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Abstract

We develop a model that successfully learns social and organizational human network structure using ambient
sensing data from distributed plug load energy sensors in commercial buildings. A key goal for the design and
operation of commercial buildings is to support the success of organizations within them. In modern workspaces, a
particularly important goal is collaboration, which relies on physical interactions among individuals. Learning the
true socio-organizational relational ties among workers can therefore help managers of buildings and organizations
make decisions that improve collaboration. In this paper, we introduce the Interaction Model, a method for inferring
human network structure that leverages data from distributed plug load energy sensors. In a case study, we benchmark
our method against network data obtained through a survey and compare its performance to other data-driven tools.
We find that unlike previous methods, our method infers a network that is correlated with the survey network to a
statistically significant degree (graph correlation of 0.46, significant at the 0.01 confidence level). We additionally
find that our method requires only 10weeks of sensing data, enabling dynamic network measurement. Learning
human network structure through data-driven means can enable the design and operation of spaces that encourage,
rather than inhibit, the success of organizations.

Impact Statement

The structure of social and organizational relationships in commercial buildingworkplaces is a key component of
work processes. Understanding this structure—typically described as a network of relational ties—can help
designers of workspaces and managers of workplaces make decisions that promote the success of organizations.
These networks are complex, and as a result, our traditional means of measuring them are time and cost intensive.
In this paper, we present a novel method, the Interaction Model, for learning these network structures
automatically through sensing data. When we compare the learned network to network data obtained through
a survey, we find statistically significant correlation, demonstrating the success of our method. Two key strengths
of our proposed method are, first, that it uncovers network patterns quickly, requiring just 10weeks of data, and,
second, that it is interpretable, relying on intuitive opportunities for social interaction. Data-driven inference of
the structure of human systems within our built environment will enable the design and operation of engineered
built spaces that promote our human-centered objectives.
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1. Introduction

The structure of an organization can be described by a network of relational ties among its individual
members. This network is often portrayed as a simple chart representing hierarchy, but in reality, it is a
complex web of interactions that enable the sharing of information, work-related advice, and personal
advice amongmembers of the organization and across levels of hierarchy (Krackhardt andHanson, 1993).
These socio-organizational relationships manifest themselves both digitally and physically, though
research continues to show that physical interactions are the cornerstone of collaboration and meaningful
ties (Waber et al., 2014). Because of the importance of these physical exchanges, the design of the physical
workspace—the commercial building—can have an impact on the nature and frequency of interactions
among members of organizations (Sailer andMcCulloh, 2012), which can be critical to the success of the
organization (Kabo et al., 2015). However, learning the true social and organizational ties amongworkers,
which would be helpful in designing and managing these spaces, remains a challenge. Fortunately, recent
advances in physical sensing strategies provide a pathway for inferring such relational ties by enabling
analysis of interactions that happen in physical space. The core investigation in this paper, therefore, is the
inference of socio-organizational relationships of officeworkers using ambient sensing data—in this case,
plug load energy sensors installed at the desk level—that capture patterns of human use of spacewithin the
building.

The problemof learning organizational network structure has beenwell studied due to its importance to
the fields of management science and organizational theory (Tichy and Fombrun, 1979; Krackhardt and
Hanson, 1993). Traditional, well-established methods born out of social science that make use of surveys,
interviews, and observations have been widely used for this problem (Tichy and Fombrun, 1979;
Krackhardt and Hanson, 1993; Marin andWellman, 2016); however, we identify two shortcomings from
these approaches. First, simply measuring the structure of an organization through its internal structure of
leadership and teams can miss other important characteristics of an office network, such as social
relationships and relationships formed through spatial configuration, whereby increased proximity and
shared use of space can drive interactions (Sailer andMcCulloh, 2012). Second, survey approaches require
considerable time and effort to administer. This cost can become intractablewhenmeasuring extremely large
networks, such as those for large organizations that inhabit sizeable buildings or campuses. In order to
capture the subtleties of workplace ties more fully, data-driven methods are increasingly being used to
conduct complex analysis of workplace behavior. Data-driven methods can offer accurate and subtle
insights into the nature of occupants’ activities and utilization of spaces over time, thereby enabling the
automated inference of socio-organizational relationship structure of office workers.

Recent developments in time series analysis have enabled inference of correlations and causal
relationships among entities, including network structure of complex systems (Runge et al., 2019).
Statistical and data mining tools that have been proposed for network inference are typically designed for
nonsocial systems, such as biological, physical, or abstract networks (Friedman et al., 2008). However,
some recent work has adapted these more general methods for inferring social networks from time series
data on human activity (Pan et al., 2012). Separately, recent research has shown that game-theoretic
approaches can successfully construct social networks based on features ascribed to individuals (Yuan
et al., 2018). In reviewing the literature, we identified twomodels that may be appropriate for the problem
of learning socio-organizational networks from sensor data: the Graphical Lasso (Friedman et al., 2008)
and the Influence Model (Pan et al., 2012). The Graphical Lasso, a model for estimating the inverse
covariance matrix among entities producing time series data, was originally introduced in the context
of learning protein interactions in biological systems (Friedman et al., 2008). However, more recent
extensions have argued that the model may be applicable to social systems (Hallac et al., 2017).
Conversely, the Influence Model leverages a generally coupled Hidden Markov Model, which produces
an “influencematrix” that can be used to define a network. The InfluenceModel was originally introduced
in the context of the electrical grid (Asavathiratham, 2001) but has since been adapted to other problem
settings, including the context of modeling influence among people in social settings (Pan et al., 2010).
Because the literature has suggested that these data-drivenmodels may be appropriate for modeling social

e9-2 Andrew Sonta and Rishee K. Jain

https://doi.org/10.1017/dce.2020.9 Published online by Cambridge University Press

https://doi.org/10.1017/dce.2020.9


networks, we adapted them to our unique problem setting involving ambient sensing data of building
utilization. However, the use of ambient sensing in physical office spaces remains a key gap in social
network inference. By leveraging this new paradigm of sensor deployment and data availability, we will
be able to understand the operation of organizations and the spaces they inhabit through this lens of human
activity in real time.

Our work here adopts network inference methods to infer the human network structure of office
workers from distributed plug load energy sensors. These sensors are becoming ubiquitous and, as
discussed in our previous work, can be used to model individual activity states at the desk level (Sonta
et al., 2018). As we discuss in detail below, analysis of these activity states reveals times when office
workers have the opportunity to interact with one another, a key component that drives collaboration and
innovation for organizations and companies.

1.1. Organizational success, spatial layout, and network structure

The success of an organization can be described in part by the quality of the work performed within
it. This notion of improved quality of work is difficult to measure and necessarily different for different
workplaces. A company that prides itself on creativity and innovation is likely to care more about, for
example, new ideas generated per day than number of words typed per minute. Despite the nebulous
nature of organizational performance, research has pointed to key metrics that are important in many
of today’s workplaces. Particularly in what researchers have dubbed the “knowledge industry”—
organizations that trade in technology and human capital (Powell and Snellman, 2004)—one key
component of organizational success has crystallized as vitally important: collaboration (Soriano and
Huarng, 2013). The fields of economics and organizational theory have argued that complementarities
among individuals are key to organizational success, which enables the view that collaboration and
interaction among members are strong components of overall productivity (Ethiraj and Garg, 2012).
When considering the measure of collaboration among employees, understanding the structure of their
relationships can give a manager or designer a sharper sense of opportunities for collaboration as well as
the ability to design interventions to improve it (Olguin-Olguin and Pentland, 2010).

The physical spaces of most organizations are office buildings. These buildings are created to meet the
needs of their occupants, including needs relating to the subjective experience of the building as well as
the indoor environmental quality (D’Oca et al., 2017). Architectural researchers have claimed that the
organization of space is driven by the ordering of relationships among people (Hillier and Hanson, 1984).
This view creates the opportunity to leverage knowledge of the organizational structure in spatial design
for collaboration. Moreover, researchers focusing on energy efficiency in buildings have noted that the
structure of the occupants’ social network has an impact on the way in which energy-efficient behaviors
take root and spread in a building (Anderson et al., 2014). Connecting research on office building design
and operation with research on organizational performance demands the need for a way to infer the
complex relationships of office workers—the central question we investigate in this paper.

In the domain of workspace and organizational theory, researchers have noted a strong relationship
between office design/layout and occupant satisfaction and performance (Sailer, 2011; Sailer and
McCulloh, 2012; Kabo et al., 2015). Recently, researchers have noted that the physical designs of
buildings can have large impacts on different metrics related to productivity, such as communication,
collaboration, creativity, and innovation (Sailer, 2011; Kabo et al., 2015). Using the language of space
syntax (Bafna, 2003), researchers have defined metrics defined by physical layout and correlated them
with occupant outcomes. For example, Peponis et al. (2007) found that higher levels of a single work-
space’s spatial integration correlated with more central positions in the organizational network for the
individual occupying that workstation. Kabo et al. (2015) found that higher path overlap among occupants
correlated with more successful collaborations. Generally, research has found that higher spatial relation-
ships (e.g., proximity) improves the way individuals communicate and collaborate with one another in a
building (Wineman et al., 2009; Housman and Minor, 2016; Claudel et al., 2017; Kabo, 2018). An
accurate understanding of true relationships among occupants can be a critical tool in understanding the
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nature of work in buildings and ultimately for suggesting spatial shifts that improve office worker
performance and collaboration (Olguin-Olguin and Pentland, 2010; Sailer et al., 2015).

The network of relational ties among individuals in an organization also has implications for the
physical performance of the building they occupy. Recently, researchers have found that understanding
the network structure of building occupants can be useful in suggesting building layout changes that could
reduce energy consumption of heating, cooling, and lighting systems (Sonta et al., 2017), as well as
impact the efficacy of information campaigns aimed at targeting energy-efficient behavior, as discussed
above (Anderson et al., 2014). While building energy performance has important environmental and
societal implications, managers of organizations and buildings are typically driven to maximize the
performance of theworkforce. For theUniversity of California system—whose operating budget is public
data—total employee salaries, wages, and benefits constitute the vast majority of total expenditure.
Compared to utility costs, employee costs were roughly 72 times more expensive in 2017–18, under-
scoring the notion that organizations are rational if they prioritize the productivity of their workforce over
building energy efficiency (Revenue and expense data, University of California, n.d.). With this
economics driving decision-making, managers may be unlikely to make changes to the design of a
building if theyworry that adopting changes could disrupt productivity. Understanding the structure of the
socio-organizational occupant network offers an opportunity to suggest design and space management
perturbations that can save energy without disrupting the natural flow of information, advice, and other
components of work. Gaining insight into this network can enable new methods for co-optimizing these
tightly coupled human and building systems that are fundamentally intertwined.

In this paper, we develop a method for automatically inferring the human network structure of office
workers using ambient sensing data. Our method defines “opportunities for social interaction” as times
when occupants have stopped interactingwith their individual workstations and have a higher opportunity
for social and/or collaborative interaction in the physical space of a building. In a case study, we
benchmark the performance of our proposed method against socio-organizational network data obtained
through traditional surveys. Through statistical tests, we find that our method can uncover network
structure that is substantially similar to the survey network. We also find that methods proposed in the
literature for network inference through time-series analysis perform less well in this regard. We discuss
the subtle characteristics of network inference, pointing to areas inwhich ourmethod performswell and to
areas in which further research will shed more light on organizational structure. We also discuss how
building design could be improved to facilitate and promote collaboration among office workers.

2. Methodology

We represent a social network as a graph G= (V, A) where V is a set of nodes andA its adjacency matrix.
Our objective in this study is to learn the entries of the matrix A for a given set of nodes (i.e., office
workers) within a building. The entry Ai,j is real-valued and represents the strength of the relationship
from node Vi to node Vj. The graph can be undirected, such that any entryAi,j=Aj,i, or directed, such that
each value is distinct. The construction of physical networks is typically defined through natural data on
the structure of the physical system (e.g., power-line connections between substations in a power grid). In
social systems, network data are typically measured through surveys that ask study participants to identify
the presence or strength of relationships with the others in the study. Data-driven network inference has
relied on analysis of correlations in time series data ascribed to each node (Hallac et al., 2017). This is the
perspective we adopt in this study: we aim to learn the adjacency matrix A of the occupant socio-
organizational network by leveraging node-level data streams collected in a building.

Our specific objective for learningA is to measure behavioral correlations among individuals through
time series data. Ourmethodsmake use of plug load energy data collected at eachworkstation—which has
been shown to accurately describe occupants’ use of space in buildings, thereby offering insight into
patterns of behavior that could reveal ties (Zhao et al., 2014; Sonta et al., 2018). We define the time series
energy data for occupant i asXi (with I as the total number of occupants) and the total number of time steps
asD�T, where D is the number of days and T is the number of time steps during the day (i.e., if we collect
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data at 15-min intervals, T=96). As a preprocessing step, we leverage the method introduced in
Sonta et al. (2018) to map the raw data to abstracted states of occupant activities: Xi,d à Si,d (details in
Appendix A). Themapping uses variational Bayesian inference with a GaussianMixtureModel to cluster
the time series plug load data into states, which can be interpreted as abstractions of occupant activities. In
past work, we have typically found three states as the most common number of activity states: low energy,
medium energy, and high energy. For example, higher energy use values map to high-energy activity
states, which correspond to occupants actively using their workstations.

Through a survey of the literature, we identify two existing network learning methods as applicable
to this problem statement—the Graphical Lasso and the Influence Model—but we note that specific
knowledge of building occupant space use creates the opportunity for the design of our own algorithm.
Below, we describe these existing methods (Section 2.1) as well as our own method, which we call the
Interaction Model (Section 2.2). Knowing that human relationships in workspaces are built on interac-
tions, we hypothesize that a new algorithm that directly makes use of occupants’ use of space can uncover
network structure more accurately than the other methods we implement. To test this approach, we
conducted a case study in an 18-person office environment in Berkeley, CA (described in Section 2.3).
Finally, we conduct an analysis leveraging the space syntax methodology to enable comparison of the
socio-organizational and spatial structures of the building (Section 2.4).

2.1. Existing data-driven network construction methods

2.1.1. Graphical Lasso
The Graphical Lassowas developed as an algorithm for inferring sparse undirected graphical models—also
known asMarkov randomfields—throughL1 (lasso) regularization. In the literature (Friedman et al., 2008),
the data are defined asNmultivariate observations in aGaussian distribution with dimension p, mean μ, and
covariance Σ. In our case, N = D�T (the total number of timesteps) and p= I (the number of workstations/
individuals). TheGraphical Lassomakes use of coordinate descent to estimate the inverse covariancematrix
(Σ�1). The covariance matrix can then be considered as the adjacency matrix in a Markov random field.
Because the model assumes that the data are normally distributed, we apply this algorithm to the raw time
series energy data, rather than the mapped activity states. We used the R package “glasso” for implemen-
tation. Previous work has suggested that this approach can be useful for inferring social network structure
from observing the activities of the actors rather than the network itself (Hallac et al., 2017).

2.1.2. Influence Model
The Influence Model, discussed in Pan et al. (2012), models the interaction among entities as a generally
coupled HiddenMarkovModel, in which the state of each entity at any given time point is determined by
the state of all entities at the previous time point. The model is defined such that the entities—in our case,
the building occupants—are in one of a set number of states at any given time point, which ultimately
leads them to produce a signal. This has a direct corollary in our problem setting: these abstracted states
can be viewed as our occupant activity states and the signals as the plug load energy signatures. A
graphical representation of the Influence Model is shown in Figure 1. The authors use Expectation
Maximization to estimate the parameters of the model by directly using the states, making our mapping
from energy to states necessary for this model. One of the key parameters that is learned is the matrixR—
the “influence matrix”—which can be interpreted as an adjacency matrix in a network. Past work has
shown that the InfluenceModel can be used for both physical systems (e.g., a power grid network) as well
as social systems (e.g., influence among people conversing) (Pan et al., 2012). We implemented the
Influence Model using the MATLAB package available through Pan et al. (2012).

2.1.3. Gaps in existing methods
The Graphical Lasso and Influence Model were designed to measure structural relationships among
entities, a strategy we argue is best suited for relationships that are distinctly nonsocial (e.g., protein
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interactions, power grids). The Graphical Lasso can be seen as purely data-driven, directly estimating
the network through raw data. The Influence Model makes use of abstracted states to which we map the
energy values, but there exists still an opportunity to leverage further information embedded in these
activity states. Specifically, we note that different energy use states suggest different uses of the building.
We argue that human relationships in organizations are built on opportunities for social interaction in the
context of the spatial arrangement of a building, warranting a new method that leverages localized use
of space.

2.2. The Interaction Model

The Interaction Model (depicted on example data from a single day in Figure 2) begins by abstracting the
time series plug load data (Figure 2a) into states of activities (Figure 2b), as discussed in Appendix A
(originally introduced in Sonta et al. (2018)).We note that different activity states suggest different uses of
the building, and we interpret these states as localized use of the building’s space. A benefit of this
localized approach is that the spatial and temporal granularity of the data allows one to ascribe patterns of
activities and space use to each individual. Leveraging the information embedded in this use of space, the
model identifies times when office workers have opportunities for social interaction with other office
workers in the building (Figure 2c). These opportunities are aggregated using the Jaccard index to form
the inferred socio-organizational network (Figure 2d).

We assume that in a high-energy activity state, occupants are likely to be fully utilizing their equipment
at their workstations and are less likely to be moving around the building. At a medium- or low-energy
activity state, the equipment has entered a power-saving mode or turned off altogether, which in a modern
workspace we assume indicates that occupants are more likely to be away from their workstations with
higher opportunity for interacting with the people around them. These assumptions are based on our
previous validation work, which shows that the activity states can be used as reliable occupancy sensors
(Sonta et al., 2018). We leverage this detail in the data by defining an opportunity for social interaction
between two occupants to occur when those two occupants have both transitioned from the high-energy
activity state to either a medium- or low-energy activity state. We limit these opportunities for interaction
such that they only occur after the first transition to the high-energy state (i.e., the occupant first arriving at
their workstation for the day) and before the last transition to the low-energy state (i.e., the occupant
leaving for the day). Between these two temporal bounds that bookend the workday, we count the number
of times throughout the day that any two occupants have the opportunity to interact. This counting of

Figure 1. Graphical representation of the Influence Model. The model estimates the strength of
the arrows between any two time steps using Expectation Maximization, and these strengths

form the basis for the inferred network.
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overlaps in opportunities for interactions forms the weightings of ties among occupants. Formally, we
weight the entriesAi,j andAj,i (the tie strength between occupant i and occupant j) as the Jaccard similarity
coefficient of the overlap in opportunities for interaction between occupants i and j. This network
inference definition creates an undirected network. We note that previous work on estimating social
networks on the urban scale has also made use of the general notion of “interaction opportunity” as
defined by physical co-presence in an urban setting (Shen et al., 2019).

Given a time series of activity states Si,d (as described above), the objective of the Interaction Model is
to construct the adjacency matrix A such that the entry Ai,j defines the relationship from occupant i to
occupant j.Wedefine the opportunity for interaction as undirected rather than directed and thereforeAi,j=
Aj,i. Our algorithm for the Interaction Model is described here (see Algorithm 1 for pseudocode). The
algorithm first computes vectors for each occupant for each day describing when that occupant has an
opportunity for social interaction. This opportunity is defined as being when the occupant is in a medium-
energy state or when the occupant is in a low-energy state between high- ormedium-energy states (i.e., not
before the start of the workday or after the end of the workday). We therefore define the vector Vi,d (for
occupant i on day d) as a series of integers of length T, the number of time steps in a day. Each integer is
either a zero or a one, with ones indicating the occupant has the opportunity for social interaction; zeros
indicating no opportunity. For each day and each pair of occupants, we compute the Jaccard index
between the two vectorsVi,d andVj,d.This computation is repeated for each pair of occupants within a day,
creating an adjacencymatrixAd associatedwith each day. This process is repeated for all days in the study,

Figure 2.Demonstration of Interaction Model steps applied to data from a single day. (a) Raw plug load
energy values collected through sensors. (b) Activity states (low, medium, and high energy) resulting

from the clustering of the energy data using a variational Bayesian Gaussian Mixture Model.
(c) Opportunities for social interaction, where a black value of 1 indicates interaction
opportunity. (d) Resulting network (after 365 days of analysis), shown both as an

adjacency matrix heatmap and as a graph visualization.
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and the overall adjacency matrix is the average of all A1,…,AD. The Jaccard similarity between any two
vectors V1 and V2 is computed as follows:

Jaccard V1, V2ð Þ¼ V1∩V2j j
V1∪V2j j ¼

V1∩V2j j
V1j jþ V2j j� V1∩V2:j j : (1)

Wedefine the size of a vector and the intersection between our vectors of social opportunity as follows,
based on the index of occupant x:

Vj j ¼
X

i
Vi, (2)

V1∩V2j j ¼
X

i
Vi

1 �Vi
2: (3)

The benefit of using the Jaccard index instead of simply counting the number of overlaps in
opportunities for social interaction is that it discounts the situation when a single occupant is in a low-
or medium-energy state throughout much of a workday. In essence, it normalizes these overlaps in
opportunities for interaction based on the total number of opportunities that each occupant has in each day.
An illustrative example is shown in Figure 3.

2.3. Data collection and statistical analysis

We installed plug load energy sensors at 18 workstations in an office in Berkeley, CA. The office houses a
small environmental consulting and engineering firm. Each occupant is assigned to his or her own
workstation, allowing us to adopt the perspective that data ascribed to a workstation are ascribed to an
individual. The sensors are Zooz smart plugs, which communicate with Z-Wave technology to a Samsung
SmartThings Hub. Data were collected over 1year (365days) between August 2018 and August 2019. Plug
load energy data were reported at 1-min intervals. We aggregate the 1-min data to 15min, as this time scale
has been shown to appropriately describe activities that impact building energy consumption as well as offer

Algorithm 1. Interaction Model.

e9-8 Andrew Sonta and Rishee K. Jain

https://doi.org/10.1017/dce.2020.9 Published online by Cambridge University Press

https://doi.org/10.1017/dce.2020.9


insight into social interaction (Sonta et al., 2017, 2018).Manual inspection of the data revealed that plug load
energy collection at a very rapid time scale (e.g., less than 5min) can increase noise in the data to detrimental
levels, while previous research has shown that a sparse time scale (e.g., greater than 30 min) can reduce the
amount of valuable information in the data (Melfi et al., 2011). Workstations typically included desktop
computers and monitors, as well as some miscellaneous equipment (e.g., phone chargers, lamps, etc.). We
made no alterations to the settings of the computers, such aswhen computers are set to sleep. This decision to
minimize interventionswasmade tomaximize extensibility of the overarchingmethodology to new settings.

The sensors occasionally report erroneous values or fail to report values. As a data cleansing step, we
remove data points greater than three standard deviations away from each occupant’s mean (0.002% of
data points), those less than 0W (0.0001% of data points) and those greater than 200W (0.4% of data
points). Manual inspection of the data showed that values outside this range are most likely instances of
data point corruption during the data collection process. The standard reason for missing data is that the
power consumption has not varied—this is a characteristic of the Zooz sensors. This is most common
when the power consumption is exactly 0, as any amount of power consumption above 0 typically has
natural variation. Because data are reported at 1-min intervals and we aggregate to 15-min time steps, we
fill forward missing values up to a limit of 15min. This strategy is based on the assumption that these
missing values really indicate a power consumption value of 0, but it also allows for the rare case that the
power consumption is a steady positive value. If further data points aremissing, it ismost likely because of
connectivity issues or a long periodwithout power consumption.We fill these data points with values of 0.

We collected social and organizational data through a survey. The occupants of the building were first
asked to report with whom in the building they have either a social or organizational relationship. The
survey then moves on to two sections, a social weighting and an organizational weighting. The social
section asks occupants to rate on a Likert scale (1–7) how closely they view their social relationship in
terms of the “inclusion of the other in the self” scale (Gächter et al., 2015) (see Appendix B). The
organizational component asks occupants to mark with whom they (a) share information with, (b) seek
technical advice from, and (c) seek personal work-related advice from. These questions measure
communication, advice, and trust, as discussed in seminal work by Krackhardt and Hanson (1993).
The survey response rate was 83%. The survey forms a directed network—unlike the InteractionModel—
but we note that the graph comparison tools we discuss below are valid for comparisons between directed
and undirected networks. While interactions are best described without direction, individual views of
relationships are inherently directed, and we note that this may be a limitation of the Interaction Model.
Details of the survey are discussed in Appendix B.

Figure 3. Jaccard similarity example. Illustrative example showing the normalizing effect of the Jaccard
index computed on pairs of vectors describing opportunities for interaction.
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An important component of the study is to determine the extent to which inferred socio-organizational
network structures correlate with the survey socio-organizational structure. Because we define the
networks in terms of an adjacency matrix, metrics that measure the correlation between two square
matrices can be employed. It is well known in network analysis theory that standard ordinary least squares
models are unreliable when autocorrelation is present in the data, as we expect in social network analysis
(e.g., within-row and within-column data can be expected to be autocorrelated, since they refer to the
same individuals’ survey responses) (Krackhardt, 1987). Therefore, we adopt the Quadratic Assignment
Procedure (QAP) as a permutation test to determine the significance of correlations between two
adjacency matrices. We use the Pearson product–moment correlation coefficient to measure the corre-
lation between two matrices, with explicit disregard for the diagonals of the matrices, which we expect to
all be zero, since self-loops are disregarded. This combination of the QAP permutation test and the
Pearson product–moment correlation has been demonstrated in previous social network research (Henry,
2011). The correlation for two graphs G and H is measured as follows:

cor G,Hð Þ¼ cov G,Hð Þffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
cov G,Gð Þ � cov H,Hð Þp , (4)

where

cov G,Hð Þ¼ 1

Vj j2� Vj j
X
i6¼j

AG
i,j�μG

� �
AH

i,j�μH
� �

, (5)

such that i is not equal to j, where V is the set of nodes in the graph, A is the adjacency matrix, and μ is
the mean edge value in the graph. The QAP permutes both the rows and columns of one of the adjacency
matrices—a total of Vj j! possible mappings of vertices to the edges in the network. The correlation metric
can be calculated between the base matrix and all possible permutations of the second matrix, creating a
distribution of correlation metrics. By determining where the original correlation falls on the permuted
correlation distribution, one can estimate the significance of the correlation (i.e., what fraction of
correlations fall below the calculated correlation). In our results discussed above, Vj j is 18, causing the
number of samples for the correlation statistic to be 306 (i.e., the number of possible ties among
individuals, excluding self-loops).

Over the course of the year, three changes happened to the organization occupying the office building,
which we were made aware of through direct communication with the organization. After 61 days of data
collection, one of the occupants left the organization temporarily. After 258 days, another occupant left the
organization indefinitely. After 312 days, the occupant that first left the organization returned, and another
third occupant left the organization indefinitely. We adapted the models we employ for network inference
to account for these changes. For the Influence Model, we adjusted its mechanics to normalize for the
amount of time that an occupant is part of the organization. For the occupants that were part of the
organization for a fraction of the year, opportunities for interaction between that occupant and all other
occupants were only considered during the times that these occupants were present. In effect, we compute
a weighted average of all Jaccard similarities based on the amount of time two occupants were both a part
of the organization. This reshuffling created four distinct periods of data collection and analysis that are
all very similar but have slightly different organizational makeup.

For example, if all occupants are considered members during the days contained in a vector d1 and all
but one (occupant x) are considered members during the days in d2, we compute two different adjacency
matrices, following the procedure in Algorithm 1:

A1 ¼ Interaction Sd∈d1ð Þ, (6)
A2 ¼ Interaction Sd∈d2ð Þ. (7)
Next, instead of simply averaging allAmatrices, we compute the overall adjacency matrix as follows:

A¼ A1þA2

∣d1∣þ ∣d2∣
∀i 6¼ x,∀j 6¼ x (8)
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A¼ A1

∣d1∣
∀i¼ x,∀j¼ x (9)

2.4. Space syntax

The theory of space syntax (Bafna, 2003) suggests that the ordering of space impacts how people use
space and interact with one another. Recently, researchers have suggested that spatial relationships are
correlated with social behavior, such as collaborations in academic settings and “contacts” in workplaces
(Sailer and McCulloh, 2012; Potter et al., 2015). Using a space syntax technique known as axial line
decomposition, we constructed networks of the office space in Berkeley, CA, describing both topological
distance and angular distance. The topological distance can be interpreted as the number of individual
spaces that need to be traversed between workstations, and the angular distance can be interpreted as the
amount of physical rotation required to reach a workstation. The space syntax procedure begins with
graphically representing the physical barriers within a building in a floor plan. We adopted the axial line
decomposition procedure for the spaces that include a workstation in our study. This axial line decom-
position procedure begins with the drawing of straight lines that connect all relevant spaces within a
building’s floor plan. We note that in certain floor plans with limited barriers, such as long open plan
offices, the axial line decomposition technique may have limited ability to explain connections between
spaces, though previous research has applied this technique to open plan offices (Sailer and McCulloh,
2012). The topological distance between two workstations is defined as the number of line segments that
are traversed by traveling from one workstation to another, where a line segment is created whenever two
of these lines intersect. The angular distance is defined as the amount of changing of direction that must
take place to travel from one desk to another along these lines, where a 90° turn is counted as a value of
1. The specific axial line decomposition for the office building in Berkeley, CA, used in this study is
shown in Figure 4. Leveraging the QAP test described above, we can compare these spatial networks to
the inferred and survey-based socio-organizational networks.

3. Results

3.1. Performance of Interaction Model

Figure 5 shows the calculated correlations between the combined survey network (Asurvey) and each of the
three networks inferred with the Graphical Lasso (Aglasso) (Friedman et al., 2008), the Influence Model
(Ainfluence), and our proposed Interaction Model (Ainteraction), where the correlation is shown on the
reconstructed distribution as calculated through the QAP permutation test. For even a moderately sized
graph with 18 vertices, computing the full distribution of graph correlations through permutation is
computationally prohibitive; we therefore employ Monte Carlo simulation with 10,000 repetitions to
estimate the distribution. We can see from Figure 5 that only the Interaction Model produces a significant
correlation at 0.46with an estimated p value from the permutation test of 0.002. Figure 6 shows the overall
correlation matrix (upper half) between each of the three learned networks and each component of the
survey network, including the combined organizational survey network and the overall survey network.
Each entry in the matrix shows the correlation between the graphs denoted along the diagonal. We note
that the Interaction Model has similar correlations with each component of the survey network, with no
specific component having much larger or much smaller correlations with the Interaction Model than the
overall survey network.

The correlations and estimated significance levels (Figures 5 and 6) offer strong supporting evidence
for the relative success of the Interaction Model in capturing office worker relationships as compared to
the Graphical Lasso and the Influence Model. The overall survey network is based on social and
organizational weights, where the social weighting is based on one survey question, and the organiza-
tional weighted is based on three. There are therefore four individual components of the overall survey
network. While the Interaction Model has relatively similar correlations with all of these individual
components, the correlations are highest for the trust component of the organizational survey network and
for the social survey network. Among the organizational components of the survey network, the
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communication and advice networks have lower correlations, perhaps due to the fact that these networks
have higher graph densities (0.70 and 0.54, respectively) compared with the trust graph (0.42). In other
words, each occupant communicates with and seeks advice from most of his or her colleagues, while
seeking trust is more selective. The more fully connected communication and advice networks would not
be expected to correlate as well with the inferred networks because there is less differentiation and social
choice among their ties.

3.2. Temporal analysis of Interaction Model

One strength of the Interaction Model is that its key building blocks—opportunities for social interaction
—are assigned to individual time steps, allowing our analysis to capture the temporal dimension of office
worker interactions. Themodel estimates times at which any two occupants have stepped away from their
workstations and defines these instances as opportunities for social interaction. Figure 7a shows the
distribution of total overlaps in social opportunity aggregated across all days for the average occupant,
plus or minus one standard deviation calculated across occupants. We can see from this figure that there is
a large spike between 12 pm and 2 pm, which is likely to be the standard time for lunch in this particular
office. Figure 7b shows these opportunities for interaction by day, where we see a similar lunchtime spike
for each day. However, there is also a large peak on Monday near 10 am. Based on knowledge of the
operations of this organization, we note that there is a large meeting involving all members of the
organization at this time. This serves as observational validation that the Interaction Model is in fact
capturing opportunities for interaction.

Because the survey network is comprised of both social and organizational ties, a natural question is to
ask whether one can differentiate between these ties through more detailed analysis. We therefore sought
to characterize, leveraging the survey results, whether social ties or organizational ties are more likely to
manifest themselves at different times of the day (e.g., Do people eat lunch with their friends? Do they

Figure 4. Axial line decomposition using space syntax methodology. The floor plan shows the physical
spatial barriers, red lines show the line segments connecting individual spaces. The detailed example for

workstations 1 and 2 shows the calculation of topological and angular depths.
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Figure 5. Inferred network visualization and statistical results. Network visualization for each of the three
network inference methods, along with Pearson product–moment correlation with the survey network

over the distribution from the QAP test. Vertical lines on the distributions indicate the measured
correlations. Comparing these measured correlations to the distribution enables the estimation of the
p values for these correlations (Graphical Lasso: p=0.68; InfluenceModel: p=0.12; InteractionModel:

p=0.002). Note: A threshold is applied to tie strengths in each graph for visualization purposes.

Figure 6. Correlations among inferred and survey networks. Correlogram showing Pearson product–
moment correlations between the three inferred networks, each component of the organizational survey

network, and the social and organizational survey networks.
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meet with their work ties in the morning?). Figure 7c shows the temporal distribution of opportunities for
social interaction of two different kinds of true ties defined by the survey network—the strongest social tie
for each occupant and the strong organizational tie for each occupant. This breakdown between ties shows
that overall trends are very similar for these two relationships, but we note two points of interest. First, the
standard deviation of interaction opportunities is higher for social ties than for organizational ties around
lunch time, suggesting that there are some pairs of occupants with social ties that have many interactions
around lunch time. Second, there seems to be a larger count of interaction opportunities outside of lunch
time for organizational ties, though the increase over the social ties is within the standard deviations.

3.3. How much data are needed for the Interaction Model?

One question that any inference built on time series raises is the length of time required to build a
successful model. In order to test this, we created 52 batches of the data based on timestamps (i.e., batch
1 contained the first week of the data, batch 2 the second week, etc.). We first applied the Interaction
Model to growing amounts of the data (i.e., the first week, then the first 2weeks, and so on) and calculated
the correlation between that network and the survey network. Figure 8 shows how the graph correlation
varies over time as the data grow (black line). As a result of three minor organizational changes
(i.e., occupants temporarily or permanently leaving the organization), there are four distinct data segments
(see Section 2). After roughly 10weeks (20% of the year), the increase in correlation experiences
significant diminishing returns.

Figure 7. Frequency of opportunities for social interaction over 24 hr, aggregated over data collection
period. Lines represent the average across individuals and shading shows one standard deviation
across individuals. (a) All opportunities for interaction for all ties. (b) Comparison of interaction
opportunities by day of the week. (c) Comparison of interaction opportunities for each occupant’s

strongest social ties and strongest organizational ties, as defined by the survey network.
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Each of the points on the black line in Figure 8 use a starting point of week 1. To investigate the impact
of when data collection begins, we also applied the Interaction Model to 10weeks of data (the threshold
determined above) using different starting times (gray lines). These lines also show the evolution of the
correlation as the data grow (e.g., for the furthest left gray line, week 10, thenweeks 10 and 11, etc.). None
of the three starting times produced a graph correlation as high as the original starting time, indicating that
true social ties may have changed as a result of organizational changes or other time effects.

3.4. Relating spatial and organizational networks

Figure 9 shows the Pearson product–moment correlations among the topological spatial network, the
angular spatial network, the network inferred through the Interaction Model, and the overall survey

Figure 8. Graph correlation over time. Each shift in data segments refers to a small change in the
organizational structure (i.e., an occupant leaving the organization or returning to the organization).

Figure 9. Correlations between spatial, inferred, and survey networks. The topological and angular
networks, inferred through two space syntax methods, describe the spatial relationships between each

pair of workstations. The Interaction Model and survey networks describe socio-organizational
relationships for the individuals associated with each workstation.
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network. The correlations between the space syntax networks and both the Interaction Model and the
survey network are negative. We would expect this negative correlation, since a larger distance between
occupants’workstations has been shown to inhibit communication and interaction (Sailer andMcCulloh,
2012). However, these correlations are all insignificant. The lack of a strong correlation between the
spatial layout of the building and the interactions among occupants as well as the true socio-organizational
relationships is surprising but suggests that there is an opportunity to design the layout of the building in
such a way that actually promotes collaboration. For example, if a new layout were chosen such that the
distances between desks were perfectly negatively correlated with the true organizational structure, the
new layout might promote more meaningful interactions in space. This result demonstrates the ability for
the Interaction Model to play a role in the design of buildings for organizational objectives.

4. Discussion

Our results suggest that it is possible to capture a significant component of the true socio-organizational
structure of organizations in buildings by analyzing sensors signaling occupant behavior. Methods
adapted from the literature—the Graphical Lasso and the InfluenceModel—were limited in their abilities
to reconstruct the true socio-organizational structure of office workers. Each of these methods may suffer
from limitations in the model construction. The Graphical Lasso was designed to measure correlations in
raw time series. However, the noise in the raw plug load energy datawarranted the need to abstract the data
into states of activities in order to enable analysis of true patterns of space use, and therefore the noise may
have impacted the Graphical Lasso’s efficacy. The Influence Model does explicitly incorporate latent
states in its modeling approach (in our case, activity states), but it was originally designed for nonsocial
systems (e.g., power grids) where interactions can be defined by physical laws. In our case, manifestations
of relationships among people can be characterized as impromptu and unstructured, which are details we
sought to address in our modeling approach. Our proposed method—the Interaction Model—performed
significantly well. We theorize the model is successful because it is built on the knowledge gained by
analyzing occupants’ uses of their individual spaces. The underlying data from plug load sensors installed
at the desk level, when abstracted to states of occupants’ activities, offer rich insight into use of space.
These insights enable the analysis of opportunities for social interactions that are the foundationof our network
inference strategy. We note that the specific strategies implemented in our research could be extended to use
other sources of raw data that can be used to model occupancy, such as infrared or lidar sensors.

We demonstrate in a case study that about 10weeks of data collectionwas sufficient to create a network
that is significantly similar to the network obtained through traditional survey instruments. After 10
weeks, the model experienced substantial diminishing returns. This behavior could arise from a few
different reasons. One set of possibilities concerns the fact that we distributed the survey very near the time
that we started collecting data. It is possible that the true network changed after the first organizational
change (shift from data segment 1 to data segment 2 in Figure 8), and therefore the survey network no
longer represented the true network. In this case, any additional information collected through the data
would be biased toward the original network structure as represented in the survey network. It is also
possible that the network changed continuously over the course of the year, and as a result, occupants’
behavior changed as well. In this case, the network inferred with enough data closest to the time that
people reported ties would bemost accurate. On the other hand, it is possible that the act of distributing the
survey caused occupants to become more conscious of their social behavior and therefore interact more
with the people they reported ties with. This kind of behavior change as a result of an external trigger—the
“mere-measurement effect”—has been documented in previous social network studies (Sprott et al.,
2006). Our additional analysis of running the Interaction Model using different start dates shows that
using later start dates reduces the correlation between the survey network and the Interaction Model
network. This finding aligns with the notion that the inferred network correlates best with the survey
network when the data are analyzed closest to the time that the survey is distributed.

While the InteractionModel did experience diminishing returns, it was able to reconstruct a significant
component of the survey network. This success points to substantial opportunities to leverage low-cost,
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ubiquitous ambient sensing technologies for the study of organizational networks present in office spaces.
Researchers studying social networks and organizational design have noted the importance of under-
standing network structures due to their impact on organizational outcomes related to the broad notion of
productivity, such as creativity and collaboration (Uzzi and Spiro, 2005; Perry-Smith and Mannucci,
2017). Our findings demonstrate that socio-organizational networks can effectively be mined from data.
As a result, the potential for network analysis in organizations can be extended to situations previously not
possible due to the cost and time of survey-based network construction, such as large organizations
occupying large buildings or building campuses. Abstractions of the ambient sensing data will also enable
further analysis of network effects using inherently anonymous data that do not contain personally
identifiable information beyond the desk location.While the desk location could be traced to an individual
if seat assignments are known, the underlying power consumption data are an inherent level of abstraction
away from individual actions. This ambient approach to modeling of human systems, as opposed to direct
observation of actions, is an important aspect given new laws and protocols surrounding data privacy
(e.g., GPDR; Regulation (EU) 2016/679 of the European Parliament and of the Council of 27 April 2016
on the Protection of Natural Persons with Regard to the Processing of Personal Data and on the Free
Movement of Such Data, and Repealing Directive 95/46/EC (GDPR), 2016).

We additionally show that in the context of the space analyzed in our case study, the spatial layout was
not significantly correlated with the true structure of the organization, suggesting that a redesign of the
layout could enhance interaction and improve collaboration among the members of the organization.
Researchers studying the relationship between space and organizations have linked space to the nexus
between networks and organizational outcomes, typically showing that spatial proximity increases the
likelihood for relational tie formation and the positive outcomes associated with these ties (Sailer and
McCulloh, 2012). The tools presented in this paper offer an opportunity to test these previously
formulated hypotheses at further scale. Additionally, when it comes to redesigning the spatial layout of
organizations, the ability to quickly and continuously measure the social network—as our research
enables—will allow network structure to become an attainable and important input into this design
process. Future work can incorporate network structure into the design of space itself, as engineers and
designers continue researching methods for optimizing spatial layouts through generative design (Nagy
et al., 2017). Moreover, as spaces become more flexible, the ability to capture a social network through
analysis of data collected over a period of 10weeks will create the opportunity to dynamically design
building layouts in an effort to enhance collaboration. This dynamic model of building and space design
will become increasingly important given the rise of new office space procurement models such as
co-working spaces and shared common areas.

One important limitation of the Interaction Model concerns the notion of opportunities for social
interaction. There are many occasions that might result in two occupants being in a state of possible social
interaction as defined above, such as two occupants taking separate trips to different break rooms. While
some of these occasions could be unrelated to meaningful interactions, we assume that repeated instances
of mutual opportunity for interaction would outweigh spurious instances of similar activity patterns. In
our analysis of the amount of data required for our model to be successful, we see that the performance
of the Interaction Model steadily improves over the first 10weeks, which supports the notion of the
importance of repeated interactions. In a larger building, this limitation could also be addressed by
including a spatial weighting that discounts possible interactions that would be physically infeasible.
Another limitation concerns the notion of distributing a survey as ameans ofmeasuring the “ground truth”
as closely as possible. We note that while research has demonstrated the shortcomings of surveys
particularly with regard to the problems of self-reporting information (Marsden, 2012), surveys remain
the standard method for measuring social network structure. Finally, we note that the Interaction Model
produces an undirected network, while the individual responses from the survey are directed because they
represent each occupant’s individual perceptions of the relationship. While physical interactions can best
be described in an undirected manner, certain aspects of social relationships (e.g., individual perceptions
of friendships, amount of advice given vs. received) can be viewed as directed. We note, however, that
many tools common in social network analysis, such as community detection or graph clustering, are
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traditionally applied to undirected networks (Malliaros and Vazirgiannis, 2013). Therefore, the informa-
tion embedded in the undirected network retains much of the needed information for decision-making
based on socio-organizational relationships. Future work could extend our proposed InteractionModel to
provide more detailed insights into social relationships within an office space and enable more targeted
interventions related to the directionality of communication and/or information flows.

Overall, our results show that the Interaction Model is successful in reconstructing a significant
component of the true socio-organizational network. Inferring this network can be useful for analyzing the
design of the space (e.g., using space syntax) in the context of the socio-organizational system.
Information on the structure of the organizations in commercial buildings will enable the design and
management of spaces that promote organizational success. In particular, managers of organizations will
be able to better understandwhich occupants and/or relationships are vital to organizational operations. At
the same time, managers of building spaces can use the information to make ad hoc changes to building
designs, such as removal of barriers or changes to occupant layouts—changes that can be used to better
align the social and spatial networks. While it may not be feasible to continuously rearrange office spaces
based on insights garnered from our proposed methods, our work could be the basis for more strategic
(e.g., quarterly) reviews of how spaces are being used and how occupant layouts are encouraging or
limiting social interactions. Overall, our methods aim to enable a new dynamic perspective of organiza-
tional decision-making at the socio-organizational-spatial nexus, whereby offices can be critically
analyzed and changed to improve performance.

5. Conclusion

The Interaction Model introduced in this paper enables passive measurement of network structure using
ambient sensors that are growing in popularity in commercial buildings. Through statistical tests, we show
that this network inference strategy learns a network with significant correlation to the ties reported
through distribution of a survey. In our case study, we find that roughly 10weeks of data are required to
learn the network with the ambient sensing data. This relatively short data collection period can enable
dynamic measurement of occupant networks as organizations evolve and spaces change. We also
demonstrate that learning this network enables the analysis of the spatial design of buildings in the
context of their human systems. In particular, comparing the learned social network to spatial networks
as defined by the space syntax literature creates insight into whether the spatial layout matches socio-
organizational behavior. In the case study presented in this paper, we found no significant correlation with
the spatial networks, demonstrating the opportunity to design the space in a way that better reflects the
socio-organizational network. The Interaction Model can therefore become a significant component of a
design strategy that promotes human-centered organizational objectives such as collaboration. Themodel
and analyses introduced here will promote the design, engineering, andmanagement of buildings in away
that allows human and built systems to work together.

Acknowledgments. We would like to thank Amir Goldberg for his invaluable comments during analysis and manuscript
preparation.

Funding Statement. The research presented in this paper was supported by a Stanford Graduate Fellowship, the Center for
Integrated Facility Engineering, a Terman Faculty Fellowship, and the National Science Foundation (NSF) under Grant Nos.
1836995 and 1941695. Any opinions, findings, and conclusions or recommendations expressed in this material are those of the
author(s) and do not necessarily reflect the views of NSF.

Competing Interests. The authors declare no competing interests exist.

Data Availability Statement. The data collected and analyzed for this study and the code used for analysis are available in the
“learning-occupant-network” repository at doi: 10.5281/zenodo.4033406.

Author Contributions. Conceptualization, A.J.S and R.K.J.; Methodology, A.J.S. and R.K.J.; Data curation, A.J.S.; Software,
A.J.S.; Data visualisation, A.J.S.; Writing-original draft, A.J.S.; Writing-review & editing, R.K.J.; Supervision, R.K.J. All authors
approved the final submitted draft.

e9-18 Andrew Sonta and Rishee K. Jain

https://doi.org/10.1017/dce.2020.9 Published online by Cambridge University Press

http://10.5281/zenodo.4033406
https://doi.org/10.1017/dce.2020.9


References
Anderson, K, Lee, S and Menassa, CC (2014) Impact of social network type and structure on modeling normative energy use

behavior interventions. Journal of Computing in Civil Engineering 28(1), 30–39. https://doi.org/10.1061/(ASCE)CP.1943-
5487.0000314

Asavathiratham, C (2001) The Influence Model : A Tractable Representation for the Dynamics of Networked Markov Chains.
Cambridge, MA: Massachusetts Institute of Technology. https://dspace.mit.edu/handle/1721.1/33546

Bafna, S (2003) Space syntax: A brief introduction to its logic and analytical techniques. Environment and Behavior 35(1), 17–29.
https://doi.org/10.1177/0013916502238863

Claudel, M, Massaro, E, Santi, P, Murray, F and Ratti, C (2017) An exploration of collaborative scientific production at
MIT through spatial organization and institutional affiliation. PLoS ONE 12(6), e0179334. https://doi.org/10.1371/journal.
pone.0179334

D’Oca, S, Chen, CF, Hong, T and Belafi, Z (2017) Synthesizing building physics with social psychology: An interdisciplinary
framework for context and occupant behavior in office buildings. Energy Research and Social Science 34, 240–251. https://doi.
org/10.1016/j.erss.2017.08.002

Ethiraj, SK and Garg, P (2012) The division of gains from complementarities in human-capital-intensive activity. Organization
Science 23(3), 725–742. https://doi.org/10.1287/orsc.1110.0659

Friedman, J,Hastie, Tand Tibshirani, R (2008) Sparse inverse covariance estimation with the graphical lasso. Biostatistics 9(3),
432–441. https://doi.org/10.1093/biostatistics/kxm045

Gächter, S, Starmer, Cand Tufano, F (2015) Measuring the closeness of relationships: A comprehensive evaluation of the
“inclusion of the other in the self” scale. PloS One 10(6), e0129478. https://doi.org/10.1371/journal.pone.0129478

Hallac, D, Park, Y, Boyd, S and Leskovec, J (2017) Network inference via the time-varying graphical lasso. Proceedings of the
23rd ACM SIGKDD International Conference on Knowledge Discovery and Data Mining, 205–213. Available at https://doi.
org/10.1145/3097983.3098037

Henry, AD (2011) Ideology, power, and the structure of policy networks. Policy Studies Journal 39(3), 361–383. https://doi.
org/10.1111/j.1541-0072.2011.00413.x

Hillier, B and Hanson, J (1984) The Social Logic of Space. Cambridge, UK: Cambridge University Press. http://www.openbibart.
fr/item/display/10068/759771

Housman,M andMinor, D (2016)Workplace Design: The Good, the Bad, and the Productive.Working paper, 16–147. Available
at http://www.hbs.edu/faculty/Publication Files/16-147_c672567d-9ba2-45c1-9d72-ea7fa58252ab.pdf

Kabo, F (2018) The architecture of network collective intelligence: Correlations between social network structure, spatial layout
and prestige outcomes in an office.Philosophical Transactions of the Royal Society B: Biological Sciences 373(1753), 20170238.
https://doi.org/10.1098/rstb.2017.0238

Kabo, F, Hwang, Y, Levenstein, M and Owen-Smith, J (2015) Shared paths to the lab: A sociospatial network analysis of
collaboration. Environment and Behavior 47(1), 57–84. https://doi.org/10.1177/0013916513493909

Krackhardt, D (1987) QAP partialling as a test of spuriousness. Social Networks 9(2), 171–186. https://doi.org/10.1016/0378-
8733(87)90012-8

Krackhardt, D and Hanson, JR (1993) Informal networks: The company behind the chart. Harvard Business Review 71(4),
104–111. https://doi.org/10.4135/9781446213704.n15

Malliaros, FD and Vazirgiannis, M (2013) Clustering and community detection in directed networks: A survey. Physics Reports
533(4), 95–142. https://doi.org/10.1016/j.physrep.2013.08.002

Marin, A and Wellman, B (2016) Social network analysis: An introduction. In Scott, J and Carrington, PJ (eds), The SAGE
Handbook of Social Network Analysis. London: SAGE Publications Ltd, pp. 11–25. https://doi.org/10.4135/9781446294413

Marsden, PV (2012) Recent developments in network measurement. In Carrington, PJ, Scott, J, and Wasserman, S (eds),Models
and Methods in Social Network Analysis. Cambridge, UK: Cambridge University Press, pp. 8–30. https://doi.org/10.1017/
cbo9780511811395.002

Melfi, R, Rosenblum, B, Nordman, B and Christensen, K (2011). Measuring building occupancy using existing network
infrastructure. 2011 International Green Computing Conference and Workshops, IGCC 2011. Available at https://doi.
org/10.1109/IGCC.2011.6008560

Nagy, D,Lau, D,Locke, J, Stoddart, J,Villaggi, L,Wang, R,Zhao, D andBenjamin, D (2017) Project discover: An application
of generative design for architectural space planning. Proceedings of the Symposium on Simulation for Architecture and Urban
Design. Available at https://doi.org/10.5555/3289787.3289794

Olguin-Olguin, D and Pentland, A (2010) Sensor-based organisational design and engineering. International Journal of
Organisational Design and Engineering 1(1/2), 69. https://doi.org/10.1504/IJODE.2010.035187

Pan, W, Cebrian, M, Dong, W, Kim, T and Pentland, A (2010) Modeling Dynamical Influence in Human Interaction Patterns.
Available at http://hd.media.mit.edu/tech-reports/TR-655.pdf

PanW,Dong,W,Cebrian,M,Kim, T,Fowler, JH andPentland, AS (2012)Modeling dynamical influence in human interaction:
Using data to make better inferences about influence within social systems. IEEE Signal Processing Magazine 29(2), 77–86.
https://doi.org/10.1109/MSP.2011.942737

Peponis, J, Bafna, S, Bajaj, R, Bromberg, J, Congdon, C, Rashid, M,Warmels, S, Yan, Z and Zimring, C (2007) Designing
space to support knowledge work. Environment and Behavior 39(6), 815–840. https://doi.org/10.1177/0013916506297216

Data-Centric Engineering e9-19

https://doi.org/10.1017/dce.2020.9 Published online by Cambridge University Press

https://doi.org/https://doi.org/10.1061/(ASCE)CP.1943-5487.0000314
https://doi.org/https://doi.org/10.1061/(ASCE)CP.1943-5487.0000314
https://doi.org/https://dspace.mit.edu/handle/1721.1/33546
https://doi.org/https://doi.org/10.1177/0013916502238863
https://doi.org/https://doi.org/10.1371/journal.pone.0179334
https://doi.org/https://doi.org/10.1371/journal.pone.0179334
https://doi.org/https://doi.org/10.1016/j.erss.2017.08.002
https://doi.org/https://doi.org/10.1016/j.erss.2017.08.002
https://doi.org/https://doi.org/10.1287/orsc.1110.0659
https://doi.org/https://doi.org/10.1093/biostatistics/kxm045
https://doi.org/https://doi.org/10.1371/journal.pone.0129478
https://doi.org/https://doi.org/10.1145/3097983.3098037
https://doi.org/https://doi.org/10.1145/3097983.3098037
https://doi.org/https://doi.org/10.1111/j.1541-0072.2011.00413.x
https://doi.org/https://doi.org/10.1111/j.1541-0072.2011.00413.x
http://www.openbibart.fr/item/display/10068/759771
http://www.openbibart.fr/item/display/10068/759771
http://www.hbs.edu/faculty/Publication%20Files/16-147_c672567d-9ba2-45c1-9d72-ea7fa58252ab.pdf
https://doi.org/https://doi.org/10.1098/rstb.2017.0238
https://doi.org/https://doi.org/10.1177/0013916513493909
https://doi.org/https://doi.org/10.1016/0378-8733(87)90012-8
https://doi.org/https://doi.org/10.1016/0378-8733(87)90012-8
https://doi.org/https://doi.org/10.4135/9781446213704.n15
https://doi.org/https://doi.org/10.1016/j.physrep.2013.08.002
https://doi.org/https://doi.org/10.4135/9781446294413
https://doi.org/https://doi.org/10.1017/cbo9780511811395.002
https://doi.org/https://doi.org/10.1017/cbo9780511811395.002
https://doi.org/https://doi.org/10.1109/IGCC.2011.6008560
https://doi.org/https://doi.org/10.1109/IGCC.2011.6008560
https://doi.org/https://doi.org/10.5555/3289787.3289794
https://doi.org/https://doi.org/10.1504/IJODE.2010.035187
http://hd.media.mit.edu/tech-reports/TR-655.pdf
https://doi.org/https://doi.org/10.1109/MSP.2011.942737
https://doi.org/https://doi.org/10.1177/0013916506297216
https://doi.org/10.1017/dce.2020.9


Perry-Smith, JE andMannucci, PV (2017) From creativity to innovation: The social network drivers of the four phases of the idea
journey. Academy of Management Review 42(1), 53–79. https://doi.org/10.5465/amr.2014.0462

Potter, GE, Smieszek, T and Sailer, K (2015) Modeling workplace contact networks: The effects of organizational structure,
architecture, and reporting errors on epidemic predictions.Network Science 3(3), 298–325. https://doi.org/10.1017/nws.2015.22

Powell, WW and Snellman, K (2004) The Knowledge Economy. Annual Review of Sociology 30(1), 199–220. https://doi.
org/10.1146/annurev.soc.29.010202.100037

Regulation (EU) 2016/679 of the European Parliament and of the Council of 27 April 2016 on the protection of natural persons with
regard to the processing of personal data and on the free movement of such data, and repealing Directive 95/46/EC (GDPR),
(2016). Available at http://data.europa.eu/eli/reg/2016/679/2016-05-04

Revenue and Expense Data, University of California. (n.d.). Avaialble at https://www.universityofcalifornia.edu/infocenter/
revenue-and-expense-data (accessed16 January 2020).

Runge, J, Nowack, P, Kretschmer, M, Flaxman, S and Sejdinovic, D (2019) Detecting and quantifying causal associations in
large nonlinear time series datasets. Science Advances 5(11), eaau4996. https://doi.org/10.1126/sciadv.aau4996

Sailer, K (2011) Creativity as social and spatial process. Facilities 29(1), 6–18. https://doi.org/10.1108/02632771111101296
Sailer, K and McCulloh, I (2012) Social networks and spatial configuration—How office layouts drive social interaction. Social

Networks 34(1), 47–58. https://doi.org/10.1016/j.socnet.2011.05.005
Sailer, K, Pomeroy, R and Haslem, R (2015) Data-driven design—Using data on human behaviour and spatial configuration

to inform better workplace design. Corporate Real Estate 4(3), 249–262. http://www.ingentaconnect.com/content/hsp/crej/
2015/00000004/00000003/art00008

Shen, Y, Karimi, K, Law, S and Zhong, C (2019) Physical co-presence intensity: Measuring dynamic face-to-face interaction
potential in public space using social media check-in records. PLOS ONE 14(2), e0212004. https://doi.org/10.1371/journal.
pone.0212004

Sonta, AJ, Jain, RK,Gulbinas, R,Moura, JMF andTaylor, JE (2017) OESPG: Computational framework for multidimensional
analysis of occupant energy use data in commercial buildings. Journal of Computing in Civil Engineering 31(4), 04017017.
https://doi.org/10.1061/(ASCE)CP.1943-5487.0000663

Sonta, AJ, Simmons, PE and Jain, RK (2018) Understanding building occupant activities at scale: An integrated knowledge-
based and data-driven approach. Advanced Engineering Informatics 37, 1–13. https://doi.org/10.1016/j.aei.2018.04.009

Soriano, DR and Huarng, KH (2013) Innovation and entrepreneurship in knowledge industries. Journal of Business Research 66
(10), 1964–1969. https://doi.org/10.1016/j.jbusres.2013.02.019

Sprott, DE, Spangenberg, ER,Block, LG, Fitzsimons, GJ,Morwitz, VG andWilliams, P (2006) The question–behavior effect:
What we know and where we go from here. Social Influence 1(2), 128–137. https://doi.org/10.1080/15534510600685409

Tichy, N and Fombrun, C (1979) Network analysis in organizational settings. Human Relations 32(11), 923–965. https://doi.
org/10.1177/001872677903201103

Uzzi, B and Spiro, J (2005) Collaboration and creativity: The small world problem. American Journal of Sociology 111(2),
447–504). https://doi.org/10.1086/432782

Waber, B, Magnolfi, J and Lindsay, G (2014) Workspaces that move people. Harvard Business Review 92(10), 68–77.
Wineman, JD, Kabo, FW and Davis, GF (2009) Spatial and social networks in organizational innovation. Environment and

Behavior 41(3), 427–442. https://doi.org/10.1177/0013916508314854
Yuan, Y, Alabdulkareem, A and Pentland, A (2018) An interpretable approach for social network formation among heteroge-

neous agents. Nature Communications 9(1), 4704. https://doi.org/10.1038/s41467-018-07089-x
Zhao, J, Lasternas, B, Lam, KP, Yun, R and Loftness, V (2014) Occupant behavior and schedule modeling for building energy

simulation through office appliance power consumption data mining. Energy and Buildings 82, 341–355. https://doi.
org/10.1016/j.enbuild.2014.07.033

Cite this article: Sonta, A. and Jain, R. K. 2020. Learning socio-organizational network structure in buildings with ambient
sensing data. Data-Centric Engineering, 1: e9. doi:https://doi.org/10.1017/dce.2020.9

e9-20 Andrew Sonta and Rishee K. Jain

https://doi.org/10.1017/dce.2020.9 Published online by Cambridge University Press

https://doi.org/https://doi.org/10.5465/amr.2014.0462
https://doi.org/https://doi.org/10.1017/nws.2015.22
https://doi.org/https://doi.org/10.1146/annurev.soc.29.010202.100037
https://doi.org/https://doi.org/10.1146/annurev.soc.29.010202.100037
http://data.europa.eu/eli/reg/2016/679/2016-05-04
https://www.universityofcalifornia.edu/infocenter/revenue-and-expense-data
https://www.universityofcalifornia.edu/infocenter/revenue-and-expense-data
https://doi.org/https://doi.org/10.1126/sciadv.aau4996
https://doi.org/https://doi.org/10.1108/02632771111101296
https://doi.org/https://doi.org/10.1016/j.socnet.2011.05.005
http://www.ingentaconnect.com/content/hsp/crej/2015/00000004/00000003/art00008
http://www.ingentaconnect.com/content/hsp/crej/2015/00000004/00000003/art00008
https://doi.org/https://doi.org/10.1371/journal.pone.0212004
https://doi.org/https://doi.org/10.1371/journal.pone.0212004
https://doi.org/https://doi.org/10.1061/(ASCE)CP.1943-5487.0000663
https://doi.org/https://doi.org/10.1016/j.aei.2018.04.009
https://doi.org/https://doi.org/10.1016/j.jbusres.2013.02.019
https://doi.org/https://doi.org/10.1080/15534510600685409
https://doi.org/https://doi.org/10.1177/001872677903201103
https://doi.org/https://doi.org/10.1177/001872677903201103
https://doi.org/https://doi.org/10.1086/432782
https://doi.org/https://doi.org/10.1177/0013916508314854
https://doi.org/https://doi.org/10.1038/s41467-018-07089-x
https://doi.org/https://doi.org/10.1016/j.enbuild.2014.07.033
https://doi.org/https://doi.org/10.1016/j.enbuild.2014.07.033
https://doi.org/10.1017/dce.2020.9
https://doi.org/10.1017/dce.2020.9


Appendix A: Mapping raw sensor data to activity states
We define the raw data as Xi,d={x1,…, xT} where i is the occupant index (for all occupants 1,…, I), d is the day index (for all days
1,…, D), and T is the number of time steps in a day. For each observation xt ∈ Xi,d, we introduce a latent variable zi comprising a
1-of-K binary vector with elements zt,k for k=1,…,K.Given the set ofweights for each component k, whichwe refer to asϕ, wewrite
the conditional distribution of Z as follows:

p Zjϕð Þ¼
YT
t¼1

YK
k¼1

ϕzt,kk , (A1)

The conditional distribution of the observed plug load data can therefore be written as follows, given the latent variables and
component weights:

p XjZ,μ,Λð Þ¼
YT
t¼1

YK
k¼1

N xtjμk ,Λ�1
k

� �ztk , (A2)

where μ is the set of component means and Λ is the set of component precisions (defined as the inverse of the standard deviations).
Following standard Bayesian statistical practices, we use a Dirichlet distribution prior over the mixing coefficients, and a Gaussian-
Wishart prior over the mean and precision of each component. One of the key outputs of fitting this model is the number of
components in ϕ that are nonzero. The resulting nonzero distributions are then used to cluster the data.

As discussed in (Sonta et al., 2018), we use a two-step process for finding the number of components. If the initial clustering of
the data results in two components, we separate out the higher-energy data and rerun the clustering algorithm.Our rationale for doing
this is based on our domain knowledge of occupant behavior and plug load data—the higher energy data have high variability and are
likely to represent multiple states of activity. Consistent with previous results, themodel output is most commonly two components for
the initial clustering and two components for the secondary clustering. We therefore apply this two-step two-component clustering to
the data in this study. The result is a mapping Xà S, where sti,d∈ 1,2,3f g—the three possible energy states.

We refer to these three activity states as low energy,medium energy, and high energy. For example, higher energy use valuesmap
to high-energy activity states, which correspond to occupants actively using their workstations. Similarly, a medium-energy activity
state is likely to signify that some equipment has entered a power-saving mode without fully turning off. Past work has shown that
thismapping of the ambient plug load data to occupant activity states constitutes an occupancy sensing strategy at least as accurate as
other state-of-the-art sensing strategies, such as infrared sensors. An added advantage of the activity state strategy is that it offers
additional information beyond presence/absence in that it describes the state of interaction with the workstation (e.g., a high-energy
activity state suggests full interaction with the workstation equipment). This additional information becomes useful for analyzing
possibilities of social behavior in buildings, as discussed in the main text.

Appendix B: Survey for collecting social and organizational data
To benchmark all three inferred networks, we conducted a survey using questions from the social science literature that have been
shown tomeasure social and organizational ties well.While no survey question is perfect, the questions used herewere chosen due to
their success demonstrated in other studies (Krackhardt and Hanson, 1993; Gächter et al., 2015). At the beginning of the survey,
respondents were asked to note with whom they had a personal relationship, a working relationship, or both from a list of all other
occupants in the building. For each person identified, the respondents then were asked about both these personal (social) and
working (organizational) relationships, as discussed below. The overall survey network is computed as an equally weighted sum of
the normalized social and organizational networks:

A∗ ¼A∗social_normþA∗org: (B1)

We measured social ties using the “inclusion of the other in the self” scale as discussed in (Gächter et al., 2015). This survey
question makes use of the image shown in Figure B1, which creates a Likert scale between 1 and 7, where larger values indicate
closer personal relationships. A key benefit of this particular survey question is that it was designed to be easily understood very
quickly and specifically to measure personal (social) relationships. Occupant i’s response about occupant j becomes the entry

A∗social
i,j in the social survey network. Because each occupant might interpret each value in the scale differently, we normalize the

social survey network by row, where the normalized entry is calculated as follows:

A∗social_norm
i,j ¼ A∗social

i,j

max Aið Þ : (B2)

We measured organizational ties as first suggested in Krackhardt and Hanson’s seminal paper about the complexity of
organizations (Krackhardt and Hanson, 1993). Specifically, for each occupant the respondent identified at the beginning of the
survey, we asked the respondent the following three questions:
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1. Communication: Have you received information at least twice in the last month from this person?

2. Advice: Have you received technical advice at least twice in the last month from this person?

3. Trust: Have you received personal work–related advice at least twice last year from this person?

To construct each component of the organizational network, occupant i’s response about occupant j becomes the following entries:

A∗communication
i,j ,A∗advice

i,j , andA∗trust
i,j . The overall survey network is then created as an equally weighted average of these three

components:

A∗org ¼A∗communicationþA∗adviceþA∗trust

3
: (B3)

Figure B1. Inclusion of the other in the self-scale (adapted from Gächter et al. (2015)). This figure was
included in a survey sent to study participants as a measure of social relationships, with “7” being the

closest social relationship.

e9-22 Andrew Sonta and Rishee K. Jain

https://doi.org/10.1017/dce.2020.9 Published online by Cambridge University Press

https://doi.org/10.1017/dce.2020.9

	Learning socio-organizational network structure in buildings with ambient sensing data
	Introduction
	Organizational success, spatial layout, and network structure

	Methodology
	Existing data-driven network construction methods
	2.1.1. Graphical Lasso
	2.1.2. Influence Model
	2.1.3. Gaps in existing methods

	The Interaction Model
	Data collection and statistical analysis
	Space syntax

	Results
	Performance of Interaction Model
	Temporal analysis of Interaction Model
	How much data are needed for the Interaction Model?
	Relating spatial and organizational networks

	Discussion
	Conclusion
	Acknowledgments
	Funding Statement
	Competing Interests
	Data Availability Statement
	Author Contributions
	References
	Appendix A: Mapping raw sensor data to activity states
	Appendix B: Survey for collecting social and organizational data


