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Humans collaborating with Al hold the promise of achieving superior outcomes
compared to either acting alone (i.e., human—Al synergy). However, the conditions that
facilitate such synergy when humans are advised by Al are not well understood. A recent
meta-analysis showed that, on average, human—Al combinations do not outperform
the better individual agent. We argue that this pessimistic conclusion arises from
insufficient attention to human learning in experimental designs. To substantiate this
claim, we reanalyzed all 74 studies included in the original meta-analysis and found
that most previous research overlooked design features that foster human learning
(e.g., outcome feedback to participants). Our reanalysis further revealed that studies
providing outcome feedback show tentatively higher synergy than those without
outcome feedback. Crucially, feedback paired with Al explanations was associated with
positive synergy, while explanations without feedback were associated with negative
synergy—suggesting that explanations improve synergy mainly when humans can
learn to verify the AT’s reliability through feedback. Our reanalysis suggests that the
current literature underestimates the potential of human—AlI collaboration because it
predominantly relies on paradigms that do not facilitate human learning, thus hindering
humans from effectively adapting their collaboration strategies. However, experiments
directly varying learning opportunities are needed for stronger, causal conclusions. We
advocate for a paradigm shift in human—Al interaction research that explicitly addresses
human learning and thus enhances our understanding of and support for successful
human-AlI collaboration.

human-Al collaboration | synergy | learning | feedback | Al explanations

Humans collaborating with Al have the potential to achieve better outcomes than either
independently, a phenomenon called human—Al synergy (Fig. 14). Synergy is well
documented whenever independent human and Al judgments are combined statistically
(1). However, when and why this synergy occurs when humans interact with Al output is
currently not well understood (2), although decision-theoretic analyses have characterized
the bounds of possible synergy (3). Vaccaro et al. (4) recently conducted a systematic
review and meta-analysis of 74 studies comparing the performance of humans, Al, and
human-AI combinations where humans needed to interact with Al systems. The studies
span a wide range of tasks, such as classifying images, predicting house prices, or writing
code. On average, human—Al combinations performed worse than the best of humans
or Al alone (i.e., negative human—Al synergy). Positive synergy emerged when humans
outperformed Al alone, but synergy was negative when Al outperformed humans alone.
Other moderators could not explain differences across studies. For instance, neither Al
confidence nor Al explanations (helping humans understand how a model arrived at
its output) led to human—AI synergy. We argue that human learning is a crucial, but
overlooked facilitator of synergy (Fig. 1 B and C). Reanalyzing all studies covered in
Vaccaro et al. (4), we show that the few studies that gave humans feedback tended to
report positive synergy—especially when Al explanations were also provided. We argue
that neglecting human learning leads to underestimating the potential for human—Al
synergy and therefore call for a greater focus on human learning to better understand
and foster successful human—AlI collaboration.

Conclusions about human performance and rationality drastically depend on how a
phenomenon is studied (5, 6). For example, when people can experience the probabilistic
structure of a task environment through repeated interactions, their decisions are close
to what probability theory would suggest whereas this is not so when participants are
merely given textual descriptions of the task (6). Could Vaccaro et al.’s (4) findings
of negative synergy be partly due to the way human-Al collaboration is typically
studied?
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Fig. 1. (A) Positive human-Al synergy occurs when the joint system outperforms either agent alone. (B) Human-Al interaction without learning opportunities:
The human knows the Al's choice but receives no outcome feedback. (C) With learning opportunities: The human sees the Al's choice and its explanation,
receives outcome feedback, and across trials learns about their own and the Al's relative skill. (D) Robust Bayesian model-averaged meta-regression analyses
(12) quantifying evidence that outcome feedback moderates human-Al synergy in the studies reviewed by Vaccaro et al. (4). X-axis shows conditional marginal
posterior estimates of Hedges' g for studies with and without feedback. Dots and whiskers show the posterior median and 66%/95% credible intervals. Bayes
factors (BF) quantify evidence that the estimate is nonzero versus zero. Results are presented for all studies, and separately for studies with and without Al

explanations.

Learning, experience, and feedback are crucial for successful
human decision-making (6, 7). For example, observing outcome
feedback (i.e., the correct response after each case) helps people
identify reliable sources of high-quality information (8). It can
also help humans assess the accuracy of their own decisions
and of Al advice, and how best to integrate them into their
final judgments (9). Also, guiding humans’ attention to fewer,
relevant task features (e.g., a subset of medical diagnostic cues)
and indicating how to use those features can further improve
human judgments (7). Explainable Al may likewise help humans
focus on relevant task features—and even indicate how the Al
uses those features—and thus facilitate human learning (10).
Such guidance should be particularly useful when humans and
Al excel at different kinds of cases and humans need to learn to
adaptively rely on their own judgment or Al’s assistance (11).
Al explanations, expressions of Al confidence and other meta-
information can thus serve as additional task features on top of
humans’ own perceived confidence that can help humans develop
adaptive strategies for when (not) to rely on Al (2).

To investigate how much human learning is recognized in
the literature on synergy, we reanalyzed the studies reviewed by
Vaccaro et al. (4), quantifying design factors likely to benefit
or hinder learning (e.g., provision of feedback or practice
trials; coded separately for each experimental condition, see
SI Appendix). The typical study involved a single session with
no practice trials, a median of 30 task trials and no outcome
feedback—Ilack features known to facilitate learning. Focusing on
the 10 (14%) of 74 studies that included experimental conditions
with outcome feedback (providing 98 [26%] of 370 effect sizes,
see SI Appendix, Extended Methods for details), only three studied
how humans’ use of Al assistance evolved across trials; the rest
reported average performance across trials, potentially masking
how humans adapt to the task based on feedback. None of
the studies experimentally varied whether outcome feedback was
provided or not.

To test whether outcome feedback—especially with Al
explanations—fosters human—Al synergy, we ran robust Bayesian
meta-regressions (12) modeling synergy based on whether out-
come feedback and Al explanations were provided (S/ Appendix).
We quantify synergy using Hedges’ g effect size to measure the
standardized difference in performance between the human—
Al combination and whichever performed better alone. That
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is, positive (negative) estimates indicate that the human-Al
combination performed better (worse) than either humans or
Al alone. Comparing studies with (98 effect sizes) and without
feedback (272; Fig. 1D), provided tentative evidence that studies
with feedback reported higher synergy (BE,cpusion = 2.36).
Without feedback, synergy tended to be negative (Hedges’
g = —0.17, 95% credible intervals [CI] —0.37 to 0.00,
BFcusion = 1.4) while positive with feedback (¢ = 0.12, 95%
CI —0.28 to 0.34, BF;,iusi0n = 0.92). While neither estimate
was credibly different from zero, there was tentative evidence
that synergy was higher in studies with than without feedback
(contrast: g = 0.34;95% CI —0.01 to 0.69, posterior probability
of a positive direction: 84%).

Next, we investigated whether outcome feedback increased
synergy when combined with Al explanations. For studies with
explanations (Fig. 1D), feedback was a strong positive moderator
of synergy (BFnciusion = 21). When people had access to both
explanations and feedback (24 effect sizes, 14%), synergy tended
to be positive (g = 0.3, 95% CI —0.18 to 0.48, BFuclusion =
4.02); when they had explanations but not feedback (148), syn-
ergy was clearly negative (¢ = —0.31, 95% CI —0.48 to —0.11,
BFjusion = 17.14). With explanations, providing feedback was
associated with increased synergy (contrast: Hedges’ ¢ = 0.60,
95% CI 0 to 0.94, PD = 97%); without explanations, feedback
did not moderate synergy (BE,cpusion = 0.59) (Fig. 1D). This
result indicates that Al explanations increase synergy mainly when
humans can learn to verify the ADs reliability. To assess whether
study characteristics confounded our analyses, we ran additional
meta-regressions that included each moderator considered by
Vaccaro etal. alongside feedback (see https://osf.io/mqw4y). The
effect directions remained consistent across all 12 models.

In sum, our reanalysis of Vaccaro et al. (4) showed that the
studies largely neglect human learning. This is consistent with
Lai et al. (13) who surveyed 124 studies on human—AlI decision-
making (after 2018 focused on human—computer interaction;
HCI) and found that only 6 (5%) of studies offered outcome
feedback. To better assess the role of human learning in human—
Al collaboration through evidence synthesis, we make three
recommendations: First, we echo Vaccaro etal.’s (4) call to report
standardized performance metrics, even when it is not the study’s
primary outcome. Second, we call for sharing participant- and
trial-level data, which would allow more directly studying how
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humans learn to use Al; we note a dearth of publicly available
datasets. Third, broader search terms and including studies prior
to 2018 would better represent further relevant fields such as
human factors (11) and judgment and decision-making (14).

Three caveats: First, the usefulness of feedback is constrained
by the task structure and learning environment (15, 16): When
feedback is accurate, timely, and predictive task features are
available, learning is facilitated; when feedback is noisy, delayed,
or predictive task features are missing or opaque, learning is
obstructed (15). As researchers design the task environment—
for example, by (not) providing trial-by-trial feedback and Al
explanations that guide attention to relevant features—the extent
to which one observes human—AI synergy will depend on those
choices. Second, most studies only report average performance
across trials, thus our between-study analyses cannot capture
potential within-study improvements through feedback. Meta-
analyzing joint performance in later trials—after participants
have had a chance to learn—would better reflect the achieved
learning. Thus, our results may actually represent a conservative
estimate of how learning may foster synergy. We investigated
such within-study learning in three studies where trial-level
data was available (see https://osf.io/mqw4y) and found that
participants learned to align with better-performing Al over
trials when informative signals were available, but not otherwise.
Finally, our results are correlational and experiments directly
varying learning opportunities are needed for stronger, causal
conclusions.

Within the design space of possible human—Al decision-
making experiments, providing feedback or other learning oppor-
tunities is just one of many design choices. Task selection, timing,
and format of Al advice, incentives, participant populations, and
evaluation metrics all jointly define the region of the design
space from which data is collected and conclusions are drawn
(5). Hullman et al. (16) argue that conclusions about human
bias in Al advice taking are overly pessimistic and unwarranted
because HCI studies—including some covered in Vaccaro
et al. (4)—do not allow participants, or even idealized rational
decision makers, to identify the correct response. The pessimistic
view of human—AI synergy (4) may thus reflect sampling from
a learning-handicapping part of the design space rather than
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the frontier of possible human—Al synergy. Going forward,
we therefore advocate for a systematic and theory-informed
exploration of the design space (5, 16), including experimentally
varying the presence and type of feedback (17) and the task
structure (7, 15).

In sum, our reanalysis suggests that supporting human
learning—particularly by providing outcome feedback and Al
explanations—is an underappreciated and understudied but
promising lever for increasing human—AlI synergy. Considering
the broader literature on human learning (6-8), boosting
competences (10, 18), and the importance of study design
(5, 6, 16), these meta-analytic results thus paint a more
optimistic picture and highlight the need to explicitly and
experimentally study when and how fostering human learning
boosts human—AlI synergy.

Materials and Methods

Data. We use open data from ref. 4 for coding of effect sizes and Al explanations
of 370 experimental conditions in the 74 studies analyzed. Other features (e.g.,
feedback) were coded by independent systematic review of every study by two of
sixauthors (J.B., JW.B., T.K., BK., C.L, and T.R.), with disagreements arbitrated
by J.B. (see SI Appendix for coding scheme).

Meta-Regression Analyses. All meta-regression models were estimated using
RoBMA version 3.5. (12). We quantify human-Al synergy using Hedges' g to
measure the standardized difference in performance between the human-
Al combination and whichever performed better alone. Positive (negative)
estimates indicate that the human-Al combination performed better (worse)
than either humans or Al alone. For more details on RoBMA models see S/
Appendix.

Data, Materials, and Software Availability. Data and code data have been
deposited in OSF (19).
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