
Springer Nature 2021 LATEX template

The e↵ect of automated error message feedback on
undergraduate physics students learning Python: reducing

anxiety and building confidence

Abstract

STEM fields, such as physics, increasingly rely on complex programs to analyse large datasets, thus
teaching students the required programming skills is an important component of all STEM curricula.
Since undergraduate students often have no prior coding experience, they are reliant on error messages
as the primary diagnostic tool to identify and correct coding mistakes. However, such messages are
notoriously cryptic and often undecipherable for novice programmers, presenting a significant learning
hurdle that leads to frustration, discouragement, and ultimately a loss of confidence. Addressing
this, we developed a tool to enhance error messages for the popular Python language, translating
them into plain English to empower students to resolve the underlying error independently. We used
a mixed methods approach to study the tool’s e↵ect on first-year physics students undertaking an
introductory programming course. We find a broadly similar distribution of the most common error
types to previous studies in other contexts. Our results show a statistically significant reduction in
negative student emotions, such as frustration and anxiety, with the mean self-reported intensity of
these emotions reducing by 73± 12% and 55± 18%, respectively. This led to a corresponding decrease
in discouragement and an increase in student confidence. We conclude that enhanced error messages
provide an e↵ective way to alleviate negative student emotions and promote confidence. However,
further longer-term investigations are necessary to confirm if this translates into improved learning
outcomes. To our knowledge, this is the first physics-specific investigation of the e↵ect of Python
error message enhancement on student learning.

Keywords: Python, novice programming, STEM, Physics, error enhancement, feedback

1 Introduction1

As STEM fields increasingly rely upon generat-2

ing large quantities of data as well as processing,3

analysing, and visualising this data, the ability4

to code has become a required skill for current5

and future generations of STEM degree graduates6

outside of computer science (CS), such as physics7

graduates. As such, teaching students computer8

programming has become a key component of the9

vast majority of STEM curricula (Cropper, 2018;10

Weiss, 2017; Wilson, 2006) and is an integral part11

of almost all physics degree programs.12

Error messages are a vital ingredient of all13

computing languages, providing the details of any14

mistakes made when inputting the code. Program-15

mers of all levels depend on the feedback error16

messages provide to understand, locate and ulti-17

mately fix issues with their programs. Such issues18

encompass both syntactic errors, where the user19

enters code that does not conform to the syn-20

tax rules defining the acceptable combinations of21

symbols for the language in question, or more22

general flaws in the design of the program that pre-23

vent correct execution, leading to run-time errors.24

Throughout this paper we refer to both collectively25

as ‘bugs’.26

Beginner programmers are no di↵erent. Encoun-27

tering errors is an unavoidable part of any beginner28

programmer’s learning experience and the lack29

of prior experience not only means that they are30

likely to make more mistakes and thus produce31

error messages, but they are also heavily reliant32

on these error messages as the primary diagnostic33
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tool (B.A. Becker et al., 2019; Marceau, Fisler, &34

Krishnamurthi, 2011). Consequently, being able to35

interpret these messages is a key ingredient in e↵ec-36

tively teaching computer programming, allowing37

students to learn from their mistakes.38

Unfortunately error messages can be di�-39

cult for beginners to decipher. Regardless of the40

specific programming language being used, the41

error messages have always been notoriously cryp-42

tic (B.A. Becker et al., 2019; Brown, 1983), espe-43

cially to the uninitiated, often containing technical44

vocabulary or terminology that may be unfamil-45

iar (Marceau et al., 2011). Perhaps unsurprisingly46

given the error messages are largely written with47

experienced programmers in mind, the lack of48

readability in error messages particularly a↵ects49

novice programmers (Traver, 2010). Consequently,50

students often waste hours trying to correct or51

‘debug’ even simple mistakes (e.g. Barik, Ford,52

Murphy-Hill, and Parnin (2018)), as supported by53

our results below.54

Furthermore, the actual cause of the error is55

often hidden amongst a plethora of details (known56

as a traceback) about the how the program arrived57

at the point of error, resulting in o↵-putting detail58

that increases the cognitive load on the learner.59

According to Lahtinen, Ala-Mutka, and Järvinen60

(2005), when asked to grade the di�culty of var-61

ious programming aspects and concepts, novice62

programmers responded that finding and fixing63

bugs is the greatest challenge.64

Unexpected error messages can also be dis-65

heartening for students if they do not yet feel66

equipped with the knowledge and skills required67

to resolve the error. This experience can induce68

anxiety, which is a powerful hindrance in learn-69

ing (Mandler & Sarason, 1952; Warr & Downing,70

2010). The experience of positive emotions during71

learning (e.g. enjoyment, excitement, and pride)72

is widely-recognised as promoting confidence and73

engagement (Simon, Aulls, Dedic, Hubbard, &74

Hall, 2015; Sinatra, Heddy, & Lombardi, 2015;75

Villavicencio & Bernardo, 2016), with the influ-76

ence on learning being less clear (Villavicencio77

& Bernardo, 2016). Despite the lack of evidence78

that positive emotions are a reliable indicator of79

learning, cognition or achievement (Ben-Eliyahu80

& Linnenbrink-Garcia, 2013; Finch, Peacock, Laz-81

dowski, & Hwang, 2015; Villavicencio & Bernardo,82

2016), it is clear that negative emotions, such as83

anxiety, boredom, or hopelessness, predict poorer84

academic achievement (Daniels et al., 2009; Mega,85

Ronconi, & de Beni. R., 2014; Pekrun, Lichtenfeld,86

Marsh, & Goetz, 2017) and leave students feel-87

ing discouraged (S. Murphy, MacDonald, Wang, &88

Danaia, 2019).89

Without experience to draw on, or even enough90

context-specific knowledge to adequately search for91

a solution, often students’ only course of action is92

to ask a demonstrator or a peer for help diagnosing93

the issue. Whilst peer-instruction is an e↵ective94

learning strategy, it can be limiting if this is the95

only action a student can take with a broken piece96

of code. Ultimately, misunderstood error messages97

result in a “barrier to progress” (B.A. Becker,98

2016a). In addition, the significant demonstrator99

time spent solving trivial problems, often repeat-100

ing the explanation to individual students, has101

the knock-on e↵ect of longer waiting times for102

assistance (Coull, 2008).103

Large computer classes make it di�cult to give104

detailed, individualised, formative feedback (Chow,105

Yacef, Koprinska, & Curran, 2017). Various sys-106

tems have been invented to counteract this problem107

and these are described in the Related Work section108

of this paper.109

According to Robins, Rountree, and Roun-110

tree (2003), students’ attitudes to mistakes and111

errors matter. Students who become frustrated112

or are quick to negative emotional reactions are113

more likely to become what Perkins, Hancock,114

Hobbs, Martin, and Simmons (1989) refers to115

as “stoppers”. Stoppers are students who, when116

encountering a problem where they do not see117

immediately how to proceed, will, as the name118

suggests, stop. Appearing to “abandon all hope119

of solving the problem on their own” (Perkins et120

al., 1989). The alternative category of novice pro-121

grammer is a “mover”. Movers are students who122

will attempt to modify their code, often experi-123

menting through trial and error. Often movers use124

error feedback more e↵ectively, allowing them to125

progress through a problem. In the case of “tinker-126

ers” (a subset of movers), this is not always the127

case, since, as noted in Perkins, Hancock, Hobbs,128

Martin, and Simmons (1988), some tinkerers can129

alter their code non-systematically and have lit-130

tle understanding why the code is behaving how131

it is. Nevertheless, tinkerers like all movers, have132

a greater chance of solving the issue. This study133

attempts to help students use the error messages134
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and prevent students from falling into the “stopper”135

mindset.136

In this paper, we focus explicitly on automating137

feedback related to Python error messages. Due138

to the relative ease of readability and the large139

standard library, the coding language Python has140

surged in popularity over recent years climbing in141

October 2021 to top position on the TIOBE Index,142

which measures the popularity of programming143

languages (TIOBE, 2021).144

We present a tool called the Error145

Explainer, that hooks into Jupyter (Kluyver146

et al., 2016) notebooks to display a description of147

the error type in ‘plain English’ directly below the148

error message, and guides the student how to read149

and interpret the error message.150

This new tool was introduced to students in151

the University of Liverpool Physics Department’s152

first-year “Introduction to Computational Physics”153

undergraduate module. Through two surveys and154

a focus group we evaluated the e↵ectiveness of the155

Error Explainer’s automated feedback and the156

impact the tool has on reducing negative emotions157

brought about by error messages. We also analysed158

the types of errors encountered and the number of159

consecutive attempts required by the students to160

resolve the error.161

2 Research Questions162

Based on the observations above, our hypothesis is:163

a tool that provides automated feedback, enhanc-164

ing Python error messages, will positively impact165

how students respond to error messages and aid in166

their learning.167

This tool to enhance Python error mes-168

sages, which is explained in detail in Sec. 4, was169

named the Error Explainer. The tool trans-170

lates Python error message into plain English,171

referencing di↵erent parts of the Python error172

message.173

To e↵ectively evaluate the impact of the Error174

Explainer we first needed to understand two175

preparatory reseach questions:176

RQ1 Do students properly utilise the provided177

error messages and are they aware of the informa-178

tion they contain?179

180

RQ2 What is the distribution of error types181

encountered by these novice programmers?182

183

To assess the perceived usefulness of the Error184

Explainer and its impact on students’ emotions185

and confidence, we sought to answer the following186

primary research questions.187

RQ3 Did the enhanced error messages provided188

by the Error Explainer tool help the students189

to solve errors and reduce the time spent doing so?190

191

RQ4 Did the Error Explainer tool improve192

the students’ confidence and reduce negative193

emotions surrounding Python errors?194

195

3 Related Work196

Given that programming error messages them-197

selves show no signs of improving significantly,198

various approaches to ameliorate their inadequa-199

cies have been studied in the literature (e.g. Traver200

(2010) and B.A. Becker et al. (2019) for a sum-201

mary).202

One category of approach consists of trying to203

prevent errors occurring in the first place. Inte-204

grated development environments (IDEs) can be205

built to ease the process of writing code and206

examples exist for the majority of programming207

languages. Amongst these are several pedagogic208

IDEs that are aimed at novices, perhaps most209

notably BlueJ (Kölling, Quig, Patterson, & Rosen-210

berg, 2003) for Java. Amongst other features,211

these often provide functionality such as templates212

for common coding constructs and code comple-213

tion hints, which reduce the likelihood of syntactic214

errors. Such aids, however, risk users not actually215

learning the necessary syntax rules, thus causing216

issues further down the road.217

Another method to reduce errors amongst stu-218

dents is to limit the language features available219

at any given time to a predefined subset, which220

increases as the student becomes more experienced.221

An example of this is the Java-based Profes-222

sorJ (Gray & Flatt, 2003), with three increasing223

levels. By limiting the features available to those a224

student is more familiar with, the idea is that they225

are only likely to encounter error messages they226
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have more chance of understanding, but there is227

no guarantee this will actually be the case.228

The other main approach is to provide auto-229

mated code feedback, which can be further split230

into two main sub-areas. One focuses on pars-231

ing the user’s code and comparing it to previous232

peer solutions to suggest fixes; the bank of prior233

solutions may either be crowd-sourced from the234

internet, such as in the HelpMeOut (Hartmann,235

MacDougall, Brandt, & Klemmer, 2010) system or,236

within the educational context, previous students’237

solutions to the task being performed (Marwan,238

Gao, Fisk, Price, & Barnes, 2020). Whilst rapid239

and scalable, this approach falters in its inability240

to provide individual feedback on where a student241

may have made a mistake and guide them towards242

a solution. It also has the potential disadvantage243

that students may blindly apply the solution, with-244

out learning the essential skill of how to resolve the245

issue using the information provided by the error246

message itself. An extension of this is Intelligent247

Tutor Systems (ITSs), which parse the student’s248

code using machine learning to create personalised249

feedback (Mousavinasab et al., 2021). These sys-250

tems have the advantage of providing immediate251

feedback, allowing students to edit their code and252

learn through doing (Koedinger, Aleven, He↵er-253

nan, McLaren, & Hockenberry, 2004; Paladines &254

Ramirez, 2020; Woolf, 2009), but they are typically255

time-intensive to develop and can be limited when256

applied to open-ended problems (Folsom-Kovarik,257

Schatz, & Nicholson, 2010).258

The other, more common, method of providing259

feedback (B.A. Becker et al., 2019) is to enhance260

the error message to make it more understandable261

to inexperienced programmers. This may take the262

form of either replacing the original error message263

with a more educational one or keeping the orig-264

inal message and augmenting it with additional265

information to aid comprehension, the latter hav-266

ing the advantage that the students can connect267

the two pieces to gradually learn how to decode268

the native error message (Coull & Duncan, 2011).269

In both cases, the enhanced error messages often270

provide tips or suggestions for how to solve the271

generated error.272

There has been a long history of error mes-273

sage enhancement, beginning with the Fortran274

language as far back as 1965 (Rosen, Spurgeon,275

& Donnelly, 1965). Since 2000, there has been276

rapid growth in this area, the landscape of which277

has recently been comprehensively studied and278

summarised by B.A. Becker et al. (2019). While279

many of the studies have focused on Java, lead-280

ing to tools such as Gauntlet (Flowers, Carver,281

& Jackson, 2004), Snoopie (Coull, 2008) and282

Decaf (B. Becker et al., 2016; B.A. Becker, 2016b),283

various error enhancements have been developed284

for a wide variety of programming languages.285

The results suggest that syntax errors make up286

a large fraction of novice programmer errors (Kohn,287

2019). Consecutive repeated errors can be another288

useful data set, as Jadud (2006) found that consec-289

utive repeated errors are often the “best indicator290

of how well (or poorly) a student is progressing”.291

Despite the myriad of tools designed to improve292

error messages, B.A. Becker (2016a) noted that,293

until recently, many of the studies “lack empiri-294

cism in determining if they make any di↵erence,295

particularly to novices”. Although the situation296

has improved in recent years, there is still debate297

surrounding the e↵ectiveness of error enhance-298

ment (B.A. Becker et al., 2019), with some studies299

(e.g. B.A. Becker (2015)) finding a positive e↵ect300

while others (e.g. the debated Denny, Luxton-301

Reilly, and Carpenter (2014)) suggesting they are302

“ine↵ectual”. In addition, there is a lack of litera-303

ture regarding the e↵ect of the enhancement on304

the emotional state of the student.305

There are several other important avenues of306

study that feed in to the development of error307

enhancement tools. One is whether programmers308

encountering errors actually read the error mes-309

sages encountered and how their use of them a↵ects310

the ability to resolve the underlying issue. A 2017311

study by Barik et al. (2017) investigated this in312

the context of JAVA by tracking students eye313

movements when attempting to resolve commonly314

encountered issues. Their results showed not only315

that students read the error messages produced316

but that as much as 25% of their eye fixations317

were focused on the error messages, suggesting that318

reading error messages is “a cognitively demand-319

ing task”. Comparing the probability of a correct320

solution with the number of times the student321

revisited the error message further showed that322

di�culty in reading the error messages is signifi-323

cantly anti-correlated with the ability to solve the324

problem at hand. This supports the potential of325

error enhancement to significantly improve learning326

outcomes.327
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Another is to better understand which issues328

students are particularly struggling with at a given329

time. This can be ascertained via specialised tools330

(e.g. Jadud (2006) for Java) that log students’ key-331

board inputs while coding, which can even prepare332

automatic summaries, along with associated recom-333

mendations, for students and teachers (C. Murphy,334

Kaiser, Loveland, & Hasan, 2009). The results of335

such studies provide important input into which336

sources of error are particularly problematic to337

resolve and whose error messages are thus primary338

candidates for enhancement.339

Despite the rising popularity of the Python340

language, particularly in educational settings, rela-341

tively few error studies have focused on Python,342

with B. Becker et al. (2016) noting the need for343

more research as recently as 2016.344

One of the earliest attempts was a tool called345

Cat-Soop in 2011 (Hartz, 2012), which automat-346

ically collected and assessed homework exercises,347

with an initial small-scale (n = 25) study in the348

context of MIT CS courses providing inconclusive349

results on its usefulness. While Cat-Soop con-350

tained a proof-of-concept add-on (“The Detective”)351

to analyse errors and provide a simple plain-English352

explanation in addition to the original message,353

this was not rigorously tested.354

In 2013, Guo (2013) developed an online355

Python tutor, whereby students could execute356

their Python program step-wise via a web browser357

while viewing the run-time state of the vari-358

ous structures, with anecdotal evidence that it359

helped “clarify concepts”. More recently, Rivers360

and Koedinger (2017) developed a data-driven361

ITS for Python called ITAP (Intelligent Teaching362

Assistant for Programming), which automatically363

generates hints for individual students. While this364

showed impressive technical performance, improv-365

ing over time as more data is added to provided366

more personalized suggestions, the e↵ect of ITAP’s367

feedback on students was not evaluated.368

A study by Kohn (2019) investigated the cause369

of errors in programs collected from more than370

4000 high-school students undertaking introduc-371

tory Python courses. While the results showed372

that a large fraction of the errors are due to minor373

mistakes (e.g. misspellings), it was unable to reli-374

ably determine the nature of many of the errors375

due to not knowing the context and goals of the376

program.377

Also in 2019, a plugin for the Sublime378

Text (Sublime HQ, 2021) IDE called Pycee379

(Python Compiler Error Enhancer) (Thiselton380

& Treude, 2019) was introduced, which uses381

data collected from the popular Stack Overflow382

question-and-answer webpage to augment error383

messages with additional information and sugges-384

tions for their resolution. A small-scale (n = 16)385

“think-aloud” study showed that the majority of386

students found Pycee helpful, particularly the387

code examples included and concrete solutions388

suggested.389

Most recently, Zhou, Wang, and Qian (2021)390

investigated the most common Python errors391

encountered by middle-school students, developing392

an automated feedback tool called Mulberry to393

provide enhanced error messages for these. Statisti-394

cal analysis, however, did not show any significant395

reduction in errors encountered nor improvement396

in students’ ability to debug those errors.397

Finally, during the course of our study we398

became aware of a new third-party Python mod-399

ule, Friendly (Roberge, 2021), that “replaces400

standard tracebacks by something easier to under-401

stand”, including interactive buttons to query why402

an error occurred, what it means and where it hap-403

pened, with augmentations available in English and404

French. While this seems useful for novice program-405

mers, we are not aware of any studies investigating406

its e↵ectiveness.407

Much of the above research has, perhaps408

unsurprisingly, focused on the field of CS educa-409

tion (Traver, 2010). Even if they have no back-410

ground in programming, CS students are likely to411

have more familiarity with computer systems and412

an interest in computing. In addition, learning to413

program will be a major focus of CS students’ stud-414

ies, with courses dedicated to specific aspects such415

as computer systems, data structures, algorithmic416

design etc. Hence, while such cohorts provide a417

large sample of introductory students encounter-418

ing issues with error messages to study, they may419

not be representative of the increasing number of420

students learning computer programming in other421

disciplines. In particular, despite the rise in the422

use of programming languages such as Python423

for analysis within the wider STEM area, to the424

best of our knowledge there have been no dedi-425

cated studies on error message enhancement and426

logging within this domain. This work concentrates427
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on studying the e↵ects on physics students and428

hence represents a first step in this direction.429

4 The Error Explainer Tool430

The Error Explainer tool was designed to be431

used with Jupyter notebooks, which are used in432

many STEM courses (J.W. Johnson, 2020). The433

aim of the tool is to assist the student in decipher-434

ing the Python error messages and give them435

agency to resolve the error, through translating436

the error message into ‘plain English’ (Cutts, 1996)437

and providing some common causes that can result438

in that error being produced.439

By ‘plain English’, we mean writing that is easy440

to read. Whereever possible we avoided jargon,441

technical words, and nominalization. Where it was442

not possible to avoid technical words, we defined443

that word immediately and succinctly. For exam-444

ple, when describing error messages referring to a445

data structure, the words “data structure” were446

immediately followed in brackets by “(E.g. list/-447

tuple/string/array etc.)”. Following the guidelines448

on plain English (Cutts, 1996), we used lists with449

bullet points, referred to the reader as “you”, and450

aimed for short sentences averaging 10 words or451

less. We also used the same repeating format for452

all Error Explainer messages (see Fig. 1) to453

make it fast and easy to read. These design choices454

align with the comprehensive guidelines produced455

by B.A. Becker et al. (2019).456

4.1 Components of Error457

Explainer output458

Figure 1 shows an example of the Error459

Explainer output. Directly below the Python460

error (red shaded area), the additional Error461

Explainer feedback appears containing the fol-462

lowing elements: 1) Title, 2) explanation of error in463

plain English, 3) “What to do” section, 4) “Com-464

mon causes of this message” section, and 5) a final465

statement: “If you are still unsure, please ask one of466

the demonstrators”. The contents of each of these467

sections is detailed in the following section, which468

describes the rationale behind what was included469

and how the information was presented.470

4.2 Design Rationale471

Several design choices were made when creating the472

Error Explainer. We will explain those choices473

in this subsection.474

Firstly, the Error Explainer text appears475

in blue to distinguish it from the Python output476

or other Markdown text displayed in subsequent477

notebook cells. Like an error message, we wanted478

to ensure that the Error Explainer text stood479

out as di↵erent from the usual Jupyter notebook480

outputs.481

Component 1: Title482

Each Error Explainer output begins with the483

title ‘PHYS105 help on “{ErrorType}” error mes-484

sage’. As this tool is intended for first-time learners485

of Python we wanted to ensure the students were486

aware that the blue Error Explainer text was487

not a standard Python output, and instead a tool488

introduced to them specifically for their PHYS105489

class.490

Component 2: Explanation491

Below the title we included the explanation of the492

error in plain English. Table 1 contains the short493

explanations for various error types for which we494

provided explanations.495

Component 3: What to do496

As the aim of the Error Explainer is to497

help students become more confident interpreting498

and resolving Python error messages, instead of499

including the relevant line number in the Error500

Explainer output, we direct the students to look501

at the relevant part of the Python error mes-502

sage. In the “What to do” section the student is503

guided where to look in the error message, which504

usually involves looking where the caret (^) sym-505

bol points to or the line number indicated in the506

error message. To make the connection clear, the507

colour of the words “line [number]” in the Error508

Explainer output matches the colour of the line509

number reference in the Python error message510

output.511

Component 4: Common causes512

Rather than telling the students how to fix the513

error, we provide a list of common causes of514
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1. Title

2. Explanation in 
plain English

3. Guidance on how 
to interpret the 
Python error.

4. List of common 
causes of the error.

5. Final statement

Fig. 1 Screenshot of a Jupyter notebook using the Error Explainer tool, with annotations identifying
the key components. The Python error message (red shaded area) is immediately followed by the Error
Explainer output (blue text).

that particular error type (see Fig. 1 for an515

example). Whilst we could have given students516

a troubleshooting checklist to work through, this517

approach encourages the students to consider com-518

mon causes and decide whether any of these causes519

could be relevant to them, empowering the students520

to resolve the error themselves.521

Component 5: Final statement522

Finally, each Error Explainer output contains523

the same final line: “If you are still unsure, please524

ask one of the demonstrators”, to express to the525

students that they can and should seek further526

help if needed.527

It is worth noting that the Error Explainer528

abides by the majority of the requirements for e↵ec-529

tive support tools outlined in Coull and Duncan530

(2011):531

• both the standard error and enhanced support532

appear concurrently,533

• the tool embodies knowledge of key constructs534

needed to problem solve,535

• the tool accommodates feedback for various error536

types and various causes leading to errors,537

• use of the tool was voluntary on the part of the538

students, and539

• the tool support does not promote dependence540

on the tool.541

The only requirements that the Error542

Explainer does not meet was: linking to other543

teaching resources and disseminating knowledge544

in successive stages. Wanting to keep the Error545

Explainer output succinct, we opted to not link546

to other teaching resources and instead included547

the encouragement for students to seek help548

from demonstrators (who could point to other549

resources) if needed. Disseminating knowledge in550

stages could be considered for later releases of the551

Error Explainer, with expandable sections552

that o↵er further detail or extension.553

4.3 Usage and Implementation554

We have made the Error Explainer publicly555

available under a MIT licence for others to use556

or draw inspiration from. To use the Error557

Explainer simply download the Python file,558

error explainer.py (available at https://github559

.com/carlgwilliam/error explainer), and place it in560

https://github.com/carlgwilliam/error_explainer
https://github.com/carlgwilliam/error_explainer
https://github.com/carlgwilliam/error_explainer
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Table 1 Error Explainer short descriptions for various Python error types. These short description
appear in location 2 in Fig. 1.

Python Error type Error Explainer short description

AttributeError Python is telling you: the variable or function you’re asking for isn’t provided
by the object or module. E.g. trying to use .append() on a string, but strings
don’t support .append().

FileNotFoundError Python is telling you: it can’t open the file.

ImportError Python is telling you: it can’t find what you are trying to import.

IndentationError Python is telling you: it has found too much or too little indentation (i.e.
number of spaces or tabs).

IndexError Python is telling you: you’re trying to access an element in a data structure
(e.g. list/tuple/string/array etc) that is bigger than the size of the structure.
E.g. trying to access the 10th element of a list that is only 9 elements long.

KeyError Python is telling you: you’re trying to look up a key in a dictionary that
doesn’t exist.

ModuleNotFoundError Python is telling you: it can’t find the module you tried to import.

NameError Python is telling you: the variable, function, or module you’re trying to use
can’t be found. This is often due to a typo.

SyntaxError Python is telling you: what you have written isn’t valid Python code. Many
syntax errors are caused by typos.

TypeError Python is telling you: you’re trying to use an operator on the wrong
type of object, or you’re trying to combine/compare variables that are of
incompatible type.

ValueError Python is telling you: the variable you’re using has the correct type but the
value isn’t acceptable. E.g. trying sqrt(�1).

ZeroDivisionError Python is telling you: you’re trying to divide by zero.

when an unexpected
exception was raised

We haven’t implemented an explanation for this error message.
Try:
- Looking at the python error documentation
- Googling the error (professional developers do this all the time!)

the same directory as the student’s Jupyter note-561

book. Then activate the tool via the command:562

import error explainer (see Fig. 1).563

The Error Explainer tool catches when564

a Python exception (i.e. error) is raised565

using Jupyter’s custom exception handler566

(set custom exc) and then, depending upon the567
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error type, will display explanatory HTML text568

directly below the Python error, as shown in569

Fig. 1.570

For the purpose of this study, the possibility of571

logging the errors was incorporated into the Error572

Explainer, whereby the error type, related error573

message, and the date and time the error occurred574

were recorded.575

5 Methods576

5.1 Participants and Procedure577

Since 2018, the University of Liverpool has embed-578

ded the widely-used Python programming lan-579

guage across their physics degree programme, with580

compulsory courses in the first two years of study581

followed by an optional third-year course on com-582

puter modelling. While this represents a significant583

investment in training physics students to program,584

it should be noted that these courses only represent585

a small fraction of each year’s teaching (7.5/120586

credits in the first year) with a lack of other courses587

directly supporting the learning outcomes.588

The first-year “Introduction to Computational589

Physics” (PHYS105) course, led by one of the590

authors, aims to introduce physics majors to the591

Python programming language and its use in592

modelling physical systems. Since computing expe-593

rience is not a prerequisite for entry onto a physics594

degree most of the students are novices, with 69%595

of students having no prior programming experi-596

ence in any language and 27% having only a basic597

knowledge of simple computer programs. Given598

this, the first approximately half of the course599

focuses on introducing the basic Python building600

blocks needed for procedural programming (object-601

orientated programming is not covered until the602

second year), including the numerical Python603

package NumPy (Harris et al., 2020) and the604

Matplotlib (Hunter, 2007) visualisation pack-605

age. In the second part the students practise what606

they have learnt, bringing together the various607

concepts to solve a series of physical problems608

both analytically and numerically. These include609

solving di↵erential equations symbolically using610

SymPy (Meurer et al., 2017); numerical integra-611

tion and di↵erentiation, culminating in modelling612

the motion of a projectile taking into account air613

resistance; and fitting functional forms to labo-614

ratory data using the least-squares method via615

SciPy (Virtanen et al., 2020)).616

The data utilised in the study presented were617

collected as part of PHYS105 course, consisting of618

149 students, during the 2021–2022 academic year.619

The 12-week course ran over the first semester,620

with each week consisting of an online one-hour621

introductory lecture followed by in-person hands-622

on computing classes lasting two hours. For the623

latter the cohort was split into four similar-sized624

groups, each overseen by a member of academic625

sta↵ with several postgraduate students on-hand626

to help. Each week the students were required to627

work through an interactive Jupyter notebook628

running Python 3.8.101, containing a series of629

formative and summative exercises, hosted via630

the CoCalc (Sagemath, Inc., 2020) collaborative631

online learning platform.632

5.2 Data Collection and Analysis633

The evaluation took place over a five-week period634

of the PHYS105 course covering weeks 4 to 8 of the635

semester, with data being collected from hands-on636

use of the Error Explainer tool by students637

during the computing classes in weeks 5 and 6.638

This period was specifically chosen to coincide with639

the students bringing together the basic Python640

building blocks learnt previously into more complex641

programs to solve physics problems for the first642

time. As such, they would be likely to experience643

a significant number of error messages, covering a644

wide variety of issues, during the completion of the645

two weekly assignments. While the students had646

encountered error messages in practice previously,647

this was prior to the formal explanation of the648

various Python error categories and how to under-649

stand the associated messages in the online lectures.650

The usage of the tool was entirely voluntary.651

In order to address the research questions652

outlined above we utilised a mixed-methods653

approach (Creswell & Plano Clark, 2017; R. John-654

son & Onwuegbuzie, 2004) to combine qualitative655

and quantitative data collected from a variety of656

sources to achieve a more global understanding.657

The data sources consisted of error logging, surveys658

and focus groups as described below. A timeline of659

1This version of Python precedes several improvements to
Python error messages undertaken in the 3.10 and 3.11 releases.
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Fig. 2 Study timeline

these various components of the evaluation within660

the semester is presented in Figure 2.661

5.2.1 Error logging662

While using the Error Explainer tool, the stu-663

dents were asked to optionally consent to the tool664

anonymously logging information on the errors665

encountered (as described above) to see which666

errors are most commonly encountered and the667

distribution and frequency of reoccurring errors.668

Of the 149 students registered on the course, 105669

agreed to their data being logged for at least one670

of the weeks.671

We analysed the Repeated Error Density (RED)672

(B.A. Becker, 2016c) of the various error types673

encountered to identify the number of consecutive674

errors of the same type encountered by students675

within a 5 minute moving window.676

5.2.2 Student Surveys677

The students were invited to complete two anony-678

mous surveys, one directly before (week 4) and679

one directly after (week 7) the two-week Error680

Explainer usage period. The survey questions681

consisted of a mixture of qualitative and quantita-682

tive questions designed to understand both their683

experience with Python errors and the helpfulness684

of the Error Explainer tool.685

The initial survey mainly investigated the stu-686

dents’ response to error messages, particularly in687

terms of emotions, how they approach solving them688

and how much time they spend on this. The follow-689

up survey concentrated on the student experience690

with the Error Explainer tool, including its691

usefulness and how understandable it was. To see692

if the tool had improved the students ability to693

resolve errors, in each survey the students were694

shown the same example error message and asked695

to comment on the cause and location of the error696

in the associated code.697

Two main formats were used to collect the698

responses to the survey questions. Numerical data699

were collected on a sliding scale, chosen consistently700

to be 0 – 5, except in the case of the usefulness701

question where the result could be either positive702

or negative and hence a scale of �3 to +3 was used.703

Non-numerical data were collected using multiple-704

choice questions in order to categorise the results705

and hence facilitate analysis. A limited number706

of free-text questions were included to draw out707

more details of the responses. The full set of survey708

questions, along with the associated answer format,709

is listed in Table A1 in the appendix.710

Out of the 149 students enrolled on the course711

only a fraction engaged with the surveys, with the712

initial one being completed by 46 students (30%)713

and 21 students (14%) responding to the follow-up714

one. The resulting data were analysed graphically715

to visualise trends and numerical results were716

compared quantitatively using either a Wilcoxon717

signed-rank test (Wilcoxon, 1945) (within the718

same survey) or a Mann-Whitley U test (Mann719

& Whitney, 1947) (between surveys). In both720

cases, the SciPy (The SciPy Community, 2021)721

implementation of the tests was used for the722

calculations.723

5.2.3 Demonstrator Focus Group724

In the final week of the evaluation period (week 8)725

the demonstrators of the four computing classes,726

both the academic sta↵ and the postgraduate727

helpers, were invited to a focus group. The goal728

of this was two-fold. Firstly, to understand how729

the demonstrators approach helping the students730

resolve errors and whether the Error Explainer731

tool aided this and was able to reduce the time732

spent on correcting (trivial) errors. Secondly, to733

obtain the demonstrators’ view on how the stu-734

dents responded to both error messages and735

the Error Explainer tool, to compare to the736

students’ own feedback.737

One demonstrator from each computing class738

(three academics and one postgraduate helper) par-739

ticipated in the focus group, which lasted around740

90 minutes and consisted primarily of open-ended741

questions to sca↵old the discussion, allowing time742

for the participants to discuss around these topics.743

A thematic analysis was performed on tran-744

scripts of the focus group recording and emerging745

themes across the focus group responses identified.746
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6 Results747

In this section we report our findings, bringing748

together the various sources of data, in terms of749

each of the research questions outlined above. Since750

the focus of our study is on novice programmers,751

we exclude from both surveys the small number of752

students (5 and 6 students respectively) who iden-753

tified themselves as good or excellent programmers,754

either in Python specifically or another language,755

prior to PHYS105. The resulting datasets consisted756

of 41 and 15 students for the two surveys respec-757

tively. Such distinction was not possible for the758

error logging data and hence logged data from all759

105 students was included in the analysis in that760

case.761

Table 2 Estimated proportion of workshop time
spent attempting to resolve errors, before the Error
Explainer was introduced.

Proportion of workshop
time resolving errors

Number of
responses

<10% 5 (12.2%)

10–25% 10 (24.4%)

25–50% 16 (39.0%)

50–75% 8 (19.5%)

75–90% 2 (4.8%)

>90% 0 (0.0%)

6.1 RQ1. Do students properly762

utilise the provided error763

messages and are they aware of764

the information they contain?765

The experience of the demonstrators indicated766

that some students were unaware of the content767

of Python error messages, and unsure of how to768

read the error message. That is, the demonstrators769

believed that some students did not know which770

parts of the error message contained the important771

information to resolve their error.772

To determine whether students were aware of773

the error message contents to be able to e↵ectively774

utilise the error message, in the initial survey we775

asked the students to identify from a list, what776

information is contained in an error message. 91%777

of students selected that they were aware that778

error message includes the line number of the779

code that caused the error and 70% were aware780

that it includes the position of the problematic781

code within the line. 81% were aware that it782

includes the error type, while only 35% were aware783

that it includes “a summary of the steps in the784

code execution that led to the error location” (i.e.785

traceback).786

We also investigated the time spent by stu-787

dents in the debugging process, since a lack of788

ability to e�ciently decipher and resolve encoun-789

tered errors would likely have an important baring790

on this. Based on the initial survey, the majority of791

PHYS105 students estimated they spent 25–50%792

of their class time on resolving errors, with a non-793

negligible fraction (4.8%) devoting in excess of 75%794

of their time to this (see Table 2). Consequently, if795

the clarity of error messages can be improved, such796

that students are able to resolve them more quickly,797

it can free up significant time to be allocated to798

other learning outcomes.799

6.2 RQ2. What is the distribution of800

error types encountered by these801

novice programmers?802

Alongside student approaches to error messages,803

we were interested in determining the most fre-804

quent error messages encountered and how many805

attempts it typically took for students to resolve806

the error with the Error Explainer tool in place.807

Table 3 shows the total number of occurrences of808

the most commonly encountered error types over a809

two week period. This data was collected through810

the error logging built into the Error Explainer811

tool for the 105 students that consented.812

On average, students encountered 16.2 errors813

(with std. dev. = 13.4) per two-hour computer814

session. SyntaxError was the most common error,815

representing 29% of all errors, and 1.37 times816

more likely than the next most common error,817

TypeError.818

The same data were analysed to extract the819

number of times a student generated the same820

error within a 5 minute moving window and the821

average number of repeated attempts required to822

resolve the error determined. Figure 3 summarises823

these results, with the error bars indicating one824

standard derivation. For the 8 most common error825

types, the average number of attempts to resolve826

the error was between 1 and 2.5 attempts. It is827
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Table 3 Most common Python errors types,
including the most common error messages for Syn-
taxError and TypeError. This data analysed was
the Python errors encountered by 105 students
over a two week period, resulting in a total of 3219
errors logged.

Error type and message Frequency

SyntaxError 994 (29.33%)

invalid syntax 635 (19.73%)

EOL while scanning string literal 105 (3.26%)

unexpected character after line

continuation character

33 (1.03%)

cannot assign to function call 26 (0.81%)

f-string: empty expression not

allowed

25 (0.78%)

unexpected EOF while parsing 24 (0.75%)

positional argument follows

keyword argument

23 (0.71%)

invalid syntax (¡fstring¿, line 1) 14 (0.43%)

cannot assign to literal 11 (0.34%)

unmatched ’)’ 9 (0.28%)

TypeError 722 (22.43%)

unsupported operand type(s) for-:

‘int’ and ‘str’

203 (6.31%)

unsupported operand type(s) for

** or pow(): ‘str’ and ‘int’

32 (0.99%)

‘str’ object is not callable 31 (0.96%)

fit() missing 1 required positional

argument: ‘init params’

25 (0.78%)

unsupported format string passed

to list. format

20 (0.62%)

errorbar() missing 1 required

positional argument: ‘y’

16 (0.50%)

errorbar() missing 2 required

positional arguments: ‘x’ and ‘y’

16 (0.50%)

‘int’ object is not callable 15 (0.47%)

NameError 628 (19.51%)

ValueError 460 (14.29%)

IndentationError 176 (5.47%)

AttributeError 164 (5.09%)

ModuleNotFoundError 27 (0.84%)

IndexError 25 (0.78%)

interesting to note that no one error type took sig-828

nificantly more repeated attempts to resolve. The829

error type resolved with most ease was ModuleNot-830

FoundError, where no students required more than831

one attempt to fix the error. The distributions for832

all other errors exhibited a long tail with some833

students requiring up to 16 attempts to resolve834

an error. Figure 4 shows the distribution of the835

number of attempts taken to resolve SyntaxErrors.836

Fig. 3 The average number of repeated times a
Python error message was generated within a 5
minute moving window, for the 8 most commonly
encountered Python errors. Error bars indicate
one standard deviation.

6.3 RQ3. Did the enhanced error837

messages provided by the Error838

Explainer tool help the students839

to solve errors and reduce the840

time spent doing so?841

Prior to the introduction of the Error Explainer842

tool, the initial survey asked students if they felt843

a translation of Python error messages into plain844

Fig. 4 Distribution of the number of attempts to
resolve a SyntaxError, calculated by the number
of times an error of the same error type was logged
consecutively within a 5 minute moving window.
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Fig. 5 Top: How useful the students found the
tool on a scale from �3 (strongly hinders) to +3
(very helpful). Bottom: What fraction of the time
the Error Explainer tool helped the students
in resolving their error.

English, along with suggestions to resolve them,845

would help them resolve the errors encounter. The846

result was overwhelmingly positive, with 83% of847

the students answering “yes” and the remainder848

believing it might.849

Following the evaluation period, the second sur-850

vey sought to assess the usefulness of the Error851

Explainer tool in practice. The students were852

first asked to evaluate how useful the Error853

Explainer tool was in helping to understand the854

error messages and quantify how often it helped855

them to resolve the underlying error. The results856

are displayed in Figure 5, where it can be seen857

Fig. 6 How understandable the students found the
tool’s explanations on a scale from 0 (not easy to
understand at all) to 5 (very easy to understand).

that students unanimously found the tool useful.858

Approximately two thirds of the students reported859

that the Error Explainer helped them resolve860

the error at least 25% of the time, with a quarter of861

students finding it helped them more than 50% of862

the time. Additionally, when asked their preferred863

initial port of call for help when coming across an864

error message they could not resolve, 73% of stu-865

dents opted for the Error Explainer tool. In866

particular, one student commented: “I [liked] hav-867

ing the Error Explainer appear as it allowed868

me to have a better go at solving the error myself869

without having to ask for extra help. It also allowed870

me to gain a better understanding of the error871

codes themselves”.872

In order to ascertain if the enhanced error mes-873

sages provided were clear, we then asked students874

to rate how understandable they were. As can be875

seen in Figure 6, the majority of students found876

the explanations very easy to understand. This877

was reinforced by students’ free-text comments on878

why they liked the tool.879

While the students found the tool helpful in880

understanding and resolving errors, comparing the881

estimated time spent on resolving errors between882

the two surveys showed no significant change883

(p = 0.679, Z = �0.41) as determined using the884

two-sided Mann-Whitley U test. In addition, the885

test of the students’ ability to identify the cause886
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and location of the error indicated by the exam-887

ple code and corresponding error message was888

inconclusive. Despite this, 86% of students sur-889

veyed reported that they would continue to use890

the Error Explainer tool, with the remainder891

considering doing so.892

6.4 RQ4. Did the Error Explainer893

tool improve the students’894

confidence and reduce negative895

emotions surrounding Python896

errors?897

We were particularly interested in the e↵ect of the898

Error Explainer tool on the students’ emotional899

response to encountering Python errors, since900

negative emotions are likely to reduce confidence901

and create a barrier to further learning. In the902

initial survey, students were asked to rank the903

various emotions they experienced when seeing904

Python error messages from 0 (not at all) to 5905

(very intense). The emotions that ranked highest906

were frustration and confusion, with around 70%907

of students giving these a score of 3 or more. Over908

40% of students also reported significant (2 or909

more) anxiety. This led to around 60% of students910

feeling significantly discouraged and many lacking911

motivation (mean = 1.8). This was corroborated by912

the focus group, where demonstrators reported that913

students appear to experience a range of emotions914

during the computing classes, with anxiety and915

frustration being the most obvious. They noted,916

in particular, that anxiety levels appeared higher917

in students who were working in isolation and not918

discussing with their peer group.919

In order to asses the e↵ect of the Error920

Explainer on these emotions, the follow-up sur-921

vey asked the students to compare the level of922

these emotions while using the tool to that before.923

The data were quantitatively compared using the924

one-sided Wilcoxon signed-rank test to determine925

the probability (p) that negative emotions do not926

decrease or positive emotions do not increase. This927

is converted to a corresponding significance (Z) at928

which this hypothesis is ruled out. A selection of929

the results are presented in Figure 7. They show930

a significant reduction in both frustration (p =931

0.007, Z = �2.72) and anxiety (p = 0.008, Z =932

�2.64), with the mean values reducing by 73±12%933

and 55± 18%, respectively. In particular, 80% of934

those students that had high anxiety (3 or more)935

initially, reported a decrease in the anxiety when936

using the Error Explainer tool. As a result937

students’ discouragement decreased significantly938

(p = 0.019, Z = �2.34), perhaps leading to a hint of939

an increase in motivation (p = 0.333, Z = �0.97).940

The overall e↵ect was a increase in confidence941

reported by all students, as shown in Figure 8, with942

73% of students ranking the improvement as 2 or943

more.944

6.5 Insights from Demonstrator945

Focus Group946

The primary theme that emerged from the demon-947

strator focus group was the role of feedback in948

the computer sessions; including the influence of949

the Error Explainer on how feedback was950

delivered and students’ reception of the feed-951

back. The demonstrators believed that the Error952

Explainer encouraged a focus on interpreting953

the Python error message output as opposed to954

immediately jumping to attempting to debug the955

cause of the error message.956

The demonstrator focus group was asked about957

their usual approach to helping students under-958

stand the causes of error messages. All of the959

demonstrators said they typically articulate their960

thinking out loud as they try to determine the961

cause of the error, saying what they would look962

at and try, step-by-step. Essentially the demon-963

strators role-model problem solving and debugging964

techniques to the students.965

When asked if the Error Explainer made966

discussing errors with students easier, more di�-967

cult, or no change, the group noted that the Error968

Explainer did serve as a reminder to explain what969

the Python error message means, rather than just970

jumping straight to an explanation of what caused971

the error. For example, rather than pointing out972

that a student forgot to add a colon (:) at the973

end of an if statement, the Error Explainer974

reminded the demonstrator to guide the student975

through interpreting the Python error message,976

highlighting the line number and the position the977

caret (^) points to in the error message.978

The focus group participants identified that979

students rarely ask “what does this error message980

mean?” and were more likely to ask “why isn’t981

my code working?”. This may reflect the students’982
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Fig. 7 The level which students experienced various emotions on encountering error messages before and
during using the tool. The results are presented on a scale from 0 (not at all) to 5 (very intense). The mean
value (µ) of both distributions is shown along with the probability and significance defined in the text.

focus on how to complete the current week’s assess-983

ment rather than how to decipher error messages984

more generally.985

Demonstrator interaction is one form of feed-986

back, and the Error Explainer tool was987

designed to complement this with immediate,988

automated feedback. The second student survey989

included the question: “During all of your mod-990

ules you will receive feedback in many di↵erent991

forms (e.g. talking with demonstrators, assign-992

ment feedback, etc.) Did you recognise the Error993

Explainer text as feedback?” The results showed994

that 53.3% responded that they did think of the995

Error Explainer output as feedback, 33.3%996

responded saying they hadn’t thought of it as feed-997

back but do now, and the remaining 13.3% did not998

see the Error Explainer output as feedback.999

7 Discussion1000

In this section we begin by discussing the results of1001

each of the research questions posed in Sec. 2 and1002

the feedback from the demonstrator focus group.1003

We then discuss potential limitations and threats1004

to validity, before outlining possible future work.1005

7.1 Research Question Outcomes1006

RQ1. The results presented in Sec. 6.1 show that1007

students utilise compiler error messages and even1008
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Fig. 8 The e↵ect of the Error Explainer tool on
student confidence on a scale from 0 (no influence)
to 5 (a lot more confident).

before the introduction of the Error Explainer1009

were aware of some of the information contained1010

within Python error messages (e.g. line number,1011

error type label, etc). Interestingly, this contrasts1012

with the demonstrator focus group, who reported1013

a strong impression that students often don’t read1014

the error message. It was acknowledged by the1015

demonstrators that it is possible that the students1016

who do read the error message ask for less help and1017

a smaller number of students who don’t read the1018

error message can dominate the demonstrator’s1019

time. However, a more likely explanation is the1020

students have looked at the error messages before1021

(to know what it contains) but many were not yet1022

equipped with the skills or vocabulary required1023

to decipher and resolve the error message. It is in1024

these cases that the Error Explainer tool may1025

be particularly helpful.1026

RQ2. The finding that SyntaxError was the1027

most commonly encountered error type is in agree-1028

ment with other studies such as Zhou et al. (2021),1029

Thiselton and Treude (2019), and Pritchard (2015).1030

In fact the 5 most common errors identified were1031

consistent across each of these studies, albeit1032

with the ordering of places 2 through 5 varying1033

slightly. Furthermore, Table 3 showed that the1034

most common error message is the generic, “Syn-1035

taxError: invalid syntax”, representing 19.7% of all1036

error messages. A 2015 study by Pritchard (2015)1037

which analysed 640,000 Python errors arising in1038

code written by novice programmers submitted an1039

online learning platform, “Computer Science Cir-1040

cles (CS Circles)”, similarly found 28.1% of errors1041

were caused by “SyntaxError: invalid syntax”, fol-1042

lowed by NameError which comprised 15.2% of1043

errors. Although SyntaxError was the most com-1044

mon error type encountered, the fact that all error1045

types took similar numbers of attempts to resolve1046

suggests that all are worth of error enhancement.1047

This data may be used to further improve the1048

Error Explainer tool as outlined in Sec. 7.4.1049

RQ3. Similarly to many studies before this1050

one (B.A. Becker et al., 2019), we were not able1051

to show any quantitative improvement in stu-1052

dents’ ability to interpret error messages due to1053

the Error Explainer. This maybe due to three1054

reasons. Firstly, to mitigate the risk of survey1055

fatigue, we limited the number of survey ques-1056

tions devoted to assessing the students’ ability to1057

decipher the error messages. Two questions were1058

dedicated to this, one asking the students to iden-1059

tify the errors in a snippet of code and one asking1060

about the time spent during computing classes try-1061

ing to debug. The limited data did not indicate1062

a significant improvement in either the students’1063

ability to debug the code or show a reduction in1064

time spent debugging. Secondly, the short time1065

frame of 2 weeks over which the hands-on compo-1066

nent of this study was conducted may have also1067

reduced the measurable signal on student learn-1068

ing. More time spent using the Error Explainer1069

may allow students the practice needed to consoli-1070

date their knowledge. Finally, comparing student1071

performance before and after the introduction of1072

the Error Explainer has the inherent challenge1073

that the students were learning and practising1074

more Python as the study progressed. Despite1075

the lack of evidence that the Error Explainer1076

tool helped the students better comprehend the1077

Python error messages, the survey results clearly1078

indicated that the students found the tool useful1079

and that in most cases it helped them to resolve1080

the error in question.1081

RQ4. The e↵ect of emotions on learning to1082

program is a relatively new area of research, with a1083

recent synthesis of the available literature by Coto,1084

Mora, Grass, and Murillo-Morera (2022) (pub-1085

lished while the current work was ongoing) noting1086

the sparsity of studies in this area. The results iden-1087

tify that the predominant emotions experienced by1088
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students learning to program are overwhelmingly1089

negative, with the most frequently experienced1090

being frustration, followed by confusion and bore-1091

dom. Our results from the initial survey agree1092

with these findings. In this context, the reduc-1093

tion in frustration indicated by students in the1094

follow-up survey is significant. In particular, it1095

shows that the Error Explainer tool can help1096

reduce prolonged frustration, which can avoid a1097

loss of interest in learning (Leong, 2015). The cor-1098

responding reduction in discouragement reported1099

by students supports this conclusion. Beyond this,1100

since anxiety is known to inhibit students’ ability1101

to process information (Mandler & Sarason, 1952;1102

Russell & Topham, 2012), the Error Explainer1103

tool has the potential to improve learning out-1104

comes although, as noted above, we were unable1105

to demonstrate this concretely. Overall, as noted1106

by Kinnunen and Simon (2012), introductory com-1107

puting courses must “consider approaches that1108

reverse the common overwhelming amount of neg-1109

ative feedback in the programming process (e.g.1110

compiler or runtime errors)” and the Error1111

Explainer tool can form part of an e↵ective1112

strategy in this direction.1113

Beyond the specific research question results,1114

it is worth noting that in an informal discussion1115

between one of the authors and a group of 81116

students, the students commented that they ini-1117

tially found the Error Explainer very useful,1118

however by the end of semester they no longer1119

felt they needed it anymore. As described in the1120

Methods section, the follow up survey was sent1121

to the students after 2 weeks of using the Error1122

Explainer, and at that stage the students all1123

reported that the tool was useful. The student1124

comments saying that they no longer needed the1125

Error Explainer provide a reassuring indica-1126

tion that the tool, whilst helpful at first, does1127

not promote dependence, which is a tenant of the1128

requirements by Coull and Duncan (2011) for e↵ec-1129

tive support tools. Instead the Error Explainer1130

provides additional support where necessary but1131

still forces the students to read the Python error1132

message, not allowing to the students to rely solely1133

on the Error Explainer. These findings suggest1134

that the Error Explainer tool would be best1135

introduced early in the corresponding course and1136

could then be removed at a later stage. This could1137

perhaps be done gradually by reducing the amount1138

of explanation available as time progressed.1139

7.2 Demonstrator Feedback1140

Despite the rise in the use of programming lan-1141

guages such as Python for analysis within the1142

wider STEM arena, the vast majority of the exist-1143

ing literature on error message enhancement has1144

been applied to CS courses. The demonstrator1145

focus group spoke of a mindset that may be unique1146

to non-CS STEM students, namely that students1147

often see the Python error messages as obstacles1148

to their learning, rather than seeing learning to1149

debug as a desirable skill in and of itself.1150

The focus group realisation that students rarely1151

ask “what does this error message mean?” and1152

more often ask “why isn’t my code working?”1153

reflect this mindset, suggesting that the students’1154

focus is often on how to complete programming1155

assignment, rather than how to decipher error mes-1156

sages more generally. This result may suggest that1157

more emphasis needs to be placed on the idea that1158

learning how to approach reading error messages1159

and the problem-solving integral to debugging is1160

an important skill worth developing. As a result,1161

we suggest that deciphering error messages should1162

be its own learning outcome of physics, and more1163

generally STEM, programming modules.1164

Demonstrators also play an important role in1165

encouraging a shift in students’ mindset towards1166

error messages. Instead of seeing error messages as1167

an alarming warning that their work is wrong, they1168

can express to the students that the error messages1169

are there to help them solve the problem. Python1170

is telling then what it knows and is giving them1171

clues as to what to do next. By learning to inter-1172

pret the error message (knowing where to look and1173

what information is most pertinent) students are1174

developing a skill required for all basic program-1175

ming (not just resolving an error to completing a1176

particular assignment.)1177

Finally, it was noted in the demonstrator focus1178

group that sometimes the students were reluctant1179

to try out di↵erent approaches, as they were wor-1180

ried they might break something (the server, their1181

computer, Jupyter notebooks, etc), or that they1182

would not be able to get back to a working version1183

of their code. These thoughts and beliefs further1184

exhibit diminished confidence, and could also lead1185

to feelings of anxiety. However, such thoughts and1186
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beliefs may be best addressed through reassurance1187

from the demonstrators or lecturer (rather than a1188

tool like the Error Explainer), using student1189

focus groups to garner other common concerns.1190

Indeed, some of the demonstrators mentioned that1191

when helping students they often use the opportu-1192

nity to normalise the student’s experience (saying1193

for example, “this is a very common problem...”).1194

During these real-time exchanges, demonstrator1195

comments could further alleviate some student1196

anxiety.1197

7.3 Limitations and Threats to1198

Validity1199

While no significant threats to validity were iden-1200

tified for the preparatory research questions (RQ11201

and RQ2), there are several limitations related to1202

the primary research questions (RQ3 and RQ4).1203

As discussed in Sec 7.1, the main validity concern1204

a↵ecting RQ3 is the inherent improvement in the1205

students coding ability as the course progresses,1206

which cannot be easily untangled from the addi-1207

tional e↵ect of introducing the Error Explainer1208

tool. While the use of a control group could resolve1209

this issue, it was not possible under the acquired1210

ethical approval. This was compounded by the1211

limited time during which the students used the1212

Error Explainer tool and the few questions1213

devoted to this in the surveys. A longer-term study,1214

coupled with more in-depth surveys on this aspect1215

would help to mitigate these concerns.1216

In terms of RQ4, one possible threat to the1217

validity of could arise from the fact we asked1218

students to self-report the intensity of various emo-1219

tions, relying upon the students’ recollection. Our1220

results show that as the students used the tool1221

their confidence grew. However, it is worth noting1222

that the students’ confidence may grow throughout1223

semester naturally as they gain more experience. In1224

an attempt to mitigate this concern and extract the1225

impact of the Error Explainer on confidence,1226

the students were asked explicitly “To what degree1227

did the Error Explainer tool a↵ect your confi-1228

dence in your ability to resolve Python errors in1229

the PHYS105 PC classes?” (see Fig. 8). Again, how-1230

ever, we relied upon students’ recollection being1231

accurate.1232

7.4 Further work1233

Future improvements to the Error Explainer1234

could include di↵erent outputs not only for di↵er-1235

ent error types but also for di↵erent error messages,1236

to allow for more targeted feedback based on the1237

context. The data gathered on which are the most1238

common error messages (e.g. SyntaxErrors), can be1239

used to guide those that would benefit most from1240

having a more specific, targeted explanation. Fur-1241

ther studies could also investigate the e↵ectiveness1242

of these more specific error messages by consider-1243

ing the Repeated Error Density, to inform which1244

of the Error Explainer messages are more or1245

least helpful to the students and why.1246

In addition to more targeted explanations,1247

another feature that could be considered is to1248

attempt to locate the position within the Jupyter1249

notebook where an error message occurs in addi-1250

tion to the time at which it does so, in particular1251

identifying if repeated error messages are gener-1252

ated from within in the same Jupyter notebook1253

coding cell or a di↵erent one. This would allow us1254

to more accurately determine which exercise of a1255

problem set the student is working on and hence1256

better investigate the rate of repeated errors within1257

each exercise individually and correlate these with1258

the exercise topic.1259

As alluded to earlier in the paper, a future1260

version of the Error Explainer could include1261

expandable sections that o↵er further detail or1262

extension to allow knowledge to be disseminated1263

in stages to accommodate diverse learners (Coull1264

& Duncan, 2011). A reduction in the explanation1265

provided as students become more comfortable1266

with the native error messages could also be1267

investigated.1268

Finally, the Error Explainer could poten-1269

tially be extended to teach vocabulary. One reason1270

novice programmers can struggle interpreting error1271

messages is that they are still building up the tech-1272

nical vocabulary used in the error message. Making1273

this more challenging is the finding by Marceau et1274

al. (2011), that students pick up very little vocab-1275

ulary through lectures. The Error Explainer1276

could be extended to teach vocabulary in a just-1277

in-time approach, allowing students to learn some1278

of the technical terms as they need them and in1279

context.1280

Future studies involving the Error1281

Explainer or variations of the Error1282
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Explainer could also be used to directly inves-1283

tigate the di↵erences between Physics and CS1284

student cohorts to allow direct comparisons1285

between these two groups to be drawn.1286

8 Conclusion1287

Arguably the main stumbling block that novice1288

programmers face is cryptic error messages that are1289

inadequate to help them resolve issues encountered,1290

leading to them feeling discouraged and ultimately1291

presenting a significant hurdle to students learning1292

to program. While several studies have explored1293

enhancements to error messages, there is signif-1294

icant debate surrounding their e↵ectiveness and1295

little investigation into the e↵ect on the student’s1296

emotional state. In particular, despite its rising1297

popularity, there has been limited quantitative1298

assessment of error enhancement in Python.1299

We developed a tool, called the Error1300

Explainer, to provide enhanced Python error1301

messages and subsequently studied its e↵ect on1302

first-year physics students during an introduc-1303

tory programming course using a mixed methods1304

approach consisting of data from error logging, stu-1305

dent surveys and a demonstrator focus group. To1306

our knowledge this is the first such study specifi-1307

cally in the context of STEM curricula outside of1308

computer science.1309

Analysing the most frequent error types showed1310

a broadly similar distribution to previous studies,1311

with the most common being SyntaxError, while no1312

significant di↵erence was observed in the average1313

number of attempts students required to resolve1314

errors of di↵erent types. While students reported1315

that the tool helped them to resolve error messages1316

in many cases, the data did not show any quantita-1317

tive improvement in students’ ability to understand1318

and debug error messages. Although this is in1319

line with several previous studies, the short time1320

frame of the study make it di�cult to draw any1321

strong conclusions. In contrast, the data show a1322

statistically significant reduction in negative emo-1323

tions such as anxiety and frustration, along with1324

a corresponding decrease in discouragement and1325

increase in confidence. A future longer-term study1326

is required to see if this translates into improved1327

learning outcomes.1328
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Table A1 List of survey questions and the associated answer type.

Question Answer

B
ot
h

How would you describe your level of coding experience (in any programming language)
prior to starting PHYS105?

choice

How would you describe your level of Python coding experience prior to starting
PHYS105?

choice

Take a look at the following Python code snippet and associated error message and
then answer the two questions below:

Which part of the code do you think requires correcting to resolve the error choice

What do you think is the cause of the error being reported? choice

B
ef
or
e

Are you a native English speaker? yes/no

On a scale from 0 (not at all) to 5 (very intense), how strongly do you feel each of the
following emotions when your code produces an error message?

scale (0–5)

Please list any other terms that describe your feelings when encountering a Python
error message?

free text

What methods do you use to try to understand and correct the error? Tick all that
apply.

multiple choice
+ free text

When you come across an error message which of following information does it contain?
Tick all that apply.

multiple choice
+ free text

On average, what fraction of your time in PHYS105 PC classes is spent in trying to
resolve Python errors?

choice

Would a translation of the Python error message into plain English below the actual
message, along with suggested tips to resolve it, help?

yes/no

A
ft
er

Did you notice the Error Explainer tool appearing below Python error messages
when using CoCalc in weeks 5 and 6?

yes/no/unsure

How helpful/useful was the Error Explainer tool in helping understand the error
(where �3 indicates a strong hindrance, 0 is neutral, and +3 is very helpful)?

scale (-3–3)

How understandable were the Error Explainer descriptions of the errors (i.e. the
blue text)?

scale (0–5)

To what degree did the Error Explainer tool a↵ect your confidence in your ability
to resolve Python errors in the PHYS105 PC classes?

scale (0–5)

When you come across a Python error message and you’re not sure how to resolve it,
what do you prefer as a first port of help?

choice

During all of your modules you will receive feedback in many di↵erent forms (e.g.
talking with demonstrators, assignment feedback, etc.) Did you recognise the Error
Explainer text as feedback?

choice

Did you like or not like having the Error Explainer (i.e. the blue text) appear?
Please tell us why.

free text

What percentage of the time did reading the Error Explainer message help you to
solve the error?

choice

Since using the Error Explainer tool, on average what fraction of your time in
PHYS105 PC classes is spent in trying to resolve Python errors?

choice

Reflecting back on PHYS105 weeks 1-4 (before we introduced the Error Explainer),
on a scale from 0 (not at all) to 5 (very intense), how strongly did you feel each of the
following emotions when your code produced an error message?

scale (0–5)

When using the Error Explainer tool in weeks 5 and 6, on a scale from 0 (not at
all) to 5 (very intense), how strongly do you feel each of the following emotions when
your code produces an error message?

scale (0–5)

Is there anything else that would have been helpful to include in the Error Explainer
tool? E.g. other features

free text

Would you like to continue to use the Error Explainer tool in the future? yes/no/maybe
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B., Bussonnier, M., Frederic, J., . . . develop-1596

ment team, J. (2016). Jupyter notebooks -1597

a publishing format for reproducible compu-1598

tational workflows. F. Loizides & B. Scmidt1599

(Eds.), Positioning and power in academic1600

publishing: Players, agents and agendas (pp.1601

87–90). Netherlands: IOS Press. Retrieved1602

from https://eprints.soton.ac.uk/403913/1603

Koedinger, K.R., Aleven, V., He↵ernan, N.,1604

McLaren, B., Hockenberry, M. (2004).1605

Opening the Door to Non-programmers:1606

Authoring Intelligent Tutor Behavior by1607

Demonstration. J.C. Lester, R.M. Vicari,1608
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