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ABSTRACT 

 

Tuition plays a significant role in determining whether a student could afford higher education, which is 

one of the major driving forces for country development and social prosperity. So it is necessary to fully 

understand what factors might affect the tuition and how they affect it. However, many existing studies on 

the tuition growth rate either lack sufficient real data and proper quantitative models to support their 

conclusions, or are limited to focus on only a few factors that might affect the tuition growth rate, failing to 

make a comprehensive analysis. In this paper, we explore a wide variety of factors that might affect the 

tuition growth rate by use of large amounts of authentic data and different quantitative methods such as 

clustering and regression models. 
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1. INTRODUCTION 

 
Education is undoubtedly helpful for countries’ development [1], especially considering 

nowadays many countries have transferred from a labour-intensive economy to a knowledge-

based economy [2]. Research study in [3] shows that higher education is becoming increasingly 

expensive while the return on its investment is falling, which will eventually adversely affect how 

people view the importance of education. Meanwhile, the rising tuition growth rate plagues tens 

of thousands of families every year [4], which motivates us in this paper to explore what are the 

key factors that cause such high tuition growth rate.   

 

A fixed-effects model using cross-sectional and time-series date is proposed in [5] to explore how 

different racial groups react to the tuition. A method using multivariate regression analysis to 

investigate the relationship between enrollment rates and tuition is studied in [6] with the 

consideration of different races, enrolment rates and states. [7] studies how the tuition growth rate 

affects personal decision on higher education and shows that even though both higher student 

scholarship and lower tuition could increase the students enrolment rate, the actual amount of 

money that students have to pay by themselves is a more important factor that affects their 

decision. [8] applies the investment theory and the consumption approach to study the demand 

for higher education with the consideration of the tuition fee. And the result shows that the 
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demand for higher education react positively to family income increase and negatively to tuition 

fee increase. The effect of socioeconomic status of students on education opportunity and tuition 

fee is explored in [9]. The conclusion in [10] indicates the tuition fee has less impact than some 

other micro-econometric factors on college enrollment. It is also showed that the change of the 

tuition fee might have different impacts on different geographic locations, which are also affected 

by the tax rate [11].  

 

Though some preliminary research on tuition fee analysis has been done in above papers, they 

fail to present a very detailed analysis using large amounts of raw data and considering a wide 

variety of factors. This paper takes United States as an example and explores many different 

factors, including both in-school ones and macro-economic ones, that might have impacts on 

tuition levels. And we find out that the possible in-school factors that determine tuition price 

might be university ranking, class size, percentage of full-time faculty, college acceptance rate, 

classroom equipment, financial need, and the number of full-time students. In the macro-

economic prospect, unemployment rate, price level, government policy and the average income 

level might make great effects on the rise of college tuition in the United States. Other possible 

factors that might contribute to the increment of tuition rates include geography and population. 

 

2. DATA DESCRIPTION 
 

A reliable dataset from National Center for Education Statistics IPEDS Analytics: Delta Cost 

Project Database [12] is used in this paper. This is a longitudinal database derived from IPEDS 

finance, enrollment, staffing, completions and student aid data for academic years 2000-2001 

through 2009-10.  

 

There are 950 variables used in the dataset to record information about tuition fee, state name, 

school name, employee number, and so on. All the variables are carefully reviewed and finally 30 

variables are selected in this paper to perform the analysis. For example, considering the fact that 

many graduate students are part-time students, whose tuition fees vary a lot even though they are 

in the same graduate program, so we decide to delete all data related with graduate students, and 

only focus on undergraduate students. Meanwhile, schools are divided into three categories: 

private school, public school with in-state tuitions, and public school with out-of-state tuitions, 

for the convenience of analysis. After the initial variable selection procedure, those variables are 

again inspected to see if they contain too many missing values. There are five variables (see 

Figure 1) that contain more than 40000 missing values, which are more than half of the total 

number (the total number is around 80000). Even though there are some existing methods to add 

the missing data, the accuracy of the analysis could be impaired if we use those methods to add 

so many missing data for those five variables. So we decide to delete those five variables and 

only use the other 25 variables. This paper will further explain how these variables are selected 

and processed in details in Part 3 ANALYSIS. 

 

3. ANALYSIS 

 
This data set contains around 1000 schools’ information. Since most students only care more 

about schools they are familiar with, our paper only focuses on those well-known universities. So 

we set up the minimum bounds of 25% quantile and 75% quantile SAT scores as 400 and 600, 

for both Math and Verbal sections. After this SAT score selection, there are 370 schools left. 
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Figure 1. Missing values of the selected 30 variables 

 

In addition, 9-year data is used in this paper to analyze the trend of tuition rates. For schools with 

complete 9-year tuition information, we calculate the annual tuition growth rate using [(this year / 

the previous year)-1] for each year. For schools with only 8-year tuition information, we predict 

the annual tuition growth rate by [the square root of (the latter year/ the previous year)-1] for the 

gap year. For instance, if one school misses 2008 tuition information, we predict 2008 tuition 

growth rate by [square root of (tuition 2009/tuition 2007) -1]. Those schools with less than 8-year 

tuition data are deleted from the dataset. After above steps, the dataset now contains 9-year 

tuition information for about 300 universities in 42 states. Lastly, the employee/student ratio and 

faculty /student ratio are calculated using the raw data and added into the final dataset as two new 

variables.  

 

For a clear presentation, tuition growth rates in the 42 states will be shown using figures 

according to three categories (private schools, public schools with in-state tuitions, and public 

schools with out-of-state tuitions). In these figures, x-axis stands for the year, and y-axis stands 

for the tuition growth rate. For each state, the 25% quantile, 50% quantile, and 75% quantile of 

the tuition growth rates of all the schools belonging to the same category are calculated and 

shown in the following figures. 

 

(1) Private schools 

 

Figure 2 shows the tuition growth rates from 2002 to 2009 for private schools in 42 states. And 

we remove graphs of some states that don’t have significant changes of tuition growth rates. In 

the end, there are 16 graphs left, which means that there are 16 states that have apparent trend 

changes in tuition growth rates. 
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Figure 3. Tuition growth rates from 2002 to 2009 for public schools with in-state tuition in 12 states 

 

Since all public schools belong to the UC system in California and all those schools have the 

same tuition growth rate, there is only one line in the graph for California. 

 

To figure out the reason why Alabama, Colorado, Indiana, Maryland, and North Carolina have 

significant changes of tuition growth rates, the original dataset is checked and it is noticed that 

only a few schools belongs to this category in these five states. So changes of tuition growth rates 

in one school affect the results of the whole state a lot. 

 

(3) Public schools with out-of-state tuition  

 

Similarly, there are 14 states that have apparent trend changes in tuition growth rates, as shown in 

Figure 4. We find out that almost all these 14 states, except for Texas, have slow changes during 

those years. 
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Figure 4. Tuition growth rates from 2002 to 2009 for public schools without-state tuition in 14 states 

 

4. MODEL DEVELOPMENT 

4.1 Clustering Analysis 

K-means clustering is utilized in this paper to analyze the dataset based on four criteria: quantiles 

of all years, quantile in every single year, tuition growth rates, and tuition fees. For each of those 

criteria, different numbers of clusters are chosen. We also draw state maps to show the clustering 

results for each category for all years. And in all these maps, the smaller cluster number 

represents the lower tuition growth rate, and the larger cluster number represents the higher 

tuition growth rate. For instance, Cluster #1 represents for the lowest tuition growth rate. 
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4.1.1 Using Quantiles of All Years 

 

(1) Choose the number of clusters 

 

From Figure 5 and Figure 6, we decide to use 4 clusters for private schools, and 6 clusters for 

public schools with out-of-state tuition. There is no need to cluster public schools with in-state 

tuition, since the corresponding figure is only a horizontal line.  

 

 
Figure 5. WithinSS for quantiles data (private schools) 

 

 
 

Figure 6. WithinSS for quantiles data (public schools with out-of-state tuition) 
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(2) Maps for private schools 

 

 

 
 

 

 
 

Figure 7. Clustering maps for private schools using quantiles for all years 
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(3) Maps for public schools with out-of-state tuition 

 

Even though there are 6 clusters in total for public schools with out-of-state tuition, there is only 

1 cluster for each year. So we do not draw the figure. After checking the original data, we find 

out that this is because the number of public schools is too small. 

 

4.1.2 Using Quantiles in Every Single Year 

 

(1) Choose the number of clusters 

 

Repeat the same procedure as the above section, we choose to use 3 clusters for both private 

schools and public schools without-state tuition. 

 

(2) Maps for public schools with out-of-state tuition 
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Figure 8. Clustering maps for public schools with out-of-state tuition using quantiles in every single year 

 

From Figure 8 we can see that for the northeast coast, there is a sharp rise in year 2003 and year 

2009 separately. This maybe because the Iraq War starts from March, 2003 and costs the 

government too much money, resulting in a budget cut for universities. Meanwhile, the financial 

crisis starts from 2008, causing a shortage of funds in universities. So tuition growth rates 

become higher. The similar situation also occurs in southern states, where the tuition growth rates 

are very high after year 2003. By contrast, tuition growth rates almost remain steady in west 

coast. 

 

(3) Maps for private schools 
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Figure 9. Clustering maps for private schools using quantiles in every single year 

 

In Figure 9, it can be seen that from 2002 to 2009, the color of the middle area is first light, then 

it becomes darker and darker year by year, which indicates the tuition rates increase more and 

more slowly. 

 

4.1.3 Using All Tuition Growth Rates 

 

(1) Choose the number of clusters 

 

We repeat same procedures as above, and we finally choose to make 7 clusters for both public 

schools with in-state tuition and public schools with-out-of-state tuition. And we do not do 

clustering analysis for private schools. To save place, this paper just shows maps for public 

schools with in-state tuition.   

 

(2) Maps for public schools with in-state tuition 
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Figure 10. Clustering maps for public schools with in-state tuition using all tuition growth rates 

 

4.1.4 Using Raw Tuition Fees 
 

(1) Choose the number of clusters 

 

The same procedures are repeated as above, 5 clusters are finally chosen for both public schools 

with in-state tuition and public schools with-out-of-state tuition using all raw tuition fees in the 

dataset. And we do not do clustering analysis for private schools. To save place, this paper just 

shows maps for public schools with in-state tuition.   
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(2) Maps for public schools with in-state tuition 

 

 

 

 

 
 

Figure 11. Clustering maps for public schools with in-state tuition using raw tuition fee 
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4.2 Regression Models 
 

To make a more comprehensive analysis, we first winsorizes outliers because there are many 

unreasonable outliers in various variables, shown in Figure 11. Then we create dummy variables 

for academic year and use state and clusters as control variables. Also, we discover a collinear 

phenomenon existed between “employee to student ratio” and “faculty to student ratio”. In 

addition, our regression model also uses some other variables including total revenue, 

expenditures, restricted revenue, states, academic years and so on. This paper uses linear 

regression, regression tree, decision tree and random effect model to study the rising tuition rates 

in the United States.   

 

 

 

 
 

Figure 12. Data distributions and outliers for various variables 
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(1) Linear regression results 

 

All models’ R-squared is relatively small, which means this model does not fit the dataset very 

well. In addition, the predicted results using this linear regression model with the test dataset just 

capture a part of the trend about the tuition growth rates. The detailed regression results are 

shown in the following Tables. 

 
Table 1. Regression results for all schools 

 
 

Table 2. Regression results for private schools 

 
 

Table 3. Regression results for public schools with out-of-state tuition 

 
Table 4. Regression results for public schools with in-state tuition 
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(2) Regression tree results 

 

The regression trees results are shown as follows: 

 

Variable importance for private schools: 

 

 
 

Variable importance for public schools with in-state tuition: 

 
 

Variable importance for public schools with out-of-state tuition: 

 
(3) Decision tree and random effect model 

 

To account for the random effects in the analysis of tuition growth rates, we also propose a 

decision tree and random effect model in this paper. It is shown as follows: 

 

1(X , ,X ) Z , 1, ,i p i iy f b i Nε= + + =L L                                                 (1) 

 

Fixed effects are described using decision tree model 1(X , ,X )pf L  and the random effect is 

considered using Z i ib . Though results of this model are very similar to the results in the 

regression tree section, this model can combine the merits of a tree-based model and a random 

effect model, which means that this model is capable of analyzing dataset with irregular data, 

tolerating variable selection bias and reducing computational cost. 
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5. CONCLUSION AND DISCUSSION 
 

After carefully performing data cleaning and model analysis, several conclusions can be drawn in 

this paper. It has been emphasized that the tuition growth rates have a sharp increase from 2003-

2004 for public schools with in-state tuition, a sharp increase from 2004-2005 for public schools 

with out-of-state tuition, and a sharp increase from 2008-2009 for private schools. We deduce 

that these phenomenon are correlated with 2003 Iraq War, and 2008 Financial Crisis. From the 

clustering analysis, we find out that for private schools the tuition growth rates increase year by 

year for nearly all states. And for public schools, tuition growth rates of public schools on the 

west coast grow more slowly than that of public schools on the east coast. From the regression 

models, it can be demonstrated that for all types of schools, both expenditures and total revenues 

affect the tuition growth rate significantly. More specifically, the tuition growth rate is positively 

related with the expenditure while negatively related with the total revenue. 
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