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Abstract

:

The value of big data for social sciences and social impact is professed to be high. This potential value is related, however, to the capacity of using extracted information in decision-making. In all of this, one important point has been overlooked: when “humans” retain a role in the decision-making process, the value of information is no longer an objective feature but depends on the knowledge and mindset of end users. A new big data cycle has been proposed in this paper, where the decision-maker is placed at the centre of the process. The proposed cycle is tested through two cases and, as a result of the suggested approach, two operations—filtering and framing—which are routinely carried out independently by scientists and end users in an unconscious manner, become clear and transparent. The result is a new cycle where four dimensions guide the interactions for creating value.
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1. Introduction


Big Data (BD) has gained wide attention since the first introduction of the definitional statement in which they were described as “high-volume, high-velocity and high-variety information assets that demand cost-effective, innovative forms of information processing for enhanced insight and decision making” [1]. This seminal definition gave BD its signature “V”, originally the three Vs of Volume, to indicate the vast amount of data in play, Velocity, to indicate the rate of data generation and possible successive processing and Variety, to indicate the many data types and sources. Further “Vs” have been since be added: Veracity, to spell out the need for carefully scrutinizing the reliability of data, and Value, which can be seen as the ultimate goal when BD are used in social science [2,3,4]. Value is understood as the capability of BD to generate insights that can benefit decision-makers, organizations, policy-makers and other end users [2,3,4].



To date, an enormous number of studies have been carried out on BD [2,5], but their interest for social science is more recent [4]. The available studies offer, on the one hand, experimentations in the use of BD [6], social media, in particular, to generate Value, without involving decision-makers [7]. On the other hand, several previous works of research have pointed out that BD has the potential to generate Value for business and also to tackle societal challenges [8,9,10]. Further to this, an issue that has been overlooked in previous studies is that this generation of Value is linked to the way BD is used by people working inside organizations and governments. When decisions continue to be made by “humans”, the value and use of the information is dependent on the characteristics and knowledge of the decision-maker [11]. This problem is not new or specifically pertinent to BD (see, for example, [12]), hence it is surprising that it has been neglected so far.



The path towards generating knowledge for decision-makers and then Value is clearly more complex in the BD arena. Many scientists from different disciplines are involved in elaborating BD in order to acquire, analyze, model and visualize data. These scientists often make arbitrary decisions [4], for example about what material to select from the entire world of social media [6] or how to model the information [13]. Without the involvement of decision-makers—who, it must be remembered, are the final users of the data—there is the high risk of creating a mismatch between the needs of the users and the information provided by the data scientists. What happens is that “obscure” areas in BD processing are created and, as a consequence, two contradictory situations can arise. In the first case, “slave” decision-makers blindly follow the indications proposed by algorithms without mastering the numbers, while in the second case, “reluctant” decision-makers [14] ignore the information extrapolated from BD entirely. Both situations are problematic and can result in sub-optimal decisions being made.



In this paper, the author argues that a new BD cycle is urgently needed to achieve social impact and, at its centre, is the true missing variable for pursuing Value: the decision-maker. When “humans” retain a role in the decision-making process, the value of information is, accordingly, no longer objective but is influenced by the end users’ own knowledge and mental outlook. More specifically the research question addressed in this paper is how decision-makers can be put at the centre of the BD cycle and become the point of reference for knowledge generation? To pursue this goal, two processes that are usually carried out implicitly by data scientists—filtering and framing—become clear-cut and explicit. The new approach was tested out in two cases of wider social interest: City and Art. In the City case, the key actor (CityEx) wanted to have new insight from BD, to stimulate the public debate during the mayor election campaign. In the Art case, a cultural foundation wanted to explore its network and its role in the local scene. Both cases are located in the same major city in northern Italy.



To describe these arguments, the paper is articulated as follows: the next section sets out the methodology; section three outlines the results. The discussion is lastly presented and conclusions are drawn.




2. Methodology


This section covers the methodology employed in the study, first introducing the conceptual perspective and introducing the decision-maker centric approach and then, in the following sub-section, describing the empirical strategy.



2.1. Conceptual Perspective


Decision-makers in this paper are considered as private or public actors who make decisions and act within their social and institutional roles. This definition excludes the individual sphere of decision-making, such as purchasing items for personal needs. The relationship between the value of information and user knowledge was recognized before BD arrived on the scene (e.g., [12]). The common starting point, which remains the same as in the past, is that knowledge is subjective and the same information can be easily understood differently by two distinct decision-makers on the basis of their personal background and experience [13]. Having set out the above, attention is drawn to two processes that have acquired particular importance in the era of BD and can influence the way new knowledge is used, learnt and generated, although the decision-makers are often only involved in the initial and/or final stages. These two processes are filtering and framing, and they flow through in all phases of the BD chain (see Figure 1).



The first process, filtering, involves the selection of data and the relative attributes and features ingrained within the mechanisms for transforming data first into information and then into knowledge that can be used by decision-makers. From the stage of data acquisition to that of data visualization, data scientists make decisions that will reduce the mass of data processed and ensure that the data selected can be easily managed and understood. One of the most obvious—and most discussed—cases of filtering concerns the collecting and analyzing of data from social media [15,16,17]. Whether this information is to be used for sentiment analysis or network analysis, subjective decisions come into play that impact on the type of data acquired and the kind of attributes gathered. For instance, collecting data through key words implies including or excluding a certain number of social media posts, and therefore shaping the space for decision-making in different ways. While filtering is less visible, it is nonetheless present, and not only in the data collection process. When integrating and merging data, data scientists must make decisions that affect the way temporal and spatial references are aligned [18,19]. For example, when data have a different geographical granularity, data scientists must decide either to aggregate fine-grained data or to disaggregate higher-level data. Algorithms may very well be highly sophisticated, but there will always be choices that affect the final results.



The second process, framing, is the strategy used to contextualize and communicate data so that they can be understood, trusted and enacted upon. This second process is rooted in the awareness that data do not exist “per se” and do not have an objective meaning. As highlighted by Gitelman ([11], p. 3), “data need to be imagined as data to exist and function as such, and the imagination of data entails an interpretive base”. Within the broader phase of framing, visualization is the process that has been studied the most widely, starting with the seminal contribution by Frankel and Reid [20], who claimed that the role of designers is to stimulate novel thinking patterns. Since then, other studies have highlighted how different visual frames can influence the understanding of experts and businesses (e.g., [21,22]. Framing comes into action from the data collection phase onwards, to decide which data and attributes enable better decision-making and present the best annotation [23].



With the final aim of enhancing the value of BD for users, this study is proposing and evaluating a BD cycle centred on the decision-makers, where the two processes, filtering and framing, are investigated and explained clearly. Following the scheme set out in Figure 2, decision-makers are placed at the centre of the proposition and become the yardstick for the entire BD process. This, in turn, consists of five phases. The first three phases are connected to data management, and involve the operations for acquiring, storing and setting data that will be used in subsequent analyses. This modelling and analysis phase is the cornerstone of analytics, and underpins the process of presenting the data so that they can be understood and used effectively by the people making decisions.



According to this innovative approach, where decision-makers play a central role, the new cycle is placed within a wider context, one in which social, economic and environmental trends all need to be taken into consideration together with the relevant stakeholders.




2.2. Empirical Strategy


At the empirical level, the BD cycle introduced in the previous section was tested out in two cases through action research methodology [24,25,26]. The distinctive feature of this approach is that it relies on researchers and the decision-makers defining a joint work and research framework to address both practical concerns and academic problems. After conducting a preliminary screening of the possibilities and presenting an initial proposal to five decision-makers, two cases—City and Art —were chosen and, more specifically, two expert decision-makers, CityEx and ArtEx. The selection was based on a series of parameters: whether the decision-makers were available and ready to dedicate the necessary time to the interactive cycle; whether it was possible to test the new data within their sphere of decisions/actions; and their initial attitude towards BD. Both experts were willing to test (big) data, meaning that they were not “reluctant”; they did not put blind faith in the process, however, in part because of their long-time experience in making decisions on the basis of data and analytics, meaning that they had the critical mindset needed to test the cycle.



The City case deals with the construction of a new digital monitoring system with the very specific aim of studying Milan’s own brand of internationalism, “In what way is Milan international?” (i.e., how does it express its inner international self); CityEx belongs to a non-profit association that works towards creating value for the city of Milan. CityEx came from a background in public management with expertise in accounting; he had just begun to approach BD at the time when the project started. Although he was a novice in the field of BD, he was incredibly curious and ready to read practitioner and academic material in order to gain a better understanding of the potential of BD and social media. CityEx wished to use data to stimulate public debate, but also to gain insights that could be applied to projects under discussion in specific areas of Milan. The City case ran between February 2014 and July 2016.



The second case, Art, is a performing arts organization and is considered one of the most important cultural institutions in Italy, boasting a superb reputation worldwide. ArtEx is the Head of Marketing and Communications at Art and he started by asking about Art’s followers on social media and whether there are particular patterns or characteristics in their online behaviour. ArtEx’s background is in economics and he has always worked in marketing for cultural organizations. He fully believed in digitalization and even before taking part in this project was very keen to promote it both in Art and in his previous organizations. He was particularly interested in social media, seeing them as the means to reach Art’s audience when it was not actually present in the performance venue.



The overall project started in April 2016 and concluded in November 2017. The author of this paper was involved in both cases as a researcher and the coordinator of an interdisciplinary group with skills in statistics, science computing, design and management. More specifically, the City project team consisted of two science computing experts, two statisticians, two designers and two management researchers, with a total of eight people working on the project. The Art project team consisted of one science computing expert, one statistician, two management researchers and one designer, with a total of five people working on the project.



The same protocol was adopted in both cases, following action research methodology [24,25,26]. The cyclical process undertaken was articulated into three stages: diagnosis and planning, action taking, and evaluation and learning outcomes. The diagnosis and planning process was based upon two types of empirical methods. After initially defining the problem with the relevant expert, the formal interviews were carried out in order to learn more about the environment and context in which the expert operated. Secondary sources were then collected in order to triangulate the data collected through the formal interviews. The planning phase was carried out by the project coordinator in both cases and shared first with the data scientist team and then with the relevant expert. The action taking process was the central part of both cases and consisted of three types of interaction: (1) plenary meetings involving the decision-makers and the entire research group; (2) restricted meetings between the project coordinator and the decision-makers; (3) internal research group meetings. Overall, more than forty meetings were held for both projects to complete the BD cycle and ten meetings to revise the cycle after using the information. The final step of the action research cycle is evaluation and learning. During this step the project coordinator summarized the findings at both theoretical and managerial level. The summary took the form of presentations and reports that were first discussed with the scientist team, then revised and finally presented to the expert in each case. This cycle was reiterated several times, although the first cycle was the lengthiest in both cases.





3. Results and Analysis


This section illustrates the results of testing the new scheme in City and Art, the two cases presented in the methodology. The findings are presented according to the phases of the scheme. Please note that as the two experts involved, CityEx and ArtEx, are both men, for the sake of simplicity it was decided to refer to them using the pronouns he/him.



3.1. The City Case


The first case was set around the main theme, that is, to study in what way Milan is international. The goal of CityEx was to analyze this topic in an innovative way through digital sources. CityEx’s expectations were that BD would provide more data about Milan and more quickly. After an initial meeting to share problems and objectives, the research team started on the process of acquiring data. The results were classified according to the different phases, but the decision was taken to focus selectively on the areas where filtering and framing were more visible.



3.1.1. Data Acquisition


Data were acquired from three main sources: data from social media (Twitter, Foursquare and Instagram), mobile phone data and traditional data (census data and open certified data from official sources). The decision to choose such data was aligned with CityEx’s desire to pursue the three “Vs” —Volume, Velocity and Variety—with respect to the data. Filtering was evident in this first phase, especially when relating to the rules applied to acquire social media data. Focusing on Twitter initially, two types of search were carried out, in both cases using the public API (application programming interface) provided by Twitter. The first search was based on key words, searching very broadly for “Milano/Milan” in the Twitter content. The second search examined geo-tagged tweets within the boundaries of the city of Milan. The entire payload of each tweet was downloaded, including the main body of the text and a large set of metadata, consisting of geographical data, tags, user mentions, images, links, time of tweet and language.



The tweets retrieved went through an initial cleaning process to exclude inappropriate tweets, and the data were then presented to CityEx together with a basic quantitative and content analysis. This first interaction was crucial to activate a discussion about the boundaries of the search and the meaning of the question of “in what way is Milan international”. It was soon evident that the question had a two-fold meaning, which had not been considered at the start. In one sense, the question is observed from a local perspective, one that is visible through the geo-tagged tweets of Milan, in the another, it is seen from a global viewpoint, where key words are used more openly to carry out searches. The data, although very raw, helped the decision-maker to realize that his organization was more interested in the digital layer embedded in the physical city, hence, in the tweets geo-tagged within the boundaries of the city of Milan. The same rule applied to Instagram and Foursquare.



The process of framing started also to be a matter of discussion at this early point, in terms of how data were initially visualized. At this stage, the visualization of data followed the two strategies for data acquisition: words and geography. CityEx did not feel that the first view, based on words, provided enough information. The geographical view was, instead, considered of value but not clear enough. In the first visualization, data (social media and mobile phone data) were located with reference to the precise longitude and latitude available for each tweet. Despite the pure amount of data, CityEx was unable to come up with any original or constructive ideas and, during a subsequent meeting, it became clear that a less detailed unit of analysis was needed to anchor the data. CityEx suggested that the various districts of Milan could provide a good reference unit. This unit was considered relevant by city managers, as it was already the reference for several traditional sets of data, and was also coherent with the need for greater detail while being aggregated enough to take decisions. From this point on, the district was framed as the main unit of analysis, guiding the other phases.




3.1.2. Data Clustering, Annotation and Merging


Starting from the main filter that had been selected (data referring to the physical city) and main framing (Milan districts), CityEx requested the research team to cluster data in such a way as to extract innovative insights and ideas. An example of this process was the analysis of Foursquare data. Foursquare is a social networking app employed by users to recommend particular venues (arts and commercial events, etc.), sharing their location with friends, via the app’s “check in” function. Users select venues from a list that can be updated. The venues are all classified by group. The basic unit of analysis was represented by the downloaded “check-ins” geo-tagged within the city of Milan. The dataset downloaded for the initial cluster analysis consisted of 301,770 rows or observations featuring four variables: venue_name, the name of the venue proposed by Foursquare; category_name, the name of the venue category proposed by Foursquare; month, the month taken in the analysis as ranging from the first day of the month to the last; check-ins, the number of check-ins concerning the venue and the month; nil_name, the name chosen by the city of Milan to identify the district. The first three variables were downloaded directly from the Foursquare API, while the fourth, constructed to identify the Milan districts, was based upon the tweet’s geo-tag. The dataset was pre-processed and transferred to a matrix structure, where the rows correspond to different districts and the columns correspond to the single categories. After a detailed analysis, the data scientists decided to apply a hierarchical algorithm involving Euclidean’s distance and Ward’s method. The output of this procedure was a dendrogram (see Figure 3), with the specific goal of reducing the 234 existing Foursquare categories.



When this first analysis was presented to CityEx, he was not convinced about the results since some of the clusters were too dense, combining categories that he wanted to see displayed separately, while other clusters contained too narrow a spectrum of categories. The final system of classification came out of discussions between analysts and experts, and CityEx proposed combining or separating clusters according to the categories typically used by city managers. The analysis of the clusters and granular data about the users gave rise to another problem, that of privacy. Individual data and messages were visible when small clusters were analyzed. Although such data are in the public domain, this situation led to some serious considerations about the ethical boundaries of the analysis, and the final decision was to exclude several categories containing too little highly-detailed data.




3.1.3. Modelling and Analysis


The modelling phases started during the clustering process, where the research group and CityEx started to rack their brains about how the data was to be used. Once placed within an appropriate visualization frame, the acquired data and clustering provide good support in terms of monitoring the phenomenon. However, the elements of Volume, Velocity and Variety of data left several of CityEx’s questions about decision-making variables unanswered. A good example on this point is the density, within the various districts, of the language used in the tweets. CityEx was interested in analyzing whether there were any districts where the prevailing language was other than Italian or English. His interest derived from the assumption that the languages used on Twitter reflect the users’ countries of origin, and one consequence of this is that the digital layer can provide a “weak signal” about the density of non-native Italians within a given district in a timely and evolving manner.



Starting from this initial framing, the analysts had to address an issue with implications for the entire decision-making cycle, that of the temporal framing of the data. The analysts made several considerations about the data’s statistical significance. Fisher’s exact test was applied to assess the stochastic independence between the districts and the language for each time unit candidate (i.e., months, two-month periods, quarters...). In this first analysis, each tweet was considered as an instance of two categorical random variables, the district and the language of the tweet. The iterative procedure clearly indicated that a unit equivalent to a quarter of a year was the optimal aggregation rate. In addition, the data had to be framed from a temporal viewpoint, meaning that a further filter had to be applied during the modelling process in order for it to attain statistical significance. In particular, several districts were excluded when the sample size was too small to draw statistically significant conclusions.



When this analysis was proposed, CityEx was surprisingly delighted by the quarterly temporal resolution, explaining that he sees very little need for data of this ilk to undertake action in real time, but that the data are useful for carrying out periodical analyses of the city’s evolution. A resolution over the time span of a quarter of a year was considered sufficiently accurate to analyze this variable. CityEx was, however, more disappointed about the exclusion of some districts, as this affected the completeness of data compared to the overall frame (the geography of Milan), but no better solutions were found.




3.1.4. Visualization


In the decision-maker centric approach, the phases of the cycle overlap. This is clearly visible in the visualization of data. The author’s close and frequent interaction with CityEx meant that it was possible to progressively identify his interests and his preferences about how data was visualized. For example, when analyzing the Foursquare data, discussions with CityEx brought up two different business interests. The first was to rank popular venues in Milan with the aim of observing the trends in attractiveness and visitor numbers for each category identified, these being monuments, hotels and such like (see Figure 3). The geographical framing was retained, on the right-hand side, but the central view was placed in a table format to show how the ranking of venues changes (see, for example, Duomo di Milano in Figure 4).



The second point of interest was the “density” and variability of interest around the city. This was constructed through a heat map linked to geographical position, and it highlighted the “hot” venues for different periods. Figure 5 shows a dark-red dot in the top-left-hand corner of the map, which came up in 2015, when Expo 2015 was running. This dot then disappeared almost totally after the Expo closed in November 2015.



The filtering and framing for these visualizations are mostly rooted in the unit of analysis and the variables previously identified. A single issue was by and large addressed here: the functions that the decision-maker wanted to apply in order to surf through the data. An example of this is the visualization of telephone calls, where CityEx asked for filters on gender, geographical area—for economic aggregation purposes—and individual nationalities (Figure 6). This was considered important for the purpose of monitoring data according to different parameters, without losing the wider picture.



The research group also suggested that they should develop several predictive functions, but the main interest of CityEx lay in the monitoring and communication data.





3.2. The Art Case


Our second case to investigate how decision-makers affect the BD cycle emerged, from a more specific question, in the form of “who are the followers of Art on social media and are there particular patterns in their digital traces?”. Following the same procedure for City, the results for Art are set out according to the same phases, but here the decision was taken to focus selectively on issues where the filtering and framing were more visible.



3.2.1. Data Acquisition


At the beginning, ArtEx wanted to focus on their social media accounts (Twitter, Facebook and Instagram), searching for patterns and relationships with their “physical” network of ticket holders. After the first basic analysis of their social media accounts, ArtEx became aware of the potential and scope of the digital layer, going beyond the boundaries linked to their main geographical target, the north of Italy. The presence of international followers in particular, stimulated ArtEx to search for a numerical benchmark in other comparable international theatres, pointing out a recent trend that initially had been omitted: people can move physically within Europe over a weekend simply to go to the theatre and enjoy an unforgettable experience. With this new international framing, the research group suggested extending the social media analysis from proprietary (Art’s own social media pages) to non-proprietary (accounts other than Art’s own) social media (as before, examining Twitter, Facebook and Instagram). The operations to filter the key words required further framing because of the emergence of two, interconnected, phenomena that were considered of sufficient importance to be analyzed as if they were independent: the theatre’s international reputation and the debate on specific operas. The monitoring of the theatre’s reputation was based on keywords containing the name of the theatre, plus triangulating blogs and social media posts with more traditional sources (official press). The international benchmarking in this area was carried out against five major international theatres. Only one European theatre was selected for the working benchmark. Three operas from the 2016 season were selected for each of the two theatres (Art and the European benchmark). In order to monitor the six operas, the data had to be filtered according to a different methodology, developed following discussions held with ArtEx: many posts did not include the name of the opera or the theatre, but they did contain the names of singers, directors and musicians. Several iterations were needed to come up with the most appropriate boundary for the data. For example, just putting the names of important singers would have mixed the impact of the opera with the singer’s reputation. Both paths were possible and meaningful at the business level, but the way they were interpreted changed. ArtEx decided, in the end, that it was always best to have a good relationship between the data and the phenomena they wanted to trace (operas), and so an association between the artists and the opera performed at Art had always to be retained.



In a final step, the data acquired was completed and integrated through the joint analysis of the network, a point that Art reached indirectly through the mentions of its social media followers. This analysis was only carried out on Twitter. More specifically, the network was built by assigning a “node” position to each social media user, as well as to other users cited in a post, while the message sent represents the interaction (i.e., the connection between two nodes). Taking the following tweet as an example: “@NewYorkTimes: outstanding Vivaldi performance @teatroArt yesterday”, written by “JohnDoe”, this gives rise to three nodes (@JohnDoe, @NewYorkTimes and @teatroArt) and two interactions, the one between @JohnDoe and @NewYorkTimes and the other one between @JohnDoe and @teatroArt. Following this approach for all the posts, the outcome was a weighted network where the nodes were represented by the users’ posts or their mentions in other posts, and the interactions are given by the messages exchanged between users. The network structure was tested over a limited period (March–May 2016), with 3080 social media users and 13,318 interactions being counted over that period.




3.2.2. Data Clustering, Annotation and Merging


The data were collected within the revised decision-making boundaries for monitoring and managing the international (digital) network. The network was taken as the reference unit of analysis, but a number of different networks were constructed to satisfy the various business needs, that is, proprietary social media networks, the networks based on key words and the “Twitter potential network” based on mentions.



Exemplary of the interaction is the annotation of the Twitter potential network, with one European theatre chosen as the benchmark. Starting from the business need of monitoring the network and examining how information was spread, types of nodes were initially identified by the scientists, based on a social network technique called the K-core decomposition algorithm [27]. This technique was proposed as it is widely adopted to investigate the diffusion of given phenomena [28]. The idea was welcomed by ArtEx, as the research group framed this choice as offering the potential of investigating the dissemination of information emanating from Art. The assumption behind the method is that network nodes positioned in core layers can spread messages more extensively than nodes located in peripheral layers. Hence, the nodes positioned close to the centre (where the focal organization is positioned) influence the network and can easily spread messages throughout the grid. Operationally, the K-shell decomposition algorithm iteratively assigns a K-shell layer value to each node in the network: “nodes are assigned a k shell according to their remaining degree, which is obtained by successive pruning on nodes with degree smaller than the Ks value of the current layer. After removing all the nodes with K = 1, some nodes may be left with one link, so the system is continuously pruned iteratively until there is no node left with K = 1 in the network” [29]. The technique was performed iteratively for Art until K = 3, where saturation was reached. This analysis was presented to ArtEx, showing a graphical representation of Art’s network and selected competitors (see Figure 7). Despite being fascinated by the outcome, ArtEx had difficulty in understanding how this information could be used in his business operations.



During the discussions, he started to ask questions about the methods and data, in order to reframe the data into schemes that he had mastered and used. The network always remained in the background, but “old” units of analysis emerged, linked to a higher-order characterization of the single nodes: influencers, active and passive users, and foreign users. These units of analysis relating to nodes were deemed to have a greater basis for being acted upon than the network overall, although the relationships were considered valuable. The final decision was to retain the network, but in addition, to carry out several analyses to build indicators (i.e., the specific metric of a phenomenon) that could be more easily understood by decision-makers. The next section illustrates this point.




3.2.3. Modelling and Analysis


The phase of analysis was simple in statistical terms, but complex in terms of filtering and framing. The research group had the task of filtering and simplifying the information about the network, without losing the benefits of the network itself. The solution proposed was to build network indicators that were to be inserted in Art’s daily and monthly reports, enriching the toolkit of their key performance indicators (KPI). All the indicators defined were discussed with ArtEx to find the best business fit, in the form of an indicator that could highlight lags or lead actions. Higher interactions emerged when identifying indicators for the potential Twitter network. In the end, five indicators were defined by merging previous studies on the networks and ArtEx’s needs: followers, active relationships, hubness, authority and centrality. The first three indicators are quite simple, but can be applied to all the networks monitored (proprietary, keyword, potential) and actionable. An active relationship identifies pairs of users that maintain an active relationship over time in terms of posting. Hubness analyzes users on the basis of the total number of messages sent. ArtEx considered this simple metric to be crucial for monitoring the vitality of each single network (proprietary, keyword, potential), their evolution in time and against other theatres. Operationally, it is computed as the eigenvector of a transformation AAT (The adjacent matrix of the network is generically called A and it is a NxN matrix where N are the number of nodes of the network. Each entry of the matrix A(i,J) accounts for the number of links between the node i and the node j. AT is the transposed matrix of A; AAT is equal to A multiplied by AT.) of the adjacent matrix of the network A. The values obtained ranged from zero to one (i.e., the lowest and highest level of hubness, respectively). Authority measures users on the basis of the number of messages they receive from within the network. Users with a high level of authority have numerous connections inside the Art network. This indicator is computed as the eigenvector of the transformation ATA (ATA is the transposed matrix of A (AT) multiplied by the matrix A.) of the adjacent matrix A associated to the network. Similarly, to hubness, authority ranged from zero to one. A high level of authority corresponded to values close to one, which detected what has been called “authority” in this context. Finally, the research group proposed the centrality indicators to translate the K-shell network in ArtEx’s mental frame. More specifically, a first indicator was the distribution of types of users with reference to the layers (K = 1, 2 and 3); the central layer was labelled as “in-core”, rather than K = 1, as this was easier to understand; for each layer user, the number of followers and their vitality (in and out) was then presented. As the project unfolded, a successful framing process emerged when presenting the indicators to ArtEx, which were benchmarked over time and with other theatres. Comparisons between all the indicators implied filtering the data further, but the information being presented became more immediate and meaningful for ArtEx. For example, ArtEx was surprised to see that the “in-core” network of Art’s main competitor was larger (133 users against 15 for Art), although the users had similar characteristics.




3.2.4. Visualization


As in the City case, the visualization of Art data started very early on in the project, because of the high interaction between researchers and experts. However, ArtEx followed a different approach to CityEx in how the visualization structure was defined and the data reported. ArtEx was less intrigued by new ways of visualizing data, and preferred simple reports, as mentioned in the previous section. He strongly wanted to carry out particular actions on social media and also work on its current sponsors. In order to pursue this strategy, he needed plain numbers to convince people within and outside Art. For example, on analyzing the “in-core” network, it was clear that Art’s main competitor was better able to exploit their relationships with institution sponsors: ArtEx wanted to propose agreements to Art’s sponsors, but this required internal consensus. Another example that emerged during the process of mentoring data was that some types of communication based on backstage videos of the artists were particularly successful across the network. To push this strategy further, the CEO needed a budget and legal support. Again, they favoured short reports with few indicators over complex representations.



Regarding digital interaction and functions, while ArtEx was willing to consider real time monitoring and interaction through the web, another key issue emerged, with it becoming clear that there was the need to integrate the new methods of gathering and analyzing data into Art’s existing systems. Art had already put in place three different systems to control the marketing area: an internal control system, a ticketing monitoring tool and a social media–web monitoring application. He asked the research group to use these three systems, as they were considered satisfactory despite not being integrated. This request implied limiting the research group’s aspirations regarding visual creativity and, instead, study the current reporting structure. As it turned out, exploring the traditional reporting proceeding proved beneficial, as it allowed the author to reframe some information in terms of time. For example, information on operas and artists initially included in the monthly reports was actually important enough to be included in the daily monitoring proceeding, as is currently the case for the traditional press. At this stage, ArtEx involved other organizational actors in order to come up with the most suitable reporting portfolio, and this was brought into the organizational infrastructure.






4. Discussion


As explained initially, this paper is concerned with examining how decision-makers play an important role in establishing what information is to be extrapolated from large quantities of BD and how it is to be used, and to analyze the way in which the BD cycle is affected. The previous section, dealt with how the decision-maker centric approach was applied. The study started from the hypothesis that there are two processes, framing and filtering. These are carried out by scientists translating data into knowledge. However, these processes are also traditionally carried out by decision-makers using information to take action, and they are at the basis of their understanding, trust in data and, more importantly, awareness about their use, which is an essential step for creating Value [30]. The cases presented here are experimental and test an interactive approach involving decision-makers, where the filtering and framing procedures were made transparent, and the final aim was to highlight the key elements in the decision-maker-centric approach.



This application lead to the revision of the initial scheme. More specifically: (1) four spokes were introduced to the graphic scheme, as they were seen as pivotal to the filtering and framing proceedings, and, as a consequence, also to the interaction between decision-makers and scientists; these spokes were the boundary, unit of analysis, timing, and functionalities; (2) a new phase was inserted, described as the “Decision Fit” (Figure 8).



The first element is the boundary, indicating the abstract outer limit of information and decisional space. When approaching BD, despite the scope of their questions being different, both managers set no limits to the type of data to be collected to analyze their initial questions, which, to remind ourselves, were: “in what way is Milan international?”, for CityEx; and “who are the followers of Art on social media and are there particular patterns in their digital traces?”, for ArtEx. Since the data acquisition phase, the interactive approach led to reshaping the decision-makers’ boundaries through filtering and framing. The link between filtering and boundary was more visible in City, within the key word search on social media. The data acquisition process gave rise to a two-fold perspective: global, looking at “Milan” and its reputation; and local, collecting data geo-referenced within the city itself. This first set of information, interesting though it was for its insights into Milan’s reputation, was considered beyond the scope of CityEx’s action boundary and so abandoned. The interaction led the author to focus instead on detailed information at district level, which had initially been overlooked.



The case of Art is interesting, as it shows how a boundary is shaped by framing. Due to the basic need of having a numerical benchmark for data on social media followers, ArtEx and the research group started by positioning the theatre among its international competition. This framing process affected the way in which data was acquired as well as the filtering process, and it also changed the type of the search being carried out, from a proprietary network to a “key word” search on social media.



The boundary is also reflected in the ethical sphere. Public data collected from APIs are subject to rules that are interpreted differently by researchers and scientists, often propounding a tradeoff between the completeness of data and ethical behaviour [31]. The problem was highlighted by CityEx and there was the general consensus about respecting rules and privacy, even if this meant reducing the volume and granularity of the data collected. This is an issue often overlooked in practice and in academic studies, but one that needs serious consideration in the decision-maker-centric approach.



The second element is the unit of analysis for decisions (and action). With traditional data, decision-makers use reference schemes where the unit of analysis is the organization or its nested sub-units (processes, organizational units, people). With BD, the starting point is a given problem and the unit of analysis is often undefined and different from common references. Filtering and framing were seen to be powerful processes where both sides (scientists and decision-makers) needed to clarify what the unit to be “controlled” actually was. This issue emerged more clearly during the process of clustering data, when trying to build the relevant categories to be operated on and managed. In the case of City, the focus on the local dimension of internationalization led to filtering the districts within the city of Milan, which became the main unit of analysis. Data then needed to be re-framed in relation to this main unit, through guided clustering. At the practical level, data were easily anchored to districts, but social media data, in particular, needed to be structured into sub-units of analysis that were meaningful in terms of analyzing one district on its own and making comparisons with other districts. In the case of Art, the main unit of analysis was the international network, which was compared over time and against other theatres of reference. After this filtering process, in this case, other variables also had to be re-framed and related to the network. Content clustering and analysis became relevant to trace the content and/or actors that activate the network; the network users were clustered in order to monitor and reshape the communication strategy, revealing “hubs” and “authorities”. In both cases, the interaction on the unit of analysis uncovered a hybrid approach where qualitative choices (driven by decision-makers) are mixed with quantitative–statistical indications in the common objective of fitting data to the decision needs.



The third element is timing, indicating the appropriate temporal resolution of data in relation to the decision-makers’ needs. The decision-maker centric approach implies understanding not only which data are more suited to the process, but also when and how frequently they are needed. A first choice that entered the interactive approach was the reference period of the algorithm. Starting from the decision-makers’ initial desire to have data in real time, the analysts proposed techniques to frame the various frequencies of the data (ranging from yearly to real time). In practice, different algorithms were proposed to divide greater periods into sub-intervals, based on historical paths and trends. From discussions with the decision-makers, it became clear that this division of original data was considered to be “fake”, even when refined division methods were proposed. The failure of this statistical approach of dividing time into periods meant that data was aggregated into longer periods, and one point that emerged was that the high frequency of some data was just an over-ambitious yearning thrown up by the potential of actual real time data. The two cases show how this approach can present a wide range of possibilities. Some data about events were retained with real time frequency: leading venues from Foursquare, for CityEx; and audience monitoring for operas, for ArtEx. Other data were aggregated on a quarterly base: language diversity among districts based on Twitter, for CityEx; and monthly reports on reputation, for ArtEx, where various sets of data are evaluated against the chosen benchmark theatre.



The final element of interaction consists of the functionalities needed by the decision-makers. This last element, although present throughout the BD cycle, finds its full expression in the visualization choices. In the case of CityEx, external communications were considered as crucial to promote awareness of the city’s dynamics, leading to an intriguing and innovative interface being developed. Careful attention was placed on the type of interaction that users could come up with at every layer, in full coherence with the decisions taken on the first three spokes. In the case of Art, interactions regarding functionalities brought up another important factor of the need to integrate new reporting procedures within the existing system and, crucially, with the mindset and time-frame that the managers were used to working with.



The second proposed revision of the new BD cycle is to bring in the new phase of decision fit, where scientists and decision-makers assess the benefit and costs of BD in the context of use. This assessment emerged naturally as a need when the data started to be used. Decision fit is carried out on a mix of technical and business parameters such as completeness, precision and cost. Completeness is the value added when capturing the critical success factors within the boundaries of the decision. In both the cases, the data added new knowledge to traditional data. For example, the variety of language among the districts, for CityEx; and the drivers of international expansion, for ArtEx. Precision is instead determined by the relevance and correlation of specific data for the decision-makers’ goals. For instance, the cross-over effect of City’s events on various sectors (hotels, entertainment, etc.); and monitoring and using “hubs” and “authorities” as promotional vehicles in Art’s network. Lastly, the term cost refers to the cost needed to process data on a routine basis.



During the concluding phase of the test, the work on the two cases confirmed the benefits of the approach, but it is also important to highlight the limitations of this study. A first such limitation is linked to the decision-making sphere. In both cases, the experiment was carried out in arenas where the decision-maker had the power to use the data with only marginal involvement of other actors. In complex decisions, it is often the case that many actors are closely involved and rational choices are mixed up by political inputs, even down to the choice of the data to be used. These contexts are typically public–private domains, such as transport and health care, where BD can heighten awareness of the impact that various policies can have. The new cycle should be tested from a shared viewpoint to observe both the interaction between scientists and decision-makers and, especially, between the decision-makers themselves.



A second limitation is linked to the actual type of decision-makers included in the tests. The two experts were chosen on purpose for their mid-way outlook towards BD: they were open to BD but remained wary. Referring to the two opposing attitudes towards BD, blind faith and reluctance, they were in a half-way house situation and ready to challenge themselves and the team. Further studies are needed to test the approach derived at when decision-makers lean more towards one side of the argument or the other, but it also opens a new question: “what manner of training do decision-makers and scientists need?”. In order to interact along the spokes of the scheme, at least initially, both parties must be able to share their language and toolkit to a certain degree.




5. Conclusions


This paper has addressed an issue that had only been studied marginally in BD research: the need and manner to involve decision-makers in the data processing to avoid any misalignment between information provided by data scientists and the decision-makers’ needs. This is particularly relevant in the field of social science, where BD are seen as a panacea to provide Value when addressing business and social challenges. To tackle this problem, a new BD cycle centred around the decision-maker has been proposed and applied using action research methodology in two cases.



The findings enhance previous studies in BD for social sciences at two levels. The first results show that the interaction between scientists and decision-makers when preparing BD is a reciprocal process of knowledge, which, in turn, meant that it was possible to avoid two opposing and risky behaviours: blind faith, where decision-makers overestimate the benefits of BD; and reluctance, where decision-makers treat all data they do not fully understand with suspicion. In pursuing the path of further knowledge, two operations embedded in the information processing system must be made transparent: filtering and framing. Second, the study provides evidence of the value of a quali-quantitative approach to BD for social science; the final cycle provided the dimensions of interaction, in the form of boundary, unit of analysis, timing and functionalities, which confer rigor to the whole process. These dimensions are the grey area between scientists and decision-makers. When explicitly addressed during the information preparation stage, they enable the transfer of skills necessary to make technical choices and in the business context. While the study was conducted with the involvement of only two experts, which could be seen as a major limitation, in both cases, the experts were highly engaged and positive about BD and they had sufficient backing from their organization to carry out the study and interact with the team.



To conclude, this study places the missing variable of decision-making at the centre of the process, reinforcing previous studies on information processing in the BD age and opening the way for future research in social sciences. A first area of development is to apply the cycle to more complex contexts where the decision-making power is distributed among many actors who could be reluctant to work with BD. Further areas for future research include monitoring decision-makers over a longer period of time, examining how information that originated from BD is used and, lastly, studying the impact of BD, and the knowledge that it brings about, on organizations and societal challenges.
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Figure 1. Phases of the BD chain. 
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Figure 2. The new BD process: decision-makers at the centre. 
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Figure 3. The dendrogram derived from the clustering. 
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Figure 4. The visualization of leading venues from Foursquare data. 
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Figure 5. Heat map and Expo 2015. 
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Figure 6. Filtering telephone calls: visualization. 
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Figure 7. Networks’ initial representations. Note: The red color highlighted the most popular nodes in terms of followers. 
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Figure 8. The revised BD cycle. 
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