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Abstract

Combining predictions from heterogeneous classi-
fiers—such as in-house deep learning models, hu-
man experts, and large language models (LLMs)—is
a key challenge, especially in data-scarce environ-
ments such as humanitarian operations. We propose
a flexible Bayesian framework to effectively fuse
these diverse inputs. By integrating classifier log-
its with auxiliary human feedback (e.g., confidence,
image clarity) using an ordered probit process, our
model generalizes prior work to accommodate the
real-world properties of these classifiers. We vali-
date our framework on a challenging product recog-
nition task in food bank operations, an environment
defined by data scarcity and an inexperienced volun-
teer workforce. Our combined model significantly
outperforms standalone ResNet, human, and LLM-
based approaches, demonstrating the practical bene-
fits of fusing these heterogeneous signal sources.

1 Introduction

Real-world Al systems increasingly rely on predictions formed
from multiple heterogeneous sources rather than a single
model. In many decision-making settings, predictions must
be synthesized from components that differ fundamentally in
nature, such as machine learning models trained on limited
data, human judgments with variable expertise, and large pre-
trained foundation models. While combining such predictors
is often empirically beneficial, the conditions under which col-
laboration improves accuracy—and the mechanisms by which
it does so—remain poorly understood.

A central concept underlying successful collaboration is
complementarity: performance gains arise when different pre-
dictors make distinct, weakly correlated errors. Prior theoreti-
cal work has shown that combining predictors can outperform
any individual component when their decision processes are
sufficiently diverse [Steyvers ef al., 2022]. However, exist-
ing analyses rely on assumptions that are difficult to justify
in realistic deployments. In particular, most models assume
equal uncertainty across predictors or focus solely on final
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predictions, ignoring auxiliary signals that accompany human
judgments, such as confidence or perceived data quality.

This paper addresses the gap between idealized models
of collaboration and the realities of heterogeneous decision-
making. We study the fundamental problem of combining
predictors whose latent decision variables exhibit unequal
variance and correlation, and we characterize how these fac-
tors jointly determine whether collaboration is beneficial. By
modeling predictor logits as correlated random variables with
asymmetric uncertainty, we derive closed-form expressions for
joint predictive accuracy. We also show how complementarity
depends on an effective signal-to-noise ratio that captures both
uncertainty imbalance and correlation structure.

Motivated by this theoretical perspective, we introduce a
Bayesian combination framework that operationalizes col-
laborative prediction under heterogeneous uncertainty. The
framework is designed to accommodate predictors that dif-
fer not only in accuracy but also in how their predictions are
expressed. In addition to integrating model logits and categor-
ical decisions, the framework incorporates auxiliary ordinal
feedback—such as human confidence, perceived input clarity,
and reflection—through an Ordered Probit process. These sig-
nals are treated as informative observations of an underlying
latent belief state, thus exploiting information that is typically
discarded in prediction-only aggregation schemes.

We demonstrate the practical value of this approach in a
food bank setting, where donated items must be recognized
and registered. For each donation, the system jointly predicts
product type (704 classes), halal status, and weight class by
combining an in-house vision model, non-expert volunteer
labels, and a large multimodal language model. Using volun-
teers rather than expert annotators reflects the NGO settings
for which the framework is designed. Across different levels
of data availability, the proposed framework consistently out-
performs each standalone predictor. The results also match
the theory: gains are largest when predictors have unequal
uncertainty and weakly correlated errors, and auxiliary human
feedback adds value beyond final labels alone.

By confronting unequal uncertainty and correlated errors
directly, this work advances a more realistic understanding of
collaborative prediction. The results clarify when combining
heterogeneous predictors is beneficial, how auxiliary human
signals can be formally integrated, and why collaboration suc-
ceeds in settings where individual components are unreliable.
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Together, these insights contribute toward principled design of
human—AlI systems that operate effectively under uncertainty.
We position the contribution as a general framework, with the
humanitarian-logistics study as a single realistic data-scarce
instantiation, rather than a claim of universal validity.

The remainder of the paper is organized as follows. Sec-
tion 2 summarizes prior work on human-Al collaboration,
Bayesian aggregation, and learning from auxiliary supervi-
sion. Section 3 presents the Bayesian combination framework,
followed up theoretical characterization of predictive comple-
mentarity under unequal uncertainty and correlated errors in
Section 4. Section 5 reports empirical results in data-scarce
settings and examines how the observed performance aligns
with the theoretical analysis. Section 6 concludes.

2 Related Work

This work relates to research on human-Al collaboration,
Bayesian aggregation of heterogeneous predictors, and learn-
ing from weak or auxiliary supervision. Rather than providing
a broad survey, we focus on the modeling assumptions that
limit existing approaches in realistic collaborative settings and
motivate the need for frameworks that explicitly account for
heterogeneous uncertainty and correlated errors.

Human-AlI Collaboration and Complementarity. A sub-
stantial body of work studies how human judgment and al-
gorithmic predictions can be combined to improve decision
quality. Early research covers both benefits and challenges
of such collaboration, including algorithm aversion, trust
calibration, and delegation failures [Dietvorst et al., 2015;
Dietvorst ef al., 2018; Faraj et al., 2018; Fiigener et al., 2022].
More recent work formalizes the notion of complementar-
ity, showing that performance gains arise when human and
machine errors are weakly correlated [Steyvers er al., 2022].

Related strands investigate algorithmic strategies for allocat-
ing decisions between humans and models. Learning-to-defer
and learning-to-complement frameworks optimize policies
that decide when to rely on an expert versus automated sys-
tem [Mozannar and Sontag, 2020; Wilder eral., 2020]. Ex-
tensions consider selecting subsets of humans to maximize
team performance [Singh and others, 2023]. While these ap-
proaches demonstrate that adaptive combination can improve
outcomes, they primarily focus on policy optimization from
data and do not provide analytic characterizations of when
collaboration is fundamentally beneficial under heterogeneous
uncertainty. In contrast, our work offers a theoretical analysis
that explicitly characterizes how unequal uncertainty and error
correlation determine the value of collaboration.

Bayesian Aggregation Models. Bayesian methods provide
a natural framework for aggregating predictions under uncer-
tainty. Classical Bayesian ensembles and hierarchical models
typically assume homogeneous predictors or require calibrated
probabilistic outputs. In human-AlI collaboration, Bayesian la-
tent variable models can represent shared structure between hu-
man and machine predictions [Steyvers et al., 2022]. However,
existing formulations generally rely on symmetric uncertainty
assumptions and do not yield closed-form characterizations of
joint predictive accuracy under heterogeneity.

Our approach builds on latent variable modeling by ex-
plicitly allowing predictors to differ in uncertainty while re-
maining correlated through shared latent decision variables.
Related recent work studies collaborative uncertainty quantifi-
cation in human-Al systems from a complementary perspec-
tive [Noorani er al., 2025], but does not characterize predictive
complementarity under unequal uncertainty and correlated er-
rors. Other Bayesian ensemble methods emphasize robustness
and dependence modeling [Surapunt and others, 2024], but do
not address collaborative decision-making.

Learning from Weak and Auxiliary Supervision. Learn-
ing from weak or noisy supervision has been extensively stud-
ied in contexts such as crowd labeling, where multiple annota-
tors provide imperfect labels that must be aggregated [Wang
et al., 2017; Yin et al., 2021]. These methods typically focus
on estimating annotator reliability from categorical labels and
assume large annotator pools.

In collaborative decision-making settings, human judgments
often include auxiliary signals beyond final label, such as
confidence assessments or perceived input quality. While
such signals can be informative, they are rarely integrated as
first-class components of predictive models. The framework
proposed here treats auxiliary ordinal feedback as informative
observations of an underlying latent belief state shared with the
human’s categorical prediction, enabling principled inference
even in small-sample, heterogeneous settings.

LLM:s as Heterogeneous Predictors. Recent work explores
the use of LLMs as proxies for human annotators or decision-
makers [Ge et al., 2021; Schanke et al., 2021]. These studies
primarily examine behavioral similarity or substitution effects.
In this work, LLMs are treated as another instance of a het-
erogeneous, uncertain predictor rather than as a special case.
This perspective allows domain-specific models and generalist
foundation models to be combined within a single probabilistic
framework, without relying on assumptions unique to LLM:s.

Overall, existing literature provides important insights into
collaboration, aggregation, and weak supervision, but leaves
open how heterogeneous uncertainty and correlated errors
jointly shape the benefits of collaboration. By addressing these
factors directly, our work contributes a general theoretical
and modeling framework for collaborative prediction under
realistic conditions.

3 Bayesian Combination Model

We introduce a Bayesian combination model (cf. [Steyvers et
al., 2022]) designed to fuse predictions from heterogeneous
classifiers and combine human and Al predictions to surpass
either entity alone. This differs fundamentally from standard
ensemble or Bayesian learning frameworks, which typically
aggregate predictions from similar models (e.g., bagging or
boosting). In traditional ensembles, predictions often come
with probabilistic estimates and confidence intervals that re-
flect uncertainty. In contrast, our framework is designed to
combine two inherently different types of predictors: a quanti-
tative Al system and a human who often provides only a “best
guess” without explicit, formal confidence metrics.

Our model leverages a generative process to account for
both observed and hidden variables, using a Bayesian network
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(Figure 1) to represent these variables as nodes within a prob-
abilistic graphical model. This creates a framework where
human intuition for ambiguous scenarios and Al-system con-
sistency can complement each other. Complementarity arises
when distinct characteristics of humans and AI combine to
achieve higher predictive accuracy together.

3.1 AI Classifier: ResNet

Our primary Al component is an object recognition system
built on a Convolutional Neural Network (CNN). We selected
the Residual Network (ResNet) architecture [He et al., 20161,
which has demonstrated top-tier performance in object recog-
nition tasks like the ImageNet Large Scale Visual Recognition
Challenge (ILSVRC) [Russakovsky et al., 2015], while of-
fering a good balance of predictive accuracy and model size.
We fine-tune a pre-trained ResNet, harnessing the benefits of
transfer learning to reduce training overhead.

Given the diversity of donations and operational require-
ments, we define a multilabel, multiclass framework that si-
multaneously predicts three labels for each item:

* Product Type: The most complex label, with over 70
classes (e.g., “Biscuits”, “Sauce”, “Rice”). This is crucial
for basic inventory sorting.

» Halal Status: A critical label for serving diverse commu-
nities with specific religious dietary requirements, partic-
ularly in the Singapore context.

* Weight Class: Essential for food bank to accurately doc-
ument the amount of food received and distributed for
accountability to donors and stakeholders.

To handle this, we use a weighted loss function where the
total loss consists of individual label losses, weighted accord-
ing to the number of classes associated with each label so that
more complex “product type” label is given priority. Further-
more, we adopt a conditional probability approach using a
common backbone architecture to predict all three labels in a
cascading structure. Specifically, the prediction of halal status
is used as an input, together with the output from the backbone,
to predict the weight class. Subsequently, the predictions for
both are combined with the backbone to generate final predic-
tion. For any class 7, this model outputs logit scores Ay, which
are converted to probabilities s via a softmax function.

3.2 Bayesian Combination Framework

We propose a probabilistic graphical model in Figure 1 as
an extension from [Steyvers ef al., 2022]. This framework is
designed to fuse predictions from the human (yy7) and the Al
(7var), where auxiliary human feedback are also incorporated.

Specifically, we add a set of new, observed nodes (the
shaded nodes for “human confidence”, “image clarity”, and
“surface reflection”) to the human-generated side of the model.
We formally model these ordinal ratings as draws from an
OrderedProbit model. Crucially, these new nodes are parame-
terized by the same latent human probability simplex (g ;,.)
that generates the direct human prediction (yg,;). This exten-
sion creates a richer, more comprehensive model of the human
classifier. The framework no longer just learns from what the
human predicted, but also from their qualitative assessment of
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Figure 1: The Bayesian combination model for training and test
regimes. Each outer plate is one data instance; the inner dashed
plate ranges over classes j = 1, ..., L. Shaded nodes are observed,
unshaded are latent. z is the true class label (observed in training,
inferred at test). Mg, Ay are correlated human and machine logits
and g, v corresponding class-probability simplices (Al simplex
M 1is observed). yp-is human’s categorical label; r1, 72,73 are
auxiliary ordinal ratings (confidence, image clarity, reflection).

the task’s difficulty and data quality, providing a more nuanced
signal for the subsequent MCMC inference.

Generative Process for Logits For each instance ¢ and class
j€{1,..., L}, weassume a class label z; ~ Cat(1: L,1/L),
where L is the total number of classes for a given label (e.g.,
L = 70+ for product type). The label z; is observed for
training instances and inferred for test instances.

Conditioned on z;, the logit score Agr; ; and Ay ; ; for each
class 7 are simultaneously sampled from a bivariate normal
distribution. We distinguish true-class and false-class means
explicitly, such as using p1 g as logit-mean for human and f¢pr
for machine. We model the correlation between the human
and Al classifiers as they both observe the same item:

true
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The mean vectors distinguish the signal strength for the “true
class” versus all “false classes”. The covariance matrix X cap-
tures the individual classifier reliability and their correlation:

_ o7 PHMOHOM
PHMOHOM o

Here, 0% and 03, represent the variance (unreliability) of the
human and Al, respectively, and pgas ~ U(—1,1) is their
latent correlation.
Observed Variables and Softmax These latent logits are
converted to class-probability simplexes vz ;. and vaz,;.. via
a scaled softmax transformation with temperature parameter
T

exp(As,ij/Ts)

Sy exp(As,ie/Ts)

VS,ij = N S e {H,M}
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The AD’s full probability simplex ~ya ;. is directly observable
from the ResNet model, with temperature 75, = 7. However,
it is impractical for a human to output a full probability distri-
bution. We can only observe their single categorical prediction
yH,;- We therefore model this as a categorical draw from their
latent probabilities, setting the human temperature 77 = 1:

ym,i ~ Cat(l: L,vm )
Integrating Auxiliary Feedback via OrderedProbit In
our experiment, human labeling involves six attributes: three
direct predictions (product type, weight, halal) and three in-
direct descriptors (confidence, image clarity, and reflection),
each categorized into three ordinal values (“Low”, “Medium”,
“High”). We denote these ordinal ratings by r}}’f;f, rﬁaf , and

riefl - We model these observed ordinal ratings as random

draws from an OrderedProbit model'. The rating-prior param-
eters in Figure 1 are the cutoffs ¢y, co and sharpness 6. This
model is parameterized by the same latent human probability
simplex vg ;. that generated their direct prediction yg ;. For
example, the confidence rating is modeled as:

T%?’f;f ~ OrderedProbit(yp ;i .,

This allows the model to learn the relationship between a
human’s latent (unobserved) probability and their stated confi-
dence or assessment of image quality. This provides a much
richer signal for inference, enabling a more refined and effec-
tive learning process within the Bayesian graphical model.

conf g¢conf
,0°™)

Bayesian Inference Let D; collect the observed Al simplex,
human label, and three ordinal ratings for instance ¢. The
posterior P(z; | D;) is analytically intractable, so we estimate
it using a Markov Chain Monte Carlo (MCMC) procedure,
specifically Gibbs sampling [Casella and George, 1992]. The
final prediction from the Bayesian combination model is the
mode of the sampled marginal posterior distribution for z;.
Note that MCMC inference is well suited to the offline, batch-
style analysis considered here; real-time or larger-scale de-
ployment would call for approximate-inference variants such
as variational Bayes or amortised inference, which we leave
for future work.

4 Theoretical Analysis

In this section, we derive closed-form expressions for the joint
accuracy and investigate its theoretical properties. Note that
we allow unequal variance in the prior distribution of human
and machine predictions, while earlier work, such as [Steyvers
et al., 2022], assumes equal uncertainty. In real-world scenar-
ios, particularly in settings like non-profits, decision-making
involves a mix of newly onboarded volunteers (high variance)
and vision-based Al systems trained on heterogeneous datasets
(variable variance). By allowing for unequal variance, our
framework better captures these complexities and offers both
theoretical and operational insights for designing more robust,
human-centered Al collaboration strategies.

'The ordered probit model for a rating r; (e.g., confidence) with
three levels (“Low”, “Medium”, “High”) is constructed as follows: r;
is “Low” with probability ®(5(c1 — :)), “Medium” with probability
D(6(ca —vi)) — D(6(c1 — v:)), and “High” with probability 1 —
®(d(c2—:)), where c1, ¢z are cutoff parameters and ¢ is a sharpness
parameter.

4.1 Single Classifier Accuracy

We start by assuming two independent and normally dis-
tributed random variables, A\ ~ AN(u1,07) and Ay ~
N (0, 02), representing the predictive logit scores for the cor-
rect and incorrect classes, respectively. The classifier is correct
if A > Ag. The predictive accuracy Ac is:

Ao =P > ) =0 = )
o1+ o5
This generalizes the equal-variance case where o1 = 09 = 0o,
which simplifies to Ac = ®( \7510 ).
This accuracy can also be understood through the lens of

stochastic dominance.

Definition 1. A random variable A has first-order stochastic
dominance over another random variable B if, for any out-
come x, the cumulative distribution function (CDF) of A is
always below that of B, i.e., Fa(x) < Fp(x) forall z € R,
with strict inequality for at least one .

Definition 2. Local stochastic dominance occurs when a ran-
dom variable A stochastically dominates another random
variable B at specific thresholds or within certain regions
rather than across the entire range of possible outcomes.

Given these definitions, Equation 1 implies that \; has a
local stochastic dominance over A, after the crossover point of
their respective CDFs, v = 2261 (assuming o1 # 02). We
can also provide an alternative expression for Ax using the
Wilcoxon—-Mann—Whitney test.

Proposition 1. The expression of the predictive accuracy Ac
given in Equation (1) can be equivalently expressed as:

- [ (o155 o(2) Lo

where ¢ is the probability density function (PDF) of the stan-
dard normal distribution, with X = A\ and Y = As.

4.2 Two-Classifier Joint Accuracy

We now turn to the case with two classifiers (C; and Cs) as de-
scribed in Figure 1. We jointly model them using (A1,1, A2,1)
for the correct class and (A1 ;, A2 ;),i = {2,...,k} for the in-
correct class ¢, with a total of k classes. Each pair of predictive
logits shares the same covariance structure with a correlation
coefficient p as follows:

Q)= w[()=] ()~ w1 () =] o

where & = ( or palfz).
pPO102 [P
As with [Steyvers er al., 2022], we can express the joint

accuracy for the binary case as the probability of observing
the correct draw:

Acy,c, = P{o(ty | 1, 8)0(€2 ] 0,)
> ¢l |0,2)p(ls | 1, X)}
where £, = ()\1,17>\2,1)T, by = (>\1,2,)\2,2)T, and p =

T
(k1, pi2) o
This leads to our first result on joint accuracy under the

general unequal variance setting.
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Figure 2: Difference in performance, A¢c, ¢, — max(Ac,, Ac, ), of
the combined classifier over the better of the two individual classifiers.
Complementarity is strongest when the correlation p is negative.

Theorem 1 (Joint Accuracy: Binary Case). Assume a com-
bined set of classifiers C1 and Cy whose predictive logits are
Jjointly modeled as bivariate normal random variables using
Equation 2 for correct and incorrect classes, respectively. The
joint predictive accuracy Ac, c,, which allows for unequal
variances o3 # 03, is:

M*
A017C2 = <\/§O'*)
2 2
whereu*=%+%—%and(o*)2:(%_%)2+
2
(12— )P o op(s — (a2 - )

Relative to [Steyvers er al., 2022], this result corrects and
generalizes the derivation. Figure 2 plots the improvement
of this Bayesian combination method over the accuracy of
the best individual classifier. We observe the strongest im-
provement (complementarity) when the correlation p is highly
negative (e.g., -0.95), and minimal improvement when p is
highly positive, as the predictions become redundant.

We further generalize this to multi-class (k-class) setting.

Theorem 2 (Joint Accuracy: Multi-class Case). Under the
same assumptions as Theorem 1, the joint predictive accuracy
for a k-class task is:

Acye,= [ 18 ¥ ran)

— 00

Lo (y)dy

where T v = L5 is the effective “relative signal-to-noise
ratio” of the combined classifier, with y* and o* as defined in
Theorem 1.

4.3 Properties of Complementarity

The term rg, 3, from Theorem 2 determines the predictive
accuracy of the joint model. Let H be the Human and M
be the AL Let ay = py /oy and apr = pas /o represent
the individual predictive power, i.e., the signal-to-noise ratio
(SNR), of each classifier. We can then express r g, s as:

2 2
af; +ay — 2pagan

THM = > >
(ag — pan)” + (an — pam)
+2p(ap — panr)(an — par)

pg=1, ay=1 pg=1, apy =2
0.8 - .
0.4 1 >
4 =
Qg0 ] 3 &
2
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Figure 3: Contour plot of the joint signal-to-noise ratio rm, v as
a function of human uncertainty (o) and correlation (p). Joint
performance g, ps generally increases as p or oy decreases.

This expression can also be interpreted as the signal-to-
noise ratio of a linear combination of two standardized normal
variates (X g, Xps) with mean (ag, apr) and correlation p:

o~ Ellan —pan) X + (anr — paw) Xo]
HM =
VVar[(ag — pan) Xu + (ar — par) X )

This formulation leads to several important insights (proofs
are provided in the supplementary material).

Proposition 2. The joint accuracy Ag, s is monotonically
increasing in the relative signal-to-noise ratio g ar.

Proposition 3. If both classifiers are equally strong (i.e.,

ag = ay = a), then rgp = \;‘%, which is monotoni-

cally decreasing in p. This confirms that complementarity is
greatest when classifiers are diverse (low p).

Proposition 4. [f the human classifier provides no discrimina-
tory signal (i.e., ag = 0), the joint classifier’s SNR becomes

Since \/1—p% < 1, rgr > an, and

therefore the joint classifier still performs at least as well as
the Al classifier alone (Ap v > Anr).

This surprising result shows that even a “noisy” human, if
their noise is imperfectly correlated with the Al, can provide a
signal that improves the combined system. Figure 3 visualizes
the relationship between o, p, and the resulting joint signal-
to-noise ratio 7 a7, confirming that r g 5 generally increases
as correlation p or human uncertainty oy decreases.

a
THM = —2

S Experiments and Results

We validate our framework using a case study at Food Bank
Singapore (FBS), a real-world environment characterized
by data scarcity and classifier unreliability. We conduct
two main sets of experiments: (1) combining our in-house
ResNet with human volunteer predictions, and (2) combining
the ResNet with ChatGPT-40 as a human proxy. The full
data and code are available at https://github.com/jackliu333/
object_detection_using_tensorflow.

5.1 Experimental Setup

Classifier Characteristics We first summarize the qualita-
tive characteristics of our three heterogeneous classifiers in
Table 1. The in-house ResNet is data-hungry but accurate on
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TYPE NAME DATA ACCURACY SENS.

RESNET HiGH HIGH (IN-SAMPLE) HIGH
SoLo HUMAN Low HIGH (FAMILIAR) Low
CHATGPT Low HIGH (GENERAL) MED
ENS +HUMAN MED ROBUST (ALL) Low-MED
" +CHATGPT MED ROBUST (ALL) Low-MED

Table 1: Summary of model characteristics.

in-sample products, while being sensitive to environmental
changes. Humans require minimal data but are prone to errors
on unfamiliar items. ChatGPT shows high accuracy compa-
rable to humans but has moderate sensitivity. Our goal is to
create an ensemble model that combines these strengths.

Data Collection For the Human+ResNet experiment, we
collected 306 product images. We developed a prototype to
randomly display these images to five volunteers, simulating
the task of registering a new, unrecognized product. For each
image, volunteers provided six attributes: three direct pre-
dictions (product type, weight class, halal status) and three
auxiliary ordinal ratings (confidence, image clarity, reflection).

For the ChatGPT+ResNet experiment, we collected a sepa-
rate set of 292 products, capturing 360-degree video footage
for each. To simulate the human process of rotating an item,
we extracted 10 equally-spaced frames from each video and
sent them to the GPT-40 API along with a pre-defined prompt
outlining the classification task and rules.

Training and Evaluation Design To test the model under
varying levels of data scarcity, we trained the ResNet and
Bayesian models using four different train-test splits for the
306-image dataset: 10%, 20%, 50%, and 80% test set ratios.
A higher ratio (e.g., 80%) simulates a data-scarce environment
where the Al has little training data.

We fine-tuned the ResNet models via transfer learning for
15,000 epochs using images collected under varying envi-
ronmental conditions (lighting, angle, etc.) and repeated the
procedure with ten random seeds to mitigate sampling bias,
yielding 40 trained models whose logits serve as inputs to the
Bayesian framework. For the Bayesian models, we trained a
separate model for each participant (unlike the shared model
in [Steyvers et al., 2022]), yielding 200 total models (4 ra-
tios X 5 volunteers x 10 seeds); each was trained using the
“rjags” package for 5000 iterations with a 2000-iteration burn-
in and three simultaneous MCMC chains, with Al predictions
substituted for incomplete human submissions.

Complementarity (Human + ResNet) We first analyze the
marginal improvement of our Bayesian model over the stan-
dalone Human and ResNet (Machine) models. We define the
improvement metric I as the percentage difference in correct
predictions, €.g.: Toayes over human = St conecthuman - A g
shown in Figure 4, the Bayesian combination model generates
a positive marginal improvement over both human and Al pre-
dictions by a sizable amount in most cases. The improvement
over the Machine (ResNet) is highest with a large test set (0.8).
When the Al is poorly trained (lacks sufficient data), human
expertise is highly complementary and provides a significant
boost. Moreover, improvement over Human is highest with a
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Figure 4: Box plots of marginal improvements of the Bayes model
over Human and Al predictions for each test set ratio.
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Figure 5: Box plots of marginal improvements of the AI model over
Human for each test set ratio. Al dominates in data-rich settings,
while Human dominates in data-scarce settings.

small test set (0.1). When the Al is well-trained, it provides
reliable predictions that effectively corrects human errors and
boosts the performance of the human.

To understand why this fusion is so effective, we first com-
pare the standalone AI and Human performance in Figure 5.
ResNet (Al) generally performs better than humans when the
test set ratio is 0.5 or less (i.e., when the Al has 50% or more
of the data for training). However, in the most data-scarce
setting (0.8 test set, 20% training), the human predictions are
more accurate. This performance crossover demonstrates that
neither classifier is dominant in all settings, motivating the
need for our Bayesian fusion model.

We next analyze the latent correlation p (Figure 6), which
our theory identifies as a key driver of complementarity. We
found p is consistently low (0 to 0.2). This low correlation
reveals that humans and the ResNet use different decision-
making mechanisms, empirically corroborating the theory:
the Bayesian model delivers larger complementarity when
predictions are diverse and less correlated [Steyvers er al.,
2022]. Interestingly, we observe an increasing trend in p
as the test set ratio increases (i.e., in data-scarce settings).
This suggests that as the Al model becomes weaker due to
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Figure 6: Correlation factor p across different test set ratios for each
volunteer. The low correlation demonstrates high complementarity.

insufficient training, its predictions begin to behave “more like”
the human’s, and the two become more correlated.

Value of Auxiliary Features We test the value of our
model’s novel component: the integration of auxiliary features.
We trained one set of models with this data (clarity, reflection,
confidence) and another 200 models without it (using only
direct predictions, as in [Steyvers et al., 2022]). As shown in
Figure 7, the model with auxiliary information (green) consis-
tently achieves a higher number of correct predictions. This
confirms that qualitative human assessments can provide a
valuable, independent signal.
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Figure 7: Comparing Bayesian models with and without additional
features (clarity and reflection) across different test sets. The model
with auxiliary info (green) consistently outperforms.

TASK RESNET CHATGPT BAYESIAN
PRDTYPE 0.8134 0.6585 0.8310
WEIGHT 0.7432 0.7466 0.9212
HAaLAL 0.8219 0.7637 0.9247

Table 2: Predictive accuracy of all models across different prediction
tasks. The Bayesian combination model generates a higher predictive
accuracy than ChatGPT or ResNet alone.

PRDTYPE WEIGHT HALAL

VERSUS RESNET 0.10 (0.09) 0.33(0.09) 0.15(0.07)
VERSUS CHATGPT 0.26 (0.00) 0.21(0.02) 0.18 (0.04)

COMPARISON

Table 3: Average percentage improvement (standard deviation in
brackets) of the Bayesian model over baselines.

Combining ChatGPT and ResNet  In our final experiment,
we test the model’s flexibility by replacing the human with
LLM. We used 292 product videos, allocating half for training
and half for testing. We acknowledge these products might
already be in ChatGPT training data; however, our in-house
ResNet is trained only on our own data, making it a small-
scale, specialized counterpart to the generalist LLM.

Table 2 shows that the Bayesian combination model
(Bayesian) achieves the highest accuracy across all three pre-
diction tasks. Tt significantly outperforms both standalone
models. This result shows that our framework is not limited to
human-AT collaboration but can also serve as a robust method
for combining different classes of Al models (a specialized
vision model and a generalist multi-modal LLM).

To further quantify these gains, we repeated the experi-
ment five times and report average percentage improvement
in Table 3. We note that marginal improvement for ResNet in
product type is lower (9.5%) than in the other two tasks, possi-
bly due to high weight assigned in the ResNet’s loss function.
Conversely, improvements over ChatGPT are more consistent.

6 Conclusion

We proposed a generalized Bayesian combination model
for human-AlI collaboration. Our primary contributions are
twofold. Methodologically, we introduced a novel framework
that enriches the combination model by integrating auxiliary
human feedback (confidence, clarity) using an OrderedProbit
process. Empirically, we demonstrated the high practical value
of this framework by successfully fusing three heterogeneous
classifier types (in-house ResNet, Human, and ChatGPT) in
a challenging, real-world humanitarian setting. We also pro-
vided theoretical grounding for this model by generalizing
the closed-form expression for the joint predictive accuracy
of the Bayesian combination model. Our results show that
this approach is a robust and flexible way to achieve comple-
mentarity in complex, data-scarce environments. Future work
could explore active learning policies based on this framework,
to dynamically decide “when to ask” a human versus “when
to trust” the Al based on model-inferred uncertainty.
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