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Abstract 

This thesis studies factors that could affect first-day returns of an IPO on the Swedish 

stock market. The number of Swedish IPOs has increased over the past years and are 

often under-priced. By looking at factors previously studied as well as some new factors 

an attempt is made at explaining this phenomenon. The results show that tech 

companies have higher first-day returns that other companies based on the ICB 

standard. Moreover, return of the sector index, age of company and part of the year the 

IPO is made influences first-day returns. Considering the small dataset and some model 

violations no generalizations can be made. This thesis does not provide true answers but 

instead gives directions of where to look for them. 

 

 

  





 

 

 

Sammanfattning 

Denna uppsats studerar faktorer som kan tänkas påverka förstadagsavkastning från en 

IPO på den svenska börsmarknaden. Antalet svenska IPO: er har ökat avsevärt de 

senaste åren och ofta är de även underprissatta. Genom att titta på faktorer från 

tidigare studier men också studera nya tänkbara faktorer försöker underprissättningen 

förklaras. Resultaten visar att teknikbolag har högre förstadagsavkastning jämfört med 

typer av bolag, baserad på ICB-klassificeringen. Förutom detta så påverkar även 

avkastning från sektorindex, bolagets ålder samt vilken del av året som bolaget noteras. 

Med tanke på den föga mängden data kan inga generaliseringar göras. Denna studie ger 

inga klara svar utan visar snarare vart man bör leta för att finna dem. 
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1. Introduction 
 

1.1 Background 
The process of selling the stocks of a company to the public for the first time is called an 

initial public offering (IPO)[1]. The process of an IPO starts with selecting an 

underwriting firm. The underwriting firm helps determine what type security shall be 

issued, the optimal price, when and how much the company shall be sold. An IPO team 

is then established, consisting of the underwriter, lawyers, certified public accountants 

and experts from the SEC (“Finansinspektionen” in Sweden). Needed information on the 

company is then acquired and a prospectus is then created, to be reviewed. After this, 

relevant financial statements are submitted for auditing. Lastly, the company sends its 

prospectus to the SEC and an offering date is set.[2] 

Under-pricing of IPOs (Initial Public Offerings) has been studied for several years and 

from many different angles. Under-pricing is when an IPO of a company becomes under-

valued which in turn generates a high rise of the stock price during the first day, a high 

first-day return. This phenomena has been existing for a long time and is present in 

several countries, as is shown in article by Ritter[3]. Data in this article has been 

updated for Sweden up until 2015, and the average initial returns for IPOs are still high. 

The Swedish stock market has seen a rise in the number of IPOs during the last few 

years[4] often resulting in high first-day returns, meaning the price at the end of the 

trading day is higher than the initial price.  

 

1.2  Purpose and Problem Statement 
 

The purpose of this study is to make an attempt at finding an explanation of why the 

first-day returns behave as they do. Understanding this is important for anyone looking 

to invest in an IPO as well as for the company that is being listed as well.  

Research questions: Can one identify factors affecting first-day returns of IPOs?  

 

1.3 Limitations 
 

The limitation is here in what type of companies and markets that are considered as well 

as the timespan. Data is from years 2007-2017 and the stock markets that data will be 

taken from are Nasdaq Stockholm (known as “Stockholmsbörsen”) which has three 

segments; 

• Large Cap, market cap greater than 1 billion euros 

• Mid Cap, market cap between 150 million to 1 billion euros 

• Small Cap, market cap lower than 150 million euros 

Also markets such as First North (operated by Nasdaq as well), First North is more 

suited for younger companies that are still growing. Moreover, not all types of IPOs will 
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be considered. A dual-listing is when a company that for example is listed on a stock 

exchange in one country chooses to list themselves on a stock exchange in another 

country. As the company is already listed in one country, their market value is much 

easier calculated and is therefore not included in this study. A spin-off is when a part of 

a company is listed as a new company, since this as well affect the amount of 

information available these will not be included. 

 

3. Mathematical theory 
Description of the mathematical theory used in the project. 

 

3.1 Regression analysis 
 

A multiple linear regression model usually looks somewhat like the one below: 

𝑦𝑖 = β0 ∑ 𝛽𝑗𝑥𝑖𝑗

𝑘

𝑗=1

+ 𝑒𝑖  ,   𝑖 = 1, … , 𝑛 

Yi is the observed value of the dependent random variable. The value of this depends on 

the covariates (explanatory variables) xij and the random variable ei, the residual. The 

betas are unknown and are to be estimated from data. So when this type of model is 

going to be used data for the y:s and the x:s is needed. This model can then be used for 

prediction or structural interpretation. In the case of prediction the x:s does not have to 

influence the dependent variable,  though when a structural interpretation is done the 

x:s does have to influence the dependent variable. If a structural interpretation is done 

the model can also be used for hypothesis testing.[5] It is often more convenient to write 

this in matrix notation, especially when dealing with multiple linear regression. 

𝒚 = 𝑿𝜷 + 𝝐 , 𝑤ℎ𝑒𝑟𝑒 𝒚 = [

𝑦1

𝑦2

⋮
𝑦𝑛

] , 𝑿 [

1 𝑥11 𝑥12 ⋯ 𝑥1𝑘

1 𝑥21 ⋯ 𝑥22 … 𝑥2𝑘

⋮ ⋮ ⋮  ⋮
1 𝑥𝑛1 𝑥𝑛2 … 𝑥𝑛𝑘

] , 𝛃 = [

𝛽0

𝛽1

⋮
𝛽𝑘

] , 𝝐 =  [

𝝐𝟏

𝝐𝟐

⋮
𝝐𝒏

] 

 

3.1.1 Main assumptions 

 

The main assumptions made when using regressions analysis. 

For the use of this model some assumptions have been made for it to be valid. Firstly, 

the covariates are said to be deterministic which means they are fixed in repeated 

samples and the residuals are assumed to be independent between observations so that: 

1. There exists an approximately linear relationship between the response y and the 

explanatory variables 

2. The error term has zero mean 

3. The error term has constant variance 
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4. The errors are uncorrelated 

5. The errors are normally distributed. 

In the model first presented one assumes that all the σ:s are the same, this version of the 

linear regression model is called the homoskedastic model. The heteroskedastic model 

however assumes that the variances of the error terms are not the same. We will look 

more into this and its implications in section 3.1.7.[5] 

 

 

3.1.2 Ordinary least squares 

 

The OLS estimate of beta, �̂� is the value that minimizes the sum of the squares 

  �̂�𝑡�̂� = |�̂�|2  of the residuals �̂� = 𝑌 − 𝑋�̂�.  

This is achieved by solving the normal equations: 

𝑋𝑡�̂� = 0 

After solving for �̂� we get that: 

�̂� = (𝑋𝑡𝑋)−1𝑋𝑡𝑌.[5] 

 

3.1.3 P-value and F-test 

 

Say we want to test the null hypothesis e.g. that a number r of the β:s = 0. This is tested 

with the F-statistic (notice that now we are assuming the model to be homoscedastic): 

𝐹 =
𝜂2

1 − 𝜂2

𝑛 − 𝑘 − 1

𝑟
 

Here n = total number of observations, k = number of covariates, and r = number of 

coefficients tested for zero.  

Which is approximately F(r,n-k-1) distributed under the null and the hypothesis is 

rejected if F is large. For this hypothesis the p-value is the probability: Pr(F(1, n-k-1) > 

F).[5]  
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3.1.4 Confidence Intervals 

 

An interval Iθ that covers the parameter θ with probability 1-α can be called a confidence 

interval for θ with confidence level 1-α, where α is usually set to 0.05.[5]  

. 

 

3.1.5 R2 and ŋ2 

 

If we run a regression on y on some of the covariates and compute the sum of residuals 

|�̂�|2 and also y on only an intercept which gives us the residual sum of squares |�̂�∗|2 . The 

difference between these two sums of squares is the amount of variation “explained” by 

the covariates. The relative size of this “explained” part is denoted R2: 

𝑅2 =  
|�̂�∗|2 − |�̂�|2

|�̂�∗|2
 

 

We can see this as a measure of “goodness of fit” and It’s called the “coefficient of 

determination”, which is also equal to the square of the (sample) correlation between y 

and x�̂�. Furthermore, there is an adjusted R2, usually written as �̅�2, which has been 

adjusted for degree of freedom so that it is lower than the original R2.  

This formula can also be generalised, meaning that if we run a regression with and 

without a certain (or several) covariates then the effect size called partial eta squared 

can be defined as:  

ŋ2 =  
|�̂�∗|2− |�̂�|2

|�̂�∗|2   Or  ŋ2 =  
𝑅2− 𝑅∗

2

1− 𝑅∗
2  

 

[5] 

3.1.6 Multicollinearity 

 

Multicollinearity occurs when one of the covariates is highly correlated with a linear 

combination of the other covariates. This causes the standard errors of one or more of the 

coefficients in the model to be very large which in turn causes the point estimates of said 

coefficients to be very imprecise. Though these standard errors decrease as we increase 

the number of observations, n, therefore it’s usually said that multicollinearity is the 

cause of a small sample size. 

One way to identify multicollinearity is to calculate the Variance Inflation Factor (VIF): 
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𝑉𝐼𝐹 =
1

1 − 𝑅𝑖
2 

A VIF > 10 usually signals there might be a problem.[5] 

 

3.1.7 Endogeneity 

Endogeneity occurs whenever one of the assumptions that E(ei)=0 is violated because the 

expected value of ei depends on the value of at least one of the covariates e.g. the 

residual is correlated with that covariate. Since the OLS estimate requires that the 

residual is uncorrelated with the covariates endogeneity will generate inconsistent 

estimates. Some of the reasons to this is: 

• Sample selection bias 

• Simultaneity (The dependent variable influences at least one of the covariates) 

• The absence of relevant covariates 

• Measurement errors 

A solution when endogeneity occurs is to apply instrumental variables or two stage least 

squares (2SLS) to make the OLS estimate more consistent[5] 

 

 

3.2 Selection of variables 
 

3.2.1 AIC  

 

The AIC (Akaike Information Criterion) test is used when we have several models and 

want to test which one gives us the most information. The formula for AIC is: 

𝐴𝐼𝐶 = 𝑛𝑙𝑛(|�̂�|2) + 2𝑘 

Here k is the number of coefficients and n the number of observations, after the AIC has 

ben calculated the model that has the lowest AIC is chosen since the purpose of AIC is to 

minimize the loss of information.[5] 

3.2.2. Dummy Variables 

 

In some regression models, not all the data being regressed on is quantitative but 

instead qualitative. To solve this issue one could employ the use of “dummy variables”, if 

one of the variables represents gender then the variable takes the value 1 if woman and 

0 if man. In the case of more categories than two you remove one of the categories and 

create dummy variables for the rest to avoid multicollinearity. Multicollinearity 

occurring when using dummies can also be called the “dummy variable trap”.[5] 
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4. Method 
 

4.1 Literature study 
The literature study of articles on the subject was done mainly to gain inspiration for 

choosing covariates. Web of science was used almost exclusively, with some articles 

being found on Primo. Keywords used when searching articles where “IPO”, “Under-

pricing”, “Tech”, “Swedish”. Articles where selected based on title, abstract and citations.  

The main literature on regression analysis was [5] and [6] since these had been used in 

previous courses.  

 

4.2 Collection of data 

4.2.1. Data collection 

Data was collected from three main sources; The Nasdaq Nordic website, Swedish tax 

agency[7] and Swedish National Bank. In total 76 observations was acquired. 

 

4.3 Response variable 
 

4.3.1 First-day return 

 

The response variable is here the first-day return of the stock which is the closing price, 

𝑃𝑐 ,during the first day of trading divided by the initial price, 𝑃𝐼  ,of the IPO. 

𝐹𝑖𝑟𝑠𝑡 − 𝑑𝑎𝑦 𝑅𝑒𝑡𝑢𝑟𝑛 =
𝑃𝐶

𝑃𝐼
 

 

Should this value be greater than 1 we can say that under-pricing has occurred. 

 

4.4 Explanatory variables 
 

4.4.1. Sector - Qualitative 

Sector, which is based on the IndustryClassificationBenchmark, ICB[8] . This will be 

used as a dummy variable with one sector as a benchmark. The reason for considering 

the sector the company belongs to is that some sectors can be considered riskier than 

others. Later, this is transformed into a binary variable, based on if the company was 

tech-company or not. The reason for this is that tech-companies can harder to value than 

others which in turn could cause underpricing. 
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4.4.2. Market - Qualitative 

What market the stock is traded on, for example a company traded on Nasdaq 

Stockholm Large Cap, will have the value “Large Cap”. Moreover, NasdaqOMX is more 

heavily regulated than First North and as such companies that are traded on 

NasdaqOMX can be considered more serious and established than those on First North. 

This is also set as a dummy variable.  

 

4.4.3. Age of Company - Quantitative 

Calculated as the year of the IPO minus the year the company was founded. This can be 

affecting the willingness to invest since a more mature company should be more likely to 

perform better. Later on for the third model, this variable is grouped and used as a 

dummy variable. 

 

4.4.4. Period 

Period refer to what time of the year the IPO is issued, set as a binary variable. The time 

can be either May-October or November-April. Extensive research show that during 

May-October returns on stock markets has been low and during November-April the 

results are the opposite. This has shown to be true especially in European countries and 

it is also consistent over longer time periods, the longest being in the UK which stretches 

as far back as 1694. [9]  

 

4.4.5. Repo Rate 

The repo rate is set by Swedish National Bank and is the rate at which the Swedish 

National bank lends money to commercial banks[10].It can be seen an indicator of the 

economic situation in a country as it is used to combat inflation and as such may affect 

the interest of investing in an IPO in said country. 

 

4.4.6 OMXS30 Monthly Return 

The monthly return of the OMXS30 a month before the first day of trading for the IPO, 

defined as: 

𝑂𝑀𝑆𝑋30 𝑅𝑒𝑡𝑢𝑟𝑛𝑃𝑟𝑒𝐼𝑝𝑜 =
𝑂𝑀𝑋𝑆30𝑡−31

𝑂𝑀𝑋𝑆30𝑡−1
, 𝑤ℎ𝑒𝑟𝑒 𝑡 = 𝐷𝑎𝑦 𝑜𝑓 𝐼𝑃𝑂 

This can been as a measure of the temperature on the financial market and therefore 

could influence the First-day return. 

¨ 

 

4.4.7. Sector Return 

Return for the index corresponding to the sector the company belongs to according to the 

ICB. This can be considered to be a more representative index for each company.  
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4.5 Model selection 
 

4.4.1 First model 

Given these covariates we can now setup the initial model: 

First − day return

= βo + 𝛽1𝑇𝑒𝑐ℎ𝑜𝑛𝑜𝑙𝑜𝑔𝑦 + 𝛽2𝐼𝑛𝑑𝑢𝑠𝑡𝑟𝑖𝑎𝑙𝑠 + 𝛽3𝐶𝑜𝑛𝑠𝑢𝑚𝑒𝑟 𝑆𝑒𝑟𝑣𝑖𝑐𝑒𝑠

+ 𝛽4𝐹𝑖𝑛𝑎𝑛𝑐𝑖𝑎𝑙𝑠 + 𝛽5𝐻𝑒𝑎𝑙𝑡ℎ𝐶𝑎𝑟𝑒 + 𝛽6𝑇𝑒𝑙𝑒𝑐𝑜𝑚𝑚𝑢𝑛𝑖𝑐𝑎𝑡𝑖𝑜𝑛𝑠 + 𝛽7𝑈𝑡𝑖𝑙𝑖𝑡𝑖𝑒𝑠

+ 𝛽8𝑂𝑖𝑙 & 𝐺𝑎𝑠 + 𝛽9𝑂𝑀𝑋𝑆30𝑅𝑒𝑡𝑢𝑟𝑛 + 𝛽10𝑅𝑒𝑝𝑜𝑅𝑎𝑡𝑒 + 𝛽11𝑃𝑒𝑟𝑖𝑜𝑑 + 𝛽12𝐴𝑔𝑒 + 𝜖 

  

 

5. Results 

5.1. Data treatment 
Initially the histograms for the data on first-day returns was plotted to identify if it was 

skewed in any way. As can be seen from the figures below, the data has a skewed 

distribution and a log-transformation can be of help. Having log-transformed the data we 

see that the data resembles something closer to a normal distribution, which is 

preferred.   
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5.2. First model 
 

Table 1 Results from the first model 

Coefficients: 

                          Estimate   Std. Error  t value Pr(>|t|)   

(Intercept)              -4.389e-01  3.328e-01  -1.319   0.1921   
MarketLarge Cap           3.043e-02  3.920e-02   0.776   0.4407   

MarketMid Cap             3.548e-03  3.070e-02   0.116   0.9084   

MarketSmall Cap          -3.214e-03  4.147e-02  -0.078   0.9385   
OMXS30Return              4.824e-01  3.360e-01   1.436   0.1562   

SectorConsumer Services   2.054e-02  5.268e-02   0.390   0.6980   

SectorFinancials         -3.998e-03  4.475e-02  -0.089   0.9291   
SectorHealth Care        -1.383e-03  4.165e-02  -0.033   0.9736   

SectorIndustrials         3.296e-02  4.011e-02   0.822   0.4144   

SectorOil Gas            -1.197e-01  9.835e-02  -1.217   0.2282   
SectorTechnology          6.130e-02  4.929e-02   1.244   0.2185   

SectorTelecommunications  3.192e-02  8.115e-02   0.393   0.6954   

SectorUtilities          -1.517e-02  1.054e-01  -0.144   0.8860   
RepoRate                 -4.239e-03  1.382e-02  -0.307   0.7602   

Period1                  -5.458e-02  2.464e-02  -2.215   0.0306 * 

Age                       2.595e-05  3.988e-04   0.065   0.9483   
--- 

Signif. codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 

R2=0.1742  F-statistic: 0.8435 p-value: 0.6271  
 
Residual standard error: 0.08933 AIC=-135.4329 

 

As can be seen the explanatory power is low as well as most of the p-values for the 

covariates. The only coefficient with a significant p-value is Period.  

Table 2 VIF Values for the first model 

VIF Values 
MarketLarge Cap          MarketMid Cap 
1.672732                 2.230686 
MarketSmall Cap          OMXS30Return 
1.871786                 1.429262 
SectorConsumer Services  SectorFinancials 
1.922101                 2.536068 
SectorHealth Care        SectorIndustrials 
3.304045                 2.660432 
SectorOil Gas            SectorTechnology 
1.196308                 2.179505 
SectorTelecommunications SectorUtilities 
1.607004                 1.372801 
RepoRate                 Period1 
1.570324                 1.409908 
Age 
1.560057 

 

All the VIF values indicate that there is no severe problem with multicollinearity since 

they are all below 5 which usually is one type of threshold. 
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Figure 1 Residuals agains’t fitted values for the first model 

 

Figure 2 QQ-plot of the residuals for the first model 
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Figure 3 Studentized residuals agains’t fitted values for the second model 

 

Figure 4 Standardized residuals agains’t leverage for the first model 

 
 

 

 



12 

 

5.3 Second Model 
Table 3 Results from the second model 

Coefficients: 

                 Estimate   Std. Error  t value Pr(>|t|)   
(Intercept)     -0.4157575  0.2942365  -1.413   0.1623   

MarketLarge Cap  0.0361381  0.0350589   1.031   0.3063   

MarketMid Cap    0.0105941  0.0275673   0.384   0.7020   
MarketSmall Cap  0.0054575  0.0366685   0.149   0.8821   

OMXS30Return     0.4556565  0.3029126   1.504   0.1372   

Tech1            0.0575851  0.0337829   1.705   0.0929 . 
RepoRate        -0.0034528  0.0121106  -0.285   0.7764   

Period1         -0.0495157  0.0238026  -2.080   0.0413 * 

Age              0.0001467  0.0003423   0.428   0.6697   
--- 

Signif. codes:   

0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
R2=0.1223 F-statistic: 1.167  p-value: 0.332  
Residual standard error: 0.08715 AIC=-144.8050 

 

Explanatory power is lost using this model though now one can see a small statistical 

signifance for Tech (10%) and the same for period as In the first model (5%). 

Table 4 VIF Values for the second model 

VIF Values 
MarketLarge Cap MarketMid Cap MarketSmall Cap 
1.405481        1.889405      1.537494 
OMXS30Return    Tech1         RepoRate 
1.220770        1.075667      1.266198 
Period1         Age 
1.382092        1.207848 

 

Just as in the first model VIF values indicate no presence of multicollinearity. 
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Figure 5 Residuals plotted agains’t fitted values for the second model 

¨ 

 

Figure 6 QQ-plot of the residuals for the second model 
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Figure 7 Studentized residuals agains’t fitted values for the second model 

 

Figure 8 Standardized residuals agains’t leverage for the second model 
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5.3. Third Model 
 

Table 5 Results for the third model 

Coefficients: 
                 Estimate   Std. Error t value Pr(>|t|)    
(Intercept)      0.454659   0.171059   2.658   0.00992 ** 
MarketLarge Cap  0.039205   0.035703   1.098   0.27629    
MarketMid Cap    0.014537   0.027239   0.534   0.59540    
MarketSmall Cap  0.018909   0.034198   0.553   0.58224    
SectorReturn    -0.455075   0.168650  -2.698   0.00890 ** 
TechYes          0.061697   0.035803   1.723   0.08968 .  
RepoRate        -0.010427   0.011334  -0.920   0.36106    
PeriodGood       0.047023   0.021161   2.222   0.02982 *  
age_<5years      0.012655   0.033715   0.375   0.70863    
age_5-10years    0.002553   0.032354   0.079   0.93735    
age_10-15years  -0.077227   0.034834  -2.217   0.03018 *  
age_15-20years  -0.022779   0.028058  -0.812   0.41990    
--- 
Signif. codes:   
0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 
 
Residual standard error: 0.08082 on 64 degrees of freedom 
Multiple R-squared:  0.279, Adjusted R-squared:  0.155  
F-statistic: 2.251 on 11 and 64 DF,  p-value: 0.02187 
AIC=-153.7467 

 

Explanatory power is much higher and we can also see an that we now have significance 

on two more variables, age between 10-15 years and SectorReturn. 

Table 6 VIF Values for the third model 

VIF Values 

Market LargeCap Market MidCap  Market Small Cap 

1.694851        2.144896       1.554938 

SectorReturn    TechYes        RepoRate 

1.286595        1.404819       1.289539 

PeriodGood      age_<5years    age_5-10years 

1.270166        1.511354       1.391780 

age_10-15years  age_15-20years 

1.613361        1.218028 
 

  
 

Again, we have no issues with multicollinearity. 
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Figure 9 Residuals vs Fitted for the third model. 

 

Figure 10 QQ-Plot for the third model. 
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Figure 11 Standardized residuals vs Fitted values for the third model. 

 

Figure 12 Standardized Residuals vs Leverage for the third model. 
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6. Discussion 
 

6.1. Implications of residuals 
Regarding the normality assumption on the residuals, the observations should 

approximately follow the line drawn. The log transformation that was made on the first-

day returns should be able to reduce deviations from this assumption. As one can see the 

plots are still somewhat heavy in the tails, indicating a deviation from the normality 

assumption. Reasons for this could be the large values for points 56 corresponding to a 

low first-day return and points 71,72, corresponding to two high first-day returns. For 

the third model, one could probably say the residuals are normally distributed with 

exceptions for outliers. 

Also, simply from looking at the other residual plots one cannot deny the existence of 

heteroskedasticity. This can be avoided by for example doing some type of robust 

regression. Although in case a first consideration is collecting more data since the 

sample is quite low. 

6.2. Impact of the model 
Regarding multicollinearity, the VIF values confirms that there is no issues regarding 

this. The AIC values shows us that the latter of the models is better, also it has larger 

explanatory power.  

Regarding the beta estimates that had some statistical significance we see that tech has 

a positive impact which is to be expected. During the hot market of 1999-2000 high-tech 

IPOs were often  cases of under-pricing and they had often very little indicators saying 

that they would succeed later on as a company[11]. One reason for his could be the fact 

that knowledge is often high in tech-companies, but how does one measure knowledge?  

Considering the number of under-priced tech-IPOs it is not easy; an attempt was made 

in 2008 by defining some characteristics of the employees in a firm to measure its 

knowledge. The results from the study in 2008 were quite telling although as always one 

cannot generalize too much based on it[12]. Another study which looked at the 

correlation between academic affiliation and IPO performance also found some 

interesting results indicating some kind of correlation.[13] 

The beta estimate of period had a 5% statistical significance which was interesting 

considering the previous studies made on whether certain periods of the year have 

returns higher than other periods. Moving forward this might be a piece to the puzzle of 

understanding IPOs or on the other hand one could try to motivate why this 

phenomenon occurs, although as with most stock market behaviour it is probably not 

very simple.  

Even though age between 10-15years has a statistical significance this does not say very 

much without looking at a larger sample size. The idea as to why age was used was that 

it could potentially contain information, which was proven. Therefore, drawing direct 

conclusions from those results is not advised. What it does say is that in can be 

considered interesting to study deeper in further studies.  

The fact that SectorReturn had a negative estimate is counter-initiative and such needs 

to be investigated further. The reason for SectorReturn being given a negative beta is 
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that the dataset is small and maybe for our particular dataset the return on the sector 

index was low in most cases where under-pricing occurred.   

 

6.3. Other potential covariates 
For further studies, one might consider if the interest in the IPO, e.g. how much people 

subscribed for the offer could show if the stock will rise or fall during initial trading. This 

is just based on the what can be read in the media, about companies with very high 

interested that also rise high during initial trading.  

Another interesting angle that can be studied is whether the underwriter assisting the 

IPO has any impact on the under-pricing effect. Of course, this has been studied 

previously[14, 15] although not as much on Swedish IPOs. Considering that this study 

as well as many other studies is only looking at one country’s stock market it could be of 

interest to see what difference or similarities exist between different countries. 

  

7. Conclusions 
The second model should be chosen based on AIC and the fact that it is simpler, sadly 

the explanatory power is not sufficient. Considering the subject of IPOs are rather 

mysterious and hard to explain the results were not as unexpected. In the end, the goal 

was not too creating a model for predicting IPO first-day returns but rather see if the 

variables studied provided some insight, which they did. From these results, one cannot 

do more other than conclude that high-tech firms probably have higher first-day returns 

compared to other firms and that the phenomenon of certain “hot” stock market periods 

during the year can be applied to IPOs. Also, the age of the company could be affecting 

the first-day returns but most likely age just contains information and it is not the age 

itself that is important. Lastly, looking at index returns prior to the IPO could be of 

interest, specifically sector index returns. These just mentioned assumptions cannot be 

too generalized without further studies within the area. The result is that the period of 

the year and whether the firm is high-tech or not could affect IPO performance during 

initial trading. Further studies can take this into consideration although it needs to be 

investigated on larger datasets for higher statistical significance. 
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