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Abstract : 

Artificial Intelligence (AI) systems are predominantly evaluated using quantitative 

performance metrics such as accuracy, precision, recall, and F1-score. While these metrics 

are effective for benchmarking models in controlled environments, they often fail to reflect 

the actual usefulness of AI systems in real-world deployments. Many AI applications 

demonstrate high accuracy during testing but perform unreliably when exposed to dynamic, 

noisy, and unpredictable real-world conditions. This paper presents a detailed study on the 

disparity between AI accuracy and real-world usefulness. Through theoretical analysis, case 

studies, and experimental observations, the paper highlights why accuracy-centric evaluation 

leads to misleading conclusions about system effectiveness. Furthermore, human trust, 

interpretability, robustness, and contextual relevance are analyzed as key components of 

real-world usefulness. The study concludes by proposing evaluation strategies that extend 

beyond accuracy metrics toward human-centered and deployment-aware assessment 

frameworks. 

Keywords : Artificial Intelligence, Accuracy Metrics, AI Evaluation, Real-World 

Deployment, Human-Centred AI. 

----------------------------------------------------------------------------------------------------------------

Introduction : 

Artificial Intelligence has transitioned from academic research to widespread real-

world adoption across multiple domains such as healthcare, finance, e-commerce, education, 

and autonomous systems[1]. Machine learning models power applications including 

recommendation engines, chatbots, fraud detection systems, and predictive analytics 

platforms. As AI systems become more integrated into decision-making processes, their 

evaluation becomes increasingly critical [2]. 

Accuracy has traditionally been the primary metric used to assess AI system 

performance. High accuracy is often interpreted as a sign of model reliability and readiness 

for deployment. However, real-world failures of AI systems with impressive benchmark 

scores suggest that accuracy alone is insufficient. Systems with high accuracy often fail due 

to poor generalization, lack of robustness, and inability to handle edge cases[3]. 

https://doi.org/10.63665/rh.v7i2.77
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This paper argues that accuracy-centric evaluation provides an incomplete and 

sometimes misleading picture of AI system performance. The research aims to analyze the 

fundamental gap between AI accuracy and real-world usefulness, identify contributing 

factors, and propose more holistic evaluation approaches [4]. 

The contributions of this paper are: 

i. A detailed analysis of limitations of accuracy-based metrics. 

ii. A conceptual framework for defining real-world usefulness. 

iii. Case studies illustrating real-world failures of high-accuracy AI systems. 

iv. Recommendations for evaluation beyond traditional accuracy metrics. 
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III. AI accuracy  metrics: a technical  review : 

AI accuracy metrics are quantitative measures used to evaluate the correctness of 

model predictions on labelled datasets. These metrics form the foundation of machine 

learning research and benchmarking. 

A. Accuracy : 

Accuracy is the most widely used and intuitively understood metric for evaluating 

artificial intelligence and machine learning models. It represents the proportion of correct 

predictions made by a model out of the total number of predictions. Due to its simplicity, 

accuracy is often the first metric reported in AI research papers and benchmark evaluations 

[5]. 

Mathematically, accuracy is defined as: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

where TP represents true positives, TN represents true negatives, FP represents false 

positives, and FN represents false negatives[10]. 

In controlled experimental settings, accuracy provides a quick and convenient way to 

compare different models trained on the same dataset. High accuracy is commonly 

interpreted as an indicator of model reliability, leading to the assumption that such models are 

suitable for deployment. However, this assumption is often misleading[6]. 

One major limitation of accuracy is its inability to reflect class imbalance. In many 

real-world datasets, one class significantly outnumbers others. For example, in fraud 

detection systems, fraudulent transactions may represent less than one percent of all 

transactions. In such cases, a model that predicts all transactions as non-fraudulent can 

achieve very high accuracy while being completely ineffective in identifying actual fraud 

cases. 

Another critical issue with accuracy is its dependence on static test datasets. Accuracy 

is typically measured on carefully curated and labelled datasets that do not reflect real-world 

conditions such as noisy inputs, incomplete data, adversarial manipulation, or changing 

environments. As a result, models may achieve high accuracy during evaluation but 

experience significant performance degradation after deployment[7]. 



RESEARCH HUB 
International Peer-Reviewed Multidisciplinary E-Journal 

Website : www.researchhub.org.in/research-hub                  !!                  Email : researchhubjournal@gmail.com 

Published In Collaboration With 
                                                                          Nabira Mahavidyalay, Katol                                                                                                        

                           INTERNATIONAL CONFERENCE ON ARTIFICIAL INTELLIGENCE & THE FUTURE OF SOCIETY  Page-517 

Volume-7 (2026) 
Special Issue-2 (March) 

ISSN 

2582-9173 

 

In summary, while accuracy remains a useful metric for initial model evaluation and 

comparison, it provides an incomplete and sometimes deceptive assessment of real-world 

performance. Relying solely on accuracy can lead to overconfidence in AI systems that are 

poorly suited for deployment. Therefore, accuracy should be treated as a baseline metric 

rather than a definitive measure of AI system effectiveness[8]. 

B. Precision and Recall : 

Precision and recall are evaluation metrics that provide a more detailed view of 

classification performance than accuracy, especially in scenarios involving class imbalance or 

unequal error costs[9]. 

Precision measures the correctness of positive predictions and is defined as: 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

    High precision indicates that the model produces fewer false positives, making it 

suitable for applications where incorrect positive predictions are costly, such as spam filtering 

or financial fraud detection[10]. 

Recall, also known as sensitivity, measures the model’s ability to identify all actual positive 

instances and is defined as: 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

  High recall is critical in domains where missing a positive instance can lead to serious 

consequences, such as medical diagnosis or safety monitoring systems[10]. 

Precision and recall often exhibit a trade-off, where improving one may degrade the 

other. The appropriate balance between them depends on application-specific requirements. 

However, despite offering better insight than accuracy alone, both metrics remain limited to 

statistical evaluation and do not account for real-world factors such as user trust, contextual 

relevance, or system robustness[11]. 

C. F1-Score : 

The F1-score is a composite evaluation metric that combines precision and recall into 

a single value. It is particularly useful when a balance between false positives and false 

negatives is required, and when class distributions are imbalanced. The F1-score is defined as 

the harmonic mean of precision and recall[10]: 

𝐹1 = 2 ×
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑅𝑒𝑐𝑎𝑙𝑙

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑅𝑒𝑐𝑎𝑙𝑙
 

  Unlike arithmetic averaging, the harmonic mean penalizes extreme values, ensuring 

that the F1-score is high only when both precision and recall are reasonably strong. As a 

result, the F1-score provides a more balanced assessment of classification performance 

compared to accuracy alone[13]. 
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Despite its advantages, the F1-score remains a purely statistical metric. It does not 

account for contextual importance, varying error costs, or the real-world impact of incorrect 

predictions. Two models with identical F1-scores may behave very differently when 

deployed, particularly in dynamic or high-risk environments[14]. 

Therefore, while the F1-score is widely used for model comparison and 

benchmarking, it should be interpreted alongside other evaluation measures and real-world 

testing to accurately assess AI system usefulness. 

D. Limitations of Accuracy Metrics : 

Despite their usefulness, these metrics have inherent limitations: 

i. They assume static data distributions. 

ii. They ignore real-world noise and uncertainty. 

iii. They fail to represent user satisfaction and trust. 

iv. They do not consider the cost of errors. 

IV. Defining real-world usefulness : 

Real-world usefulness refers to how effectively an AI system performs its intended 

task in practical deployment conditions. Unlike accuracy, usefulness is multidimensional and 

context-dependent[15]. 

A. Key Dimensions of Usefulness : 

i. Robustness : Ability to handle noisy or unexpected inputs 

ii. Reliability : Consistent performance over time 

iii. Interpretability : Transparency of decision-making 

iv. User Trust : Confidence users place in AI outputs 

v. Context Awareness : Understanding real-world conditions 

B. Accuracy vs. Usefulness : 

Accuracy and real-world usefulness evaluate AI performance from different 

perspectives. Accuracy measures how often a model produces correct predictions on test data, 

while usefulness reflects how well the system performs in practical deployment 

conditions[16]. 

Accuracy treats all errors equally, whereas usefulness depends on the real-world 

impact of those errors. In many applications, a small number of critical mistakes can 

significantly reduce user trust, regardless of overall accuracy. 

Therefore, accuracy should be viewed as a baseline evaluation metric, while real-

world usefulness requires broader consideration of reliability, context, and user interaction. 

V. The accuracy–usefulness gap : 
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The divergence between AI accuracy and real-world usefulness arises due to multiple 

systemic and practical factors. While accuracy metrics evaluate performance under controlled 

conditions, real-world deployment exposes AI systems to diverse, dynamic, and human-

centered environments. As a result, models that achieve high benchmark accuracy often fail 

to deliver consistent and reliable performance in practice[17]. 

A. Dataset Bias and Representation : 

Training datasets used for AI models are often limited in scope and fail to represent 

the full diversity of real-world conditions. Such datasets may contain hidden biases related to 

demographics, behaviour patterns, environmental conditions, or data collection methods. As a 

result, models trained on these datasets perform well on familiar patterns but fail when 

exposed to unseen or underrepresented scenarios[18]. 

 

Figure 1 : (A) 

 

Figure 1 : (B) 
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Figure 1 : (C) 

Figure 1 (A), (B), (C) Illustration of limited training data representation compared to diverse 

real-world data distributions.[8] 

B. Distribution Shift : 

Distribution shift refers to changes in the statistical properties of input data between 

training and deployment phases. Real-world data evolves over time due to changes in user 

behaviour, external conditions, or system usage patterns. Accuracy metrics assume static data 

distributions, an assumption that rarely holds in practice. 

Even minor shifts in data distribution can degrade model performance, leading to 

incorrect predictions and reduced reliability. Models may retain high historical accuracy 

while becoming progressively less useful in current deployment contexts[19]. 

 
Fig. 2. Conceptual representation of data distribution shift between training and deployment 

phases.[4] 

C. Overfitting to Benchmarks : 

Many AI models are optimized to achieve superior performance on standardized 

benchmark datasets. While this practice improves comparability across research studies, it 

often encourages overfitting to specific datasets rather than robust generalization. 
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Benchmark-focused optimization can produce models that perform exceptionally well in 

evaluation settings but struggle when deployed in real-world environments that differ from 

benchmark conditions. This results in inflated accuracy scores that do not reflect practical 

usefulness[20]. 

D. Human Expectations : 

Human interaction plays a critical role in determining AI system usefulness. Users 

expect AI systems to behave consistently, logically, and transparently. Even when overall 

accuracy is high, a single high-impact error can significantly reduce user trust. 

Accuracy metrics do not capture human perception, emotional response, or tolerance 

for errors. Users often value predictability and explainability over marginal improvements in 

accuracy. Consequently, systems that fail to align with human expectations may be rejected 

despite strong quantitative performance[21]. 

 

Fig. 3. Illustration of rapid user trust degradation following a critical AI system error [6]. 

VI. Case studies : 

A. Chatbots : 

Chatbots often score high accuracy in intent classification but fail to maintain multi-

turn conversational context. This results in irrelevant responses and reduced user satisfaction. 

B. Recommendation Systems : 

Recommendation engines optimize click-through rates but may create repetitive 

suggestions, leading to user disengagement despite high prediction accuracy. 

C. Fraud Detection Systems : 

High accuracy fraud detection models may generate excessive false positives, 

blocking legitimate transactions and frustrating users[17]. 

VII. Experimental observation : 

A simple classification model was trained on a clean dataset and evaluated under  
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controlled conditions. When tested with noisy and slightly modified inputs, accuracy dropped 

marginally, but user-impacting errors increased significantly[15]. 

Table I: Accuracy vs User Impact 

 Accuracy (%)  User Errors Usefulness 

Clean Data 92.2 4.8 High 

Noisy Data 86.7 16.3 Low 

This demonstrates that minor accuracy drops can correspond to major usability failures[3]. 

 

Graph 2 : Comparison of Accuracy vs Userables for Clean data and Noisy data[5] 

VIII. Human factors and trust : 

Human interaction plays a crucial role in AI usefulness. 

A. Trust Collapse : 

Users lose trust rapidly after encountering a major AI error, regardless of overall 

accuracy. 

B. Explainability : 

Transparent explanations improve acceptance and perceived usefulness. 

IX. Beyond accuracy: improved evaluation methods : 

A. Human-in-the-Loop Evaluation : 

 Incorporating user feedback provides realistic performance assessment. 

B. Stress and Edge-Case Testing : 

Evaluating models under extreme conditions improves robustness. 

C. Context-Aware Metrics : 

Metrics should reflect deployment environments and user expectations. 
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X. Challenges and limitations : 

• Subjectivity of usefulness 

• Cost of real-world evaluation 

• Trade-offs between performance and interpretability 

Conclusion : 

This paper examined the critical gap between AI accuracy and real-world usefulness, 

highlighting why accuracy-based evaluation alone is insufficient for assessing AI system 

performance after deployment. While accuracy, precision, recall, and F1-score remain 

valuable for benchmarking models in controlled environments, they fail to capture essential 

real-world factors such as robustness, contextual reliability, human trust, and the cost of 

errors. Future research should focus on developing standardized evaluation frameworks that 

integrate accuracy with human-centered and deployment-aware metrics. This includes 

robustness testing under dynamic conditions, continuous post-deployment monitoring, user 

trust assessment, and explainability-driven evaluation methods. Incorporating these 

dimensions will enable the design of AI systems that are not only accurate but also reliable, 

trustworthy, and genuinely useful in real-world applications. 
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