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Our model is 6x more accurate than base rate in predicting M&A. 
Machine learning models are powerful tools for predicting M&A and can be used to 
augment fundamental analysis. We built random forest, neural network, and 
ensemble models for predicting M&A activity and found that all of them have 
significant predictive power. The ensemble model proved to be most effective with 
10.8% of its predictions in our test period being an acquisition target in the 
following 12 months. While this number may not sound high on its own, this rate is 
more than 6x the base rate of M&A activity for U.S. listed, publicly traded 
companies. We are excited about this performance, as it indicates that the model can 
be used as a powerful tool alongside fundamental analysis.  

We highlight our top 10 predictions for M&A targets, including 
Mylan and ADT. 

Our ensemble model predicted that Mylan N.V. (MYL) would be an acquisition 
target in the twelve months following June 30, 2019. One month later, on July 29, 
2019, Pfizer (PFE) announced the acquisition of Mylan. Although the deal has not 
closed yet, our model correctly predicted the announcement event. Predicting the 
Mylan deal is a big win for our model given the overall rarity of M&A (the base rate 
for M&A announcements is 1.71%.)  

 
Aside from Mylan, there are nine additional companies that our model predicted 
will be the target of an acquisition by June 2020. Our model used over 1 billion 
publicly available data points in three different machine learning models to make 
these predictions. From there, our team performed fundamental analysis to evaluate 
each of the model’s predicted targets. From that analysis, our team has identified 
ADT as the most likely US-listed, publicly traded company to be acquired before 
next June.  

Our process is not without shortcomings, and we note areas for 
improvement. 

Merger and acquisition activity, especially for publicly traded companies, is rare in nature and provides a limited 
dataset to analyze. Our team has taken every step in our power to mitigate these shortcomings and improve the 
reliability of our models. We will make suggestions on areas for improvement—especially for developing a model to 
assist in live investment decisions.   

For further reading and insight into our process and findings, please reference the Appendix, the Company Tear 
Sheets, and our Machine Learning Process Manual.  
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Our model is 6x more accurate than base rate in predicting M&A. 

Ensemble Model 
Our team used an ensemble model, which outputs predictions by using a 
combination of the neural network and random forest models, to make 
predictions. We took the top 10 predictions from the ensemble model to use 
as our final projections. Based on our model, we believe that these 10 
companies have the highest likelihood of being acquired in the coming 12 
months.  

By taking the predictions of these two non-correlated models, the ensemble 
produced the strongest historical success rate of any of our models. Based on S&P Capital IQ data, we found the base 

rate for publicly traded acquisitions in the 
past 30 years to be 1.71%. This means that 
for any given set of 100 companies during 
the period, approximately 2 of them would 
be acquired each year. In back testing, 
10.8% of the ensemble model’s predictions 
were correct—over 6x the base prediction 
rate for that period. 

 
In the graph below, the success rate of the ensemble model is shown against the base rate for acquisitions during the 
testing sample time period. There was significant variability in the prediction rate quarter-by-quarter. This 
variability is an expected result of the small number of predictions being made and the overall rarity of M&A events, 
and also due to predictions that reoccur in consecutive quarters. We believe that this model provides significant 
value by generating around a dozen predicted M&A targets every quarter, with an average of one or two of those 
predictions being correct. 

 
  

Graph 1: In our test period, 10.8% of the ensemble model’s predictions were correct, more than 6x higher than base rate of 1.71%.  
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Random Forest Model  
Our random forest model had an 8.28% prediction rate 
over our testing period. The model’s period-by-period 
acquisition rates were more consistent than the 
ensemble model, likely due to the higher overall 
prediction count (~200 per period, compared to ~12 
from the ensemble model.) While this does provide 
stronger proof for the effectiveness of the model, it also 
makes the predictions less actionable. 

We used a random forest algorithm to systemically 
generate hundreds of unique decision trees, which in 
aggregate can output predictions for the acquisition 
likelihood of a given company.  

Each individual tree “votes” for its result, and the model uses the classification with the most votes in the forest for 
predicting y-variable probabilities. 

Unlike our neural network model, which makes binary predictions, our 
random forest model outputs acquisition likelihoods for each company. 
To test the predictive power of this model, we backtested the acquisition 
rate among companies with predicted likelihoods in the top 1% in a 
given period. The performance of the random forest versus the base rate 
is shown in the graph below. In June 2019, the random forest predicted 
that the companies listed in the table on the left have the highest 
probability of being targeted in an M&A event before June 2020. 

 

 
  

Graph 2: Our random forest model had an 8.28% prediction rate over our testing period. 

Table 1: Companies predicted by our random 
forest model to be acquired over the 12 months 
following June 30, 2019. 
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Neural Network Model 
Our neural network model had a 5.57% prediction rate over the testing period. While this still demonstrates 
significant predictive power, its performance trails both of the other models. This is 
a sign that we may not have had enough data to fully utilize the power of a neural 
network. 

The neural network model was the first model run by our team in this process. 
Neural networks are a black box-style model that uses weighted regressions in 
layers of nodes to calculate a prediction for the y-variable presented. 

One of neural networks’ greatest strengths is their ability to find complex, 
intervariable relationships within a dataset. However, they typically require very 
large amounts of data to be very effective, and care must be taken to avoid 
overfitting the model to the training data.  

Unlike the random forest model, our neural network was not built to provide any 
specific likelihood in its predictions. The companies either show up as a 1, meaning 
that the company is predicted to be the target of an acquisition that is announced in 
the coming year, or as a 0, meaning that the model believes that the company will 
not.  

In our model, we ran a three-layer neural network that produced around 60 
predicted acquisition targets every period. The prediction success of the neural 
network is displayed in the graph below. See Appendix 3 for a more extensive 
chart of the model’s predictions in Q3 2019.  

 

 

 

 

Graph 3: Our neural network model had a 5.57% prediction rate over the testing period. 

 

Table 2: Companies predicted by 
our neural network model to be 
acquired over the 12 months 
following June 30, 2019. 
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We highlight our top 10 predictions for M&A targets, including Mylan and ADT. 
Listed in Table 3 are the 10 companies most likely to be acquired over 
the coming 12 months, as predicted by our ensemble model. We 
started our project in September 2019, using the most recent data up 
through June 2019 for our model. The data in our model ends on June 
30, 2019, which allowed the model to then predict M&A targets for 
the next twelve months thereafter. 

Below, we highlight Mylan, which was successfully predicted by our 
model. We also include an analysis of ADT, which we consider the 
most compelling company from the list in Table 3. A more detailed 
outline of the top ten company predictions can be found in Exhibit 1 
in the Appendix.   

  

MYL 
Mylan N.V. (MYL) is a leading generics pharmaceutical manufacturer with over 7,500 products including, most 
notably, the EpiPen. Other business lines include prescription generic, branded generic, brand-name drugs, and 
over-the-counter (OTC) remedies. On July 29, 2019, Mylan announced that it had received an offer to be acquired by 
Upjohn, a division of Pfizer (PFE), for $12B in cash. The acquisition will allow Pfizer to spin-off its Upjohn generics 
business and combine it with Mylan. The deal is expected to close mid-2020.  

 
Mylan stock had suffered in the first half of 2019 due to weaker sales and a probe by multiple state attorneys general 
into whether Mylan had participated in a generic drug price fixing scheme. We believe that our model was able to 
identify Mylan as having a strong underlying business that could potentially be acquired at an attractive price.  
 

ADT 
ADT Inc. (ADT), the leading home security and automation solutions company, has a lengthy M&A history as both 
an acquirer and a target. After being taken private by Apollo Management in 2016, ADT was taken public again in 
2018—with only 15% of its shares outstanding being freely traded. As such, Apollo still holds a significant majority 
stake in the company and is likely prepared to exit. ADT is posting the highest growth in the industry, its strongest 
stock performance in years, giving Apollo a prime window to sell high and exit their position. 
 

Table 3: Ten companies predicted by our ensemble 
model to be acquired over the 12 months following 
June 30, 2019. 

Table 4: Listed below are the parameters that were used throughout the process of creating our models. 
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We found this prediction interesting because it is no secret that Apollo has for sale signs in the window. However, 
our model is not affected by Apollo’s reputation and history of deals. Instead, the model evaluated the company 
with an unbiased quantitative lens. Removing Apollo from the equation, the leadership of ADT should still feel that 
now is a good time to sell. With Apollo involved, it feels like a merger announcement could be posted soon. 
 
We believe that ADT’s assets, and more specifically its IP, could be attractive to a potential acquirer. The company 
recently sold off its Canadian operations for approximately $550M in cash. This deal leaves ADT with all its core 
assets still remaining, resulting in a leaner business that should be more attractive to a potential acquirer. ADT’s 
recent partnership with Lyft strengthens our belief that its assets could be very attractive to an acquirer, especially to 
a consumer facing tech company.  
 
Some companies we view as potential acquirers include AAPL, FB, and WMT. We believe that corporations are 
doing everything they can to become part of their customers’ daily lives, as shown by the strong growth in smart 
home devices. Walmart has been attempting to offer in-home deliveries on a large scale, and home security is of the 
utmost importance for this endeavor. Amazon’s acquisition of Ring in 2018 serves as a signal to its intentions, and 
Walmart is unlikely to cede that market easily.  
 
As consumer convenience becomes increasingly important, home security will be imperative. Apple, for example, 
has long been a lifestyle brand that is committed to privacy. Buying ADT would allow Apple to enter the home 
security space much like how they have entered the personal banking industry. Lastly, Facebook’s increasing focus 
on its Portal products, combined with its privacy issues in the past, make an ADT acquisition seem very logical. 

 

Fundamental Analysis  
We do not believe that our model should be used on a standalone basis. The intent of our quantitative model is to 
identify companies that could be likely acquisition targets over the coming 12 months. Because this type of event is 
such a rarity, we believe that no quantitative model will be capable of successfully predicting companies on a 
standalone basis. As such, our team believes it is necessary to supplement the model outputs with fundamental 
analysis.  
 
Some of the areas where we believe fundamental analysis could enhance the predictive capabilities of our outputs 
are company ownership structure, management compensation and background, company product offerings and 
timelines, and industry specific metrics. We have attempted to address some of these topics in our fundamental 
analysis of each predicted company. For more analysis on each of the ensemble model’s predicted companies, please 
see the tear sheets at the end of this document. 

Our process is not without shortcomings, and we note areas for improvement. 
Rarity of M&A 

When building a predictive model, the larger 
the amount of historical data available to the 
model, the better. Mergers and acquisitions 
of publicly traded companies are rare in 
nature, and thus provide a limited dataset for 
analysis. With the number of U.S. publicly 
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listed companies shrinking significantly over time, we have seen the amount of public acquisitions shrink 
accordingly.  

The performance of a machine learning model generally scales with the amount of data it is provided, but due to the 
rarity of the event that our model set out to predict, we were limited to a few thousand historical examples of M&A 
events. This makes it difficult for models to differentiate between complex signals in the data and noise. We have 
taken caution in order to avoid overfitting our model to the acquisitions in our training set. 

While machine learning is able to provide 
analysis of highly complex sets of data, there 
are limitations to its capabilities, and often 
the process itself requires injections of human 
bias. With this is mind, we made every effort 
to limit human bias, but note that it is present 
and must be taken into consideration.  

Data: Limitations, Usability, and Accuracy 
We targeted data sources that provided methods of bulk downloading data in a machine-readable format. This 
allowed aggregation of data for model importation and manipulation. Undertaking a project with this breadth of 
data comes with inherent limitations which will cap the number of usable resources. There are many factors that can 
be used to predict M&A announcements but are unable to be quantified on a large-scale basis. This is another reason 
that we believe fundamental analysis should supplement any quantitative model of this type.  

We used reputable financial sources such as Capital IQ and Yahoo Finance to ensure the quality of our data input. 
To double check the accuracy of our data inputs, we pulled sample data from each set and compared it to a second 
source. We also used this method to check our calculations of data before running our model.  

For smaller companies, historical data may not be accurate. Smaller companies are not tracked nearly as closely as 
their larger counterparts, and less confidence should be given to their numbers.  

Time 
Generally, using more data points results in more effective machine learning models. However, there are some 
limitations to training a model on older data. One problem is that some data sources only have a few decades of 
historical data. Another issue is that older data may be less relevant when trying to predict current-period events. 
Due to these factors, we chose to use data from 1990-2019 when training and testing our model. Going back further 
than 1990 would have negatively impacted the number of variables that were able to be included in our models. 

Areas for Improvement 
Prediction Lag 

Our data collection process took around three months. By the time we finished training and testing our final models 
in November, their most recent predictions were based on data from June. This means that even though the model 
successfully predicted Mylan as an acquisition target, that prediction wasn’t generated until after the July 
announcement date. The model did not know that a deal would be announced, but we did not know that it had 
predicted Mylan until November. Now that we’ve finished building the model from scratch, it is possible to 
automate many of the steps in our process to significantly decrease the time it takes to collect data and generate 
predictions, allowing the model to make potentially actionable predictions much closer to real time.  
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Additional Data Sources 
When collecting data for our model, we limited ourselves to 
data sources that are accessible by most financial professionals. 
While this allows for greater replicability, our models could 
likely be improved by adding alternative or proprietary data. 
In addition, it may be possible to add private company data in 
order to increase the pool of data available to the model. We 
think the variable selection process is the most vital part of this 
project. Identifying and quantifying the most predictive 
variables is the biggest challenge and opportunity for 
improvement. We believe future versions of the project could 
greatly expand the current variable list. 

Different Prediction Durations 
We trained our model to predict acquisition events in the following twelve months, however this twelve-month span 
may be too long for some use cases and can be adjusted. If having a shorter time-horizon on the predictions is 
important, our model could be re-trained to make predictions for a shorter duration into the future. However, doing 
so will worsen some of the problems that are caused by the rarity of M&A. 

Industry Expertise  
In any investing landscape, industry expertise can be an invaluable asset. In order to have a large enough dataset, 
our model is generalist and could benefit from the addition of industry specific data and metrics.  
Further, we expect that supplementing this type of model with industry specific, fundamental analysis would 
largely enhance the performance and reliability of our model.  
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Appendix 
Exhibit 1 

Ensemble Model Predictions – June 2019 

These predictions are generated by taking the cross-section of companies predicted by the neural network model and 
companies in the top 10% of the random forest model’s predictions in June 2019.  

 

Exhibit 2 

Random Forest Model Predictions – June 2019 

These are the 10 companies which our random forest model assigns the highest likelihood of being targeted in an 
M&A event from June 2019 – June 2020. 
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Exhibit 3 

Neural Network Model Predictions – June 2019 

These are the companies which our neural network model predicts will be targeted in an M&A event from June 2019 – 
June 2020. 

 

 

 

Top Ten Predicted Companies: Tear Sheets 
Following are tear sheets for each of the top ten predicted companies. These tear sheets serve as an overview of the 
fundamental analysis we did on each of these companies. 

 

 



  Mylan N.V. 
Ticker: MYL 

 
 

 
 

 

 
 

 

3 Year Chart 

1 

1. Mylan experienced weaker sales and lowered guidance in the first half of 2019 
2. The company was subject to a probe by multiple state attorneys general into whether it had participated in 

a generic drug price fixing scheme. One drug that has caught a particularly high amount of criticism is the 
pricing of EpiPen.  

3. The company is currently saddled with a substantial amount of debt, but shouldn’t have issues paying it 
off in the coming years. Debt/EBITDA has remained fairly constant at around 4x. 

4. Insider ownership is negligible (<1%) and should not impede the acquisition process. 



 

Qualcomm 
Ticker: QCOM 

 
 

 
 

 
 

 
 

3 Year Chart 

2 

1. Rebounded in 2019 with 7.4% LTM Revenue Growth despite most of industry flat or declining 
2. 5G anticipated breakthrough in 2020 will highly impact future of the firm 
3. Trading at 14x EBITDA compared to competitor median 16.4x EBITDA  
4. NTM EPS growth of 21% compared to competitor median of 10% 
5. Unlikely that Qualcomm could be acquired outright by competitor, but may be target of strategic tech 

acquisition or activist investor 
6. Qualcomm’s antitrust lawsuits may cause rift in industry and provide opportunity for competitor growth 



 

ADT 
Ticker: ADT 

 
 

 
 

 
 

 
 

2 Year Chart 

3 

1. EBITDA and Gross Margin of 46% and 74% compared to median competitor margins of 20% and 39% 
respectively. ADT’s projected NTM growth is near the bottom of their comparable company group.  

2. Acquired several competitors in 2019. Divested their Canadian business and paid special dividend in 11/19. 
3. Based on performance since Apollo’s takeover in 2016, it appears that ADT is likely at its peak value. 
4. Given Apollo’s desire to exit at the maximum possible return, ADT is a strong candidate for acquisition 

within the next 12 months.  
5. There is risk of an acquirer overpaying if Apollo chose to exit now. 
 



 

Campbell Soup Company 
Ticker: CPB 

 
 

 
 

 
 

 
 

3 Year Chart 

4 

1. CPB beat earnings estimates for 5 straight quarters. 
2. CPB engaged in numerous divestitures and asset sales in 2019.  Planned divesture of International Business by 
1H20. 
3. Third Point has ~5.6% ownership of CPB; two activists on CPB’s board. Have been pushing for the sale or 
restructuring of CPB. 
4. CPB is 37% individual/insider owned. 
5. Weak Balance Sheet: low cash, high debt 



 

AT&T 
Ticker: T 

 
 

 
 

 
 

 
 

3 Year Chart 

5 

1. AT&T invaded by activist investor Elliot Management in 09/19 
2. CEO exit is one of Elliot’s priorities 
3. Current multi-industry conglomerate trends more towards divestment than acquisition 
4. Diversity of businesses rolled into AT&T likely damages potential value in trading multiples of high-value 

units (HBO, Time Warner) 
5. Very few potential suitors for an acquisition of a business this size  



 

Commercial Metals Company 
Ticker: CMC 

 
 

 
 

 
 

 
 

3 Year Chart 

6 

1. In March 2018, a buyer acquired CMC’s Structural Steel Fabrication Business in South Carolina and Texas. 
2. CMC consistently beating earnings estimates. YTD, CMC’s shares are up 22.6%, against industry 8.2% decline. 
4. CMC’s stock is cheap based on TTM EV/EBITDA ratio; they are generating earnings by effectively managing 
assets (ROA); and they are efficiently utilizing shareholders’ funds (ROE.) 
5. Activist interest from Icahn Capital LP in July 2011, but the proxy fight was discontinued in January 2012. 
6. The metals industry negatively affected by current global trade tensions. A 25% tariff on steel, one of CMC’s 
main products, went into effect in March 2018. 
7. Ownership: ~93% institutional. ~6% public. ~1% individuals/insiders. 



 

Mexco Energy 
Ticker: MXC 

 
 

 
 

 
 

 
 

3 Year Chart 

7 

1. ROA/ROE are currently negative, but higher than peers 
2. 3-year revenue CAGR: 6%, peers have 3% and -8% 
3. LTM debt/EBITDA is 6% compared to the median of 65%; one of the lowest default probabilities in its class.  
4. LTM gross margin percent for Mexco is 65%, more than double the 31% of its peer median 
5. CEO Nicholas Taylor, controls over 45% of the CSO; age 81  
6. Currently the stock of MXC is assessed to be over-valued 
7. Company may divest portions of business to cover debt expenses 
 



 

J.M. Smucker Company 
Ticker: SJM 

 
 

 
 

 
 

 
 

3 Year Chart 

8 

1. SJM is unloading low-margin businesses in order to protect profitability. On July 9, 2018, Brynwood Partners 
VII L.P. acquired U.S. Baking Business from The J. M. Smucker Co. for ~ $380M. 
2. SJM is facing challenges in the pet food division, it’s largest segment by sales—particularly the premium 
brands. 
3. SJM beat earnings expectations in most recent quarter, but they lowered net sales forecast for the year to -3%. 
4. Ownership: ~4% individuals/insiders. ~81% institutional. ~15% public. 



 

Danaher 
Ticker: DHR 

 
 

 
 

 
 

 
 

3 Year Chart 

9 

1. LTM revenue growth of 4% is less than peer median of 6% 
2. One of the largest companies in its space 
3. LTM Debt/EBITDA is 3.8x compared to peer median of 2.7x 
4. P/E is higher than peers for TTM 
5. Revenue growth YoY is on the lower end of peers 
6. Assessed to be currently over-valued 
7. Large size makes an acquisition less likely, but a divestiture or strategic acquisition by DHR is feasible 
 



 

Becton Dickinson & Company 
Ticker: BDX 

 
 

 
 

 

3 Year Chart 

10 

1. In 2018, BDX acquired TVA Medical and divested Acutronic and Vyaire Medical 
2. Market Cap. approximate size of median peers 
3. NTM P/E of 19.37 is less than median peers (23.86) 
4. LTM Debt/EBITDA of 3.8 is higher than peers (2.6) 
5. Recent earnings call focus on reducing debt from the acquisition of Bard in 2017 and maintaining growth 
6. High debt and recent acquisitions make the acquisition of BDX more problematic, but may have strategic 

value for certain companies 
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