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Establishing Baseline Measurements of Adaptive Expertise in 
First-Year STEM Students 

Abstract 

Adaptive expertise is a construct developed to identify the cognitive skills involved in 
recognizing when and how to apply knowledge to successfully solve complex problems. The 
framework adopted for this study decomposes adaptive expertise into four distinct constructs: (1) 
multiple perspectives, (2) metacognition, (3) goals and beliefs, and (4) epistemology.  

The aim of the study is to establish baseline measurements along the four dimensions of AE 
among various populations of first-year students in STEM. Specifically, we are interested in 
studying differences in adaptiveness between students with and without limited-income status. 
We are also interested in studying differences in adaptiveness between men and women. 

From survey data collected from our incoming class over the past two years, preliminary results 
indicate that women score significantly higher than men in three dimensions (MP, META, and 
EPIST), but significantly lower than men in GB (goals and beliefs). Limited income students 
score lower than their non-LI counterparts in all AE dimensions, but significantly so in only two 
dimensions (MP and EPIST). Additional data collection is needed to understand how to interpret 
variations in scores and to establish baseline measurements with greater confidence. 

Introduction 

Problem solving is an essential skill in engineering. This skill requires more than simply 
memorizing information; the ability to understand when and how this knowledge should be 
applied is critical to solving problems successfully. The construct of adaptive expertise (AE) can 
be used to define the specific cognitive skills involved [1-2]. An adaptive expert can be described 
as an individual who can solve a novel problem by adapting and “stretching” their knowledge in 
new situations [3-4].  

While the importance of adaptive expertise in engineering is generally agreed upon [5-8], there is 
some debate about how to characterize the multiple facets of adaptive expertise [1,9]. Specific 
attitudes and cognitive skills are often attributed to adaptive experts. In 2001, Fisher and 
Peterson [2] developed a model around attitudes toward continuous learning and epistemology, 
as well as metacognitive skills. Pierrakos et al. [8] proposed a modified version of the Fisher and 
Peterson model by adding the constructs of innovation and conceptual understanding, while 
Ferguson et al. [10] added self-efficacy and resilience. Bransford et al. [11] proposed an AE 
model where innovation and efficiency were two orthogonal dimensions, with novices at the 
lower end of both scales and adaptive experts at the higher end of both scales.  

The framework adopted for this study is the original model by Fisher and Peterson [2], which 
decomposes adaptive expertise into four distinct constructs: (1) multiple perspectives, (2) 
metacognition, (3) goals and beliefs, and (4) epistemology. The “multiple perspectives” (MP) 
construct characterizes a willingness to use a variety of representations and approaches to 
analyze and solve problems. Metacognition (META) characterizes a self-awareness of one’s own 



learning and level of comprehension. The “goals and beliefs” (GB) construct characterizes a 
willingness to embrace challenge as an opportunity for growth (growth mindset). Epistemology 
(EPIST) characterizes a recognition of knowledge as an evolving entity and the importance of 
continuous learning. 

From this framework, a 42-item survey instrument was developed and validated to measure and 
track AE along the four dimensions defined above. Measuring AE levels across various 
populations, e.g. engineering students vs. working professionals, could provide insight into how 
adaptiveness progresses over time and eventually how targeted activities can be designed to 
develop these types of cognitive skills in our engineering students.  

Currently there is very limited data on AE measurements of any population. In this study, we aim 
to establish baseline measurements of these dimensions by collecting and analyzing survey data 
from first-year students in STEM fields over multiple years. This research is conducted in 
conjunction with an NSF S-STEM program aimed to support our limited income students 
through scholarship, mentorship, and workshops centered around AE. Accordingly, we are 
specifically interested in studying differences in adaptiveness between students with and without 
limited-income status. We are also interested in studying differences in adaptiveness between 
men and women. 

Methods 

All first-year students at Stevens Institute of Technology are required to participate in subject 
pool activities as a part of their core humanities courses. Starting in Fall 2021, the adaptive 
expertise survey by Fisher and Peterson was offered as an option to fulfill this requirement. A 
total of n=645 participated in this survey in Fall 2021 and n=620 in Fall 2022. Only students in 
STEM majors are included in this study. Demographic information of the survey participants is 
provided in Table 1 below. As seen in Figure 1, the distribution of gender and income status of 
the survey participants from both years are similar.  

 

Table 1. Demographic Information for Survey Participants 

Year n Men Women Non-
binary 

Low 
Income 

Non-Low 
Income 

Fall 2022 620 382 221 17 94 526 
Fall 2021 645 409 217 19 127 518 

 



   

Figure 1. Gender breakdown (left) and income status breakdown (right) of survey participants 
from the F21 and F22 cohorts.  

The full set of 42 survey questions is included as an appendix. Students are asked to respond to 
each question using a 6-point Likert scale ranging from 1 (strongly disagree) to 6 (strongly 
agree). Survey items are a mix of positively and negatively worded questions, which are then 
appropriately factored into the calculation of an average score along each of the four dimensions 
of adaptive expertise: (1) multiple perspectives – MP, (2) metacognition – META , (3) goals and 
beliefs – GB, and (4) epistemology – EPIST. 

Results and Discussion 

Average scores along each of the four AE dimensions are compared for incoming students in Fall 
2021 (F2021) and Fall 2022 (F2022). Results are in a similar range to that of the Fisher and 
Peterson (FP) study, as seen in Figure 2 below. Similar trends in relative subscale scores are also 
observed across all three cohorts. In each cohort, students scored highest in the EPIST subscale 
and lowest in the MP and GB subscales. These consistencies between separate cohorts are 
promising for establishing baseline measurements for each subscale among first-year students.  

A statistical analysis comparing the F2021 and F2022 cohorts, however, revealed that differences 
in average scores between the two cohorts were statistically significant along all AE subscales, 
except the GB subscale, as shown in Table 2. It is unclear what these differences could be 
attributed to, as the two cohorts are similar in demographic makeup (see Table 1) and academic 
background (all first-year STEM students). It is also difficult to make meaningful conclusions 
from just two data points; data from additional cohorts will be necessary to understand the 
typical range of variation in average scores along each subscale. 



 

Figure 2. Average score in each AE subscale and overall AE score for incoming cohorts of Fall 
2021 and Fall 2022 in this study, compared with first-year engineering students from the Fisher 

and Peterson (FP) study in spring 2000. 

 

Table 2. Comparison of AE scores for the Fall 2021 and Fall 2022 cohorts 

  F2021 (n=645) F2022 (n=620) T-Test 
  Mean SD Mean SD t-value p-value 
MP 3.898 0.544 3.816 0.540 2.690 0.007 
META 4.240 0.597 4.145 0.592 2.816 0.005 
GB 3.935 0.559 3.891 0.551 1.413 0.158 
EPIST 4.383 0.597 4.308 0.620 2.179 0.029 
AE (overall) 4.093 0.438 4.019 0.424 3.018 0.003 

 

  



Differences in adaptiveness by gender 

Average scores for men and women are shown in Table 3 and Figure 3 below. Due to the small 
sample size, non-binary student data are not shown here. In both first-year cohorts, significant 
differences were observed in three of the four subscales (MP, META, and EPIST), where women 
scored significantly higher than men. Women scored lower than men in the GB subscale in both 
cohorts, but this difference was significant for only the F2022 cohort.  

We will continue to track whether women score significantly lower than men in this GB subscale 
with future cohorts, as this trend could have implications in targeting women with activities that 
develop and encourage a growth mindset. 

Table 3. Comparison of AE scores for the Fall 2021 and Fall 2022 cohorts, by gender 

Fall 2021 Men (n=409) Women (n=217) T-Test 
  Mean SD Mean  SD t-value p-value 
MP 3.849 0.528 3.984 0.562 -2.971 0.003 
META 4.185 0.597 4.335 0.588 -3.004 0.003 
GB 3.959 0.583 3.878 0.505 1.726 0.085 
EPIST 4.330 0.586 4.460 0.601 -2.618 0.009 
AE (overall) 4.063 0.442 4.137 0.425 -2.016 0.044 

 

Fall 2022 Men (n=382) Women (n=221) T-Test 
  Mean SD Mean  SD t-value p-value 
MP 3.762 0.526 3.910 0.560 -3.243 0.001 
META 4.086 0.572 4.240 0.613 -3.098 0.002 
GB 3.939 0.557 3.805 0.525 2.918 0.004 
EPIST 4.256 0.622 4.377 0.609 -2.326 0.020 
AE (overall) 3.996 0.424 4.055 0.425 -1.651 0.099 

 



 

 

Figure 3. Average score in each AE subscale and overall AE score for men and women from the 
incoming cohorts of F2021 (top) and F2022 (bottom). Significant differences indicated with (*). 

 

  



Differences in adaptiveness by income status 

Average scores for each AE subscale are compared between low income (LI) students and non-
LI students in Table 4 and Figure 4. The trends vary considerably between the two cohorts, 
F2021 and F2022. In the F2021 cohort, LI students scored lower in all AE subscales, but 
significantly lower in the MP and EPIST subscales, as well as overall AE score. In the F2022 
cohort, however, no significant differences were observed in any AE subscale or overall AE 
score. In fact, LI students scored slightly higher in the MP and META subscales.  

These seemingly contradictory results indicate that there may be large variation in the LI student 
population from year to year, and further analysis of the various backgrounds and sub-groups 
within this student population may be required to draw meaningful conclusions. 

Table 4. Comparison of AE scores for the F2021 and F2022 cohorts, by income status 

Fall 2021 Low-Income 
(n=127) 

Non-Low 
Income (n=518) T-Test 

 Mean  SD Mean  SD t-value p-value 
MP 3.818 0.489 3.918 0.554 -2.012 0.045 
META 4.206 0.560 4.244 0.605 -0.683 0.495 
GB 3.871 0.524 3.945 0.563 -1.400 0.163 
EPIST 4.242 0.576 4.423 0.597 -3.146 0.002 
AE (overall) 4.014 0.395 4.111 0.444 -2.413 0.017 

 

Fall 2022 Low-Income 
(n=94) 

Non-Low 
Income (n=526) T-Test 

 Mean  SD Mean  SD t-value p-value 
MP 3.835 0.581 3.812 0.533 0.367 0.714 
META 4.171 0.626 4.140 0.586 0.469 0.639 
GB 3.853 0.606 3.897 0.541 -0.724 0.469 
EPIST 4.217 0.600 4.324 0.622 -1.536 0.125 
AE (overall) 3.998 0.454 4.023 0.419 -0.518 0.605 

 

  



 

 

Figure 4. Average score in each AE subscale and overall AE score for low income (LI) and non-
LI students from the incoming cohorts of F2021 (top) and F2022 (bottom). Significant 

differences are indicated with (*). 

 

  



Conclusions and Future Work 

Results from this study are being used to slowly build up sufficient data to establish baseline 
measurements of adaptive expertise among first-year students in STEM majors, with the broader 
goal of eventually understanding how adaptiveness progresses over time and how it can be 
cultivated in our students. Relative baseline measures between the four AE subscales are starting 
to take form, where average scores for the MP and GB subscales are consistently the lowest and 
average scores for the EPIST subscale are consistently the highest.  

Additional work is needed in understanding the roles that gender and income status play on 
adaptiveness in STEM students. Women appear to outperform men in the MP, META, and EPIST 
subscales, but score lower in the GB subscale. No clear trend has emerged among low income 
and non-low income students in any of the four AE subscales. Because the results for these 
student groups varied considerably from one year to the other, this could indicate a need for 
further breakdown of the student groups or simply that there is a large variation of adaptiveness 
among the LI and non-LI groups. 

Future work includes measuring adaptiveness in subsequent incoming cohorts, as well as 
tracking adaptiveness in students as they progress through the degree program. Tracking growth 
in the four AE dimensions as students move toward graduation will also be helpful with 
establishing baseline measurements. 
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Appendix A. Fisher-Peterson Adaptive Expertise (AE) Survey (Fisher, 2001) 

Survey administered using a six-point Likert scale with the order of items scrambled. Note that 
items marked (*) and in italics denote “negative” items where “strongly disagree” would 
correspond to the characteristics of an adaptive learner. 

Table A1. Fisher-Peterson Adaptive Expertise (AE) Survey items grouped by construct. 

 

 


