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In a recent round table organized by the Santa Fe Institute, the complexity of commerce captured the attention of those interested in understanding how complex systems science can be applicable for settings where consumers and providers interact. Despite the usefulness of applied complexity for commerce-related phenomena, few works have attempted to provide insightful ideas. This mini-review aims at providing a succinct discussion of how the metrics of emergence, self-organization, and complexity might benefit the research agenda of applied complexity and commerce/consumer studies. In particular, the paper argues possible pragmatic ways to understanding the valuable information present in word-of-mouth data found on electronic commerce platforms.
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1. INTRODUCTION

Emergence, self-organization, and complexity are three fundamental concepts in complex systems science [1, 2]. Nonetheless, the application of these concepts to the understanding of human behavior in the realm of commerce/consumer studies is far from being well-understood. In fact, on September 12, 2019, the Santa Fe Institute organized a discussion of this topic (https://wiki.santafe.edu/index.php/Complexity_of_Commerce_Agenda). As an extension of this matter, a well-deserved exposition would consist of providing a discussion on how the metrics of emergence, self-organization, and complexity [3] might benefit the research agenda of applied complexity and commerce/consumer studies. A warning note, however, should be stated beforehand. As commerce/consumer research is wide enough to be considered in one single paper, this circumstance demands the choice of a particular phenomenon. Accordingly, the remaining of this paper focuses on the consumers' “electronic word-of-mouth” (EWOM). Word-of-mouth [4] takes place when customers produce informal communications directed at other consumers about the ownership, usage, or characteristics of particular goods and services. When these communications are produced and shared through social media or electronic platforms, they are also known as “electronic word-of-mouth” [5].

Although the analysis of EWOM through statistical techniques is well-known in behavioral sciences [6, 7], the application of concepts coming from the framework of applied complexity is less frequent in the literature, being the works of Reingen and Kernan [8] and Jun et al. [9] two remarkable exceptions. Mathematical modeling or computerized simulations are also available from sociophysics [10, 11] by analyzing synthetic data.

A related yet different approach is the conceptual discussion provided here, which elaborates upon the idea of collecting natural EWOM data, preprocessing, and transform it as network data to calculate the emergence, self-organization, and complexity of its network structure. To achieve this goal, the organization of this mini-review is as follows. The idea of EWOM as a case study for applied complexity is present in the next section which also illustrates the computational steps to follow for collecting and preprocessing EWOM data and transform it as network data. Such illustration is not an analytical coverage. Also in section 2, is present the formalization of emergence, self-organization, and complexity, by summarizing the ideas of previous works [3, 12]. Section 3, then, enumerates possible benefits and challenges for applied researchers. In section 4, the paper closes presenting possible research questions that could be used for guiding empirical studies focusing on EWOM from the perspective of applied complexity.



2. EWOM AS A CASE STUDY FOR APPLIED COMPLEXITY

From a data science perspective [13], EWOM data are not intrinsically structured, and it demands the application of natural language processing and text mining techniques [14, 15] to structure them following principles of tidy data [16]. The utility of tidying up this data lies in the possibility to leverage information mechanics (e.g., production, storage, and transmission) to gain insights into essential phenomena, such as customer engagement in online reviews [17], or quantifying the effect of online consumer reviews on new product sales [18].

In online food delivery platforms [19], it might be interesting, for example, to know possible differences among customers' experiences when consuming products of globalized fast-food chains. Because the preparation of each product follows a standardized industrial procedure in each of these globalized restaurants, several research projects can be conducted. One of these projects, for example, could be the empirical validation of agent-based models focusing on word-of-mouth dynamics with information seeking [20]. In projects of this sort, it might be revealing the description of how the dynamics of customers' positive word-of-mouth differ from the dynamics of negative word-of-mouth. With web scraping techniques for collecting real data from different globalized platforms, the possibility to characterize complaints vs. recommendations, and the estimation of customers' cultural customs when they recommend outstanding products, are certainly two other fruitful ventures. If applied researchers wish to turn their attention to customers' word-of-mouth semantics, the use of text-network analyses [21], based on principles of social network analysis [22, 23] might provide exciting answers. Working with these topics might be fruitful for those who acknowledge the imperfect nature of real-world data and yet wish to use it for theoretical development. Arguably, a brief description of how to collect and preprocess EWOM data might be illustrative for applied researchers.


2.1. Collecting and Pre-processing of EWOM Data

The use of web scraping techniques [24] is a convenient means for collecting EWOM data from online food delivery platforms. Web scraping refers to the process of extracting data from websites automatically. The specifics on how web scraping works are beyond the scope of this paper, but the preprocessing of EWOM data deserves some mention. By its nature, EWOM data is not structured, but a convenient way to structure it is to transform customers' comments into a document-term matrix [15], whose entries show the frequency of appearance of every single word in each comment (i.e., words are arranged as rows, while comments are arranged as columns). As the number of comments generally exceeds the number of unique words that customers use for expressing their experiences, the resulting dimensionality of this matrix makes it equivalent to an incidence matrix [22]. This document-term matrix can then be re-expressed as a similarity matrix whose entries show the Jaccard index that quantifies the similarity between every word-comment unit [25]. The calculation of the Jaccard index here allows appreciating subtle semantic differences in customers' comments (e.g., a strong recommendation without hesitation on any aspect of the service vs. a recommendation accompanied by a warning regarding food variety). The knowledge of these semantic differences proves to be important for estimating the number of states for EWOM data. As these states are related to the concepts of emergence, self-organization, and complexity, it is convenient to describe them.



2.2. Emergence, Self-Organization, and Complexity of EWOM Data

In a recent paper, Santamaría-Bonfil et al. [3] summarized both the discrete and continuous measures of emergence (E), self-organization (S), and complexity (C) which are applicable to any dataset or probability distributions [12], and rely on Shannon's information theory, as pioneered by the Santa Fe Institute [1]. A few ideas about the implications of using these concepts for analyzing EWOM data are necessary at this point. The first idea posits that EWOM is a dynamic property of an open system composed of customers and sellers that interact by using an electronic platform. The second idea states the possibility of analyzing EWOM at different scales. While from a microscopic scale, one would see a series of written characters (i.e., letters, emojis, words) with a particular frequency distribution, from a macroscopic scale, one would see a set of possible semantic states (i.e., complaint, recommendation, or suggestion). As these semantic states are not trivially detectable at a microscopic level, the coordinated production of written characters allows the emergence of new behaviors (e.g, satisfied vs. unsatisfied customers, and successful vs. non-successful restaurants in the online food delivery platform). This idea is compatible with that of emergence [12] that refers to properties of a phenomenon which are present at one scale (e.g., a satisfied client) and are not at another scale (e.g., the words written by a client). According to Santamaría-Bonfil et al. [3], the concept of emergence (E) for discrete probability distribution measures the average ratio of uncertainty a process produces by new information that is a consequence of changes dynamics or scale. For continuous distributions, the interpretation of E is constrained to the average uncertainty a process produces under a specific set of statistical parameters, such as the standard deviation in a normal distribution. The discrete and continuous versions of E are defined as
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Equation (1) defines discrete E, where pi = P(X = x) is the probability of element i. Equation (2) defines continuous E, where XΔ corresponds to discretized version of X, and Δ is the integration step, and K is a normalizing constant that constrains E in the range [0 ≤ E ≤ 1] and is estimated as
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where b corresponds to the number of bins of a probability mass function, or, in the continuous case, to the states that satisfies P(xi) > 0 (i.e., recommendations, complaints, or suggestions). In addition, log2(b) represents the maximum entropy for a distribution function with alphabet size of b (i.e., the number of characters used by customers when writing their comments). Thus, E can be deemed as the ratio between the entropy for given empirical distribution H(X), and the maximum entropy for the same alphabet size H(U). Now, let's turn the attention to self-organization. According to Fernández et al. [12] self-organization (S) is related to an increase in order or a reduction of entropy. Put it differently, as emergence supposes an increase of information, S should be anti-correlated with E, and this is formally expressed as
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The numerical result of Equation (4) is also in the range [0 ≤ S ≤ 1]. With this final result, we can now realize the notion of complexity. Here, complexity represents a balance between change and regularity, allowing EWOM to adapt to contextual contingencies (e.g., showing dynamic changes as a function of the service quality of food providers or the increasing competitiveness among restaurants). While the regularity ensures the survival of information (e.g., a systematic positive opinion), change leads to the exploration of new possibilities (e.g., the emergence of recommendations for new products or services); that is, complexity describes the behavior of a system as the average uncertainty produced by emergent and regular global patterns as described by its probability distribution [3], which is formally expressed as follows:
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In Equation (5), C is maximal when E equals S, and the highest value of C is achieved when one (or just a few) of the states is highly probable. C becomes zero when all of the states share the same probability of occurrence. The pragmatic interpretation of these metrics derive from a perspective called “the world as evolving information” [26]. An essential ingredient of this perspective posits the benefits of describing energy, matter, life and cognition in terms of information. These benefits neither deny the utility of physics for describing physical phenomena, nor chemistry for chemical events, nor biology for life-related facts. Nonetheless, this perspective is meant only for the cases when the approaches of physics, chemistry, or biology are not sufficient for comprising phenomena with manifestations at different scales. The eight tentative laws of information proposed by Gershenson [26] are useful for understanding the benefits of employing the concepts of emergence, self-organization, and complexity for EWOM research.




3. ENUMERATING BENEFITS AND CHALLENGES

The recognition that EWOM is an emergent dynamic property of an open system composed of customers and sellers that interact by using an electronic platform is admittedly compatible with the idea that it changes as time goes by; i.e., the law of information transformation as proposed in the world as evolving information. As any customer can perceive (i.e., read) the information provided by other customers regarding their experiences in dealing with a particular seller, this sort of customer-to-customer interaction is also compatible with the law of information propagation. If, for example, the seller-to-customer interaction preserves itself in terms of a systematic presence of customers' complaints (i.e., one of the probable semantic states), this circumstance opens the possibility for the electronic platform to penalizing the seller (e.g., when Amazon automatically returns the money paid by the customer after reporting any irregularity with the quality of the product shipped by the seller). In this last case, the so-called law of requisite complexity would be taking place, resulting from the platform and the seller. The ability of a seller to generate the best service possible so as to create a critical balance between a stable positive EWOM with a rather minimum amount of negative EWOM, would be deemed as the law of information criticality. If we accept the idea that EWOM is a powerful online information source that influences online shopping [27], then we can realize that this information is having a certain control over its environment, which conforms to the law of information organization. The law of information self-organization stating that information tends to its preferred, most probable state also has an implication for EWOM studies. Because customers engage in the so-called “collaborative consumption” [19], the publication of opinions aiming at persuading other's decisions will create the possibility of a shared and dominant opinion regarding seller's conduct. This fact also relates to the law of information potentiality, according to which a customer can give different potential meanings to information. Finally, the law of information perception implies that the perception of customers might be generalized so as to respond to novel information. Even though the precise situation and context are always unique, this creates some sort of uncertainty, and this is intrinsically related to Shannon's entropy, as explained by Fernández et al. [12]. This last concept permits me to enumerate some challenges for researchers who acknowledge the narrowness in the scope, lenses, and epistemology of their discipline [28].

The first challenge for researchers with little or no knowledge of applied complexity is the idea that all economic agents (i.e., consumers, sellers, and platforms) can be seen as interacting components of a dynamic system. As agents can be seen as systems too, a second challenge is the use of social network analysis [22] to understand the relationships of economic agents from a systemic viewpoint. Few works have followed this orientation without using the concepts of emergence, self-organization, and complexity [29]. For example, Henderson et al. [30] showed several empirical examples of consumer associative networks to mapping an extensive array of branding effects, including branded features, driver brands, complements, co-branding, cannibalization, brand parity, brand dilution, brand confusion, counter-brands, and segmentation. The idea of consumer associative networks proved to be essential for the so-called “goal systems theory” proposed by Kopetz et al. [31]. This theory posits that the study of the goal-action interaction, taking place in a cognitive and motivational processes of the consumer, might be revealing for understanding a set of consumer-related phenomena including product variety search, impulsive buying, preferences, choices, and regret. Rocha and Holme [32] showed another applied perspective when they studied the network organization of consumer complaints. Although the orientation of these works might be the standard for scientific associations, such as the complex systems society, my own impression is that they remain widely ignored by members of other applied-oriented associations, such as the society for consumer psychology, or the association for consumer research.

The ideas mentioned above call for the development of interdisciplinary perspectives that demand the search for novel insights. For example, the concept of “antifragility” [33] might be fruitful to explain why some products become best-sellers even after receiving a bunch of negative reviews. The search for novel insights also demands the use of other tools for collecting and analyzing EWOM data. It is beyond the scope of this mini-review to provide a thorough description of these tools, but they include the use of agent-based modeling and simulation [20], web scraping, natural language processing, text mining and network analysis [34]. As these techniques are easily implemented in object-oriented programming languages, applied researchers might regard strategic their learning. After all, these programming languages offer other benefits, such as reproducibility; allowing others to follow the computational procedures that allow them to get the same results reported in a publication [35], or scalability; employing technologies capable of collecting and analyzing massive amounts of data [36]. The goals of scientific projects, such as FutureICT [37] that promote the use of the power of information to explore social and economic life, certainly call for multidisciplinary collaboration. All that is needed is the proposal of empirical studies where commerce/consumer studies and applied complexity can meet. EWOM research from an applied complexity perspective might be deemed as one of the several cases aligned with these goals.



4. CONCLUDING REMARKS

Until this point, it should be clear how applied complexity can provide several contributions to the study of EWOM research. While the concept of consumer associative network is useful for understanding EWOM data from a psychological viewpoint [30, 31], the concepts of emergence, self-organization, and complexity have not been integrated. This integration might be better understood with an example. Figure 1 shows two consumer associative networks resulting from the procedures described in section 2.1. Although both of these figures reveal the network structure of EWOM data for two different brands of pizzas, the network on the left shows a different structure of the network on the right.


[image: Figure 1]
FIGURE 1. Two consumer associative networks resulting from text-network analysis. (A) Shows a hypothesized network of customers' comments for brand A. (B) Shows a hypothesized network of customers' comments for brand B.


With the calculus of E, S, and C, commerce/consumer researchers end up with a set of proxies to the degree of customers' comments diversification, customers' comments polarization, and the diversification-polarization balance, respectively. Because the network structure of EWOM data might change as time goes by, then a dynamic analysis of these changes might help commerce/consumer researchers understand the (external) factors that act upon these structures (e.g., How effective are promotions to increase and maintain the number of positive comments?). The comparison between these structures is another issue to explore (e.g., How similar are the network structures of EWOM data for two restaurants of a globalized fast-food chain operating in different countries?). Finally, the power of emergence, self-organization, and complexity for predicting future sales could be another related topic (How sensitive are sales to significant changes in the network structure of EWOM data?). These topics are relevant when we consider the case of Uber Eats, Just-Eat, Food Panda, or Delivery Hero, as business models that facilitate the interaction between customers and restaurants [19]. Working with EWOM data collected from these globalized platforms turns out to be an empirical field with unknown opportunities for complex systems scientists. The reason behind this statement is the gap between theory and observation. In network analysis, for example, idealized-mathematical illustrations make use of networks with few nodes and edges, but what would happen if we need to work with vast data sets of comments for a numerous collection of food providers? How much scalability would be required for analyzing a disproportionate set of data? These questions posit important challenges for developers of cloud computing technologies, such as Data bricks or Google Cloud.
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