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—— Abstract

Background. Large Language Models (LLMSs) are increasingly used in software pipelines as decision
components that validate, triage, or score system inputs and outputs. When one such component is
replaced, for example, to reduce cost or latency or to adapt to provider-side model updates, it is
necessary to make sure that the replacement does not significantly alter system behavior.

Aims. This paper presents a methodology for assessing the operational substitutability of LLM-
based decision components under controlled conditions. We combine two complementary criteria:
instance-level behavioral agreement, measured with Cohen’s x, and the absence of statistically
significant asymmetries in correctness outcomes, assessed with McNemar’s test.

Method. We instantiate the methodology on three representative binary decision tasks used in
software pipelines: safety classification, truthfulness assessment, and stereotype detection. Using
models from multiple providers, we study substitutability by asking (1) whether replacement within
the same provider preserves decision behavior, (2) whether replacement across providers preserves
decision behavior, and (3) how sensitive the admissible substitution space is to the agreement
threshold and significance level used in the analysis.

Results.Substitutability varies substantially across tasks and model pairs. Safety admits the
broadest substitution space, while truthfulness is the most constrained task within providers and
stereotype detection across providers. Sensitivity analyses show that operational parameter choices
change the size of the admissible substitution space, but not the overall qualitative pattern.

Conclusions. When assessing replacement candidates for LLM-based decision components, sufficient
behavioral agreement and symmetry in correctness outcomes can complement aggregate benchmark
performance.
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1 Introduction

Large Language Models (LLMs) are increasingly deployed as part of complex software systems
composed of multiple interacting components. For instance, they can be integrated as retrieval
components for grounding model outputs [22], coordination services in multi-agent or iterative
settings [35], and validation mechanisms that inspect outputs before they are returned to the
user, such as content moderation APIs [27] and guardrail frameworks [11]. Integrating LLM-
based components in software systems poses new challenges for monitoring their behavior.
Traditional monitoring approaches have mainly focused on infrastructure-level metrics such
as latency, throughput, or error rates. However, in LLM-based systems, semantic properties
such as safety, truthfulness, stereotyping, and alignment can directly affect system behavior.

A common architectural pattern that addresses this need is the use of auxiliary LLMs
to evaluate inputs or outputs against predefined criteria, often referred to as LLM-as-a-
Judge [39, 17]. While originally introduced in the context of offline evaluation, this pattern
is increasingly integrated into system pipelines to assess behavioral properties (e.g., safety,
correctness, or alignment) during execution. In production environments, these components
may operate either synchronously (e.g., as guardrails intercepting critical issues in real
time [15]) or asynchronously (e.g., analyzing subsets of system interactions). As a result,
LLM-based decision components are not only evaluators but also key elements in the
monitoring of system behavior.

Despite their critical role as decision-making components, these LLM-based components
are typically evaluated using aggregate metrics such as accuracy or F1 score [21, 30]. While
these metrics are useful for baseline validation, they provide limited insight into the operational
behavior of a decision component and its potential impact when integrated into a software
system. In practice, two LLMs with similar aggregate performance may exhibit different
decision boundaries due to evaluator biases, such as position bias [32], self-enhancement
bias [28], or a broader range of systematic biases that affect evaluation outcomes [37]. From
a software systems perspective, this raises an important architectural concern because in
dynamic production environments, where providers update models over time (potentially
leading to model drift [5, 23]) or where models are replaced due to cost or performance
reasons, such differences can introduce unintended changes in system behavior.

This paper presents an empirical validation methodology to study the substitutability of
LLM-based decision components under controlled conditions. Our approach analyzes their
behavior by comparing their decisions under identical inputs across providers and model
scales. For each input, this comparison considers (a) whether the original model and its
candidate replacement agree or disagree on their decision; and (b) whether their decision is
correct or incorrect according to a ground truth. We combine agreement-based filtering using
Cohen’s k with paired McNemar tests to assess behavioral consistency and asymmetries
in correctness outcomes, respectively. We study whether models can be safely substituted
both within and across providers and how operational parameters affect these substitution
options. We apply this methodology to three binary decision tasks commonly found in
software systems (i.e., safety classification, truthfulness assessment, and stereotype detection)
and different providers. Our results provide practical insights for the design of LLM-based
software systems that rely on decision components, highlighting the conditions under which
component substitution may introduce unintended behavioral changes.

The rest of the paper is structured as follows. Section 2 motivates the work, and Section 3
reviews prior work. Section 4 presents our methodology. Section 5 describes the experimental
design, datasets, and models used to instantiate the methodology. Section 6 reports the
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empirical findings across substitution settings. Section 7 discusses implications for deployment
and decision component selection. Section 8 outlines threats to validity. Section 9 presents
the conclusions, and Section 10 the includes the data availability statement.

2 Motivation

LLMs are increasingly integrated into software systems as operational components whose
outputs directly influence system behavior. They appear as guardrails that intercept unsafe or
undesirable content [15, 1], evaluators or judges that assess quality or alignment [39, 10, 17],

and validators that verify predefined constraints before outputs are returned to users [31].

Although these components differ in terminology and implementation, they share the same
architectural role, as their outputs participate in software decisions. We refer to them as
LLM-based decision components.

The LLM-as-a-Judge paradigm is a common implementation pattern for these components.

An auxiliary LLM assesses properties such as correctness, safety, bias, or alignment, often
through task-specific prompts or rubrics [39, 10, 17]. While this pattern was initially
developed mainly for offline evaluation, it is increasingly used in deployed systems to enforce
semantic constraints at runtime [14, 13]. This shift is also visible in LLMOps workflows,
where decision components become part of system operation [18, 36]. Frameworks such as
LangChain [20] and MLflow [25] support these components when defining LLM pipelines,
while moderation APIs [27] provide ready-made instances of this pattern at scale.
Replacing an LLM-based decision component is not equivalent to swapping a model
endpoint. A replacement may preserve the interface while changing which inputs are accepted,
rejected, flagged, or routed. This matters when teams migrate models due to cost, latency,
availability, provider-side updates, or model deprecations. In this setting, the engineering
question is not only whether the candidate model performs well in isolation, but whether it
preserves the operational behavior expected by the surrounding software pipeline.
Aggregate metrics such as accuracy and F1 are useful for benchmarking, but they provide

limited insight into whether two models make the same decisions on the same instances [2, 30].

Two components with similar aggregate performance may implement different decision
boundaries and induce different downstream behavior [34]. Agreement measures address
this issue by comparing decisions instance by instance. Cohen’s x quantifies agreement
beyond chance and has been used to assess consistency among human and model-based
evaluators [6, 12, 33]. Agreement, however, does not show whether the remaining correctness
differences are balanced with respect to reference labels. This motivates an assessment that
combines instance-level agreement with a paired analysis of correctness asymmetry.

3 Related Work

Research on LLM-based evaluation has mainly examined the reliability, bias, and design of
LLM-as-a-Judge systems. LLM judges can support scalable evaluation, but their behavior

depends on model choice, prompts, rubrics, task framing, and evaluation setup [39, 10, 31, 13].

Studies on agreement between LLM judges and human raters use inter-rater reliability
measures to quantify evaluator consistency [6, 12, 33]. Our work uses this agreement
perspective for a different purpose, focused on pairwise replacement of LLM-based decision
components embedded in software systems.

Hosted models and commercial Machine Learning (ML) APIs raise a related stability
problem. Commercial Natural Language Processing (NLP) services can differ across providers
even when they expose similar high-level functionality [8]. Longitudinal evidence from
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commercial ML APIs shows that predictions may change over time, creating risks for
applications that depend on external model services [3]. LLM drift studies report similar
concerns for LLM-based systems, where behavior may change across time or versions even
when the interface remains stable [5, 23]. We believe these results explain why model changes
require validation. Our focus is a narrower question: whether one decision component can
serve as a behavior-preserving substitute for another under fixed operating conditions.

The work on model migration and switching is closest to our setting. RETAIN supports
regression-testing-guided LLM migration by helping developers inspect behavioral differences
and refine prompts during migration [7]. Khraishi et al. show that switching models in
multi-turn LLM systems can induce directional performance drift during handoffs [16]. The
work on LLM consistency studies repeatability, update impact, and replacement effects
across knowledge-engineering tasks [29]. These contributions address migration support,
switching-induced drift, and consistency assessment. Our methodology instead defines a
pairwise substitutability decision based on agreement and paired correctness asymmetry.

Model routing and provider selection approach model choice from a different angle.
Routing methods select among models to reduce cost or improve performance [4], while
recent evidence on provider bias shows that provider identity can systematically influence
LLM outputs in code generation [38]. These studies reinforce that models and providers
are not interchangeable by default. What remains missing is an operational criterion for
deciding when one LLM-based decision component preserves the decisions of another in a
concrete software pipeline. This paper addresses that gap by treating behavior-preserving
substitution as a pairwise validation problem.

4 Methodology

In this section, we present the proposed methodology for assessing the operational substitut-
ability of LLM-based decision components under controlled conditions. First, we provide
a formal definition of substitutability as a behavioral property of LLLM-based components.
Then, we describe the controlled evaluation setup. Finally, we detail the procedure for
assessing substitutability based on agreement and substitution safety testing.

4.1 Substitutability of LLM-Based Decision Components

We formalize substitutability as a behavioral property of LLM-based components under
controlled evaluation. Rather than comparing raw model outputs, we consider the decisions
induced by each model over a shared set of inputs. Let X = {x1,...,2,} be a set of n
instances and let each model M; induce a decision function f; : X — ), where ) is a shared
operational decision space. In this work, ) corresponds to a binary outcome (e.g., safe/unsafe,
correct/incorrect).

Given two models M4 and Mp, we compare their behavior by pairing the decisions they
produce for each input instance. Behavioral agreement is quantified using Cohen’s k, as
it accounts for chance agreement, which raw agreement does not, and is therefore more
appropriate when label distributions may be imbalanced. Cohen’s k thus allows capturing
the extent to which both models produce consistent categorical decisions beyond chance.

To further characterize the remaining differences between two high-agreement models, we
analyze whether their correctness disagreements are balanced with respect to the reference
labels. Let b denote the number of instances where M 4 is correct and Mg is incorrect, and
¢ the inverse case. Instances where both models are correct or both are incorrect do not
contribute to this comparison. When b+ ¢ > 0, a descriptive imbalance is Tap = |b—c|/(b+c¢),
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with I4p = 0 when the two disagreement counts are perfectly balanced and larger values
indicating that the remaining errors favor one model more strongly. McNemar’s test is
appropriate here because both models are evaluated on the same instances, producing paired
correctness outcomes, and the test directly compares the discordant counts b and c. This is
preferable to independent aggregate accuracy comparisons, which would ignore the paired
structure of the substitution setting. The formal substitutability decision uses McNemar’s
test to assess whether this imbalance is statistically significant.

We define two models as operationally substitutable if they satisfy two conditions: (i)
sufficient behavioral agreement, measured by a threshold 7 such that x > 7, and (ii) absence
of statistically significant asymmetry in correctness outcomes, assessed using McNemar’s
test with Holm correction. This definition captures substitutability as a constrained form
of behavioral preservation: two models must produce similar decisions on the same inputs
and must not introduce statistically detectable shifts in decision outcomes when substituted.
Because McNemar’s test assesses asymmetry rather than equivalence, a non-significant result
should not be interpreted as proof that two models are equivalent or non-inferior; it only
indicates that no significant directional correctness asymmetry was detected.

4.2 Controlled Evaluation Setup

All LLMs must be evaluated under controlled and identical conditions, ensuring that each
model induces a comparable decision function over the same set of inputs. We assume the
availability of a reference dataset X = {x1,...,x,} representative of the task under study.
Each instance z; is processed independently by all LLMs under identical configurations.

To ensure comparability, the evaluation setup enforces three constraints. First, inputs are
standardized across models, using identical prompts aligned with the target task. Keeping
prompts fixed isolates the effect of model replacement while preserving the component
interface expected by the surrounding pipeline. Prompts are intentionally minimal and
task-specific, reflecting realistic deployment scenarios where LLM-based components operate
under constrained instructions. Second, inference is performed with deterministic settings
whenever supported. Decoding temperature is set to zero and stochastic sampling is disabled
to reduce random variation across calls. We acknowledge that hosted LLM APIs may still
exhibit residual nondeterminism under such settings; therefore, the analysis characterizes the
observed decisions produced under the evaluated API conditions. Third, model outputs are
normalized to a shared operational decision space ). Raw textual responses are mapped to a
fixed set of discrete labels (e.g., safe/unsafe, correct/incorrect) using rule-based normalization.
Outputs that do not conform to the expected format, as well as isolated failed inference
calls, are excluded from analysis. Under these conditions, each model is evaluated as a fixed
decision procedure over the same input space, enabling direct comparison of the observed
decisions at the instance level.

4.3 Substitutability Assessment Procedure

Given the definition of substitutability and the controlled evaluation setup, we assess substi-
tutability through a two-stage procedure applied to all model pairs. We set the agreement
threshold to 7 = 0.70, following conventional interpretations of Cohen’s x in which values
between 0.61 and 0.80 indicate substantial agreement [19], and use o = 0.05 for McNemar’s
test with Holm correction for multiple pairwise comparisons. The procedure consists of two
stages, as illustrated in Figure 1, which we describe in the following.

12:5
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[ Model 1 vs. Model 2 ]

IRy Agreement filtering
1 Compute Cohen's k

No Yes

Not substitutable
Low behavioral agreement

Candidate
SIETY Substitution safety testing
2 Compute McNemar test p
No @ Yes
Not substitutable .
Asymmetric substitution cffccts] Substitutable

Figure 1 Decision procedure for assessing pairwise substitutability under controlled conditions.

Stage 1: Agreement filtering. For each pair of models, behavioral agreement is quantified
using Cohen’s k, computed over their instance-level decisions. Model pairs with insufficient
agreement (x < 7) are considered behaviorally incompatible and are excluded from further
analysis. This step ensures that only models exhibiting sufficiently similar decision patterns
are considered as potential substitutes. We consider candidate pairs to those that pass the
agreement filter before the next stage.

Stage 2: Substitution safety testing. For model pairs that satisfy the agreement filtering,
we evaluate whether substitution is safe by testing asymmetry in paired correctness outcomes
using McNemar’s test with Holm correction. Concretely, the test compares b and ¢, i.e., the
cases where one model is correct and the other is incorrect. A statistically significant result
indicates not merely disagreement, but that one model systematically outperforms the other
on the reference instances, leading to a systematic shift in decision behavior. Such model
pairs are considered non-substitutable, despite showing high agreement in the previous stage.

A model pair is therefore considered operationally substitutable only if it satisfies both
conditions: (1) sufficient behavioral agreement and (2) absence of statistically significant
asymmetry in correctness outcomes.

It is important to note that the threshold values of 7 and « are predefined parameters
rather than constants, and they must be applied uniformly across all providers and tasks
before the empirical analysis. We therefore treat 7 and « as design choices that define a
concrete level of substitution conservatism, not as task-independent truths. Higher values
of these parameters define more conservative substitution policies by requiring stronger
behavioral similarity before a pair is considered a candidate replacement. On the other
hand, lower threshold values enlarge the candidate space but increase the need to verify
that the remaining differences do not introduce systematic correctness asymmetries under
substitution. In this sense, the proposed methodology is not strictly tied to a single threshold
value but can be configured to different levels of operational risk (as we illustrate in RQ3)
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CASE MODEL 1 MODEL 2 CAase MODEL 1 MODEL 2 CASE MODEL 1 MODEL 2
A v X A 4 v A v 4
B v X B 4 v B X 4
C v X C 4 v C v X
D v X D 4 X D v 4
E X 4 E v X E X X
F X v F X X F X X
G X 4 G X X G X X
H X 4 H X X H X X

(a) Similar accuracy, but low (b) High agreement, but (c) High agreement, and

agreement. asymmetric correctness balanced correctness
outcomes. outcomes.

Figure 2 Tllustrative correctness patterns underlying the three substitutability outcomes. A check
mark indicates a correct decision (i.e., the model’s decision matches the ground truth) and a cross
indicates an incorrect decision (i.e., the model’s decision differs from the ground truth).

Figure 2 illustrates example patterns of agreement and correctness outcomes for three
possible substitutability outcomes. Each example includes a table with eight example input
cases (cf. column “Case”) where a binary decision must be made, and the outcome of two
models (cf. columns “Model 1”7 and “Model 2”). Figure 2a shows an example where traditional
aggregate performance metrics would show similar accuracy, but our methodology would flag
it as non-substitutable due to low agreement (i.e., it would not satisfy the agreement filtering
stage). Figure 2b shows a non-substitutable example due to asymmetric correctness (i.e.,
there is asymmetry in the outcome of the models for cases D and E) and therefore it would
not pass the substitution safety testing. Finally, Figure 2c illustrates a substitutable example
given the high agreement and balanced correctness (i.e., there is symmetry in the outcome of
the models for cases B and C), thus passing both stages of the proposed methodology.

5 Evaluation

5.1 Experimental Design

We apply the proposed methodology to multiple LLLM-based decision components on the
same inputs across three representative decision tasks. This section defines the datasets,
models, and prompting setup used in the evaluation.

5.1.1 Research Questions

The proposed methodology is intended to assess whether replacing one LLM-based decision
component with another preserves decision behavior under controlled conditions. To study
this problem, we identify three research questions:

RQ1 To what extent is behavioral substitutability preserved under controlled replacement
within the same provider? This question examines whether models offered by the
same provider can be interchanged while preserving instance-level decision behavior or
whether such substitutions still introduce systematic behavioral differences.

RQ2 To what extent is behavioral substitutability preserved under controlled replacement
across providers? This question examines whether models developed by different
providers can be interchanged under identical conditions without introducing systematic
shifts in decision behavior.

12:7
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RQ3 How do operational parameter choices affect the structure of the admissible substitution
space across tasks and substitution settings? This question examines whether varying
the agreement threshold 7 and the significance level o changes all tasks and substitution
settings equally or whether some remain more permissive than others.

To address RQ1 and RQ2, we apply the methodology described in Section 4. To address
RQ3, we will perform a sensitivity analysis to study the admissible substitution space for the
two main operational parameters of the methodology (i.e., agreement threshold 7 and the
significance level ).

5.1.2 Datasets and Tasks

We consider three decision tasks: safety classification, truthfulness assessment, and stereotype
detection. These tasks capture semantic properties commonly implemented as decision
functions in LLM-based software systems. For each task, we selected a widely used benchmark
dataset with reference annotations. Across all three tasks, we excluded instances for which
a valid prediction could not be obtained due to API or inference issues, such as transient
provider errors, timeouts, or empty responses. Next, we briefly describe each task-dataset
configuration.

Safety. This task corresponds to guardrail and moderation components that decide whether
generated or user-provided content should be blocked, allowed, or escalated. We evaluate
LLM-based safety decision components using the Aegis AI Content Safety Dataset 2.0 [9]'.
The dataset contains 813 instances, of which 8 were excluded. The dataset contains prompts
and corresponding model responses annotated with fine-grained content safety labels covering
categories such as toxicity, sexual content, criminal activity, and privacy violations. Each
instance includes a binary safety decision (i.e., safe vs. unsafe) derived from a jury-based
annotation process, which we use as a reference label.

Truthfulness. This task corresponds to factual validation components that check whether
generated outputs should be accepted, flagged, or routed for further review. To evaluate
decision components in the context of truthfulness assessment, we use the Truthful@QA
benchmark [24]?. The dataset contains 1,534 instances, of which 2 were excluded. The
dataset probes whether models produce truthful answers to questions that commonly elicit
false or misleading responses. We rely on the paired version of the dataset, which provides
both correct and incorrect answers for each question, enabling controlled instance-level
comparison. Answer correctness is treated as a binary decision problem (i.e., correct vs.
incorrect), using the dataset’s reference annotations as ground truth. Accordingly, the unit
of analysis in this task is a question—answer pair rather than the question alone, so each
candidate answer is evaluated as an independent instance.

Stereotyping. This task corresponds to bias-monitoring components that audit user-facing
generated text before publication or downstream use. To study stereotype detection, we
use the StereoSet dataset [26]3. The dataset contains 500 instances, of which 2 were
excluded. StereoSet targets stereotypical associations across domains such as race, gender,

! https://huggingface.co/datasets/nvidia/Aegis-AI-Content-Safety-Dataset-2.0

2 https://huggingface.co/datasets/domenicrosati/Truthful QA
3 https://huggingface.co/datasets/McGill-NLP/stereoset


https://huggingface.co/datasets/nvidia/Aegis-AI-Content-Safety-Dataset-2.0
https://huggingface.co/datasets/domenicrosati/TruthfulQA
https://huggingface.co/datasets/McGill-NLP/stereoset
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profession, and religion. Each instance consists of a contextual prompt paired with candidate
continuations. Following prior work, we frame the task as a binary decision problem, where
models must decide whether a given sentence expresses a stereotype. Human-provided
annotations serve as reference labels. We evaluate a subset of the flattened StereoSet
intrasentence validation data, selected before model evaluation. Because the flattened data
follows the benchmark’s three-continuation structure, this subset preserves an almost exact
balance across the original continuation categories (167/167/166).

5.1.3 Models

We evaluate a set of LLMs from three providers, covering proprietary and commercial
deployment scenarios.

Google Gemini models. We include variants from the Gemini 2.0 and 2.5 families, cov-
ering both standard and lightweight configurations (Flash and Flash Lite) using the API
identifiers gemini-2.0-flash-001, gemini-2.0-flash-1ite-001, gemini-2.5-flash, and
gemini-2.5-flash-1lite. These models enable analysis of intra-family scaling effects under
different performance-latency trade-offs.

OpenAl models. We evaluate multiple configurations of GPT-4.1 (nano, mini, and full) and
GPT-40 (mini and full), as well as GPT-3.5 as a legacy baseline using the API identifiers
gpt-4.1, gpt-4.1-mini, gpt-4.1-nano, gpt-4o, gpt-4o-mini, and gpt-3.5-turbo. This
set allows us to study scaling behavior within a provider and generational differences across
model families.

DeepSeek models. We include models from the DeepSeek V3 family, specifically v3.1 and
v3.2, using the API identifiers deepseek-ai/deepseek-v3.1-maas and deepseek-ai/deepseek-
v3.2-maas, to assess cross-provider variability under comparable configurations.

5.1.4 LLM-based decision component implementation

To perform the controlled comparison across providers, we implemented a binary decision
component for each considered LLM. Each LLM-based decision component will perform
the task for each semantic property with specific inputs and output label spaces. In safety
classification, the input unit is the model response, while the labels are either safe or unsafe.
In truthfulness assessment, the input unit is a question-answer pair, with each candidate
answer treated as a separate evaluable instance, and the labels are either correct or incorrect.
In stereotype detection, the input unit is an individual sentence, while the labels are either
yes or no. All components share the same system prompt for each task and were run through
the corresponding provider APIs with temperature T' = 0, a maximum of 5 completion
tokens, and default provider settings otherwise. The prediction artifacts used in the analysis
were generated on May 12, 2026 and store the raw response, normalized label, token counts,
latency, and error field for each instance, model, and task. Table 1 summarizes minimized
versions of the task-specific prompt templates used in the experiments; the full prompts are
included in the reproducibility package, as described in Section 10.

12:9

ESEM 2026



12:10

Assessing the Substitution of LLM-Based Decision Components

Table 1 Minimized task-specific prompt templates used to implement the three LLM-based
components, together with their input units and expected binary labels.

TASK INpUT UNIT EXPECTED LABELS PROMPT TEMPLATE

Safety response safe / unsafe Classify the following message as "safe" or "unsafe".
Message: {response}
Respond ONLY with one word.

Truthfulness question + answer correct / incorrect Evaluate whether the answer is "correct" or
"incorrect".
Question: {question}
Answer: {answer}
Respond ONLY with one word.

Stereotypes sentence yes / no Decide if the following text expresses a stereotype.
Text: {sentence}
Respond ONLY with one word

6 Results

6.1 RQ1. Within-provider substitutability

To address RQ1, we evaluated within-provider behavioral substitutability by analyzing
pairwise substitutability following the methodology previously described. Table 2 shows the
results for all model pairs, including agreement (), McNemar p-values with Holm correction
applied separately within each task/provider block (p), and the resulting substitution decisions
(&). A dash in the p-value column indicates that the pair did not pass the agreement filter,
so the McNemar stage was not applied. Next, we present the results for each provider.

6.1.1 OpenAl

Safety. Of the 15 OpenAl safety pairs, 10 pass the agreement filter and 8 remain substitut-
able after the McNemar stage. The two candidates rejected by McNemar are gpt-4.1-mini vs.
gpt-4.1-nano (k = 0.724, p < .001, b = 28, ¢ = 73, Iap = 0.446) and gpt-4.1 vs. gpt-4.1-mini
(k =0.706, p < .001, b =83, ¢ = 28, 45 = 0.495). Overall, OpenAI models show a mixed
safety profile, as most high-agreement pairs are valid substitutions, but some closely related
GPT-4.1 variants are rejected due to asymmetric correctness outcomes.

Truthfulness. The only OpenAl truthfulness candidates are gpt-4.1 vs. gpt-4o (k = 0.796)
and gpt-4.1 vs. gpt-4.1-mini (k = 0.750). However, both are rejected by the McNemar stage
(p < .001 in both cases), indicating asymmetric correctness outcomes (gpt-4.1 vs. gpt-4o:
b=118, c =31, Iap = 0.584; gpt-4.1 vs. gpt-4.1-mini: b =126, c = 64, [ 45 = 0.326) despite
their strong agreement and leaving no OpenAl within-provider substitution in truthfulness.

Stereotypes. In this setting, 4 out of 15 model pairs satisfy both stages of the methodology.
The strongest match is gpt-4.1 vs. gpt-4o (k = 0.824, p = .869), indicating strong behavioral
similarity without systematic asymmetries in their error distributions. The remaining valid
pairs are gpt-4.1 vs. gpt-4.1-mini (k = 0.763), gpt-4.1-mini vs. gpt-4o (k = 0.709), and gpt-4.1
vs. gpt-4o-mini (k = 0.709). Stereotype detection shows partial stability within OpenAl,
concentrated around selected GPT-4.1 and GPT-4o0 variants rather than extending uniformly.

6.1.2 Gemini

Safety. All pairs pass the agreement filtering stage, indicating a relatively cohesive behavioral
space in this task. Three remain substitutable after the McNemar stage: gemini-2.0-flash vs.
gemini-2.0-flash-lite (k = 0.823, p = .685), gemini-2.0-flash vs. gemini-2.5-flash (k = 0.780,



S. Cobos, R. Clarisd, and J. L. Canovas lzquierdo

Table 2 Pairwise substitutability results for the evaluated models across tasks. Reported p-values
correspond to McNemar tests with Holm correction applied separately within each task/provider
block. < indicates substitutability.

SAFETY TRUTHFULNESS  STEREOTYPES

PROVIDER MobpEL 1 MODEL 2 K p = K P & K p &

4.1 4.1-mini 0.706 < .001 X 0.750 < .001 X 0.763 .869 v

4.1 4.1-nano 0.744 1.000 v  0.286 - X 0576 - X

4.1 40 0.825 .353 v 0.796 < .001 X 0.824 869 V

4.1 4o-mini 0.788 1.000 v 0.587 - X 0.709 135 v

4.1 3.5-turbo 0.655 - X 0427 - X 0403 - X

4.1-mini 4.1-nano 0.724 < .001 X 0477 - X 0579 - X

4.1-mini 40 0.638 - X 0.699 - X 0.709 .725 vV

OpenAl 4.1-mini 4o-mini 0.673 - X 0432 - X 0690 - X
4.1-mini 3.5-turbo 0.507 - X 0.456 - X 0421 - X

4.1-nano 40 0.743 .075 v 0.497 - X 0537 - X

4.1-nano 4o-mini 0.801 1.000 v 0.553 - X 0653 - X

4.1-nano 3.5-turbo 0.656 - X 0.535 - X 039% - X

40 4o-mini 0.830 .353 v 0.615 - X 0.667 - X

4o 3.5-turbo 0.728 1.000 v 0414 - X 0337 - X

4o0-mini 3.5-turbo 0.724 1.000 v 0.493 - X 0352 - X

2.0-flash 2.0-flash-lite 0.823 .685 v 0.703 .002 X 0.641 - X

2.0-flash 2.5-flash 0.780 .259 v  0.674 - X 0463 - X

Gemini 2.0-flash . 2.5-flash-lite  0.759 .038 X  0.686 - X 0624 - X
2.0-flash-lite  2.5-flash 0.759 .043 X 0.607 - X 047 - X

2.0-flash-lite  2.5-flash-lite  0.764 .002 X  0.697 - X 0579 - X

2.5-flash 2.5-flash-lite  0.740 .685 v 0.634 - X 049 - X

DeepSeek v3.1 v3.2 0.809 <.001 X 0.804 .645 v 0.704 .126 v

p = .259), and gemini-2.5-flash vs. gemini-2.5-flash-lite (k = 0.740, p = .685). The
remaining three candidates are rejected, and the McNemar test reveals statistically significant
asymmetries in the error distributions (I4p = 0.284, 0.271, and 0.383, respectively). Thus,
Gemini safety models are broadly aligned, but substitutability remains version-specific.

Truthfulness. Gemini produces a single truthfulness candidate, gemini-2.0-flash vs. gemini-
2.0-flash-lite (k = 0.703), which is rejected by McNemar (p = .002, b = 139, ¢ = 86,
I4p =0.236). No Gemini replacement is considered substitutable in truthfulness under the
full criterion of the proposed methodology.

Stereotypes. No Gemini pair passes the agreement filtering stage in stereotype detection;
the maximum value is k = 0.641 for gemini-2.0-flash vs. gemini-2.0-flash-lite.

6.1.3 DeepSeek

Safety. The only pair (i.e., v3.1 vs. v3.2) is strongly aligned in safety (x = 0.809), but the
McNemar test reveals a statistically significant asymmetry in the error distribution (b = 15,
¢ = 54, Inp = 0.565), thus this pair is not considered substitutable. This is the clearest
DeepSeek case where high agreement masks an asymmetric substitution risk.

Truthfulness. In truthfulness, the same model pair shows similar alignment (k = 0.804).
Unlike in safety, McNemar does not detect significant asymmetry (p = .645, b = 56, ¢ = 62,
I4p = 0.051), so the pair satisfies both stages and is considered substitutable.
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Stereotypes. The DeepSeek pair just clears the agreement filter in stereotypes (k = 0.704).
McNemar does not reveal significant asymmetry (p = .126), indicating balanced correctness
outcomes. The pair is considered substitutable under this task. DeepSeek thus shows a
task-specific pattern: substitutable in truthfulness and stereotypes, but not in safety.

RQ1 answer: Within-provider substitution is only partially supported. Safety yields the
largest number of valid substitutions, especially within OpenAlI and Gemini, although
several high-agreement pairs are rejected due to asymmetric errors. Truthfulness is more
selective, as the OpenAl and Gemini candidates are rejected by asymmetry testing,
leaving the DeepSeek pair as substitutable. Stereotype detection presents an intermediate
pattern, with valid substitutions concentrated in selected OpenAl and DeepSeek pairs.
Provider membership or model family alone does not guarantee behavioral preservation;
substitutability must be assessed for each model pair and task.

6.2 RQ2. Cross-provider substitutability

To address RQ2, we extend the substitutability analysis to model pairs across providers. In
the following, we discuss the results separately for each considered task.

6.2.1 Safety

The safety task reveals a relevant set of cross-provider substitutions, summarized in Table 3.
For the sake of clarity, we only report the final results of the two-stage methodology (i.e.,
v and X for substitutable and non-substitutable pairs, respectively), but the full report is
available in the reproducibility package (cf. Section 10). As can be seen, several pairs satisfy
both substitutability criteria, indicating that cross-provider replacement is possible.

The Gemini—-OpenAl comparison contains the broadest set of valid cross-provider sub-
stitution pairs. Several Gemini variants are substitutable with gpt-4o, gpt-4o-mini, gpt-4.1,
and gpt-4.1-nano, suggesting that independently developed models can converge toward
compatible decision behavior under the same safety task.

The DeepSeek—OpenAl comparison presents a more selective pattern, in which only a small
subset of pairs is substitutable. This indicates that behavioral equivalence between OpenAl
and DeepSeek is partially possible. A similar distribution appears for DeepSeek—Gemini, spe-
cifically: no Gemini model is substitutable with deepseek-v3.1, whereas three Gemini variants
are substitutable with deepseek-v3.2. These results show that cross-provider substitutability
is shaped not only by provider identity, but also by the specific model variant involved.

6.2.2 Truthfulness

Truthfulness yields a selective set of cross-provider substitutions. Among the three Gemini-
OpenAl candidates (i.e., they pass the agreement filter before the McNemar stage), only
two of them pass the McNemar stage, specifically: gpt-4.1 vs. gemini-2.5-flash (k = 0.733,
p = 1.000) and gpt-4.1-mini vs. gemini-2.0-flash (k = 0.722, p = .065). DeepSeek—OpenAl
and DeepSeek—Gemini do not produce any candidate pairs, with maximum x values below
the threshold at k = 0.660 and k = 0.560, respectively. Compared with safety, truthfulness
is more restrictive for cross-provider replacement.
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Table 3 Cross-provider substitutability for the Safety task. Substitution decisions are based on
McNemar tests with Holm correction applied separately within each provider-pair block.

OpenAl Gemini
o g
g & g g 0
B B o 5 5 g
o & = = = om H = o
S ¥ ¥ Y Y 2 € 2 B &
+~ + + +— - + E E Yo Yo
PROVIDER  MODEL S %5 5 85 %5 5 B D oo oo~
Flash v v v X /X - - =
Gemini Flash Lite v v v X v v - - -
emint 2.5 Flash X v v X v X - - - -
2.5 Flash Lite X v v Vv V X - -
DeenSeek v3.1 X X X v X X X X x X
p v3.2 X v v X v X v X v V

6.2.3 Stereotypes

Stereotype detection produces no cross-provider candidates. Only one pair involving Gemini—
OpenAl reaches the agreement threshold, gemini-2.0-flash vs. gpt-4o-mini (k = 0.655), but
it is rejected by the McNemar stage. All pairs for DeepSeek—Gemini and DeepSeek—Gemini
are below the agreement threshold, with maximum k values of x = 0.542 and k = 0.567,
respectively.

RQ2 answer: Cross-provider substitution is feasible in task- and pair-specific settings.
In the safety task, several cross-provider pairs satisfy both substitutability conditions,
particularly between OpenAl and Gemini models. In truthfulness, only two OpenAl-
Gemini pairs satisfy both criteria, whereas OpenAl-DeepSeek and Gemini—DeepSeek
produce no substitutable pairs. Stereotype detection yields no cross-provider substitution.
These results show that cross-provider substitutability is possible but highly dependent
on the task and the specific model pair.

6.3 RQ3. Sensitivity of the substitution space

To address RQ3, we examine how the admissible substitution space changes under reasonable
variations of 7 and «. Increasing 7 predictably contracts the candidate space, so the relevant
question is not whether counts change, but whether this contraction is uniform across tasks
and substitution settings. We also examine « to assess how much of the final substitution
space depends on the McNemar filtering stage once candidate pairs have already passed
the agreement filter. Figure 3 provides a compact view of how agreement and correctness
asymmetry are distributed around the threshold values considered in this sensitivity analysis.

6.3.1 Agreement Threshold (7)

Table 4 summarizes the results of varying 7 from 0.65 to 0.80, with a = 0.05, for both within-
provider and cross-provider substitution settings. Next we discuss the results for each setting.

Within-provider. Results show that increasing 7 contracts the candidate and substitutable
spaces monotonically, but not uniformly across tasks. Because the p-values are fixed within
each provider or provider-pair block, varying 7 only changes which pairs survive the agreement
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Figure 3 Agreement—asymmetry space for within-provider and cross-provider model pairs. Dashed
lines indicate the agreement thresholds considered in the sensitivity analysis; the line at 7 = 0.70
marks the base configuration used in RQ1 and RQ2. Grayscale tone and marker shape denote task
and decision state, respectively.

filter; it does not recompute the asymmetry correction itself. Safety remains the most
permissive setting; truthfulness narrows faster, and stereotype detection contracts sharply at
stricter thresholds. At the same time, the asymmetry test remains consequential for some
high-agreement pairs. For example, looking into the results, deepseek-v3.1 and deepseek-v3.2
reach k = 0.809 in safety but are still rejected by McNemar’s test (p < .001).

Cross-provider. The same qualitative pattern appears across heterogeneous replacements,
but more sharply. Safety still retains many admissible candidates under stricter thresholds.
At 7 = 0.70, truthfulness contracts to two substitutable pairs and stereotype detection has
no surviving cross-provider pairs; from 7 = 0.75 onward, truthfulness also has none.

6.3.2 Significance Level (a)

Table 5 summarizes the results the analysis for varying a. Fixing 7 = 0.70 and varying
a from 0.01 to 0.10 leaves the candidate space unchanged and only affects the McNemar
filtering stage. As expected, larger o values can only maintain or increase the number of
rejections, but the resulting changes remain modest at the level of the overall interpretation.
Safety remains the most permissive task, with truthfulness and stereotype detection more
restrictive, especially across providers. The most visible effect appears in cross-provider
safety and, at o = 0.10, in the loss of one of the two surviving truthfulness substitutions, but
the broader task ordering is preserved.

RQ3 answer: Operational parameter choices affect the size of the admissible substitution
space, but not uniformly across tasks or substitution settings. Increasing 7 directly
contracts the candidate space, with safety retaining substantially more admissible
substitutions than truthfulness and stereotype detection, especially across providers.
Changing « has a smaller effect because it only acts after the agreement filter. Thus,
the exact counts are parameter-sensitive, but the task-level structure observed in RQ1
and RQ2 is not an artifact of the base parameter setting.
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Table 4 Sensitivity of substitutability counts to the agreement threshold 7 with a = 0.05.

SETTING TASK 7  CANDIDATES REJECTED SUBSTITUTABLE
Safety 0.65 20 7 13
0.70 17 6 11
0.75 10 4 6
0.80 5 1 4
Truthfulness 0.65 8 4 4
- . 0.70 4 3 1
Within-provider 0.75 9 1 1
0.80 1 0 1
Stereotypes  0.65 8 1 7
0.70 5 0 5
0.75 2 0 2
0.80 1 0 1
Safety 0.65 39 14 25
0.70 31 8 23
0.75 17 1 16
0.80 4 0 4
Truthfulness 0.65 11 7 4
Cross-provider 0.70 3 1 2
p 0.75 0 0 0
0.80 0 0 0
Stereotypes  0.65 1 0 1
0.70 0 0 0
0.75 0 0 0
0.80 0 0 0

7 Discussion

Apart from the evidence presented in the previous section, we believe the results trigger
additional insights about the proposed methodology that we discuss in the following.

Aggregate performance does not determine substitutability. Models with similar accuracy
or F1 can still lead to different substitutability outcomes because aggregate metrics do not
capture whether the same instances are accepted, rejected, flagged, or routed in the same
way. Although this does not make aggregate metrics insufficient for every replacement
decision, our methodology targets the stricter case of behavior-preserving substitution, where
preserving instance-level decisions is part of the operational requirement. Conversely, a
candidate model does not need to be superior to be operationally substitutable if it preserves
instance-level decisions and does not introduce systematic correctness shifts. The aggregate
metrics reported in the replicability package complement this point.

High agreement alone does not imply safe substitution. Cohen’s x captures whether two
components tend to produce the same decisions on the same instances, whereas McNemar’s
test evaluates whether the remaining correctness differences are asymmetric. The DeepSeek
safety pair illustrates this point: despite high agreement (x = 0.809), the pair is rejected
because the remaining correctness differences are asymmetric. This means that two models
may often agree and still differ in a way that systematically changes which instances are
correctly or incorrectly handled.

Semantic properties are key. Our results show that substitutability depends strongly on the
semantic property being monitored. Safety classification exhibits the broadest substitution
space, including several cross provider replacements. One possible interpretation is that safety
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Table 5 Sensitivity of substitutability outcomes to the McNemar significance level at 7 = 0.70.

SETTING TASK « CANDIDATES REJECTED SUBSTITUTABLE
Safety 0.01 17 4 13
0.05 17 6 11
0.10 17 7 10
Truthfulness 0.01 4 3 1
Within-provider 0.05 4 3 1
0.10 4 3 1
Stereotypes  0.01 5 0 5
0.05 5 0 5
0.10 5 0 5
Safety 0.01 31 7 24
0.05 31 8 23
0.10 31 10 21
Truthfulness 0.01 3 1 2
Cross-provider 0.05 3 1 2
0.10 3 2 1
Stereotypes  0.01 0 0 0
0.05 0 0 0
0.10 0 0 0

decisions are increasingly influenced by shared moderation practices, alignment conventions,
and policy-driven training procedures. By contrast, truthfulness, and stereotype detection
appear more restrictive, suggesting that these properties involve finer interpretive boundaries
where providers may diverge more substantially. This task specific pattern reinforces the
broader result that substitutability cannot be inferred from model identity, provider, family,
or performance tier alone.

Beyond substitutability: Operational Benefits. The substitution of LLM-based decision
components may provide relevant operational benefits, including cost savings, latency reduc-
tions, or easier adaptation to infrastructure constraints. These benefits should be considered
only after behavioral substitutability has been identified. This reflects a behavior-preserving
notion of substitution, not a directional replacement decision in which a systematically dif-
ferent or better model may be acceptable. For example, replacing gpt-4.1 with gpt-4.1-nano
in safety preserves decision behavior while reducing average cost by about 20.0x and latency
by 23.5%. In stereotype detection, replacing gpt-4.1 with gpt-4o-mini is also behaviorally
admissible and reduces average cost by about 13.3x and latency by 18.0%*. These cases show
that behavioral preservation and operational optimization can be compatible. Nevertheless,
cost or latency improvements should not be used to justify replacement when the behavioral
criteria are not satisfied and behavior preservation is required.

Thresholds as component-dependent policies. The agreement threshold should be inter-
preted as a component-dependent policy rather than as a universal constant. In practice,
selecting 7 means deciding how much divergence the component’s surroundings can tolerate
without unacceptable changes. A component that blocks, escalates, or rejects inputs may
require a stricter threshold, whereas a component used for monitoring, prioritization, or
nonblocking review may tolerate a lower threshold.

4 Latency values are derived from the original task-specific inference logs. Cost estimates combine recorded
prompt and completion token counts with the provider pricing table used in the experimental notebooks.
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Substitution by force. Although the proposed methodology supports informed decisions
about model replacement, we acknowledge that replacement is not always an open choice.
Teams may be forced to migrate because of provider updates, model deprecations, procurement
constraints, or infrastructure requirements. In these cases, the methodology can be used to
characterize the behavioral risk of an imposed substitution before deployment. By assessing
Cohen’s x and McNemar’s test, teams can estimate whether (and how much) the new model
maintains the existing decision behavior or introduces shifts in correctness outcomes.

8 Threats to Validity

Construct validity. Our methodology treats substitutability as a binary decision-level
property. This scope does not capture all possible differences between models, such as
differences in explanations, confidence, latency, token consumption, or cost, among others. We
mitigate this threat by keeping the operationalization fixed across models: each task uses the
same input units, prompts, label mappings, and output normalization. Other dimensions, such
as latency, token consumption, and inference cost are treated as complementary deployment
variables after behavioral substitutability has been identified.

Internal validity. As in any benchmark-based study, public dataset exposure is most relevant
to absolute performance estimates. Our analysis instead emphasizes pairwise behavioral
relations under shared benchmark conditions. To reduce variation unrelated to model
behavior, all models are evaluated on the same instances with the same task prompts,

deterministic inference settings, fixed output spaces, and the same normalization procedure.

Excluded outputs were rare and reflected isolated API or inference issues rather than
systematic refusal behavior. Because commercial API models can change over time, the
results characterize the evaluated model variants under fixed inference conditions.

Conclusion validity. Substitutability decisions depend on the chosen agreement threshold
and significance level. We address this threat by defining 7 and « before the empirical
analysis and using the Holm correction for the pairwise McNemar tests. Furthermore, we
conducted a sensitivity analysis for 7 and « to assess its impact on the decision.

External validity. The study intentionally focuses on the dataset-task configurations and
on three commercial providers described in Section 5, and therefore our results should not
be directly generalized to other models without proper validation. The reported values
characterize this controlled evaluation setting; broader validation across tasks, prompts, label
spaces, self-hosted models, and deployment settings remains future work. As our evaluation
is offline and benchmark-based, the reported substitutability decisions should be re-assessed
when deployment data or model behavior changes over time.

9 Conclusion

This paper has presented a methodology for assessing the operational substitutability of
LLM-based decision components in software systems. The key premise is that replacing
such a component is not equivalent to swapping a model endpoint. Instead, the replacement
should preserve the decisions that the surrounding pipeline relies on. Our methodology
checks this requirement through two complementary conditions: sufficient instance-level
behavioral agreement and no statistically significant asymmetry in correctness outcomes. We
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have evaluated our proposal by analyzing three semantic properties (i.e., safety, truthfulness,
and stereotype detection) across multiple models from three providers. The results revealed
that substitutability is selective, task-dependent, and model-pair specific. Furthermore,
a sensitivity analysis demonstrated that stricter parameter configurations contract the
admissible substitution space but preserve the main task ordering.

We believe these findings have a practical implication for LLM-based software engineering.
Model replacement should be treated as a validation problem tied to a concrete task, prompt,
dataset, and operating configuration. Although cost, latency, and availability can make a
replacement attractive, they should be considered only after behavioral substitutability has
been assessed. In this sense, substitutability analysis provides a way to reason about model
upgrades, provider changes, and lightweight replacements without assuming that similar
aggregate performance implies preserved system behavior. It also supports risk assessment
when replacement choices are imposed by criteria unrelated to the model’s responses, such
as the need to reduce inference costs.

As future work, we plan to study substitutability in live software pipelines, where decision
components interact with retrieval modules, user interfaces, and human review processes. We
will also explore how to extend the methodology beyond binary decisions (e.g., multi-class,
ordinal, ranking-based, or free-form outputs), where agreement and correctness asymmetry
may require richer definitions. This exploration will include the evaluation of self-hosted
and open-weight models, as well as alternative prompt configurations of the same model,
treating each model-prompt configuration as a distinct decision component. Additionally,
broader sensitivity analyses will examine how thresholds such as 7 and a can be calibrated to
deployment risk, including settings where false positives and false negatives have asymmetric
costs. Finally, we plan to combine behavioral substitutability with operational objectives
(e.g., latency, token consumption, cost, or provider availability), enabling replacement de-
cisions that are both behaviorally justified and practically useful. This should also clarify
when instance-level substitutability provides practical value beyond aggregate performance
comparison alone, and when comparable average performance is sufficient for stakeholders.

10 Data Availability Statement

The replication package® contains the task instances used in the paper, the exact prompts
used for inference, the normalized classified outputs for all evaluated models, and the scripts
required to rerun inference and reproduce the results for RQ1, RQ2, and RQ3. The package
follows the same task organization and naming conventions used in the paper.
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