
International Journal of Science, Strategic Management and Technology 
Volume 02 Issue 05 May-2026 | ISSN: 3108-1762 (Online) | Impact Factor: 3.8 

An International, Peer-Reviewed, Open Access Scholarly Journal Indexed in recognized academic databases 

 
© Author(s). This work is peer-reviewed, openly published, and permanently archived 
This article is openly accessible and reusable with proper attribution.     
https://ijsmt.org/ , Email: editor@ijsmt.org                                                                                                                                                                                             1 

 

Evaluating Automation in AI Content Generation: Role of Human Creativity 

in the Workflow 
 

Mr. Rachit Jain 

B.Tech (Information Technology) NIET, Greater 

Noida 

Dr. Ritesh Rastogi 

Head of Department (Information Technology) NIET, Greater Noida 

 

 

Abstract—The fast spread of generative artificial intelligence tools has 

changed the way digital content is produced, edited, and shared. 

Models such as large language models (LLMs) and diffusion-based 

image generators now allow people to create text, visuals, and even 

short videos in minutes. While this is impressive, a closer look at real 

workflows shows that automation alone rarely produces output that is 

ready to use without some human involvement. This paper studies how 

much of the content creation pipeline can really be automated and 

where human creativity still plays a deciding role. We propose a 

structured pipeline that includes input handling, prompt generation, 

model invocation, evaluation, and iterative refinement, and we 

compare it against a fully manual workflow on three content tasks: 

short articles, marketing posters, and explainer scripts. Metrics such as 

total time taken, number of iterations needed, and output consistency 

are measured across thirty trials. Our results show roughly a 58% time 

saving and reduced iteration count when automation is used, but the 

consistency of style and contextual correctness still depended heavily 

on human judgment during prompt design and review. Based on these 

findings, we argue that the most useful framing of generative AI is not 

full replacement but a partnership where humans drive intent and taste 

while machines handle scale and speed. 

Index Terms—generative AI, content automation, human-in-the-loop, 

large language models, prompt engineering, creative workflow, 

evaluation metrics 

I. INTRODUCTION 
 

A. Background 

Over the last few years generative AI has moved from a 

research curiosity to a regular part of how individuals and small 

teams produce content. Tools built on top of transformer 

models, like ChatGPT, Claude, and Gemini, can draft articles, 

summarise reports, or generate code, while diffusion models 

such as Stable Diffusion, Midjourney, and DALL-E produce 

images that would have taken a designer many hours to draw by 

hand [1], [2]. The shift is not limited to text and images; short 

video, voice cloning, and music generation are also growing 

quickly. Many startups now advertise “one-click” content 

pipelines for blogs, social media, and ads. 

This sudden capability brings a real question with it. If a 

model can write or draw most of what we need, where exactly 

does the human fit? The marketing for these tools often 

suggests that creative work can be automated end to 

end. In practice, anyone who has actually tried to ship AI-

generated content for a course assignment, a club poster, or a 

small business knows that the first output is rarely the final output. 

Prompts have to be tuned, results have to be filtered, and edits 

have to be done by hand. 

 

B. Problem Statement 

The core problem this paper addresses is that current discus-sions 

around AI content generation tend to swing between two 

extremes. One side claims that automation will soon replace 

human creators in most everyday content tasks. The other side 

argues that AI output is so generic that it cannot be trusted for 

serious work. Neither view fully matches what happens during a 

real session of producing content with these tools. There is a 

need to look at automation in a more measured way and to 

identify the parts of the workflow where human creativity is still 

doing meaningful work. 

 

C. Objectives 

The objectives of this work are: (i) to define a clear, reproducible 

pipeline for AI-assisted content generation; (ii) to compare this 

pipeline against a fully manual baseline using simple, observable 

metrics; (iii) to study how prompt iterations and human review 

affect quality; and (iv) to draw practical conclusions about where 

automation helps and where human input remains necessary. 

 

D. Contributions 

This paper makes three main contributions. First, it presents a 

structured pipeline that breaks the content generation process into 

stages that can be measured separately, instead of treating “AI 

output” as a single black box. Second, it provides a com-parative 

experimental setup between manual and automated workflows on 

three different task types, which captures both speed and quality 

dimensions. Third, it gives a section of practical observations 

from running this workflow ourselves, including the kind of small 

frustrations and surprises that usually do not appear in published 

papers but matter to anyone trying to use these tools seriously. 
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II. LITERATURE REVIEW 
 

The conversation about automation in creative work is not new, 

but the recent generation of large models has clearly moved the 

line. Brown et al. [1] introduced GPT-3 and showed that a single 

large language model could perform many tasks with only a 

few examples in the prompt. Their study set the foundation 

for what later became prompt engineering, although the paper 

itself focused mostly on benchmark perfor-mance rather than 

workflow design. A practical limitation of that work is that it 

does not address how non-experts should structure prompts in 

real applications. 

Rombach et al. [2] proposed latent diffusion models, which 

made high-quality image generation possible on consumer 

hardware. Their approach is now the basis of tools like Stable 

Diffusion. While the technical contribution is strong, the paper 

does not deeply discuss the iterative nature of using such 

models for design tasks; in practice, generating one usable 

image can take many tries. 

Liu et al. [3] surveyed prompting strategies for LLMs and 

grouped them into categories such as zero-shot, few-shot, and 

chain-of-thought. The survey is helpful for understanding the 

design space, but most of the techniques are evaluated on 

academic benchmarks (question answering, reasoning) rather 

than on creative tasks where “correct” is harder to define. 

Zhang et al. [4] studied human-AI co-creation in writing and 

reported that participants preferred AI suggestions when they 

could edit them rather than accept them as-is. This finding lines 

up with what we observed in our own trials, but their study was 

limited to short writing prompts and did not cover image or 

multimodal content. They also did not measure the time cost of 

editing, which we believe is an important practical metric. 

Oppenlaender [5] analysed the emerging culture of prompt 

engineering for image generation, discussing modifiers, styles, 

and quality boosters. The paper is descriptive and useful, but it 

stops short of formalising a workflow or comparing automated 

and manual production side by side. 

Bommasani et al. [6] provided a wide survey of foundation 

models and warned about issues like bias, hallucination, and 

homogenisation of output. Their concerns are important, but the 

paper is mostly conceptual; it does not give concrete metrics for 

content workflow evaluation. 

Chen et al. [7] looked at how creative professionals use AI tools 

and found that designers often treated AI outputs as “fast 

sketches” that needed reworking. This matches our finding that 

human refinement is still central, although their work was based 

on interviews rather than measured experiments. 

Across these works, two gaps stand out. First, most studies 

measure either model quality or user perception, but few com-

bine quantitative workflow metrics with qualitative human-in-

the-loop observations. Second, the role of human creativity at 

each pipeline stage is usually treated as a single “review” step 

instead of being broken down. This paper tries to fill those 

gaps. 

III. PROPOSED METHODOLOGY 

We define the AI content generation workflow as a pipeline of six 

connected stages: Input, Prompt Generation, AI Model 

Invocation, Output, Evaluation, and Refinement. Each stage can 

be either automated, manual, or shared between human and 

machine, and one of the goals of this paper is to identify where 

each kind of effort is most valuable. 

Input. The pipeline starts with a content request. This may be a 

topic for an article, a brief for a poster, or an outline for a script. 

In our experiments the input came from a fixed list of prompts 

so that comparisons stay fair. In practice the input itself is already 

a creative act because the way a request is framed influences 

everything that follows. 

Prompt Generation. The raw input is rewritten into a model-

friendly prompt. For text models this includes a role descrip-tion, 

the desired tone, the target length, and any constraints. For image 

models it includes subject, style, lighting, and quality modifiers. 

We used a small template library here, but the templates were 

originally written by hand based on what worked during pilot 

runs. 

AI Model Invocation. The prompt is sent to a generative model. 

We used a recent LLM for text tasks and a diffusion model for 

image tasks [2]. Default parameters were used unless a particular 

task required adjustment, in which case the change was logged. 

Output. The model returns one or more candidate outputs. The 

system stores them with metadata such as prompt ver-sion, model 

parameters, and timestamps. This stage is fully automated. 

Evaluation. Outputs are checked against a short rubric: factual 

correctness (for text), visual quality (for images), and alignment 

with the original request. We used both automatic checks (length, 

banned words, basic style cues) and a human reviewer. The 

human reviewer is unavoidable for tasks where quality is 

subjective. 

Refinement. If the evaluation flags problems, the workflow loops 

back to Prompt Generation with notes about what to change. 

We capped the loop at five iterations to keep experiments 

manageable. 

The design is deliberately simple. We chose this structure because 

more complex pipelines, with separate critic models or 

reinforcement learning loops, made experiments harder to 

reproduce and did not always improve final quality in our pilots. 

Automation Levels in the Pipeline 

Each stage of the proposed pipeline can be categorized based on 

the level of automation involved. This classification helps in 

understanding where human input is essential and where 

automation provides maximum benefit. 

The Input stage is primarily human-driven, as it involves defining 

the intent and context of the content. The Prompt 
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Generation stage is semi-automated, where templates assist in 

structuring prompts, but human creativity is required to refine 

tone and constraints. 

The AI Model Invocation and Output stages are fully 

automated, where the system generates content without manual 

intervention. However, the Evaluation stage is semi-automated, 

combining automatic checks with human judgment to ensure 

quality and relevance. 

Finally, the Refinement stage is iterative and human-influenced, 

as feedback is incorporated to improve output quality. This 

classification highlights that while automation accelerates 

content generation, human involvement remains critical in 

defining intent and ensuring quality. 

IV. SYSTEM ARCHITECTURE 

Figure 1 shows the overall architecture of the proposed 

pipeline. The diagram highlights both the automated path (solid 

arrows) and the points where human input enters the loop 

(dashed arrows). 
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Fig. 1. Automated Content Generation Pipeline with Human-in-the-Loop 

touchpoints. 

 

The two human touchpoints are placed at the start and mid-dle 

of the pipeline. At the start, the human shapes intent; at the 

middle, the human acts as a quality gate before final delivery. 

Everything else, including model calls, output storage, and 

basic checks, runs without manual effort. We found this layout 

struck a good balance between speed and control. 

V. EXPERIMENTAL SETUP 

To compare the manual and automated workflows we ran a 

controlled study with three content categories. Each category 

had ten tasks, giving a total of thirty trials per workflow. 

Tasks. The categories were: short technical articles of around 

500 words, single-page marketing posters with a headline 

and supporting text, and two-minute explainer video scripts. 

These tasks were chosen because they cover text-only, image-

heavy, and structured-narrative content respectively, which are 

common student and small-business needs. 

Manual workflow. A human author wrote text from scratch using 

only basic tools (a word processor and a search engine for facts). 

For posters, the same author used a free graphic editor and stock-

style icons. No generative AI was used in this baseline. 

Automated workflow. The same human acted as the operator of the 

proposed pipeline. They supplied the input and reviewed outputs, 

but did not write or draw from scratch. Text was produced by an 

LLM, and posters used a diffusion model with simple text overlay 

added afterwards. 

Hardware and tools. Experiments ran on a laptop with 16 GB 

RAM. API-based models were used for text, and a locally hosted 

Stable Diffusion model was used for images. Each session was 

timed using a stopwatch app, and prompt iterations were logged in 

a spreadsheet. 

Metrics. Three metrics were tracked for each task: 

1) Time taken (minutes): from receiving the brief to a deliverable 

judged acceptable by the reviewer. 

2) Number of iterations: how many times the prompt was 

rewritten or the output regenerated before acceptance. 

3) Output consistency: a 1–5 score given by an independent 

reviewer who compared multiple outputs from the same brief and 

judged how close they were in tone and style. 

To reduce bias the independent reviewer did not know which 

workflow produced which content. We acknowledge that thirty 

trials is a modest sample and that a single reviewer adds 

subjectivity, but we believe the results are still informative as a 

starting point. 

 

VI. RESULTS AND ANALYSIS 

Table I summarises average performance across the three task 

types. The automated workflow is faster in every category, with the 

largest gain on poster tasks where drawing from scratch is slow. 

The smallest gain is on technical articles, where the human still 

spent significant time fact-checking the model output. 

 
TABLE I 

COMPARISON OF MANUAL AND AUTOMATED WORKFLOW 

 

Task Workflow Time 

(min) 

Iter. Cons. 

(1–5) 

Article Manual 72 2 4.4 

Article Automated 31 4 3.7 

Poster Manual 95 3 4.1 

Poster Automated 28 6 3.4 

Script Manual 58 2 4.2 

Script Automated 26 3 3.9 

Input 

(Topic / Brief) 

 

Prompt 

Generation 

Human 

Intent 

AI Model 

Output 

Evaluation 

(Auto + Human) 
Human 

Review 

Final 

Content 
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Fig. 2. Manual vs Automated Workflow Time Comparison 

Table II breaks down where time is spent in each pipeline stage 

for the automated workflow. Prompt design and evalu-ation 

together account for almost half of the total time, even though 

the model calls themselves are nearly instant. This is the part 

that surprised us most: the human cost did not vanish, it just 

moved. 
TABLE II 

TIME DISTRIBUTION ACROSS PIPELINE STAGES (AUTOMATED) 

 

Stage Avg. Share of Time (%) 

Input framing 8 

Prompt generation 22 

Model invocation 5 

Output handling 6 

Evaluation 26 

Refinement loops 33 

 

The graphical comparison further emphasizes the differ-ences 

between manual and automated workflows. It can be observed 

that automated methods significantly reduce the time required 

across all task categories. The most substantial im-provement is 

seen in poster generation, where manual design efforts are 

typically high. 

However, the graph also highlights that while time efficiency 

improves, the number of iterations required in automated 

workflows is higher. This indicates that although generation is 

faster, achieving the desired output still depends on prompt 

refinement and evaluation. Evaluating generated outputs, es-

pecially for subjective quality, remains a known challenge in 

generative systems [3]. 

These findings suggest that automation does not eliminate 

effort but redistributes it. Instead of spending time on initial 

content creation, users invest more effort in refining prompts 

and evaluating outputs, which aligns with the human-in-the-

loop approach proposed in this study. 

Three observations come out of these numbers. First, au-tomation 

reduces total time by about 58% on average across the three 

categories, which is meaningful but smaller than what tool 

advertisements often suggest. Second, the number of iterations in 

the automated workflow is higher, especially for posters; the 

model rarely got a complex visual right on the first try. Third, 

the consistency score for automation is lower, mostly because two 

outputs from the same brief could differ in tone or composition. 

None of these findings rule out automation, but they do show its 

real shape. 

When task type is considered, articles benefit moderately from AI 

because drafting is fast but verification stays slow. Posters benefit 

the most in raw time because manual graphic design is genuinely 

time-consuming. Scripts sit in between; the structure of an 

explainer script is repetitive enough that an LLM handles it well, 

while the human focus shifts to checking factual claims and 

tightening pacing. 

VII. DISCUSSION 

The numbers tell part of the story; using the workflow tells 

the rest. Automation works very well for tasks where the 

requirement can be expressed clearly and where there is a 

known good shape for the output. Article drafts, list-style 

posts, summaries, and template-driven posters are good examples. 

In these cases, the model can take a short prompt and produce 

something that needs only light editing. These capabilities are 

enabled by large-scale language models [1] and foundation model 

architectures [6]. 

Automation struggles when the task involves taste, brand-specific 

style, or facts that the model has not seen. We observed that posters 

for niche topics often produced visually pleasing but contextually 

wrong results: a neat poster about a campus event would feature 

foreign-looking buildings, or a script for a local audience would 

slip into generic American examples. These are not bugs in the 

model so much as gaps that only a human reviewer can notice 

quickly. 

Human creativity remains essential in three places. The first is 

intent setting, where a person decides what story to tell and why. 

The second is taste judgment during evaluation, since automatic 

checks cannot tell whether a paragraph feels lively or flat. The 

third is integration, where outputs from different stages have to fit 

together into a coherent final product. Treating any of these as a 

thin wrapper around the model led to weaker results in our 

trials. 

It is also worth saying that the human role is different from what it 

was without AI. Less time is spent producing first drafts and more 

time is spent shaping prompts and curating outputs. Some of this 

shift is satisfying; some of it can feel mechanical. A useful future 

research direction may be to design tools that make prompt 

iteration feel more like editing a document than guessing at an 

oracle. 

An important insight from this study is the shift in cognitive effort 

caused by automation. In traditional workflows, most 
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effort is spent on generating the first draft of content. However, 

in AI-assisted workflows, this effort shifts toward prompt 

design, output evaluation, and iterative refinement. 

This shift has practical implications. While automation re-duces 

physical effort and time, it increases the need for critical 

thinking and decision-making. Users must carefully design 

prompts, interpret outputs, and identify subtle inconsistencies 

that automated systems may overlook. 

Therefore, rather than replacing human creativity, automa-tion 

transforms the role of the user from a creator to a curator and 

evaluator. This transition highlights the importance of 

developing tools that better support human-AI collaboration. 

VIII. PRACTICAL OBSERVATIONS FROM REAL 

WORKFLOW 

Running the experiments brought up several smaller details that 

did not fit neatly into the metrics but felt important enough to 

record. This behavior aligns with known prompting patterns 

discussed in prior studies [3]. 

The first was that prompts almost never worked the same way 

twice without being saved and reused. Early in the study we 

wrote prompts on the fly and were surprised to find that the next 

day we could not reproduce a result we liked. After that we kept 

a simple text file with versioned prompts, which alone made the 

workflow feel more professional. This is something most blog 

tutorials skip over, but in our experience it was one of the 

biggest practical wins. 

The second observation was about consistency between 

outputs. For a series of three posters meant to look like a 

campaign, the diffusion model produced three good posters 

that did not feel like a set. Style modifiers helped, but only 

after about four or five rounds of trial and error. We eventually 

settled on locking a base style description and varying only the 

content; this is obvious in hindsight but took time to discover. 

A third detail involved how easily the model writing could 

mislead a tired reader. Late at night, AI-generated paragraphs 

that read smoothly were sometimes accepted without enough 

checking. Twice we found small factual errors on a second-

day review. This pushed us to add a habit of reviewing AI 

text only with fresh eyes, ideally after a short break. It is not a 

technical fix, but it changed our acceptance rate in a real 

way. 

We also noticed that the model behaved differently depend-ing 

on how the request was phrased, even when the meaning 

seemed the same. Asking for “a short, friendly explanation” 

gave a different output from “explain in a casual tone in under 

200 words,” and switching between them sometimes produced 

surprisingly different facts. This made us value structured 

prompts where every constraint was written out, even at the 

cost of being slightly verbose. 

Finally, there was the question of when to stop iterating. We 

initially kept refining outputs because it felt like one more try 

might give something better, but we noticed diminishing 

returns after the third or fourth iteration. Setting a hard cap helped 

us deliver tasks on time without sacrificing too much quality. This 

kind of discipline is something the model will not enforce; it has 

to come from the human. 

These observations are small but, taken together, they shaped how 

we ended up using the pipeline. They also support the broader 

argument that automation does not remove craft from content 

production; it relocates the craft into prompt design, review, and 

judgement. 

 

IX. LIMITATIONS 

This study has several limitations that are worth being upfront 

about. The sample size of thirty tasks per workflow is enough to 

spot trends but not large enough for strong statis-tical claims. 

Only one human operator and one independent reviewer were 

involved, so personal style and rating bias may affect the 

consistency scores. The set of models was also fixed; newer or 

larger models may shift the time and quality numbers. We did not 

explore long-form content like full reports or full videos, where 

the role of human structure may be even more important. Finally, 

the pipeline used simple evaluation rules; more advanced 

automatic evaluation, including model-based critics, was outside 

the scope of this paper. 

 

X. FUTURE SCOPE 

There are several directions that build naturally on this work. One 

is to test the pipeline with multiple operators of different skill 

levels to understand how prompting expertise affects time and 

quality. Another is to add a memory component so that the 

system learns reusable prompt patterns from past projects, similar 

to how a designer builds a personal style library. A third direction 

is to explore tighter integration between text and image generation 

so that style cues flow between modalities without manual copy-

paste. Finally, the evaluation step could include lightweight 

model-based critics for first-pass filtering, as long as the final 

judgement stays with a human reviewer. We expect that the broad 

finding, that automation reshapes rather than removes the human 

role, will continue to hold even as the tools improve. Another 

promising direction is the integration of adaptive prompt systems 

that learn from user preferences over time. Such systems can 

reduce the number of iterations required by automatically refining 

prompts based on previous interactions. 

Additionally, future research can explore multimodal inte-gration, 

where text, image, and video generation systems work cohesively 

within a unified pipeline. This would enable more consistent 

outputs across different types of content. 

There is also potential in developing intelligent evalua-tion 

systems that combine rule-based checks with machine learning-

based scoring. While full automation of evaluation may not be 

feasible, such systems can assist human reviewers in making 

faster and more accurate decisions. 
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XI. CONCLUSION 

To better understand the differences between traditional and AI-assisted workflows, it is useful to compare their structure. In a manual 

workflow, the process is linear, where a human performs all tasks sequentially, including drafting, editing, and finalizing content. 

In contrast, the AI-assisted workflow is iterative and collab-orative. The human provides input and evaluates outputs, while the AI 

handles generation. This creates a loop of continuous refinement rather than a one-time process. 

This comparison highlights that AI does not replace the workflow but restructures it into a more dynamic and inter-active process. 

Such workflows are more efficient but require users to adapt to new roles and responsibilities. This paper looked closely at the 

question of how much of AI content gen-eration can really be automated. We proposed a structured six-stage pipeline, compared it 

against a fully manual workflow on three task types, and measured time, iterations, and consistency across thirty trials. The automated 

workflow was clearly faster, especially for visually heavy tasks, but it relied on human input at the points of intent setting and quality 

review. It also pushed effort from drafting into prompt design and evaluation, which means the work changed shape rather than 

disappearing. Our conclusion is straightforward: generative AI is a strong partner for content creators, not a replacement for them. The 

most useful workflows will be those that respect this partnership and design tooling around it, instead of pretending that one click is 

enough. This supports the idea of human-AI collaboration highlighted in prior research [4]. 
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