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1. Introduction

Financial studies support the existence of private information channels in the stock markets (see, for example, Ahern,
2017; Brown et al., 2008; Ozsoylev and Walden, 2011; Ozsoylev et al., 2013). It has been estimated that more than two-
thirds of the market price movements are not connected with public news (Cutler et al., 1988), suggesting that information
is incorporated through other channels. While the diffusion of private information is intuitive, the pathways it takes are
not directly observable. This motivates us to ask how information transfer between investors can be reliably identified from
their trading patterns. A particular problem exists when the trading co-occurrences appear for other reasons than the com-
munication of private information. For example, two investors without an actual social connection can trade in the same
direction at the same time because of the same trading strategies, the same interpretation of the arrival of new informa-
tion, or just by chance. While several investor information network inference methods already exist (Baltakys et al., 2018b;
Ozsoylev et al., 2013; Tumminello et al., 2012), the impact of public information on similar trading patterns between in-
vestors is not explicitly addressed. For this reason, the objective of this paper is to take into account the impact of public
information on investor behavior in the identification of the information network in stock markets.

Unlike many other types of financial networks, such as networks of financial systems (Haldane and May, 2011; Hautsch
et al.,, 2015; Ladley, 2013), investor networks do not typically have an observable structure. Instead, the research objec-
tive is to reveal it. While the literature on investor information networks has made a significant contribution to analyz-
ing the topic (Ahern, 2017; Berkman et al., 2014; Colla and Mele, 2010; Mantegna, 2020; Ozsoylev et al., 2013), there is
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a lack of robust and reliable methods to identify private information transfer from investor trading data. In addition to
Ozsoylev et al. (2013) and Tumminello et al. (2012), other network inference methods exploit the graph filtering via mutual
information and transfer of entropy (Gutiérrez-Roig et al., 2019) or a probabilistic interaction model (Nadini et al., 2020).
Existing approaches are primarily limited to identifying overall trading synchronization from investor transactions. A signif-
icant drawback of these methods in the context of private information channels is that information transfer signals cannot
be separated from the use of public information in decision making in stock markets. In this regard, “public information”
can be considered information that is not exclusively but publicly available such as public company announcements and
observations on past returns.

The main methodological contribution of this paper is to introduce a new framework for more reliable identification of
the underlying investor information network. The framework is developed to enhance private information transfer signals,
taking into consideration individual investment strategies. Importantly, our proposed methodology could also help miti-
gate misidentification of links due to different investment strategies influenced by public signals, e.g., style or quantitative
investing. The underlying idea is that the decisions of an investor are driven by the market conditions, the investor’s own ex-
perience, and private or public information. Our proposed approach can determine the synchronization between two sparse
time series after removing the effects of exogenous information publicly available to all the market participants. It can also
be applied to lead-lag networks (Challet et al., 2018; Cordi et al., 2019). This procedure nests the existing network infer-
ence method with statistical validation introduced in Tumminello et al. (2012), and it can be seen as an extension of the
inference method (without statistical validation) introduced by Ozsoylev et al. (2013). The proposed framework relies on the
assumption that public information can be captured via the regression model. We acknowledge that the linear regression
we implement is limited in its capacity to achieve this goal. First, we are not able to acquire all possible variables that
would exhaustively capture the public information. Second, investors do not necessarily consistently react to public news
and may evaluate their expectations relative to the news. For example, earnings announcements that beat analyst estimates
may trigger the investors to sell if their expectations were higher, while they would be buying if the announcements were
in line with their expectations.

In the empirical part, we apply our method to the investors’ trading data from the Helsinki Stock Exchange (HSE). While
existing methods require a number of data points for each investor to filter spurious trade synchronization, our proposed
framework requires even more observational data. This is due to the proposed regression model used to establish a baseline
trading behavior and identify trades as abnormal for each investor. This, naturally, introduces a selection bias, where the
networks map out only a partial information network for the most active and important investors in the market. However,
by varying the investor selection criteria, we found no significant changes to the results presented in the article (see the
online Appendix).

Our empirical contribution is multifold. First, we show that taking public news into account in the network inference
has a clear and statistically significant impact on the investor information network topology. Second, we show that account-
ing for public information in the network inference reveals a better representation of the information network in terms of
a stronger and statistically more significant association between investors’ centrality and their earned returns. Particularly,
central investors in information networks are better informed as they receive information signals earlier, which, in turn,
may affect their trading behavior and profitability (Colla and Mele, 2010; Grossman and Stiglitz, 1980; Hellwig, 1980; Kyle,
1985). This is closely related to Ozsoylev et al. (2013), who find that central investors earn higher returns than peripheral
investors. However, differently from the aforementioned study, we explicitly consider the influence of public information
arrivals on investors’ trades when setting up the networks. Moreover, instead of inferring a single network as in the latter
study, we start by estimating information networks for each of the 22 investigated securities, separately for buy and sell
sides. Third, our findings show that the positive association between network centrality measures and future returns in the
stock market becomes both statistically and economically stronger when network links are validated using harsher thresh-
olds. Among other robustness checks, we find that harsher validation is associated with lower distances between investors
connected in the resulting information networks. This is a novel and intuitive finding, well supported by research literature
(Backstrom et al., 2010; Baltakys et al., 2018a; Liben-Nowell et al., 2005; Preciado et al., 2012), which suggests that the
resulting networks better resemble the underlying information transfer channels.

Stock markets are driven by information, which can be public or private. If private information channels are reliably iden-
tified, questions regarding price formation (Jackson, 1991), investor welfare and asset pricing (Ozsoylev and Walden, 2011),
insider trading (Ahern, 2017), and volatility dynamics (Walden, 2019) can be addressed in relation to private information
transfer. In this regard, it is important to have a solid methodological foundation for the identification of information net-
works. This paper provides advanced methods to identify private information channels, which can serve answering the
questions mentioned above in future research.

2. Data set

We use a world-wide unique investor-level stock market transaction data set provided by Euroclear Finland. The data
set contains all transactions executed in the Helsinki Stock Exchange by Finnish investors between 1995 and 2009. Each
transaction in the data set is characterized by the investors’ anonymized ID, trade and registration dates, security ISIN code,
traded volume, investor’s sector code, postal code, and investor’s birth year and gender for household investors. Using the
sector code information, we can classify investors into six main categories:
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- households (private individuals),

- non-financial corporations,

- financial and insurance corporations,

- government,

- non-profit institutions,

- the rest of the world (foreign private individuals or institutions).

Each domestic investor has a unique ID associated with all of her transactions. In contrast, foreign investors may choose
to keep their holdings and execute their trades through the nominee accounts of financial intermediaries. In such cases, the
transactions are recorded with the financial intermediary’s investor ID and a special flag to indicate that a specific trans-
action belongs to some client of the intermediary behind the investor ID. Because of this, we cannot keep track of foreign
investor transactions using the same financial intermediary. As our analysis focuses on individual rather than aggregate
investor trading decisions, we have eliminated nominee transactions to avoid biased results’.

In this study, we analyze the trading data for 22 securities that composed OMX Helsinki 25 (OMXH25) benchmark index
as of December 20092 (see Table Appendix A.1). As discussed in Baltakiené et al. (2019) the database contains incorrectly
dated transactions between 1998 and 2004. Therefore, we select our analysis period to span between 1 August 2005 and 13
November 2009.3

We limit the investor set to the most active ones who traded at least ten out of 22 investigated securities for at least
ten trading days during the analysis period?, and traded Nokia stock. In the selected set of 2245 investors, there are 1755
households, 305 non-financial, 87 financial-insurance, 33 general-government, 39 non-profit institutions, and 26 foreign in-
vestors. On the one hand, such filtering may remove the most active stock-specific investors, which may influence the agent
centrality in the network. On the other hand, such investor selection allows for a meaningful comparison of trading strategy
coefficients and guarantees sufficient input for the regression analysis’.

By requiring that investors trade at least ten days each of the ten securities, the resulting networks have a relatively
stable set of investors. This way, the conclusions about the network differences after incorporating public information are
more comparable and generalizable over all securities. Importantly, we have performed robustness checks using different
thresholds - ten days and nine/ten/12/15 securities. The results were consistent for all threshold choices and are shown in
Fig. Appendix H.1.

3. Methodology

Identifying information flows in investor networks from trading data is non-trivial because the social links are not directly
observable. Similar trade timing could indicate the existence of a social link between a pair of investors. However, it can
also be a consequence of investors’ using the same public information sources and similar trading strategies. For example, a
pair of investors can have the same kind of implementation of the contrarian strategy, i.e., buying (selling) a security if its
price drops (increases) by a certain amount. To mitigate this issue, we incorporate public information and other exogenous
influences on investors’ behavior in the network inference procedure. We do this by leveraging the constrained multivariate
linear regression model to specify investors’ expected trading volume based on the existing public information. The idea is
that non-public information drives investors’ behavior that cannot be explained by public information.

Using the model’s output, we can classify investor’s daily trading behavior into abnormal buying and abnormal selling
states. We define the abnormal buying (selling) state as buying more/selling less (selling more/buying less) than condition-
ally expected by investor-specific regression models based on the public information available at the moment. For example,
a pair of investors may utilize more or less different strategies on how to use public information. However, they can adjust
their trading to the same direction if they have mutual (private) information transfer. Our method thus helps to identify
these adjusted (abnormal) reactions, influenced by non-public information.

The identified co-occurrences of investors’ abnormal trading states are then used to establish links in the information
network in a statistical manner. Thus, our method discounts the effects of the undesired observable market variables to
investor trade synchronization. In this paper, we capture the public information with investor net traded volumes, security
and market returns, volatilities, and information on company announcements, which are further described in Section 3.2.
Naturally, the list of our used variables does not exhaust all possible ways to include public information. As a matter of
fact, our proposed procedure does not depend on a specific model. In future research, it can be replaced by any model that
predicts investor trading behavior, e.g., differently specified multivariate and/or non-linear regression models with different
explanatory variables on public information in stock markets or neural networks.

! More information about the data set can be found in other research publications (see, e.g., Baltakiené et al., 2019; Baltakys, 2019; Baltakys et al., 2018a;
2018b; 2020; llmanen and Keloharju, 1999; Ranganathan et al., 2018; Siikanen et al., 2018).

2 3 securities were dropped since they had their IPOs during the analysis period.

3 This is the last day when non-aggregate marketplace transactions are recorded in the data set for the analyzed ISINs and investors.

4 If an investor traded more than ten securities, her 10th least traded security should have been traded on at least 10 days.

5 See the Methodology section.
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In addition, to exclude spurious links, we statistically validate the links between investors using the hypergeometric test
with a null hypothesis of random co-occurrence of investors’ trading events. We use various threshold levels to prune the
network.

3.1. Investor abnormal trading state categorization

For each investor i and her/his traded security k on the trading day t, we calculate the scaled euro net-volume as

b
Vi,k,t B Vi?k,t
Vikt = Vb Vs (1)
idt T Vike
where Vibk . and V3, are the daily buy and sell euro volumes, respectively, aggregated from investor i transactions of the

ikt
stock k that occurred on the day t, which are observed from the shareholder registration data. In Tumminello et al. (2012),
investors’ buy and sell trading states are defined using the scaled euro net-volume as follows:

{b — buying state, when v, > 6, 2)

s — selling state, when v; ;. < -9,

where 6 > 0.
In order to incorporate public information in the investor network inference, we calculate the scaled euro net-volume
predicted by a model based on the use of public information:

R Vi Vi if Qb + ‘75 -0
1}i,k,t = Vif]k.tJerk.r ’ Lkt . Lkt ’ (3)
0, otherwise,

where Vif’k’t and \7,.?,“ are the corresponding buy and sell euro volumes predicted by a model using public data that has been
available a day before the trade. In this paper, we employ constrained linear regressions for the predictions with eight differ-
ent types of variables discussed in the next section. Importantly, our model choice can be replaced by a more sophisticated
non-linear model with different explanatory variables. We assign daily states to each investor using the difference between

the real and predicted scaled volumes for a selected threshold 6 > 0 as follows:

= (4)

b* — abnormal buying state, when v;;, — Vjy, > 6,
s* — abnormal selling state, when v;; — Vi, < —0.

In this paper, we use 6 = 0.10. Note that we do not determine v; ., and 7;;, for the days that had no trading activity, and
therefore, on such days, we do not assign an abnormal trading state. Similarly, a trading state is not assigned when the net
traded volume v;, closely follows the regression model prescribed strategy, i.e., —0 < v, — Vj;, < 6. Additionally, when
the model predicted net traded volumes 7;; , equal 0, ie., investor behavior is independent of the public information, our
proposed method reduces to the default investor trading state categorization, introduced by Tumminello et al. (2012).

3.2. Predicting investor-specific euro volumes with public information variables

To obtain ¥;),, we use a constrained linear regression model (Coleman and Li, 1996) with positive output variables.
Particularly, we seek to explain how day t buy (sell) euro volume Vl.f’k_t (Vlfk’t) of investor i for a given security k is associated
with the stock and market returns, volatility, and company news announcements. We base our choice of the explanatory
variables on the financial literature findings. For example, Grinblatt and Keloharju (2001b) find that past returns and the
price movements influence investor trading decisions.

We denote security ks daily log return as r, and define:

) @ _
- yesterday’s return as Meto1 = Tet—1o
) : ) w t-5
- last week's return (excluding yesterday’s return) as r™ = et Tk

k-1
- last month’s return (excluding last week’s return) as r,ﬁf’gz] = 22;23_6 Th.r-

In addition, we estimate the daily volatilities denoted as oy, from daily returns using the GARCH model
(Bollerslev, 1986):

rlét = MUk +(7k,t€’2k,t X X (5)
Ot = Okt OO 1€ 1+ lBka,tfr

where e, ~ N(0, 1) and oy is an unconditional standard deviation of returns estimated from the daily returns in July 2005.
Then we define:

- yesterday’s volatility as ‘715?1 = Okt 1»
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- last week’s volatility (excluding yesterday’s volatility) as ok(”t")1 = tr Sr 20k s

- last month’s volatility (excluding last week’s volatility) as 0/321 = Z; zt] 60k 1

We calculate the returns and volatilities for all the 22 securities and for the composite index OMXH25, denoted by
{fr.,t =1,2,...} and {6¢,t = 1,2,...}, respectively.

According to Barber and Odean (2008), in addition to large returns, trading volumes and media spotlight attract investors’
attention. In light of this, we explain investor’s trading behavior by the euro volume turnover, kat, which we use to control
for the impact of total yesterday’s, last week’s and last month’s euro volume. Moreover, to take into account scheduled and
non-scheduled company media announcements, we denote yesterday’s announcement dummy variable Ay, ; and we ana-

lyze its moderating effect on yesterday’s return rk +_1- The product of these two variables indicates whether the announce-

ment was positive or negative. Moreover, we add dummy variables for today’s and tomorrow’s scheduled announcements,

.
Apeand Ay, .

There can be an autoregressive structure in investors’ trading behavior. For this reason, we control the regression by
investor’s trading with the investor’s yesterday'’s, last week’s, and last month'’s total net traded euro volume. We denote the

investor-specific net traded euro volume in a specific security as NV;; , = Vibkt - V5, . and define:
- yesterday’s net euro volume as NVE‘:Z1 =NV;; 1,
- last week’s net euro volume (excluding yesterday’s volume) as NVi(_‘:’_) 1= tr‘:stfz NV; ¢,

- last month’s net euro volume (excluding last week’s volume) as NVISTB1 = Ztr;ztl_s NV; ;.

Furthermore, to control for the stock-specific strategies, we take the dummy variables for traded securities 1,(!), where
I is one of the 22 investigated securities (excluding Nokia, as its effects will be captured with the baseline dummy o).

Using the variables defined above, for each investor i, we define the regression for buy and sell euro volumes in the
security k as follows:

V,[z i] o + Z[d wml Qo rxr,(:(t) ;1 + Z[d wml Qi xo-k();) 1+ Z[d wml Qi NV XNV
+ Zdem]a” T'(X) +Z[dwm] ax~(X) +Z[dwm] 1vak(.);)71
+0iaAreot T, k.t>,1 + Qia,Af + din A
+ 2000 1L (D) + &g

where ¢; ., is i.i.d. random variable. The regressions are run separately for all the investors, on both buy and sell sides.® In
that way, we obtain the model predicted buying Vibk[ and selling V?, . euro volumes.

ik,t—1

(6)

k,t+1

3.3. Information networks

In Ozsoylev et al. (2013), a pair of investors is linked if they have same direction trade co-occurrences within a given
time window. In our proposed approach, we infer security-specific information networks from the abnormal trading state
synchronization, linking investors i and j if they had the same abnormal trading state on at least one trading day Eq. (4).
We perform this procedure separately for the abnormal buying and selling trading state types. Altogether we end up with
an ensemble of 44 information networks, having two networks for each security.

In the results Section 4.3, when investigating the association between investor centralities in the information networks
and their trading returns, we will merge the security-specific information networks inferred from buying and selling be-
haviors by taking the union of their links. This will be done separately for networks inferred from trading state and our
proposed abnormal trading state co-occurrences.

To see how our proposed categorization changes the networks compared to the networks that do not discount the effect
of public information, we use non-adjusted net scaled volumes Eq. (1) to construct the networks using trading states defined
by Eq. (2). We refer to investor networks as trade co-occurrence networks if they have been constructed by not taking the
public information into account, i.e., the conventional approach with Eq. (2). In fact, they represent the networks proposed
by Ozsoylev et al. (2013) and Tumminello et al. (2012). If public information has been taken into account, the networks are
referred to as abnormal trade co-occurrence networks, i.e., our proposed approach with Eq. (4). The dichotomy between the
discussed network types is illustrated in Table 1.

3.4. Validating information networks

To exclude the spurious links from the abnormal trading state synchronization, we leverage the hypergeometric test
(Tuminello et al., 2011). For security k, we estimate four parameters for each pair of investors i and j in the information

6 Using a standard PC, it took roughly 8 seconds on average to estimate a multivariate regression model with our data. Since the model is predicted for
each investor separately, the estimation of the investor regression variables can be performed in parallel in large scale markets.
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Table 1
A summary of the differences between various investor network inference methods.

Proxies for investor information networks

Abnormal trade co-occurrence

Trade co-occurrence networks networks
Public information Not considered Considered
Links estimated based on Trading states Abnormal trading states
synchronization of
Network links non-validated Referred to as empirical investor network (EIN) in Ozsoylev et al. (2013) Introduced in Section 3.3
Network links validated Referred to as statistically validated (investor) network (SVN) in Introduced in Section 3.4

Tumminello et al. (2012)

networks: T, Nl” © Nf © NP . First, we assume that each investor could have traded on any trading day during the analyzed

period. Consequently, the length of the joint trading period T, for each pair of investors is 1081 days. Then, for each investor
i we denote N{’ . as the number of days when investor i had an abnormal buy or sell state, P € {b*, s*}, respectively. Finally,
we count the number of occurrences when investors i and j were in the same state on the same days, and denote it by
NP
i,j.k*
Under the null hypothesis of random abnormal trading state co-occurrences for investors i and j trading a stock k with a
given abnormal trading state P e {b*, s*}, the probability of observing X co-occurrences in T, observations can be estimated

by the hypergeometric distribution H(X|T,, NI © NP .)- Each link between investors i and j is associated with a p-value, which

equals the probability of having at least N,P ik trade co-occurrences under randomness, i.e.:
N1

p(N Jk) - Prob(X z N,]k) - Z H(Y|Tk’N5k’N§k)- (7)

As there are multiple links to be validated in the network, i.e., multiple hypotheses are tested, the chances of keeping
spurious links increases. In order to analyze the impact of the accumulation of false positive errors, we investigate the
properties of investor networks by using 100 different p-thresholds, equally spaced on a log scale from 10~10 to 1. Moreover,
we report some of the results for the case of Bonferroni multi-test correction in the main analysis and the Appendix. In the
case of Bonferroni multi-test correction, the statistical significance « is adjusted by dividing it by the total number of tests
performed, i.e., &, = o¢/Nests.

4. Results

In this section, we first provide summary statistics on the regression results over all the investors Eq. (6). Then, we
consider to which extent the incorporation of the public information in the network inference changes investor networks’
topologies. In particular, we estimate the networks based on the trading states and abnormal trading states (not using and
using public information). If the resulting network topologies are statistically different, then the incorporation of public
information matters in the inference. Specifically, suppose some of the links disappear with the use of public information.
In that case, the existing approaches can yield false-positive links, potentially because investors’ similar reactions to the
arrival of public information can be incorrectly interpreted as evidence about a private information channel. On the other
hand, our method can also introduce new links that cannot be identified with the existing methods. This can happen if the
behavior of two investors is seemingly different, which does not necessarily exclude the possibility of private information
transfer. They can behave differently because of different strategies and reactions to public information arrivals, but once
these have been filtered out, their “residual behaviors” can coincide.

Next, we analyze the relationship between investors’ centrality and returns they earn. Ozsoylev et al. (2013) identifies
a positive association using data on Istanbul Exchange with non-validated networks. Given that a positive relationship be-
tween investor centrality and returns reflects the existence of information pathways within the identified investor network,
we may verify our method by testing if the incorporation of public information in the network inference strengthens this
relationship. We conduct this test without and with network validation with various p-thresholds.

4.1. Summary statistics on the significance of regression parameters

For every investor we estimate investor-specific regression coefficients defined in Eq. (6). Table 2 shows the percentage of
statistically significant regression coefficients over 2245 investors for buying and selling euro volume models. Our findings
are consistent with the literature (see, e.g., Barber and Odean, 2008; Grinblatt and Keloharju, 2001b) and show that traded
euro volumes, scheduled announcements, and, to a lesser extent, returns drive investor trading actions. However, the model
does not provide evidence about the importance of volatility, market volatility, market returns, yesterday’s announcements’,
and tomorrow’s scheduled announcements.
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Table 2

Statistically significant coefficients for market variables driven by the public information at the significance level
0.05. The values are shown as percentage of statistically significant coefficients out of 2245 investor models. See the
notation of the column names (regression variables) in the Section 3.2. Indices i and k are dropped for readability.

(w) (d) (m) * (7 (m) (7 (d) (7 (W) (m) (w) d) ~(m)
NV NV NV,™ A v Visi v e L 4 s
th 62% 60% 52% 29% 18% 13% 11% 11% 11% 11% 8%
Ve 63% 57% 62% 12% 16% 10% 11% 10% 10% 9% 6%
= ~ ~(d ( . =(d ~ d (
rgvl) Ur(lr;) rtl) Jrf;) At+1 TL)1 Ottwl) A o-t(—; O-tiNl)
th 7% 7% 5% 5% 4% 4% 4% 2% 2% 2%
Ve 6% 6% 3% 3% 4% 3% 2% 2% 1% 1%

s e
. o4

..
Ttecesn
.
.o .
L X

Fig. 1. Union of Bonferroni-validated information networks inferred from buying and abnormal buying state synchronization for Nokia. Legend:J - links of
validated information network inferred from buying states, Bl - links of validated information network inferred from abnormal buying states, [J - common
links, ® - investors present in at least one of the networks.

Further justification of the selected model parameters is shown in clustering analysis of investor trading strategies (see
Table Appendix C.1 and Fig. Appendix C.1).

4.2. Impact of public information on the information network topology

In this section, we show that taking into account public information leads to substantially different information networks.
We do this by comparing the results in the network inference procedures with and without considering public information.
We compare the changes in the trading states, as well as resulting networks, both validated and non-validated.

First, compared to the trading state categorization of investor behavior used in previous research (see Table 1), the trad-
ing state categorization that takes into account the public information Eq. (4) yields changes in 10.69% of all trading states
and 10.62% of trading states on average per ISIN. Second, for each security, we link a pair of investors if they had at least one
day with the same (abnormal) trading state in the information networks. Third, we perform the network link validation. We
validate information networks obtained using trading state and the new - abnormal trading state — assignment rules. Im-
portantly, the inference with the public information on the validated networks results in a notable network rewiring, adding
new links, and removing a portion of the old ones. For example, let us take the Bonferroni-validated information network
inferred from buying behavior synchronization in Nokia. There are 3365 links in the network inferred without considering
the public information, and 857 links are replaced by 436 new links when taking public information into account. Similar
changes for all securities are documented in Table Appendix D.1. Generally, there are fewer links when taking the public
information into account in the network inference, which suggests that the existing methods tend to show links that, in fact,
represent investors’ synchronous reactions to public information rather than private information transfer.

To demonstrate the resulting investor network topologies graphically, we continue the previous example with Nokia.
Grey links in Fig. 1 represent links common to both methods, whereas links present only in the network inferred without
considering public information are shown as solid black lines, and links that appeared after our proposed modification -
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Table 3

Local and global similarity measures between information networks inferred from trading and ab-
normal trading states. The results are provided only for validated networks inferred from buying
and selling behaviors, because the measures are appropriate for sparser networks. Local similar-
ity is defined as a statistically significant overlap between nodes neighborhoods in two networks.
Global similarity is defined as the Jaccard similarity index between the links in two networks. Avg.
(Std.) is the average (standard deviation) of the similarity measures for 22 companies.

Company Buying Selling
Local Global Local Global

Cargotec 0.38 0.79 0.42 0.82
Elisa 0.49 0.88 0.49 0.88
Fortum 0.46 0.80 0.51 0.87
Kesko (B) 0.32 0.69 0.47 0.91
KONE 0.44 0.84 0.47 0.78
Konecranes 0.55 0.91 0.59 0.86
Metso 0.45 0.82 0.43 0.86
Neste 0.47 0.76 0.43 0.79
Nokia 0.51 0.66 0.45 0.72
Nokian Renkaat 0.42 0.77 0.46 0.75
Nordea Bank 0.43 0.76 0.45 0.85
Outokumpu 0.54 0.82 0.50 0.88
Pohjola Bank (A) 0.31 0.60 0.29 0.69
Rautaruukki 0.47 0.85 0.51 0.90
Sampo (A) 0.46 0.88 0.51 0.94
Sanoma 0.60 0.93 0.60 0.88
Stora Enso (R) 0.48 0.83 0.45 0.90
TeliaSonera 0.49 0.85 0.50 0.94
Tieto 0.42 0.78 0.51 0.70
UPM-Kymmene 0.48 0.81 0.43 0.84
Wartsild 0.28 0.59 0.37 0.51
YIT 0.42 0.82 0.39 0.80
Avg. 0.45 0.79 0.47 0.82
Std. 0.08 0.09 0.07 0.10

dashed black. In this illustration, we can observe that our method mostly rewired the central giant component while the
disconnected and peripheral communities were preserved.

4.2.1. Global and local similarity measures

To take a closer look into the magnitude of difference between network topologies obtained using the different methods,
we investigate the global and local information network similarities, see Table 3. As a global similarity measure, we calculate
the Jaccard coefficient as the ratio of the common and total network links produced by the two methods’. We report these
measures for validated networks only, as they are appropriate to analyze sparser networks. The Jaccard coefficient indicates
that, on average, 79% (82%) of the links overlap in the buy (sell) information networks.

As a local network similarity measure, we define the ratio of the nodes with statistically significantly overlapping neigh-
borhoods; that is, we ask how many of the investors remain connected to a similar neighborhood. Here we again employ the
hypergeometric test to evaluate the neighborhood similarity. We find that 45% (47%) of investors in information networks
inferred from buying (selling) state synchronization keep similar connections in their neighborhoods (see local similarity
measure in Table 3). While the global similarity is relatively high, the local similarity is notably lower.

4.2.2. Impact of public information on network link weights

To further confirm whether the incorporation of public information in the inference has a significant influence on the net-
work structure, we compare link weights, Katz, and closeness centralities using the Wilcoxon signed-rank test. The Wilcoxon
signed-rank test is based on the null hypothesis that the paired value differences’ median is zero. We opt for the test with
Pratt modification, which involves zero-differences of paired observations in the ranking process, but drops the ranks of the
zeros (Pratt, 1959). We define the link weights using the p-value of the hypergeometric tests for all link pairs as follows:

wf,jyk =1 —p(N{"I,{). (8)

To investigate the effect of public information on the resulting networks, we run the paired Wilcoxon (Pratt) signed-rank
test, separately for the information networks inferred from the buying and selling trading states, on the link weights
Eq. (8) in non-validated (Table 4) and Bonferroni-validated information networks (Table Appendix E.1). For each test, we
define the number of paired observations N as the union of observed links in the information networks inferred using the

7 The number of links in the network inferred from trading and abnormal trading states, and their overlap for each ISIN are given in Table Appendix D.1.
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Table 4

Wilcoxon signed-rank test with Pratt modification for observed link weights in non-validated networks. Here, AMedian is the difference of the
weight medians in the networks inferred from trading states and abnormal trading states, N is the number of observations, N.w.z is the number
of observations excluding zero-differences, p is the p-value of the Wilcoxon (Pratt) signed-rank test. The information network comparison
between networks inferred from trading and abnormal trading is presented separately for buying and selling networks.

Company Buying Selling
AMedian N Nw.z p AMedian N Nw.z p

Cargotec 4.55e-03 190726 160864 3.86e-48 o —6.82e-04 146472 125939  1.55e-136  ***
Elisa 1.04e-02 250683 197358 3.55e-302  *** —6.12e-04 142972 117888 0 ok
Fortum 6.61e-03 738966 642177 0 o —1.48e-03 451083 386135 0 ok
Kesko (B) 1.04e-02 232091 184257 0 o 2.87e-03 137232 116343 0 o
KONE 2.15e-02 196516 183732 1.85e-19 ok —7.46e-03 166127 159717  4.05e-243  ***
Konecranes 4.82e-03 196624 166951 2.12e-19 ok —9.20e-03 168224 149412  1.60e-31 ok
Metso 1.24e-02 728656 660427 2.85e-155  *** —8.19e-03 499355 455767  2.91e-186  ***
Neste 1.74e-02 815407 798953 1.99e-277  *** 6.69e-03 583760 566274  4.94e-167  ***
Nokia 1.67e-02 1227666 1192884  9.06e-172  *** —7.57e-03 946953 909957  1.00e-62 ok
Nokian Renkaat 2.20e-02 593910 545189 0 ok —3.30e-03 395643 362376  1.16e-22 o
Nordea Bank 1.33e-02 587149 532025 4.94e-14 ok 7.32e-03 433685 397123  2.00e-196  ***
Outokumpu 5.93e-03 655518 531609 0 ok —2.18e-03 491690 423337 0 ok
Pohjola Bank (A)  1.78e-02 217125 190563 6.88e-184  *** —2.69e-04 143691 129464  2.14e-06 ok
Rautaruukki 1.10e-02 534820 482416 6.58e-46 o —1.14e-02 390714 356090  1.36e-90 o
Sampo (A) 9.17e-03 576255 479171 0 ok —4.62e-03 387637 336705 O ok
Sanoma 1.02e-02 85911 64166 1.59e-66 ok 5.91e-03 60928 46699 2.30e-88 ok
Stora Enso (R) 8.28e-03 118263 100900 1.50e-57 . 3.60e-03 100868 90632 8.71e-44 o
TeliaSonera 9.72e-03 521506 451074 0 ok —1.90e-04 312414 256948 0 ok
Tieto 1.42e-02 170061 141868 3.16e-133  *** —1.07e-03 127218 110955  8.38e-34 ok
UPM-Kymmene 9.90e-03 405850 354723 4.70e-80 ok —3.76e-03 270916 237695  1.96e-94 ok
Wartsild 3.17e-02 413348 405382 3.14e-68 ok 2.09e-02 304060 297739  6.26e-04 ok
YIT 1.54e-02 431844 392657 6.42e-08 ok -1.93e-03 326199 297321 1.30e-34 ok

*** p <0.001; ** p<0.01; * p<0.05.

trading states and the abnormal trading states. If one of the corresponding links does not exist in one of the networks, we
set its weight to zero.

We report our results in Table 4 for non-validated networks. Corresponding results for validated networks, which are
rather consistent, are available in Table Appendix E.1. By investigating the resulting p-values of the paired tests for infor-
mation networks inferred from buying behavior (the left-hand side), we find that all networks reject the null hypothesis
that the median of paired differences is zero at the significance level of 0.05. This indicates that links between investors
become weaker if we incorporate public information in the inference of buy-networks. This is expected, as investors’ joint
buying behavior is most likely to be driven by their partially similar reaction to public information. In this case, taking it
into account in the inference, the weights of the links are reduced.

By analyzing the weights in terms of investors’ selling behavior (the right-hand side), we also find that all networks have
statistically different weights (in terms of medians) after incorporating the public information in the network inference.
Differently from the buying behavior, the median weights are larger if the public information is considered. This observation
might be related to the fact that investors have different strategies to employ public information for their sell-decisions.
Moreover, investors can only sell the securities they already own. Therefore, acting on public or private information should
be different from buying behavior (Grinblatt and Keloharju, 2001a).

Overall, we observed low p-values from the link weight paired tests in all types of information networks. This suggests
that we end up with considerably different investor networks by taking the public information into account in the inference
procedure.

4.2.3. Impact of public information on network centrality measures

Our previous observation of the significant changes in the link weights after the public information is taken into account
raises the question if other key network properties are affected in the binary networks®. To investigate this, we take a look at
the distributions of two prominent network centrality measures. In particular, we assess the changes in Katz and closeness
centralities. The results of the paired tests for the information networks are summarized in Table Appendix E.2. For infor-
mation networks inferred from abnormal trading behavior (considering the effect of public information), Katz centralities
are generally higher. In comparison, the closeness centralities are lower than in the networks inferred without considering
public information. This means that in the networks resulting from our proposed method, the nodes have more connections
locally. On the other hand, some of the shortcuts that make distinct parts of the network closer are removed, decreasing the
closeness centralities.

8 To make the links binary, we retain a link if the p-value from the hypergeometric test is lower than the significance level of 0.05 adjusted with the
Bonferroni correction.
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Overall, the results consistently confirm the significant changes in networks. We conclude that the effect of public in-
formation on the structure of the information network is substantial and statistically significant. While we provided some
intuition for why the public information may cause the networks to change in the ways we have observed, a more in-depth
study is outside the scope of this article and will be performed in the future.

4.3. Investor centrality and returns

One of the expected properties in the information networks is the positive relationship between the investors’ centrality
and their profitability (Ozsoylev and Walden, 2011). More central investors are better informed; therefore, they are expected
to make higher profits, which was empirically confirmed by Ozsoylev et al. (2013). Moreover, Walden (2019) shows that
the investor’s profitability and centrality are closely related and justifies the choice of Katz centrality”® theoretically. We
argue that by filtering the impact of public information on trading behavior, the co-occurrences of the abnormal buying or
selling trading states are more likely to be related to the transfer of private information and, thus, better estimates for the
information network. To test this, we regress the centrality of the investors against the returns they earn. We expect that
information networks inferred with our method by eliminating public information in investor trading synchronization will
show a stronger positive relationship between investor centrality and returns.

We aggregate stock-specific networks by taking the union of networks inferred from the buying and selling behavior. This
is done separately for the networks inferred using the existing methods and our approach, which eliminated the impact of
public information. As a centrality measure, suitable for both directed and undirected networks, we choose Katz centrality©.
We denote Katz centrality for investor i in the information network derived from her/his trading synchronizations in security
k as C{f,{. Next, we follow Ozsoylev et al. (2013) to determine the realized profit. For each investor i and her/his executed
trade z in security k, let Q;; , be the quantity of shares traded, P, , the transaction price, and V;y , = Q; ., x P, ; the traded
euro volume. Differently from the notation in Eqs. (1-6), where the traded euro volume is calculated for each trading day t,
here the volumes are calculated for each transaction z. Next, for each transaction z we define the AT-day log return as

Wik = sign(z) x log (P}<A,ZT/Pi,k,z)v (9)

where for security k, PkAZT is the closing price AT = 21 trading days after the transaction z was executed and sign(z) is equal
to —1 if z was a sale, and 1 if it was a purchase transaction.!" Here, ji;; , captures the returns that are generated within a
month after a trade. Then we can define the value weighted average return for the investor i in security k as
i zvx .z
iy = Eelketie, (10)

z Vikz

Finally, we can regress investor centralities Cilfk against the average value-weighted returns u; :

Wik = Bo + BxCl + 20 Brale (D) + & (11)

where 1,(I) are the dummy variables for traded securities and [ is one of the 22 investigated stocks (excluding Nokia, as
its effects will be captured with the baseline dummy fj) and ¢; is i.i.d. random variable. Additionally, as control vari-
ables we take the degree centrality Cl.["k, the total number of transactions Q;; = >, Q; ,, and the total traded euro volume
Vik = >, Vik, We run regressions with ISIN dummy variables with each of the control variables separately and additionally
combine the uncorrelated variables into a more complex multivariate regression model. Since Katz and degree centrali-
ties are strongly correlated, we only include the Katz centrality in the multivariate regressions (see Table Appendix F.1 for
correlations between regression variables). Similarly, the number of trades and the total traded euro quantity are strongly
correlated. Therefore we only include one of them in the multivariate regression.

For non-validated networks, coefficients in all regressions are positive, confirming the positive association between re-
turns and investor centralities in information networks observed in the Istanbul Stock Exchange (Ozsoylev et al., 2013). More
importantly, when the effects of public information are accounted for in the network inference, the association between fu-
ture investor returns and their centralities is stronger, with a lower p-value (Table 5). Therefore, the consideration of public
information in the network inference not only changes the network topology but also strengthens the relationship between
investors’ centrality and returns.

Having obtained significant positive associations between centralities and returns, as a robustness check we wanted to
see how the association changes with respect to different validation thresholds applied to the p-value from the hypergeo-
metric test Eq. (7). We took 100 threshold levels equally spaced on a log scale between 10719 and 1, used them to filter out
the network links and performed the regression analysis (Fig. 2a).

First, Fig. 2a shows that the regression coefficient (on the relation between centralities and future returns) across the
different threshold levels is higher when public information is filtered out. We test this with the paired t-test across the
threshold levels and find that the observed association between centralities and future returns is statistically higher in

9 Katz centrality is the special case of the eigenvector centrality (see, e.g., Friedkin, 1991).

10 Results are consistent with Eigenvector, Katz, and PageRank centralities.

11 Here, P, is not corrected for market splits, therefore we chose to remove the transactions that fell into the [t — 2; t + 23] trading days period around a
split of a stock. This removed approximately 0.5% of transactions.
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Centrality and returns in non-validated networks. The table displays results from regressions of value-weighted
returns p;, on Katz centrality qK , degree centrality ka, the normalized quantity Q;\, and normalized traded value
Vix in information networks. Each column represents a linear regression with ISIN dummy variables (coefficients
are omitted). The first row displays coefficients while the second row displays the p-values. Degree C{"k centrality
measures the number of node’s links normalized by the maximum possible degree max,v_k(ka) in corresponding
networks. Quantity Q; is the total number of transactions for each investor in a given security. Value V; is investor
i euro sum of all transactions executed with a given security. R? is the explained variation. N is the number of

observations.
Panel A: Trade co-occurrence networks
Model I Il i v \
Katz centrality, C¥, 0.1463 0.1312
(1.53e-3) (5.26e-3)
Degree, CP, 0.0035
(1.15e-3)
Quantity, Q; 0.0099 0.0076
(2.29e-2) (8.74e-2)
Value, V; 0.0092
(2.97e-2)
R? 0.023 0.023 0.023 0.023 0.023
N 41965
Panel B: Abnormal trade co-occurrence networks
Model I I I 1\% \
Katz centrality, C¥, 0.1528 0.1388
(4.94e-4) (1.9e-3)
Degree, CP, 0.0036
(3.72e-4)
Quantity, Q; 0.0094 0.0068
(2.47e-2) (1.1e-1)
Value, V; 0.0086
(3.2e-2)
R? 0.025 0.025 0.025 0.025 0.025
N 41766
7 4
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(a) Centrality and returns coefficient (b) Economic significance

Fig. 2. (a) Centrality and returns coefficient, Sx from Eq. (11), with respect to the threshold applied in network link validation with hypergeometric test
(see Eq. 7). (b) Economic significance of Bk, with respect to the threshold applied in network link validation. Coefficients for both network inference
methods - from trade co-occurrence Eq. (2) and abnormal trade co-occurrence Eq. (4) - are accompanied with 50% confidence intervals in (a) and (b). The
dotted vertical line marks the Bonferroni validation threshold.

networks inferred using our proposed method than the network inference where the public information is not taken into
account.

Second, we find that strict network filtering with p-threshold less than 10~ leads to a very strong association between
the investor centralities and their future returns. On the other hand, with an intermediate region, roughly between 103 and
10-1, the association becomes negative. We hypothesize that in this region, the validation procedure primarily removes the
true positive links, i.e., making type II errors. In comparison, a stronger filtering starts revealing even though a smaller, but
more accurate backbone of the actual information network. Moreover, stricter network filtering also leads to an economically

1
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Table 6

Properties of networks, inferred using trade co-occurrences and abnormal trade co-occurrences for different validation thresholds. Panel A shows
the number of communities in the networks, using Clauset-Newman-Moore greedy modularity maximization method. Panel B shows the Network
centrality index. Panel C shows the stability of the networks, split into two equally-long periods: before and after 20 September 2007. The total
possible number of links, taking the investors present in both periods is 2027091 in the networks inferred from trading and 1819278 in the
networks inferred from abnormal trading co-occurrences. Panel D shows the average distance between investors in the network.

Validation theshold 10-8 10-6 104 102 1

Panel A: Number of communities

Trade co-occurrence 66 46 7 3 3
Abnormal trade co-occurrence 59 38 6 3 2

Panel B: Network centrality index

Trade co-occurrence 0.131 0.196 0.340 0.417 0.077
Abnormal trade co-occurrence 0.133 0.202 0.336 0.422 0.078

Panel C: Network stability in time

Trade co-occurrence Number of links in first half, k; 2171 5786 32534 392715 1544072
Number of links in second half, k, 2884 8302 46342 476488 1704287
Number of overlaps, y 1162 1857 6251 131910 1323178
Expected random overlap E[y] 3 24 744 92312 1298186
Realized and expected overlaps ratio, y/E[y]  376.205  78.365 8.404 1.429 1.019

Abnormal trade co-occurrence Number of links in first half, k; 1658 4586 26358 333702 1353406
Number of links in second half, k, 2390 6483 36611 395545 1496286
Number of overlaps, y 901 1517 5029 105847 1137915
Expected random overlap E[y] 2 16 530 72553 1113124
Realized and expected overlaps ratio, y/E[y]  413.658 92.827 9.481 1.459 1.022

Panel D: Geographical average distances between investors (km)

Trade co-occurrence 192.635 208.110 215.465 216.044 216.831
Abnormal trade co-occurrence 190.861 207.923 215.369 216.479 216.977

more significant association between node centrality and returns (Fig. 2b). When Bonferroni multi-test correction is used,
one standard deviation change in the investor centrality leads to a 4.4% increase in the expected future returns.

We perform an additional analysis and robustness check by splitting investors into two categories, households and insti-
tutions, and estimate the regression coefficient in 100 log spaced thresholds (see Fig. Appendix I.1). The previously observed
shape of a curve is repeated in households (see Fig. Appendix I.1a), while institutions seem to have a slightly different pat-
tern. Our findings show a stronger association between centralities and returns in households rather than institutions. This
can indicate that private information is more important to households, or this can be due to how institutional data are ag-
gregated. In particular, an institutional ID represents all the traders of that institution, who can have different data sources,
different strategies and different social connections. For that reason we refrain from making a generalized comparison be-
tween institutions and individual households.

4.4. Further analysis of information networks

Similarly to Ozsoylev et al. (2013), to check whether our inferred investor networks exhibit expected properties of in-
formation networks, we perform multiple analyses and compare results obtained from networks inferred with and without
taking public information into account. For different link validation thresholds, we investigated (i) the number of commu-
nities (Clauset et al., 2004), (ii) the network centrality index (NCI) (Freeman, 1978), (iii) the stability of networks inferred
across different periods, and (iv) geographical distances between the investors. Given that investors have private information
transfer channels that can be detected by observing their trading synchronization, we would expect (i) to see a number of
communities in information networks, (ii) the topology of such networks not to exhibit properties of high centralization,
i.e. topology with only a few highly connected hubs, (iii) networks to be fairly stable over time, and (iv) the average dis-
tance between investors connected in the inferred information network to be lower than if the connections were randomly
shuffled among the same investors.

Our findings are not directly comparable to those observed in (Ozsoylev et al., 2013) due to different data set resolu-
tion and analyzed investor set choice. When we compare the results against the networks inferred without taking public
information into account, we do not observe any significant differences in the first two analyses (Table 6).

In an information network, with non-centralized information diffusion, we would expect to see multiple communities.
However, due to the small size of our investor set and daily resolution of the transaction data, for non-validated networks,
we only detect two communities with our proposed method (three when public information is not considered in the net-
work inference) (Table 6, Panel A). This is quite expected as we have chosen a relatively small number of investors that are
sufficiently active over multiple securities. When the validation threshold approaches 10~8, the community detection algo-
rithm finds roughly up to 59 (66) communities. However, when looking at NCI in a non-validated network (Table 6, Panel B),
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Fig. 3. The average distance in kilometers between investors with respect to network validation threshold applied in network link validation with hyper-
geometric test (see Eq. 7). The results are calculated from trade co-occurrence Eq. (2) and abnormal trade co-occurrence networks Eq. (4). The number
of links in the null model network coincides with the number of links in the network inferred from abnormal trade co-occurrence in each validation
threshold. The average distance in null model is accompanied with the standard deviation bands. The dotted vertical line marks the Bonferroni validation
threshold.

we see a relatively low value, conflicting with a star-like network structure, and suggesting a non-centralized information
diffusion. NCI both for non-validated networks and for validated networks with very harsh thresholds is around 0.1. In the
intermediate region where we do not observe the positive association between returns and centralities it increases up to
0.45. In general, NCI ranges from 0 to 1, and it equals O in a regular lattice-type network, where all the nodes have the same
number of connections, and 1 in a star-like network, where all nodes have only a single connection to one central node.

To test whether the inferred information networks are stable, we split the period into two non-overlapping consecutive
periods and infer investor networks for each of them separately. We check how stable those networks are relatively to
the Erd6s-Rényi random network model (Erd6s and Rényi, 1960). The ratio between the observed and expected number
of overlapping network links is higher for our model, always larger than one, and increases with harsher threshold levels
(Table 6, Panel C). This means that the networks resulting after public information is taken into account are more stable.

Notably, the financial research literature suggests that distance between investors is negatively related to the opportu-
nities to exchange information and share insights about investments. As the physical proximity is one of the major factors
in social networks (Backstrom et al., 2010; Baltakys et al., 2018a; Brown et al., 2008; Preciado et al., 2012), we expect to
see shorter distances between investors in the better proxies of the information network. Following Baltakys et al. (2018a),
we estimate the geographical distance between the investor pairs using information about their postal codes. In addition,
for each given threshold we create an empirical null model where the same number of links is randomly drawn 100 times
from all possible connections between investors, and each time the average distance between randomly connected investors
is calculated. From the obtained empirical distributions, we estimate the means and the standard deviations. Our results
show that the average distances between connected investors decrease from roughly 217 to 170 km using stricter validation
thresholds, and they are considerably lower than expected under the null model (Fig. 3).

This observation should not be connected to a local bias (Grinblatt and Keloharju, 2001a; Ivkovic and Weisbenner, 2005;
Seasholes and Zhu, 2010; Zhu, 2002), because local bias should be related to the portfolio composition rather than trade
timing. Nor should it be localized public information signals, because company news is widespread and should not have
local effects only.

5. Discussion and conclusions

Different investors adopt different trading strategies based on the available resources - time, capital, education, personal
experiences, and available public and/or private information. People seeking to reduce the cognitive burden while making
investment decisions may decide to follow other investors’ trading strategies. Indeed, as multiple studies have shown, social
influence increases market participation (Brown et al., 2008; Heimer, 2014; Hong et al., 2004), and, moreover, individuals are
more likely to act on public information when private personal information supports it (Katz and Lazarsfeld, 1955; Rogers
et al., 1962). These observations reinforce our intuition that investors may be inclined to use private information channels
that they trust to gain better profits at a smaller cost.

In this paper, we proposed a new approach to infer information networks from investor trading histories. The novelty of
our approach is in taking the effects of public information into account in the investor network inference procedure. This is
done by assigning abnormal trading states to investors, which allows us to link investor pairs based on their abnormal trad-
ing co-behavior. By comparing the information network resulting from our approach with the two most prominent investor
network inference methods (Ozsoylev et al., 2013; Tumminello et al., 2012), we found that our approach yields a signifi-
cantly different network topology. Moreover, the use of our method strengthens the association between investor centrality
and their future returns across different validation thresholds. Furthermore, we found that, with some exceptions, such as-
sociation becomes both statistically and economically more significant for networks validated with harsher thresholds.
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Overall, the use of our method yields significantly different network topology and stronger relation between investor’s
centrality and returns. At the same time, no major differences between our and existing methods are observed when an-
alyzing properties of information networks. In particular, the use of either method shows that the topological structure of
the resulting information networks is in stark contrast with the one expected under a centralized information diffusion: it
contains (i) multiple communities, (ii) low network centralization measures, (iii) significant link persistence, and (iv) short
physical distance between connected investors.

Our approach requires investor-specific models to predict their trading volumes. Depending on the complexity of the
model used, a significant number of trading observations may be required for each investor for reliable model estimation.
In our future research, we will investigate if more general models can describe investor behavior, which would allow us to
use investor group-level instead of individual-level models. While public shareholder registration data sets are available to
regulators, we hope data sets from other markets will become accessible to academic researchers.
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