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MODELING SOCIAL BE HAVOR 

CROSS-REFERENCE TO RELATED 
APPLICATIONS 

0001. The present application claims priority from U.S. 
Provisional Application No. 61/771,611, filed Mar. 1, 2013, 
U.S. Provisional Application No. 61/771,625, filed Mar. 1, 
2013, and U.S. Provisional Application No. 61/803,876, filed 
Mar. 21, 2013. All of these prior applications are incorporated 
by reference in their entirety. 

FIELD 

0002 The present application relates to statistically mod 
eling Social behavior. 

BACKGROUND 

0003. Descriptive statistics may be used to quantitatively 
describe a collection of data gathered from several sources, in 
order Summarize features of the data, and electronic commu 
nications generate data trails that can be used to formulate 
statistics. Email records, for example, may be parsed to iden 
tify a sender of an email, a topic or Subject of the email, and 
one or more recipients of the email. Similarly, phone records 
provide information that may be used to identify a caller and 
a recipient of a phone call. 
0004. Descriptive statistics are not developed on the basis 
of probability theory and, as such, are not used to draw con 
clusions from data arising from systems affected by random 
variation. Inferential statistics, on the other hand, are based on 
probability theory and are used to draw conclusions from data 
that is Subject to random variation. 
0005 Social behavior, such as communications behavior, 
may involve uncertainty. In this case, inferential statistics, 
either alone or in combination with descriptive statistics, may 
therefore be applied to data reflecting the social behavior to 
draw inferences about such behavior. 

SUMMARY 

0006 According to one general implementation, a rela 
tional event history is determined based on a data set, the 
relational event history including a set of relational events that 
occurred in time among a set of actors. Data is populated in a 
probability model based on the relational event history, where 
the probability model is formulated as a series of conditional 
probabilities that correspond to a set of sequential decisions 
by an actor for each relational event, the probability model 
including one or more statistical parameters and correspond 
ing statistics that relate to one or more of senders of relational 
events, modes of relational events, topics of relational events, 
or recipients of relational events. A baseline communications 
behavior for the relational event history is determined based 
on the populated probability model, where the baseline com 
prises a first set of values for the one or more statistical 
parameters, and departures from the baseline communica 
tions behavior are determined within the relational event his 
tory. 
0007. In one aspect determining departures from the base 
line communications behavior within the relational event his 
tory includes determining a second set of values for the sta 
tistical parameters based on one or more Subsets of the 
relational events included in the relational event history, and 
comparing the second set of values for the statistical param 
eters to the first set of values. Comparing the second set of 
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values for the statistical parameters to the first set of values 
may include determining a hypothesis regarding communi 
cations behavior within the relational event history, and test 
ing the hypothesis using the second set of values. 
0008. In another aspect, the set of sequential decisions 
may include a decision to send a communication, a decision 
as to a mode of the communication, a decision as to a topic of 
the communication, and one or more decisions as to recipi 
ents of the communication. 
0009. In a further aspect, determining the relational event 
history based on the data set may include identifying, for each 
relational event in a set of relational events included in the 
data set, a sender, a topic, a mode, and one or more recipients. 
0010. In another aspect, generating the relational event 
history may include extracting data from the data set, trans 
forming the extracted data, loading the transformed data, and 
enriching the loaded data. 
0011. In a further aspect, one or more covariates may be 
determined based on the data set, where the probability model 
includes the one or more covariates. The one or more cova 
riates may include one or more global covariates, actor cova 
riates, or dyadic covariates, where a global covariate has a 
single value for all actors or pairs of actors that are included in 
the set of actors, where an actor covariate has a different value 
for each actor that is included in the set of actors, and where 
a dyadic covariate has a different value for each pair of actors 
that is included in the set of actors. 
0012. In another aspect, the baseline communications 
behavior for the relational event history may be determined 
using a maximum-likelihood method. 
0013. In a further aspect, the baseline communications 
behavior for the relational event history may be determined 
using a distributed computing platform. 
0014. Other implementations of these aspects include cor 
responding Systems, apparatus, and computer programs, con 
figured to perform the described techniques, encoded on com 
puter storage devices. 
0015 The details of one or more implementations of the 
subject matter described in this specification are set forth in 
the accompanying drawings and the description below. Other 
potential features, aspects, and advantages of the Subject mat 
ter will become apparent from the description, the drawings, 
and the claims. 

DESCRIPTION OF DRAWINGS 

0016 FIG. 1 is a diagram of an example of a system that 
analyzes a relational event history. 
0017 FIG. 2 is a flowchart of an example of a process for 
analyzing a relational event history. 
0018 FIG. 3 is a flowchart of an example of a process for 
determining a baseline communications behavior for a rela 
tional event history. 
0019 FIG. 4 is a flowchart of another example of a process 
for determining a baseline communications behavior for a 
relational event history. 
0020 FIG. 5 is a flowchart of an example of a process for 
modeling a set of sequential decisions made by a sender of a 
communication in determining recipients of the communica 
tion. 
0021 FIG. 6 is a flowchart of an example of a process for 
determining a statistic using a decay function. 
0022 FIG. 7 is a flowchart of an example of a process for 
analyzing Social behavior. 
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0023 FIGS. 8-23 provide examples of user interfaces and 
of data visualizations that may be output to user. 
0024 Like reference symbols in the various drawings 
indicate like elements. 

DETAILED DESCRIPTION 

0025 Because communications behavior is complex, and 
because the decisions involved in one actor sending a com 
munication to another are typically not predictable in 
advance, the drawing of intelligent inferences from a set of 
communications-related data can benefit from the develop 
ment and fitting of a probability model (a mathematical 
model that is probabilistic in nature). Once a model is devel 
oped and fit to a data set, statistical methods can be used to 
detect patterns, changes, and anomalies in communications 
behavior, and to test related hypotheses. 
0026. One way to approach modeling of communications 
between actors is to formulate a probability density function 
as a series of conditional probabilities that can be represented 
by decisions made sequentially. More specifically, for each 
relational event (e.g., a communications event occurring at a 
moment in time among a finite set of actors) in a set of 
relational events, the probability of the events occurrence 
can be decomposed such that it is the product of the prob 
abilities of each of at least four sequential decisions made by 
the events initiating actor: (1) a decision to send a commu 
nication at a point in time; (2) a decision as to a mode or 
channel of the communication; (3) a decision as to a topic or 
content of the communication; and (4) one or more decisions 
as to one or more recipients of the communication. Although 
other sequences are possible (e.g., omitting consideration of 
the topic of the communication, or considering the recipient 
in advance of the mode), the sequence of sender, mode, topic, 
and recipient(s) can be useful, in appropriate cases, from a 
computational standpoint. 
0027 Due to the heterogeneity of time-related aspects of 
communications modeling (e.g., communication patterns dif 
fer between work days and weekends), modeling time 
directly may be difficult. As such, a proportional hazards 
model, similar to the Cox model, may be employed, so that 
the “risk” of a specific relational event occurring is relative to 
other possible relational events, which allows for the predic 
tion of which events are most likely to occur next, but not 
specifically when. Within the model, the decisions of an actor 
to send a communication, and as to the mode, topic, and 
recipient(s) of the communication, may depend on any rela 
tional event that occurred prior to the communication, as well 
as on covariates that can take exogenous information (e.g., 
data other than communications data) into account. As such, 
for each sequential decision related to an event, a multinomial 
logit distribution may be used to model the probabilities of the 
discrete choice problem presented by the decision, where the 
primary factors affecting the probability of an events occur 
rence are a set of statistics (also referred to as effects) that 
describe the event in question. 
0028. An arbitrary number of statistics can be included in 
the model, and the types of statistics included may form the 
basis for the kinds of inferences that can be drawn from the 
model. The statistics may be based in social network theory, 
and may relate to one or more of senders, modes, topics, or 
recipients of relational events. A “trigger” effect, for example, 
relates to the tendency of an actor to communicate based on 
the recency of a received communication, while a “broken 
record’ effect relates to an overall tendency to communicate 
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about a topic. The statistics (or effects) may be a scalar value. 
In some cases, a coefficient (referred to as a statistical param 
eter or effect value) is multiplied by these statistic values 
within the model. The statistical parameter may therefore 
indicate the statistic's effect on event probabilities. 
0029. Once the statistics to include in the model have been 
chosen, the model can be populated based on a relational 
event history that is determined from a data set. Using the 
populated model, a baselining process may be employed to 
determine communications behavior that is “normal” for a 
given relational event history. This baseline includes a set of 
effect values (statistical parameters) that correspond to the 
statistics included in the model. This baseline and the popu 
lated model can be used to determine departures from the 
normal communications behavior. 
0030. In this way, a probability model fitted to a relational 
event history derived from event and other data may be used 
to identify patterns, changes, and anomalies within the rela 
tional event history, and to draw sophisticated inferences 
regarding a variety of communications behaviors. 
0031 FIG. 1 is a diagram of an example of a system that 
analyzes a relational event history. The system 100 includes 
data sources 101 and 102, data normalizer 103, inference 
engine 107, and user interface (“UI”) 108. The data normal 
izer103 may be used to determine relational event history 104 
and covariate data 105, and the inference engine 107 may be 
used to determine model 106, and to draw inferences from the 
model. Data sources 101 and 102 may be connected to data 
normalizer103 through a network, and normalizer103, infer 
ence engine 107, and UI 108 may interface with other com 
puters through the network. The data sources 101 and 102 
may be implemented using a single computer, or may instead 
be implemented using two or more computers that interface 
through the network. Similarly, normalizer 103, inference 
engine 107, and UI 108 may implemented using a single 
computer, or may instead be implemented using two or more 
computers that interface through the network. 
0032) Inference engine 107 may, for example, be imple 
mented on a distributing computing platform in which vari 
ous processes involved in drawing inferences from a rela 
tional event history and a set of covariates are distributed to a 
plurality of computers. In Such an implementation, one or 
more computers associated with the inference engine 107 
may access a relational event history, a set of covariates that 
have been formatted by normalizer 103, and a set of focal 
actors whose communications behavior will be the subject of 
analysis. Each of the computers may use the accessed data to 
perform a portion of the computations involved in populating 
the model 106, determining a baseline, and/or determining 
departures from the baseline. 
0033 For example, in some implementations, the model 
may include a set of event statistics, or effects, that impact the 
probability of events. In this case, to populate the model, each 
of the computers may perform a portion of the computations 
involved in determining these event statistics, as well as deter 
mining the probabilities of the events. Also, for example, in 
Some implementations determining a baseline may involve 
determining a set of effect values, which are coefficients that 
are multiplied by the event statistics in the model 106, and 
accordingly describe the impact of each effect on event prob 
abilities. The process of determining the effect values may 
involve a maximum likelihood estimation in which each of 
the computers perform a portion of the computations 
involved. 
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0034. Data source 101 may contain data that relates to 
communications events. The data may have originated from 
one or more sources, may relate to one or more modes of 
communication, and may be stored in one or more formats. 
DataSource 101 may, for example, store email records, phone 
logs, chat logs, and/or server logs. Data source 101 may be, 
for example, a digital archive of electronic communications 
that is maintained by an organization, the archive containing 
data related to communications involving actors associated 
with the organization. 
0035 Data source 102 may contain additional data that, 
although not directly related to communications events, may 
nevertheless prove valuable in drawing inferences from a 
relational event history. Data source 102 may, for example, 
store information relating to an organization and its person 
nel, such as organizational charts, staff directories, profit and 
loss records, and/or employment records. Data source 102 
may be, for example, a digital archive that is maintained by an 
organization, the archive containing data relating to the 
operations of the organization. 
0036) Data normalizer 103 may be used to load, extract, 
parse, filter, enrich, adapt, and/or publish event data and other 
data accessed through one or more data sources, such as data 
sources 101 and 102. Specifically, event data that is received 
from data source 101 may be normalized to determine a 
relational event history 104, the normalization process result 
ing in clean, parsed relational data with disambiguated actors 
that maps to the categories of decisions included in a prob 
ability model 106. An email, for example, may be parsed to 
reveal the sender, topic, mode, recipient(s), and timestamp of 
the email, and that data may be used to generate a relational 
event that corresponds to the email in relational event history 
104. 

0037 Normalization of the data accessed from data source 
101 may involve processing the data so as to produce a rela 
tional event history 104 in which, to the extent possible, each 
event is described using a uniform set of characteristics, 
regardless of the mode of communication involved in the 
event and the format in which the event data is stored in data 
source 101. Each event in the event history may be include a 
“sender (otherwise referred to as an ego below), which is the 
actor responsible for initiating the event, a “recipient(s) (oth 
erwise referred to as an alter below), which is the actor(s) that 
received the event, a mode identifying the mode of the event, 
and a timestamp indicating the time that the occurred. For 
example, a phone record may result in a relational event that 
includes the actor responsible for initiating the call (sender), 
the actor that received the call (recipient), the mode identify 
ing the event as a phone call, and a timestamp indicating the 
time that the call was made. Other characteristics used to 
describe an event in relational event history 104 may include, 
for example, a unique identifier for the event, a duration 
indicating a length of the event, a type indicating the manner 
in which data relating to the event was formatted in data 
source 101, a unique identifier for a digital archive from 
which the event was accessed, and one or more fields related 
to enrichment attributes (e.g., additional data describing an 
actors involved in the event, such as job titles). 
0038. Data that is received from data source 102 may be 
normalized by data normalizer 103 in order to produce cova 
riate data 105. Covariates are exogenous variables that may 
be involved in effects and that may be included in probability 
model 106. A public company using a probability model to 
analyze communication patterns might, for example, include 
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the company's daily Stock price as a covariate in the model, in 
order to shed light on the relationship between the price and 
communications between employees and outsiders. An indi 
vidual covariate may be a global variable that occurred at or 
during a particular time for all actors in a relational event 
history (e.g., relating to an audit), may instead be a dyadic 
variable that occurred at or during a particular time for a pair 
of actors in the model (e.g., a Supervisor-staff member rela 
tionship that existed between two employees), or may be an 
actor variable that occurred at or during a particular time for 
a specific actor (e.g., a salary). 
0039. As explained above, the inference engine 107 popu 
lates probability model 106 based on relational event history 
104 and covariate data 105, the model having been formu 
lated as a series of conditional probabilities that correspond to 
sequential decisions by actors, and including one or more 
statistical parameters and corresponding statistics that may 
relate to one or more of senders, modes, topics, or recipients 
of relational events. 
004.0 Inference engine 107 may also determine a baseline 
communications behavior for the model 106, based on the 
populated model Inference engine 107 may, for example, 
determine a set of effect values through a maximum likeli 
hood process, the determined values indicating the impact of 
the effects on event probabilities. The inference engine 107 
may also determine departures from the baseline by deter 
mining a second set of values for the effects based on one or 
more subsets of the relational events included in relational 
event history 104, and comparing the second set of effect 
values to the first set of values. 
004.1 UI 108 may be used to receive inputs from a user of 
system 100, and may be used to output data to the user. A user 
of the system may, for example, specify data Sources to be 
used by normalizer 103 in determining relational history 104 
and covariate data 105. The user may also provide inputs 
indicating which actors, modes, topics, covariates, and/or 
effects to include in model 106, as well as which subsets of the 
relational event history should be analyzed in determining 
departures from the baseline. UI 108 may provide the user 
with outputs indicating a formulation of model 106, a deter 
mined baseline for the model 106, and one or more determi 
nations as to whether and how the subsets of relational event 
history being analyzed differ from the baseline. UI 108 may 
also provide the user with additional views and analyses of 
data so as to allow the user to draw additional inferences from 
the model 106. 

0042. In more detail, UI 108 may provide to the user, based 
on probability model 106, a determined baseline, and/or one 
or more determined departures from the baseline, textual 
and/or graphical analyses of data that uncover patterns, 
trends, anomalies, and change in the data. UI 108 may, for 
example, enable a user to form a hypothesis regarding the data 
by selecting one or more effects, covariates, and/or sets of 
focal actors, and curves may be displayed based on the user's 
hypothesis, where the curves indicate periods of time in 
which communications behavior is normal, as well as periods 
of time in which communications behavior is abnormal. 
Other visualizations of the data, Such as Summations of com 
munications behavior involving particular actors, modes, 
and/or topics, may be provided by UI 108 
0043 Curves displayed to the user through UI 108 may 
correspond to an actor, to a Subset of actors, and/or to all 
actors in the relational event history. Color coding may be 
used to indicate periods of time in which communications 
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behavior is normal, and periods of time in which communi 
cations behavior is abnormal. A user may be able to select 
between varying levels of sensitivity through which normal 
ity and abnormality are determined, and UI 108 may dynami 
cally update as selection of sensitivity occurs. 
0044) Multiple curves, each representing different effects 
or covariates, may be displayed by UI 108 in an overlapping 
fashion, and the curves may be normalized and Smoothed. 
The curves may be displayed in two dimensions, where the X 
axis is associated with time, and where they axis is associated 
with properties of effects and/or covariates. UI 108 may dis 
play icons and/or labels to indicate effects, covariates, or 
actors to which curves correspond. UI 108 may further dis 
play labels within the two dimensional field in which the 
curves are plotted, the labels indicating exogenous events or 
providing other information. 
0045. UI 108 may also enable a user to Zoom in to the 
displayed curves in order to view a display of events at a more 
granular level, with information pertaining to the displayed 
events being presented through icons that may be color-coded 
according to mode, and that may be sized to indicate, for 
example, a word count or length of conversation. UI 108 may 
also provide access to individual communications related to 
events. UI 108 may, for example, display an individual email 
in response to a user selection or Zoom. 
0046. In response to a user selection, UI 108 may also 
display, for a particular actor, behavioral activity over time. 
The behavioral activity may be displayed, for example, in a 
polar coordinate system, where the radial coordinates of 
points in the plane correspond to days, and where angular 
coordinates correspond to time slices within a particular day. 
0047. In more detail, each point plotted in the plane may 
correspond to a particular communications event, and may be 
color coded to indicate a mode of communication or other 
information. Points plotted in the plane may be located on one 
of several concentric circles displayed on the graph, and the 
circle on which a point is located may indicate a day on which 
the communication took place, while the position of the point 
on the circle may indicate a time slice (e.g., the hour) in which 
the communication took place. A user may be able to select a 
communication event that is plotted on the graph to obtain 
content. For example, a user may click or hover over a point 
that indicates an SMS message in order to retrieve the text of 
the SMS message. 
0048. In some implementations of UI 108, a polar graph 
indicating behavioral activity over time may be animated, 
enabling a user to “fly through a visual representation of 
behavioral activity over particular periods of time, where the 
circles and events presented for a particular period of time 
correspond to the days within that period, and where the 
period displayed dynamically shifts in response to user input. 
0049 FIG. 2 is a flowchart of an example of a process 200 
for analyzing a relational event history. The process 200 may 
be implemented, for example, using system 100, although 
other systems or configurations may be used. In such an 
implementation, one or more parts of the process may be 
executed by data normalizer 103 or inference engine 107. 
which may interface with other computers through a network. 
Data normalizer 103 may retrieve data involved in the pro 
cess, such as data used in determining a relational event 
history or covariates, from one or more local or remote data 
sources, such as data sources 101 and 102. 
0050. Process 200 begins when data normalizer 103 
accesses event and/or other data from data sources 101 and 

Sep. 4, 2014 

102 (201). After accessing the event and/or other data, the 
data normalizer 103 normalizes the accessed data, determin 
ing a relational event history 104 and covariate data 105 
(203). 
0051. The process of normalizing event and other data and 
determining a relational event history and covariates may 
involve, among other things, extracting event data from 
accessed data, transforming the extracted data to a state Suit 
able for populating the probability model 106, and enriching 
the transformed data with additional information gathered 
from other data Sources. The accessed event data may, for 
example, include an email sent by one actor to two others, the 
email relating to a topic specified in the probability model 
106. The data normalizer 103 may parse the email to extract 
a time stamp, a sender, a topic, and recipients. Extracted data 
may then be transformed by data normalizer 103, resulting in 
relational data with disambiguated actors that maps to the 
categories of decisions included in a probability model 106. 
The data normalizer 103 may then enrich the transformed 
data by, for example, Scraping one or more websites to obtain 
additional data relating to the sender or recipients. The 
enriched data representing a relational event corresponding to 
the email may then be added to relational event history 104. 
The data normalizer 103 may perform similar operations in 
the process of producing covariate data 105. 
0.052 A probability model 106 may be populated by infer 
ence engine 107 based on the relational event history 104 and 
covariate data 105 (205). In some implementations, the prob 
ability model 106 is formulated as a series of conditional 
probabilities that correspond to a set of sequential decisions 
by an actor. For each event, the set of sequential decisions 
includes a decision to send a communication, a decision as to 
amode of the communication, a decision as to a topic of the 
communication, and one or more decisions as to recipients of 
the communication. A multinomial logit distribution can be 
used to model the probabilities of the discrete choice problem 
presented by each decision, with the primary factors affecting 
the probability of an event occurring are a set of event statis 
tics (also referred to as effects), which are based in social 
network theory. For example, a woman’s probability of 
emailing her boss may be different if she has received 4 
emails from clients within the past 24 hours than if she has 
received none. Likewise, a man may be more or less likely to 
make a phone call depending on the number of people who 
have called him recently. 
0053. The model's multinomial logit distribution may 
include a coefficient that is multiplied by these event statistic 
values and therefore describes the statistic's effect on event 
probabilities. This coefficient may be referred to as an effect 
value or a statistical parameter. Effects may be formulated 
using backward looking statistics, such as time-decayed sums 
of recent events of certain types, or the last event that was 
received by the ego (sender) in question, which may be 
referred to as participation shifts. 
0054. In more detail, a relational event history N, such as 
relational event history 104, may include relational events 
that occurat moments in time among a finite set of actors. The 
composition of this set of actors may depend on time t, and is 
denoted N(t). Any ordered pair of actors is called a dyad, and 
relational events are denoted as tuples, where: 

0.055 the sender of the event, also called the ego, is 
represented by ieN(t) 

0056 the mode of the event is represented by meM, 
0057 the topic of the event is represented by be B. 
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0.058 the recipients of the event, also called the alters, 
are represented by the set of jeJ CN(t), and 

0059 the timestamp of the eventis represented by te0, 
OO). 

0060 For notational convenience, a number of functions 
are defined for an event e: 

0061 m (e) refers to the mode of evente, 
0062 b(e) refers to the topic of event e, 
0063 J(e) refers to the alters of event e, and 
0064 te) refers to the timestamp of event e. 
0065 i(e) refers to the ego of evente, 

0066. A strictly ordered set of these relational events con 
stitutes a relational event history, which may be represented 
through use of the shorthand notation: 

0067. The event history is an endogenous variable Other, 
exogenous variables (i.e., covariates) may also be included in 
the probability model, and these covariates may be parti 
tioned into three types: 

0068 global covariates that have the same value for all 
actors and relationships. The global covariates are 
denoted by the set W. A covariate W6W is a function 
that maps a timestampt to a real value W(t). 

0069 actor covariates that are permitted different val 
ues for each actor. The actor covariates are denoted by 
the set X covariate XeX is a function that maps a 
timestamp/actor pair (i.t) to a real value X(i.t). 

0070) dyadic covariates that are permitted different val 
ues for each dyad. The dyadic covariates are denoted by 
the set Y. A covariate YeY is a function that maps a 
timestamp/dyad pair (i,j,t) to a real value Y(i,j.t). 

0071 Typically, covariates will have a time domain equal 
to the relational event history. The combination of the rela 
tional event history and the covariates constitutes a dataset 
that may be denoted: 

0072 A probability density representing the probability of 
the occurrence of each relational event in the relational event 
history and based on the dataset may be denoted: 

where Zdenotes all information before t=0 and 0 is a statis 
tical parameter 
0073. The probabilities may be conditioned on all prior 
events and information, including an initial state t-0. Such 
that the probability density may be rewritten: 

f(e|W, X, Y, Zo,0) =X f(elee, W, X, Y, Zo,0) 
aes 

0074 For practical reasons, it may be beneficial to restrict 
the conditional densities such that only covariate information 
known at time t can influence the probabilities of event occur 
rence. Accordingly, the probability density can be simplified 
by requiring that: 

0075. The probability density may be decomposed into a 
series of conditional probabilities that correspond to a set of 
sequential decisions by an actor: 
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f(el Ze () = f(i(e), (e) Ze), 6)X f(n(e) i(e), (e), Ze () X 

f(b(e) ite), (e), m(e), Zite), 6) X f(f(e) i(e), (e), n(e), b(e), Zite), 6) 

0076. The conditional probabilities included in this ver 
sion of the model consist of: 

0.077 the jointego/interarrival density f(i(e)..t(e)...), 
which describes the process by which the go (i.e. sender) 
of an event waits some time and then decides to send an 
email, 

0078 the mode density f(m(e) . . . ), which describes 
the process of the ego choosing to communicate (e.g. by 
email or by phone), 

0079 the topic density f(b(e)...), which describes the 
process of the ego deciding to communicate about one of 
Some finite set of topics, 

0080 and the alter density f(J(e)...), which describes 
the process of the ego deciding to communicate with 
Some set of alters (i.e. recipients). 

I0081. The ego/interarrival density, which describes a pro 
cess by which an ego chooses to initiate an event following a 
most-recent event, can be modeled using a semi-parametric 
approach in the spirit of the Cox proportional hazards model: 

0082 Supposed that t is the time of the most recent 
event to occur, or 0 if none yet occurred. We assume that, 
for all egosie N(t) and for all interarrival times te(0.OO) 
until the next event, that 

I0083) Notably, the function (p, which models the probabil 
ity density that the next event to occur after t, entails ego i 
sending an event after a holding time oft, does not depend on 
the interarrival timet, and therefore cannot incorporate infor 
mation accumulated since the last event. Moreover, the base 
line hazard rate Wo(t) depends on neither ego i nor the inter 
arrival time t. As such, the hazards between all candidate egos 
are proportional: 

f(ia, t|Z-1, 0) expdb (i.Z.41, 0) 
f(i), it Z-1, 6) exppi (ib.Z., 6) 

I0085 where s,(i.Z.) is a statistic and C. C0. 
0086. This form allows the baseline hazard rate to be 
ignored in modeling, as estimation entails only a partial like 
lihood. Thus, the optimal parameter 0 can be found by maxi 
mizing, over the relational event history, the probability den 
sity that the ego for each event would send an event, as 
opposed to the other actors: 

For convenience, a linear form for p, may be used: 

exp(ii (i Z(e), 6) 
XE expsi (i Zr(e) 0) 

iew (t(e)) 

Pi(e) = i Z, 0) = 

I0087. The fact that the function cp, does not depend on the 
interarrival time t, and therefore cannot incorporate informa 
tion accumulated since the last event, necessitates a further 
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assumption regarding covariate values. Namely, that changes 
to covariate values occur only at moments when events occur. 
More formally: 

I0088 given an event history e, a covariate, and two 
time points t and t+dtet, 

I0089 if there exists no eee such that t(e)6(t.t--dt, then 
(t)=(t+dt). 

0090 The incorporation of the passage of time into the 
impact of an event on future events may modeled through a 
decay function using the following general form: 

d(i, (e)) S(t, ... ) = X. 
{ees: 4 (e.... }} 

0091 where (e....) is called predicate, and describes 
criteria by which a subset of events is selected 

0092. Effects that evaluate an actor's decision to initiate a 
communication may be referred to as "ego effects. It pos 
sible to develop effects that depend on either or both of the 
relational event history and covariates. Ego effects that 
depend on the relational event history may include the activity 
ego selection effect and the popularity ego selection effect, 
both of which quantify the amount of communications that 
have recently been sent to (popularity) or sent by (activity) the 
candidate egoi, where recency is determined by specifying 
the effects through predicates: 

I0093 the activity ego selection effect 

0095 Ego effects that depend on covariates may include 
the actor covariate ego selection effect and the indegree 
dyadic covariate ego selection effect: 

0096 the actor covariate ego selection effect for action 
covariate X, 

the popularity ego selection effect 

0097 and the indegree dyadic covariate ego selection 
effect for dyadic covariate y 

jeN 

0098. The mode density, which describes the process of 
the ego choosing one of a finite set of modes, can be repre 
sented through a conditional distribution: 

0099. A model for the selection of a mode by the ego is the 
multinomial logit, or discrete choice distribution: 

expd M (m', ... ) 
XE expp if (m, ... ) 

nei: 

f(n(e) = m ... ) = 

01.00 
(p(m, ... )-(3's (m, ...) 

For convenience, a linear form for d may be used: 
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0101 where S(m, . . . ) is a statistic and BC 0 
0102 Effects that evaluate the ego's decision as to the 
method of communication may be referred to as “mode 
effects.” Mode effects may include the relay mode selection 
effect, which quantifies a selected ego is tendency to contact 
other actors through a candidate mode m that was recently 
used by other actors to contacti, and the habit mode selection 
effect, which quantifies a selected ego is tendency to contact 
other actors through a candidate mode m that i that recently 
used to contact other actors: 

0105. The topic density, which describes the process of the 
ego choosing one of a finite set of topics, given a previous 
choice of mode, can be represented through a conditional 
distribution: 

0106. As with selection of a mode, the selection of a topic 
by the ego can be modeled using a multinomial logit, or 
discrete choice distribution, the selected mode being intro 
duced into the topic distribution as a covariate: 

the relay mode selection effect 

the habit mode selection effect 

exppB (b. ... ) 
X expd B(b, ... ) 

beBit(e)) 

01.07 
(pp.(b, ...)-Y's (b, ...) 

01.08 
0109 Effects that evaluate the ego's decision as to the 
topic of communication may be referred to as “topic effects.” 
Topic effects may include the relay topic selection effect, 
which quantifies a selected ego is tendency to communicate 
with other actors about a candidate topic b that recently 
appeared in communications sent to i by other actors, and the 
habit mode selection effect, which quantifies a selected ego 
is tendency to communicate with other actors about a can 
didate topic b that recently appeared in communications sent 
by i to other actors: 

0112 The alter density, which describes the process of the 
ego choosing to communicate with a set of alters, given 
previous choices of mode and topic, can be represented 
through a conditional distribution: 

0113 Notably, the size of the outcome space of possible 
alter sets J(e) can be enormous, even for a small N. The size of 
this set J(e) is stochastic andlies on the interval 1.N.). For 
each size J(e) on this interval, we have: 

For convenience, a linear form for p may be used: 

where s(b. . . . ) is a statistic and Y - 0 

the relay topic selection effect 

the habit topic selection effect 
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(".t(e) - 1 f(e) 

0114. As such, the dimensionality of the outcome space is: 

Nite-l 
y ( |Nite - 1 

C 
a=l 

0115 To avoid practical problems associated with the 
enormity of the outcome space of possible alter sets, J may be 
modeled as an ordered set, such that the ego adds actors into 
the alter set alter-by-alter: 

J(e) = i. i2. . . . . iif(e) } 
() a = 1 

f(a) = (a) {. j2, ... , ja-1} a > 1 

0116 Modeled in this way, the density may be decom 
posed: 

f(e) 

f(T(e) ... ) = X f(j. J. (a), ... ) 
a=l 

0117. Each element in the decomposition of the density 
may be modeled using a multinomial logit, or discrete choice 
distribution: 

exp(i,j (j, f(a), ... ) 
X expdy (j, f(a), ... ) 

je R(i(e)(a)) 

f(if (a), ... ) = 

0118. In the modeling of the elements, the alter risk set 
R(a) defines the choices of alter available to an ego for the 
alter selection decisionathand. One way of characterizing the 
alter risk set is: 

Nite \i f(a) = (D 
R(if (i., f(a)) { Vf(a) else 

0119 where we denote the choice of j-i(e) as the choice 
to not add anymore alters into the set J(e). 
0120 Decomposing the model for alter selection in this 
way makes it possible to specify (p. in a linear form: 

(pyj.J.(a),...)-n's (i.J. (a),...) 

where S.C.J. (a). . . . ) is a statistic and m C0 
0121 Effects that evaluate the ego's decision(s) as to the 
recipient(s) of a communication may be referred to as “alter 
effects.” It possible to develop alter effects that depend on 
either or both of the relational event history and covariates. 
Alter effects that depend on the relational event history may 
include the fellowship alter effect and 
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0122) 
Effect 

(ei.J. (a). . . . )={iUj*U.J. (a) Ci(e)UJ(e) 

(0123 and the Repetition Alter Effect 
(ei.J. (a),...)={i=i(e),je J(e) 

0.124. Alter effects that do not depend on the relational 
event history may include the activity alter effect and the actor 
covariate alter effect: 

(0.125 the Activity Alter Effect 
si.J. (a),...)=1-II{i(e)=j*} 

I0126 where II{i(e) j*} is the indicator function, 
0.127 and the Actor Covariate Alter Effect 

si.J. (a),...)=(1-II{i(e)=j*)Yi*,t(e) 

I0128 where X{j*,t(e)} is the value of the actor cova 
riate X for actor j at time te) 

I0129. In some situations, it may be advantageous to 
restrict the model to a set offocal actors F(t), a subset of actors 
in the relational event history: 

the repetition alter effect: the Fellowship Alter 

0.130. These situations can arise, for example, when there 
is a need for analysis of communications involving only a 
subset of actors in the relational event history, or when the 
relational event history includes complete data for one subset 
of actors but not for another. In these situations, instead of 
drawing inference using the joint probability of the entire 
event history, the joint probability of all events sent by the 
focal actors may be modeled. The joint probability density of 
all events sent by focal actors may be written: 

f(er e\er, W, X, Y, Zo,0) = f(eler, W, X, Y, Z, 0) 
eef (t(e)) 

I0131. In this distribution, all events that are initiated by 
non-focal actors are regarded as exogenous. 
I0132 Following the population of the probability model 
106 based on the relational event history 104 and covariate 
data 105, a baseline of communications behavior is deter 
mined (207). For example, in a situation in which the model 
described with respect to operation 205 is used, a baseline 
may be determined by estimating the effect values (statistical 
parameters). The estimated effect values represent the base 
line communications behavior because they indicate the 
impact of the corresponding effect (statistic) on the event 
probabilities. 
I0133. The effect values may be estimated, for instance, 
through maximum likelihood methods. The Newton-Raph 
son algorithm, for example, may be used. The Newton-Raph 
son algorithm is a method of determining a maximum likeli 
hood through iterative optimization of parameter values that, 
given a current set of estimates, uses the first and second 
derivatives of the log likelihood function about these esti 
mates to intelligently select the next, more likely set of esti 
mates. Through the Newton-Raphson method, which may be 
performed, for example, using a distributed computing plat 
form, a converged estimate of each effect value included in 
the probability model may be obtained. 
0.134 Departures from the baseline of communications 
behavior may be determined (209). For instance, the baseline 
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can be considered normal communications behavior, and 
deviations from the baseline can be considered abnormal, or 
anomalous behaviors. In models in which the baseline is 
represented by effect values estimated based on the relational 
event history, anomalous behaviors may be detected by com 
paring effect values for subsets (also referred to as pivots) of 
the relational event history to the baseline values in order to 
determine whether, when, or where behavior deviates from 
the norm. 
0135 A pivot may, for example, include only events 
involving a specific actor during a specific time period, only 
events involving a specific set of topics, or only events involv 
ing a specific Subset of actors. If, for example, the baseline 
reveals that actors in the relational event history typically do 
not communicate between midnight and 6:00 AM, a particu 
lar actor initiating 30 events during those hours over a par 
ticular period of time might be considered anomalous. As 
another example, if one Subset of actors typically communi 
cates by email, but the majority of communications between 
actors in the Subset during a specific time frame are phone 
calls, the Switch in mode might be considered anomalous. 
0.136 Effect values may be determined for a pivot using 
the same methods employed in determining the baseline, for 
example, through use of the Newton-Raphson method. Pivot 
specific effect values may be referred to as “fixed effects.” 
0.137 Comparison of the fixed effects to the baseline may 
allow for estimation of the degree to which the communica 
tions behavior described by a particular pivot departs from 
normality. Other, more involved inferences may also be 
drawn. For example, it is possible to determine whether a 
fixed effect has high or low values, is increasing or decreas 
ing, or is accelerating or decelerating. Further, it is possible to 
determine whether or how these features hang together 
between multiple fixed effects. Analyses of this nature may be 
performed through a hypothesis-testing framework that, for 
example, employs a score test to compare an alternative 
hypothesis for one or more effect values to a null hypothesis 
(i.e., the baseline). 
0138 FIG. 3 is a flowchart of an example of a process for 
determining a baseline communications behavior for a rela 
tional event history. The process 300 may be implemented, 
for example, using system 100. In Such an implementation, 
one or more parts of the process may be executed by inference 
engine 107, which may interface with other computers 
through a network. Inference engine 107 may, for example, 
send or receive data involved in the process to and from one or 
more local or remote computers. 
0139 Assuming that the relational event history 104 and 
covariate data 105 contain enough information to compute 
probabilities of all events in the dataset, estimation of the 
baseline may be performed using a maximum likelihood 
method. 
0140. In more detail, it is possible to estimate effect values 
through maximum likelihood methods such as the Newton 
Raphson method. Newton-Raphson is a method of iterative 
optimization of parameter values that, given a current set of 
estimates, uses the first and second derivatives of the log 
likelihood function about these estimates to intelligently 
select the next, more likely set of estimates. When applied in 
determining a baseline for the probability model 106, the 
Newton-Raphson method may use the first and second 
derivatives of the log likelihood function about a set of esti 
mated effect values in order to select the next, more likely set 
of estimated effect values, with the goal of maximizing the 
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“agreement of the probability model 106 with the relational 
event history 104 and covariate data 105 on which the model 
106 is based. Convergence of a set of effect values may be 
considered to have occurred when a Summation across all 
events of the first derivative of the log likelihood function 
about the currently estimated effect values is approximately 
Zero, and when the Summation across all events of the second 
derivative of the log likelihood function about the currently 
estimated effect values meets or exceeds a threshold of nega 
tivity. 
0.141. The joint probability of the relational event history 
may be adapted into a log likelihood that can be maximized 
numerically via Newton-Raphson: 

L(62) = S. logf(e 3. t(e) 9) 

I0142. The method begins with an initial parameter esti 
mate 0 (301). First and second derivatives of the log likeli 
hood with respect to 0 may be derived (303): 

0 L(0.) 
V(03)= - 

of L(0) 
1 (02) = -- - 

(0143) The initial parameter estimate 6, may be refined 
iteratively through update steps, in which first and second 
derivatives are evaluated at 6. for each event (305) and then 
summed across all events (307) in order to arrive at a new 
parameter estimate 6 (309): 

0144 Update steps may continue until optimization con 
Verges on a value (311). The converged value is the maximum 
likelihood estimate 6, which has an estimated covariance 
matrix that is the inverse of the second derivative matrix 
evaluated at 6: 

0145. In a system 100 in which inference engine 107 is 
implemented on a distributed computing platform, the pro 
cess of determining a baseline may involve distribution of the 
model 106 to a plurality of computers associated with infer 
ence engine 107, each of which is involved in computing the 
maximum likelihood estimate 6 through the Newton-Raph 
son algorithm. Different computers may, for example, evalu 
ate first and second derivative values for different events, with 
those evaluated derivatives then being Summed. In such an 
implementation, an individual computer to which the model 
is distributed may evaluate first and second derivatives for a 
single event (305) during each update of Newton-Raphson, 
and may report the evaluations to a central computer that 
sums the first and second derivatives across all events (307), 
and that forms a new parameter estimate based on the result of 
summing the first and second derivatives (309). 
0146. As explained above, each of the conditional distri 
butions in the probability model 106 may be formulated as a 
multinomial logit. For purposes of deriving first and second 
derivatives that may be used in determining a baseline 
through the Newton-Raphson method, the following multi 

S-1 
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nomial distribution, featuring a random variable X with an 
outcome spaceX and an arbitrary statistic S(X), may be con 
sidered: 

expe's(x) 
X expes(x) 

xas. 

0147 The log likelihood of this distribution may be 
denoted: 

g(X = x 6) = logf(X = x 6) 

= 0 s(x)- log X exp0's(x)4 
xas. 

0148. The first derivative of g is: 

, 6g (X = x|6) g'(X = x| 0) = -s. – 

9's(x) ilog), espests.) 
X. S(x)exp0s(x) 
xas. 

= S(x) - X expes(x) 
xas. 

= S(x) - Eg{s(X)} 

I0149 where E{s(X) is the expectation of the statistic 
s(X) with respect to the random variable X given the 
parameter 0. 

0150. Note that the expectation of a random variable y 
with domain Y and probability density p(y) is calculated by: 

yey 

0151. In deriving the first derivative of g, note that Y=S(x) 
and p(y) is the multinomial distribution f(X=x0), which 
allows for the final simplification. 
0152 The second derivative of g is: 

: - East X)" 

0153 
tive of g: 

Note the relationship between f and the first deriva 
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Ölogf(X = x 6) 
8 

1 6 f(X = x 0) 
f(x - yo) 8 

so that 

0154 Incorporating this relationship allows for further 
derivation: 

where Cove{s(X) is the covariance matrix of s(X) given 0 
0.155. It can be observed that: 

0156 Giving: 

g'(X = x 8) = -Covaks(X)} 

= -Cowgig' (X = x 6)} 

0157 Because each of the ego, mode, topic, and alter 
distributions are multinomial logits, these results can be 
applied when determining the baseline using the Newton 
Raphson method. 
0158 FIG. 4 is a flowchart of another example of a process 
400 for determining a baseline communications behavior for 
a relational event history. The process 400 may be imple 
mented, for example, using system 100. In Such an imple 
mentation, one or more parts of the process may be executed 
by inference engine 107, which may interface with other 
computers through a network. Inference engine 107 may, for 
example, send or receive data involved in the process to and 
from one or more local or remote computers. 
0159. The process 400 may be used when the order in 
which recipients are selected by the sender is unknown. As 
indicated above, in the situation in which the sender of a 
communication may select multiple recipients for the com 
munication, the sender's choice of which recipients to include 
may be best modeled as a set of sequential decisions involving 
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an order in which recipients are added by the sender to the 
communication, rather than a single decision. A single email, 
for example, may be addressed to multiple recipients, and the 
sender of the email may add each recipient in sequence. 
0160. As a result, a model, such as the one described with 
respect to operation 205 above, may model the choice of 
recipients as a sequential set of decisions. In this case, the 
model may be used without issue when the order of the 
selection of the recipients is known. However, in some cases, 
the recipients may be known, but not the order, which may 
presenta missing data problem if the model is to be employed. 
0161 More formally, when attempting to determine a 
baseline, it may be the case that, for each event e, an unor 
dered set of chosen alters A(e) is known, but J(e), denoting an 
ordered set of alters representing the sequence in which alters 
were chosen, is not known. In such a case, J(e), denoting the 
set of all possible ordered sets J(e) satisfying the requirement 
that the sequence of alter selections in J(e) could have yielded 
the observed A(e) is also not known, which presents a missing 
data problem. 
(0162) To estimate 6 in such a situation, the expectation 
maximization (EM) algorithm may be employed. The algo 
rithm consists of two steps that may be executed iteratively 
until 6 converges. Performing EM using probability model 
106 involves calculation of expectations of quantities that 
depend on the missing sequences of alter choices. In general, 
evaluation of the expectation of a function h(J(e).Z.,0) may 
be performed using: 

where density f(J(e)|A(e).Z.,0) is the probably of the alter 
selection sequence J. given that the set A(e) is ultimately 
chosen. 
0163. During a maximization step, a single update of the 
Newton-Raphson algorithm is conducted by Summing the 
expected first and second derivatives across all events: 

0164 New parameter estimates can be formed based on 
the result of Summing the first and second derivatives, and the 
EM process may be repeated until convergence of 6, is 
achieved. 
0.165. The most practically difficult part of the EM process 

is computing expectations of the form: 

X f(f(e)|2(e), 2013 (e), 3 |0) 
f(e)e(e) 

0166 Two approaches may be taken, depending on the 
size of J(e), which is given by: 

J(e)|=|A (e) 

0167. When the number of actors in the unordered set of 
alters is below a threshold number (e.g., of size 5 or less), 
analytical estimation may be feasible and therefore per 
formed. Noting that: 
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(0168 and 
J(e) A(e) 

(0169. Since 

f(7(e)|3,0) = X f(f(e)|20) 
f(e)e(e) 

0170 It is possible to directly evaluate 

f(f(e). 0) 2(e), 2 ...,0) = f(T(e) 7(e), 3 0) f(7(e)I3 - 9) 

(0171 However, when the number of actors in the undor 
dered set of alters is above a threshold number, analytical 
evaluation may be practically infeasible. Instead, numerical 
techniques, such as Markov chain Monte Carlo (MCMC) 
simulation, may be used to approximate the expectation. 
0172 To conduct maximum likelihood estimation with 
EM, an initial parameter estimate 6 is made (401), and first 
and second derivatives are derived (403). Prior to performing 
the expectation step, a determination may be made as to 
whether the number of possible ordered alter sets, J(e), is 
above a threshold (404). If|J(e) is below the threshold, EM 
may proceed with the expectation being evaluated analyti 
cally (404). If, on the other hand, J(e), is above the threshold, 
MCMC is used to determine the expectation through simula 
tion (406). 
0173. In the first case, in which J(e) is below the thresh 
old, expected first and second derivatives (Ea V(0IZ) and 
Ea{I(0|Z), respectively) are evaluated for all events (405). A 
single update of the Newton-Raphson algorithm is conducted 
by Summing the expected first and second derivatives across 
all events (407), and new parameter estimates are formed 
based on the result of Summing the first and second deriva 
tives (409). The EM process may then be repeated until con 
vergence of 6, is achieved (411). 
0.174. In the second case, in which J(a) is above the 
threshold, the expected first and second derivatives are deter 
mined for each event through simulation. For example, appli 
cation of a numerical technique such as MCMC may be 
employed to conduct the simulation (406). 
0.175. A Markov chain is a stochastic process involving 
transitions between states, where the conditional probability 
distribution of future states of the process depends only on the 
present state, and not on the preceeding sequence of States. 
For example, given a process with a set of two possible states 
i and j, the process is a Markov chain if the probability that the 
process will transition from a present state i to a next state 
depends only on the present state i, and not on the States that 
preceded the present state. Many Markov chains feature what 
is called an equilibrium distribution, such that, from the 
present state, the probability that, after a sufficient number of 
transitions, the process will be in a specific state no longer 
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changes from one transition to the next. If, for example, the 
probability of the process being in state i aftern transitions is 
p, and the probability of the process being in state i after any 
number of transitions after n is also p, then the Markov chain 
can be said to have an equilibrium distribution. 
0176 Monte Carlo methods are computational algorithms 
that randomly sample from a process, and Markov chain 
Monte Carlo methods involve sampling from a Markov chain 
constructed such that the target distribution is the Markov 
chain's equilibrium distribution. After a sufficient number of 
transitions, draws taken from the Markov chain will appear as 
if they resulted from the target distribution. By taking the 
sample average of draws, values for quantities of interest can 
be approximated. 
0177 MCMC may be used to approximate expectations of 
quantities that depend on a missing sequence of alter choices. 
In more detail, MCMC may be used to sample draws of 
possible ordered sets of alters, J(e), from the density f(J(e)IA 
(e).Z.,0), which is the probability of the alter selection 
sequence J(e) given that the set of undordered alters A(e) is 
chosen. Draws may be sampled in the following way: 

(0178) Let J'(e) be an arbitrary sequence containing the 
elements of A(e). For each desired (i-th) sample J'(e), 
execute the following steps: 

(0179 1. Draw a new sequence J(e)6J(e) at uniform 
random. J(e) is called the proposal. 

0180 2. Evaluate the acceptance probability L. max 

: 1 f(T(e), 7(e)|2 0) 
f(Ti(e), 7(e) 0) ... (e) 

(0181 3. With probability it, set J'=J*, otherwise set 
JJ (i-1). (i) 

0182 Because the sample sets Jare approximately dis 
tributed f(J(e)|A(e).Z.,0), it is possible to calculate the 
expectation, using a sample size N. by the ergodic average: 

0183 Having calculated the expectation, expected first 
and second derivatives can be determined for all events (406). 
A single update of the Newton-Raphson algorithm is con 
ducted by Summing the expected first and second derivatives 
across all events (408), and new parameter estimates are 
formed based on the result of Summing the first and second 
derivatives (410). The EM process may then be repeated until 
convergence of 6, is achieved (412). 
0184 FIG.5 is a flowchart of an example of a process 500 
for modeling a set of sequential decisions made by a sender of 
a communication in determining recipients of the communi 
cation. The process 500 may be implemented, for example, 
using system 100. In Such an implementation, one or more 
parts of the process may be executed by inference engine 107. 
which may interface with other computers through a network. 
Inference engine 107 may, for example, send or receive data 
involved in the process to and from one or more local or 
remote computers. 
0185. As explained above, in some situations, the alter risk 
set introduced earlier, which defines the choices of alter avail 
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able to an ego for the alter selection decision at hand, can 
become extremely large, leading to computational complex 
ity. As such, in a situation in which a sender of a communi 
cation (i.e. ego) may select multiple recipients (i.e. alters) for 
the communication, the sender's choice of which recipients to 
include may be best modeled as a set of sequential decisions 
involving an order in which recipients are added by the sender 
to the communication, rather than as a single decision. The 
model may be further refined by considering the senders 
choice of which recipients to include as involving a two-stage 
decision process, whereby the sender first considers a Social 
contextin which to communicate, and then chooses recipients 
of the communication from a set of actors belonging to the 
Social context. For example, in a situation in which potential 
recipients of the sender's communication appear in multiple 
Social contexts or settings, the set of sequential decisions 
described above may include, for at least some of the events, 
one or more social context selection decisions, and one or 
more additional decisions as to which recipients in a selected 
Social context(s) to include. 
0186. In more detail, a sender of a communication may 
interact with other actors in a variety of contexts, and both the 
sender and the other actors with whom the sender interacts 
may be categorized as belonging to specific Social contexts or 
settings. A primary setting, for example, may include actors 
who belong to an organization or who engage in related 
activities, while another setting may include actors who have 
interacted, or who have the potential to interact, at a specific 
time and/or place. 
0187. A sender of a communication may, for example, 
choose to communicate with actors in a primary setting or in 
a meeting setting, with one set of potential recipients (e.g., a 
set including the sender's coworkers and clients) correspond 
ing to the primary setting, and another set of potential recipi 
ents (e.g., a set including meeting attendees) corresponding to 
the meeting setting. In some instances, Social contexts or 
settings may be mutually exclusive, with each potential 
recipient being modeled as belonging to only one context or 
setting. In other instances, actors categorized as belonging to 
one social context or setting may be categorized as belonging 
to others as well (e.g., a potential recipient may be both a 
coworker of the sender and a meeting attendee, in which case 
the potential recipient could be categorized as belonging to 
both the primary and meeting settings). 
0188 As such, for each communication event, a sender of 
the communication corresponding to the event may select a 
Social context in which to communicate, prior to determining 
which potential recipients to communicate with, and the 
model may be formulated such that the calculation of prob 
abilities associated with the sender's decisions takes this 
selection into account (501). 
0189 In more detail, a primary alter risk set R consisting 
of potential recipients belonging to a primary Social context, 
and a meeting alter risk set R consisting of potential recipi 
ents belonging to a meeting Social context, may be defined 
differently, and the sender of the communication may select 
one of the primary or meeting Social contexts prior to sending 
a communication. If, for example, the primary Social context 
involves actors with whom the sender has recently been in 
contact, the primary alter risk set R may be defined using a 
sliding window W. 
0190. More formally, the set of actors with whom an egoi 
has been involved in at least one event occurring on the 
interval tot may be written: 
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In this case, the primary alter risk set R can be defined, given 
Some sliding window W, as: 

f(i, t, it - ) f(a) = (D 

(0191) Given this definition of the primary alter risk set R. 
the meeting alter risk set R may be defined Such that the 
primary and meeting settings are mutually exclusive and col 
lectively exhaustive: 

0.192 Other definitions of the primary alter risk set Rand 
the meeting alter risk set R are, of course, possible. 
0193 Based on the selection of the social context, the 
sender may make one or more additional decisions as to 
which recipients within the selected social context with 
whom to communicate. After selecting a primary Social con 
text, for example, the sender may determine a set of recipients 
for the communication by selecting one or more potential 
recipients from the primary alter risk set R, using a primary 
evaluation function (503). Alternately, after selecting another 
Social context, the sender may determine a set of recipients for 
the communication by selecting one or more potential recipi 
ents from within the other social context, using another evalu 
ation function (505). 
0194 The evaluation functions used to calculate prob 
abilities associated with the sender's decisions as to recipi 
ents may differ depending on the selected Social context, the 
differences reflecting the different ways in which the actor 
scrutinizes potential recipients in each setting. In the primary 
setting, for example, alter selection may occur in the same 
way described above with reference to FIG. 2, while a differ 
ent evaluation function may be used for alter selection in the 
meeting setting. Alter selection in the meeting setting may 
involve, for example, choosing at uniform random a potential 
recipient who is in the meeting setting but who is not in the 
primary setting or the current alter set, and then evaluating 
whether to include the chosen potential recipient in the cur 
rent alter set using an evaluation function that is specific to the 
meeting setting. 
(0195 More formally, the probability density function for 
this example may be written: 

f(f(e) (e), ... ) = 

{ K.fp(if f(a), (c), ... ) i. e. frp(i, f(a), (e)) 
(1 - K). ft (if (a), (e), ... ) if e Rf (i., f(a), (e)) 

i.e. f(e) 

where: 

0.196 k is the probability that ego i chooses to commu 
nicate within her primary setting, 

(0197) f is the probability density of adding j* to the 
alter set (given is in ego's primary setting), 

0198 R is the primary alter risk set corresponding to 
ego's primary setting, 

0199 f is the probability density of adding j to the 
alter set (given is in ego's meeting setting), 
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0200 And R is the meeting alter risk set correspond 
ing to ego's meeting setting. 

0201 The primary alter selection distribution f, included 
in the probability density function may differ in only minor 
ways from the alter selection distribution presented above. 
Specifically, the primary alter evaluation function (p may be 
used, and the alters available for selection may be limited to 
those belonging to the primary alter risk set R. Such that the 
primary alter selection distribution f, may be written: 

expd p(i, f(a), ... ) 
X expd p(i, f(a), ... ) 

jeRp(i(e)...T(a), (e)) 
fp(if ... ) = 

0202 The meeting alter selection distribution f may dif 
fer from the primary alter selection distributionje. The meet 
ing alter selection distribution f may, for example, include 
two conditionally independent probabilities: a first probabil 
ity that a member of the meeting setting is selected for 
evaluation, and a second probability that, conditioned on 
being selected for evaluation, j is added into the alter set. 
0203 A probability that a member of the meeting set 
ting is selected for evaluation for inclusion in the alter risk set, 
where selection between members of the meeting setting is at 
uniform random, may take the form: 

0204. The probability that a selected memberj* is added 
into the alter set may take the form of a simple logit, where 
there are only two alternatives (to add to the alter set, or to 
not to add to the alter set): 

expd JM (j, ... ) 
1 + expd JM (i, ... ) 

0205 As such, the meeting alter selection distribution f 
may be written: 

expd JM (i.... ) s: -1. ff (i... ) = Ruf (i(e), f(a), (e)) 1 + exps (i, ... ) 

0206 Employing, dependent on social context, different 
evaluation functions to calculate probabilities associated with 
a sender's decisions as to recipients of a communication, as 
described above, enables the social context(s) in which com 
munications occur to be taken into account when modeling 
communications behavior. 
0207 FIG. 6 is a flowchart of an example of a process 600 
for determining a statistic using a decay function. The process 
600 may be implemented, for example, using system 100. In 
Such an implementation, one or more parts of the process may 
be executed by inference engine 107, which may interface 
with other computers through a network. Inference engine 
107 may, for example, send or receive data involved in the 
process to and from one or more local or remote computers. 
0208. The likelihood of an events occurrence may depend 
on other events that have occurred in the past. The likelihood 
of a child calling her mother, for example, may increase if the 
mother recently attempted to call the child. The impact of past 
events on the likelihood of a future event may vary, however, 
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depending on the relative distance of the events in terms of 
time. For example, a man may be more likely to respond to a 
Voicemail left one day ago, than to a voicemail left one year 
agO. 
0209 When modeling social behavior, the impact of past 
relational events on the probability of a future relational event 
may be taken into account, and the reliability of the probabil 
ity model may be enhanced by taking into account only those 
relational events that occurred within a certain time frame, 
and/or by discounting the impact of past relational events in 
proportion to their distance from the future relational event in 
terms oftime. The concept of time may be considered interms 
of for example, clock time and/or social time. For example, 
when clock time is used, the amount of time since a previous 
event may be used to weight the relevance of the prior event. 
As another example, when social time is used, a number of 
relational events occurring between a past relational event 
and a future relational event may be used, for example, to 
weight the relevance of the past relational event. 
0210. In more detail, a decay function may be used within 
a model, or within a statistic included in a model, to incorpo 
rate the idea that relational events that occurred far in the past 
are less relevant for purposes of prediction than relational 
events that occurred recently. 
0211. As noted above, the incorporation of the passage of 
time into the impact of an event on future events may be 
modeled through a decay function using the following gen 
eral form: 

S(t, ... ) = y d(i, (e)) 
is: six 

0212 where (e. . . . ) is called a predicate, and 
describes criteria by which a subset of events is selected 

0213. In words, a statistics may be determined based on a 
selected subset of relational events, where the subset of rela 
tional events is selected according to a predicate (601). 
Each selected event may then be weighted using a decay 
function 8 (603), and the statistics may be determined based 
on the weighted events by, for example, Summing the 
weighted events (605). 
0214. The predicate up describing criteria by which the 
Subset of events is selected may vary depending on the sta 
tistic S. The activity ego selection effect, for example, is a 
statistic that is defined through its predicate, where the predi 
cate indicates that only those relational events e that have 
been sent by the ego i will be selected for inclusion in the 
Subset. The predicate of another statistic, the popularity ego 
selection effect, instead specifies that only those relational 
events that have been sent to the ego i will be selected for 
inclusion in the Subset. 

0215 the activity ego selection effect 
(e,i)={i=i(e) 

0216 the popularity ego selection effect 

The form of the decay function 6 used to determine a statistic 
S determines the manner in which the relational events con 
tained within the selected subset of relational events are 
weighted, where the weight of a relational event indicates the 
impact of the relational event on the probability of a future 
relational events occurrence. An exponential decay function 
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may be used, for example, to model the relevance of a first 
relational event for purposes of predicting the occurrence of a 
second relational event when the relevance is inversely pro 
portional to the time that has passed since the first relational 
events occurrence. Given some increasing value A, the value 
of an exponentially decaying quantity Ö may be determined, 
for example, using the following exponential decay function: 

0217. According to this function, the value of the quantity 
6 monotonically decreases in A when is p>0. In nature, for 
example, values that decay in this way include masses of 
radioactive materials. The rate of decay is linear in the amount 
of quantity 8 remaining: 

do(A. p) 
8A 

0218. In other words, the more positive the decay param 
eter p is, the more quickly the quantity 8 decreases in A. 
0219. When modeling the relevance of a relational event to 
the occurrence of a future relational event, A can be consid 
ered to be an abstract representation of the passage of time: 

0220 Modeled in this way, when no time elapses, i.e. A=0, 
the relevance of an event is 1, and as A->OO, the relevance of an 
event approaches 0. When p=0, the relevance of an event is 
always 1, regardless of the amount of time that has elapsed, 
and when p increases, the relevance of the event will approach 
0 as time passes. 
0221) A can be used in different ways to model the passage 
of time from one event occurring at time to to another event 
occurring at time t >to. The simplest way to operationalize 
the passage of time through A is to use clock time, i.e. t-to 
which yields a time decay function: 

0222. A disadvantage of using clock time in modeling the 
relevance of relational events, however, is that relevance will 
decay at the same rate without regard for Social context. The 
relevance of a relational event will decay, for example, at the 
same rate in the middle of the night as it will during the middle 
of the workday. The concept of Social time that progresses 
only when communications occur, rather than based on the 
passage of clock time, can be incorporated into the model by 
focusing on events occurring after to and at or before t, events 
in the set: 

10223 le. , i.e., the number of events occurring e. 
may be used to operationalize the passage of social time, 
yielding an event-wise decay function: 

0224. When used to determine a statistic s based on a 
selected subset of relational events, the event-wise decay 
function renders the amount of clock time occurring between 
selected events irrelevant: instead of assigning weights to the 
selected events based on the passage of clock time, the event 
wise decay function assigns weights to events based on the 
order in which they occurred. Specifically, the weights 
assigned by the event-wise decay function to a series of 
selected events vary Such that each selected event has a higher 
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weight than the event occurring after it in time, and a lower 
weight than the event occurring before it in time. Thus, when 
the event-wise decay function is used, it is the occurrence of 
events, rather than the passage of time, that matters for pur 
poses of determining the relevance of a relational event. 
0225. The criteria for determining relevance may also be 
restricted to focus on the Social time of a particular actor, i. A 
participating event-wise decay function, for example, may be 
formulated: 

0226 Like the event-wise decay function, the participat 
ing event-wise decay function renders the amount of clock 
time occurring between selected events irrelevant, because 
the weights assigned to events by the participating event-wise 
decay function vary based on the order in which events 
occurred. However, when the participating event-wise decay 
function is used, the weight assigned to a first selected event 
will match the weight assigned to a second selected event 
occurring after the first selected event in time, if the particular 
actor i did not participate in the second selected event. If, on 
the other hand, the actor i did participate in the second 
selected event (as, e.g., a sender or a receiver), the first 
selected event will have a higher weight than the second 
selected event. As such, when the participating event-wise 
decay function is used, it is the occurrence of events involving 
the actor i, rather than the passage of time, that matters for 
purposes of determining the relevance of a relational event. 
0227. The criteria for determining relevance may be fur 
ther restricted so as to require, for example, that, for Social 
time to elapse, the actor i must have been the sender of an 
event. A sending event-wise decay function may be formu 
lated: 

where 

0228. When the sending event-wise decay function is 
used, the weights assigned to events vary based on the order 
in which events occurred. However, a weight assigned to a 
first selected event by the sending event-wise decay function 
will match the weight assigned to a second selected event 
occurring after the first selected event in time, if the actori did 
not send the second selected event. Alternatively, if the actor 
i did send the second selected event, the first selected event 
will have a higher weight than the second selected event. 
Thus, when the sending event-wise decay function is used, it 
is the occurrence of events sent by the actor i, rather than the 
passage of time, that matters for purposes of determining the 
relevance of a relational event. 

0229. Any of the exemplary decay functions described 
above may be used to determine a statistics that is included in 
a probability model. The statistics may be determined, for 
example, based on a selected Subset of relational events, 
where the subset of relational events is selected according to 
a predicate up that is specific to the statistics (601). Each 
selected event may then be weighted using a decay function 
(603), and the statistics may be determined based on the 
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weighted events (605). The weighted events may be summed, 
for example, in order to produce a value for S. 
0230 FIG. 7 is a flowchart of an example of a process for 
analyzing social behavior. The process 700 may be imple 
mented, for example, using system 100. In Such an imple 
mentation, one or more parts of the process may be executed 
by inference engine 107, which may interface with other 
computers through a network. Inference engine 107 may, for 
example, send or receive data involved in the process to and 
from one or more local or remote computers. 
0231. A probability model that is populated based on a 
relational event history may be used to identify patterns, 
changes, and anomalies within the relational event history, 
and to draw Sophisticated inferences regarding a variety of 
communications behaviors. As explained above, a baselining 
process may be used with a model to determine communica 
tions behavior that is “normal’ for a given relational event 
history. The resulting baseline includes a set of effect values 
(statistical parameters) that correspond to the statistics 
included in the model. Once determined, the baseline can be 
employed to detect departures from normal communications 
behavior. 
0232. In more detail, the statistical parameters obtained 
through the baselining process can form the basis for follow 
on analysis; in practical terms, pinning down normality dur 
ing the baselining process makes it possible to detect abnor 
mality, or anomalous behaviors, in the form of deviations 
from the baseline. Effect values for subsets of the relational 
event history (“pivots') may be compared to the baseline 
values in order to determine whether, when, and/or how 
behavior deviates from the norm. A pivot may, for example, 
include only relational events involving a specific actor dur 
ing a specific time period, and effect values for a pivot (“fixed 
effects') may be used to create an alternative hypothesis that 
can be compared with a null hypothesis, the baseline, through 
a hypothesis-testing framework that, for example, employs a 
SCOre test. 

0233 Hypothesis testing may allow for estimation of the 
degree to which the communications behavior described by a 
particular pivot departs from normality. Other, more involved 
inferences may also be drawn. For example, it is possible to 
determine whether a fixed effect has high or low values, is 
increasing or decreasing, or is accelerating or decelerating. 
Further, it is possible to determine whether or how these 
features hang together between multiple fixed effects. 
0234 Thus, and as is explained in more detail below, 
Social behavior may be analyzed by selecting a Subset of 
relational events, the subset containing pivots (701), estimat 
ing values for corresponding fixed effects (703), determining 
an alternative hypothesis (705), and testing the alternative 
hypothesis against the null hypothesis, the baseline (707). 
0235 Selection of subsets of relational events (701) may 
be arbitrary, or may instead be driven by the particular indi 
viduals and/or behaviors that are the subjects of analysis. 
Recalling the popularity ego selection effect described above, 
an analyst may wish to determine based on a relational event 
history, for example, whether a particular actor's popularity 
increased over a particular period of time, in which case the 
relational events selected for inclusion in the subset of rela 
tional events may include relational events that occurred dur 
ing the particular period of time, and in which the particular 
actor was a participant. 
0236. In more detail, a set E={S.S.,...} includes pivots 
S. Ce that are selected Subsets of the relational event history, 
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and hypothesis testing my be performed in order to determine 
whether statistical parameters corresponding to effects being 
evaluated over the pivots are homogenous over the entire 
relational event history e, or if they are instead heterogeneous, 
differing for some elements of the subset E. 
0237 As described above, a statistical parameter may be 
denoted 0=(C, B.Y.m.), where C. denotes ego effects, B denotes 
mode effects, Y denotes topic effects, and m denotes alter 
effects. In order to account for heterogeneity of effects 
between pivots, the model may be elaborated, to allow a set of 
statistical parameters S2 to vary across events. In the elabo 
rated model, the set of statistical parameters may be denoted 
C2-(c),..., ()), where () corresponds to a i-th level pivot 
St. An i-th level pivot may, for example, contain a Subset of 
relational events in which a particular actor i was a partici 
pant. Parameters may depend on events, such that: 

0 (e)={, e e ii 60 else 

0238. Notably, co-0 yields a pivot-homogenous specifi 
cation. A model in which co-0 may be referred to as a 
restricted model, and a model in which co, is a free parameter 
may be referred to as an unrestricted model. 
0239 Having selected a subset of the relational event his 
tory for analysis, parameter estimation may be performed 
(703). Although it is possible to estimate effect values for a 
pivot using the same methods employed in determining the 
baseline, doing so may be computationally costly and ulti 
mately unnecessary. As such, a single step of the Newton 
Raphson algorithm may be employed, starting from the base 
line values, and calculating the next, more likely effect values 
for the pivot. These pivot-specific next, most likely effect 
values are the fixed effects. 

0240. In more detail, fitting the restricted model results in 
a maximum likelihood estimate 6 for the restricted model, a 
score contribution for each event Va(0 le), evaluated at 6. 
and a Fisher information contribution for each event, Ia,(0 le), 
evaluated at 0. 
0241 The maximum likelihood estimate, score contribu 
tions, and Fisher information contributions may be used to 
execute a single Newton-Raphson step, to estimate (), Pivots 
may be indexed by i and, for each pivot, a score contribution 
Va(OIS), and an information contribution Ia (9 le) may be 
calculated, so as to produce a one-step estimator co, that can be 
used to test hypotheses about the pivots, where: 

V, (95)=XV, (0 le) 
ite; 

I (915) = XI (0 le) 
tues 

o, = 0 + V (95)1,015) 

0242 Estimates for fixed effects can be used to infer 
departures from usual behavior by constructing hypotheses 
about them, and each fixed effect value may correspond to a 
particular relational event included in the subset of relational 
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events. A hypothesis may include predictions regarding het 
erogeneity of fixed effects over pivots, as well as temporal 
differencing of fixed effects. 
0243 Temporal differencing of a fixed effect may be 
defined over three levels: A, the value of the fixed effect over 
a particular time period, velocity, A, the first difference of 
the fixed effect with respect to time, and acceleration, A", the 
second difference of the fixed effect with respect to time. 
Predictions may be made regarding, for example, the popu 
larity of a particular individual within a particular time 
period, a rate at which the popularity of the individual 
increased or decreased over the particular time period, and as 
to whether the rate of change in popularity increased or 
decreased over the particular time period. 
0244 As described above, E may be defined as a set of 
pivots , where each S is a subset of events pertaining to a 
particular actori that occurred during a particular time period 
t. If coeS2 is a fixed effect for the i-th pivot level over the t-th 
time interval, the levels of temporal differencing may be 
defined: 

Ai, (0, 

A', (D-CO; 1) 

A"A"-A-1) 
0245 Hypotheses involving the levels D. (AAA") 
and a weight vector q, the weights in the vector reflecting 
predictions regarding temporal differencing, may be formed, 
where D, and q are both row vectors. Specifically, a one-side 
null hypothesis Ho, predicting homoegeneity of effects over 
the pivots, and an alternative hypothesis, H, predicting het 
erogeneity, may be formed: 

HiqD,50 

0246 The weighting vector q enables discretion over the 
kinds of behavioral anomalies that may be detected through 
hypothesis testing, where values in the vector q reflect pre 
dictions regarding temporal differencing. A negative value for 
the velocity of an effect that is included in the weighting 
vector q, for example, indicates a prediction that the effect 
decreased over the time interval, while a positive value indi 
cates a prediction that the effect increased over the interval. A 
value of Zero would indicate a prediction that no change in the 
effect occurred over the time interval. Thus, a prediction that 
a particular actor was popular over a particular time period, 
that the popularity of the actor increased over the time inter 
val, and that the rate of increase of the popularity of the actor 
over the time interval increased, for example, would be 
reflected in the weighting vector q by positive values for each 
of value, Velocity, and acceleration of the popularity ego 
effect. 
0247. Following the determination of hypotheses, the 
hypotheses may be tested in order to determine departures 
from baseline communications behavior using a scalar test 
statistic 0, which may be computed based on the fixed effect 
values (707): 
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0248 Given Cov{D}, the covariance matrix of D, the 
variance of mD, has the form: 

0249 Thus, the test statistic 0 has an approximately stan 
dard normal null distribution, which permits easy testing of 
the null hypothesis Ho. Evaluations of expectiations within 
the covariances are performed using the maximum likelihood 
estimate 6. 
(0250 Given the fixed effect estimates that were deter 
mined via execution of a single step of the Newton Raphson 
algorithm, estimation of D, is straightforward. Given the 
fixed effect estimates, Cov{D} may be estimated by parti 
tioning Cov{D} into blocks that may be derived separately 
and that are expressed in terms of covariances of the fixed 
effects estimates (i.e., Cov{(6,}): 

0251 Estimation of the covariances may be accomplished 
through their relationship to the observed Fisher information 
matrix. For any two fixed effects estimates (0.6, the inter 
section of their corresponding pivots S.S, may be denoted: 

(0252) Computation of the observed Fisher information, 
which yields an estimator for Cov coco, that may be used in 
evaluating |la,(0 IS), may be performed: 

(s) 1,015)= X I (0 le) 
ee; 

0253 Having estimated covariances of the fixed effect 
estimates, the Scalar test statistic 0 may be calculated and used 
to test the null hypothesis Ho through a simple score test, in 
which the value of the scalar test statistic is compared to the 
null hypothesis. If the result of the simple score test is equal to 
or less than Zero, there is no confidence in the alternative 
hypothesis, indicating that the predictions with regard to the 
heterogeneity that are reflected in the weighting vector q may 
be wrong. Alternatively, if the result of the simple score test is 
positive, then there is some level of confidence that the pre 
dictions are correct, with a larger positive values indicating a 
greater degree of confidence. Thus, if the score test results in 
a positive value, the alternative hypothesis will have been 
confirmed with Some degree of confidence, which in turn 
indicates that communications behavior varied from the base 
line with regard to the selected pivots and effects, and that the 
predictions regarding the anomolous communication behav 
ior that underlie the alternative hypothesis are correct. 
0254 FIGS. 8-23 provide examples of interfaces and data 
visualizations that may be output to a user, for example, using 
UI 108 of system 100. UI 108 may be used to receive inputs 
from a user of system 100, and may be used to output data to 
the user. A user of the system may, for example, specify data 
sources to be used by normalizer 103 in determining rela 
tional history 104 and covariate data 105. The user may also 
provide inputs indicating which actors, modes, topics, cova 
riates, and/or effects to include in model 106, as well as which 
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subsets of the relational event history should be analyzed in 
determining departures from the baseline. UI 108 may pro 
vide the user with outputs indicating a formulation of model 
106, a determined baseline for the model 106, and one or 
more determinations as to whether and how the subsets of 
relational event history being analyzed differ from the base 
line. UI 108 may also provide the user with additional views 
and analyses of data so as to allow the user to draw additional 
inferences from the model 106. 

(0255 UI 108 may provide to the user, based on probability 
model 106, a determined baseline, and/or one or more deter 
mined departures from the baseline, textual and/or graphical 
analyses of data that uncover patterns, trends, anomalies, and 
change in the data. 
0256 FIG. 8, for example, includes an example interface 
801 that enables a user to translate business questions into 
hypotheses for testing data in a relational event history. In 
more detail, a hypothesis dashboard 802 may enable a user to 
form a hypothesis regarding communications behavior by 
selecting one or more effects from a list of possible effects, 
and one or more covariates from a list of possible covariates. 
The selection may occur by dragging and dropping the effects 
and covariates from one or more windows or spaces listing 
possible effects and/or covariates into a window or space 
defining the hypothesis, and a user may be able to further 
select properties of a selected effect or covariate by interact 
ing with buttons or text corresponding to the desired proper 
ties. Descriptions of the effects, covariates, and properties 
may be displayed for the user in response to detection of 
hovering, and a textual description 803 of the hypothesis may 
be dynamically formed and displayed to the user as effects, 
covariates, and properties are selected by the user. Alterna 
tively, or in addition, the user may manually enter a textual 
description of the hypothesis being formed. 
(0257 FIG.9 includes example visualizations 901 and 902, 
which include, respectively, curves 903 and 904 that may be 
generated based on statistical analysis of data in a relational 
event history and then displayed to a user. The displayed 
curves may be formed, for example, based on the effects and 
covariates included in the user's hypothesis, and the effects 
included in the hypothesis may be used in a baselining pro 
cess that results in a determination of normality. Following 
the determination of a baseline of communications behavior, 
anomalous (i.e. abnormal) behavior may be inferred in the 
form of deviations from the baseline over period of time. 
0258. The curves displayed to the user may correspond to 
an actor, to a pair of actors, and/or to all actors in a relational 
event history, and may indicate periods of time in which 
communications behavior is normal, and periods of time in 
which communications behavior is abnormal. The indication 
may be provided, for example, through color coding, in which 
periods of normal behavior are assigned one color, and in 
which periods of abnormal behavior are assigned another 
color. UI 108 may enable a user to select between varying 
levels of sensitivity through which normality and abnormality 
are determined, and the visualizations displayed to the user 
may dynamically update as selection of sensitivity occurs. 
0259 Multiple curves, each representing a different effect 
or covariate, may be displayed in an overlapping fashion, and 
the curves may be normalized and Smoothed. The curves may 
be displayed in two dimensions, where the X axis is associated 
with time, and where the y axis is associated with properties 
of the effects. 
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0260 UI 108 may display icons and/or labels to indicate 
effects, covariates, or actors to which a curve corresponds, as 
well as text identifying effects, covariates, or actors to which 
a curve corresponds. The user interface may further display 
labels within the two dimensional field in which the curves 
are plotted, the labels indicating exogenous events or provid 
ing other information. 
0261. A user may select an actor or actors, and the selec 
tion may result in curves corresponding to individual effects 
and/or covariates being displayed for the selected actor or 
actors, and lines corresponding to multiple effects and/or 
covariates being displayed for unselected actors. A user may 
also be able to “Zoom in” to the displayed curves in order to 
view a display of events at a more granular level, with infor 
mation pertaining to the displayed events being presented 
through icons that are color-coded according to mode, and 
that are sized to indicate, for example, a word count or length 
of conversation. UI 108 may also provide access to individual 
communications related to events. UI 108 may, for example, 
display an individual email in response to a user selection or 
ZOO. 

0262 FIG. 10 includes an example visualization in which, 
in response to a user selection, UI 108 displays, for a particu 
lar actor, behavioral activity over time. The behavioral activ 
ity may be displayed, for example, in a polar coordinate 
system, where the radial coordinates of points in the plane 
correspond to days, and where angular coordinates corre 
spond to time slices within a particular day. 
0263. In more detail, each point plotted in the plane, for 
example, point 1002, may correspond to a particular commu 
nications event, and may be color coded to indicate a mode of 
communication or other information. Points plotted in the 
plane may be located on one of several concentric circles 
displayed on the graph, and the circle on which a point is 
located may indicate a day on which the communication took 
place, while the position of the point on the circle may indi 
cate a time slice (e.g., the hour) in which the communication 
took place. A user may be able to select a communication 
event that is plotted on the graph to obtain content. For 
example, a user may click or hover over a point that, like 
1002, indicates an email message in order to retrieve the text 
of the email message. 
0264. In some implementations of UI 108, a polar graph 
indicating behavioral activity over time may be animated, 
enabling a user to “fly through a visual representation of 
behavioral activity over particular periods of time, where the 
circles and events presented for a particular period of time 
correspond to the days within that period, and where the 
period displayed dynamically shifts in response to user input. 
0265 FIG. 11 includes example visualizations 1101, 
1102, and 1103 in which UI 108 displays, for a plurality of 
actors, behavioral activity over time. For example, as shown 
in visualizations 1101, 1102, and 1103, UI 108 may display, 
for a particular actor or for a combination of actors, commu 
nications information in a matrix. For each day and time slice, 
an icon may represent the communication or communications 
that took place, with the size of the icon indicating commu 
nications Volume. Icon 1104, for example, is larger than icon 
1105, and therefore indicates a greater volume of communi 
cations. 
0266 Multiple modes of communication may be dis 
played at a particular point in the matrix. This may be accom 
plished through the use of a color coding system in which 
each mode of communication is assigned a color, and in 
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which icons of varying size and color are generated based on 
the number of communications of each mode that occurred 
during a given period of time. When color coding is used, the 
generated icons may be displayed in overlapping fashion, 
providing the user with a visual representation of the number 
and type of communications that occurred at a particular data 
and period of time. 
0267 UI 108 may enable a user to select a communication 
event that is shown in the matrix to obtain content, and the 
matrix may be animated to show different days and time 
periods in response to user input. A user may, for example, 
“scroll through the matrix. 
0268 FIG. 12 includes example visualizations 1201, 
1202, and 1203 in which UI 108 displays, for a particular 
actor or for a combination of actors, data corresponding to 
multiple modes of communication, where icons of varying 
size or bars of varying length are generated based on the 
number of communications of each mode that occurred dur 
ing a given period of time. The particular modes that are 
displayed and the granularity of the display may be deter 
mined by a user, as shown at 1204. 
0269 UI 108 may enable a user to interact with an icon to 
obtain additional information regarding communications 
events that occurred during a given period of time, and the 
user may interact with a displayed communication event in 
order to obtain content. Selection of a particular email, for 
example, may result in display of the email's text, as depicted 
in visualization 1202. 

(0270 FIG. 13 depicts example visualizations 1301, 1302, 
and 1303, in which UI 108 displays, for a particular actor, a 
Summary of communications of various modes over a period 
time, as well bibliographic information and information per 
taining the actor's relationships with other actors in the rela 
tional event history. 
0271 The summary of communications may be provided 
as in visualization 1301, for example, in which multiple two 
dimensional curves that correspond to different modes of 
communication are plotted in graph 1304, in which the X axis 
is associated with time, and in which the y axis is associated 
with a number of communications events. 

0272 UI 108 may display information pertaining to the 
actor's relationships in the form of a quad chart, such as chart 
1305, where points that represent individual relationship 
dyads including the actor are plotted on the chart, and where 
one axis of the chart is associated with numbers of commu 
nications sent to the actor by the other actors in each dyad, and 
where the otheraxis of the chart is associated with numbers of 
communications sent by the actor to the other actors in each 
dyad. A listing of strong relationships (e.g., relationships 
involving the highest amount of communications activity) 
may also be included. 
0273 FIG. 14 includes example visualizations 1401 and 
1402, in which UI 108 displays, for a particular actor, a 
comprehensive view of the actor's communications and other 
behavior over a particular period of time. UI 108 may display, 
as in 1401, a view of communications and transactions over a 
period of time, provided with context and with user-specified 
filters. 

(0274 UI 108 may include, as in 1402, a “crosshair” 1403 
that provides context with regard to a relational events posi 
tion within a relational event history, and with regard to trends 
and other factors. The user may interact with the crosshair 
1403 through, for example, side-to-side and up-and-down 
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Swiping. Content may be updated as the crosshair is moved, 
the content including key and calendar events, trends, and 
geospatial locations. 
(0275 FIG. 15 provides example visualization 1501, in 
which UI 108 displays, for a corpus of communications data 
corresponding to a relational event history, a multimodal 
synthesis of relational and other events involving a particular 
actor. UI 108 may present information pertaining to commu 
nications and to other events, and may chart the occurrence of 
the events over time. UI 108 may provide, for example, a 
detailed “replay 1502 of information pertaining to events 
that involved the actor and that took place on a particular day. 
0276 FIG. 16 provides example visualization 1601, in 
which UI 108 displays radial graphs of behavioral character 
istics pertaining to an actor. Characteristics that may be 
graphed include, for example, relationships, key words used, 
and modes of communication. Graph 1602, for example, 
displays percentages of communications that occurred 
through each of three modes, while graph 1603 displays 
percentages of communications that are characterized as 
either incoming or outgoing. Radial graphs may also measure 
and compare elements relating to an actor's position in a 
network and/or to overall communication tendencies. 
(0277 FIG. 17 includes example visualization 1701, in 
which UI 108 displays a comprehensive view 1702 of the 
history and attributes of stock data and performance, for 
comparison with an actor's activity. Like Stock data, other 
external data may be compared to relational events or to the 
relational history of a particular actor, for purposes of corre 
lation and investigation. 
(0278 FIG. 18 includes example visualizations 1801, 
1802, and 1803, in which UI 108 displays, for a corpus of 
communications data corresponding to a relational event his 
tory, a frequency of usage of a particular word or phrase. UI 
108 may, for example, plot word usage with respect to time, 
and may indicate individual communications in which the 
word was used. The interface may further identify actors who 
used the word, and through what mode, as indicated at 1804. 
(0279 FIG. 19 provides example visualization 1901, in 
which UI 108 combines graphics with an interactive word 
tree 1902 that acts as a search filter. The interactive word-tree 
may be used, for example, to sift through a corpus of com 
munications data for instances of the use of a particular word 
or phrase. 
0280 FIG. 20 includes example visualizations 2001 and 
2002. 2001 depicts a particular interface of UI 108 in which 
line graphs are displayed overlaid with word trending based 
on frequency counts of numbers of documents containing a 
user-specified word. The frequency counts may be taken over 
a period of time (e.g., daily). 2002 depicts a particular inter 
face of UI 108 in which each relational event appears in a plot 
that enables a user to scroll through email or other relational 
event content. Distinct coloration may be used to indicate the 
particular event to which presently-viewed content corre 
sponds, and colors of events may change as the user Scrolls 
from event to event. 
0281 FIG. 21 provides example visualization 2101, in 
which UI 108 pairs a display of a network diagram 2102, the 
diagram being produced based on communication thresholds, 
with a communications quad chart 2103 and with correspond 
ing measures of strengths of relationships that include direc 
tionality of communication. 
0282 FIG. 22 includes example visualizations 2201, 
2202, and 2203, which indicate analyses of a corpus of com 
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munications data that may be performed using system 100. As 
explained in detail above, system 100 may be used to pose a 
question, and to create a hypothesis that might indicate an 
answer to that question. The hypothesis may be expressed in 
terms of a language of behavioral effects, and hypothesis 
testing may identify individuals who have exhibited behavior 
that relates to the hypothesis. As shown at 2204, for example, 
UI 108 has employed shading to illustrate a degree to which 
each the behavior of each identified individual deviates from 
the norm. 

0283 Similarly, in 2202, graphs are used to illustrate vari 
ance in an individual’s behavior, in contrast to the norm, over 
time. Events may be represented in a graph by a vertical line, 
such as line 2205, providing context for behavioral changes. 
Quarterly earnings for a company, for example, may be indi 
cated in a graph. 
0284 Communications content may be overlaid in a 
graph, as in 2203, with each communication event repre 
sented as icon. Each email sent or received by an individual in 
question may be represented, for example, by a blue or brown 
dot, the color indicating whether the email was sent or 
received. A user may be able to click on or otherwise interact 
with a dot to view additional information relating to the 
corresponding communication. For example, a user may be 
able to view the textual content of an email that was sent by a 
particular actor. 
(0285 FIG. 23 includes example visualizations 2301, 
2302, and 2303, which indicate further analyses of a corpus of 
communications data that may be performed using system 
100. Irregularity Heat Map—Abnormal content and commu 
nications activity, aggregated by day, may be visualized, and 
shading may be used to indicate a degree or an amount of 
abnormal or irregular activity that occurred on a given day. As 
2301 indicates, abnormal content and communications activ 
ity, aggregated by day, may be visualized by UI 108, and 
shading may be used to indicate a degree or an amount of 
abnormal or irregular activity that occurred on a given day. 
0286 Tendencies of individual actors to contact other 
actors may also be visualized, as in 2302. A tendency of 
internal actors to email external individuals, for example, 
may be visualized for a given time period, with actors ranked 
in order of number of emails sent to the actor, or received by 
the actor, involving external contacts. A count of external 
emails for each actor may be expressed in the graph, and an 
event may be overlaid to provide context. 
0287. The popularity of terms in a corpus of communica 
tions, and their frequency of use over time, may also be 
presented by UI 108, as shown in 2303. A table 2304 identi 
fying the first times at which words were used in a collection 
of emails may be paired, for example, with an illustration of 
usage trends for the words. 
0288 A number of implementations have been described. 
Nevertheless, it will be understood that various modifications 
may be made without departing from the spirit and scope of 
the disclosure. 

0289 For example, elements of different implementations 
described herein may be combined to form other implemen 
tations not specifically set forth above. Elements may be left 
out of the systems, processes, computer programs, etc. 
described herein without adversely affecting their operation. 
Furthermore, various separate elements may be combined 
into one or more individual elements to perform the functions 
described herein. 
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0290. In addition, the logic flows depicted in the figures do 
not require the particular order shown, or sequential order, to 
achieve desirable results. In addition, other steps may be 
provided, or steps may be eliminated, from the described 
flows, and other components may be added to, or removed 
from, the described systems. Accordingly, other implemen 
tations not specifically described herein are within the scope 
of the following claims. 
What is claimed is: 
1. A method comprising: 
determining a relational event history based on a data set, 

the relational event history comprising a set of relational 
events that occurred in time among a set of actors; 

populating data in a probability model based on the rela 
tional event history, wherein the probability model is 
formulated as a series of conditional probabilities that 
correspond to a set of sequential decisions by an actor for 
each relational event, the probability model including 
one or more statistical parameters and corresponding 
statistics that relate to one or more of senders of rela 
tional events, modes of relational events, topics of rela 
tional events, or recipients of relational events; 

determining, by one or more processing devices, a baseline 
communications behavior for the relational event his 
tory based on the populated probability model, wherein 
the baseline comprises a first set of values for the one or 
more statistical parameters; and 

determining departures from the baseline communications 
behavior within the relational event history. 

2. The method of claim 1, wherein determining departures 
from the baseline communications behavior within the rela 
tional event history comprises determining a second set of 
values for the statistical parameters based on one or more 
subsets of the relational events included in the relational event 
history and comparing the second set of values for the statis 
tical parameters to the first set of values. 

3. The method of claim 2, wherein comparing the second 
set of values for the statistical parameters to the first set of 
values comprises determining a hypothesis regarding com 
munications behavior within the relational event history; and 
testing the hypothesis using the second set of values. 

4. The method of claim 1, wherein the set of sequential 
decisions comprises a decision to send a communication, a 
decision as to a mode of the communication, a decision as to 
a topic of the communication, and one or more decisions as to 
recipients of the communication. 

5. The method of claim 1, wherein determining the rela 
tional event history based on the data set comprises identify 
ing, for each relational event in a set of relational events 
included in the data set, a sender, a topic, a mode, and one or 
more recipients. 

6. The method of claim 1, wherein generating the relational 
event history comprises: 

extracting data from the data set; 
transforming the extracted data; 
loading the transformed data; and 
enriching the loaded data. 
7. The method of claim 1, further comprising determining 

one or more covariates based on the data set, wherein the 
probability model includes the one or more covariates. 

8. The method of claim 7, wherein the one or more cova 
riates include one or more global covariates, actor covariates, 
or dyadic covariates, wherein a global covariate has a single 
value for all actors or pairs of actors that are included in the set 
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of actors, wherein an actor covariate has a different value for 
each actor that is included in the set of actors, and wherein a 
dyadic covariate has a different value for each pair of actors 
that is included in the set of actors. 

9. The method of claim 1, wherein the baseline communi 
cations behavior for the relational event history is determined 
using a maximum-likelihood method. 

10. The method of claim 1, wherein the baseline commu 
nications behavior for the relational event history is deter 
mined using a distributed computing platform. 

11. A system comprising: 
one or more processing devices; and 
one or more non-transitory computer-readable media 

coupled to the one or more processing devices having 
instructions stored thereon which, when executed by the 
one or more processing devices, cause the one or more 
processing devices to perform operations comprising: 
determining a relational event history based on a data 

set, the relational event history comprising a set of 
relational events that occurred in time among a set of 
actors; 

populating data in a probability model based on the 
relational event history, wherein the probability 
model is formulated as a series of conditional prob 
abilities that correspond to a set of sequential deci 
sions by an actor for each relational event, the prob 
ability model including one or more statistical 
parameters and corresponding statistics that relate to 
one or more of senders of relational events, modes of 
relational events, topics of relational events, or recipi 
ents of relational events; 

determining, by one or more processing devices, a base 
line communications behavior for the relational event 
history based on the populated probability model, 
wherein the baseline comprises a first set of values for 
the one or more statistical parameters; and 

determining departures from the baseline communica 
tions behavior within the relational event history. 

12. The system of claim 11, wherein determining depar 
tures from the baseline communications behavior within the 
relational event history comprises determining a second set of 
values for the statistical parameters based on one or more 
subsets of the relational events included in the relational event 
history and comparing the second set of values for the statis 
tical parameters to the first set of values. 

13. The system of claim 12, wherein comparing the second 
set of values for the statistical parameters to the first set of 
values comprises determining a hypothesis regarding com 
munications behavior within the relational event history; and 
testing the hypothesis using the second set of values. 

14. The system of claim 11, wherein the set of sequential 
decisions comprises a decision to send a communication, a 
decision as to a mode of the communication, a decision as to 
a topic of the communication, and one or more decisions as to 
recipients of the communication. 

15. The system of claim 11, wherein determining the rela 
tional event history based on the data set comprises identify 
ing, for each relational event in a set of relational events 
included in the data set, a sender, a topic, a mode, and one or 
more recipients. 

16. The system of claim 11, wherein generating the rela 
tional event history comprises: 

extracting data from the data set; 
transforming the extracted data; 
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loading the transformed data; and 
enriching the loaded data. 
17. The system of claim 11, further comprising determin 

ing one or more covariates based on the data set, wherein the 
probability model includes the one or more covariates. 

18. The system of claim 16, wherein the one or more 
covariates include one or more global covariates, actor cova 
riates, or dyadic covariates, wherein a global covariate has a 
single value for all actors or pairs of actors that are included in 
the set of actors, wherein an actor covariate has a different 
value for each actor that is included in the set of actors, and 
wherein a dyadic covariate has a different value for each pair 
of actors that is included in the set of actors. 

19. The system of claim 11, wherein the baseline commu 
nications behavior for the relational event history is deter 
mined using a maximum-likelihood method. 

20. The system of claim 11, wherein the baseline commu 
nications behavior for the relational event history is deter 
mined using a distributed computing platform. 

21. A non-transitory computer-readable medium embody 
ing one or more instructions thereon which, when executed, 
cause one or more computer processors to perform steps 
comprising: 
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determining a relational event history based on a data set, 
the relational event history comprising a set of relational 
events that occurred in time among a set of actors; 

populating data in a probability model based on the rela 
tional event history, wherein the probability model is 
formulated as a series of conditional probabilities that 
correspond to a set of sequential decisions by an actor for 
each relational event, the probability model including 
one or more statistical parameters and corresponding 
statistics that relate to one or more of senders of rela 
tional events, modes of relational events, topics of rela 
tional events, or recipients of relational events; 

determining, by one or more processing devices, a baseline 
communications behavior for the relational event his 
tory based on the populated probability model, wherein 
the baseline comprises a first set of values for the one or 
more statistical parameters; and 

determining departures from the baseline communications 
behavior within the relational event history. 

k k k k k 


