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Abstract 
This analysis will focus on how legalized recreational and medicinal usage of cannabis would have an impact on a 
state’s economy. We will look at the benefits and the lack thereof to find more details about the connection between can-
nabis and individuals’ financial factors, such as their annual income, the gross domestic product if they are employed 
or not, and, if possible, how much they spend on healthcare or if they are receiving funding from the government to pay 
for any of their expenses. However, some states have begun to include cannabis as a legal drug for both medicinal and 
recreational reasons. More research has been done in the last half-century-plus to destigmatize cannabis’ portrayal as a 
harmful drug, but as a new opportunity to study the unknowns of the plant and products made, as well as the economic 
growth that consumers have capitalized on, particularly in the last decade.
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Introduction
Efforts to legalize cannabis in the states have occurred as early 
as the late 1960s at the heart of the counterculture movement in 
the United States. Still, it would not be until the 2010s that peo-
ple in their respective states began to have a say in cannabis le-
galization. There is still polarization in some parts of the country 
over its usage for medical or recreational purposes, but changes 
have come to find good out of the current growth. The state of 
Colorado is the second earliest but the most notable of the fifty 
states to support both medical and recreational legal purchas-
ing and usage of marijuana and related cannabis products. The 
state’s cannabis sales data are frequently cited to assess potential 
revenue and tax outcomes in an unpredictable, polarizing, grow-
ing, and potentially beneficial drug industry.

While the growth of the sale and production of cannabis has been 
a booming industry in the last five years, there are necessary tax-
es, fees, and regulations with which companies in the cannabis 
industry must comply. As the focus is Colorado, we will ana-
lyze the impact that the taxes from revenue had on the growth of 
the recreational side of cannabis. This will be achieved by using 
Colorado’s data on cannabis and general data on economic states 
and governmental benefits that individuals were categorized un-
der for machine learning models programmed across various 

Python language libraries. The information from these models 
will help provide an information gauge to predict future revenue 
values and opportunities in Colorado after the legalization of the 
sale, production, taxing, and usage and consumption of cannabis 
in the state.

History of Cannabis Legalization
The history of cannabis has been complex. The substance has 
transitioned from legal to illegal and then back to legal in certain 
states with specific stipulations. The complexity of cannabis is 
not only prevalent in the United States but the world over. How-
ever, for this study, the models and analysis will focus solely on 
cannabis in the United States.

Its history can be viewed globally, with consumption dating back 
as far as 600 BC in China. During these times, cannabis-based 
hemp was used for various products such as ropes and other du-
rable goods, while others used cannabis for medicine and recre-
ation. In the US, cannabis implementations can be traced back to 
the 1600s in Jamestown, where hemp plants were grown and re-
quired to export to England. While cannabis and hemp products 
saw significant use throughout history, the substance received 
less favorable treatment in the 20th century.
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The United States Pure Food and Drug Act of 1906 was one 
of the earliest and most profound anti-cannabis legislation, sig-
nificantly restricting medicinal and recreational cannabis use. 
Subsequently, states deemed cannabis a poisonous substance, 
regulating cannabis according to poison laws at the time.

The US continued its battle against cannabis by implementing 
the Marijuana Tax Act, adding a tax on companies conducting 
commercial operations with cannabis. The US Supreme Court 
subsequently overturned the Marijuana Tax Act in 1969. Then 
President Nixon responded by championing the Controlled Sub-
stances Act, which designated cannabis as a Schedule 1 drug. 
The Controlled Substances Act has had a significant impact on 
cannabis, as the act outlawed cannabis at the Federal level. Strict 
marijuana uses and propagation penalties followed the Con-
trolled Substances Act, culminating in President George H. W. 
Bush’s War on Drugs.

Cannabis use, however, has slowly made a return via medicinal 
use, with California emerging as the first state to decriminalize 
medicinal cannabis. Since then, many states have decriminalized 
medicinal marijuana, despite Federal regulations. According to 
the National Conference for State Legislatures, twenty-six states 
and the District of Columbia have cannabis decriminalization 
laws. The cannabis decriminalization movement has led to in-
creased debate at all levels of government. The progress made 
since the counterculture movement to bring cannabis into the 
mainstream in American culture has emerged in the media and 
business. Studies have shown that marijuana has many health 
benefits, even though consumers can get “high” by either inhal-
ing or consuming this drug. While still illegal at the federal level 
in the United States, efforts at the state level have been made 
since the 1970s for research to prove the benefits of this plant 
and how it can be used.

In November 2012, voters in the states of Washington and Col-
orado favored ballot measures to legalize the use of recreational 
marijuana effectively. In further detail, it allowed their states’ 
governments to recognize producing, selling, purchasing, and 
using cannabis products to be allowed without any punishments, 
except for the federal government’s regulations [1]. It was more 
than the health or medical benefits, but the drug could be a suc-
cessful business under statewide regulations. Voters’ approval 
of legal recreational cannabis usage and sale went into effect 
on December 6 and December 10 that year, respectively, for the 
states of Washington and Colorado. Due to disputes and arrange-
ments made within their states’ legislators, it was not Washing-
ton that was the first state to allow cannabis to be legally sold for 
recreational purposes formally, but it was Colorado.

It was not until January 1, 2014, that Colorado was the first state 
to formally allow cannabis entrepreneurs to legally pursue busi-
ness in their state, which provided full rights for residents in the 
state to purchase and consume recreational cannabis products 
for their use with the Colorado Retail Marijuana Code, requir-
ing sales tax for all items purchased containing this substance 
[3]. It has had a ripple effect on other states in passing legisla-
tion to allow cannabis to be sold for recreational or medicinal 

reasons in states such as Oregon, California, and New Jersey, 
among others. Allowing cannabis to be its industry for revenue 
with the support of government regulations and finances had a 
major change in the culture and perception of its portrayal over 
time. The hope is to predict future outcomes for the revenue and 
the cannabis retail sales taxes that were into their state’s laws.

Current Legalization Talking Points
In March ’21, 2022, NPR’s Planet Money organization released 
a study citing cannabis legalization data, which indicated three 
positive impacts of legalizing cannabis. The study intended to 
debunk opponents of decriminalization talking points. First, 
around crime rates, the study found that legalized cannabis had 
no significant impact on the incidence of crime. States with de-
criminalization laws neither experienced an increase nor a de-
crease in violent crimes. Next, the NRP study found that decrim-
inalized cannabis has not positively or negatively affected the 
occurrence of traffic fatalities.

Additionally, NPR organization cited a report by the CATO 
Institute that decriminalization of cannabis has not caused the 
price of cannabis to crater but, on the contrary, has strengthened 
the price therein. Moreover, a study by Leafly and Whitney Eco-
nomics determined that cannabis decriminalization had added 
321K jobs in the US legal cannabis industry. Lastly, and most 
pertinent to this study, NPR found that cannabis decriminaliza-
tion was a boon for states’ budgets. Decriminalized cannabis tax 
revenue was found to have exceeded initial expectations, par-
ticularly in Colorado, where $387M in cannabis tax revenue. 
Furthermore, California collects $50M per month in cannabis 
tax revenue. Tax revenue is one of the most cited reasons for 
cannabis legalization.

Problem Statement
As previously stated in this study, twenty-six states, plus the 
District of Columbia, have implemented some form of cannabis 
decriminalization. With that, there are also twenty-six different 
methodologies for implementing taxation. For instance, Colo-
rado, the first state to approve legal cannabis sales for adults, 
implements a wholesale excise and special retail tax, but only 
for recreational cannabis. Meanwhile, California implements a 
more robust cannabis taxation policy, with a per ounce tax on 
flowers, a tax on leaves and trim, an excise tax, and a standard 
sales tax. Lastly, Alaska has a more straightforward cannabis 
tax structure that implements a flat tax per ounce at wholesale. 
These are just three examples of cannabis tax models and imple-
mentation complexity. Next, this study will explore one state’s 
method for estimating cannabis tax revenue.

Literature Review
In September ’20, the Bureau of Business and Economic Re-
search at the University of Montana published a report outlin-
ing their methodology for estimating cannabis tax revenue in 
Montana. The study was commissioned for the New Approach 
Montana initiative and was titled An Assessment of The Market 
and Tax Revenue Potential of Recreational Cannabis in Mon-
tana. The report submits that quantifies the estimated size of the 
recreational cannabis market in Montana and the possible tax 
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revenue should the state decriminalize adult cannabis use. The 
research in this literature was conducted independently of the 
state of Montana and intended to be a political campaign to de-
criminalize cannabis consumption.

At a prominent level, the research uses sales from Montana resi-
dents and non-resident tourism to estimate potential tax revenue, 
with underlying estimations leading to forecast cannabis sales 
revenue. The study estimated that at a 20% cannabis tax, the 
state of Montana could generate a total of $43.4M to $52M in 
tax revenues from 2022-2026. This tax revenue estimation re-
flects a total recreational cannabis market between $217.2M and 
$259.8M.

The study used survey-based research on the use and incidence 
of services for resident and non-resident users. The survey data 
estimated that 14.3% of adults in Montana consumed marijuana 
in the previous 30 days, whereas by comparison, the US national 
average is 9.3%.

Additionally, the survey found that of that 14.3% of cannabis 
users, 22% say they use cannabis daily. Furthermore, daily can-
nabis users account for 67% of cannabis consumption. Lastly, 
the survey stated that 15% of tourists to states with recreational 
cannabis make visits to retail stores.

The first step Bureau of Business and Economic Research 
(BBER) took to create its model was to assess the cannabis mar-
ket size in Montana. BBER first noted that estimating the can-
nabis market in Montana was complicated by the illicit cannabis 
market comprised of homegrown, organized production, and 
illegal imports from states or countries.

Consequently, BBER stated that there is no reliable sales volume 
data. BBER chose to follow Colorado’s approach by implement-
ing a model that considers consumption instead of sales volume. 
The study combines Montana consumption survey data and na-
tional usage survey data to compile a market size of all users in 
Montana.

Furthermore, the BBER study estimated that Montana’s mari-
juana market size for consumption was 30.4 to 32.8 metric tons 
annually. Lastly, their research estimates that marijuana would 
retail for about $270 an ounce, for a total of $290M per year 
of retail sales. This estimate does not account for potential in-
creases in legal cannabis consumption caused by price elasticity, 
changes in cultural norms, and the increased popularity of oils 
and edibles.

The BBER study did state that revenue estimates did come with 
several caveats. The first caveat is that these estimates assume 
suitably infrastructure such as regulations, supply, and licensing 
would be in place by 2022. Next, most cannabis tourism data are 
derived from mature markets, which benefit from being the first 
to market and might not reflect the actual outcomes in Montana.

Additionally, Montana’s cannabis revenue could face competi-
tion from western states and Canada as more attractive regions 

to visit. Lastly, their study assumes that only leisure travelers 
to Montana will consume cannabis, while other visitors are not 
factored in.

The final and most poignant point in the BBER study is that 
there exist uncertainties in their model. Assumptions are made 
and identified throughout the research and the risks associated 
with adopting their model. Some of these risks include price 
decline created by production economies of scale, movement 
to consumption of edibles and oils, the potential inverse rela-
tionship between medicinal and recreational cannabis, the un-
certainty that Montana tourists will consume cannabis products, 
and the cultural acceptance of cannabis post-legalization. Lastly, 
BBER recognizes that building a forecast model is difficult even 
when sufficient data is available but believes that the consump-
tion survey-based data would be adequate to create a reasonable 
estimate of market size, retail sales, and tax revenue.

Dataset
In this study, we as authors have used capability and functional-
ity of Artificial Intelligence (AI) along with its subsystems such 
as Machine Learning (ML) and Deep Learning (DL) to Analise 
our dataset required for this study.

Several key performance indicators (KPIs) will be used through-
out this economic impact analysis of cannabis in the state of Col-
orado. In terms of the state’s economy, the key financial indi-
cators we will be looking at are the following: unemployment 
percentage rate in the state, Zillow Home Index, Supplemental 
Nutrition Assistance Program (SNAP), labor force participation, 
federal funding received, leisure hospitality, coincident econom-
ic activity index, business applications, all employees’ nonfarm 
payroll, average hourly wage, and revenue. While all these dis-
tinct factors play key roles in determining the tax revenue value 
of the sale of cannabis in the state of Colorado, revenue is the 
most important because that key performance indicator best de-
termines how said the state has dealt with any value in allowing 
business functions with cannabis. In particular, the tax revenue 
will help determine how much, if possible, the state’s govern-
ment benefitted from the cannabis business from products sold 
to consumers resulting in the state, city, and/or county sales tax-
es wherever applicable.

We will be using the overall revenue from Colorado to assess the 
economic potential that cannabis has on the state for business 
and any impacts resulting in more people moving to the state 
for job opportunities, lifestyle, or to find a different place to live. 
Further understanding of different economic metrics would help 
better gauge the direction the state is going towards potentially 
profiting off an up-and-coming drug industry. There are more 
than eight years of economic data provided by the St. Louis Fed-
eral Reserve to help provide more context into how affordable or 
not affordable marijuana products are. Determining the econom-
ic impact that cannabis has had on Colorado could be determined 
by the economic climate that gradually led to a massive increase 
in its population, especially in the later years of the 2010s decade 
from 2016 to 2019 and into 2020. As the first state to open a rec-
reational business, such a reason for businesses and individuals 
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who used cannabis to move to Colorado and take advantage of 
the laws they were protected to continue their actions around the 
drug legally and responsibly for the enjoyment of others.

While there is much variability in the kind of economic data that 
is collected in states such as Washington, Oregon, or California, 
Colorado has systematically included cannabis business data to 
address different concerns and needs among different people. 
We chose Colorado over other states because it formally allowed 
recreational selling and consumption of cannabis the earliest 
versus other states, having started in January 2014. Washington, 
on the other hand, despite voter approval on a measure favoring 
the use of recreational cannabis, did not officially recognize it as 
a legal business and industry practice until July 2014. Colorado 
had public data available to find current and potential connec-
tions to the advantages and disadvantages that cannabis has had 
on its economy, the growth of its population and entrepreneur-
ship, and the higher amounts of variation possible, which have 
led to a boom of overall development in the state.

Several definitions will be referenced throughout this analysis. 
All the economic data comes from the St. Louis Branch of the 
Federal Reserve.

The first key performance indicator of use to compare Colora-
do’s sales of cannabis is the unemployment rate in the state. The 
unemployment rate is the percentage of people who are not ac-
tively in a job at a company or organization and are receiving 
money and other forms of compensation for the time they are 
working. The lower the unemployment rate in the state is, the 
more likely there are individuals or groups of people who can 
purchase cannabis products. While that is often the case it does 
not consider the fact that even some people whose status is un-
employed can also afford said products for their usage.

Next, the Zillow Home Value Index (ZHVI) uses Zillow’s esti-
mates to assess the housing market for the state by determining 
a general value of prices in various housing types. It includes 
single-family and multi-family homes of assorted sizes and is a 
widely used measurement to provide a “typical” price anywhere 
between the top 35 percent and the top 65 percent of the prices of 
most homes (Zillow, n.d.). The estimates they give on the value 
of a home are provided in an average range, with the percentile 
not being in the top 25 percent, nor is it in the bottom 25 percent. 
It includes houses and condominiums but does not include the 
prices for apartments or homes with rent fees but provides an 
estimate on what one house could be worth in whole if it were 
bought.

Both state and federal governments provide benefits to low-in-
come families and individuals who may experience financial 
challenges paying for food and groceries. The Supplemental 
Nutrition Assistance Program, known as SNAP, provides such 
welfare opportunities, expanding the then-known federal food 
stamps program (U.S. Census Bureau, n.d.). This measurement 
determines how many Coloradoans received SNAP benefits 
whenever they experienced poverty, near-poverty, or other hard-
ship situations. Monthly numbers from the St. Louis Federal 

Reserve’s Economic Database can provide information on how 
challenging it is for people on these benefits to get the nourish-
ment they need to survive without having to worry about not 
being able to afford groceries or putting food on the table.

Fourth, the labor force participation rate is the percentage of in-
dividuals who are either currently employed or had been work-
ing at the time the data was collected. This is not representative 
of those who are eligible to work because this is a measurement 
of those who were working at the time they were surveyed or 
if they are currently employed. Participation in employment is 
considered as one choosing to work and receive voluntary com-
pensation in the form of money and other incentives, if applica-
ble. This could be tied to our analysis to determine how many 
individuals who were actively working had spent money on can-
nabis products for their consumption and enjoyment.

The fifth key economic indicator in the dataset identified the fed-
eral funds effective rate, known as “FEDFUNDS.” This percent-
age determines the interest rate on money borrowed from banks 
or other organizations which users would have to pay back on 
such as credit cards, mortgages, and loans, among other payment 
purposes (“Federal funds,” n.d.). Federal funds are determined 
by how the Federal Reserve Banks across the US when the inter-
est rates are adjusted on money between the Fed and the banks. 
They research and evaluate overall financial markets in the US 
and around the world with consumers’ salaries, spendings, and 
investments.

Leisure Hospitality is the next key economic indicator for use 
in this analysis. This monthly measurement consists of employ-
ment data from the U.S. Bureau of Labor Statistics primarily fo-
cused on the number of employees in the hospitality and leisure 
industries in the state of Colorado. Often this is centered around 
individuals who participate in or take advantage of hospitality 
businesses which cover the needs for travelers, tourists, business 
trips, retail, and food, among other things. It was expected ac-
cording to the St. Louis FRED data that this industry faced major 
losses during the pandemic because less people worked in jobs 
and fewer people traveled to Colorado or other states.
The Coincident Economic Activity Index consists of the 
four-following metrics: unemployment rate, nonfarm payroll 
enrollment, mean manufacturing hours worked by employees, 
and monetary compensation. All of this is focused on individuals 
in Colorado who work in fields where most jobs may be in de-
mand or are offered but with not as many applicants considering 
those positions in the industries. This could help find connec-
tions between how many employed and unemployed individuals 
were able to purchase cannabis products without any financial 
problems or pressures with or without payment or with a stable 
income.

Business Applications is another key performance metric that 
shows how many businesses filed papers to be formally recog-
nized as businesses in the state for sales, taxes, and financial in-
centives and benefits from the government if possible. The data 
has shown an upward rise in the number of applications filed in 
the state since Colorado opened to cannabis business and the 
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set regulations in January 2014, which has remained consistent-
ly upward over a span of eight-plus calendar years of legalized 
business.

The metric” All Employees, Non-Farm Payroll” defines the 
number of Coloradoans who are working stable, paid jobs that 
contribute to the state’s economy as well as the country’s econ-
omy with respect to the Gross Domestic Product (GDP). This 
number determines the number of people who are employees of 
a nationally or state-recognized company, agency, or other form 
of an organization where these employers compensate its em-
ployees and maintain the constant flow of money across various 
kinds of transactions.

The Average Hourly Wage is the dollar-per-hour rate for any in-
dividual who is employed for any stable job. Individuals who 
are considered in the mean hourly wage include hourly employ-
ees, contractors, employees on non-hourly stipends, and salaried 
employees who have yearly pay. The analysis of this metric can 
gauge amount individuals can spend on cannabis and what fac-
tors their income has on if consumers can purchase these prod-
ucts, and if so, at what quantity or quantities, to see if they buy 
more month after month.

The final key performance indicator in the economic data is rev-
enue. This measurement is important because it determines how 
much was made in sales for products. It represents how much 
investments are made in cannabis in the state per month. As the 
earliest state to allow recreational business to cannabis, in more 
than eight years of data collection, the amount of money gener-
ated from businesses selling cannabis has gradually increased 
until the COVID-19 pandemic in March 2020, which saw an 
exponential spike in revenue. Thus, taxes on the sales increased 
leading up to the pandemic and experienced this massive growth 
when Coloradoans and Americans had to stay home. There has 
been an increase in the access points outside of brick-and-mortar 
stores selling products with this substance which also factors in 
the amount of expected sales tax that the state was to receive 
from all transactions.

Exploratory Data Analysis
The aim of this project is to find economic affection after Can-
nabis was legalized by the Colorado government in 2014. We 
will be applying Python as the technique tool for further explor-
atory data analysis along with the time series analysis. First, we 
will be using a heatmap to explain the correlation between the 
variables in the datasets. Based on the graph below (Figure 1, 
generated AI, ML, and DL capability and functionality), we can 
find that the diagonal squares from top left to bottom right are 
all in the lightest color, whereas the number closer to one means 
the six independent variables have a strong correlation with the 
independent variable.

The graphs below are the count of each variable (figure 2). The 
unemployment rate is mostly between 2% to 3%, as the average 
rate is lower, which means that there will be more people who 
are affordable to cannabis. Zillow Home Index has the maxi-
mum count in the price of $40,000, and most of the month is un-
der the maximum price. The requested SNAP funding is mostly 
either between $400,000 to $500,000 or none. The labor force 
participation is at an average of 67%, as the higher percentage 
of the available workers in the workforce, the higher willingness 
will the customers to purchase cannabis-related products. The 
rate of FEDFUNDS has a maximum count of rate under 0.3. The 
count of leisure hospitality is focused on 295 to 350. The coinci-
dent economic activity index is around 140 with a count above 
12.5. Business applications are between 6,000 to 7,500. All em-
ployees’ non-farm payroll is around 2,700. Foremost the average 
hourly wage is around $27 per hour. And lastly, the most count 
of revenue is about $2,000,000. Overall, the unemployment rate 
remains low along with over 66% of labor force participation, 
and with the stability of the Zillow home index, people have 
more spare money to treat themselves, which buying cannabis 
products may be one of their choices.

Next, we will further explore the monthly data with the five 
selected variables below (figure 3~7). The economic status be-
fore the year 2020 is stable, with a drop in the unemployment 
rate, and an overall increase in labor force participation, average 
hourly wage, and tax revenue risen upon the Zillow home index. 
A good economic status means people will have more excessive 
disposal income. According to Maslow’s Hierarchy of Needs, 
after fulfilling the basic living needs, our next goal is accom-
plishing the psychological needs, which I consider purchasing 
cannabis products as enjoyment either with friends or to relax by 
ourselves. However, as Coronavirus disease has widely spread 
into the world beginning in December 2019 (Gharehgozli, the 
pandemic has made devastating harm to the global economy. [3] 
The economy took around one year to recover, which may affect 
the desire to spend on leisure products or events [4].

Lastly, we will present the seasonal pattern in the time series 
with the selected five variables mentioned in the previous para-
graph (figure 8~12). The seasonal pattern of time series graphs 
has comparably significant changes from the monthly explorato-
ry graphs. The main event that causes all the variables to be al-
tered by the global wide pandemic. Aside from the period before 
2020, the economy remains solid. The only variable that has not 
been affected by the pandemic is the tax revenue, which fluctua-
tion has begun in early 2019. We conclude that people are more 
likely to have stable living conditions to spend more money on 
enjoying their living
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economy. The economy took around one 
year to recover, which may affect the desire 
to spend on leisure products or events. 
 
Lastly, we will present the seasonal pattern 
in the time series with the selected five 
variables mentioned in the previous 
paragraph (figure 8~12). The seasonal 
pattern of time series graphs has 
comparably significant changes from the 
monthly exploratory graphs. The main event 

that causes all the variables to be altered by 
the global wide pandemic. Aside from the 
period before 2020, the economy remains 
solid. The only variable that has not been 
affected by the pandemic is the tax revenue, 
which fluctuation has begun in early 2019. 
We conclude that people are more likely to 
have stable living conditions to spend more 
money on enjoying their living 
 
 

 
 

Figure-1: The Heatmap of Colorado Cannabis Economic 
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Figure 2: Histogram of Colorado Cannabis Economic Data 
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Figure 7: Colorado Monthly Cannabis in Tax Revenue
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Figure 8: Colorado Monthly Cannabis Time Series  
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Figure 12: Colorado Monthly Cannabis Time Series in Tax Revenue 
 

 
 

Figure 13: Correlation with Heatmap Data Points 
(Note that all the Images in above generated by Authors Payton algorithm) 
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In conclusion, the continuous growth of the economy has pro-
vided people with a secure income source that allows them to 
make excess purchases other than basic living goods. However, 
as the pandemic started, the shutdown economic has affected our 
living for a year to recover. The next session will be discussing 
machine learning models and the analysis as it presented in Fig-
ure 13.

Machine Learning Models and Analysis
Zillow Home Index Positive correlation
•       Coincident Economic Activity Index
•       Business Application
•       All Employee Non-Farm Payroll
•       Revenue
•       Labor Force Participation

Zillow Home Index Negative or zero correlation
•       SNAP
•       Unemployment
•       FED FUNDS
•       Leisure Hospitality

Based on this correlation matrix chart we can validate inputs 
or aka features for our machine model to pick which of them 
will make out model more accurate and choose those inputs so 
the machine can understand positive or negative relationships 
of each feature. For example, Zillow Home index will give a 
zero or negative correlation to SNAP which is government food 
stamps.

Using supervised learning models, we are going to use one of 
the most general prediction models which is linear regression to 
predict business application vs home index. The second part we 
used a random forest model which another supervised learning 
to predict if our machine can learn from the one hundred rows 
of data and five features which have high correlation to home 
index, wages, and pay to predict any patterns on revenue. So, a 
machine learns from home, pay, and business participation can 
predict revenue. Warning due to the lack of data we have our 
predictions could be extremely low and can overfit. Meaning 
our machine can memorize our model and become inaccurate 
or irrelevant. One hundred records are small to make a machine 
model due to the lack of information the machine to learn and 
can memorize aka overfitting. See Figure 14
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Figure 15: Correlation with five important data points 
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Figure 16: Supervised learning using Decision tree 
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Figure 19: Family tree of two subgroups in the cannabis business using wage, housing, 
and employment 

(Note that all the Images in above generated by Authors Payton algorithm) 
 
 
We did three supervised learning linear 
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which shows in the green one association 
and in the orange another. Machine learning 
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that breaks into a family tree format and 
uses that to classify our groups when given 
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down these as grouping of the revenue of 
the cannabis revenue. Showing that we did 
have a lot of our data in the lower small gap 
business model which could be the green 
while our orange could be the high-end 
revenue business model. 
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correlation matrix helps us find a mutual 
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columns of our data to apply some machine 
learning model to predict or recommend. 
 
We started off with a linear regression 
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we can predict by using trends and fitting a 
line to predict future outcomes. We started 
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and see the line chart can fit the best fitted 
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We did three supervised learning linear regression random for-
est; decisions trees and two unsupervised learning K means and 
hierarchical clustering. The above charts show the machine able 
to classify a family tree of two subgroups in the cannabis busi-
ness using wage, housing, and employment. We can tell based 
on a subset which shows in the green one association and in the 
orange another. Machine learning is based on the one hundred 
rows of data two classification and can predict if you give the 
data will choose groups or green. A hierarchical clustering is a 
machine model that breaks into a family tree format and uses 
that to classify our groups when given the data. Looking closer 
you can break down these as grouping of the revenue of the can-
nabis revenue. Showing that we did have a lot of our data in the 
lower small gap business model which could be the green while 
our orange could be the high-end revenue business model.

Finding on Machine Learning
During this analysis we did many techniques to explore if the 
data we have available can predict or recommend cannabis reve-
nue. Our finding was to make a correlation matrix which shows 
positive and negative relationships of the data. This is useful 
because we can find specific columns that can be used in more 
machine learning models in the future. We started finding Reve-
nue has a high positive correlation of 0.84 with Average Hourly 
Wage, 0.87 Business Application, 0.85 Coincident Economic 
Activity Index and 0.86 Zillow Home Index. We did also find a 
negative correlation in revenue like snap -0.77 and no correla-
tion in FED FUNDS, and unemployment. So, looking through 
a correlation matrix helps us find a mutual relationship or con-

nection between the columns of our data to apply some machine 
learning model to predict or recommend.

We started off with a linear regression model, a supervised learn-
ing model where we can predict by using trends and fitting a line 
to predict future outcomes. We started charting Zillow Home In-
dex vs. Business Applications. In doing so we can validate and 
see the line chart can fit the best fitted line to predict business 
Application which is a positive indicator to cannabis revenue. 
Our findings showed a positive correlation, but a high p value in 
the relationship. We then used scikit to learn to make the linear 
regression model and predict future business applications to the 
Zillow home index.

Later, we used other models such as Random Forest and Deci-
sion trees. To use this technique and remove any bias we used a 
train test split method. For the machine to not be biased. We split 
our data into 75% and 25% validation. And in doing so we got 
high p values scores of 100% accuracy for our training. When 
we validate our testing set the results show 100% accuracy. This 
will mean due to our one hundred columns dataset the machine 
could have overfitted the data.

Unsupervised learning models we considered and tried out are 
the K means. Which applies clustering and we wanted to do rev-
enues and created two categories. We used a technique to pre-
process the data and our findings on this machine learning model 
gave negative scores. The p value was extremely low, showing 
difficulty in accuracy. We tried many diverse types of cluster-
ing like 2 classifications to 3 classification and still got negative 
scores.
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The goal of the unsupervised learning model was to find out 
what type of revenue business it was. To divide the revenue into 
two groups: low cap revenue businesses or high cap revenue 
business. We found out the splitting those types made our model 
biased due to the small amount of data we have and a not so even 
data set between the groups. This could be the reason for the 
poor negative p value.

We learned when doing a machine learning unsupervised mod-
el, we need to have an even spread of data if not the computer 
can cluster data and sway into biased decision-making or be-
come completely irrelevant. By having more samples of data 
and equal parts of the data from both classes not based on the 
median split could give us better results. The last and final unsu-
pervised learning model is hierarchical clustering where the data 
is broken into two groups.

For illustration and depiction of all these analyses based on Ma-
chine Learning Technique, please refer to Figure 14 through Fig-
ure 19.

Conclusion
In conclusion we applied a total of four machine learning mod-
els each telling a different story and finding we can use it to 
explore more to the idea of cannabis revenue. We applied many 
preprocessing techniques to optimize our results. The first mod-
el was linear regression on two features of Zillow Home index 
and business applications showing a strong correlation between. 
With that information we moved to decision trees and random 
forest tree models. With this it gave the most promising scores 
to evaluate out and our model might have learned something, 
but it was still optimistic because of our small sample size data 
showing 100% accuracy which might indicate overfitting.

Later we moved into the two unsupervised learning models and 
did K mean clustering technique based on revenue. This mod-
el had deficient performance when we tried different alternate 
techniques to improve the p-value scores if the model can even 

predict something. We found a data problem and our scores were 
0% accurate. We then used another clustering technique that 
would be hierarchical clustering and found the breakdown of the 
two groups is extremely different showing a gap in revenue. We 
can apply a better machine model knowing what the breakdown 
can be instead of the median cut. The best outcome is the deci-
sion tree model which helped us get a recommendation system 
to calculate revenue using the four highly correlated features 
like home wage and avg pay.

References
1.	 Hartman, M. (2022, May 31). Cannabis Overview.
2.	 Seaton, M. (2019, April 19). Collecting the history of mari-

juana legalization in Colorado. History Colorado.
3.	 McLeod, S. (2007). Maslow’s hierarchy of needs. Simply 

psychology, 1(1-18).
4.	 Gharehgozli, O., Nayebvali, P., Gharehgozli, A. et al. Im-

pact of COVID-19 on the Economic Output of the US Out-
break’s Epicenter. EconDisCliCha 4, 561–573 (2020).

5.	 Barkey, P. M., & Sonora, R. (2020). An Assessment of The 
Market and Tax Revenue Potential of Recreational Canna-
bis in Montana. 

6.	 Boesen, Ulrik. “A Road Map to Recreational Marijuana 
Taxation.” Tax Foundation (2020).

7.	 Project, M. P. (n.d.). Cannabis Tax Revenue in States that 
Regulate Cannabis for Adult       Use. MPP.

8.	 Recreational Marijuana ProCon.org. (2018, November 13). 
Procon.org; Britannica. 

9.	 U.S. Census Bureau, SNAP Benefits Recipients in Colorado 
[BRCO08M647NCEN], retrieved from FRED.

10.	 Zillow, Zillow Home Value Index (ZHVI) for All Homes 
Including Single-Family Residences, Condos.  

https://www.ncsl.org/research/civil-and-criminal-justice/marijuana-overview.aspx
https://link.springer.com/article/10.1007/s41885-020-00069-w
https://link.springer.com/article/10.1007/s41885-020-00069-w
https://link.springer.com/article/10.1007/s41885-020-00069-w
http://bber.umt.edu/pubs/Econ/CannabisStudy2020.pdf
http://bber.umt.edu/pubs/Econ/CannabisStudy2020.pdf
http://bber.umt.edu/pubs/Econ/CannabisStudy2020.pdf
https://www.mpp.org/issues/legalization/cannabis-tax-revenue-states-regulate-cannabis-adult-use/#:~:text=As%20of%20March%202022%2C%20states
https://www.mpp.org/issues/legalization/cannabis-tax-revenue-states-regulate-cannabis-adult-use/#:~:text=As%20of%20March%202022%2C%20states
https://marijuana.procon.org/
https://marijuana.procon.org/
https://fred.stlouisfed.org/series/BRCO08M647NCEN
https://fred.stlouisfed.org/series/BRCO08M647NCEN
https://fred.stlouisfed.org/series/COUCSFRCONDOSMSAMID
https://fred.stlouisfed.org/series/COUCSFRCONDOSMSAMID

