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ARTICLE INFO ABSTRACT

Article history Objective To perform a comparative evaluation of Mamdani and Takagi-Sugeno (TS) fuzzy
Received 31 October 2025 inference systems for predicting peripheral vascular resistance from photoplethysmogram
Accepted 16 April 2026 (PPG) signals, incorporating diagnostic parameters from Persian medicine (PM) pulsology.
Available online 25 June 2026 Methods Both fuzzy inference systems were implemented in MATLAB R2021b and validated
using leave-one-out cross-validation (LOOCV) on clinical PM pulse diagnostic data collected
Keywords from 35 healthy volunteers. The dataset included pulse frequency scale (1 - 6) and weakness
Photoplethysmogram scale (1 - 4) alongside corresponding PPG-derived peripheral vascular resistance indices
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(range: 0.019 - 0.983). The Mamdani system (with 35 rules) was designed using trapezoidal
and triangular membership functions, a singleton fuzzifier, a product inference engine, and a
centroid defuzzifier. The TS system (with 6 rules) was configured as a first-order model with
Gaussian input membership functions. System performance was quantitatively evaluated us-
ing mean absolute error (MAE), root mean square error (RMSE), and the coefficient of deter-
mination (R?). Statistical significance of performance differences was assessed using a paired ¢
test.

Results The Mamdani inference system showed much higher prediction accuracy than the
TS system. Comparative analysis revealed a substantial advantage for the Mamdani system
(MAE = 0.007 63 % 0.001 20, RMSE = 0.008 58 + 0.001 50, R* = 0.998 40 + 0.000 80) over the TS
system (MAE = 0.015 40 + 0.002 10, RMSE = 0.022 48 + 0.002 80, R* = 0.989 20 + 0.001 50). A
paired ¢ test comparing the absolute errors of the 35 LOOCV folds confirmed statistical signifi-
cance [f(34) =5.07, P < 0.001].

Conclusion The findings suggest the potential suitability of the Mamdani system for certain
precision-oriented analytical tasks. Both systems exhibit practical utility for integrative
medicine diagnostics and wearable health-monitoring applications for healthy individuals,
enabling a modern computational translation of PM pulsology.

1 Introduction

Recent advances in computational medicine have high-
lighted the role of intelligent systems in integrating

traditional diagnostic methods with modern technolo-
gies. Among these, Persian medicine (PM) pulsology,
a centuries-old system based on multidimensional
pulse analysis has gained renewed attention for
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complementing conventional cardiovascular assess-
ments ¥, Photoplethysmography (PPG) enables nonin-
vasive hemodynamic monitoring via an optical sensor %,
and the PPG waveform encodes key hemodynamic infor-
mation, including peripheral vascular resistance [© 7.
However, the fusion of PM pulsology and PPG faces sev-
eral key challenges. PM diagnostics are subjective and
depend heavily on practitioner expertise *!!; automated
PPG interpretation remains incomplete "> *¥; and a uni-
fied framework is lacking, as existing studies focus sepa-
rately on PM classification 111! or PPG feature extrac-
tion 151, Fuzzy inference systems can address these
challenges through graded membership functions that
accommodate subjective pulse descriptors such as
“weak” or “strong” 1?2 Both the Mamdani model,
known for its interpretable rule structure, and the Takagi-
Sugeno (TS) model, recognized for its adaptive function-
al consequences, are promising for complex physiologi-
cal signal analysis 224,

Previous studies have demonstrated the feasibility of
Mamdani-type fuzzy systems for estimating PPG features
from PM pulse parameters ?>2%, However, these imple-
mentations lacked formal stability analysis and systemat-
ic performance comparisons between Mamdani and TS
architectures. Although the Mamdani versus TS debate
has been explored in other domains ?* %), no dedicated
comparison exists for PM-PPG applications.

This study pioneers the application of TS fuzzy infer-
ence in PM pulsology beyond the exclusive use of Mam-
dani models, introduces guaranteed stability modeling
absent in prior works, and establishes quantitative corre-
lations between PM pulse parameters (e.g., pulse weak-
ness and frequency) and PPG-derived peripheral vascu-
lar resistance. The key innovation is a stable fuzzy frame-
work with bounded outputs. Therefore, this study per-
forms a comparative evaluation of Mamdani and TS fuzzy
inference systems for predicting peripheral vascular re-
sistance from PPG signals using PM pulsology.

2 Materials and methods

The methodology of this study, shown in Figure 1, was
designed to evaluate the performance of TS and

fi Defuzzification

Pulse frequency (F)

Knowledge discovery
(data mining)

Pulse weakness (1)

Inflectionpoint [ i tion
area (IPA)_TS

Inflection point area (IPA)_M

Figure 1 The flowchart of performance analysis of Mam-
dani and TS systems for predicting the inflection point
area (IPA) index by PM pulsology
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Mamdani fuzzy systems in estimating peripheral vascu-
lar resistance from pulse frequency and pulse weakness
parameters of PM. The TS system is described and pre-
sented in this study, while the Mamdani system was pre-
viously used in reference #7.

Several factors motivate the need for fuzzy systems in
this context. First, the interpretation of pulse findings by
physicians involves subjective experience and analysis,
which are prone to errors. Second, the training of PM stu-
dents also introduces variability in pulse assessment.
Moreover, inference based on a large number of pulse
rules is inherently complex. Fuzzy systems offer a suit-
able framework to manage these challenges * 2. Conse-
quently, it is necessary to evaluate the performance quali-
ty and error magnitude of different fuzzy systems to se-
lect the most appropriate one for a given study. Such
evaluation requires a set of actual data, corresponding
predicted data, and a performance metric that quantifies
how closely the predicted values approximate the actual
values.

2.1 Preparing the conditions for designing fuzzy systems

To design a fuzzy system for estimating peripheral vascu-
lar resistance using PM pulse frequency and pulse weak-
ness, a peripheral vascular resistance index was first de-
rived from the PPG signal. The preprocessing procedure
consisted of the following steps. The area under the PPG
curve within a single cardiac cycle was defined as the
pulse area. The pulse area was divided into two parts at
the dicrotic notch, as shown in Figure 2.

b Systolic peak

Dicrotic notch

PPG amplitude

4,

Time (s)
Figure 2 IPA ratio with area division A, by A,

The ratio of the two areas A, and A, shown in Figure 2
is defined as the total peripheral vascular resistance
index, given by Equation (1) and referred to as the IPA
ratio '%!:

IPA = & (1)

A

Data were collected at the Ahmadiyeh Persian
Medicine Clinic, Tehran University of Medical Sciences,
Tehran, Iran, from June 1, 2024 to October 31, 2025. In-
clusion criteria for participants were aged between 7 and
69 years, with no known history of cardiovascular disease,
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and not taking any medication affecting heart rate or vas-
cular tone. All participants (or their legal guardians) pro-
vided written informed consent before data collection, in
accordance with a protocol approved by the Ethics Com-
mittee of Payame Noor University (IR.PNU.REC.1403.
685).

The collected data included pulse frequency, pulse
weakness, and PPG waveforms, all recorded by a PM spe-
cialist. Because the recorded pulse strength was predomi-
nantly low (i.e., most pulses were classified as weak), the
variable was labeled “pulse weakness” rather than “pulse
strength”. Consequently, a decrease in pulse weakness
corresponds to an increase in pulse strength, and vice
versa. The total peripheral vascular resistance index data
were normalized using Equation (2) to reduce computa-
tional errors:

X, = Xold ~ Xmin @)

Xmax ~ Xmin
where x4 is the original data, x,, and x,;, are the maxi-
mum and minimum values in the dataset, respectively,
and x,., is the normalized data. Normalization reduces
scaling-related noise but does not artificially inflate cor-
relations, as the original unnormalized trends remain
consistent.

The variables are named as follows: pulse frequency,
pulse weakness, and total peripheral vascular resistance
index (IPA). These data are given in Table 1.

Table 1 General specifications of pulse frequency, pulse
weakness, and IPA for healthy volunteers

Variable Max Min Mean deSitaatIil(()i:ligD)
Pulse frequency (F) 6.000 1.000 3.447 1.477
Pulse weakness (W) 4.000 1.000 2.382 1.029
IPA 0.983 0.019 0.366 0.225

The steps of designing a stable fuzzy system with two
inputs (F, W) and one output (IPA) are as follows.

First, fuzzy sets are defined to cover the input and out-
put spaces. Specifically, fuzzy sets for pulse frequency (F)
are defined on the interval [1, 6]. Fuzzy sets for pulse
weakness (W) are defined on the interval [1, 4]. Fuzzy sets
for the output (peripheral vascular resistance index IPA)
are defined on the interval [0, 1]. Next, fuzzy if-then rules
are created using input-output data. For each input-out-
put triplet (FI, W’;IPA’), the corresponding membership
values in the fuzzy sets are determined.

To ensure stability conditions, the following require-
ments are imposed. First, regarding completeness, a
fuzzy set A, is considered complete if Equation (3) holds:

Yx; € [a, ﬁ] =y (x)#0 3)

In other words, for every input value within the fuzzy set’s
range, the membership function value is non-zero.
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Second, regarding normality, a fuzzy set A; is normal if
Equation (4) holds:

Axilu,, (x) =1 “

In other words, there exists at least one point in the fuzzy
set where the membership function equals one. Third, re-
garding consistency, a set of fuzzy if-then rules is consis-
tent if no two rules share the same antecedent (if-part)
but have different consequents (then-part).

In this study, “guaranteed stability” refers to bound-
ed-input bounded-output (BIBO) stability. Specifically,
for any input values within the defined ranges (F € [1, 6];
W €E [1, 4]), the fuzzy system’s output (IPA) will always
remain within the predefined output interval [0, 1]. This
property is ensured by using complete, normal, and con-
sistent fuzzy sets, as defined in Equations (3) and (4).

2.2 Mamdani fuzzy system

As mentioned in previous study ?”, 35 fuzzy rules were
formulated based on the defined fuzzy sets and member-
ship functions. The Mamdani fuzzy system was imple-
mented in MATLAB R2021b using these 35 rules, with
trapezoidal and triangular membership functions, a sin-
gleton fuzzifier, a product inference engine, and a cen-
troid defuzzifier. This system is stable, with input ranges
of pulse frequency [1, 6], pulse weakness [1, 4], and an
output (IPA) range [0, 1]. These 35 rules were derived di-
rectly from expert knowledge provided by a certified PM
practitioner, based on established clinical relationships
between pulse parameters (frequency and strength) and
peripheral vascular resistance (note that pulse weakness
is inversely related to pulse strength). The rules were
manually formulated rather than automatically extracted
from the dataset, thereby ensuring clinical interpretabili-
ty and face validity.

In this Mamdani fuzzy system, peripheral vascular re-
sistance decreases as both pulse frequency and pulse
weakness decrease, and increases as both pulse frequen-
cy and pulse weakness increase.

2.3 TS fuzzy system

In a TS fuzzy system, the output of each rule is a first-or-
der polynomial of the input variables. Specifically, con-
sider a TS fuzzy system with r rules, n inputs, and one
output. The L-th rule (L = 1, 2, ..., r) is given by Equation
(5) [2, 30]:

Rule L : if x, is A, and x, is A%, and...,x, is A%, then

Y=ah+atx +.. +alx, 5)

where in L={1,2,...r}, o"={a},al,ak,....at} are the
consequent parameters. The fuzzy sets for each input are
defined as:
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A ={A] A}, A}

Given an input vector x = (x;,x,,...,x,)", the overall
output f(x) is the weighted average of the rule outputs:

f)=) yw ©)

WL

n
where wh = H#A,L (x,-), WL = .

7
i=1
L
dw
L=1

In this study, the membership functions were chosen
to be Gaussian, as expressed in Equation (7) @

Ha, (X)) = 3_% (“;m) @

where o; and m; are the variance and center (adjustable
parameters) of the Gaussian function, respectively.

A TS fuzzy system was designed using MATLAB
R2021b based on data from volunteers aged 7 to 69 years.
First, fuzzy sets were defined for pulse frequency (F) on
the interval [1, 6], pulse weakness (W) on [1, 4], and the
IPA output on [0, 1]. Pulse frequency and pulse weakness
were used as input variables, and the IPA as the output
variable. Using the input-output triplets (F',W’;IPA’)
from the volunteers, a total of 6 rules were defined.

The TS system employed a first-order polynomial
consequent for each rule, allowing each rule to define a
local linear model over a specific region of the input
space. Consequently, the model’s expressiveness and
adaptability are achieved through the combination of
these few local linear functions and the Gaussian an-
tecedent membership functions, rather than through a
large number of independent linguistic rules. This char-
acteristic of TS systems typically leads to a more compact
rule base compared to the Mamdani architecture, which
requires a separate linguistic rule for each distinct input-
output mapping . Therefore, while the Mamdani sys-
tem required 35 rules to linguistically encode expert
knowledge, the TS system achieved a comparable map-
ping of the input-output relationship with only 6 locally
linear rules.

The surface diagram illustrating the three-dimension-
al relationship between the inputs (pulse frequency and
pulse weakness) and the output (IPA) of the TS fuzzy sys-
tem is shown in Figure 3.

2.4 Performance evaluation

Performance evaluation was primarily based on predic-
tion errors. Visual analysis of the results was also per-
formed to support the quantitative assessment.

To evaluate prediction accuracy, the following met-
rics were calculated: absolute error (AE), mean absolute
error (MAE), relative error (RE), mean square error
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IPA of TS

Figure 3 Three-dimensional representation of the TS
fuzzy inference system based on the two input variables
pulse frequency (F) and pulse weakness (W), and the out-
put total peripheral vascular resistance index IPA

(MSE), root mean square error (RMSE), and coefficient of
determination (R?). These metrics are defined in Equa-
tions (8) - (13), respectively 31,

AE' = |IPA,, — IPAL| ®)
1 N
MAE = Z |IPA, — IPA | ©)
RE = w (10)
|TPA;,
1 <& ) N
MSE = Z (IPAL - TPA.) )
RMSE = |~ EN: (IPA], —TPAL) 12
= N o~ FIS) (12)

i=1
N
S (1PA, - A’
R=1-{ 5 (13)

N

. —i\?2
3 (IPA’O - IPA0>

i=1

where IPA} and IPA; are the i-th observed and predict-
ed IPA values, respectively, and N is the total number of

data points (N = 35).
2.5 Statistical analysis

Statistical analyses were performed using MATLAB
R2021b and Microsoft Excel. To robustly estimate predic-
tion accuracy, we calculated the MAE, RMSE, and R? [de-
fined in Equations (8) - (13)] using leave-one-out cross-
validation (LOOCV), which was necessitated by the limit-
ed sample size (N = 35). In each LOOCYV fold, 34 samples
were used for training and the remaining one for testing;
this process was repeated 35 times so that each sample
served once as the test set. All reported metrics are pre-
sented as mean + SD across the 35 LOOCV folds.

To statistically compare the prediction errors of the
Mamdani and TS systems, a paired two-tailed ¢ test was
performed on the absolute prediction errors obtained
from the 35 LOOCYV test folds.
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3 Results

The dataset from 35 healthy volunteers included pulse
frequency scale (1 - 6) and weakness scale (1 - 4) along
with corresponding PPG-derived peripheral vascular re-
sistance indices (range: 0.019 — 0.983).

3.1 AE

The AE results show that both the TS fuzzy system (6
rules) and the Mamdani fuzzy system (35 rules) predict
IPA values for 35 healthy volunteers with an error of less
than 0.08. Visual analysis of the AEs confirmed that both
systems—using pulse frequency and pulse weakness as
inputs and IPA as the output—performed satisfactorily
within the defined input ranges. The Mamdani fuzzy sys-
tem achieves a lower absolute error in predicting IPA
than the TS fuzzy system. Specifically, the absolute errors
of the Mamdani system were lower than those of the TS
system for most volunteers, with only a few exceptions
(Figure 4).

0.08
007 — T8 i
006l Mamdani
0.05
2 0.04
0.03
0.02 ‘
0.01 F
0 7 \/ . ,
0 5 10 15 20 25 30 35

Healthy volunteers data

Figure 4 Comparison of AEs of Mamdani and TS sys-
tems for predicting the total peripheral vascular resis-
tance

3.2 RE

The RE results for the two fuzzy systems Mamdani and TS
for predicting IPA values in 35 healthy volunteers are
shown in Figure 5. As observed with AE, the Mamdani
system achieved a substantially lower relative error in
predicting IPA than the TS system. This pattern held for
most volunteers, with only a few exceptions.

40
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N
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Healthy volunteers data

Figure 5 Comparison of REs of Mamdani and TS sys-
tems for predicting the total peripheral vascular resis-
tance
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3.3 Regression

Figure 6 shows the regression plots for Mamdani and TS
fuzzy systems for 35 healthy volunteers. Visual analysis
indicated that, although the TS system yielded better IPA
predictions for some volunteers, the Mamdani system
was more accurate for the majority of volunteers.

50

* TS
45 e Mamdani
40 — TS regression
35 — Mamdani
regression
30 -- Desired line

[
(=)

Predicted output
N
W

—_
W

0 5 10 15 20 25 30 35 40 45 50
Actual output

Figure 6 Comparison of regressions of Mamdani and TS
systems for predicting the total peripheral vascular resis-
tance

3.4 Simulation results

The simulated results for the two fuzzy inference systems
Mamdani and TS for estimating the IPA index from PM
pulse parameters can be seen in Figure 7, which illus-
trates the predicted versus actual IPA values for both sys-
tems.

09} — Ac'tugil data
0.8 - Predicted TS
: Predicted Mamdani

Output
f=J
wn

0 5 10 15 20 25 30 35
Healthy volunteers data

Figure 7 Comparison of predictions of Mamdani and TS
systems for the total peripheral vascular resistance

All performance metrics (MAE, RMSE, and R?) report-
ed in Table 2 represent the results obtained across all
LOOCYV folds.

Table 2 LOOCV performance metrics for Mamdani and
TS fuzzy systems in IPA prediction (mean + SD)

Fuzzy system MAE RMSE R?
Mamdani 0.00763 + 0.00858 + 0.99840 +
0.00120 0.00150 0.00080
TS 0.01540 0.02248 + 0.98920 +
0.00210 0.00280 0.00150

A paired ¢ test comparing the absolute errors of the 35
LOOCYV folds confirmed statistical significance [t (34) =
5.07, P<0.001].
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4 Discussion
4.1 Mamdani’s performance and physiological basis

There are key differences in the performance and usabili-
ty of the two fuzzy systems, Mamdani and TS. The Mam-
dani fuzzy system produces outputs by aggregating
multiple fuzzy rule outputs using centroid defuzzifica-
tion 122271 whereas each rule in the TS fuzzy system
contributes a weighted linear function to the overall out-
put #2939 The results of this study demonstrate that the
Mamdani fuzzy system outperformed the TS system
across all key metrics. The LOOCV ensured reliable per-
formance estimation despite the limited sample size (N =
35); all metrics are aggregated cross-validation results.
This superior performance is evidenced by significantly
lower errors. The Mamdani system achieved a MAE of
0.007 63 and a RMSE of 0.008 58, compared to 0.015 40
and 0.022 48 for the TS system, indicating higher predict-
ing precision. Furthermore, the Mamdani system exhibit-
ed a near-perfect R? value of 0.99840, suggesting that its
rules align almost perfectly with the observed physiologi-
cal relationships. Several factors explain this superior
performance. The strong physiological correlation be-
tween PM pulse parameters (frequency and weakness)
and peripheral vascular resistance is well documented in
PM literature. The linguistic rule-based architecture of
the Mamdani system directly encodes expert diagnostic
logic, minimizing model error. Additionally, the centroid
defuzzification method employed in the Mamdani sys-
tem minimizes output variability, a critical feature for
medical applications where small errors can significantly
impact clinical decisions.

The Mamdani system’s 35 transparent rules, which
utilize interpretable membership functions (e.g., triangu-
lar and trapezoidal), allow physicians to trace how input
variables are mapped to IPA estimates. This aligns per-
fectly with Persian medicine’s emphasis on interpretable
diagnostics. In contrast, the TS system’s crisp linear
outputs, despite their computational efficiency, obscure
the underlying physiological logic, making it less suitable
for clinical validation. The Mamdani system also demon-
strated a critical advantage: bounded input-output stabil-
ity. This feature, ensured by our formal analysis and sup-
ported by prior research *”, guarantees that all predic-
tions remain within physiologically plausible ranges. Fur-
thermore, unlike the TS model, which exhibited distur-
bances during the early design stages, the Mamdani ar-
chitecture was entirely free of such instabilities 2%,

4.2 Stability and interpretability analysis

This study’s contributions are clearly positioned by a di-
rect comparison with key recent works in PPG analysis
and computational PM. Our work moves decisively be-
yond proof-of-concept demonstrations to provide a
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rigorous, stability-aware architectural comparison. In
comparison to foundational PM-PPG studies employing
Mamdani-type fuzzy systems, such as those estimating
systolic area ® or peripheral vascular resistance 27, our
research introduces two critical advancements. First, we
provide the first head-to-head performance evaluation
against the TS architecture for this specific physiological
prediction task. Second, our implemented Mamdani
model achieves superior quantitative accuracy (R*> =
0.998 40, MAE = 0.007 63), exceeding the error thresholds
(e.g, MAE < 0.05 2 or max error 0.01 ?7) reported in
these prior single-architecture studies, while formally
guaranteeing system stability.

Our findings contribute to the broader debate on
fuzzy system selection. In domains like traffic calibration,
TS systems have shown superiority for adaptive, real-time
control ), Conversely, in medical diagnostics, the inter-
pretability of Mamdani systems is often paramount .
Our results provide strong, domain-specific evidence. For
translating subjective PM diagnostics into quantitative
physiological estimates, the Mamdani architecture is not
only more interpretable but can also achieve higher pre-
dictive accuracy than a first-order TS model.

4.3 Limitations and future study

Several limitations should be acknowledged. The study’s
results are based on data from 35 healthy volunteers;
therefore, the system’s performance on pathological cas-
es, such as individuals with cardiovascular diseases, re-
quires further validation. Additionally, while the Mam-
dani system’s defuzzification process carries a higher
computational load than the TS system’s weighted aver-
aging, this difference is negligible for offline clinical anal-
ysis. Furthermore, the current study was conducted ex-
clusively on healthy volunteers. Therefore, the system'’s
diagnostic performance in patients with cardiovascular
disorders has not yet been established and requires fu-
ture investigation.

For future research, two primary directions are pro-
posed. First, hybrid systems should be developed that
combine the interpretability of the Mamdani framework
with the computational efficiency of the TS model, creat-
ing architectures suitable for real-time monitoring appli-
cations such as wearable PPG devices. Second, the sys-
tem’s performance must be validated on pathological
cases, particularly patients with vascular disorders, to
thoroughly assess its clinical generalizability and diag-
nostic robustness beyond healthy populations.

5 Conclusion

This study successfully developed a stable and inter-
pretable fuzzy system for predicting the peripheral vascu-
lar resistance index (IPA) from PM pulse parameters. The
Mamdani system emerged as the superior framework,
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supported by its exceptional predictive accuracy: a near-
perfect R* value of 0.99840 and low prediction errors
(MAE: 0.007 63). This validates its precise alignment with
established PM pulsology principles. Furthermore, its
transparency allows physicians to examine all 35 rules to
understand how specific pulse features (e.g., frequency
and weakness) map to the IPA output, thereby fostering
trust in artificial intelligence (AI)-assisted diagnostics.
The system’s inherent safety, guaranteed by bounded
output stability, ensures that all predictions remain with-
in physiologically plausible ranges. The Mamdani frame-
work offers high accuracy and interpretability for estimat-
ing peripheral vascular resistance from PM pulse param-
eters in healthy individuals.
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(Editor-in-Charge Jie Deng)

A TR B F BRI E b B ARG ITAZ 5 TR 51 B o FE A 69 Mamdani 5
Takagi-Sugeno B4 £ 42l 7R

Mohammad Dehghandar®, Maryam Nikbakht?®, Fatemeh Yousefi Nadarabadi®

a. Department of Mathematics, Payame Noor University, Tehran 3697-19395, Iran
b. Applied Mathematics, Payame Noor University, Tehran 3697-19395, Iran

[#%] B4 xF Mamdani 5 Takagi-Sugeno (TS ) #1322 2 S £ TN L & R4 (PPG) 135 A Ak
8951 B B AL gy E e AR AT IR EGRNY, RS T RMES (PM) RS PR B AR, Fik AAENIE
72 A %39 K MATLAB R2021b 52 3L, A Tk A 35 &4 &R E 0GR PM RS 53, RAG—EX Lk
iE (LOOCV ) #ATIIE, AL QLSRR EZ LTS (1-6) PR EBREEZ LTS (1-4) , AR
B PPG 4T A5 s T A 3540 (SEE . 0.019-0.983) . Mamdani A4 6.4 35 &40, RAKHER=1A
W T, FEEME . EREEIFARTC MBS, TS RLA LA 6 KA, BRE A
A, FRASGHEMAEE DK, AAMRERTFIHLEFEEZ (MAE) . ¥ #iEZ (RMSE) fek € 28

(R?) #4722, WA RS eE £ F 0943t F 25 R A B AR/, &R Mamdani 122 2
G TR AR R 5 T TS 2%, W& HH 25, Mamdani 2 %488 T TS 24 LA R F 4% . Mamdani
% %t MAE 4 0.007 63 + 0.001 20, RMSE 34 0.008 58 + 0.001 50, R* 34 0.998 40 + 0.000 80; 1 TS # % #)
MAE # 0.015 40 + 0.002 10, RMSE # 0.022 48 + 0.002 80, R* 4 0.989 20 + 0.001 50, % F 35 A~ LOOCV 744
Wi Z SRR R, EREVIFBH AL £ 57 LA %5 & L [1(34)=5.07, P<0.001], &#
Mamdani 24T #ER TE LS EZ KRGO 0N ES, BRFZAAHETREELSEF LT T e
BN R A e = RAMAE, TR TR, SF AT E F RS R AR — AR IR AR AR

[ X437 | b afpbhie; BMIER A%, SMAREMY; KM ES; Iiki; Takagi-Sugeno
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