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Local item dependence (LID) refers to the situation where responses to
Avrticle History: items in a test or questionnaire are influenced by responses to other items
Received: July 2023 in the test. This could be due to shared prompts, item content similarity,
Accepted: August 2023 and deficiencies in item construction. LID due to a shared prompt is highly

probable in cloze tests where items are nested within a passage. The

purpose of this research is to examine the occurrence and magnitude of

KEYWORDS LID in a cloze test. A cloze test was analyzed with the Rasch model and
Cloze test locally dependent items were identified with the residual correlations.
Item fit Findings showed that three pairs of items were locally dependent. When
Local item dependence these items were removed from the analysis, test reliability dropped but
Rasch model item fit and unidimensionality improved. Removing the three locally
Residual correlation dependent items did not affect person ability mean and standard deviation,

though. The findings are discussed in terms of LID detection and
modeling in the context of cloze test and language testing.

1. Introduction

Local item dependence (LID) refers to the phenomenon in which the responses to certain items
in a test or questionnaire are influenced by the responses to other items, even after controlling for the
underlying construct being measured. In other words, it means that the likelihood of endorsing a
particular item is not solely determined by an individual's level on the construct being measured, but
also by their response pattern on other items (Yen, 1984).

LID can occur due to various reasons, such as item wording, context effects, or shared response
biases. It can lead to inflated estimates of the reliability and validity of a test or questionnaire if not
properly accounted for. Therefore, it is important to assess and address local item dependence when
analyzing and interpreting data from tests or questionnaires. The consequences of LID can include:

1. Inflated reliability: Local item dependence can lead to artificially high estimates of internal
consistency reliability (e.g., Cronbach's alpha) because items are interrelated. This can give a false sense
of measurement precision and reliability.
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2. Distorted factor structure: LID can distort the factor structure of a test or survey. It may create
spurious factors or collapse true factors, leading to inaccurate interpretations of the underlying
constructs being measured.
3. Reduced discriminant validity: When items are locally dependent, they may measure similar aspects
of the construct rather than distinct dimensions. This can reduce the ability to differentiate between
different aspects of the construct and compromise discriminant validity.
4. Biased parameter estimates: LID violates the assumption of local independence in many statistical
models used for analysis (e.g., factor analysis, item response theory). This violation can result in biased
parameter estimates, leading to incorrect conclusions about relationships between variables.
5. Decreased generalizability: LID may limit the generalizability of findings beyond the specific sample
or context in which it was observed (Marais & Andrich, 2008). The interrelationships between items
may be unique to a particular group, making it difficult to generalize findings to other populations.
6. Increased response burden: If LID is present, respondents may find it more challenging and time-
consuming to complete a test or survey due to redundant or overlapping items.
Overall, LID can have significant implications for measurement validity and reliability, factor structure
interpretation, and generalizability of findings. Researchers should be aware of this phenomenon and
take appropriate steps to address it during test development and data analysis (Yen, 1993).

Local item dependence may be handled with the following approaches:
1. Item analysis: Conducting a thorough item analysis to identify items that exhibit local item
dependence. This can be done by examining inter-item correlations or conducting factor analyses.
2. Item modification: If LID is identified, consider modifying or removing problematic items from the
test. This could involve rephrasing items, changing response options, or replacing them with new items
that do not exhibit local item dependence.
3. Randomize item order: Randomizing the order of items can help reduce the influence of local item
dependence. By presenting items in a different order for each participant, any potential dependencies
between specific items are less likely to impact overall scores.
4. Control for local dependency statistically: If it is not feasible to modify or remove dependent items,
statistical techniques such as Item Response Theory (IRT) models can be used to account for LID in
scoring and interpretation of test results.
5. Develop parallel forms: Creating multiple versions of a test with different sets of items can help
minimize local item dependence. By using parallel forms, participants are randomly assigned to
different versions, reducing the likelihood of dependencies between specific items.
6. Pilot testing: Before administering a test on a large scale, conduct pilot testing with a smaller sample
size to identify and address any issues related to LID.
7. Provide clear instructions: Ensure that participants understand how each item should be answered
independently and that there is no right or wrong answer based on previous responses.
Handling LID requires careful attention during test development and administration. By implementing
these strategies, researchers can minimize its impact on test scores and enhance the validity of their
assessments (Zenisky et al., 2002).

Previous research has examined different strategies for modeling LID in tests like the cloze test
where items are nested in a passage. For example, many researchers (Alabdallah et al., 2023;
Dhyaaldian et al., 2022a; Dhyaaldian et al., 2022b; Hussein, 2022; Syman, 2023) following the tradition
of accounting LID in C-Tests (Eckes & Baghaei, 2015; Forthmann et al., 2020) suggest using each
stimulus or passage as a unit of analysis and employing polytomous IRT models. However, this
modeling strategy only works when there are several passages and becomes obsolete when there is only
one passage or prompt. In the current study, we aim to examine and handle LID in a cloze test. We used
the first strategy presented above, i.e., employing item analysis to identify locally dependent items. We
specifically used the Rasch models’ residual correlations to identify LID items.

2. Methodology
2.1. Participants and Setting

Participants of the study were 256 undergraduate students (183 girls and 73 boys) of English as
a foreign language at the Department of English at Jizzakh State Pedagogical University, Jizzakh,
Uzbekistan. The age range was 18 to 37 with a mean of 23.79 and a standard deviation of 4.09. The
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cloze test was administered along with a multiple-choice reading comprehension test as participants’
final exam in a reading comprehension course in English.

2.2. Instrument

A standard traditional English language cloze test containing 20 items (gaps) was constructed
by the researchers by removing every 7" word in a passage. The first and the last sentences remained
intact for lead in. Proper nouns and numbers were not removed. The passage contained 210 words and
was about social media influencers. The passage was taken from the British Council graded reading
comprehension exercises at the B1 level of the Common European Framework of Reference (Council
of Europe, 2020).

3. Results

The 20 cloze items were analyzed with the Rasch model ignoring the potential LID that might
exist among the items. WINSTEPS Rasch model computer program version 5.6.0 (Linacre, 2023a) was
used to estimate the parameters. Table 1 shows the item parameters, their standard errors, and their infit
and outfit values. Infit and outfit values are local fit measures which show the conformity of portions
of the data to the Rasch model specifications (Baghaei, et al., 2017). If only the data fit the Rasch model,
one can use the raw total scores as indicators of examinees’ latent trait locations (Baghaei et al., 2018).
As Table 1 shows, Items 10, 14, and 18 have outfit mean square values greater than .130 and do not fit
the Rasch model (Linacre, 2023b). The separation reliability of the test with 20 items is .66. The mean
and standard deviation of person ability parameters were -.12 and 1.12, respectively.

Table 1.
Item Measures and Fit Values for the 20 Cloze Items

Item Measure SE Infit Outfit Point-Meas.
MNSQ MNSQ Corr.

1 .26 14 .95 .89 .46
2 -2.24 19 1.00 1.09 27
3 .98 A5 1.04 1.07 .38
4 1.90 19 .95 1.02 43
5 4.18 42 1.00 1 .30
6 -5.07 59 .94 49 .16
7 -2.95 24 .96 .96 .26
8 -.65 14 1.04 1.15 34
9 .96 15 1.07 1.09 .35
10 1.51 17 1.03 1.37 37
11 -3.07 25 1.00 .78 .25
12 -91 14 1.12 1.09 .28
13 2.45 22 1.09 1.05 34
14 351 32 94 3.86 32
15 -2.51 21 .95 7 32
16 -2.43 .20 .98 81 31
17 1.18 16 .98 .96 43
18 1.76 18 .94 1.38 43
19 18 14 .90 .83 .50
20 .96 15 .99 97 42

Residual correlations were evaluated to identify locally dependent items. Residual correlations
show the correlations between pairs of items after the influence of the latent trait is factored out. Items
are supposed to be correlated only through the latent factor. When the impact of the latent factor is
removed, they are expected to be independent (Baghaei & Ravand, 2019; Baghaei & Ravand, 2016).
However, if items remain correlated after the impact of the latent trait is accounted for, it means that
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they are locally dependent. Residual correlations are in fact the correlations between items after the
impact of the latent factor is accounted for and is a standard method for identifying LID (Baghaei &
Christensen, 2023; Linacre, 2023b). As Table 2 shows, three items in three pairs have noticeable
residual correlations. That is Items 10, 14, and 18 were locally dependent. Interestingly, these are the
items which do not fit the Rasch model due to large outfit values.

Table 2.
Item Pairs with High Residual Correlations
Item Item Residual

Corr.
14 18 .59
10 14 .52
10 18 34

Principal components analysis (PCA) of standardized residuals is a method of evaluating
unidimensionality. That is, when PCA is applied to the residuals, it is expected not to find a factor
(because they are expected to be uncorrelated). However, if a factor is extracted from the residuals, it
is evidence for multidimensionality. PCA of standardized residuals for the 20 cloze items showed that
the strength of the first factor is 2.2 eigenvalues which indicates multidimensionality (Linacre, 2023b;
Smith, 2002).

In the next step, the three locally dependent items were removed and the data were reanalyzed.
Table 3 shows the item measures and fit values after removing the three locally dependent items. As
the table shows, all the items have acceptable infit and outfit mean square values. Examination of
residual correlations showed none of the items were locally dependent. PCA of standardized residuals
showed that the strength of the first contrast is 1.6 which is clear evidence that the data are
unidimensional. The separation reliability of the test with 17 items was 57. The reason for the smaller
reliability coefficient is that there are fewer items and there is no local dependence in the items. Local
dependence increases internal consistency and spuriously increases test reliability (Zenisky etal., 2002).
The mean and the standard deviation of person ability parameters with 17 items were .30 and 1.07,
respectively. The correlation between the person parameters from the two analyses was .997.

Table 3.
Item Measures and Fit Values for the Cloze Items after Deleting the Locally Dependent Items
Iltem Measure SE Infit  Outfit Point-Meas.
MNSQ MNSQ Corr.

1 .69 14 .95 .92 45
2 -1.84 19 1.01 1.07 .29
3 1.42 15 1.00 1.06 40
4 2.34 19 .95 1.10 40
5 4.46 43 1.04 1.29 .26
6 -5.04 71 1.01 74 .26
7 -2.56 24 .97 .92 .30
8 -.23 14 1.03 1.08 .36
9 1.40 A5 1.10 1.12 33
11 -2.69 25 1.03 .80 27
12 -.50 14 112 1.12 .29
13 2.89 22 1.04 1.02 34
15 -2.12 21 .96 .79 34
16 -2.03 20 .97 81 34
17 1.62 16 .98 .98 41
19 .61 14 .87 81 51
20 1.40 15 .99 .94 42
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4. Discussion and Conclusion

The present study aimed to investigate the presence of local item dependence (LID) in a cloze
test and its impact on the reliability and unidimensionality of the measure. LID refers to the situation
where responses to certain items in a scale are influenced by responses to other items, leading to a
violation of the assumption of item independence and unidimensionality. In this study, residual
correlations were used as an indicator of LID.

The analysis revealed that three items in the cloze test exhibited significant residual
correlations, indicating the presence of LID. This finding is consistent with previous research
highlighting the potential occurrence of LID in cloze tests (Baghaei & Ravand, 2016; Zhang, 2010).
The identification of LID is crucial as it can lead to biased estimates and affect the validity and reliability
of the scale (Zenisky et al., 2002).

To address this issue, we decided to delete the three items that exhibited significant residual
correlations. Deleting these items was deemed necessary to ensure that each item measured a unique
aspect of the construct under investigation and that responses were not influenced by other items.
However, it is important to note that deleting items can have consequences for scale properties such as
unidimensionality and reliability.

After deleting the dependent items, we found that the remaining set of items formed a
unidimensional scale as shown by the PCA of residuals. This suggests that removing the locally
dependent items successfully eliminated their influence on other items and allowed for a clearer
representation of the underlying construct.

However, it is worth noting that deleting dependent items had an impact on scale reliability.
Reliability coefficients decreased after removing these items, indicating a reduction in internal
consistency. This decrease in reliability can be attributed to the fact that by removing the dependent
items, we reduced redundancy within the scale which may have contributed to higher internal
consistency estimates; that is, spurious reliability dropped and a better representation of the test
accuracy was provided. The decrease in reliability raises concerns about the precision and consistency
of the scale scores. Lower reliability implies increased measurement error and reduced power to
differentiate between individuals on the construct of interest. Researchers should be cautious when
interpreting scores obtained from the revised scale, as they may be less reliable than those obtained
prior to item deletion.

The findings of the current study suggest that local item dependence can have a significant
impact on the measurement properties of a scale or questionnaire. By identifying and deleting the
dependent items, the researchers were able to improve the unidimensionality of the data and enhance
item fit. This suggests that local item dependence can introduce noise or bias into the measurement
process, and removing such items can lead to a more accurate assessment. Nevertheless, it is essential
to consider whether deleting dependent items is an appropriate solution for handling local item
dependence. While it may improve certain measurement properties, it may also introduce other issues
such as reduced content coverage or construct representation. It is crucial to carefully evaluate whether
alternative approaches like statistical modeling techniques (e.g., testlet response theory) could be
employed to account for local item dependence while preserving valuable information.

This study's findings may be limited by its specific context or sample characteristics. The
impact of local item dependence on measurement properties could vary across different populations or
settings. Therefore, caution should be exercised when generalizing these findings to other contexts. This
study highlights the importance of addressing local item dependence in measurement instruments but
also emphasizes the need for careful consideration of potential trade-offs and alternative approaches
when handling such dependencies.

Future research should explore alternative approaches to handling LID that minimize the impact
on scale reliability. One potential approach is to use statistical techniques such as testlet item response
theory (IRT) models, which can account for LID while preserving scale properties (Bradlow et al.,
1999; Wang & Wilson, 2005). Additionally, qualitative methods such as cognitive interviews could
provide valuable insights into the nature and sources of LID, aiding in the development of more robust
measurement instruments.

In this study, we identified local item dependence using residual correlations and addressed it
by deleting dependent items. Although this resulted in a unidimensional structure, it also led to a
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decrease in scale reliability. These findings highlight the importance of considering LID in
measurement instrument development and suggest that further research is needed to explore alternative
strategies for handling LID without compromising scale properties.
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