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Abstract. This study addressed the critical need for sophisticated diagnostic tools in 

Philippine mathematics education by developing and validating the Senior High School 

Statistics and Probability Achievement Test (SHSTAT). Validation in this study refers to 

established internal structural evidence and psychometric calibration, assessed through 

unidimensionality, local independence, and item-model fit.  Utilizing a descriptive-

developmental research design grounded in Item Response Theory (IRT), the study 

transcended the limitations of Classical Test Theory to provide precise measurement across 

the ability continuum. The instrument was administered to 1,703 Grade 11 students from 

public and private schools in Cavite. Results from a Modified Parallel Analysis (MPA) 

confirmed the instrument's unidimensionality, with all item factor loadings (λ ≥ 0.90) 

substantially exceeding the 0.30 criterion. Comparative model fitting identified the Three-

Parameter Logistic (3PL) model as the superior fit for multiple-choice data, effectively 

accounting for item discrimination (a), difficulty (b), and pseudo-guessing (c). Iterative 

refinement resulted in a 30-item scale that satisfied the assumption of local independence 

(|Q3| < 0.20) and exhibited excellent item-fit indices (RMSEA < 0.05). Distinct from 

traditional procedural assessments, item- and test-level IRT analyses indicate that the 

SHSTAT demonstrates high conditional measurement precision, with the Test Information 

Function (TIF) peaking at 17.5 around θ ≈ 1.3, indicating optimal precision at moderately 

high proficiency levels. This precision is driven by highly discriminating items, whose Item 

Characteristic Curves (ICCs) exhibit steep slopes and whose Item Information Functions 

(IIFs) show concentrated information between 0.8 < θ < 1.8. Consistently, the Test 

Characteristic Curve (TCC) displays a pronounced slope within this same range, confirming 

strong differentiation among higher-ability examinees. This study contributes a 

psychometrically robust instrument for competitive academic placement and offers educators 

a reliable and accurate means of assessing students’ cognitive skills in Statistics and 

Probability, supporting data-driven instruction and curriculum refinement.  

Keywords:  Item Response Theory (IRT), cognitive assessment, Statistics and Probability, 

test development, senior high school, 3PL IRT models, Rasch model. 
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1.   Introduction 

In 2013, the Philippines overhauled its basic education system through the K–12 reform, 

integrating Statistics and Probability (SP) as a core subject in Senior High School (SHS). This 

curricular shift aimed to foster 21st-century competencies, including critical thinking, analytical 

problem-solving, evidence-based decision-making, and statistical literacy in today’s education [1]. 

Despite this enhanced curriculum, a significant gap remains between intended pedagogical 

outcomes and actual student proficiency. 

Both domestic and international studies reveal persistent pedagogical struggles in SP. 

Locally, SHS graduates often lack the quantitative readiness required for college, specifically in 

inferential reasoning and data interpretation [2], [3]. Diagnostic classroom-based assessments in 

regions like Pampanga show alarming performance gaps, with students averaging only 35% on 

foundational topics such as random variables and hypothesis testing [4]. Internationally, similar 

cognitive challenges have been documented. Studies across Southeast Asia and Africa frequently 

reveal deep-seated misconceptions about probability, randomness, and sampling distributions; 

students often misinterpret graphical and tabular data and struggle to transfer statistical 

knowledge to applied settings [5]-[7]. Large-scale assessments by the Organization for Economic 

Co-operation and Development (OECD) confirm that students worldwide struggle to apply 

statistical reasoning to authentic and real-world problems [8]. These difficulties are often 

exacerbated by traditional assessments that prioritize procedural rote memorization over 

conceptual depth [9]. Collectively, these findings underscore a critical systematic concern: the 

absence of psychometrically reliable, standardized assessments to evaluate high-order cognitive 

skills in SP.  

These global and local trajectories highlight a critical need for more sophisticated diagnostic 

instruments. While Classical Test Theory (CTT) provides a foundation for initial item analysis, it 

is inherently constrained by its sample-dependency, meaning item statistics vary based on the 

specific group of examinees [10]. In contrast, Item Response Theory (IRT) offers a robust 

psychometric framework by modeling the relationship between an examinee’s latent ability and 

individual item parameters such as difficulty, discrimination, and pseudo-guessing [11].  

More importantly, IRT enables the development of assessments that provide conditional 

measurement precision across the entire ability continuum. Its application in large-scale 

international assessments such as TIMSS and PISA underscores its utility for creating equitable, 

scalable, and diagnostic instruments [12]. Leveraging IRT facilitates more accurate measurement, 

empowering educators to map learning progressions and diagnose cognitive misconceptions with 

high empirical clarity. 

Despite the recognized advantages of IRT, its systematic application in developing 

standardized assessments for Senior High School Statistics and Probability (SHSP) within the 

Philippine context remains limited. There is a pressing need for an empirically validated 

instrument capable of accurately measuring students’ cognitive constructs in statistical reasoning 

and probabilistic thinking. In accordance with the Standards for Educational and Psychological 

Testing [13], this study adopts a unitary model of validity, specifically providing internal structural 

evidence through the assessment of dimensionality, local independence, and item-model fit within 

an IRT framework.  

In response, the present study aims to develop and validate the Senior High School Statistics 

Probability Achievement Test (SHSTAT) using an iterative IRT-based calibration framework. 

Specifically, the study investigates: 

(1) whether the initial item pool demonstrates essential unidimensionality sufficient to 

support IRT modeling.  
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(2) the most appropriate logistic model (1PL, 2PL, or 3PL) for representing the response data 

and guiding item refinement. 

(3) whether the retained items satisfy local independence and exhibit adequate model–data fit. 

(4) how item- and test-level information functions characterize the measurement precision 

and effectiveness of the finalized instrument across the latent ability continuum.  

Through this rigorous analysis of internal structural evidence and psychometric calibration, 

the study contributes a scientifically sound measurement tool that can offer evidence-based 

instructional insights and inform policy decisions in mathematics education. While establishing 

criterion-related and convergent validity remains a goal for future research, the current study 

provides the essential psychometric foundation by ensuring the instrument’s structural integrity 

through IRT-based validation. 

2. Content 

2.1. Methodology  

2.1.1. Research design 

This study employed a descriptive-developmental research design to systematically develop 

and validate an IRT-based cognitive assessment for SP. This dual-approach design enabled the 

rigorous construction, interactive refinement, and psychometric evaluation of the SHSTAT, while 

currently providing a detailed characterization of its underlying cognitive domains and 

measurement properties [14]. The descriptive component provides an analytical account of the 

test structure and its alignment with specific cognitive strands in the curriculum. In contrast, the 

developmental component focuses on the technical evolution of the instrument. This process 

encompassed constructing an initial pool aligned with prescribed curricular competencies, 

verifying fundamental IRT assumptions such as unidimensionality and local independence, 

selecting and fitting an appropriate logistic IRT model, estimating item parameters, and 

conducting comprehensive item- and test-level analyses to evaluate reliability, conditional 

precision, and measurement effectiveness. 

2.1.2. Participants 

A total of 1,703 Grade 11 students from selected public (n = 1,000) and private (n = 703) 

senior high schools in Cavite participated in the study. All participants were enrolled in Statistical 

and Probability (SP) during the second semester of the 2024-2025 academic year. Participation 

was voluntary and governed by informed consent. The sample size significantly exceeded 

recommended thresholds for dichotomous IRT models, ensuring stable and accurate estimation 

of item parameters for 1PL, 2PL, and 3PL frameworks [15]. 

The selection of Cavite as a representative research site is supported by the PISA 2022 

National Report (OECD, 2023) and regional achievement data from DepEd CALABARZON. 

The Philippines' national mean score in Mathematics (355) indicates a Level 1b proficiency; 

regional assessments confirm that students in Cavite exhibit performance metrics consistent with 

this national average [16]. Furthermore, Cavite’s school density and public-private distribution 

(58.7% public in this study) align with the stratified nature of the national K-12 landscape, making 

it a defensible proxy for the initial psychometric calibration of a national-level curriculum tool 

like the SHSTAT. 

2.1.3. Instrument 

The SHSTAT is a 40-item multiple-choice assessment covering six fundamental topics in SP: 

Random Variables and Probability Distribution, Normal Distribution, Sampling and Sampling 

Distribution, Estimation, Hypothesis Testing, and Correlation and Regression Analysis (Table 1). 
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Items were rigorously aligned with the Grade 11 SP competencies prescribed by the Department 

of Education and designed to assess higher-order cognitive skills, especially problem solving, 

decision making, and statistical reasoning. Content validation was conducted by a panel of 

experts, including two senior high school SP teachers and two university statistics faculty, with 

iterative revisions implemented based on their expert recommendations.  

Table 1. Number of items per topic 

Topic Number of items Percentage (%) 

Random Variables and Probability Distribution 6 15 

Normal Distribution 8 20 

Sampling and Sampling Distribution 6 15 

Estimation 8 20 

Hypothesis Testing 6 15 

Correlation and Regression Analysis 6 15 

Total 40 100 

2.1.4. Data collection 

The SHSTAT was administered as a proctored paper-and-pencil examination with a 90-

minute time limit. Responses were dichotomously scored (1 = correct, 0 = incorrect) to facilitate 

IRT-based parameter estimation. Institutional permission was obtained from school principals, 

and informed consent was secured from students and their parents or guardians. Participation was 

strictly voluntary, and confidentiality and ethical standards were maintained throughout the 

research process. 

2.1.5. Statistical analysis 

All analyses were conducted using RStudio (via the 'mirt' package), supporting IRT 

estimation and diagnostics for 1PL, 2PL, and 3PL models. The assumption of unidimensionality 

for the initial 40 items was evaluated via Modified Parallel Analysis (MPA) to ensure that a single 

latent trait explains the item response patterns. [11], [17]. 

Model fit was assessed to determine the most appropriate IRT model. Competing models 

were compared using log-likelihood ratio tests (LRT) and information criteria, including Akaike 

Information Criterion (AIC), Bayesian Information Criterion (BIC), and Sample-Size Adjusted 

BIC (SABIC), with lower values indicating better fit [11], [16]. The selected model was used to 

estimate item parameters such as discrimination (a), difficulty (b), and guessing (c for 3PL) using 

Marginal Maximum Likelihood (MML) estimation. To ensure psychometric integrity,  item 

calibration followed an iterative process, where items failing to meet the established thresholds 

were systematically removed to achieve an optimal data fit. Items were evaluated based on the 

following criteria: a ≥ 0.50 for discrimination, -3 ≤ b ≤ +3 for difficulty, and c < 0.35 for pseudo-

guessing [11], [18]. 

Item fit was evaluated using χ²-based statistics and RMSEA values, with RMSEA ≤ 0.05 

indicating good fit, 0.05-0.08 reasonable fit, and > 0.10 poor fit [19]. Local independence was 

assessed via Yen’s Q3 statistic, with residual correlations |Q3| ≤ 0.2 considered acceptable [20]. 

Finally, item- and test-level analyses were conducted to evaluate the psychometric quality 

and measurement precision of the SHSTAT. Item Characteristic Curves (ICCs) and Item 

Information Functions (IIFs) illustrated each item’s probability of correct response and 

information contribution across the ability spectrum. At the test level, Test Characteristic Curves 

(TCCs) summarized expected total scores across ability levels, and Test Information Functions 
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(TIFs) evaluated overall measurement precision and reliability. These analyses ensure that the 

final instrument accurately differentiates students across varying levels of cognitive ability and 

provides a statistically robust measurement for both instructional and research purposes. 

2.2. Results and discussion 

2.2.1. Unidimensionality of the SHSTAT 

The dimensionality analysis for the initial 40-item SHSTAT cognitive assessment, using 

Modified Parallel Analysis (MPA), provided compelling evidence of unidimensionality. The 

results showed that all item factor loadings (λ ≥ 0.90) substantially exceeded the stringent criterion 

of 0.30. This indicates a dominant, singular latent factor underlying all item responses, signifying 

that the tool captures a coherent cognitive construct with high measurement precision. 

Establishing unidimensionality is a fundamental prerequisite for applying IRT models, 

including the 1PL (Rasch), 2PL, and 3PL, which assume a single latent trait explains observed 

response patterns. Satisfying this assumption ensures that parameter estimates for item difficulty 

(b), discrimination (a), and person ability (θ) remain stable, interpretable, and statistically 

invariant. Furthermore, the exceptionally high factor loadings suggest that the items operate as 

coherent indicators of the underlying construct, consistent with findings that rigorous factor 

retention procedures effectively minimize extraneous variance [21]. 

Consequently, these findings provide strong psychometric evidence that the SHSTAT 

measures a single cognitive dimension, supporting its suitability for IRT-based calibration and 

meaning score interpretation. 

2.2.2. Model selection and fit 

The selection of the most appropriate Item Response Theory (IRT) model was determined 

through a comparative fit analysis of the 1PL, 2PL, and 3PL frameworks. The model comparison 

was performed on the initial 40-item pool to establish the baseline psychometric framework, with 

the reported degrees of freedom (df) in Table 2 reflecting the parameters of the full instrument 

prior to item pruning. As complexity increased, the model-data fit improved substantially. The 

1PL Rasch model, which assumes uniform discrimination, yielded a log-likelihood of -

42,436.932. By incorporating item-specific discrimination, the 2PL model significantly improved 

fit (-42,006.352). Ultimately, the 3PL model - accounting for pseudo-guessing - provided the 

highest log-likelihood (-41,747.591), suggesting that item difficulty (b) alone cannot account for 

the response patterns in the SHSTAT [22]. 

Table 2. Model fit comparisons for 1PL, 2PL, and 3PL IRT models 

Models 
Log 

Likelihood 
AIC SABIC BIC χ2 df p 

1PL vs 

2PL 

-42436.93 84955.86 85048.63 85178.89 
861.16 39 < 0.001 

-42006.35 84172.70 84353.72 84607.87 

2PL vs 

3PL 

-42006.35 84172.70 84353.72 84607.87 
517.52 40 <0 .001 

-41747.59 83735.18 84006.70 84387.93 

1PL vs 

3PL 

-42436.93 84955.86 85048.63 85178.89 
1378.68 79 <0 .001 

-41747.59 83735.18 84006.70 84387.93 
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The comparative fit indices further empirical support for the 3PL model. The transition from 

1PL to 2PL showed statistically significant improvement (χ2 = 861.16, df = 39, p < .001), 

emphasizing the necessity of varying discrimination parameters [23]. A further significant 

enhancement in model fit occurred with the 3PL model (χ2 = 517.52, df = 40, p < .001), 

accompanied by a corresponding decrease in Akaike Information Criterion (AIC = 83,735), 

Sample-Size Adjusted BIC (SABIC = 84,007), and Bayesian Information Criterion (BIC = 

84,388) values. These findings justify the adoption of the 3PL model for the SHSTAT data, which 

is particularly suited for multiple-choice formats where low-ability examinees may correctly 

endorse items through pseudo-guessing [24]. 

2.2.3. Iterative item refinement and parameter estimation 

Following the selection of the 3PL model, an iterative refinement process was employed to 

identify and prune problematic items, ensuring the SHSTAT meets stringent psychometric 

standards. Parameter estimation was conducted via Marginal Maximum Likelihood (MML). 

* Item calibration and item deletion 

The initial 40-item calibration revealed several items with suboptimal psychometric 

parameters. Through an iterative calibration process consisting of six calibration rounds of 

parameter estimation, 10 items were pruned for failing to meet the established psychometric 

thresholds, while the remaining 30 items demonstrated optimal model-data fit and stability (Table 3).  

Item 13 was removed for negative functioning (a = -0.97), while Items 24, 35, 36, 39, and 

40 were excluded for poor discrimination (a < 0.50), indicating a failure to distinguish between 

varying latent ability levels. Item 20 displayed an extreme difficulty parameter (b = 117.82); such 

non-informative items can distort the accurate estimation of a test taker’s ability for the intended 

population [25]. Finally, items 1, 8, and 33 were eliminated as their pseudo-guessing values 

exceeded the 0.35 threshold, suggesting a high probability of correct endorsement through chance, 

which compromises measurement integrity [16]. 

Table 3. Iterative item calibration and deletion summary for the SHSTAT 

Iteration 
Item 

# 

Discrimination 

(a) 

Difficulty 

(b) 

Guessing 

(c) 
Reason for removal 

1 
13 -0.97 -1.95 0.277 

Negative item 

functioning   

20 0.024 117.815 0.322 Extreme difficulty    

2 

1 1.529 0.916 0.39 
High guessing 

probability   

8 2.857 1.794 0.451 
High guessing 

probability   

3 
24 0.343 2.308 0.008 Poor discrimination   

35 0.33 2.141 0.007 Poor discrimination   

4 
36 0.424 1.708 0.006 Poor discrimination  

39 0.454 1.664 0.031 Poor discrimination  

5 
33 3.318 1.509 0.351 

High guessing 

probability  

40 0.47 1.851 0.002 Poor discrimination  

6         Final Model 
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The distribution of items per topic for the final 30-item SHSTAT is presented in Table 4. The 

final 30-item version of the instrument reflects a distribution rigorously aligned with the 

instructional weighting of the K-12 SP curriculum. While Correlation and Regression Analysis 

comprise a smaller subset (n = 2), these items were retained during the 3PL calibration due to 

their exceptional discriminating power and significant contribution to the overall Test Information 

Function (TIF). This approach ensures that the instrument preserves comprehensive content 

coverage while prioritizing the psychometric rigor necessary for a stable, interpretable, and valid 

internal structure. 

Table 4. Distribution of the final 30-item SHSTAT by topic 

Topic Number of items Percentage (%) 

Random Variables and Probability Distribution 5 16.7 

Normal Distribution 6 20.0 

Sampling and Sampling Distribution 5 16.7 

Estimation 7 23.3 

Hypothesis Testing 5 16.7 

Correlation and Regression Analysis 2 6.7 

Total 30 100.0 

* Final parameter properties (30-item model) 

Following the iterative refinement and calibration of the final 30-item SHSTAT, the resulting 

parameter estimates (Table 4) characterize a high-quality, psychometrically sound assessment 

instrument. The discrimination parameters (a) ranged from 0.838 to 3.369. Specifically, 9 items 

exhibited moderate discrimination (0.5 < a < 1.5), 17 items demonstrated high discrimination (1.5 

< a < 2.5), while five items, such as Items 14, 15, 17, 28, and 34, exhibited very high 

discrimination (a > 2.5). High a-values are critical for precise ability estimation, as they indicate 

that the items are highly sensitive to small differences in the latent trait [11]. Thus, this suggests 

that the SHSTAT can accurately differentiate between examinees of similar proficiency levels, 

particularly in competitive academic environments where precise classification is vital.  

The difficulty parameters (b) ranged from 0.237 to 2.085, with a mean difficulty concentrated 

in the moderate-to-high range. While Items 18 (b = 0.237) and 19 (b = 0.787) provide 

measurement for examinees with slightly above-average ability, the majority of the items (e.g., 

Items 7, 29, and 31) are targeted toward high-proficiency individuals (θ ≈ 2.0). This distribution 

enables the test to measure examinees across a broad ability spectrum while offering optimal 

targeting of higher-ability individuals. Consequently, the SHSTAT is optimized for identifying 

top-tier performance and distinguishing among high-ability candidates rather than diagnosing 

severe deficits at the lower end of the ability scale.  

Finally, the pseudo-guessing parameters (c) ranged from 0.002 to 0.308. Although some 

items approached the upper limit, all remained within the permissible c < 0.35 threshold, 

consistent with recommended practice [18]. Overall, the relatively low c-values suggest that the 

distractors within the multiple-choice format are functioning effectively, thereby minimizing the 

impact of chance on the scores and preserving the integrity of the latent trait measurement. 

Nevertheless, the guessing parameters for Items 22, 23, 31, and 34, while psychometrically 

acceptable, are close to the theoretical chance level of 0.25. This proximity suggests that certain 

distractors may be insufficiently plausible for lower-ability examinees. Accordingly, these items 
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will undergo targeted qualitative review and distractor refinement to better engage common 

misconceptions, thereby improving measurement precision across a wide range of the ability scale. 

The findings suggest that the 30-item SHSTAT provides a highly precise measurement of 

cognitive proficiency by filtering out non-performing items and effectively controlling for the 

influence of random guessing. Its alignment with moderate-to-high difficulty levels makes it a 

psychometrically defensible instrument for identifying top-tier students in high-stakes academic 

selection. Consequently, the refined assessment offers a robust and stable metric, ensuring that 

observed scores are a valid reflection of a student’s true latent ability. 

Table 4. Parameter estimates of the 3PL IRT model for 30 items 

Items 
Parameters 

Items 
Parameters 

a b c A b c 

Item 2 1.326 1.171 0.299 Item 19 2.159 0.787 0.214 

Item 3 1.408 1.155 0.230 Item 21 0.838 1.705 0.002 

Item 4 1.573 1.048 0.255 Item 22 2.347 1.777 0.276 

Item 5 1.468 1.333 0.197 Item 23 2.285 1.717 0.280 

Item 6 2.427 1.224 0.226 Item 25 1.664 1.132 0.138 

Item 7 1.568 1.933 0.239 Item 26 1.564 1.101 0.182 

Item 9 2.025 1.004 0.240 Item 27 1.283 1.727 0.143 

Item 10 2.355 1.272 0.239 Item 28 3.369 1.396 0.243 

Item 11 1.547 1.126 0.263 Item 29 1.107 2.085 0.232 

Item 12 1.430 1.272 0.091 Item 30 1.791 1.390 0.149 

Item 14 3.216 1.012 0.238 Item 31 1.680 1.940 0.308 

Item 15 2.968 1.082 0.241 Item 32 2.081 1.406 0.210 

Item 16 1.916 1.192 0.117 Item 34 2.587 1.337 0.294 

Item 17 2.828 1.019 0.179 Item 37 1.138 1.145 0.041 

Item 18 0.841 0.237 0.002 Item 38 1.598 1.301 0.137 

2.2.4. Item fit and local independence 

To confirm the structural adequacy of the 3PL IRT model, item fit was rigorously evaluated 

using both chi-square (χ2) statistics and the RMSEA. While the χ2 statistic is a traditional measure 

of exact model fit, it is notoriously sensitive to large sample sizes, often yielding statistically 

significant results (p < .05) for trivial deviations that do not impact practical measurement [26]. 

Indeed, as shown in Table 5, several items yielded significant p-values; however, a purely 

frequentist interpretation would be misleading in this context. To mitigate this, RMSEA was 

employed as a parsimony-adjusted index to assess the magnitude of misfit. All 30 items 

demonstrated excellent fit to the 3PL model with RMSEA values below 0.05, indicating a high 

degree of congruence between the observed response patterns and the model’s predictions [27]. 

Item 7 exhibited a minor deviation with an RMSEA of 0.054; however, this remains within the 

acceptable threshold of 0.08, indicating negligible misfit [28]. 
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Table 5. Item fit statistics for the 3PL IRT model 

Item χ2 df RMSEA p Item χ2 df RMSEA p 

Item 2 18.419 21 0.000 0.622 Item 19 17.942 19 0.000 0.526 

Item 3 25.696 21 0.011 0.218 Item 21 53.673 23 0.028 0.000 

Item 4 23.555 20 0.010 0.262 Item 22 27.872 21 0.014 0.144 

Item 5 16.315 21 0.000 0.752 Item 23 33.288 21 0.019 0.043 

Item 6 32.372 20 0.019 0.039 Item 25 18.699 20 0.000 0.541 

Item 7 131.097 22 0.054 0.000 Item 26 29.457 20 0.017 0.079 

Item 9 25.464 19 0.014 0.146 Item 27 27.162 22 0.012 0.205 

Item 10 18.519 20 0.000 0.553 Item 28 37.210 20 0.022 0.011 

Item 11 46.060 20 0.028 0.001 Item 29 30.549 23 0.014 0.134 

Item 12 34.800 21 0.020 0.030 Item 30 49.089 21 0.028 0.000 

Item 14 27.523 18 0.018 0.070 Item 31 31.458 22 0.016 0.087 

Item 15 22.579 19 0.011 0.256 Item 32 25.709 20 0.013 0.176 

Item 16 22.191 20 0.008 0.330 Item 34 38.309 20 0.023 0.008 

Item 17 21.903 19 0.009 0.289 Item 37 36.965 22 0.020 0.024 

Item 18 87.200 21 0.043 0.000 Item 38 34.812 21 0.020 0.030 

Complementing the item fit analysis, the Local Independence (LD) assumption was 

examined using Yen’s Q3 statistic. Local independence requires that, once the primary latent trait 

(θ) is accounted for, the residual responses to any pair of items are statistically uncorrelated. 

Violations of this assumption often signify item redundancy or the presence of an unintended 

secondary dimension, which can lead to inflated reliability and biased parameter estimates. 

Table 6. Summary of Yen’s Q3 test of local independence 

Statistic Q3 Adjusted Q3 

Minimum -0.107 -0.087 

Maximum 0.095 0.115 

Mean -0.020  

The analysis of the SHSTAT yielded residual correlations ranging from -0.107 to 0.095 

(Table 6), with all |Q3| values remaining well below the commonly cited threshold of 0.20. 

Examination of the Yen’s Q3 matrix indicated that the highest residual correlation occurred 

between Items 23 and 24 (r = 0.095), while the lowest was observed between Items 12 and 16 (r 

= -0.107). The uniformly low magnitude of these correlations suggests a negligible degree of local 

dependence among items. 

This pattern provides structural internal evidence that the SHSTAT items function 

independently and do not exhibit meaningful redundancy. The absence of substantial local 

dependence supports the assumption that the 30-item instrument is primarily measuring a single 

latent construct, thereby contributing to the stability and interpretability of the resulting ability 

estimates within the studied context. 
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2.2.5. Item and test analyses of the effectiveness and precision of the SHSTAT 

* Item Characteristic Curves (ICCs) and Item Information Functions (IIFs) analyses 

To evaluate the psychometric quality and functional utility of the SHSTAT, item-level 

analyses were conducted using the principles of the 3PL IRT model. This framework facilitates a 

detailed examination of item behavior through Item Characteristic Curves (ICCs) and 

measurement precision through (Item Information Functions) IIFs. The 30 retained items were 

categorized into moderate (0.65–1.34), high (1.35–1.69), and very high (≥1.70) discrimination 

groups, allowing for a comparative assessment of how varying discrimination levels distinguish 

examinees across the ability continuum (θ) [23], [28]. 

 
Figure 1. Item characteristic curves of moderate (i), high (ii)  

and very high (iii) discrimination items 

The ICC analysis (Figure 1) reveals the combinations among difficulty (b), discrimination 

(a), and pseudo-guessing (c). Items with moderate discrimination offer stable differentiation 

across broad proficiency levels, with difficulties ranging from b = 0.24 (Item 18) to b > 1.7 (Items 

21, 27, and 29). However, elevated baselines in Items 2 and 29 (c > 0.22) suggest that low-ability 

examinees may achieve correct endorsement through chance (De Ayala, 2022). As discrimination 

increases, gradients steepen significantly, reflecting enhanced measurement precision. Very high 

discrimination items (e.g., 14, 15, 17, and 28) demonstrate extreme sensitivity to subtle ability 

differences within the 0.8 < θ < 1.8 range. Despite their high accuracy, several items (22, 23, and 34) 

exhibit c-values near 0.25, which can destabilize parameter estimation if not carefully monitored. 

The IIF analysis (Figure 2) confirms that precision is highest among very discriminating 

items. While items with moderate discrimination provide broad but low information (0.18 - 0.31), 

very high discrimination items yield tall, narrow peaks. Notably, Item 28 provides maximum 

precision (1.78) at θ ≈ 1.50, illustrating that while high discrimination maximizes accuracy, the 

informational contribution is tightly concentrated near the item’s difficulty parameter [23]. 

 
Figure 2. Item information functions of moderate (i), high (ii) 

 and very high (iii) discrimination items 
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The analysis indicates that SHSTAT measurement precision is concentrated in the middle-

to-upper ability range. The influence of pseudo-guessing (0.21≤ c ≤ 0.30) reduces measurement 

precision for low-ability examinees and can bias latent trait estimates. Consequently, the SHSTAT 

is a robust instrument for identifying high-proficiency individuals but lacks diagnostic sensitivity 

for lower-ability groups. Future refinements should prioritize distractor revision for items with 

high guessing parameters and the addition of low-difficulty items (b < 0) to ensure a more 

balanced and inclusive proficiency measure. 

*  Test Characteristic Curve (TCC) and Test Information Functions (TIF) analyses 

Following the item-level calibration, test-level properties were evaluated using the Test 

Characteristic Curve (TCC) and Test Information Function (TIF) to determine the instrument's 

overall precision and expected scoring patterns. The TCC (Figure 3) illustrates the relationship 

between the latent trait (θ) and the expected total score, following a prominent S-shape with the 

most significant slope occurring between θ = 0.5 and θ = 2.5. This confirms that the SHSTAT is 

most sensitive to changes in ability within the average to high-proficiency range. Notably, the 

lower asymptote of the TCC settles near five points rather than zero, an elevation resulting from 

the aggregate pseudo-guessing parameters (c) identified in the 30-item pool. This suggests that 

random success exerts a measurable influence on the scores of low-ability examinees, thereby 

compressing the scale at the lower end. 

 
Figure 3. Test characteristics curve (TCC) of the SHSTAT assessment 

Complementing this, the Test Information Function (TIF) (Figure 4) depicts the distribution 

of measurement information across the ability continuum, displaying a bell-shaped distribution 

that peaks at θ ≈ 1.3 with a maximum measurement information value of 17.5. This peak marks 

the point of minimum standard error and maximum reliability. The SHSTAT maintains a stable 

information level between θ = 0.5 and θ = 1.5, indicating that the test provides highly dependable 

measurement for the upper-average proficiency range. However, measurement precision declines 

quickly outside this range, especially at lower ability levels, which shows that the test functions 

better as a selection tool than as a basic diagnostic instrument for identifying learning deficits. 

 
Figure 4. Test information function (TIF) of the SHSTAT assessment 
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Collectively, the TCC and TIF data indicate that the SHSTAT is a structurally robust 

instrument for competitive academic placement. While the instrument provides excellent 

differentiation among high-ability candidates, the concentration of information in the above-

average proficiency range constrains its effectiveness for lower-performing student groups. To 

enhance the instrument's internal structural validity, future refinements should prioritize the 

inclusion of low-difficulty items ($b < 0$) and the strengthening of distractor quality to mitigate 

pseudo-guessing effects ($c$). Such adjustments would broaden the range of reliable 

measurement, transforming the SHSTAT from a specialized selection tool into a more 

comprehensive proficiency assessment. 

3.   Conclusions 

The SHSTAT demonstrates strong internal structural validity. Grounded in Item Response 

Theory (IRT), the instrument demonstrated satisfactory adherence to the core assumptions of 

unidimensionality and Local Independence. (LD) Comparative model-fitting analyses indicated 

that the Three-Parameter Logistic (3PL) model provided the best empirical representation of the 

data, capturing the interaction among item discrimination (a), difficulty (b), and pseudo-guessing (c). 

At the item level, the SHSTAT exhibits generally high discrimination and difficulty 

parameters calibrated toward average-to-high ability examinees. Although the instrument 

demonstrates strong model fit and high measurement precision for distinguishing higher 

proficiency levels, analyses revealed reduced sensitivity at the lower end of the ability continuum, 

partly attributable to the influence of guessing. Overall, the results provide structural internal 

evidence supporting the psychometric adequacy of the 30-item SHSTAT for estimating student 

ability along a single latent dimension, as defined by the IRT framework. 

Moving forward, future studies should focus on establishing criterion-related validity by 

correlating SHSTAT scores with students' final grades in Statistics and Probability to further 

strengthen its diagnostic utility.  Future research should also prioritize the transition of the 

SHSTAT into a Computerized Adaptive Testing (CAT) framework, utilizing the established 3PL 

parameters to dynamically tailor item difficulty and maximize precision across all proficiency levels.  

While the SHSTAT may be used for instructional and research purposes based on its 

established psychometric calibration and structural internal evidence, Differential Item 

Functioning (DIF) analyses are still required to confirm measurement invariance. This is essential 

to ensure equitable score interpretation across subgroups, such as gender and SHS curriculum 

strands (e.g., STEM, ABM, HUMSS), before large-scale implementation. Furthermore, 

longitudinal studies should explore the expansion of the item bank to include lower-difficulty 

items (b < 0) with refined distractor quality. Replicating this IRT-based methodology in other core 

disciplines, such as Mathematics and Science, would support the development of a standardized, 

psychometrically coherent assessment framework for Senior High School. 
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