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Abstract 

I construct a unique dataset from Eikon of the return of conglomerate stock prices on the dates that they 

announce, rank, and effectuate a divestment deal. Using regression analysis, I find the differences in 

divestment premia above the S&P500 based on form, size, target and acquiror of the deal. I find that there 

is generally a positive divestment premium associated with all 3 dates. Generally pure spin-offs and 

consumer products and services command the highest premia while value of the deal is insignificant. 

Separating data into pre and post 2009 financial crisis reveals a change to mergers and high tech acquirors 

leading to a bigger divestment premium. The results may however be dubious as they do not hold up for 

the US only traded companies despite that they have higher overall divestment premia. 
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Foreword 

I have heard about the conglomerate discount many times while studying economics and finance. Upon 

reading an article in the magazine The Economist in 2019 on the failings of many companies despite 

spinning off divisions I decided to investigate this in my thesis. I was on exchange and did not have access 

to the database before returning home and had figured it would be as easy as usual with an Excel table 

manipulated into lots of regression setups. I therefore decided to do my literature search first to make a 

foundation for my data analysis. I later regretted this as I only got a couple of days to investigate different 

databases before I lost access to them at the CBS library because of the Covid-19 pandemic associated 

lockdown. This meant that I could not properly access it before August 3rd which meant that I had to start 

my data work just 6 weeks before my retake hand-in. Combining this with the fact that I have had to type in 

a lot of data into my dataset manually it has severely limited the scope of my thesis compared to my 

expectations. 

It has been a major consideration whether I should hand this thesis in now as I feel like I could do so much 

more with it if I spend a few more months on it. On the other hand, I know that this is a common feeling 

that always strikes people once they have got a good grip of their thesis. I hope that the readers will take 

this into consideration and read the discussion section carefully on my ideas for how this work can be used 

in further settings. 

I would like to thank my supervisor Bersant Hobdari for his guidance regarding data selection despite these 

trying times. I would also like to thank Erik Sonne of CBS library for doing his best to make it possible for me 

to access data in a meaningful way despite big technical challenges. 
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Introduction 

Literature on divestments and conglomerate discount 

It has been argued for decades whether there is a “conglomerate discount” which makes conglomerates 

worth less than the sum of their parts. The reasons for this theory are many (Stein 2003), (Maksimovic and 

Phillips 2007). One of the most common is that investments are likely to be inefficient because highly 

profitable divisions will subsidize lightly profitable or even unprofitable divisions with a lower average cost 

of capital (which will be higher than otherwise for the highly profitable ones). Thus, the firm will then make 

inefficient investments compared to a leaner firm with more concentrated visions by overinvesting in bad 

divisions (Shin and Stulz 1998). This can be because of rent seeking among managers Rajan et al. (2000) but 

returns can also be lowered because of damage to brands which limits hiring (Meyer et al. 1992). This 

subsidizing has been found in the oil sector (Lamont 1997) where oil firms tend to invest less in non-oil 

sectors when oil revenues fall. Curi and Murgia (2018) similarly finds a positive direct effect on financial 

conglomerates divesting non-core assets, though this is not the case during financial distress. The latter 

point is emphasized by other scholars such as Rudolph and Schwetzler (2013), which Kuppuswamy and 

Villalonga (2015) suggests can be because of insurance from dysfunctional external capital markets. I.e. 

conglomerates can also function as insurance against this by providing internal capital markets which is 

generally regarded as more efficient per the “Pecking Order Theory” (Frank and Goyal 2003). This thus is 

the reverse argument that conglomerates provide an advantage though this has been regarded as dubious 

for the past few decades (Markides and Berg 1992) as liquidation and leveraged buyouts (LBO) seems to 

provide even higher stock returns than spin-offs. I.e. what Markides and Berg (1992) in the first case calls 

being “worth more dead than alive”. 

This is reflected in the pricing of companies on stock exchanges, and the market should therefore react 

positively to a sale of non-core assets which some studies have found on small datasets (Markides and Berg 

1992). Other measures used to a larger extent has been the value of the combined conglomerate and spun-

off company to see if this increase cash-flows (Burch and Nanda 2003). This follows results in the same 

direction by Berger and Ofek (1995) which imputes subdivisions and finds bigger discount the more 

diversified a conglomerate is (13-15 %), and Lang and Stulz (1994). Burch and Nanda (2003) finds that the 

median increase in firm value is 6.1 % for 106 spinoffs between 1979-1996. 

Gibson et al. (2002) confirms another hypothesis that the increase in value is due to better coverage by 

analysts especially specialized analysts which increase exposure and the perception as a quality firm. 

However, selection bias is a big issue in this research as the ones that restructure may be the ones that 

have little excess value from diversification (Hovakimian 20016). Likewise, endogeneity may explain the 

perceived efficiency (Ahn and Denis 2004) that are found in firms that divest because these firms also tend 

to be run differently afterwards unlike those that do not (Colak and White 2007). 

My study 
Using post spinoff firm values may create bias as the divested firm may have independence to create better 

decisions on its own. I therefore look at value of the ultimate parent to avoid confusing the two (looking at 

whether it sells the firm spun off at a premium). This is based on the theory that market reactions should 

reflect the long-term prospect of a firm. This premium can appear at several stages. A firm often does not 

close a deal as soon as it announces it. Sometimes this can take several years, and it is thus important to try 

to look at when this potential premium appears. I use the Eikon database from Refinitiv (previously 

Thomson Reuters) to investigate the characteristics of the divestment premium by using the S&P500 as a 

benchmark for what could be expected to happen to a stock on the same day. My study specifically looks at 
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the premium at announcement, rank, and effective date. This respectively means the first public 

announcement, first public offer, and completion of a deal. I consider divestments from conglomerates by 

conditioning the reason behind the divestment on focusing on core divisions. This study is interested in 

which types of divestments (forms) by conglomerates yields the largest premium, when in the process it 

does so, and if it differs between the target and acquirors industries using a simple cross-sectional OLS 

regression model. I also test if this premium has changed over time (including pre- and post Covid-19) and if 

it is different in the US.  

I gathered a dataset manually why I have not been able to get as many observations as I ideally would have 

liked but it makes it unique and thereby enabled me to make a different study than the ones cited in the 

literature. I do not end up with a clear conclusion why results have often not been highlighted due to their 

likely irrelevance. Those that I do find relevant are chiefly that consumer products and services and pure 

spin-offs (acquisitions in dataset) give higher divestment premia. Furthermore, a change has happened 

from 00s to 10s where mergers rather than commanding a lower premium than spin-offs now command a 

high one (at least pre Covid-19). I have also found a reversion in the consumer products and service 

industry’s superiority on divestment premia when it comes to high tech acquirors in 2014-2020 where 

these commands a premium of over 4 percentage points over the benchmark consumer products and 

services. 

This thesis is split into a data description section of the details on Eikon and descriptive analytics including 

summaries of the divestment premia. It then has a short section on the method employed to regress 

followed by the results of the regression. Then a major discussion on shortcomings and potentials of the 

results for further research follows ending with a short conclusion. 
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Data description 

Database, definitions, and construction of dataset 

Data has been collected from the Eikon/Datastream database from Thompson Reuters/Refinitiv via. CBS 

Library. The database includes a list of mergers and acquisitions from recent decades with various filters 

that can sort out certain characteristics (Advanced Search – Mergers and Acquisitions).  

Since I am looking at conglomerates, I used the filter purpose which states the purpose given by the 

ultimate parent of the target (i.e. the conglomerate) for the divestment. This purpose is “concentrate on 

core business” which is the one that seemed to perfectly describe a conglomerate’s reason for selling non-

core business. It should be noted that there is no clear overlap between these purposes as others are 

generally very different categories like recapitalization but that some of the deals do have multiple purpose 

such as if they have been bought by a private equity firm. 

To ensure that the deals chosen are not those deemed unlikely I have only chosen the ones which have 

been completed as of 7th August 2020.  

The deals are further limited to target companies being subsidiaries and the ultimate parents of these 

targets being publicly traded. This is to further ensure that the companies are part of a conglomerate and 

that the share price of this conglomerate can be tracked. Lastly, I have only focused on deals with a value 

over 11 million USD which is generally to avoid insignificant deals which will almost certainly have no effect 

on a traded firm which will usually be a mid- or large sized firm. Specifically, the 11 million was to make it 

possible to extract the data to Excel from Eikon in 1 sheet since the maximum amount allowed is 4000. 

Because of time constraint I could only make use of 1541 observations though. 

Several definitions for when a deal has happened can be used. The following are the specific descriptions 

given in the Eikon database: 

Date announced: The date one or more parties involved in the transaction makes the first public disclosure 

of common or unilateral intent to purse the transaction (no formal agreement required). Among other 

things, Date Announced is determined by the disclosure of discussion between parties, disclosure of a 

unilateral approach made by a potential bidder, and the disclosure of a signed Memorandum of 

Understanding (MOU) or other agreement. For transactions prior to 2006 this date is set to equal Rank 

Date. Announced must be dated either on or before the Rank Date. Therefore, in cases the first public 

announcement of a transaction is made after the transaction has completed, Date Announced should equal 

both Rank Date and Date Effective/Unconditional. 

Rank date: For transactions announced prior to 2006, Rank Date is the first public disclosure of the intent to 

merge or acquire. For transactions announced in 2006 or later, Rank Date is redefined to be the earliest 

public announcement of when a value can be applied to a transaction. If a value cannot be applied at Rank 

Date, the deal will be credited in the Announced League Tables with an undisclosed value. If a value can be 

applied at a later date, prior to or upon completion, the Rank Date will be updated, and the value will be 

reflected in the Announced League Tables. For most spin-offs and debt restructurings the Rank Date will 

equal the date the shares are distributed, however if these transactions can be valued prior to the 

completion (i.e. shares traded publicly or on a when-issued basis), Company will allocated Announced 

League Table credit on the date the shares can be valued, and not necessarily be when these shares are 

distributed. 
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Date effective or Unconditional: Date on which either 1) the deal was declared unconditional (i.e. the date 

on which all conditions set by the acquiror have been fulfilled) or 2) the deal was completed (if unconditional 

status is not applicable to the deal). Unconditional status is only used for deals with target headquarters in 

the United Kingdom, Australia, or New Zealand. TF (Thomson Reuters ed.) considers deals that are declared 

unconditional as completed/effective deals for league table purposes. 

These are each analyzed separately to see what price change occurs at each type of date. The price change 

investigated is the percentage change in the stock price from the closing price the day before to the closing 

price of the ultimate parent on one of these dates minus a benchmark like the S&P500 on the same date. 

This result is what I call the “divestment premium” I.e. when using several hundred observations per sub-

dataset I want to see if there is a pattern that could indicate if the sale of the subsidiaries creates value 

beyond what could be expected from the benchmark on the same date. For companies that did not trade 

on the specific date I have used the change in the price at the next given trading date. For some companies 

there are no trading date after the announcement in the database why I then have excluded them for the 

rank date or effective date analysis when relevant1. Therefore, the datasets are not always similarly sized. 

This also assumes that the announcement of the news of announcement/rank/effective is happening 

before or during trading hours on the day so that the effect happens on that date rather than the next in 

case of post trading announcements. Lastly it should be noted that some companies have changed names 

during the time (particularly for the older observations) in which case I have assumed that the link that the 

Eikon database gives to the ultimate parent is the same company (which use the trading quote). 

Because the change in stock price for each company on each date cannot be automatically queued from 

the database I have had to click on each company in the database, track their stock price change on the 

dates, and note these down in my own database. Specially it means tracking 3 different dates for each 

company as well as the change in the S&P500 on those same 3 different dates (which also cannot be done 

automatically because dates vary widely to only when a deal happens). This has thus meant typing in 

thousands of numbers manually into an Excel sheet to get the data which has significantly limited the scope 

of the thesis due to the time constraints described in the foreword. This is outlined in detail in the 

discussion. 

This means that there is a tremendous amount of manual work associated with this – why I have not used 

all nearly 4000 observations and have not considered including other types of “purposes” or target types. 

Instead I have tried to focus on early and late observations eschewing the middle ones to see if there is a 

change in the pattern from 1997-05 and 2014-2020. In this I have also considered the impact of the 2020 

Corona/Covid-19 pandemic on later deals and thus made a separate dataset excluding observations post 

21st February 2020 when a major decrease and later rebound in the S&P500 happened.  

In each model I also consider things which could possibly make the result differ such as the target/acquiror 

industry, region, and the size, and form of the deal. Below are the Eikon definitions for these: 

Macro industry: Company proprietary macro-level industry classifications based on SIC codes, NAIC codes, 

and overall company business description. There are 14 macro-level classifications comprised of more than 

85 mid-level categories. 

 
1 There are 10 fewer effective changes in the dataset than announcement changes all of which are in a mild range and 
should thus not make any difference on interpretation because of extremes in announcement that are not in the 
effective calculations. 
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Form of the deal: 10 codes describing the specific form of the transaction.  

Merger: A combination of business takes place or 100 % of the stock of a public or private company is 

acquired.  

Acquisition: deal in which 100 % of the company is spun off or split off is classified as an acquisition by 

shareholders.  

Majority interest: the acquiror must have held less than 50 % and be seeking to acquire 50 % or more, but 

less than 100 % of the target company’s stock.  

Acquisition of partial interest: deals in which the acquiror holds less than 50 % and is seeking to acquire less 

than 50 %, or the acquire holds over 50 % and is seeking less than 100 % of the target company’s stock.  

Remaining interest: deals in which the acquiror holds over 50 % and is seeking to acquire 100 % of the 

target company’s stock. 

Acquisition of assets: deals in which the assets of a company, subsidiary, division, or branch are acquired. 

This code is used in all transactions when a company is being acquired and the consideration sought is not 

given.  

Acquisition of certain assets: deals in which sources state that ‘certain assets’ of a company, subsidiary, or 

division are acquired. 

Deal value: Total value of consideration paid by the acquiror, excluding fees and expenses. 

I have chosen not to include mid-level industries since there were simply too few observations for most of 

them (particularly in sub-datasets) to make it worthwhile to make an econometric analysis.  

I have only used the 7 listed deal forms out of the total of 10 since these are the only ones abiding by the 

other criteria that I have put on the dataset (completed deals involving public parents etc.). Further I found 

out that regions make no difference to the results why none of the published models have any coefficients 

for these. 

Lastly, I should precaution that some data might have been entered wrongly. I have double checked the 20 

largest and 20 smallest values to ensure that there are no unreasonably large errors but there may be small 

deviations among the more typically observed values.  

Descriptive analytics 
The full dataset includes 1541 observations for the announcement, 1538 for the rank, and 1531 for the 

effective date. Table 1 provides a summary while the following figures provide a glance of the distribution 

of the divestment premiums of the dataset. While the differences between minimum and maximum are 

high it should be noted that these are not very representative of the overall sample which overwhelmingly 

is between -1.5 to 2.5. Appendices 1-6 provide an overview of the same concentration of changes in stock 

price of ultimate parents and the S&P500 which is more pronounced for the S&P500 than the individual 

stocks hence the premium difference for the extremes. To provide a detailed glance of the normal 

distribution properties of the dataset used in the following regression analysis I have zoomed in by 

excluding certain observation from the figures in the data description section as well as in the appendices.  
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Full dataset 

Table 1 shows the full data summary. Importantly the mean and median are positive for all dates. It is 

substantially larger for announcement and rank dates than effective. That the two former are similar may 

be due to the fact that they are by definition for over half the dataset (1997-2005). The dataset is notably 

right-skewed meaning that the mean is higher than the median. This seems to be because of much bigger 

max and 3rd quartile values than minimum and 1st quartile values. Overall the effect is positive as expected 

in line with market orthodoxy and related papers from the literature section. 

Table 1 – full data summary of divestment premiums. 

Premium Announcement Rank Effective 

Minimum -36.76 -36.76 -35.706 

1st Quartile -1.1878 -1.235 -1.1393 

Median  .4662 .4054 .2957 

Mean 1.288 1.2565 .6246 

3rd 
Quartile 2.5305 2.4413 1.9226 

Maximum 83.8102 91.83 91.83 

 

Figure 1 – Full data announcement premium 

 

Note: First axis capped at -20 and 23 to show details. 
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Figure 2 – Full data rank premium 

 

Note: First axis capped at -22 and 24 to show details. 

 

Figure 3 – Full data effective premium 

 

Note: First axis capped at -15 and 17 to show details. 
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1997-2005 dataset 

The dataset covering 1997-2005 includes 865 observations for announcement dates, 864 for rank dates, 

and 862 for effective dates. Table 2 summarizes the divestment premia showing similar results to the full 

dataset with a positive median, and even larger positive mean while minimum and maximum varies widely.  

Table 2 – summary of 1997-2005 dataset divestment premia 

Premium Announcement Rank Effective 

Minimum -36.76 -36.76 -19.2404 

1st Quartile -1.3525 -1.3525 -1.2114 

Median .4897 .4897 .3242 

Mean 1.1722 1.1722 .7214 

3rd 
Quartile 2.7213 2.7213 2.1604 

Maximum 83.1882 83.1882 83.1882 
Note. Announcement and rank same by definition before 2006 

2014-2020 dataset 

The dataset contains 676 announcement dates, 674 rank dates, and 669 effective dates. Table 3 summarize 

the divestment premia. 

There is a smaller dispersion in the later dataset for the announcement premium which has a smaller 

median but a substantially larger mean than the 1997-2005 dataset at 1.4363 vs the mean of 1.1722 for 

1997-2005. This is despite having a smaller value for the 3rd quartile than 1997-2005. This seems to be 

because of a numerically lower negative value for the 1st quartile. 

Table 3 – summary of 2014-2020 dataset divestment premia 

Premium Announcement Rank Effective 

Minimum -19.83 -20.84 -35.3706 

1st Quartile -.9257 -1.0061 -1.0347 

Median .4404 .3758 .2331 

Mean 1.4363 1.4186 .4998 

3rd 
Quartile 2.4198 2.2795 1.666 

Maximum 83.8102 91.83 91.83 

The only major change in the pre Covid-19 data in table 4 is that the minimum value is a substantially 

numerically smaller negative which means that the mean increases a bit. The dataset contains 666 

announcement dates, 663 rank dates, and 644 effective dates happening before 21st of February 2020. 

Table 4 – summary of 2014-2020 pre Covid-19 divestment premia 

Premium Announcement Rank Effective 

Minimum -19.83 -20.84 -20.84 

1st Quartile -.9096 -.9821 -.9935 

Median .4404 .3822 .2326 

Mean 1.4508 1.4434 .5827 

3rd 
Quartile 2.3969 2.2808 1.6958 

Maximum 83.8102 91.83 91.83 
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The US only dataset contains 555 announcement dates, 555 rank dates, 551 effective dates. The mean is a 

bit higher for announcement and rank premia than the full dataset which is partly because it has a much 

small numerically negative minimum. 

Table 5 – summary of US only data divestment premia 

Premium Announcement Rank Effective 

Minimum -16.9084 -16.9084 -35.3706 

1st Quartile -.9996 -1.0176 -1.2755 

Median .4503 .3758 .2334 

Mean 1.596 1.5444 .5671 

3rd 
Quartile 2.3972 2.2963 1.845 

Maximum 83.8102 83.8102 83.8102 
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Method 
I investigate the differences in divestment premia of deals on the respective announcement, rank, and 

effective dates for the different datasets, and the meaning of different variables on this. 

I start with the overall dataset, and then progress with different time limited versions. Lastly I check if the 

S&P500 is an adequate benchmark by seeing if the results differ between the global and US only dataset. 

Since I use fairly few types of variables (but many in total because there are many industry variables) I try to 

make all combinations of models that makes any sense. This means that I will not necesarrily publish results 

for all models unleash there is a notable difference in results from others. This is both to save time and 

space as well as making it more readable. Likewise I will only explain the details of some things once so the 

first models will have the most comments on results that show up repeatedly. 

The following equations explain the variables used in my cross-sectional OLS regression model (Wooldridge 

2013) .The only difference being the premia such as the diffa variable being the difference in announcment 

change and S&P500 change on the same date in regressions regarding this while diffr will similarly be the 

difference in rank date share price change and S&P500 change on same date. The main regression (model 

1) will thus look like this: 

𝑑𝑖𝑓𝑓𝑎 = 𝑖𝑛𝑡𝑒𝑟𝑐𝑒𝑝𝑡 + 𝑓𝑜𝑟𝑚 + 𝑡𝑖𝑛𝑑𝑢𝑠𝑡𝑟𝑦 + 𝑎𝑖𝑛𝑑𝑢𝑠𝑡𝑟𝑦 + 𝑙𝑣𝑎𝑙𝑢𝑒 

form looks at the difference of other forms than Acqusition (spinoff) from acqusition. I.e. if mergers are 1 

percentage point higher than acqusitions everything else equal then the cofficient is 1. 

Tindustry and aindustry are comparing the industries of target (t) or acquirer (a). The comparison is 

consumer products and services. I.e. if a coefficient is 1 it means that the industry has a 1 percentage point 

higher return premium than consumers products and services. 

lvalue is the logarithm of the value of the deals in millions (i.e. values above 11). This is done since some 

values are in the tens of thousands and thus naturally will have an incredibly small potential effect on the 

percentage point premium. To capture any such effect the logarithm is thus used to track a potential 

exponential effect of the value of the deals. 

Other models will exclude some of these which will be obvious from their lack of coefficients in the tables. 
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Results 
I start analyzing the full dataset and then subset this into different periods including a dedicated pre covid-

19 version for 2014-2020. Lastly, I make a focus on deals involving ultimate parents traded on the US stock 

market to see if these differ from the full data. 

Full data set 
Table 6 below shows the full data regression for the announcement change. Here one can see that the form 

of the acquisition nor the value of it has any effect on the premium from the deal. The only significant 

effect comes from certain industries that differ in their premia from the benchmark consumer product and 

services industry. Here it is consistently found in all the 3 models including it that if the target is in 

consumer staples, energy and power, finance, high tech, industrials, materials or real estate the deal 

premium has been statistically significantly smaller. This has also been the case if the acquirer has been in 

healthcare or telecom. Only model 2 which includes acquisition form and value of the deal has the acquirer 

being in retail having a small negative effect. It is noticeable that the size of the effect tends to be fairly 

consistent around -3 percentage points for the target industries which may more likely indicate the 

benchmark consumer products and services as a special case which tends to have a better premium. 

The effect is noticeably larger for acquirers in healthcare and telecom both of which are heavily regulated 

in many places and can thus be interesting to compare to other tables to see if there is a pattern of this. 
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Table 6 full data announcement change 

Model (1) (2) (3) (4) 

Intercept 4.2160690 (1.67587)* 4.1658 (1.5199)** 4.49154 (1.1163)*** 1.40062 (.94531) 

Acqusition of assets .280264 (1.033467) .2947 (1.0132)  -.04851 (.97162) 

-||- certain assets -.123842 (2.224568) -.1054 (2.2088)  -.49947 (2.15859) 

-||- majority assets -.422974 (1.217034) -.4091 (1.201)  -.81823 (1.17743) 

-||-partial interest .56255 (1.624512) .57779 (1.6098)  -.13053 (1.57837) 

-||- remaining assets -1.382112 (1.83886) -1.3678 (1.8273)  -2.09845 (1.7849) 

Merger .536958 (1.105868) .5514 (1.0868)  .09357 (1.04708) 

Log(value) -.008397 (.117682)    

t Consumer Staples -3.436752 (1.32143)** -3.4402 (1.320)** -3.43194 (1.3159)**  
t Energy and Power -2.089824 (1.033949)* -2.0952 (1.0309)* -2.11931 (1.02371)*  
t Financials -3.043386 (.980993)** -3.0484 (.9781)** -3.02712 (.97045)**  
t Government -2.792061 (7.267955) -2.7988 (7.2649) -2.76259 (7.25597)  
t Healthcare .465094 (1.287103) .4638 (1.2866) .40013 (1.28123)  
t High Tech -2.621851 (1.037512)* -2.6207 (1.037)* -2.68608 (1.0303)**  
t Industrials -2.812763 (.972845)** -2.8146 (.9722)** -2.83048 (.9688)**  
t Materials -2.79835 (1.01128)** -2.8003 (1.011)** -2.81628 (1.0053)**  
t Media -1.498316 (1.174495) -1.4977 (1.1741) -1.46114 (1.1711)  
t Real Estate -3.218736 (1.05536)** -3.2221 (1.054)** -3.25388 (1.0503)**  
t Retail -2.234379 (1.328348) -2.2381 (1.3269) -2.26358 (1.32377)  
t Telecom -.806273 (1.3336) -.8077 (1.333) -.90908 (1.32611)  
a Consumer Staples .720372 (1.538241) .7166 (1.5368) .71779 (1.53133)  
a Energy and Power -2.005168 (1.30729) -2.0118 (1.3035) -2.06953 (1.30131)  
a Financials -.591876 (1.085279) -.5971 (1.0824) -.66446 (1.07574)  
a Government -.060709 (3.818655) -0.0555 (3.8167) -.06248 (3.80856)  
a Healthcare -4.294211 (1.5936)** -4.2998 (1.591)** -4.22676 (1.5873)**  
a High Tech .493001 (1.376464) .4881 (1.3743) .47633 (1.36871)  
a Industrials -.702084 (1.271336) -.7042 (1.2706) -.75876 (1.26645)  
a Materials -.665339 (1.380053) -.6681 (1.3743) -.72646 (1.37303)  
a Media -1.444889 (1.730296) -1.4493 (1.7286) -1.60873 (1.72189)  
a Real Estate -1.303329 (1.455775) -1.3065 (1.4546) -1.38082 (1.44828)  
a Retail -.099387 (1.934971)* -.1003 (1.9343) -.11458 (1.93158)  
a Telecom -3.833812 (1.778747)* -3.8398 (1.7762)* -3.85224 (1.76815)*  

Note: Statistically significant at (***) .1 % level, (**) 1 % level, and (*) 5 % level. Standard errors in brackets. 

Table 7 looks at the rank date for the full dataset. It is important to remember for this regression that the 

data from 1997-2005 has the same announcement and rank date which make up most of the dataset. The 

results here are thus fairly like table 6 on announcement change. Some noticeable exception are acquirers 

in telecom, and inconsistency in target industry effects if not including deal form. This could thus indicate 

that the data may have substantially different patterns in the latter section of the data where rank date can 

be different from announcement date. 
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Table 7 full data ranked changed 

Model (1) (2) (3) (4) 

Intercept 5.234 (1.79695)** 4.74926048 (1.63442073)** 4.7644 (1.180)*** 1.6614 (1.0321) 

Acqusition of assets -.13864 (1.1257) -.00001477 (1.10507967)  -.3367 (1.059) 

-||- certain assets -.38735 (2.36426) -.20986624 (2.34798816)  -.7603 (2.2914) 

-||- majority assets -1.12402 (1.31409) -.99036014 (1.297642.45)  -1.3907 (1.27) 

-||-partial interest .1707 (1.73739) .3175654 (1.72229413)  -.4464 (1.6855) 

-||- remaining assets -1.71633 (1.96082) -1.5788205 (1.94898457)  

-2.3997 
(1.9007) 

Merger .14847 (1.20071) .28850844 (1.18097965)  -.1567 (1.1365) 

Log(value) -.08086 (.12445)    

t Consumer Staples -3.31389 (1.39772)* -3.34729937 (1.39650595)* -3.3295 (1.392)*  
t Energy and Power -2.62562 (1.09513)* -2.67716648 (1.09204229)* -2.6905 (1.0846)*  
t Financials -3.00391 (1.0405)** -3.05177654 (1.0377022)** -3.0448 (1.030)**  
t Government -2.79689 (7.67284) -2.86127501 (7.67072579) -2.8288 (7.6625)  
t Healthcare .37476 (1.36261) .36266301 (1.36221741) .3201 (1.3556)  
t High Tech -2.75695(1.09933)* -2.74604643 (1.09898962)* -2.8102 (1.0913)*  
t Industrials -3.23039 (1.0316)** -3.24740977 (1.0311053)** -3.2463 (1.027)**  
t Materials -2.28316 (1.07474)* -2.30264747 (1.07411926)* -2.2954 (1.0687)*  
t Media -1.75359 (1.24894) -1.76199021 (1.24860318) -1.692(1.2458)  
t Real Estate -3.25435 (1.1175) -3.28624638 (1.1162048)** -3.3418 (1.113)**  
t Retail -2.24243 (1.40588) -2.27789627 (1.40454956) -2.305 (1.4011)  
t Telecom -1.7451 (1.4136) -1.76199021 (1.41308875) -1.8538 (1.4054)  
a Consumer Staples .30509 (1.62407) .26912656 (1.62281679) .2688 (1.6172)  
a Energy and Power -1.80184 (1.3804) -1.86567673 (1.37663076) -1.9252 (1.3745)  
a Financials -.77277 (1.14609) -.8234707 (1.13210758) -.8712 (1.1367)  
a Government .18713 (4.0313) .23767053 (4.02977531) .2358 (4.0218)  
a Healthcare -4.53247 (1.6829)** -4.58606776 (1.6805019)** -4.5128 (1.676)**  
a High Tech .46342 (1.45362) .41707614 (1.45159161) .415 (1.4458)  
a Industrials -.75943 (1.34254) -.7796383 (1.34192536) -.8267 (1.3377)  
a Materials -1.31018 (1.46031) -1.33651601 (1.45946891) -1.4086 (1.4535)  
a Media -1.39016 (1.82923) -1.43531001 (1.82756116) -1.6028 (1.821)  
a Real Estate -1.39377 (1.53711) -1.42507746 (1.53605817) -1.4704 (1.5299)  
a Retail -.1663 (2.05982) -.17717373 (2.05935781) -.1923 (2.0569)  
a Telecom -3.48999 (1.90377) -3.53767993 (1.90198967) -3.559 (1.8926)  

Note: Statistically significant at (***) .1 % level, (**) 1 % level, and (*) 5 % level. Standard errors in brackets. 

Table 8 shows the regression of the divestment premium on the date that the deal is effective. This 

indicates that only the form matters for the divestment premium on the day of deal completion. 

Importantly all the forms seem to have a smaller premium than the full acquisition (spin-off). Particularly 

the partial sale of assets tends to lead to a smaller divestment premium with the sale of certain assets 

leading to a 3.6 percentage point lower divestment premium than the spin-off in model (1). In model (1) 

which considers the different industries and the size of the deal all the forms produce statistically 

significantly lower divestment premiums than the spin-off deals do. This is the smallest for acquisition of 

assets which is the one most like a spin-off in that one sells an entire asset and, in some cases, may be like 
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it if the reason is not given. This may be interesting to compare in subsequent subsamples where it may be 

more common to report this reason in newer or US based samples. 

Table 8 – Full data effective change 

Model (1) (2) (3) (4) 

Intercept 3.90081 (1.2407)** 2.940826 (1.12533)** 1.16262 (.82619) 2.3133 (.698)*** 

Acqusition of assets -1.9813 (.76751)** -1.703458 (.752949)*  -1.6268 (.7167)* 

-||- certain assets -3.59727 (1.6421)* -3.242894 (1.63196)*  -2.8439 (1.5819) 

-||- majority assets -2.55667 (.9047)** -2.287253 (.8934)*  -2.2794 (.869)** 

-||-partial interest -2.67837 (1.2009)* -2.385736 (1.19117)*  -2.4845 (1.158)* 

-||- remaining assets -2.89107 (1.3584)* -2.617065 (1.351156)  -2.7046 (1.309)* 

Merger -2.13153 (.8209)** -1.851064 (.807133)*  -1.8225 (.772)* 

Log(value) -.15928 (.087)    

t Consumer Staples -.43358 (.97556) -.499019 (.97567) -.47206 (.97453)  
t Energy and Power -.64302 (.76643) -.746304 (.764946) -.87998 (.76113)  
t Financials -1.09779 (.72605) -1.193138 (.724749) -1.37562 (.7205)  
t Government 4.37292 (5.35619) 4.246056 (5.359942) 4.16906 (5.3645)  
t Healthcare -1.3721 (.9505) -1.395060 (.951158) -1.24167 (.9491)  
t High Tech -1.04122 (.76845) -1.01691 (.768936) -1.0618 (.76508)  
t Industrials -1.29113 (.71961) -1.324366 (.719946) -1.24167 (.7189)  
t Materials -.30285 (.75116) -.33976 (.751481) -.23903 (.74928)  
t Media -.66199 (.87165) -.642391 (.872268) -.61824 (.87221)  
t Real Estate -.9095 (.78085) -.971631 (.780724) -1.12534 (.7794)  
t Retail -.11386 (.98107) -.183086 (.98111) -.17457 (.98067)  
t Telecom -1.44252 (.9956) -1.4728 (.996241) -1.50336 (.9931)  
a Consumer Staples -.0424 (1.13371) -.113325 (1.13394) -.17254 (1.1322)  
a Energy and Power .25828 (.96758) .136077 (.966029) .16202 (.96642)  
a Financials .31553 (.80029) .216076 (.799067) .36781 (.79583)  
a Government 1.23846 (2.81466) 1.340118 (2.81632) 1.54854 (2.8161)  
a Healthcare .42484 (1.17463) .31875 (1.174116) .2163 (1.17363)  
a High Tech 1.92415 (1.01506) 1.831134 (1.014582) 1.80595 (1.0125)  
a Industrials .72187 (.93716) .682107 (.93764) .61159 (.9365)  
a Materials .05011 (1.0199) -.002623 (1.020291) -.13211 (1.0180)  
a Media .07083 (1.27695) -.017636 (1.277032) -.08146 (1.2749)  
a Real Estate -.06098 (1.07674) -.117906 (1.077137) .00684 (1.07448)  
a Retail -.17041 (1.43614) -.188423 (1.427225) -.19386 (1.4282)  
a Telecom .1961 (1.34731) .111484 (1.347568) .05705 (1.34342)  

Note: Statistically significant at (***) .1 % level, (**) 1 % level, and (*) 5 % level. Standard errors in brackets.  
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1997-2005 data 
Table 9 shows the divestment premium upon the announcement of a deal in 1997-2005. This shows a 

similar pattern to the one witnessed for the full data which logically follows form the fact that it is part of 

the full data. Certain industry targets gave a substantially negative divestment premium compared to 

consumer products and services. Most are again around 3 percentage points below this though it now 

includes target industries like media and retail and not healthcare. Hardest hit is consumer staples with a 

4.3 percentage point decrease in the divestment premium compared to consumer products and services. 

Among acquirers it is only if the acquirer is in telecom that a statistically significant divestment premium 

difference can be found. 

Table 9 – 1997-2005 announcement change 

Model (1) (2) (3) (4) 

Intercept 2.25554 (2.30048) 2.93629 (2.10331) 3.91002 (1.23831)** .4595 (1.6138) 

Acqusition of assets 1.08241 (1.69908) .87616 (1.67506)  .6603 (1.6346) 

-||- certain assets 1.10533 (2.7298) .87785 (2.71128)  .2293 (2.6517) 

-||- majority assets 1.36529 (1.95053) 1.1133 (1.91934)  1.1041 (1.9001) 

-||-partial interest 1.7551 (2.69136) 1.50105 (2.66812)  .9306 2.5747) 

-||- remaining assets -1.37991 (2.79215) -1.50774 (2.7859)  

-2.1415 
(2.7429) 

Merger 1.52688 (1.79221) 1.28704 (1.76148)  1.1945 (1.7252) 

Log(value) .12156 (1.6616)    

t Consumer Staples -4.26635 (2.0704)** -4.23946 (1.5541)** -4.26325 (1.5468)**  
t Energy and Power -2.17341 (1.21248) -2.1467 (1.21159) -2.11166 (1.19829)  
t Financials -2.75968 (1.13675)* -2.67108 (1.12996)* -2.6214 (1.12063)*  
t Government -3.30141 (6.68477) -3.16061 (6.68014) -3.21009 (6.66257)  
t Healthcare -1.85665 (1.59484) -1.86587 (1.59434) -2.00189 (1.5823)  
t High Tech -3.2019 (1.1806)** -3.23009 (1.1796)** -3.29745 (1.1702)**  
t Industrials -3.41045 (1.1162)** -3.38417 (1.1153)** -3.42734 (1.1105)**  
t Materials -2.84477(1.1382)* -2.81661 (1.13724)* -2.83772 (1.13024)*  
t Media -3.43168 (1.3084)** -3.39421 (1.3070)** -3.41605 (1.2995)**  
t Real Estate -3.78042 (1.3595)** -3.74897 (1.3584)** -3.77047 (1.3495)**  
t Retail -3.20309 (1.51365)* -3.15095 (1.51213)* -3.21578 (1.505)*  
t Telecom -1.03983 (1.5019) -1.02736 (1.50138) -1.15514 (1.48863)  
a Consumer Staples 2.43198 (1.79135) 2.48878 (1.78917) 2.51535 (1.78037)  
a Energy and Power -2.10667 (1.53943) -1.99085 (1.53084) -2.07897 (1.52134)  
a Financials .33461 (1.2541) .41267 (1.2492) .36457 (1.23982)  
a Government .62335 (3.61191) .64401 (3.6108) .51139 (3.59637)  
a Healthcare -1.98701 (1.9864) -1.94033 (1.98482) -1.86417 (1.97645)  
a High Tech -.05897 (1.56198) .03796 (1.55592) .06644 (1.54681)  
a Industrials .0559 (1.45689) .08884 (1.45579) .02351 (1.44972)  
a Materials -.37292 (1.57785) -.34055 (1.57679) -.36663 (1.56743)  
a Media .68083 (1.94191) .70468 (1.94109) .6166 (1.92566)  
a Real Estate .38332 (1.81941) .44826 (1.81673) .33848 (1.8015)  
a Retail 1.14318 (2.14133) 1.21732 (2.13833) 1.23102 (2.12939)  
a Telecom -4.26316 (2.07038)* -4.19368 (1.55408)* -4.20093 (2.03342)*  

Note: Statistically significant at (***) .1 % level, (**) 1 % level, and (*) 5 % level. Standard errors in brackets. 
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I have not made a separate table for the rank change since this would be the same as the announcement 

change for deals before 2006. The regression for the effective change for 1997-2005 data showed that 

none of the variable were statistically significant and has therefore been omitted too. 

2014-2020 data 
Table 10 shows the regression for the divestment premium for the announcement change in 2014-2020. 

This has no statistically significant effect for the form why no dedicated model (4) for this has been included 

in the table. Only acquirers in healthcare seems to have a statistically significant impact on the divestment 

premium. This is noticeably large at -6.8 to -7.1 percentage point depending on the model compared to the 

divestment premium for consumer products and services. 

Table 10 – 2014-2020 data announcement change 

Model (1) (2) (3) 

Intercept 6.93321 (2.92054)* 5.23548 (2.50498)* 5.2796 (2.212)* 

Acqusition of assets -.06472 (1.40619) .24908 (1.38546)  
-||- certain assets -.46226 (4.29899) .07727 (4.28051)  
-||- majority assets -1.80289 (1.67206) -1.48642 (1.6546)  
-||-partial interest -.56665 (2.17731) -.15149 (2.15421)  
-||- remaining assets -1.89689 (2.58746) -1.3752 (2.5566)  
Merger -1.901 (1.51418) .1566 (1.49063)  
Log(value) -.24981 (.19467)   

t Consumer Staples -2.25898 (2.39086) -2.26759 (2.39205) -2.3662 (2.378) 

t Energy and Power -1.92116 (1.95485) -2.04449 (1.95346) -2.1936 (1.936) 

t Financials -3.39581 (1.87008) -3.3989 (1.87101) -3.5534 (1.846) 

t Healthcare 2.80575 (2.23072) 2.87223 (2.23123) 2.681 (2.2193) 

t High Tech -1.408 (2.00365) -1.30214 (2.00295) -1.5633 (1.982) 

t Industrials -2.21344 (1.87982) -2.12993 (1.87963) -2.2659 (1.864) 

t Materials -2.95795 (1.97741) -2.91999 (1.97817) -3.0531 (1.963) 

t Media 1.57693 (2.32362) 1.82998 (2.3164) 1.9066 (2.3084) 

t Real Estate -2.5521 (1.88938) -2.48736 (1.88965) -2.7 (1.8745) 

t Retail -1.10593 (2.54259) -1.18875 (2.54304) -1.3703 (2.524) 

t Telecom -6.1288 (2.56756) -.63498 (2.56878) -.782 (2.5539) 

a Consumer Staples -1.72957 (2.78) -1.84511 (2.77993) -1.7245(2.7609) 

a Energy and Power -2.11179 (2.36956) -2.22171 (2.3692) -2.1301 (2.359) 

a Financials -1.91755 (2.00863) -2.01463 (2.0082) -1.9192 (1.99) 

a Healthcare -6.91793 (2.6404)** -7.11197 (2.6374)** -6.758 (2.618)* 

a High Tech 3.02736 (2.67111) 2.92576 (2.67127) 3.0542 (2.654) 

a Industrials -1.65998 (2.35168) -1.72176 (2.35236) -1.6129 (2.338) 

a Materials -.82664 (2.57101) -.88724 (2.57186) -.7913 (2.5544) 

a Media -4.55448 (3.36702) -4.8633 (3.36009) -5.158 (3.3447) 

a Real Estate -3.47962 (2.48426) -3.50978 (2.48539) -3.3532 (2.469) 

a Retail -1.26452 (4.19494) -1.10129 (4.1951) -.7847 (4.1783) 

a Telecom -3.12984 (3.23654) -3.3137 (3.23498) -3.1284 (3.223) 
Note: Statistically significant at (***) .1 % level, (**) 1 % level, and (*) 5 % level. Standard errors in brackets. 
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Table 11 surprisingly shows little change from table 10. Again, only healthcare acquirers seem to have a 

statistically significant effect on the premium. The lack of form effects has led me to exclude the dedicated 

model (4) of this. A lot of the rank dates and announcement dates in the 2014-2020 dataset is the same too 

since the first announcement often is associated with an offer price of purchase or sale. The effect is more 

pronounced at -7.4 to -7.9 percentage point for healthcare acquirers which indicate that the rank date has 

a bigger effect than the announcement itself. This may suggest that rank dates alone are more pronounced 

since they have affected the result. Due to time constraints I have chosen not to try to separate the data so 

that only those deals which did not have the same announcement and rank dates were regressed to see if 

one could find a more precise difference. 

Table 11 – rank change 2014-2020 

Model (1) (2) (3) 

Intercept 9.42 (3.2733)** 6.8919 (2.922)* 6.3384 (2.4554)* 

Acqusition of assets -.8086 (1.5825) -.3285 (1.5596)  
-||- certain assets -.195 (4.7469) .6173 (4.7299)  
-||- majority assets -3.0515 (1.8684) -2.5648 (1.8492)  
-||-partial interest -1.218 (2.4303) -.5847 (2.3952)  
-||- remaining assets -2.5133 (2.8693) -1.7234 (2.8358)  
Merger -.6609 (1.699) -1.2223 (1.6718)  
Log(value) -.3669 (.2153)   

t Consumer Staples -2.5586 (2.6545) -2.5603 (2.6584) -2.6257 (2.6448) 

t Energy and Power -3.4743 (2.186) -3.6424 (2.187) -3.7351 (2.1705) 

t Financials -3.8424 (2.0908) -3.8337 (2.0939) -4.0055 (2.0726) 

t Healthcare 2.1587 (2.4859) 2.2736 (2.4887) 2.0902 (2.4743) 

t High Tech -2.264 (2.2396) -2.1056 (2.241) -2.3338 (2.2182) 

t Industrials -3.742 (2.1087) -3.6033 (2.1102) -3.6569 (2.0905) 

t Materials -1.6475 (2.2214) -1.5866 (2.2244) -1.6749 (2.2071) 

t Media .4945 (2.6231) .93 (2.6144) 1.0496 (2.6093) 

t Real Estate -3.1344 (2.1126) -3.022 (2.1147) -3.333 (2.1035) 

t Retail -1.656 (2.8254) -1.764 (2.8288) -1.923 (2.8105) 

t Telecom -3.923 (2.8649) -3.9756 (2.8689) -4.0442 (2.8521) 

a Consumer Staples -2.6873 (3.0637) -2.8542 (3.0666) -2.6823 (3.0485) 

a Energy and Power -1.9141 (2.6137) -2.0752 (2.6158) -1.939 (2.6071) 

a Financials -2.4324 (2.2153) -2.5766 (2.217) -2.3895 (2.2007) 

a Healthcare -7.6089 (2.911)** -7.898 (2.911)** -7.4375 (2.892)* 

a High Tech 3.1731 (2.9466) 3.0348 (2.9498) 3.1346 (2.9327) 

a Industrials -1.7634 (2.5939) -1.856 (2.5972) -1.73 (2.5828) 

a Materials -2.9304 (2.8397) -3.0123 (2.8435) -2.9118 (2.8269) 

a Media -4.3166 (3.7261) -4.8117 (3.7202) -5.1315 (3.707) 

a Real Estate -3.7818 (2.739) -3.8318 (2.7428) -3.5674 (2.7277) 

a Retail -1.4314 (4.6234) -1.1965 (4.6282) -.7073 (4.6143) 

a Telecom -1.7578 (3.7048) -1.904 (3.7093) -1.7564 (3.6935) 
Note: Statistically significant at (***) .1 % level, (**) 1 % level, and (*) 5 % level. Standard errors in brackets. 
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Table 12 shows the effective divestment premium difference which is statistically significant for almost all 

the forms. I have chosen to only publish model (4) as none of the other variables were statistically 

significant and did not change the conclusion of the effect of the form variables while. Like in the full data 

set one can see that acquisition of certain assets leads to the largest divestment premium drop and the 

acquisition of full assets leads to the lowest drop. The former is not statistically significant though since the 

standard error is also by far the highest.  

Table 12 – 2014-2020 data effective change. 

Model (4) 

Intercept 3.3965 (.9009)*** 

Acqusition of assets -2.9556 (.9475)** 

-||- certain assets -5.0164 (3.0219) 

-||- majority assets -3.7273 (1.161)** 

-||-partial interest -3.3928 (1.5246)* 

-||- remaining assets -3.2309 (1.7857) 

Merger -3.0434 (1.025)** 
Note: Statistically significant at (***) .1 % level, (**) 1 % level, and (*) 5 % level. Standard errors in brackets. 

The lack of complete consistency between the datasets puts into question the validity of the results and I 

therefore decide to test the data only before the covid-19 pandemic which hit the financial market severely 

after February 21st. Using 2014-2020 data however, the results did not change for the regression of 

announcement and rank change that happened before February 21st. The effective change has slightly 

different results with high technology acquirers increasing the divestment premium substantially with over 

4 percentage point for deals effective before February 21st. This effect is statistically significant at a 5 % 

level and seems to be the most interesting thing from the regression since nothing else change from 

including post covid-19 results. It may be that there has been a tendency for acquirers from high tech to 

thus provide a substantial markup on deal closing which was better than expected at first hand during 

announcement or rank dates. 
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Table 13 – pre covid-19 deals for 2014-2020 effective change 

Model (2) 

Intercept 3.83477 (1.90293)* 

t Consumer Staples -.28786 (1.73206) 

t Energy and Power -.89257 (1.43966) 

t Financials -.66374 (1.3722) 

t Healthcare -.9303 (1.63377) 

t High Tech .72822 (1.49378) 

t Industrials -1.19782 (1.39211) 

t Materials 1.03066 (1.47647) 

t Media -.65708 (1.72403) 

t Real Estate -.49281 (1.38366) 

t Retail .02742 (1.84378) 

t Telecom -2.52176 (1.91553) 

a Consumer Staples .23698 (1.99814) 

a Energy and Power 1.21133 (1.72604) 

a Financials .13719 (1.44584) 

a Healthcare .81747 (1.93956) 

a High Tech 4.03872 (1.97153)* 

a Industrials .26836 (1.71545) 

a Materials -1.64564 (1.88205) 

a Media .13577 (2.43281) 

a Real Estate .46521 (1.82485) 

a Retail -.91045 (3.01527) 

a Telecom .60993 (2.52027) 

Acqusition of assets 
-3.13845 
(1.03924)** 

-||- certain assets -4.79061 (3.09199) 

-||- majority assets 
-4.00114 
(1.23147)** 

-||-partial interest -4.14677 (1.6192)* 

-||- remaining assets -3.56998 (1.86148) 

Merger 3.291 (1.11664)** 
Note: Statistically significant at (***) .1 % level, (**) 1 % level, and (*) 5 % level. Standard errors in brackets. 

To see if this peculiar inconsistency may be due to a bad benchmark for measuring the premium (S&P 500) I 

make the same regressions on a dataset that only consist of ultimate parents with their primary stock 

exchange listing in the US. This is because I assume that these companies will more closely align with the 

S&P 500 compared to the non-US listed ultimate parents. Table 14 shows the announcement divestment 

premium for which mostly the same sectors affect this as in the global data. Only the model with industries 

is shown since none of the other variables were significant. A difference is that acquiror industries do not 

seem to matter as in the global dataset. 
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US data only section 

Table 14 – US only full data announcement change 

Model (3) 

Intercept 3.057 (1.959) 

t Consumer Staples -4.3782 (2.8855) 

t Energy and Power -4.3568 (1.791)* 

t Financials -4.2296 (1.89)* 

t Government -4.6452 (8.4397) 

t Healthcare 3.2582 (2.3457) 

t High Tech -3.6966 (1.875)* 

t Industrials -4.3171 (1.952)* 

t Materials -5.3133 (1.95)** 

t Media -1.7103 (2.0981) 

t Real Estate -4.7256 (2.077)* 

t Retail 2.9627 (3.2423) 

t Telecom -3.064 (2.4294) 

a Consumer Staples 1.5906 (3.1113) 

a Energy and Power 1.5937 (2.3155) 

a Financials 2.6527 (1.9721) 

a Government 2.9625 (5.2697) 

a Healthcare -5.5693 (2.8616) 

a High Tech 2.8025 (2.4504) 

a Industrials 1.8463 (2.4784) 

a Materials 2.8594 (2.644) 

a Media .4969 (3.1182) 

a Real Estate 1.3262 (2.8696) 

a Retail -3.4524 (5.2984) 

a Telecom -1.0021 (3.0835) 
Note: Statistically significant at (***) .1 % level, (**) 1 % level, and (*) 5 % level. Standard errors in brackets. 

Table 15 shows the rank date divestment premium which is substantially different from the global one in 

that the value of the deals now seem to matter. I.e. a bigger deal seems to decrease the divestment 

premium. A different model than usually is shown since form variables are insignificant but is otherwise 

similar. Results do not change if adding form. Industry effects have changed slightly from the global one 

including healthcare acquirers not being statistically significant. 

 

 

 

 

 

 



 

Page 24 of 33 
 

Table 15 – US only full data rank change 

Model (5) 

Intercept 5.2334 (2.1599)* 

Log(value) -.5105 (.2201)* 

t Consumer Staples -3.5654 (2.8932) 

t Energy and Power -4.1186 (1.793)* 

t Financials -3.7066 (1.8955) 

t Government -4.2992 (8.4224) 

t Healthcare 3.0961 (2.3421) 

t High Tech -3.6492 (1.8713) 

t Industrials -3.9838 (1.952)* 

t Materials -4.906 (1.9689)* 

t Media -1.7848 (2.0945) 

t Real Estate -4.5901 (2.073)* 

t Retail 3.0297 (3.2407) 

t Telecom -2.9787 (2.4243) 

a Consumer Staples 1.4426 (3.1047) 

a Energy and Power 2.0858 (2.3181) 

a Financials 3.0421 (1.9811) 

a Government 2.9251 (5.2587) 

a Healthcare -5.0709 (2.8658) 

a High Tech 3.0681 (2.4483) 

a Industrials 1.6547 (2.447) 

a Materials 2.9538 (2.6443) 

a Media .8788 (3.1132) 

a Real Estate 2.1225 (2.8717) 

a Retail -2.5654 (5.804) 

a Telecom -.6543 (3.0808) 
Note: Statistically significant at (***) .1 % level, (**) 1 % level, and (*) 5 % level. Standard errors in brackets.  

For the effective change, only the value is statistically significant (which it is in all models). Since all the 

other variables are insignificant, I have chosen not to include it as it is at best a spurious model that only 

has 1 significant variable. It has a slightly smaller negative effect than the rank date change at -.3103 with a 

standard error of (.1385). The most interesting thing here is that the form variable is not significant which it 

is in the global data. This could suggest that the US deals do not have any difference in divestment 

premiums unlike the global ones (which may be higher in some areas). But it could also suggest that the 

benchmark S&P500 used is not adequate to describe the actual premium of the non-US deals and thus they 

seem to have significant difference in divestment premiums but actually don’t have if a more local 

benchmark should be used. Due to time constraints this has not been possible. 

 

 

 



 

Page 25 of 33 
 

Discussion 
The analysis has focused on the size of the divestment premium over the benchmark S&P500 on the same 

date. This has included a comparison of the types of divestments for conglomerates to see if this, and 

industry characteristics of targets and acquirers differed. A lack of time has meant that many topics have 

not been fully investigated but will instead be summarized here as potential future research topics. This is 

on top of the general consideration of acquiring more data than the 1542 observations that I have used in 

my biggest dataset. Many of the interesting things one could investigate using my analysis can be applied 

using the same database (Eikon) that I have used. A lot of it may take advance programming techniques or 

a lot of manual labor like I have been using for my own analysis. The large database that Eikon hosts on this 

could also give the opportunity to investigate much more observations than previous more qualitative 

studies have done about which types of divestments create shareholder value (Markides and Berg 1992).  

First, the use of another benchmark for non-US markets would be an obvious improvement to be able to 

conclude if there is a difference in the divestment premia between divestment types. This was not the case 

for the US traded ultimate parent companies and could thus also be the case for the other regions if a 

proper benchmark were used. This is less straightforward since many of the individual markets are small 

and regional ones like the STOXX600 in Europe may be used imperfectly if national markets do not follow it 

very well. This becomes even more problematic for more fragmented markets in development countries 

where spreads tend to be high and capital markets in general are much more imperfect than developed 

ones in the US or Europe. The most obvious one to test would likely be the FTSE100 or FTSE200 or similar 

indices for the UK against the returns of the 211 observations UK traded observations in my dataset and 

potentially more in a more complete one. This could at least be indicative of whether this pattern of 

indiscriminate premia for divestment types is a general thing in developed capital markets, before 

hypothesizing which indices to use for smaller markets in Europe or Asia. 

The caveat would also be that patterns in developed and developing capital markets may in general not 

align and thus make it vital to test less developed capital markets for the same hypotheses to say if 

indiscriminate deal form premia is a truly global pattern or only observed in developed capital markets like 

the US. 

There may also be certain precision issues with the announcements themselves. I assume that the news 

happens during trading hours and is not known beforehand so that the whole reaction happens on the next 

trading possibility (i.e. the same day or the next if announcement happens on a weekend say). This means 

that potential expectations among analysts or investors more widely can have formed before each date. 

Eikon for instance has a measurement of the expectation of completing a deal. While I have not 

investigated this measure in detail it is possible that one may have to look at a wider span around the 

published date to get an idea of the actual reaction to the news. This can be the case before the deal 

happening whether for reasons of rational expectations of a deal happening (especially if one is completed 

due to say competition clearance) or even insider trading. The latter has the hurdle that it may happen a 

long time before say a weekly or even monthly measure of a stock change that a CEO or other insiders may 

know of this divestment and use a potential window to buy or sell before the publishing.  

The expectations could be interesting to look at to see if high expectations among analysts tends to affect 

the “effective date premium”. Irrational optimism or pessimism post publishing could also be detected to 

see if the price corrects significantly using event analysis. This would be very time consuming however, 

unleash a more automatic way of finding price changes for the stock on the publishing dates was used. 

Equally it could be used as a great study to detect insider trading to see if insiders have more trading 



 

Page 26 of 33 
 

activity around these events. This may also explain the difference in the divest premium of a median 

around 1-1.5 percentage points estimate that I have found vs. the 6.1 % found in Burch and Nanda (2003) 

who use a different technique. 

Some deals have no time between rank dates and effective dates while others have several years in 

between these dates. This could be interesting to see if the effective date divestment premium may be 

bigger given that the difference between rank and effective date is large. I.e. once a deal after long 

deliberation close does it generate a bigger effective date divestment premium? This could potentially 

reflect the kind of regulatory uncertainty that when cleared causes a major increase in the stock. This could 

thus open for understanding speculating in a sort of “legal arbitrage”. On this note it also follows that it 

would be interesting to compare deals that are completed and those that do not since those that do not 

may not exhibit the same positive divestment premium on announcement or rank, and can thus not be 

traded on in general. 

The change in price on the date after may also reflect a proper valuation of the deal on all 3 types of dates 

with respect to deal value (or expected deal value for announcement dates) especially if this occurs as a 

surprise to the market. In this scenario evaluating the time it takes before reaching a proper valuation of 

the deal compared to the expectation of it happening could explain the effectiveness of expectations of 

valuation. 

The fact that there is a wide variance in deal values in the market means that looking at a percentual 

change in stock prices may not be ideal. The size of the deal seemed to matter for the US traded stock 

changes of the ultimate parent in a negative way. The importance of this is obvious in that bigger deals 

should give bigger premiums since they affect a firm more. This may have to be compared to the size of the 

ultimate parent doing the deal however, since a large deal should thus have different percentual effects on 

a small and a large firm. Instead it may thus be useful to look at the change in market value in absolute 

terms rather than stock price changes in percent. I.e. to see which percentage of the deal value would 

translate into a positive or negative effect in an increase or decrease in the market value of the ultimate 

parent. This would again be more demanding as one would have to find the market value on the given date 

and calculate the percentage change in stock’s effect on the market value.  

The rank date premium will depend on how the target is currently valued. I.e. the more the rank value is 

above the current valuation the more the stock price will increase. If investor can value this beforehand it 

should not change notably. It does in the dataset, but a disentanglement of rank dates from particularly 

announcement dates but also effective dates would make it easier to see if this is the case. If one could get 

multiple analyst’s estimate of the target’s value as well as rank dates independent of announcement and 

effective dates one could estimate if the stock price difference reflects a true premium on the rank date 

occurring. 

The lack of analysis of the time around the 2009 financial crisis may also mean that this thesis lacks 

emphasis on the constraints that such  a crisis can put on firms to sell for financing reasons rather than 

efficiency reasons as explored in Campello e al. (2010). This could also be translated into a more general 

framework of analyzing deals during significant financial distress in the economic such as during times of a 

high VIX index (volatility). 

Lastly the most interesting thing that I found on the difference between the 1997-2005 dataset and the 

2014-2020 dataset is the large premium that high tech acquirers seem to attract on the effective date (at 

least pre Covid-19). This seems to suggest that a bidding war, regulatory hurdles, or other special things 

cause this sector to influence the stock price of the seller a lot. The reason this differ from others is that it is 
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combined with a positive effect of mergers which is usually negative compared to spin-offs like the other 

deal forms. This could potentially thus reflect that high-tech firms may bid to gain market share and thus 

overvaluing the target to gain market power – paying off the ultimate parent in the process. 

The need to build modern information ecosystems to make several divisions work well together could then 

also go against what has previously been seen with firms even within the same industry such as financial 

firms trading at a discount when engaged in multiple aspects of finance (Laeven and Levine 2007). More 

generally the premium of mergers may be due to general competition issues which makes a merger of 

firms particularly generous for the acquiror who may then wish to pay a premium over the market price to 

gain market power. Testing how this align with the competition situation at a more precise (i.e. not macro) 

industry level may shine more light on the reasons for this. I.e. if it is market power or synergies that drive 

these deals. 

That this is not seen in the 2014-2020 dataset including after February 21st (i.e. post Covid-19) could 

suggest that this may not be the case after that date due to large uncertainty among targets. Given that it is 

a small share of the dataset have such a large impact it is interesting if this trend may have reversed 

drastically during that time. 
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Conclusion 
This thesis has attempted to investigate what the stock change premium over the S&P500 is on days of 

divestment announcement for conglomerates. I have looked at the announcement, rank and effective deal 

date and compared the return of the ultimate parent to the S&P500 as a benchmark. Overall, there is a 

positive mean and median for all the dates indicating a premium though with a very right-skewed 

distribution where the mean is substantially bigger than the median. The thesis further looks at what type 

of industries and deal types produce the biggest premium many of which are of a magnitude that would 

make the 1-1.5 percentage point mean divestment premium become negative. 

The study has been severely hampered by data difficulty and has a hard time coming with final conclusions. 

Globally there seems to be a higher divestment premium for spin-offs on effective dates when deals are 

completed compared to other deal forms. Mergers in 2014-2020 tend to command a high divestment 

premium over pure spin-offs (called acquisitions in the dataset) of a statistically significant 3.3 percentage 

points. This is on top of spin-offs commanding a premium over other divestment types of conglomerates 

such as the acquisition of a partial interest in the target company of a statistically significant 4.2 percentage 

points. 

Targets in consumer products and services and/or acquirors in this tend to command a higher divestment 

premium than several other industries except for high tech acquirors in 2014-2020 pre Covid-19 which 

commands a statistically significant premium of 4 percentage points than consumer products and services. 

This may however only hold up because a flawed benchmark is used since this is not the case when only 

using US traded firms against the S&P500 benchmark.  
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Appendices 

Appendix 1 – Full data - Announcement price change 

 

Note: First axis capped at -20 and 22 to show details. 

Appendix 2 – Full data - Rank date price change 

 

Note: First axis capped at -21 and 23 to show details. 
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Appendix 3 – Full data - Effective date price change 

 

Note: First axis capped at -15 and 16 to show details. 

Appendix 4 – Full data S&P500 announcement date change 

 

Note: First axis capped at -7 and 6 to show details. 
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Appendix 5 – Full data S&P500 rank date change 

 

Note: First axis capped at -7 and 6 to show details. 

Appendix 6 – Full data S&P500 effective date change 

 

Note: First axis capped at -4 and 4 to show details. 


