
Arithmetic Complexity in Multi-Digit Calculation: 
Paradigms, Attitudes, and Neural Correlates 

Dissertation 
der Mathematisch-Naturwissenschaftlichen Fakultät 

der Eberhard Karls Universität Tübingen 

zur Erlangung des Grades eines  

Doktors der Naturwissenschaften  

(Dr. rer. nat.) 

vorgelegt von 

Xinru Yao 

aus Jiangsu China 

Tübingen 

2026 



 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Gedruckt mit Genehmigung der Mathematisch-Naturwissenschaftlichen Fakultät der 

Eberhard Karls Universität Tübingen. 

 

 

Tag der mündlichen Qualifikation:  08.05.2026 

Dekan: Prof. Dr. Thilo Stehle 

1. Berichterstatter/-in: Prof. Dr. Hans-Christoph Nuerk 

2. Berichterstatter/-in: Prof. Dr. Bert De Smedt 

  



3 

Table of Contents 

List of figures and tables ........................................................................................... 5 

Abstract (English) ..................................................................................................... 6 

Zusammenfassung (German) .................................................................................... 7 

Abbreviations ........................................................................................................... 8 

List of publications ................................................................................................... 9 

1. Introduction ....................................................................................................... 10 

1.1 General background: why arithmetic matters ............................................................ 10 

1.2 Arithmetic complexity: definition and characteristics ................................................ 11 

1.2.1 Place-value system ................................................................................................................ 11 
1.2.2 Carry/borrow effects .............................................................................................................. 13 

1.2.3 Addition versus subtraction .................................................................................................... 15 

1.3 Task contexts: do different paradigms matter? ........................................................... 16 

1.4 Individual differences in arithmetic complexity ......................................................... 18 

1.4.1 Micro-timescale: within-task dynamics of state math anxiety ................................................... 18 
1.4.2 Macro-timescale: lifespan differences in math attitudes and their performance links ................ 20 

1.5 Neural substrates of arithmetic complexity ............................................................... 22 

1.5.1 Theoretical frameworks .......................................................................................................... 22 
1.5.2 Domain-general and domain-specific processes in the fronto-parietal network ......................... 24 

2. Research aims and scope ................................................................................... 26 

3. General discussion ............................................................................................. 31 

3.1 Arithmetic complexity：carry and borrow ................................................................. 32 

3.2 Operation effect: subtraction is inversion of addition ................................................. 33 

3.3 Paradigm is a context variable ................................................................................... 35 

3.4 Math attitudes differences and dynamics .................................................................. 37 

3.5 Neural mechanisms ................................................................................................. 38 



4 

3.6 Practical implications ............................................................................................... 39 

3.7 Conclusions ............................................................................................................. 40 

References ............................................................................................................ 42 

Acknowledgements ................................................................................................ 56 

Appendix ............................................................................................................... 58 

A1. Study 1 .................................................................................................................... 58 

A1.1 Publication of Study 1 ............................................................................................................. 58 
A1.2 Supplementary Materials for Study 1 ........................................................................................ 71 

A2. Study 2 .................................................................................................................... 84 

A2.1 Publication of Study 2 ............................................................................................................. 84 
A2.2 Supplementary Materials for Study 2 ........................................................................................ 97 

A3. Study 3 ................................................................................................................... 116 

A3.1 Manuscript of Study 3 ........................................................................................................... 116 
A3.2 Supplementary Materials 1 for Study 3 ................................................................................... 137 
A3.3 Supplementary Materials 2 for Study 3 ................................................................................... 152 

A3.4 Supplementary Materials 3 for Study 3 ................................................................................... 159 

A4. Study 4 ................................................................................................................... 163 

A4.1 Manuscript of Study 4 ........................................................................................................... 163 
A4.2 Supplementary Materials for Study 4 ...................................................................................... 192 

Eidesstattliche Erklärung ...................................................................................... 208 



5 

List of figures and tables 

Figure 1 Graphical overview of research questions in each study   28 

Figure 2 Graphical summary of research findings     32 

Table 1 Overview about details of four studies      29 



6 
 

Abstract (English) 

Arithmetic skills are important in daily life, education, and career development. Yet 

laboratory research on arithmetic often employs decision paradigms and single-digit tasks, 

which raises the question of generalizability to production paradigms. Moreover, findings 

drawn from low math anxious samples may underestimate the difficulties experienced by 

high math anxious individuals, particularly in complex arithmetic tasks involving multi-digit 

numbers. 

To deal with these issues, this dissertation focuses on carry/borrow effects in multi-digit 

addition and subtraction across paradigms, math attitudes, and neural processes in four 

preregistered studies. Studies 1 and 2 compared decision and production paradigms in 

two-digit arithmetic regarding cognition and emotion. It was found that the choice of 

paradigm affected the observed arithmetic effects, particularly accuracy, and that 

production paradigms elicited higher state math anxiety than decision paradigms, 

particularly in individuals with higher trait anxiety. Study 3 examined math attitudes across 

the lifespan, showing that math anxiety increases and math self-concept decreases with 

age, with a lower math self-concept being associated with higher arithmetic complexity 

effects. Study 4 used functional near-infrared spectroscopy (fNIRS) to explore how 

domain-general and domain-specific brain resources contribute to complexity in three-

digit arithmetic. Results showed that fronto-parietal activation increased with arithmetic 

complexity and this increase was moderated by working memory capacity.  

In sum, this dissertation shows that arithmetic with carry/borrow operations is not always 

equally difficult but also affected by task context (paradigm) as well as individual attitudes 

and working memory resources. This has implications for how arithmetic skills should be 

assessed and supported in educational and applied settings. 
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Zusammenfassung (German) 

Rechenfähigkeiten sind wichtig für Alltag, Bildung und Beruf. In Laborstudien zum 

Rechnen werden jedoch häufig Entscheidungsparadigmen und einstellige Aufgaben 

verwendet, was zur Frage der Generalisierbarkeit auf Produktionsparadigmen führt. 

Zudem könnten Ergebnisse aus Stichproben mit geringer Mathematikangst die Probleme 

von Personen mit hoher Mathematikangst unterschätzen, insbesondere bei komplexen 

Rechenaufgaben mit mehrstelligen Zahlen. 

Diese Dissertation untersucht daher Übertragseffekte in der Addition und Subtraktion 

mehrstelliger Zahlen über Paradigmen, Einstellungen zur Mathematik und neuronale 

Prozesse hinweg in vier präregistrierten Studien. In Studien 1 und 3 wurden 

Entscheidungs- und Produktionsparadigmen beim zweistelligen Rechnen hinsichtlich 

Kognition und Emotion verglichen. Es zeigte sich, dass die Wahl des Paradigmas die 

beobachteten arithmetischen Effekte, insbesondere die Genauigkeit, beeinflusste und 

dass Produktionsparadigmen eine höhere situative Mathematikangst hervorriefen als 

Entscheidungsparadigmen, insbesondere bei Personen mit höherer Trait-Angst. Studie 3 

untersuchte die Einstellung zur Mathematik über die Lebensspanne und zeigte, dass die 

Mathematikangst im Laufe des Lebens zunimmt und das mathematische Selbstkonzept 

abnimmt, wobei ein geringeres Selbstkonzept in Mathematik mit einem höheren 

Übertragseffekt assoziiert war. In Studie 4 wurde die funktionelle 

Nahinfrarotspektroskopie (fNIRS) verwendet, um zu untersuchen, wie 

domänenübergreifende und domänenspezifische Gehirnressourcen zur Komplexität 

beim dreistelligen Rechnen beitragen. Die Ergebnisse zeigten, dass die fronto-parietale 

Aktivierung mit der Komplexität des Rechnens zunahm, moderiert durch die 

Arbeitsgedächtniskapazität. 

Zusammenfassend zeigt diese Dissertation, dass Rechnen mit Übertrag nicht immer 

gleichermaßen schwierig ist, sondern durch den Aufgabenkontext (Paradigma) sowie 

individuelle Einstellungen und Arbeitsgedächtnisressourcen beeinflusst wird. Das hat 

Auswirkungen darauf, wie Rechenfähigkeiten in der Bildungs- und 

Anwendungsbereichen erfasst und gefördert werden sollten. 



8 

Abbreviations 

Abbreviation Definition 

ACC anterior cingulate cortex 

AG angular gyrus 

EEG electroencephalography 

fMRI functional magnetic resonance imaging 

fNIRS functional near-infrared spectroscopy 

IFG inferior frontal gyrus 

IPS intraparietal sulcus 

MFG middle frontal gyrus 

mDLPFC middle portion of the dorsolateral prefrontal cortex 

SMA supplementary motor area 

SMG supramarginal gyrus 
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1. Introduction

1.1 General background: why arithmetic matters 

In everyday life, there are many situations in which mental calculations are needed, like 

calculating the total price before buying something, verifying if a discount is right, or 

comparing prices of different items. Even if calculators or electronic devices are present, 

individuals tend to perform rapid mental calculations to arrive at a financial or 

mathematical judgment. Such simple calculations involve a number of basic mental 

operations that enable us to concentrate, hold information in mind, and coordinate 

numbers. 

Therefore, arithmetic ability matters. Beyond its role in education and professional 

success, arithmetic ability predicts financial literacy, health-related decision-making, and 

even employment outcomes (Shomos & Forbes, 2014; Tushar & Sooraksa, 2023). 

However, arithmetic is not always an easy task for everyone. Although some simple 

problems can be solved by retrieving information from long-term memory, some people 

struggle when tasks become complex, particularly when multiple steps or intermediate 

transformations are required. In fact, complex arithmetic problems can cause anxiety and 

even math avoidance, which in turn can limit educational and career opportunities in a 

self-reinforcing cycle (Beilock & Maloney, 2015). Thus, the implications of arithmetic skills 

are far-reaching, yet what makes some arithmetic problems difficult and the mechanisms 

behind are still unclear. 

Based on this background, this dissertation seeks to clarify what makes arithmetic 

problems “complex”, how complexity varies across contexts and individuals, and which 

processing demands increase as multi-digit complexity rises. Across four studies, this 

dissertation offer evidence on three main questions: (1) how task paradigms influence 

observed complexity effects and their associations with math attitudes; (2) how math 

attitudes vary on two timescales (moment-to-moment fluctuations within a task and age-

related change across the lifespan) and how these variations relate to performance; and 

(3) how the fronto-parietal neural network underpins increasing carry/borrow demands in

multi-digit arithmetic in a production paradigm. 

Introduction
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1.2 Arithmetic complexity: definition and characteristics 

Arithmetic becomes more complex when multi-digit numbers are involved. In multi-digit 

arithmetic, place-value integration involves carry/borrow operations that introduce multi-

step transformations from units to decades. While arithmetic can also become complex 

when multiple operations are involved in a problem or when the representation of 

numbers goes beyond integers (fractions), the current dissertation is concerned with 

elementary addition and subtraction of integers because they provide a previse and 

controlled manipulation of complexity (via carry/borrow operations) and a well-established 

foundation for relating behavioral phenomena to underlying mechanisms. 

1.2.1 Place-value system 

Multi-digit arithmetic differs from single-digit arithmetic due to the place-value principle 

according to which the position of a digit determines its value in multi-digit numbers (e.g., 

the “3” in “37” represents 30, not 3). This creates additional processing demands in multi-

digit tasks because successful performance requires extracting and integrating 

information across digit positions, and many arithmetic difficulties emerge when numbers 

and procedures extend beyond the single-digit range (e.g., Artemenko et al., 2024; 

Bahnmueller et al., 2018). Previously, researchers assumed that multi-digit numbers are 

represented holistically along a single mental number line, where each number specifies 

one particular location in a continuous magnitude representation (Dehaene et al., 1990; 

Restle, 1970). However, accumulating evidence from magnitude comparison tasks 

reveals that two-digit numbers are represented in a decomposed way, with decades and 

units processed separately, at least in addition to an overall holistic magnitude 

representation (Moeller et al., 2013; Nuerk et al., 2001; Nuerk & Willmes, 2005). This 

decomposed-but-interactive view is formalized in the general model framework proposed 

by Huber et al. (2016), which specifies how place-value components can be weighted 

and integrated in multi-digit processing. One prominent marker of decomposed 

processing is the unit-decade compatibility effect in two-digit number comparison: 

compatible number pairs where both decade and unit comparisons lead to the same 

decision (e.g., 42 vs. 57: 4 < 5 and 2 < 7) are processed faster and more accurately than 

incompatible pairs where the comparisons conflict (e.g., 37 vs. 62: 3 < 6 but 7 > 2), even 

Introduction
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when overall numerical distance between the numbers is matched (Nuerk et al., 2004). 

Importantly, the compatibility effect is one of several robust effects characteristic of multi-

digit number processing (Nuerk et al., 2011). Although the unit digits are not necessary to 

determine the correct response in these stimuli (since the decade digits already determine 

which number is larger), they can nevertheless be processed and influence performance. 

Supporting this decomposed framework, computational modelling studies comparing 

holistic, strictly decomposed, and hybrid models indicate that empirical data are often best 

simulated by componential models where separate magnitude representations exist for 

tens and units and flexible weighting of these components as a function of task demands 

(Huber et al., 2016; Moeller, Huber, et al., 2011). Moreover, eye-tracking evidence 

demonstrates that this decomposed processing occurs in parallel rather than sequentially, 

with both tens and unit digits influencing processing (Moeller et al., 2009).  Importantly, 

the relative contribution of tens and units, and thus the size of compatibility effects, may 

be modulated by cognitive control settings rather than being purely automatic (Huber et 

al., 2014).  

Given the decomposed processing of multi-digit numbers, Nuerk et al. (2015) proposed 

a three-level theoretical framework for understanding place-value processing: place 

identification, place-value activation, and place-value computation. Place identification 

refers to recognizing the position (e.g., units, tens) of individual digits within a multi-digit 

number. Place-value activation involves assessing the numerical magnitude of a digit 

based on its position (e.g., understanding the “3” in “37” as 30). Place-value computation 

includes operations that require calculations across different place-value columns, such 

as the carry or borrow procedures essential in multi-digit arithmetic. This framework offers 

a comprehensive perspective on the cognitive processes underlying multi-digit number 

processing. 

Among the place-value computations (e.g., decomposing tens/units and integrating 

information across columns), carry and borrow operations represent particularly 

demanding processes that require coordinating information across multiple digit positions, 

making them important sources of complexity in multi-digit arithmetic. 

Introduction
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1.2.2 Carry/borrow effects 

Complexity in two- and multi-digit arithmetic increases when carry and borrow operations 

are required, that need place-value computation. Carry/borrow refers to transferring a 

decimal unit between adjacent positions. Carry operation in addition occurs when the sum 

of digits in a certain position exceeds 9, necessitating the transfer of one unit to the next 

higher position. For example, in 36 + 27, the unit sum (6 + 7 = 13) exceeds 9, requiring a 

carry of 1 to the decades position, such that the decades calculation becomes 3 + 2 + 1 

= 6, yielding a result of 63. Borrow operation in subtraction is required when the minuend 

digit in a certain position is smaller than the corresponding subtrahend digit, necessitating 

borrowing a decade from the next higher position. For example, in 63 – 27, 3 < 7 in the 

unit position, so that one decade must be borrowed from the decades’ position, 

transforming the unit’s calculation to 13 – 7 = 6 and the decade’s calculation to 6 – 1 – 2 

= 3, yielding a result of 36. 

The carry and borrow operations increase task demands, with problems requiring carry 

or borrow operations consistently showing longer reaction times and higher error rates 

compared to problems without such operations, which has been known as the carry effect 

in addition and the borrow effect in subtraction (Artemenko, 2018; Imbo et al., 2007; 

Moeller, Klein, et al., 2011b). These effects reflect the additional cognitive load, e.g., for 

maintaining intermediate results in working memory (Imbo et al., 2007b), coordinating 

operations across place-value positions (Lambert & Moeller, 2019), and executing multi-

step procedures rather than single retrievals (Ding et al., 2019).  

While two-digit problems typically involve at most one carry or borrow, three-digit 

problems can necessitate multiple sequential transfers across columns. Each additional 

transfer operation increases the demands on working memory (Imbo et al., 2007a). For 

example, 152 + 234 (no carry), 158 + 234 (one carry from units to tens), and 158 + 567 

(two carries from units to tens and from tens to hundreds). Each additional operation 

increases the number of elements that must be simultaneously maintained and updated 

in working memory (Hawes et al., 2019), resulting in higher difficulty. Similarly, in three-

digit subtraction like 534 – 278, borrow may cascade from the hundreds to the decades 

and then to the unit’s position when the subtrahend digits are larger than the 
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corresponding minuend digits. Behavioral studies demonstrate that the presence of a 

carry operation in multi-digit addition directly predicts longer reaction times and higher 

error rates (Klein, Moeller, et al., 2010). These cascading operations require not only 

maintaining multiple intermediate results in working memory but also tracking the 

sequence of transformations across positions, substantially increasing the procedural 

complexity compared to problems with single or no carry/borrow operations (Imbo et al., 

2007b). 

Carry and borrow operations introduce complexity in both categorical and continuous 

ways (Klein, Willmes, et al., 2010). Categorical complexity refers to whether any 

carry/borrow is required at all, whereas continuous aspects capture graded increases in 

difficulty, for instance with larger unit sums (Klein, Willmes, et al., 2010; Lambert & Moeller, 

2019). Eye-tracking and behavioral work shows that carry is detected early during 

problem encoding and that each additional transfer step entails further updating and 

coordination in working memory (Ding et al., 2019; Moeller, Klein, et al., 2011b). While 

categorical complexity relates to procedural and problem-solving processes associated 

with language areas and basal ganglia (Delazer et al., 2004; Menon et al., 2000), 

continuous complexity, which includes magnitude processing, mainly engages the 

intraparietal regions responsible for magnitude representation and place-value integration 

(Sokolowski et al., 2023), reflecting increased demands on numerical manipulation and 

working memory updating (Viesel-Nordmeyer & Prado, 2023). The behavioral expression 

of carry/borrow demands may also vary with the strategies elicited by a given task. Eye-

tracking evidence suggests that adults may take distractor information into account more 

than younger children during carry addition (Moeller, Klein, et al., 2011a). Consistent with 

developmental differences in strategy use, Caviola et al. (2018) reported that older 

children more often relied on efficient memory-based and decomposition strategies, 

whereas younger children more frequently used counting and right-to-left procedural 

algorithms, with strategy selection varying as a function of age, problem complexity, and 

presentation format. 

In sum, these findings indicate that carry and borrow steps are a main source of arithmetic 

complexity because they require coordination between working memory control and 
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numerical magnitude processing. Yet most of this work has relied on relatively single-

/two-digit problems in decision paradigms, leaving open how these sources of complexity 

manifest in more naturalistic multi-digit production tasks and in the brain. 

1.2.3 Addition versus subtraction 

While subtraction and addition share core place-value computations, they are not 

cognitively interchangeable (Artemenko & Nuerk, 2025). Subtraction can be viewed as 

the inverse operation of addition, which may require additional inversion-specific 

processing beyond the computations shared with addition. The inversion account 

suggests that subtraction performance reflects a combination of shared place-value 

computation and operation-specific inversion demands. This explains why subtraction, in 

particular borrow operation, often imposes greater processing demands than addition and 

carry operation. 

Consistent with this framework, subtraction was found to show slower reaction time and 

higher error rate than addition (Artemenko, 2018; Campbell, 2008). Educational studies 

confirm that students find subtraction harder, with errors persisting even in older learners 

(Narciss & Huth, 2006). At the neural level, neuroimaging studies have reported partly 

different activation patterns for subtraction versus addition. Specifically, subtraction may 

engage more bilateral activation in fronto-parietal regions, whereas addition sometimes 

shows more left-lateralized patterns, although results vary across studies and appear 

sensitive to problem complexity and strategy use (for a meta-analysis see Istomina & 

Arsalidou, 2024; Rosenberg-Lee et al., 2011). Yang et al. (2017) employed fMRI and 

demonstrated that subtraction elicited stronger activation in the left inferior frontal gyrus 

(IFG), middle portion of the dorsolateral prefrontal cortex (mDLPFC), and supplementary 

motor area (SMA) compared to addition. The connectivity analysis revealed that 

subtraction engaged bilateral intraparietal sulcus (IPS) circuits, with a particular emphasis 

on the right IPS for magnitude processing, whereas addition tended to rely on left-

hemisphere pathways for retrieval. Likewise, another research found that compared with 

addition, complex subtraction activated additional right-hemisphere areas (precentral 

cortex and thalamus) and left inferior parietal lobule, whereas complex addition more 

strongly activated medial frontal cortex (Yi-Rong et al., 2011). Artemenko et al. (2018a) 
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also found operation-specific neural patterns that vary with complexity and developmental 

stage, suggesting that the cognitive mechanisms underlying addition and subtraction 

share similarities but also with distinctions. In sum, these findings align with the inversion 

account in that operation differences are conditional rather than fixed. Subtraction may 

appear more demanding than addition when inversion-related transformations and cross-

column coordination are required. However, when faced with simple problems without 

carry or borrow, performance and neural activation may converge because both 

operations showed shared arithmetic network whose engagement increasing with 

processing demands (Artemenko & Nuerk, 2025). 

Importantly, much of the evidence informing the inversion account is derived from two-

digit problems that involve at most one carry/borrow step. It therefore remains an open 

question whether the finding of larger cost for borrow than carry extends to more complex 

multi-digit arithmetic, such as three-digit addition and subtraction, where more than one 

carry/borrow operations maybe needed and may increase demands on cross column 

coordination. 

1.3 Task contexts: do different paradigms matter? 

Besides the arithmetic task itself, the task context in which the problem is presented and 

solved may also influence arithmetic performance. For example, studies showed that 

arithmetic problems presented in a vertical format were solved faster than in a horizontal 

format. Moreover, problems with double digit appeared as the first addend (e.g., 52 + 3) 

were solved more quickly than the single digit appeared as the first added (e.g., 3 + 52) 

when problems were presented horizontally, indicating that these different presentation 

format can influence performance by engaging different working memory components 

(Trbovich & LeFevre, 2003).  

Beyond the directional presentation format, experimental paradigms also work as task 

contexts. Experimental paradigm refers to the specific task format and response 

requirements used to study arithmetic. Although complex arithmetic tasks involve fronto-

parietal network, the behavioral performance of arithmetic effects (e.g., carry/borrow 
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effect) may depend on the paradigm used. This matters because laboratory paradigms 

often differ from everyday arithmetic.  

Neuroimaging studies on the neural correlates of arithmetic usually use verification or 

forced-choice paradigms due to methodological restrictions by functional magnetic 

resonance imaging (MRI) or electroencephalography (EEG) (De Smedt et al., 2013; 

Grabner et al., 2009; Hinault & Lemaire, 2016; Tschentscher & Hauk, 2014). Because of 

the easier experimental control, even behavioral studies mostly use such paradigms (J. 

I. Campbell & Fugelsang, 2001; Thevenot et al., 2020; N. J. Zbrodoff, 1999). In verification

or forced-choice paradigms, one or multiple solution probes are presented together with 

the arithmetic problem and the subjects are required to indicate whether a given solution 

is true or false (e.g., 26 + 53 = 69; verification paradigm) or to choose the correct solution 

probe (e.g., 26 + 53 = 69 or 79; forced-choice paradigm). Although verification or forced-

choice tasks are widely used for their convenience, evidence suggests they engage 

different cognitive processes from production tasks. Individuals may assess an equation 

as a whole and often rely on familiarity or reject distractors, rather than compute the 

correct answer explicitly (Ashcraft & Stazyk, 1981; N. J. Zbrodoff & Logan, 1986). 

Verification has been argued to rely partly on evaluating the overall “resonance” or match 

the equation with memory representations, rather than strictly following a “production plus 

comparison” sequence (Zbrodoff & Logan, 1990). Eye-tracking evidence from forced-

choice paradigm suggests that distractors are actively processed, demonstrating that 

performance in such tasks extends beyond pure computation of the correct answer 

(Moeller, Klein, et al., 2011a). Specifically, forced-choice paradigms may encourage 

distractor-driven shortcuts. When distractors are constructed as small deviations from the 

correct result (e.g., from ±1 to ±9), participants may sometimes respond based on partial 

consistency checks (such as the unit digit), rather than fully computing the problem and 

integrating carry/borrow operations across place values. 

By contrast, arithmetic in educational and everyday contexts is often performed in 

production paradigms, where an answer must be generated without external probes. 

Although rarely used, arithmetic research with production paradigms is possible 

(Artemenko, Soltanlou, Ehlis, et al., 2018; Dewi et al., 2021). In a production paradigm, 
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subjects are required to solve the arithmetic problem mentally, and to respond by writing, 

typing or saying out the solution, thereby requiring step by step computation without 

shortcuts. Since the different paradigms may involve different cognitive processes, 

accordingly, an open question, is to what extent paradigm choice influences behavioral 

performance and the presence of arithmetic complexity effects (e.g., the carry or borrow 

effect)? This matters because if performance in different paradigms largely depends on 

the paradigm used, then conclusions from one paradigm couldn’t be generalized to other 

paradigms interchangeably. 

1.4 Individual differences in arithmetic complexity 

Differences in paradigms may involve different cognitive processes and evaluative 

context in which arithmetic is performed, which in turn may influence individuals’ affective 

responses during the task. This raises the question of whether paradigm-dependent 

contexts are accompanied by systematic differences in math attitudes. Within the tripartite 

models of math attitudes (Wen & Dubé, 2022), math anxiety and math self-concept are 

components of mathematics attitudes, representing affect and self-evaluation, 

respectively. Accordingly, the present dissertation focuses on math anxiety and math self-

concept and examines how state math anxiety fluctuates within tasks (micro-timescale 

dynamics) and how math attitudes vary across the lifespan (macro-timescale change), 

providing a temporal perspective on when and for whom arithmetic complexity effects are 

most evident. 

1.4.1 Micro-timescale: within-task dynamics of state math anxiety 

Math anxiety has been widely recognized as a barrier to math achievement. It is defined 

as “a feeling of tension and anxiety that interferes with the manipulation of numbers and 

the solving of mathematical problems in ordinary life and academic situations” 

(Richardson & Suinn, 1972). It manifests as fear or apprehension when one is faced with 

numerical tasks, ranging from basic arithmetic to more advanced problem solving. Math 

anxiety is common among students, the majority report moderate to high levels of anxiety 

specifically related to math, sometimes even in early school years (Dowker et al., 2016).  
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Math anxiety can be understood within the broader state–trait anxiety framework 

(Spielberger, 2013). Trait math anxiety refers to a long-term, generalized predisposition 

to feel anxious about math, typically measured by self-report of one’s usual anxiety in 

math contexts. In contrast, state math anxiety is a temporary, situation-specific feeling of 

anxiety that arises during a particular math task or moment (Roos et al., 2015). For 

example, a student might generally consider themselves comfortable with math but still 

experience a spike of acute anxiety when faced with a challenging problem under time 

pressure. High state math anxiety consumes working memory resources, impairing 

performance, while trait math anxiety, which is often associated with more persistent 

worry and avoidance,  has shown varied associations with academic achievement (Cipora 

et al., 2022; Orbach et al., 2019).  

Math anxiety is more than just a general dislike of math, it has measurable detrimental 

effects on performance (Barroso et al., 2021; Brunner et al., 2023). There is significant 

evidence that math anxiety interferes with the execution of mathematical tasks, especially 

those that rely on working memory (Ashcraft & Kirk, 2001). Based on the processing 

efficiency theory, the working memory capacity is occupied by anxious thoughts and 

worries, resulting in reduced capacity for actual calculation or problem solving (Eysenck 

& Calvo, 1992). Empirical evidence also supports this process, such that people who 

experience higher levels of math anxiety tend to perform significantly worse on complex 

arithmetic problems that require carry or borrow operations and the maintenance of 

intermediate results or strategies, but not on simple problems that do not require carry or 

borrow operations (Huber & Artemenko, 2021). Moreover, empirical findings have 

revealed that state and trait math anxiety can present different patterns of prediction, 

where state math anxiety was found to be related to easier math problems, whereas trait 

math anxiety was found to be related to more difficult math problems (Demedts et al., 

2022). This further emphasizes the importance of distinguishing between “in-the-moment” 

anxiety and trait anxiety. 

However, most research on math anxiety and performance measures state math anxiety 

only once before or after a task, and how such dynamics relate to different task phases 

remains largely unexplored (Conlon et al., 2021), leaving open question of how state math 
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anxiety changes across different phases of arithmetic tasks, e.g., when the state math 

anxiety peaks and when it decreases.  

1.4.2 Macro-timescale: lifespan differences in math attitudes and their 

performance links 

At a broader timescale, evidence from personality suggests that mean levels of 

neuroticism tend to decline across adulthood (Specht et al., 2011; Wortman et al., 2012). 

Moreover, aging was found to be associated with reduction in susceptibility of anxiety 

(Jorm, 2000). These age-related changes raise a question for math domain: whether and 

how math attitudes change with aging. If math attitudes change across adulthood, then 

associations between math attitudes and arithmetic performance that are primarily 

derived from students or younger adult samples may not generalize to older adults. 

Math self-concept is defined as an individual’s self-perception of his/her own competence 

and confidence in math, which plays a crucial role in influencing motivation and 

engagement in math-related activities (Jacobs et al., 2002; Wigfield & Eccles, 2000). It 

has been found that a positive math self-concept is associated with greater achievement 

in math (e.g., Wang, 2023). Students who see themselves as “good at math” are more 

likely to tackle challenging problems, use effective strategies, and persist when faced with 

difficulties, which helps to improve learning and performance. On the other hand, students 

with a low math self-concept may question their ability, resulting in less effort or giving up 

more quickly, regardless of their actual ability (Passiatore et al., 2024).  

Math self-concept and math anxiety are related but distinct: a student may experience 

math anxiety even if they recognize that they are generally good at math, or vice versa, 

a student may believe they are  “not a math person” (low self-concept) but not experience 

math anxiety (Marsh & Craven, 2006). Longitudinal studies have shown that these two 

constructs have a reciprocal relationship, in that lower math self-concept predicts higher 

math anxiety, and higher math anxiety decreases future self-concept (Ahmed et al., 2012). 

This implies that interventions designed to increase learners’ confidence and sense of 

agency in math may also decrease math anxiety and its negative impacts. Importantly, 

math self-concept was shown to be a more significant driver of crucial academic and 
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career decisions than math anxiety alone, suggesting its ecological validity in 

understanding individuals’ long-term avoidance and engagement with mathematics 

(Lunardon, et al., 2025). 

These math attitudes may be especially relevant when arithmetic becomes more complex. 

Multi-digit problems involving carry and borrow operations impose high demands on 

working memory and cognitive control, and prior work suggests that math anxiety can 

impair performance particularly when arithmetic becomes more complex (Huber & 

Artemenko, 2021). This raises a related question: beyond math anxiety, do individual 

differences in math self-concept likewise modulate how individuals are affected by 

arithmetic complexity? According to expectancy-value theory, individuals’ competence-

related beliefs (including self-concept) can influence their achievement-related choices, 

persistence and performance. Correspondingly, math self-concept was found to be 

associated with students’ willingness to engage with and persist on challenging math 

tasks (Jacobs et al., 2002; Marsh & Craven, 2006; Passiatore et al., 2024; Wigfield & 

Eccles, 2000). Moreover, previous research indicated that negative association between 

math anxiety and math performance was explained partly by math self-concept together 

with working memory (Justicia-Galiano et al., 2017), suggesting that math self-concept 

may also influence performance especially on complex arithmetic.  

A lifespan approach proposes that basic arithmetic skill improves markedly through 

childhood into early adulthood and stabilizes in adulthood, even as domain-general 

cognitive abilities (such as working memory and processing speed) decrease with age 

(Avcil & Artemenko, 2025). At the same time, math attitudes emerge in childhood, with 

math anxiety and math self-concept emerging in early schooling (Gunderson et al., 2012), 

and math anxiety appearing as early as first grade and relating negatively to math 

achievement (Ramirez et al., 2013). Social learning environment shapes these. For 

example, math anxiety in parents can be a strong predictor of math achievement and 

math anxiety in their children, especially when parents who are math anxious often help 

with math homework (Maloney et al., 2015). Teachers’ own anxiety is important: primary 

teachers tend to be more math anxious than other adults, which can inadvertently transmit 

math anxiety to students (Artemenko et al., 2021; Cipora et al., 2024). 
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Despite the rich evidence during school, less is known about how math attitudes evolve 

across adulthood, especially middle-aged or older adulthood. It is important to understand 

lifespan macro-changes because attitudes at any age can affect continued math use, 

learning, and performance. 

1.5 Neural substrates of arithmetic complexity 

Previous sections have illustrated how arithmetic complexity arises from place-value 

integration and carry/borrow demands as well as influenced by task contexts and 

attitudinal factors. Yet behavioral data alone cannot fully explain how these demands are 

processed in the brain. To understand the mechanisms supporting multi-digit arithmetic, 

it is necessary to identify the underlying neural mechanisms. This section reviews 

theoretical models and neural evidence for the fronto-parietal network supporting 

arithmetic processing. 

1.5.1 Theoretical frameworks 

The Triple Code Model of number processing (Dehaene & Cohen, 1997) proposes that 

numbers are encoded in three different formats: a visual code (Arabic digit strings), a 

verbal code (spoken/written number words), and an analog magnitude code (a mental 

number line). These are supported by partially overlapping but distinct areas of the brain. 

For example, visual digit recognition involves occipito-temporal areas (visual number 

form), verbal codes involve language areas, and magnitude processing engages the 

bilateral intraparietal sulci (IPS). The Triple Code Model has been successful in explaining 

many results (e.g., double dissociations between fact retrieval and magnitude comparison) 

and has led to further developments of the proposed parietal circuits for numerical 

magnitude processing (Dehaene et al., 2003).  

However, neuroimaging and meta-analytic studies also suggest that there is a region of 

overlap between these codes in a common fronto-parietal network, where number 

comparison, calculation, and symbol processing often engage regions of overlap 

(Arsalidou & Taylor, 2011; Nieder & Dehaene, 2009). This leads to the consideration of 

an effect-based approach that investigates the impact of particular operations in multi-

digit arithmetic (such as carry and borrow) on the recruitment of regions, independent of 
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task or format differences. In practice, the Triple Code Model does not explicitly specify 

how these codes work together during complex multi-digit arithmetic or domain-general 

resources contribute. 

Based on Triple Code Model, Klein et al. (2016) proposed an extension comprising two 

coupled fronto-parietal networks: a dorsal magnitude network and a ventral arithmetic-

fact network, which are connected through fronto-parietal fiber pathways. This Two-

network Framework predicts that tasks requiring extensive quantity manipulation and 

procedures would activate the magnitude network more, while those relying on rote fact 

retrieval would activate the fact network (Klein & Knops, 2023). Importantly, the Two-

network Framework highlights that these two networks work in a context-dependent 

manner together: even simple problems may recruit some magnitude processing, and 

difficult problems increasingly turn to magnitude processing over fact retrieval. In other 

words, as problems become more difficult, the contribution of the magnitude network 

would increase, and the contribution of fact network would decrease. The Two-network 

Framework explains connectivity issues (e.g., the role of the hippocampal in learning facts) 

and developmental issues (how these two networks develop over time), but it also raises 

questions about how the sequential place-value processing is carried out in these two 

networks. 

In sum, the Triple Code Model and the Two-network Framework both emphasize 

arithmetic in the fronto-parietal networks, but with a different focus. Taken together, these 

models provide the theoretical foundation for understanding the processing of arithmetic 

complexity: These models specifically integrate domain-specific representations for 

numbers (e.g., place value, magnitude) with domain-general control and working memory 

processes in the fronto-parietal networks. Based on this integrated framework, the 

following section focuses on empirical evidence for domain-general and domain-specific 

contributions to multi-digit arithmetic and uses this evidence to motivate a further 

investigation of how complex, multi-step carry or borrow operations are implemented 

processed in the fronto-parietal networks.  
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1.5.2 Domain-general and domain-specific processes in the fronto-parietal 

network 

Arithmetic performance is a reflection of both contribution of domain-general resources 

and domain-specific numerical representations, and therefore, to understand arithmetic, 

one must take into account both domain (Knops et al., 2017). Neuroimaging studies 

concentrate on a distributed fronto-parietal network that processes domain-general tasks 

mostly in frontal brain regions and domain-specific numerical demands mostly in parietal 

areas of the brain (Menon, 2016; Sokolowski et al., 2023). The lateral prefrontal cortex 

(specifically, the inferior and middle frontal gyri, IFG and MFG) and medial frontal areas 

(anterior cingulate, ACC; supplementary motor area, SMA) are involved in working 

memory, sequential planning, top-down control, conflict monitoring, and task initiation for 

multi-step calculations (Menon, 2016). In the parietal cortex, the intraparietal sulcus (IPS) 

and superior parietal lobule represent numerical magnitude and place-value relationships 

(Nieder & Dehaene, 2009). The inferior parietal regions, including the angular gyrus (AG) 

and adjacent supramarginal gyrus (SMG), are particularly active during the retrieval of 

well-practiced arithmetic facts (Polspoel et al., 2017). The fronto-parietal network is 

known to support both the manipulation of quantities and the retrieval of numeric 

knowledge that are both involved in arithmetic. 

Domain-general cognitive resources (e.g., working memory, attention, and cognitive 

control) are recruited via frontal and cingulate circuits to manage intermediate results and 

sequence steps (Botvinick et al., 2004; Miller & Cohen, 2001). From an effect-based 

perspective, carry and borrow are useful for investigating arithmetic mechanisms because 

they increase complexity by adding intermediate steps and place-value updating 

demands. For example, carry in addition or borrow in subtraction impose a heavy working 

memory demand (Imbo et al., 2007b; Imbo & LeFevre, 2010) and selectively increase 

activation in lateral prefrontal regions, especially left IFG and bilateral MFG (Artemenko, 

Soltanlou, Dresler, et al., 2018). Converging neuroimaging studies report stronger 

activation in lateral prefrontal and cingulate regions for problems that require carry or 

borrow operations than for no-carry/borrow problems, including ACC and SMA, consistent 
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with increased cognitive control demands during these steps (Artemenko, Soltanlou, 

Dresler, et al., 2018; Klein, Willmes, et al., 2010; Kong et al., 2005). 

Domain-specific numerical processing involves the representation numerical magnitude 

and place-value, subserved mainly by parietal regions. Arithmetic problems with larger 

operands (the "problem size" effect) has been shown to reliably enhance IPS activity, 

which is thought to be due to the increased demands of quantity processing (Prado et al., 

2013). More specifically, whereas the categorical aspects of the carry effect are 

associated with frontal and subcortical regions, the continuous aspects (e.g., unit-sum) 

are reflected in parietal activity, namely by the increased activation of IPS and superior 

parietal areas (Klein, Willmes, et al., 2010). Nevertheless, the contribution of increased 

parietal activity, particularly in the IPS, to the performance of the categorical carry/borrow 

operations is not universally observed; for instance, Artemenko et al. (2018) found that 

when problem size is controlled, the effect is mainly linked to frontal areas, which are 

thought to be involved in domain-general cognitive processing. 

In sum, these studies indicate that carry and borrow operations require domain-general 

control circuits to work together with domain-specific place-value representations. 

However, most neuroimaging studies on arithmetic have focused on single-digit or, at 

most, two-digit problems, usually involving verification tasks. Two-digit can show that 

arithmetic engages fronto-parietal regions, but they can’t fully reveal the detailed 

computation processes when more place-value integration steps are involved. While in 

three-digit arithmetic, more than one carry/borrow operation can be required, making the 

computation process more complex. However, we know relatively little about how the 

brain supports multi-digit arithmetic, especially when solving three-digit problems that 

involve multiple carry/borrow operations and require place-value integration in ecological 

production settings. 
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2. Research aims and scope

Building on the preceding sections, the current dissertation investigates arithmetic 

complexity in multi-digit calculation by concentrating on the role of carry and borrow 

operations as a major source of place-value integration complexity. In the four 

preregistered studies, arithmetic complexity is defined by the presence (two-digit tasks in 

Study 1, 2, and 3) and, in three-digit arithmetic, the number of carry/borrow steps, while 

controlling for problem size. This work tackles arithmetic complexity from three different 

perspectives: task paradigm, math attitudes, and fronto-parietal neural mechanisms. The 

dissertation consists of four empirical studies:   

Study 1: Experimental Paradigms. 

Arithmetic research in the laboratory uses a variety of paradigms that are often treated as 

interchangeable, but there could be some differences that affect cognitive load and, 

therefore, arithmetic effects (such as carry and borrow effects). For example, generating 

an answer, which is common in classroom, usually requires more working memory 

resources and could cause higher levels of anxiety compared to simply recognizing the 

correctness of a given solution. This study systematically compares performance on two-

digit addition and subtraction across widely used paradigms to test whether paradigms 

influence performance and the observed arithmetic effects. This is important as a 

guidance for future studies when choosing paradigms in arithmetic research.  

Study 2: Trait and State Math Anxiety. Trait math anxiety reflects individual’s general 

tendency to experience anxiety in math-related contexts, while state math anxiety refers 

to the momentary emotional reactions triggered during specific tasks. However, it remains 

unclear how state math anxiety fluctuates during arithmetic tasks and whether it depend 

on the paradigms. This study investigated the interaction between the two types of math 

anxieties and the paradigms used in two-digit addition and subtraction tasks. Specifically, 

it explored whether production paradigms, which require participants to generate answers, 

are associated with higher levels of state math anxiety than decision paradigms. 

Additionally, this study measured the variation in state math anxiety across the phases of 

the tasks, which captures the temporal dynamics of anxiety before, during, and after 
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arithmetic performance. This study combines self-report questionnaires and task 

performance measures to provide a picture of how trait dispositions and momentary 

emotional states interact to influence performance. 

Study 3: Lifespan Development. Given the importance of arithmetic across the lifespan 

and the fact that math attitudes may impact arithmetic performance, it is necessary to 

comprehend the impact of these variables across the lifespan. Math attitudes change with 

age are plausible given the fact that domain-general resources such as processing speed 

and working memory have been found to change across the lifespan. However, most of 

the previous studies have focused on children or young adults, and thus there is a gap in 

the current literature regarding the impact of math anxiety, math self-concept, and 

arithmetic performance across the lifespan. Using cross-sectional samples ranging from 

childhood to older adulthood, this study takes a lifespan approach to comprehend the 

impact of math attitudes and their association with the complexity effect (carry/borrow 

effect) in two-digit arithmetic.   

Study 4: Neural Correlates. Whether increasing complexity engages domain-general 

processes, such as working memory in frontal regions, or also recruits domain-specific 

processes, such as magnitude and place-value processing in parietal regions, remains 

unknown. To answer this question and relate behavioral observations to neural 

mechanisms, the current study investigates the brain activity associated with multi-digit 

arithmetic complexity. Extending the two-digit arithmetic complexity investigated in 

Studies 1-3, this study investigates cortical activation during three-digit addition and 

subtraction problems with no, one, or two carry or borrow operations, and whether 

increased difficulty is more related to the engagement of domain-general frontal regions 

or also involves the engagement of domain-specific parietal areas. To allow ecologically 

valid measurements, this study uses functional near-infrared spectroscopy (fNIRS), a 

movement-tolerant neuroimaging technique suitable for naturalistic production paradigms. 

This contrasts with traditional neuroimaging studies, which have largely focused on 

single-digit arithmetic and verification or forced-choice paradigms. This study aims to 

provide neural evidence complementing behavioral data and contribute to the 
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understanding of how domain-general and domain-specific brain network work to support 

arithmetic processing. 

Together, these four studies provide an integrated investigation of arithmetic complexity 

across paradigm, math attitudes, and fronto-parietal neural mechanisms (See Figure 1 

and Table 1 for an overview of four studies).   

Figure 1. Graphical overview of research questions in each study 
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Table 1. Overview about details across four studies 

Study 1 Study 2 Study 3 Study 4 

Tasks two-digit arithmetic three-digit 

arithmetic 

Sample N = 65 adults children (N = 

53); younger 

adolescents (N = 

50);  

older 

adolescents (N = 

50);  

younger adults 

(N = 53);  

middle-aged 

adults (N = 50);  

older adults (N = 

50) 

N = 55 adults 

Method ⚫ behavioral

experiment

⚫ behavioral

experiment

⚫ questionnaire

⚫ behavioral

experiment

⚫ questionnaire

⚫ behavioral

experiment

⚫ fNIRS

Variables ⚫ complexity

(with vs. 

without

carry/borrow)

⚫ operation

(addition vs. 

subtraction)

⚫ paradigm (6 

different

paradigms)

⚫ complexity

(with vs. 

without

carry/borrow)

⚫ operation

(addition vs. 

subtraction)

⚫ paradigm

(decision vs. 

production)

⚫ complexity

(with vs. 

without

carry/borrow)

⚫ operation

(addition vs. 

subtraction)

⚫ complexity

(0,1,2

carry/borrow

operations)

⚫ operation

(addition vs. 

subtraction)
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Measures ⚫ performance

(reaction time

and accuracy)

⚫ performance

(reaction time

and accuracy)

⚫ trait math 

anxiety

⚫ state math 

anxiety

⚫ performance

(reaction time

and accuracy)

⚫ trait math 

anxiety

⚫ math self-

concept

⚫ performance

(reaction time

and accuracy)

⚫ working

memory

Open 

Science 

preregistered; 

data, materials, analysis are openly shared 
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3. General discussion

This dissertation explores arithmetic complexity in multi-digit calculations in four studies 

on behavioral performance, task paradigms, individual differences in math attitudes, and 

neural mechanisms. The overall results suggest that complexity effects are mainly caused 

by carry and borrow operations, and that complexity effects are consistently observed in 

reaction time instead of accuracy, which were more dependent on the task context and 

individual differences. In Study 1, accuracy was generally higher in decision paradigms, 

especially verification, which might mitigate complexity effects in accuracy. As expected, 

Study 2 found that the impact of math anxiety on performance is mainly seen in reduced 

processing efficiency (slower reaction time) but not in impaired accuracy, and that 

production paradigms are associated with higher state math anxiety, which decreases 

with task exposure. Extending to the perspective of lifespan, Study 3 found that math self-

concept declines and math anxiety increases with age. Importantly, math self-concept 

was negatively related to complexity effect in error rate. Neuroimaging Study 4 showed 

that fronto-parietal network activity increased with complexity, and that this neural 

complexity effect was differentially buffered by individual working memory capacity. 

Discussions about these results are as follows (see Figure 2 for the overview of findings). 
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Figure 2. Graphical overview of findings 

Notes. The symbol “↑” means increasing, and “↓” means decreasing. 

3.1 Arithmetic complexity：carry and borrow 

Across the four studies, complexity effects were observed in tasks requiring carry/borrow 

operations in both two- and three-digit calculation. Compared to simple arithmetic without 

carry/borrow operations, the complex arithmetic involving carry/borrow operations require 

place-value integration and introduces extra cognitive demands, e.g., higher working 

memory involvement (for maintaining and updating carried or borrowed values) and more 

fronto-parietal activation (e.g., Study 4 & Imbo et al., 2007a). In our research, the problem 

size was controlled in both two- and three-digit arithmetic tasks, thereby reducing the 

extent to which numerical magnitude alone can explain for the observed complexity effect. 

Instead, the worse performance in complex tasks reflects both the domain-general 

(working memory) and domain-specific place-value processing demands (Artemenko & 

Nuerk, 2025).  
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For three-digit arithmetic in Study 4, varying the number of carry/borrow operations makes 

it possible to separate categorical from continuous complexity. The transition from no 

carry/borrow to a single carry/borrow captures a categorical component, because 

participants must detect whether a carry/borrow operation is required and initiate the 

corresponding place-value procedure (Klein, Moeller, et al., 2010). Previous research 

showed that this kind of categorical decision was driven by domain-general central 

executive function, which can work for managing and coordinating the yes or no 

determination of carry or borrow (Artemenko, Soltanlou, Ehlis, et al., 2018; Imbo et al., 

2007b). While Klein et al. (2010) identified a continuous characteristic of the carry effect 

in two-digit addition, demonstrating that reaction times and intraparietal activation 

increased continuously with the magnitude of the unit sum, our research extended the 

continuous patterns into three-digit arithmetic including carry/borrow. When tasks involve 

two successive carry/borrow operations, this manipulation allows us to test whether 

complexity continues increasing with the number of carry/borrow steps, beyond the initial 

categorical decision that a carry/borrow is required, by increasing procedural and control 

demands (Imbo et al., 2007a). Within the framework, our fNIRS data showed that the 

domain-specific right intraparietal sulcus (IPS) activation increased from no carry/borrow 

to one carry/borrow but did not rise further from one carry/borrow to two carries/borrows, 

indicating a categorical sensitivity of the right IPS to the detection of carry/borrow 

operation. However, the lack of an increase should be interpreted with caution, 

considering the spatial specificity and sensitivity constraints of fNIRS.    

In conclusion, the control of problem size points to the carry/borrow operation as a source 

of complexity in multi-digit arithmetic, and this will be discussed in the next section. 

3.2 Operation effect: subtraction is inversion of addition 

In the present dissertation, both study 1 (two-digit arithmetic) and study 4 (three-digit 

arithmetic) revealed operation effect, with subtraction yielded longer reaction time than 

addition, and in Study 4 it also resulted in lower accuracy. This patterns supports the 

inversion account (Artemenko & Nuerk, 2025), which proposes that subtraction is the 

inverse computation of addition and this inversion brings extra processing steps and 

cognitive demands. Such demands increase reliance on working memory for managing 
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intermediate calculations (Imbo et al., 2005), and may encourage strategy shift of using 

indirect addition (Peters et al., 2010), or the less automatized backward operation on the 

mental number line (GrÉGoire & Van Der Linden, 1997). Taken together, the operation 

effect observed here can be interpreted as an inversion-related procedural burden: 

subtraction relies on the same place-value framework as addition, but borrow operation 

introduces extra inversion-linked steps and place-value integration demands, which 

increases reaction time and error rates, as the majority of errors in multi-digit arithmetic 

are due to the carry/borrow operations and place-value integrations (Artemenko & Nuerk, 

2025).    

At the neural level, study 4 did not show a main effect of operation, nor an operation and 

complexity interaction, within the recorded fronto-parietal fNIRS channels, despite robust 

complexity effects, this result also aligns with another research on word problems using 

verbal production paradigm (Daroczy et al., 2026). This could be viewed as a boundary 

condition for how operation effects are expressed in this paradigm. In our cases, with 

arithmetic task magnitude matched in the production paradigm, addition and subtraction 

may rely on a shared fronto-parietal network that supports the place-value computation. 

While the subtraction cost is expressed in the inversion process of intermediate states 

rather than a stable mean amplitude difference between operations within the measured 

channels. This interpretation corresponds to Study 1, where the operation effect in 

reaction time was replicated across all six paradigms while the accuracy operation effect 

appears mainly in verbal production paradigms and was attenuated in decision paradigms. 

A plausible reason is that given answer options in decision paradigms allows for strategies 

or shortcuts which were not assessed in our current research. Taken together, the 

behavioral and neural pattern suggests that operation differences in multi-digit arithmetic 

can be robust on behavioral performance level while remaining difficult to detect in neural 

level in our fNIRS study, especially when the task constrains strategies and emphasizes 

computation and produce answers in our adopted production paradigms.  

Moreover, previous evidence has shown that children exhibit low levels of flexibility in the 

strategies they actually employ during multi-digit subtraction and low levels of adaptability 

in selecting optimal strategies (Hickendorff, 2022). Interestingly, beyond arithmetic, 
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research on problem solving also revealed the operation effects: people tend to 

systematically use additive transformation and overlook subtractive transformations 

unless the task environment cues subtraction (Adams et al., 2021). These findings are 

consistent with the inversion account (Artemenko & Nuerk, 2025) in suggesting that 

subtractive operations impose additional demands both on arithmetic and on problem-

solving perspective. Besides, the problem-solving study also reminds us of the 

importance of external context, which we will discuss in the next section.    

3.3 Paradigm is a context variable 

An important finding in the dissertation is that paradigm is not a neutral methodology, 

whereas it is a context variable and can systematically influence individuals’ performance 

and affective response. Study 1 and Study 2 offer complementary evidence from cognitive 

and affective perspectives: Evidence in Study 1 demonstrated higher accuracy in decision 

paradigms while production paradigms are more prone to errors, with complexity effect 

and operation effect in reaction time showed consistent patterns across six paradigms. 

This suggests that accuracy is paradigm dependent. In parallel, Study 2 found that state 

math anxiety was greater in production paradigms than decision paradigms, and this 

paradigm difference was greater for those with higher trait math anxiety. Decision 

paradigms provide options and allow strategy use such as plausibility checking or 

rejecting wrong options instead of calculating step by step. However, production 

paradigms measure pure calculation tasks with no external cues or options. In this case, 

producing an answer may increase individuals’ uncertainty about their answers as well 

as worries about making mistakes, these all contribute to the increased state math anxiety 

in production paradigms. 

The paradigm-dependent performance and paradigm-dependent state math anxiety 

together provide implications for answering “which is a better paradigm”: When research 

concerns accuracy or error patterns of the arithmetic as well as state affective responses, 

paradigms should be chosen with caution since they can influence the results as well as 

related conclusions. While if research concerns more on speed of arithmetic, then 

different paradigms may produce comparable conclusions. For example, in the case of 

analyzing arithmetic errors in financial contexts in Parkinson’s disease, the production 
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paradigms with open responses made it possible to identify and categorize specific error 

types, especially those involving place-value integration (Loenneker et al., 2021). Besides, 

the Trier Social Stress Test involving arithmetic tasks under strict time limits are often 

used as cognitive stressors in psychological research (Kirschbaum et al., 1993; 

MacCormack et al., 2024). In such cases, presenting arithmetic tasks in production 

paradigms is likely to be more effective in eliciting stronger stress than decision paradigms. 

Notably, context is not limited to paradigms in arithmetic tasks. Whereas paradigms 

mainly differ in the response formats, language in word problems change what must be 

understood and represented before calculation can begin. Previous research have shown 

that text processing and numerical processing interact in word problems in both adults 

and children population (Daroczy, Artemenko, et al., 2020; Daroczy, Meurers, et al., 2020). 

Specifically, linguistic features, including lexical consistency between relational terms and 

the required operation, and linguistic complexity such as nominalization, interact with 

arithmetic factors to shape how efficiently numerical relations are extracted and linked to 

an operation (Daroczy, Meurers, et al., 2020). This highlights that arithmetic complexity 

can be driven not only by numerical structure, but also by the contextual demands 

imposed by task format (paradigm) and problem framing (language).   

Taken together, our study draws attention to paradigm as a context variable in arithmetic 

research. The limitations in our paradigm studies lie in the fact that strategy use was not 

directly measured, making it difficult to determine the reasons or underlying cognitive 

process for paradigm effects. Future work could therefore track the strategy or even 

manipulate the strategy, e.g., constrain or encourage specific strategies (Geurten & 

Lemaire, 2017; Tiberghien et al., 2017), to test whether paradigms still show differences 

under controlled conditions. As we discussed (previously and in Study 1 & 2) about the 

potential uncertainty in production paradigms and eliciting higher state math anxiety, math 

attitudes beyond state math anxiety, e.g., state math self-concept (Niepel et al., 2022), 

should also be included to test the proposed mechanisms more directly.  
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3.4 Math attitudes differences and dynamics 

Beyond the arithmetic task itself and context variable of paradigm, individual differences 

also help explain why some arithmetic problems are harder than others and why some 

individuals struggle more. Although we have observed complexity effect at the group level 

in all the four studies in the dissertation, both interindividual and intraindividual differences 

should be acknowledged (Roth et al., 2024). As shown from the literature, carry and 

borrow operations involves place-value computation and integration, which needs both 

domain-general resources and domain-specific resources (Artemenko & Nuerk, 2025). 

Individuals may therefore differ in how efficiently they can meet these demands (e.g., 

processing speed and working memory capacity) and in how their subjective experience 

is (e.g., uncertainty and unconfident as well as anxiety). 

The dissertation indicates that math attitudes are dynamic at both micro-timescale and 

macro timescale: beyond interindividual differences, math attitudes vary within individuals 

over task exposure and change with aging. In addition, trait math anxiety was reflected in 

reduced processing efficiency, whereas math self-concept was associated with a larger 

carry/borrow effect increase in error rates, indicating the importance of competence 

beliefs in coping with complex problems. Actually, math self-concept rather than anxiety 

was found to be more relevant for university major choices and math avoidance 

(Lunardon et al., 2025).   

More specifically, math self-concept declines with age, while math anxiety increases, 

although performance in two-digit addition and subtraction with carry/borrow follows 

different patterns in terms of overall accuracy, which has higher error rates in childhood, 

decreasing by young adulthood and remaining relatively stable in middle and older age, 

while processing speed tends to decline with age (Avcil & Artemenko, 2025). This 

divergence between attitudes and performance suggests that underlying mechanisms 

follow different developmental trajectories: domain-general resources such as working 

memory show age-related declines but crystallized arithmetic knowledge and practiced 

multi-digit skills can compensate for these losses, at least up to a point. This also 

highlights that attitudes and performance are shaped by partly different forces: socio-

psychological influences such as social comparison and evaluation pressure play a 
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prominent role in math anxiety and self-concept (Beilock & Maloney, 2015; Marsh & 

Craven, 2006; Wigfield & Eccles, 2000), whereas age-related changes in arithmetic 

performance are more closely tied to cognitive ageing processes and compensatory 

mechanisms (Cabeza et al., 2018; Deary et al., 2009).   

Taken together, these results underscore the need to consider both developmental stage 

and math attitudes when interpreting complexity effects in multi-digit arithmetic. A 

limitation here is that the lifespan patterns in our dissertation are based on cross-sectional 

data, which cannot fully separate aging effects from the generation and life experience 

differences (e.g., educational background). 

3.5 Neural mechanisms 

Across four studies in the dissertation, we observed complexity effect from both 

behavioral and neural level. Notably, the neural evidence and lifespan study in this 

dissertation are based on production paradigm, where individuals need to compute and 

generate the answer instead of choosing an answer from given choices. This 

methodological consistency makes the results comparable across studies but also 

constrains the interpretation of the observed neural patterns in different arithmetic 

contexts. 

Study 4 used a production paradigm with fNIRS recording on three-digit addition and 

subtraction problems that varied carry and borrow demands (0, 1, or 2 carry/borrow 

operations), addressing the proposed question of whether increasing complexity mainly 

engages domain-general processes or also recruits domain-specific processes：Both 

domain-general executive regions and domain-specific numerical regions are 

increasingly recruited with complexity. Previous research also showed fronto-parietal shift 

in brain activation for arithmetic processing (Artemenko, 2021; Menon, 2010), indicating 

that children rely more on domain-general and less on domain-specific processes than 

adults, while adults were found to be more flexible in adopting different strategies for 

arithmetic (Moeller et al., 2011). Therefore, since the evidence about complexity neural 

mechanism is based on adult sample, whether the same neural patterns could be 
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generalized to children or older adults across developmental stages remains to be further 

investigated (Vogel & De Smedt, 2021). 

Moreover, the study revealed different modulation of these complexity effects by individual 

working memory capacity. We found that higher verbal short-term memory was 

associated with smaller complexity-related increases in bilateral MFG, whereas higher 

visuospatial short-term memory was associated with smaller increases in parietal regions 

(SMG/AG). However, because these working memory and brain activation relationships 

are correlational in this dissertation, future work could test causality by manipulating 

different working memory load (Imbo & LeFevre, 2010) and by directly assessing 

cognitive processing in each production tasks, e.g., using eye-tracking during producing 

answers (Goettfried et al., 2025) or trial-by-trial strategy reports (Grabner & De Smedt, 

2011). 

3.6 Practical implications 

Focusing on arithmetic complexity, this dissertation examines paradigms and math 

attitudes as well as neural mechanisms for multi-digit arithmetic. The results and 

conclusions not only help us have a better understanding of arithmetic processing from 

theoretical level, but also provide practical implications for arithmetic fluency assessment, 

instructional design as well as interventions for math attitudes and cognition. 

Implications for arithmetic fluency. The established arithmetic fluency tests often adopt 

production paradigms to test the mental calculation, and focus on speed and accuracy, 

e.g., how many correct answers in two minutes (Loenneker et al., 2024; Roy et al., 2025).

Our results indicate that arithmetic performance is influenced not only by the task, but 

also by context (paradigm) as well as individual differences (math attitudes). Hence, in 

educational or clinical testing circumstances, cooperating decision paradigms for tasks 

as well as math attitudes including math anxiety and math self-concept could provide a 

comprehensive overview of arithmetic fluency.   

Implications for instructional design. In classroom setting, teachers should choose task 

format based on their goals. Our findings suggest that paradigms can be used deliberately 

as instructional context or scaffolds. Decision paradigms provide answer options, which 
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could serve as external cues for the calculation. Moreover, the well-designed distractors 

could be diagnostic and instructive: They can target common carry/borrow slips (e.g., 

omitting the carried or borrowed digit), which often yield off-by-ten errors in two-digit 

arithmetic, thereby helping students learn to detect and correct typical error types as well 

as informing teachers to develop target feedback and training (Arhin, 2024). In contrast, 

production paradigms are helpful in teaching and reinforcing computational algorithms as 

well as place-value understanding. 

Implications for interventions. Our findings showed math attitudes and their dynamics 

during tasks as well as across lifespan. Accordingly, effective interventions should also 

be dynamic and making use of contexts. Since the state math anxiety shows highest level 

before the task begins, interventions could first target the anticipatory phase, e.g., 

emotional regulation or cognitive reappraisal before tasks (Sidney et al., 2025), and then 

applying graded exposure (Craske et al., 2014), starting with tasks in decision paradigms 

and gradually in production paradigms. Because complexity related error rates are more 

closely associated with math self-concept, interventions may be more effective when they 

go beyond anxiety reduction and actively strengthen perceptive competence. For 

example, integrating positive affirmations and teacher-reinforced growth mindset into 

daily classroom activities (Samuel & Warner, 2021). Given that math anxiety increases, 

and self-concept decreases through adulthood, such support should not be restricted to 

children and adolescents but should also be integrated into adult education and 

vocational training, where calculating or numeracy also plays an important role. 

3.7 Conclusions 

In summary, this dissertation clarifies why multi-digit arithmetic becomes difficult and why 

this difficulty does not look the same in everyone. Across four preregistered studies, the 

results conclude that complexity in multi-digit arithmetic is primarily driven by carry/borrow 

operations, which require place-value integration and increase demands on working 

memory. On behavioral level, these demands are expressed by slower reaction time. 

However, the effects on accuracy are sensitive to paradigm and individual differences. 
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This dissertation proposes that paradigms (production paradigm and decision decision) 

not only estimate arithmetic but also influence arithmetic performance and state math 

anxiety. This means that the results of studies conducted in different paradigms should 

be compared with caution, and paradigms should be considered as a context variable in 

future studies. 

In addition, math attitudes of individuals are also linked to arithmetic performance and are 

dynamic both within task and across lifespan. It is worth noting that math self-concept, 

instead of math anxiety, is linked to error rates of complexity, which emphasizes the 

importance of perceived competence in dealing with complex tasks.  

At neural level, the increasing complexity is associated with the recruitment of the fronto-

parietal network, indicating the involvement of both domain-specific and domain-general 

resources. Additionally, working memory is correlated with smaller increases in activation 

related to complexity, indicating that cognitive resources can mitigate the neural expense 

of arithmetic. 

Finally, all four studies were preregistered, and all materials, data, and analysis code were 

made publicly available, which promotes transparency in Open Science. In summary, this 

dissertation supports the taken home message: arithmetic complexity is not always 

equally difficult but also affected by context variable as well as individual differences.  
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A1. Study 1 

A1.1 Publication of Study 1 

Yao, X., Artemenko, C., He, Y., & Nuerk, H.-C. (2025). Arithmetic is not arithmetic: 

Paradigm matters for arithmetic effects. Cognition, 256, 106060. 

https://doi.org/10.1016/j.cognition.2024.106060. 
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A1.2 Supplementary Materials for Study 1 

These supplementary materials belong to the following publication: 

Yao, X., Artemenko, C., He, Y., & Nuerk, H.-C. (2025). Arithmetic is not arithmetic: 

Paradigm matters for arithmetic effects. Cognition, 256, 106060. 

https://doi.org/10.1016/j.cognition.2024.106060. 



Supplementary Material 

 

Title:  Arithmetic is not arithmetic: Paradigm matters for arithmetic effects 

Authors:  Xinru Yao, Christina Artemenko, Yunfeng He, Hans-Christoph Nuerk 

 

Abbreviations:  ACC – accuracy, RT – reaction time 

 

Table S1. Number of excluded participants and trials per paradigm 

 verification forced-

choice 

delayed 

forced-

choice 

written 

production 

Verbal-

keyboard 

production 

Simple 

verbal 

production 

Number of excluded participants per paradigm 

(1) Drop out 1 1 1 1 1 1 

(2) Missing data 0 0 0 1 0 1 

(3) ACC 2 (< 75%) 1 (< 75%) 1 (< 75%) 0 (< 50%) 0 (< 50%) 0 (< 50%) 

(4) RT outlier 4 5 1 2 0 1 

total 6 6 2 2 0 1 

Percentage of excluded trials per paradigm 

(1) incorrect trials 4% 7% 8% 10% 8% 12% 

(2) RT < 200 ms 0% 0% 0% 0% 0% 0% 

(3) RT outlier 1% 3% 10% 10% 5% 4% 

(4) RT duration 

outlier 

- - 0% 0% 0% - 

 

Notes. According to the exclusion criteria of participants, in decision paradigms (verification, forced-choice, 

delayed forced-choice), participants with an accuracy below 75% were case-wise excluded; in production 

paradigms (written production, verbal-keyboard production, simple verbal production), participants with an 

accuracy below 50% were case-wise excluded. Data were excluded on a trial level for RT analysis. Outliers were 

detected by Median ± 3 MAD. In delayed forced-choice, written production, and verbal-keyboard paradigms, 

response duration was determined as the duration between two button presses. Note that percentages are rounded 

to integer numbers. 

 

 

 

 

 

 

 

  



Table S2. Descriptive results for arithmetic performance in six paradigms 

  verification 

N = 59                        

 forced-

choice 

N = 59 

delayed 

forced-

choice 

N = 63 

written 

production 

N = 62 

verbal-

keyboard 

production 

N = 65 

simple 

verbal 

production 

N = 63 

ACC Overall 0.93  

(0.04) 

0.94  

(0.04) 

0.93  

(0.05) 

0.90  

(0.06) 

0.92  

(0.05) 

0.88  

(0.09) 

 Addition 

simple 

0.93 

(0.08) 

0.96  

(0.04) 

0.95 

 (0.06) 

0.92 

 (0.07) 

0.96 

 (0.04) 

0.92   

(0.08) 

 Addition 

complex 

0.94 

(0.06) 

0.93 

 (0.08) 

0.92 

 (0.08) 

0.90  

(0.08) 

0.91  

(0.08) 

0.88 

(0.11) 

 Subtraction 

simple 

0.94 

(0.07) 

0.95  

(0.05) 

0.94 

 (0.05) 

0.92  

(0.06) 

0.92  

(0.07) 

0.90 

(0.10) 

 Subtraction 

complex 

0.91 

(0.08) 

0.96  

(0.04) 

0.91  

(0.08) 

0.87 

 (0.12) 

0.88  

(0.10) 

0.82 

(0.15) 

Logit 

ACC 

Overall 2.65 

(0.46) 

2.64  

(0.50) 

2.52  

(0.53) 

2.23 

(0.57) 

2.42  

(0.55) 

2.14  

(0.73) 

 Addition 

simple 

2.72 

(0.98) 

2.82 

(0.70) 

2.72 

(0.81) 

2.38 

(0.76) 

2.80 

(0.69) 

2.43 

(0.84) 

 Addition 

complex 

2.66 

(0.86) 

2.64 

(0.90) 

2.44 

(0.84) 

2.23 

(0.86) 

2.33 

(0.87) 

2.14 

(0.95) 

 Subtraction 

simple 

2.81 

(0.95) 

2.80 

(0.71) 

2.60 

(0.70) 

2.34 

(0.71) 

2.47 

(0.85) 

2.28 

(0.96) 

 Subtraction 

complex 

2.40 

(0.94) 

2.31 

(0.71) 

2.30 

(0.85) 

1.98 

(0.95) 

2.06 

(0.82) 

1.68 

(1.08) 

RT (s) Overall 4.15  

(0.97) 

3.76  

(0.79) 

3.93  

(0.95) 

4.97  

(1.05) 

4.10  

(1.17) 

4.03  

(0.92) 

 Addition 

simple 

3201 

(0.84) 

3036 

 (0.64) 

2956  

(0.75) 

3862  

(0.81) 

2959  

(0.91) 

3016  

(0.80) 

 Addition 

complex 

4.35  

(1.09) 

3.87  

(0.86) 

4.21  

(1.17) 

5.30  

(1.32) 

4.35  

(1.30) 

4.27  

(1.04) 

 Subtraction 

simple 

4.03 

 (1.09) 

3.64  

(0.96) 

3.73 

(1.01) 

4.69  

(1.15) 

3.95  

(1.34) 

3.82  

(1.00) 

 Subtraction 

complex 

5.02 

(1.23) 

4.49  

(1.02) 

4.84  

(1.23) 

6.04 

(1.33) 

5.11  

(1.43) 

5.01 

(1.19) 

Notes. The upper part shows mean accuracy with standard deviation, the middle part shows logit-transformed 

mean accuracy with standard deviation, and the lower part shows mean reaction time (with second as unit) with 

standard deviation. 

  



Table S3a. Pairwise comparisons of accuracy for paradigm (three-way ANOVA and Bayesian ANOVA) 

paradigms ∆M t Pholm Cohen's d [95% CI] BF10 BF01 

verification forced-choice -0.04 -0.57 .823 -0.046 [-0.327, 0.235] 0.09 11.51 

delayed forced-

choice 

0.05 0.83 .823 0.061 [-0.220, 0.342] 0.10 10.43 

written 

production 

0.33 5.42 < .001 0.396 [0.093, 0.699] > 100 0.00 

verbal-

keyboard 

production 

0.15 1.86 .413 0.173 [-0.112, 0.459] 0.37 0.74 

simple verbal 

production 

0.43 4.78 < .001 0.519 [0.201, 0.836] > 100 0.00 

forced-choice delayed forced-

choice 

0.09 1.42 .644 0.107 [-0.175, 0.390] 0.20 4.90 

written 

production 

0.37 5.22 < .001 0.442 [0.134, 0.750] > 100 0.00 

verbal-

keyboard 

production 

0.18 2.49 .128 0.220 [-0.068, 0.508] 4.28 0.23 

simple verbal 

production 

0.47 4.41 < .001 0.565 [0.241, 0.889] > 100 0.00 

delayed forced-

choice 

written 

production 

0.28 4.29 .001 0.335 [0.038, 0.632] > 100 0.00 

verbal-

keyboard 

production 

0.09 1.57 .616 0.112 [-0.170, 0.395] 0.25 4.00 

simple verbal 

production 

0.38 3.91 .003 0.458 [0.148, 0.768] > 100 0.00 

written 

production 

verbal-

keyboard 

production 

-0.19 -2.48 .128 -0.222 [-0.510, 0.066] 7.84 0.13 

simple verbal 

production 

0.10 1.22 .685 0.123 [-0.160, 0.406] 0.25 4.05 

verbal-

keyboard 

production 

simple verbal 

production 

0.29 2.79 .065 0.345 [0.048, 0.643] > 100 0.01 

Notes. Bonferroni-Holm correction was applied to the pairwise comparisons. BF10  stands for the Bayes Factor 

comparing the alternative hypothesis (H1) to the null hypothesis (H0), indicating evidence for a difference. BF01  

stands for the Bayes Factor comparing the null hypothesis (H0) to the alternative hypothesis (H1), indicating 

evidence for a null effect. 

 

 

 

 

 

 

 



Table S3b. Pairwise comparisons of reaction time for paradigm (three-way ANOVA and Bayesian ANOVA) 

paradigms ∆M t pcorrected Cohen's d [95% CI] BF10 BF01 

verification forced-choice 337.43 4.44 < .001 0.337 [0.051, 0.623] > 100 0.00 

 delayed 

forced-choice 

221.72 2.36 .177 0.222 [-0.055, 0.498] 57.92 0.02 

 written 

production   

-830.99 -7.18 < .001 -0.830 [-1.192, -0.469] > 100 0.00 

 verbal-

keyboard 

production 

166.78 1.54 .784 0.167 [-0.107, 0.440] 1.60 0.63 

 simple verbal 

production 

106.19 1.11 .821 0.106 [-0.165, 0.377] 0.34 2.91 

forced-

choice 

delayed 

forced-choice 

-115.71 -1.51 .784 -0.116 [-0.387, 0.155] 1.16 0.87 

 written 

production 

-1168.42 -14.55 < .001 -1.168 [-1.600, -0.735] > 100 0.00 

 verbal-

keyboard 

production 

-170.65 -2.02 .342 -0.171 [-0.444, 0.103] 9.04 0.11 

 simple verbal 

production 

-231.24 -2.87 .052 -0.231 [-0.508, 0.046] > 100 0.00 

delayed 

forced-

choice 

written 

production 

-1052.71 -13.91 < .001 -1.052 [-1.459, -0.645] > 100 0.00 

 verbal-

keyboard 

production 

-54.94 -0.613 .994 -0.055 [-0.324, 0.214] 0.13 7.77 

 simple verbal 

production 

-115.53 -1.39 .784 -0.115 [-0.386, 0.156] 1.06 0.94 

written 

production 

verbal-

keyboard 

production 

997.77 12.47 < .001 0.997 [0.602, 1.392] > 100 0.00 

 simple verbal 

production 

937.18 9.64 < .001 0.937 [0.554, 1.319] > 100 0.00 

verbal-

keyboard 

production 

simple verbal 

production 

-60.59 -0.68 .994 -0.061 [-0.330, 0.209] 0.15 6.87 

Notes. Bonferroni-Holm correction was applied to the pairwise comparisons. BF10  stands for the Bayes Factor 

comparing the alternative hypothesis (H1) to the null hypothesis (H0), indicating evidence for a difference. BF01  

stands for the Bayes Factor comparing the null hypothesis (H0) to the alternative hypothesis (H1). 

 

 

 

 

 

 



Table S4a. Pairwise comparisons of accuracy for operation and difficulty (two-way ANOVAs and Bayesian 

ANOVAs) 

factor paradigm ∆M  t pholm Cohen's d [95% CI] BF10 BF01 

operation verification 0.09 0.76 .448 0.095 [-0.153, 0.344] 0.13 7.62 

 forced-

choice 

0.18 1.92 .060 0.231 [-0.012, 0.474] 0.94 1.07 

 delayed 

forced-

choice 

0.13 1.73 .088 0.159 [-0.026, 0.344] 0.36 2.78 

 written 

production 

0.15 1.51 .136 0.177 [-0.057, 0.412] 0.35 2.83 

 verbal-

keyboard 

production 

0.30 3.38 .001 0.374 [0.145, 0.604] 26.11 0.04 

 simple 

verbal 

production 

0.31 3.10 .003 0.319 [0.107, 0.530] 18.24 0.06 

difficulty verification 0.23 1.96 .055 0.246 [-0.007, 0.500] 0.53 1.91 

 forced-

choice 

0.33 3.47 < .001 0.430 [0.172, 0.689] > 100 0.01 

 delayed 

forced-

choice 

0.29 2.81 .007 0.365 [0.100, 0.630] 9.82 0.10 

 written 

production 

0.26 3.30 .002 0.319 [0.119, 0.519] 12.61 0.08 

 verbal-

keyboard 

production 

0.44 5.43 < .001 0.538 [0.320, 0.756] > 100 0.00 

 simple 

verbal 

production 

0.45 4.98 < .001 0.467 [0.263, 0.672] > 100 0.00 

distractor forced-

choice 

0.66 7.83 < .001 0.714 [0.490, 0.937] > 100 0.00 

 delayed 

forced-

choice 

0.31 3.58 < .001 0.311 [0.130, 0.492] 70.41 0.00 

Notes. ∆M was logit-transformed accuracy in addition minus logit-transformed accuracy in subtraction (for 

operation), logit-transformed accuracy in simple minus logit-transformed accuracy in complex (for difficulty), and 

logit-transformed accuracy in distractor distance 2 minus logit-transformed accuracy in distractor distance 10 (for 

distractor). Bonferroni-Holm correction was applied to the pairwise comparisons. BF10 stands for the Bayes Factor 

comparing the alternative hypothesis (H1) to the null hypothesis (H0), BF01 stands for the Bayes Factor comparing 

the null hypothesis (H0) to the alternative hypothesis (H1). 

 

 

 

 

 



Table S4b. Pairwise comparisons of reaction time for operation, difficulty, and distractor (frequentist ANOVAs 

and Bayesian ANOVAs) 

factor paradigm ∆M  t pholm Cohen's d [95% CI] BF10 

operation verification -745.68 -10.45 < .001 -0.694 [-0.879, -0.509] > 100 

 forced-

choice 

-613.46 -9.60 < .001 -0.699 [-0.893, -0.504] > 100 

 delayed 

forced-

choice 

-702.71 -9.08 < .001 -0.666 [-0.855, -0.478] > 100 

 written 

production 

-782.02 -9.54 < .001 -0.668 [-0.853, -0.484] > 100 

 verbal-

keyboard 

production 

-877.35 -11.67 < .001 -0.696 [-0.867, -0.525] > 100 

 simple 

verbal 

production 

-769.12 -12.26 < .001 -0.756 [-0.938, -0.573] > 100 

difficulty verification -1070.52 -13.60 < .001 -0.996 [-1.232, -0.761] > 100 

 forced-

choice 

-842.72 -15.46 < .001 -0.960 [-1.177, -0.743] > 100 

 delayed 

forced-

choice 

-1183.71 -15.95 < .001 -1.122 [-1.367, -0.877] > 100 

 written 

production 

-1392.83 -17.41 < .001 -1.191 [-1.445, -0.936] > 100 

 verbal-

keyboard 

production 

-1278.02 -18.22 < .001 -1.014 [-1.224, -0.804] > 100 

 simple 

verbal 

production 

-1223.22 -17.19 < .001 -1.202 [-1.458, -0.945] > 100 

distractor forced-

choice 

-975.21 -8.83 < .001 -0.966 [-1.247, -0.685] > 100 

 delayed 

forced-

choice 

-46.17 -1.15 0.254 -0.042 [-0.115, -0.031] 0.00 

 delayed 

forced-

choice 

(second RT) 

-15.11 -3.36 .001 -0.109 [-0.177, -0.041] 66.87 

Notes. ∆M was reaction time in addition minus reaction time in subtraction (for operation), reaction time in simple 

minus reaction time in complex (for difficulty), and reaction time in distractor distance 2 minus reaction time in 

distractor distance 10 (for distractor). Bonferroni-Holm correction was applied to the pairwise comparisons. 

 

 

 

 



Table S5 Pairwise comparisons of accuracy and reaction time between the carry effect and borrow effect  

DV paradigm ∆M t p Cohen's d [95% CI] BF10 BF01 

ACC verification -0.36 -1.37 .178 -0.178 [-0.434, 0.080] 0.34 2.92 

forced-

choice 

-0.31 -2.29 .026 -0.298 [-0.557, -0.036] 1.57 0.64 

delayed 

forced-

choice 

-0.02 -0.12 .902 -0.016 [-0.262, 0.231] 0.14 7.19 

written 

production 

-0.21 -1.24 .221 -0.157 [-0.407, 0.094] 0.29 3.49 

verbal-

keyboard 

production 

0.07 0.39 .700 0.048 [-0.195, 0.291] 0.15 6.84 

simple 

verbal 

production 

-0.31 -1.87 .066 -0.236 [-0.486, -0.015] 0.71 1.41 

RT verification 156 1.29 .203 0.168 [-0.090, 0.424] 0.31 3.21 

forced-

choice 

-16 -0.16 .877 -0.020 [-0.275, 0.235] 0.14 6.94 

delayed 

forced-

choice 

140 1.43 .158 0.180 [-0.069, 0.428] 0.36 2.76 

written 

production 

84 0.67 .504 0.085 [-0.164, 0.334] 0.17 5.80 

verbal-

keyboard 

production 

233 2.24 .029 0.277 [0.029, 0.524] 1.38 0.72 

simple 

verbal 

production 

60 0.55 .584 0.069 [-0.178, 0.316] 0.16 6.27 

Notes. ∆M was logit-transformed accuracy of carry effect minus borrow effect and reaction time of carry effect 

minus borrow effect.  

 

 

 

 

 

 

 

 

 

 

 



Figure S1. Summary of performance differences between paradigms 

 

Notes. Results are based on the pairwise comparisons between all paradigms for logit-transformed accuracy and 

reaction time. For accuracy, the three decision paradigms (verification, forced-choice, delayed forced-choice) 

showed higher accuracy than the two production paradigms (written production, simple verbal production). 

Accuracy in verbal-keyboard production paradigm was similar to the delayed forced-choice paradigm while higher 

than in simple verbal production paradigm. For reaction time, written production showed longer reaction time than 

all other paradigms. Verification paradigm showed longer reaction time than the forced-choice paradigm. Verbal-

keyboard production paradigm showed similar reaction times as the delayed forced-choice and simple verbal 

production paradigms. 

  



Figure S2.  Distractor effect for accuracy and reaction time (s) in (delayed) forced-choice paradigms 

Notes. Accuracy and (second) reaction time were significantly longer when the distractor differed from the target 

by the decade position (±10) than by the unit position (±2) in (delayed) forced-choice paradigms, but not the first 

reaction time in the delayed forced-choice paradigm.  

  



Table S6. Effect sizes for operation and difficulty effects across paradigms 

  decision paradigms production paradigms 

  verification forced-

choice 

delayed 

forced 

choice 

written 

production 

verbal-

keyboard 

production 

simple 

verbal 

production 

ACC operation 0.095 0.231 0.159 0.177 0.374 0.319 

difficulty 0.246 0.430 0.365 0.319 0.538 0.467 

RT operation -0.694 -0.699 -0.666 -0.668 -0.696 -0.756 

difficulty -0.996 -0.960 -1.122 -1.191 -1.014 -1.202 

Notes. For accuracy, the operation effect is only observed in verbal-keyboard production and simple verbal 

production paradigms, with larger effect size; the difficulty effect is observed in the five paradigms (forced-choice, 

delayed forced-choice, written production, verbal-keyboard production, and simple verbal production) except in 

the verification paradigm, with larger effect size in both verbal-keyboard production and simple verbal production 

paradigms. For reaction time, both operation and difficulty effects are observed in all six paradigms, with similar 

effect sizes in all six paradigms.  

 

Table S7. Stimulus properties of the arithmetic task 

 s-ds-

1 

s-ds-

2 

s-ds-

3 

s-ds-

4 

s-ds-

5 

s-ds-

6 

c-ds-

1 

c-ds-

2 

c-ds-

3 

c-ds-

4 

c-ds-

5 

c-ds-

6 

a_m 39.83 39.83 39.83 39.83 39.83 39.83 39.83 39.83 39.83 39.83 39.83 39.83 

b_m 39.83 39.83 39.83 39.83 39.83 39.83 39.83 39.83 39.83 39.83 39.83 39.83 

r_m 79.67 79.67 79.67 79.67 79.67 79.67 79.67 79.67 79.67 79.67 79.67 79.67 

a_uni_m 4.42 4.00 3.58 3.17 2.75 3.17 6.50 6.50 6.50 6.50 6.50 6.50 

b_uni_m 2.75 3.17 3.58 3.17 4.00 4.00 6.50 6.92 6.50 6.92 7.33 7.33 

r_uni_m 7.17 7.17 7.17 6.33 6.75 7.17 3.00 3.42 3.00 3.42 3.83 3.83 

a_dec_m 3.54 3.58 3.63 3.67 3.71 3.67 3.33 3.33 3.33 3.33 3.33 3.33 

b_dec_m 3.71 3.67 3.63 3.67 3.58 3.58 3.33 3.29 3.33 3.29 3.25 3.25 

r_dec_m 7.25 7.25 7.25 7.33 7.29 7.25 7.67 7.63 7.67 7.63 7.58 7.58 

a>b/a< b 12/12 12/12 12/12 12/12 12/12 12/12 12/12 12/12 12/12 12/12 12/12 12/12 

uni- 

a>b/a< b 19/5 13/11 12/12 12/12 9/15 8/16 10/14 14/10 11/13 12/12 11/13 11/13 

dec- 

a>b/a< b 12/12 12/12 12/12 12/12 12/12 12/12 12/12 12/12 12/12 12/12 12/12 12/12 

a-uni=1 2 4 5 5 9 6 0 0 0 0 0 0 

b-uni=1 5 8 5 6 7 3 0 0 0 0 0 0 

r-uni=1 0 0 0 0 0 0 6 4 6 7 3 3 

a-uni=9 0 0 0 0 0 0 5 4 4 6 5 5 

b-uni=9 0 0 0 0 0 0 2 5 3 6 8 9 

r-uni=9 7 4 8 4 5 9 0 0 0 0 0 0 

Notes. a, b, r represent the numbers in the math tasks in 6 datasets for two difficulty levels. In addition, a and b 

are the first and second addends and r is the sum. In subtraction, r is the minuend, b is the subtrahend, and a is the 

difference. “s-ds-1” means the simple condition in dataset 1, up to “c-ds-6” means the complex condition in dataset 

6.  “a_m”, “b_m”, and “r_m” means the mean of a, b, and r in each dataset. “a_uni_m”, “b_uni_m”, and “r_uni_m” 

represents the mean of the unit of a, b, and r. “a_dec_m”, “b_dec_m”, and “r_dec_m” represents the mean of the 

decade of a, b, and r. “a>b/a< b”, “uni-a>b/a< b”, and “dec-a>b/a< b” represents the portion of comparison 

between a and b, the unit of a and b, and the decade of a and b. “a-uni=1” indicates that the unit of a is equal to 1, 

“a-uni=9” indicates that the unit of a is equal to 9, so as b and r. 

 



Table S8a. Split-half reliability (corrected for attenuation): correlations within each paradigm 

 accuracy reaction time 

 addition 

simple 

addition 

complex 

subtraction 

simple 

subtraction 

complex 

addition 

simple 

addition 

complex 

subtraction 

simple 

subtraction 

complex 

verification .230 .079 .117 .154  .716*** .726*** .753*** 

forced-

choice 

.056 .682*** .164 .112 .717*** .682*** .791*** .766*** 

delayed 

forced-

choice 

.259* .239 .272* .414*** .824*** .239 .790*** .855*** 

written 

production 

.136 .399*** -.010 .333*** .759*** .820*** .797*** .856*** 

verbal-

keyboard 

production 

.612*** .753*** .630*** .713*** .966*** .933*** .965*** .973*** 

simple 

verbal 

production 

.602*** .818*** .250* .513*** .896*** .817*** .751*** .759*** 

Notes. *** p < .001, ** p < .01, * p < .05. 

 

Table S8b. Construct validity: correlations across paradigms for mean reaction time 

 verification forced-

choice 

delayed 

forced-

choice 

written 

production 

verbal-

keyboard 

production 

simple verbal 

production 

verification       

forced-choice .794***      

delayed 

forced-choice 

.740*** .788***     

written 

production 

.618*** .815*** .815***    

verbal-

keyboard 

production 

.705*** .796*** .798*** .818***   

simple verbal 

production 

.678*** .720*** .774*** .722*** .773***  

Notes. *** p < .001, ** p < .01, * p < .05. 

 

Table S8c. Construct validity: correlations across paradigms for mean accuracy 

 verification forced-

choice 

delayed 

forced-

choice 

written 

production 

verbal-

keyboard 

production 

simple verbal 

production 

verification       

forced-choice .439***      

delayed 

forced-choice 

.548*** .507***     

written 

production 

.565*** .592*** .728***    



verbal-

keyboard 

production 

.363** .435*** .633*** .555***   

simple verbal 

production 

.324* .297* .306* .499*** .324*  

Notes. *** p < .001, ** p < .01, * p < .05. 

 

Table S9a. Reaction time comparisons between verification and forced-choice paradigms 

      95% CI for Cohen’s d 

  t df p Cohen’s d Lower Upper 

V_as FC_as_2 4.74 64 < .001 0.587 0.322 0.849 

 FC_as_10 -2.50 64 .015 -0.310 -0.558 -0.060 

V_ac FC_ac_2 6.48 64 < .001 0.804 0.521 1.081 

 FC_ac_10 0.12 64 .906 0.015 -0.228 0.258 

V_ss FC_ss_2 7.19 64 < .001 0.891 0.601 1.177 

 FC_ss_10 -1.36 64 .180 -0.168 -0.412 0.077 

V_sc FC_sc_2 6.81 64 < .001 0.844 0.558 1.126 

 FC_sc_10 -0.55 64 .585 -0.068 -0.311 0.176 

Notes. “V” is the abbreviation of verification, “FC” is the abbreviation of forced-choice. “as” represents addition 

simple, which doesn’t involve carry operation; “ac” represents addition complex, which involves carry operation; 

“ss” represents subtraction simple, which doesn’t involve borrow operation; “sc” represents subtraction complex, 

which involves borrow operation. “_2” represents a distractor with “± 2”, “_10” represents a distractor with “± 

10”. p < .05 are marked in bold. 

 

Table S9b. Accuracy comparisons between verification and forced-choice paradigms 

      95% CI for Cohen’s d 

  t df p Cohen’s d Lower Upper 

V_as FC_as_2 -3.63 64 < .001 -0.451 -0.704 -0.194 

 FC_as_10 0.22 64 .824 0.028 -0.216 0.271 

V_ac FC_ac_2 -3.87 64 < .001 -0.479 -0.735 -0.221 

 FC_ac_10 2.23 64 .029 0.277 0.028 0.523 

V_ss FC_ss_2 -2.54 64 .014 -0.315 -0.563 -0.064 

 FC_ss_10 1.03 64 .306 0.128 -0.117 0.372 

V_sc FC_sc_2 -2.52 64 .014 -0.313 -0.561 -0.063 

 FC_sc_10 1.26 64 .214 0.156 -0.089 0.400 

Notes. “V” is the abbreviation of verification, “FC” is the abbreviation of forced-choice. “as” represents addition 

simple, which doesn’t involve carry operation; “ac” represents addition complex, which involves carry operation; 

“ss” represents subtraction simple, which doesn’t involve borrow operation; “sc” represents subtraction complex, 

which involves borrow operation. “_2” represents a distractor with “± 2”, “_10” represents a distractor with “± 

10”. p < .05 are marked in bold. 
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Xinru Yao1,2 , Julia F. Huber1, Zixu Li3, Yaren Findik1, Hans-Christoph Nuerk1,2,4 &
Christina Artemenko1,2,4

Math anxiety impairs performance, but how its state and trait components interact with task
characteristics remains unclear.We examined howstatemath anxiety varies as a function of trait math
anxiety, task paradigm, and temporal dynamics, and how trait math anxiety relates to arithmetic
performance. Results revealed that production paradigms, which require generating answers, elicited
higher state math anxiety compared to decision paradigms, particularly for individuals with high trait
math anxiety. Looking into different task phases, state math anxiety decreased during arithmetic due
to habituation and after arithmetic due to relief. Additionally, the anxiety-complexity effect was
replicated: Individuals with higher trait math anxiety were slower in solving complex arithmetic with a
carry or borrow operation. This study confirmed the situation-dependent characteristics of statemath
anxiety and its dependency on paradigm and trait math anxiety, with implications for designing
interventions that mitigate anxiety and optimize learning.

Mathematics is a fundamental subject in education and an essential skill for
daily life. From science and engineering to finance and technology, math-
ematical skills are needed for numerous fields, making proficiency in math
crucial for academic and professional success. Studies have consistently
shown that math skills are linked to problem-solving skills, logical
thinking1,2, and career opportunities, especially in STEM fields3. However,
despite its importance, mathematics often provokes negative emotions,
particularly math anxiety, which can significantly influence performance
and long-term academic outcomes due to avoidance of the subject.

Math anxiety, characterized by tension and fear that interfere with
manipulating numbers and solving mathematical problems4, has long been
a topic of significant interest in both psychological and educational research.
Math anxiety has consistently been linked to poor math performance5,6.
Moreover, an anxiety-complexity effect was found, indicating that math-
anxious individuals have difficulties particularly with more complex
arithmetic4,7,8. This means that task difficulty affects performance in indi-
viduals with higher levels of anxiety more than in individuals with lower
levels of anxiety. Several theoretical accounts have been proposed to explain
the relationship between math anxiety and performance, which can be
broadly categorized into cognitive disruption explanations, competency-
based explanations, and integrative approaches.

The Disruption Account9,10 postulates that math anxiety triggers
intrusive thoughts and ruminations, which occupy working memory
resources, reduce cognitive efficiency and subsequently impair math

performance. This explains the anxiety-complexity effect, as more complex
arithmetic (such as addition with carry operation and subtraction with
borrow operation) relies on working memory11 and thus is even more
impaired than performance in simple arithmetic. However, recent findings
from network analysis suggest that math anxiety and working memory are
independently linked to math performance, indicating that the relationship
betweenmath anxiety and performance is not solely dependent on working
memory12. Further support for the Disruption Account is provided by the
Processing Efficiency Theory and Attentional Control Theory. The Pro-
cessing Efficiency Theory13 suggests that anxiety reduces the efficiency (not
effectiveness) of cognitive processing by transferring attentional resources to
task-irrelevant worry, thereby leaving fewer resources available for task
performance. The Attentional Control Theory14 further emphasizes that
anxiety disrupts the balance between goal-directed (top-down) and
stimulus-driven (bottom-up) attentional control, leading to impaired con-
centration and thus impairing task performance.

While the Disruption Account emphasizes how anxiety impairs per-
formance through cognitive mechanisms, the Reduced Competency
Account10 offers an alternative perspective, suggesting that math anxiety is
the result of poor math ability, where reduced competency leads to diffi-
culties in learning and performance, ultimately causing anxiety, with indi-
viduals often avoiding math-related tasks and opportunities for
improvement15–17. An extreme example of this is that children with dys-
calculia exhibit higher levels of math anxiety compared to typically
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developing children18. Extending the Reduced Competency Account, the
Interpretation account10 argues thatmath anxiety stems not only from poor
math skills or negative experiences but from how individuals interpret and
appraise their math-related experiences.

Rather than viewing these accounts as mutually exclusive, all different
theoretical accounts can be integrated in a reciprocal theory, stating a
bidirectional relationship between math anxiety and math performance.
Accordingly, math anxiety and mathematics performance influence each
other resulting in a vicious cycle19,20. Taken together, math anxiety shapes
and is shaped by performance and experiences in math.

Based on the state-trait anxiety model21, two distinct forms of math
anxiety can be differentiated22: On the one hand, trait math anxiety refers to
a stable, enduring personality trait reflecting a general tendency to feel
anxious during math-related tasks. On the other hand, state math anxiety
refers to a temporary, situation-specific form of anxiety that arises in
response to math tasks. State math anxiety can be accompanied by phy-
siological responses such as heightened autonomic nervous system
arousal20,22. Crucially, state math anxiety represents the dynamic, moment-
to-moment emotional experience during actual mathematical engagement,
making it particularly relevant for understanding real-time cognitive pro-
cessing and performance.

The relationship between trait and state math anxiety is complex.
Individuals with high trait math anxiety are more likely to experience high
state anxiety during math tasks23, though the two forms of anxiety are
shaped by different factors. Trait math anxiety is influenced by past
experiences and long-term beliefs about math, while state math anxiety is
sensitive to immediate contexts and specific task characteristics24–27. Task
difficulty can be considered as a situational determinant of state math
anxiety, with more difficult math problems being associated with higher
levels of state anxiety in children27,28 and adults24,29,30. The interplay between
state and trait math anxiety and their combined impact on real-time math
performance is a central question. Some studies propose that state math
anxiety directly mediates the negative effect of trait math anxiety on per-
formance, particularly under demanding conditions31. However, Pelegrina
et al.32 found that when both types of math anxiety were examined simul-
taneously, trait math anxiety was a stronger predictor of math performance
than state math anxiety, with the effects of state math anxiety largely
attributable to shared variance with trait math anxiety.

Therefore, to accurately assess math anxiety during arithmetic tasks, it
is essential to consider both trait and statemath anxiety. Trait assessments of
math anxiety are designed tomeasure traits, i.e., stable predispositions of an
individual shown across many situations, but not situational fluctuations.
As trait assessments are often based on hypothetical or retrospective
questionnaires, there might be a tendency to overestimate the anxiety
experienced in mathematical situations due to the intensity bias33–35 and a
bias due to beliefs about one’s own competence in math34. In contrast, state
questionnaires ratherdirectly assess emotions in a certain situation and thus
provide a more accurate reflection by capturing emotions in real-time.
Furthermore, state math anxiety can be captured through different mod-
alities, such as self-report and physiological measures, which may provide
distinct information and relate differently to traitmeasures30,31. This leads to
discrepancies between trait and state math anxiety34,36 and highlights the
value of state assessments for math anxiety24.

In distinguishing between trait and statemath anxiety, other individual
differences – such as test anxiety, math self-concept, math ability, working
memory capacity, and gender – may also play a role24,37. However, the
present study focuses primarily on statemath anxiety and itsdependance on
trait math anxiety.

As state math anxiety is sensitive to situational fluctuations, the way
math performance is assessed might impact state math anxiety. Math per-
formance can be assessed in several ways: Children in school almost
exclusively solve mental arithmetic in production paradigms with an open
answer format, whereas studies in laboratory settings often use decision
paradigms with given answers. Studies have shown that children’s perfor-
mance can vary depending on the response format,with better performance

observed in decision paradigms compared to production paradigms38,39.
Similarly, an experiment in adults showed that decision paradigms (e.g.,
verification, forced-choice, and delayed forced-choice) lead to better per-
formance compared to production paradigms (e.g., written production,
verbal-keyboard production, and simple verbal production)40. Thus, the
response format of an arithmetic task creates different situations so that
performance varies with paradigm.

Moreover,math performance is related tomath anxiety. This raises the
question of whether (state) math anxiety also varies across different para-
digms. Given that state math anxiety is sensitive to the specific situational
context, it is plausible that varying paradigms, each involving distinct
solution processes and different levels of uncertainty about mistakes and
failures, may impact statemath anxiety and its relationship to performance.
The open format of response and the generally lower performance observed
in production paradigms may lead to more anxiety compared to decision
paradigms where possible responses are given, as production paradigms
place higher calculation demands and increase uncertainty about correct-
ness. Therefore, the first objective of this study is to evaluate whether state
math anxiety depends on the paradigm.

Additionally, the relationship between speed and accuracy can vary
with math anxiety levels: compared to individuals with low math anxiety,
who are fast and accurate in arithmetic, individuals with moderate math
anxiety are slower and individuals with highmath anxiety are less accurate4.
Consequently, there is a need to investigate whether specific speed-accuracy
trade-offs can be observed due to math anxiety. The speed-accuracy trade-
off is a strategic adjustment in the decision process that adapts to envir-
onmental demands41,42. As math-anxious individuals may prioritize speed
or accuracy differently depending on the paradigm, potentially influencing
their overall performance, the potential for speed-accuracy trade-offs needs
to be explored.

When investigating state math anxiety, it is important to account for
possible fluctuations throughout a mathematical task. Research shows that
state anxiety anticipated before a math task can negatively affect perfor-
mance. For example, Orbach and Fritz43 found that children’s math per-
formance was impacted by state anxiety before – but not after – completing
math tasks44,45. Similarly, Goetz et al.46 observed higher levels of state anxiety
before a test compared to afterwards, suggesting that the anticipation of the
task plays a significant role. Taken together, these results suggest that state
math anxiety is higher when anticipating amath task compared to the relief
after completing the math task.

Conversely,Conlon et al.47 found that statemath anxiety could increase
after the math task, particularly after challenging problem-solving tasks,
reflecting the cognitive demands and complexity of the task. Supporting this
evidence, physiological markers such as heart rate and skin conductance
revealed that statemath anxiety increased during amath exam, especially in
later stages, likely due to rising time pressure and task difficulty48. These
seemingly contradictory findings highlight the complexity of state math
anxiety and its temporal dynamics, raising the question: How does the level
of state math anxiety change during math tasks? Is it elevated or reduced
compared to the pre-task level?

Resolving these inconsistencies requires a clearer understanding of
how specific phases of a task (i.e., pre-task anticipation, mid-task progres-
sion, andpost-task evaluation) contribute to statemath anxiety. Researchon
anxiety therapies, such as exposure techniques, shows that state anxiety
usually decreases over time due to the process of habituation49. However,
this general decrease over time overlaps with the mid-task and post-task
phases, making it unclear what exactly causes the reduction in anxiety: Is it
only the relief after task completion that reduces anxiety, or rather the
repetitive exposure to the task?This is another objective of the current study.
To distinguish whether these temporal patterns are specific tomath anxiety
or reflect broader anxiety dynamics during task performance, the present
study also assessed general state anxiety.

The present study aims to provide a comprehensive understanding of
the dynamics of math anxiety and its impact on arithmetic performance,
considering both paradigm effects and temporal trends. Specifically, we
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examined how state math anxiety varies as a function of trait math anxiety,
depending on task paradigm and on time, respectively. Additionally, we
further evaluated the relation of trait math anxiety to performance in this
context. The following conceptual hypotheses were preregistered (https://
aspredicted.org/gf8dc.pdf) before data collection:

For math anxiety differences between paradigms (H1), (H1a) state
math anxiety across paradigms (confirmatory)—we expect state math
anxiety to be higher in production paradigms, where participants must
generate the answer themselves, compared to decisionparadigms,where the
correct answer is selected from given options. Additionally, higher trait
math anxiety is expected to be associated with a larger difference in state
math anxiety between the paradigms (interaction between paradigm and
trait math anxiety). (H1b) trait math anxiety and arithmetic performance
(confirmatory & exploratory)—we expect a negative relation between trait
math anxiety and arithmetic performance, with higher math anxiety asso-
ciated with longer response times and lower accuracy. Additionally, we will
explore whether the relation between trait math anxiety and arithmetic
performance differs between production and decision paradigms.

For temporal dynamics of state math anxiety (H2), (H2a) changes
across phases of the task (exploratory)—we will explore changes in state
math anxiety across different phases of an arithmetic task (pre-, mid-, post-
task), i.e., how state math anxiety changes from before to during and after
arithmetic. Additionally, we will examine how trait math anxiety influences
these changes in state math anxiety across the task phases. (H2b) detailed
dynamics during the task (exploratory)—we will further explore the tem-
poral dynamics of state math anxiety in more detail during the arithmetic
task, using sixmeasurement timepoints takenduringbreaks at themidpoint
of each paradigm block. This detailed analysis is based on an additional
related preregistration (https://aspredicted.org/sc87-3ntj.pdf), which was
completed after data collection but before any data inspection or analysis
regarding this hypothesis.

Regarding the relation between trait math anxiety and performance
(H3), (H3a) anxiety-complexity effect (confirmatory)—an anxiety-
complexity effect is expected regardless of the paradigm, i.e., higher levels
of trait math anxiety are associated with larger carry/borrow effects. (H3b)
speed-accuracy trade-off (exploratory)—for trait math anxiety, we will
further explore potential speed-accuracy trade-offs within and between
subjects in the different paradigms.

The operationalization of the study considers measures of trait and
state math anxiety while participants are performing an arithmetic task.
Trait math anxiety (AMAS) was assessed only before the arithmetic task,
while statemathanxiety (SMA)and state anxiety (STAI-SKD)were assessed
before, during and after the arithmetic task. The arithmetic task consisted of

two-digit addition and subtraction problems presented in different para-
digms (decision vs. production). Arithmetic performance outcomes were
accuracy (ACC) and response time (RT).

Results
For data analysis, paradigm effects (H1) and temporal dynamics (H2) were
examined in separate models as they address conceptually distinct research
questions. Results for the anxiety-complexity effect (H3a) and speed-
accuracy trade-off (H3b) can be found in Table S2. Participants’mean trait
math anxiety was 1.98 (SD = 0.68). Descriptive analysis results were shown
in Table 1 and Table S1.

Paradigm-dependent analysis for state math anxiety
Regarding H1a, an LMMwith statemath anxiety as the dependent variable
was conducted including fixed effects for paradigm (production vs. deci-
sion), traitmath anxiety, and their interaction. The LMMfurther included a
random intercept for subject (but not – as incorrectly preregistered – for
item, because state measures were not assessed at an item level but only at a
block level). Additionally, the LMM did not include a random slope for
paradigm, as specified in the preregistration, because incorporating this
would have made the random effects structure too complex given the
limited number of observations.

The final LMM (Model A) included fixed effects for paradigm, trait
math anxiety and their interaction, with a random intercept for subject (see
Table 2, Fig. 1a). The main effect of paradigm indicates that state math
anxiety is higher in production paradigms compared to decision paradigms,
with an estimated increase of 0.29. The main effect of trait math anxiety
indicates that state math anxiety increases with increasing trait math
anxiety, with an estimate of 0.28. The interactionof paradigmand traitmath
anxiety indicates that the effect of traitmath anxiety on statemath anxiety is
larger in production than in decision paradigms, by an estimate of 0.24.
These results imply that state math anxiety is higher in production than in
decision paradigms, particularly for individuals with higher trait math
anxiety.

Paradigm-dependent analysis for arithmetic performance
Regarding H1b, an LMMwith RT as the dependent variable and a GLMM
with ACC as the dependent variable were conducted including fixed effects
forparadigm, traitmath anxiety, and their interaction.The (G)LMMfurther
included random intercepts for both subject and item as well as a random
slope for paradigm.

The final LMM for RT (Model B) included fixed effects for trait
math anxiety and paradigm, with random intercepts for subject and
item as well as a random slope for paradigm (see Table 2, Fig. 1b). The
main effect of paradigm indicates that arithmetic in production para-
digms needs longer by an estimate of 0.41 s to be solved than in decision
paradigms. Themain effect of trait math anxiety indicates that for every
unit increase in trait math anxiety, the response time increases by an
estimate of 0.36 s, so that individuals with higher trait math anxiety take
longer to solve arithmetic.

Similar to RT, the final GLMM for ACC (Model C) included fixed
effects for trait math anxiety and paradigm, with random intercepts for
subject and itemaswell as a randomslope forparadigm(seeTable 2, Fig. 1c).
The main effect of paradigm indicates that accuracy was lower by an esti-
mate of -0.28 in production compared to decision paradigms. The main
effect of trait math anxiety was marginally significant with an estimate of
-0.21, indicating that individuals with higher math anxiety tend to make
more errors in arithmetic.

Together, the results suggest that individuals with higher trait math
anxiety showworse arithmetic performance, and production paradigms are
more difficult than decision paradigms.

Time analysis pre-, mid-, and post-arithmetic task
Regarding H2a, LMMs with state math anxiety (SMA-1) and state
anxiety as dependent variables were conducted including fixed effects

Table 1 | Descriptive statistics of state (math) anxiety
measures across task phases

Category Temporal
progression

State math
anxiety

State
anxiety

three task phases pre-task 2.06 (1.05) 1.82 (0.75)

mid-task 1.66 (0.69) 1.61 (0.57)

post-task 1.46 (0.69) 1.29 (0.51)

mid-task
measurement time

1 2.01 (0.76) 1.84 (0.79)

2 1.84 (0.86) 1.71 (0.74)

3 1.86 (0.92) 1.76 (0.82)

4 1.63 (0.79) 1.54 (0.74)

5 1.49 (0.68) 1.42 (0.62)

6 1.50 (0.69) 1.42 (0.61)

paradigms decision 1.56 (0.61) 1.45 (0.54)

production 1.88 (0.76) 1.78 (0.64)

Notes.Values are presented asM (SD) for eachmeasure. Statemath anxietywasmeasuredwith the
1-item version (SMA-1) before and after the arithmetic task.
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for both the linear (time) and quadratic term of time (time²), trait
math anxiety, the interaction between time and trait math anxiety,
and the interaction between time² and trait math anxiety. The linear
term of time includes 3 time points: pre-, mid- (average across 6
measurement points) and post-arithmetic task. The quadratic term of
time was introduced to account for non-linear trajectories, for
example, an initial increase in anxiety during the task followed by a
decrease at the end after the task is successfully completed. The
LMMs further included a random intercept for subject.

The final LMM model on state math anxiety (Model D) included
fixed effects for time, trait math anxiety, and the interaction between
time and trait math anxiety, with a random intercept for subject (see
Table 2, Fig. 2a & b). The main effect of time indicates that state math
anxiety decreases over time by an estimate of -0.30 per time point. The
main effect of trait math anxiety indicates that for each unit increase in
trait math anxiety, state math anxiety increases by an estimate of 0.60, so
that individuals with higher trait math anxiety show higher levels of state
math anxiety. The interaction effect of time and trait math anxiety with
an estimate of -0.31 indicates that the decrease in statemath anxiety over
time is stronger for individuals with higher trait math anxiety. A similar
analysis was conducted with state anxiety as a dependent variable (for
results see Fig. S1).

Time analysis during the arithmetic task
RegardingH2b, LMMswith statemath anxiety (SMA) and state anxiety
as dependent variables were conducted including fixed effects for time
(6 measurement times during arithmetic), the quadratic term of time
(time²), trait math anxiety, the interaction between time and trait math
anxiety, and the interaction between time² and trait math anxiety. The
LMMs further included random intercepts for subject and paradigm.
Paradigm was included as a random effect to account for paradigm-
specific effects.

The final LMM model (Model E) included fixed effects for time,
trait math anxiety, the interaction between the time and trait math
anxiety, with random intercepts for subject and paradigm (see Table 2,
Fig. 2c & d). The main effect of time indicates that for each repetition of
the arithmetic task, state math anxiety decreases over time by an esti-
mate of -0.11. The main effect of trait math anxiety indicates that for
each unit increase in trait math anxiety, state math anxiety increases by
an estimate of 0.40, so that individuals with higher trait math anxiety
show higher levels of state math anxiety. The interaction of time and
trait math anxiety with an estimate of -0.07 indicates that, as time
progresses, individuals with higher trait math anxiety tend to experi-
ence a decrease in statemath anxiety at a slightly faster rate compared to
those with lower trait math anxiety. This suggests that while initial

Table 2 | LMM/GLMM results

Predictors β CI t / z p R²

Model A: LMM for paradigm and traitmath anxiety on statemath anxiety 0.87

(intercept) 1.57 1.42 – 1.72 20.74 < 0.001

paradigm 0.29 0.21 – 0.38 6.64 < 0.001

trait math anxiety 0.28 0.06 – 0.50 2.52 0.013

paradigm × trait math anxiety 0.24 0.11 – 0.37 3.64 < 0.001

Model B: LMM for trait math anxiety and paradigm on response time 0.42

(intercept) 3.96 3.75 – 4.16 37.58 < 0.001

paradigm 0.41 0.30 – 0.52 7.43 < 0.001

trait math anxiety 0.36 0.06 – 0.65 2.38 0.017

paradigm × trait math anxiety

Model C: GLMM for trait math anxiety and paradigm on accuracy 0.15

(intercept) 2.68 2.53 – 2.82 35.42 < 0.001

paradigm -0.28 -0.40 – -0.16 -4.46 < 0.001

trait math anxiety -0.21 -0.41 – 0.00 -1.93 0.053

paradigm × trait math anxiety

Model D: LMM for three-time points analysis on state math anxiety 0.70

(intercept) 1.73 1.59 – 1.87 23.95 < 0.001

time -0.30 -0.39 – -0.22 -7.32 < 0.001

trait math anxiety 0.60 0.39 – 0.81 5.63 < 0.001

time × trait math anxiety -0.31 -0.43 – -0.19 -5.07 < 0.001

time2

time2 × trait math anxiety

Model E: LMM results for six-time points analysis on state math anxiety 0.75

(intercept) 1.72 1.48 – 1.96 14.03 < 0.001

time -0.11 -0.13 – -0.08 -8.96 < 0.001

trait math anxiety 0.40 0.18 – 0.62 3.65 < 0.001

time × trait math anxiety -0.07 -0.11 – -0.04 -3.96 < 0.001

time2

time2 × trait math anxiety

Notes. All models shown here are reduced models. t value for LMM and z value for GLMM. Bold values indicate statistical significance. Time and trait math anxiety were centered. Paradigm was dummy
codedwith decision paradigm as reference for production paradigm. ConditionalR² quantifies the proportion of variance explained by the entire model, including both fixed and random effects. Excluded
factors from the full models are shown in italics. Full model specifications and model selection procedures are detailed in Table S3.
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anxiety levels may be elevated, individuals with higher trait math
anxiety may adapt or regulate their state math anxiety over the progress
of the task. A similar analysis was conducted with state anxiety as
dependent variable (for results see Fig. S1).

Discussion
This study explored the dynamics of state math anxiety across different
paradigms and its relation to trait math anxiety and arithmetic perfor-
mance. The findings highlight three key insights: (1) Production para-
digms elicit higher state math anxiety than decision paradigms,
especially for individuals with higher levels of trait math anxiety. (2)
Higher trait math anxiety is associated with worse performance, espe-
cially in production paradigms. (3) State math anxiety decreases over
time from before to after the arithmetic task as well as during the
arithmetic task, especially for individuals with higher trait math anxiety
who start with higher levels of statemath anxiety, suggesting habituation
and regulation mechanisms in managing anxiety.

The response format in math tasks indeed influences emotional
states. In line with the interaction model of anxiety50, situational char-
acteristics such as paradigm can modulate momentary (state) anxiety.
Higher state math anxiety in production paradigms compared to deci-
sion paradigms suggests that generating answers, rather than choosing
from answers, imposes greater emotional demands. In decision para-
digms, performance is better and various strategies can be used to solve
arithmetic40. For instance, estimation strategies, verifying the correctness
of a given answer, or rejecting incorrect answers contribute to more
efficient and accurate task performance51,52. Better task performance was
also shown to be associated with lower state math anxiety24, so that the
paradigm effect on state math anxiety might be driven by performance
differences. In contrast, production paradigms require individuals to
generate answers without the aid of pre-existing choices, like in real
world contexts. This demands a higher cognitive load and is associated
with less security, leading to higher state math anxiety, as found in the
current study. In sum, production paradigms in arithmetic increase
difficulty and state math anxiety compared to decision paradigms.

Notably, the production-induced increase in state math anxiety was
predicted by trait math anxiety. Individuals with higher trait math anxiety
are particularly sensitive to the cognitive demands imposed by the pro-
duction paradigm, and thus experience especially more state math anxiety
when they are required to exactly calculate the result without checking
preexisting solutions. Previous research7,53 has primarily demonstrated that
high trait math anxiety reduces performance, particularly under complex
task conditions, reflecting the anxiety-complexity effect, which is replicated
in the current study4,7,8. Our findings show that state math anxiety is simi-
larly affected by the interplay of trait math anxiety and complex task
demands (by paradigm). However, state math anxiety might be rather an
accompanying phenomenon for affective experiences in a situation (as
measured by state math anxiety) than a factor that further impairs
performance24.

Taken together, state math anxiety was found to vary with the para-
digm in which arithmetic needed to be solved, likely due to the immediate
situational demands of the task, such as the higher difficulty of producing
compared to selecting an answer. Trait math anxiety moderated the para-
digm effect on state math anxiety, with individuals higher in trait math
anxiety showing larger differences in statemath anxietybetweenparadigms.
This pattern is consistent with theoretical models suggesting that trait
anxiety influences the magnitude of state anxiety responses to situational
demands21,22,24, pointing at the directive role of trait anxiety in generating
state anxiety in specific situations. These findings have significant impli-
cations for educational settings, suggesting that the response format might
be relevant in either mitigating or amplifying anxiety during mathematics
for students with high levels of trait anxiety.

Complementary exploratory analyses further suggest that the heigh-
tened state math anxiety observed in production paradigms may primarily
stem from fear of making mistakes rather than from increased response
times. Specifically, higher levels of state math anxiety were associated with
lower accuracy in production compared to decision paradigms but not with
response time (Table S4). This pattern indicates that emotional tensionmay
arise from concerns about correctness and error likelihood in open response
formats rather than from time pressure.

Fig. 1 | Relation of trait math anxiety to state math anxiety and performance
dependent on paradigm. a shows the interaction between paradigm and trait math
anxiety on state math anxiety. b, c show the effects of paradigm and trait math
anxiety on performance in terms of response time and accuracy, respectively.
Response time analyses were based on correctly solved trials only.
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The temporal analysis of statemath anxiety adds another layer of depth
to our understanding of how anxiety changes over time across different
phases of mathematical tasks. State math anxiety was found to be higher
before the arithmetic task, replicating results from Goetz et al.46, decreased
during the task and finally was lower after the task, especially for individuals
with high trait math anxiety. This suggests that while these individuals
initially experience increased expectationanxiety, their engagementwith the
task may activate emotion regulation mechanisms that contribute to the
reduction in state math anxiety as they progress and afterwards, they are
relieved that the task is over. Alternatively, the drop in anxiety during and
after the task may also reflect participants developing a more realistic per-
ception of the actual task demands, with anticipatory anxiety inflated by
generalized math fears being recalibrated once they confront the true dif-
ficulty. The findings align with research showing that activation of frontal
brain regions during the anticipation phase can support cognitive control
and emotion regulation, mitigating performance deficits45.

The multidimensional interaction model of anxiety54 posits that state
anxiety is influenced by interactions between trait anxiety and situational
factors. Individuals with higher trait anxiety may have increased state
anxiety at the start of a math task compared to individuals with lower trait
math anxiety. Therefore, they need to regulate their emotions and thus
anxiety decreases as they become familiar with the task. Consequently, this
reduction is not solely due to habituation but depends on the individual
predispositions and the characteristics of the task. Our results revealed
similar linear decreases in statemath anxiety for individualswithhigher trait
math anxiety frompre to post aswell as during the task.Moreover, the time-
wise correlations (Table S5 and Figure S3) revealed that the association
between statemath anxiety and performancewas strongest at the beginning
of the experiment and gradually weakened over time (for response time).
Thus, both (successfully) completing the task (pre-post task comparison)
and habituation over time (repetitions of the arithmetic task in
different paradigms) play a role in the dynamics of state math anxiety:

(1) anticipation-related mechanisms, which initially drive anxiety, but
become reduced as tasks are successfully performed, and (2) habituation-
related mechanisms, which foster a gradual decrease in anxiety over time.
Broader anxiety theory, consistent with research optimizing exposure
therapy55, emphasizes that therapeutic gains are significantly enhanced by
actively violating negative expectancies, rather than relying solely on repe-
tition. This theoretical perspective raises interesting questions about the
relative contributions of expectancy violation versus habituation in math
anxiety reduction. By distinguishing these two contributing processes, our
results provide new insights into how state math anxiety evolves during
mathematics over time and upon task completion.

From a theoretical standpoint, the effectiveness of exposure therapy as
an intervention for math anxiety might be enhanced if it incorporates
strategies beyond repeated exposure to mathematical tasks56. The reason is
that it would fail to address the critical role of anticipation-related
mechanisms of anxiety. Comprehensive interventions should therefore
incorporate strategies to manage pre-task expectation anxiety, such as
cognitive restructuring or relaxation techniques, alongside a gradual expo-
sure to and training inmathematics57. However, the relative effectiveness of
different intervention components such as reducing anticipatory anxiety or
facilitating habituation should be empirically tested in future studies, as
research on therapeutical approaches for anxiety goes beyond the scope of
the current study.

In summary, our findings underscore that math anxiety is situation-
dependent (state) as well as a personal characteristic (trait), which interact
over time. In individuals with high trait math anxiety, the expectation
anxiety is elevated and decreases stepwise while performing mathematics.
Besides, our data support the use of the state math anxiety scale24 as an
effective tool for detecting situational differences in anxiety levels towards
mathematics. Notably, similar temporal patterns were observed for state
anxiety (Fig. S1), suggesting that the decrease in anxiety over time may
reflect both math-specific and broader anxiety regulation processes.
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Fig. 2 | State math anxiety changes across different task phases and
measurement times. a, c show the decrease in state math anxiety across the three
task phases and across the six measurement times during the arithmetic task,
respectively. Error bars represent the standard error of the mean (SEM). b, d show
a simple slope analysis for state math anxiety depending on trait math anxiety

(average level, high level with 1 SD above the average, and low level with 1 SD
below the average) across the three task phases and across the six measurement
times during the arithmetic task. State math anxiety was measured via ques-
tionnaires and therefore reflects all participants regardless of their individual
performance.
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The current study replicated the relationship between trait math
anxiety and arithmetic performance. Consistent with the processing effi-
ciency theory and the attentional control theory13,14, higher levels of anxiety
were associated with slower response times9,58,59. Interestingly, trait math
anxietywas only significantly related to response time, not accuracy, and the
anxiety-complexity effect8 was also observed only in response time instead
of accuracy (Table S2). In absence of a speed-accuracy trade-off (Table S2),
this indicates that math-anxious individuals may respond more slowly
without sacrificing accuracy in tasks that are in principle solvable and not
too difficult (relatively high accuracy leading to ceiling effects), suggesting
that anxiety is primarily associated with disruption in cognitive processing
speed rather thanperformancequality inmanageablemath tasks.While this
is in line with the processing efficiency theory13,14, stating that anxiety
impairs processing efficiency (response time) but not performance effec-
tiveness (response accuracy), other studies found the opposite pattern60,61.
Together, these results challenge the traditional notion of a speed-accuracy
trade-off in anxiety-related tasks42 and suggest that the relationship between
math anxiety, response accuracy, and processing efficiency may vary
depending on task conditions and measurement approaches.

The anxiety-complexity effect was also replicated in the current study
(Table S2)4,7,8, with individuals with higher trait math anxiety needing
particularly more time to solve complex arithmetic (involving carry or
borrow operations). Therefore, math anxiety is disproportionately asso-
ciated with impaired performance under more cognitively challenging
conditions, because the carry and borrow operations require working
memory11 and workingmemory is limited inmath-anxious individuals due
to intrusive thoughts62. These findings suggest that while math-anxious
individuals may maintain accuracy through compensatory strategies, the
cognitive load required for emotional regulation can extend processing time
and reduce problem-solving depth in complex tasks. This supports the
disruption account, which postulates that intrusive thoughts and rumina-
tion consume working memory resources, thereby impairing performance,
particularly on tasks requiring high cognitive demands9. In turn, lower
performancemay induce higher statemath anxiety, potentially contributing
to higher trait math anxiety over time. However, this assumption requires
further investigation, as state math anxiety was not assessed at the trial level
in the current study.

Interestingly, traitmath anxiety interactedwith task difficulty (Fig. S2),
but not with paradigm regarding performance. This difference highlights
that trait math anxiety relates to performance in a way that is distinct from
its relationship with state math anxiety. Trait math anxiety was associated
withmath performance dependent on task difficulty, reflecting its persistent
relationship with individuals’ ability to manage increasingly complex cog-
nitive demands. On the other hand, trait math anxiety explained the
paradigm-dependent increase in state math anxiety but not the paradigm-
dependent drop in performance. This suggests that trait math anxiety is
associated with greater performance challenges posed by task complexity
but not by task format. It should be noted that other individual differences
beyond trait math anxiety, such as test anxiety, math ability, math self-
concept, working memory capacity, and gender may also moderate these
effects. Our relatively homogeneous and high-performing samplemay have
limited variability in such factors, reflecting a need for future studies.

In conclusion, trait math anxiety was associated with lower perfor-
mance, especially in more complex arithmetic. Thus, the anxiety-
complexity effect was replicated, with math anxiety being associated with
reduced processing efficiency without a decrease in performance
effectiveness.

This study offers important educational implications, emphasizing the
role of task design inmanagingmath anxiety. Integratingmultiple-choice or
game-based learning approaches, which have proven effective in typically
developing and dyscalculic children60,63, can reduce cognitive load and
anxiety, particularly for those with high trait math anxiety. Additionally, a
repeated exposure tomathematical tasks can help reduce anxiety over time,
as initial anxiety is often higher before students are familiar with the type of
task they will be completing.

Future research might further investigate the mechanisms behind
the interaction betweenmath anxiety and task complexity, as well as the
temporal dynamics of anxiety during more extended or varied mathe-
matical tasks. Experimentally manipulating anticipatory anxiety
would provide more direct causal evidence for the mechanisms we
observed. For instance, varying pre-task instructions to increase or
decrease performance expectations44, implementing anxiety induction
procedures64, or testing brief anxiety-reduction interventions65 could
help isolate the specific contribution of anticipatory mechanisms to
math anxiety dynamics. Such experimental approaches would com-
plement our correlational findings and provide stronger evidence for
designing targeted interventions.

Our study is limited by several points. Regarding task complexity, the
two-digit arithmetic tasks used in this study may not have been sufficiently
challenging for adults, potentially contributing to the observed decrease in
state anxiety as participants adapted to the task and perceived it as less
difficult than expected. This habituation effect might differ if more complex
math tasks were used (such as those involving fractions, larger numbers or
advanced mathematics), or if time constraints were introduced (that might
induce stress). Especially the task-phase decline of state math anxiety (pre-,
mid-, and post-task) may be specific to tasks that are mastered well (high
accuracy). Otherwise, if tasks would be more or too difficult, expectation
anxiety at the beginning of the task may not decrease as much or may even
increase when individuals fail most of the time. Notably, the high accuracy
across paradigms indicates a potential ceiling effect, which may have
reduced variability in performance and limited sensitivity to detect subtle
relations with anxiety measures. Future studies could therefore consider
adopting more demanding tasks to better capture individual differences in
math performance.

For sample diversity, the relatively small and homogenous adult
samplemay limit the variance in our study to interindividual differencesand
the generalizability of the results, particularly to developmental stages.
Specifically, our university student sample showed relatively high math
competence (as evidenced by high accuracy rate), limiting variability in
math ability. Additionally, the unbalancedgender distribution (71% female)
should be noted, as females typically report higher math anxiety66. We also
did not assess other potentially relevant individual differences such as
working memory capacity. Future research should include a more diverse
population in terms of age, educational background, and cultural context, as
well as standardized measures of math ability to disentangle the effects of
math ability from math anxiety, to validate the findings across different
groups. Neurocognitive approaches would facilitate the development of
more effective, targeted interventions to reduce math anxiety and improve
learning outcomes for both typically developing and math-disabled
students63.

As for feedback mechanisms, this study did not incorporate feedback
for each arithmetic problem. Research shows that feedback can have
complex effects on emotions and learning outcomes, while some studies
indicate that feedback, especially corrective feedback, can evoke negative
emotions and influence learning outcomes67, other research suggests that
feedback may reduce math anxiety, particularly in higher education
settings68. Incorporating different types of feedback in future studies would
provide a deeper understanding of how feedback impacts statemath anxiety
and performance.

With respect to self-reported measures, relying solely on self-reported
measures of math anxiety may introduce bias. For instance, the fact that
womenreportmore anxiety in self-reports thanmenhave been attributed to
a response bias with men feeling more uncomfortable to admit anxiety69.
Moreover, there is a discrepancy between state and trait math anxiety with
girls reportingmore trait but not statemath anxiety than boys34, and autistic
boys reporting more state but not trait math anxiety than non-autistic
boys70. Future research should adopt multidimensional assessments, com-
bining behavioral experiments and self-report questionnaires with psy-
chophysiological markers and neuroimaging data to obtain more objective
and comprehensive data24,71.
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To conclude, this study reveals the dynamic nature of state math
anxiety in arithmetic tasks, focusing on the dependency on trait math
anxiety, the effects of paradigms, and temporal trends. The results show that
production paradigms, which require generating answers, increase state
math anxiety compared todecisionparadigms, especially in individualswith
higher trait math anxiety. Over time, state math anxiety decreases linearly
from pre- to post-arithmetic tasks and during repetitions of the task. The
anxiety-complexity effectwasobserved,withhigher traitmath anxiety being
associated with worse performance particularly in complex arithmetic.
These findings offer valuable insights for designing educational approaches
that reduce anxiety and enhance learning outcomes.

Methods
Participants
The sample included 65 adults (17 male, 46 female, 2 diverse; age:
M = 22.86 years, SD = 3.80 years, Range = 19–37 years), taken from the
study on paradigms40. Among all subjects, 57 were right-handed and 8 were
left-handed. Inclusion criteria for participants were an age between 18 and
40 years, native German speakers, and no dyscalculia or other learning
disorders (e.g., attentiondeficit hyperactivity disorder). For participation, all
subjects received student credits or monetary reimbursement. Informed
written consent was obtained from all subjects and the studywas conducted
following the latest version of the Declaration of Helsinki.

Material
To assess trait and state (math) anxiety, we administered the following
questionnaires. TheAbbreviatedMathAnxiety Scale (AMAS)72 was used to
measure trait math anxiety. The questionnaire consists of 9 items with a
5-point Likert scale, ranging from 1 (low anxiety) to 5 (high anxiety). The
scale demonstrated strong internal consistency (Cronbach’s α = 0.90), good
test-retest reliability (r = 0.85), and good convergent and divergent
validity72. In the present study, aGerman translated versionwas used, which
also showed very good internal reliability (Cronbach’s α = 0.89 and ordi-
nal α = 0.94).

The StateMathAnxiety Scale (SMA)24 was used tomeasure statemath
anxiety. The questionnaire consists of 7 items that capture the emotional,
cognitive, and physiological aspects of math anxiety and 2 control items for
enjoyment and boredom, with a 5-point Likert scale ranging from 1 (not at
all) to 5 (very much). The German scale demonstrated strong internal
consistency (Cronbach’s α > .90, ranging from 0.91 to 0.95) and good
validity24. As the SMA is situational with questions relating to themath task
at hand, some questions would be inappropriate if not presented during the
context of a math task (before and after the math task). Therefore, we only
kept one item of the SMA (SMA-1) to measure state math anxiety before
and after the math task: “How math-anxious do you feel right now?”
(adapted from SIMA73). In the present study, the SMA also showed good
internal consistency (Cronbach’s α ≥ 0.80 during the arithmetic task, with
ordinal α ranging from 0.70 to 0.90).

The shortGerman version of the State-Trait Anxiety Inventory (STAI-
SKD)74 was used to measure state anxiety. The questionnaire consists of 5
items reflecting the current emotional state, which should be rated on a
5-point Likert scale ranging from1 (not at all) to 4 (verymuch). The internal
consistency of the STAI-SKD was satisfactory (Cronbach’s α = 0.76)74. In
the present study, the STAI-SKD also demonstrated good internal con-
sistency (Cronbach’s α and ordinal α ≥ 0.80 at each measurement time
point). Both state math anxiety and state anxiety were measured to distin-
guish math-specific emotional responses from broader anxiety dynamics
during task performance; however, the constructs of statemath anxiety and
state anxiety in the math context can be considered the same24.

All questionnaireswere administered using a paper-and-pencil format.
The arithmetic task followed the same procedure as described in our

previous study24. Each arithmetic problem consisted of two two-digit
operands that resulted in a two-digit solution. In a2 × 2design, theproblems
included addition with (e.g., 36+ 27) or without (e.g., 32+ 24) carrying (a
carry operation in addition is required when the sum of the units of the

operands exceeds 9, with a decade to be carried over) and subtraction with
(e.g., 63–25) or without (e.g., 69–23) borrowing (a borrow operation in
subtraction is requiredwhenever theunit of the subtrahend is larger than the
unit of theminuend, and hence a decade has to be borrowed). Each of these
four conditions consisted of 24 arithmetic problems, resulting in 96 pro-
blems within one stimulus set. Six stimulus sets were created24 and were
matched in the numerical magnitude of the operands and the result, overall
problemsize, and counterbalanced in thepositionof the larger operand.The
stimulus sets did not entail trivial cases such as pure decades (e.g., 20), ties
(e.g., 22), or unit/decade repetitions. Subtractionproblemswere constructed
as inverse addition problems. Note that the stimulus sets werematched, but
not identical to avoid trial-specific learning across paradigms. Thedistractor
in decisionparadigmsdiffered from the target at the unit position ( ± 2) or at
the decade position ( ± 10). The dependent variables for arithmetic per-
formance are accuracy (ACC) and response time (RT).

Two types of paradigms were employed in this study: decision vs.
production paradigms (see Fig. 3). In decision paradigms (verification,
forced-choice, delayed forced-choice), participants should decide whether
the given answer was correct or select the correct answer. In production
paradigms (written production, verbal-keyboard production, simple verbal
production), participants should calculate the answer and type it or say it
aloud. The six specific paradigms used were the following (for a detailed
description of the paradigms see Yao et al.24): In the verification paradigm,
participants need to indicate whether the given answer is right or wrong. In
the forced-choice paradigm, participants need to choose one out of two
given answer options presented simultaneously with the arithmetic pro-
blem. In the delayed forced-choice paradigm, first the arithmetic problem
was shown until participants pressed the space bar indicating that they had
calculated the answer in mind; afterwards, the two answer options (target
and distractor) appeared from which participants chose the calculated
answer (with a time limit of 2000ms). In the written production paradigm,
participants need to type the answer directly in a number keyboard. In the
verbal-keyboard production paradigm, participants need to verbalize the
answer while pressing a button on the keyboard (to record response time).
In the simple verbal production paradigm, participants need to verbalize the
answer directly (while response time is recorded by voice key).

Procedure
The procedure started with questionnaires on trait math anxiety (AMAS),
state math anxiety (SMA-1), and state anxiety (STAI-SKD). Then the
arithmetic task was conducted computer-based using the OpenSesame
3.3.1076. Each of the 3 decision and 3 production paradigms were presented
in alternating blocks (seeFig. 4),with the order of paradigmblocks following
a Latin Square design40, i.e., participants were evenly assigned to six coun-
terbalanced sequences inwhich eachparadigmappears once in each ordinal
position. This controls for position effects, though it does not completely
counterbalance all possible orders. Each participant completed all six
paradigms (one stimulus set of 96 problems per paradigm), resulting in a
total of 576 arithmetic problems per participant. The arithmetic problems
within each block were presented in randomized order. The participants
were instructed to solve the arithmetic problems as quickly and accurately as
possible. Within each paradigm block, there was a break after half of the
arithmetic problems, in which participants were asked to fill in the ques-
tionnaires on state math anxiety (SMA) and state anxiety (STAI-SKD),
resulting in 6measurements during the arithmetic task. After the arithmetic
task, state math anxiety (SMA-1) and state anxiety (STAI-SKD) were
assessed again (for a flowchart of the experiment see Fig. 4). The whole
experiment lasted ~2 h.

Data analysis
Data exclusion criteria were preregistered and applied as follows (for
details see Yao et al.75, Table S1): Participants were case-wise
removed with missing data in the arithmetic task, with an ACC below
50% per production paradigm or below 75% per decision paradigm
(due to a 50% chance level), or with a mean RT >3 median absolute
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deviation (MAD)76 above or below the group Median for the
respective paradigm. According to these criteria, the final sample size
ranged from 59−65 participants across paradigms (verification:
N = 59; forced-choice: N = 59; delayed forced-choice: N = 63; written
production: N = 63; verbal-keyboard production: N = 65; simple

verbal production: N = 64). In the arithmetic task, trials were
removed from RT analysis according to the following criteria: false
equation trials in the verification paradigm (also for ACC), incor-
rectly solved trials (i.e., errors and missing; 8%), RTs below 200 ms
(anticipations; 0%), RTs >3 MAD above or below the individual
Median for the respective paradigm (outliers; 6%), or distance
between first and second RT >3 MAD above or below the individual
Median for the respective paradigm (delayed forced-choice, written
production, and verbal-keyboard production; 0%).

Trial-level accuracy data (0/1) were analyzed using generalized linear
mixed-effects models (GLMMs) with a binomial distribution and logit link
function77. For analyses at the condition- or subject-level (speed–accuracy
LMM analysis and exploratory correlation analysis in the current study),
logit-transformed accuracy data were used to stabilize variance and
approximate a normal distribution. No transformation was applied to RT
data, as their distributionswere sufficiently normalized following theMAD-
based outlier removal procedure.

In the questionnaires, missing data were handled by calculating mean
instead of sum scores, with higher values indicating higher anxiety. Missing
data were handled by calculating mean instead of sum scores, with higher
values indicating higher anxiety. No more than one item was missing per
questionnaire and participant. For data analysis, we centered continuous
predictors, including trait math anxiety (AMAS), response time (for speed-
accuracy trade-off analysis), and time (3 time points and 6 time points) data
to facilitate the interpretation of their effects on the dependent variable and
to improve the stability of the statistical model78. To center the variables, we
subtracted themean value of the variable in our sample from themean value

pre-task mid-task post-task

trait
state state

T1 T2 T3 T4 T5 T6

state

paradigm A1 paradigm B1 paradigm A2 paradigm B2 paradigm B3

arithmetic task

state state statestate state

paradigm A3

Fig. 4 | Flowchart of the study procedure. T1 to T6 indicate the six measurement
time points during the arithmetic task. Trait math anxiety was measured pre-task,
statemath anxiety with one item and state anxiety weremeasured pre-task and post-
task. State (math) anxiety wasmeasured during the break of each paradigm after half
of the arithmetic problems. Paradigm A and B refer to the two paradigm types
(production vs. decision) presented in alternating order. Subcategories A1, A2, A3
and B1, B2, B3 further distinguish the three production paradigms and the three
decision paradigms. The alternating order of paradigms was counterbalanced across
participants.

Fig. 3 | Different arithmetic paradigms. Each trial
began with a 500 ms fixation, followed by the pre-
sentation of an arithmetic problem. In decision
paradigms (verification, forced-choice, delayed
forced-choice), participants judged the correctness
of a presented solution or selected the correct answer
from two alternatives. The delayed forced-choice
paradigm additionally required participants to
indicate by pressing the spacebar on the keyboard
when they hadmentally calculated the answer before
response options appeared (time limit was 2000ms).
In production paradigms (written production,
verbal-keyboard production, simple verbal produc-
tion), participants generated the answer either by
typing or verbalizing it. An inter-trial interval (ITI)
of 500 ms was used for all paradigms except the
simple verbal production paradigm, which used
3000 ms. No time limit was imposed for problem
solving, except for the response in the delayed
forced-choice condition.

34 + 23 = 67

problems
no time limit

34 + 23

67 57

57 - 23

verification

forced-choice

delayed
forced-choice 34 32

limit 2000 ms

34 + 23

problems
no time limit

57 - 23 34 32

written
production

verbal-keyboard
production

simple verbal
production

25 + 69

3000 ms

.
fixation

500 ms

ITI

500 ms

ITI

right/wrong?

left/right?
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of each participant so that the centered score represents the deviation of the
individual value from the overall sample.

The preregistered data analysis was conducted using the statistical
computing software R79, including the R packages tidyr80, dplyr81, ggplot282,
afex83, and lmerTest84. Given the hierarchical nature of the data, with
multiple observations nested within participants, we used Linear Mixed
Models (LMMs) and Generalized Linear Mixed Models (GLMMs) to
analyze the data. This approach is widely established in cognitive and
arithmetic research because it accounts for both between- and within-
participant variability andavoids the independence assumptions inherent in
traditional ANOVAs85,86. All LinearMixedModels (LMM) andGeneralized
LinearMixedModels (GLMM) were fitted with the function lmer from the
lmerTest R package, with maximum-likelihood estimation for the fixed
effects and logit as link function for the GLMM. As preregistered, we con-
ducted model selection using a top-down strategy87 based on the ANOVA,
which provides a principled way to balance model fit and parsimony. We
first fitted a full model, then sequentially reduced the random effect struc-
ture, followed by reducing the fixed effect structure, and finally reported the
final model. Detailed model specifications and all selection steps are
reported in Table S3.

Data availability
The materials, data, and analysis code (R scripts) for this study are openly
available on the Open Science Framework (OSF) at https://osf.io/z8cqm/
overview.

Code availability
The R code for analysis for each hypothesis are available in the OSF repo-
sitory (https://osf.io/z8cqm/overview).
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Supplementary Materials 
Title:    The dynamics of state math anxiety vary by paradigm and timing during arithmetic 
 

Table S1. Arithmetic performance and mid-task state anxiety across paradigms 
 Decision paradigms Production paradigms 
 verification forced-

choice 
delayed 
forced-
choice 

written 
production 

verbal-
keyboard 
production 

simple 
verbal 
production 

Arithmetic performance  
Accuracy 
addition simple 0.93 (0.08) 0.96 (0.04) 0.95 (0.06) 0.92 (0.07) 0.96 (0.04) 0.92 (0.08) 
addition complex 0.94 (0.06) 0.93 (0.08) 0.92 (0.08) 0.90 (0.08) 0.91 (0.08) 0.88 (0.11) 
subtraction simple 0.94 (0.07) 0.95 (0.05) 0.94 (0.05) 0.92 (0.06) 0.92 (0.07) 0.90 (0.10) 
subtraction complex 0.91 (0.08) 0.92 (0.07) 0.91 (0.08) 0.87 (0.12) 0.88 (0.10) 0.82 (0.15) 
Reaction time       
addition simple 3.20 (0.84) 3.04 (0.64) 2.96 (0.75) 3.86 (0.81) 3.86 (0.81) 3.02 (0.80) 
addition complex 4.35 (1.01) 3.87 (0.86) 4.21 (1.17) 5.30 (1.32) 5.30 (1.32) 4.27 (1.03) 
subtraction simple 4.03 (1.09) 3.64 (0.96) 3.73 (1.01)  4.69 (1.15) 4.69 (1.15) 3.81 (1.00) 
subtraction complex 5.02 (1.23) 4.50 (1.02) 4.84 (1.23) 6.04 (1.33) 6.04 (1.33) 5.01 (1.19) 
Questionnaires 
mid-task state math 
anxiety 

1.59 (0.72) 1.54 (0.63) 1.58 (0.70) 1.62 (0.73) 1.82 (0.83) 2.19 (1.00) 

mid-task state 
anxiety 

1.55 (0.69) 1.41 (0.50) 1.41 (0.61) 1.43 (0.57) 1.78 (0.76) 2.12 (0.95) 

Notes. Values are presented as M (SD) for each decision and production paradigm. State (math) 
anxiety was measured during the break at the midpoint of each paradigm of the arithmetic task. 
 
  



Part 1: Additional analysis and results 
Table S2. LMM/GLMM results 
Predictors β CI t / z p R² 
Model S1: LMM for three-time points analysis on state anxiety .62 
(intercept) 1.57 1.46 – 1.69 27.20 < .001  
time -0.27 -0.34 – -0.20 -7.46 < .001  
trait math anxiety 0.31 0.14 – 0.48 3.64 < .001  
time × trait math anxiety -0.20 -0.31 – -0.10 -3.86 < .001  
time2      
time2× trait math anxiety      
Model S2: LMM for six-time points analysis on state anxiety .71 
(intercept) 1.62 1.36 – 1.89 12.08 < .001  
time  -0.09 -0.11 – -0.07 -7.59 < .001  
time2 -0.00 -0.02 – 0.01 -0.23 .820  
trait math anxiety 0.18 -0.03 – 0.39 1.67 .096  
time2 × trait math anxiety 0.03 0.00 – 0.05 2.10 .036  
time × trait math anxiety      
Model S3: LMM for trait math anxiety and difficulty on response time .39 
(intercept) 3.38 3.18 – 3.59 32.30 < .001  
trait math anxiety 0.30 0.00 – 0.59 1.97 .049  
difficulty 1.20 1.13 – 1.28 30.70 < .001  
trait math anxiety × difficulty 0.15 0.09 – 0.20 5.46 < .001  
Model S4: GLMM for trait math anxiety and difficulty on accuracy .14 
(intercept) 2.83 2.66 – 3.00 32.07 < .001  
difficulty -0.47 -0.57 – -0.38 -9.76 < .001  
trait math anxiety      
trait math anxiety × difficulty      
Model S5: GLMM for speed-accuracy trade-off .68 
(intercept) 2.54 2.42 – 2.66  42.31 < .001  
paradigm [production] -0.29 -0.39 – -0.19 -5.77 < .001  
trait math anxiety      
response time      
paradigm × trait math anxiety      
paradigm × response time      
trait math anxiety × response time      
paradigm × trait math anxiety × 
response time  

     

Notes. t value for LMM and z value for GLMM. Time and trait math anxiety were centered. Difficulty 
was dummy coded with simple as reference for complex. Conditional R² quantifies the proportion of 
variance explained by the entire model, including both fixed and random effects.  

Time analysis for state anxiety pre-, mid-, and post-arithmetic task 

Similar to the LMM results for state math anxiety (see Model D in Table 2), the final LMM for state 
anxiety (see Model S1 in Table S2, Figures S1a & S1b) included fixed effects for time, trait math 



anxiety, and the interaction between time and trait math anxiety, with a random intercept for subject. 
The main effect of time indicates that state anxiety decreases over time, with an estimated reduction 
of -0.27 per time point. The main effect of trait math anxiety shows that for each unit increase in trait 
math anxiety, state anxiety increases by an estimated 0.31, suggesting that individuals with higher 
levels of trait math anxiety exhibit higher levels of state anxiety. Additionally, the interaction effect 
between time and trait math anxiety, with an estimate of -0.20, implies that the decrease in state 
anxiety over time is more pronounced for individuals with higher trait math anxiety.  
 

Time analysis for state anxiety during the arithmetic task 

Different from the LMM results for state math anxiety (see Model E in Table 2), the final LMM for 
state anxiety (see Model S2 in Table S2, Figures S1c & S1d) included, besides the fixed effect for 
time, fixed effects for time2, trait math anxiety, and the interaction between time² and trait math 
anxiety, with random intercepts for subject and paradigm. The main effect of time indicates that state 
anxiety decreases over time, with an estimated reduction of -0.09 per time point. Different to the 
larger linear decrease of state math anxiety across six measurement times during arithmetic task for 
individuals with higher trait math anxiety, the interaction between time² and trait math anxiety, with 
an estimate of 0.03, indicates a non-linear relationship: individuals with higher trait math anxiety 
show an particularly an initial decrease in state anxiety that stabilizes during the task, reflecting an 
adaptive or reactive response to the task demands. 
 
Figure S1. State anxiety changes across time 

 

Notes. (a) and (c) show the decrease in state anxiety across the three task phases and across the six 



measurement times during the arithmetic task, respectively. Error bars represent the standard error of 
the mean (SEM). (b) and (d) show a simple slope analysis for state anxiety depending on trait math 
anxiety (average level, high level with 1 SD above the average, and low level with 1 SD below the 
average) across the three task phases and during the arithmetic task.  
 

Anxiety-complexity effect 

An LMM with RT as dependent variable and a GLMM with ACC as dependent variable were 
conducted including fixed effects for trait math anxiety, difficulty (complex vs. simple), and their 
interaction. The (G)LMMs further included random intercepts for both subject and item, as well as – 
not preregistered – a random slope for paradigm, because we found significant differences in 
performance between paradigms (Yao et al., 2025). 
 
The final LMM for RT (see Model S3 in Table S2, Figure S2) included fixed effects for trait math 
anxiety, difficulty and their interaction, with random intercepts for subject and item as well as a 
random slope for paradigm. The main effect of trait math anxiety indicates that for every unit increase 
in trait math anxiety, the response time increases by an estimate of 0.30 s, so that individuals with 
higher trait math anxiety take longer to solve arithmetic. The main effect of difficulty indicates that 
complex arithmetic (with carry/borrow) takes longer to be solved by an estimate of 1.20 s than simple 
arithmetic (without carry/borrow). The interaction of trait math anxiety and difficulty indicates an 
anxiety-complexity effect, so that with increasing trait math anxiety the difficulty effect increases by 
an estimate of 0.15 s. 
 
Different from RT, the final GLMM for ACC (see Model S4 in Table S2) included only a fixed effect 
for difficulty, with random intercepts for subject and item as well as a random slope for paradigm. 
The main effect of difficulty indicates that accuracy is higher by an estimate of -0.47 for simple 
arithmetic (without carry/borrow) compared to complex arithmetic (with carry/borrow).  
 
Together, the results suggest that the difficulty effect was replicated in both RT and ACC. For RT, 
further an anxiety-complexity effect was found, so that individuals with higher trait math anxiety 
needed longer for arithmetic than individuals with lower math anxiety, especially for more complex 
arithmetic. 
 

Speed-accuracy trade-off 

An LMM with ACC as the dependent variable was conducted (but not a GLMM – as preregistered – 
because when including response time as a fixed factor, the model failed to converge on a trial level; 
instead, we performed an LMM on a subject level with average accuracy per participant as dependent 
variable) including fixed effects for paradigm, RT, trait math anxiety, and their interactions. The LMM 
further included a random intercept for subject (but not random slopes for RT and paradigm as 
preregistered, because incorporating this would have made the random effects structure too complex 
given the limited number of observations).  
 
The final LMM on ACC (see Model S5 in Table S2) only included a fixed effect for paradigm – but 
not response time. Therefore, the results did not reveal a speed-accuracy trade-off for the current 
study.  



Figure S2. The anxiety-complexity effect 

 
Notes: The anxiety-complexity is indicated by the interaction of trait math anxiety and difficulty on 
arithmetic performance in terms of response times. Individuals with higher trait math anxiety show 
higher carry/borrow effects than individuals with lower trait math anxiety, i.e., they need even more 
time for complex arithmetic (with carry/borrow operation) as compared to simple arithmetic (without 
carry/borrow operation). 
  



Part 2: Model selection process 

Table S3. Full models 

Predictors β CI t / z p R² 

Model A: LMM for paradigm and trait math anxiety on state math anxiety .87 

(intercept) 1.57 1.42 – 1.72 20.74 < .001  

paradigm 0.29 0.21 – 0.38 6.64 < .001  

trait math anxiety 0.28 0.06 – 0.50 2.52 .013  

paradigm × trait math anxiety 0.24 0.11 – 0.37 3.64 < .001  

Model B: LMM for trait math anxiety and paradigm on response time .42 

(intercept) 3.96 3.75 – 4.16 37.47 < .001  

paradigm 0.41 0.30 – 0.52 7.48 < .001  

trait math anxiety 0.36 0.06 – 0.65 2.39 .017  

paradigm × trait math anxiety 0.10 0.06 – 0.26 1.21  

Model C: GLMM for trait math anxiety and paradigm on accuracy .15 

(intercept) 3.18 2.74 – 3.62 14.06 < .001  

paradigm -0.58 -0.94 – -0.22 -3.16  .002  

trait math anxiety -0.25 -0.46 – 0.04 -2.37 .018  

paradigm × trait math anxiety 0.15 -0.02 – 0.32 1.74 .081  

Model D: LMM for three-time points analysis on state math anxiety .70 

(intercept) 1.66 1.49 – 1.83 19.23 < .001  

time  -0.31 -0.39 – -0.22 -7.39 < .001  

trait math anxiety  0.51 0.26 – 0.77 4.03 < .001  

time × trait math anxiety -0.31 -0.43 – -0.19 -5.10 < .001  

time2 0.11 0.03 – 0.25 1.52 .131  

time2 × trait math anxiety 0.13 0.08 – 0.34 1.24 .216  

Model E: LMM results for six-time points analysis on state math anxiety .75 

(intercept) 1.71 1.47 – 1.96 13.68 < .001  

time -0.11 -0.13 – -0.08 -8.95 < .001  

trait math anxiety 0.37 0.14 – 0.60 3.22  .001  

time × trait math anxiety -0.07 -0.11 – -0.04 -3.95 < .001  

time2 0.00 0.01 – 0.02 0.42  .677  



time2 × trait math anxiety 0.01 0.01 – 0.03 0.79  .431  

Model S1: LMM for three-time points analysis on state anxiety 0.62 

(intercept) 1.61 1.47 – 1.75 22.73 < .001  

time -0.27 -0.34 – -0.20 -7.45 < .001  

trait math anxiety 0.17 0.18 – 0.51 0.97 .335  

time × trait math anxiety -0.37 0.75 – 0.00 -1.97  .051  

time2 -0.37 0.75 – 0.00 -1.97  .051  

time2× trait math anxiety 0.09 0.10 – 0.27 0.93  .352  

Model S2: LMM for six-time points analysis on state anxiety .71 

(intercept) 1.62 1.36 – 1.89 12.08 < .001  

time  -0.09 -0.11 – -0.07 -7.60 < .001  

time2 -0.00 -0.02 – 0.01 -0.23 .819  

trait math anxiety 0.18 -0.03 – 0.39 1.67 .096  

time2 × trait math anxiety 0.03 0.00 – 0.05 2.11 .036  

time × trait math anxiety -0.02 -0.06 – 0.01 -1.37 .171  

Model S3: LMM for trait math anxiety and difficulty on response time .39 

(intercept) 3.38 3.18 – 3.59 32.30 < .001  

trait math anxiety 0.30 0.00 – 0.59 1.97 .049  

difficulty 1.20 1.13 – 1.28 30.70 < .001  

trait math anxiety × difficulty 0.15 0.09 – 0.20 5.46 < .001  

Model S4: GLMM for trait math anxiety and difficulty on accuracy .13 

(intercept) 17.22 14.57 – 20.35 33.40 < .001  

difficulty 0.62 0.57 – 0.69 -9.72 < .001  

trait math anxiety 0.82 0.66 – 1.02 -1.80  .071  

trait math anxiety × difficulty 0.97 0.87 – 1.08 -0.61  .542  

Model S5: GLMM for speed-accuracy trade-off .67 

(intercept) 2.54 2.42 – 2.66  42.31 < .001  

paradigm -0.29 -0.39 – -0.19 -5.77 < .001  

trait math anxiety -0.64 -1.38 – 0.99  -1.73  .086  

response time -0.02 -0.16 – 0.13  -0.26  .798  

paradigm × trait math anxiety 0.26 -0.51 – 1.04  0.68  .501  

paradigm × response time -0.07 -0.20 – 0.07  -1.00  .322  



trait math anxiety × response time 0.11 -0.06 – 0.29  1.30  .197  

paradigm × trait math anxiety× 
response time 

-0.05 -0.22 – 0.13  -0.53  .595 
 

Notes. t value for LMM and z value for GLMM for full models. Factors in italics are removed factors 
compared with reduced final model. Time and trait math anxiety were centered. Difficulty was 
dummy coded with simple as reference for complex. Conditional R² quantifies the proportion of 
variance explained by the entire model, including both fixed and random effects. 
 
1. Paradigm-dependent analysis for state math anxiety 
 

Full model state math anxiety ~ paradigm + trait math anxiety + 
paradigm : trait math anxiety + (1 | subject) 

 

Step 1 state math anxiety ~ paradigm + trait math anxiety + 
(1 | subject) 

The model excluding the interaction 
between paradigm and trait math 
anxiety was significantly different from 
the original model (χ² = 12.02, p 
< .001). Therefore, we retained the 
interaction in the final model. 

Final Model Model A: state math anxiety ~ paradigm + trait math 
anxiety + paradigm : trait math anxiety + (1 | subject) 

Final model = Full model 

Random 
effects 

subject (intercept, variance = 0.31, SD = 0.56) 
(residual, variance = 0.06, SD = 0.25) 

 

 
2. Trait math anxiety and paradigm effects on arithmetic performance 
 
(1) LMM for response time: 
 

Full model response time ~ trait math anxiety + paradigm + trait 
math anxiety : paradigm + (1 + paradigm | subject) 
+ (1 | item) 

 

Step 1 response time ~ trait math anxiety + paradigm + trait 
math anxiety : paradigm + (1 | subject) + (1 | item) 

The model excluding the random slope 
for paradigm was significantly different 
from the original model (χ² = 334.03, p 
< .001). Therefore, we retained the 
random slope for paradigm in the final 
model. 

Step 2 response time ~ trait math anxiety + paradigm + trait 
math anxiety : paradigm + (1 + paradigm | subject)  

The model excluding the random 
intercept for item was significantly 
different from the original model (χ² = 
4808.20, p < .001). Therefore, we 
retained the random intercept for item 
in the final model. 

Step 3 response time ~ trait math anxiety + paradigm + (1 
+ paradigm | subject) + (1 | item) 

The model excluding the interaction of 
trait math anxiety and paradigm was not 
significantly different from the original 



model (χ² = 1.48, p = .223). Therefore, 
we removed the interaction of trait math 
anxiety and paradigm in the final 
model. 

Step 4 response time ~ trait math anxiety + (1 + paradigm | 
subject) + (1 | item) 

The model excluding the fixed effect of 
paradigm was significantly different 
from the original model (χ² = 42.55, p 
< .001). Therefore, we retained the 
fixed effect of paradigm in the final 
model. 

Step 5 response time ~ paradigm + (1 + paradigm | subject) 
+ (1 | item) 

The model excluding the fixed effect of 
trait math anxiety was significantly 
different from the original model (χ² = 
6.92, p = .031). Therefore, we retained 
the fixed effect of trait math anxiety in 
the final model. 

Final model Model B: response time ~ trait math anxiety + 
paradigm + (1 + paradigm | subject) + (1 | item) 

Final model = Step 3 
 

Random 
effects 

item (intercept, variance = 0.66, SD = 0.81) 
subject (intercept, variance = 0.65, SD = 0.80) 
paradigm (slope, variance = 0.17, SD = 0.41, r = 0.07) 
(residual, variance = 2.10, SD = 1.45) 

 

 
(2) GLMM for accuracy: 
 

Full model accuracy ~ trait math anxiety + paradigm + trait 
math anxiety : paradigm + (1 + paradigm | subject) 
+ (1 | item) 

 

Step 1 accuracy ~ trait math anxiety + paradigm + trait 
math anxiety : paradigm + (1| subject) + (1 | item) 

The model excluding the random slope 
for paradigm was significantly different 
from the original model (χ2 = 29.18, p 
< .001). Therefore, we retained the 
random slope for paradigm in the final 
model. 

Step 2 accuracy ~ trait math anxiety + paradigm + trait 
math anxiety : paradigm + (1 + paradigm | subject) 

The model excluding the random 
intercept for item was significantly 
different from the original model (χ2 = 
158.88, p < .001). Therefore, we 
retained the random intercept for item 
in the final model. 

Step 3 accuracy ~ trait math anxiety + paradigm + (1 + 
paradigm | subject) + (1 | item) 

The model excluding the interaction of 
trait math anxiety and paradigm was not 
significantly different from the original 
model (χ² = 2.89, p = .089). Therefore, 
we removed the interaction of trait math 
anxiety and paradigm in the final 



model. 
Step 4 accuracy ~ trait math anxiety + (1 + paradigm | 

subject) + (1 | item) 
The model excluding the fixed effect of 
paradigm item was significantly 
different from the original model (χ2 = 
19.61, p < .001). Therefore, we retained 
the fixed effect of paradigm in the final 
model. 

Step 5 accuracy ~ trait math anxiety + paradigm + (1 + 
paradigm | subject) + (1 | item) 

The model excluding the fixed effect of 
trait math anxiety was significantly 
different from the original model (χ2 = 
6.50, p = .039). Therefore, we retained 
the fixed effect of trait math anxiety in 
the final model. 

Final model Model C: response time ~ trait math anxiety + 
paradigm + (1 + paradigm | subject) + (1 | item) 

Final model = Step 3 

Random 
effects 

item (intercept, variance = 0.21, SD = 0.46) 
subject (intercept, variance = 0.28, SD = 0.53) 
paradigm (slope, variance = 0.13, SD = 0.37, r = -
0.07) 

 

 
 
3. State (math) anxiety across three-time points 
 
(1) LMM for state math anxiety across three-time points: 
 

Full model state math anxiety ~ time + time^2 + trait math 
anxiety + time : trait math anxiety + time^2 : trait 
math anxiety + (1 | subject) 

 

Step 1 state math anxiety ~ time + time^2 + trait math 
anxiety + time^2 : trait math anxiety + (1 | subject) 

The model excluding the interaction of 
time and trait math anxiety was 
significantly different from the original 
model (χ² = 24.40, p < .001). Therefore, 
we retained the interaction of time and 
trait math anxiety in the final model. 
 

Step 2 state math anxiety ~ time + time^2 + trait math 
anxiety + time : trait math anxiety + (1 | subject) 

The model excluding the interaction of 
time² and trait math anxiety was not 
significantly different from the original 
model (χ² = 1.58, p = .209). Therefore, 
we removed the interaction of time² and 
trait math anxiety in the final model. 

Step 3 state math anxiety ~ time + trait math anxiety + time : 
trait math anxiety + (1 | subject) 

The model excluding the fixed effect of 
time² was not significantly different 
from the original model (χ² = 3.90, p 
= .142). Therefore, we removed the 
fixed effect of time² in the final model. 



Final Model Model D: state math anxiety ~ time + trait math 
anxiety + time : trait math anxiety + (1 | subject) 

Final model = Step 3 

Random 
effects 

subject (intercept, variance = 0.26, SD = 0.51) 
(residual, variance = 0.22, SD = 0.47) 

 

 
(2) LMM for state anxiety across three-time points: 
 

Full model state anxiety ~ time + time^2 + trait math anxiety + 
time : trait math anxiety + time^2 : trait math anxiety 
+ (1 | subject) 

 

Step 1 state anxiety ~ time + time^2 + trait math anxiety + 
time^2 : trait math anxiety + (1 | subject) 
 

The model excluding the interaction of 
time and trait math anxiety was 
significantly different from the original 
model (χ² = 14.52, p < .001). Therefore, 
we retained the interaction of time and 
trait math anxiety in the final model. 

Step 2 state anxiety ~ time + time^2 + trait math anxiety + 
time : trait math anxiety + (1 | subject) 
 

The model excluding the interaction of 
time² and trait math anxiety was not 
significantly different from the original 
model (χ² = 0.90, p = .344). Therefore, 
we removed the interaction of time² and 
trait math anxiety in the final model. 

Step 3 state anxiety ~ time + trait math anxiety + time : trait 
math anxiety + (1 | subject) 
 

The model excluding the fixed effect of 
time² was not significantly different 
from the original model (χ² = 1.92, p 
= .382). Therefore, we removed the 
fixed effect of time² in the final model. 

Final Model Model S1: state anxiety ~ time + trait math anxiety + 
time : trait math anxiety + (1 | subject) 

Final model = Step 3 

Random 
effects 

subject (intercept, variance = 0.16, SD = 0.40) 
(residual, variance = 0.17, SD = 0.41)    

 

 
4. State (math) anxiety across six-time points 
 
(1) LMM for state math anxiety across six-time points: 
 

Full model state math anxiety ~ time + time^2 + trait math 
anxiety + time : trait math anxiety + time^2 : trait 
math anxiety+ (1 | subject) + (1 | paradigm) 
 

 

Step 1 state math anxiety ~ time + time^2 + trait math 
anxiety + time : trait math anxiety + time^2 : trait 
math anxiety+ (1 | subject)  

The model excluding the random 
intercept of paradigm was significantly 
different from the original model (χ² = 
80.18, p < .001). Therefore, we retained 
the random intercept of paradigm in the 
final model. 



Step 2 state math anxiety ~ time + time^2 + trait math 
anxiety + time^2 : trait math anxiety+ (1 | subject) + 
(1 | paradigm) 
 

The model excluding the interaction of 
time and trait math anxiety was 
significantly different from the original 
model (χ² = 15.45, p < .001). Therefore, 
we retained the interaction of time and 
trait math anxiety in the final model. 

Step 3 state math anxiety ~ time + time^2 + trait math 
anxiety + time : trait math anxiety + (1 | subject) + 
(1 | paradigm) 
 

The model excluding the interaction of 
time2 and trait math anxiety was not 
significantly different from the original 
model (χ² = 0.63, p = .428). Therefore, 
we removed the interaction of time² and 
trait math anxiety in the final model. 

Step 4 state math anxiety ~ time + trait math anxiety + time : 
trait math anxiety + (1 | subject) + (1 | paradigm) 
 

Remove the main effect of time2. 
ANOVA showed it was not significant 
(χ² = 0.81, p = .668). Removed. 
The model excluding the main effect of 
time2 was not significantly different 
from the original model (χ² = 0.81, p 
= .668). Therefore, we removed the 
main effect of time2 in the final model. 

Final model Model E: state math anxiety ~ time + trait math 
anxiety + time : trait math anxiety + (1 | subject) + 
(1 | paradigm) 

Final model = Step 4 

Random 
effects 

subject (intercept, variance = 0.33, SD = 0.57) 
paradigm (intercept, variance = 0.06, SD = 0.24) 
(residual, variance = 0.17, SD = 0.41) 

 

 
(2) LMM for state anxiety across six-time points: 
 

Full model state anxiety ~ time + time^2 + trait math anxiety + 
time : trait math anxiety + time^2 : trait math anxiety 
+ (1 | subject) + (1 | paradigm) 
 

 

Step 1 state anxiety ~ time + time^2 + trait math anxiety + 
time : trait math anxiety + time^2 : trait math anxiety 
+ (1 | subject)  
 

The model excluding the random 
intercept of paradigm was significantly 
different from the original model (χ² = 
108.58, p < .001). Therefore, we 
retained the random intercept of 
paradigm in the final model. 

Step 2 state anxiety ~ time + time^2 + trait math anxiety + 
time^2 : trait math anxiety + (1 | subject) + (1 | 
paradigm) 
 

The model excluding the interaction of 
time and trait math anxiety was not 
significantly different from the original 
model (χ² = 1.90, p = .168). Therefore, 
we removed the interaction of time and 
trait math anxiety in the final model. 

Step 3 state anxiety ~ time + time^2 + trait math anxiety + The model excluding the interaction of 



(1 | subject) + (1 | paradigm) 
 

time2 and trait math anxiety was 
significantly different from the original 
model (χ² = 6.33, p = .042). Therefore, 
we retained the interaction of time2 and 
trait math anxiety in the final model. 

Step 4 state anxiety ~ time^2 + trait math anxiety + time^2 : 
trait math anxiety + (1 | subject) + (1 | paradigm) 
 

Remove the main effect of time.  
The model excluding the main effect of 
time was significantly different from 
the original model (χ² = 55.30, p 
< .001). Therefore, we retained the 
main effect of time in the final model. 

Final model Model S2: state anxiety ~ time + time^2 + trait math 
anxiety + time^2 : trait math anxiety + (1 | subject) + 
(1 | paradigm) 

Final model = Step 2 

Random 
effects 

subject (intercept, variance = 0.27, SD = 0.52) 
paradigm (intercept, variance = 0.08, SD = 0.28) 
(residual, variance = 0.16, SD = 0.40) 

 

 
 
5. Anxiety-complexity effect for response time but not accuracy 
 
(1) LMM for response time: 
 

Full model response time ~ trait math anxiety + difficulty + trait 
math anxiety : difficulty + (1 + paradigm | subject) + 
(1 | item) 

 

Step 1 response time ~ trait math anxiety + difficulty + trait 
math anxiety : difficulty + (1| subject) + (1 | item) 

The model excluding the random slope 
for paradigm was significantly different 
from the original model (χ² = 722.34, p 
< .001). Therefore, we retained the 
random slope for paradigm in the final 
model. 

Step 2 response time ~ trait math anxiety + difficulty + trait 
math anxiety : difficulty + (1 + paradigm | subject)  

The model excluding the random 
intercept for item was significantly 
different from the original model (χ² = 
1748.60, p < .001). Therefore, we 
retained the random intercept for item 
in the final model. 

Step 3 response time ~ trait math anxiety + difficulty + trait 
math anxiety : difficulty + (1 + paradigm | subject) + 
(1 | item) 

The model excluding the interaction of 
trait math anxiety and difficulty was 
significantly different from the original 
model (χ² = 29.77, p < .001). Therefore, 
we retained the interaction of trait math 
anxiety and difficulty in the final 
model. 

Final Model Model S3: response time ~ trait math anxiety + Final model = Full model 



difficulty + trait math anxiety : difficulty + (1 + 
paradigm | subject) + (1 | item) 

Random 
effects 

item (intercept, variance = 0.28, SD = 0.53) 
subject (intercept, variance = 0.65, SD = 0.81)  
paradigm (slope, variance = 0.33, SD = 0.57, r = .06) 
(residual, variance = 2.10, SD = 1.45) 

 

 
(2) GLMM for accuracy: 
 

Full model accuracy ~ trait math anxiety + difficulty + trait math 
anxiety : difficulty + (1 + paradigm | subject) + (1 | 
item) 

 

Step 1 accuracy ~ trait math anxiety + difficulty + trait math 
anxiety : difficulty + (1 | subject) + (1 | item) 

The model excluding the random slope 
for paradigm was significantly different 
from the original model (χ² = 78.40, p 
< .001). Therefore, we retained the 
random slope for paradigm in the final 
model. 

Step 2 accuracy ~ trait math anxiety + difficulty + trait math 
anxiety : difficulty + (1 + paradigm | subject)  

The model excluding the random 
intercept for item was significantly 
different from the original model (χ² = 
97.85, p < .001). Therefore, we retained 
the random intercept for item in the 
final model. 

Step 3 accuracy ~ trait math anxiety + difficulty + (1 + 
paradigm | subject) + (1 | item) 

The model excluding the interaction of 
trait math anxiety and difficulty was not 
significantly different from the original 
model (χ² = 0.36, p = .550). Therefore, 
we removed the interaction of trait math 
anxiety and difficulty in the final 
model. 

Step 4 accuracy ~ difficulty + (1 + paradigm | subject) + (1 
| item) 

The model excluding the main effect of 
trait math anxiety was not significantly 
different from the original model (χ² = 
4.48, p = .107). Therefore, we removed 
the main effect of trait math anxiety in 
the final model. 

Step 5 accuracy ~ (1 + paradigm | subject) + (1 | item) The model excluding the main effect of 
difficulty was significantly different 
from the original model (χ² = 93.59, p 
< .001). Therefore, we retained the 
main effect of difficulty in the final 
model. 

Final Model Model S4: accuracy ~ difficulty + (1 + paradigm | 
subject) + (1 | item) 

Final model = Step 4 

Random item (intercept, variance = 0.16, SD = 0.40)  



effects subject (intercept, variance = 0.30, SD = 0.55) 
paradigm (slope, variance = 0.22, SD = 0.46, r = -
0.11) 

 
6. No speed-accuracy trade-off 
 

Full model accuracy ~ paradigm + trait math anxiety + response 
time + paradigm : trait math anxiety + paradigm: 
response time + trait math anxiety : response time + 
paradigm : trait math anxiety : response time + (1 | 
subject) 

 

Step 1 accuracy ~ paradigm + trait math anxiety + response 
time + paradigm : trait math anxiety + paradigm: 
response time + trait math anxiety : response time + 
(1 | subject) 

The model excluding the three-way 
interaction was not significantly 
different from the original model (χ2 = 
0.30, p = .585). Therefore, we removed 
the three-way interaction in the final 
model. 

Step 2 accuracy ~ paradigm + trait math anxiety + response 
time + paradigm : trait math anxiety + trait math 
anxiety : response time + (1 | subject) 

The model excluding the interaction 
between paradigm and response time 
was not significantly different from the 
original model (χ² = 1.66, p = .435). 
Therefore, we removed the interaction 
between paradigm and response time in 
the final model. 

Step 3 accuracy ~ trait math anxiety + response time + trait 
math anxiety : response time + (1 | subject) 

The model excluding the interaction 
between paradigm and trait math 
anxiety was not significantly different 
from the original model (χ² = 1.75, p 
= .625). Therefore, we removed the 
interaction between paradigm and trait 
math anxiety in the final model. 

Step 4 accuracy ~ paradigm + trait math anxiety + response 
time + (1 | subject) 

The model excluding the interaction 
between trait math anxiety and response 
time was not significantly different 
from the original model (χ² = 4.38, p 
= .357). Therefore, we removed the 
interaction between trait math anxiety 
and response time in the final model. 

Step 5 accuracy ~ trait math anxiety + response time + (1 | 
subject) 

The model excluding the main effect of 
paradigm was significantly different 
from the original model (χ² = 25.22, p 
< .001). Therefore, we retained the 
main effect of paradigm in the final 
model. 

Step 6 accuracy ~ paradigm + response time + (1 | subject) The model excluding the main effect of 
trait math anxiety was not significantly 



different from the original model (χ² = 
6.49, p = .262). Therefore, we removed 
the main effect of trait math anxiety in 
the final model. 

Step 7 accuracy ~ paradigm + (1 | subject) The model excluding the main effect of 
response time was not significantly 
different from the original model (χ² = 
7.91, p = .245). Therefore, we removed 
the main effect of response time in the 
final model. 

Final model Model S5: accuracy ~ paradigm + (1 | subject) 
 

Final model = Step 7 

Random 
effects 

subject (intercept, variance = 0.15, SD = 0.39) 
(residual, variance = 0.08, SD = 1.45) 

 
 

 

  



Part 3: Exploratory analysis 
Exploratory analysis 1: Correlation between state math anxiety and performance across 
paradigms 
 
To examine whether performance might account for the observed paradigm effects on state math 
anxiety (SMA), we computed Pearson correlations between SMA and arithmetic performance, 
including response time (RT) and accuracy (ACC), across and within paradigms. As shown in Table 
S3, changes in SMA (ΔSMA) from decision to production paradigms were not significantly correlated 
with changes in RT, but showed a significant negative correlation with changes in ACC. This indicates 
that individuals who show higher increases of state math anxiety in production than decision 
paradigms are the ones who make more errors in production than decision paradigms. Within 
paradigms, SMA correlated negatively with accuracy but not with RT in production paradigms, 
whereas no significant correlations were found for decision paradigms. This indicates that higher state 
math anxiety is related to more errors in production paradigms. This pattern suggests that heightened 
SMA is more closely related to concerns about errors rather than slower processing. 
 
Table S4. Exploratory correlation analyses between state math anxiety and performance across and 
within paradigms 
Correlations r 95% CI p 
ΔSMA and ΔRT .18 [-.07, .41] .153 
ΔSMA and ΔACC -.27 [-.49, -.03] .028 
SMA and RT (production) .23 [-.02, .45] .070 
SMA and ACC (production) -.26 [-.48, -.02] .034 
SMA and RT (decision) .17 [-.08, .40] .179 
SMA and ACC (decision) -.08 [-.32, .16] .506 

 
 
Exploratory analysis 2: Time-wise correlation between state math anxiety and performance 
 
To further explore how the relationship between state math anxiety (SMA) and task performance 
evolved over time, we computed time-wise Pearson correlations between SMA and response time 
(RT) as well as logit-transformed accuracy (ACC) across the six measurement time points. For each 
time point, the correlation coefficient (r) and its 95% confidence interval were estimated using 
Fisher’s z transformation (see Table S4 and Figure S3). 
Overall, higher SMA tended to be associated with slower responses (positive SMA and RT correlation) 
and lower accuracy (negative SMA–ACC correlation). For RT, the strength of these associations 
decreased over time, suggesting that the coupling between anxiety and performance was strongest at 
the beginning of the experiment and attenuated as participants became more familiar with the task. 
These exploratory findings indicate that state math anxiety exerts a transient impact on early 
performance before participants adapt to task demands. 
 
 
 
 
 



Table S5. Correlation between state math anxiety and performance across six time points 
Correlations Time r 95% CI p 
SMA and RT 1 .28 [.024, .499] .033 
 2 .34 [.105, .545] .006 
 3 .18 [-.076, .409] .169 
 4 .11 [-.149, .346] .417 
 5 .05 [-.212, .299] .725 
 6 -.07 [-.308, .185] .610 
SMA and ACC 1 -.08 [-.322, .166] .516 
 2 -.27 [-.481, -.027] .030 
 3 -.11 [-.348, .137] .378 
 4 -.27 [-.484, -.026] .031 
 5 -.20 [-.423, .050] .117 
 6 -.29 [-.502, -.054] .017 

 
Figure S3. Time-wise correlation between state math anxiety and performance 

 
Notes. ACC represents accuracy, RT represents response time. 



139 
 

A3. Study 3 

A3.1 Publication of Study 3 

Yao, X., Avcil, M., Meuer, P., Nuerk, H.-C., & Artemenko, C. Math self-concept decreases 

while math anxiety increases over the lifespan. Annals of the New York Academy of 

Sciences. (in revision) 



Math self-concept decreases while math anxiety increases over the lifespan 

Xinru Yao1, 2,*, Mine Avcil1, Paul Meuer1, Hans-Christoph Nuerk1, 2, 3, Christina Artemenko1, 2, 3,* 

 

1 Department of Psychology, University of Tuebingen, Tuebingen, Germany 

2 LEAD Graduate School and Research Network, University of Tuebingen, Tuebingen, Germany 

3 German Center for Mental Health (DZPG), Tuebingen, Germany 

 

* Correspondence concerning this article should be addressed to Xinru Yao or Christina 

Artemenko: 

Name: Xinru Yao  

Email address: xinru.yao.tuebingen@gmail.com 

 

Name: Christina Artemenko 

Email address: christina.artemenko@uni-tuebingen.de  

Author contributions: CRediT 

Conceptualization: Xinru Yao, Hans-Christoph Nuerk, Christina Artemenko 

Methodology: Xinru Yao, Mine Avcil, Hans-Christoph Nuerk, Christina Artemenko 

Software: Xinru Yao, Paul Meuer 

Validation: Xinru Yao, Christina Artemenko 

Formal analysis: Xinru Yao 

Investigation: Mine Avcil 

Resources: - 

Data Curation: Xinru Yao 

Writing – original draft: Xinru Yao, Paul Meuer 

Writing – review & editing: Xinru Yao, Mine Avcil, Paul Meuer, Hans-Christoph Nuerk, 

Christina Artemenko 

Visualization: Xinru Yao, Paul Meuer 

Supervision: Christina Artemenko, Hans-Christoph Nuerk 

Project Administration: Xinru Yao 

Funding Acquisition: Christina Artemenko 

mailto:christina.artemenko@uni-tuebingen.de


 2 

 

Abstract 

Math self-concept and math anxiety are two critical psychological constructs influencing mathematical 
performance. Math self-concept reflects an individual's perception of their mathematical abilities, while math 
anxiety represents a negative emotional response to mathematical tasks. Although extensively studied in young 
adults and children, little is known about how these constructs evolve across the lifespan. Findings from young 
adults are sometimes generalized to all adults, suggesting an assumption of stability over time. However, given 
that other personality traits exhibit significant variation across the lifespan, this assumption may not hold. 

This study systematically examined the developmental trajectories of math self-concept and math anxiety, their 
interrelationship, and their impact on arithmetic performance from childhood to older adulthood. The findings 
revealed a decline in math self-concept and a concurrent increase in math anxiety with age. Additionally, a strong 
negative correlation between math self-concept and math anxiety persisted across all age groups. Importantly, 
math self-concept, rather than math anxiety, predicted arithmetic performance as well as the complexity effect. 

These results provide critical insights into the lifelong development of math-related psychological constructs, 
suggesting that findings from young adults cannot be generalized across developmental stages. The observed 
increase in math anxiety and decline in math self-concept with age indicate progressively more problematic 
attitudes and emotions towards mathematics. 

Keywords 

math self-concept, math anxiety, arithmetic, lifespan development, children, aging 

 

Introduction 

Math performance is related to both cognitive factors and personality traits, particularly to math self-concept and 
math anxiety. Math self-concept, i.e., the perception of one’s own mathematical ability, is strongly linked to 
academic success, predicting school grades and long-term engagement with mathematics (Marsh et al., 2005; 
Möller et al., 2020). Math anxiety, on the other hand, can undermine performance and leads to avoidance of 
math-related activities and careers, particularly in STEM fields (Chipman et al., 1992; Meece et al., 1990). The 
PISA data showed a high correlation between math self-concept and math performance (Ding et al., 2024). The 
2022 PISA study reported that nearly half of students felt anxious about struggling in math class or receiving 
poor grades, with 15% experiencing anxiety during lessons (OECD, 2023). This concerning educational trend 
raises the question of how these patterns evolve across the lifespan. Is math-related anxiety merely a transient 
phenomenon that fades in adulthood, or does it persist and even intensify once formal mathematical education 
ends? 

Despite extensive research on these constructs, most studies focused on specific age groups, such as school-aged 
children or university students. It is often implicitly assumed that what we observe in university students allows 
for general statements about the relationship of math attitude, anxiety and performance across adulthood. This 
assumption may be questionable, because we know that other personality traits change over the lifespan 
(Asendorpf, 1999), especially when people grow older, their stability decreases (Wortman et al., 2012). 
Therefore, the current study sets out to systematically examine the development of math self-concept, math 
anxiety, and their relation to math performance in 6 different age groups, providing a comprehensive perspective 
on their interplay over the lifespan. 

 

Lifespan development of math self-concept 
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Math self-concept refers to an individual’s perception of their mathematical abilities and competencies, both in 
academic and everyday contexts (Erdogan & Sengul, 2014; Möller & Trautwein, 2009). It is not an objective 
evaluation of mathematical ability but is shaped by external influences such as cultural expectations and social 
comparisons (Ertl et al., 2017). While research on the development of math self-concept has primarily focused 
on children and adolescents, its development in older adults was not studied yet. 

When children start school, they generally exhibit a high math self-concept (Lindberg et al., 2013). This is largely 
due to their limited academic experience and minimal social comparisons, leading to an optimistic view of their 
abilities. During this stage, evaluations are often learning-focused rather than performance-based, which helps 
to sustain a positive self-concept (Fredricks & Eccles, 2002). 

As younger adolescents progress through primary and early secondary school, their math self-concept begins to 
decline. This decline is supported by both longitudinal and cross-sectional studies (Fredricks & Eccles, 2002; 
Marsh, 1989; Nagy et al., 2010). The transition to secondary school introduces increased exposure to academic 
comparisons and more competitive evaluation systems, further accelerating this decline (Lehikoinen et al., 2024). 

For older adolescents during late secondary or high school, the decline in math self-concept becomes more 
evident. Social comparisons play a significant role, as students become increasingly aware of their academic 
standing relative to peers (Helmke, 1999; Nagy et al., 2010). This period also coincides with critical educational 
transitions and heightened academic pressure, contributing to a sharper drop in math self-concept, particularly 
between grades 9 and 10 (ages 14-16 years, Nagy et al., 2010). 

Upon entering adulthood, math self-concept seems to stabilize. Marsh (1989) found no significant differences 
in math self-concept between individuals aged 18–20.5 and those over 21.5 years old. Similarly, studies on adult 
learners aged 18–59 years reported no age-related changes in math self-concept (Jameson & Fusco, 2014; 
Skaalvik & Skaalvik, 2005), suggesting that individuals develop a consistent perception of their mathematical 
abilities by early adulthood. However, these findings are largely based on samples dominated by young adults 
(e.g., mostly university students), with minimal consideration of older adults. 

Despite its relevance in financial decision-making and daily numeracy, there is a lack of research on math self-
concept in older adulthood. Given the age-related changes in many cognitive domains as well as the increasing 
interindividual differences during aging (Glisky, 2007; Hultsch et al., 2008), it is crucial to understand how math 
self-concept changes in later life. The lack of lifespan studies covering all age groups highlights a major research 
gap in this topic that needs to be addressed.  

In summary, math self-concept declines throughout childhood and adolescence but may stabilize in adulthood. 
Although existing research provides valuable insights, comprehensive studies spanning the entire lifespan, 
particularly including older adulthood, are still needed to fully understand the developmental trajectory of math 
self-concept. 

 

Lifespan development of math anxiety 

Math anxiety refers to the negative emotional response individuals experience when engaging with numerical or 
mathematical tasks (Ashcraft, 2002; Richardson & Suinn, 1972). It manifests through tension, worry, 
nervousness, and fear in both academic and everyday situations (Hembree, 1990; Hopko et al., 2002). 

Math anxiety can emerge early in childhood. While children generally report low to moderate levels of math 
anxiety (Szczygieł, 2019), it has been detected even in kindergarteners (Lu et al., 2021). Studies show that math 
anxiety increases in primary school between grades 1 and 3 (Krinzinger et al., 2009), despite children having 
limited exposure to math-related performance situations. This suggests that early experiences and environmental 
factors play a key role in the development of math anxiety. 
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Math anxiety intensifies significantly during adolescence, with research reporting a sharp increase between 
grades 6 and 8 (Birgin et al., 2010). According to Hembree’s  (1990) meta-analysis, math anxiety peaks in grades 
9 and 10 (ages 14–16 years). This period coincides with increased academic pressure, social comparisons, and 
performance evaluations, which are likely to intensify anxiety. However, Sorvo et al. (2019) suggest that math 
anxiety may decline slightly in older children, particularly between grades 2 and 5, pointing at variability across 
age groups and studies. 

For adults, math anxiety tends to decrease but remains prevalent. Hembree (1990) found that math anxiety stays 
stable in younger adults after school. Hart and Ganley (2019) found that math anxiety persists in middle-aged 
and older adults, with only a slight downward trend observed across adulthood (r = –.06, p = .082). Supporting 
this age-related trend, older adults were found to report lower levels of math anxiety compared to younger adults   
While there is first evidence that math anxiety persists during adulthood, further evidence is needed to test the 
assumption that math anxiety declines during adulthood and thus only might be a transient phenomenon during 
education. 

In summary, math anxiety is present in all age groups across the lifespan, pointing at the relevance for further 
investigation. Math anxiety generally increases throughout childhood and adolescence, peaks in secondary 
school, and then might slightly decline in adulthood. Critically, research on aging is limited, making it 
challenging to determine how math anxiety develops across the lifespan.  

 

Reciprocal relationship between math self-concept and math anxiety 

The developmental changes in math self-concept and math anxiety seem to follow similar trajectories. This is 
because they are distinct but closely related constructs. While math self-concept refers to cognitive components, 
reflecting one’s perception of mathematical abilities, math anxiety refers to affective components, reflecting 
emotional reactions to math-related tasks (Klee et al., 2022). Studies have consistently demonstrated a strong 
negative correlation between math self-concept and math anxiety in adolescents and younger adults, with a 
correlation of r = –.71 according to a meta-analysis (Hembree, 1990). However, the samples may not be 
representative for all age groups. 

Individuals with low math self-concept tend to doubt their mathematical abilities, feel inadequate in math-related 
situations, and consequently experience higher levels of math anxiety. Conversely, math anxiety can undermine 
math self-concept: Anxiety distorts self-perception, causing individuals with high math anxiety to undervalue 
their math abilities and avoid math-related tasks, which further reinforces negative self-beliefs. Hence, the 
relationship between math self-concept and math anxiety is reciprocal since math self-concept predicted math 
anxiety and vice versa over a one-year period (Ahmed et al., 2012; Pekrun, 2006). The cumulative stability 
concept of personality development (Roberts & Caspi, 2003) suggests that personality traits and their 
environment mutually reinforce one another over time. If math self-concept and math anxiety stabilize in this 
manner, then early educational experiences may have long-term consequences for math-related emotions and 
engagement later in life. To fully understand the lifelong dynamics of math self-concept and math anxiety, 
research need to address this interplay across the entire lifespan – not only in childhood and adolescence but also 
during adulthood. 

 

Arithmetic performance is related to math self-concept and math anxiety 

Math self-concept plays a critical role in influencing math performance (Arens et al., 2017; Marsh et al., 2018; 
Perinelli et al., 2022). A meta-analysis by Möller et al. (2009) reported a moderate positive correlation (r = .43) 
between math self-concept and math performance.  
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The Skill-Development Model suggests that academic performance shapes self-concept, as students assess their 
abilities by comparing their past performance and that of their peers based on comparisons with their own past 
performance and with others (Marsh, 1990). For example, students in high-achieving environments often 
develop lower academic self-concepts than their peers in low-achieving settings, a phenomenon known as the 
Big-Fish-Little-Pond Effect (Craven & Marsh, 2000; Seaton et al., 2010). Conversely, the Self-Enhancement 
Approach posits that self-concept predicts future academic performance by fostering motivation, effort, interest, 
and self-efficacy (Marsh & Yeung, 1997). Convergently, the Reciprocal-Effects Model argues that academic 
self-concept and performance mutually influence and reinforce one another over time. Empirical evidence by 
longitudinal studies and meta-analyses support this model, showing that prior self-concept predicts later 
academic achievement, while past achievement also influences subsequent self-concept (Arens et al., 2017; 
Marsh et al., 2018; Valentine et al., 2004). 

This relation between math self-concept and math performance further strengthens with age in early development 
(Guay et al., 2003; Möller et al., 2020). Guay et al. (2003) observed that for students at the end of primary school, 
academic self-concept becomes increasingly stable over three years and shows a stronger correlation with 
academic performance. Similarly, a longitudinal study found that the relation between math self-concept and 
performance becomes stronger from the age of 10 to 13 years (Perinelli et al., 2022). The meta-analysis by 
Möller et al. (2020) further supports these findings, highlighting that the relation between math self-concept and 
performance intensifies over time, particularly during the transition to secondary school. Afterwards, this relation 
remains consistent and stable in young and middle adulthood (Skaalvik & Skaalvik, 2005). However again, 
lifetime development up to older adulthood was never investigated. 

Math anxiety negatively affects math performance in various areas, including basic numerical understanding, 
arithmetic, word problem solving, fractions, geometry, algebra, and statistics (Barroso et al., 2021). Ramirez et 
al. (2018) summarized three theories explaining the relation between math anxiety and performance: The 
Disruption Account argues that math anxiety triggers intrusive thoughts and ruminations, which occupy working 
memory resources, reduce cognitive efficiency and subsequently impair math performance. The Reduced 
Competency Account suggests that math anxiety is the result of poor math ability, where reduced competency 
leads to difficulties in learning and performance, ultimately causing anxiety. The Interpretation Account holds 
that math anxiety stems not only from poor math skills or negative experiences but from how individuals interpret 
and appraise their math-related experiences. Finally, – similar to math self-concept – researchers also suggest a 
bidirectional relationship between math anxiety and math performance, resulting in a vicious cycle (Carey et al., 
2016; Cipora et al., 2022).     

The negative relationship between math anxiety and math performance begins and strengthens during school 
years (Barroso et al., 2021; Namkung et al., 2019). Some studies observed this negative relation already in young 
children during the early school years (Harari et al., 2013; Ramirez et al., 2013; Wu et al., 2012), while others 
only found it in adolescents but not in children (Hill et al., 2016; Krinzinger et al., 2009). Meta-analyses further 
indicate that the correlation becomes stronger with age, increasing from childhood (r = –.27) to adolescence (r 
= –.36) (Namkung et al., 2019) and from grade 3 (r = –.20) to grade 12 (r = –.34) (Barroso et al., 2021). 

Although this negative relationship has been reported in adulthood, most existing studies have focused on college 
students (r = –.24) or non-student adult samples (r = –.32) (Barroso et al., 2021). Limited research exists on 
older adults, with Skagerlund et al. (2018) being one of the few studies demonstrating a significant negative 
correlation (r = –.32) between math anxiety and numeracy in middle-aged adults (≈ 50 years). However, 
meaningful comparisons across the lifespan remain difficult due to differences in sample characteristics, 
performance measures, and cultural contexts across studies. Thus, while existing findings suggest that the 
relationship between math anxiety and performance persists over the lifespan, there is a need for a lifespan study 
investigating different age groups with the same measures to better understand how the relation of math anxiety 
and performance change during development. 
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Finally, research has shown that math anxiety affects arithmetic performance particularly when arithmetic gets 
more complex (known as the anxiety-complexity effect; Ashcraft & Faust, 1994; Huber & Artemenko, 2021). 
This was found for arithmetic requiring the carry operation (e.g., 45 + 28, where the sum of units exceeds 9) or 
the borrow operation (e.g., 61 – 47, where the unit of the subtrahend is larger than the unit of the minuend), 
which impose greater cognitive demands in working memory, leading to worse performance (Artemenko et al., 
2018; Imbo et al., 2007). Because their working memory capacity is constrained by intrusive anxious thoughts 
(Ashcraft & Faust, 1994; Ashcraft & Kirk, 2001), individuals with higher math anxiety perform particularly 
worse in arithmetic requiring carrying or borrowing (Huber & Artemenko, 2021; Yao, Huber, et al., 2025).  
Previous research has established the anxiety-complexity effect in math anxiety; however, its relevance to math 
self-concept and its developmental trajectory remain unexplored. Experimental research on emotion induction 
indicates that negative emotions might impact the performance in complex arithmetic in younger adults more 
than in older adults (Lallement & Lemaire, 2021; See also Lemaire, 2024). 

 

Current Study 

Building on the outlined developmental trajectories of math self-concept, math anxiety, and their influence on 
arithmetic performance, this preregistered study aims to systematically explore these constructs across the 
lifespan (see preregistration at https://aspredicted.org/g6hh4.pdf). Specifically, it investigates how math self-
concept and math anxiety evolve with age, how they relate to arithmetic performance during the lifespan, and 
how these relationships are shaped by the complexity of arithmetic: 

H1: Age-dependent changes of concepts. (H1a) Math self-concept is expected to decrease from childhood to 
adulthood and remain stable during adulthood. (H1b) Math anxiety is expected to increase from childhood to 
adolescents and to decrease during adulthood. 

H2: Relations between concepts. (H2a) A positive relation between math self-concept and arithmetic 
performance is expected within and across age groups. (H2b) A negative relation between math anxiety and 
arithmetic performance is expected within and across age groups. (H2c) A negative relation between math self-
concept and math anxiety is expected within and across age groups. 

H3: Age-dependent changes of relations between concepts. We expect age-dependent changes in the relations 
of math self-concept and math anxiety with arithmetic performance. (H3a) The relation between math self-
concept and arithmetic performance is expected to increase from primary school age over secondary school age 
to high school age and remain stable during adulthood. (H3b) The relation between math anxiety and arithmetic 
performance is expected to increase from primary school age over secondary school age to high school age and 
decrease during adulthood. 

H4: Interactions with arithmetic complexity. Interactions of arithmetic complexity with math self-concept and 
math anxiety are expected within and across age groups, i.e., larger carry/borrow effects are expected to be 
associated with (H4a) lower math self-concept and (H4b) higher math anxiety. (H4c) We expect these 
interactions to change across the lifespan. 
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Methods 

Participants 

In a cross-sectional study, 306 participants were recruited with a broad age range from children in the third grade 
of primary school to older adults (see Table 1; sample taken from Avcil & Artemenko, 2023). The sample was 
categorized into six age groups: children (8–10 years old, grades 3–4), younger adolescents (10–14 years old, 
grades 5–8), older adolescents (14–18 years old, grades 9–13), younger adults (18–34 years old), middle-aged 
adults (35–59 years old), and older adults (60 years and older). All participants were either native German 
speakers or enrolled in the German school system. The study was approved by the Ethics Committee for 
Psychological Research of the University of Tuebingen. 

Materials 

Math self-concept. Math self-concept was assessed using the adapted German version of the mathematics 
subscale (Schwanzer et al., 2005) from the Self-Description Questionnaire III (SDQ III; Marsh, 1990). This 
subscale includes four items, such as “I am good at math.” and participants rate their agreement with these 
statements on a 4-point Likert scale (from 1 = strongly disagree to 4 = strongly agree). The mean score of the 
four items was calculated, with Items 2 and 4 being reverse-coded, with higher scores indicating a stronger math 
self-concept (Theoretical Range: 1–4). The German version of the SDQ III math subscale has demonstrated very 
good reliability (Cronbach’s Alpha = .89; Schwanzer et al., 2005). In our study, the overall Cronbach’s Alpha 
was .88 (.72 in children; .82 in younger adolescents; .88 in older adolescents; .91 in younger adults; .90 in 
middle-aged-adults; .91 in older adults). 

Math anxiety. Math anxiety was measured using the German version of the Abbreviated Math Anxiety Scale 
(AMAS; Hopko et al., 2003), which previously showed very good internal reliability (Cronbach's α = 0.89) and 
test-retest reliability (r = .85) (Artemenko et al., 2021). The questionnaire consists of 9 items describing math-
related situations with a 5-point Likert scale (from 1 = low anxiety to 5 = high anxiety). The mean score of the 
items was calculated with higher scores indicating higher math anxiety (Theoretical Range: 1–9). In our study, 
the overall Cronbach’s Alpha was .87 (.64 in children; .71 in younger adolescents; .77 in older adolescents; .87 
in younger adults; .92 in middle-aged-adults; .93 in older adults). 

Arithmetic task. The arithmetic task included 128 addition and subtraction problems with and without carry or 
borrow operation in equal parts (for details see Avcil & Artemenko, 2023). All arithmetic problems included 
two-digit operands resulting in a two-digit solution. The task was presented using OpenSesame (Mathôt et al., 
2012). In a computerized written production paradigm (Yao et al., 2025), participants were instructed to solve 
the problems as quickly and accurately as possible and type the response into a number keyboard. Each trial 
began with a fixation on the screen for 500 ms, then the problems appeared without a time limit until the 
participant responded. Each trial ended with a black screen for 500 ms after the participants’ response, then the 
next trial came. Moreover, we used averages across all conditions for reaction time (RT) and logit-transformed 
error rate (ER; the Shapiro-Wilk test confirmed that the logit-transformed error rate data followed a normal 
distribution) as dependent variables for arithmetic performance.  

Procedures  

Participants first completed the arithmetic task and a number comparison task (the order of the two tasks was 
counterbalanced and the other task is not relevant for the current study). Next, they performed cognitive tests 
designed to assess inhibition, working memory, and processing speed, which will not be analyzed in the current 
study (cf. Avcil & Artemenko, 2023). Finally, the math self-concept and math anxiety questionnaires were 
administered. 

Analysis 
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Data exclusion. As preregistered, participants were excluded from all analyses, if they do not meet the inclusion 
criteria (age, German language, no cognitive impairment). To ensure cognitive functioning in older adults, all 
participants over 60 years of age completed the Montreal Cognitive Assessment (MoCA; Nasreddine et al., 2005). 
Z-scores were calculated using normative data that accounted for age, gender, and education level (Thomann et 
al., 2018) and participants with a z-score below -1 (1 SD below the average) were excluded. Participants were 
case-wise excluded from the arithmetic task, if missing data exceeds 50% of the task. Additionally, participants 
were also case-wise excluded from each task, if they deviated more than 3 median absolute deviations from the 
groups’ median reaction time (RT) of the arithmetic task, and if less than 25% of valid RT data per condition 
remained for RT analysis of the arithmetic task. Finally, participants who did not fully complete the math anxiety 
and math self-concept questionnaires were excluded. On trial level, the analysis of reaction time (RT) only 
included RTs (1) from correctly solved trials (2) longer than 0.2 s, and (3) that did not deviate more than 3 
median absolute deviation from the individual median. After applying the exclusion criteria (for details see 
Supplementary Materials, Table S1), the final sample consisted of N = 281 (see Table 1).  

Table 1. Descriptive statistics for each age group 

 N Age Gender Education 
 incl (excl) M (SD) Range m f d M (SD) 
Children 38 (15) 9.18 (0.69) 8–10 27 10 1 3.71 (0.46) 
Younger adolescents 47 (3) 12.40 (1.14) 10–14 25 22 0 7.17 (0.94) 
Older adolescents 50 (0) 15.42 (1.03) 14–17 18 32 0 9.84 (1.06) 
Younger adults 53 (0) 23.83 (3.19) 19–33 12 40 1 16.58 (2.05) 
Middle-aged adults 47 (3) 47.62 (8.14) 34–59 15 32 0 18.84 (3.70) 
Older adults 46 (4) 71.91 (7.41) 60–88 21 27 0 16.13 (4.50) 
Total 281 (25) 30.29 (22.77) 8–88 117 162 2 12.37 (5.93) 
Notes. “incl” means the number of included participants and “excl” means the number of excluded participants. 
Age and education are given in years for the included participants. For gender, “m” means the number of male 
participants, “f” means the number of female participants and “d” means the number of diverse participants. 

 

Statistical data analysis. The data was analyzed by Bayesian statistics using JASP (Jefferys's Amazing Statistics 
Program, Version 0,18, JASP Team, 2022). Bayesian statistics enable calculating graded evidence for the null 
hypothesis (H0) and the alternative hypothesis (H1; for detailed descriptions see Masson, 2011). Bayes factors 
(BF) indicate how much more likely the observed data will be under one compared to the other hypothesis 
(Faulkenberry et al., 2020). 

The statistical analyses included Bayesian t-tests, Bayesian ANOVAs, and Bayesian regressions. The prior for 
t-tests was set to a Cauchy distribution centered on zero with an r width parameter of 0.707. The prior for 
ANOVAs was set to the default Cauchy prior of r = 0.5 for the fixed effects and to a uniform model prior. The 
prior for regressions was set to the default Jeffrey’s–Zellner–Siow prior of r = 0.354 for regression coefficients 
and to a uniform model prior. For ANOVAs and regressions, each model was compared to the null model and 
Bayesian model averaging compared the models with the respective effect to equivalent models without the 
effect (as suggested by Sebastiaan Mathôt). 

Beyond the preregistered analysis, we also included gender as a fixed factor to explore potential gender 
differences. The results revealed a gender difference for Hypothesis 1, while Hypotheses 3 and 4 produced 
similar outcomes regardless of gender (see Supplementary Materials 2 for details). 
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Results 

All material, data, and analysis scripts are openly shared on OSF (https://osf.io/9tvxh/).  

Age-dependent changes of math self-concept and math anxiety 

For H1, Bayesian regressions on math self-concept and math anxiety were conducted with age group as a linear, 
logarithmic and quadratic predictor. Furthermore, Bayesian ANOVAs on math self-concept and math anxiety 
were conducted with age group as a between-subject factor. 

For math self-concept, the regression favored the linear model (BF10 > 100), indicating strong evidence for a 
linear negative relation between age group and math self-concept (see Figure 1A; Supplementary Materials, 
Table S3). Math self-concept decreased over the lifespan, with a mean coefficient of -0.060, however, the 
evidence for this effect was inconclusive (BFincl = 1.871). The ANOVA results for age group were inconclusive 
(BF₁₀ = 1.77, BF₀₁ = 0.57; see Supplementary Materials 1, Table S4).  

For math anxiety, the regression favored the linear model (BF10 > 100), indicating strong evidence for a linear 
relation between age group and math anxiety (see Figure 1B; Supplementary Materials 1, Table S5). Math 
anxiety increased over the lifespan, with a mean coefficient of 0.081, however, the evidence for this effect was 
inconclusive (BFincl = 2.35). The ANOVA results revealed strong evidence for the impact of age group on math 
anxiety (BF₁₀ = 12.40). Post-hoc comparisons showed moderate or strong evidence that math anxiety was higher 
in all adult groups compared to children, and in older adults compared to both adolescent groups (see 
Supplementary Materials, Table S6). 

Figure 1. Lifespan development of math self-concept and math anxiety 

 

Notes. Linear trends for a decrease in math self-concept (A) and an increase in math anxiety (B) over the 
lifespan. Error bars represent the standard error of the mean (SE).  
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Relations between concepts 

For H2, Bayesian correlations of math self-concept, math anxiety, arithmetic performance, and the arithmetic 
complexity effect were evaluated for each age group and across groups. 

Math self-concept and math anxiety. Strong negative correlations between math self-concept and math anxiety 
were observed both within and across all age groups (see Table 2), indicating that a lower math self-concept was 
associated with higher levels of math anxiety, independent of age.  

Math self-concept and arithmetic performance. The correlations between math self-concept and reaction time 
were inconclusive within all age groups, except for younger adults, where a lower math self-concept was 
associated with slower responses in arithmetic. Similarly, the correlations between math self-concept and error 
rate were inconclusive, except for older adolescents, where a lower math self-concept was associated with more 
errors in arithmetic. 

Math anxiety and arithmetic performance. The correlations between math anxiety and arithmetic performance 
(reaction time and error rate) were inconclusive both within and across all age groups, except for older adults, 
where higher math anxiety was associated with slower responses in arithmetic. 

Math self-concept and complexity effect. The correlations between math self-concept and complexity effect in 
terms of reaction time and error rate were inconclusive within all age groups, except for younger adults, where 
a lower math self-concept was associated with a larger complexity effect (reaction time & error rate) in arithmetic.  

Math anxiety and complexity effect. The correlations between math anxiety and complexity effect (reaction time 
and error rate) were inconclusive both within and across all age groups, except for younger adults, where higher 
math anxiety was associated with a larger complexity effect (error rate) in arithmetic. 

As there was no consistent pattern of correlations of math self-concept and math anxiety to performance, we 
further explored efficiency scores to address possible speed-accuracy trade-offs. However, the results were 
similar (see Supplementary Materials 3, Table S18).   

 

Table 2. Correlations within and across six age groups 

 children younger 
adolescents 

older 
adolescents 

younger 
adults 

middle-
aged 
adults 

older 
adults 

overall 

math self-concept 
& math anxiety 

-0.552 ** -0.437 * -0.626 *** -0.708 *** -0.720 *** -0.760 *** -0.688 *** 

math self-concept 
& reaction time 

0.178 -0.123 -0.188 -0.445 ** -0.240 -0.239 -0.023 

math self-concept 
& error rate 

-0.259 -0.163 -0.491 ** -0.081 -0.120 -0.118 -0.083 

math anxiety  
& reaction time 

-0.130 0.169 -0.068 0.261 0.018 0.367 * -0.026 

math anxiety  
& error rate 

0.249 -0.056 0.140 0.094 0.090 0.096 -0.013 

math self-concept 
& complexity 
effect (RT) 

0.199 -0.014 -0.015 -0.364 * -0.218 -0.045 -0.083 

math self-concept 
& complexity 
effect (ER) 

0.039 -0.266 -0.023 -0.354 * -0.344 -0.176 -0.179 
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math anxiety & 
complexity effect 
(RT) 

-0.153 0.242 -0.233 0.316 0.062 0.111 -0.048 

math anxiety& 
complexity effect 
(ER) 

0.032 -0.007 -0.135 0.375 * 0.230 0.054 0.085 

Notes. * BF10 > 3, ** BF10 > 30, *** BF10 > 100 

 

Figure 2. Relations between math self-concept and math anxiety in each age group 

 

Notes. Evidence supporting the negative correlation between math self-concept and math anxiety in each age 
group. 

 

Age-dependent changes in relation of math self-concept and math anxiety to arithmetic performance 

For H3, Bayesian ANCOVAs on arithmetic performance (error rate and reaction time) were conducted with age 
group as a between-subject factor, math self-concept and math anxiety as covariates, and their interactions with 
age group.1 

 
1 It was further planned to compare correlations pairwise between adjacent age groups; however, this analysis 
was not conducted due to the lack of correlations with arithmetic performance. 
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For error rate, the model including age group and math self-concept showed strong evidence (BF₁₀ > 100; see 
Supplementary Materials 1, Table S7). Evidence was strong for the effect of age group (BFincl > 100), indicating 
that middle-aged adults and children exhibited the highest error rates, whereas adolescents and younger adults 
performed more accurately (cf. Avcil & Artemenko, 2025). Evidence was moderate for the effect of math self-
concept (BFincl = 5.39), indicating that individuals with lower math self-concept showed higher error rates. 

For reaction time, similarly, the model including age group and math self-concept showed the strongest evidence 
(BF₁₀ > 100; see Supplementary Materials 1, Table S8). Evidence was strong for the effect of age group (BFincl > 
100), indicating that reaction time decreased from childhood to younger adulthood but increased again in middle-
aged and older adults (cf. Avcil & Artemenko, 2025). However, evidence was inconclusive for the effect of math 
self-concept (BFincl = 1.30, BFexcl = 0.75).  

 

Interactions of arithmetic complexity with math self-concept and math anxiety 

For H4, Bayesian ANCOVAs on the arithmetic complexity effect (error rate and reaction time) were conducted 
with age group as between-subject factor, math self-concept and math anxiety as covariates, and their 
interactions with age group.  

For error rate, the model including age group and math self-concept showed strong evidence (BF₁₀ = 71.91; see 
Supplementary Materials 1, Table S9). Evidence was moderate for the effect of age group (BFincl = 3.74; cf. 
Avcil & Artemenko, 2025) and strong for the effect of math self-concept (BFincl = 46.00), indicating that a lower 
math self-concept was associated with a larger arithmetic complexity effect (see Figure 2). 

For reaction time, the model with age group only showed the strongest evidence (BF₁₀ > 100; see Supplementary 
Materials 1, Table S11), and evidence was strong for the effect of age group (BFincl > 100; cf. Avcil & Artemenko, 
2025).  

 

Figure 2. Math self-concept predicts arithmetic complexity effects 
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Discussion 

The goal of this study was to investigate the development of math anxiety and math self-concept, as well as their 
relationship to math performance, across different age groups. We have three main findings: (1) Math self-
concept decreases and math anxiety increases across lifespan. (2) Math self-concept and math anxiety are 
consistently negatively related across the lifespan. (3) Math self-concept can predict arithmetic performance 
(error rate) and the complexity effect (error rate). 

 

Developmental trajectories of math self-concept and math anxiety 

Interestingly, our data revealed a linear decline in math self-concept and a linear increase in math anxiety 
throughout the lifespan. It means that as individuals age, they become less confident in their math-related abilities 
while experiencing higher anxiety. This development confirms previous research on childhood and adolescence 
(e.g., Ahmed, 2018; Lehikoinen et al., 2024), but it contradicts our and others’ expectations for adulthood. Our 
data strongly suggest that findings from younger adults can not simply be generalized to adulthood, as they may 
underestimate math anxiety and overestimate math self-concept in older adults. Which underlying factors can 
explain this pattern? 

The internal/external frame of reference model suggests that the self-concept is shaped by both individual ability 
and comparative evaluations within different academic domains (Marsh, 1986). During development, children 
develop a clearer understanding of their strengths and weaknesses and their self-concept is increasingly 
influenced by their performance relative to peers. This may explain why math self-concept declines despite 
stable or improving mathematical skills (for arithmetic performance see Avcil & Artemenko, 2023). The decline 
in math self-concept may thus be driven by increasing social comparisons and performance evaluations, 
particularly during adolescence, when academic settings shift from learning oriented environments to more 
competitive and norm-referenced assessments (Fredricks & Eccles, 2002).  

Similarly, the developmental increase in math anxiety from children to adults corroborates previous research 
(Birgin et al., 2010; Hembree, 1990; Krinzinger et al., 2009). As students progress through school, they face 
more complex math content, frequent testing, and increased academic competition. Moreover, adolescents and 
adults are more aware of the broader implications of math performance for academic and career prospects. Both 
of these amplify anxiety (Ashcraft & Krause, 2007; Dowker et al., 2016; Maloney & Beilock, 2012). On the 
other hand, negative experiences, such as repeated failure, discouraging feedback, or societal stereotypes, further 
reinforce math anxiety (Beilock et al., 2010; Ramirez et al., 2018).  

Unexpectedly, the assumed stability of self-concept in adulthood obtained in some other studies (Jameson & 
Fusco, 2014; Skaalvik & Skaalvik, 2005) was not evident in our data. Instead, math self-concept continued to 
decline, while math anxiety increased—contrary to expectations that math-related attitudes would improve as 
adults move away from formal education and self-select into vocational paths that minimize their engagement 
with mathematics. One possible explanation for why prior studies found stability, while we observed change, 
lies in the age distribution of the samples used in previous research. Many studies on math self-concept and math 
anxiety in adults have primarily focused on younger and middle-aged adults, often excluding older adults (e.g., 
above 60 years) from their samples. However, research indicates that while personality traits and self-concept 
undergo notable changes in young adulthood (ages 20–40 years), they continue evolving into middle and old age 
(Roberts & Mroczek, 2008), so that restricting the sample to younger age groups may lead to incorrect 
conclusions.  

Cognitive aging may play a critical role in the development of math self-concept and math anxiety. Aging is 
associated with a decline in self-efficacy in cognitively demanding domains (Seeman et al., 1996), and this 
decline in self-efficacy can induce a decline in self-concept (Granello et al., 2025). Moreover, working memory 
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declines during aging, making it more difficult to efficiently process complex numerical information (Salthouse, 
1996). This cognitive decline may contribute to heightened anxiety when solving arithmetic problems, as older 
adults may struggle to maintain and manipulate numerical information in real time. While accuracy was 
preserved during aging, our study also found an age-related decline in reaction time across the lifespan, reflecting 
a slowdown in processing speed (Avcil & Artemenko, 2023). This indicates that older adults often adopt strategic 
adjustments to maintain performance despite cognitive slowing (Lemaire, 2024). 

Notably, our exploratory analysis showed that age-related trajectories of math self-concept and math anxiety are 
not consistent for different levels but that developmental changes rather occur in math-anxious individuals (see 
Supplementary Materials 3, Figure S6). These findings underscore the importance of individual differences in 
shaping the developmental trajectories of math-related attitudes, recommending further research on potential 
moderating variables, such as educational background, career paths, and cultural influences. 

Persistent association between math self-concept and math anxiety 

Similar to the parallel development, a strong and stable negative correlation between math self-concept and math 
anxiety was observed across all age groups, suggesting that individuals with higher self confidence in math tasks 
show lower math anxiety levels (see also Ahmed et al., 2012). Therefore, interventions on supporting math self-
concept in early education may help mitigating the increase of math anxiety (Gaspard et al., 2015).  

Surprisingly, despite the strong link between math self-concept and math anxiety, their relation to math 
performance was not consistently found for all age groups (see also Douglas, 2000; Möller & Trautwein, 2009). 
As reliability was rather low in children and younger adolescents, particularly for math anxiety, we recommend 
using adjusted questionnaires (e.g., Carey et al., 2017) for lifespan research. After the attenuation correction for 
reliability, the correlations among math anxiety, math self-concept and math performance improved slightly (see 
Supplementary Materials 3, Table S19).   

Math self-concept as a predictor of arithmetic complexity effects 

Math self-concept significantly predicted arithmetic complexity effects, particularly in error rates, indicating that 
individuals with lower math self-concept show larger complexity effects. This corresponds to previous research 
showing that individuals with higher math self-concept tend to perform better in complex arithmetic tasks (Cai 
et al., 2018). In contrast, our results did not provide conclusive evidence for the anxiety-complexity effect (Huber 
& Artemenko, 2021), contrasting with prior studies suggesting that math anxiety disrupts working memory and 
impairs problem-solving efficiency (Ramirez et al., 2018). When math self-concept and math anxiety were both 
put into concurrency in predicting the carry and borrow effects, math self-concept instead of math anxiety was 
found to be related with the drop in performance caused by the carry and borrow operations (see also Artemenko 
et al., 2021). 

Besides methodological limitations, a possible explanation for this discrepancy is that perceived competence 
(math self-concept) plays a more direct role in managing cognitive load during arithmetic processing than 
affective responses like anxiety. This interpretation aligns with the self-efficacy theory, which suggests that 
individuals with a strong belief in their abilities are more likely to persist in challenging tasks and employ 
effective problem-solving strategies (Bandura, 1994). Supporting this view, research has shown that 
discrepancies between state and trait math anxiety are closely linked to self-concept, further emphasizing its role 
in shaping an individual’s real-time emotional and cognitive responses to math-related challenges (Roos et al., 
2015). 

 

Limitations 



 15 

While this is the first lifespan study on math self-concept and math anxiety, several limitations should be 
acknowledged: First, the study relies on a cross-sectional design, which limits inferences on developmental 
changes over time and is at risk for cohort effects due to changes in school education. Second, the reliability for 
the questionnaire on math anxiety was relatively low in children and adolescents, recommending alternative or 
adjusted questionnaires for future lifespan studies. Third, the sample was drawn from the German educational 
system, which may limit the generalizability of the findings to other cultural or educational contexts. Math self-
concept and math anxiety are known to be influenced by cultural factors, such as societal attitudes toward 
mathematics and gender stereotypes (Rossi et al., 2022). Future cross-cultural studies could explore how these 
constructs develop in different educational systems and cultural backgrounds.  

 

Conclusions  

This study provides important insights into the lifespan development of math self-concept and math anxiety, as 
well as their interrelation. Our findings indicate that math self-concept declines while math anxiety increases 
across the lifespan, with a stable negative association between these constructs. Our results highlight the 
particular role of aging in understanding the lifelong trajectory of math-related traits, as negative attitudes 
towards mathematics do not just grow out but rather intensify up to old age. This suggests that research 
neglecting older adults and focusing solely on younger adults may overestimate stability in adulthood. Moreover, 
perceived competence in math may be more influential in handling complex arithmetic tasks than affective 
responses such as anxiety. Hence, there is a need for early interventions to foster a positive math self-concept 
and reduce math anxiety, as these constructs play a crucial role in shaping mathematical engagement and 
performance.  
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Abstract 

Arithmetic is represented in a fronto-parietal network. When the complexity in multi-digit 
arithmetic increases, the question arises whether primarily domain-general processing demands 
are increased, such as working memory in the frontal cortex, or also domain-specific processing 
demands, such as magnitude and place-value processing in the parietal cortex. This study 
addressed this question using functional near-infrared spectroscopy (fNIRS) to evaluate the neural 
correlates of multi-digit arithmetic in a written production paradigm. During fNIRS, adults 
(behavior: N = 48; fNIRS: N = 46) solved three-digit addition and subtraction problems with no, 
1, or 2 carry or borrow operations, reflecting task complexity. At the behavioral level, complexity 
was reflected by reduced performance, i.e., lower accuracy and longer reaction times. At the neural 
level, fNIRS results revealed main effects of complexity in the bilateral fronto-parietal network of 
arithmetic processing, particularly in the bilateral inferior frontal gyrus (IFG), middle frontal gyrus 
(MFG), intraparietal sulcus (IPS), angular gyrus (AG), and supramarginal gyrus (SMG). Working 
memory differentially buffered complexity effects: larger verbal memory was linked to smaller 
accuracy costs and less frontal recruitment, whereas larger visuospatial memory was linked to less 
parietal recruitment. Together, these results show that the difficulty of multi-digit arithmetic relies 
on the bilateral fronto-parietal network, reflecting the joint contribution of domain-general and 
domain-specific processes.   

 

Keywords: 

multi-digit arithmetic, carry effect, borrow effect, fNIRS, complexity, working memory, fronto-
parietal network 

 

Introduction 

Multi-digit arithmetic is a cognitively demanding skill that plays a crucial role in both educational 
and everyday contexts. It requires the integration of multiple processes, including working 
memory, place-value understanding, and carry/borrow procedures. Despite its importance, our 
understanding of how the brain manages these complex operations remains limited. In the field of 
educational neuroscience, bridging this knowledge gap is essential, as it can offer insights that 
impact mathematics education. As AI-driven tutoring and assessment become increasingly 
common, understanding the neural basis of human arithmetic can inform the design of intelligent 
learning systems and provide benchmarks for evaluating AI performance against human cognition. 
Traditionally, neuroimaging studies have predominantly focused on single-digit arithmetic and 
employed simplified yes/no verification paradigms due to methodological constraints, which may 
deviate from brain activation during arithmetic tasks in natural settings (Uittenhove et al., 2015; 
Yao et al., 2025). Functional near-infrared spectroscopy (fNIRS) enables the implementation of 
production paradigms in arithmetic research, as it is relatively motion-insensitive, applicable in 
upright positions and naturalistic settings (Soltanlou et al., 2018).  



Arithmetic relies on a fronto-parietal network (Istomina & Arsalidou, 2024) that integrates 
domain-general cognitive processes and domain-specific numerical processes. Within the two-
network framework 11/11/2025 23:38:00, this fronto-parietal network is associated with 
magnitude processing, centred around the intraparietal sulcus (IPS) and connected to prefrontal 
areas. The prefrontal areas include the inferior frontal gyrus (IFG) and middle frontal gyrus (MFG), 
which are mainly associated with domain-general processes such as working memory and 
executive control used to temporarily store and manipulate intermediate results during multi-step 
calculations. On the other hand, the IPS is primarily associated with domain-specific processes, 
such as number magnitude and place-value processing (Arsalidou & Taylor, 2011; Emerson & 
Cantlon, 2012; Park & Brannon, 2014). 

In two-digit arithmetic, complexity increases when carry or borrow operations are necessary and 
thus computations across place-values (Nuerk et al., 2015): The carry operation in addition is 
required when the sum of the units of operands exceeds 9, with a decade to be carried over (e.g., 
36 + 27) and, similarly, the borrow operation in subtraction is required when the unit of the 
subtrahend is larger than the unit of minuend and hence a decade has to be borrowed (e.g., 63 – 
27). Behaviorally, the carry effect in addition and the borrow effect in subtraction increase 
arithmetic difficulty in terms of accuracy and response times (Artemenko, 2018; Imbo & LeFevre, 
2010; Moeller et al., 2011) and reflect the demands of place-value computation (Nuerk et al., 2015). 
However, previous findings based on single- and two-digit arithmetic (Kong et al., 2005; Yi-Rong 
et al., 2011) cannot be directly generalized to multi-digit arithmetic, as behavioral studies suggest 
that different strategies and cognitive demands are involved (Bahnmueller et al., 2015; Meyerhoff 
et al., 2012). The cognitive demands associated with carry and borrow operations increase with 
the number of place-value transformations (Imbo et al., 2005). This is evident in three-digit 
arithmetic: a single problem may involve no, 1 or 2 carry/borrow operations (e.g., 425 + 512 needs 
no carry, 548 + 236 needs 1 carry, 152 + 569 needs 2 carries), and each additional operation 
requires an extra place-value shift and storage of intermediate digits (Imbo et al., 2007b; Selter, 
2001). Therefore, explicitly manipulating the number of carry/borrow operations provides test of 
how domain-specific place-value processing and domain-general working memory demands 
jointly contribute to arithmetic complexity. 

Neuroimaging evidence indicates that carry and borrow operations elicit activation within the 
fronto-parietal network of arithmetic processing. Frontal regions are particularly sensitive to 
increased task demands due to arithmetic complexity. Increased activation in the left IFG and MFG 
has been observed during problems requiring carry or borrow, reflecting elevated demands on 
working memory and cognitive control (Verner et al., 2013). At the same time, there is some 
evidence for the involvement of the IPS in carry and borrow operations, consistent with increased 
numerical magnitude and place-value processing demands (Artemenko et al., 2015; Klein et al., 
2010). These mechanisms are expected to play an even greater role in three-digit arithmetic, where 
multiple carry and borrow operations can occur within a single problem (Butterworth et al., 2001; 
Imbo et al., 2007a). However, no neuroimaging study to date has examined how these regions 
contribute to multiple carry or borrow steps – operations that substantially increase task complexity 



in multi-digit arithmetic. The question is whether processing this increased complexity exclusively 
relies on frontal resources or also affects IPS activation (even if problem size is controlled for). 

Beyond the complexity introduced by carry and borrow operations, research has revealed 
systematic differences between arithmetic operations like addition and subtraction. Educational 
studies showed that subtraction is particularly problematic for many students (Narciss & Huth, 
2006; Riccomini, 2005). Specifically, solving subtraction problems is more prone to errors and 
takes longer than solving addition problems (Artemenko, Soltanlou, Dresler, et al., 2018; Yao et 
al., 2025). Neuroimaging studies have demonstrated that both addition and subtraction operations 
recruit the fronto-parietal network (Istomina & Arsalidou, 2024). However, some research showed 
that subtraction elicits more bilateral activation across frontal and parietal cortices, including the 
IPS and the supramarginal gyrus (SMG, e.g., Montefinese et al., 2017), suggesting higher 
cognitive demands (Rosenberg-Lee et al., 2011). These findings suggest more intensive 
recruitment of neural resources during subtraction. While subtraction may involve more diffuse or 
bilateral activation, findings that link addition to left-lateralized activity in the angular gyrus (AG) 
typically use single-digit addition problems that might be solved by fact-retrieval (Grabner et al., 
2009), which should not be uncritically generalized to multi-digit arithmetic. These findings 
(Artemenko et al., 2015; Artemenko, Soltanlou, Dresler, et al., 2018; Yi-Rong et al., 2011) indicate 
heterogeneous lateralization across studies and underscore the need for further investigation of 
arithmetic operations, particularly within multi-digit arithmetic.  

Arithmetic requires working memory – especially for the carry and borrow operations, which 
necessitate the temporary storage and manipulation of intermediate results (Imbo et al., 2005). 
Dual-task and interference studies using two-digit problems show that particularly carry-related 
performance declines under phonological and visuospatial working memory loads, indicating the 
involvement of multiple working memory subsystems in supporting place-value computations 
(Dai, 2018; Imbo et al., 2005; Nuerk et al., 2001). Besides, neural research showed that higher 
verbal working memory capacity was associated with a larger neural carry effect in the left IFG 
(i.e., greater differential activation for carry vs. non-carry problems) and improved behavioral 
outcomes, suggesting that individuals with higher working memory capacity flexibly recruit 
additional frontal resources when faced with increased arithmetic difficulty (Artemenko et al., 
2018). This indicates that higher working memory capacity allows for the recruitment of frontal 
resources to meet increased arithmetic demands, but it is unclear how the underlying processes are 
for multi-digit arithmetic, which is even more complex.  

Although previous behavioral and neuroimaging studies indicate that carry and borrow operations 
increase working memory demands and recruit frontal and parietal regions in two-digit arithmetic, 
it remains unclear whether these effects generalize to three-digit arithmetic where multiple 
carry/borrow steps can co-occur within a single problem. The current study aims to investigate 
whether the difficulty of multi-digit arithmetic is mainly processed in domain-general frontal areas 
or also in domain-specific parietal areas. Given the limitations of traditional neuroimaging 
techniques, the current study uses fNIRS to assess multi-digit arithmetic in an ecologically valid 



production paradigm (cf. Artemenko, 2018; Yao et al., 2025). Based on previous research, we 
preregistered (https://osf.io/ef3aw/) three hypotheses using the preregistration template for fNIRS 
studies (Schroeder et al., 2023): Regarding arithmetic complexity, we expect a carry effect in 
multi-digit addition and a borrow effect in multi-digit subtraction, with arithmetic performance 
decreasing and brain activation increasing (especially in left IFG, bilateral MFG, and left IPS) as 
the number of carry or borrow operations increases (0, 1, 2). Regarding arithmetic operation, we 
expect performance in subtraction to be worse than in addition, with subtraction eliciting more 
bilateral fronto-parietal activation, whereas addition is expected to be predominantly left-
lateralized. Furthermore, we expect the carry and borrow effects in multi-digit arithmetic to be 
associated with working memory both on a behavioral (performance) and on a neural level (frontal 
activation), beyond the general relation between multi-digit arithmetic and working memory. 

 
Methods 
 
Participants. A total of N = 55 adults (19 male, 36 female; age: M = 23.98 years, SD = 3.85 years) 
were recruited via the university’s list mailing system. All participants were right-handed, aged 
between 18 and 40 years, had normal or corrected-to-normal vision, and reported no history of 
neurological, mental or learning disorders. Following pre-specified exclusion criteria, participants 
were excluded due to drop out (n = 1), due to low task performance (accuracy < 50%; n = 0) or 
reaction time (RT) outliers (Median ± 3 MAD; n = 6). Furthermore, additional participants were 
excluded from the fNIRS data analysis due to insufficient data (> 50% missing trials per condition; 
n = 0) or poor signal quality (> 3 noisy channels; n = 2). Thus, the final sample consisted of N = 
48 participants for behavioral analysis and N = 46 participants for neural analysis. For participation, 
participants received either course credits or monetary compensation. The study was approved by 
the local ethics committee for psychological research of the University of Tuebingen and was in 
accordance with the latest version of the Declaration of Helsinki.  

 

Materials. The mental arithmetic task consisted of three-digit addition and subtraction problems, 
each categorized into three levels of complexity. For addition, three levels of complexity were 
defined according to the number of carry operations (0, 1, 2): no carry operation, 1 carry operation 
either at the decade position or at the hundred positions, carry operations at both the decade and 
hundred positions (see Table 1 for examples). For subtraction, three levels of complexity were 
defined according to the number of borrow operations (0, 1, 2), corresponding to inverse addition 
problems (also see Table 1 for examples). All conditions were matched for stimulus properties, 
i.e., the mean of the two addends was matched across conditions (M = 375 for each addend, M = 
750 for the sum), and the position of the larger addend was counterbalanced. Each arithmetic 
operation included 96 trials, in equal parts including problems without carry/borrow, with 
carry/borrow at the decade position only, with carry/borrow at the hundred position only, and with 
carry/borrow at both the decade and the hundred positions. For analysis, the decade-only and 
hundred-only carry/borrow problems were merged into the complexity 1 level. 

https://osf.io/ef3aw/


The mental arithmetic task was programmed using OpenSesame (version 3.3.10). Participants 
were instructed to solve each problem as accurately and quickly as possible in a computerized 
written production paradigm, by typing their answers into a number keyboard. Each trial began 
with a fixation dot presented for 500 ms, followed by the arithmetic problem, which remained on 
screen until the participant started a response. During the response, the problem disappeared, the 
entered digits for the response were neither visible nor editable, and there was no time limit for 
typing the response. Trials were separated by a 10 s inter-trial interval, jittered between 9 and 11 
s. 

 

Table 1. Arithmetic problem examples for addition and subtraction varying in complexity. 

complexity addition subtraction 

0 (no carry/borrow) 425 + 512 937 – 425 

1 (carry/borrow at the decade position) 548 + 236 784 – 548 

1 (carry/borrow at the hundred position) 246 + 482 728 – 246 

2 (carry/borrow at both positions) 152 + 569 721 – 152 

 

Procedures. Participants completed two experimental sessions on separate days, separating the 
different arithmetic operations (addition vs. subtraction). The order of sessions was 
counterbalanced across participants and the order of trials randomized within each session. During 
each session, participants performed the arithmetic task while brain activation was recorded using 
fNIRS in a dimly lit room. After the second session, participants completed both forward and 
backward versions of the Letter Span Test and the Corsi Block-Tapping Test (see also in 
Artemenko et al., 2018). The forward version of the Letter Span Test assesses verbal short-term 
memory and the backward version verbal working memory (Conway et al., 2005). Similarly, the 
forward version of the Corsi Block-Tapping Test assesses visuospatial short-term memory and the 
backward version visuospatial working memory (Berch et al., 1998). Additionally, state and trait 
math anxiety, test anxiety, math self-concept, and math motivation were assessed via standardized 
questionnaires, but not considered in the current study. 

fNIRS data acquisition. fNIRS measures cortical activation by means of changes in oxygenated 
(HbO) and deoxygenated haemoglobin (HbR) concentrations (Ferrari & Quaresima, 2012; 
Scholkmann et al., 2014). Brain activation was recorded using the ETG-4000 Optical Topography 
System (Hitachi Medical Corporation, Tokyo, Japan) in a dimly lit room. Continuous wave laser 
diodes with wavelengths of 695 ± 20 nm and 830 ± 20 nm were used as light sources, with a 
sampling rate of 10 Hz. The optode arrangement comprised 10 sources and 8 detectors, forming 
16 channels covering frontal and parietal brain areas in both hemispheres: 3 parietal channels (IPS, 
SMG, AG) and 5 frontal channels (MFG, IFG) per hemisphere (see Figure 1). The channels were 



mapped on the brain based on standard virtual registration methods (Tzourio-Mazoyer et al., 2002) 
using the automated anatomic labeling (AAL) atlas.  

Data analysis.  

Statistical analysis 

Behavioral data analysis. Behavioral data were analysed using 2 × 3 repeated-measures ANOVAs 
with operation (addition vs. subtraction) and complexity (0, 1, 2 carry/borrow operations) as 
within-subject factors. Accuracy (ACC) and reaction time (RT) were used as dependent measures. 
The analyses were conducted using JASP (Jeffrey’s Amazing Statistics Program, version 0.95, 
JASP Team, 2025) (https://jasp-stats.org/). Trials were excluded in case of unexpected events (0% 
for both addition and subtraction), RTs shorter than 200 ms (anticipatory responses, 0%), or RTs 
that deviated more than ±3 median absolute deviations (MAD) from the subject’s median RT (2.93% 
for addition and 2.45% for subtraction). Accuracy was calculated as the proportion of correct 
responses among the remaining valid trials. 

fNIRS analysis. fNIRS data were analysed by using the NIRS Brain AnalyzIR Toolbox (Santosa 
et al., 2018) based on MATLAB (The Mathworks Inc, Natick, MA, USA). As preregistered, the 
fNIRS data were preprocessed using a standard pipeline, including visual inspection, temporal 
derivative distribution repair (TDDR) for motion artifact correction, and low pass filtering at 0.2 
Hz. Optical density data were converted into concentration changes in oxygenated (ΔHbO) and 
deoxygenated (ΔHbR) haemoglobin via the modified Beer–Lambert law (Scholkmann et al., 2013). 
To further account for interindividual variability, each subject’s haemoglobin time series was z-
scored on a channel-wise basis. Although this step was not preregistered, we considered it essential 
for ensuring comparability across participants.  

Task-related responses were estimated at the subject level using a canonical hemodynamic 
response function within an AR-IRLS GLM framework with prewhitening and third-order 
Legendre polynomial drift removal (AR-IRLS; Barker et al., 2016). The canonical peak-time 
parameter was set to 9 s, based on the group average peak latency, to achieve optimal model fit. 
Resulting β-weights for ΔHbO and ΔHbR were exported for each subject, channel and condition. 
At the group level, we performed 2 × 3 repeated-measures ANOVAs with operation (addition vs. 
subtraction) and complexity (0, 1, 2) on channel-wise β estimates for ΔHbO and ΔHbR using 
custom MATLAB scripts, with FDR-correction across all channels (α = .05). No significant effects 
were observed in this preregistered confirmatory analysis (see Table S3 & S4 in Supplementary 
Materials). One possible explanation is that model-based approaches such as the GLM, which rely 
on a predefined hemodynamic response function, may be less sensitive to condition-related 
differences when interindividual variability in response timing or shape is high. Another possibility 
is that β-values were uniformly high across all conditions, such that no differences could be 
detected in this cognitively demanding task.  

In fNIRS research, block average is widely regarded as a standard and robust method (Ortega-
Martinez et al., 2022), as it avoids assumptions about the hemodynamic response function and is 



less affected by parameter choices compared to GLM or FIR models. In line with this interpretation 
but deviating from the preregistration, we changed our analytic approach and chose to analyse the 
mean amplitude in a block-average approach, which is meant to be more robust to detect activation 
changes (Ortega-Martinez et al., 2022). In a block-average approach, haemoglobin responses were 
analysed in the time window [−3 20] s, with mean amplitudes determined for HbO and HbR within 
[5 15] s after stimulus onset, baseline-corrected to the 3 s preceding stimulus onset. The same 2 × 
3 ANOVAs with operation (addition vs. subtraction) and complexity (0, 1, 2) were conducted for 
mean amplitude for each channel. FDR-correction was applied across all channels (α = .05), 
yielding q values. Post-hoc pairwise comparisons for the main effect of complexity were 
conducted, their p values were Bonferroni-adjusted within channel across the three contrasts. 

Brain-behaviour correlations. To assess brain-behaviour relationships, Pearson correlation 
analyses were conducted between individual working memory capacity (verbal and visuospatial 
short-term and working memory) and behavioral and neural complexity effects using JASP. 
Behavioral complexity effects reflect differences in reaction time and accuracy across levels, with 
the difference from complexity level 0 to 1 capturing the first carry/borrow effect and the shift 
from level 1 to 2 capturing the second carry/borrow effect. The carry/borrow effects were 
calculated for ACC (ΔACC0 to 1 = ACC0 – ACC1 and ΔACC1 to 2 = ACC1 – ACC2) and RT (ΔRT0 

to 1 = RT1 – RT0 and ΔRT1 to 2 = RT2 – RT1). Neural complexity effects reflect mean changes in 
HbO and HbR. For HbO, the carry/borrow effects were calculated as ΔHbO0 to 1 = HbO1 – HbO0 
and ΔHbO1 to 2 = HbO2 – HbO1. For HbR, the effects were calculated in the opposite direction, i.e., 
ΔHbR0 to 1 = HbR0 – HbR1 and ΔHbR1 to 2 = HbR1 – HbR2. Deviated from our preregistration, we 
initially planned to perform multiple regression analyses including complexity levels (0,1,2) and 
four memory measures (verbal/visuospatial short-term/working memory) as predictors, together 
with their interactions, for all dependent variables. In the final analyses, we instead computed 
subject-level complexity deltas (ΔACC/ ΔRT/ ΔHbO/ ΔHbR) and correlated them with memory 
scores. This change was made to avoid collinearity among the memory measures and instability 
of higher-order interactions given the sample size, and to better capture our theoretical focus on 
between-person modulation of within-person complexity effects. Inference thus concerns 
associations with summary complexity effects rather than trial-level interactions. 

 
Figure 1. fNIRS probe sets covering the bilateral fronto-parietal brain network 



 
Notes. The figure is adapted from Artemenko (2021). The probesets were fixed at P3/P4 and 
oriented towards F3/F4; the positions of channels and optodes (sources and detectors) including 
empty positions are marked.  Abbreviations of the channel labels: IFG – inferior frontal gyrus, 
MFG – middle frontal gyrus, SPL/IPS – superior parietal lobule/intraparietal sulcus, SMG – 
supramarginal gyrus, AG – angular gyrus. 
 
Results 
 
Behavioral results 
 
The descriptive data for accuracy and reaction time can be found in Supplementary Materials, 
Table S1. Data, analysis scripts, and materials will be openly shared at 
https://osf.io/ef3aw/overview following publication. 
 
The ANOVA on accuracy revealed significant main effects of operation, F(1, 47) = 17.79, p < .001, 
η²p = 0.275, and complexity, F(2, 94) = 38.95, p < .001, η²p = 0.453 (see Figure 2). Accuracy was 
generally higher (t = 4.22, p < .001, Cohen’s d = 0.42) for addition (M = 0.92, SD = 0.08) compared 
to subtraction (M = 0.88, SD = 0.11). Additionally, accuracy declined as complexity increased 
from 0 (M ± SD = 0.96 ± 0.05) to 1 (M ± SD = 0.92 ± 0.07; p < .001) (t = 5.4, p < .001, Cohen’s d 
= 0.45) and from 1 to 2 (M ± SD = 0.87 ± 0.10; p < .001) (t = 4.74, p < .001, Cohen’s d = 0.61) 
carry/borrow operations. The interaction between operation and complexity was not significant, 
F(2, 94) = 1.36, p = .262, η²p = 0.028. 



 
The ANOVA on reaction times revealed significant main effects of operation, F(1, 47) = 57.33, p 
< .001, η²p = 0.550, and complexity, F(2, 94) = 241.44, p < .001, η²p = 0.837. Reaction times were 
faster (t = 7.57, p < .001, Cohen’s d = 0.96) for addition (M ± SD = 6.84 s ± 1.81) than for 
subtraction (M ± SD = 9.06 s ± 2.71). Additionally, reaction time increased as complexity increased 
from 0 (M ± SD = 5.11 s ± 1.20) to 1 (M ± SD = 7.09 s ± 1.82; p < .001) (t = 14.97, p < .001, 
Cohen’s d = 1.07) and from 1 to 2 (M ± SD = 8.33 s ± 2.25; p < .001) (t = 11.35, p < .001, Cohen’s 
d = 0.67) carry/borrow operations. Furthermore, the interaction between operation and complexity 
was significant, F(2, 94) = 22.90, p < .001, η²p = 0.327, indicating that the increase in reaction 
times across complexity levels differed between addition and subtraction. The first carry effect 
from complexity level 0 to 1 was significantly larger than the second carry effect from complexity 
level 1 to 2 in addition (M ± SD carry effect 0 to 1 = 1.99 s  ± 0.96; M ± SD carry effect 1 to 2 = 1.24 s  ± 0.86; 
t = 5.16, p < .001, Cohen’s d = 0.74). Likewise, the first borrow effect from complexity level 0 to 
1 was significantly larger than the second borrow effect from complexity level 1 to 2 (M ± SD 
borrow effect 0 to 1 = 2.93 s ± 1.57; M ± SD borrow effect 1 to 2 = 1.83 s ± 1.51; t = 3.46, p = .001, Cohen’s d 
= 0.50). Critically, borrow effects were significantly larger than the corresponding carry effects at 
both steps (0 to 1: t = 5.13, p < .001, Cohen’s d = 0.74; 1 to 2: t = 2.59, p = .013, Cohen’s d = 0.37), 
explaining the observed interaction between operation and complexity.  
 
  



Figure 2. Behavioral performance in addition and subtraction depending on complexity 
 

 
 
 
fNIRS results 
 
For mean amplitude, significant main effects of complexity were observed in frontal areas 
(bilateral IFG and MFG) and parietal areas (bilateral IPS, left SMG and bilateral AG) for both 
HbO and HbR, and additionally in the right SMG for HbR only (all q < .05, see Table S5 & S6 in 
Supplementary Materials). No significant main effects of operation (addition vs. subtraction) or 
interaction effects between operation and complexity were observed in any channel for either HbO 
or HbR (all q > .05, see Table S5 & S6 in Supplementary Materials). Post-hoc comparisons are 
shown in Figure 3 & 4 for HbO and Figure S1 & S2 for HbR. Overall, in the frontal cortex, bilateral 
MFG and left IFG showed increasing trend for mean amplitude of HbO and decreasing trend for 
mean amplitude of HbR with complexity level increasing from 0 to 2. Right IFG only showed 
mean amplitude of HbO increase and HbR decrease at level 2, whereas level 0 to 1 was not 
significantly different. In the parietal cortex, there was no consistent trend across regions. 
Specifically, no pairwise contrast survived FDR correction in left IPS, whereas in the right IPS, 
HbO increased and HbR decreased from level 0 to 1, with no additional significant change from 1 



to 2. Right AG showed increasing trend for mean amplitude of HbO and decreasing trend for mean 
amplitude of HbR with complexity level increasing from 0 to 2. 

 

Figure 3. Fronto-parietal activation for complexity effects in the left hemisphere (HbO mean 
amplitude)  

 

Notes. Colors on the cortical map denote the F statistic of the main effect of complexity (0/1/2) 
from two-way ANOVAs on HbO mean amplitude at each left-hemisphere channel (warmer colors 
= larger F). Violin plots show participant distributions; black dots indicate means connected by 



lines; asterisks mark Bonferroni-adjusted post-hoc pairwise contrasts (*** p < .001, ** p < .01, * 
p < .05). Descriptive means ± SD for all channels and levels are provided in Table S2.  

 

Figure 4. Fronto-parietal activation for complexity effects in the right hemisphere (HbO mean 
amplitude) 

 

Notes. Colors on the cortical map denote the F statistic of the main effect of complexity (0/1/2) 
from two-way ANOVAs on HbO mean amplitude at each right-hemisphere channel (warmer 
colors = larger F). Violin plots show participant distributions; black dots indicate means connected 



by lines; asterisks mark Bonferroni-adjusted post-hoc pairwise contrasts (*** p < .001, ** p < .01, 
* p < .05). Descriptive means ± SD for all channels and levels are provided in Table S2.  

 

Brain-behavior correlations 

Significant correlations were found between the complexity effects and working memory. At the 
behavioral level, higher verbal short-term memory and working memory were significantly 
correlated with a smaller complexity effect in terms of ΔACC1 to 2 (all p < .05, see Table S7 in 
Supplementary Materials). Additionally, higher visuospatial working memory was significantly 
correlated with smaller complexity effect in terms of ΔACC0 to 1. At the neural level, for HbO, 
higher verbal short-term memory was related to reduced complexity effects in bilateral MFG 
(ΔHbO1 to 2). Higher visuospatial short-term memory was related to reduced complexity effects in 
the right SMG and AG (ΔHbO1 to 2; all p < .05, see Table S8 in Supplementary Materials). For 
HbR, higher verbal short-term memory was related to increased complexity effects in left SMG 
(ΔHbR0 to 1) and higher verbal working memory was related to reduced complexity effects in the 
bilateral SMG (ΔHbR1 to 2). Higher visuospatial short-term memory was related to reduced 
complexity effects in right MFG (ΔHbR0 to 1) and SMG (ΔHbR1 to 2); higher visuospatial working 
memory was related to increased (ΔHbR0 to 1) or reduced (ΔHbR1 to 2) complexity effects in left IFG 
(all p < .05, see Table S9 in Supplementary Materials). All other correlations were not significant 
(see Table S8 & S9 in Supplementary Materials). Collectively, these findings indicate that 
individual differences in working memory capacity modulate fronto-parietal hemodynamic 
responses to arithmetic complexity, with the modulation depending on both the specific brain 
region involved and the type of working memory engaged. 
 

 

Discussion 

In this fNIRS study on multi-digit arithmetic, we investigated whether increases in arithmetic 
complexity (number of carry/borrow operations) predominantly rely on domain-general frontal 
resources or additionally recruit domain-specific parietal magnitude/place-value systems. We 
found that increasing complexity impaired performance (lower accuracy and longer reaction time), 
with stronger reaction time costs for subtraction. At the neural level, higher complexity engaged 
the fronto-parietal network more strongly, particularly in the bilateral IFG and MFG as well as the 
right IPS and AG. Working memory differentially buffered these complexity effects: individuals 
with higher verbal short-term/working memory were better in more complex problems and needed 
less frontal resources (MFG), whereas individuals with higher visuospatial memory needed less 
parietal resources (SMG/AG). 

 

Processing demands of arithmetic complexity  



Our findings indicate strong effects of arithmetic complexity on behavioral performance and the 
associated brain activation during multi-digit arithmetic. With increasing number of carry and 
borrow operations from 0 to 2, each additional step required extra computation in three-digit 
arithmetic, leading to longer reaction times and a higher likelihood of errors (Deschuyteneer et al., 
2005; Imbo et al., 2007b). This increased difficulty elicited greater activation in the fronto-parietal 
network of arithmetic processing, including frontal activation in bilateral MFG and IFG as well as 
parietal activation in SMG, AG and right IPS.  
 
The widespread bilateral activation observed in our study may attribute to the high difficulty and 
processing demands of multi-digit arithmetic, which engage both domain-general frontal and 
domain-specific parietal resources. According to the two-network model of numerical cognition 
(Klein & Knops, 2023), the frontal cortex, particularly the IFG, supports domain-general functions 
such as strategy selection, executive control, and the coordination of multi-step procedures (Owen 
et al., 2005). The MFG is implicated in computations requiring procedural steps like carrying, 
correlating with working memory demands and increased cognitive control (Arsalidou & Taylor, 
2011; Verner et al., 2013). These findings align with our observation that HbO increased (and HbR 
decreased) in bilateral MFG and IFG with task difficulty, reflecting heightened coordination, 
working memory and control efforts.  
 
In contrast, parietal regions are functionally specialized: the IPS is crucial for number magnitude 
processing and specifically right IPS is involved in place-value processing (Artemenko et al., 
2015). The AG and SMG are key components of the network for arithmetic fact retrieval (Klein 
& Knops, 2023). Prior neuroimaging work in two-digit arithmetic has shown that carry/borrow 
manipulations modulate IPS activity. While a predominantly left-hemisphere involvement in the 
IPS is observed in several studies for such operations (e.g., Artemenko et al., 2018; Klein et al., 
2010; Kong et al., 2005), it is important to note that lateralization can vary with task demands and 
problem complexity. For instance, the right IPS becomes more strongly engaged under the most 
challenging combinations of problem size and carry operations (Klein et al., 2010). Our results 
extend this literature to multi-digit arithmetic and indicate stronger recruitment of the right IPS, 
consistent with additional place-value integration demands in more complex computations. 
 
Importantly, problem size was counterbalanced in our design, ruling out numerical magnitude as 
an explanation, which would recruit the left IPS (Ansari, 2007; Bahreini et al., 2023), and 
indicating that the observed effects stem from the additional place-value integration required by 
carry and borrow operations, primarily involving the right IPS (Artemenko et al., 2015). This 
interpretation is supported by our neural pattern, with a selective right-IPS HbO increase and HbR 
decrease when complexity increased from level 0 to level 1. Notably, the right IPS activation in 
our data is categorical: activation increased from no carry/borrow (level 0) to carry/borrow (level 
1), but did not rise further from level 1 to 2. This suggests that the right IPS indicates the need for 
place-value integration rather than the number of carry/borrow steps, consistent with previous 



findings that distinguish categorical from continuous aspects of the carry effect and with causal 
evidence implicating the right parietal cortex in place-value processing (Klein et al., 2010). 
Additional carry/borrow steps may instead load domain-general control and working memory 
supported by prefrontal cortex or the right AG, which could explain the absence of further right 
IPS increases. 
 
Although the fact network is typically engaged in single-digit arithmetic, multi-digit operations 
also rely on arithmetic facts for intermediate steps (sum/difference of the units, decades, hundreds), 
explaining its involvement. Taken together, the processing demands associated with increasing 
arithmetic complexity in multi-digit arithmetic consist of procedural problem-solving and working 
memory processes in the IFG and MFG, place-value integration processes in the right IPS, and 
arithmetic fact knowledge in the AG/SMG. 
 
In summary, higher arithmetic complexity in multi-digit arithmetic necessitates coordinated 
engagement of domain-general and domain-specific processes in the fronto-parietal network, and 
these effects are further modulated by individual working-memory capacity. 
 
The role of working memory 

Beyond the general complexity effects, our findings revealed that individual working memory 
capacity plays a selective buffering role. Behaviorally, higher verbal short-term and working 
memory capacity were associated with smaller accuracy losses from complexity level 1 to 2, 
suggesting that verbal working memory resources (e.g., the phonological loop) facilitate the 
retention and manipulation of intermediate results (e.g., the “carry-over” digit). Higher 
visuospatial working memory were associated with smaller accuracy losses from zero to one 
carry/borrow steps, indicating support at the onset of carry/borrow when column alignment and 
place-value mapping are first required (see Table S7). These associations are consistent with prior 
work linking working memory to performance in complex arithmetic and carry/borrow demands 
(Artemenko, et al., 2018; DeStefano & LeFevre, 2004). 

Neurally, higher verbal short-term memory was linked to weaker complexity-related increases in 
bilateral MFG activation. This pattern is consistent with the idea that individuals with higher verbal 
maintenance capacity require less additional frontal recruitment under increasing carry/borrow 
demands, in line with evidence that frontal cortex (including IFG/MFG) support multi-step 
coordination and executive control during difficult arithmetic (Artemenko, et al., 2018). 

In contrast, higher visuospatial short-term memory was associated with weaker increases in 
parietal regions (right SMG and AG;). This suggests reduced additional parietal recruitment in 
individuals with stronger visuospatial resources, consistent with visuospatial involvement in multi-
digit formatting/alignment and with parietal spatial circuitry engaged during mental arithmetic; 



note that we report visuospatial and verbal associations separately without implying direct 
differences between them (Trbovich & LeFevre, 2003). 

Taken together, these dissociable associations suggest complementary contributions of working-
memory components to complex multi-digit arithmetic: verbal mechanisms may help buffer and 
update carry/borrow digits across steps, whereas visuospatial resources may mitigate the initial 
cost of introducing a carry/borrow (formatting and place-value mapping). This functional 
segregation aligns with established knowledge about working memory and with behavioral 
evidence on distinct verbal and visuospatial roles in complex calculation (Baddeley, 1992; Imbo 
& LeFevre, 2010). It also accords with findings that working-memory capacity predicts 
mathematical competence (Bull et al., 2008; Zhang et al., 2019). While another dual-task study 
have emphasized a predominant visuospatial contribution in multi-digit arithmetic (Clearman et 
al., 2017), our results point to complementary roles of both verbal and visuospatial short-term 
memory as problem complexity increases. These interpretations are correlational and do not imply 
causality. 

Similarities and differences between addition and subtraction 
 
Replicating previous findings (Artemenko et al., 2018; Campbell et al., 2006; Klein et al., 2014), 
both addition and subtraction showed clear arithmetic complexity (carry/borrow) effects. 
Moreover, borrow effects were larger than carry effects. Solving subtraction problems takes longer 
and is more prone to errors than solving addition problems (Campbell, 2008), a disparity that was 
further amplified as problem complexity increased.  
 
Given the typically higher cognitive demands of subtraction compared to addition, the observed 
behavioral pattern might intuitively suggest that subtraction would induce stronger neural 
activation in the brain regions for multi-digit arithmetic processing. However, our fNIRS results 
did not reveal significant operation-specific activation differences within the fronto-parietal 
network. Note that problem size was controlled and our paradigm utilized multi-digit tasks, 
inherently mandating algorithmic, stepwise computation over fact retrieval, thereby likely 
minimizing the strategy variations observed in simpler problems (De Smedt et al., 2011). These 
controls indicate that, for three-digit arithmetic of comparable complexity, addition and subtraction 
engage similar fronto-parietal resources in terms of cortical activation intensity (cf. Arsalidou & 
Taylor, 2011; Dehaene et al., 2003). 
 
Our results of no significant operation-specific activation differences in the measured fronto-
parietal network between addition and subtraction do not rule out operation-specific contributions 
from regions beyond our fNIRS coverage. Previous neuroimaging studies have shown that addition 
and subtraction can engage partly distinct neural networks. For instance, Kong et al. (2005) 
reported separable cortical networks for the two operations, with subtraction recruiting additional 
cortical regions, but no interaction between operation type and carry/borrow complexity. Similarly, 



Yi-Rong et al. (2011) demonstrated partially distinct addition and subtraction networks, with 
subtraction involving subcortical structures, and purposely designed their study to avoid 
confounding by carry/borrow factors. Other work has implicated anterior cingulate cortex and the 
medial prefrontal cortex in arithmetic operations (Istomina & Arsalidou, 2024), basal ganglia in 
rule-based/procedural aspects of calculation (Gullick & Wolford, 2012), and the cerebellum during 
addition/subtraction and symbolic arithmetic (Ashburn et al., 2024; Saban et al., 2024). Moreover, 
meta-analytic work supports the idea that different arithmetic operations may rely on distinct sets 
of brain regions or network interactions beyond the fronto-parietal network when different 
strategies are employed (Istomina & Arsalidou, 2024; Yang et al., 2017). For instance, simple 
addition often relies on fact retrieval, engaging left angular gyrus (Grabner & De Smedt, 2011; 
Sokolowski et al., 2023), whereas subtraction and complex operations lean more towards 
procedural steps, recruiting areas like IPS, premotor cortex, and other regions involved in working 
memory and sequencing (Campbell, 2008; Campbell & Xue, 2001; Yang et al., 2017). In our task, 
however, strategy variability was minimized by design; consequently, the stronger behavioral costs 
for subtraction most likely reflect the heavier procedural burden of borrow within this shared 
fronto-parietal network rather than distinct activation patterns. These findings underscore the need 
for future studies with broader neural coverage, including both cortical and subcortical regions. 
 
Limitations and perspectives 
 
The study’s findings should be interpreted considering certain limitations. First, although fNIRS 
is well suited to measure cortical brain activation in ecological production paradigms, its limited 
spatial and depth resolution restricts measurement to the superficial cortex. Future work should 
also examine operation-related activity in arithmetic-relevant cortical and subcortical systems, 
such as the basal ganglia and cerebellum (Saban et al., 2024). Second, we did not track participants’ 
strategies, and the computerized production paradigm might even have affected strategy use (e.g., 
if individuals prefer column-wise calculation from right-to-left but need to enter the response from 
left-to-right). However, production paradigms in mental arithmetic constrain strategy choice to 
calculation strategies rather than plausibility-checking or recognition-based responses as in 
decision paradigms (Yao et al., 2025). Future studies should assess or manipulate strategy use. 
Suitable approaches include eye-tracking in carry/borrow problems (Moeller et al., 2011) and trial-
by-trial strategy reports or instructed strategy conditions (Polspoel et al., 2017), allowing tests of 
how strategies modulate brain activation and working-memory reliance. Finally, from a lifespan 
perspective, generalizability of the current findings remains to be tested: children and older adults 
may recruit partly different strategies and neural resources (e.g., hippocampal involvement during 
learning), so future work should include developmental and aging populations (Artemenko, 2021; 
Peters & De Smedt, 2017). As a perspective, computational modeling results correspond to our 
findings. Iglesias et al. (2025) showed that only networks trained on stepwise, decomposed 
curricula reproduced human-like carry effects. This supports a hierarchical learning process and 
suggests that efficient processing of multi-digit arithmetic, including carry and borrow, benefits 



from structured training in both human and artificial systems. Integrating such models with 
neuroimaging can inform adaptive instruction and clarify how symbolic arithmetic develops across 
the lifespan. 
 
Conclusions 
 
In conclusion, this fNIRS study provides neural evidence on how the brain manages the demands 
of complex three-digit arithmetic. Behaviorally, each additional carry or borrow step slowed 
responses and increased errors, with larger costs for subtraction. At the neural level, our findings 
confirm that multi-digit arithmetic complexity relies on domain-general working memory 
processes (IFG and MFG) as well as domain-specific place-value processes (IPS). Taken together, 
these results bridge the gap between two- and multi-digit arithmetic, refine the role of the right IPS 
as a categorical marker of place-value integration, and highlight that individual working-memory 
capacity contributes to neural efficiency under increasing arithmetic demands. 
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Figure S1. Fronto-parietal activation for complexity effects in the left hemisphere 
(HbR mean amplitude) 

 
Notes. Colors on the cortical map denote the F statistic of the main effect of complexity 
(0/1/2) from two-way ANOVAs on HbR mean amplitude at each left-hemisphere 
channel (warmer colors = larger F). Violin plots show participant distributions; black 
dots indicate means connected by lines; asterisks mark Bonferroni-adjusted post-hoc 
pairwise contrasts (*** p < .001, ** p < .01, * p < .05). Descriptive means ± SD for all 
channels and levels are provided in Table S2. 
 
 
 
 
 
 
 
 



Figure S2. Fronto-parietal activation for complexity effects in the right hemisphere 
(HbR mean amplitude) 
 

 
Notes. Colors on the cortical map denote the F statistic of the main effect of complexity 
(0/1/2) from two-way ANOVAs on HbR mean amplitude at each right-hemisphere 
channel (warmer colors = larger F). Violin plots show participant distributions; black 
dots indicate means connected by lines; asterisks mark Bonferroni-adjusted post-hoc 
pairwise contrasts (*** p < .001, ** p < .01, * p < .05). Descriptive means ± SD for all 
channels and levels are provided in Table S2. 
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