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Abstract. Business leaders have access to a new set of tools to moni-
tor and improve employees’ productivity and wellness as well as to retain
talents: People or Human Resource Analytics. However, while People An-
alytics helps understanding employees at the individual level, it doesn’t
reflect the social interactions happening in the workplace. For that, you
would rather look at Organizational Network Analysis to examine how
people communicate across an organization and give a more accurate
and realistic understanding of employees’ interactions. In this paper, we
propose a framework for organizations to supplement their People An-
alytics with Organizational Network Analysis. We address the different
challenges associated to that and provide different case-studies based on
real clients’ data to demonstrate how Organizational Network Analysis
can be used to solve practical business applications.

Keywords: Relational Analytics · Organizational Network Analytics ·
People Analytics · 4th Industrial Revolution.

1 Introduction
The Human Resource (HR) industry is experiencing a revolution led by the pro-
fusion of employee data and new possibilities to take data-driven decisions and
discover new insights about how organizations function [1]. Business leaders are
looking for ways to back up their hypotheses, understand better their employ-
ees, manage them better, and improve internal processes. They want to have
real-time access to their company’s turnover - where it happens and why? They
want to know their gender pay gap, see how diverse their organization is, retain
their talent, and more. This is called People Analytics (PA) or Human Resource
Analytics: the collection and application of talent data to improve critical talent
and business outcomes [2]. As a matter of fact, more than 70% of companies
now say that they consider PA to be a high priority [3]. PA focuses mostly on
employee attribute data, of which there are two kinds:
– Static attributes (or traits): facts about individuals that don’t change, such

as ethnicity, gender, hire date, etc.
– Dynamic attributes (or state): facts about individuals that do change, such

as age, company tenure, compensation, etc.
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PA is great to check that numbers are in order, benchmark data across differ-
ent teams, and set Key Performance Indicators (KPIs) for managers. A limitation
of PA, as Paul Leonardi and Noshir Contractor argue [4], is that it limits itself
to individuals attributes and neglect the interdependence between employees.
Indeed, what drives an organization or a team performance is not only the indi-
vidual attributes, but also the interplay among people and how it evolves over
time. Organizational Network Analytics (ONA), also called Relational Analyt-
ics, addresses that and captures communication between people to give insights
about the nature and the quality of their relationships. It makes it possible to
evaluate a collaboration in the context of the surrounding network, which is a
critical criterion for success in any collaborative project.

In this paper, we present a framework for not only exploring organizations’
key information based on employees’ static attributes as we see in standard
HR analytics systems, but we will also present how to factor in communication
metadata and unlock more insights. At Panalyt [5], we created a Software as a
Service (SaaS) tool where we plug in our clients’ data and allow them to perform
PA as well as ONA using our suite of pre-built dashboards which cover the end-
to-end employee lifecycle. Based on our experience building this product and
interacting with dozens of clients, we have identified multiple challenges. We
will present the main ones in the following sections, and how we overcame them.
Later, we will see how the association of PA and ONA can help to deduce
transformative insights by performing queries on a partial subgraph. Finally, we
will share advanced real case-studies from our client base.
2 Challenges
2.1 Ethical concerns
The accessibility of employee communication data raises important ethical con-
cerns. Beyond legal considerations, employers should be mindful of the ethical
standards that they adhere to while utilizing this information. One study esti-
mated that 81% of people analytics projects are jeopardized by ethics and privacy
concerns [7]. At Panalyt, we purposefully refuse to ingest and analyse the content
of the communication between employees, due to the sensitivity of the informa-
tion. According to a recent study, transparency was identified as being one of
the most critical considerations for PA projects [8]. The use of aggregated, non-
identifiable data is recommended where possible, to demonstrate to employees
that the purpose behind PA projects is to capture larger organizational trends.

Organizations should communicate their reasons for pursuing PA projects
and the kind of benefits employees should expect from them. We also recommend
establishing clear governance around data collection, access and storage, consent,
and anonymity.

2.2 Data and storage
To perform our analysis, we need data of 2 kinds: people data and commu-
nication metadata. People data is collected from HR systems, such as human
resources information systems (HRIS), payroll tools, absence management tools,
performance management tools, and recruitment tools. In many cases, organi-
zations use Software as a service (SaaS) tools to store their data, and most of
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them would have API connections. In other cases, the data is stored in Microsoft
Excel or CSV documents. On the other hand, communication metadata can be
retrieved from chat/email tools. Over the last few years, online communication
and management tools such as Microsoft Teams/Outlook, Slack, Gmail and oth-
ers have started providing API access for their customers, making it easier for
organizations to collect communication metadata.

Having the experience of working with many different clients, we have a good
overview of how people data and communication data is stored, and how they can
be retrieved, and used to perform analysis. At Panalyt, after being collected, the
data is stored, transformed and queried using SQL, a structured query language
that allows fast retrieval and transformation of data.

We recommend to versionize the data, at least monthly, before storing it
in one or multiple tables, to make it easier to query snapshots of the data for
any particular month and perform join operations across tables. If a record is
updated for an employee during a month, we forward propagate the change to
the future versionized rows, as we can see in Table 1. We then make query
on a partial subgraph to visualize a defined population of the network, where
nodes are employees (or their external contact) and where edges represent an
information about their interactions. We chose to aggregate the data by month
as we realize this granularity is large enough deducing trends, and small enough
to notice significant changes quickly in the scale that companies operate in.

Table 1: Employee table
empID versionId companyemail department salary JobT itle ...
0001 30/09/2022 emp1@email.com Technology $6,000 Data Engineer
0001 31/10/2022 emp1@email.com Technology $6,000 Data Engineer
0001 30/11/2022 emp1@email.com Technology $6,000 Data Engineer
0001 31/12/2022 emp1@email.com Technology $7,000 Sr Data Engineer
0002 31/08/2022 emp2@email.com Marketing $4000 UI Designer
0002 30/09/2022 emp2@email.com Marketing $4,5000UI Designer
...

Regarding communication data, the main fields that we retrieve are:

– messageId: unique identifier of the message
– sendingFrom: sender’s email
– sendingTo: receiver’s email
– sentDatetime: time when the message was sent
– threadId: thread/conversation the message belongs to
– channelId: channel where the message has been sent - only for chat tools

We process the data to get one line per sender and receiver pair for each
month. We then compute various aggregated metrics, from person 1 to person 2
and person 2 to person 1, including, but not limited to:
– count of messages sent: The volume of messages sent by either or both cor-

respondents.
– average response time: The time taken for a correspondent to reply to the

other correspondent.
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– response rate: The percentage of messages received by either correspondent
that they replied to.

– the reciprocity: the ratio of the volume of communication between a corre-
spondent and another.

– average time first/last message sent: The average time when a correspondent
sends his first/last message to another person.

– average time first/last message received: The average time when a corre-
spondent receives his first/last message to another person - emails only.

– channels in common (chat tools only): The number of channels or groups
where both correspondents are active (i.e have both send more than X num-
ber of messages during that month).
We then create a graph based on the analysis. This could be a direct graph,

where arrows point from the sender to the recipient, or an undirected graph.
Although some authors propose to use the number of e-mails sent by a node i
to a node j divided by the total number of e-mails sent by member i [9], and
others suggests to use the geometric mean of sent-received counts, [10], there is
no unique way to generate the attributes to connect people in an ONA graph.
It really depends on the use case.

At Panalyt, we use simple metrics such as those described above as well as
more complex ones that we can’t disclose as they are confidential. We have also
created a score that includes the information of some of the metrics defined
above, especially the count of messages sent, the average response time, the
response rate, and the reciprocity. In general, our recommendation is to define
a metric based on the use case. For example, if we want to highlight employees
and managers who have an asymmetric collaboration, we should query the pairs
of employees where the number of direct messages sent one way is at least X
times greater than the other way.

For the purpose of this study, we use a metric called collaboration score
which is defined as follows: For each version (month), we count the number of
groups/channels where both employees are active. We define being active by
sending at least 5 message in the same group/channel and the same month.
For instance, if Mizuki and Hong have both sent more than 5 messages in the
channels "Client A" and "Engineers", they would have a collaboration score
equal to 2.

2.3 Dashboards

In order to efficiently use network data to understand their teams, managers need
access to interactive and easy to use dashboards. Most companies rely on data
analysts to get insights related to talent and performance management using BI
tools such as Tableau or Power BI. That often creates a bottleneck for multiple
reasons:
1. It requires a dedicated data team and decision makers to help them put the

data into context, which is very costly.
2. There are not enough data analysts to address all management queries in a

timely manner.
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3. Employee data is sensitive, and business leaders often hesitate to share this
information with regular employees. The BI tools also just do not have a
permission system granular enough to give appropriate permissions to users.
Because of the complexity behind obtaining the data, as well as the technical

resources and cost needed to process large amounts of sensitive data, it is difficult
to build such a solution in-house for most companies. We had cases where clients
told us that they liked our product but wanted to build an in-house solution.
Many came back more than a year later with no progress. The resources and
amount of work required to build such a tool is often underestimated.

We have spent more than 4 years building Panalyt’s product at the time of
writing this paper. We have a product that efficiently extracts, processes and
stores people data and communication data every day and displays interactive
visualizations in pre-built dashboards where data from different sources can in-
teract with each other.

We also have a permissions system that allows an admin to give access a user
to specific data, aggregated or not, based on the line hierarchy of the user or on
defined attributes (e.g. a manager can be limited to see aggregated or individual’s
values only for the team he manages, or for a specific department/location/etc.)

In our application we use d3.js [6] for our network data visualizations. The
library takes in source-target pairs to create nodes and the edges between them.
In addition to that, we can also add other attributes like colour to each node
based on features like tenure, organization, function, etc.

(a) Nodes from two differ-
ent teams coloured based
on their teams.

(b) Nodes from the same
team connected by an at-
tribute

(c) Nodes layered with
different properties of the
data.

Here are some of the salient features of the ONA dashboard:
– Colouration: By default, nodes are coloured based on the department of the

employee they belong to. In Figure 1a, the nodes belong to different depart-
ments - Sales and Marketing. The nodes in Figure 1b belong to Engineering.

– Layering: Each node can also be recoloured based on user-selected properties.
For instance, in Figure 1c, the nodes are not coloured based on departments
- yellow is applied to all employees that are working part-time and red to
all employees with less than one year of tenure. There is one employee that
is both part time and has less than one year of tenure. On the other hand,
there are three employees that have neither of those properties (in blue).

– A-B Filtering: The graph can itself be filtered based on employee data at-
tributes. For instance, in Figure 1a we have filtered the data such that both
the senders (A) and receivers (B) are from two departments only.
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2.4 Datasets

For the upcoming analyses, we will be using 3 datasets from 3 different clients:
– Client 1: the Slack communication data of 486 internal users of a Japanese

company from January 2019 to March 2022. This data includes their public
and private channels, but does not include any direct messages. We do not
include direct messages as their company’s Slack subscription does not allow
access to direct messages for extraction due to privacy reasons.

– Client 2: the Slack communication data of 845 internal users of an Australian
company from August 2022 to December 2022. Again, the data does not
include any direct messages for the same reasons.

– Client 3: we will share a case study with Panasonic Operational Excellence
Co., Ltd. that partnered with Panalyt in March 2022 and applied ONA to
identify organizational issues. The size of the dataset is confidential.

3 Basic Analysis

We can deduce important information about an organization using its communi-
cation data. However, on its own the network data can be imposing and unwieldy.
It is when we add attributes about the employees (e.g. their department, age,
grade, etc.) and make queries on a partial subgraph that we can get a deeper
and more precise understanding of the organization.

3.1 Inter-Team collaboration

Fig. 2: Collaboration between two teams

Many companies are
divided into multiple
teams that often work
together. Communica-
tion within the teams
as well as across teams
is very important for
good and timely results.
It is difficult to ascer-
tain the quality of com-
munication between two
teams except through
the use of surveys or in-
terviews with managers.
Not only can they be
difficult to arrange, it is
not feasible to have ev-
ery member of the team

take a survey and companies often have to defer to managers for their perspec-
tive on the communication level between teams. Even if managers are unbiased
in their responses, surveys can be prone to human errors of judgement as we will
see later in a case-study. A faster, more accurate, and reproducible way to judge
communication health between two teams is through the use of their ONA data.
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Fig. 3: Inter-Team Collaboration with Manager layer

In Figure 2 (client 2), we look at ONA data for the Finance and Technology
teams (by applying the A-B filters to those teams only) and we see that while
there is an abundance of connections within each team, the flow of communica-
tion between the two teams is limited to only 5 channels, i.e, there are 5 pairs of
employees that are responsible for the communication between the two teams.
This can be crucial information for the organization. If the two teams are sup-
posed to be mostly independent of each other, then this communication model
will work fine. However, in a technology company, where the product is the tech-
nology itself, the communication between the two teams is rather slim. It would
make sense to open up more channels of communication to prevent a backlog of
information. Moreover, if we use the layering function to add a layer for man-
agers(yellow), we uncover more detail on the health of communication between
the two teams. We see in Figure 3that even among the five channels, only one of
them is between managers. This means that there are only two decision makers
between the two teams that are connected. This can be an additional concern.

3.2 Better onboarding of new employees

Many companies spend a lot of resources on getting the best talents. The cost
of hiring does not end with a signed contract - rather, it continues for the next
few months with companies spending money and months on onboarding the new
hires. At this stage, it is important to make sure that the new hires are sufficiently
connected to their team members to have a smooth onboarding process. They
need people to teach them the team’s business practices and the tools they use.
In addition, they also need to be able to get along with their teammates and get
to know their working styles.

Managers can make use of ONA data to pinpoint new hires that might not
be getting an adequate onboarding experience or who seem to be left out. They
can do that by looking at their communication within the team, and see if they
are connected to their manager and team members. As an example, we can
use A-B filters to restrict Client 2’s data to the Finance team and use layering
to pinpoint the employees with less than six months of tenure. The resultant
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graph is displayed in Figure 4. We can see that among the five new hires for
the Finance team, three seem to be adequately integrated. They have multiple
connections/collaborations with team members. However, we also see two new
hires that are only in communication with one other team mate. This can be
worth looking into as these two hires might not be getting adequate resources
to transition into their roles and this can prolong the time required to get them
fully on board.

3.3 Gender diversity in teams

Fig. 4: New Hires Communications

Companies strive for an
inclusive work culture
where employees from
various genders and de-
mographics are not only
represented but also in-
cluded readily in con-
versations. Foma [11]
details the benefits of
workplace diversity such
as plurality of ideas ow-
ing to diverse experi-
ences and the likelier
retention of employees.
But they also note that
there can be significant

communication gaps between the different groups. We see that companies al-
ready spend time and effort on streamlining their hiring practices to make them
more inclusive. For instance, there has been a sustained effort, spanning many
decades, to include more women in the workplace, especially in the higher posi-
tions and male-dominated sectors like technology and finance.

Fig. 5: Gender Diversity chart

Looking at client 2,
we focused on looking
at the gender diver-
sity in the Technology
department. From our
Panalyt dashboard, we
can see that for a par-
ticular department the
female headcount has
been steadily rising by

more than 13% per year to reach 21.5% of women from January 2020 to Novem-
ber 2022 (Figure 5). However, when we look at the communication graph (Figure
6) for the same department, we found that many females (in red) cluster together,
and there are entire subsections of the graph where there are no collaborations
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with females - like in the bottom right, with just male employees communicat-
ing with each other. Gaps like this in communication between demographics
can impede the company from fully reaping the benefits of diversity. Our clients
also benefit from similar use cases by studying how populations with different
attributes (ages, tenure, etc.) work together.

Fig. 6: Network Graph layered by gender

4 Advanced case studies
4.1 Attrition vs amplitude of communication
For client 1, to understand how to help them promote a healthier company cul-
ture and retain talents, we studied their historical communication data to un-
derstand the impact of the amplitude of communication in attrition. We started
by looking at the count of messages sent by active employees by month (Figure
7a). We then averaged the results for all active employees by month. The average
time of the first message sent was roughly between 10am and 11am, while the
average time of the last message sent was between 6pm and 7pm. After that, we
focused our attention on the employees who quit (37 terminated employees with
at least 12 months tenure) to see if we could find any pattern in their amplitude
of work in the last 15 months before they left. We uncovered from Figure 7b and
Figure 7c that on average before employees quit, they start communicating ear-
lier, and send their last message later, until they reach a point around 5 months
before termination where the trend starts to reverse. In Figure 7d, we looked
at the total amplitude of communication (average time of last message sent -
average time of first message sent). As expected, we saw a similar pattern: the
amplitude of communication keeps increasing until it reaches a pic and start de-
creasing again. Finally, in Figure 7e, we wanted to make sure that this trend was
observable in comparison to their peers. We benchmarked the average first/last
time of messages sent by terminated employees, as well as the amplitude, against
the averages for the active population (380+ active employees) for that month
for each month leading up to their eventual termination date.

We found again a pattern of employees that start communicating earlier and
finish later compared to the average employee, especially between 5 to 7 months
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before their termination where it peaks to 40 minutes more on average compared
to the active employees.

(a) Average time of the day for the
first and last message sent by each em-
ployee across the entire population for
each month.

(b) Average time of the day for the first
message sent by each terminated em-
ployee for each month leading up to their
eventual termination date.

(c) Average time of the day for the last
message sent by each terminated em-
ployee for each month leading up to their
eventual termination date.

(d) Average total hours of communication
for each terminated employee for each
month leading up to their eventual ter-
mination date.

(e) Average time of the day for first and last
message as well as total hours of communication
for terminated employee benchmarked against
the averages for the active population for that
month for each month leading up to their even-
tual termination date.

Fig. 7: Analysis of communication times
Our conclusions, based on those findings, was that the amplitude of commu-

nication is positively correlated to the overwork of employees and factors greatly
in the attrition. Interestingly, employees gradually disengage from 5 to 6 months
before they quit. This study is a good example that shows that it is possible
to uncover insightful information based on aggregated, non-identifiable data.
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Companies can then use it to create new policies and limit overwork by discour-
aging communication after a certain hour when possible, and to identify groups,
departments or talents where employees tend to overwork and disincentivize it.

4.2 Improving Manager Effectiveness and Innovation

Our second case study has been done with Panasonic Operational Excellence
Co., Ltd., that partnered with Panalyt in March 2022 and applied ONA to
identify organizational issues that could not be discovered through conventional
methods such as surveys. The detailed case-study is accessible online [12]. Fol-
lowing a merger and a group restructuring, their goal was to further strengthen
collaboration between different departments that used to historically work in-
dependently. Initially, the team had introduced a pulse survey to understand
and improve the collaboration between employees with a relatively short tenure
and their managers, as well as their motivation. They quickly found that pulse
surveys alone were not effective in identifying from where the communication
issues were coming from, presumably because the survey answers are subjective
and that bias could not be completely eliminated.

Fig. 8: Surveys vs ONA
Some of their initial assumptions were that "an employee with low motiva-

tion in a pulse survey may not be able to interact with other employees and
may be isolated." and that "employees who interact with many other employ-
ees have high motivation." After analyzing their ONA data with Panalyt, they
observed that some employees were "isolated but maintain high motivation",
or had "low motivation despite being in the center of the organization and in-
teracting with many other employees including those from other departments".
The initial assumptions were therefore proven to be false. Another assumption
was that the higher the collaboration between an employee and his manager,
the more likely the employee would meet expectations of their roles and respon-
sibilities. However, they realized that managers were only able to have a grasp
on their relationships with their direct reports; but they were unaware of the
work their team members were doing in collaboration with members from other
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departments – making it impossible to notice signs of collaboration overload that
can lead to burnout unless the employees speak out themselves (Figure 8). This
was especially true at the time of the imposed working from home period during
the COVID-19 pandemic.

5 Discussions and conclusion
People analytics has introduced new ways to make evidence-based decisions to
improve organizations’ processes. But most companies have been focused on
studying the attributes of their employees, forgetting the reality of interde-
pendence. As collaboration platforms such as Slack, Teams and others become
prominent and are increasingly used in virtual teams, organizations can now
better understand what drives group or organizational performance. This is con-
firmed by Keith G. Provan when he says: "only by examining the whole network
can we understand such issues as how networks evolve, how they are governed,
and, ultimately, how collective outcomes might be generated." [13]

In future work, we would like to develop ways to take communication metrics
from different sources and formulate a combined score that explains the overall
communication behaviour across multiple communication platforms.
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