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Abstract
We propose novel methods for adaptive series forecasting and prediction-interval con-
struction, illustrated with COVID-19 case and death counts. Our framework applies an au-
tomated transformation to reduce heteroscedasticity, then imposes a constrained smooth-
ing near the forecast edge via robust quadratic regression, emphasizing recent data. A 
Long Short-Term Memory (LSTM) model combined with ARIMA-based noise correction 
further refines the forecast. Compared to conventional methods (e.g., ARIMA alone, un-
processed deep learning), this adaptive approach achieves superior metrics and reliable 
bootstrap-derived confidence and prediction intervals. We also highlight how reinforce-
ment learning (RL) can offer promising avenues for real-time decision-making and further 
improvements in forecasting adaptability.

Keywords  Adaptive learning · Pre-processing · Forecast · Confidence and prediction 
interval

1  Introduction

Machine learning (ML) techniques, including ARIMA (Box & Jenkins, 1970) and neural 
networks, are employed for time-series forecasting. However, short and volatile data series 
can lead to overfitting. By applying pre-processing and constrained smoothing, we enhance 
forecast accuracy and confidence, as demonstrated in the context of COVID-19 case counts 
predictions.

The global health landscape has been significantly impacted by the COVID-19 pandemic. 
Monitoring spatial and temporal disease progression and devising appropriate medical and 
socio-economic intervention strategies (Amaratunga et al., 2022) are paramount. For effec-
tive mitigation, forecasting the disease trajectory several weeks ahead is essential. This 
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paper introduces an adaptive machine learning methodology to project upcoming COVID-
19 case numbers, accompanied by respective confidence and prediction intervals.

Unsurprisingly, extensive literature already exists on this topic. Broadly, the literature 
consists of models that can be categorized into epidemiological and machine learning mod-
els. Rahimi et al. (2021) offered a comprehensive review of COVID-19 forecasting models, 
including SIR (Susceptible-Infected-Removed), Moving Average, ARIMA, deep learning, 
et al. The foundational epidemiological model, the SIR model (Kermack & McKendrick, 
1927), classifies a population into three distinct categories: susceptible (individuals at risk of 
infection), infected (transmitting the disease), and removed (recovered with immunity or no 
longer in the system). This model has been widely adopted, such as Rainisch et al. (2022), 
and extended to more complicated ones for various situations by adding more classes of 
individuals, e.g. SIRD (Susceptible-Infectious-Recovered-Dead)(Anastassopoulou et al., 
2020) and SARIIqSq (Susceptible-Asymptomatic-Recovered-Infected Isolated-Infected 
(Iq)-Quarantined Susceptible) (Sarkar et al., 2020). La Gatta et al. (2021) integrated graph 
convolutional networks (GCNs) and sequential deep learning models to optimize the time-
dependent parameters of an SIR model. However, SIR models were unable to face challenges 
in the long term COVID-19 pattern prediction (Moein et al., 2021). In the epidemiological 
models, parameters like the basic reproduction number (R0), infection rate and recovery 
rate required estimation, typically in large populations. The accuracy of these models could 
be significantly compromised by unforeseen interventions not incorporated in the model.

As for machine learning models for time-series analysis, ARIMA models works well 
for seasonal data but changes in observations and model specifications, such as mid-series 
shifts in variance and autocorrelations, make these models unstable. Cartus et al. (2022) 
applied ARIMA modeling to estimate drug overdose deaths in the US during the pandemic. 
Chintalapudi et al. (2020) applied ARIMA modeling to forecast the number of cases and 
recovered cases in Italy. The sophisticated deep learning models were widely used to ana-
lyze time-series data with many applications in the science (Rocha-Solache et al., 2022). 
The total number of COVID confirmed cases, trends and possible stopping times of the 
pandemic outbreak were predicted by applying deep learning models with Long Short-Term 
Memory (LSTM) layers (Chimmula and Zhang 2020; Shahid et al. 2020; Chandra et al. 
2022). A deep learning model was compared with the Savitzky Golay Smoothing (Rasjid et 
al., 2021). Gal and Ghahramani (2016) and Lakshminarayanan et al. (2017) proposed meth-
ods for uncertainty estimations in deep learning-based forecasting. Reinforcement learning 
for time-Series forecasting and adaptive learning were discussed in Burnetas and Katehakis 
(1996) and Burnetas et al. (2025), and Multi-armed bandits were applied in dynamic fore-
casting (Auer et al., 2002; Slivkins, 2019). However, deep learning models do not always 
exhibit good performance (Zhao et al., 2022), especially when they were applied to pre-
dict COVID-19 daily cases. This was because they rely on large amounts of training data 
for obtaining high prediction accuracy. Additionally, the variance of the time-series data 
changed significantly over time. Moreover, these papers did not include methods to con-
struct confidence and prediction intervals.

In this paper we developed the following algorithmic framework aimed at forecasting 
daily confirmed COVID cases effectively:

	● Part 1: Pre-processing 
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(1)	 Transformation. Apply a nonlinear monotonic transformation to the data to reduce 
the skewness and stabilize the variance.

(2)	 Smoothing. Smooth the series with the smooth spline constrained to go through a 
robust estimator of the last point of the series (denoted as p) so as to emphasize the 
trend at that stage. The difference between the observed series and the smoothed 
nonlinear series represents the noise component, which itself forms a stationary 
series.

	● Part 2: Forecasting by deep learning 

(1)	 Model the smooth series by building a Recurrent Neural Network (RNN) with 
LSTM layers followed by a dense layer and use this model to forecast the trend.

(2)	 Fit an ARIMA model to the noise series and use it to forecast the noise.

	● Part 3: Constructing bootstrap confidence and prediction intervals

The main contribution in this paper is to develop an adaptive learning methodology to fore-
cast the time-series with heteroscedasticity and skewness as well as provide confidence and 
prediction intervals. Our methods showed excellent performances, especially at predicting 
changes in the trend. The detailed technical contributions are listed as follows: 

(1)	 Constrained smoothing of the data was proposed to emphasize the core trend pattern of 
the data, especially at the edge where forecasting is to be done.

(2)	 We combined deep learning to forecast the smooth trend of the data and ARIMA models 
to forecast the noise signal of the data and showed that this combination improved the 
overall forecasting — both the forecasts and the associated confidence intervals.

(3)	 An automated transformation of the data was used to reduce heteroscedasticity and 
skewness.

(4)	 We proposed a way to produce confidence and prediction intervals by implementing the 
bootstrap in combination with Deep Learning and using the smoothing constraint at the 
edge.

(5)	 Our methods showed good performance at predicting the changing trend.

In the following sections we will further describe the three parts of the methodology and 
assess the performance of the overall procedure for forecasting the evolution of COVID-19 
in New Jersey. We found that the methods worked well for four weeks forecasting, and that 
the coverages of the confidence and prediction intervals constructed were very good. These 
findings were substantiated by applying the same methodology to COVID-19 data from 
California and flu data from Hong Kong.

2  Methods

Figure 1 shows the adaptive learning procedure. We specified the procedure step by step as 
follows.
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2.1  Data source

The daily cumulative counts of confirmed COVID-19 cases in New Jersey during the period 
1/23/2020–5/1/2021 were downloaded from the Johns Hopkins University Center for Sys-
tems Science and Engineering (JHU CSSE) (Dong et al., 2020) and the number of daily 
cases was calculated (see Fig. 2a).

Given data for a certain period, our goal was to forecast the number of daily confirmed 
cases during the following 28 days and construct corresponding confidence and predic-
tion intervals. To test our methodology in different scenarios, the period from 3/6/2021–
4/17/2021 (the orange highlighted part of Fig. 2a) was selected. This period was selected 
because it included an increasing trend, a change in trend, and a decreasing trend. We 
forecasted the number of cases within three intervals with a length of 28 days within this 
period: 3/6/2021–4/3/2021, 3/13/2021–4/10/2021, and 3/20/2021–4/17/2021. That is, data 
from 1/23/2020 to 3/5/2021 was used to forecast the case counts for the next 28 days (from 

Fig. 2  Number of confirmed cases in New Jersey, transformation and smoothing. a The number of 
COVID-19 confirmed cases during the period 1/23/2020–5/1/2021. The period that we would forecast 
was marked in orange; b the time-series after the nonlinear monotonic transformation (blue line), an 
example of smoothing splines of the transformed time-series (red line)

 

Fig. 1  Adaptive learning procedure 
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3/6/2021 to 4/3/2021). We repeated this process for the other two intervals by moving for-
ward one week.

2.2  Nonlinear monotonic transformation

We denoted the raw counts as yt, t = 1, 2, 3, · · · , T . In Fig. 2a, the variances of the raw 
data changed over time. Specifically, the variance was large when the number of cases 
was large, and the variance was much smaller when the number of cases was small in the 
range 0–1000. In addition, the error distribution appeared to be right-skewed. We consid-
ered a large number of automated smoothing monotonic transformations, including shifted 
power transformations zt = (a + yt)p, shifted-log transformation zt = log(a + yt), shifted 
arc-tangent and others. The reason for the shift was to avoid gaps around zero counts that 
were caused by optimizing the skewness alone. The statistic that minimized the skewness 
while avoiding gaps around the zero was called the zero-gap statistic (Cabrera & McDou-
gall, 2002). Based on the zero-gap statistic we chose the shifted-log transformation for this 
data; for other data other transformations may work better. The good value that reduced the 
error skewness and made the error variance approximately homogeneous without creating 
a big gap around zero was a = 500. The plot of the time-series data after the transfor-
mation was shown as the blue line in Fig. 2b. The transformed series was denoted as zt, 
t = 1, 2, 3, · · · , T .

2.3  Smoothing with an edge constraint

One of characteristics of the data was that it was an aggregate of cases reported by all the 
counties of New Jersey. This reporting did not happen daily, it varied from county to county, 
hence this induced high variability which can impair the time-series modeling. For this 
reason, after applying the shifted-log transformation, the data was smoothed using splines 
(Wahba, 1975) to reduce the variability. The degrees of freedom for the spline were chosen 
to balance the goodness-of-fit and the smoothness of the estimated function. The elbow and 
the second derivative methods produced 14 as a reasonable value for the degrees of freedom 
for the data from 1/23/2020 to 3/14/2021 The corresponding smooth line is shown as a red 
line in Fig. 2b.

Another important issue with splines or any smoothing method is the high uncertainty at 
the edges. The most important point for forecasting is the edge at the right-hand side of the 
series. One possible way to moderate this issue is to estimate the right side edge point of the 
smooth series (denoted as ψT ) by robustly fitting a quadratic model to the last k values of the 
time-series (in this case k = 28 was used) using MM-estimation and then to fit a smoothing 
spline to the entire time-series with the right side edge point constrained to be equal to the 
value that was obtained by the quadratic fit. We tried different values for the length k, e.g. 
7, 14, 28, and 32; The value of k = 28 produced the best quadratic fitting that effectively 
captured the recent trend. The penalized regression problem for the smoothing splines with 
an edge constraint was presented as follows.

	
min

f

∑
t

(zt − f(t))2 + λ

∫
f ′′(t)2dt s.t. f(T ) = ψT
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In order to demonstrate the efficacy of our approach, we chose three consecutive edge points 
as illustrative examples: March 14th, 15th and 16th, 2021, for the time-series. As expected, 
the smoothed time-series without fixing the edge point fluctuated greatly at the right edge 
point. Compared to this, the variability of the splines with the edge point constraint was 
much less. Figure 3 illustrates the effect of smoothing splines for three consecutive time-
series, comparing cases with and without an edge constraint. The short-term forecasts with-
out fixing the edge constraint were sensitive to the last values, while our method was robust. 
The smoothed series was denoted as µt, t = 1, 2, 3, · · · , T . After smoothing the transformed 
series, the residuals, denoted as εt, can be obtained. Hence, we had the four resulting series:

yt: raw counts, zt: transformed series, µt: smoothed series, εt: residuals.

2.4  Forecasting by a recurrent neural network

Recurrent neural network (RNN) models have been widely applied for time-series data pre-
diction. We built a RNN model with three Long Short-Term Memory (LSTM) layers (with 
300, 200, and 100 LSTM cells respectively) and one dense layer with one neuron, which 
was trained by using the smooth data. The time step was set as 7, that is, using the previous 
7 days’ data to predict the next day, which was used as a new input to predict the following 
value, and so on. We tested different settings of the parameters in the model. We tried larger 
time steps (e.g., 10 and 14) and more layers (e.g., 5 and 8), but this did not result in a better 
fit. Also, we tried fewer cells in the layers (e.g., 50 and 20), but the model fitting was worse. 
The data was divided into three parts: the first 80 percent for training, the next 10 percent 
for validation, and the remaining 10 percent for testing. During training, the learning rate 
was reduced by multiplying it by 0.1 if the training loss did not improve for five epochs. The 
threshold for measuring the new optimum was 1e−4. The learning rate started at 0.001 and 
the lower bound was 1e−10. We also applied early stopping mechanics. It would stop train-
ing when the loss stopped improving within 20 epochs. The hyper-parameters and train-
ing settings in the LSTM model were presented in Appendix A. After training the model, 
we performed forecasting for the future 28 days. Finally, the forecasted values were trans-

Fig. 3  Comparisons of smooth splines with and without an edge constraint. The black line was the shifted 
log transformed data. a Smoothing splines without an edge constraint; b Smoothing splines with an edge 
constraint. The three smooth lines in different colors indicated smoothing splines of the data sets ending 
on different dates, i.e., 3/15/2021, 3/16/2021, and 3/17/2021
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formed from log scale back to the normal scale by using the inverse function of shifted 
log transformation. The forecast was combined with the noise forecast to produce the final 
forecast, ŷt = µ̂t + ε̂t. The metrics applied to evaluate the predictions were mean absolute 
error (MAE) and median absolute error (MedAE).

	

MAE = 1
n

n∑
i=1

|yi − ŷi|

MedAE = Medi(|yi − ŷi|)

2.5  Bootstrap algorithm for forecasting time-series

We propose the following bootstrap algorithm for forecasting time-series as follows. 

(1)	 Conduct a block bootstrap of the residuals from the smoothed data and get B time-series 
of bootstrap residuals (Kunsch, 1989; Politis & White, 2004). In this work B = 1000 
was used.

(2)	 Add the bootstrap residuals to the transformed smoothed series to obtain B bootstrap 
time-series.

(3)	 Smooth the B bootstrap time-series with the algorithm proposed in Sect. 2.3.
(4)	 Fit the LSTM model proposed in Sect. 2.4 to each of the B smoothed time-series to get 

B forecasts.
(5)	 Compute the bootstrap forecast by taking the median or the mean of the B forecasts.

This algorithm was applied to the time-series of transformed COVID-19 data from New 
Jersey. It required training the LSTM model B times, which was computationally intensive. 
However, the computation could be fully parallelized and with multi-processors would be 
quite fast.

2.6  Confidence and prediction intervals

We next introduce an algorithm aimed at computing confidence and prediction intervals for 
predictions generated through deep learning techniques. The heuristic basis of our approach 
is to view deep learning estimates from the RNN model as being the outcomes of averages 
of a large number of nonlinear functions, and therefore they should approximately follow 
the central limit theorem.

Let ŷ be the location estimate calculated by an M-estimator of the 1000 bootstrap fore-
casts at time t. To estimate the scale or standard deviation, a simple method is to calcu-
late the 2.5% and the 97.5% quantiles (L,  U) of the bootstrap forecasts; the difference 
(U − L)/3.92 is an estimator of the scale. Alternatively, the scale could be estimated by a 
robust τ  estimator.

The (1 − α)100% confidence interval for the forecast at time t is the interval (Lα,i, Uα,i), 
where Lα,i and Uα,i are the α/2 and 1 − α/2 quantiles of the 1000 bootstrap forecasts at 
time i.

A (1 − α)100% prediction interval for the forecast at time i can be constructed as fol-
lows. With the bootstrap forecasts we built a (1 − α)100% confident interval for the fore-
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cast at time i. The same bootstrap forecasts may be used to estimate the standard error of the 
forecast at time i, denoted as si. On the other hand, we can also estimate the residuals stan-
dard deviation, sε. Since we use 1000 bootstraps and more than 500 residuals to estimate 
si and sε, the degrees of freedom of both estimates are very large and therefore we may 
use the normal distribution to generate an approximate the prediction interval instead of a t 
distribution. Therefore, we propose the classical (1 − ε)100% prediction interval as follows.

	 ŷi ± Zα/2

√
s2

i + s2
ε

where Zα/2 is the 1 − α quantile of normal distribution.
Alternatively, we can construct the bootstrap prediction intervals by adding bootstrap 

residuals to the bootstrap predictions and taking an envelope that contains (1 − α)100% 
of the points at each time point t in the forecasting period. From our experience with a few 
examples of COVID-19 cases time-series data, both approaches produced reasonable pre-
diction intervals.

On rare occasions, due to sampling fluctuations, we may observe a temporary minor 
shrinking over time of the bootstrap confidence interval and/or the prediction interval. To 
prevent this, we set the distance between the bounds of the interval to be nondecreasing as 
a function of time.

We also examined the coverage of the confidence and prediction intervals as follows. 
We smoothed the series (the training period together with the forecasting period) with the 
smooth spline coerced to go through the fixed edge point p obtained in Sect. 2.3. Then, 
the bootstrap residuals were put onto the smoothed data to obtain 1000 sample series. We 
checked the coverage of the prediction interval by calculating what percentage of the sam-
ple series within the forecasting period were located within the prediction interval. Addi-
tionally, we smoothed the 1000 sample series with the smoothing splines coerced to go 
through the point ψT . The coverage of the confidence interval was obtained by calculating 
what percentage of the smoothed sample data in the forecasting period were located within 
the confidence interval.

3  Results

The above methods were applied to the time-series of COVID-19 cases in New Jersey from 
1/1/2020 to 4/17/2021. Table 2 in Appendix B presents the forecasting comparison in the 
three intervals within the period from 3/6/2021 to 4/17/2021 (as defined in Sect. 2.1) by 
implementing different methods. Figure 4 illustrates the forecasts on the log scale. In the 
first three methods, we modeled the raw data by fitting an ARIMA model, PROPHET model 
(Taylor & Letham, 2017) and a deep learning model with LSTM cells respectively. In fitting 
the ARIMA model, we adopted the auto.arima function in the R forecast package (Hyndman 
& Khandakar, 2008), in which an optimal ARIMA model was selected by minimizing the 
corrected Akaike Information Criterion based on a stepwise search over different ARIMA 
models. In fitting the PROPHET model, we used a grid search to select the hyper-parame-
ters. From the fourth through sixth models, we fitted the ARIMA and the deep learning mod-
els after performing the shifted log transformation. From seventh through ninth methods, 
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we applied a spline smooth to smooth the transformed data and fitted the smoothed data by 
ARIMA and deep learning models respectively. In the last model, in addition to the adaptive 
learning, we fitted an ARIMA model for the stationary noise series obtained after smoothing 
the transformed data. Then the last and final forecasting was the aggregate of the smooth 
forecast and the noise forecast. The ten methods were compared in terms of the different 
metrics, i.e., MAE and MedAE, using the daily number of COVID cases in New Jersey.

Table 2 shows 14-day and 28-day forecasting comparisons for the ten methods in three 
separate time intervals for New Jersey series, prior to the peak around 3/28/2021. The inter-
vals were 3/6/2021–4/3/2021, 3/13/2021–4/10/2021, and 3/20/2021–4/17/2021, respec-
tively. Figure 4 shows the forecast results compared to the original time-series in the raw 
scale. The adaptive learning method proposed in this paper showed the best performance 
in the majority of the periods. In a few of the short term (14-day) forecasts, the PROPHET 
models performed slightly better possibly because it was near peak where the time-series 
was less nonlinear. Furthermore, our method was able to forecast the time-series in the inter-
val where there was a nonlinear trend, while the ARIMA and PROPHET models for both 
the log data and the smoothed data only gave reasonable forecasts for time periods without 
much nonlinearity.

To assess the general applicability of our approach, we also applied the same methods to 
predict the number of confirmed cases in California. The data from 1/23/2020 to 8/8/2021, 
was used to train the models. We forecasted the number of cases within three intervals with 
a length of 28 days after 8/8/2021. a = 2000 was in the shift-log transformation. Table 3 
shows 14-day and 28-day forecasting comparisons for the ten methods in three separate 
time intervals for California near the peak around 8/21/2021. The intervals were 8/9/2021–
9/5/2021, 8/16/2021–9/12/2021, and 8/23/2021–9/19/2021, respectively. Figure  6 shows 
the forecast results compared to the original time-series for California in the raw scale. The 
results show that adaptive learning with and without ARIMA of noise series outperformed 
the other methods. There were a few cases where the addition of the ARIMA noise com-
ponent made the performance a little worse, but never by much. In general, the adaptive 
learning with the ARIMA noise component was the best performer.

To further assess the generality of our approach, we applied it to predict Hong Kong flu 
data. The weekly counts of flu cases in Hong Kong from 12/29/2013 to 3/10/2019 were 
downloaded from the Department of Health, HKSAR (Department of Health, 2023) and 
illustrated in Fig. 7a. This time-series showed different characteristics from COVID data in 
terms of variance and skewness. a = 0 was used in the shift-log transformation. Like COVID 
predictions, periods with increasing, change, and decreasing trends, from 12/16/2018 to 

Fig. 4  28-day forecasting for number of confirmed cases in New Jersey in three intervals within the period 
from 3/6/2021 to 4/17/2021 by applying different methods
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2/17/2019 were selected for forecasting (the orange highlighted part of Fig. 7a). We fore-
casted the counts of cases within three intervals each with a length of 8 weeks within this 
period: week of 12/23/2018-week of 2/10/2019, week of 12/30/2018-week of 2/17/2019, 
and week of 1/6/2019-week of 2/24/2019. The plot of the time-series data after the transfor-
mation and the smoothing splines were shown as the blue and red lines in Fig. 7b.

Table 4 shows 8-week forecasting for the number of flu cases in three intervals. Figure 8 
illustrates the short term (4-week) and long term (8-week) forecasting comparisons in terms 
of MAE and MedAE. The adaptive learning method proposed in this paper showed the best 
performance in most of the periods, especially for long-term forecasting. It managed to 
forecast the changes in the trend again. The PROPHET models performed slightly better in 
the short-term forecasting in log scale, but it failed to forecast changes in the trend.

Figure 5 shows the 28-day 90% bootstrap and classical confidence and prediction inter-
vals in the three time intervals proposed in Sect. 2.6. The prediction intervals covered most 
of the data in the forecasting period. Table 1 demonstrates the coverages of the 90% inter-
vals, which are very close to 90%. The confidence interval also covered smooth data 90% 
of the time in prediction periods. The classical and bootstrap prediction intervals came out 
almost the same.

Fig. 5  90% Bootstrap prediction intervals and bootstrap and classical confidence intervals. a–c Are 
bootstrap prediction interval for the periods, 3/6/2021–4/3/2021, 3/13/2021–4/10/2021, and 3/20/2021–
4/17/2021. d–f Are bootstrap confidence interval (purple area) and classical prediction interval (blue area) 
for the three periods. The blue line represents the median of the forecasts, while shaded areas indicate the 
bootstrap confidence and prediction intervals
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4  Discussion and conclusions

In this paper, we developed a novel adaptive learning procedure for time-series forecasting 
and confidence-and-prediction-interval construction. The procedure consists of the follow-
ing steps: (1) A non-linear transformation was used to address data irregularities that could 
impact the effectiveness of the predictive models. (2) This was followed by smoothing the 
data using a spline smooth with the right end point fixed to emphasize the importance of the 
trend during the last several time points for forecasting. The fixed point value was obtained 
by running robust quadratic regression for the last four weeks of the available data. (3) 
LSTM deep learning modeling was applied to train the smoothed data. (4) Lastly, the noise 
term after smoothing was forecasted using ARIMA and this was then combined with the 
smoothing forecast to obtain the final forecast.

To test our method, we analyzed daily COVID-19 cases for New Jersey, California and 
weekly flu cases for Hong Kong, and performed forecasting for three 28-day and 8-week 
intervals that showed different trend patterns, i.e., an increasing trend, a change in trend, 
and a decreasing trend. The results demonstrated the effectiveness and applicability of our 
method. Compared with traditional methods, e.g., ARIMA, PROPHET, and LSTM models, 
the adaptive learning method proposed in this paper generated forecasts with the best per-
formance in terms of various metrics, including MAE and MedAE, especially when there 
were changes in the trend, while other models like PROPHET can give results were way off 
even with constrained smoothing when there were changes in trend. In monotonic periods, 
our method always can give decent forecasts (MAEs were not too far from the best among 
other methods).

We also proposed a novel procedure to obtain confidence and prediction intervals for 
the forecasts. The main idea is to first incorporate bootstrap errors into the smoothed data, 
resulting in the creation of 1000 sample series. Subsequently, we execute our proposed 
adaptive learning method to conduct forecasting for each of these sample series. It was 
established that these intervals were consistent with the trends in the data and showed strong 
coverage performance. Overall, the adaptive learning procedure proved effective for fore-
casting COVID-19 daily cases.

Further insights derived from the research presented in this paper encompass the follow-
ing. It is a prerequisite to do extensive preprocessing when employing deep learning meth-
ods. This includes shifted-log transformation and smoothing. In this paper, the time-series 
was smoothed to avoid the high variability. It would have been easier to use larger time 
intervals such as weekly or monthly data (rather than daily data) but this would render the 
data insufficient for deep learning modeling. Besides pre-processing, another useful point is 
that combining deep learning with classical methods like ARIMA for the noise did improve 
the forecasting. Finally, the confidence and prediction intervals provide a way to assess the 
degree of certainty of the forecasts.

Future research direction could be integration of reinforcement learning into time-series 
forecasting and uncertainty estimation. Adaptive forecasting framework proposed in this 

Time intervals 3/6-4/3 3/13-4/10 3/20-4/17
Bootstrap confidence interval 89.40% 89.18% 89.06%
Bootstrap prediction interval 89.82% 90.52% 90.49%
Classical prediction interval 86.09% 89.10% 89.02%

Table 1  The coverage of the 
90% confidence and prediction 
interval in the three intervals 
within the period from 3/6/2021 
to 4/17/2021
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paper could be extended via Multi-Armed Bandits (MABs). A MAB framework could 
dynamically select the best forecasting model (e.g., ARIMA, LSTM, PROPHET) based on 
real-time performance. Upper Confidence Bound and Thompson Sampling could allocate 
exploration-exploitation trade-offs for different forecasting models.

Appendix A: LSTM hyper-parameters

Architecture:
Layer Units Return sequences
LSTM1 300 Yes
LSTM2 200 Yes
LSTM3 100 No
Dense (linear) 1 –

	● Additional details:Input window: 7 × 1
	● Kernel initializer: glorot_uniform
	● Recurrent activation: sigmoid
	● Activation: tanh
	● Activity regularizer: l2

	● Total trainable parameters: 883,701Training set-up:Loss: mean-squared error (MSE).
	● Optimizer: Adam
	● LR schedule: ReduceLROnPlateau (factor 0.1, patience 5, min lr 1e-10, min delta 

0.0001).
	● Early stopping: patience 20, monitor training loss, restore best weights.
	● Batch size: 10; epochs: max 1000 (typically stops after 400–800)

	● Validation split: 10% of the chronological training data, no shuffling.Pre-/post-pro-
cessingStandardize the transformed + smoothed series (zero mean, unit variance) using 
training data only.

	● Form samples: Xt = [zt−6, · · · , zt] �→ zt+1 (stride 1).
	● After prediction, inverse the scaling and the shifted-log transform.

Appendix B: Table of forecasting comparison for NJ

Sec Appendix Table 2
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Table 2  Forecasting comparison with forecast horizon (14–28 days) in three intervals within the period from 
3/6/2021 to 4/17/2021 by applying different methods
Starting date 3/6/2021
Length 14-day 28-day

MAE MedAE MAE MedAE
Raw data ARIMA 583.47 522.33 823.01 673.68
Raw data Prophet 317.95 279.35 443.13 405.86
Raw data LSTM 637.87 566.87 884.41 742.09
Log+ARIMA 493.20 566.05 621.94 622.03
Log+Prophet 312.06 266.65 390.10 324.47
Log+LSTM 488.33 472.51 589.29 515.29
Log+smooth+ARIMA 566.76 226.31 735.51 501.61
Log+smooth+Prophet 452.91 150.51 618.61 471.50
Adaptive learning 521.98 244.17 605.65 469.96
Adaptive learning with ARIMA for noise 501.43 216.92 590.60 477.41
 Starting date 3/13/2021
Length 14-day 28-day

MAE MedAE MAE MedAE
Raw data ARIMA 475.30 370.56 523.67 416.62
Raw data Prophet 412.78 325.28 486.07 481.24
Raw data LSTM 662.18 577.78 700.77 698.04
Log+ARIMA 489.64 395.38 546.18 442.29
Log+Prophet 394.25 285.99 565.61 508.98
Log+LSTM 637.21 614.11 615.27 623.34
Log+smooth+ARIMA 592.34 471.54 660.45 574.63
Log+smooth+Prophet 608.24 516.81 1093.87 880.87
Adaptive learning 589.57 453.56 548.23 397.26
Adaptive learning with ARIMA for noise 486.21 453.58 478.22 422.43
 Starting date 3/20/2021
Length 14-day 28-day

MAE MedAE MAE MedAE
Raw data ARIMA 492.63 404.65 524.06 496.33
Raw data Prophet 484.97 390.63 876.40 821.70
Raw data LSTM 666.23 565.83 553.51 462.63
Log+ARIMA 598.74 588.36 987.06 860.95
Log+Prophet 475.90 471.89 1016.02 908.47
Log+LSTM 658.21 600.65 593.50 934.16
Log+smooth+ARIMA 620.71 588.18 921.75 551.59
Log+smooth+Prophet 781.57 659.43 1685.55 1574.66
Adaptive learning 667.56 592.37 559.57 405.30
Adaptive learning with ARIMA for noise 598.29 627.21 504.45 454.09
“Log” means the shifted log transformation; “ARIMA” means the ARIMA model; “LSTM” means deep 
learning model with LSTM cells; “smooth” means smooth splines
The bold font represents the best results
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Appendix C: Table and figures of forecasting comparison for CA

Sec Appendix Table 3 and Fig. 6.

Table 3  Forecasting comparison with forecast horizon (14–28 days) for the number of confirmed Covid cases 
in California in three intervals within the period from 8/9/2021 to 9/19/2021 by applying different methods
Starting date 8/9/2021
Length 14-day 28-day

MAE MedAE MAE MedAE
Raw data ARIMA 2988.55 1799.65 3336.40 2535.41
Raw data Prophet 3305.88 2722.59 5907.27 5644.57
Raw data LSTM 2724.68 1757.34 2476.84 1502.99
Log+ARIMA 3562.00 3038.17 5469.80 4748.25
Log+Prophet 5949.08 5121.11 14976.10 13212.08
Log+LSTM 3350.41 2787.78 3668.62 2932.77
Log+smooth+ARIMA 2888.86 2340.05 5679.72 4909.44
Log+smooth+Prophet 5832.92 5087.74 14402.65 13704.24
Adaptive learning 2195.66 1668.02 2133.70 1354.62
Adaptive learning with ARIMA for noise 2159.57 1302.72 2149.45 1404.89
Starting date 8/16/2021
Length 14-day 28-day

MAE MedAE MAE MedAE
Raw data ARIMA 2015.92 1564.63 3053.82 1945.47
Raw data Prophet 3524.49 3543.23 7065.02 5968.08
Raw data LSTM 2244.30 1120.53 3281.53 2254.12
Log+ARIMA 2241.04 1400.95 4202.45 4046.99
Log+Prophet 5807.33 6767.07 12536.68 9830.32
Log+LSTM 2653.16 1774.66 2861.30 2112.53
Log+smooth+ARIMA 3073.16 2227.10 3111.18 2170.53
Log+smooth+Prophet 6299.59 6957.62 13287.75 11042.55
Adaptive learning 2322.05 1436.17 2493.36 1762.69
Adaptive learning with ARIMA for noise 2132.73 1052.73 2466.96 1429.31
Starting date 8/23/2021
Length 14-day 28-day

MAE MedAE MAE MedAE
Raw data ARIMA 3598.07 3740.76 4860.42 5210.45
Raw data Prophet 5269.49 4933.75 8869.59 8945.87
Raw data LSTM 2669.11 2181.14 4051.81 3501.34
Log+ARIMA 3600.01 3197.67 5992.98 6233.37
Log+Prophet 5721.65 4631.11 10604.34 10179.79
Log+LSTM 2627.72 2265.00 3798.60 3675.60
Log+smooth+ARIMA 2789.48 2036.05 3451.24 2474.33
Log+smooth+Prophet 6109.27 5480.61 11294.60 10481.33
Adaptive learning 2030.80 1172.00 2324.09 1575.97
Adaptive learning with ARIMA for noise 2051.66 931.56 2438.69 1381.40
“Log” means the shifted log transformation; “ARIMA” means the ARIMA model; “LSTM” means deep 
learning model with LSTM cells; “smooth” means smooth splines
The bold font represents the best results
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Appendix D: Table and figures of forecasting comparison for Hong 
Kong flu data

Sec Appendix Table 4 and Figs. 7, 8.

Fig. 8  8-week forecasting for number of flu cases in Hong Kong in three intervals within the period from 
12/23/2018 through 2/24/2019 by applying different methods

 

Fig. 7  The weekly counts of flu cases in Hong Kong, transformation and smoothing. a The weekly counts 
of flu cases in Hong Kong from 12/29/2013 to 3/10/2019. The period that we would forecast was marked 
in orange; b the time series after the nonlinear monatomic transformation (blue line), an example of 
smoothed time series of the transformed time series (red line)

 

Fig. 6  28-day forecasting for number of confirmed cases in California in three intervals within the period 
from 8/9/2021 to 9/19/2021 by applying different methods
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Table 4  Forecasting comparison with forecast horizon (4–8 weeks) in three intervals within the period from 
12/23/2018 to 2/24/2019 by applying different methods
Starting date 12/23/2018
Length 4-week 8-week

MAE MedAE MAE MedAE
Raw data ARIMA 842.57 808.36 819.93 676.12
Raw data Prophet 389.24 400.54 999.13 528.53
Raw data LSTM 584.21 554.92 446.99 304.51
Log+ARIMA 805.44 772.38 781.71 645.16
Log+Prophet 93.40 73.21 780.13 238.05
Log+LSTM 659.00 618.16 644.84 538.22
Log+smooth+ARIMA 403.18 199.42 5004.57 2378.80
Log+smooth+Prophet 130.28 138.84 987.46 359.82
Adaptive learning 275.35 264.46 377.14 458.58
Adaptive learning with ARIMA for noise 228.94 192.15 360.64 420.26
Starting date 12/30/2018
Length 4-week 8-week

MAE MedAE MAE MedAE
Raw data ARIMA 972.18 1070.27 714.67 564.29
Raw data Prophet 423.88 196.20 1670.23 1681.06
Raw data LSTM 597.54 656.39 435.29 351.18
Log+ARIMA 902.70 976.24 645.01 480.70
Log+Prophet 155.39 159.72 1088.94 643.95
Log+LSTM 868.55 951.57 658.58 534.00
Log+smooth+ARIMA 1062.08 520.61 7372.04 4938.55
Log+smooth+Prophet 235.91 141.15 1383.46 1070.32
Adaptive learning 217.53 193.61 375.79 392.48
Adaptive learning with ARIMA for noise 208.82 195.71 399.11 353.85
Starting date 1/6/2019
Length 40-week 8-week

MAE MedAE MAE MedAE
Raw data ARIMA 638.11 648.68 387.81 261.93
Raw data Prophet 1236.89 1084.99 2441.64 3021.85
Raw data LSTM 394.47 413.16 279.41 230.75
Log+ARIMA 446.34 480.95 285.22 191.36
Log+Prophet 438.46 257.66 1401.50 1503.83
Log+LSTM 365.41 371.06 297.31 298.85
Log+smooth+ARIMA 951.48 634.10 2299.30 2918.40
Log+smooth+Prophet 605.74 359.82 1819.11 1994.76
Adaptive learning 365.43 277.94 382.62 277.94
Adaptive learning with ARIMA for noise 367.62 252.71 387.69 252.71
“Log” means the shifted log transformation; “ARIMA” means the ARIMA model; “LSTM” means deep 
learning model with LSTM cells; “smooth” means smooth splines
The bold font represents the best results
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