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Discourse cohesion is presumably an important facilitator 
of comprehension when individuals read texts and hold 
conversations. This study investigated components of 
cohesion and language in different types of discourse 
about Newtonian physics: A textbook, textoids written by 
experimental psychologists, naturalistic tutorial dialogue 
between expert human tutors and college students, and 
AutoTutor tutorial dialogue between a computer tutor 
and students (AutoTutor is an animated pedagogical 
agent that helps students learn about physics by holding 
conversations in natural language). We analyzed the four 
types of discourse with Coh-Metrix, a software tool that 
measures discourse on different components of cohesion, 
language, and readability. The cohesion indices included 
co-reference, syntactic and semantic similarity, causal 
cohesion, incidence of cohesion signals (e.g., connectives, 
logical operators), and many other measures. Cohesion 
data were quite similar for the two forms of discourse in 
expository monologue (textbooks and textoids) and for 
the two types of tutorial dialogue (i.e., students interacting 
with human tutors and AutoTutor), but very different 
between the discourse of expository monologue and 
tutorial dialogue. Coh-Metrix was also able to detect subtle 
differences in the language and discourse of AutoTutor 
versus human tutoring.

There has been a dramatic increase in computer analyses 
of large text corpora during the last decade. This can 
partly be explained by revolutionary advances in compu-
tational linguistics (Jurafsky & Martin, 2000; Walker 
et al., 2003), discourse processes (Pickering  & Garrod, 
2004; Graesser et al., 2003), the representation of world 
knowledge (Lenat, 1995; Landauer et al., 2007), and 
corpus analyses (Biber et al., 1998). Because thousands of 
texts can be quickly accessed and analyzed on thousands 
of measures in a short amount of time, data mining is 
emerging as a standard methodology in a broad spec-
trum of fields.
	 Researchers at the University of Memphis have 
recently developed a system called Coh-Metrix (http://
cohmetrix.memphis.edu, Graesser et al., 2004), a compu-
tational tool that produces measures of the linguistic 
and discourse characteristics of text (both printed texts 
and transcripts of oral discourse). The values on the 
Coh-Metrix measures can be used to investigate the 
cohesion of the explicit text and the coherence of the 
mental representation of the text. Our definition of cohe-
sion consists of linguistic characteristics of the explicit 
text that play some role in connecting ideas in the text. 
Coherence includes characteristics of the text (i.e., aspects 
of cohesion) that are likely to contribute to the coherence 
of mental representations. 
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	 Researchers at the University of Memphis have also 
developed an intelligent tutoring system called Auto-
Tutor (Graesser et al., 2005; Graesser, Lu et al., 2004). 
AutoTutor is a learning environment that tutors students 
by holding a conversation in natural language. AutoTu-
tor tutors students in Newtonian qualitative physics, 
computer literacy, critical thinking, and other topics that 
exhibit explanations and verbal reasoning. The dialogue 
of AutoTutor is sufficiently stable that it holds its own in 
conversing with students for hours. It is also designed to 
mimic the discourse patterns of human tutors (Graesser, 
Person, & Magliano, 1995).  
	 The purpose of the present study was to use the 
Coh-Metrix tool to analyze the components of cohe-
sion and language in different types of discourse 
about Newtonian physics. We analyzed a sample of 
chapters in a textbook, textoids written by experi-
mental psychologists, naturalistic tutorial dialogues 
between expert human tutors and college students, 
and AutoTutor tutorial dialogues between a computer 
tutor and students. One strong virtue of this study was 
our attempt to achieve information equivalence with 
respect to the content covered in the four corpora. We 
did this by filtering content that covered the same set 
of core constructs in physics, namely Newtonian laws 
of force and motion. Given this control over informa-
tion equivalence, we investigated how the four types of 
discourse differ with respect to language and cohesion. 
We might expect the two types of expository mono-
logues (textbook and textoids) to be different from the 
two types of interactive dialogues (human tutors and 
AutoTutor). We might also expect differences between 
the two monologue types or  between the two dialogue 
typers. For example, textbook and textoids presumably 
differ from each other because textbooks are written 
by professional writers, whereas textoids are generated 
by experimental psychologists to satisfy methodologi-
cal constraints. What is less clear is the nature of these 

differences. If the Coh-Metrix tool is valid and useful, it 
should detect subtle and explainable differences in the 
four types of discourse. The present study investigated 
whether this is indeed the case.  

Coh-Metrix 

There are approximately 60 indices in the Coh-Metrix 
version (v. 2.0) that is available to the public. After the 
user of Coh-Metrix enters a text into the Web site, it 
prints out measures of the text on indices that span 
different levels of discourse and language. Coh-Metrix 
was designed to move beyond standard readability 
formulas, such as Flesch-Kincaid Grade Level (Klare, 
1974–1975). Such formulas rely exclusively on word 
length and sentence length. For example, in the Flesch-
Kincaid Grade Level index (Figure 1) words refers to 
mean number of words per sentence and syllables refers 
to mean number of syllables per word.  

	 (1)	 Grade Level = .39 * Words + 11.8 * Syllables - 15.59     

Sentence length and word length do in fact robustly 
predict reading time (Haberlandt & Graesser, 1985), but 
certainly there is more to reading difficulty than word 
and sentence length. There must also be important 
deeper measures of language and cohesion. Coh-Metrix 
aims to provide these deeper measures.
	 The Coh-Metrix indices (i.e., measures, metrics) 
cover multiple levels of language and discourse. Some 
indices refer to characteristics of individual words, as has 
been achieved in many other computer facilities, such 
as WordNet (Fellbaum, 1998) and Linguistic Inquiry 
Word Count (Pennebaker & Francis, 1999). However, 
the majority of the Coh-Metrix indices include deeper 
or more processing-intensive algorithms that analyze 
syntax, referential cohesion, semantic cohesion, and 
dimensions of the situation model. Coh-Metrix is the 
only computer facility available to the public for free 
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that analyzes language and discourse on a broad set of 
components at multiple levels. 
	 A snapshot of the landscape of indices is provided in 
this section. Researchers at the University of Memphis 
have over 600 indices in their internal computer system, 
of which 60 are available on the public Web site (http://
cohmetrix.memphis.edu/). This article focuses exclu-
sively on the set of publicly available measures. Research-
ers at the University of Memphis have also evaluated the 
accuracy of the Coh-Metrix indices in over 60 published 
studies, which can be accessed at the public Web site. 
However, it is beyond the scope of this study to review 
the research in these assessments.      
	 Word measures. Coh-Metrix measures words on a 
large number of characteristics, most of which will not 
be defined in this article (see the help system on the Web 
site http://cohmetrix.memphis.edu). There are measures 
of word frequency in the English language, which is 
based on the CELEX lexicon (Baayen et al., 1993) and 
other similar lexicons. Coh-Metrix also distinguishes 
between content words (e.g., noun, main verb, adjective) 
and function words (e.g., prepositions, articles), based on 
standard part-of-speech categories that are accepted in 
the computational linguistics community.
	 Several word indices are directly relevant to cohesion, 
coherence, and comprehension difficulty. In particular, 
there are word classes that have the special function of 
connecting clauses and other constituents in the text 
(Halliday & Hasan, 1976; Louwerse, 2002; Sanders & 
Noordman, 2000). The categories of connectives in 
Coh-Metrix include additive (also, moreover), temporal 
(and then, after, during), causal (because, so), and logical 
operators (therefore, if, and, or). The additive, temporal, 
and causal connectives are subdivided into those that 
are positive (also, because) or negative (but, however). 
The word indices include negations (not, n’t) that span 
different levels of constituent structure and various 
conditional expressions (if, given). Negations, conditional 

expressions, and negative connectives are predicted to be 
affiliated with complex conceptualizations and rhetorical 
structures, such as counterfactuals, hypothetical worlds, 
multiple perspectives, qualifications, hedges, and argu-
mentation. A higher incidence of these words should 
therefore predict text difficulty.   
	 The incidence of each word class is computed as the 
number of occurrences per 1000 words. An incidence 
score is necessary for comparing texts of different sizes. 
A text with higher cohesion would have a higher inci-
dence of word classes that connect constituents. 
 	 Syntax. Coh-Metrix analyzes sentence syntax with 
the assistance of a syntactic parser developed by Char-
niak (2000). The parser assigns part-of-speech categories 
to words and syntactic tree structures to sentences. Our 
evaluations of several parsers showed better perfor-
mance of Charniak’s parser than other major parsers 
when comparing the assigned structures to judgments 
of human experts (Hemphill et al., 2006).  Coh-Metrix 
has several indices of syntactic complexity, two of which 
(the mean number of modifiers per noun-phrase, and 
the number of words before the main verb of the main 
clause) are reported in this article. The mean number of 
modifiers per noun-phrase is an index of the complexity 
of referencing expressions. For example, very large accel-
erating objects is a complex noun-phrase with 3 modifiers 
of the head noun objects. The number of words before 
the main verb of the main clause is an index of syntactic 
complexity because it places a burden on the working 
memory of the comprehender (Graesser, Cai, Louwerse, 
& Daniel, 2006).	
	 Referential and semantic cohesion. Referential cohe-
sion occurs when a noun, pronoun, or noun phrase 
refers to another constituent in the text. For example, in 
the sentence As the earth orbits the sun, it exerts a force, 
the word it refers to the word earth by virtue of a syntac-
tic rule of pronoun assignment. A referring expression 
(E) is the noun, pronoun, or noun-phrase that refers to 
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another constituent (C). C is designated as the referent 
of E. In the example sentence, the word it is the referring 
expression E, whereas the referent C is the word earth. 
One form of co-reference that has been extensively stud-
ied is argument overlap (Kintsch & van Dijk, 1978). This 
occurs when a noun, pronoun, or noun-phrase in one 
sentence is a co-referent of a noun, pronoun, or noun-
phrase in another sentence. The word “argument” is used 
in a special sense in this context, namely it is a contrast 
with predicates in propositional representations. The 
argument overlap index of Coh-Metrix currently consid-
ers exact matches of arguments between two sentences. 
The value of this metric, which varies from 0 to 1, is 
the proportion of adjacent sentence pairs that share a 
common argument in the form of an exact match.  
	 Another form of co-reference is stem overlap, where 
a noun in one sentence has a similar morphological root 
(i.e., lemma) as a content word in another sentence. For 
example, consider the two sentences As the earth orbits 
the sun, it exerts a force. The orbit is not perfectly round. 
Orbits and orbit have common stems, so there is stem 
overlap, even though one is a main verb and the other a 
noun. The value of this metric is the proportion of adja-
cent sentence pairs that have a stem overlap.  
	 Yet another form of co-reference is anaphoric 
pronominal co-reference. A pronoun (he, hers, it) in 
one sentence refers to a referent in another sentence. 
A pronoun can present a coherence problem when 
the comprehender does not know the referent of the 
pronoun. Pronouns often require a conversational or 
social context to resolve their referents, as opposed to 
their referring to other text constituents. Coh-Metrix 
computes the referents of pronouns on the basis of 
syntactic rules, semantic fit, and discourse pragmatics 
by some existing algorithms in computational linguistics 
(see Jurafsky & Martin, 2000; Lappin & Leass, 1994). 
The value of this metric is the proportion of adjacent 
sentence pairs in which the second sentence has a 

pronoun that can be successfully linked to a constitu-
ent in the previous sentence by executing the pronoun 
assignment mechanisms.  
	 In addition to referential cohesion indices, Coh-
Metrix has indices that assess the extent to which the 
content of sentences, turns, or paragraphs is similar 
semantically or conceptually.  Cohesion and coherence 
are predicted to increase as a function of similarity. 
Latent Semantic Analysis (LSA) is the primary method 
of computing similarity because it considers implicit 
knowledge. LSA is a mathematical, statistical technique 
for representing world knowledge, based on a large 
corpus of texts. The central intuition is that the mean-
ing of a word is captured by the company of other words 
that surround it in naturalistic documents; two words 
have similar meanings to the extent that they share 
similar surrounding words. LSA uses a statistical tech-
nique called singular value decomposition to condense 
a very large corpus of texts to 100-500 statistical dimen-
sions (Landauer et al., 2007). The conceptual similar-
ity between any two text excerpts (e.g., word, clause, 
sentence, text) is computed as the geometric cosine 
between the values and weighted dimensions of the two 
text excerpts. The value of the cosine varies from 0 to 1. 
LSA-based cohesion was measured in two ways relevant 
to the present study: (1) LSA similarity between adjacent 
sentences and (2) LSA similarity between adjacent para-
graphs.  
	 Lexical diversity provides a simple, but less compu-
tationally expensive, approach to computing semantic 
cohesion of a text. The lexical diversity metric in Coh-
Metrix is the type-token ratio score. This is the number 
of unique words in a text (i.e., types) divided by the 
overall number of words (i.e., tokens) in the text. A low 
value means there is a large amount of redundancy in the 
content words of a text. Cohesion and coherence should 
increase inversely with type-token ratio.  
	 Situation model dimensions. Many aspects of a text 
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can contribute to the situation model (or mental model), 
which is the referential content or microworld of what 
a text is about (Graesser et al., 1994; Kintsch, 1998). 
Text comprehension researchers have investigated at 
least five dimensions of the situational model (Zwaan & 
Radvansky, 1998): causation, intentionality, time, space, 
and protagonists. A break in cohesion or coherence 
occurs when there is a discontinuity on one or more 
of these situation model dimensions. Whenever such 
discontinuities occur, it is important to have connectives, 
transitional phrases, adverbs, or other signaling devices 
that convey to the readers that there is a discontinuity; 
we refer to these different forms of signaling as particles. 
Cohesion is facilitated by particles that clarify and stitch 
together the actions, goals, events, and states conveyed in 
the text. 
	 Coh-Metrix 2.0 analyzes the situation model dimen-
sion on causation, intentionality, space, and time, but not 
protagonists. There are many measures of the situation 
model, far too many to address in this article. The present 
study concentrated on three indices that measure cohesion 
on the dimensions of causality, intentionality, and tempo-
rality. For causal and intentional cohesion, Coh-Metrix 
computes the ratio of cohesion particles to the incidence 
of relevant referential content (i.e., main verbs that signal 
state changes, events, actions, and processes, as opposed 
to states). The ratio metric is essentially a conditionalized 
incidence of cohesion particles: Given the occurrence of 
relevant content (such as clauses with events or actions, 
but not states), what is the density of particles that stitch 
together the clauses? For example, the referential content 
for intentional information includes intentional actions 
performed by agents (as in stories, scripts, and common 
procedures); in contrast, the intentional cohesion particles 
would include infinitives and intentional connectives (in 
order to, so that, by means of). Similarly, the referential 
content for causation information includes various classes 
of events that are identified by change-of-state verbs and 

other relevant classes of verbs in WordNet (Fellbaum, 
1998); the causal particles are the causal connectives and 
other word classes that denote causal connections between 
constituents. In the case of temporal cohesion, Coh-
Metrix computes the uniformity of the sequence of main 
verbs with respect to tense and aspect. The Coh-Metrix 
help facility is available at the Web site for more details.      

AutoTutor

Student conversations with AutoTutor were one of the 
four types of discourse analyzed by Coh-Metrix. Auto-
Tutor is a pedagogical agent that helps students learn by 
holding a conversation in natural language (Graesser et 
al., 2005; Graesser, Lu et al., 2004). The learning gains of 
AutoTutor have been assessed in the areas of computer 
literacy (Graesser, Lu et al., 2004) and Newtonian physics 
(VanLehn et al., 2007). AutoTutor increases learning by 
approximately one letter grade when compared to read-
ing textbooks for an equivalent amount of time.  
	 AutoTutor’s dialogues are organized around diffi-
cult questions and problems that require reasoning and 
explanations in the answers. The example below is one of 
the challenging questions on Newtonian physics. 

Physics question: If a lightweight car and a massive truck 
have a head-on collision, upon which vehicle is the impact 
force greater? Which vehicle undergoes the greater change 
in its motion, and why?

Such questions require the learner to construct approxi-
mately 3–7 sentences in an ideal answer and to exhibit 
reasoning in natural language. The dialogue for one 
challenging question typically requires 50-200 conver-
sational turns between AutoTutor and the student. The 
deep learning expected to occur during this process is 
distributed over many turns.
	 The structure of the dialogue in both AutoTutor and 
human tutoring (Chi et al., 2001, Graesser et al., 1995; 
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Van Lehn et al., 2007) can be segregated into three levels 
or aspects: (1) expectation and misconception-tailored 
dialogue, (2) a five-step dialogue frame, and (3) composi-
tion of a conversational turn. These three levels can be 
automated and produce respectable tutorial dialogue.   
	 Expectation and misconception tailored dialogue. This 
is the primary pedagogical method of scaffolding good 
student answers. Both AutoTutor and human tutors 
typically have a list of expectations (anticipated good 
answers) and a list of anticipated misconceptions associat-
ed with each main question. For example, expectation E 
and misconception M are relevant to the example physics 
problems.  

	 E: 	 The magnitudes of the forces exerted by A and B on 
each other are equal.

	 M: 	 A lighter or smaller object exerts no force on a heavier 
or larger object.

AutoTutor guides the student in articulating the expec-
tations through a number of dialogue moves: generic 
pumps (what else?) to get the student to do the talk-
ing, hints, and prompts for the student to fill in miss-
ing words. Hints and prompts are carefully selected by 
AutoTutor to produce content in the answers that fill in 
missing content words, phrases, and propositions.  For 
example, a hint to get the student to articulate expecta-
tion E might be “What about the forces exerted by the 
vehicles on each other?”; this hint would ideally elicit 
the answer “The magnitudes of the forces are equal.” A 
prompt to get the student to say “equal” would be “What 
are the magnitudes of the forces of the two vehicles on 
each other?” AutoTutor adaptively selects those hints 
and prompts that fill missing constituents and thereby 
achieves pattern completion. For those students who 
cannot fill in the content of an expectation after multiple 
conversational turns, AutoTutor steps in as a last resort 
and simply expresses the expectation as an assertion. 
AutoTutor ends up generating a high proportion of 

pumps and hints for articulate students with high knowl-
edge, but a high proportion of prompts and assertions for 
low verbal, low knowledge students. The list of expecta-
tions is eventually covered after the multi-turn dialogue 
and the main question is scored as answered. 
	 AutoTutor adapts to the learners in other ways than 
scaffolding them to articulate expectations. AutoTutor 
corrects misconceptions that periodically arise in the 
students’ talk. When the students articulate a misconcep-
tion, AutoTutor acknowledges the error and corrects it. 
AutoTutor gives feedback to the students on their contri-
butions in most conversational turns. AutoTutor gives 
short feedback on the quality of student contributions: 
positive (very good, bravo), negative (not quite, almost), 
or neutral (uh huh, okay). AutoTutor attempts to answer 
the students’ questions when they are asked. The answers 
to the questions are retrieved from glossaries or from 
paragraphs in textbooks via intelligent information 
retrieval. 
	 Five-step dialogue frame. This dialogue frame is prev-
alent in human tutoring (Graesser et al., 1995; VanLehn 
et al., 2007) and is also implemented in AutoTutor. The 
five steps of the dialogue frame are: (1) Tutor asks main 
question, (2) student gives initial answer, (3) tutor gives 
short feedback on the quality of the student’s answer 
in #2, (4) tutor and student collaboratively interact via 
expectation and misconception tailored dialogue, and (5) 
tutor verifies that the student understands (e.g., Do you 
understand?) 
	 Managing one conversational turn. Each turn of Auto-
Tutor in the conversational dialogue has three information 
slots (constituents). The first slot of most turns is short 
feedback on the quality of the student’s last turn (i.e., 
positive, negative, or neutral).  The second slot advances 
the coverage of the ideal answer with either pumps, hints, 
prompts for specific words, assertions, corrections of 
misconceptions, or answers to student questions.  The 
third slot is a cue to the student for the floor to shift from 
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AutoTutor as the speaker to the student. For example, 
AutoTutor ends each turn with a question or a gesture to 
cue the learner to do the talking. Discourse markers (e.g., 
and also, okay, well) connect the utterances of these three 
slots of information within a turn. 
	 The three levels of AutoTutor go a long way in 
simulating a human tutor. AutoTutor can keep the 
dialogue on track because it is always comparing what 
the student says to anticipated input (i.e., the expecta-
tions and misconceptions in the curriculum script).  
Pattern matching operations and pattern completion 
mechanisms drive the comparison.  These matching 
and completion operations are based on latent semantic 
analysis (Landauer et al., 2007) and symbolic inter-
pretation algorithms (Rus et al., 2006) that are beyond 
the scope of this article to address. AutoTutor cannot 
interpret student contributions that have no matches to 
content in the curriculum script. For example, AutoTutor 
cannot explore topic changes and tangents as students 
introduce them. However, available studies of naturalis-
tic tutoring (Chi et al., 2001; Graesser et al., 1995) reveal 
that (a) human tutors rarely tolerate true mixed-initia-
tive dialogue with student topic-changes that steer the 
conversation off course and (b) most students rarely 
change topics, ask questions, and spontaneously grab the 
conversational floor. Instead, it is the tutor that drives the 
dialogue and leads the dance. 

Using Coh-Metrix to analyze four types of text 
on Newtonian physics 

Coh-Metrix was used to analyze the language and 
discourse of four types of discourse on Newtonian 
physics: Textbook chapters, textoids, AutoTutor tutorial 
dialogue, and naturalistic tutorial dialogue. The text-
book corpus was the first 8 chapters from Hewitt’s 1998 
textbook on Conceptual Physics. The textoid corpus was 
12 physics passages prepared by van den Broek and his 

colleagues for research on the cognitive processes that 
occur during science comprehension (Kendeou & van 
den Broek, in press). The AutoTutor corpus was dialogue 
transcripts from a published experiment conducted on 
10 physics problems with 22 students (Experiment 1 of 
VanLehn et al., 2007); there were 213 conversations total 
because seven of them were incomplete. The human 
tutoring corpus included dialogue transcripts on the 
same 10 physics problems but with a different group of 16 
students, also in Experiment 1 of VanLehn et al. (2007). 
The human tutors held conversations with the students 
through computer mediated conversation. That is, the 
student and tutor were in different rooms and interacted 
on computers. The five human tutors had Ph.D.s in phys-
ics and were highly trained in pedagogy. The students in 
both tutoring corpora were college students enrolled in a 
physics course.       
	 The content of the four corpora were very similar in 
the sense that they covered Newtonian laws of force and 
motion. The goal was to achieve information equivalence 
in domain knowledge among the four types of discourse 
so that differences in language and discourse could be 
attributed to the types of texts (i.e., genres or registers).
	 One way of viewing our selection of the four text 
types is to cross two dimensions. One dimension 
distinguishes expository monologues that are designed 
to be read (textbook and textoids) from conversational 
dialogues (tutoring with humans and AutoTutor). The 
language of the former is expected to be more compact, 
literate, and structurally dense than the language of 
dialogue that has an affinity to the oral tradition (Biber, 
1988; Tannen, 1982). Orthogonal to this monologue-
dialogue dimension is a second dimension that contrasts 
natural and artificial discourse. Textbooks and human 
tutoring are natural, ecologically valid discourse samples, 
whereas textoids and AutoTutor interactions have some 
modicum of artificiality. The researchers attempted to 
make the textoids and AutoTutor interactions well-
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structured and coherent, of course, but in truth they are 
constrained by a research agenda or computational algo-
rithms. It is an empirical question how close the artificial 
discourse samples are to the naturalistic samples.  
	 We used Coh-Metrix 2.0 to analyze the four corpora. 
Each conversational turn was treated as a paragraph 
in the analyses of the two tutoring corpora. Therefore, 
a turn in a dialogue is analogous to a paragraph in an 
expository monologue. 

Means and standard deviations of the Coh-Metrix 
indices

Table 1 presents the means and standard deviations of 
the Coh-Metrix indices, segregated by the four corpora. 
Table 2 presents a follow-up analysis that segregates tutor 
turns from student turns within the two tutoring corpo-
ra. In order to assess whether the means significantly 
differ from each other, one can compute 95% confidence 
intervals around each mean. The general formula is 
Mean ± [1.96 * SD / SQRT(N)]. For example, the mean 
number of negations per 1000 words in AutoTutor 
dialogue is 11.5 and the standard deviation (SD) is 6.2. 
The 95% confidence interval would be 11.5 ± [1.96 * 6.2 / 
SQRT(213)]. That is, scores between 10.6 and 12.4 are not 
significantly different from the mean of 11.5. It follows 
that the mean scores for negations in textbooks (7.9) and 
textoids (6.8) are clearly outside of the range for AutoTu-
tor, whereas the mean score for human tutoring (10.6) 
is within the range for AutoTutor. The 95% confidence 
interval for the textbooks is 7.9 ± 1.2, or 6.7 to 9.1; the 
negations in the textoids are within this range, but not 
the AutoTutor dialogues. The 95% confidence interval 
for textoids is 2.3 to 11.3, so the textbooks are within this 
range, whereas the AutoTutor dialogues are outside of 
the range. 
	 T-tests can also be mathematically derived from the 
means and standard deviations in these tables. The set 

of t-tests would support the following comparisons on 
the incidence of negations: AutoTutor = human tutoring 
> textbook = textoids. Our discussion of the data below 
do not explicitly report inferential statistics because the 
large number of statistical tests would be cumbersome. 
However, our claims are supported by statistical tests at 
alpha = .05 without adjustments for alpha inflation from 
multiple tests.      

Simple measures of texts

The top cluster of indices in Tables 1 and 2 present simple 
measures of texts. The expository monologues (textbook 
and textoids) had a higher Flesch-Kincaid grade level 
than the tutoring dialogues (AutoTutor and human 
tutoring). The higher grade level can be attributed to 
longer sentences in the monologues because there were 
small differences in syllables per word (recall that grade 
level is based on sentence length and word length). The 
monologues also had more sentences in the paragraphs 
than the tutoring sessions had sentences in the conversa-
tional turns. The flow of information in tutoring clearly 
has smaller packages of information (sentences, para-
graphs) distributed over more turns (i.e., paragraphs) 
compared with the expository monologues that are 
designed to be read. Stated differently, tutoring is more 
fragmented and distributed than the discourse designed 
for print. 
	 A more detailed analysis of the tutoring can be 
derived from the data in Table 2. The AutoTutor dialogue 
was more fragmented and distributed than the human 
tutoring.  AutoTutor had comparatively more turns, 
fewer sentences per turn, and fewer words per sentence. 
For both types of tutoring, the contributions of the 
students were much shorter than the tutor. Most of the 
student turns were only one sentence with 8 or 9 words. 
It was the tutor who did most of the talking in both 
AutoTutor and human tutoring. Educational research-
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Table 1.  Means and standard deviations for the measures of Coh-Metrix by physics corpora 

	 Textbook	 Textoids	 AutoTutor	 Human
			   tutoring 	 tutoring

SIMPLE MEASURES OF TEXTS	 	 	 	
Number of texts	 8	 12	 213	 160
Total number of words in the text	 5967 (2333)	 177 (15)	 913 (369)	 406 (215)
Total number of sentences in the text	 329 (136)	 14.4 (2.5)	 104.6 (49.7)	 36.9 (21.2)
Total number of paragraphs/turns in the text	 76.6 (27.7)	 3.9 (1.08)	 46.5 (22)	 15.5 (11.8)
Average words per sentence	 18.2 (.86)	 12.5 (1.97)	 9.3 (1.73)	 11.5 (2.83)
Average sentences per paragraph/turn	 4.3 (.58)	 4 (1.54)	 2.3 (.17)	 2.7 (.84)
Average syllables per word	 1.51 (.03)	 1.45 (.13)	 1.45 (.06)	 1.43 (.08)
Flesch-Kincaid Grade level (0-12)	 9.3 (.46)	 6.4 (1.55)	 5.2 (.8)	 5.8 (1.53)

WORD LEVEL	 	 	 	
Logarithm of frequency of content words	 2.15 (.05)	 2.3 (.14)	 2.27 (.11)	 2.31 (.16)
Incidence score of all connectives	 69.3 (5.9)	 71.1 (20.4)	 59.9 (13.4)	 71.5 (52.8)
Incidence of positive causal connectives	 9.4 (2.2)	 12.4 (11.8)	 11.9 (5.5)	 18.4 (16.7)
Incidence of negative causal connectives	 1.35 (.52)	 2.72 (4.35)	 .53 (.8)	 .36 (1.04)
Incidence of positive additive connectives	 22 (2.8)	 29.5 (11.1)	 22.5 (8.7)	 22.7 (21.2)
Incidence of negative additive connectives	 10.7 (1.8)	 6 (5.4)	 3.9 (2.6)	 6.1 (5.6)
Incidence of positive temporal connectives	 10.4 (2.9)	 10.6 (8.9)	 14.6 (6)	 12.3 (11.8)
Incidence of negative temporal connectives 	 .29 (.29)	 .48 (1.66)	 .1 (.38)	 .56 (1.77)
Incidence of all logical operators (and +if+or+cond+neg)	 38 (2.7)	 32.6 (17.6)	 34.6 (9.9)	 36.9 (27.6)
Incidence of conditionals in the text	 5.19 (.83)	 1.33 (2.41)	 4.82 (3.03)	 5.38 (4.26)
Incidence of negations in the text	 7.9 (1.7)	 6.8 (7.9)	 11.5 (6.2)	 10.6 (8)

SYNTAX	 	 	 	
Words before main verb of main clause in sentences	 5.21 (.35)	 3.56 (1.11)	 2.52 (.64)	 2.76 (1.18)
Average number of modifiers per noun phrase	    .93 (.07)   	 .75 (.17)	 .87 (.07)	 .86 (.13)

REFERENTIAL AND SEMANTIC COHESION	 	 	 	
Argument overlap of adjacent Sentences	    .66 (.03)	   .53 (.26)	   .24 (.07)	    .35 (.12)
Stem overlap of adjacent sentences	     64 (.03)	    .49 (.25)	 .23 (.07)	 .3 (.11)
LSA cosine of adjacent sentence to sentence	    .36 (.02)	    .28 (.12)	 .19 (.08)	 .21 (.11)
LSA cosine of paragraph/turn to paragraph/turn	 .48 (.07)	 .45 (.18)	 .32 (.09)	 .26 (.16)
Anaphor pronominal coreference of adjacent sentences	 .26 (.07)	 .29 (.21)	 .09 (.04)	 .21 (.1)
Type-token ratio of all content words	 .36 (.03)	 .73 (.09)	 .37 (.09)	 .57 (.1)

SITUATION MODEL DIMENSIONS	 	 	 	
Causal cohesion: Causal particles divided by causal verbs	 .33 (.08)	 .26 (.24)	 .26 (.12)	 .4 (.22)
Intentional cohesion: Intentional particles / intentional actions	 1.49 (.2)	 1.04 (1.62)	 .58 (.29)	 .94 (.8)
Temporal cohesion: Tense and aspect repetition scores	 .87 (.02)	 .82 (.08)	 .9 (.03)	 .84 (.07)
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Table 2.  Means and standard deviations for students and tutor turns 

	 AutoTutor 	 AutoTutor	 Human	 Human
	 (Tutor	 (Student	 Tutoring	 Tutoring 
	 Turns) 	 Turns) 	 (Tutor	 (Student
			   Turns)	 Turns) 

SIMPLE MEASURES OF TEXTS	 	 	 	
Number of texts	 213	        213	 160	 160
Total number of words in the text	 725 (329)	 190 (91)	 309 (153)	 102 (92)
Total number of sentences in the text	 77.7 (38.8)	 26.9 (11.7)	 26.7 (14.1)	 10.2 (7.9)
Total number of paragraphs/turns in the text	 23.4 (11)	 23.1 (11)	 7.9 (5.9)	 7.5 (5.9)
Average words per sentence	 9.8 (1.77)	 7.6 (3.04)	 11.9 (3.04)	 9.4 (5.13)
Average sentences per paragraph/turn	 3.3 (.31)	 1.2 (.2)	 3.9 (1.38)	 1.4 (.56)
Average syllables per word	 1.44 (.06)	 1.51 (.11)	 1.44 (.07)	 1.41 (.17)
Flesch-Kincaid Grade level (0-12)	 5.2 (.84)	 5.2 (1.48)	 6.0 (1.51)	 4.9 (2.84)

WORD LEVEL	 	 	 	
Logarithm of frequency of content words	 2.29 (.11)	 2.2 (.17)	    2.3 (.13)	 2.36 (.3)
Incidence score of all connectives	 59.4 (14.2)	 59 (21.9)	 64.1 (19.7)	 64.3 (57.2)
Incidence of positive causal connectives	 10.1 (5.6)	 17.6 (11.4)	 15.4 (8)	 19.3 (25.3)
Incidence of negative causal connectives	 .61 (.99)	 .19 (.95)	 .29 (1.03)	 .45 (1.86)
Incidence of positive additive connectives	 22.9 (9.4)	 19.8 (14.4)	 20.5 (10.6)	 18.1 (21.7)
Incidence of negative additive connectives	 3.9 (2.4)	 4 (6.5)	 5.4 (5.1)	 7.2 (10.9)
Incidence of positive temporal connectives	 15.6 (6.7) 	 10.6 (10)	 11.2 (6.8)	 11 (18)
Incidence of negative temporal connectives 	 .0 (.0)	 .43 (1.87)	 .29 (1)	 1.05 (4.75)
Incidence of all logical operators (and +if+or+cond+neg)	 32.8 (11.2)	 40.4 (16.6)	 31.1 (12.2)	 44.6 (39.8)
ncidence of conditionals in the text	 5.16 (3.01)	 3.27 (5.91)	 5.36 (4.55)	 3.76 (7.28)
Incidence of negations in the text	 9.8 (6.9)	 18.4 (12.5)	 7.5 (5.8)	 24.5 (35.7)

SYNTAX	 	 	 	
Words before main verb of main clause in sentences	 2.72 (.72)	 1.92 (1.23)	 2.91 (1.43)	 2.06 (1.91)
Average number of modifiers per noun phrase	 .87 (.07)	 .85 (.18)	 .86 (.14)	 .68 (.32)

REFERENTIAL AND SEMANTIC COHESION	 	 	 	
Argument overlap of adjacent Sentences	 .24 (.07)	 .24 (.15)	 .37 (.14)	 .28 (.25)
Stem overlap of adjacent sentences	 .21 (.06)	 .25 (.16)	 .31 (.14)	 .23 (.25)
LSA cosine of adjacent sentence to sentence	 .15 (.08)	 .23 (.09)	 .19 (.09)	 .23 (.15)
LSA cosine of paragraph/turn to paragraph/turn	 .44 (.11)	 .20 (.08)	 .34 (.16)	 .25 (.17)
Anaphor pronominal co-reference of adjacent sentences	 .09 (.05)	 .10 (.08)	 .23 (.12)	 .17 (.19)
Type-token ratio of all content words	 .42 (.12)	 .49 (.12)	 .62 (.1)	 .76 (.16)

SITUATION MODEL DIMENSIONS	 	 	 	
Causal cohesion: Causal particles divided by causal verbs	 .21 (.11)	 .47 (.7)	 .36 (.23)	 .39 (.41)
Intentional cohesion: Intentional particles / intentional actions	 .53 (.27)	 .84 (1.25)	 .82 (.74)	 .78 (1.12)

Temporal cohesion: Tense and aspect repetition scores	 .88 (.04)	 .95 (.05)	 .81 (.09)	 .9 (.11)
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ers encourage active learning on the part of the student, 
with attempts to get the student to do the talk and action. 
However, this is a challenge even in one-on-one tutoring.

Word-level indices 

The words in the four types of discourse did not appre-
ciably vary in word frequency but differences did emerge 
in connectives, conditionals, and negations. The overall 
incidence of connectives was lower in AutoTutor than 
the other three genres, which were approximately the 
same. The distribution of subcategories of connectives 
differed among the discourse types. However, it is diffi-
cult to discern any simple picture from the data.
	 Differences that emerged between AutoTutor and 
human tutoring appear in Table 2. The students learning 
from AutoTutor had fewer negative connectives, nega-
tions, logical operators, and conditional expressions, but 
approximately the same number of positive causal, addi-
tive, and temporal connectives. Although this suggests 
that the human tutor extracted more complex analytical 
content from the students than did AutoTutor, the distri-
bution of word categories was very similar for the tutor 
turns in AutoTutor and the human tutor. This supports 
the claim that the automated tutor did a reasonable job 
simulating the human tutors, at least from the perspec-
tive of the distribution of word categories.  

Syntax 

The syntactic composition of sentences systematically 
differed among the four types of discourse. The exposi-
tory monologues had more complex syntax than the 
tutoring dialogues when we examined the mean number 
of words before the main verb of the main clause, which 
reflects a greater load on working memory. The textbook 
clearly had the highest score on this syntactic index. 
Within the tutoring discourse, the student contributions 

were not different on this index for AutoTutor versus 
human tutors; the tutor contributions were also not 
significantly different for AutoTutor versus human tutors. 
The other measure of syntactic complexity, namely the 
mean number of modifiers per noun-phrase, was not 
remarkably different among the discourse types. 

Referential and semantic cohesion  

Referential and semantic cohesion was consistently 
higher for the expository monologues than the tutor-
ing dialogues when we examined argument overlap, 
stem overlap, and LSA scores. Therefore, in addition to 
tutoring being more fragmented and distributed, the 
discourse also has lower cohesion on these referential 
and semantic indices. When the two types of exposi-
tory monologues were compared, cohesion was higher 
for the textbooks than the textoids. Unfortunately, it is 
difficult to interpret the anaphor pronominal reference 
index because the measure confounds the incidence of 
pronouns and the likelihood that the pronoun refer-
ent can be resolved; additional analyses will need to 
be conducted to differentiate these two components. 
Nevertheless, the scores were higher for expository 
monologues than the tutoring dialogues. 
	 The type-token index of lexical diversity showed 
extremely high scores for the textoids, followed by 
human tutoring, and the lowest for the textbooks and 
AutoTutor. Therefore, there is more redundancy in 
the content words of the textbook and AutoTutor. The 
textoids are very packed with information. Apparently 
experimental psychologists fill their stimulus texts with 
a large amount of new information, much more than the 
professional writers of textbooks.  
	 In-depth analyses of the tutoring sessions uncovered 
a few informative results. The student contributions 
in AutoTutor had lower argument overlap, LSA-turn 
similarity, anaphor pronominal reference, and lexi-
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cal diversity, whereas stem overlap and LSA-sentence 
similarity scores were the same. The tutor contributions 
in AutoTutor had lower argument overlap, stem overlap, 
LSA-sentence similarity, anaphor pronominal reference, 
and lexical diversity than in human tutoring, but higher 
LSA-turn similarity scores. It is interesting that students’ 
scores in referential and semantic cohesion tended to 
match that of the tutors. The low lexical diversity in 
AutoTutor can be explained by the fact that the content 
covered in AutoTutor was more narrow and constrained 
by the information in the curriculum scripts.  Human 
tutors tended to cover topics beyond the realm of the 
curriculum.   

Situation model dimensions 

The three dimensions of the situation model we 
measured were causal, intentional, and temporal cohe-
sion. The expository monologues had higher intentional 
cohesion than the tutoring dialogues, but such differ-
ences did not occur for causal and temporal cohesion. 
In-depth analyses of the tutoring discourse revealed 
two differences. First, the student contributions had 
higher cohesion on all three dimensions of the situation 
model for AutoTutor than for human tutoring sessions. 
Second, the tutor contributions of AutoTutor had lower 
causal and intentional cohesion, but higher temporal 
cohesion. There was no style matching of students to 
tutor discourse when situation model dimensions were 
analyzed. This result is rather different from our analyses 
of referential and semantic cohesion.   

Discussion

The Coh-Metrix analyses have uncovered a large number 
of differences among the four types of physics discourse. 
The rich set of findings supports two general claims. 
First, the categories of text differ quite a bit on aspects of 

language and discourse. Second, Coh-Metrix is suffi-
ciently sensitive to uncover many of these differences. 
	 We can offer several conclusions from our data 
analyses conducted on the four text categories. Consider 
first the contrast between the two types of expository 
monologues (which are designed to be read) and the two 
types of tutoring dialogues. Compared to the tutoring 
discourse, the two expository monologues tended to be 
less fragmented, less distributed, have more complex 
sentence syntax, have higher referential and semantic 
cohesion, and higher intentional cohesion. Some of these 
differences are compatible with the reported differences 
between print and oral language that were identified 
in the early 1980s (see Tannen, 1982). However, we are 
uncertain about the precise cause of the differences (see 
Biber, 1988). Is it the difference between the structure 
of monologue and dialogue? Is it the amount of inter-
activity between speech participants? Is it the difference 
between carefully composed printed discourse that is 
designed to be read versus speech acts composed on-the-
fly in socially constrained conversations? Is it the grain 
size of messages that get composed, i.e., lengthy docu-
ments versus single turns? Answers to such questions 
await future research.         
	 There were notable differences between the textbook 
and the textoids written by an experimental psycholo-
gist. It is important to be tentative, however, because 
our sample was limited to a single textbook and a single 
laboratory investigating textoids. Nevertheless, based on 
this limited sample, the textoids had shorter sentences, a 
lower grade level, less complex syntax, lower referential 
and semantic cohesion, a much higher type-token ratio, 
and lower cohesion on the three situation model dimen-
sions (causality, intentionality, and temporality). Such 
differences suggest that there is some value in behavioral 
scientists using Coh-Metrix to analyze their stimulus 
materials. For example, discourse psychologists and 
education researchers are encouraged to analyze their 
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text stimuli to see whether the language and discourse 
characteristics are aligned with naturalistic texts on simi-
lar topics.
	  Coh-Metrix uncovered subtle differences in the 
discourse characteristics of AutoTutor and human 
tutoring. When we consider tutor contributions (as 
opposed to student contributions), AutoTutor and the 
human tutors had quite similar profiles of language and 
discourse characteristics. We would of course want this 
if AutoTutor were expected to simulate a human tutor. 
But some differences did emerge. AutoTutor had many 
more turns, fewer sentences per turn, fewer words per 
sentence, fewer connectives in some categories, lower 
sentence-to-sentence referential and semantic cohesion, 
higher turn-to-turn LSA cohesion, lower lexical diversity 
(type-token ratio), lower causal and intentional cohesion, 
and higher temporal cohesion. Therefore, AutoTutor was 
more fragmented, more distributed and had less cohe-
sion than the human tutors. However, the curriculum 
script of AutoTutor was more narrow, so the lexical 
diversity was lower (more redundant) and the turn-to-
turn LSA similarity scores were higher. Such differences 
had repercussions on the turns of students. The students 
of AutoTutor had fewer sentences per turn, shorter 
sentences, fewer negations, fewer connectives in some 
categories, lower lexical diversity, and somewhat higher 
cohesion on the three dimensions of the situation model.    
	 We are currently developing a number of other 
measures of cohesion, but have not yet analyzed these 
sufficiently to release them to the public. For example, 
we are in the process of developing indices on genre 
uniformity and on contrasts between given and new 
information. Biber (1988) conducted a factor analysis on 
a corpus of texts on the basis of 67 features of language 
and discourse. We have automated nearly all of these 
features so Coh-Metrix can compute the extent to which 
a text fits different genres (such as narrative, science, 

vs. history texts). However, Coh-Metrix incorporates 
many other characteristics of text and other algorithms 
that Biber never considered when he performed his 
analysis of genre nearly 20 years ago. Another analysis 
contrasts new information from given (old) informa-
tion. The traditional approach segregates constituents 
that are introduced for the first time in the text from 
references to previous text constituents (Prince, 1981). 
Previous analytical treatments of the given-new distinc-
tion have been compositional and symbolic, whereas we 
are exploring LSA-based algorithms that quantitatively 
segregate the amount of new versus old information in a 
sentence automatically as sentences are received incre-
mentally in a text.  
 	 This article provides only a glimpse of the analyses 
that can be conduced on texts with Coh-Metrix. There 
is an open frontier of questions to explore now that 
Coh-Metrix and other computer systems can automati-
cally and quickly analyze texts in large corpora. We invite 
our colleagues to use Coh-Metrix and explore some new 
frontiers. 
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