2 components) plus a L2-norm (i.e., Euclidian norm). We covered this projection with 20 
hypercubes and 50% overlap between hypercubes. We clustered these hypercubes using density-based 
spatial clustering of applications with noise (DBSCAN) with an epsilon of 0.5. Clusters were retained as 
nodes if they had a minimum of 20 items. Edges were drawn between any nodes that shared at least one 
item. This resulted in a graph with 56 nodes and 147 edges between those nodes. Among these nodes were 
1,400 non-deduplicated items, among which were 625 unique items (recall that because of the hypercube 
overlap, nodes can have duplicate items). This means that with these algorithm choices, ~22% of our 
original 2,859 trust items were retained.  

The decision to apply 20 as the minimum number of items to retain a cluster as a node, was based on a grid 
search on that parameter in a manner analogous to the Scree test performed for principal components 
analysis (PCA). We plotted the number of nodes by the minimal size of the measurement items in each 
cluster. The scree bend is evident at about 20 measurement items. We therefore chose to retain clusters of 
at least 20 measurement items. The result was a collection of 56 nodes of between 21 and 37 items each 
with a mean of 24.98 items and standard deviation of 3.85 items in a node. Optimizing this parameter 
produced a map with enough content to capture the overall picture, but avoids too much detail that makes 
the picture too complex to interpret. 

Running Mapper using the above configuration resulted in the graph shown in Figure 1 where each node-
cluster is represented as a star. Each item in each node contains the name of the scale it belongs to as well 
as the actual wording of the measurement item. Based on the most frequently-occurring construct names 
in each node-star, we assigned it a theme. Much as how in a PCA the items that appear with a higher 
coefficient on their rotated principal component are interpreted as determining more of its meaning, we 
relied on most-frequent-occurrence in our application in order to label the node. 

Next, the shared theme across all the stars of each constellation of stars was then superimposed on the 
figure created by our analysis using RONIN. In the case of the considerably larger constellation that looks 
like two balloons of stars tied together by two stars, we added three superimposed tags: one for each balloon 
and one for the connecting two stars. The other constellations were considerably smaller, being at most 7 
stars large. This is shown in Figure 1. 

 

2 We acknowledge that the choice of words is subjective based on the experts that curated the list. This is consistent 
with other types of judgment calls that are made by researchers to identify which studies are included within a literature 
review. 
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Figure 1. RONIN-Created Constellations of Measurement Item Clusters 

Assigning Meaning to the Results 

The constellations in Figure 1 show how trust is studied in the journals that comprise the corpus. The two-
balloon constellation, comprising of by far the largest set of stars, can be interpreted as saying that a large 
proportion of the MIS research about trust considered the contexts of social ambiguity in settings involving 
identification and lack thereof, tied by a sense of belonging. The naming of each constellation is based on 
the shared meaning across the stars that make up that constellation. The interpretation of each star is based 
on the wording of the measurement items that comprise it. Considering that the highly cited early seminal 
piece on trust by Zucker (1986) identified characteristic-based trust production as among the three key 
processes that build trust, together with process-based and institutional-based, the central role of 
identification may come as little surprise – especially as Zucker herself suggested that the characteristics-
based process operates by reducing social uncertainty. Indeed, lack of identification with the IT tech support 
team is one of the reasons identified as inhibiting the successful deployment of new IT (e.g. Gefen and 
Ridings (2003)) and virtual teams (e.g. Altschuller and Benbunan-fich (2013)). That RONIN shows that 
this process is actually two-pronged and joined by a sense of belonging sheds new light on this process. The 
close relationship between trust and both sides of identification is consonant with the approach by the Trust 
and TAM (Gefen et al. 2003) model, based on the Trust and Power perspective advocated by Luhmann 
(1979), that trust is mostly about dealing with social uncertainty. Social uncertainty is not knowing what to 
expect of the other person or persons, i.e. social ambiguity. That is, people have a strong drive to understand 
the social world they interact in. The trouble is that because all people are in essence free-agents who might 
not even behave rationally, that social world is overwhelmingly complex to a degree that such a task is 
cognitively beyond human endeavors. Overwhelmingly so, that is, unless the trusting person assumes away 
many possible behaviors that the trusted party might partake in – that assuming away undesired behaviors 
is another way to look at what is the essence of trust (Gefen and Carmel 2008). That argument somewhat 
parallels Zucker (1986) in her discussion about why the characteristic-based trust driver is so strong. Zucker 
argued that when the trusted party is believed to belong to the same social strata as the trusting person, this 
allows the trusting party to assume that certain undesirable behaviors will not be done. In her case about 
banking in the USA at the end of the 19th and beginning of the 20th century that was about believing that a 
gentleman would never behave in certain manners and can be expected to behave in others. All that leads 
to trust (Zucker 1986). Interestingly in the NLP analysis, this identification is evident through two separate 
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paths: identification and lack of identification. That distinction, only indirectly discussed in MIS literature, 
actually makes sense when viewed through the lenses of social identification theory (Hogg 1996; Hogg and 
Terry 2000; Tajfel 1978). Briefly, social identification theory argues that a central part of a person’s self-
identity is related to the social group they think they belong to, what is known in that theory as the in-group, 
and all the other social groups, the out-group in that parlance, that it is different from. Because of how this 
perceived group membership reflects back on their own sense of self-identity and sense of value, people 
tend to exaggerate the good of their own social group while emphasizing the bad in the, sometimes fictional, 
out-groups. This is totally irrational as Tajfel (1978) showed, but evidenced clearly in the way soccer fans 
treat a goal by their own team as if it is their own. An IT context can exacerbate these group boundaries 
because users and IT tech support and developers do indeed often belong to different units and professions 
with their own unique jargon and behavior (Gefen and Ridings 2003). What the NLP analysis suggests is 
that there might be two unique processes evident through the measurement items used to study trust in 
MIS. On the one hand, a sense of identification that based on theory should increase trust (e.g. Zucker 
(1986)), and, on the other, a sense of lack of identification that may discourage the creation of trust (e.g. 
Gefen and Ridings (2003)).    

This strong pattern of associating trust with identification stands out in contrast to the seminal paper about 
trust in Management: the integrative model of organizational trust (Mayer et al. 1995). In that model risk 
plays a central role in understanding the importance of trust. And yet, risk does not come up as a central 
pillar in the RONIN model. That IT risk does not play a prominent role in the our analysis is not surprising 
considering that among all the 625 trust-related measurement items retained in the graph, the word “risk” 
appears in only 2 items in the context of privacy risk and once more in the title of one construct “firm's 
strategic risk”, suggesting that indeed in the context of these papers, risk is not strongly associated with 
trust. One reason for that may be that in many contexts studied in MIS, such as ecommerce adoption, the 
risk posed from other people is less direct. The company behind the IT might pose a risk, but people interact 
directly with the IT rather than the people behind it, and so the role of those other people or companies 
might be hidden and less obvious.  

The second largest constellation, shown in the top left with 7 stars, is labeled “Team”. The items in that 
constellation deal with the culture of the team and empowerment within it, affective and cognitive trust as 
well as relational trust (as opposed to social identification-based trust in the two-balloon constellation), 
knowledge and expertise sharing and integration, cooperative learning, and conflicts in the team and its 
integration. In contrast to the two-balloon constellation, these stars and their items deal with the team 
rather than with the identification the person has with it, suggesting that MIS research treats these two 
contexts of trust as separate streams.  

The third largest constellation, shown in the bottom right with 5 stars, is labeled “Support and info quality”. 
This constellation deals with how quickly the IT teams supports the users and the quality of that service, 
combined with the quality of the information the IT provides, presumably influenced by the quality of the 
IT support. And, related to that users’ IT self-efficacy. This constellation also deals with rapport the users 
have with their IT support team. While the second constellation dealt with the IT team, this one deals with 
how the users perceive its service.  

The fourth largest constellation, shown in the top right with 4 stars, is labeled “Support and service quality”. 
This constellation deals with how reliable, useful, easy to access, navigable, dependable, and beneficial the 
IT, mostly a website, is perceived to be. This constellation maps into the key constructs of TAM (Davis 1989) 
and the myriad number of studied that tied trust to TAM and related constructs. The other single and dual 
star constellations were labeled accordingly. 

Discussion 

This study describes an NLP method that semi-automatically examines a construct within the literature 
using a technique that may have immense implications for the conduct of psychometric research. The 
approach we describe enables a researcher to deeply explore a construct based on how it is measured within 
the literature. This method, by analyzing how close measurement items are to each other, creates a matrix 
of distances among measurement items relating to a construct of interest. That matrix can then be 
presented graphically as a constellation of aggregated measurement items, shown here as stars. While prior 
research has used text mining techniques to classify MIS research into themes by analyzing abstracts 
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(Sidorova et al. 2008), this study demonstrates how it is possible to use similar techniques to look for 
research themes for a specific construct using RONIN. 

Our method for reviewing the trust literature allows us to gain new insights to a construct based on the 
measurement of that construct. We use a method to analyze the items used to measure a construct to create 
a construct distance map of the construct based on objective and numerical values. The construct distance 
map offers stars, or nodes, of similar items based on a blending of past empirical results, NLP, and 
supervised machine learning. The stars, or nodes, are then mapped into constellations that enable the 
researcher to have a different type of view of a construct that cannot be gained through a traditional 
literature review. Numerical values identify the relationship among the nodes that are obtained by the 
algorithm, free from the researcher’s own personal bias towards or against specific studies, theories, or 
construct definitions. A numeric value, much as a beta in regression, can provide a more objective measure 
and place research on sounder foundations than those based on unavoidable human bias. More broadly, 
having numeric values could transform the creation and validation of construct distance maps into at least 
partly being a quantitative, and not solely qualitative, process.  

In a traditional literature review, it can be challenging to review and make sense of the large amount of 
studies and data that are analyzed to bring forward meaningful findings. The visualization approach used 
in our study offers a different way to interpret and understand a construct by identifying stars, which could 
represent emerging constructs or subdimensions, and the constellation patterns among those stars, which 
represent relationships among emerging constructs or subdimensions. The mapping of these patterns is 
performed by examining the measurement items for a construct, or nebulae, which are used to dynamically 
form stars. Some of the nebulae (i.e., measurement items) cluster well into groupings that lend useful 
insights and create stars, while some measurement items are not mapped into any clusters because they do 
not have enough similarity with other items to be retained (much like the dwarf-planets that are hard to 
discover even within our own solar system). We expect to make the visualizations available to researchers 
who want to explore these dark areas of the nomological network to build productive research agendas. 

Another value of this approach is to demonstrate when a measurement item may be a better fit within 
another emerging construct, subdimension of a construct, or an entirely different construct rather than the 
construct the measurement item was originally designed to measure. These types of findings could yield 
different numerical assessments of construct validity rather than predominantly relying on expert judgment 
(Boudreau et al. 2001; Cook and Campbell 1979; Straub 1989). Other measurement issues could also be 
identified through this type of literature review. For instance, if two measurement scales with different 
names are actually the same scale, or if two different measurement scales with the same name are referring 
to different constructs. These are opportunities to create a dialogue within the field to discuss if past 
approaches for measuring constructs are appropriate, and how specific constructs should be measured and 
defined as the discipline moves forward. 

Limitations and Future Research 

This article has demonstrated RONIN as a technique to examine the literature; however, there are 
limitations of our approach. First, in our current application of RONIN, we create an overview of how the 
field has measured and defined a construct. Only quantitative studies that report measurement items are 
included in the analysis; any conceptual or qualitative studies would be excluded from the examination of 
the construct. Furthermore, items or prior definitions of the construct that are no longer used would still 
be included (unless purposefully chosen to be excluded) in the analysis. Furthermore, RONIN, as described 
here, does not allow us to examine how a construct and its measures change over time, but this could be an 
extension for future research. In addition, we demonstrate RONIN to perform an in-depth examination of 
a single construct and its definition within the literature. The results of the technique, as described here, 
would not necessarily inform the researcher regarding the causation relationships among constructs (e.g., 
antecedents and consequences). In this analysis, we also only focused on demonstrating insights by 
analyzing the constellations. Space limitations precluded our discussion of gaining new insights about a 
construct by analyzing specific stars and the items that are included in each star. 

A second set of limitations is related to the automated analysis techniques that we use for examining the 
data. The current results are dependent on the fine-tuning used within this method, such as choosing the 
number of items in each cluster (i.e., star) or determining the number of clusters. For our analysis, we used 
techniques consistent with PCA by examining a scree plot, but further research will need to establish 
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consensus about acceptable statistical thresholds. Finally, there is a need to develop overall fit indices for 
stars and constellations to have a more objective approach to understanding how well the algorithm finds 
patterns among items. Currently, this assessment of fit is subjective, consistent with traditional literature 
review approaches. However, having a more objective measure of fit would provide additional support for 
the results and interpretation. Another potential opportunity is to identify a method to assign p-values to 
each association of a measurement item to a given star and then from one star to another through a multi-
sampling bootstrap algorithm. This would help provide insights on the relationships between stars within 
and across constellations.  

Conclusion  

In developing a new means to review the literature on trust within MIS, we developed a construct distance 
map of trust that shows how items cluster together as stars and constellations to gain new insights regarding 
how we have measured and defined trust within our discipline. The construct distance map developed 
through RONIN tells a new story about the trust literature in MIS research in a clear and succinct manner 
that introduces a unique view of the trust literature through an objective, numeric, semi-automated NLP 
process. This process creates potentially invaluable new nomological maps.  
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