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1. TVP-VAR-based Connectedness Network Analyses 

Specifically, we define the pairwise directional connectedness from disease-specific 
healthcare expenditure j to disease-specific healthcare expenditure i as follows: 
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are parameters matrices under a stationary TVP-VAR(1) process with time-varying vola-
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ness Index (TCI) representing interconnectedness of the network of all different disease-
specific healthcare expenditures is given by: 
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Note that TCI measures the average contribution of spillovers from shocks to all dis-
ease-specific healthcare expenditures to the total forecast error variance. In addition, this 
flexible specification of equation (A2) allows us to identify the directional spillovers of the 
disease-specific healthcare expenditure i to all others j as follows: 

Eq (A3) 100C ×
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Analogously, the directional spillovers of all other disease-specific healthcare ex-
penditures to the disease-specific healthcare expenditure i is written by: 

Eq (A4) 100Cg ×
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We denoted total directional connectedness to others and from others as )(, h
g

tji→C  

and )(, h
g

tji←C , respectively. Therefore, the Net Total Directional Connectedness Index 
(NTDCI) is computed as: 
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A positive sign for the NTDCI ( )(, h
g
tiC  > 0) demonstrates one condition, in which 

disease-specific healthcare expenditure i is driving the network, and a negative sign for 
the NTDCI ( )(, h

g
tiC <0) illustrates the other condition, in which disease-specific healthcare 

expenditure i is driven by the network. Finally, the net pairwise directional connectedness 
index (NPDCI) can be broken down by the NTDCI to evaluate the bidirectional relation-
ship between healthcare expenditures of disease i and disease j as follows: 
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The net pairwise directional connectedness between two different disease-specific 
healthcare expenditures is the variance of the overall shocks that the disease-specific 
healthcare expenditure i transmitted to the disease-specific healthcare expenditure j, and 
vice versa. 

2. Results 
2.1. Descriptive Statistics and Unit Root Tests 

Table A1 summarizes the descriptive statistics and the PP (Phillips and Perron) unit 
root tests [41] of weekly aggregate real healthcare expenditures per capita for eighteen 
clinical diagnosis-related groups of diseases classified by the CCS of the US Agency for 
Healthcare Research and Quality (AHRQ) [31]. As indicated by Table A1, the mean of 
weekly expenditure per capita for various clinical diagnosis-related groups of diseases 
ranges from NT $2.64 (US $0.08) to NT $92.02 (US $3.07). The time plots of these eighteen 
disease specific healthcare expenditures, shown in Figure A1, illustrate either linear or 
cyclical trends, and regardless of which demean or de-trend data were used for the PP 
unit root tests, the null hypotheses of unit root of time series was rejected at 1% signifi-
cance level. These results validate the application of the TVP-VAR-based connectedness 
network analyses for the weekly time series of these eighteen disease-specific healthcare 
expenditures. 

Table A1. Descriptive Statistics and Unit Root Tests for Healthcare Expenditure Per Capita. 

Clinical Classification Software 
Descriptive Statistics  

(NT $ Constant at 2014) 
PP((Phillips and Perron) 

Unit Root Test 
Code Description Mean SD Max Min Constant Constant and Trend 
CCS1 Infectious and parasitic diseases 36.16 7.40 51.44 14.65 −6.20 −26.99 
CCS2 Neoplasms 50.34 14.28 91.59 11.35 −14.22 −28.57 

CCS3 
Endocrine, nutritional, and metabolic dis-

eases and immunity disorders 
61.16 11.61 92.14 23.82 −14.01 −30.73 

CCS4 
Diseases of the blood and blood-forming or-

gans 
14.03 3.12 22.32 6.03 −10.80 −30.44 

CCS5 Mental illness 26.80 5.17 61.37 7.91 −26.11 −32.75 

CCS6 Diseases of the nervous system and sense 
organs 

40.57 5.00 51.52 14.94 −24.26 −25.12 

CCS7 Diseases of the circulatory system 88.84 14.11 127.82 34.73 −18.02 −29.24 
CCS8 Diseases of the respiratory system 92.02 11.40 137.76 49.27 −15.05 −15.12 
CCS9 Diseases of the digestive system 87.45 9.18 110.61 38.19 −29.73 −28.91 
CCS10 Diseases of the genitourinary system 78.41 45.67 202.59 23.15 −37.54 −54.88 

CCS11 
Complications of pregnancy; childbirth; and 

the puerperium 
6.35 0.77 9.03 3.88 −12.28 −12.46 

CCS12 Diseases of the skin and subcutaneous tissue 13.31 1.56 17.29 6.19 −23.79 −27.62 

CCS13 
Diseases of the musculoskeletal system and 

connective tissue 
39.50 7.39 56.73 9.38 −17.74 −23.72 

CCS14 Congenital anomalies 4.53 0.74 6.57 1.55 −23.24 −22.92 

CCS15 
Certain conditions originating in the perina-

tal period 
2.64 0.44 4.52 1.44 −25.29 −26.95 

CCS16 Injury and poisoning 36.61 4.36 72.02 18.84 −19.78 −25.15 

CCS17 
Symptoms, signs, and ill-defined condi-tions 

and factors influencing health status 
24.36 4.37 34.77 11.25 −8.12 −26.02 

CCS18 Residual codes; unclassified 8.41 2.17 13.68 2.25 −10.66 −30.99 
Note: Weekly data were collected from 1 January 2000 to 30 September 2015, result-

ing in a total of 822 weekly observations. US $1 = NT $30 The real healthcare expenditure 
per capita (constant at 2014) of eighteen clinical diagnosis-related groups of diseases were 
classified by the multi-level Clinical Classifications Software (CCS) categories from the US 
Agency for Healthcare Research and Quality were reported.  
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2.2. Static Connectedness Network Analyses 
Table A2 shows the static connectedness network matrix, based on the methodology 

proposed by Antonakakis and his colleagues [21], for the eighteen disease-specific 
healthcare expenditures. The ijth element of the matrix shows the estimated contribution to 
the forecast error variance of the disease-specific healthcare expenditure i from shocks to the 
disease-specific healthcare expenditure j, as specified in equation (A1). Accordingly, the off-
diagonal sum of elements in each row represents the directional spillovers from all other 
disease-specific healthcare expenditures to the disease-specific healthcare expenditure i, and 
the off-diagonal sum of elements in each column represents the directional spillovers to all 
other disease-specific healthcare expenditures from the disease-specific healthcare expendi-
ture j, as showed in equations (A3)−(A4). NTDCI (Net Total Directional Connectedness In-
dex) is defined as the difference between the sums of each jth column and each ith row (see 
equation (A5)). The TCI (Total Connectedness Index), displayed in the bottom-right corner, 
is the sum of each column (or row) divided by eighteen, and it is further decomposed by the 
spillovers from shocks to these eighteen disease-specific healthcare expenditures (see the 
normalized contribution in the bottom of Table A2). The number of NPDC (Net Pairwise 
Directional Connectedness) transmitters represents the summary of the bidirectional rela-
tionship between the healthcare expenditure of disease i and that of disease j. 
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Table A2. Static Connectedness Network for 18 Disease-specific Healthcare Expenditures (%) 

Clinical Classification Sys-
tem 

CCS1 CCS2 CCS3 CCS4 CCS5 CCS6 CCS7 CCS8 CCS9 CCS10 CCS11 CCS12 CCS13 CCS14 CCS15 CCS16 CCS17 CCS18 Contribution from Others 

CCS1 11.70 9.60 9.30 7.30 5.30 4.90 8.50 1.70 5.30 2.20 0.70 3.30 7.20 1.50 0.20 5.80 8.80 6.70 88.30 
CCS2 9.20 11.10 9.30 7.80 5.80 4.90 8.80 1.50 5.60 3.60 0.40 2.90 7.60 1.70 0.20 5.30 7.70 6.80 88.90 
CCS3 9.30 9.10 10.00 6.90 6.30 5.70 9.60 1.70 6.20 2.20 0.50 3.30 7.40 1.60 0.20 5.70 7.40 6.90 90.00 
CCS4 10.50 9.00 8.30 9.20 4.40 4.40 7.50 2.00 4.60 5.70 0.70 3.10 7.00 1.90 0.30 5.00 9.00 7.00 90.80 
CCS5 8.30 8.00 8.60 6.40 8.70 6.20 8.10 1.90 6.10 2.20 0.90 4.20 7.10 2.10 0.20 6.30 7.00 7.60 91.30 
CCS6 7.50 8.50 8.10 6.40 5.90 7.50 8.10 2.20 6.90 2.90 0.90 4.60 8.00 2.50 0.40 6.40 6.90 6.20 92.50 
CCS7 8.60 8.80 9.70 6.60 6.20 6.20 10.10 2.40 7.00 1.90 0.50 3.30 7.50 1.70 0.20 5.70 7.00 6.50 89.90 
CCS8 4.00 3.80 5.90 3.00 4.20 6.50 8.60 34.00 8.30 3.40 0.80 3.00 3.40 1.40 0.30 3.50 3.20 2.70 66.00 
CCS9 6.90 7.80 7.80 6.00 5.80 7.60 8.40 2.90 9.00 2.30 1.10 4.80 8.10 2.50 0.30 6.30 6.70 5.80 91.00 
CCS10 3.10 9.80 6.60 5.60 6.40 2.90 6.10 1.40 3.00 38.70 0.10 2.00 3.60 1.20 0.10 2.80 2.60 4.10 61.30 
CCS11 6.90 6.20 7.40 4.20 4.90 5.20 8.00 4.10 6.40 5.90 13.70 3.30 5.50 1.90 1.30 4.80 5.60 4.50 86.30 
CCS12 7.60 8.60 7.70 6.70 5.70 5.50 7.10 3.30 5.60 5.10 1.40 5.90 6.80 2.30 0.40 6.20 7.50 6.50 94.10 
CCS13 7.60 8.70 7.90 6.90 5.60 6.80 7.90 2.10 6.80 2.50 0.80 4.30 8.90 2.40 0.30 6.50 7.40 6.50 91.10 
CCS14 8.00 8.80 7.20 6.80 4.50 5.00 6.80 6.50 5.30 4.00 1.20 3.50 6.60 6.40 1.20 5.40 7.10 5.80 93.60 
CCS15 5.70 5.80 5.60 4.20 3.30 3.30 5.60 7.00 4.00 9.50 3.90 2.50 4.40 3.70 18.70 3.80 4.90 4.10 81.30 
CCS16 8.50 8.80 8.10 6.60 5.80 5.80 7.60 2.50 5.70 2.80 1.00 4.40 7.50 2.30 0.30 8.20 7.40 6.50 91.80 
CCS17 9.60 9.00 8.40 7.60 4.90 5.10 7.80 1.70 5.50 2.80 1.10 4.00 7.40 1.70 0.30 5.80 10.50 6.70 89.50 
CCS18 10.20 9.20 8.90 7.60 5.60 5.10 7.90 1.90 5.20 2.40 0.90 3.50 7.30 1.90 0.30 5.70 8.50 8.10 91.90 

Contribution to others 131.50 139.70 135.00 106.40 90.50 91.10 132.50 47.10 97.70 61.70 16.70 60.00 112.50 34.30 6.40 90.70 114.80 100.90 1569.50 
Normalized Contributions 7.31 7.76 7.50 5.91 5.03 5.06 7.36 2.62 5.43 3.43 0.93 3.33 6.25 1.91 0.36 5.04 6.38 5.61 87.20 

NET (To-From) 43.20 50.70 45.00 15.60 -0.90 -1.50 42.60 -18.80 6.60 0.40 -69.50 -34.10 21.50 -59.20 -74.80 -1.10 25.30 9.00 TCI = 87.20 
# of transmitters by NPDCI 16.00 16.00 16.00 10.00 6.00 7.00 14.00 4.00 7.00 8.00 1.00 3.00 12.00 2.00 0.00 9.00 12.00 10.00  

Note: The percentage (%) of contribution to the forecast error variance of healthcare expenditure on the Clinical Classification System (CCS) code i coming from that on 
CCS code j using the Time-varying Parameters (TVP) VAR model. The row titled “Contribution to others” (“Contribution from others”) shows the % of contribution of 
each CCS code (except the given CCS code) to (from) all others. The net total directional connectedness index (NTDCI) is the difference between “Contribution to others” 
and “Contribution from others” for each CCS code. A positive (negative) sign of the NTDCI of CCS i suggests that the diseases classified by CCS i is a net transmitter 
(receiver) of healthcare expenditure. The total number of NPDCI transmitters by each CCS code i is reported in the bottom row of Table A2. 
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Figure A1. Real Healthcare Expenditure Per Capita (Weekly Aggregate NT $; NT $30 = US $1). 
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As shown in Table A2, the TCI is 87.20%, suggesting approximately 87.20% of the 
total forecast error variance can be explained by spillovers from shocks to these eighteen 
disease-specific healthcare expenditures. The highest contributing group (contributing 
more than 6% to the TCI) included neoplasms (CCS2), metabolic diseases and immunity 
disorders (CCS3), diseases of the circulatory system (CCS7), infectious and parasitic dis-
eases (CCS1), symptoms, signs, and ill-defined conditions and factors influencing health 
status (CCS17), and diseases of the musculoskeletal system and connective tissue (CCS13). 
This was followed by the middle contribution group (contributing 4%–6% to the TCI) 
which included diseases of the blood and blood-forming organs (CCS4), residual codes 
unclassified diseases (CCS18), diseases of the digestive system (CCS9), diseases of the 
nervous system and sense organs (CCS6), injury and poisoning (CCS16), and mental ill-
ness (CCS5). Finally, the group with the lowest contribution (contributing less than 4% to 
the TCI) included diseases of the genitourinary system (CCS10), diseases of the skin and 
subcutaneous tissue (CCS12), diseases of the respiratory system (CCS8), congenital anom-
alies (CCS14), complications of pregnancy, childbirth, and the puerperium (CCS11), and 
certain conditions originating in the perinatal period (CCS15). 

The results for net total directional connectedness (NET, seen in the bottom of Table A2) 
show that ten of these eighteen clinical diagnosis-related groups of diseases (these being 
infectious and parasitic diseases (CCS1), neoplasms (CCS2), endocrine, nutritional, and 
metabolic diseases and immunity disorders (CCS3), diseases of the blood and blood-form-
ing organs (CCS4), diseases of the circulatory system (CCS7), diseases of the digestive 
system (CCS9), diseases of the genitourinary system (CCS10) diseases of the musculoskel-
etal system and connective tissue (CCS13), symptoms, signs, and ill-defined conditions 
and factors influencing health status (CCS17), and residual codes unclassified diseases 
(CCS18)) are net transmitters of spillover. The other eight of these eighteen clinical diag-
nosis-related groups of diseases (these being mental illness (CCS5), diseases of the nerv-
ous system and sense organs (CCS6), diseases of the respiratory system (CCS8), compli-
cations of pregnancy, childbirth, and the puerperium (CCS11), diseases of the skin and 
subcutaneous tissue (CCS12), congenital anomalies (CCS14), certain conditions originat-
ing in the perinatal period (CCS15), and injury and poisoning (CCS16)) are net receivers 
of spillover. The net transmitters of spillover conduct the spillovers of healthcare expend-
itures through 7–16 clinical diagnosis-related groups of diseases. This is much higher than 
for the net receivers of spillover (around 0–7 clinical diagnosis-related groups of diseases), 
as shown in the bottom row of Table A2 (number of transmitters by NPDCI). 

2.3. Dynamic Connectedness Network Analyses 
Since all monthly variables used for the dynamic connectedness network analyses 

belong to the aggregate time series, we need to deal with the unit root (or non-stationary) 
property involved in time-series data in order to validate the statistical inference [31]. 
Prior research into the determinants of healthcare expenditure growth utilized the differ-
ence of time series data or cyclical components extracted from time series data to obtain 
the stationarity of time series data [2–3,8,12,17]. Since healthcare expenditure, demo-
graphic variables (such as young-age and old-age economic dependency ratios), composite 
leading index, medical price index, and primary care utilization are related to business cycles 
either owing to the definition of the variables or as suggested by evidence from previous 
studies [13,33], we extracted the cyclic components of these time series data through the 
Hodrick and Prescott filter method with a smoothing parameter lambda = 14,400 [34]. In 
addition, since Baumol’s cost disease is measured using the growth of the adjusted 
Baumol cost derived from Colombier [17], the difference of time series data was also used 
to assure the stationarity of the time series. 

Table A3 displays descriptive statistics and unit root tests of TCI (Total Connected-
ness Index), NTDCI (Net Total Directional Connectedness Index) and their explanatory 
variables. As shown in Table A3, either the PP unit root tests with constant or with con-
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stant plus trend specifications (or both the PP unit root tests with constant and with con-
stant plus trend specifications) suggest the presence of unit roots in all variables of all 
levels except for volume of primary care utilization and Baumol’s cost disease. Neverthe-
less, the cyclical components of all variables extracted by the Hodrick and Prescott filter 
method [34] are stationary time series since both the PP unit root tests with constant and 
with constant plus trend specifications reject the null hypotheses of unit root of time series 
at 5% (or rigorous) significance level. Since Baumol’s cost disease, constructed based on 
Colombier [17], has been proved to be a stationary time series, we use the demean series 
of Baumol’s cost disease as consistent with a zero mean of cyclical components of all other 
variables used for the RLS regression analyses. 

Besides, Figure A2 plots the dynamic connectedness network structure of the NPDCIij 
among the pure net transmitters of spillover, in-betweens, and pure net receivers of spill-
over. The accumulated net-pairwise directional relationships are illustrated across three 
phrases of timespan, separated by two time breaks (i.e., December 2003 and August 2008) 
of the TCI. These time breaks were identified by applying the structural break identifica-
tion methodology of Bai and Perron [42]. The overall magnitude of transmission or recep-
tion of spillovers (indicated by the size of nodes), in general, is highest in the pure net 
transmitters of spillover, followed by those in the in-between cluster, and is lowest in the 
pure net receivers of spillover. However, the strength of spillovers (shown by the thick-
ness of arrows) between most pairs of CCS codes (from high to low) is greatest in the in-
between cluster, followed by the pure net transmitters of spillover, and is lowest in the 
pure net receivers of spillover. No matter which group was observed, we found that the 
overall magnitude of transmission or reception of spillovers is quite stable. However, the 
strength of spillovers between most pairs of CCS codes expands as our observed timespan 
extends. As the upward trend of population ageing continues in Taiwan, we expect that 
demographic transition will play an important role in the determinants of disease-specific 
healthcare expenditure spillovers.
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Table A3. Descriptive Statistics of Total Connectedness, Net Directional Connectedness Indices and their determinants 

Panel A: Total Connectedness and Net Total Directional Connectedness Indices 

Var Description 
Level Cyclical Components 

Descriptive Statistics UR Test Descriptive Statistics UR Test 
Mean SD Max Min Cons Cons and Trend Mean SD Max Min Cons Cons and Trend 

TCI Total Connectedness Index 87.20 1.46 89.51 84.27 −1.63 −3.59 0.00 0.50 1.22 −1.40 −5.41 −5.40 
NTDCI1 

Net Total Directional Connectedness Index of CCSi, 
i = 1, 2, …, 18 

2.40 1.24 4.49 0.05 −0.70 −0.92 0.00 0.27 0.70 −0.86 −3.90 −3.89 
NTDCI2 2.82 1.31 5.19 0.82 −0.89 −0.50 0.00 0.30 0.72 −0.79 −4.67 −4.66 
NTDCI3 2.50 0.97 4.35 0.99 −0.65 −0.83 0.00 0.19 0.56 −0.50 −4.20 −4.19 
NTDCI4 0.87 0.88 2.40 −0.65 −1.12 −1.76 0.00 0.23 0.60 −0.46 −3.49 −3.49 
NTDCI5 −0.05 0.55 1.03 −0.85 −1.43 −0.35 0.00 0.15 0.43 −0.34 −4.20 −4.19 
NTDCI6 −0.08 0.62 0.92 −1.25 −0.83 −0.40 0.00 0.14 0.33 −0.29 −4.67 −4.65 
NTDCI7 2.37 0.80 4.09 1.11 −0.68 −0.75 0.00 0.20 0.43 −0.51 −4.12 −4.11 
NTDCI8 −1.04 1.05 2.95 −3.16 −2.42 −2.41 0.00 0.56 3.46 −1.31 −4.29 −4.66 
NTDCI9 0.37 0.32 0.99 −0.30 −1.77 −2.02 0.00 0.17 0.38 −0.44 −4.30 −4.29 

NTDCI10 0.02 1.51 5.04 −2.60 −2.38 −3.22 0.00 0.85 4.29 −1.73 −5.14 −5.13 
NTDCI11 −3.86 1.71 −0.88 −5.44 0.44 −3.02 0.00 0.19 0.76 −0.48 −5.77 −5.82 
NTDCI12 −1.90 1.29 0.21 −4.00 −0.74 −1.25 0.00 0.14 0.37 −0.29 −4.09 −4.08 
NTDCI13 1.19 0.45 2.22 0.38 −1.19 −1.69 0.00 0.13 0.36 −0.40 −4.56 −4.55 
NTDCI14 −3.29 1.36 −0.34 −4.91 −0.09 −4.50 0.00 0.15 0.80 −0.27 −6.59 −6.58 
NTDCI15 −4.16 1.18 −2.11 −5.39 −0.01 −4.23 0.00 0.16 0.82 −0.33 −6.49 −6.49 
NTDCI16 −0.06 0.47 0.74 −2.11 −1.66 −2.66 0.00 0.26 0.77 −1.77 −4.61 −4.52 
NTDCI17 1.41 0.94 3.07 −0.25 −1.24 −1.94 0.00 0.23 0.59 −0.50 −4.16 −4.15 
NTDCI18 0.50 1.09 2.23 −1.30 −0.87 −0.20 0.00 0.16 0.36 −0.34 −4.64 −4.63 

Panel B: Explanatory Variables 

Var Description 
Level Cyclical Components 

Descriptive Statistics UR Test Descriptive Statistics UR Test 
Mean SD Max Min Cons Cons and Trend Mean SD Max Min Cons Cons and Trend 

YEDR Young-age economic dependency ratio (%) 41.89 7.41 54.14 30.85 −0.93 −0.36 0.00 0.16 0.67 −0.49 −5.52 −5.51 
OEDR Old-age economic dependency ratio (%) 21.54 1.38 24.63 18.92 0.69 −0.94 0.00 0.09 0.22 −0.25 −5.10 −5.10 
ln(BLI) Composite leading indicator (%) in logarithm 4.29 0.23 4.62 3.86 −0.71 −3.00 0.00 0.04 0.07 −0.18 −3.46 −3.45 
ln(MPI) Medical price index (%) in logarithm 4.51 0.10 4.60 4.32 −1.87 −0.98 0.00 0.01 0.03 −0.04 −4.51 −4.49 

PCV Volume of Primary Care (%) 65.40 2.18 70.89 59.81 −5.44 −5.67 0.00 1.82 5.48 −3.98 −6.01 −5.99 
BCD Annual growth of Baumol’s Cost (%) −0.99 3.24 10.08 −17.00 −4.85 −4.83 0.00 3.24 11.08 −16.01 −4.85 −4.83 

Note: Monthly total connectedness index and disease-wise net directional connectedness indices were aggregated from weekly data by taking their means, resulting 
in a total of 189 monthly observations. Old-age (Young-age) economic dependency ratio is the ratio between those aged 65 or above (aged 15 and below) and all 
people in the labor force. Bold fonts represent 5% (or rigorous) significance levels.
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Figure A2. Dynamic Connectedness Network Structure of Net-pairwise Directional Connectedness Indices. Note: The size 
of nodes indicates the overall magnitude of transmission/reception of spillovers for each Clinical Classification System 
(CCS) code. The red, yellow, and green colors of each node indicate specific CCS i (i = 1, 2, ..., 18) that are pure net trans-
mitters, in-betweens, and pure net receivers, respectively. The thickness of the arrows reflects the strength of the spillover 
between a pair of CCS codes. Thicker arrows indicate stronger spillovers between two CCS codes. 
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