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The 95% control lines on both confirmed cases 
and days of infection with COVID-19 were applied 
to compare the impact on public health between 
2020 and 2021 using the hT-index
Hua-Ying Chuang, MDa,b,c, Wei-Chih Kan, MDd,e, Tsair-Wei Chien, MBAf  , Chia-Liang Tsai, PhDb,* 

Abstract 
Background: COVID-19, the disease caused by the novel coronavirus, is now a worldwide pandemic. The number of infected 
people has continually increased, and currently, this pandemic continues to present challenges to public health. Scatter plots are 
frequently used to interpret the impact in relation to confirmed cases. However, the 95% confidence intervals are rarely given to 
the scatter plot. The objective of this study was to; Develop 95% control lines on daily confirmed cases and infected days for 
countries/regions in COVID-19 (DCCIDC) and; Examine their impacts on public health (IPH) using the hT-index.

Methods: All relevant COVID-19 data were downloaded from GitHub. The hT-index, taking all DCCIDCs into account, was 
applied to measure the IPHs for counties/regions. The 95% control lines were proposed to highlight the outliers of entities in 
COVID-19. The hT-based IPHs were compared among counties/regions between 2020 and 2021 using the choropleth map and 
the forest plot. The features of the hT-index were explained using the line chart and the box plot.

Results: The top 2 countries measured by hT-based IPHs were India and Brazil in 2020 and 2021. The outliers beyond the 
95% confidence intervals were Hubei (China), with a lower hT-index favoring 2021 ( = 6.4 in 2021 vs 15.55 in 2020) and higher 
hT indices favoring 2021 in Thailand (28.34 vs 14,77) and Vietnam (27.05 vs 10.88). Only 3 continents of Africa, Asia, and Europe 
had statistically and significantly fewer DCCIDCs (denoted by the hT-index) in 2021. The hT-index generalizes the h-index and 
overcomes the disadvantage without taking all elements (e.g., DCCIDCs) into account in features.

Conclusions: The scatter plot combined with the 95% control lines was applied to compare the IPHs hit by COVID-19 and 
suggested for use with the hT-index in future studies, not limited to the field of public health as we did in this research.

Abbreviations: CI = confidence interval, DCC = daily confirmed case, DCCIDC = daily confirmed cases and infected days for 
countries/regions in COVID-19, IPH = impact on public health, IRA = individual research achievement, JIF = journal impact factor.

Keywords: 95% control line, COVID-19, daily confirmed case, forest plot, h-index, hT-index, impact on public health, infected day

1. Introduction
Over 0.44 billion confirmed cases and 6 million deaths during 
the COVID-19 pandemic have been reported as of March 10, 
2022.[1] The total number of deaths (6,007,315) substantially 
surpassed the severe acute respiratory syndrome in 2003 (final 
death toll of 774) and the Middle East respiratory syndrome in 
2012 (final death toll of 858).[2–4]

1.1. Overall composite scores are required to measure the 
impact on public health

When a new disease (e.g., COVID-19) is spread, an overall com-
posite score is required to measure the impact on public health 
(IPH),[4,5] such as the number of cumulative infected cases or death 
toll, the case fatality rate,[5] and the inflection point to represent 
the extent of struggle to fight against COVID-19.[6–8] Nonetheless, 
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the daily confirmed cases and the infected days in COVID-19 
(DCCIDC) should be jointly combined to measure the IPH as the 
h-index,[9] and the variants take both publications (quantity) and 
citations (impact) into account in bibliographical studies.[10–18]

1.2. DCCIDC is denoted by bibliometric indices to measure 
the IPH

Although the h-index[9] is one of the most popular indicators to 
evaluate the individual research achievements (IRAs), there are 
2 major concerns with the disadvantage, including; The integer 
nature of the h-index, making it very hard to differentiate the 
entities[10,11] and; Too simple to take all citations and publication 
counts into account when measuring the IRAs.[17,18] Anderson et 
al[17] proposed a new Hirsch-type index called the tapered h-in-
dex, denoted as hT-index, taking all citations into account, yet 
the contribution of the h-core is not changed,[18] having a high 
Pearson correlation coefficient ( = 0.993) with the h-index.[19] The 
first research question is whether the hT-index can be applied to 
measure the IPH for each county/region on the DCCIDC.

1.3. Scatter plot with the 95% control lines on DCCIDC 
using the hT-index

A scatter plot[20] is a type of plot using Cartesian coordinates to 
display relations for 2 continuous variables (e.g., average height to 
weight chart for Babies), each having the value on either the horizon-
tal axis or the vertical axis.[21,22] If the points are coded (color/shape/
size), 1 additional variable can be displayed as a bubble plot.[23]

Numerous studies[24–26] drew a line of best fit (alternatively 
called the trend line) to study the relationship between the vari-
ables and examine a linear correlation between the 2 variables 
in the scatter plot. However, few studies applied the 95% con-
trol lines to the scatter plot, such as 2 control lines with both 
universal health coverage index and global health security index 
for 183 countries on a scatter plot to show the outliers beyond 
the limit bands.[24] The second research question is how to draw 
the 95% control lines for highlighting the outliers regarding the 
IPH on the DCCIDC using the hT-index to measure.

1.4. The aims of this study

The current study aims to; Develop the 95% control lines on 
DCCIDC for countries/regions and; Examine their IPHs using 
the hT-index.

2. Methods

2.1. Data source

All relevant COVID-19 data for 299 countries/regions were 
downloaded from GitHub.[27] A series of daily confirmed cases 

(DCC) in 2020 and 2021 were collected and then transformed 
into a logarithmic scale (or log scale) using the function ln () (or 
log (N, e), where N is the DCC and e ∼= 2.7182) in Microsoft 
Excel.

All downloaded data are publicly released on the website.[27] 
Ethical approval was thus waived according to the guidance of 
the Welfare Department in the Taiwan Government.

2.2. Reasons for using the log (N, 2.7182) transformation

Exponential growth has been proposed to construct the COVID-
19 prediction model at an early outbreak stage.[28,29] The most 
common visual strategy to convey information about the spread 
of COVID-19 is to display a time-series graph of the cumulative 
number of cases in 2 forms using either a linear scale or a loga-
rithmic scale [via the formula ( = log (N, 2.7182)] on the vertical 
axis.[30,31] The e(∼= 2.7182)-based exponential growth in use is 
better and more efficient than other nature numbers ( = x = 2, 3, 
4, or more shown in Eqs. 1–3) that can be proved:

f (x) = xn = x
N
x ,(1)

ln ( f (x)) = N
ln (x)
x

,
(2)

[ln (f (x))]
′
= N

1− ln (x)
x2

,
(3)

where N denotes the DCC (>0 in an integer number). The 
1-order differential equation in Equation 3 shows that the 
maximal value is always at × approaching 2.7182 no matter 
what the number of DCC ( = N) is. As such, the log (N + 1, e) 
is ranged from 1 to 9 [e.g., round (ln (10,001), 0) = 9, round 
(ln (2), 0) = 1], applicable to the hT-index or other bibliometric 
metrics taking both quantity (e.g., days of infection) and impact 
(e.g., DCCIDCs) into account).

2.3. How to calculate the hT-index

All DCCs (e.g., {6, 4, 4, 2, 1} with 5 infected days) for a country/
region were sorted in descending order. The hT-index is 4.03 via 
Equations 4 to 6. We can see that all DCCs across infected days 
are involved in the computation. The weights decrease from 1 
to 1/(2× 6− 1) on day 1, from 1/(2× 2− 1) to 1/(2× 4− 1) 
on day 2,…., 2/(2× 4− 1) on day 4 due to 2<=4, and from 
1/(2× 5− 1) on day 5.

h− index( j) =
j

2j− 1
, nj ≤ j

(4)

hT( j) = h+ (e+ t) =
j

2j− 1
+

n∑
i=1

1
2i− 1

, nj > j
(5)

hT =
N∑
j=1

hT( j),
(6)

where h is the h-index denoted in Equation 4, e is the excess 
parts (< = h), t is the tail part (<h), and nj is the DCC on the j-th 
day. Weights are decreased by DCC and day.

Now, if a county has N days with DCCs n1, n2, n3, …, nN 
(ranked in descending order), the hT score for any single day 
ranked j in the list (with nj DCCs), denoted as hT (j) in Equation 
2. The hT-index for the whole list of DCCs on days is then 
calculated by summing all weights (allocated in Eqs. 4 and 5) 
through Equation 6. As such, the resulting sum is the hT-index. 
Reader are invited to practice it on their own at the link[32] (e.g., 
input 10 to get 2.13 for a single day with DCC = 10, 3.28 for 

Key points

	•	 The hT-index (taking all elements into account) gener-
alizes and complements the h-index in bibliometrics to 
measure the impacts on public health in COVID-19, 
which was unique and modern in the literature.

	•	 A scatter plot combined with 95% control lines is 
rarely illustrated in public health. The outliers of enti-
ties can be visually highlighted with a quick glance in 
a short moment.

	•	 Visualizations with scatter plots and forest plots were 
applied to inspect the impacts on public health in 
COVID-19, which are worthy of application in other 
future relevant studies.
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DCC = 100, 4.44 for DCC = 1000, 5.59 for DCC = 10,000, or 
a vector (e.g., {6, 4, 4, 2, 1} in 5 days to get the hT = 4.03). It 
is worth noting that all DCCs have been transformed into a 
logarithmic scale via the formula ( = log (DCC, e) in Microsoft 
Excel.

2.4. How to draw the 95% control lines

Figure 1 shows how such 95% control lines are drawn. Each 
plot compares a series of paired values (e.g., hT indices in 2020 
and 2021). Each country/region has an hT (denoted by dj) and a 
standard error (sj) from each of 2 independent hT computations. 
Thus, for each country/region i, we have (di1, si1) and (di2, si2). 
Since each pair of hTs applies to 1 country/region, we expect the 

2 hT related di1 and di2 to have an identical hT. We also expect 
the error of these hTs to be gained by si1 and si2[35].

This gives us a statistic for testing the extent to which the 2 
hTs have the same hT value shown in Equation 7:

ti12 =
(di1 − di2)»(
s2i1 + s2i2

) ,
(7)

in which 
(
s2i1 + s2i2

)1/2
 is the expected standard error of the dif-

ference between the 2 independent hTs (denoted by di1 and 
di2). We can apply this test to the quality of each country/region 
in the plot by drawing quality control boundaries at approxi-
mately 2 of these standard errors away from the identity line 
on each side.

Figure 1.  How to form 95% confidence interval lines when the SEs are known[33].
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Since the standard unit of difference error parallel to either 
axis of the plot is 

(
s2i1 + s2i2

)1/2
, the unit of error perpendicular 

to the 45-degree identity line must be 
[
s2i1+s2i2

2

]1/2
. Two of these 

error units perpendicular to the identity line in each direction 
yield a pair of approximately 95% quality control lines. The 
perpendicular distance Di12 between these quality control lines 
and the identity line thus becomes.

Di12 = 2

ñ
s2i1 + s2i2

2

ô1/2
,
(8)

When Si1 and si2 are sufficiently similar, the mean of their 
squares is approximately the same as the square of their mean, 
that is,

s2i1 + s2i2
2

∼=
( si1 + si2

2

)2
,
(9)

Then, the distance Di12 from the identity line to a 95% con-
fidence boundary can be.

Di12 = 2

ñ
s2i1 + s2i2

2

ô1/2
∼= 2(

si1 + si2
2

) = si1 + si2,
(10)

We can then draw the 95% control lines from dot i (as a coun-
try/region) in the red and green directions shown in Figure 1. 
Readers are invited to practice it on their own at the link[34] 
when the 95% confidence interval (CI) line has been selected in 
the combo box.

2.5. Two goals to reach with visualizations

2.5.1. Develop the 95% control lines on DCCIDC for 
countries/regions  Pair comparisons of ht indices on DCCIDC 
for countries/regions were made using choropleth maps[35] and 
scatter plots between 2020 and 2021. Both h-/hT indices in 
2020 and 2021 were compared using scatter plots. The changes 
in hT indices in 2020 and 2021 on continents/countries were 
observed using a forest plot.[36]

2.5.2. Examine the IPHs and features of the hT-index  Through 
the link[32] and box plot, the IPHs and the features of the 
hT-index were interpreted. Whether the weights in the tail parts 
are greater than those in the excess parts in Equation 5 were 
verified.

2.6. Statistical tools and data analysis

The mean and standard deviation were extracted to compare 
the standardized mean difference in the forest plot. A signifi-
cance level of type I error was set at 0.05.

Visual representations of forest plots, scatter plots, and choro-
pleth maps display the comparison of the differences in hTs 
among countries/regions. All visualizations were plotted online 
on Google Maps. The dataset and modules for hT computa-
tions were deposited in Microsoft Excel (Supplemental Digital 
Content 1, http://links.lww.com/MD/I964). The study flowchart 
is shown in Figure 2.

3. Results

3.1. Part I: Develop the 95% control lines on DCCIDC for 
countries/regions

The top 2 countries measured by the hT-based IPHs were India 
and Brazil in 2020 and 2021 (Fig. 3). The outliers beyond the 
95% CIs were Hubei (China), with a lower hT-index favoring 

2021 ( = 6.4 in 2021 vs 15.55 in 2020) and higher hT indices 
favoring 2021 in Thailand (28.34 vs 14,77) and Vietnam (27.05 
vs 10.88) (Fig. 4). The hT indices were substantially lower in 
China than in the US (Fig. 4). The Pearson correlation coeffi-
cient was extremely high ( = 0.98) between the h and hT indices 
in 2020 and 2021 (Fig. 5). Only 3 continents of Africa, Asia, 
and Europe had statistically and significantly fewer DCCIDCs 
(denoted by the hT-index) in 2021.

3.2. Part I: Examine the IPHs and features of the hT-index

The hT indices of Hubei (China) in 2020 (15.55) and 2021 
(6.4) are presented in Figure 6. The tail parts were larger than 
the excess parts (6.4:0.15 and 2.97:0.43), but smaller than the 
h (6.4:9 and 2.97:3), in Hubei (China), where Wuhan city is 
located. The feature of hT-index is that the parts of excess and 
tail have been weakly weighted according to Equations 4 and 
5 when compared to the areas that tail parts are substantially 
larger than the h parts in Figure 6.

In Figure 7, we verify that the mean weights in the tail parts 
are greater than those counterparts in the excess parts based on 
Equation 5, regardless of whether the hT indices are in 2020 or 
2021.

3.3. Online dashboards shown on google maps

All the QR codes in the figures are linked to the dashboards. 
Readers are suggested to examine the displayed dashboards on 
Google Maps.

4. Discussion
We observed that the top 2 countries of India and Brazil had 
higher hT indices in 2020 and 2021. The outliers beyond the 
95% CIs were Hubei (China), with a lower hT-index favoring 
2021 ( = 6.4 in 2021 vs 15.55 in 2020) and higher hT indices 
favoring 2021 in Thailand (28.34 vs 14,77) and Vietnam (27.05 
vs 10.88). Only 3 continents of Africa, Asia, and Europe had 
statistically and significantly fewer DCCIDCs (denoted by the 
hT-index) in 2021. The hT-index generalizes the h-index and 
overcomes the disadvantage without taking all elements (e.g., 
DCCIDCs) into account in features.

4.1. Additional information

The top 2 countries using the hT-index to measure IPH were 
India and Brazil in 2020 and 2021, similar to India (= 379,308 
cases per day) and Brazil (= 79,726 cases per day in 2020) based 
on confirmed cases.[37–40] We referred to the study data and 
combined the US states in the count. The top 4 in DCC were 
the US (19,899 082), India (10,266,674), Brazil (10,266,674), 
and Russia (7,675,973) in 2020 and the US (54,533,878), India 
(34,861,579), Brazil (22,291,839), and the UK (13,010,849) in 
2021. The results are consistent with the IPH denoted by the 
hT-index in this study, indicating that the hT-index is viable, fea-
sible, and applicable when the hT-index takes into account both 
the impact (DCC) and quantity (infected days) perspectives.

With a quick look at the forest plot in Figure  8, all IPHs, 
except China, are higher in 2021 than in 2020, indicating that 
China has fewer confirmed cases in 2021, consistent with the 
data: 115,042 (2020) vs 95,967 (2021). Nonetheless, the hT-in-
dex takes all DCCs into account (see Eqs. 4–6) and involves 
2 perspectives of impact (DCC) and quantity (infected days), 
which are superior to the bibliometric index merely considering 
citations in IRAs (e.g., journal impact factor (JIF) = citations/
publications). Similarly, the negative impact of COVID-19 can-
not be determined by the DCCs alone.

http://links.lww.com/MD/I964
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Figure 2.  Study flow chart.

Figure 3.  Comparison of top 3 countries/regions hit by COVID-19 using hT-index [top 4 in DCC were the US (19,899,082), India (10,266,674), Brazil 
(10,266,674), and Russia (7,675,973) in 2020 and the US (54,533,878), India (34,861,579), Brazil (22,291,839), and the UK (13,010,849) in 2021]. DCC = daily 
confirmed case.



6

Chuang et al.  •  Medicine (2023) 102:20� Medicine

From Figures 6 and 7, we found that the weights in the tail 
part are much greater than those in the h-index and excess part, 
indicating that a longer length of infected days exists when com-
pared to the shorter h-core (e.g., h vs tail of 9: 356 in 2020 and 
3:362 in 2021 in Figure 6).

Many other indices have been proposed in bibliometrics, such 
as the JIF ( = citations/publications).[12] the x-index[15] and the 
g-index,[16] hT is more meaningful. For instance, the 3 scenar-
ios with identical x-indices ( = 10)[15] are unfair and doubtful: 
1 publication with 100 citations; 10 publications with 10 cita-
tions each, and; 100 publications with 1 citation each. They 
have h-indices[9] of 1, 10, and 1, responding to hT indices of 
3.28, 10, and 3.28, respectively. In contrast, they have g-indices 
of 1, 10, and 1, responding to JIFs of 100, 10, and 1.

4.2. Implications and changes

We break the walls of the scatter plot without 95% control lines, 
as in many academic studies,[41–43] and propose the hT-index to 
measure the IPH for countries/regions for comparison. There 
are several features in this study. First, each country/region has 
its own daily epidemic score with the hT-index to denote. The 
hT-index can be used to measure both the length of infected 
days and the impact of COVID-19. The hT-index correlates 
with the h-index.[17,18] The hT-index used to measure the IPH is 
defined as the maximum value of h such that the given country/
region has at least exp(h) DCCs that have each been observed to 
have at least exp(h) daily cases. The remaining e and t parts in 
Eq. 5 complement the h-index to make the measure meaningful 
and reasonable to the impact hit by COVID-19.

The second feature is that the 95% control lines applied to 
the scatter plot are unique and modern when highlighting the 
outliers from the data. The procedures of making the 96% con-
trol lines are listed in Figure 1 and demonstrated at the link,[34] 
which helps readers who are interested in drawing their data in 
the future.

Figure 4.  Comparison of hT indices among countries/regions in 2020 and 
2021.

Figure 5.  Comparison of hT-/h-indices among countries/regions in 2020 and 2021 (each entity with h infected days has at least exp(h) daily confirmed cases).

Figure 6.  How to calculate the hT-index (e.g., Huan with h infected days has at least exp (h) daily confirmed cases).
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The third feature is the use of the forest plot shown in 
Figure 8, providing readers with a quick and easy look at the 
findings of pair comparison in 2 panels.

In addition to the 3 aforementioned features, visual displays 
shown on Google Maps are the light spot of this study (see 
Figs. 3–8). The logarithmic scale was applied to this study and 
addressed with the reasons for use in COVID-19 data that was 
never described and interpreted before in the literature.

4.3. Limitations and suggestions

Several issues should be considered thoroughly in further stud-
ies. The first concern is given to the computation of hT-index. 
Although somewhat more complex than other indices, the 
speed for calculating the hT-index is within seconds (see link[32]). 
Future studies are encouraged to apply the hT-index to other 
epidemics, not limited to the COVID-19 pandemic.

Second, the 95% control lines are shown on Google Maps. 
The lines are adjusted by algorithms to make the curves in earth 

coordinates as linear as possible. If the scheme of drawing the 
95% control lines on the scatter plot on the plane would be 
easier than we did on Google Maps.

Third, the hT-index determined by the summation of weights 
in the Ferrers tableau (i.e., those all DCCs in the list) consumes 
time to calculate). The 20-line program codes are easy to read. 
We provided codes,[32] helping the use of hT-index in other fields 
in the future, such as awards, funding proposals, and competi-
tion results in groups (e.g., Olympic games).

Fourth, although the scatter plot with 95% control lines 
can be produced online on Google Maps,[34] the 5 columns are 
given to the format by the copy-paste method from Microsoft 
Excel, including; Country title; Normalized data in the y-axis; 
Corresponding standard errors (= 1/

√
sample size− 1), 

;Normalized data in the x-axis, and; Corresponding standard 
errors (= 1/

√
sample size− 1). Readers who are interested in 

the plot can practice it on their own at the link.[34]

Fifth, we have not interpreted more in detail the outliers 
beyond the 95% control lines. The visual representations are 
easy for readers to examine the outliers on dashboards.

Finally, although the hT-index is considered useful and appli-
cable in nature, the comparison of the difference in the hT-in-
dex between groups should be used with caution because the 
hT-index does not always follow a normal distribution. The 
bootstrapping method[44–46] was recommended for readers in 
comparison of IPHs among groups. Otherwise, collecting and 
ranking all DCCs on the logarithmic scale for a specific group 
(e.g., all data for countries/regions in Asia put together and 
ranked) to compute the hT-index is necessary and essential, as 
we did in this study.

5. Conclusion
We demonstrated the hT-index applied to highlight the outli-
ers in IPHs for countries/regions in 2020 and 2021 based on 
both angles of impactful DCCs and infected days. Quantitative 
and inferential statistics were provided to break the walls of 
descriptive statistics (e.g., the scatter plot without the 95% 
control lines) alone in traditional epidemic studies. With 
advanced computer science, IPH assessed by hT indices and 
visualized by scatter plots are suggested for use in future epi-
demic studies, not limited to COVID-19 research as we did in 
this study.
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