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Descriptive Statistics 

 

In order to test the effectiveness of information literacy instruction, a sample 

of 92 students participated in an assessment test prior to, and after receiving a one-

shot information literacy instructional session.  The descriptive statistics were 

calculated using SPSS and Microsoft Excel.  Table 1 includes the detailed breakdown 

of test scores by year.   

On the pre-test, the 92 students had a mean score of 53.4 (SD=20.1), with 

scores ranging from 18 to 99 points out of a possible 100.  The median score was 50, 

and the mode score was 58.  The pre-test data has an acceptable skewness and 

kurtosis, skewness=0.48 and kurtosis= -0.53.  (Bulmer, 1979) 

On the post-test, the 92 students had a mean score of 73.2 (SD=15.9), with 

scores ranging from 24 to 100.  The median score was 75, and the mode score was 

69.  The post-test data has an acceptable skewness and kurtosis, skewness= -0.38 

and kurtosis= -0.45.  (Bulmer, 1979) 

 

Table 1 

Descriptive Statistics on student scores pre and post information literacy instruction 

Year 
Pre Information literacy Instruction Post Information literacy instruction 

M SD 95% CI M SD 95% CI 

1st 54.5 20.30 [46.2,62.8] 72.7 12.78 [66.3,79.2] 

2nd 49.0 21.68 [41.1,57.9] 71.5 17.55 [64.3,78.5] 

3rd 53.9 18.26 [46.4,61.3] 72.7 14.22 [66.8,78.5] 

4th 56.3 20.64 [47.8,64.7] 76.0 16.50 [69.2,82.7] 

 

 

Tests of association 

 

 We conducted a single sample t test using the SPSS software to compare the 

mean information literacy scores of our sample of students to a hypothesized 

population mean.  We used an alpha level of 0.05 for all statistical tests.  The 

analysis indicated that the difference between student scores on the pre-test (N=92, 

M=53.4, SD=20.1) and the scores of students in general were statistically significant, 

t(91) = 25.50, p<0.001.  This suggests that our student sample is more information 

literate than the general population.   

 In order to determine the effect that information literacy instruction had on 

the students, we compared the pre-test and post-test by conducting a paired sample 

t test using SPSS software.  Student scores on the information literacy pre-test 



(M=53.4, SD=30.1) are lower than their scores after instruction (M=73.2, SD=15.9), 

and the difference is statistically significant, t(91)= -12.48, p<0.001. 

 We conducted an independent sample t test using SPSS software to compare 

the mean information literacy scores of 1st year and 4th year students.  The analysis 

indicates that the 1st year student scores on the information literacy pre-test (N=23, 

M=54.5, SD=20.3) and the pre-test scores of the 4th year students (N=23, M=56.3, 

SD=20.6) are not statistically significantly different, t(44)= -0.29, p=0.785. 

 A one-way ANOVA analysis conducted using SPSS software to compare the 

effect of student year group on the pre-literacy instruction test scores.  An analysis 

of variance showed that there is no statistically significant effect of student year 

groups on either the pre literacy instruction test scores, F(3,88)=0.54, p=0.655, or 

on the post literacy instruction test scores, F(3,88)=0.33, p=0.804.  The means and 

standard deviations are presented in Table 1.   

 

Inferential Statistics 

 

 Using the Pearson Product Moment Correlation, we examined the 

relationships between pre and post literacy instruction test scores.  We found a 

strong positive correlation between pre and post literacy instruction test scores 

(r=0.665, N=92, p<0,001), indicating that students with higher scores on the pre-test 

tended to have higher scores on the post-test (and vice versa).   

 Simple regression analysis was used to test whether post literacy instruction 

scores predicted GPA.  The regression test was statistically significant, with 75% of 

the GPA variance explained by the post literacy instruction scores, R2=0.75, 

F(1,90)=268.45, p<0.001.   

 Multiple regression analysis was used to test whether pre and post literacy 

instruction test scores predicted GPA.  The regression test was statistically 

significant, with 75% of the GPA variance explained by the pre and post literacy 

instruction scores, R2=0.75, F(2,89)=132.86, p<0.001.  Post literacy instruction 

scores explained the largest proportion of variance in GPA scores, β=0.85, 

t(91)=12.00, p<0.001.  The positive value of beta indicates that students with higher 

post literacy instruction scores also earned higher GPAs.  The pre literacy 

instruction scores did not contribute in a statistically significant manner, β=0.018, 

t(91)=0.25, p=0.803.  These results show that post literacy scores were strong 

predictors of GPA, while pre literacy instruction scores were weak predictors of 

GPA.  The post literacy instruction scores distribution has an acceptable skewness 

and kurtosis.  (Bulmer, 1979) 

 

 

 



Tests of Agreement 

 

 Cohen’s Kappa was run using SPSS software to determine the level of 

agreement between Image Codes and User Self-reported Codes on 210 unique 

image viewing instances.  There was fair agreement between the two codes, 

κ=0.214, 95%CI [0.106, 0.321], p<0.001. (Landis & Koch, 1977)  For these data, we 

observed more disagreements between the codes for negative emotions, and fewer 

disagreements between positive emotion codes.  Thus, we might suggest that higher 

agreements can be achieved by re-training of coders on correctly discriminating 

between the negative emotion codes in order to improve inter-rater reliability.   

 We then ran Cohen’s Kappa to determine if the level of agreement between 

the software running Face Reader analysis and the User Self-reported Codes on 155 

unique image viewing instances.  There was slight agreement between the two 

codes, but it is not statistically significant, κ=0.065, 95%CI [0.002,0.193], p=0.058. 

(Landis & Koch, 1977)  For these data, we observed more neutral face readings 

because if the software did not detect emotion, it codes the emotion as neutral.   
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