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Abstract: Higher-order thinking skills are important for K-12 students’ long-term success. 
However, the lack of widely administered assessments designed to capture this construct has 
made it difficult to measure higher-order skills at scale. This paper examines the measurement 
properties of an approach to capturing higher-order skills using extant statewide standardized 
testing data. We use item-level data from Massachusetts’s English Language Arts exams for over 
two decades (2001 to 2023) and pair this with a novel coding which flags whether an item 
captures higher-order skills based on the Webb’s Depth of Knowledge framework. Overall, we 
find that this is a challenging approach for separating out higher-order from lower-order skills 
because state assessments were designed to measure unidimensional constructs. However, there 
are some cases where the data do appear to distinguish higher-order from lower-order skills in 
testing years prior to the introduction of Common Core-aligned assessments. Data from these 
grade-years could be used to isolate and study higher-order skills. However, we encourage 
researchers to proceed with caution when relying on this approach and to also pursue alternative 
avenues to measuring these important skills.     
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Introduction 
 Higher-order thinking skills (“HOTS”)—meaning analytical, reasoning, and problem-
solving abilities—are important for K-12 students’ long-term success and are likely to become 
even more valuable as the use of artificial intelligence becomes more ubiquitous. Despite the 
value of these skills, researchers have struggled to study HOTS at scale for broad, representative 
populations of students over extended periods of time. Prior efforts to capture HOTS have faced 
critical limitations, including a lack of widescale assessments that include a sufficient number of 
items measuring HOTS, unrepresentative samples, and brief years of test administration. One 
underexplored approach involves using statewide standardized exams administered at scale, 
directly coding individual assessment items based on the extent to which they assess higher-order 
thinking, and pairing these codes with student item-level performance data to create a measure of 
higher-order thinking skills. 
 This paper investigates the psychometric validity of such an approach. In particular, we 
use test item-level data from the statewide assessment used for accountability purposes in 
Massachusetts from over two decades (2001 to 2023) across two testing regimes—before and 
after the exams were aligned with the Common Core state standards. We generate a novel coding 
of all publicly available English-Language Arts (ELA) standardized assessment items that flags 
whether each item captures HOTS and pair the coding with student item-level performance 
information. We then test whether supporting validity evidence exists for using the measure to 
capture HOTS and differentiate them from lower-order thinking skills (LOTS). More 
specifically, we compare a series of measurement models designed to test different assumptions 
about the items coded as capturing HOTS. After identifying whether the use of models 
distinguishing HOTS from LOTS can be supported, we examine the models’ characteristics and 
explore how well HOTS scores predict educational attainment outcomes as a form of predictive 
validity evidence. 
 The results indicate that using pre-existing statewide data to capture higher-order thinking 
is challenging, though not impossible depending on the test regime. Substantial evidence 
supports the use of a unidimensional measurement model in both pre- and post-Common Core-
aligned testing regimes. This makes sense given these tests were designed to primarily capture a 
unidimensional construct of ELA ability. More cognitively demanding assessments, such as the 
Common Core-aligned “MCAS 2.0” assessments in Massachusetts include a larger share of 
items capturing HOTS and therefore likely—as a whole—better reflect HOTS than earlier 
assessments with a lower share of HOTS items. However, these MCAS 2.0 assessments do not 
provide a good source of information for distinguishing HOTS from LOTS because 
measurement models suggest the assessments are unidimensional. Even the pre-Common Core-
aligned “MCAS 1.0” assessments are often not a good source of information for distinguishing 
HOTS from LOTS as they also are often unidimensional. However, some grade-year results do 
allow for differentiation between HOTS and LOTS when using the pre-Common Core 
assessments, suggesting these data can be used to study and compare HOTS and LOTS. Our 
work therefore shows both the possibility of using administrative data to distinguish higher-order 
from lower-order skills at scale along with key challenges and limitations researchers should 
consider before moving forward with such an approach. 
 
What Are Higher-Order Thinking Skills? 

We define “higher-order thinking skills (HOTS),” sometimes called “critical thinking 
skills,” as any form of systematic thinking involving an individual’s ability to make a claim or 
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take a task, identify evidence or data that are relevant to the claim/task, and provide an 
evaluation, judgment, or solution. While consensus on the precise definition has remained 
elusive in the field (Alexander, 2023), this definition synthesizes key features across a wide array 
of frameworks that have been used for thinking about these types of skills (e.g., Bloom et al., 
1956; Facione, 1990; Hess et al., 2009). Some scholars refer to “higher-order skills” as an 
umbrella term covering 21st-century skills such as non-cognitive, social-emotional, teamwork, 
and abilities (e.g., Deming, 2022). Although these skills are undoubtedly important, the intra- or 
inter-personal components (e.g., grit and social skills) operate somewhat distinctively from the 
thinking skills (Koenig, 2011), leading to our focus here on the analytical, reasoning, and 
problem-solving aspects. 
 Scholars further debate the degree to which higher-order skills represent general or 
domain-specific skills. Although one extreme conceptualizes higher-order thinking as a 
generalizable skill applicable to any domain like history or science, researchers rarely take such a 
position. Instead, scholars tend to fall somewhere on a continuum between viewing HOTS as 
general skills that require prior foundational domain knowledge to fully demonstrate higher-
order thinking (e.g., Facione, 1990) and conceptualizing each domain’s higher-order thinking as 
entirely separate from other domains, for example, distinct history higher-order skills from 
science higher-order skills (e.g., Willingham, 2008). These theoretical debates have implications 
for the actual measurement of higher-order thinking, shaping whether the construct is represented 
as a generalizable skill or tied to the foundational domain knowledge. 
 
Why Study Higher-Order Thinking Skills In K-12 Schools? 
 Higher-order thinking skills appear increasingly important for economic and civic 
success in adulthood. Descriptive research suggests that these competencies are in high demand 
in the labor market as compared to more routine cognitive tasks (“lower-order thinking skills”, or 
LOTS) or manual skills (Autor, Levy & Murnane, 2003; Deming, 2017; Deming 2022), and are 
associated with a wage premium (Autor & Handel, 2013; Deming & Kahn, 2018) that has 
increased over time (Liu & Grusky, 2013). Furthermore, scholars point to the development of 
HOTS, particularly as it relates to civic reasoning, as uniquely important for ensuring equitable 
participation in the political process (Gutmann, 1999; Stitzlein, 2021). HOTS could also 
influence voter turnout simply by promoting educational attainment, one of the most consistent 
predictors of civic participation (e.g., Campbell, 2006; Gilens & Page, 2014). 
 K-12 schooling presents a key opportunity to shape individuals’ HOTS. Individuals 
develop HOTS through explicit instruction of thinking principles, immersion in thought-
provoking content, or a mixture of both (Abrami et al., 2008; 2015). While this developmental 
process may happen outside of school contexts, K-12 schools provide many structured 
opportunities to support higher-order thinking development through regular and advanced 
coursework, extracurricular activities, and more (e.g., Schueler & Larned, 2023). Therefore, it is 
important to measure HOTS during the K-12 years, when schools still have the opportunity to 
shape these skills. Unfortunately, it has been challenging for researchers to generate knowledge 
about K-12 students’ HOTS at scale. 
 
 The Challenges of Examining Higher-Order Thinking Skills at Scale 
 Generating knowledge about HOTS—such as identifying average levels of HOTS among 
K-12 students, differences in HOTS between groups, the equitable or inequitable distribution of 
HOTS, and how educational systems could best promote HOTS—requires a K-12 HOTS 
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measure systematically administered across subgroups to wide populations of interest. However, 
assessments designed to capture HOTS have largely not been administered to broad, 
representative samples of K-12 students. Exams that are administered widely (e.g., statewide or 
nationally) do not typically capture HOTS. Scholars recommend that for a whole assessment’s 
scores to accurately capture the HOTS construct, 50% or more of the items should measure 
HOTS (Darling-Hammond et al., 2013). Nationally representative exams—such as the National 
Assessment of Educational Progress (NAEP), Programme for International Student Assessment 
(PISA), Progress in International Reading Literacy Study (PIRLS), or Trends in International 
Mathematics and Science Study (TIMSS)—do not meet the 50% HOTS items threshold 
guideline (Yuan and Le, 2014; Herman et al., 2016), so scores generated from the overall 
assessment would not sufficiently capture HOTS. Other policy-relevant exams such as the 
Preliminary SAT (Esdale, 2021), SAT, ACT (Christopherson and Webb, 2018), International 
Baccalaureate (IB, Yuan and Le, 2014), and Measures of Academic Progress (MAP, Gareis et al., 
2021) similarly include only a minor fraction of items measuring HOTS and are not always 
available for representative samples. Prior scholarship finds that the more widely administered 
state assessments used for accountability purposes in the U.S. also do not consistently include 
50% of items capturing HOTS (Yuan and Le, 2012; Doorey and Polikoff, 2016). One exception 
that does meet the recommended threshold for share of HOTS items are the ELA Advanced 
Placement (AP) Exams. However, AP exams are administered to an unrepresentative population 
of disproportionately advantaged students who attend schools with access to AP coursework and 
exams (Iatarola et al., 2011) and who self-select to participate. Other assessments likely meeting 
the 50% criterion (see Liu et al., 2014 for a review), have been predominantly administered in 
isolated, postsecondary educational contexts. 
 To be clear, though assessments designed to capture HOTS have historically largely not 
been administered to broad, representative samples of K-12 students, Common Core State 
Standard (CCSS) aligned statewide assessments offer one effort to capture higher-order thinking 
on a wider scale. CCSS, and its aftermath, represented a shift in the rigor of state academic 
standards (Peterson et al., 2016). Unlike the previous No Child Left Behind-era assessments, 
which had very few items capturing HOTS (Yuan and Le, 2012), contemporary, CCSS-aligned 
statewide assessments offer a substantial increase in the cognitive demand relative to earlier pre-
Common Core testing regimes (Appendix Table 1). Though the 50% threshold is often still not 
met, the test regime under examination changes how far away the assessment is from the 
threshold. The adoption of more cognitively demanding assessments may make it easier to study 
HOTS going forward in states that are administering such exams today.  

A second challenge is that higher-order thinking assessments are not typically 
administered longitudinally, limiting the ability to examine changes in higher-order skills or 
policy impacts over time. Assessments that do include a majority of items capturing HOTS such 
as portfolio- and performance-assessments (e.g., Koretz et al., 1996) or the Partnership for 
Assessment of Readiness for College and Careers (PARCC, Doorey and Polikoff, 2016) have 
been only briefly implemented. Researchers further document a range of measurement (Koretz et 
al., 1994), cost (Chingos, 2013), and political challenges (Jochim and McGuinn, 2016) that have 
since led to the discontinuation of dedicated K-12 HOTS assessments administered at scale. As a 
consequence, the ability for researchers to understand higher-order thinking outside of brief 
administration periods or the impacts of educational interventions on HOTS over time is limited. 
These collective challenges of largely no systematic, longitudinal administration of HOTS 
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assessments have led researchers to seek alternatives to using standalone assessment results to 
study HOTS. 

Some scholars have attempted to measure higher-order skills using subsets of information 
available from large-scale assessments to draw conclusions about our educational systems, but 
the evidence for the validity of this approach is currently limited. For example, researchers have 
made use of information found in large-scale assessments to proxy for HOTS. These proxies 
include leveraging scores from pre-existing assessment subscales (e.g., Problem Solving) or 
generating scores for items already classified under the same topic/standard (e.g., Data Analysis) 
or item format (e.g., open-ended questions). Another possibility could be leveraging item 
difficulty as an indicator of whether an item captures higher-order thinking (Yuan and Engelhard, 
2023). The appeal of such approaches lies in the ability to retroactively make use of pre-existing 
information commonly available in administrative datasets that could theoretically be applied to 
any national or state context over long periods of time. Using information found in large-scale 
assessments, scholars have asserted conclusions on several salient educational topics such as 
accountability policies (Jacob, 2005), teacher value-added (Lockwood et al., 2007; Papay, 2011), 
charter schools (Cohodes, 2016), extracurricular activities (Schueler & Larned, 2023) and 
educational inequality (Mitani, 2021). However, these strategies have tended to be deployed 
without an accompanying thorough examination of the validity of the measurement approach. 

There are good reasons to suspect that the validity of such attempts to use a particular 
subscale, standard, or item format as a proxy for capturing HOTS should be carefully examined 
rather than taken as a given. One issue is that these proxies may come from assessments 
designed to capture a unidimensional construct, such as the PISA mathematics exam designed to 
assess mathematics literacy (e.g., Schleicher, 2024). This introduces a challenge of attempting to 
extract dimensionality from something designed to capture a single construct (Liu et al., 2018). 
Another potential challenge is that these proxies may not always meet the guidelines to 
justifiably capture HOTS. For example, Mitani (2021) uses the “Reasoning” subscale of the 
TIMSS, which consists of 20-25% of the assessment items (Philpot et al., 2021), as a measure of 
HOTS. However, Yuan and Le (2014) document that only 2% of TIMSS items capture HOTS: it 
is therefore not possible mathematically for the “Reasoning” subscale to be made up of a 
majority of items that capture HOTS1. Various standards or topics on four statewide ELA 
assessments that have been studied range from 0% to 67% (Wixson et al., 2002), and 0-6% on 
the ACT and SAT (Christopherson and Webb, 2018). Item format, particularly open-ended 
response items, may range from 0% capturing HOTS all the way to 100% but is completely 
dependent on the state and grade contexts (Yuan and Le, 2012, 2014; Christopherson and Webb, 
2018). Therefore, there remains a need to examine evidence of validity for these approaches to 
capturing HOTS. 
 
Examining a Subscore Approach to Capturing Higher-Order Thinking Skills at Scale 

One related but underexamined approach to capturing higher-order skills at scale may 
resolve the previously outlined concerns: using assessments administered to broad, 
representative statewide populations, directly coding individual test items on whether they 
capture higher-order and lower-order thinking skills, and pairing the coding with student item-
level responses to create subscores of both HOTS and LOTS. In essence, researchers could 
examine each item found on these large-scale assessments (e.g., statewide standardized exams 

 
1 If all 2% of TIMSS items were under the “Reasoning” subscale, this would leave the remaining “Reasoning” items 
as lower-order thinking skills. This would represent (2/25), or 8%, of the “Reasoning” subscale capturing HOTS. 
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used for accountability purposes in all states) and determine whether the items reflect lower- or 
higher-order thinking. Then, using data that contain students’ item-level responses, researchers 
could compute how well students perform on higher-order items and lower-order items. This 
approach has the potential to address previously described challenges. The resulting HOTS and 
LOTS subscores that this approach would allow researchers to calculate would be available for 
statewide samples of students over long periods of time. Furthermore, if viable, such an approach 
could work in any context where both assessment item content and student performance on 
individual items are available—in theory, higher-order thinking could be examined in nearly any 
state or national context either in the present-day (Common Core-aligned assessments) or the 
past (No Child Left Behind-aligned assessments). Although the approach sounds appealing, 
scholars have not yet rigorously examined evidence for the validity of such an approach. For 
example, most achievement tests are assumed to be unidimensional and are specifically designed 
to assess a unidimensional construct (e.g., reading ability). Dividing such assessment items into 
HOTS and LOTS subscores could pose fundamental measurement issues, so a range of 
psychometric analyses are required to determine whether validity evidence supports their use for 
distinguishing HOTS from LOTS.  

 Therefore, in this paper, we investigate whether coding statewide assessment items on 
whether they capture higher-order skills to create a HOTS subscore can be supported by the 
psychometric evidence. We code Massachusetts’s ELA assessment items from 2001 to 2023, 
including multiple testing regimes, and pair that coding with item-level student performance data 
to create a higher-order (and lower-order) thinking skills subscores. We examine whether 
supporting measurement validity evidence exists for the intended use of distinguishing HOTS 
from LOTS and generating knowledge about K-12 students’ HOTS by: 1) establishing initial 
benchmarks of the strength of validity evidence for unidimensionality, 2) comparing 
measurement models designed to test different assumptions about items coded as capturing 
HOTS, and 3) examining characteristics of the best-fitting multidimensional measurement 
models. These efforts collectively allow us to address the following research questions: 

1. What supporting validity evidence, if any, exists for the coding of state assessment items 
on whether they measure higher-order thinking skills and pairing that coding with 
performance data to capture higher-order thinking skills at scale? Does the evidence 
differ by test regime (i.e., pre- versus post-Common Core alignment)? 

2. Does a higher-order thinking skills subscore generated through this process show 
additional desirable model characteristics, such as high factor loadings or the ability to 
predict later outcomes like educational attainment, that support its use for capturing 
higher-order skills? 

 
Materials and Methods 

Massachusetts Statewide Achievement, Attainment, And Demographic Data 
We use publicly-available statewide data from Massachusetts on 3rd-8th & 10th grade 

student test item-level responses covering the 2000-01 to 2013-14 school years as well as the 
2016-17 to 2022-23 school years.2 We shorten school years to the spring year of the academic 
year for the remainder of the paper (e.g., we refer to the 2022-23 school year as 2023). The 
results are for the statewide exams used for school accountability purposes—the Massachusetts 
Comprehensive Assessment System (MCAS)—and therefore cover nearly all students in tested 

 
2 Massachusetts temporarily switched to the PARCC exam in the 2015 and 2016 school years, and the state does not 
publicly release those data. In addition, there is no testing data for the 2019-20 school year because of Covid-19. 
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grades in the state. We focus on results for the English-Language Arts (ELA) MCAS exams after 
finding that this subject had a greater concentration of items that capture higher-order thinking 
compared to other subjects (we describe this determination in more detail below). Data are at the 
student level but are anonymized and cannot be linked at the student level over time. These 
performance data are linked to information on the grade, year, modality (paper versus online), 
and session (students were randomly placed into different partially administered assessments 
groups in 2021 due to Covid-19). In total, there are 133 different assessment grade-year-
modality/session combinations. The state provides the scoring for all of the possible responses to 
each item. Responses are ordinal categorical, featuring an “incorrect or correct” designation for 
the multiple choice items or a summarized judgment of a students’ response (e.g., minimal 
understanding or exemplary understanding) for the open response items. The data contain over 
200 million individual item responses and 9 million student-grade-year observations with 
approximately 70,000 students per grade-year combination (e.g., 3rd graders in 2001).  

The data also includes information on school-level high school graduation and 
postsecondary enrollment rates for 9th grade cohorts from Spring 2003 through 20173. While we 
are unable to link students to themselves across years, a public student-level dataset contains 
information on the school each student attends4, which can be paired with public data on each 
school’s annual graduation and postsecondary enrollment rates. The graduation data features 
information on the school’s 9th grade cohort in a particular year (e.g., the 2003 cohort would start 
9th grade in Spring 2003 and be expected to graduate high school in Spring 2006 if they 
progressed on time). The data includes 9th grade cohort student count and graduation rate within 
4-years5 after accounting for transfers in and out of the school6. The postsecondary enrollment 
data include the number and percentage of graduates that enrolled in higher education within 16 
months (and whether it was in a 2- or 4-year and public or private institution). To create a cohort-
based rate of postsecondary enrollment within 16 months (instead of just high school graduates), 
we divide the school’s number of graduates that enroll in postsecondary institutions within 16 
months by the school’s number of students in the corresponding 9th grade cohort. Since 9th grade 
students do not typically take statewide ELA assessments, we link the graduation and 
postsecondary data to the school’s equivalent 10th grade cohort (Spring 2004 10th grade cohort 
would use their school’s Spring 2003 9th grade graduation and postsecondary enrollment rates).  

A separate dataset also features demographic information available at the student level 
that contains the student-level performance data (but not the school a student attends). Table 1 
describes the demographic breakdown across all years and over time. The racial composition of 
the sample is 6% Asian, 9% Black, 16% Hispanic, 66% White, and 3% as Native, Pacific 
Islander, or Mixed. The socioeconomic breakdown is 35% economically disadvantaged 

 
3 After this year, the public data changes to a different measure of high school graduates by March and is no longer 
comparable to previous years. 
4 This dataset is essentially identical to the previously described dataset except no demographic information is 
available. To preserve anonymity, Massachusetts offers two publicly available datasets: one with students’ 
demographic information but no school- or district-level information, or one with students’ school- and district-level 
information but no demographic information. 
5 Massachusetts also reports out a 5-year graduation rate. 
6 Massachusetts features a version of graduation rate that does not account for any transfers in and out of the school. 
Our preferred version is the one described in the text—4-year graduation rates after accounting for transfers in and 
out of the school—but our later analyses do robustness checks on all versions. 
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students7. The student gender breakdown is 51% Male and 49% Female, the special education 
population is 18%, and the English Language Learner composition is 7%. The percentage of 
non-White, economically disadvantaged, special education status, and English Language Learner 
students gradually increased over the two decades in Massachusetts. 

 
Higher-Order (and Lower-Order) Thinking Skills Data 
Coding Process 

We merge the statewide data on test item performance with an original dataset for which 
we manually coded whether or not each ELA test item captures higher-order thinking skills. 
Webb’s (2002) Depth of Knowledge (DOK) framework forms the basis for our coding. While 
alternative frameworks (e.g., Bloom’s Taxonomy) exist for conceptualizing and operationalizing 
higher-order thinking, Webb’s framework is appealing from a policy researcher perspective. 
DOK is a common method of assessing cognitive demand (Martone and Sireci, 2009) that is still 
used in designing assessments across multiple large-scale contexts, ranging from 26 states’ 
accountability exams8 (Appendix Table 1) to NWEA’s Measures of Academic Progress (MAP) 
Growth. Furthermore, scholars applied DOK as the key criterion—50% or more of an 
assessment should consist of items that measure HOTS—for determining whether assessments 
adequately captured higher-order thinking skills (Darling-Hammond et al., 2013). Beyond the 
broad implications outside of Massachusetts, the framework closely maps onto our conception of 
higher-order thinking skills centered on analytical, reasoning, and problem-solving skills. DOK 
includes the following four levels: 

• DOK 1 - Recall/Reproduction: “Recall of a fact, term, principle, concept, or perform a 
routine procedure.” 

• DOK 2 - Skills/Concepts: “Use of information, conceptual knowledge, select appropriate 
procedures for a task, two or more steps with decision points along the way, routine 
problems, organize/display data, interpret/use simple graphs.” 

• DOK 3 - Strategic Thinking: “Requires reasoning, developing a plan or sequence of steps 
to approach problem; requires some decision making and justification; abstract, complex, 
or non-routine; often more than one possible answer” 

 
7 The definition of economically disadvantaged has changed over time in Massachusetts. The original definition 
from 2001 to 2014 consisted of whether a student was eligible for free-reduced price lunch. In the 2011-2012 school 
year, the U.S. Department of Agriculture introduced the Community Eligibility Provision, which allowed all 
students in schools/districts with high concentrations of low income students to receive free meals—as a 
consequence, data on free-reduced lunch eligibility became less available as more schools and districts adopted the 
Community Eligibility Provision. In the 2014-2015 school year, the state shifted to “economically disadvantaged,” 
which flags a student as economically disadvantaged if the student participates in the Supplemental Nutrition 
Program, the Transitional Assistance for Families with Dependent Children, the Department of Children and 
Families’ foster care program, or Medicaid. Finally, on top of the previously mentioned components of economically 
disadvantaged, starting in the 2021-2022 school year, Massachusetts further added a supplemental data collection 
form to identify students that meet the 185% of federal poverty level threshold but were not identified under the 
previous criteria. Massachusetts also included students that were reported by the district as “homeless” as part of 
their economically disadvantaged definition. 
https://www.doe.mass.edu/infoservices/data/ed.html (2001-2021 Information). 
https://www.doe.mass.edu/infoservices/data/sims/redefining-lowincome.html (2022-2023 Information). 
8 We examined the test blueprints for each state context (or assessment consortium), documenting whether DOK was 
embedded in the design of the assessment. 
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• DOK 4 - Extended Thinking: “An investigation or application to real world; requires time 
to research, problem solve, and process multiple conditions of the problem or task; non-
routine manipulations, across disciplines/content areas/multiple sources” 
DOK serves as a useful approach because the framework describes the type of thinking 

required of students to interact with a particular test item. DOK levels 3 and 4 both encompass 
key features of higher-order thinking (e.g., “reasoning,” “requires time to research, problem 
solve”). Therefore, we coded each individual ELA test item on a 1-4 DOK scale, flagging items 
with a rating of 3 or 4 as likely to capture higher-order thinking. We coded a total of 3,570 ELA 
assessment items. This represented the full universe of ELA items administered from 2001 to 
2023 for which Massachusetts made the text of the items themselves publicly available. The item 
text was always available from 2001 to 2008 and for 10th grade assessments but not always for 
other grade-years. Overall, 46% (1,835/3,977) of 3rd-8th grade assessment items between 2009 to 
2023 were not released publicly, so they were not coded here—we tackle this issue more in-
depth during our validity checks but conclude that released items are representative of the full 
universe of ELA items on numerous observable dimensions. 

To determine item DOK levels, the coders read through the text of each item carefully 
and leveraged Hess’s cognitive rigor matrix (2009), which provides a detailed set of descriptions 
of items at each DOK level, to locate an item description that matched the item and then record 
the corresponding DOK level. We provide this matrix in Appendix Figure 1. We also provide 
illustrative contrasting example items. Appendix Figure 2 contains a reference to a passage as 
well as one item we coded as DOK level 1 (top) because it asks students to apply standardized 
rules to identify the part of speech, and another item we coded as DOK level 3 (bottom) due to 
the requirement students provide a characterization with supporting textual evidence. Appendix 
Figure 3 shows a completely different passage reference with one item we coded as DOK level 2 
(top) because it asks students to summarize the information, and another item we coded as DOK 
3 (bottom) because the item asks to analyze the author’s craft, specifically the rationale for the 
use of a literary device. 

A trained research assistant (RA) double coded items with a lead coder—the first author 
of this paper, who brought previous training in DOK coding as a K-12 teacher along with topical 
expertise—until the RA and lead coder achieved a 90% agreement rate across 267 items from 10 
assessment combinations in different grades and years. The RA then coded the rest of all the 
items, and the lead author randomly double-coded 33% of those remaining items. The team met 
weekly to resolve questions and discrepancies in coding, formalize decisions into a coding guide 
document, and if needed, escalate questions or discrepancies to the second author for resolution. 
The overall agreement rate was 90.6% and even higher for whether items were classified as 
DOK 3 or 4 (HOTS) at 95.5%. The final coding rate of items capturing HOTS aligns with 
findings from other scholars that coded a subset of Massachusetts’s ELA assessments for DOK 
(Yuan and Le, 2012; Doorey and Polikoff, 2016). 

 
Coding Results 

Our item coding revealed that these pre-existing assessments across both grades and 
years possessed sufficient variation in the extent to which they captured higher-order (versus 
lower-order) thinking for us to further examine validity evidence for using our approach to 
measure HOTS and compare them with LOTS. Table 2 documents the results of the coding for 
each grade over time. Every grade-year combination included at least some items that captured 
HOTS, but no assessment combination had at least half of the items classified as HOTS. We 
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show that across all grades and years, an average of 19% of items were coded as HOTS (sum of 
items coded DOK 3 or DOK 4). The grade-by-grade average ranged from 9% to 24% of items 
coded as HOTS, and the year-to-year average ranged from 11% to 35% of items coded as HOTS. 
As a reminder, we do not observe data from the Common Core-aligned PARCC assessments that 
were administered in two years between the MCAS 1.0 era and the transition to MCAS 2.0. 
However, we do observe multiple years in both the MCAS 1.0 and MCAS 2.0 periods. We 
document a substantial increase in the share of items assessing HOTS that emerged with the 
introduction of the MCAS 2.0 (Appendix Figure 4). Table 3 shows that the percentage of HOTS 
items in MCAS 1.0 is 17% but jumps up to 28% in MCAS 2.0; the percentage of HOTS points 
on the assessment similarly increase from 35% to 53% after the shift. The change happened 
across all grades. The shift came from a reduction of DOK 1 items: an example is shown in 
Appendix Figure 5 with DOK 1 making up 21% of assessment items in 2001 (MCAS 1.0) but 
only 5% in 2023 (MCAS 2.0).  
 
Testing Various Measurement Model Assumptions 
 To explore whether there is evidence for the validity of this subscale approach to 
capturing HOTS and distinguishing them from LOTS, we begin by fitting measurement models 
using confirmatory factor analysis and assessing model fit indicators. This will help us 
understand whether models that align with the assumption that the items we have flagged as 
capturing HOTS indeed seem to measure a distinct construct or sub-construct from the items 
flagged as capturing LOTS (i.e., that the data are not purely unidimensional). The first 
measurement model is a baseline unidimensional model to which we will compare our 
multidimensional models. This first model assumes that the data are unidimensional, in other 
words, that a single ELA ability factor adequately fits the item response data. In Figure 1, we 
provide a graphical representation of (a) the unidimensional model in which all items, regardless 
of whether our team coded them as capturing HOTS or LOTS, serve as indicators of ELA ability. 
We anticipate this model will fit the data well given the state built the MCAS with 
unidimensionality in mind and the goal of capturing a single latent ELA construct.  

In Figure 1, we also provide a graphical representation of (b) the bidimensional model. 
This model assumes that our item coding allows for differentiation between HOTS and LOTS. 
The bidimensional model, sometimes called a correlated factors model, no longer includes a 
single ELA factor but instead features two distinct but related latent factors—one for higher-
order thinking skills and another for lower-order skills. Items coded as capturing HOTS are 
allowed to load onto the HOTS latent construct, while the LOTS items load onto the LOTS 
construct. The two latent factors (HOTS and LOTS) are allowed to covary, aligning with the 
theoretical conceptualizations of higher-order and lower-order thinking as skills within a broader 
domain (ELA in this case) that may depend on each other (e.g., LOTS development may be 
foundational for HOTS development). If the bidimensional model fits the data well, this would 
provide evidence that the HOTS and LOTS sets of items represent related but separate subscales 
that capture additional signal beyond a single overall factor representing ELA skills.  

The final model from Figure 1 we investigate is (c) the testlet model, a special case of the 
bifactor model (Rijmen, 2010). A bifactor model assumes that all items do indeed measure 
general ELA ability, but that there could also be lingering variation in responses for items that 
capture higher-order and lower-order thinking skills beyond the overall ELA factor. For example, 
achievement test developers often assume that math is unidimensional, but that there is 
nonetheless meaningful variation at the subtest level shared by items related to specific content 
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like fractions, decimals, negative numbers, etc. The bifactor model mirrors this assumption, 
allowing for a general factor that cuts across all items, as well as specific factors corresponding 
to subtests/skillsets like fractions. If the bifactor model fit the data well, this would be consistent 
with a conceptualization of HOTS as domain neutral. In other words, that HOTS is a 
generalizable skill not specific to academic subject (e.g., ELA, science, history) and therefore 
applicable to any domain.  

Here, we mainly focus on a special case of the bifactor model that may better align with 
our conceptualization of HOTS—the testlet model, which constrains item parameters of each 
specific factor (HOTS and LOTS) to be proportional if not equal to those from the general ELA 
factor for a given item (Li et al., 2006). That is, item parameters are invariant across dimensions. 
For example, the loading for the first item would be the same for the general (ELA) and specific 
(HOTS and LOTS) factors. In essence, the testlet model presumes each HOTS (or LOTS) item 
equally reflects HOTS (or LOTS) and a general ELA factor. 
 We employ confirmatory factor analysis (CFA) to fit each of the three measurement 
models separately for each of the 133 assessment combinations (by grade-year-
modality/session). Since we have categorical data, we employ diagonally weighted least squares 
as our estimator and obtain robust standard errors along with mean- and variance-adjusted test 
statistics through weighted least square mean and variance adjustments. We first examine the 
strength of evidence supporting a unidimensional measurement model for Massachusetts’s ELA 
assessment. To start, we establish whether the unidimensional measurement model is considered 
a “good fit” through the use of common fit statistics. Using the estimated measurement models, 
we extract the Root Mean Squared Error of Approximation (RMSEA), Standardized Root Mean 
Squared Residuals (SRMR), Comparative Fit Index (CFI), and the Tucker-Lewis Index (TLI). 
We then employ traditional cut-offs for each RMSEA, SRMR, CFI, and TLI (e.g., RMSEA < 
0.05 and CFI > 0.95) following Hu and Bentler (1999) to make that determination. Next, we 
examine whether either of our multidimensional measurement models provide evidence either in 
favor or against unidimensionality. If the correlation between HOTS and LOTS factors in the 
bidimensional model is essentially one, then the unidimensional and bidimensional model are 
essentially identical, suggesting unidimensionality. Similarly, if little to no meaningful variation 
for HOTS or LOTS remains after accounting for the general ELA factor in the testlet model, this 
would also suggest that the assessment captures a unidimensional construct. However, if 
correlations between HOTS and LOTS are not high with the bidimensional model or there is 
non-trivial lingering HOTS and LOTS variation with the testlet model, then multidimensional 
measurement models could potentially be supported. 

 
Additional Psychometric Analyses for Assessing the Validity Evidence 

We also identify additional sources of model validity evidence for the intended use of 
generating knowledge about HOTS for research, policy, and practice that could further 
substantiate the use of multidimensional models. These consist of model comparisons, factor 
loadings, and whether subscores predict future outcomes that we would expect to be correlated 
with HOTS. Comparing fit statistics across models could help provide evidence of the relative fit 
and therefore appropriateness of the unidimensional versus multidimensional models. While we 
might anticipate the model fit to improve with additional complexity, superior fit statistics across 
all RMSEA, SRMR, CFI, and TLI (i.e., lower RMSEA and SRMR as well as higher CFI and 
TLI), which account for model complexity via RMSEA and TLI (e.g., Hu and Bentler, 1999), 
would show supplementary evidence that one measurement model could better encapsulate the 
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underlying data structure. Similarly, reasonably high factor loadings would provide additional 
evidence in support of a given measurement model and the theoretical conception is represents. 
If the factor loadings of the model are relatively high, this would suggest that a strong 
relationship exists between the latent factor and the items. Conversely, if the factor loadings are 
extremely low, then perhaps the relationship may not be fully supported.  
 Finally, the extent that students’ subscores on higher-order thinking skills predict later life 
outcomes could be a meaningful piece of evidence. If the subscore positively predicts later life 
outcomes, this provides further evidence consistent with the idea that our subscore is functioning 
as intended given the prior research connecting HOTS skills and postsecondary educational 
attainment (Facione, 1990; Zahner & James, 2015). To examine whether students’ subscores on 
our HOTS measure predict later life outcomes, we generate HOTS and LOTS factor subscores 
for our multidimensional measurement models. Since we cannot link students and outcomes, we 
must use 10th grade cohorts. As described in the data section, students in 10th grade can be linked 
to their school-level graduation and postsecondary outcomes. We generate factor scores 
estimated with the default approach for categorical data—empirical Bayesian modal—for 10th 
graders. These factor subscores are standardized within cohort9. To study the association between 
standardized scores for individual students and school-level postsecondary outcomes, we 
estimate the following linear regression: 

𝑌!" =	𝛽# +	𝛽$(𝐻𝑂𝑇𝑆	𝑆𝑢𝑏𝑠𝑐𝑜𝑟𝑒𝑠%!) + 𝛽&(𝐿𝑂𝑇𝑆	𝑆𝑢𝑏𝑠𝑐𝑜𝑟𝑒𝑠%!) + 𝛿! + 𝜀%!"																	(1) 
𝑌"! represents the outcome of interest (e.g., 4-year graduation rate) for cohort t in school s. 𝛽# is 
the intercept, 𝛿! consists of cohort fixed effects to ensure outcome comparisons are made only 
within groups of students that start 10th grade at the same time10, and the 𝜀%!" represents the error 
term clustered at the school-level. We also incorporate student’s lower-order thinking, 𝛽&, in the 
model to control for those skills’ association with educational attainment and isolate the unique 
relationship between HOTS and the outcomes. 𝛽$ represents the coefficient of interest using 
student i's standardized HOTS subscore in cohort t. If the coefficient is positive and statistically 
significant, this aligns with the hypothesis that HOTS positively predict educational attainment 
outcomes, reflecting that the subscore appears to capture meaningful HOTS skills beyond the 
aspects connected to LOTS. 
 

Results 
Leveraging Extant Statewide Data to Distinguish Higher- from Lower-Order Skills Is 
Challenging, Though Not Impossible Depending On Test Regime 

Massachusetts’s unidimensional measurement model shows supporting validity across 
test regimes (pre- and post-Common Core alignment), which is not surprising given these tests 
were designed to capture a unidimensional construct of ELA ability. Table 4 describes the fit of 
the unidimensional measurement model to the data across all assessment combinations (grade-
year-modality/session), test regime (MCAS 1.0 versus MCAS 2.0), and grade. Fit statistics for 
each assessment combination across measurement models can be found in Appendix Table 2. 
The unidimensional measurement model specification, regardless of whether we use all 

 
9 Technically since our year range is from 2004-2018 for 10th graders, there is no need to standardize within 
modality or session. 
10 Since we separately estimate each assessment combination, the assessments (and characteristics) are already held 
constant. Aspects like the item difficulty are already accounted for because this analysis exclusively leverages 
student-level HOTS and LOTS variation to predict school-level educational attainment outcomes, minimizing those 
validity threats. 
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assessment combinations or only released ones, meets Hu’s and Bentler’s (1999) good fit criteria 
in 100% of the 133 assessment combinations. When looking across test regimes, the 
unidimensional model still fits the data well—MCAS 1.0 shows only slightly worse but still 
acceptable fit statistics (e.g., average SRMR of 0.032) compared to MCAS 2.0 (e.g., average 
SRMR of 0.029). Since the evidence largely suggests that unidimensional assumptions are 
supported, attempting to capture HOTS with such extant data appears challenging. 

In particular, the evidence does not support using the Common Core-aligned MCAS 2.0 
assessments to distinguish HOTS from LOTS. Multidimensional measurement models 
incorporating information on HOTS nearly always show evidence that the assessment is 
unidimensional under MCAS 2.0. To illustrate this more concretely, Table 5 presents the full 
parameterization of the bidimensional and testlet models for two example assessment 
combinations, one under MCAS 1.0 (10th graders in 2014) and another under MCAS 2.0 (10th 
graders in 2023). The MCAS 2.0 bidimensional model shows an extremely high correlation of 
0.96 between the HOTS and LOTS factors, signaling that the model largely reflects a 
unidimensional construct. This is consistent across assessment combinations. In Figure 2, we 
show the correlation between HOTS and LOTS factors for the bidimensional models that 
converged (100 of 133 grade-year combinations) by testing regime. Correlations between HOTS 
and LOTS factors with MCAS 2.0 data feature extremely high values ranging from 0.925 to 
1.000, suggesting that the assessment largely represents a unidimensional construct. 

The testlet model results also largely point to a unidimensional construct. After 
accounting for the general ELA factor, the testlet model with MCAS 2.0 data simply does not 
converge (estimating impossible negative HOTS variances). This is again consistent with the 
idea of unidimensional MCAS 2.0 assessments. Figure 3 plots the magnitudes of the general 
ELA factor and either the HOTS or LOTS variance (whichever is smallest) for the converging 
(31/133) and non-converging (100/133) testlet models. After accounting for the general ELA 
factor, the only two converging testlet models under MCAS 2.0 leave almost no lingering 
HOTS/LOTS variance (nearly zero), suggesting that the assessment measures a unidimensional 
construct instead of capturing distinct HOTS/LOTS dimensions. Indeed, we show in Appendix 
Figures 6, 7, and 8 that the little lingering HOTS or LOTS variance is associated with stronger 
evidence of unidimensionality. For example, the assessments for which we observe less lingering 
HOTS and LOTS variance using the testlet model are the assessments with higher correlations 
between the HOTS and LOTS factors when using the bidimensional model11. Altogether, the 

 
11 We explore potential explanations for the little variation by associating the smallest magnitude between either the 
HOTS or LOTS variance and characteristics of alternative measurement models (i.e., unidimensional model’s fit 
statistics and bidimensional model’s HOTS and LOTS factor correlations). Appendix Figures 6, 7, and 8 show 
scatterplots from that exploration. We find that the stronger the case for unidimensionality—lower unidimensional 
RMSEA and higher unidimensional TLI plus higher bidimensional HOTS and LOTS factor correlations—the 
magnitude of the converging testlet model’s HOTS or LOTS variance tends to be smaller. For example, the 
correlation between the bidimensional model’s HOTS and LOTS factor correlation and smallest of testlet model’s 
HOTS or LOTS variance is -0.70, suggesting a strong, negative association between the two. 
 
We also investigate non-converging models, finding some additional, albeit imperfect, evidence that especially 
strong evidence in favor of unidimensionality limits the lingering HOTS or LOTS variation in testlet models. 
Although Appendix Figures 6, 7, and 8 show negligible correlations of -0.22 to 0.18 between non-converging testlet 
model’s smallest HOTS or LOTS variance and unidimensional and bidimensional model characteristics, differences 
emerge when separating out HOTS and LOTS variance. Appendix Figures 9 to 14 reproduce Appendix Figures 6, 7, 
and 8 for the HOTS and LOTS variance. We find that the relationship between stronger unidimensional models and 
smaller variance better holds for HOTS variance (e.g., -0.58 correlation between HOTS variance and bidimensional 
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findings for these multidimensional measurement models suggest that the MCAS 2.0 
assessments are not a good source of information for distinguishing HOTS from LOTS. 

Pre-Common Core MCAS 1.0 assessments are also not often a good source of 
information for capturing HOTS, however, some grade-year results do appear to allow for 
differentiation between HOTS and LOTS. In many cases, we observe non-trivial magnitudes of 
HOTS or LOTS variance left after accounting for the general ELA factor in the testlet model 
with MCAS 1.0 data. Figure 3 shows that the lingering HOTS or LOTS variance magnitudes 
typically remain below 0.10, suggesting that, with the testlet approach, we are often trying to 
treat a unidimensional construct as something it’s not. That said, the testlet model does converge 
in a nontrivial number of cases (29), and the bidimensional models in MCAS 1.0 sometimes 
show correlations low enough (average of 0.86) to warrant exploring their use in differentiating 
between HOTS and LOTS, especially compared to MCAS 2.0, which had an average correlation 
of 0.97. While the correlations for MCAS 1.0 range from as low as 0.66 to as high as 0.99, as 
seen in Figure 2, across almost all grades, Table 6 documents that 75-100% of converging 
bidimensional model’s HOTS and LOTS correlations in MCAS 1.0 fall below 0.90 with 17% 
below 0.80. The only exception is 3rd grade, which has a higher average HOTS and LOTS 
correlation of 0.91. For some of the assessment combinations, like the MCAS 1.0 example in 
Table 5 (visualized in Figure 4), differentiation between HOTS and LOTS appears to be possible. 
This evidence, in conjunction with additional psychometric analyses, could support the use of 
extant item-level information for distinguishing HOTS from LOTS when using certain grade-
years from the MCAS 1.0 assessments. 
 
Additional Analyses Support the Use of Certain Grade-Years of Pre-Common Core-Aligned 
Assessments For Distinguishing Higher- from Lower-Order Skills  

The bidimensional modelfits the MCAS 1.0 data well in the majority of cases, with fit 
statistics that are virtually indistinguishable from an already well-fitting unidimensional 
measurement model. Table 7 summarizes the total number of MCAS 1.0 assessment 
combinations, that converged with bidimensional models, and whether the models meet Hu and 
Bentler (1999) criteria. The bidimensional model, like its unidimensional counterpart, meets the 
Hu and Bentler (1999) good fit criteria for all 100 models that converged. Furthermore, Table 7 
reports out the percentage of grade-year-modality-session combinations that show a superior fit 
(lower RMSEA/SRMR and higher CFI/TLI) over the unidimensional models among converged 
bidimensional models. Across unidimensional model comparisons used, the fit statistics for the 
bidimensional model are better than the fit statistics of the unidimensional model in the majority 
of cases (78%) for MCAS 1.0. That said, the unidimensional models already achieve essentially 
perfect fit, so we basically interpret the unidimensional and bidimensional models as having 
indistinguishable fit. One potential concern is that the slightly better, smaller RMSEA estimates 
of the bidimensional model are not dramatically different from the unidimensional model’s 
RMSEA. However, a more conservative comparison using RMSEA confidence intervals, 
specifically a smaller RMSEA for the unidimensional model and a larger RMSEA for the 

 
model’s HOTs and LOTS factor correlations) but not LOTS (i.e., correlations of nearly zero). Other factors—
perhaps too many HOTS items leave too little LOTS variation or maybe the larger role of the General ELA factor 
minimizes the lingering role of LOTS—also do not explain the minimal LOTS variance, as seen in Appendix 
Figures 15 to 18. Though we are unable to draw fully concrete conclusions, especially with respect to LOTS 
variance, we see some signs that point us toward the strength of evidence for unidimensionality associated with 
testlet models leaving little lingering HOTS or LOTS variance. 
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bidimensional model, mostly affirm the results. In Figure 5, we plot the lower 90% confidence 
interval of RMSEA for the unidimensional models compared to the upper 90% confidence 
interval of RMSEA for the converged bidimensional models12. All grades except 3rd still show 
superior fit statistics over the unidimensional model in the more conservative comparison, 
presenting initial validity evidence that supports the ability to differentiate higher-order and 
lower-order thinking skills when using MCAS 1.013. To be clear, although we observe slight 
differences in fit statistics between the bidimensional and unidimensional model, the two both fit 
the data well, limiting the degree we can make distinctions between the two models. 

Further examination of bidimensional model characteristics highlights additional 
evidence potentially supporting their use with MCAS 1.0 data. For instance, the bidimensional 
model’s factor loadings for both HOTS and LOTS appear fairly high. Table 8 provides the 
average minimum, mean, standard deviation, and maximum standardized factor loadings for 
HOTS and LOTS across MCAS 1.0 grades. Factor loadings for both HOTS and LOTS across 
MCAS 1.0 years and grades average at relatively high values of 0.66 and 0.58 respectively. 
Individual grades under MCAS 1.0 show similar average factor loadings of 0.62 to 0.69 for 
HOTS and 0.55 to 0.61 for LOTS. Altogether, these results suggest a moderate-to-strong 
relationship between the latent factors and their items that support the potential use of the 
bidimensional model to capture higher-order skill signal and distinguish it from LOTS.  
 
Higher-Order Skills Subscores Predict Educational Attainment Outcomes 

We also examine the HOTS subscale’s ability to predict later educational attainment 
outcomes. Students’ HOTS positively predict their school-level high school graduation and 
postsecondary enrollment rates. Table 9 reports out the linear regression estimates between 
students’ K-12 skills and school-level educational attainment outcomes. Explicitly including 
students’ lower-order thinking subscores as a predictor in the regression model addresses 
concerns that observed associations between HOTS and outcomes of interest may simply reflect 
LOTS. When we control for LOTS, the relationship between HOTS and high school graduation 
remains positive in direction but is no longer statistically significant. Therefore, K-12 LOTS 
skills appear more predictive of graduation than HOTS skills. A different pattern emerges when it 
comes to postsecondary attainment, where HOTS remains predictive of enrollment in 
postsecondary institutions within 16 months of graduation even after accounting for their LOTS. 
Specifically, we find that a one standard deviation (SD) increase in our K-12 HOTS subscore is 
associated, on average, with a statistically significant 1.26 percentage point increase in the 
school’s postsecondary enrollment rate. Interestingly, the magnitude of the relationship between 

 
12 We also show the fit statistic comparisons in Appendix Table 3. 
13 Comparing measurement models with approaches beyond changes in fit statistics affirms that the bidimensional 
model fits the data similarly to the unidimensional model in MCAS 1.0. Reaching similar conclusions about 
bidimensional fit over unidimensional models with different measurement comparison approaches would reassure us 
that the results are robust. We compare bidimensional and unidimensional model fits using chi-squared difference 
tests as well as approaches that treat the binary and polytomous items as continuous instead of categorical. In 
Appendix Table 4, we show that every converging assessment combination of the bidimensional model is 
significantly better than the unidimensional model on the chi-square statistic. Similarly, in Appendix Tables 5 and 6, 
we find that across both Akaike Information Criterion (AIC), Bayesian Information Criterion (BIC), and Adjusted 
BIC as well as Likelihood Ratio Tests, the bidimensional model continues to provide a superior fit over the 
unidimensional measurement model (over 89% of assessment combinations). These results suggest that 
differentiating higher-order and lower-order thinking skills can be supported in MCAS 1.0. 
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LOTS and postsecondary enrollment rates is larger (5.36 percentage points) than the magnitude 
of the relationship for HOTS.   

The bottom panel of Table 9 further shows that the positive association between HOTS 
and postsecondary enrollment is driven by 4-year postsecondary enrollment rather than 2-year 
postsecondary enrollment. On average, a 1 SD increase in HOTS is associated with a 1.46 
percentage point increase in the school’s percentage of students enrolling in 4-year 
postsecondary institutions within 16 months of graduation after conditioning for a student’s 
LOTS14. These postsecondary enrollment magnitudes are non-trivial—with the average 
postsecondary enrollment at 67% and 4-year postsecondary enrollment at ~49% across all years, 
the coefficients reflect increases of 1.9% and 3.0% respectively compared to the overall sample 
average. Appendix Table 11 provides a breakdown for each year, documenting that these results 
are largely positive across individual cohorts. Altogether, these results are consistent with the 
idea that the subscale captures some additional signal beyond general ELA ability. 
 

Validity Checks 
 To review, we find mixed evidence on the viability of the subscale approach to capturing 
higher-order skills and distinguishing them from lower-order skills—that is coding extant 
statewide test items based on DOK and linking the coding to performance data. More 
specifically, we find evidence suggesting that this is not an appropriate approach with data from 
the MCAS 2.0 era in Massachusetts and for many of the grade-year cases in the MCAS 1.0 era. 
Therefore, we caution against applying this approach in most contexts. That said, we do find 
evidence that it is possible to use this approach in certain grade-year cases in the MCAS 1.0 era 
and therefore some subset of grade-year exam results could be used to learn more about higher-
order skills if researchers carefully examine the measurement properties of the data prior to 
applying it to this end. For researchers who may be interested in using the subscale approach 
where it is possible—for example, in certain grade-year cases in the MCAS 1.0 era—we provide 
further evidence of validity for this approach below.  
 
Released Assessment Items Are Representative of The Full Universe of Items 

 
14 Higher-order skills remain predictive of postsecondary enrollment across numerous different outcome 

definitions. Another threat to the predictive validity evidence would exist if the results changed when different 
outcome definitions are used. Appendix Table 7 replicates Table 9 using three alternative outcome definitions: 1) 4-
year graduation and postsecondary enrollment rates that accounts for students transferring out but not students 
transferring in, 2) a 5-year graduation and postsecondary enrollment rate that accounts for students transferring out 
or in, and 3) a 5-year graduation and postsecondary enrollment rate that accounts for students transferring out but 
not students transferring in. Across these definitions, HOTS positively predict these postsecondary outcomes, 
including postsecondary enrollment after accounting for other skills for the bidimensional model. Like before, this 
result also holds for 4-year postsecondary institutions as seen in Appendix Table 8. Finally, we also use the original 
school’s percentage of high school graduates enrolling in postsecondary institutions within 16 months provided by 
Massachusetts in Appendix Table 9 and find a significant positive association for HOTS. 

The final predictive validity check aggregates students’ higher-order thinking (and lower-order thinking) 
subscores to the school-level: higher-order scores are still associated with positive educational attainment. Since the 
educational attainment outcomes are at the school-level, one threat could be the use of individual HOTS subscores 
to make predictions on school-level outcomes. Appendix Table 10 shows the results of Equation 1 after obtaining the 
average HOTS and LOTS subscores from the bidimensional model for the school. Again, HOTS remain predictive 
of postsecondary enrollment, particularly 4-year postsecondary enrollment, even after accounting for students’ 
LOTS, suggesting that the HOTS subscale is meaningful. 
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One potential threat to the validity of the HOTS measure relates to the partial public 
release of assessment item content. Although student item-level performance data is available for 
the entire period of study, the assessment item content (i.e., the text of the test questions 
themselves) is only fully released from the 2001 to 2008 school years and for 10th graders. For 
other grade-year combinations, we have a partial set of the items. For 3rd-8th graders in 2009 and 
beyond, the content of assessment items is released for 2,142 of 3,977 items (or 54%). Since the 
content of the assessment item determines its DOK coding, one concern could be that the 
selective release of assessment items biases results. Perhaps in the 2009-2023 period 
Massachusetts released a disproportionate share of HOTS vs. LOTS items. This could happen, 
for example, if they released only open-ended response questions to allow teachers to prepare 
students for those types of questions or if the test designers prioritized releasing the easiest 
questions to alleviate test-taking anxiety. This could threaten the validity of our conclusion that 
this approach to capturing HOTS could be applied across contexts (with a full universe of 
assessment items). 

Therefore, we examine the representativeness of released assessment items compared to 
the full universe of test questions based on the items’ corresponding subscale, format, and 
difficulty. First, Massachusetts data provides a corresponding subscale for each item. The 
Language subscale encompasses language convention and writing, while the Reading subscale 
involves items that capture text comprehension. Each item is also categorized as either multiple 
choice or some form of open response (e.g., short response or essay). In addition, students’ item-
level responses allow us to generate item difficulties for each item by replicating Massachusetts’s 
measurement model used for the assessments (Item Response Theory Three-Parameter Logistic 
and Graded Response Model). The mean difficulty is used for each polytomous item, which is 
allowable in cases that have no threshold reversals and monotonically increasing thresholds such 
as ours (Ali et al., 2015). Using these item characteristics, we document the average subscale, 
item format, and item difficulty for all items versus the subset of released items used for our 
HOTS measure. We also estimate a linear (and additional logistic for binary outcomes) 
regression to examine the relationship between the item characteristic and the likelihood of item 
release, while including grade-year-modality fixed effects to ensure assessments are only 
compared to themselves. 
 Analyses indicate that the released items are representative of the full universe of items 
on subscales, item formats, and item difficulties. Appendix Table 12 reports the average 
percentage under each subscale and item format along with the average difficulty for all items 
and released ones. The differences between all items and released ones are small: 3% for 
subscales, 1% for item formats, and 0.15 for item difficulty. The subsequent regression models in 
Appendix Tables 13, 14, and 15 show a consistent null association. No statistically significant 
difference exists between released items and unreleased items on subscales and item formats 
across every single year and grade. The same largely holds for item difficulty with no statistically 
significant difference between released and unreleased items except for in a few years (2014, 
2017, and 2023). However, since the statistically significant coefficients are both positive and 
negative in those years, the possibility of systematic selection bias seems less likely. These 
analyses altogether reassure us that the representativeness of released assessment items likely 
does not pose a validity threat. 
 
DOK Coding Captures HOTS Variation Beyond Other Item Characteristics 
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Another potential concern is that our depth of knowledge coding conflates the higher-
order and lower-order thinking constructs with other item characteristics. For example, if all the 
items coded as higher-order thinking also were simply the most difficult items on the test, this 
would limit the ability to claim we are capturing students’ higher-order thinking. Instead, we may 
be detecting students’ (in)ability to answer the most difficult questions. Another implication 
would be that it may not be worth the time and effort to code individual items based on the DOK 
framework. A mixture of both lower and higher difficulty HOTS items would lessen concerns 
that the construct could be conflated with other item characteristics. To examine the extent to 
which our depth of knowledge coding reflects other item characteristics, we document the share 
of HOTS and LOTS items that fall under each subscale and item format, and plot the distribution 
of item difficulty, by test regime and grade.  

The evidence suggests that HOTS items tend to exhibit certain item characteristics but 
cannot be reduced to any particular item characteristic. In Appendix Table 16, we identify the 
percentage of HOTS and LOTS items for the Language vs. Reading subscale as well as the 
multiple choice vs. open-response item formats. HOTS items are slightly more likely to be part 
of the Reading subscale (89%) and far more likely to be open-response (47%) compared to 
LOTS items at 81% and 0%, respectively. However, a non-trivial share of HOTS items are 
multiple choice (53%), suggesting that our HOTS measure is not simply capturing whether an 
item is open-response. We also display a boxplot of the difficulty distribution of HOTS and 
LOTS items in Appendix Figure 19. HOTS items tend to be slightly more difficult compared to 
LOTS items, but significant heterogeneity exists among HOTS items. As we show in Appendix 
Figure 20, some grades, like 3rd, nearly always have HOTS items far more difficult than LOTS 
items, while other grades like 10th sometimes suggest HOTS and LOTS items have similar 
difficulties. In sum, although HOTS coding is correlated with item characteristics, no single item 
characteristic fully captures higher-order thinking, signifying that the DOK coding does capture 
some degree of HOTS variation beyond the other characteristics of exam questions. Researchers 
interested in leveraging this depth of knowledge coding scheme could re-estimate results 
separately by item characteristics (e.g., using only HOTS items that are multiple choice or 
similar difficulty to LOTS) as a robustness check to lessen concerns of conflating HOTS with 
other item characteristics. 
 
HOTS Measures Can Be Used to Make Subgroup Comparisons 

One final desirable property that is especially useful for the examination of educational 
inequality is the demonstration of scalar measurement invariance. Scalar measurement 
invariance allows for between-group average comparisons (Putnick and Bornstein, 2016). Using 
multiple group confirmatory factor analysis, for the bidimensional models, we show in Appendix 
Table 2115 that group average comparisons on the basis of race and economic disadvantage are 
possible in over 95% of grade-year combinations using standard cut-offs (Chen, 2007)16. The 
exact grade-years slightly differ depending on race or socioeconomic status.  

 
15 The results for any individual grade-year on measurement invariance (factor, metric, and scalar) can be found in 
Appendix Table 1 and Appendix Table 2.  
16 We prioritize the measurement invariance results using alternative fit indices. Another approach for measurement 
invariance involves the use of absolute fit indices (i.e., whether there is a significant change in the chi-squared). 
Though Putnick and Bornstein (2016) recommend that both approaches be documented, it is also important to note 
that absolute fit tests of measurement invariance are sensitive to small, unimportant deviations from the perfect 
model under cases with larger sample sizes (Cheung and Rensvold, 2002). The extremely large sample sizes in this 
dataset mean that measurement invariance will nearly always be rejected for potentially unimportant deviations 
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LOTS and HOTS Largely Appear to Develop Sequentially  

If indeed the bidimensional model was capturing distinct HOTS and LOTS skills, one 
expectation we would have is that we would observe evidence that LOTS and HOTS develop 
sequentially, i.e., that mastery of higher-order thinking skills first requires mastery of 
foundational domain knowledge (LOTS). We might anticipate that students must first master 
certain lower-order skills before being able to engage in higher-order thinking. For example, a 
student may need to know the definition of a theme (lower-order skill) before being able to 
provide textual evidence to support the identification of a theme (higher-order skill). It would be 
surprising if students were frequently able to do the reverse, providing textual evidence for a 
theme without even knowing what a theme is. Understanding whether the sequential hypothesis 
is supported empirically would therefore provide further reassurance that the HOTS coding, at 
least for the MCAS 1.0 data, allows us to capture HOTS and distinguish it from LOTS. 
 To test this sequential hypothesis, we begin by identifying the higher-order and lower-
order skill items that assess the same ELA standard. We would not expect HOTS to be dependent 
on LOTS across ELA standards that assess very different skills17. To build on our previous theme 
example, we might not expect the ability to provide textual evidence to support the identification 
of a theme to be dependent on knowing grammar conventions (another lower-order thinking 
skill). Instead, we might expect HOTS items under the same standard as LOTS items to be 
potentially dependent on each other. In Appendix Table 17, we document the number of 
standards by test regime and grade along with the percentage of those standards that have only 
LOTS items, HOTS items, or a combination of the two. Our table shows that nearly every 
standard is composed either exclusively of LOTS items or a combination of LOTS and HOTS 
items. Only a few standards feature only HOTS items, but after we restrict the sample to 
standards with five or more released items18, we find that this appears to be largely an artifact of 
standards with few released items. There are ample ELA standards under which we find both 
LOTS and HOTS items, signaling potential dependencies between the two. 

When we examine student performance on higher-order and lower-order items within the 
same ELA standard, we find that it is rare for students to answer HOTS items correctly without 
answering LOTS items correctly, supporting the sequential hypothesis. We show this after 
limiting the sample to 10th grade students (since all assessment items are released for this group). 
We subsequently compute 10th grade students’ LOTS and HOTS performance (proportion of 
points earned) for each ELA standard (e.g., Student 1 may have 1.00/1.00 points proportion 
earned for LOTS and 0.50/1.00 points proportion earned for HOTS for Standard 1), giving us a 
student-standard observation. We then produce a scatterplot, Appendix Figure 21, documenting 
10th grade students’ LOTS and HOTS performance for each standard. The y-axis represents the 
HOTS point proportion earned for each standard, and the x-axis represents the LOTS point 

 
based on the absolute fit criteria. While caution is certainly warranted in interpreting any results, the alternative fit 
index measurement invariance approach detailed in the main text remains preferred 
 
17 Massachusetts provides a tool, the “Standards Navigator,” that maps out which standards connect to one another 
for MCAS 2.0. Most ELA standards do not connect to other ELA standards in the same grade. The primary 
exception is Writing standards, which build on both grammar and vocabulary standards. When Massachusetts 
reports out the standards used for each item in the assessment, all pre-requisite standards are listed—a writing item 
includes the grammar and vocabulary standards. 
18 It would be concerning to draw conclusions that the HOTS items are completely independent from LOTS items 
based on standards with almost no items representing that standard. 
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proportion received. Each bin shows the percentage of 10th grade students that earned each 
combination of LOTS and HOTS points. For example in the top right bin, 31.8% of student-
standard observations received all LOTS points and also all HOTS points; however in the top left 
bin, only 2.2% of students received almost no LOTS points but nearly all HOTS points. These 
results suggest that while it is possible for students to answer HOTS items correctly without 
answering same standard LOTS items correctly, students performing well on LOTS items are far 
more likely to perform well on same standard HOTS items, supporting the sequential hypothesis. 
 

Discussion 
Altogether, our results indicate that leveraging extant statewide data to capture higher-

order thinking skills is challenging, but not impossible. Statewide assessments were built to 
measure students’ ELA ability, and the body of validity evidence largely supports the use of these 
data to capture a unidimensional construct. The fit statistics of the unidimensional model clearly 
meet Hu’s and Bentler’s good fit criteria regardless of the test administration. Furthermore, 
multidimensional measurement models often reveal properties that hint toward 
unidimensionality—under MCAS 2.0, bidimensional models show nearly perfect correlations 
between HOTS and LOTS factors, and testlet models leave almost no lingering HOTS or LOTS 
variation. Even pre-Common Core MCAS 1.0 assessments are not always a great source of 
information for distinguishing HOTS and LOTS. As a result, we caution researchers and 
policymakers from defaulting to this approach when attempting to differentiate HOTS from 
LOTS and learn about HOTS development. Prior work that relies on a similar approach could be 
revisited to ensure adequate measurement properties in these contexts.   

That said, we do find that some opportunities to capture and differentiate HOTS from 
LOTS exist for certain grades and years using the pre-Common Core exams. The bidimensional 
model with MCAS 1.0 data features somewhat lower HOTS and LOTS factor correlations, 
similar fit statistics to an already well-fit unidimensional model, desirable factor loading 
magnitudes, and the ability to predict postsecondary outcomes even after accounting for LOTS. 
While many grade-year combinations and 3rd grade assessments are not a good source of 
information on HOTS, our results suggest that extant data can sometimes capture higher-order 
thinking skill signal beyond ELA ability in Pre-Common Core aligned assessments. Therefore, 
these data could be a useful source of information for learning about higher-order skill 
development relative to lower-order skills. However, the utility of the subscale approach 
therefore depends on the assessment context and testing regime, warranting careful examination 
of measurement properties prior to its use.  

Although our results suggest researchers should not use Massachusetts’ Common Core-
aligned assessments to try and differentiate HOTS from LOTS, this does not mean that the 
approach of coding items for HOTS cannot be used in present-day contexts. As documented in 
Appendix Table 1 and Table 3, many states’ contemporary ELA assessments show similar 
percentage of HOTS items as Massachusetts during the MCAS 1.0 testing era (2014 and earlier). 
Instead, researchers interested in this approach may benefit from either examining blueprints 
when available or coding a subset of assessments before fully committing to this approach to 
ensure the appropriateness of its use in their context. Additionally, when using exams that are not 
aligned with Common Core assessments, researchers should examine whether the measurement 
properties of each specific grade-year assessment warrant the use of that assessment for the 
purpose of isolating HOTS before proceeding with their analyses.   
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The good news is that states interested in measuring and advancing student’s higher-order 
thinking may already be well-positioned to do so. Earlier guidelines recommending that 50% of 
items should measure HOTS for the assessment as a whole to accurately capture HOTS may 
have been too high. Based on our findings for the Common Core-aligned MCAS 2.0 
assessments, the assessment may sufficiently capture higher-order thinking at a threshold closer 
to ~30% of items measuring HOTS. States consistently and clearly exceeding this HOTS item 
threshold in their existing assessments could likely use existing assessments to adequately 
capture HOTS. Other states that either fall closer or below MCAS 1.0’s ~20% HOTS item 
threshold could leverage item-level data to differentiate between HOTS and LOTS to measure 
and advance students’ development of those skills. In future assessment development, these 
states may also not be far from increasing the number of HOTS items to capture higher-order 
thinking with the assessment as a whole. 

To be clear, our results do not suggest that states and assessment developers should adopt 
exams more like MCAS 1.0 than MCAS 2.0 just because the Common Core-aligned exams may 
make it more difficult to distinguish HOTS from LOTS. In fact, from a policy perspective, it 
may be valuable to increase the share of items on high-stakes exams that capture higher-order 
skills in order to incentivize their development. Our focus here was really on the question of 
whether researchers and data analysts can use extant data to retrospectively study higher-order 
skills and to distinguish them from lower-order skills.  

Although this paper has emphasized the importance of higher-order thinking skills, our 
results also emphasize that the development of students’ lower-order thinking skills appears 
critical for their long-term success. Lower-order thinking skills served as a major predictor of 
educational attainment outcomes in our earlier findings. Similarly, our findings also suggest that 
students often must master lower-order thinking skills before demonstrating higher-order 
thinking skills. In the quest to develop students’ higher-order thinking, the measurement and 
development of lower-order skills should not be abandoned. Although the names of these 
concepts—"higher” and “lower” order—may imply that one is more important than the other, 
positioning HOTS as superior to LOTS may be misguided. LOTS should instead be 
conceptualized as valuable foundational skills. States should continue to assess and cultivate 
lower-order skills, setting students up not only for later higher-order thinking development but 
also likely benefiting them in other important outcomes, like educational attainment.  

Our results also contribute to enduring scholarly debates regarding the extent to which 
higher-order skills are domain-specific or domain-general. In other words, whether HOTS in 
ELA translate to HOTS math and science. We find that in cases where a multidimensional 
measurement model is defensible, we find that the bidimensional models tend to have more 
favorable measurement properties than the testlet models. These testlet models are constructed in 
a way that is more aligned with a domain-general conception of higher-order skills than the 
bidimensional models. Therefore, although further research is needed, our findings suggest that 
the development of these skills may require specific strategies tailored to academic subject and 
that high levels of HOTS in one subject may not necessarily translate to higher HOTS in other 
domains.  

Altogether, given the importance of higher-order thinking skills and the fundamental 
challenges that have limited other scholars from studying the topic at scale, this research 
provides novel evidence that flagging individual HOTS assessment items and pairing that coding 
with item-level response data to capture higher-order skills at scale is possible in some cases, 
albeit often not recommended. As a consequence, researchers, policymakers, and practitioners 
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should first examine whether their pre-existing assessments feature enough higher-order thinking 
skill items to be used to capture HOTS. If not, they can code assessment items and identify 
assessments with evidence supporting their use for the purpose of isolating HOTS. The use of 
large language models to automate the coding process could likely make this decision process 
even more efficient going forward. Still, future research could explore the other subjects (e.g., 
science), longitudinal measures of higher-order skills (rather than those displayed at a single 
grade-year), other state assessment contexts, leverage student-level outcomes rather than school-
level outcomes, and explore the role of lower-order skills more in-depth. But, as our results hint, 
these other research directions may not always be fruitful. Nonetheless, this research provides a 
crucial step in helping us understand an important set of skills in our educational system.  
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Figure 1: Measurement Models 

 
Note: This figure provides a visual representation of the (a) unidimensional, (b) bidimensional, 
and (c) testlet measurement models. The circles (e.g., ELA) are the latent variable or factor, and 
the single-headed arrows represent the relationship of the latent variable onto manifest variables 
(higher-order thinking or lower-order thinking skill items). For the bidimensional model, the 
double-headed arrows show that HOTS and LOTS factors vary with one another. For the testlet 
model, the matched colored arrows indicate that the loadings of the specific factors (HOTS and 
LOTS) and the general factor (ELA) are identical to each other. 
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Figure 2: Distribution of Bidimensional Higher-Order and Lower-Order Thinking Skill 
Correlation by Testing Regime 

 
Note: This figure provides a visual representation of the HOTS and LOTS factor correlations 
from the bidimensional measurement model. In particular, it specifies the correlation on the x-
axis along with the number of assessments that fall within that correlation range on the y-axis. 
Each test regime, either Pre-Common Core Aligned MCAS 1.0 or Post-Common Core Aligned 
MCAS 2.0, are separately displayed. 
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Figure 3: Lowest HOTS or LOTS Testlet Variance by General ELA Variance Scatterplot 

 
Note: This figure provides a visual representation of the testlet model's variance. Specifically, the 
x-axis displays the variance of the General ELA factor, and the y-axis shows the variance of 
either the LOTS or HOTS factor (whichever is lowest). The graph also features indicators for the 
test regime (MCAS 1.0 or MCAS 2.0) along with whether the testlet model converged. 
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Figure 4: 10th Graders in 2014 Measurement Model Path Diagrams

 
Note: This figure provides an abbreviated visual representation of the parameters of the (a) 
unidimensional, (b) bidimensional, and (c) testlet measurement models. The full parameters can 
be found in Table 5. The circles (e.g., ELA) are the latent variable or factor, and the single-
headed arrows, and corresponding values, represent the relationship of the latent variable onto 
manifest variables (higher-order thinking or lower-order thinking skill items). The double-headed 
arrows that point back to a factor reflect a value of 1 to indicate that the model is standardized, 
and the double-headed arrows that point back to an item refers to the residual variance. For the 
bidimensional model, the double-headed arrows show that HOTS and LOTS factors vary with 
one another. For the testlet model, the matched colored arrows indicate that the loadings of the 
specific factors (HOTS and LOTS) and the general factor (ELA) are identical to each other. 
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Table 1: Demographics

 
Note: Values in each row (except years and observations) represent fractions (e.g., across all 
years, 0.06, or 6%, of Massachusetts students were Asian). The definition of economically 
disadvantaged has changed over time in Massachusetts. The original definition from 2001 to 
2014 consisted of whether a student was eligible for free-reduced price lunch. In the 2011-2012 
school year, the U.S. Department of Agriculture introduced the Community Eligible Program, 
which allowed all students in schools/districts with high concentrations of low income students 
to receive free meals—as a consequence, data on free-reduced lunch eligibility became less 
available as more schools and districts adopted the Community Eligible Program. In the 2014-
2015 school year, the state shifted to “economically disadvantaged,” which flags a student as 
economically disadvantaged if the student participates in the Supplemental Nutrition Program, 
the Transitional Assistance for Families with Dependent Children, the Department of Children 
and Families’ foster care program, or Medicaid. Finally, on top of the previously mentioned 
components of economically disadvantaged, starting in the 2021-2022 school year, 
Massachusetts further added a supplemental data collection form to identify students that meet 
the 185% of federal poverty level threshold but were not identified under the previous criteria. 
Massachusetts also included students that were reported by the district as “homeless” as part of 
their economically disadvantaged definition. 
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Table 2: Higher-Order Thinking Skills Coding Breakdown 

 
Note: Though Massachusetts generally uses ~40 items per assessment (~30 in 2017 onward), the 
state releases only a fraction of the assessment items. All released assessment items were coded 
using Webb's Depth of Knowledge (DOK). Items coded as DOK 1 (Recall/Reproduction) or 2 
(Skills/Concept) were classified as lower-order thinking skills; items coded as DOK 3 (Strategic 
Thinking) or 4 (Extended Thinking) were classified as higher-order thinking skills (HOTS). The 
results of the coding across all years and grades as well as each individual year are reported in 
this table. Additionally, since the public Massachusetts student-level performance data do not 
include the 2014-2015 and 2015-2016 school years, the results across all but those years are 
reported as well. 
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Table 3: Higher-Order Thinking Skills Item Coding Breakdown by Test Regime 

 
Note: Table 3 reorganizes the results from Table 2 to highlight the key distinctions that emerge 
by testing regime. Pre-Common Core Aligned MCAS 1.0 assessments and Post-Common Core 
Aligned MCAS 2.0 assessments feature different degrees of HOTS items and percentage of the 
overall assessment. 
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Table 4: Unidimensional Measurement Model Fit Statistics by Testing Regime 

 
Note: The table shows the number of converged unidimensional models (both versions with All 
items or only Released items) and percentage that met Hu and Bentler (1999) 'good fit' criteria as 
well as the average Root Mean Squared Error of Approximation (RMSEA), Standardized Root 
Mean Squared Residuals (SRMR), Comparative Fit Index (CFI), and the Tucker-Lewis Index 
(TLI) across all grades and years or for each testing regime and grade within testing regime. 
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Table 6: Bidimensional Measurement Models Factor Correlations 

 
Note: The correlations between HOTS and LOTS are extracted from assessment combinations 
with bidimensional measurement models that fit the data. These factor correlations are then 
averaged across all grades and years. This process repeats for any individual year or grade. Then, 
using the extracted correlations, the number of assessment combinations with bidimensional 
measurement models that fit the data are categorized into one group of discriminant validity 
concern before being divided by the total number of assessment combinations to produce a 
percentage. 
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Table 7: Bidimensional Measurement Model Comparison Results 

 
Note: Since Massachusetts's public data provides student-level item performance for all items, 
we are able to estimate a unidimensional measurement model for using all items. In addition, we 
estimate a version with only released assessment items to create a similar comparison to the 
bidimensional and testlet models which use only released assessment items. The columns of the 
table then report out the number of assessment combinations (grade-year-modality/session), the 
number of models that converge without errors (e.g., negative variances or impossible 
correlations), and the percentage of models that meet Hu's and Bentler's (1999) 'good fit' criteria. 
The subsequents columns of the table compare the fit statistics between the bidimensional 
models that converge to both unidimensional counterparts. The values represent the percentage 
of models that provide a superior fit across all fit statistics. 
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Table 8: Bidimensional Measurement Models Factor Loadings 

 
Note: The minimum, mean, standard deviation, and maximum standardized factor loading are 
identified and extracted for each latent variable in an assessment combination for which the 
bidimensional measurement model fits the data. To produce the average standardized factor 
loadings, the minimum standardized factor loading across all assessment combinations with 
bidimensional models fitting the data are averaged (repeats for mean, standard deviation, and 
maximum). Each year or grade follows an identical process. 
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Table 9: Bidimensional Measurement Models Predictive Validity 
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Appendix Figure 1: Hess (2009) Framework for Coding Higher-Order Thinking Skills 

 
Note: The original Cognitive Rigor matrix is available from Dr. Hess’s website, where 
permission to reproduce is given when authorship is fully cited. 
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Appendix Figure 2: Example Assessment Passage #1's Items (Along with Coding) 

  
Note: These items are sourced from the Massachusetts Department of Education’s publicly 
available 2004 Grade 7 assessment, which permits reproduction for non-commercial purposes. 
The items are based on a passage from Island of the Blue Dolphins by Scott O’Dell, which are 
not shown due to their copyright. 
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Appendix Figure 3: Example Assessment Passage #2's Items (Along with Coding) 

 
Note: These items are sourced from the Massachusetts Department of Education’s publicly 
available 2006 Grade 5 assessment, which permits reproduction for non-commercial purposes.  
The items are based on a passage from Taking His Best Shots by Claudia Cangilla McAdam, 
which are not shown due to their copyright. 
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Appendix Figure 4: Massachusetts Testing Regime Year Breakdown 
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Appendix Figure 5: Massachusetts DOK Level Distribution in 2001 and 2023 

 

 
Note: These bar graphs represent the percentage of items that are classified into each DOK level 
across all assessment combinations in a year (2001 or 2023). 
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Appendix Figure 6: Lowest HOTS or LOTS Testlet Variance by Unidimensional (All) 
RMSEA Scatterplot 

 
Note: This figure provides a visual representation of the testlet model's variance and the 
unidimensional model's Root Mean Squared Error of Approximation (RMSEA). Specifically, the 
x-axis displays the RMSEA of the unidimensional model, and the y-axis shows the variance of 
either the LOTS or HOTS factor (whichever is lowest) from the testlet model. The graph also 
features indicators for the test regime (MCAS 1.0 or MCAS 2.0) along with whether the testlet 
model converged. The top right describes the association between the testlet model's HOTS or 
LOTS variance and the unidimensional RMSEA. 
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Appendix Figure 7: Lowest HOTS or LOTS Testlet Variance by Unidimensional (All) TLI 
Scatterplot 

 
Note: This figure provides a visual representation of the testlet model's variance and the 
unidimensional model's Tucker Lewis Index (TLI). Specifically, the x-axis displays the TLI of 
the unidimensional model, and the y-axis shows the variance of either the LOTS or HOTS factor 
(whichever is lowest) from the testlet model. The graph also features indicators for the test 
regime (MCAS 1.0 or MCAS 2.0) along with whether the testlet model converged. The top right 
describes the association between the testlet model's HOTS or LOTS variance and the 
unidimensional TLI. 
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Appendix Figure 8: Lowest HOTS or LOTS Testlet Variance by Bidimensional HOTS & 
LOTS Correlation Scatterplot 

 
Note: This figure provides a visual representation of the testlet model's variance and the 
bidimensional model's HOTS and LOTS factor correlation. Specifically, the x-axis displays the 
HOTS and LOTS correlation of the bidimensional model, and the y-axis shows the variance of 
either the LOTS or HOTS factor (whichever is lowest) from the testlet model. The graph also 
features indicators for the test regime (MCAS 1.0 or MCAS 2.0) along with whether the testlet 
model converged. The top right describes the association between the testlet model's HOTS or 
LOTS variance and the bidimensional HOTS and LOTS factor correlations. 
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Appendix Figure 9: HOTS Testlet Variance by Unidimensional (All) RMSEA Scatterplot 

 
Note: This figure provides a visual representation of the testlet model's HOTS variance and the 
unidimensional model's Root Mean Squared Error of Approximation (RMSEA). Specifically, the 
x-axis displays the RMSEA of the unidimensional model, and the y-axis shows the HOTS 
variance from the testlet model. The graph also features indicators for the test regime (MCAS 1.0 
or MCAS 2.0) along with whether the testlet model converged. The top right describes the 
association between the testlet model's HOTS variance and the unidimensional RMSEA. 
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Appendix Figure 10: HOTS Testlet Variance by Unidimensional (All) TLI Scatterplot 

 
Note: This figure provides a visual representation of the testlet model's HOTS variance and the 
unidimensional model's Tucker Lewis Index (TLI). Specifically, the x-axis displays the TLI of 
the unidimensional model, and the y-axis shows the HOTS variance from the testlet model. The 
graph also features indicators for the test regime (MCAS 1.0 or MCAS 2.0) along with whether 
the testlet model converged. The top right describes the association between the testlet model's 
HOTS variance and the unidimensional TLI. 
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Appendix Figure 11: HOTS Testlet Variance by Bidimensional HOTS & LOTS Correlation 
Scatterplot 

 
Note: This figure provides a visual representation of the testlet model's HOTS variance and the 
bidimensional model's HOTS and LOTS factor correlation. Specifically, the x-axis displays the 
HOTS and LOTS correlation of the bidimensional model, and the y-axis shows the HOTS 
variance from the testlet model. The graph also features indicators for the test regime (MCAS 1.0 
or MCAS 2.0) along with whether the testlet model converged. The top right describes the 
association between the testlet model's HOTS variance and the bidimensional HOTS and LOTS 
factor correlations. 
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Appendix Figure 12: LOTS Testlet Variance by Unidimensional (All) RMSEA Scatterplot 

 
Note: This figure provides a visual representation of the testlet model's LOTS variance and the 
unidimensional model's Root Mean Squared Error of Approximation (RMSEA). Specifically, the 
x-axis displays the RMSEA of the unidimensional model, and the y-axis shows the LOTS 
variance from the testlet model. The graph also features indicators for the test regime (MCAS 1.0 
or MCAS 2.0) along with whether the testlet model converged. The top right describes the 
association between the testlet model's LOTS variance and the unidimensional RMSEA. 
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Appendix Figure 13: LOTS Testlet Variance by Unidimensional (All) TLI Scatterplot 

 
Note: This figure provides a visual representation of the testlet model's LOTS variance and the 
unidimensional model's Tucker Lewis Index (TLI). Specifically, the x-axis displays the TLI of 
the unidimensional model, and the y-axis shows the LOTS variance from the testlet model. The 
graph also features indicators for the test regime (MCAS 1.0 or MCAS 2.0) along with whether 
the testlet model converged. The top right describes the association between the testlet model's 
LOTS variance and the unidimensional TLI. 
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Appendix Figure 14: LOTS Testlet Variance by Bidimensional HOTS & LOTS Correlation 
Scatterplot 

 
Note: This figure provides a visual representation of the testlet model's LOTS variance and the 
bidimensional model's HOTS and LOTS factor correlation. Specifically, the x-axis displays the 
HOTS and LOTS correlation of the bidimensional model, and the y-axis shows the LOTS 
variance from the testlet model. The graph also features indicators for the test regime (MCAS 1.0 
or MCAS 2.0) along with whether the testlet model converged. The top right describes the 
association between the testlet model's LOTS variance and the bidimensional HOTS and LOTS 
factor correlations. 
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Appendix Figure 15: LOTS Testlet Variance by HOTS Item Count Scatterplot 

 
Note: This figure provides a visual representation of the testlet model's LOTS variance and the 
assessment's HOTS item count. Specifically, the x-axis displays the HOTS item count of the 
assessment, and the y-axis shows the LOTS variance from the testlet model. The graph also 
features indicators for the test regime (MCAS 1.0 or MCAS 2.0) along with whether the testlet 
model converged. The top right describes the association between the testlet model's LOTS 
variance and the assessment's HOTS item count. 
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Appendix Figure 16: LOTS Testlet Variance by HOTS Item Percentage Scatterplot 

 
Note: This figure provides a visual representation of the testlet model's LOTS variance and the 
assessment's HOTS item percentage. Specifically, the x-axis displays the HOTS item percentage 
of the assessment, and the y-axis shows the LOTS variance from the testlet model. The graph 
also features indicators for the test regime (MCAS 1.0 or MCAS 2.0) along with whether the 
testlet model converged. The top right describes the association between the testlet model's 
LOTS variance and the assessment's HOTS item percentage. 
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Appendix Figure 17: LOTS Testlet Variance by LOTS Item Count Scatterplot 

 
Note: This figure provides a visual representation of the testlet model's LOTS variance and the 
assessment's LOTS item count. Specifically, the x-axis displays the LOTS item count of the 
assessment, and the y-axis shows the LOTS variance from the testlet model. The graph also 
features indicators for the test regime (MCAS 1.0 or MCAS 2.0) along with whether the testlet 
model converged. The top right describes the association between the testlet model's LOTS 
variance and the assessment's LOTS item count. 
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Appendix Figure 18: LOTS Testlet Variance by General ELA Variance Scatterplot 

 
Note: This figure provides a visual representation of the testlet model's LOTS and General ELA 
variance. Specifically, the x-axis displays the variance of the General ELA factor, and the y-axis 
shows the LOTS variance. The graph also features indicators for the test regime (MCAS 1.0 or 
MCAS 2.0) along with whether the testlet model converged. The top right describes the 
association between the testlet model's LOTS variance and the testlet model's General ELA 
variance. 
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Appendix Figure 19: Item Difficulty 

 
Note: Item difficulties are generated using Item Response Theory Three-Parameter Logistic and 
Graded Response Models with all items (including those without text released). Then the items 
with depths of knowledge 1 and 2 are grouped as lower-order thinking skills (LOTS) and depths 
of knowledge 3 and 4 are grouped as higher-order thinking skills (HOTS) for MCAS 1.0 and 
MCAS 2.0. The item difficulties are pooled across all grades. 
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Appendix Figure 21: 10th Grade Student's Same Standard HOTS and LOTS Proportion 
Points Correct Across All Years 

 
Note: We compute 10th students’ LOTS and HOTS performance (proportion of points earned) 
for each ELA standard (e.g., Student 1 may have 1.00/1.00 points proportion earned for LOTS 
and 0.50/1.00 points proportion earned for HOTS for Standard 1). The y-axis represents the 
HOTS point proportion earned for each standard, and the x-axis represents the LOTS point 
proportion received. Each bin shows the percentage of 10th grade students that earned each 
combination of LOTS and HOTS points. For example in the top right bin, ~31.8% of student-
standard observations received all LOTS points and also all HOTS points; however in the top left 
bin, only ~2.2% of students received almost no LOTS points but nearly all HOTS points. 
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Appendix Table 1: State ELA Assessment DOK Breakdown From Blueprints (When 
Available) 

 
Note: These depth of knowledge (DOK) breakdowns were obtained from the most recent 
publicly available blueprints of ELA assessments from each state. The DOK 3 or 4, or HOTS, 
percentage is then reported. The Smarter Balanced Assessment Consortium does not release its 
current DOK breakdown, so we report the estimated HOTS breakdown based on Doorey and 
Polikoff (2016). 
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Appendix Table 2: Individual Assessment Combination Fit Statistics for Each 
Measurement Model 
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Note: The table documents the Root Mean Squared Error of Approximation (RMSEA), 
Standardized Root Mean Squared Residuals (SRMR), Comparative Fit Index (CFI), and the 
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Tucker-Lewis Index (TLI) for each individual assessment combination (grade-year-modality-
session) and measurement model. All blank spaces indicate that the measurement model for that 
particular assessment combination does not align with the internal structure of the data and 
therefore the fit statistics are meaningless and not shown. 
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Appendix Table 3: Bidimensional Measurement Model Comparison Results Using RMSEA 
Confidence Intervals 

 
Note: This table replicates Table 7 but uses the lower 90% confidence interval for the 
unidimensional model RMSEA and the upper 90% confidence for the bidimensional model 
RMSEA instead. Since Massachusetts's public data provides student-level item performance for 
all items, we are able to estimate a unidimensional measurement model for using all items. In 
addition, we estimate a version with only released assessment items to create a similar 
comparison to the bidimensional and testlet models which use only released assessment items. 
The columns of the table then report out the number of assessment combinations (grade-year-
modality/session), the number of models that converge without errors (e.g., negative variances or 
impossible correlations), and the percentage of models that meet Hu's and Bentler's (1999) 'good 
fit' criteria. The subsequents columns of the table compare the fit statistics between the 
bidimensional models that converge to both unidimensional counterparts. The values represent 
the percentage of models that provide a superior fit across all fit statistics. 
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Appendix Table 4: Bidimensional Measurement Model Comparison Results Using Chi-
Squared Difference Tests 

 
Note: This table replicates Table 7 but uses the chi-squared difference test instead. Since 
Massachusetts's public data provides student-level item performance for all items, we are able to 
estimate a unidimensional measurement model for using all items. In addition, we estimate a 
version with only released assessment items to create a similar comparison to the bidimensional 
and testlet models which use only released assessment items. The columns of the table then 
report out the number of assessment combinations (grade-year-modality/session), the number of 
models that converge without errors (e.g., negative variances or impossible correlations), and the 
percentage of models that meet Hu's and Bentler's (1999) 'good fit' criteria. The subsequents 
columns of the table compare the fit statistics between the bidimensional models that converge to 
both unidimensional counterparts. The values represent the percentage of models that provide a 
superior fit across all fit statistics. 
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Appendix Table 5: Continuous Measurement Model Comparison Results 

 
Note: This table replicates Table 7 but uses the Akaike Information Criterion (AIC), Bayesian 
Information Criterion (BIC), and Adjusted BIC to draw comparisons. Since Massachusetts's 
public data provides student-level item performance for all items, we are able to estimate a 
unidimensional measurement model for using all items. In addition, we estimate a version with 
only released assessment items to create a similar comparison to the bidimensional and testlet 
models which use only released assessment items. The lefthand columns of the table then report 
out the number of assessment combinations (grade-year-modality/session) and the number of 
models that fit the data without errors (e.g., negative variances or impossible correlations). The 
righthand columns of the table compare the fit statistics (using AIC, BIC, and Adjusted BIC) 
between the bidimensional and testlet models that fit the data to both unidimensional 
counterparts. The values represent the percentage of models that provide a superior fit across all 
fit statistics. 
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Appendix Table 6: Continuous Measurement Model Comparison Results Using Likelihood 
Ratio Tests 

 
Note: This table replicates Table 7 but uses the Likelihood Ratio Test to draw comparisons. Since 
Massachusetts's public data provides student-level item performance for all items, we are able to 
estimate a unidimensional measurement model for using all items. In addition, we estimate a 
version with only released assessment items to create a similar comparison to the bidimensional 
and testlet models which use only released assessment items. The lefthand columns of the table 
then report out the number of assessment combinations (grade-year-modality/session) and the 
number of models that fit the data without errors (e.g., negative variances or impossible 
correlations). The righthand columns of the table compare the fit using the Likelihood Ratio Test 
between the bidimensional and testlet models that fit the data to both unidimensional 
counterparts. The values represent the percentage of models that provide a superior fit across all 
fit statistics. 
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Appendix Table 7: Alternative Outcomes Predictive Validity 
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Appendix Table 8: Alternative Outcomes Predictive Validity of 2-Year and 4-Year 
Postsecondary Institution Enrollment 

 
Note: * p <0.05, ** p <0.01, and *** p<0.001. Percentage of school's postsecondary enrollment 
was created by dividing the number of postsecondary enrollments within 16 months by the 
number of high schoolers that originally started in that school in 2009. These results use the 
"Adjusted" populations (i.e., they do account for students transferring out of the school but not 
students transferring in). All Models include cohort fixed effects. 
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Appendix Table 9: Alternative Outcome - Original Postsecondary Enrollment Definition 
Predictive Validity 

 
Note: the outcome uses the original data available from Massachusetts - the percentage of high 
school graduates that enroll in postsecondary institutions within 16 months. All Models include 
cohort fixed effects. 
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Appendix Table 10: Bidimensional Measurement Models Predictive Validity with Data 
Aggregated to School-Level 

 
Note: * p <0.05, ** p <0.01, and *** p<0.001. Percentage of school's postsecondary enrollment 
was created by dividing the number of postsecondary enrollments within 16 months by the 
number of high schoolers that originally started in that school in, for example, 2009. These 
results use the "Unadjusted" populations (i.e., they account for students transferring in or out of 
the school). These analyses start by aggregating individual students' scores on higher-order 
thinking, lower-order thinking, and ELA to the school-level. All Models include cohort fixed 
effects. Testlet models only use years 2005, 2010, 2013, and 2016. School's Percentage of 
Students Graduating High School Within 4-Years Mean Across All Years: 86.626%. School's 
Percentage of Students Enrolling in Postsecondary Institutions Within 16 Months Mean Across 
All Years: 66.696%. School's Percentage of Students Enrolling in 2-Year Postsecondary 
Institutions Within 16 Months Mean Across All Years: 18.101%. School's Percentage of Students 
Enrolling in 4-Year Postsecondary Institutions Within 16 Months Mean Across All Years: 
48.587%. 
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Appendix Table 11: Bidimensional Measurement Models Predictive Validity by Year 

 
Note: * p <0.05, ** p <0.01, and *** p<0.001. Percentage of school's postsecondary enrollment 
was created by dividing the number of postsecondary enrollments within 16 months by the 
number of high schoolers that originally started in that school, for example, in 2009. These 
results use the "Unadjusted" populations (i.e., they account for students transferring in or out of 
the school). All Models use each individual cohort. School's Percentage of Students Graduating 
High School Within 4-Years Mean Across All Years: 86.626%. School's Percentage of Students 
Enrolling in Postsecondary Institutions Within 16 Months Mean Across All Years: 66.696%. 
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Appendix Table 12: All vs. Released Item Representativeness by Year and Grade 

 
Note: All Grade 10 Items Are Released. The table reports out the total of "All Items" followed 
the percentage that belong to each subscale reporting category and item type/format. It also 
reports out the average item difficulty for all items. The process repeats but for "Released Items". 
In the 2015 and 2016 school years, the public data do not allow us to estimate item difficulties, 
so those are left blank. This table breakdowns the item characteristics for each year and grade. 
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Appendix Table 13: Regressions of Item Characteristics on Released by Year 

 
Note: All Grade 10 Items Are Released, so they are not included. Linear regressions of the 
subscale (Language), item format (Multiple Choice), or item difficulty on whether the item is 
released are estimated. All regressions include grade-year-modality fixed effects to ensure 
assessments are compared to themselves. The results of the regression are reported out with the 
coefficient (Estimate), standard error, test statistic, and p-value. This table repeats these 
regressions for each individual year. 
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Appendix Table 14: Regressions of Item Characteristics on Released by Grade 

 
Note: All Grade 10 Items Are Released, so they are not included. Linear regressions of the 
subscale (Language), item format (Multiple Choice), or item difficulty on whether the item is 
released are estimated. All regressions include grade-year-modality fixed effects to ensure 
assessments are compared to themselves. The results of the regression are reported out with the 
coefficient (Estimate), standard error, test statistic, and p-value. This table repeats these 
regressions for each individual grade. 
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Appendix Table 15: Logistic Regressions of Item Characteristics on Released by Year and 
Grade 

 
Note: All Grade 10 Items Are Released, so they are not included. Logistic regressions of the 
subscale (Language) and item format (Multiple Choice) on whether the item is released are 
estimated. All regressions include grade-year-modality fixed effects to ensure assessments are 
compared to themselves. The results of the regression are reported out with the coefficient 
(Estimate), standard error, test statistic, and p-value. This table repeats these regressions for each 
individual year and grade. 
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Appendix Table 16: Item Characteristics by Test Regime 

 
Note: The table shows only released assessment items (since they could be coded). Items are 
broken down into whether they were coded as HOTS or LOTS, and the subsequent columns 
provide the percentage of those HOTS or LOTS items that fall under each subscale or format. 
These are separated by testing regime. 
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Appendix Table 17: Breakdown of HOTS or LOTS in ELA Standards 

 
Note: The table documents the number of standards by test regime and grade. The subsequent 
columns report the percentage of those standards that have only items coded as LOTS, HOTS, or 
both. The second panel repeats this but limits the ELA standards to only those that feature at least 
five or more released items (to avoid the problem of few items driving conclusions). 
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Appendix Table 21: Bidimensional Scalar Measurement Invariance Met

 
Note: Comparative Fit Index (CFI), Root Mean Squared Error of Approximation (RMSEA), and 
Standardized Root Mean Squared Residuals (SRMR). This table summarizes the extent scalar 
measurement invariance is met using Chen's 2007 criteria among all converging higher-order and 
lower-order thinking bidimensional measurement models for socioeconomic status 
(economically disadvantaged versus non-economically disadvantaged) and race (Asian, Black, 
Hispanic, and White). Other racial groups are excluded from the measurement invariance tests 
and analyses because the sample sizes are too small. The subsequent rows examine the extent 
measurement invariance is met for individual grades and years. 
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Appendix Figure X: Example of HOTS and LOTS with Low and High Item Difficulty 

 
Note: These items are sourced from the Massachusetts Department of Elementary and Secondary 
Education’s publicly available 2023 Grade 3 assessment, which permits reproduction for non-
commercial purposes. The items are based on a passage from A Vacation in Ruins by Precious 
McKenzie, which is not shown due to its copyright. Item difficulties are generated using Item 
Response Theory Three-Parameter Logistic and Graded Response Models with all items 
(including those without text released). The rationale for each item's categorization as HOTS or 
LOTS are as follows:  (LOTS, Low Difficulty) item asks students to summarize an event in the 
text; (LOTS, High Difficulty) item asks students to identify the meaning of a word in context; 
(HOTS, Low Difficulty) item asks students to identify/make inferences about explicit or implicit 
themes; and (HOTS, High Difficulty) item asks students to explain, generalize, or connect ideas 
using supporting evidence. 
 


