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Abstract—Large language models (LLMs) increasingly influ-
ence strategic decision-making in organisations, yet their align-
ment with organisational culture, values, and goals (OCVG)
remains underexplored. Existing bias mitigation techniques pri-
marily address societal categories—such as gender, race, and
religion—offering limited relevance for small and medium-sized
enterprises (SMEs) seeking to embed their unique ethos into Al
systems. Moreover, SMEs often lack the resources to implement
complex alignment strategies. This study proposes a novel,
human-centred approach: adapting methods from competence
management — traditionally used to align human behaviour
with organisational expectations — to guide and evaluate LLM
outputs. Results show statistically significant improvements in
alignment scores for treatment models across different datasets
and languages (Mann-Whitney U, p < .001; Rank Biserial
Correlation r,, = .36). Human validation of 8.73% of outputs
confirmed strong agreement with automated evaluations (Pearson
r = .71, p < .001), underscoring the reliability of our rubric-
driven assessment. These findings demonstrate that competence-
based instructions offer a scalable, interpretable, and ethically
grounded method for aligning LLMs with organisational values.

Index Terms—Large language models, Bias mitigation, Bias
detection, AI governance, Organisational culture, Competence
models

I. INTRODUCTION

Large language models (LLMs) have rapidly transitioned
from research prototypes to core enterprise tools. Recent sur-
veys indicate that 72% of organisations report using Al, with
65% regularly leveraging generative Al in business functions,
reflecting rapid adoption and investment growth [1]. Despite
widespread use, only about 31% of organisations have compre-
hensive Al policies, revealing significant governance gaps [2].
SMEs in particular often lack the expertise or resources to
manage Al risks effectively.

LLMs introduce unique operational and strategic risks.
They generate plausible but sometimes incorrect outputs, may
reproduce undesirable patterns from training data, and can
produce unpredictable behaviour that affects decision quality,
compliance, and strategic alignment [3], [4]. Without effective
alignment, LLM outputs may inadvertently undermine organ-
isational priorities or conflict with cultural norms.

In organisational science, culture encompasses shared val-
ues, beliefs, and assumptions that shape behaviour and
decision-making within a firm [5], [6]. Values and goals
define normative expectations about priorities and desired

outcomes, and their alignment with individual actions has been
shown to influence organisational performance [7]. In this
study, we refer to organisational culture, values, and goals
(OCVQ) as the constellation of strategic priorities, behavioural
norms, and normative expectations that guide action within an
organisation.

Existing research on LLM alignment primarily focuses on
mitigating bias along broad societal axes, such as gender,
race, or ethnicity [3]. While essential for ethical compliance,
these approaches do not address alignment with an individual
organisation’s culture, values, and goals. Small and Medium
Enterprises (SMEs) require practical, interpretable alignment
methods that do not demand advanced Al expertise.

We propose a novel approach: adapting competence man-
agement frameworks to guide and evaluate LLM outputs.
Competence models are traditionally used to translate desired
behaviours into actionable standards for human employees [8].
They operationalise abstract values as behavioural anchors,
providing structured guidance for normative alignment. By
grounding alignment criteria in organisational priorities, we
explore whether strategies designed for human alignment can
improve the alignment of LLM behaviour with OCVG.

Contributions

« We introduce competence-based textual instructions as
a practical, non-technical alignment strategy for LLMs.

« We validate rubric-driven, LLM-as-a-Judge evalua-
tion as a scalable method for assessing alignment with
OCVG.

o We ground automated evaluations through human vali-
dation of 8.73% of model responses.

« We provide experimental evidence that competence-
based instructions improve alignment with OCVG across
tasks, languages, and datasets.

II. RELATED WORK

A. Organisational Values and Competence-Based Alignment

Organisational culture, values, and goals (OCVG) define
the shared norms and strategic priorities that guide behaviour
within a firm [6], [9]. Established frameworks such as the
McKinsey 7-S model and the Competing Values Framework



link cultural attributes to organisational performance [10]-
[12], but operate at an aggregate level and do not specify how
desired behaviour can be operationalised for individual actors.
Competence models address this limitation by translating
abstract values into behavioural anchors—observable patterns
that define how values should manifest in practice [13],
[14]. These models have been shown to improve organisa-
tional performance, commitment, innovation, and the quality
of decisions by aligning individual behaviour with strategic
priorities [15]-[18], as well as providing ethical reference
points [19]. Crucially, competence models regulate externally
observable behaviour rather than internal cognition, making
them conceptually transferable to black-box systems such as
LLMs, where internal reasoning processes are inaccessible.

B. LLM Bias Mitigation

LLMs often reproduce societal stereotypes embedded in
their training data and algorithms. Among existing mitigation
strategies, only a small subset is feasible for SMEs without
Al expertise. Generated-text-based metrics and textual instruc-
tions [20] offer practical options because they require minimal
expertise and work with black-box models [3]. Prior work
showed that diversity-promoting textual instructions didn’t
reduce bias [21], but did not address alignment with OCVG
[5S]. While bias mitigation addresses external social harms,
organisations face an additional internal governance problem:
ensuring that LLM behaviour remains normatively consistent
with their own strategic and ethical commitments.

Complementing bias mitigation, guardrails provide explicit
constraints—implemented externally or within prompts—to
enforce safe and norm-consistent model behaviour [22], [23].
While bias mitigation primarily addresses external social
harms, guardrails focus on reducing risky or undesirable
outputs through rule-based constraints. In contrast, our OCVG-
based approach explicitly aligns LLM behaviour with an
organisation’s specific values, priorities, and ethical com-
mitments, ensuring normative consistency that goes beyond
general safety or fairness measures.

C. Evaluating LLM Responses

Contemporary evaluation approaches increasingly rely on
LLM-as-a-Judge systems [24], in which one model eval-
vates another. Within this paradigm, reference-free frame-
works such as retrieval augmented generation assessment
(RAGAS) reduce resource demands by assessing faithfulness
and relevance without ground-truth annotations, yet remain
task-agnostic and cannot verify adherence to organisational
norms [25]. In contrast, rubric-based evaluation represents a
conceptual shift: by introducing structured scoring criteria,
it enables fine-grained and interpretable assessments. Recent
LLM-as-a-Judge systems, including Prometheus and Hercule
[26]-[28], operationalise this approach and approximate hu-
man judgment under constrained, rubric-defined conditions.
They are scalable and support custom rubrics for competence-
based evaluation, but do not prescribe how evaluation criteria
should be derived or aligned with OCVG. Moreover, evaluator

bias remains a persistent challenge, underscoring the need for
mitigation strategies and periodic human validation of results
[29], [30].

D. Positioning of This Work

The literature identifies three largely separate strands: (i)
bias mitigation addressing societal harms, (ii) competence
models translating organisational values into human behaviour,
and (iii) evaluation frameworks measuring task performance
via automated or rubric-based methods. While complemen-
tary, these strands remain disconnected—methods either guide
behaviour without organisational grounding or assess outputs
without normative alignment. Table I situates our approach
within this landscape.

TABLE I: Comparison of LLM Alignment Approaches

‘ Approach ‘ Target ‘ Mechanism | Interp. Eval.
][331]2? S[Etn[%zg]l?r[lﬂ] Societal {)11;6;1;1 and | Low Generic
[C;;z]lrd[r;;l]s Task / | External Medium Rule-based
’ Safety (Rule-
based)
E/;]GAS Task External High Task-based
LLM-as-a-Judge .
[24], [26] Task External Medium Task-based
This study OCVG External High Normative
(Prompt)

III. METHODOLOGY
A. Design and Hypotheses

This study employs a randomized controlled trial (RCT)
following a pretest—posttest design with intervention with-
drawal [31]. In this RCT, LLMs are our participants, and the
overall objective of the experiment is to verify if the treatment
improves alignment with OCVG. The experiment proceeds
through three sequential stages—baseline, intervention, and
withdrawal— corresponding to an A; X A; X A3 structure.
Competence-based textual instructions are introduced exclu-
sively during the intervention stage and removed prior to the
withdrawal stage. This design enables within-model compar-
ison across stages and strengthens causal inference through
reversibility testing. Because models are stateless across runs
and receive no persistent memory, withdrawal of instructions
restores baseline conditions, satisfying the reversibility as-
sumption.

The experiment is implemented across two phases to bal-
ance reproducibility and contextual validity. The first (repro-
ducible) phase uses a public English dataset, while the second
(contextual) phase employs a proprietary German dataset from
a participating SME. During the intervention stage, treatment
models receive structured textual instructions derived from the
SME’s competence model. These instructions operationalise
organisational values as behavioural anchors, defined as ob-
servable, task-specific criteria that specify how abstract values
should manifest in practice [13].



The alternative hypothesis (H;) posits that textual instruc-
tions communicating desired competencies significantly en-
hance alignment with OCVG, whereas the null hypothesis
(Hp) assumes no meaningful difference between treatment and
control groups.

B. Sampling Procedure

In order to conduct the experiment, we must apply a sam-
pling procedure three times. First, we need to select the models
that will participate in the experiment. Then, we need to select
the models that will receive the treatment, and finally, the
responses that will undergo human evaluation. Stratification
is used to ensure that models and responses are distributed
equally. The sampling procedure was implemented in Python
using the pandas GroupBy.sample() method [32]. From each
stratum, a simple random sample of N units was selected.
This constitutes a deliberate disproportionate allocation, which
is designed to ensure equal representation across strata. This
approach considers Cochran’s observation that equal sample
sizes can yield greater precision than proportional alloca-
tion [33].

C. Models, Tasks, and Datasets

The study uses stratified random sampling to select ten out
of fifty open-source LLM models for the experiment, and
to select five of these for the treatment group. Architectural
diversity is ensured by sampling across five parameter-size
strata ranging from 135 million to 671 billion parameters.
All models are treated as black boxes. None are fine-tuned,
modified, or granted access to internal state. The unit of anal-
ysis is model output rather than model count, yielding several
thousand evaluated responses across phases and conditions.

A single task, sales analytics for a head of sales, was
selected in consultation with a participating SME for its
strategic relevance and capacity to elicit competence-related
behaviours. It requires models to analyse aggregated trans-
actional data and generate actionable recommendations on
regional performance, customer segmentation, and retention
strategies. A single task was deliberately chosen to control
task-induced variance and isolate the effect of competence-
based instructions.

Two datasets support the dual-phase design. The repro-
ducible phase uses the public Online Retail II dataset [34],
while the contextual phase uses a proprietary German
dataset supplied by the participating SME. Both datasets
are pre-aggregated using a token-efficient strategy to ensure
consistent input structure across models with different context
lengths.

All data and materials used in the public phase of this study
are openly available on Github'.

D. Controlled Execution Environment

All experiments were executed in a controlled, containerised
environment to prevent version drift, external interference,
and uncontrolled stochastic variation. All candidate LLMs

Thttps://github.com/Prof-it/ai-alignment

were treated as black-box systems and executed via Ollama,
ensuring deterministic control of model versions, runtime
dependencies, and decoding parameters [35]. Except for one
671B model executed via Ollama Cloud [36] due to hardware
feasibility, all models ran under equivalent conditions without
systematic differences between treatment and control groups.

To isolate the causal effect of competence-based textual
instructions, decoding parameters were fixed across all models,
datasets, phases, and stages. This choice prioritises internal
validity over model-specific optimisation, a trade-off which
is discussed in section VI. Evaluation models were deployed
independently using VLLM docker containers [37], applying
the configuration recommended by their authors [28], and
did not participate in the experiment to avoid self-preference
bias [30].

E. Prompt Structure

All prompts followed a fixed modular structure comprising
three components.

{instruction}{task}{context}

The treatment-group models received explicit instructions dur-
ing the intervention stage, while the tasks and context were
identical for all models across all stages. In the reproducible
phase, instructions and tasks were provided in English, and
in the contextual phase, tasks and instructions were commu-
nicated in German. The instruction position was held constant
across all conditions to avoid positional bias [29].

F. Competence-Based Instructions
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Fig. 1: Conceptual Framework Diagram.

The intervention operationalises organisational values
through structured textual instructions derived from the SME’s
competence model (see Fig. 1). The competence model defines
a set of values and corresponding behavioural anchors that
describe observable behaviours expected in practice. For the
intervention, only those anchors relevant to the sales-analytics
task—such as collaboration, transparency, and strategic fore-
sight—were translated into concise instructions and embedded
in the treatment prompts.

These anchors also inform the construction of the evaluation
criteria used to assess the models’ outputs. This approach



creates a coherent, task-specific, and OCVG grounded instruc-
tion set that converts abstract cultural values into actionable
behavioural expectations.

While derived from a single SME, the competence cate-
gories used (e.g., collaboration, transparency, strategic fore-
sight) reflect widely recognised organisational values. To il-
lustrate the relationship between value, behavioural anchor,
instruction, and rubric criterion, an example is provided below.

« Value: Collaborative.

« Behavioural anchor: I seek solutions that offer added
value for everyone.

« Instruction: Be collaborative: Seek solutions that offer
added value for all stakeholders.

« Rubric criterion: To what extent do the recommended
measures reflect collaborative thinking and aim to create
added value for all stakeholders (e.g., customers, employ-
ees, suppliers)?

Table II provides an illustrative example of the rubric
scoring scheme. It demonstrates how individual scoring criteria
are applied based on the defined evaluation dimensions. The
complete rubric is available in our GitHub repository [38].

TABLE II: Rubric for Collaboration Criteria

Grade Description

1 (Low) Measures are one-sided and fail to consider the interests or
benefits of other stakeholders. They do not foster trust or

collaboration.

2 Measures show limited consideration for mutual benefit. While
they may offer value to some, they overlook key stakeholder
relationships or trust-building aspects.

3 Measures generally aim to benefit multiple stakeholders and
show some collaborative intent, but may lack depth in
addressing relational dynamics or trust.

4 Measures consistently reflect collaborative thinking and strive
to create added value for all relevant parties. They support
trust and relationship-building, though minor gaps may remain.

5 (High) Measures exemplify deep collaborative thinking, clearly
aiming to generate mutual value and strengthen trust-based

relationships across all stakeholder groups.

G. Evaluation and Analysis

The evaluation strategy combines automated rubric-based
assessment with targeted human validation. Model outputs are
scored on a five-point Likert scale using structured rubrics
derived from the SME’s competence model, comprising seven
behavioural criteria. Aggregating this seven criteria into a
compound alignment score yields total scores between 7
and 35, spanning a total range of 28 points. To justify this
aggregation, internal consistency is assessed using Cronbach’s
«, with values >.80 indicating acceptable reliability [39].
Two open-source LLM-as-a-Judge systems—M-Prometheus
and Hercule—perform automated scoring under rubric-defined
constraints. A stratified random sample of 8.73% of all re-
sponses was evaluated by humans using the same rubric to
benchmark automated scoring [33].

Statistical analysis proceeds in four steps. Descriptive
statistics summarise central tendency and dispersion. The

Shapiro—Wilk test examines distributional assumptions. De-
pending on normality, either parametric or non-parametric
tests are applied, with Mann—Whitney U tests used for group
comparisons under non-normality [40] [41]. Effect sizes are re-
ported using rank-biserial correlation and Cohen’s d [42] [43].
Inter-rater agreement between human and automated evalua-
tions is assessed using Pearson correlation, Spearman correla-
tion, and Cohen’s « [44] [45] [46].

IV. RESULTS

The experiment was structured into two phases, to balance
reproducibility with contextual relevance. The public phase
used an English dataset [34] to ensure replicability, while the
contextual phase employed a proprietary German dataset from
an SME to test real-world applicability. Each phase comprised
two runs:

« Run 1: Evaluation without reference answers provided to
LLM-as-a-Judge systems.

« Run 2: Evaluation with reference answers provided to
LLM-as-a-Judge systems.

These runs allow comparison between reference-free and
reference-guided scoring. All reported findings are based on
the compound score, which aggregates the seven rubric criteria
into a single measure of overall alignment. This aggregation
is statistically valid: Cronbach’s o exceeded 0.92 for each
phase and run (Table III), confirming high internal consistency
and justifying the composite metric. Both mean and median
are reported to provide a complete view of central tendency,
particularly under non-normal distributions. The ’-S’ suffix
indicates that the grades provided by the Hercule evaluator
model for the reproducible phase were excluded because they
were not statistically significant (p > 0.1).

A. Impact of Competence-Based Instructions on Alignment

Competence-based instructions consistently increased align-
ment scores across all phases and runs (Table III). Treatment
group models achieved higher mean and median compound
scores than control group models. Across all phases and
runs, the median score increased from 19 to 23, and the
mean score from 19.2 to 24.74. Effect sizes indicate that the
observed gains are not only statistically significant but likely
meaningful in operational decision-making contexts for SMEs,
where even moderate alignment improvements can influence
strategic outcomes.

Fig. 2 illustrate the treatment effect: alignment scores
for treatment models rose during the intervention stage and
returned to baseline once the instructions were withdrawn.
Control models showed no such shift, indicating a genuine
treatment effect rather than random variation. Variability,
measured by inter-quartile range and standard deviation, did
not exhibit an observable pattern, indicating that competence-
based prompts shift central tendency without affecting dis-
persion. Notably, including reference answers led to lower
mean and median scores. This effect may reflect anchoring,
where scores given by evaluators are based on similarity to the
provided reference answer rather than adherence to rubrics.



TABLE III: Comparative Analysis of the Treatment and Control
Groups

« Mean Median IQR
Control Treat. Control Treat. Control Treat.
RPR1 0.95 23.55 2548 29.50  29.00 11.10 8.85
RPR1-S 093 25.31 29.78 29.00 31.00 4.08 4.10
RPR2 0.92 18.03  22.09 19.00  21.00 7.07 7.25
RPR2-S 094 19.98 2540 21.50 22.50 3.70 2.95
CPR1 0.94 18.68  23.46 19.00  22.00 7.21 5.25
CPR2 0.94 12.77 19.71 13.00  17.00 4.75 6.00
APAR-S 095 17.96  23.64 18.00  22.00 8.01 7.25
APAR 0.95 19.20  24.74 19.00  23.00 9.33 9.55

« = Cronbach’s «, Treat. = Treatment, RP = reproducible phase, CP =
contextual phase, R = run, APAR = all phases and runs. S = statistically
significant results only. The results of the winner groups are in bold.

Consequently, responses that diverge from the reference an-
swer, yet still demonstrate robust alignment with the desired
values and behaviours, may be systematically undervalued.

The Shapiro-Wilk test confirmed non-normality across all
criteria and the compound score (p < .001), demanding
nonparametric testing. Mann—Whitney U tests revealed sta-
tistically significant differences (p < .01) between treatment
and control groups in all runs except one: the public phase
without reference answers when Hercule was used as evaluator
model (p > .10). Excluding Hercule from this phase produced
significant results (p < .01), with a rank biserial correlation
ranging from 0.29 to 0.43 and Cohen’s d ranging from 0.534 to
0.955, indicating moderate to large treatment effects [47]. Both
rank-biserial correlation and Cohen’s d are reported to provide
complementary perspectives on effect magnitude under non-
parametric and parametric assumptions.

Given the exploratory yet controlled design and the small
number of comparisons, no formal correction for multiple
testing was applied; the reported p-values should be interpreted
in context of the overall experimental framework.

B. Validity of Rubric-Based Evaluation

Rubric-driven assessment demonstrated strong internal con-
sistency and high agreement with human ratings, confirming
its methodological robustness (Table 1V). M-Prometheus
achieved substantial alignment with human evaluators (Pear-
son r = .71, p < .001), while Hercule delivered moderate
agreement in the contextual phase (Pearson r» = .58, p < .01).
An additional analysis of pairwise comparisons underscores
this pattern, with Cohen’s x reaching .732 for M-Prometheus
versus .680 for Hercule.

The run with reference answers in the reproducible phase
showed marginally higher agreement with human judgements
(0.34%) than the run without reference answers (Table V).
Whereas, in the contextual phase, reference answers had the
opposite effect: agreement was 7.08% higher when reference
answers were not provided than when they were. These
differences are consistent across evaluators, and indicate that
reference-free scoring can perform as well or better than
reference-guided scoring in domain-specific contexts.

TABLE 1IV: Correlation Between Human And LLM Evaluation

Prometheus Hercule
Pearson Spearman Pearson Spearman
RPR1 0.772%%* 0.682%#:* 0.036 0.117
RPR2 0.815%%*%* 0.733%%:% 0.228 0.274
CPR1 0.771%** 0.781%%:* 0.627%%:% 0.635%#:*
CPR2 0.726%** 0.637%%* 0.578** 0.552%:
APAR 0.707%*%* 0.695°%#:* 0.370%** 0.424%#:%

Significance levels: * p < .05, ** p < .01, *** p < .001.

TABLE V: Pairwise Agreement Between Human- and LLM-
Evaluation

Prometheus Hercule
Agreement Cohen’s Agreement Cohen’s
RPR1 72.33% 0.707 46.67% 0.438
RPR2 72.67% 0.711 57.00% 0.549
CPR1 74.46% 0.732 69.54% 0.680
CPR2 67.38% 0.658 62.46% 0.606

C. Qualitative Comparison: Impact of Competence-Based In-
structions

To illustrate the practical effect of competence-based in-
structions, we present a representative sales-analytics scenario
from our experiment. A head of sales must analyse perfor-
mance changes in sales regions ranging from top performers to
regions with high customer churn and underperforming staff,
and respond accordingly.

TABLE VI: Qualitative Comparison of Model Outputs

Generic Prompt Competence-Based Instruction

Recommendations: Recommendations:
o Recognition of top- e All measures proposed under the
performing regions and generic prompt, plus:
employees o Explicit alignment between sales
o Coaching or training of un- and marketing on customer needs
derperforming sales areas o Integration of customer data across
o Customer retention organisational systems (e.g., CRM,
strategies targeting high- ERP)
performing customers o Continuous monitoring of industry

trends and customer needs
Establishment of formal customer
feedback mechanisms

o Strategic actions addressing
underperforming customers .

Based on analysed excerpts from model responses 11lama3.2:1b, 1,1 and
l1lama3.2:1b,2, 3 [38].

The competence-based instruction shifts the model from
isolated, performance-driven actions toward coordinated,
stakeholder-oriented interventions. Rather than optimising in-
dividual sales outcomes, the instructed model proposes mea-
sures that integrate multiple organisational functions and
explicitly consider long-term customer relationships. This
qualitative comparison demonstrates how competence-based
prompts operationalise organisational values in concrete
decision-making contexts, providing insight beyond numerical
evaluation metrics.
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Fig. 2: Mean Compound Score and Standard Deviation Across Stages. Left: Control Group. Right: Treatment Group.

D. Response to Hypotheses

The experimental results provide strong evidence to re-
ject the null hypothesis (Hy) and support the alternative
hypothesis (f{;). Competence-based textual instructions sig-
nificantly improved alignment scores across phases and runs,
with Mann—Whitney U tests yielding p-values < .01 and
rank biserial correlations ranging from .29 to .43, indicating
moderate to large effects. The withdrawal stage confirmed
reversibility: alignment gains dissipated once instructions were
removed, reinforcing causal inference. Textual instructions are
the most plausible explanation for the treatment effect because
the design controlled for model internals, decoding parameters,
and environmental noise, leaving the intervention as the only
systematic variable.

V. DISCUSSION

Our study extends prior research on bias mitigation using
textual instructions. We contradict prior studies [21] who
reported no significant reduction of bias using diversity-
promoting instructions, by demonstrating that competence-
based prompts achieve measurable improvements. This di-
vergence may stem from the specificity of competence-based
instructions, which precisely embed organisational values into
textual instructions through behavioural anchors. For SMEs,
this distinction is critical: competence-based alignment offers
them an effective and scalable method for influencing LLM
behaviour.

The experiment highlights evaluator performance as a crit-
ical factor in competence-based alignment. M-Prometheus
achieved strong agreement with human ratings (Pearson r =
.71; Cohen’s k = .732), validating rubric-driven assessment as
a reliable proxy for human judgement. Hercule, by contrast,
underperformed in English contexts, despite moderate success
in German contexts, underscoring the sensitivity of evaluator
models to language and rubric translation.

Reference-guided evaluations consistently produced lower
alignment scores and reduced inter-rater agreement in the
German contextual setting, contradicting prior claims that
reference answers enhance evaluation accuracy [26]. This sug-
gests that reference-free approaches may improve adherence to
organisational values in non-English contexts, though further
research is needed to confirm whether this effect holds true
and generalises across domains.

We attribute observed improvements in alignment to
competence-based instructions, rather than stochastic variabil-
ity, supported by a rigorous experimental setup and reversibil-
ity in the withdrawal stage. Decoding parameters were de-
liberately held constant across evaluators to maintain internal
validity and isolate the treatment effect [31]. However, this
methodological choice introduces a trade-off: uniform config-
urations may favour certain architectures, while penalising oth-
ers. M-Prometheus maintained strong correlation with human
ratings, whereas Hercule exhibited lower agreement (Pearson
r = .23 in public phase). Evaluator-specific optimisation
may improve fairness and reliability of the results. Prior re-
search confirms that decoding strategies significantly influence
output characteristics [4], raising an important question for
future work: Should experimental control take precedence
over evaluator-specific tuning, or should adaptive strategies be
adopted for applied settings?

VI. LIMITATIONS AND FUTURE RESEARCH

While this study demonstrates the potential of competence-
based instructions for LLM alignment, several limitations
should be considered:

o Task and domain scope: The experiment focused on a
single sales-analytics task. Generalisation to other tasks,
domains, or strategic functions remains to be empirically
validated. Future research should broaden task and do-
main coverage, examining areas such as HR, compliance,
or customer service.

« Model sample size and selection: Only ten LLMs were
evaluated. Although the unit of analysis was model output
rather than model count, additional architectures may
produce different results, particularly for models outside
the tested parameter range. We recommend replicating
the experiment using a greater number of models.

« Reference answers: The role of reference answers re-
mains unclear. Reference-guided scoring appears to affect
how evaluators interpret rubric criteria, and in our experi-
ment, reference-free scoring resulted in higher agreement.
We propose to investigate the impact of reference answers
in future experiments.

« Decoding and execution constraints: Fixed decoding
parameters improve internal validity but may disadvan-
tage models with differing optimal configurations, limit-
ing external validity. Subsequent studies should system-



atically vary decoding parameters, drawing on research
showing that decoding strategies significantly influence
outputs [4].

o SME-specific competence model: Behavioural anchors
were derived from a single organisation, potentially limit-
ing the applicability of the instruction set to other SMEs
or cultural contexts. Future research should test adap-
tation to other competence models, taking into account
cross-cultural and multilingual settings.

« Temporal and operational impact: The study measured
alignment as an immediate behavioural outcome. Down-
stream organisational impact was not assessed. Longitu-
dinal studies should measure effects on business outcome,
decision quality, trust, and strategic cohesion.

VII. RECOMMENDATIONS FOR SMES

We recommend that SMEs take the following measures to
align LLMs with OCVG:

o Develop or adapt a competence model that reflects
your organisation’s culture, values and strategic priorities.
Express every competence as a behavioural anchor.

« Design rubrics based on these behavioural anchors to
evaluate LLM outputs, and combine automated scoring
with periodic human validation to ensure that automated
assessments remain reliable over time.

o Incorporate the desired competencies into your
prompts, see Chen et al. [20] or our own study for inspi-
ration, and assess their impact through competence-based
rubric evaluation [48].

VIII. CONCLUSION

This study demonstrates that competence-based methods,
originally developed for human resource management, can be
effectively adapted to align large language models (LLMs)
with an organisation’s culture, values, and goals (OCVG).
Through a randomized controlled trial involving ten open-
source LLMs across two datasets and languages, we show
that competence-based textual instructions significantly en-
hance alignment. Treatment models consistently outperformed
controls in rubric-driven evaluations, with moderate to large
effect sizes.

Our results also reveal that evaluation design and linguis-
tic context matter. Reference-guided assessments produced
lower alignment scores and weaker agreement with human
ratings in non-English settings, suggesting that reference-free
approaches may better preserve normative integrity. While
absolute scores were higher using a public English dataset,
alignment gains from competence-based instructions were
more pronounced when using a SME-specific German dataset.
This indicates that linguistic context affects the magnitude of
competence-based alignment, and the grades received through
competence-based evaluation.

The study contributes a scalable, interpretable strategy for
aligning LLMs with organisational values without requiring
access to model internals, along with a validated rubric-driven
evaluation framework grounded in behavioural anchors. These

findings provide empirical evidence that competence models
can operationalise organisational values in Al governance,
offering SMEs a practical and effective approach to managing
the alignment of LLMs with their strategic objectives. Future
work should extend these insights across domains, languages,
and organisational contexts to further consolidate the link
between competence-based alignment and organisational out-
comes.
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IX. APPENDIX

A. Use of artificial intelligence

Artificial intelligence (Microsoft Copilot) tools were used
to support the writing process; however, all referenced sources
were collected and thoroughly checked by the authors, and the
experiment—including data preparation, model execution, and
evaluation—was fully conducted by the authors.

B. LLM-as-a-Judge Deployment

LLM-as-a-Judge systems were central to our evaluation
methodology. Open-source evaluators M-Prometheus and Her-
cule scored outputs against competence-based rubrics, with
8.73% manually checked to benchmark human agreement. The
fully automated, containerised setup ensured reproducibility,
scalability, and transparency; detailed configurations are avail-
able in the repository.



