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Abstract 

This study examines intraday momentum and return predictability in the Swedish financial 

market, focusing on the OMX Stockholm 30 index (OMXS30) and selected constituent stocks: 

ABB, Investor B, Nordea SE, SBB B and Sinch. Utilizing high-frequency data from 2 March 

2023 to 29th of February 2024, investigating whether the first half-hour returns, and the second-

to-last half-hour returns can predict the last half-hour returns. Despite some evidence of intraday 

momentum in individual stocks like SBB and Sinch, the overall findings indicate weak 

predictability compared to larger markets such as the U.S (Gao et al. 2018). and China (Zhang 

et al. 2019). This outcome is discussed in the context of the theories of late-informed investors 

and infrequent rebalancing, suggesting that these phenomena may contribute to the observed 

patterns, but are not sufficiently strong to support consistent trading strategies.  
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1. Introduction 
 

Financial markets are complex systems where various factors can influence price movements. 

Among these factors, the intraday momentum of stock returns presents a nuanced opportunity 

to explore market efficiency and trading strategies based on the predictability of returns. The 

Efficient Market Hypotyhesis (EMH), as formulated by Fama (1970), suggests that asset prices 

reflect all available information at any given time, suggesting that exploiting price patterns at 

any intraday intervals should not yield abnormal returns. However, empirical evidence suggests 

otherwise, indicating the presence of intraday momentum effects in various global markets. 

 

Gao et al. (2018) have highlighted significant intraday momentum in markets such as United 

States (U.S), with the first half-hour returns predicting the last half-hour returns of the trading 

day. Zhang et al. (2019) performs a similar approach to that of Gao et al. (2018) in the Chinese 

market and found an even stronger relation with the first and last half-half-hour return. Another 

study in the Asia-Pacific markets, Limkriangkrai et al. (2023) explore intraday momentum 

across multiple nations, discovering varied strengths of this effect influenced by regional 

market characteristics such as volatility and trading volume.  These patterns are not only a 

challenge to the EHM but also indicates a potentially exploitable difference that could inform 

trading strategies. 

 

Murphy & Thirumalai (2017) investigates the predictive power of institutional trading patterns 

on short-term returns, providing evidence of predictable intraday returns dynamics that could 

be linked to systematic trading behaviours. Wen et al. (2021) delves into the crude oil market, 

revealing a distinct intraday prediction pattern where only the first half-hour returns positively 

predict the last half-hour returns, deviating from patterns observed in the equity markets. This 

suggests that the mechanism driving intraday momentum may vary significantly across 

different asset classes and markets. The research of intraday momentum extends beyond 

traditional stock and commodity markets. Shen et al. (2021) investigates the phenomenon in 

digital asset markets such as Bitcoin, which trades 24-hours a day. Their analysis reveals that 

trading sessions with the highest volume or volatility exhibit the most significant predictability 

in terms of intraday momentum. 
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This paper seeks to explores the intraday momentum within the Swedish financial market, 

examining whether the patterns observed in earlier studies hold true and exploring the 

implications of intraday momentum and market efficiency. By utilizing the analytical 

framework and empirical findings from existing literature, this study aims to identify and 

understand the presence of intraday momentum in the Swedish financial market. Investigating 

OMXS30 and five of the index constituent stocks. Furthermore, the paper draws inspiration 

from two significant papers in the area, Zhang et al. (2019) and Gao et al. (2018). Utilizing their 

models and insights as a foundation, this research applies their framework to the Swedish 

financial market. 

 

The structure of this paper is organized as follows: “Institutional Setting” section two, providing 

background information to the topic. In “Theoretical Background”, key theoretical concepts are 

presented for understanding the dynamics of intraday momentum. Section three “Previous 

Studies” section examines past literature, enhancing the understanding of the existing research 

and its key discoveries. Following, the “Data” section describes the approach to data collection 

and preparation, ensuring robustness of the analysis. Section six “Empirical Models” introduces 

the methods used from which the results are generated. Section seven, “Results”, presents the 

generated results from the models. Section eight and nine, “Discussion” and “Conclusion”, 

respectively, delve into the implications of my findings. 
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2. Institutional setting 
 

2.1 Trading hours and market 

The OMX Stockholm 30 index (OMXS30) is the Swedish stock market 30 most traded stocks 

on Nasdaq Stockholm. Trading activities for the OMXS30 occur within the trading hours of the 

Nasdaq Stockholm, which opens at 09:00 AM and closes at 17:30 PM Central European Time 

(CET), from Monday to Friday, excluding public holidays. During these hours, investors 

engage in buying and selling stocks and derivatives, such as options and futures, that are linked 

to the OMXS30.  

 

The composition of the OMXS30 is tailored to reflect the performance of the market’s most 

actively traded stocks. The index is reviewed twice a year on the first trading day of January 

and July. This process involves analysing the trading volume of each stock over the previous 

six months, starting seven months prior to the review date. There is an inertia rule applied to 

minimize fluctuations in the index composition, a stock not currently in the index must be 

ranked among the top 15 in trading volume to be included, and a stock must fall below 45 in 

trading volume to be removed. 

 

The OMXS30 is a market-weighted index, where the weight of each stock on the index’s total 

value is proportional to its market capitalization. It uses transaction prices to adjust the index 

value, meaning that only completed trades contribute to the index’s movements. Investors trade 

stocks within OMXS30 by buying and selling shares during official market hours. 
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2.2 Momentum and intraday 

Momentum in finance refers to the tendency of securities to continue moving in their current 

direction. If a stock is trending upward, it tends to keep rising, if it is trending downward, it 

often continues to fall. This phenomenon is driven by factors such as investor behaviour, market 

sentiment, and the flow of information. Momentum can be observed over various time frames, 

from months to as short as a single trading day. The concept of momentum is grounded in the 

belief that securities which have performed well in the past will continue to perform well, while 

those that performed poorly will continue to underperform. 

 

Intraday trading refers to the buying and selling of securities within the same trading day. This 

type of trading takes advantage of small price movements within a single day to generate profits. 

Traders who engage in intraday trading, known as day traders, close out their positions before 

the market close to avoid risk of overnight price movements affecting their portfolio. 

 

Intraday momentum combines these two concepts, focusing on short-term price movements 

within a single day. This strategy aims to capitalize on the continuation of security’s price 

movement within a single day. For example, if a stock shows strong upward momentum in the 

first half-hour of trading, an intraday momentum strategy would involve buying the stock with 

the expectation that it will continue to rise for the rest of the day (Bodie et al. 2014). 
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3. Theoretical background 
 

3.1 Infrequent rebalancing 

Infrequent balancing refers to the periodic adjustments of portfolios by traders and investors, a 

practice that deviates from the continuous rebalancing assumed in many theoretical models 

(Bogousslavsky, 2016). Models such as the Capital Asset Pricing Model is one of those, which 

assumes that for investors seeking to maximize their expected returns for a given market risk, 

would need to continuously rebalance their portfolios to ensure their holdings reflect the 

composition of the market portfolio or their individual risk preferences (Bodie et al, 2014). 

  

According to Bogousslavsky (2016) infrequent rebalancing can lead to specific patterns of 

return autocorrelation and seasonality in stock returns.1 He continues to present a model, when 

investors delay rebalancing, the autocorrelation of returns may switch signs at the rebalancing 

horizon, indicating that liquidity shocks and trading behaviours can spread through time, 

influencing future returns. 

 

Both Zhang et al (2019) and Gao et al (2018) extend this discussion by investigating intraday 

momentum and return predictability in both U.S. and Chinese stock markets. Both studies find 

evidence that the first and/or second to last half-hour returns can significantly predict the last-

hour return, both in and out-of-sample. This intraday momentum is theoretically explained by 

the trading behaviour of infrequent rebalancing.  

 

 

 

 

 

 

 

 
1 Autocorrelation refers to the correlation of a time series with its own lagged value. Seasonality refers to the 
tendency of stock returns to exhibit patterns at certain times of the year, month, week or even within a single 
trading day (Stock & Watson, 2020). 
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3.2 Late-informed investors 

The concept of late-informed investors is important for explaining the persistence of intraday 

momentum across various stock markets, particularly in the context of high-frequency trading. 

These investors are slower to process information and often make their trading decisions late in 

the trading day. This late activity helps shape the final stock prices before market close. 

 

Zhang et al. (2019) highlights that late-informed investors often trade actively at the end of 

trading sessions. They take advantage of the high liquidity to change their positions based on 

the information gathered from the morning’s trading activities.2 This activity pattern is proven 

by a distinct U-shaped volume profile, indicating increased trading at opening, and closing 

intervals. This empirical observation, supports the theory that late-informed investors are key 

players in the last half-hour of trading, exploiting the higher liquidity to manage their traders. 

 

Furthermore, findings from Gao et al. (2018) extend this observation to US markets, suggesting 

that the presence of late-informed investors is a common factor across different trading 

environments. These investors contribute to intraday momentum by reacting to information 

with a delay, thereby creating opportunities for momentum strategies that capitalize on the 

predictable price movements from the morning to the afternoon trading session. 

 

Additionally, the studies by Huang et al. (2015) and Baker & Wurgler (2006) provide deeper 

insights into the behaviours and impacts of late-informed investors. Huang et al (2015) discuss 

how aligned investor sentiment can increase the effects of stock returns, particularly when these 

sentiments are acted upon collectively. This action tends to occur with a delay, reflecting the 

behaviour of late-informed investors who, once they act upon accumulated sentiment data, can 

influence market prices. 

 

Baker & Wurgler (2006) show how overall market sentiment can affect trading behaviours, 

possibly the actions of late-informed investors even stronger. These investors, who respond to 

sentiment indicators they notice later in the day, could significantly impact the direction of 

movements at the end of the day.  

 
2 Liquidity: Refers to the ease with which an asset can be bought or sold in a market without affecting its price 
significantly, high liquidity means that the spread between ask, and bid becomes small, while an illiquid asset 
grows between ask and bid (Bodie et al. 2014).  
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Similarly, Cohen & Frazzini (2008) provide a different angle, highlighting how limited investor 

attention to economic links between firms lead to return predictability across linked assets. This 

suggests that late-informed investors might not only be reacting slowly to market news but also 

to specific developments between companies. 

 

3.3 The efficient market hypothesis 

The Efficient Market Hypothesis (EHM) is a cornerstone of modern financial theory that 

suggests stock prices fully reflect all available information at any given time. The hypothesis 

was suggested first by Fama (1970). This hypothesis hypothesizes that it’s impossible to 

consistently achieve higher returns than the average market return on a risk-adjusted basis, 

given that price changes are unpredictable and occur in response to new information, which is, 

by its nature, random and unforeseeable.   

 

There are three different forms which are important to understand, the first one is the weak- 

form, efficiency which states that all past market trading data, such as stock price and volumes 

are fully reflected in stock prices, making technical analysis ineffective. The second form is the 

semi-strong form efficiency, which claims that all publicly available information about a 

company’s fundamentals is already accounted for in stock prices, rendering fundamental 

analysis useless for gaining edge. The final form is the strong-form efficiency, which suggests, 

that stock prices reflect all information, public and private, including insider information, 

meaning that even insiders cannot consistently achieve abnormal returns (Bodie et al, 2014). 

 

Numerous studies have contested the hypothesis, including the work of Zhang et al (2019, 

which calls into question the idea of market efficiency by revealing patterns within the trading 

day that can be leveraged for financial advantage. Gao et al (2018) who identifies an intraday 

moment effect in the U.S stock market where first half-hour return can positively predict the 

last half-hour return. This intraday predictability contrasts with the EHM by indicating that 

stock prices exhibit systematic patterns within the trading day. Studies examining different 

timeframes, like Moskowitz et al. (2012) and Narayan (2015), which focuses on monthly 

intervals, have discovered like the results that of Gao et al. (2018) and Zhang et al. (2019). 
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4. Previous studies 
 

Gao et al (2018) investigates intraday momentum patterns in stock market, specifically for the 

S&P 500 ETF “SPY”, using high-frequency data. The study reveals a significant pattern where 

the market’s first half-hour return, measured from the previous day’s close, predicts the last 

half-hour return. This intraday momentum is both statistically and economically significant, 

particularly on days with higher volatility, larger trading volumes, during recessions, and on 

days when major economic news is released. This phenomenon also extends to other heavily 

traded domestic and international ETFs. There are several articles built on the concept of Gao 

et al (2018), among Zhang et al (2019) and Liamkriangkria et al (2023). 

 

The findings provide evidence challenging the traditional understanding of market efficiency 

(EHM) showing that predictable intraday return patterns exist and can be exploited for 

economic gain. The two main theoretical explanations are as in other similar papers, that the 

model of infrequent portfolio rebalancing and the presence of late-informed traders acting on 

early-day information towards the market close. 

 

Zhang et al (2019) is one of the main inspiration articles where the authors delve into the 

phenomenon of intraday momentum in the Chinese stock market. It identifies a significant 

pattern where the returns from the first and/or the second to last half-hour returns can predict 

the last half-hour return, both in-sample and out-of-sample. This intraday momentum is not 

only statistically significant but also yields substantial economic gains from both asset 

allocation and market timing perspectives. 

 

The findings challenge the traditional view of market efficiency by demonstrating that certain 

intraday trading patterns can be exploited for predictive purposes. The paper theorizes that this 

intraday momentum could be driven by the trading behaviours of investors who rebalance their 

portfolios infrequently or by those who are late-informed and therefore trade near the market 

close. This theory is supported by Bogousslavsky (2016). The authors also find support for this 

theory by the empirical evidence of a U-shaped volume pattern, where trading volumes are 

significantly higher at the beginning and end of the trading day, suggesting a concentration of 

trading activities during these periods. 
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Moreover, the study explores the effects of return volatility, trading volume and liquidity on 

the observed intraday momentum. It finds that the momentum is stronger on days with high 

volatility, median trading volume, and low liquidity. The intraday predictability is also more 

pronounced outside the period of the global financial crisis, indicating its fluctuation with 

market conditions. 

 

Bogousslavsky (2016) explores the impacts of infrequent rebalancing by investors on stock 

return patters, including autocorrelation and seasonal effects. It introduces a model to explain 

specific patterns observed in time series and cross-sections of stock returns. The study finds 

that infrequent rebalancing can lead to return autocorrelations consistent with empirical 

evidence from intraday and daily returns, as well as generate seasonality in the cross-section of 

stock returns. This effect occurs because investors not frequently adjusting their portfolios can 

create a momentum at their rebalancing horizon, affecting their return dynamics. Additionally, 

the cross-sectional variance of expected returns increases when more traders rebalance, 

contributing to seasonality in stock returns. This phenomenon can help explain empirical 

evidence of periodicity in intraday and persistent seasonality in monthly returns. 

 

The research shows that infrequent rebalancing by investors leads to predictable patterns in 

stock returns. By including this behaviour in his model, Bogousslavsky creates a strong 

framework that matches well with what we see in the markets. The model’s success in 

mimicking intraday and daily return patterns demonstrate its usefulness for understanding 

markets behaviour. The study also highlights how the timing of portfolio adjustments can 

increase market inefficiencies and create opportunities for strategic trading. 

 

Liamkriangkrai et al. (2023) discusses the Efficient Market Hypothesis (EHM) in the context 

of intraday momentum in stock markets and its implications. The authors reference the EHM 

to emphasize that markets should be at least weak-form efficient. However, the discovery of 

intraday momentum, where early trading returns can predict late-day returns, challenges this 

aspect of EHM. Specifically, the presence of intraday momentum suggest that all available 

information may not be instantly and fully incorporated into stock prices, allowing for 

predictable patterns that investors could potentially exploit. 
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This paper also cites Gao et al. (2018), who documented intraday momentum in the US market, 

as a foundation for investigating whether similar patterns exist in the Asia-Pacific markets 

(APAC). This exploration of the APAC markets is particularly interesting because it tests the 

boundaries of EMH in a diverse set of financial markets, including both emerging and 

developed markets within APAC. The paper uses the concept of EHM as a context to explore 

and challenge the efficiency of APAC markets through the lens of intraday momentum. The 

findings where that significant intraday momentum was found mainly in China and Japan. 

South Korea showed weak evidence of momentum, while Hong Kong SAR and Singapore did 

not exhibit significant intraday momentum. The study discovered that volatility has a more 

significant impact on intraday momentum than trading volume in the APAC markets. In 

comparison to the US market, China and Japan suggest similarities, but overall patterns across 

APAC markets was not as extensive as in the US. 

 

Li et al. (2022) extends the examination of intraday momentum to a global context, employing 

high-frequency data from 16 developed markets, Sweden’s all-share index being one of them. 

Utilizing the longest sample period from 2000-2017. The study shows that intraday time series 

momentum (ITSM) is economically sizable and statistically significant across most countries. 

It highlights that ITSM is stronger when liquidity is low, volatility is high, and new information 

is discrete, suggesting that ITSM is driven by both market microstructure and behavioural 

factors. The findings confirm that intraday momentum can be observed globally and is 

influenced by various market characteristics. 

 

Welch & Goyal (2008) research paper critically evaluates the effectiveness of numerous 

predictors that have been proposed in the academic literature. The study finds that modest 

models exhibit poor predictive performance both in-sample and out-of-sample over the past 

three decades, challenging the idea that the equity premium is easily predictable using 

commonly suggested predictors. The models examined includes various financial economic 

variables, such as dividend-price ratios, earnings-ratio, interest rates and macroeconomic 

indicators. 

 

Welch & Goyal (2008) introduce new methodological approaches for predictive regression 

analysis, addressing issues of persistence and endogeneity in predictors. The researchers 

underscore the economic insignificance of many predictors when considering transaction costs 

and risk, highlighting the practical challenges in exploiting predictive signals for market timing 
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or asset allocation. Furthermore, the study conducts a thorough investigation of the stability of 

predictive models over time, revealing that many models predictive power deteriorates 

significantly for out-of-sample predictions in the most recent decades, suggesting a lack of 

robustness.3 

 

Murphy & Thirumalai (2017) examine the predictability of short-term stock returns, focusing 

on the role of repetitive institutional trading. Utilizing a unique dataset from the National Stock 

Exchange of India, which includes masked trader identification and type. The study 

demonstrates that returns in specific half-hour intervals can predict returns in the same intervals 

on subsequent days. This phenomenon, referred to as “micro-momentum”, is driven by 

institutional investors who execute large orders over multiple days. The researchers find that 

the net order submission activity, defined as the difference between the dollar volume of buy 

and sell orders for a specific trader category. These repetitive institutional traders are 

significantly predictive of future returns in the same half-hour on following days. In contrast, 

nonrepetitive institutional traders show little to no impact on return predictability. These 

findings underscore the importance of understanding institutional trading behaviour, as they 

create systematic patterns in stock returns that can be exploited. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
3 Robustness: The ability for a model to perform well on new unseen data (Bodie et al. 2014). 
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5. Data 
 

5.1 Data Collection 

Access to financial data is fundamental for conducting empirical research in finance. In this 

study, data were obtained from LSEG’s workspace for students, providing access to a 

comprehensive database of financial information. The data collection process focused on the 

OMXS30 index, representing the 30 most actively traded stocks on the Stockholm Stock 

Exchange (NasdaqOMX, 2024), along with five of its constituent stocks: ABB, Investor B, 

Nordea SE, SBB B and Sinch. 

 

The time-period for the data is 2 Mars 2023 to 29 February 2024. The time-period was chosen 

based on the availability of the data. Intraday data on a minute-to-minute basis was acquired 

for the specified stocks and index. Due to limitation on the data download capacity, the data 

retrieval process was conducted in segments, spanning three months at a time. As a result, four 

Excel files were generated for each stock and index, each representing a consecutive three-

month period. 

 

The Excel files were then converted into CSV format to facilitate data manipulation and 

analysis. Furthermore, efforts were undertaken to merge the segmented files for each stock and 

index, consolidating the data into comprehensive CSV files for further process and analysis. 
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Figure 1. Normalized Daily Closing Prices for Stocks and OMXS30 

 
Figure 1 displays the normalized daily closing prices of the OMXS30 index and its five 

constituent stocks: ABB, Investor, Nordea, SBB and Sinch, over the period from March 2, 2023, 

to February 29, 2024. The normalization allows for a comparison of relative performance. 

Throughout this period, SBB and Sinch exhibit significant volatility, with noticeable price 

fluctuations indicating higher risk and potential for returns. ABB, Investor, and Nordea show 

more stable price movements, aligning closely with overall market trends represented by 

OMXS30 index. The increase from November 2023 can likely be attributed to unchanged 

interest rates and a decrease in inflation (Riksbanken, 2023). Its important to note that both SBB 

and Sinch are considered growth stocks, which tend to be sensitive to interest rate changes. 
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5.2 Data Cleaning 

Data cleaning is an essential step in preparing financial data for analysis, ensuring its accuracy, 

and suitability for the empirical study. The cleaning process started with the removal of 

unnecessary data fields, such as “Open”, “High”, “Low”, “Net” and “%Change”, retaining only 

essential variables: “Date”, “Close price” and “Volume”. 

 

During the process of data cleaning, issues such as missing data arise. To address these issues, 

certain techniques were implemented. To handle 09:00 timestamps with missing data, the 

previous closing price of the preceding day at 17:30 were substituted as the closing price for 

09:00 timestamp.4 This is to ensure completeness for subsequent calculations, particularly half-

hour returns. Much like Zhang et al. (2019) and Gao et al. (2018) the half-hour returns 

calculations, specifically for the first half-hour is calculated by considering overnight 

movements and thereafter every half-hour. This would mean that the 09:00 timestamp 

represents the first half-hour returns and the 17:00 represents the last half-hour return. This 

aligns not only with previous researchers but also with popular trading websites such as 

TradingView (2024). The first half-hour at day t returns is calculated as: 

 

𝑟1,𝑡 =  
𝑃09:30,𝑡− 𝑃09:00,𝑡

𝑃09:00,𝑡
,         (1) 

𝑟1,𝑡  denotes the return for the first half-hour interval. This calculation is repeated for each 

subsequent interval throughout the day. Analogously the last half-hour looks like this: 

𝑟17,𝑡 =  
𝑃17:30,𝑡− 𝑃17:00,𝑡

𝑃17:00,𝑡
         (2) 

 

Furthermore, discrepancies in the data were observed, with missing values occurring at various 

timestamps throughout the dataset. To mitigate this inconsistency, a forward fill technique was 

employed, whereby missing values were replaced with the latest available close price, and the 

volume was set to zero. For instance, if the data for 16:00 was missing, the close price at 15:59 

was used to fill the gap. This adjustment assumed that the absence of trading activity during 

those minutes resulted in missing data. 

 

 
4 Example: 2023-03-03, 17:30,” Close” = 35. 2023-03-04, 09:00, ”Close” = 35. 
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In addition to the initial data cleaning steps, further data preparation was undertaken to 

synchronize the data across the selected stocks and the OMXS30 index. This process involved 

ensuring that the dataset contained matching observations for all timestamps for each trading 

day across all datasets. Specifically, this meant retaining only those dates for which r1,t, r16,t, 

and r17,t data existed for all stocks and the index. Half-trading day, such as those occurring due 

to special events like Easter, were removed5. Dates with substantial missing timestamps were 

also excluded, including 2023-12-29 for OMXS30, 2023-09-01 for all stock (not OMXS30), 

and 2023-09-04 for investor. To be included, each day had to have timestamps at 09:00, 16:30, 

and 17:00 for the half-hour returns throughout the day. 

 

 

. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
5 Half-trading days: Opens at 09:00 and Closes at 13:00 (Tradinghours, 2024) 
https://www.tradinghours.com/markets/omx, (Nordea, 2024) https://www.nordea.se/privat/produkter/spara-
investera/aktier/borsens-oppettider.html  

https://www.tradinghours.com/markets/omx
https://www.nordea.se/privat/produkter/spara-investera/aktier/borsens-oppettider.html
https://www.nordea.se/privat/produkter/spara-investera/aktier/borsens-oppettider.html
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5.3 Correlation and descriptive statistics 
 

Figure 7. Correlation between half-hours returns. 

 

The correlation matrices reveal distinct patterns in the relationship between each half-hour 

return for the OMXS30 index and its constituent stocks: ABB, Investor, Nordea, SBB and 

Sinch. ABB, Nordea and SBB exhibit somewhat stronger positive correlations for the first 

half-hour return with the last half-hour return compared to the other stocks and index. These 

movements indicate that the first half-hour return can be useful for predicting the last half-

hour return. In contrast Investor and Sinch display the strongest negative correlations with the 

last half-hour return, indicating a potential reversal pattern within the trading day. 

The second-to-last half-return (r16,t) shows the strongest positive correlation with the last half-

hour for SBB and Sinch. This relationship suggests that the price movements in the late part 

of the trading day might be a good predictor for the last half-hour return. 
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Table 1. Descriptive statistics, values in percentage. 

 
 

Table 1 shows the descriptive statistics for all variables across each dataset. The standard 

deviation (std) indicates substantial price fluctuations and risk levels. Notably, SBB and Sinch 

exhibits particularly high standard deviations for the first half-hour return (r1,t), pointing to 

substantial volatility increase during this interval. This increased volatility is likely due to 

reactions to overnight news and other external factors influencing the market at the start of the 

trading day. Conversely, the OMXS30 index, Nordea, Investor, and ABB display relatively 

lower standard deviations across all intervals (but still higher for r1,t  than r16,t and r17,t), 

suggesting more stable returns and lower risk. This stability implies that these stocks and the 

index are less susceptible to dramatic price swings within these specific timeframes. 

 

Examining the range of returns, SBB and Sinch have the widest range, reflecting substantial 

price movements and volatility. The abnormal returns for r1,t in both Sinch and SBB are likely 

due to important news events or quarterly reports. For instance, the substantial first half-hour 

return of 23.36% for SBB on 2023-09-25 can be attributed to major news release the previous 
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day, announcing that SBB would receive liquidity 7.8 billion SEK6. OMXS30, Nordea, Investor 

and ABB show a narrower range of returns, highlighting their stability. 

 

Analysing skewness and kurtosis (see Appendix, Figure 6-11) further enhances the 

understanding of the return distributions. Skewness indicates asymmetry: negative skewness 

for r1,t ABB and Nordea suggests longer left tails and a higher probability of negative returns 

while positive skewness for SBB and Sinch indicates longer right tails and higher positive return 

probabilities. Kurtosis reveals tail and peak characteristics: high kurtosis for r1,t ABB, Nordea, 

SBB, and Sinch suggests heavy tails and sharper peaks, indicating a higher likelihood of 

extreme returns. Conversely, lower kurtosis such as r16,t and r17,t for Investor indicates 

distributions closer to normal with fewer extreme returns. 

 

Overall, SBB and Sinch show higher volatility and extreme return likelihoods, consistent with 

their higher standard deviations and broader ranges. In contrast, OMXS30, Nordea, Investor, 

and ABB exhibit more stable returns with lower skewness and kurtosis, indicating more 

symmetric and less extreme distributions. There are some exceptions, such as r1,t  for both ABB 

and Nordea, which display high kurtosis. Although these extreme returns are small compared 

to SBB and Sinch. 

 

 

 

 

 

 

 

 

 

 

 

 

 
6 Dagens industri. 2023. https://www.di.se/nyheter/sbb-avslutar-strategisk-oversyn/  

https://www.di.se/nyheter/sbb-avslutar-strategisk-oversyn/
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6. Empirical model 
 

This study employs an Ordinary Least Squares (OLS) regression to predict intraday stock 

returns based on the OMXS30 index and its five constituent stocks: ABB, Investor B, Nordea, 

SBB B and Sinch. The study draws inspiration from two articles of intraday momentum: 

“Intraday Momentum and Stock Return Predictability: Evidence from China by Zhang, Ma, 

and Zu (2019) and “Market Intraday Momentum” by Gao, Han, Li, and Zhou (2018). This 

chapter will detail each model, highlighting the roles and implications of the chosen variables 

in predicting intraday returns. 

 

6.1 Return prediction models 

The return prediction model following Zhang et al (2019) and Gao et al (2018) aims to capture 

the dynamics of intraday returns and their predictive power for the day’s last half-hour. These 

3 models will be applied to both index itself and its constituent stocks. Model 1 is formulated 

as:  

𝑟17,𝑡 = 𝛼 + 𝛽1𝑟1,𝑡 +  𝜖1,𝑡,          (3) 

𝑟17,𝑡 represents the last half-hour return of the trading day, serving as the target variable for the 

analysis. The intercept, 𝛼 represents the baseline return of the market, capturing average closing 

returns. 𝛽1 measures the sensitivity of the first half-hour return (𝑟1,𝑡) on the last half-hour return 

illustrating the early trading impact on the market close. The term 𝜖1,𝑡  represents random 

shocks7. 

 

Analogously Model 2 is formulated as: 

𝑟17,𝑡 = 𝛼 + 𝛽16𝑟16,𝑡 +  𝜖16,𝑡,         (4) 

where 𝑟16,𝑡is the second-to-last half-hour return. In this model 𝛽16 measures the sensitivity of 

the second-to-last half-hour return on the last half-hour return, capturing the effect of later 

trading activity on the market close. 

 

Model 3 combines the first and second-to-last half-hour returns, formulated as: 

𝑟17,𝑡 = 𝛼 + 𝛽1𝑟1,𝑡 + 𝛽16𝑟16,𝑡  +  𝜖1,16,𝑡,       (5) 

 
7 A random shock refers to the unpredictable and random fluctuations that affect the value of a stock price 
over time (Bodie et al, 2014). 
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This model tests the theory that both early and late intraday returns jointly provide valuable 

insights into the market’s closing behaviour. 

6.2 Out-of-sample forecast models 

While the in-sample model provides initial insights into the dynamics of intraday returns, out-

of-sample predictions are crucial to evaluate the model’s practical applicability. Despite the 

return prediction results being strong or weak, out-of-sample forecasts are necessary to test 

whether the model can improve with the inclusion of new data and potentially identify 

predictive patterns that were not apparent in the return prediction analysis. For the out-of-

sample prediction, I utilize an expanding window approach also inspired by earlier researchers 

Zhang et al (2019 and Gao et al (2018). This technique incrementally updates the model 

parameters based on new data, enabling forecasts of future returns. Each model has been trained 

on 50% of the data, which corresponds to 123 observations, representing the in-sample portion  

𝑚 of the data. The first model for the first observation is formulated as: 

𝑟̂17,𝑚+1 = 𝛼̂𝑚 +  𝛽̂1,𝑚𝑟1,𝑚+1,         (6) 

where 𝑟̂17,𝑚+1 represents the forecasted return for the next day (𝑚 + 1).  𝛼̂𝑚  the estimated 

intercept term based on data available up to day 𝑚. This parameter captures the baseline return 

that can be expected regardless of the specific movements in early trading periods. 𝛽̂1,𝑚 

represents the estimated sensitivity of the first half-hour return (𝑟1,𝑚+1) on the last half-hour 

return of the following trading day. 𝑟1,𝑚+1  represent the observed first half-hour return for 

period 𝑚 + 1. The first half-hour return is crucial as it captures the initial market sentiment or 

response to any developments that occurred overnight. Its inclusion in the model tests the theory 

that early intraday returns offer valuable foresight into the market’s closing behaviour. 

 

The second model examines the forecasting capabilities of the second-to-last half-hour return 

(𝑟16,𝑚+1), since it could influence the last half-hour return if the price is persistent throughout 

the day (Zhang e al, 2019). The second model is formulated as: 

𝑟̂17,𝑚+1 = 𝛼̂𝑚 +  𝛽̂16,𝑚𝑟16,𝑚+1,        (7) 

where 𝑟16,𝑚+1 represents the second-to-last half-hour return. 

 

The third model combines both the first and second-to-last half-hour returns, formulated as: 

𝑟̂17,𝑚+1 = 𝛼̂𝑚 +  𝛽̂1,𝑚𝑟1,𝑚+1 + 𝛽̂16,𝑚𝑟16,𝑚+1.       (8) 
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6.3 Performance metrics 

In this section, I describe the performance metrics used to evaluate the accuracy and 

effectiveness of the prediction’s models and the trading strategies. These metrics include the 

out-of-sample R-Squared (𝑅𝑂𝑆
2 ), Mean Absolute Error (MAE), Root Mean Squared Error 

(RMSE), and the Sharpe Ratio. Each metrics provides a different perspective on model 

performance. Below, I define each metric, explaining its importance, and outline how it is 

calculated.  

 

The out-of-sample R-Squared (𝑅𝑂𝑆
2 ) is a measure of well the model predicts new, unseen data 

compared to a simple mean model. It is formulated as follows: 

𝑅𝑂𝑆
2 = 1 − 

∑𝑡=𝑚+1
𝑛 (𝑟17,𝑡−𝑟̂17,𝑡)2

∑𝑡=𝑚+1
𝑛 (𝑟17,𝑡−𝑟̅17,𝑡)2

,        (9) 

where 𝑟17,𝑡 is the actual last half-hour return, 𝑟̂17,𝑡 is the forecasted last half-hour return, and 

𝑟̅17,𝑡 is the average of the actual returns of the predictions. The summation runs from 𝑡 = 𝑚 +

1 to n, where 𝑚 represents the size of the training data set and n represents the total number of 

observations. A positive 𝑅𝑂𝑆
2  indicates that the model performs better than the simple mean 

model, while a negative 𝑅𝑂𝑆
2  suggests worse performance (Zhang et al. 2019). 

 

The Mean Absolut Error (MAE) measures the average magnitude of the errors between the 

forecasted and actual values, without considering their direction. MAE is formulated as follows: 

𝑀𝐴𝐸 =  
1

𝑛−𝑚+1
∑ |𝑟17,𝑡 −  𝑟̂17,𝑡|𝑛

𝑡=𝑚+1 .       (10) 

Lower MAE values indicate better model performance, with smaller average errors. 

 

The Root Mean Squared Error (RMSE) is like MAE but gives more weight to larger errors, 

making it more sensitive to outliers. It is calculated as the square root of the average squared 

differences between the forecasted and actual values: 

𝑅𝑀𝑆𝐸 =  √
1

𝑛−𝑚+1
∑ (𝑟17,𝑡 − 𝑟̂17,𝑡)2𝑛

𝑡=𝑚+1 .       (11) 

Lower RMSE values indicate better forecast accuracy. Because RMSE squares each error term 

before averaging, it penalizes larger errors more severely than MAE. This means that if a model 

has a few large errors, the RMSE will substantially, highlighting the presence of these large 

errors. 
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The Sharpe Ratio is a measure used to evaluate the risk-adjusted return of an investment or 

trading strategy. It is particularly useful for comparing the performance of different models or 

strategies by accounting for both the returns and the risk involved. The Sharpe Ratio is 

formulated as follows: 

𝑆ℎ𝑎𝑟𝑝𝑒 𝑅𝑎𝑡𝑖𝑜 =  
𝐸𝑆[𝑅𝑆𝑡𝑟𝑎𝑡𝑒𝑔𝑦]− 𝑅𝑓

𝜎𝑆𝑆𝑡𝑟𝑎𝑡𝑒𝑔𝑦

 .         (12) 

𝐸𝑆[𝑅𝑆𝑡𝑟𝑎𝑡𝑒𝑔𝑦] represents the expected annualized return of the trading strategies. 𝑅𝑓 represents 

the risk-free rate of return which is typically based on short-term government securities. 

𝜎𝑆𝑆𝑡𝑟𝑎𝑡𝑒𝑔𝑦
 represents the standard deviation of the strategies (Bodie, 2014). 
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7. Results 
 

This chapter presents the results of the empirical analysis on intraday momentum and return 

predictability within Swedish financial market. The findings are organized into Return 

prediction results for the full-sample, out-of-sample forecast results with 50% of the data trained 

on and 50% forecasted and an analysis of the average volume, realized volatility, and illiquidity. 

The examination aims to uncover patterns of predictability in intraday returns and assess the 

effectiveness of momentum-based trading strategies. 

7.1 Return prediction results 

Model 1 shows us the estimation results from the full sample of the last half-hour return (𝑟17,𝑡) 

on the first half-hour return (𝑟1,𝑡). Model 1 suggests that there is some degree of predictability 

of the last half-hour returns based on the first half-hour returns for certain stocks. However, 

this relationship is generally weak, as indicated by the low R2 values across all stocks and the 

OMXS30 index. 

 

Table 2. Return prediction, Model 1, last half-hour returns on first half-hour return. 

Stocks and index 𝑅2 𝛼̂ 𝛽̂1,𝑡 Observations 

ABB 1.6% 0.0429*** 0.0295** 247 

Investor 0.8% 0.0417*** - 0.0242 246 

Nordea 1.3% 0.0028* 0.0264*** 247 

OMXS30 0.0% 0.0174* 0.0014* 247 

SBB 1.3% - 0.0269 0.0241* 247 

Sinch 2.4% 0.0150 - 0.0327** 247 

Note: The significance level is denoted by * = 10%, ** = 5%, *** = 1%. Coefficient and 

intercept in % form. 

 

The intercept terms (α) are significant in several cases, especially for ABB and Investor, 

indicating a consistent baseline return independent of the first half-hour return. Mixed signs and 

significance levels of the (𝑟1,𝑡 ) coefficient suggests that the direction and strength of the 

relationship between early and late trading periods can vary significantly across different 

stocks. The results in Table 2 imply that while there may be some degree of intraday momentum 

within individual stocks, it is not strong or consistent enough to be reliably exploited for trading 

strategies in the Swedish market. This contrasts with the more notable intraday momentum 
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effects observed in larger market such as the US and China, as documented in previous studies 

by Gao et al. (2018) and Zhang et al. (2019). 

 

Model 2 presents the estimation results for the last half-hour return (r17,t) based on the second-

to-last half-hour return (r16,t). This model explores whether the returns in the second-to-last 

half-hour can predict the returns in the last half-hour of trading. 

 

Table 3. Return prediction, Model 2, last half-hour returns on second-to-last half-hour. 

Stocks and index 𝑅2 𝛼̂ 𝛽̂16,𝑡 Observations 

ABB 0.4% 0.0433*** - 0.0575 247 

Investor 0.9% 0.0391*** - 0.0979 246 

Nordea 0% 0.0041 0.0032 247 

OMXS30 0.9% 0.0171* - 0.0900 247 

SBB 6.6% - 0.0099 0.1929*** 247 

Sinch 0.6% 0.0095 0.0593 247 

Note: The significance level is denoted by * = 10%, ** = 5%, *** = 1%. Coefficient and 

intercept in % form. 

The Table 3 estimation results indicate a generally weak relationship between the second-to-

last half-hour returns (r16,t) and the last half-hour returns (r17,t) for most stocks and the OMXS30 

index. Evident by the low R2 values, suggesting that the second-to-last half-hour returns do not 

explain much of the variance in the last half-hour returns. SBB is an exception, showing a 

significant positive relationship between the second-to-last and last half-hour returns, with an 

R2 of 6.6% and a significant coefficient for r16,t. This suggest that for SBB, the second-to-last 

half-hour return can be a meaningful predictor of the last half-hour return. Overall, these 

findings suggest that like the first model, predictability of the last half-hour returns based on 

the second-to-last half-hour returns is generally weak for the Swedish market. The notable 

exception of SBB could indicate specific characteristics of this stock that make it more suitable 

to intraday momentum effects. 
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Model 3 presents the estimation results for the last half-hour return (r17,t) based on both the first 

half-hour return (r1,t) and the second-to-last half-hour return (r16,t). This model investigates 

whether combining these two returns improve the predictability of the last half-hour returns. 

 

Table 4. Return prediction, Model 3, last half-hour returns on first and second jointly. 

Stocks and index 𝑅2 𝛼̂ 𝛽̂1,𝑡 𝛽̂16,𝑡 

ABB 1.9% 0.0427*** 0.0285* - 0.0494 

Investor 1.6% 0.0411*** - 0.0222 - 0.0904 

Nordea 1.3% 0.0028 0.0264* 0.0031 

OMXS30 0.9% 0.0170* 0.0010 - 0.0899 

SBB 8.5% - 0.0122 0.0293** 0.2025*** 

Sinch 3% 0.0134 - 0.0333** 0.0637 

Note: The significance level is denoted by * = 10%, ** = 5%, *** = 1%. 

 

The estimation results from Table 4 indicate that when considering both the first half-hour 

returns (r1,t) and the second-to-last half-hour returns (r16,t) jointly, the predictability of the last 

half-hour returns improves slightly for some stocks but remains generally weak. SBB again 

shows a relatively stronger relationship, with both the first and second-to-last half-hour returns 

being significant predictors, with the highest R2 of 8.5% among the stocks and index. Sinch’s 

first half-hour return is significant but negative, indicating an inverse relationship. Combining 

the first and second-to-last half-hour returns offers some improvements in predictability for 

certain stocks, particularly SBB, but the overall explanatory power remains limited. The 

Swedish market exhibits weak intraday momentum effects, and the predictability of the last 

half-hour returns based on earlier intraday returns is not robust across most stocks. 
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7.2 Out-of-sample forecast results 

Here I present the out-of-sample prediction results for Model 1, 2 and 3, starting with Model 1 

for the out-of-sample, which uses the first half-hour return (r1,t) to predict the last half-hour 

return (r17,t). This analysis helps evaluate the model’s practical applicability and performance 

beyond the sample data. 

 

 

Table 5. Expanding window out-of-sample forecast, Model 1, results for r17 ,t  on r1,t 

Stocks and index 𝑅𝑂𝑆
2  MAE RMSE Forecasts 

ABB - 2.38% 0.1465% 0.1863% 124 

Investor - 0.77% 0.1431% 0.1804% 123 

Nordea - 4.54% 0.1462% 0.1864% 124 

OMXS30 - 1.31% 0.1033% 0.1384% 124 

SBB 0.87% 0.5945% 0.7676% 124 

Sinch 2.18% 0.3845% 0.5142% 124 

Note: MAE = Mean absolute error. RMSE = Root mean squared errors. 

 

Table 5, negative 𝑅𝑂𝑆
2  values for ABB, Investor, Nordea and OMXS30 indicates that the model 

performs worse than a simple mean model. Suggesting that using the first half-hour return as a 

predictor does not provide reliable out-of-sample forecasts for these stocks and index. SBB and 

Sinch positive 𝑅𝑂𝑆
2 , indicate that the model performs slightly better than the mean model. The 

improvement is modest for SBB and more noticeable for Sinch. The RMSE and MAE provide 

additional insights into the model’s performance. For both SBB and Sinch, the MAE and RMSE 

are lower than the standard deviation of returns for r17,t (see Figure 2). This indicates that the 

models have some predictive power for these stocks, as the forecasted errors are within the 

range of typical return variability. While the errors are not insignificant, their magnitudes 

relative to the standard deviation suggest that the models capture some aspects of the return 

patterns for SBB and Sinch. However, given generally low 𝑅𝑂𝑆
2  values and weak in-sample 

performance, the overall utility of the model might still be limited for practical trading strategies 

in the Swedish market. 
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Model 2 presents the out-of-sample forecast results for the last half-hour return (r17,t) based on 

the second-to-last half-hour return (r16,t), evaluating the effectiveness of using the second-

to-last half-hour return as predictor for the last half-hour return in a practical context. 

  

Table 6. Expanding window out-of-sample forecast, Model 2, results for r17,t  on r16,t 

Stocks and index 𝑅𝑂𝑆
2  MAE RMSE Forecasts 

ABB - 2.42% 0.1455% 0.1863% 124 

Investor - 1.78% 0.1449% 0.1813% 123 

Nordea - 5.32% 0.1460% 0.1871% 124 

OMXS30 - 1.05% 0.1025% 0.1382% 124 

SBB - 7.73% 0.6367% 0.8002% 124 

Sinch - 6.97% 0.3977% 0.5377% 124 

Note: MAE = Mean absolute error. RMSE = Root mean squared errors. 

 

Table 6 indicates that using the second-to-last half-hour return as a predictor for the last half-

hour return is generally ineffective. The overall results for 𝑅𝑂𝑆
2  with negative values across the 

board suggest that the model underperforms compared to a simple mean model. This model 

confirms that the second-to-last half-hour returns has limited predictive power for practical 

trading strategies in the Swedish market. 

 

Model 3 presents the out-of-sample forecast results for the last half-hour return (r17,t) based on 

both the first half-hour return (r1,t) and the second-to-last half-hour (r16,t). This model 

investigates whether combining these two predictors improves the forecast accuracy for the last 

half-hour return.  

 

Table 7. Expanding window out-of-sample forecast, Model 3, results for r17 on r16 and r1 

Stocks and index 𝑅𝑂𝑆
2  MAE RMSE Forecasts 

ABB - 2.82% 0.1459% 0.1867% 124 

Investor - 1.95% 0.1448% 0.1815% 123 

Nordea - 5.69% 0.1467% 0.1874% 124 

OMXS30 - 1.73% 0.1028% 0.1386% 124 

SBB - 5.43% 0.6262% 0.7916% 124 

Sinch - 3.94% 0.3929% 0.5300% 124 

Note: MAE = Mean absolute error. RMSE = Root mean squared errors. 
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The results in Table 7, similar to Table 6, indicate that combining the first half-hour return and 

the second-to-last half-hour return does not improve predictability of the last half-hour return. 

Negative 𝑅𝑂𝑆
2  values across all cases suggest underperformance compared to the simple mean 

model. These results do not significantly improve the out-of-sample forecast accuracy, further 

reinforcing the conclusion that the first and second-to-last half-hour returns cannot predict the 

last half-hour return. 

 

7.3 The Average Volume, Realized Volatility, and Illiquidity 

Understanding the dynamics of average volume, realized volatility, and illiquidity is crucial 

for interpreting the predictability of intraday returns and the effectiveness of momentum-

based trading strategies. These metrics provide insight into market activity, risk levels, and 

liquidity conditions.  

Figure 3. The average volume for each half-hour interval for each stock excluding 

OMXS30. 

 

Figure 3 shows the average volume for each summed half-hour interval for the selected stocks, 

excluding OMXS30 (See figure 7, Appendix). The average volume indicates the level of trading 

activity within a given interval. The average volume for a given 30-minute interval 𝐼𝑘  is 

calculated by first summing the minutely volumes within each 30-minute interval across all 

days and then computing the average volume for each interval: 

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑣𝑜𝑙𝑢𝑚𝑒 𝑓𝑜𝑟 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 𝐼𝑘 =  
1

𝑛
 ∑ (∑ 𝑉𝑜𝑙𝑡,𝑗𝑡∈𝐼𝑘

)𝑛
𝑗=1 ,    (13) 
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Where 𝑛 is the number of days in the sample, 𝑉𝑜𝑙𝑡,𝑗 is the trading volume at time 𝑡 on day 𝑗, 

and  𝐼𝑘 denotes the 𝑘-th 30-minute interval. In the context of intraday momentum, the average 

volume can influence the reliability of return predictability. Zhang et al. (2019) highlighted 

that higher volumes are associated with more predictable intraday returns due to concentration 

of informed trading during these periods. My results, as shown in figure 3 and figure 7 (See 

Appendix), confirm that trading volumes peak at the market open and close.  

These patterns align with the findings of Gao et al. (2018), which also observed that 

significant information and liquidity are present at these times, potentially enhancing the 

predictability of intraday returns. 

Figure 4. The average realized volatility for each half-hour interval for each stock including 

OMX30. 

 

Figure 4 illustrates the average realized volatility for each half-hour interval for the selected 

stock, including OMXS30. This measure helps in understanding the periods of the day when 

prices are more volatile, which can influence trading strategies and risk management. Higher 

realized volatility can indicate more significant price swings, which may affect the 

predictability of returns. Analogously to volume the average realized volatility is formulated 

as: 

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝑅𝑒𝑎𝑙𝑖𝑧𝑒𝑑 𝑉𝑜𝑙𝑎𝑡𝑖𝑙𝑖𝑡𝑦 𝑓𝑜𝑟 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 𝐼𝑘 =  √
1

𝑛
∑ (∑ 𝑅𝑡,𝑗

2
𝑡∈𝐼𝑘

)𝑛
𝑗=1     (14) 
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Zhang et al. (2019) demonstrated that intraday momentum is more pronounced on high 

volatility days. Liamkriangkrai et al. (2023) found that volatility had a stronger influence on 

intraday momentum than trading volume in the APAC markets. My data, presented in figure 

4, show that realized volatility varies throughout the day, with noticeable spike at the opening 

interval, possibly due to the assimilation of overnight information and news. Overall, Sinch 

and SBB exhibits extreme volatility in comparison to the under stocks and OMXS30 which 

might be the explanation to the higher predictability. While the predictability is relatively low, 

especially for the out-of-sample results, it is still somewhat in line with the findings of Zhang 

et al. (2019) and Gao et al. (2018). 

 

Figure 5. The average illiquidity for each half-hour interval for each stock including 

OMX30. 

 

Figure 5 illustrates the average illiquidity for each half-hour interval for the selected stocks 

and the OMXS30. The Amihud illiquidity measure, introduced by Amihud (2002) is 

commonly used to quantify the price impact of trading volume, formulated as follows: 

𝐴𝑣𝑒𝑟𝑎𝑔𝑒 𝐴𝑚𝑖ℎ𝑢𝑑 𝑖𝑙𝑙𝑖𝑞𝑢𝑖𝑑𝑖𝑡𝑦 𝑓𝑜𝑟 𝑖𝑛𝑡𝑒𝑟𝑣𝑎𝑙 𝐼𝑘 =  
1

𝑛
 ∑ (∑

|𝑟𝑡,𝑗|

𝑉𝑡,𝑗
𝑡∈𝐼𝑘

)𝑛
𝑗=1 ,  (15) 

Where |𝑟𝑡,𝑗| is the absolute return and 𝑉𝑡,𝑗  is the volume at time 𝑡  on day 𝑗  .This measure 

indicates that less liquid stocks will experience larger price movements for a given amount of 

trading volume. Therefore, low illiquidity means high liquidity. 
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Figure 5 shows varying results for illiquidity, with no clear pattern indicating greater 

predictability. Among the stocks, Sinch and ABB exhibit the highest illiquidity (i.e., lowest 

liquidity). According to Zhang et al. (2019), stocks with high illiquidity show more pronounced 

price movements, and momentum strategies tend to be less effective when liquidity is high (low 

illiquidity). However, SBB and Sinch are the two stocks with the greatest predictability based 

on both in-sample and out-of-sample results, making it difficult to use the illiquidity measure 

to draw direct connections to the predictability of returns. 

 

 

 

7.4 Market timing, Buy and Hold 

Based on Zhang et al. (2019), a similar trading strategy was employed to examine the first half-

hour return and second-to-last half-hour return, both together and individually and then 

compare it with a traditional buy-and-hold strategy. The risk-free rate is set at 2.5%, derived 

from the Swedish 10-year Government Bond Yield (Tradingeconomics, 2024). The trading 

strategies is formulated as follows: 

𝑟𝑆,1 =  {
𝑟17, 𝑖𝑓 𝑟1 > 0;

−𝑟17, 𝑖𝑓 𝑟1 ≤ 0.
 

         (16) 

If the first half-hour is positive, a long position is taken. If it is negative, a short position is 

taken. The return is realized in the last half-hour at the closing price. 

𝑟𝑆,16 =  {
𝑟17, 𝑖𝑓 𝑟16 > 0;

−𝑟17, 𝑖𝑓 𝑟16 ≤ 0.
 

         (17) 

This approach is similar to the first half-hour strategy but is based on the return during the 

second-to-last half-hour. 

𝑟𝑆,1 & 𝑟𝑆,16 =  {

𝑟17, 𝑖𝑓 𝑟1 > 0 𝑎𝑛𝑑 𝑟16 > 0;
−𝑟17, 𝑖𝑓 𝑟1 ≤ 0 𝑎𝑛𝑑 𝑟16  ≤ 0.

0, 𝑂𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 

      (18) 

For the joint strategy, a long position is taken if both the first half-hour return, and the second-

to-last half-hour return are positive. Similarly, a short position is taken if both returns are 

negative. If neither condition is met, no position is taken. 
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Table 7. Comparison between strategies 

Stock Strategy Annual Ret% Std % Sharpe Skewness Kurtosis 

ABB 𝑟𝑆,1 12.51% 13.13% 0.76 - 0.51 1.82 

ABB 𝑟𝑆,16 - 3.70% 3.22% - 1.92 - 0.05 0.66 

ABB 𝑟𝑆,1 & 𝑟𝑆,16 0.99% 2.30% - 0.66 0.19 5.13 

ABB Buy & Hold 37.57% 19.91% 1.76   

Investor 𝑟𝑆,1 2.41% 11.94% - 0.01 0.34 2.52 

Investor 𝑟𝑆,16 - 0.24% 2.88% - 0.95 - 0.05 - 0.04 

Investor 𝑟𝑆,1 & 𝑟𝑆,16 - 1.98% 2.22% - 2.02 - 0.18 2.81 

Investor Buy & Hold 29.84% 16.12% 1.7   

Nordea 𝑟𝑆,1 - 6.27% 16.94% - 0.52 0.75 7.97 

Nordea 𝑟𝑆,16 - 1.20% 3.44% - 1.08 0.45 4.04 

Nordea 𝑟𝑆,1 & 𝑟𝑆,16 - 0.66% 2.83% - 1.12 0.83 10.9 

Nordea Buy & Hold - 4.29% 22.17% - 0.31   

OMXS30 𝑟𝑆,1 4.59% 9.81% 0.21 - 0.16 3.96 

OMXS30 𝑟𝑆,16 - 1.31% 2.30% - 1.66 0.51 3.36 

OMXS30 𝑟𝑆,1 & 𝑟𝑆,16 - 0.47% 1.65% - 1.81 1.53 15.22 

OMXS30 Buy & Hold 11.25% 13.95% 0.63   

SBB 𝑟𝑆,1 77.51% 93.53% 0.8 1.48 14.33 

SBB 𝑟𝑆,16 24.04% 12.33% 1.75 0.61 2.18 

SBB 𝑟𝑆,1 & 𝑟𝑆,16 18.64% 8.29% 1.95 1.38 11.27 

SBB Buy & Hold - 77.89% 113.06% - 0.71   

Sinch 𝑟𝑆,1 50.80% 53.38% 0.9 - 0.03 6.87 

Sinch 𝑟𝑆,16 - 1.79% 8.66% - 0.49 0.19 2.06 

Sinch 𝑟𝑆,1 & 𝑟𝑆,16 - 5.26% 6.34% - 1.22 0.16 8.18 

Sinch Buy & Hold - 26.99% 69.14% - 0.43   

 

The first half-hour (𝑟1) strategy generally yields modest positive returns for some stocks. For 

instance, ABB shows an annual return of 12.51% with a Sharpe Ratio of 0.76, indicating 

moderate success. However, for other stocks like investor and Nordea, the first half-hour 

strategy performs poorly, with low or negative returns and Sharpe ratios close to 0.  
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This suggests that the early intraday momentum is not consistently exploitable across different 

stocks. 

 

In terms of skewness and kurtosis, the 𝑟𝑆,1 strategy for SBB stands out with a high skewness of 

1.48 and a kurtosis of 14.33. The positive skewness indicates a bias towards positive returns 

from the strategy, and the high kurtosis suggests a substantial presence of extreme positive 

returns. This combination of high skewness and kurtosis indicates that while there are 

occasional large gains, there are also extreme returns, contributing to the overall performance 

and risk profile of this strategy for SBB. For Sinch, the 𝑟𝑆,1 strategy shows a skewness of -0.03, 

indicating near symmetry, and a high kurtosis of 6.87, suggesting a notable presence of outliers, 

which could explain the high returns and associated risk. 

 

The second-to-last half-hour strategy 𝑟𝑆,16  performs even worse, with most stocks showing 

negative returns and Sharpe ratios. For ABB, the annual return is -3.7% and the Sharpe ratio 

is -1.92, indicating that this strategy is ineffective. Similar poor performance is observed for 

Investor, Nordea, and OMXS30. The only exception is SBB, which shows a positive annual 

return of 24.04% and a high Sharpe ratio of 1.75, suggesting that the second-to-last half-hour 

return can be a meaningful predictor for this stock. 

 

For SBB, the 𝑟𝑆,16 strategy has a skewness of 0.61 and a kurtosis of 2.18. The positive skewness 

indicates slight bias towards positive returns, while the kurtosis suggests a relatively normal 

distribution with moderate outliers. This relatively balanced distribution could explain the 

effectiveness of this strategy for SBB, and its lower risk compared to the first strategy (𝑟𝑆,1). In 

contrast, OMXS30, Sinch and Nordea had similar values but still yielded negative returns. This 

can be attributed to the overall distribution of returns, where the frequency and magnitude of 

negative returns outweigh the positive ones. 

 

The joint strategy 𝑟𝑆,1 & 𝑟𝑆,16 offers slight improvements in some cases but generally remains 

weak. For ABB, the joint strategy yields an annual return of 0.99% and a Sharpe ratio of -0.66, 

which is better than the second-to-last half-hour strategy but still underperforms compared to 

the first half-hour strategy. SBB again stands out with 18.64% and a Sharpe ratio of 1.95, 

indicating strong performance when both early and late intraday returns are considered together. 
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For the joint strategy 𝑟𝑆,1 & 𝑟𝑆,16, SBB exhibits a skewness of 1.38 and a kurtosis of 11.27. 

Suggesting that the returns once again are bias towards positive returns, while the high kurtosis 

suggests a presence of extreme positive returns. Similarly, OMXS30 shows a skewness of 1.53 

and a kurtosis of 15.22. These values indicate that while there are some very high positive 

returns, the extreme nature of the returns (both positive and negative) might offset the benefits, 

potentially leading to an overall negative performance. When examining the distribution figure 

(See appendix, Figure 31-36), it is evident that there are many trades around zero. This likely 

results from the strategy’s condition of not taking trades when signs of the first half-hour and 

second-to-last half-hour returns is different. 

 

The traditional Buy & Hold strategy generally outperforms the intraday momentum strategies 

in terms of both annual returns and Sharpe Ratios for most stocks. For example, ABB’s Buy & 

Hold strategy yields an annual return of 37.57% with a Sharpe Ratio of 1.76, significantly 

higher than the best intraday strategy for this stock. Similarly, Investor achieves 29.84% with a 

Sharpe Ratio of 1.7%, compared to much lower returns from the intraday strategies. 

 

These results indicate while intraday momentum strategies occasionally yield positive returns, 

especially for some stocks like SBB and Sinch, they generally underperform compared to a 

straightforward Buy & Hold approach. This suggests that intraday momentum in the Swedish 

market is not robust enough to consistently outperform traditional long-term investment 

strategies. 
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8. Discussion 
 

The analysis of intraday momentum and return predictability in the Swedish financial market 

reveals some nuanced insights that both align with and challenge existing theories. The Efficient 

market Hypothesis (EHM), proposed by Fama (1970), posits that asset prices fully reflect all 

available information, making it impossible to consistently achieve higher returns than the 

average market return on a risk-adjusted basis. However, the observed intraday momentum 

effects in individual stocks like SBB and Sinch suggest that the Swedish market does not fully 

follow the EHM. The weak predictability observed in the OMXS30 index, ABB, Investor, and 

Nordea aligns with the hypothesis that market is generally efficient, but exceptions in certain 

stocks indicate some inefficiency that can be exploited for short-term gains. 

 

Previous studies by Gao et al. (2018) and Zhang et al. (2019) demonstrated significant intraday 

momentum in the U.S. and Chinese markets, with stronger effects observed in the Chinese 

market. The discrepancy between these findings and my results may be attributed to differences 

in market size, liquidity, investor behaviour, or volatility. Additionally, the studies utilized older 

datasets spanning longer timeframes, which like likely captured long-term trends and anomalies 

that contribute to intraday momentum. In contrast, the limited timeframe of my study may not 

fully capture these long-term dynamics. Furthermore, evolving market conditions and 

increasing use of advanced trading algorithms and high-frequency trading strategies might 

mitigate the predictability of returns that was more pronounced in earlier years. Differences in 

market structures, trading regulations, and investor behaviour could also play a role. The US 

and Chinese markets have diverse investor bases and varying regulatory environments, which 

might contribute to the stronger intraday momentum observed in these markets. For example, 

Chinas lunch break of 90 minutes and it’s shorter opening hours (Zhang et al. 2019). 

 

The significant predictability observed in SBB and Sinch could indicate that these stocks 

experience more pronounced delayed rebalancing effect, possible due to their higher volatility 

and sensitivity to news event. This aligns with Bogousslavsky’s (2016) model, where stocks 

with less frequent rebalancing exhibit momentum effects. Furthermore, Murphy & Thirumalai 

(2017) provide evidence of such infrequent rebalancing by institutions through their repetitive 

order activity. Where some institutional investors rebalance at the first half-hour and others in 

the last half-hour. This could be the reason for the increased volume in SBB and Sinch thus 

affecting the predictability in these two stocks. 
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Previous studies, including those by Zhang et al. (2019, Gao et al. (2018), Li et al. (2021), 

Liamkringkrai et al. (2023), Huang et al. (2015), and Baker & Wurgler (2006) identified late 

informed investors as key players to driving intraday momentum. The findings from the 

Swedish market, specifically SBB and Sinch support the notion that late-informed trading 

activities can influence return patterns. The U-shaped pattern observed in Figure 3, with peaks 

at open and close, suggest that trading volume and activities are concentrated at these times. 

Likely driven by both early news release in the morning and late-informed investor reacting to 

information accumulated throughout the day. 

 

The higher predictability and returns observed for stocks like SBB and Sinch could be attributed 

to their unique characteristics, such as higher volatility and price movements in response to 

news events. These stocks may be more sensitive to information flows and investor sentiment, 

resulting in stronger intraday momentum effects. Gao et al. (2018), Zhang et al. (2019), Li et 

al. (2021), and Liamkringkrai et al. (2023) all highlighted that intraday momentum is more 

pronounced in stocks with high volatility and significant news sensitivity. Furthermore, Zhang 

(2006) found that higher levels of uncertainty lead to stronger trend persistence. The findings 

for SBB and Sinch aligns with this observation, suggesting that targeted strategies focusing on 

such stocks might offer better returns. However, these strategies come with higher risk due to 

increased volatility. 
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9. Conclusion 
 

This study investigates the presence of intraday momentum and return predictability in the 

Swedish financial market, focusing on the OMXS30 index and its selected constituent stocks. 

The findings reveal that while there is some evidence of intraday momentum in individual 

stocks such as SBB and Sinch, the overall effect is weak compared to larger markets like US 

and China, specifically when comparing index to index such as OMXS30, Shanghai Composite 

(Zhang et al. 2019) and S&P 500 (Gao et al. 2018). Despite mixed results, this study contributes 

to the existing literature by providing insights to the dynamics of intraday returns in the Swedish 

market. The findings indicate that while intraday momentum exists, it is not strong or consistent 

enough to form the basis for reliable trading strategies across all stocks.  

 

The study’s limitations include the short time-period and focus on a single market. Future 

research could extend the analysis to longer timeframes, incorporate additional stocks, and 

explore other market. Investigating the first half-hour of the trading day using minute-by-

minute data, particularly during periods of high volume and volatility, could provide further 

insights. Additionally, developing sentiment analysis algorithms to evaluate the impact of news 

on intraday returns could enhance the predictability of trading strategies. 
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Appendix: 
 

Figure 6. Skewness, kurtosis and half-hour return distributions for ABB 

 
 

Figure 7. Skewness, kurtosis and half-hour return distributions for Investor 

 
 

Figure 8. Skewness, kurtosis and half-hour return distributions for Nordea 
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Figure 9. Skewness, kurtosis and half-hour return distributions for OMXS30 

 
 

 

Figure 10. Skewness, kurtosis and half-hour return distributions for SBB 

 
 

Figure 11. Skewness, kurtosis and half-hour return distributions for Sinch 
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Figure 12. Average Half-hour Trading volume OMXS30 

 
Figure 13. Out-of-sample prediction ABB – r17 from r1  
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Figure 14. Out-of-sample prediction ABB – r17 from r16 

 
 

 

 

 

Figure 15. Out-of-sample prediction ABB – r17 from r1 and r16 
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Figure 16. Out-of-sample prediction Investor – r17 from r1 

 
 

Figure 17. Out-of-sample prediction Investor – r17 from r16 
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Figure 18. Out-of-sample prediction Investor – r17 from r1 and r16 

 
 

 

 

Figure 19. Out-of-sample prediction Nordea – r17 from r1 
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Figure 20. Out-of-sample prediction Nordea – r17 from r16 

 
 

 

Figure 21. Out-of-sample prediction Nordea – r17 from r1 and r16 
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Figure 22. Out-of-sample prediction OMX30 – r17 from r1 

 
 

 

Figure 23. Out-of-sample prediction OMX30 – r17 from r16 
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Figure 24. Out-of-sample prediction OMX30 – r17 from r1 and r16 

 
 

 

 

 

Figure 25. Out-of-sample prediction SBB – r17 from r1 
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Figure 26. Out-of-sample prediction SBB – r17 from r16 

 
 

 

 

 

Figure 27. Out-of-sample prediction SBB – r17 from r1 and r16 
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Figure 28. Out-of-sample prediction Sinch – r17 from r1 

 
 

 

 

 

Figure 29. Out-of-sample prediction Sinch – r17 from r16 
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Figure 30. Out-of-sample prediction Sinch – r17 from r1 and r16 

 
 

 

Figure 31. Return distribution for each strategy for ABB 
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Figure 32. Return distribution for each strategy for Investor 

 
 

 

 

Figure 33. Return distribution for each strategy for Nordea 

 
 

Figure 34. Return distribution for each strategy for OMXS30 
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Figure 35. Return distribution for each strategy for SBB 

 
 

 

Figure 36. Return distribution for each strategy for Sinch 
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