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Abstract 

This survey paper studies the breakthrough improvements of artificial intelligence (AI) algorithms 

for improved forecast in diverse fields. The paper reviews how changes in traditional AI 

frameworks have resulted in significant gains with respect to prediction accuracy, computational 

efficiency and dynamic environmental accommodation. By meta-analysing recent works, we 

highlight which algorithmic alterations have shown to be most effective, such as hybrid model 

architectures, attention mechanisms, (multi-)task/trans-fer learning methodologies and 

interpretability improvements. Our results suggest that these changes have collectively tackled 

long-standing issues in forecasting, including the management of non-stationary data, the 

representation of complex temporal patterns, and the measurement of uncertainty. The paper also 

examines methodological trends across 87 papers between 2018 and 2024, concluding that there 

is a rising attention to ensemble methods and self-adaptive algorithms. We close by briefly 

proposing new research trends and unexploited opportunities for enhancing AI forecasting 

approaches to enable a high adaptation to the specific domain, as well as to make use of causal 

inference techniques to push the field ahead. 

Keywords: Artificial Intelligence, Forecasting Algorithms, Time Series Prediction, Algorithm 

Modifications, Ensemble Methods. 

1. Introduction 

1.1 Evolution of AI in Forecasting 

Introduction Prediction problems related to artificial intelligence have evolved rapidly over the 

last decade. Traditional forecating strategies such as statistical methods ( e.g. ARIMA and 
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exponential smoothing) are more often being complemented or replaced by AI-powered solutions. 

The progression from simple neural nets to fire-breathing deep learning machines is a game 

changer in how we think about making predictions. First generation neural network 

implementations for prediction, although meant a breakthrough, suffered from problems like 

over-fitting, vanishing gradients, and lack of capability to learn long-term dependencies in time 

series data. Recent algorithmic changes having systematically overcome these issues and 

advances now deliver dramatically improved forecast performance across a variety of domains 

including finance, weather forecast, demand planning, and health. 

1.2 Current Challenges in AI-Based Forecasting 

However, several issues remain that prevent AI forecasting systems from fully optimizing their 

performance. These challenges encompass the management of heterogeneous data sources, dealing 

with concept drift in non-stationary environments, trading-off model complexity and 

interpretability, and providing measures of uncertainty in the prediction. There are also domain-

specific challenges involved in the application of general-purpose models to specialized 

forecasting tasks. For example, predicting financial markets requires algorithms to identify faint 

market signals from noisy data, whereas epidemiological prediction needs models that can handle 

complex social forces and scant historical data about new diseases. These limitations have driven 

researchers to find specific algorithmic adaptations that will increase the robustness and the 

applicability of AI forecasting systems. 

1.3 Scope and Objectives of the Review 

The goal of this review is to systematically review the literature on changes to algorithms which 

have specifically shown to increase prediction and forecasting performance. In particular, we 

consider innovations published between 2018 to 2024, a recent period that has seen fast-paced 

development of deep learning architectures, and their application to prediction tasks. Specifically, 

the key goals of this review are threefold: (1) to organize and structure the most influential 

algorithmic techniques for forecasting, (2) to assess the extent and strength of empirical evidence 

supporting these techniques across a wide range of forecasting domains, and (3) to identify new 
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directions and underexplored research opportunities. By aggregating findings across studies, this 

review thereby offers researchers and practitioners a collective view on the state of AI forecasting 

algorithms, and in addition, the possible paths for enhancement of these. 

2. Survey of AI Algorithm Modifications 

The space of AI algorithm changes for prediction has grown significantly larger, with 

developments being made on multiple fronts. Temporal convolutional networks (TCN) constitute 

a powerful alternative to recurrent architectures, providing computationally efficient and 

parallelized operations as well as the flexibility of receptive fields that enable learning of multi-

scale patterns within temporal data. Liu et al. [1] 1 TCNs for forecasting have been shown in [1] 

to have 15-20% lower error rate than LSTMs on a variety of benchmarks. Attention mechanisms 

have transformed sequence learning by allowing modeling to selectively attend to relevant data 

points in history. The transformer architecture has seen a transfer of paradigm from its foundations 

in natural language processing to forecasting with great success, as demonstrated by the Informer 

[2] and Autoformer [3] models that are able to outperform the previous traditional models in long-

sequence forecasting. The work in hybrid architectures combining the best of a variety of 

algorithms is also an important direction. Wang and Chai [4] proposed a hybrid model of wavelet 

decomposition and deep residual network, and the model outperforms the other models in 

electricity load forecasting by separating the trend from the stochastic fluctuations. Ensemble 

methods such as hybrid gradient-boosted models have similarly been popular in financial 

prediction. Zhang et al. [5], which presented a multi-level attention network for deep learning for 

text-based prediction in addition to classic econometric modeling and showed a 23% reduction in 

prediction error relative to “pure” deep learning methods. "Interpretability improvements are 

another important direction to modify the algorithm. Explainable AI has been introduced to 

forecasting systems via methods such as attention visualization, integrated gradients and SHAP 

values. Chen and Taylor [6] utilised interpretable neural forecasting models in predicting retail 

demand, and found that explanation led to trust and adoption by business users. We have also seen 

the rise of physics-informed neural networks as an effective method for scientific and engineering 

prediction tasks, forcing predictions to satisfy known physical laws. For weather and climate 
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predictions, such models have indeed demonstrated promising results, in which they can 

outperform data-fed models when the amount of training data is scarce. 

3. Methodology 

3.1 Selection Criteria and Analytical Framework 

This review systematically identified, appraised, and synthesized studies of AI algorithm 

adjustments applied for prediction. We defined strict inclusion criteria in order to focus only on 

peer-reviewed papers from the period 2018 to 2024, regarding algorithmic changes that led to 

measurable improvements of forecasting performance. The first search in the electronic libraries 

— IEEE Xplore, ACM Digital Library, Science Direct, and arXiv — retrieved 412 potentially 

relevant papers. Eighty-seven papers were identified for full review, following the application of 

our inclusion criteria and deduplication. We applied a multi-dimensional analysis framework to 

classify and evaluate these studies, regarding: (1) the kind of algorithmic change; (2) the 

application area; (3) performance measurements and benchmarks; (4) computational requirements; 

and (5) limitations mentioned by the authors. Such a framwework made it possible to make a 

systematic comparison between studies and to discover some regularities in the history of 

forecasting methods. 

3.2 Meta-Analysis Procedures 

We compared the amount of performance improvement observed in our own studies and other 

recent studies to quantitative the effect of algorithmic changes. We standardized evaluation metrics 

in order to compare across impact at the study level. We converted different error metrics (RMSE, 

MAE, MAPE) to percentage improvement over baseline model(s). In each type of algorithmic 

variant, we have average weighted performance changes, weighted by methodological quality, 

sample size, and number of benchmarks. This method showed that attention-based changes 

delivered the best average improvement (27.3%), then ensemble techniques (21.8%), hybrid 

models (19.5%) and specialized loss (14.2%). We also investigated the time to the improvement 

of performance, finding the accelerated improvement in several (sub-)fields (financial 

https://jetjournal.us/


UGC CARE  I 

 

Journal of East-West Thought 

ISSN: 2168-2259 (online) 
(https://jetjournal.us/) 
Volume 14, Issue 3 – Sep 2024 

 

Copyright ©  | JET Network, All Rights Reserved 

 

 

 

856 

forecasting, renewable energy prediction), but observing plateau and saturation of improvements 

in couple other subdomains (retail demand forecasting). 

 

3.3 Qualitative Analysis Approach 

In addition to our quantitative meta-analysis, we also explored emergent themes and 

methodological advances through a qualitative analysis. This required reading closely for selected 

articles, thematic coding of descriptions of algorithms, and the synthesis of difficulties and 

constraints as identified by authors. We observed common trends and patterns in development 

trajectories across algorithms, such as gradual inclusion of domain knowledge in model 

architectures and greater focus on models’ robustness with a diversity of data conditions. Our 

qualitative results brought to light significant differences in evaluation methodologies, including 

non-uniform benchmarch to measure some of the algorithmic contributions. To overcome this 

limitation, we present a standardised approach for the classification of algorithm modifications in 

terms of their underlying principle rather than their detailed appearance in the algorithm code, 

which makes it more comparable between studies with varying evaluation settings. 

4. Critical Analysis of Past Work 

However, as AI forecasting research has made these contributions, assessing the quality of AI 

stock forecasting algorithms reveals remaining limitations via critical review. First, there is an 

unsettling gap between theoretical algorithmic advances and practical deployment issues. While 

the impressive performance improvements on benchmark datasets have been well documented, 

however, various publications did not systematically study computational efficiency, sensitivity to 

hyper-parameters and data preprocessing needs which are all crucial in the use in real-world 

applications. For example, the transformer-based models in Li et al. [7] reported state-of-the-art 

accuracy in energy consumption forecasting, but were computationally intensive and needed 

careful tuning, which made them hardly applicable in energy management systems. Second, 

evaluation protocols from one study to another suffer from worrying inconsistencies which hinder 

meaningful comparison of algorithmic changes. Different types of performance metric, time 
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horizons of forecasting and benchmark models are widely used in comparative experiments 

without good reasons, which may generate biased comparison results concerning the relative 

performance of different algorithms. We found, however, that only 31% of studies reported using 

thorough evaluation protocols, with the use of multiple measures, various test conditions, and 

accurate statistical significance testing. This procedural inconsistency prevents the field from 

discovering algorithmic techniques that are genuinely better. 

Moreover, most research improperly considers the key problem of the model robustness under 

various data regimes. Though algorithms show good performance on clean and well organized 

datasets, quite often their effectiveness decreases when the aforementioned real world factors such 

as missing values, outliers and concept drift are considered. One noteworthy exception is the work 

of Martinez and Johnson [8] who analyze the performance of their algorithm on varying amounts 

of data degradation systematically. While this type of stress testing remains rare, it is reported in 

only 22% of reviewed papers, for the proposed changes applied. Lastly, there exists an alarming 

amount of disproportional emphasis on research area and application type. On the other hand, 

there are automotive, financial, energy forecasting that appear to dominate the literature, whereas 

equally important fields such as healthcare or environmental monitoring have been comparably 

neglected. The skewed emphasis on being data-driven has resulted in a number of one-off 

algorithm changes informed by the data of the moment, and without theoretical understanding 

about how those algorithm changes should generalize into new forecasting contexts. 

5. Discussion 

Such a landscape of AI algorithm redesigns for forecasting shows several important trend and 

affects the direction of future research. The change in focus from general to specialized 

forecasting algorithms is arguably one of the most significant recent developments. Instead of 

using standard deep learning architectures and tweaking them minimally, more and more 

researchers tend to develop algorithms that have been tailored to predictive tasks over time. Such 

specialization takes on several forms, such as custom attention mechanisms that direct more 

attention to relevant historical patterns, specialized regularization methods that maintain temporal 

coherence, or hierarchical structures that capture short-term deviations and long-term trends. The 
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TFO Transformer proposed by Lim et al. [9] follows this line, including some architectural 

components capable of dealing with different types of temporal inputs and mechanism of variable 

selection suited for forecasting purpose. In addition, an increasing trend is that of how uncertainty 

quantification is being incorporated into forecasting models. Point forecasts have been replaced 

by probabilistic forecasts that reflect the entire distribution of the uncertainty of the future value. 

This transformation explicitly considers the risk related to forecasting tasks and supplies intuition 

to decision-makers about the confidence of prediction. Gasthaus et al.'s Deep Quantile 

Regression Networks [10] and those by Rodriguez and Smith [11] to be a step toward achieving 

the goal. These uncertainty-aware models have been particularly useful in high-stakes forecasting 

tasks, such as those used in healthcare and disaster response, where knowing the level of 

confidence in a prediction is crucial for resource management. 

The increasing focus on computational efficiency is also worthy of consideration, as researchers 

work on methods to decrease the computing cost of complex forecasting models. Distillation 

methods, in which small models are trained to replicate the behavior of a larger, more expensive 

system, have emerged as a promising option for enabling advanced forecasting in resource-limited 

settings. In the same way, we have already seen that advanced training strategies and adaptive 

computation methods allow models to reallocate computation dynamically according to the 

difficulty of the fore-casted trajectories, resulting in substantial savings in terms of average infer-

ence time while maintaining the same level of accuracy. Interpretability continues to be an 

important frontier, now with an emphasis on enabling the (human) user to understand the forecast 

model’s decision-making process. In addition to attention visualizations, some efforts have been 

made to develop more advanced techniques for attributing predictions to input features and past 

events. The time series extension of DeepSHAP introduced by Chan and Park [12] is a key step 

towards this goal, allowing stakeholders to interpret not only what is being predicted, but why one 

prediction is made over another. This interpretability is growingly acknowledged as necessary for 

model acceptance in regulated sectors and decision making under high stakes. 

6. Conclusion 
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In this extensive review, we have documented the remarkable achievements of the alteration of 

the AI algorithms in order to improve the forecasting potential. Our analysis suggests that the field 

has moved beyond naive exploitation of general-purpose deep learning frameworks towards 

dedicated, forecasting-friendly algorithms that take the specificities of temporal prediction tasks 

into account. The most promising developments have been hybrid methods that leverage the 

benefits of complementary methods, attention mechanisms that model complex temporal 

dependencies well enough, and domain-adapted architectures that encapsulate task-specific 

inductive biases. Furthermore, the incorporation of uncertainty quantification, interpretability 

capabilities, and computational efficiency improvements have altogether brought AI forecasting 

out of the realm of academic exercise and into the real world tool for decision support for a wide 

range of domains. Nevertheless, there remain a few challenges to be addressed. The field is still 

faced with the evaluation problem that the inconsistency inhibits the fair comparison of 

algorithmic improvements. In addition, it needs to bridge the gap of theoretical performance and 

practical deployment to be more systematized as well. Further work should focus on standardized 

evaluation procedures, the robustness to different types of data, and more on under-examined 

application domains. Promising directions include the exploration of the incorporation of causal 

inference techniques to improve forecasting in interventional environments, the investigation on 

self-adaptive algorithms that adapt over time, the study of unified frameworks that can utilize both 

structural and temporal information in multimodal forecasting tasks. As AI prediction algorithms 

improve, so too will their influence on decision making across sectors as it will not be on mere 

works and technical performance numbers. The next generation of forecasting models are likely 

to focus on human-AI co-prediction, in which models and algorithms are designed to augment, 

rather than replace human judgement, to create systems that leverage the important computational 

capabilities of AI with the situated understanding and domain expertise of decision makers. 
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