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to model the possible nonlinear relations between the two indicators. Added, on the advent that
covid-related news in one time period impacts the stock market in another period, time delay can
be an equally good predictor of the stock index but rarely investigated.

Objectives: To contribute to filling the gaps identified in existing research, this study models
relationship between the stock market index and coronavirus pandemic by leveraging volatility in
the stock market and covid data through time delay and best degree in a polynomial environment.
The resultant optimal time delay and best degree model is used to derive a high-accuracy pre-
diction of stock market index.

Novelty: In line with the possible relations, the novelty of this study is that it proposes, validates
and implements polynomial regression with time delay to model nonlinear relationship between
the stock index and covid.

Methods: This study utilizes high-frequency data from January 2020 to the first week of July 2022
to model the nonlinear relationship between the stock index, new covid cases and time delay
under polynomial regression environment.

Findings: The empirical results show that time delay and new covid cases, when modelled in a
polynomial environment with optimal degree and delay, do present better representation of the
nonlinear relationship such predictors have with stock index for China. Relative to results from
the polynomial regression without delay, the empirical evidence from the model with delay show
that an optimal time delay of 17 weeks makes it possible to predict the stock index at high ac-
curacy and record improvements of 16-fold or higher. The representative delay model is used to
project for up to 17 weeks for future trends in the stock index.

Implication: The implication of the findings herein is that the prowess of the time delay poly-
nomial regression is heavily dependent on instability in covid-related time trends and that re-
searchers and decision-makers should consider modeling to cover for the unsteadiness in
coronavirus cases to achieve better results.

1. Introduction

China is predicted to overtake the Unite States of America by mid-21st century in terms of national out. Due to the sharp growth
recorded in China, profit oriented public and private institutions, in present-day business settings, are increasingly exposed to new
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risks, growing compliance regulations [1], decreasing customer satisfaction [2], operational inefficiencies [3], fraud [4], or errors [5]
that can lead to financial loss or reputational damage. In order to address these risks, there is an urgent demand for effective and
sustainable decisions that utilizes innovative tools and techniques for the Chinese market. The financial and health sectors of China are
among parts of the ecosystems of the nation that demand pressing solutions to issues brought about by the coronavirus pandemic [6].

The Chinese financial market and institution therein identify as discipline of operations management which handles day-to-day
finance-related operations within institutions and steers them to improve in value [7]. Thus, effective decision tools and process
management in businesses that uses proven methods to discover, design, model, analyze, develop, improve, and automate business
processes and systems are required. Recently, under more generic terms like Business Process Management (BPM) [8], the influence of
BPM is seen in the development of artificial intelligence (AI) solutions [9] specific to the banking and financial industry. Due to the
surge of customer data expansion [10], competitive market retentions [11] and varying tastes and preferences of customers [12],
financial institutions invest billions of dollars yearly into updating financial system procedures and capabilities through automation of
processes that hitherto were performed manually by individual employees [13]. Under certain circumstances, bright expectations
thwarts and business goals remain unachievable if the financial market fails to observe events, analyze, and optimize business pro-
cesses through efficient tools and techniques, and refrains from receiving relevant recommendations from researchers for the
enhancement of its performance indicators. It is worth mentioning that customers, who are often individuals, to consider not only
performance indicators (including health records and policies implemented at the state level) in deciding to patronize financial
products, particularly the stock market.

On health, recent COVID-19-related events the aftermath has had spill over effects on the stock market. The number of infections
and death toll of COVID-19 pandemic has been on the rise since late December 2019 [14]. As means of controlling its spread, countries
implemented purely technical measures (TMs) such as tests, research into potential vaccines, and travel restrictions [15]. Evidence
from the sharp rise in infections, show that the TMs have been, for a large part, ineffective; and that the world was poorly prepared for
the COVID event. Added, existing TMs are costly and time consuming [16]. Recent developments in control measures that minimize
the shortfalls of traditional TMs include application-based and software-based approaches with individual-related, community-related,
and government authority-run platforms. Countries including China, Singapore, Nigeria and South Africa are among the nations that
have implemented various forms of the software-based COVID-19 tracking approaches [17]. Despite the prowess of existing appli-
cation- and software-based approaches (EASAs), infections in countries like China are still high and the state has been implementing
radical measures to combat the spread. Lessons learned from the limited impacts of TMs and EASAs are that unavailability of massive
data on coronavirus-related issues [18], ineffective tracking and modeling of the variations in trends in new cases have hampered
people’s willingness to patronize the financial market.

Despite the inefficiencies recorded in the use EASAs in China, limited high frequency data on spread of the pandemic are tracked via
combination of techniques [19]. For instance, greater proportion of the world’s population have access to mobile phones and in nearly
all countries, subscriber identification module (SIM) cards in mobile phones, and telephone lines are legally registered in, and tied to
the personal contact details of users. For carriers of the virus, EASAs liaise regulatory bodies and instruct telecommunication com-
panies to make available data on the historical pinging activity from towers for up to 2-3 weeks prior to the time the carrier was
diagnosed positive for the COVID-19 virus [20]. Thus, a lookback effects are inculcated in EASAs and it helps ascertain massive data on
carriers and their chain-like primary contacts, both for history and in real-times; which will sharply improve the precision, efficiency,
and effectiveness of contact tracing.

In addition to having high frequency characteristics, there exists volatility in the stock index and new covid cases and that the
expected such has high potential to exacerbate the unpredictability [21]. The inherent unpredictability implies that a sustained
patronage of the stock market depends on some tenets. These tenets include investigating high frequency data for stock index and new
covid cases, representative modeling of the observed non-linear trends in both variables, and high-accuracy forecasting that leverages
the nonlinearity, particularly for China’s stock market index and new confirmed COVID-19 cases. However, a critical review of
literature show research that investigates high frequency stock index and new covid data, models of the non-linear trends observed in
both variables, and proposes representative high-accuracy non-linear forecasting for China’s stock market index and new confirmed
COVID-19 cases, is rare. The panic emanating from COVID-19 lockdowns in China [22] driving considerable number of Chinese to
limit investments in the financial markets [23] depict signs of possibly the existence of relationship between the stock market per-
formance and new reported coronavirus cases in the country. Using the stock index as proxy for financial market and new COVID-19
cases as representative of the coronavirus pandemic, it can be established that both representations depict high frequency traits that
are volatile and unpredictable. As high frequency variables, the inherent volatility necessitates that the form of relationship that
possibly exist between the variables is, arguably, time-dependent and polynomial in nature. Despite the possibility of such relational
links, critical review of existing research shows rare empirical evidence of studies that investigate the non-linear relationship between
the stock index and new COVID-19 cases for China. These gaps motivate this research.

As an effort to contribute to filling the gaps identified, this research entails two innovations. First, the study proposes non-linear
modeling of observed trends under polynomial regression environment with time delay for the stock index and new covid cases in
China. The polynomial model with time delay is estimated separately for the stock index and new recorded COVID-19 cases, and jointly
for the two variables. Second, the optimal time delays observed from the polynomial regression for the two variables [24] are used as
input data to model, propose, test, validate and implement a high-accuracy polynomial model for forecasting the stock index up to 17
weeks ahead. In the midst of recent panic in China, the findings of this study would contribute to minimize the sizable number of
Chinese who are deciding to decrease their participation of financial assets.

The remainder of the study is organized into four sections namely materials and methods, results and discussions, limitations and
future research, and conclusion.
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2. Materials and methods
2.1. Materials

This study uses stock index from the Shanghai Stock Exchange and newly and locally confirmed corona-virus cases (i.e., excluding
imported ones) in China as materials for empirical analysis. Although the New York Stock Exchange, London Stock Exchange, and
several other exchange markets exist, this study focuses on China, the covid-19 pandemic, and extreme variability in Chinese stocks. As
such, the Shanghai Stock Exchange and newly and locally confirmed corona-virus cases are considered. The data on the stock index
were extracted from Tong Hua shun [25], a widely used mobile application in China to access information and data on the stock
market. On the new covid cases, the data were extracted from the official website of National Health Commission of People’s Republic
of China [26] for it is reliable according to state data-reporting standards. The data on stock index covers weekly timeline for a five-day
week (i.e., Monday to Friday), whereas that of newly confirmed cases contains the total number of days in a whole week (i.e., Monday
to Sunday). The five-day working week data for the stock index is used because the market operates from Monday to Friday excluding
weekends and public holidays. Thus, no data exists for Saturday and Sunday on the stock index. Unlike the stock market, corona-virus
cases have no definitive timeline and that new cases can be reported in any day of the week; hence, data on the stock index is extracted
to cover Monday to Sunday. It must be noted that the data spans 2020 week 1-2022 week 27 (i.e., 131 weeks in total). The 131 weeks
produces 655 data points for the stock index and 917 for new covid cases. The original data for the 131 weeks has been deposited in the
supplementary materials under the file name Original Data. From the Original Data, it can be seen that there are a total of 51 and 19
entries of missing data on the stock index and new covid cases, respectively. The missing values are due to three reasons namely
festivities (i.e., Spring Festival, Tomb-Sweeping Day, Dragon Boat Day, Mid-Autumn Day and Chinese National Day), public holidays
(i.e., Labour Day, New Year) and absence of official records.

2.2. Data processing

As mentioned, the stock index values cover weekly timeline and the Grubbs test [27] was used to group them. The Grubbs test was
adopted because according to the Grubbs Critical Value Table, the technology is applicable to data set with 3-100 entries; thus, the 3 to
5-day data fulfills the assumption. The mathematical expressions for utilizing the Grubbs test are presented in Egs. (1) through (5):
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where x’l is the stock index of the j™ entry of the i week, max is the maximum number, ave is the average, s; is the standard deviation
and G; is the Grubbs statistic.

Python was used for the Grubbs test and the algorithms from Jupyter notebook is deposited in supplementary materials. It is worth
mentioning that due to the 3 or higher entries requirement, the Grubbs test was applied to the weeks with at least 3 days of data. The
test was used to both group and clean the data. The data cleaning procedure was necessary to cater for outliers. An entry is considered
as outlier if from the Grubbs test, G; > Gy o5(n) where Gy gs(n) is a critical value. For all values that were found to be outliers, such
entries were deleted.

After the data was cleaned (i.e., grouped and checked for outliers), the remaining set was checked for missing entries. To get better
use of each weekly data set, filling the missing data is, arguably, a proper way to address the issue. Relative to the stock market, the
newly confirmed covid numbers is random and independent; thus, it is convincing to only fill the missing data for the stock index.
Multiple imputation was used as a randomized approach to fill the missing data.

Among several approaches of multiple imputation, miceforest is chosen and adopts multiple imputation by chained Eqgs. (MICE)
[28]. The MICE involve a few steps. First, the original data are copied and saved into four different data files. The four files are named
as datafilel, datafile2, datafile3 and datafile4. Second, using datafile1, the technology arranges the data after the Grubbs test into five
columns with each column representing a day (i.e., Monday to Friday). The MICE approach checks for missing values per column and
randomly selects values already present in the column to fill sections with missing entries. This procedure is repeated for all 5 columns
to produce data that contains no missing values from Monday to Friday. Third, holding four columns in datafilel constant, the random
values in the fifth column imputed in the previous step are intentionally deleted. Fourth, using random forest applied to the four
columns held constant in datafilel, the missing values (intentionally deleted) are predicted. The predicted values are considered as



D. Bowen Heliyon 10 (2024) e28850

imputed data. Assuming that Monday is the column whose entries were intentionally deleted and that Tuesday-Friday were held
constant, the random forest technique is used to predict and impute the predictions as entries to filling the missing values in the
Monday column. Fifth, once the Monday entries in datafilel are completed, the ‘delete one apply random forest to the other four’
technique is adopted to predict and fill in the missing entries for Tuesday, Wednesday, Thursday and Friday. Sixth, the procedure is
repeated for three iterations using datafilel. The six procedures described above are replicated to the other three data files (i.e.,
datafile2, datafile3 and datafile4). The results from the third iteration of each data file are saved. Correlation analysis is adopted in
choosing the final multiple imputation data with no missing entries. Here, the imputed data that produces a correlation matric closest
to that of the original data is considered the best fit.

After the multiple imputation process, it was observed that all the 131 weeks of data on stock index had no missing entries. The 5-
day data per week for stock index was then aggregated into one value per week using the pandas rolling function [29]. Leveraging the
model proposed by Theophilus et al. [29] and as depicted in Egs. (6) and (7), the mathematical expressions used in the rolling function
methods:

e 1
X :§in (6)

STl = (60 #0055 ) ™
where x”l: is the stock index of the j% entry of the i week after multiple imputation, ST is stock index, and ad is adjust data. It can be
observed that for the average of the stock index each week after multiple imputation (i.e., x;**), i must be positive integer. In these
cases, for the adjust data of stock index, it starts from week 4-131 (i.e., 128 weeks in total).

The non-missing data on new covid cases was also formatted into 128 weeks, i.e., from week 4-131. Unlike the data for stock index,
that for new covid cases was unpredictable and it is better to use the sum of each week to aggregate into one value per week. These
multiple imputations, rolling function and aggregation procedures produce 128 inputs of processed data with no missing entries both
for the stock index and new covid cases.

Analytical techniques were applied to the processed data to estimate the functional relationship that exist among the stock index,
new covid cases and the possible impacts of time delay. Although several techniques such as ARDL, quantile regression, multiple linear
regression, etc., exist, this study selects polynomial regression with degree and time delay due because none of such other modeling
techniques cover the objective of incorporating delay and degree. Without accurately incorporating degree and delay, leveraging other
methods increases the chances that model would mistake the objective and weak at minimizing the impact of hidden variables; both of
which existing research advices against [see']. For comparison purposes, this study estimates the functional relationship both for time
delay and without time delay. Given that ST is stock index, ad is adjust data, del is time delay, brd is best regression degree, i is the week
number, NC is new covid cases without time delay, g denotes the set of integers from 0 to brd, a to e are constants and NC is the new
covid cases with time delay, the empirical relationships were estimated via polynomial environment as [see Tsai et al. [30];
Ostertagova [31]] in the series of equations from Egs. (8) through to (15):
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! Riley, Patrick. “Three pitfalls to avoid in machine learning.” Nature 572.7767 (2019): 27-29. https://doi.org/10.1038/d41586-019-02307-y.
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for estimating regression with time delay; and

brdsr ne

STua= Y f,NC/ (1s)
q=0

for without time delay.

It is worth adding that deriving an optimal time delay (i.e., del) is integral to discovering the polynomial regression with time delay
that best fits the data. In deriving the degree, the mean square errors (MSEs) derived from plotting the true versus fitted polynomial
regressions for the covid cases and stock index were saved. Two groups of saved MSEs were plotted against regression degrees and for
each group the degree that corresponds to the minimum MSE was saved and regarded as best regression degree (i.e., brd).

Under the two best regression degrees for the covid cases and stock index (i.e., brdnc; and brdsr;), MSEs derived from plotting the
true versus fitted polynomial regressions with different integer time delay were saved. The two groups of saved MSEs were plotted
against different integer time delay and for each group, the time delay that corresponds to the minimum MSE was saved and regarded
as optimal time delay (i.e., del). By this approach, two optimal time delays (i.e., delst and delyc) were identified. The optimal time delay
for the final predictive model (i.e., delyc st) was estimated as the difference between the delays from covid cases and stock index.

2.3. Test of model precision

To derive a better representation of the high frequency and volatile data, the two polynomial regressions (i.e., with and without
time delay) were compared. The comparisons were made by applying the two polynomial models to three different sets of data derived
from the sample. The data (i.e., stock index and new covid cases) used in the three tests with and without delay are displayed in
Table 1.

The first set contains the data of the two groups (i.e., stock index and new covid cases) from week 4-60, divided into model and
validation sets. For the model set, depending on the model selected (i.e., either with or without delay), the data for modeling spans
week 4 -(60 — delycst) for polynomial regression without time delay and (4 + delycsr)-(60 — delycsr) for with time delay. The
empirical models derived from the model sets are used to predict two groups of validation data; i.e., from week (61 — delycsr) to 60.
The two predictions from with and without delay are compared with the true values and the differences are used to estimate the MSEs
for the two polynomial regressions. The corresponding MSEs are compared and the polynomial regression that records the least MSE is
regarded as a better model. Similar approaches are also applied in Tests 2 and 3. Upon establishing that polynomial regression with
time delay fits the high frequency volatile data best, the resulting empirical model is implemented to project the stock index for up to
seventeen weeks.

3. Results and discussions
3.1. Descriptive statistics and data processing

The empirical results on descriptive metrics of both new coronavirus cases and the stock index are presented in Table 2 and the
rolling function graph of the processed data is depicted in Fig. 1. On new covid cases, the study reports that a total of 371 days (i.e., 7
times 53) were recorded and that a deduction of extra days due to overlap of calendar days produces 366 for 2020. Out of the 371
entries, 19 (i.e., ~5%) of the values are missing and such phenomenon are ascribed to unavailability of data due to public holidays.
Similar observations are made for 2021 and 2022 with ~1.89% and ~3.7% of missing data, respectively. From Table 2, on day-on-day
basis, the minimum number of new covid cases in China was reported to be zero (0) for 2020 and 2021 and one (1) for 2022. Thus,
there were days for which no new cases of coronavirus infections were reported. The trend is significantly different from maximum
parameters. For instance, basing on the weeks with data entries, the maximum parameter for 2020 is 15,152 (i.e., Monday,
Wednesday, February 12th) which is considerably different from 182 (i.e., Monday, December 27th) for 2021 and 5646 (i.e., Thursday,
April 28th) in January-July 2022. The variations between the maximum values year-by-year supports the indication that total number
new covid cases depicts a form of unpredictability. The dynamism in the variations is also depicted by the standard deviation which
stood at 1046.06 in 2020, 36.00 in 2021 and 985.84 in 2022. The positive skewness for all three years (i.e., 9.39 in 2020, 1.96 in 2021
and 2.00 in 2022) indicate that greater proportion of the daily new covid cases are skewed to the right of the mean.

Relative to the new covid cases and as reported in Table 2, there are considerable differences on the descriptive metrics of stock

Table 1
Testing and validation of polynomial regression with and without time delay.
Test Model Overall Data Model data Validation data
Test 1 With delay 4-60 (4 + delzvc,sr)- (60 - delNC.sﬂ (61 — delyc,sT)-60
No delay 4-60 4-(60 — delycsr) (61 — delyc,sr)-60
Test 2 With delay 44-90 (44 + delncsr)-(90 — delnc st) (91 — delyc,sr)-90
No delay 44-90 44-(90 — delyc,st) (91 — delnc,s7)-90
Test 3 With delay 74-120 (74 + delycsr)-(120 — delncst) (121 — delncsr)-120
No delay 74-120 74-(120 — delncst) (121 — delncsr)-120
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Table 2
Descriptive statistics on the variables.
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Variable/metric Original data Post-multiple imputation
Year Year
2020 2021 2022 2020 2021 2022
New covid cases
Count 371 371 189
Missing 19 7 7
Minimum 0.00 0.00 1.00
Maximum 15152.00 182.00 5646.00
Average 240.88 23.57 632.02
Standard deviation 1046.06 36.00 985.84
Skewness 9.39 1.96 2.00
Stock index
Count 265 265 135 655 (131 weeks 5 days/week)
Missing 22 22 17 0
Minimum 2703.33 3385.54 2957.68 2703.33
Maximum 3474.92 3661.09 3651.89 3731.69
Average 3147.05 3558.16 3318.93 3344.93
Standard deviation 234.58 73.96 171.58 250.25
Skewness —0.20 —0.05 —0.02 -0.77
Adjusted data (post multiple imputation and aggregated)
2020-2022
New covid cases
Count 128
Minimum 0
Maximum 31,433
Average 1627.52
Standard deviation 4846.33
Skewness 3.88
Stock index
Count 128
Minimum 2795.69
Maximum 3650.16
Average 3347.06
Standard deviation 243.60
Skewness —0.80
Mon Tue Wen Thu
3600 3600 3600 3600
3400 3400 3400 3400
BE0 3200 3200 3200
3000 3000 3000 3000
2800
2800 o 2800
0 20 40 60 80 100 120 0 20 40 60 80 100 120 o 20 60 80 100 120 0 20 40 60 80 100 120
Fri adjust data new covid cases
3600 30000
3600
25000
3400
2400 20000
3200 3200 15000
10000
3000 3000
5000
2800
2800 0
0 20 40 60 80 100 120 0 20 40 60 80 100 120 o 20 60 80 100 120

Fig. 1. Rolling function of the adjusted data.

index. For instance, the study reports a total of 265 days (i.e., 5 days times 53 weeks) of data for 2020 which is a little over 100 less than
the 371 reported for new covid cases. The difference can be traced to variations among the total number of days used in the estimation.
Each week, there are 7 days to report new covid cases but because the stock market operates on a 5-day work week (i.e., Monday to
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Friday), the stock index can only be recorded five times. One similarity among the stock index and new covid cases is missing values.
Unlike covid that is not affected by holidays, the stock market does. Holidays such as Spring Festival, Tomb-sweeping Day, Labour Day,
Dragon Boat Day, Chinese National Day, New Year and weekends did affect the number of data entries for the stock index. Another
similarity is overlapping of days (i.e., days in a particular week that extends into other weeks or calendar years) as such were recorded
both for new covid cases and stock index.

Setting aside the similarities, the study finds that a total of 265, 265 and 135 entries of data were recorded on stock index for 2020,
2021 and 2022, respectively. Out of the entries, 22 (i.e., ~8.3%), 22 (i.e., ~8.3%) and 17 (i.e., ~12.59%) of the values were found to
be missing for 2020, 2021 and 2022, respectively. As stated earlier, the missing data are attributed to unavailability of data on
weekends and public holidays. One dissimilarity between the descriptive statistics on new covid cases and stock index is non-zero
minimum. Using the day-on-day Monday-Friday non-missing entries, the minimum stock index recorded in China was 2703.33 for
2020, 3385.54 for 2021 and 2957.68 for 2022, which presents a stacking difference for the 0-0-1 recorded for new covid cases. Here,
the results show that there was no day for which the stock index was zero (0) in China. The maximum of the stock index stood at
3474.92 for 2020, 3731.69 for 2021 and 3651.89 for 2022 with corresponding averages of 3147.05, 3558.16 and 3318.93 for the three
years. The standard deviation of the stock index is estimated to be 234.58 for 2020, 73.69 for 2021 and 171.58 for 2022. Though the
averages and standard deviations of the stock index are meaningfully different from that of new covid cases, the variations within the
means and dispersions year-by-year indicates the existence of unpredictability in the stock market. Compared with the positive
skewness recorded for new covid cases, all the three years (i.e., 2020, 2021 and 2022) were negative for the stock index. This translates
that for 2020, 2021 and 2022, greater proportion of the stock index are skewed to the left of the average.

As depicted in Table 2, the stock index data had missing values whose fraction stayed below 15% (i.e., 8.30% for 2020 and 2021
and 12.59% for 2022). Multiple imputation technologies were utilized to fill in the missing stock index data and the processed data
entailed 131 weeks with 655 day-on-day entries (i.e., Monday-Friday for 131 weeks) of non-missing values. Results from the post-
imputation show a minimum of 2703.33, maximum of 3731.69, average of 3344.93, standard deviation of 250.25, and skewness of
-0.77.

3.2. Polynomial regression with and without delay

Results of the polynomial regression with time delay for stock index and new covid cases are depicted in Figs. 2 and 3, respectively.
As polynomial functions, the best degree and time delay were estimated to derive the optimal models for each of the two variables. On
the stock index, the results show that the best degree of 56 (see Fig. 2(a)). The degree is traced to the least mean square error (MSE) and
the results is clearly depicted in Fig. 2(a) with MSE of 472.64. The time delay for stock index is also marked by the lowest MSE on the
week-MSE graph depicted in Fig. 2(b). The results show that delay of 27 weeks (i.e., —27) is the best time delay for the polynomial
stock index function. As shown in Fig. 2(b), the dotted vertical line marks the lowest MSE of 326.79 at delay 27; thus, a time delay of 27
weeks best fits the nonlinear polynomial stock index model. Merging the best degree (of 56) and time delay (of —27) produces the

(2)

w00

degrees

adjusted data = -1092209512576116.9*x**57+2459.453*x**56+20540.875*x**5
5-297901.283*x**54-3397515.287*x**53+31730155.77*x**52+206191603.725*x*
*51-2135768614.628*x**50-4026564602.426*x**49+78666668785.575*x**48-807
73714024 .17%x**47-1423113239655.508*x**46+4742207771808.967*x**45+75602
55987804.13*x**44-68828326134270.49*x**43+98399037196633.95*x**42+23345
8916765703.12%x**41-1040361936650539.2*x**40+1422004428756324.2%x**39-4
43357954591648.7*x**38-647062297347520.1*x**37+89964846357930.73*x**36+
617228470637419.4*x**35+189268242574955.84*x**34-393458805930204.5%x**3
3-481969624940835.75%x**32+417979312947294.36*x**31+463702226957609.4*x* *®
*30+310372008365573. 6*x**29-53739676440790.88*x**28-246343244694126.88*
X**27-399771782790329.4*x**26-68948783251735.75*x**25+169764480420897.9
T*x**24+448771065543356.06%x**23+166817208761477.75*x**22-9772687585047 s
2.16*x**21-329643816661580.44*x**20-179736511939473,12*x**19-1583362152
76569.66*x**18+126631868131569.42*x**17+294063706561968.0*x**16+2903993
64116419.06*x**15+53873387737899.78*x**14-301732713317267.06*x**13-2965
03136797432.5*x**12-200135128540940.7*x**11+215691465874930.94*x**10+28
5023552828165.3*x**9+216590480824186.8*x**8-86417360545251.48*x**7-3129
33806149495.06*x**6-200188509554235.7*x**5+182839298955337.56*x**4+4001
90195727781.75*x**3-393558800580823.3*x**2+96850426551431.56*x**1+3347, 2 b
1614624882122 - o 2 © o w 0

(c) (d

adjust data mse:326.787

Fig. 2. Polynomial function for time and stock index. (a) Showcasing that the best degree for stock index is 56. (b) The least mean square error that
corresponds to the best degree in (a) to help detect the best delay. (c) Optimal polynomial regression function derived from merging the best degree
in (a) and time delay in (b) (d) Predicted values (i.e., red line). of the optimal degree and time delay polynomial regression function versus the true
data (i.e., blue dots).
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Fig. 3. Polynomial function for time and new covid cases. (a) The best degree of the new covid cases [is 27]. (b) The best time delay for the covid
variable. (c¢) Optimal polynomial regression function from merging the best degree in (a) and time delay in (b). (d) Original versus predicted
covid data.

optimal polynomial regression function displayed in Fig. 2(c). The empirical model in Fig. 2(c) is applied to the original data to test the
representativeness and the results corresponding to the necessary computations are shown in Fig. 2(d). From 2(d), the predicted values
(i.e., red line) of the optimal degree and time delay polynomial regression function closely mimic the true data (i.e., blue dots). The
closeness of the predicted to true values translates into a low MSE of 326.79, which connotes that the polynomial regression function
that encapsulates optimal degree and time delay provides a good fit to the high-frequency and volatile stock index in Chinese stock
market.

Compared with the stock index, the results on new covid cases show lesser best degree and delay yet larger MSEs for both pa-
rameters. The best degree of the new covid cases is 27 (see Fig. 3(a)) compared with 56 for the stock index. Just as in the cases of the
stock index, the best degree is traced to the least MSE and the results is clearly depicted in Fig. 3(a) with MSE of 300789.51. The time
delay for the covid variable is also marked by the lowest MSE on the week-MSE graph depicted in Fig. 3(b). The results show that delay
of 10 weeks (i.e., —10) is the best time delay for the polynomial covid function. As shown in Fig. 3(b), the dotted vertical line marks the
lowest MSE of 2853286.15 at delay 10; thus, a time delay of —10 weeks best fits the nonlinear polynomial model for new coronavirus
cases in China. Merging the best degree (of 27) and time delay (of —10) produces the optimal polynomial regression function displayed
in Fig. 3(c). To be in line with the stock index cases, the empirical model in Fig. 3(c) is applied to the original covid data to test the
representativeness and the empirical results corresponding to the required calculations are shown in Fig. 3(d). From 3(d), the predicted
values (i.e., red line) of the optimal degree and time delay polynomial regression function closely mimic the original new covid data (i.
e., blue dots). The nearness of the predicted new covid cases to true values, though with quite large MSE (of 2853286.15), translates
that the polynomial regression function that captures optimal degree and time delay provides a good fit to the high-frequency and
extremely volatile trends in coronavirus cases in China. The finding of high MSE is ascribed to the extreme volatility and unpre-
dictability in new reported covid cases.

Despite the relatively high MSEs, both polynomial models are reflective of the data and are, thus, merged into one model with
optimal time delay of 17 {i.e., stock index (—10) minus new covid cases (—27); —10 — (—27) = 17}. The accuracy of the optimal stock
index f (optimal time delay of new covid) model is tested for prediction purposes.

3.3. Test of the accuracy of polynomial regression for forecasting

In testing the accuracy of the merged model, the 128 weeks (i.e., Week 4-131) of data were split into three sets to test the forecast
precision of the polynomial regression function. Results on the functions with and without delay are displayed in Fig. 4 and Table 3.

From Table 3, the data used for test 1 span weeks 4-60. Depending on the model selected (i.e., either with or without delay), the
data for modeling span 4-43 weeks for polynomial regression without time delay and 21-43 for with delay. The empirical models that
correspond to the modelled data are depicted in Supporting Material to Fig. 4 [Optimal function for test 1] for which the MSE for the
model with delay (20044.32) is observed to be lesser than that without delay (127382.20). Results from implementing the optimal
function for test 1 to predicting weeks 44-60 also depict smaller MSE for the polynomial stock model with delay (i.e., 2202.99) relative
to that without delay (i.e., 40717.6). The comparison of the predicted values for with and without delay are plotted against the true
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Fig. 4. Polynomial stock function with and without delay. (a) Test 1: line graph of predictions for test 1; (b) Test 2: line graph of predictions for test
2; (c) Test 3: line graph of predictions for test 3. Note: For (a), (b) and (c), all values on the y-axis represent stock index and that on y-axis for weeks.

Table 3
Testing, validation and comparison of polynomial regression for stock index with and without time delay.
Test Model Overall Data Model data Best degree Model MSE Validation data Validation MSE Conclusion
Test 1 With delay 4-60 21-43 9 20044.32 44-60 2202.992 better
No delay 4-60 4-43 8 127382.2 44-60 40717.6
Test 2 With delay 44-90 61-73 2 3631.329 74-90 2251.322 better
No delay 44-90 44-73 2 9504.876 74-90 7059.19
Test 3 With delay 74-120 91-103 3 27656.06 104-120 908.1108 better
No delay 74-120 74-103 2 3.85E+09 104-120 1626.452




D. Bowen Heliyon 10 (2024) e28850

stock index values and are displayed in Fig. 4(a). The evidence from the model MSEs, validation MSEs and the graph for test 1 all
indicate that the polynomial stock function that accounts for time delay provides better representation to the true values of the stock
index.

The prowess that the polynomial stock function with time delay has over that without delay is observed in other two tests. In test 2,
that uses data spanning weeks 44-73 for modeling and 74-90 for validation, the empirical models that correspond to the modelled data
are depicted in Supporting Material to Fig. 4 [Optimal function for test 2] for which the MSE for with delay (3631.329) is observed to
be lesser than that without delay (9504.876). Results from implementing the optimal function for test 2 to predicting weeks 74-90 also
depict smaller MSE for the polynomial stock model with delay (i.e., 2251.322) relative to that without delay (i.e., 7059.19). The
comparison of the predicted values for with and without delay for test 2 are plotted in Fig. 4(b). Similarly, in test 3 {see Table 3 and
Fig. 4(c)}, the MSEs both from modeling and validation sets are found to be significantly less than from without delay regression. Using
MSEs from the model set, the polynomial regression with time delay presents improvement of between ~3-fold (i.e., test 2) and more
that 1000-fold (i.e., test 3). On the validation dataset, the regression with delay equally presents improvement relative to without delay
by between ~2-fold (i.e., test 3) and ~18-fold (i.e., test 1).

Thus, from the testing and validation, the empirical results show that the polynomial regression with delay better represents the
stock index data and thus, is implemented for making future projections.

3.4. Implementation of polynomial regression with time delay for forecasting

To reiterate and buttress the finding that the polynomial regression with delay represents the stock index data better than without
delay, the forecasting model was estimated both for with and without delay. The empirical models are presented in the appendix (see
Appendix I). For MSEs of 15303.08 for with delay and 49865.845 without delay, the former presents improvements of ~3-fold. The
representative with delay function is used to make projections of up to 17 weeks into the future of the stock index. The results are
reported in Table 4.

From Tables 4 and it is estimated that the stock index would hit 3324.64 in week 148. All else equal, week 148 corresponds to late
October to early November 2022. Thus, from the last week in October to the first week in November 2022, the stock index for that week
in China is expected to reach 3324.64. Although the accuracy of the underlying polynomial regression with delay model is high, results
from the projections of the first ten weeks (out the 17 predicted ones) are considerably different from expectations. The extreme
positive and negation stock index projections for the first 10 weeks are ascribed to the optimal 17-week delay effect. Due to the 17-
week optimal time delay, the prediction in weeks 132-141 leverage the highly unstable new covid cases recorded from 2022 week
11-2022 week 20. Such finding is an indication that the prowess of the time delay polynomial regression is heavily dependent on
instability in covid-related time trends and that researchers should consider modeling to cover for the unsteadiness in coronavirus
cases to achieve better results.

It is important to note that the projections that are presented in this study are not compared with other studies that have been
conducted for the reasons that are listed below. To begin, neither the Shanghai Stock Exchange nor the National Health Commission of
the People’s Republic of China nor Tong Hua shun (i.e., the primary sources of data) publishes estimates of stock indexes that take into
account time delay(s) and best degree(s). Secondly, there is research that suggests that the stock index on the Shanghai Stock Exchange
makes use of stochastic processes, bottom-up processes, top-down processes, and other similar processes. These processes work with
distinct conditions, assumptions, and rules in comparison to polynomial regressions for time delay. Thus, comparing stock index
predictions that are modelled based on optimal time delay and best degree in a polynomial environment with others that do not
account delays and degrees turns into committing mistakes that Riley [32] suggest avoiding.

Table 4

Stock index projections.
Week Stock index (projection)
132 —27301241.74
133 1.72279E+11
134 1.84627E+11
135 1.26371E+11
136 18,961,503,617
137 —1.46448E+13
138 —7.64451E+12
139 3.16464E+11
140 —30255.93
141 —14324.36
142 2564.51
143 3374.64
144 3330.45
145 3404.7
146 3314.76
147 3447.89
148 3324.64
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4. Limitations and future research

Despite the innovations in the study, there are few limitations that future studies may explore. First, the study uses the basic linear
association based on correlation between the variables as premise in modeling the polynomial relationship of the stock index model
with new covid cases, optimal delay and degree as predictors. Thus, though the stock index prediction model utilizes the independent
variables, no causal relationship was conducted. Future research could explore the causal relationships, then utilize the causation
model for making predictions about the stock index.

Second, the stock predictions as conducted in this paper produce projections on weekly basis. The study fails to partition the weekly
forecasts into day-on-day values which makes it difficult to figure out the indexes for each day on the week. Future researchers leverage
the limitation to propose strategies and decomposition models to determine the stock index per workday per week.

5. Conclusion

Against the backdrop that under contemporary market conditions in China, the stock index in the country has been volatile and
highly reflective of trends in the coronavirus pandemic, but rare evidence of scientific research to fill in such gap, and that covid-
related news in one time period impacts the stock market in another period, this study contributes to filling such gaps.

Noting that under contemporary market conditions in China, the stock index has been volatile and highly reflect trends in the
coronavirus pandemic, the motivation of this study is to contribute to rare scientific research conducted to model the possible nonlinear
relations between the two indicators. Another motivation is to help fill the gap that existing research has failed that time delay can be
an equally good predictor of the stock index.

In line with the possible relations, the novelty of this study is that it proposes, validates and implements polynomial regression with
time delay to model nonlinear relationship between the stock index and covid. This research proposes non-linear modeling of observed
trends under polynomial regression environment with time delay for the stock index and new covid cases in China. The polynomial
model with time delay is estimated separately for the stock index and new recorded covid cases, and jointly for the two variables.
Added, the optimal time delays observed from the polynomial regression for the two variables are used as input data to model, propose,
test, validate and implement a high-accuracy polynomial model for forecasting the stock index up to 17 weeks ahead. The study utilizes
high-frequency data from January 2020 to the first week of July 2022 to model the nonlinear relationship between the stock index,
new covid cases and time delay under polynomial regression environment. The empirical results show that time delay and new covid
cases, when modelled in a polynomial environment with optimal degree and delay, do present better representation of the nonlinear
relationship such predictors have with stock index for China. Relative to results from the polynomial regression without delay, the
empirical evidence from the model with delay show that an optimal time delay of 17 weeks makes it possible to predict the stock index
at high accuracy and record improvements of 16-fold or higher. The representative delay model is used to project for up to 17 weeks for
future trends in the stock index. The are two advantages of the proposed new model. First, proposed model can easily be replicated to
other countries. The characteristics and procedures in the selection of optimal time delay and best degree are closely tied to nature of
the data. The data-driven trait of the proposed model presents an advantage in terms of replicability to other countries. Second, the
proposed model also presents dynamism in nonlinear modeling. Evidence from the three out-of-sample tests conducted in the study
show varied optimal degrees as well as time delays. The variability in optimal degrees and time delays allow for dynamism in utilizing
the model for varied purposes. The implication of the findings herein is that researchers and decision-makers should consider modeling
to cover for the unsteadiness in coronavirus cases to harness the prowess of utilizing time delay polynomial regression for critical
decisions.

This research paper thoroughly examines a notable void in the current body of knowledge, specifically delving into the correlation
between the stock index volatility in China and the patterns observed during the coronavirus pandemic. With extensive research in
mind, this study aims to delve into the intricate connections between the stock index and the effects of the coronavirus pandemic.
Additionally, it seeks to address the gap in current research by showcasing the effectiveness of time delay as a predictor of the stock
index. This study is significant due to its direct connection to the current market conditions in China. The stock index in this region has
shown considerable fluctuations, which closely align with the patterns observed during the coronavirus pandemic. This research
stands out due to its innovative approach in utilizing polynomial regression with time delay to effectively model the complex cor-
relation between the stock index and COVID-19 cases. This approach brings a fresh perspective to the intricate dynamics between these
two indicators.

The contributions to the literature are highly significant. The study presents a new approach and successfully demonstrates its
validity and implementation. With a deep understanding of the subject matter, the author introduces polynomial regression with time
delay as a modeling technique. This innovative approach sheds new light on the complex relationship between the stock index and
pandemic-related factors. Based on extensive research and analysis of high-frequency data from January 2020 to July 2022, the results
clearly demonstrate the enhanced accuracy achieved by implementing the suggested model. Notably, the utilization of an optimal time
delay of 17 weeks further enhances the model’s performance. With this discovery, one can confidently predict stock index trends up to
17 weeks in advance. This valuable tool equips decision-makers with the necessary information to navigate market volatility and
uncertainties caused by the pandemic.

One of the major strengths of the proposed model is its ability to be replicated in different countries. With its data-driven approach,
the model can easily adapt to various datasets, making it applicable in markets beyond China. In addition, the model’s versatility is
enhanced by the variability in optimal degrees and time delays, allowing it to be used for different purposes and in various contexts.
Nevertheless, as with any research study, it is important to take into account certain limitations. The efficacy of the model relies
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heavily on the specific data characteristics and the distinct circumstances surrounding the pandemic and market conditions. In
addition, the study’s timeframe, which extends from January 2020 to July 2022, might not encompass long-term trends or shifts in
market dynamics. To further enhance the study, it would be valuable to extend the research period and perform cross-validation using
datasets from various countries. This would allow for a more comprehensive evaluation of the model’s applicability.

Overall, this research provides a significant contribution to the scholarly and practical comprehension of the connection between
the stock index and the coronavirus pandemic in China. With the proposal and validation of a new polynomial regression model with
time delay, this study addresses important gaps in scientific research. Additionally, it provides a reliable and adaptable tool for
predicting stock index trends in the midst of uncertainties caused by the pandemic.
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