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Abstract  
Problem solving is among the most widely used methodologies for competency – based education in 
engineering programs. The ability to find the most appropriate solution for a complex problem 
constitutes a core competence, frequently assessed using rubrics. Rubrics are detailed scoring 
guides, which list the assessment criteria and the expected levels of quality in relation to these criteria. 
This evaluation instrument allows for reliable assessment of multidimensional performances, while 
supports formative assessment through information about the expected progress of students. 
Although rubrics are frequently used at the school level, there is still some disagreement concerning 
reliability issues in higher education. The internal consistency of the scores can be influenced by the 
variation over different raters (inter – rater reliability) and across occasions within one single rater 
(intra – rater reliability). Researchers have shown that this latter source of variability might not be a 
major concern, provided that raters are supported by a rubric. In fact, previous work has mainly been 
focused on the proposal of rubrics aimed to assess problem solving, using different reliability 
measures. However, there has been little discussion on the criteria to choose the best method for 
performing the reliability analysis according to the psychometric properties of each rubric. This paper 
points out practical guidelines for examining the consistency of rubric scores, through the analysis of 
different methodologies for assessing inter – rater variability (percentage of agreement, Cohen’s 
kappa, correlation coefficients) and internal consistency (Cronbach’s alpha, composite reliability, 
average variance extracted). We thus collected the scores obtained by a group of 61 students, 
enrolled in a Bachelor’s Degree in Energy Engineering. Students were asked to solve an introductory 
statistics problem, and their solutions were assessed by five professors in this field of study. Findings 
showed interesting differences between the conclusions obtained through each methodology for 
assessing reliability, in good agreement with previous research. We are confident that our research 
will be valuable for all professors interesting in performing exhaustive and useful reliability analysis 
based on rubrics scores in higher education. Thus, this research may help professors to demonstrate 
that their assessments based on rubrics are trustworthy, as well as grounded on evidences without 
biased judgements. 
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1 INTRODUCTION 
Generic competences are defined as a combination of competences providing a strong basis for 
further learning, including not only learning abilities in the strict sense, but also problem-solving and 
analytical competences, as opposed to specific competences, namely vocational or field-specific 
Identifying the particular competences engineering graduates need to perform their jobs successfully 
has been a discussed research issue in the last years. The so-called hard skills, such as technical 
skills and problem-solving appear to be one of the most highly demanded group of competencies for 
engineers. However, university professors usually find difficulties in the assessment of this 
competence. The lack of reliable and validated assessment instruments contribute to an overall 
perception that professors’ criteria are based in their random judgements. Besides, methodological 
researchers have not reached a consensus about the most appropriate statistical analysis to deal with 
this data. The present work aims to compare different statistical analysis addressed to examine 
students’ performance. 
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1.1 Interrater reliability 

1.1.1 Consensus estimates 

Exact and adjacent percentage of agreement can be easily computed separately for each item and 
pair of judges. Both measures were calculated by adding up the number of assessments with the 
same rating by two judges. The difference between the exact and adjacent agreement remains in the 
inclusion of adjacent scoring categories in the rating scales, with regard to the equal score 
requirement in exact agreement. Both criteria are easy to calculate. Adjacent agreement involves a 
relaxation of the exact agreement approach, though it can easily lead to overestimated percentages 
(Panadero & Jonsson, 2013). On the other hand, it is usually a time – consuming task to train judges 
so that they are able to agree on an exact scoring regarding a unique exercise (Hayes & Hatch, 1999). 
Besides, this practice of training judges for sharing a common assessment criterion may lead to non – 
independent responses. The majority of studies using the exact agreement parameter fall in the range 
of 55-75%, whereas agreements within one score point exceeded 90% of previous research (Jonsson 
& Svingby, 2007).  

Cohen’s kappa statistic aims to account for chance agreement. This parameter was based on the 
possibility that judges actually guess on at least some variables due to uncertainty (McHugh, 2012). 
This statistic ranges from -1 to 1, but the interpretation differs from the correlation coefficient. A zero 
value in this parameter would mean that both judges did not agree with each other more than it would 
be predicted by chance. Values from 0.41 – 0.60 are moderate (Landis & Koch, 1977), whereas 
values higher than 0.6 are considered high. This statistic shares a common disadvantage with 
agreement percentages: they must be calculated for each pair of items and judges.  

1.1.2 Consistency estimates 

The Pearson correlation coefficient can be easily calculated with any statistical software, though it 
assumes that the data underlying the rating scale are continuous and normally distributed. 
Spearmans’s rank coefficient constitutes an approximation of this coefficient, when this statistical 
assumption is not accomplished. However, Norman (2010) proved that the Pearson correlation and 
the Spearman correlation yielded virtually identical values with a data set based on ranks, even in 
conditions of non-normal and skewed data.  

Cronbach’s alpha coefficient is a widely used measure for estimating the extent to which the judges 
share a common construct regarding their scores. A value higher than 0.70 in this parameter implies 
that most of variance in the total composite score is due to the true score variance, being only a small 
percentage due to error variance (Nunnally & Bernstein, 1994). However, this measure can 
overestimate the internal consistency of some particular scales, if the number of items is high or the 
items are not homogeneous. In other words, Cronbach’s alpha may not be an appropriate measure for 
internal consistency when constructs are composed of interrelated nonhomogenouous components. 
Using structural equation approach, it has been proposed the use of Composite Reliability according 
to (Fornell & Larcker, 1981) (higher than 0.70), and the Average Variance Extracted, obtained for each 
construct following Anderson and Gerbing (1988; higher than 0.50). 

1.1.3 Measurement estimates 

The first method suggested for estimating interrater reliability was the exploratory factor analytic 
technique (Harman, 1967) although confirmatory factor analysis was proven to be also helpful in the 
assessment of fit, and respecification of measurement models (Anderson & Gerbing, 1988). The aim 
of both methods is to determine the amount of shared variance in the ratings accounted for the first 
latent factor. Thus, the percentage of variance explained by this first factor points out to the extent to 
which different judges are reaching agreement. High values of shared variance indicate that judges 
rated a common construct.  

Confirmatory factor analysis (CFA) were conducted to assess the one - factor structure of each 
scoring rubrics, using the maximum likelihood estimator (MLE) with EQS 6.0 (Bentler, 2006). Given 
the well-known sensitivity of the chi-square statistic to the sample size, goodness-of-fit measures were 
used to compare the hypothesized factorial structures included: Non–Normed Fit Index (NNFI), 
Incremental Fit Index (IFI), Incremental Comparative Fit index (CFI), Root Mean Square Error of 
Approximation (RMSEA) and confidence intervals for RMSEA values (CI). NNFI, IFI and CFI values 
near 1.0 were considered optimal, and values greater than .90 showed a satisfactory fit (Kline, 2011) 
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and RMSEA values less than.05 indicated an acceptable model fit, representing a reasonable 
approach to the population (Byrne, 2008; Browne & Cudeck, 1992). 

2 METHODOLOGY 
The scoring rubric was developed by a group of higher education professors with the collaboration of 
Institute of Education Sciences of the Universitat Politècnica de València. Similar scoring rubrics were 
developed by other groups from this university, following the guidelines of an institutional project 
aimed to improve the assessment of generic competences. 61 students enrolled in a Bachelor’s 
Degree in Energy Engineering were asked to solve a problem using descriptive statistics. Their 
responses were assessed by five professors with teaching experience in this field. 

Particularly, thirteen competences were examined in the framework of this project: 1. Comprehension 
and integration; 2. Application and practical knowledge; 3. Analysis and problem solving; 4. 
Innovation, creativity and entrepreneurship; 5. Design and project; 6. Teamwork and leadership; 7. 
Ethical, environmental and professional responsibility; 8. Written and oral communication; 9. Critical 
thinking; 10. Knowledge of contemporary problems; 11. Lifelong learning; 12. Time planning and Time 
management and 13. Specific competences. Three different scoring rubrics were developed for each 
generic competence according to the expected level of achievement in 1st and 2nd course, 3rd and 4th 
course of a Bachelor degree and 1st and 2nd course of a Master degree. In this paper we worked with 
the scoring rubrics corresponding to the 1st and 2nd course of a Bachelor degree, for assessing 
‘Analysis and problem solving’. Although the application of these institutional assessment tools have 
been highly recommended for all professors since 2015, no one to the best of our knowledge has 
proven the psychometric properties of these instruments, such as reliability and validity.  

Table 1.  Scoring rubrics for assessing the competence ‘Analysis and problem solving’ in 1st and 2nd 
course of a Bachelor Degree. Learning outcome: ‘Analyze a problem through the application of learned 

methods’ 

 Descriptors 
Indicator Not reached Developing Good / Adequate Excellent 
Defines the 
problem through a 
clear and precise 
description of the 
most relevant 
issues 

The student does 
not distinguish the 
problem from a list 
of data and orders 

The student 
distinguishes the 
problem from a list 
of data and orders 
thanks to an expert 

The student defines 
the problem 
through the 
identification of 
most relevant data 
by himself / herself 

The student defines 
precisely the 
problem, through 
the identification of 
causes, data and 
unknown variables 

Uses sources of 
information and 
selects correct data 

The student 
gathers irrelevant 
or insufficient 
information 

The student 
gathers relevant, 
but incomplete and 
illogical, information 

The student 
gathers relevant 
and complete 
information for 
solving the problem 

The student gathers 
the information 
needed for solving 
the problem and 
proves its utility 

Uses a learned 
method for solving 
the problem 

The student does 
not use a learned 
method for solving 
the problem 

The student uses a 
learned method for 
solving the 
problem, and 
structures the 
problem solving 
process  

The student uses a 
learned method for 
solving the 
problem, structures 
the problem solving 
process and 
explains the 
calculus in each 
step 

The student uses a 
learned method for 
solving the problem, 
structures the 
problem solving 
process, explains 
the calculus in each 
step and assesses 
the appropriateness 

Analyzes the 
consistency of the 
solution/s 

The student does 
not identify whether 
findings are 
consistent 

The student 
identifies whether 
findings are 
consistent 

The student 
explains why 
findings are 
consistent 

The student 
analyzes from a 
critical approach the 
consistency and 
implications of the 
solution 
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3 RESULTS AND DISCUSSION 

3.1 Descriptive statistics 
Descriptive statistics revealed evident discrepancies between judges. The overall assessments 
reached the minimum value for item 4 (Analyzes the consistency of the solution/s), whereas item 1 
(Defines the problem through a clear and precise description of the most relevant issues) showed the 
highest mean. The most noticeable discrepancy can be easily observed in item 3 (Uses a learned 
method for solving the problem).  

 
Item 1 Item 2 Item 3 Item 4 

Judge 1 
(EV) 

2.66 
(0.70) 

2.02 
(0.69) 

2.31 
(0.78) 

1.84 
(0.79) 

Judge 2 
(IM) 

2.70 
(0.56) 

2.10 
(0.72) 

2.28 
(0.86) 

2.08 
(0.86) 

Judge 3 
(JFV) 

2.18 
(0.64) 

1.93 
(0.31) 

1.77 
(0.76) 

2.00 
(0.63) 

Judge 4 
(MCB) 

2.43 
(0.76) 

2.02 
(0.82) 

1.97 
(0.77) 

1.61 
(0.73) 

Judge 5 
(RA) 

2.69 
(0.56) 

2.26 
(0.70) 

2.20 
(0.70) 

1.52 
(0.72) 

 

 

Table 2.  and Figure 1: Descriptive statistics: Mean (Standard deviation) 

3.2 Consensus estimates 
In this paper, we confirm that adjacent agreement provides inflates percentages of agreement. 
According to exact percentages, item 2 showed the highest percentages of exact agreement (from 
47.5% to 55.7%), whereas no clear pattern can be observed among adjacent agreement percentages.  

Table 3.  Overall percentage of exact and adjacent agreement (%) 

Pairs of 
judges 

Overall exact agreement (%) Adjacent agreement on 1+ (%) 

Item 1 Item 2 Item 3 Item 4 Item 1 Item 2 Item 3 Item 4 

1 & 2 45.9% 55.7% 41.0% 37.7% 93.4% 93.4% 95.1% 91.8% 
1 & 3 39.3% 52.5% 34.4% 44.3% 91.8% 100.0% 88.5% 96.7% 
1 & 4 54.1% 54.1% 44.3% 42.6% 93.4% 93.4% 95.1% 91.8% 
1 & 5 67.2% 49.2% 49.2% 54.1% 96.7% 96.7% 93.4% 88.5% 

2 & 3 36.1% 52.5% 52.5% 47.5% 83.6% 95.1% 88.5% 91.8% 
2 & 4 44.3% 49.2% 45.9% 42.6% 98.4% 90.2% 96.7% 90.2% 
2 & 5 59.0% 49.2% 44.3% 39.3% 95.1% 95.1% 88.5% 85.2% 

3 & 4 42.6% 47.5% 59.0% 52.5% 93.4% 95.1% 98.4% 95.1% 
3 & 5 44.3% 47.5% 44.3% 41.0% 91.8% 100.0% 90.2% 95.1% 

4 & 5 50.8% 52.5% 49.2% 67.2% 96.7% 93.4% 95.1% 98.4% 

The analysis of the Cohen’s kappa statistic did not reveal agreement between judges. In spite of 
previous evidence based on the elevated adjacent agreement percentages, this parameter showed 
that the agreement between judges was quite weak. With no exceptions, these findings showed that 
judges did not agreed between each other, even as regards to item 2 (Cohen’s kappa < 0.40), . This 
conclusion is based on the general criteria for assessing interrater agreement as moderate, regardless 
of the statistical test inherent to this measure. This parameter could not be estimated in some cells, 
due to missing data.  
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Table 4.  Cohen’s kappa. Significant values have been marked using * (p – values ≤ 0.05) 

 
Item 1 Item 2 Item 3 Item 4 

1 & 2 0.030 - 0.151* 0.099 
1 & 3 0.070 0.057 0.039 - 
1 & 4 0.274* - 0.115 0.073 
1 & 5 0.391 0.197* 0.175* 0.268* 
2 & 3 0.017 - 0.129 - 
2 & 4 0.101 0.217* 0.289* 0.175* 
2 & 5 0.147 - 0.077 0.127 
3 & 4 0.068 - 0.354* - 
3 & 5 0.151* 0.099* 0.168* - 
4 & 5 0.192* - 0.190* 0.423* 

3.3 Consistency estimates 
Overall, correlation coefficients showed moderated sizes. Matrices located along the diagonal matrix 
point out to the internal consistency of each judge. According to these matrices, it can be easily 
observed that judges 1, 4 and 5 showed higher internal consistency. Those submatrices located in the 
lower (or higher) triangular matrix showed interrater correlation.  

High levels of interrater correlation should be evidenced through high values in the diagonal matrix of 
each of these submatrices. As shown, this pattern is not clear in these submatrices. Thus, neither 
Pearson correlation nor Spearmans’ rank correlation showed clear evidences of interrater correlation.  

Table 5.  Pearson correlation coefficients (highest values marked using bold) 
    Judge 1 Judge 2 Judge 3 Judge 4 Judge 5 

  Item 
1 

Item 
2 

Item 
3 

Item 
4 Item 1 Item 

2 
Item 

3 
Item 

4 
Item 

1 
Item 

2 
Item 

3 
Item 

4 
Item 

1 
Item 

2 
Item 

3 
Item 

4 
Item 

1 
Item 

2 
Item 

3 
Item 

4 
Judge 

1 
Item 1 1                        Item 2 0.66 1                       Item 3 0.50 0.48 1                      Item 4 0.55 0.66 0.51 1                    Judge 

2 
Item 1 0.16 0.10 0.09 0.07 1                               
Item 2 0.43 0.43 0.36 0.35 0.36 1                  Item 3 0.30 0.27 0.49 0.24 0.32 0.46 1                 Item 4 0.49 0.47 0.46 0.46 0.19 0.52 0.58 1                         

Judge 
3 

Item 1 0.21 0.18 0.41 0.38 -0.13 0.14 0.15 0.21 1              Item 2 0.35 0.24 0.29 0.16 0.17 0.18 0.20 0.27 0.14 1             Item 3 0.41 0.35 0.40 0.40 0.44 0.53 0.46 0.34 0.29 0.22 1            Item 4 0.41 0.38 0.44 0.40 0.19 0.29 0.37 0.40 0.33 0.51 0.48 1          Judge 
4 

Item 1 0.43 0.36 0.41 0.31 0.49 0.35 0.43 0.46 0.11 0.26 0.60 0.48 1               
Item 2 0.44 0.43 0.56 0.43 0.41 0.39 0.56 0.54 0.31 0.20 0.69 0.54 0.73 1        Item 3 0.35 0.37 0.51 0.31 0.32 0.45 0.67 0.53 0.18 0.13 0.64 0.51 0.67 0.76 1       Item 4 0.41 0.31 0.27 0.34 0.37 0.42 0.44 0.50 0.12 0.18 0.64 0.50 0.69 0.78 0.71 1         

Judge 
5 

Item 1 0.48 0.40 0.30 0.25 0.19 0.28 0.28 0.43 0.25 0.45 0.30 0.28 0.43 0.37 0.28 0.38 1       
Item 2 0.42 0.43 0.45 0.23 0.37 0.44 0.34 0.40 0.11 0.39 0.46 0.45 0.50 0.48 0.41 0.46 0.59 1   Item 3 0.41 0.37 0.37 0.30 0.41 0.32 0.27 0.52 0.21 0.37 0.37 0.52 0.59 0.48 0.44 0.47 0.49 0.57 1  Item 4 0.33 0.25 0.35 0.38 0.19 0.51 0.49 0.41 0.15 0.23 0.59 0.44 0.43 0.52 0.60 0.65 0.29 0.45 0.45 1 

As expected, similar conclusions were drawn through this correlation coefficient.  
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Table 6.  Spearmans’s rank correlation coefficients (highest values marked using bold) 

    Judge 1 Judge 2 Judge 3 Judge 4 Judge 5 

  Item 
1 

Item 
2 

Item 
3 

Item 
4 Item 1 Item 

2 
Item 

3 
Item 

4 
Item 

1 
Item 

2 
Item 

3 
Item 

4 
Item 

1 
Item 

2 
Item 

3 
Item 

4 
Item 

1 
Item 

2 
Item 

3 
Item 

4 
Judge 

1 
Item 1 1                        
Item 2 0.66 1                       
Item 3 0.47 0.48 1                      
Item 4 0.56 0.65 0.55 1                    

Judge 
2 

Item 1 0.16 0.07 0.08 0.07 1                               
Item 2 0.44 0.46 0.37 0.39 0.27 1                  
Item 3 0.29 0.27 0.48 0.26 0.27 0.42 1                 
Item 4 0.47 0.47 0.45 0.47 0.16 0.50 0.56 1                         

Judge 
3 

Item 1 0.21 0.17 0.45 0.34 -0.09 0.15 0.17 0.24 1              
Item 2 0.37 0.24 0.29 0.17 0.19 0.19 0.22 0.28 0.13 1             
Item 3 0.43 0.35 0.40 0.36 0.43 0.50 0.45 0.31 0.30 0.24 1            
Item 4 0.41 0.38 0.40 0.37 0.21 0.31 0.38 0.40 0.32 0.51 0.46 1          

Judge 
4 

Item 1 0.43 0.35 0.37 0.25 0.51 0.33 0.44 0.46 0.14 0.26 0.58 0.49 1               
Item 2 0.42 0.41 0.54 0.37 0.41 0.36 0.57 0.51 0.36 0.21 0.67 0.52 0.70 1        
Item 3 0.34 0.33 0.44 0.23 0.31 0.41 0.67 0.49 0.20 0.14 0.60 0.52 0.64 0.73 1       
Item 4 0.42 0.26 0.21 0.24 0.38 0.37 0.40 0.46 0.19 0.21 0.61 0.47 0.67 0.73 0.64 1         

Judge 
5 

Item 1 0.47 0.40 0.30 0.26 0.22 0.31 0.30 0.44 0.24 0.38 0.35 0.26 0.43 0.41 0.34 0.45 1       
Item 2 0.46 0.44 0.45 0.28 0.38 0.47 0.37 0.41 0.17 0.37 0.47 0.45 0.49 0.49 0.41 0.49 0.56 1   
Item 3 0.42 0.37 0.32 0.26 0.46 0.34 0.26 0.54 0.22 0.36 0.36 0.51 0.59 0.47 0.42 0.48 0.48 0.58 1  
Item 4 0.38 0.23 0.35 0.35 0.18 0.48 0.45 0.38 0.18 0.27 0.55 0.41 0.39 0.45 0.51 0.53 0.32 0.47 0.42 1 

According to Cronbach’s alpha measures, all judges showed higher values than the lower limit of 70%, 
except for judge 3. As the scoring rubric examined in this paper was composed of low number of items 
(only 4 items), the interpretation of this measure was consistent with the composite reliability measure. 
Regarding the average variance extracted, only judge 4 (with the highest value of composite reliability) 
accomplish the requirement of a minimum percentage of 50%. This measure represents the amount 
of variance in indicator variables that a construct is managed to explain.  

Table 7.  Cronbach’s alpha, Composite reliability and Average Variance Extracted 

Judge Cronbach’s alpha  
(α) 

Composite reliability 
(CR) 

Average Variance 
Extracted (AVE) 

1 83.2% 77.5% 46.5% 
2 73.7% 77.5% 46.5% 
3 64.0% 65.3% 35.3% 

4 91.2% 84.7% 58.1% 
5 77.8% 72.8% 40.7% 

3.4 Measurement estimates 
Measurement estimates through confirmatory factor analysis showed an excellent fit of the model for 
all judges. As the Mardia’s normalized statistic did not surpassed the upper limit of 5, not robust chi –
square statistics were shown. These goodness of fit indexes provide an empirical estimate of the 
extent to which judges consistently applied the rating scale across students. According to these results 
we can accept the hypothesis that an underlying factor, i.e. problem solving competence can be 
measured using this scoring rubrics.  

Table 8.  Goodness of fit indexes for confirmatory factor analysis 

Judge �2(df); pvalue NFI NNFI  CFI RMSEA - 95% CI 

1 2.06(2); 0.355 0.978 0.998 0.999 0.024 [0 – 0.256] 
2 2.06(2); 0.355 0.978 0.998 0.999 0.024 [0 – 0.256] 

3 1.66(2); 0.436 0.952 1.036 1.000 0.000 [0 – 0.240] 

4 0.0165(2); 0.99 1.000 1.074 1.000 0 – [not available] 

5 3.661(2); 0.160 0.947 0.921 0.974 0.118 – [0 – 0.304] 
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4 CONCLUSIONS 
In conclusion, our work has led us to conclude that different statistical analysis can be selected and 
performed, on the basis of the approach of the study. These statistical techniques share the common 
objective of examining interrater reliability, but differ in the complexity of the calculus. Since each 
approach considers different statistical assumption and underlying patterns in the data structure, the 
application of different techniques on the same data set may lead to different conclusions.  

Thus, the evidence from this study suggests that university professors should clearly understand the 
differences between these statistical analyses. Taken together, these results indicate that an 
institutional assessment instrument, such as a scoring rubric, may be considered reliable or not 
depending on the data and methodology. Our work has some evident limitations, mainly due to the 
small sample size. Despite this, we believe our work could be the basis for the development of a 
common methodology for the development of new scoring rubrics, aimed to assess competences in 
Higher Education at the institutional level.   
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