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 Introduction 
 Births provide hope for the future. They augment populations and allow cultures to 

 continue thriving. Infant mortality rate (IMR), or the number of infant (under 1-year-old) deaths 
 per 1,000 live births, provides insight into the overall health of a population by indicating an 
 area’s economic development, quality of and access to medical care, socioeconomic disparity 
 and inequality, living conditions, and more. The United States has an alarmingly high IMR 
 compared to other high-income countries, with significant disparities among marginalized 
 populations. For this project, we chose to investigate which socioeconomic and demographic 
 factors are important for predicting which populations in the U.S. are the most vulnerable to 
 infant mortality. 

 Our research questions are: Do states with higher educational attainment, median 
 household incomes, and number of insured citizens correlate with lower IMRs? Do political 
 environments and/or policies (e.g., a state’s abortion legislation, political affiliation, Census 
 region) affect IMR? Do states with higher proportions of racial minorities have higher IMRs? 
 Methods/Analysis 
 Data Summary 

 We combined data from various credible sources (e.g., the Centers for Disease Control 
 and Prevention, U.S. Census Bureau) into one data set. Specifically, we collected data from 
 2019, used states as observations, and implemented IMR as our response variable. The 
 quantitative explanatory variables we used were percentage of the population over 25 years old 
 with at least a Bachelor’s Degree (PctBachelors), the median household income 
 (MedianIncome), the percentage of the civilian noninstitutionalized population without health 
 insurance coverage (PctUninsured), the percentage of the population that is white (PctWhite), 
 and the percentage of the population that is not white (PctNonWhite). Our qualitative 
 explanatory variables were the governor’s political affiliation (GovernorParty, with two levels: 
 Republican and Democrat), the Census region (Region, with four levels: Midwest, Northeast, 
 South, and West), and the change abortion access (AbortionChange, with three levels: none, 
 protected, and restricted). 
 Exploratory Data Analysis 

 To begin determining if our explanatory variables were relevant to our response variable, 
 we performed an exploratory data analysis. Our response variable, 
 IMR, is unimodal and not concerningly skewed. Therefore, we are 
 working with an approximately Normal distribution and can 
 appropriately perform tests and draw conclusions with it. We generated 
 correlation coefficients, scatter plots, box plots, and line plots in SAS 
 for all of our explanatory variables. PctWhite and PctUninsured 
 showed weak relationships with IMR. On the other hand, PctBachelors 
 and MedianIncome produced correlation coefficients of approximately 
 -0.66407 and -0.65376, respectively, indicating moderately negative 
 relationships with IMR. Thus, we predict that the infant mortality 
 decreases as an area’s percentage of people over the age of 25 with at 
 least a Bachelor’s degree increases or an area’s median household 
 income increases. Furthermore, each of our qualitative variables 
 (Region, GovernorParty, and AbortionChange) showed meaningful 
 variation. From the box plots, we predict that states in the Northeast, 
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 with Democratic governors, or that protect abortion access will report lower IMRs. 
 Model Building 

 The first step within the three-stage model building process was to add all of our 
 quantitative variables to our model (PctBachelors, MedianIncome, PctUninsured, and PctWhite). 
 We checked for multicollinearity among our quantitative variables by generating a matrix of 
 scatter plots and the pairwise correlation coefficients. MedianIncome and PctBachelors was the 
 only pair with a high correlation (0.83955), so we performed variable screening. We ran stepwise 
 regression on our quantitative variables with the default values for entry and removal, then 
 discovered that PctUninsured and PctBachelors should be removed, and PctWhite and 
 MedianIncome should stay. We also confirmed these results using a global F-test and t-tests with 
 a significance level of 0.05. 

 The next step was to add our qualitative variables. We added three dummy variables for 
 Region, two for AbortionChange, and one for GovernorParty to our previous model. We 
 performed a global F-test and t-tests. We removed the variables with p-values above 0.05, which 
 included all of the dummy variables for Region and GovernorParty. For AbortionChange, the 
 dummy variable for protecting abortion access (DummyPro) had a p-value above 0.05, but the 
 dummy variable for restricting abortion access (DummyRes) had a p-value below 0.05. Thus, we 
 performed a nested F-test that resulted in a p-value of 0.0059, determining that, together, both 
 were significant enough to remain in the model. 

 The final step was to add interactions. We added a total of six interactions between 
 MedianIncome, PctWhite, DummyPro, and DummyRes, then ran a global F-test and t-tests with 
 a significance level of 0.05. None of the interactions were significant, so we removed all of them. 
 Our model now includes four variables: MedianIncome, PctWhite, 
 DummyPro and DummyRes. 
 Regression Assumptions 

 After building our model, we wanted to ensure that our data 
 was adequate for our model. We checked the mean zero, or lack of fit, 
 assumption by looking at the residual by regressors plots. There was 
 slight fanning in PctWhite’s, but it was not severe enough to worry 
 about obstructing our model or to violate the mean zero assumption. 
 We checked the equal variance, or homoscedasticity, assumption by 
 looking at the residual by predicted plot. There was no fanning nor a 
 clear imbalance of points, so we concluded our data had constant 
 variance and the equal variance assumption was not violated. We then 
 checked the normality assumption by looking at the histogram and QQ 
 plot. The histogram was slightly skewed, but because our model is 
 robust, it did not prompt concern. Also, the QQ plot had aligned 
 points, proving the normality assumption was not violated. Lastly, we 
 checked the independence assumption by performing the 
 Durbin-Watson test. Because the p-values were above 0.05, we 
 concluded that there was no autocorrelation and the independence 
 assumption was not violated. 
 Outliers and Influential Points 

 In SAS, we checked for outliers and influential points. 
 Observations 11 (Hawaii), 12 (Idaho), and 34 (North Dakota) appeared 
 in multiple tests, so we removed them. Although doing so generated 
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 new potential outliers and influential points, we believe that the combination of observations that 
 we removed maintained the regression assumptions the best. 
 Weighted Least Squares 

 To further validate our model, we implemented an additional technique. We tried 
 performing weighted least squares on our data because we considered that IMR may vary with 
 state population sizes. By weighing our data using the total population of each state in 2019 
 (TotalPop) and using our model, only one aspect of our regression output changed: DummyPro’s 
 p-value went below 0.05. However, we did not believe that this change was enough to reconsider 
 our model or regression method, so we were confident to move forward with our previous 
 multiple linear regression (MLR) techniques. 
 Results 

 Our final model and prediction equation are as follows: 
 𝐸  𝐼𝑀𝑅 ( ) = β

 0 
+ β

 1 
( 𝑀𝑒𝑑𝑖𝑎𝑛𝐼𝑛𝑐𝑜𝑚𝑒 ) + β

 2 
( 𝑃𝑐𝑡𝑊ℎ𝑖𝑡𝑒 )   + β

 3 
( 𝐷𝑢𝑚𝑚𝑦𝑃𝑟𝑜 ) + β

 4 
( 𝐷𝑢𝑚𝑚𝑦𝑅𝑒𝑠 )

 𝐸  𝐼𝑀𝑅 ( ) =  12 .  72 −  0 .  00007 ( 𝑀𝑒𝑑𝑖𝑎𝑛𝐼𝑛𝑐𝑜𝑚𝑒 ) −  3 .  78 ( 𝑃𝑐𝑡𝑊ℎ𝑖𝑡𝑒 ) −  0 .  39 ( 𝐷𝑢𝑚𝑚𝑦𝑃𝑟𝑜 ) +  0 .  69 ( 𝐷𝑢𝑚𝑚𝑦𝑅𝑒𝑠 )
 Based on this MLR analysis of strategically selected 

 explanatory variables, we can conclude that the economic conditions 
 (MedianIncome), racial composition (PctWhite), and abortion 
 legislation (DummyPro and DummyRes) are important predictors for 
 estimating the IMR of a U.S. state. 
 Conclusions 

 We recommend that policy makers, public health strategists, 
 and hospital systems refer to our model and prediction equation to 
 appropriately make systematic decisions on public health and social 
 welfare resources, especially in the context of the recent overturning 
 of Roe v. Wade by the Supreme Court. The delegalization of abortion 
 in some states may potentially coincide with an increase in IMR as a 
 result of more babies being born into unsafe, unwanted, or inadequate environments. Therefore, 
 it is imperative that IMR is surveilled and estimated correctly in order to shed light on the 
 potential detrimental population health effects of abortion bans. We advise policy makers and 
 public health strategists to simply substitute in the data for their state and year of interest to our 
 model in order to estimate a prediction of IMR. 

 Some limitations to our grasp on the true predictors of IMR include lack of accurate data 
 coverage of less visible, underserved populations, including undocumented immigrants, densely 
 populated urban centers, and expansive rural communities. Because of geographical and 
 sociopolitical circumstances, these populations are often undercounted while simultaneously 
 being at risk for disparate health statuses and conditions as a result of poorer access to and 
 quality of health care, or political barriers. In other words, it is more difficult to collect data on 
 these populations, and they also may be susceptible to higher rates of IMR in the U.S. In future 
 research, we should increase surveillance of these populations, so we can compile the most 
 accurate and representative data and prediction model. 

 Future research should also collect IMR data with maternal mortality rate (MMR) data 
 simultaneously to determine a strength of association between the two and if there are certain 
 factors that exacerbate one rate more than the other. Furthermore, given the fact that the IMR in 
 the U.S. is 2.5 higher compared to other high-income nations, future research should aim to 
 identify what distinct characteristics of the U.S. healthcare system specifically give rise to this 
 outcome. 
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 Data Summary 
 Variable Name 
 (Type) 

 Description 

 State 
 (Qualitative) 

 The name of the state that the collected and observed data applies to. 

 IMR 
 (Quantitative) 

 The state’s infant mortality rate (number of infant deaths for every 1,000 
 live births) in 2019. 

 PctUninsured 
 (Quantitative) 

 The percentage of the state’s civilian noninstitutionalized population 
 without health insurance coverage in 2019. 

 MedianIncome 
 (Quantitative) 

 The median household income (in 2019 dollars) of the state in 2019. 

 PctBachelors 
 (Quantitative) 

 The percentage of the state’s population over the age of 25 with a 
 Bachelor’s degree in 2019. 

 White 
 (Quantitative) 

 The 2019 state population (number of people) that are White alone. 

 TotalPop 
 (Quantitative) 

 The 2019 state population (number of people). 

 PctWhite 
 (Quantitative) 

 The percentage of the 2019 state population that are White alone. 

 PctNonWhite 
 (Quantitative) 

 The percentage of the 2019 state population that are not White alone. 

 Region 
 (Qualitative) 

 The region that the state is located in 
 Levels: 

 1.  Northeast 
 2.  South 
 3.  Midwest 
 4.  West 

 AbortionChange 
 (Qualitative) 

 The change in the state’s abortion access in 2019 
 Levels: 

 1.  None 
 2.  Protected 
 3.  Restricted 

 GovernorParty 
 (Qualitative) 

 The 2019 governor’s political party affiliation 
 Levels: 

 1.  Democrat 
 2.  Republican 
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 Appendix of Data  (First 20 Rows) 
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