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We discover sizable differences between the lexical complexity assignments of first language (L1) and second language (L2) English speakers. The complexity assignments of 940 shared tokens without context were extracted and compared from three lexical complexity prediction (LCP) datasets: the CompLex dataset, the Word Complexity Lexicon, and the CERF-J wordlist. It was found that word frequency, length, syllable count, familiarity, and prevalence as well as a number of derivations had a greater effect on perceived lexical complexity for L2 English speakers than they did for L1 English speakers. We explain these findings in connection to several theories from applied linguistics and then use these findings to inform a binary classifier that is trained to distinguish between spelling errors made by L1 and L2 English speakers. Our results indicate that several of our findings are generalizable. Differences in perceived lexical complexity are shown to be useful in the automatic identification of problematic words for these differing target populations. This gives support to the development of personalized lexical complexity prediction and text simplification systems.
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1 Introduction

A growing body of research has focused on the detection of complex words for automatic text simplification (TS) (Paetzold and Specia, 2016; Yimam et al., 2018; Shardlow et al., 2021a). Complex words within TS frameworks are those words that are difficult to recognize, understand, or articulate and can significantly reduce reading comprehension (Kyle et al., 2018; Shardlow et al., 2021a). Perceived lexical complexity is therefore the level of difficulty associated with any given word form by a particular individual or group.

First language (L1) English speakers find certain words to be more or less complex than second language (L2) English speakers. This may be due to differing degrees of familiarity (Shardlow et al., 2021b), L1 influence on L2 production (Lee and Yeung, 2018b; Maddela and Xu, 2018), greater cognitive load in L2 processing (McDonald, 2006; Hopp, 2014), differences between L1 and L2 lexical and syntactic encoding and activation (Clahsen and Felser, 2006a,b, 2018), and various other phenomena (Crossley and McNamara, 2009).

With distance learning becoming ever more popular (Morris et al., 2020), research has been focusing on identifying barriers and improving approaches to online education (McCarthy et al., 2022). This includes an increase in the demand for AI/NLP technologies such as TS that can be utilized within computer-assisted language learning (CALL) applications (Tseng and Yeh, 2019; Rets and Rogaten, 2020). However, little research has been conducted on the similarities or differences between L1 and L2 English speakers' perception of lexical complexity in the field of automatic lexical complexity prediction. Demographic differences between annotators hinder the automatic detection of complex words, and in turn reduce the performance of generalized TS technologies (Zeng et al., 2005; Lee and Yeung, 2018b; Maddela and Xu, 2018). As far as the authors are aware, this correlation has not been fully explored within complexity prediction literature, especially in consideration with theoretical explanations from applied linguistics (Zeng et al., 2005; Tack et al., 2016; Lee and Yeung, 2018b; Shardlow et al., 2021a,b; Tack, 2021).

To aid complexity prediction research along with its downstream TS and CALL applications, this study asks the following research questions:

• RQ 1: Are there sizable differences between L1 and L2 English speakers perception of lexical complexity reflected in the annotation of existing complexity prediction corpora?

• RQ 2: If these differences exist, are they represented by the features commonly used in systems developed for complexity prediction?

Section 2 introduces the reader to complexity prediction research. Section 2.2 details several datasets used for complexity prediction. Section 2.3 provides features related to lexical complexity. Section 4 draws several conclusions regarding the strength of the correlations between these features and the complexity assignments of L1 and L2 English speakers. Section 5 gives several brief possible explanations taken from applied linguistics. Section 6 lastly shows the application of our findings for automatically classifying spelling errors made by L1 and L2 English speakers. This was done to test the validity of our findings and to provide a potential use case within TS and CALL technologies.



2 A survey of existing datasets and features


2.1 Complexity prediction research

Automatic complexity prediction is primarily split into (1) complex word identification, and (2) lexical complexity prediction. Complex word identification (CWI) entails the development of binary classifiers that can automatically distinguish between complex and non-complex words. They achieve this by assigning target words with binary complexity values of either 0 (non-complex) or 1 (complex) (Table 1) (Paetzold and Specia, 2016; Yimam et al., 2018). Lexical complexity prediction (LCP) is essentially a regression based task. It relies on multi-labeled data to model lexical complexity on a continuum. This continuum has varying thresholds, which may range from very easy (0), easy (0.25), neutral (0.5), difficult (0.75), to very difficult (1). These thresholds are used to label a target word with a continuous complexity value between 0 and 1 (Table 1). LCP, therefore, provides more fine-grained complexity values than in comparison to the binary annotated data provided by CWI, as it is able to recognize those words with a neutral level of complexity (Shardlow et al., 2020, 2021a). This study has subsequently focused on LCP, hence continuous complexity assignments made by L1 and L2 English speakers.


TABLE 1 Example of a sentence annotated with both binary and continuous complexity values from CWI and LCP systems, respectively, taken from the CompLex dataset (Shardlow et al., 2020).

[image: Table 1]

Researchers interested in both CWI and LCP have brought into question the generalizability of automated lexical complexity assignments. They argue that prior CWI and LCP systems are unable to account for “variations in vocabulary knowledge among their users” (Lee and Yeung, 2018b). In other words, they are unable to account for differing perceptions of lexical complexity. Studies, such as Zeng et al. (2005), Tack et al. (2016), Lee and Yeung (2018b), and Tack (2021), introduced personalized CWI to account for such variation among differing target populations. Personalized CWI caters for the individual by taking into consideration their specific demographic and by relying on features that correlate with that demographic's assignment of lexical complexity.

Traditionally, research has indicated statistical and psycholinguistic features as being reliable indicators of a word's complexity (Shardlow et al., 2021b), such as word frequency, length, familiarity and concreteness. Nevertheless, since lexical complexity assignments differ from one demographic to the next, the question remains whether these features are truly universal in their ability to predict lexical complexity across multiple target populations. These features include word frequency, word length, syllable count, familiarity, prevalence, and concreteness (Paetzold and Specia, 2016; Monteiro et al., 2023). Thus, to answer research questions 1 and 2, numerous LCP datasets have been selected to represent the lexical complexity assignments of both L1 and L2 English speakers (Section 2.2). The above features were then applied to these datasets to uncover whether sizable differences exist between each set of annotators' complexity assignments, as well as these features ability to predict lexical complexity for each target demographic (Section 4).



2.2 Existing datasets

Shared-tasks have increased the popularity of complexity prediction research (Paetzold and Specia, 2016; Yimam et al., 2018; Shardlow et al., 2021a). This has resulted in several datasets that can be used for complexity prediction. These datasets have been labeled by annotators from differing backgrounds. Some datasets were created by annotators made up of purely L1 English speakers or annotators from a specific country, such as China (Lee and Yeung, 2018a; Yeung and Lee, 2018), Japan (Nishihara and Kajiwara, 2020), or Sweden (Smolenska, 2018). Other datasets contained a mixture of L1 and L2 English speakers from a variety of international backgrounds (Yimam et al., 2018). However, few of these datasets consist of multi-labeled continuous data used to train state-of-the-art LCP systems. In fact, only several datasets exist that contain English words annotated using a likert-scale and labeled with continuous complexity values. Examples include the CompLex dataset (Shardlow et al., 2020), the Word Complexity Lexicon (Maddela and Xu, 2018), and the CERF-J project's word list (Tono, 2017). These datasets have been grouped in accordance to their annotators and have been described throughout the following sections.


2.2.1 Dataset with L1 English speaking annotators

The CompLex dataset (Shardlow et al., 2020) is the most recent dataset that has been used to develop LCP systems (Shardlow et al., 2020, 2021a). Over 1500 L1 English speaking annotators were responsible for labeling continuous complexity values to a range of extracts taken from the Bible (Christodouloupoulos and Steedman, 2015), biomedical articles (Koehn, 2005) and Europarl (Bada et al., 2012). These annotators were crowd-sourced from “the UK, USA, and Australia” (Shardlow et al., 2020). Having been sourced from English-speaking countries, it is likely that these annotators were predominately L1 English speakers. The CompLex dataset is also split into two sub-datasets. The first contains 9,000 instances of single words. The second houses 1,800 instances of multi-word expressions (MWEs). Both sub-datasets were created using a 5-point likert scale and therefore provide continuous complexity values ranging between 0 (very easy) and 1 (very difficult). Assigned complexity values were averaged. The returned averaged values were then used as the corresponding target words', or MWEs', overall level of complexity.



2.2.2 Datasets with L2 English speaking annotators

The Word Complexity Lexicon (WCL) (Maddela and Xu, 2018) consists of “15,000 English words with word complexity values assessed by human annotators” (Maddela and Xu, 2018). These annotators were 11 non-native yet fluent L2 English speakers from varying international backgrounds. These annotators also had varying first languages. The WCL contained the most frequent 15,000 words provided by the Google 1T Ngram Corpus (Brants and Franz, 2006). Its complexity values were continuous and were gained through the use of a 6-point likert scale. Each annotator was asked whether they believed the target word was either very simple, moderately simple, simple, complex, moderately complex, or very complex.

The Common European Reference Framework for Languages (CERF) is a recognized criteria for assessing language ability. It contains multiple levels. These levels range from: “A1 (elementary), A2, B1, B2, C1, to C2 (advanced)” (Uchida et al., 2018). A1 is used to refer to elementary proficiency, having the ability to “recognise familiar L2 words and very basic phrases” (Council of Europe, 2020). C2 denotes advanced proficiency, “having no difficulty in understanding any kind of L2 [spoken or written] language” (Council of Europe, 2020). The CERF-J project is the utilization of the CERF for English foreign-language teaching in Japan. The project contains a CERF-J wordlist with 7800 English words, with each word having been assigned a CERF level marking their complexity. These assigned CERF levels were calculated in accordance to a word's frequency within CERF rated foreign-language English textbooks. These textbooks were taken from Chinese, Taiwanese, and Korean schools (Markel, 2018; Tono, 2017). As such, the complexity assignments contained within the CERF-J wordlist may reflect those made by Chinese, Taiwanese, or Korean L2 English speaking annotators.



2.2.3 Datasets with L1 and L2 English speaking annotators

The Personalized LS Dataset was created by Lee and Yeung (2018b) to reflect the individual complexity assignments of 15 Japanese learners of English. These L2 English speakers were tasked with rating the complexity of 12,000 English words. To do so, they used a 5-point likert scale that depicted how well they knew the word. They chose from 5 labels that ranged from (1) “never seen the word before”, to (5) “absolutely know the word's meaning” (Lee and Yeung, 2018b). The dataset classified those words labeled between 1 and 4 as being complex, whereas those labeled 5 were believed to be non-complex. Regardless of this binary classification, the use of a 5-point likert scale means that such data can easily be adapted for continuous LCP rather than for binary CWI. The annotators of the Personalized LS Dataset were also sub-divided in regards to their English proficiency (Lee and Yeung, 2018b). The first sub-group contained the four least proficient annotators whom knew less than 41% of the 12,000 English words. The second sub-group consisted of the four most proficient annotators whom knew more than 75% of the 12,000 English words. Unfortunately, however, the Personalized LS Dataset is not publicly available and was therefore not used within this study.

The CWI–2018 shared-task (Yimam et al., 2018), introduced several participating teams to a set of CWI datasets annotated by a variety of L1 and L2 English speaking annotators. These datasets were of differing genres containing extracts taken from news articles, Wikinews and Wikipedia. These datasets were also of differing languages, being English, German, Spanish and French. Its annotators were collected using the Amazon Mechanical Turk (MTurk) and were tasked with identifying complex words from a given number of extracts (Yimam et al., 2018). In total, 134 L1 and 49 L2 English speakers labeled the English datasets with 34,789 binary complexity values. Due to CWI–2018's use of annotators from a variety of backgrounds, as well as its datasets being constructed from multiple sources, the CWI–2018 datasets acted as a good control during our initial analysis by indicating which of our selected features (Section 2.3) were salient across both sets of annotators. However, due to the CWI–2018 datasets containing binary instead of continuous complexity assignments, these datasets were later dropped. This is since a direct comparison between binary complexity values and continuous complexity values is less informative and is subsequently less helpful in the development of state-of-the-art LCP systems that rely on continuous data.




2.3 Features

Many CWI and LCP classifiers use statistical, phonological, morphological, and psycholinguistic features to predict lexical complexity (Shardlow et al., 2021b). Among these features, word frequency, word length, syllable count, and familiarity are the most common (Paetzold and Specia, 2016; Yimam et al., 2018; Shardlow et al., 2021b). Despite current state-of-the-art LCP systems preferring the adoption of unsupervised deep learning transformer-based models (Pan et al., 2021; Rao et al., 2021; Yaseen et al., 2021), those LCP systems that rely on feature engineering still perform well. During the LCP–2021 shared-task (Shardlow et al., 2021a), the third best performing system adopted a feature engineering approach (Mosquera, 2021). Among Mosquera (2021)'s extensive set of features, word frequency, length, syllable count, and familiarity were found to be among the best features in predicting lexical complexity. This is further supported by the findings of Desai et al. (2021) and Shardlow et al. (2021b). As such, this study has used these features as a means of analyzing the differences in complexity assignment between L1 and L2 English speakers.


2.3.1 Statistical features

Zipf's Law states that few words are rare, few words are very frequent, and the rest are more or less evenly distributed. Those words which are rare and that appear less frequently within a text are likely to be longer than compared to those words that are more common (Quijada and Medero, 2016; Zampieri et al., 2016). Therefore, it is often believed that since infrequent words are longer, they are less likely to be familiar and as a consequence, are more complex than compared to more frequent words that are shorter (Zampieri et al., 2016).

Zipfian frequency is used to predict the frequency of a target word within a natural language, such as English, given a provided dataset. It is calculated per the following equation:

[image: image]

where k is the frequency rank of the target word ordered from the most to least frequent, s is the exponent that defines the distribution, n is the vocabulary, and size Hn, s is the generalized harmonic number; “being the sum of the reciprocals of the size of the vocabulary” (Zampieri et al., 2016).

True frequency represents the frequency of a target word within a given dataset rather than its predicted frequency within its respective language. True frequency is generated through the following equation:

[image: image]

with the numerator being the number of times the target word appeared in a dataset, and where N is the number of tokens within that dataset. We calculated frequency using the Brown Corpus (Francis and Kucera, 1979) and the British National Corpus (BNC) (BNC Consortium, 2015).

A percentage of the BNC was used to generate document frequencies, being how many documents the target word was found in. The BNC consists of 4049 texts, including both written and spoken texts (BNC Consortium, 2015). We selected a percentage of written texts, with an average of 10% of our selected texts coming from each text genre, spanning literary works to news and scientific articles. We believed document frequency would help verify or disprove any potential correlation drawn between lexical complexity and word frequency.

Word length is associated with lexical complexity (Paetzold and Specia, 2016; Yimam et al., 2018; Desai et al., 2021; Shardlow et al., 2021a,b). It is calculated by simply counting the number of characters that form a target word. Zampieri et al. (2016) along with others (Paetzold and Specia, 2016; Yimam et al., 2018; Desai et al., 2021; Shardlow et al., 2021a,b), have discovered that statistical features, such as word frequency, be it either Zipfian frequency or True frequency, along with word length, are good baseline indicators of lexical complexity. A strong negative correlation should be seen between word frequency, word length and complexity, regardless of whether the annotator is a L1 or L2 speaker.



2.3.2 Phonological features

Syllable count is also used for predicting lexical complexity (Paetzold and Specia, 2016; Yimam et al., 2018; Desai et al., 2021; Shardlow et al., 2021a,b). This is since words with a high number of syllables can be hard to pronounce for some individuals (Mukherjee et al., 2016). L2 English speakers who are not yet familiar with the phonology of the target language, may subsequently find such words to be difficult to read and articulate (Mukherjee et al., 2016; Desai et al., 2021). Learners of English may perceive these words to be more complex than words with less syllables in comparison to L1 English speakers. Syllable count is normally obtained by counting the number of vowels within a target word (Desai et al., 2021).



2.3.3 Character N-grams

Many languages do not share the same writing system or the same alphabet. This may lead to some L2 English speakers being unfamiliar with certain character combinations found in English. Thus, words made up of these unfamiliar character combinations are also likely to be considered more complex for a L2 English speaker than those words which have a similar appearance to words within their L1, i.e., cognate words. Certain character combinations may subsequently impact reading and understanding either as a consequence of being part of an acquired alphabet or simply being unfamiliar to the reader.

Character N-grams are often used to recognize those character combinations which may pose difficulty to a given reader (Desai et al., 2021; Shardlow et al., 2021b). We suspect that these differing character combinations may be identifiable when analyzing the bigrams and trigrams of the complex words annotated by L1 and L2 English speakers.



2.3.4 Psycholinguistic features

Familiarity is among the most popular psycholinguistic feature for LCP (Paetzold and Specia, 2016; Yimam et al., 2018; Desai et al., 2021; Shardlow et al., 2021b). Obtained from the MRC Psycholinguistic Database (Wilson, 1988), familiarity is a measure of how well-known a target word is to an individual and was obtained through self-report from a group of 36 L1 English speaking university students (Gilhooly and Logie, 1980; Desai et al., 2021). Familiarity is related to another feature referred to as prevalence.

Prevalence is the percentage of annotators who know a target word (Brysbaert et al., 2019). It is produced by the following equation:

[image: image]

with the numerator being the number of annotators familiar with the word, and N being the total number of annotators. Brysbaert et al. (2019) has provided a dataset containing 62,000 English words and their respective prevalence ratings annotated by 221,268 L1 English speakers from the USA and UK.

Concreteness is another popular feature for LCP (Paetzold and Specia, 2016; Yimam et al., 2018; Desai et al., 2021; Shardlow et al., 2021b). It is defined as “the degree to which the concept denoted by a target word refers to a perceptible entity” (Brysbaert et al., 2013). Concreteness is also normally obtained through self-report. Brysbaert et al. (2013) have provided a dataset containing the concreteness ratings of 40,000 English words provided by 4,000 L1 English speakers located in the USA.



2.3.5 Summary and hypotheses

In the preceding sections, we compare the above features' correlations with lexical complexity across multiple datasets created by differing sets of annotators: L1 and L2 English speakers. Zipfian, True, and document frequency, word length, syllable count, and character n-grams were computed manually, whereas familiarity, prevalence, and concreteness scores were extracted from the MRC Psycholinguistic Database (Wilson, 1988; Brysbaert et al., 2019, 2013), respectively, and then applied to each of the three datasets. We put forward several hypotheses.

Hypothesis 1: We suspect that strong correlations will exist between lexical complexity and word frequency, word length, syllable count, familiarity, prevalence, and concreteness, regardless of the type of annotator.

Hypothesis 2: We do, however, hypothesize that the strength of these strong correlations shall vary between datasets and their respective annotators.

Hypothesis 3: We predict that there shall be differences between the most complex bigrams and trigrams belonging to either set of annotators.





3 Data extraction and normalization

This study has extracted the English tokens without context and their corresponding continuous complexity values provided by the L1 English speaking annotators of the CompLex dataset (Shardlow et al., 2020), and the L2 English speaking annotators of the WCL dataset (Maddela and Xu, 2018), and the CERF-J wordlist (Tono, 2017). In total, 940 tokens were found to be shared among these datasets. However, 1 and 18 tokens were not matched with either prevalence or concreteness scores, respectively. These tokens were not considered within our final analysis of prevalence or concreteness and lexical complexity.

To compare L1 and L2 English speakers' complexity assignments, each dataset complexity values were normalized to a range between 0 and 1. Normalization was achieved through the following equation:

[image: image]

where xi is the current complexity value, and min(x) and max(x) are the respective minimum and maximum values of the given likert scale range. Table 2 provides a snapshot of the 940 shared tokens along with their normalized complexity values.


TABLE 2 Example of 10 target words shared between the three datasets: CompLex, WCL, and CERF-J.

[image: Table 2]



4 Results

The following sections compare the relationships between the chosen features and the normalized continuous complexity values made by either set of annotators. Figures 1–8 depict each features correlation to lexical complexity per dataset. The average lexical complexity values of L1 English speakers are shown in blue and have no symbol (CompLex), whereas those provided by L2 English speakers are represented by a purple square (WCL) and a red triangle (CERF-J).


[image: Figure 1]
FIGURE 1
 Avg. complexity per brown true freq.



4.1 Zipfian and true frequency

Figures 1, 2 display each datasets' average complexity values per token frequency within the Brown Corpus and BNC, respectively (Francis and Kucera, 1979). We predicted that in accordance to Zipf's Law, a negative correlation would exist between word frequency and complexity, with words of a higher frequency having been assigned lower complexity values. This would appear to be true for all datasets, particularly for the WCL dataset and the CERF-J wordlist. The 100 tokens with the lowest Zipfian frequencies, including such words as “valentine”, “genetics”, and “functionality”, were on average +0.20 and +0.27 more complex than the 100 tokens with the highest Zipfian frequencies, including such words as “may”, “first”, and “new”, within the WCL dataset and the CERF-J wordlist, respectively. This negative correlation is also supported by examining these 100 tokens' True frequencies both in regards to the Brown and BNC datasets. The 100 tokens with the lowest True frequencies per the Brown corpus were on average +0.13 and +0.19 more complex than those 100 tokens with the highest True frequencies within the WCL dataset and the CERF-J wordlist, respectively. Furthermore, an average decrease of −0.0012 per +10.00 increase in True Frequency was observed for those complexity assignments belonging to the WCL dataset and −0.0019 for those belonging to the CERF-J wordlist. An average decrease of −0.0065 and −0.0099 per +10.00 increase in True Frequency was likewise observed per the BNC for the WCL dataset and the CERF-J wordlist, respectively.


[image: Figure 2]
FIGURE 2
 Avg. complexity per BNC true freq.


The CompLex dataset alternatively depicted a less strong negative correlation between word frequency and complexity. For most instances, the frequency of a given token did not appear to have a great influence on its assigned complexity. The 100 least frequent tokens were found to be on average only +0.06 more complex in regards to their Zipfian frequencies and on average only +0.04 more complex per the Brown corpus and +0.05 more complex per the BNC in regards to their True frequencies. The 100 most frequent tokens were on average rated to be −0.15 less complex by the CompLex dataset's L1 annotators than they were by the WCL dataset's L2 annotators and the CERF-J wordlist in regards to their True frequency. P-values of 0.0004 and 0.0035 suggest that there is a significant difference between the complexities of the 100 most and least frequent tokens of either set of annotators, respectively. In addition, a less impressive average decrease of −0.00008 in complexity using the Brown corpus and a decrease of −0.0013 using the BNC per +10.00 increase in True Frequency was also observed for the CompLex dataset.



4.2 Document frequency

Figure 3 shows a snapshot of the relative document frequency of target words found within the BNC. It was discovered that those target words with a relative document frequency >0.140 exhibited a similar complexity. However, a decrease in assigned complexity can be seen between relative document frequencies of 0 to 0.140. This is in parallel with the negative correlation shown between assigned complexity and word frequency for CompLex, WCL, and the CERF-J wordlist within Section 4.1. An average decrease of −0.0017 for CompLex, −0.0054 for WCL, and −0.0075 for the CERF-J wordlist was seen per +0.006 increase in relative document frequency. As such, the L2 annotators of the WCL and CERF-J wordlist seem to be more affected by the frequency of a word compared to the L1 annotators of the CompLex dataset.


[image: Figure 3]
FIGURE 3
 Avg. complexity per relative document frequency within the BNC.




4.3 Word length

Figure 4 depicts each dataset average complexity values per word length. We predicted that longer words would be less familiar and more difficult to learn for set of annotators and consequently would be rated with higher complexity values. This was seen to be true across all datasets. Each dataset demonstrated a positive correlation between word length and complexity. Tokens with 3–7 characters, including such words as “day”, “men”, and “may”, were rated to be on average −0.15 less complex than tokens with 10–14 characters, examples being “management”, “international”, and “relationship”. On average, a +0.03 increase in complexity was observed per every additional character across all datasets.


[image: Figure 4]
FIGURE 4
 Avg. complexity per word length.


The CompLex dataset appears to show a less strong positive correlation between word length and complexity compared with the WCL dataset and the CERF-J wordlist. Words with 4–7 characters were assigned with an average complexity of 0.22. Words with 10–14 characters were rated as having an average complexity of 0.25. Therefore, on average, words with 10–14 characters were perceived to be +0.03 more complex than those with 4–7 characters for the CompLex dataset's L1 English speaking annotators. In comparison, the L2 English speaking annotators of the WCL dataset and the CERF-J wordlist, respectively, assigned words with 10–14 characters with complexity values that were on average +0.25 and +0.18 greater than those with 4–7 characters. The L1 English speaking annotators of the CompLex dataset have subsequently interpreted long words of 10–14 characters to be on average −0.19 less complex than compared with the L2 speaking annotators of the WCL dataset and the CERF-J wordlist. A p-value of 0.0002 between the complexities assignments of 10–14 character words belonging to either set of annotators, confirms that this difference is significant.



4.4 Syllable count

Figure 5 displays each datasets average complexity values per number of syllables within a given token. The WCL dataset and the CERF-J wordlist showed a positive correlation between assigned complexity and a target word's number of syllables. The CompLex dataset, however, demonstrated no such positive correlation. Instead, the CompLex dataset showed little to no fluctuation in complexity between 1 and 5 syllable words. For every additional syllable in this range, the CompLex dataset shows an extremely small increase in complexity of +0.004. Thus, no real change in complexity was observed. The WCL dataset and the CERF-J wordlist, on the other hand, showed incremental increases in complexity between 1 and 5 syllables by +0.06 and +0.04, respectively. This further proves that the number of syllables contained within a target word are less important for L1 English speakers when it comes to rating that word's complexity, whereas for L2 English speakers, an increased number of syllables may result in greater word difficulty. This is especially true if that word contains 5 or more syllables. However, a p-value of 0.077 indicates that the complexity assignments given to 1 to 5 syllable words are not significantly different between the two sets of annotators. As such, these observations should/must be verified on a larger sample of L1 and L2 English speakers.


[image: Figure 5]
FIGURE 5
 Average complexity per syllable.




4.5 Character N-grams

The 10 most complex bigrams and trigrams with a frequency greater than 10 found among the 940 shared tokens are presented within Table 3. Several observations suggest that certain derivations, character combinations, or morphemes, increase the perceived complexity of target words for L2 English speakers, yet have no affect on complexity assignment for L1 English speakers.


TABLE 3 Average complexities and frequency of the top 10 most complex bigrams and trigrams across the three datasets.

[image: Table 3]

The trigram “nes” within the WCL dataset and the CERF-J wordlist was found to be in more complex words than it was within the CompLex dataset. This trigram was found among 10 of the 940 shared words, and was part of such words as “awareness”, “thickness”, “kindness”, “weakness”, and “righteousness”. Its associated words were on average assigned a complexity value (a difficulty rating) of 0.34 for the WCL dataset and a complexity value of 0.45 for the CERF-J wordlist by the original annotators of the datasets. Within the CompLex dataset, however, these words were rated with an average complexity value of 0.22 and thus were on average rated as being −0.18 less complex. This may indicate that for L2 English speakers, target words with the derivational suffix “-ness", are considered to be more complex than they are for L1 English speakers.On the other hand, the trigram “nes” was also found in words, such as “Chinese” or “honest”, and given the small sample size, further investigation was needed to verify this finding. As such, we calculated the average complexity assignment for all of the words with the derivation “-ness” found within each dataset, including those words which were not shared. In total, the CompLex dataset was found to contain 82 words with the “-ness” derivation with an average complexity of 0.26, whereas the WCL dataset and the CERF-J wordlist contained 39 and 52 words with the “-ness” derivation with average complexity ratings of 0.34 and 0.48, respectively.

The bigrams “io” and “ti”, and the trigram “ati” belonged to words with noticeably higher complexity values within the WCL dataset and the CERF-J wordlist than they did within the CompLex dataset. The bigrams “io” and “ti”, were part of 118 and 111 words, respectively, and the trigram “ati” was part of 54 words of the shared 940 words. Many of these words had all three n-grams as they contained the suffix “-tion”, for example: “isolation”, “separation”, “discrimination”, “classification”, and “communication”. Those words that contained the bigrams “io” and “ti” had an average complexity value of 0.37 for the WCL dataset and an average complexity value of 0.4 for the CERF-J wordlist. The trigram “ati” was part of words with an average complexity of 0.4 for the WCL dataset and an average complexity of 0.41 for the CERF-J wordlist. In comparison, the bigrams “io” and “ti”, and the trigram “ati”, were found to have been associated with average complexity values of 0.25, 0.24, and 0.25 for the Complex dataset, respectively. The suffix “-tion” would, therefore, appear to be present within words that are on average +0.15 more complex for L2 English speakers than they are for L1 English speakers.

Words without derivation, hence root words (lemmas), appeared to be less complex than those words with an derivational prefix or suffix, regardless of the dataset or annotator. 741 of the 940 shared words were root words. On average, root words were found to have complexity values of 0.23, 0.22, and 0.28 for the CompLex dataset, the WCL dataset, and the CERF-J wordlist, respectively. The 199 remaining derivational words, had average complexity values of 0.24, 0.36, and 0.42 for the CompLex dataset, the WCL dataset, and the CERF-J wordlist, respectively. As such, the 741 root words appeared to be on average -0.01, -0.1, and -0.13 less complex across the three datasets when compared to those words with derivation. Derivation therefore would appear to universally increase the complexity of a target word.

L2 English speakers have also appeared to have found derivational word forms more troublesome than L1 English speakers. This is since L2 English speakers have assigned words with the derivations: “-ness” or “-tion” with greater complexity values than compared to the L1 English speakers of the CompLex dataset, as detailed above. However, there were only a few instances were both root and derivational word forms were shared across the three datasets, such as “complex” and “complexity”, “effect” and “effectiveness”, “portion” and “proportion”, “relation” and “relationship”, “action” and “interaction”, and so forth. The average differences between these root words and their derivational forms were complexities values of +0.01, −0.17, and −0.16 for the CompLex dataset, the WCL dataset, and the CERF-J wordlist, respectively. This suggests that the prior assumption is correct. For example, for the L2 English speaking annotators of the WCL dataset and the CERF-J wordlist, these root words were on average −0.16 to −0.17 less complex than compared to the L1 English speaking annotators of the CompLex dataset. Nevertheless, without further root and derivational word pairs, this finding is inconclusive.



4.6 Familiarity and prevalence

As expected, a negative correlation was observed between familiarity and complexity (see Figure 6). However, this was only seen within the WCL dataset and the CERF-J wordlist. For these datasets, an average increase in perceived complexity was found of +0.002 per every −10 decrease in familiarity. The complexity assignments of the CompLex dataset did not demonstrate this trend. Instead, familiarity appeared to have had no affect on complexity assignment, with complex and non-complex words depicting similar or varying degrees of familiarity. For example, the 100 most familiar words found within the WCL dataset and the CERF-J wordlist had an average complexity of 0.16 and 0.22, respectively, whereas their 100 least familiar words had an average complexity of 0.27 and 0.31, respectively. This resulted in a difference of +0.11 for the WCL dataset and a difference of +0.09 for the CERF-J wordlist. In contrast, the 100 most and least familiar words found within the CompLex dataset depicted average complexity values of 0.22 and 0.22, respectively amounting to a range of −0.003. The difference between the 100 least familiar words' complexity assignments between the two sets of annotators was also found to be significant with a p-value less than 0.001. In turn, familiarity has little to no impact on complexity within the CompLex dataset than in comparison to the WCL dataset and the CERF-J wordlist.


[image: Figure 6]
FIGURE 6
 Avg. complexity per familiarity from the psycholinguistic datasbase (Wilson, 1988).


A less strong negative correlation was observed between prevalence and complexity across all of the datasets than expected (see Figure 7). However, for the CompLex dataset this correlation was even less emphatic. Words with little to no prevalence appeared to have been assigned with similar complexity values to those words which were rated as being highly prevalent. The 100 most prevalent tokens, including such words as “party”, “building”, and “morning”, were assigned an average complexity of 0.22 and 0.27, whereas the 100 least prevalent tokens, made up of such words as “honor”, “economy”, and “market”, were rated an average complexity of 0.27 and 0.36 for the WCL dataset and the CERF-J wordlist, respectively. The 100 most prevalent tokens were therefore −0.05 and −0.09 less complex in comparison to the 100 least prevalent tokens for these datasets. For the CompLex dataset, however, the 100 most and least prevalent tokens were assigned respective average complexities of 0.229 and 0.233. Therefore, this marks a less impressive decrease in complexity by −0.004 for the 100 most prevalent tokens. A p-value of 0.048 marks a slight significant difference between the assigned average complexities of the 100 least prevalent tokens between both sets of annotators. It would, therefore, appear that both familiarity and prevalence are good indicators of complexity, but only for complexity assignments made by L2 English speakers. This is since L2 English speakers demonstrated a far stronger positive correlation between these two features and complexity, than in comparison to L1 English speakers.


[image: Figure 7]
FIGURE 7
 Avg. complexity per prevalence from Brysbaert et al. (2019).




4.7 Concreteness

A negative correlation was observed between concreteness and complexity (see Figure 8). This negative correlation is again more prominent within the WCL dataset and the CERF-J wordlist. Those tokens which were assigned concreteness values of 5, marking them as highly concrete, for example “tree”, “sand”, “house”, “chair”, and “water”, were on average assigned complexity values of 0.19, 0.14, and 0.22 in the CompLex dataset, the WCL dataset, and the CERF-J wordlist, respectively. Those tokens which were given concreteness values of 0, identifying them as highly abstract, for instance “attitude”, “online”, “complex”, “righteousness”, and “impact”, were on average assigned complexity values of 0.23, 0.27, and 0.31 across the three datasets, respectively. As such, for every −1.00 decrease in concreteness, the WCL dataset and the CERF-J wordlist depicted an average increase in complexity by +0.02. The CompLex dataset, on the other hand, showed a less impressive increase in complexity by +0.006 per −1.00 decrease in concreteness. Furthermore, a p-value of 0.03 marks that this difference is significant. As such, concreteness appears to have more of an effect on perceived lexical complexity for L2 English speakers, than it does for L1 English speakers.


[image: Figure 8]
FIGURE 8
 Average complexity per concreteness rating taken from Brysbaert et al. (2013).





5 Discussion


5.1 Statistical features and complexity

A negative correlation was found between word and document frequency and complexity for the CompLex dataset, the WCL dataset, as well as the CERF-J wordlist. This was unsurprising given that previous studies (Paetzold and Specia, 2016; Yimam et al., 2018; Desai et al., 2021; Shardlow et al., 2021b) have demonstrated that word frequency is a good baseline indicator of lexical complexity. However, the strength of this negative correlation varied between L1 and L2 English speakers. The WCL dataset and the CERF-J wordlist, being annotated by L2 English speakers, depicted a significantly stronger negative correlation than in comparison to the CompLex dataset that was annotated by L1 English speakers.

The same finding was also observed in regards to word length. The WCL dataset and the CERF-J wordlist both showed a strong positive correlation between the number of characters in a word and that word's assigned complexity, with the CompLex dataset again showing a significantly less strong correlation between the two. Word length has also been proven to be a good baseline indicator of lexical complexity (Paetzold and Specia, 2016; Yimam et al., 2018; Desai et al., 2021; Shardlow et al., 2021b). Nevertheless, since that both word frequency and word length vary in their correlations with lexical complexity between L1 and L2 English speakers, it can be assumed that uncommon words of a greater length are far more complex for L2 English speakers than they are for L1 English speakers.

A possible explanation is that L2 English speakers are far less likely to be exposed to and thus be familiar with uncommon and long English words and would subsequently rate these words as being more complex than in comparison with L1 English speakers. Furthermore, English words that are over 6 characters long, are likely to contain a high number of syllables and would generally be hard to pronounce and learn given their length. This would likely increase the perceived complexity of such words, especially for someone who is unacquainted with English vocabulary or phonology. For instance, words such as “righteousness”, “vanity”, “conscience”, “nucleus”, and “genetics” received greater complexity values by L2 English speakers than compared to L1 English speakers. These tokens are all jargon that is specific to the religious or academic genre per the CompLex dataset (Shardlow et al., 2020). They were also of considerable length compared with other less complex tokens.



5.2 A phonological feature and complexity

A positive correlation was observed between syllable count and complexity for both the WCL dataset as well as the CERF-J wordlist. However, this was not the case for the CompLex dataset. This may support the assumption that words with a high number of syllables are especially hard for L2 English speakers. However, this cannot be certain, since a p > 0.05 indicates no significant difference between the complexity assignments of 1–5 syllable words belonging to either set of annotators. In spite of this, if L2 English speakers were to find an increase number of syllables difficult to articulate and/or process, then this may again be due to a possible unfamiliarity with English phonology, or, a more likely explanation is a phenomenon known as cross-linguistic influence.

Cross-linguistic influence is where an individual's L1 has an active effect on their L2 production. This phenomenon results in a variety of production errors. For instance, a L1 Chinese speaker whom is unfamiliar with English pluralization may incorrectly use the singular form of an English target word in a plural setting. This is because Chinese does not use inflection to dictate pluralization (Yang et al., 2017). Cross-linguistic influence can subsequently be linked to differing perceptions of lexical complexity, with some demographics finding specific English words, word forms, or pronunciations, to be more or less complex than others, depending on their L1.

Certain vowels, diphthongs, or phonological patterns are specific to certain languages and are not present in English, or are unique to English yet are not found in other languages. As a consequence, those words with a high number of syllables are more likely to contain troublesome phonemes which may be prone to cross-linguistic influence. An example of this, is the English /iə/ diphthong, as found in beer, pier, and weary (Enli, 2014). For Chinese L2 English speakers, this particular diphthong is hard to pronounce, since there is no equivalent sound in Chinese Mandarin. Therefore, the lack of a similar sounding Chinese phoneme causes those English words that contain the /iə/ diphthong to be hard for Chinese L2 English speakers to articulate and potentially learn (Enli, 2014). As a result, Chinese annotators may rate such words as being more complex than compared with those English words that they find easier to articulate and that have a less number of syllables. Thus, a greater number of syllables increases the likelihood of troublesome phonemes prone to cross-linguistic influence. This may explain the observed positive correlation between number of syllables and L2 English speaker's perceived lexical complexity depicted in Figure 3.



5.3 Morphological features and complexity
 
5.3.1 “-ness” suffix

The “-ness” suffix is used to transform a noun, or a root word, to a countable noun, such as changing “thick” to “thickness”, or “kind” to “kindness”. It is also derivational in that it can be used to change the meaning of a word to denote a related but separate concept, such as “weak” to “weakness” as in “he was weak” to “his weakness is”. Interestingly, words that contained the “-ness” suffix were rated as being significantly more complex by the L2 English speakers of the WCL dataset and the CERF-J wordlist, than in comparison to the L1 English speakers of the CompLex dataset.



5.3.2 “-tion” suffix

The “-tion” suffix is used to transform verbs to abstract nouns, such as transforming “isolate” to “isolation”, or “discriminate” to “discrimination”. Words that contained the “-tion” suffix were also found to be more complex for L2 English speakers than L1 English speaker in the respective datasets.



5.3.3 Root words

Unlike words with the above derivations, those words without derivation appeared to be universally less complex than in comparison to those with derivation. This being across all annotators and datasets.

Prior research has attempted to explain the neural processing of L1 derivations (Kimppa et al., 2019). However, less research has been conducted on how speakers process derivations within their L2 (Kimppa et al., 2019). Several hypotheses have been put forward that attempt to explain why production errors are caused in connection to L2 derivation and in turn, why L2 English speakers may perceive such words, such as those words with the suffix “-ness” or “-tion”, to be more complex than root words without derivation (Gor, 2010).

L2 processing is believed to be more cognitively demanding. It is theorized to require more cognitive resources than L1 processing. As result, it can lead to delayed response time and production errors even among highly proficient L2 speakers (McDonald, 2006; Clahsen and Felser, 2018). McDonald (2006), conducted several experiments and found that L1 English speakers produced the same grammatical errors as L2 English speakers when in a stressful and high processing environment, such as dealing with noisy data or given a short time to respond. McDonald (2006) concluded that L2 speakers must therefore experience high cognitive demand whenever they process their L2. Hopp (2014) goes on to explain this further. He demonstrated that increased cognitive demand during L2 processing results in there being insufficient resources for syntactic processing. This may subsequently explain why such forms as “-ness” and “-tion” as well as other derivations, are perceived to be more complex for L2 than compared with L1 English speakers. Inadequate working memory may cause L2 English speakers to have difficulty with decoding these derivations, whereas L1 English speakers having less cognitive load, can do so with ease.

The shallow-structure hypothesis (Clahsen and Felser, 2006a,b, 2018), is unlike the above explanations. Alternatively, this hypothesis infers that a difference in L2 processing is responsible for differences in complexity assignment between L1 and L2 English speakers, rather than an increased cognitive load and inadequate cognitive resources. It suggests that L2 learners rely more on lexical and semantic information than syntactic cues when attempting to derive the meaning of a given sentence. In other words, the shallow-structure hypothesis puts forward that an L2 learner's syntactic representations are often “shallower and less detailed” in their L2. It hypothesizes that this is a result of direct form-function mapping, memorizing a particular form of a given L2 word, rather than ascertaining that form from learned L2 syntactic rules (Dowens and Carreiras, 2006). As such, the shallow-structure hypothesis is also different from cross-linguistic influence, since the former is concerned with differences in L1 and L2 processing, whereas the latter is entirely a consequence of L1 influence on L2; however, some cross-over between the two does occur (Clahsen and Felser, 2018). If the shallow-structure hypothesis were to be true, then this would explain why such “-ness” and “-tion” words were perceived to be more complex for L2 in comparison to L1 English speakers. For instance, L2 English speakers may only be able to recall those word forms which they are familiar with, having memorized the word: “awareness”, rather than learning the uses of the derivation “-ness”. L1 English speakers, on the other hand, may be better equipt to infer the meaning of an unseen word form, based on their prior syntactic knowledge of that derivation: “-ness”. In turn, such words would appear less complex for L1 than L2 English speakers.




5.4 Psycholinguistic features and complexity
 
5.4.1 Familiarity and prevalence

It was expected that both familiarity and prevalence would demonstrate a negative correlation with complexity, with higher familiarity and prevalence ratings resulting in reduced perceived lexical complexity. Results showed this to be true, but only for the WCL dataset and the CERF-J wordlist. The CompLex dataset showed no such trend between familiarity and complexity, with only a small negative correlation between prevalence and complexity being present.

A possible explanation may be found in the annotation process of the provided familiarity and prevalence ratings taken from the MRC psycholinguistic database (Wilson, 1988) and Brysbaert et al. (2019)'s dataset, respectively. Both of these datasets acquired their familiarity and prevalence ratings from a set of L2 English speaking annotators of mixed proficiency. It can, therefore, be expected that a stronger correlation would exist between other L2 English speakers' complexity ratings and the familiarity and prevalence ratings provided by these datasets than in comparison to those complexity ratings provided by L1 English speakers. Nevertheless, this does not diminish the importance of familiarity and prevalence in regards to lexical complexity. Another potential explanation is that L1 and L2 English speakers are more or less familiar with differing words as previously mentioned in Section 5.1. L1 English speakers may be aware of regional varieties, dialects, or vernacular. For instance, “wild” could be considered to have vernacular connotations in British and American English. This may explain why similar vernacular words were rated as having high familiarity and low complexity by L1 English speakers, yet low familiarity and high complexity by L2 English speakers. Various studies (Desai et al., 2021; Shardlow et al., 2021b) have also proven that there is correlation between familiarity, prevalence and lexical complexity. As such, our finding that the CompLex dataset did not reflect a negative correlation between these features and lexical complexity, may be a direct result of the poor generalizability of the MRC psycholinguistic database (Wilson, 1988) and Brysbaert et al. (2019)'s dataset toward L1 English speakers, rather than there being no such correlation.



5.4.2 Concreteness

Concreteness was found to negatively correlate greater with the complexity assignments of L2 English speakers than compared with those belonging to L1 English speakers. It is well-documented that concrete nouns are learned before, processed faster, and recalled more easily than abstract nouns (Altarriba and Basnight-Brown, 2011; Vigliocco et al., 2018). The same can be said for L2 English learners. Altarriba and Basnight-Brown (2011), conducted a Stroop color-word test. They measured their L2 English speaking participants reaction time to various concrete and abstract nouns. They discovered that concrete nouns were responded to significantly faster than abstract nouns. Martin and Tokowicz (2020) discovered a similar finding. They tested L1 English speakers ability at learning L2 concrete and abstract nouns. It was recorded that concrete nouns “were responded to more accurately than abstract nouns” (Martin and Tokowicz, 2020). Mayer et al. (2017) conducted a vocabulary translation task during fMRI scans on L2 English learners. They found that L2 concrete and abstract nouns elicited the same responses as L1 concrete and abstracts nouns and subsequently concluded that L2 nouns are likely to be prone to the same concreteness effects as L1 nouns.

The above studies exemplify a phenomenon known as the concreteness effect. This phenomenon refers to the negative correlation between a noun's level of concreteness and its overall acquisition difficulty and processing time. It can subsequently be used to describe the negative correlation found within this study between concreteness and perceived lexical complexity. This is since those words which are learned later and take longer to process would likely be considered more complex. There are several possible explanations for this phenomenon.

The context availability hypothesis (Martin and Tokowicz, 2020), states that differences in concrete and abstract noun complexity is due to the differing contexts in which these words are found. For instance, a concrete noun, such as “chair” is likely to be more common and appear in more contexts than the abstract noun “communism”. The dual-coding theory (Paivio, 2006) as well as the different organizational frameworks theory (Crutch et al., 2009), suggest that the human mind represents concrete and abstract words differently. Concrete nouns, for instance “chair”, are believed to be encoded with visual cues in accordance to their real world manifestation, such as “cushion”, “chair leg”, or “arm rest”. Abstract nouns, however, for example “communism”, are represented as concepts, having less emphatic visual identifiers with more symbolic associations, “red”, or “hammer and sickle”.





6 Spelling error classification


6.1 Use case

Spelling errors are symptomatic of lexical complexity. Complex words are more likely to be misspelt than non-complex words. An individual that is familiar with a word is more likely to know that word's orthography than in comparison to an unfamiliar and unknown word (Paola et al., 2014). With this in mind, we hypothesized that the above differences in perceived lexical complexity between L1 and L2 English speakers could be used to differentiate between spelling errors made by these two target populations.

It is well-documented that L2 English speakers make different types of spelling errors compared to L1 English speakers (Napoles et al., 2019). However, the connection between spelling error and lexical complexity as defined within the field of natural language processing has been left fairly unexplored (North et al., 2022). A doctoral thesis by Wu (2013) looked into the relationship between self-reported word frequency, familiarity, and morphological complexity with spelling error. A sample of 220 5th to 7th grade L1 English speakers were taken from American schools. Results indicated a strong negative correlation between word frequency and spelling error for 7th grade students, a slight negative correlation between familiarity and spelling error for all students, and a positive correlation between morphological complexity and spelling error that decreased with age.

It is plausible that words that are frequently misspelt may exhibit the same features that mark words as being complex. The previous analysis in Section 5 indicates that features such as word frequency, length, syllable count, familiarity and prevalence, and concreteness are more greatly correlated with L2 than L1 English speakers' perception of lexical complexity. We, therefore, used these features to train several binary machine learning (ML) classifiers to distinguish between spelling errors made by L1 and L2 English speakers. This was done to test the validity of our previous observations and to provide a use case for our findings within TS and CALL technologies.



6.2 Dataset and models

Our original analysis was conducted on a sample of 940 shared-tokens. To obtain the best possible performance, we included all instances from the CompLex dataset (3,144) and a equal number of instances from the WCL and CERF-J wordlist (3,144) for our train set.

The test set was obtained from the dataset introduced by Napoles et al. (2019), being a different dataset from those used within the above analysis. This dataset was created for grammatical error correction and provides spelling mistakes made by L1 and L2 English speakers. It houses 1,984 and 1,936 sentences extracted from formal Wikipedia articles written by L1 English speakers and a collection of student essays written by L2 English speakers, respectively. Napoles et al. (2019) asked a set of 4 trained annotators to examine each sentence and identify grammatical and spelling errors. We selected 396 of the spelling errors made by L1 and 287 of the spelling errors made by L2 English speakers. We used these spelling errors as our test set having labeled each instance with a corresponding L1 or L2 spelling error label (shortened to L1 or L2).

We trained a total of five binary ML classifiers. These included a Random Forest (RF), Support Vector Classifier (SVC) and a Naive Bayes (NB) model, as well as two baseline models in the form of a majority classifier (MC), and a random classifier (RC). These models were trained on the aforementioned features described in Section 2.3 with the exception of character n-grams. Given the size of our test set, models were unable to draw meaningful correlations between character n-grams and spelling error. Average age-of-acquisition (AoA) was also included as an additional feature. AoA is defined as the age at which a word's meaning is first learned (Desai et al., 2021). It was calculated by averaging the AoAs provided by Brysbaert and Biemiller (2017). Each model was also trained on four feature sets, as explained below. These feature sets contained a combination of different features based on their individual performances:

A. Contained several of what are considered the baseline statistical features of LCP (Shardlow et al., 2020), being word length, syllable count, and frequency.

B. Consisted of the best individually performing features of frequency, prevalence and concreteness.

C. Expanded feature set B to also include AoA.

D. Contained all features.



6.3 Performance

Models were assessed on their macro f1-scores since there was an equal distribution of class labels within the train and test sets. Marco f1-score being the average f1-score achieved per-class label. Despite the RF, SVC, and NB models having achieved similar performance to the RC and MC baseline models, increases in performance were observed when certain features were taken into consideration. Table 4 lists all model performances for each feature and feature set.


TABLE 4 Macro f1-scores produced by each feature and feature set ordered from highest to lowest score on feature set C, being the best performing feature set.
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Frequency was found to improve our RF model's performance to a macro f1-score of 0.577 surpassing the highest performance achieved by our baseline models. Figure 9 depicts the class predictions of our RF when trained on frequency. Our RF model was able to use frequency to correctly predict a large number of the L1 English speakers' spelling errors, whilst simultaneously being less successful with predicting spelling errors made by L2 English speakers.


[image: Figure 9]
FIGURE 9
 Predictions of RF trained on frequency.


The psycholinguistic features of prevalence, concreteness and AoA likewise improved our RF's performance achieving macro f1-scores of 0.552, 0.572, and 0.570, respectively. However, in contrast to frequency, these features improved our RF's ability to predict L2 English speakers' spelling errors. Figure 10 shows the class prediction of our RF when trained on feature set C comprising these psycholinguistic features plus frequency. After having been trained on this feature set, our RF was able to correctly predict a larger number of spelling errors made by L2 English speakers alongside those instances already correctly predicted as belonging to L1 English speakers by our previous frequency-based RF. Feature set C resulted in our RF achieving it's highest performance with a macro f1-score of 0.611.


[image: Figure 10]
FIGURE 10
 Predictions of RF trained on set C.


To determine whether our RF's performance using feature set C was statistically significant to that achieved by our RC baseline, predictions using feature set C were generated ten times. A t-test was then applied to the f1-scores achieved by our RF and RC models. The p-value obtained is lower than 0.05 indicating that the performance of our RF trained on feature set C is statistically significant compared to our RC baseline.

Feature sets B and D surprisingly performed less well than feature set C having produced slightly worse macro f1-scores of 0.562 and 0.559, respectively. We contribute this to feature set C's inclusion of AoA. Feature set B did not include this feature, whereas feature set D included all features which likely convoluted class boundaries.



6.4 Transferable features

Frequency, prevalence, concreteness, and AoA are features that can be gained from LCP datasets and then used to train a binary classifier for predicting spelling errors made by L1 or L2 English speakers. Contrary to our previous observation in Section 5, frequency was found to be indicative of L1 English speakers' spelling errors more so than spelling errors made by L2 English speakers. This is likely a result of the strong correlation observed between frequency and lexical complexity, regardless of the target population (Wu, 2013). Prevalence, concreteness, and AoA, on the other hand, were able to predict more spelling errors made by L2 English speakers. This supports our previous finding. It suggests that words that are less prevalent, less concrete, and are learned at a later age are prone to being misspelt by L2 English speaker's, hence are likely to be considered more complex by this demographic.




7 Conclusion and outlook

This study aimed to discover whether sizable differences exist between the lexical complexity assignments of L1 and L2 English speakers. The complexity assignments of 940 shared tokens were extracted and compared from three LCP datasets: the CompLex dataset (Shardlow et al., 2020), the WCL dataset (Maddela and Xu, 2018), and the CERF-J wordlist (Tono, 2017). It was found that word frequency, length, and syllable count had a greater effect on perceived lexical complexity for L2 English speakers than they did for L1 English speakers. Various derivations: “-ness” and “-tion” increased lexical complexity for L2 English speakers more so than L1 English speakers. Root words were seen to be universally less complex by comparison with their derivational forms. Familiarity and prevalence influenced lexical complexity for L2 English speakers, yet for L1 English speakers only prevalence had an effect. Concreteness was found to predict lexical complexity mainly for L2 English speakers. However, a less emphatic correlation was also observed for L1 English speakers.

In an attempt to explain these findings, we have briefly introduced the reader to a number of potential explanations taken from applied linguistics. These range from familiarity (Desai et al., 2021; Shardlow et al., 2021b), cross-linguistic influence (Lee and Yeung, 2018b; Maddela and Xu, 2018), greater cognitive load in L2 processing (McDonald, 2006; Hopp, 2014), the shallow-structure hypothesis (Clahsen and Felser, 2006b, 2018), the context availability hypothesis (Martin and Tokowicz, 2020), the dual-coding theory (Paivio, 2006), and the different organizational frameworks theory (Crutch et al., 2009).

Our findings were lastly applied to the task of automatically classifying spelling errors made by L1 and L2 English speakers. It was found that frequency obtained from the CompLex dataset was able to predict spelling errors made by L1 English speakers. Familiarity, prevalence, and concreteness, on the other hand, obtained from the WCL dataset and the CERF-J wordlist, were able to predict more spelling errors made by L2 English speakers. As such, we demonstrate that several features ascertained from LCP datasets are transferable and that several of our findings are generalizable. We aim to use the differences between L1 and L2 English speakers perception of lexical complexity to better develop personalized LCP systems, in turn, aiding future TS and CALL applications.



Data availability statement

Publicly available datasets were analyzed in this study. This data can be found at: https://github.com/MMU-TDMLab/CompLex.



Author contributions

KN: writing, data analysis, experimentation, and theory. MZ: writing, theory, proof reading, and supervision.



Acknowledgments

We would like to thank Scott Crossley for his insight, advice and feedback.



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Publisher's note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



References

 Altarriba, J., and Basnight-Brown, D. (2011). The acquisition of concrete, abstract, and emotion words in a second language. Int. J. Bilingual. 16, 446–452. doi: 10.1177/1367006911429511


 Bada, M., Eckert, M., Evans, D., Garcia, K., Shipley, K., Sitnikov, D., et al. (2012). Concept Annotation in the CRAFT corpus. BMC Bioinform. 13, 161. doi: 10.1186/1471-2105-13-161

 BNC Consortium (2015). The British National Corpus, XML Edition. Oxford Text Archive. Available online at: http://hdl.handle.net/20.500.12024/2554


 Brants, T., and Franz, A. (2006). “Web 1t 5-gram version 1,” in Linguistic Data Consortium (LDC) (Philadelphia, PA).


 Brysbaert, M., and Biemiller, A. (2017). Test-based age-of-acquisition norms for 44 thousand English word meanings. Behav. Res. 49, 1520–1523. doi: 10.3758/s13428-016-0811-4

 Brysbaert, M., Mandera, P., McCormick, S., and Keuleers, E. (2019). Word prevalence norms for 62,000 English lemmas. Behav. Res. Methods 51, 467–479. doi: 10.3758/s13428-018-1077-9

 Brysbaert, M., Warriner, A. B., and Kuperman, V. (2013). Concreteness ratings for 40 thousand generally known English word lemmas. Behav. Res. Methods 46, 904–911. doi: 10.3758/s13428-013-0403-5

 Christodouloupoulos, C., and Steedman, M. (2015). A massively parallel corpus: the bible in 100 languages. Lang. Resour. Eval. 49, 375–395. doi: 10.1007/s10579-014-9287-y

 Clahsen, H., and Felser, C. (2006a). Continuity and shallow structures in language processing. Appl. Psycholinguist. 27, 107–126. doi: 10.1017/S0142716406060206


 Clahsen, H., and Felser, C. (2006b). How native-like is non-native language processing? Trends Cogn. Sci. 10, 564–570. doi: 10.1016/j.tics.2006.10.002


 Clahsen, H., and Felser, C. (2018). Critical commentary: some notes on the shallow structure hypothesis. Stud. Second Lang. Acquisit. 40, 639–706. doi: 10.1017/S0272263117000250


 Council of Europe (2020). Common European Framework of Reference for Languages: Learning, Teaching, Assessment.


 Crossley, S. A., and McNamara, D. S. (2009). Computational assessment of lexical differences in L1 and L2 writing. J. Second Lang. Writ. 18, 119–135. doi: 10.1016/j.jslw.2009.02.002


 Crutch, S. J., Connell, S., and Warrington, E. K. (2009). The different representational frameworks underpinning abstract and concrete knowledge: evidence from odd-one-out judgements. Q. J. Exp. Psychol. 62, 1377–1390. doi: 10.1080/17470210802483834

 Desai, A., North, K., Zampieri, M., and Homan, C. (2021). “LCP-RIT at SemEval-2021 task 1: exploring linguistic features for lexical complexity prediction,” in Proceedings of SemEval.


 Dowens, M. G., and Carreiras, M. (2006). The shallow structure hypothesis of second language sentence processing: what is restricted and why? Appl. Psycholinguist. 27, 1–5. doi: 10.1017/S014271640606005X


 Enli, L. (2014). Pronunciation of English consonants, vowels and diphthongs of Mandarin Chinese speakers. Stud. Lit. Lang. 8, 62–65.


 Francis, W. N., and Kucera, H. (1979). Brown Corpus manual. Lett. Edit 5, 7.


 Gilhooly, K., and Logie, R. (1980). Age-of-acquisition, imagery, concreteness, familiarity, and ambiguity measuresfor 1,944 words. Behav. Res. Methods Instrument. 12, 395–427.


 Gor, K. (2010). Introduction. beyond the obvious: do second language learners process inflectional morphology? Lang. Learn. 60, 1–20. doi: 10.1111/j.1467-9922.2009.00549.x


 Hopp, H. (2014). Working memory effects in the L2 processing of ambiguous relative clauses. Lang. Acquisit. 21, 250–278. doi: 10.1080/10489223.2014.892943


 Kimppa, L., Shtyrov, Y., Hut, S. C., Hedlund, L., Leminen, M., and Leminen, A. (2019). Acquisition of L2 morphology by adult language learners. Cortex 116, 74–90. doi: 10.1016/j.cortex.2019.01.012

 Koehn, P. (2005). “Europarl: a parallel corpus for statistical machine translation,” in Proceedings of MT Summit (Phuket).


 Kyle, K., Crossley, S., and Berger, C. (2018). The tool for the automatic analysis of lexical sophistication (TAALES): version 2.0. Behav. Res. 50, 1030–1046. doi: 10.3758/s13428-017-0924-4

 Lee, J., and Yeung, C. Y. (2018a). “Automatic prediction of vocabulary knowledge for learners of Chinese as a foreign language,” in Proceedings of ICNLSP (Algiers).


 Lee, J., and Yeung, C. Y. (2018b). “Personalizing lexical simplification,” in Proceedings of COLING (Santa Fe, NM).


 Maddela, M., and Xu, W. (2018). “A word-complexity lexicon and a neural readability ranking model for lexical simplification,” in Proceedings of EMNLP (Brussels).


 Markel, S. (2018). The CEFR and English education in Japan. J. Policy Stud. 56, 33–38.


 Martin, K., and Tokowicz, N. (2020). The grammatical class effect is separable from the concreteness effect in language learning. Bilingual. Lang. Cogn. 23, 554–569. doi: 10.1017/S1366728919000233


 Mayer, K. M., Macedonia, M., and von Kriegstein, K. (2017). Recently learned foreign abstract and concrete nouns are represented in distinct cortical networks similar to the native language. Hum. Brain Mapp. 38, 4398–4412. doi: 10.1002/hbm.23668

 McCarthy, K. S., Crossley, S. A., Meyers, K., Boser, U., Allen, L. K., Chaudhri, V. K., et al. (2022). Toward more effective and equitable learning: identifying barriers and solutions for the future of online education. Technol. Mind Behav. 3. doi: 10.1037/tmb0000063


 McDonald, J. L. (2006). Beyond the critical period: processing-based explanations for poor grammaticality judgment performance by late second language learners. J. Mem. Lang. 55, 381–401. doi: 10.1016/j.jml.2006.06.006


 Monteiro, K., Crossley, S., Botarleanu, R.-M., and Dascalu, M. (2023). L2 and L1 semantic context indices as automated measures of lexical sophistication. Lang. Test. 40. doi: 10.1177/02655322221147924


 Morris, N. P., Ivancheva, M., Coop, T., Mogliacci, R., and Swinnerton, B. (2020). Negotiating growth of online education in higher education. Int. J. Educ. Technol. Higher Educ. 17, 1–16. doi: 10.1186/s41239-020-00227-w


 Mosquera, A. (2021). “Alejandro Mosquera at SemEval-2021 task 1: exploring sentence and word features for lexical complexity prediction,” in Proceedings of SemEval.


 Mukherjee, N., Patra, B. G., Das, D., and Bandyopadhyay, S. (2016). “JU_NLP at SemEval-2016 task 11: identifying complex words in a sentence,” in Proceedings of SemEval (San Diego, CA).


 Napoles, C., Nădejde, M., and Tetreault, J. (2019). Enabling robust grammatical error correction in new domains: data sets, metrics, and analyses. Trans. Assoc. Comput. Linguist. 7, 551–566. doi: 10.1162/tacl_a_00282


 Nishihara, D., and Kajiwara, T. (2020). “Word complexity estimation for Japanese lexical simplification,” in Proceedings of LREC (Marseille).


 North, K., Zampieri, M., and Shardlow, M. (2022). Lexical complexity prediction: an overview. ACM Comput. Surv. 5, 179. doi: 10.1145/3557885


 Paetzold, G., and Specia, L. (2016). “SemEval 2016 Task 11: complex word identification,” in Proceedings of SemEval (San Diego, CA).


 Paivio, A. (2006). Mind and Its Evolution: A Dual Coding Theoretical Account. Lawrence Erlbaum.


 Pan, C., Song, B., Wang, S., and Luo, Z. (2021). “DeepBlueAI at SemEval-2021 task 1: lexical complexity prediction with a deep ensemble approach,” in Proceedings of SemEval.


 Paola, A., Marinelli, C. V., and Burani, C. (2014). The effect of morphology on spelling and reading accuracy: a study on Italian children. Front. Psychol. 5, 1373. doi: 10.3389/fpsyg.2014.01373

 Quijada, M., and Medero, J. (2016). “HMC at SemEval-2016 task 11: identifying complex words using depth-limited decision trees,” in Proceedings of SemEval (San Diego, CA).


 Rao, G., Li, M., Hou, X., Jiang, L., Mo, Y., and Shen, J. (2021). “RG PA at SemEval-2021 task 1: a contextual attention-based model with RoBERTa for lexical complexity prediction,” in Proceedings of SemEval.


 Rets, I., and Rogaten, J. (2020). To simplify or not? Facilitating English L2 users' comprehension and processing of open educational resources in English using text simplification. J. Comput. Assist. Learn. 37, 705–717. doi: 10.1111/jcal.12517


 Shardlow, M., Cooper, M., and Zampieri, M. (2020). “CompLex — a new corpus for lexical complexity prediction from likert scale data,” in Proceedings of READI (Marseille).


 Shardlow, M., Evans, R., Paetzold, G., and Zampieri, M. (2021a). “SemEval-2021 task 1: lexical complexity prediction,” in Proceedings of SemEval.


 Shardlow, M., Evans, R., and Zampieri, M. (2021b). “Predicting lexical complexity in English texts,” in Proceedings of LREC (Marseille).


 Smolenska, G. (2018). Complex word identification for Swedish (Master's thesis). Uppsala University, Uppsala, Sweden.


 Tack, A. (2021). Mark my words! On the automated prediction of lexical difficulty for foreign language readers (Ph.D. thesis). Universite catholique de Louvain, France.


 Tack, A., François, T., Ligozat, A.-L., and Fairon, C. (2016). “Modèles Adaptatifs pour Prédire Automatiquement la Compétence Lexicale D'un apprenant de Français Langue étrangère (Adaptive Models for Automatically Predicting the Lexical Competence of French as a Foreign Language Learners,” in Actes de la conférence conjointe JEP-TALN-RECITAL 2016. volume 2 : TALN (Articles longs) (Paris: AFCP - ATALA), 221–234.


 Tono, Y. (2017). The CEFR-J and its Impact on English Language Teaching in Japan. JACET International Convention Selected Papers. JACET. 4, 31–52.


 Tseng, S.-S., and Yeh, H.-C. (2019). Fostering EFL teachers' CALL competencies through project-based learning. Educ. Technol. Soc. 22, 94–105. Available online at: https://www.jstor.org/stable/26558831


 Uchida, S., Takada, S., and Arase, Y. (2018). “CEFR-based lexical simplification dataset,” in Proceedings of LREC (Miyazaki).


 Vigliocco, G., Ponari, M., and Norbury, C. (2018). Learning and processing abstract words and concepts: insights from typical and atypical development. Top. Cogn. Sci. 10, 533–549. doi: 10.1111/tops.12347

 Wilson, M. (1988). MRC psycholinguistic database: machine-usable dictionary, version 2.00. Behav. Res. Methods Instrum. Comput. 20, 6–10.


 Wu, Y.-C. (2013). The Linguistic Profiles of Spelling Errors in Fourth, Fifth, and Seventh Grade Students (Ph.D. thesis). Florida State University, Tallahassee, FL, United States.


 Yang, M., North, C., and Sheng, L. (2017). An investigation of cross-linguistic transfer between Chinese and English: a meta-analysis. Asian Pac. J. Second Foreign Lang. Educ. 2, 1–21. doi: 10.1186/s40862-017-0036-9


 Yaseen, B., Ismail, Q., Al-Omari, S., Al-Sobh, E., and Abdullah, M. (2021). “JUST-BLUE at SemEval-2021 task 1: predicting lexical complexity using BERT and RoBERTa pre-trained language models,” in Proceedings of SemEval.


 Yeung, C. Y., and Lee, J. (2018). “Personalized text retrieval for learners of Chinese as a foreign language,” in Proceedings of COLING (Santa Fe, NM).


 Yimam, S. M., Biemann, C., Malmasi, S., Paetzold, G., Specia, L., Štajner, S., et al. (2018). “A report on the complex word identification shared task 2018,” in Proceedings of BEA (New Orleans, LA).


 Zampieri, M., Tan, L., and van Genabith, J. (2016). “MacSaar at SemEval-2016 task 11: Zipfian and character features for complexword identification,” in Proceedings of SemEval (San Diego, CA).


 Zeng, Q., Kim, E., Crowell, J., and Tse, T. (2005). “A text corpora-based estimation of the familiarity of health terminology,” in ISBMDA'05 (Berlin; Heidelberg: Springer-Verlag), 184–192.




OPS/images/frai-06-1236963-t003.jpg
ComplLex CWI CER Frequency Trigram Complex cwi
io 0.25 0.37 0.40 18 ati 0.25 0.40
ti 0.24 0.37 0.40 111 nce 025 039 041 31
o 025 035 0.40 60 men 024 048 0.42 29
ic 025 035 038 37 con 025 036 041 24
ns 025 037 045 4 ran 026 039 043 13
s 022 03 0.40 15 tra 0.26 037 0.39 13
va 027 037 047 15 ica 027 0.44 05 1
ue 025 033 0.40 14 fie 027 042 0.44 1
mm 0.25 0.41 0.36 10 cat 025 038 047 1
of 028 032 048 10 nes 0.22 0.34 0.45 10

Bigrams and trigrams of interest are in bold. Ordered most frequent to least.






OPS/xhtml/Nav.xhtml




Contents





		Cover



		Features of lexical complexity: insights from L1 and L2 speakers



		1 Introduction



		2 A survey of existing datasets and features



		2.1 Complexity prediction research



		2.2 Existing datasets



		2.2.1 Dataset with L1 English speaking annotators



		2.2.2 Datasets with L2 English speaking annotators



		2.2.3 Datasets with L1 and L2 English speaking annotators









		2.3 Features



		2.3.1 Statistical features



		2.3.2 Phonological features



		2.3.3 Character N-grams



		2.3.4 Psycholinguistic features



		2.3.5 Summary and hypotheses













		3 Data extraction and normalization



		4 Results



		4.1 Zipfian and true frequency



		4.2 Document frequency



		4.3 Word length



		4.4 Syllable count



		4.5 Character N-grams



		4.6 Familiarity and prevalence



		4.7 Concreteness







		5 Discussion



		5.1 Statistical features and complexity



		5.2 A phonological feature and complexity



		5.3 Morphological features and complexity



		5.3.1 “-ness” suffix



		5.3.2 “-tion” suffix



		5.3.3 Root words









		5.4 Psycholinguistic features and complexity



		5.4.1 Familiarity and prevalence



		5.4.2 Concreteness













		6 Spelling error classification



		6.1 Use case



		6.2 Dataset and models



		6.3 Performance



		6.4 Transferable features







		7 Conclusion and outlook



		Data availability statement



		Author contributions



		Acknowledgments



		Conflict of interest



		Publisher's note



		References

















OPS/images/frai-06-1236963-t002.jpg
Target wor Complex WCL

Flour 0.17 0.17 0.20
Bulb 0.18 0.20 0.20
Kindness 0.19 0.26 0.40
Curse 0.19 020 0.20
Biology 0.30 0.37 0.40
Elite 0.34 0.31 0.60
Modification 0.31 0.54 0.60
Ideology 0.35 0.63 0.60
Equity 036 063 0.60
Infringement 0.40 070 0.60

Ranked from least to most complex per the L1 English speakers of the CompLex dataset.






OPS/images/math_1.gif
ZipfFreq(word) =






OPS/images/frai-06-1236963-t004.jpg
Features

Feature sets

Model Frequency Word length Syllable count Prevalence Concreteness ©

RF 0577 0.489 0422 0552 0.572 0570 | 0509 | 0562 | 0.611 | 0.559

svc 0430 0513 0.498 0.503 0478 0453 0530 | 0.531

NB 0506 0513 0.498 0.506 0.499 0453 0523 | 0526
ke | o | oas o9 P 0 oso | 0495 | 051

MC 0367 0367 0367 0.367 0367 0367 0367 | 0.367

Best performances are in bold. Dash lines separate baseline models: RC and MC, and feature set A, from non-baseline experiments.





OPS/images/frai-06-1236963-t001.jpg
Extract: i in  great dignity

Binary Complexity: 1 is |0 | in 0

Continuous Complexity: 0.57 is 0.18 in 0.15

1is complex and 0 is non-complex. Target words are in bold.





OPS/images/frai-06-1236963-g010.gif









OPS/images/crossmark.jpg
(®) Check for updates





OPS/images/logo.jpg
& frontiers | Frontiers in Artificial Intelligence





OPS/images/frai-06-1236963-g005.gif
Syllable Count
v Compleity [ — Complex

sTs s w

# Syllables





OPS/images/frai-06-1236963-g006.gif
Fomiliariy
Ave. Complexity






OPS/images/frai-06-1236963-g003.gif
Document Frequency

 Ave. Complexity [ CompLex |
- weL
- CERFJ






OPS/images/frai-06-1236963-g004.gif
Word Length

TESETI IRV B

# Characters





OPS/images/frai-06-1236963-g009.gif
o






OPS/images/frai-06-1236963-g007.gif
Prevalence

| Ave. Complexity [ CompLex|
. weL
- CERF)






OPS/images/frai-06-1236963-g008.gif
Comereteness

v Complexity [ CompLex
- WL
08 = cERFy

TNNE 305 3aE 85 8

Concreteness





OPS/images/cover.jpg
& frontiers | Frontiers in Artificial Intelligence

Features of lexical complexity:
insights from L1 and L2 speakers





OPS/images/frai-06-1236963-g001.gif
True Frequency Brown:

Ave. Complesity






OPS/images/frai-06-1236963-g002.gif
True Frequency BNC
Ave. Compleity






OPS/images/math_3.gif
Annotators(word)

Prev(word) = 2

@





OPS/images/math_2.gif
count(word)

TrueFreq(word) =
a(word) v

@





OPS/images/math_4.gif
x,—min(x) @

T max(x) — min(x)





