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This study reports on validation of a writing motivation survey and its relationship with a variety
of indicators of academic performance of 566 undergraduate students drawn from six US post
secondary institutions. A writing motivation survey was used to capture students’ writing goals,
confidence, beliefs, and affect. Two research questions are addressed in the study: 1) What is the
internal factor structure of the writing motivation survey completed by a broad range of college
students? (2) Using this factor structure, how are the subconstructs of writing motivation asso
ciated with the outcomes variables of student performance and features of student writing? Our
results confirmed a unidimensional structure for confidence and affect, a 3-factor structure for
goals, and a 2-factor structure for beliefs. Low level but significant correlations were also iden
tified between motivation and outcome performance measures, as well as between motivation
and features of student writing. The study findings yield insights about the relationship between
students’ writing motivation, college success indicators, and writing domain knowledge. These
findings suggest directions for pedagogical interventions targeting both motivation and writing
feature use.

1. Introduction
As East (2019) observes in recalling the history of this journal, writing assessment over the past quarter-century has been concerned
with gathering and presenting evidence of validity, reliability, and fairness. In this culture of evidence, as he notes, the construct of
motivation has become of increasing significance: Students who are motivated are likely to produce better outcomes. The present study
finds its place in a period in which writing motivation is receiving attention by the educational researcher and practitioner com
munities. As recent attention to sociocultural and sociocognitive views of situated language use continue to advance (Bazerman, 2016;
Mislevy, 2018), researchers are presently in an excellent position to take advantage of sophisticated motivational theories (Abdel Latif,
2019; Pintrich, 2000b). In turn, these theories can be related to sophisticated descriptions of the writing construct in which motivation
is linked to strategies (Graham, 2018). Programs of research focusing on motivation are needed, especially in terms of the motivational
construct’s internal structure and its relationship with indicators of college writing performance and other college success indicators.
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Equally important, motivation influences student goals for learning and performance. Motivation is an important part of writing in
struction because students need to be motivated to achieve, and it is an important outcome of writing instruction as part of continued
learning (Bruning & Horn, 2000).
In terms of the assessment of motivation, surveys are commonly used to measure motivation, and evidence of validity and reli
ability are, in turn, used to draw inferences in terms of further research and pedagogical interventions. Common methods used in
existing research are mostly focused on exploratory factor analysis (e.g., Principal Component Analysis), and sampling plans are often
limited to a single site (Wright, Hodges, & McTigue, 2019). As well, validity evidence in earlier research has been limited, mainly
focusing on one or two criterion variables such as writing score based on a particular course or grade point average (MacArthur,
Jennings, & Philippakos, 2019; MacArthur, Traga-Philippakos, May, & Compello, 2019). To expand research on writing motivation,
studies are needed using confirmatory factor analysis and structural equation modeling. Specifically, these techniques allow explicit
and formal statistical testing of hypotheses in terms of the relationships between observed answers (to survey questions) and related
latent constructs (writing motivations) either purely from a theoretical perspective or a mix of theoretical and practical perspectives
(Raykov & Marcoulides, 2000). As well, cross-institutional sampling plans can be used to provide evidence of response diversity, and a
broadened range of cross-institutional criterion variables can be used to further explore relationships between self-judgements of
motivation and academic performance.
To address these needs, in the present study we use a cross-institutional sample to examine criterion-related evidence between
writing motivation and a series of external indicators of student success, including standardized admission tests and progression tests,
current and future grade point average, and language features of writing samples. Understanding connections between motivation and
linguistic features of writing has the potential to improve instruction. In addressing these study aims, ours is the first foundational
study to examine relationships among motivation and these related academic measures.
We explore these aims using sampling plan of 566 undergraduate students drawn from six diverse US postsecondary institutions.
Following a literature review based on components of the survey and targeted feature analysis using automated writing evaluation
(AWE), we use exploratory and confirmatory factor analysis approaches to investigate the internal structure of the survey. Using this
factor structure, we then examine relationships among the factors of writing motivation, academic performance (measured through
standardized admission tests, concurrent outcomes assessments of writing and critical thinking, concurrent and predictive grade point
average), with particular attention to features of student writing samples (as measured by AWE). After identification of study limi
tations and a brief discussion of our findings, the paper concludes with directions for pedagogical interventions, targeting both
motivation and writing feature use, derived from the constructs and subconstructs identified in the study.
2. Literature review
Writing, particularly academic writing, is a challenging task that requires substantial motivation. Flower (1979) viewed composing
as a “demanding cognitive operation” (p. 36) in which a goal of writing instruction was giving students “the confidence and motivation
to go on” (p. 37). Motivation is influenced both by external social and situational factors and by internal cognitive and affective factors.
As such, it has been studied using multiple theoretical frameworks (for reviews, see Abdel Latif, 2019; MacArthur & Graham, 2016).
The most extensive body of research on writing motivation has focused on self-efficacy, defined as individuals’ judgments of how
well they can accomplish specific tasks (Bandura, 1997). Self-efficacy has been found to predict engagement, persistence, and
achievement across a wide range of academic tasks (Bandura, 1997; Pajares, 1996). People tend to engage in activities that make them
feel competent. In writing, research has generally found that self-efficacy predicts writing performance even after controlling for prior
performance (for reviews, see Bruning & Kauffman, 2016; Pajares & Valiante, 2006). Self-efficacy is most often measured by asking
individuals to rate their confidence in completing specific tasks. Several studies have found separate dimensions of writing self-efficacy
for composition/organization and for conventions (e.g., Pajares, 2007; Shell, Murphy, & Bruning, 1989; Shell, Colvin, & Bruning,
1995). An early study (Zimmerman & Bandura, 1994) with college students assessed self-efficacy for self-regulation of writing and
found positive correlations with grades in first-year composition. One study (Bruning, Dempsey, Kauffman, McKim, & Zumbrunn,
2013) found unique dimensions of self-efficacy for idea generation, conventions, and self-regulation. A recent study (Wright et al.,
2019) used a scale that combined self-efficacy and self-concept and found positive correlations with essay quality and a standardized
writing assessment.
Writing motivation has also been studied using achievement goal theory (Elliot & Church, 1997; Pintrich, 2000a). The theory
includes three contrasting goal orientations toward learning: mastery, performance-approach, and performance-avoidance. Mastery
goals are focused on developing knowledge and competence; performance-approach goals refer to attempts to appear competent
compared to others; and performance-avoidance goals describe efforts to avoid unfavorable judgments by others. Research on aca
demic motivation has found that mastery goals are related to interest, persistence, strategic learning, and achievement; performance
goals are related to achievement; and avoidance goals predict low achievement and interest (for a review, see Senko, Hulleman, &
Harackiewicz, 2011). Research on writing goal-orientation has found positive relationships between writing grades and both mastery
and performance goals (Kauffman et al., 2010). In addition, three studies (Kauffman et al., 2010; Pajares, Britner, & Valiante, 2000;
Pajares & Cheong, 2003) also found that self-efficacy is positively correlated with mastery goals and negatively correlated with
avoidance goals. The negative correlations between self-efficacy and avoidance goals are consistent with earlier research on writing
apprehension (Daly & Miller, 1975) and writer’s block (Rose, 1980) showing negative effects on writing quality; apprehension about
writing can lead to avoidance of writing and lower achievement.
Few studies have examined the influence of students’ beliefs about what is important to good writing. White and Bruning (2005)
developed a scale to assess two sets of beliefs about writing: transformational beliefs that writing is a process of constructing meaning
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and transmission beliefs that writing is a process of transmitting knowledge of experts; higher achieving college writers scored higher
on transaction and lower on transmission beliefs than lower achieving writers. Wright et al. (2019) included a scale of writing beliefs
that focused on the perceived value of becoming a good writer; scores of high school students correlated with writing achievement.
In order to advance research in the intrapersonal domain of writing, MacArthur, Philippakos, and Graham (2016) designed a
measure of motivation and applied it in a study of basic college writers (n = 131). Their survey measure focused on four subconstructs
of motivation—goal orientation, self-efficacy, beliefs, and affect. A Principal Component Analysis approach was used to explore the
internal structure of each subscale of writing motivation. Affect was simply defined as liking writing and finding it satisfying; a single
dimension was found. As anticipated based on prior research, the factor analysis for goal orientation identified separate factors, or
subscales, for mastery, performance, and avoidance using Principal Component Analysis. Based on foundational research showing that
basic writers tend to emphasize problems with errors in writing (Shaughnessy, 1977), the beliefs scale found two factors for beliefs in
the importance of content and the importance of conventions to good writing. However, although the self-efficacy scale was designed
to have three separate factors—writing tasks, writing strategies, and self-regulation—only a unidimensional structure was identified.
Reliabilities for all scales ranged from .72 to .95. When analyzed in their relationship to writing performance, two of seven motiva
tional scales were found to have statistically significant but low and negative correlations with achievement measures, ranging from
-.27 to -.32 for conventions beliefs, and from -.20 to -.35 for goal avoidance. Comparisons across different levels of basic writing classes
found that students in higher-level classes had significantly higher scores for self-efficacy, mastery and performance goals, and lower
scores for conventions beliefs and avoidance goals. A pretest to posttest design identified changes in motivation after a semester of
instruction that were statistically significant and in the anticipated direction of positive change for six of seven motivational factors.
Subsequently, Philippakos and MacArthur (2015) conducted a follow-up study in which a wider range of students, including
first-year composition students and developmental students in four-year and community colleges (n = 371) were included and
grammar items were added to the self-efficacy scale. An exploratory factor analysis (Principal Component Analysis) approach was
employed. As hypothesized, three factors were found for the self-efficacy, three factors for goal orientation, two for writing beliefs, and
one for affect. Writing achievement (quality of a single essay) correlated with all three self-efficacy factors (range .20–.29), but not
with any other motivation measures. Although the second study included a somewhat more diverse sample of students (but only
developmental level and first-year composition students), it only included a single measure of writing achievement. Further research is
needed to evaluate the motivation scale with a larger and more diverse population of college writers, with multiple measures of writing
performance and academic achievement, and using confirmatory factor analysis to test the model-data fit.
Writing motivation and writing performance are related to writing success (De La Paz & Graham, 2002). Expressed in more detail, it
may reasonably be said that overall student success in writing—the ability to set and sustain goals, navigate writing environments,
succeed on diverse genres and topics, and effectively manage composing process, knowledge, and skills (Graham, Gillespie, &
McKeown, 2013)—is related to motivation (Bruning & Kauffman, 2016; MacArthur & Graham, 2016; Pajares & Valiante, 2006; Wright
et al., 2019). However, in studies of motivation, examining relationships between motivation and performance has been limited
because the performance domain is often represented by holistic scores on standardized writing tasks or summative measures such as
course grades. Analysis of writing using feature analysis would provide an association with an intrapersonal factor that could be used
to describe the roles of performance and motives in writing success. Feature analysis therefore becomes an important, though under
investigated, area of research related to motivation and writing performance.
With the advancement of natural language processing (NLP) tools and techniques, analysis of textual features by hand coding has
been supplemented by the ability of NLP tools to computationally analyze texts to capture a wide range of writing features, including
English conventions (e.g., grammar errors), topic development, mood, coherence (e.g., topic flow, use of transition terms), and
argumentation (e.g., use of claims and sources) (Burstein, Riordan, & McCaffrey, 2020; Cahill & Evanini, 2020; Matsumura, Correnti,
Zook-Howell, Walsh, & Bickel, 2020). AWE methods have been most commonly used to detect writing construct-relevant features (e.g.,
grammar errors) which are then modelled using statistical methods (e.g., linear regression) to evaluate quality in student or test-taker
writing (Shermis & Burstein, 2013). The technology has been widely used in educational assessment and instruction typically through
generating a series of features that capture various aspects of an essay and using these features to either approximate an overall score
for the essay (e.g., high-stakes writing assessment) or provide feedback on specific aspects of writing, such as in instructional appli
cations (Cotos, 2011; Ranalli, Link, & Chukharev-Hudilainen, 2017; Warschauer & Ware, 2006; Yannakoudakis, Andersen, Ger
anpayeh, Briscoe, & Nicholls, 2018). Using the NLP tool Coh-Metrix (McNamara, Graesser, McCarthy, & Cai, 2014), MacArthur,
Jennings et al. (2019) and MacArthur, Traga-Philippakos et al. (2019) developed a model of linguistic constructs to predict writing
quality for argumentative writing by postsecondary basic writers. AWE has also been shown to have utility in examining relationships
between writing features and other outcomes, such as reading skill (Allen, Snow, Crossley, Jackson, & McNamara, 2014; Allen,
Dascalu, McNamara, Crossley, & Trausan-Matu, 2016), and academic success factors (Beigman Klebanov, Burstein, Harackiewicz,
Priniski, & Mulholland, 2017).
In summary, the literature clearly demonstrates the importance of writing motivation in writing skills and their development and
improvement. It is widely acknowledged that a reliable and accurate assessment of writing motivation is also a critical prerequisite in
research to uncover factors that may be related to writing motivation, its relationship with writing skills, and other types of outcomes.
The significance and prerequisite nature of motivation thus touches on both its internal structure, or construct validity, as well as
external validity evidence. Our review suggests that earlier research related to the assessment and validation of writing motivation
appears to have the following limitations: (1) findings were based on a relatively small sample with limited variation of writing ability
in a single institution; (2) studies relied on an exploratory approach with no confirmatory approach employed; (3) researchers
employed a single or limited number of criterion variables of college outcomes and achievement. Further research is therefore needed
to evaluate the motivation scale with a larger and more diverse population of college writers, with multiple measures of writing
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Table 1
Survey Sample Distribution by Institutiona.
Gender

Race/Ethnicity

Student Sample and
Population

M

F

American
Indian or
Alaskan
Native

Asian

Black or
African
American

Hispanic/
Latino

Native
Hawaiian or
other Pacific
Islander

White

Two or
more
races

Unknown

Site

Classification

Enrollment Profile

Master’s Colleges &
Universities: Larger
Programs

Very high
undergraduate; Fouryear, full-time,
selective, lower
transfer-in

Population

~9,000

42.1

58.0

0.3

1.1

6.6

7.4

0.0

77.1

1.7

5.8

Institution
1

Study
Sample

18

38.9

61.1

0.0

0.0

0.0

11.1

5.6

83.3

0.0

0.0

Population

~6,000

39.4

60.6

0.2

1.5

82.0

4.5

0.2

2.0

4.2

5.5

High undergraduate

Study
Sample

165

33.9

66.1

0.0

0.6

88.5

4.8

0.0

1.2

2.4

2.4

~24,000

41.0

59.0

0.4

12.9

2.6

53.9

0.2

17.8

2.6

9.6

152

42.1

57.9

0.0

15.8

4.6

63.2

0.0

7.9

2.6

5.9

~9,000

40.8

59.2

0.3

0.8

19.1

0.5

0.0

68.9

0.0

10.4

134

39.6

60.4

0.0

0.7

17.9

0.7

0.0

73.1

0.0

7.5

~9,000

44.3

55.7

0.1

1.0

4.6

2.5

0.1

85.3

4.1

2.4

51

62.7

37.3

0.0

2.0

3.9

3.9

0.0

84.3

2.0

3.9

~17,000

36.9

63.1

0.3

2.1

4.0

7.5

0.1

77.7

4.0

4.3

46

34.8

65.2

0.0

0.0

4.3

8.7

0.0

78.3

4.3

4.3

~74,000

40.7

59.3

0.3

3.2

19.8

12.7

0.1

54.8

2.8

6.4

566

40.3

59.7

0.0

4.8

32.0

20.0

0.2

36.4

1.9

4.8

Institution
2

4
Institution
3
Institution
4
Institution
5
Institution
6
Total

Master’s Colleges &
Universities: Larger
Programs;
Historically Black
University
Doctoral/
Professional
Universities
Master’s Colleges &
Universities: Larger
Programs
Master’s Colleges &
Universities: Larger
Programs
Doctoral Universities:
High Research
Activity

High undergraduate
Very high
undergraduate
Professions plus arts &
sciences, some
graduate coexistence
Balanced arts &
sciences/professions,
some graduate
coexistence

Population
Study
Sample
Population
Study
Sample
Population
Study
Sample
Population
Study
Sample

a
Classification, enrollment profile, and student population information were obtained online from Carnegie Classification of Institutions of Higher Education. Gender and ethnicity distributions were
obtained from National Center for Education Statistics IPEDS College data 2019− 2020.
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performance and academic achievement, and using confirmatory factor analysis to test the model-data fit and establish or verify an
internal structure.
Our motivation for the present study was therefore aimed at addressing these three limitations. As well, we identified a fourth
motivation: We sought to identify models for instructional interventions in which motivation and writing performance, understood as
malleable factors, could be interwoven in order to improve student academic performance. As we will show below, linking research to
pedagogy is especially important as we consider ways that consequential perspectives on writing assessment can be used to support
instruction.
3. Research questions
The present study is aimed at answering two specific research questions:
(1) What is the internal factor structure of the writing motivation survey (targeting the subconstructs of writing goals, self-efficacy,
beliefs, and affect) completed by a broad range of college students?
(2) Using this factor structure, how are the subconstructs of writing motivation (writing goals, self-efficacy, beliefs, and affect)
associated with the outcomes variables of student performance and features of student writing?
4. Survey design
The present study adopted a revised writing motivation survey reported in Philippakos and MacArthur (2015) with deletion of
three items from the performance goal scale that had ceiling effects. The questionnaire included four scales (or components): (1)
writing goals, with 11 items presented on a 5-point response anchored at response 1 [does not describe me at all], response 3
[somewhat describes me], and response 5 [describes me very well]; (2) writing confidence (self-efficacy), with 22 items presented on a
100 point response anchored at 0% [no chance], 20–30 % [some chance], 50 % [50/50 chance], 70–80 % [good chance], and 100 %
[completely sure]; (3) writing beliefs, with 12 items presented on a 5-point response anchored at each point from 1 [strongly disagree]
to 5 [strongly agree]; and (4) feelings about writing (affect), with 5 items presented in the same 5-point response as the writing beliefs
scale. Items from the scales are shown in Table 2 through Table 5.
5. Sampling plan
Survey data were collected at 6 institutions (see Table 1) as follows: In academic semester Fall 2017, survey data were collected at
all 6 institutions; in academic semester Spring 2018, survey data were collected from 3 institutions (Institutions 2, 3, and 4); and, in
academic semester Fall 2018, survey data were collected from 1 institution (Institution 4). During that period, there were 16.8 million
undergraduates in degree granting institutions in the United States (McFarland et al., 2019). Of these students, 56.2 % were female and
43.8 % were male. In terms of race/ethnicity, 53.0 % of enrolled undergraduates were White, 21.1 % were Hispanic, 7.6 % were Asian
and 13 % were Black. Among the sampled schools, institutions 1, 4, 5, and 6 reported notably higher rates of White student enrollment
than the national average, whereas Institutions 2 and 3 reported much lower rates. Institution 3 reported a somewhat higher pro
portion of Hispanic student enrollment than the national average. In all the remaining institutions, the reported rates of Hispanic
students were substantially below the national average. Except for Institution 3, each institution in the study reported substantially
lower rates of Asian student enrollment. Most of the participating universities had lower rates of Black student enrollment than the
nation, except Institution 2 (categorized as a historically Black College and University) and Institution 4. While the present study is the
first large-scale attitude study to be conducted at multiple US postsecondary universities and represents a diverse population of un
dergraduate students, the results should be understood in light of subgroup membership across the sites.
6. Other measures
To gather criterion-related evidence, we administered the HEIghten™ Critical Thinking and Written Communication assessment,
two components of a postsecondary outcomes assessment suite. The Critical Thinking assessment was administered in a single testing
session. In 45 min, each test taker answers 26 selected response questions. The assessment is designed to address two dimensions of
critical thinking: analytic skills (e.g., analyzing and evaluating arguments, evaluating evidence and its use, understanding the language
of argumentation, distinguishing between valid and invalid arguments) and synthetic skills (e.g., understanding implications and
consequences, developing arguments that are valid and sound; see Liu, Mao, Frankel, & Xu, 2016 for more detailed definitions). The
Written Communication assessment is designed to address four dimensions of writing: knowledge of social and rhetorical situations;
knowledge of conceptual strategies; knowledge of the writing process; and knowledge of language use and conventions (Rios, Sparks,
Zhang, & Liu, 2017). The assessment includes two parts: an essay written to a constructed response argument task; and a section with
24 selected-response questions. The selected-response section has two question sets, each with 12 questions based on a common
reading material. The essay is scored for overall quality by one human rater and an AWE program.
Beyond these standardized outcomes measures, we collected existing admissions test scores on mathematics and language
achievement, reported individually, as well as total admissions test scores. We also collected grade point averages (GPA) during the
semester when students took the survey, along with GPAs in each of the four semesters after that semester. These performance and
outcomes indicators are given in Table 7. As noted, the essays completed in the HEIghten Written Communication assessment were
5
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Table 2
Writing Goals Items and Subscales.
When I am writing I am trying to:
1. improve how I express my ideas.
2. keep people from thinking I’m a poor writer.
3. hide that I have a hard time writing.
4. become a better writer.
5. have my classmates believe I can write well.
6. avoid making mistakes in front of my classmates.
7. persuade others with my writing.
8. be a better writer than my classmates.
9. hide how nervous I am about writing.
10. get my teacher to think I am a good writer.
11. better organize my ideas.
Mastery
Performance
Avoidance
Cronbach’s alpha est.

Mean

SD

4.04
3.70
2.60
4.24
3.13
3.24
3.77
3.02
2.47
3.81
4.19

0.90
1.29
1.26
0.87
1.30
1.32
1.05
1.29
1.31
1.14
0.93

Subscales
Mastery
.64***
.66***
.68***

.76***
.59***
.01
.73

Performance

Avoidance

.53***

.23***
.78***

.62***
.56***

.32***
.50***

.59***
.77***

.27***
.77

.82***

.77

Note that all empty cells at the intersection of item and subscales were set to be zero when fitting the model, meaning related items were not set as
related subscales’ indicators in the model specification.
***
p < .001.

both judged by human raters and processed using an AWE system (Burstein et al., 2020). The AWE system generated a variety of
computationally-derived features that represent finer-grained aspects of writing construct subcomponents (Burstein, McCaffrey,
Klebanov, & Ling, 2017). Thirty-six finer-grained features are used in the study. Fig. 2 illustrates the subconstructs associated with
these features as well as a subset of some of the subconstructs. The set of 36 features were standardized and combined using a principle
component approach into six components: argument (2 sub-features), organization and development (7 sub-features), reflection (3
sub-features), sentence structure (7 sub-features), vocabulary (10 sub-features), and conventions (7 sub-features).
7. Analyses
We first conducted a descriptive analysis and checked the mean, SD, and distribution of each survey question across study par
ticipants. We then conducted an exploratory factor analysis (EFA) within each of the four subscales based on a theoretical model
specified in Philippakos and MacArthur (2015) and MacArthur et al. (2016): writing goals, writing efficacy, writing beliefs, and writing
affect. The EFA results were used to determine an internal structure for each of the four subscales. In other words, a measurement
model that linked the students’ scores on the subset of survey items in this subscale to a latent factor was determined as a result of the
EFA, after removing the factor loading values that were below .30 (Comrey & Lee, 1992; Costello & Osborne, 2005). The measurement
model specified was then fit to the data for each subscale separately using confirmatory factor analysis (CFA). All analyses were
completed using MPLUS 7.31 (Muthén & Muthén, 2015). Data model fit was evaluated using criteria suggested by Hu and Bentler
(1999).
Subscale scores (observed scores based on items belonging each subscales as a result of CFA) were then used to calculate the
Pearson product moment correlation with a series outcomes variables to explore the relationship between subconstructs of the writing
motivation survey and AWE feature-based components, as well as college GPA, admissions test scores, and standardized writing
assessment scores All correlational analyses were conducted using SPSS 23 (IBM Corp, 2015).
8. Results
Results are first presented in terms of each of the scales used in the survey. We then turn to the results of the survey as they are
related to academic performance indicators.
8.1. Writing goals
The 11 items were intended to measure three goal orientations toward writing: mastery goals, performance goals, and avoidance
goals. These items were taken from Philippakos and MacArthur (2015) after removing three items about getting good grades were
deleted. Exploratory analysis indicated that the 11 items might be measuring the three intended types of goals: mastery, performance,
and avoidance. Following suggestions from Comrey and Lee (1992) and Costello and Osborne (2005), we removed some items either
with very low values of loadings or unspecified loadings. The items and loadings of the writing goals subscale are shown in Table 2.
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Table 3
Writing Confidence Items.
1. I can write a paragraph with a clear topic sentence.
2. I can write complex sentences without making grammatical errors.
3. I can set goals for improving my writing.
4. I can think of a lot of ideas for my writing.
5. I can write a well-organized essay with an introduction, body, and conclusion.
6. I can evaluate whether I am making progress in learning to write.
7. I can write a paper using correct grammar.
8. I can organize paragraphs with ideas to support the topic sentence.
9. I can think of many words to describe my ideas.
10. I can plan before I write using an outline or organizer.
11. I can use punctuation correctly in all my sentences.
12. I can avoid distractions while I write.
13. I can end an essay with a strong conclusion.
14. I can come up with original ideas for my writing.
15. I can use commas and semi-colons correctly in my sentences.
16. I can plan time to get my writing done by the deadline.
17. I can start an essay with an interesting introduction.
18. I can focus on my writing for at least one hour.
19. I can find ideas to write about when I’m given a topic.
20. I can write a paper without spelling mistakes.
21. I can think of the perfect words to express my ideas.
22. I can tell when to use different writing strategies.
Cronbach’s alpha est.
***

Mean

SD

Loading

76.80
68.41
74.47
72.35
76.17
71.06
75.37
78.57
71.02
71.89
75.34
58.16
67.12
75.55
68.94
77.10
72.10
74.58
76.04
72.60
65.85
64.77

18.89
20.57
19.89
21.80
19.61
20.22
19.24
16.95
19.63
22.62
19.64
25.57
22.36
19.24
21.31
21.87
20.34
22.33
19.17
23.22
20.27
21.70
.95

.73***
.71***
.66***
.70***
.78***
.69***
.69***
.79***
.76***
.58***
.63***
.59***
.72***
.76***
.63***
.63***
.79***
.62***
.78***
.62***
.76***
.70***

p < .001.

Table 4
Writing Beliefs Items and Subscales.
1. Writing helps make my ideas clearer.
2. Revising is mostly about fixing errors in my grammar.
3. Writing helps me think about my topic in a new way.
4. Good writers do not make errors in spelling.
5. The main problem of poor writers is using incorrect grammar.
6. I learn new things from writing.
7. Good writers discover new ideas while writing.
8. Writing quickly is an important part of good writing.
9. Good writers need little revision because they get it right the first time.
10. Good writers have to be able to write long sentences correctly.
11. Writing is one of the best ways to explore new ideas.
12. Revising helps me clarify my ideas.
Correlation (Content, Conventions)
Cronbach’s alpha est.
*

Mean

SD

Content

3.81
3.64
3.78
2.45
2.80
3.84
4.15
2.39
2.25
3.34
3.85
4.18

0.90
1.04
0.85
1.19
1.08
0.91
0.73
1.11
1.15
1.01
0.90
0.78

.72***
.71***
.80***
.69***

.74***
.65***
.19*
.82

Conventions
.28***
.56***
.53***
.62***
.75***
.50

.66

p < .05.
p < .001.

***

Note three items have loadings on both performance and avoidance goals.1
CFA results suggested that this model (as shown in Table 2) fits the data acceptably well,: with χ 2 = 189.58, df = 38, p < .001,
RMSEA= .08, 90% CI = (.07, .10), CFI = =.94..96, TLI = Cronbach alpha coefficients were all above .72. Based on the model, the latent
factors for the mastery and avoidance subscales were not significantly correlated. However, the factor for mastery correlated
moderately with performance, and performance correlated with avoidance at a low level.
8.2. Writing confidence (self-efficacy)
For the writing confidence (self-efficacy) scale, the 1-dimension model—suggested in MacArthur et al. (2016) —fits the data
marginally acceptably, with χ 2 = 862.87, df = 152, p < .001, RMSEA = .091, 90 % CI = (.09, .10), CFI = .89, TLI = .88. The writing
confidence items and their loadings are shown in Table 3.

1
We also fitted the 3-factor model identified in MacArthur et al. (2016) where items 1 and 4 were loaded on both mastery and performance
subscales, but this model had a poor fit to the data.
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Table 5
Writing Affect Items.
1. I usually enjoy writing.
2 a. I don’t like to write.
3. The process of writing is satisfying for me.
4. I think that writing is interesting.
5 a. I try to avoid writing as much as possible.
Cronbach’s alpha est.
a

Mean

SD

Loading

3.31
3.21
3.13
3.54
3.19

1.17
1.21
1.08
1.07
1.19
.90

.92***
.90***
.81***
.85***
.74***

Items 2 and 5 are reversely coded due to negative wording.
p < .001.

***

Table 6
Observed Intercorrelations Among the Seven Subscales Scores of the Writing Motivation Survey.
Writing Goals:
Mastery
Writing Goals:
Performance
Writing Goals:
Avoidance
Confidence
Writing Beliefs:
Content
Writing Beliefs:
Convention
Writing Affect

Writing Goals:
Performance

Writing Goals:
Avoidance

Writing
Confidence

.47**

Writing Beliefs:
Content

Writing Beliefs:
Convention

.37**(.59)
.11*(.01)

.63**(.27)

.42**
.53**

.14**
.16**

− .26**
− 0.04

.06

.27**

.23**

.40**

.01

− .27**

.09*

.18**(.19)

.50**

.57**

.04

Note: numbers in parentheses are CFA estimated correlations among some of the subscales.
*
p < .05.
**
p < .01.

8.3. Writing beliefs
MacArthur et al. (2016) identified two sub-dimensions of the writing beliefs measure: belief in the importance of content and belief
in the importance of conventions. The CFA analysis results suggested that the same 2-factor model defined in MacArthur et al. (2016)
also fit the current data acceptably well, with χ 2 = 300.98, df = 53, p < .001, RMSEA = .09, 90% CI = (08, .10), CFI = .922, TLI = .90.
Cronbach’s alpha coefficients were .82 and .66 for beliefs in content and in conventions, respectively. The two subscales correlated at a
low level. The writing belief items and their loadings are shown in Table 4.
8.4. Writing feeling (affect)
The 1-dimension model fit the data adequately based on χ 2 = 233.76, df = 5, p < .001, RMSEA= .29, 90% CI = (.26, .33), CFI = .97.
The writing affect items and their loadings are shown in Table 5.2
8.5. Relationships among the seven subscales
Table 6 displays the observed intercorrelations among the seven subscale scores of the writing motivation survey based on the
average scores of items in the subscales. The mastery goals subscale correlated with writing confidence (r = .42) and with writing
content beliefs (r = .53), as well as writing affect (.40). Writing confidence correlated moderately with affect (r = .50) and beliefs about
the importance of content (r = .47). Content beliefs correlated with affect (r = .57). Thus, correlations above .40 were found among five
motivational subscales: mastery goals, confidence, content beliefs, and affect. Two negative correlations were found: Avoidance goals
was negatively correlated with confidence (r =-.26) and with affect (r=− .27).3
2
The EFA analysis also suggested that there might be two factors, one with items 1, 2, and 5, and another with items 1, 3, and 4. This model fit the
data well, χ 2 = 3.27, df = 3, p = .35, RMSEA = .01, 90% CI = (.00, .07), CFI = 1, TLO = 1. Items 2 and 5 present negative feelings toward writing
while the others present positive feeling. This could contribute to the improvement in fit with a second factor. Also, the two factors correlated highly
(r = .75). Consequently, we decided to combine these two factors in one.
3
Note that the correlation of .63 between the performance goals scale scores and the avoidance goals scale scores was larger than the model
estimate of the correlation between the latent performance goals and avoidance goals factors of .27 because, as shown in Table 2, three common
items contribute to both the performance goals and the avoidance goals scale scores.
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Table 7
Survey Results and Academic Performance Indicators.
Academic Performance Indicators
Admission Scores: SAT
SAT Reading and Writing Test (includes SAT or
converted ACT)
SAT Math Test (includes SAT or converted ACT)
SAT Total Score (includes SAT or converted ACT)
Admissions Scores: ACT
ACT English Test
ACT Writing Test
ACT Math Test
ACT STEM Test
ACT Composite Score
Concurrent Academic Measures
HEIghten™ Critical Thinking Test
HEIghten™ Written Communication Test
HEIghten™ Written Communication Test – Non-Essay
Score
HEIghten™ Written Communication Test – Essay Score
Academic Measures
Study Semester Cumulative GPA
Study Semester Plus One Semester Cumulative GPA
Study Semester Plus Two Semesters Cumulative GPA
Study Semester Plus Three Semesters Cumulative GPA
Study Semester Plus Four Semesters Cumulative GPA
*
**

n

Goal:
Mastery

274

− .05

.03

− .12*

471
438

− .10*
− .07

.03
.03

− .06
− .11*

222
30
223
223
225

−
−
−
−

.03
.05
.10
.10
.02

− .01
− .02
.03
− .00
.01

324
325
325

− .04
.01
− .02

.00
.03
.02

325

.11
.03
.06
.05
.04
.00

563
526
456
364
215

−
−
−
−
−

Goal:
Performance

Goal:
Avoidance

Belief:
Content

Belief:
Convention

Affect

.11

− .05

− .21**

− .02

.03
.11*

− .15**
− .08

− .12**
− .19**

− .15**
− .03

.25**
− .02
.11
.12
.20**

.06
.06
− .09
− .10
− .01

−
−
−
−
−

.22**
.27
.13
.17*
.21**

.09
.04
− .04
− .07
.06

− .05
− .06
− .06

.06
.09
.10

− .04
.00
− .05

− .19**
− .15**
− .17**

− .05
.02
− .02

.06

− .04

.07

.08
.06
.07
.09
.13

.02
.01
-.01
.05
.11

−
−
−
−
−

.21**
.12
.08
.14*
.19**

Confidence

.04
.07
.14**
.12*
.10

−
−
−
−

.12*

− .03

.06
.06
.02
.01
.07

− .06
− .03
− .01
.00
.02

.15**
− .02
− .02
.01
− .00
.01

p < .05.
p < .01.

8.6. Survey results and academic performance indicators
Table 7 provides correlations of the survey (average scores of items within each scale/subscale) with admission tests (SAT and
ACT), concurrent outcomes assessment scores on the HEIghten™ Critical Thinking and Written Communicaton assessments, and GPAs
of current and later semesters.
The column next to the label of outcome variables in Table 7 displays the sample sizes on which the correlation coefficients were
computed. All of the statistically significant correlations are small (ranging from r =.00 to r = .25). Seven statistically significant
positive correlations were found in the study, five were correlations of confidence with the SAT total score (r = .11), the ACT English (r
= .25) and Composite (r= .20) scores; and GPA of the second (r = .14) and the third (r =.12) semesters following the survey
administration. Two other positive correlations were between HEIghten Written Communication essay scores and writing beliefs in
content (r = .12) and writing affect (r = .15). All other statistically significant correlations are negative. Beliefs in the importance of
conventions correlated with over half of the performance measures including all SAT scores and 3 of 5 ACT scores. Avoidance goals
were negatively correlated with five performance measures. Beliefs in conventions correlated negatively with written communication
skills as measured by multiple-choice based items in the HEIghten Written Communication assessment (r = -.17).
8.7. Survey results and AWE features
Table 8 shows the correlations between motivation survey subscale scores and AWE feature components based on essays from the
HEIghten Written Communication assessment.
Most of the significant correlations involve AWE feature components for conventions, which were positively correlated with
Table 8
Intercorrelations Between Writing Motivation Subconstructs and AWE Feature-Based Components.
AWE Feature Components

Goal:
Mastery

Goal:
Performance

Argument
Organization and Development
Reflection
Sentence Structure
Vocabulary
Convention

− .00
− .02
.012
− .04
.00
.15**

−
−
−
−

*
**

.001
.04
.04
.01
.00
.06

Goal:
Avoidance

Confidence

Belief:
Content

Belief:
Convention

Affect

− .05
− .07
− .06
.03
− .12*
− .14*

.03
.00
− .01
− .05
.15**
.18**

.00
.00
.12*
− .02
− .04
.15**

− .03
− .07
− .023
.07
− .12*
− .12*

.02
− .01
.08
− .04
.07
.15**

p < .05.
p < .01.
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mastery goals (r=.15), confidence (r =.18), belief in the importance of content (r=.15), and affect (r =.15), but negatively correlated
with avoidance goals (r =-.14) and beliefs in the importance of conventions (r =-.12). The vocabulary feature component was
negatively correlated with avoidance goals (r =-.12) and conventions beliefs (r =-.12) and positively with writing confidence (r =.15).
The personal reflection feature component was only positively correlated with content beliefs (r =.12). Again all the correlations are
small in absolute value.
9. Discussion
Our major goals of this research are focused on two research questions based on (1) the internal structure of a writing motivation
survey and (2) the relationship between writing motivation subconstructs and a series of academic performance indicators, including
features of student writing. Our discussion focuses on our findings as they are consistent with theory and prior research.
9.1. Internal structure of the motivation survey
Dimensional analyses of our more representative sample of college students showed the internal structure of the four survey scales
as similar or identical to the structures reported by MacArthur et al. (2016). Writing goal orientation was fit to a 3-factor structure, and
writing beliefs was fit to a 2-factor structure. The writing confidence (self-efficacy) and writing affect scales were each fit to a uni
dimensional structure.
Findings regarding goal orientation are consistent with theory (Senko et al., 2011) and prior research; two studies of achievement
goal orientation in writing (Pajares & Cheong, 2003; Pajares et al., 2000) found the same three factors. For self-efficacy, some prior
research has found separate factors for composing and skills (Pajares, 2007), and one study (Bruning et al., 2013) found three factors
for ideas, conventions, and self-regulation. However, more research has used a single self-efficacy factor (Pajares & Valiante, 2006).
Furthermore, the correlations among the motivation constructs are consistent with theory. Mastery goals, confidence, affect, and
beliefs in the importance of content were all moderately correlated (r > .40). A complementary pattern of negative correlations of
avoidance with confidence and affect was also found. The same patterns of correlations were found by Philippakos and MacArthur
(2015), with one exception (no correlation between mastery goals and confidence). Students who are confident in writing are more
likely to focus on mastering writing tasks, find writing satisfying, and see writing as a meaningful task (content beliefs). Those who lack
confidence in writing appear to be more likely to avoid writing and do not enjoy it or find it satisfying.
9.2. Relationship between writing motivation and academic performance indicators
The study also explored relationships between writing motivation and multiple indicators of outcomes and achievements. The
study went beyond prior research by investigating longitudinal effects on GPA and fine-grained analysis of specific features of writing
derived from AWE. The study found positive correlations between writing confidence and several achievement measures, including the
SAT and ACT total scores, the ACT English test, and even with longitudinal outcomes of GPA two and three semesters later. Most
research on writing self-efficacy has found positive correlations with writing measures (Pajares & Valiante, 2006; Philippakos &
MacArthur, 2015). The current study shows correlations that were notably lower than those found in other studies. While correlations
with measures of overall academic performance were low, they were significant. In the current study, the surveys were not necessarily
conducted during students’ regular class time. This timing might have impacted students’ attention to the surveys and weakened the
connection between the survey responses and their class writing activities, which might have resulted in less reliable motivation scale
scores and weaker correlations. Nevertheless, the patterns in the correlations do align to previous research as further reviewed below.
Even college admission tests such as the SAT, designed to predict college readiness and success, only correlate with first-year GPA
between .20s and .30s (Beard & Marini, 2018), a level that is only slightly higher than those found in this study. For the significant but
low values of correlations between writing motivation components and GPAs two or three semesters after the study semester, one
could argue that these correlations may point to writing motivation specifically or motivation in general as an important factor of
college success. Moreover, as found in previous research (e.g. Lei, Bassiri, & Scholtz, 2001), GPA (cumulative GPA by the end of each
semester or first year GPA) is also not a perfect measure of college academic performance, even though multiple instructors or faculty
members contributed to the GPA.
The study found consistent patterns of small negative correlations between standardized achievement tests and both avoidance
goals and convention beliefs. The findings about avoidance goals are consistent with prior research on achievement in general aca
demics (Senko et al., 2011) and in writing (MacArthur et al., 2016; Pajares et al., 2000); the pattern is the mirror image of the positive
relationship between confidence and achievement. The findings about avoidance goals can resonate with prior research on writing
apprehension, which is logically related to avoidance of writing and (negatively) to confidence (Daly & Miller, 1975) and writer’s
block (Rose, 1980).
The current findings of negative correlations between achievement and “conventions beliefs” are consistent with the two prior
studies that investigated those beliefs (MacArthur et al., 2016; Philippakos & MacArthur, 2015). MacArthur et al. (2016) found sig
nificant negative correlations between “conventions beliefs” and all six writing outcome measures including essay quality (ranging
from r = -.32 to r =-.47). Philippakos and MacArthur (2015) only included a single achievement measure, quality of a single essay, but
they also found a negative correlation with “conventions beliefs” (r =-.14). The negative correlation with belief in conventions in
dicates that writers with lower performance measures have stronger beliefs that knowledge of conventions is a critical aspect of
writing. This focus on the importance of conventions may be due to the higher salience of conventions for students who struggle the
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Fig. 1. Writing Intrapersonal Domain Knowledge: A Motivation Model.

most with basic writing.
Additional findings confirm the importance of learning more about writing conventions as perceived by students. In the present
study, a statistically significant negative correlation (r =-.15) was identified in Table 7 between beliefs related to conventions and the
HEIghten™ Written Communication assessment—the only concurrent academic measure that included a writing sample. It is true that
only one of the four dimensions of the assessment—knowledge of language use and conventions—involves assessment of Standard
Written English. Nevertheless, mean scores on the survey conventions items indicate that, overall, students disagreed with an emphasis
on conventions, while weaker writers did not disagree enough. Table 4 also shows that students in the present sample disagreed with,
or were neutral in, their reactions to such statements as “Good writers do not make errors in spelling” (Question 4) and “The main
problem of poor writers is using incorrect grammar” (Question 5). The negative correlation may therefore be interpreted as an ex
pected trend and, indeed, we might hope that the negative correlations would be higher. Pedagogically, we would want students to
strongly disagree with each of the questions in Table 4 regarding knowledge of conventions. Students simply did not disagree strongly
enough. As discussed below, writing instruction focused on the intrapersonal domain can allow students to realize that many of their
commonly held beliefs about writing have been demonstrated as incorrect—especially in terms of the singular fixation on knowledge
of conventions in teaching and assessing writing (Graham & Perin, 2007). The identification and use of the 2-factor structure related to
writing beliefs thus lends a greater level of precision to interpretation of results.
Analysis of correlations between the modeled motivation constructs and specific features of writing identified by AWE are
examined for the first time in this study. Statistically significant correlations were identified between the AWE features of reflection,
vocabulary, conventions, and the motivation constructs identified in the survey. The findings for avoidance goals, conventions beliefs,
and confidence are similar to the results with broader achievement measures. Avoidance goals and conventions beliefs are negatively
correlated with vocabulary and conventions features. Confidence is positively correlated with vocabulary and conventions features. As
with broader achievement measures, the correlations between motivation scale scores and features are small; however, their con
sistency with the results for the broader achievement measures and with the literature lends support for their interpretation as
indicative of a meaningful relationship between motivation and writing performance.
10. Study limitations and future research directions
The study findings yield insights about the internal structure of a writing motivation survey and writing motivation’s relationship
with student success indicators and writing domain knowledge. We identify three limitations to our study and suggest directions for
further study based on these limitations.
First, the number of institutions and students included in this study is very small in relation to the whole population of U.S. colleges
and students. The inclusion of six institutions makes the findings related to both research questions more generalizable than previous
research on this topic. Nevertheless, findings may be limited to those institutions and institutions similar to the six included in this
study. Moving forward, expanded sampling plans would allow researchers to collect further sources of evidence. As well, larger
sampling plans would support closer examination of subgroups based on race/ethnicity, gender assignment and gender identity,
linguistic background, disability, age, socio-economic differences, and combinations of these and other categories. In turn, access to
larger subgroup samples would allow researchers to determine if inferences are of comparable meaning across groups.
Second, this is the first study of its kind to examine relationships among motivation, writing features, and related performance
indicators; therefore, our study is foundational and descriptive. Further experimental research will be needed that uses random
assignment design to determine if factors other than designated interventions affect outcomes.
Third, we acknowledge that the instruments we have used to represent given constructs are limited. Both performance and
motivation are multifaceted, as Wright et al. (2019) note in addressing the limits of their survey. Although the current study examined
multiple theoretically important aspects of motivation, there were also aspects that were not addressed, including interest (Hidi &
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Assessing Writing 48 (2021) 100509

G. Ling et al.

Fig. 2. Writing Performance Domain Knowledge: An AWE Model.

Boscolo, 2006), writing apprehension (Daly & Miller, 1975), and writer’s block (Rose, 1980). Similarly, the AWE features used in this
study were selected from several hundred features in the NLP feature portfolio available to the researchers (Burstein et al., 2020).
Depending on genre, other features may be required to identify other relational evidence between motivation and the student success
measures used in the present study.
11. Instruction in motivation and performance
Linking research to pedagogy, as Slomp (2020) has noted, is especially important in the present moment as we consider conse
quential perspectives of writing assessment that can be used to support instruction. As the United States continues to shift from
routinized accountability to a culture of evidence, research on motivation will become increasing significant. Consistent with our
12
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findings, Bruning and Kauffman (2016), Pajares and Valiante (2006) and Wright et al. (2019) have found significant relationships
between motivation and writing achievement. Our current study extends those findings to broader performance measures. Evidence
suggests that students who are motivated are likely to produce better outcomes; therefore, instruction in writing should explicitly
address writing motivation in addition to traditional focus on writing performance. In addition to discourse knowledge, skills, and
strategies, students need to develop motivation to engage in writing in order to continue to improve and to use what they have learned
in new situations.
One way to address both motivation and performance in instruction is to engage in construct-driven pedagogical practices. As
Graham (2018) had suggested, conceptualization is key to pedagogy as it provides a visual road map of what is intended and what can
be accomplished. Based on study findings, a model of the intrapersonal domain of writing is provided in Fig. 1. Based on the 36
AWE-based features used in the present study provided in Fig. 2, we also propose a model of subconstructs and associated features.
Table 8 illustrates associations between writing motivation and the subconstructs of conventions, vocabulary, and reflection. Further
research will be needed to provide increased understanding of the measurement properties of this feature-component relationship, as
well as specific writing features within the three subconstructs and attitudes toward writing. Until that research is reported, both
models may be considered for pedagogical use that combines explicit instruction in both motivation and writing feature use in terms of
the overall constructs and their related subconstructs (Graham, Bruch et al., 2016; Graham, Harris, & Chambers, 2016).
A proven pedagogical approach that accomplishes these ends is strategy instruction with self-regulation (Harris & Graham, 2009).
Systematic, explicit instruction in writing strategies provides the scaffolding needed by learners unsure about how to engage in
planning, revising, critical reading, and other related language arts tasks. The effects of strategy instruction are enhanced by adding
instruction in metacognitive strategies for self-regulation. As students engage in metacognitive self-regulation strategies—setting
goals, managing tasks, monitoring use of strategies, and reflecting on what helped them learn—their self-efficacy increases. In turn,
enhanced self-efficacy motivates further efforts to improve and to continue to use and improve on the knowledge and strategies that
helped them succeed. A large body of research has demonstrated that strategy instruction in writing has strong effects on writing
performance and that it has even stronger effects when it is integrated with instruction in self-regulation strategies (Graham, Harris
et al., 2016; Graham & Perin, 2007).
At the college level, two studies (MacArthur, Philippakos, & Ianetta, 2015; MacArthur, Traga-Philippakos et al., 2019) have
investigated strategy instruction with self-regulation. College basic writers learned genre-based writing strategies for rhetorical
analysis, planning, and revising integrated with self-regulation strategies—goal setting, task management, progress monitoring, and
reflection. To encourage beliefs that writing serves meaningful purposes, instruction focused on idea generation, organization, and
clarity of expression with conventions considered in final editing. Furthermore, a strong emphasis was placed on learning
self-evaluation so that students could evaluate their own work and see their progress. From a motivational perspective, the instruc
tional goal was for students to believe that their success was due to using effective strategies, taking control of their learning, and effort.
Self-evaluation and reflection on one’s progress are critical to developing a growth mindset (Yeager & Dweck, 2012) that learning is
possible with effort and strategic choices. Both studies found strong positive effects on the quality of argumentative essays as well as
positive effects on motivation, including self-efficacy, beliefs, and affect.
Returning to Fig. 1, we can see how such explicit pedagogies can be formed in order to address the intrapersonal domain of writing
as related to feature use as shown in Fig. 2. With the aim of advancing individual student opportunity to learn, those who teach and
assess writing will find that research as that reported here—that is, research targeting performance and motivation—will provide an
evidence base for new pedagogies.
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