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Abstract:
	With the current population of Earth massively growing, there is a real risk coming up in the near future of not having enough food to feed the planet. One of the best ways to solve this upcoming problem is to improve the quality of the soil because that will help increase Earth’s overall crop yield in a sustainable way. However, figuring out how to improve soil can be a big challenge since there are so many elements and properties of soil to analyze. To help solve this problem we looked into the elements or properties of soil that could have the biggest influence on soils ability to be productive for growing crops. We found online datasets and used unsupervised machine learning by applying both principal component analysis (PCA) and hierarchal clustering on our data. We concluded that calcium, potassium, pH, and soil organic carbon are the elements or properties of soil that have the biggest influence on soil's ability to be productive for growing crops. If these results are accurate, it can massively help many farmers and people in improving their soil quality. This can lead to us taking a big step in the direction of increasing Earth’s overall crop yield.  
Introduction:
The current population is growing rapidly. By 2050 the United Nations projects Earth’s population to grow to 9.8 billion people. According to the National Geographic the overall, current crop production will need to double in order to insure there is enough food on the planet to feed that population. However, this needs to be done in a sustainable way as well.  Currently in the short term, to increase the overall crop production, people are just burning through more resources such as creating more farmland through deforestation, using more fossil fuels, using large amounts of water for irrigation, etc. This isn’t a viable long-term solution to this upcoming problem because these resources are limited and are relied upon more for many other purposes as well. Overall, we need to find a way to significantly improve our crop yield in a sustainable way, where we are not using more resources or harming the environment. The best way to do is to improve the quality of soil on the current farmlands. 
Soil is extremely important for high crop yield because it supplies all the elements critical for plant growth: nutrients, organic matter, air, water, etc. Having good soil can be key in achieving high crop yields. However, figuring out what exactly needs to be done to improve the quality of any soil can be a very difficult mystery to solve. There are many different properties of soil, both physical and chemical, and elements of soil out there to analyze. Each of these properties affect soil in a different way. It can be overwhelming analyzing all these different characteristics and figuring out what exactly needs to be done to improve the quality of soil. To help solve this problem we wanted to find out which specific properties or elements of soil, either physical or chemical, have the biggest influence on making soil productive and suitable for crop growth. Finding these specific characteristics of soil was what our research was all about. 
To discover this information, we used two main datasets that had information about the soil on many different farmlands. The datasets also had information on the crop yield of a specific crop each farmland measured. We then used AI to apply unsupervised machine learning algorithms. Unsupervised machine learning algorithms are algorithms used to identify common patterns in data. For example, in our datasets these algorithms can be used to see which farmlands are similar to one another in terms of soil. They can also be used to group similar farmlands together based on the similarity in their soil. Using these algorithms, we investigated if the algorithms were able to group farmlands with good, medium, or bad crop yields together. We also investigated what properties of soil had the biggest influence on the groupings, and if there was a similar pattern in the soil of farmlands with good yield. 
Currently, the main way people improve the quality of their soil is by adding manure or compost to their soil. This can be beneficial because it adds organic matter and many diverse nutrients to soil. However, there is a big risk that this could result in there being an excess amount of certain nutrients, which can make be bad for the soil and reduce its quality. This ultimately makes it worse for crop growth. Therefore, adding the right number of specific items in soil is better than trying to add everything.  
The main similar type of research that has been done is figuring out what is the perfect sand, silt, and clay composition for soil. What has been found out is the loam is the best type of soil composition, which is 40% clay, 40% silt, and 20% clay. Having the right sand, silt, and clay composition in soil is the first step for having a highly productive soil, but there are still many factors that can impact the soil’s ability to be productive for crop growth. There has also been a little bit of research done to found out in general what the main limiting factors of soil are depending on the temperature or season. However, the results are relatively generic and not that specific. My research is much more focused to find the specific limiting elements that have the biggest impact on determining if soil is productive or not. 
Datasets:
	There are two main datasets we used: PZM Stable Soil and Diverfarming Data. The PZM stable soil was a csv file that contained data about the soil of 16 farmlands all located the United States in one of these four states: Pennsylvania, Michigan, Illinois, Minnesota. For each farmland there was data for the amount of organic matter, phosphorus, potassium, calcium, and magnesium there was in each farmlands soil. It also contained data for the cation exchange capacity and pH of the soil for all the farmlands. Each of these farms grew both soybean and maize (corn), and the dataset includes data on the crop yield of both these crops for all the farms. Additionally, the dataset included information about the depth, minimum crop yield, and change in organic matter, cation exchange capacity, pH, and phosphorus from 2011 till 2015. The data was already clean so there wasn’t much cleaning that needed to be done. We chose to only keep the data about the crop yield, pH, cation exchange capacity, organic matter, phosphorus, potassium, calcium, and magnesium since that all the other data either wasn’t numerical or useful for me to find the answer to my research question. We also split the data into corn and soybean data since there were two entries for each farmland. One was for the soybean crop yield and other was for corn crop yield. The last thing we did was add a column called categorical yield, which put a number from 1-3 categorizing the crop yield for each farm, for both the soybean and corn data. 1 means good crop yield, 2 means medium crop yield, and 3 means bad crop yield. We visualized it by seeing the distribution of crop yield in a histogram for both the soybean and corn yields, which is shown in figure 1. Table 1 also shows a preview of the dataset
	The second dataset was an excel file that contained data about 188 farmlands located in many different countries around the world. For each farmland there was data about many different properties in their soil such as pH, phosphorus, soil organic carbon, sand, silt, clay, etc. There was also data on the average temperature and amount of rainfall each farmland received. Lastly, similar to the first dataset each farmland measured the crop yield of a specific crop they grew. Unlike the first dataset, this dataset was very messy and had a ton of missing values. For the important features such as crop yield, pH, nitrogen, phosphorus we dropped the rows that had missing values in any of those rows. For other less important features such as soil sampling depth, temperature, soil organic carbon percentage we filled the missing values with the averages of those columns. After getting rid of all our missing values we dropped all non-numeric features and some other features with too many missing values such as carbon sequestered. We then added a categorical yield column where we categorized the yield either as a 1, 2, or 3. 1 means good yield, 2 means average yield, and 3 means bad yield. In the end we were left with a dataset of 21 entries. Table 1 shows a preview of the dataset
Table 1: First few rows of the 2 datasets we used. PZM stable soil dataset on top and diverfarming dataset on bottom
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Figure 1: Histograms that show the distribution of both the soybean crop yield and corn crop yield from the PZM stable soil dataset
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Models:
	 As discussed in the introduction, we used unsupervised machine learning to obtain results in our data. Machine learning is a branch of AI, where computers solve problems by applying algorithms to data rather than being told what to do. There are two main types of machine learning: supervised machine learning and unsupervised machine learning. Supervised machine learning is when computers apply algorithms to data in order to make predictions. Unsupervised machine learning is when computers apply algorithms to data in order to find patterns in data. In terms of machine learning models and algorithms mean the same thing. There are 2 main models we used in our investigation: Principal Component Analysis (PCA) and Hierarchical Clustering. However, before we can apply these models on the data, the data must be standardized. Some numbers represent different magnitudes for some features than they represent for other features. For example, a pH of 14 is on a much higher magnitude than a calcium amount of 7 ppm (parts per million). Standardizing the data fixes that problem by converting data by converting the data to a common format, so they are on the same numerical scale.
	After standardizing the data, PCA was the first model we applied to our data. The soil of each of the farmlands in the dataset is represented by 7 variables: organic matter, cation exchange property, pH, phosphorus, potassium, calcium, and magnesium. What the PCA model can do is that it is able to represent each farmlands soil by just 2 variables instead of the original 7. Since each farmlands soil is represented by just 2 variables, PCA is able to plot them all on a coordinate plan. On the PCA plot points closer together share more similarities than points further apart. Figure 2 shows the PCA plots of both the corn and soybean data. For both plots we gave the PCA the corn and soybean data respectively, and the PCA model plotted the points. Each of the points represent the soil of each farmland. After PCA plotted the points it then color coded each point as either green, yellow, or red. Green points were the soil of farmlands with good crop yield, yellow was the soil with medium crop yield, and red was the soil with bad crop yield. Like mentioned in the earlier all farms measured the crop yield of both corn and soybean, so the corn and soybean data was identical in all variables apart from the crop yield variable, since one crop yield represented corn and the other represented soybean. Hence, the PCA model plotted all the points in the same configuration for both corn and soybean data. 
	As you can see, for the most part the PCA model was able to separate the farmlands that had good crop yield, with farmlands that had medium crop yield, and farmland that had bad crop yield for both the soybean and corn data. It shows that the way PCA represented each farms soil was quite accurate. Figure 2 also shows the PCA plot for the diverfarming data. The separation of farmlands with good crop yield, medium crop yield, and bad crop yield was not as good as the first dataset but still relatively good. Moreover, not all the farms plotted on the graph all grew the same crop so that is what accounts for some of the variability. Overall, with all factors considered the PCA model worked quite well on both our datasets. To get results from this we need to see what the loading variables are. As mentioned earlier the PCA model is a dimensionality reduction model, so it was able to represent each farmland soil in just 2 values. The loading variables are the 2 variables, from the list of 7 used to originally represent each farmlands soil, that had the biggest influence on the 2 values the PCA model decided to use to represent each farmlands soil. For the first dataset the loading variables were calcium and potassium, and for the second dataset the loading values were the pH and soil organic carbon percentage. These results will be discussed more in the results section. 
Figure 2: PCA plots from both datasets. The first 2 are from the PZM stable soil dataset for both the corn and soybean data respectively. The other PCA plot is from diverfarming dataset
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After applying the PCA model and getting some initial results, we wanted to verify these results by applying additional models on our data. One of the models we applied was the hierarchical clustering model. Hierarchical clustering is also an algorithm that groups similar objects together in a tree like structure. Figure 3 shows the hierarchical cluster map for the corn data that is from the stable soil dataset. On the y axis are the indexes of the farms. Like a family tree farms closer together on the y axis are more similar to each other than farms further apart. On the x axis are the different properties and elements of the soil. The colors represent how much of the specific element or property each farm has. The hierarchical cluster map shows that farms with bad crop yield (4, 5, 6, 7) had way less calcium in their soil then farms with good crop yield (0, 1, 2, 3). The same also applied for potassium where farms with good crop yield had way more potassium in their soil than farms with bad crop yield. The exact same results apply on the soybean hierarchical clustering map. Farms with good crop yield on the soybean data have indexes: 11, 0, 2, 1. Farms with bad crop yield have indexes: 4, 5, 6, 7. 
	Figure 3 also shows the hierarchal cluster map for the diverfarming data. The properties we were focusing on is pH and SOC_%. These were the properties the PCA model said were the most important. For pH the farms that had bad crop yield (18, 19, 20, 9, 10, 11, 12) either had low pH in their soil or high pH in their soil. Farms with good crop yield (8, 13, 14, 15, 16, 17) had an average pH in their soil. These results make perfect sense since the soil shouldn’t be too acidic (low pH) or too basic (high pH), a moderate pH is normally the best. For soil organic carbon %, most farms with good crop yield had a high %, and farms with bad crop yield had an average to lower %. Overall, for both the diverfarming and PZM stable soil datasets the results from the PCA and hierarchical clustering models align. This gave us confirmation that the results from the PCA model were accurate.

Figure 3: Hierarchical clustering maps for both datasets. First 2 are for both the corn and soybean data respectively from the PZM stable soil dataset. Other one is for the diverfarming dataset
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Results:
 	As discussed in the last section the results I obtained were that the biggest limiting properties or elements for good soil quality are calcium, potassium, pH, and soil organic carbon. What calcium does in soil is that it improves the soil structure. It helps there be a better aggregation of soil particles. By improving the soil structure, it gives soil a better water holding capacity, it gives soil better aeration, and it helps soil hold other nutrients. It also produces plant tissues, which enables plants to grow better. Likewise, soil organic carbon also improves the structure of soil and gives soil more physical stability. It allows soil to have better water retention, improves aeration, and reduces risk of erosion. pH is very important for the microorganisms in soil. Having too low of a pH or having too high of a pH can kill a lot of the microorganisms in the soil. This reduces the quality of soil, so it is important to have the right pH in soil. The right pH also makes more nutrients available to the plant. Lastly, there is potassium which is associated with the movement of water and nutrients in the soil. It also gives soil more disease resistance. Overall, these 4 factors can play a big role in making soil productive. The other factors are also important, but these 4 are the most important. Some limitations of the approach were that our data wasn’t huge. Overall, we only had 38 data points which isn’t a lot. Some ways we could have fixed this is that we could have tried to collect our own data. Overall, apart from that our approach worked quite well. 		
Conclusion:
	After conducting this research and analysis we can conclude that the main limiting factors that have the biggest influence on determining the quality of soil are calcium, potassium, pH, and soil organic carbon. These were found by applying unsupervised machine learning models, PCA and hierarchical clustering, to datasets we found online. With our datasets being limited, and with us only using machine learning models there could be some real-life experimentation. Ultimately, this could be very crucial in improving soil quality which can lead to higher and crop yield and help lead us towards the direction of sustainable farming. 
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