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Abstract

This study investigates whether primary insider purchases in the Swedish stock market generate
excess returns and whether specific trade or firm characteristics strengthen this signal. Using
approximately 5,000 insider transactions from 400 companies (2016-2025), we simulate
investor returns by replicating trades on the first trading day following public disclosures.
Excess returns are measured relative to the OMX Stockholm 30 Index across 90-, 180-, and

365-day horizons.

The results show statistically significant but modest positive excess returns overall, indicating
that insider purchases contain informational value. Performance is strongly concentrated in
mid-cap firms (1-5B SEK), which outperform both small- and large-cap firms. In contrast,
transaction size provides no reliable incremental signal, and purchases made by CEOs/CFOs
underperform those by other insiders. Trades executed after major price declines (>20% in 30
days) systematically underperform normal insider purchases. Overall, insider buying contains

value-relevant information not fully incorporated into market prices at disclosure.
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Definitions

MAR: Market Abuse Regulation, the EU regulatory framework on market abuse (Regulation
(EU) No. 596/2014), covering insider dealing, unlawful disclosure of inside information,

market manipulation, and related disclosure and reporting obligations.

PDMR: Person Discharging Managerial Responsibilities. Individuals in senior managerial
positions who have regular access to inside information and the authority to make decisions
affecting the company’s future, such as CEOs, CFOs and board members (as defined under
MAR Article 3(1)(25)).

ER: The excess return(s) is defined as the stock’s return minus the return of our benchmark,

the OMX Stockholm 30 Index, over the same horizon.

MER: The mean excess return across all trades for a given holding period, calculated as the

mean of the individual excess returns ER®.

OMXS30: OMX Stockholm 30 Index which is a market-capitalization-weighted index
comprising the 30 most actively traded stocks on Nasdaq Stockholm. Widely used as a
benchmark for the Swedish equity market.
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1. Introduction

Primary insiders, such as executives, board members and major shareholders, possess superior
knowledge about their firm’s operations. This includes detailed insight into financial condition,
operational performance and future prospects. Their personal trading may therefore contain
information not yet reflected in stock prices (Seyhun, 1986). Academic research on primary
insider trading dates back to the 1960s, establishing a foundation for understanding these
information asymmetries. Investors seek to translate this insight into returns by interpreting

insider transactions as potential buy signals.

In Norway, this topic has gained considerable public attention through Innsideportefoljen, a
portfolio constructed and managed by Sigurd Sveen in the financial newspaper Finansavisen.
The portfolio holds five stocks which typically rotates every 1-3 months. Stock selection is
based on an evaluation of recent insider purchases on the Oslo Stock Exchange. To be included,
a trade must exceed NOK 1 million and represent a substantial increase in the insider’s holdings.
To complement the academic perspective with practical insight, we conducted an interview with
Sveen about the construction and performance of the portfolio. In this paper, however, we use
Innsideportefoljen primarily as a motivating example rather than as an object of formal analysis.

The interview in its entirety can be found in the appendix.

Innsideportefeljen vs OBX Index (1996-2025)

Annual Returns Comparison

mm Innsideportefaljen Avg Annual Return:
| mmm 0BX Index Innsideportefaljen: 34.6%
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Figure 1: Innsideportefoljen vs OBX annual and cumulative return based on data from Finansavisen.
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Since its inception in 1996, the portfolio has outperformed the index 26 out of 30 years. The
portfolio’s exceptional results have sparked a widespread debate regarding the predictive value

of insider trades in Norway.

Motivated by the strong performance and rising public interest in primary insider strategies, we
investigate whether similar dynamics appear in a comparable market. To explore this, we will
analyze all primary insider transactions across 400 companies listed on Nasdaq Stockholm since
2016. Further, we examine which types of trades provide the strongest signals, across

transaction size, insider categories and firm characteristics.
Based on these considerations we formulate the following research question:

Can following primary insider purchases in the Swedish stock market generate excess returns,

and do any insider categories or trade characteristics elevate this return?

2. Theory

This chapter reviews the literature on legal insider trading to provide a theoretical basis for

assessing both its profitability and its potential to generate excess returns.

2.1 Classification of Insiders

To contextualize our analysis, it is necessary to define what constitutes an insider under the
regulatory framework. This paper focuses exclusively on corporate primary insiders, meaning
individuals within the organization who hold positions that grant them regular access to value-

relevant internal information.

According to Article 3(1)(25) of the EU Market Abuse Regulation (MAR, EU No. 596/2014),
a “person discharging managerial responsibilities” (PDMR) is defined as: (a) a member of the
administrative, management or supervisory body of the issuer (e.g., CEOs, CFOs and board
members), or (b) a senior executive who, although not part of bodies referred to in (a), has

regular access to inside information.

In this study, we use reported transactions from Finansinspektionen’s official MAR reporting
system in Sweden (Finansinspektionen, n.d.). These disclosures include trades from PDMRs

(as defined under Article 3(1)(25)).
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2.2 Regulations on Insider Trading

Understanding the regulatory framework is important for assessing whether outside investors
can replicate disclosed insider purchases to achieve excess returns. Sweden is subject to the EU
MAR which regulates the use and disclosure of insider information. Article 7 of MAR defines
inside information as precise, non-public, and price-sensitive information. Article 17 of MAR

requires issuers to disclose such information to the public as soon as possible.

In Sweden, these disclosures are handled through Finansinspektionen's official reporting
system. According to Article 19, PDMRs have to report their transactions within three business
days. These filings are made publicly available, creating a transparent and accessible dataset
for outside investors. Article 19(11) of MAR additionally imposes a 30-day closed period before
financial reports, during which PDMRs are prohibited from trading. This regulatory structure
ensures timely and standardized disclosure of insider behavior, which makes it accessible for

the broader market.

2.3 Informed Traders and Asymmetric Information

“Markets operate under asymmetric information: Insiders know more than everyone else, and

1

they legally exploit that edge.” — Sigurd Sveen (interview)

This observation, made by Sveen, captures the core idea of informed trading under asymmetric

information.

Asymmetric information arises when some investors possess superior information about a
firm’s value than others. In equity markets, such information gaps can cause prices to deviate
from fundamental value, because not all relevant information is fully incorporated despite

public disclosures and analyst coverage.

In this setting, informed traders are those who trade strategically on their informational
advantage. Harris (2003, p. 10-1) defines informed traders as: “speculators who acquire and act
on information about fundamental values”. Within this framework, value traders are particularly
relevant. Value traders form their own assessment of fundamental value and are willing to hold
positions until market prices converge toward that valuation. These valuations can be based on

both private and public information.



FIN11 2025 1003, 1040, 1046, 1100

Primary insiders, especially CEOs and CFOs, are naturally viewed as informed traders. As part
of the organization, they have detailed knowledge of firm fundamentals, operational
developments and risk exposures. Although regulations prohibit trading on material non-public
information, several studies find that legal insider purchases still predict positive excess returns
(e.g. Lakonishok & Lee, 2001; Seyhun, 1986). A plausible explanation is that insiders act not
only on specific news events, but on a broader understanding of their firm’s long-term prospects
and performance. Such knowledge may not meet the legal definition of inside information under
MAR, vyet it still provides insiders with a persistent information advantage over outside

investors.

This perspective motivates our examination of insider transactions as informed trading signals
and underpins our hypothesis that insider purchases should, on average, be followed by positive

excess returns.

Spence’s (1973) signaling theory framework was originally developed in labor economics. It
has since been generalized to information-asymmetric markets, including finance, where costly
actions can function as credible signals. In this setting, insider purchases require insiders to
commit personal capital and accept regulatory oversight, which makes such trades a costly
action. According to signaling theory, more costly actions convey stronger and more credible
signals. Applied to insider trading, markets may therefore interpret larger personal purchases as
stronger indications of confidence in the firm’s valuation, even if insiders do not intend to

signal.

2.4 Efficient Market Hypothesis (EMH)

For primary-insider trades to generate excess returns, markets cannot be fully efficient.

Market efficiency refers to the extent to which asset prices reflect available information. Fama’s
Efficient Market Hypothesis (EMH) distinguishes between weak, semi-strong and strong forms
of efficiency (Fama, 1970). In the weak form, prices incorporate all historical price information.
In the semi-strong form, prices fully reflect all publicly available information and adjust
immediately to new announcements. In the strong form, prices also reflect non-public
information, implying that no group of investors, including insiders, can systematically earn

excess returns.
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However, the EMH has been challenged both empirically and theoretically. Behavioral finance
has documented several “anomalies” that appear inconsistent with market efficiency. These
include the momentum effect (Jegadeesh & Titman, 1993) and post-earnings announcement
drift (Bernard & Thomas, 1989). These anomalies suggest that markets do not instantly
incorporate all available information into prices. In response, Fama (1991) refined his view of
efficiency by explicitly incorporating trading and information-acquisition costs. Prices are
efficient as long as no investor can earn abnormal profits after these costs, and new information

is reflected in prices only when its value exceeds the cost of obtaining it.

In the context of insider trading, the semi-strong form is the relevant benchmark. If markets
were perfectly semi-strong-form, insider purchases would not predict future excess returns.
This because all public value-relevant information would already be incorporated into prices.
However, this assumes that insiders trade in line with MAR. Any systematic return pattern
following insider transactions therefore suggests a deviation from strict semi-strong efficiency.
In Fama’s (1991) cost-based view, however, such patterns can still be compatible with

efficiency if insiders face lower information-acquisition costs than other investors.
3. Data and Methodology

3.1 Data Sources

Our analysis combines two primary data components; insider transaction disclosures reported

to Finansinspektionen in Sweden and historical market price data obtained from Yahoo Finance.

The Finansinspektionen database compiles all trades reported under article 19 of MAR. Our
dataset covers all insider trades from 2016 to 2025 and contains the transaction date, publication
date, insider role, instrument type, volume, price, and ISIN. The MAR framework requires

PDMRs to report trades within three business days and ensures standardized disclosures.

Historical stock prices and index values were retrieved with Python programming using the
Yahoo Finance library. This source provides adjusted prices that account for stock splits,

dividends, and other corporate actions, ensuring consistency across the sample period.



FIN11 2025 1003, 1040, 1046, 1100

3.2 Return Calculation

Each insider transaction is treated as an independent event, producing a single observation of
stock performance over a fixed horizon. We computed the return an external investor would

have achieved by replicating each trade individually.

We evaluate performance over three holding periods: 90, 180 and 365 days. The 90-day window
captures the short-term information incorporation, while the 180- and 365-day periods examine
the predictive effect over a longer period. Using multiple timeframes ensures the simulated

return are not dependent on a single horizon, creating an opportunity for a broader assessment.

Entry Date and Price

To implement this procedure, the entry date of the trade was identified as the first trading day
following the public disclosure (Publication + 1). This ensures that the simulated return reflects
a realistic scenario for an outside investor. The entry price is defined as the midpoint between
the intraday high-low prices on entry day:

Parey = Phigh + Piow
2

Due to stock splits and other corporate actions, the insider’s manually reported stock price may
not align with Yahoo Finance’s adjusted price data for the transaction date. To account for this
when calculating returns, the Python code validated each reported price against the trading
range for that day. If the reported transaction price fell within the intraday range, it was used

directly. Otherwise, the midpoint of the trading range that day was applied.

Exit Price

The exit price is the adjusted closing price after the specified holding period of 90, 180 or 365
days. The stock return for trade i is:
p® _ p@

(i) __ exit
stock T
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Excess Return

To measure outperformance against the Swedish stock market, we calculate an equivalent
return on the OMXS30 Index using the same strategy as for the insider trades. The benchmark
return is:
@ )
i  _ Iexit - Ientry
OMX )
Ientry

R

The excess return (ER) for each trade i is defined as the difference between the stock return and
the index return:

i) _ p@d ®
ER(I) - Rsiock - RC;MX

3.3 Data Constraints and Practical Considerations

Our analysis relies exclusively on historical price data from Yahoo Finance. Prices are
automatically adjusted for stock splits, dividends and other corporate actions. Our return
calculations use the adjusted prices for both entry and exit, therefore dividends are not reflected
in our strategy returns. However, the OMXS30 Index includes dividends, which creates an

asymmetry in our comparison that should be considered when interpreting results.

Transaction costs are excluded in the return calculations. The average transaction cost per trade
in Sweden typically ranges from 0.069 — 0.25% per trade, which would reduce net returns in a
practical implementation (Avanza, 2025). The annual index management fee is excluded from

the analysis, amounting to approximately 0.25% per year.
Our analysis does not adjust for systematic risk (beta) as Yahoo Finance does not provide

consistent historical estimates across our sample. Observed excess returns may therefore partly

reflect compensation for higher risk.

10
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3.4 Data Filtering and Sample Selection

Insider disclosures were collected from Finansinspektionen on a company-by-company basis
and consolidated into a comprehensive dataset. The raw data contained approximately 60,000
mandatory insider disclosures covering the period from 2016 to 2025. To isolate transactions
suitable for return analysis we systematically filtered the data and applied the following criteria

to the dataset:

Security Characteristics

We restricted the sample to acquisitions of ordinary shares, excluding sales. The analysis was
limited to trades denominated in Swedish Krona (SEK) executed on exchange. Transactions
classified as “outside a trading venue” or involving derivatives (options, warrants, RSUs) were

excluded to ensure homogeneity.

Transaction Size

We imposed a minimum transaction value of 500,000 SEK to focus on trades with a substantial
size. Our threshold was inspired by Sigurd Sveen’s Innsideportefoljen, which operates with a
1,000,000 NOK minimum. The limit excludes minor purchases that may reflect other motives

than informed conviction, while retaining sufficient observations for the analysis.

Data Quality and Verification

Several data quality issues required manual verification and systematic exclusion. Due to
corporate actions, such as stock splits, mergers or recapitalizations, ISIN numbers occasionally
change. To ensure accurate price tracking, the ISIN consistency for affected securities was
verified. Observations with missing or invalid dates were excluded, as exact timing is important
for calculating the returns. We imposed a temporal constraint based on the holding period for

each study, making sure only trades with complete forward-looking price data were retained.

A structural limitation in the Finansinspektionen database is that disclosures reported in 2016
and parts of 2017 did not include instrument type. Since these filings may include options,
warrants and RSUs, they cannot be reliably classified as purchases of ordinary shares. While
this restriction reduces the number of observations, it ensures a homogeneous sample for the

analyzed period.

Given the size of the dataset, occasional data errors or inconsistencies may remain despite our
verification efforts. Such errors are most likely to affect the segmented analysis with multiple

filters, rather than the general analysis.

11
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Final Sample Composition

After applying all filters and verification of the data, our final sample composition consists of
approximately 5,000 valid transactions across 254 unique companies. The sample sizes vary
slightly by the different holding periods, because of the complete forward-looking price

requirement.

3.5 Return Measurement

For each insider purchase, we calculate excess return across different holding periods.
Performance will be evaluated using three primary metrics: Mean excess return, median excess
return and win rate. Each insider trade contributes to one observation per horizon, reflecting

how much each trade out- or underperformed the OMXS30.

(1) Mean Excess Return (MER)

For each horizon T € {90,180,365}, we calculate:

ER(T) = %z ERO(T)

This represents the average performance relative to the index and serves as our primary

indicator of whether insider purchases contain systematically predictive information.

(2) Median Excess Return
To provide a more robust measure of central tendency, we calculate the median excess return:

Median(ER(T)) = med { ERV(T), ..., ER™(T) L.

A positive median indicates that outperformance is not solely driven by a few extreme winners

but is widespread across the sample.

12
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(3) Win Rate

To assess consistency, we calculate the proportion of trades generating positive ER:

N
Win Rate(T) = %Z 1(ERD(T) > 0).

i=1

A win rate above 50% indicates that trades outperform the market more often than not,

supporting the presence of a systematic informational advantage.

4. Sub-questions and Hypotheses

Building on prior research and theoretical framework, we examine the following sub-questions:
1) Does replicating insider purchases as a whole generate excess returns?

This question forms the foundation of our analysis. Before examining specific trade and firm
characteristics, we first assess whether insider purchases, in aggregate, generate ER relative to
a passive investment in the OMXS30. Prior research generally finds that the ER from following

insider purchases in the Swedish market are modest, but positive (Sundling & Verschuur, 2014).

Hypothesis 1:
Insider purchases generate positive ER relative to the OMXS30 Index.

2) Does market capitalization affect insider trading returns?

Information asymmetry varies systematically across firms. Smaller firms exhibit lower analyst
coverage, thinner trading, and slower price incorporation (Bhushan, 1989; Brennan &
Subrahmanyam, 1995). Because insiders in smaller firms likely faces less efficient pricing, their

information should translate more directly into ER.

Hypothesis 2:

ER are stronger in companies with a lower market capitalization.

13
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3) Does transaction size influence predictive power?

Signal theory suggests that costly actions convey stronger information (Spence, 1973). For
insiders, a large personal purchase represents a credible signal of private information or strong
belief about future performance. Seyhun (1986) finds that ER increase with transaction size,

suggesting that insiders trade larger volumes when they possess more valuable information.

Hypothesis 3:

Larger transactions generate higher ER.

4) Do insider purchases reported after sudden price declines outperform other insider

trades?

This analysis is inspired by the well-documented short-term reversal effect, which suggests that
investors tend to overreact to negative information in the short run (De Bondt & Thaler, 1985).
If such overreactions occur, insiders with superior information might exploit these mispricing

by purchasing shares.

Hypothesis 4:
Insider purchases made after substantial short-term price declines generate higher ER than

other insider purchases.

5) Do certain insider positions provide stronger signals? (CEO, CFO, board members)

According to Harris (2003), traders vary in the quality and relevance of information they
possess. This implies that insiders also differ in informational advantage depending on their
role and involvement in the firm. Previous research on differing returns from inside trading for
CEOs and CFOs (Wang, Shin & Francis, 2012; Ozkan & Trzeciakiewicz, 2014) raised the

question of signal significance depending on the insider’s position.

Hypothesis 5:
Purchases by CEOs and CFOs generate higher ER than purchases by other insiders.

14
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5. Results

5.1 General Results

5.1.1 Following all Insider Trades

Our analysis of the valid transactions, covering 4,037-4,813 trades, produced the following

results:

90 days

4,813

3.26%

2.68%

2.48%

0.78%

56.5%

48.5%

22.29%

180 days

4,574

6.23%

5.37%

4.23%

2.00%

58.5%

52.1%

32.82%

4,037

10.43%

10.45%

9.20%

1.22%

59.1%

50.8%

365 days

47.29%

Figure 2: Overview of results for the strategy and the benchmark index.

Our results reveal consistent patterns in insider trading performance. We see that the inside
strategy outperforms the index across all holding periods. Additionally, 2/3 periods achieved a
win rate above 50% versus index, indicating that insider purchases contain meaningful
information about future price movements. The high standard deviation is expected, as the

analysis is conducted at the transactions level, reflecting the volatility of a single stock position.

An important methodological consideration arises when comparing the returns across different
holding periods. While the 90- and 180-day strategies show lower absolute returns per trade,
one might assume that annualizing these returns would result in a superior compound annual
performance. However, this assumption requires that trading signals are evenly distributed
throughout the year, to allow continuous reinvestment. Given the limited number of qualifying
signals in our dataset, this condition is unlikely to hold in practice. The observed returns for 90-
and 180-day strategies remain valid in their own timeframe but annualizing them would

overstate realistically achievable performance given the signals.

5.1.2 Average Return per Year

Figure 3 illustrates the annual average return of each insider trade compared to OMXS30 across
the three holding periods. The insider strategy outperforms the benchmark in the majority of
years, beating it 7/9 years for the 90- and 180-day horizon, and 6/8 for the 365-day horizon.
Moreover, we see substantial variation in performance over the years. The exceptional
performance during 2020 stands out in all holding periods, suggesting insiders take advantage

of periods with uncertainty and high volatility.

15
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AVERAGE RETURN PER TRADE VS OMX ANNUAL (2017-2025)

Holding Period: 90 days (n=4813 transactions)

Bl Insider Portfolio
33.1% B OMX Index

Average Return (%)

2017 2018 2019 2020 2021 2022 2023 2024 2025
Year

Holding Period: 180 days (n=4574 transactions)

Bl Insider Portfolio
31.6% B OMX Index

Average Return (%)

3% -11% rry

2017 2018 2019 2020 2021 2022 2023 2024 2025
Year
Holding Period: 365 days (n=4037 transactions)

Bl insider Portfolio
2. B OMX Index

Average Return (%)

2017 2018 2019 2020 2021 2022 2023 2024
Year

Figure 3: Average return per trade versus OMX Stockholm 30 Index annually.

Notably, the index returns vary from year to year. They reflect the average index movement
during the holding periods of trades initiated that year, rather than the calendar-year
performance. Another important note is the methodological distinctions: Figure 2 shows
weighted averages across all trades, while figure 3 presents the unweighted annual means. This
approach is better for illustrating year-to-year temporal variations in strategy performance and

prevent periods with high transactions amounts from dominating the visualization.

5.1.3 Return Distributions.

The display of Return distribution (Figure 4) for each holding period helps us to examine the
composition of the returns. Across all three distributions, it becomes evident that a relatively
small number of exceptional gains have a substantial impact on the overall performance. While
most trades generate modest returns around the median, occasionally outsized winners

significantly elevate the average.
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FINI1

We see that the probability of capturing the exceptional “home run” trades increase substantially
with longer holding periods. The 365 days strategy shows the most pronounced right tail with
several positive outcomes in Figure 4 beyond 150%. This effect diminishes with shorter holding
periods. Longer horizons give insider information more time to materialize in stock prices,
resulting in a greater number of exceptional gains. However, this comes at the cost of increased

overall dispersion and exposure to both upside and downside volatility.

RETURN DISTRIBUTION

Strategy performance following insider purchases
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Figure 4: Return distribution for the different time horizons.

5.2 Differentiation by Market Capitalization

Having established that, in aggregate, insider purchases generate ER, we next examine whether

these returns vary systematically across firm characteristics.

To test this, we segmented our dataset into four market capitalization groups for the different

holding periods as presented in Figure 5.

Note: As mentioned in 5.1 holding periods represent different time horizons and the returns
should not be compared directly. Compare market cap segments within each holding period

(within columns).
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Mean Excess Return by Market Cap and Holding Period

00 Days -0.05% 4.69% 0.11% -0.19%

(3.46% vs 3.50%) (7.50% vs 2.81%) (2.59% vs 2.48%) (2.13% vs 2.33%)
(n=203) {n=865) (n=793) (n=2938)

-

=}

=

&

S 60 Days. 0.61% -0.76%

'_E (7.18% vs 6.57%) (2.97% vs 3.73%)

E (n=196) (n=2823)

I

365 Days.- 10.09%

{21.49% vs 11.40%)
(n=751)

158 510B
Market Capitalization (SEK)

Figure 5: Mean Excess Return for each market cap segment across the different holding periods.

The distribution of observations across market cap segments is uneven. The >10B segment
contains the largest number with 2508-2938 trades, compared to the <1B segment with only
181-203 trades. However, a larger sample does not imply stronger returns. The >10B segment

underperforms the index across all holding periods, with MER ranging from -0.19% to -3.23%.

The results support the information asymmetry hypothesis, with the 1-5 billion SEK segment
generating ER across all holding periods. In this segment the analyst coverage is limited yet the
liquidity remains sufficient for meaningful positions. This finding suggests that insider
information retains predictive value in mid-cap firms, where the gap between what the insiders

know and what the market has priced in remains substantial.

A win rate exceeding 50% compared to index represents a genuine informational advantage. As
shown in Figure 6, the 1-5B segments maintain this edge across all holding periods. This
consistency, over a total of 751-865 trades per period, confirms that insider purchases carry

predictive value in companies with a medium-sized market cap.
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Win rate vs. index by Holding Period (1-5B SEK Market Cap)

90 Days 180 Days 365 Days
0, () )
52.5% 53.8% 51.7%
Win Rate Win Rate Win Rate
454 wins | 411 losses 447 wins | 384 losses 388 wins | 363 losses
Qutperformed | Underperformed Outperformed | Underperformed Outperformed | Underperformed

Figure 6: Proportions of trades outperforming the OMX Stockholm 30 Index within the 1-5B SEK market cap.

5.3 Differentiation by Transaction Value

Having established that market capitalization influences the return of the strategy, we further
investigate whether transaction size influences these returns. The signaling hypothesis suggests
that larger purchases reflect stronger conviction. To examine whether transaction size
influences return across different market caps, we segmented the dataset into four transaction

value categories across all holding periods, as presented in Figure 7.

Mean Excess Return by Transaction Value and Holding Period

30 Days - 0.79% 0.33% 0.94%
(3.05% vs 2.26%) (3.13% vs 2.81%) {3.29% vs 2.34%) 3

{n=1484) (n=1947) (n=914) 3
: &
2 £
£ 12
& @
o 180 Days - 1.30% 0w
:E {5.70% vs 4.39%) 8
3 (n=876) -1 ﬁ
T c
3

-2
=

365 Days - 1.23%

(10.26% vs 9.03%)
(n=1257)

15M 5-10M >10M
Transaction Value (SEK)

0.5-1M

Figure 7: Mean Excess Return for each transaction value across the different holding periods.
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The lower returns in Figure 7 compared to Figure 5 reflect an aggregation effect. Because
Figure 7 pools transactions across all market caps, the negative returns from the >10B
companies dilute the positive returns from medium-sized companies. To account for this, a
nested heatmap was constructed. Figure 8 displays ER across holding periods and transaction
value. Cells with fewer than 75 observations are hidden. The heatmap reveals a clear pattern.
The >10B segment consistently underperforms with a large number of samples, while positive

returns are concentrated in the segments with lower market cap.

Nested Heatmap: Mean Excess Return by All Dimensions
Market Cap x Holding Period x Transaction Value

Transaction Value 55

0.1% -1.9% 3.9% 5.2% -0.3% -1.8% -0.2% -0.2% 500k-1M | 1M-5M s
n=97 n=77 n=371 n=352 n=259 n=363 n=760 n=1162
90 Days
5M-10M [ >10M 10.0
4.3% 6.2% 3.7% 0.1% -0.0%
n=77 n=75 n=96 n=290 n=740
Showing n = 75 only 78
T
.g -0.1% 6.6% 5.4% 4.8% -0.9% -0.6% 50 o
g n=94 n=354 n=237 n=310 n=738 n=1111 %
g, 180 Days 25 E
35 6.6% -1.9% -0.0% &
g n=89 n=276 n=712 0.0 ‘_E“
o
H
5.2% 4.3% 4.8% -4.3% -2.1% :
n=84 n=191 n=245 n=667 n=987 g
365 Days -25
12.1% -9.3% -0.9%
n=81 n=244 n=624
<1B 1-5B 5-10B >10B ib
Market Cap (SEK)

Figure 8: Mean Excess Return for market cap and transaction value over the different holding periods.

The 5-10B segment shows strong performance, but relative to the 1-5B segment the sample size
is notably smaller. Within the 1-5B market cap column, six out of seven cells exceed 300
observations. Given this combination of strong returns and sufficient data, we proceed with a

closer examination of this segment.

The following figures presents scatter plots of ER for the 1-5B SEK segment across all three
holding periods.
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Figure 9a: Scatter plot visualizing Strategy Return vs Index across different transaction value intervals.
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Figure 9b: Scatter plot visualizing Strategy Return vs Index across different transaction value intervals.

180-day holding period and 1-5B market cap.

21



FIN11 2025 1003, 1040, 1046, 1100

Strategy vs Index Return by Transaction Size
(1-5B SEK Market Cap, 365-Day Holding Period)
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Figure 9c: Scatter plot visualizing Strategy Return vs Index across different transaction value intervals.
365-day holding period and 1-5B market cap.

Both the 500k-1M and the 1-5M transaction sizes demonstrate strong performance across the
90-, 180- and 365-day holding periods. The 1-5M category consistently holds a consistent edge,

with a slightly higher win rate of 52-54% compared to 51-53% for the smaller transaction sizes.

The largest transactions (above 10M SEK) show mixed results. While performing well at the
shorter horizons, with an excess return of up to 8.8% in 180 days, they underperform
substantially over the 365-day period with a win rate below 50%. However, these findings
should be interpreted with caution, as the SM-10M and 10M+ categories comprise only 55-77
observations per period. In contrast the two best performing categories together represent over

630 trades per holding period, providing a more reliable sample.

5.4 Buying the Dip?

To test our hypothesis on this topic, we identified insider purchases made after a decline of
>20% in the last 30 days. This identified 469-497 trades depending on holding period. We then

compared their subsequent returns to the index.
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Win Rate
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90 days

497

3.28%

Return

4.10%

Return

5.01%
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54.1%

(vs Index)

47.5%

Buy the Dip Return

35.13%

180 days

487

4.88%

3.54%

7.85%

51.5%

46.6%

50.47%

365 days

469

13.02%

3.35%

21.32%

51.2%

41.2%

72.02%

Figure 10: Results for "buying the dip" strategy.

Figure 10 shows that the “buying the dip” strategy consistently underperforms across all

holding periods. Despite generating positive absolute returns, the strategy underperforms

against index. The results are clear when looking at the win rates, 51.2% of the returns were

positive in the 365-day holding period, but only 41.2% outperformed the index. However, when

filtering the trades year by year, the picture is more nuanced, as shown in Figure 11.
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20

—20

Mean Excess Return (%)
o

—40 4

Buy The Dip: Performance by Year

(30-day lookback, -20% trigger, 365-day holding period)

Trades are grouped by the year of purchase

38.8%
31.7%

16.5%

-11.2% -9.5%
-35.8%
—60 1 .. Positi\.te ER 58.4%
W Negative ER
2018 2019 2020 2021 2022 2023 2024
n=39 n=20 n=128 n=58 n=143 n=52 n=29

Figure 11: Annual performance of the “Buying the dip " strategy.

The 2021 results initially appeared remarkable, showing a mean excess return of -58%. Upon

closer inspection of the trades within this year, the extreme underperformance was largely

driven by the tech communication company Sinch AB. After rising 900% during 2020, the stock

started declining from its peak in 2021. As the price fell, and triggered our -20% threshold,

insiders started buying stock. The stock ultimately collapsed over 90% over the next year, which

illustrates that insider purchases during a decline do not necessarily signal a turnaround.
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A possible explanation is managerial hubris bias, discussed further in Section 7 (Malmendier &
Tate, 2005). More broadly, buying the dip does not appear to be a reliable strategy for generating

excess returns, as outcomes vary widely across years and market conditions.

5.5 Insider Position

Finally, we examine whether trades made by the CEO and CFO generate higher mean ER than
trades made by other primary insiders. After applying the CEO/CFO position filter, 1,017-1,237
trades remained across the different holding periods. Our hypothesis is that CEOs and CFOs
are more hands-on in the operation, giving them superior value relevant information. However,

the results tell a different story:

CEO + CFO vs All Others: Mean Excess Returns
Do Top Executives Outperform?

I CEO + CFO
3 All Others

2.48%

Mean Excess Return (%)

-0.83%

20 f)ays 180 bays 365 bays
Holding Period (Days)

Figure 12. Average ER for the groups CEO+CFO and all other executives for all three horizons.

Figure 12 compares the average excess return for CEO + CFO against all other insider trades.
Across all holding periods CEO + CFO trades underperform, with lower or negative ER. This

indicates that key executives as CEO + CFO do not outperform other insiders.
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Figure 13: Comparison of ER distribution for the groups CEO + CFO with all other inside trades.

To understand this pattern more clearly, Figure 13 illustrates the full distribution of returns. The
box represents the interquartile range (where 50% of trades fall), the thick black line indicates
the median, and the white diamond shows the mean return. The CEO + CFO group shows wider
boxes and more extreme values, indicating substantially higher volatility and less consistent

outcomes compared to other insiders.

The combination of lower returns and higher volatility makes CEO + CFO trades comparatively

less attractive than other insider trades.

6. Statistical analysis

To complement the descriptive findings in Section 5, we will conduct a series of statistical tests
to evaluate the robustness and statistical significance of our findings. First, we test whether
insider purchases as a whole generate excess returns relative to the OMXS30 using one-sample
t-tests. Second, for each subgroup analysis (market capitalization, transaction value, insider
position, and buying-the-dip trades), we compare groups using one-sided Mann—Whitney U-
tests. Finally, for subgroups that appear to outperform in the descriptive analysis, we run

additional one-sample t-tests against the index.

All tests are done with a significance level of a = 0.05.
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6.1 One sample T-test of Mean Excess return > 0

Having established descriptive evidence of positive excess returns in Section 5, we now test
whether these returns are statistically different from zero. We evaluate this using a one-sided

one-sample t-test with the following hypotheses:
Ho: average excess return < 0

Hi: average excess return > 0

Distribution of Excess Returns
90-Day Holding Period ONE-SAMPLE T-TEST

—— Normal Distribution . .
Hypothesis Testing:

=== Hap=0 He: p = @ (No excess return)

=—— Mean = 0.78%

Hi: p > 0 (Positive excess return)
0.025 = Median = -0.45%
95% CI
DESCRIPTIVE STATISTICS
0.020 Sample Size (n) 4,813
Mean Return 0.78%
Median Return -0.45%
Z Std. Deviation 19.91%
& 0.015 Std. Error 0.2870%
c
TEST STATISTICS
0.010 t-statistic 2.7234
p-value (one-tailed) 0.003243
95% Confidence Interval:
0.005 [0.22%, 1.34%]
EFFECT SIZE
0.000 Cohen's d 0.8393
-50 0 50 100 150 200 250
Excess Return (%)
Figure 14a : Distribution of ER for the 90-day holding period.
Distribution of Excess Returns
180-Day Holding Period ONE-SAMPLE T-TEST
=—— Normal Distribution
0.0200 = He =0I ! Hypothesis Testing:
—M o He: p = © (No excess return)
— Mean = 2.00% Hi: p > 0 (Positive excess return)
0.0175 —— Median = 0.63%
95% CI
DESCRIPTIVE STATISTICS
0.0150
Sample Size (n) 4,574
Mean Return 2.00%
0.0125 Median Return 0.63%
2z Std. Deviation 29.01%
‘B Std. Error 0.4289%
g 0.0100
TEST STATISTICS
0.0075 t-statistic 4.6579
p-value (one-tailed) 0.000002
0.0050 95% Confidence Interval:
[1.16%, 2.84%]
0.0025
EFFECT SIZE
0.0000 Cohen's d 0.0689

-100 0 100 200 300 400
Excess Return (%)

Figure 14b: Distribution of ER for the 180-day holding period.
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Distribution of Excess Returns

365-Day Holding Period ONE-SAMPLE T-TEST
[
o —— Normal Distribution
0.016 } = Hup=0 Hypothesis Testing:
1 ) . He: p = 0 (No excess return)
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Figure 14c: Distribution of ER for the 365-day holding period.

The results (Figure 14) show statistically significant positive excess returns across all three
holding periods. The 90- and 180-day periods are significant at the 1% level (p = 0.003 and p
<0.001), while the 365-day period is significant at the 5% level (p =0.031). This indicates that
insider transactions contain predictive value, with the strength and evidence varying across time
horizons. Effect sizes (Cohen’s d) are small in all cases, indicating that although the signal is
statistically detectable, the magnitude is modest relative to the volatility of individual stock
returns. While the t-tests show statistically significant excess returns, the corresponding effect

sizes are small, meaning that the economic magnitude of the signal is modest.

6.2 Mann-Whitney U-Tests: Market Cap Segment Analysis

To evaluate if the excess return varies systematically across companies with different market
capitalizations, we conducted a non-parametric one-sided Mann—Whitney U-test. We apply a
Bonferroni correction to account for multiple comparisons, adjusting the significance level by
dividing a by the number of group-wise tests performed. As the 1-5B SEK segment delivered
the strongest excess returns, we compare this group against all other market-cap segments. We

define our hypotheses:

Ho: ER for the 1-5B segment < ER in the comparison group

Hi: ER for the 1-5B segment > ER in the comparison group
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Mann-Whitney U-Test Results - 90-Day Holding Period
Hi: 1-5B SEK segment outperforms other segments (one-sided test)
Bonferroni-corrected a = 0.01667 (for 3 comparisons)

Comparison MER i ege Bonferroni
p-value Significance Significant?

Comparison Group MER Difference

1-5Bvs <1B -0.05% +4.74% 0.031621 v Significant *
1-5B vs 5-10B 0.11% +4.58% 0.001296 # v Significant ** s Yes
1-5B vs >10B -0.19% +4.88% 0.004093 7 v Significant ** 7 Yes

Figure 15a: Results of the Mann-Whitney U-tests for market cap for the 90-day holding period.

180-day Holding Period

Bonferroni
Significant?

Comparison MER
Group MER Difference p-value

Comparison Significance

1-5B vs <1B 0.61% +7.17% 0.001058 + v Significant **
1-5B vs 5-10B 6.30% +1.48% 0.819161 X Not Significant
1-5B vs >10B -0.76% +8.53% 0.000068 v v« Highly Significant ***

Figure 15b: Results of the Mann-Whitney U-tests for market cap for the 180-day holding period.

365-day Holding Period

Bonferroni
Significant?

Comparison MER

Comparison Group MER Difference

p-value Significance

1-5B vs <1B 8.09% +2.00% 0.000431 v+ v Highly Significant ***
1-5B vs 5-10B 6.20% +3.89% 0.380982 X Not Significant
1-5B vs >10B -3.23% +13.32% 0.000005 +v v Highly Significant ***

Figure 15¢: Results of the Mann-Whitney U-tests for market cap for the 365-day holding period.

The results show that the 1-5B segment significantly outperforms both small-cap (<1B) and
large-cap (>10B) segments across all holding periods. These results remain robust even after
the Bonferroni correction (a-adjusted = 0.0167), with the comparison against large-cap firms
showing high significance across all horizons (all p < 0.005). However, the small-cap
comparison in the 90-day horizon does not remain significant after correction (p = 0.032 >

0.0167).

When comparing the 1-5B segment with the 5-10B segment, we observe a significant difference
only in the 90-day period (p = 0.0013). This advantage disappears in the 180-day (p = 0.82) and
365-day (p = 0.38) periods. Overall, this suggests that the informational advantage of insider
trading signals extends beyond the narrow 1-5B SEK range.
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To test whether the outperformance of the index for the 1-5B segment is statistically significant,
we conduct a one-sided t-test on ER within this market cap. The results (Figure 16) show that
the mid-cap segment deliver highly significant positive ER across all periods. Moreover, we
observe a stronger effect size (Cohen’s d) compared to the full sample, indicating a strong and

economically meaningful signal in this segment.

One-Sample t-Test Results
Hi: Mean excess returns are significantly greater than zero

Period Outperformance t-statistic Significance Cohen's d
90 days 865 4.69% 4.82 0.000001 ek 0.1641
180 days 831 7.78% 5.63 0.000001 e 0.1953
365 days 751 10.09% 5.54 0.000001 ik 0.2023

Figure 16: Results of the T-test for market cap 1-5B.

6.3 Mann-Whitney U-Tests: Transaction Value

To examine the strength of insider signals based on the transaction value, we compare the 1-5
million SEK transaction size against all other transaction-size groups. We perform the same

Mann-Whitney U-test as for market cap, with the following hypothesis:
Ho: ER for 1-5M trades < ER for the comparison group

Hi: ER for I-5M trades > ER for the comparison group

Mann-Whitney U-Test Results - 90-Day Holding Period
Hi: 1-5M SEK segment outperforms other segments (one-sided test)
Bonferroni-corrected a = 0.01667 (for 3 comparisons)

1 Comparison MER S Bonferroni
E R Group MER Difference [l Slinlicaes Significant?

1-5M vs <1M 0.84% -0.45% 0.479350 X Not Significant
1-5M vs 5-10M 1.99% -1.61% 0.945376 X Not Significant
1-5M vs >10M 0.94% -0.55% 0.975640 X Not Significant

Figure 17a: Results of the Mann-Whitney U-Test for transaction volume for the 90-day holding period.
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180-day Holding Period

Bonferroni
Significant?

Comparison MER

Comparison Group MER Difference

p-value Significance

1-5M vs <1M 2.05% +0.18% 0.387011 X Not Significant
1-5M vs 5-10M 2.23% +0.01% 0.464410 X Not Significant
1-5M vs >10M 1.30% +0.94% 0.734746 X Not Significant

Figure 17b: Results of the Mann-Whitney U-Test for transaction volume for the 180-day holding period.

365-day Holding Period

Bonferroni
Significant?

Comparison MER

Comparison Group MER Difference

p-value Significance

1-5M vs <1M 1.37% +0.56% 0.085196 X Not Significant
1-5M vs 5-10M -2.48% +4.42% 0.019766 v Significant *
1-5M vs >10M 1.34% +0.59% 0.804248 X Not Significant

Figure 17c: Results of the Mann-Whitney U-Test for transaction volume for the 365-day holding period.

Across all three holding periods, none of the comparisons remain statistically significant after
applying the Bonferroni correction. Only the comparison between 1-5M vs 5-10M shows
significance at the conventional 5% level. However, it does not remain significant under the

adjusted threshold (o = 0.0167).

Since no transaction size-segment consistently outperform others, additional testing against
index is not justified. Overall, these results indicate that there is no evidence that insider

transactions in the 1-5M range generate higher ER than other transaction sizes.

6.4 Mann-Whitney U-Tests: Insider Position

To determine whether the observed underperformance of CEO and CFO trades is statistically
significant rather than a sample-specific outcome we conduct a one-sided Mann-Whitney U-
test. Since we are comparing two groups, we exclude the Bonferroni correction. We formulate

the following hypothesis:

Ho: CEO + CFO ER > ER of other insiders

H;:: CEO + CFO ER < ER of other insiders
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Mann-Whitney U-Test: CEO+CFO vs Other Insiders (One-Sided Test)
H,: CEO+CFO trades yield lower excess returns than other insider trades

% Comparison MER S
Comparison Group MER Difference Significance
90 CEO+CFO < Others 1.21% -1.64% 0.000000 v v v Highly Significant ***
180 CEO+CFO < Others 2.47% -1.86% 0.000001 v v v Highly Significant ***
365 CEO+CFO < Others 1.83% -2.37% 0.000335 v v v Highly Significant ***

Figure 18: Results of the Mann-Whitney U-Test for different insider groups.

The results show that the underperformance of CEO + CFO trades compared to other insiders
is significant. All p-values are well below the 5% threshold, allowing us to reject Ho. This

implies that the observed underperformance is statistically robust.

Our focus in this subsection is on the internal performance differences within insider groups.

Therefore, further tests against the index are not necessary.

6.5 Mann-Whitney U-Tests: Buying the Dip

To test whether “buying the dip” insider trades underperform normal insider trades, we conduct
a one-sided Mann—Whitney U-test comparing trades made after a >20% price drop over a 30-

day lookback window with all other insider purchases. The hypotheses are:

Hoy: ER for dip-buying trades > ER for normal insider trades

H:: ER for dip-buying trades < ER for normal insider trades

Mann-Whitney U-Test: Buy After Dip vs Normal Trades (One-Sided Test)
H,: Buying after a 20%+ dip (30d lookback) yields lower excess returns than normal trades

Comparison %OI'I:::T'ISE"; DiffhgnE-:nce Significance
90 Dip < Normal 1.06% -2.79% 0.000232 v v v Highly Significant ***
180 Dip < Normal 2.58% -4.31% 0.000042 v v v Highly Significant ***
365 Dip < Normal 2.47% -4.20% 0.007835 v v Significant **

Figure 19: Results of the Mann-Whitney U-Test for buying after the dip strategy.
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The results show a clear and statistically significant pattern: buying after a major dip
does not generate higher excess returns compared to normal insider trades. Across all holding
periods, dip-buying yields 2.8%—4.3% lower MER, with all p-values well below the 5% level.
This confirms that “buying the dip” is a systematically weaker signal than ordinary insider

purchases and provides no support for using it as a profitable strategy.

7. Discussion

7.1 Interpretation of Findings

Our findings show that insider purchases generate statistically significant excess returns. This
supports informed trader theory: insiders hold value-relevant information that is not
immediately incorporated into market prices. As Sveen emphasized in our interview, insiders
operate under persistent informational asymmetry, and our results confirm that this advantage

has measurable, although economically small, predictive power.

The concentration of returns in the 1-5B SEK segment aligns with the information-asymmetry
mechanism. Small- and mid-cap firms typically face limited analyst coverage and less frequent
public attention, increasing the gap between insider knowledge and market expectations. These
results are in line with the original formulation of EMH Under Fama’s (1991) cost-based view
of efficiency, such deviations are consistent with efficiency, as insiders face far lower
information-acquisition costs than outside investors in these firms. This contrasts with Fama’s
(1970) semi-strong formulation, which does not account for information acquisition costs and

would therefore view such excess returns as deviations from efficiency.

While signal theory suggests that following trades with higher transaction values should
produce higher excess returns, our results show no such effect. One possible explanation is that
executing large transactions is harder in small-and-midcap companies, precisely the segment

we found made the highest excess return.
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The underperformance of CEO and CFO trades relative to other insiders challenges the intuitive
hierarchy of informational value. MAR's 30-day closed period restricts the timing of executive
trades, reducing their ability to act strategically. In addition, executive purchases may be more
visible to the market, leading to faster price incorporation before outside investors can act. The
stronger performance of other insiders suggests that informational advantages are context-

dependent rather than purely positional.

Finally, trades executed after large price declines underperform normal insider purchases. This
pattern is consistent with hubris bias, where insiders overestimate their own judgment and
interpret sharp drawdowns as temporary mispricing rather than signals of deteriorating
fundamentals (Malmendier & Tate, 2005). These results suggest that insiders’ informational
advantage is most reliable in normal trading conditions and not in periods dominated by

drawdowns.

Overall, the evidence indicates that insider transactions convey information, but the strength of
this signal varies systematically across firms, insiders, and trading contexts. The findings
support informed trader theory, highlight limits to semi-strong efficiency, and demonstrate that

informational value is segmented rather than uniform.

7.2 Limitations

7.2.1 Data limitations

Our dataset relies on disclosures from Finansinspektionen and historical prices from Yahoo
Finance. Corporate actions, such as delisting and exclusion of companies not found with Yahoo
Finance may introduce survivorship bias. Return calculations exclude dividends from the
returns, while the benchmarked index includes them. This makes our excess return estimates

conservative. The transaction cost and index management fee are also excluded.

Yahoo Finance prices are adjusted for stock splits and corporate actions. When the insider's
reported transaction price falls outside the adjusted daily range, we use the midpoint to calculate
their return. This introduces minor inaccuracy in insider return calculations but does not affect

strategy returns, which use publication day + 1 as entry.

7.2.2 Analytical limitations

Each transaction is analyzed independently. This isolates the informational content in each

trade, yet it fails to reflect a realistic portfolio with capital constraints or compounding returns.

33



FIN11 2025 1003, 1040, 1046, 1100

Several segmented analyses suffer from small samples. In addition, the sample period (2016-
2025) includes the COVID-19 crash, during which insider performance was exceptional.

Results may therefore differ in other market conditions.

The analysis compares each trade’s return with the index over identical holding periods,
ensuring that ER are measured consistently across different timeframes. However, the 90- and
180-day strategies cannot simply be annualized, since this would assume a steady flow of
trading signals that allows continuous reinvestment. Given the limited number of qualifying
trades, this assumption is unlikely to hold, and annualized figures would overstate realistically
achievable portfolio performance. This deviates from a passive portfolio where an investor

would hold the index continuously rather than buying and selling alongside each trade.

Statistical inference in our study is subject to several limitations. Return distributions are non-
normal and heavily tailed, making parametric tests such as the t-test sensitive to outliers and
deviations from normality. In the segmented analysis small-sized companies reduce statistical
power and increase the likelihood of failing to detect true effects. Moreover, testing multiple

subgroups introduces a risk of false positives, even after applying Bonferroni corrections.

7.3 Practical Implications

“If you beat the market more than 50% of the time, you re good. If you beat it 51% of the
time, you 're extremely good. And if you beat it 52%, you 're phenomenal.”

— Peder Viervoll, Head of Quantitative Trading, NBIM

Results show that optimal trading strategies achieve win rates of up to 52-53%, and 50.8%
annually for all trades. These results suggest that insider transactions contain exploitable

information even in a modern regulatory Nordic environment.

Our findings imply that insider signals should not be treated as uniformly informative. The
predictive value in our analysis is concentrated in mid-cap firms, where analyst coverage is
more limited than for large-cap companies. In other words, the market appears more efficient
in firms with broad analyst coverage. This has implications for how market participants

interpret disclosed transactions and shows that insider trades are not equally informative.
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The persistent underperformance of “buying-the-dip” insider trades suggests that large price
declines do not strengthen the insider signal and should not be interpreted as unusually attractive
opportunities. Additionally, CEO and CFO trades show weaker informational value than trades
by other insiders and should not be prioritized when using insider transactions as a screening

tool.

Overall, our strong and significant results present several practical implications for outside
investors. Our findings suggest that firm size matters more than specific insider positions such
as CEO and CFO. Investors seeking to maximize their gains over a 365-day period should,
according to our findings, follow insider trades in the mid-cap segment. However,
implementing this strategy requires following a large number of trades and diversifying across

many firms, as the edge only materializes in the aggregate.

Finally, these implications apply to Sweden during the 20162025 period. Market structure,
disclosure practices, and coverage intensity differ across countries, meaning that insider-based
strategies may not yield similar outcomes elsewhere. Practical implications must also recognize

that patterns found in historical data do not necessarily persist in future market conditions.

8. Conclusion

The aim of this study was to examine whether trades made by primary insiders are followed by
excess returns, and whether specific trade or firm characteristics strengthen the signal. Across
all three holding periods, insider purchases are on average associated with modest positive

excess returns, indicating that such trades contain limited but detectable informational value.

The signal is not uniform across all insiders or firms. Purchases in mid-sized firms show
consistently stronger performance than those in smaller and larger firms. However, transaction
size and purchase timing provide little incremental explanatory power. Furthermore, trades
made by CEOs and CFOs underperform those made by other insiders, suggesting that

executives offer weaker informational signals than commonly assumed.

Overall, the findings are consistent with previous research and indicate that following primary

insider transactions can generate significant excess returns.
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To build on these findings, future research could incorporate a more explicit treatment of risk.
This could be done by constructing an insider-based portfolio, such as Innsideportefoljen and
evaluating risk-adjusted performance using standard asset pricing models. In addition, further
studies could examine whether insider sell transactions carry the same informational content as
purchases. Although this topic has been researched previously, updated evidence is needed to
assess whether the documented patterns persist in more recent data and across different market

conditions.
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Appendix

Interview with Sigurd Sveen, translated from Norwegian to English

Q1: How is “Innsideportefeljen” structured?

The portfolio consists of five different companies listed on the Oslo Stock Exchange, where
primary insiders invested a substantial amount. The five companies are equally weighed at all
times, which means that we have to rebalance the portfolio when the stock prices move.
Additionally, we exclude transactions costs. We only change the portfolio once a week on
Friday at 12 o’clock. We use the last traded price, as long as it does not fall outside the interval
between the bid and ask prices when the portfolio is frozen. If the bid price is higher than the
last traded price, we use the bid price, and vice versa for the ask price. In 2001 we introduced
stop-loss, which means that if the price of a stock on any given day has a closing price that is
30% or more below the entry price in the portfolio, it is automatically removed with a 30% loss

and replaced with an interest-free cash amount until the next update.
Q2: What do you look at when considering what stocks to include in the portfolio?

We have some criteria but can deviate from them if we find it reasonable. One criterion is that
the purchase has to be of a certain size. We currently have a requirement of around 1 million
NOK. Additionally, the transaction has to be a pure acquisition of shares, not a part of an
incentive scheme. Another aspect is that the transaction has to lead to a substantial increase in
the total holdings of the stock. For example, if John Fredriksen buys Frontline shares for 10
million NOK, we disregard that, as this would be a minor increase. At last, we only consider

stocks listed on Oslo Stock Exchange.

Q3: Are there certain types of trades you follow more than others or is the portfolio rule-

based?

We try to be as mechanical as possible and limit human involvement. We have certain criteria
and follow them, though we make some deviations occasionally. Usually, we remove the stock
that has been in the portfolio the longest when a new insider purchase appears. But we make
exceptions if one stock has performed very well recently and another has done poorly. The same
applies to insider purchases within the same sector. The insider portfolio always consists of
only five stocks and must not become too concentrated in one industry. If there is an insider

purchase in a salmon company and the insider portfolio already owns a salmon stock, we
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remove the other salmon company to avoid too much exposure to a single type of stock. We

deviate a bit in cases like this, but we try to stay as mechanical as possible.

Q4: How has the returns of the portfolio been since its start compared to index?

I do not have the cumulative return in my head, but we have data on the return for each year
individually. I think we have beaten the index in 26 out of 30 years. I can send you this

information by email later.

QS5: What do you think is the reason for this outperformance?

Well, markets run on asymmetric information: insiders know more than everyone else, and they
legally exploit that edge. Insiders have much better knowledge about day-to-day operations and
how the pipeline looks, than analysts and other people outside the company. Therefore, these
trades can often give valuable information about how the people on the inside value the current

stock price.

Q6: After managing the portfolio for many years, have you noticed any specific primary-

insider transactions that is followed by greater returns?

No, I don’t pay attention to that as this is a minor part of my work as a journalist. However, I
have read and talked to people with more experience within this topic and they have mentioned
that, for example, transactions made by CEO or CFO are followed by higher returns in the stock
compared to what transactions made by board members are. This might be because they are

more hands-on in the operation and know more about the outlook than the board.

Q7: The “Innsideportefeljen” has outperformed the index for 26 out of 30 years, what do

you think about the regulations for primary insiders?

As said, there is asymmetrical information out there, where those inside the company know
more than the rest of the market, and they make use of that — legally, of course. I haven’t really

got any specific thought on the regulations other than that.
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Companies included in Analysis

Under 1B SEK (32 companies)

Acrinova

Boule Diagnostics
Eniro Group
Inissian

Moment Group
Netel Holding
ProfilGruppen

Stockwik Férvaltning

Actic Group
Consilium
Eolus Vind
K2A

NCC
Nilérngruppen
RAIL

Studsvik

B3 Consulting Group

DORO
HAKI Safety

Lammhults Desigh Graup

Nelly Group

PION

Seafire

‘Wall to Wall Group

BE Group

EWork Group
Infrea

Micro Systemation
Net Insight

Pierce Group.
Senzime

Wise Group

1-5B SEK (85 companies)

AAK

Arise

Bulten

Catena Media PL.C
Eastnine

Ependion
Fastighetsbolaget Emilshus
Genova Property Group AB.
Humana

Knowit

Mekanomen

ASCELIA PHARMA
BONESUPPORT HOLDING
Byggmax Group

Cinclus Pharma Holding
Egtis Therapeutics

FM Mattsson Mora Group AB
Ferronordic Machines

Green Landscaping Group
Infant Bacterial Therape.
MMGR

Mildef Group

AcadeMedia

Balco Group

C-RAD

Clas Ohlson

Elanders

Fasadgruppen Group
FormPipe Software
HEXPOL

International Petroleum ..
Mangold

Momentum Group

Ambea

Bergman & Beving

CTEK

CaoinShares International
Eltel

Fastator

Gaming Innovation Group ..
Hanza Holding

K2A Knaust & Andersson F.
MedCap

NOTE

Annehem Fastigheter
Betsson

Catella

Duni

Enad Global 7
Fastighets AB Trianon
Garo

Hoist Finance
KlaraBo Sverige
Medivir

NP3 Fastigheter

IRLAB Therapeutics

ITAB Shep Concept

Inwido

John Mattson Fastighetsf..

Necho Fastigheter Mordisk Bergteknik Orexo orrén Energy Ovzon

Prevas Pricer Proact IT Group Profoto Holding RVRC Holding
RaySearch Laboratories Rejlers Rottneros Scandi Standard Sedana Medical
Sivers IMA Holding Sleep Cycle Starbreeze Stenhus Fastigheter i No. Svedbergs i Dalstorp
TF Bank Tobii Tobii Dynavox Transtema Group VBG GROUP

VNV Global Vicore Pharma Holding WBGRB Xspray Pharma Oresund, Investment
5-10B SEK (41 companies)

AQ Group Alimak Group Attendo BTS Group Besgab

Bilia Boozt Bravida Holding Bufab Cint Group

Cloetta Coor Service Management .. Episurf Medical Fagerhult Group Heba Fastighets

Karnov Group

Hansa Biopharma
Halmen
Indutrade

Lifco

Mycronic
Nyfosa

Q-Linea

S5AB

sdiptech
Stillfront Group
Thule Group

Vitec Software Group

Xbrane Biopharma

Hemnet Group
Hufvudstaden
Intrum

Lindab International
NCAB Group
Oncopeptides.
Ratos

SWECO

Securitas
Starskogen Group
Trelleborg

Vitrolife

Hennes & Mauritz AB, H & M
Humble Group

K-Fast Holding
Lundbergféretagen AB, L E
NIBE Industrier

PCELL

SBB

Sagax

Sinch

Swenska Handelsbanken
Troax Group

Volvo

Hexagon
Immunovia
Kinnevik
Medicover
Nordea Bank
Pandax

SCA
Sandvik
Skandinaviska Enskilda B.
Swedbank
VOLCAR

Wallenstam

Latour Logistea Lundin Mining Corporation New Wave Group Nivika Fastigheter
Nolato Norion Bank Platzer Fastigheter Hold.. Rusta skistar
Sveafastigheter Swedish Logistic Property SynAct Synsam Systemair
Trianen Truecaller Vestum Viaplay Group Volati

Yubico

10B+ SEK (96 companies)

AFRY ASSA ABLOY AddLife Addtech Alfa Laval
Alleima Alligator Bioscience Arjo Atlas Copco Atrium Ljungberg
Avanza Bank Holding BICO Group Beijer Ref BillerudKorsnas Boliden

Bonava Bure Equity CATENA Camurus Castellum

Cibus Nordic Real Estate Corem Property Group Dometic Group Dustin Group Electrolux

Elekta Embracer Group Engcon Essity Evolution

Fabege Fastighets AB Balder Fastpartner Fingerprint Cards Getinge

Hexatronic Group
Industrivarden
Lagercrantz Group
Mips

Nordnet

Peab

SKF

Scandic Hotels Group
Skanska

Swedish Orphan Biowitrum
Vimian Group

Wihlborgs Fastigheter

Note: Market capitalization based on median value during sample period.

Companies listed alphabetically.
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Python Code

Analysis of Swedish Primary Insider transactions and using the strategy.

Empirical analysis of Swedish insider acquisition transactions.

he script:
Reads insider transaction data from Excel file.

. Applies a set of strict sample filters (transactien type, instrument, currency, etc.).
Cleans and validaotes the dota (dates, prices, volumes, transaction values).
Links each insider transaction te a Yohoo Finance ticker.

. Simulates a troding strategy that enters one day after the publication date
and holds the steck for a fixed horizen (HOLDING_PERIOD DAYS).
Computes buy-and-hold stock returns, insider returns (adjusted for stock splits),
and benchmark returns using the OMX Stockholm 38 Inde:x.
Estimates the market capitalization at entry using implied shares outstanding
where available.
Exports the final dotaset to Excel.

ort os
-t time
datetime import timedelta, datetime
t pandas as pd
t yfinance as yf

1 openpyxl import load_workbook

1 openpyxl.styles import PatternFill

EXCEL_FILE 1 Primary Insiders 2816-2825.xlsm"

DE LAY_BETI\'EEN_REQUESTS = 0.5

MIN_TRANSACTION VALUE_SEK

pd.read_excel(EXCEL_FILE, sheet_name=8)
print(f“Loaded {len{df)} rows jfrom Excel™)
print(f“Columns found: {list{df.columns)}\n")

(“Applying STRICT

print(f“Starting with: {len

‘Original_Status'] = df[ ‘Status ']
‘Original_Unit'] = df[ "Unit"]

Filter 1: Nature of transaction (Column L) = 'Acquisition
before = len(df)
df = df[df[ ‘Nature of transaction'] == "Acquisition’]
Removed {before - len(df)} rows (kept {len(df)})") #

'Share
before = len(df)
df = df[df[ "Intrument type'] ‘Share']
print(f” Removed {before - len{df)} rows (kept {len(df)}}")




before =
df = df[
print{f*

print(

before =
print{f*
df = df[
print(f”

print{"\
before =

= df[
primt{f"

before =
print(f

= df[
print(f"

Tran
"Publ
"Pric

1003, 1040,

nFilter 3: Currency (Column T
len(df)

df[ "Currency’'] == K']
Removed {before n(df

Filter 4: Status
len(df)

tatus values in data: {dff 'Status’].value _counts().to dict()}")
df[ ‘Status '] == "Current']

Removed {before - len{df)} rows (kept {len(df)})"} # Show

nFilter 5:

len(df)

df[ 'Trading venue'] != "Outside a
Removed {before - len(df)} rows (

+4
len(df)
Unit values in data: {df[ 'Unit’
df[ "Unit "] "Quantity ]
Removed {before - Len(df)} rows (kept {lemn{df}})")

J.value counts().to dict()}")

saction date’] = pd to datetlme(df[ Transaction s errors=‘coerce’[)
ication date’] = pd.to datetlme(df[ Pubblcﬁulﬁr "], errors=‘coerce’|)
€'] = pd.to_numeric(df[ ‘Price’ ], errors="coerce ")

Volume '] = pd.to_numeric(df[ ‘Volume'], errors="coerce”)

= df
df[

= df[
print(f

len(df)

.dropna(subset=[ 'Publication date’, 'Price’, 'ISIN', ‘Volume'])

df [ "Price’] > @]
df[ "Volume'] > @]
Removed {before -

t(f"\nFilter 7: Transaction value : T TION V4 UE_SEK:,.8f} SEK")

df[ ‘Tran
before =
df = df[
print{f*

df = df.

rint("\
rint(f"

rint("=

def get i

saction_Value SEK'] = df[ "Volume’ ] * df[ PPlCc 1
len(df)
df['TPaﬁsactisﬁ_VbLu

Removed {before -

reset_index(drop=True)
n" + "=" * &a)

FINAL: {len(df)} rows ready for analysis")
" x 6o+ "\n")

d+’) * DELAY BETWEEN REQUESTS / 60
with {DELAY BETWEEN REQUESTS}s delay:

market_cap_at_entry(stock, our_entry_price):

info = stock.info

results

implied_shares = 1nfo.get( 1msL1cd5raPc59uLsLard1rg 5 Ncne)
if implied_shares and implied shares > @:
market - cap_: sek (our entry_price * implied shares) / 1_eee_aea
irn round(market_cap_sek, 2), 'IMPLIED®

y . B
shares outstandlng 1nfo get('shaa:sﬂutstanding', Mone)
if shares_outstanding and shares_outstanding > @:
market_cap_sek = (our_entry price * shares_outstanding) / 1_086_ 060
~eturn round(market_cap_sek, 2}, 'REGULAR®

n None,
xception:
~n None,




'success': @,
‘no_ticker': @,
‘no_exit’: @,
‘no_index': @,
‘skipped future’: @,
‘error’: @,
‘mcap_implied®: @,
‘mcap_regular®: @,
‘mcap failed': @

}

for i, row in df.iterrows():
transaction_date = row[ 'Transaction date’
publication_date = row[ 'Publication dat

€

exit_dat te + timedelta(days=HOLDING PERIOD DAYS)

isin = row[ 'IS.

insider_price = row[ ‘Price’]

volume = row[ "Volume "]

transaction_value = row[ ‘Transaction Value SEK']

today = datetime.now()
if exit_date > today:
stats[ ‘skipped future'] += 1

and DELAY_BETWEEN_REQUESTS > @:
time.sleep(DELAY BETWEEN_REQUESTS)

ticker = None

test = yf.Ticker(isin)
h = test.history(period="5d")
if not h.empty:

ticker =

test ticker = f{isin}.sT"
test = yf.Ticker(test_ticker)
h = test.history(period="5d")
if not h.empty:

ticker = test ticker

test_ticker = f"{isin}.sSG"
test = yf.Ticker(test_ticker)
h = test.history(period="5d")
if not h.empty:
ticker = test_ticker
Exception:

stock = yf.Ticker(ticker)

our_entry_h = stock.history(start=our_entry_date, end=our_entry date + timedelta(days=7))
if our_entry_h.empty:

stats[ ‘'no_exit’'] += 1

our_entry_price = (our_entry_h[ "High'].iloc[@] + our_entry h[ 'L




if mcap_method =
stats[ ‘mcap_
1if mcap_method
stats[ ‘mcap

stats[ ‘mcap failed'] += 1

in
split detected = False
split ratio = 1.8

insider_h = stock.history(start=transaction_date, end=transaction_date + timedelta(days=7))
if not insider_h.empty:

yahoo_high = insider_h[ 'High'].iloc[@]

yahoo_low = insider_h[ "Low"].1

yahoo_mid = {yahoo_high + yahoo_low) / 2

insider_price_adjusted

g p
split_detected

insider_price_adjusted = yahoo_mid

split_ratio = insider_price / yahoo mid if yahoo mid > @ else

Exception:

£ U g price on the st t ] e (within
exit_h = stock.history(start=exit_date, delta(days
if exit h.empty:

stats[ ‘no_exit’] += 1

exit_price = exit h[ "Close’].iloc[@]

- : oMK S
omx = yf.Ticker (" 0OMX™)
idx_entry = omx.history(start=our_entry date, end=our_entry date + timedelta(days=7))
idx_exit = omx.history(start=exit_date, end=exit_date + timedelta(days=7))
if idx_entry.empty or idx exit.empty:

stats[ ‘no_index'] += 1

stock_ret = ((exit_price / our_entry_price) - 1) * 188

insider_ret = ((exit_price / insider_price adjusted) - 1) * 1@@

index_ret = ((idx_exit[ ‘Close’].iloc[@] / idx_entry[ ‘Close’].iloc[@]) -| 1) * 188
outperf = stock_ret - index_ret

if (i +1) % 108 ==
print(f“Processed {1 + 1}/{len(df)} B ucce constructed) ™)

results.append({
‘Person’: row.get( 'Person discharging managerial responsibilities’,
'Position’: row.get('Position’, "'},
‘Company ': row.get( 'Instrument name', ''),
'ISIN': isin,
'Ticker': ticker,
‘Transaction Date': transaction_date,
'Publication Date': publication_date,
'Our_Entry Date’: our_entry_date,
"Exit_Date': exit_date,
"Volume ': volume,
‘Insider Price Reported': insider_price,
‘Transaction Value SEK': round(transaction_value, 2),
"In
Market_Cay ': mcap_method,
‘Split Detected’: 'YES' if split_detected else 'MO°,
‘Split_Ratio’: round(split ratio, 2),
'Our_Entry Price’: round(our_entry price, 2)
"Exit_Price’: round(exit_price, 2),
'Our_Stock Return_X': round(stock_ret, 2),
‘Insider Return &': round(insider_ret, 2),
‘Index Return_%': round(index_ret, 2),
'Our_Outperformance X%': round(outperf, 2),
"VERIFY Natur row[ ‘Original_Nature'],
'VERIFY Instrument_Type': row[ 'Original_Instrument Type'],
'VERIFY Currency’: row[ 'Original_Currency'],
'VERIFY Status': row[ 'Original_Status'],
'VERIFY Trading Venue': row[ ‘Original_Trading Venue'],
'VERIFY Unit': row[ 'Original_Unit"]
by

stats[ ‘success'] += 1
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ept Exception a
stats[ ‘error ']

print{“\n
print(“RESULTS SL¥
rint("=" * 68)
print(f Successfully constructed trades: {stats['success']J}")
print(f“Skipped due to insufficient future data: {stats['skipped future
rint(f"Failed - no ticker mapping: {s..a..s."rc ticker J}")
rint(f"Fail no exit price: {stats['no exit']J}")
no index data: {stats['no index"]}™)
ather errers: {stats|'error']}")
if results:
df_results = pd.DataFrame(results)
output_file = os.path.join(
os.path.dirname (EXCEL_FILE),
'Results Primary Insider 5@@k 365.xlsx’

=" * §@)
t VERIFICATION CHECK™)
)

violations = @

if (df_results[ 'VERIFY Nature'] != ‘Acquisition’).any():
bad = (df_results[ "VERIFY Nature'] != 'Acquisition’).sum()
print(f"Warning: {bad} results are not ‘Acquisition’.™)
viclations += bad

if (df_results[ 'VERIFY Instrument Type'] != "Share”).any():
bad = (df_results[ "VERIFY. Jrs..."un':ent_?'ype'] 'Share').sum()
print(f“Warning: {bad} results are not 'Share'."
violations += bad

if (df_results[ 'VERIFY Currency'] != "SEK").any():
bad = (df_results[ "VERIFY Currency’] != "SEK").sum()
print(f"Warning: {bad} results are net 'SEK'.")
violations += bad

if (df_results[ 'VERIFY Status'] != t_u.'.'cm').any():
bad = (df results['VERIFY Status'] != 'Current’).sum()
print(f"Warning: {bad} results are not ‘Current’.”)
viclations += bad

if (df_results[ 'VERIFY Trading Venue'] itside a trading venue').any():
bad = (dfﬁresults['VERIF‘QT."Gdl'ngﬁV&n ue'] == 'Outside a trading venue'}).sum()
print(f"Warning: {bad} results are 'Outside a trading venue'.")
violations += bad

if (df_results[ 'VERIFY Unit'] != ‘Quant{._, e any()
bad = (df results[ 'VERIFY Unit'] != QuarLlL, ). sum()
print(f“Warning: {bad} results are not ‘Quantity’ (Like
viclations += bad

if violations ==
print("ALL results pass filter verification.™)

rint(f"\nTotal verification vielations: {violations}")
rint("Inspect the VERIFY * columns in the output file for details.")

p
P

df_results.to excel(output file, index=F

Applying color coding to
load_\vor‘kbook(output_‘File)
wh.active

mcap_col 1dx = None
methodicolildx = None
for idx, cell in enumerate(ws[1], 1):
if cell.value == 'Market_Cap SEK_
mcap_col_idx = idx
if cell.value == 'Market_Cap Method':
method col_idx = idx

v g ed fo
green_ flll Patter‘nFlll(start_color‘= 99EE9E ", end_color="98E SG‘ » Till] type="solid"})
yellow fill = PatternFill(start_color='FFFFaa8"’, End_culur='FFFF@@ , Till type='solid")
red fill = PatternFill(start_color="FFB6C1", end_color="FFBEC1"', fill type="solid')

- row_idx in range(2, ws.max_row + 1):
method_cell ws.cell(row=row_idx, column method_col_idx)
mcap_cell = ws.cell{row=row_idx, column= mcap_cnl_ldx)

if method_cell.value ' IMPLIEL
mcap_cell.fill = gr‘een_‘Flll

elif method_cell.value == "REGULAR':
mcap_cell.fill = yellow fill

elif method_cell.value == ‘FATLED":
mcap_cell.fill = red_fill

wh.save(output_file)
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Buying after the dip calculation.

t pandas as pd
import yfinance as yf

EXCEL FILE = r"C:\Users\Documents\FIN11\Innsideportef@ljen Return Data 1996-2025.xlsx"
HOLDING PERIODS = [9@, 180, 365]

DELAY_BETWEEN_REQUESTS = 0.5

MIN_TRANSACTION VALUE_SEK = 500000

LOOKBACK_DAYS = 3@

LOOKBACK_THRESHOLD = -20

df = pd.read excel(EXCEL_FILE, sheet_name=0)
print(f“Loaded: {len(df)} rows™)

df = df[df[ ‘Nature of transaction’] == 'Acquisition’]
print(f"After Acquisition filter: {len(df)} rows™)

df = df[df[ "Intrument type'] == 'Share’]
print(f"After Share filter: {len(df)} rows")

df = df[df[ "Currency'] == "SEK']
print(f"After SEK filter: {len(df)} rows")

df = df[df[ ‘Status'] == 'Current’]
print(f"After Current status filter: {len(df)} rows™)

df = df[df[ ‘Trading venue'] != ‘Outside a trading venue']
print(f"After Trading venue filter: {len(df)} rows")

df = df[df[ 'Unit’] == "Quantity’]
print(f"After Quantity filter: {len(df)} rows™)

df[ "“Transaction date’] = pd.to_datetime(df[ ‘Transaction date’], errors="coerce |
df[ "Publication date’] = pd.to_datetime(df[ ‘Publication date’], errors='coerce |
df[ "Price’] = pd.to_numeric(df[ ‘Price’], errors="coerce")

df[ "Volume'] = pd.to numeric(df[ "Volume'], errors="coerce")

df.dropna(subset=[ 'Publication date', 'Price’, 'ISIN', "Volume'])
df[df[ ‘Price’] > @]
df[df[ ‘Volume'] > @]

print(f"After cleaning NaN/invalid: {len(df)} rows")

df[ ‘Transaction Value SEK'] = df[ "Volume'] * df[ "Price’]
df = df[df[ 'Transaction Value SEK'] >= MIN_TRANSACTION VALUE SEK]
print(f"After min transaction value (500k SEK): {len(df)} rows™)

df = df.reset_index(drop=True)
print(f"\nReady for analysis: {len(df)} trades\n™)

def check_lookback_3@d(ticker, entry date, threshold_pct=-20):
"""Check if stock dropped 20%+ in 30 days before entry™""

download_start = entry date - timedelta(days=90)
download_end = entry date + timedelta(days=5)

stock = yf.Ticker(ticker)
hist = stock.history(start=download start, end=download end)
hist.index = hist.index.tz localize(None)

entry prices = hist[hist.index >= entry date]
if len(entry prices) == @:

return False, None
entry_price = entry prices[ 'Close’].iloc[8]

target_lookback = entry date - timedelta(days=30)
lookback_prices = hist[hist.index <= target_lookback]
if len(lookback_prices) == 0:

return False, None
lookback_price = lookback_prices[*Close’].iloc[-1]

return_pct = ((entry_price - lookback price) / lookback price) * 100
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return pct = ((entry price - lookback price) / lookback price) * 100
is down = return pct <= threshold pct

~eturn is down, round(return pct, 2)
~eturn False, None
def get_ticker(isin):
"""Try ticker formats to find working one

for ticker format in [isin, isin + '.ST", isin + ".S5G']:

j test_stock = yf.Ticker(ticker_format)
if len(test stock.history(period="5d")) > @:

return ticker format

def get_market_cap_at_entry(stock, our_entry price):
Calculate market cap at entry™""

rara

infe = stock.info
shares = info.get( 'sharesOutstanding’, None)
if shares and shares > @:
~eturn round((shares * our entry price) / 1 000 ©ee, 2), "IMPLIED®
mcap = info.get( 'marketCap’, None)
if mcap and mcap > @:
~eturn round(mcap / 1 000 000, 2), ‘REGULAR'

None, ‘FAILED®

all results = {}

for HOLDING_PERIOD_DAYS in HOLDING PERIODS:
results = []

for i, row in df.iterrows():

isin = row[ "ISIN"]

publication date = row[ "Publication date’]
transaction_date = row[ 'Transaction date']
insider_price = row[ "Price’]

volume = row[ "Volume ']

transaction_value = row[ ‘Transaction_Value SEK']

our entry date = publication date + timedelta(days=1)
exit_date = our_entry_date + timedelta(days=HOLDING_PERIOD_ DAYS)

if exit date > datetime.now():

continue

ticker = get ticker(isin)
if not ticker:
ntinue

is_dip, lookback_return = check_lookback 3@d(ticker, our_entry date, LOOKBACK THRESHOLD)
if not is_dip:

continue
stock = yf.Ticker(ticker)

entry data = stock.history(start=our_entry date, end=our_entry date + timedelta(days=5))
if len(entry_data) == @:

continue

first_day = entry_data.iloc[@]
our entry price = (first day[ 'High'] + first day[ ‘Low']) / 2
market_cap, mcap_method = get_market_cap_at_entry(stock, our_entry_price)
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Figure 1: Innsideportefeljen vs OBX 1996-2025.

split_detected = False

split_ratio = 1.0

insider_price_adjusted = insider_price

if abs((insider_price - our_entry price) / our_entry price) * 100 > 20:
split_detected = True
split_ratio = insider_price / our_entry price
insider_price_adjusted = our_entry price

exit data = stock.history(start=exit date, end=exit date + timedelta(days=5))
if len(exit data) == @:

continue
exit price = exit data[ 'Close’].iloc[0@]

index = yf.Ticker(""0MX™)
idx_entry = index.history(start=our_entry date, end=our_entry date + timedelta(days=5))
idx_exit = index.history(start=exit_date, end=exit date + timedelta(days=5))
if len(idx_entry) == @ or len(idx_exit) == @:
continue

stock_ret = ((exit_price / our_entry price) - 1) * 100

insider_ret = ((exit_price / insider_price_adjusted) - 1) * 100

index ret = ((idx exit[ "Close’].iloc[@] / idx entry[ ‘Close’].iloc[@]) - 1) * 100
outperf = stock ret - index ret

results.append({
'Person': row.get('Person discharging managerial responsibilities’, "'),
'Position’: row.get( 'Position’, "),
"Company ": row.get( "Instrument name’, '"),
'ISIN': isin,
‘Ticker': ticker,
‘Transaction_Date’: transaction_date,
‘Publication Date’: publication_date,
‘Our_Entry Date': our_entry_date,
'Exit_Date': exit_date,
‘Volume': volume,
‘Insider Price_Reported’: insider_price,
‘Transaction Value SEK': round(transaction_value, 2),
‘Insider Price Adjusted’: round(insider_price_adjusted, 2),
‘Market Cap SEK Millions': market cap,
‘Market Cap Method®: mcap method,
‘Split Detected’: "YES' if split detected else 'NO°,
'Split Ratio’: round(split ratio, 2),
'Our Entry Price’: round(our entry price, 2),
'Exit Price’: round(exit price, 2),
'Our_Stock_Return_%": round(stock_ret, 2),
'Insider Return_%': round(insider_ret, 2),
'Index Return _%': round(index_ret, 2),
‘Our_Qutperformance_%': round(outperf, 2),
‘Lookback_Period Days': 3@,
‘Lookback_Return_%': lookback_return,
‘Condition Met : ‘3@d down -20%'})

time.sleep(DELAY BETWEEN REQUESTS)
except:

continue
all results[HOLDING PERIOD DAYS] = results
output file = os.path.join(os.path.dirname(EXCEL FILE), 'Results Lookback Filtered.xlsx")

with pd.ExcelWriter(output_file, engine=‘openpyxl') as writer:
for holding_period in HOLDING_PERIODS:
results = all_results[holding_period]
if results:
df_results = pd.DataFrame(results)
df_results = df_results.sort_values( 'Our_Entry Date")
df_results.to_excel(writer, sheet name=f"Hold {holding period}d”, index=False)
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# FIGURE 1

import pandas as pd
import matplotlib.pyplot as plt
£ numpy as np

ef create_figurel_swapped():

# Load data from Excel
file path = r'C:\Users\Documents\FIN11\Innsideporteféljen Return Data 1996-2625.xlsx"
df = pd.read_excel(file path)

# Extract columns

years = df.iloc[:, @].astype(int).tolist()

insider_annual = df.iloc[:, 1].tolist()

obx_annual = df.iloc[:, 2].tolist() Column C:

t Calculate cumulative returns
insider_ cumulative = [100]
obx_cumulative = [100]

for ret in insider_annual

insider cumulative.append(insider cumulative[-1] * (1 + ret/100))
for ret in obx_annual

obx_cumulative.append(obx cumulative[-1] * (1 + ret/100))

# Colors

insider_color = "#0066FF"
obx_color = "#e74c3c’

(ax1, ax2) = plt.subplots(2, 1, figsize=(14, 10))

# Annual Returns Bar Chart
x = np.arange(len(years))

axl.axhline(y=8, color='black’, linewidth=08.8, zorder=2)

axl.set_ylabel( ‘Annual Return (%)°, fontweight="bold", fontsize=11)

axl.set_title( ‘Annual Returns Comparison’, fontweight=‘bold’, fontsize=11, loc="left")
ax1.set_xticks(x)

ax1.set_xticklabels(years, rotation=45, ha='right’, fontsize=9)

ax1.legend(loc="upper left’, fontsize=10)

axl.grid(axis="y ", alpha=0.3, zorder=1)

axl.set _x1im(-@.5, len(years) - 0.5)

# Remove top and right spines
axl.spines[ “top "].set visible(False)
axl.spines[ ‘right’].set _visible(False)

# Cumulative Performance
years_cumulative = [years[@] - 1] + years

ax2.semilogy(years cumulative, insider cumulative, color=insider color, linewidth=2.5,
label="Innsideportefgljen’, marker='o", markersize=5,
markerfacecolor="white”, markeredgecolor=insider_color, markeredgewidth=1.5)
ax2.semilogy(years_cumulative, obx_cumulative, color=obx color, linewidth=2.5,
label="0BX Index’, marker="o0", markersize=5,
markerfacecolor="white‘, markeredgecolor=obx_color, markeredgewidth=1.5)

ax2.set_ylabel( 'Cumulative Value (log scale)', fontweight="bold", fontsize=11)

ax2.set_xlabel( 'Year®, fontweight='bold", fontsize=11)

ax2.set_title(f Cumulative Performance ({years[@]}-{years[-1]})", fontweight="bold", fontsize=11, loc="left")
ax2.legend(loc="upper left’, fontsize=10)

ax2.grid(True, alpha=0.3, which="both")

ax2.set_xlim(years[@] - 1, years[-1])

# Remove top and right spines
ax2.spines[ "top'].set_visible(False)
ax2.spines[ ‘'right'].set_visible(False)

# Stats box

insider total = insider cumulative[-1] / 100

obx_total = obx_cumulative[-1] / 1@@

insider_avg = np.mean(insider_annual)

obx_avg = np.mean(obx_annual)

outperform years = sum{1 for i, o in zip(insider_annual, obx_annual) if i > o)
n_years = len(years)

stats_text = (f"Innsideportefgljen: {insider total:.@f}x ({insider_avg:.1f}¥ avg)\n"
F"0BX Index: {obx_total:.8f}x ({obx_avg:.1f}¥ avg)\n"
f"Outperformed {outperform years}/{n_years} years™)

props = dict(boxstyle="round,pad=0.5", facecolor=‘white",
edgecolor=insider color, linewidth=2)
ax2.text(@.98, ©.085, stats text, transform=ax2.transAxes, fontsize=10,
verticalalignment="bottom", horizontalalignment='right"’,
bbox=props, fontweight="bold")

plt.tight layout()
plt.savefig( 'Figurel final swapped.png®, dpi=300,

bbox_inches="tight ", facecolor="white")
plt.close()
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Figure 2, 10 and 15-19. The code is representative for all figures, creating tables with different

data.

import pandas as pd
rt matplotlib.pyplot as plt

# File paths

df_9@ = pd.read_excel(r"C:\Users\Documents\FIN11\Results_Primary Insider 500k_90.xlsx")
df_180 = pd.read_excel(r"C:\Users\Documents\FINI1\Results_Primary_Insider 500k _180.xlsx")
df_365 = pd.read_excel(r"C:\Users\Documents\FINI1\Results_Primary_Insider 580k _365.xlsx")

def calculate_stats(df, period_name)
n = len(df)
strategy_return = df[ 'Our_Stock_Return_%'].mean()
median_return = df[ 'Our Stock Return ¥'].median()
avg_index_return = df[ "Index Return %¥'].mean()
mean_alpha = df[ 'Our_Outperformance %'].mean()
win_rate positive = (df[ 'Our_Stock Return %'] > ©).sum() / n * 168
win_rate vs_index = (df[ 'Our Outperformance %'] > @).sum() / n * 160
std dev = df[ "Our_Stock Return %'].std()

return
'Holding Period': period_name,

'Number of Transactions': n,

'Strategy Return': strategy return,
'Median Return': median_return,

'Avg. Index Return': avg_index_return,
'Mean Alpha': mean_alpha,

'Win Rate (Positive)': win_rate_positive,
'Win Rate (vs Index)': win_rate_vs_index,
'Std. Dev.': std_dev}

# Calcula all holding periods
stats_9@ = calculate_stats(df_9@, '9@ days')
stats_18@ = calculate_stats(df_188, '189 days')

stats_365 = calculate stats(df_ 365, '365 days')
all stats [stats_98, stats_ 188, stats_365]

fig, ax = plt.subplots(figsize=(16, 2.2))
ax.axis( 'off")
# Headers
columns = [ 'Holding\nPeriod', 'Number of\nTransactions', 'Strategy\nReturn’,
'‘Median\nReturn', 'Avg. Index\nReturn', 'Mean\nAlpha’,
'Win Rate\n(Positive)', 'Win Rate\n(vs Index)', 'Std. Dev.\nStrategy Return']

table_data = []
for stats in all_stats:
row = [
stats[ 'Holding Period'],
f"{stats[ 'Number of Transactions']:,}",
f"{stats[ 'Strategy Return']:.2f}%",
f"{stats[ 'Median Return']:.2f}%",
f"{stats[ 'Avg. Index Return']:.2f}%",
f"{stats[ 'Mean Alpha']:.2f}%",
f"{stats[ "Win Rate (Positive)']J:.I1f}%",
f"{stats[ "Win Rate (vs Index)']:.1f}%",
f"{stats['Std. Dev.']:.2f}%"]
table_data.append(row)

C table

table = ax.table(
cellText=table_data,
colLabels=columns,
cellloc="center’,
loc="center',
bbox=[@, 8, 1, 1])

table.auto_set_font_size(False)
table.set_fontsize(11)
table.scale(1, 1.8)

# Colors

header_color = '#0866FF'
row_light = "#E3F2FD'

row_white = "#FFFFFF'

alpha_bg = "#CBE6C9"
alpha_positive = "#2E7D32'
alpha_negative = "#(62828'

in range(len(columns)):
cell = table[(®, i)]
cell _set facecolor(header color)
cell _set_text_props(weight="'bold’', color='white', size=18)
cell _set_edgecolor( 'black’)
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ow_color = row_white

n(columns)):
col_id

alpha_val i 1 y ]
alpha_val >
, color=alpha_po ive,

, color=alpha_negative,

bbox_inch
, pad_inct

plt.show()
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Figure 3. Average return per trade vs OMXS30 annually 2017-2025.

pandas

numpy
matplotlib.pyplot as plt

df 90 = pd.read excel(r"C:\Users\Documents\FIN11\Results Primary Ti o
df 180 = pd.read excel(r"C:\Users\Documents\FIN11\Results Primary Insider 5¢
df_365 = pd.read_excel(r"C:\Users\Documents\FIN11\Results Primary Insider

rs
COLOR_BLUE = *
COLOR_RED =

fig, axes = plt.subplots(3, 1, figsize=(18, 16))
fig.suptitle( "AVERAGE RETURN PER TRADE VS OMX ANNUAL (26
fontsize=22, fontweight="bold"’, y=08.995)

periods = [("90 days', df 98), (‘180 days', df 180), (365

for idx, (period_name, df) in enumerate(periods):
ax = axes[idx]
df clean = df[df[ "Our Stock Return %"].notna() & df[ "Index Return %'].notna()].copy()
df clean[ "Year'] = pd.to datetime(df clean[ ‘Transaction Date']).dt.year

yearly stats = df_clean.groupby( "Year').agg({
‘Our_Stock_Return . ‘mean’,
‘Index Return %': ‘mean’,
'Year": 'count

1) .rename(columns={ "Year': ‘Count'})

x = yearly stats.index
width = @.35
x_pos = np.arange(len(x))

barsl = ax.bar(x pos - width/2, yearly stats['Our Stock Return %¥'], width,

label="Insider Portfolio’, color=COLOR_BLUE, alpha=0.85, edgecolor='black’, linewidth=1.5)
bars2 = ax.bar(x_pos + width/2, yearly stats[ 'Index Return %], width,

label="0MX Index', color=COLOR RED, alpha=0.85, edgecolor='black’, linewidth=1.5)

ax.axhline(y=0, color='black', linestyle="-", linewidth=2, zorder=0)

ax.set xlabel( 'Year', fontsize=14, fontweight="bold")

ax.set ylabel( 'Average Return (%)°, fontsize=14, fontweight="bold")

ax.set title(f'Holding Period: {period name} (n={len(df clean)} transactions)’,
fontsize=16, fontweight="bold’, pad=15)

ax.set xticks(x pos)

ax.set xticklabels(x, rotation=0, fontsize=12)

ax.legend(loc="upper right’, fontsize=13, frameon=True)

ax.grid(True, alpha=@.3, axis="y")

# is limits

y_max = max(yearly_st Jur_Stock_Return_%"].max(), yearly stats['Index Return_%'].max())
y_min = min(yearly_stats[ 'Our_Stock Return ¥'].min(), yearly stats[ 'Index Return_%'].min())
y_range = y _max - y_min

ax.set ylim(y min - y range ¥ @.15, y max + y range * 0.20)

bars in [barsl, bars2]:
- bar in bars:
height = bar.get_height()
label y = height + y_range * 0.02 if height > @ else height - y_range * 0.02
va = 'bottom’ if height > @ else "top”
ax.text(bar.get x() + bar.get width()/2., label y, f'{height:.1f}%",
ha=‘center®, va=va, fontsize=11, fontweight="bold’,
none’, alpha=0.7))

~ i, (pos, count) in enumerate(zip(x pos, yearly stats['Count'])):
ax.text(pos, ax.get ylim()[1] * ©.97, ount}’,
ha="center’, va="top"', fontsize=9, yle="italic", alpha=0.6)

plt.tight layout()
plt ig( "annual_returns_ png ", dpi=30@, bbox_inches='tight', facecolor="white")
plt.show()
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Figure 4. Return Distribution.

pandas as pd
matplotlib.pyplot as plt
numpy as np

paths

pd.read_excel(r"C:\Users\Documents\FIN11\Results_Primary_Insider_566k_96.xlsx")
df_180 = pd.read_excel(r"C:\Users\Documents\FIN11\Results_Primary_Insider_5e€ek_18@.xlLsx")
df_365 = pd.read_excel(r"C:\Users\Documents\FIN11\Results_Primary_Insider_5eek_365.xLsx")

returns_9@ = df_9@[ 'Our_Stock Return_%'].dropna()
returns_180 = df_180[ 'Our_Stock_Return_%'].dropna()
returns_365 = df_365[ 'Our_Stock_Return_%'].dropna()

# Colors
color_positive '#OOE6FF '
color_negative '#e74c3c’

fig, axes = plt.subplots(1l, 3, figsize=(16, 5))
datasets = [returns_9©, returns_180, returns_365]
titles = ['9@ days’', '18@ days', '365 days']

for ax, data, title in zip(axes, datasets, titles):
data_clipped = data.clip(-188, 258)
mean_val = data.mean()
median_val = data.median()

bins = np.linspace(-100@, 258, 51)
n, bin_edges, patches = ax.hist(data_clipped, bins=bins, edgecolor='white’, linewidth=0.5)

or bars (negat = red, posit = blue)
or patch, left_edge in zip(patches, bin_edges[:-1]):
if left_edge < @:
patch.set_facecolor(color_negative)

patch.set_facecolor(color_positive)

ax.axvline(mean_val, color='black', linestyle='--', linewidth=1.5,
label=f 'Mean performance: {mean_val:.1f}%")

ax.set_xlabel( ‘Return (%)', fontweig 'bold', fontsize=180)
ax.set_ylabel( 'Frequency’, fontweight='bold’, fontsize=18)
ax.set_title(f'{title} (n={len(data)})', fontweight='bold’', fontsize=12)
ax.legend(loc="upper right', fontsize=9)

# Add median as text b 1 legend

ax.text(@.98, ©.82, f'Median: {median_val:.1f}%', transform=ax.transAxes,
fontsize=9, ha='right', va='top',
bbox=dict(boxstyle="'round', facecolor='white', edgecolor='gray', alpha=6.8))

ax.spines[ "top’'].set_visible(False)
ax.spines[ 'right'].set_visible(False)

.suptitle( 'RETURN DISTRIBUTION', fontweight='bold’, fontsize=14, y=1.82)
.text(©.5, ©.96, 'Strategy performance following insider purchases',
ha=‘center', fontsize=11, fontstyle='normal ")
tight_layout()
.savefig( 'return_distribution.png', dpi=300, bbox_inches='tight', facecolor='white")
.show()
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Figure 5 and 7. Mean Excess Return for segmented market caps / transaction sizes in different

holding periods. Representative code for both figures.

pandas as pd
numpy as np
t matplotlib.pyplot as plt
m matplotllb colors import LinearSegmentedColormap

df_90 = r"C:\Users\Documents\FIN11\ ‘Results Primary Insider 560k 90.xlsx"
df_180 = r“C:\Users\Documents\FIN11\ ‘Results Primary Insider 5606k _180.xlsx"
df_365 = r“C:\Users\Documents\FIN11\ ‘Results Primary_Insider_ 560k _365.xlsx"

df_90[ 'Holding Period’] = 9@
df_186[ ‘Holding Period‘] = 180
df_365[ ‘Holding Period’] = 365

def categorize_ market_cap(df):
bins = [0, 1008, 5000, 10000, float( inf')]
labels = ['<1B*, "1-5B', '5-10B', '>16B']
df[ "‘MCap Category’] = pd.cut(
df[ "Market_Cap_SEK Millions'],
bins=bins,
labels=1abels)
return df

df_90 = categorize_market_cap(df_90)
df_180 = categorize_market_cap(df_180)
df 365 = categorize market cap(df 365)

def calculate_cell_stats(df, holding_period):
stats = df.groupby( " ﬂmap_(ategory 9 observed True) agg({
‘Our_Outperformance %" : mean 0 7 7
‘Our_Stock Return %': ‘mean’,
‘Index Return %': ‘mean’,
"ISIN': 'count’}).rename(columns:{’ISIN':

stats[ ‘Holding Period'] = holding period
return stats.reset index()

stats_90 = calculate_cell_stats(df_90, 9@)
stats_180 = calculate_cell_stats(df_180, 180)
stats 365 = calculate cell stats(df 365, 365)

# Combine all statistics
all_stats = pd.concat([stats_9@, stats_18@, stats_365], ignore_index=True)

e table for abnormal returns
heatmap data = all stats.pivot(
index="Holding Period’,
columns="MCap_Category',
values="0ur Outperformance %)

# Reorder columns and index

mcap_order = [ '<1B", "1-5B', '5-10B', '>10B"]

period order = [90, 188, 365]

heatmap data = heatmap data.reindex(columns=mcap order, index=period order)

# Colors for scale

# Position calculation: (value - (-5)) / 17

colors_custom = [ '#e74c3c’, '#f1948a’, '#fceded’ , "#ffffff", "#cceSff", "#66b3fF ", "#3399fF ", '#OO66FF *, '#0055dd " ]
positions = [0.8, ©.18, 0.26, 8.29, 0.47, 0.65, 0.76, 0.88, 1.0]

# Create custom colormap

cmap_custom = LinearSegmentedColormap.from_list(
‘insider _cmap’,
list(zip(positions, colors custom)))

fig, ax = plt.subplots(figsize=(14, 6))

im = ax.imshow(
heatmap_data.values,
cmap=cmap_custom,
aspect="auto ",
vmin=-5,
vmax=12)
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ax.set_xticks(np.arange(len(mcap_order)))

ax.set_yticks(np.arange(len(period_order)))

ax.set_xticklabels(mcap_order, fontsize=11, fontweight='bold')

ax.set yticklabels([ ‘90 Days', '18@ Days', '365 Days'], fontsize=11, fontweight="'bold")

for i in range(len(period_order) + 1):
ax.axhline(i - 8.5, color='white', linewidth=3)
~ j in range(len(mcap_order) + 1):
ax.axvline(j - ©.5, color='white', linewidth=3)

~ spine in ax.spines.values()
spine.set_visible(False)

~ i, period in enumerate(period_order):
for j, mcap in enumerate(mcap_order):
cell data = all stats[
(all_stats[ 'Holding_Period'] == period) &
(all_stats[ 'MCap Category'] == mcap)]
if len(cell_data) > @:
abnormal = cell_datal[ 'Our_Outperformance_%'].values[@]
stock_ret = cell _data[ 'Our_Stock_Return_%'].values[@]
index_ret = cell data[ 'Index Return %'].values[@]
n = int(cell data[ 'n'].values[@])

it abnormal > 9:
text_color = ‘white’

text_color 'black’
abnormal_str = f"{abnormal :.1f}%"

ax.text(j, i - ©.85, abnormal_str,
ha="'center', va='center’,
fontsize=18, fontweight="bold’,
color=text color)

ax.text(j, i + B.18, f"({stock _ret:.1f}¥ vs {index_ret:.1f}%)",
ha='center', va='center’,
fontsize=186,
color=text_color)

ax.text(j, i + ©.35, f"(n={n})",
ha="center', va='center',
fontsize=18,
color=text_color)

# L and

ax.set xlabel('Market Capitalization (SEK)', fontsize=12, fontweight="'bold")

ax.set_ylabel('Holding Period', fontsize=12, fontweight="'bold")

ax.set_title( 'Mean Abnormal Return by Market Cap and Holding Period',
fontsize=14, fontweight='bold', pad=28)

# Add colorbar with border

cbar = plt.colorbar(im, ax=ax, shrink-=0.8, pad=0.02)

cbar.set_label( 'Mean Abnormal Return (%)', fontsize=11, fontweight="'bold")
cbar.outline.set_visible(True) # Keep colorbar bo &
cbar.outline.set_edgecolor( 'black’)

cbar.outline.set_linewidth(1)

plt.tight layout()

plt.savefig( 'heatmap final_v4.png', dpi=38@, bbox_inches="tight',
facecolor="white', edgecolor="none")

plt.savefig( 'heatmap_final_v4.pdf', bbox_inches="tight’',
facecolor="white', edgecolor="'none")

pivot abnormal = all stats.pivot(
index="Holding Period’',
columns="MCap_Category',
values="'0ur_Outperformance_% "'

) .reindex(columns=mcap_order, index=period_order)

pivot_n = all_stats.pivot(
index="Holding Period’,
columns="MCap_Category',
values="n"

) .reindex(columns=mcap_order, index=period_order)

plt.show()
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Figure 6. Comparing win rates compared to index within the 1-5B SEK market cap.

t pandas as pd
t matplotlib.pyplot as plt

= pd.read_excel(r"
i = pd.read_excel(r
df_365 = pd.read_excel(r"C: \Use

t Filtering the 1-5B
def filter_midcap(df)
~n df[ (df[ ‘Market Cap SFK Millions'] »>= 1@00) & (df[ ‘Market Cap SFK Millions'] < 50@0)]

df 9@ midcap = filter midcap(df 9@)
df 180 midcap = filter midcap(df 180)
df_365_midcap = filter_midcap(df_365)

cu iin
def calc_win_rate(df):
wins = (df[ ‘Our_Outperformance %'] > @).sum()
total = len(df)
losse total - wins
wins, total

fig, axes = plt.subplots(l, 3, figsize=(14, 5))
fig.suptitle( 'win Rate by Holding Period (1-5B SEK Market Cap)', fontweight='bold®, fontsize=16, y=0.98)

datasets = [
(df 9@ midcap,
(df 180 midcap,
(df 365 midcap, ‘365 Days')]

~ ax, (df, period) in zip(axes, datasets):
wins, losses, total = calc_win_rate(df)
win_rate = wins / total * 100

sizes = [wins, losses]
colors = [COLOR_BLUE, COLOR_RED]

ax.pie(sizes, color olors, startangle=90,
wedgeprops=dict(width=0.4, edgecolor="white’, linewidth=2})

ax.text(0, 0.05, f'{win_rate:.1f}% a="center’, va='center’,
fontsize=24, fontweight="bold’, color=COLOR BLUE)
ax.text(®, -@.15, 'Win Rate', ha="center’, va
fontsize=18, color=COLOR_BLUE)

ax.set title(f {period}’, fontweight="bold’, fontsize=13, pad=18)

ax.text(®, -0.65, f'{wins} wins | {losses} lo , ha='center', va="center’,
fontsize=9, color )
ax.text(@, -0.78, 'Outperformed | Underperformed', ha='center’, va=

fontsize=8, color="lightgray’, style="italic")

plt.tight_layout()
plt.savefig( ‘winrate figure.png', dpi=38@, bbox_inches="tight’, facecolor="white")
plt.show()
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Figure 8. Nested heatmap for market cap and transaction value.

pandas as pd

numpy as np
matplotlib.pyplot as plt
seaborn as sns

FILE_ 90 = r"C:\Users\Documents\FIN11\Results Primary Insider 508k _90.xlsx"
FILE 188 = r"C:\Users\Documents\FIN11\Results Primary Insider 5688k _188.xlsx"
FILE_365 = r"C:\Users\Documents\FIN11\Results_Primary Insider 5600k_365.xlsx"

MIN_OBSERVATIONS = 75
df_98 = pd.read_excel(FILE_98)

df_1808 = pd.read_excel(FILE_188)
df 365 = pd.read_excel(FILE_365)

segment_data(df):
df = df.copy()

df[ ap_Billions'] = df[ 'Market_Cap SEK_Millions'] / 1000
cap_conditions = [
df[ 'Market _Cap Billions'] < 1,
(df[ 'Market_Cap Billions'] »>= 1) & (df[ 'Market_Cap Billions'] < 5),
(df[ 'Market_Cap_Billions'] »= 5) & (df[ 'Market_Cap Billions'] < 18),
df[ ‘Market_Cap Billions'] >= 18]
cap_choices = ['<1B', '1-5B', '5-18B', '>108B']
df[ 'Market_Cap Segment'] = np.select(cap_conditions, cap choices, default='Unknown')

# Tran ion value
df[ 'Transaction Value MSEK'] = df[ 'Transaction Value SEK'] [ 1_008_000
val_conditiens = [
df[ 'Transaction_Value MSEK'] < 1,
(df[ 'Transaction Value MSEK'] >= 1) & (df['Transaction_Value MSEK'] < 5),
(df[ 'Transaction Value MSEK'] >= 5) & (df[ 'Transaction_Value MSEK'] < 18),
df[ 'Transaction Value MSEK'] »= 18]
val_choices = ['@.5-1M", '1-5M', '5-16M', '>10M’']
df[ 'Transaction_Segment'] = np.select(val_conditions, wal_choices, default=|'Unknown"')

return df
calculate_nested_stats(df, period_name):
results = []

cap_order ['<iB', '1-5B', 'S-18B', '»18B']
val_order = ['0.5-1M', '1-5M', '5-1eM’, '>1eM’']

in cap_order:

val in val_order:

subset = df[(df[ 'Market_Cap_Segment'] == cap) &
(df[ 'Transaction Segment'] == val)]

if len(subset) > ©:

results.append({
'Period’: period_name,
'Market_Cap': cap,
'Transaction Value': val,
'Mean_Alpha': subset[ 'Our_Outperformance %'].mean(),
'N': len(subset)

bl

return pd.DataFrame(results)

df_90 = segment_data(df_9@)
df 18 segment_data(df_180)
df_365 = segment_data(df _365)

stats_98 = calculate_nested_stats(df_9e, '98d')
stats_180 = calculate nested stats(df_18e, '188d')
stats_365 = calculate_nested_stats(df_365, '365d")

all stats = pd.concat([stats_90, stats_18@, stats_365], ignore_index=True)
fig, axes = plt.subplots(1l, 3, figsize=(18, 8))

periods = ‘188d', '365d']
cap_order '5-18B', '»18B']
val_order = . '1-5M', '5-18M°, '>16M']

# Find gl min/max for consistent color scale

all alphas all stats[all stats['N'] >= MIN _OBSERVATIONS][ 'Mean Alpha']
vmin = all_alphas.min()

vmax = all_alphas.max()

abs_max = max(abs(vmin), abs(vmax))
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period_data

pivot_alpha iod data.pivot(index
columns

pivot n = p

pivot_alpha = pivot_alph
pivot_n = pivot_n.

ma pivot_n < MIN_OBSERVATIONS

sns.heatmap(pivot_alpha,

cbar=idx
cbar_|

val in enumerate(val_order)
enume (cap_o
ot mask.iloc[i, j]:
alpha = pivot_alpha.iloc[i, j]
n = int(pivot_n.iloc[i, 3j])

pha) > abs_max * 8.6

t_xticklabels(cap_or

t_yticklabels(val_or
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Figure 9. Scatter plot comparing the return across transaction sizes.

ort pandas pd
~t numpy as np
ort matplotlib.pyplot as plt
m matplotlib.colors i t LinearSegmentedColormap, TwoSlopeNorm
from scipy import stats

FILE 98 = r"“C:\Users\Documents\FIN11\Results Primary TInsider 588k 98.xlsx"
FILE_188 = r"C:\Users\Documents\FIN1I\Results_Primary_Insider 560k_188.xlsx"
FILE_365 = r"C:\Users\Documents\FIN11\Results_Primary_Insider_ 586k_365.xlsx"

COLOR_BLUE = ‘#8@60FF'
COLOR_RED = '#e74c3c’

RANGES = [
("506k - 1M SEK®, 500000, 1000000),
("IM - 5M SEK', 1900008, 5000000),
("5M - 16M SEK', 5060000, 10000000),
(*16M+ SEK', 10_008_008, float( 'inf'))]

- create_scatter_plot(df, holding_period, output_filename):
Create scatter plot for a specific holding period. """

# Colo . ite
colors_gradient = [COLOR_RED, '#f5b7bl1°, ‘#fef9e7’, ‘#med6fl’', COLOR_BLUE]
cmap = LinearSegmentedColormap.from_list( 'custom’, colors_gradient)

df_filtered = [ rket_Cap_SEK_ i vee) &
(df[ "Market_Cap SEK i 080)].copy()

fig, axes = plt.subplots(2, 2, figsize=(14, 12))
axes = axes.flatten()
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fig.suptitle(f'Strategy vs Index Return by Transaction Size\n(1-5B SEK Market Cap, {holding period}-Day Holding Period)’,

fontsize=16, fontweight="bold’', y=1.82)

For idx, (ax, (range_name, low, high)) in enumerate(zip(axes, RANGES))
df_range = df filtered[(df filtered[ ‘Transaction Value SEK'] >= low) &
(df_filtered[ 'Transaction_Value SEK'] < high)].copy()

if len(df_range) < 5:
ax.text(@.5, ©.5, ‘N < 5°, ha="center’, va='center’, fontsize=14)
.set_title(f {range name}", fontsize=13, fontweight="bold")
.set_xlim(-150, 158)
.set_ylim(-15@, 158)

» = df_range[ "Index_Return_%'].values
y = df_range[ ‘Our_Stock Return_X%'].values
outperf = df_range[ 'Our_Outperformance_X%'].values

ax.set_xlim(-158, 158)
ax.set_ylim(-156, 158)

ax.plot([-158, 158], [-15@, 158], "--", color='gray’, linewidth=1.5, alpha=8.7,
label="Equal Performance’)
len(x) > 2:
slope, intercept, r_value, p_value, std_err = stats.linregress{(x, y)
x_fit = np.linspace(x.min{), x.max{), 108)
y_fit = slope * x fit + intercept
ax.plot(x fit, y_fit, '-°, color=COLOR_BLUE, linewidth=2.5,
label=f'Best Fit (slope={slope:.2f})")

7

mean_alpha = outperf.mean()
win_rate = (outperf > @).mean() * 1e@
corr = np.corrcoef(x, y)[@8, 1]

stats_text = f'N = {len(df_range)}\nMean a = {mean_alpha:.1f}¥\nWin Rate = {win_rate:.1f}¥\nCorr = {corr:.2f}

props = dict(boxstyle='round,pad=8.4', facecolor='white', edgecolor=COLOR_BLUE,
linewidth=1.5, alpha=8.9)
ax.text(8.03, 8.97, stats_text, transform=ax.transAxes, fontsize=8, fontweight='bold’,
verticalalignment="top ', bbox=props)

.set_xlabel( "Index Return (%)°, fontsize=11, fontweight="bold")
.set_ylabel( 'Strategy Return (%)°, fontsize=11, fontweight='bold")
.set_title(f'{range_name}', fontsize=13, fontweight="bold', pad=180)
.axhline(y=8, color='gray’, linestyle="-', linewidth=8.5, alpha=8.5)
.axvline(x=@, color="gray’, linestyle="-", linewidth=@.5, alpha=@8.5)
.grid(True, alpha=8.3, linestyle='--")

ax.spines[ "top'].set_visible(False)

ax.spines[ 'right’].set_visible(False)

ax.legend(loc="Lower right', fontsize=8)

cbar_ax = fig.add axes([©.92, @.15, .82, ©8.7])

sm = plt.cm.ScalarMappable(cmap=cmap, norm=TwoSlopeNorm({vmin=-58, vcenter=8, vmax=58))
sm.set_array([])

cbar = fig.colorbar({sm, cax=cbar_ax)

cbar.set_label( "Excess Return (%)', fontsize=11, fontweight='bold")

plt.tight_layout(rect=[®, @, 8.9, ©.96])
plt.savefig(output_filename, dpi-3@@, bbox_inches="tight’', facecolor="white")
plt.show()

pd.read_excel(FILE_98)
create_scatter_plot(df_98, 98, ‘scatter 1 5B 98days.png')
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Figure 11. Annual performance buying the dip.

matplotlib.pyplot as plt
1 matplotlib.patches import Patch

# Loa a
file_path = r"C:\Users\Documents\FIN11\Results_lookback Filtered.xlsx"
df = pd.read excel(file path, sheet name='Hold 365d')

# Filter for 38-c lookback with -28% condition
df_dip = df[df[ 'Condition Met'] == '30d down -28%'].copy()
df_dip[ 'Year'] = pd.to_datetime(df_dip[ 'Publication_Date']).dt.year
# Calculate yearly
yearly_stats = df_dip.groupby( 'Year').ags({
'Qur_Outperformance ¥': [ 'mean’, 'count']
}).reset_index()
yearly stats.columns = [ 'Year', ‘Alpha’, 'N']

fig, axl = plt.subplots(figsize=(12, 8))

years = yearly_ stats[ 'Year'].tolist()
alpha_values = yearly stats['Alpha’].tolist()
n_values = yearly stats['N'].tolist()

x_pos = range(len(years))
colors = ['#8066FF' if a > 8 e '#e74c3c' for a in alpha_values]
bars = ax1.bar(x_pos, alpha_values, color=colors, edgecolor='none', alpha=8.9, width=0.5)

axl.axhline(y=08, color='black', linewidth=1.2)
axl.set ylabel( 'Mean Abnormal Return (%)', fontweight='bold', fontsize=12)

r i, (bar, alpha, year) in enumerate(zip(bars, alpha_values, years))
height = bar.get_height()

if height >= @:
y_pos = height + 2

y_pos = height - 2
va = "top’

axl.annotate(f'{alpha:.1f}%",
xy=(i, y_pos),
ha="center', va=va,
fontsize=11, fontweight="'bold"', color="black")

axl.set_ylim(-70, 70)
axl.set_yticks([-68, -48, -26, ©, 28, 48, 60])

axl.set xticks(x pos)
ax1.set_xticklabels([])
for i, (year, n) in enumerate(zip(years, n_values))
axl.text(i, -77, f'{year}', ha='center', va='top', fontsize=12, fontweight="bold")
ax1.text(i, -82, f'n={n}’', ha="center', va="top', fontsize=9)

axl.grid(axis="y', alpha=0.3, linestyle='--"')
axl.spines[ 'top'].set_visible(False)
axl.spines[ 'right'].set visible(False)

legend_elements = [
Patch(facecolor="#8066FF ', edgecolor='none’, label='Positive Alpha'),
Patch(facecolor="#e74c3c"', edgecolor='none', label='Negative Alpha'), ]
ax1.legend(handles=legend elements, loc='lower Left', fontsize=18)

fig.suptitle( 'Buy The Dip: Performance by Year', fontweight='bold', fontsize=14, y=0.96)
fig.text(©.5, ©.98, '(30-day Lookback, -28% trigger, 365-day holding period)’,
ha="center', fontsize=11, color='black")
fig.text(©.5, 0.86, 'Trades are grouped by the year of purchase',
ha="center', fontsize=18, color='gray', style='italic')

plt.tight_layout()

plt.subplots adjust(top=0.87, bottom=0.15)

plt.savefig( 'buy the_dip.png', dpi=308, bbox_inches='tight', facecolor='white')
plt.show()
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Figure 12. CEO + CFO vs All Others. Mean excess returns.

t pandas as pd
t numpy as np
ort matplotlib.pyplot as plt

FILE_98 = r"C:\Users\Documents\FIN11\Results_Primary_Insider_588k_98.xLsx"
FILE_186 = r"C:\Users\Documents\FIN11\Results_Primary_Insider_588k_188.xLsx"
FILE_365 = r"C:\Users\Documents\FIN11\Results_Primary_Insider_588k_365.xLsx"

COLOR_INSIDER = "#8066FF'
COLOR_BENCHMARK = '#e74c3c’
plt.rcParams[ “font. family'] = ‘sans-serif’
plt.rcParams[ “font.sans-serif’'] = [ "Aria
plt.rcParams[ “font.size'] = 13
plt.rcParams[ “font.weight'] = ‘bold”

5

J
|
L

,» 'Dejavu Sans']

df 90 = pd.read_excel(FILE_98)
df 180 = pd.read_excel(FILE_18@)
df 365 = pd.read_excel(FILE_365)

df_9e[ 'Holding Period’] = 9@
df_180[ "Holding_Period’'] = 18@
df 365[ "Holding_Period'] = 365

df all = pd.concat([df 9@, df 180, df 365], ignore_ index=True)

def categorize position(position):
"""Classify insider positions into CE0Q, CFO, or Other
if pd.isna(position):
return ‘Other’
position_upper = str(position).upper()
if "CE0' in position_upper or ‘WD in position_upper or ‘VERKSTALLANDE DIREKTOR® in position_upper:
return "CEQ’
1if "CFO" in position_upper or 'EKONOMIDIREKT@R® in position_upper or °‘FINANCE® in position_upper:
ur ‘CFO"

‘Other*

df all[ "Position Category'] = df_all[ "Position’].apply{categorize position})
df_all[ "Position_Group'] = df_all[ ‘Position_Category'].apply(
lambda x: "CEQ + CFO' if x in ['CEO', 'CFO"] else ‘ALL Others")

df_all[df_all[ 'Position_Group'].isin([ 'CE0 + CFO", "ALL Others'])].copy()

fig, ax = plt.subplots(l, 1, figsize=(16, 10))

avg_returns = df_plot.groupby([ 'Position_Group®, 'Holding_Period'])[ 'Our_oOutperiformance_%'].mean().reset_index()
pivot_data = avg_returns.pivot(index="Holding Period’, columns='Position_Group'|, values='Our Outperformance %')
pivot_data = pivot_data[[ 'CE0 + CF0O", ALl Others']]

x = np.arange(len(pivot_data.index))
width = @.35

barsl = ax.bar(x - width/2, pivot_data[ 'CE0 + CF0O'].values, width,
label="CE0 + CFO", color=COLOR_INSIDER,
edgecolor="black’, linewidth=2.5, alpha=@.9, zorder=3)

bars2 = ax.bar(x + width/2, pivot_data[ 'ALL Others’].values, width,
label="ALL Others', color=COLOR_BEMNCHMARK,
edgecolor="black’, linewidth=2.5, alpha=8.9, zorder=3)

~ bars in [barsl, bars?]:
for bar in bars:

height = bar.get_height()

y_pos = height + (8.35 if height > 8 el

va = ‘bottom’ if height > @ else 'top”

ax.text(bar.get_x() + bar.get_width()/2., y_pos,
f {height:.2f}%",
ha="center’', va=va,
fontsize=16, fontweight='bold", zorder=4)

.axhline(y=8, color='black’, linestyle='-", linewidth=3, alpha=0.8, zorder=2)
.set_xlabel( "Holding Period (Days)’, fontsize=17, fontweight='bold’, labelpad=15)
.set_ylabel( ‘"Mean Excess Return (X¥)', fontsize=17, fontweight='bold’', labelpad=15)
.set_title('CEQO + CFO vs ALL Others: Mean Excess Returns\nDo Top Executives Outperform?’,
fontsize=2@, fontweight="bold’, pad=30)
.set_xticks(x)
.set_xticklabels([ ‘9@ Days', ‘188 Days', ‘265 Days'], fontsize=16, fontweight="bold")
.tick_params(axis="y', labelsize=15)
.legend(fontsize=16, loc='upper Left’, frameon=True, shadow=True, framealpha=@.95,
edgecolor="black', fancybox=True).get_frame().set_linewidth(2)
ax.grid(True, alpha=8.25, linestyle='--', zorder=1)
ax.set_axisbelow(True)

y min = min{pivot_data.min().min(), -2) - 1
y_max = max{pivot_data.max().max(), 3) + 1
ax.set_ylim([y_min, y max])
ax.set_facecolor( '#f8f9fa")

plt.tight layout()
plt.savefig( ‘'mean_excess returns_ceo_cfo.png’, dpi=388, bbox_inches="tight", facecolor="white")
plt.show()




pandas pd

numpy as np
t matplotlib.pyplot as p
matplotlib.lines i

FILE_98 = r"C:\U:
FILE_188 = r"
FILE_365 = r*

COLOR_INSIDER = '#86)
COLOR_BENCHMARK =

plt.rcParams[’
plt.rcParams[ "}

df_98 = pd.read_excel(FILE_98)
df_18@ pd.read_excel (FILE_188)
df_365 pd.read_excel (FILE_365)

df_98[ ‘Holding_Period'] = 90
df_180[ 'Holding_Period'] = 18@
df_365[ 'Holding Period'] = 365

df_all = pd.concat([df_90, df 1808, df 365], ignore_index=True)

def categorize position(position):
[ fv insider positions into CED, CFO, or Other.""
if pd.isna(position):
u ‘Other’

position_upper = str{position).upper()

if 'CE0’ in position_upper or ‘VD' in position_upper or ‘VERKSTALLANDE DIREKTOR' in position_upper
‘CEQ"
in position_upper or 'EKONOMIDIREKTER' in position_upper or 'FINANCE' in position_upper:
‘CFO"

df_all[ 'Position_Category'] = df_all[ 'Position’].apply(categorize_position)
df_all[ 'Position_Group'] = df_all[ 'Position_Cotegory'].apply(
x: 'CEQ + CFO' if x in ['CEQ', 'CFO'] else ‘ALL Others')

df_plot = df_all[df_all[ ‘Position_Group'].isin(['CEQ + CFO', 'ALL Others']}].copy()
fig, axes = plt.subplots{l, 3, figsize=(28, B8))

holding_periods = [98, 188, 365]
period_names = ['96 Doys', '188 Doys', 5 Days ']

idx, (period, period_name) in enumerate(zip(holding_periods, period_names}):
ax = axes[idx]
data_period = df plot[df plot[ 'Holding Period’'] == period].copy()

ceo_cfo_data = data_period[data_period[ 'Position_Group'] 'CEQ + CFO'][ "Our_Outperformance_%'].values
others_data = data_period[data_period[ ‘Position_Group'] == 'ALL Others'][ 'Our_Outperformance_%'].values

bp = ax.boxplot([ceo cfo _data, others_datal,

positions=[@, 1],

widths=8.6,

patch_artist=True,

ict(marker='D’', markerfacecolor='white’
markersize=1@, linewidth=2.5),

medianprops=dict(color="black’, linewidth=3.5},
boxprops=dict(linewidth=2.5),
whiskerprops=dict(linewidth=2.5),
capprops=dict(linewidth=2.5),
flierprops=dict{marker="c', alphz=0.4, markersize=5))

, markeredgecolor="black’,

bp[ "boaxe .set_facecolor(COLOR_INSIDER)
bp[ 'box: .set_alpha(e.8)

bp[ 'boxt .set_edgecolor( 'black")

bp[ "boaxe .set_facecolor(COLOR_BEMCHMARK )
bp[ 'boxi .set_alpha(@.8)

bp[ 'boxt .set_edgecolor( 'black")

ax.axhline(y=0@, color='blLaock', linestyle='--', linewidth=2.5, alpha=8.7, zorder=1)

ax.set_xticks([e, 11)

ax.set_xticklabels([ 'CEQ + CFO', 'A Others'], fontsize=14, fontweight="bold")
ax.set_ylabel( 'Exce f 1 (¥) ', fontsize=14, fontweight='bold’', labelpad=18)
ax.set_title(f'fpericd name} ', fontsize=16, fontweight='bold', pad=15)
ax.grid{True, alpha=8.3, axis='y', linestyle='--', linewidth=1.5, zorder=8)
ax.set_axisbelow(True)

all_data = np.concatenate([ceo_cfo_data, others_data])
y_min = np.percentile(all_dasta, ©.5) - 28

y_max = np.percentile(all_data, 99.5) + 2@
ax.set_ylim([y_min, y_max])

ax.set_facecolor( '#Ff8f3fa")

legend_elements = [
Line2D([@1, [@], color='black’, linewidth=3.5, label=‘'Medion (MiddlLe Value)|"},
Line2D([©], [®], marker='D"' i
markeredgecolor="'block’, markersize=18, linewidth=8, label='Mean (Average)'),
Line2D([®], [@], color='black’, linestyle='--', linewidth=2.5, label='Zero = Break-Even')]

legend = fig.legend(handles=legend_elements, loc='upper center', bbox_to_anchor=(8.5, 1.8@),
ncol=3, fontsize=13, frameon=True, shadow=True, framealpha=©.98,
edgecolor="black’, fancybox=True)

legend.get_frame().set_linewidth(2)

fig.text(8.5, 1.88, 'Distribution of Exce
ha="'center’, fontsize=2@, fontweight:

fig.text(®.5, 1.84, 'Box Sho 7 T | 7
ha='center’, fontsiz
'#333", weight="b

plt.tight_layout(rect=[@, @, 1, ©.94])
plt.savefig( 'distribution_excess_returns_ceo_cfo.png’, dpi=38@8, bbox_inches=z 'tight’, facecolor=
plt.show()
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Figure 14. T-test and plot showing the results.

t matplotlib.pyplot as plt
i ort stats

FILE 98 Users)
FILE_188 Js me INIi\Results Primary Insider 568k 188.xlsx"
FILE_365 :\Users\Documents\FINI1\Results Primary_Insider 588k_365.xlsx"

sns.set_style(“whitegrid™)

plt.rcParams[ "font.size'] = 18
plt.rcParams[ ‘figure. facecolor '] = ‘white’
df_9@ = pd.read_excel(FILE_9@)

df_180 = pd.read_excel(FILE_18@)

df_365 = pd.read_excel(FILE_365)

one_sample_t_test_analysis(data, period_name}):

Perform one-sample t-test and create visualization.

returns = data[ 'Our_Outperfermance_%'].dropna().values

len(returns)
mean_return = np.mean(returns)
median_return = np.median(returns)
std_return = np.std(returns, ddof=1)
se_return = std_return / np.sgrt(n)

t statistic, p_value_two_tailed = stats.ttest_lsamp(returns, @)
p_value one tailed = p_value two tailed / 2 if t statistic > @ else 1 - p value two tailed / 2

stats.t.interva

plt.figure(figsize=(16, 7))
gs = fig.add gridspec(1, 2, width_ratios=[1.2, 1], wspace=8.25)
= fig.add_subplot(gs[@])
= fig.add_subplot(gs[1])

st t istogra
-hist(returns, bins=58, color='steelblue®, alpha=8.7, edgecolor="black’, density=True)

% = np.linspace(returns.min(), returns.max(), 1@@)

normal_dist = stats.norm.pdf(x, mean_return, std return)
-plot(x, normal dist, ‘r-’', linewidth=2, label='Normal Distribution")
-axvline
-axvline
-axvline

@, color="black’, linestyle="--", linewidth=2, label-="Ho: u = 8", alpha=0.7)
mean_return, color='green’, linestyle='-', linewidth=2.5, label=f'Mean = {mean return:.2f}%"}

median_return, color=‘orange’, linestyle="-", linewidth=1.5, label=f'Median = {median_return:.2f}%")

(
(
(
-axvspan(ci_95[@], ci_95[1], alpha=8.2, color="green’, label="95% (I")

.set_xlabel( 'Abnermal Return (%)', fontsize=13, fontweight="bold")

-set_ylabel( 'Density’, fontsize=13, fontweight='bold")

-set_title(f 'Distribution of Abnormal Returns - {period name}', fontsize=15, fontweight="bold’, pad=15)
.legend(loc="upper right’, fontsize=18)

.grid(alpha=.3)

ax2.axis(

(No abnormal return)
(Positive abnormal return)

Median Return
Std. Devigtion
Std. Error

"='%45}

EST STATISTICS
"="*45}

t-statistic

p-value (one-tailed)

95% Confidence Interval:

[{ci_s5[@]:.2f}%,
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{cohens_d:>14.4f}

.text(@.@5, ©.98, stats_text, transform=ax2.transAxes, fontsize=11,
verticalalignment="top ', fontfamily='monospace’,
bbox=dict(boxstyle="round’, facecolor='wheat’, alpha=0.25, pad=1))

.text(@.5, ©.98, 'Statistical Test Results’, transform=ax2.transAxes,
fontsize=15, fontweight='bold’, ha="center’', va="top")

Ltight_layout()

n Fig, {
‘n: n, ‘mean’: mean_return, ‘medion’: median_return,

‘std': std_return, ‘se’: se return, 't stat’: t_statistic,

‘p_value’: p_wvalue one_tailed, ‘ci 95': ci_95, ‘cohens_d’: cohens_d,
‘significont’: p_value one_tailed < @.85}

period§ =
(df_9@, '98-Day Holding Peried’, 98),

(df_18@, '180-Day Holding Peried', 18@),
(df_365, '365-Day Holding Peried', 365)]

results_summary = []

- df, period_name, days in perieds:
fig, results = one_sample_t test analysis(df, period name)
plt.savefig(f 't test analysis {days} days.png’, dpi=3@@, bbox_inches="tight')

results_summary.append({ ‘Period’: period_name, **results})
plt.close()

fig, axes = plt.subplots(2, 2, figsize=(14, 18)}

ax = axes[@, @]

periods_short = ['98d’, 'I8ad’, '365d']

means = [r[‘mean’] for r in results_summary]

ci_lower = [r['ci_95"][@] for r in results_summary]

ci_upper = [r['ci_95"][1] for r in results_summary]

errors_lower = [means[i] - ci_lower[i] for i in range(3)]

errors_upper = [ci_upper[i] - means[i] for i in range(3)]

colors = ["green’ if r[ ‘significant’] el ‘red” for r in results_summary]

bars = ax.bar(periods_short, means, color=colors, alpha=8.6, edgecolor="black")

ax.errorbar(periods_short, means, yerr=[errors_lower, errors_upper],
fmt="none ", color="black', capsize=5, capthick=2)

ax.axhline(@, color="black’, linestyle="--"', linewidth=1)

ax.set_ylabel( "Mean Abnormal Return (X)°, fontweight="bold")

ax.set_title( 'Mean Abnormal Returns with 95% CI*, fontweight="bold")

ax.gri i , alpha=8.3)

for bar, mean, sig in zip(bars, means, [r[‘significant’] for r in results_summary]):
label = f“{mean:.2f}%" + (" *" if =sig el .
ax.text(bar.get x() + bar.get width()/2, bar.get_height() + 8.5,
label, ha=‘center’, va='bottom’, fontweight="bold")

t 2: =

ax = axes[@, 1]

t stats = [r['t_stet'] for r in results summary]

bars = ax.bar(periods short, t stats, color='steelblue', alpha=8.7, edgecolor="black’
ax.axhline(1.96, color="orange’, linestyle='--', linewidth=2, label="Critical valu
ax.axhline(2.576, color= 'y linestyle=" » linewidth=2, label="Critical value
ax.set_ylabel('t-statistic’, fontweight="bold")

ax.set_title('T-Stetistics by Holding Period’, fontweight='bold")

ax.legend()

ax.grid(axis="y", alpha=8.3)

for bar, t_stat in zip(bars, t stats):
ax.text(bar.get_x() + bar.get width()/2, bar.get_height() + 8.1,
f'{t stat:.2f}", ha="center', va="bottom', fontweight="bold")

]
p_values = [r['p value'] for r in results_summary]
bars = ax.bar(periods_short, p_wvalues, color="'coral’, alpha=8.7, edgecolor="black")
ax.axhline(8.85, color='red’, linestyle='--", linewidth=2, label="a = 8.85")
ax.axhline(8.01, colo darkred', linestyle="--', linewidth=2, label='a = 8.81")
ax.set_ylabel( ‘p-value (one-tailed)’, fontweight="bold')
ax.set_title( 'P-volues by Holding Period’, fontweight='bold")
ax.legend()
ax.grid{axis="y", alpha=0.3)

- bar, p_val in zip(bars, p_values):
ax.text(bar.get_x() + bar.get_width()/2, bar.get_height() + @.ee1,
F'{p_val:.4f}”, ha="center’, va="bottom’, fontweight="bold", fontsize=9)

1]
)

= axes[1,
-axis( ‘off"
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plt.

plt.tight_lay
plt.savefig(
plt.
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