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Received: 11 Feb 2026 Large language models offer organizations flexibility: they can either tune the
weights of the model on their domain data or they can design their prompts to elicit
certain behavior from their domain-agnostic models. This article describes a
framework for deciding between the tradeoffs, costs, and logistics of weight tuning
and prompt design. This discussion highlights that neither approach is superior, and
the best decision depends on task complexity, data availability, latency
requirements, how much maintenance the system can afford, and the organization.
Solutions with fine-tuning give more specialized behavior, but require curated data,
compute resources, and monitoring to maintain the model's performance.
Prompting is useful for fast model iteration and maintains model generality, but
may not be useful in high-complexity applications where system domain knowledge
is needed to remain stable. The article discusses systematic evaluation and
measurement both for guiding adaptation decisions and for benchmarking, A/B
testing, and monitoring. It also highlights the models specifically trained for
reasoning, many of which are now defaulting to (extended) chain-of-thought
processing. This has implications for whether prompting or fine-tuning methods are
more appropriate, depending on the reasoning ability desired. In this way, the
framework provides a systematic approach to identifying and employing the
appropriate adaptation methods according to the performance and efficiency goals
for applications built using large language models.
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1. Introduction

One important design choice for organizations building LLM-based applications is whether to train on
data from their application domain or to use a generalist model via prompt engineering. This choice
determines how well suited a model is to the application domain it is being used in, how expensive it is
to maintain, and how easy or difficult it is to update. This is a defining decision for the system. The
overall LLM market has seen rapid growth, with industrial applications across a variety of sectors,
including healthcare, finance, retail, manufacturing, and other technology service sectors. These
machine learning models are increasingly being used for automating cognitive tasks, assisting users in
decision making, and providing unprecedented experiences to customers [1].

However, this rapid growth in model architectures and adaptation methods has created a much more
complex landscape for working with foundation models, which range from billions to hundreds of
billions of parameters, and improve in performance at each scaling step. A wide variety of model
adaptation techniques have also been proposed, including prompt engineering, an abundance of fine-
tuning techniques, and retrieval-augmented generation. Surveys have found that more than half of the
companies using LLMs use prompting exclusively or predominantly, and 25% of companies use fine-
tuning at least for some of their systems. A further 15% use hybrid approaches, which also use
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prompting, but are not fully prompting-based [2]. Organizations that have deployed fine-tuning have
reported 15-30 percent accuracy improvements over prompting for domain-specific tasks, but face 3-5
times the cost for data preparation and model management.

The article provides a systematic framework for deciding on the technical design, economic, and
organizational considerations to take into account when deciding on adaptation options. The aim is to
provide practitioners with a systematic and explicit framework for deciding on when these
considerations should be applied in their specific organizational context.

2, Prompt Engineering: Harnessing Foundation Model Capabilities
2.1 Zero-shot and Few-shot Prompting

Prompt engineering is the design of text prompts to elicit the desired behavior from a frozen LM. In
zero-shot prompting, task instructions are given without examples, and the LM is expected to
interpret the instructions correctly and perform the desired task based on its prior training. An ideal
zero-shot prompt contains an output format, domain and task contexts, and optionally constraints.
Research papers on large language models had shown that language models are very capable of
performing remarkably well across different tasks without fine-tuning, given complete contexts of
prompts are available to them [3].

In few-shot prompting, several examples of desired behavior are provided in the prompt. Few-shot
prompting has been shown to improve performance as the number of examples is increased, but
typically has diminishing returns after around 5-10 examples depending on the difficulty of the task
being performed by the model. Example selection extensively influences performance, and diverse
and representative examples often outperform random selection from a larger set. Few-shot
prompting is useful when the desired outcome cannot be simply described in words, but can be
demonstrated in examples. The ability to use prompt engineering to change the function of a
foundation model has changed how companies use AI by reducing both the technical barrier and the
experimentation life cycle.

2.2 Chain-of-Thought and Advanced Reasoning Techniques

The goal of chain of thought prompting is to get models to output intermediate reasoning steps when
completing a complex task. It has been shown to dramatically improve models on some multi-step
reasoning tasks that require multi-step explanations. Chain of thought prompting is applicable to
mathematical reasoning, logical reasoning, and complex question answering tasks [4]. This can be
done by prompting the model with examples of step-by-step reasoning or by prompting the model to
think through a problem before answering. Because the reasoning capabilities of large language
models are derived from their foundation models during pre-training, chain of thought prompting is a
kind of prompt engineering.

More advanced prompting strategies explicitly structure model reasoning to improve reliability. In
tree-of-thought (ToT) prompting, the model explores and selects among multiple reasoning paths,
which allows it to solve more complex tasks [5]. Self-consistency generates multiple independent
chains of reasoning, then combines their outputs using majority voting in order to capture ensemble
effects [6]. Verification prompts make models check their own outputs for mistakes before providing a
final answer. These methods can add computational cost, but they can lead to large improvements on
challenging reasoning tasks, and approaches such as prompt tuning give performance on par with
fine-tuning.

One benefit of the use of prompts is that they do not require retraining when the base model is
improved. Only the old prompts need to be run against the new model to check that they are
producing the same result as they did on the old model. This makes the application more future-proof,
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as organizations will be able to adjust system behavior by modifying the prompts to suit particular
business or user requirements.

Technique Strengths Best Use Cases
Zero-shot Maximum flexibility, no data needed | General tasks, rapid prototyping
Few-shot Pattern inference from examples Tasks hard to specify in instructions
Chain-of-Thought Improved reasoning, interpretability | Math, logic, complex analysis
Tree-of-Thought Explores multiple reasoning paths Complex problem-solving
Self-Consistency Ensemble accuracy improvement High-stakes decisions

Table 1: Prompt Engineering Techniques and Characteristics [3, 4, 5]

3. Fine-tuning Approaches: Specialized Model Adaptation
3.1 Full Fine-tuning

Fine-tuning is the process of sequentially updating the parameters of a pre-trained model to create a
second model that can accurately perform a different task using a set of training data from a different
domain. Full fine-tuning updates all parameters of a neural network. This enables changes to any
aspect of the model's functionality, including its output style, domain knowledge, reasoning patterns,
and response format. This method requires considerable computational resources, with the capacity
required scaling with the size of the model, with large models requiring multiple high-end
accelerators.

The primary benefit of fine-tuning is that task- and domain-specific contextual information and
language conventions can be encoded using parameters within the model. In such a way, medical
domain pre-training on clinical text has produced large performance increases in medical natural
language processing tasks compared to models pre-trained on general-domain text [7]. Fine-tuning
ideally allows models to learn domain-specific language and reasoning skills not observed in the data
used for pre-training a general-purpose model. Fine-tuning requires careful selection of data,
hyperparameters and evaluation metrics. The data should be as similar to the deployment domain as
possible. Also, the correct set of transitions must be chosen to avoid bias and errors. Regularization
techniques such as small learning rates, gradient clipping, and early stopping help to retain pre-
trained behavior and learn new behavior.

3.2 Parameter-Efficient Fine-tuning Methods

Parameter-efficient fine-tuning (PEFT) methods, e.g., adapters, prefix-tuning, and prompt-tuning, are
cheaper than full fine-tuning as they only modify a small number of model parameters and achieve
comparable performance. For instance, low-rank adaptation (LoRA) reduces the number of trainable
parameters by 99 percent or more while achieving full fine-tuning accuracy on most tasks [8]. LoRA
works by adding trainable decomposition matrices to the pre-trained layers of the model, which allows
fine-tuning the model with a fraction of the trainable parameters without losing information from the
pre-trained parameters. LoRA can be fine-tuned on a typical consumer-grade accelerator in minutes
to hours, rather than the days needed for full model fine-tuning. Additionally, multiple loRA-trained

Copyright © 2026 by Author/s and Licensed by JISEM. This is an open access article distributed under the Creative Commons 912

Attribution License which permitsunrestricted use, distribution, and reproduction in any medium, provided the original work is

properly cited.



Journal of Information Systems Engineering and Management
2026, 11(2s)

e-ISSN: 2468-4376
https://www.jisem-journal.com/ Research Article

weights can be trained for different tasks and loaded on-demand at inference time for efficient multi-
tasking.

Prefix tuning and prompt tuning learn only a continuous task-specific vector prepended to each input
to the model, freezing the base model and optimizing only a small number of parameters [9]. These
approaches inherit much of the efficiency and easy model swapping afforded by low-rank adaptation.
Adapter modules can be placed between frozen, pre-trained layers to add new, modular, or limited
functionality to the network architecture [10]. For more efficient fine-tuning of large language models
on limited hardware, low-rank adaptation can be combined with 4-bit quantization (QLoRA) [11].
These parameter-efficient methods have been critical for enabling organizations with limited compute
resources to fine-tune pre-trained models and build custom Al systems for their specific needs.

Fine-tuned models can understand and predict relationships that cannot be captured with prompts or
commands in natural language. Fine-tuning provides companies with large, high-accuracy datasets
with an opportunity to fine-tune models to conform to use case constraints such as maximum
response length, stylistic demands, and safety evaluation. This proprietary training data and capability
cannot be replicated by other companies using foundation models offered by public cloud services.
The process of building the training data and fine-tuning the models creates a barrier to entry, as
these data assets are differentiated technology capabilities.

Method Parameter Reduction | Accuracy Retention Key Benefit
LoRA 99%+ reduction 85-95% Multi-task deployment
Prefix Tuning ~0.1% of params 90-95% Easy base model swap
Adapters ~2-4% of params 95%+ Modular composition

. . Consumer GPU
[ _ —ano
QLoRA 99%+ with 4-bit 85-90% training

Table 2: Parameter-Efficient Fine-tuning Methods Comparison [7, 8, 9, 10, 11]

4. Decision Framework: Selecting the Optimal Approach

The choice between prompting methods and fine-tuning depends on the technical requirements,
computational resources, and target application. Simple classification, extraction, and formatting
tasks are generally best served through prompting methods, while reasoning, domain-specific
knowledge tasks, and tasks with strict stylistic requirements are best served through finetuning
models. Data availability may also be a factor. Fine-tuning requires a larger number of fine-tuning
samples to be curated, and prompting only requires a few demonstrations. Organizations with access
to ample domain-specific data for fine-tuning may prefer this method, while those without these data
may need to weigh the cost of data gathering against the expected performance benefits.

Performance constraints such as accuracy and latency need to be satisfied. To improve inference
performance, the model may be fine-tuned to skip over long prompts or apply optimizations to the
model weights for a particular task [12]. Latency requirements of interactive applications with real-
time constraints or of batch applications where latency is of lesser concern determine the trade-off of
high-latency complex prompts. Latency can be reduced with model fine-tuning, prompt compression,
and architectural decisions that trade-off overall effectiveness for speed in the inference process.

In practice, considerations such as ease of maintenance can dominate: It is easier to maintain
prompting on base models if they are updated often, while fine-tuned models would require
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retraining. Team capabilities: Organizations with machine learning capabilities and personnel can
fine-tune a model instead. For those who cannot, prompt engineering is a better fit. Cost: Prompting
is usually more costly per inference, as it has many more tokens per request. Fine-tuning can involve a
one-time cost and may be more cost-effective at scale. A happy medium is to use prompt engineering
for the prototype or the first few production runs, and then fine-tune only where the training
infrastructure cost is worthwhile.

Factor Favors Prompting Favors Fine-tuning
Task Complexity Simple, well-defined tasks S;;l;ftlg; reasoning, domain
Data Availability Limited examples available Substantial training data
Consistency Needs Acceptable variation High consistency required
Development Velocity Rapid iteration needed Time for training available
Base Model Updates Frequent updates expected Stable base model
Latency Requirements | Flexible latency acceptable Strict latency constraints
Team Expertise Software engineering focus ML infrastructure available

Table 3: Decision Framework - When to Choose Each Approach [12]

5. Evaluation and Measurement: The Foundation of Informed Decisions
5.1 Systematic Evaluation Frameworks

The decision between prompting and fine-tuning is an empirical one, and a systematic evaluation
against task-specific metrics and benchmarks can help inform the choice. Organizations need to
establish a thorough evaluation process involving defining success criteria, selecting benchmark
datasets that represent the production environment, and developing automated evaluation pipelines
to rapidly iterate on the choice. Without evaluating their models on a metric, teams may overoptimize
on prompts or fine-tuning, neglecting to use the simplest method (fine-tuning or prompt) for their use
case, or incorrectly assume that fine-tuning is needed.

Evaluation should be task-specific, and typically should include multiple metrics that are useful for
the intended usage of the model, such as classification accuracy, extraction F1 scores, or other
evaluation metrics like BLEU, ROUGE, and human scoring. Consistency metrics evaluate the stability
of a model's output across semantically identical inputs. Latency and throughput are additionally
important performance metrics and define production constraints. Cost metrics include the number of
tokens used, compute time, and infrastructure cost to enable total cost of ownership comparisons.
Safety and alignment metrics ensure outputs conform to policies and guidelines and do not contain
harmful content. LLM-as-a-judge is a scalable evaluation model for open-ended generation tasks
where a powerful model judges outputs based on specified evaluation criteria [17].

For production systems, A/B testing and staged rollout provide an alternative source of validation. A
model that performs well in held-out test sets may perform poorly when it is moved into production,
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particularly if there is a distribution shift between test and production traffic. Candidates can be run
in shadow mode, in parallel to production, without impacting users. Gradual rollout and following the
system with monitoring can help discover issues before they become common. The monitored metrics
can be compared with current data to evaluate whether model performance is still acceptable given
changing user behavior and data distributions.

5.2 The Rise of Reasoning Models

Reasoning models themselves, such as o1 and 03 and the GPT-5.2 series from OpenAl, Claude Sonnet
4.5 and Opus 4.5 from Anthropic, DeepSeek Ri1, and others, represent a shift in the balance of
prompting versus fine-tuning. In these models, extended chain-of-thought reasoning is a part of the
model's training, rather than an effect of prompting, as was the case with earlier models. These
models spend more time on reasoning over difficult problems, exploring many lines of reasoning in
parallel before picking an answer, moving capabilities previously achieved with prompt engineering or
model fine-tuning into the model.

Reasoning models outperform base models on multi-step reasoning tasks, math problems, coding
problems, and complex reasoning tasks. Benchmarks show large improvements on reasoning models
over base models in graduate-level science questions, competition-level math problems, and complex
code problems. The additional reasoning step allows reasoning models to debug their initial response,
consider alternatives and possibilities, and produce more reliable results. For applications requiring a
model to be finetuned to achieve sufficient reasoning performance levels, reasoning models allow
similar performance to be obtained with only prompting, simplifying development and shortening the
timeline.

However, reasoning models introduce additional trade-offs for systems designers, as they tend to have
a longer inference time and a high per-request cost (10x or more compared to non-reasoning models)
due to the overhead of reasoning traces. These additional costs can be undesirable in applications
where latency constraints are tight or request volumes are high. Reasoning models may not respond to
certain prompting methods that work well with customary models. For instance, chain-of-thought
prompting may not be necessary in reasoning models because they internally reason. Organizations
may choose to trade-off the increased accuracy for a higher cost, so the ability to measure
performance systematically is important for specific use cases.

Another risk of fine-tuning is the rapid pace of base model development; about every two months, a
new base model is released, generally with substantially improved performance over its predecessor.
In this case, if a fine-tuned model were developed from an old base model, it is possible that
prompting a base model from a recent generation would outperform the fine-tuned model. This
creates a limited incentive to fine-tune. Organizations need to consider if fine-tuning makes sense for
their task, given the high likelihood of a better base model being released. This can be reduced by
establishing a strong operational infrastructure: a data pipeline for generating and annotating training
data, a reproducible training pipeline adaptable to new base models, and an evaluation pipeline that is
fast to iterate over. This would turn fine-tuning into a fast-moving capability that subsequently uses
better base models (as they are released over time), and this, in turn, may make fine-tuning cost-
effective over time, rather than a sunk cost.

6. Applications Across Domains

Customer service automation illustrates this. For example, routing customer queries and answering
frequently asked questions are well-suited to prompting to constrain the model with semi-structured
system prompts and few-shot examples. In a more complex domain that requires multi-turn
conversations, fine-tuning on tickets with a resolution in the past may be a worthwhile investment.
Customer service is one of the most common applications studied for LLM-based systems, and has
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seen improvements in quality and effectiveness (e.g., resolution rate or customer satisfaction) post-
deployment [13]. Most production systems are hybrid, using prompting to answer generic questions,
while passing more complex product-related queries to fine-tuned LLMs specialized in certain
product categories.

Code assistance represents a strong argument for hybrid approaches: when provided with code
context in the prompt together with specific instructions, many common coding tasks can be solved.
Fine-tuning can help the model adapt to organization-specific code style guides, proprietary libraries,
or internal API conventions. Studies of developer productivity using AI-supported code editors have
reported results such as reductions in task completion time and improvements in developer
satisfaction [14]. Parameter-efficient methods also enable the use of multiple fine-tunings on different
codebases that share the same base model, making it easier to adapt to the quickly evolving field of
code models.

Domain-specific knowledge systems, such as legal documents analysis, medical records analysis, and
financial compliance checking, present perhaps the strongest case for fine-tuning. This is because they
require a strong understanding of the domain, usually not available in general-purpose models. Fine-
tuning can result in better performance on domain-words, domain-reasoning, and domain-structure
(format). Alternatively, retrieval-augmented generation injects knowledge during inference and thus
has a lower requirement for fine-tuning while maintaining domain accuracy [15]. The best choice
between prompting with retrieval or fine-tuning is use case dependent.

Domain Recommended Approach Key Considerations

Hybrid: Prompting + Fine-tuned

Customer Service Query diversity, escalation paths

specialists
Code Assistance PEFT with multiple adapters Codebase-specific conventions
Healthcare/Legal Fine-tuning + RAG Accuracy requirements, compliance

Fine-tuning for core, prompting for

Financial Services
edge

Regulatory auditability

Education Prompting with curriculum context Pedagogical alignment, privacy

Table 4: Domain-Specific Application Strategies [13, 14, 15]

7. Broader Implications and Future Directions

A concern is the carbon footprint of training and deployment. Full fine-tuning of large models incurs a
much higher electricity and carbon cost than prompting, although this cost is lowered by orders of
magnitude using parameter-efficient transfer learning, which makes fine-tuning environmentally
sustainable compared to other approaches. Prompting may have no effect on training costs but could
incur additional costs during inference, e.g., through longer prompts or additional reasoning steps.
The costs of training and inference must be taken into account when considering an adaptation
scheme, particularly for applications with high-throughput and inference costs.

The distinction between prompting and fine-tuning is increasingly blurred, and instruction tuning
conditions models to follow diverse instructions, improving zero-shot performance and reducing the
need for task-specific fine-tuning [16]. Constitutional methods train models to satisfy a Constitution
rather than a specific task, allowing the model to exhibit different behavior based on the chosen set of
principles during training. Different from prompting or fine-tuning, agent architectures further
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introduce the ability to compose model capabilities in addition to tools, memory, and planners,
providing additional design dimensions to steer behavior. Fine-tuning modifies the underlying
capabilities of the agent, whereas prompting configures agents and tools for the behavior and tool
usage of the agent.

New base models with better capabilities continue to be released periodically, which may make
existing fine-tuned models obsolete or change the relative strength of prompting strategies.
Organizations balance the cost of modifying the current model against the benefit of increased
flexibility when upgrading to a newer version. Parameter-efficient methods are helpful because they
increase flexibility while enabling customization. Understanding the historical progression of the
trade-offs conceptually prepares practitioners to adapt to specific methods as they proliferate in this
highly active area.

8. Conclusion

Whether to fine-tune or rely on prompt engineering is influenced by technicalities, cost
considerations, and desired outcome, and the two processes are not mutually exclusive and can be
combined. Prompt engineering makes it easier for researchers to evaluate and iterate over large sets of
tasks. This low barrier makes it worthwhile to use prompt engineering for applications that use
arbitrary input and output formats or that work across large collections of disparate tasks. However,
more advanced techniques such as chain-of-thought reasoning, tree-of-thought reasoning, and self-
consistency can achieve meaningful improvements without changing the model's parameters.

Fine-tune when the performance, stability, or exclusivity gain is worth the extra complexity, usually
when the performance and request volume are high. Recent parameter-efficient fine-tuning methods
like LoRA, prefix tuning, and adapters can make fine-tuning cheaper (90-95% savings) while still
allowing upgrades to future models to be straightforward. This has broadened the applicability of fine-
tuning to organizations that previously employed only prompting techniques. Applications in the
healthcare, legal, or financial industries may prefer fine-tuning for its more predictable and auditable
nature.

Organizations building applications need to develop principled approaches to reasoning about these
tradeoffs, as well as being able to respond as conditions change. The future will likely be a
combination of prompt engineering and fine-tuning, piecing together different threads in ways that
will allow for the continued development of reliable, adaptive, specialized AI. The organizations that
develop a mindset to treat prompting as any other technology choice with an evolving life cycle will
maximize their Al technology return on investment and remain flexible in responding to the fast-
paced evolution of Al technology.
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