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Case Study 
FW 
 

Introduction 
The initial inspiration for this Case Study came from reading about the Environmental Kuznet’s 
Curve (EKC) proposed by the founder of modern economic science Simon Smith Kuznets. 
 

The EKC basically states that the “solution to pollution is economic growth.” The EKC has been 
heavily criticized; however, there is also evidence for its support, especially in areas of air and 
water pollution, as well as deforestation.  
 
The data collected and produced for this Case Study also shows how GDP per capita is positively 
correlated with many of the environmental factors. Here are a few snapshots: 
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Data 
The data used for the prediction and analysis of Environmental Quality Score based on GDPpc 
and other factors was obtained from Yale’s Environmental Performance Index (EPI) produced 
jointly by Yale University and Columbia University in collaboration with the World Economic 
Forum. 
 
Two different datasets were used:  
 

1. 2018 EPI Country Snapshot 
2. 2018 EPI Regional Comparisons 
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SDGI values for 37 missing countries were removed and the two datasets were merged. 
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Analysis 
 
 

Variables Used for the Predication of the Environmental Quality Score 
 

SDGI 
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GDP per Capita 

 



DO NOT SHARE THIS WITH ANYONE… COPYRIGHT PROTECTED 

 
 

 
 

Region 
The 7 Regions include in the regression analysis: 
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Correlation of Variables: 
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Variables that determine the Environmental quality score: 
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Quick Overview: 
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Feature Selection 
 

Embedded Feature Selection as Part of Training Using package randomForest in R 
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Interpretation: 
Here, the “randomForest” function is first used to implement a random forest machine learning 
algorithm that has feature selection embedded in the dataset. The first output shows the 
results of the random forest, including the number of trees generated, the confusion matrix, 
and an error rate, as well as the class error rate for each species. The embeddedfeature 
selection can then be used to extract the most viable features by using the “importance” 
function, which shows the drop in Mean Accuracy for each of the four variables calculated as 
part of the random forest algorithm. By plotting the model, we further confirm that SDGI, 
GDPpc and Region are deemed as the most important features. 
 

Checking for Multicollinearity 
 

 
 

Linear Model Selection 
 
(Stargazer comparison plot) 
 

Final Model 
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Checking Assumptions: 
 

 
 
> ggplot2::autoplot(linearModRegion3) 
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plot(linearModRegion3, 4, id.n = 5) 

 
The 144th observation here seems to be the extreme outlier. This is the country of 
Turkmenistan. Another outlier seems to be Japan(71). I am guessing that this is due to regional 
differences and high SDGI and GDP per capita especially for Japan, as being an Asian country, it 
does not seem to fit in the average regional values with an EPI Score of 74.69 and a high SDGI of 
80.2. I decided to keep the outliers since I did not find any reason to exclude them based on 
missing or incorrect data.  
 

List of 37 countries not included in the 2018 SDG Index due to insufficient data availability: 
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Predictions Using the Created Model 
 

 
 

 
 
 
As we can see from the graph above, as the GDP per capita increases for each of the regions, 
the Environmental Quality Index Score also increase. 
 
To make the CI graph clearer, I plotted confidence intervals of the predicted probabilities for 
only two regions on each graph. 
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Testing Other Algorithms for Prediction: 
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Conclusion & Analysis of Results 
In conclusion, the measures I have used clearly show that the EPI Scores are positively 
correlated with GDP per capita and SDGI; however, the methodology of how the SDGI is 
determined as been criticized. Hence, I am left with a few questions that are beyond the scope 
of this project and would like to further research: 
 
Questions 
As the Environmental Performance Index is also directly linked to a higher GDP per capita as 
well as SDGI, does this mean that countries that have a higher Ecological Footprint per person 
(generally countries with a high GDPpc) are taking up resources to create a better 
environment? If so, wouldn’t the higher Ecological Footprint per person counter the EPI Index 
by making the air quality, sanitation, forest conservation, marine life and other indicator of 
environmental health more sound? 
 
Are the EPI indicators in richer countries being met at the expense of taking resources from 
poor nations. Thus, importing resources from poor nations to richer nations and depleting their 
resources to sustain a better environment? Or did the Kuznet’s curve that I discussed in the 
beginning really is a true indicator of better environment, as some of the measures on the EPI 
Score such as Air Quality and Wastewater treatment really do improve with more wealth. If so, 
does the concerns raised by researcher from the Global Footprint Network still hold true: 
“Ignoring physical constraints imposed by planetary limits is anti-poor because with 

fewer resources to go around, the lowest-income people will lack the financial means to 
shield themselves from resource constraints, whether it is food-price shocks, weather 
calamities, or energy and water shortages.” 
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Or, should attention on U.N.’s Human Development Index and the fact that the SDGs 
are framed around the HDI is really the solution. In other words, should we concentrate 
on increasing nations’ wealth at the expense of a higher Global Footprint per person in 
order to achieve higher EPI Scores. This also takes me back to the environmental 
Kuznet’s curve; maybe we still haven’t reached high enough levels of income increase 
or the turning point on the EKC where the Ecological Footprint starts decreasing. 
 

 
  

 

Additional Insights 
 
Another factor that is not considered in the Environmental Score rankings is the Ecological 
Footprint per Person.  
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Appendix 
 
R Libraries Used 
 
> library(ggplot2) 
> library(broom) 
> library(margins) 
> library(tidyverse) 
> library(dplyr) 
> library(ggfortify) 
> library(mlbench) 
> library(caret) 
 
 
 
 
 



DO NOT SHARE THIS WITH ANYONE… COPYRIGHT PROTECTED 

Source code 
 

Predictions and Confidence Intervals  
First, holding SDGI and GDP per capita at their means, the probability of the EPI Score is 
calculated for each region: 
 
> newdata1 <- with(epiS, data.frame(SDGI = mean(SDGI), GDPpc = mean(log(GDPpc)), Region = 
levels(Region))) 
 
> newdata1$EPIScore <- predict(linearModRegion3, newdata = newdata1, type = "response") 
 

 
 
 
newdata2 <- with(epiS, data.frame(SDGI = rep(seq(from = 36, to = 85, length.out = 100), 8), 
GDPpc = rep(seq(from = 647, to = 118206, length.out = 100), 8), Region = 
factor(rep(levels(Region), each = 100)))) 
 

Algorithm Comparison 
> library(mlbench) 
> library(caret) 
 
> control <- trainControl(method="repeatedcv", number=10, repeats=3) 
> seed <- 7 
> metric <- "Accuracy" 
> set.seed(seed) 
 
> fit.lda <- train(EcoQuality~ log(GDPpc) + SDGI + Region, data=epiS, method="lda", 
metric=metric, preProc=c("center", "scale"), trControl=control) 
 
> fit.svmRadial <- train(EcoQuality~ log(GDPpc) + SDGI + Region, data=epiS, 
method="svmRadial", metric=metric, preProc=c("center", "scale"), trControl=control, fit=FALSE) 
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> fit.knn <- train(EcoQuality~ log(GDPpc) + SDGI + Region, data=epiS, method="knn", 
metric=metric, preProc=c("center", "scale"), trControl=control) 
 
> fit.nb <- train(EcoQuality~ log(GDPpc) + SDGI, data=epiS, method="nb", metric=metric, 
trControl=control) 
 
> fit.cart <- train(EcoQuality~ log(GDPpc) + SDGI + Region, data=epiS, method="rpart", 
metric=metric, trControl=control) 
 
> fit.treebag <- train(EcoQuality~ log(GDPpc) + SDGI + Region, data=epiS, method="treebag", 
metric=metric, trControl=control) 
 
> set.seed(seed) 
> fit.rf <- train(EcoQuality~ log(GDPpc) + SDGI + Region, data=epiS, method="rf", metric=metric, 
trControl=control) 
 
> set.seed(seed) 
> fit.gbm <- train(EcoQuality~ log(GDPpc) + SDGI + Region, data=epiS, method="gbm", 
metric=metric, trControl=control, verbose=FALSE) 
 
> results <- resamples(list(lda=fit.lda, 
+  svm=fit.svmRadial, knn=fit.knn, nb=fit.nb, cart=fit.cart, c50=fit.c50, 
+  bagging=fit.treebag, rf=fit.rf, gbm=fit.gbm)) 
> summary(results) 
 


