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Abstract

Using generative Al in education requires content reliability of the generated answers when the same question or its slightly
changed version is asked again. Therefore, assessing the content reliability of the generated answers is an important issue. This
requires appropriate contentual reliability metrics. In this paper we propose two new contentual reliability metrics for evaluating
LLMs: content consistency and contentual robustness. They enable us to assess content reliability related performance, which
cannot be evaluated by regular metrics like accuracy and faithfulness, but necessary due to the intrinsic random nature of
generative Al. We demonstrate the usage of these content reliability metrics in assessing the contentual performance of two
LLMs: one without and the other with reasoning model. The experiments run under identical software and hardware settings, and
the source of information is restricted to a single PDF that serves as ground truth. The experiments are performed on two locally
executed models, which ensures reproducibility of the experiments. The experiments use two question types: "easy questions"
and "complicated questions" requiring multi-step reasoning. The results show that the MS phi-4-reasoning-plus model produces
answers to complex questions not only with higher accuracy, but also with improved content consistency and contentual
robustness. The mean accuracy changes from 0.36 to 0.84 when MS phi-4-reasoning-plus model is used instead of the MS phi-4
model, which corresponds to 133% improvement. Interestingly the experimental results do not show any difference in standard
deviation of accuracy among the two models. The mean content consistency and mean contentual robustness changes from 0.55
to 0.92 and from 0.74 to 0.93 when the MS phi-4-reasoning-plus model is used instead of the MS phi-4 model, corresponding to
67% and 26 % improvements, respectively. The standard deviation of both content reliability metrics drops significantly when
the MS phi-4 model is replaced by the reasoning model. Evaluating the effect of incorporating a reasoning model into an LLM to
the contentual performance gives an insight into the operational reliability of the LLMs on contentual level. These results
justified the hypothesis that not only the accuracy but also the operational reliability of the LLMs on contentual level has been
significantly improved due to incorporating the reasoning model. The experiment design, the results and their evaluation
demonstrated successfully the usage of the newly proposed content reliability metrics for assessing and comparing the contentual
performance of LLMs.
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1. Introduction

The paper "Attention Is All You Need " [1] presenting the
Transformer architecture was a milestone on the way of
developing generative Artificial Intelligences (Als) imitating
human-like textual answering capability and ultimately

reaching the breakthrough with the release of ChatGPT ([2, 3])

in 2022. From that time many applications scenario and tools
based on generative Al have been realized and using genera-
tive Al has become a part of the nowadays life. Introducing
the use of reasoning model in generative Al caused the next
breakthrough due to enhancing the capabilities of generative
Al by logical reasoning.

The intrinsic nature of generative Al implies, especially
due to the probabilistic frameworks on which it relies, and the
random mechanisms applied in it, that the content of the
generated answer is not necessarily the same when the same
question or its slightly changed version is asked again.
However, using generative Al in education requires content
reliability of the generated answers. Therefore, assessing the
content reliability of the generated answers becomes an im-
portant issue.

However, the regular metrics for assessing the performance
of a Large Language Model (LLM), like e.g. accuracy and
faithfulness ([4-7]), do not address the contentual reliability of
the generated answer. To the best of our knowledge there are
no formally defined metrics available for evaluating content
reliability. It makes it necessary to introduce metrics ad-
dressing the content reliability of the generated answers.

In this paper two content reliability metrics are proposed.
Content consistency measures roughly speaking the con-
sistency of the content of the answers for repeating the same
questions several times. Contentual robustness measures the
ratio of the correctly retained content-related parts in the
answers for the light changed, but contentually the same
version of a question.

We demonstrate the usage of these content reliability met-
rics in assessing the contentual performance of two LLMS:
one without and the other with reasoning model. The exper-
iments run under identical software and hardware settings,
and the source of information is restricted to a single docu-
ment in Portable Document Format (PDF) that serves as
ground truth. The experiments are performed on two locally
executed models, which ensures the reproducibility of the
experiments.

The experiments use two question types to reflect different
cognitive demands. The first set comprises 5 "easy questions”
that can be answered by locating information directly in the
PDF. The second set comprises 5 "complex questions” that
require multi step reasoning.

One regular metric and the two newly introduced content
reliability metrics are used to judge and evaluate the effect of

Fai

incorporating a reasoning model into an LLM to the conten-
tual performance of the answers. This gives an insight into the
operational reliability of the LLMSs on contentual level.

The contributions of the work are

1. proposing two content reliability metrics,

2. demonstrating the usage of the new metrics by com-
paring the contentual performance of two selected
LLMs by reproducible experiments using locally exe-
cuted models and

. evaluating the effect of incorporating a reasoning model
into an LLM to the contentual performance of the an-
Swers.

The rest of this paper is organized as follows. In section 2
we introduce the new contentual performance metrics for
LLM and define them formally. The experiment design in-
cluding both the description of the environment and the
composition of the test questions are discussed in section 3. In
section 4 the experimental workflow and the architecture are
provided. The test results and their evaluation are presented in
section 5. Final remarks close the paper in section 6.

2. Contentual Performance Metrics for
LLM

In this section we give a brief description of several regular
contentual metrics for LLM and introduce the new contentual
performance metrics by explaining their meaning and defin-
ing them formally.

2.1. Regular Contentual Metrics

We consider two regular contentual metrics from infor-
mation retrieval point of view: Accuracy (Acc) and Faith-
fulness (Fai).

Accuracy gives the proportion of questions correctly an-
swered by LLM to the total number of asked questions. In
other words

1 N
Acc = N Z i=1 I{answer to i—th question is right}

where N is the number of questions asked to LLM.

Faithfulness [8] is an evaluation metric for LLMs with
provided information source determining the contentual
context, like e.g. in case of restricting the information source
to a given file or for Retrieval-Augmented Generation (RAG)
system ([9, 10]). Faithfulness is the proportion of the number
of claims in the answer of LLM being consistent to the context
provided to the LLM as information source, among total
number of claims in the answer. In other words:

_the number of claims in the answer consistent to the provided context

total number of claims in the answer

163


http://www.sciencepg.com/journal/si

Science Innovation

http://www.sciencepg.com/journal/si

2.2. New Contentual Reliability Metrics

We introduce two new contentual reliability metrics: con-
tent consistency (CoC) and contentual robustness (CoR). In
contrast to the regular contentual metrics assessing the LLMs
from information retrieval point of view, these new metrics
evaluate the reliability of the content by focusing on the
answering behavior of the LLM.

Content consistency is the average proportion of the correct
content-related parts in the answers by repeatedly asking the
same question to LLM. Formally content consistency is
defined as

1

ZN
N

CoC

ki
3
where
1) K is the number of content-related parts in the right
answer,
2) k; is the number of right content-related parts in the i-th
answer, i=1,...,K and
3) N is the number of asking the same question.
Contentual robustness is the average proportion of the
correct content-related parts in the answers to light changed
version of a question to LLM with the same content. Formally
content consistency is defined as

NV
CoR= L Y

NV L K

where NV is the number of lightly changed versions of the
base question with the same content.

3. Experiment Design

In this section we describe the environment for controlled
document-grounded assessment of two LLMs, the require-
ments again the test questions and the evaluation metrics used.

3.1. Environment for a Controlled,
Document-grounded Assessment of Two
LLMs

The experimental environment consists of two locally ex-
ecuted reasoning models, microsoft/phi-4 (MS phi-4) [11] and
microsoft/phi-4-reasoning-plus (MS phi-4-reasoning-plus)
[12-14], evaluated under identical software and hardware
settings. The information source of the answers is restricted to
a single PDF that serves as ground truth ([15]). Model lineage
is made explicit for transparency and replication: MS phi-4
(Basic LLM = phi 14B) and MS phi-4-reasoning-plus (Basic
LLM = phi 14.7B). The models were tested under the envi-
ronment of LM Studio 0.3.30. All these together ensure the
reproducibility of the experiments, i.e. to provide repro-
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duceable results.

3.2. Requirements Against the Test Questions

The evaluation uses two question types to reflect different
cognitive demands. The first set comprises 5 "easy questions”
that can be answered by locating information directly in the
PDF. The second set comprises 5 "complex questions" that
require multi step reasoning because of processing demand.

The question should be constructed in that way that the
right answer to them should have at least 3 good distin-
guishable content-related parts. This ensures a necessary level
of contentual granulation which is needed to get the results on
contentual reliability metrics being enough meaningful due to
their formal definition.

Both the number of asking the same question and the
number of lightly changed versions of the base question
should be 5.

3.3. Test Questions

The test questions used for the experiments are constructed
according to the above requirements. The test questions and
their distinguishable content-related parts are summarized in
Appendix.

3.4. Evaluation Metrics

The answers for the test questions are evaluated in terms of
one of the above-mentioned regular contentual metrics and
the newly introduced contentual reliability metrics. Thus, the
used metrics are given as

- accuracy,

- content consistency and

- contentual robustness.

Note, that faithfulness was not used as evaluation metric for
the considered experiments.

4. Experimental Workflow and
Architecture

This section is devoted to the details of the experimental
workflow and the architectural overview of the experiments.

4.1. Objective and Design Rationale

The experimental workflow operationalizes a controlled,
document-grounded comparison of two locally executed
models, one non-reasoning model MS phi-4 and one reason-
ing model MS phi-4-reasoning-plus, under a single execution
boundary. The goal is to assess contentual performance while
document fidelity is kept and environmental variance is
minimized. To this end, all inference is performed on the same
workstation within LM Studio 0.3.30, and all prompts are
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answered without external retrieval. A single PDF, designated
as Truth, provides the only authoritative reference for scoring.
The design follows a paired, within-item paradigm so that
each question functions as its own control across models.

4.2. Architectural Overview

4.2.1. Executional Constraints

LM Studio 0.3.30 encapsulates both models with preset
standard runtime constraints (token limits, decoding parame-
ters, seeds). Network access is disabled to enforce a
closed-world setting. Caching across models is prevented to
avoid cross-contamination.

4.2.1. Architecture

The architectural overview of the experiments is shown in
Figure 1.
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Figure 1. Architectural overview of the experiments.

The experiment is executed entirely within LM Studio
0.3.30, which serves as a single, controlled execution bound-
ary for both models. Inside this sandbox, a docu-
ment-grounded constraint is imposed: a single PDF (“Truth”)
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is the unique reference against which answers are judged.
Network access is disabled, and decoding parameters (seed,
temperature, top-p, max tokens) are held fixed to ensure
run-to-run comparability.

Two parallel streams of prompts enter the sandbox: a set of
five “easy” questions that require direct lookup in the PDF
and a set of five “complex” questions that require composition
(e.g., combining table entries or applying study-defined
transformations). Each question is decomposed into three
content parts (a—c) and is posed to both models, MS Phi-4
(non-reasoning) and MS Phi-4-reasoning-plus, in a paired
design so that each item acts as its own control across models.

For each stream, both models run under identical runtime
constraints. Their raw responses are captured alongside
minimal metadata (prompt, seed, timestamp) to enable exact
replication. Because the PDF is the only allowed knowledge
source, every claim in an answer must be traceable to a spe-
cific passage or table cell in that document.

5. Results and Evaluation

In this section the results of the experiments are provided.
The results for MS phi-4 and MS phi-4-reasoning-plus models
are compared and evaluated individually in terms of accuracy,
content consistency and contentual robustness.

5.1. Accuracy

For the easy questions (SQ1.-SQ5.), accuracy was perfect,
i.e. 100%, both with MS phi-4 and MS phi-4-reasoning-plus
models. Hence all content parts were correct in all the five
repetitions.

For the complex questions (CQ1.—CQ5.) the accuracy be-
came lower and shows strong model dependent values.

For the MS phi-4 model the accuracy decreased stronger. A
per-question view shows the accuracy of the individual ques-
tions as CQ1. = 2/5 (40.0%), CQ2. = 2/5 (40.0%), CQ3. = 1/5
(20.0%), CQ4. = 1/5 (20%), being the most difficult item, and
CQ5. = 3/5 (60%), which was the most tractable among the
complex questions.

For the MS phi-4-reasoning-plus model the accuracy re-
mained relatively high for the complex questions. A
per-question breakdown confirms in general strong perfor-
mance within the complex set: CQL1. = 4/5 (80.0%), CQ2. =
5/5 (100%), CQ3. = 3/5 (60.0%), CQ4. = 4/5 (80.0%), and
CQ5. = 5/5 (100%).

Figure 2. shows the comparison of the accuracy values for
the individual questions among the MS phi-4 and MS
phi-4-reasoning-plus models.
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Figure 2. Comparison of Acc for complex questions.

Table 1 summarizes the accuracy values for the individual
questions together with their mean and standard deviation (SD)
both for the MS phi-4 and MS phi-4-reasoning-plus models.

Table 1. Acc for complex questions.

Acc
MS phi-4 MS phi-4-reasoning-plus
CQs/LLM model
CQL. 0.4 0.8
CQ2. 0.4 1
CQs. 0.2 0.6
CQ4. 0.2 0.8
CQ5. 0.6 1
Mean 0.36 0.84
SD 0.15 0.15

It can be seen in Table 1 that the performance of the rea-
soning model is much better for each of the individual CQs.
The results show that the mean accuracy changes from 0.36 to
0.84 when MS phi-4-reasoning-plus model is used instead of
the MS phi-4 model. This corresponds to 133% improvement
in mean accuracy. However, the standard deviation of the
accuracy does not show any difference among the two mod-
els.

5.2. Content Consistency

Both MS phi-4 and MS phi-4-reasoning-plus models show
perfect content consistency for the simple questions, since all
the three content-related parts have arisen in the answers of all
the five repetition of SQ1. — SQ5.

However, the content consistency shows degradation for
complex questions in both models. The corresponding values
for the individual complex questions are compared for the
models in Figure 3.
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Figure 3. Comparison of CoC for complex questions.
Additionally, the content consistency values for the indi-
vidual questions together with their mean and standard devi-

ation both for the MS phi-4 and MS phi-4-reasoning-plus
models are summarized in Table 2.

Table 2. CoC for complex questions.

CoC
MS phi-4 MS phi-4-reasoning-plus
CQs/LLM model
CQ1. 0.53 0.93
CQ2. 0.67 1
CQs. 0.47 0.87
CQ4. 0.27 0.8
CQ5. 0.8 1
Mean 0.55 0.92
SD 0.18 0.08

It can be seen in Table 2 that the performance of the rea-
soning model is much better for each of the individual CQs.

The results show that the mean content consistency changes
from 0.55 to 0.92 when the MS phi-4-reasoning-plus model is
used instead of the MS phi-4 model. This corresponds to 67%
improvement. Additionally, the standard deviation of the
content consistency drops from 0.18 to 0.08.

5.3. Contentual Robustness

Contentual robustness has been evaluated for a set of se-
lected questions: SQ2., CQ1., CQ2., CQ4. and CQ5. The
comparison of the corresponding values for these questions is
shown for both models in Figure 4.
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Figure 4. Comparison of CoR for selected questions.

Table 3 summarizes the contentual robustness values to-
gether with their mean and standard deviation both for the MS
phi-4 and MS phi-4-reasoning-plus models.

Table 3. CoR for selected questions.

CoR
MS phi-4 MS - phi-4-reasoning-plus
CQs/LLM model
SQ2. 1 1
CQL1. 0.4 0.93
CQ2. 0.62 1
CQ4. 0.76 0.71
CQ5. 0.91 1
Mean 0.74 0.93
SD 0.21 0.11

It can be seen in Table 3 that the performance of the rea-
soning model is better for each of the selected questions,
except for CQ4.

The results show that the mean contentual robustness
changes from 0.74 to 0.93 when the MS phi-4 model is re-
placed by the MS phi-4-reasoning-plus model. This corre-
sponds to 26% improvement. Additionally, the standard
deviation of contentual robustness with the reasoning model is
approximately only half of that with the MS phi-4 model.

6. Summary

In this work we introduced two new content reliability
metrics (content consistency and contentual robustness) by
giving their meaning and also defining them formally.

Their usage for comparing the contentual performance of
two selected LLMs were demonstrated. Locally executed
models were applied in the experiments to ensure their re-
producibility.
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The experiments show that the MS phi-4-reasoning-plus
model produces answers for complex questions with higher
accuracy, achieving a mean accuracy of 0.84 on the investi-
gated complex question set. The mean accuracy changes from
0.36 to 0.84 when MS phi-4-reasoning-plus model is used
instead of the MS phi-4 model, which corresponds to 133%
improvement. Interestingly the experiments do not show any
difference in standard deviation of accuracy among the two
models. However, this standard deviation of accuracy with the
value 0.15 is small compared to the above mean accuracy.

Furthermore, both the newly proposed content reliability
metrics show improvement in case of using the reasoning
model, achieving a mean content consistency of 0.92 and
mean contentual robustness of 0.93. The mean content con-
sistency changes from 0.55 to 0.92 when the MS
phi-4-reasoning-plus model is used instead of the MS phi-4
model, which corresponds to 67% improvement. The mean
contentual robustness changes from 0.74 to 0.93 when the MS
phi-4 model is replaced by the MS phi-4-reasoning-plus
model, which means a 26% improvement. Moreover, the
standard deviation of both content reliability metrics drops
significantly when the MS phi-4 model is replaced by the
reasoning model.

These results justified the hypothesis that not only the ac-
curacy but also the operational reliability of the LLMs on
contentual level has been significantly improved due to in-
corporating the reasoning model.

The experiment design, the results and their evaluation
demonstrated successfully the usage of the newly proposed
content reliability metrics for assessing and comparing the
contentual performance of LLMs.

Potential future research work includes

- comparison of two LLMs both having reasoning models
incorporated and

- constructing test questions with requirements for another
tests.
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PDF Portable Document Format
RAG Retrieval-Augmented Generation
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CoC Content Consistency
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SQx Easy Question x, x=1,...,5
CQx Complex Question x, x=1,...,5
SD Standard Deviation
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Appendix: Test Questions

Appendix I: Simple Questions SQ1. - SQ5.

SQ1. Model fit (day level three-factor CFA) — report (a) x=
and df, (b) CFl and TLI, (c) RMSEA. Please give a short and
precise answer. Choose the wording and sentences as near to
the document as p2.1.1. Sample Heading possible. Please
answer in the same (letter) structure.

SQ2. Alternative models (direct comparison) — state (a)
best two-factor model fit indices (32, CFI, TLI, RMSEA), (b)
Ay? vs. three-factor with df and p, (c) one-factor model y? and
RMSEA. Please give a short and precise answer. Choose the
wording and sentences as near to the document as possible.
Please answer in the same (letter) structure.

SQ3. Descriptives of the final sample — give (a) age range
and mean, (b) mean weekly work hours, (c) percent women.
Please give a short and precise answer. Choose the wording
and sentences as near to the document as possible. Please
answer in the same (letter) structure.

SQ4. Procedure highlights (diary protocol) - state (a)
number/timing of diary days, (b) reminder time and channels,
(c) screening rule. Please give a short and precise answer.
Choose the wording and sentences as near to the document as
possible. Please answer in the same (letter) structure.

SQ5. Measures snapshot — report for Coordination Activ-
ities (a) item/source wording, (b) Likert range, (c) measure-
ment frequency. Please give a short and precise answer.
Choose the wording and sentences as near to the document as
possible. Please answer in the same (letter) structure.

Appendix I1: Complex Questions CQL. - CQ5.

CQ1. Participant flow (percentages of registrants) —
compute (a) no basic questionnaire, (b) excluded for no diary,
(c) final inclusion rate. Please give a short and precise answer.
Choose the wording and sentences as near to the document as
possible. Please answer in the same (letter) structure.
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CQ2. Retention and largest exclusion — (&) final inclusion
rate (final N =+ registrants), (b) share excluded for no basic
questionnaire, (c) share excluded for no pre-pandemic remote
option (and whether it’s the largest screen). Please give a short
and precise answer. Choose the wording and sentences as near
to the document as possible. Please answer in the same (letter)
structure.

CQ3. Diary completion — (a) maximum possible day-level
observations (5>N), (b) realized completion rate (actual -+
maximum, %), (c) average completed days per participant
(actual =N, 2 decimals). Please give a short and precise answer.
Choose the wording and sentences as near to the document as
possible. Please answer in the same (letter) structure.

CQ4. Implied vs. analyzed diaries — (a) implied diaries
(mean days > N), (b) absolute difference to analyzed days, (c)
that difference as % of analyzed days. Please give a short and
precise answer. Choose the wording and sentences as near to
the document as possible. Please answer in the same (letter)
structure.

CQ5. Gender ratios — (a) % men (100 — % women), (b)
female:male ratio (% women + % men), (c¢) express as “1 : X”
(men per woman, 2 decimals). Please give a short and precise
answer. Choose the wording and sentences as near to the
document as possible. Please answer in the same (letter)
structure.
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