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ABSTRACT
AI coding assistants are increasingly embedded in software engi-
neering practice, yet the literature still offers no cumulative, easily
interpretable picture of their effects on software developer produc-
tivity. The central problem is not a lack of studies, but a lack of com-
parability: prior work operationalizes productivity through hetero-
geneous markers, settings, and reporting styles, making cross-study
conclusions difficult. To address this, we conduct a staged system-
atic literature review. In the first stage, we synthesize studies that
explicitly examine developer productivity. In the second, we extend
the scope to productivity-related developer outcomes using SPACE
as a theory-informed lens, capturing human-centered evidence that
explicit productivity studies often omit. Across both stages, we
analyze how productivity is operationalized, which confounding
factors are discussed, and how reported effects are distributed.

We identify 187 unique productivity and productivity-related
markers, while individual studies typically only use five, revealing
a broad but highly fragmented evidence base. Explicit productivity
research is dominated by time-, output-, and artifact-oriented prox-
ies, whereas the broader SPACE-aligned corpus makes satisfaction,
psychological aspects, and well-being substantially more visible.
Reported effects are often positive, but this pattern is stronger in
perceived and tendency-based findings than in objective or statisti-
cally evaluated ones. Overall, the literature suggests that AI coding
assistants can support productivity, but current evidence does not
yet support simple, context-independent conclusions. The key con-
tribution of this review is therefore a structured basis for making
productivity evidence more interpretable, multidimensional, and
comparable across studies.
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1 INTRODUCTION
Coding assistants such as ChatGPT and GitHub Copilot are rapidly
reshaping software engineering practice across tasks such as code
and test generation [4, 20, 43–45, 49], code review [2, 10, 20, 49, 55],
and automated program repair [27, 58]. By 2025, 84 % of profes-
sional developers reported that they either want to adopt or have
already adopted AI coding assistants in their workflow [47], making
productivity effects a central practical concern.

Despite the growing number of studies on AI coding assistants,
the evidence on developer productivity remains difficult to inter-
pret. Reported effects vary substantially across studies: some find
large time savings when completing a task [41], no statistically
significant time savings in some phases [7], and some even slower
task completion [3]. These differences are not surprising: studies
examine different kinds of tasks (researcher-designed exercises [41],
realistic maintenance tasks [7], and real repository issues [3]) and
use highly heterogeneous productivity measures. Across the litera-
ture, “productivity” may refer to task completion time [32], devel-
oper perceptions [22, 30, 32, 38], repository activity metrics (e.g.,
commits, pull requests, lines of code) [18, 51, 59], or observational
findings [26, 32]. Even task completion time itself is operationalized
in multiple ways (e.g., direct measurement, Likert-scale perceptions,
percentage estimates, or qualitative interview results). As a result,
findings are hard to compare, and the field still lacks a coherent
view of when and how AI coding assistants improve productivity.

This comparability problem is not merely a methodological in-
convenience, but directly affects the conclusions that researchers
and practitioners draw from the literature. When results from fun-
damentally different study settings are interpreted side by side
as if they were equivalent, the field risks overgeneralizing effects
that may depend on task type, population, study environment,
or unreported contextual factors. The consequences are twofold:
practitioners may base adoption decisions on evidence from study
designs that do not reflect realistic software engineering work, and
researchers may repeatedly reproduce similar weaknesses because
the literature lacks a structured overview of which findings are
comparable, under what conditions, and with which confounders
in mind. The key question for a review is therefore not only what
effects have been reported, but whether existing syntheses make
those effects interpretable and comparable in the first place.

Existing literature reviews provide useful orientation, but do
not yet make productivity evidence interpretable and comparable
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across heterogeneous contexts [15, 21, 25, 35, 54]. Prior reviews
either take a broad LLM-in-software-engineering perspective [21,
54], focus on specific populations [15], or summarize effects without
systematically tracing operationalizations, study conditions, and
contextual factors relevant to comparability [35]. To our knowledge,
no existing secondary study jointly analyzes these dimensions to
make productivity evidence comparable and interpretable.

We address this gap with a staged systematic literature review
(SLR) designed to improve the interpretability and comparability
of evidence on AI coding assistants’ effects on software developers’
productivity. The staged design reflects two analytically distinct syn-
thesis objectives. Explicit productivity studies provide the clearest
basis for analyzing how productivity is defined, measured, reported,
and under which conditions effects emerge. At the same time, pro-
ductivity is widely understood as multidimensional, and prior work
does not consistently label all developer-centered, productivity-
relevant outcomes as productivity. We therefore structure the re-
view in two stages: the first synthesizes explicit productivity studies,
while the second synthesizes studies reporting outcomes aligned
with one or more dimensions of the SPACE framework (Satisfaction
and well-being, Performance, Activity, Communication and collab-
oration, and Efficiency and flow) — even when productivity is not
the primary stated construct. We do not assume prior studies con-
sistently apply SPACE or map cleanly to its dimensions. Instead, we
use it as a theory-informed scoping lens, integrating broader human-
centered evidence without collapsing into the explicit-productivity
corpus. This staged design supports both a precise analysis of direct
productivity claims and a broader account of productivity-related
effects, reducing construct undercoverage and strengthening the
basis for cumulative research and evidence-informed practice.

Our analysis produced a taxonomy that organizes the method-
ological fragmentation, arranging research insights according to
their operationalization approaches. From this taxonomy, we derive
three key observations: (i) human-centered dimensions (e.g., devel-
opers’ well-being) are rarely investigated in explicit productivity
research; (ii) confounders are not systematically analyzed; and (iii)
opinion- and tendency-based findings are largely positive, whereas
statistically evaluated and objective results contain substantially
more neutral and negative findings. This strengthens the observa-
tion that the central challenge is not the absence of evidence, but
the absence of an interpretable and comparable evidence base. We
contribute an important structured basis for making heterogeneous
productivity findings more comparable and interpretable across
software engineering contexts. Our consolidated overview of mark-
ers, confounders, and effect directions provides the shared ground
the field needs to move from isolated studies toward a cumula-
tive and coherent evidence base. For academia, this supports more
cumulative and better-calibrated research designs; for industry, it
enables more defensible interpretation of productivity claims when
evaluating AI coding assistants for real development environments.

To summarize, our contributions are as follows:

• We conduct a staged systematic literature review of AI cod-
ing assistants’ impact on software developers’ productivity(-
related) markers.

• We compile and categorize 187 unique productivity and
productivity-related markers, identifying which aspects are
measured frequently and which are largely missing.

• We provide a first list of confounding variables analyzed for
results in explicit productivity research.

• We synthesize reported effects of coding assistant usage on
explicit productivitymarkers and summarize where evidence
is consistent, mixed, or absent across study contexts.

• We derive implications for researchers designing future eval-
uations and practitioners assessing productivity impact.

2 BACKGROUND AND RELATEDWORK
Productivity in Software Engineering. Developer productivity has
been studied for decades without converging on a universal def-
inition or metric set. Early approaches relied on output-oriented
indicators such as lines of code [24], while recent work recognizes it
as multi-faceted and not to be reduced to a single measure [17, 39].

This shift is reflected in multidimensional frameworks such as
DevEx and SPACE. DevEx frames developer productivity through
developer-centric drivers such as feedback loops, cognitive load,
and flow state, and recommends combining subjective perceptions
with objective process indicators [39]. SPACE similarly argues for
a multidimensional view of productivity and distinguishes five
dimensions: Satisfaction and well-being, Performance, Activity,
Communication and collaboration, and Efficiency and flow [17].
These frameworks are relevant for two reasons: they motivate why
single-metric interpretations of AI coding assistant productivity
gains are often incomplete, and they provide a lens for identify-
ing productivity-related outcomes in studies that do not explicitly
use the term productivity while still reporting developer-centered
effects relevant to productivity in practice.

Secondary Studies on AI Coding Assistants and Developer Produc-
tivity. Existing review studies provide valuable orientation for this
rapidly evolving research area, but do not yet deliver the synthesis
required to make productivity evidence interpretable and compa-
rable across heterogeneous contexts [15, 21, 25, 35, 54]. Available
reviews differ substantially in scope, population focus, source pol-
icy, and synthesis objective, making them informative for mapping
the field, but less suitable for resolving the comparability problem
that motivates our work.

Ferino et al. [15] focus on novice developers’ adoption of LLMs,
covering motivations, perceptions, and experiences in only edu-
cational and early-career contexts. Mohamed et al. [35] are the
closest prior work, conducting an SLR on LLM-assistant produc-
tivity across 37 studies, mapping findings to SPACE. Our review
differs in analytical purpose: where Mohamed et al. characterize
studymethods and synthesize benefits, risks, and SPACE-dimension
coverage, we explicitly target the comparability problem by ana-
lyzing marker-level operationalizations, extracting confounding
variables, and preserving study-setting differences in effect synthe-
sis. We also use SPACE, but with a different purpose: as a staged
scoping mechanism to recover human-centered evidence that an
explicit-productivity-only review would miss.

Further, we considered broader LLM-in-software-engineering
reviews [21, 54], which map application areas and trends but are
not designed to synthesize human-centered productivity evidence



Fragmented Markers, Mixed Results: A Systematic Review of AI Coding Assistants and Developer Productivity ASE’26, October 12–16, Munich, DE

across heterogeneous settings. We additionally examined Friso and
Kalava [25], but their scope and reporting style differ substantially
from protocol-driven SLRs, limiting direct comparability.

The source policy also varies across prior reviews. Most existing
SLRs are restricted to peer-reviewed studies [15, 21, 35], a defensible
choice for methodological rigor. However, for productivity impact
in practice, influential evidence also appears in industry reports and
preprints reporting original study designs and results. Excluding
these improves uniformity but risks omitting practically relevant
evidence. We therefore include peer-reviewed studies, industry
reports, and preprints, but only when they report original empirical
designs and results, and we label them explicitly in the analysis.

Taken together, to the best of our knowledge, no existing sec-
ondary study is explicitly designed to make AI coding assistant
productivity evidence comparable and interpretable across studies
by jointly analyzing marker-level operationalizations, study set-
tings and documented confounding variables.

3 METHODOLOGY
We conducted a staged SLR to synthesize evidence on the impact of
AI coding assistants on software development. The core challenge
was obtaining interpretable results across heterogeneous study
designs, tasks, and measurement approaches, making a statistical
meta-analysis of effect sizes currently infeasible. Instead, we aimed
for a structured and transparent synthesis of (i) how productiv-
ity is operationalized via markers used to assess productivity and
productivity-related outcomes in human-centered studies of AI
coding assistants, (ii) which confounders are discussed in relation
to reported effects, and (iii) how reported effects are distributed
across explicit productivity and productivity-related outcomes.

3.1 Research Questions
To support an interpretable synthesis across heterogeneous evi-
dence, we first characterize how prior work operationalizes produc-
tivity and productivity-related outcomes, then extract confounding
variables, and finally summarize reported effects at the marker level.
We state the following research questions:

RQ1. How is the productivity impact of AI coding assistants on
software developers operationalized andmeasured in existing
software engineering research regarding

1.1 explicit productivity, and
1.2 productivity-related effects based on the SPACE dimensions?

RQ2. Which confounding variables are discussed in relation to the
reported explicit productivity effects?

RQ3. What effects of AI coding assistants are reported for explicit
productivity markers?

RQ1 focuses on operationalization (i.e., which markers are used and
how they are measured), RQ2 captures contextual interpretation
and limitations (i.e., confounding influences explicitly discussed
in the studies), and RQ3 summarizes reported effect directions
to enable cautious cross-study comparison under heterogeneous
reporting. Essentially, we cannot go directly to RQ3 without a prior
analysis and contextualization of how and under which constraints
the results were obtained. This is a key and unique aspect of our
analysis compared to other secondary studies on this topic.

We use the termmarker rather thanmetric because many studies
are not operationalized via standardized quantitative metrics, but
instead with qualitative/mixed-methods, such as interviews. Thus,
we define markers as study-reported operationalizations of higher-
level constructs (e.g., productivity, satisfaction, activity), including
quantitative measures and qualitative operationalizations.

3.2 Review Design and Search Strategy
We design a staged systematic literature review following the SIG-
SOFT Empirical Standard for Systematic Reviews [42]. Phase one
synthesizes studies explicitly examining productivity with AI cod-
ing assistants. Phase two extends this with a scoping stage using
SPACE to capture productivity-related developer outcomes not la-
beled as productivity. The full review protocol, including detailed
processes and author responsibilities can be found in the supple-
mentary material.

3.2.1 Staged ReviewDesign. We conducted the review in two stages
corresponding to RQ1.1 and RQ1.2 with two complementary syn-
thesis objectives. Phase one focuses on studies explicitly examining
developer productivity with AI coding assistants (ICp1), providing
the most direct and methodologically interpretable corpus for ana-
lyzing how productivity is explicitly operationalized and grounds
the phase-specific analyses of explicit productivity markers, con-
founders, and reported effects. Phase two focuses on productivity-
related outcomes aligned with one or more SPACE dimensions
(ICp2), acknowledging that relevant developer-centered evidence
is not always labeled as productivity.

This design was empirically confirmed during phase one screen-
ing: multiple studies reported outcomes conceptually aligned with
SPACE dimensionswithout naming productivity as the primary con-
struct, andwould have been excluded under an explicit-productivity-
only criterion. Phase one was retained as the explicit-productivity
corpus and complemented by phase two as a theory-informed exten-
sion, with phase-specific analyses preserved throughout to broaden
conceptual coverage without collapsing distinct forms of evidence.
Merging the two phases would therefore risk conflating method-
ologically distinct forms of evidence.

3.2.2 Selection Criteria. We defined inclusion and exclusion cri-
teria to include only studies that provide direct, human-centered
evidence relevant to software developers’ work with AI coding
assistants. The key criteria are summarized as follows:
• Phase-specific scope criteria:
– ICp1 (Phase one, RQ1.1): The paper explicitly examines pro-
ductivity effects of coding assistants on software developers.

– ICp2 (Phase two, RQ1.2): The paper examines productivity-
related effects aligned with one or more SPACE dimensions.

• Common inclusion criteria (both phases):
– Addresses a software engineering activity/developers’ work (IC2).
– Directly reports productivity(-related) results (IC3).
– Involves human participants/data from human developers (IC4).
– Publicly available in English (IC5).
– Peer-reviewed, preprint, or industry report with an original em-
pirical study design and results (IC6).

• Key exclusions:
– Published before 2023, predating the LLM-assistant period (EC1).
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– Exclusively teaching/student/non-developer populations (EC2).
– Fully automated benchmark/ground-truth evaluations and LLM–
LLM comparisons (EC3).

– Humans only for ground-truth creation/output evaluation (EC4).
– Other gray literature not meeting IC6 (EC5).

Mixed-participant studies (e.g., developers and students) are in-
cluded when conducted in non-teaching contexts and labeled ac-
cordingly. The temporal scope starts in 2023 (EC1), reflecting main-
stream LLM availability from 2022 onward. Full criterion formula-
tions are provided in the supplementary material.

3.2.3 Paper Collection and Screening Procedure. To reduce depen-
dence on a single search source and ranking mechanism, we col-
lected candidate papers from three complementary sources.

(a) a venue-based search in major software engineering venues
(to cover established software engineering venues),

(b) an automated keyword-based search using the Semantic Scholar
API (for scalable retrieval across indexed sources), and

(c) a manual search using Google and Google Scholar (for targeted
recovery of additional studies and industry reports).

Venue-based search. We evaluated research track papers of 12
major software engineering venues (including ASE, ICSE, and ESE;
full list in supplementary). The venue-based screening covered
3,746 papers in total, resulting in 1 relevant paper in phase one
(ICp1) and additional 4 (5 total) relevant papers in phase two (ICp2).

Semantic Scholar API search. As a second source, we queried
the Semantic Scholar API using 120 iteratively refined keyphrase
combinations and collected up to 20 results per query. Keyphrases
were constructed from template strings combining placeholders for
person type (PERSON: human, participant, developer, practitioner,
expert) and tool type (CHAT: chatgpt, LLM, coding assistant, chatbot,
copilot), combined with fixed keyphrases. Placeholders and combi-
nations were refined iteratively, with unsuitable ones dropped. The
template and static phrases are as follows:

• Templates:
– PERSON using CHAT
– How CHAT impact PERSONs
– Do CHAT increase productivity of PERSONs?
– Productivity of CHAT in practice
– Software PERSON on CHAT-usage
– Impact of CHAT on Software PERSON
• Static:
– Developers using LLMs
– LLMs in development
– how do coding assistants improve productivity in practice
– Do coding assistants increase productivity of software develop-
ers?

– Developer productivity coding assistants
– Effectiveness LLMs in Software Engineering
– Coding Assistants in Software Development
– Chatbots in Software Development

The full list of template and placeholder combinations is provided
in the supplementary material.

After deduplication, this step contributed 893 unique candidate
papers, contributing 13 relevant papers in each phase (26 total).

Manual search. As a third source, we manually queried 10 pro-
ductive keyphrases in Google and Google Scholar, adapting syntax
where needed (e.g., appending pdf to reduce blog results, or refor-
mulating llm impact developers as How LLMs impact developers).
Screening the first 20 results per query added 79 further unique
candidate papers. One candidate was provided by Google’s AI sum-
mary. This summary is generated automatically with most Google
searches and is thus part of the search interface rather than an ac-
tive AI tool used in our collection pipeline. This source contributed
13 relevant papers in phase one and 1 in phase two (14 total).

Screening and full-text verification. We screened candidates by
title and abstract against the selection criteria. All screening and ver-
ification steps were performed by the first author. The third author
independently screened the first 1,000 venue-paper titles as a calibra-
tion subset. Disagreements were resolved through discussion. For
any undecided paper, the second author was consulted. For abstract
screening, the second author reviewed venue paper abstracts for
calibration. When abstracts were ambiguous on the phase-specific
scope criterion (ICp1/ICp2), we inspected the full text for keywords
related to (i) the AI tool (e.g., ChatGPT, LLM), (ii) the study popula-
tion (e.g., human, participant), and (iii) the productivity(-related)
construct under consideration. Papers passing abstract screening
underwent full-text verification using the selection criteria, with
particular attention to participant population and the requirement
that productivity(-related) results are reported rather than only in-
termediate measures. For any paper where the first author remained
undecided, the second author was consulted.

We defined a control set of 10 papers identified through a small-
scale manual pre-study and used it to validate search completeness.
Search expansion was stopped after the third source once all control
papers had been recovered.

3.3 Data Processing and Synthesis Procedure
The first two authors aligned on coding decisions after each step;
phase-specific differences are stated below.

3.3.1 Step 1: Extracting Markers. In phase one, we extracted all
markers used to assess productivity, excluding markers unrelated
to productivity (e.g., use-case reporting without productivity impli-
cations) even when reported in otherwise relevant papers.

In phase two, we applied the same extraction logic but evaluated
whether each paper’s objective or RQs addressed developer impact
aligned to one or more SPACE-related constructs, rather than ex-
plicit productivity. We reassessed the phase-one pool for previously
excluded markers that aligned with SPACE, allowing re-inclusion
where appropriate. Derived analyses combining existing markers
without introducing a new operationalization (e.g., correlations
between previously extracted constructs) were excluded.

Operationalizing SPACE alignment (phase two). Because SPACE
defines dimensions conceptually without formal classification crite-
ria, we operationalized inclusion by examining each paper’s stated
objective, introduction, and (where applicable) research questions/
hypotheses to determine whether the investigated construct di-
rectly alignedwith one ormore SPACE dimensions from a developer-
centered perspective. Mapping required clear conceptual correspon-
dence to a SPACE dimension rather than indirect influence. Cases
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with conceptual overlap were resolved through author discussion.
For example, Khojah et al. [26] investigate perceived usefulness and
trust in a single RQ: usefulness was retained as its operationaliza-
tion directly addresses SPACE dimensions (e.g., reducing repetitive
tasks maps to Efficiency and Flow), while trust, a perception of the
tool rather than a developer-centered outcome, was excluded.

3.3.2 Step 2:MappingMarkers to Normalized Labels. In both phases,
we mapped each extracted marker to a normalized label via open
coding, enabling cross-study comparison across semantically simi-
lar but differently described operationalizations (e.g., varying for-
mulations of time savings or code-activity measures). The output of
this step is therefore a concept-level normalization layer above the
raw study-reported markers. Quantitative markers were generally
straightforward to normalize, while qualitative ones required more
semantic interpretation. To calibrate the coding scheme, the first
two authors jointly categorized an initial subset of 75 markers in a
card-sorting session. Then, the first author completed the remainder
and discussed ambiguous cases with the second author.

3.3.3 Step 3: Grouping into Higher-Level Categories. We grouped
normalized concepts into higher-level categories inductively via
open coding (phase one), extending the structure in phase two
to accommodate SPACE-aligned markers not present previously.
Categories were further grouped into generalizable groups for read-
ability. An overview of all groups, categories, and markers can be
found in our results in Figure 1.

3.3.4 Step 4: Collecting explicitly discussed confounding variables.
To operationalize RQ2, we collected confounding variables only
when explicitly discussed in relation to extracted explicit produc-
tivity markers (phase one). For each marker, we identified variables
explicitly linked to the reported effect and assigned them a normal-
ized label, synthesizing discussed contextual influences rather than
all variables measured in the included studies.

3.3.5 Step 5: Coding Reported Effects. To operationalize RQ3, we
coded the reported effect direction of each phase-one marker using
an ordinal scheme: negative, mixed, positive, neutral/no-effect. We
introduced this harmonization layer because studies report similar
concepts using heterogeneous measurement formats (e.g., time
measurements, percentage changes, Likert-scale perceptions, or
qualitative findings), making a quantitative comparison infeasible.

We proceeded three-ways, depending on reporting format. (i)
Statistical results: we coded effect direction based on reported
significance, with effect sizes extracted if available. (ii) Proportion-
based results: we derived proportions of positive, neutral, and
negative responses and coded the dominant category, using mixed
when two categories were within 5 percentage points. (iii) Re-
ported tendencies: we coded direction based on tendencies stated
by the authors. Effect directions were summarized per marker by
counting occurrences; multiple results for the same marker within
a paper were counted separately when derived from distinct data.

This aggregation inevitably abstracts from deeper analyses in
the original studies and compares substantively different result
types. Nevertheless, it was necessary given the substantial het-
erogeneity in operationalizations, analytical depth, and reporting
formats across studies. Without a shared comparison layer, the
synthesis would risk conflating differences in reporting practice

with differences in substantive findings. The directional coding is
thus not a meta-analytic effect-size estimate, but a structured and
methodologically defensible summary of reported tendencies. We
also extracted evidence type per finding to distinguish quantitative
metrics, perceptions, and qualitative findings.

4 RESULTS
We analyzed a total of 45 papers (27 in phase one and 18 in phase
two), summarized in Table 1. Overall, 26 of the 45 papers were peer
reviewed (57.8%), with a lower share in phase one than in phase
two (37.0% vs. 88.9%). The most common methods were surveys and
experiments, or combinations thereof (Top Methods). Participant
numbers ranged from 5 to 88022 (N (min–max)), depending on
the method used. The smallest sample came from a think-aloud
study embedded in a larger study setup [4], and the largest from
an analysis of participant activity data in repositories [5]. Given
this skewed distribution, we report participant ranges rather than
averages. Participants were predominantly software engineering
professionals. Study duration differed between phases. Phase two
papers were almost exclusively one-shot studies (17/18), whereas
phase one included a broader spread of durations, including all
long-term studies in the sample (6/27). Interestingly, phase one
papers used established productivity frameworks only rarely, with
5 papers using SPACE [4, 7, 22, 38, 56] and 3 papers using other
frameworks [16, 26, 33].

Table 1: Overview of papers by phase

Phase One Phase Two Total

Unique Paper 27 18 45
Peer-Reviewed 10 (37.04%) 16 (88.89%) 26 (57.78%)
Top Methods survey (16)

experiment (8)
survey (10)

experiment (4)
survey (26)

experiment (12)
N (min–max) 5–88022 10–268 5–88022
Mixed 2 (7.41%) 3 (16.67%) 5 (11.11%)
Study Length
one-shot 17 (62.96%) 17 (94.44%) 34 (75.56%)
short-term 4 (14.81%) 1 (5.56%) 5 (11.11%)
long-term 6 (22.22%) 0 (0.00%) 6 (13.33%)

4.1 RQ1: Markers of productivity research
We report marker results phase-specific. Phase one captures how
prior work explicitly operationalizes productivity and therefore
provides the tighter basis for comparability. Phase two is not in-
tended as a second explicit-productivity corpus. Instead, it focuses
on developer-centered outcomes aligned with SPACE dimensions.
This approach highlights the aspects that are excluded by an explicit
productivity-only lens. We therefore interpret phase differences
not simply as differences in marker counts, but as evidence of what
explicit productivity research emphasizes versus what it overlooks.

Table 2 summarizes the extracted markers used to assess pro-
ductivity(-related) impacts of AI coding assistants on developers.
Overall, we identified 187 unique markers. Both phases showed the
same median of 5 unique markers per paper and a similar category
distribution: each contained 19 unique categories, with a median of
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Table 2: Overview of markers per paper by phase

Phase One Phase Two Total

Papers with markers 27 31 45
Total Markers 178 240 418
Unique Markers 91 124 187
Unique Categories 19 19 20
Median # unique Markers per Paper 5 5 6
Median # Categories per Paper 3 3 4

3 categories per paper. This suggests a broad corpus-level evidence
base but narrow study-level coverage: many markers exist, but each
paper captures only a small part of the construct. To test whether
the mix of peer-reviewed, industry, and preprint papers affected the
identified markers, we used a PERMANOVA. We did not observe
statistically detectable differences in marker distributions by peer-
review status in either phase one (𝑝 = 0.839, pseudo-𝐹 = 0.874,
𝑅2 = 0.033), or phase two (𝑝 = 0.107, pseudo-𝐹 = 1.168, 𝑅2 = 0.038)
paper pool, providing no evidence that marker distributions differ
systematically by publication type.

Insight

The field has collected a broad productivity evidence base, though
the study-level coverage remains narrow. Across the corpus 187
distinct markers are used, but individual studies usually only
rely on a small subset, further limiting comparability.

Markers and groups. We identified 187 uniquemarkers, organized
into 20 categories and four groups in a tree-level structure. Quanti-
tative evidence was usually easier to consolidate than qualitative
evidence: closely related metrics such as “volume of code changes”
and “lines of code added” were unified under “#LoC”, whereas qual-
itatively phrased findings about faster work or time savings had
to be consolidated at the level of shared meaning. When the same
construct appeared across multiple task contexts, we retained a
single shared marker to avoid unnecessary fragmentation. The re-
sulting tree is visualized in Figure 1. Only a subset of categories
is shown in detail, as displaying every marker would exceed the
paper’s space. All markers with categories and their corresponding
references are provided in the supplementary material.

We identified four main groups of markers: AI markers, covering
the AI tool itself; artifact and repository markers, covering produced
code and repository behavior; organizational and process markers,
covering task, workflow, and organizational outcomes; and human
markers, covering developers’ experiences, perceptions, and well-
being. The most frequently addressed categories are Time (84 total
markers used), followed by AI assessment (60) and Code quality (43).
Because Time belongs to the organizational and process marker
group, this group is also the largest overall.

Two patterns are particularly notable. First, both phases remain
similarly narrow at paper level, as reflected in the identical medians.
Second, they differ systematically in what they focus on. Phase one
containsmore artifact and repositorymarkers, whereas phase two is
centered more around human and AI markers, and to a lesser extent
organizational and process markers. This contrast is also visible
in the phase-unique categories: production activity (artifact and

repository), appears only in phase one, whereas well-being (human)
appears only in phase two. Phase two therefore does not simply add
markers, but captures forms of developer-centered evidence that
explicit productivity studies largely leave outside the construct.

At paper level, the most frequent category pairings in phase one
are Direct productivity assessment with Time (9 papers), followed
by Task success and task quality with Time, and Time with itself (7
papers each). Self-combinations are common overall, such as Code
quality and Repository activity (5 and 4 papers, respectively). In
phase two, the most frequent pairing is AI assessment with Time (13
papers), followed by self-combinations of Time and AI assessment
(12 and 11 papers, respectively). These pairing patterns highlight
that studies often focus on narrow clusters of closely related mark-
ers. Such obtained insights are therefore often narrow in scope even
when the broader corpus appears rich.

Insight

The phase contrast is a central result. Phase one shows the
field’s default productivity lens, centered on observable work-
performance proxies and phase two shows the human and expe-
riential dimensions that this default lens misses.

Human markers. This group covers the developers’ individual
experiences, includingWell-being, Satisfaction, Psychological aspects,
and Personal career aspects, with Satisfaction being themost frequent
category. Of the four main groups, it has the fewest occurrences
and is concentrated in the phase two paper pool. Markers related
to Psychological aspects and Satisfaction roughly double or triple in
phase two compared to phase one, while Personal career aspects and
Well-being occur almost exclusively in phase two. For instance,Well-
being is defined by three papers and captured exclusively through
perceived markers including stress, physical and mental discomfort,
and fatigue. Human markers are therefore where the value of phase
two becomes most visible: explicit productivity research includes
these outcomes only sparsely, whereas the broader SPACE-aligned
set shows that substantial productivity-relevant evidence exists
outside explicit productivity labels.

AI markers. This group describes telemetry and metadata on the
interactions of developers and tools measured primarily objectively
(AI usage; e.g., usage frequency or amount of accepted code), as
well as developers’ perceptions of tool interaction at a more prac-
tical level (AI tooling; e.g., perceived ease of use and integration
challenges). These categories are relatively balanced between the
two phases. The most prominent category is AI assessment, which
captures how developers evaluate the tool itself and can therefore
shape both performance and perceptions of productivity (e.g., per-
ceived suggestion accuracy). Overall, AI assessment accounts for
68 % (60/87) of all AI markers. While AI markers are more frequent
than human markers, they remain the second smallest group over-
all. Their stronger phase-two presence is driven primarily by the
concentration of AI assessment markers in that phase.

Artifact and repository markers. This group is the second largest
in our paper pool and the only group for which phase one contains
more markers than phase two. It contains six distinct categories,
although Production activity (phase-one exclusive) and CI activity
contain only three markers each, drawn from one and two pa-
pers, respectively. The largest category is Code quality, collected in
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Organizational
and process
marker
(128, 59, 69)

Code authorship
(4, 3, 1)

Collaboration activity
(10, 2, 8)

Documentation
(11, 4, 7)

Organizational
(2, 1, 1)

Task success and task
quality

(17, 8, 9)

Time
(84, 41, 43)

perc Coding speed [23, 30, 36]
perc Development speed [8, 11, 29, 34, 60]
perc Efficiency [22, 29, 40, 43, 48, 53, 56]
perc&obj Task completion time [3, 7, 9, 19, 32, 37, 38, 41, 43, 56]
perc Time saving [7–9, 14, 23, 26, 36–38, 43, 48, 49, 57]
perc&obj Time spent on specific task/action [4, 14, 29, 38, 53]
perc Ability to meet deadline [8]
perc AI-driven time pressure [33]
perc Coding efficiency [16]
perc Overtime due to AI tool usage [33]
perc Temporal demand [37]
perc Time spent on on specific task/action [4]
obj Time until PR closed [11]
obj # of characters per minute by developer [56]
obj # tasks per day [1]
obj Mean time to resolve [1, 6]
obj PR cycle time [31]
obj Requirement completion per minute [56]
obj Time until PR is reviewed / approved [1, 12, 31]
obj Time until PR merged [46]

Artifact and
repository
marker
(94, 52, 42)

CI activity
(3, 2, 1)

Code quality
(43, 16, 27)

Code volume
(8, 7, 1)

Repository activity
(25, 21, 4)

Security
(12, 3, 9)

Production activity
(3, 3, 0)

AI marker
(87, 23, 64)

AI assessment
(60, 8, 52)

perc AI tool accuracy [4, 8, 28, 30, 34, 36–38, 40, 48, 52, 53, 56, 60]
perc Ability to identify issues found by AI alone [11]
perc AI code understandability [60]
perc AI tool code quality [60]
perc AI tool limitation [8, 9, 26, 30, 38, 43, 49, 60]
perc Assistance in bugfixing [11]
perc Assistance in code understandability [43]
perc Importance of AI-found issues [11]
perc Importance to have access to coding assistants [32]
perc LLM quality [11, 50, 53]
perc Opinion of AI tool [36, 49]
perc Sentiment on AI tools [13]
perc Team AI tool learning curve [14]
perc Usefulness [28, 37, 60]
perc AI tool quality [56, 57]

AI tooling
(8, 4, 4)

AI usage
(19, 11, 8)

Human
marker
(80, 17, 63)

Personal career aspects
(14, 1, 13)

Psychological aspects
(27, 8, 19)

Satisfaction
(30, 8, 22)

Well-being
(9, 0, 9)

perc Frustration [37]
perc Guilt [4]
perc Job-related stress [33]
perc Mental fatigue [33]
perc Mental health impact [33]
perc Physical demand [37]
perc Physical discomfort [33]
perc Stress [33]
perc Well-being [33]

No group
(29, 27, 2)

Direct productivity as-
sessment

(29, 27, 2)

Figure 1: Markers used in productivity research. Green lines indicate phase-one-only markers, categories, and groups; yellow
lines indicate phase-two-only; black lines indicate those found in both phases. Numbers below categories and groups show total
collected (not unique) markers by phase. Bar graphs show the distribution of positive (green), mixed (purple), negative (red), and
neutral/no-effect (gray) results for phase one markers. Leaf labels indicate whether operationalizations are perception-based
(perc), objective (obj), or both (perc&obj). Perceived and objective markers are counted separately in the statistics.

both phases but more often in phase two, and spanning 29 unique
markers. It includes objective markers such as cyclomatic com-
plexity and test coverage as well as perceived markers such as
perceived readability and understandability. A notable subset con-
sists of bug- and issue-related operationalizations and raw counts.
Because this group primarily focuses on code and repository arti-
facts, its markers are predominantly objective, with three categories

being entirely objective (Production activity, Repository activity, and
Code volume). Specifically, these markers are often operationalized
through directly observable outcomes (e.g., #PRs, #commits). The
remaining categories are more mixed, but even there many per-
ceived markers are phase-two exclusives. Taken together, artifact
and repository markers represent the clearest expression of the
explicit-productivity lens foregrounded in phase one.
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Organizational and process markers. This is the largest group
overall and contains six categories, all present in both phases. The
category sizes differ widely, with Code authorship and Organiza-
tional containing only two unique markers each (e.g., amount of AI
code in repository and Company impact, respectively). Collabora-
tion activity captures the social aspects of organizational processes
(e.g., satisfaction with communication flows) and occurs primarily
in phase two, whereas the other categories are distributed more
evenly. Similar to artifact and repository markers, this group is
objective-heavy, but some of its most central categories include
both objective and perceived operationalizations.

The Time category alone accounts for 65 % (84/128) of all orga-
nizational and process markers and is distributed evenly across
phases, with as many markers based on objective measurements as
on participants’ perceptions. Two patterns are particularly notable,
both of which generalize beyond Time. First, some markers are
closely related but still not directly comparable. For example, the
time until a pull request (PR) is merged is closely related to the time
until a PR is reviewed or approved, but not identical, as merging fol-
lows approval and may occur later. Second, the operationalization
of even central constructs varies strongly across studies, making
direct comparison difficult. Task completion time, for example, has
been measured directly [3, 7, 9, 37, 41, 56] and reported in seconds,
minutes, hours, or percentage changes; it has also been captured
through perceived measures, including Likert-scale items [7, 22, 44],
other closed-response formats [38, 43], and qualitative coding [19].
These measures were applied at the level of tasks or subtasks, in
both artificial and realistic settings, and with different forms of evi-
dence and reporting. As a result, even clearly related findings can
usually only be compared at the level of direction, such as whether
task completion time improved or worsened, but not by degree.

Insight

The large number of markers should not be read as measurement
richness alone. It also signals a fragmented operationalization
landscape in which even highly central constructs such as Time
are often only comparable at the level of direction, not magnitude.

Direct productivity assessment. We define Direct productivity
assessment as a category of its own because all other markers rep-
resent proxy operationalizations, whereas this category captures
productivity explicitly from developers through instruments such
as Likert-scale items, multi-item questionnaires, and qualitative
coding. With 29 total occurrences, it is one of the more common
categories. At the same time, these measures vary substantially in
wording and scale design. Many Likert-based formulations, not lim-
ited to this category, do not permit a clear negative interpretation:
disagreement with “My productivity is improved using the AI tool”
may indicate either no change or a negative effect. Even where pro-
ductivity is assessed explicitly, comparability is therefore limited
by heterogeneity in how the construct is phrased and elicited.

Insight

A notable phase contrast is that framework-aligned productivity
research primarily recovers human-centered outcomes, whereas
explicit productivity assessments focus much more strongly on
performance and artifact-related proxies. Human aspects there-
fore appear substantially underrepresented in explicit productiv-
ity assessment.

4.2 RQ2 Confounders of explicit productivity
Across the 27 phase-one papers, we identified 44 unique confound-
ing variables in 15 studies. Of these 44 variables, 21 were reported
in a single paper [3], which is also one of the few papers in our sam-
ple whose primary finding indicates a negative effect of AI tools
on developer productivity. The median number of confounding
variables per paper is 1, which stands in sharp contrast to the 44
unique variables identified across the corpus. The most frequently
discussed variables are developer experience (6 papers), AI tool
experience (4), project/task complexity (4), project involvement (2),
usage approach (2), and usage frequency (2).

This pattern suggests that explicit productivity studies do rec-
ognize relevant sources of variation, but not in a sufficiently sys-
tematic way to support cumulative interpretation across studies.
Given the small number of papers focusing on different aspects of
productivity, we cannot draw generalizable conclusions about how
these variables affect specific markers and therefore report only
tendencies observed in the included studies.

Focusing on developer experience, the evidence indicates a trend
but no clear consensus. Junior developers appear to benefit more
from AI [3, 18, 38, 41, 59], while findings for senior developers are
mixed: some studies report smaller gains [18, 38], others find no
significant effects [3], and some suggest either exclusive benefits for
experienced developers [56] or declines in their productivity [59].
The evidence for AI tool experience and task/project complexity
is somewhat more consistent. Prior experience with the tools is
associated with neutral, but mostly positive, impacts [7, 22, 51, 56],
while increasing task complexity is associated with less positive
productivity impacts [22, 38, 53]. Thus, even for the most frequently
discussed confounders, the overall picture remains mixed.

The remaining 38 confounding variables were each reported
only once, although some overlap conceptually with the top six.
For example, programming skills [41] and programming language
experience [7] likely relate to developer experience as sub-factors,
while others are distinct, such as prompting behavior [56]. Many of
these variables are also not specific to the settings of their respec-
tive studies and overlap with markers derived in RQ1. Examples
include AI output accuracy [57], AI output speed [57], or AI tool
limitations [3], all of which appear in Figure 1. This reinforces that
the field has not yet stabilized which constructs should be treated
as dependent variables, contextual factors, or confounders.

Insight

Confounding variables are acknowledged, but not standard-
ized. The literature recognizes many potentially important con-
founders, yet most are discussed only once, which sharply limits
cross-study interpretability.
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Naturally, this analysis does not imply that these 44 variables
are the only confounding variables discussed in the papers, as addi-
tional variables may have been collected without being explicitly
discussed in relation to productivity findings. Moreover, to avoid
blurring the results with unrelated confounders, we excluded the
phase-two data from this step and maintain focus on variables
discussed alongside explicit productivity findings.

4.3 RQ3 Explicit productivity effect directions
We include the aggregated effect directions (positive, negative,
mixed, or neutral/no effect) of phase-one productivity markers
and categories as bar charts in the tree representation in Figure 1.
Categories at higher levels aggregate results of lower levels. We
chose this aggregation to maintain readability, as many markers oc-
curred only rarely and separate representations for tendency-based,
proportional, and statistically evaluated reports would have been
overly sparse. Results not clearly positive, neutral, or negative were
omitted; for example, accepted code size [56] was reported without
directional interpretation by the original authors.

Across explicit productivity markers, positive reported effects
dominate overall. However, this aggregated pattern masks a more
important result: effect direction varies systematically with report-
ing format and marker type. Tendency-based findings are decidedly
more positive than statistically evaluated findings, and perceived
markers are more positive than objective markers. The key result
is therefore not simply that positive findings outnumber negative
ones, but that the apparent positivity of the literature depends, in
part, on how effects are measured and reported.

We report the counts of result directions by reporting type (ten-
dencies, proportions, and statistically evaluated effects) and by
marker type (perceived and objective) across all markers in Ta-
ble 3. Positive results were the most common for all three reporting
types. However, the distribution differs substantially across them:
tendency-based results show the highest proportion of positive
findings, proportional results contain relatively more mixed find-
ings and no negatives, and statistically evaluated effects contain
relatively more neutral and negative findings. Likewise, perceived
markers show a higher proportion of positive results than objective
markers. Overall, about two thirds of all results are positive (63 %),
with 10 % negative and 23% neutral.

Given the small sample size, we used pooled Fisher’s exact tests
to explore associations between result direction and reporting type
(tendencies, proportions, and effects). The omnibus test indicated a
significant association (𝑝 < .001). Post hoc pairwise Fisher’s exact
tests with Holm correction showed significant differences between
all three reporting types (tendencies vs. proportions: adjusted 𝑝 <

.001; tendencies vs. effects: adjusted 𝑝 < .005; proportions vs. effects:
adjusted 𝑝 < .01). We then applied the same pooled exploratory
analysis to perceived versus objective markers and again found
a significant association (𝑝 < .05). By contrast, the association
between result direction and gray versus non-gray studies was
not statistically significant (𝑝 > .05), with distributions appearing
broadly similar across groups. Because we extractedmultiple results
from some papers, these pooled contingency analyses do not fully
account for within-paper dependence and should be interpreted as
exploratory rather than confirmatory.

Table 3: Result direction by reporting type and operational-
ization; percentages are row-wise.

positive negative neutral mixed Total

Tendency 44 (81.5%) 7 (13.0%) 3 (5.6%) 0 (0.0%) 54
Proportional 21 (56.8%) 0 (0.0%) 11 (29.7%) 5 (13.5%) 37
Statistical 41 (53.9%) 10 (13.2%) 24 (31.6%) 1 (1.3%) 76

Perceived 64 (71.1%) 6 (6.7%) 15 (16.7%) 5 (5.6%) 90
Objective 42 (54.5%) 11 (14.3%) 23 (29.9%) 1 (1.3%) 77

Total 106 (63.5%) 17 (10.2%) 38 (22.8%) 6 (3.6%) 167

Insight

The literature is not simply “mostly positive”. Positivity is
strongest in tendency-based and perceived results, whereas sta-
tistically evaluated and objective results contain substantially
more neutral and negative findings.

Put differently, the more interpretively lightweight the reporting
format, the more positive the reported productivity picture appears.
This shifts the interpretation of the overall trend. The central ques-
tion is not only whether positive findings outnumber negative ones,
but whether positivity is robust across stronger and weaker forms
of evidence. In our data, the strongest positive skew appears in
tendency-based reports, whereas statistically evaluated effects and
objective markers show more neutral and negative results. The re-
sulting picture is therefore not one of uniformly positive evidence,
but of positivity filtered through heterogeneous reporting practices.

Looking at the distributions shown in Figure 1, most marker
categories exhibit predominantly positive reported directions. Time
is particularly notable, as it is the most frequently reported category
and is associated almost exclusively with positive results. Most time-
related markers show positive trends, with the main exceptions
being the time until a pull request is merged and the time until a
pull request is reviewed or approved. One study reported both a
significant increase in time until merge (classified negative), yet
more timely merges (positive) [46]. For time until review/approval,
findings were mixed across studies, with one significant increase,
one significant decrease, and one non-significant result [1, 12, 31].

Other largely positive categories include Direct productivity as-
sessment and Repository activity, albeit with slightly more neutral
findings than Time. More diverse patterns appear in Production
activity and Collaboration activity, although these categories were
reported only rarely (2–3 results each). Code quality is overall more
positive than negative, but includes a substantial number of neutral
results, with 3 of 16 reports classified as negative. Negative find-
ings come from two papers reporting more bugs and issues [1, 46],
and one reporting more pull request revisions after the AI tool’s
introduction [59].

The most negative category is AI assessment, with 62 % negative
reported results (5/8). These were mostly tendency-based reports
concerning AI-tool accuracy, for example open-text responses on
hallucinations or incorrect code [40, 56]. This creates a notable
tension in the literature: productivity-related outcomes often trend
positive, while evaluations of the AI tools themselves are frequently
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critical. Developers may therefore perceive practical gains even
while remaining skeptical about tool reliability and correctness.

Insight

One of the most interesting tensions in the data is that produc-
tivity markers often trend positive, while AI assessment trends
negative. Developers may experience gains in speed or task com-
pletion while still judging the tool itself as inaccurate, brittle, or
error-prone.

Similar to the confounding variable analysis, we restricted this
step to explicit productivity markers, because comparability was
already substantially constrained by the aggregation of heteroge-
neous reported effects across studies, marker operationalizations,
and reporting types. Extending the analysis to the broader marker
set would have introduced additional conceptual heterogeneity,
further weakening the interpretability of the aggregations.

5 DISCUSSION AND IMPLICATIONS
5.1 RQ1: Markers of productivity research
The central contribution of this review is not that research on AI
coding assistants and developer productivity is scarce, but that
the available evidence is difficult to compare in a cumulative way.
Across the literature, productivity and productivity-related impacts
are operationalized through a broad range of markers, while indi-
vidual studies usually only capture a narrow subset of them. This
indicates that while the field contains numerous relevant findings,
there is not yet a coherent evidence base from which more robust
conclusions can be drawn easily.

The phase distinction helps interpret what kind of productivity
evidence the field currently prioritizes. Phase one shows a default
operationalization of productivity that centers on observable work
performance, especially time-, artifact-, and repository-related prox-
ies. This is understandable, as such markers are often easier to
observe, quantify, and compare within individual study designs.
Concurrently, when the broader literature is mapped onto estab-
lished productivity frameworks such as SPACE, human-centered
outcomes, such as satisfaction, psychological aspects, and well-
being, occur far more prominently than in phase one. This suggests
that current explicit productivity assessment in software engineer-
ing tends to underrepresent the human side of productivity, even
though these dimensions are central to productivity effects.

This matters because software development productivity is not
reducible to output and speed alone. Prior work such as SPACE and
DevEx already frames productivity as a multidimensional construct
that also includes internal experience, collaboration, and friction
in day-to-day work [17, 39]. Our findings suggest that the corre-
sponding conceptual foundation already exists, though practice
remains narrower. Therefore, the gap is not one of missing theory,
but one of shared research practice. The challenge for the software
engineering community is not that every study must measure every
productivity dimension at once, but that focused studies should
still define and report productivity in ways that make their findings
more interpretable relative to one another.

Our taxonomy did not just highlight this gap, it is the first step
towards closing it. We grouped markers according to their oper-
ationalization rather than by conceptual similarity. This allows
researchers to compare two studies not just on the construct, but
on how it was measured. They may find whether two studies gen-
uinely disagree or whether their operationalizations were simply
incompatible. They may also use the taxonomy to design their stud-
ies in a way that makes them inherently better comparable to other
related studies with similar markers and goals.

5.2 RQ2: Confounders of explicit productivity
The findings on confounding variables reinforce the same broader
picture. The literature clearly recognizes that productivity effects
depend on context, but it does not yet treat that context in a sys-
tematic or comparable way. Even the most frequently discussed
confounders, such as developer experience, AI tool experience, and
task complexity, appear in only a limited number of studies, while
many others are mentioned only once. As a result, contextualization
exists, but mostly in a fragmented form.

This has two implications. First, the effects of AI coding assistants
on productivity are unlikely to be universal. They appear to depend
onwho is using the tool, potentially the task type and the conditions.
The field should therefore move away from asking whether AI
coding assistants improve productivity in general, and instead ask
under which conditions they help, hinder, or shift work. Second,
the overlap between markers and confounding variables indicates
conceptual instability. Variables such as AI output accuracy or
output speed appear in some studies as outcomes and in others
as confounding variables. This makes studies diverge not only in
what they measure and how they measure it, but also in how they
position the same construct analytically. For cumulative research,
that is a substantial problem. For the SE community, this suggests
that contextual factors should be treated as part of the core study
design rather than optional additions. Not every study needs to
cover every possible confounder, but more consistent reporting and
justification of key contextual variables would make productivity
findings substantially more interpretable across studies.

5.3 RQ3: Explicit productivity effect directions
At first glance, the literature appears predominantly positive. Across
explicit productivity markers, positive reported directions outnum-
ber neutral and negative ones. However, our results suggest that
this pattern should not be interpreted as a simple answer. The pos-
itivity of the literature is not stable across reporting forms. It is
strongest in tendency-based and perceived findings, whereas statis-
tically evaluated and objective findings contain substantially more
neutral and negative results. Accordingly, the main interpretation
is not that the field has converged on a uniformly positive effect,
but that the apparent strength of that effect depends in part on how
productivity is measured and reported.

This is important for two reasons. First, some of the most com-
mon operationalizations do not allow negative findings to be ex-
pressed clearly. For example, positively framed self-report items
may collapse negative outcomes into neutral disagreement. Second,
perceived gains do not necessarily reflect the same construct as ob-
servable performance changes. Future studies should therefore be
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more explicit about whether they are reporting perceived produc-
tivity, observed behavioral change, or statistically tested effects, and
should avoid treating these forms of evidence as interchangeable.

A particularly notable tension in the data is that most outcome
categories trend positive, while AI assessment appears frequently
negative. This suggests that developers can experience tangible
improvements in speed, task completion, or output volume, yet
simultaneously hold a critical view of the tool itself. For practice,
this means that productivity gains and tool quality should not be
conflated. A tool may appear beneficial in narrow output-oriented
terms while simultaneously introducing correction effort, uncer-
tainty, or maintenance burden. For research, it means that evalu-
ations of AI coding assistants should not focus only on speed or
throughput, but also consider such downstream effort introduced by
imperfect suggestions. Taken together, the findings from RQ3 sup-
port a more careful interpretation of the current evidence base. The
literature points to recurring positive patterns, but not to context-
or method-independent conclusions about productivity effects.

6 THREATS TO VALIDITY
Our synthesis involves interpretation-dependent coding decisions.
In particular, normalizingmarkers and confounders required seman-
tic judgment, which may have introduced labeling inconsistencies
despite calibration and discussion among authors. We also captured
confounding variables only when studies explicitly related them
to productivity findings. Therefore, collected but not discussed
confounders are absent from the synthesis, but this also reflects
inconsistent reporting in the field. In addition, separating explicit
productivity studies from other outcomes within the same paper
imposed an analytic distinction not always made by original au-
thors, although we mitigated this by revisiting phase-one papers
during phase two.

Because the corpus includes peer-reviewed papers, preprints,
and industry reports, some aggregated patterns may also reflect
variation in rigor and reporting quality across source types. As
with any SLR, relevant studies may have been missed despite our
multi-source search strategy and control-set validation. Further,
applying SPACE in phase two required interpretive judgment in
boundary cases.

Our search combined venue-based screening of 3,746 papers
across twelve major SE venues, Semantic Scholar API queries, and
manual Google Scholar searches, but did not include snowballing or
further database coverage, which could increase the paper pool fur-
ther. However, any resulting gaps in collected papers are unlikely to
alter the central finding, given the pronounced heterogeneity and
fragmentation of productivity research already evident in the cor-
pus. Finally, many individual markers were reported only in a small
number of studies, limiting the strength of directional summaries.
Thus, we aggregate mainly at category level and treat statistical
analyses as exploratory rather than confirmatory.

7 CONCLUSION
This literature review synthesized how software developer pro-
ductivity with AI coding assistants is currently studied. Across 45
papers and reports, we identified a broad but fragmented evidence

base with many different markers, narrow study-level operational-
izations, and limited cross-study comparability. Explicit produc-
tivity research focuses primarily on output-, time-, and artifact-
oriented proxies, whereas the broader framework-aligned literature
makes human-centered dimensions such as satisfaction, psycholog-
ical aspects, and well-being much more visible. This suggests that
current productivity assessment in software engineering captures
important parts of the construct, but not yet the full picture.

Our findings further show that reported productivity effects are
often positive, but that this positivity depends on how evidence
is measured and reported. Perceived and tendency-based results
are more positive than objective and statistically evaluated find-
ings, while contextual factors such as developer experience, tool
experience, and task complexity are recognized only inconsistently.

Taken together, the current literature does not point to a single
stable answer to whether AI coding assistants improve produc-
tivity in general. Instead, it points to a field that already contains
many valuable findings, but still lacks a sufficiently shared, mul-
tidimensional, and context-sensitive research practice. The next
key step is therefore not only to produce more productivity studies,
but to make them more comparable through clearer specifications
of which productivity dimensions are assessed, more consistent
reporting and assessing of markers, broader inclusion of human-
centered outcomes, and more systematic analysis of confounding
variables. If developer productivity with AI coding assistants is a
puzzle, the field has already collected many important pieces. This
study adds a precise account of which pieces are missing, how they
look, and where they fit. The next challenge is to make them fit
together.
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