






 
Figure 4. Distributions of participants within each academic rank as expressed in 

percentiles from Figure 2 and as percentage points from Figure 3. Left column details 

the spreads in Figure 2; right column details the spreads in Figures 3. Raw data in 

percentage points shows a general tightening of spreads from novice to experts, 

whereas data normalized when expressed as percentiles obscure this trend. The 

category of graduate students contains too few participants to yield a good 

representation and contains a much higher percentage of non-science majors than do 

the other categories. Appendix A Part 3 further details how good data does reveal 

ways to distinguish differences between experts and novices in self-assessment skills.  
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Figure 5. Random number simulation of self-assessment accuracy and the distributions 

of responses by academic rank. The height of the green diamonds reflects the bounds of 

the 99% confidence level; width of the diamonds reflects the numbers in each rank 

category. Diameters of the circles in the right panel are the bounds of the 99% confidence 

interval. Overlapping of circles reflects no significant differences between means by t-

testing. This pattern produced by the aggregation of data by categories differs greatly 

from the pattern yielded by a similar simulation of sorted data aggregated by quartiles 

(see Appendix Fig. A1-5). Graph generated using SAS Institute's JMP 11.2 software. 

As we noted in Nuhfer et al. (2016a), the graphical convention that seems 

least troublesome for a straightforward presentation of self-assessment data is the 

(𝑦) vs. (𝑥) scatter plot with a line fit. We show our comparisons between experts 

and novices through this convention in Figure 6. 

Taken alone, correlation coefficients of self-assessed competence versus 

demonstrated competence revealed little difference between experts and novices 

(Fig. 6). Both r-values are highly significant at p <.0001 but not much different 

from each other or from the correlation established from the entire population 

studied (r = .60; N = 1154; Nuhfer et al. 2016a). This substantiates the assertion 

of Ackerman and Wolman (2007, p. 58): 

Thus, although the mean correlations between self-estimates of ability and objective 

ability measures are modest in magnitude, it appears that substantial gains in 

correspondence can be obtained when specific measurement conditions are met. 

The significant positive correlations indicate that people as a whole, whether 

experts or novices, tend to self-assess their competence to the degree that is 

generally correct. We stress that the ability to perceive this relationship rests in 
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collecting a critical mass of reliable data from instruments that are well aligned 

(Nuhfer 2015; Nuhfer et al. 2016a). 

 
Figure 6. Comparisons of correlations between experts (A) and novices (B) in our study 

populace. Correlation coefficients are surprisingly similar. 

In summary, our results show that a few novices tend to score as highly as 

experts on tests of competence (SLCI). Those who do will end up in the top 

quartile together with most of the experts in a norm-referenced study. However, 

experts’ self-assessments show less variation than those of novices and are more 

consistently closer to perfect accuracy than are those of novices. Because novices 

do differ from experts in both competency and self-assessment accuracy, the top 

quartile in a norm-referenced study is not synonymous with the expert category in 

a criterion-referenced study. The categorical criterion-referenced study detailed 

here appeared to provide better information about the characteristics of self-

assessment than did the norm-referenced study detailed in the Appendix. 

Results from Demographic Data 

In our study, we looked at other demographic data beyond class rank. We 

conclude this section by summarizing our findings in the groups of students with 

respect to 1) English as a first language; 2) status as a first generation student; 3) 

status as a science major or expressed interest to major in science and 4) gender. 

Nuhfer et al. (2016b) reported the results of the demonstrated competency (SLCI 

scores) from over 17,000 undergraduate students across these same four 

categories. The study verified significant differences in mean competence at the 

99.9% confidence levels within the first three categories and no significant 

difference between men and women. 

Here, we focus solely on the self-assessment characteristics of our 

undergraduate participants, which consist of 664 women and 371 men distributed 

as 213 freshmen, 235 sophomores, 267 juniors and 326 seniors. This population 

had the demographic distributions of 432 (41.5%) first-generation students, 712 
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(68.4%) students majoring in or considering majoring in science, and 162 (15.6%) 

students whose native language was not English.  

Table 1. 

Four Mean Self-Assessed Competency Rating Measures and One Demonstrated 

Competency Score Measure by Demographic Category* 

 

PRE-

KSSLCI 

GLOBAL 

Rating 

(%)  

KSSLCI 

Rating 

(%) 

 POST- 

KSSLCI 

GLOBAL 

Rating 

(%) 

SLCI 

Score 

(%) 

**GLOBAL 

POST-SLCI 

Rating (%) 

MEAN 

(KSSLCI-

SLCI) 

(ppts) 

First Generation 

Student? 
      

No (n = 603) 77.1% 77.7% 76.7% 75.2% 78.9% 2.5 

Yes (n = 432) 72.0% 68.6% 67.1% 68.0% 70.1% 0.6 

Science major 

Commitment? 
      

No (n = 329) 71.0% 63.9% 65.8% 63.9% 64.7% 0.0 

Yes (n = 712) 76.8% 78.6% 76.0% 76.1% 77.0% 2.5 

English as First 

Language? 
      

No (n = 160) 70.1% 61.7% 61.9% 63.5% 66.4% -1.8 

Yes (n = 879) 75.9% 76.1% 74.7% 73.8% 76.5% 2.3 

Gender       

 Women (n = 664) 72.9% 70.3% 69.4% 70.6% 71.6% -0.3 

Men (n = 371) 78.9% 80.3% 78.6% 75.4% 80.3% 5.0 

* Mean ratings and scores (in percent) from different self-assessment measures employed in the self-assessment 

studies reported by demographic categories. The differences within every category are significant at or above the 

95% confidence level. We express self-assessment accuracy as the difference (𝐾𝑆𝑆𝐿𝐶𝐼 − 𝑆𝐿𝐶𝐼) calculated as the 

means of all students in each category. Perfect accuracy is expressed by 𝐾𝑆𝑆𝐿𝐶𝐼 − 𝑆𝐿𝐶𝐼 =  0.  

**Our adding the Post-SLCI Global self-assessment query later in the study caused us to collect fewer responses. 
 

 
 

Table 1 displays the results of measures across the different demographic 

categories in the order in which the participants responded to the four self-

assessed competency ratings that follow. 

1. Pre-KSSLCI Global Rating: “A multiple choice test has been designed to measure how 

well citizens understand the thinking process that scientists employ to understand the 

physical world. The test is not timed and can be done online in any setting. The test does 

not depend upon factual recall of knowledge. Any factual information needed or meanings 

of any technical terms used are provided within the test itself. Based on your feelings of 

self-assessment at this time, what is the score in percent (Write as % an estimate between 

0% and 100%) that you believe that you would obtain if you took such a test?" 

2. KSSLCI Knowledge Survey: This granular self-assessment value derives from the 

cumulative rating in % derived from all 25 items in the KSSLCI. 
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3. Post-KSSLCI Global: “Based only on your gut feelings established after taking this 

knowledge survey, what score in percent (between 0% and 100%) do you think you would 

obtain if you actually had to answer the twenty-five questions?” 

4. Post-SLCI Global “Now that you have completed taking the Inventory, what score in 

percent (between 0% and 100%) do you think you actually obtained?” 

The first is a predicted self-assessment; the knowledge survey is a granular self-

assessment, and the third and fourth items are postdicted global self-assessments. 

See Appendix Figure A1-6 and its discussion for more details on the relationships 

between these self-assessed competency ratings and the demonstrated competency 

score relative to the Kruger-Dunning graphic. 

Table 1 reveals a slight “reverse Dunning-Kruger Effect.” The groups who 

are advantaged by having a major interest in science, a college-educated parent 

and English as a native language do have higher mean competency scores (see 

also Nuhfer et al. 2016b), but these advantaged subgroups tend toward being 

slightly less accurate in self-assessment than their disadvantaged counterparts. 

The differences between first-generation students and those who were not first-

generation proved significant at only the 95% confidence level. The differences 

exhibited in mean confidence ratings within all other demographic categories 

were significant at the 99% confidence level. 

One aberration in Table 1 was the finding of significant differences in the 

SLCI scores between men and women in this dataset at the 99% level of 

confidence. The larger 17,000-participant dataset that validated the SLCI (Nuhfer 

et al. 2016b) confirmed that the SLCI is a gender-neutral instrument. That study 

revealed that when the difference between men’s and women’s SLCI scores 

proves significant in a population, the difference was not produced by an inherent 

gender characteristic. Instead, the differences arose because of the unequal 

distribution between genders of the socioeconomic factors that diminish the mean 

scores on the SLCI. Socioeconomic factors that reduce mean SLCI scores of a 

populace are (a) status as a first-generation student, (b) a low interest in majoring 

in science, and (c) having English as a non-native language (see Nuhfer et al. 

2016b). 

In the dataset used for Table 1, the percentages of undergraduate women (N = 

664) who are first-generation/nonscience-commitment/English-as-non-native-

language are 45.2%/35.5%/17.6%. By comparison, undergraduate men (N = 371) 

in this dataset have only 35.0%/24.3%/11.3% membership in these respective 

categories. These socioeconomic differences in the composition of each gender 

populace substantially elevate the men’s mean score above the women’s mean 

score in our studied population of undergraduates. 

Although men and women do not significantly differ in their science literacy 

competence as measured by the SLCI (Nuhfer et al. 2016b), men and women do 

seem to differ significantly in mean self-assessment accuracy. In this study, the 
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group mean of undergraduate women underestimated their performance by only 

0.3 ppts. The group of undergraduate men overestimated their actual performance 

by a mean of about 5 ppts (Table 1). This difference in means is highly significant 

at the 99.9% level of confidence. 

Kruger and Dunning (1999, p. 1123) considered gender differences in self-

assessment skill and reported: “Gender failed to qualify any results in this or any 

of the studies reported in this article….” However, subsequent studies (Hargittai 

and Shafer 2006; Pazicni and Bauer 2013; Bolívar-Cruz, Verano-Tacoronte and 

González-Betancor 2015) report gender differences in self-assessment abilities 

that are consistent with ours. Our data showed that, on average, women self-

assess their competence more accurately than do men. We consider the other 

demographic differences listed in Table 1 as too small and tentative to try to 

interpret, but the gender difference in self-assessment ability appears substantial. 

Some scholars suggest that women's underconfidence in science (relative to 

men's) may be discouraging women to major in science (Beyer, Rynes and Haller 

2004; Cech, Rubineau, Silbey and Seron 2011), and they recommend taking 

action to boost women's confidence to that of men's. However, those studies did 

not consider self-assessment accuracy, and self-assessment accuracy probably has 

more value than overconfidence. Men appear to be in greater need of training in 

metacognitive self-assessment than women. 

Summary of Results 

Categorical data enables criterion-referenced examination of the nature of human 

self-assessment in ways that normative-based analyses cannot. The means of 

demonstrated competence (Appendix A Fig. A1-7) clearly do reflect the immense 

differences between experts and novices. However, the means of self-assessment 

accuracies clearly do not distinguish the self-assessment skills of novices from 

experts (Figs. 2, 3 and 5). Correlations between self-assessed competence and 

actual competence do not serve as a key to distinguish experts from novices (Fig. 

6), but they indicate that people, in general, are more often correct than not in 

estimating their competencies. 

Kruger-Dunning-type graphs (Fig. 1) rely on sorted data for calculating the 

means of self-assessed competence and demonstrated competence for each of the 

competency quartiles. Researchers then use differences between the paired 

measures displayed on graphical patterns to make conclusions about the self-

assessment abilities of low-competence performers and high-competence 

performers. These conclusions support the second hypothesis. Random noise 

present in all self-assessment data, combined with ceiling and floor effects, also 

offer graphical patterns anticipated by the second hypothesis. These latter patterns 

have no origins in human behavior, but they seduce researchers into interpreting 

them as such. 
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The clearest distinction between the self-assessment skills of experts and 

novices seems to lie in their different distributions of self-assessment accuracy 

(Fig. 4), but the self-assessment literature rarely employs graphical conventions 

that can display distributions. We next move to discuss ways in which researchers 

might use the paired measures of self-assessed competence to illuminate the 

nature of human self-assessment. 

Discussion 

Improving the Discourse about Self-Assessment Skill 

Since 1999, showing the patterns from Kruger-Dunning-type graphics and related 

(𝑦 − 𝑥) vs. (x) type graphs (Nuhfer et al. 2016a) remained the default for 

communicating the nature of self-assessment. While the information this graphic 

provides is both limited and probably distorted, such graphics remain a 

cornerstone for statements such as “People are typically overly optimistic …,” and 

“In particular, poor performers grossly overestimate…” (Ehrlinger et al. 2008, p. 

98). 

The grand mean SLCI score of our 1154 participants is 73.6%, and the grand 

mean KSSLCI rating is 74.8%. Given the imperfect reliability of both 

instruments, the apparent overconfidence of 1.2 ppts is too small to invoke as 

support for any hypothesis that asserts that people have a marked propensity to 

overestimate their abilities. Handel and Fritzsche (2016, p. 233) also found only a 

slight overall inaccuracy in their studied populace but as a small underestimate 

rather than an overestimate. 

As established above in our discussion of Kruger-Dunning-type graphs, the 

numeracy traditionally employed to support claims of gross overestimation seems 

insufficient. Such graphs (Fig. 1 A and B) are incapable of imparting meaning to 

discussions that employ descriptions such as “overly optimistic” or “grossly” 

because such descriptors lack quantitative meaning. The self-assessment 

literature’s neglect to furnish the language needed for better discourse furnishes a 

barrier to the most basic discussions—even about “good” or “poor” self-

assessment accuracy. 

Supplying the minimal language needed to advance discourse requires 

answering two essential, quantitative questions. The first question speaks to the 

value of measuring self-assessment. 

1. What magnitude of self-assessment error is permissible for a person who is “skilled” in 

self-assessment? 

To address this first question, we can look to the magnitudes of self-assessment 

error that typify a population of experts. The second question directly addresses 
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whether data obtained from a general populace better supports the second or the 

third hypothesis. 

2. What is the frequency of occurrence of varied degrees of self-assessment errors 

(expressed as a percentage) across a large population? 

For education, answering both questions enables discussion about acceptable 

levels of self-assessment skill and achieving some consensus on when a level of 

skill is so deficient as to merit efforts for remediation. To furnish the required 

language, we employ the same data that produced Figure 1B to generate a 

classification scale (Fig. 7A) that enables characterizing our study populace (Fig. 

7B) with categories defined by quantitative bounds. Using our data in this way 

addresses both questions. 

 
Figure 7. A classification scale (A) and its application to our study populace (B). Magnitudes 

of self-assessment inaccuracy (𝐾𝑆𝑆𝐿𝐶𝐼 𝑟𝑎𝑡𝑖𝑛𝑔 − 𝑆𝐿𝐶𝐼 𝑠𝑐𝑜𝑟𝑒) expressed in percentage 

points (ppts) define the classification categories (A) The frequencies of the occurrences of 

these categories in our study population appear in B. The panels depict results by both tables 

and graphics. The blue shaded area with dots in B expresses our recognizing (Nuhfer et al. 

2016a) that random guessing by all participants could contribute up to about 18% within the 

“good” range of ±10 ppts. The chances of guessing influencing the “Extreme” category are 

very small. 
 

As detailed in Nuhfer et al. (2016a) the limit imposed by the instrument that 

yields the least reliable measures in paired data (in this case the SLCI's R of .84) 

limits the strength of correlation possible between the measures. It also limits the 

precision with which we can expect to define boundaries between the different 

skill categories in Figure 7A. While the boundaries are set at convenient intervals 

of 10 ppts, 20 ppts, etc., they are not arbitrary. The criterion-referenced 

performance of known groups of experts and novices in our study populace 

served to set these boundaries (see Appendix A, Part 3). 
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We earlier defined “good self-assessment skill” as demonstrating self-

assessed competency within ±10 percentage points (ppts) of demonstrated 

proficiency, based on our discerning that over three-quarters of known experts 

could self-assess at this level of proficiency (Nuhfer et al. 2016a, p 19). Of our 

1154 participants who range from novices to experts, 615 or 48.5% of those 

participants met the criteria for having good self-assessment skill (Fig. 7B). About 

80% of experts self-assess within the bounds of ±15 ppts defined as “adequate 

self-assessment skill.” This zone (Fig. 7A) accounts for 66.2% of our participants 

who demonstrated adequate or better self-assessment skills (Fig. 7B). 

The distinction between adequate and inadequate self-assessment is an 

important one because scores that cross the boundary into “inadequate” can 

trigger investments in remediation efforts. Given this initial effort at a proposed 

classification scale and the realization that our instruments are reliable but 

imperfect, we sought not to set a dogmatic boundary between the two. Instead, we 

designated a ±5 ppt band between skilled and unskilled (between ±15 and ±20 

ppts) self-assessments as “Marginal” (Fig. 7A). This choice allows users 

flexibility to make an informed evaluation of the state of the self-assessment skills 

of their own students. 

Based on our work to date, we inform students that self-assessments in which 

error exceeds ± 20 ppts can indicate a need for efforts at developing better self-

assessment skill. Participants with marginal self-assessment skills constituted 

10.5% of our study populace. Errors of overconfidence or underconfidence that 

exceeded “marginal” (± 20 ppts) occurred in 23.3% of our participants. Of these 

(Fig. 7A), 13% overestimated and 10.3% underestimated (Fig. 7B). 

The extreme categories (defined by inaccuracy exceeding 30 ppts) constituted 

only 10.8 % of our studied population (Fig. 7B). Less than half of them (5.3%) 

were extremely overconfident and constituted a group that could merit the label 

coined by Kruger and Dunning (1999), “unskilled and unaware of it.” Figure 8 

details the distributions of our populace across the defined categories and adds 

clarity to information conveyed by Figure 1B. 

In histograms like Figure 8, random guessing has about one hundred times 

the influence near the center of the histogram, where (𝐾𝑆𝑆𝐿𝐶𝐼 𝑟𝑎𝑡𝑖𝑛𝑔 −
𝑆𝐿𝐶𝐼 𝑠𝑐𝑜𝑟𝑒) is zero, than it has on the sides where self-assessments are 

“Extreme” (see Nuhfer et al. 2016a, Fig. 13 for detailed explanation). If all 1154 

participants were randomly guessing, that would have placed over 200 scores in 

the “good” (blue) zone of Figure 8. Fortunately, the study of over 17,000 students 

who took the SLCI (Nuhfer et al. 2016b, Fig. 1) shows that the numbers of 

participants who engage in random guessing on the SLCI contributes much less 

than 18% of “Good” ratings in Figure 8, and almost nothing in the “Extreme” 

zones. While some guessing doubtless occurs in our dataset, its influence on our 

Figures 7B and 8 appears minor. 
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Figure 8. Distributions of the categories of self-assessment accuracy based on the differences in 

percentage points (ppts) between scores received from 1154 participants who took the 25-item 

Science Literacy Concept Inventory (SLCI) and their self-assessed ratings of competence in 

understanding science as a way of knowing as registered by the 25-item knowledge survey of the 

Inventory (KSSLCI). Standard deviation (sigma) = 18.4 ppts. Color codings of categories are the 

same as in Figure 7 with "Extreme" inaccuracies covering the entire gray area. 

In Appendix A, we explain our process for setting the boundaries in Figures 7 

and 8 by using the standard deviations of self-assessment inaccuracies (KSSLCI 

rating - SLCI score) deduced from the distributions produced by the population of 

experts. The use of standard deviations alone rather than inaccuracy in ppts 

provides a basis for an alternate classification scale. We chose to feature a scale 

based on percentage points here because doing so offers immediate use to readers 

who measure self-assessment accuracies of their students as percentages and have 

neither a large enough dataset from which to create their own scale nor a 

population of known experts with which to calibrate their measures. 

To our knowledge, Figure 7 represents the first effort to construct a criterion-

referenced self-assessment scale. We recognize that our self-assessment results 

and categories defined in this first effort could be contextual to the topic that we 

investigated, the instruments that we used, and the populace that we examined. 

Future studies may alter the boundary cut-offs, but conversations about where the 

boundaries might be better set cannot occur without establishing the language 

needed to enable such discourse. In addition, our study allows others to use our 

instruments as a convenient way to calibrate their populations' self-assessment 

characteristics and to compare self-assessed abilities in their study populace as 

measured by their instruments with ours. 
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Implications for Teaching, Learning and Assessment 

Self-assessment appears to be a teachable metacognitive skill (Kruger and 

Dunning 1999) that is meaningful and measurable. It may be one of the most 

beneficial skills of all for students to develop (Rivers 2001; Pintrich 2002). 

The obvious way to promote skill in metacognitive self-assessment is to 

design lessons that require students to practice it. Informal ways of doing so 

include adding requirements that students self-assess the scores that they believe 

they are going to obtain on each submitted assignment. Each quiz or test that 

starts with a predicted assessment of an estimated score on the coming evaluation 

and ends with a postdicted assessment of the score anticipated after completing 

each test or quiz offers an opportunity for practice. 

This research employed a knowledge survey (KSSLCI). Instructors often 

credit knowledge surveys as sources of information for promoting effective 

learning and for improved course design (Nuhfer 1996; Nuhfer and Knipp 2003; 

Nicolaysen and Ritterbush 2005; Wirth and Perkins 2005; Wirth, Perkins and 

Nuhfer 2005; Clauss and Geedey 2010; Goodson, Slater and Zubovic 2015). 

Knowledge surveys promote good class planning (Nuhfer and Knipp 2003), 

particularly through aiding employment of tight instructional alignment (Cohen 

1987). 

In assessments, most scholars report that data obtained from knowledge 

surveys prove useful for “closing the loop” and informing future class 

modifications to support student learning (Nuhfer et al. 2010; Bell and 

Volckmann 2011; Favazzo, Willford and Watson 2014). Others used numerical 

arguments to reject knowledge surveys as a useful measure of assessment 

(Bowers, Brandon and Hill 2005; Ebert-May and Weber 2006) and offered views 

that differed little from those that consigned self-assessed learning measures to 

random noise (Porter 2012, 2013). 

To employ numerical analyses to resolve the disagreement about whether 

knowledge surveys offer valid assessments for measures of student learning 

required a study that furnished a critical mass of data obtained from closely 

aligned instruments of documented reliability. The database employed in this 

paper, which is that used in Nuhfer et al. 2016a and Nuhfer 2015, meets that 

requirement. 

Pre-course knowledge surveys provide a record of predicted self-assessments 

about content that participants do not yet fully understand. Post-course knowledge 

surveys provide a record of postdicted self-assessed competence about content on 

which participants are now better informed. The results shown in this paper 

indicate that collective self-assessments offer a valid measure that is significantly 

related to the true competencies of the populace as a whole. When people 

understand the challenge to which they self-assess their competence, these self-
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assessments are usually valid estimates of performance that they can demonstrate. 

Designing course materials that improve learners’ metacognitive abilities may be 

one of the most productive ways to use the content of any discipline to promote 

adult intellectual development. 

Conclusions 

We tested three competing hypotheses regarding self-assessment by analyzing a 

large dataset (N = 1154) that registered reliable paired self-assessed competence 

ratings and demonstrated competence proficiency scores. The first hypothesis, 

which proposes self-assessed estimates of proficiency to be random noise, proved 

untenable. 

Our results contradicted the generally accepted second hypothesis, which 

proposes: (a) peoples’ self-assessed competence ratings show a pronounced bias 

toward overestimations of their actual abilities and (b) low-proficiency performers 

are those most prone to egregious overestimations. The prevalent acceptance of 

this second hypothesis rests largely on the interpretation of patterns yielded by the 

Kruger-Dunning-type graphical format. Our analyses revealed that these patterns 

invite misinterpretations of data traceable to overlooked aspects of numeracy. By 

studying categorical data from known experts and novices, we confirmed that 

qualified experts are indeed more skillful in self-assessment than are novices. 

However, our study refuted two tenets of the second hypothesis by showing that 

(a) no strong propensity exists toward overconfidence in self-assessment ratings 

and (b) few people (about 5%) merit their being characterized as “unskilled and 

unaware of it.” 

Our study permitted creating a quantitative classification scale for self-

assessment skills and making a detailed characterization of the skills of a 

population sampled from higher education. Our results supported the third 

hypotheses by confirming that (a) peoples’ self-assessed competence generally 

accords with their demonstrated proficiency and (b) peoples’ frequencies of self-

assessed underestimation of their competence are similar to their frequencies of 

overestimation. Both qualities held true for novices and experts, and our data from 

undergraduate college students indicated that, on average, women seem 

significantly better at self-assessment than do men.  

Metacognitive self-assessment is a quality that is measurable and meaningful. 

However, deprecating self-assessment by deeming it as noise or meaningless 

nonsense is partly responsible for why teaching self-assessment and tracking 

gains acquired by practice remains widely neglected in higher education. 

In much of the peer-reviewed self-assessment literature, we believe we have 

found key weaknesses in the numeracy employed during nearly two decades of 

collecting, presenting, and interpreting self-assessment data. Because of 
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insufficient attention to numeracy, current prevalent explanations of the nature of 

human self-assessment seem to rest on a tenuous foundation.  
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