
Applied Economics Teaching Resources 

Page | 1  Advance Access 

 

Unannounced Quizzes and Exam Performance: Evidence of a 
Continuous Preparation Effect in Introductory Microeconomics 
Moon Joon Kima 
aGeorge Mason University Korea 

JEL Codes: A22, I23, D01 
Keywords: best-of-N grading, preparation effect, satisficing, strategic slacking, unannounced quizzes 

 

1 Introduction 
The role of quizzes in educational settings has been explored extensively, with a growing consensus that 
frequent assessment positively influences student performance. Much of this literature is grounded in the 
“testing effect,” which posits that the act of retrieving information strengthens memory cues and 
enhances long-term retention compared to passive review techniques (Roediger and Karpicke 2006; 
Carpenter et al. 2008; Karpicke and Roediger 2008). While the cognitive benefits of retrieval are well-
documented, the behavioral mechanisms driven by the anticipation of assessments—specifically 
unannounced assessments (hereafter referred to as pop quizzes)—remain less understood. Unlike 
scheduled exams or assignments that often induce deadline-driven study habits or massed practice (i.e., 
cramming), unannounced quizzes introduce an element of unpredictability. This study leverages this 
feature to examine the “preparation effect,” investigating whether the uncertainty of pop quizzes 
encourages students to maintain consistent engagement with course material throughout the semester 
(Kamuche 2007; Blasco-Arcas et al. 2013). 

The distinction between announced and unannounced assessments is critical in pedagogical 
design. Previous research suggests that announced quizzes, while beneficial, may still allow for 
procrastination. Conversely, unannounced quizzes are theorized to foster a heightened sense of urgency 
and focus, potentially driving more consistent study habits typically absent in scheduled assessments 
(Kamuche 2007; Azorlosa 2011). However, empirical evidence on their efficacy is mixed. While some 
studies contend that pop quizzes are integral to developing effective learning and metacognitive 
strategies (Karpicke et al. 2009; Azorlosa 2011), others argue that they may be counterproductive. Critics 
suggest that the element of surprise can heighten student anxiety and diminish intrinsic motivation, 

Research Article 

Abstract 
This study investigates whether unannounced quizzes can improve student learning outcomes in 
introductory microeconomics courses. Using data from 257 students and controlling for section-by-
semester fixed effects, we find that unannounced quizzes significantly improve final exam 
performance. Moreover, quiz performance predicts exam success even when quiz scores do not count 
toward the final grade. This suggests that the results are driven by a continuous preparation effect—
students maintaining regular study habits in anticipation of surprise assessments—rather than by 
immediate grade incentives. However, under a “best-of-N” quiz grading policy, we identify a trade-off. 
While this policy provides a safety net for lower-performing students (consistent with mastery 
learning principles), it inadvertently encourages strategic slacking among high achievers. Once these 
students have secured the maximum possible quiz credit, they rationally reduce their effort. These 
findings underscore the importance of designing assessment structures that sustain motivation across 
the full spectrum of student ability levels. 
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particularly for those with lower test-taking confidence, leading to outcomes that reflect stress rather 
than knowledge (Putwain and Symes 2011; Segool et al. 2013; Stowell 2015). Furthermore, effective 
implementation often depends on the nature of the subject matter and integration into the overall 
teaching strategy (Bangert-Drowns et al. 1991). 

In the context of economics education, where cumulative knowledge building is essential, 
validating the impact of such assessments is particularly important. Recent scholarship has examined 
various assessment tools; for instance, Latif and Miles (2020) found that while graded homework 
significantly improved academic outcomes in economics courses, the specific role of unannounced 
quizzes requires further empirical scrutiny. This study seeks to fill this gap by quantifying the effects of 
unannounced quizzes on final exam performance in introductory microeconomics courses. We aim to 
determine whether the incentives provided by surprise assessments translate into improved academic 
achievement, providing insight into the ongoing pedagogical debate (Black and Wiliam 1998; Wiliam 
2011). 

To address this question, we analyze a comprehensive dataset of 257 students enrolled in 
introductory microeconomics classes over four semesters. A key feature of our study design is the 
implementation of a specific grading policy intended to mitigate the potential negative effects of anxiety: 
While students faced ten unannounced quizzes, only the top two scores contributed to their final grade. 
This “best-of-N” approach aligns with the principles of mastery learning, designed to balance the rigor of 
continuous assessment with the flexibility needed to reduce high-stakes stress (Bloom 1968; Guskey 
2007). Utilizing section-by-semester fixed effects to control for temporal shocks and instructor variability 
(Andrews 2005; Wooldridge 2015), our empirical strategy isolates the impact of quiz performance from 
other confounding factors. 

Our findings provide robust evidence supporting the pedagogical utility of unannounced quizzes. 
We find that higher performance in unannounced quizzes is significantly associated with improved final 
exam scores, suggesting that the anticipation of surprise assessments indeed promotes consistent 
preparation and deeper engagement. These results are robust to a series of sensitivity analyses, including 
alternative specifications and subsample tests. By highlighting the preparation effect in an economics 
context, this study underscores the benefits of applying cognitive psychology principles to foster 
proactive learning while managing student anxiety through thoughtful course design (Bjork et al. 2013). 

2 Background 
This section provides the theoretical and contextual foundation for our study. We begin by outlining the 
conceptual framework rooted in cognitive psychology, specifically focusing on the mechanisms of the 
preparation effect and desirable difficulties. We then describe the specific course structure and the “best-
of-N” assessment design employed in the introductory microeconomics course to clarify the empirical 
setting. 

2.1 Conceptual Framework: The Preparation Effect and Desirable Difficulties 
Central to our study is the concept of the preparation effect, a principle rooted in cognitive psychology 
that plays a pivotal role in educational practices. Unlike the testing effect, which emphasizes the cognitive 
benefits of retrieval practice for long-term memory retention (Roediger and Karpicke 2006; Karpicke and 
Roediger 2008), the preparation effect focuses on the motivational and behavioral changes induced by 
the anticipation of assessments (Kamuche 2007). This effect suggests that the possibility of facing 
unexpected quizzes encourages students to maintain a continuous and proactive engagement with their 
studies, fostering a consistent study habit that leads to improved academic performance (Mawhinney et 
al. 1971; Graham 1999). 
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The mechanism behind the preparation effect can be conceptually situated within theories of self-
regulated learning and metacognition. These frameworks emphasize how the anticipation of evaluation 
shapes proactive study behaviors, encouraging students to monitor their learning progress continuously 
(Zimmerman 2002; Bjork et al. 2013). 

Theoretical support for this approach is further strengthened by the concept of “desirable 
difficulties” (Bjork 1994; Bjork and Bjork 2011). This framework posits that learning tasks requiring 
considerable cognitive effort—such as responding to unexpected queries—often lead to more durable 
learning than easier, predictable tasks. 

While assignments and scheduled exams motivate preparation, their predictable timing often 
allows students to concentrate effort in short, intensive periods (i.e., cramming) rather than sustaining 
engagement (Cepeda et al. 2006). By contrast, pop quizzes introduce uncertainty and immediacy; 
because students cannot anticipate when they will occur, they are encouraged to study continuously to 
remain prepared at all times (Leeming 2002). 

However, the implementation of such uncertainty requires careful consideration of student 
anxiety. The Yerkes–Dodson Law (Yerkes and Dodson 1908) suggests an inverted U-shaped relationship 
between arousal and performance; while moderate arousal can enhance focus, excessive anxiety acts as a 
cognitive load that impairs performance (Zeidner 1998; Cassady and Johnson 2002). Therefore, the 
pedagogical challenge lies in leveraging the preparation effect to induce distributed study habits while 
mitigating the debilitating anxiety that can hinder learning (Putwain 2008). 

2.2 Key Features of the Course Syllabus and Assessment Design 
In the realm of economics education, assessment methodologies play a pivotal role in shaping student 
engagement. The introductory microeconomics course analyzed in this study employs a multifaceted 
evaluation schema: a midterm exam (20%), a final exam (30%), writing assignments (20%), attendance 
(10%), and quizzes (20%). This structure aims to holistically assess a student’s grasp of the course 
material through various pedagogical lenses (Walstad and Becker 1994). 

The central component of this study is the use of quizzes in an unannounced format. This 
approach differs fundamentally from traditional top-down assessments, such as scheduled homework or 
group projects, where instructors set fixed timing for evaluation. Such methods often position students as 
passive recipients who comply with externally imposed deadlines (Boud 2000). 

In contrast, unannounced quizzes represent a bottom-up approach, emphasizing continuous 
engagement. By introducing short, frequent, and unpredictable assessments, the course encourages 
students to adopt regular study habits in anticipation of possible evaluations, thereby fostering intrinsic 
motivation and self-regulation (Black and Wiliam 1998). 

A critical aspect of this assessment method is the best-of-N grading policy. Throughout the 
semester, students are exposed to ten unannounced quizzes, but only the top two quiz grades are 
factored into the final course grade. This policy is grounded in the principles of mastery learning (Bloom 
1968; Guskey 2007), which prioritizes the attainment of competence over the timing of learning. 

By allowing students to drop their lowest scores, the course treats early failures as formative 
opportunities rather than summative penalties. This strategy ensures a level of unpredictability to drive 
the preparation effect while providing a safety net to reduce high-stakes anxiety. Consequently, students 
are incentivized to maintain consistent attendance and engagement without the paralyzing fear of a 
single poor performance affecting their overall grade. 
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3 Methods 
This section outlines the research methodology employed to examine the impact of unannounced quizzes 
on student performance. We first describe the data collection process and the operationalization of key 
variables, including the specific assessment structure. Subsequently, we detail the empirical strategy, 
which utilizes a fixed-effects regression framework to ensure robust causal inference. 

3.1 Data 
This study utilizes a comprehensive dataset from an introductory microeconomics course offered at a 
branch campus of a US university in South Korea, spanning four semesters from Spring 2022 to Fall 2023. 
The data collection features repeated cross-sectional observations. Each semester included two identical 
class sessions, each 75 minutes in duration, ensuring consistency in instructional delivery. 

The initial enrollment records included 277 students. However, to ensure consistency across all 
descriptive statistics and regression analyses, we restrict our final analytical sample to 257 students for 
whom complete information on all covariates—including midterm scores, attendance, assignments, and 
demographic variables—is available. Specifically, we excluded five students who did not submit 
assignments, two students who missed the midterm exam, and 13 students who were absent for the final 
exam. This uniform sample size (N = 257) allows for direct comparability across all tables and models 
presented in this study. 

Table 1 provides descriptive statistics for this final sample. A key focus is on the midterm and final 
exam scores, attendance records, assignment grades, and pop quiz performance. The pop quiz score 
represents the average score across all ten unannounced quizzes administered during the semester. 
While only the top two quiz grades counted toward the official course grade, we use the average score in 
our analysis to capture the cumulative level of student engagement and preparation. 

 

Table 1. Descriptive statistics 

 N Mean SD Min. Max. 

Midterm Exam 257 72.09 15.92 30 100 

Final Exam 257 72.93 16.63 27 100 

Attendance 257 8.33 2.44 0 10 

Assignments 257 8.77 0.97 4 10 

Pop Quiz 257 2.92 0.68 1.40 4.78 

Female 257 0.47 0.50 0 1 

Transfer 257 0.18 0.39 0 1 

Notes: Midterm exam and Final exam are measured on a 100-point scale. Attendance 
is measured on a 0–10 scale, with 1 point deducted for each absence. Assignments 
represents the average score of three semester tasks (0–10 scale). Pop Quiz denotes 
the average score across ten unannounced quizzes (0–5 scale). Female is a binary 
variable equal to 1 if the student is female, and 0 otherwise. Transfer takes the 
value of 1 if the student transferred from another institution. 

 
Attendance serves as a proxy for student engagement and exposure to instructional material. The 

average attendance score is 8.33 out of 10 (SD = 2.44), with 1 point deducted for each unexcused absence. 
Consistent with the literature suggesting a strong link between class attendance and academic 
performance (Romer 1993; Stanca 2006), this variable controls for the direct effect of instructional time 
on exam outcomes. 
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Assignments played a formative role in the course assessment. Three writing assignments were 
issued throughout the semester, designed to reinforce lecture material by requiring students to apply 
economic concepts to real-world examples, such as analyzing news articles or explaining incentives in 
case studies (Walstad 2001). The average assignment score is 8.77 out of 10 (SD = 0.97), indicating a high 
level of completion and understanding among the retained sample. 

It is worth noting that the data period (2022–2023) precedes the widespread integration of 
advanced generative AI tools in the classroom; Thus, assignment scores are considered authentic 
measures of student effort rather than AI-assisted outputs. These assignments contributed 20% to the 
final grade and functioned primarily as “assessment for learning” (Black and Wiliam 1998). 

The midterm exam scores have an average of 72.09 (SD = 15.92), while the final exam scores show 
a slightly higher mean of 72.93 (SD = 16.63). This distribution suggests a broad dispersion in 
performance, indicating varying levels of student preparedness as the course progressed. 

3.2 Empirical Strategy 
This study aims to identify the causal impact of unannounced quizzes on student learning outcomes. 
While randomized controlled trials (RCTs) are the gold standard for causal inference, educational 
settings often require quasi-experimental approaches due to ethical and logistical constraints. Following 
the econometric framework for repeated cross-sectional data suggested by Andrews (2005) and 
Wooldridge (2010), we employ an ordinary least squares (OLS) regression model with section-by-
semester fixed effects. 

Since the data are not derived from random assignment, it is crucial to examine potential selection 
bias or pre-existing differences in student ability. To address this, we first estimate a model examining 
the determinants of midterm exam performance, which serves as an intermediate outcome relatively less 
affected by the cumulative preparation effect of quizzes compared to the final exam: 

 
(1) 𝑀𝑖𝑑𝑡𝑒𝑟𝑚𝑖 = 𝛼 + 𝛾 ∙ 𝑍𝑖 + 𝜂𝑐 + 𝜖𝑖 . 
 
In equation (1), 𝑍𝑖  represents a vector of student characteristics, including gender, major, transfer status, 
year of admission, and residential location; 𝜂𝑐  denotes section-by-semester fixed effects. This analysis, 
reported in Table 2, functions as a balance check to verify whether demographic factors systematically 
influence academic performance (Imbens and Wooldridge 2009). 

To test our primary hypothesis—that unannounced quizzes improve final exam performance—
we estimate the following equation: 

 
(2) 𝐹𝑖𝑛𝑎𝑙𝐸𝑥𝑎𝑚𝑖 = 𝛼 + 𝛽1 ∙ 𝑃𝑄𝑖 + 𝛽2 ∙ 𝑋𝑖 + 𝛽3 ∙ 𝑍𝑖 + 𝜂𝑐 + 𝜖𝑖 . 
 
Here, 𝐹𝑖𝑛𝑎𝑙𝐸𝑥𝑎𝑚𝑖  is the dependent variable. The key independent variable, 𝑃𝑄𝑖, is the average score of all 
ten unannounced pop quizzes. Although only the top two scores determined the course grade, we utilize 
the average of all ten quizzes to capture the intensity of continuous preparation throughout the semester. 
𝑋𝑖  includes time-varying academic controls such as attendance and assignment scores, while 𝑍𝑖  controls 
for time-invariant student characteristics. 

We include section-by-semester fixed effects (𝜂𝑐) to absorb unobserved heterogeneity specific to 
each class session (e.g., 9:00AM vs. 10:30AM learning environments) and semester-level shocks (e.g., 
variations in exam difficulty or academic calendar). This strategy isolates the effect of quizzes from 
broader contextual factors. Furthermore, to account for potential heteroscedasticity and serial 
correlation within student groups, we cluster standard errors at the student major level or residential 
level in our robustness checks, following the recommendations of Cameron and Miller (2015). 
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To ensure the stability of our estimates, we rigorously tested for multicollinearity among 
explanatory variables. We calculated variance inflation factors (VIFs) for all predictors. The mean VIF for 
our main specification is 2.40, with a maximum VIF of 4.16. These values are well below the conventional 
threshold of 10, confirming that multicollinearity is not a concern in our analysis (Chatterjee and Hadi 
2012; Wooldridge 2015). 

Finally, to provide a comprehensive assessment of model performance, we report both adjusted 
𝑅2 and root mean square error (RMSE). The adjusted 𝑅2 penalizes model complexity, offering a more 
accurate measure of goodness-of-fit, while RMSE provides an estimate of the standard deviation of the 
prediction errors, allowing for a clearer interpretation of model precision. 

This study was conducted in accordance with ethical standards for research involving human 
subjects. Since the analysis relies solely on de-identified retrospective educational records, the 
Institutional Review Board (IRB) determined that the study was exempt from formal review. 

4 Results 

4.1 Determinants of Midterm Grades 
Table 2 presents the regression analysis of individual characteristics on midterm grades. This analysis 
serves a dual purpose: exploring the factors influencing initial academic performance and conducting a 
balance check to ensure that student outcomes are not driven by pre-existing demographic disparities. 
Column 1 reports the baseline OLS estimates, while columns 2 and 3 incorporate section-by-semester 
fixed effects and cluster-robust standard errors, respectively. 

The results indicate that demographic factors, specifically gender and residential origin, do not 
have a statistically significant relationship with midterm performance across all model specifications. For 
instance, the coefficient for gender is small and statistically insignificant (β = 0.87, 𝑝 >  0.10), suggesting 
a gender-neutral academic environment where neither male nor female students hold a systematic 
advantage. Similarly, transfer status and academic year classification do not significantly predict midterm 
outcomes. 

However, academic major plays a substantial role. Students majoring in Economics (𝛽 =  7.51, 
𝑝 <  0.01) and Business (𝛽 =  4.24, 𝑝 <  0.01) score significantly higher than their peers from other 
disciplines. This performance gap is expected and likely reflects a stronger foundational background or 
intrinsic interest in the subject matter, consistent with the expectancy-value theory of motivation (Eccles 
and Wigfield 2002). 

Notably, the adjusted 𝑅2 for these models is low (approximately 0.01), and the RMSE remains 
around 15.83. While a low 𝑅2 might typically suggest limited explanatory power, in this context, it 
effectively serves as a validity check. It confirms that observable student characteristics—such as where 
they live or their gender—explain very little of the variation in exam scores. This implies that the 
midterm grades are largely driven by unobserved individual factors, such as study effort and aptitude, 
rather than by systematic demographic biases. Thus, the low explanatory power of demographic 
variables reinforces the fairness of the baseline assessment environment. 

4.2 The Impact of Unannounced Quizzes on Final Exam Performance 
Table 3 illustrates the main results regarding the effect of pop quizzes on final exam grades. Columns 1–3 
present linear specifications with increasing levels of rigorous controls. Across all models, we observe a 
robust and statistically significant positive relationship between unannounced quiz performance and 
final exam scores (𝑝 < 0.01). 
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Table 2. Determinants of midterm grades 

Dependent variable: Midterm grade 1 2 3 

Academic background    

- Major (reference all other majors)    

Business 4.69** 4.24* 4.24*** 

 (2.13) (2.17) (1.07) 

Economics 7.53* 7.51* 7.51*** 

 (3.98) (4.11) (1.48) 

- Classification level (reference: freshman)    

Sophomore 4.58 3.86 3.86 

 (3.09) (3.16) (3.43) 

Junior or above −0.62 −1.66 −1.66 

 (6.01) (6.07) (3.80) 

Transfer status −0.81 −0.49 −0.49 

 (3.17) (3.29) (1.94) 

Demographic background    

- Sex 0.74 0.87 0.87 

 (2.01) (1.98) (0.92) 

- Permanent residential address (reference all other regions) 

Seoul −1.65 −0.84 −0.84 

 (3.30) (3.37) (4.29) 

Incheon −0.57 0.26 0.26 

 (3.72) (3.77) (4.14) 

Gyeonggi 2.73 3.63 3.63 

 (3.44) (3.51) (4.87) 

Foreign −1.30 0.26 0.26 

 (4.08) (4.32) (5.08) 

Section-by-semester FE No Yes Yes 

Cluster-robust SE No No Yes 

No. of obs. 257 257 257 

R2 0.05 0.08 0.08 

Adj. R2 0.01 0.01 0.01 

Root mean squared error (RMSE) 15.82 15.83 15.83 

Notes: The dependent variable is the midterm exam score (0–100 scale). Column 1 presents 
baseline ordinary least squares (OLS) estimates. Column 2 includes section-by-semester fixed 
effects. Column 3 employs cluster-robust standard errors. Robust standard errors are reported 
in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01. 
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Table 3. The impact of unannounced quizzes on final exam performance 

 1 2 3 4 

 Linear Linear Linear Nonlinear 

Pop Quiz 10.55*** 8.67*** 8.67***  

 (1.31) (1.24) (2.22)  

Nonlinear effects (ref: 𝑃𝑜𝑝 𝑄𝑢𝑖𝑧 ≤ Mean − 1SD) 

Mean − 1SD < 𝑃𝑜𝑝 𝑄𝑢𝑖𝑧 ≤ Mean    6.10*** 

    (1.60) 

Mean < 𝑃𝑜𝑝 𝑄𝑢𝑖𝑧 ≤ Mean + 1SD    10.10** 

    (3.53) 

Mean + 1SD < 𝑃𝑜𝑝 𝑄𝑢𝑖𝑧    16.25*** 

    (4.40) 

Assignments −0.17 1.58* 1.58 1.87 

 (0.88) (0.84) (1.05) (1.22) 

Attendance 0.41 0.15 0.15 0.16 

 (0.35) (0.32) (0.22) (0.25) 

Midterm 0.40*** 0.47*** 0.47*** 0.51*** 

 (0.06) (0.05) (0.10) (0.10) 

Academic controls Yes Yes Yes Yes 

Demographic controls Yes Yes Yes Yes 

Section-by-semester FE No Yes Yes Yes 

Cluster-robust SE No No Yes Yes 

No. of obs. 257 257 257 257 

R2 0.54 0.65 0.65 0.63 

Adj. R2 0.51 0.62 0.62 0.60 

Root mean square error (RMSE) 11.60 10.30 10.30 10.56 

Notes: The dependent variable is the final exam score (0–100 scale). Columns 1–3 present linear 
regression estimates. Column 2 includes section-by-semester fixed effects. Column 3 employs cluster-
robust standard errors. Column 4 examines nonlinear effects by categorizing quiz performance into four 
bins based on the mean and standard deviation, with the lowest-performing group serving as the 
reference. Robust standard errors are reported in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01. 

 
In the baseline model without fixed effects (column 1), the coefficient for pop quizzes is large (𝛽 =

10.55). However, after controlling for section-by-semester fixed effects (column 2) and clustering 
standard errors (column 3), the magnitude of the coefficient stabilizes at 8.67 (𝑝 < 0.01). In our 
preferred specification (column 3), a 1-point increase in the average quiz score (on a 5-point scale) is 
associated with an 8.67-point increase in the final exam score. Considering the standard deviation of the 
final exam (16.63), this translates to an effect size of approximately 0.52 SD, indicating a moderate-to-
strong pedagogical impact. 

Reviewing the goodness-of-fit measures, the model demonstrates strong explanatory power. The 
adjusted 𝑅2 is 0.62, indicating that our model explains approximately 62% of the variance in final exam 
scores. Furthermore, the RMSE is 10.30, suggesting a relatively high precision in predicting student 
outcomes compared to the standard deviation of the final exam (16.63). 
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Column 4 explores potential nonlinear effects by categorizing students based on their quiz 
performance relative to the mean. Using the lowest-performing group (≤ Mean − 1SD) as the reference, 
we find that the positive impact of quizzes is strictly monotonic. Students in the “middle-low” group 
(Mean − 1SD < 𝑃𝑄 ≤ Mean) score 6.10 points higher (𝑝 < 0.01), those in the “hiddle-high” group 
(Mean < 𝑃𝑄 ≤ Mean + 1SD) score 10.10 points higher (𝑝 < 0.05), and those in the highest performance 
bracket (> Mean + 1SD) exhibit a massive 16.25-point advantage (𝑝 < 0.01). This trend underscores that 
consistent engagement, as proxied by quiz performance, translates directly and increasingly into superior 
learning outcomes. 

4.3 Sensitivity Analysis 
To validate the reliability of our main findings, we performed a series of robustness checks using 
alternative specifications. Table 4 summarizes these results. First, we examined whether the grading 
policy itself drove the results. Column 1 uses the average of the top 2 quiz scores—matching the actual 
grading criteria—while column 2 uses the average of the remaining bottom 8 quizzes (those effectively 
dropped from the grade). Remarkably, the coefficient for the bottom 8 quizzes is even larger (𝛽 = 7.09, 
𝑝 < 0.01) than that of the top 2 (𝛽 = 5.65, 𝑝 < 0.01). This is a critical finding: It indicates that students 
who maintained effort even in quizzes that did not count toward their final grade achieved higher exam 
scores. This strongly supports the preparation effect hypothesis, suggesting that the habit of continuous 
study, rather than the immediate grade incentive of a specific quiz, drives learning outcomes. 

 
Table 4. Sensitivity analysis 

 1 2 3 4 5 

 Y Y Y ln(Y) Letter grade 

Pop Quiz 5.65*** 7.09*** 8.96*** 0.13*** 1.70*** 

 (1.59) (1.71) (0.87) (0.03) (0.57) 

Assignments 0.35 0.99 1.57 0.02 0.90*** 

 (0.88) (0.63) (0.99) (0.02) (0.20) 

Attendance 0.26 −0.79** 0.14 0.00 0.54*** 

 (0.29) (0.31) (0.32) (0.00) (0.06) 

Midterm 0.59*** 0.49*** 0.47*** 0.01*** 0.12*** 

 (0.06) (0.10) (0.03) (0.00) (0.02) 

Academic controls Yes Yes Yes Yes Yes 

Demographic controls Yes Yes Yes Yes Yes 

Section-by-semester FE Yes Yes Yes Yes Yes 

Cluster-robust SE Yes Yes Yes Yes Yes 

No. of obs. 257 257 257 257 257 

R2 0.60 0.63 0.65 0.62 0.53 

Adj. R2 0.56 0.59 0.62 0.59  

Root mean square error (RMSE) 10.98 10.60 10.16 0.16  

Notes: Columns 1 and 2 test alternative incentive structures: Column 1 uses the average of the “top 2” (graded) quizzes and 
assignments, while column 2 uses the average of the “bottom 8” quizzes. Column 3 clusters standard errors by students’ 
residential origin. Column 4 uses the natural logarithm of the final exam score as the dependent variable. Column 5 employs 
an ordered logistic regression model with the final letter grade as the dependent variable. All specifications include full 
demographic and academic controls, along with section-by-semester fixed effects. McFadden’s pseudo R2 is reported for 
column 5. Robust standard errors are reported in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01. 



Applied Economics Teaching Resources 

Page | 10  Advance Access 

Subsequent columns confirm the robustness of our estimates across different modeling choices. 
Column 3 clusters standard errors by students’ residential origin (city/province) instead of major. This 
specification addresses potential spatial autocorrelation or regional heterogeneity in student 
backgrounds (Moulton 1990; Cameron and Miller 2015). The positive impact of quizzes remains robust 
and significant (𝛽 = 8.96, 𝑝 < 0.01). 

Column 4 employs a log-transformed dependent variable (𝑙𝑛(𝐹𝑖𝑛𝑎𝑙𝐸𝑥𝑎𝑚)). Following the 
standard interpretation for semi-logarithmic equations (Halvorsen and Palmquist 1980), the coefficient 
(𝛽 = 0.13, 𝑝 < 0.01) implies that a 1-point increase in quiz scores is associated with approximately a 
13% increase in final exam scores, reinforcing the magnitude of the effect. 

Finally, column 5 employs an ordered logistic regression model, using the final letter grade (e.g., A, 
B, C. …, F) as the dependent variable. Since letter grades represent ordinal rankings rather than 
continuous values, this approach is econometrically more appropriate than OLS for categorical outcomes 
(Greene 2012). It is important to note that because this model is estimated via maximum likelihood 
estimation (MLE) rather than least squares, standard goodness-of-fit measures such as adjusted 𝑅2 and 
RMSE are not applicable. Instead, we report McFadden’s pseudo 𝑅2 (= 0.53), which serves as a 
comparative measure of model fit (McFadden 1974). The results confirm that higher quiz performance 
significantly increases the probability of achieving a higher letter grade (𝑝 < 0.01), providing strong 
corroborating evidence for our main results. 

For the OLS specifications (columns 1–4), the model fit remains strong and stable, with adjusted 
𝑅2 values ranging from 0.56 to 0.62 and RMSE values remaining consistently around 10.16–10.98. These 
metrics reinforce that our baseline results are not artifacts of a specific model specification. 

4.4 Placebo Test 
To differentiate the preparation effect of unannounced quizzes from general student ability or instructor-
specific effects, we conducted a placebo test using data from a comparable course, Principles of 
Macroeconomics. This course, taught by a different instructor within the same department, utilized 
scheduled (announced) quizzes, as explicitly stated in its syllabus. If the positive effects observed in our 
main analysis are driven solely by the unannounced nature of the assessment (and the resulting constant 
preparation), we would expect the effects of announced quizzes to be less consistent or distinct. 

Table 5 presents the regression results for this placebo analysis. In the baseline model (column 1), 
announced quizzes appear to have a positive correlation with final exam performance. However, this 
relationship proves to be highly unstable. When demographic controls are introduced (column 2), the 
statistical significance of announced quizzes vanishes (𝛽 = 2.06, 𝑝 > 0.10). Although significance returns 
when academic controls are included and standard errors are clustered by major (column 3) or 
residential origin (column 4), the magnitude of the coefficient fluctuates considerably compared to the 
robust stability observed for unannounced quizzes in our main analysis (Table 3). 

Crucially, these results must be interpreted with significant caution due to the limited sample size 
(𝑁 = 14). We observe unusually high goodness-of-fit measures, with adjusted 𝑅2 values ranging from 
0.71 to 0.85. While high 𝑅2 values typically indicate strong explanatory power, in the context of such a 
small sample relative to the number of predictors, this is a classic indicator of model overfitting rather 
than true predictive validity (Babyak 2004; Harrell 2015). The extremely low degrees of freedom inflate 
the 𝑅2 and standard errors, making the estimates unreliable and prone to Type M (magnitude) and Type 
S (sign) errors (Button et al. 2013). 

Therefore, while the placebo test offers suggestive evidence that announced quizzes do not 
consistently predict exam performance across all specifications, we refrain from drawing strong causal 
inferences from this auxiliary analysis. The contrast, however, highlights the relative robustness of our 
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main findings: unlike the volatile estimates for announced quizzes, the impact of unannounced quizzes 
remains positive, significant, and stable across a large sample (𝑁 = 257) and rigorous specifications. 

 

Table 5. Placebo test: The effect of announced quizzes 

 1 2 3 4 

 
No Controls 

Demographic 
Controls 

Academic 
Controls 

Academic 
Controls 

Announced Quiz 8.28*** 2.06 10.82*** 10.82 

 (1.88) (3.25) (0.71) (6.03) 

Assignments −4.36 −8.52 −6.69 −6.69 

 (4.37) (4.83) (4.68) (4.78) 

Attendance 3.63 6.59** 3.43 3.43 

 (3.97) (2.54) (1.96) (2.73) 

Midterm 0.46* 0.54*** 0.35*** 0.35* 

 (0.22) (0.13) (0.08) (0.13) 

Academic controls No No Yes Yes 

Demographic controls No Yes No No 

Section-by-semester FE No No No No 

Cluster-robust SE Yes Yes Yes Yes 

No. of obs. 14 14 14 14 

R2 0.80 0.93 0.95 0.95 

Adj. R2 0.71 0.82 0.85 0.85 

Root mean square error (RMSE) 6.23 4.83 4.44 4.44 

Notes: This table reports the results of the placebo test using announced quizzes. The dependent variable 
is the final exam score. Column 1 presents baseline estimates without controls. Column 2 includes 
demographic controls. Columns 3 and 4 include academic controls. Standard errors in column 3 are 
clustered by academic major, while standard errors in column 4 are clustered by students’ residential 
origin. Robust standard errors are reported in parentheses. * p < 0.10, ** p < 0.05, *** p < 0.01. 

5 Discussion 
This section interprets the empirical findings presented above, focusing on the behavioral mechanisms 
that drive student performance. We first examine how unannounced quizzes shift study habits from 
episodic cramming to distributed practice, thereby supporting the preparation effect. Subsequently, we 
analyze the heterogeneous responses to the best-of-N incentive structure, highlighting the trade-off 
between anxiety reduction and strategic slacking among different student groups. 

5.1 Mechanisms of the Preparation Effect: From Cramming to Distributed Practice 
To further investigate these behavioral mechanisms, we categorized students into three groups based on 
their quiz performance: those who never achieved a perfect score (“none”), those who achieved a perfect 
score once (“once”), and those who scored perfect grades more than twice (“more than twice”). Figure A1 
in the appendix presents the progression of quiz grades across the ten quizzes for each group. 
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The mechanism driving this effect can be understood through the lens of behavioral economics. 
Students often exhibit time-inconsistent preferences, postponing effort until immediately before a 
deadline—a phenomenon known as cramming or massed practice (Ariely and Wertenbroch 2002). While 
cramming may yield short-term performance spikes, it is less effective for long-term retention. 
Unannounced quizzes disrupt this procrastination cycle by introducing a “threat” of immediate 
evaluation, thereby nudging students toward distributed practice, which is widely cited as superior for 
memory retention (Cepeda et al. 2006; Roediger and Karpicke 2006). 

Ideally, the best-of-N grading policy (counting only the top 2 scores) struck a delicate balance. It 
provided enough incentive to induce preparation while functioning as a safety net that reduced the 
paralyzing effects of high-stakes anxiety. By keeping quizzes low stakes (capped at 20% weight), the aim 
was to encourage students to treat them as ongoing opportunities for retrieval practice rather than as 
high-pressure evaluations (Black and Wiliam 1998). Our empirical findings suggest that the motivational 
mechanism of unannounced quizzes derives less from their absolute grade weight and more from the 
uncertainty of timing. In this sense, the preparation effect is a behavioral response to unpredictability, 
inducing students to maintain a “readiness potential” throughout the semester (Kamuche 2007). 

5.2 Strategic Incentives and Heterogeneous Responses 
To further investigate these behavioral mechanisms, we analyzed student performance patterns based on 
their accumulation of perfect scores. This analysis distinguishes between students who satisfied the 
grading criteria early versus those who persisted throughout the semester. 

Figure A2 in the appendix categorizes students based on the number of perfect scores achieved 
before the midterm (quizzes 1–5). The “high achievers (Pre-midterm)” group—students who had already 
secured two or more perfect scores by the midpoint—exhibits a significant declining trend in quiz grades 
during the second half of the semester. This behavior is consistent with the economic theory of 
satisficing, first proposed by Simon (1956). Since these students had already maximized their grade 
potential under the best-of-N policy, the marginal benefit of preparing for subsequent quizzes dropped to 
zero. Consequently, they engaged in rational optimization of their time resources, reallocating effort 
away from quizzes to other pursuits (Becker 1965). While this confirms that students respond efficiently 
to incentives, it highlights a trade-off: The policy successfully reduced anxiety but unintentionally 
dampened the motivation for continuous preparation among top-performing students once they felt 
“safe” (Bloom 1968). 

In contrast, the “none” and “once” groups in Figure A1 (categorized by total semester 
performance) display noticeable upticks in quiz grades after quiz 3 and, particularly, after the midterm. 
This trend suggests that students who performed poorly on the midterm exam subsequently increased 
their study efforts to compensate. For these students, the best-of-N policy acted as a continuous incentive 
mechanism. Unlike cumulative grading systems where early failures permanently damage a student’s 
grade-point average (GPA), the “drop-lowest” feature ensured that the marginal benefit of an additional 
high score remained positive until the very end. This structure aligns with the principles of mastery 
learning, allowing students to recover from early setbacks without being penalized, thereby sustaining 
motivation for those who need it most (Guskey 2007). 

Overall, these dynamics highlight a critical nuance in assessment design. The policy balances 
fairness and flexibility but creates distinct behavioral incentives: strategic slacking for early achievers 
and sustained persistence for those seeking recovery. These findings resonate with the broader formative 
assessment literature, which emphasizes that while flexible grading can lower stress, it must be carefully 
designed to sustain long-term engagement across all learner profiles (Black and Wiliam 1998; Wiliam 
2011). 
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6 Conclusion 
This study provides empirical evidence supporting the efficacy of unannounced quizzes as a pedagogical 
tool in introductory economics courses. Utilizing a dataset of 257 students and controlling for section-by-
semester fixed effects, we find that performance in unannounced quizzes is a robust predictor of final 
exam achievement. Specifically, a 1-point increase in the average quiz score is associated with an 8.67-
point increase in the final exam score. 

Our findings offer three key insights into the mechanics of student assessment. First, the positive 
impact of quizzes appears to be driven by the preparation effect rather than simple grade incentives. The 
robustness check revealed that performance in quizzes excluded from the final grade (the “bottom 8”) 
was a stronger predictor of exam success than the graded quizzes (the “top 2”). This suggests that the 
uncertainty of unannounced assessments successfully nudged students toward distributed practice and 
continuous engagement, mitigating the tendency for procrastination and cramming often associated with 
scheduled exams. 

Second, the best-of-N grading policy (counting only the top 2 scores) presents a critical trade-off 
between anxiety reduction and motivation. While this policy successfully functioned as a safety net—
encouraging lower-performing students to persist and recover from early setbacks—it inadvertently 
induced strategic slacking or satisficing behavior among high achievers. As predicted by economic 
models of rational time allocation (Simon 1956; Becker 1965), high-performing students reduced their 
effort once they secured the maximum possible credit. This highlights the need for nuanced course 
designs that protect struggling students without capping the incentives for top performers. 

Third, while our results are robust across various specifications, we acknowledge important 
limitations. The placebo test utilizing announced quizzes relied on a small sample (𝑁 = 14), which, 
despite suggestive contrasts, limits our ability to draw definitive causal comparisons between announced 
and unannounced formats. Future research should aim to replicate this study across multiple institutions 
and instructors to enhance external validity and further disentangle the effects of assessment timing from 
instructor-specific characteristics. Finally, the exclusion of 13 students who missed the final exam may 
introduce survival bias, as those unable to cope with the quiz burden might have dropped out, potentially 
leading to an overestimation of the preparation effect. 

In conclusion, unannounced quizzes are a potent instrument in the economics instructor’s toolkit. 
When implemented with a flexible grading policy, they can effectively foster a habit of continuous 
preparation. However, instructors must carefully calibrate the incentive structure to minimize anxiety 
while sustaining motivation across the entire spectrum of student abilities. 
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Appendix 

 

 

Figure A1. Trends in quiz performance by total semester achievement 

Note: The horizontal axis represents the chronological order of the ten unannounced quizzes. The vertical axis denotes 
the average quiz score on a 0–5 scale. Students are categorized into three groups based on the total number of perfect 
scores achieved throughout the semester: “none” (0 perfect scores), “once” (1 perfect score), and “twice or more” (2 or 
more perfect scores). 
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Figure A2. Trends in quiz performance by early-semester achievement (pre-midterm) 

Note: The horizontal axis represents the chronological order of the ten unannounced quizzes. The vertical axis denotes the 
average quiz score on a 0–5 scale. Students are categorized into three groups based on the number of perfect scores 
achieved before the midterm exam (quizzes 1–5): “none (pre-midterm)” (0 perfect scores), “once (pre-midterm)” (1 perfect 
score), and “high achievers (pre-midterm)” (2 or more perfect scores). 
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