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Economic Theory vs Reality, Investigation via Econometrics
The goal of this project is to test economic theory, then examine real-life data to test it. The model I will use as a basis to the economic theory is GDP = C+I+G+NE. This is a well known economic

equation for GDP. The current state is that we assume that the sum of all these variables should equate to the Gross Domestic Product of the United States, according to economic theory. Knowing

how to account for each of the variables, Consumption, Investment, Government spending, and Net exports is crucial for accounting for GDP. These calculations are essential to keep society in

modern day moving and functioning. Fiscal policy, monetary policy, and many other government interventions rely on the accuracy of this data to be effective.

I chose to investigate this problem because many people tend to blindly follow economic theory, and many others tend to ignore it. The textbook concepts of economics are only half of the feild of

study. Many economic principles even contradict eachother. Knowledge of real world data is crucial in economics. To back up economic theory, one must gather data and employ statistical

calculations to test it. The use of statistical and mathematical models to develop theories or test existing hypotheses in economics and to forecast future trends from historical data is commonly

known as econometrics. According to https://ideas.repec.org/top/top.ecm.html, authors from MSU are Nationaly ranked #2 in the feild of econometrics.

In my project, I got my data from the Federal Reserve of Economic Data (FRED), a comprehensive repository of economic data provided by the Federal Reserve Bank of St. Louis. I will use this data

to answer the question if the economic theory of GDP is true.

To get the data I needed, I downloaded a data file recording each of the components of GDP in the United states from the FRED. I did this using the pandas library. The files show the value in

(Billions of dollars) on one column and years starting around 1950 on the other column. This was the case for all of the files I downloaded.

To start, I plotted GDP, along with all 5 of the variables that account for it according to the theory (C+I+G+NE)

Next, I figured I would test if Net Exports was really the same as the sum of exports and imports. I added the data frames together and plotted them. Then, I downloaded a FRED file recording real

world Net Exports. I plotted both files on the same graph to compare them.

To my suprise, the theoretical Net exports and the FRED recorded net exports were exactly the same line. To ensure the values were identical, I plotted a table. Some of the files had different column

names, so I had to make them uniform. Also, the data was provided with 4 values for every year, Q1-4. To simplify the data, I grouped the data so only Q4 from each year was displayed. After

experiencing many error messages, I used AI to help me merge the data, as I wasn't sure how to do so.

    Year  Calculated Net Exports   NETEXP
0   1947                   9.289    9.289
1   1948                   4.501    4.501
2   1949                   2.999    2.999
3   1950                  -0.154   -0.154
4   1951                   4.190    4.190
5   1952                  -1.013   -1.013
6   1953                  -0.335   -0.335
7   1954                   1.145    1.145
8   1955                   0.240    0.240
9   1956                   4.527    4.527
10  1957                   3.388    3.388
11  1958                  -0.260   -0.260
12  1959                   0.627    0.627
13  1960                   5.880    5.880
14  1961                   4.572    4.572
15  1962                   3.133    3.133
16  1963                   5.710    5.711
17  1964                   7.195    7.195
18  1965                   5.750    5.750
19  1966                   3.765    3.765
20  1967                   2.244    2.244
21  1968                   0.946    0.945
22  1969                   3.149    3.149
23  1970                   2.985    2.985
24  1971                  -1.920   -1.920
25  1972                  -3.061   -3.061
26  1973                   8.951    8.952
27  1974                   0.033    0.033
28  1975                  13.801   13.801
29  1976                  -6.604   -6.603
30  1977                 -29.582  -29.582
31  1978                 -16.400  -16.400
32  1979                 -26.802  -26.802
33  1980                  -6.683   -6.682
34  1981                 -14.750  -14.750
35  1982                 -29.587  -29.587
36  1983                 -71.385  -71.385
37  1984                -107.756 -107.756
38  1985                -133.434 -133.434
39  1986                -133.629 -133.629
40  1987                -145.404 -145.405
41  1988                -107.695 -107.694
42  1989                 -82.765  -82.765
43  1990                 -79.096  -79.096
44  1991                 -23.053  -23.053
45  1992                 -47.140  -47.140
46  1993                 -73.449  -73.449
47  1994                -101.913 -101.913
48  1995                 -69.780  -69.780
49  1996                 -88.822  -88.822
50  1997                -117.014 -117.014
51  1998                -178.663 -178.663
52  1999                -301.708 -301.708
53  2000                -411.343 -411.343
54  2001                -369.688 -369.688
55  2002                -496.289 -496.289
56  2003                -523.694 -523.694
57  2004                -700.336 -700.336
58  2005                -804.786 -804.786
59  2006                -737.667 -737.668
60  2007                -729.699 -729.699
61  2008                -628.475 -628.474
62  2009                -473.255 -473.254
63  2010                -523.586 -523.586
64  2011                -601.788 -601.788
65  2012                -515.875 -515.874
66  2013                -434.019 -434.019
67  2014                -530.751 -530.751
68  2015                -523.238 -523.238
69  2016                -530.806 -530.806
70  2017                -554.897 -554.897
71  2018                -634.207 -634.207
72  2019                -516.146 -516.146
73  2020                -760.660 -760.659
74  2021                -924.289 -924.289
75  2022                -877.204 -877.204
76  2023                -783.734 -783.734

Next, I wanted to plot the theoretical GDP, or the GDP according to the theory C+I+G+NE. To Calculate the theoretical GDP, I took the sum of each variable during each year to create a new data file:

Theoretical GDP. I also renamed the columns so that they were easier to see. Again, I had to use AI to merge the data to corresponding dates. This was because some data files included different

time spans, so they couldn't be plotted together. I only plotted dates provided by all data sets.

To test the theory that GDP = C+I+G+NE, I plotted both Theoretical GDP and the actual GDP recorded by the FRED on the same graph.

Unfortunately, the theoretical GDP was higher than the recorded GDP, especially in recent years. Luckily, they had a positive relationship, idicating something was likely being overestimated, or

overcounted.

To help visualize this, I plotted the difference between my theoretical GDP and the actual GDP. I calculated this by subtracting theoretical from actual. This data file became known as GDP difference.

Upon seeing this difference, I knew it must have been caused by an overestimation in my calculation of one of the variables that account for GDP. To investigate which variable was causing the GDP

difference, I plotted GDP difference along with each of the variables consumption, investment, Gov expenditures, and net exports.

From these graphs, it was obvious that Government spending (bottom left) accounted for the overestimation of GDP.

Next, I plotted a larger graph comparing G and GDP difference. They were very strongly positively related.

To see individual values by year, I displayed a table.

DATE Government Spending Actual GDP Theoretical GDP GDP Difference

0 1960-01-01 144.233 542.648 567.166 24.518

4 1961-01-01 157.254 545.018 573.734 28.716

8 1962-01-01 170.892 594.013 626.177 32.164

12 1963-01-01 179.393 621.672 657.458 35.786

16 1964-01-01 190.075 669.822 704.563 34.741

20 1965-01-01 196.198 717.790 751.652 33.862

24 1966-01-01 221.114 795.734 834.880 39.146

28 1967-01-01 255.415 844.170 896.880 52.710

32 1968-01-01 277.111 909.387 961.352 51.965

36 1969-01-01 300.566 993.337 1056.692 63.355

40 1970-01-01 325.878 1051.200 1126.205 75.005

44 1971-01-01 358.566 1135.156 1228.731 93.575

48 1972-01-01 399.428 1230.609 1340.362 109.753

52 1973-01-01 426.927 1377.490 1496.339 118.849

56 1974-01-01 465.643 1491.209 1624.898 133.689

60 1975-01-01 550.065 1616.116 1786.452 170.336

64 1976-01-01 609.582 1820.487 2025.970 205.483

68 1977-01-01 645.408 1988.648 2199.642 210.994

72 1978-01-01 702.390 2202.760 2428.008 225.248

76 1979-01-01 776.403 2526.610 2786.453 259.843

80 1980-01-01 892.894 2789.842 3108.953 319.111

84 1981-01-01 1022.594 3124.206 3497.716 373.510

88 1982-01-01 1122.585 3274.302 3691.727 417.425

92 1983-01-01 1245.639 3473.413 3960.611 487.198

96 1984-01-01 1320.756 3908.054 4436.025 527.971

100 1985-01-01 1450.988 4230.168 4788.355 558.187

104 1986-01-01 1557.805 4507.894 5122.348 614.454

108 1987-01-01 1646.039 4722.156 5311.501 589.345

112 1988-01-01 1734.527 5073.372 5732.809 659.437

116 1989-01-01 1844.660 5511.253 6232.882 721.629

120 1990-01-01 1998.201 5872.701 6651.204 778.503

124 1991-01-01 2069.787 6035.178 6788.216 753.038

128 1992-01-01 2294.835 6363.102 7315.816 952.714

132 1993-01-01 2383.921 6729.459 7752.746 1023.287

136 1994-01-01 2429.860 7115.652 8136.040 1020.388

140 1995-01-01 2582.422 7522.289 8655.879 1133.590

144 1996-01-01 2669.979 7868.468 9022.237 1153.769

148 1997-01-01 2740.531 8362.655 9565.196 1202.541

152 1998-01-01 2809.434 8866.480 10076.443 1209.963

156 1999-01-01 2931.044 9411.682 10645.447 1233.765

160 2000-01-01 3074.397 10002.179 11211.364 1209.185

164 2001-01-01 3280.819 10470.231 11836.900 1366.669

168 2002-01-01 3508.647 10783.500 12219.022 1435.522

172 2003-01-01 3744.177 11174.129 12720.436 1546.307

176 2004-01-01 3947.702 11923.447 13542.879 1619.432

180 2005-01-01 4201.029 12767.286 14488.142 1720.856

184 2006-01-01 4456.559 13599.160 15447.081 1847.921

188 2007-01-01 4747.079 14215.651 16210.801 1995.150

192 2008-01-01 4991.989 14706.538 16780.843 2074.305

196 2009-01-01 5533.429 14430.902 16974.514 2543.612

200 2010-01-01 5804.973 14764.610 17390.042 2625.432

204 2011-01-01 5848.011 15351.448 17999.796 2648.348

208 2012-01-01 5835.721 16068.805 18697.999 2629.194

212 2013-01-01 5834.315 16648.189 19333.787 2685.598

216 2014-01-01 5904.306 17197.738 19895.783 2698.045

220 2015-01-01 6108.636 18063.529 20931.188 2867.659

224 2016-01-01 6313.945 18525.933 21524.580 2998.647

228 2017-01-01 6497.531 19280.084 22390.912 3110.828

232 2018-01-01 6788.117 20328.553 23561.021 3232.468

236 2019-01-01 7218.163 21104.133 24558.147 3454.014

240 2020-01-01 7550.160 21706.513 25655.599 3949.086

244 2021-01-01 11058.298 22600.185 29344.248 6744.063

248 2022-01-01 8330.638 25029.116 28896.316 3867.200

252 2023-01-01 9326.383 26813.601 31456.124 4642.523

I removed two columns to simplify the data.

DATE Government Spending GDP Difference

0 1960-01-01 144.233 24.518

4 1961-01-01 157.254 28.716

8 1962-01-01 170.892 32.164

12 1963-01-01 179.393 35.786

16 1964-01-01 190.075 34.741

20 1965-01-01 196.198 33.862

24 1966-01-01 221.114 39.146

28 1967-01-01 255.415 52.710

32 1968-01-01 277.111 51.965

36 1969-01-01 300.566 63.355

40 1970-01-01 325.878 75.005

44 1971-01-01 358.566 93.575

48 1972-01-01 399.428 109.753

52 1973-01-01 426.927 118.849

56 1974-01-01 465.643 133.689

60 1975-01-01 550.065 170.336

64 1976-01-01 609.582 205.483

68 1977-01-01 645.408 210.994

72 1978-01-01 702.390 225.248

76 1979-01-01 776.403 259.843

80 1980-01-01 892.894 319.111

84 1981-01-01 1022.594 373.510

88 1982-01-01 1122.585 417.425

92 1983-01-01 1245.639 487.198

96 1984-01-01 1320.756 527.971

100 1985-01-01 1450.988 558.187

104 1986-01-01 1557.805 614.454

108 1987-01-01 1646.039 589.345

112 1988-01-01 1734.527 659.437

116 1989-01-01 1844.660 721.629

120 1990-01-01 1998.201 778.503

124 1991-01-01 2069.787 753.038

128 1992-01-01 2294.835 952.714

132 1993-01-01 2383.921 1023.287

136 1994-01-01 2429.860 1020.388

140 1995-01-01 2582.422 1133.590

144 1996-01-01 2669.979 1153.769

148 1997-01-01 2740.531 1202.541

152 1998-01-01 2809.434 1209.963

156 1999-01-01 2931.044 1233.765

160 2000-01-01 3074.397 1209.185

164 2001-01-01 3280.819 1366.669

168 2002-01-01 3508.647 1435.522

172 2003-01-01 3744.177 1546.307

176 2004-01-01 3947.702 1619.432

180 2005-01-01 4201.029 1720.856

184 2006-01-01 4456.559 1847.921

188 2007-01-01 4747.079 1995.150

192 2008-01-01 4991.989 2074.305

196 2009-01-01 5533.429 2543.612

200 2010-01-01 5804.973 2625.432

204 2011-01-01 5848.011 2648.348

208 2012-01-01 5835.721 2629.194

212 2013-01-01 5834.315 2685.598

216 2014-01-01 5904.306 2698.045

220 2015-01-01 6108.636 2867.659

224 2016-01-01 6313.945 2998.647

228 2017-01-01 6497.531 3110.828

232 2018-01-01 6788.117 3232.468

236 2019-01-01 7218.163 3454.014

240 2020-01-01 7550.160 3949.086

244 2021-01-01 11058.298 6744.063

248 2022-01-01 8330.638 3867.200

252 2023-01-01 9326.383 4642.523

There must be some part of government spending included in my theoretical calculation that isnt included in the FRED calculation. To help identify this missing part of G, we must search for trends in

the GDP difference compared to total government spending. First, I wanted to calculate the Mean absolute error, or the average difference in theoretical GDP from the actual GDP. I displayed this

statistic as a percentage of government spending, calculated as GDP difference/Government spending. This created a new data file, percentage.

To see trends in MAE, I graphed a histogram and a box plot of the percentages. Remember, these percentages represent the percent of government spending that isn't counted as part of GDP

according to the FRED, but were included in my calculations for theoretical GDP.

From the histogram and the box plot, we can see that the MAE, or the average difference in GDP from the theoretical GDP, (measured as a percentage of Government spending) was about 40%. So

on average, about 40% of Government spending was excluded from FRED calculations, but included in my theoretical calculations.

However, there were some years when this excluded part of GDP was only 20%, and some years when it was up to 60%. To see how this percentage changed with respect to year, I plotted a line of

the percentages over time.

This graph helped our investigation tremendously. Not only do we know that a certain part of G is causing the GDP difference, we know that this part of G increased from around 20% in the 60s to

about 60% in modern day.

As an Economics major, I know one part of Government Spending that has increased over the last 60 years is transfer payments. transfer payments are welfare payments sent to the population for

various reasons. Some reasons why transfer payments have increased over time are expansion of social welfare programs, aging populations, and rising healthcare costs.

To see if transfer payments are part of or all of the missing part of G, I downloaded another file from the FRED: transfer payments over time. I then plotted this with the GDP difference.

Here we can see that transfer payments could likely account for the majority of the GDP difference, or the excluded part of G. Another part of G that could account for the GDP difference is

government investment. To test this, I downloaded Ginvest from the FRED.

I then plotted this with GDP difference and Transfers.

Here, we can see that I've likely discovered that government investment and transfer payments are the parts of government spending that caused the GDP difference. In other words, it is likely that

government investment and transfer payments were excluded from the FRED calculations and included in mine, causing the difference between the theoretical GDP and actual GDP.

However, I wanted to verify this by combining investment and transfers into one date file: welfare. I then plotted welfare and GDP difference to see if they were the same line.

The lines were very similar, but welfare was slightly higher than GDP difference. This is likely because the FRED does count some parts of government investment as part of GDP. In other words, the

space between the red and blue line is part of government investment that WAS counted as part of GDP in the FRED.

Results:

Much of the code is redundant because often while working on one cell, a cell above would malfunction and need to be modified.

In most plots, the y axis is billions of dollars, and the x axis is years.

In the graph comparing theoretical GDP and actual GDP, the theoretical GDP is the GDP that I calculated according to economic theory. It was the sum of variables plotted in the beginning:

C+I+G+NE. Actual GDP is the GDP that was reported by the FRED. In the graph, you can see that the theoritical GDP overestimates the actual GDP. Many years were provided on the x axis so that

visualization was smooth.

In the graph of GDP difference vs goverment spending, the plot plot illustrates the relationship between the GDP difference (theoretical GDP minus actual recorded GDP) and government spending

over time. The plot displays GDP difference as points and government spending as a line. Also, Axes are labeled, and grid lines are included for clarity. There is a positive correlation with G and GDP

difference.

In the plots of Percentage of Government Spending Contributing to GDP Difference, the average percentage of government spending that contributes to the GDP difference over time is shown. To

help visualize the MAE, I used a histogram and a box plot. The MAE was measured as a percentage of government spending. The MAE represented the average difference between the theoretical

GDP and the recorded GDP from the FRED. The MAE was 40% From the plot, we saw that the part of G that likely caused the GDP difference increased from about 20% of G in the 60s to about

60% of G in modern day.

In the Welfare vs GDP difference graph, we can see the welfare compared to GDP difference. The graph is expanded to enhance visualization. The lines are similar, but the welfare line is slightly

above GDP difference.

Conclusion and discussion:

The comparison between theoretical GDP and actual GDP proved to be a failure of economic theory. The theoretical GDP was overestimated in some way.

To rule out the cause of the overestimation, I compared the GDP difference (the difference between theoretical and actual GDP) with each of the variables that composed GDP. Government

spending had a high correlation with GDP difference, so I knew some part of government spending was being counted in the theoretical calculation, but excluded in the FRED calculation. After

identifying the trends in difference in GDP as a percentage of G, we could conclude that the GDP difference was caused by some part of G that was increasing over time.

Two variables that are part of Government spending and have increased over time are transfer payments and government investment. Because of expanding welfare programs, aging populations

and rising healthcare costs, transfer payments have become a larger part of government budget. Goverment investment has also increased over time because of increase fiscal and monetary policy.

Certain forms of government investment are counted towards gdp, and others aren't.

From the comparison to the GDP difference, we can conclude that some combination of transfer payments and government spending are the cause of the overestimation of GDP. this is because the

theoretical GDP included all government spending, while the FRED calculation likely excluded certain parts of it, such as transfer payments and investment.

This also explains the slight correlation with the other variables. Since the GDP difference line likely represented government welfare expenditures, other variables such as consumption and

investment were positively affected by it.

Overall, the use of econometrics and data analysis allowed us to successfully test the economic theory of GDP, and identify it's flaws. ^

In [105… import pandas as pd

# Load GDP.csv
df_gdp = pd.read_csv('GDP.csv')

# Load Consumption
df_c = pd.read_csv('C.csv')

# Load Investment
df_i = pd.read_csv('I.csv')

# Load Government Expenditure
df_g = pd.read_csv('G.csv')

# Load Exports
df_e = pd.read_csv('E.csv')

# Load Imports
df_m = pd.read_csv('M.csv')

In [13]: import matplotlib.pyplot as plt

# Plot GDP
plt.figure(figsize=(10, 6))
plt.plot(df_gdp['DATE'], df_gdp['GDP'], label='GDP')
plt.title('GDP over Time')
plt.xlabel('Year')
plt.ylabel('GDP ($)')
plt.legend()
plt.show()

In [8]: # Plot C
plt.figure(figsize=(10, 6))
plt.plot(df_c['DATE'], df_c['PCE'], label='Consumption (C)')
plt.title('Consumption over Time')
plt.xlabel('Year')
plt.ylabel('Consumption ($)')
plt.legend()
plt.show()

In [9]: # Plot I
plt.figure(figsize=(10, 6))
plt.plot(df_i['DATE'], df_i['GPDI'], label='Investment (I)')
plt.title('Investment over Time')
plt.xlabel('Year')
plt.ylabel('Investment ($)')
plt.legend()
plt.show()

In [10]: # Plot G
plt.figure(figsize=(10, 6))
plt.plot(df_g['DATE'], df_g['W068RCQ027SBEA'], label='Government Spending (G)')
plt.title('Government Spending over Time')
plt.xlabel('Year')
plt.ylabel('Spending ($)')
plt.legend()
plt.show()

In [11]: # Plot E
plt.figure(figsize=(10, 6))
plt.plot(df_e['DATE'], df_e['EXPGS'], label='Exports (E)')
plt.title('Exports over Time')
plt.xlabel('Year')
plt.ylabel('Exports ($)')
plt.legend()
plt.show()

In [12]: # Plot M
plt.figure(figsize=(10, 6))
plt.plot(df_m['DATE'], df_m['IMPGS'], label='Imports (M)')
plt.title('Imports over Time')
plt.xlabel('Year')
plt.ylabel('Imports ($)')
plt.legend()
plt.show()

In [15]: import matplotlib.pyplot as plt

# Calculate Net Exports
net_exports = df_e['EXPGS'] - df_m['IMPGS']

# Plot Net Exports
plt.figure(figsize=(10, 6))
plt.plot(df_e['DATE'], net_exports, label='Net Exports (E-M)')
plt.title('Net Exports over Time')
plt.xlabel('Year')
plt.ylabel('Net Exports ($)')
plt.legend()
plt.show()

In [16]: import pandas as pd
import matplotlib.pyplot as plt

# Load NETEXP.csv
df_netexp = pd.read_csv("NETEXP.csv")

# Plot both calculated net exports and NETEXP.csv
plt.figure(figsize=(10, 6))

# Plot calculated net exports
plt.plot(df_e['DATE'], net_exports, label='Calculated Net Exports (E-M)')

# Plot data from NETEXP.csv
plt.plot(df_netexp['DATE'], df_netexp['NETEXP'], label='NETEXP.csv')

plt.title('Comparison of Calculated vs. Reported Net Exports')
plt.xlabel('Year')
plt.ylabel('Net Exports ($)')
plt.legend()
plt.grid(True)
plt.show()

In [22]: import pandas as pd

df_netexp = pd.read_csv('NETEXP.csv')

df_gdp['Year'] = pd.to_datetime(df_gdp['DATE']).dt.year
df_c['Year'] = pd.to_datetime(df_c['DATE']).dt.year
df_i['Year'] = pd.to_datetime(df_i['DATE']).dt.year
df_g['Year'] = pd.to_datetime(df_g['DATE']).dt.year
df_e['Year'] = pd.to_datetime(df_e['DATE']).dt.year
df_m['Year'] = pd.to_datetime(df_m['DATE']).dt.year

net_exports = df_e['EXPGS'] - df_m['IMPGS']

df_comparison = pd.DataFrame()

df_comparison['Year'] = pd.to_datetime(df_gdp['DATE']).dt.year

df_comparison['Calculated Net Exports'] = net_exports
#merging data for table
df_netexp['Year'] = pd.to_datetime(df_netexp['DATE']).dt.year
df_comparison = df_comparison.merge(df_netexp, on='Year', suffixes=('_calc', '_csv'))

df_comparison.drop(columns=['DATE'], inplace=True)

df_comparison_year_end = df_comparison.groupby('Year').tail(1)

df_comparison_year_end.reset_index(drop=True, inplace=True)

print(df_comparison_year_end)

#here, we can see that the Economic theory agrees with the data perfectly.

In [63]: import pandas as pd
import matplotlib.pyplot as plt

df_gdp = pd.read_csv('GDP.csv')
df_c = pd.read_csv('C.csv')
df_i = pd.read_csv('I.csv')
df_g = pd.read_csv('G.csv')
df_e = pd.read_csv('E.csv')
df_m = pd.read_csv('M.csv')

# Rename columns for clarity
df_gdp.rename(columns={'GDP': 'GDP'}, inplace=True)
df_c.rename(columns={'PCE': 'Consumption'}, inplace=True)
df_i.rename(columns={'GPDI': 'Investment'}, inplace=True)
df_g.rename(columns={'W068RCQ027SBEA': 'Government Spending'}, inplace=True)
df_e.rename(columns={'EXPGS': 'Exports'}, inplace=True)
df_m.rename(columns={'IMPGS': 'Imports'}, inplace=True)

# Merge all dataframes on the 'DATE' column
df = pd.merge(df_gdp, df_c, on='DATE')
df = pd.merge(df, df_i, on='DATE')
df = pd.merge(df, df_g, on='DATE')
df = pd.merge(df, df_e, on='DATE')
df = pd.merge(df, df_m, on='DATE')

# Calculate net exports
df['Net Exports'] = df['Exports'] - df['Imports']

# Calculate theoretical GDP: C + I + G + (E - M)
df['Theoretical GDP'] = df['Consumption'] + df['Investment'] + df['Government Spending'] + df['Net Exports']

# Plot theoretical GDP
plt.figure(figsize=(10, 6))
plt.plot(df['DATE'], df['Theoretical GDP'], label='Theoretical GDP', color='green')
plt.title('Theoretical GDP over Time')
plt.xlabel('Year')
plt.ylabel('GDP')
plt.legend()
plt.grid(True)
plt.show()

In [64]: import pandas as pd
import matplotlib.pyplot as plt

# Read the CSV files
df_gdp = pd.read_csv('GDP.csv')
df_c = pd.read_csv('C.csv')
df_i = pd.read_csv('I.csv')
df_g = pd.read_csv('G.csv')
df_e = pd.read_csv('E.csv')
df_m = pd.read_csv('M.csv')

# Rename columns for clarity
df_gdp.rename(columns={'GDP': 'Actual GDP'}, inplace=True)
df_c.rename(columns={'PCE': 'Consumption'}, inplace=True)
df_i.rename(columns={'GPDI': 'Investment'}, inplace=True)
df_g.rename(columns={'W068RCQ027SBEA': 'Government Spending'}, inplace=True)
df_e.rename(columns={'EXPGS': 'Exports'}, inplace=True)
df_m.rename(columns={'IMPGS': 'Imports'}, inplace=True)

# Merge all dataframes on the 'DATE' column
df = pd.merge(df_gdp, df_c, on='DATE')
df = pd.merge(df, df_i, on='DATE')
df = pd.merge(df, df_g, on='DATE')
df = pd.merge(df, df_e, on='DATE')
df = pd.merge(df, df_m, on='DATE')

# Calculate net exports
df['Net Exports'] = df['Exports'] - df['Imports']

# Calculate theoretical GDP: C + I + G + (E - M)
df['Theoretical GDP'] = df['Consumption'] + df['Investment'] + df['Government Spending'] + df['Net Exports']

# Plot both actual GDP and theoretical GDP
plt.figure(figsize=(10, 6))
plt.plot(df['DATE'], df['Actual GDP'], label='Actual GDP', color='blue')
plt.plot(df['DATE'], df['Theoretical GDP'], label='Theoretical GDP', color='green')
plt.title('Actual GDP vs Theoretical GDP over Time')
plt.xlabel('Year')
plt.ylabel('GDP')
plt.legend()
plt.grid(True)
plt.show()

In [65]: # Calculate the difference between theoretical GDP and actual GDP
df['GDP Difference'] = df['Theoretical GDP'] - df['Actual GDP']

# Plot the GDP difference over time
plt.figure(figsize=(10, 6))
plt.plot(df['DATE'], df['GDP Difference'], label='GDP Difference', color='red')
plt.title('Difference between Theoretical GDP and Actual GDP over Time')
plt.xlabel('Year')
plt.ylabel('GDP Difference')
plt.legend()
plt.grid(True)
plt.show()

In [71]: import pandas as pd
import matplotlib.pyplot as plt

df_gdp = pd.read_csv('GDP.csv')
df_c = pd.read_csv('C.csv')
df_i = pd.read_csv('I.csv')
df_g = pd.read_csv('G.csv')
df_e = pd.read_csv('E.csv')
df_m = pd.read_csv('M.csv')

df_gdp.rename(columns={'GDP': 'Actual GDP'}, inplace=True)
df_c.rename(columns={'PCE': 'Consumption'}, inplace=True)
df_i.rename(columns={'GPDI': 'Investment'}, inplace=True)
df_g.rename(columns={'W068RCQ027SBEA': 'Government Spending'}, inplace=True)
df_e.rename(columns={'EXPGS': 'Exports'}, inplace=True)
df_m.rename(columns={'IMPGS': 'Imports'}, inplace=True)

df = pd.merge(df_gdp, df_c, on='DATE')
df = pd.merge(df, df_i, on='DATE')
df = pd.merge(df, df_g, on='DATE')
df = pd.merge(df, df_e, on='DATE')
df = pd.merge(df, df_m, on='DATE')

df['Net Exports'] = df['Exports'] - df['Imports']

df['Theoretical GDP'] = df['Consumption'] + df['Investment'] + df['Government Spending'] + df['Net Exports']

df['GDP Difference'] = df['Theoretical GDP'] - df['Actual GDP']

plt.figure(figsize=(12, 8))

# Plot 1: GDP Difference vs. Consumption (C)
plt.subplot(2, 2, 1)
plt.plot(df['DATE'], df['GDP Difference'], label='GDP Difference', color='red')
plt.plot(df['DATE'], df['Consumption'], label='Consumption', color='blue')
plt.title('GDP Difference vs. Consumption')
plt.xlabel('Year')
plt.ylabel('Value')
plt.legend()

# Plot 2: GDP Difference vs. Investment (I)
plt.subplot(2, 2, 2)
plt.plot(df['DATE'], df['GDP Difference'], label='GDP Difference', color='red')
plt.plot(df['DATE'], df['Investment'], label='Investment', color='green')
plt.title('GDP Difference vs. Investment')
plt.xlabel('Year')
plt.ylabel('Value')
plt.legend()

# Plot 3: GDP Difference vs. Government Spending (G)
plt.subplot(2, 2, 3)
plt.plot(df['DATE'], df['GDP Difference'], label='GDP Difference', color='red')
plt.plot(df['DATE'], df['Government Spending'], label='Government Spending', color='purple')
plt.title('GDP Difference vs. Government Spending')
plt.xlabel('Year')
plt.ylabel('Value')
plt.legend()

# Plot 4: GDP Difference vs. Net Exports (NE)
plt.subplot(2, 2, 4)
plt.plot(df['DATE'], df['GDP Difference'], label='GDP Difference', color='red')
plt.plot(df['DATE'], df['Net Exports'], label='Net Exports', color='orange')
plt.title('GDP Difference vs. Net Exports')
plt.xlabel('Year')
plt.ylabel('Value')
plt.legend()

plt.tight_layout()
plt.show()

In [81]: import pandas as pd
import matplotlib.pyplot as plt

df_gdp = pd.read_csv('GDP.csv')
df_c = pd.read_csv('C.csv')
df_i = pd.read_csv('I.csv')
df_g = pd.read_csv('G.csv')
df_e = pd.read_csv('E.csv')
df_m = pd.read_csv('M.csv')

df_gdp.rename(columns={'GDP': 'Actual GDP'}, inplace=True)
df_c.rename(columns={'PCE': 'Consumption'}, inplace=True)
df_i.rename(columns={'GPDI': 'Investment'}, inplace=True)
df_g.rename(columns={'W068RCQ027SBEA': 'Government Spending'}, inplace=True)
df_e.rename(columns={'EXPGS': 'Exports'}, inplace=True)
df_m.rename(columns={'IMPGS': 'Imports'}, inplace=True)

df = pd.merge(df_gdp, df_c, on='DATE')
df = pd.merge(df, df_i, on='DATE')
df = pd.merge(df, df_g, on='DATE')
df = pd.merge(df, df_e, on='DATE')
df = pd.merge(df, df_m, on='DATE')

df['Net Exports'] = df['Exports'] - df['Imports']

df['Theoretical GDP'] = df['Consumption'] + df['Investment'] + df['Government Spending'] + df['Net Exports']

df['GDP Difference'] = df['Theoretical GDP'] - df['Actual GDP']

plt.figure(figsize=(12, 8))

# Plot 1: GDP Difference vs. Consumption (C)
plt.subplot(2, 2, 1)
plt.plot(df['DATE'], df['GDP Difference'], label='GDP Difference', color='red')
plt.plot(df['DATE'], df['Consumption'], label='Consumption', color='blue')
plt.title('GDP Difference vs. Consumption')
plt.xlabel('Year')
plt.ylabel('Value')
plt.legend()

# Plot 2: GDP Difference vs. Investment (I)
plt.subplot(2, 2, 2)
plt.plot(df['DATE'], df['GDP Difference'], label='GDP Difference', color='red')
plt.plot(df['DATE'], df['Investment'], label='Investment', color='green')
plt.title('GDP Difference vs. Investment')
plt.xlabel('Year')
plt.ylabel('Value')
plt.legend()

# Plot 3: GDP Difference vs. Government Spending (G)
plt.subplot(2, 2, 3)
plt.plot(df['DATE'], df['GDP Difference'], label='GDP Difference', color='red')
plt.plot(df['DATE'], df['Government Spending'], label='Government Spending', color='purple')
plt.title('GDP Difference vs. Government Spending')
plt.xlabel('Year')
plt.ylabel('Value')
plt.legend()

# Plot 4: GDP Difference vs. Net Exports (NE)
plt.subplot(2, 2, 4)
plt.plot(df['DATE'], df['GDP Difference'], label='GDP Difference', color='red')
plt.plot(df['DATE'], df['Net Exports'], label='Net Exports', color='orange')
plt.title('GDP Difference vs. Net Exports')
plt.xlabel('Year')
plt.ylabel('Value')
plt.legend()

plt.tight_layout()
plt.show()

In [82]: # Plot GDP Difference vs. Government Spending
plt.figure(figsize=(12, 6))
plt.plot(df['DATE'], df['Government Spending'], label='Government Spending', color='purple')
plt.plot(df['DATE'], df['GDP Difference'], label='GDP Difference', color='red')
plt.title('Government Spending vs. GDP Difference')
plt.xlabel('Year')
plt.ylabel('Value')
plt.legend()
plt.grid(True)
plt.tight_layout()
plt.show()

In [88]: df_filtered = df.iloc[::4, :]

# Display the DataFrame
display(df_filtered[['DATE', 'Government Spending', 'Actual GDP', 'Theoretical GDP', 'GDP Difference']])

In [89]: df_filtered = df[['DATE', 'Government Spending', 'GDP Difference']].iloc[::4, :]

display(df_filtered)

In [90]: # Calculate the percentage of GDP difference to government spending for each row
df['Percentage'] = (df['GDP Difference'] / df['Government Spending']) * 100

# Plot histogram of percentage distribution
plt.figure(figsize=(10, 6))
plt.hist(df['Percentage'], bins=20, color='skyblue', edgecolor='black')
plt.title('Distribution of GDP Difference as Percentage of Government Spending')
plt.xlabel('Percentage of GDP Difference to Government Spending')
plt.ylabel('Frequency')
plt.grid(True)
plt.show()

In [91]: # Plot boxplot of percentage distribution
plt.figure(figsize=(10, 6))
plt.boxplot(df['Percentage'], vert=False)
plt.title('Boxplot of GDP Difference as Percentage of Government Spending')
plt.xlabel('Percentage of GDP Difference to Government Spending')
plt.ylabel('Distribution')
plt.grid(True)
plt.show()

In [92]: # Plot line graph of percentages over years
plt.figure(figsize=(12, 6))
plt.plot(df['DATE'], df['Percentage'], marker='o', linestyle='-', color='b')
plt.title('Percentage of GDP Difference to Government Spending over Years')
plt.xlabel('Year')
plt.ylabel('Percentage of GDP Difference to Government Spending')
plt.grid(True)
plt.xticks(df['DATE'][::5], rotation=45)  # Displaying every 5th year for clarity
plt.tight_layout()
plt.show()

In [95]: #we now know that some part of G is causing the GDP difference. We also know that this specific part of g
#has increased from about %20 percent of G in 60s to about %50 of G in modern day. 

import pandas as pd
import matplotlib.pyplot as plt

# Load the Transfers.csv data
df_transfers = pd.read_csv('Transfers.csv')

# Rename column for clarity
df_transfers.rename(columns={'B087RC1Q027SBEA': 'Transfer Payments'}, inplace=True)

df = pd.merge(df, df_transfers, on='DATE')

# Plot GDP difference and Transfer Payments
plt.figure(figsize=(10, 6))
plt.plot(df['DATE'], df['GDP Difference'], label='GDP Difference', color='blue')
plt.plot(df['DATE'], df['Transfer Payments'], label='Transfer Payments', color='green')
plt.title('GDP Difference vs. Transfer Payments')
plt.xlabel('Year')
plt.ylabel('Value')
plt.legend()
plt.grid(True)
plt.show()

In [99]: import pandas as pd
import matplotlib.pyplot as plt

# Load the Ginvest.csv file
df_ginvest = pd.read_csv('Ginvest.csv')

# Rename the column for clarity
df_ginvest.rename(columns={'A782RC1Q027SBEA': 'Government Investment'}, inplace=True)

df_ginvest_trimmed = df_ginvest[df_ginvest['DATE'].isin(df['DATE'])]

plt.figure(figsize=(10, 6))
plt.plot(df['DATE'], df['GDP Difference'], label='GDP Difference', color='blue')
plt.plot(df['DATE'], df_ginvest_trimmed['Government Investment'], label='Government Investment', color='green')
plt.plot(df['DATE'], df['Transfer Payments'], label='Transfer Payments', color='orange')
plt.title('GDP Difference vs. Government Investment vs. Transfer Payments')
plt.xlabel('Year')
plt.ylabel('Value')
plt.legend()
plt.show()

In [104… # Recalculate Welfare
df['Welfare'] = df['B087RC1Q027SBEA'] + df['Transfer Payments']

# Plot only Welfare and GDP Difference
plt.figure(figsize=(10, 6))
plt.plot(df['DATE'], df['GDP Difference'], label='GDP Difference', color='blue')
plt.plot(df['DATE'], df['Welfare'], label='Welfare', color='red')  # Welfare line
plt.title('GDP Difference vs. Welfare')
plt.xlabel('Year')
plt.ylabel('Value')
plt.legend()
plt.show()

In [ ]:  
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