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Module IV

▶ This module introduces and reviews the topic of causation in
science.
▶ Statistical Inference.
▶ Hypothesis test.
▶ Multivariate regression.
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Statistical inference: estimation

▶ In statistical inference, we are concerned with making
predictions (inferences) about a DGP or population based on
information obtained from a sample.

▶ This involves the following key concepts:
▶ Estimand: The quantity of interest from the

data-generating process that we aim to estimate or infer.
▶ Estimator: A statistical method or formula used to estimate

the estimand based on sample data.
▶ Estimate: it is the calculated value that serves as the best

guess or approximation of the estimand based on the available
information from the sample.
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Estimand, estimator, and esitmate

▶ Statistical inference involves using estimators to obtain
estimates of estimands from sample data to make
predictions about the population.

▶ Analogy: have you ever
heard about the ecce
homo?
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Estimand, estimator, and esitmate
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Estimand, estimator, and esitmate
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Estimand, estimator, and esitmate
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Estimand, estimator, and esitmate

▶ Estimates are best
guesses, but they never
return you the “true”.
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Populations and samples

Population Parameter:

▶ A population parameter is a numerical value that describes a
characteristic of a population.

▶ It is a fixed and unknown value that we aim to estimate or
infer using statistical methods.

Sample Statistic:

▶ A sample statistic is a numerical value that describes a
characteristic of a sample.

▶ It is calculated from the data of a sample and is used to
estimate or make inferences about population parameters.
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Sample statistics

▶ A sample mean that represents a social process:

X̄ = 1
n (X1 + X2 + ... + Xn) = 1

n

n∑
i=1

Xi (1)

▶ The sample variance that we estimate:

S2 = 1
n

n∑
i=1

(Xi − X̄ )2 (2)
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Sample statistics
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Populations and samples

▶ Typically, we seek to learn features from populations, but
studying the entire population is unfeasible.

▶ Thus, we rely on samples to make inferences under different
assumptions.

Parameter/Statistic Population Sample
Mean µ X̄
Variance σ2 σ̂2 or s2

Standard deviation σ σ̂ or s
Slope/coefficient β β̂ or b

Table 1: Comparison of Population Parameters and Sample Statistics
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Populations and samples
▶ Example: We want to learn the mean GPA of the University of

Washington (population) through random sampling students.
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Populations and samples
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Populations and samples
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Populations and samples
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Populations and samples
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Populations and samples
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Estimation: Bias
▶ However, how can we tell if these are good estimates?

▶ Ideally, we would compute the estimation error or bias.

bias = estimate − truth = X̄ − µ (3)

n bias X̄ − µ

50 −0.40 3.02 − 3.42
75 0.29 3.71 − 3.42
100 −0.24 3.18 − 3.42
150 −0.17 3.25 − 3.42
200 0.11 3.53 − 3.42

Table 2: What is the extent of bias in our estimates?
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Estimation: Consistency
▶ What may happen if we repeat this “experiment” and we

increase the sample in each iteration?
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Estimation: Bias and Consistency
▶ Unbiasedness: an estimator X̄ of a parameter µ is unbiased

if and only if:

E (X̄ ) = µ (4)

▶ Consistency: an estimator is consistent if for a sequence
{Xn} to converge to a limit µ as n → ∞, we have:

lim
n→∞

Xn = µ (5)

However, an unbiased estimator with high variability is impractical
because it will return high prediction error (MSE) as:

MSE = Var + bias2 (6)
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Estimation

▶ Furthermore, they do not provide information about the
uncertainty or precision of the estimate.

▶ Confidence intervals (CIs) address this issue by providing a
range of plausible values for the estimate.
▶ CIs are based on the principles of probability and sampling

variability.
▶ Different samples from the same population will yield different

confidence intervals.

To construct confidence intervals, we need to estimate the
standard deviation to determine the standard error.
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Uncertainty: standard errors.

▶ The sample standard deviation is simply the square root of
the variance (see second slide).

σ̂ =
√

σ̂2 (7)

▶ To characterize the variability of an estimator, we compute
the standard error:

SE (X̄ ) = σ̂√
n (8)
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Uncertainty: critical values.

To calculate the margin of error, we need to choose a critical
value. Critical values influence the interpretation and outcome of
the analysis because:

▶ constructing confidence intervals, and
▶ determining the significance level in hypothesis tests.

Significance Level Critical Value Confidence Interval
0.1 1.645 1 − 0.1 = 0.9 (90%)
0.05 1.96 1 − 0.05 = 0.95 (95%)
0.01 2.576 1 − 0.01 = 0.99 (99%)

Table 3: Common Critical Values and Confidence Intervals
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Uncertainty: margin of error.

Once we have the standard error and select a critical value, the
margin error, ME , and the confidence intervals are estimated as
follows:

ME = critical value × SE (X̄ ) (9)

Confidence Interval =
(
X̄ − ME , X̄ + ME

)
= (CIlower , CIupper )

(10)
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Uncertainty: example
dat <- read_csv("data/students.csv")
names(dat)

## [1] "GPA" "gaming" "study" "quiz"

# Randomly sample 40 observations
sampled_data <- sample(dat$GPA, size = 40, replace = F)

(GPA_mean <- mean(sampled_data) ) # sample mean

## [1] 3.132462

(GPA_sd <- sd(sampled_data)) # sample standard deviation

## [1] 1.348265

(GPA_se <- GPA_sd / sqrt( length(sampled_data) ) ) # sample standard errors

## [1] 0.2131794
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Uncertainty: example
Question: Is the sample mean biased estimator? Is the population
mean within the confidence interval of our estimator?

statistics <- tibble(
mean = GPA_mean,
CI_lwr = GPA_mean - (1.96 * GPA_se),
CI_upr = GPA_mean + (1.96 * GPA_se)

)

mean(dat$GPA) # population mean of GPA

## [1] 3.203627

statistics

## # A tibble: 1 x 3
## mean CI_lwr CI_upr
## <dbl> <dbl> <dbl>
## 1 3.13 2.71 3.55
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Uncertainty: interpreting confidence intervals

▶ We rely on samples for making inferences. To determine if
our estimations approach the true population parameter, we
use confidence intervals.

▶ A confidence interval is a range of plausible estimates.
▶ The confidence level, denoted as (1 − α) or simply

1 − significance level, is interpreted as the probability that
the confidence interval will contain the true population
parameter over hypothetical replications.
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Uncertainty: interpreting confidence intervals

▶ Example: a 95% confidence interval implies that if we were
to hypothetically repeat the estimation and construct
confidence intervals for each sample/estimate, approximately
95% of those intervals would contain the true parameter.
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Imai (2018, p. 328) - critical values
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Uncertainty: interpreting confidence intervals
▶ Resampling and estimating the GPA of the same population

(UW) over 100 iterations with a significance level of 0.1
(90% confidence intervals).
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Uncertainty: interpreting confidence intervals
▶ Resampling and estimating the GPA of the same population

(UW) over 100 iterations with a significance level of 0.05
(95% confidence intervals).
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Uncertainty: interpreting confidence intervals
▶ Resampling and estimating the GPA of the same population

(UW) over 100 iterations with a significance level of 0.01
(99% confidence intervals).
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Takeaways

▶ Understand bias and consistency.
▶ Estimates must always inform of uncertainty.
▶ The impact of the critical value (α) on constructing

confidence intervals.
▶ Wider confidence intervals increase the likelihood of the “true

value” being within the intervals over hypothetical
replications.
▶ Question: Why might someone want to calculate narrower

confidence intervals?
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Time to code a little bit!

▶ Open the file Confint.rmd
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Hypothesis Testing: motivation

▶ We have drawn a distinction between a population and a
sample. However, how do we know that the sample reflects
the population of interest?

▶ Due to inherent variability in the data, the sample may not
perfectly reflect the entire population.

▶ Through a t-test, we assess whether the observed difference
between the sample mean and the hypothesized value
exceeds what is expected due to chance (aka random
sampling variability alone).
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Hypothesis Testing: motivation
▶ What if the sample mean is really off from the population

mean?
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Hypothesis Testing

▶ Hypothesis testing is used to make inferences about
population parameters based on sample data.

▶ It involves formulating null and alternative hypotheses and
evaluating the evidence against the null hypothesis.
▶ Null Hypothesis (H0): a statement of no effect or no

difference between groups or variables (proof by contradiction).
▶ Alternative Hypothesis (Ha): contradicts the null hypothesis

and suggests the presence of an effect or a difference between
groups or variables.

▶ Goal: Does the evidence from the sample supports the null
hypothesis or provides evidence for the alternative
hypothesis?
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Hypothesis Testing

▶ T-test: quantifies the difference between the sample statistic
and the hypothesized population parameter relative to the
variability within the data.
▶ It takes into account the sample size (N) and the standard

error (SE ) of the statistic to assess the likelihood of observing
such a difference by chance.

▶ Significance Level (α): The predetermined threshold for
rejecting the null hypothesis.
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Hypothesis Testing: p-values

▶ P-value: it measures the strength of evidence against the
null hypothesis, we compare it with the significance level to
determine if we reject or fail to reject the null (H0).
▶ p-value is large: suggest insufficient evidence to reject the null

hypothesis.
▶ p-value is low: stronger evidence against the null, favoring the

alternative(Ha).
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Hypothesis Testing: error types

▶ There is a clear trade-off between Type I and Type II errors
in that minimizing type I error usually increases the risk of
type II error.

Decision H0 is True H0 is False
Retain H0 Correct Type II Error
Reject H0 Type I Error Correct
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Hypothesis Testing: error types
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Hypothesis Testing Process

1. State the null and alternative hypotheses.
2. Choose a test statistic and the significance level (α).
3. Estimate the test statistic, in our case the t-value.
4. Compute the p-value, and compare it with with the

significance level.
▶ For example, is p-value < α ?

5. Reject the null hypothesis if the p-value is less than or equal
to α.
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Hypothesis Testing Process
▶ We will focus on a scenario where we want to assess the

association of air and water pollution on climate change.
▶ Disclaimer: this data was simulated.
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Hypothesis Testing Process

▶ We define a theoretical model:

cc = α + β1air + β2water + ϵ (11)

1. State the null and alternative hypotheses:
▶ Null Hypothesis (H0): air (β1) or water (β2) pollution are

not associated with climate change. In other words, β1 = 0 or
β2 = 0.

▶ Alternative Hypothesis (Ha): air or water are associated
with climate change. In other words, β1 ̸= 0 or β2 ̸= 0

2. Set the significance level, the default in social sciences is
0.05.
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Hypothesis Testing Process

▶ The lm() function estimates the t-statistic and p-values (steps
3 and 4) using the fitted model and sample data argument.

model <- lm(climate_change ~ air_pollution + water_pollution)
round(coef(model), digits=2)

## (Intercept) air_pollution water_pollution
## 0.65 1.87 0.18

▶ Estimated model, are the coefficients statistically significant?

cc = 0.65 + 1.87air + 0.18water (12)
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Model summary
▶ Use the function summary() for the t-test and the p-value.
▶ Can we reject H0?

▶ Remember that the significant level that we choose was 0.05
(critical value = 1.96).

summary(model)

##
## Call:
## lm(formula = climate_change ~ air_pollution + water_pollution)
##
## Residuals:
## Min 1Q Median 3Q Max
## -1.8735 -0.6615 -0.1320 0.6208 2.0701
##
## Coefficients:
## Estimate Std. Error t value Pr(>|t|)
## (Intercept) 0.6491 0.4555 1.425 0.1574
## air_pollution 1.8663 0.1048 17.802 <2e-16 ***
## water_pollution 0.1840 0.1093 1.683 0.0956 .
## ---
## Signif. codes: 0 ’***’ 0.001 ’**’ 0.01 ’*’ 0.05 ’.’ 0.1 ’ ’ 1
##
## Residual standard error: 0.9514 on 97 degrees of freedom
## Multiple R-squared: 0.7662, Adjusted R-squared: 0.7614
## F-statistic: 158.9 on 2 and 97 DF, p-value: < 2.2e-16
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Hypothesis Testing and Confidence Intervals
▶ Can we reject H0?

(p_value <- summary(model)$coefficients[, "Pr(>|t|)"])

## (Intercept) air_pollution water_pollution
## 1.573807e-01 2.525692e-32 9.558931e-02

(t_value <- summary(model)$coefficients[, "t value"])

## (Intercept) air_pollution water_pollution
## 1.424952 17.802076 1.683010

p_value < 0.05 # is p-value < significant level?

## (Intercept) air_pollution water_pollution
## FALSE TRUE FALSE

t_value > 1.96 # is t-value > critical value?

## (Intercept) air_pollution water_pollution
## FALSE TRUE FALSE
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Hypothesis Testing and Confidence Intervals

▶ Can we reject H0?
▶ H0 air pollution: sufficient evidence to reject the null

hypothesis.
▶ H0 water pollution: insufficient evidence to reject the null

hypothesis.
▶ Conclusion: air pollution has a positive significant

association with climate change. However, water pollution is
not statistically significant.
▶ When an estimated coefficient is not statistically significant,

we mean that it is not significantly different from 0. In this
case, β2 = 0 ̸= 0.18, because we fail to reject the null H0 for
water pollution.

▶ However. . .
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Hypothesis Testing and Confidence Intervals
▶ Can we really reject H0 if we instead use a significant level of

0.10?

p_value < 0.1 # is p-value < significant level?

## (Intercept) air_pollution water_pollution
## FALSE TRUE TRUE

t_value > 1.645 # is t-value > critical value?

## (Intercept) air_pollution water_pollution
## FALSE TRUE TRUE

▶ Type I and II error trade-off.
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Hypothesis Testing and Confidence Intervals

▶ Confidence intervals and hypothesis testing are closely
related.

▶ If the confidence interval contains the null value, β2 = 0, the
null hypothesis cannot be rejected.

▶ The p-value in hypothesis testing quantifies the strength of
evidence against the null hypothesis, similar to how confidence
intervals provide a range of plausible parameter values.
▶ Important: the p-value is NOT the probability that the null is

true.
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Hypothesis Testing and Confidence Intervals
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Hypothesis Testing and Confidence Intervals

1.87

0.18

air_pollution

water_pollution

0.0 0.5 1.0 1.5 2.0
estimate

term

a

a

air_pollution

water_pollution

Estimated coefficients at 95% confidence interval

CS&SS 321 - Data Science and Statistics for Social Sciences



Hypothesis Testing and Confidence Intervals
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Preview of Problem Set 4

▶ Problem of missingness
▶ Merging datasets
▶ Log transformations
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Problem of missingness

▶ Default option: Listwise deletion
▶ The whole observation (row) is deleted if any variable is

missing
▶ Even just 1 variable!
▶ Can introduce bias

CS&SS 321 - Data Science and Statistics for Social Sciences



Investigate missingness
▶ Many functions/packages allow to check missigness

gapminder <- read_csv("data/gapminder2.csv")

# check missigness
questionr::freq.na(gapminder)

## missing %
## lifeExp 341 20
## gdpPercap 170 10
## cntry 0 0
## continent 0 0
## year 0 0
## pop 0 0
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Investigate missingness
## For a single variable
mean(is.na(gapminder$gdpPercap))

## [1] 0.09976526

## For multiple variables
gapminder %>% summarize_all(~ mean(is.na(.)))

## # A tibble: 1 x 6
## cntry continent year lifeExp pop gdpPercap
## <dbl> <dbl> <dbl> <dbl> <dbl> <dbl>
## 1 0 0 0 0.200 0 0.0998

## A dummy if any variable is NA
gapminder$missing_dummy <- ifelse(apply(gapminder, 1, anyNA), 1, 0)
mean(gapminder$missing_dummy)

## [1] 0.2764085
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Investigate missingness
# with dplyr
gapminder %>%

group_by(year) %>%
summarize(missing=mean(missing_dummy,na.rm=T)) %>% print(n=8)

## # A tibble: 12 x 2
## year missing
## <dbl> <dbl>
## 1 1952 0.303
## 2 1957 0.324
## 3 1962 0.261
## 4 1967 0.254
## 5 1972 0.239
## 6 1977 0.261
## 7 1982 0.275
## 8 1987 0.282
## # i 4 more rows

# with base R
tapply(gapminder$missing_dummy,gapminder$year,mean,na.rm=T)

## 1952 1957 1962 1967 1972 1977 1982 1987
## 0.3028169 0.3239437 0.2605634 0.2535211 0.2394366 0.2605634 0.2746479 0.2816901
## 1992 1997 2002 2007
## 0.3098592 0.2605634 0.2605634 0.2887324
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Handling missingness

# Listwise deletion
gapminder_noNA <- na.omit(gapminder)
nrow(gapminder) - nrow(gapminder_noNA)

## [1] 471

# Be more careful and selective when you drop NA
gapminder_noNA <- drop_na(gapminder, gdpPercap)
nrow(gapminder) - nrow(gapminder_noNA)

## [1] 170
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Log transformations
There are several reasons why someone might choose to transform
a variable using a logarithm function before fitting a model:

1. Non-linear relationships: taking the logarithm of a variable
can help to linearize the relationship

2. Interpretability: when dealing with exponential growth or
decay, taking the logarithm can convert it to a linear
relationship.

3. Multiplicative relationships: by transforming the variables
using logarithms, these relationships can be simplified to
additive relationships

The interpretation of a log transformation varies depending on
the transformed variables: dependent, independent, or both.
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Log transformations: dependent/response variable

log(Yi) = α + β ∗ Xi + ϵi

▶ Exponentiate the coefficient (β) of X .
▶ This gives the multiplicative factor for every one-unit increase

in the independent variable.
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Log transformations: dependent/response variable

log(Yi) = α + 0.198 ∗ Xi + ϵi

▶ Example: the coefficient (β) is 0.198. exp(0.198) = 1.218962.
▶ Interpretation: for every one-unit increase in the independent

variable, our dependent variable increases by a factor of about
1.22, or 22%.
▶ When (β > 1): multiplying a number by 1.22 is the same as

increasing the number by 22%.
▶ When (β < 1): multiplying a number by, say 0.84, is the same

as decreasing the number by 1 – 0.84 = 0.16, or 16%.
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Log transformations: independent/predictor variable

Yi = α + β ∗ log(Xi) + ϵi

▶ Divide the coefficient by 100.
▶ This tells us that a 1% increase in the independent variable

increases (or decreases) the dependent variable by
(coefficient/100) units.
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Log transformations: independent/predictor variable

Yi = α + 0.198 ∗ log(Xi) + ϵi

▶ Example: the coefficient (β) is 0.198. 0.198/100 = 0.00198.
▶ Interpretation: For every 1% increase in the independent

variable, our dependent variable increases by about 0.002.
▶ Interpreting X: For x percent increase, multiply the

coefficient by log(1.x).
▶ Example: For every 10% increase in the independent variable,

our dependent variable increases by about
0.198 ∗ log(1.10) = 0.02.
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Log transformations: dependent/response variable

log(Yi) = α + β ∗ log(Xi) + ϵi

▶ Interpret the coefficient (β) as the percent increase in the
dependent variable for every 1% increase in the independent
variable.
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Log transformations: dependent/response variable

log(Yi) = α + 0.198 ∗ log(Xi) + ϵi

▶ Example: the coefficient (β) is 0.198. For every 1%
increase in the independent variable (X ), our dependent
variable (Y ) increases by about 0.20%.

▶ Interpreting X: for x percent increase in X , calculate 1.x to
the power of the coefficient, subtract 1, and multiply by
100.
▶ Example: For every 20% increase in the independent variable,

our dependent variable increases by about:
▶ (1.200.198 - 1) ∗ 100 = 3.7 percent.
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Fixed effects
Let’s look at some data that has units (N) and for each unit
several time periods (T ).

data %>% head(12)

## id time y x
## 1 1 1 0.65674831 0.04367577
## 2 1 2 0.33917190 0.56187415
## 3 1 3 -0.64075850 0.35627259
## 4 1 4 -1.44009620 -1.00115829
## 5 1 5 0.22082243 1.40279577
## 6 1 6 -0.40975236 0.41626347
## 7 1 7 -0.37248074 -1.14088682
## 8 1 8 -2.12337475 0.46023882
## 9 2 1 0.05988054 0.99210062
## 10 2 2 -1.93975204 0.50146125
## 11 2 3 -1.13816678 -0.23413534
## 12 2 4 -0.75639556 0.02076991
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Fixed effects
data %>% group_by(id) %>% summarize(x=mean(x))

## # A tibble: 4 x 2
## id x
## <fct> <dbl>
## 1 1 0.137
## 2 2 -0.00282
## 3 3 -0.358
## 4 4 -0.541

data %>% group_by(time) %>% summarize(x=mean(x))

## # A tibble: 8 x 2
## time x
## <fct> <dbl>
## 1 1 -0.277
## 2 2 -0.101
## 3 3 0.0753
## 4 4 -0.305
## 5 5 -0.240
## 6 6 0.310
## 7 7 0.245
## 8 8 -1.24CS&SS 321 - Data Science and Statistics for Social Sciences



Fixed effects
Now, let’s fit a slope between Y and X.
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Fixed effects
What happens if instead we fit a slope for each unit (N)?
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Fixed effects

Motivation: does a general relationship holds at the unit level?

▶ Fixed effects estimation is employed to investigate whether a
general relationship holds at the unit level.

▶ By fitting a slope within each unit instead of pooling all the
data, we can identify distinct patterns, which may sometimes
be conflicting.
▶ This phenomenon is referred to as the Simpson paradox.
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Fixed effects

▶ Simpson’s paradox
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Fixed effects
▶ Account for unobserved time-invariant confounders
▶ Let’s say, the relationship between democracy and economic

development
▶ Some country-specific but time-invariant characteristics can be

confounders
▶ For example, culture or legal institutions rarely change during

short periods of time (T ).
▶ Pooled regression model:

Yit = α + βXit + ϵit

▶ Fixed effects regression model:

Yit = αi + βXit + ϵit

for each i = 1, 2, ..., N, where αi is a fixed but unknown intercept
for unit i .CS&SS 321 - Data Science and Statistics for Social Sciences



Fixed effects in R
worldbank <- read.csv("data/world_bank.csv")
lm1_res <- lm(inf_mort ~ gdp_per_capita + factor(country_code), worldbank)
summary(lm1_res)

##
## Call:
## lm(formula = inf_mort ~ gdp_per_capita + factor(country_code),
## data = worldbank)
##
## Residuals:
## Min 1Q Median 3Q Max
## -163.140 -11.482 -1.314 9.447 161.140
##
## Coefficients:
## Estimate Std. Error t value Pr(>|t|)
## (Intercept) 9.705e+01 8.790e+00 11.040 < 2e-16 ***
## gdp_per_capita -6.795e-04 7.977e-05 -8.518 < 2e-16 ***
## factor(country_code)AGO 8.633e+01 1.059e+01 8.151 4.25e-16 ***
## factor(country_code)ALB -6.163e+01 1.036e+01 -5.948 2.84e-09 ***
## factor(country_code)AND -6.460e+01 1.103e+01 -5.855 4.99e-09 ***
## factor(country_code)ARE -3.309e+01 1.145e+01 -2.889 0.003875 **
## factor(country_code)ARG -5.984e+01 1.006e+01 -5.950 2.81e-09 ***
## factor(country_code)ARM -6.710e+01 1.090e+01 -6.153 8.00e-10 ***
## factor(country_code)ATG -7.177e+01 1.063e+01 -6.754 1.56e-11 ***
## factor(country_code)AUS -6.107e+01 1.049e+01 -5.822 6.07e-09 ***
## factor(country_code)AUT -6.180e+01 1.042e+01 -5.931 3.15e-09 ***
## factor(country_code)AZE -3.016e+01 1.091e+01 -2.766 0.005694 **
## factor(country_code)BDI 7.125e+01 1.004e+01 7.097 1.40e-12 ***
## factor(country_code)BEL -6.359e+01 1.039e+01 -6.119 9.89e-10 ***
## factor(country_code)BEN 7.620e+01 1.004e+01 7.590 3.61e-14 ***
## factor(country_code)BFA 1.015e+02 1.004e+01 10.106 < 2e-16 ***
## factor(country_code)BGD 3.445e+01 1.004e+01 3.431 0.000605 ***
## factor(country_code)BGR -7.737e+01 1.037e+01 -7.464 9.41e-14 ***
## factor(country_code)BHR -6.622e+01 1.048e+01 -6.317 2.84e-10 ***
## factor(country_code)BHS -6.052e+01 1.017e+01 -5.948 2.84e-09 ***
## factor(country_code)BIH -8.556e+01 1.125e+01 -7.608 3.16e-14 ***
## factor(country_code)BLR -8.391e+01 1.091e+01 -7.693 1.63e-14 ***
## factor(country_code)BLZ -5.199e+01 1.004e+01 -5.178 2.31e-07 ***
## factor(country_code)BOL 2.243e+01 1.004e+01 2.234 0.025532 *
## factor(country_code)BRA -2.871e+01 1.006e+01 -2.854 0.004329 **
## factor(country_code)BRB -7.214e+01 1.096e+01 -6.581 5.02e-11 ***
## factor(country_code)BRN -5.919e+01 1.086e+01 -5.452 5.14e-08 ***
## factor(country_code)BTN 1.155e+00 1.036e+01 0.112 0.911214
## factor(country_code)BWA -2.348e+01 1.004e+01 -2.338 0.019400 *
## factor(country_code)CAF 7.699e+01 1.004e+01 7.669 1.96e-14 ***
## factor(country_code)CAN -6.158e+01 1.048e+01 -5.877 4.36e-09 ***
## factor(country_code)CHE -4.584e+01 1.159e+01 -3.954 7.75e-05 ***
## factor(country_code)CHL -6.628e+01 1.006e+01 -6.591 4.70e-11 ***
## factor(country_code)CHN -4.663e+01 1.004e+01 -4.644 3.47e-06 ***
## factor(country_code)CIV 5.673e+01 1.004e+01 5.651 1.66e-08 ***
## factor(country_code)CMR 5.837e+01 1.004e+01 5.814 6.38e-09 ***
## factor(country_code)COD 7.863e+01 1.004e+01 7.833 5.48e-15 ***
## factor(country_code)COG 3.607e+00 1.004e+01 0.359 0.719396
## factor(country_code)COL -5.313e+01 1.004e+01 -5.290 1.26e-07 ***
## factor(country_code)COM 1.785e+01 1.036e+01 1.723 0.084940 .
## factor(country_code)CPV -4.649e+01 1.036e+01 -4.488 7.32e-06 ***
## factor(country_code)CRI -7.058e+01 1.005e+01 -7.024 2.36e-12 ***
## factor(country_code)CUB -7.918e+01 1.004e+01 -7.884 3.66e-15 ***
## factor(country_code)CYP -7.193e+01 1.048e+01 -6.860 7.47e-12 ***
## factor(country_code)CZE -7.988e+01 1.098e+01 -7.277 3.79e-13 ***
## factor(country_code)DEU -6.455e+01 1.037e+01 -6.227 5.02e-10 ***
## factor(country_code)DJI -3.086e+00 1.090e+01 -0.283 0.777146
## factor(country_code)DMA -7.466e+01 1.025e+01 -7.282 3.65e-13 ***
## factor(country_code)DNK -5.711e+01 1.070e+01 -5.336 9.78e-08 ***
## factor(country_code)DOM -3.206e+01 1.004e+01 -3.193 0.001416 **
## factor(country_code)DZA -1.013e+01 1.004e+01 -1.009 0.313144
## factor(country_code)ECU -3.303e+01 1.004e+01 -3.289 0.001011 **
## factor(country_code)EGY 4.409e+00 1.004e+01 0.439 0.660522
## factor(country_code)ERI -9.502e+00 1.146e+01 -0.829 0.407074
## factor(country_code)ESP -7.128e+01 1.020e+01 -6.986 3.08e-12 ***
## factor(country_code)EST -7.998e+01 1.139e+01 -7.019 2.44e-12 ***
## factor(country_code)ETH 5.568e+01 1.040e+01 5.353 8.92e-08 ***
## factor(country_code)FIN -6.733e+01 1.039e+01 -6.483 9.61e-11 ***
## factor(country_code)FJI -6.204e+01 1.004e+01 -6.178 6.85e-10 ***
## factor(country_code)FRA -6.598e+01 1.037e+01 -6.365 2.08e-10 ***
## factor(country_code)FSM -4.645e+01 1.065e+01 -4.363 1.30e-05 ***
## factor(country_code)GAB -3.662e+00 1.031e+01 -0.355 0.722547
## factor(country_code)GBR -6.659e+01 1.031e+01 -6.459 1.13e-10 ***
## factor(country_code)GEO -5.585e+01 1.018e+01 -5.485 4.27e-08 ***
## factor(country_code)GHA 3.032e+01 1.004e+01 3.021 0.002533 **
## factor(country_code)GIN 7.047e+01 1.065e+01 6.620 3.86e-11 ***
## factor(country_code)GMB 6.932e+01 1.004e+01 6.905 5.46e-12 ***
## factor(country_code)GNB 7.243e+01 1.059e+01 6.839 8.65e-12 ***
## factor(country_code)GNQ 6.356e+01 1.051e+01 6.049 1.53e-09 ***
## factor(country_code)GRC -7.029e+01 1.017e+01 -6.910 5.27e-12 ***
## factor(country_code)GRD -7.492e+01 1.055e+01 -7.103 1.34e-12 ***
## factor(country_code)GTM -1.142e+01 1.004e+01 -1.138 0.255288
## factor(country_code)GUY -3.995e+01 1.004e+01 -3.979 7.00e-05 ***
## factor(country_code)HND -3.227e+01 1.004e+01 -3.214 0.001313 **
## factor(country_code)HRV -8.176e+01 1.139e+01 -7.181 7.66e-13 ***
## factor(country_code)HTI 8.121e-01 1.146e+01 0.071 0.943514
## factor(country_code)HUN -7.997e+01 1.101e+01 -7.261 4.26e-13 ***
## factor(country_code)IDN -1.354e+01 1.004e+01 -1.349 0.177399
## factor(country_code)IND 2.525e+01 1.004e+01 2.516 0.011906 *
## factor(country_code)IRL -6.569e+01 1.033e+01 -6.356 2.20e-10 ***
## factor(country_code)IRN -2.659e+01 1.007e+01 -2.639 0.008326 **
## factor(country_code)IRQ -3.650e+01 1.004e+01 -3.635 0.000280 ***
## factor(country_code)ISL -6.830e+01 1.036e+01 -6.595 4.55e-11 ***
## factor(country_code)ISR -6.982e+01 1.032e+01 -6.766 1.43e-11 ***
## factor(country_code)ITA -6.546e+01 1.031e+01 -6.350 2.29e-10 ***
## factor(country_code)JAM -6.339e+01 1.004e+01 -6.311 2.94e-10 ***
## factor(country_code)JOR -5.929e+01 1.018e+01 -5.823 6.04e-09 ***
## factor(country_code)JPN -6.585e+01 1.042e+01 -6.321 2.75e-10 ***
## factor(country_code)KAZ -5.637e+01 1.091e+01 -5.165 2.47e-07 ***
## factor(country_code)KEN 1.438e+00 1.004e+01 0.143 0.886074
## factor(country_code)KGZ -4.849e+01 1.065e+01 -4.555 5.32e-06 ***
## factor(country_code)KHM -1.934e+01 1.115e+01 -1.735 0.082770 .
## factor(country_code)KIR -2.833e+00 1.004e+01 -0.282 0.777828
## factor(country_code)KNA -6.206e+01 1.028e+01 -6.038 1.64e-09 ***
## factor(country_code)KOR -6.891e+01 1.008e+01 -6.839 8.65e-12 ***
## factor(country_code)KWT -5.770e+01 1.179e+01 -4.893 1.02e-06 ***
## factor(country_code)LAO 2.495e+01 1.054e+01 2.368 0.017931 *
## factor(country_code)LBN -7.306e+01 1.078e+01 -6.779 1.31e-11 ***
## factor(country_code)LBR 1.044e+02 1.004e+01 10.401 < 2e-16 ***
## factor(country_code)LBY -6.757e+01 1.269e+01 -5.325 1.04e-07 ***
## factor(country_code)LCA -7.179e+01 1.026e+01 -6.998 2.83e-12 ***
## factor(country_code)LKA -6.546e+01 1.004e+01 -6.521 7.49e-11 ***
## factor(country_code)LSO 1.859e+01 1.004e+01 1.851 0.064141 .
## factor(country_code)LTU -8.132e+01 1.137e+01 -7.149 9.63e-13 ***
## factor(country_code)LUX -3.965e+01 1.152e+01 -3.441 0.000583 ***
## factor(country_code)LVA -7.897e+01 1.137e+01 -6.943 4.17e-12 ***
## factor(country_code)MAR -9.539e+00 1.004e+01 -0.950 0.342067
## factor(country_code)MCO 4.965e+00 3.592e+01 0.138 0.890076
## factor(country_code)MDA -7.208e+01 1.135e+01 -6.351 2.27e-10 ***
## factor(country_code)MDG 3.207e+01 1.004e+01 3.194 0.001409 **
## factor(country_code)MDV -7.362e+01 1.223e+01 -6.019 1.84e-09 ***
## factor(country_code)MEX -4.404e+01 1.006e+01 -4.380 1.20e-05 ***
## factor(country_code)MHL -4.900e+01 1.040e+01 -4.710 2.52e-06 ***
## factor(country_code)MKD -7.653e+01 1.091e+01 -7.017 2.47e-12 ***
## factor(country_code)MLI 1.540e+02 1.004e+01 15.339 < 2e-16 ***
## factor(country_code)MLT -7.532e+01 1.009e+01 -7.462 9.57e-14 ***
## factor(country_code)MMR 1.378e+01 1.004e+01 1.373 0.169861
## factor(country_code)MNE -8.320e+01 1.159e+01 -7.177 7.88e-13 ***
## factor(country_code)MNG -1.903e+01 1.040e+01 -1.830 0.067325 .
## factor(country_code)MOZ 8.965e+01 1.036e+01 8.654 < 2e-16 ***
## factor(country_code)MRT 3.442e+01 1.004e+01 3.428 0.000611 ***
## factor(country_code)MUS -6.925e+01 1.022e+01 -6.776 1.34e-11 ***
## factor(country_code)MWI 1.037e+02 1.004e+01 10.331 < 2e-16 ***
## factor(country_code)MYS -7.269e+01 1.005e+01 -7.234 5.17e-13 ***
## factor(country_code)NAM -2.256e+01 1.036e+01 -2.176 0.029552 *
## factor(country_code)NER 1.614e+02 1.004e+01 16.073 < 2e-16 ***
## factor(country_code)NGA 9.972e+01 1.004e+01 9.933 < 2e-16 ***
## factor(country_code)NIC -2.310e+01 1.004e+01 -2.301 0.021433 *
## factor(country_code)NLD -6.271e+01 1.048e+01 -5.983 2.30e-09 ***
## factor(country_code)NOR -4.452e+01 1.132e+01 -3.934 8.45e-05 ***
## factor(country_code)NPL 3.822e+01 1.004e+01 3.807 0.000142 ***
## factor(country_code)NRU -5.468e+01 1.406e+01 -3.890 0.000101 ***
## factor(country_code)NZL -6.794e+01 1.049e+01 -6.479 9.84e-11 ***
## factor(country_code)OMN -2.281e+01 1.010e+01 -2.257 0.024013 *
## factor(country_code)PAK 3.691e+01 1.004e+01 3.677 0.000238 ***
## factor(country_code)PAN -5.971e+01 1.005e+01 -5.943 2.94e-09 ***
## factor(country_code)PER -1.816e+01 1.004e+01 -1.809 0.070559 .
## factor(country_code)PHL -3.989e+01 1.004e+01 -3.974 7.15e-05 ***
## factor(country_code)PLW -6.525e+01 1.101e+01 -5.929 3.19e-09 ***
## factor(country_code)PNG -5.574e+00 1.004e+01 -0.555 0.578808
## factor(country_code)POL -8.088e+01 1.093e+01 -7.402 1.50e-13 ***
## factor(country_code)PRT -6.682e+01 1.012e+01 -6.601 4.39e-11 ***
## factor(country_code)PRY -4.915e+01 1.004e+01 -4.895 1.01e-06 ***
## factor(country_code)PSE -6.838e+01 1.125e+01 -6.081 1.26e-09 ***
## factor(country_code)QAT -4.229e+01 1.312e+01 -3.223 0.001274 **
## factor(country_code)ROU -7.302e+01 1.091e+01 -6.691 2.39e-11 ***
## factor(country_code)RUS -7.500e+01 1.085e+01 -6.912 5.21e-12 ***
## factor(country_code)RWA 7.093e+01 1.004e+01 7.066 1.75e-12 ***
## factor(country_code)SAU -2.759e+01 1.025e+01 -2.692 0.007124 **
## factor(country_code)SDN 2.232e+01 1.004e+01 2.223 0.026239 *
## factor(country_code)SEN 5.715e+01 1.004e+01 5.692 1.30e-08 ***
## factor(country_code)SGP -7.008e+01 1.025e+01 -6.837 8.74e-12 ***
## factor(country_code)SLB -6.560e+01 1.090e+01 -6.017 1.87e-09 ***
## factor(country_code)SLE 1.485e+02 1.004e+01 14.795 < 2e-16 ***
## factor(country_code)SLV -2.876e+01 1.004e+01 -2.864 0.004191 **
## factor(country_code)SMR -4.594e+01 1.280e+01 -3.588 0.000336 ***
## factor(country_code)SRB -8.355e+01 1.135e+01 -7.359 2.06e-13 ***
## factor(country_code)SSD 1.067e+01 1.458e+01 0.732 0.464183
## factor(country_code)STP -4.110e+01 1.204e+01 -3.415 0.000642 ***
## factor(country_code)SUR -5.636e+01 1.050e+01 -5.366 8.29e-08 ***
## factor(country_code)SVK -7.924e+01 1.110e+01 -7.136 1.06e-12 ***
## factor(country_code)SVN -7.839e+01 1.146e+01 -6.838 8.71e-12 ***
## factor(country_code)SWE -6.389e+01 1.051e+01 -6.080 1.27e-09 ***
## factor(country_code)SWZ 1.125e+01 1.004e+01 1.120 0.262633
## factor(country_code)SYC -6.720e+01 1.006e+01 -6.682 2.54e-11 ***
## factor(country_code)TCD 1.020e+02 1.009e+01 10.107 < 2e-16 ***
## factor(country_code)TGO 4.511e+01 1.004e+01 4.494 7.11e-06 ***
## factor(country_code)THA -5.413e+01 1.004e+01 -5.391 7.23e-08 ***
## factor(country_code)TJK -1.019e+01 1.059e+01 -0.962 0.335946
## factor(country_code)TKM -1.833e+01 1.071e+01 -1.712 0.087005 .
## factor(country_code)TLS -1.948e+01 1.187e+01 -1.641 0.100861
## factor(country_code)TON -7.516e+01 1.040e+01 -7.225 5.54e-13 ***
## factor(country_code)TTO -5.813e+01 1.007e+01 -5.773 8.12e-09 ***
## factor(country_code)TUN -3.121e+01 1.004e+01 -3.108 0.001892 **
## factor(country_code)TUR -1.375e+01 1.005e+01 -1.367 0.171637
## factor(country_code)TUV -5.464e+01 1.090e+01 -5.011 5.55e-07 ***
## factor(country_code)TZA 2.419e+01 1.077e+01 2.247 0.024690 *
## factor(country_code)UGA 4.803e+01 1.044e+01 4.598 4.33e-06 ***
## factor(country_code)UKR -7.886e+01 1.071e+01 -7.367 1.95e-13 ***
## factor(country_code)URY -6.450e+01 1.006e+01 -6.413 1.52e-10 ***
## factor(country_code)USA -5.954e+01 1.047e+01 -5.686 1.35e-08 ***
## factor(country_code)UZB -4.051e+01 1.070e+01 -3.784 0.000155 ***
## factor(country_code)VCT -5.902e+01 1.004e+01 -5.877 4.38e-09 ***
## factor(country_code)VEN -5.571e+01 1.012e+01 -5.508 3.76e-08 ***
## factor(country_code)VNM -6.047e+01 1.054e+01 -5.737 1.00e-08 ***
## factor(country_code)VUT -5.857e+01 1.032e+01 -5.674 1.45e-08 ***
## factor(country_code)WSM -7.027e+01 1.054e+01 -6.667 2.81e-11 ***
## factor(country_code)YEM -1.100e+01 1.090e+01 -1.009 0.313070
## factor(country_code)ZAF -2.219e+01 1.016e+01 -2.184 0.029029 *
## factor(country_code)ZMB 4.946e+01 1.004e+01 4.927 8.54e-07 ***
## factor(country_code)ZWE -4.031e+00 1.004e+01 -0.402 0.688027
## ---
## Signif. codes: 0 ’***’ 0.001 ’**’ 0.01 ’*’ 0.05 ’.’ 0.1 ’ ’ 1
##
## Residual standard error: 32.89 on 6985 degrees of freedom
## (2898 observations deleted due to missingness)
## Multiple R-squared: 0.7788, Adjusted R-squared: 0.7727
## F-statistic: 129.4 on 190 and 6985 DF, p-value: < 2.2e-16
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Fixed effects in R
library(stargazer)
stargazer(lm1_res,

omit = "country_code",
add.lines = list(c("Year fixed effects", "Yes")),
header = FALSE)

Table 4:

Dependent variable:
inf_mort

gdp_per_capita −0.001∗∗∗

(0.0001)

Constant 97.049∗∗∗

(8.790)

Year fixed effects Yes
Observations 7,176
R2 0.779
Adjusted R2 0.773
Residual Std. Error 32.890 (df = 6985)
F Statistic 129.399∗∗∗ (df = 190; 6985)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01

CS&SS 321 - Data Science and Statistics for Social Sciences



Lab Coding Demonstration:

▶ Open today’s lab markdown file to view the coding
demonstration.
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Tools for learning
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Tools for learning

CS&SS 321 - Data Science and Statistics for Social Sciences



Tools for learning
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Tools for learning: trade-offs
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Tools for learning

▶ Question: what do these pictures have in common?
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Tools for learning: models

▶ These pictures depict various models; they are tools for
learning.

"All models are wrong but some are useful"

George Box, 1976

▶ Models are
▶ simplified representations of real-world systems.
▶ facilitate clear and concise communication of complex ideas.
▶ help to understand complex systems by highlighting

significant variables.
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Good luck on your journey!

▶ Please, be aware that you have only scratched the surface of a
vast array of methodologies for scientific inference, including
▶ Time series and panel data.
▶ Multilevel models.
▶ Bayesian inference.
▶ machine learning for prediction and discovery.
▶ Deep learning.
▶ Applied causal inference, among others . . .
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Good luck on your journey!

▶ Remember the importance of consistency, bias, and efficiency
in statistical inference.
▶ Consistency is the most important property, before bias and

efficiency!

CS&SS 321 - Data Science and Statistics for Social Sciences



Good luck on your journey!

▶ I hope you gained valuable insights from my labs.
▶ Best of luck with your future endeavors, and please. . .

▶ take a moment to fill out the course evaluations if you
haven’t done so already!

Best wishes,

Ramses
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