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Summary 
How do corporate insiders really trade? Does the 
CEO of a company trade differently than the CFO? 
We performed the first academic, large-scale 
analysis of the full insider trading data from SEC, 
from 1986 to 2012, totaling more than 12M 
transactions, among 370K insiders. We found that 
insiders form tightly-connected clusters in which 
trade related information might propagate. 

The Securities and Exchange Commission, as a matter of policy, disclaims responsibility for any private publication or statement by any of its employees. The views expressed herein are those of 
the author and do not necessarily reflect the views of the Commission or of the author’s colleagues on the staff of the Commission.  

Insiders and (Illegal) Insider Trading 
Financial regulators are interested in applying data 
mining techniques to detect illegal trades among insiders 
(e.g., CEO, directors), by analyzing their Form 4 filings. 
We performed the first, large-scale academic study of the 
complete Form 4 filings from SEC. 
Insiders engage in illegal insider trading when they 
exploit their roles and use nonpublic inside information 
to profitably trade for their companies’ stock. 
Form 4 Dataset 
SEC requires insiders to disclose their trades within 2 
days via Form 4, publicly available from SEC’s EDGAR 
system (www.sec.gov/edgar.shtml). 
We analyzed all forms from January 1986 to August 2012. 
 
 
 
 
Each form contains insider’s name + company + role in 
the company (from CEO to Retired), transaction date and 
type (we focused on Purchases and Sales), etc. 
 

Patterns, Observations, & Analysis 
We conjecture that some insiders share nonpublic inside 
information with each other. We build insider networks 
where nodes are insiders and edges connect insiders 
trading similarly. 
Our similarity function takes as input the transaction 
times of two insiders of the same company and returns a 
similarity scale based on the transaction timings. 
 
 
 

We compute a similarity value for each pair of insiders (XC, 
YC) of  company C. If both insiders traded at least hz times 
and their similarity value is at least hm, we include nodes 
and an edge for these insiders to our network. 
 

Insiders   
Companies:  
Transactions: 
Sale transactions: 
Purchase transactions: 
 

370,627 
15,598 

12,360,325 
3,206,175 
1,206,038 

 

Algorithm 1 Generate-Network
Return: Insider Network
1: G graph with node set N = ? and edge set E = ?
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11: return G

TABLE I. SIMPLE NETWORK PARAMETERS

Network Nodes Edges Connected Components

Sale 1630 1473 623
Purchase 1678 2656 489

We represent the transactions of trader T who is an insider of
company C in a set denoted by TC = {t1, ..., tm}, where tj is
the date of a transaction. |TC | denotes the size of TC , defined as
the number of transaction dates in TC . Note that trader T can
be an insider of more than one company, however TC contains
the dates of those transactions only related to company C. We
focus on the distinct transaction dates by defining TC as a set
to avoid split transactions of insiders affecting the results.

The network generation process is illustrated in Algorithm 1.
We start by forming an empty network G. We then perform
a firm-by-firm comparison of the transaction dates of every
possible pair of insiders of a firm. That is, for every possible
company C, we compare the sets of transaction dates XC and
YC for every possible pair of traders X and Y who are insiders
of company C. To avoid insiders having a small number of
transactions affecting the results, we only consider the insiders
with at least hz distinct transactions. The similarity function,
which we use to compute the similarity between XC and YC ,
is defined as follows:

S(XC , YC) =

 
|X

C

|P
i=1

|Y
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|P
j=1

I(xi, yj)

!2

|XC |⇥ |YC |
(1)

where I(x, y) is a function that returns 1 if x = y and 0
otherwise. Note that S(XC , YC) is equal to 1 if insiders X

and Y trade on the exact same dates and 0 if insiders X and Y

have no common transactions dates. If the similarity between
XC and YC is greater than a threshold hm, we include a node
for each of insiders X and Y to network G (if the nodes do
not already exist) and form an edge between them.

Patterns in Sale & Purchase Networks. We now analyze
two networks generated using the aforementioned process: the
Sale network and the Purchase network. The first is generated
using the sale transactions whereas the second is generated
using the purchase transactions. The reason we focus on
sale and purchase transactions is because these transactions
are insider-initiated, unlike other transactions in the dataset
(e.g., option grants), and thus are more likely to reflect the
information flow between the insiders. We do not combine the
sale and purchase transactions together because these two types
of transactions may have different implications, i.e., traders
may purchase shares for different reasons than they sell (e.g.,
profit vs. diversification). To generate the networks, we set hz

to 5 and hm to 0.5. We obtain results that are qualitatively
similar for other values of the threshold parameters.

Fig. 1. Examples of connected components from the Sale network. The
insiders form different clusters in terms of shape.
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Fig. 2. Distributions of the fraction of connected components with size of
a particular value. Some insiders form large clusters in which trade-related
information might propagate.

Table I shows the simple network parameters for the Sale
and Purchase networks. Both networks have a similar number
of nodes (insiders) but, as expected, the Purchase network has
more edges (each generated due to similar trading behavior
for a particular company) than the Sale network because an
insider has, on average, more sale transactions than purchase
transactions in the dataset and the likelihood that two insiders
trade on the same dates decreases as they have more transac-
tions overall. As we perform firm-by-firm analysis and not all
traders are insiders of a single company, both networks consist
of isolated connected components, such as those in Fig. 1.
The Sale network has more connected components than the
Purchase network (see Table I).

Fig. 3. Largest connected
component in the Purchase
network: 16 insiders form a
“trading clique”.

Next, we study the sizes of
the connected components, that
is, the number of insiders in the
components. In Fig. 2, we plot
the distributions of the fraction of
connected components with size
of a particular value. We observe
that most of the connected com-
ponents in the networks are of
size 2, indicating that most in-
siders of a company do not tend
to trade on the same dates. In
some sense, this is encouraging
as it illustrates that the transaction
times can be used as a discriminating factor between insiders,
enabling us to extract interesting patterns more easily. Note,
however, that there are several components that are consider-
ably large in size, such as the one shown in Fig. 3, which is
the largest connected component in the Purchase network.

We then study how tightly connected the insiders are in the
connected components. Do the insiders form dense clusters
in which an insider’s neighbors are also connected, such

I(x, y) = 1 if x = y 
I(x, y) = 0 o/w 

Algorithm 1 Generate-Network
Return: Insider Network
1: G graph with node set N = ? and edge set E = ?
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TABLE I. SIMPLE NETWORK PARAMETERS

Network Nodes Edges Connected Components

Sale 1630 1473 623
Purchase 1678 2656 489

We represent the transactions of trader T who is an insider of
company C in a set denoted by TC = {t1, ..., tm}, where tj is
the date of a transaction. |TC | denotes the size of TC , defined as
the number of transaction dates in TC . Note that trader T can
be an insider of more than one company, however TC contains
the dates of those transactions only related to company C. We
focus on the distinct transaction dates by defining TC as a set
to avoid split transactions of insiders affecting the results.

The network generation process is illustrated in Algorithm 1.
We start by forming an empty network G. We then perform
a firm-by-firm comparison of the transaction dates of every
possible pair of insiders of a firm. That is, for every possible
company C, we compare the sets of transaction dates XC and
YC for every possible pair of traders X and Y who are insiders
of company C. To avoid insiders having a small number of
transactions affecting the results, we only consider the insiders
with at least hz distinct transactions. The similarity function,
which we use to compute the similarity between XC and YC ,
is defined as follows:

S(XC , YC) =
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where I(x, y) is a function that returns 1 if x = y and 0
otherwise. Note that S(XC , YC) is equal to 1 if insiders X

and Y trade on the exact same dates and 0 if insiders X and Y

have no common transactions dates. If the similarity between
XC and YC is greater than a threshold hm, we include a node
for each of insiders X and Y to network G (if the nodes do
not already exist) and form an edge between them.

Patterns in Sale & Purchase Networks. We now analyze
two networks generated using the aforementioned process: the
Sale network and the Purchase network. The first is generated
using the sale transactions whereas the second is generated
using the purchase transactions. The reason we focus on
sale and purchase transactions is because these transactions
are insider-initiated, unlike other transactions in the dataset
(e.g., option grants), and thus are more likely to reflect the
information flow between the insiders. We do not combine the
sale and purchase transactions together because these two types
of transactions may have different implications, i.e., traders
may purchase shares for different reasons than they sell (e.g.,
profit vs. diversification). To generate the networks, we set hz

to 5 and hm to 0.5. We obtain results that are qualitatively
similar for other values of the threshold parameters.

Fig. 1. Examples of connected components from the Sale network. The
insiders form different clusters in terms of shape.
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Fig. 2. Distributions of the fraction of connected components with size of
a particular value. Some insiders form large clusters in which trade-related
information might propagate.

Table I shows the simple network parameters for the Sale
and Purchase networks. Both networks have a similar number
of nodes (insiders) but, as expected, the Purchase network has
more edges (each generated due to similar trading behavior
for a particular company) than the Sale network because an
insider has, on average, more sale transactions than purchase
transactions in the dataset and the likelihood that two insiders
trade on the same dates decreases as they have more transac-
tions overall. As we perform firm-by-firm analysis and not all
traders are insiders of a single company, both networks consist
of isolated connected components, such as those in Fig. 1.
The Sale network has more connected components than the
Purchase network (see Table I).

Fig. 3. Largest connected
component in the Purchase
network: 16 insiders form a
“trading clique”.

Next, we study the sizes of
the connected components, that
is, the number of insiders in the
components. In Fig. 2, we plot
the distributions of the fraction of
connected components with size
of a particular value. We observe
that most of the connected com-
ponents in the networks are of
size 2, indicating that most in-
siders of a company do not tend
to trade on the same dates. In
some sense, this is encouraging
as it illustrates that the transaction
times can be used as a discriminating factor between insiders,
enabling us to extract interesting patterns more easily. Note,
however, that there are several components that are consider-
ably large in size, such as the one shown in Fig. 3, which is
the largest connected component in the Purchase network.

We then study how tightly connected the insiders are in the
connected components. Do the insiders form dense clusters
in which an insider’s neighbors are also connected, such

hz = 5 
hm = 0.5 

Connected Components 
 
 
 
 
 
 
Sizes of Components 
 
 
 
 
 

 
 

   
Density of Components 
 
 
 
 
 
 
Number of Companies in Components 
 
 
 

Trade-related information flow about multiple companies is 
not likely to occur between insiders. 

Roles of Insiders in Components 
 
 
 
 
 
 
 
 

 
Discussion of Case Studies 
Insiders from the same family trade similarly, ~7% of the 
directly connected insiders share the same last names. 
All insiders in the chain below belong to the same 
investment firm, who may be acting on behalf of the firm. 
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Fig. 13. Distributions of the fraction of connected components with clustering
coefficients in a particular interval. The insiders form tightly connected
clusters.

the right chain in Fig. 10? To answer this question, we use
the clustering coefficient measure [19]. The local clustering
coefficient is a measure of how well connected are the nodes
around a given node. The clustering coefficient is then the
mean of the local clustering coefficients for all the nodes in
a subgraph/graph. In Fig. 13, we plot the distributions of the
fraction of connected components with clustering coefficients
in a particular interval. Note that the clustering coefficient
is undefined for subgraphs/graphs of size 2, thus we ignore
them in the analysis. We observe that, in both networks, a
significant fraction of the components have large clustering
coefficients, indicating that the insiders are tightly connected in
the components. This suggests trade-related information may
propagate very easily between the insiders.

TABLE III. PERCENT OF CONNECTED COMPONENTS INCLUDING A
PARTICULAR NUMBER OF COMPANIES. THE CONNECTED COMPONENTS
ARE HOMOGENEOUS IN TERMS OF THE COMPANIES OF THE INSIDERS.

Number of Companies
1 2 3 4 5 6 7

Sale 96.8% 2.7% - 0.3% - - 0.2%
Purchase 97.5% 2.5% - - - - -

A trader can be an insider of multiple companies and have
similar trading behavior with insiders from each of these com-
panies. When this happens, we observe multiple companies in
a connected component, such as the middle triangle in Fig.
10. Table III specifies the percent of connected components
including a particular number of companies. Note that most
connected components in the networks are homogeneous in
the sense that we observe only one company in them. This
suggests it is unlikely that there is trade-related information
flow about multiple companies between the insiders.

Next, we ask, in a connected component, do insiders with
similar or different roles tend to be connected? Each insider
reports at least 1 and at most 4 role codes when a Form
4 is filed. There are over 50 possible roles, ranging from
Chairman of the Board to Retired. Unfortunately, there is no
strict standards as to when an insider should use a particular
code (i.e., a role code’s job nature is only loosely defined).
Previous work has proposed heuristics to map specific role
codes to more general ones. Here, we use the mapping from
[20], which converts a role code from the raw data into one of
the four general codes: Chief Executive Officer (CEO), Chief
Financial Officer (CFO), Director (D), or Other Officer (OO).
For each insider, we obtain a single role code from each Form 4

Fig. 14. Counts for all combinations of role pairs (e.g., CEO-CFO, D-D),
where D is Director, OO is Other Officer. High-level insiders (e.g., CEO,
CFO) more likely to be linked to low-level insiders (e.g., Director).
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Fig. 15. A comparison of the persistence of the similar trading behaviors of
the insiders. The persistence is greater for purchase transactions.

and we here consider the pairs of insiders that receive only one
general role code after the mapping. Fig. 14 shows the counts
for all combinations of role pairs (e.g., an edge between CEO-
CFO). For instance, in both networks, we observe that, given
that an insider is a CEO, it is more likely that she is connected
to an OO in the networks, indicating similar trading behavior
between CEOs and OOs in general. Assuming that the CEOs
are at the top of the corporate hierarchy, then come CFOs,
Ds, and OOs, respectively, the interesting observation is that,
higher level insiders are more likely to be connected to lower
level insiders, whereas lower level insider insiders are more
likely to be connected to each other. This suggests it is likely
that there is both vertical (between higher and lower levels)
and horizontal (between only lower levels) information flow
between the insiders.

Next, we explore the persistence of the similar trading
behaviors of the insiders. Specifically, for each pair of directly
connected insiders, we compute the difference in days between
their last and first common transactions. Recall that we set hz

to 5, thus the insiders have at least 5 transactions that occur on
the same dates. We plot the result in Fig. 15. For most of the
insiders, we do not observe a common transaction after 1000
days. There are, however, some pairs of insiders who trade
similarly in an interval of at least 3000 days. Even though we
observe more persistent behavior in the Purchase network than
the Sale network, it is interesting to see that the CEOs are less
persistent in terms of the purchase transactions than the sale
transactions.
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clusters. 
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