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Abstract:

Evaluating, ranking, and clustering (ERC) stand as fundamental tasks in scientific
research, each requiring a mathematical foundation. This study presents an ERC system
anchored in the CCHZ-DISO (Chen, Chen, Hu, and Zhou-Distance between Indices of
Simulation and Observation) system. Previous research underscores the optimality
achieved by the CCHZ-DISO system (Hu et al., 2022). Since the inception of CCHZ-

DISO-series research by Hu et al. (2019), DISO has found extensive applications across
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various domains including geography, hydrology, and economics. Analogous to the
CCHZ-DISO system's construction, the ERC system employs the Euclidean distance
to perform evaluating, ranking, and clustering tasks. Furthermore, illustrative examples
are provided to elucidate the application of the ERC system. In fact, the ERC system
unified the evaluating, ranking, and clustering tasks in one simple equation which is
more flexible and simpler than the present system. It will have a more widely

application than CCHZ-DISO in diverse scientific domains.

Keywords: CCHZ-DISO System; Euclidean Distance; Evaluating, Ranking and
Clustering; ERC system.

1 Introduction

Evaluating, ranking, and clustering (ERC) represent essential tools in scientific research,
providing qualitative and quantitative assessments of diverse objects within any
scientific domain. The advent of big data, artificial intelligence, and extensive model
simulation outputs has propelled ERC research into the spotlight, particularly for
comprehensive analyses (Hu et al., 2023; Jacox et al., 2022; Velde et al., 2021). Various
models and methodologies, including the Taylor diagram (Taylor 2001), Nash-Sutcliffe
efficiency (NSE) (Nash and Sutcliffe, 1970) and Kling-Gupta efficiency coefficient
(KGE) (Gupta et al., 2008), are employed to address ERC research topics. From a
mathematical vantage point, an ideal approach would involve a unified or harmonized
system for ERC tasks. However, to date, a universally applicable and cohesive system

encompassing all three facets of ERC remains elusive.

The CCHZ-DISO system, aptly named after its four major contributors-Chen, Chen,
Hu, and Zhou-emerged as a robust system for conducting comprehensive evaluations
of models (Hu et al., 2019, 2023; Zhou et al., 2021). Rooted in the concept of 'DISO'
denoting the distance between simulation and observation indices, CCHZ-DISO
leverages the Euclidean distance, encompassing a dimensional range from 1 to infinity
(Hu et al., 2019, 2023). This inclusivity allows for the integration of diverse statistical

metrics. Notably, two rigorously derived weighting schemes for statistical metrics, as

2
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established by Hu et al. (2023), contribute to the adaptability of the CCHZ-DISO
system. The flexibility, expansibility, and generality exhibited by CCHZ-DISO
distinguish it from alternative approaches, rendering it a versatile choice. Its widespread
adoption across domains such as public health (Cui et al., 2020, 2023; Hu et al., 2020;
Wang et al., 2021), geography (Ma et al., 2022; Deng et al., 2021), meteorology
(Zhuang et al., 2023; Qin et al., 2022; Kalmar et al., 2021), and hydrology (Wu et al.,

2023; Longo-Minnolo, et al., 2022; Yin et al., 2022) underscores its applicative prowess.

The extensive utilization of the CCHZ-DISO system has highlighted the need to
elucidate various critical aspects. Among these, understanding the intricate relationship
between CCHZ-DISO and chosen statistical metrics, comprehending how evaluation
outcomes fluctuate with dimension variations and diverse statistical metrics, and
ascertaining the significance of these outcomes are of paramount importance.
Additionally, recent discoveries pertaining to CCHZ-DISO have amplified its
applicability within the realm of ERC research. Notwithstanding these advancements,
a comprehensive system that seamlessly unifies the tasks of evaluation, ranking, and

clustering remains to be developed.

In light of the aforementioned research requirements, this study endeavors to devise a
novel ERC system hinging on the CCHZ-DISO system and the Euclidean distance.
Notably, the mathematical foundation for ERC tasks remains consistent, underscoring
a unifying system that introduces a fresh research paradigm founded upon

straightforward and widely accepted concepts.

The study unfolds in a structured manner: in the second section, a succinct introduction
to the CCHZ-DISO system is presented, complemented by an impartial third-party
evaluation to underscore its advantages and advancements. Following this,
Subsequently, the third section sheds light on newfound insights concerning ranking
and clustering, substantiated by illustrative examples showcasing their practical
applications. Building upon this, the fourth section establishes and elaborates on the

ERC system, portraying its structural components and functioning. In the fifth section,
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several important characteristics in ERC system are well illustrated for its flexible
application. Three examples are provided to well illustrate the evaluating, ranking, and
clustering of ERC system in the sixth section. Finally, the last section presents a short

summary of the study's key points and potential prospects of the ERC system.
2 A brief introduction of CCHZ-DISO

The CCHZ-DISO system is constructed by comparing observation and simulated data
from different models utilizing statistical metrics and the Euclidean distance (Hu et al.,
2019, 2022; Zhou et al., 2021). The weights of statistical metrics are introduced in

CCHZ-DISO, and the multiple-variable evaluations can be performed.

In our first study (Hu et al., 2019), to address the comprehensive assessment of multiple
models/products/datasets, the 3-dimensional DISO system composed by the three
statistical metrices of correlation coefficient (CC), absolute error (AE) and root mean
square error (RMSE) are constructed with the following equation (1) (Figure 1), which
have the significant advantages against the commonly employed Taylor diagram

(Kalmar et al., 2021).

S3(x3, y3, 73)
S2(x2, y2, 72) °

1
0.8

0.6

NMSE

0.4

0.2

S(1,0,0)

0.4
NAE 0.

[Figure 1. 3-dimensional DISO system composed by the CC, NAE (normalized
absolute error) and NRMSE (normalized root mean square error) statistical metrics
for three models Si, Sz and S3 against OBS.

In figure 1, it shows that the three models Si, S2 and S3 are comprehensively evaluated
4
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by the 3-dimensional DISO system with the values of DISOi, DISOz, and DISO;3,
respectively. DISO1 has the smallest value than the DISO values of models Sz and S3
which show the highest overall performance among the three models based on the 3-

dimensional DISO system.

DISO; = \/(CC; — CCy)? + (NAE; — NAE,)? + (NRMSE; — NRMSEy)?2 (1)

Since CCy, NAE, and NRMSE, are the statistical metric values of the OBS against

itself, they have the values of 1, 0, and 0. Then, equation (1) has the final form

DISO = \[(CC — 1) + NAE? + NRMSE? (2).

After adding new principles of DISO (e.g., more datasets, more statistical metrics and
adding the weights), the 3-dimensional DISO system is developed to the general form
with the n-dimensions (Zhou et al., 2021; Hu et al., 2022). For n-dimensional CCHZ-
DISO, the number of models included is assumed as m and the number of selected
statistical metrics is n. (sil, S si") is the statistical metric set for model i, where i =
0, 1,..., m. (so', s0%..., so") is the statistical metric set for OBS against itself. The n-

dimensional CCHZ-DISO equation is as follows (Hu et al., 2022; Zhou et al., 2021).

2
DISO; = J(norsi1 —nors)? + (nors? — nors@)? + -+ + (nors™ —norsy)” . (3)

In equation (3), norsij (i=01,.2,..,mj=123,..,n) isthe normalized statistical index,
and the DISO values could be larger than 1. If the dimension n of the DISO model is
normalized in equation (3), the DISO values will fall in the interval of [0, 1] based on

the following equation:

DISO; = %\/(norsi1 —nors})? + (nors? — nors)? + -+ + (nors® — nors(’f)2 )]
The wide application and the third-party evaluations of CCHZ-DISO can be found in
the Supporting Information.
3 Extension of CCHZ-DISO to Ranking and Clustering Applications
Following the construction process of CCHZ-DISO as outlined by Hu et al. (2019, 2022)

and Zhou et al. (2021), it becomes evident that CCHZ-DISO is not limited to evaluation

alone; it can effectively extend its application to ranking and clustering tasks. Indeed,
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the elements within equation (3) can be broadened to encompass variables across
diverse research domains, such as population, urban area, or gross domestic product of
various cities, each aligned with the unique sustainable development goals (SDGs) of
different countries. Incorporating variables into equation (3) transforms CCHZ-DISO
into a versatile system, serving as both an evaluation tool and a robust system for

ranking and clustering.
3.1 CCHZ-DISO application in ranking scenarios

In this section, we present a practical illustration of CCHZ-DISO's capabilities in
ranking and clustering using data pertaining to the first two sustainable development
goals (SDGs) from 15 randomly selected countries. The SDG datasets were sourced
from https://sdgtransformationcenter.org/online-library. Each SDG's score is
normalized within the range [0, 100], with 100 denoting the highest score and 0 the
lowest. We focus on the two SDGs aligning with the 2-dimensional CCHZ-DISO
approach. For ranking, we utilize a set (100, 100) as the observed data (OBS) and
consider the SDG scores of the selected countries with the number of N as the simulated
data (SIM). The closeness of the selected countries' OBS values directly correlates with
their ranking based on CCHZ-DISO—Ilower distances signify a higher rank for each

country within the CCHZ-DISO system. The total score is computed as follows:

DISO; = \/(SDG1; — 100)? + (SDG2; — 100)2  (5)

where i=1, 2, ..., N. According to equation (11) and the first two SDG scores, the total

SDG scores are computed to rank the selected countries.

Moreover, if the smallest score of (0, 0) is defined as the OBS, then the total score is

calculated as

DISO; = \/(SDG1; — 0)% + (SDG2; — 0)? = /sumf +SDG2? (6)

where i=1, 2, ..., N. In this case, a large distance of the selected countries indicates a

better ranking result.
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In the CCHZ-DISO system, the distance calculated through equation (3) serves as a
crucial metric for determining the relative rank among various datasets. When the
observed data (OBS) or the reference point scores are high, a smaller distance signifies
a superior rank, highlighting a better overall performance among the datasets.
Conversely, in cases where the OBS scores are low, a larger distance can indicate a
better rank among the datasets, underlining the nuanced interpretation of the distance

metric within the CCHZ-DISO system.
3.2 CCHZ-DISO application in clustering scenarios

The foundation of CCHZ-DISO, as expressed in equation (1), is fundamentally akin to
the equation used in the K-means clustering method. K-means clustering, an
unsupervised technique introduced by Lloyd (1982), serves to partition unlabeled data
into 'k’ distinct groups, with 'k' being a predefined number. This algorithm efficiently

assigns 'm' observations to one of the 'k' clusters, each characterized by a centroid.

The K-means clustering methodology identifies common attributes among observations
and leverages them to form cohesive clusters (Lloyd 1982). Generally, the Euclidean

distance equation is employed to gauge the similarity between samples in this approach:

d(m,C;) =/ (my — C)? + (my — €)% + - +(my — )2 (7)

where m denotes the data points, C; is the i-th cluster center, n is the dimensionality
of the dataset, and m; and C;; are the j-th values of m and C;;, respectively. The
main steps of the K-means approach are as follows: (1) randomly select & cluster centers
C; (1 £i < k); (2) compute the Euclidean distance from the remaining data points to
each cluster center C; to find the data with the smallest distance to each cluster center;
(3) assign the data point to the corresponding cluster C;; and (4) calculate the mean of
the data points in each cluster to generate new cluster centers. The above process is
iterated until stable cluster centers are obtained, or the specified maximum number of

iterations is reached (Hamerly and Elkan 2003; Pham et al., 2005).

Drawing from the CCHZ-DISO equation (3), in the context of the K-means clustering
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methodology, the cluster center C; corresponds to the observed data (OBS), while the
data points mmm represent the simulated data originating from various models. In the
K-means approach, a small distance between samples signifies a high degree of
similarity. Therefore, within the CCHZ-DISO system, a small distance between

simulated (SIM) and observed (OBS) data points indicate an accurate simulation model.

The K-means method, renowned for its excellent performance and straightforward
conceptualization, finds extensive applications across diverse study domains, including
decision support, image segmentation, data mining, and machine learning (Huang et al.,
2021; Shi et al., 2021). Hence, in addition to its roles in evaluation and ranking, CCHZ-
DISO extends its utility to clustering tasks, akin to the K-means method. Notably, the

weighting scheme employed in CCHZ-DISO mirrors that in K-means clustering.
4 A system for evaluating, ranking, and clustering (ERC)

According to the above analysis, it can be concluded that the CCHZ-DISO system can
be used to perform the ERC tasks in diverse subjects of science. Hence, the new ERC
system is constructed as follows.

ERC system: For n+1 variables X; (i=12,..,n) and X, m quantified
characteristics denoted as xij(i =12,..,n, j=12,..,m) exist. The ERC values

between X; (i = 1,2,...,n) and X, can be calculated as

BRCOG X0 = [ = xh)2 4 (0 =)t 4+ G = @)

Case 1: If the characteristics of X; (i = 1,2, ...,n) are quantified by statistical metrics
and X, is the OBS, then ERC can be used to evaluate the performance of X; against
X,. The ERC values in equation (8) are the CCHZ-DISO values from our previous
studies (Hu et al., 2019, 2022; Zhou et al., 2021).

Case 2: If the characteristics of X; (i =1,2,...,n) are quantified and X, is the
reference point, then ERC can be used to rank the X; data points. When X, is the best

point, the small ERC values in equation (8) correspond to the highest ranks. When X,
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207  is the worst point, large ERC values correspond to the highest ranks.
208  Case 3: If the characteristics of X; (i = 1,2, ...,n) are quantified and X, is the cluster
209  center, then equation (8) is the same as the basic equation in K-means clustering, and
210  the ERC concept can be used to cluster the X; data points.
211 Moreover, the weights of the quantified characteristics can also be added in equation
212 (8) when the ERC tasks are addressed in application if necessary. Let cl-j = |xlj - xé |,
213  then equation (9) essentially follows.
214 ERC; = J(c})z +(€)2+ -+ (™2 (9)
215  For Cij, i=12..,nj=12,..,m, the weight Wij can be computed in two
216  approaches:
217 wi = 4 (10)

P Xt Cij
218 and
219 w! = ‘f (11)

i m o :

J=1%i

220 5 Several important characteristics in ERC system
221  To have a wide and flexible application of ERC system in different scientific domains,
222  there are several important characteristics in ERC system should be notified in its
223 application.
224 5.1 Principled Selection of characteristics for the variable X in ERC system
225  While employing ERC system, researchers across different domains possess the
226  autonomy to set characteristics (e.g., statistical metrics for CCHZ-DISO) based on the
227  specific requirements of their field, underscoring the system's inherent flexibility.
228  However, this flexibility does not imply a random selection of characteristics. Instead,
229  two guiding principles should be adhered to when choosing characteristics: (1) when
230 multiple characteristics exhibit a significant similarity, employing a single

9
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representative characteristic suffices, and (2) contradictory characteristics should not

be utilized concurrently with ERC, as the CCHZ-DISO established by Hu et al. (2022).

Taking the CCHZ-DISO for instance, if the absolute error(AE) and relative error(RE)
demonstrate a proportional relationship, the application of either one suffices within the
CCHZ-DISO methodology. Furthermore, it is imperative to avoid combining
contradictory statistical metrics within the CCHZ-DISO approach. In many research
scenarios, the 3-dimensional CCHZ-DISO method, incorporating correlation
coefficient (CC), absolute error (AE), and root mean square error (RMSE) metrics,

offers an effective means to quantify model performance.
5.2 Each single quantified characteristic is a special form of ERC

To address this important characteristic of ERC, we take the 3-dimensional CCHZ-DISO
as example. As in Section 2, there are three models (m = 3) and three statistical metrics
(n=3). CC, AE, and RMSE are the three metrics of statistics. OBS represents the
observed data, and three models are defined as (S1, S2, S3). Moreover, CCi, AE;, and
RMSE;, where i =0, 1, 2, and 3, are the CC, AE and RMSE values for the OBS

and results of the three models.

For the first dimension in equation (1), with CC as an example, s;' = CC;, and i =0,

1, 2, and 3. Equation (1) is transformed into
DISO; = /(CC;— 1)? =1-CC;, (12)

where i =0, 1, 2, and 3 and DISOo = 0. It is very important to note that CC; requires a
special DISO; form in equation (2). Additionally, when equation (1) is one-dimensional,

each statistical metric is associated with a special form of CCHZ-DISO.

In other words, each statistical metric in this study is a special form of our CCHZ-DISO.
For example, NSE and KGE are also special forms of CCHZ-DISO with 1 dimension
in equation (1).

If an additional statistical metric is constructed, it can be added to CCHZ-DISO in
n+l

equation (1). For example, if a new statistical metric s” is constructed, we set s"=s

in equation (1). Then, CCHZ-DISO takes the new form of

10
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DISO; = \/(norsi1 —norsi)? + (nors? — nors@)? + - + (nors* — nors(?“)2 , (13)

If other statistical metrics are developed in the future, they can also be included in
CCHZ-DISO. Moreover, each statistical metric in the future is a special form of our

CCHZ-DISO with 1 dimension.

For the ranking and clustering tasks, the single quantified characteristic is the special
form of ERC system with 1-dimension. In other words, the evaluating, ranking, and

clustering can be addressed from single quantified characteristic for different variables.
5.3 Changes in the evaluating, ranking, and clustering results are normal

In the construction of CCHZ-DISO, the dimension and statistical metrics are
determined based on the research objectives of different studies. Thus, CCHZ-DISO
can have different dimensions, and different combinations of metrics can have the same
dimension. For example, in this case, with three models Si, Sz, and S3, the observed
time series is OBS, and three statistical metrics, namely, CC, AE and RMSE, are
selected to construct the CCHZ-DISO model. If weighting is not considered, there will

be seven possible forms of CCHZ-DISO with dimensions from 1 to 3:
1-dimensional CCHZ-DISO forms:
DISO; = +/(CC; — 1)2 = 1 —CC; (14)
DISO; = \[(norAE;)? = |norAE;| (15)
DISO; = \/[(norRMSE;)? = norRMSE; (16)

2-dimensional CCHZ-DISO forms:

DISO; = \/(CC; — 1)2 + (norAE; — 0)2 17)

DISO; = /(CC; — 1)2 + (norRMSE; — 0)2 (18)

DISO; = /(norAE; — 0)2 + (norRMSE; — 0)2 (19)

3-dimensional CCHZ-DISO form:

DISO; = \/(CC; — 1)? + (norAE; — 0)? + (norRMSE; — 0)>  (20)

11
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wherei =0, 1, 2, and 3 and DISOy = 0.

Different CCHZ-DISO values are calculated from equation (14) to equation (20). The

evaluation results are classified into two groups: changed or unchanged.

Case 1-Changes in the evaluation results are normal: Two or more CCHZ-DISO forms
in equations (14)-(20) are selected, and the evaluation results of the Si, Sz, and S3
models vary. For example, if equation (14) is selected, the accuracy of the three models
versus OBS ranks as follows S1>S,>S3, and if equation (15) is used, the accuracy of the

three models versus OBS ranks as S1<S,<S3, as shown in Figure 1 of Hu et al. (2022).

Case 2-Unchanged evaluation results are reasonable: When different models are
employed to simulate the same OBS, there can be two types of results. The first type of
result is very accurate, and the corresponding model performs better than the other
models. The second type of result is inaccurate, and the corresponding model performs
poorly compared to other models. Therefore, regardless of what statistical metrics are
used in CCHZ-DISO, models with different performance levels may yield unchanged

evaluation results, which is a reasonable scenario.

In fact, the dimension of CCHZ-DISO can decrease from n to m (smaller than n), which
is essentially the coordinate projection from n-dimensional space to m-dimensional
n!

—'m)l. We consider a shift from a 3-

m!(n—

space with the scenario number of C/* =
dimensional space to a 2-dimensional surface and a 2-dimensional planar system to a
1-dimensional coordinate system to illustrate the coordinate projection process using

the same data from Figure 1 of Hu et al. (2022).

Figure 2A and Figure 2B display the coordinate projection of CCHZ-DISO from 3-
dimensional space to 2-dimensional surface, and they illustrate that the 3-dimensional
DISO can be converted to 2-dimensional DISO. Figure 2B1, Figure 2B2 and Figure
2B3 are the results in Figure 2A projected to the XY (CC-NAE), XZ (CC-NRMSE) and
YZ (NAE-NRMSE) plane coordinate systems, respectively. Figure 2C shows the
results in Figure 2B projected in the X, Y, and Z directions, a DISO transformation from
2 dimensions to 1 dimension. The evaluation results vary with changes in the DISO

criteria from Figure 2.

12
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Figure 2. DISO results from a 3-dimensional space to a 2-dimensional surface and a 2-dimensional
planar system to a 1-dimensional coordinate system. The dataset is same as Figure 1 in Hu et al
(2022).

The above analysis suggests that these different evaluation results are related to the use
of different CCHZ-DISO equations, which are set based on the research objectives. For
the ranking and clustering tasks of ERC system, the results are also absolutely depended

by the different characteristics and different variables selected.
5.4 Significance test of models with very small differences in ERC values

When evaluating various models, it's not uncommon for multiple models to produce
similar ERC (i.e., CCHZ-DISO) values. However, to draw meaningful conclusions, it's
imperative to objectively quantify the significance of the differences between or among
these models. Taking the example of two models, S1 and S2, with corresponding
CCHZ-DISO values of 0.2 and 0.205, a robust method is needed to determine whether
the comprehensive performance of model S1 genuinely surpasses that of model S2, or

if the result can be attributed to randomness.

DISO values derived from repeated sampling (e.g., utilizing moving windows) or
multiple simulations can effectively address this concern. Assuming the length of the
observed data (OBS) is denoted by 'n,' which is generally larger than 30 for both models
S1 and S2, a 2-dimensional DISO approach employing correlation coefficient (CC) and
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absolute error (AE) statistical metrics is utilized. In this method, a single DISO value
is calculated for each model based on the entire OBS series. However, to provide a
comprehensive assessment, a moving window of size 'm' (where 'm' is less than 'n') is
employed. For instance, with a moving window of 15, a total of 17 DISO values are
obtained for each model (i.e., n — m+1). Subsequently, the t-test is applied to ascertain

the significance of the overall performance difference between the two models.

For ranking and clustering tasks, the significance test can also be applied to test the ranking

and clustering result based on the multiple times ranking and clustering.

6 Three Examples to Illustrate the Application of the ERC System

Three examples are discussed in this section to demonstrate the implementation of the
ERC system in different scientific domains. The first example illustrates the evaluation
of different global temperature products for geographic applications. We use the China
China Merged global Surface Temperature 2.0 (CMST 2.0) as the OBS (Sun et al.,
2022) to evaluate the overall performance of the 23 CMIP (Coupled Model
Intercomparison Project) 6 models (https://aims2.1lnl.gov/search/cmip6/). The global
surface air temperature of the CMST 2.0 has the period of 1850-2022 (Sun et al., 2022).
For the 23 CMIP 6 models, the history period is from 1850 to 2014, and the data of
period 2015-2022 is from the SSP (shared socioeconomic pathway) 585 scenario. Three
statistical metrics CC, AE and RMSE are employed to construct the 3-dimensions ERC
system (i.e., CCHZ-DISO system). The second example and the third example are used
to illustrate the ranking and clustering applications of ERC system with the same SDG1

(no poverty) and SDG2 (zero hunger) data from 148 countries at 2023.

Example 1. In this example, CMST 2.0 is X, and 23 CMIP 6 models are the X;,i =
1,2,...,23. The 3-dimensions ERC system is constructed by CC, normalized AE (NAE),
and normalized RMSE (NRMSE) as xil,xiz and xi3,i =1,2,...,23, respectively. Then,

equation (14) is:

ERC; = \/(CC; — CCy)? + (NAE; — NAE,)? + (NRMSE; — NRMSE,)? (18)

Since CCy =1, NAEy, = 0, NRMSE, = 0, the above equation becomes
14
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ERC; = \/(CCi —1)2 + (NAE;)? + (NRMSE;)?> (19)

After the computation, the corresponding statistical metrics: CC, NAE, NRMSE and
ERC of the 23 models are obtained in Figure 2. 1 — CC;, |NAE;|, NRMSE; are the
three cases with 1-dimension ERC system. The small ERC values in 3-dimensions and

1-dimension indicate the better performance of the 23 models.

For the 3-dimensions ERC system, the ERC values (DISO values), it suggests that MPI-
ESM1-2-LR has the most accurate overall performance with the smallest 3-D ERC
value of 0.30 and CanESM5-CanOE has the worst overall performance with the largest
3-D ERC value of 0.73.

For the 1-D ERC system, there are three cases: 1 — CC;, |INAE;| and NRMSE;. For the
1-D ERC of CC, it has the same evaluation result as the DISO, which is only used to
measure the strength and direction of the linear association between the OBS and CMIP
6 models. For the other two 1-D ERC condition of NAE and RMSE, the evaluation

results are similar as the DISO and CC (Figure 3).

This example is well illustrated the evaluating task of ERC system in 3-dimensions and
1-dimension. In this example, three statistical metrics CC, NAE and NRMSE are
employed to construct the 3-D ERC system. Other statistical metrics can also be applied
in the ERC system in 3-D or other dimensions. The weights of the statistical metrics
can be added according to the equations (16) and (17). Moreover, this example is only
used to illustrate the evaluating task of ERC application in earth sciences. In fact, the

evaluating task of ERC application can be well used in any other research fields.

15
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382

383  Figure 3. Evaluating result of the 23 CMIP 6 models using the ERC system based on three statistical
384  metrics: CC, NAE and NRMSE. 3-dimensions ERC system is the DISO system in Hu et al (2019).
385 1-dimension ERC system includes the 1-CC, NAE and NRMSE.

386  Example 2. In this example, the ranking application of ERC system is illustrated. The
387 166 countries are ranked by 2-dimensions ERC system constructed by SDG 1 and SDG
388 2 as the equations (11) and (12) in flowing forms:

389 ERC; = \/(SDG1; — 100) + (SDG2; — 100)?  (20)

390 and

391 ERC; = ,SDGli2 + SDGZL-2 i=12,..,166 (21)

392  The ranking results based on equations (20) and (21) are noted as Rank 1 and Rank 2
393  which are displayed in Figure 4.

394  According to equations (20) and (21), two ranking approaches have the same ranking
395  results for almost the 148 countries. The first 5% ranking countries of the two ranking
396  approaches are same listing as Korea, China, Serbia, Croatia, Japan, Austria, and France
397  (Figure 4). This example indicates the ranking task application of ERC system.
398  Moreover, the weights also can be added for the two variables of SDG1 and SDG2 in
399  equations (20) and (21), and more variables can be induced in ERC system for a higher
400  dimension for more ranking objects.
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Figure 4 Ranking results of the 2-D ERC system based on the SDG1 and SDG2 data from 148

countries at 2023.

Example 3. This example is the clustering application of ERC system with the same
SDG data as in Example 2. In this example, the essential of ERC system is the K-means
clustering. The clustering is based on the SDG1 and SDG2 of the cluster center points,

which has the following equation

ERCi=\/(SDG1i—SDGl}‘)2+(SDGZL-—SDGZJ’-‘)2 (22)

The clustered data points are noted as P;=(SDG1;,SDG2;),(i = 1,2,3,...,148), and
17



https://doi.org/10.5194/gmd-2024-82
Preprint. Discussion started: 30 May 2024
(© Author(s) 2024. CC BY 4.0 License.

411

412

413

414

415

416

417

418

419

420

421

422

the cluster center points are noted as QJ’-‘:(SDGl}‘, SDGZJ’-‘), (j=123,..,9), q < 148.

For convenience, the ranking 20%, 40%, 60%, and 80% countries based on the equation
(22) are chosen as the four cluster center points which include GUYANA (99.1295,
66.678625), JORDAN (98.6615, 5688525), MEXICO (86.266, 61.12975) and KENYA
(49.1385, 58.452125). The clustering result is displaying in Figure 5.
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Figure 5 Clustering results of the 148 countries based on the SDG1 and SDG2 data using the
equation (22).

From the above three examples, it is clearly shown that ERC system can well address

the evaluating, ranking, and clustering tasks in diverse scientific domains.
7 Discussion

7.1 Theoretical Base and Application of ERC System
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Generally, for any scientific subject, when some approaches (or methods, models, and
systems) are employed to solve the same scientific questions, the simplest one will be
chosen if it has equivalent results to the others. In other words, it follows the principle
of the Chinese philosopher Lao Zi's Da Dao Zhi Jian, which means that the most basic
truth is very simple (Hu et al., 2022).

Numerous approaches are proposed by large scientists to solve each task of evaluating,
ranking, and clustering in their own research areas. For example, NSE, KGE, and Taylor
diagram are used to evaluate the models’ performance. For data clustering, there are
multiple clustering techniques, such as hierarchical clustering algorithms, nearest
neighbor clustering, and fuzzy clustering (Jain et al., 1999). Whether a common or
general approach exists derived from the above multiple approaches to address the three
tasks, the principle of constructing the common approach should be simple. In fact,
evaluating, ranking, and clustering have the same essence in comparing the data
characteristics. Therefore, inspired by our previous CCHZ-DISO system, the ERC
system is assembled with the Euclidean distance, which is the theoretical base.

For the application of the ERC system, it should be noted that the ERC system aims to
solve the evaluating, ranking, and clustering for diverse scientific domains, not for
special ones. Hence, the ERC system can address the three tasks in any scientific subject.
In addition, the ERC system objectively solves the evaluating, ranking, and clustering
without considering the data characteristics, such as outliers. In general, before any
analysis of the data is carried out, we will check correct the error data, discontinuity
points, and outliers; therefore, whether the ERC results are impacted by the outliers is

dependent on the users.
7.2 Comparison between NSE, KGE, and CCHZ-DISO

In previous literature (Hu et al., 2019, 2022, Zhou et al., 2021), we comprehensively
compared the CCHZ-DISO and Taylor diagram to reveal the advantages of CCHZ-
DISO and disadvantages of Taylor diagram, which has been well confirmed by
prominent scientists (Deng et al., 2021; Kalmar et al. 2021). There also exist other
widely used statistical metrics for the calibration and evaluation of models, such as
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Nash-Sutcliffe efficiency (NSE, defined by Nash and Sutcliffe, 1970) and KGE (Gupta
et al.,, 2009). In this section, the systematic comparison between NSE, KGE, and
CCHZ-DISO is addressed to display the differences and advantages of CCHZ-DISO.

For the observed time series x,¢,t = 1,2,3, ..., n, the simulated time series is Xg;,t =
1,2,3,...,n. y, and pg are the mean values of x,, and xg., respectively. o, and

os are the standard deviation of x,, and xg., respectively, with the following forms

1 1
G0 = 2 TiaCor — o) and 0y = (LR, Croe — )2
The mean squared error (MSE) criterion and its related normalization, the NSE, are the
two criteria most widely used for the calibration and evaluation of hydrological models

with observed data.

NSE =1 — Z?:l(xs,t - xo,t)z —1- MS;E

Z?:l(xo.t - #o)z %

where MSE = %Z?zl(xs‘t — X,,)* is the mean squared error (MSE). The close value

of NSE to 1 indicates the high preformation of the model.

According to the decomposition of NSE, a new statistical metric named KGE is

established as the following form:

KGE=1—(—1)2+ (a—1)2+ (B — 1)?

where r is the correlation coefficient between x,, and xg,, a = 05/0, and ff =
(us — to)/0,(Gupta et al., 2009). The close value of KGE to 1 indicates the high

preformation of the model as well as NSE.

Since CCHZ-DISO can be constructed by any statistical metrics, which also includes
NSE and KGE, based on the construction principle of CCHZ-DISO and the equation
(1), we establish a 2-dimensional CCHZ-DISO using NSE and KGE as

DISO = \/(NSE — 1)2 + (KGE — 1)2.

The corresponding 1-dimensional CCHZ-DISO is
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DISO = /(NSE — 1)2
or
DISO = \/(KGE — 1)?

The above equations display that NSE and KGE are only the special forms of DISO
with the 1-dimension. In fact, DISO has multiple forms determined by the different
statistical metrics and dimensions. Moreover, the weights are included in DISO, while
they are not considered in NSE and KGE. Therefore, it is meaningless to compare DISO,

NSE, and KGE as well as other statistical metrics.
8 Conclusion

Evaluating, ranking, and clustering (ERC) tasks are pervasive across diverse scientific
domains. Although these tasks may seem disparate, they share a common mathematical
framework. The need to amalgamate these tasks into a unified, cohesive system based
on simple and widely accepted concepts and methodologies is paramount. Nevertheless,
a comprehensive system that seamlessly integrates ERC processes is conspicuously

absent.

A new ERC system is proposed in this study, and the key points are summarized as

follows:

(1) Clarity on CCHZ-DISO Applications: Important topics related to CCHZ-DISO
applications are elucidated, including the selection principle for statistical metrics,
evaluating result variations across different statistical metrics and dimensions, and
conducting significance testing for models with minute differences in CCHZ-DISO
values. Notably, a single statistical metric represents a specialized form of CCHZ-DISO

characterized by one dimension.

(2) A Unified ERC System: We construct an ERC system grounded in a simple equation
sourced from the CCHZ-DISO system. This system proves to be adaptable and versatile,
making ERC tasks across diverse scientific domains accessible. Practical examples are

employed to showcase its applicability to three distinct research topics.
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This ERC system stands as a potent and straightforward approach for conducting ERC
tasks in research. Leveraging the construction principles of the CCHZ-DISO system
and the ERC system based on Euclidean distance, this approach simplifies complex
problems through uncomplicated methodologies. The proposed ERC system exhibits

immense potential for widespread application across the scientific landscape.
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