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Abstract : The study explores the use of Artificial Intelligent Machine Learning (AI/ML) models in forecasting Small and Medium Scale Enterprises 
(SMEs‟) local goods‟ quantity purchase, buying and goods selling prices, from the day-to-day local weather conditions of low and high temperatures. The 
use of weather parameters in forecasting for SME market parameters proved to be an accurate procedure for SME market parameters‟ forecasting than 
other methods which use time-series methods. The weather was chosen as the independent variable, as it impacts local production and influences 
human behaviour in ways that most traditional methods cannot compute. With the inclusion of weather, AI/ML forecast models considered the seasonal 
variations of demand and supply traits due to seasonal shifts in the popularity of certain goods and services. This can give SMEs a better market 
business insistence. SMEs herein included the marketers who trade in household edible commodities. The study‟s findings will give SMEs an added 
advantage, with insists on increasing their savings, reducing losses, minimizing resource wastage, with a prior overview of coming business risks and 
opportunities. The AI/ML forecasting models explored, included the Multivariate Linear Regression model, and Logistic Regression model built using 
visual C# DotNet, and an „Encoder-Decoder Long Short-Term Memory (LSTM) Neural Network modelled with python language. The study contributes to 
the body of knowledge by elaborating how ML applications will give SMEs a chance to take pre-emptive measures, by prior planning and controlling 
cash flows, balancing spending with revenues and adjusting sales targets. It also proposes how ML applications should use personalized localized data 
in forecasting business parameters 
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1. IMPACT STATEMENT AND CONTRIBUTION 
TO THE BODY OF KNOWLEDGE 
The study uncovers new principles, suggests new 
relationships that were previously unrecognized, challenges 
existing assumptions which will change people‟s 
perceptions of the importance of machine learning to their 
everyday lives. The article proposes a new method for 
forecasting market forces from the weather by using 
machine learning (ML) models as most Small and Medium 
Scale Enterprises (SMEs‟) businesses suffer from price 
instability, inventory carrying costs, excess inventory, wrong 
decision making, inaccurate monitoring of stock levels, etc. 
The suggested method will SMEs insight on their business 
future, as reliable technology for predicting local goods‟ 
quantity purchase, buying, and selling prices with a 
localized resourced will be used. The choice of the 
independent variable (weather) that the ML used for the 
study is supported by Carabello F. (2019), in that it 
influences every sector of the economy and using it for 
forecasting yields results that are more reliable than results 
from most current classical forecasting models. The other 
contribution to the body of knowledge, include the 
establishment that weather influences market forces and 
also open research doors for the same, that will help the 
local SMEs have a tool to forecast their local markets forces 
more cheaply and reliably. 
 

2. INTRODUCTION 
The article explores the use of artificial intelligent (AI) 
machine learning (ML) models in forecasting the local 
small and medium scale entrepreneurs (SMEs) local 
goods and services demand and supply from local 

weather traits. It also establishes statistical evidence that a 
relationship exists between local-weather factors (low and 
high temperatures) and goods demand and supply 
economic factors. The article also suggests a better AI/ML 
model for forecasting the goods demand and supply 
indicators from weather attributes (low and high 
temperatures). Artificial intelligent machine learning 
models were selected for use in the study as they mimic 
biological neural networks, by developing an „instinctive‟ 
mathematical model (similar to a human feeling) of an 
outcome (in a numerical sense) using historical data. This 
makes AI/ML models better candidates for market demand 
forecasting for SMEs‟ than classical mathematical-
statistical methods, especially when an indeterministic 
independent variable like the weather is incorporated 
which, most economists and time series programmers 
never include when computing economic forecasts.  
SMEs suffer the most from price instability, the inventory 
carrying costs, excess inventory, wrong decision making, 
lack of accurate monitoring of stock levels, lack of correct 
supplier lead-times information, lack of databases, low 
levels of financial inclusion, financial and economic crisis, 
changing profile of consumers and their preferences, trade 
dumping, insufficient use of information technology, etc. 
(Carabello, 2019) (Kelber, 2020). There is a strong need 
to examine methods that can provide SMEs survival 
strategies with the current global challenges (Kelber, 
2020). And among such business solutions, is the 
development of reliable technology for predicting the local 
goods‟ quantity purchase, buying, and selling prices. Most 
classical economic and market forecasting models fail to 
keep up with SME market variant demands, partly 
because of the exclusive of weather elements as 
parameters for forecasting economic forces, and partly 
due to lack of personalized localized historical data 
(Duncan & García, 2018). Weather is known to influence 
every sector of the economy and using it to forecast 
market variables by AI/ML models will yield results more 
reliable than results from current classical forecasting 
models. The study established that ML models can use 
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weather to reliably forecast market forces and to open 
new research insists, that will help the local SMEs with 
better reliable technologies to forecast their local market 
demand forces cheaply, locally, and reliably (Duncan & 
García, 2018). Carabello F. (2019), explains how weather 
affects directly more than 20% of the economy of the 
United States of America. And how the profitability and 
revenues of virtually every industry which includes 
agriculture, energy, entertainment, construction, travel, 
and others, largely depend to a great extent on the 
vagaries of temperature, rainfall, and storms. According to 
Carabello F. (2019), the risks which individual enterprises 
and markets face due to weather are usually unique, but 
with the bare-to-little potential information usage of 
weather variants as independent variables for market 
forces forecasting among agricultural firms, perishable 
market traders, restaurants, to mention but a few, 
obscures the seasonal variations information to the 
stakeholders in the popularity of certain items goods and 
services which results in over-stocking or outages, and 
leading to obsolescence. (Carabello, 2019) (Kelber, 2020) 
There are barely any AI/ML or classical models that 
forecast local household and small and medium scale 
entrepreneurs (SMEs‟) market‟s demand and supply of 
goods and services (through goods availability and cash-
flow) more accurately. According to Duncan, et al (2018), 
most research focused on the challenges of inflation, local 
goods and services demand and supply traits forecasting 
during the last few decades in advanced economies, and 
yet less attention was paid to emerging market economies 
(EMEs). As Duncan, et al (2018), are concerned, there is 
a need for alternative ways to model demand and supply 
among the SMEs by SMEs. (Duncan & García, 
2018)Zambia in particular is faced with adverse economic-
price instabilities, which affects how households and 
SMEs financially plan. According to Mester (2016), price 
stability is the Holy Grail for a monetary policymaker, as it 
ensures over the long run term plans. And price 
forecasting tools can ensure price stability over the short 
term and the long run. This article proposes how ML 
application models can be used to mitigate the economic 
and price instabilities faced in emerging economies by 
SMEs, by forecasting the market‟s demand and supply 
forces from localized weather variables to combat the 
effects of the economic-price instabilities. (Mester, 
2016)Additionally, the spiralling cost overruns, 
underproduction of in-demand items and much more, as 
Kelber (2020) once said, it‟s time for SMEs to upgrade to a 
Strategic Cost Management Solutions (SCMS) solution 
that integrates the advanced analytics needed for SMEs to 
gain a foothold in today‟s market.” (Kelber, 2020)SMEs in 
Zambia for instance, are also faced with the lack of up-to-
date accurate cheap monitoring stock-keeping units 
(SKUs) tools and stock levels. Fritsch (2015), explains that 
“traditional methods of stocktaking can be inaccurate and 
the data is often out of date”. This leads to poor demand 
and supply, poor planning, and high stock levels which 

become difficult to monitor. Most SMEs‟ businesses 
quickly build up unnecessary excess stock levels and end 
up with complete opposite-stock outages when the 
demands for specific products are spiked. (Fritsch, 
2015)Chibwe (2014), said: economic factors which can 
include demand, inflation and supply are difficult to 
control. And the exact relationship between various 
economic factors remains unidentified through empirical 
studies, despite having several statistical methods that 
can forecast and predict demand, inflation, and supply 
factors. Couple with what Carabello F. (2019) discussed, 
the problem seems to be that weather is not included 
when they are studying economic variables. Zambia, in 
particular, has had few studies concerning the 
relationships between economic factors and climatic 
factors which can help device new methods for controlling 
and mitigating demand, inflation and supply adverse 
market valedictions. (Chibwe, 2014) (Editor, 2012)The 
article thus discusses how the mentioned SMEs‟ 
challenges can be overcome, by using AI/ML models and 
weather in forecasting the market demand factors. The 
AI/ML models proposed by the study were built using 
visual C# DotNet and Accord ML dotNet libraries, and the 
other by using python modular, with Keras library. Three 
different forecasting models were designed, the 
Multivariate Linear Regression model, the Logistic 
Regression model, and an „Encoder-Decoder Long Short-
Term Memory (LSTM) Neural Network, to use weather to 
forecast market item‟s demand and supply variations. 

 
3. The research design and methodology  
The study had employed a purposive sample of 10 
participants, from the Chiwempala market, Chingola, 
Zambia. Items whose sample data was collected included 
cooking oil, bread, sugar, tomatoes, onion and green 
vegetables. The data was collected from 01 November 2019 
to 30 November 2019. For each sampled item, 24 sample 
records were for cooking oil, 24 sample records for bread, 
24 sample records for sugar, 24 sample record for 
tomatoes, 24 sample records for onion and 24 sample 
records for green vegetables, of the quantities bought, 
quantity buying prices and each items selling price. And the 
low and high temperatures for the collection days were 
equally recorded. The independent variables in the study 
included low and high temperatures. While the dependent 
variables included the items‟ order price, order quantities, 
and the items selling prices. The data was then used to train 
and test the AI/ML modules forecast. The first forecasts 
were computed using an encoder-decoder Long-Short-
Term-Memory (LSTM) Multi-step neural network model, 
written in python language. The module computed market 
forecasted behaviours of the products‟ quantities, buying 
and selling prices records.  
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The LSTM module constituted of a two-dimensional input, 
with a three-dimensional output, which was shaped using 
the Encoder-Decoder model. The number of input time 
steps was set to 1 and the number of features was set to 2 
via the input shape argument on the first hidden layer. The 
LSTM encoder read and encoded the input sequences of 
the 1-time step. The encoded sequence was repeated four 
times by the model using a Repeat Vector layer, which fed 
the decoder LSTM layer before using a Dense output layer 
wrapped in a Time Distributed layer that produced one 
output for each step in the output sequence. The model 
used the efficient Adam version of stochastic gradient 
descent and optimized using the mean squared error (MSE) 
loss function. The other forecast was computed using an 
AI/ML module written using C# and accord DotNet. The 
module was a hybrid of a Multivariate Linear Regressor and 
the Logistic Regressor. The Multivariate Linear Regressor 
(MVLR) is a machine learning (ML), supervised learning 
technique for making predictions, a generalization of the 

Univariate Linear Regressor, as it uses more than one 
independent variable, with multiple dependent variables. 
And the Logistic Regression (LR) is a form of ML 
supervised learning technique whose task is to learn how to 
assign a label to an item based on the independent 
variables. Data for the python module was stored in a 
Microsoft Excel Comma-Delimited file. While for the C# 
module, it was stored using SQLite, a relational database 
management system (DBMS), and rearranged for the 
regressors using jagged arrays. Jagged arrays are an array 
of arrays with member arrays that can be of different 
lengths. The ML LSTM, MVLR and LR modules‟ forecasts 
were compared for accuracy, the proximity of the predicted 
data to the actual data using statistical analysis, by 
Statistical Package for Social Science software (SPSS) 
version 26 for deviations, independence and dependence. 
An Independent-Samples Mann-Whitney U Test was 
conducted using SPSS, the data consisted of the day‟s 
averages for the small and medium entrepreneurs (SMEs) 

items‟ quantities bought, buying and selling prices. The data 
was later analysed for normality in SPSS v26, using 
Kolmogorov-Smirnov test and the Shapiro-Wilk tests, 
seeing that each sampled item provided a total of not more 
than 12 average sampled data (which is very little data to 
assume it had a normal distribution) for each day, for either 
the items‟ quantities bought, buying and selling prices of 
actual data, and 8 of the predicted sampled data, for either 
of the items‟ quantities bought, buying and selling prices. 
 

4. Findings  
The findings include the forecasts and, statistical analysis of 
data using Bayesian Statistics of the forecasts of the 
python-Keras module and the C#-Accord.Net module. A 
dependent-samples test was conducted using Bayes Factor 
for Related-Sample T-Test, to confirm whether the results 
were arrived at by chance and if there was a statistically 
significant difference between the control records (original 
data) and the forecast records. Table 1 shows the quantity‟s 
bought and the respective buying (wholesale) prices, for 
cooking oil, bread, sugar and vegetables, and their 
statistics. The study used Bayes Statistics, as the Bayes 

TABLE 1: 
Bayes Factor for Related-Sample T-Test N 

Mean 
Difference 

Std. 
Deviation 

Std. Error 
Mean 

Bayes 
Factor t df 

Sig. (2-
tailed) 

Quantity Oil Control & Quantity Oil Python-Forecast 8 0.5863 6.70429 2.37032 3.803 0.247 7 0.812 
Quantity Oil Ccontrol & Quantity Oil C#-Forecast 8 0.1368 6.55347 2.317 3.909 0.059 7 0.955 
Quantity Bread Control & Quantity Bread Python-Forecast 8 -2.0074 3.0513 1.0788 1.039 -1.861 7 0.105 
Quantity Bread Control & Quantity Bread C#-Forecast 8 -0.5622 1.70631 0.60327 2.652 -0.932 7 0.382 
Quantity Sugar Control & Quantity Sugar Python-Forecast 8 0.5658 11.93125 4.21833 3.882 0.134 7 0.897 
Quantity Sugar Control & Quantity Sugar C#-Forecast 8 1.7029 11.32558 4.0042 3.595 0.425 7 0.683 
Quantity Vegetables Control & Quantity Vegetables Python-
Forecast 8 -2.5472 5.03861 1.78142 1.674 -1.43 7 0.196 
Quantity Vegetables Control & Quantity Vegetables C#-
Forecast 8 -1.9773 5.46886 1.93353 2.463 -1.023 7 0.341 
Buying Oil Control & Buying Oil Python-Forecast 8 18.3426 120.59546 42.63693 3.588 0.43 7 0.68 
Buying Oil Control &  Buying Oil C#-Forecast 8 6.7651 122.77803 43.40859 3.87 0.156 7 0.881 
Buying Bread Control & Buying Bread Python-Forecast 8 -9.2094 39.46109 13.9516 3.201 -0.66 7 0.53 
Buying Bread Control & Buying Bread C#-Forecast 8 -5.8406 26.21741 9.26925 3.257 -0.63 7 0.549 
Buying Sugar Control & Buying Sugar Python-Forecast 8 6.2608 43.47783 15.37174 3.621 0.407 7 0.696 
Buying Sugar Control & Buying Sugar C#-Forecast 8 -1.4347 38.56064 13.63325 3.895 -0.105 7 0.919 
Buying Vegetables Control & Buying Vegetables Python-
Forecast 8 -0.0185 5.11876 1.80976 3.915 -0.01 7 0.992 
Buying Vegetables Control & Buying Vegetables C#-Forecast 8 -1.9889 3.25249 1.14993 1.208 -1.73 7 0.127 
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factor can compare the marginal likelihood between a null 
and an alternative hypothesis. From Table 1, the groups of 
Quantity Oil Control and Quantity Oil Python-Forecast, 
Quantity Oil Control and Quantity Oil C#-Forecast, Quantity 
Sugar Control and Quantity Sugar Python-Forecast, 
Quantity Sugar Control and Quantity Sugar C#-Forecast, 
Buying Oil Control and Buying Oil Python-Forecast, Buying 
Oil Control and Buying Oil C#-Forecast, Buying Bread 
Control and Buying Bread Python-Forecast, Buying Bread 
Control and Buying Bread C#-Forecast, Buying Sugar 
Control and Buying Sugar Python-Forecast, Buying Sugar 
Control and Buying Sugar C#-Forecast, and Buying 
Vegetable Control and Buying Vegetables Python-Forecast, 
have a Bayes Factor of between 3 and more. The t-value, 
for all the groups, is small (ranging from 0.43 to -1.861), and 
the significance levels are equally large (ranging from 0.105 
to 0.992), i.e., the p-value is greater than 0.0005. A ratio 
was formulated, a quantity-buying and selling ratio, which 
can be used to compute either the quantities to purchase or 
vice versa given the days' forecasts of the buying and 
selling prices and a plot was made shown in figure 1 

 
5. Discussions  
The findings in table 1, review that the relationships 
between the control groups and the forecast groups were 
not a result of random chances, as the Bayes Factor of 12 
groups of the 16 tested were above 3, while 4 groups had a 
Bayes Factor of less than 3, which included the Quantity 
Bread Control and Quantity Bread Python-Forecast, 
Quantity Bread Control & Quantity Bread C#-Forecast, 
Quantity Vegetables Control and Quantity Vegetables 
Python-Forecast, Quantity Vegetables Control and Quantity 
Vegetables C#-Forecast and Buying Vegetable Control and 
Buying Vegetables C#-Forecast. It equally observed that 
the mean differences were relatively very small, except for 
the Buying Oil Control & Buying Oil Python-Forecast group, 
and the Buying Oil Control & Buying Oil C#-Forecast group, 
which had mean differences of 18.3426 and 6.7651, with 
standard deviations of 120.59546 and 122.77803 and 
significant 2-tailed scores of 0.68 and 0.881. The rest of the 
groups (14) had mean differences of less than 6.7651, with 
small standard deviations of 1.7 to 43.478 and significant 2-
tailed scores of 0.105 to 0.992. The assumed null 
hypothesis was that there were no significant relationships 
among the control groups and the forecast groups. The 
mean differences between the groups of the control and 
forecast groups were relatively very small, with p-values 
that were relatively larger than 0.05 for all the groups. As 
such, the null hypothesis is rejected, implying there was a 
statistically significant relationship between the control data 
and the forecast data. (Bevans, 2020) (IBM Corporation, 
2017) (Bousquet, Boucheron, & Lugosi, 2003). Table 1 
results also reviewed that the modular for C# DotNet and 
Accord ML dotNet, out-performed the python modular. The 
C# module, designed with Multivariate Linear Regression 
model and Logistic Regression computed forecasts for 12 
groups with relatively smaller mean differences as 
compared to the „Encoder-Decoder Long Short-Term 
Memory (LSTM) Neural Network of python, whose mean 
differences were higher among the 14 groups. Except for 
the groups of the Quantity Sugar Control and Quantity 
Sugar Python-Forecast, Quantity Sugar Control and 

Quantity Sugar C#-Forecast, Buying Vegetable Control and 
Buying Vegetables Python-Forecast and Buying Vegetable 
Control and Buying Vegetables C#-Forecast. The forecasts 
standard deviations were relatively lower from the 
respective control groups for the C# module as compared 
to the python module forecasts. Except for the groups of 
Quantity Sugar Control and Quantity Sugar Python-
Forecast, Quantity Sugar Control and Quantity Sugar C#-
Forecast, Buying Vegetable Control and Buying Vegetables 
Python-Forecast and Buying Vegetable Control and Buying 
Vegetables C#-Forecast, where the standard deviations for 
the C# forecasts-control groups were relatively larger than 
python. 

Figure 1, graphically shows that the forecasts for 
vegetables were relatively related to the control 

records. 

 

The findings thus show that a relationship exists between 
local-weather factors (low and high temperatures) and local 
demand and supply forces, economic factors. It also 
statistically proves that AI/ML modular can forecast local 
small and medium scale entrepreneurs (SMEs) demand and 
supply forces, from local weather traits. From the 
comparisons, it is equally evident that C# AI/ML modules 
performed better than the python module used, in 
forecasting the local-market indicators with the local-
weather attributes (low and high temperatures).  The AI/ML 
modules forecasts can thus be used to help SMEs improve 
their business and economic planning. Using local weather 
to forecast market variables can be a better method that can 
help improve the forecasting accuracy of the day-to-day 
selling and buying of products by SMEs. 
 

6. Conclusion 
According to Bousquet, et al (2003), the study likewise used 
past randomly sampled observations to make future 
observations which were validated through statistical 
hypothesis testing, concluding that information about the 
underlying phenomenon can be reliably inferred and used. 
AI/ML weather-forecast solutions for local-market demand 
and supply traits data can be moulded to facilitate planning 
and preparations by SMEs against local-economic 
adversities, at a personalized localized level. As evident 

Figure 1: Line Plot-Original Vs Predicted Index for Vegetables QTY-BUY-

SELL 
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from the data, AI/ML systems can forecast the volumes of 
the products to be bought for a day, and they can also 
forecast the products-volume buying prices more reliably if 
the weather is incorporated, accounting for the seasonal 
variability of the popularity of the item. Unlike using python 
language in designing SME‟s solutions for the market 
adversities, C# modules applications can easily be designed 
for mobile devices using Xamarin Forms, with no need for 
cloud computing, or heavy libraries like TensorFlow or 
Keras. Moreover, implementing applications for devices 
running a popular operating system (OS) like Android, or 
Apple OS, may require more extra lines of codes than in 
python than in C#, especially that python may need to be 
used as a third-party language in either Java or C# or C++ 
mobile application. C# modules performance and scalability 
in the AI/ML predictive system, makes it a statistical better 
candidate as the language for use in AI/ML mobile 
predictive solutions for SME, as the study‟s results showed, 
its module got closer to the optimal solutions, in most cases 
than the counterpart module. 
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