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Abstract
Coh-Metrix is a system on the web that is capable of measuring texts on hundreds of indices of discourse cohesion and language complexity. The levels of analysis include characteristics of words, syntax, referential cohesion, semantic cohesion, and dimensions of the situation model.  In order to illustrate the capabilities of Coh-Metrix in this chapter, we report an analysis of Einstein’s Dreams, a best selling novel written by a physicist, Alan Lightman. The book is a series of short chapters about villages in Switzerland in which the citizens have radically different assumptions about time and such assumptions have a salient impact on their lives. We used Coh-Metrix to analyze these chapters on different measures of language, discourse, and cohesion; the characteristics of these chapters were compared to a normative sample of science and narrative texts.  Our central guiding question is whether the chapters in Einstein’s Dreams are more similar to narrative or to scientific text. We discovered that most measures were most similar to narrative text, but many were similar to science, so the answer was refreshingly inelegant.  Colleagues are encouraged to use Coh-Metrix for multi-leveled analyses of text corpora.   
Automatic analyses of language, discourse, and situation models

There has been a dramatic increase in computer analyses of large text corpora during the last decade. This can be partly be explained by revolutionary advances in computational linguistics,
 discourse processes,
 the representation of world knowledge,
 
 and corpus analyses.
  Thousands, or even millions, of texts can be quickly accessed and analyzed on hundreds of measures in a short amount of time. Data mining is emerging as a standard methodology in a broad spectrum of fields that range from cyber security to Shakespeare.           
During the last 5 years we have developed a system called Coh-Metrix (http://cohmetrix.memphis.edu),
 
 a computational tool that produces indices of the linguistic and discourse characteristics of a text. The values on these indices can be used in many different ways to investigate the cohesion of the explicit text and the coherence of the mental representation of the text. Our definition of cohesion consists of characteristics of the explicit text that play some role in helping the reader mentally connect ideas in the text.
 The definition of coherence is the subject of much debate. Theoretically, the coherence of a text is defined by the interaction between linguistic representations and knowledge representations. When we put the spotlight on the text, however, coherence can be defined as characteristics of the text (i.e., aspects of cohesion) that are likely to contribute to the coherence of the mental representation. Coh-Metrix provides indices of such cohesion characteristics. 
Coh-Metrix 

There are 60 indices in Coh-Metrix version 2.0 that is available to the public. The user of Coh-Metrix enters a text into the web site and it prints out measures of the text on metrics that span different levels of discourse and language. Coh-Metrix was designed to move beyond standard readability formulae, such as Flesch-Kincaid Grade Level.
 Readability formulae rely exclusively on word length, sentence length, and sometimes word frequency to scale texts on readability. For example, the Flesch-Kincaid Grade Level is computed as shown in formula #1, where Words equals mean words per sentence and Syllables equals mean syllables per word.  


Grade Level = .39 * Words + 11.8 * Syllables - 15.59
Sentence length and word length are only a start in analyzing texts, but surprisingly these two variables robustly predict reading time. The 60 Coh-Metrix measures include some simple measures to compute, such as number of words in the text, number of sentences, number of paragraphs, syllables per word, words per sentence, and sentences per paragraph.  

Coh-Metrix analyzes texts on many levels of language and discourse that go well beyond the simple measures. Some indices refer to characteristics of individual words, as has been achieved in many other computer facilities.
 Most 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. A snapshot of the landscape of indices is provided below.  It should be noted that the researchers at the University of Memphis have over 500 measures in their research web site, but approximately 60 of these are available in the public website.


Word measures. Coh-Metrix measures words on a large number of characteristics, most of which will not be defined in this chapter (see the help system on the web site http://cohmetrix.memphis.edu). There are measures of word frequency in the English language, the distinction between content words (e.g., noun, main verb, adjective) versus function words (e.g., prepositions, articles), concreteness of words, and the level of the words in a semantic abstraction hierarchy (called hypernym count). Mean values of words on these indices are computed for the relevant words in the text. Coh-Metrix incorporates several lexicons, including CELEX,
 WordNet,
 the MRC Psycholinguistic Database,
 and the Brill (1995)
 part-of-speech classifier.    
Word measures are sometimes directly relevant to cohesion. In particular, some word classes have the function of connecting clauses and other constituents in the text. There are different categories of connectives, such as additive (also, moreover), temporal (and then, after, during), causal (because, so), and logical (therefore, nevertheless) connectives.
 
 
 There are negations (not, n’t) that span different levels of constituent structure. The incidence of these word classes is measured as the number of occurrences per 1000 words. A text with higher cohesion would have a higher incidence of word classes that connect constituents. Another important word class consist of pronouns (it, he, hers), which present problems of cohesion when the comprehender does not know the referent of the pronoun.  Pronouns often require a conversational or social context to resolve, as opposed to their referring to other text constituents.  

Syntax. Coh-Metrix measures sentence syntax with the assistance of syntactic parsers
 that assign parts-of-speech and syntactic tree structures to sentences.  There are a number of indices of syntactic complexity. A noun-phrase incidence score computes the number of noun-phrases per 1000 words. The mean number of modifiers per noun-phrase is an index of the complexity of referencing expressions. For example, the very arrogant frustrated man is a complex noun-phrase with 4 modifiers of the head noun man. The number of words before the main verb of the main clause is an index of working memory load; comprehenders need to keep a large number of words in working memory before they get to the main idea of the sentence.
 Sentences with a high number of higher-level constituents per word are more structurally embedded and therefore more complex. The structural similarity of pairs of sentences is also measured. Texts have higher syntactic cohesion when pairs have similar syntax.  

Referential and semantic cohesion. Referential cohesion occurs when a noun, pronoun, or noun-phrase refers to another constituent in the text. For example, in the sentence When people are happy, time moves quickly, the word they refers to the word people. A referring expression (N) is the noun, pronoun, or noun-phrase that refers to another constituent (C). C is designated as the referent of N. In the example sentence, the word they is the referring expression N, whereas the referent C is the word people. One form of co-reference that has been extensively studied is argument overlap.
 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.
 Another form of co-reference is stem overlap, where a noun in one sentence has a similar morphological root as a content word in another sentence. For example, When people are happy, time moves quickly. When happiness ends, the obstacles slow down everything. Happiness and happy have common stems, so there is stem overlap. Yet another form of co-reference is anaphoric pronominal co-reference; a pronoun in one sentence refers to a referent in another sentence. Coh-Metrix computes the referents of pronouns on the basis of syntactic rules, semantic fit, and discourse pragmatics by some existing algorithms proposed by Mitkov (1998)
 and Lappin and Lease (1994)
. Coh-Metrix 2.0 has indices for pronominal co-reference, but these will not be discussed further in the present chapter.   
In addition to referential cohesion indices, Coh-Metrix has indices that assess the extent to which the content of sentences or paragraphs are similar semantically or conceptually.  Cohesion and coherence are predicted to increase as a function of similarity.  One index of semantic similarity is content word overlap, which is the proportion of content words in two excerpts that share common content words.  Latent Semantic Analysis (LSA) is a second method of computing similarity that considers implicit knowledge.  LSA is a mathematical, statistical technique for representing world knowledge, based on a large corpus of texts. LSA uses singular value decomposition, a general form of principle component analysis, to condense a very large corpus of texts to 100-500 dimensions.
 
 The conceptual similarity between any two text excerpts (e.g., word, clause, sentence, text) is evaluated by these 100-500 functional dimensions. 
Each of the co-reference and semantic similarity indices are measured in two ways. The first consists of adjacent sentence cohesion; the indices are computed only on the contiguous pairs of sentences.  Global cohesion is based on all pairs of sentences in a paragraph.  It is also possible to compute LSA metrics between paragraphs, but these are not reported in this chapter.    

Lexical diversity provides a simple, but less computationally 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. Semantic, conceptual, and co-referential cohesion has a high negative correlation with type-token ratio.   

Situation model dimensions.  Many aspects of a text can contribute to the situation model (or mental model), the referential content or microworld of what a text is about.
 
 Text comprehension researchers have investigated at least five situational dimensions: causation, intentionality, time, space and protagonists.
 
 All of these situational dimensions can be indicated in a text by connectives, particles, nouns, and verbs. In Coh-Metrix 2.0, the protagonist dimension is not analyzed. For some measures, we assess the ratio of cohesion particles (connectives and other words that help connect constituents) to the density of relevant referential content. For example, the referential content for intentional information includes intentional actions performed by agents (as in stories, scripts, and common procedures), whereas the cohesion particles would include infinitives and intentional connectives (in order to, so that, by means of). In the case of temporal cohesion, we assess the uniformity of the sequence of main verbs with respect to tense and aspect. It is beyond the scope of this paper to define these situation model dimensions in more detail.  The Coh-Metrix help facility is available at the web site for more details.      
Einstein’s Dreams
Alan Lightman’s book Einstein’s Dreams
 has a series of chapters about fictional villages in Switzerland in which the citizens have radically different assumptions about time.  Their assumptions about time deviate from the normal TIME schema in Western cultures. Anomalies on the temporality dimension have illuminating repercussions on causality, agent goals, spatiality, properties of characters, and agent emotions. For example, the citizens in one village know about their entire future, whereas the future is uncertain in our normal reality.  The fact that the future is known lowers the anxiety in the citizens and forces the losers in life to cope with their unfortunate lot.  In another village, the citizens have no memory for the past, which forces them to rediscover and reinvent themselves each day. Time flows backward instead of forward in one of the villages, whereas time stands still in another. As one might expect, some readers are challenged when the attempt to comprehend the stories that are many transformations away from our everyday TIME schemas.
  

The author of this unusual novel is a physicist who had studied the evolution of Albert Einstein’s ideas before Einstein discovered his theory of relativity. Lightman’s academic background had an interesting combination of physics and history. However, Einstein’s Dreams is also narrative fiction so Alan Lightman would presumably need to incorporate the language and voice that is closely aligned to the narrative genre. This raises an interesting question: Is the language in Einstein’s Dreams most akin to science or to narrative? Stated differently, does Alan Lightman write more like a scientist or a novelist?  We conducted a study with Coh-Metrix to answer these questions.  
Our methodological approach to exploring this question was very straightforward.  We used Coh-Metrix 2.0 to analyze a corpus of 10 chapters that were randomly sampled from Einstein’s Dreams.  These were the same 10 chapters that had been investigated in the empirical study conducted on how college students comprehend these texts.
 We compared the Coh-Metrix values in this Einstein’s Dreams corpus with a normative corpus of science and narrative texts that high school students normally read.  The normative corpus was a sample of texts prepared by Touchstone Applied Science Associates (TASA). TASA classifies the texts into the science versus narrative categories, as well as other genres/registers.  The TASA categorization provides an independent, objective, operational definition for classifying the texts into these two categories. We randomly selected 100 science texts and 100 narrative texts from the TASA corpus.  The sampled texts were at approximately the 7th grade level according to the Flesch-Kincaid Grade Level because the mean grade level of the Einstein’s Dream’s (ED) texts was 6.90. The mean numbers of words per text were 667, 276, and 290, respectively, for ED, science, and narrative texts; the corresponding mean numbers of sentences were 44.1, 21.8, and 16.1. Therefore, the ED texts were over twice as long as the science and narrative texts in the TASA sample. In summary, the main empirical question is whether the Einstein’s Dreams corpus has a profile of language and discourse features that look more like the TASA science texts or the TASA narrative texts.          
Results: Are the Einstein’s Dreams chapters more like science or narrative?
One of the foundational research questions in discourse processes is how the language and discourse characteristics differ among texts in different genres, conversational registers, or other theoretical schemes for text classification.
 
 Researchers from different fields do not agree on what the ideal categories or dimensions should be, but example contrasts are made between narrative and informational texts, oral versus print, socially interactive versus decontextualized, and so on. From the standpoint of the present study, we make the contrast between narrative texts and science texts.  
Table 1 presents the results of the Coh-Metrix analyses that were performed on the ED texts, science texts, and narrative texts. The Coh-Metrix indices are segregated into the word-level measures, syntax, referential and semantic cohesion, and situation model dimensions. The Einstein column lists mean values of the indices, averaging over the 10 chapters sampled from the book. The TASA science and narrative texts have columns for means and standard deviations, based on the sample of 100 texts from each genre. Given the sample size of 100 for the TASA texts, one can derive the 95% confidence intervals for assessing whether a particular score is outside of the range of the mean, given an alpha level of .05. The general formula would be Mean ± [1.96 * SD / SQRT(100)]. For example, the mean number of negations for narrative is 9.6 and the standard deviation (SD) is 7.2. The 95% confidence interval would be 9.6 ± 1.4. That is, scores between 8.2 and 11.0 are not significantly different than the mean of 9.6. The mean negation score for science texts is only 6.3, which is clearly outside of the range for narrative texts. Therefore we would conclude that science texts have a lower incidence of negations (per 1000 words) than do narrative texts. Moreover, the fact that the mean number of negations for the Einstein’s Dreams texts is 14.1 would indicate that (a) these unusual texts are more like narrative texts than science texts and (b) there is an unusually high number of negations in these ED texts. Negations are comparatively difficult for humans to process, which perhaps partly explains why these texts are challenging for even college students.  


There is a column in Table 1 filled with the letters N, S, n, and s. The capital N signifies that the ED texts are more like narrative than science texts, whereas S signifies the ED are more like science texts. The small letters indicate that the ED texts are in between the narrative to science continuum, but the ED scores lean toward one of the two. This cell was left blank for logical connectives and NP incidence because these scores were nearly the same for science and narrative texts. As can be seen, the number of indices in the narrative direction outscores that of science 20 to 9. However, the results are hardly uniform across indices. At this point we will turn to interpreting the results presented in Table 1.          
*** INSERT TABLE 1 ABOUT HERE ***

Word-level indices. The content words in narrative have significantly higher word frequencies than those in science texts, whereas the ED texts are similar to narrative. The measures of concreteness are a bit inconsistent. The concreteness values of content words (second row in Table 1) are based on human ratings from the MRC corpus that has only a few thousand words.
 In contrast, noun and verb concreteness (third and fourth row) was based on over 100,000 words in Wordnet
; more concrete words have higher hypernym counts, which consist of superordinate levels in a semantic hierarchy. The latter indices of concreteness showed an expected trend of narrative texts being more concrete than science. That being said, ED texts are more like narrative with respect to verbs and more like science with respect to nouns. Word frequency and concreteness are interesting characteristics of individual words, but they have little or no relevance to cohesion or coherence.  


A mixed picture emerges when considering connectives that link constituents in the texts. The incidence of connectives is higher for narrative than science texts. When the categories of connectives are segregated according to classifications introduced by Halliday and Hasan (1976)
, there are more additive and temporal connectives in narrative, but causal connectives are a bit higher in science and logical connectives are about the same in the two genres. The ED texts are similar to narrative texts with respect to temporal and causal connectives, but to science with respect to additive connectives.

As expected, pronouns are approximately twice as prevalent in narrative text than science text. The pronoun incidence in ED texts is more similar to science than narrative texts. Alan Lightman apparently was more specific in grounding the entities in his microworlds with nouns rather using pronouns. Pronouns are of course a threat to cohesion and coherence to the extent that readers have trouble inferring the referents of the pronouns.  This is one sense that Lightman wrote more like a scientist than a novelist.      

Syntax. The syntactic composition of sentences systematically differs for science and narrative texts. Science texts have more dense noun-phrases (i.e., more modifiers per noun-phrase) whereas narrative texts have more words before the main verb of the main clause (i.e., a greater load on working memory) and have more higher-level constituents per word.  The ED texts had syntactic constructions that were more similar to narrative texts than expository texts.  The syntactic similarity between adjacent sentences was higher for science than narrative texts, with ED texts closer to the science texts.  

Referential and semantic cohesion.  The type-token index of lexical diversity showed higher scores for narrative than expository texts.  Therefore, there is more redundancy and cohesion among the content words in science texts.  Indeed, all measures of referential and semantic cohesion were higher, and typically substantially higher, for science texts than narrative texts: adjacent and global argument overlap, stem overlap, content word overlap, and LSA sentence similarity. Whereas the ED texts were most similar to science texts on type-token ration, the ED texts were most similar to narrative texts on all other measures of referential and semantic cohesion.    
Situation model dimensions. The four dimensions of the situation model are causality, intentionality, temporality, and spatiality.
 
  Narrative texts have more intentional content with animate beings performing actions in pursuit of goals.  In contrast, material causality is affiliated with science texts more than narrative texts. The pattern of causal cohesion scores shows higher cohesion (i.e., a ratio of causal particles to events) in narrative texts than science texts, whereas science texts had higher intentional cohesion scores.  For all of these scores, as well as the temporal cohesion scores, the ED texts were more similar to narrative than expository texts.  The one exception is for spatial cohesion, which showed the following trend: narrative > science > ED texts.  It appears that the situation model content, cohesion, and coherence in ED texts is more akin to narrative than science texts, except for the spatial dimension.     
Discussion
The Coh-Metrix analyses have revealed that Alan Lightman tended to write more like a novelist than a scientist when we analyzed the syntax, referential cohesion, semantic cohesion, temporal and causal connectives, most dimensions of the situation model, and the concreteness of verbs.  In contrast, the language of science became more prominent when examining spatial cohesion, type-token ratio, syntactic similarity between adjacent sentences, additive connectives, pronouns, and the concreteness of nouns. Therefore, there is no simple answer to the question of whether the Einstein’s Dreams texts are more similar to science texts versus narrative texts.

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, the ease of identifying topic sentences in paragraphs, and on given-new information contrasts. One of the most influential analyses of genre has been that of Biber (1988)
, who used a factor analysis to classify a large corpus of texts on the basis of 67 features of language and discourse.  We have automated nearly all of these features so that Coh-Metrix can compute the extent to which a text fits different genre (such as narrative, science, versus 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. Each genre has an associated diagnostic set of connectives, discourse markers, and other signaling devices. Statistical analyses identify the features that diagnostically predict whether text T is in genre/class G. Texts can subsequently be scaled on global genre cohesion in two ways. First, a text has higher genre cohesion when it cleanly fits into one prototypical genre/class G (as measured by an inverse of the classification entropy score). Second, there is higher global cohesion when there is a higher density of diagnostic features associated with the dominant genre/class G.  
Another analysis contrasts new from given information by segregating constituents that are introduced for the first time in the text from references to previous text constituents.
  Previous analytical treatments of the given-new distinction have been compositional and symbolic, whereas we have explored LSA-based algorithms
 to segregate new versus given information automatically as sentences are comprehended, one by one.  
This chapter 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 automatically and quickly analyze texts in large corpora.  We encourage our colleagues to google Coh-Metrix and use this tool in their research.  
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Table 1: Coh-Metrix Analysis of Einstein's Dreams
	
	Einstein
	Science
	Narrative

	
	Mean
	
	7th-M
	7th-SD
	7th-M
	7th-SD

	WORD LEVEL
	
	
	
	
	
	

	Logarithm of frequency of content words
	2.278
	N
	2.239
	0.154
	2.272
	0.145

	Concreteness content words
	410.0
	S
	414.8
	32.4
	397.6
	32.6

	Noun concreteness in hierarchy (hypernym)
	4.980
	S
	4.862
	0.502
	5.279
	0.514

	Verb concreteness in hierarchy (hypernym)
	1.480
	N
	1.424
	0.189
	1.492
	0.194

	All connectives
	66.8
	S
	69.7
	19.4
	79.0
	19.4

	Additive connectives
	37.3
	S
	36.4
	 
	46.1
	 

	Temporal connectives
	11.6
	N
	9.1
	 
	12.6
	 

	Causal connectives
	10.1
	N
	25.1
	 
	22.5
	 

	Logical connectives
	29.8
	 
	30.8
	 
	31.0
	 

	Negations 
	14.1
	N
	6.3
	6.4
	9.5
	7.2

	Personal pronouns
	67.8
	s
	43.4
	26.9
	95.2
	33.9

	Pronoun ratio per noun-phrase
	0.236
	s
	0.154
	0.097
	0.339
	0.118

	
	
	
	
	
	
	

	SYNTAX
	
	
	
	
	
	

	NP incidence
	288.0
	
	283.6
	23.2
	280.8
	17.8

	Modifiers per NP
	0.814
	N
	0.909
	0.180
	0.795
	0.139

	Higher level constituents per word
	0.732
	n
	0.719
	0.041
	0.744
	0.035

	Words before main verb of main clause
	4.199
	N
	3.820
	1.119
	3.931
	1.518

	Syntactic structure similarity adjacent
	0.147
	S
	0.152
	0.041
	0.093
	0.030

	
	
	
	
	
	
	

	REFERENTIAL AND SEMANTIC COHESION
	
	
	
	
	
	

	Adjacent argument overlap
	0.423
	N
	0.632
	0.167
	0.492
	0.206

	Global Argument overlap
	0.260
	n
	0.442
	0.159
	0.422
	0.180

	Adjacent stem overlap
	0.263
	N
	0.616
	0.179
	0.244
	0.184

	Global stem overlap
	0.171
	N
	0.427
	0.169
	0.213
	0.126

	Content word overlap
	0.093
	N
	0.154
	0.058
	0.085
	0.043

	LSA sentence adjacent
	0.116
	N
	0.425
	0.112
	0.283
	0.093

	LSA sentence all
	0.090
	N
	0.324
	0.110
	0.248
	0.087

	Type-token ratio
	0.723
	S
	0.657
	0.091
	0.822
	0.063

	 
	 
	 
	 
	 
	 
	 

	SITUATION MODEL DIMENSIONS
	 
	 
	 
	 
	 
	 

	Causal content
	34.4
	N
	52.0
	18.4
	30.5
	12.1

	Causal cohesion
	2.140
	N
	1.208
	1.153
	3.048
	2.422

	Intentional content
	19.6
	N
	13.3
	10.3
	18.5
	9.0

	Intentional cohesion
	1.110
	N
	2.372
	2.299
	1.314
	1.212

	Temporal cohesion
	0.860
	N
	0.837
	0.090
	0.847
	0.089

	Spatial cohesion
	0.445
	S
	0.466
	0.094
	0.485
	0.073
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