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Abstract 

This study investigates the AI-Driven Multi-Modal Demand Forecasting: Combining Social Media Sentiment with 

Economic Indicators and Market Trends. By leveraging the vast amount of user-generated content on social media 

platforms, we aim to improve the accuracy and responsiveness of traditional demand forecasting methods. The research 

employs a comprehensive methodology, including data collection from multiple social media sources, advanced natural 

language processing techniques for sentiment analysis, and state-of-the-art machine learning models for demand prediction. 

Results demonstrate a statistically significant improvement in forecasting accuracy when incorporating sentiment analysis, 

particularly in volatile market conditions. This paper contributes to the growing body of knowledge on data-driven 

decision-making in supply chain management and offers practical insights for businesses seeking to enhance their demand 

forecasting capabilities. 
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1. Introduction 

1.1 Background 

In the era of big data and social media, businesses are increasingly recognizing the potential of leveraging user-generated 

content to gain insights into consumer behaviour and market trends. Demand forecasting as one of the most significant 

drivers of supply chain management has in the past depended on sales history and economic indices. At the same time, 

with the help of social networks, new unique fast-growing sources of information on consumer sentiments have appeared 

that allow for their immediate inclusion in the forecast. The progression of complex machine learning algorithms, and in 

addition natural language processing concepts, has made the enhancement of integrating social media data into demand 

forecasting in a much faster rate.  

1.2 Problem Statement 

 However, the following challenges keep on arising in the integration of social media sentiment analysis to demand 

forecasting: These are; the over powering challenge of how to handle large volumes of text data, the requirement to have 

stable and accurate models for sentiment classification, and the need to include sentiment signals to the contextual models. 

Moreover, data from social media are regarded as having a high dimensionality and a lot of noise, which makes it difficult 

to derive useful patterns that can help improve the forecast. Due to the high level of interactivity in social media 

conversations and the prospects of the shift in consumer attitude on social media at a short time interval add to the challenge 

of creating sound and near real-time forecasting models.  

1.3 Research Objectives 

The primary objectives of this study are to develop an efficient framework for collecting and preprocessing social media 

data for sentiment analysis, to evaluate and compare different sentiment analysis techniques in the context of demand 

forecasting, to design and implement machine learning models that effectively integrate sentiment analysis with traditional 

demand forecasting methods, and to assess the impact of sentiment-enhanced forecasting models on prediction accuracy 

across various product categories and market conditions. Additionally, we aim to explore the temporal aspects of sentiment 

influence on demand and investigate the potential for early detection of demand shifts based on social media signals. 

1.4 Significance of the Study 

 In so doing, this research grants the field of supply chain management a clear method of how best to use sentiment of 

social media in demand forecasting. The results themselves have managerial implications for those organizations who want 

to enhance their stock management, minimize the number of stockouts, and enhance the overall performance of their supply 

chain networks. Furthermore, the research contributes to the knowledge of the applicability of crowd sentiment in other 
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social networks as a predictor of the changes in demand.; giving insight to enhancing the predictive accuracy of cross-

country demand forecasts by the use of sentiment analysis, this study creates a foundation for more effective supply chain 

strategies that aim to adapt more flexibly and proactively to a globalising and technology-based economy.  

2. Literature Review 

2.1 Demand Forecasting Models: An Overview 

 Demand forecasting is a very important element in SCM because it provides accurate information allowing to manage 

inventories, production time and resources effectively. There are basically three main techniques which can be used for 

forecasting, namely time series, causal models and qualitative. Other techniques in the operation management includes 

time series forecasting whereby the ARIMA and Exponential Smoothing predicts future demand based on history data (Box 

et al., 2015). These models have been popular as they are easy to interpret but their downside is that they tend to fit data in 

a very simple way and may not be able to detect non-linearities, as may exist, in demand patterns.  

 Causal models such as regression-based models, use factors that are outside the supply chain network like economic 

conditions, weather conditions, promotion to make predictions on the demand (Hyndman & Athanasopoulos, 2018). These 

models have the strength of being able to incorporate several possible determining factors; the choice of which variables 

to include, however, can be a delicate matter and these models can be liable to problems stemming from multicollinearity 

between variables. Another approach involves identifying a number of experts, asking them for their opinions and using 

some forms of surveys or structured forms such as the Delphi technique, are common techniques, especially where 

historical data is scarce such as in new products or markets (Armstrong, 2001). However, such methods may be rather 

subjective and can also not easily be generalized to large scale factorial forecast.  

 

  

 

 Machine learning has reached a new level in the recent years, and therefore new and highly advanced models can be used 

for the forecast. Neural Networks including Multi-layer Perceptron (MLP) and Long Short-Term Memory (LSTM) 

networks have proved to be effective in capturing complex nonlinear relationship of the demand patterns (Zhang, 2003). 

These models can directly learn the features from the raw data which makes them capable of finding the patterns that 

standard algorithms may overlook Machine learning models: Random Forests, Gradient boosting Machines etc uses 

multiple models to make multiple forecasts, in this way the dominate model is reduced and give more robust model 

(Breiman, 2001). Such methods have grown popular because it can support high-dimensional data and also interpolate 

between features.  

2.2 Social Media Sentiment Analysis: Concepts and Techniques 

 Sentiment analysis or opinion mining refers to the technique of ascertaining the underlying affective polarity that lies in a 

sequence of words in order to gain the perception of attitudes, opinions, and carried emotions found in mentions on the 

Internet. This is because the social media platforms have increasingly grown and the user generated content are easy to 

access. There are three major categorizations of the sentiment analysis techniques namely the lexicon-based approaches, 

the machine learning approaches, and the fusion of the two approaches.  
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 A second approach is the lexicon-based approach where sentiments are determined by the words that are stored in a list of 

words that are given a sentiment of positive, negative or neutral. Some of the examples of lexicons are VADER (Valence 

Aware Dictionary and sEntiment Reasoner) and SentiWordNet. They are computationally affordable and can employ 

unlabelled training data, thus enabling different applications and fast deployment. However, they may have problems in 

distinguish sentiment depending on the context and understanding of domain specific words.  

 Traditional machine learning based approach relies on supervised learning like, SVM, Naive Bayes as well as deep learning 

for the classification of sentiments (Pang et al., 2002; Socher et al., 2013). These approaches can be used to identify and 

consider more distinct and detailed sentiment expressions and particular domain when trained on ample amounts of data 

annotated for sentiment. Though they are efficient for prediction, they need much computational resources for training, and 

prone to overfitting on small data sets.  

 Thanks to the rapid growth of NLP, the more recent models often come from the transformer family, such as the BERT 

model (Devlin et al., 2019), which provides the state-of-the-art results for a large number of different approaches to 

sentiment analysis. These models operate on the text data with large scale pre-trained on different text corpus, thus making 

them capable of understanding different patterns and context-sensitive sentiment. 

2.3 Machine Learning in Demand Forecasting 

 Demand forecasting has shown high interest towards the use of machine learning techniques mainly because of their 

capability for pattern capturing and work in high dimensionality. Concerning replicable temporal patterns in sequential data 

sets, Recurrent Neural Networks (RNNs), and more specifically Long Short-Term Memory (LSTM) networks, stand out 

for time series forecasting (Siami-Namini et al., 2018). These models generally have the capability to capture long term 

dependencies and work nicely for variable length sequences and therefore, fits aptly into the irregular demand forecasting 

tasks arising from year wise observations.  

 Whilst Convolutional Neural Networks (CNNs) are normally applied to images, CNN’s first-order neighbour connections 

demonstrate local and global patterns in the time series data (Borovykh et al., 2017). CNNs are able to discriminatively 

time-adaptive learn the features and simultaneously lower and higher-level temporal patterns by applying the convolutional 

operations to the sliding windows of the time series datasets. This has especially been actualized in situations where demand 

patterns show cyclic variations as well as trends.  

 Other techniques that can be used in demand forecasting include; Random forests, gradient boosting machines etc. These 

techniques join weak learners to form an accurate prediction model and is immune to overfitting because of their capability 

to model nonlinear relationships within features. This implementation of the gradient boosting algorithm called XGBoost 

outperforms other methods in various fields of forecasting competitions and real-life scenarios are ever increasing (Chen 

and Guestrin, 2016).  

2.4 Integration of Sentiment Analysis in Demand Forecasting: Current State 

 It can be concluded that the inclusion of sentiment analysis into the demand forecasting models is yet another great 

opportunity in the field of supply chain management. Some research works have paid attention to the use of social media 

sentiment analysis as a way of predicting the consumer demand. For example, Lassen et al. (2017) proved that information 

on sentiment in tweets can enhance the forecast of clothes sales. From their study they found out that the inclusion of 

sentiment features improved their results by 9. Equivalent to an impressive 7% decrease in the forecast error when 

compared to the traditional time series models.  

 Chong et al. (2017) also conducted another remarkable study that studied the effects that social media and conventional 

media have on the product demand forecasting. They determined that social media constructs namely sentiment scores 

improved the accuracy of the models significantly especially for products with short life cycle. The authors pointed out an 

increase in the degree of explained variance of between 0. 673 to 0. 766 when used social media features in the demand 

forecasting model of the firm.  

 However, more effort is needed in the resourceful application of sentiment analysis to support the demand forecasting 

models. Another emerging field is that of the selection of the most significant sentograms for definite categories of products 
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or certain markets. Furthermore, the cross-sectional dynamics of sentiment as a determinant of demand would also require 

thinking to be given due to the possible differences in the lags of sentiment and demand fluctuations.  

3. Methodology 

3.1 Data Collection 

3.1.1 Social Media Data Sources 

Our study leverages data from multiple social media platforms to ensure a comprehensive representation of consumer 

sentiment. We focused on Twitter, Reddit, and public Facebook pages as our primary data sources, collecting posts and 

comments related to specific product categories over a two-year period (2021-2022). The data collection process was 

facilitated using platform-specific APIs and custom web scraping scripts developed in Python. 

 For Twitter, we also used the Twitter API v2 to sample the tweets with relevant hashtags and keywords associated with the 

target product categories. To obtain real time data, we used streaming whereas for historical data, we used the historical 

data retrieval technique. The following Python code snippet illustrates our Twitter data collection process:  

 

3.1.2 Historical Demand Data 

 In addition to the gathered social media data, the historical demand data of the corresponding product categories was 

obtained from various e-commerce platforms as well as the retail partners. These comprised of daily sales, stock prices, 

advertising campaigns, and other related affairs. To avoid a mismatch of time frames, it was important that the historical 

demand data we used corresponded with the time period our social media data were collected from for the actual model 

training and testing.  
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3.2 Data Preprocessing 

3.2.1 Text Cleaning and Normalization 

 All procured social media data were pre-processed in detail to ensure that the data was clean and standard. Our text cleaning 

pipeline included the following steps:  

1. Removal of special characters, URLs, and non-ASCII characters 

2. Conversion to lowercase 

3. Tokenization and removal of stop words 

4. Lemmatization to reduce words to their base form 

5. Handling of emoji and emoticons 

 It is crucial to note that this preprocessing pipeline was done through Natural Language ToolKit and spaCy in Python. The 

following code snippet demonstrates our text cleaning process:  

  

3.2.2 Feature Extraction 

 As for feature extraction, traditional ways alongside modern NL techniques were used. We determine usual characteristics 

by means of Word Frequency Distribution which is word count, the average length of the sentence and the total utilization 

of punctuations. Further, we employed word embeddings in our corpus which were Word2Vec (Mikolov et al., 2013) to 

analyse semantic relations based on words.  

 Hence, we also extracted time-based features from our temporal data, features such as day of the week, month and holiday 

dummies. Some of these features were combined with our text-based features to form a new feature set to be used on our 

sentiment analysis and demand forecasting models.  
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3.3 Sentiment Analysis 

3.3.1 Lexicon-based Approach 

 We applied the lexicon-based sentiment analysis system in which we used the VADER sentiment lexicon that was 

specifically developed for analysing the text of social media. VADER assigns a numerical value for each piece of text 

where the scores range from -1 to 1 where -1 is most negative and 1 is most positive. These scores were used as the first 

sentiment features in our model. The VADER lexicon was then expanded to include specific industry specific terms 

pertaining to the kind of products we are dealing in to enhance on the classification of the sentiment in the product related 

conversations. Some of our domain specific list of words and phrases consisted of 500 words and phrases for which it was 

manually identified from the dataset and were given sentiment score about its usage. From this bespoke word list, we then 

combined it with the standard VADER word list to form a more powerful sentiment analysis tool for our needs.  

 

3.3.2 Machine Learning-based Approach 

 To add to it, a supervised machine learning based sentiment classifier using a fine-tuned BERT model was also designed. 

For this classifier, we employed and fine-tuned the BERT model from the Hugging Face Transformers library using a 

labelled data relating to social media post belonging to our product categories. We supported the proposed network by 

using a labelled dataset of 100 thousand social media posts which was manually classified according to our five product 

categories. thus, used 80-20 per cent division to train our data set and used representative samples in the product categories 

and sentiments classes.  

 BERT model was further trained using AdamW optimizer, which applies a learning rate of 2e-5 and a batch size of 32. To 

adjust the learning rate, we utilized a linear warmup for the initial 10 % of epochs, with a linear decrease afterward. 

Considering the class imbalance problem in our dataset, we used weighted sampling in the training phase assigning higher 

weight to the minority sentiment classes. We also tried two ways of pooling the output of BERT, which is [CLS] token 

pooling and pooling of all the tokens into a single representation where we found that pooling all the tokens together 

performed slightly better for our task.  
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3.4 Demand Forecasting Model 

3.4.1 Traditional Time Series Models 

 We began with the classic methods of time series analysis: conventional autoregressive integrated moving-average 

(ARIMA) models and exponential smoothing. These models were used as a basis to measure the gains in performance from 

integrating sentiment analysis and also other machine learning solutions. For the ARIMA model, the auto_arima from the 

pmdarima library was used in order to select optimal p, d, q for each product category. The use of the Exponential 

Smoothing models was done using a statsmodels library where the chosen models are Simple, Holt’s Line or Holt-Winters 

Line based on the AIC model fitting for each time series.  

3.4.2 Machine Learning Models 

We developed several machine learning models for demand forecasting, including Long Short-Term Memory (LSTM) 

networks, XGBoost, and Random Forest. The LSTM model was implemented using Keras with a TensorFlow backend. 

Our architecture consisted of two LSTM layers with 128 and 64 units respectively, followed by a dense layer for output. 

We used dropout (rate = 0.2) and L2 regularization to prevent overfitting. The model was trained using the Adam optimizer 

with a learning rate of 0.001 and mean squared error as the loss function. 

 For XGBoost model we used grid search and cross-validation for hyperparameters tuning which included max_depth, 

min_child_weight, subsample, colsample_bytree. The final model consisted of 1000 estimators with a max depth of 7, and 

learning rate was set to 0. 01. The Random Forest was also built using the scikit-learn package with 500 trees using the 

cross-validated randomized search for choosing the actual hyperparameters.  

3.5 Integration Framework 

 In order to incorporate sentiment analysis to the demand forecasting model, we proposed a new approach where sentiment 

features are merged together with the traditional demand predictors. Our strategy entailed developing a multiple input 

model in which sentiment features and historical demands are fed through the model separately and then merged for the 

final prediction. This architecture was built with the help of the Keras functional API, which permits the usage of several 

inputs as we described above.  

 To fit with our demand data at the daily level, the sentiment features calculated from the lexicon-based and machine 

learning techniques were summed up daily. Finally, we tested different aggregation schemes that are mean of sentiment 

scores, variation in sentiment scores that is standard deviation and war of sentiment that is either the ratio of positive and 

negative sentiment. These aggregated sentiment features were then combined with lagged demand, and other related time 

series inputs to create an input for our model.  

 Our final integration model consisted of two main branches: as one for processing historical demand data and another for 

processing sentiment features. The demand data branch incorporated an LSTM layer for capturing the temporal relation 

and the sentiment branch incorporated dense layers among which there was an LSTM layer for analysing the time series 

of the sentiments. The outputs of these branches were concatenated and then passed through one or more dense layers 

before passing through the final prediction layer. This architecture enabled the model to capture complex relations that 

exist between sentiment signals and the history of demand.  

3.6 Evaluation Metrics 

 In order to evaluate how well our integrated sentiment-enhanced demand forecasting model performed, we used a set of 

common metrics adopted in applied time series forecasting. These comprise of Mean Absolute Error (MAE), Root Mean 

Square Error (RMSE), Mean Absolute Percentage Error (MAPE). We computed these measures for each product category 

and at different lead times (single day, a week, and a month ahead) leading to a good evaluation of the models.  

Additionally, we introduced a novel metric, Sentiment-Adjusted Forecast Accuracy (SAFA), which weights the forecasting 

errors based on the magnitude of sentiment shifts. The SAFA metric is calculated as follows: 

SAFA = MAPE * (1 + α * |ΔS|) 

 Where, MAPE is the Mean Absolute Percentage Error, α is the scaling factor set at 0. 1 in our experiments and |ΔS| is the 

absolute change of sentiment score from the forecast period to the previous period. The following metric was intended to 
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identify how much the model reflects important shifts in the consumer attitude – volatile factors that plays an important 

role in demand management:  

 In order to gain strong reliability, we used time series cross-validation: rolling window method, that provided multiple 

train-test splits. This enabled us to check the performance of the model to different time frames and reduce the possibility 

of seasonal or trends that may be present in the data set. 

4. Results and Analysis 

4.1 Sentiment Analysis Performance 

 The results indicated generally high levels of accuracy of our sentiment analysis models in categorising the given social 

media posts by emotions related to the target product categories. The VADER method based on the lexicon yielded an 

accuracy of 78% with the Test Set while the BERT model that we fine-tuned reached 85% accuracy. BERT performed 

exceptionally well when it comes to sentiment analyses that involved specific phrases that are associated with context and 

feelings such as messages posted on microblogging sites like twitter.  

 We also noted that there were differences in the sentiment by different product categories and different platforms. For 

example, the technology products resulted in the sentiments more likely to be at the two extremes of the scale on Twitter, 

while fashion items were likely to result to more pro-tractive sentiments on Instagram. Such platform-specific patterns aid 

in explaining why our multi-source data collection approach is ideal in capturing on the consumer sentiment. 

   

4.2 Demand Forecasting Model Performance 

4.2.1 Baseline Model (without Sentiment Analysis) 

 With the very basic models using only historical demand data and no additional information or any traditional time series 

techniques to build on that set base for us to compare later. The ARIMA model we used to produce an RMSE of 145. Three 

units and a Mean Absolute Percentage Error of 12. is less than 8% of all the brands belonging to any product category. The 

Exponential Smoothing model was slightly better than that of the original, with an RMSE of 138. 7 units while a Mean 

Absolute Percent Error MAPE of 11. 9%. These findings are in line with benchmark data for demand forecasting in 

situations where consumers are not exposed to any signals.  

4.2.2 Enhanced Model (with Sentiment Analysis) 

 The incorporation of SA in our modelling approach generated considerable impacts on a model’s predictive capability. 

The LSTM-based model which we employed using historical demand data as well as sentiment features yielded an RMSE 

of 112. 5 units and a mean absolute percentage error of 9. 7%. This represents a 22. 5% improvement in the RMSE and a 

24. This even yielded 2% better MAPE than the best of the base models.  
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 XGBoost model also provided outstanding result with the RMSE of 118. Two of them, 3 units, and a MAPE of 10. 1%. 

Despite a slightly lower accuracy than LSTM’s, the XGBoost learned more quickly and its relative interpretability made 

the feature importance rankings clear.  

4.3 Comparative Analysis 

 In order to have a good understanding of how well the models perform, we undertook a cross-sectional analysis by products 

and time horizons. MAPE results for all the models are presented in the Table 1 where we also distinguished three types of 

horizons: Short horizon (1-7 days), Middle horizon (8-30 days), and long horizon (31-90 days).  

Table 1: MAPE (%) by Model and Forecasting Horizon 

Model Short-term Medium-term Long-term 

ARIMA (Baseline) 10.5 13.2 15.7 

Exp. Smoothing 9.8 12.5 14.9 

LSTM (No Sentiment) 8.9 11.3 13.8 

LSTM with Sentiment 7.2 9.4 12.1 

XGBoost with Sentiment 7.5 9.8 12.5 

 

The results demonstrate that the integration of sentiment analysis consistently improves forecasting accuracy across all 

time horizons. The improvement is particularly pronounced in short-term forecasting, where the LSTM model with 

sentiment analysis achieves a 26.5% reduction in MAPE compared to the ARIMA baseline. 

 

4.4 Statistical Significance of Improvements 

 To check the robustness of our findings, we also report paired t-test results for evaluating the effectiveness of the sentiment-

enhanced nature of the proposed models compared to the standard models. The gain increased in RMSE and MAPE was 

documented as statistically significant at the level of p < 0. for all product categories the LSTM and XGBoost models 

achieved at least 01 level.  

 Additionally, we apply Diebold-Mariano test to compare the forecast accuracy of sentiment improved models with the 

benchmark models. As shown in the result, the enhancement of forecast accuracy was found to be statistically significant 

with test statistics greater than the critical values at 1 percent level of significance.  
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5. Discussion 

5.1 Interpretation of Results 

 The tremendous enhancement in the forecasting error we obtained by our sentiment-enhanced models supports our 

argument of integrating social media sentiment analysis into demand forecasting paradigms. The improvements depicted 

from one category to the other and across different forecasting time horizons provide credence to the notion that consumers 

sentiment as evident on social media sites is a useful predictor of shifts in demand patterns.  

 Based on this analysis we found out that the effect that sentiment had on demand was different for product categories. For 

example, forecasting of industries such as fashion and consumer electronics exhibited the highest sensitivity to sentiments 

with increases in the MAPE of above 30 percent in the short-term horizon. Staple foods as well as household items on the 

other hand had relatively minor increases in sales which were most likely attributed to their less related ness to the strength 

associated with the social media engagements.  

 LSTM model yields better performance in terms of sentiment-demand relationship due to the nature of LSTM, which 

discovers complex temporal dependence. This is especially important in the case of social media sentiment analysis where 

there is a question as to how dynamic the lag between sentiment and demand adjustments can be depending on product 

characteristics and conditions of the market.  

 

5.2 Implications for Demand Forecasting 

 The integration of social media sentiment analysis into demand forecasting models has several important implications for 

supply chain management and business strategy:  

1. Enhanced Responsiveness: It will help the companies gain insights of consumers’ reactions in real-time and prevent 

situations where companies are faced with stockouts or excess inventory due to shift in demand.  

2. Improved Inventory Management: Accurate demand forecasting helps to optimise stocks and may lead to viable cost 

reduction and improved concerns of the customers.  

3. Targeted Marketing Strategies: Based on the findings obtained from empirical studies on Sentiword lexicon, marketers 

would be in a position to adjust PROMOTION marketing mix element to match the sentiment of consumers hence 

optimal utilization of promotion resources.  

4. Product Development: Knowing the factors that influence the sentiment regarding demand can be useful in terms of 

ideas for new products and their development, as to meet customers’ needs effectively, businesses need to know how 

consumers feel about it.  

5. Risk Mitigation: Thus, identifying such trends in sentiment negativity can help businesses on a timely basis to 

introduce measures to address the problems with product quality or negative publicity.  
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5.3 Limitations of the Study 

While our research demonstrates the potential of integrating social media sentiment analysis into demand forecasting, 

several limitations should be acknowledged: 

1. Data Representativeness: Another drawback is the fact that social media samples may not be random and thus not an 

accurate representation of the entire consumers for all product types and classes which may lead to having bias results 

in sentiments analysis.  

2. Platform Dynamics: Sentiment signals from social media platforms might also change in the future due to changes in 

the algorithm or the users themselves.  

3. External Factors: It also does not capture all the external factors which may affect demand such as, macro environment 

and competitors’ strategies.  

4. Scalability Challenges: This could prove to be cumbersome for widespread application since it might be quite heavy 

on computational power needed in real-time sentiment analysis and model updates especially for firms that are not so 

large.  

5. Ethical Considerations: Data generated from social media can be used in demand forecasting, thus the attributes of 

privacy and ethical issues pertaining the use of public expression on social media platforms arise.  

 

 

6. Conclusion and Future Work 

6.1 Summary of Findings 

 The findings of this study show that incorporating social media sentiment analysis into demand forecasting models can 

yield massive improvements in forecast accuracy for different types of products, and different forecasting horizons. The 

actually employed framework, which integrates the most recent NLP methodologies with new-generation machine learning 

algorithms, was always more accurate than the traditional forecasting models; the short-term forecast error rates were, for 

some categories, 30% lower.  

 The study shows how social media can be a gold mine of contemporary consumers’ data, which may contain more nuanced 

changes in the market that are not yet reflected in sales figures. That our LSTM-based model gives a better performance 

underlines the necessity for capturing intricate temporal dependency between sentiment signals and demand regimen.  

6.2 Contributions to the Field 

This research makes several notable contributions to the fields of supply chain management and data-driven decision-

making: 

1. Introducing a new method for incorporating sentiment analysis into demand forecasting thus offering a guide for the 

practitioners who would wish to harness information from social media.  

2. Precise evidence as to the efficacy of SA for enhancing forecast accuracy by range of product types and time horizons.  
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3. Introduction of the Sentiment-Adjusted Forecast Accuracy (SAFA) metric, which may prove useful as a novel way of 

assessing the performance of forecasts in respect to volatility in sentiment.  

4. Information concerning the differences in the effectiveness of sentiment in different categories of products to make 

better decisions as to where to focus on sentiment analysis.  

6.3 Recommendations for Future Research 

Building on the findings of this study, we propose several avenues for future research: 

1. Extension of the work on the multi-modal sentiment analysis that would involve use of images and videos from social 

media accounts to get the full picture of the consumers’ sentiment about a particular brand.  

2. Explore possible adjustments of the existing sentiment analysis models through the transfer learning technique which 

could help to enhance the applicability of such models for other product areas and markets.  

3. Building of transparent machine learning models that would help in development of understanding of what makes 

demand more or less sensitive to specific factors with an aim of improving organisational decision-making processes.  

4. Exploring the long-term dynamics of sentiment-demand relations with a focus on the discussion of the adaptive 

models that can be applied to market-specific changes.  

5. A study on the sphere of ethical and privacy concerns regarding the use of social media data for business forecasting 

together with guidelines on the proper use of public online expressions.  

6. Further inclusion of other macroeconomic factors, which can affect business performance, and competitive 

benchmarking data to derive improved and highly accurate forecasting models.  

 Therefore, it is possible to conclude that the application of the methods of social media sentiment analysis allows for 

increasing the accuracy of demand forecasting. Ever rising corporate uncertainties and data availability make information 

assimilation and analysis in real-time from social media the new frontier of supply chain management and business strategy. 
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