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Abstract
Already today, humans and programming assistants based on large
language models (LLMs) collaborate in everyday programming
tasks. Clearly, amisalignment between howLLMs and programmers
comprehend code can lead to misunderstandings, inefficiencies, low
code quality, and bugs. A key question in this space is whether hu-
mans and LLMs are confused by the same kind of code. This would
not only guide our choices of integrating LLMs in software engi-
neering workflows but also inform about possible improvements of
LLMs. To this end, we conducted an empirical study comparing an
LLM to human programmers comprehending clean and confusing
code. We operationalized comprehension for the LLM by using LLM
perplexity, and for human programmers using neurophysiological
responses (in particular, EEG-based fixation-related potentials). We
found that LLM perplexity spikes correlate, both in terms of lo-
cation and amplitude, with human neurophysiological responses
that indicate confusion. This result suggests that LLMs and humans
are similarly confused about the code. Based on these findings, we
devised a data-driven, LLM-based approach to identify regions of
confusion in code that elicit confusion in human programmers.
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• General and reference → Empirical studies; Metrics; • Com-
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int V1 = 5;
boolean R = (V1-- > 2);

(a) int V1 = 5;
boolean R = (V1 > 2);
V1--;
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Figure 1: A comparison of confusing and corresponding
clean code (a) as well as effects on LLM perplexity (b) and
neurophysiological responses (c): The confusing code snip-
pet includes an atom of confusion (highlighted in red). The
corresponding clean snippet avoids this atom by extracting
the decrement-expression into a separate statement (a). The
token-level perplexity from an LLM increases for the con-
fusing code region (b). Corresponding EEG fixation-related
potentials exhibit increased amplitude during the compre-
hension of the confusing snippet (c).

1 Introduction
Large language models (LLMs) have rapidly advanced and demon-
strated remarkable performance in many programming-related
tasks [28], including code completion [31, 34], synthesis [54], and
repair [27, 89]. Trained on massive corpora of data, LLMs are able
to generate syntactically correct and semantically plausible code
across all areas of software engineering, from education [24, 37, 62,
63] and research [11, 18, 75] to practice [23, 38]. Already today, LLM-
based coding assistants and human programmers work in concert to
produce substantial amounts of source code [9]. Clearly, a misalign-
ment between LLM and human programmers in such a collaborative
setting can lead to misunderstandings, inefficiencies, low code qual-
ity, and bugs [70, 79, 88]. To maximize the potential of LLMs, we
are well advised to critically assess the alignment [1, 3, 53, 68] of
how LLMs and humans comprehend source code.

The premise of our investigation is that understanding (the pres-
ence and extent of) this alignment would allow us to better un-
derstand possible risks and pitfalls of integrating LLMs into soft-
ware engineering workflows and to improve the capabilities of
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LLMs in collaborating with humans in programming-related tasks.
Specifically, we are interested in the reaction of LLMs and humans
to confusing code. Prior research has dedicated considerable at-
tention to problematic or confusing code [14, 21], even offering
validated stimuli that elicit distinct neurophysiological responses
in humans [4, 86, 87]. Thus, confusing code provides an empiri-
cally grounded and well-studied setting to evaluate the alignment
between human and LLM comprehension.

Research questions and methodology. Our investigation is guided
by three research questions:

RQ1: How does confusing code affect LLM confusion?
RQ2: How does LLM confusion about code relate to human confu-

sion about the same code?
RQ3: How well is a data-driven, LLM-based approach able to iden-

tify code regions that confuse humans?

For our investigation, we rely on a well-studied set of syntacti-
cally valid and semantically correct code idioms that are known
to confuse human programmers, called atoms of confusion [21].
Figure 1(a) displays an example pair of an atom of confusion in
a confusing and a corresponding clean (i.e., less confusing) code
snippet. Atoms of confusion lead to longer reading times, higher
error rates, and lower comprehension accuracy across program-
ming languages [8, 21, 42]. Studies involving visual attention [8, 12]
and neurophysiological measures using electroencephalography
(EEG) [86, 87] further corroborate these results.

To analyze how humans comprehend code, we rely on EEG
data from prior work. EEG has been a well-established method for
measuring programmers’ neurophysiological responses to source
code [7, 33, 43, 46, 51, 58, 86]. In a study on atoms of confusion,
Bergum et al. combined EEG with eye tracking to measure fixation-
related potentials (FRPs). They found that confusing code reliably
elicits a so-called late frontal positivity in the EEG signal of human
programmers (see Figure 1(c)), which is a neurophysiological corre-
late of human confusion [41]. Therefore, we also measure human
confusion using fixation-related potentials with the focus on the
amplitude of late frontal positivity.

To analyze how LLMs comprehend code, we use the measure of
perplexity. Perplexity reflects how unexpected a token is to the LLM
given its context (see Figure 1(b)). In natural language processing
and psycholinguistics, the unexpectedness of natural language text
serves as a well-established proxy for human confusion and cogni-
tive load [44], which has been confirmed also for source code [6, 26].

Combining the pieces, we have devised a methodology that (1)
computes token- and snippet-level perplexity values with state-of-
the-art LLMs, (2) extends this analysis to calculate perplexity at
predefined areas of interest (AOIs), (3) aligns these with fixation-
related potentials in EEG signals, and (4) detects perplexity peaks
within code snippets to define new AOIs, extracts corresponding
FRPs, and aligns these measures accordingly. We leveraged the
dataset of Bergum et al. [4] for fixation-related potentials and evalu-
ated several mainstream LLMs of varying sizes (see Section 4.2.1 for
details on model selection). As the models yielded similar results,
we report findings particularly for Qwen2.5-Coder-32B [30], which
held the top Java pass@1 score on the Big CodeModels Leaderboard
at the time of our experiments.

Results. Our results demonstrate that the presence of atoms of
confusion consistently triggers a spike in LLM perplexity, revealing
that LLMs are also sensitive to these confusing code constructs,
corroborating prior findings on human programmers. Moreover,
when correlating the LLM perplexity values with the strength of
human confusion measured by the amplitude of corresponding
fixation-related potentials, we find a consistent, statistically signifi-
cant positive relationship. The confusion of LLMs and humans is
not only spatially aligned (based on tokens) but also in terms of
their amplitude. Based on these findings, we have devised a data-
driven, LLM-based approach to identify code regions of confusion
that are associated with human confusion.

Overall, we find an alignment between LLM perplexity and hu-
man neurophysiological responses, which is an important step
toward establishing LLMs as viable surrogate models of human
program comprehension. This paves the way to deepen our un-
derstanding of how programmers comprehend code and supports
the development of LLMs to be more closely aligned with human
comprehension patterns. Our investigations suggest that LLMs may
serve as a foundation for data-driven feedback methods that flag
or revise cognitively demanding code based on LLM perplexity
and facilitate the development of tools that automatically refactor
confusing code or highlight areas where programmers may need
additional information to comprehend the code.

Contributions. We make the following contributions:

• An investigation of the effects of confusing code (based on atoms
of confusion) on LLM perplexity;

• A novel combined analysis of LLM perplexity and human confu-
sion measured in terms of fixation-related potentials, showing a
positive correlation between LLM perplexity and neurophysio-
logical responses indicative of human confusion;

• A data-driven approach to detect potential regions of confusion
using LLM perplexity, validated with EEG data to confirm the
effect of the code region on human confusion; and

• A replication package with our data, the entire analysis pipeline,
and additional details.1

2 Background and Related Work
In the following, we provide the background and summarize prior
work related to our study. We review three key concepts: (1) atoms
of confusion, a set of small code patterns known to impair human
comprehension despite being syntactically and semantically valid;
(2) neurophysiological measures, particularly EEG and fixation-
related potentials, which offer fine-grained insights into the neuro-
physiological responses underlying program comprehension and
confusion; and (3) LLM perplexity, a measure of model uncertainty
that has been linked to human difficulty in processing both natural
language and source code. Together, these lines of work provide
the theoretical and empirical grounding for our investigation into
how LLMs and human programmers respond to confusing code.

1https://github.com/brains-on-code/llm-perplexity-AoC

https://github.com/brains-on-code/llm-perplexity-AoC
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2.1 Atoms of Confusion
Over the past decade, atoms of confusion (AoCs) have emerged
as a key concept for understanding the cognitive challenges pro-
grammers face when reading source code. These atoms are short,
syntactically and semantically valid code snippets that often tend to
cause confusion. First introduced by Gopstein et al., atoms of confu-
sion were identified through behavioral studies in C and C++ that
revealed certain patterns, such as misleading variable shadowing
or misleading increment placement (see Figure 1a), that frequently
led to human confusion during program comprehension tasks [21].
Subsequent work extended the study of atoms of confusion to other
programming languages. Langhout and Aniche adapted the original
atoms to Java and found that they led to significantly higher error
rates and increased perceived difficulty [42]. Da Costa et al. iden-
tified similar effects in Python, showing that atoms of confusion
increase the visual effort and comprehension difficulty [8].

Table 1: Illustrative confusing code (atoms of confusion) and
clean counterparts based on Bergum et al. [4]

Atom of Confusion Confusing Variant Clean Variant

Arithmetic as Logic (V1 + 5 != 0); (V1 != -5);

Change of Literal Encoding 12 & 3; 0b1100 & 0b0011;

Constant Variables V1 = V2; V1 = 5;

Dead, Unreachable, Repeated R = 3; R = 2; R = 2;

Implicit Predicate !(V1 - V2 < 6) (V1 - V2 > 5)

Remove Indentation while (V1 > 0)
V1--;
R++;

while (V1 > 0)
V1--;

R++;

Infix Operator Precedence 2 - 4 / 2; 2 - (4 / 2);

Omitted Curly Braces for (_) R++; R++; for (_) { R++; } R++;

Post-Increment/Decrement int R = 3 + V1++; int R = 3 + V1; V1++;

Pre-Increment/Decrement int R = ++V1 - 2; ++V1; int R = V1 - 2;

Type Conversion (byte) V1; (byte) (V1 % 256);

Studies usingmining software repository approaches have shown
that atoms of confusion are not only prevalent in practice in large-
scale projects, such as the Linux kernel, but are also frequently dis-
cussed or removed in later commits [22]. Moreover, mining-based
analyses of Java repositories further linked atoms of confusion to
bug-prone code and subsequent maintenance activity, highlighting
their real-world relevance [52, 61].

Despite these consistent findings, atoms of confusion remain
under-represented in programming guidelines [52]. A programmer
survey has shown that, while a majority of programmers recognize
certain patterns as confusing, they are often reluctant to refactor
code that is syntactically correct and functionally complete [50].
A follow-up study using a think-aloud protocol suggests that be-
havioral accuracy may not always indicate true understanding:
Some participants use external cues—such as test outputs—to guess
correct results even when their mental models are incorrect [20].

2.2 Neurophysiological Correlates of Confusion
Detailed insights into program comprehension can be gained by
analyzing the behavior of programmers on a neurophysiological
level. Electroencephalography (EEG) is a non-invasive method for
capturing neural activity with high temporal resolution, making it

particularly well-suited for investigating the time course of neuro-
physiological responses when humans are interpreting stimuli [35].
To reduce noise, it is established to average EEG responses from
multiple trials time-locked to the start events, called event-related
potentials (ERPs) [48]. For simple stimuli, ERPs are created time-
locked onto stimulus onset, thus capturing the initial neurophysio-
logical responses of participants regarding the stimuli. In contrast,
for more complex stimuli, the setup can be extended with an eye
tracker synchronized to the EEG, which allows the capture of neuro-
physiological responses relative to fixations in a region of interest,
thereby calculating fixation-related potentials (FRPs) [32]. For both
ERP and FRP, the EEG signal must be leveled to a baseline prior to
aggregation, and commonly, the resulting ERP and FRP waves are
compared in a contrast between multiple conditions in form of dif-
ference waves [48]. These difference waves capture the difference
in neurophysiological activity at specific time points, and, to an
extent, also scalp locations. This allows to observe which ERP com-
ponents (i.e., established cognitive processes measured in the brain)
are involved or show increased activity during the comprehension
process. Multiple ERP components have been identified in prior
research across many fields [15], including ones that specifically
occur when processing natural language [76]. For example, one
ERP component is the N400, a negative impact at about 400ms after
the event, which reacts to semantic incongruency [40, 41].

Recently, researchers have started to adapt these methods to
software engineering settings. They have measured program com-
prehension using ERPs and FRPs and mapped the identified compo-
nents to those during comprehending natural language [4, 39]. Kuo
and Prat combined an ERP approach with token-wise presentation
of code snippets to detect that programmers react to syntax and
semantic violations in code with the same ERP components as when
reading text in natural language [39]. Bergum et al. analyzed the
neurophysiological response of programmers to atoms of confu-
sion while determining the output of a code snippet using an FRP
approach. They identified that these responses correspond to late
frontal positivity [4]. This is a positive ERP component concentrated
on the frontal part of the scalp and peaks at about 600ms. It has
been linked to unexpected but plausible sentence endings in natural
language. They commonly occur in sentences that generate high
expectations (i.e., high probability) for one specific sentence end-
ing, but where the actual ending does not match that expectation
(i.e., low probability) [5, 41, 77, 80]. For example, in the sentence he
bought her a pearl necklace for her ..., people commonly expect birth-
day. When a less expected ending, such as collection, is presented,
the neurophysiological response exhibits an increased amplitude
of the late frontal positivity ERP component. Overall, these initial
studies show fundamental similarities in the neurophysiological
responses to natural language and source code. Complementary
studies using functional magnetic resonance imaging (fMRI) pro-
vide corroborating evidence for this observation [57, 59, 60, 71, 72].

2.3 LLM Perplexity as a Measure of Confusion
Perplexity is an established metric for evaluating language models
by quantifying their uncertainty in predicting sequences of tokens
based on their probability [69, 83]. Concretely, a language model
defines probability distributions over sequences, enabling it both
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to generate plausible sentences and to evaluate the likelihood of
existing ones [36]. A well-trained language model should assign
higher probabilities to coherent and well-formed sequences, and
lower probabilities to unexpected ones. Formally, given a token
sequence 𝑇 = (𝑡1, 𝑡2, . . . , 𝑡𝑛), the language model assigns a joint
probability:

Pr(𝑇 ) =
𝑛∏
𝑖=1

Pr(𝑡𝑖 | 𝑡1, . . . , 𝑡𝑖−1).

Because this product decreases exponentially with sequence
length regardless of sequence quality, a direct comparison of se-
quence probabilities across different token/sequence lengths is not
meaningful [36]. To address this issue, the geometric mean of the
token probabilities is used to normalize the sequence probability

Prnorm (𝑇 ) = Pr(𝑇 )1/𝑛,

which corresponds to the average per-token likelihood. Average
Perplexity is then defined as the inverse of this probability:

PPL(𝑇 ) = 1
Prnorm (𝑇 ) =

(
1

Pr(𝑇 )

)1/𝑛
.

This formulation highlights that perplexity quantifies the aver-
age uncertainty of the language model when predicting each token
in the sequence, independent of sequence length [6].

In natural language, lower perplexity indicates more predictable
constructs, whereas higher perplexity reflects greater uncertainty
and difficulty in prediction [44, 73, 84]. These effects are well-
established in psycholinguistics, where higher perplexity has been
linked to slower reading times and increased cognitive load [44, 73].

In the context of source code, perplexity similarly reflects how
“natural” or predictable the code is to the model [26]. Code exhibits
strong statistical regularities, much like natural language, but with
even greater predictability, as programmers tend to favor idiomatic
and repetitive patterns [6]. Casalnuovo et al. experimentally tested
whether higher perplexity in code actually relates to difficulty in
humans understanding code. In a controlled user study, program-
mers were shown functionally identical code snippets with different
perplexities. They found that the versions with higher perplexity
led to slower response times and lower accuracy on comprehension
questions [6]. Goodkind and Bicknell even showed that a token’s
perplexity linearly predicts human reading time [19].

Building on these insights, recent research has further employed
token-level perplexity to assess the predictability of individual to-
kens rather than entire code snippets and enable a fine-grained
analysis [84, 85]. For instance, Xu et al. used this approach to distin-
guish between human-written and LLM-generated code, observing
that code produced by LLMs exhibits more uniform perplexity [84].

These findings suggest that perplexity not only captures struc-
tural regularities in code, but also reacts to unexpected or complex
tokens on a fine-grained level, making it a practical and cognitively
relevant metric for code analysis. However, the use of token-level
perplexity to directly model human neurophysiological responses
during program comprehension remains largely unexplored.

2.4 Research Gap
Prior work has established that atoms of confusion negatively
impact program comprehension across several programming lan-
guages. They occur frequently in software repositories and are
associated with increased error rates, maintenance effort, and bug-
prone code. It has been demonstrated that LLMs assign higher
perplexity to certain code patterns, and that this perplexity corre-
lates in cases with human difficulty during comprehension tasks.
Recent studies using neurophysiological measures such as fixation-
related potentials have shown that confusing code elicits distinct
neurophysiological responses, particularly late frontal positivity,
indicating increased mental effort during comprehension. Both
LLM perplexity and late frontal positivity have one fundamental
aspect in common: They are affected by what LLMs, respectively
humans, perceive as a probable sequence based on the previously
given context and training or experience.

Together, these lines of work suggest that there may be mean-
ingful overlap between patterns that confuse humans, surprise
language models, and trigger distinct neurophysiological responses.
While atoms of confusion are known to induce confusion, and
perplexity has been linked to comprehension difficulty in isolated
studies, it is unclear whether LLMs assign higher perplexity to these
known confusing constructs or whether LLM perplexity aligns with
human neurophysiological responses during program comprehen-
sion. If such alignment exists, it raises the question of whether we
can move beyond static, predefined patterns and use perplexity
itself to automatically identify regions of confusion in code.

3 Research Questions
Based on this research gap, we structure our investigation around
three main research questions, each exploring a different aspect of
the relationship between confusing code constructs, LLM confusion,
and human neurophysiological responses observed during program
comprehension.

RQ1: How does confusing code affect LLM confusion? RQ1 ad-
dresses whether LLM confusion reflects known cognitive challenges
posed by confusing code. Here, we operationalize confusing code
using the established atoms of confusion and LLM confusion to
this code with perplexity. To establish perplexity as a computa-
tional measure of confusion, we compare the perplexity of code
snippets containing atoms of confusion to their clean, functionally
equivalent counterparts.

Based on the literature (cf. Section 2), we expect code snippets
containing atoms of confusion to exhibit (1) higher perplexity par-
ticularly for the regions containing the atoms of confusion (as
shown in Figure 1(b)), and (2) statistically significant differences in
perplexity metrics (i.e., average and maximum) between confusing
and clean versions of the code, especially within the regions that
contain the atoms of confusion.

RQ2: How does LLM confusion about code relate to human con-
fusion about the same code? Building on RQ1, we investigate the
extent to which LLM perplexity aligns with neurophysiological
correlates of human confusion during program comprehension. To
this end, we analyze the EEG recordings and eye-tracking data of
Bergum et al. [4], in which they identified a late frontal positivity
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using fixation-related potentials. This neurophysiological response,
often associated with increased syntactic complexity and process-
ing effort [41], provides a robust basis for evaluating whether code
regions with high LLM perplexity correspond to increased cognitive
demand in human programmers.

Specifically, we analyze whether the maximum token-level per-
plexity in atoms of confusion correlates with increased late frontal
positivity in the FRP signal that is extracted time-locked to fixations
positioned on this token sequence. We hypothesize that the LLM
perplexity will positively correlate with the measured late frontal
positivity, suggesting that LLM perplexity and human confusion
are linked.

RQ3: How well is a data-driven, LLM-based approach able to iden-
tify code regions that confuse humans? Finally, we explore whether
perplexity can serve as a practical proxy for identifying confusing
code regions by testing (1) whether regions of confusion derived
from perplexity align with neurophysiological correlates of human
confusion as measured by late frontal positivity, and (2) whether
these detected regions of confusion result in similar correlations
with EEG signals compared to known atoms of confusion.

Our third research question is concerned with the feasibility of
using LLM perplexity directly to identify confusing regions in code,
beyond the predefined set of atoms of confusion. For this purpose,
we introduce a data-driven approach for extracting regions of con-
fusion by locating peaks in token-level perplexity and aggregating
them into semantically coherent sequences of tokens. These regions
are then compared to the predefined atoms of confusion in terms of
their alignment with FRP responses. We hypothesize that regions
of confusion extracted through perplexity-based methods will yield
correlations that are, at least, comparable, and possibly stronger,
than those based on the predefined set of atoms of confusion—
offering a scalable way to localize confusion in code.

4 Methodology
In this section, we present our research process, including the ex-
traction and processing of the EEG data, the selection of language
models, the perplexity analysis, and the approach to generate re-
gions of confusion based on a data-driven approach.

4.1 EEG Data on Human Confusion
The dataset of Bergum et al. consists of EEG recordings collected
from 24 participants, each completing 72 code comprehension trials,
resulting in an initial total of 1 728 trials [4]. After preprocessing,
artifact removal, and synchronization with eye-tracking data per-
formed by Bergum et al., their dataset provides 1 432 high-quality
samples usable as foundation for our analysis of RQ2 and RQ3. Each
of these 1 432 trials was annotated as either confusing or clean based
on whether the code snippet contained an atom of confusion.

4.1.1 EEG Preprocessing. To accurately retrieve EEG signals time-
locked to fixations on confusing code regions, we first performed
the epoching of the raw EEG data into time-locked segments around
fixation events. For this, we used a slight modification of the algo-
rithm used by Bergum et al. for fixation selection. Our algorithm
identifies the first fixation that is closest to the area of interest
(and not just the first fixation within the bounding box around

this defined area), which more accurately corresponds to the LLM
receiving this token as input. The resulting epochs contained data
from 27 EEG electrodes, spanning from -300 to 1 000ms at a sam-
pling rate of 500Hz, and we used the mean EEG signal for -300–0ms
as baseline. Building on this fixation selection, we refined our anal-
ysis by focusing specifically on the frontal midline electrode (Fz)
within a 400–800ms window post-fixation, where the late frontal
positivity identified by Bergum et al. was most pronounced [4].
For each atom, we followed the standard procedure of averaging
the corresponding EEG epochs across participants to enhance the
signal-to-noise ratio. We then extracted the mean amplitude for
statistical comparison, as established for ERP analysis [49].

4.2 LLM-Based Perplexity Analysis
4.2.1 Language Model Selection. We based the selection of lan-
guage models for our experiments on their performance on Java
tasks from the MultiPL-E benchmark2, a multilingual extension
of the HumanEval benchmark designed to evaluate the functional
correctness of synthesized programs from docstrings. Specifically,
we relied on the Big Code Models Leaderboard3, which reports the
average pass@1 scores for each model on a set of programming
tasks across multiple languages. This metric reflects the proportion
of generated code completions that are functionally correct on the
first attempt. Because our EEG data stems from a study using Java
code, we prioritized models with strong Java performance for per-
plexity evaluation. Accordingly, we selected Qwen2.5-Coder-32B4,
which, at the time of writing, held the highest Java pass@1 score on
the leaderboard at 65.49%. This choice ensured that our perplexity
evaluations were based on a state-of-the-art model proficient in
Java, thereby enhancing the validity of comparisons with neuro-
physiological responses to source code and improving the relevance
of our findings to real-world program comprehension tasks. In addi-
tion, we selected two mainstream models, as well as three LLMs of
different sizes and architectures with the best Java pass@1 scores.
Thereby, we complement the range of model sizes and ensure the
generalizability of our results across models (see Section 7.3). Ta-
ble 2 summarizes the included models, their sizes, and leaderboard
scores, if available.

Table 2: LLMs selected for perplexitymeasurement, including
size and Java pass@1 leaderboard score, if available.

Model Size Java pass@1

Qwen2.5-Coder-32B 32B 65.49%
Yi-Coder 9B 9B -
Artigenz-Coder-DS 6.7B 6.7B 56.84%
Deepseek-Coder 6.7B 6.7B 37.72%
Llama 3.2 3B 3B -
Deepseek-Coder-1.3B 1.3B 27.16%

2https://huggingface.co/datasets/nuprl/MultiPL-E/viewer/humaneval-java
3https://huggingface.co/spaces/bigcode/bigcode-models-leaderboard
4https://huggingface.co/Qwen/Qwen2.5-Coder-32B, [30]

https://huggingface.co/datasets/nuprl/MultiPL-E/viewer/humaneval-java
https://huggingface.co/spaces/bigcode/bigcode-models-leaderboard
https://huggingface.co/Qwen/Qwen2.5-Coder-32B
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4.2.2 Token-Level Perplexity Calculation. To quantify model con-
fusion at a fine-grained level, we compute per-token perplexity.
This approach follows prior work that uses token-level perplexity
to analyze code [84]. Our procedure for each code snippet is as
follows:
(1) Parsing and Tokenization. The snippet is first preprocessed

to extract predefined atoms of confusion (based on Bergum
et al. [4]) and is then tokenized using the model’s tokenizer.

(2) Token Probability Calculation. For each token position 𝑖 , the
model receives the previous sequence of tokens as context and
predicts the probability distribution over the next token. Logits
from the model’s output are converted to probabilities via a
softmax function, and the probability assigned to the actual
next token 𝑡𝑖 is extracted.

(3) Per-Token Perplexity Computation. We then compute the per-
token perplexity as the inverse of the predicted probability for
all tokens in the snippet, producing a sequence of perplexity
values.

4.2.3 Calculation of Perplexity for Snippets and Multiple Tokens.
In addition to token-level analysis, we aggregate the perplexity
values of multiple tokens to capture model confusion over the code
snippets and over areas of interest (AOIs, i.e., manually defined
atoms of confusion or data-driven regions of confusion). Using
the standard sequence-level perplexity definition introduced in
Section 2.3, we compute the following:
• Average perplexity: the standard sequence-level perplexity of
the snippet or region, computed via the inverse geometric mean
of token probabilities.

• Maximum perplexity: the highest perplexity observed for any
token within the snippet or region.
We calculated these metrics separately for each code snippet and

area of interest. They represent the language model’s confusion
and are used in subsequent analyses to evaluate whether regions
associated with higher model confusion also correspond to higher
correlates of human confusion (as indicated by EEG fixation-related
potentials).

4.2.4 Statistical Analysis. For RQ1, we first tested for normality
with the Shapiro–Wilk test. Since the differences did not follow a
normal distribution, we opted for the non-parametric Wilcoxon
signed-rank test. We report 𝑝-values and the rank-based effect size
𝑟 = 𝑍/

√
𝑁 , where 𝑍 is the standardized test statistic and 𝑁 is the

number of paired observations. The four comparisons (snippet-level
vs. AOI-level; average vs. maximum perplexity) are pre-specified
complementary operationalizations of the same construct rather
than post-hoc tests and are, therefore, interpreted independently
without requiring multiple-testing correction [64, 67]. For RQ2, we
examined the relationship between model perplexity and neuro-
physiological correlates of confusion by applying a non-parametric,
rank-based correlation metric, specifically Spearman’s rank corre-
lation coefficient (𝜌). For RQ3, we applied clustered bootstrapping
for Spearman’s correlation (10 000 replicates), resampling at the
snippet level to control for non-independence of multiple detected
regions of confusion per snippet. Our choice of 10 000 bootstrap
replicates was guided by best practices, which recommend using
thousands of replicates to ensure stable confidence intervals and

reduce Monte Carlo error [10, 16, 25]. While prior simulation stud-
ies on Spearman’s correlation have used 2 000 bootstrap replicates
when feasible [65], larger values offer improved precision and are
increasingly adopted [17]. We report 95% confidence intervals to
support robust statistical inference [29].

4.3 Data-Driven Detection of Regions of
Confusion

For RQ3, we explore whether language model perplexity can serve
as a predictive signal for human confusion. To this end, we devel-
oped a data-driven method for identifying regions of confusion in
code. Our method detects areas of locally-high perplexity and re-
fines them through lexical, syntactic, and structural post-processing.
The procedure consists of four main steps.

4.3.1 Peak Detection. Given a tokenized code snippet with token-
level perplexity values, we identify local maxima using the promi-
nence-based peak detection algorithm from scipy5. Prominence
measures how much a peak stands out relative to its surroundings,
ensuring that only meaningful perplexity peaks are detected as
candidates. Through our testing, we set the prominence to 0.8,
which reliably isolates sharp perplexity spikes for our dataset. In
addition, we set the detection span to 1, such that each detected
peak corresponds to a single high-perplexity token, which then
forms the core of a candidate region of confusion.

4.3.2 Lexical and Syntactic Expansion. We first classify tokens us-
ing simple lexical rules to identify their categories. Based on this
classification, we then expand each peak region syntactically by
merging related tokens into meaningful units. This includes com-
bining variable names with numeric suffixes (e.g., V1), or resolving
operators with operands (e.g., V1--).

4.3.3 Merging Regions of Confusion. We merge adjacent or over-
lapping perplexity-based spans to form unified regions of confusion
based on span proximity and overlap. This prevents fragmentation
and captures compound expressions that may collectively con-
tribute to confusion.

4.3.4 Categorization and Filtering. To better understand the nature
of the regions flagged by our data-driven detection pipeline, we
automatically annotate each identified merged region of confusion
using a Java parser to identify the syntactic category (e.g., Identifier,
Punctuation) of the covered code fragment. For each region of con-
fusion, we extracted the highest node in the abstract syntax tree
(AST) fully spanning the region and assigned it a label correspond-
ing to the syntactic construct. We then grouped them into broader
categories to facilitate interpretability. The mapping is based on
typical program comprehension constructs. For example, both if
and for constructs fall under Control Flow, while operators such as
++ and == are categorized as Operator.

We applied this categorization to all detected regions of confu-
sion across the dataset. We filtered out the regions of confusion that
were categorized as one of the following categories: Type and Iden-
tifier regions involved identifiers and type declarations that often
appeared early in the snippet where the model lacked context, lead-
ing to artificially high perplexity that did not necessarily indicate
5version 1.14.1, [81]
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confusion. Constructs of the category Control Flow typically span
broad regions (e.g., entire conditional blocks), making it difficult to
localize the specific source of model confusion. Constructs of the
category Punctuation (e.g., semicolons), as the small size of the
region likely leads to rare fixation. After filtering, the majority of
retained regions of confusion fell into the Literal, Program Structure,
Expression, and Operator categories.

We carefully chose these filtering criteria by manually inspecting
the detected regions, aiming to retain only cognitively meaningful
ones and exclude cases affected by missing context, sparse fixation
data, or overlapping cognitive processes. All filtering steps were
thoroughly documented to ensure transparency and reproducibility.
While any filtering step carries a potential risk of bias, our approach
tries to minimize such effects by focusing on regions with clear
cognitive relevance. We provide all analyzed snippets, including
their average and maximum token- and snippet-level perplexity
values, detected regions of confusion, and included and excluded
syntactic categories, as well as the entire script to reproduce this
step in our replication package.

5 Results
In this section, we present the results regarding our research ques-
tions. We first compare perplexity between confusing and clean
code snippets (RQ1), then analyze correlations with EEG signals
(RQ2), and finally evaluate our data-driven detection of regions of
confusion (RQ3).

5.1 Atoms of Confusion & LLM Perplexity (RQ1)
To address RQ1, we analyzed whether atoms of confusion result
in higher language model perplexity. For illustration, we begin
with a qualitative comparison of a clean–confusing snippet pair as
illustrated in Figure 1. The token-level perplexity values show a pro-
nounced spike in the regions of the atoms of confusion compared to
their clean counterpart, with both average and maximum perplex-
ity increasing substantially (average: 1→ 9; maximum: 1→ 555).
At the snippet level, we observe an increase in average perplexity
(20→ 26), while the maximum (2 661) remains unchanged. These
pronounced differences suggest that the presence of atoms of con-
fusion contributes substantially to the model’s perplexity.

To evaluate whether this pattern generally holds, we system-
atically compared perplexity values between clean and confusing
variants across all 72 snippet pairs using a Wilcoxon signed-rank
test. As shown in Figure 2, both snippet-level metrics were statis-
tically significantly higher in confusing snippets (avg.:𝑊 = 941,
𝑝 = 0.036, 𝑟 = 0.25; max.:𝑊 = 97, 𝑝 = 0.046, 𝑟 = 0.39).

For a finer-grained analysis, we narrowed our focus to the prede-
fined atoms of confusion and their clean counterparts and evaluated
them using the same perplexity metrics, but now at the AOI level
(only the tokens related to the atoms and their counterparts). Both
average and maximum perplexity were significantly higher in con-
fusing snippets, with stronger effect sizes (avg.:𝑊 = 686, 𝑝 < 0.001,
𝑟 = 0.42; max.:𝑊 = 638, 𝑝 < 0.001, 𝑟 = 0.45). The difference in
effect size between average and maximum perplexity at the AOI
level is relatively small, likely due to the short AOI spans (typically
2–3 tokens) limiting the smoothing effect of averaging. Likewise,
the small difference in maximum perplexity between snippet-level
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Figure 2: Comparing snippet-level and AOI-level perplexity
metrics between confusing and clean variants withWilcoxon
signed-rank tests (all statistically significant).

and AOI-level is likely because the highest-perplexity token in the
snippet often falls within the AOI. Still, maximum AOI-level per-
plexity offers the most targeted signal and achieves the highest
effect size across all metrics making it the preferred measure for
the remainder of our analyses.

RQ1

We conclude that maximum AOI perplexity provides
the most targeted signal of the model’s response to
known confusing constructs. Consequently, we use
maximum AOI perplexity in the remainder of our anal-
yses.

5.2 LLM Perplexity & Neurophysiological
Responses (RQ2)

To address RQ2, we analyzed the relationship between LLM perplex-
ity and human neurophysiological responses in predefined AOIs
in terms of fixation-related potentials, as established by Bergum
et al. [4]. Each AOI corresponds to an atom of confusion in the
confusing variant, or the corresponding region in the clean variant.

For each atom of confusion, we computed the maximum AOI-
level perplexity and identified the longest first fixation inside the
region to extract the corresponding EEG signal segment. Based on
the preprocessed EEG data of Bergum et al., we computed the mean
potential at the Fz electrode in the 400–800ms post-fixationwindow,
specifically capturing the previously identified late frontal positivity.
Next, we computed a Spearman correlation between maximum
AOI-level perplexity and mean FRP amplitude. Because the clean
and confusing snippets are inherently different, we computed the
correlations separately for the clean and confusing variants.

Overall, we found positive correlations with varying significance.
For the confusing snippets, we observed a statistically significant
moderate positive correlation (Spearman’s 𝜌 = 0.47, 𝑝 < 0.001).
For the clean snippets, we observed a negligibly positive correla-
tion, which is not statistically significant (Spearman’s 𝜌 = 0.05,
𝑝 = 0.664). We visualize these correlations in Figure 3.

RQ2

For confusing code, the LLM perplexity significantly
correlates with the neurophysiological response of hu-
man programmers associated with confusion.
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Figure 3: Correlation between maximum AOI-level LLM per-
plexity and normalized mean FRP amplitude, separately for
confusing (left) and clean (right) code variants.

5.3 Detecting Confusing Code (RQ3)
To evaluate whether LLM perplexity can be used to detect confus-
ing code regions, we implemented a data-driven method to identify
such regions directly from token-level perplexity values. Specifi-
cally, we located local maxima in perplexity and aggregated them
into syntactically coherent spans, which we refer to as regions of
confusion. Depending on how many perplexity peaks occur in a
snippet, the algorithm may identify multiple regions of confusion.

To validate this approach, we compared the perplexity-based
regions of confusion to the annotated atoms of confusion introduced
by [4]. A detected region was considered to overlap with an atom of
confusion if it shared, at least, one token with a known confusing
construct in the same code snippet.

The data-driven approach was able to detect regions of confusion
in 64% of themanually labeled atoms of confusion, as well as regions
of confusion that are possibly beyond the known atoms of confusion.
Specifically, this approach detected a total of 227 distinct regions
of confusion across the dataset: 115 regions in confusing snippets
and 112 in clean snippets, many of which were novel and showed
no overlap with manually labeled atoms of confusion. We visualize
the overlap between our data-driven regions and the manually
annotated atoms of confusion using an UpSet plot in Figure 4.
Notably, the method detected 85 novel regions in confusing snippets
and 69 in clean snippets, revealing potential regions of confusion
not captured by manual annotation. The method largely overlapped
with the manually labeled atoms of confusion in confusing snippets,
indicating that a data-driven approach is well able to detect regions
that actually contain confusion. However, 26 atoms of confusion
were not detected, indicating that some of the confusing constructs
could not be captured by our approach. Similarly, 45 out of 72
manually labeled clean atoms were not detected by the method,
but 27 detected regions in clean snippets overlapped with manually
labeled confusing atoms. These 27 overlaps could be considered
false positives in a strict sense.

To better understand whether these newly detected perplexity-
based regions of confusion are confusing to humans, we conducted a
similar analysis to the one employed to answer RQ2. Specifically, we
extracted for all detected regions the closest fixation and computed
the mean EEG amplitude in the 400–800ms post-fixation window at
the Fz electrode. Our clustered bootstrap Spearman analysis (resam-
pling by snippet to account for multiple regions per snippet) shows
a robust correlation with neurophysiological correlates of confusion
in the confusing snippets (𝜌 = 0.37, 95% CI = [0.19, 0.53]). Note
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Figure 4: UpSet plot showing the overlap between manually
annotated atoms of confusion in clean and confusing snip-
pets, and automatically detected regions (gray). Horizontal
bars indicate the total number per category, while vertical
bars represent intersections. Purple bars indicate overlaps.
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Figure 5: Correlation between maximum AOI-level LLM per-
plexity and normalized mean FRP amplitude in automati-
cally detected regions of confusion, for confusing (left) and
clean (right) code variants. Markers distinguish overlap (o)
with known atoms vs. non-overlap (×).

that, even in clean snippets, the data-driven approach detected re-
gions align with FRP responses (𝜌 = 0.31, 95% CI = [0.10, 0.50]). We
visualize the correlations of the perplexity in regions of confusion
with the human response in Figure 5.

To understand whether the novel detected regions or manually
labeled regions drive the robust correlation, we computed corre-
lations separately for regions that did and did not overlap with
previously annotated atoms of confusion. Overall, there are positive
trends across all subgroups, but the stronger correlations appear in
overlapping regions, both in clean and confusing snippets. Table 3
reports each Spearman rank correlation including 95% confidence
intervals for all four subgroups.

RQ3

The data-driven, perplexity-based method effectively
detects confusing code regions, discovering nearly two-
thirds of known confusing constructs in confusing vari-
ants. The detected regions of confusion show positive
correlations with human confusion, even in (based on
the literature) supposedly clean code snippets.

6 Discussion
In this section, we discuss our results and their implications by
research question.
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Table 3: Spearman rank correlations (𝜌) between maximum
AOI Perplexity and mean FRP response, with 95% confidence
intervals computed via clustered bootstrapping (10 000 re-
samples) for sub-groups. * indicates significance (0 ∉ CI).

Group Spearman 𝜌 95% CI

Overlap with clean AoC 0.38 [0.10, 0.70]*
No overlap with clean AoC 0.24 [-0.05, 0.49]
Overlap with confusing AoC 0.33 [0.12, 0.52]*
No Overlap with confusing AoC 0.36 [-0.05, 0.71]

6.1 Atoms of Confusion & LLM Perplexity (RQ1)
Our analysis reveals significant differences in perplexity measures
between clean and confusing code variants at both snippet and
AOI levels. However, maximum AOI-level perplexity provides the
strongest and most robust effect (𝑟 = 0.447), likely because it is not
influenced by noise within or outside the atom of confusion. As
snippet length increases—such as when analyzing full functions
or files—we expect both average and maximum perplexity at the
snippet level to lose their effectiveness as reliable indicators of
confusion. Likewise, we expect the average AOI-level to lose its
effectiveness for confusing code constructs spanning more tokens.
Visual inspection of token-level perplexity distributions further
corroborates these quantitative findings, showing clear alignment
between perplexity peaks and the location of known confusing
code constructs (see Figure 1(b)).

Implications for Research. These results support the interpreta-
tion that LLM confusion, when triggered by atoms of confusion, is a
localized phenomenon rather than a characteristic that spans entire
snippets. Prioritizing such fine-grained, token-level perplexity met-
rics enables more accurate modeling and alignment between LLM
and human confusion. Future work shall explore the variability of
LLM perplexity responses across different categories of confusing
constructs and investigate cases where perplexity peaks fall outside
annotated AOIs, potentially reflecting deeper model confusion, am-
biguous semantics, or gaps in existing atoms of confusion datasets.
Additionally, alignment between perplexity peaks and annotated
atoms of confusion may be further improved through prompting
strategies that guide the model’s attention or through supervised
fine-tuning on annotated atoms of confusion data.

Implications for Practitioners. From a practical standpoint, maxi-
mum AOI perplexity provides an interpretable and computationally
efficient signal for identifying regions of potential confusion in
code. Since perplexity can be obtained directly from pretrained
language models without requiring additional instrumentation or
manual labeling, it offers a scalable and lightweight approach for
real-time confusion detection. Such signals have promising appli-
cations in developer tools and educational environments, where
highlighting cognitively demanding code regions can assist in code
review, debugging, and learning processes.

6.2 LLM Perplexity & Neurophysiological
Responses (RQ2)

Our results demonstrate a strong and statistically significant pos-
itive correlation between the maximum perplexity predicted by
the language model and the amplitude of fixation-related poten-
tials in response to confusing code variants (Spearman’s 𝜌 = 0.47,
𝑝 < 0.001). In contrast, clean code variants showed only a negligibly
positive correlation (𝜌 = 0.05, 𝑝 = 0.664). This pattern aligns well
with our expectations: large spikes in perplexity—such as those
observed in confusing code—should correspond to pronounced
neurophysiological responses, whereas steady perplexity values—
typically found in clean code—should elicit only weak responses
because they do not cross the threshold required to trigger stronger
neurophysiological activity. Importantly, these findings provide
compelling evidence that LLM confusion is meaningfully aligned
with human confusion during program comprehension, bridging
computational measures and neurophysiological responses.

To the best of our knowledge, this is the first direct empirical
validation linking LLM confusion and direct, neurophysiological
correlates of human confusion in the domain of program compre-
hension. Thus, the results have far-reaching implications for both
research and practice:

Implications for Research. From a research perspective, these
findings contribute to an emerging line of research advocating for
the use of neurophysiological measures to validate and interpret
LLM behavior in software engineering contexts [74]. They high-
light the prospects of incorporating neurophysiological signals into
LLM evaluation and fine-tuning frameworks, potentially advancing
model interpretability and alignment with human neurophysio-
logical responses [2, 56, 78]. Furthermore, our results show that,
when modeling human programmers, LLMs can serve as a viable
surrogate model and a foundation for deriving and verifying hy-
potheses about programmer behavior when designing empirical
experiments. In the future, this could even be extended by providing
the approach with more information about the context, such as
programmer experience (e.g., familiarity with certain constructs)
or reading behavior (e.g., previously regarded tokens).

Implications for Practitioners. For practitioners, these findings
provide evidence for the observation that LLMs are well able to
collaborate with humans by being sensitive to human confusion.
Additionally, they position perplexity as a reliable, lightweight mea-
sure for cognitive difficulty. Compared to behavioral metrics such
as reading times or error rates, perplexity offers a scalable, token-
level, and model-based signal that can be computed efficiently on
large code bases. This opens avenues for developing human-aligned
programming tools—such as adaptive integrated development en-
vironments and educational systems—that dynamically respond to
perceived confusion, enhancing usability and learning efficiency.

6.3 Detecting Confusing Code (RQ3)
To move beyond the limitations of manually annotated atoms of
confusion, we devised a fully automatic method that identifies po-
tentially confusing regions in source code by locating local maxima
in token-level LLM perplexity. The method uncovered the major-
ity of manually-labeled confusing snippets, while also detecting
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additional regions of confusion in supposedly clean snippets (cf. Fig-
ure 4). It is important to note that the clean snippets are not guaran-
teed to be completely “free of confusion”, not even in the annotated
area. Instead, they only proclaim to be less confusing than the cor-
responding atom of confusion. For example, bitwise operations,
such as 0b0010 & 0b0100 (clean) versus 12 & 3 (confusing), may
both plausibly generate confusion, explaining the model’s perplex-
ity peaks in clean snippets. Thus, overlaps may reflect subtle or
context-dependent confusion cues rather than outright errors in
the automatic detection.

To assess the cognitive relevance of these data-driven regions of
confusion, we aligned them with fixation-related potentials from
EEG recordings. We found no significant correlations for clean
snippets when relying solely on manually annotated clean atom of
confusion counterparts in RQ2. However, with the inclusion of the
85 additional regions detected by our method in clean snippets—
alongside some overlapping snippets with annotated atoms—we
now observe a moderate and significant correlation, suggesting that
clean snippets can still contain subtle confusing constructs. This
shift suggests that while the novel, non-overlapping regions alone
do not yield a significant correlation (cf. Table 3), their combination
with overlapping regions, especially after removing many from the
original clean set, produces a more neurophysiologically grounded
predictive signal.

Overall, the findings suggest that the effectiveness of our perple-
xity-basedmethod lies not in novel detections alone, but in its ability
to identify a targeted subset of regions in a data-driven way—some
overlapping with atoms of confusion, others newly discovered—
while excluding less informative ones. This selective refinement
reveals confusing regions that align with neurophysiological sig-
nals and may be missed by manual annotation, further supporting
perplexity as a meaningful and grounded predictor of confusion in
source code, particularly when used to guide region selection in
tandem with, rather than independently from, existing curated sets
of atoms of confusion.

Implications for Research. Together with the results from RQ2,
we conclude that the relationship between perplexity and fixation-
related potentials suggests that confusion is better conceptualized
as a continuous spectrum, rather than a fixed set of discrete and
equivalent constructs. These findings reinforce the idea that our
perplexity-based approach captures varying levels of neurophys-
iological responses, enabling scalable and empirically validated
detection of nuanced confusing regions. On a broader scale, this
work provides a research avenue for a more human-aligned LLM
working in concert with programmers. Future work shall investi-
gate how LLMs might reflect other neurophysiological responses
in their internal state. One example might be semantic implausibil-
ity, which elicits N400 responses in humans when reading natural
language or code [39, 41], and is sometimes also associated with
increased perplexity [47, 66, 82]. Incorporating automatically de-
tected regions of confusion into research workflows—such as those
used to study atoms of confusion or other confusing constructs—
could support the development of hybrid frameworks that reduce
reliance on manual curation through corpus studies and surveys.

Implications for Practitioners. This opens promising avenues for
support tools that adapt dynamically to the programmer’s cog-
nitive state by allowing data-driven feedback methods to flag or
revise cognitively demanding code based on LLM perplexity. It
also facilitates the development of tools that automatically refactor
confusing code or highlight areas where programmers may need
additional guidance. Future work shall refine detection thresholds
to optimize sensitivity and specificity of the detection algorithm by
varying prominence (e.g., to filter out regions with little to no con-
fusion). Additionally, it might require deeper investigation of how
larger context (i.e., bigger code snippets) influences the effect of
atoms of confusion or creates further confusion regions in human
programmers, whether LLMs also reflect these confusion patterns
in their perplexity, and whether they might provide assistance in
their detection. These findings should also be validated for a large
and diverse population of programmers varying in experience and
knowledge, and whether prior knowledge can be inserted into the
model context to suit individual needs of programmers.

7 Threats to Validity
Our study combined the elements of confusing code, human think-
ing, LLMs, and their linkage, which all come with their own sets of
threats to validity. Here, we discuss how we mitigated these threats.

7.1 Construct Validity
Our study relies on the constructs of “comprehending“ code, which
is “confusing“ to the LLM and humans. Both are theoretical con-
structs that are inherently difficult to measure. Therefore, we relied
on well-established operationalizations to minimize threats to con-
struct validity. Specifically, we used the validated set of atoms of
confusion [4, 21, 42] as a trigger for confusion. The used measure
of human confusion, the fixation-related potential approach, is also
a well-established indicator of cognitive processes in psychology
and related fields [13, 32].

Similarly, we used perplexity as a commonly used, fast, and scal-
able measure of uncertainty for the LLM [69, 83], which we believe
is the best comparable metric for LLM confusion. For our RQ3, we
detected regions of confusion based on peaks in the LLM perplexity
and expanded it by the underlying code construct. This approach
requires setting parameters for the peak detection and thresholds
on how much to expand to the surrounding tokens. We minimized
this threat to construct validity by using reasonable values and
providing the full analysis script in the replication package.

Finally, we hypothesize in this paper that perplexity for LLMs
and FRP-measured late frontal positivity for humans are related
constructs. The data support this hypothesis, but further studies
shall corroborate it.

7.2 Internal Validity
We view the diversity of the set of code snippets as the main threat
to internal validity. Atoms of confusion cover several different
constructs. We rely on the EEG data of Bergum et al. [4], which treat
all snippets as equally confusing. However, as shown in Figure 4,
there is a variety in the constructs and how well we can detect
them with perplexity. It is possible that the different constructs, or
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other confounding factors, affect the found link between human
confusion and LLM confusion.

An additional threat to internal validity is the size of the dataset
of Bergum et al. [4], on which we relied for our study. While provid-
ing a substantial contribution with their dataset and measuring the
confusion across all atoms (with over 600 epochs per condition), the
small sample size of up to 12 epochs for a single atom is challenging
for our analysis. We minimized this threat by using only the data
from electrode Fz (which showed the most prominent signal) and
by averaging the EEG signal across the time period of 400–800ms
instead of performing a more detailed analysis over this time span.

7.3 External Validity
On the LLM side, we focused primarily on Qwen2.5-Coder-32B
due to its strong performance on Java coding tasks. To minimize
the potential that our findings are specific to this LLM model,
we replicated our analysis with several other mainstream mod-
els of varying sizes (i.e., Deepseek-Coder 1.3B, Llama 3.2 3B,
Artigenz-Coder-DS 6.7B, Deepseek-Coder 6.7B, Yi-Coder 9B).
The results were largely consistent across models (Figure 6), sug-
gesting that the observed relationships are not model-specific. Even
a general-purpose model not fine-tuned on code, such as Llama 3.2,
exhibited a comparable positive relationship between perplexity
and mean FRP amplitude, albeit with a slightly weaker trend.

We conducted a sensitivity analysis of the prominence parameter
used in the peak detection step (Figure 7). Varying the prominence
(𝑝) influences the number of detected regions (𝑛) and reflects a
trade-off between false positives (Type I errors) and false negatives
(Type II errors), depending on how conservatively one wishes to
detect peaks. The stable trends observed across different promi-
nence thresholds indicate that our findings are robust to reasonable
variations in this parameter. Detailed results for all models and
parameter settings are available in our replication package.
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Figure 6: Relationship between maximum AOI-level per-
plexity and mean FRP amplitude across multiple LLMs. The
trends are consistent across models of different sizes.

Natural language studies have shown that there is a turning point
at which larger models become less aligned with human natural
language processing [45, 55]. Thus, a smaller coding model may
show a closer link with how humans comprehend code. However,
finding this turning point is beyond the scope of our study.

On the human side, we refer to the threats to validity of the used
dataset of Bergum et al. [4]. Most critically, it is possible that the
found effects of confusion via FRP are specific to the participant
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Figure 7: Sensitivity analysis for the prominence parameter
using Qwen2.5-Coder-32B. The relationship between maxi-
mumAOI-level perplexity andmean FRP amplitude remains
stable across prominence thresholds, demonstrating robust-
ness to parameter choice.

sample of intermediate programmers and may not generalize to
programmers of all experience levels or backgrounds.

Finally, we used atoms of confusion as the best way to obtain a
strong signal. It is possible our findings are specific to the confusion
triggered by atoms of confusion and may not generalize to all
confusing code constructs. Further studies shall investigate whether
our results showing a link between LLM and human thinking hold
up in other code, tasks, and contexts.

8 Conclusion
As humans increasingly collaborate with LLM-based programming
assistants, it is critical to investigate whether and to what extent
LLMs and humans align in this task. To this end, we conducted
an empirical study examining an LLM comprehending clean and
confusing code (in terms of LLM perplexity) as compared to human
programmers comprehending the same code (in terms of neurophys-
iological responses). We found that LLM perplexity spikes correlate
both in terms of location and amplitude with human neurophysio-
logical responses that indicate confusion. This suggests that LLMs
and humans are similarly confused about the same code. Thus, we
have devised a data-driven, LLM-based approach to identify code
regions of confusion that are associated with human confusion.

Our study revealed an alignment between LLM perplexity and
human neurophysiological responses, which represents an impor-
tant step toward establishing LLMs as surrogate models of human
program comprehension. This opens new avenues for exploring
the underlying cognitive processes of program comprehension and
supports the development of LLMs to be more closely aligned with
human comprehension patterns, such as other sources of confu-
sion. We lay the groundwork for data-driven feedback methods
that, using LLM perplexity, detect and revise cognitively demand-
ing code. This approach can be optimized to generalize for larger
code snippets and individual programmers, which facilitates the
development of tools that automatically refactor confusing code or
highlight areas in which programmers may need guidance.
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