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Abstract. This study aimed to translate and validate the Academic Procrastination 

Scale – Short Form (APS-SF) in the Italian context. Specifically, this study focused on 

the psychometric properties of validity and reliability in a sample of N=340 university 

students. Confirmatory Factor Analysis (CFA) and Item Response Theory (IRT) models 

were performed. CFA and IRT models showed the unifactorial model proposed in the 

original version of the scale. The IRT approach also provided evidence for 

satisfactorily test information and the measurement invariance for gender. These 

findings confirm that the Italian version of APS-SF is a valid and reliable measure to 

assess procrastination in Italian academic students. 
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1. INTRODUCTION 

Procrastination refers to needlessly task delaying that is followed by the 

experience of subjective discomfort (Solomon and Rothblum, 1984). From a 

historical perspective, the term procrastination derives from the Latin adjective 

crastĭnus, translated as "of tomorrow"; it did not necessarily have a negative 

connotation until the mid-eighteenth century (Ferrari et al., 1995). Nowadays, it 



is considered a dysfunctional tendency with moral connotations (Sabini and 

Silver, 1982) and psychological consequences as experienced guilt, decreasing 

performance outcomes, and social impact such as being considered unreliable. 

In attempting to understand the procrastination construct, researchers generally 

considered procrastination a stable disposition, a fixed personal trait that does 

not vary according to tasks, contexts, and time (Ferrari et al., 1995; 

Schouwenburg, 1995; Van Eerde, 2000).  

Everyone may procrastinate sometimes but, according to this perspective, 

procrastination is defined as an intra-individual process depending by own 

norms and moral principles and consisting of delaying actions or decisions even 

if it is not appropriate to a particular situation (Burka and Yuen, 1983; Milgram 

et al., 1998). However, not every late-performing task is procrastination: 

indeed, the delay can be used as a wise strategy if purposely planned. Instead, 

procrastination refers to the act of postponing needless the implementation of 

what was planned (Van Eerde, 2003). Moreover, other studies presented 

empirical support for its temporal and situational variability. They 

demonstrated that procrastination is better described as a situation-specific 

behavior that changes over time and depends on the tasks and contexts 

interaction (e.g., Blunt and Pychyl, 2000; Lonergan and Maher, 2000; Milgram 

et al., 1988). 

The amount of procrastination literature originated in studies with college 

students because they tended to delay writing term papers, preparing for tests, 

studying for examinations, and keeping up with weekly reading assignments 

(Burka and Yuen, 1983; Ellis and Knaus, 1977; Onwuegbuzie and Jiao, 2000). 

Several studies showed that over 70% of college students engage in 

procrastination (Ellis and Knaus, 1977) and regularly procrastinate (Ferrari, 

O'Callaghan, and Newbegin, 2005; Rabin et al., 2011). In this field of research, 

academic procrastination has been defined as the students' tendency to delay 

academic tasks intentionally, although it will carry out negative consequences 

(Simpson and Pychyl, 2009; Steel, 2007). Furthermore, other studies found a 

strong relationship between academic procrastination and academic 

performance (e.g., Beswick et al., 1988; Steel et al., 2001). Several scholars 

underlined the adverse outcomes of procrastination in (higher) educational 

settings such as psychological distress, anxiety, reduced well-being, low 

academic performance, and avoidance of social relations (Kim and Seo, 2015; 

Krause and Fruend, 2014). In a ground theory study examining the process by 



which academic procrastination occurs, students involved in the research 

reported that they procrastinate to manage their time better, reduce boredom, 

and work more efficiently. Moreover, students had a low perception that 

procrastination can negatively impact learning achievement (Schraw et al., 

2007). Several studies investigated the relationship between academic 

procrastination and perceived self-efficacy. They pinpointed that perceived self-

efficacy is negatively related to procrastination (Steel, 2007). Accordingly, 

procrastinating students presented weak self-efficacy beliefs (Lindblom et al., 

2015). Instead, students' perception of a high self-efficacy in an academic 

context seemed to be strictly linked to a positive quality of studying and 

academic performance (Caprara et al., 2008). 

Recent studies in the Italian academic context have shown that 

procrastination represented a failure in regulating students' behavior (Limone et 

al., 2020). Regarding the outcomes of academic procrastination, some studies 

show a strong relationship between procrastination and students' academic 

performance in secondary school (De Paola and Scoppa, 2015) and university 

(De Paola and Scoppa, 2015, Limone et al., 2020). Furthermore, in a recent 

study, Licata et al. (2024) suggested that the harms of procrastination are not 

limited to academic performance, but also include effects on health and well-

being. In this sense, an assessment of the academic procrastination experienced 

by students turns out to be a good starting point for conceivable programs to 

enhance a student's academic success and well-being. 

McCloskey (2011) proposed the first theorization of academic 

procrastination and the Academic Procrastination Scale (APS), consisting of six 

main dimensions: psychological beliefs about abilities, attention distractions, 

social factors, time management skills, personal initiative, and laziness. Starting 

with this scale (25 items). The APS was validated and used in the Italian 

context by Limone et al. (2020). Yockey has tested the Academic 

Procrastination Scale - Short Form (APS-SF) that consisted of five items. The 

original factor analysis showed a single-factor solution, a good factorial load of 

the five items, and a Cronbach's alpha of .87. The measurement invariance 

suggests the validity for males and females. 

As things stand, the APS-SF has been tested with samples of American 

(Yockey, 2016) and Spanish-speaking (Brando Garrido et al., 2020) academic 

students. To our knowledge, there is no Italian validation study of the Short 

Form of the Academic Procrastination Scale (APS-SF; Yockey, 2016). In 



recent years, the need for short and valid assessment instruments has been 

highlighted in research practice. The 25 items of the long version of the APS, 

despite their undoubted usefulness, do not always allow for a short and routine 

assessment of academic procrastination. It can be burdensome to administer, 

making it difficult to include in longer assessment batteries (Moreira et al., 

2020). In line with the validation of the APS-SF in other countries (e.g. Brando-

Garrido et al., 2020, Yockey, 2016), the purpose of the short version of the 

procrastination measure is to provide a measure that can be answered by 

subjects in a short time, especially in contexts where the administration time 

cannot be unduly prolonged, in a long psychological battery with several other 

instruments, and to avoid fatigue or exhaustion among participants.  

Therefore, this study aimed to validate the APS-SF in the Italian context by 

examining the psychometric properties (factor structure, item fit, convergent 

validity, internal consistency) of the APS-SF using a sample of university 

students.  

2. METHODS 

2.1 STUDY DESIGN 

Following the guidelines for the cross-cultural adaptation of questionnaires and 

rating scales (Beaton et al., 2000; Van De Vijver and Hambleton, 1996), the 

APS-SF was translated from English to Italian by three expert psychologists, 

psychometry and teaching and back-translated by an independent English 

translator to ensure cross-cultural equivalence. 

The sample size was determined according to the adaptation to the 

confirmatory factor analysis (CFA), taking into account the recommendations 

to use between 5 and 20 subjects per item, with a minimum of 100-150 subjects 

in the case of short scales. For item response theory (IRT) models, authors 

suggested that a sample of 200 or fewer subjects could be adequate for 

differential item functioning (DIF) detection and scale properties evaluation, 

especially when IRT assumptions are met (Edelen and Reeve, 2007).  

2.2 PARTICIPANTS AND PROCEDURE 

Data collection was conducted in 2021 using a convenience sample of 340 

Italian university students enrolled in a bachelor’s degree program in 



Psychology. The sample included 72 males and 268 females (Mage= 20.75, 

SDage= 3.50), primarily from high schools (12% classical high schools, 30% 

scientific high schools, 42% other high schools, 12% technical or professional 

schools, 4% other institutions). The inclusion criteria were the minimum age of 

18, the status of university students, and the Italian-language speakers. Before 

starting the data collection, researchers briefed the participants on the scope of 

the study, and their agreement was kindly requested. Students who agreed to 

participate completed an online self-report questionnaire via the MOODLE 

platform. This study complies in full with the recommendations in the ethical 

guidelines of the Italian Psychologists Association for research. 

2.3 MEASURES 

Academic Procrastination Scale Short Form (APS-SF; Yockey, 2016). The 

instrument consists of five items that assess academic procrastination. 

Participants responded to each item on a five-point Likert scale from 1 (total 

agreement) to 5 (complete disagreement). The total score is defined as the sum 

of the items (range 5-25), where higher scores indicate a greater tendency to 

postpone academic tasks. 

Procrastination Scale (TPS; Tuckman, 1991; Limone et al., 2020). The 

instrument consists of 16 items that refer to procrastinating behaviors. 

Participants responded to each item on a four-point Likert scale from 1 

(strongly disagree) to 4 (strongly agree). TPS includes two dimensions of 

procrastination: a general explanation of procrastination and the likelihood to 

avoid difficult or unpleasant tasks. The score is defined as the sum of the item 

scores (range 16-64), where higher scores indicate a higher procrastination 

tendency. For this study, Cronbach's alpha was .78. 

Motivated Strategies for Learning Questionnaire (MSLQ; Pintrich and 

DeGroot, 1990; Bonanomi et al., 2018). The self-regulation learning strategies 

(SRLS) scale was administered for this study; it consists of 22 items and 

comprises two subscales assessing Cognitive strategy use (12 items) and Self-

regulation (10 items). The participants responded to each item on a 5-point 

Likert scale from 1 (not at all appropriate for me) to 5 (very appropriate for 

me). The arithmetic mean of the related items is the score of the subscale. For 

this study, the overall Cronbach's alpha was .75. 



2.3 DATA ANALYSIS 

The psychometric assessment of the APS-SF (Italian version) included 

Confirmatory Factor Analysis (CFA), item response theory (IRT) models for 

differential item functioning detection and item fit evaluation, internal 

consistency analysis, and validity. The classical test approach and IRT allow for 

a more robust psychometric analysis. In particular, the IRT is a model-based 

approach aiming to estimate the probability of selecting different item response 

categories according to the individual level of latent trait (academic 

procrastination in our case) and item characteristics (difficulty and 

discrimination). This approach is particularly advantageous in educational and 

psychological assessment because it provides item- and person-level insights, 

addressing limitations of traditional methods such as Classical Test Theory 

(CTT), which assumes uniform measurement properties across items (Edelen 

and Reeve, 2007). Very briefly, the latent trait (usually indicated with θ) can be 

defined as an unobservable construct measured by means of several manifest 

variables (e.g., items of a Likert scale); the item difficulty refers to the level of 

latent trait needed to have a probability p= .5 of endorsing the item, and when 

polytomous items are considered a different difficulty parameter is estimated 

for each threshold (where the number of thresholds is equal to the number of 

levels minus 1); the item discrimination expresses the item's ability to 

distinguish the different levels of the latent trait in the subjects.  

The IRT approach provides a collection of techniques for an accurate item- 

and test-level evaluation, which have proven to be highly useful in scale 

validation studies. Indeed, it offers robust tools for identifying items that best 

capture the latent trait and determining the measurement precision across 

different latent trait levels, which is crucial for both research and practical 

applications in educational assessment (Edelen and Reeve, 2007). In this 

theoretical framework, several models have been proposed for both binary and 

ordinal item responses (see Bartolucci et al. (2015), Tutz (2020), and Van der 

Linden (2018) for an overview). These models differ primarily in the 

constraints imposed on item parameters (e.g., free or constrained discrimination 

parameters across items). Additionally, for ordinal items, the relationship 

between observed indicators and the latent variable can be modeled using either 

a global (cumulative) logit or a local (adjacent categories) logit, which 



correspond to the graded response model (GRM) and the generalized partial 

credit model (GPCM), respectively. 

In general, traditional IRT models are grounded on three main assumptions 

required to be met before the model estimation: one-dimensionality, local 

independence, and monotonicity. Moreover, also the measurement invariance 

must be ensured to reach comparable measures. 

Confirmatory Factor Analysis (CFA) was performed to assess the factorial 

structure and, thus, the one-dimensionality of the latent trait. According to the 

response scale, the diagonal weighted least square (DWLS) estimator was used 

as a robust method for non-normality. For the model fit, the study considered 

the following indexes and test: the Chi-square test statistics, the comparative fit 

index (CFI), the Tucker-Lewis index (TLI), the Root Mean Square Error of 

Approximation (RMSEA), and the Standardized Root Mean Square Residual 

(SRMS). As a general rule, a model satisfactorily fits if the CFI and TLI 

coefficients are .90 or above (Medsker et al., 1994); RMSEA approximately .08 

or less (Byrne, 2010), and SRMS .10 or less. The CFA was performed using the 

R package lavaan (Rosseel, 2012, v. 0.6-6).  

The residual correlation matrix of the CFA model with one factor allows 

checking the second IRT assumption of local independence. This assumption 

implies that the responses to a set of items are independent, conditional to a 

latent trait (variable). Thus, there should be no significant correlation between 

item residuals (weak independence condition). About that, correlations below 

the threshold of .2 are assumed as evidence of independence (Chen and 

Thissen, 1997). Moreover, a non-parametric IRT model relying on the Mokken 

scaling was used to assess the monotonicity assumption, consisting of a non-

decreasing probability of endorsing higher item response categories as the level 

of latent trait increases. The scalability coefficient H for each item and the total 

scale was calculated using the R package mokken (Van der Ark, 2007). Values 

greater than .30 for items and greater than .50 for the entire scale were 

considered acceptable for monotonicity assurance (Mokken, 1971).  

Finally, according to the measurement invariance definition, item 

parameters are assumed to be invariant across different groups of subjects (e.g., 

males and females). Violations of this assumption lead to what is known as 

differential item functioning (DIF; Ackerman, 1992). The DIF occurs when 

subjects with the same latent trait level but from different groups have a 

different probability of endorsing the item response categories. The DIF can be 



consistent along with all the latent traits (uniform DIF) or vary in direction or 

magnitude according to different latent trait levels (non-uniform DIF). In this 

study, both uniform and non-uniform DIF for gender were evaluated by 

exploiting ordinal logistic regression models and considering a change of 

McFadden's pseudo R2 equal to .02 as the critical value. The R package 

Lordif (Choi et al., 2011) was used for this aim. In addition to DIF, 

differential test functioning (DTF) was also examined to assess whether there is 

overall bias at the test level with respect to gender. The omnibus measure 

proposed by Chalmers et al. (2016), referred to as signed DTF (sDTF), was 

employed. This measure identifies whether one group consistently scores 

higher across a defined range of θ. Values close to 0 indicate negligible or no 

DTF. The measure is implemented in the R package mirt (Chalmers, 2012).  

It is worth noting that before testing for measurement invariance, the most 

appropriate link function (global logit or local logit) was selected by comparing 

the fit of the two most general models, namely the GRM (global logit) and the 

GPCM (local logit), through the Bayesian Information Criterion (BIC; 

Schwarz, 1978). Afterward, the model selected according to the most 

appropriate link function was compared with its constrained formulations (see 

Bartolucci et al. (2015) for a review of IRT models) to test if some item 

constraints should be set to describe the APS-SF properties better. The IRT 

models at issue were estimated using the R package mirt (Chalmers, 2012), 

and the BIC was considered the selection criterion. 

Once the best model was selected, Orlando and Thissen's S-X2 was used to 

evaluate polytomous items fitting (Kang and Chen, 2008). An S-X2 p-value ≤ 

.001 indicates a poor fit.  

Besides, also the following graphical diagnostic tools for IRT model 

assessment were employed to explore deeper the goodness of the items and the 

scale: Item information curve (IIC), test information curve (TIC), and item 

response category characteristic curves (IRCCCs). These curves are a function 

of the item parameters and allow for the evaluation of item and test 

measurement precision across the entire range of the latent trait, with a 

particular focus on the critical area of the construct continuum (in this case, 

high levels of academic procrastination) (Edelen and Reeve, 2007).  

The internal consistency of the factor was measured using Cronbach's 

alpha coefficient. The correlations between APS-SF and TPS and MLSQ were 

computed to test the validity of the instrument. Following the recommendations 



of Clark and Watson (2019), Flake et al. (2017), and testing standards (AERA, 

APA, and NCME, 2014), the relationships between academic procrastination 

and other measures, such as procrastination and self-regulated learning 

strategies, are used to assess the same or similar constructs and provide 

convergent evidence. In particular, the correlation between the APS-SF and the 

TPS measures the same psychological dimension. The relationship between 

self-regulation learning strategies and the APS highlights the relationship 

between two correlated psychological dimensions (e.g. Limone et al., 2020). 

3. RESULTS 

Results include the estimated parameters for the APS-SF and fit indices 

demonstrating that the model adequately fits the data: χ2(5) = 13.467, p =  .01; 

TLI = .996; CFI = .998; RMSEA = .071 [.026 - .117], SMSR = .034. These 

values confirmed the adequacy of the unidimensional structure of the 

instrument. Item arithmetic means, standard deviations, skewness, kurtosis, and 

standardized factor loadings are in Table 1.  

The factor loadings varied from .81 to .87 (see also Figure 1), confirming 

the soundness of the items used to measure the APS-SF. In the estimated 

model, no correlations between the residuals of different items were allowed. In 

a subsequent step, the residual correlation matrix was extracted to verify the 

IRT local independence assumption. All item residual correlations were below 

the critical threshold of .2, confirming that the assumption was met. The 

monotonicity assumption was also confirmed: the scalability coefficient H 

ranged between .657 and .672 for the single items (see Table 2) and was equal 

to .670 for the total scale. Regarding measurement invariance for gender, 

McFadden's pseudo-R2 changes ranged from .0001 to .0170, detecting neither 

uniform nor non-uniform DIF. Moreover, a negligible DTF emerged, with 

sDTF = .48 (95% CI: -.28 to 1.19), which was not significantly different from 0 

(p-value = .21). At this step, the GRM (global logit) shows a better fit than the 

GPCM according to the BIC (3672.09 and 3680.86, respectively). 



Table 1: Means, standard deviations of each item, and results of CFA in university 

students 

 

Item M SD SK K (λ) R2 

I put off projects until the last 

minute (APS1). 
2.33 1.17 0.46 -0.73 .83* .69 

I know I should work on 

schoolwork, but I just don't do it 

(APS2). 
1.79 1.04 1.10 0.24 .85* .72 

I get distracted by other, more 

fun, things when I am supposed 

to work on schoolwork (APS3). 
2.47 1.14 0.40 -0.54 .81* .65 

When given an assignment, I 

usually put it away and forget 

about it until it is almost due 

(APS4). 

1.56 0.88 1.81 3.29 .85* .72 

I frequently find myself putting 

important deadlines off (APS5). 
1.74 1.08 1.41 1.11 .87* .76 

Note. M = mean, SD = standard deviation, SK= Skewness, K= Kurtosis, λ = factor loading.  

* p < .001 

 

 

 

Figure 1: CFA results: Standardized estimates of the factor loadings 



Afterward, by comparing GRM with its constrained formulations, namely the 

Rating Scale GRM (RS-GRM; Muraki, 1990), the one-parameter GRM (1P-GRM; Van 

der Ark, 2001), and the one-parameter RS-GRM (1P-RS-GRM; Van der Ark, 2001), 

the BIC indicated that the RS-GRM was the best model. In the RS-GRM, the item 

discrimination parameter can freely vary among items, whereas the item difficulty 

parameter is expressed in an additive way so that items have a different general 

difficulty level but equal threshold difficulty level. Table 2 reports the estimated 

parameters for the Italian version of the APS-SF.  

Table 2: Scalability coefficient (H), RS-GRM item parameters, and model fit (S-X2 

p-value) 

 

Item H S-X2 
p-value 

RS-GRM item parameters 

   a c b1 b2 b3 b4 
APS1 .672 .07 2.55 0 1.52 -0.55 -2.93 -5.12 

APS2 .664 .02 2.79 -1.81 1.52 -0.55 -2.93 -5.12 

APS3 .657 .64 2.21 0.39 1.52 -0.55 -2.93 -5.12 

APS4 .666 .05 2.69 -2.67 1.52 -0.55 -2.93 -5.12 

APS5 .672 .03 3.24 -2.24 1.52 -0.55 -2.93 -5.12 

Note. a = item discrimination; c = item general difficulty; b1, b2, b3, b4 = threshold difficulty;  

c1 = 0 for model identifiability. 

 

Even for a low level of procrastination, the easiest item to endorse was 

Item 4 ("When given an assignment, I usually put it away and forget about it 

until it is almost due"). In contrast, Item 3 ("I get distracted by other, more fun, 

things when I am supposed to work on schoolwork") was the most difficult 

item that requires a high level of procrastination to encounter agreement. On the 

other hand, Item 5 ("I frequently find myself putting important deadlines off") 

allows discriminating different levels of procrastination better than the other 

items do.  

Orlando and Thissen's S-X2 index suggested no misfitting items (see Table 

2). The item information curves in Figure 2b show that all items are centered on 

medium-high values of the latent trait and that the most informative one is Item 

5, whereas Item 3 is the least informative. Overall, the information provided by 

the APS-SF scale is satisfactory and maximum for students with high levels of 

procrastination (the curve in Figure 2a is shifted on the right).  



Figure 2: Test (a) and Item (b) information curves 

 

Finally, the item response category characteristic curves (IRCCCs) in 

Figure 3 are well-shaped and the response categories well-separated, indicating 

that there are no redundant response categories needed to be merged. Moreover, 

for Item 4 and Item 5, students tend to strongly disagree also for a medium 

level of latent trait (see the IRCCC for the first category, represented by the 

solid line in the figure).  

Cronbach's alpha was .88, confirming the reliability of the measure. The 

Italian form of APS-SF also showed adequate convergent validity correlated 

with APS (see Table 3). Moreover, APS-SF and APS showed the same negative 

relationship with SRLS. 

 



 

Figure 3: Item response category characteristic curves (IRCCCs): P1 = “Strongly 

Disagree”, P2 = “Disagree”, P3 = “Do not disagree or agree”, P4 = “Agree”, P5 = 

“Strongly Agree”. 

 

Table 3: Means, standard deviation, and bivariate correlations 

 

Measures M SD 1 2 

1. APS-SF 9.89 4.37 -  

2. TPS 33.97 7.21 .76** - 

3. SRLS 3.62 .40 -.27** -.16* 

Note. M = means, SD = standard deviations, APS-SF: Academic Procrastination Scale – Short 

Form, APS: Tuckman Procrastination Scale, SRLS: Self regulation Learning Strategies.  

* p < .01, **p < .001 

 

 

 

 



4. DISCUSSION 

This study aimed to test the Italian version of the Academic Procrastination 

Scale – Short Form (APS-SF) psychometric characteristics. The Confirmatory 

Factor Analyses confirmed the unifactorial structure of the Italian version of the 

APS-SF, supporting its use in the Italian context. Cronbach's alpha indicated 

that the internal consistency of the APS-SF was satisfactory. The association 

between APS-SF, APS, and MLSQ were further investigated. The results 

confirmed the convergent validity of the APS-SF, showing the correlation 

between the APS-SF and APS and the negative relationship between APS-SF 

and MLSQ.  

Item and test proprieties investigation through IRT models showed that the 

RS-GRM was the best model for describing the Italian version of the APS-SF. 

Both item and test information were satisfactory and maximum for students 

with high levels of procrastination. All items reported a more than satisfactory 

fit to the model; the response categories were well-separated and not redundant. 

Regarding the measurement invariance for gender, results provided evidence 

for the absence of uniform and non-uniform DIF, ensuring comparable 

measures for males and females. 

Although the current study contributed to the literature by testing the 

psychometric properties of the Italian form of the APS-SF, some limitations 

and future perspectives have to be highlighted. A first limitation regards 

subjects involved in the study that mainly were female-gendered and 

homogenously aged, so further studies with wider and more varied samples are 

awaited. Moreover, the study was carried out only through a single-time 

assessment of students' procrastination. Therefore, future research will focus on 

longitudinal studies that would explore students' tendency to procrastinate 

throughout the whole academic year and the entire enrollment time, hopefully. 

One of the limitations of this study was not to consider the relationships 

between academic procrastination and other variables linked to this construct. 

Further research should also explore these relationships in-depth, taking into 

account related psychological variables (such as self-efficacy, self-regulated 

learning strategies, self-esteem, anxiety, and stress), aiming to assess the 

procrastination construct in different and more varied conditions.  

In conclusion, our findings demonstrate that the APS-SF is a 

psychometrically valid measure of procrastination in university students. In 



terms of practical implication, the instrument can be used as a valid alternative 

to the long questionnaires composed of different scales, in particular, to reduce 

the risk of fatigue of the participants. Thanks to its length, this scale can be 

easily integrated into surveys or batteries of instruments.  

Finally, the results of this study demonstrate that researchers can reliably 

use the APS-SF in future studies to evaluate academic procrastination and 

explore its associated factors, thereby gaining a deeper understanding of this 

behavior. Moreover, this measure of procrastination could also be beneficial for 

learners and teachers in educational contexts. Indeed, as highlighted in Martín-

Puga et al. (2022), the APS-SF serves as a useful tool to identify students prone 

to procrastination, guiding the development of targeted interventions to help 

them manage this behavior and thus enhance their likelihood of achieving 

positive academic outcomes. 
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