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This article presents a practical tutorial for using the M-DIF online platform, a no-code interface designed 

to estimate the magnitude of Differential Item Functioning (DIF). The M-DIF approach defines DIF magnitude 

as the predicted difference in item difficulty between a focal group and a reference group. It integrates 

information from multiple established DIF detection methods together with testing-condition indicators such 

as group sizes and test length, providing a single continuous estimate with an accompanying uncertainty 

interval. To make this framework accessible to users without programming experience, we developed an 

interactive Shiny platform that performs magnitude estimation, visualization, and diagnostic reporting. This 

tutorial illustrates the platform’s core functions using a subset of data from the 2021 Progress in International 

Reading Literacy Study (PIRLS). Step-by-step examples guide users through uploading data, specifying 

groups and anchor items, adjusting visualization settings, interpreting magnitude estimates, and reviewing 

supplementary diagnostics. The platform offers a practical and efficient tool for researchers and practitioners 

who seek interpretable, magnitude-centered evidence for item review in educational and psychological 

assessments. 
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1. Introduction 

 

Differential item functioning (DIF) refers to systematic differences in item performance 

between groups of examinees who possess comparable proficiency levels. Beyond 

considerations of fairness and equity, DIF analysis supports internal validity checks, cross-

language comparisons, investigations of response processes, and the detection of measurement 

non-invariance (Zumbo, 2007). Consequently, DIF detection remains a critical component of 

assessment development and evaluation across education, psychology, and large-scale testing 

programs (Martinková et al., 2017). 

Despite extensive methodological progress, the dominant DIF workflow, i.e., applying a 

single statistical detector, relying on significance testing, and classifying items as “DIF” or 

“non-DIF”, faces several well-documented challenges. First, definitions of DIF magnitude are 

inconsistent across methods (Karami et al., 2011; Huang & Ishii, 2025). Some procedures 

quantify group differences in item difficulty, others focus on probability gaps or curve-area 

metrics, and even within the same method family, commonly used thresholds differ. This  
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inconsistency complicates cumulative interpretation and cross-study comparability. Second, 

binary significance testing is unstable and difficult to operationalize. 

p-values are highly sensitive to sample size, test length, and distributional assumptions; 

Type I error inflation is common and significance alone offers limited guidance about how 

much an item differs or whether revision is warranted (Berrío et al., 2020) . For real-world 

assessment practice, psychometricians increasingly require continuous, interpretable measures 

of DIF magnitude rather than dichotomous classifications. 

To address these limitations, we introduce the Magnitude of Differential Item Functioning: 

An M-DIF Pretrained Model Approach (Huang & Ishii, 2025b), hereafter referred to as M-

DIF. M-DIF defines DIF magnitude as the difference in item difficulty between focal and 

reference groups and integrates signals from multiple DIF detection methods together with key 

testing-condition indicators. 

The M-DIF approach offers several advantages. First, it provides a single, continuous 

estimate of DIF magnitude by synthesizing diverse statistical detectors (e.g., likelihood ratio 

test (LR), Mantel–Haenszel method (MH), and item response theory–based indices 

(Swaminathan & Rogers, 1990; Roussos et al., 1999; Zumbo, 1999)) with contextual variables 

such as group sizes, test length (i.e., the number of items in the test), item characteristics, and 

difficulty distribution. Second, M-DIF separates estimation from decision-making: it outputs 

magnitude and uncertainty estimate while leaving cut-off selection to local policy or 

institutional standards. This flexibility avoids enforcing universal thresholds and supports 

applications in a variety of operational contexts. Third, by incorporating testing-condition 

indicators such as test length and sample size directly, M-DIF yields estimates that are naturally 

robust across heterogeneous assessment environments, reducing the burden on users to choose 

among competing methods. 

Although M-DIF models can be directly accessed through R, users without programming 

experience may still find it difficult to install packages and execute model calls. To address 

this barrier, we released the M-DIF Shiny platform, which enables practitioners to obtain 

magnitude estimates without writing code or performing any technical setup. The purpose of 

this article is to provide a practical operating guide, and to demonstrate its use with real 

assessment datasets, from data preparation to result interpretation. 

The remainder of this article is organized as follows. Section 2 presents the M-DIF 

platform, outlining its main features and the required input–output structure. Section 3 

introduces the example dataset used throughout the tutorial. Section 4 details the step-by-step 

workflow for operating the platform, from uploading data to generating magnitude estimates 

and visualizations. Section 5 provides guidance on interpreting the M-DIF results, including 

patterns, graphical displays, and supporting diagnostic information. Section 6 concludes with 

a summary of key points and suggestions for practical use and future developments. 

 

2. Methods 

 

Platform Core Functions 

The M-DIF pretrained model has been implemented in an interactive Shiny web 

application to support users who may not be familiar with R programming. The platform 

requires no installation and can be accessed through any modern browser. Users only need to 

upload a properly formatted dataset, specify the focal and reference groups, and the system 

automatically estimates DIF magnitude and produces visual and tabular outputs. The platform 

is freely available at: https://huangshan.shinyapps.io/MDIF/. 

The platform provides three main functions for practical DIF review. 
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(1) M-DIF magnitude estimation. For each item, the platform outputs the estimated 

magnitude of differential item functioning, which is defined as the predicted difference in item 

difficulty between focal and reference groups– along with an uncertainty interval. These results 

are presented in a sortable table that can be exported for reporting or further analysis. 

(2) Visualization panels. The platform generates a magnitude plot that displays item-level 

effect sizes and confidence intervals, allowing users to quickly identify items with small, 

moderate, or large DIF. Visualization settings such as confidence level and DIF-threshold 

highlighting can be adjusted by the user. 

(3) Additional diagnostic information. The interface also presents test-condition statistics 

(e.g., group sizes) and displays outputs from traditional DIF detection methods included in the 

dataset. These supplementary metrics serve as references to help users interpret magnitude 

estimates in relation to established procedures. 

These core functions provide a complete workflow from data input to DIF interpretation. 

In the next section, we illustrate the use of the platform through a real dataset example, 

demonstrating data preparation, parameter settings, and result interpretation. 

 

Data 

The example dataset used in this tutorial is drawn from the Progress in International 

Reading Literacy Study (PIRLS) 2021 Cycle 5 assessment and contains responses from 

students in Hong Kong (HKG) and Germany (DEU) on the first booklet (IEA, 2023). The final 

column, Group, identifies each examinee’s country membership, with DEU serving as the 

reference group and HKG as the focal group. 

A total of 473 students are included in this subset, with 170 from Germany and 303 from 

Hong Kong. All items are coded dichotomously (0/1) after scoring. The dataset comprises 25 

dichotomously scored reading comprehension items drawn from two passages. In PIRLS 2021, 

Hong Kong administered the paper-based assessment, whereas Germany participated in the 

digital assessment. Accordingly, the same content-equivalent items carry different original 

PIRLS prefixes (RP for paper-based administration and RE for digital administration), 

reflecting the mode of delivery rather than differences in item content. Importantly, all items 

analyzed here are common items across the two administrations and are treated as the same 

items for DIF magnitude estimation. For presentation and analysis, items are labeled using a 

unified item identifier (e.g., RP41E01), which serves solely as an analysis label for content-

equivalent common items across modes. The first passage consists of 15 items, and the second 

passage consists of 10 items. For illustration purposes, the second passage is treated as a set of 

previously validated items without DIF, whereas the first passage serves as the target set for 

DIF magnitude estimation in this tutorial. The example dataset used in this tutorial is available 

in the platform’s Help section for users to explore and replicate the analysis. 

 

Analysis Procedure   

Uploading the Data 

To begin the analysis, the user uploads the dataset through the interface located at the 

upper-left section of the platform. On the Main tab, clicking the Browse… button under Upload 

CSV File opens a dialog for selecting the dataset. The platform currently supports CSV format 

only, and users should ensure their file is saved as a “.csv” before uploading. Once the file is 

selected, the system automatically imports the item responses, and the group variable required 

for M-DIF estimation. Figure A1 shows the data-upload panel of the M-DIF platform. 
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Basic Settings 

After uploading the dataset, the user specifies several basic settings required for running 

the M-DIF analysis. These settings are provided in the left-hand panel under Basic Settings, as 

shown in Figure A2. 

The Group Index Column indicates the column number in the dataset that contains the 

group identifier (DEU or HKG). The Focal Group and Reference Group fields allow users to 

explicitly define which group serves as the focal group and which serves as the reference group 

for DIF magnitude estimation. 

The platform also requires users to specify an anchor-item range. The Anchor Start 

Column and Anchor End Column correspond to the column numbers of items assumed to be 

DIF-free and used to stabilize the estimation. In the example dataset, items from the second 

passage (columns 16 to 25) are treated as anchor items based on the assumption that they 

exhibit no DIF. 

 

Optional Visualization Settings 

Below the basic settings, the platform provides several optional visualization parameters 

that control how the M-DIF results are displayed. These settings do not affect the estimation 

itself but determine the appearance of the magnitude plot. As shown in Figure A3, the user may 

adjust the confidence level used to display uncertainty intervals, as well as thresholds for 

highlighting small and large DIF effects on the plot. 

These thresholds can be tailored to the testing context. For example, in high stakes 

assessments, such as university entrance examinations, certification tests, or selection-based 

large-scale assessments, users may choose stricter thresholds (e.g., lower cutoffs for small and 

large DIF) to flag even modest discrepancies for closer inspection. In contrast, low stakes 

contexts, such as classroom assessments, formative evaluations, or psychological scales used 

for research purposes, may tolerate more variability, and thus users may adopt more lenient 

thresholds to avoid over-flagging items. 

These threshold settings serve only as visual reference lines to support interpretation and 

do not influence the computed magnitude values. 

Once the optional settings are configured, the analysis can be initiated by clicking the Run 

Analysis button. 

 

3. Results 

 

DIF Magnitude Result 

As shown in Figure 1, the DIF magnitude table appears on the right-hand side of the Main 

panel after the analysis is completed. The first column (Item Name) lists all target items 

selected for DIF evaluation. The Preds column reports the M-DIF magnitude estimates for each 

item. These values represent the predicted difference in item difficulty between the focal group 

(HKG) and the reference group (DEU). A positive value indicates that the item is estimated to 

be more difficult for the focal group, whereas a negative value indicates that the item is easier 

for the focal group. For example, RP41E01 shows a magnitude estimate of 0.01, suggesting 

almost no difference in difficulty between the two groups. In contrast, RP41E13 shows a 

magnitude of –0.85, indicating that the item is substantially easier for the focal group relative 

to the reference group. 

The Lower Bound and Upper Bound columns present the uncertainty interval around each 

estimate, based on the confidence level specified in the visualization settings (e.g., 0.95). This 

interval reflects the range within which the true DIF magnitude is expected to fall with the 
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chosen level of confidence. Narrow intervals indicate higher stability of estimation, whereas 

wider intervals suggest greater uncertainty. 

 

  

 
Figure 1.  

Example of DIF magnitude results.  

Note. Item names (e.g., RP41E01) are unified analysis identifiers for content-equivalent common items across modes; original PIRLS 

prefixes (RP/RE) indicate delivery mode only. 

 

 

Visualization Interpretation 

Figure 2 presents a visual representation of the M-DIF magnitude estimates through a 

confidence‐interval plot. Each dot corresponds to the point estimate shown in the Preds column, 

and the horizontal line represents its confidence interval. Items positioned to the left of zero 

are easier for the focal group (HKG), whereas those to the right of zero are more difficult for 

the focal group relative to the reference group (DEU). 

The vertical dashed lines in the visualization represent user-specified DIF magnitude 

thresholds and are intended as interpretive reference points rather than strict decision rules. 

Several conventions have been proposed in the literature for defining small, moderate, and 

large DIF. For example, the ETS (Educational Test Service) DIF classification framework 

suggests cutoffs of approximately 0.43 and 0.64 logits to distinguish negligible, moderate, and 

large DIF, with negligible DIF often considered ignorable in practice and moderate or larger 

DIF warranting further review (Zwick et al., 1999; Zwick, 2012). In addition to ETS-based 

criteria, simulation studies in the DIF literature have adopted alternative heuristic thresholds to 

distinguish small and large DIF effects. Common examples include cutoffs of 0.4 versus 0.8 
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logits (Hladká et al., 2024; Jiang, 2019), as well as 0.3 versus 0.5 logits (Zimbra, 2018; Lim et 

al., 2022), depending on the study context. 

 

 
Figure 2.  

Visualization of DIF magnitude estimates with confidence intervals and threshold reference lines. 

 

The choice of DIF thresholds should therefore depend on the study design and analytic 

purpose. More conservative thresholds are generally appropriate for high stakes testing 

contexts, where fairness decisions may have serious consequences. In contrast, low stakes or 

classroom-based assessments may justify more lenient thresholds that prioritize exploratory 

diagnosis and instructional feedback. 

For illustration, Figure 2 displays DIF magnitude estimates using thresholds of 0.4 and 0.8 

logits. Figure 2A reproduces the same results using ETS-recommended cutoffs (0.43 and 0.64 

logits), whereas Figure 2B demonstrates a more lenient setting with thresholds of 0.3 and 0.5 

logits. The corresponding visualization controls are shown in Figure A3 (Optional 

Visualization Settings). 
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Figure 2A. 
 Visualization using ETS-recommended DIF thresholds (0.43 and 0.64 logits) with 60% confidence intervals. 

Note. DIF magnitude estimates are displayed using ETS-recommended thresholds (0.43 and 0.64 logits) for reference. Shaded regions 

indicate negligible, moderate, and large DIF categories. Confidence intervals correspond to the 60% level, illustrating a narrower 
representation of estimation uncertainty. 
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Figure 2B. 

 Visualization using alternative heuristic DIF thresholds (0.3 and 0.5 logits) with 99% confidence intervals. 
Note. DIF magnitude estimates are displayed using alternative heuristic thresholds (0.3 and 0.5 logits) to illustrate a more lenient threshold 

setting for exploratory interpretation. Confidence intervals correspond to the 99% level, yielding wider intervals and supporting more 

conservative statistical inference. 

 

Beyond point estimates, the platform reports confidence intervals for DIF magnitude to 

convey estimation uncertainty. When an item’s confidence interval lies entirely beyond a 

specified threshold, the evidence for DIF can be regarded as stronger and more stable. In 

contrast, when a confidence interval overlaps a threshold, interpretation should be more 

cautious, as the estimated magnitude may fall on either side of the boundary due to sampling 

variability. 

Unless otherwise specified, confidence intervals in Figure 2 correspond to the 95% level. 

As illustrated in Figure 2A, adopting a lower confidence level (e.g., 60%) produces narrower 

confidence intervals, yielding a less conservative summary of uncertainty. Conversely, using a 

higher confidence level (e.g., 99%), as shown in Figure 2B, results in wider confidence 

intervals and therefore supports more conservative statistical inference. 

Overall, the visualization provides a concise summary of the direction, magnitude, and 

reliability of DIF effects across items, supporting transparent and flexible interpretation. 
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Additional Information and Statistics 

In addition to the M-DIF magnitude estimates and visualization, the platform provides 

several supplementary tables under the Information and Statistics panel (see Appendix Figure 

A4). These tables offer contextual information that supports interpretation and allows users to 

compare M-DIF outputs with conventional DIF indicators. 

The Test Information table summarizes basic testing conditions for each item, including 

sample sizes for the reference group (n.ref) and focal group (n.foc), as well as the total test 

length. These values help users assess whether the testing conditions may influence the stability 

of DIF estimation. For example, very small sample sizes or substantial imbalances between 

groups may lead to wider confidence intervals or less stable estimates. 

The Item & Ability Information table presents additional item-level details, such as the 

estimated abilities for each group and the item difficulty parameters for the reference and focal 

groups. The final column shows the equated difference in item difficulty. This information 

provides a traditional IRT-based perspective and can be compared with the M-DIF magnitude 

estimates to examine consistency or identify items where different methods diverge. 

The DIF Statistics table provides outputs from commonly used DIF detection methods, 

such as Mantel–Haenszel effect sizes, logistic regression statistics, and Lord’s chi-square. 

These metrics do not influence the M-DIF estimation directly but serve as complementary 

indicators for users who wish to cross-check results with familiar DIF procedures. 

 The platform also provides options to download the full set of results, including M-DIF 

magnitude estimates, the visualization plot and traditional DIF statistics, for documentation or 

further analysis (see Appendix Figure A5). 

 

4. Discussion 

 

This tutorial introduced the M-DIF pretrained model and demonstrated its implementation 

through an online Shiny platform. By integrating outputs from multiple DIF detection 

procedures and test-condition indicators, M-DIF provides a unified, continuous estimate of DIF 

magnitude that is more interpretable and policy-flexible than significance testing-based 

approaches. The step-by-step example illustrates how practitioners can obtain magnitude 

estimates, visualize uncertainty, and triangulate results with traditional DIF statistics, all 

without requiring programming expertise. 

 

Practical Implications 

The platform is designed for operational and research contexts in which reviewers need 

transparent, magnitude-centered evidence to support item evaluation. Because M-DIF 

separates estimation from decision-making, institutions may adopt context-specific thresholds 

rather than relying on universal cutoffs, making the approach suitable for high stakes testing, 

international assessments, and routine DIF screening. 

 

Limitations 

Several limitations should be noted. First, the current release supports only dichotomously 

scored (0/1) items, and extensions to polytomous scoring models (e.g., partial‐credit or graded 

response) are planned for future. Second, the platform currently handles two-group DIF 

comparisons only; multi-group DIF and continuous covariate approaches remain outside the 

present scope. Third, although M-DIF integrates multi-detector information, the 

conceptualization of magnitude is grounded in Rasch-model difficulty differences. 
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Applications to tests that violate Rasch assumptions or exhibit multidimensional structures 

should therefore be interpreted with caution. 

 

Future Development 

Future versions of the platform aim to expand functionality by supporting polytomous 

items, incorporating automated anchor selection, enabling multi-group DIF analysis, and 

providing batch processing. Additional research may also explore extending the pretrained 

model to 2PL/3PL or multidimensional IRT frameworks. 
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Appendix  
 

 
Figure. A1. Data upload interface. 

 

 
Figure A2. 

 Basic Settings panel. 

 

 
Figure A3.  

Optional visualization settings. 



 MELIN ET AL. 13 

 
Figure A4. The Information and Statistics panel of the M-DIF platform, showing the three available tabs: Test Information, Item & Ability 

Information, and DIF Statistics. 

 

 

 

 
Figure. A5. 

 Download options available in the M-DIF platform. 


